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[Abstract]

This study proposes a multi-view video question-answering benchmark and dataset to train and evaluate
vision-language models on inferring intrinsic physical properties, such as mass and elasticity, through
robot-object interactions beyond simple scene recognition. To this end, we collected data by designing cube
pushing and sphere dropping tasks based on inverse kinematics control within a simulation environment,
and analyzed the performance by fine-tuning state-of-the-art models. The experimental results demonstrated
that although pre-trained models showed low accuracy, their performance improved significantly in the
mass inference task where the final displacement remains static, successfully overcoming existing text
response biases after fine-tuning. Conversely, in the elasticity inference task, which requires tracking a
momentary dynamic trajectory, the performance improvement was limited and the models exhibited a
limitation of regressing to linguistic biases. In conclusion, this dataset provides an environment to
quantitatively evaluate the physical reasoning capabilities of the models, contributing to laying the

foundation for efficient action planning and decision-making in real-world robots in the future.
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I. Introduction
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II. Related work

2.1 Vision-Language Models
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III. Dataset Construction
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Fig. 1. Multi-view cameras for the cube pushing task

3.1 Parallel Data Collection Environment based
on Isaac Sim
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Fig. 2. Multi-view cameras for the sphere dropping task
(including only the additional cameras from the cube
pushing setup)

3.2 IK-based Control for Robot-Object Interaction
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3.4 VQA Dataset for Intrinsic Physical Properties
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forward, which sphere looks more elastic, the left
or the right?”

Table 1. Dataset Information
Dataset Mass Elasticity Total
Train 123 100 223
Episodes Eval 31 25 56
Total 154 125 279
Train 861 700 1,561
VaA Eval 217 175 392
Pairs
Total 1,078 875 1,953
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IV. Experiments
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4.2 Experimental Setup for VLM Fine-tuning
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Table 2. Hyper-parameters
Model fine-tuning

for Vision-Language

Hyper-parameter Value
Optimizer adamw
Learning Rate 0.00005
LR Scheduler Linear
Random Seed 42
Batch Size 4(A100), 2(RTX6000ADA)
Train Epochs 3
FPS 2
Video 224%224
Resolution (gwen3.5/cosmos-reason2)
448+*448 (internvi3.5)
Rank(r) 16
Alpha 32
LoRA Dropout 0.1
Target g_proj, k_proj, v_proj, o_proj,
Modules gate_proj, up_proj, down_proj

4.3 Evaluation of Intrinsic Physical Property
Inference Performance

Table 3. Accuracy of VLMs on physical
inference tasks: Pre-trained vs. Fine-tuned

property

Task 72 LU7| (Push)

Model Pre-trained Fine-Tuned A
Qwen 3.5 0.4977 0.9908 +0.4931
InternVL 3.5 0.5300 0.9908 +0.4608
Cosmos-R2 0.5346 0.9816 +0.4470

Task S+ 45t (Drop)

Model Pre-trained Fine-Tuned A
Qwen 3.5 0.4514 0.7371 +0.2857
InternVL 3.5 0.6057 0.5771 -0.0286
Cosmos-R2 0.5429 0.6171 +0.0742
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4.4 Analysis of Response Bias and Limitations
in Pre-trained VLMs
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Table 4. Comparison of task accuracy by ground
truth position for InternVL 3.5
Pos Left Right
Task Pre-train Fine-T Pre-train Fine-T
Push 1.0000 1.0000 0.0286 0.9810
Drop 0.9714 0.8571 0.0571 0.1571
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