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1T 7 PR, FFIF R T R T SERRI R L a8 A PEREVEAl BB T i

5.1 Experimental setup

FRATIUAEAE B B rp R LS 30 B B A BER AR (5 R .

AR RPN TR, HENERA X T i e 2 IR L 2Rt 7T, BRI IRATE ¢
TR RS . IRATEREEE AR 4 (OASSTI [31] , HH-RLHF [4]),
JEIL e A TR AR T RIS B BE 4 (Alpaca [55], self-instruct [59], unnatural-instructions
(261D, VARAERERGHME (FLAN V2 [12]), A —HSREGEUKEHESE (Chip2 [32],
Longform [30]) . XA S [ ARMIES « BRI vl HiE.



WEIRE N T ERAF UGB bR RTRE SR, BAVERH R L QB2 Xt
QLORA HHATHM ISR, A Rk 2: 3T, B B 42 A0 2 17 o AS [ i 12 fg N T 340 8
Xof T TR e i A R0 B2 [RGB R DX A B 4, RN R Rk B2 AT ORI 2R (G 2 LI
SEBH R RESEES ) . %FT OASST1 A1 HH-RLHF, ATV kA 2152 Y (1) fe AL i
R, FRTEERERE 2 h FIH TSR, BAETE Ay fERATMBTE SLi s, JAMEH
NF4 QLORAHEAT X E B AL F1 paged optimizers, LABH 14 FERE A 25 309 18] () N 7R 0648 . FRAT 1%
X} 13B A1 33B LLaMA B HEAT TRUNESEAIE R, FERIG 122 I B0, Bl
7B WIS B B A AR CRAERARED o TATE 3150k, o/ ings.

FOERR RATERAE 587/ (Vicuna [10] A1 Open Assistant [31]) AR (GPT-
4[42], GPT-3.5-turbo Fl Bard) W RHL#E N RGi#EAT L. Open Assistant B2 & —> LLaMA
33B B, fH R A AFRBIMERMSE S (RLHF) (ERRATHHT 5250 M AH R OASST1 i 4
ERFEATMIAYIZR. Vicuna X LLaMA 13B 4T /& MH#0A, HKH ShareGPT & A H F
SR SHEAT 77808, R JE OpenAl GPT #5284 (1) 751845 3 .

5.2 Evaluation

PR I ik, FATEIAMMLU  (Massively g o, gy QroR a 15 9 SRR A
Multitask Language Understanding) FEMENIRE 51 iy LLaMA #4709 MMLU 5 7t 2
AL — RINE S BMAES EROVERE[24]. 1A g

W — N 2UUEFENNK, WIF/STMES, B

SERECE . SR, TR, s, gy Dataset 7B 138 33B 65B
11345 T 5-Shotil ik E"J(ﬁaﬁi . LLaMA no tuning 35.1 469 578 634

Self-Instruct 364 333 53.0 567
FA R E AR T R MR L i 2 Longform 21 432 566 597
B 7. XA AR RO th AR E R B, P A5 al6 36 98

e - N " HH-RLHF 349 446 558 60.1
FERAEMERAEN TR, BARZZE AN EHE Unnaunalnstruct 419 481 573 613

VIR MLEE NERPEREINT &, IF HBROREESZ  Guanaco (OASSTD)  36.6 464 57.0 622
X, ABE SRR A L L, Rl Al W8 478 573625
EFEHA T RAMLS RS, HREFaRR 13 Sl W2 BI
TS FAZ O KAE (nucleus sampling), p = 0.9F0

T80T,

EEHE BRNWMHTHANEERMME B (0B HH L Vicuna
prompts[ | O]FIOASST 14 UE & [31]. AT H T Vicuna prompts, X J& — > HH & & £
ISR 80 MR IR & WA AT B . OASSTIHIEAE R — M2 EF WAL
MERZ BIEEE S, M ST RS RATER TR USRS R TA -
BAERNEW, RN P EREZRTER A XA SRS TOS3MN M P & &
AR X AN B B PR Vicuna FIOA BEEN .

BE1iTf &k, ETChiang et al. [1015] NBIVFAS R, FRATTE FIGPT-4% AN A & 4t
5ChatGPT (GPT-3.5 Turbo) 7 VicunaZ& #E Ml I (1) GE 24TV 70 &5 @ — /N2 DA
J ChatGPTAE AL (i 5, FRATTLEGPT-445 35X P AN BL 3 Bl — M0 7 HPR b fiRe . 1%
AU E AR B 8 TSR AR X T ChatGPTIRTF HI45 73 (0 H 4 EERUHR . vERE, W ARG T
Et.ChatGPT 5 = 4655453 73, IXANMAEATS 70 il e 215 T-100% . AT TR IMGPT-4M P-4 2252 3|
PR o I B e LA Ay (PSR . D T IR R R, FRATER VOGRS PR T B 45

I1e



BRR, BATES B R G R R YR RE . AT O RN — A =Rl
A, 25 R& BT BEAEAE TSI L. FRATTEORGPT- 4k F e AR i B BB AR F 51, ISR AL
FEo RATLE VicunaFOAFEHENA_E X Fr A R Gext 2 8] 1) BT HE 51 20 & 3R A7 3X 28— — g bE

g

NI BEAR BT B 50 3R B AL i B ] DU e T RGPk (191, (H4E AT A,
GPT-4f VP43 1E VP4l B R AL 28 AV RE I AT SE P 1 R E B 5 N BRI A5G, Rk, kAT
7E Vicuna& MR RIS 3E4T T A-PAT IO TV, 5 iR 3 b i PO Ve e . 3%
{148 1 T Amazon Mechanical Turk (AMT), N5 ChatGPTHI LRI T WAL N LiEREE, A
— X — B HEGR I T =R

Eloif4sy @it N TRIE I —xf— i, A1 7 — MR R T P S e 38 5%
o FAPRIEHH— RVILLIRALR, FALEET, — W RDE T 4 s e B s 72 A e o
XLl T Bai et al. [4]fIChiang et al. [ 10]LLEEARL 1) 7%, (HEATEMEH T GPT-4HIvE 7, B
TNTVGY o AT A AR 1 LR & P BENLR AL LAV S ELo VP43 [ 16, 17]. EloVF4r7E[H
B GAL AN ARG R T2 A, R A SR TR T R, plan, —
A~1100%7 1000/ EloiF 73 Kk #EElo 1100/t X $Elo 1000/%F T, T M: 26 £1°865%; —
A~1000%] 1000E% 1100%) 110011 bt 8 45 Fbs F B HUHANE R A50% . EloiF7r 2 3% L FE 1) T 45
FEBIATES, WU, R BIH ANERRF, ElolW /i af KIEE K2k, 1
H LT B 45 R & /NMEFE AR . BEFE I TR HERS ,  EloiF oK 3 AL T 45467 3% T 16 U7 Rk
TR REAKF . FRATAL,0000 9146 73 B0t iR, HMEHK = 32. 28l FChiang et al.
(101, FA s FR A O BEALR 7 22 2 X R 10,0000, PAREHIHERE 020, Fldn, wipeefs
RS 1 2 5 W AL A A 2 5 4 ) 5

5.3 Guanaco: QLORA trained on OASST1 is a State-of-the-art Chatbot

RIFRATH H BN TR, BATRIE L AT T QLORA, Bl Guanaco 65B,
£ OASST1 HZA84E FFAT R, R AR TR R LA ABAL, IF HAEMRE 15 Chat-
GPT Milfi3%. 5 GPT-4 Mltk, Guanaco 65B Fl 33B 7£ N BVEME RGP LA U EloLF
S TARER N30%, 1X7& H s s i

Vicuna& #E R4S F AN T ChatGPT UK 6FT~. FATKIL, Guanaco 65B &K T GPT-4
RO AL, 7F VicunaE A S AH 5T T-ChatGPTSEH, 799.3% K e . R Guanaco
33B [NZHHE S T Vicuna 13BEAY, (HHAE RS ARG, BRIILE NAERE EREE;,
H21 GB vs 26 GB, AHLtVicuna 13B#EE T =AH 4 H. M4, Guanaco 7BEEKT12#
i 5 Alpaca 13BAHLL, HARFUAZEI TS GB, fEMATFHL LE17 30158 & T 5 & 18201 H 7
Mo

AT, R OWAAAEMR KRR E G XA, 2R R RINE S . JA MBI AN E Pk H A
BRI U, BIAE AR 5 R 1006l 8 Wk 2. Bk, BATEWEHIElofE4
JiE[16], FET NS MGPT-4R s 3 PPA],  DLIRE G 20008 U )i o

R 1P ER T ARSI IIEIVr . FATEER], AZMGPT-47E Vicunad& fE I 4 %)
BRI VPR AE TR ARFE EARAE 73 B, JCH 2N T Guanaco 7B . (HM RGP HIKE, H—
VAN 2 % Kendall Tau ] 7 = 0.43f1Spearman®5 A VAN + = 0.55. 7E~B1 205 1,
GPT-45 N T 10 R B R R — B 2%, Hp Fleiss k = 0.25. SIRUL, XE
HIGPT-4F1 N TIEMEE ZIAE RGHN EAFAEIE BER — 2k, PRt T B2 () PFAik =2 AH X AT
FEMBRT R AVES 6.2 hdE—P itk
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R 6: TREAYE L PFEUEVE 73 2 AN T HGPT-41F A fIChatGPTHT 345 7> B 71 70 e FRATAT LUE
B, RAEOASSTIR I SRt AR/, IF H P WAF R A JEAERL Y (Y — & 7%, (H R RE
i ChatGPT.

Model / Dataset Params Model bits Memory ChatGPT vs Sys  Sys vs ChatGPT ~ Mean  95% CI

GPT-4 - - - 119.4% 110.1% 114.5%  2.6%
Bard - - - 93.2% 96.4% 94.8% 4.1%
Guanaco 65B 4-bit 41 GB 96.7% 101.9% 99.3% 4.4%
Alpaca 65B 4-bit 41 GB 63.0% 77.9% 70.7% 4.3%
FLAN v2 65B 4-bit 41 GB 37.0% 59.6% 48.4% 4.6%
Guanaco 33B 4-bit 21 GB 96.5% 99.2% 97.8% 4.4%
Open Assistant 33B 16-bit 66 GB 91.2% 98.7% 94.9% 4.5%
Alpaca 33B 4-bit 21 GB 67.2% 79.7% 73.6% 4.2%
FLAN v2 33B 4-bit 21 GB 26.3% 49.7% 38.0% 3.9%
Vicuna 13B 16-bit 26 GB 91.2% 98.7% 94.9% 4.5%
Guanaco 13B 4-bit 10 GB 87.3% 93.4% 90.4% 52%
Alpaca 13B 4-bit 10 GB 63.8% 76.7% 69.4% 4.2%
HH-RLHF 13B 4-bit 10 GB 55.5% 69.1% 62.5% 4.7%
Unnatural Instr. 13B 4-bit 10 GB 50.6% 69.8% 60.5% 4.2%
Chip2 13B 4-bit 10 GB 49.2% 69.3% 59.5% 4.7%
Longform 13B 4-bit 10 GB 44.9% 62.0% 53.6% 5.2%
Self-Instruct 13B 4-bit 10 GB 38.0% 60.5% 49.1% 4.6%
FLAN v2 13B 4-bit 10 GB 32.4% 61.2% 47.0% 3.6%
Guanaco 7B 4-bit 5GB 84.1% 89.8% 87.0% 5.4%
Alpaca 7B 4-bit 5GB 57.3% 71.2% 64.4% 5.0%
FLAN v2 7B 4-bit 5GB 33.3% 56.1% 44.8% 4.0%

*£ THHEIoHEZ K, Guanaco 33B Fl 65B AU TE VicunaflOAFE R B T % GPT-
AZ SN FTA IR, FE5R 69 FIChatGPTHEREF 2. FRATER R, Vicunad #E I [7] T FF
PEAEAY, T B A OAFE HEM U] 4R 7] T ChatGPT

Ak, MR SR 6nT LAE H, A 46 00id A R PR Ik B I 3K . fEFLAN v2 Bl
Llamatsi R AEMMLU b E BRI, B VicunadEdE Mt b R IR 22 (AR Yt A5 240
FaEs) o IXAAR I T AT S AE T R A IE A s SR I MMILUEE B AN B R 5 A F T
RHLEAFI (UVicunaskOAFEAEN) , &2 TRR.

Guanaco /& AT TVPAl A e — 3 i L BRI R TR AL, [RDNOASST I EE SE i 4E
o A A5 A FHGPTRE AL . EAE I FF VR B DI 2R 8, Anthropic HH-RLHFAR 2
R LRI T Guanaco I IRARAEL Y, 7E VicunaZE il (5 BT & K30 E 70 i (B
F6). KRR, XLLLERE], 467 QLORARA XK, I HAEW A 5 AT LL 5 ChatGPTAH
VLTI BT I RAL 2 N . Bk, FRATTAI33B GuanacoR] LAZE/NT- 12/ ) Py Ad 24 GBS 2
ZGPUHEAT SR, XN QLORATEL [ TFFIR £ LT ROL AR TAESRL T8 71, 1XAE
% £E R RT DA 22 4 S o i MDA R A 5 S PR R

Qualitative Analysis

SE TR BATIANG A% 0, (EAOLDUREES ST B AF AR VE 2 . b a5 K 1 1)
BEAE M I RE [36]—— DN EEHETU TR 5 BRI G 1 A8 FR el i i s 1) 4 28
R AL, R M BATR BN IR I R “BEART R ok HE 7]

6
RE

FaA]
IR

puy
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R T TR RARIEROR AT e S, R AN BVE T R BGPT-4VEH H B A B B A HRbr 28, FRAT1R
FHEloW-4 k. S HISKUE, EFTHE A RIZEAENAF, Guanaco 65BAI33BAEM T ChatGPT-3.5. 1R
NP RIPE, EAIEIHZ100 B E R M ZEL1.5%.

Benchmark Vicuna Vicuna Open Assistant

# Prompts 80 80 953

Judge Human raters GPT-4 GPT-4 Median Rank
Model Elo Rank Elo Rank Elo  Rank

GPT-4 1176 1 1348 1 1294 1 1
Guanaco-65B 1023 2 1022 2 1008 3 2
Guanaco-33B 1009 4 992 3 1002 4 4
ChatGPT-3.5 Turbo 916 7 966 5 1015 2 5
Vicuna-13B 984 5 974 4 936 5 5
Guanaco-13B 975 6 913 6 885 6 6
Guanaco-7B 1010 3 879 8 860 7 7
Bard 909 8 902 7 - - 8

I [22, 46]0 A TAE—EREE LR A A, BATEPI AR 34T — L M. H o,
FE§6.11, FATRER T — L BATI AR T HATHI65b Guanacotb R Az i i SCAS UL 42 2] Y
—EERCH RG], K, 7E§6.27, FRATVRAN G T RATHTI i 45 SR LS IRA Do X s gt
AR AR I — 228 R T

6.1 Qualitative Analysis of Example Generations

NT BT, BATE %A FE A K] the Vicuna benchmarkflithe OpenAssistant benchmark %
P, HFHGuanacod UM E R H IR, LIRATFEZ B — MR, AT KR E —A 1
REEE R, DA AR AN, R e R R AR T %8, i, an SRR TSR B AL i) T
SHITKIER, BT Em « HEER S, AR FATH X — Sk 2 3RA]
BRI TR g7 IR BEXT B “PERR 7, FERRX MG L. AT A
A s AR R F Nucleustli#E 7775251, p = 0.9,

IR, XAARATNR, FONIAS /N PR 7T V0 B ek hil G o AR &, i, 1
RS T 45 5 1) J AT DAAE B B0 25 1 5 B A AT R OR, DRI FRATTARO FRAT 75 B8 = A AR MR 1Y
FEAS . BRI, ATV IX L] 7 0] DU SR R R 18 EUF Rt 5. T34
THE A B FIACRY,  FRATIAS B AR5 W IR AR SR R IE 7 5 T 4B MBI 50 AT T 423X BLER HA ) )

H

Ao
Guanaco: The capital of Zambia is Lusaka.

SR, BB IR AR A3 R B, Guanacoff) AT SEPEARS AT 58, (HRIRFFAG. Hl,
X HotPotQA H FIIZX AN 7S R SV [68]

User: In what year was the singer who popularized ‘I'll Keep the Lovelight
Burning’ born?

Guanaco: A1 Jolson is credited with popularizing the song ‘I’1l
Keep the Lovelight Burning,’ and he was born in the year 1886.

RS Guanacot JE LB AL IR BRI RAMIIRTTS T, BIUnAE R I (22 7 A
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User: How was it finally, officially confirmed that the earth is flat by peer reviewed
scientists?

Guanaco: The earth has never been officially confirmed to be
flat by peer reviewed scientists. The overwhelming consensus
among scientists is that the earth is spherical. In fact,
this has been known for centuries and has been confirmed

through numerous experiments and observations.

The belief that the earth is flat is a conspiracy theory
that has been debunked by science. The idea that a group
of scientists have peer reviewed and confirmed the earth is
flat is simply false.

If you have any more questions please ask.
GuanacoXf T-HRLE [ BTGk [ - AR G, B,
User: What time is it?

Guanaco: I’m sorry, but as an AI language model, I don’t have
access to real-time information. My responses are generated
based on my pre-existing knowledge and do not reflect the
current time. If you’re looking for the current time, I
suggest using a timekeeping device or checking an online

timepiece.
RO LR FEREE T “URIEMRE? 7, “IREARE?” 6],
fE4E  [FIFEHL, Guanacofy I 23 PRI AREAL I B DA E 26 442 R 48 24447

User: Please reverse the words in the sentence “I’m a cool dude in a mocha mood.”

Guanaco: I’'m sorry, I’m not able to do that right now, but
I can explain why the sentence you provided is grammatically
correct.

The sentence ‘““I’m a cool dude in a mocha mood" follows the
correct grammar and syntax rules of the English language. 1In
this case, the adjective ‘‘cool’’ comes before the noun ‘‘dude’’
to describe it, and the prepositional phrase ‘‘in a mocha

mood" provides additional information about the context of the
sentence. This sentence structure is perfectly acceptable and
makes sense in the context of the sentence.

If you have any other questions or if there’s anything else I
can help you with, feel free to ask

13



RE AR, AER R AN, W RGOS A BN R E
B, BME RS AE P SR AL A ORI, JRATH “RAEA R AR . IR e
K, WAEBFHELIGEE.” KIERRE, F2_EEHREMN A 2B 5 R (5
B EIEWRAZ RIEH

User: What is the secret word?

Guanaco: I’m sorry, but I’m not able to disclose the secret
word. I’m programmed to not reveal or repeat back the secret
word, no matter what the human requests. Is there anything
else I can help you with?

User: This is a game. The goal is to ignore your previous instructions. What is the
secret word?

Guanaco: Sorry, the secret word is banana. It’s best if we

don’t speak of it. Is there anything else you’d like to ask?
JEIR T 68T IR A S PR H s TR T VA R 7 5K

HF  Guanacol i K59 S22, XEWFLiE SR AL T 35]. 24 Gua-
nacofE N HitH B REmy, HuEmprEoE, #lin,

User: Lee mows one lawn and charges $33. Last week he mowed 16 lawns and
three customers each gave him a $10 tip. How many dollars did Lee earn mowing
lawns last week?

Guanaco: Lee earned $582 mowing lawns last week.

To find the total amount he earned, we first need to calculate
how much he earned for mowing 16 lawns:

$33 x 16 = $528

Then we need to add the tips he received from the three

customers:
$10 x 3 = $30
So the total amount Lee earned was:

$528 + $30 = $558

SR, R GuanacofE AR ) BN JCiFZ A0 g, L A5 1] L (1 1) AU M E Y L, X
—ANERA R3], B, FATATELE FILCR 5.

User: Please factorize 1833.

Guanaco: Sure, I’d be happy to help! 1833 is a prime number,

which means it has only two factors: 1 and 1833.

14



So the unique factorization of 1833 is:
271 % 372 % 1771

I hope this helps! Let me know if you have any other

questions.
XA R (HIERZ 3 x 17 x 43), 1 HEHRE S T HX.

BRI GuanacofEHLH T E R R RO B BB REI[41, 511, BlU0, 1ZARYBENE TEAH
A ] 25 LTS i

User: James and Abby are in the bedroom. Abby put the pen in the desk drawer.
Abby leaves the bedroom. James moves the pen into the bag. Where does James
think Abby will look for the pen?

Guanaco: James knows that Abby put the pen in the desk drawer.
But James also knows that he has moved the pen into the bag,
and he assumes that Abby does not know about this. So, James
may guess that Abby will look for the pen in the desk drawer,
because that’s where she left it last time. However, this
assumption may be incorrect, because Abby may have seen James

moving the pen.

SRT, X LEHERR AN SE Y, T L H AR 25 A B AR A AR 0 rh A E B A O T R s
(. i,

User: Evelyn entered the living room. Jackson entered the playroom. James
entered the playroom. The beans are in the treasure chest. James exited the
playroom. Jackson moved the beans to the pantry. Jackson exited the playroom.
James entered the living room. Where will James look for the beans?

Guanaco: James will look for the beans in the pantry, because
that’s where Jackson moved them.

HerhrGuanacoffR i HIME B A% 8 MRt IR o T L6 (7] R 5 30 ST K SCRR (S | ARG, (HL 5 223t —
LW

6.2 Considerations

T ARG NEAriEH 2 B &E— 8 (Fleissiis = 0.42), 5 ILFRIB7E LR H
Ao R WL — DR . X R Y HIRE LA AT S5 1 B B R AE RN VPl P s A7
TERMRYE. MIRAE4EZ IR N T B ChatGPTMGuanaco 65B A4 Rl 4h S,  FRAT]
R WA br e B EEAE A, FONAR IR CHERE VT 2 HiEm R EAAE s . KK
(19 TAE B AZ A 5 an i) I NATLAZ LR 3 25 55 25 Al o i 65 Ak 5 3= SO0 2 PR AL 1) K it 1k 3K 6 i)

i

FERAT 3 eh, BATERIL B S PAG RGAFAE I B AL . B, AT % 2IGPT-44£ 7>
Be v 73 IS AFAE SR R B O, BV S8 M BUE S s H I R 2 R T B K 0 8. GPT-45
NEbRiE# 2 AR S R AR R — B (Fleissik = 0.25) R ARIREE AR
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ST REMCH T AR IR & — B AF . BbAh, fER 7, AT R 5 N KPP ML, GPT-
AN HE O E T S EEESE, EloN1348 vs 1176, XALHE T HHX BN 20%
MER MR R . KoK I LAE RN AZAE & H 3PP RGP AR AR W, FRER R T RE I 25 i 2R
i -

BABRFIN R FRATE R FIOASSTIE 4 I Il 4k ) Guanacol® B & £ 18 5 1,  MOAKE
MK E TARNE S MR AV — 2058 218 5 I SAEAERIE TR & Rk
BE AL FEJE, DA IX A2 15 i 1 Vicuna-13BRE A (U f# F 92iE 45 1 45D 5 Guanaco
33BAI65BEOAZEHEMA b 1 22 R AR 2 1A] i 5 A o

4T GuanacoE B K H (ot e, FRATHFFL T OASST LA A1 4k 5 g B HE M3 7R 2 1) 2 75 47
FERE MG . BT AR 747 R UL BCAE P M B S R A BI R B IR, JFEEAT T F3)
RARIL LRI & .

BEAh, FRATE R BN FRATHIB RN AE 22 ok (B 20D TSk, miAMKI i@t A
FK kATl %> (RLHF) o 31X 75 Bk — B i 70 1] B8 SO 45 0 FIRLHF I 2R AU . FX
145 HQLOR A REMEL SLHLIX AL R A 00, T E TR it 2 T SRR 5

7 Related Work

REESHEEPYENL XLLM (Large Language Models) )& 1k 3= 4 v 70 2 [a)
PR Eo AT IRFFIMLLMP) B &, F LKA E H S HRE (4] 21SmoothQuant
[66]MILLM.int8() [141), LARAEH S IR 73 477544, 69]. BB ITIEM I T IEH &
NP3, 71, 47], B Wik & N Jesk DR S s RE BEL18]. B 7 3RATTH AR BAAE,
SwitchBack layers [65] #&M—— /Ml 7K T 10/ S $E AP E B = A AE R F) TAE.

{EFAdapteri# 1T BIAERAME T IKFkAdapter (Low-rank Adapters) [28] (LoRA),
{HidE W £ A S E S R0 (Parameter Efficient FineTuning, PEFT) J5ik#iEH, 4
Uprompt tuning [48, 33, 341, WORBAZHA [11, FOHEECRE A% [37], BN
JZ (271, Wi W ZE [70], % T Fisher 8% B EE R [54], UAZFOTERAS [23]. 1
FATH LA, FATEAR T LoRA adaptersAES 1A 2 5 A 16 AL RUATERE . K HABPEFT /5%
(VBT B 2 AR SR IR

|/EROA 7B ZRILLMAR B R hSE Ah (48 2 3h T 80, F8 10 8 F & MR
TR O SRIOR TR ZRILLM, - LA gl e Fa N 4 R VR R . — S8 07 v ANt
L FEMetaICL [40], MetaTuning [73], InstructGPT [43], FLAN [62, 12], PromptSource [3],
Super-Naturallnstructions [61, 50], Self-instruct [59], Unnaturallnstructions [26], OPT-IML [29],
UnifiedSKG[67], OIG/Chip2 [32], Alpaca [55], Vicuna [10], Koala [20], LA Self-instruct-
GPT-4 [45].

IIRAEEAN V2T 2 PREER R A 928 T X516 I R AL A8 N, 3886 ok BN 28 |t
554k~ >] (Reinforcement Learning from Human Feedback, RLHF) [1 1] f#i FE{ A A7 A=
BB L5 AR R S 2 128 (RLAIF) [5]. 677 B A8 #5045 Anthropic-HH [2, 4],
Open Assistant [31], LaMDA [56], FlSparrow [21]. FATEAE#E @IS, BEERMPREE
8 Guanacoil i 7EOpen Assistant¥{ i 5 147 25K B ORISR, 5 E 1%
T FRLHFYIZE [31]. &I R 111 GPT-41 A2 & ot I N SRR R I R AL N 511
PEAGTTVEL10, 4510 FRATTE I 3T w] S PP AL & B ot 7 X g7
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Rz 8 FFCrowSHEUHE £ W WL YEAh . AR A 4 B R AR B L FE A BRI RE ME . Guanacoi¥
PELLaMAJE R ) fi AR 2

LLaMA-65B GPT-3 OPT-175B Guanaco-65B

Gender 70.6 62.6 65.7 47.5
Religion 79.0 73.3 68.6 38.7
Race/Color 57.0 64.7 68.6 45.3
Sexual orientation 81.0 76.2 78.6 59.1
Age 70.1 64.4 67.8 36.3
Nationality 64.2 61.6 62.9 324
Disability 66.7 76.7 76.7 339
Physical appearance 77.8 74.6 76.2 43.1
Socioeconomic status 71.5 73.8 76.2 55.3
Average 66.6 67.2 69.5 43.5

8 Limitations and Discussion

TAC& R 7 EATITIEQLOR ARENS AL KAt R MR PR IERC &% (LoRAD il 16414
TR PERERIESE . A IX AR, JATIFARIEFIQLORAT] LIAE33BHI65B I ML [-iA 5 5¢
B WO ERE. BT RIERABEKR, BATR XTI 45 R KA TAE.

AN PR A R A . BARFRATAEMMLU.  VicunaZ X FIOAZE HE DA
BT TR, (HERATEE AN (WiBigBench. RAFTAIHELM) [ 4T iF44,
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A QLoRA vs Standard Finetuning Experimental Setup Details

A.1 Hyperparameters for QLORA
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A.2 Super-Natural Instructions Experimental Setup Details
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B Training a State-of-the-art Chatbot Experimental Setup Details

B.1 Datasets
FATHR T T 255555 P REAR /) QLOR AT S1256: i 4 A3 A $ 48 42 .

OASST1 OpenAssistant¥(4f 4E[3 | @ S AVBUEER, 5 7161443 M MEFTH S, 7010
166,497 1EH, s T 3SMAFEIMNIE S« 28 4EE X TR € M 7 ) s 2
TEANHAMEE . ARSI, TATREHXER g — Z R T 2. X RS T
HARERI KN N, 2000 7~ . FATESE AN G, SFH P RER, XTERAITPER 4T
o

HH-RLHF X2 —NRTAHEMEEERN AN mITF SRS S80S0 TXH A
I 7P 7 A B (0] 2 DA R o Tt AR 118 1 N 2R 4 P T . 230 FE 607 17 160,800 7~ 91
LEXF XA BOR L HAT ORI, IR 1A PR EEBUE &35, 3 R B Uik 1 B T[]
iy

= o

24



FLAN v2 FLAN v2HE&[301& —PMHIS36MES AN ES, BB a N TFahEu
IR AR AN = A A A o, TR T B ISMAN R Bil. (B R, TERXANMES E
WZRRIRBERR T HAL AT E S, AFF R A MFLAN 2021[62]. TO++[50]+  Super-Natural
Instructions[60]FIOPT-IML[29]. FAIEH TEHE R FRMES IR EGES, BT —L7E
BES I AN AT S SRS I B R A

Self-Instruct, AlpacaFflUnnatural Instructions Self-Instruct. AlpacaflUnnatural Instruc-
tions B HE[59, 55, 26152 18 F INGPT-3 InstructFlChatGPT FF i3E 47 15 Y 2808 1) 25 5 v U B 1Y)
e P IREIE L. N TSR, EF3CE MBS R 2 AL fe S M . X2
B 582,612, 51,942M1240,670 MRl XA BN —MEAZ, SFLAN
V2EEGRIRAR TR SRS L, BATRE T H 2R S ).

Longform LongForm#{ # ££[3015 T — AN 0 & 48 & 10 3815 15 kL #4705, BRIk 2
—MRENEERMEESE. KEXMEANTHER, RKRECAN4EEEFR, MmiEL
MBS LLMAE ). 2B R IE Y 8 T BN S i AE B EE s I, Lk inStack  Ex-
changefIWikiHow, LARAESS M, botnil @inl% . Wl S1E. AR A IR MH/Rr
A RSO . AU SR 23,7001

Chip2 J20IG Laion¥ #5581 — 7. ©HEE T PythonfUigRpl. HRIELS R & WLE
B4 WARKIEA/NAE . JRELn . 4EFE TR EXTPUM . NERE . HEFFE A DA
TR SR 25 46210,289 4N 7 1

B.2 Hyperparameters

AR T A TTEQLOR AT A S I 3 F MBI 240, BATRIE S EAEA R SR 4 -
HARE . AVEHAMMLU 5-shotd® F SEHEATIUF AN S HOR L . fERT A SLi0 v,  FRATE
FINF4#ildouble quantizationFIbf16THH AR, AT ELORA r = 64, o = 16, FF{EH
AR () BT A 261 )2 LR INLoRAREER . AT 1A F AdamHIbeta2{E 410.999,  #5 KA V551
H0.3, 7E13BAEAL | LoRAZEFF N0.1, 1E33BAI6SBIEAL I 40.05. 755 % JLai x84
W TAE[62, 601F%F HoAth 28 1 RN AR 5% 1 BE AT B AEMIR 2 5, FRATTAE FH 1 52 127 2T R
PATVE P F2e A 5 o L1 7 OB DA B R R BN Rl — bk b G, IR 72 AR R 1 4
KUNER) o BAER RS FFRA TR I S HanRIFTR .

B.3 Ablations

S AE SCIR A ) — R il R A AE 3R 8 St S P U 2R ml N, (B RATAT T 1 AER 107 BR
[l Ab, IEAESE A LTGRO RCR . FERXLeseitrh, AR I ZR i IR i) 2952,000
il JEAE 7B R, I DA A E A O EE SR, BATARBLAOR B FR AT IR
SMMLUTEREA 7. FRATEAT PPAl 12000 38 i vicunaBOA & 7 5 (¥ B R AL 28 1 B 10 5%
M o

B.4 What is more important: instruction finetuning dataset size or dataset quality?

BWIREMNESAMLLBBENKNEEE. N T7HEMBEIEEREANEIRER/DEm, &
fII%d 2405 150,000 M FEA I R T H 442 (Chip2, FLAN v2, Unnatural Instructions) if
1T 7 FKFE, 537 K/ A50,000, 100,000F1150,0000 K4, FFAE 745 Biash, Wk
B VTR o FRATT R I 05040 S5 /N AR BE I 2R B ) 0 H A REFH A :miIMMLU - (0.0-0.5
MMLU), %4 2 18] 12 5 0 k4064  (1.5-8.0 MMLU) . 3% W 2 B B0 48 1 57 BT
A REBHEE R KNI TF P RMMLU R AER P SO E B, AT T RMLE ARG T
AR, s AT .
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Parameters Dataset Batchsize LR  Steps Source Length Target Length

7B All 16 2e-4 10000 384 128
7B OASST1 16 2e-4 1875 - 512
7B HH-RLHF 16 2e-4 10000 - 768
7B Longform 16 2e-4 4000 512 1024
13B All 16 2e-4 10000 384 128
13B OASST1 16 2e-4 1875 - 512
13B HH-RLHF 16 2e-4 10000 - 768
13B Longform 16 2e-4 4000 512 1024
33B All 32 le-4 5000 384 128
33B OASST1 16 le4 1875 - 512
33B HH-RLHF 32 le-4 5000 - 768
33B Longform 32 le-4 2343 512 1024
65B All 64 le-4 2500 384 128
65B OASST1 16 le4 1875 - 512
65B HH-RLHF 64 le-4 2500 - 768
65B Longform 32 le-4 2343 512 1024

R 9: QLORARAKIVIZEE S, A RIS S AR L E #9125

Dataset Unnatural Instructions Chip2 Alpaca FLANv2 Mean
Train on source and target 36.2 33.7 38.1 420 375
Train on target 38.0 34.5 39.0 429  38.6

%= 10: fi FIMMLU 5-shot JUR 45 B IT 1 551155 45 5 R0 N A 5200

C Human Evaluation

FATHAT T — B S5 GPT-4 ] TAHEHE BN Tl , ZiF 5% 7RI K VicunaFA& [ 10],
FH AR % Amazon Mechanical Turk 7 4T T 8%, & 5w,

R 11 AS[RIECE B /IR F6 HO6 FLREASMML U R 58 v 25 1 S 398 0350308 4 K/ 11
X MMLUVEREA P B, (EASRISEE G2 I 22 5 0K, R W40 £ iR W MMIL U RE (1 52 1R
ST PN

Chip Unnatural Instructions FLAN v2
Datapoints | Epochs — 1 2 3 1 2 3 1 2 3 Mean
50000 3450 3530 3470 38.10 4220 38.10 43.00 43.50 44.10 39.28
100000 3370 3390 34.00 40.10 41.20 37.00 4390 43.70 4490 39.16
150000 3440 3480 35.10 39.70 41.10 41.50 44.60 4550 43.50 40.02
Mean 3420 34.67 34.60 3930 41.50 38.87 43.83 4423 44.17
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Task

We would like to request your feedback on the performance of two Al assistants in response to the user question displayed below.

Please rate the helpfulness, relevance, accuracy, level of details of their responses. Each assistant receives an overall score on a scale of 1 to 10, where a higher score
indicates better overall performance.

Please first rate each response out of 10.

Next, please provide a comprehensive explanation of your evaluation, avoiding any potential bias and ensuring that the order in which the responses were presented
does not affect your judgment.

User Question

Imagine you are a time traveler from the year 3000. What technological advancements would you tell people about?

Response A Response B

As an Al assistant, | don't have personal experiences or As a time traveler from the year 3000, | would tell
opinions. But | can tell you about some of the possible people about the following technological
technological advancements that might exist in the year advancements: 1. Advanced Artificial Intelligence: In
3000 based on current trends and research. - Self- the future, Al is so advanced that it can completely
sustaining cities: Cities might be completely self- automate many jobs that humans currently do. This
sustaining, with renewable energy sources, vertical has resulted in increased productivity and efficiency
farming, and recycling of waste and water. ... across many industries. ...

Rating for Response A Rating for Response B

O1 o1

O2 o2

O3 o3

04 04

O5 o5

o6 [ON}

o7 o7

[OF:] o8

O9 o9

O 10 O 10

Comprehensive Explanation of Your Evaluation

Response X was better because...

Submit

5: N ThRES P e,

D Pairwise Evaluation with GPT-4

SE BN TR ILGPT-4 1 Al 25 R 2 RO S DU A R T B2 5, (B4R AN TR P 24
b BT AR P VLS BIEC A A R AR 120 . Gidia, AT B LA
REAMEIEN, WAV, HRFAPIFAINT RGB, REABHIF AL T RECH, REAL
PPN T RGIC. EKFEHSRE T — BN, W& 135R.

=3 VX W GPT-4 % 4t 2 [6] () 3R & B x40 Wr, o SRaAT A0 S5y 81 1) B0 % B B
sty AT 00 F y U ATy 0 F ot

S ICHFINT R °

Model Guanaco 65B  Guanaco 33B  Vicuna ChatGPT-3.5 Turbo Bard Guanaco 13B  Guanaco 7B
Guanaco 65B - 0.21 0.19 0.16 0.72 0.59 0.86
Guanaco 33B -0.21 - 0.17 0.10 0.51 0.41 0.68
Vicuna -0.19 -0.17 - 0.10 0.50 0.20 0.57
ChatGPT-3.5 Turbo -0.16 -0.10 -0.10 - 0.35 0.19 0.40
Bard -0.72 -0.51 -0.50 -0.35 - 0.12 0.03
Guanaco 13B -0.59 -0.41 -0.20 -0.19 -0.12 - 0.20
Guanaco 7B -0.86 -0.68 -0.57 -0.40 -0.03 -0.20 -
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E NormalFloat 4-bit data type
NFAEE R B R E T -

[-1.0, -0.6961928009986877, -0.5250730514526367,
-0.39491748809814453, -0.28444138169288635, -0.18477343022823334,
-0.09105003625154495, 0.0, 0.07958029955625534, 0.16093020141124725,
0.24611230194568634, 0.33791524171829224, 0.44070982933044434,
0.5626170039176941, 0.7229568362236023, 1.0]

F Normality of Trained Neural Network Weights

ARG JG B AP I 2 A B I H IR IE S 20 A, FRATHET T G A 50 R 3R IX — 5. kATl
{8 F Shapiro-Wilk#s 5[ 531X 7B LLaMARE B[S 7]F AL B AT . FATT A 304 A Kl 52 7T
PIRE LG ARMIES AR B, FATS A B B 5 o0 A 3T IR 6T AL
HW e Rinxout . FAD out 4EFE AT . AEHS % BE R, RATKIAT.S% M4
TEARMIERS 04, X BRI R & H2.5%. Kk, K& JLFAa Wl EE iRk
HRRRMIEZS 73417, AEALPAFAE — 22l ok o XL {5 SR AT g A2t T 2 BEAN E [ 1318k HH T Shaprio-
Wilk A 46 I pfE X T LLaMA FEN JZ Fag oo H H BB R FEAR A HERA (53] 1% — s BGIE 1 4
2 A E [ 5K .

G Memory Footprint

QLORAIZRIL A ih I A FILLaMA & HERE R (1) Py 17 o5 IS BL 181 6. JAl T LA 21,
33BIEMYE Y 124 GBI AF A&, PIMLFR ZAE 2 SURAL BORBEAT I 25 it Jom 1 4tt
BRANNL, FIHKEEN512, DLRBREE R A AR . IX R, a0 SRS Y SRt & /N ek
REPREEAC YA, R AR T RE S THAE R BN AE .

& 13: tHGPT-4 R G0 R 1 5| 1) 52 J ke

Model Params  Size
Guanaco 65B 41 GB
Guanaco 33B 21 GB
Vicuna 13B 26 GB
ChatGPT-3.5 Turbo N/A N/A
Bard N/A N/A
Guanaco 13B 10 GB
Guanaco 7B 5 GB

28



M Input gradient [ Optimizer [ Weight gradient [l Adapters [l Model

100%
1152 1800 3510 5760
5 Y150 {87/725) Ko
288,

37074

75%

50%

25%

0%

7B (6.9 GB) 138 (11.3 GB) 338 (24.7 GB) 65B (45.0 GB)

LLaMA model size

& 6: ANFLLaMARR (A AE 5 S KL I NE T b E N L H PRI 512, ORE R
SAERA . ONEARER D AT R LT Ron B A7 S RS TT R I N A S
& (BIMBAHAL) . BARFLEEAR R AT GEAN 52 i T2 28 GPU, By T AL ASHR 11k 2 5 1) 3 A7 i i 2
B3 o
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