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ABSTRACT

Recent Multi-modal Large Language Models (MLLMs) have demonstrated re-
markable performance on 2D question answering tasks. However, extending these
models to the 3D question answering remains challenging, as they typically re-
quire multiple views of the scene, which incurs substantial computational cost at
inference. To mitigate this issue, existing solutions rely on strategic frame selec-
tion or token-merging algorithms that require preprocessing in advance all frames
of the scene, i.e., an offline fashion. In contrast, we propose the first online token-
pruning method that can be integrated seamlessly with current MLLM models for
3D question answering tasks, without additional training and with lower memory
usage. Our key insight is to project each input frame into a shared voxel space us-
ing depth information and camera pose, identifying spatially-overlapped regions
across frames and selectively pruning redundant image tokens before they enter
the language model. Our method enables efficient online processing while reduc-
ing up to 50% of token usage. We apply this approach to Qwen2.5-VL-7B and
Qwen3-VL-8B, demonstrating improved performance on the ScanQA, SQA3D,
and OpenEQA-HM3D benchmarks.
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Figure 1: Online token pruning. (a) Sequentially received posed RGB-D frames are voxelized into
a shared 3D space. (b) Overlapped regions across frames are identified through voxel comparison.
(c) Redundant visual tokens corresponding to these regions are pruned prior to being fed into the
VLM, enabling substantial reduction of token usage without compromising performance.

1 INTRODUCTION

Recent advances in Multi-modal Large Language Models (MLLMs) have demonstrated remarkable
capabilities in 2D visual question answering (Bai et al., 2025; Team, 2025; Wang et al., 2025; Li
et al., 2024; Achiam et al., 2023; Comanici et al., 2025). However, extending these models to 3D
question answering remains challenging. Unlike 2D tasks that rely on a single image, 3D under-
standing requires processing multiple frames to obtain sufficient spatial information, which greatly
increases computational costs and token usage.
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Existing efforts have explored two main directions to address 3D question answering. First, several
works inject 3D priors into MLLMs through specialized 3D modules to enhance spatial reasoning
capabilities (Zheng et al., 2025; Xu et al., 2024b; Huang et al., 2025b; Chen et al., 2024a; Tang
et al., 2024; Zhu et al., 2025; Hong et al., 2023; Zhang et al., 2024). However, these approaches face
significant limitations, requiring specialized 3D modules, extensive 3D-language paired datasets,
and costly retraining pipelines, which restrict their practical application. Another line of research
aims to reduce visual token usage through strategic frame selection or token compression (Huang
et al., 2025a; Zheng et al., 2025; Wu et al., 2025; Xu et al., 2024a). Although these approaches
effectively reduce computational costs and maintain competitive performance, they require access to
all images in the scene before inference, making them unsuitable for online tasks such as embodied
AI, robotic navigation, or real-time scene understanding, which demand sequential, frame-by-frame
processing. This raises the question: How can we lower computational cost while preserving online
processing?

To this end, we propose the first online, training-free, geometry-aware token pruning method (Fig-
ure 1). Our approach leverages depth information and camera poses to project each input frame
into a shared 3D voxel space, enabling the tracking of overlapping regions to identify and prune
redundant visual tokens. Remarkably, we find that this geometry-aware pruning not only reduces
computational costs but also improves performance on 3D question answering benchmarks, sug-
gesting that removing redundant tokens helps the model to focus on more informative visual cues.

We validate our method on the ScanQA Azuma et al. (2022) SQA3D Ma et al. (2023) and
OpenEQA-HM3D Arjun Majumdar (2024) benchmarks for 3D question answering tasks. We apply
our online pruning method on two latest frontier Vision-Language Models (VLMs), i.e., Qwen2.5-
VL-7B and Qwen3-VL-8B without fine-tuning their parameters. Across all experimental settings,
our online pruning strategy reduces token usage by as much as 50% and achieving an improvement
of +5.1 in the LLM-Match score. Our contributions are summarized as follows:

• We propose the first training-free, geometry-aware token pruning method for 3D question
answering that can be seamlessly integrated into existing 2D VLMs and run in an online
manner.

• Extensive experiments demonstrate that our pruning method can substantially reduce token
usage while consistently improving performance across all settings.

• We further evaluate our approach across multiple models and benchmarks (ScanQA,
SQA3D, OpenEQA-HM3D), demonstrating both its strong generalization capabilities and
its effectiveness for 3D question answering tasks.

2 RELATED WORK

2.1 3D MLLMS

With the rapid development of Multi-modal Large Language Models (MLLMs), numerous
works (Chen et al., 2024a;b; Wang et al., 2023; Huang et al., 2024; Zhang et al., 2024; Qi et al.,
2024; Zhu et al., 2025; Xu et al., 2024b; Zheng et al., 2025; Huang et al., 2025b) recently boost the
MLLMs with 3D scene understanding capabilities using 3D information such as 3D point clouds
and 3D bounding boxes. LL3DA (Chen et al., 2024a) and Grounded 3D-LLM (Chen et al., 2024b)
leverage 3D detectors or segmentation modules to extract object-centric features for language rea-
soning. Chat3D (Wang et al., 2023), LEO (Huang et al., 2024), and Chat-Scene (Zhang et al.,
2024) adopt a similar approach by encoding segmented 3D objects and fusing their features into
large language models. GPT4Scene (Qi et al., 2024) constructs a bird’s-eye-view (BEV) image by
reconstructing the 3D scene for question answering. LLaVA-3D (Zhu et al., 2025) integrates 3D ge-
ometric position information into image patch embeddings with instruction tuning to align 2D and
3D modalities, while Video-3D LLM (Zheng et al., 2025) employs a 3D positional encoding mod-
ule with post-instruction tuning for 3D scene understanding. However, these methods depend on
3D training data, which is scarcer than large-scale 2D image datasets. The scarcity of high-quality
3D resources poses a bottleneck for scaling 3D MLLMs, limiting their coverage of real-world scene
variations and capacity to learn generalizable spatial reasoning, highlighting the need for more data-
efficient approaches.
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2.2 3D QUESTION ANSWERING WITH VLMS

Recent advancements in Vision-Language Models (VLMs) have extended multimodal reasoning
from 2D images to multi-frame and 3D scene understanding (Liu et al., 2025; Li et al., 2024; Bai
et al., 2025; Team, 2025; Comanici et al., 2025; Achiam et al., 2023; Lin et al., 2024). Bench-
marks such as ScanQA (Azuma et al., 2022), SQA3D (Ma et al., 2023), and OpenEQA (Ar-
jun Majumdar, 2024) evaluate 3D question answering, while ScanRefer (Chen et al., 2020) and
Multi3DRefer (Zhang et al., 2023) focus on 3D grounding. Unlike grounding, 3D question answer-
ing requires spatial and semantic reasoning across multiple views to answer scene-level questions.

Several VLM families, including LLaVA (Li et al., 2024), Video-LLaVA (Lin et al., 2024), and
Qwen-VL (Bai et al., 2025; Team, 2025), have demonstrated strong cross-modal understanding
through large-scale instruction tuning. However, most existing VLMs remain inherently 2D-based,
relying solely on image sequences without explicitly incorporating 3D geometric information, lim-
iting their spatial reasoning in complex 3D environments. In this work, we bridge this gap by ex-
ploring a balance between utilizing 3D spatial information and leveraging the strong generalization
capability of 2D VLMs for effective 3D scene question answering.

2.3 FRAME SAMPLING STRATEGY

To enable MLLMs to understand 3D scenes through powerful visual reasoning, visual-based 3D
scene understanding typically relies on video frames as input. However, due to limited GPU mem-
ory, models can only process a subset of frames, even though a single 3D scene dataset may contain
thousands of frames. A widely adopted approach is uniform frame sampling (Bai et al., 2025; Yang
et al., 2025; Zheng et al., 2025; Huang et al., 2025a), which evenly selects frames from the entire
sequence. While simple and efficient, this strategy often reaches its performance ceiling.

To overcome this limitation, several works (Zheng et al., 2025; Wu et al., 2025) have leveraged 3D
geometric information and adopted greedy algorithms to select frames that maximize spatial cover-
age while minimizing the total number of frames. Some prior works (Hu et al., 2025) propose train-
able frame selectors that predict frame importance scores for query-relevant frame identification.
Similarly, VLM-Grounder (Xu et al., 2024a) introduces a query-aware frame selection framework,
while Dynamic Token Compression (DTC) (Huang et al., 2025a) presents an offline token reduction
method combining 3D voxelization with visual similarity matching to reduce visual tokens while
maintaining performance.

However, most existing strategies rely on offline processing or additional selector modules, increas-
ing computational overhead and making them unsuitable for online or real-time scenarios. We pro-
pose an online, single-pass frame sampling strategy that leverages 3D geometric information to
reduce redundant tokens while improving model performance, effectively balancing efficiency and
3D scene understanding in 3D question answering tasks.

3 PROPOSED METHOD

In this section, we introduce our online geometry-aware token pruning method for the 3D question
answering task, which aims to maximize 3D scene information while remaining computationally
efficient. For reference purposes, the overall pipeline is illustrated in Figure 2. In Section 3.1, we
discuss frame sampling strategies under both online and offline settings. In Section 3.2, we present
our method to identify redundant information in overlapping regions under a sequential frame input
setting. Finally, in Section 3.3, we describe how redundant information is dropped during MLLMs’
inference without requiring any further post-training.

3.1 FRAME SAMPLING

Processing scene videos in VLMs requires selecting a subset of frames due to limited GPU memory
and computational resources. An effective frame sampling strategy should preserve the essential
spatial coverage of the 3D scene while minimizing redundancy among frames. Existing approaches
typically perform offline frame selection, where the entire video or dataset must be available be-
forehand to optimize the coverage. However, this assumption is impractical for streaming or real-
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Figure 2: Pipeline of our method. Our method processes frames sequentially via online 3D vox-
elization, generating a pixel-level mask m from overlapped regions and computing a token-level
mask m′ to effectively prune redundant tokens before they enter the LLM.

time scenarios, where frames are observed sequentially and future content is unknown. To address
this limitation, we first consider uniform sampling as a online strategy that does not require pre-
processing the entire set of video frames. However, uniform sampling fails to account for spatial
redundancy between frames and often leads to suboptimal scene coverage, motivating the need for
a more adaptive online selection mechanism.

Uniform sampling. Uniform sampling intuitively selects frames from the video frame set F =
{f1, f2, ..., fn} at a fixed interval of every n/t where t denotes the total number of frames to be
sampled. However, uniform sampling introduces a critical trade-off between temporal coverage and
computational efficiency. When the sampling interval is large, the model may skip important frames
containing fine-grained spatial or semantic details of the 3D scene. In contrast, reducing the interval
to capture more information leads to a larger number of selected frames, quickly exceeding GPU
memory limits. As a result, uniform sampling often fails to achieve an optimal balance between
efficiency and scene coverage.

Maximum coverage sampling. We follow the offline maximum coverage sampling strategy in-
troduced in prior work (Zheng et al., 2025), which aims to select the fewest possible frames while
maximizing the coverage of the 3D scene. This problem is formulated as a maximum coverage prob-
lem and is known to be NP-hard. Therefore, a greedy algorithm is adopted to obtain an approximate
solution. Specifically, given a video with frame set F = {f1, f2, ..., fn}, each frame is projected
into 3D voxels, and the goal is to find a subset of frames S ⊆ F that maximizes the overall voxel
coverage.

3.2 3D PROJECTION

For each incoming posed RGB-D image, we first project the image into the 3D world coordinate
system, obtaining C ∈ RH×W×3 for every pixel using the corresponding depth map and camera
pose. Each pixel (u, v) is thereby associated with a 3D point C(u, v) = (x, y, z) in the global
coordinate space. The resulting 3D points are then voxelized to produce discrete voxel indices
V ∈ Z(H·W )×3, which represent quantized spatial locations in the scene.

To determine whether a spatial region has been previously observed, we maintain a global voxel set
S that records all voxels visited by past frames. For each new frame, voxels corresponding to V are
compared against S; if a voxel already exists in S, it is considered overlapped. These overlapped
voxels are subsequently back-projected onto the image plane to produce a pixel-level binary mask
m ∈ {0, 1}H×W , where m(u, v) = 1 indicates that the corresponding pixel is projected from a
region that has already been observed. This mask effectively captures spatial redundancy across
frames at the pixel level.
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To bridge the pixel-level redundancy and the visual tokens processed by the vision encoder, the mask
m is spatially aggregated over non-overlapping patches of size P × P to form a token-level mask
m′ ∈ {0, 1}H′×W ′

, where H ′ =
⌊
H
P

⌋
and W ′ =

⌊
W
P

⌋
. Each patch corresponds to one visual token

in the encoder, and we compute an overlap ratio for each token as:

ri,j =
1

|Bi, j|
∑

(u,v)∈Bi,j

m(u, v), (1)

where Bi, j denotes the set of pixels within the (i, j)th patch. The overlap ratio ri,j measures the pro-
portion of pixels within a token region that have been previously observed, serving as a quantitative
indicator of visual redundancy.

We then define the token-level binary mask as:

m′
i,j =

{
1, if ri,j ≥ τo,

0, otherwise,
(2)

where τo is the pruning threshold that specifies the minimum proportion of overlap required for a
token to be considered redundant. In practice, this threshold provides a controllable trade-off be-
tween pruning aggressiveness and information retention. A higher τo prunes only highly redundant
tokens, while a lower value removes tokens more aggressively.

The resulting mask m′ is later used to guide the pruning process of visual tokens before feeding them
into the large language model. This mechanism ensures that only novel or spatially informative
regions are retained, thereby reducing token redundancy and improving computational efficiency.
Further analysis of the impact of different pruning thresholds is presented in the experimental sec-
tion.

3.3 TOKEN PRUNING

The RGB image is first fed into the vision encoder to generate a grid of visual tokens e ∈ RH′×W ′×d,
where d denotes the token embedding dimension. Each token ei,j corresponds to a localized spatial
region in the input frame and encodes its visual information.

To identify redundant information across frames, we leverage the 3D projection-based overlap anal-
ysis introduced in Section 3.2. The mask m′ reflects which spatial regions have already been ob-
served or overlapped by previously processed frames. Specifically, m′

i,j = 1 indicates that the
corresponding token ei,j belongs to an overlapped region that conveys redundant visual content and
should therefore be pruned. Conversely, m′

i,j = 0 denotes that the token originates from a novel or
unobserved region and should be retained for feeding into the LLM. The pruned token set can thus
be formulated as:

e′ = { ei,j | m′
i,j = 0 }, (3)

where e′ represents the subset of tokens that contribute unique spatial information. When feeding
e′ into the LLM, redundant tokens are excluded from both the prefill and forward phases, reducing
computational overhead and mitigating attention dilution. This geometry-aware pruning removes
visual tokens from already-explored regions, effectively reducing redundancy while preserving es-
sential context. As a result, the VLM focuses more on novel spatial cues, improving both efficiency
and 3D question answering performance.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Implementation details. We use Qwen2.5-VL-7B and Qwen3-VL-8B as base models. Two sam-
pling strategies are adopted: uniform sampling and maximum coverage (MC) sampling. For uniform
sampling, we select 20 frames on the ScanQA (Azuma et al., 2022), SQA3D (Ma et al., 2023), and
OpenEQA-HM3D (Arjun Majumdar, 2024) benchmarks. As discussed in Section 3.1, MC sam-
pling adaptively selects frames, averaging around 20 per scene. To ensure a fair comparison in
token usage, we uniformly sample 30 frames for all benchmarks before applying our method, while
using the same selected frames for offline MC. The pruning threshold is set to 100%, images are
resized to 640×480, and voxel size is 0.1 m. We will release the code to the public.
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Datasets & evaluation metrics. We conduct our experiments on three 3D question answer-
ing datasets: ScanQA-val, SQA3D-test, and OpenEQA-HM3D to evaluate the effectiveness of
our geometry-aware token pruning method. ScanQA and SQA3D are built upon the ScanNet
dataset (Dai et al., 2017). Both emphasize evaluating MLLMs’ spatial understanding capabilities in
3D scenes. ScanQA-val includes 71 distinct scenes and 4,675 questions, while SQA3D-test includes
67 distinct scenes and 3,519 questions. Different from the ScanNet dataset, OpenEQA-HM3D is
built on the HM3D dataset, which comprises real-world questions and focuses on embodied ques-
tion answering. OpenEQA-HM3D includes 63 distinct scenes and 557 questions.

In this study, we follow prior works (Azuma et al., 2022; Hong et al., 2023; Zheng et al., 2025; Wu
et al., 2025) and report Exact Match and CIDEr scores for the ScanQA and SQA3D benchmarks.
We also follow OpenEQA and report the GPT-4.1-mini LLM-Match score in our experiments. We
further include the total token consumption required to evaluate the full benchmark, reported as
“Tokens” in the table.

4.2 EXPERIMENTAL RESULTS

Table 1: Overall performance comparisons for the online strategy. “Fine-tuned” indicates that
the model is trained on the ScanQA and SQA3D datasets.

Model
Online Sampling ScanQA SQA3D OpenEQA-HM3D

Sampling Strategy EM ↑ CIDEr ↑ Tokens ↓ EM ↑ Tokens ↓ LLM Match ↑ Tokens ↓

Fine-tuned 3D LLMs
Video-3D LLM ✓ Uniform 29.6 99.6 - 58.3 - - -

Zero-shot 2D VLMs

Qwen2.5-VL-7B
✓ Uniform 24.1 65.6 37.1M 46.5 28.0M 53.1 4.4M
✓ Uniform + Ours 25.1 69.3 32.6M 47.3 24.1M 58.2 5.2M

Qwen3-VL-8B
✓ Uniform 27.2 78.7 28.6M 50.2 21.5M 67.1 3.4M
✓ Uniform + Ours 27.9 79.9 26.2M 50.7 19.4M 67.8 4.1M

Table 2: Overall performance comparisons for offline strategy. We report DTC EM score when
retaining 54% of the tokens with 12 uniformly sampled frames. “Fine-tuned” indicates that the
model is trained on the ScanQA and SQA3D datasets.

Model
Online Sampling ScanQA SQA3D

Sampling Strategy EM ↑ CIDEr ↑ Tokens ↓ EM ↑ Tokens ↓

Fine-tuned 3D LLMs
Video-3D LLM MC 29.8 100.3 - - -

Zero-shot 2D VLMs
LLava-OV-7B DTC 27.8 - - - -

Qwen2.5-VL-7B
MC 26.2 70.9 38.6M 48.2 28.5M

MC + Ours 26.1 71.4 28.3M 47.8 20.8M

Qwen3-VL-8B
MC 28.0 80.1 29.8M 50.5 22.0M

MC + Ours 28.2 80.5 22.5M 51.1 16.6M

We present the overall comparison between leveraging uniform sampling and maximum coverage
sampling strategies, as well as applying our method, in both Table 2 and Table 1. Different from
fine-tuned models that post-trained on downstream tasks, we use zero-shot VLMs such as Qwen2.5-
VL-7B and Qwen3-VL-8B as our base models.
Online scenario. In Table 1, we compare our method with the online uniform sampling strategy,
which uses 20 frames for ScanQA, SQA3D, and OpenEQA-HM3D. To ensure a fair comparison
in token usage, we apply our method on 30 uniformly sampled frames for all benchmarks, while
pruning overlapped visual tokens to match the baseline’s token budget. As shown in the table, when
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Table 3: Categorical results on SQA3D. Comparisons between online and offline sampling strate-
gies, with evaluation results reported across six categories of SQA3D. Our method can be integrated
with both strategies and enhances them.

Model
Online Sampling SQA3D

Sampling Strategy what which can is how others Average ↑ Tokens ↓

Qwen2.5-VL-7B

✓ Uniform 41.2 45.9 56.5 58.3 37.4 45.8 46.5 28.0M
✓ Uniform + Ours 41.7 49.3 53.6 57.8 41.1 46.8 47.3 24.1M

MC 42.0 49.6 56.2 58.1 43.0 48.1 48.2 28.5M
MC + Ours 41.8 49.0 55.3 58.1 41.7 47.9 47.8 20.8M

Qwen3-VL-8B

✓ Uniform 45.6 45.6 54.1 60.6 46.2 51.1 50.2 21.6M
✓ Uniform + Ours 46.4 48.2 55.6 60.9 44.3 51.4 50.7 19.4M

MC 46.7 41.9 57.7 61.2 46.0 50.5 50.5 22.0M
MC + Ours 47.2 42.5 56.5 61.8 47.1 51.9 51.1 16.6M

applying our method with more frames, the redundant overlapped tokens identified by our pruning
process are effectively removed. This allows the model to focus more on the informative regions, not
only reducing token usage but also improving overall performance. The effectiveness of our method
is consistently demonstrated on both QwenVL-series models, where performance improvements are
observed across three benchmarks. Specifically, on Qwen2.5-VL-7B, our approach improves the
Exact Match score from 24.1 to 25.1 on ScanQA and from 46.5 to 47.3 on SQA3D, while using
fewer tokens. The results indicate that when the online setting is required, our method provides
a more effective sampling strategy without introducing any preprocessing or selector modules that
would increase computational overhead. To further analyze scalability, we present a detailed com-
parison of different numbers of uniformly sampled frames and the effect of applying our method in
Section 4.3, as illustrated in Figure 3.

Offline scenario. In Table 2, we compare our method with the offline sampling strategies. We
include prior work DTC (Huang et al., 2025a) in our comparison. DTC compresses visual tokens to
reduce the input length, we report its EM score when retaining 54% of the tokens. In our evaluation
setup, we adopt the adaptive maximum coverage (MC) sampling strategy, which selects approxi-
mately 20 frames per question across all benchmarks. As shown in the table, even under the same
set of offline-processed frames—where MC is used to select the most representative and diverse
frames—our method is able to significantly reduce token usage while maintaining competitive per-
formance. This makes our approach particularly suitable for scenarios with limited computational
resources. Furthermore, applying our method achieves comparable Exact Match scores on both
ScanQA and SQA3D, improves the CIDEr score on ScanQA with Qwen2.5-VL-7B. These results
demonstrate that our pruning strategy effectively removes redundant visual tokens, optimizing the
input representation in a way that serves as an efficient offline enhancement to existing sampling
methods.

Categorical results. In Table 3, we present the evaluation results across six categories of the
SQA3D benchmark for both QwenVL-series models. For the online sampling strategies, the results
demonstrate that our method not only improves the overall performance but also yields consistent
gains across almost all categories. In the offline setting, our method maintains comparable perfor-
mance across all six categories. Notably, for Qwen3-VL-8B, applying our method on top of the MC
baseline achieves a 1.4 points improvement in Exact Match (EM) for the “others” category. Across
both settings, our method consistently reduces the total number of visual tokens, highlighting its
efficiency in balancing performance and token usage.

4.3 ABLATION STUDY

Scaling up sampled frames. In Figure 3, We investigate the scalability of our method when in-
creasing the number of sampled frames. From the figure, we observe that under the same 20-frame
setting, our approach achieves better performance while using fewer visual tokens compared to the
baseline uniform sampling strategy. As the number of frames increases to 30 and 50, our method
consistently removes redundant tokens while maintaining or slightly improving Exact Match (EM)
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Figure 3: Ablation on scaling the number of frames. Our method maintains stable or improved
performance while significantly reducing token usage compared to uniform sampling.

scores. When input frames scale up to 70, the baseline performance degrades due to excessive re-
dundancy, while our method continues to yield stable or improved performance with significantly
reduced token count. This indicates that our geometry-aware pruning effectively filters out repeti-
tive visual information, allowing the model to focus on novel and spatially informative regions even
when frame input becomes dense. This finding is particularly important in large-scale 3D environ-
ments, where comprehensive scene coverage often demands more input frames. While increasing
frames typically causes quadratic growth in token usage and computational cost, our approach main-
tains a balance between accuracy and efficiency by pruning tokens while preserving critical scene
context.

Table 4: Ablation study on the pruning threshold τo. We investigate how different threshold
settings affect pruning behavior, with higher τo values leading to less aggressive token removal. The
results demonstrate that a threshold of 100% performs the best.

Model Sampling Strategy τo
SQA3D

EM ↑ Tokens ↓

Qwen3-VL-8B

Uniform - 51.4 74.5M

Uniform + Ours 25% 49.6 10.7M
Uniform + Ours 50% 50.8 13.5M
Uniform + Ours 80% 50.8 19.4M
Uniform + Ours 100% 52.2 35.2M

Pruning threshold. In Equation (1) and Equation (2), we introduce the pruning threshold τo, spec-
ifying the minimum proportion of overlapped pixels within a patch required for the corresponding
image token to be considered redundant and pruned. This ensures that a token is removed only when
a sufficiently large portion of its spatial region has already been observed. We evaluate the effect of
different pruning thresholds on the SQA3D dataset, as shown in Table 4. Using 70 uniformly sam-
pled frames as the baseline, we observe that the pruning threshold τo plays a crucial role in shaping
the model’s behavior. When a lower threshold is applied, model performance tends to decrease as
more regions are considered redundant and aggressive pruning takes effect. In contrast, when the
threshold reaches 100%—meaning all pixels within a patch are identified as overlapped—the model
achieves better performance than the baseline, improving from 51.4 to 52.2 while using only 47%
of the tokens. These results suggest that properly controlling the pruning threshold enables the sys-
tem to effectively filter out redundant tokens, allowing the model to focus on novel and spatially
informative visual regions rather than repeated observations.
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4.4 QUALITATIVE RESULT

I am standing in front of the cabinets and there is a cart on 
my right. Is the counter in front of me cluttered or empty?

• GT: Cluttered

• Uniform 20 Frames: Empty

• Uniform 30 Frames + Ours: Cluttered

Token usage: 6133

Token usage: 5669

What is on the right side of the door?

• GT: Curtain

• MC Sampling: Curtain

• MC Sampling + Ours: Curtain

Token usage: 6714

Token usage: 4636

Figure 4: Qualitative results. We adopt our method with two sampling strategies: uniform (left)
and MC (right), on SQA3D and ScanQA, respectively. Our method consistently improves token
efficiency and performance.

In Figure 4, we present two visualization examples demonstrating our method’s effectiveness under
online uniform sampling and offline maximum coverage sampling. The left half compares uniform
sampling with 20 frames against our method applied to 30 uniformly sampled frames. Despite
processing more frames initially, our method significantly reduces the final token count through
geometry-aware pruning. More importantly, this token reduction improves answer accuracy, while
the baseline produces an incorrect response, our method successfully removes redundant visual in-
formation, allowing the model to focus on relevant spatial features and generate the correct answer.
The right half shows our method combined with maximum coverage sampling. Both approaches
produce correct answers, validating that our pruning preserves essential visual information. How-
ever, our method reduces token consumption from 6.7k to 4.6k tokens while maintaining identical
performance. This substantial reduction in computational cost without sacrificing accuracy demon-
strates that our method successfully identifies and eliminates redundant visual tokens.

5 CONCLUSION AND FUTURE WORK

In this study, we propose an online, single-pass geometry-aware token pruning method that enhances
3D question answering performance while reducing visual token usage. Our approach projects
image pixels into a shared voxel space to identify overlapped regions and generates a pruning mask
to remove redundant tokens before feeding into the large language model, allowing the model to
focus on novel and informative regions in 3D scenes.

Extensive experiments demonstrate that our method outperforms the online uniform sampling base-
line on ScanQA, SQA3D, and OpenEQA-HM3D. Compared with the offline maximum coverage
strategy, our method reduces token usage from 29.8M to 22.5M on Qwen3-VL-8B for ScanQA
while improving both Exact Match and CIDEr scores, providing an efficient and effective solution
for scalable 3D scene understanding in VLMs.

While our framework improves performance and reduces token usage, some limitations remain.
Pruned tokens from overlapped regions may still contain useful spatial cues, and future work could
explore integrating this information or combining geometry-aware pruning with token compression
to further enhance efficiency. Additionally, our method is currently evaluated only on predefined
datasets, and future work will explore applying our approach within embodied AI systems to handle
real-time, real-world scenarios.
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A APPENDIX

In this supplementary material, we provide more details in the following sections:

• In Section B, we present the categorical-level performance comparison between our method
and the uniform sampling baseline, using the OpenEQA-HM3D dataset (Arjun Majumdar,
2024). The results in this experiment further corroborates the benefits of our solution by
archiving superior performance while using comparable amount of tokens.

• In Section C, we report categorical-level results on VSI-Bench yang2025thinking, a bench-
mark designed to evaluate visual-spatial intelligence, including spatial size estimation and
spatial relationship reasoning. The experimental results demonstrate that our method gen-
eralizes beyond 3D question answering benchmarks such as ScanQA and SQA3D, and
remains effective on visual-spatial intelligence benchmarks.

• In Section D, we provide more details on the pruning threshold τo by comparing results
with differentnumbers of frames as the baseline and report categorical-level performance
on the SQA3D dataset (Ma et al., 2023).

• In Section E, we present more details on scaling the number of frames by reporting
categorical-level performance across different model sizes and compared to uniform sam-
pling on SQA3D.

• In Section F, we provide additional qualitative results on OpenEQA-HM3D and SQA3D.

B CATEGORICAL RESULTS ON OPENEQA-HM3D.

Table 5: Categorical results on OpenEQA-HM3D. Comparisons on online sampling strategies,
with evaluation results reported across seven categories of OpenEQA-HM3D.

Model

Sampling
OpenEQA-HM3D Arjun Majumdar (2024)

Strategy
Attr. Func. Obj. Obj. Obj. State Spatial World

LLM Match ↑ Tokens ↓
Recog. Reason. Local. Recog. Recog. Under. Know.

Qwen2.5-VL-7B
Uniform 63.2 61.4 51.9 49.3 48.6 45.1 53.1 53.1 4.4M

Uniform + Ours 71.6 61.8 54.4 54.5 63.6 49.6 51.2 58.2 5.2M

Qwen3-VL-8B
Uniform 71.4 66.4 70.2 64.0 66.5 59.8 70.0 67.1 3.4M

Uniform + Ours 69.6 72.5 70.2 65.5 70.4 53.8 70.7 67.8 4.1M

In Table 5, we report categorical-level results on the OpenEQA-HM3D dataset. The questions are
categorized into seven types: (1) Attribute Recognition, (2) Functional Reasoning, (3) Object Lo-
calization, (4) Object Recognition, (5) Object State Recognition, (6) Spatial Understanding, and (7)
World Knowledge. With comparable token usage, our method on top of uniform sampling yields bet-
ter overall LLM Match scores. Our method demonstrates consistent improvements across nearly all
categories for both Qwen3-VL and Qwen2.5-VL models. Notably, our method achieves a 15-point
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improvement in LLM Match score for the “Object State Recognition” category with Qwen2.5-VL-
7B, while also showing meaningful gains in other categories such as Attribute Recognition with an
8.4-point improvement.

C CATEGORICAL RESULTS ON VSI-BENCH.

Table 6: Categorical results on VSI-Bench. Comparisons on online sampling strategies, with
evaluation results reported across seven categories of VSI-Bench.

Model

Sampling
VSIBench (ScanNet)

Strategy
Obj. Abs. Obj. Room Rel. Rel. Route Appr.

Avg. ↑ Tokens ↓
Count Dist. Size Size Dist. Dir. Plan Order

Qwen2.5-VL-7B
Uniform 33.7 9.1 31.4 36.7 40.5 36.4 25.0 28.2 29.3 16.4M

Uniform + Ours 34.3 9.5 31.1 40.5 41.3 39.4 23.4 30.3 30.5 14.8M

Qwen3-VL-8B
Uniform 66.3 47.1 69.4 53.2 54.1 46.6 32.8 52.1 54.5 12.7M

Uniform + Ours 73.4 44.8 70.0 54.8 57.1 51.9 32.8 61.3 58.1 11.9M

In Table 6, we report categorical-level results on the VSI-Bench. The benchmark consists of three
datasets: ScanNet (Dai et al., 2017), ScanNet++ (Yeshwanth et al., 2023), and ARKitScenes (Baruch
et al., 2021). We evaluate on the ScanNet split, where questions are categorized into eight types:
(1) Object Count, (2) Absolute Distance, (3) Object Size, (4) Room Size, (5) Relative Distance, (6)
Relative Direction, (7) Route Plan, and (8) Appearance Order. Following the original VSI-Bench
metric, the first four categories require numerical answers while the latter four are multi-choice
questions. Our method applied on top of uniform sampling achieves better average scores for both
models. Notably, for Qwen3-VL-8B, our approach improves the average score from 54.5 to 58.1
while reducing token usage from 12.7M to 11.9M.

D MORE DETAILS ON THE PRUNING THRESHOLD.

Table 7: More details on the pruning threshold τo. We report six categorical results on SQA3D to
investigate how different threshold settings affect pruning behavior, with higher τo values leading to
less aggressive token removal. The results show that a threshold of 100% performs the best across
different baselines. “F” denotes the number of frames sampled.

Model
Sampling

τo
SQA3D Ma et al. (2023)

Strategy what which can is how others Average ↑ Tokens ↓

Qwen3-VL-8B

Uniform 70F - 46.6 45.9 54.7 62.9 47.4 51.9 51.4 74.5M

Uniform 70F + Ours 25% 45.9 43.6 52.7 61.2 43.9 50.5 49.6 10.7M

Uniform 70F + Ours 50% 46.8 43.9 52.7 63.5 45.8 51.8 50.8 13.5M

Uniform 70F + Ours 80% 46.6 44.7 57.7 61.0 45.2 51.6 50.8 19.4M

Uniform 70F + Ours 100% 48.3 47.0 56.2 70.0 49.0 52.1 52.2 35.2M

Uniform 20F - 45.6 45.6 54.1 60.6 46.2 51.1 50.2 21.6M

Uniform 20F + Ours 25% 44.6 46.4 55.9 60.4 43.2 48.9 49.3 8.3M

Uniform 20F + Ours 50% 44.6 43.0 55.3 61.2 43.9 48.9 49.1 9.2M

Uniform 20F + Ours 80% 45.4 43.6 55.0 61.2 46.7 49.3 49.9 11.0M

Uniform 20F + Ours 100% 46.2 43.6 58.3 61.5 46.9 48.8 50.5 14.6M

In Table 7, we further investigate the effect of the pruning threshold τo. From the results, we observe
that applying our method on top of uniform sampling frames can significantly reduce token usage
across different threshold settings. When τo is set to 25%, the method aggressively reduces redun-
dant information but incurs a performance drop of 1.8 points on the 70-frame baseline. This trend
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is consistent across both 70-frame and 20-frame baselines. However, when our geometry-aware
token pruning employs a milder strategy with τo set to 100%, it removes only highly redun-
dant information, achieving both token reduction and performance improvement. Specifically,
with τo set to 100%, we achieve over 50% token reduction on the 70-frame baseline and more than
30% on the 20-frame baseline. The larger token reduction on the 70-frame baseline is due to denser
frame sampling, which leads to more overlapping regions that can be pruned. This trend holds con-
sistently across different uniform sampling frame baselines. Notably, applying our method with τo
set to 100% on the 70-frame baseline, the “is” category achieves a more than 7-point improvement
in Exact Match score.

E MORE DETAILS ON SCALING SAMPLED FRAMES.

Table 8: More details on scaling the number of frames. We report six categorical results on
SQA3D using different frame counts as baselines and apply our method with different model sizes.
By adopting our method, nearly all baselines achieve performance gains while using fewer tokens.
“F” denotes the number of frames sampled.

Model
Sampling SQA3D Ma et al. (2023)

Strategy what which can is how others Average ↑ Tokens ↓

Qwen3-VL-8B

Uniform 70F 46.6 45.9 54.7 62.9 47.4 51.9 51.4 74.5M

+ Ours 48.3 47.0 56.2 62.0 49.0 52.1 52.2 (+0.8) 35.2M (-53%)

Uniform 50F 47.0 47.9 58.6 62.4 47.3 50.2 51.6 53.5M

+ Ours 47.7 47.0 58.6 61.4 46.2 51.2 51.6 27.6M (-45%)

Uniform 30F 46.3 47.6 55.0 62.3 45.8 50.0 50.8 32.2M

+ Ours 46.4 48.2 55.6 60.9 44.3 51.4 50.7 (-0.1) 19.4M (-40%)

Uniform 20F 45.6 45.6 54.1 60.6 46.2 51.1 50.2 21.6M

+ Ours 46.2 43.6 58.3 61.5 46.9 48.8 50.4 (+0.2) 14.6M (-32%)

Qwen3-VL-4B

Uniform 70F 45.5 46.4 60.4 60.7 52.3 48.8 51.3 74.5M

+ Ours 45.8 45.3 62.4 62.0 51.2 47.7 51.4 (+0.1) 35.2M (-53%)

Uniform 50F 45.4 47.0 59.8 62.3 48.4 48.8 51.0 53.5M

+ Ours 46.6 46.4 60.4 61.7 48.8 47.9 51.2 (+0.2) 27.6M (-45%)

Uniform 30F 44.0 47.3 62.4 60.9 48.6 50.9 51.0 32.2M

+ Ours 45.0 48.4 63.6 62.3 49.9 50.0 51.8 (+0.8) 19.4M (-40%)

Uniform 20F 42.8 47.3 61.5 61.2 46.5 48.8 49.9 21.6M

+ Ours 43.9 46.2 61.0 61.5 46.9 50.0 50.4 (+0.5) 14.6M (-32%)

Applying our geometry-aware pruning method on top of different uniform sampling strategies with
models of different sizes, Qwen3-VL-8B and Qwen3-VL-4B, we report categorical-level perfor-
mance on SQA3D in Table 8. We adopt increasing uniform sampling frame counts of 20, 30, 50,
and 70 as baselines and apply our method on top of each. We observe that our method consistently
achieves larger performance improvements than the baselines while using fewer tokens. For Qwen3-
VL-8B, the baseline achieves an Exact Match of 51.4 with 70 uniformly sampled frames. Applying
our method on the same 70 frames improves the Exact Match to 52.2 while consuming less than
50% of the tokens. The same trend appears in the smaller model. From the categorical-level re-
sults, we observe that nearly all categories benefit from our method while using significantly fewer
computational resources.
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Figure 5: Qualitative results on OpenEQA-HM3D. We adopt our method with a uniform sampling
strategy on OpenEQA-HM3D. The left and right examples show different scenes with different
questions. Our method can effectively prune the overlapping regions.

F ADDITIONAL QUALITATIVE RESULTS.

We present additional qualitative results in Figure 5 and Figure 6. The top row shows the raw frames,
and the bottom row visualizes the results after applying our pruning method. We use Qwen3-VL-8B
as the base model for these results.

In Figure 5, we visualize two examples from the OpenEQA-HM3D dataset to illustrate how our
method prunes redundant tokens and demonstrates its effectiveness. Our method removes highly
overlapping information in an online manner, progressively pruning more tokens as additional
frames are received because information may be repeated across frames. In the left example, we
observe that in the third image, more regions are pruned as the same visual information has already
appeared in previous frames. This pruning pattern is evident across both examples.

In Figure 6, we provide six additional qualitative results from the SQA3D dataset, applying our
method on top of uniformly sampled 30 frames. These examples illustrate a key limitation of
uniform sampling: consecutive frames often contain highly redundant visual information. Our
geometry-aware pruning method effectively removes this redundancy while preserving task-critical
details. Importantly, our method maintains the model’s ability to answer questions correctly while
reducing token consumption and minimizing computational interference. By selectively pruning
overlapping regions across frames, our method achieves a balance between computational efficiency
and answer quality, which is particularly valuable in 3D question answering tasks.
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I am sitting on the chair with a backpack on top of it and 
facing the table nearest to me. 

What is in front of me that I can use to write on? 

Answer: whiteboard

Uniform 30 Frames + Ours: whiteboard


Raw Frames + Ours

Raw Frames

I am picking up the water bottle with a chair behind me 
and a whiteboard in my three o'clock direction. 

What color is the table in front of me?

Answer: brown

Uniform 30 Frames + Ours: brown


Raw Frames + Ours

Raw Frames

I am looking at my backpack and desk is behind me. 

How many windows to my left?

Answer: one

Uniform 30 Frames + Ours: one


Raw Frames + Ours

Raw Frames

I am throwing litter with the toilet on my right. 

What is on top of the bathroom counter?

Answer: jacket

Uniform 30 Frames + Ours: jacket


Raw Frames + Ours

Raw Frames

I am about to leave the room through the door. 

To exit can I just walk through the door or I have to open 
the door?

Answer: open

Uniform 30 Frames + Ours: open


Raw Frames + Ours

Raw Frames

I am turning on the lamp while standing between two beds. 
What is further away from me, a picture or a radiator?

Answer: radiator

Uniform 30 Frames + Ours: radiator


Raw Frames + Ours

Raw Frames

Figure 6: Additional qualitative results. We apply our method on top of uniformly sampled 30
frames on the SQA3D dataset. The qualitative results show that our method prunes redundant in-
formation while preserving important details, thereby improving both token efficiency and perfor-
mance.
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