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Baichuan 2: Open Large-scale Language Models. Baichuan Inc. Technical Report
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2.1.1 RLHF
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Training language models to follow instructions with human feedback. OpenAl. NIPS 2022
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2.1.2 PPO-workflow
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2.1.2 PPO-workflow
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Algorithm 1 PPO

1: Input: initial policy parameters 0, initial value function parameters ¢y.
2 form=10,1.2:.- 00

3:  Collect a set of trajectories D,, = {;} by executing policy 7(#,,) within the environment.
4:  Compute rewards-to-go ;.
5 Compute advantage estimates, A; (using any advantage estimation method) based on the

current value function V.
6:  Update the policy by maximizing the PPO-penalty/clip/ptx objective:

Ony1 = arg max Epo—aip G-
7. Update the value function by regression on mean-squared error:
Cbn—l-l = arg m(;'n Ecritic (an) .

8: end for

Secrets of RLHF in Large Language Models: Part |: PPO. Fudan NLP. Technical Report
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2.1.3 PPO-Make Experience Buffer
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2.1.4 PPO-Optimization
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2.1.6 RLHFRYSCIS KR
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(a) Human preference evaluation. (b) Evaluation using GPT-4 as the annotator.

Figure 10: Preference evaluations, compared RLHF models with SFT models in human evaluation
(left) and GPT-4 evaluation (right).

Secrets of RLHF in Large Language Models: Part I: PPO. Fudan NLP. Technical Report
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2.2.1 DPO
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Direct Preference Optimization: Your Language Model is Secretly a Reward Model. Stanford NLP. NIPS 2023 Oral 18
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2.2.3 DPORYIIEGBEIRS
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o .

30%

20%

SFT-v1

10%
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Helpfulness
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2.3.3 IB4aRH¥E + DPO

n ZOEBE: BEFEGRFERADPORIEEE
m  DPOI|&EREEINRESEE, RE TLLMXJunseen promptRYtaERE
m DPOIISERRIREFEIER ., MNMMAIARIRE $XREEE, NETYRRER
PRI EEYEFES fhgap
B Rejection Sampling Optimization (RSO)
m ETRMERE | FO0mEKRE | ERSIHEERERTSE X ERRINDNER
FHEBRIKNMIERINER S%Bresponse { 1, 2., }, =K BEXWT:

i) = 7= Talyle) exp (%m,y))

[ ] Kﬁ\jziz'gﬁﬁgﬁwna:,n* HEmMNNAES+MHIV1 1 2

Step 1: Sample Step 2: Rank Step 3: Optimize

Statistical Rejection Sampling Improves Preference Optimization. Google Research. ICLR 2024 under review 28



https://openreview.net/pdf?id=xbjSwwrQOe

2.3.4 Statistical Rejection Sampling

m MIRRE  PREEE, RNISRIRMARE  SmRIEAR
1. Start with empty )V = {}.
2. Generate y ~ 7y (y|z) thatis notin Y and v ~ U0, 1].
3. Let M = min{m | mm(y|z) > 7, (y|z) forally ¢ Y}°. Ifu < %, then we
accept y and add it to ). Otherwise, we reject y. @
4. Repeat step 2 and 3 until we get enough ). X <
SFT Policy x M
Low reward Optimal Policy
é = = Reward
Accept
High revlrard " Reject
w  BIST

27N
A )

: y
1 rox A
' ,

Decoded Sequence Y from Input X

.
s
.

BT e e SRS S S TR Y, L il

B Ik ERARE MR RAOERT, NMIAEERE?

Statistical Rejection Sampling Improves Preference Optimization. Google Research. ICLR 2024 under review
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2.3.4 Statistical Rejection Sampling

B RRAE: BEMKE FBRREE | kR (DPOHHRIESR)

Derivation of Algorithm 1 According to Equation (4), we have

i 1
oy (ylT) = mﬂsﬂ(ym exp (Bw(w,y)> : (11)

where Zy (z) = 3, m(y|2) exp(57y (2, y)). Then we have

Try (915'3) - 1 1
stt(y|iL') . Z¢($) exp (Ew(w,y)) ; (12)

It’s clear that Mp_ 2 min{m | m - 7(y|z) > Try (y|z) forally ¢ D,} = maX,gp, Zf((yﬁlf))
then
Mo, = 7 e oo (ot &
= ——— max |exp | =Ty(x, .
Then we have
., (Ylz) (1 ( ))
— T —exp| = (ruz, y) — max ry(z, . (14)
V. 7o) P {3 ) iy w (2, )

By using the sample version of max,¢p_ 7y (7, y), we have derived the Algorithm 1.

Statistical Rejection Sampling Improves Preference Optimization. Google Research. ICLR 2024 under review
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2.3.5 RSO HR

m SEEDPO vs RSOSTESRH TN (FSRH/BONSRHY/SiitHEMRAE)
R (REMEERMAETAREIPaLM 2-LAJAUtoSXS) Pk

Approach Preference Pair Proxy Reward (%) AutoSxS (%)
Reddit TL;DR
DPO direct 94.04 85.03
sft-sample-rank 97.50 85.66
RSOsigmoid-norm  rso-sample-rank 98.29 86.01
AnthropicHH
DPO direct 76.84 52.80
sft-sample-rank 94.91 66.79
RSOsigmoid-norm ~ Ts0-sample-rank 97.54 70.26
ARG
Approach Loss Preference Pair  Chosen as Preferred”  Quality
Reddit TL;DR
DPO sigmoid-norm direct 21% 3.84
sigmoid-norm  sft-sample-rank 10% 3.74
RSOsigmoid-norm  Sigmoid-norm  rso-sample-rank 48 % 4.02
hinge-norm direct 21% 3.80
hinge-norm sft-sample-rank 11% 3.68
RSOninge-norm hinge-norm rso-sample-rank 46 % 3.97
AnthropicHH
DPO sigmoid-norm direct 15% 3.04
sigmoid-norm  sft-sample-rank 22% 3.21
RSOgigmoid-norm ~ sigmoid-norm  rso-sample-rank 31% 3.37
hinge-norm direct 13% 3.33
hinge-norm sft-sample-rank 22% 3.56
RSOhinge-norm hinge-norm rso-sample-rank 33% 3.60

Statistical Rejection Sampling Improves Preference Optimization. Google Research. ICLR 2024 under review
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2.4 REFFINERYIEESIISIESR

RS
®  AnthropicHH
m Reddit TL,DR
m)l|Z5HESE
B DeepspeedChat
m Trl

m ClossalAl
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3.1 3iEE

B HHETRARBHNER DS
eFEEE

the fraction? (Answer: ‘ 14)

( :'_‘ ) @ @ Let's call the numerator x.
=) (@ @ So the denominator is 3x-7.
() @ @ We know that x/(3x-7) = 2/5.

®E® @ Sosx=2@3x-7).

ZOPM, ETIRERE

EHARRIFER

BEIRILLMIEZ= 0

1Tl

IEHEERES ERRENEE

The denominator of a fraction is 7 less than 3 times the numerator. If the fraction is equivalent to 2/5, what is the numerator of ‘

[ ORM [ PRM [ Majority Voting |
| % Solved (Best-of-1860) | 72.4 | 78.2 | 69.6 |

78

% Problems Solved (Best-of-N)

2DE @ 5x=6x-14,
66
e @ & Sox=T7. 64 —— Process-Supervised RM
—— Outcome-Supervised RM
52 —— Majority Voting
Figure 1: A screenshot of the interface used to collect feedback for each step in a solution. 10 162 1%

m SCISTSA

N = number of solutions per problem

o JE IXWGPT-4i#13iE. . . 22 ET’E’JORMWPRM

0 13 GPT-44 RS FrE RI%E

RES, MEMRIESRHITNGET,

IRBERITS

0: ZREMILFHIHAEZETHREAL, BEFNIAFATRERMNGANGAMARESE LRTFRRYGERR? O TFTEZARFAE, KRN

X TR &S HEAblogm AR F KT
A: BN AABLE R AL EELSITAETT ANFRESR LE 4.
AT 4

AR GAHAREG—ARF RS, LRE-AHHOIIF. RNBAARE, THRAAR

ERRIRESEN., XA TEAGRAART, kﬁﬁﬁ%%&%ﬁﬁﬁ%ﬂ%iﬁﬁ$ﬁﬁ
Let's Verify Step by Step. CloseAl. ICLR 2024 under review
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3.2 ZEIRMARRIFXFT

B FRELIERRMEZECRIARRFSNEN, NYEXSTEHI TS,
{ERAARERReward ModelsEERARBRAERF

(a) Preference-based RLHF (b) Ours: Fine-Grained RLHF
Step 1: Collect human feedback and train the reward models
Prompt: Prompt:
What are the 3 most common gasses in earth’s atmosphere? What are the 3 most common gasses in earth’s atmosphere?
LM outputs: LM output:

et oren atairc by et gravity. The most common gas, by dry air volume, is nitrogen.

The atmosphere of Earth is a layer of gases retained by Earth’s
e The atmosphere of Earth is a e The atmosphere is commonly
Earth's gravity... by volume that dry air ... The second most is oxygen. The third most is carbon dioxide.

The air that surrounds the The atmosphere of Earth is Fine-Grained Human Feedback
G planet Earth contains various Q the layer of gases, generally @ Relevance RM

gases. Nitrogen... known as air....
Irrelevant / Redundant

- AMEX. EESNAER
Human Feedback @ —> % Factuality RM
Unverifiable / Untruthful

N = e +H s
« IBIBEESCHEIR
9 3 e = 0 & o = @ Preference AM Missing The third most is Argon % fomation
Ssing JGINGSTRNORn. CompletenessRM é}Z{%‘EZ:%%
o

Step 2: Fine-tune the policy LM against the reward models using RL

Sampled Prompt: Does water boil quicker at high altitudes? Sampled Prompt: Does water boil quicker at high altitudes?

\L Relevant: + 0.3 Factual: - 0.5]
It takes longer for water to boil at high

. ) . It takes \lpnger for water to boil at high
—> altitudes. The reason is that water boils at —3 alitudesYihe reasot is That water bojls:at
a lower temperature at higher altitudes.

PPO PPO a lower temperature at higher altitudes )
Preference Reward: - 0.35

TUpdate policy with rewards |

(Relevant: + 0.3 Factual: + 0.5 Info. complete: + 0.3
TUpdate policy with rewards

Fine-Grained Human Feedback Gives Better Rewards for Language Model Training. Allen Al. NIPS 2023 poster 35
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3.3 BEIXFF

B ERTFAERE, BENEBRAIRZRIE TEFNCEH5eEENE
B OEHTWFITERSNES, BMMNARERZE—INEHNUBNAIRSE, F15
ResearchergEiB 5 EZAIRTEIFIRG ], RAZEIE BRI

B EZEAL FRALLMBRALIRE, LUSEAEBEFXITE0IZRmE
B Phase1: Harmful Resp from Helpful RLHF — Critique — Revision — SL-CAI Model

B Phase2: from CAl + from Human — RM — RL-CAI Model
Response
Generate Responses 4 Finetuned
to “Red Teaming” Critique SL-CAI
HeIﬂgLP;:.HF 3 Prompts Eliciting Model
Harmful Samples " e 1E
| Revision ;
Constitutional Al Feedback
for Self-Improvement RLAIF
Generate Responses Finetuned Training Final
to “Red Teaming Preference with RL-CAI
Prompts Eliciting Model (PM) PM + SL-CAI Model
Pairs of Samples Models

Constitutional Al: Harmlessness from Al Feedback. Anthropic. research paper
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3.4 407 B BT AB A 2 Y A1 BY

mERIRIRISF AR T AR RS, (BEREENATRR, BifeBMbkES
FNEBENEIERITH, EASSELIEH TR EREE

® OpenAlfJEBHRIFT/INE (superalignment) BIHF—PMURIRRR: {ER/IVME
AEEAERE, RKYALKEGREEumE BRI A TERERIRBBHITLIEAR

Traditional ML Superalignment Our Analogy

Human level

Supervisor Student Supervisor Student Supervisor Student
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3.4 407 B BT AB A 2 Y A1 BY

(&%

B SLIRTSA:
B SINEHER-E TR EEUEIGERIRIMER, IBEARAE
B RRARR-E TN EE AN E AR GERIR RS
B _FRRIEER-E TR 4UE) I S5ERIINAREY

weak supervisor —

naive finetuning —

strong ceiling —

I 1 I I I
GPT-2 ~2.5 ~3 ~3.5 GPT-4

B AREKRA, JMEEGPT-20] LK AREARGPT-4R9KE D RES D, (EEHIKRER
GPT-3.589M8E, EZEATLAERMZ AR/ MRS AINERR £

B OpenAlEXFIISRIRAIEEEZ (Weak-to-strong generalization) , X<
KRBREZWIHRTESRIRERR, BEELHREREEERERNEEESH

Weak-to-strong generalization: Eliciting Strong Capabilities with Weak Supervision. OpenAl. research paper
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