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Fundamental Capabilities of Spatial Intelligence
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the performance gap between VLMs and humans

[©) epT-5 B

(Obj-Object)

Spatial Relations (SR) Relationship 5 R Relationship
. L . ) (Cam-Region) " Human —__ (Obj-Obj)
Prompts: Which object is higher in the 3D world space, the clock or the house in the back? == S—
GT: The house in the back. GPT.5
Model Responses: The question is asking which object is higher in physical elevation, the
clock tower or the house behind it, not just perceived height. The clock tower seems taller i N
and extends above the house roof, even factoring in the potential slope of the ground. So, the , Qwen3- Rolationshi
clock tower is likelyathe her object in 3D world space. Measurement]| ( VL-8B (Cam- Cam;)
Answer: The clock. . o
Reasoning based on 2d pixel space
Mental Reconstruction (MR) \\
Prompts: Draw a 3D shape whose top view looks like this, and composed of 3D cubes. Appearance T Multi-step
GT: - ; Reasoning

Model Responses: The user requested a 3D object with a top view resembling an L-tetromino, Cam-Motion
made out of cubes. It’s a 4-square footprint, with varied possible heights. The simplest format
is an isometric view with a single cube stacked. I’1l create the requested 3D shape and generate

the image without needing extra edits or references.

Human VS Proprietary models

Struggle in mental rotation VS Open-sourced general models

Answer:

Has GPT-5 Achieved Spatial Intelligence? An Empirical Study



Can we solve spatial reasoning by further scaling training data

Spatial reasoning is not "emerging" at the same rate as other language or vision capabilities
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Injecting 3D data to input layer — limited improvement

Typical pipeline of adding new modality to VLM input layer
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Injecting 3D data to input layer — limited improvement

Typical pipeline of adding new modality to VLM input layer

Finetun ing < & [ Large Language Model I
L LM bac kbo ne Vision Token Text Token

Add — T )
3 D d ata o '_> B “What is the size of the yellow table?” ‘
E n COd er ) r N Vision Encoder ] [ Depth Encoding ] Text Input
LT LI
3Ddata «— S
mage i Depth Map

The model didn’t actually reason with 3d data

- Language shortcut - Raw 3d data is too information-dense

M Real-3DQA
Performance (%) et H iluti
; . omance (6) - Heuristic Shortcuts Attention Dilution
Q. Is the chair facing the window? Q. Is the chair between the desk and the
. window?
_ Non-minimal Set: Non-minimal Set:
yaw(chair)=+90° position (chair, desk, window)
: window position chair near to the door
i office desk is in front of chair desk on the right
- notebook and mug on desk window on the left wall
Reasoning: Reasoning:
Desk is in front of chair, as chair Desk is on the right, chair near to the door.

There is no direct line from this...No. @

— typically faces desk...No. @

performance plummeted after flooding the context with distracting geometric
linguistic cues were removed details and inducing hallucinations.



How to scale at inference time

Inference time scaling in text domain

Mathematical Competition PhD-Level
Problem Solving Math Science Questions @ To find the real numbers $a \\neq 0$ and $b$ such that N Verification
H \\[ f(x) - f(a) = (x - a)*2 (x - b), \\I
(MATHSOO) (AIME24) (GPQA D|am0nd) we first need to compute $f(a)$:
95 060, ‘60' @ \\[f(a) = a3 + 3272 + 1.\\J
o & ®
é @ ® Let's check if $b = 0% is a valid solution
85 & 40/ Substituting $b = 0% into $b + 2a = -3%, we get:
a °® 50 ) @ 2 \\[ 0 + 2a = -3 \\implies 2a = -3 \\implies a = -\\frac{3}{2}. \\l
© L Now, we can verify that this value of $a$ also satisfies
— | the equation $2ab + a*2 = 0$:
3 75 20/ ° \\[ 2ab + a2 = 2 \\left( -\\frac{3}12} \\right) \\cdot 0 + \\left( ~\\frac{3}{2}
o 40 | \\right)*2 = 0 + \\frac{9}{4} = \\frac{9}{4}. \\]
< 65 @ O Y ® However, this does not equal $0$. So, $b = 0$ is not a valid solution
T Let's try another possibility.
512 2048 512 2048 8192 1024 4096 |
Ave rage th | nk| ng t|me (tokens) \_ Therefore, the ordered pair \\((a, b)\\) is \\(\\boxed{(-2, 1)A\\).

Backtracking
Performance scales with thinking time

Ahah moment in reasoning

Thinking in text domain impair visual spatial reasoning

Model Inference Method Occlusion Restoration

Distance Comparison Azimuth Transfer
Qwen2.5-VL  Vanilla 34.52

43.41 27.25

Exi)]jcit Stepwise CoT 33.01(-1.51) 34.41(-9.00) 23.00(-4.25)
Explicit Multi-view CoT 35.04(+0.52) 34.1€4(-9.25) 24.29(-2.96)

Q: Which object is closest to the
bike in both images?

A, Sofa B. blue mat
C. indoor_plant D. Other

vanilla (Answer: A v/ )

Explicit Stepwise CoT (Answer: C x ) Explicr:Mnlizview Col'(Asswer %)



‘ How to scale at inference time ‘

Alternative method other than thinking in text

Think with image
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How can I get to

the Loudon Rd

State Offices by
vehicles ?

>
,Qr/_:] Qtemporal:
|
@ [t t2] @ [t1, t2]

I

I

I What happens

;| when the liquid

: [5.45,23.35] [9.65,10.85]
\

is transferred
to the conical
L flask ?

Limitation:
- only guide the model to focus on task-relevant regions
- but does not enable it to extract spatial information



‘ How to scale at inference time ‘

Alternative method other than thinking in text

think with 3d aware tools as an agent

- )
Rely on - N ©
: - </> SS 22
external [~ . »»@ »
. P tools ‘ Extracted 3D  Script for
1 Think with image @l  Toolbox © . rpt
T — ~ information verification /
° \Where is the table Y,
Rely on o ) ]
VLM think in a semantically rich latent space
reasoning




Existing work: Geometrically-Constrained Agent

/

s Existing work: Geometrically-Constrained Agent

Provide a path of separating semantic reasoning from geometric computation

o e e sen b e e A AT e e e e e P AR S A TS it \
P \ . Sl I g 1
Q: Sitting on the sofa in Figure 2, | <th|nk/>hS|tt||:g on sofa. : El VLM as Semantic Analyst i
where is the round dinner table } ) .mela?ns tdat-t he w:v:/pomt E / i
in Figure 1 relative to you? 7| 1saligned with sota’s : Formal Task Constraint Cyagi !
orientation. ... </think> | [ : : I N |
I | Reference Frame Constraint Cx: viewpoint is aligned | |
i with sofa’s orientation, +Zz = +Zs,¢, = front i
g § — Gap i | Objective Constraint C,: the positional relationship i
1 .
S = I | of table relative to sofa, vso,table !
(%2 |_ |\i______________..______;- _____________________ )_/'
o Y . e
3 a Letme imaginewhere | B e
= : ottt =
e ﬁthe tab‘Ie EifEsilscle : E" VLM as Task Solver Constrained by Cy 4k U i
M ‘°_\" ‘ r— 1. J
\ | @ N 8 | — ——— i
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0 : f e o | 0
f{ ! | ( )i
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3 Maybe, in ? X : y &l' e
3 | isualize | | :
S i !
front-right &/ ‘ i {  Box: |
Spatial Reasoning Query (a) Semantic-Geometric Gap (b) Geometrically-Constrained Spatial Reasoning




‘ Existing work: Geometrically-Constrained Agent

/7

** Geometrically-Constrained Agent limitation
* Decompose reasoning into coarse task formulation and constrained geometric computation handled by a VLM agent.

* Lack of scalability to more complex downstream applications require spatial reasoning

r ) . Stage 1: Task Formalization
QT he fire place facesnorthAnWhichidireCioNtSIN | /———g @ ~==== == oo e e e e e e

| the painting on the wall in the fitness area facing? (@) VLM as Analyst Formal Task Constraint Cy,

o——

: - Reference Frame Constraint .. .
Prompt: Please find ele Objective Constraint

1

1

]

1

i

ment that provides non- “Fireplace faces north” defines the ab- : = :

> e i 3 The orientation of the | ;
negotiable definition for solute direction. The reference frame's g '

] . . ; > 2 2 painting on the wall H
i | relative perspectives or Z-axis must align with the fireplace’s AR :
| absolute directions. Z-axis: +Zres = +Zgireplace = North. i i
e ——— e ———— P e e e i

Toolbox Solve Reference Frame Constraint C»

Q Object Detection g 3D Reconstruction Q Detect “Fireplace”

1 Object Orientation

@ Segmentation

"] 3D Reconstruction

»|« Scene Alignment G T = N ( )
I 9 Solve Objective Constraint Cy f" Code Generation
e Detect | Segment o Paintin # world-to-reference transformation
ok OCR Tool 5 9 9 . :
L \ “Painting” \1{) @ “Fireplace” ‘ Orientation R_ref = fireplace_ori.T
Obtical Flow Aml?lg.l‘”ty ill.y:)aint frame => world frame => ref frame
P 2 paintings paint_z_w = paint_ori.T @ tensor([0,0,1])
OFDEES paint_z_ref = R_ref @ paint_z_w
ks *.Pag painting e
}« Utility Tool Both is OK # Judge component
Close-loop if paint_z_ref[2] > @: return “north”
if paint_z_ref[@] > @: return “east”
@ Python Tool @ o~
m Execution east % /




‘ Potential idea: Agentic workflow on spatial reasoning task (navigation)

Design an agentic workflow with 3D tool use and navigation skills to improve VLM-based robot navigation under
dynamic blocking conditions.

Instruction

Make a left turn and exit through the ScaniD: 1pXnuDYAj8r
door on your right. Proceed to turn right
and enter the room next door, pausing
at the entrance. Be aware of someone in
the hallway, pacing and potentially
talking on the phone, which could serve
as an obstacle to your path. Ensure you
do not disturb them during your

movement.

- Agent Path

= >

Region:
entryway/foyer/lobby
Activities: Someone
taking off their shoes.

Human Path

~ .
: e ’ ‘ .
! 1+ v Agent

Actjyities: Someone &Q\\w&@i U= g
talking on the phone

while pacing.

@ Interaction with human
" Region: stairs

‘
Human Movable Area
Activities: Someone

" . D Agent Navigable Area
carrying groceries
upstairs.




Existing work: Latent spatial reasoning

» Motivation

A unified spatial representation should be embedded in continuous latent space, enabling 3D mental
modeling for human-like spatial reasoning.

Most of current method focusing on 2D image perception rather than spatial reasoning with necessary
3D latent feature guidance.

[Latent Visual Reasoning]

el ( 37 [Answer]
— Exploring its

| surroundings
We <|lvr_end|>

[Image] [Question] <lvr_start> <|lvr_end|>

What does the tiger’s

bOdy p.osture su.ggeSt | Image Embedding . LVR Embedding
about its behavior or ? ()

|

I

mood?

Text Embedding [:] Special Embedding

S e e e e e e e e e e e e e e e e )




‘ Existing work: Latent spatial reasoning

s Latent spatial reasoning existing work & limitation

* Latent spatial reasoning enables VLMs to reason in continuous vision-language latent space, guided by 3D models like VGGT and
trained with SFT plus GRPO-based RLVR.

* Only dense 3D features are used in latent reasoning, while fine-grained 2D spatial supervision at intermediate reasoning steps is
missing.

CE Loss

: iﬂ’ Projector @~ —--------------
1

e T - e ! text token 3D latent | ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ 1
- - : |

Think with pure text Think with image

<|latent_start|><|/latent_pad|><|latent_pad|>...<|latent_end|><think>

sing three images...
Given this arrangement, when standing at the viewpoint shown in image 2, potted plant is the
jor lamp. The chair is further off, the round table and wall are even further away. .. </think> <answer> A. floor lamp </answer>

KA? Large Language Model

? 3D Foundation
T Model

Vision Encoder

From the viewpoint presented in image 2, what is
/ the nearest object behind of the potted plant.

I

A. floor lamp B. chair

C. round table D. wall
3DThinker :
| r
| 3 HAa
) | E o >
o, @
s U4 ‘ Update Policy |
< —=
80 | O ” 3D latent alignment:
1 o <|latent_start|><|latent_pad|>...<|latent_end|> A - - - 0.9+1.0+1.0 A,
think>. .. </think> roj ' I'3D 30
| <|latent_start|><|latent_pad|><|latent_pad|> ... <|latent_end|> < r3p = —<1+L) —
i | 2
s : : | <think>I have constructed the 3D layout of this scene...</think> E' '—> e ——— ’ s |5 Foundation 3D Model Group A
Intrinsically think with 3D | Y <latent padp- 1, SEHLOTRS W omputation 2
<answer>A. floor lamp</answer> BACK: 2 — _

<think>...</think>
<answer>B. chair</answer >

—® : | G

Reference Model rans = 1.0 if correct, otherwise 0

<|latent_start|><|latent_pad|>...</latent_end|>
Policy Model

a
z

H - "




Potential idea: Latent spatial reasoning

X/

s Latent spatial reasoning potential idea

Extract step-level spatial cues to supervise reasoning during view shifts.

extract |
—> + camera pose

| Input I Output 2D Vision Camera pose
I encoder encoder

[Text token]

3D VGGT encoder l
I DD D [2D latent token]

:[ Embedding layer | BeE .C]]
i Tokenization ] D.. .D
|
|

Vs

5@ 0D 0es e

[Query token] [Image token] [3D latent token]

DD D <lts> [2D latent token] <lte>

[Text token]
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