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3D Vision-Language 
(3D VL) Tasks
Ø Input: point cloud (3D scene) + text.
Ø Output: text (response).
Ø Core ability: spatial reasoning, locate target 

objects using spatial relations.

Ø Examples:
• [3D Visual Grounding] Locate the bed next to 

the right of the nightstand and next to the chair.
• [Output] <obj002>
• [3D Visual Question-Answering] What is the 

color of the chair next to the bed in the corner?
• [Output] Blue.
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Challenge 1
Data Scarcity

Insufficient 3D vision-language paired data

Unable to train models with strong spatial reasoning ability from scratch

Inject 3D scene into LLMs (i.e., 3D LLM),
utilize pretrained reasoning ability

How to effectively represent 3D positions in the scene?
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Challenge 2
Scene Representation

• Encode absolute coordinates?
• Carries little inherent meaning.
• Does not explicitly represent relative geometry.
• Premature feature fusion obstructs position extraction and calculation.

• Encode relative coordinates?

• Encode all  �
2
  relations for � objects? Quadratic complexity, does not scale.

• Encoding partial spatial relations? Erroneous pruning affects accuracy.

How to effectively represent 3D positions in the scene?
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Method: Core Idea

Scalable: O(n) tokens for input
Apply positional embedding on tokens for object feature.

Complete: O(n2) relations for inference
Utilize the dot product in the attention layer to calculate the relative position 

between the objects for the query / key vector.

Accurate: Correctly reflect relative position between objects
Encode position as a holistic vector, avoiding inflated attention scores from 

small coordinate differences on single axes.
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• Goal: Absolute Coordinates 
Dot Product

 Relative Positions

• An approximate solution: 

 

 

 

 

 

�(�,�) = �(�) � �−1(�)
�(�) = ��(��) ��(��) ��(��)

��(��) =cos  ����(1)/2 + �sin  ����(1)/2 
��(��) =cos  ����(1)/2 + �sin  ����(1)/2 
��(��) =cos  ����(1)/2 + �sin  ����(1)/2 

where �'s are rotation matrices and �'s are rotation frequencies.

Method: QuatRoPE

 �(�,�), �(�, �) = �(�, �,� − �)
Absolute Position Relative Position

Scalable

Complete

Accurate
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• How to effectively represent spatial relation via attention scores?
• Encode each coordinate independently? ×

• Attention increases when coordinates on a certain axis approximate.
• QuatRoPE: encode 3D position as a holistic vector via quaternion.

Method: QuatRoPE

Scalable

Complete

Accurate
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• We propose Isolated Gated RoPE Extension (IGRE) to prevent interference between 

QuatRoPE and the original (language) RoPE in LLMs (as they both rotate tokens) .

• Extend dedicated dimensions: QuatRoPE rotation / zero-padding.
     (tokens for object features)   (other tokens)

   isolated           gated

• Preserves LLMs' abilities + enabling spatial awareness.

Method: IGRE
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• We propose the ASR benchmark to exclusively evaluate spatial reasoning ability.

• Attribute-free Spatial Reasoning (ASR) benchmark: omits category / attribute cues
• E.g., locate the object between the cabinets.
• Follows the visual grounding format, eliminating the difference in language 

generation capability (the model only does multiple choice questions). 

Attribute-free Spatial 
Reasoning (ASR) Benchmark

• Previous 3D VL tasks: spatial relations often entangle 
with other cues (e.g., categories or attributes) in texts.
• E.g., locate the wooden bed between the cabinets.
• Can be solved via spatial reasoning or detection.
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Metrics for Experiments

• ScanRefer (3D Visual Grounding): Acc @ 0.25, Acc @ 0.5, Multi @ 0.25, Multi @ 0.5
• The accuracy on the entire dataset / a subset with other objects of the same 

type as the target object (which requires spatial reasoning).
• The output is regarded correct when its IoU with ground truth exceeds 0.25 / 0.5.

• Multi3DRef (3D Visual Grounding): F1 @ 0.25, F1 @ 0.5
• F1 score, the output is correct if its IoU with ground truth exceeds 0.25 / 0.5.

• SQA3D (3D Visual Question-Answering): EM @ 1
• Accuracy, correct when top-confidence output exactly matches ground truth.
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Comparative Experiment
• Consistent gains under all metrics: QuatRoPE effectively conveys spatial relations.
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Experiment on ASR

• Consistent and large-margin gains on the ASR benchmark.

• Directly verifying that our method can boost models' spatial reasoning ability.
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Ablation Studies

• IGRE is better than rotating with 
language RoPE simultaneously

�  Effectively reduces interference 

• QuatRoPE is better than M-RoPE 
and adding raw coordinates

�  PE is crucial for 3D VL tasks
�  It is better to encode positions 
as holistic vectors
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Qualitative Results

By applying QuatRoPE, models can:

• Better align spatial relations with 
text descriptions

• Align with human implication 
(Maxim of Relation) better
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Conclusion
• We propose QuatRoPE, a 3D positional encoding with linear-complexity input that 

provides pairwise object relative positions.

• We propose Isolated Gated RoPE Extension (IGRE) for minimizing the interference 
between QuatRoPE and language RoPE.

• We construct the ASR benchmark for exclusively evaluating 3D spatial reasoning.

• We achieve consistent and large-margin gains on ASR and multiple existing 3D VL 
benchmarks, validating the effectiveness.
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Thank you!
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