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@ Vision Lab:

How do the geometries of VLM latent
spaces enable or inhibit visual reasoning?



Previous work: we showed that dual-encoder VLMs cannot
perform spatial reasoning due to latent geometry limitations.

Violation of Condition 2.3 : Violation of Condition 3.3 Violation of Condition 4.3
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Is CLIP ideal? No. Can we fix it? Yes!
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Observation: Autoregressive VLMs exhibit compositional
reasoning capacities.



Observation: Image VLMs can perform simple spatial reasoning.

Given a prompt like:

“Is the dog to the left or right of the cat?
Answer in one word.”
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Observation: Image VLMs can perform simple spatial reasoning.

“Is the dog to the left or right of the cat?
Answer in one word.”

=® ChatGPT Auto v

Is the dog to the left or right of the cat?
Answer in one word.

Gemma312BIT

This is a demo of Gemma 3 12B it, a vision language model with
outstanding performance on a wide range of tasks. You can upload
images, interleaved images and videos. Note that video input only

supports single-turn conversation and mp4 input.

Chatbot < WD

is the dog to the left or right of the cat? Answer in

one word.

Right

P

Input Picture

Model

Qwen/Qwen?2.5-VL-7B-Instruct v

Text Prompt

Is the dog to the left or right of the cat? Answer in one
word.

Submit

Output Text

Right

Time taken for processing + inference

13

1llama-3.2-vision-11B T O like

Running on ZERO 4 Get PRO 5';)

Multimodal Llama

Try Multimodal Llama by Meta with transformers in this demo. Upload
an image, and start chatting about it, or simply try one of the examples

below. To learn more about Llama Vision, visit our blog post.

Chatbot <5 | [

Is the dog to the left or right of the cat? Answer in

one word.

Right.




Observation: and Video VLMs can do temporal reasoning.

Given a prompt like:

“Does the inside scene happen before or after
the outside scene? Answer in one word.”



Observation: and Video VLMs can do temporal reasoning.

“Does the inside scene happen before or after
the outside scene? Answer in one word.”

=® ChatGPT Auto v

Before.

inside_to_outside.mp4
File

Does the inside scene happen before or after the
outside scene? Answer in one word.

B inside_to_outside.mp4

3 MB

Does the inside scene happen before or after the outside scene?
Answer in one word.

‘V; Qwen3-VL

before
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Gemma312BIT

This is a demo of Gemma 3 12B it, a vision language model with outstanding
performance on a wide range of tasks. You can upload images, interleaved
images and videos. Note that video input only supports single-turn
conversation and mp4 input.

Chatbot

Does the inside scene happen before or after the

outside scene? Answer in one word.

Before.




...50 how do they do it?




...50 how do they do it?

Hypothesis: There must be some linear mechanism!



The Linear Representation Hypothesis in LLMs:

Vﬁalenfemale
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Causal Inner Product

Park, Kiho, Yo Joong Choe, and Victor Veitch. "The linear
representation hypothesis and the geometry of large
language models." Proceedings of the 41st International
Conference on Machine Learning. 2024.



We want to characterize a linear mechanism for spatial
reasoning in VLMs:

“Is the dog to the left or right of the cat?
Answer in one word.”

"Q: Is the dog
to the left or
right of the
cat? A:"



We want to characterize a linear mechanism for spatial
reasoning in VLMs:

"Q: Is the dog
to the left or
right of the
cat? A:"



We want to characterize a linear mechanism for spatial
reasoning in VLMs:
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"Q: Is the dog Text
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right of the g
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We want to characterize a linear mechanism for spatial

reasoning in VLMs:

"Q: Is the dog
to the left or
right of the
cat? A:"

Image
Encoder

Text
mbedding

LO L1 12

patches
dog

"Right."

i i i |end




We want to characterize a linear mechanism for spatial
LO L1 L2

reasoning in VLMs:
— .. L
patches
dogiii ii

How does mformation
flow from image
patches to text tokens?




The “Mirror Swapping” Experiment:

Input Hidden States

"Is the dog
to the left or — —> Left
right of the @
gat?" o

LO L31
"Is the dog o
to the left or ! —> Right
right of the
cat?" .




The “Mirror Swapping” Experiment:

"Is the dog
to the left or
right of the
cat?"

"Is the dog

to the left or
right of the

cat?"

Hidden States

RIGHT || OF CAT |T|

.......... ﬁ Case?

LO

..|1$| DOG || LEFT || OR
I —> Left [ cesel )
e

LEFT || OR || RIGHT || OF

CAT

—> Right




The “Mirror Swapping” Experiment:

Input Hidden States e
..|E| poG || LerT || or || rRiGHT || OF || caT H
'Is the dog ; T S L ,
to the left or f casel T — case? ]
orne - = — ;
cat? . 31 -. 1s || poc || LerT II OR II RIGHT " OF " CAT

"Is the dog

to the left or
right of the

cat?"

15
"Is the dog ]
to the left or
right of the —>
cat?"
LO

three swap cases:

DOG || LEFT ORII RIGHT|| CAT E alltext

DOG || LEFT || OR || RIGHT || OF || CAT E

DOG || LEFT || OR || RIGHT OF" CAT E ’




The “Mirror Swapping” Experiment:

= )Y

Binary belief shift

IS

DOG

LEFT

OR

RIGHT

OF

CAT

all text

1.0 1
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0.0
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Layer
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30

<@— swapped belief = mirrored belief

+ <@— swapped belief = original belief

belief shift; =

Pgoy (“GT")— Pz + (“GT")

Pxoul ("GT") — Pyout ("GT")



The “Mirror Swapping” Experiment:

DOG

LEFT || OR || RIGHT || OF

CAT

all text

Swapped Text Tokens

Binary belief shift

- Logprob: ‘Left’
=~ Logprob: 'Right’

0 5

10 15 20 25 30
Layer

belief shift; =

Proy (“GT")—Pg ., (“GT”)

P Zout ("GT") =P Yout ("GT")



The “Mirror Swapping” Experiment:

Binary belief shift

DOG LEFT || OR || RIGHT || OF CAT ? all Img
Swapped Image Patches
- Logprob: ‘Left’
-~ Logprob: ‘Right’
0 5 10 20 25 30
Layer
belief shift; =

Proy (“GT")—Pg ., (“GT”)

Pg gy ("GT") = Pygy ("GT)



The “Mirror Swapping” Experiment:

..
ol VRN

DOG

LEFT

OR

RIGHT

OF

CAT

obj words

Binary belief shift

Swapped Object Word Tokens

=~ Logprob: ‘Left’
- Logprob: ‘Right'
[laval.5-7B
0 5 10 15 20 25 30

Layer

Proy (“GT")—Pg ., (“GT”)

belief shift; =

P Zout ("GT") =P Yout ("GT")



The “Mirror Swapping” Experiment:

Modality

poG || LEFT || oR II RIGHT || oF || caT || 2 alltext
— Merging
DOG LEFT || OR || RIGHT || OF CAT ? ' POiﬂt'
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The “Mirror Swapping” Experiment:

three swap cases:

Modality
Merging
Point!

Swapped Image Patches

iwapped Object Word Tokens

o - =
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Is this effect really a result of spatial mirroring?

Is the chair to the left or
right of the bottle?

Original Mirrored Attribute-overlaid

Mirror Swapping Attribute Swapping

(A) Swapped All Text Swapped All Imgs Swapped Obj Toks (B) Swapped All Text Swapped All Imgs Swapped Obj Toks
== AP("Left") 20 E 1 — AP("Left")‘
== AP("Right") '='AP("Right“)‘

1.0 P— ] - 10
0.5 / ]
Al S
0.0 1 Sem—— , - 4 e —
_104
_05 4 <4
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Layer Layer Layer

Layer Layer Layer



(A)

1.0

0.5 1

0.0 +

Swapped All Text

Swapped All Imgs

Swapped Obj Toks

__f _______________ |
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— AP("Left")

== AP("Right")
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0 5 10 15 20 25 30 O 5 10 15 20 25 30 O 5 10 15 20 25 30
Layer Layer Layer

Are object word tokens actually special?

Object Words + neighbors

Non Object Words

©.

0.5 1

0.0 +

- Logprob: 'Left’

-~ Logprob: '‘Right' -
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- Logprob: 'Left'
~—— Logprob: 'Right'
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Layer

0
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So now we know the VLM is doing something like this:

VLM "Right."

LO L1 12 A Lend

patches |!
w/
dog

B : Image -

y: . Encoder |
"Q: Is the dog Text L
to the left or TR . ?f
right of the > | -

"dog" |

I, :
\:t
A=
=
A8

. |"dog . -
u-_ " Al.

cat? A:" Spatial information flows from image
patches to text tokens in modality merging
layers, specifically onto object word tokens.



New question:

2.
How is spatial
information
represented in text?




2. How is spatial information represented in text?

It looks like spatial information is getting stored in object words

« But what is the format?

Lowest effort starting point: maybe it is bound linearly like this?

“Circle”

Spatial ID @
(0,0)

“Circle” @
(0,0)




Simple linear derivation from synthetic data

P P P e

Deitke, Matt, et al. "Objaverse: A universe of
annotated 3d objects." Proceedings of the
IEEE/CVF conference on computer vision and
pattern recognition. 2023.




Simple linear derivation from synthetic data

(A

VLM
Hidden States Extracting z

In pUt patch 1 O

o 2
e .l 576 M

"QUESTION: circle
Where is the ? (0,0),L13
circle?
ANSWER:" Lo |L13] L31

L13



Simple linear derivation from synthetic data

(A) (B) Extracting Spatial IDs
VLM @
. i "QUESTION:
Hidden States Extracting z s [ _
circle? (0,0), L13
Input patch1 [ @ ANSWER:"
o 2
® "QUESTION: .
— - I - e 1M Whereisthe __ e | Subtract Lexical
‘ circle?
ANSWER:" S Component
"QUESTION: ircle :
VShere is the Clr?c : (0,0),L13 [circle |- |avg_circle
circle? (0,0),L13
ANSWER:" LO |L13] L31 : "QUESTION: g Spatial_ID
L13 Whereisthe __, peirrem — (0,0)
? (3.3), 113
@ | ANSWER:"




Extracted spatial IDs projected onto vertical and horizontal
axis vectors preserve linear structure:

h,
Obj
Vi
Loc (}'1) (1,1)
v . . Y
R L R
B d ‘ (3,2)
A (312) . ) ™
® @ * o
Is A to the left | . . o
or right of B? . o .. . s

LLaVA1.5-7B L13 Llama3.2-11B L14

== Y Y Bl Blissi)

m
2 1=0 j1>72




Spatial IDs can linearly mediate model belief on real images

(A) Belief Steering on Single Sample Across Layers
uery.
Q y T o N L P("Rightll)
~7.0 1 — orig
o751 | | Ib":p‘_
(@] ' I
d_ -8.0 SRS
00 P("Left")
(@] ’
- -85 RO Bat 1% orig
- £ & < -9.0 - ‘ Ib—'lp_
Q: Is the potted plant to the | Ibep—
left or right of the bottle? A: e T T e R R EE

Intervention Layer
llava-1.5-7b



Spatial IDs can linearly mediate model belief on real images

(B) AvgBelief Steering Across Coco-Spatial

Across 100 Image-query pairs Layer 12 — Original: 'Left' Layer 12 — Original: 'Right’
. . . 0.3
in COCO, with prompt: on T Logurok: R
o a 021 : Logprob: 'Left
E o0ll | .
Is SUBJECT to the left or g / g 1
right of the OBJECT? = | X3 - ==
v 64 —— AP('Right’) o
. ' - OP('Left') -0.2 -
Steering on SUBJECT: : : . : . . : :
(0,0) (1,0) (2,00 (3,0) (0,0) (1,0) (2,00 (3,0
Intervention ID on subject Intervention ID on subject

llava-1.5-7b



Spatial IDs can linearly mediate model belief on real images

(A) Belief Steering on Single Sample Across Layers (B) AvgBelief Steering Across Coco-Spatial
Query: 65 . Layer 12 — Original: 'Left' Layer 12 — Original: 'Right'
_________________________________________ P("Right") 0.3
— orig 0.2 1 - Logprob: 'Right’
I o o 021 > Logprob: 'Left’
g | s g g
) Ibepo g %07 2 01~
Q. -so0 | S \
o P("Left") < | € 001 %
— -85 1 \ o orig =4 -0.2 > \
\ \ A 2 S -0.11 )
- 9.0 , ¥ sud — AP(Right) | ©
Q: Is the potted plant to the - == Theps ‘ —— AP('Left’) -0.2 1
H ’) . T T T T T T T T
left or right of the bottle? A: 3 e 7 8 s BN U D MWL By B 0,00 (1,00 (2,00 (3,0) 0,00 (1,00 (2,00 (3,0)
Intervention Layer Intervention ID on subject Intervention ID on subject
llava-1.5-7b llava-1.5-7b
(C) Steering — Relative Distance (near/far) (D) Steering — 3-way Relationship (A in between B and C)
. Layer 12 — Original: Layer 12 — Original: Layer 13 — Original: true Layer 13 — Original: false
subj @ (0,0) subj@ (3,0) subj @ (3,0) subj @ (0,0)
: 2 ) ) true false 0.05 1 -
obj @ (3,0) ob]@(O 0) obj @ (0,0) obj @ (3.0) - - e
) a 0.4 \,Q % 1 \A 1 -(S - g X
;li‘ @i }J .un,  “1 . 8 ..l s s
lln GNEEE ;o | : | Dl g g 011
l l - l 'I e 2 007 7 g o
x| . HENE g 02 g % 4 =3 2
! il . 2 = g-021 | g— 5 0.2
"QUESTION: Is the SUBJ 5 — aP(‘far) S 54l — Logprob: ‘far < . 5 S — &P('yes') o — 0OP(‘yes’)
near or far from OBJ? = -0.6 || Logprob: near QUESTION: Is the SUBJ ;" —— &P('no') —— AP('no’)
ANSWER: " . : - - . : - - between OBJ1 and OBJ2? ; - ” - : = - K
0,00 (1,0 (2.0 (3,0 0,00 (1,0 (2.0 (3,0 ANSWER:” (2,00 (2.1) (2.2) (2.3) (2,00 (2,1) (2.2 (2.3)
LLaVAL5 78 Intervention ID on subject Intervention ID on subject

LLaVA1.5 78 Intervention ID on subject Intervention ID on subject



This linear steerability of model belief with spatial IDs is
observed across models:

Belief Change after Intervention with Spatial IDs vs. Noise

-(0,0) Below.
A L0 Gemma3-4B |
Model Latents g -(00)

1 altered with +(0,1) LLaVA1.5-13B 1
i Sy’ Spatial IDs {} LLaVA1.5-7B -
— LLaMA3.2-11B 1
A Ab Lo N P("Above")
5 ove. P("Below") InternVL3-14B 1

i

g InternVL3-8B 1
Is A above Above. InternVL3-2B 1
B InternVL3-1B
or below B? 1
Model Latents B . Qweznz-ig 4
i wen2.5-
Original Model altered with A+ _
Noise ) F Qwen2.5-3B
B +@ P("Above")
P("Below") T 2 : . i
g 20 40 60 80

% of samples on which models’ beliefs were swapped



Now we have this picture of spatial reasoning in VLMs:

LO L1 12

patches
|- 3 \ Image " dog
A . Encoder :

“ %
"Q: Is the dog Text s ‘
to the left or ;

) Embedding -
right of the A:
Spatial IDs blnd to object word

cat? A:"
tokens and causally mediate
model beliefs!




Now we have this picture of spatial reasoning in VLMs:

During Training: :
"Right."
Srem i —— VLM
concatenated LO L1 L2 .-« Lend
patches
w/
Image dog
Encoder >
- "dog" "dog" + \ g, ["dog" +spatial_id]-["right"] >
"Ioﬁ." Spatla/_ld I [udogu + Spatia[_id]-["left"]
neA. "the"
Q: rI\S ’{hfe dog Text "dog"
to the left or mbedding Spatial Integration: Linguistic Reasoning:
right of the AT Visual words adopt Reasoning happens among text tokens
cat? A:" —— spatiotemporal IDs supplemented by spatiotemporal IDs



So... how does knowing about spatial IDs help VLMs?



1. Spatial IDs help us diagnose depth representation

limitations.

>

(A)

Change in Log Prob

0.1
0.0 4 \/1
-0.1 - ,/
-0.2
—— AP('above’)
0.5 — AP('below’)
(0,0) (0,1) (0,2) (0,3)

Intervention ID on subject

0.05 A
0.00 -
—0.05 -
——  AP('behind’)
— AP('front’)
_0.10 T T T T
(0,0) (0,1) (0,2) (0, 3)

Intervention ID on subject

(B)




2. Spatial IDs help diagnose model bottlenecks.

When a model fails — why does it fail?

1.

Bad vision
encoder?

"Q: Is the dog Taxt
to the left or Ermbeddin
right of the >

cat? A:"

Bad cross-modal
spatial information
transfer?

VLM

et

Wrong spatial
ID inference?




2. Spatial IDs help diagnose model bottlenecks.

In LLaVA and LLaMA, wrong spatial IDs
(1 wrong predictions.

(A) LLaVA1l.5 7B LLaMA3.2VL 11B
MWU(pos>neg) MWU(pos>neg)
p<le-8 p<le-6
0.14 05 | Positiye 3 .
- *kkk ek = Wrons, <patial
010 1 M ID ’./ferer.~e?

0.08 0.3

0.06 -
0.2 1

0.04

0.1 4
0.02 A

0.00 - 0.0 -
-10 -5 0 5 10 -2 -1 0 1 2 3 4

Euclidean difference from Ground Truth spatial margin

A (4, )ent = VVThr(0: 19, T,V = [ug, hy)

77 (4,5)°
—_ . (0 .(o .(o .(o
ID deviation margin = €ex¢ — €gt, Where € = zét) — zét), East 1= zéxt) — zgxt)



2. Spatial IDs help diagnose model bottlenecks.

(A) LLaVA1l.5 7B LLaMA3.2VL 11B
MWU(pos>neg) MWU(pos>neg)
p<le-8 p<le-6
0.14 - 0.5 - B Positive
Negative
0.12 1 *kkk .
o il But where do these wrong spatial IDs

0.10 A

come from?

0.08 0.3

0.06 -

Bad vision encoder? or Bad
crossmodal spatial ID integration?

0.2 1
0.04

0.1 4
0.02 A

0.00 - 0.0 -
-10 -5 0 5 10 -2 -1 0 1 2 3 4

Euclidean difference from Ground Truth spatial margin



2. Spatial IDs help diagnose model bottlenecks.

QUESTION: Is a refrigerator left or right of a oven? Answer left or right. \n ANSWER: o
If the vision encoder was

good, it would be more
sensitive to blurring the
object, than some random
area.

Original Blurring obj bbox Blurring outside of bbox




2. Spatial IDs help clarify model bottlenecks.

(B) LLaVA1.5 7B LLaMA3.2VL 11B
MWU(pos>neg) MWU(pos>neg)
p<le-4 p=0.53
0.35 1 positive
J negative
i 0.30 - ns
2.0 0.25 -
Jokkk
: |/ 0.20 1
1.5
0.15 -
1.0 -
0.10 -
0.5 -
0.05 -
00 = T T T 000 =
-15 -1.0 -05 00 05 10 15 -7.5 =50 =25 0.0 2.5 5.0

Diff in Model Acc between masking object bbox vs. random loc

bbox sensitivity = (P(“GT”) — P(“GT”|mask 0)) — (P(“GT”) — min,[P(“GT”|mask r), r € R])



2. Spatial IDs help clarify model bottlenecks.

(B) LLaVA1.5 7B LLaMA3.2VL 11B
MWU (pos>neg) MWU (pos>neg)
p<le-4 p=0.53

0.359 mmm positive

negative

0.30 ns
1

2.5

LLaMA =
2. Bad cross-modal

2.0 4 0.25 A

*kkk
LLaVA = ‘ [__ 0.20 -

1.5 4

1. Bad vision spatial information

encoder! 1.0 - transfer!
0.10 -
0.5 4
0.05 A
0.0 - 0.00 -

0.15 A

-15 -1.0 -05 0.0 0.5 1.0 L3 -7.5 -5.0 -2.5 0.0 2.5 5.0
Diff in Model Acc between masking object bbox vs. random loc



3. Spatial IDs improve model performance on spatial queries.

@® Gemma-12B °
Belief Change after Intervention with Spatial IDs vs. Noise 0.95 11 ®Gemma-48 @
@ InternVL-14B \
Gemma3-4B 1 @ InternVL-1B
LLaVA1.5-13B 1 InternVL-2B
— ) InternVL-8B
LLaVA1.5-7B - —_ LLaMA-11B : -
LLaMA3.2-11B 1 | 8 0901 = Llava-138 '
InternVL3-14B 1 . © LLaVA-7B
0 €. Qwen-3B
InternVL3-8B 1 — (ID ® Qwen-7B et
InternVL3-2B . £ ® Qwen2-2B
InternVL3-1B | O oss
ntern | — O
Qwen2-2B c)
Qwen2.5-7B ] . g @
Qwen2.5-3B] -
>
; O 080
0 20 40 60 80 ©
=
8]
&)
<
If we want model to be better at s
spatial queries... we could promote
spatial ID learning during training!

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7

Steerability



3. Spatial IDs improve model performance on spatial queries.

Num Steps 0 800 1600 2400 3200
Conitidl LM Loss ({) 330 0.05 <0.01 <0.01 <0.01

COCO Val Accuracy (1) 0.77 0.83 0.84 0.85 0.85

LM Loss ({) 2771 0.04 <0.01 <0.01 <0.01
With Spatial Loss Spatial ID Loss ({) 0.75 0.58 041 0.36 0.33

COCO Val Accuracy (1) 0.77 0.83 0.84 0.88 0.91

Finetuning Qwen2-2B on synthetic data to promote better spatial ID organization
results in faster convergence and higher validation accuracy on COCO.



Also, these experiments can be repeated in video models.

With synthetic videos

bike (frame=5)

frog (frame=2)

And real scenes from movies

"In this video there are two scenes that occur in different order.
Does the scene 'indoors' occur before or after the scene 'outdoors'?" Answer in one word.

o




Also, these experiments can be repeated in video models.

We can perform temporal mirror
swapping, ID extraction, and steering.

Text Tok Swap Img Patches Swap Obj Toks Swap
=== AP("Before")
= AP("After")

»W—I\,C-\-[—\{ —————————————— fomm e mm—————— Ayl - ,_‘_____)_‘er___;w_,

0 5 10 15 20 25

0 5 10 15 20 25

0 5 10 15 20 25

Layer Layer Layer
(B) Temporal IDs from LLaVA-Video, L12
frameO , frame7
| & = | | B | A e |

(C) Layer 13 — Original: 'Before

0.4
—— AP('After')
0.50 - . .
AP('Before
S ( ) S 024
& 0.25 4 /\/ a
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Conclusion: Autoregressive VLMs exhibit compositional

reasoning capacities by linearly encoding spatial/temporal IDs
into word activations in modality-merging layers for efficient
readout.



The End!

Raphi Kang* Honggiao Georgia Gkioxari Pietro Perona
(Harry) Chen™






Mirror Swapping on Single Sample for Visual Attribute Reasoning
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Figure A6: Mirror Swapping on Single Sample for Color Binding
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Figure A16: Steering effects of horizontal vectors on vertical beliefs (A) and vertical vectors on
horizontal beliefs (B) in LLaVA.



Oracle ID injection
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Figure A9: LLaMA and LLaVA evaluation accuracy on synthetic grid-like data with oracle spatial
ID injections at varying layers. O is baseline model performance, without any intervention.
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Figure A19: Plain prompts and spatial prompts projected onto spatial axes created from spatial

prompts. Colors exhibit tight clustering.



Manual 2D Projection of Average Embeddings at Layer 11
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Figure A17: Spatiotemporal ID grid, where y axis is space and x axis is time.



