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<NCBI
National Center for
Biotechnology
Information

NCBI Home

Resource List (A-Z)

Al Resources
Chemicals & Bioassays
Data & Software

Al Da

<]

Welcome to NCBI
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ncb.nim.nin.gov
Sign in to NCBI

Popular Resources

The National Center for Biotechnology Information advances science and health by providing access to biomedical PubMed

and genomic information.

You are here: NCBI > National Center for Biotechnology Information

GETTING STARTED

RESOURCES

POPULAR

Bookshelf
PubMed Central
PubMed Health

Guide to Using NCBI BLAST on
the Web"

dbSNP Build 143 Phase Il now

available
Mar 17,

Write to the Help Desk

FEATURED NCBI INFORMATION

http://www.ncbi.nlm.nih.gov
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senselab.med.yale.edu

Import3d_GUI[0]
Advanced searc ModelDB

User account
ModelDB provides an accessible location for storing and efficiently retrieving computational neuroscience models. ModelDB is tightly coupled
with \ DB . Models can be coded in any language for any environment. Model code can be viewed before downloading and browsers can
Help be set to auto-launch the models. For further information, see model sharing in general and ModelDB in particular Rotate (about axis in plane)
Find models by ) Rotated (vs Raw view)
el name Show Points
‘ShowDiam
View all types

Use the "search” box in the upper left corer to find model entries

Find mocels for Sannn —
Cell type by a particular author
- by keyword (cell type, region, receptor, gene, transmitter, topic, simulator) Line# -1

use advanced search for ion curents: because these are short they are problematic to search with free text
use advanced search for a combined keyword and full text search

prefix case sensitive words with A

use * for completions

Or you may search for publications indexed in ModeIDB or PubMed. ' Neurolucida filter facts

fethoc

Find models of
N

New Model
Neurons .
Submit a new model entry

Video tutorial

P~ =]
pizsh e U YA

ModelDB related resourc ' Follow Questions, comments, problems? Email the Mod [z NTF)
How to cite ModelDB  ModelDB Credits

M urial repository © This site is Copyright 2015 Shepherd Lab, Yale University ? l * ) | / \ E

https://senselab.med.yale.edu/modeldb/
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EPFL . Bluebrain N English

THE BLUE BRAIN PROJECT EPFL

# _Inbrief Sclence People Contactus Gallery Job Openings _In the Media _Students _Internal

In Brief Contact us

= In Brief
Ateol for

Biue Brain Project
office

researchers
What's next?

: gy =
= Timeline i

Glossary
Pariners

CH-1202 Genéve
Tél: +4121693
Fax: +4121 693
5350

NEWS AND ANNOUNCEMENTS  THE BLUE BRAIN PROJECT BLOG TWITTER FEED

Launch of Sino-Swiss Laboratory for Data Neural simulations hint at the origin of brain waves

Tweets ¥ Follow
Intensive Neuroscience Videos and pictures of the Blue Brain Project at SN

EPFL and Chinese Academy of Sciences will 2012 available now!
collaborate on Neurainformatics platforms, Data and y o yorys year 3 of the Blue Brain Projectout (17 @HumanBrainPro
Knowledge integration, algorithms for Brain now <

On the Move - A Life” Quite simply -
Reconstruction and Brain Atlas platforms. n the Move e Quite simply

a fascinating journey into the Ife of
Upcoming Workshops Breakthrough! BBP predicts the location of synaptic ¢

and Connectomics School, 8-16 May 2015, !

P 1 \:t 10

A Simulated Mouse Brain in a Virtual Mouse Eai @Eurapean@rid Ma

Body 1

ke_sleep: "Can we identify
ciples to predict pathways in a

http://bluebrain.epfl.ch ff%ﬁﬁg{;ﬁ

47 Human Brain Project
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e.g. Human Connectome Projet
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NIH Blueprint: The Human Connectome Project ‘ NIH Blueprint ‘for Neuroscience Research {g

HUMAN
Connectome Mapping structural an CaR IR (AR s W

PROJECT

Home  Aboutthe Project ~Data Software  Documentation ~Contact Other Resources

2015 HCP Course Registration

" June 8-12 2015

the Human C

L imagi analysis, and vi tools of the
Human roject. Thi is belr immediately before OBHM 2015
in Honolulu, Hawaii, and is aimed at both new and current users of HCP data, metfiods, §

i G
R

and tools.

S =

The Human Connectome Project © PROJECT SPOTLIGHT A Q \i ! '
Mapping the human brain is one of the great scientific !—‘—‘ D
challenges of the 21st century. The Human Connectome D

Project (HCP) is tackling a key aspect of this challenge by
elucidating the neural pathways that underlie brain
function and behavior. Deciphering this amazingly
complex wiring diagram will reveal much about what

us uniquely human and what makes every person

- 2

k
different from all others.

The consortium led by Washington University, Unive — \\ — D
of Minnesota, and Oxford Universiy (the WU-Minn HCP

consortium) is comprehensively mapping human brain \y e— ° 7 ¢
cicuitry in a target number of 1200 healthy adults using =

http://www.humanconnectome.org T & DEE¥E (CHATSF
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RESEARCH ARTICLE

Could a Neuroscientist Understand a
Microprocessor?

Eric Jonas'*, Konrad Paul Kording®?®

1 Department of Electrical Engineering and Computer Science, University of California, Berkeley, Berkeley,
California, United States of America, 2 Department of Physical Medicine and Rehabilitation, Northwestern

University and Rehabilitation Institute of Chicago, Chicago, lllinois, United States of America, 3 Department of
Physiology, Northwestern University, Chicago, lllinois, United States of America
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Neuroscience Can't Explain How an Atari Works
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Offline spike analysis

Priority

LX120/USB-ME128 recorder
NeuroScope

EToS/Klusters

Multi-neuronal recording

128 ch; x1,000 gain
fllterln 1- 10 kHz

FA64Ix2 amplifier
MPA32I

Real-time spike collision test

(45ErHHEE2017-146456)

Multi-Linc
controller

445 nm

0o

MILSS distributor

Optogenetic stimulation

[BE5t ]
[31f 514k |

K HHHE (128ch)

T ILEA Ls

< 3 msec

HIES R T Ls

[128ch 7 ILERA L

J

ACQ2106 (D -tAcq Solutlons LTD, UK)
AD boards: 128ch (32ch x 4)
Operation: every 1.6 ms

Multi-Linc software for ACQ2106

MILSS (ASKA company)

Laser: 445 & 561 nm
Delay: ~1 ms

S8 B\ Stim: 7 ports x 7 sites

($FEFHIFE2017-146456)
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WEMH DEFEE  supervised learning
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i#8{k ¥ & reinforcement learning
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—EDOHADICNT HFHHEZRKICT 5

HEM7 UEE unsupervised learning
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Perceptual Learning

HEHEPHEESHICEFENTH S
(Karni & Sagi 1991)




Proc. Natl. Acad. Sci. USA
Vol. 88, pp. 4966-4970, June 1991
Neurobiology

Where practice makes perfect in texture discrimination: Evidence
for primary visual cortex plasticity
(perceptual learning/preattentive vision/orientation gradient,/monocularity)

Avi KArNI*T AND Dov Sacr*

*Department of Applied Mathematics and Computer Science, Weizmann Institute of Science, Rehovot 76100, Israel; and TDepartment of Neurology, Chaim
Sheba Medical Center, Tel-Hashomer 52621, Israel

Communicated by Bela Julesz, January 28, 1991 (received for review October 16, 1990)
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Perceptual Learning

FEHFPEREHICFENTH S
(Karni & Sagl 1991)
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Perceptual Learning

ik U CWSBHRAEICKIFT B
(Ahisar & Hochstein 1993)




Proc. Natl. Acad. Sci. USA
Vol. 90, pp. 5718-5722, June 1993
Psychology

Attentional control of early perceptual learning

MERAV AHISSAR AND SHAUL HOCHSTEIN
Center for Neural Computation and Department of Neurobiology, Institute of Life Sciences, The Hebrew University, Jerusalem 91904, Israel

Communicated by Jacob Nachmias, March . 1201 A 194 * B
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Perceptual Learning

ik U CWSBHRAEICKIFT B
(Ahisar & Hochstein 1993)
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Perceptual Learning

BIDEEZRELU TWTHERED
(Watanabe et al.)



VOL 422 | 6 MARCH 2003 | www.nature com/nature

brief communications NATURE

r\lM)Dln\l\ ........................................................ Aaron R. Seitz*. Takeo Watanabet
- . *Department of Neurobiology, Harvard Medical
Is subliminal learning School, Bastan, Massachusetts 02115, USA
1 2 e-mail: aseiz@hms.harvard.edu
real Iy pa Ssive: t Department of Psychalagy, Boston University,

Boston, Massachusetts 02215, USA

b 15- =
\é 104 4
T 5- - N\ 5
L 1IN -
2 =

g 0 o - T T T I/ 1 // .L\\E]-L
- yi 1\1/ IDNPZE I
£ . il
Q
=
o -10 - L
O

~-15 4 <

-180° -135°-90° 45" 0° 45° GO° 135" 180° -180°-135°-90° —45° 0° 45° 90° 135° 180°

Relative direction



Journal of Vision (2007) 7(13):2, 1-10 Nishina, Seitz, Kawato, & Watanabe

Effect of spatial distance to the task stimulus on
task-irrelevant perceptual learning
of static Gabors

RSVP task
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Perceptual Learning
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Neuron Neuron 67, 700-707, March 12, 2009
Reward Triggers Unconscious Perceptual Learning Aaron R. Seitz,23* Dongho Kim,' and Takeo Watanabe'
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Perceptual Learning

PHIEREHF CRIEFEENE S
(Shibata et al. 201 1)
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Perceptual Learning Incepted by Decoded fMRI Neurofeedback
Without Stimulus Presentation
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PHIEREHF CRIEFEENE S
(Shibata et al. 201 1)
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No prediction
Reward occurs

Reward predicted
Reward occurs

Reward predicted
No reward occurs

(Schultz et al. 1997)
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