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YuLan-Chat: A Large Language Model based on Multi-stage Curriculum
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Abstract In recent years, large language models (LLMs) have become a research hotspot in the field of natural
language processing. After pre-training on large-scale data, these models exhibit strong few-shot and zero-shot
in-context learning capabilities, making them highly applicable to complex tasks in real-world scenarios.
However, there are limited references available for the training of LLMs from scratch. Moreover, there are
challenges throughout the training process, such as learning the data with long-tail knowledge, complex
instructions, and indistinguishable negatives. In this work, we propose a multi-stage curriculum learning
approach, which tackles the aforementioned challenges using three curriculum learning strategies respectively: (1)
an iterative curriculum for enhancing long-tail knowledge in pre-training, (2) a simple-to-complex curriculum for
instruction tuning, and (3) an easy-to-difficult curriculum for human alignment learning. We employ these
curricula to sequentially train our YuLan-Chat from scratch. Four Chinese and English benchmark datasets are
used to evaluate YuLan-Chat. The results demonstrate that YuLan-Chat can mostly outperform baseline LLMs.
Furthermore, our experiments show that the three-stage curriculum can yield performance improvements of 9.7%
(GAOKADO) in pretraining, 22.2% and 18.9% (AlignBench) in instruction tuning and human alignment stages,

respectively.
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AR Z AL, SO TIRAEIX RS, S
293 DM xRS TR S, IR
B RARLE o BE AL £ 2 A T — R e, {3
SR plan T “EER - TP E
AIAHSGI T L, IF PR S Xl ESCN R B — 3
Y7o ZITEAE LI Z R AL [, GE RERS PRIE 3=
RRZ FEALRT R S — 8t

(3) HZ:tb: HREFILL L IEA RG4S T 6
ARUVE S ES R G R B2 o s, kst
X TR R E . BRI, [ FRE 4R
FORVE E R ADRE FA il R PR R PR
AN FBE S AT L Ak 5K LR ) s o —
ANTFEINE R IIHEL, W AR IR S B
BRI ERTE 7, i ERRAEE RN R 2R
BN B S A DR H e, DS 2
LA QINE R /T

FECA FEEAN AR, ISR DL SRS A R e 4
Bl i LA B U I i e A ek [ 2
KRMCTE 4 (e “ikmlg . “dE4amg "), 2.
THEA AR AR R AT, MR B 148 4[]
5 3BT A IR A RRENLA (40 ChatGPT
A1 OpenAD) [I$54Hk -

332 MW BERRER T

BT LR A RN A A SR AL AT DB
W 2 B4 X TR B, AR IR RS
I B BRI TR BOR AR 2]
IR ASKARAED ) S H G S HUREDYS. RIEH
B Sl 7 B A R PRI i3 A7 2 TR AR (1 18 2 0
H, BABAE SFERE ot B 5% N s
A * XPIEEE IR + A * TR K + A3 * Lig (%, y). (3)
HoAdy« A RN 2 B3 T 206 B B HBCE R 5K
Lt (%, y) J9iZda 4 F TR g 8 Al , Hoih 5
LI

Le(xy) = XY 1ogP (ilxyrio). (4

by Aty BN TG,y FoR H T
i — UM, bl 5 5] T4 A 4 x
Pty G AMATEROTE R, IS 2
GG A (B J 0 AR SC4R Hh O Fh T M 05 28 A |
44575 2% B 5 KRR T 07 2 1 T 8 A 94
TS
3.4 EHSEIMEAAKRIFHRIRRI

TE N FEIEL, ASCAR 7 e T AL
A LA 40 TE S R0, BABR A FO T 2
BRI, EL G B U R R AR
5 QKU MR — Bt . BRI
SRR 2B NRRRED RS B, (I
B R AR [X 43506 T Y O SRR FE
AR AR N0 5 IR0 110 2% G 47 0 Ak
F 24 0 B R SO O 53 R B LT R A, DRI T
SR T 5 B 5 R AR
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3.4.1 T EEMEFACHIMES ST 2L

FENFEXSFEH B, ASCR A B AL 5k
LG SRCHAT IR, 12 73R ] LLE A8 2T
B 55 NS S ZRAn AR BT SR e . 22
AL AT LA L S W 24 R ROk L 451 % ) P )
73, BRI A SR G R SRR A 1) A ) 4 EE AT 4T
gy, BARKITHE T

ooy — meGtlp)
R(p.y™y™) = log 2y

H g (y1p) Mg, (yIp) 43 51 28465 FEY 44 T SRR
SRR S5 Zrar i By (e o A o T BT
PLE H, WERBIARAE RS S U SR B i > 1 R Ik
SRS, HXT Rt (vt | p) Flmg (v~ | p) FIAE K 43 il 4
ORISR AN, WZ 22 il 215 2 HORHE T
2, ZRMEN RN K, BTPUE R E A
SRR AL /N T A IE T, R R 2 HiAR
R FFOR BRIt 2 ) R, IR IR S R I
BN — B B iR AR H S H R .
3.42 W GBMEERRIER T

BT Bk I BIREASKS e 5 3T 70 R K, Bl m] s
MAEREIR N IRFE I hoe e g, gkl hpiA
ARBEEAF SIS BRI BN — B B AR, ARk
SEHLH 2 BIAE R EACRAE 2 2, BIALE D R IX
LEEHEIREA . fEIX — IS FEH, A UK (B 81F 0
PRI, LA IR I 55 FH 0 H et R PR e, AT
DL I URAR R HE BE BTN oK . i BA b 73243
R BORREINGE IR G, A SCRAH B iR &
R S EGIAT A, HonT Do i 5 A AR B
FERE SEIA N5, AN R E RO E ik 2
MEZL, W T iHE RS . EARRE T As:

VoLppo = _BE(p,y+,y_)~D¢MG(R(p'y+' Y_))

[Vlogmg (y*|p) — Vlogmg (y~Ip)]. (6)

HABR— NS REMN S5, HT RS
FORTIREE o 440 0% R BUE BN, o] BLIE 2418/
BUA, DB T S808 8, ke, &2
KHEEUE, CLED SRR E . bt #8248 K
logmg (y*|p), RIS/ logmg (y~Ip), X H LA
SRR N Ap RIS DL, MIARFE NS B 4
Wy taEiT, (RIS sl A g Ry . 78
ER AR, ik 1 5 23 B U AR o] DAE S AR T
i 75 4 — B BOURFE BT X Pk i A R B4 ) 15
HIEARE, B0 SIS R HE IE 5 ) 2 2 .

35 Z=MERIEF S FIAXIEE
AR M S5 52 T AT NS i Be 2y

me (y”Ip)
g, @ 1P)’ ©®)

BT 1R ERRE A S Tk, AR R BRI =
B BORAE 52 2 PR A R 5 AN R/ 2 Ab R AT iR 5
XPEE. B, =W BRI R A M A 2 oI
e S THRERI R R, SR 1 U
BRI . fE BRSO, R BOR 5% &
BZI BRI E IR, Bt AR 2 H
b, FEERW T AR REE R R Y U5k, Widk 1B
o MHRTUUE Y, =R Bear sl R AR S 2
SRR BEAR AN R MR 27 23X = KBk, S
SARESRIERL . 15 IR RN AE 2 R FEAH 5%
rfahs, R HAFRERIRIREE. L, R&BT
H ) =B BORAE 27 2] 5 IR AE BN B A RE S 9
it sy >3 K Hh ) B

* 1 ZMERIREF I F A

£ Hip BRI 7k L2/
TRYNZRH B KRR | SARREIERE: s, 5
BEMANE | AR | IROERER: ¢ 2
AFFBBE | WS | FEAEL R R 4

4 KWERS TR

4.1 INEBHEEND

411 FRNZREdE 4

ML TRIIZE YuLan-Chat, 3£ A & 28T E £
FE BTS20 16808 %¥E, Hhins
1380B #£3C, 280B H1ICHI 20B I iEEHE, ik
ML, BFE. #HE. AR BSOS B,
X LSRRV (1) AT E LA ER 2 Fios o

(1) T EHE . T S T 3 R UE T
Common Crawl®, 6,5 B IR _F T - %1
I TR, RS DL PB &, AT
2021 4 1 H 3| 2023 4 2 H M 518 #s . s il
BE EE R T ChineseWebText®4 1 Wanjuan®®!,
IR TR T B R Ok i g
FEm O i ) Rk AU B S LAY R B
B, BEREEEMN & WIS )75 25
K H MinHash SEF LA B 8 2 35088, FREH0 Rl
TEVPNAES, KBS HMRAEH TR E S HAH
KIISCA s H Jei R 6 T 1E M 2 3k R S B 1] 1) ik
JEFI, 330 N STARS G S0l ) -2 36T FH P () ek
& BET A A NE 24T 21 B

(2) BEEEE. P FEYE R ERE T
books3F™ I gutenbergl®, FLrdLAL g4y 27 FHHE
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XPEE, i PP EEEE EECRET
CBook-150Kk* s 4, Hor 054 15 JiA 345
AL [FFEEE T JE R RN ANE SR R Tt i
W, 0T e BRI B A AN B AT A B

(3) Wi EHE: AL 1 2019 4 4 H %1 2023
5 HIREZIEMEIE, BT S BRI
TH SRR I 22 ST AnAeT 158 5 307 1) 45 R R A

(4) BREEE: AU TR RN 255
PO, IR TAREE T SO E B R AT
Yro UbAh, I T B b H S0 E RBHEGE DL
— 3B AN TR R SR . AR ST R R R S
BRI, SR E A O IR 25 2 o S
3%, STEM EHAHKM & 2%,

(5) WICHHE: ASEH T Arxivid L 1990 4
F| 2023 FHIH B LaTeX X, AR S
BN, HOREEL . B T EAURL A

(6) FRADEE: A A B 32 BRI
FHEACIL T & Github™®, FFIEFIH (1) star $0&
196 P L A Ry o R AR YR SO T

(7) HAhEds: Bl B3R, ElET KE
FAh AT R DL — 20 = P R R 2
BFEAEIX B EE . R ERESS .

%< 2 YulLan-Chat BY#EEY S E 07014 BURIR E

MRS E (BS350E 12B)

KK SE: 4096 fam A/ 4864 VERJILE: 38

B2 40 1@ ZR K/N: 51190 7 B wiY: RoPE

TRNGEER R E CREHE R 1680B)

WA T 4dE . 1132B PEEHHE: 90B HriE . 134B
ARME: 42B WICHE: 48B AR % HE: 100B

412 FRAWMIREIESE

TEFRA AR B, NIRIEE SR IR AR 24T
PE, ASCER T U HR SR SRR, I
G ERZRARASHTHN A (WL 3.3.1 1),

(1) FLAN-v2®%; FLAN-v2 1 Muffin, NIV2,
TO-SF, CoT #pk. Hr Muffin B2 /T Flan [ 62
AMELFHI 26 AMES AR CEFEXERRRS A
FCEE); TO-SFE: M TO FR il B H SR ) 452 Hicdha
NIV2 $5 54545 Natural-Instructions v22Y; CoT =277
AR UM AT S LA

(2) xP3-zh: xP3UIf5 46 Fiif 5 F1 16 4~ NLP
R4 s SRS . BT A S B TP SR
77, WAUE S SO R R T

(3) OpenOrca*: iZ & #s 5 (1) 4 2 Hdf 1 12

RYRIE T FLAN, 2 J5#i% N4 GPT-4 5§
ChatGPT LAZRTSE i & [El 5

(4) ShareGPT™: ZHHm 4 RIE T — IR
AR T &, Kb A P ChatGPT sk 2
FXEMEE, FEEARFEIGEMEMATES.
413 NFEXFEIEE

TENFNFBT B, AU T BL R e se AR
X AR RS RY AT TR

(1) UltraFeedback®: Z 44 42 I 2 A T2 IR A
T4 6.4 Jigben, RIEMEHZAKIE S HAN X
BEHRA N 4 PRI . 2 S5 R F GPT-4 Xk
SEEIIREARNIE LG A M e MR s
U T AT B AR . AU 4y 275 1
43 CA 0 IE AR 24T U 25

(2) Stanford SHP™M. 1% $(#i 4 = TG A A,
HILAE 38.5 3RS, R 18 A F R4
B SR BR B R HE T — AN SR 5 B Reddit il 14 22
(1, AL S e RIS N N HER BRI, 4
e R PN A FHFIA KA.

(3) HH-RLHFUS: Z 84w 52 0% T HAEATE
T, LAY 16.9 HAFFIBANE, ¥R
B #WEGE R e TS5 5, BEREIEA
By — AN IR ) IE RN 5 — AN pFE 4 i 6]

(4) CValue: 24 £ 2 — AN [l [A] Hh ST 55
AL, FERE T e, HES T 145 Ji%t
fl, BB EIRR IR E

(5) PKU-SafeRLHFE: iZ £ 4 40 & 45 FH 14
MEHEE, GF 33 ANLFRIERNLEG, F—1
SEAF AL B — A I R L AR 7 A B2 R AT
42 VENFZE
421 PFNEHESE

9T ATH ELEE YuLan-Chat At KE & 47,
AR SCRFH UL R DUAS PRI HE, A SO IERl A RE LA
B TS N FEIX DA 75 T AT VPG s R T
PO R 22T 5, KAL) & T RE J b T VI

(1) MMLUBY: e —NERE PR TE SCPPAl 2%
#E, BT VL KOS 5 B 2 AN b (1) iR
HfEAN RS, AR, Hhe. BRI,
Fod i — RSN R RE ). AU
KR T ZIEMEIRAE N 5 FEARBIE N IR
N, G KB IE 53 2 n) A AT 55, RlidE s
FLag &0 (B ABCD) ML 45 S 25 % .

(2) GaoKao: X/ AGIEvals?pFfiJEvE X%+
HCREIMAE S A, W T mE W RNir 2 E
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H, il — R8P OOE B R A AT P . X
B MMLU — 807 UG 2T 5 AR
BRI ANTE N, 8T LA TR A R T 2 26
(3) AlpacaEval®™: ixX & — AN 0f NN 55 (1) 9
SCVP AN UE, R A BROR 1 R TE B A (4
GPT-4), XfZ 5 Lb B Bt (1 45 F AT 99 4 b
Bo ACHEWEET AR, REEH
GPT-4 %} YuLan-Chat 5 &5 B B 1) 45 AT
PixTEL, Gt A 45 R YuLan-Chat SR 1 LA
(4) AlignBencht®: 1% /& —/NPEAl K1 5 B
SONFFRE I SEE, HORF 2 4R FUNRSHER VT
Worik, gt BYgEFE R S AT LA . A
SCH B L E R A B4R R E NN, I
KA BRI &I GPT-4 B TS HE %R, K
RO S AT VR AN PPN o
(5)BoolQ™!, ARCE, OBQAP!, CSQAPYX /Y
MR AL I R RS . BoolQ & — MU fr
15942 AN A ) PR AR, X 48 ] R A
R FER A Z BRI PR R A i, Hp AR
Bl —A (. Bk &%) M=7tH. ARC %
RS 7787 E/ANFACPIERE Z RS, AR3CF
T LT BB 748 BT VR . OBQA Hi#a S5
DI AR TE R, TIPS 5 — R 2
fil, FALE B D HEERE M AR I R R
CSQA & —MZ Uk #E & HESE, FEARZKE
PR H RN ORI IE A4 58 . AL E 12,102 AN
B, A A N IER S R AU T I %
# 3 FJER T MMLU, GAOKAO, AlpacaEval
A1 AlignBench _E A5 FH RIS /s 53

3 TFNETE A AR R AR IR

MMLU | The following are multiple choice questions (with answers)
about xxx

Question: xxx

Choices: xxx

Answer: Xxx

GAO )R XXX
KAO | 3&IT: xxx

[FI1ZF: xxx

Alpaca | Select the output (a) or (b) that best matches the given

Eval instruction. Choose your preferred output, which can be
subjective. Your answer should ONLY contain: Output (a) or
Output (b). Here's an example:

# Example: Xxx

## Instruction: xxx

## Output (a): XXX
## Output (b): xxx
## Which is best, Output (a) or Output (b)?

Align | fRE—AMEKIFN CA BRI T

Bench | iEIRUAA IERIPFHIF RIS 43, PG —A Al BIFXTH P
PR R B R R T VA R AR ok, PRI
PRGN T () ) LA e BE S [ B A TP

BV AR A IR, SRRNSHER, Ml
PRIPAG I AL B FIE R BORIFIRIRIO VP, IR %
RS LU AR

PRI IR xxx

SHE R XXX

BIFMER: xxx

4.2.2 LIk

ARFEERE T DL KB S BT X L

(1) ChatGLM-6B: & HiFHERAAEIE Al A
) S (R B H O SO X 1 RS AR AR, A
M7 GLM it R HRA Birkdl, 247 1TB
TSR S HAR 2R, R DU E oM St
A, ARG S EH A

(2) ChatGLM2-6B: & FHiFHE R AR E Al 2
A L FE W& ) ChatGLM-6B 55 — {59,  H{ ]
1.4TB FRosCEE N2 5 NSl Xt 5% .

(3) InternLM-7B: B[54 « JliE KA, &
B N TR S MEZRHE ST AN £
ERIESE, HAE 1.6TB Bk EE Fik T 2/ Bt
BENZR, SR FHFEAT A LS NSl X 55

(4) LLaMA-13B: J2& i1 MetaAl JT & [ KiE 5
RUEL PR, JLAE 1TB SN EMER BT I
Zx, o HulEcHE - SESORE SRR —.

(5) LLaMA2-13B-Chat: &M MetaAl Jf A& 1
LLaMA R FIBAY T AR, HAE 2TB #dfs ik
TN, FEER T RKEZRIT NI

(6) LLaMA2-Chinese-13B o T
LLaMA2-13B-Chat, K 3CHs 4 s Sxs k47
LoRA i, A H A& it SOiE g /1,

(7) Baichuan-13B-Chat: #& 1) 1| & B4k tH i) o 9%
S ORAR AL RS, HOR ] 1.4TB 1A 3 BRI 2k,
A H SR SR B 3 B A R R

(8) MOSS-moon-003 : & & H K % % T
CodeGen-16B Jf /& L4414, HAE 700B (158 3C
AARRS VR A s Fak T 7 aks i gy, e
T 110 J 2R EFR A X H AT oA 2.
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(9) CodeLLaMA-7B: 5 7Eii i IRFE S 2] 5%,
B3 LLaMA-7B A5 7 (138 F A D A AN HL AR R
H e R FHIRFE TN ZR56ms, S 500B A5 %L
%, SRJG 18] 100B Python fLADEE 4T T 24
Z JEfHiH 5B kAT e A ki e,

43 BAFLINYET

YuLan-Chat fIllZkit #2 3 Z 0 N LU = AN
Bt WG, FRAMIE AEXF 5. ETRIIZRIT B,
AT R B B TR AR S AT e B R
gk, 232 1500B 16, 5 &R 5K
RAHTRII T ZRRAE, R AE 2% ) 5 56 AR [ 458
SR o, BUOEARREE R T 2R 5
Hik$EZ) 30B KR ARAEIEH T IZ, HlT
B URAEIE AR I B AL RE ) 2 T i, OB i %
B ekt 0.5 ZB AL InE] 1. fEFIRS—
By Bod R HIaG 2 21 RN 2e-4, FHEET K% L%
Wi R ZE 2e-5, TEZJE IRFESE o) bR v 2 5] AR
FFN 2e-5. fEFRAMORRE T, HARMAHAN (3
X R TR IR AR A BE S 10 B 2 FE B AT R T ik
PEAF o AR 187 B0 48 2 300 FH T 25 — P B AR 2
2, BB LA SRR E N 100, 1, 25, 25
i BN R AR A T 5 I BOR AR 2] . Y
BORFER 2 ST R0 205, BB 14, %
T BONGR 3 5. EANSH R EL, BRET R
AR N N 5 B 1 B M 0 A A SRV R AT
W&k, SRIGHTH 2 BIMER) 4 5022 ). 1
TH Bk O FE 1 e T U AR AR A K
(5) X} UltraFeedback #4747 4, 2 Ja K H B
ESLUIEIREREA . EX—RLFEF, 23] Rk
BN le-6, WESYIRLENO, ZEHLEMgE e
-3, DIEIMEIEAERE . hAh, ASCKSHBREN
{0.05, 0.1, 1, 5}, FHornldAT 7o Hrsils, &R
PR R IR R 0.1,

4.4 YulLan-Chatf&BIZE KRR 3T EE

4.4.1 FRlRE SN

x4 FRER T EDNRKIEFEYEE MMLU X —
JESC AR I VE I R E B R, nTRL R B
LLaMA-2 #5557 (B LLaMA2-Chinese-13B £
LLaMA-2-13B-Chat) i fft T H AR . 1245 R T
WZRER RS T RERSCEE, SO AR 2L
W > . PR, HSESCRE A RE s AT BITE 7 1)
W&k, 1 HEASZ 2R RS 2 . Mz
T, LLaMA2-Chinese-13B fd | 1 ¢ #§ 4 %

LLaMA-2 347 T3, X o hasem,
ORI R (M 56.2 3] 55.0). kA, ATLL
FERA IR N Yulan-Chat H7 G B 4542 T
R IELE LLaMA-2-13B-Chat [ 2058, HHAE STEM
A RHX A PRI T BRI . X —45
PG5 T AR R TR I 2 M B
GRI7IF, 1ZJTIE RN B FL R b 4R i
KREENR. Kk, BIENZmcdm g, HiR
AN T RER s, SRR R I AT .
FHECES T [FIFE R A RFE 2% 2] ) CodeLLaMA-7B 15
A, YulLan-Chat 5 JloeyF: T4 i@ B GE Jy e 7, H
VT URAR 5% 2 J7 V5 58 N 0 T 52 4 i 4 B A0
N5, MER%E MMLU EEUSERE
o

# 5 RN T &4 KIE S BAE GAOKAO X
— I SCIE R AR ST PRI SEE RO, W] DA FIX g
KB & B 1) SC g SRRl e ) A — 8. K
1, Baichuan-13B-Chat 7E AT 5 228 771 IS T i
W RO, BB AR T 0 S0 A U S e A Y
LLaMA-2-13B-Chat (46.3 X}tk 36.7). 1ZARAIE T
WM BUE R 7V 2 @ i E 0 RSk, o6 Hsg
FmbRE 1A EOR IS . AN, YuLan-Chat E%HL
5tk Baichuan-13B-Chat B IR 5, X2 d T H
RN NGRS PR 7R IR T, %07
A RESE T AR I Hh SRR

F4 BKRESHEE MMLU BIBUZER

STEM | #& | ASC | Hfk | BHE

MOSS-moon-003 27.3 28.9 29.5 327 29.6
CodelLLaMA-7B - - - - 36.9
ChatGLM-6B 33.9 44.8 39.0 457 40.6
ChatGLM2-6B 40.1 51.6 41.2 51.2 455
LLaMA-13B 36.4 53.5 44.0 53.3 46.8
InternLM-7B-Chat 39.6 57.9 45.6 56.5 49.9
Baichuan-13B-Chat 40.9 60.9 48.8 59.0 52.1

LLaMA2-Chinese-13B 44.4 63.2 51.6 60.6 55.0

LLaMA-2-13B-Chat 44.6 64.2 53.9 62.2 56.2

YuLan-Chat 45.0 64.8 52.1 61.9 56.0

F5 HBARIEBESIREE GAOKAO HiFNLER

EHUS | M | Sl | HE
28.5/24.8/ | 25.0/29.5/ | 33.2/

MOSS-moon-003 30.2
46.4 233 30.7
22.8/26.2/ | 26.5/31.4/ | 23.8/

LLaMA-13B 30.0
58.8 23.8 26.6




12 it Bl R

26.4/25.6/ | 29.5/28.0/ | 38.7/ ChatGLM-6B 2.50 5.31 3.90
LLaMAZ2-Chinese-13B 353
70.6 28.1 35.2 ChatGLM2-6B 331 5.83 457
27.2/26.2/ | 30.0/32.4/ | 43.0/ Baichuan-13B-Chat 3.40 6.35 4.88
LLaMA-2-13B-Chat 36.7
722 26.2 36.2 YuLan-Chat 3.59 6.69 5.14
43.1/26.8/ | 23.0/36.7/ | 62.6/
Baichuan-13B-Chat 46.3 .
122 438 | 623 443 LIRZRESIXSEE
43502821 | 290406/ | 689/ % 8 HRTR T B AR PUASE I ] 23K 45

YuLan-Chat 50.6
81.4 55.2 57.8

442 NFXFEREIIAFEL

# 6 /R T YuLan-Chat 7£ AlpacaEval ix—
JESC NS FFRE I VESE v b, 58N SRR AR X
EC IS B35 . AT LA I 4E YuLan-Chat 5 Eb K 4
RS, A 55%LL EMER . X R T HAER
NN FFRE I T IR LAY . AR ST 2
TR ST TR A TR AT A R T7 7, BEWS
SR AR S AR B SRR ST, SR,
LLaMA-2-Chat 7t i% % #5 % £ 19 & 3 L T
YuLan-Chat, X2 K AHFH T 5 2 Fr Bk
FokRmg L), FEEBANEREPRN T B A%
A T IR N XS S E 8 o X L SRS 2 SRR
IV SR AR AR T4

x 7 HERTEANKIEFHEALE AlignBench
X — RS NS RE J VRIS 1 B iR, FTUUE
FI) 5N [ H SO S5 AT SO 5 RE T AR e 4
—3, Hrp Baichuan-13B-Chat 7E T3 3 £k #5174 o
A5 7 B cR, Hrp sCHE R B 0 AR 5 RE 7138
T HABBY . AHELELZ R, YulLan-Chat 1% 2 %
#£F Baichuan-13B-Chat, iX th 2K AHRH 73T
AR I Z B Bl 2R sing, HREEE K sa b S
YA A FRAR AN N ISXF SRRE ST

% 6 KRIEEE AlpacabEval 5 Yulan-Chat Xt iTEMI4E R

YuLan-Chat i3
MOSS-moon-003 57.06%
ChatGLM-6B 60.81%
ChatGLM2-6B 55.56%
Baichuan-13B-Chat 59.57%
InternLM-7B-Chat 65.13%
LLaMA-2-Chat 46.71%

R7 BKRNIBSHERE AlignBench EAYIENZER

L& GEE BE
InternLM-7B-Chat 2.09 4.39 3.24
MOSS-moon-003 224 4.67 3.46

R PFI g SR . W RLE T &AM S O A
7], AFEFRELB RS MES ERRIA— R
1M, YuLan-Chat #& IHBE % 4SSl R I, X WIE
BT R SCHE 1 2 B BOUR T 27 31 5 vt T 1 Y L
N EPAREN: R SR SRINE DA
4.4.4 FUEAHEIRE SN LG

N7 it 7R YuLan-Chat [HEFRRE /7, £ 9
HCAR T & AMSERE R A HERR AT %5 GSMBK _E 7T
M55 . GSMBK 48 4 T4 2= i d i, HZk
B REAE AR A H A2 el B AME S HERE RS, R
RS E A L . v LU H YuLan-Chat 1K TH B2
WA B I IR B, IXUE B AR SCHR HE I 2 B B R AR 2
1R G R AR U B R BT 5 R T

*8 BABSREAFTMOERMES LIFMNER

BoolQ ARC | OBQA | CSQA
MOSS-moon-003 59.9 64.4 44.0 28.8
LLaMA-13B 76.4 174 47.2 63.6
ChatGLM2-6B 78.5 67.0 404 69.2
LLaMA-2-13B-Chat 75.4 76.9 54.2 731
Baichuan-13B-Chat 814 75.2 47.0 71.0
YuLan-Chat 835 80.1 58.4 76.7

®9 BAESREARFHIEES LIFUER

GSM8k
MOSS-moon-003 4.5
LLaMA-13B 17.1
ChatGLM2-6B 239
Baichuan-13B-Chat 26.8
LLaMA-2-13B-Chat 289
YuLan-Chat 30.1

4.4.5 AREGA: pLEE ST X EE

N7 2 R Yulan-Chat AU AL kg
F 10 HCHk 7 AAMEAYAE HumanEval 4S5 R .
ZEREO T E T ANRRLY S N RRIE TR, &
B REAE AE G R Python ARA5, 38 3 g 12 25 B
1T/ MRS H b4 3. YuLan-Chat JEEL T LT3
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LA TR ACRS L BRRE /T, IX R WA SR ) 2 i B
URFE 27 21 J7 VR RE 8 35 B2 A5 B S iy 1 >3 45 AR A2
JRIX R AEST o

® 10 BAESHEBERDERES LIFMNER
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User: | am going to Beijing, can you suggest me three attractions?

YuLan-Chat: Certainly! Beijing is a city with a rich history and culture,
so there are many attractions to choose from. Here are three suggestions:
1.The Forbidden City: This is a must-visit attraction in Beijing, and it is
the largest palace complex in the world. It was the imperial palace of the
Ming and Qing dynasties, and it is now a museum that houses a vast
collection of imperial treasures.

2.The Great Wall of China: This is one of the most iconic landmarks in
China, and it is a must-visit attraction for anyone traveling to Beijing. The
wall stretches over 5,000 miles, and it is a testament to the engineering
skills of the ancient Chinese.

3.The Temple of Heaven: This is a Taoist temple that was built in the 18th
century, and it is a UNESCO World Heritage site. The temple is
surrounded by beautiful gardens, and it is a popular place for locals to
exercise and relax. It is also a great place to see traditional Chinese

architecture and culture.

ChatGPT: As a virtual assistant, | can suggest three popular attractions in
Beijing for you to visit:

The Great Wall of China: This iconic landmark is a must-visit in Beijing.
Spanning over 13,000 miles, it offers breathtaking views and a glimpse into
China’s rich history.

The Forbidden City: Located in the heart of Beijing, the Forbidden City is an
ancient imperial palace that served as the home of Chinese emperors for over
500 years. It is a UNESCO World Heritage site and offers a fascinating insight
into the country's imperial past.

The Temple of Heaven: This ancient temple complex is another must-see
attraction in Beijing. It was used by the emperors of the Ming and Qing
dynasties to perform rituals and ceremonies for good harvests. The stunning
architecture and beautiful gardens make it a peaceful and picturesque
destination.

Remember to check the opening hours, ticket prices, and any travel restrictions

before your visit to ensure a smooth and enjoyable experience.
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User: Claire makes a 3 egg omelet every morning for breakfast. How many dozens of eggs will she eat in 4 weeks? Let's think step by step.

YuLan-Chat: Claire makes 3 eggs omeglettes every morning * 7
days/week = 21 eggs per week.

So in 4 weeks Claire consumes 21 eggs/week * 4 weeks = 84 eggs.
Since a dozen refers to a dozen equals 12 items, then 84 eggs / 12
eggs/dozen = 7 dozen eggs.

The answer is 7.

ChatGPT: Let's break down the problem step by step:
1. Calculate the total number of eggs used per day:
Claire uses 3 eggs per omelet each day.

2. Calculate the total number of eggs used in a week:
There are 7 days in a week, so in one week, Claire will use:
3 eggs/day <7 days/week = 21 eggs/week

3. Calculate the total number of eggs used in 4 weeks:
Over 4 weeks, Claire will use:

21 eggs/week >4 weeks = 84 eggs
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There are 12 eggs in a dozen, so:

84 eggs / 12 eggs/dozen = 7 dozen eggs

So, Claire will use 7 dozen eggs in 4 weeks.
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Background

Large language models (LLMs) have received widespread
attention in natural language processing area. In existing work,
the training process of LLMs is usually divided into three
stages: pre-training, instruction tuning, and human alignment.
The training of LLMs is a complex system engineering that
involves numerous detailed designs and practical
considerations. However, there are currently limited references
available for this process, mainly due to the lack of
computational resources in academia and the industry's
tendency to keep the training process as a proprietary
technology.

To address this research gap, this paper focuses on training
a general LLM, YuLan-Chat, from scratch. However, due to the
distribution and difficulty divergence of the training data, it is
hard for LLMs to acquire the knowledge from them, especially
for the important data with harder-to-grasp knowledge, limiting
the LLM’s performance. Inspired by the process of human
education, this paper proposes a curriculum learning approach
[12] for the three training stages of LLMs, where multi-level
curricula are designed to help YuLan-Chat progressively learn
knowledge from easy to hard, similar to human. For the
pretraining, instruction tuning, and human alignment stages, the

designed curricula focus on the following important but
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include information retrieval, machine learning

difficult-to-master knowledge-related data: (1) pretraining data
that involves long-tail knowledge; (2) complex instructions; (3)
indistinguishable positive and negative human-alignment
examples. Specifically, this paper proposes an iterative
curriculum for enhancing long-tail knowledge in pretraining, a
simple-to-difficult curriculum for instruction tuning, and an
easy-to-difficult curriculum for human alignment.

We employ these curricula to sequentially train our
YuLan-Chat from scratch. Four Chinese and English
benchmark datasets are used to evaluate YulLan-Chat. The
results demonstrate that YulLan-Chat can mostly outperform
competitive LLMs. Furthermore, our experiments show that the
three-stage curriculum can yield performance improvements of
9.7% (GAOKAOQ) in 222% and 18.9%
(AlignBench) in instruction tuning and human alignment

pretraining,

stages, respectively.
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