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Abstract

Recent advancements in 3D Large Multi-modal Mod-
els (3D-LMMs) have driven significant progress in 3D
question answering. However, recent multi-frame Vision-
Language Models (VLMs) demonstrate superior perfor-
mance compared to 3D-LMMs on 3D question answer-
ing tasks, largely due to the greater scale and diversity
of available 2D image data in contrast to the more lim-
ited 3D data. Multi-frame VLMs, although achieving su-
perior performance, suffer from the difficulty of retaining
all the detailed visual information in the 3D scene while
limiting the number of visual tokens. Common methods
such as token pooling, reduce visual token usage but often
lead to information loss, impairing the model’s ability to
preserve visual details essential for 3D question answering
tasks. To address this, we propose voxel-based Dynamic
Token Compression (DTC), which combines 3D spatial pri-
ors and visual semantics to achieve over 90% reduction
in visual tokens usage for current multi-frame VLMs. Our
method maintains performance comparable to state-of-the-
art models on 3D question answering benchmarks including
OpenEQA and ScanQA, demonstrating its effectiveness.

1. Introduction
With the recent advancements in 3D Large Multi-modal
Models (3D-LMMs), 3D question answering tasks have
gained significant momentum. Latest 3D-LMMs com-
bine Large Language Models (LLMs) with 3D input
data, enabling question-answering capabilities in 3D scenes
through extensive training and adaptation to 3D input for-
mats. Recently, multi-frame VLMs [18, 25, 26, 65–67]
trained on 2D image data have demonstrated impressive
performance on 3D question answering benchmarks [2, 13]
by leveraging multi-view images from 3D scenes. While
both 3D-LMMs and multi-frame VLMs have achieved
some success, 3D-LMMs perform worse due to limited
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Figure 1. Our method consists of three steps: multi-view 2D fea-
ture encoding, visual tokenization, and LLM understanding and
reasoning. Our approach leverages dynamic 3D voxelization, re-
ducing the number of visual tokens in the 3D scene while main-
taining competitive performance on multiple benchmarks.

scale and diversity in existing 3D training data, while multi-
frame VLMs struggle with effectively managing the large
number of visual tokens required to capture details.

Recent Vision Language Models (VLMs) have shown
strong performance on video understanding benchmarks,
but managing large volumes of visual tokens from video
streams while retaining fine-grained details remains chal-
lenging. Many methods use memory banks [3, 44, 45, 49]
or token compression [5, 19, 25, 54] to reduce the number
of input tokens, thereby mitigating memory overhead and
improving VLM efficiency. However, these token reduc-
tion approaches often fall short on 3D question answering
tasks, especially when fast camera movements and rapid vi-
sual changes are involved in the 3D scan. After these token
reduction methods, essential small-scale visual details may
be lost, leading to omissions of critical information needed
for accurate 3D question answering. Therefore, an approach
that can intelligently preserve essential 3D scene visual de-
tails while minimizing the visual token usage is needed. In
this paper, we introduce Dynamic Token Compression, a
novel token compression method that reduces visual token
usage by maintaining a dynamic resolution 3D scene rep-



resentation tailored for VLM-based 3D question answering
tasks. As shown in Fig. 1, our dynamic voxelization method
significantly reduces the number of visual tokens compared
to the multi-frame VLM’s simple token concatenation.

Recent 3D-LMMs utilize 3D input data like point
cloud [13, 15, 16, 48], voxel [11, 68], or scene graph [6, 14]
as input to the LLM. 3D-LLM [13], as a pioneering work in-
tegrating 3D point cloud data and LLM, incorporates foun-
dation models like SAM [21] and CLIP [39] to construct
3D point cloud feature field, which further serves as in-
put for the LLM. While multiple 3D-LMMs have proved
to achieve some success in 3D question answering tasks,
recent study [32] highlights the limitations of the training
data, which significantly hinders their performance. This
is largely because the training data used by previous 3D-
LMMs [13, 55] has been limited in scale, resulting in sub-
optimal performance on public 3D understanding bench-
marks [2, 13, 32]. Recent multi-frame VLMs [25, 26, 29]
have shown improved performance on 3D question answer-
ing tasks [2, 13] compared to 3D-LMMs. This further high-
lights the limitations of current 3D training data, which con-
tinues to suffer from scarcity and lack of diversity, making
it insufficient to train a robust 3D-LMM.

With the recent development of LMMs, an increasing
amount of high-quality, large-scale, and diverse 2D image-
based visual instruction tuning data [25, 26, 31] has become
available to support multi-frame 2D VLM training. Given
the significant disparity between 2D and 3D data in terms
of quality and scale, we believe leveraging 2D VLM for
3D question answering tasks can yield better results than
directly training on 3D data such as point clouds or vox-
els. However, 2D VLMs face challenges related to limited
context length, visual token length constraints, memory is-
sues, and efficiency concerns. Motivated by these, we pro-
pose Dynamic Token Compression, which serves as a to-
ken compression method that can be incorporated with 2D
VLMs to achieve state-of-the-art performance on 3D ques-
tion answering [2] and embodied question answering [35]
tasks and enable minimum visual token usage. The contri-
butions of this work are summarized as follows:
• We present Dynamic Token Compression, a novel 3D

voxel-based token compression method that can easily in-
tegrate with current 2D VLMs to conduct 3D question an-
swering while reducing visual token usage.

• We conduct extensive evaluations on multiple 3D ques-
tion answering benchmarks, including OpenEQA [35]
and ScanQA [2], achieving state-of-the-art performance
compared with existing 3D-LMMs.

• We demonstrate that our approach significantly reduces
token usage of VLM while maintaining comparable per-
formance. On the ScanQA dataset, our method uses only
less than 10% of the original tokens while retaining 95%
of the performance compared with state-of-the-art VLM.

2. Related Work

2.1. 3D Large Multi-modal Models

Many recent works have successfully enabled LMMs with
3D question answering capabilities using various 3D repre-
sentations, including 3D bounding boxes [37], object-level
features [42], and 3D point clouds [15, 16, 36, 38, 43, 48,
55]. Other models, such as 3D-LLM [13] and 3D-CLR [12],
incorporate segmentation models to build 3D feature fields.
Additionally, some methods [6, 14, 22, 24] leverage 3D
scene graphs for object-level scene representation. How-
ever, most of these methods rely on object-centric repre-
sentations, leading to a loss of non-object visual details
within the 3D scene, which limits the model’s ability to an-
swer questions on non-object-related aspects, especially in
embodied question answering task [35]. Moreover, these
methods require additional 3D training data, which remains
limited in scale and diversity compared to the 2D training
datasets available for LMMs. On the other hand, recent
multi-frame vision-language models [25, 26], trained solely
on 2D data, have outperformed 3D-LMMs on 3D question
answering benchmarks [2, 13], underscoring the limitation
of existing 3D training data for 3D LMMs.

2.2. Multi-frame Vision Language Models

Recently, many efforts have focused on creating large multi-
modal models by integrating language models across differ-
ent modalities. In the 3D question answering domain, sev-
eral multi-frame vision-language models have adapted their
question answering capabilities to 3D question answering
tasks by using 3D scans of indoor scenes as input in place of
normal video footage. Some video or multi-frame language
models like AuroraCap [5] and MovieChat [44, 45] leverage
pre-trained vision models following large language mod-
els like LLaMA [46] or Mistral [17]. Video-ChatGPT [34]
combines the capabilities of LLMs with a pre-trained visual
encoder CLIP [39] adapted for spatial and temporal video
representations. LLaVA-OneVision [25] utilize multi-view
image training data, achieving decent performance on 3D
question answering [2] and 3D dialogue task [13]. De-
spite these recent advancements, multi-frame VLMs often
need to employ techniques like frame sampling [9, 59], spa-
tial and temporal token pooling [50, 54], or token inter-
polation [25] to mitigate memory overhead, address con-
text length limitations, and improve model efficiency. Un-
like traditional video question answering [52, 53], which
focuses on global video comprehension, 3D question an-
swering tasks require attention to fine visual details in the
3D scene. Balancing the retention of these visual details
with efficient token usage for 3D question answering tasks
remains a challenge for current VLMs.
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Figure 2. Our method consists of three steps, including step 1: multi-view 2D feature encoding, where we utilized a visual encoder to
extract visual features from posed multi-view RGB-D images, followed by geometry projection to project the visual tokens onto 3D space
to form a 3D feature map. In step 2, we conduct dynamic token compression to reduce visual tokens. In step 3, the compressed visual
tokens will pass through the projection layer, along with the language query into the language model to generate textual answers.

2.3. Token Compression

Several token compression methods have been proposed to
reduce the number of visual tokens, preventing memory
overhead and enhancing the efficiency of current VLMs.
Different strategies, such as token pruning [8, 23, 28, 63]
and token merging [4, 5, 44, 51], token interpolation [25]
are employed to reduce redundancy of visual tokens, ef-
fectively compressing the visual data while maintaining
important global information. FastV [8] utilizes attention
score re-ranking and filtering to reduce the number of to-
kens. Instead of conducting token compression between the
model blocks, some recent works like MovieChat [44, 45],
and Chat-UniVi [19] conduct token compression on the vi-
sual tokens extracted by the visual encoder, successfully re-
duce the memory cost of VLMs. Some other works like
FreeVA [50] and SlowFast-LLaVA [54] leverage spatial and
temporal pooling to reduce visual tokens.

While existing approaches effectively reduce the number
of visual tokens, they primarily focus on tasks such as image
classification or video understanding, where global image
information is prioritized. In contrast, 3D question answer-
ing requires preserving critical 3D scene details instead of
just image or video-level information, making current token
compression methods incompetent for such tasks. In con-
trast to previous methods, our approach addresses this need
by focusing on retaining fine visual details in the 3D scene
while reducing visual token usage. Furthermore, unlike pre-
vious token compression methods that rely solely on visual
semantics, our approach combines 3D spatial priors and vi-
sual semantics for more efficient token compression tailored
to 3D question answering. Our method can be adapted to
existing vision-language models without additional training
and maintains comparable performance.

3. Method
The overall pipeline of our proposed method is illustrated
in Fig. 2. Given the significant disparity in scale and di-
versity between 2D and 3D training data, current multi-
frame VLMs consistently outperform 3D LMMs on 3D
question answering benchmarks. Therefore, we leverage
multi-frame VLM LLaVA-OneVision-7B [25] as our base
model. Our method comprises three main steps: multi-view
2D feature encoding (Sec. 3.1), dynamic token compression
to reduce the number of visual tokens (Sec. 3.2), and LLM
understanding for 3D question answering tasks.

3.1. Multi-view 2D Feature Encoding

The multi-view posed RGB-D images from the 3D scene
are sent into the visual encoder to conduct 2D feature en-
coding. For each image, we extract visual feature fv ∈
RNv×D with Nv denotes the number of image patches,
which is equivalent to the number of visual tokens, and D
is the hidden dimension of the visual encoder. Next, we cal-
culate the 3D world coordinate Cworld ∈ RP 2×3 for all the
pixels within each image patch using depth information and
known camera pose with the geometry projection, where P
denotes the patch size of the visual encoder. After obtaining
the pixel-wise world coordinates of each image patch, we
averaged all the pixels’ world coordinate to obtain a patch-
level world coordinate. Each image patch’s visual token
fp ∈ RD is further projected to 3D space using its corre-
sponding world coordinate.

3.2. Token Compression

The previous feature encoding step is applied to all the
multi-view RGB-D images, resulting in n × Nv vi-
sual tokens within a scene-level 3D feature map f3d ∈
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Figure 3. An illustration of the two proposed token compression
methods, vanilla token compression, and dynamic token compres-
sion. Best viewed when zoomed in.

R(n×Nv)×D, where n represents the number of RGB-D im-
ages. To reduce the number of visual tokens and enhance
efficiency, we introduced two token compression strate-
gies, including a simple baseline Vanilla Token Compres-
sion (VTC), and an advanced approach Dynamic Token
Compression (DTC). Both methods maintain decent 3D
question answering performance while reducing visual to-
ken usage. An illustration of these two compression meth-
ods is shown in Fig. 3.

Vanilla Token Compression. Vanilla Token Compres-
sion (VTC) serves as a straightforward baseline by employ-
ing 3D spatial priors for token pooling, thereby reducing
the number of visual tokens. First, we define a voxel size
vsize to divide the 3D space into discrete voxels. Each vi-
sual token from the 3D feature map f3d is assigned to a
corresponding voxel according to its 3D coordinate. Since
each voxel can contain multiple visual tokens, as shown in
Fig. 3, we apply average pooling to tokens within the same
voxel, yielding one final pooled feature per voxel, which is
subsequently sent to the LLM for 3D question answering.

Voxel size is a critical parameter influencing the resolu-
tion of the 3D scene input. Smaller voxel sizes allow finer
details but come with a larger number of tokens. Larger
voxel sizes enhance compression but risk blending features
from distinct objects, potentially losing important details.
To address this, we propose Dynamic Token Compression,
which leverages dynamic voxel sizes and visual semantics
for visual token compression. Dynamic token compression
prevents the merging of tokens from distinct objects, offer-
ing a more detailed and efficient 3D scene representation.

Dynamic Token Compression. Although Vanilla Token
Compression is effective at reducing visual tokens, its re-
liance solely on 3D spatial priors can lead to the feature
fusion of different objects if they fall within the same voxel,
as it maintains a uniform resolution feature map for the en-
tire 3D scene. While retaining critical fine details in the
3D scene is essential, it is equally important to reduce re-
dundant visual information. Therefore, a dynamic resolu-
tion 3D representation is needed—one that allocates more
tokens to areas with numerous small objects and fewer to-
kens to represent larger objects or redundant information.
To address this, we propose Dynamic Token Compres-
sion (DTC), which adjusts the voxel size and applies to-
ken compression at different scales based on visual seman-
tic similarity and 3D spatial priors. This approach enables
a dynamic resolution 3D scene representation that adapts to
the complexity of each region in the 3D scene.

DTC is an iterative process that begins with a relatively
small initial voxel size vinit. In each iteration, visual fea-
tures are assigned to voxel based on the specified voxel
size at that iteration following Sec. 3.1. Subsequently, we
perform bipartite soft matching on the visual tokens within
each voxel, which involves the following steps:
1. Randomly partition the visual tokens within each voxel

into two sets, A and B, of roughly equal size.
2. Draw one edge from each token in A to its most similar

token in B.
3. Keep the most r% similar edges in the whole 3D space.
4. Conduct visual token compression to the tokens that are

still connected by edges.
5. Increase the voxel size by ∆v and conduct the next it-

eration of token compression under the next-level voxel
scale.
It is important to note that the r% most similar edges are

not ranked within each voxel but across all edges built in
the entire 3D space. We simply keep one token from the to-
ken pair that is connected by an edge, and we keep the one
that comes first in 2D image order for potential online appli-
cations. More experiment results of different compression
methods for edge-connected tokens can be found in table. 6.

After the token compression is finished in the current it-
eration, we increase the voxel size by a fixed amount ∆v
and conduct compression again in the next-level voxel scale
until the number of visual tokens meets the desired amount.

The proposed dynamic token compression ensures the
preservation of visual information by performing token
compression based on the combination of visual semantic
and 3D space proximity of the tokens. The dynamic resolu-
tion 3D scene representation produced by DTC ensures the
compression of tokens without compromising the integrity
of the 3D scene’s semantics, effectively reducing the num-
ber of visual tokens in the 3D scene to a level comparable
to a single image — less than 1,000 tokens.
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Figure 4. An overall comparison of our proposed dynamic token compression with LLaVA-OneVision [25]. The horizontal axis is visual
token usage, the vertical axis is performance, and the radius of the circle is FLOPs. The upper bound is achieved by the base model
with 12 frames input. We evaluate our methods on different checkpoints (LLaVA-OneVision-OV and SI) and benchmarks (OpenEQA and
ScanQA) to demonstrate the effectiveness of our method. More analysis of FLOPs reduction can be found in supplementary materials.

4. Experiments
4.1. Implementation

VLM backbone. We use LLaVA-OneVision-7B [25] as
our base model, which uses SigLIP [58] visual encoder and
Qwen2 [56] language model. Two different checkpoints
from LLaVA-OneVision are used in our experiments, in-
cluding OV and SI, with the former one trained on sin-
gle, multi-image, and video data, and the latter one trained
solely on single-image data. Unless noted, the base model
performance is reported from the OV checkpoint, using 12
uniformly sampled multi-view images as input.

Hyperparameters. For vanilla token compression, we
conduct experiments with different voxel sizes vsize varies
from 0.1 m to 0.3 m. For dynamic token compression, ini-
tial voxel size vinit is 0.1 m and ∆v is set to 0.02 m for each
iteration. The compression ratio r is set to 40% for all ex-
periments, which means we keep the top 40% most similar
edges in the 3D scene during each iteration compression.
Note that we do not directly set the exact number of visual
tokens, instead we control the number of compression iter-
ations and reduce the number of visual tokens to the desired
level. Given that voxel size and 3D scene size can affect vi-
sual token usage; our tables show the average visual token
usage across all 3D scenes in each corresponding bench-
mark. More details are in the supplementary materials.

4.2. Datasets

Two 3D question answering datasets including OpenEQA
[35] and ScanQA [2] are used to evaluate the effectiveness
of our proposed token compression method. We conducted
experiments on both datasets by uniformly sampling multi-
view images from the episodic histories and 3D scans.

OpenEQA. OpenEQA is an open-vocabulary benchmark
designed for embodied question answering (EQA) focus-

Table 1. The LLM-Match scores on OpenEQA evaluated across
different token reduction methods at different level of visual to-
ken usage. We evaluate three methods including frame sampling,
Vanilla Token Compression (VTC), and Dynamic Token Compres-
sion (DTC). Blue bar denotes the percentage of visual token usage.
The visual token usage is calculated by comparison with the base
model using 12 uniformly sampled multi-view images as input.

Visual token usage Sampl. VTC DTC

100% 56.2 - -
43% 51.9 54.2 54.3
26% 49.2 50.5 54.1
17% 45.8 47.4 52.5
8% 40.4 43.6 49.3

ing on spatial understanding and embodied reasoning.
OpenEQA contains 187 unique episode histories collected
from ScanNet [10] and HM3D [40]. OpenEQA consists of
over 1,600 high-quality, human-generated questions drawn
from diverse real-world environments. These questions
span seven categories, each tailored to embodied question
answering tasks. Furthermore, OpenEQA provides an au-
tomatic LLM-powered evaluation protocol to evaluate the
performance of the method. We report the GPT-4 [1] LLM-
Match score in our experiments.

ScanQA. Our evaluation is also conducted on ScanQA,
a benchmark emphasizing spatial understanding in 3D en-
vironments. Built on the ScanNet dataset, ScanQA in-
cludes 4,675 questions related to 71 distinct scenes, focus-
ing on questions about spatial relationships within 3D set-
tings. We follow prior works [2, 13, 68] and report Exact
Match (EM@1) as our evaluation metric.



Table 2. Performance comparison of our method with other SOTA
models on OpenEQA. We listed the dynamic token compression
(DTC) results with different visual token usage specified in paren-
theses compared with base model [25]. † denotes no image input.
Blue bar denotes the percentage of visual token usage.

Models LLM-Match

Closed-source
LLaMA-2 70B † 28.3
GPT4 † 33.5
Claude-3 Opus 36.3
Gemini 1.0 Pro Vision 44.9
Claude-3.5 Sonnet 48.7
GPT4-V (15 frames) 54.6
GPT4-V (50 frames) 55.3

Open-source
Video-LLaMA [59] 20.0
LLaMA-2 w/ Concept Graph [35] 28.7
AuroraCap [5] 28.9
Video-ChatGPT [34] 32.1
LLaMA-2 w/ Sparse Voxel Map [35] 34.3
LLaMA-2 w/ LLaVA-1.5 caption [35] 36.8
Chat-UniVi [19] 42.3
Video-LLaMA2 [9] 49.2
MovieChat (w/ LLaVA-OV-7B) [44] 54.9

Ours
Base Model (100%) 56.2
w/ DTC (56%) 55.3 (-0.9)

w/ DTC (43%) 54.3 (-1.9)

w/ DTC (26%) 54.1 (-2.1)

w/ DTC (17%) 52.5 (-3.7)

w/ DTC (8%) 49.3 (-6.9)

4.3. Results

We showcase an overall comparison between dynamic to-
ken compression and the base model in Fig. 4, with perfor-
mance comparison across different checkpoints and bench-
marks to illustrate dynamic token compression’s general-
ization capability over different models and benchmarks.
For vanilla token compression, we tested multiple voxel
sizes with different visual token usage. As for dynamic to-
ken compression, the number of visual tokens is decided
by the number of compression iterations, we increase the
voxel size in each iteration and conduct compression un-
til the number of visual tokens reaches the desired amount.
We make a performance comparison on OpenEQA between
a simple frame sampling approach, vanilla token compres-
sion, and dynamic token compression, see Table. 1. On the
OpenEQA dataset, we also make a comparison of dynamic
token compression with several state-of-the-art models in

Table 3. Performance on Exact Match (EM@1) of our method and
other SOTA models on ScanQA validation set. We listed the dy-
namic token compression (DTC) results with different visual token
usage specified in parentheses compared with base model [25].
Blue bar denotes the percentage of visual token usage.

Models EM@1

Task-specific models
VoteNet+MCAN [7] 17.3
ScanQA [2] 21.1
3DVLP (Jin et al.) [20] 21.7
3D-VisTA [69] 22.4
3DVLP (Zhang et al.) [62] 24.0

Video-LMMs
AuroraCap [5] 17.2
Agent3D-Zero [61] 17.5
LLaVA-NeXT-Video [30] 18.7
VideoChat2 [27] 19.2
MovieChat (w/ LLaVA-OV-7B) [44] 26.0

Task-specific fine-tuned 3D-LMMs
3D-LLM [13] 20.5
FE-3DGQA [64] 22.3
LEO [16] 24.5
Scene-LLM [11] 27.2

Ours
Base Model (100%) 27.6
w/ DTC (54%) 27.8 (+0.2)

w/ DTC (40%) 27.7 (+0.1)

w/ DTC (23%) 27.7 (+0.1)

w/ DTC (14%) 26.7 (-0.9)

w/ DTC (9%) 26.1 (-1.5)

Table. 2. Our method can maintain a comparable perfor-
mance with the base model on the OpenEQA dataset while
reducing the visual token usage. To test our method’s ef-
fect on the model’s spatial understanding capability, we also
evaluated dynamic token compression on the ScanQA val-
idation set under different levels of visual token usage. As
shown in Table. 3, we achieve a comparable Exact Match
score with our base model. Under the most extreme com-
pression case, with only 9% of visual tokens being used,
our performance drops by 1.5, maintaining 94.6% of the
base model performance. We also compared with sev-
eral state-of-the-art models including Video-LMM and 3D
LMM methods. Different from previous 3D LMM methods
which use 3D point cloud or voxel as input and trained on
3D input data, we use the 2D multi-view image as input un-
der the training-free setting to achieve superior performance
on these benchmarks.



Table 4. Category-level performance on OpenEQA after token compression. The visual token usages are specified in parentheses.

EQA Category

# method object object attribute spatial object state functional world LLM
recognition localization recognition understanding recognition reasoning knowledge Match

Base Model 48.6 43.0 74.4 43.6 74.5 53.1 55.0 56.2
w/ DTC (26%) 44.6 (-4.0) 39.4 (-3.6) 72.7 (-1.7) 43.9 (+0.3) 71.3 (-3.2) 53.0 (-0.1) 53.2 (-1.8) 54.1 (-2.1)

w/ VTC (26%) 40.3 (-8.3) 35.7 (-7.3) 62.9 (-11.5) 40.3 (-3.3) 71.5 (-3.0) 52.5 (-0.6) 49.5 (-3.6) 50.5 (-5.7)

w/ DTC (17%) 41.2 (-7.4) 38.1 (-4.9) 68.3 (-6.1) 42.3 (-1.3) 70.5 (-4.0) 55.3 (+2.2) 50.7 (-4.3) 52.5 (-3.7)

w/ VTC (17%) 37.2 (-11.4) 33.1 (-9.9) 59.9 (-14.5) 38.4 (-5.2) 65.9 (-8.6) 51.0 (-4.0) 45.9 (-9.1) 47.4 (-8.8)

Table 5. Performance comparison of different token compression
method on ScanQA. We specify the percentage of visual token us-
age in parentheses. Under the same visual token usage, our method
demonstrate superior performance compared to other token com-
pression method.

Method # visual tokens EM@1

Base Model 8748 27.6
w/ Frame Sampling (8%) 729 18.5 (-9.1)

w/ Temporal Pool (8%) 729 18.2 (-9.3)

w/ Spatial Pool (9%) 768 22.9 (-4.7)

w/ DTC (9%) 789 26.1 (-1.5)

4.4. Ablation Study

Impact on question categories. To assess the impact of
token compression, we compared the performance of VTC
and DTC across different OpenEQA question categories
in Table 4. We observed a more significant LLM-Match
drop in question categories that are closely related to lo-
cal 3D scene knowledge, such as object recognition and at-
tribute recognition. While question categories such as world
knowledge, functional reasoning, and spatial understanding
that are more related to global 3D scene comprehension re-
sulted in minimum performance degradation. Compared
with VTC, DTC demonstrates higher performance across
all categories, showing its effectiveness in preserving fine
visual details as well as global 3D scene information.

Other token reduction methods. We evaluated various
token reduction methods on ScanQA, which focuses on 3D
spatial comprehension question answering. Table 5 com-
pares different methods under equal visual token usage in-
cluding (1) uniform frame sampling, (2) temporal pooling,
(3) spatial pooling via token bi-linear interpolation, and (4)
our proposed dynamic token compression.

Compression strategy. In DTC, we compress visual to-
kens connected by the top r% most similar edges. To an-
alyze how various compression strategies affect the visual
semantics of the 3D scene, we evaluated multiple strate-
gies on OpenEQA, which contains diverse question cate-
gories. In Table 6, we compare different methods includ-
ing average pooling and weighted average pooling, where

Table 6. Performance of differ-
ent token compression on con-
nected edges on OpenEQA.

Strategy LLM-Match

avg. pooling 51.7
weighted avg. 52.9
keep one 54.1

Table 7. Performance of differ-
ent visual token order strategy
on OpenEQA.

Order LLM-Match

random 50.2
2D 54.1
3D 52.5

the weighted average pooling is based on token size, which
may increase during the merging process. However, the best
performance comes from retaining only one token per con-
nected pair. Specifically, we keep the token that appears
first in the 2D multi-view image stream for potential online
processing. This outcome suggests that merging the tokens
can potentially distort the semantic details of the tokens.

Order of visual tokens. We also examined how the vi-
sual token order fed into the language model can affect the
performance of 3D question answering. We experimented
with different orders including (1) random order, (2) 2D or-
der, where the tokens follow the sequence of the 2D multi-
view images, and (3) 3D order, where the visual tokens are
sorted based on their 3D coordinates. As shown in Table 7,
preserving the original multi-view image (2D) order yielded
the highest performance, this suggests that maintaining the
spatial and contextual consistency of the input multi-view
image is crucial for optimal results.

Inference speed up. We compared the inference speed-
up of the base model after applying dynamic token com-
pression on ScanQA. Compared to the base model, our
method achieves a 47.6% increase in throughput when us-
ing only 23% of the original visual tokens. Despite the re-
duced computational load and enhanced inference speed,
our method maintains the same level of performance, as
shown in Table 3. It’s worth noting that responses in 3D
question answering tasks are typically relatively short (pre-
dicted answers averaging only 2.6 words on ScanQA), in
scenarios requiring longer responses, our method’s through-
put advantage over the base model could be even more sig-
nificant due to large language model’s autoregressive gen-
eration fashion.



How many boxes are on the fourth shelf ? (Spatial Understanding) 

w/ DTC: Two boxes are on the fourth shelf.
w/ VTC: One box is on the fourth shelf.

Original Feature Map
(High Resolution)

Feature Map w/ DTC
(Dynamic Resolution)

Feature Map w/ VTC
(Uniform Resolution)

Original Feature Map
(High Resolution)

Feature Map w/ DTC
(Dynamic Resolution)

Feature Map w/ VTC
(Uniform Resolution)

Base Model: Two boxes are on the fourth shelf.

Are the boxes open or closed? (Object State Recognition) 

w/ DTC: closed.
w/ VTC: open.
Base Model: The boxes are closed.

What color is the soda can? (Attribute Recognition)

w/ DTC: red.
w/ VTC: blue.
Base Model: The soda can is red .

Is there anything to help me open a package? (Functional Reasoning)

w/ DTC: Yes. There are scissors that can be used to open a package.
w/ VTC: No.
Base Model: Yes. There are scissors that can be used to open a package.

Figure 5. Some qualitative results of our methods on the OpenEQA dataset. After DTC, small objects like a soda can maintains higher
resolution feature map, with more visual tokens preserved after compression, enabling a dynamic resolution 3D scene representation. Here
we show the visual tokens’ pixel projection in the 3D space after different type of compression. Best viewed when zoomed in.

4.5. Qualitative Results

We showcase some qualitative results in Fig. 5 with four dif-
ferent categories of questions from the OpenEQA dataset.
We compared three different answers, including the base
model, and base model after applying Vanilla Token Com-
pression (VTC) and Dynamic Token Compression (DTC).
We observed that VTC’s voxel-level compression strategy
produces a uniform resolution feature map, which leads to
the loss of critical visual information needed to answer 3D
questions. This includes details such as the precise number
of objects and may further introduce distortions to an ob-
ject’s semantic features related to its state and attributes. In
contrast, dynamic token compression combines visual se-
mantics and 3D spatial priors for token compression to ad-
dress this issue. The dynamic resolution feature map gen-

erated by DTC is shown in the qualitative results provided,
where redundant objects, such as walls, are more heavily
compressed, while smaller objects like a soda can are rep-
resented at a higher resolution to retain critical semantic vi-
sual details for 3D question answering tasks.

5. Conclusion
In this paper, we propose Dynamic Token Compression,
an effective method that combines visual semantics and
3D spatial priors to create an efficient, dynamic resolution
3D scene representation for 3D question answering tasks.
Experimental results demonstrate that it can reduce visual
token usage by over 90% while maintaining performance
comparable to state-of-the-art models on 3D question an-
swering benchmarks, including OpenEQA and ScanQA.
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Zero-shot 3D Question Answering via Voxel-based Dynamic Token Compression

Supplementary Material

The supplementary material is structured as follows:
• More compression analysis in Section A.
• A more detailed diagram of DTC in Section B.
• More performance comparison in Section C.
• Compression results on more input frames. D.
• FLOPs and memory reduction in Section E.
• Details of LLM-Match evaluation in Section F.
• Additional experiments on SQA3D in Section G
• Additional qualitative results in Section H.
• Limitations and future works in Section I.

A. Compression Analysis.
Vanilla Token Compression. In Vanilla Token Compres-
sion (VTC), the number of visual tokens depends on the
pre-defined voxel size vsize. Table A1 shows the visual to-
kens across all 3D scenes in the OpenEQA dataset under
various voxel size settings. Without VTC, the base model
uses 12 frames as input, resulting in 8,748 visual tokens for
all the 3D scenes.

Table A1. Average, minimum, maximum number of visual to-
kens and their corresponding LLM-Match score on the OpenEQA
dataset across all the 3D scenes under different voxel sizes in VTC.

vsize avg. tokens min tokens max tokens LLM-Match

- 8,748 8,748 8,748 56.2
0.10 3,662 791 6,634 54.2
0.12 3,026 623 6,156 52.6
0.14 2,546 482 5,654 51.9
0.16 2,272 396 5,174 50.5
0.18 1,880 342 4,729 48.9
0.20 1,641 287 4,356 49.0
0.22 1,442 248 4,052 47.4
0.24 1,279 204 3,696 47.5
0.26 1,141 172 3,427 45.6
0.28 1,029 164 3,143 45.5
0.30 930 141 2,904 44.7
0.32 842 131 2,729 44.4
0.34 768 124 2,507 43.6

Dynamic Token Compression. In Dynamic Token Com-
pression (DTC), the number of remaining visual tokens de-
pends on the number of compression iterations. In each it-
eration, visual tokens are assigned to voxel space, and then
undergo compression using bipartite soft matching within
each voxel. The voxel size starts at an initial value vinit and
increases by ∆v with each iteration, reaching the final size
vfinal in the last iteration. For all experiments, we set vinit
to 0.1m and ∆v to 0.02m. See more results in Table. A2.

Table A2. Average, minimum, maximum number of visual to-
kens and their corresponding LLM-Match score on the OpenEQA
dataset across all the 3D scenes under different number of itera-
tion in DTC. All the experiments start with initial voxel size vinit

0.1m, and ends at different final voxel sizes vfinal.

# Iteration vfinal avg. tokens min tokens max tokens LLM-Match

0 - 8,748 8,748 8,748 56.2
1 0.10 6,400 2,036 7,697 55.4
2 0.12 4,867 1,444 6,808 55.3
3 0.14 3,729 1,022 6,003 54.3
4 0.16 2,886 731 5,292 53.9
5 0.18 2,261 535 4,664 54.1
6 0.20 1,796 381 4,119 53.5
7 0.22 1,447 284 3,689 52.5
8 0.24 1,181 215 3,261 51.8
9 0.26 980 160 2,894 50.0

10 0.28 824 127 2,265 49.4
11 0.30 705 101 2,290 49.3

Table A3. Statistics of the ScanNet and HM3D subset from the
OpenEQA dataset. The table shows the average number of visual
tokens resulting from 11 iterations of dynamic token compression,
along with the average dimensions and size of 3D scene.

Subset # scenes avg. tokens avg. dimension (m) avg. size (m3)

ScanNet 89 404 5.6× 5.4× 2.3 82.6
HM3D 63 1,287 12.3× 9.8× 4.2 556.0

Comparison of VTC and DTC Both VTC and DTC ef-
fectively reduce the number of visual tokens and achieve
higher performance than frame sampling method, see
Fig. C2. However, unlike VTC, DTC incorporates visual se-
mantics into the compression process and compresses only
the visual tokens connected by edges in each iteration. This
more selective compression approach helps achieve higher
performance in 3D question answering tasks.

Affect of 3D Scene Size. Unlike other token compression
methods such as spatial pooling, the resulting number of vi-
sual tokens in our method is dynamically determined by the
3D scene size. In the OpenEQA dataset [35], the episode
histories span across 3D scenes collected from diverse sizes.
Table A3 shows the number of tokens resulting from our
proposed DTC, along with spatial statistics from two sub-
sets of OpenEQA, including ScanNet [10] and HM3D [40].
We observed that HM3D’s larger scene scale affects the ex-
tent of compression. Nonetheless, our method remains ef-
fective compared to existing approaches like spatial pool-
ing, as these methods yield an unbounded number of visual
tokens, while our approach caps the token usage based on
scene size, ensuring finite token usage.



Draw edges between visual 
tokens in each voxel.
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most similar edges. 

Compress connected 
token pairs.

Step 1. Voxelization of visual tokens in 3D space Step 2. Dynamic Token Compression Step 3. Increase voxel size and repeat Step 1

v v + Δv

We use the bottom left voxel as example. 8 visual 
tokens (colored) are inside this example voxel.

Dynamic Token Compression is applied to each voxel to reduce the
number of visual tokens. The visual tokens within this specified
voxel is reduced from 8 to 6 after Dynamic Token Compression.

A larger voxel size is used to repeat Step 1, this
time 9 visual tokens are inside the example voxel.

Figure A1. A more detailed diagram of dynamic token compression. We use the bottom left voxel as an example, with colored visual
tokens denote within this example voxel. All the voxels will apply this token compression process. Best viewed when zoom in.

B. More Detailed Diagram of DTC

We present a more detailed diagram illustrating the idea
of Dynamic Token Compression (DTC) in Fig. A1. We
demonstrate the token compression’s step-by-step process
including (1) Voxelization that assigns the visual tokens into
3D space, (2) the dynamic token compression that conducts
token compression based on visual semantics, and (3) in-
creasing the voxel size and repeat step 1.

C. Performance Comparison.

Fig. C2 compares how well DTC and VTC preserve per-
formance at each level of visual token usage relative to the
base model. At low compression rates, DTC and VTC show
similar performance, both outperforming the base model’s
frame sampling method. As the compression rate increases,
VTC’s performance drops rapidly, while DTC sustains a
slower decline due to its 3D spatial and semantic-aware
compression, which helps minimize visual information loss.
Nonetheless, both DTC and VTC achieve higher LLM-
Match scores than the base model, highlighting their effec-
tiveness in balancing performance and efficiency.

D. Compression Results on More Frames.

Different from previous approaches such as single frame-
level token reduction [4, 8] or spatial pooling [25, 50, 54],
our dynamic token compression leveraged both 3D spatial
and visual semantic to conduct token compression, and the
resulting number of visual tokens is mostly related to the
size of the 3D scene, which means given a fix-sized 3D
scene, our method can ensure the number of visual tokens
within a finite number, even if the 3D scan video is ex-
tremely long. In our experiments, we only compress the
visual tokens obtained from 12 multi-view frames in each
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Figure C2. A comparison of LLM-Match score on OpenEQA be-
tween base model, VTC and DTC.

3D scan in order to make a fair comparison with the base
model. However, in the real-world scenario, it is possible
that the input 3D scan video can span several hours in the
temporal dimension. In this case, our token compression
method can be even more effective with a longer 3D scan
duration compared with our 12 multi-view image experi-
ments.

To showcase the visual token usage compared with the
base model and other token reduction methods such as spa-
tial pooling, we conduct experiments on how the token
usage increases over a 3D scan with thousands of input
frames. We randomly sampled a 3D scan from ScanNet
with more than 1k frames and conducted a comparison of
visual token usage between the base model, spatial pool-
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Figure D3. The accumulative visual token usage across the base
model, spatial pooling, and dynamic token compression is evalu-
ated with multiple input multi-view images from a 3D scan video.
The number of multi-view images is represented on a log scale.

ing with bi-linear token interpolation [25], and our proposed
DTC. As shown in Fig. D3, the llava-type base model and
spatial pooling exceed the large multi-modal model’s con-
text length limit before reaching 1k input frames. At the
same time, our method can retain the number of visual to-
kens under the context length limit with over 1k frame input.

E. FLOPs and Memory Reduction.

Table E4. Comparison of GPU memory requirements, FLOPs, and
throughput (TP) after applying DTC.

Config Memory (GB) FLOPs (T) TP (samples / min)

Base model 31.3 3.93 21.6
w/ DTC (9%) 18.7 0.34 32.1

Table E4 summarizes the FLOPs and memory reduction
results after applying dynamic token compression, high-
lighting the importance of token compression in improving
the computational efficiency of VLMs.

F. LLM Evaluation Details.
OpenEQA uses LLM to automatically evaluate the model’s
prediction. We follow the OpenEQA dataset’s official LLM
evaluation prompt and use the same GPT-4 [1] check-
point (gpt-4-1106-preview) with the provided prompt. The
used prompt is shown in Fig. E4, with the model evaluating
the similarity between the prediction and the groundtruth.

G. Additional experiments on SQA3D
We also benchmarked DTC on SQA3D [33], see Table G5
for scale comparison on the tested benchmarks and Ta-
ble G6 for the performance on SQA3D.

Table G5. Scale comparison
of existing 3D question an-
swering benchmarks.

Benchmark # of questions / scenes

OpenEQA 1,636 / 152
ScanQA 4,306 / 71
SQA3D 3,519 / 67

Table G6. Results on SQA3D.

Methods EM@1

Base model 51.4

w/ Frame Sampling (8%) 42.3
w/ Temporal Pool (8%) 44.1
w/ Spatial Pool (9%) 38.7
w/ DTC (8%) 48.0

H. Additional Qualitative Results.
We present more qualitative results in Fig. I5. These re-
sults showcase the model’s predictions after applying our
proposed dynamic token compression. The examples are
drawn from the predicted answers in different question cat-
egories of OpenEQA, using fewer than 1,000 visual tokens
for the 3D scene.

I. Limitations and Future Works.
Limitations. While our proposed method demonstrates
impressive token compression and performance trade-offs
on 3D question answering tasks, it differs from previous to-
ken compression techniques that rely solely on visual se-
mantics as the compression prior. Our approach requires
3D knowledge, such as depth and camera pose, under the
situation when this information is not available, geometry
estimation [47, 60] might be needed in order to apply our
method. However, our method still remains practical in
some real-world scenarios, such as home robotics, where
modern consumer robots typically integrate depth sensors,
and the camera’s extrinsic parameters are known.

Future works. Our token compression method currently
serves as an effective approach to reduce visual token us-
age in multi-frame VLMs while maintaining competitive
performance. However, it operates assuming that the 3D
scene remains static, with objects retaining their states
and locations throughout the 3D scan. In real-world sce-
narios, objects may change position or undergo seman-
tic changes over time. Although existing 3D question-
answering datasets are based on static scenes, we see a
need to explore 3D question-answering tasks in dynamic
environments and to develop token compression meth-
ods that can effectively handle dynamic 3D scenes. Fur-
thermore, exploring using extra temporal information like
tracking [41, 57] can potentially decoupled the static and
dynamic objects for more efficient compression.



You are an AI assistant who will help me to evaluate the response given the question, the correct answer, and extra 
answers that are also correct. To mark a response, you should output a single integer between 1 and 5 (including 1, 5). 
5 means that the response perfectly matches the answer or any of the extra answers. 1 means that the response is 
completely different from the answer and all of the extra answers. 

Example 1:
Question: Is it overcast?
Answer: no
Extra Answers: [’doesn’t look like it’, ’no’,’ it’s sunny’] Response: yes
Your mark: 1 

Example 2:
Question: Who is standing at the table? Answer: woman
Extra Answers: [’a woman’, ’a lady’, ’woman’] Response: Jessica
Your mark: 3 

Example 3:
Question: Are there drapes to the right of the bed?
Answer: yes
Extra Answers: [’yes, there are drapes’, ’yeah’, ’the drapes are to the right of the king bed’] Response: yes
Your mark: 5 

Your Turn:
Question: {question}
Answer: {answer}
Extra Answers: {extra_answers} Response: {prediction} 

Figure E4. Prompt used for LLM-Match scoring in the OpenEQA dataset. The placeholders {question}, {answer}, {extra answers},
and {prediction} are replaced by the question Q, ground truth answer A∗, additional answer, and the agent’s predicted answer A,
respectively. The extra answers are only available for object localization category. The prompts for the corresponding sections are omitted
when extra answers not available.



Question (attribute recognition): What is the color of the biggest
robot in the painting? Answer : red

Question (functional reasoning): Where can the adult take a nap?
Answer : on the couch

Question (attribute recognition): What color pattern is on the
pillow? Answer : checkered

Question (world knowledge): Is this a room for an adult or a baby?
Answer : baby

Question (spatial understanding): What is between the two beds?
Answer : nightstand

Question (object state recognition): Is the nightstand clean of full
of things? Answer : clean

Question (object localization): Where can you find a painting?
Answer : above the bed

Question (object localization): Where is the remote?
Answer : on the bed

Question (spatial understanding): If you were to position yourself
looking at the whiteboard and then do a 90 degree turn to the right,
what will you see in the wall? Answer : window

Question (spatial understanding): There’s a red and black marker
over a shelf, what is bellow them on the ground?
Answer : trash can

Question (world knowledge): What is the main purpose of this room?
Answer : The main purpose of this room appears to be for meetings or group discussions, as indicated by the presence of a
whiteboard and the arrangement of chairs around a table. The room is designed to facilitate collaboration and communication
among individuals.

Question (attribute recognition): What is the shape of the painting
on the wall? Answer : rectangle

Question (spatial understanding): What is between two monitors
on the table? Answer : piano keyboard

Question (spatial understanding): Is there enough room on the
table to work on a laptop? Answer : yes

Question (object localization): Where is the box of bottled water?
Answer : on the floor

Figure I5. Qualitative results from the ScanNet subset of the OpenEQA dataset, showcasing answers generated after applying DTC with
an average of fewer than 1,000 visual tokens per 3D scene. These examples highlight DTC’s effectiveness in compactly representing
real-world 3D scenes.
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