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Similar predictivities between CNNs vs. Transformers
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Similar predictivities between CNNs vs. Transformers

 Conwell et al. 2023

New ideas needed!
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We do a lot more than passive viewing…



From Neurons to Behavior
Scene Understanding Multi-Step Planning

Navigation Flexible Embodiment
What are the core design principles that give rise to these abilities?



From Neurons to Behavior
Scene Understanding Multi-Step Planning

Navigation Flexible Embodiment
How do we bridge the gap from neurons to behavior?
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Outline

‣ Mouse Visual Cortex as a Task-General, Limited Resource System

‣ Reusable Latent Representations for Primate Mental Simulation

‣ Heuristics for Interrogating Natural Intelligence



Reverse-Engineering Strategy: Bridging Neurons to Behavior



1. Operationalize a behavioral domain of interest.
Ways in which brains surpass current engineered 

systems? (e.g. performance, size, energy, etc)

Reverse-Engineering Strategy: Bridging Neurons to Behavior

Core object recognition

Flexible Embodiment
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Reverse-Engineering Strategy: Bridging Neurons to Behavior

2. Hypothesize architectures and tasks (loss functions). 
Optimize for task (evolution in silico). 

Predict held out neural & behavioral data.

Identify the patterns of the best architectures & tasks. 
3. Core Conceptual Insights:

A structural & functional normative understanding of the evolutionary pressures of the 
biological system to produce the behavior in (1).

3.“Ecological niche/behavior”

 T = task loss                          

1. “Circuit”

A = architecture class                          

1. Operationalize a behavioral domain of interest.
Ways in which brains surpass current engineered 

systems? (e.g. performance, size, energy, etc)
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Mouse Visual Cortex as a Task-General, Limited Resource System

A. Nayebi*, N. Kong*, C. Zhuang, J.L. Gardner, A.M. Norcia, D.L.K. Yamins

Mouse visual cortex as a limited resource system that self-learns an ecologically-general representation. 


PLOS Computational Biology 2023 (in press)

Nathan C.L. Kong*
Chengxu Zhuang Justin L. Gardner

Anthony M. Norcia Daniel Yamins

1. “Circuit”

A = architecture class                          

D = data stream

2. “Environment”

3.“Ecological niche/behavior”

 T = task loss                          



Primate Ventral Stream

Hierarchical CNN

Anatomical differences between mouse and primate visual systems



Temporal Hierarchy

Primate Ventral Stream

Mouse Visual Cortex

Hierarchical CNN

Anatomical differences between mouse and primate visual systems



Temporal Hierarchy

Primate Ventral Stream

Mouse Visual Cortex

Hierarchical CNN

Anatomical differences between mouse and primate visual systems

~3-4 “groups” based on timing



Initial deep neural network models of mouse visual cortex

VGG16

de Vries et al., 2020

Mouse visual areas

VGG 16 Model Layers
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Deep models are a poor match to responses

de Vries et al., 2020

Low predictivity between 
model’s layers and mouse visual 

areas!


Mouse visual areas

VGG16

VGG 16 Model Layers

N
eu

ra
l P

re
di

ct
iv

ity



Deep models suggest mouse visual cortex is representationally deep

Scanziani Lab de Vries et al., 2020

VGG16

VGG 16 Model Layers
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Mouse visual areas

Mid-levels best predict visual areas



Goal-Driven Models of Mouse Visual Cortex

3.“Ecological niche/behavior”

 L = loss function                          
1. “Circuit”

A = architecture class                          

Sight

Touch

Hearing
Taste

Smell

D = data stream

2. “Environment”

Neurobiological Puzzle: 

What are the core differences between mouse visual cortex and the 
primate ventral stream?
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Putting it all together: Circuit, Inputs, Behavior
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Substantially improving neural response predictivity of models of mouse visual cortex
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Substantially improving neural response predictivity of models of mouse visual cortex

Shallow, low resolution, self-supervised model 

>


Deep, high resolution, supervised “primate” model

Improves neural predictivity from 56% to 90% of the data noise ceiling



Distilling Constraints: Circuit

Sight

Touch

Hearing
Taste

Smell

low resolution
high resolution

shallow
deep

1. “Circuit”

A = architecture class                          

D = data stream

2. “Environment”

3.“Ecological niche/behavior”

 T = task loss                          

self-supervised
supervised



Architectural Choices

Simonyan et al. 2014

Nx

He et al. 2016

AlexNet

VGG-16

ResNet 
Family:

ResNet-18, 
34, 101, 152

Krizhevsky et al. 2012conv1 conv2 conv3

conv4 conv5
fc6

fc7 fc8



More Connectome-Inspired Architectures?

Shi et al. 2020
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Shi et al. 2020

More Connectome-Inspired Architectures?

Model ends up assuming too many biological details 
to best match neural responses 
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Shi et al. 2020

Model ends up assuming too many biological details 
to best match neural responses 

More Connectome-Inspired Architectures?

Even across loss functions



Towards Shallower Models
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Shi et al. 2020

AlexNet still best!
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Distilling Constraints: Environment
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D = data stream

2. “Environment”

low resolution
high resolution

shallow
deep

1. “Circuit”

A = architecture class                          

3.“Ecological niche/behavior”

 T = task loss                          

self-supervised
supervised



Distilling Constraints: Inputs

Mice Primates

Prusky et al., 2000; Kiorpes, 2019



Distilling Constraints: Inputs

Mice Primates

Prusky et al., 2000; Kiorpes, 2019
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Distilling Constraints: Behavioral Goals
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deep

1. “Circuit”

A = architecture class                          

Sight

Touch

Hearing
Taste

Smell

low resolution
high resolution

D = data stream

2. “Environment”

self-supervised
supervised

3.“Ecological niche/behavior”

 T = task loss                          



Distilling Constraints: Behavioral Goals

Supervised Losses
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Distilling Constraints: Behavioral Goals

Most Supervision
(1000 classes)

Supervised Losses

Typical setting: supervision with (1000) category labels

…but is very “unnatural” for mice!


Both the type and number of categories is unrealistic for mice



Distilling Constraints: Behavioral Goals

CIFAR-10 Less Supervision 
(10 object classes)

Supervised Losses

Most Supervision
(1000 classes)



Distilling Constraints: Behavioral Goals

CIFAR-10

Depth Map Prediction
(Visual proxy for whisking)

Supervised Losses

PBRNet (500K images)



Distilling Constraints: Behavioral Goals

Self-supervised Losses



Distilling Constraints: Behavioral Goals

Sparse Autoencoding

Self-supervised Losses



Distilling Constraints: Behavioral Goals

Predict Image Rotations 
(RotNet, Gidaris et al. 2018)

Sparse Autoencoding

Self-supervised Losses



Distilling Constraints: Behavioral Goals

Training Input

MLP Further

CNN
Embedding

CNN

Closer

FurtherMLP

CNN: Convolutional Neural Network, MLP: Multi-Layer Perceptron

Encoder

Contrastive Objectives
courtesy Chengxu Zhuang

Self-supervised Losses



Distilling Constraints: Behavioral Goals

Training Input

MLP Further

CNN
Embedding

CNN

Closer

FurtherMLP

CNN: Convolutional Neural Network, MLP: Multi-Layer Perceptron

Encoder

Contrastive Objectives

Make the embeddings of different views of the same image to be similar, while 
pushing them apart from different images

courtesy Chengxu Zhuang

Self-supervised Losses
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Self-supervised > Supervised Losses
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Self-supervised > Supervised Losses

Using a self-supervised, contrastive objective function improves 
neural predictivity (best architecture & data stream fixed)
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Contrastive losses are overall the best self-supervised loss

Contrastive objectives are overall the best compared to other self-
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Contrastive objectives outperform “whisking” visual proxy loss
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What is the ecological reason to prefer self-supervision?
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Schematic of  Virtual Rodent
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Navigation task in “Rodent Mazes” environment

Requires keeping track of history over long timescales with high-
dimensional, continuous inputs

Merel*, Aldorando*, Marshal* et al. 2020; Gulcehre et al. 2021
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Contrastive models yield better transfer performance
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Findings:
Mouse visual cortex is a general-purpose system utilizing its limited 

resources to perform a variety of visual tasks.

In contrast to the deep, high-resolution, and more categorization-
dominated primate ventral stream.
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1. “Circuit”

A = architecture class                          

D = data stream

2. “Environment”

3.“Ecological niche/behavior”

 T = task loss                          

Neurobiological Puzzle: 
What are the core differences between mouse visual cortex and the 

primate ventral stream?



Outline

‣ Mouse Visual Cortex as a Task-General, Limited Resource System

‣ Reusable Latent Representations for Primate Mental Simulation

‣ Heuristics for Interrogating Natural Intelligence
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Reusable Latent Representations for Primate Mental Simulation

A. Nayebi, R. Rajalingham, M. Jazayeri, G.R. Yang

Neural foundations of mental simulation: future prediction of latent representations on dynamic scenes. 


arXiv:2305.11772

1. “Circuit”

A = architecture class                          

D = data stream

2. “Environment”

3.“Ecological niche/behavior”

 T = task loss                          

Rishi Rajalingham Mehrdad Jazayeri Guangyu Robert Yang
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Craik (1943): The brain builds mental models of the 
external physical world, that support physical inferences  
via mental simulations.

The Mental Simulation Hypothesis

Pre-dates the modern computer!

The Nature of Explanation

Kenneth Craik
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The Mental Simulation Hypothesis: Behavioral Evidence

Battaglia, Hamrick, Tenenbaum 2013

Craik (1943): The brain builds mental 
models of the external physical world, 
that support physical inferences via 
mental simulations.

Joshua Tenenbaum

Intuitive Physics Engine (IPE) can match human 
physical judgements

Peter Battaglia Jessica Hamrick

The Nature of Explanation
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The Mental Simulation Hypothesis: Human Neuroimaging Evidence

Battaglia, Hamrick, Tenenbaum 2013

Craik (1943): The brain builds mental 
models of the external physical world, 
that support physical inferences via 
mental simulations.

Pramod et al. 2022

Joshua Tenenbaum Nancy Kanwisher
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The Brain’s “Physics Engine”

• Contains information about 
mass (Schwettmann et al. 

2019)
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Fronto-Parietal Network

• A network of brain regions 
recruited by physical 

inferences (Fischer et al. 2016)

• Contains information about 
physical stability (Pramod et al. 

2022)
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The Mental Simulation Hypothesis: Primate Electrophysiological Evidence
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Neural Mechanisms of Mental Simulation

Battaglia, Hamrick, Tenenbaum 2013

Pramod et al. 2022

Schwettmann et al. 2019

Fischer et al. 2016

Rishi Rajalingham Mehrdad Jazayeri
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Neurobiological Puzzle: What are the 
neural mechanisms that enable us to 
predict the future state of our 
environment across diverse settings?
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Defining Hypotheses

R1 (Input-Driven): Take in unstructured visual 
inputs across a range of physical phenomena.

R2 (Behavioral Outputs): Generate physical 
predictions for each scenario (“behavior”).

R3 (Neural Representations):  Consist of internal 
units that can be compared to biological units 
(e.g. containing “artificial neurons”).

“Sensory-Cognitive Networks”

“Environment”

D = data stream

2.

3.“Ecological niche/behavior”

 T = task loss                          

1. “Circuit”

A = architecture class                          
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Physion/ThreeD World (TDW) Bear et al. 2021

Focus on everyday physical understanding

Overall Approach: Training Datasets

Daniel 
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Joshua 
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Daniel 
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Fan
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Overall Approach: Training Datasets
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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

Model Evaluations: Macaque Neurophysiology



Assessing Model Similarity: Neural Response Predictivity
(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
-centric

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
-centric

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



(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
-centric

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
-centric

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

Assessing Model Similarity: Neural Response Predictivity



(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
-centric

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
-centric

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

Assessing Model Similarity: Neural Response Predictivity



(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
-centric

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
-centric

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

Assessing Model Similarity: Neural Response Predictivity



(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

Neural response predictivity strongly separates models
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



(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

Neural response predictivity strongly separates models
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



(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

Neural response predictivity strongly separates models
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



(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

Neural response predictivity strongly separates models
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

Ma et al. 2023



(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

Neural response predictivity strongly separates models
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



(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

Neural response predictivity strongly separates models
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

Most useful for robotic 
manipulation tasks

Most useful for image segmentation, 
classification, etc



Prior Results in Inferior Temporal (IT) Cortex 

Yamins*, Hong* et al. 2014

A Neuroscience Goal

An AI Goal

30

Earlier Models

Task-Optimized

CNNs

V1

IT
V2

V4



(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
-centric

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
-centric

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

Assessing Model Similarity: Ground Truth State Decoding



(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
-centric

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
-centric

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

Assessing Model Similarity: Ground Truth State Decoding



(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
-centric

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
-centric

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

Assessing Model Similarity: Ground Truth State Decoding



(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
-centric

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
-centric

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

Assessing Model Similarity: Ground Truth State Decoding



(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

Best models approach ground truth state predictivity ceilingObserved + 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



(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
-centric

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
-centric

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

Predicting neurons is relevant to simulating the ballObserved + 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



(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
-centric

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
-centric

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

Predicting neurons is relevant to simulating the ballObserved + 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



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

Model Evaluations: Object Contact Prediction (OCP)



Bear et al. 2021

Daniel Bear

Yes!

Yes!

No

No

No

“Will the agent object contact the patient object?”

AGENT PATIENT

Joshua Tenenbaum Daniel Yamins

Model Evaluations: Object Contact Prediction (OCP)

Judith Fan



Bear et al. 2021



(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)

Dynamically Equipped Sensorimotor Foundation Models Can Match Both
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



(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)

Dynamically Equipped Sensorimotor Foundation Models Can Match Both
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



Sight

Touch

Hearing
Taste

Smell

Takeaways

1. “Circuit”

A = architecture class                          

D = data stream

2. “Environment”

3.“Ecological niche/behavior”

 T = task loss                          

Neurobiological Puzzle: 
What are the neural mechanisms that enable us to predict the future 

state of our environment across diverse settings?



Findings:
Mental simulation appears to be primarily relevant to predicting the 

environment future state in a suitable, highly-constrained latent space.

Latent space does not appear to just 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.

Takeaways

latent future prediction

egocentric videos

1. “Circuit”

A = architecture class                          

D = data stream

2. “Environment”

3.“Ecological niche/behavior”

 T = task loss                          

Neurobiological Puzzle: 
What are the neural mechanisms that enable us to predict the future 

state of our environment across diverse settings?
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Future Directions: Learning Diverse Material Properties
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Outline

‣ Mouse Visual Cortex as a Task-General, Limited Resource System

‣ Reusable Latent Representations for Primate Mental Simulation

‣ Heuristics for Interrogating Natural Intelligence



Heuristics for Interrogating Natural Intelligence

• Incorporating Neuroscience Insights:

• Connectomics: Not usually a 1-1 mapping from a connectome to a 
functional model, and easy to get wrong. Rather, the best model often 

requires a balance of functional optimization with macroscale structural 
constraints (e.g. shallow vs. deep cortex).


• Ethology: Ethology alone does not always give us the “correct” functional 
optimization target (e.g. for intermediate brain areas). Can be helpful to 
consider that the brain area is embedded in a larger cognitive agent.


• Incorporating AI Insights:

• End-to-end reinforcement learning (RL) does not seem to give us neurally-
aligned visual systems in both rodents and primates.


• Suggests a possible functional modularization of optimization targets, with 
reusable SSL representations best matching visual areas overall.
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