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Gyrus vs Sulcus
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Axonal Pushing Theory of Cortical Folding

Axonal Pulling Theory
Van Essen, Nature, 1997
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Intuitive Observation

Li et al., Neurolmage 2010



U-Shape Fibers around Sulcl
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Zhang et al., MedIA, 2014



Patterns in Primates

Distribution of Fiber Connection Type
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Patterns in HARDI Data

HARDI data of
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Patterns in HCP Data
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Patterns in Fetus Brain

Fiber Density (/mm?) Maximum Principal Curvature

Zhang et al., MedIA, 2014



Neurodevelopmental Patterns in Infants

Li et al.,, HBM, 2015
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Computational Modeling and Simulation
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Bisectional Segregation Theory
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Bisectional Segregation Theory

sparse

Liu, et al., Cerebral Cortex, 2018



Amplitude

Bisectional Segregation Theory
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Molecular Evidence
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Molecular Evidence

Guidance cues Receptors Neuron (developing growth cone)
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Brain Core-Periphery Networks
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Figure 1: Core-periphery brain networks in gyri and sulci. (a) is the brain structural and func-
tional anatomy of gyri and sulci. (b) is the segmentation of gyri and sulci. (c) is the proposed
Twin-Transformer, where one is for gyri and the other is for sulci. (d) is the core-periphery brain

networks derived from the gyri and sulci, where gyri is the core network, and sulci is the periphery
network.

Yu et al., in review



Brain Core-Periphery Networks
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Figure 2: Illustration of the proposed Twin-Transformer framework. (a) shows the patch divi-
sion of the gyri and sulci signal matrices. (b) is the position encoding for the spatial and temporal
patches. (c¢) shows the details of the Twin-Transformer. The gyri transformer shares weights with
sulci transformer, and each transformer includes a spatial and temporal self-attention module for
processing spatial patches and temporal patches. (d) is the reconstruction of the gyri and sulci sig-
nal matrices from disentangled spatial and temporal patterns.

Yu et al., in review
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Core-Periphery Graphs of VIT
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Core-Periphery Graphs of VIT
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ResNet-18 [1] 95.55 76.64 67.33 84.34
ResNet-18+Gaze [27] —— —— —— 86.74
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ViT-S [23] 97.60 85.70 87.40 89.91
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Mixer-S-SAM [23] 96.10 82.40 85.60 87.60
T2T-ViT-12 [29] 98.53 89.63 86.20 88.40
AutoFormer-S [30] 98.50 90.60 87.60 90.10
CP-ViT-S(ours) 98.97 91.45 87.84 90.69
CIFAR-10 CIFAR-100 TinylmageNet INbreast

- Sweet Spots: (Nodes, Core Nodes) gu
1 (100, 90) (110, 100) %

1 (180, 150) (190,170)

10 20 30 40 50 60 70 80 90 100110120130140150160170180190200

94.5 96.0 97.5

Top-1 Accuracy (%)

7 Sweet Spots: (Nodes, Core Nodes) i
1 (110, 90)

1 (110, 100)
1 (120, 100)
4 (130, 120)
1 (190, 180)

10 20 30 40 S0 60 70 80 90 100110120 130 140 150 160 170 180 190 200

I

75 80 85 90
Top-1 Accuracy (%)

[Under Review, TPAMI]

1 Sweet Spots: (Nodes, Core Nodes)
1 (120, 110)
1 (130, 120)
1 (160, 130)
1 (160, 150)
1 (180, 170)

................
10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 160 170 180 190 200

75 80 85
Top-1 Accuracy (%)

Chenetal.,

7 Sweet Spots: (Nodes, Core Nodes)
1 (30, 10) (50, 10) (90, 20)
1 (90, 70) (110, 100) (130, 80) 4=
1 (130, 100) (150, 120) [
1 (160, 140) (170, 150) P
1 (170, 130) )
1 (190, 180)

10 20 30 40 50 60 70 80 90 100110120130 140 150 160 170 180 190 200

81 84 87 90
Top-1 Accuracy (%)

paper in submission, 2023



Core-Periphery Graphs of VIT
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CP-VIT Guided Domain Adaptation
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CP-VIT Guided Domain Adaptation

Method Ar2Cl Ar2Pr Ar2Re CI2Ar CI2Pr CI2Re Pr2Ar Pr2Cl Pr2Re Re2Ar Re2Cl Re2Pr Avg.

ResNet-50[16] 449 663 743 518 619 636 524 391 712 638 459 772 594
MinEnt[ 5] 51.0 719 771 61.2 691 70.1 593 487 770 704 53.0 81O 658
SAFN[+7] 520 717 763 642 0699 719 637 514 771 709 57.1 8L5 673
CDAN+E[25] 546 741 781 630 722 741 6l.6 3523 79.1 723 573 828 685
DCAN[1Y] 545 757 812 674 740 763 674 527 806 741 591 835 705
BNM [ /] 567 7715 810 673 763 771 653 551 820 736 57.0 843 TI1.1
SHOT[ 1] 57.1  78.1 815 68.0 782 781 674 549 822 733 588 843 718
ATDOC-NA[22] 583 788 823 694 782 782 67.1 560 827 720 582 855 722

VIT-B[Y] 547 830 872 773 834 856 744 509 872 7196 548 888 755
TVT-B[10] 749 868 895 828 880 883 798 TI9 901 855 746 906 83.6
CDTrans-B[45] 688 850 869 81.5 871 873 796 633 882 820 660 90.6 805
SSRT-B [ 6] 752 890 9.1 851 883 900 8.0 742 913 857 786 9.8 854
CCT-B (ours) 776 89.6 90.7 850 893 897 844 746 919 B86.6 770 91.8 857
RCCT-B (ours) 80.1 914 929 879 922 922 863 795 931 889 81.0 938 88.3

Table 1: Comparison with SOTA methods on Office-Home. The best performance is marked in red.

Chen et al., paper in submission, 2023
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Brain-Inspired Al and AGI: Scale
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Brain-Inspired Al and AGI: Multimodality

Example of GPT-4 visual input:

User

Visual

Thalamus
Sound

Brain

quilibrium

Figure courtesy: neuro-physio.co.uk

What is funny about this image? Describe it panel by panel.

A\ ' “om AL
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: Cudit O ]
Source: https://www.reddit.con/r/hmmm/comments/ubabbv/hmmm/

The image shows a package for a "Lightning Cable" adapter with three panels.

Panel 1: A smartphone with a VGA connector (a large, blue, 15-pin con-
nector typically used for computer monitors) plugged into its charging port.

Panel 2: The package for the "Lightning Cable" adapter with a picture of
a VGA connector on it.

Panel 3: A close-up of the VGA connector with a small Lightning con-
nector (used for charging iPhones and other Apple devices) at the end.

The humor in this image comes from the absurdity of plugging a large,
outdated VGA connector into a small, modern smartphone charging port.

Table 3. Example prompt demonstrating GPT-4s visual input capability. The prompt consists of a
question about an image with multiple panels which GPT-4 is able to answer.

Figure courtesy: GPT-4 Tech Report



Brain-Inspired Al and AGI: Alignment

Gestation -
31 Weeks
33 Weeks

Primary Folding
Secondary Folding

Tertiary Folding

Figure courtesy: Dajiang Zhu Figure courtesy: edmentum.com

@OpenAI @

ACTION

Figure courtesy:
medium.com

EXPLORATION NEURAL
powicy

ENVIRONMENT
|

STATE, REWARD



Brain-Inspired Al and AGI: Reasoning
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ImpressionGPT. Summarization of
Radiology Report by ChatGPT
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Figure 1: The pipeline of our ImpressionGPT. Part a in the middle is the main-
stream of our method. We first use a labeler to categorize the diseases of test
report and obtain the similar reports in the corpus (part b), and then construct
a dynamic prompt in part c. Part d accomplishes the iterative optimization of
LLM through interaction with positive (good) and negative (bad) responses.
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Dynamic Prompt

Task Description
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ImpressionGPT. Summarization of
Radiology Report by ChatGPT

; You are a chest radiologist that identify the main findings and diagnosis or impression based
on the given FINDINGS section of the chest X-ray report. which details the radiologists’
assessment of the chest X-ray image.
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° X-ray report ?
? FINDINGS: <Findings section of similar sample N >.
@ IMPRESSION: <impression section of similar report N =.

3. What are the main findings and diagnosis or impression based on the given Finding in chest
X-ray report 7
& FINDINGS: <Findings section of TEST report=.

Roles: & System g User 4 Assistant

Iterative Prompt

Task Description &

a ‘What are the main findings and diagnosis or impression based on the given Finding in chest
X-ray report ?

@ FINDINGS: =Findings section of similar sample 1.

‘ IMPRESSION: <impression section of similar report 1=

Dynamic Samples

; What are the main findings and diagnosis or impression based on the given Finding in chest
X-ray report ?
o FINDINGS: <Findings section of TEST report=.
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I
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I
I
|
I
i
' Query
|

I

Bad Example Instruction:
% Below is a bad impression of the FINDINGS

Good Example Instruction:
& Below is a good impression of the FINDINGS

. above: - abave:
=2 IMPRESSION: <Evaluated Response of #n IMPRESSION: <Evaluated Response of
ChatGPT>. ChatGPT>.

Final Query:

o Please give another impression of the FINDINGS above. Tt is important to note that your answer
should avoid being consistent with the bad impression above, but should be consistent with the
excellent impression above, and do not exceed the length of the excellent impression.

https://arxiv.org/abs/2304.08448
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