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As humans, we can reason through scenarios even with incomplete perceptual
knowledge, using imagination to bridge knowledge gaps.

If one apple is taken
away, how many
apples on the table?

Mental Imagery: Creating or manipulating
sensory-like representations in the mind
without direct external stimuli.
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Case Study: In 3D reasoning, real-time access to an accurate scene 1s often
limited by:

* Specialized equipment requirements.
* Prolonged scanning times.
* Complex reconstruction processes.

Hypothetical 3D Reasoning (Hypo3D): Use an easy-to-access context

change description to imagine the updated scene and adjust reasoning
results accordingly.
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Example of Hypothetical 3D Reasoning

---------------------------------------- AT \
Past Scene Orientation: The coffee table was located 4 Foundation Models XS@’“

O View i

----------------------------------------- 3D VLM (Point Cloud, RGB-D)

Context Change: The white table has been
moved to the left of the coffee table.

-----------------------------------------

2D VLM (Top-View Map)

E Question: Which item is currently positioned to " LLM (Scene Caption)

-----------------------------------------

| (Guidance: T TC ¢ )

» (1) Align the scene with the given orientation. | "
E (2) Imagine the scene after change and answer E

, the question based on the updated scene. : [ Answer: ]
e eieteeitedeteietteteteleteteitebeteettebeteleteetteletednteld : Couch.
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Context Change

Addition Change
Movement Change A new laptop has been

The guitar has been _added to the wooden desk. )
moved onto the top of

the blue bed. ( N

Attribute Change
The green curtain by TV

- \ (_ has been fully opened.

Replacement Change
The trash cans by the

Removal Change

The brown pillow has been
 removed from the bed.

door has been replaced
_ with a floor lamp. |

1. Each object mentioned in change must have a uniquely specified location if it appears
multiple times.

2. Each change should be spatially feasible within the scene layout.

3. Each change must be relied on the original scenes.
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Questions & Answers

----------------------------------------------------------------------------------------------------------------------

- +

-----------------------------------------------------------------------------

Seale @ Isthe laptop closer to the couch :0@ What is the largest item @ Which object is encountered first along
— R AE o, DY thecouchnow? | 5ok oo T oLl
Proximity Size-based Recognition Path Reasoning
Direction [ Whatis the position of the guitar {® Whatobjectisnowto | @) From the chair, which direction should you'
W ltyclolhoian rrelocson . ..{erghtofthelaptop? i take to reach the new location of the guitar?:
Relative Position Direction-based Recognition Navigation

-----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------

+

Semantic ;@ What furniture now can still hold i i@ How many lamps are i i@ Are there any curtains in the room
:  items like the removed coffee table? | in the room now? that remain completely drawn?

------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------

Functionality Counting Attribute

1. Each question can only be answered using both the scene and context change, as neither 1s
sufficient on its own.

2. Answers cannot be inferred from commonsense knowledge (e.g., bed 1s larger than pillow).

Each question has a unique and unambiguous answer.

('S)
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Data Generation Pipeline
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| @ Scene Curation ' @Frmt ﬁnnut.utmn |r @' Context Change Preparation @ QA Preparation :: @Friu;mg :

| 1 | o h
| s N ! :: =5 [ Sk pen
: Top-View | | : T = n |2k — E |
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| i | Aligned Scene § I
. Polat Cloud | 1 S by | i Refined |, !
1! RGB-D Video| ¢! 1tk l fak i Changes E']'Lar:lrg-cfl Qu-::iunng 'I;I'AI Fmr_-rg T e 20k g I
! 3D Scenc § e Al 1 - r c Q: Qe A =5 ’ E [
) |V “The bed is located to the |, I =] i
| ScanMet + IRScan 1V laft side of the scene™ | , nag.Aa 2.4,
N e L __ & \ . _ _ _ ____ L. 44 &
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* Substantial performance gap between human and models.
* Models perform particularly poor on movement and replacement changes.
* Closed-source models does not always outperform open-source counterparts.

Model Movement Removal Attribute Addition Replacement Overall
EM PM EM PM EM PM EM PM EM PM EM PM
LLM (Scene Caption)
Llama-3.2 3B 2531 2837 | 29.85 3365 | 2495 2959 | 2678  30.78 | 23.75 27.68 | 26.08 2991
GPT-40 API (Text) 3576  38.66 | 36.88  41.71 3405 3958 | 3974 4328 | 31.33 3524 | 3554  39.65
2D VLM (Non-Semantic Top-View Map)
Qwen2-VL 7B 2923  35.08 | 3071 3469 | 29.04 3394 | 3148 3517 | 2841 33.10 | 29.68  34.47
Qwen2-VL 72B 33.02 37.38 | 33.88 3757 | 3348 37.62 | 3595 40.29 | 30.66 3464 | 3339 3751
LLaVA-OV 7B 3034  34.17 | 29.81 3324 | 3137 36.13 | 33.12 35.64 | 2841 31.81 3062 3434
LLaVA-OV 72B 3646  39.83 | 3645 4022 | 3570 4046 | 39.64 4225 | 33.83 3785 | 36.38  40.13
Claude 3.5 Sonnet API 17.49  30.24 19.90 2734 | 2296 3347 | 2290 31.61 2035  27.70 | 2042  30.29
GPT-40 API 3449  37.69 | 32.85 3653 | 31.23 3538 | 38.09 40.70 | 30.04 3322 | 3358  36.75
2D VLM (Semantic Top-View Map)
Qwen2-VL 7B 3126 36.41 38.09 4190 | 34.83 3941 37.64 4141 31.86  36.62 | 3440 3891
Qwen2-VL 72B 3842 4256 | 4736 51.05 | 4676  51.10 | 47.63 50.87 | 44.43 4878 | 4425 4825
LLaVA-OV 7B 3332  36.80 | 3434 37.84 | 3498 3950 | 3896 4198 | 33.93 3833 | 34.81 38.60
LLaVA-OV 72B 3939 4299 | 4344 4687 | 4457 4937 | 46.12  49.06 | 44.10 48.18 | 43.01 46.83
Claude 3.5 Sonnet API | 30.92 4298 | 4026 4854 | 4229 5272 | 4316 5159 | 4328 5073 | 3886  48.65
GPT-40 API 40.77 43.79 | 47.36 5040 | 4742 51.39 | 50.59 53.77 | 4424 4768 | 4550  48.82
3D VLM (RGB-D Video, Point Cloud)
LEO 7B 1440 2296 18.54  22.82 1435  21.56 1464  24.83 11.76  19.50 14.83 2240
LLaVA-3D 7B 31.63  35.11 30.60 3391 31.60 36.16 | 33.67 3670 | 3042 34.16 | 3156 35.23

Human 95.00 96.00 ‘ 93.00 95.00 | 93.00 94.83 89.00  90.67 85.00 86.00 | 91.00 9250
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Models struggle with direction-based questions.

Exact Match Results

LLaVA-OV 7B
LLaVA-OV 72B (non-sem.) Qwen2-VL 72B
(non-sem.) (non-sem.)

GPT4o0
(non-sem.)

Qwen2-VL 7B
(non-sem.)

Claude
(sem.)

Claude
(non-sem.)

Qwen2-VL 7B

(sem.) LEO
Qwe‘(‘if)‘ 728 LLaVA-3D
LL“X:;))V B Llama-3.2

LLaVA-OV 72B
(sem.) GPT4o GPT4o Text
(sem.)
Direction Scale — Semantic

Human: 92.0% Human: 91.1% Human: 92.6%

SBERT Score Results
LLaVA-OV 7B
LLaVA-OV 72B (non-sem.) Qwen2-VL72B
(non-sem.) % (non-sem.)
GPT4o T Qwen2-VL 7B
(non-sem.) (non-sem.)

Claude Claude
(sem.) (non-sem.)
Qwen2-VL 7B LEO
(sem.)
Q“"'?i’;t Yo LLaVA-3D
LLaVA-OV 7B
. oiea’ Llama-3.2
LLaVA-OV 72B "
(sem.) GPT4o GPT4o Text
(sem.)
Direction Scale — Semantic

Human: 95.3% Human: 94.9% Human: 96.5%

Niatchl'.ab
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Reasoning in hypothetically changed scenes is more challenging than in

unchanged scenes.

w/o change: Current Scene + Question = Answer
w. change: Past Scene + Context Change + Question — Answer

Table 3. Comparison of model performance when using and not
using context change, where the changes affect the answer.

w/o change w. change
Model EM PM EM PM
LLaMA-3.2 3B 19.00 23.25|20.50 (+1.50) 24.50 (+1.25)
Qwen2-VL 72B 37.00 41.50 | 31.50 (-5.50) 36.00 (-5.50)
GPT-40 API 38.00 40.25 | 33.00 (-5.00) 36.00 (-4.25)
Claude 3.5 Sonnet API | 33.00 39.75 | 29.00 (-4.00) 35.50 (-4.25)
LLaVA-3D 7B 27.00 31.00 | 20.50 (-6.50) 24.00 (-7.00)

/( L

Matchl'.abﬁ
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Models hallucinate when chaneges are irrelevant.

Example:

Context Change: The cup is moved from table to the chair.
Question: What 1s the color of the cup?

Table 4. Comparison of model performance when using and not
using context change, where the changes do not affect the answer.

w/o change w. change
Model EM PM EM PM
LLaMA-3.2 3B 27.50 31.42]29.00 (+1.50) 33.25 (+1.83)
Qwen2-VL 72B 56.50 60.17 | 51.50 (-5.00) 55.17 (-5.00)
GPT-40 API 57.00 60.00 | 52.50 (-4.50) 56.92 (-3.08)
Claude 3.5 Sonnet API | 52.50 59.00 | 49.00 (-3.50) 53.25 (-5.75)
LLaVA-3D 7B 37.50 40.17 | 37.00 (-0.50) 40.17 (0.00)
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