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Similar predictivities among very different CNN architectures
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Similar predictivities between CNNSs vs. Transformers
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Similar predictivities between CNNSs vs. Transformers
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New Models Needed
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We do a lot more than passive viewing...

- .‘. J. -

.
e e I




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?




Mental-Pong Task & Macague Neurophysiology

Dorsomedial frontal cortex (DMFC)

medial

dorsolateral

Fronto-Parietal Network

79 conditions
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- 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

Rishi Rajalingham
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Learn a partial, implicit representation of the physical world by
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Emphasis on reusability!



Overall Approach: Foundation Models

Majumdar et al. 2023

Meta World

DM Control Trifinger

Mobile-Pick

Best Prior Result

— VC-1 (Adapted)
ImageNav ObjectNav

CortexBench



Overall Approach: Foundation Models

Majumdar et al. 2023

Ego4D: everyday

activity
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Ego4D: A massive-scale egocentric dataset

3,670 hours of in-the-wild daily life activity
931 participants from 74 worldwide locations

Multimodal: audio, 3D scans, IMU, stereo, multi-camera

Grauman et al. 2022 GeOgl'aphIC d|Ve I'Slty



Overall Approach: Foundation Models + Dynamics

(A) Model Pretraining
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(“Cognitive”) Prediction

Learn a partial, implicit representation of the physical world by
performing a challenging vision task (“foundation model”)

Emphasis on reusability!

Leverage these dynamics to do explicit physical simulation
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Overall Approach: Model Evaluations

(A) Model Pretraining
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Overall Approach: Model Evaluations (Human Behavior)
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Overall Approach: Model Evaluations (Macaque Physiology)
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Model Evaluations: Macague Neurophysiology

(A) Model Pretraining
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Neural response predictivity strongly separates models

= DMFC
| ]M
NS/ Al

A——P

1.0
‘ Inter-animal Consistencg \
0.8
N
by e
> = Oracles
o m
Cw0.6
O g Video Foundation Models
qh, (7, T~ L
O, 3~
E e._ . Image Foundation Models
3 Pixel-wise Object =
N -sloﬁ: . T
< 0.2 I S| L I s
= B |z 10 ;. = G| E /L
” I o|: EE
o Eg|T T 8 + / cA
3% =& B Iz SSE|I =
Ef 255 r T ' o
- v 2
OO S\ FitVvid DINODINOv2 CLIP VC-1 R3M

End-to-End Latent Future Prediction



Neural response predictivity strongly separates models

= DMFC
| ]M
NS/ Al

A——P

1.0;
Inter-animal Consistencx
0.8
>\
=
> = Oracles
o mmm m
Cw0.6
© g |Video Foundation Models|
qh, (7, T~ L
O, 3~
E e._ . Image Foundation Models
3 Pixel-wise Object €
N -sloﬁ: . T
< 0.2 I S| L I s
= B |z 10 ;. = G| E /L
0 T L. - £
N e |LT = = / cA
o % =35 I Iz £5g|T as
Ef 255 r T ' o
| w 2
0.0 3 FitVid DINODINOv2 CLIP VC-1 R3M

End-to-End Latent Future Prediction
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Neural response predictivity strongly separates models

Ma et al. 2023

VIP: Towards Universal Visual Reward and
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Neural response predictivity strongly separates models
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Neural response predictivity strongly separates models
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Prior Results in Inferior Temporal (IT) Cortex

A Neuroscience Goal
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Model Evaluations: Object Contact Prediction (OCP)
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Video Foundation Models Can Better Match Both
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Jakeaways 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 detalls (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 Al more generally (rather than classic computer

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



Future Directions
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Future Directions

1. Sensory: Better leverage temporal relationships to learn a more

“factorized” and ‘reusable representation:
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Future Directions

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

Hierarchical reasoning by neural circuits in the frontal =~ " '
cortex ‘Probably /\
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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
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