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Role of Recurrent Processing During Object Recognition
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Task-Driven Convolutional Recurrent Models of the
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Recurrent Connections in the Primate Ventral Visual Stream Mediate a Tradeoff
Between Task Performance and Network Size During Core Object Recognition.
Neural Computation 2022
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Primate Ventral Stream Implements Object Recognition

Stimulus » Neurons » Behavior
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CNNs as Models of Primate Object Recognition

Object

Category

CNNs are inspired by visual neuroscience:
|) hierarchy
2) retinotopy (spatially tiled)



CNNs as Models of Primate Object Recognition
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CNNs are inspired by visual neuroscience:
) hierarchy functional (performs behavior)

2) retinotopy (spatially tiled)



CNNs as Models of Primate Object Recognition

Encoding Decoding
Stimulus » Neurons » Behavior
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CNN's are inspired by visual neuroscience:
) hierarchy functional (performs behavior)

2) retinotopy (spatially tiled)



CNNs as Models of Primate Object Recognition

CNNs lack recurrent connections!
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CNNs as Models of Primate Object Recognition

Encoding Decoding
Stimulus » Neurons » Behavior
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CNNs as Models of Primate Object Recognition

L = learning rule T = task loss
“Natural selection “Ecological niche/
+ plasticity” behavior”
Backpropagation s s e =™ > e Categorization
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Convolutional Recurrent Networks (ConvRNNSs)

L = learning rule T = task loss
“Natural selection “Ecological niche/
+ plasticity” behavior”
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Convolutional Recurrent Networks (ConvRNNSs)

L = learning rule T = task loss
“Natural selection “Ecological niche/
+ plasticity” behavior”
Backpropagation Categorization
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Many choices of recurrence fail to be performant on ImageNet!

ConvRNNs

ImageNet Fach time-step (10 ms) Is treated equally CNNs
“Environment”  — Including feedforward steps “Circuit”

D = data stream A = architecture class



Implanting Local Recurrence into Feedforward CNNs
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Adding Standard RNNs Helps Incrementally, but Add Lots of Parameters!
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Novel Recurrent Cells Yield Improved ImageNet Performance
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Novel Recurrent Cells Yield Improved ImageNet Performance
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Large-Scale Search Over Long-Range Feedback Connections
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Emergent Global Connectivity Patterns
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Novel Recurrent Cells Yield Improved ImageNet Performance
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L ong-Range Feedback Connections Matter
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Outline

» Role of Recurrent Processing During Object Recognition

Enables more parameter/unit efficient models that gain object
recognition performance by unrolling “deeper” in time, rather
than adding more layers.

Moreso than simply “convolutionizing” standard LSTMs/GRUE .

» Visually-Grounded Mental Simulation
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Visually-Grounded Mental Simulation

A. Nayebi, R. Rajalingham, M. Jazayeri, G.R. Yang
Neural foundations of mental simulation: future prediction of latent representations on dynamic scenes.
NeurlPS 2023 (spotlight)

Rishi Rajalingham Mehrdad Jazayeri  Guangyu RobértYang
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isually-Grounded Mental Simulation
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Infer: Visually-Grounded Mental Simulation
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Visually-Grounded Mental Simulation

“ Crux Question: What are the
algorithms that enable the brain’s
‘simulation-like” computations across
environments?







Defining Hypotheses

“Sensory-Cognitive Networks”

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”).



Overall Approach: Sensory-Cognitive Hypotheses




Overall Approach: Sensory-Cognitive Hypotheses
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Overall Approach: Sensory-Cognitive Hypotheses

Latent Future Prediction:

Physion 2. Dynamics Pretraining Stage
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Macaque Neurophysiology: Mental Pong

Inputs Sensory-Cognitive Hypothesis Classes Ground Truth
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Macaque Neurophysiology: Mental Pong

Dorsomedial frontal cortex (DMFC)

medial

dorsolateral

Fronto-Parietal Network

79 conditions

|

ll

!
I

il

!

- 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



Macaque Neurophysiology: Mental Pong
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Macague Neurophysiology: Mental Pong
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Perfect Simulation Oracle Predicts Neural Data Vel
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Functional Constraint Hypotheses
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Hypothesis Class |: Pixel-wise Future Prediction
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Pixel-wise Future Prediction
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Sensory-Cognitive Hypothesis Classes
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Physical Simulation Oracles Predict Neural Data Well
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Pixel-wise Future Prediction Poorly Predicts Neurons
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...and they struggle to generalize to Pong

Input Frames Predicted Frames

Ball stops at final input
frame, in the model’s
“Imagination”



Pixel-wise Future Prediction Poorly Predicts Neurons
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Hypothesis Class 2: Object Slots
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Hypothesis Class 2: Object Slots

Inputs Sensory-Cognitive Hypothesis Classes
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Hypothesis Class 2: Object Slots

Inputs Sensory-Cognitive Hypothesis Classes
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Pixel-wise Future Prediction Poorly Predicts Neurons
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Object Slot Future Prediction Poorly Predicts Neurons
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Object Slot Future Prediction Poorly Predicts Neurons
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Perhaps DMFC predicts a “factorized” version of the scene?

How?
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Object Slot Future Prediction Poorly Predicts Neurons

/2 DMFC

Perhaps DMFC predicts a “factorized” version of the scene?

o How? Not by allocating fixed object slots!
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Hypothesis Class 3: Latent Future Prediction
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Hypothesis Class 3: Latent Future Prediction
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Hypothesis Class 3: Foundation Models
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Hypothesis Class 3: Static Image Foundation Models
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Object Slot Future Prediction Poorly Predicts Neurons
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Static Image Foundation Future Prediction Poorly Predicts Neurons
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Hypothesis Class 3: Foundation Models
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What vision task?
We do far more than engage with static images!

Leverage these dynamics to do explicit future prediction




Hypothesis Class 3:Video Foundation Models
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Hypothesis Class 3:Video Foundation Models
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Static Image Foundation Future Prediction Poorly Predicts Neurons
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Video Foundation Future Prediction Best Predict Neurons
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Outline

» Role of Recurrent Processing During Object Recognition

Enables more parameter/unit efficient models that gain object
recognition performance by unrolling “deeper” in time, rather
than adding more layers.

Moreso than simply “convolutionizing” standard LSTMs/GRUE .

» Visually-Grounded Mental Simulation

The brain’s mental simulations crucially involve explicit future
prediction of a factorized visual scene description (not pixel-level!).

This factorization is strongly constrained. It does not appear to
represent fixed object slots, but rather a critical component is
for it to enable a wide range of OOD embodied abilities.
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