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Step 1

Collect demonstration data
and train a supervised policy.

Step 2

Collect comparison data and
train areward model.

Step 3

Optimize a policy against the
reward model using the PPO
reinforcement learning algorithm.

A prompt is '-'J A prompt and I.':‘J A new prompt is A
sampled from our BT several model BT sampled from Write astory
prompt dataset. learning to a 6 year old. outputs are learning to a 6 year old. the dataset. aboutatters.
sampled.
{ o o t
et o D
o The PPO model is P
A labeler @ [c] [p] initialized from the e e -+,
demonstrates the = "““'EE’.«.:“ supervised policy. W
desired output 1’4 )
i We give treat: d
behavior SR i f
i Alabeler ranks the The policy generates Crcslns et e
outputs from best anoutput.
SFT to worst. 0:-0-0-0 *
.. 0
i i /.
;I_'hls_tdata g;?zdsto '\\S'()WQ/' The reward model oM
VL?S\ sLlenZwise d‘ L JV calculates a reward o
SURY 4 - for the output. pxg
learning. BRE oo
This data is used .//?'sg. ‘
totrainour W The reward is used
reward model, to update the r -
0-6-0-0 policy using PPO. Ls
TA KR : OpenAl B, £EIEAH %A

23 LaMDA & Google Bard ¥ KM BAWALFETER: B AR ELELT
Transformer #iv42iET AN, RE &,

1. 2 FHEE LK 13TBASFKAR, FE 1.56T NFT AN ERERR
L LA A I AT T NS, LaMDA BABAF Fiw. 4 MILEBR =A% H
AR, HFEAHARAE A 8 G EIE 1547

2, XA LaMDA &)t & 2B DR R A AR FORARAE Fo A £1F
oA (BPAREREB L) 3 % 3 AF 3416 6 R K2 8y Y= R
R R LAY IR — R P PR GEAT AR A RIS, BARIT AR Al A LA AT
““‘J_‘;‘;E_;f” é\)-(‘;% “—;éi%”o

3. D%HAE: ChatGPT #i%H XA I A, @ LaMDA #4992 7 X &%
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What's a good topic for a new blog?

What's a good topic for a news blog?

Well there are so many! How about something
about a new food item that you just tried

A good topic for a news blog could be anything th currently happening or rel

specific audience. Some examples of potential to ould be a breaking news ev . 9

new development in a current event or issue, a celebrity or political scandal, or an
There are lots of food blogs. How can | make

interesting trend or phenomenon. Ultimately, the best topic for a news blog will depen) " =
it unique?

the audience and their interests, as well as the writer's expertise and perspective on t
topic

Hmmm, you can write about a food that you tried
somewhere that is exclusive to that location or
restaurant

That's too generic — how do | make it unique?

- 9

Sounds expensive. Can you give me a low
One way to make a news blog unique is to focus on a specific niche or angle that is ni budgel food b|0g idea?

widely covered by other news outlets. For example, a news blog could focus on a
Well you could write something about a food that

you make on a budget or maybe something

about how to shop for food if you have a limited
is to offer a fresh perspective or approach to coverin , such as highlighting income

and coverage of developm thin that field. Anot

underreported stories or providing alternative vi oints on current events. Additional
incorporating multimedia elements, such as videos, photos, or interactive graphics, cEESEEEE

help make a news blog more engaging and unique.
Not a bad idea, but still not special enough

4 0G4 H B 50 P

S B AP 2 W 2% (GNN) /E AR FZAR AN SRR (KRR &R E: XEAx X,
B b4 W 2% (Graph Neural Network, GNN) % 35{F BlAb 42 B 2k k52 3] B 4 MM 538,
BRI R BB EMEFBEFORFIEFEX, FLRE, £, 7M. 2% . £xF
BFEIJESFERGEEFEAR, BRAXIL, BWEREMRKRT @84 2H %K K
R BT AR “KREZAR” , BPRAZMETATARBA 09448, AT AR
BRAR 25 B IE, BT 2, BEME TR, EEFT RS AT B o gE
Fa i 32,

Bk 15 BAv42 M % aw T EILKERLG SR

Phenotypic abnormality

Abnormality
of the eye Abnormality

of the face

Abnormal eye
morphology

Abnormality

Abnarmes oye of the orbital

physiology

Abnormal
morphology of the
posterior segment

of the eye

Abnormality Hemangioma

of refraction

Abnormality
of vision

Abnormal vitreous

humor morphology visual acuity

Abnormal
eyehd
morphology

Capillary
hemangioma

Astigmatism
Remnants of the
hyaloid vascular
system
Capillary
hemangioma
of the eyelid

Glial remnants anterior
o the oplic disc

FoH AR : CSDN, 4 09Ik R4 72 P

BAZ2ME A58 RE, AEZ2RAT—HRGRORK: BHMERLF
MARRKG R EC LA “BLAsRE” 9&L, Ploibbi. £k d . 3D ML
W, WHEERG, E8EH. AFHE AT RE& ST, BT 2p R A& 84,
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