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Similar predictivities between CNNs vs. Transformers
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New Models Needed

• Metrics
• Correlation Based 
• Causal Manipulations 
• Mapping Transform Class 

• Brain Comparison Data
• Organism 
• Cognitive Tasks 
• Brain Area 
• Number of Units 
• Number of Conditions 

• Models
• Architecture 
• Loss Function 
• Dataset

New ideas
needed

Modify
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(frontal cortex)

(Primates)
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We do a lot more than passive viewing…

Crux question: What are the neural 
mechanisms that enable us to predict 
the future state of our environment 
across diverse settings?
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dlPFC

LIP

Fronto-Parietal Network

• Data from two male adult monkeys 
• 79 subsampled M-Pong conditions 
• 64 channel v-probe (monkey P) and 384-channel Neuropixel probe (monkey M) 
• Total of 1889 stable & reliable neurons recorded from DMFC 

Monkey P Monkey M

Dorsomedial frontal cortex (DMFC)

Rishi Rajalingham

79 conditions

Mental-Pong Task & Macaque Neurophysiology
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Takeaways so far…

1. Mental simulation appears to be primarily relevant to predicting 
the future state of the environment in a suitable latent space. 

2.  In particular, this latent space is highly constrained -- it doesn't 
appear to consist of bespoke object slots or prioritize fine-
grained details (e.g. at the level of pixels), but rather mainly 

has to be reusable across dynamic scenes. 

3. So far a correspondence between the ability to predict neural 
& behavioral responses, and developing useful representations 
for Embodied AI more generally (rather than classic computer 

vision tasks e.g. classification, segmentation, etc).



Takeaways so far…

1. Mental simulation appears to be primarily relevant to predicting 
the future state of the environment in a suitable latent space. 

2.  In particular, this latent space is highly constrained -- it doesn't 
appear to consist of bespoke object slots or prioritize fine-
grained details (e.g. at the level of pixels), but rather mainly 

has to be reusable across dynamic scenes. 

3. So far a correspondence between the ability to predict neural 
& behavioral responses, and developing useful representations 
for Embodied AI more generally (rather than classic computer 

vision tasks e.g. classification, segmentation, etc).



Takeaways so far…

1. Mental simulation appears to be primarily relevant to predicting 
the future state of the environment in a suitable latent space. 

2.  In particular, this latent space is highly constrained -- it doesn't 
appear to consist of bespoke object slots or prioritize fine-
grained details (e.g. at the level of pixels), but rather mainly 

has to be reusable across dynamic scenes. 

3. So far a correspondence between the ability to predict neural 
& behavioral responses, and developing useful representations 
for Embodied AI more generally (rather than classic computer 

vision tasks e.g. classification, segmentation, etc).



(A) (B)

VC-1+CTRNN
VC-1+LSTM

Better Models

End-to-End

Image Foundation Models

Video Foundation Models

Ba
ll 

Po
si

tio
n 

+ 
Ve

lo
ci

ty
 P

re
di

ct
iv

ity
(P

ea
rs

on
’s 

R)

Heldout OCP Accuracy

N
eu

ra
l P

re
di

ct
iv

ity
(P

ea
rs

on
’s 

R)

Correlation to Average Human Response
(Pearson’s R)

(A) (B)

VC-1+CTRNN
VC-1+LSTM

Better Models

End-to-End

Image Foundation Models

Video Foundation Models

Ba
ll 

Po
si

tio
n 

+ 
Ve

lo
ci

ty
 P

re
di

ct
iv

ity
(P

ea
rs

on
’s 

R)

Heldout OCP Accuracy

N
eu

ra
l P

re
di

ct
iv

ity
(P

ea
rs

on
’s 

R)

Correlation to Average Human Response
(Pearson’s R)

Observed + Simulated

? ? ?
Time

?

2. Macaque Neurophysiology: Mental-Pong

A P

M

L

DMFC

Model Evaluations

ball    paddle  occluder

Time

Observed epoch
(1240±350 ms)

Occluded epoch
(895±270 ms)

Feedback

1. Human Behavior: Physion Object Contact Prediction (OCP)

Yes/No?

NO
acc. = 0.89

...

Observed Stimuli
Time

Unobserved Outcome

last frame
true label

cue stimulus

YES
acc. = 0.96

...

Ex
am

pl
e 

Sc
en

ar
io

s

Model Pretraining

Physion

Sensory-Cognitive Hypothesis Classes

End-to-End Future Prediction:

Latent Future Prediction:

Dominoes Support

LinkDrape

2. Dynamics Training Stage
1. Pretraining Stage

Pixel-wise

Ego4D, etc T+1

T+1

Ground Truth

Prediction

Foundation Model

T

Encoder Decoder Object-centricEncoder

(A)

(B)

Inputs

Observed + Simulated

? ? ?
Time

?

2. Macaque Neurophysiology: Mental-Pong

A P

M

L

DMFC

Model Evaluations

ball    paddle  occluder

Time

Observed epoch
(1240±350 ms)

Occluded epoch
(895±270 ms)

Feedback

1. Human Behavior: Physion Object Contact Prediction (OCP)

Yes/No?

NO
acc. = 0.89

...

Observed Stimuli
Time

Unobserved Outcome

last frame
true label

cue stimulus

YES
acc. = 0.96

...

Ex
am

pl
e 

Sc
en

ar
io

s

Model Pretraining

Physion

Sensory-Cognitive Hypothesis Classes

End-to-End Future Prediction:

Latent Future Prediction:

Dominoes Support

LinkDrape

2. Dynamics Training Stage
1. Pretraining Stage

Pixel-wise

Ego4D, etc T+1

T+1

Ground Truth

Prediction

Foundation Model

T

Encoder Decoder Object-centricEncoder

(A)

(B)

Inputs

?

Future Directions



Future Directions

1. Sensory: Better leverage temporal relationships to learn a more 
“factorized” and reusable representation: object-centric, video 

foundation model?



Future Directions

(A) (B)

(C)
(D)

ball    paddle  occluder

Time

Observed epoch
(1240±350 ms)

Occluded epoch
(895±270 ms)

Feedback

DMFC

DMFC
Monkey M

Monkey P

Model

L
M

P

L
M
odel

P
!

LModel M
!

!

LP
M

!

L
M

Ball

"

LP Ball
"

LMod
el

Ball"

End-to-End

Image Foundation Models

Video Foundation Models

DMFC Predictivity

C-SWMSVG FitVid VGG16 ResNet-50 DeiT DINO DINOv2 CLIP VIP VC-1 R3M
End-to-End Latent Future Prediction

Pixel-wise

Image Foundation Models

Video Foundation Models

Object
-slot

Sm
al

l
 L

ar
ge

M
ed

iu
m

N
o 

D
yn

am
ic

s
LS

TM
 D

yn
am

ic
s

CT
RN

N
 D

yn
am

ic
s

N
o 

D
yn

am
ic

s
LS

TM
 D

yn
am

ic
s

CT
RN

N
 D

yn
am

ic
s

CT
RN

N
 D

yn
am

ic
s

LS
TM

 D
yn

am
ic

s

64
x6

4
12

8x
12

8

64
x6

4
64

x6
4+

 R
an

dA
ug

m
en

t

R≈0.683, p << 0.001

Ba
ll 

Po
si

tio
n 

+ 
Ve

lo
ci

ty
 P

re
di

ct
iv

ity
(P

ea
rs

on
’s 

R)

Ba
ll 

Po
si

tio
n 

+ 
Ve

lo
ci

ty
 P

re
di

ct
iv

ity
(P

ea
rs

on
’s 

R)

Neural Predictivity
(Pearson’s R)

End-to-End Latent Future Prediction

Inter-animal Consistency

C-SWMSVG FitVid VGG16ResNet-50 DeiT DINO DINOv2 CLIP VIP VC-1 R3M

Pixel-wise
Image Foundation Models

Video Foundation Models

64
x6

4
12

8x
12

8

64
x6

4
64

x6
4+

 R
an

dA
ug

m
en

t

Sm
al

l
 L

ar
ge

M
ed

iu
m

Object
-slot

N
o 

D
yn

am
ic

s
LS

TM
 D

yn
am

ic
s

CT
RN

N
 D

yn
am

ic
s

N
o 

D
yn

am
ic

s
LS

TM
 D

yn
am

ic
s

CT
RN

N
 D

yn
am

ic
s

CT
RN

N
 D

yn
am

ic
s

LS
TM

 D
yn

am
ic

s

Oracles

Ba
ll 

Po
si

tio
n

Ba
ll 

Po
si

tio
n 

+ 
Ve

lo
ci

ty
Ba

ll 
Ve

lo
ci

tyN
eu

ra
l P

re
di

ct
iv

ity
(P

ea
rs

on
’s 

R)

Encoder
Dynamics

Observed + Simulated

? ? ?
Time

?

2. Macaque Neurophysiology: Mental-Pong

A P

M

L

DMFC

Model Evaluations

ball    paddle  occluder

Time

Observed epoch
(1240±350 ms)

Occluded epoch
(895±270 ms)

Feedback

1. Human Behavior: Physion Object Contact Prediction (OCP)

Yes/No?

NO
acc. = 0.89

...

Observed Stimuli
Time

Unobserved Outcome

last frame
true label

cue stimulus

YES
acc. = 0.96

...

Ex
am

pl
e 

Sc
en

ar
io

s

Model Pretraining

Physion

Sensory-Cognitive Hypothesis Classes

End-to-End Future Prediction:

Latent Future Prediction:

Dominoes Support

LinkDrape

2. Dynamics Training Stage
1. Pretraining Stage

Pixel-wise

Ego4D, etc T+1

T+1

Ground Truth

Prediction

Foundation Model

T

Encoder Decoder Object-centricEncoder

(A)

(B)

Inputs

1. Sensory: Better leverage temporal relationships to learn a more 
“factorized” and reusable representation: object-centric, video 

foundation model?



Future Directions

(A) (B)

(C)
(D)

ball    paddle  occluder

Time

Observed epoch
(1240±350 ms)

Occluded epoch
(895±270 ms)

Feedback

DMFC

DMFC
Monkey M

Monkey P

Model

L
M

P

L
M
odel

P
!

LModel M
!

!

LP
M

!

L
M

Ball

"

LP Ball
"

LMod
el

Ball"

End-to-End

Image Foundation Models

Video Foundation Models

DMFC Predictivity

C-SWMSVG FitVid VGG16 ResNet-50 DeiT DINO DINOv2 CLIP VIP VC-1 R3M
End-to-End Latent Future Prediction

Pixel-wise

Image Foundation Models

Video Foundation Models

Object
-slot

Sm
al

l
 L

ar
ge

M
ed

iu
m

N
o 

D
yn

am
ic

s
LS

TM
 D

yn
am

ic
s

CT
RN

N
 D

yn
am

ic
s

N
o 

D
yn

am
ic

s
LS

TM
 D

yn
am

ic
s

CT
RN

N
 D

yn
am

ic
s

CT
RN

N
 D

yn
am

ic
s

LS
TM

 D
yn

am
ic

s

64
x6

4
12

8x
12

8

64
x6

4
64

x6
4+

 R
an

dA
ug

m
en

t

R≈0.683, p << 0.001

Ba
ll 

Po
si

tio
n 

+ 
Ve

lo
ci

ty
 P

re
di

ct
iv

ity
(P

ea
rs

on
’s 

R)

Ba
ll 

Po
si

tio
n 

+ 
Ve

lo
ci

ty
 P

re
di

ct
iv

ity
(P

ea
rs

on
’s 

R)

Neural Predictivity
(Pearson’s R)

End-to-End Latent Future Prediction

Inter-animal Consistency

C-SWMSVG FitVid VGG16ResNet-50 DeiT DINO DINOv2 CLIP VIP VC-1 R3M

Pixel-wise
Image Foundation Models

Video Foundation Models

64
x6

4
12

8x
12

8

64
x6

4
64

x6
4+

 R
an

dA
ug

m
en

t

Sm
al

l
 L

ar
ge

M
ed

iu
m

Object
-slot

N
o 

D
yn

am
ic

s
LS

TM
 D

yn
am

ic
s

CT
RN

N
 D

yn
am

ic
s

N
o 

D
yn

am
ic

s
LS

TM
 D

yn
am

ic
s

CT
RN

N
 D

yn
am

ic
s

CT
RN

N
 D

yn
am

ic
s

LS
TM

 D
yn

am
ic

s

Oracles

Ba
ll 

Po
si

tio
n

Ba
ll 

Po
si

tio
n 

+ 
Ve

lo
ci

ty
Ba

ll 
Ve

lo
ci

tyN
eu

ra
l P

re
di

ct
iv

ity
(P

ea
rs

on
’s 

R)

Encoder
Dynamics

Observed + Simulated

? ? ?
Time

?

2. Macaque Neurophysiology: Mental-Pong

A P

M

L

DMFC

Model Evaluations

ball    paddle  occluder

Time

Observed epoch
(1240±350 ms)

Occluded epoch
(895±270 ms)

Feedback

1. Human Behavior: Physion Object Contact Prediction (OCP)

Yes/No?

NO
acc. = 0.89

...

Observed Stimuli
Time

Unobserved Outcome

last frame
true label

cue stimulus

YES
acc. = 0.96

...

Ex
am

pl
e 

Sc
en

ar
io

s

Model Pretraining

Physion

Sensory-Cognitive Hypothesis Classes

End-to-End Future Prediction:

Latent Future Prediction:

Dominoes Support

LinkDrape

2. Dynamics Training Stage
1. Pretraining Stage

Pixel-wise

Ego4D, etc T+1

T+1

Ground Truth

Prediction

Foundation Model

T

Encoder Decoder Object-centricEncoder

(A)

(B)

Inputs

1. Sensory: Better leverage temporal relationships to learn a more 
“factorized” and reusable representation: object-centric, video 

foundation model?



Future Directions

1. Sensory: Better leverage temporal relationships to learn a more 
“factorized” and reusable representation: object-centric, video 

foundation model?

Elizabeth SpelkePrinciples of Object Perception Elizabeth Spelke, 1990



Future Directions

1. Sensory: Better leverage temporal relationships to learn a more 
“factorized” and reusable representation: object-centric, video 

foundation model? 

2. Cognitive: Hierarchy/modularization of timescales in dynamics? 

3. Data: More complex 2D and 3D scenes/real world objects



Future Directions

1. Sensory: Better leverage temporal relationships to learn a more 
“factorized” and reusable representation: object-centric, video 

foundation model? 

2. Cognitive: Hierarchy/modularization of timescales in dynamics? 

3. Data: More complex 2D and 3D scenes/real world objects



Future Directions: Learning Diverse Material Properties

1. Sensory: Better leverage temporal relationships to learn a more 
“factorized” and reusable representation: object-centric, video 

foundation model? 

2. Cognitive: Hierarchy/modularization of timescales in dynamics? 

3. Data: More complex 2D and 3D scenes/real world objects

Co
rr

el
at

io
n 

to
 A

ve
ra

ge
 H

um
an

 R
es

po
ns

e
(P

ea
rs

on
’s 

R)

Soft-body interactions could be improved
uniformly across models

Drop Drape

Dominoes Support Collide Contain

Link Roll

Drop Drape

Dominoes Support Collide Contain

Link Roll



Acknowledgements
Contact:

anayebi@mit.edu
@aran_nayebi

Preprint: https://arxiv.org/abs/2305.11772

Rishi Rajalingham Mehrdad Jazayeri Guangyu Robert Yang

YangLab

mailto:anayebi@mit.edu
mailto:anayebi@mit.edu
mailto:melander@stanford.edu
https://arxiv.org/pdf/2305.11772.pdf

