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Introduction
UNITED STATES DISTRICT COURT
0 New York TimesOIAl OpenAlE &L= £&ES Zletst SOUTHERN DISTRICT OF NEW YORK
0 LLM =2 Al TimesQ| 2840t JHO| JIALS AtZSt £0) THE NEW YORK TINES COMPAXY
Plaintiff, Civil Action No.
0 0l &A52 LLM JHEHHIM KEHE Eloli2le &R 2HIE 28t v

MICROSOFT CORPORATION, OPENAL INC., COMPLAINT

OPENAI LP, OPENAI GP, LLC, OPENAL, LLC,
OPENAI OPCO LLC, OPENAI GLOBAL LLC, JURY TRIAL DEMANDED
OAI CORPORATION, LLC, and OPENAI

HOLDINGS, LLC,

Defendants.

Plaintiff The New York Times Company (“The Times”), by its attorneys Susman Godfrey
LLP and Rothwell, Figg, Ernst & Manbeck, P.C., for its complaint against Defendants Microsoft
Corporation (“Microsoft”) and OpenAl, Inc., OpenAl LP, OpenAl GP LLC, OpenAl LLC, OpenAl
OpCo LLC, OpenAl Global LLC, OAI Corporation, LLC, OpenAl Holdings, LLC, (collectively

“OpenAl” and, with Microsoft, “Defendants”), alleges as follows:
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Unlearning Methods
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Unlearning Methods
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Unlearning Methods

1. Gradient Ascent (or Negative Gradient)
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Unlearning Methods
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Unlearning Methods

3. Unlearning with Adversarial Samples
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4. Gradient Ascent + Descent or KL Divergence on Retained Set
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