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Similar predictivities between CNNSs vs. Transformers
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Determining the Methodology

Brain-Model Evaluations Need the NeuroAl Turing Test

Jenelle Feather *! Meenakshi Khosla“? N. Apurva Ratan Murty "3 Aran Nayebi **

We don't have an a priori notion of what constitutes a
‘good” brain-model in an absolute sense

...iIf we did, we would just put it in the model and be
done already!

But, we do know that animals/subjects contain those
desired properties (even if we can't describe them), so
we Instead take a relative perspective



NeuroAl Turing Test

Just as distinct objects
can cast the same shadow...

Q

Turing Test
/ huma'n-to-human \

similarity
compare with
human distribution
O
& 1
&

behavior

\ Only /




NeuroAl Turing Test

Just as distinct objects ...distinct internal processes
can cast the same shadow... (representations) can produce
similar outputs (behavior)

1

Turing Test The NeuroAl Turing Test
/ human-to-human \ / human-to-human brain-to-brain \
similarity similarity

compare with . compare with compare with
h n h n n

uman distributio uman distributio brain distributio

) L9 =
(@) 'Y ‘@’ () B |
& ' &
behavior (©). internal
. only \ behavior  + representations )




NeuroAl Turing Test: Possible Scenarios




NeuroAl Turing Test: Possible Scenarios

noise corrected

brain-brain
O . similarity score
-
)]
W
O,
S
=
S
G

No models reach
brain-brain similarity



NeuroAl Turing Test: Possible Scenarios

noise corrected

brain-brain
O . similarity score
-
)]
W
O,
S
=
S
G

No models reach
brain-brain similarity

!

Continue to refine models
to improve on the
benchmark



NeuroAl Turing Test: Possible Scenarios

noise corrected

brain-brain
O similarity score ~_,
®
Qv
O
S
P
S
=

No models reach Models reach brain-brain
brain-brain similarity  similarity, brain-brain similarity
close to noise cellng

Continue to refine models
to improve on the
benchmark



NeuroAl Turing Test: Possible Scenarios

noise corrected

brain-brain
O similarity score ~_,
®
Qv
O
S
P
S
=

No models reach Models reach brain-brain
brain-brain similarity  similarity, brain-brain similarity
close to noise ceilng

! !

Continue to refine models Benchmark is saturated,

to improve on the move on to other
benchmark benchmarks.



NeuroAl Turing Test: An Example in Primate Object Recognition
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NeuroAl Turing Test: An Example in Primate Object Recognition

SO we may have achieved it for the classic “HvM” dataset (it's tapped out!)
But | will show you that we haven't yet in embodied intelligence...
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Mouse Visual Cortex as a lask-General, Limited Resource System
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Mouse visual cortex as a limited resource system that self-learns an ecologically-general representation.
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Task Performance Correlated with Neural Predictivity
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Task Performance Correlated with Neural Predictivity
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Task Performance Correlated with Neural Predictivity
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Object Categorization Ability NOT Correlated with Neural Predictivity
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High degree-of-freedom body, keeping track of history over long timescales with high-
dimensional, continuous inputs

Decision Making

Critic=>V(s,)

Actor a,

Biomechanical Model
Bence Olveczky (Joint angles, accelerometer, etc.)
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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.
NeurlPS 2023 (spotlight)

Rishi Rajalingham Mehrdad Jazayeri Guangyu Robert Yang
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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”).
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Macaque Neurophysiology: Mental Pong

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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Inputs

Physion

Dominoes Support

Sensory-Cognitive Hypothesis Classes




Hypothesis Class |: Pixel-wise Future Prediction

Inputs Sensory-Cognitive Hypothesis Classes

Physion

Dominoes Support

\End—to-End Future Prediction:




Future Prediction

-WISE

Sensory-Cognitive Hypothesis Classes

xe

P

plowbis + £xg €
X oRs |
A
3

ug + |XL +Uysims +uq  #9
GXG + YSIMs + uq 96¢
LX1 +uq 9G6¢
g oS _
ie] uq + | X| + YSIMS + ug 9
@ : GXG + USIMS + uq 96¢
x IX] +Uq 95¢
@ : /@ o%s _
5 : ug + |X| + Ysims + uq 8¢l
e : A GXG + USIMS + uq (45
m : : IX] + uqg 45
§ i = ogs |
o . : ug + |X] + Ysims + uq g¢l
m. : : GXG + USIMS + uq 45
n : : IX] + Uuq Zls
A : : -
. . : 9%%s |
: : uqg + | X1 + YSIMS + Uq 9G¢
: : GXG + Usims + uq 201
W : m A IX| + Uq 20l
e n . i .
2 EE | ogs |
> : : : uqg + X + UYSIMS + Ug 9GZ
- : : : GXG + YsIms + uq 720l
g - IX} +uq Al
& @ NOE
2 Uq + LX) + USIMS + UG Z |G
L GXG + YsIMs + uq 8102
g : : . LX] +Uq 8102
@© . : .
- o : A gl o%s |
) - ug + LX| + USIMS + Uq ZLG
& S L @ @ @ @ GXG + USIMS + Uq 8102
V] o : . : . 1X1 +uq 81v0¢
.m m 2 : C :
b H . . N
O : : 9G6¢ =
. . : | ALST
o P O e
< ] > P EXE + USIMS + UG Z1S
W muu : €XE + UYSIMS + Uuq ¢S
S o & ogs |
@ : T | EXE+ USIMS + Ug Z1g
© : €XE + YSIMS + Uq LG
& - : o oS _
& 2 €XE + USIMS + Uq 962
= £ €XE + USIMS + Ugq  9G¢
) ogs |
w €XE + USIMS + Uq  9GZ

€XE + YSIMS +Uq  9G¢

9%s |
EXE + UsSIMS +Uq gzl
EXE + UsIMS + uq  8Zl

o9s |
€XE + YSIMS + Uq 8¢l
E€XE + YSIMS + Uuq 8¢l

J ogs _
EXE + USIMS + UG 9
EXE + USIMS + UQ 9
I ogs _
E€XE + USIMS + Uq ¥9
EXE + USIMS + UQ 9
T €

Support

Hypothesis Class |

Inputs

Physion

Dominoes

Babaeizadeh et al. 202 |



Future Prediction

-wise

IXE

P

Hypothesis Class|

Sensory-Cognitive Hypothesis Classes

Inputs

Physion

Dominoes

End-to-End Future Prediction

Support

wise

Pixel-

Decoder

-» Skip Connection @Residual

LSTM ---

E Squeeze and Excite

Conv

|:| Input

Babaeizadeh et al. 202 |

ud + LX] + USIMS + Uq )
GXG + USIMS + Uq 962

plowbis + £xg €
X oRs |
A
3

LX] +Uq 9G¢
89S _
ug + LX] + UYSIMS + Uq ¥9
GXS + USIMS + Uq 95z

Ug + |X| + USIMS + Uq gz
GXG +USIMS +Uq  ZIG

: IX] + Uq 952
: é oS _
: g + LX) + USIMS + Ug 8z
Y \ GXG + USIMS + Uq  Z1G
P IX| + Uq ZLs
o+ o9s _

1X] +Uuq 4]

: : s o%gs _

: . uqg + | X| + YSIMs + uq 9G¢
: : GXG + YSImMS + uq 201
: : A Xl + uq 20l
Pof s o9s _

uq + |X| + USIMS + U 9GZ
GXG + USIMS + Uq  $Z0}
IX} +Uq 2ol

RO M —

uq + |X} + USIMS + UG Z |G
GXG + UsIMs + uq 8v0c
1X1 +uq 81v0¢2

A u ogs |

ug + |X} + USIMS + UG Z LG
GXG + UsIms + uq 8v0c

Frame Decoder
(“Objective/Behavior”)

© 006

N

: /mxm + USIMS + Uq 1S
: EXE + YSIMS + Uq 219G
: u o%s |

: % EXE + USIMS + Uq Z1S
: EXE + USIMS + Uq LG
: o

oS |
EXE + USIMS + UG 9GZ
EXE + USIMS + UG 9GZ

o%s _
EXE + USIMS + Uq 967
EXE + USIMS + UJ  9GZ

9%s |
EXE + UsSIMS +Uq gzl
EXE + UsIMS + uq  8Zl

%S _

EXE + UsSIMS +Uq gzl
EXE + UsIMS + uq  8Zl

g o9s _
EXE + USIMS + UQ 9
EXE + USIMS + Uq 9
I ogs _
EXE + USIMS + UQ 9
EXE + USIMS + Uq 9
T €

Dynamics Predictor

Visual Encoder

(“Cognitive”)

(“Sensory”)



Future Prediction

-WISE

Sensory-Cognitive Hypothesis Classes

IXE

P

Hypothesis Class |

Physion

Dominoes

Inputs

Support

N
VRN
[ 2N
N—
W plowbis + £xg e
— X oRs |
A uqg + | X] + YSIMS + uq 9
0 : GXG + USIMS + uq 9SGz |
m IX| +Uuq 95z | ©
-~ s |: U ogs S
=) : ug+ IXp+ysims+uq 49 | O
3 | : GXG + USIMS + uq 9gz | O
X , e | IX| +uq 95z |
©|: O 0
s |: uq + LX) + YsSIMs + uq gz
= |: A Gxg+ysms+uq 215 | O
N y g | IX] + Uq Z1LG -
s |: m r oS _ M
L °© 1 m ug + LX) +Ysms +uq gz | «o
g |: : GXS +USIMS +Uuq  ZIS |l
K 7 B IX} +uq 4L
Al G ogs |
D : : : uq + LX| + USIMS + Uq 9G¢
: m GXG + USIMS + Uq  $201
2 1 1X| +uq 201
6 v %) : : A
R - : : I 9%s |
> : : : uqg + X + UYSIMS + Ug 9GZ
- : : : GXG + USIMS +Uq  yZOMU
g : : : IX] +uq ZA]
a 21: " RO |
AN N 2 1: g+ LX) + UsIms + uqzLG | =
R 0 SXG + Usims +uq gi0z| O
_— o |- : : IX| +uq 8v0Z d
@© . : :
in 5 o PG A8 e |5
(o) - - ug + |X] + USIMS + UQZLG
|_| & S S @ @ m_.u @ GXG + YSIMS + Uq 8102 oru
+ S 9 e i -
< X S a E S %)
© : : O
_ m S B : =
oy . > : : EXE + USIMS + UQ Z1G &
= S : 3 eXE + Usims +uq Z1S | (T
-+ o : T eXg+ USIMS + Uq zlg | =
< : eXE + Usims + uq z1S |
+= & - : u ogs _
X S 3 EXE + USIMS + Uq 962
- £ EXE + USIMS +Uq  9GZ | -
p— S O
S oS | O
w EXE + USIMS +Uq 95z | 5
_ _ EXE +Usims +Uq_9G¢ | -
9%s | (-
EXE +USIMS +Uq 8zl |||
EXE + USIMS + Uq  8Z|
ogs _ @®
exe+ysims+uq  gzL | 5
exg+usims+ud 8zl | on
g o9s _ >
EXE + YSIMS + uq 79 V
EXE + USIMS + uq 9
W oS _
EXE + USIMS + Uq 9
EXE + USIMS + uq 9
£ e

Babaeizadeh et al. 202 |

(“Objective/Behavior”)

(“Cognitive”)

(“Sensory”)



Pixel-wise Future Prediction

Hypothesis Class|

Sensory-Cognitive Hypothesis Classes

Inputs

Physion

Dominoes

Predicts the future at the pixel resolution of the sensory input

Support

(very detailed)

15+ BDxk1

N (p, 0)|[|N(0,1))

(

A

Xt+1

HXt+1 —

Decoder Pixel-wise

nd-to-End Future Prediction:

\

-» Skip Connection (*)Residual

LSTM ---

E Squeeze and Excite

Conv

|:| Input

Babaeizadeh et al. 202 |

€

uq + X} + USIMS + uq
GXG + USIMS + Uq
LX1 +uq

Y9
9G¢
9G6¢

plowbis + gX¢
a%s

89S

ug + | X| + YSIMS + uq
GXG + USIms + uq

Y9
9G¢
9G6¢

45,
clg

IX] +Uq
ans
5 + |X] + USIMS + UJ 87|
GXG + USIMS + Uq
LX] + Ug
ons

GXG + USIMS + UQ
IX1 + Uq

Q + |X] + USIMS + Uq wNv

4%,
4]

201
2ol

o%s
cg + LXL + USIMS + Uq omm
GXG + USIMS + Uuq
1X] +Uq
ogs

GXG + USIMS + UQ
: m LX] + uq

/O ons

cn + IX] + USIMS + Uq mmm

¥20}
20l

LX] +Uq

ug + X} + UYsIMS + UG ZLG
GXG + USIMS + U] 8¥0Z

810¢

A r o%s

@@@@

ug + [X} + Ysims + Uq gL G
GXG + cw_\Sm + Uq wVON

mxm + USIMS + Uq Nrm
€XE + USIMS + Uq Z1G

XS + cw_>>m +Uq ¢l§
mxm + USIMS + Ugq ZLG
ags
%
o%s _

€XE + USIMS + UQ
€XE + USIMS + Uq

96¢
96¢

8%s

EXE + USIMS + UQ
€XE + USIMS + UQ

96¢
96¢

99s

€XE + USIMS + Uq
€XE + USIMS + UQ

a%s

€XE + USIMS + UQ
EXE + USIMS + UQ

I a9s

EXE + USIMS + UQ
€XE + USIMS + Uq

9gs

EXE + USIMS + UQ
€XE + USIMS + Uq

*T

Frame Decoder
(“Objective/Behavior”)

Dynamics Predictor

Visual Encoder

(“Cognitive”)

(“Sensory”)



Physical Simulation Oracles Predict Neural Data Well

i

A——P

1.0;

y
o
0o

O
o

Neural Predictivit
(Pearson’s R)

O
N

O
o

O
Ve

M

L NeuroAl
~ Turing Test

Inter-animal Consistencz

Perfect simulation oracle

---------------------------------------------------------




Pixel-wise Future Prediction Poorly Predicts Neurons

W NeuroAl

A——P

1.0- ~ Turing Test
Inter-animal Consistencz

y
o
0o

Perfect simulation oracle

---------------------------------------------------------

O
o

O
Ve

Pixel-wise

Neural Predictivit
(Pearson’s R)

I

O
N

64x64
128x128 H

O
o

FitVid

End-to-End



Pixel-wise Future Prediction Poorly Predicts Neurons

i

A——P

1.0;

y
o
0o

O
o

Neural Predictivit
(Pearson’s R)

O
N

O
o

O
Ve

; NeuroAl

~ Turing Test
Inter-animal Consistencz

Perfect simulation oracle

---------------------------------------------------------

Pixel-wise

I

64x64
128x128 H

End-tlo-lEnd



...and they struggle to generalize to Pong

Input Frames



...and they struggle to generalize to Pong

Input Frames




...and they struggle to generalize to Pong

Input Frames




...and they struggle to generalize to Pong

Input Frames Predicted Frames




...and they struggle to generalize to Pong

Input Frames Predicted Frames




...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

= DMFC
| ]M
NS/ Al

A——P

1.0;

Inter-animal Consistencz

y
o
0o

Perfect simulation oracle

---------------------------------------------------------

O
o

O
Ve

Pixel-wise

Neural Predictivit
(Pearson’s R)

I

O
N

64x64
128x128 H

O
o

FitVid

End-to-End



Pixel-wise Future Prediction Poorly Predicts Neurons

/> pMFC
" om
\§/ﬁj |

A——P

y

O
o

Neural Predictivit
(Pearson’s R)

O
N

O
o

O
Ve

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

" How?
1.0;

Perfect simulation oracle

4 H H H H ¥ 5 5SS ¥ = = = §H 5§ 5 =5 S5 S5 =5 S5 S5 =S S S S S S5 =S S S H H =HI H H H H H H H H HE H H B =H H = =S = = o H = =

Inter-animal Consistencz

>

=

(9]

L)

Pixel-wise g

T +

c

(o)

T -

(7,]

<& $
-

o3 =

<t N ©

O = o

FitVid

End-to-End



Hypothesis Class 2: Object Slots

Inputs Sensory-Cognitive Hypothesis Classes

Physion

Dominoes

Support

\End—to-End Future Prediction:
. 725
w. Pixelwise Encoder A Object-slot

>0




Hypothesis Class 2: Object Slots

Inputs Sensory-Cognitive Hypothesis Classes

Physion

Dominoes __Support

\End—to-End Future Prediction:
o =)
w' Pixelwise encoder || A\ Vobjectsio

Predicts at the level of object slot representations and their relations

Kipf et al. 2020 .
] ~_ | [ ony | BE ]

o
CNN — MLP o~ e L
( [ ] [ ] [ ]
. C )

s, Object m, Object 2, Transition 2+ A 2, Contrastive 2
extractor encoder model loss

. Dynamics Predictor
Visual Encoder (“Cognitive”)

(“Sensory”)




Hypothesis Class 2: Object Slots

Inputs Sensory-Cognitive Hypothesis Classes

Physion attract repel

Dominoes Support A\ ~ =
]

~

L= H +max(0,1— H )

\End—to-End Future Prediction:
o =)
w' Pixelwise encoder || A\ Vobjectsio

Predicts at the level of object slot representations and their relations

Kipf et al. 2020 .
_— ~_ m| | ony | e ]

o
CNN — MLP o~ e L
( [ ] [ ] [ ]
. C )

s, Object m, Object 2, Transition 2+ A 2, Contrastive 2
extractor encoder model loss

. Dynamics Predictor
Visual Encoder (“Cognitive”)

(“Sensory”)




Hypothesis Class 2: Object Slots

Inputs Sensory-Cognitive Hypothesis Classes

Physion attract repel

Dominoes Support A ~ =
]

~

L= H +max(0,1— H )

1 K
M=) (2 + Agk) — 2
k=1

\End—to-End Future Prediction:
o =)
w' Pixelwise encoder || A\ Vobjectsio

Predicts at the level of object slot representations and their relations

Kipf et al. 2020 .
_— ~_ m| | ony | e ]

o
CNN s MLP o~ e L
( [ ] [ ] [ ]
. C )

s, Object m, Object 2, Transition 2+ A 2, Contrastive 2
extractor encoder model loss

. Dynamics Predictor
Visual Encoder (“Cognitive”)

(“Sensory”)




Hypothesis Class 2: Object Slots

Inputs Sensory-Cognitive Hypothesis Classes

Physion attract repel

Dominoes Support /\\
. L= H +max(0,1—

)

)

| K T N
M=o S|k +Adf) by, = 30 I~ all;
k=1 k=1

\End—to-End Future Prediction:
w ' Pixelwise Encoder DZA) Object-slot

Predicts at the level of object slot representations and their relations

Kipf et al. 2020 :
] ~_ m| [ onn | om .

o
CNN s MLP o~ e L
( [ ] [ ] [ ]
r o o

>onO

s, Object m, Object 2, Transition 2+ A 2, Contrastive 2
extractor encoder model loss

. Dynamics Predictor
Visual Encoder (“Cognitive”)

(“Sensory”)




Pixel-wise Future Prediction Poorly Predicts Neurons

W NeuroAl

A——P

1.0- ~ Turing Test
Inter-animal Consistencz

y
o
0o

Perfect simulation oracle

---------------------------------------------------------

O
o

O
Ve

Pixel-wise

Neural Predictivit
(Pearson’s R)

I

O
N

64x64
128x128 H

O
o

FitVid

End-to-End



Object Slot Future Prediction Poorly Predicts Neurons

i

A——P

1.0;

y
o
0o

O
o

Neural Predictivit
(Pearson’s R)

O
N

O
o

O
Ve

M

L NeuroAl
~ Turing Test

Inter-animal Consistencz

Perfect simulation oracle

---------------------------------------------------------

Pixel-wise Object
-slot

T I

H

EhdwmnH
arge

128x128 H

64x64
Small

FitVid

End-to-End



Object Slot Future Prediction Poorly Predicts Neurons

/2 DMFC
" om
\§/ﬁj |

A——P

1.0;

y

O
o

Neural Predictivit
(Pearson’s R)

O
N

O
o

M
L

O
Ve

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

How?

Perfect simulation oracle

4 H H H H ¥ 5 5SS ¥ = = = §H 5§ 5 =5 S5 S5 =5 S5 S5 =S S S S S S5 =S S S H H =HI H H H H H H H H HE H H B =H H = =S = = o H = =

Pixel-wise Object
-slot

T I

H

EhdmnnH
arge

128x128 H

64x64
Small

Inter-animal Consistencz

Ball Position + Velocity

FitVid

End-to-End
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Hypothesis Class 3: Static Image Foundation Models
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Hypothesis Class 3:Video Foundation Models

Ego4D: everyday activity around the world
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Hypothesis Class 3:Video Foundation Models
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Macaque Neurophysiology: Mental Pong
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Object Contact Prediction Environment

Physion/ThreeD World (TDW) Bear et al. 2021
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Human Behavior: Object Contact Prediction

“, Bear et al. 2021
'.‘ “Will the agent object contact the patient object?”
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Dynamically-Equipped Video Foundation Models Can Match Both

/2 DMFC
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Future Directions: The Need for New World Models
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Next Steps: Modularized, Embodied Agents?

How does the brain represent, predict, plan, and enable action?
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Next Steps: Modularized, Embodied Agents?
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Long-Term Outcome: Artificial Organisms

How does the brain represent, predict, plan, and enable action?
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