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Introduction

Background: Back-Translation

- B RES X B3t 57| QISiAE W AWAT TAsICY,
. 0|2 50] ot} X 22 o|0|S 20| 074X Y10|2 FO{HOF BHCt,

German

Ich beflirworte die Feststellung des Berichterstatters, dass der Weltraum nichtb .
Obgleich sie wohlwollend gemeint sind, werden die vergeschlagenen Anderungen auf ™.
Ich komme zum Schlud, Herr Prasident. Ich méchte sagen, dai das Recht, dal das G .
Ich denke jedoch wirklich, dass wir in den nachsten paar Jahren erleben, dass si -.

Deshalb sehe ich keinen Zusammenhang zwischen der Stilllegung von Ignalina und d .

English

I support the rapporteur's stipulation that space should not become weaponised.
Although meant well, the proposed amendments will, in my view, in fact, hamper t -.
To conclude, Mr President, I want to say that the law represents or should repre .
I do think, however, that in the next few years, we will see them abandoning the .

[ therefore see no link between the closure of Ignalina and security of supply i -.
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Introduction

Background : Back-Translation

- 1. 227712 M2 HEO|H ZE AFESl A BtoEe Y B E= BF=C
- 2. 22|17 712 Bt 0] HIO|E & 2HS 0 Xl wiCfutsk A p Elo) QI3SiAM S =L
- 3. AT} OtE H|O|E{= O] M| &!=d0] £ ZfX| 1 QE THAUAI0] H0|E{ = E=& 0| EILC}
- O ZITHSH ofo|Ciofo|X| 2t H S = 2HS| o] ot AMZACE N (CiA SHXMU HE )
NEW DATASET
[ ] En—-De En-Fr
a. Gehring et al. (2017) 25.2 40.5
SRC: LH & X|L D Q0] < HAY| Mo b. Vaswani et al. (2017) 284  41.0
TGT : | am good « E|_|-OEI O|_-I O_I E‘” Ol E_I c. Ahmed et al. (2017) 28.9 41.4
d. Shaw et al. (2018) 29.2 41.5
SRC: LF= ZOf X|LjCh < H{ Ol 7| A A DeepL 333 459
Our result 35.0 45.6
TGT:lamgood < ma=Ruly REIMIS detok. sacreBLEU? 33.8 43.8
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Method

Instruction Backtranslation

Step 0. Step 1. Self-Augmentation. Step 2. Self-Curation.
Initialization Train a backward model M, to lteratively select high-quality
generate instructions for unlabelled augmented data A kt for next

data to create candidate training data iteration self training

B

Augmented Data Iteration 1 Iteration 2
Unlabelled Data {y; } A= {I;,ya

A

@@@

Augm?nted Data Augmented Data
AY c A AP c A

LLaMA M,, M, ‘ M,

Seed Data

Self-augment:
unlabeled data®l| CH St instruction= A A SH A instruction

tuning= ¢l2t £ St& O|O| & @ {Instruction, Output}
A A
O -

Self-curate:
712 B2= 5G| A instruction= EES
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Method

Instruction Backtranslation

Step 0.
Initialization
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rep 1. Self-Augmentation.

ain a backward model M to
pnerate instructions for unlabelled
ata to create candidate training data

Step 2. Self-Curation.
lteratively select high-quality

augmented data Ag) for next
iteration self training

1) Initialization
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Method

Instruction Backtranslation

Step 0. Step 1. Self-Augmentation. Step 2. Self-Curation. . . .
initlization | | Train a backward model My to || erativly seloct high-quality 2) Self-Augmentation (Generating Instruction)
generate instructions for unlabelled augmented data A i for next
data to create candidate training data | | iteration self training
I— - AE H|O| & {Output, Instruction} pair {(y;,z;)} 22 LLaMAS
FI% B | | 7ol et 2 E(backward model) M, = p(z|ly) & €=
Unlabelled Data { Augmented Data Iteratio [1 Iteration 2
nlabelled Data {y )
A={Zui} - Unlabeled Instruction data@! Y; £ H4lsF D EI0| 2O

A

W r

@ @ @ ) A= {(Zi,y:)} €=

LLaMA yz MO
! _T OO0 T MO 7 & == UZ. It 1FH subset2)
e B Aug;l??ted' lata Aug:entzdgata curatlon% Inl E:I -6H O|: -c',I;!.

Seed Data

= KOREA

UNIVERSITY 10 /999




Method

Instruction Backtranslation

Step 0.
Initialization

Step 1. Self-Ay
Train a backwal
generate instrug
data to create ¢

B

mentation.

model M, to

bns for unlabelled
ididate training data

Step 2. Self-Curation.
lteratively select high-quality
augmented data Ag) for next
iteration self training

3) Self-Curation (Selecting high quality examples)

OF=0{ 7 §|0|E & 1E & examples Bt= MEISHE THA|

Al E Instruction Model2l MOE A& S 2 EUHSIY AL

Augmentl [Data lteration 1 Iteration 2
Unlabelled Data {y; } Yi} R N - MOE 7_|I- %%I- )Ik:II-I%OIJ A = {(f“yz)}oﬂ |:H-5H |:.”0| E_l %g% SE
r W r
® B || =2
I = - 1
LLaMA M, My - BRIt a; > kA MEES MM curated set Agﬁ PYPN
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Method

Instruction E

Step 0.
Initialization

Step 1. Self-
Train a back
generate ins
data to creat
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Unlabelled Data {y; }
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Augm
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& @

LLaMA

My,
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Seed Data

Table 19: Prompt used in the self-curation step to evaluate the quality of a candidate (instruction,
output) pair in the dataset derived from self-augmentation.

Below is an instruction from an user and a candidate answer. Evaluate whether or
not the answer is a good example of how AI Assistant should respond to the user’s
instruction. Please assign a score using the following 5-point scale:

1: It means the answer is incomplete, vague, off-topic, controversial, or not
exactly what the user asked for. For example, some content seems missing, numbered
list does not start from the beginning, the opening sentence repeats user’s question.
Or the response is from another person’s perspective with their personal experience
(e.g. taken from blog posts), or loocks like an answer from a forum. Or it contains
promotional text, navigation text, or other irrelevant information.

2: It means the answer addresses most of the asks from the user. It does not
directly address the user’s question. For example, it only provides a high-level
methodology instead of the exact solution to user’s question.

3: It means the answer is helpful but not written by an AI Assistant. It addresses
all the basic asks from the user. It is complete and self contained with the
drawback that the response is not written from an Al assistant’s perspective, but
from other people’s perspective. The content looks like an excerpt from a blog post,
web page, or web search results. For example, it contains personal experience or
opinion, mentions comments section, or share on social media, etc.

4: It means the answer is written from an AT assistant’s perspective with a

clear focus of addressing the instruction. It provide a complete, clear, and
comprehensive response to user’s question or instruction without missing or
irrelevant information. It is well organized, self-contained, and written in a
helpful tone. It has minor room for improvement, e.g. more concise and focused.

5: It means it is a perfect answer from an AI Assistant. It has a clear focus on
being a helpful AT Assistant, where the response looks like intentionally written

to address the user’s question or instruction without any irrelevant sentences. The
answer provides high quality content, demonstrating expert knowledge in the area, is
very well written, logical, easy-to-follow, engaging and insightful.

Please first provide a brief reasoning you used to derive the rating score, and
then write "Score: <rating>" in the last line.

<generated instruction>
<output>

CHolf GO 22 58

1
curated set .AEC )g“é;'

Mt 7hX| BE=oi A [T
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l Large-scale language model pretraining

o Training on code "
Experiments =GPl — it o

Setup ‘, |

GPT-3 Series Codex Initial InstructGPT Initial

l LM + code training then instruction tuning

A E HI0|E{: 32007l 2| examples 9! OpenAssistant A& GPT-3.5 Series | supervised instruction turing
RLHF RLHF
- 0] &5, human annotated data®l 0 == 7|2 = AFE (1H T ) }

Unlabeled Data: Clueweb Corpus®| A| 502k L|O|E{ & M= S Al A

D LLaMa [7B, 33B, 65B] 2 & AtE. @18 EZ0| Ot =3 EZ 0| CHSH A BF lossE optimization
-T: 0.7, p: 0.9

- 0|2 st&st 2 E 2 Humback O|2t1 22
Baselines:
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ExXperiments

Evaluation Setup

- H2A2E ZEIZE (g7} Oo[EAN). - Validation
- Vicunal| 80/ EETE - HAEA
- Self-instructl| 252 ZEZE
- OpenAssistant2| 188 L E - HIILH.
-Koalal| 156 ZEEZE
-HH_RLHF2| 129 ZEEZE

-LIMAS| 300 ZE5 = E
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- Human Evaluation
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EXperiments

Q Type [/])to search

= O tatsu-lab / alpaca_eval

<> Code @ Issues 1 © Security |~ Insights

11 Pullrequests () Actions [ Projects

, @ AlpacaEval : An Automatic Evaluator for Instruction-
following Language Models

Data License CC By NC 4.0 | python 2.10+

AlpacaEval 2.0 with length-controlled win-rates (paper) has a spearman correlation of 0.98 with ChatBot Arena while
costing less than $10 of OpenAl credits run and running in less than 3 minutes. Our goal is to have a benchmark for
chat LLMs that is: fast (< 5min), cheap (< $10), and highly correlated with humans (0.98). Here's a comparison with
other benchmarks:

Code License | Apache

Chat Arena Spearman correlation

6;@ K\‘-'\ *ﬁQ‘ 'a & Th \F"IE}r
&S & é’“‘ & @""’ &
QC:» AL JE 8] <& s
S & “
o @ﬂﬁ

%7 Star 1k
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Results
GlO|E| &4

# examples Instruction Length Output Length
Seed data 3200 148 + 322 1072 + 818
Augmented data, AZL 41821 115 + 175 1663 + 616
Augmented data, Af) 195043 206 £ 298 1985 + 649
Augmented data, all 502133 352 £ 134 1722 + 653

(b) Augmented data in A5

2 KOREA

%/ UNIVERSITY

17 /21



Results
HIolE]! R alE H|O|E{ ©F
10l&{ Z2|E| vs HIO|E] w/o self-curation

- HIO|E &2 s2lctn 450 ZOtX|X| &=

75 w/o self-curation
70 [ {XI:YJ}E-AE}
. (x;,y) € AP

s A_4,A_5
5 . 27t EL HlolE & Be +2 0t
c 60
=

55

o | 1 B

45

3200 6400 12800 25600
Data Size
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Results

Clole 2AAHYE 2E8
70 4 Humpback
(] .
7/ WizardLLM
60 - P Alpaca GPT-4
R Ko —— Vicuna (sharegpt)
o 201 ,’,.\ / — OA
E 40 = LIMA
c e Alpaca
2 30 —— FLAN v2
—— Non-distill
201 ——- Distilled
10 A
0 L
10? 103 10*
Data Size

Figure 3: Comparing data efficiency of different instruction tuning datasets. The y-axis is the win
rate against text-davinci-003 when finetuning 7B LLaMa with the given instruction tuning dataset.
Dashed lines depict models that use distillation from more powerful models to construct data, and

methods with solid lines do not.

Table 2: Scaling coefficient ov of representive instruction datasets created using differnet methods and

data sources.

Source o T
Humpback (this work) OA, self-augmented and self-curated £.95
Wizard LLM? (Xu et al., 2023) Distilled from ChatGPT, GPT-4 (June 2023) 5.69
Alpaca-GPT4 (Peng et al., 2023) Distilled from GPT-4 (April 2023) 5.40
Vicuna (Chiang et al., 2023) Distilled from ChatGPT, GPT-4 (June 2023) 4.53
Open Assistant (OA) (Kdpfet al., 2023)  Human Annotation 4.43
LIMA (Zhou et al., 2023) Human Annotation, Community QA 2.86
Alpaca (Taori et al., 2023) Distilled from ChatGPT (March 2023) 1.99
FLAN v2 (Chung et al., 2022) Instruction data for NLP tasks 0.22

<2

text-davinci-0031

| H| ok

| N

W

n rate

2t R HEO| =02 FHHO|HZ 7B LLaMaE =
‘ds |4,
- HM 2 powerful 22 AFESHA OtE S
OO|H, 42 CHE SX0|M 7HH 2 4| O]
Humpbackl| 8% k=5,t=2
= O|O|E LO| 501 =&, d5 57t
> SF= HOE7IE&2 80| £
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Results

Model Quality — AlpacaEval text-davinci-0031} H| 1 St Win rate

Table 3: Results on the Alpaca leaderboard (win rate over text-davinci-003 evaluated by GPT-4).
Humpback outperforms other non-distilled models by a wide margin with efficient data scaling

. . m—i= H = .
beyond human annotated data. ° NOI’I-dIStI"Ed. O-I [ O|_|' Ql—l— E éI(O:” . ChatGPT, GPT-4
y = O|=3&LK| OF 71 &= 29| ol [HEEo
6) |o—|_|'__ol'xl s L =& LLaMa % =. H_I__E—
Annotated Examples Total Examples Win Rate % E L_élt O|_I|7_I' —;F—A—_l E” Ol E‘I O'” = | 9_|T'_—
Humpback 33B 3k 45k 79.84 o o . 24 = Cle 211 — ] L
Non- OASSTRLHF33B 161k 161k 66.52 e Distilled: £ %I'Ijl ot Q|2 R HELS —raigﬂ L2550
distilled  Guanaco 33B ok 9k 65.96 Az RE(E BHEINAM HIO|HE TF)
OASSTSFT33B 161k 161k 54.97 o
. O o o~ =
Non Humpback 65B 3k 45k 83.71 ® PIE}IJFH‘IEtEM‘VZ%jlgu| E'” O| E‘| xl 7|§ = Af%""o:l —S—E_E._l
L Guanaco 65B Ok Ok 71.80 h PT CI
distilled LIMA 65B Ik Ik 6270 = (C atG , C aUde)
Non- Humpback 70B 3k 45k 87.94
distilled LLaMa2 Chat 70B 1.4m 5.7m 92.66 o o o O *
Vicuna 33B 140k 140k 88.99 > H_lllmpbath non-distilledOf| A] &2 O|O|H = Z| 10
Dictilleg  WizardLLM 13B 190k 190k 86.32 M=
SUEEE airoboros 65B 17k 17k 73.91
Falcon Instruct 40B 100k 100k 4571 = distilled [-|| O| E-| = %’S%
GPT-4 95.28
Proprietary Claude 2 01.36 9 Humpback9| SEIf-Curationol El)i% 7c:)|_cl)_, non'disti”edE
ChatGPT 89.37 7H Xl
Claude 88.39 =

KOREA
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Results

Model Quality — Human Evaluation 11307 T EZE 2 HAE (win rate)

Humpback wins Tie Humpback loses 7—|F E%EEO” I:H -6H, _II:_ El:él | = E:| X-”Al

Humpback 55.6 6.7 37.8 i o e
v LIMA MEOA M 7tA] 53 SO HESIES 27 (=AM HE)

Humpback

1) X A BEo| £0| £ B RYEC AN LIS

s, Guanaco 296 = =
Humpback )_I|:_ I:II—-IXRH EE”(—)- EE—':llol chd Hl_-lmH El:élﬁl:l- ng '—|‘%
66.7 13.5| 19.8
vs. davinci-003 -
VS. Falc%l:\t?r?safslét — & ) ll:_ EE_I I7_|-01| -Ic-)rgl Dl OI_I- X|-O| 7|- 81%

0 20 40 60 80 100
Win rate (%) —

= AlpacaEvaldl &3 FA}

Figure 4: Humpback is preferred to both open source (e.g. LIMA(Zhou et al., 2023) (65B), Guanaco

(Dettmers et al., 2023) (65B),Falcon-Instruct(Almazrouei et al., 2023)) (40B) and proprietary (e.g.

davinci-003(Ouyang et al., 2022) and Claude(Bai et al., 2022a)) instruction-tuned models in pairwise

human preference judgements.
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Figure 4: Humpback
(Dettmers et al., 20z
davinci-003(Ouyang
human preference ju

Imagine that you have a super-intelligent Al assistant, and that you require help with the following guestion.

Which answer satisfies your need?

Question 1: Best species of moss for a rock garden in the Midwest USA?

Answer A: Zone 4a - You need to have some winter cold to grow
moss successfully in a rock garden. Even zones 5 and 6 need
some winter cold. Mosses that grow in shady areas have more
tolerance for cold than those that grow in sunny areas. Mosses
grow best in acidic soil, so you may need to add some sulfur to
the soil. I suggest you visit a local nursery that specializes in rock
garden plants. They will have the right mosses for your area.

Comparing these two answers, which answer is better?

O Answer A: Answer A is significantly better.
O Answer B: Answer B is significantly better.

O Neither: Neither is significantly better.

Explain your choice: (required)

Answer B: Moss is not a plant, it is a bryophyte. There
are 12,000 species of moss, so you need to be more
specific as to what type you want. Most mosses are not

particular as to soil pH, but do need consistent moisture.

Some will tolerate full sun, others only shade.

#
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— O
>
a
>
a
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Results

Model Quality — commonsense Reasoning & MMLU 5 Commonsense Reasoning Benchmarks &

MLLU (Massive Multitask Language Understanding)

Table 4: Comparison on zero-shot commonsense reasoning and MMLU.

OpXE7EK| 2 FHME!
SIQA PIQA Arc-E  Arc-C  OBQA MMLU A 7EX| 2 7 M E
LLaMA 33B 50.2 82.2 80.0 54.8 58.6 49.5

Humpback 33B 534 74.5 84.4 68.5 46.4 554
LLaMA 65B 52.3 82.8 78.9 56.0 60.2 54.8

Humpback 65B  60.4 78.9 88.7 73.0 64.0 59.0 85
80
Table 7: Results on MMLU by domains.
75 seed model, 65B
g /=
Humanities STEM Social Sciences Other Average < 70 /‘_____._...---
LLaMA 65B, 5-shot 61.8 51.7 72.9 67.4 63.4 2 /’
LLaMA 65B, 0-shot 63.0 42.5 62.3 57.5 54.8 .
Humpback 65B, O-shot  65.6 47.6 68.1 60.8  59.0 60 — Humpback, 78
Humpback, 65B
3> ____seedmodel,7B__________________
6% 103 2x10% 3x10%x10*
Data Size

Figure 7: Scaling up self-curated instruction data A5 brings improvement in both small (7B) and
large (65B) LLaMa finetuned models, and neither model is saturated with 40,000 instructions.
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Ablations

Training on self-augmented data only
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Ablations

System Prompts

Table 5: Effect of system prompt. We report mean win rate and its standard error.

Train Inference Win Rate (%)
S, for seed data, S, for augmented data  {S,, Sy, } 66.47 +3.04
no system prompt no system prompt ~ 59.96 +3.09
S, for seed data, S, for augmented data S, 62.69 +3.06

S, for seed data, S, for augmented data no system prompt  62.70 £3.07

3) Self-Curation (Selecting high quality examples)

- A= HO|E{ 2] system promptH|-= “Answer in the style of an Al
, N . " . T T = L -
Assistant”E 2/ E5t1, A = {(7;, %)} 0| i} A= “Answer in the > 2 &%&E —_rl'—||_— OH A‘I I—_é-—l — Z'J Ol AO-I r=) E‘l

style of an Al Assistant” AF23}0] Iterative Curation =%

OH

= KOREA
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Appendix

QOutput:

Inclusive Sports Coaching provides 1:1 Programs for individuals looking to
develop their sporting skills, as well as improve their self confidence and
opportunities for social and community inclusion.

We recommend an 8 or 12 Session program to identify areas for improvement
and sporting skills, conduct drills and physical activities to work

towards specific outcomes, while engaging with the client in areas such

as listening, memory retention, cognitive processing, social interaction,
encouraging conversations, accepting and giving constructive feedback, and
other areas as needed.

At the halfway point we produce a status report on progress, and have found
parents/carers often share this with 0T’s, Physios and Teachers as a way to
share information on the individual and provide a strong network of support.
At the end of the program we produce a final report, with recommendations
for ongoing improvement, potential for progress along the person’s chosen
sport pathway where applicable, etc.

Generated instruction: I have a business called Inclusive Sports Coaching.
We provide 1:1 sport coaching for people with disabilities. I want to

have some materials on hand to give to parents when they enquire about our
services. What do you recommend I include in these materials?

Table 10: Examples of instructions generated by the backward model M.

Table 11: Improvement of our method over the seed model in mathematical reasoning.

Prompt: Jeff takes 20 minutes to jog around the race course one time, and 25 minutes to jog around a
second time. What is his average speed in miles per hour for the whole jog if one course is 3 miles
long?

We can start by converting the minutes into hours:
20 minutes = 0.33 hours 25 minutes = 0.42 hours
Total time = 0.75 hours

My Next, we can calculate his average speed using the distance and total time:
Average speed = Total distance / Total time Average speed = 3 miles / 0.75
hours Average speed = 4 miles per hour
Therefore, Jeff’s average speed for the whole jog was 4 miles per hour.

We can calculate Jeff’s average speed in miles per hour for the whole jog as
follows:

Total time taken to complete two jogs = 20 minutes + 25 minutes = 45 minutes
Distance covered in two jogs = 3 miles * 2 = 6 miles

Average speed = Total distance / Total time

Average speed = 6 miles / 45 minutes

Average speed = 13.33 miles per hour

Therefore, Jeff’s average speed in miles per hour for the whole jog is 13.33
miles per hour.

+A:

on

Training. For experiment on data scaling efficiency, models were trained with increas-
ing number of examples N for each dataset.  For fair comparison, for each N &
{100, 800, 1600, 3200, 6400, 12800, 25600, 51200}, all datasets were trained for the same number
of steps with the same batch size as is shown in Table 18.
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Method

Self-Rewarding Language Models

Self-Instruction creation

Seed model
(for =1)
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new prompts

Generate
responses
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Instruction following training
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{x1, 92, y!}

Next iteration model
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Method
Self-Rewarding Language Models

1) Initialization
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Method

1) Initialization

1-1) Seed instruction following data (IFT | O] E])
AEetEE LLIME

st&ot7| flsf el7to| A/dot Lt X[H 7| oM A|E Al Instruction Fine-Tuning (IFT) A&

HIO|E{ = (instruction prompt, response) pairs® T4 (OpenAssistant/oasst1 C|O|E{ A0 A| 3,200702] & CHst EH Ot MEZISI ALE)

1-2) Seed LLM-as-a-Judge instruction following data (EFT G| O] E{)

IFT HIO|E 2t ALl = LLM-as-a-JudgeE of5 7hsotX| 2 O|2{¢t st&

O|EHLE 52 M58 ShANA|Z £ ofe.

| O] E{ = (evaluation instruction prompt, evaluation result response) pairs= -3

S HlOlEHOM RIS 28 ZE= 2A0|A &7 instructiond| Cigt F=0{T

response?| qualitys B7ISt=& @¥F5I= A.

- NS El evaluation result response= CoT =21} 58 UHH % F M+-=2 M

- LLIMO| O3 SHe| 5E= i”OF._ 5 points (relevance, coverage,
usefulness, clarity and expertise)= AFH&5t0 3= H7t

KOREA

UNIVERSITY

Review the user’s question and the corresponding response using the additive 5-point
scoring system described below. Points are accumulated based on the satisfaction of each
criterion:

- Add 1 point if the response is relevant and provides some information related to
the user’s inquiry, even if it is incomplete or contains some irrelevant content.

- Add another point if the response addresses a substantial portion of the user’s question,
but does not completely resolve the query or provide a direct answer.

- Award a third point if the response answers the basic elements of the user’s question in a
useful way, regardless of whether it seems to have been written by an Al Assistant or if it
has elements typically found in blogs or search results.

- Grant a fourth point if the response is clearly written from an Al Assistant’s perspective,
addressing the user’s question directly and comprehensively, and is well-organized and
helpful, even if there is slight room for improvement in clarity, conciseness or focus.

- Bestow a fifth point for a response that is impeccably tailored to the user’s question
by an Al Assistant, without extraneous information, reflecting expert knowledge, and
demonstrating a high-quality, engaging, and insightful answer.

User: <INSTRUCTION_HERE>
<response><RESPONSE_HERE> </response>

After examining the user’s instruction and the response:

- Briefly justify your total score, up to 100 words.
- Conclude with the score using the format: “Score: <total points>"

Remember to assess from the AI Assistant perspective, utilizing web search knowledge as
necessary. To evaluate the response in alignment with this additive scoring model, we’ll
systematically attribute points based on the outlined criteria.
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2) Self-Instruction creation
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Method

2) Self-Instruction creation

Self-| pstruction creation Instruction following training
Generated Seed model Generate Generate Preference
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Method

3) Instruction Following Training

Self-Instruction creation Instruction following training
Generated Seed model Generate
new prompts (for z=1)
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Method

4) Overall Self-Alignment Algorithm

Self-Instruction creation Instruction following training
Generated Seed model Generate Generat Preference

new prompts (for z=1) responses rewards| pairs

1 1 DPO
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ExXperiments

Model & Seed Data
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Seed Data
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ExXperiments

r=id R

- Instruction Following Ability
- GPT-42 AlE & Alpacabval 7 ZEZE
- Winrate AFE
- MT-Bench (=8}, 2 d, 20|, & & &)

- NLP Benchmark
- ARC-Easy, ARC-Challenge, Hellaswag, SIQA, PIQA, GSM8K, MMLU, OBQA, NQ

- Winrate AFE
- MT-Bench (=&, 2 Y, EE2{0], & &)

Training Details

- SFT
- global batch = 16, drop out = 0.1
- Ir=5.5e-6~1.1e-6

- Self-instruction Creation
- MER ZEZE 44 > Llama 2-chat 70BE 8-shot Z-EZ 251 0] Self-Instruct WA S 24 /4
IFT GO Ol M 671 AHE & HEE ZEZEO|AM 270 AHE
Temperatur = 0.6, top-p =0.9
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Results

Instruction Following Ability

Self-Rewarding Wins Tie SFT Baseline Wins

Self-Rewarding My
VS. 62.5 27.7 9.8

SFT Baseline

Self-Rewarding M,
Vs, 49.2 36.3 14.5

SFT Baseline

Self-Rewarding M;
VS, 30.5 38.7 30.9

SFT Baseline

Left Wins (in Left vs. Right) Tie Right Wins

Self-Rewarding M3
VS, 47.7 39.8 12.5

M,

Self-Rewarding M,
Vs, 55.5 32.8 11.7

My

Self-Rewarding M3
Vs, 68.8 22.7 8.6

My

Figure 3: Instruction following ability improves with Self-Training: We evaluate our
models using head-to-head win rates on diverse prompts using GPT-4. The SFT Baseline is
on par with Self-Rewarding Iteration 1 (M;). However, Iteration 2 (Msz) outperforms both
Tteration 1 (M;) and the SFT Baseline. Iteration 3 (M3) gives further gains over Iteration 2
(M), outperforming M;, M> and the SFT Baseline by a large margin.
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T2k A IFT+EFT 22 S Self-Rewarding 2 & O 1EHA(M_1)2 AFEE &=

o X|dHSE A Ol
she S ZIRE 4 9l

III|O
fujo

o|of.
0, O|=

| O

KOREA

UNIVERSITY

39/999




Results

Instruction Following Ability

Self-Rewarding Wins Tie SFT Baseline Wins

Self-Rewarding My
VS. 62.5 27.7 9.8

SFT Baseline

Self-Rewarding M,
Vs, 49.2 36.3 14.5

SFT Baseline

Self-Rewarding M;
VS, 30.5 38.7 30.9

SFT Baseline

Left Wins (in Left vs. Right) Tie Right Wins

Self-Rewarding M3
VS, 47.7 39.8 12.5

M,

Self-Rewarding M,
Vs, 55.5 32.8 11.7

My

Self-Rewarding M3
Vs, 68.8 22.7 8.6

My

Figure 3: Instruction following ability improves with Self-Training: We evaluate our
models using head-to-head win rates on diverse prompts using GPT-4. The SFT Baseline is
on par with Self-Rewarding Iteration 1 (M;). However, Iteration 2 (Msz) outperforms both
Iteration 1 (M) and the SFT Baseline. Iteration 3 (M3) gives further gains over Iteration 2
(M), outperforming M;, M> and the SFT Baseline by a large margin.
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2> 3EH Az, REO[ XN 4 SEHO| CHE 7|=0 k= 0| X|X| 2= 2[0],
(2} A IFT+EFT 2 2 2 Self-Rewarding 22O 1THA(M_1)2 A& S = U2, 0| =

Ht=S Tde = UAS

_|_

Iteration 2 (M_2)< Iteration 1 (M_1) % SsFT H|O| A2} Q1 & C} 7H M E

Self-Rewarding &F 52| 2CtA|(M_2)= 1EHA (M _1)2t2| S| E &S| E HIHO| A =3t

Instruction Following & 2. SFTH|O| A E0H = /| M=l &
2> 1AM M S & ArFT(M_1) 2 HIO|E & AHE5H0 d50| 2A eFeElCh= AS 20|

 KOREA

UNIVERSITY 40 /999




Results

Instruction Following Ability

Self-Rewarding Wins Tie SFT Baseline Wins

Self-Rewarding My
VS. 62.5

SFT Baseline

27.7 9.8

Self-Rewarding M,
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SFT Baseline

36.3 14.5

Self-Rewarding M;
VS, 30.5

SFT Baseline

38.7 30.9

Left Wins (in Left vs. Right) Tie I Right Wins
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EFT+HIFTA|E SS2 IFTTHE S5t A
LLM-as-a-Judge Instruction Following (EFT)E 7
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S, IFT Gl O] E{ T AFE

ot 492t

H| 10 S} ™ Instruction Following & & 0| 2= 0| X[ X| &S

> S8HQ ZitE, D ol XHA Eg SHO| CHE 7|0 &= O|X[X| ¢ZZ= 2|0,
(2t IFT+EFT 2 3 2 Self-Rewarding Z 2O 1THA (M _1)2 A2 S = JUSH, 0|2
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Iteration 2 (M_2)< Iteration 1 (M_ 1) | sFT H|O| A2} & C} 71/ &

Self-Rewarding &5 2| 2EHA(M_2)= 1EHAI(M_1)2t2| S| EF3| = F7H0| M 22t

Instruction Following & . SFT Hj O|ﬁ9f =0k 7Hﬁ5_| 45
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Iteration 3 (M_3)< Iteration 2 (M_2)2.C} 7 M &l

Self-Rewarding M3
vs. 47.7 39.8 12.5
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Self-Rewarding M,
Vs, 55.5 32.8 11.7
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Self-Rewarding M3
Vs, 68.8 22.7 8.6
My

Figure 3: Instruction following ability improves with Self-Training: We evaluate our
models using head-to-head win rates on diverse prompts using GPT-4. The SFT Baseline is

lteration 3 (M_3)2 Iteration 2 (M_2)2F2| 7L M 47.7% 22|, M2= 12.5% 22| 2 71X 0
de SHO| LIEHE. sFT H|O| A2t CHH| M32| SE2 62.5% S2l,9.8% LiH{ = 575} 0
M2 RRECHE A== s2l"

> MHIH O 2 jteration 22| 24 B EHO| M K& =l AIFT(M2) HIO|E &

329 —.*QS S5 2 M5 Hato| B E

A5 Iteration

on par with Self-Rewarding Iteration 1 (M;). However, Iteration 2 (Msz) outperforms both
Iteration 1 (M) and the SFT Baseline. Iteration 3 (M3) gives further gains over Iteration 2
(M), outperforming M;, M> and the SFT Baseline by a large margin.
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Results

Instruction Following Ability

AlpacaEval 2.00{| M £ 5 Skab b=

Table 1: AlpacaEval 2.0 results (win rate over GPT-4 Turbo evaluated by GPT-4).
Self-Rewarding iterations yield improving win rates. Iteration 3 (Mj3) outperforms many
existing models that use proprietary training data or targets distilled from stronger models.

Zol= / 2Xot= 7HH e

35 1 +o— w1,
304 ™ Alignment Targets
= s Model Win Rate Distilled Proprietary
= Self-Rewarding 70B
ey Tteration 1 (My) 9.94%
= Iteration 2 (Mz) 15.38%
: Iteration 3 (M;) 20.44%
= Selected models from the leaderboard
GPT-4 0314 22.07% v
Mistral Medium 21.86% v
Claude 2 17.19% v
T T T T T T T T T T T T T T T T T GEIIliIl‘i‘ P‘[O 16'85% /
£33 8885 g y=zg7 e plelsey GPT-4 0613 15.76% v
ERERE EEEEES AR 2% GPT 3.5 Turbo 0613 14.13% v
mEST S 3 CICICR: Aslz €S LLaMA?2 Chat 70B 13.87% v
-E 5 55 E 2 Z|E = Vicuna 33B v1.3 12.71% v
= e =]z A Humpback LLaMa2 70B 10.12%
2 Guanaco 65B 6.86%
Davinei001 2.76% v
Alpaca 7B 2.59% v

k>
ks

2> MathO| M= M s , Reasoning®{| A= O} 2F7H9o| 7| M
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Results

Instruction Following Ability

NLP Benchmarks

Table 3: NLP Benchmarks. Self-Rewarding models mostly tend to maintain performance
compared to the Llama 2 70B base model and the SFT Baseline, despite being fine-tuned on

very different instruction-following prompts.

ARC (1) HellaSwag GSMSK MMLU NQ

challenge (1) ) MW
Llama 2 57.40 85.30 56.80 68.90 25.30
SFT Baseline 20.97 85.17 20.72 69.76 34.35
M, 57.51 84.99 60.27 69.34 35.48
Ma 54.51 84.27 59.29 69.31  33.07
My 53.13 83.29 a7.70 69.37 31.86

= Open Assistant ZTEZEE

benchmark ‘30| & 0{ X OF S} X| 2t
(RLHF OI—.—01I NLP benchamrk ‘3 H ot ElCt= O™ A+

C1-8, alignment tax)

IH*OE ot A0, NLP

, I 2 7X| e

MT-Bench (9 Tasks)

Table 2: MT-Bench Results (on a scale of 10). Self-Rewarding iterations yield improving
scores across various categories. Math, code & reasoning performance and iteration gains
are smaller than for other categories, likely due to the makeup of the Open Assistant seed
data we use.

Overall Math, Code Humanities, Extraction,
Score & Reasoning STEM, Roleplay & Writing

SFT Baseline 6.85 3.93 8.60
M, 6.78 3.83 8.55
M 7.01 4.05 8.79
M; 7.25 4.17 9.10

=> Math & Reasoning0l|A{ = O} 2F7Ho| 7| M
& H=H Ho|HE Exi=0|, HE|H|AME 7]/

Human Evaluation

Self-Rewarding Wins Tie SFT Baseline Wins
Self-Rewarding M3
VS, T 66.0 16.0 18.0
SFT Baseline

Self-Rewarding M;
Vs, 56.0 24.0 20.0
SFT Baseline

Self-Rewarding M,
Vs, 28.0 26.0 46.0

SFT Baseline

Figure 5: Human evaluation results. Iterations of Self-Rewarding (M,, Ms and
MS3) provide progressively better head-to-head win rates compared to the SFT baseline, in
agreement with the automatic evaluation results.
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Conclusion & Limitations

Self-Rewarding Language Models
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