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gene 0.04
e Seeking Life’s Bare (Genetic) Necessities

COLD SPRING HARBOR, NEW YORK— “are nor all thar far apart,” especially in
How many genes does anforganism negd to L\JI'L][‘.III‘-UI'I to the 7 |"J 002 penes in the hu-
survive! Last week ar the genome mecting e

here,® two genome researchers with radically
different approaches presented complemen-
tary views of the basic penes needed for life:

One research weam, using computer analy- oo 111*1-\. s
ses o compare known genomes, concluded  more genomes are g _
that todan'sjorganisms can be sustained with :n:qucm_'cd. “Tt may be a way of organe
just 250 genes, and that the earliest life forms any newly sequenced genome,” explains
required a mere 128 penes, The — Arcady Mushegian, a computation; a| M-
ather researcher mapped senes lecular |'\'i::ln;,ri.~'[ at [he Nnu :
in a simple parasive and esti-
mated thar for this organism,
S0 eenes are plenty o do the
jub—but that anything short
of 100 wouldn't be enough.
Although the numbers don't

match precisely, those predictions

* Genome Mapping and Sequenc-
ing, Cold Spring Harbar, New York, Stripping down. Computer analysis yields an esti-
May & to 12. mate of the minimum modem and ancient genomes.

SCIENCE = WO 272 & 24 MAY 1996
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Step1

AN

Collect demonstration data,
and train a supervised policy.

A promptis

sampled from our . , several model . is sampled from .%
xplain the moon Explain the moon Write a story
prompt dataset. landing to a 6 year old outputs are landing to a 6 year old the dataset. about frogs
sampled.
o o ,
A Iabeler Explain gravity. Explain war... The p0|IC\/ =6
[ ] L]
demonstrates the G . p generates N
desired output 2 satellite of. the moon. an output. W
behavior. Some pet;p\e went
o the moon.. A labeler ranks
+ the OUtDUtS from @ Once upon a time...
: ; best to worst.
This data is used SFT 0-0-0-0
to fine-tune GPT-3 M The reward model o
with supervised .\.'\sa{/. | calculates a M
learning. 2 Y reward for .\.W.
? . - [ i
This datais used - the output.
@@@ to train our ./}?.5{\.
reward model. N The reward is
0-0-0-0 used to update P
the policy
using PPO.

L IR 15T

Step 2

Collect comparison data,
and train a reward model.

A prompt and

(i it

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt

Figure 2: A diagram illustrating the three steps of our method: (1) supervised fine-tuning (SFT), (2)
reward model (RM) training, and (3) reinforcement learning via proximal policy optimization (PPO)
on this reward model. Blue arrows indicate that this data is used to train one of our models. In Step 2,
boxes A-D are samples from our models that get ranked by labelers. See Section [3|for more details
on our method.
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