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Collect demonstration data
and train a supervised policy.

Step2

Collect comparison data and

Step3
Optimize a policy against the

train a reward model. reward model using the PPO
reinforcement learning algorithm.
Apromptis o Aprompt and " A new prompt is
sampled from our Explainreinforcement Several model Explin einforcement sampled from Witeastory.
prompt dataset. leamingtoa6 year old. outputs are learning toa 6year ol the dataset. aboutotters.
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Generative Agents: Interactive Simulacra of Human Behavior

Joon Sung Park Joseph C. O'Brien Carrie]. Cai
Stanford University Stanford University Google Research
Stanford, USA Stanford, USA Mountain View, CA, USA
d i edu cjcai@google.com
Meredith Ringel Morris Percy Liang Michael S. Bernstein
Google DeepMind Stanford University Stanford University

Seattle, WA, USA
merrie@google.com

Stanford, USA
pliang@es.stanford.edu

Stanford, USA
msb@cs stanford.edu
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Figure i i i In this work,
generative agents by populating a sandb ‘The Sims, with gents. Users can observe
and intervene as agents plan their days, share news, form relationships, and coordinate group activities.

Al and the Next Digital Divide

Brookings Institute

he evolution of the “digital divide”:

The first digital divide: The rich have technology, while the
poor do not.

The second digital divide: The rich have technology and the
skills to use it effectively, while the poor have technology
but lack skills to use it effectively.

The third digital divide?: The rich have access to both
technology and people to help them use it, while the poor
have access to technology only.

Marisa Shuman,Jeremy Bhatia, Kristen DiCerbo. How Al Tools Can Increase Equity and Improve Learning(CSEDcon)
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New Al-Powered Sensors
Could Tell Teachers What's
Really Going on with Students

+ The sensors are attached to
children’s shirts and can also be
placed throughout the classroom.

The data could reveal some
important patterns and behaviors
that might have been missed
otherwise.

..having clear data will remove any
bias from discipline decisions.

https://www.edweek.org/teaching-learning/ne w-ai-
powered-sensors-could-tell-teachers-whats-really-
going-on-with-students/2023/10

Marisa Shuman,Jeremy Bhatia, Kristen DiCerbo. How Al Tools Can Increase Equityand Improve Learning(CSEDcon)

chatGPT : | E 2Ist =2

Conversational Al is a game-changer for science, Here's how to
respond.

at
ntnow

CratePTiS

city vt
capecty

Questions for debate

> Issues for discussion at a forum about conversational Als.

» Which research tasks should or should not be outsourced to large language models (LLMs)?

\

Which academic skills and characteristics remain essential to researchers?

Y

What steps in an Al-assisted research process require human verification?

v

How should research integrity and other policies be changed to address LLMs?

\

How should LLMs be incorporated into the education and training of researchers?

» How can researchers and funders aid the development of independent open-source LLMs and ensure the models
represent scientific knowledge accurately?

-

What quality standards should be expected of LLMs (for example, transparency, accuracy, bias and source crediting)
and which stakeholders are responsible for the standards as well as the LLMs?

v

How can researchers ensure that LLMs promote equity in research, and avoid risks of widening inequities?

Y

How should LLMs be used to enhance principles of open science?

Y

What legal implications do LLMs have for scientific practice (for example, laws and regulations related to patents,
copyright and ownership)?

https://www.nature.com/articles/d41586-023-00288-7?fbclid=lwAR2Uz3x1eASIIPUp-2U602gX27jCubuimic_xkFWY_pVFe6md5_cF14JrT8
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» Embedded Ethics

Our Mission

Advancing Al research, education,
policy, and practice to improve the
human condition.
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