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1.1.1 733E 4R
1.1.2 3RRE
1.1.3 BRS1AEkE
1.1.4 53R 73 7EXI L
1.2 Embedding JE#R N
1.2.1 AERANER
1.2.2 EERANT A
1.3 Attention &/
1.3.1 Attention V43
001.3.2 EfAttentionF5 7%
1.4 FFN &Add & LN IR, FREEE. BA—1k
1.4.1 = MERI1ER
1.4.2 INKWUEMITE
1.4.3 FENIHEMIEUE R ER
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1.5.1 i ERIENEE

1. Architecture KIEBIEE{KREEH



220X Attention Is All You Need 12 Hif9Transformer4sta, 7T KIEEAZE B

Output

Probabilties Scaled Dot-Product Attention Multi-Head Attention
(G
MathMul
(Conar]
Add & Norm Scaled Dot-Product h
FFeedd N Attention
‘orwart X
L tl tl
Nx L1 i - Ll
ASE N Linear || Linear P Linear
Q K \%
Positional sitional
Encoding OSL;:;;; W% K Q
Input Output
| Embedding I [ Embedding ]
Inputs Outputs
(shifted right) Figure 2: (left) Scaled Dot-Product Attention. (right) Multi-Head Attention consists of several
Figure 1: The Transformer - model architecture. attention ]ayers running in paral-lEI

1.1 Tokenization 43id

1.1.1 5338748
1. $3EEN: BRAXESB—NMAT, RIS ATREEEEIRTIEY, WREEES
(tbn%: SJembeddingSiEE NS RIERBEN) EH
2. SHARI= AR :
a. THIRE word: EIRESIESTINLC, PXAILUERjiebas @I A
fRs: FDRME NETIHRZ
7 Y=

i FREMEARATFREMNLAGESIEER, 88RESNEEIR, FEMISZHMRETTES,
#BHBBIREERMEFF
ii. OOV(out of vocabulary)inl@@, ¥FiAERZIMNIIEATER N

iii. TELBIBEFANEEXANDEXR, A—MINFEEE, EXHERE, S2HHFRAE
WWARUEMTINERZ, MBETERIFNBIEXLERZENXR; FIY, WEEF)E4%
EXRFRERZERZE

b. FHHIE char: OOViRIFUlT] AR

s JWFRWD, LbI26 N EXFEAUAESHFAET, 50002 N ERAFEAMEEASEH
EBBEIELC, Bilt—LEBFR

e

. TEAHEEIEN

i FIHCE, BRTEMANEK



c. FiAfiE subword: HIE7 T TFcharflwordzig), BABENEBIRANMZERFRR, EEHAM
%3R5 B FiR Ll Etoken E4E= 8]

L s AU FEIRRANSIENTRIEZGES, LEINOooVia@A] L@ subwordAH &%
R, =MERBSubwords3 @& %, 75I2BPE, WordPieceflUnigram Language
Model

3. AR — el AR IRE ReIML https://tiktokenizer.vercel.app/ , TERRT —
LRI F, 5 Bgpt2iligptdofTokenizerERAI LY. RX. HEMNNBHH A
£, oLIERMELbgpt2, gptdolIiRARiRACREX, HENKNBERENtokenEHE L, &—
MokenB EHERBYE X EINER

<>

gpt2

Token count

502

ABESHEE (LLM) ERENERFRIRINREHRZNEZRE, 10 0p
enAl FriRf#AY ChatGPT RE, EfIFEITBRIESLE (NLP) AUHA
R,

Large language models (LLMs) are deep neural network m
odels that have been developed in recent years, such a
s the ChatGPT model provided by OpenAI. They ushered i
n a new era of natural language processing(NLP).

456 + 1234 = 1690

class SimpleTokenizerV2:
def __init_ (self, vocab):
self.str_to_int = vocab
self.int_to_str = { i:s for s,i in vocab.items
0}
def encode(self, text):
preprocessed = re.split(r'([,.7_!'"O\']|—|
\s)', text)
preprocessed = [item.strip() for item in prepr
ocessed if item.strip()]
preprocessed = [item if item in self.str_to_in
t else "<|unk|>" for item in preprocessed] #A
ids = [self.str_to_int[s] for s in preprocesse

d]
return ids
def decode(self, ids):
text = " ".join([self.int_to_str[i] for i in i
ds])
text = re.sub(r'\s+([,.?2!"(\"']1)", r'\1', tex
t) #B

return text

<>

apt-4o

Token count

286

ABESRE (LWM) BRE/ERFTFRLRREREMARE, N 0p
enAl FRMHEY ChatGPT #EE!, EAIFEITBRIESLE (NLP) AYFR
L.

Large language models (LLMs) are deep neural network m
odels that have been developed in recent years, such a
s the ChatGPT model provided by OpenAI. They ushered i
n a new era of natural language processing(NLP).

456 + 1234 = 1690

class SimpleTokenizerV2:
def __init__(self, vocab):
self.str_to_int = vocab
self.int_to_str = { i:s for s,i in vocab.items
0%}
def encode(self, text):
preprocessed = re.split(r'([,.2_!"()\']]—]|
\s)', text)
preprocessed = [item.strip() for item in prepr
ocessed if item.strip()]
preprocessed = [item if item in self.str_to_in
t else "<|unk|>" for item in preprocessed] #A
ids = [self.str_to_int[s] for s in preprocesse

d]
return ids
def decode(self, ids):
text = " ".join([self.int_to_str[i] for i in i
dsl])
text = re.sub(r'\s+([,.2!"(\"']1)", r'\1', tex
t) #B

return text

4. BADIHBENEN: Tokenization2R ZLLM{ARAAZIC


https://tiktokenizer.vercel.app/

Tokenization :(

Tokenization is at the heart of much weirdness of LLMs. Do not brush it off.

Why can't LLM spell words? Tokenization.

Why can't LLM do super simple string processing tasks like reversing a string? Tokenization.
Why is LLM worse at non-English languages (e.g. Japanese)? Tokenization.

Why is LLM bad at simple arithmetic? Tokenization.

Why did GPT-2 have more than necessary trouble coding in Python? Tokenization.
Why did my LLM abruptly halt when it sees the string "<|endoftext|>"? Tokenization.
What is this weird warning | get about a "trailing whitespace"? Tokenization.

Why the LLM break if | ask it about "SolidGoldMagikarp"? Tokenization.

Why should | prefer to use YAML over JSON with LLMs? Tokenization.

Why is LLM not actually end-to-end language modeling? Tokenization.

What is the real root of suffering? Tokenization.

1.1.2 FiRAR*
1. Byte Pair Encoding(BPE)
o LB M—TEMNARFE, BIFESHRSMNEStokend K= EFiltoken
o BAME: WNIIZERAHIERR AWV
i EFEMIAR LINERP26NFEINEEMTS, FHAEKID
ii. BEFEMARREESIIERED AR/NETT
iii. EEN LA RIARESRETHARE, ERAERSNETHHITEH
iv. EEE3TEIXETALIRENsubwordifRANE FT— 1 REMEN1

o fhm: AUBMMEERCRADMNED L (RO FFRFENtokenthE, SiaRA/NFKIE
BX)

o BRR: EFRENHENTSER, FEEREFHENZS ISR (XEENFULMAmEN);
AR RYEHZEmE G YR (EbaixtFRE—MNaF "Hello World", 43384ERATRER
[@"Hell/o/world"=¢#&"He/llo/world")

2. Byte-level BPE(BBPE)

o B KBPEMFEMRRINY REIFTET, REREXAHFHFENES (NBIEMFP
X) NBEEFH IR TUEM S RRACRARMNE RS

o B{AfiE: EMiAREA256MFTE, UTF-84%5

o fRe:
i. MER5BPEEY, {BiARXAREI
i. AIUESIESZEEIFTAINNFIRLEIFNEE

ii. MEFREAES, UMNBIFTEENAERLIRFITS
o R



i. RIBFFIEY, KETRIEKTBPE, tERAES
ii. Hbytefi#i3RAIgERBEIRNY, FEEI L TXESMEIEMRRH#ITRRY, RILBHEN
NaF
3. WordPiece
o DB 5BPEXM, LEM—PMEM/INARE A, BEIRMESHRTERLNAR, TE
HZESIETF, BPEFRIMEKFRIEZESHHtokenXd, MwordpiecefztokeniBlEZEFRH#ITEFH
o BFfMiE: WmNIGBERARRANV
i EFEMEAR LINRXP26 N FEIN LLEMHES
ii. BEFEMIAREERHED AR/ NETT
i, EFE25EINIGHESHER, TURunigramiBSER, @AM #TGTENE]

iv. MFrETIEEStokenX kSR, EFESHER URAIZERIEIIIZREER 2N token i
TE8H, RRAFENDFRAR S = (41, t2, .., ty) , BF S HRAEFTARE TR
AR

log P(s) = Z log P(t;)

BIgE N FITEEIIL, SHENHNFIR o Ml y =EHRNFIA 2, DFHMRAETLY
W FRZENEES:

P(t.)

z) + P(ty)

HIMESNEEEERERANBENFHRAEH, M FREESERE EERENXEYE
v. BEEE4SHIAEFIIRENsubwordilR AN BRI ERTFE—RE

o {RE: ATLUBFHIFEIRRANFIOOV|R]EH

o FRER: AIRERFE—ERKRASENFRAFENREIRNIIS, SHEHIRIERHE, Xaas
FAmBYF, —MRAARE: BESIARA. BaStiFHF

4. Unigram Language Model(ULM)

o ZLBR: MB—1KIER, ARETunigram iESER T EREFFsubwordis IR %
KL RsubwordIEEM, RElossBRAHE N EEMHRSHIsubword, ULM=iiRFREBAB
LD REMELMERZAFHNSRAERPIFIR, EOXLEFRNRERER, HERLAKBEX

o BRME: WmNINGZBRFERAIWV
i EFEMIAR: YBE—NMEARIER, LB FEF+Eingram, ta]Li@dBPEEE

Miaik
i, fHxYariER, BESEE (unigram Im)EiHESNFiREER LS
iii. itEMFREMsubwordG3tElossHIBMN, {EJiZsubwordiiloss

log P(t.) — (log P(t;) +log P(t,)) = log Pt



iv. BFiRigRBlossK/I#ITHIF , REBREIX%HFIA; EE, BFRHTFEERES, U%e0o0oV
v. EESRE2EI4, BEIARANRDIIGEE
o fim:
i. FEINGEETUFIBRABE RN IAER, XEiFiddata samplingEEILIAY
ii. RE—MEFESRENDIAEE, XMESRETUSLZSHSITERB TR, MMmaIL

FEIHAPRIEE
iii. ERBATMALTHENS I EER
o HRm: 1) BMREMBARSEMEX, MIBHKIARERBIF, LLINRTLIETBPERMIGHK;

2) BESH

1.1.3 B AR
1. SentencePiece
o ZMANIE: IFTEBNSMEEMBPE. ULMFAE L, W #Fchar, word43 1A

o ZiET:. LlunicodeAXEIBFRT, BFAENEMAN (EX. PXEFEAREIES) & Hunicode
T/, BRT ZIBESHEA ARG

o (mIRISRYRNEE: 2RI IMDIRREANTIRIAIEIRENE, ERELERREN,
Sentencepiece EXN MG T HENEARIRIERKAIE, A—PfFsS 7 (U+2581) #EX=T
B, XA ULIES B e RRERD (YRigiESRYaT % :
Decode(Encode(Normalized(text)))= Normalized(text))

o FPre-tokenization: Sentencepiece® LIEEMraw text/setencesi#iTi)II%k, FZPre-
tokenization

o [RIRFEENL
2. Tokenizers[E
‘mEZEYEpipeline:
o normalization: FIE. MFR=M. WEFEEZFHFS. /HhE. Unicode normalization

o pre-tokenization: R XAKIFHDAE/NNNRIITH, XLEINRLEG W T)IZRERtokendy £
fRo ZEX—RH—NMFAERMD ARSI ENXAIRDN “BiF” , ARENZRZoken
KXt FnN—E 5

o model: B&ASDARZE

o post-processing

1.1.4 53875 &3 L



e wordpiecefIBPERIRTEL: IR EMNESHHBE, BiERFroHR/NETT (BRXF26MNFER/INLESR
MRS, XE(EAVIRIER) REHITEHF, ARMNNEIK; ZOXFIFEFwordpiece2i®
tokenal W EE B3R i#1TEHMBPER R Btoken—REIH MBI R S HH

e wordpiecefIULMEIILL: #EREBESIRERILEFR;, XHETFRIEFRARB/NIIK, MEHEAR
BAAED, TRt —>rKER, RETGEENRHEFER, BRBERESRMF. ULMEEZEE
THAFHAREDIERE, RAmegiabHEHMERaSN2EER

Choose what to
merge BPE

>

Merge decision
»

Count things

WordPiece

Get probability
of things

Unigram

1.2 Embedding iFEl#zr A\

1.2.1 FA#RNTTER

X FiARESEmbedding: Embedding@ SN FELTE 7 MEVA B AT R EMmAR 2
SIBEIEE, IR — 1 2EEDense/Z, HilonehothtEN, AEMENHEL, INFRE, Fit#E
LML, AlookupERKABIEMFRILUIZESERE, PyTorchdE BHISEIL A
nn.Embedding(vocab_size, embed_dim), embed_dimBiABEMRIESEE K/, vocab_sizek
ARAN

1.2.2 iG#R NS &
1. OneHot
EKFOne-Hot/wmiE A RFNAREIEFE HE, EREUEEMZ W

o —HEXMEANFEICRER, EEZEARUL, XABHIIELITERS HFREAEMIT
iR 5 ETE



o B—AME, One-HotwRIZHFFREIRAREZEIKILLIES:, EHEMIASFAZEIREMXR
2. Word2Vec

Distributed representation®] L2/ ROne-HotRIZFER R, THERIE LG, BEFK
One-Hot4mi3 AV MAERERST B — MRFERAMRE L3R, MXMRENERENEETTUHECHE
WERTRIBESHTERIETE

Word2Vec WIGIRE AR EERAF—ITREBHHETNGEG, RENRBEEHRTIENIER
2, TESHMmMHESS2EE! CBOW # Skip-gram

Input layer Hidden layer Output layer
X
X,
X3

o]y,
O ¥z
O| Y3z

[eNeXe]|

¥y

O =a=
) wm

Xk

Xy 0 - ) O|yr Cxpedim

Figure 3: The skip-gram model.

o CBOW(Continus bag-of-word): 1RIEIEEFN LF017
o Skip-gram: 1R#EZHaiiaFniER

— R AL E S EAETUNEHE, BENETUNEREREEER, BidsoftmaxiFsl, HHMES
— RN EE T LERIBIBEHITIHTE, XTRSTHRIEABTEIFFEH. Word2VectztH main
RIIFRENF T, —FEHierarchical softmax (EXE£1#), 5—fENegative Sampling

i. EXEW

AT EERITEFREERsoftmaxifE, word2vecRAB T EXEMFKARZ MI2EZsoftmax
ERVBREY, RIBIASMREZILIRKREN, BZHEERAZ LR, GRXSHBFIERERT =5
LUz FIEMEIREENEET, HP, BRTRfAREXNNEINREENIERE, meh
BEMFHRMEMF ZaiMEMEsoftmaxiEtl BRI T, HF O R MULRIECRNAK
e BEfm ST

= HERES. ATE-XMN, FREHEENV BT logV
= FAEOHRE: SIAEMBRENR, EERESHLE, FEROALNEE

EXEWMMGRE . MRIATRINFERENFOIEZ—MREME, BAMFEEXE
WP FENE FERA T ARER] R ZIE,

ii. PaRHE
EXEMNMERAERSMHRERABEANTENSE, ol IESEERIIGHNUER, BENRE]
Bl RERNRORR—NMEERIIE, BAMBEERENPFEENRATERA T,
R, WFLAEIEWE ETFXContext(w), AwE—NMEHEZAR, EMiRZAER, &
FA7 sigmoid R4



steE7E: NEG(w).
eErs: (Context(w),w), ZBEAL: g(w) = [[ucwwreu PulContext(w))

Hrh:

o(xl0"), L"(u) =1
lx,.,0") = . _
p@x )”{l—dﬁﬂm LY(u)=0
RRENPFR: S8R0 NMIGFERREHTINE, HINELTEE; BRVITEE,;
(—EEE X eT LUE NFEHLE)
LR SERRGIF -
o WUEATAIILHEZ (input word:"fox", output word:"quick") JFIZRFATAIFHZ M
B, “fox” A “quick” #ELZdone-hot/miBMY, NRFK{1HvocabularyX/\/310000
B, TREE, EMNEFE “quick” R MuBitl, HR#E0, XLEHRE(THAE
O BEFTXT B IAFENIK S “negative” word,
o HEAMARER, EITEHEIEE— )5 BInegative words (LE3liE54 negative
words) REMHIFMANE, Ei1BEIIETMpositive word#{TINEEF (LEAY
B FH5 2" "quick") -
o {BRiZF2E-LEHE300 x 1000019 E R, WRERT ARENAERITUNEE
A 1Bpositive word- “quick” BIFIFATEZFRIE M5 negative wordsHYLE = XTIz
XE, HiteMabEEn, HMETFTERREM300" 6= 1800 MY E,
FHAN: B, oILRIBIESETTREN AR, FOME FEZFasmtb iR KA fa i
&, bl By, XMIAEELENEINNVERREIREERARMKN. Word2vecITETRSHE A
FENTO0.75%%, RN Z Bl ER S RRAHRE M, FERMEER ARt BN
=,
3. FastText
fastText@—MRIEX A 7FELEZE, FEAMCBOW—H+



output

b

hidden

Iy T2 . IN-1 IN

Figure 1: Model architecture of fastText fora sentence with
N ngram features 1, ...,z n. The features are embedded and

averaged to form the hidden variable.

FMCBOW—#%, fastTextiBRBBREBE=RF: WAR. REE. BHE, BIABEZINERAERTH
Bin, MEEHME—MIENtarget, REBRMBEXNZ MARENESMNFY;, FRNE, CBOWHH
ANEBREIEN ETX, fastTextPVRIAEZ BRI NEN-gramiFiE, XERFEARKRTENX

1; CBOWHYkINEiA#onehotRigid, fastTextfIia NFHEE#Hembeddingid; CBOWHYAEIE R
BRENL, fastTextAYiad & SRS BRI SR

1.3 Attention ;¥=1H

1.3.1 Attention7T43

ZI0 B Attention#lHIMIBRS iR, #Z0RBEZENIEFFIEIER, MSRIZEXFHANFE
EERS, MPBAEZENIS, BIFEIFEBIINE, BRANFFIFHEERS EUH
|, MMERER T UEF X EIESHEERNER. ERNEFRHEMSE (RNN) HERHEM
4 (CNN) 7ERBREANFTIN, MLUERIIFTIRFRMENERIEE, JRSBEEEERES
M, Fn 2 ERIEKEFYIRIERE

BARIRAR

o Query: FHHER

o Key: BEMER

o Value: FEHITMNBIE, ERkeyZEh

R EHPEMIBNQuery=TRFFIhEMFAE i B/Keys, & THMNG, AETHEX
HEtokenMEZ(EE, MARREYIHREMAMEMtoken

—MBRZKRMFF, ENItoken, BLRidvocab embedflposition embedz f&, FEAEHEMTA
=R, BRAEREW, BETFIEMqueryBIRFENAENGEER, keyWAEEEEMRERTECH
FEEMMAUE TRAMBESRERK) . HEembed =6 EEHITRTABNE, XLETHFHEIIRAY
MAEMKEENRANE, FUNUNEFEERDNE) BRENTEXR, RREASREELSHNX
TheyHEEERNBER, AEMXMEXESNEAFZIELZER



BR— s, BEE/MIE, REEIFHEISFUENTAHS
EANweights R, HMEMtokenFEET ZMER
e E2A2XN: Scaled Dot-Product

Attention(Q, K,V) = softmax(

Scaled Dot-Product Attention Multi-Head Attention e v
El A
- : PaD
Mathid] Attention Score
Scaled Dot-Product h Softmax
Attention
LA | —
L1 L1 L1
Linear PH{ Linear | Linear T T
Q K v lnlv P:game
\Y K Q
Key
T
Emb
Figure 2: (left) Scaled Dot-Product Attention. (right) Multi-Head Attention consists of several | i T
attention layers running in parallel. gl g wekome

Scaled BB EBNNEHITEM, UHFRKENRENX, BEBIIRIA sqrt(dy,) EH

HQueryHlKeyRENHEE d, BAK, BTAENKELRKEN, BIRAENENEEREE
Ko ERABBMEMTENsoftmax2EMEEEL, R THSEMER0, ERSHEEIMRMiE
S, WEHTEEENRE, BELLR, MEEAR, BRELHERIUEXRNIEL, softmax=
EiZifonehot, XFIBHEHEMERE— T FTENTRNEEEFRHTEIN, Scaletf2iFiz
H#R L REHRRY S E

NIFF R ZRRYES R, BEBNAR— TG R, ERIIGIE, RERLIHE—EaENSR
=, BERNRBPRETSEFIRFS, FEEEZWIGATEFIFNER;, SRENTBS
HEZIFERORME, KNNBERRERE), RAREELLT—MEXFIERXE, LY
BRI UIE R R E B RN, BEHIEZNIPIEHER

Q A

Aft4transformer HE—EBRERNEVNZEERNER, F2EMBESIKEBHREHE
=a— B Hfiscale,
HihBEE2M?

ARSI EIsoftmax  WBARIGEIE S FREIE, BILUBEd RS temperaturefiBiR,

it EARR? temperature/RIZWT: HA P(x) RIER N EIE x SERNREEE, P (x) @&d
Temperature ARSI, oJUEE], % Temperature IEKEY, RIGHTES
STRFEMFE, FENRFIMEENENERL, k2, & Temperature &/
B, MEDHSTSEMBEE, FRATRSHMENERITEREERIER,



P'(@) = P(z)1/T)

0 01.3.2 EAAttentionF £

1. TransformerdifJAttention

QOutput
Probabilities
g ™
Add & Norm
Feed
Forward
s | ™\ | Add & Norm ;
—EEENOT Mut-Head
Feed Attention
Forward T 7 Nx
N Add & Norm
p—hl Add & Norm | Masked
Multi-Head Multi-Head
Attention Attention
At 2 At
— J N — )
Positional Positional
Encodi P & i
ncoding Encoding
Input Output
Embedding Embedding
Inputs QOutputs
(shifted right)

Figure 1: The Transformer - model architecture.

o EncoderflDecoderdifiySelf-Attention: QKVEEREEMFRIIEFETIN, REBEXIEHZTS
NEMEXANERS, Tif. BHMESREE— T RARY. FTEBNESHRBAFTINER &K
xR, ETransformerdy4wi32s (Encoder) RG2S (Decoder) ME—EEHEERIEN,
EAFRAFRTINE N DX FFIIFPHEMESD, XFETF: Encoderdfiself-attentionE
YA EMtoken5FF|2EBtokenitH, Decoderdifyself-attentionE HFifi BEAtoken 2
5%z aiftokenitE (Masked Attention/Casual Attention) , 77 & %iRIEZIEHAY
EEtRE

o DecoderffJCross-Attention: QKVEBEARFEFEYI, B—LHMIT R, FITHEIEM]
NEEMSIBECHTR L, EEIRE—THANFY, MENERBES—TMHEAFR. TEH
WM TransformerfVfigiags, ©AFMRIERXIRESENEYH, TEFEHNBRAZRE—FT
BelZ “‘XiE Z—1F. EFSHRP, XERER, GINENSRERED, BRAFEY

(FiES) NE25HEFY (BIRES) NI FTREE=N

2. AttentionitHEZRERHKK



Self Attention 2 O(N?) B9, EENFFIPNERR N EEBEITEEXE, BE— N A
X ERE %

-

o Sparse Attention: FEFRIEET Fattentionfllocal attentionfImixture

MEBR M LB T HEMIESFEIKEY. HEXEENk,2k,3k,.. . BEEHEPIRFI0, XiF—
FKAttentionstEE “HEFEBMEXMTEHRHEX" BT, XWRSESKRATER—TF
HEHRL, ANEERERENKEXBKNESEL ERRDH,

BERAE, XMEBBRERTRRBZL:
L AAERERBEERIKE, XRATEWREN, HFHRANAFEEMLE
ii. ERENRE LHITRENZHL L, TEBE—1TBRKI, FRUEFREZHET

o Linear Attention: TEBHEFEIGsoftmaxEis, REABKERV, XHEEEEREM
O(N?) T O(Nd®) roiEiE it

Softmax@RTM QKT BRIFEAMNEME, NEBEEMSEHLTIUEE, BBAFATUERE
softmax, MTIIRIBEMHEEMEESE KTV, FEQKVASKEMSHRE N x diy

B LUE AZREA R &t attention, RN IERARECEREAMIE:

> i1 sim(gi, kj)v;

Attention(Q, K,V ); = S sim(qi, k; )
j:1 1y "'V]




sim(gi, k;) = ¢(a:) ' p(k;)

3. EESHRMES: MHAZIGQA
Multi-head Grouped-query Multi-query
Values

—(0000000 00000000 DOO000OE

e Multi-head Attention: [Rtransformerffattentiontt@MHA, &—headfJhead_sizelg§Zs
AEBembed_sizef1/num_head, FEfgroupER, RUFRBITRBIRREE, ST NE
EXINEEADFR—EF, UMEF— 1AL IR FEYRAREFZIERISFIE

FHIMHA:

1 -Himport torch

2 from torch import nn

3 class MutiHeadAttention(torch.nn.Module):

4 def __init__(self, hidden_size, num_heads):

5 super (MutiHeadAttention, self).__init__()

6 self.num_heads = num_heads

7 self.head_dim = hidden_size // num_heads

8

9 ## HIIETLQ. K. VIREZAENE

10 self.q_linear = nn.Linear (hidden_size, hidden_size)
11 self.k_linear = nn.Linear (hidden_size, hidden_size)
12 self.v_linear = nn.Linear (hidden_size, hidden_size)
13 ## B LR

14 self.o_linear = nn.Linear (hidden_size, hidden_size)
15

16 def forward(self, hidden_state, attention_mask=None):
17 batch_size = hidden_state.size()[0]

18

19 query = self.q_linear (hidden_state)

20 key = self.k_Llinear (hidden_state)

21 value = self.v_linear(hidden_state)

22

23 query = self.split_head(query)

24 key = self.split_head(key)

25 value = self.split_head(value)



26

27 ## ITEFR7E
28 attention_scores = torch.matmul(query, key.transpose(-1, -2)) /

torch.sqrt(torch.tensor (self.head_dim))

29

30 if attention_mask != None:

31 attention_scores += attention_mask * -le-9

32 ## XLERISEH#TIT—1E

33 attention_probs = torch.softmax(attention_scores, dim=-1)

34

35 output = torch.matmul(attention_probs, value)

36 ## XER I HILHTHE

37 output = output.transpose(-1, -2).contiguous().view(batch_size, -1,

self.head_dim *x self.num_heads)

38

39 output = self.o_linear (output)

40 return output

41

42 def split_head(self, x):

43 batch_size = x.size()[0]

44 return x.view(batch_size, -1, self.num_heads,

self.head_dim).transpose(1,2)

o Multi-query Attention: FiEEIqueryZEKV

KVCache: FRAIEMEIYILLMFRERICausal Attention, 7Etoken by tokeni®|IHEIR 4 AT,
Rt E SRitokenMattentionBVETE, HPHEAIFFIGIERIFIEtokentIKFIV, Ft AT
BREMBITE—EXES, JEZRIFYtokenitEIIMKVEF FHRA, XFEKVCache
5%

TEMR, EZTNREE=TQMAI=MKVEEHE, E4itokenTE2FIME

Q
'Quant’
|uml
'_mechan'| 5(0,0)
'ics'|
S(1,0)|S(1,1)
X >
5(2,0)|5(2,1) |S(2,2)
$(3,0)|S(3,1) [S(3.2) | 8(3.3) v
L X .
K KQ (masked) A | |
(transposed)
KQV
'Quant’
HEC® "um'
E 20 @ O ' '
g=- 5= _mechan
e B2 ‘ics!



MQARKV CacheMIEHEKX™E, UEFEHXMERNEIMEURBREHRR
FHIMQA:

1 ## ZEEEIETS

2 Hdmport torch

3 from torch dimport nn

4 class MutiQueryAttention(torch.nn.Module):

5 def __init__(self, hidden_size, num_heads):

6 super (MutiQueryAttention, self).__init__()

7 self.num_heads = num_heads

8 self.head_dim = hidden_size // num_heads

9

10 ## FIETHQ. K. VIRFAENE

11 self.q_linear = nn.Linear (hidden_size, hidden_size)

12 self.k_linear = nn.Linear (hidden_size, self.head_dim) ###
13 self.v_linear = nn.Linear(hidden_size, self.head_dim) ###
14

15 ## WHZMER

16 self.o_linear = nn.Linear (hidden_size, hidden_size)

17

18 def forward(self, hidden_state, attention_mask=None):

19 batch_size = hidden_state.size()[0]
20
21 query = self.qg_linear (hidden_state)
22 key = self.k_Llinear (hidden_state)
23 value = self.v_linear(hidden_state)
24
25 query = self.split_head(query)
26 key = self.split_head(key, 1)
27 value = self.split_head(value, 1)
28
29 key = k.unsqueeze(l).expand(-1, self.num_heads, -1, -1)
30 value = v.unsqueeze(l).expand(-1, self.num_heads, -1, -1)
31
32 ## ITE LR #
33 attention_scores = torch.matmul(query, key.transpose(-1, -2)) /

torch.sqgrt(torch.tensor (self.head_dim))

34

35 if attention_mask != None:

36 attention_scores += attention_mask * -1le-9

37

38 ## XLERDSEHATTIT—IE

39 attention_probs = torch.softmax(attention_scores, dim=-1)
40

41 output = torch.matmul(attention_probs, value)

42



43

44
45
46
a7
48
49
50
51
52
53
54

55
56

def

output = output.transpose(-1, -2).contiguous().view(batch_size,
-1, self.head_dim * self.num_heads)

output = self.o_Llinear (output)

return output

split_head(self, x, head_num=None):

batch_size = x.size()[0]

if head_num == None:

return x.view(batch_size, -1, self.num_heads,

self.head_dim).transpose(1,2)

else:

return x.view(batch_size, -1, head_num,

self.head_dim).transpose(1,2)

o Grouped-query Attention: jEqueryspligil, SAMqueryREEKV, FEHMEERF
FHIGQA:

© 0o N oo 00 b~ W N BH

R S e S S G S
©W O N O U A W N R G

20

21
22

import torch

import torch.nn as nn

import torch.nn.functional as F

import math

class GroupedQueryAttention(nn.Module):

def

__init__(self, d_model, num_heads, num_groups):

super (GroupedQueryAttention, self).__init__()
assert d_model % num_heads ==

assert num_heads % num_groups == 0

self.num_heads = num_heads
self.num_groups = num_groups
self.d_model = d_model

self.depth = d_model // num_heads

# Linear layers for Query, Key, and Value
self.wg = nn.Linear (d_model, d_model)
self.wk

Key per group

self.wv

Value per group

self.fc

nn.Linear (d_model, d_model)

nn.Linear (d_model, d_model // num_groups)

nn.Linear (d_model, d_model // num_groups)

# Shared

# Shared



23
24
25
26

27
28
29
30
31
32
33
34
35
36
37

38
9
40

41

42
43
44
45
46
47
48
49
50

51

52

53

54

55

56

57

58

59

60

def split_heads(self, x, batch_size):
x = x.view(batch_size, -1, self.num_heads, self.depth)
return x.permute(@, 2, 1, 3) # (batch_size, num_heads, seq_len,
depth)
def forward(self, x, mask=None):
batch_size = x.size(0)
# Linear projections
g = self.wq(x) # (batch_size, seq_len, d_model)
k = self.wk(x) # (batch_size, seq_len, d_model // num_groups)
v = self.wv(x) # (batch_size, seq_len, d_model // num_groups)
# Split Query into heads
g = self.split_heads(q, batch_size) # (batch_size, num_heads,

seq_len, depth)

# Split Key and Value into groups and expand within the group

k = k.view(batch_size, -1, self.num_groups, self.depth *
(self.num_heads // self.num_groups))

v = v.view(batch_size, -1, self.num_groups, self.depth *
(self.num_heads // self.num_groups))

k = k.repeat(1, 1, 1, self.num_heads // self.num_groups)
vV = v.repeat(l, 1, 1, self.num_heads // self.num_groups)
k = k.view(batch_size, -1, self.num_heads, self.depth)

v.view(batch_size, -1, self.num_heads, self.depth)

# Scaled Dot-Product Attention
scores = torch.matmul(q, k.transpose(-1, -2)) /
math.sqrt(self.depth) # (batch_size, num_heads, seq_len, seq_len)
if mask is not None:
scores = scores.masked_fill(mask == 0, -1e9)

attention_weights = F.softmax(scores, dim=-1) # (batch_size,
num_heads, seq_len, seq_len)

output = torch.matmul(attention_weights, v) # (batch size,
num_heads, seq_len, depth)

# Concatenate heads

output = output.permute(0, 2, 1, 3).contiguous() # (batch size,

seq_len, num_heads, depth)
output = output.view(batch_size, -1, self.d_model) #

(batch_size, seq_len, d_model)



61 # Final linear layer

62 output = self.fc(output) # (batch_size, seq_len, d_model)
63

64 return output, attention_weights

65

#KVCachehRZsHyF i

def forward(self, x: torch.Tensor, start_pos: int,
fregs_cis: torch.Tensor, mask: Optionalltorch.Tensor],
):

bsz, seqlen, = X.shape

1
2
3
4
5 xq, xk, xv = self.wg(x), self.wkix), self.wvix) " -l-l-ﬁQ’ K’ V
&
7
8
9

xq = xq.view(bsz, seglen, self.n_local_heads, self.head_dim)
xk = xk.view(bsz, seqglen, self.n_local_kv_heads, self.head_dim)
xv = xv.viewlbsz, seglen, self.n_local_kv_heads, self.head_dim)

11 xg, xk = apply_rotary_emb(xg, xk, fregs_cis=fregs_cis) b Tj_: KJ:;?_I%DDROPE{-‘-E{_‘_,L,\
12
13 self.cache_k = self.cache_k.to(xqg)
14 self.cache_v = self.cache_v.to(xqg)
15
16 self.cache_kl:bsz, start_pos : start_pos + seqlen] = xk -
17 self.cache_v[:bsz, start_pos ! start_pos + seqlen] = xv * Eﬁﬁ-Ks V%ﬁ
18
19 keys = self.cache_kl:bsz, : start_pos + seglen] a
20 values = self.cache_v[:bsz, : start_pos + seqlen] ’ jiEH-HKs vﬁﬁ
21
22 # repeat k/v heads if n_kv_heads = n_heads
23 keys = repeat_kv(keys, self.n_re # (bs, seqlen, n_local_heads, head_dim __..........__...*
ys = repeat_kv(key rep) # (bs, seq : [ERAGQAR, MK, VEFE
24 values = repeat_kvivalues, self.n_rep) # (bs, seglen, n_local_heads, head_dim)
25
26 xq = xq.transpose(1l, 2) # (bs, n_local_heads, seqlen, head_dim)
27 keys = keys.transpose(1, 2)
28 values = values.transpose(l, 2)
29 scores = torch.matmul(xq, keys.transpose(2, 3)) / math.sqrt(self.head_dim)
30 if mask is not None: = b
—--—-u—-——.-* =
31 scores = scores + mask # (bs, n_local_heads, seglen, cache_len + seqlen) ’I'm‘j]-l‘-l-%
32 scores = F.softmax{scores.float(), dim=-1).type_as(xq)
33 output = torch.matmul(scores, values) # (bs, n_local_heads, seqlen, head_dim)
34 output = output.transpose(l, 2).contiguous().view(bsz, seglen, =1)
15 return self.wo({output)

4. DCA(Dual Chunk Attention)

DCAE’\JVIE.\PEZ*&%I%&S‘CZIS&?%'JEE%’PE'J\E’\J “R” (chunks), AE73ITEXERAFIRZ 8]
AR BETROT:

o SR BRIYBDEMET IR, 8NVNREE—EDXA, FlW, —12000358I3CARLL
73 BB 4T EIR50078 89/ R

o RNEFEN: WEMNREBNVAEENING. XEKREESMRAMNBFRSE—MRANE
fRBHITIENIHE, XFEFUEZRIITEE

o iﬂl‘ﬁlii%‘\ﬁ: FIERRNERENGE, BEXERZENAIENNG. XERESTIRES
HMR#T2RESNRE, IBRRBIN XA ETXXR

XfF, DCAREBAMMMIERX A, FNFEFRENITERENRENNEFSH.
5. S2-Attention(Shifted Sparse Attention)

BETXKESB/LNE, A RS MEFRMITEERT. EFERTIKP, FHtokenFZF LK/
BHITEAL, XFRIETHRPBAZBBERRE. B, ERER/N204809S2-AttnAFGE{b 28192
N ETXKEIIZ
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Self-Attention o !

I Feed Fcrward :

Pattern 1 - w/o shift Pattern 2 - w/ shift Combination — XN

{a) Shifted sparse aﬂenﬂon r {b) Low-rank adapt

____________________________

a. Bit, TRIALEHEEIISIED M AIR (Lba08174%, 81T/ F 8 token, 4FAILUAAR
BaANk, ARRE—TIRT)

b. B, HF—RARFCHEE AR NN —F, B2 partiyFE8 tokenHIF—3 R (1ED
[F¥&inputsiE8-i-tokenty /51 heads) B ehFIE 2 partdI 58197, M2 parth[FERE M
1-71tokenMIE—FRim1 BEETB—I1T

c. £=, BtokenAHFLBHMEBLE, FRARESMERITE, EEEBIBMUEARRLEZE
mole BABAIRIRERSINBENEEME, BXa OB RIS HITRIERE S

T
Iy =5 Hialf heads Attention w/o shift Attention w shif |
o |
HIE AREE T [T :
I 2 z 2 2 1 2 1 |
i 2 Sten 1 3 3 Sten 2 3 2 Sten 3 3 2 :
I
B terl, & 4| Ster?, 2 3 Ster3 |g 3 !
i y > K 4 '
| Split Shift Group :
| [
I
! q q |
I
i t L |
: Inputs Split attention heads Shift the 27 part Patternl Pattern2 k Patternl Ik Patte :
| §-Attn inte 2 parts by half group Batutatediets eyt S |
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1.4.1 = MERBEH

e FFNEIGRE: T TMHAZG, tokensR@REMHEEFET —TER, BRIESZEEMITMEMtokenHB
BERMT 4. il ZtokeniBEMHAIBEEREERZE, B@IAIIRMEIMIINEREFEIX
EEE,ﬁﬁ§2ﬁ%§MMﬁ§

o Add7%EEE: transformerEi—RSHEE ZMblock, FEEMHEMEREE IRV LRR,
REFZIRERELOENESEAR, —FIRAERIZMILEV), XEBEHD A URFRIEIEZ R
N, BMERZIRR, FEEIIGMS:, AERNBEZTNYT AR, MEASTEFNDBEE XER
&, EOENRLINE, BERAMURIFHIMNEEESEFEIEAN, MMEERANRRIIMEXT
RACHISERE

e Layer Norm RJI—1b: IFEREINSK, BEHEEHERMIZEIFRZE (AX: BatchNorm, FEZ
ENXFHMZAHR)

1.4.2 LNB(UEMIE



1. LN ERMm

) , c c
T4 PoakiN Tt PredN g m Pre-LN (init) _g1 5 - Pre-LN (init)
@l@ 840 ™= Post-LN (init) S 7 mmm Post-LN (init)
5 8 ' W Post-LN (after warm-up) 8 W Post-LN (after warm-up)
S 21.0
L nj
\ - =
] £05 Sos
== Te= Sl kil ol clhemd
= [frien] Oppllm NS 5 o0 EE W
== Layer Layer

(a) W' in the FEN sub-layers  (b) W? in the FEN sub-layers

T T

o Post-norm: FEZZHMIIEFEENER, FENEETEZEHEX
o Pre-norm: SEMMEBHEMIBSE, JIELIEE, B2EHTEE
o Sandwich-norm: E#, BXEHE—BHEEE, BREilZX, BEEEBEIFOE I
IS, BRINERIEETESBER

—f%IAJ, Post-NormfEFREZ BMII—k, WEHIENKAMRER, #MERANKSEDLEE
%%; MPre-NormE—ISHREIEMET BFHE, {EWNXIH S SHHRTENL, ATUERRBE
IEEEIRIERBHEEK, AERIGEHELR, EfmEMRPre-NormitZ, BriLLIXARNGEL
2. F—ig8ZTF, Pre-Norm&EHWFFERHIE, BRAMREERIMPost Norm, —1MXE
BPre NormiZ#!, HEREXRBEHARIMX B Post Normi&El!, MEHL TEHRRETET
Pre-NormZE LR M 7T BB N REMRE T EYNEE, MAEEELLEEETEE, FRUR
T2 R ERESHBRANRTET, MPost-NormNINIER, ©ENorm—xHiy|55— x|E
ZPTHINE, FrLAPost NormRMEERHEEN T, EitbPost-Normd—Bill4iF > EREE
B, BEREANKRESREHIZGE T, FRU—FBTRFI%k, EEwarmup

2. LNMitE

o Layer Norm: H vl § 2rRIZINLERMRIESE

1 H
u:E(X)eE;xi

|

H
o Var(:c)\l ! Z(:ci—,u)z—ke
i=1
x—FE

~

_ z)
Y= Ny P

o RMS Norm: J751RNorm, EEIHEEH#HITFEFENES, HEREERMRESHEY

| A
RMS(z) = —fo
A H =

" T RMS(@)




o Deep Norm: PILUEMBRIBIFIUREEHRMNINE, IEREEHIRFITEEE, FERE)IGIESE
13, Deep Norm7AZTEHiTLayer NormZHi, up-scale%E&E#E (alpha>1)55k, 1£4)]
tatFiEtdown-scale 7 5B & ¥ (beta<1)

def deepnorm(x):
return LayerNorm(x *x o + f(x))

def deepnorm_init(w):

nn.init.xavier_normal_(w, gain=f)

1
2
3
4 if w in ['ffn', 'v_proj', 'out_proj']:
5
6 elif w in ['q_proj', 'k_proj']:

7

nn.init.xavier_normal_(w, gain=1)

1.4.3 FFNiTE M EEER
o —REERBGTIFFNIREAR: FFN(z) = ReLU (W, + b1)Ws + by

x X
f i ' Self s
D | . Selt SEE iR ﬁ;ﬁg e ERIIRR
e ﬁiﬁ ttv:||1tmn l'
L i- X
2 X .
/ WSwiGLU / R
1 BRIy \
=_mi akEiC VA
ReLUBGERS | w FHig o :
.. f 1 i i wH Vv
D ReLU mEEE [
‘ FFNiRIR , O Swish :
HEEE 1 A/
\ ¥ g
Wo P o Pk Wo [ “SwiGLUAERR
I _
! |
X - X
—REBUE R 2L GLU

o GLUZLMITERTRIFFNIRITREAR:
GLU(z) =2V -0(aW +b) FFNgry = (2V - o(zW; + b)) W,
BMHBNEMETR, AR —Misigmoid, FLIGMTHRD, HEYEFHTIHENE, EFt
i, B
SwiGLU. GeGLUGLZASwish. GeLUBEE 205 EBEHEGLUPEsigmoidZiEEE. —1 Ml
F: 7ELLaMA2-TBH, FFNMURIAIINLERE 4096, —RRM=PiEBBRNEENMESET



16384, HTFSwiGLURIREIFFNM2MERFER3IIERE, 17 RFRENSHERFRISFE,
RiElEEEMRT 4R, ERAERN2/38010922, #—FH T FEFPEIEE256MIBHE, M7
IRBEERIRE, REPEIELEN11008

o Swish#EFE: Swish(z) =z X sigmoid(B x x)

o GeLUBEGEZM: GeLU(z)~ 0.5z (1 + tanh (@ (z + 0.044715333)))
o MAEREREHFERASWIGLU

1.5 Positional Encoding {ii & 4%

1.5.1 I B 4wE57T4R

RNNMEIEE TRIINREER, MTransformerflReiBNFEE4EET, bl “fxFE100
B, Ml “Bxth1005” , MENSEERFERHN, MATHERNFERE®, TransformerfIEERT
— NI RIINE . (LB YRS (Positional Encoding)

AttentionitBEE2LEMN, MBZIMAIEESETtokensBINXRZEREEN, WF AKX, RIESZH
EtokenstIIEE S, Lbi0:

o MIMUBRES, alEFE—token, a2@%E " token......

o WEMUBEESR, a2TalMNEE—1l, a47fa2VEEMIL......

o RREMIBEIMEE, alfMa3ERmMIE, alfMladE=MIE....

Eit, RINEFEXE—MUEBRTHN, HET:

o TREAERT—MokenEFETFh AL E

o EFVIKEFRANERT, FEFTIHtokentIEHiIE/BEEBERIF—H

o FIUARKRTERTIIGIRPMEEERISINAIFRE (KEIMERE)
FENERNESNREY, REEN, ERRBSInFAILUBRX—=. MEIRMIFER, XE/LFE
AEERETHAEREESHIERT :

PE; = [sin(wpt), sin(w1t). .., sin(w;_1t),...,sin(wg, ., —1t)] w; = —looooﬁémodeﬂ)

1.5.2 4a34411 B 4wbD

1. TransformerfI{iiE4RE5: MfEembeddingt, ERHTFFERRIEsin cos K&, AJLUBTEMET
BEMEIEMUENTRT, FRUTUBAZMEE TIEUIENER, MEET=ZARKEERN
SR HIE, FRARTIARREE B IMENE R

o IHHEAN:



PE; = [sin(wgt), cos(wgt), sin(wyt), cos(wit), ..., sin(wa,q. _t),

5 — 1

CO8(W douy 1 t)]
2

sin(t+ At)\ [ cosAt sinAt sin ¢
cos((t+ A t) —sin At cos At/ \cost
o EIfAft: TEIRKENI100, HILEENS12MFFIRIMERIGAIML, AT, BT sin/cos
RERBIER, UERENS—MERMLT[-1, 1]ZiE. R, HhEkE, BNEFU/IFEHREE

an, XRERNEEENME, ME), RKEK, FIUARERYEERNEREIMR R, M
HAEAAE, BeXBRRREINE

100
L
050
025
oo

WMJ W 11111

o TransformerfiB4RIBRYERR: HTF{IERID SR THEE,
PE! « PE; p; = PE! x PE; a; BN MIBHIBHFRIUEVRF AT , BBEEMNHH
8, FEERARRRUEBENAEM, LEEInput embeddingtiI® NattentionfIBYE S HINEEES
BIRWMBIFRIMR, BNEZ(IERBBM (I E RAENEISTIEEHIFET, FTUERES
BERTRYZ#HA, KA T rIFE SR BRI

o 100 200 300 400 500




60 - d=128 .
RandProjl
RandProj2
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=
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a
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k

. BERTRRIZIERIG: EIRRFUERDIEIIGSE, LLNRAKENS12, REEER
768, BRARANIGH—1512XT68RIEMHEANIERE, ILtEMEIIGRIEEH. WFXMILIR
BB, —MREVANENRAESERKEIMNESE, BNRMIGRAKENS1289E, BB
ARZHMARGERENS2HNAF, BKMAERT 7. S, BALUSEI512891IE RERE
AL, AR

. RNN i B4 #PIAREIMBERED, input/FEE—ERNN, aJLUERNNZEEMIBENNESR
15, aBIME. RiE, ReEEEKtransformeddHITRIEMER

1.5.3 13 ELmED
1. Relative Position Representation: Xtattention AXFEIqueryFfkeyFImE#H1TIRS,

zi, pi PRI A% AembeddingM I EwIS, Wqo, Wk H5lAqueryfkeyiVig s R, FRNEHF
outputEpsr, Wy AvaluefIi&R5ERE
gik; = (zi + p)WoWg (z; + pj)" = («iWq + piWo) Wi + Wip; )
a;; = softmax(qiij)

0; = Z @;jvj = Z a;j(z; Wy + piWy)
J J

ATIINEMIBER, Google¥E—MMBXRE, B-M Wip RA_TMEAR R, B
B XtoutputEBsr 2 zhF R FTERVEER
a; ; = softmax (LEiWQ (:r:jWK + RZKJ)T)
0; = Zai,jvj = Zai,j(:chV -+ R;/j)
i i

ZreAAN I ERE RERBETENUE, MEEESH#HTHEIRE, XHERFTEGRMIERD (F
ERZARMBIEZINE) , MAUREILHERKENBN{IE



RZ‘I; = PK [Cllp(’t - j’pminapmax)]
Ri,j = Dbv [Cllp(l - j7pmin7pmax)]

2. XLNETRBIIELRED: JRE FTransformer-XLiEX, 44i3fattention ARXNHITREEF
ak; = ziWoWxa, +zWoWgp, +pWoWgz, +piWoWgp)
Transformer - XLAWHCERE R, BIER p; BAENUERE R, ;, EFTHD b, WFHRE
BAWDELIENEE u, v :
zWoWgz, +zWoWgR]; +uWoWgz] + vWoWg R,
ZRES A NP RAENH L B ME2 8 REHER LA HITERT, MEEREA T SinusoidalNRIERL T

£, BF R ; WEBZAES v; A—EHEE, FUETEN W T 3—MRIMNEE Wi s
EB uWqo, vWo FILIEERGHARED u,v, FIURELERNINFE:

e WoWxa, +zWoWg g R, + uWga, +vWy gR];

sk, v; EMGIBREREESET, BEES % Z“i’j%‘WVO WTMZANTIEFFE, B
J
ERIARH i B 4RFEER R A FAttentionsEFE L%, TIARME v; EX T,

3. TSI BERmS: TSRBEENRAE T —MEEENENIERD, BRA&ARE ZaNEAN, 1
REEIMEB—THNEX, BATUDFIERA “WAN-EN « “WA-UE” . “(NE-#H
N MIB-IE NUGEENNAS. NRFEMTANBANEESUEEENIZEIRIL ()
B, BMACNTMANZEISEZHNRE, Il “GA-IE” . “UE-FN" FBAttentiona] LA
1=, m PiWQWI—(rPI Lhr ERRB—PREHTF (4, 7) B9inE, HKINTUEREESERSEIEGS
¥k, BREEA:
z;Wo W;x; + Bij

ZAEEEAttention EPFRIERE_EIN— MRl RRED, & &FEFBENTEEHINTE
ICLR 2021891 X {Rethinking Positional Encoding in Language Pre-training) #ig HEYTUPE
IEYRES, TOSNMEMUEBHITT— ‘PR LE, BMMEXUER ¢ — j WUELFR EXINAZ
fli—7) M8, MEXAMT:

i 0 1 2 3 4 5 6 7 8 9 10 11 12
J

fi- 0 1 2 3 4 5 6 7 8 8 9 9 9
J

i-— 16 17 18 19 20 21 22 23 24 25 26 27 28

fG@- 10 10 10 10 10 10 10 11 11 11 11 11 11

X MLITRIBRESSBREM, MELLRPENIE(0~7), FELISHEA—L, L)
DER—MRINNUERD, EFHZAMAE (EIN8~11), BITFAXDEXRERE, FILENTRIUHE



A—MIEYwY, EEtir, £AEEmMAILIEA, EERREECEBCclip

4. DeBERTaM{iEHID: FHERM ¢, BASNME, TSFHREMTH2. 30, REQHEATH SR

FEX I E YRS, MDeBERTaNININIAE R, T $E41, REE2. 3MHBRAEIIIERD:
¢, = aWoWga, + 2iWoWE Rf; + R} 2 WoWi @,

DeBERTatgt T AMENUBEMEITUE RIS — 1A, BIEENLPHAZ TSI IR E
EEMUIEEERE, EMTEEGETENUEEEEEHEY, TREEEMEE 5 AHmES KT
fi#, LIBasehRBIMLMFMINIZAREL A, ©E—HB13E, mill1ERERMBENERG, XIF9FRA
Encoder, FER2EIMANEXIUEEE, XE7©FzIDecoder, EF 7 NMEFEMD (Enhanced
Mask Decoder) ; EF FFEESHFAET, NEEAFI11ERNEncoderil_ E1ERIDecoderdi#
7 (EEITENIEMMXBEGZMNencoderfldecoderRE2EHRENN, FERET

1.5.4 RoPEFNIALIBiI

1. RoPE: hEs%{ii B4R Rotary Position Embedding, @347 {ii & 4RA5HY75 = SRR (I B 4R
15, FE87ENUERBMBMUERSHRS. ETEME T attentionFidq, kAEENT 437
HEBEE, ARBEHNg,kREMattentionPHIRFAMESINENLEEE T, ROPEIZEA
ZEHTNKER LSS

—HIBRT, XWTFRE q BEHRIROPEWM FAAR:
F(gmym) = Run(f (gm,m))e? @™ = || gy | /@) Tm0) = geimh
RIBEHCEREZNLAENX, ZTMEr LN EREMhEEE, FrUFRZA “TeENAIERLE” , ©

e LS R FEPERZ T
_ [cosmf —sinm@\ (qo
f(gm,m) = (sinm9 cos mb ) (Q1)

RTFRARFEAMESINGE, FIESEHAENROPE, #RILIRTRNZHBIATHE, Al

(cosm@ — sinm@ 0 0 0 0 \ ( Qo \
sinmf  cosmb 0 0 ‘e 0 0 Q1
0 0 cosmf —sinmb --- 0 0 Q2
R, 0 0 sinmf  cosmb 0 0 Q3
0 0 0 0 -+ cosmbf —sinmb Qd—2
\ 0 0 0 0 .-+ sinmf  cosméb ) \qd_lj

HWIER, LUBEBNMINEEqRLER R, . UEANNEEKE LEMR R, , ATH®ENQ. K
o Attention, FBAAttentionFiBEIEESHENMUEERE T, FAAKIIEF:

(Rmg)T (R.k) = ¢"RER k= ¢" R, .k

BEFEENE, R, 22— 1TEXERE, EAREAENER, Ft@ERTEAILEREER
FRTE Mo

2. ALiBi: ALIBIFFf#B9kzhIEE B8, QZ2ESoftmaxZdl, AttentionfitEM ¢l k, B0H



qgr;kn - )‘lm o ’I’L‘
Hrh A > 0 285#, 8 headiGEFENE. MXNENXFEIUE HALIBIREBERESHAIAEIA

287, MEELRESoftmaxZBIRE— 1M ERERR, IAIRBEBIELREAEBFIARE, ALIBIAT
UENEREGESNN “FBR

0[0[0 |0 |oo|ow|ow|ow ||| | 01, 2,3/ 4|5|6|7|8|9]|10/|11
0|0 0|0|0 | ow|ow|ow|w|ow|ow|w 1/0(1|/2/3|4|(5|6|7 8|9 |10
0|0 0/0/|0 |0 |w|w|w|w|w|w 2/11/0/1/2|3|4|5/6|7|8|9
0|0 0/0/|0 /0|0 |oc|ow|oo]|oo|cw 3/ 2|1/0/1|2/3/4|5/6|7|8
0o 0[0|0 0|00 0 |ow|oo|w]|w 4.3|2/1/0|1/2|3|4 /5|67
0| oo |0|0/0|0/0|0|0 |00 || 5143, 2/1/0|1|2|3|4([5]|6
0| ow|ow|0|0|0|0|0|0]|0 0| 6([5(4|3/2(1/0/1/2/3|/4 5
w|lw|w|lw| 0|00 [0[0]|0]|0|w 716514132101 |2|3 |4
0w |w|w|w|lw|O0|O0O[0[0O[0]|0]|0 8/7/6/5/14,13/2(1|0/|1|2 |3
0w |w|w|w|lw|lw|O0|[0|[0[0]|0]|0 9/8|7|/6/5/14,/3(2(1|0/|1 |2
o |00 |00 | |ow|w|ww|0|0|0|0|O0 109 8|76 /54|13 /2|1|0 1
0 |ow|w|w|w|w|w|lw|0 0|00 11109 18|76 15|14 (3(2|1|0
BEE R NEFRRERFERE ALiBiIR EBYFERE
0
k3 -1 0
Q3 k1 g3 k2 g3 k3 + e -1 O N
qa- k> Q4'k3. . -2 -1 0

Qs*Ki1 Qs kz gs* k3 Qs ks Qs ks .-3 -2 -1 0

ALiBifY{R B 5EFEIRIBqFNKBYAERS BE ES SR iE S attention score, HAYIEEESHEA, EMMA, HY
FimMtokenBVEEE T, HEESTEATLE)N

KEIMERE: KEIMEER— DI FUNRKE R —EAY R
o FUMAEHEAZ T RS ERY (RELIIEZAEX)
o FMAYESEER DHEIFT R IR tokenE EiTiE I LRET R ER &

ROPEFRHIEZRM M IUAITUERR, QNI EEEETELER, EFRMEMUERER
X537, FRUASMEMELINGNEIF R T S0, Neit (i Bt E T Ibeisag B At 2 it




1.5.5 KEIMEMRK

1. #HRTEEERIMNE
o HMEIRT: RIEFKNBE—1T1000LAA (REE1000) HBHENBEANFZHRANTIER S, BA
B UM 7S bR gF?
= —H{IFRRMERAN, AMO~9XINENETHEE, WEFHEENRLERRHATEZMN
£, FEMEI0~1ZEHMAKREE, EALREEBEEMIZT0.001, REMRLBHAR
5 3 PHE BRI T
= 10#FIRTEZFRN, BEHENU—=gRE[a,b,c]KiEN, a,b,cail@nBIBML. +
iI. M, ETMRBEH—DTH/NAFHERE, H(EAUE—T 4 NARIBELR, W0fE
A8, 6MHIEE2HE, KN EH—FIEIMAMANLEE
o HiEIME: WIRA=FI0HBIRTINGTIRE, XFERn LREIMEI2000L4R, ABALLESHY
WMANRE—MUEBE T, A, RANERZHY =L@, FrFRE—1 %
Ela, BERTEMET. FMUBRADEAZRATAEZS LA, M ERIZR0, HIEMERSN
Ht#F, XmEiMiEExtrapolation, BRHEIEMERSAEMET, RNEEITEKIIFRIRY
BERA—EBBENRES, FIUEZE#TIMEEE =SBURENVERMETRE

N
o|7]||4]]|9 » 1|7 |4]|]|9

V

IARIYIZRT ROFIN

2. ZIEPRIE R AR R
o LRMEWIE: IMECIAEINterpolation, FEREIF2000LLAELEEI1000L K

e
117419 > |8 7| 45

v

ENATTRI4E




= [HOmEIRREA2, 1749FAAN T 874.5, AR N=LEME(S,7,4. 5] NZIRFKAVRE R, M
EITEERE, #FH[7,4,9]LFR EXIZAZE1498, BREAIMA2ME, BMEAXFA—; M
ENEERE, RAEDSRFNEENL, WEL0.5, RE—MEEEMAE

= NIEEFEHIFIE, UEEREEMSMAETRRG XA

= SNESEREE—DIEAR, BEEERUNE), BEFENMIER, RTHEA. +i, 2R
BTHRBERNL, REHEESTREENDBIELAFA—F, BMEERNS, REH—
TEIHEEBEKXR

o WHIEEHR: FTRMILHERE, NAERIFEMERE

= =APHFRVI0HFIRIGE] LAZRT0~999, 163 FIRILART0~4095, =HEMEMAI UEEHE

EE, RN ESTHERHFM0~9ZET0~15

Tk
1||7|[4]]|9 » |6/ |13 |5
(10£1) (163 l)

= FRIIGFREBEFRT 875>874, ME16:EKI TEIFHES75>874, LEHFNZE—1FRY

= BPMEEBIIZE(10~15)EE, AT —REREBE—ERZLEEN, RS HETEHN
FIME—EE R, AIUERLLE, FHidsa] e MM REREE AR

3. Positional Interpolation i & R#H

EEREEERARERN L TXXKEHITIZE, @I EERDREEE EETRIERYT
BETXKE, UEBHER L TXKET REIFIZRRZ5

@ RoPEMIEIEH: HiESMESHIMELEARAttention Score

ROPE (FMBX{UEBELRIS) {FHEZMRZREBEMUERES ERANIRDCREIEERERES,
A, AFLUTERE, RoPEEZEIMESSEAttention Score ZE1E N

o IESZHRILF NI FEATE:

o IERMRZRHIZAIER, AR 2r, FEIIGEIES, B BFEE—MMEXTR
NHUSEER (190, 0%F5128(0%12048) , XEUENRIGESREFEERNE—

B

o HUBEBHXEER (fIgl, LEZH30008¢3500) , EIBEZHNEZNR
SZEREHI S — 1N A, AT XERBBEALRY, XEMENRDERESINGEHRE
PREIDEIFERRE, SBREETTRIENDHHEREZIZEW

o SRS EIRIIE



o TEROPEZRIEH, RESHEERIRID (AIRRSHIEZMRZLKT) SBRARIM
ETHEMRRE, XEHE, EUERENEM, XLESMMSRETL

o WFRAMMIEE, IEZMRZFANETERSEHREENR, XMREFZHUZS
HAttention#lElFRqueryfkeyBy =FR (BDAttention Score) HINZZEIRKEN.

o XRPEEBM: FTHITIMNE, MEBEEBMUERSIAD, FREXUERSISEIFKEX), B
R ERRY e R E FXXE OMRBIMELE, A UEAESHNERIUE HAEUERD, ERUER
PRI AN R IR HAVE (MR EZ 5 #H1TIME). TEFR, MRERERUE
(2048,4096]#1THEIE, BRARNBEEGERNIX—EDHUE, MRIBIREERNTEE, W
18[0,4096 XM X (8] E4EF[0,2048], [RIFTAIIRLZERK 70.5, 4096FLLERK 72048, XFtEliE
RflE, BMHERI SR ERS E RE A E

4096

2048

Extrapolation

Normal

Prettrained range

0 ) ) 4096
Position Interpolation Position
f'(x, m) = f(x, m/2)

o PEATN: XIFEXMUE m, BHEK nz,L , L AERGEZFBNKE (402048) , L' AEE
IENKE (W04096) , & query #l key BIBYE, FLE

L m
S

Fun(@msm, 62) = fu(@m, g(m), 6a) , EXRBEEH) 5 = —, 9(m) =

o PIZIRREMIA: MEREFIXS
= PIZE, EEEMENERT(ESE), BAEUEBTRE—ENIES BEE, Wi EE
8192 F FX B OMRZRE<20FFR(HBEL 2T, EHIZEIMNER ZSHEZRE>1000)
= PIZfE, Z3H0E, EZXE (perplexity) MiEME, 7£2004 0, EERGEITT2048 ETFX
BONNNRBEERZRE, RERAEZESUERLLTIIGFIEEEKNFTIHITESE
1, 1210000, BN UBERRERSRE, HIET EEETFHNREZRE



Model Number of fine-tuning steps
Size  Context Window 0 200 400 600 800 1000

7B 8192 16.10 7.12 7.10 7.02 699 6.95
7B 16384 112.13 7.05 693 6.88 6.84 6.83

@& EBE (Perplexity) EEAESRMEPEBAN—MINET, BTEHEESEE
HEFiF, BEEEModelTTMIREHIE T = {w1, wy, ..., wy} EHEZRET
5, RREER, RAREXN T —NREETUNEER, REEaer:

N
1
Perplexity (Model) = exp (N ZlogP (w; | wy,... ,wil))
i=1

o PIAYa)ER:

= AR sin(wz), EMNEEE T = 27/w N EIROPEEMENEE
(sinmé;, cosmb;) Heh §; = 10000720V 5 c[1,2,...,d/2] (mAMUE, j hk
E)

2 2(j-1

« HEENEEN: %b¥ , Heh, A b &qbase, 110000, MEHREHARRKIIE
DUENE, SNARENEERD 7 , S MEEXNNN=AKKEREEREAN (BIXTNE]
Bsi. =)

= NRIEERHITENUE m, BANSNMEE j HREFHER; BER2AEAHN (5 4
E, BEZEREEREE (K—1FHEa10Ma, NEZEEEE20ME) , XS
SRRV SRS

4. NTK-aware $H{EEI Dynamic NTKiE{E

o NTK-awareffiff: %O B8 SsME, BIIRGE, REPIHNFIBE4EE TSR, Mm%
=AM BV AETRAN G INSHRSAXINAVZE L, NS EENDHEIZ MR

o (5) (3 (3 o () o ) )

m m
» PR AHEEENZE&EM g1 SINBE A TR \Bi2 1 X —I 5 P HE— 3

4am:
m  m/s
ABd/2-1 o Bd/2-1
) = g2/(d-2)

m m
=  ERRNERIENE RSN 50 » SINBH A TR 230 2 BT dmoder —RRELIRK, FRLL
A RESEL, BDARMAEREFENTFIMNE, MTINTK-awarelG{EIBIMEMRGSE SRR



= BRR —EEEREMIMERIBRARE, RILEANTK-awarelERITHIANSERER
BEARUNPL; It5h, BTFEE “HWR E, BERRERFsHARERERESSN E XY &
RE. EXEFR, WTAaENLETXKET B, REEsUIRERSTHRE

o NTK-by-parts #fifE: EETHEKFLTXHXER

2—7T = 27rb@

= B B EERARIROPEFRITSEE R 2m FREEMtokenKE Aj = 0
J

o PIFINTK-awareffi{ER KL EKAVLAERL

» FERR: B—LARERKETFIIGEEEEINEALETXKE A > L, XRE—L
HEER N D] BETENES I IS D . HRKRKE, XEe4E FRIFRANLFERZE, 7L
INRENRSFTENUEEE, ISMIENIAFREBUETRMENL; HKEKEE
B}, BRASERIEMNEEERNTRZ R, XEFXEEE FRIRARBPZEXGER
8, BeNTaEEEtrc 2l fE EEE W, tksh, BLtHlsEXIFRBEE#ITHEIN
BYf%, FrAtokensELFEMIUILIFEIT, FEMFMNMUBXI NN ABEZLR), REEREMN
MIMEA R, XMERmERET LLMEFEERAIIRAZ BRI/ NEBEXRMEED, S
BERIEEAFCNA B INF EHEE, MMREEREES

» BRFE:
o WMRFK N LbETXKE L /ME%, LWENRIGEE
o MEFK N FFHIARFLETIXKE L, R MIGEE, FMEMEIMNE
o WMEZEMHEI A TS

. L L . o
SINRE r(j) =+ = g SINBREBH o, 8, EXFHERER
J T d
0, ifr<a
Y(r) =141,  ifr>p FIUBBINTK-by-partsHENAR:
;3:2 , otherwise

g(m) =m
h(6;) = (1 - v(r(j)))% +7(r(5))9;
BRI MAMHENL, NRELEDN 0; @I E - NATHITIAE
o Dynamic NTK }if{H: Eh&AREREF s

= FEREE: ZRZAMGPR, UKIBIERK ETFTXRKNENFFTIKEHRITZRAIREE, —
PTHANGFREMNIEN, EFFFIKERE—FTZ2REE]L, ZrNGEREREFF
T, HWEGEKENT LRI, YFFIKEA L [asHIRRRY

= ThASHEE: s = max(1,l'/L), I BYFIFFINKE

5. YaRN (Yet another RoPE extensioN method)

TICEIREANY B ETXE O L8 tokenfii B, 7EXTlogits#iTsoftmaxiEEZ FISINEEL
B UG — AR E, FriAe] LU FRINENITTREN:



Tk
softmax (qm n)

t/dy
RRoPERRNIZMEREELFIZEM, E1Fqueryfkey#BIL /1 /t #HITHEN, ARBLEENTK-by-parts
A1FEIVaRN, HEEMIIZGRMEOKBTMINTHE, FANRoPERANEIRRIEMBY, MERUEEREA

S$FLLaMAL, 2#%E: +/1/t = 0.11n(s) + 1
1.6 Structure & Decoding Policy £&¥aFN R0 F &

1.6.1 ¥ RAIRELGH

‘TIIL « 288 . ses
5 S888 : |aee - A N
—
5 esee 11 B ses
g |t ae ég as . ae
H o
t - - S - ¢ -
i i e i
| 3 3
Survey of Longange odel A Survey of Large Language Modeds A Survey ot Large Language Mo:lrh‘
; . ‘ |
Dec:)der Decoder Encoder Decoder
Casual Decoder/Decoder-only Prefix LM Encoder-Decoder

LLMBYZE/ R LA A HF$: Decoder-only. Encoder-only. Encoder-Decoder. Prefix LM(RJLLE

RS 5MIEncoder-Decoder)

e Decoder-only: MAEFIENEMEES, BERVIESEE, MINEMTENATES—H, X4&4&%E
R, JIHERES, zero-shotgEF5E, HBUERL: GPT. Llama. BLOOM. OPT

e Encoder-only: HEUREIBERT, BireEiES1EE, REEREAN, MILGMESIEE

e Encoder-Decoder: BANEFRES], BWHREMRFRET. XNENRELDIEMRERSD, THREM
S ERMRY, BRINGHER, XEERTSRIE, BBGER: T5. Flan-T5. BART

o Prefix Decoder: 4, HEHZER!: GLM, U-PaLm

MoE£E# (Mixture of Experts) SREAEXR

—RRAILLMEBZDensetZ B B HEXIMoEREME M. BNMREEEXR (MoE) BRAREREERE X 1

FMExRmE) {X_1,..., X_K}#EfR—1" NTHER%) G, XNMIENENERBE=R—MER

softmax BUER LML, HIFARERASISEGENETRNE. MoE BHKNEMERTT

Transformer iERA, EAZEMAIAMASLE (FFN) , BEMFHAED (SA) FEZE. XMHE

FRIRXHE, EAMREREIIZEA, FFN BITEZERESIEN, 20MF, TSHERE 5400 1Z89

PaLM #28F, 90% HEEEBLTH FFN EH

IIERE (AR REEERRSS) 2FE MoE Z2MMEMAY, EEARMEAFERERITE

RAGEREFRNEL, RIS MINNRIESZE, ZI T2 =K BRI, BEXM soft



o HPHHRANENFIRAERIER, MBEEXZHEREEX, soft ANBFETLAIMAGE,
BIEHA token RIEMERRE

AN Wl 1, AN

—'{ Add + Normalize }‘— —'[ Add + Normalize ]‘— —'{ Add + Normalize ]*—
4_A

R DRI~ -

{:’[—FFNI )(Fenz )Pz )( = ]

FANPA Xl 1% X, (domianT)| [X;(domain2)
(a) Sparse MoE (Top-1 Gating) (b) BASE Layers (c) Domain Mapping + Random Gating

]ty ly ty
Add + Normalize — Add + Normalize ) o Add + Normalize ]
L]

//"\\
(Cern ) (e ) (s ) (e )

ﬁ% (Fen ) (7o) e ) (Fena )
@ B p=041 p=019%1 | rp=032 p= 0.08
A o

X0 1X, X X
(d) Expert-Choice Gating e) Attention Router (f) Soft MoE (Expert Merging)

Fig. 4. The illustration of various gating functions employed in MoE models, including (a) sparse MoE with
top-1 gating [49], (b) BASE layers [87], (c) the combination of grouped domain mapping and random gating
[127], (d) expert-choice gating [193], (e) attention router [166], and (f) soft MoE with expert merging [105].

1.6.2 f#85 B
KSR 7E I B token BORTE A ST EEER

* Greedy Search: S OHEREFEERANtoken (i7) , HES, ERAUESSEERMIL
FFFHRAMES

e Beam Search: #@iF—1AKNA k BREFFIES, 8—FNENMRERTIRIBEER D B HIEER
Eixmi kNEE, RERESHERSN K MEEFH, XA ETUFEEERNREMZHE
%, ERITESSHERNIFIFRTFNARAER

e Top-KSampling: MHEEHE k BY token i THtE, RIFEMDHEEMERREtoken tLENS
Wik, ERZERT, XMEETROENEETRESERRE, BB RELRENEEAX
N KETRERTE R LR IR~ E AT ELIE, MESHLLRTFIEREHERHFIREEABIED

e Top-P Sampling: TEREFETISEEPHR/NEIREPRE

e Temperature Sampling: N7ESoftmax LAVRERE, FXET AEER M token IR D RY
FIEIEE, MAMESHETIE, HHEEN, SRS mikig, mHEitE

o KPT: —MEZEEMAE, J/a#1T top-k->top-p->Temperature 4%



2. Pre-training Filll4:

AERFTNENFEFEHNE A TIHRREZIEBERES, mE—baselZE!, XREANAEBREREIER
E#HITEREFS, BE)IZBir2ENext Token Prediction loss:

N
L= _Zlogp(wn|xlax2"'-awn—l;e)

n=1
HEAREBEZ, BERIELTXFUNT—1&a8EVE81E, Next Token Prediction Loss @3 itHE&ET
FUMBIRT BRI S, EEENIGREE H TR AR T — 2R FuN

2.1 TSR EIR
BRI R AR R IR AR AR R 5

2.1.1 SRR

FNGFMEGI RFIIREHIE, UeETHEERALEZSMHERE. XFNEEESRESEN, T8
B math, codeMZIEHIESFHRIKEE, FIURERERENZMWHIEF, Bri—LEE RAVEKE
FRAB LT LM

e Common Crawl: XE—MHRNKELEZTE, EEERENMIHIE

e GitHub: M GitHub EUEREMEXHIEIE

o FIRANXZA: WESHIBEXMSHFERMNINENA, MEFAEILIE. EMiL, HEMIEE

o BFH. AEMHEMIEINAN: XLERFEREFENMRANE, BB TFRAREERETUHAVIERE
MAERBE

o NEPEUIE. MABREMATARNAIEREIE, rTeeR 55 FREEHHIE

—RRAEIN S AEIEERXEIL0T tokensfVE4R, ILIMNT T @AbasetRE KN, FEIEMEVERHEER
BE, TERPFRX, MEMBERFFEKIE

2.1.2 B RFMEE
HIBEASTISRBREREENTT, SINMENRE. SHERE T HENBRLEINR.

o FIFERIRY pretrain BUBHBREHRITITS, BEM T HIES A TIENMRED, (lama3. qwen2 B
AiRE#BEIR M. [l size T, BERT &tpIEEIMIRIEGENE53R T transformer-decoder 1£E!
B, FEITHER AT LAEABERTXRERA AT, HEF ARAEER SIS EIEHITIT
53, Eb¥AGPT40

o FABANAMNHIT pretrain BIERETRIE, LLNBIERKERSLOTENME, BIEPE token
RULEHIEBE RN EE, BRI A, R&XAE. BF AL, HEEEE “http” FK, HiERE
BEET e . BE FREEXHEE, WERSEARERDL, HERSEARXES
BFREF, AMNFERIEDERLUENRE, —EFREZIEHIERR DB RIVEIE



FAminhashFERARH#ITNHEE, EXMERZESVIIGHIE BREESENNE, FE 10T
MEREHE, FLRABIAETE 80% RYRE#HTTEAE

LQwen# Ak E A

Qwen YT GRERIEB TRIERNE R, SEMRGE. URLIIE. RXXAEN. XAERESH
B, XAEXEFPRE, 5%, WRIG HTML HISIVETAE, X5 5. MIISMELHRN

B AlE, MARREIREEGETERABTNESR, ENERIIZGXEIETIEIARN URL #1173
B 1&E, EdEMER TEMNRQBIEFRINE RN A, FMEEXARRHEEIRH Unicode
Hi5, &fa, HITXAEE, GFEET HashLSH RURRMAEEMET N-Gram BUIEHEE, LUEK
XAEMEER

S F Qwen-Coder, HEUEEABIEE™IR, BEARKIREIE. A1 BNESREIEE RN TE
MNEIRES, TRFEBAMNENETRT < AMSRZIBAIBEREES . FI0, XM GitHub FREX
AR, KA T fastText #1TZRTIR, BSREETHiE—HEIE, M 582B tokens FiiEII4
B&ZI 118B, EBY, AT FIM (fill-in-the-middle, RIELETFTXHERID) ESSINT —LEF5%
token, %0 <|repo_name|># <[file_sep|> %, AT repo K3IMRIEH 2

SHERFAREERNRES T HRIENRE, EARERIIGRM T BEMAEMEREE, BT
FHREIRY I REMZ L RE

2.1.3 PR b AR

REBDHFFFRARERRAIRER, FHIRAIIGVEIERNMAERLLR, B4 EEE "R+ i3 +2
B =ZAPAREB, HPRIREED XHRSAIRMEANIR, ZEHIEN A LIAAZE math $3EH
cot BUBRVRE R, BiA L, KD AIRENELLEEARZ N P & code = 4:4:2

H—D B TR T TR F KRB M SRR HHE — DL, DRAVSIREC L —RRE Fe1E/ IR
B PSR, AEFAscaling lawEERENAEIARE MR, Eit—RS7FE/)VEE HMSAEIE
FoLbSeBe, XMlossiEn

ARBERETNGFSRE LZINHE—RSKAREFLING, MBRFHA, BFHA, &
REIRREA)IZIEFSHIABRTHER, SEOIINEIRFERER, XBOEREELE/MEE
E#ITRE

2.2 Fill4RTRER

2.2.1i)li%tokenizer

RIEWEBIRVEUR AR BATEK, IZ5—1 tokenizer. TEWERINSMIREURERBRAHIESE L,
#IF3 BPE / BBPE B/&## 17114k

1.

HFN5o (8% 9.9>9.11 MYa) A [E] & R IEH)

2. ITHIELEER, 14 token WNZDMNF: EERKXR, BBMEBFAS. WXL, REMARDRL

R, EEREXK, BMRIEAE, XIFWREIRE, B%, ERFURIEE, losstix
1], REBHHPXAIEIAIL A token RBREIRL 1.5 NNFAES



3. FohiSERAERY. BUtoken

4. NRFHMFEB SR SHR, BN ZA T SHRIINAY token, BN SHRARIESE
R, tWNETTR, MRRERNERM. FBZFE/N— token

5. JWERMNP., RBZRBRHBA, ETHMIEMZSEM, WEWSEX

6. tokenizer By J@FT A/ wocab_size FIIEREH embedding_size Z 8], BE—FNEAMNRE, B4
HXITEH T, BEKAKETE pretrain ESE T HT token Jfifl)lI 4k

2.2.2 HEBRBISHMSE

ERV M —RE TR EALIamaZetd, R RoPE + GQA + RMS_Norm + SwiGLU, 1#EESNIRIEH
BHNGZE RHITIERE

2.2.3 gz B i

pretrain JIZRIZBRIESZEIER, HIGETRAINKABEESMER, KRUTONMRIERR
BEF I RNES LU AT LM .

o FE warmup, FIXRFIE FAERK
e M8 cos_decay, FIELLRKA, B7E decay BIBRRAE
o [GHA CRZ ROPERVSAE, I AKE, FIRILEEEN KX A

o IWE anneal, AEHBIHUE. IFTHIESRABUIRENZE RGN, MR NMIZ LEZEIZR
benchmark 7

BE—T, —RRRTIGHEESAMMERNEZHERIIETRE, SESBEN LK, ARE
MRS LilldR, RETEES BRERIE LB A

&k loss 4R :
1. REAERIMossSERFAMEE, bR, RBXANR, KX =RE3EM loss B0 FF

2. lossERITRAZI, TILTE loss RAABIL X BRIAERE, AMRZEIERM (AFIETR loss
=, he loss{k, 22ILBAEUE loss BE, 2E2HITRIHIEIE loss BIK)

2.3 FilllgRiF(L

pretrain B EAEX KR ZE Im 2L TERREENIAT, BAEHAZTESZRIRENES

follow 8E/1. Z28EN. LAINRMEE, REEERBEANAIREREZER T

o PPLERRE: E#&—LHRL. BHE. code FHIE, MBERAEXLENXES LMY loss R, @R
EORIEEN, BEERFEEESERIFES TR, xEBTREN. REIGEREXLEER, fMilgk
MR N 1Z BB A —EM,

e Benchmark: —AIRMERFREbenchmarki ¥l



o BRI MIRNAERGERENIIRENELEETHERA, ERTENRREME TN
BifgeS1. BREIFEREE, MUWBRE token FIIRZFEM, ENUFRIMRISEM, H—
FRBBYI S BRI EFERBINGE—F—FFEEWE, MABEMEER, bl

a. Prob('Itm' | 'HEIMEHRE'), ME—TFTXMERENESE pretrain HEHEBDIFEEEX

b. PPL('&ZEBTHE"), XMaFH ppl EEHREEIEK; PPLIEERETHE"), XTMEFHY
ppl B EHRFEETE RN

c. ¥fLEIRE, PPL(BERMT') > PPL('RXIEMR") BB KIL
d. 5% follow 873, Prob('{"| 'L jsonkait’)

2.4 AREEFRINILR

Continue Pre-train, —figfFTE FTbasetZE AJIG— R T TAVEE, #HITIUHRIRFEN, a0
codet®ZBY, KREZFEEE, 4 LiRpre-trainEe—1%, FTEARNBBENER—1F, —ARABE
HERECEL, AMEE BRAIER: EiEE: ESHIE=T:2:1, BRKETT S AbaseE RS, O
IMEUETETINHITWE. THitE, LIS BbaselEREIRETHIE. EEMEENpipeline

3. Post-training [5illl4k

3.1 SFT S ERA

Supervised Fine-Tune 5 pretrain X3!, FillGARLEEEAXR, FEXAIETF

$IRAVA R E

o pretrain NEEXHIBEHEHEKE, BAZRAZENMAKE LR, sft NEEBIERAZKIMES
K

o sft &5|\ pretrain YEERIIZIHY special_token, FiLtEMFEILHANIENX

o sft XIBRINEIREERM eos_token, pretrain REEF3& WiT % token M A S LEE K

o {HBfj special_token, sft RIBERNSRABNMAE, HRECHIE system. user. assistant, 1RE
WEFBRBANE ‘B8 « ‘B8 . “SH FF

o sft B9 prompt Zp3 R loss (FLXS, F—E) . FERERE prompt WEIBRWLLR™E, 7
loss_mask BiE, EFEN—EIESWEIRBENE, BUNRIREFRIEIREES prompt B2 —T
ZHY, BEEAEE prompt B loss_mask 711, ZRINEHIE—EERERES—1 answer
#HE loss, EERXRE—IH answer & loss

g BrythF—f:

o pretrain BEE R, AENEIMIR; sft WEREMEE, FINZIESTEMEEES . T177E sft MER
ITEARRBMEELREN, EbamillA 50W £89 code 3R, FREMENIRENTIERIiZRE A continue-
pretrain FYBE#TT, TN EFELNERENIERARE (sft ENRENEERLER 100% E
ANHIIR, 1B continue-pretrain MAIRENSIEHITE 10% ~ 20% A HRIELHE)



3.1.1 SFTHUE
SFTIESIBMIZ D RMIES HENRERS, JEREHFSE
o BIESi¥M:
WIESHUETEQATME, JERSNMRERR
WIEME, HAME task_type, AILIESX L BEH{THIBIE:
o OpenAl EM5IH T ChatGPT HKMFEEST, EMEHE. emoji BIX-- 2 £

o LIMESEMESRE, £45rE 1 NLP RECENIZEEME, ARFE NER. #2551k,
BEIRAFEZSLHNLP £S5 HARENT—R, MREBRMNESMA«HTT

o BEWSEER, TRISFEEREMTHRIRAES, Bt sit MERIRFIR—I, Xz
BERARMEIFEAREE-LEWNEHI. BITRHpHiE RBERERERRE, —REF=
IR IR AL RE

ELPRIIES, XWE task_type #IRE N, tba0 “IBIEHIE - BiRHEE" , “PIEHIE-cot ZTE
HIE” XM, EFEM task_type BWEUEE, FIEFIIENX: M task_type #EZ =, HE
task_type BB L=, WELEEECH base iRE GE 1o HE

T B MR IR0 A B SRR IR 241

o prompt RIEFXNZHE, FETE—EN “BhXaFAERIEX" , LEEHE—
& “RERERE, RUTEERRARRE, BEREANER, ZEAR , “BE—1R
XEIN, REERMBENFEHBUTFARRELS, BETARERNRESRERT
o ” XAMMBBZMEER DIAIR prompt BN X5 token, #HMSEGIZG I &L
BT E

o prompt KEWfE, BEEGRHE, WEEKIE, BRERM attention BILEITEREK
prompt, KEIBEFERFEERNK, EEIMXREESEE FL/ FiE /&R NEMHEIE

=, BERAEISGEH, 23X prompt BIEEE token Bi45 3R token & attention

o answer KEE, FEEILEEEHEL token FELE, EHMNE—LERILEFRBHR

KM answer, TNERLREM follow “RDF2000F” XS

o ZRUKAILNR topic GEFH, IR, BEEUEHF query 2# session BXHM, BRI
ENZZAE1 query # session 2Kk &, BiliRE B 2FFIMT query FEH session Bx

o answer DHEMNZIHYE, XREE, TAHINSHE—ARINEERE, —TFEEN answer &% E
—a)i&E, answer A2 & loss B, KE—MIESTEIHRETINEG

BHERR, FMENHIEE XSS LSEN—aiE: RIERAREILERIREIME, XBiER
£ prompt PRI E R HERBIEN. BN BHEERTIIGNEN, RBEFRLERRLENSE
B token, MAZRETTERN prompt

o HIREF:
47 prompt



o LERBBBITIESelf-Instruct , A8 task_type HEE—LE seed prompt, AEHENLRIF
seed, ERL— 1 EENRENEE, L EET XL seed MIBABLEE H—LEin

o FAEZMBEANMNERIHIEE prompt, REBHIEZEM, EEELRR task_type BIEIESE
£6, AREHMNE, AEHWAILUARAEERM

4™ answer

o GPT4isall you need, F|A—PMHRFIEERLE™ answer@ R 223k, REFHA, ik
GPT4/Claude 3, EF s, PMEBSHIN2S LEZBZE Qwen_T72B / deepseek_MOE

o IMER! + SFT = GPT4 + zero_shot / few_shot / cot (EZ45STZEHIERIRERTT) o XWF
RIS ER KAY task_type, FIF GPT4 47— %% answer, RAREINMEE, BFE/MER
AT £ 5 EE

o EIHIE: BIEKCA. Agent/function_call. RAG SFTHE

3.1.2 SFTilll4k

—RRERFETENE L THEMESHANSFT, IMRERFIE, RRENFEIEK, epoch BEAR LR
E 1~31, #iER 10W £4&3AEG, HRZRETT, B0V TF 1IW, ZWAREEEIE 100W ; &5
WEREH M= warmup, JLFMERD Ir_scheduler #3{—T, gradient_accumulation_steps @ kb
REBEMSH, 7 16/32/64 /128 FHFHEIRAT; FEKFF dropout

loss IR EER IR/ LT
* A task_type EEFREH channel_loss, 533IME
e special_token By loss —FHa=E A&, BE TEHLZERIR

o BIfEEESSH loss RELEMESRY loss Be—R, XTIRRE make sense, ZRUEIE, BRE
FRHBE—1IEH, loss WK, RZIFA

o REIRENZRALUE, BEIEHITTXRIF, BAREBIE loss iA=%55I5, 7B/ 13B AJ&E
T2AEA, BIEETHEARE 3, T2BMAZE 1~ 2 ZEXMKPRE; &E loss NAHTE
0.5 &%, RIBESREEN, R loss BR, ABEXRERBEIZWX—IET, 7B token &
B=XT

o MR loss HEAS, FTENECHINGEIE=EEMRR, BEERRBRIEAMETAFEZHE, X
ML RIEEEF, next_token_prediction Bill&AXMBES B, EFREEEFSNE
i, REEERTEFRRZUNER. B HRNERL, BREBHBFERE, UEZE loss iF
F, MARE loss AE

3.1.3 SFTif{L

FREBF—IEREMNTNES, XMTNESEM sftllES—FH B task_type

RETF pretrain Wi EREEFIIRES, sft NITHEZEELEMA 3H ENH: Helpfulness.
Honesty. Harmlessness, S{EREKRGITEIENR: IELEE, NBER, BE-E450, BE%E
%



THMERER, S8MEEE—TRIRNES, RIEBNHIINATKBEXFEENTAMY, SREE
R case LR DTRAVES R, FAILUELREMHNELEMMMEETET , SEIIGEIEMS case 217

AREYSEW=EIE=%: S =laT Ll

MiE: EFE GPT4. Claudei#t{TiF{HMIBHE, prompt—EEFAiIRIt. ABEMITEERERE
REFRY, XFELIFEHBVEE, AR BT A, KAFMNEGFMETERKDN; TG,
— N EMRY answer IHREHTH =R, RETEERLDBUZE 3« 4. 593, Alignbench B9#1F prompta]
PUETTIHER, MARE — P SEEZRBLNERIIRENITEE L, EERBIEE BiX
answer” # “gold answer” BIABINEFRHITITH

A FEER

3.2 RLHF EF AERIGRRLF S

Reinforcement Learning from Human Feedback/Preference-based Reinforcement Learning

3.2.1 RLEGh =
1. sBEFEIRIE
state reward action
ST Rl‘ Af
RH]
Environment
St+1

BUFIENEBEL SHIERE R BN —FMItE S Z. NSMFEN—RRE 2, V8s7E
IMER— MRS T— e ERSR, EXMEEEREIIMESP, HEREMENNTH BISER
B R A T — RSBV, XMHRERBELHTH, BireRAESRZEIEHRIRE
A RFREFIRVEAE, SBUFESIAEEER (agent) MR RRTHMREKNNES, HETFEUERE
SR “RE” , BUFEIPH “BEEE” RIANSAETURAMEARMNIFIREER, LB MR
RREENTXNMNE, MARRAE—LETUIES. —RRFIRELHMELFEIFIEPagenthy
IR LA A—LEE EAIMLP, RNN. CNNFHEMKZELI, SMERITHILLM-based agentEX
7
BEEAMIMEZ BATNRZE S RWEFR. EE8—RRXER, BEEARAIIIFEBaIFTGRAYR
A, ZIBEEMNITEAEALHEE, BSEERIIMES; HBEIEAMNEIER, S~ERNN

[



BIBSREHE S H R ERNIPRERE, SANET X ERBMEIFNIFRRTSERIZIRLLE
K&

BRAEXMIREFFS, ENRAXENE: HEI—TERE, X1 HREEIRE AN EIFRIRE
MR RIG, REFRENTE

2. f{ERERFIRLEEK

49,52]15 Rt Erhu St —FEI‘JEBE—J Eb: *EgﬁT—Ahlu\EGy%WEJLXFH%ﬁgnaﬂggﬂtﬁuiﬁﬂgmﬁ
ERER A :

V(s) =E;[R; + vV (St41)|S: = ]

Hip v BIFHIERF. MBRE Adv RAFBRATE— PRI THRIT T — e/, RSEEE—
MRAERRE, BRFAEMIEIIE V(S,) HRE:

Adv, = R, + WV (8,11) — V(S))
RS ZEABUFEIBXIES, FRAMEKKT
3. RLin NLP
BIFSIBEWHAEINLPES S, Wi Magent. iR, IREMEEEEEBEHNTENX

RL in NLP
Model
prompt L1 [ ] O
A Ay
, R Ru
S, Vi Vit
Sons
_ ..SL+.2 _

HTE—Mprompt, KIERZTE t HZIERK—token, AR T— 1 HZIREprompt+ L—BIZIAY
tokenBEER T—1 token, HITEHEIIANERR, FrLRILUENEBUFESIFHNEMEZN:

o TE A:: ERMtoken, MROXMEHEREIKIOSE — 1 EKBEpolicy, R4 MtokenkVsE
&< a il
o IRE S¢: XU t BRI RAVET G token N2k

o XEN R, MME V:: XENEXMEB—AGRUFINEX, BIBSREHLURNMERE, #BEXT
NLPARBPRSHM E BRI AT



3.2.2 RLHF%#g

REFSRLHFERIE2017TERIE X Deep Reinforcement Learning from Human Preferences +
Wik, —HIERA TRAERBUFEIESHPIFRREHE IR

e HIRE=:
o RBUFITEWLESTEIMEIFER. BT EMRBNRE, SHHEUIEALLIRRIRE
KL E EAR

o AIEFAR. BRI HE=SHE I IFIA (exploit)REHEER, ™=4%reward hacking
B, BNEFRFEENITASALPERTS, EERE

o EREHMGIHT TIEREERENETWALINES

o MABEFFNEBUFEIMEBFEITRIES RITHREFERRYE, EEEAALRRIBIEARE
EiE5 (% Sur=]

o BB ATRRSHIPHERMEHMBRUFES D, FEREUAT/LS:

o BEMSARRARL AKX AGEIRFNHAEEITH, EF—ERER{‘EdemonstrationfY{ESS

o ATEERAFPWNEEREHITHS

o REREH REIKER)E

o ERARPRGHAEEZFEX

o WIRFGE: FARKRRMEIES ARRFETING, FNARLEZIZG—RERA LS AT
BhER. 25 \REREF T EREFITAMTIR R(—ERIAENA. E), iLALL B CHRFRE
(FEABTFEEEL), MARRELIRED . EREMWRF, ARERZHITILI, mMEXM
B FEIALREFRFER. WRERIEINTA RS IERB MRS/ LF—HFR, BLb~ERLL
RERPFEEFER

predicted reward predictor j¢———— thdeank
rewaf eedbac
observmk
RL algorithm environment
>
action

Figure 1: Schematic illustration of our approach:
the reward predictor is trained asynchronously
from comparisons of trajectory segments, and the
agent maximizes predicted reward.

o FTHUATE: WFEEEMAIMBAEE o # o° Fi, TEMNRFETR o' b o° BHARE, 53
MRS y HAIRTIT, 0.5RRAZMFRZE. o,a DIRRE AN EHE



o' = 0% = ((05,a0) 55 (0h-1,05-1)) = ((95,a5) -, (0%-1,a}_1))
y = {0,1,0.5} if {o' = 0?,0% = o', 0! = 0?}

o {RUFEIR: HTFRLHFN— P BEireFEMEES AXRITFHITINEG, EFI A AEBLLERRIF
InEFRFEH—reward model, AR AE]T R I mEF 2 B9 XEL )T, XBLHM
FiERE, BEBRIBAANBEBRAZFMNWBERR, HEEBAERTF—TFENBESEBEE
FEiZH B KE PR R 2IESIE%, 2T Bradley-Terry 188, oIllAH AERITFHER o
i o BN

€xXp Z 'f’(o%, a’%)

exp Y. 7(of,a}) +exp Y. #(0?,a?)

o EREY: FEXMeFREURKETNAXRFNEZE, A ESENERE 2 EEE
ERRPETCRIFESIFATBVERREL T, KRB DX E AR, REFBX Mossillgt
Y EIRENFTE AXBIFEIRREIREL

Plo! = 0% =

loss(7) = — Z y(o! = o?)log Plot = 0% + y(o? = o*)log Plo? = o]
(ot,02,y)€D
o TRERFEI): FRIRFRHRZ EMEIUNBER—PRUFEIEEZERAURARSHAENN
REET

o EEFI): XEXERHMAEZRELRLHF(Online RLHF), Fi2RMERBMFREIESTE
FEIRHITHY, EREEE BEARRTAIFIIFIE R B P-4 Fr V3N B3R A SR A AN T R IRIRE
o B4

o HEFE: BiABIRRRHES AXRFHITIG, FEEEREFNTHHENTSALNRENS
AR, TlZIEF, RN LREBUSAETUNBIRE, MMERERERHERHEIER
T, BEFEFMET S ARBEFIRER

o RIRHIRME:

= BFREE: BREENEEDR, ALXEZSWERENDTRBH#HITICE, BRT R5RR
ME, FEIFEEXAFALEERMMSSEIEEERIIGKIEF

= ERFE: SRAMNTHREST —ENTAFIIER, LR MASERRREEENITH
FrMEs, BEEFIARRBELEEERE, EBARMRBIMUSREERENENE
2

= EERERFR: EANERBRERE RS UERRRIMARNRIFES, HIREMIRIE
KB REE SRBR NI GRS, XA PI LU R A d E ik Z sl F S 2RV EIRER, PrLEEZE
HEHF EREREREMSBOFRITH, NMTFLRSRANIEME, CEEFHENE
RETNESIHER; RRELNEARRIFRERPTRE, FIUZEELLMAPR AR
&, RZITIREEARBURFIRE, LEARLAIF, FIRAKRENE AXRLRIT

3.2.3PPOE%

PPOZ—HActor-CriticZRMBR L FIFE, HPActormi2HITIIERIRES, FARRBIFIRRE 4%
HimEsdE, Criticll2AMITEACtorinFPATS. SHFRITRVSFIRRIIREL, HatiES A M



PPOB® MREs, PPO-penaltyF1PPO-clip, FFAKIPPO-clipf9{k BAtaNT:

arg max Eswﬁ,awek(.|s) lmin < my(a | s) Adv™ (s,a), clip (M(a ) ,1—€14 e) Adv™ (s,a))

7, (@ | ) 7, (a | 5)
Hrh my AActorBIEREE, Adv ACriticsa HMBRE(LIT, FRE—TATAPPORGKX M
F, KE—TEELAIRZA:

are m;i,x ESNVﬂ,aNM('\S) [71.9 (a’ ‘ S)Advmk (8’ a)]

Critict th B R EIESActorf RIE R LEI AR, MRAFBRBERIER, BRRAX N EH{ERINE
BT, BARAUZ PN FSEARBEX MRS T RIS N ERIRER; INRABREZE R
Ho MIFEARX PN ENERIMERT F1Y, BARAKUX N FIERREEREX D E{ERIEEER

PPOTEAE S F UL E b EH—T T —LEifk:

o EEMREF. LRABUNINFAIUFLREPPOR—on-policy®’%, BIRIFRISREEH EHAVSRES
EE—1REE (ThERM mo RIFLKRY, MUHNERE ) , ERXFFE—TREMSHESFA
MEXIE, FRUPPORMATEEMRFIRA, XEFAUMABZANERNREE T, FERHRIET

& BRI
1. SRR H RS ()X T BAF 570 ) HE By [h(z)] = / h(z)p(z)dz
). BRBITE—MENSHqK), Bqk) >0, REpKX) >0, RITALISHENEH:
B @) = [ ()2 g(o)ae

q(z)

o HREEEMT: PPOSLIR ERETFTTRPOEANGHAY, TRPOAMMWBIRSINT Hal RIS £ RE8H
KLEIEELR, #ERBRAKAERSRE L—MERESHERE, BIRBRERNS KEIKLEE
HITIET, BERTRPOBTREZNHEF EEMITKLEUENE, PPOXEEHIEH{TEEHISRIEE
7, IRclipt®lE, FHURIRISNERNIREESITE (1 — ¢, 1+ ¢ Zia, PPO-Clip EELMEE
FiRE— “R2KiE” , BIREBNERFASEEXNE, SXEREH, PPO SitEHEKRS
AR ES, MEXIMERTKA, PPOREH “HE” O—1SEMNBERN

o GAEf&it: PPORAETI X{i#E(hit (Generalized Advantage Estimation) , 4L R
HIHEEETELSHM TDiRE (Temporal Difference Error) S{ERFIFK:EH%E (Monte

Carlo Methods) IHEMIEIR. GAERT ALV EREBHES ZHFHNEE, FINFRFEREE, KRS
BRI RN SRR

RIESSHEFEEDNES, &



AN =8, = V() + 7 +V (s001)
A§2) =0 +v0 1 = =V (s) + 7 + Y1441 +72V(3t+2)
A§3) =0 + Y01 + V02 = =V (s) + 1 + 1 + V12 + V2V (5143)

k-1
X , _
At(f ) = E Vo = =V (st) +re +yresn + -+ rpo1 + 7V (sp00)
1=0

A, GAERXEARRPARAEETHEITIHIIMN TS

AGAE = (1 - 2)(AM + 24P #2240 )
= (1= X) (8¢ + X8 +¥0e11) + A (6 + ¥011 + ¥ 0rra) +--+)
— (1

A (G Q+AEXN+ )+ A+ A+ X 4+ ) P20 A2+ X+ X )

¢ 75t+1 725t+2
= (1= M\
( )(1_)\+1_)\+1_>\+

= ('Y)\)l Ot 40
=0

Hrp, A€ [0,1] REGAERFIINSINHN—MESH. HHFO, HRINRE—FEDFEIN

e
AtGAE = (515 =7+ ’YV(St—l-l) — V(St)
HHN1E, WERES—TEDRINBNTETIIE:

oo oo
AFAE = Z'Yl5t+l = Z’)’l?‘tﬂ — Vi(st)
1=0 1=0

1 def compute_advantage(gamma, lmbda, td_delta):

2 td_delta = td_delta.detach().numpy()

3 advantage_list = []

4 advantage = 0.0

5 for delta in td_deltal[::-1]:

6 advantage = gamma * lmbda * advantage + delta

7 advantage_list.append(advantage)

8 advantage_list.reverse()

9 return torch.tensor (advantage_list, dtype=torch.float)

ppofim: IREHE, ELUEH, EanH, FTHREZTNAA, BORMNUEF

1 td_target = rewards + self.gamma * self.critic(next_states) * (1 - dones)
2 td_delta = td_target - self.critic(states)
3 advantage

=rl_utils.compute_advantage (self.gamma,self.lmbda,td_delta.cpu()).to(self.devic

e)



4 old_log_probs = torch.log(self.actor(states).gather(l,actions)).detach()
5 for i 1in epochs:

6 log_probs = torch.log(self.actor(states).gather (1, actions))

7 ratio = torch.exp(log_probs - old_log_probs)

8 surrl = ratio * advantage

9 surr2 = torch.clamp(ratio, 1 - self.eps, 1 + self.eps) * advantage
10 actor_loss = torch.mean(-torch.min(surrl, surr2))

11 critic_loss = torch.mean(F.mse_loss(self.critic(states),

td_target.detach()))

3.2.4 LLM?4F5HBIRLHF+PPO
1. InstructGPT

MEXEBLRAGRELLMEX TR R EAN A LEA—ERLHFERIZFMPPOR AR, OpenAliRE
EInstructGPTHERLHFE R FTELLM post-trainings, FEEIFS5 ALXEEITFT

Step1 Step 2 Step 3
Collect demonstration data, Collect comparison data, Optimize a policy against
and train a supervised policy. and train a reward model. the reward model using

reinforcement learning.

A prompt is A prompt and A new prompt
= L : »
sampled from our Exoiain e moon several model Expiain tne mosn is sampled from Write a story
prompt dataset. landing to a & yaar old outputs are landing to a & year ald the dataset. about frogs
sampled.
' o o _ Y
Alabeler Dyldnpodty.  Elon The policy —

[ ]
demonstrates the @ m..?_.... Pum generates _ut{; -
desired output y: s amn an output. W-
behavior. Some pen-plewanl ; 1',

@ e masn.. A labeler ranks
. the autputs fl’Oﬂ"I @ Onceupaon a time...
. : best to worst. |
This data is used SFT 0-0-0-0 i
to fine-tune GPT-3 2 The reward model au
with supervised @' calculates a
i ©r Y reward for '\'
learning. .
%é% This data is used o e .
to train our
SA, Y
reward model. Y The reward is
A= used to update k o
0-0-0-0 dto upd {
the policy
using PPO.

InstructGPTEYER/ N RIZ R AE FGPT-3:#1TSFTIIIgR, ILRIERMNIELBIERES], REANLREIE

RIFIRE, BRNRFEIEFN BaimiERIIRLHFHRITFEEIIZ%— 1 Reward Model, REEMN

FAPPOEERAM X MReward Model$R HI R AH{ERE T SFTIEARIZRIF R InstructGPT, g

B/ NMEF IR

o Reward Model @£ T RGIEHRNE (unembedding)ry SFT #HE Y EAE Eilldkry, £H
EW— M promptHlresponse, FHimtH—"MrEreward&




o EFREIUEE, XWFE—1prompt, AILRJgERETIrZMresponseRILEF1Y, LIEE
U EIEHRE, ABInstructGPTHMUE R BT HIFARE, BREREN Cx NERX AR

IR
o InstructGPTTESEEIPPORIBHEI TSR ML F IR B IR HIT T I8N, RXAMEUFEINEIRERANK
Zhh:

objective(¢) = E(m,y)NDWEL rg(z,y)]

InstructGPTTELLEA £, &F ZRIR—L ik, XA EIN_LE T RL policyFISFT policydy
per-token KLEXEERBALERL policyBid ik, SERBSFTIRE XK, XEHFRIERE LT
Behavior-Regularized Offline RL (TALRMNBLELEFES]) +:

o - T (y | z)
objective(¢) = ]E(x,y)ND%}}L r¢(z,y) — Blog W

X EFRTFEIZITTRMEE, HPESTITAARI, FERLRENITATEXRRS
SFTH&EHY, BRIELZSM, InstructGPTIENOINT pretrainZFUBRIHE, REEELFNLPEIRE L
ByMEREE]YT:
objective(¢) = E; 4)~p [m(az y) — Blog (W)] +
St ’ > (y | z)
e [0 (50)

2. EBILossAT



Hu
& "'"ﬂm Pretrained Model
SFT Model
___________________ ]__
____________________________ ) 2. A
. Step3: RLHF-PPO
e
Reference Model
3. Loss using
R“!V; 2-At
Reward Model I, =-‘ Critic Model Vi

A rewards-and-loss calculating system

Step2: RW
Reward Model
| :
&""’m Pretrained Model ‘ i
answers '

BRHRIEHE & Actor, Critic. RewardflReference(SFT)IMER!

o Actor Model: input—%prompt (batch_size=1) , output¥fiZfresponse, B prompt
+response&itE S Eloss, AFEHractor

actor_loss = —min | Advy - —————=~, Adv; - clip | =——————,0.8,1.2
( C Paa(Ad8) TP\ Poa (A4S



Actor Model

prompt | Response
A, Ay
5.
5:+T 1
5:12

o Critic Model: FAFFINHAE S Wm Vi , WA XBRZM, FlaiflActorEZEEHEE.
MReward Model#]#844M*K., Reward/CriticiREERE—REIEIM T —1Value Head B, %=
= EENETE, BT RGEHERMRSRE—NE

Critic_loss = (R; +v - Vi1 — V;:)2

Critic Model

prompt [ Response

A, A

o Reward Model: 7EPPOij)llZ 22 Reward ModelBE0ELE, HAFIRMHERE



R,

Ry

Value Head

Reward Model

| ]

prompt [

Response

Ay

A

o Reference Model: —i&tIFISFTIMERSEIRISFTIREMM#NIAML, EPPOIIGTIEH, EHNE
HMBEREN
KL metrics: ref_log_probs - log_probs
| :
ref_log_probs Inglpmhu
H EER
Reference Model Actor Model
prompt Response prompt Response
A Apa A: A

3.3 DPO E##RiFiL 1L

Direct Preference Optimization

Reinforcement Learning from Human Feedback (RLHF)

x: “write me a poem about
the history of jazz”

label rewards

L ——> reward model
sample completions

> -

LM policy

= |
%

preference data maximum

likelihood reinforcement learning

RLHF-PPOTFTE/L MR ©

Direct Preference Optimization (DPQ)

x: “write me a poem about
the history of jazz"

> —_

—

final LM

preference data BT

likelihood



o MMERINGHFRNESHIR: RLHFIEREE LM BRFLEEINS— P RREIEE, ARBH

PPOEE Hithi2 (W F IR XA RENRE, XNIEPNRRMFBREFIEFERE, LR
SERF EFHRBMARRITFITHRG, BBARSKEBRLTF IIIEHRFEERBRENRL

PPOREHRMTIMNGHRRRK: BUFEIMNEFHREEIRENFA (explore and exploit)

HE1E, —MRRBARE, PPOREELIREXI EFIA TR ZtrickERENIGNREMWE, EBER
PPO3%A5| N T Actor. Critic. RewardflReferenceld MERY, TEELF R FSIIFIER, Actorfl

CriticbA X Referenceff 2 a2 ML, reward @ EBHHANIGITTEN, FAIUHFAREEKR

MBENZEER, MEITLLMXE, FEMRREEETLLM (SFT) REIRHHECUHRY, B

ABMEEPPOIIG S R R BACtorMCriticEEEMSE, W MRERIEIENI)IGMEZERENIT
BARR, UNRMAMIBEOSHRESHNRIRIRE

DPOETF Bradley-Terry (miFIRERRIZ, UKREKEINBNR, HSSH DPO BirEE, =iE7
RewardFfCriticF MER, M TXIFHRE, REERIIRHN—PMEENRIFHIED RAER

DPORYHE S HIZ:
I BRATMHITRLYR R F S (Behavior-Regularized RL)BIB T % :
max Bop,yr [1(2,y)] — BDkL{7(y|2) | et (y]2)]

m(y|z)
=maxE, pE, iz |7(x,y) — Blo
71' D=yl )l ( yi ‘ ’f gqref(ykv)
. m(y|x
=minE, pE, .y |log ———= — =r(z,y
U yortole) |18 2= o — 5@ Y)

Ar(yl2) exp (r(z.v))

ﬁﬂref(yh})

=minK, pEy 1z [log

— log Z(m)]

1
gh Z(z) = Zwref(mm) e (BT(%?/)) AL RE
Yy

HRNBEBRANREEEERE—NXMA R T LUEEVE 3, LR _EX DD RETE ¥R
HE3., BEEUEIRKEREE, TNIIBRRMNIBICHS, XEMARHEBERT
ARFXNMCDERKEERE mer Mz BIKEL (z,y EpromptHlresponse) KT 7, Fr

PRI AENX
. 1 1
7 (4le) = s mn(yle) exp (Br(w,m)

LG ER 7 BERMER A TFOEMAINEN, B— 1 SZMMEST, BLIRIE
B BARE] LAS Y

. m(yl|z)
m7r1nE$ND [Ey,\,ﬂ(m;@ llog m] — log Z(J})] =

minE,p [Dxr (7(y|2)||7" (y|z)) — log Z()]

ABARTLUIEZM E1R BARSEIBA AR USRS



1 1
A(le) = 7 (412) = s malyle) exo (B’"("”’ y))
M ERXF T U RIE RS R IR RV FIR L
r*(2,y) = Blog U2 | 106 Z(a)
—

1IBFENZ A I Bradley-Terry(RIFIEIFEERD, K LA FH ANATUEER:

p5(y1 = y2|z)
exp (Blog ZW + Blog Z(a) )

- exp (,Blogﬂwﬁl + Blog Z(z )) + exp (,BlogﬂﬂlEL + Blog Z(x ))
1

mref (Y1 | ) Tref (Y2 | )

1 + exp (,3 log i f((y?jz ) — e s f((?J;Jr;)))

o (prog 2B o) )

et (Y1 ) et (Y2 )
Hrp o fiRlogisticBiEl, pILURENRINE THEHRHAVEYE, BoRBEEET , Ba
BINWRFERRERFT T SERBMTEMLRIHRE, CriticIReward model&B#{k
g7, AEENARXXEN _ LENREFEREE T Eloss#H TiIgk, MAILSTHREZMM R
YFEE— D B SRER

SEEEMIDPO lossil T :

EDPO(7T9,7Tref) = _E(-’fﬂ»yw,yl)ND |:10g0' (ﬂ log M _ ,310 770(yl|$) )]

Tref (yw ‘33) Tref (yl ‘:IZ‘)

choice ' model _gen prob_log_diff

model_gen_ref prob_log_diff _ref

N{FIEEARDPO loss: HIMEEMIossATRE, X2— MEMITLEFEIMloss (MARFHMENTEL
%¥3]) , 1B EiRloss DPOSRAUREIFHEIZEFIMAMHIFAIEZE (win/loss, chosen/reject) BIEE
EMEE (FRidreferencelEZEH) , BBABEMERME, chosenBIEIZEBELH, rejectsy
BIZE#ETRE, MMAZBRAZRIIFTHEN, HALEIIERATEESEIchosenflirejectBYEEZEED
TRERIER, EEEDPORYNREME, DPOZEMBE—LIEEIIEMchosenAINLL lossEE HAIEN
WFEEEF AMADPO



? PPOVSDPO

Bt LPPOEESHIMR LIREANBUFIBERERIE, BRERREIZIINELF
BURZS, MDPO (offline DPO) MIZEST2F/IRTFELIRIFEIE, {EEDPOKIERET
#, PPONFEZRZ TIELIMIRIS, BFEMNAINILZIF—reward modelER— M HAE, Fi
MIRZ TR EA5DPOFMPPOERVIRZ, tb¥IOnline DPOE

3.4 PEFT &85 X™E

WRARENIE— MBS, TRBIFLEOEDSY, BFTHISREENISHMT
1/}

R

o BELHAL, WEHRBRERME

o JIZFZZERER, FITERE

o FERNEMEHA, FRINESAIUEZKIBLIINESEL

o TIEESBEHINREIMEEE, BE T IINE IR

BEER—RE RXHFMSFTHHRIEE E £ 2 RE/M

3.4.1 Prompt Tuning

prompt tuning ESLE2—MEBSEREILLRT B, B promptiEik R LIMIHEER I HIE. RE
HES I LUEX B SIPrompt, AEBHEZEIEIE LERRAN, BRERNZEINAprompt tokens,
BRFEMANEGEAEREMLP A1 TE SR AR A 4R 89 2T

. Pre-trained I .
Model Tuning Model i Prompt Tuning
. (11B params) :
ai 4 N Mixed-task
TaskA 244 | TaskAModel | | Batch
Batch (11B params) I AT a1
S a2 Cl ci Pre-trained
- | LB B[ b1 Model
Task B | TaskBModel | | a2 (11B params)
Batch (11B params) |
~ “ 1| Task Prompts
= f N | (20K params each)
Task C [c2 | | Task C Model I
Batch (11B params) |
- J |




e Model TuningEZEAEN THESTRE—MIIGERE, HEBIEXNERIMAIbatchA#HT
e Prompt TuningRFEZANEMESEFE—NNEUSE T ESHprompt, HEEBERRTNIZIE
BHITREESHEE
Prompt TuningEZ 1] L% /gHard Prompt#ISoft Prompt:
e Hard Prompt:
o AI#g3E (Manual Template)
o BAIiE (Heuristic-based Template) : BN, BARNIEREFSEWESENIEIR
o 4 (Generation) : WRIBLATMESIIGEIE (BERNERTS) , EREEENER
e Soft Prompt:

o JRMEMIA (Word Embedding) : E{tE X BRFFTREIR, BRI XLEERFRFH
HEES5HE TR, YHREXNERFTATEARENVIRK

o {htrid (Pseudo Token) : FREIUHIE X BHEAVRIR, MERERIEATINZEEISE
Hard PromptETEESREXAHEEABEHNFN, BEIIGFREAREFE , XENRFAE
EEXEEHFTNIERE (Word Embedding) A EREREFREEE , FHRESINEEHSH
Soft Prompt & 1L R R E I 4RiS 12 PARIE B AR _EF3OE X FESS BRI RIRSHHITES A,
XEAEZNNZ NN BERERIRIRT ZS SREBIIERT, FRBARIBRMN, MIORBE
IREATINGRISE, BATERNFRERA UEESENBET BRI HEENRIRCS, EEEINE
BpZzieeeS], FESINLENSHHALERTIIGIEITSHER

hard prompt soft prompt {EM{IE: 53 AembeddingtiiE

Modules | params_shape | params_num |

BRAXGAHPXOFHERFARRXGFT —_— —_— H
{6 FIE X {E 6 F) | prompt_encoder.default.embedding.weight | [30, 4096] | 122880 |

PXEEX: (PXEF) - HwXOF .

[virtual_tokens_num, embed_size]

Prefix tuning. P-tuning. P-tuning v2#BE FiELEprompti, @iFBEHA LigiHRRPAIE L
token&E R FI M RYvirtual token, #FRIEEIPRILUESIMNSHHITENR, R M ZEFTAHAR
Z5

3.4.2 P-Tuning

Z 753555 Prompt B AT LIESM Embedding B, HAMLP+LSTMBIA R #K3FPrompt
Embeddingi#{T—E 018

FEAE: PtuningRfEFembeddingE, WHERRANE, SEES—E#HIM; S5, virtual token
A EHW R —EZAIL, BANUEZRIIER



Pseudo Prompts [Po] --- [Pl] [Piya]--- [P

\ Discrete rewards ~ __Y_____Y_____ Y ____v___
—— 1

|
L P Il_){o_n_ll_)t_?f nemtor . [ / ! Prompt Encoder ' Joopagation
The capital of Britain is [MASK] T ::;;;i;a_l _____ E; r_it;i_n_ _______________ [MASK]
i ' A ¥ ¥ v J ¥ v
Input embedding ~ e(The) e(Cai)ital) e(of) e(Britain) e(is) e([MASK]) Inputembedding kg --- h; e(capital) e(Britain) h;yq1---h e([MASK])
{ | | | | S S | R !
Pre-trained Language Model Pre-trained Language Model
(GPT, BERT, ...) (GPT, BERT, ...)
[— — |
(a) Discrete Prompt Search (b) P-tuning

F Y

o EZEIMIFICHMEERIIXR: I\ A" "capital"5"Britain"@Ef/EXEM, MpromptEEoHIFNE
attention B2 ERXMZEXE X R, Eit3| A\Prompt Encoder, Lff3iEhHTMERA—R
RNN

o IEELTGE: MBERSIBEMATC, EIIGRTERFHIEH X EARIREAE 5335 FHEAY
EX EA, FHLEERSAESHFaFEXAREN—LERAEN—EHITCHIMEaE (Flmt
Bl “capital” . “Britain” %)

o E&% (Reparameterization) : BEAZEICZEI £, P-tuningfi@id—1"Prompt Encoder®
{EXEfptnic/s, BEBXERPHRIEESIIXIENembedding table Lk, #4)iEi%, Prompt
EncoderRIENGHEREREI, MEEEMBRUAREER

e JEE1ET (Hydride Prompt) : ¥iES4R ™5 E#token#HITRE,
o EEIWMASKEYtokendfAliE E: P-tuningiBIIMLPHELSTMIZE
o BESSHANBSHER: P-tuningF{XEFembeddingEHvirtual tokendIZ8 5 Sk

At AP-tuningB&LZZMLPEEELSTMiZ R virtual token: i3 F)IIEMLMAAI AN EER LB EE
BE&, MRkEVIEKyirtual token, B MKEIEE&ME. Ft, BA—1Prompt Encoder (B
FA— 1 LSTM+MLPERRS X Evirtual tokenl g, BRIAZIRE) REERUNETEIR, BRELHF

xqvirtual tokenfggk

ik - S5HANSE &Y NHESS
P-tuning MLP+LSTM g MLP  PeombeddingBe o o NLUES

virtual tokenZfs

3.4.3 Prefix Tuning

KRB BIBERALIITERPBIE S token B AL AT i BIvirtual token; Z 7 ATE#HiAtokenZ Bija
E—EESHXAvirtual tokensfEAPrefix, AfE, G EREFHPrefixBi70EE, m
LLM Ry EER 3 S8 EE



Fine-tuning

Transformer (Translation)
F [ 1 [ 1] [ 1 [ 1 [ 1 [ 1 [ 1 [ 1

Transformer (Summarization)
[ 1 [ 1 [ 1 [ 1 [ 1 [ 1 [ 1 [ 1

Transformer (Table-to-text)

Inirini

name Starbucks type coffee shop [SEP] Starbucks serves coffee
Input (table-to-text) Output (table-to-text)

Prefix
(Translation)

Prefix 1
(Summarization)
1

Prefix-tuning

Prefix

(Table-to-text) Transformer (Pretrained)

IO LI LI IR IR

name Starbucks type coffee shop [SEP] Starbucks serves coffee
Input (table-to-text) Output (table-to-text)

1. HNARBRE S FEEZES AR RIPrefix

o X EMEARIGRE: THOFHIEAFMEIL, 52 z = [PREFIX; x; y] , BERLXEE

PBEEZE LM BER TESIRERTX (k. GPT3R ETXEFS)

o $HITYREDIR-ARFDIRLEHIERL . EncoderfDecoder#BIgN T BIZE, 8% z = [PREFIX; x;

PREFIX0; y] o EncoderintEMMAI&EN T 51 RMABDHIZES, Decoder It MNAIEEZE)

T 5| &G4 tokenHIERK

N

Autoregressive Model (e.g. GPT2) Summarization Example
PREFIX L (source table) ylwrgmu"emnmj Article: Scientists at University College London discovered people
tend to think that their hands are wider and their fingers are
[ shorter than they truly are.They say the confusion may lie in the
Harry Potter , Education , Hogwarts [SEP] Harry Potter is graduated from Hogwarts .

way the brain receives information from different parts of the
body.Distorted perception may dominate in some people, leading

Activation h h k. hse h h h ho h hiy ke h h Ras body image problems ... [ignoring 3@8 words] could be very
d 2 hs ha hs R hr o hs Wy e k) L motivating for people with eating disorders to know that there

a biological explanation for their experiences, rather than

Indexing ,1 2,43 4 5 6 7 8,9 10 1 12 13 4 15 feeling it was their fawlt.”
Summary: The brain naturally distorts body image -
Pige = [1,2] Xigx = [3,4,5,6,7,8] Yige = [9,10,11,12,13,14,15] ‘a finding which could explain eating disorders like
fnorexia, say experts.
Encoder-Decoder Model (e.g. BART) PREFIX . B
PREFIX L (source table) PREFIX’ Y (arget utterance) Table-to-text Example
[ 1 1 T 1 : Table: cL tomer-
z Harry Potter , Education , Hogwarts l-[SIEF'] Harry Potter is graduated from Hugwan}. rgtiﬁg[lngﬂi[UfogTSIEg¥$y32?£Uffee
shop] food[Chinese] arealriverside]
Activation  p p, By hy hs he hr hs ho  hio  hi hiz iz e his hie Mg near[Clare Halll
Textual Description: Clowns is a |
Indexi 11 12 13 14 15 16 17 coffee shop in the riverside area |
ndexing |1 2 | 3 4 5 6 7 8 1 J m[ 1 ] near Clare Hall that has a rating |
Pux=1,2]  Xix = [3.4,5,6,7,8) Pigc += [9,10)  Yig, = [11,12,13,14,15,16,17] | Joout of 5 . They serve Chinese |

2. Xt virtual tokenf94RE2 /5 =,

BES, AT FHLIEEZEER Prefix IEHR I
MLP £5%3, il

AT EMMERE FEAVIEL, 1E Prefix ERIEMN T
H5ehlia, RRE Prefix WS, FRibZ5, @I HRISEIEINES:, RiFE

to

was

embeddingERIRI DA, FSHMRRETR, Bit, EEEHMMT promptiISE, chEhik

X



TRANSFORMER BLOCK WITH PREFIX

\

ReEGULAR TRANSFORMER BLOCK

\

conNNection connection

Skip
ully connecte ayers
connection fon

N

xJEbPrompt Tuning#Prefix Tuning:
e Prompt Tuning: RrliIZRYKEFRIE 4 Nembedding
o Prefix Tuning: aMIZRKEARMNEIFTE Transformer Block

3.4.4 P-Tuning V2
ZHIBIPrompt TuningfIP-Tuning&E A A ZER N T E/ 8]
1. RZBERSIURNES @AM

o HRZHUEEAME: Prompt TuningieXXRRAZREMIRE L 10012128, BRMEATUS
LEMBEERSE. BN TRER/NIEE (M1I00MEILIB) , RRAANEEMANKRAER
RES, XAKRHTRRAUVERGE

o RZMASZEEM: REPrompt TuningfIP-tuning?ZE—% NLU (BRIBSEM) BEENHFR
MEMS, EBRNBNNERTIIRCES ENFEFIIRE) AR RS EIIIIE

2. BRRERTML, TEPrompt TuningfIP-tuning®, ELHRR R WG AtransformerfE—E/V%
AembeddingF5I, T‘?ﬁ'FﬂEE’Jtransformer):EP WAESR T ERNembedding2 B Z Al
HtransformerEit B KN, XEIEESFEF N AIsER L ALHEE.

o HAFFIIHKERMRE, TRSHMNMESERN,
o FiAembeddingXHREL TN R EHEXTEIEZRYRZ 00,

ZHETEE—EBEINT Prompts tokensfERBEIN, MARXINERANE, XHRHEN5 I
Qb

o EZAEIIMBEL (MP-tuningflPrompt Tuningf0.01%E1012)0.1%-3%) , FENBEBSEHS
43

o MAEIERBELEMFIIPromptEELAEE TN RE BRI

P-Tuning V2R BL{&{#E:



S Prompt Encoder (Optional) ________ e \___ Reparameterization (Optional) _ _ }q-—2-22222_
[CLS] Amazing m(}"vie ! 1 ; [MASK] Vo [ CI;S] Am%zing moivie ] [
e([CLS]) e(Amazing) e(moive) J!) ho - h; e(MASK]) | I 1e([CLS]) e(Amazing) e(moive) e() |

L L ¥ vy ¥ : P’ oy ¥ ¥ ¥
il , ~ Layerl Prompts < 860 H )
[ 000 J E Layer2 Prompts | : v i E
.I.. i Layer]\i-[)-mmpts \:_._._.“_:___.._._: ..|. E
Verbalizer (with LM head) E Class Label (w:irth linear head) E
(a) Lester et al. & P-tuning (Frozen, lO—billion—scale,- ;i;n-p-lg tasks) (b) P-tuning v2 (Frozen, most scales, most tasks)

Mo E A FPrefix Tuning, I UEERXASEMEIPrefix Tuningti REECEINLUES R, ASMT
—Lepit:

o BIRESHHIAEIDE: UG EFAESHAIERIERINGEEMEHEE (40 Prefix
Tuning FABY MLP . P-Tuning 89 LSTM) , £ P-tuningv2 1, {E&ERKIESEHWRIBUHED,
THENFREE, FENESFmMERRRT

o HNWAEESRAFRNRTRKE: RAKEERTMAGZNESHIERFEEZOER. TF
HWERESRERAANENR T KERLMEREMNE, X5 Prefix-Tuning RBVAI—2, FERY
XAEMES IR NRANRERTKE

o SIANSESEI: AEZESHPrompt L#HTHIIZ, RAEBER THES. —FHE, E484RT
BRI MELA TS T WM, XATLUEE B SRS BIERSESHEXN TR ETIIGHKER; 5
—FHE, EFRAEEISMMEENIEESMIRNTERE, F—LEEENFIESH, ZHF
£Z2 A LIEAP-tuning V2894 78

o EAFEFHMNDEITZTCXMA SIS IFSiRMET2S (Label Word Verbalizer) —BERIRRMK
HRZOARRER S, Effone-hotEMRETHBERNXHE, UFBAMIIGESERE L, REEE ew-
shotiGERABEEBENNEY, EESHIENEIRET, VerbalizerH FR2H40H, EERTRT
BERERELLMRRXIREMEFERANZSEFRHNA, Ft, P-Tuning v2EI)3EFHBICLSIFE
PER, REAREVIBLINS2E3L (Classification Head) T tokensz £, LAEsR@RAME,
B] LUE R B SR S

SIS & prefix tuningFIP-tuning v2&8 23&:1d past_key_valuesi# \attentionizBRAES, TE—=
FizEHN
Huggingface PEFTSCI}

1

2 prompt_tokens = prompt_tokens[:, : peft_config.num_virtual_tokens]
3 past_key_values = past_key_values.view(

4 batch_size,peft_config.num_virtual_tokens,

5 peft_config.num_layers x 2,

6 peft_config.num_attention_heads,

7 peft_config.token_dim // peft_config.num_attention_heads,
8 )

9

10 class PrefixEncoder (torch.nn.Module):



ll mmn
12 The torch.nn model to encode the prefix Input shape: (batch-size,
prefix-length) Output shape: (batch-size, prefix-length, 2xlayersxhidden)
i def __init__(self, config: ChatGLMConfig):

13 super().__init__()

14 self.prefix_projection = config.prefix_projection

15

16 # self.prefix_projection=True-->prefix tuning

17 # self.prefix_projection=False-->p-tuning v2

18 if self.prefix_projection:

19 # Use a two-layer MLP to encode the prefix

20 kv_size = config.num_layers * config.kv_channels x
config.multi_query_group_num * 2

21 self.embedding = torch.nn.Embedding(config.pre_seq_len, kv_size)

22 self.trans = torch.nn.Sequential(

23 torch.nn.Linear (kv_size, config.hidden_size),

24 torch.nn.Tanh(),

25 torch.nn.Linear (config.hidden_size, kv_size)

26 )

27 else:

28 self.embedding = torch.nn.Embedding(config.pre_seq_len,

29 config.num_layers =*

config.kv_channels * config.multi_query_group_num * 2)

30

31 def forward(self, prefix: torch.Tensor):

32 if self.prefix_projection:

33 prefix_tokens = self.embedding(prefix)

34 past_key_values = self.trans(prefix_tokens)
35 else:

36 past_key_values = self.embedding(prefix)

37 return past_key_values

B4E—TFsoft promptHi&:

i Xtvirtual tokenpy&bIE B5ENSEK EACH T HES
P-tuning MLP + LSTMZEMLP {Xembedding B fEGPTEENLUESS

virtual tokenZf 49

Prefix tuning MLP Prefix encoder, &id FERTNLGES
past_key_valuesfK N &=
P-tuning v2 \ — Rz NLG/NLUESS

3.4.5 Adapter Tuning



ZL B BE 5N —EIIMIRR ISR THES

BEEF—EMtransformer layer I NESMIAdapterBIEIRF/E FHAESHIA, 5o 2RRIIZH
WIRRBHREPERIMEIN T Fkds, EF9Adapter@&iERIINAtransformer&Sigrhpy

Transformer Layers x L

Pl inilslulaialol dululninlaialeibt ~ e . =
l:' 3 I', Adapter X Adapter Zero-init. Attention & ’5
1 g
: Transformer ' E Layer |: Gzi'_“ + Softmax =
| Layer . | [000c000O]]| ! o
I
i : : | s0 ftmax —————— -':-'::_
: 1 | Feedforward :
1 .
1 2x Feed-forward ] i up-project 1
: layer : : :
: A : | |
1 1 : Nonlinearity :
! ! I ] Adaption
1 I
' ! ! ! Gaasnl s Transformer Layers x N-L
1 1 | 1
1 1 . n
: : ! ! & Fine-tune Vanilla Attention 5
: 1 : Feedforward : & Frozen Softmax
| ' : down-project ] SUN —_—
1 Feed-forward layer ] | 1 B _ Z
: : : : + Concatenate -0 2
! Multi-headed ! r [O0O0000] : g
1 attention h k. ) A
\\ A ,I NS D P Word | | M+1
e fP//m/—/——- - Tokens
Adapter LLaMA-adapter

LLaMA-adapter:

AdapterflIPrefix tuningtVial M Z 4 & T HENAIE KA K E PTRES B TIIRAVIE X FHIR, SEHR
AIREMIEEIRK, MLLaMA - adapteri®@d FEM NG LI E 2R

o SIANSWERLBEEANEFIHENE
o EMGRBMIL M TransformerE

3.4.6 LoRA
Low-rank Adaption {E#k i

LORAR— MR ZRMIAARIRETTE, EALORA, IIGSHNABRESENEDZ—. GPUEEER
ER/V23EFESINGIMIHIEFERT (1HLbAdapterfyfiss)

o BMFANRIE: TEHRIEREAISREDMETN)IGSEH ¢ #H1THEL, FEIFTHREBERRK
WIESRAEMEXERFINEH ¢ + Ad, XENHALRNNEERAESEBEMNLESE Ad 1)
WS HEER—BE, MALEWNE, FEREZF. AR E DHNSHRTLRE
EFIMNSHLE, HETFRFEA—BLEEHK

o LOoRARIEIR: LoRAETEERRBRIEMFRMIIBIILE A, TRIIED, (EBLAVIERIXEFFIIN
KT X T ESERNIFHE, ﬂﬁ*m?ﬁﬂlléﬁiiqﬂﬁﬂigﬁﬁ
o Instrisic Dimension RE4E . LLMRIHRFIfew-shotiES], UNRFIBETEERTLATLL
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Full Finetuning LoRA QLoRA
(No Adapters)

Optimizer /-\
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A G e

16-bit Transformer 16-bit Transformer 4-bit Transformer Paging Flow ==jp-

Figure 1: Different finetuning methods and their memory requirements. QLORA improves over LoRA by
quantizing the transformer model to 4-bit precision and using paged optimizers to handle memory spikes.
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Figure 3: The resulting rank of each incremental matrix when fine-tuning DeBERTaV3-base on
MNLI with AdaL.oRA. Here the x-axis is the layer index and the y-axis represents different types of
adapted weight matrices.

4, Common Models & &5

4.1 BERTRZ{®

4.1.1 BERT
Bidirectional Encoder Representation from Transformers, encoder-only
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4.1.2 BART

Bidirectional and Auto-Regressive Transformers
BART{EAtnfERITransformeri®®!, encoder- decoder, 7 —LeekaL:

o [BGPT—#%, ¥RelLUBCERE NGeLU, HESEHIBHIRMIES27EN(0,0.02)
e BART baset##&fJEncoderfiDecoder&H6/E, largelERUEINE| T 12/

o BARTH#EIG SRR EXRIDE RAPRBEENIMATTcross-attention

o BERTEIRTNZ 5ifERR T &9 9Feed Forward Layer, MBART:&E



B D ABCDE
b1 b4 544
Bidirectional Autoregressive
Encoder Decoder
FFifs FIfrs
A_C_E <s>ABCD

(a) BERT: Random tokens are replaced with masks, and (b) GPT: Tokens are predicted auto-regressively, meaning
the document is encoded bidirectionally. Missing tokens GPT can be used for generation. However words can only
are predicted independently, so BERT cannot easily be condition on leftward context, so it cannot learn bidirec-
used for generation. tional interactions.

ABCDE
b4 845
Bidirectional |:> Autoregressive
Encoder Decoder

FFife FFff]
A_B_E <ss>SABCD

(c) BART: Inputs to the encoder need not be aligned with decoder outputs, allowing arbitary noise transformations. Here, a
document has been corrupted by replacing spans of text with mask symbols. The corrupted document (left) is encoded with
a bidirectional model, and then the likelihood of the original document (right) is calculated with an autoregressive decoder.
For fine-tuning, an uncorrupted document is input to both the encoder and decoder, and we use representations from the final
hidden state of the decoder.

BERT, GPT, BARTHYX 5!

BARTLEBERTEE & X AERMITR; MBELGPT, BEZTWE L TGERER. TEMES LRGHD
MEE, EWEUE—EXARIEELES EEIFSOTA

4.1.3T5

Text-to-Text Transfor Transformer, encoder-decoder 3244
FOIFIE SR TURABRAEE, ZERENERBEEERE BAES RN
( “text-to-text” ) WHeZN, HA—IFA—HRER, BMABHFEESAFBIXEFY, H
HEXEFFIBHEFMESHER, EATXANIE, FEZET machine translation. question
answering. abstractive summarizationflitext classification™dMESS, IMESER T MERIECA
(Colossal Clean Crawled Corpus)



[“translate English to German: That is good."

"Das ist gut."]

“cola sentence: The
course is jumping well."

"not acceptable"]

on the grass. sentence2: A rhino

"stsb sentencel: The rhino grazed
is grazing in a field."

"summarize: state authorities
dispatched emergency crews tuesday to
survey the damage after an onslaught

of severe weather in mississippi..”

"six people hospitalized after
a storm in attala county.”

Figure 1: A diagram of our text-to-text framework. Every task we consider—including
translation, question answering, and classification—is cast as feeding our model
text as input and training it to generate some target text. This allows us to use the
same model, loss function, hyperparameters, etc. across our diverse set of tasks. It
also provides a standard testbed for the methods included in our empirical survey.
“T5” refers to our model, which we dub the “Text-to-Text Transfer Transformer”.
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4.1.4 RoBERTa

A Robustly Optimized BERT Pretraining Approach
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4.1.5 DeBERTa

Decoding-enhanced BERT with disentangled attention
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o fM: ATE—NEIF “anew store opened beside the new mall” , 3
R “store” M “mall” &iE mask LUETTFUN. XERBE LT (BMEXI I EEERE
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4.2.1 GPT1

Generative Pre-Training

BB Transformer only-decoder 12/, Bf&4ATiiRtransformer—i%, BEIEHRIEERIIZk
B, Rtransformerfydecoder@ &2 attention: cross-attention(k,v3RBencoder, X8
decoder), mask multi-head attention, gpt=R 7T mask multi-head attention

Pr;fi;'ion CIaT::i';ier Classification | Start { Text | Extract % Transformer |-—| Linear |
Layer Norm Entailment | Start ‘ Premise | Delim | Hypothesis | Extract |_—>| Transformer |—>| Linear ‘
[© I .
| EsealEaoTyard | Start 1 Text 1 | Delim l Text 2 | Extract |->| Transformer
Similarity - Linear
12x | Start [ Text 2 | Delim [ Text 1 | Extract |—v-| Transformer
@T | Start ‘ Context | Delim | Answer 1 | Extract [——| Transformer |—>| Linear
Self Attention -
Multiple Choice | Start ‘ Context | Delim | Answer 2 | Extract |-ﬁ Transformer H Linear
Text & Position Embed | Start ‘ Context | Delim | Answer N | Extract |_—+ Transformer H Linear

Figure 1: (left) Transformer architecture and training objectives used in this work. (right) Input
transformations for fine-tuning on different tasks. We convert all structured inputs into token
sequences to be processed by our pre-trained model, followed by a linear+softmax layer.
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4.2.2 GPT2
Language Models are Unsupervised Multitask Learners
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e : 0345 + zero-shot FEEMEEZ(FEET
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in the history ?” , answer: “Micheal Jordan” )BJQ&AESS
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shotX3! Example

task description + prompt:  Translate English to French:
Zero shot

cheese =>

task description + example Translate English to French:
One shot + prompt: sea otter => loutre de mer

cheese =>

Few shot task description + examples Translate English to French:



+ prompt: sea otter => loutre de mer
peppermint => menthe poivrée
plush giraffe => girafe peluche

cheese =>

4.2.3 GPT3

Language Models are Few-Shot Learners

BRI 5GPT-2—#*, {ERRAT Sparse attention

e Dense attention: &> token Z B/ it+HE attention, EZE O(n?)

e Sparse attention: &4 token 25 EAM token BI— N FEi+H attention, EZE O(n*logn)
£/ sparse attention FNIFEEB LU TS
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iggsE=t: F)I4k + few-shot / in-context learning

5GPT-2X51:

o IRBVLENY ERE, TEgpt2BIEM £, Rattentiontk 9T sparse attention
o MRELimBgpt2, EMMWABTENESL

o gpt3*Hfew-shot, Migpt2E#zero-shot
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outer loop

Learning via SGD during unsupervised pre-training N
7 7 7
5+ 8 =13 8 gaot => goat 8 thanks => merci 8
3 =] 3
(=4 e -
7+2=9 L sakne => snake o hello => bonjour L]
- - 1 -
1+8=1 § brid bird g}T t th §
<y ri => LI min => menthe
inner loop 3 3 E]
3 =1 3
3+4=7 (=] fsih => fish =] wall == mur (=]
5+9 =14 deuk == duck otter => loutre
9+ 8 =17 cmihp => chimp bread => pain
4 v Vv
sequence #1 sequence #2 sequence #3

Figure 1.1: Language model meta-learning. During unsupervised pre-training, a language model develops a broad
set of skills and pattern recognition abilities. It then uses these abilities at inference time to rapidly adapt to or recognize
the desired task. We use the term “in-context learning” to describe the inner loop of this process, which occurs within
the forward-pass upon each sequence. The sequences in this diagram are not intended to be representative of the data a
model would see during pre-training, but are intended to show that there are sometimes repeated sub-tasks embedded

within a single sequence.
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ARME, Llama-1RAENRF 2B RIHaER

F, HMWRHMMOUTF-8FEFELREFH#T

&, W&RKNA32k

NEEHIE: BERMIMIE#HITERERES 14T
token, XLEFMGHIERZ N RIFEETAA, B



HMEAFHIEIE, STRENBIREMREFLLA
URIE.S

Dataset Sampling prop. Epochs Disk size
CommonCrawl 67.0% 1.10 33TB
C4 15.0% 1.06 783 GB
Github 4.5% 0.64 328GB
Wikipedia 4.5% 2.45 83 GB
Books 4.5% 2.23 85 GB
ArXiv 2.5% 1.06 92 GB
StackExchange 2.0% 1.03 78 GB

%A BMNEEEFIEE, BEEIE
AR AT E(ES R

Llama-1TE AT AR S PiFHEA T ER
AdamWTR{LE389H28 F SIS Y Y BRI 4R EC
B, AdamWEsfAdamfiibasaiciuE, sILER
M IBINERR, MMREIGNRE . Bl
P22 HAEFEE Mg SRR SITRFRE
{3

Llama-1#E R RIZFEIFRAEE —ME R
AN, BFEIGHRERRESIE, BIZFRLD
FIERFREF AT USHEFIWRE, i
0.1MINERFFN 1009 E R B BT IS
RBEREENREMNE
warmupe—MERIEME S E, EEINGIIZEMHA
RENIZDIS, RIBREANEAEFESIZFMbatch
MR ERDEMBENIRSE, Bk
REIRE MR

Outputs

Softmax

X

RoPE

K

Causal
Mask

e

RMSNorm

)

Input
Embedding

!




4.3.2 LLaMA2

BRI

o ERLLaMALMELLASEIEEIZ TGQA, EFSHERF AL

o FFNIRRIEFFEERY 78, WoRZHEES, BASHEWLM

o HMXFNAMEESHINGEE. BRI ETXEOEEIT4K, LLaMALZE2K

NEEHE: Llama-2 FU)IISER 7R B AF I RIRRY 2T #kdBtoken (RiF4AiEH B ERFIREIE)

Llama 2 was trained on 40% more data than Llama 1,
and has double the context length.

Llama 2

MODEL SIZE (PARAMETERS) PRETRAINED : FINE-TUNED FOR CHAT USE CASES

7B
Model Data collection for
architecture: helpfulness and safety:
13B Pretraining Tokens: Supervised fine-tuning:
2 Trillion Over 100,000
Context Length: Human Preferences:
4096 Over 1,000,000
70B

gRIIE: BIEE ALRIRMIBLREF, RERBERARMF ABRNSRELIE, SALIILEHN
ESIES



HUMAN
FEEDBACK
FINE-TUNING

-

()
S
O Safety Reward Model
Rejectlion Proximal Policy
Sampling Optimization
~
RLHF
Human preference data Helpful Reward Model

PRETRAINING

Pretraining data

ﬁﬂf{ﬁﬁ: %% Llama-2-chat

CodeLlama: EFLlama-2jlZrpI4TgiREY

WERRAR:
LLAMA2
Bz, ay | et A AERIIG B L lama- 24841
ZI500BH IS EARE I
—% 4, 7B/13BEHAFEI
#infilling task
g%HAIOOBE{]PYthon Python code

training

RBEHREIZR

100B tokens

T

Long context
fine-tuning

Long context

fine-tuning
—p ZF20BIK LETXF
208 tokens 20B tokens
Instruction
fine-tuning - = A A
b ZI5BRESER
5B tokens
CODE LLAMA - CODE LLAMA - CODE LLAMA
PYTHON INSTRUCT (7BZ2,13B2, 34B)
(7B,13B, 34B) (7B=,13B2, 34B)

A Code Llamailll&i#fg (=& ngdinfillingZ2>])

CodeLLaMA7B, 13BiZE!Minfilling task:
ESER: RIBAEN LT, FUNERERD IR
o MEEMARBHIEZRE—IHHITEE (mask) HEMEA <MASK> fFS, MELETX

=,

o FMABEMEANTGZE, RIELTXEE NS HRmaskr B



Original Document

Masked Document

def count_words(filename: str} -> Dict[str, int]:
"""Count the number of occurrences of each word in the file."""
with open(filename, 'r') as f:
word_counts = {}
for line in f:
for word in line.split():
if word in word_counts:

return word_counts

wWith open(filename,

else:

word_counts [word] += 1 r urn word_counts
else: word_counts = {}
word_counts[word] = 1 for line in f:

def count_words(filename: str) ->
"""Count the number of occurrences of each word in the file."""
Ry as
in word_counts:
word_counts[word] += 1

word_counts[word] 1

for word in line.split():
if word <EOM>

Dict[str, int]:

f:

4.3.3 LLaMA3

1 .
RELH: | 8B 70B 405B
% . Layers 32 80 126
e 5LLaMA2#8LE, LLaMA3¥itokenizeriH Model Dimension 1,096 8192 16,384
Attention Heads 32 64 128
R, FEFAINEI2KT R T 128K Key Value Heads 5 s ;
Peak Learning Rate 3x107% 1.5x107* 8x10°°
352 Activation Function SwiGLU
°
LLaMA3 8B*u70BgB;m TGQA Vocabulary Size 128,000
Positional Embeddings RoPE (8 = 500, 000)

o RFEETFTXKEWMI RBETSk (—HI, M
R REA A Z M ER KX AR E T 128K)

Training Data Params Context length GOA Token count
A new mix of B 8k Yes
blicl
Llama 3 Pu ] 'y 15T+
available
online data 708 8k ves

GREEE: Bkt T IIZRERNE, MEME, ¥ REIT15T Tokens, HEKTL8E, HA, i
BIRY 7T 415, RERATREENDEAMEEHREBENFEHRN

BEFFENZE, LLaMA-3HZBERAMOE (Mixture of Experts) 4515, X#pLE#a 2T RE(EIIZM
WEIERZAS, (E7EMtRE E@ETESEMEMNEER (Dense) HBIMELL, FEERBMRBVYT K, A1k
REERAERA—NBEXTNET, LI, LLaMA-3MYIZEIEEIET XAEMXBtokenflidd

5%HYiF&RiEtoken, RiFEFI0SMIES, XAMNERFREEVEREATHEMSN, LEZRAT
HZiE= A0

NBEEBIERE, MetaFF kT —RYIEIE R Bpipeline, B1FR%LNiTIEEE. NSFWiTiIEes, EXE

EHEMBRRA R AT INHREREN X 53K, XETANERMESmTAaRELlamaf®

o, FAREIRERENELE

WERRIE: Llama-3R85tERH MEE —FmIEFIER Llama-3fRAREER Llama-3-Instruct



o FINZRPRNERL: AT HEICFBTUNGESRE, Llama-3ANTREEIRY Aill%k. BFms, &
A TREENAEE—RTIT BEM (scaling laws) , FEEINIEGZEIRBETUNHREE X
£33 LRYMERE, HMERKRENSEAS

o [FINZRBNER: MEBXHIE (SFT) . E4ERE. RLHFIIEESERMKL (DPO) MASHITZIET
7o BFSFTHRTBEEMAFPPOFMDPORRIFHER XX TTIER M sEEEAZ M, LLaMA3TE
ERRE ER—ERAUHFR R F(FAREXLHIE, HARGIERENZSRHEEFRIEHTS
REE

Collected Prompts

|

K Generations per Best models from
£
: Best model for next round

DPO Training
Reward Model Rejection Sampling — Final DPO Model

Pairwise Annotated and
Specialized Per-Capability Binary

Specialized
Per-capability

Preference Data SET data - B roe
. . Data
Reward madel training DPO Training
BANRIEHTEFZE—10nline DPO/Iterative DPO
Reject Sampling $E48 4%
L4 RSIEE_ﬂJ}‘A = *ﬁ*ﬂ%%ﬁ*ﬁq:gﬁﬁyﬁﬁzkﬁggzk 05 1 - 5:::;::

SHFRBHE, TERTEREUEEMNERS

04

BRIEE, BN ERBREORUSHR ; \
BRI AR RAA, BERITEBEM— ] / \

MERNETTHROHRRE, BREENR /
REREM, BATAT SR — M URE BRI ;
575, XMBUSESRILINE ST, ;
E&H7%

o ELLMXEERERIERWFE—1promptEnk

teans 55376,

0.1 !

0.0 4

-

-
-

K4 response, #AIS5FIFReward Model3$iX
LXR#ITES, hEEBEIES. RUKMN

MNER, X—IEMURA TEEERR
2, UHRERRHE—PYIGRME T Bk

LLaMA33tDPORYCH#



o TEDPO lossmaskigz{{titoken: EIEIREAFL Etoken, LUIISEDPOINILGE F TR =,
XtetokenIHRAMN R A BESBIRRITARTER, FINEHEEXRAEM L Etoken, RIEXE
B FDPOHR KMt b1t Bi—7Echosenfllreject responsefRTETEE FltokenSHF I HiF e,

R R IRBFERBHE ML X token AR

o fEFANLLIRKSHITIENM: M—chosen responsefyfiddEi{ii#loss(NLL loss)i#{TIENIL,
lossZ%890.2, BT B RIEFEIVHAER N H A LEiEEresponseBIXT IR T, Ri#t—F
¥ EDPOIILR

4.4 GLMZA5%!

General Language Model Pretraining with Autoregressive Blank Infilling

4.4.1 GLM1

ERIZEN) . GLM1Zprefix-decoders5iipy
Transformer (SEPr_LEFiEtransformer decoder,
O @RI maskSE I T prefixEf o XA
attention, EEMED EMEattention) , ARMT
—Lephny:

e Post Deep Norm

o A—1PEBEEL4ER ¥ output tokenFiul

e RelU -->GelU #i;EHEk

B x:

o HEET: XNMESZEET BHRIBERE: TMAXEH, KEVRIFRESNtokens; BEIYIRIA:
IR EiEES tokens, EFEABENIFAFUNERSKtokensEY, EEBERT LG A]corrupted Xz, X
] LU e Z Bl BTN EYspans

span shuffling + Z4E (I BRITHEI A :

H Key
N N 7 - - Ts Tg [l:.] T3 []'_'..] : xr w2 [M] x4 [M] [S] ®s ze [S] T3
&Iy Te Iy Iy Iy Ig I I | I I H -
: X X X X X
i : +2 X X X X X
(a) Sample spans from the input text ! GLM : [M] w | s | % | x|
E (Transformer w/ masked self-attention) : Ty w | % x| x| x
i E .
00 T R 0 R R O R AR B
: e [S] X X X X
PartA: 1 T2 [M] 74 [M] . T * [M] 2y M] [§] w5 we [S] 73 : 5 SRR
E . Ig X X
Part B: T3 Ts TIg ' Position1 1 2 3 4 5 5 5 5 3 3 : 9] x
{ Posiion2 0 0 0 0 0 1 2 3 1 2 i x

(b) Divide the input into Part A/ Part B (c) Generate the Part B spans autoregressively (d) Self-attention mask



o BIATERKspansHHEMKE, BOATHIEFBIRA UAFRGERMERGEREST
NERIESIRE

o HINzT AJLUMRD SR Part AR#EimaskiIX Zscorrupt , Part BlHmasked spans4Apg.
1E§'I§E§IEI\§@)\Y¢IEE [$1,$2,JI3,3}4,$5,$6] ’ %FFE"JW@_/PKZKH ﬁ% [{133] LX& [335,376] ’ ﬁB
ZmaskGMIXAFHIR: 1,22, [M], x4, [M], BlPartA; ERENTEETPart B EL#T
shuffle, 8 1MREER [S] EEREFXENBAN, £A [E] EEREREFEMEH

o ZH{UBRIT: TGLMP, FHTHMAERIID, F—NMIBIdARFICPart ARPRIE, EZH
I EidARRTspan AFHENULE, XA MIEid=BEZembedding R EZ AR INRE,
REAESEINNEI A tokenfyembedding&Rix A

o GLMARBEZE Xattention maskfy:

= Part ARfJtokensifittrI L, {BEFR AW BHRIEEtokens(¥ ZprefixEis EWFE
attention)

= Part B tokensEIlPart A, Part B tokense] I BHiZ X Btokens, Fr]BhREA
tokens (¥RzBHAYEmasked attention/casual attention)

BRI LI BEIFE I W Mencoder (PartA) MUK Hdecoder (Part B)
o ZEEMINE: ERERKNASTHIEFTBIrERMIK

o Doc-level X4k : MIREIBEKER 50% - 100% SEEIRYAEE—1span, ZBEIrSEERKX
P/

o Sentence-level A1 F4: FRHI#maskBIspanhiiEeBNAF, KiEZ M spanABERIA
tokenfy 15% (FIBERTEY15%—%) , X BIrERAT seq2seq (FHIEIFY) £, XL&F
SWFUNERBR B TENAFHESE

o GLMf5$ESRHI:

[e]

p(ylz)
+
‘ Positive } ={ good ]
Y v(y) 1

( )

Coronet has the best lines of all day cruisers. | It is really [MASK]

€T

4.4.2 GLM2
CLideq i
o £Decoder-only, RoPE, Gelu-->SwiGLU, Post-RMSnorm



e MHA->MQA, LIS MAVHIE
o EKMETX (EFFalshAttention, 2K->32K) , HEXHEMERFERSK E T4k
A=

e ChatGLM2-6B fA 7T GLM RUES BIREREL, L3 7 1.4T RRAFRTFHTNIGS AERBIFXITH
2

@ HAt4prefix-decoder[@)3casual-decoder?

o Z¥HIFiEMprefix-decoderFEMNEZ M EIERIIZ, Mdecoder-onlyfycasual mask
AUEZEAZNZSRIWERIE, SHEZMHENNER—#, XPMNUEISHT Z445kH

BB

I L IHERSIEE 8B 3 XTIE,Q1AL, Q2A2, Q3A3, PrefixMEEBHIE =51
Vi

o Ql->Al

o QlA1Q2->A2
o QLA1Q2A2Q3->A3
Decoder-only#lfcasual maskBIEBRE—F A EEELIMZLITIE:
o FEZAMIE:Q1ALQ2A2Q3A3
o LossitB:RFEITH ALA2 #1 A3 H5
o LLaMAZHEI Hdecoder-onlyZR#aHI5a AR B B34 A EE

4.4.3 GLM3

BERLEN . ChatGLM25ChatGLM3RE R ERE—HM, ChatGLMSRHELRE

B3 FChatGLM, ChatGLM2. ChatGLM3#&%! FAyZEk:

1. JAERMIADMChat GLMAEI15052848/\465024 (EChatGLM2. 31N#tbChatGLMERF D)

2. (PBRIBMAENTGLMBlock—{iRANER—7

3. SelfAttentionZ [ERIRTIRME B RE, ChatGLMAGeLUMIEE; ChatGLM2,3A SwiGLUMGEE

4.5 QwenZ%l

4.5.1 Qwenl
BRI . BEF Transformer2ud, FEUALLaMALHY

o tiktoken BPE, &AL cl100k base fEAEERY FTIALR, REHFIRDNENNF, RE
ECRANEF 152K



e Untied Embedding: Input embeddingflOutput embedding R#ITINEHE, REIMAIFH MY
BiEME, BERANZEMT AFEHE, FTIrUERERAERIEEE

e ROPENIE/IZ, Pre-RMSNorm, SwiGLUZER

o EARZHEBREHAbIas, BIEEENN QKV EPFRE, LULRREBIMNERN. BT FINREE
I, A]LAESF B iR i N BURRIAE, MMRFHERERERA SR MR BRI, XiP1E5R5H
HERE IR EXN FREE RESHNNY S UHNBIERANFEEE

1RBYN Gk

o XBtnENBEIESREIILE IR

o BT ETFKE 2048

o SEFENERKAFlash Attentionis R, LRSIHTERERHBIDAFER
o FABF16RSHEEMRIIL

ETFXKE (SMEEEN) ¥RB: BImENTKIEE. LogN-Scalingfls E&EOSelf-AttentionEH
R, BT BTEREN ETXKE, RNERSTMHEE

o ENENTKIEE: B AESREEMFREFIEID
e LogN - Scaling: HRIBEHFAEMUR—LEESENRIE, AIUEE—MNTNEREF, MMSE—H
Scaled Dot-Product Attention, LogN-Scaling®r] LIARIE L T KESGKENLLE, QMVAY
SRHITEMRER, REIRNENEREE L TXKEMEKMEHEE
nl(;gnQKT> v

o S BEMOSelf-Attention: FH2EEOSelf-Attention, FEBRARFE—TLTXEON, BALE
REXEINZNAS; EFAREXAARENEOA), BERNEERBENEGN, MBRaNEE
ARKNEN

ZELEREAR, QwenfillZriE2028, HIRRYATERTLALIES192
Reward ModeliJll&:

o FHillZ{meFi5EEe (preference model pretraining) : REERBEFRNQwentZEHBLES
3k, BRHRNEFERTICET M ENREHEFAERREE

o MIRREIER:

o DREREL. NiRpromptAE—ENSFENERE, BT — 1M ESL966001FMREZRI I E
R

o FEIREE: AXAT MFERERZE, UEERRTIRMSFENESRN

o ZIFMEREE. NTEMSHNEIE, KETEERT FEMIEMRFREEN Qwen 23, XN
ZRUBRERPTRETEEEHIESRMER R ERE

Attention(Q, K, V) = softmax (

4.5.2 Qwen2


https://xa28v325rbg.feishu.cn/wiki/SSkfweoOtiU5k7k0wmucWGYFnfg#share-MMeNdvCyxocHoFxF3YUcRV8xn1b

1RBISSH

e 5QwenfIX5IGQA. YaRN+IURFEH (Dual Chunk Attention, DCA)
o Tokenizer BBPE, 151643i7%

ERNGR: XEFEH—TRLHFANIIZEE, D HBLHELTRMEL

o BLIIZIMER, FERMAWERNRFEIESHITDPOIIZK

o TELRIIZMEL, 1REF AR RIFHRFIEE RMCOHEMEE, MHFISRESIER PRES D
response, EMRAIAFRZIDMERZILNMEE, FRAFESMNMETPDPOMRIFRT. KA
EL&EHMWEE (Online Merging Optimizer) RFEXITTH, BIS AFKREIFITTEIER EEETIE
A9 a) &

4.6 Deepseek &A%

4.6.1 Deepseek-V1
(e L]

o EF LLaMA, XH Pre-RMSNorm. SwiGLUFIRoPE, 67B {28! fEF GQA ik IRm4ds, AEET
=351
e {EFE BBPE Ei:#179038, 4 T4 24GB BOiBRIE, JaCR AN 102400

4.6.2 Deepseek-V2

1REIEH:

e FZE|TMLA (Multi-Latent Attention)

e Deepseek-V22—{"MoE&EH!

1RBYI Gk

o BILFEIMEMAETGRPOF X
Multi-latent Attention: KV Cachef{f#kigss

NS cached During Inference
Multi-Head Attention (MHA) | Grouped-Query Attention (GQA) | Multi-Query Attention (MQA) ! Multi-Head Latent Attention (MLA)
1 I I

--------

(0000000

—RZBIMHASHEQKVI L np Nk

AR REARE | — - S 1 - IfAAAAAA A
N NNANNNNN ] 3 8 8 N - ]
NNNNRNNN 1 ¥ N N N | N rguuyuuuyuy pro;errron
SESSBBE Po: I 5 VI I I LI ITI N
NNNNNNNN ' N R N R I I \
es NNNNNNNN ' N N N N ¢ [
NNNNNNRNN | N N N N | N, yUuUUUU U Uecompressed
O S S Fohan,
A 1 1 Latent KV
| |
I I
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[Qt,l 348,25+ 5 Aty
[kt,l ; kt,2; <o kt,nh

[’Ut,l 3Ut,25 -3V,

t T . .
0t = Z Softmax ; (qi;_dm> Vi
h

j=1
u = W° [Ot,1§ 0t.25 .- -;Ot,nh}
EHIET RS, FrEMkeyflvalueZFREE WK cache LUMNFHMIE, EILMHAREAEMtokenE Tz
2nndpl PITE, TRADEN, XFASIIKY Cache2—MEH, TIREI T SXbatch sizeFlE7!
KE
o {EBKVES: 'V e R%™ Zhidden stateEETHREHAE, B d. << dinn 2KVERLE,
WPEV c Ré*d gpesppenape, WUE WUV e RImnxde gy HigesaapE

[ S — e

qs
ky
Ut

ERIENERED, MLARESEEE &7, 28 It RE, | ARk B WU wU iy
WA WO, WO (queryMloutputt9sEE) , FiHFREE SME i+ EKY
FIRMLAtE It queryffl 7R ESE, SR PrsEERE:
C? = WDth
! th - WUQC? !
C? c RdC,WDQ c Rdcxd’WUQ c Rdnnthc
o fR$BAIROPE: ROPES{RHEKV CacheHFHE, piEmMIESMEHEATILUG WUE gt W9 EE
7E00_EROPEMIE R FART, EIIZ—TFRoPE: (Rnq)T (R,.k) =q¢"RER,k=q"R,, .k,
queryFikeysRialE —NR(TBAEXASERE, BB WUER,, W@ sFseaHm—NERHIEEE
WiAss d a2 2 BESMY S Sk queriesFIHE = fkey £ 45 & RoPE:
[afs 0508, ] = aff = RoPE(W?EcP)
k' = RoPE(WXEhy)

qti = [in;q%]
kti = [kfw ki']

Oti = Z Softmax; | —— | vj;
j=1 \/dn + df

Uy = WO [Ot,1§ 0t.25 -3 Ot,nh]
Heh d? 2@ headtysis, WOF ¢ RImwde WEE ¢ R4 2 mskt BRaRsMARERS Sk
queriesfIHEkeydViErE, HIEMNEHREEZIRMIMIEZkeythEET , FIULEHNEETEN
(d. + dE)4



Attention Mechanism KV Cache per Token (# Element) Capability

Multi-Head Attention (MHA) 2np,dpl Strong
Grouped-Query Attention (GQA) 2ngdyl Moderate
Multi-Query Attention (MQA) 2dyl Weak
MLA (Ours) (de +dM) ~ 2dyl Stronger

GRPOH%: Group Relative Policy Optimization

EIF—TFPPORMmMAIEE!, AT IHEGAEEREIReference. RewardflValue=“"model, GRPO
BT AR R R = A B9 % KA f L B I R E AvalueM it ER &2 T Value model, i@t
FIRIgE IR, BEMMIE, WFEMNEE, GRPOMIAERPRE—ARBE {01,00,...,006},
A EReward model3XLEE LA HRFIE, RERMENTHEREAvaluedyfdit

Reference
Model

Reward
Model

Trained
Models

Frozen

Reference Models
Model 1 1
0, Reward Lt Group A -
. Model — Computation —

@ AHATLXAM?
[BIER 1k 5 ST R NMER BRI E N :
V(S) = EW[Rt + ’}’V(St+1)|St = S]

REBENXFEBRRKHRSHMVEE, ERHTLIMXEFHFZBERTHEE, mMEMEFEIq
Flo, K&E=Rq, thfERo, FRET—MREQ (ZRXERTLUBR—BEEREEE) , A

NEREKEIUERN:

V(Q) = Eﬂ' [Rt]
BB A3 A Q3T % R R R B RN T Valueti S it 212, AR R
RN %

5. Application X1Z&! 3
LLMEZRFR T ZHMNA, SEEMRTEAR. AgentifHRAG



5.1 Prompt Tech i2RER

5.1.1 In-Context Learning E FXX ¥ 3]
ERTEHGPTRIIER BIATE, 12T GPTEEARIFew-shot Learning, XFL/EFICLEI—1ER5

In-context Learning AVFRBTELER L FXHREITFEIMMEIE, MEFTHEEMIRE S, X7
ARAFATRETUNERIR, FEI RN ERIREAXHN L TIE R REMRFFER R A

_ ‘Review: Delicious food! ~ Sentiment: Positive |
k Demonstration || Reyiew: The food is awful. Sentiment: Negative
Examples
Template - Review: Terrible dishes!  Sentiment: Negative
Review: [Text] Query -{kRewew: Good meal! Sentiment: )
Sentiment: [Label] l Input
Text Label Large Language Model
Delicious food! 1 Parameter Freeze
The food is awful. (
Terrible dishes! 0 1 Output

Positive

EANY

o LTF3CfkE: ICLEVZOETHIRREN L FIORBREENRTMAES, RERERANNLTXER
(BHERFIAESER)SEITHIE, MARKHMTFERIEVINILIIE

o TBWEM: ICLFSEITERLFEEHMEEN, RERIBRAN L TXERRABEERF D HEIT
y3|

o EhFSIBERN: BEEHIENSMSHENLATEN ETX, BE 2 ETXHIRGISIERREREIE
S, XMIERNEE IR TIREE TN 4R ER F A9 @ R AR

T{ERIR:

o R’FIAMTH: ICLEBIIRRIAFRS I SBENEMISIE, RTNIESSFEESHER, @R
BERIEEPITRIRME, 7E AR S](Few-Shot Learning)®, 1RRIAAIAEEIFE— LR Blia NFN4E
H, EEENREEYIBAR NN IRINRIESS

o LTFXRM: FICLH, ERERBTHIFERERMNES, FW: EH—TMRXFAIEENZ
gk, RENAREEMNIEEX, aTUBERIERIIEESMERHER, Gl0: AE—LEF
TR EB R HITIES BIE

o WIRFNERY: RERIBIRMN LT SOHTHIE, £S5 L T XXMM st FICLH, E£K
X AR TR ETFXRVIEAR, MUIRFIGHFEIAIEIR



ICLHZE%%E)‘(: LLM(Ia f(mhyl)) ey f(xkayk)? f($k+1 ) —)) — ngrl ) ,H\q] I /‘?EEE%E)Z;
f(xiyi) Rmmfl, zp BEN, __RENAanswer

SfFIIRAR
Demonstrations
Circulation revenue has increased by 5% in Finland. \n Positive
Panostaja did not disclose the purchase price. \n Neutral

Paying off the national debt will be extremely painful. \n Negative
The acquisition will have an immediate positive impact. \n
Test input v

Prediction Positive

Tfli%it Demonstration Design:
1. il
a. BRIGE:

» BEFENARWE: FHABERTHERE(ENRIZS, FEEVECLS embeddingfViaitHmZ1EH
WWERERPIXARIE, FHAKNN. NS, EES Haitest sentenceid X &iIEAY10MI|
MR, fEX9demonstration

select nearest neighbors

Test Prompt
encode Q: What county is Duluth Minnesota in?
[ What county is Frederick, MD in? J’ ————————— V4 A: St. Louis County
@ :
encode l.» ™
Training Data : [o: What county is Frederick, MD in? J

A:

B [ What county is Duluth Minnesota in? J
L]

E] [ What Olympic athlete has won the most medals? ]
|

- e Ecgdf _______ Frederick County

Figure 1: In-context example selection for GPT-3. White dots: unused training samples; grey dots: randomly

sampled training samples; red dots: training samples selected by the k-nearest neighbors algorithm in the embedding
space of a sentence encoder.

« BEFZHE: BRPhEdemostration il EIREFNNIX B R FHEA e EER AN 2

5, XPHMREMEETKNNEFREFE S ERBLESERN demostration, MZHF 4RI

EEHkiEdemostration, EERBHEMENEM E, EEARRFEdemostrationZ BJHNE R4,
L~ demostration= EiE X BB, ZIBREH—1



Question: what states _ Diverse Examples

border the state with the . — Prompt
most major cities? Selthon
(optional)
Finetuning
Retrigve similar training Cover-LS with Prompts
examples
(1) State(next_to 2(state 1. Predict local structures: L -
{2) count(state(next_to_2( ... state—next to_2 Finetuned Inference
@) state(next_to_2(stateid . most—state—loc_1 model with Prompts
. major—city—all
(45) ...(most{state(loc_1{ ... 2. Select demonstrations that cover predicted local structures: v
: state(next_to_2(largest_one(population_1(state(all})})) \/ Predicted target
) state(most{state(loc_1(river(all))))) state(next_to_2( most(state(loc_1{ major(city(all)) 1))
(63) count(major(city(all...

count(major(city(all)))

Figure 2: Overview of our framework. Given an utterance, we construct a prompt by selecting a set of diverse
demonstrations. Feeding the prompt to the model yields the predicted target. Optionally, models can be fine-tuned

(FT setup). In the bottom left comner, we see how Cover-LS selects diverse examples: predicting and covering local
structures, thereby enabling the selection of complementary examples.

b. LLM-based’i%: HiZFLLM¥RZERDemonstration

= EFpromptBEl: RKlGFEPHE—MERLIMERGIERInput—IRBNER, B X
1FEloutput VTR R/ R BFIRFINFIR, AT EBRBIEREIASHENTERZE, 7L
FMABM25, SBERTHCTIIZERE, MikEEnGlE, ARHITITME, EB&EE Tk
THERIEREE, RIEDKFERAGIE, FEEXNLEEINGE, illgretrever, B4R —
M NRIZ A Utterance encoderfl et ¥R 4wt prompt encoder. E-FiJlIZRIFHY
retrever, A5 FaisstEHUAEITRES, kHimANinputi I &{ERIdemostrations

R t . What is the length of the
etriever longest river in the usa?

Question
Retriever Index __—gii,: oxamples

What is the longest river in Which states border the Which states border the
the smallest state in the usa?) shortest river in the usa? longest river in the usa?

i hogd 1) the usa 1) the usa
2)size of #1
2) rivers of #1 2)rivers of #1
3)#1 where #2 is the lowest
4) rivers of #3 3) how long are #2 3) how long are #2
5) how long are #4 4)#2 where #3is the lowest | | 4) #2 where #3 is the highest
6) #4 where #5 is the highest ) | %) border states of #4 5) border states of #4

([ rvers 21 i he usa 3 tengns ot #2.4)... |

I

#3)
how long are #2 4) retum

Inference LM

PR

Figure 2: An overview of our approach for training EPR. Given a training example, we use an unsupervised
retriever R, to obtain a set of candidates. We then pass the candidates to a scoring LM and label the top-k and the
bottom-k as positive and negative examples, respectively. Last, we use this training data to train a dense retriever.



= BFERFEIEEREFES: FFINBREMERETRFESENER, RELITEER
Fo MAFIEFEBS EFEIINBERE mBMU, ~HEERBEIREEREENRG, =RES
prompt, MUENHHFRSERSERZE, HFdemostrationsfIa]iE= (8], SHAE
(—RRZIRE) BIEHMXR, EXZEFBERNdemostrationst4, HAME, HEILA LI
TEREER— I FIIRERRM, XEFEMAUREFERARXRELE (MDP) , FEAREWL
F>3 (RL) HFEEMR, state® X I HAIBIZIFIdemostration, Bl(xiyi), actionFEX
BEAREFFRENHEAN—MELESIRIR () , rewardEXALLMsFIFAstate’5 Ha1i
actionfgpfYdemostrations, TEIIEEFBERZE, B, promptEHHstate+actiontgiEmk
Hdemostrations, N _EISIFEFRRIFEARBAN—EALRK. BEXILLIIERTESLLMs i,
At EERE, REEE—MRLEAROKTY

» BEFRERB: FBLLMsBE/EES, £REENdemonstration, BHIZ&/NMEITIMNR
HEARENKT ., BNIESI AWM. EEIFLILITEprompt, ELLMsHERRK N EIER
o~ EREERANREM L, IMAE—MERERRRG, 1LLLMsTUN RS

Step 1. Self-generation

Generate a review : it 's slow -- very , very slow . Auto-regressive movie is so poorly written that it's difficult
Generate a “Negative” review : Language Model to figure out what it was supposed to be.
Generation Input Generated Demonstration
Step 2. Inference l reuse as demonstration
Review : movie is so poorly written that it’s
difficult to figure out what it was supposed to be. .
Sentiment : Negative Auto-regressive “Positive” : 0.01 “Negative®
Language Model “Negative” : 0.95 8
Review : it 's slow -- very , very slow . '
Sentiment :
g Output Distribution Final Prediction

Inference Input

Figure 1: Overall process of SG-ICL. Texts in yellow are manually designed prompts for generation and the texts
in red are expected class for generated demonstration. Demonstrations (colored in blue) are generated in the self-
generation step and are reused for in-context learning in the inference step. Texts in green are manually designed
inference prompts.

2. T

E5EmdemonstrationsiVitiFEfE, T—FRiEiEdemonstrationsB & — 1 EHAE S Prompt

{Cross-task generalization via natural
language crowdsourcing instructions)

XRIESRE 7 — MV ES{ESSinstruction#k
EE. MIEBRRENAR, RRIEDN
instructiont&z{, XZNMFREBIBSEHITEN
5, H¥E—promt, EEXES:



o title: @& —high-level WESHR, UKk
HABX$%BE, #question generation,
answer generationZ

e prompt: BN AREGS, —ARHIIERAN
AN I

o definition: 15XV TERE, EMFLAH
Rt EMERITHAT

 things to avoid: B & 1&E 5 N iZE YA
&, AN
e emphasis and caution: &5 R ITHIA

=a

ﬁ.

e positive examples: IEH— M LR SHHA
ZEavimN. Wl F, FEREAREIFH]
ERES

* negative examples:iEHt— M RN R FH
RV, mEnnadl, itRBEARREE
%

e reason: RNt AfFZpositivesk
negative

e suggestion: BE—%LZN, FERATES
SNEDRE S I B R LE 5o

REIERTE EiRinstructionFIBERMIARE,

fEunseentEZ b, AFRIFIIE KR, E%ﬁ

FEZAHERRET, J$demonstrationsI A\ Eltask
instancesBNA]

3. TR

EEGpromptByEd R, FPNREIBABINFBRXE, HFrI7)

Instructions for MC-TACO question generation task

+Title: Writing questions that involve commonsense understanding of "event

duration”.

« Definition: In this task, we ask you to write a question that involves "event

duration’, based on a given sentence. Here, event duration is defined as the
understanding of how long events typically last. For example, “brushing teeth”,
usually takes few minutes.

+Emphasis & Caution: The written questions are not required to have a single

correct answer.

+Things to avoid: Don't create questions which have explicit mentions of

answers in text. Instead, it has to be implied from what is given. In other words,
we want you to use "instinct” or "common sense”,

Positive Example

sInput: Sentence: Jack played basketball after school, after which he was
very tired.

*Output: How long did Jack play basketball?

*Reason: the question asks about the duration of an event; therefore it's a
temporal event duration question.

«Input: Sentence: He spent two hours on his homewaork.

*Output: How long did he do his homework?

*Reason: We DO NOT want this question as the answer is directly mentioned
in the text.

=Suggestion: -

«Prompt: Ask a question on "event duration” based on the provided sentence.

Example task instances

Instance

I
o

«Input: Sentence: It's hail crackled across the comm, and Tara spun to
retake her seat at the helm.
+Expected Output: How long was the storm?

Instance

sInput: Sentence: During breakfast one morning, he seemed lost in thought
and ignored his food.
+Expected Output: How long was he lost in thoughts?

IR H F N BRI THEE Y, J@EJL)ME?EEEXE’\JWEHU?EHF
ICLAYHkE :
o KETNRREE: AMERESN E T KEE—ENRE, BIBEFKHN ETXAIERZEEM

EFEEHMN ETX: BEMLERNZEEELETXH, URIMNAARARLERES, ZICLAYXENK

iz —

R—EE: ERELTXH, BEENBASARIBFAARE, HBERERSRN—IEM AR

B FEXERIRE



5.1.2 Chain-of-Thought B4

Chain-of-Thought(CoT)@—#ME#aIPromptiiR, EE’\JT‘??%HK*EE!LLMSTE?—R‘?’EEEQLE’\J
xR, WFERPBALEE mE’J*ﬂl%ﬂkEiﬁﬁE?ﬁéﬁHﬂEﬁﬁ =, NEARHIE (arithmetic
reasoning) . HWIRHEIE (commonsense reasoning) . fFSHEIE (symbolic reasoning) . COTi&E
HERRE TR RAEREZA, m‘b-frnutljEPIE?L*/FE’\J?EEE*/FB%X—H;EH3%?(1‘%&[3’9%&&\ BiR
MRS, MBERFN. BIIULKBEREFSSE5R— I ERMES R A—F—THFRIFEHKRHE
TRENIETUESFRAXNREMEEE, X3 FE5R Prompt M NEZE 4 HAYBRET <input
—>output> YA, CoT FER T MIBAEIBEEH T ARSY, BD <input—>reasoning chain
—>output>

Standard Prompting Chain-of-Thought Prompting

: Hol
Madel Input Model Input o ach can mioso0r | )
Q: Roger has 5 tennis balls. He buys 2 more cans of Q: Roger has 5 tennis balls. He buys 2 more cans of " & A i@ must be itha
i i i z lot of people. Race tracks, delen
lerm!s balls. Each can has 3 tennis balls. How many tenn!s balls. Each can has 3 tennis balls. How many m apartments, and roadblocks don't
tennis balls does he have now? tennis balls does he have now? he || [RSEEARORaN o]
answeris (b). J areas do. So the answer is (b).
A: The answer is 11. A: Roger started with 5 balls. 2 cans of 3 tennis balls s G Y. D €
each is 6 tennis balls. 5 + 6 = 11. The answer is 11. Cjies ere:Woulds peszataki O o heduled tobe || Qtls
. water? 06/01/1943 b \w delayed by I
Q: The cafeteria had 23 apples. If they used 20 to I M gyt odaplhat s tie iz 0
make lunch and bought 6 more, how many apples Q: The cafeteria had 23 apples. If they used 20 to glem*3, o sl s
do they have? Thus. a pear wouldfoat. o e A: One day after osmnmls Al tinho is a soccer player.
o they have? make lunch and bought 6 mere, how many apples = 06/02/1943, o today is 06/02/1943. The NFC championship s part of
do they have? 10d ysbefolemdayl 05/23/1943. American football, not soccer. So the
k y . _/ e ans\ is 05/23/1943. ) answer is no.
J
/( Last Coin Flip (state tracking)
Model Output Human: How wor \dy b ing me Q: Take the last letters of the words. )\fé Acoin is heads up. Maybelle flips
something that in “Lady Gaga” and concatenate Ihe coin. Shalnnda dues not flip the
A The answer is 27 x A: The cafeteria had 23 apples originally. They used gt r v e nisthe ——
- ° - A The last letter of is The A: The coin A
20 to make lunch. So they had 23 - 20 = 3. They ensrgy ien =0 5o wibring | lastoter of‘Gaga® o Sothe coin ::nm%m =R
= Con themis. So the is an odd number. The coin started
bought 6 more apples, so they have 3 + 6 = 9. The o tse I e oKpunen oo :m o
answer is 9. J pick(er . find(user) 4. mp itwill be tails up. So the
/ put(energy bar) 5. done(). )

CoTHlEERRAIX 5! EZRRHA

— NEENEE CoT M Prompt 1£7EH3#E% (Instruction) , iZiB#&iE (Rationale) , Rl
(Exemplars) =E&B45£HR%

o {59! ATFHWRAREH B SN AREEHER

o ZIEMIE: 15 CoT WhEIMIETIE, FILUE SRR R, PEMEEDBUKSREEXE
fRIFMERANIR

o R EULHANARAABRRHBABLNOEAER, S—VROBES: AE, EHH
BSER

UREBETHIANXS, 5L CoT 999 Zero-Shot-CoT 5 Few-Shot-CoT:

o Zero-Shot-CoT AAHRMRFIMNEIELPHRIM—ITEHME “Let’ sthink step by step” , FLA]
Ll “MaER” AREVAIHEIRRE ST, HSE Zero-shot-CoT 22— pipeline, FLRW “Let's think step
by step” XAiE, REEILXA prompt iELLM RAJE biﬁi—‘%ﬁﬁ%‘ﬁﬁ, A ERERN
rationale (¥E[) M question HtE—iE, EFALE—Tanswer FEMEY prompt #0 “The answer
is” RAMEREERER. MEARLH, TENSHFERBL4RE (Zero-shot—CoT) SIEE MR B
MERTR/ M 2ER. ETREP, EMER—BERE, MaEMRVCREE— MR (B1F%—
METRAS) Wi, FMBERDIRINER, J_/l\%'_/\ima'm—/l\ﬁﬁiﬁﬁﬂ’ﬂ?%a?



shots 1R 1m21iR]
Zero-shot-CoT BEHER ERMBER

RN ~CEman ———
0: Joo TEAWEE 25 %, —AHIBES R, SLIH O Joe BARDMEN 25 A~ S MRS
%, i Joe TTED%? A: LERA—HHBE (Lets think step by step) .
|
Q: —PMREFRTUURE 16 MR, —HHREB/RKK, —HIR, Joe HF 25 ...
Hp—¥NERXREERN, BEBERXKEBLMN? _-» ERMEAD, Joe % 547523758
B, ER (FEB8F) 8
. i & —HE6MR, —HHREBRRK, XBHEES 8 1
: — 558 " BRER, — MR T ; E
A: iLB®N—$$B%E (Let's think step by step) BRER., —MNEREREEEN . KERES 4 MES
BRXIK,

“Let's think step by step” 2#RIIETH

No. Category Template Accuracy
1 instructive  Let’s think step by step. 78.7
2 First, (*1) T8
3 Let’s think about this logically. 74.5
+ Let’s solve this problem by splitting it into steps. (*2) 72.2
5 Let’s be realistic and think step by step. 70.8
6 Let’s think like a detective step by step. 70.3
7 Let’s think 57.5
8 Before we dive into the answer, 53.7
9 The answer is after the proof. 45.7
10 misleading Don’t think. Just feel. 18.8
11 Let’s think step by step but reach an incorrect answer. 18.7
12 Let’s count the number of "a" in the question. 16.7
13 By using the fact that the earth is round, 9.3
14 1rrelevant By the way, I found a good restaurant nearby. K5
15 Abrakadabra! 15.5
16 It’s a beautiful day. 13.1

e Few-Shot-Cot N7ERGIHFFMEAT “MBRALE” , HREREERESIHEIERED

CoTHIZMEt 7574

e CoT-SC: Self Consistency, FEXHEXWNERH#ITT ZEHIRE (majority vote) , BEMZ 1
BiRGE, RENESRERFEANRARER, HERNMETUEESMIES BAEE S AR, T FEH
B, AMRTEERDERBEETHREN, FRAX MR, MIIEMEZNBEE, NED
BHBPIRINER, B “VESAHEIERET RKTERAER, LML, XBEKENSHER



RIMAED (Greedy decode)

REHESEER 3+4=7 NOE,
. e UEMNEE 2ET ERLHNE, B
ERR 48R,
. XEREN 00000 - » LR
self-consistency BEEE i B
I i
Q: MEFEHHEIRENS HERT16-3-4=9418 | .
52 HEEK, BED B, FUMEXMT 2°9= | E2R18E% \
AEEBER? 18 XL, : \
A: BEHREEIFE, FE 2 45 : :
K. MBS +2=5 WAE. T I3
rzeE |
s == REREBESRRET | ERE 18 £57
== e 2*(16-4-3) | ERR 26 %7
Q: Janet W FHET 16 M5, = 26 X3t |
WEXSEEID :
, BERS XA, RENEH, § T
ABE 2 Er. BEXWEOH? o x EB T O
A: MixBER, FRLAM | Emmi18%R
BRI 13-4=9NBE, FL,
E 9 MOE 2% |
TE= 187, !
______________ T
e ToT: Tree-of-Thoughts, BN, EMUEZEEIIN (tree) REE LLM HEIELIZ, XEEiHIERIRFE
RAARNBLEREZ, HeelRtempiee, thiEFAFNGERRARMMEESE, F=Z1NE, B

F ToT AN BYEIIZRN T FARRIMLEN, FRASRARE] prompt BIHEIERES T,

SICORCS

(c) Self Consistency

with CoT (CoT-SC)

(c) Chain of Thought
Prompting (CoT)

(a) Input-Output
Prompting (1Q)

e GoT: Graph-of-Thoughts, B4E, 7£ GoT H,

Majorlt\fvote

(d) Tree of Thoughts (ToT)

/\ LLM /u\é&A?&L$;ﬁJZ_/\]- R IﬁﬁZI‘a.l

BRHX RNZBE N, £ GoT, BIMERZT—FRANZNTR, AJURBEER%4EER
§Eo BIAME, GoT ERNEHMRG AR TR CoT M ToT :ZHEIEE #AI B4R, ﬁ'ﬁEl_

WIELFENREL,



Basic Input- Chain-of- Multiple CoTs (CoT-SC) Tree of Thoughts (ToT) Il Graph of Thoughts (GoT) .
Output (10) -Thought = ' [This work]
(CoT) :
].l'lpllt Backiracking ' Refining
Input Branching out P/ . from a chain [ Inpllt
from a cEain ‘/ ’ ]
A . s ]
]
Outpllt * 'l /« P v ‘ : Backtracking
a '
» 4
AN A LR i i '
[ ]
Thoughts: l 5. P .. []
Unscared * i , - N :
an. T ®PP® : e
score Aggregating egating
] =
- Negative L] chains %‘%thﬁ
score "
) olltput Abandon a chain Olll’put KEY(I ml‘li!'(gT-SC]: : e nd N
Dependencies Generating several M Arbitrary h-based tho Ny Outpllt
between thoughts Key novelty Selectin new thou, based Intermediate N u-ansﬁnrmag"ﬂ:pns { gregalugmn
Key novelty: (beyond Cm:] e achain i gnagl arbitrary []‘]"”Eh“rﬁ t thoughts into a n:-fr one, -
m Abandon thought LLM thougt mdepend!‘rlll i the hest score it ﬁxd%‘hly CLIE [] looping over a thought to
S — within a chain of thoughts backiracking from it : refine it)

GoT H—HARERERIIRK, WTE (BEeIn) . XLEREHRE Prompter (E&FATF LLM BYH
B) . Parser (f#tr23, IR LLM ZEHPHER) . FHER (GGIE LLM EEHITS)
Controller (323, AR NMEIEDIE, HREWAHHEE) . Controller FEERINEINE
ZAM: BEE (GoO) FEHIEIRE (GRS) . GoO B—MESLEN, HIEE T XNAEESHE
SR, BNEMETNATF LLM BENTIELEIMFMEHXR. GRS @— iS4, HERE
ETE#THY LLM IR MRS (HRENERETHHE)



Legend Architecture overview

Gray block External entity I Prom , Thought #™% S Goal: Initi d
- pt ought - core oal: Initiate, CDUT_‘_lﬂatE, manage,
= and progress the GoT execution - ~. Controller
Module of the prog —
Blue block GqT framework GDperation — Dependency Goal: Specit Grﬂph of
) oal: Specify .
Thought state + its Thought state ) LLM thought Opel‘ﬂﬂﬂﬂs
Thought state associated operations + thought's score User transformations
Graph Reasoning State
API for Controller Goal: Build a prompt P 8
to be sent to the LL 2y ~
= //LLM params: model used, temperature, max tokens, api key, org, ... ; .
= //LLM cost features: prompt token cost, response token cost, ... a
= //Instances of Prompter + Parser + Graph of Operations, af— Prompter f—
= //Any additional input parameters (e.g., numbers to be sorted). Pe
LLM .
v . e . e
Available operations when building the GoO (extensible) L Parser > z
= Generate, Aggregate, Score, ... /'see Prompter API
= KeepBest (N) /preserves N best scoring thoughts . ?Oﬂli EXU'?C': _/ Goal: Maintain
= Repeat (k) /Repeat a given operation k times, generating k thoughts. Information from . th ooing LLM
/For example, this enables "Aggregate” to generate multiple outcomes LM thought (Goul, Assess the e ongoing

/fof the combination operation. Each such thought is maintained

r uality of the reasoning process
L
ffwithin the Graph Reasoning State and scored individually.

M's solution @
AN

Human “* Scoring & — Ranking Goal: Indicate the

API for Prompter (extensible) or LLM _#™_ validation Vo Y top-scoring thoughts

= Generate(t, k) /generate a prompt for k new thoughts, using thought t
= ValidateAndImprove(t) /generate a prompt to enhance thought t,
= Aggregate(tl, ..., tk) /generate a prompt to combine thoughts t, ..., th i .

= Score(t) fscore thought ¢ Specifying the Structure of the Graph of Operations (GoO)
= Validate(t) /generate a prompt to validate the correctness of thought t

Graph of Operations enables seamless specification of not only
GaT, but also existing schemes such as CoT, CoT-5C, ToT

API for Parser (extensible) o_.o_,o

ParseGenerate, ParseImprove, ParseScore, o 0 :
ParseAggregate, Parsevalidate, ... 2 :E G

/Each of the above routines is responsible for parsing an LLM thought
/fto a corresponding Prompter routine (e.g., ParseScore parses Score).

Example prompts and the Graph Reasoning State for the sorting use case (some examples within each prompt are omitted due to space constraints)
A prompt used by Generate(t, k=1)+Repeat (k=4
u Initial/system prompt (optional) u e - g T ! 9 A prompt used by Inprove(t)+Repeat(k=4) ﬂ
<Instruction> Sort the ‘foﬂow:’ng list of numbers in ascending order. = = = -
Hello. I want to sort the following input sequence of numbers: {input Ourput only the sorted list of numbers, no additional text. </Instruction> <Instruction> The following two lists represent an unsorted list of numbers
and a sorted varianr of that list. The sorted variant is not correct. Fix the
<Example> sorted variant so that it is correct. Make sure that the output list is sorted in
Input: [3,7,0,2,8,1,2,2,2,4,7,8,5,5,3,9,4,3,5,6,6,4,4,5 ascending order, has the same number of elements as the :'::fmr lise ({length}),
2,0,9,3,3,9,2,1] oo and contains the same elements as the input list. </Instruction>
Output: {0,0,1,1,2,2,2,2,2,2,3,3,3,3,3,4,4,4,4,5,55,5,
6,6,7,7 8 4889,9, 9] < pr?qacm ‘ e fllo he
</Example> - ix the incorrectly sorted list follow these steps:
el Efuéﬁ':t ’ 1. For each number from 0 to 9, compare the frequency of that number in the
Input: {input} O incorrectly sorted list to the frequency of that number in the input list.
. 2. Iterate through the incorrectly sorted list and add or remove numbers as
‘This prompt is used by an operation Generate where the needed 1o make the frequency of each number in the incorrectly sorted list
hnngaa:l&ggacmr is k=1, which means, only one thought is . match the frequency of that number in the input list.
generated. However, as we chain it with the operation Repeat </Approach>
with k=4, 1l underl; ing GoT framework ensures that Generate

executes 4 times and results in 4 separate thoughts. Note that, from the graph AR

thea rspective, the GRS is identical to that in the operation Generate(t, k=4).
The Zlﬁwnpec?ibﬁween these two is that Generate{t, krl gives the user Sm:re ) Input: (3,7,0,2,8,1,2,2,2,4,7,8,5,5,3,9]
u Aprompt used by Generat E(tr k=4) control over how these multiple thoughts are consi , while Generate{t, Incorrectly Sorted: [0,0,0,0,0,1,2,2,3,3,4,4,4,55,7,7,8 899,99]
k=1rk?eauk=4)| is less flexible but more easy to use. Moreover, with Repeat Reason: The incorrectly sorted list contains four extra 0s, two extra 4s and
-:Msbn:.rcr.ion; Split the dio:(;’ dﬁs( of 64 ﬁumbers inta 4;?{; nl:! Uw“hi';; Mﬁaﬂﬂil:“hﬁgax}ﬂmfg’;‘gﬁh%&‘gﬂ‘gﬁgﬁﬁﬂﬁ three extra 9s and is missing two 2s.
numbers each, the first list should coniain the first 16 numbers, the i i i i Ouweput: [0,1,2,2,2,2,3,3,4,5,5,7,7,8,8,9
second list the sccoﬁdlsuumbers, the third hsf;me third 16 numbers R e e e DR BT ki el z
and the fourth list the fourth 16 numbers. Only output the final 4 lists A prompt used by Input: [6,4,5,7,5,6,9,7,6,9,4,609,81,9,2,4,90,76,5,6,6 28,
in the following format without any additional text ar thoughts! Aggregate(tl, t2)+Repeat (k=3)+KeepBest (N=1) 3,956 1]
i Incorrectly Sorted: (0, 1,1,2,2,3,4,4,4,4,4,5,5,5,5,6,6,6.6,6,6 7,
"List1": (3,4,3,5,7,8,1,..], <Instruction> Merge the following 2 sorted lists of length {lengthl } each, 7,7,8,8,9,9,999]
"List 2": (2,9,2,4,7,1,5,...], into one sorted list of length {length2} using a merge sort style approach. Reason: The incorrectly sorted list contains two extra 4s and is missing two
"List3": [6,9,8,1,9,2,4,...], Only output the final merged list without any additional text or thoughts! 65 and one 9.
"List4": (9, 0,7, 6,5,6,6, ...] </Instruction= Outpur: [0,1,1,2,2,3,4,4,4,5,5556,6,6,6,66,66, 7778829,
1 </Instruction> 9,9,9,9,5] ol
roach= </Examples= Lok
<Example> mrge the two lists in a merge-sort style approach, follow these steps: an thought t ,
Input: [3,1,9,3,7,5,5, 4,8, 1,5,3,3,2,3,0,9.7.2,2,4,4,8 5,0, 1. Compare the first element of both lists. Input: {input) O
8,7,3,387,09,51,6,7,6,819,0,3,06,34,80,609,841, 2. Append the smaller element to the merged list and move to the next Incorrectly Sorted: {incorrectly_sorted}
2,9,0,4,8,809,9,85,9] element in the list from which the smaller element came.
Output: 3. Repeat steps 1 and 2 until one of the lists is empty. .
i 4. Append the ining el of the \pty list to the merged list. This prompt is used by an operation
"List1": (3,1,9,3,7.5,5,4,8,1,5,3,3,2, 3,0, </Approach> Improve(t], which enhances a given thought t
List2™: [9,7,2,2,4,4,8,5,0,8,7,3,3,8,7,0], “mmmah}fn Pmllded in ar\f?}'ﬁr thought.
"List3": 9,5, 1, 6.7,6.8,9,0,3,0,6,3,4,8,0], Merge the following two lists into one sorted list: o E‘Frmnsﬁ“i',‘“p‘f:,,mm:,“ e e in
List4™: [6,9,8,4,1,2,9,0,4,8,8,9,9,8,5,9] 1: {inputl G’::E'l‘, it can eitler generate & number of new R
" 2: {input2} The input thoughts in GRS (the upper graph on the right),
</Example: The input theughts 11, 12 similar to Generate + Repeat, or may refine
thought t Q Merged list: the same thought in GRS (the lower graph on
Input: {input} the right), chaining k=4 refinement iterations together.
This prompt is used by an operation Aggregate where the aggregation factor is
i promp i s by ancpeation Genere where K =2 it g, a2 e o) e e by o,
the branching factor is & = 4 Four new thoughts are o the promp explicifly requests the merge operation omly. All the remaining opera-
canstructed on the LLM reply to this prompt. tions are specified in the GoO and mrq;ﬁledbymnndmyms GoT framework.

Figure 3: The system architecture of GoT, and the APIs of respective modules. The user can straightforwardly extend the design
towards new prompting schemes, experiment with novel thought transformations, and plug in different LLMs. The blue part of
the figure contains the architecture overview, , and the red part contains example prompts together
with a GRS and operations involved.

5.2 LLM-based Agent BEF KEE AYE RE(A

LLM Agent@—MiEBHEIEXAERNALERERSR. EEALLMEAEZOITES|E, FHEERHT
XiE. ITES. HEHRI-—EREENEXY. Mz, RAEE— T EEERIEEE. 1212/
HRITESFENRS



Real-world Challenges 8 Distinct Environments

(On an Ubuntu bash terminal) -
Recursively set all files in the directory to
read-only, except those of mine. %
Operating
(Given Freebase APIs) \ System Database
What musical instruments do Minnesota- < »
bormn Nobel Prize winners play? LLM-as Agent (
(Given MySQL APIs and existed tables) E Large |
Grade students over 60 as PASS in the table. ~ : I Language E I(mwledge Dlglta| Card
® [
{On the GUI of Aquawar) Agent E Models E | Graph Game
This is a two-player battle game, you are a e e L e << < ~
player with four pet fish cards ...... U Interaction o 5
A man walked into a restaurant, ordered a bowl = E“- T"“"""““-““: i 2 ?
of turtle soup, and after finishing it, he ! Interactive E House Lateral Think
committed suicide. Why did he do that? ' ; H Holdin ing Puzzl
Environ Enwronments: g -Ing Puzzles
(In the middle of a kitchen in a simulator) -ment \__ == H L = —
Please put a pan on the dinning table. \ / w= = ]

Book the cheapest flight from Beijing to Los Web el
Angeles in the last week of July. Shopping o Browsing

] e ||
(On the official website of an airline) Y

LLM AgentBIZENX . BT 5GenAIR T ZIMIRARR EWIRIERIRS T AP BRNGenAIR St

Agent LLMs BIBES BB NIMIBRSA (ITERR) , HE R EM RroutingRIFUREEE AWM IMNBR S
(ZEBEmemory. planning)

Short-term memory Long-term memory

A [}
|
Calendar() |« Memory —————— e ——— 1
' ¥
A I
Calculator() [« ! »| Reflection
y
CodeInterpreter () [+ Tools |= Agent [—| Planning > Self-critics
I
Search () [+ : I » Chain of thoughts
|
|
..more  |e— T > Action »| Subgoal decomposition

o #M% (planning)
o FHIRDHR: agentRAKESHKONE/NNEIEENTFER, FERAIUARREERES

o REBERE: agentAHEERIUBERMITNERRE, NBIRPEIHERESEIBRERE,
MM ERALERNERE

e jgiZ (Memory)

o FEERISIZ: ETFXEIMNEF BREMEHAICIZFE S

o KHERIBIZ: FagentiRERBMBEHKIAE RGN, BEF AIMIREEFHFMICTII
o THf#EMH (tooluse)

o IMRENEEZXRNER, agentFEIJFMIMBAPEHAREIMES , SIELHAIER. RiBHITaEE
H. TEEEENHRNEFE



Agentsy3k:

CRITIC 4.1.1
MRKL Sys. 4.1.1

(Agents ReAct 4.1.3

Observation-Based Agents 4.1. Reflexion 4.1.3

Voyager 4.1.3.1 )

Lifelong Learn. Agents 4.1.3.

K\_J\_J\_J\_J\_J\_J

GITM 4.1.3.1 )

IRCoT 4.1.4

DSP 4.1.4

Aug. Generation 4.1.

)
)
Verify-and-Edit 4.1.4 )
lierative Retrieval Aug. 4.14 )

5.2.1 Tool Use Agent

e MRKL system: Modular Reasoning, Knowledge, and Language iER{(#IE, XNIRHIES,
— M LLMfERrouteriR XY 2 TEMIAIR, fAGroutera] IZRIAR T AREGEWEE. RRF
BR, AREEXEEELHAEE, THNBAXIEHMEXRMUIERAR, REIEEE THIA:
Toolformer. Gorilla. Act-1. Hugging-gpt. ToolkenGPT,

e CRITIC: Self-Correcting with Tool-Interactive Critiquing FIB TEX BTN RKBEHKELE. B
FeAREpromptERK[EIE, AREFNLLMXYESEHRrIsEHIMAVTEALH I Tcriticize, RGEAMBENMAY
SMERTE, WNBXMISZER. NIDAERESENE D EIZ#HITIRIESEE, CRITICHIZE:

N .
T’ Blal‘.:llbeox External Tools

Knowledge Base Code Interpreter Text APIs

%0 " &) Perspective

I I

| 1

1 1

I |

. 1 1

Correct CRITIC | Wikipedia Calculator Search Engine 1
1 1

1 |

| 1

Output

0 i
Critiques LI

()

5.2.2 Code Generation Agent

RIBEE AT E—TEERAgentsES], WAILI#EXIS 79 Tool Use Agents (Toolft 2 LHD AR
FEaeE)

* Program-aided LM: #n@ iR Acode, AGEFIAPythonf#RRIEMER



Chain-of-Thought (Wei et al., 2022)
) -

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis ballz. Each can has 3 tennis balls. How many
tennis balls does he have now?

Q: The bakers at the Bewverly Hills Bakery baked 200
loaves of bread on Monday morning. They sold 93 loaves
in the moming and 39 loaves in the afternocon. A grocery

store returned 6 unsold loaves. How many loaves of
bread did they have left?

y;

= Moxdel Cruput |
\ J
A The bakers started with 200 loaves. They sold 93 in )
The answer is 62.
e _/

Program-aided Language models (this work)
/—e Input
/' Q: Roger has 5 tennis balls. He buys 2 more cans of

tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A
tennis balls = 5

bought balls = 2 * 3
. The answer is
answer = tennis_balls + bought balls

Q: The bakers at the Beverly Hills Bakery baked 200
loaves of bread on Monday morning. They sold 93 loaves
in the morning and 39 leaves in the aftemocn. A grocery
store returned & unsold loaves. How many loaves of bread

-\gld they have left?

/.—{\ Model Cutput |
A: The bakers started with 200 loaves

loaves_baked = 200

loaves_sold morning = 93
leoaves sold afterncon = 339

loaves_returned = 6

The answer is

answer = loaves_baked - loaves sold morning
= loaves_scld afternocon + loaves_returned

\F\’

J

Figure 1: A diagram illustrating PAL: Given a mathematical reasoning question, Chain-of-thought (left) generates interme-
diate reasoning steps of free-form text. In contrast, Program-aided Language models (PAL, right) generate intermediate
steps and Python code. This shifts the role of running the reasoning steps from the language model to the Python interpreter.
The final answer is obtained by running the generated reasoning chain. Chain-of-thought reasoning is _
PAL steps are highlighted in gray and pink;the Python interpreter run is

e Tool-Integrated Reasoning Agent: Z{PAL, {BRcodefIEZH XX BRI R, PALR
B code-gen step, FEIZCoT. PALFIZAIZAIXTLL

Problem: Suppose that the sum of the squares of two complex
numbers x and yis 7 and the sum of their cubes is 10. List all
possible values for x + y, separated by commas.

possible values for x + y,

Let's use "Sympy " to calculate and print all

We are given that x2 +
y2=7and x3+y% =
10. We can factor x3 +
y3 to get (x + y) (x2 —
xy + y2).

Thus, we can write

10 = (x +y)(7). It
follows that x + y must
divide 10.

The only possibilities
are thatx + y is

1,2,5 or 10. x

( import math

def solution():
x = symbols('x’), y =symbols('y')
X**2+y**2=7
X**3 +y**3=10

X = (-1 + math.sqrt(17))/ 2
y = (-1- math.sqrt(17))/ 2

# Get all possible values for x+y
result =[x +y, -x-y]

'g >>> SyntaxError: cannot assign to
expression.

\

def possible_values():
X, Yy =symbols('x y’)
eql =Eq(x**2 +y**2, 7)
eqg2 =Eq(x**3 +y**3, 10)
solutions = solve((eq1,eq2), (x, y))

solutions]
return sums
print(possible_values())

@ >>>[5,51,1,4,4]

from sympy import symbols, Eq, solve, simplify‘

sums = [simplify(sol[0] + sol[1]) for solin

x + y are \boxed{-5, 1, 4}.

x Removing duplicates, the possible values for
J

C@ : >‘ Rationale

@..q

Program

(a) Rationale-based

(b) Program-based

A

* *

| 4 . )
(Ouput | [Rationate) (c) Tool-integrated

- 1
.‘{@_.

e TaskWeaver: 1 EZMIPAL, EZRIUFIBRPEXiEHE

Reasoning
(Format used by ToRA)



Planner Plan Code Interpreter
EE—— - N
Code Generator
T el mane &Y \
User Query ' @ E =) | Self-
Question LLM i Plugins + i  reflection
—' :\ LLM Examples ’: o
Response Results Code
Tt T Y
Self- Sub-tasks i @ | stateful Code
reflection Examples i Python i Executor
£ \ ) Reply &ExecutionResults \ _ “--------- ' )
[ s Memory

5.2.3 Observation-based Agent

—LEAgents#ig it HiEid Stoy env(gymZ 289IF1E) 2 B KR RiRE, i
WKEIB AN EIPrompt

XEEETFObsHIAgent= %

(1d) ReAct (Reason + Act

AR BR i=v0y BixR%E
Reaso f&Z4iCoT  HELLMHEIBFEMSHIERIEE MFERSCoTHAct-only75iERIRTEE
ning REEN B, RBEREENTNSEE
and LAnME  ESHE, EE FE—T
Acting iRf%#&in]  thought -> REX—1{&h{E ->

& Act- B —1 I 89tE, A

only#7s  FIEHIEEMApromptd,

ERRER  MEIATRETIENZHRE

par L 1Zo. ZHFIMEBT AR,

LLM ReActiXFEF I —EI/"D

reasonin  context examplesBI Az 1k

gEE  EIFESEA

ERayisdl :

BES I s |00
Reflexi LLMIRIER H=NFREAVIEEAER: mizE
on B Mtrial-  Actor. EvaluatorfliSelf-

and- Reflection, #HLtReAct, %

error & T EvaluatorfReflection,

FIMNA ActorsRERMAMEE, H

BEkE ERRRRKIRER,

M, BA  EvaluatoriffhActorF=4E 895

F5msE THRE, HFItE— RS

WEIH  BUUARMEMEE, Self-

EFBEA  Reflectiont®BE N RIFAE



289311k
EZill
SIHVIREY

Lifelon #mILITEE
g BREE
Learni SIMESL

ng HRES
Agents HIRER
Agents
(MCZ
ESBIF
1%)

HITREB (MTHA, 4l
BT, ,.\J:bl])\promptT’E
JAmemory, EESHREIE
Rk, MMmEEREERE

Voyager: FEGE=E

bl Qﬁblﬁzﬁ%iﬁi%h%
Frtt R, ERLAER
code5IFIERR B HITEHIE,
Self-Verification new skillfn
Askill library B F#8ER

[B], SEIOAR¥TEL T ReAct.
Reflexion#1AutoGPT, #&E
WRE

Ghost in the Minecraft
(GITM): FIFBLLME—FF4
Hgoal3fi#Asubgoals, A
FERE#TplanfIHiT
structured text (action) .
FIEGITMIZ A 7 JMEBRYRDIR
EEXEBN BT D R LA TR B2 50

Agent

External feedback

L Self-reflection (LM)

Internal Reflective
feedback text
[ Evaluator (LM) ] Experience

(long-term memory)

|

Trajectory )
(short-term memory) Actor (LM) )
~—Obs / Reward — Environment ~— Action ——

AEF R imEEvaluatort BRI IR, SN IR EIFELS
HERER R Z M R iR

WIEE

Automatic Curriculum Skill Library

-

ake Crafting Table

y.find
B New 03} e S
3 Combat Task | // Craft and equ Retrieval
: Zomie ]
)
Mine Wood Log /

Mine Diamond Update
Exploration
rrrrrrrr

Iterative Prompting Mechanism

Mine Wood Log
Make Crafting Table
Craft Stone Sword
Make Furnace

Craft Shield

[ £ X I

Cook steak
F combarzomsie

Env Feedback Codeas
Execution Errors Actions.

@ Add New skil

Environment Self-Verification

;gﬁ—n%

60 Minecraft Tech Tree Diamond Tool "‘
88 880X ){mw@
50 Moo Tea Tea Ta geoe

N
S

Number of Distinct Items
w
o

20
10
0
0 25 50 75 100 125 150
Voyager (Ours) ——— Voyager w/o Skill Library ~ == ReAct =——— Reflexion - AutoGPT
IzEE

(Object, Count, Material, Tool, Info) pe
goal format

4 { sz
g down )

sub.gnal |ree foedback  gyryctured actions *PSeV21on

wpaste textbased _ update |
memory

environment

text-based
knowledge
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! Instruction p Plan
! Ac(lon Interface: i t,
i

I |
1| Interaction Guideline:

You wil receive feedback messages. If
1| your action failed, please replan ...

5.2.4 RAG Agent

MINEBRIR (A AIIRES) HREBFHIBEANpromptiER, FILURSIREERESHIEEE. RAG
HIthZ—MAgent, —RzEBEiAAIMEIERIERE/MERFEFNIR

BAR HR

—

BT 12903

Verify- CoTi@id H£mM%Z%KCoT, EFE—LE#HT HiEE
and- SRR 4eiE, RESEIXNIMNBER

o - N N N Question Standard
Edit ROVHEIE  ORABARIFLLMITXERHTT )
. . " Of all the teams \_—‘:>[ Newcastle United. x ]
iﬁ;E%E = iEI gi John  Nyskohus _
played for, which Chaln-of-thought
TJT?EEE tearP was_known First, John Nyskohus played for the Norwegian

as "the Black and

Whites?" \_41'> football team Odd Grenland. Second, Odd
Grenland is known as ‘“the Black and

Whites." The answer is Odd Grenland. x

ESHE
E*ﬂ’fﬁﬁ&

i ——— Self-Consistency. m = = = =
|‘$Hb: less than majority agree
Verify
A F'% -
[What team did John Nyskohus play for? ]
What team is known as "the Black and Whites?"
FRUES

External Knowledge Retrieval

AT - , .
John Nyskohus ... is an Australian former soccer player who played club football for
Egg‘-ﬂ_,rﬂz usc I__ion and Adelaide Cit‘y in the Natiqnal Soccer League ... ) )
~ Adelaide City Football Club is an Australian football (soccer) club based in Adelaide,
\Soulh Australia. They are also known as "The Zebras" and "the Black and Whites.

2=

Edit Rationales New Prediction

First, John Nyskohus played for Adelaide City in

the National Soccer League. Second, Adelaide :>
City Football Club is known as "the Black and

Whites".

The answer is
Adelaide City Football
Club.

Demo IMEBEIE FlBEfew-shotF—Mal@s A Ik
nstrat EEZ RAFRR, AT NAYF

e- RM#@ZR  RENEZEESARERN

Search f&EANE answer R :

- LM :ij,,.;‘,a.m [ —

predic  prompt

. e I 1 s — e
multi- t i
hopia]&

LS
2R



Iterati  ZEIA9—
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BLMTETE
RN AHE
HIPR! :
ntatio —XM4%E
n B AR TE
long-
form4Epg
ESHAE
gL
i SR FA R
EHER
topicfEH
querys
HEHFR
P S
TRE

FLARE: #*XBIMERLERR,
TER—NERNEF, AR
EAFHREERRIEEN
token, WNREMHFAITIORA
EEMERTF, EEXD
BEIEMRER

Retrie
val
Augme

IRP: RBAMEX AERIES
BE=1HH, Imitator,
RetrieverflParaphraser.
Imitator& £ —1
stylistic content plan, #EA
ZAEET—APHNESE, A
[ERetrieveriRiEplantEiEs}
ERteREXfacts, &G
ParaphraserplanBy g E
FrRRXEfacts, MNEEEH
EEERT—18prefix.
sentence-by-sentence4 g

5.3 RAG 1&Z=185R £ pY

Retrieval Augmentation Generation

5.3.1 RAG{E 7}

Tt ERqueryEm: Baxlqueryi@idmaskiglnEdaF
FBprobs&F HEMtokenER; Equeryi@BIEXR
LMAER B RN IGEEFH probs{EFEERspan BYja]
A, XERBIERNqueryBZH#HITIOR, RERFEERE
I promptEHEREF

AIEE

I'SIezf_rcF resuts: o, T i DA !

:{Z} " Search results: Dy, :

' [il Search results: D,

NG ST '

1 b

: [2]: ..

1

Input X, Generate a summary about Joe Biden.

Retrieved
documents

[

1
$11 Joe Biden (born November 20, 1942) is the 46th president of the United States.
1

51: Joe Biden (born November 20, 1942) is the 46th president of the United States.
1

§z: Joe Biden attended the University of Pennsylvania, where he earned a law

1 degree.

Step 2

1
s, He graduated from the University of Delaware in 1965 with a Bachelor of Arts
z: in history and political science.

I
Step3 1 Joe Biden announce

% d his candidacy for the 2020 presidential election on August
| 18, 2019.
1

53' Joe Biden announced his candidacy for the 2020 presidential election on April
25, 2019.
1 25,

Az Imitator@AIIZRE IR BAME X A Bexpert
content plan#1Ti)II4RAY; RetrieverZBs AT R plan
FIL)5EE KentityIRERBENICREES, XER
DistilBERTEIIZRE Li#HIT T D RESHOAE, BIFUNX
M EFHEFWindex (BLNMEF) , BARBR
FIXZAHIEFindexiy A FRIELEXentity 5 E A E
89, FTAXFSERSERIYFEXentitydJtokenty
attribution scoresE1f IR EGT R

HIEE

Retriever (Sec 3.2) .2)

Paraphraser (Sec 3.
e [ [ ]
I N e Y A
[ T o [t omes ]} RovorsodSanercs
Retrieved Facts ame

L

RAG (Retrieval Augmented Generation) A&EMIERRME T 50t RE I —MEBRIRHMR
RAR. TEFARMTFEESIZE, KIAFRRAREXHAIANEZEXIINERE, HEaRE
Zin (i) , iESEEFEEMprompt, IESFEREMERIALE. E48HR _ENAT In-Context

Learningfy/RIE

RAG ({SFIBEEM) = TR +LLM (KiEFSEE) =T



LLMZs & B9/5 PR1%E -

o MRNBMRY: REBSNMIRTERTERIIGEIE, MIANERARERIGEEFSE SN
BTFMBAFREE, NF L. FAFRNEEANEIERTERINER, XEFoRIRM
MEMEE

o LINmE: FAIENARRENKERENESETHEHNE, HBEAHHLF LR—RIBEEZE, K
BRIBARGIIN, FRLEERMES—ARIELMIPIR/ 8, CHEREABEASARAEGE—FENAIR
HAEKNTR, MXMHORRBNX S SRR, RATCERFEREB S BESEN TR
iR

o HIER2M: WFAIWRFHMIELZLEXETE, RKAETLWEEABIHBEHENXK, &8 S
IR LEEE=AFE#TIIE, XUERTEARFIERAXNREBEENINNAAERNMFAELIER
MR FEFITIE

RAGHY4¥ s

o RMILLMBRLIESDERMMAL | RAGEELSLLMEHITERIRRMER, BINREIRER
RAG, ERBENSREIRS. BHER, RAGEERMEARIESIRES, FrEERRtEN
RHER

o HESHMERERIRERASER : RAGRESBSRIFHUZNFIFBIMNFEIEER IR R, X—4514E5R% 78
ARBEREEEN T NIRRT B HE BRI, LTI HFERNRENRERMIR, 8
REERRINESR

o HRRAMR2MAEME: BERAGFIERNLEHIEEFZS SR ARENEBIESERII%. EIit,

RAGEZREIRFHEBIAVII LRI, NEEARMMARIFXEMBHIENRAENZ 2L, FFHRER
FBRAREERNIFKIE

o RMMREAZFEEREMR: RAGHMRRZITRERFM, LLUFIERRESEEEERE. WA
ENRE. BIEURKRRAZRILITEF, XEREFRNRACGREZ EMRERINK, THe—H#iMm
e

5.3.2 RAGHIES

RAGIRAMEESEEE: FJUNNENEARRZE: MIAXENES. EmbeddinglR®, MEHIEE. &
ISR E R EIE
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[ chunks i

1AM S s |
chunks 3 SRR i U
chunks - : ,L. ,,,,,,,, )

MR wap |EEEEE] i

MIAHENES: THE—SUNRAGRAN, BESIBREENIAXE, MLTRF, HiE
STEVRIIRR A RE B IE S MR, IWord3X#H. TXTX . CSVEER. Excel®ig, BEEREPDFX
. BRMAES. FAt, ST FEEATIINXEMER (FISNPDFiENEE) SESIER
(3IOCREIR) , BXLEFEMHINRIZMAKESRE ATIRBRHAXFERE, FIa0, LIEPDFX
S, A LAFFPDFHEIEHHIARR; WTFERMA, OCREABEZIRGIHILREPHIXF
580 Ithh, EFXHEAIEFEIRNEE, RIEFHIT-IXBIR. XHIR, BINFER
KEXHESEIRZSIXAR, UEESHMLABIERES. IAMXEHTHEERENNE, Kh
ReE SR ERE

Embeddingt&®: ZIMESEBRXAERAEERN, NABESPRAEXANRAAZTTH
HIBhiE, MEERTVWEMZE. B, SEBRBIEIAFHNLETXXRMZOEN, FKRFIEX L
FEMABYE)F. Word2Vec, BERT, GPT#%!, BGERFIFEZHFEmMbeddingt&EiY

REHREE: T ItRATEENRREEMENEEERS. ERAGRSH, BIBRANREER
M B EHSHEFEEXFNEBIEED, XMPREENLL T DEMEFEANIE R EBIENRE,
EREEEENIRREN, K(EBFRAFRLRESAFPEAREXIESR

EiGHER: BRNEESEEAZBRNEEFHITOELAIE, G, RAcEREREEFER
5izirl@m EiE X EARIKRIERNIR A8 SE X 1B IS R H R [E]

EREE: RAFPRAEM E—SHRRINERES, WEE—METER, WARKESIRE
B, BFRE N ERANA

RAGHZ: =1 HiE&Naive RAG, Advanced RAG. Modular RAG
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» Sliding Window /Smal2Rig
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I R 1
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Demonstrate Filter
v
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[ i Related Document Chunks
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( E] Related Document Chunks
New Patterns
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Rerark  Filter  Prompt Compression Retrieve - P Read Retrieve
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* Naive RAG: ZHREIRAG, TEIR “NR-FAR" Ii2, FTEVFEE=ITELTE.
o ZFRB|: WXHEDBIREFERN Chunk, H@EIRiGEHERERS]
o 12FR: RIBIAIFA chunks R ERRER U B
o HER: MURREINETXHNFEMS, EREEREIZE

e Advanced RAG: Naive RAG X1 RRE. MM ERE UG RIIZPEFES bR
Advanced RAGTE¥IEZ S|, HRERMMEREIMEITT HTIMLE, BIERAREIEFR. 181X
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NEEEOKE

e Modular RAG: &1 EBMMBHEMNMRE, SINTEZSHEKINERR, fINERRRSIE. &
BETEE. KALRERSHA. BUEFIFRARMSE, TIE LB RAG BEIRZ E# TR
fH, HIT ZHEY RAG 1RV

RAGIEZM%  fhs RS
T4ERAG L REEANED]. RENERT  LORREE, TESHE “SheE ng
DRl b & 2 IR R B AR S B R iR AR
) HERTEPEARGTESY Vi

3HAEMRXES R ANNRE 3 EREREREAPA T RIS — it
™, HAREESREERER

LSRMWIEINT EH1E



HHEY RAG LU EIERS], IRERSIABTHR  23NMTERBEMAEBENEESER
G & 3 BEESWERTIBN RS RERIA
2T ERNEINERZE, &
CERMERBRE
3 EINBEREREMESIEBMRK,
WESEER
RRIERAG LIBINIHREAEIR, IRIEZHEMMR 1 WEMSEIPERCASKTEERAE S
e = 2. BEFAEIE LR RIS R —5K
2EMN MR, AIEXFERIA LT
NIRRT ELHIRIR
3. RARTHIHEIFIIESE,
IS Z MEIRBITE F
RAGKREEL:
M
(Query ] [ source ] (Query | [source JUdQE Index
—— [ Pre-Retrieval || Index ] o PreRetreva
‘ Retrieval )|
(_rowea ) L Rewew | ] @
o [ | top_i( | | Post-RJetrievaI
Post-Retrieval [ Generate ]
l Generate l -
(output)
[Eﬁﬁﬁﬁ)‘ﬁ%x BN Wﬁiﬁﬁ] Pre Retrleval][ Index ﬁﬁ%ﬁ%ﬁfgﬁiﬁ:ﬁ;ﬁogzgi;i(ri?(;rf;-Verification;

l Retrieval I

top-k

Generate

FERFHRE (MQA) , TEARLESMEHEE
Dense : IE%H, MEL¥D, #8S¥3], MTEBHH

Sparse: Bm25 X@iFHE. MERERRRED. EXEEFELRENT
Mix: ZE4Z EIRE RRF

score(Q,D) = Y." | IDF(g;) -

£(gi,D)-(ky +1)
F(@i,D)+hy-(1-b+b- 120 )

RRFscore(d € D) = Y, #(d)
T€R

RAGEEMR R A0 IE

5.3.3 RAGiE (L

o HIHMEFIFHRIIF(E:
o MRR¥IE3JEIEHES : Mean Reciprocal Rank, &G KAVHER EIEK

MRRE—THE BRI EER
. WERRFRELR

BERS|E

R [EIY %

Post-Retrieval

Output

NMERPRIEX M,

*  FALRERERFIAE {StokeniRiBXtokenfE A Eig

Post-Retrieval: X&RERE#—SIHER DG
FEHFREENRRERRT _RGERFZRITEERE
* BGE-Reranker-large, HE#eR#%, EHRIRERNEE

ERERARR B, E-EXEZEH#ITHS.
* LLMHATHIET: $HAIRRNAERYE, (MM Yes/Noky
HEEFITITH

* LLMLinauafi FLLaMA- 7B BB R EE Atoken,
\ﬁ}asﬁﬁmWA#@EWE?&LLM?ﬁﬁiﬁEﬁE‘\J}Eﬁ, /

RAGI R 1L

92 (Information Retrieval, IR) RZXRMAVIEIT, LEATEHS
SZRyKA, F—

NERILEC S



BR1, BAESERN0.5, BEnPESEN1/n, MRSBELRENGFOEN0. REND
HHFRBETERZM, B

MRREYE X :
= MRREEHME, RTRGXAFERNMNELT, BASE—MEXEREF L IERSHH
BB

= MRFEXERARZERNNMIE, AEHREELL, SIREMRRE
= MRE-—NMEXERHFEFRER, ABHRZMSR/), MRREBR
RigFB3TEN:

= B-NEENE—MEXRERAFESE2U (EIHHR =1/2)

= BEIANEANE—MEXRERATESESM (BIEH& =1/5)

= BEENEANE—MEXRERAESE I (IR =1/1)

1/1 1 1 1 1
22 MRR=—-(=-+-+=)= (0. 2+1)==-x17=0.
B4, MRRFAS RR 3(2+5+1) 3(05+0 +1) 3 7 = 0.567

MRREENZEXREREXLIMNME (BEFEY) ERTSERHFLES, NBRSIZEE
. HERE

o Hits Rate S HE: KN ESIEMEENITASEL
o NDCGYA—fkirtn BEitiEzs: Normalized Discounted Cumulative Gain

DCGHIBAR: listhitemWINFREE, FARMUENTEAARR, —A&FKH, HEFIENitemz2IY
BA, HEEENitem&ER/.  (@HII—MREINNT, SEHIETENitemEBEZ A
=) DCGEHIERImAitemiGINE RN, HIEREMitemEIEER M

k :
rel(7)
DCGy = —_—
g leog2(i+1)
Hrrel(i)Zitem(i)B9MEX 141857, IDCCERBrel(i) T ENRIFIKSHIDCG, FRLARILE
ZINDCG:
DCG

NDCG = 7DCC

o FHITERIF AT
o JEEM: TEM. EMME. ETXEXM. EREILEHNEZRMEXN
o Efb: Rouge. BLEUZEXXAEIAEIETR

5.3.4 RAGfiL1L
1. XREREEMER



o FHEFR: RAGIKHI T/EMEBENFRBMINEIE. —AEA T RIESENERE, FEMRL
XHEEIBMSIEEIRE, 5 RMIBIMCSVRBEX MY, RANXAIFIRA S ERRKER
BREN, AL, FANIFSIANTIMINGILUEXSFIRERELEH, LIERDSHEMTS
REXDHIE. F—HEEEENMIAXEH— B AHEFAE PR LU EE:

= BANKFE: WEXAEN, ZREFEFHNTEXER. BREEXEITRESR

= SRR CHRRSRAEFIARBRIS X USEI—ERI5 IR, FlW, B LLM” [ “KIEEE
Y M RER” tRENBRAARE

= XHERS: SEMIYOFARETNE, FTEETAREFE—LEENHESZL? MRIEN
ASEERA gt fasth | b b FERE M SO BEREIEE WAVRR, BARRRGMTIEM

]
» FREIEER: FRARNGE. BXEZHMIESHENZKIGINERE ER S
» APRGEF: ETHSHtRBFRNRIGAMEREERE, FcellNELY
= BYEJBURHIE: XNTEEEMANEH, Kie—HHI KT RIS R M EH
2. SRAEE

ERAGRLZH, XHEJBEWDEIRSZS I NPTIREBEITRERN. FEEARE N KERGIF AL
ARERERT, HENEEFRNEX LNERENRKN, RAERDBANRBTPNIES, MNE
BRI EI S AP EAREXIXERS . MRDRAK, TEREFXSFTHEXNES, MMEE
THRRNERYE. AR, SRXDAESERVENETXERS, SEEMNBIRERZES H3R
. ERAGRZHRLFEEN XD IREKEE, SEHIIXMTE, BRESHTEEMEXE. —
AR, BN ARNEERBBE L TXHER THARRRMABTREN, XFESRER
HEEEEXH
o BIRXNMNGR: REBMEENTGZE, ERRERPNFY, HEFRZEIZREEERNS,
BE, HFRERZEN—LEEE, LRRIEX ETXASERZEER. SEHUEANSD
AL, BEXNIREEZRAEFATERZSHERR

o RBESR. RIEXHENEERABTHITOR, HIMIRERRTS (NES) 28, NEEEER
EERHINLTKH & spaCy FEiR A A 7 73 EIThAE

o ISR EASWBERTHENTE, BIEEMN A RMN KRR A, Fl,
Elangchainfr 2 @I BSEIRITAF (\n\n) #1TH0E, AR, BERXLERFIAR/ND, WRA/NF
BE—EEE, WZRRERSR, NTFANEIIRERR, ERBEMRITH (\n) BROEL it
K, FETRIEBRANEFRENDIRIN (=18, G5) o XMIFIERLUREIFEIR
Ao B0, NFXAPREZEEESHD, AJEFEEMANDZIRERAT; MITFEIKRD
BERSy, MATLAEAEXRATR, ERSGET, FEFERARIMNAREMISFINA2EIS
ZN



o MDEIRGR: EEA MR DRMANDIRZEENMNE, —MEANERNFERLREERE—X
BMREVNFIERTHIDR, AEBARX D REBEHRNELIEE, HRESTIRN
EFERXR, #THEFER, EAEAMAM, BARNBBEFEAEEENRNS, Xi7H VR
R EREEANEFHETE

o FHHEMDR: HWHEESWUABTHE DRSS, XEDRET NI RAEXELTFC
1, DURREMREMIBBELEN, langchaintRtAV1FHIIREZEIE: MarkdownXX 14,
LaTeXXfF, UREMHERALIES RS

o SRA/PENERE: BEFTANMNREBHRERWMAK/, FlW0penAlfitext - embedding -
ada - 002#REI7E 256512 A/NHVIR ERUREYF; HR, XHEEENARFERNKERER M
BWRRESRANNEERR, REBEKEXEFBEN, BANIREDTFHREELZHNLETX
MEBERY,; MO FHREERET, BRNNDRAEEEESHIEE MMETHEREN. R
BRINERESEEMAERD, BINORAEEANTE; Hk, IREERANES, A6k
EEEANSR

3. EmbeddingiE &£

MNRBEGEERINEX A EREAE, FRNMNIEGERNEREAREE, BESE
Hugging FaceMIER NIE B HEfTREMTEB https://huggingface.co/spaces/mteb/leaderboard

Chinese

Overall MTEB Chinese leaderboard (C-MTEB) 'cm
Metric: Various, refer to task tabs
Languages: Chinese

Credits: FlagEmbedding

. M N : ; e Rezag
Model Size Us:::y Embedding Max Average Classification Clustering PairClassification A::'
Rank &+ Model 4 (Million A A . A A (35 4 Average (9 4 Average (4 4 Average (2 r
(GB, Dimensions Tokens (4
Parameters) datasets) datasets) datasets) datasets)
fp32) data
1 Conan-embedding-v1-04 K S-GGL 72.62 75.03 66.33 91.66 2.7
. v
5 Conan-embedding-v1-04 K M-GGL 7983 75,83 6633 1. 66 73 .7
3 onan-embedding-vl 326 1.21 1792 512 72.62 75.03 66.33 91.66 72.7
a4 xiaobu-embedding-v2-08 0-GGUF 72.43 74.67 65.17 91.87 72.5
5 xiacbu-embedding-v2 326 1.21 1792 512 72.43 74.67 65.17 91.87 72.5
6 gte-Qwen2-7B-instruct-Q4 K M- 72.05 75.09 66.06 87.48 68.9
| ——— v
7 gte-Qwen2-7B-instruct-02 K-GC 72.05 75.09 66.06 87.48 68.9
8 gle-Qwen2-7B-instruct-04 K M- 72.05 75 .69 6606 a7.48 68.9

9 gte-Qwen2-7B-instruct 7613 28.36 3584 131872 72.05 75.09 6606 87.48 68.9.

4. PEERIEREMER
o JUHUE: EMEREFETEFHERSHIEN, KEMEFRIIBRESTHIE (ANIFEELRIE
iE) —EFE. ARERNTHETER —MRESLRMERNENRE, SELBRRERN
AIEEEEFA.


https://huggingface.co/spaces/mteb/leaderboard

= g, BHEARLE—ME RHTHERS. EreBR BB RIBREIRF&E1TimE, 1&8—

T, MRFNEETFEA—RATFAFAEEMIEFEHAEIERONAER. EXMER
T, BRI FHEHAESARNEREREX. A, MBANBEXRE, RIITEE
EHEX LS AR EWNANE, B e R ik rr B HAF AT iR N2 EERA
&, BATRIUERRIERRAE BRI BB, NMESERERIEXM,

sy, ERLGARINENET S NTHRISIA, XAENXBERS. NTHIRESXEIRAFEN TR
B XLETTHIETNNE M FOEANIRRERYE, TNREAFREEMFEMEHRY
RRAY

5. ERRSIMER (RHRBE. FH)
o ZREFS|: RBBEXERSEAFRLTEEENFERT, TUEEH—PRASERSIHK

Ao

» ZERSIFAZOBREZREANVIBIENEEFIRZELF KD, AEFRERFAHR, XU

SMEEREENNER, XBRRERGFNEBTE—RS], MERILT ZTHYFRELR
ERBEMEWERIRS|

N, AIEEBE—IRIITNAEREREH, Z—PEMINNERIKEGKEEZNEE, &
BRI BESERERZRRE, XMZERS|IRBEERAGRS LB RIEE AR
M LT, EFRGENRSIEITHECR, MMEACRRENMNEE, BATIIA
ZERSIERK, EFEEMANSLRIEZBH

ZRBENFBERENEEREHEISERTENRS, EWRIEEHSR (WEXRE. %
SREREE) KBRHE- TS MIERS e XPXIRATRERE, BHL T HIRDEH
£/, WRTYEXERRIFEIHITE

flgn, NFEE ‘S EMEOBLIBEHT" , RAGRAIRELKEBAES JESH

o Z5|/[ENFE:
= AILAARSITHRIESIE, MimEEISIEPFRREBAXIXARE. BTRESEERAR

B, FRENNRMBERSHERLRS, EREERTATN. Mz, RERAREH
FRETEMEMNRY, XERBEIRRITIERAVEIEX EAEMNE——MESIERITECED
o NRBRABEXRE, XMAGEEGER

Bian, FEEEFERSEPR, ARFAAARERREIEXOEEEMEFNI B S LTI REL
fic; i1EXONEEFERS A LESMAERRT. AtERSEIRETSERIIN
BEREENR, MEERE “BBZEE = “BH” B, XESHEBIER
(Approximate Nearest Neighbor Search, ANNS) . XIEMAREEFEER, ETAKE
MRET ERNRAE S, TERIMNENE—LENNRASLREEUEBAXKETERER
HEPHITIE

B K-meansF



i. (UERREE. AEENMERTENRR, IEHNBEAERERAFII—MLMBRE, EE
SR AREER, BERESMANE—ME—RELE, ASORVEHENESE, A
m, EUERRMFRER, RERMEEER, RIMNFEE NG L ERERHTR, X
HEIER D ARNXE, MEERRNRAEFKRIEEIE—THS, UmER—T “R° E.
toh, XHERRBERRES— &G TELLEBRANEDEERFERI NE—
o XEEHITIERN, AFRMETAENREE, HEBNRE, HEZBRHTER
=]

hashing hash
keys function buckets valiies
ceo——>| |
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i. EWRERA. PESIVMERE

EiFii. ERAGRAF, AFNEWREFKEMARE, AREREHEEFFHITLAE, F

AR, EWNHEHSERZMERER, NRERERFER, ATUSRALUT MG A

AUHITES, LURAARRER

= FAEBEMMENEFRRR: ZRETED, NHALRREMERNFR N EBEREARNHR
—ERBM. HNNTUEEFALLM BEFRARERHITEIR. I, EHITSIEXER,
AP ERIEFHEMERTRESEN LXFEDES, B LUEHEESMAFRR—H
RLELLMEFHRAR

= {RigX#E#ER AN (HyDE) : HyDEM#ZOBRERWAFERGE, fFitLLMEZEINBFIRE
BRTER—MRIEMNEE. AE, X NMRISHEENREEI—REATRERR. &
REIEAREEAERES, BESELLMINAEXNE SRR, BMTFEMRERS
MBI

= JB/#RT (Step Back Prompting) : MIRREFRETHAERTRENEEKRZ, &l
A LUERER—MEIRBERESH “BE" R, SREFE—ERTIOR, LUEIREILE
RHE, a0, RRER “KRFEERENBHEETWMRAFER , MREREAIEREX T i
B "BEHLE” . XMESRRNREAEERZILEESR

= ZEFIEZE/ZIRABME (Multi Query Retrieval) FERLLMERZ MEZREN, BIERT
—NEFEAEEBERFZ N F IR BIE R



o WERBH: AANKHNRIES, BITTLUREREMIEENIFEIRERMU—ERETSE, U
TR—EERNITIRESH

BHRANREZEENE: RERREBIREHITIER, AW, EXER TRIEFERS,
LR A USRI ERREFHRHITRBFLENRRER. —MERNRRERFEEIRRE
PLEZ25 (BM25) , EREFRITMARRIEFRNRIEIMNEK, MEHMBREDRIE, MHE
BAHRMAXER, SRERE. RNTULESHENBBERF[HRALER, RAEWUERE
BEAFILERE W RAERITORINELS, W00.6%T40%RSDREREIEER, 60%
REHBER

LRYE (topK) | KRERNWUERS — I XBER, EBNRRERTLUBREASE
SRAPERNE TN AH. EREZHTERERAEN, BESHNERERTFENER, §
B FRAGRAEIF IR L FXMIBEAT, BFRIE, ERUEILARSBER
B, FRREIZERMSEFHE IR SR BB 2R

HUMEEBERZ: HTERIREEMENFEZEE— NS, XBIEFERMRAEEM

JaccardEEBITERIMAENES, UKFMARZEUEGEXANBMNE, B, RZHE
PEEZERR, AANCAZEEKENFM, RRMRAHE ENBME, XBEEIEIERZK
XAEKEER, TFTARBNEXEMY. REIENE, HIFMBEHRNERBZFHMEE
£%%, BERASZFRAMRNEEITEA

o BRITRRE:

ETXELSE: SUEXRI AR, AJREEASFAHEINER, FEXFNBEIXEATRS
HESTEHLLMBRNEENIN, £ TFXE4EBEAMEEILLMBYFBRYE £ T8
MXHEATHITES S, HEXNROSERET-EEENTENREBEXER

AFEORE: ARk, XEXRKNESH ETXRIRE, Hh—MERGERESEOR
R, ZHANZOEEE S RALEFDIRE, FizoREERREN L FX—HRL4LLM
TS, SRIGIILLMRT S _E R RYIEfR

IR EERBE—MRBMAIBRE R, KR EDARTEKRR
EXH, BREXEDEINERNFXXERNER, BRREASSFENE, ARRKZF
NP R E A PRI R IESLLM

BE#&H: BaHERERXXEEREBHE-—PHNERMRERG R, R, JIEXI 0L
TEMYIR], LIRSS = ERPREWHITIIR], TNETRERA)NA1024, HiEERIR
R/NA512, REMHFTRARANGL28, AR REMNF S s TLEA,
HENMKT R THZEMF T RES LA _ N2 T RIFAERIEREL,

ZRENE. ZHERRAFSLE—ITHIRXEELEZ I RAEFENGERER, FRANE, X
LENMYEESEERBARNTRDR, ERIUEEZENEE, BF R HAYE—
FHEEBTRRNERS. EEAZEAEEWNIERT, STMRAEFEARTXXENARES
H, BREASEBESEMEERXEAR, AENEERNZHENERNIRHEERRIES
o g0, MREWSEHRTEEBIRHEERX, BAENNEEMA UABERS
XER D AR RHS



= ZRENER. ZAELR, BMEZMBERENRRVD2AMARBPRIBIRE—E
REIESHER. mILNERFRFAENR, 2ZRRIMZEMEFTNES, FKiLFEEEIN
BIBAFRRRE N Z N EE, Bl XEAENESNFIERHAITZREXNZSRIINE, &
EHEAERAMAENRNIXEEEBRALLM, XEMAVFAZE R ABKAME, thal, Fin
BEWS I ZEERRENFERNARIRZAE, THEEREXKIEXAKER. Hxk,
XERERFRRERNARFEXENERIFAERSERAE G, DULRGEESMEE
R, REIBENEMENS LEEFEESHNSNIENER, BRESRIEEITLER
KT BEREHIIEL, HIATUEEERAGRHAITRR

= Self-RAG: BRBIEFRIEBE—NEMRAGIESR, HS5ESGRAGRANXAIETEIWERT
AMRBFDFKIEEFRE, EXBAN=ZNTE: BR. EAHLT, Self-RAGETAILER
TARHMEAFRAZEFENR, IRFENR, LLIMFERMNINEEREHRAXX
Mo 1ZE, LIMDRASMOREIINRREMES, ARNEBTERERR BT KT
CREWXHEEEEX, RERFTDSHNXEIAFREAEGR—HRLELLM

o EHHEE!: Reranking, EHHERIBEINVISHORERHAITERNNVEXIEITGNHRF, BiRE
KETEAPNERENTSEEEEE, X—IEBFERREFIRELI, WCoheret&
B, XERBEIZEESHHIL, NEAEE. WCNZEEX. APNHAETAMNLETXE
BE

- BT, MFEW B IMOBOBTER  EERRENE, RATEETFXRT
EEEERNIBENHEXE, BONINE. BFBEONDSER. A5, TEHN
B, BESHXEAREHTRNN, HEREX. BHORPEHRENER (8L
RETRHOBETIR. TOSET) FHERIE, FIEERL X TFRLBERH R R AR
BHEEE. X, EFEUREENR R RERNAXEIERE, B HERAN
Bk, AT, EARAGHRRAIMUEREAERNSE, LUTEHRTEBRERS
FEBE

6. LREEIEHE

o fRmid: ABESHRENFERNIBEETAERNKITNT—NM, XEKREIRITHERIAE
SR RERY 75 TR E R IR BTN T — MARE R, Xta THRIT—EBT: BIiTRTIE
B, ATUBMMEZ RN ARRE A EREENRE LI, tHiERRE, ik
LLMAIEEEMAATIIE, B+0BEBB
AT HDRBEFEEEMEZMAITAEE, —RIERT, RAGRAHRMIRTIFPREAHIELHIE
ENETHERGR, FEMNMTEEMESEHMN, FTLUgERR 0.

YRE—RERER. MBVEMERHERNES, HRAERBRAERRAE, (RREKR
BERE, BEAEITRR, BRERHNLETXESR, EFAZEEEMIRHIERT, EEHE
XEM, ”
HAWALREZIRFE, BAILLEHIRENOIERMAN—LE I EHEISIIRAVIER, Lt
o, ERDERAE (few-shot) BI7E, FREMRELHIFMARTIEFR, FEFLLMIAF A



WREBAIR, HEEALLMEMRRNBTRENER G E, XMGEMUEREREZEMNR

#, e THERERE THLAML

o LLM: FILURIEECHFRIZELLM, FIMARKRESEERE, #HIERA. L TXKES,
tb4h, BILUER—LLLMA REZRRIBZERAGRS, thil, LlamalndexdLangChain, X
MEZREIRE LT AR debugging TR, SILULBRATENXEIARE, EEFERATHLE LT

X, RENRERRKBPIXIEES
RAGRRE:

»RAGHIESERSR

TFiRFES BoKiE

(ws ) ms )

( Langchain j (Llamalndexj

( we ) ( smma )

( FlowiseAl ] [ AutoGen j

> RAGHIB BT

. BRLRAG
th#ERAG HHMRAG
»RAGHI{R {515

waee ) [ stww ) ( ewmws )

( amas ) IR ( tmmen

( exmss ) ( sEses ) ( wowa )
» RAGHI X B2io] &
A 54
RRH4 b iy

ERRE

» RAGHIRE
FEwE

[

[ TEBIE )

LTFXERE j[ B )

[

(

RAGRYScaling Laws )

(

(
seromm )(umseme) | @8

(

(

)
)| Come )
N

RAGH) Li23%i% J

/" »RAGHIFfS

G R
( HRRE ) ( R R )
TG
( ZsExe ) ( wEssg )
( EEES )
( LFxExe )
[ REa )
( =m=ext ) ( rexssg )
FEHESR
i ( reB ) ((RECALL )
IR (‘Trutens ) [ RAGAS ) [ ARES )

6. Training & Inferring JlISRIEIRMAL

6.1 FlashAttention

FlashAttentionigH 7 —FiINiERItE, BTEER, IORMEHIEE S, JUBMMERtransformer
BRENITEENEEERERERVIEKE N E2AAEKEFRNE RN D@, mME

FlashAttention7Ei)I| & FHEIEER o] LLFE
o MRTIHE (Fast)

. Flash AttentionH 8B B/ Vit EEFLOPs, MEMIOREE %, L THBM

BiEREL, ML T HEEE, BHBMIARIRE, S@EItilingfARIRME FRLS KLY

e BATETE (Memory-efficient) : Flash Attentioni&d 5| NFit £,
ZFEM O(N/2) BZ{EZEIT O(N)

FF, BRTIRFHCESNIERE, BERF

LERINNFIBY T ENR

o 5= (Exact Attention) : FRIFHEEES, Flash AttentionRZ2 A RiIHE, AR
Mi+58, Flash AttentionS5REFENNEREREFNM



6.1.1 it ES5REREH
self-attentionI RV BEEREMNZEERERFIIKE N NZXRE, BIFZaNERNNAEEZR
DattentionfIIHBENREFEER, B0, HEEMAERREMHNEZE, BitEERERRETFIIKE
RGNS &Y, EXEFEHSERANTZNA, FAXERETFXREFLOPS(FAEITREIREN)RY
AL, MZTIORENAERNFHE. EIARGPUR, HEEEBLEmED T REFHEE,
transformerd YK ER 53 it B (ERVHRINZ B 1F5iR)
FEX92FLOPSFHIFLOPs,
FLOPS: ©KkF, floating point operations per second, S $HHITHE REIRERE, BT
HiRE, =EEEMIEENIERT
FLOPs: s//\E, floating point operation, RTERIEEXE, ERENITRE, BE2REERE
ENERE
o IHHEWHERE (math bandwidth) : QMEREFEETLURITHRFEITERE, BALEESOPS(ED
operations/second), WRBFRFHITITRE, BAIEFLOPS
e AEHR (memorybandwidth) : ERSWHMAFHIREEIEE, B(IEbytes/second
e math-bound: MEEZRTFITEFT, AMEERZE BEHRANESRIEHE

¢ memory-bound: MEERRTHEFHTE, FRIEHMMFEASERAEZIRG, thil: BUERH.
dropout. mask, F%hreductioniZ2{Eth@MFEZRAY, tbaA: softmax, batch normalization
#llayer normalization

*fFself-attentioniR, BRT REMFEZRIHTERR, HittiR{FitHEsoftmax, dropout, maskiiz
REZREY

GPURTESE: GPUREFERZNMNTBANMIAEIRERENNEAMR. NEE/D, R5REBR,
SRAMATE£J20MB , EFRAFHBMEMERKNTEIRNETE, K/H40GB, SRAMBIEEERER
19TB/s, HBMEIEGEE R E1.5TB/s, FEILE/IITHBMANEE RER, BXF AESEFISRAME #
TIHREERIEREEN

GPUBITIRR: GPUBAREMZXIEFRIITEMRIE, #lkernel, ITIRIED A=

o TP kerneliF5HNEEMIKEFIHBM A INE: ESEAISRAMA

e TESRAMHP#{TIHE

o BitHLERMSRAMBE \EIHBMHh

X FHRER R T AREFES maVR(E, HITMENERAAMEkernelfls, BRRENIT “MHBMAIE
BUAANSUE, ITHHE, BitBEERBEAEIHBMA” |, B2 MRERER—NMEE, WAREHBMEY
RER

Safe Softmax: XJFfloat32#1bfloat163Ki%, L x=>89 BY, exp(x) METMinf, KELIE LIEM
@, AT ERLREHREGHNRE, FRIEREREY, TBENEERIRERAE, #isafe

softmax:



eiL‘i —m

m = mzax(a:i), softmax(z;) = W

6.1.2 FlashAttention#l

Outer Loop

Attention on GPT-2

IMatmul

[\ SRAV: 19 TB/5 (20 MB) Dropeut
SR 1B: 1.5TB/s (40 GB) 2 o| £104
HBM 9 il w Softmax
\ - | €
/ ] —
A ETRY I LIV DRAM: 12.8 GB/s £ S|F 54 Fused
' (CPUDRAM) (>1TB) Mask  Kernel

Memory Hierarchy with ] Matmul

. ) Output to HBM 0-
Bandwidth & Memory Size

sm(QK)V: N x d PyTorch FlashAttention

Inner Loop

FlashAttention

e Tiling B3R+ T SRAMBIRERELLHBME— T HESR, BRENMREZ, @dkernel®ER7
L, BEMEEREN—MEE, FIAERMSRAMEITITE, TLURINEEHBMAYXE, MMAE
MR D NER IRIRERYIZITEYIE], {BSRAMBIREARNEIR, AAIBE—RMETERERNERT,
LR IUHITIRIT R, EERITEREENREFAEISRAMBIA /)

PTERM S FEITERIER IBMERE-->scale-->mask-->softmax-->dropout-->5Ep% 5
&, ERERENZSIRENSRITERB XN, BREsoftmaxBF o EBRETERAIE, Fh
L3R BAR M
FlashAttentionB9f§iiE: SIANBIMIFKITE m (), [(z) KFITHERS
o 3RSafe Softmax
m(z) ;= maxz;, f(z):= [ ", e @] () =
z /(@)

zi: f(x);, softmax(z):= W)

o fRIBBHERENSoftmaxitE
m(z) = m([e, o)) = max(m(a), m(a2))
F(z) = [en@)m@ £ (1)) @) -m(@) £(,(2)
I(z) = I([zV), 2®]) = em@)-m@y (5 1)) 4 gme?)=m(z)y(,(2)y
@)
softmax(x) = (2)
B REFIMNIR DG 2] UL I softmaxBI D IRITE, [FBYZ M blockisoftmaxBl LAFHT
&

@ — PR ESoftmaxBIflF



NRE[L, 2, 3, 4]itEsoftmax, AFIR(1, 2]F(3, 4]#1TIHE

it&blockl:
m; = max({1,2}) = 2
fl — [81_2,82_2] — [6_1,60]
ll = Zfl 26_1 —|—60
A el €]
L7, elte
it&block2:
me = max({3,4}) =4
f2 _ [63_4,64_4] _ [6_1,60]
Iy = Zfz —e! —|—60
- f2 . [6_1760]
2=T= T
EHEITENER:
m = max(mi,mz) =4
f — [eml_mfl,emz_me] — [6_3,8_2,6_1,60]
=™ ™ +e™ ™y =e®+e?+el+e
Y i B [6_3,6_2,6_1, 60]

I e3+e2+el+fel
£ ZB&maskFdropoutt9iE )R T, Flash AttentionEARIFIAITETEK, VRI4EE L
IMEIR, TEQRVLE LMMTEIR

o kernelfi&
#maskFdropoutil EAYforward:

1

S _ _QKT e RNXN
Vdy,

Smasked = MASK(S) € RV*N

P = softmax(Smasked) € RV*N
Pdropped - dropOUt(PapdTOP) € ]RNXN
O = PdroppedV € RNXd

tilingo R+ B EF A LUB—1CUDA kerne SRBITEE HMIFRE 121E, MHBMAINE ALK
&, TESRAMFRITFAERIITEIR(E (5ERER’E, mask, softmax, dropout, %EPFESE:) , B
BItBELEREEIZIHBMA, Eidkernelf& 2 MEERMEN—MEME, BRTREMMHBM
RS8R

6.2 Megatron-LM

Megatron-LM 82— &TF PyTorch IS WmIVIIGRIESR, FARIIGEFTransformerfy KBIE S 1EE

AREERI eI IR (L EAREMR ARVIE X IR S HEIERE ), METERRIIBERMEEERNIEKR, HE
SHHRESRHRIEK, A, EXFMREANER EIERE Lk



o REIRH: EMERBIIRAMNGPUEAF LM UBHXLIZINSH, BHIKE, —M1750125
BHGPT-3REFELIT00GBISE=(8], WNAIEEELIAT00GB, MW EIRZTEFEINGY
1400GB, SitFEKREX2.8TB

o HEBM: EMERIMMSEBERENRENGPU (FIIEIEENAFMIRERNTFZEHITSEES
) , RERMFNAETTRRFEESBUIGREAEER. FMIF, EHA—RNVIDIAVIO0O0
GPURIIZIABE 1750125 ERIGPT-31RE, KLFEEFEAT2884F

o FITEREEHEEY: FAEMATREXNNABNBERANBEE, XUE—NFELEIPI

6.2.1 #iEHT

Data Parallelism DP

Ri&E N3kk (worker) , EKFEFREFE—ITEBEENEIZE, —RENX (iteration/step) #BIF
BABUESEDbatchS IR N M F XK/ BImicro-batch, HHK-FIRIEEZEImicro-batchHIBINIIIHE
HE, workerEHIRAENNHEE GABAlUReduceitEHEINE) , SKEBRIHTSHEN.
ST F T AR NMWorkerfI KIERY, A IEERMRUNA EL EEREIEHT

BIRHTHXRRRETRIEZTCPULMERRIAZIERN, | o NI

- }_{ ] }_. mofel | [ AlReduce | | ghuranmnar | —
1. HRFIAworkerfB WBRIMANIA L IBR S BFHAIIG, TEISFFIAR, BERFOSH Lol Chal) (wame ) ey
BESHBERS M, ue
2. SRIIGERD, EREEB2E, RUBEHSRZE, HEAreduceBIERIERML ‘ " ,
W, WRFTEworker LIV ERIRAN. wnn (o MR || ol | A | R |
BT LS, ERABENE, el URIEAAworker LAMESHRIBEN. S——— L
EROMECERSE + HRNRE ——> BRNENSH, HABHTHR AT

HEHITH REERALE, EEFEERIRES:

o BREGPUFIAE: T—ERZE, 81MGPUNHEXRNER/X), XERFRGPUNFIBR, Hig
JIIBEAEID %N

o IREHIRE. FAFIIEHNCPUIREHERIIMER/NRIRE, XRET I UERNERIZER

@ All-Reduce B—MEHTHEMNSHRITENEANESERE, BFESMTEYS

(5140 GPU 8§ CPU) zZjall SR

T{FFIR:

o BIERER: BN TAERHRT BCHITERRER—HAHE (HEEMEELCZMEK
#) , XEREEEEMRETRZEHTLA

o BUEICSE: All-Reduce i#EEENT A EMNHUEEFET 22 a3 TS L8 AY)3
£99R(E (Blam, KF. KFIY. REKXEF) , XEKEREEIDRTSEBIERNSG
R, ZEREETRBENLR

o LRI1E: TRULRIRER, LERER2W BEESI TR, FEE8/ D AMFEHEEN
LR, X—FTHWERTFAETRE F—F it E R E R EA—EREE



6.2.2 BREIFHIT

Model Parallelism MP
NFEIRHITHRE], PTURA—EREEERA, NBEKRES (Activation Checkpointing)

Activation Checkpointing (gradient_checkpointing) : FiREZFIEFPIHET SAEBEEHFR
7, WET— I TREREEFTENSRNEEE, RAEFBRNEERE FROEEMERER,
MR EEMERRT PRV — M B RNBEEEMtE ST ANEERER

AR S

SR EE S AR E R
- - - -
EEROEESEICAREEFAAENBIEEHRZE TE,
~ - A F10 3
XEFRENEHRIRHENETZ0NHRNTE, R, AERn A naREERs, REANIEIEZBEE.
1= = 55 0] p B, SIEIRE S FET N RPRKRSITE—R,
REEBERRRFENEFT. A EERIEEBNO A>T Ol ), MERRIBBIGI 1 HEA LIH4T AT,

tesh, ERTLUERRBEHITRIYDERENREME, NMARGPUREREMITERGIREE, 15
NEMXBENMUBREFFTEZFARNFHEET —IGPUL, — MEENRENITERDHES MTED
mtb, FBENAD NRKEHITHIKEHT

» |Inter-Layer (Pipeline) Parallelism
= Split sets of layers across multiple devices

= Layer 0,1,2 and layer 3,4,5 are on different devices

* Intra-Layer (Tensor) Parallelism
= Split individual layers across multiple devices

= Both devices compute different parts of Layer 0,1,2,3,4,5

o ZKREHIT Intra-Layer Tensor Parallelism: BHJtensor/layerfR K, —#KKBAT, Etensorsy
FHBIR, —KEE—R, XU LIREBRABKEFEEERIRZNMNERER, AESHIFR
EIZE EFHITIHE

1 # BREAE=EF: Lo, L1, L2 BEBRINIZT FKF
2 GPUO:



BENERHITRFEREZVNERRE(GEMMS), XF—1GEMMs Y = XA, 1ZEEIINELE
FEARY RGN, IKEHITNRAIMUS BATHITMIIHT, HEMERNEERE (LinearR) , AT
REEERRBNERSRH#THE, ARHIEERSHMRMLER, X320 KR REN
IER(E, EREEFREIRENERENBABIEZBFRE, AEBMERERE,; WYTFIEX
R (FINEEREE) , BEAFEHTIINIRIT. XEERNITEIERETRANBIENAE
FRIELL MRS, BIGIReLU (BIEZEMEIT) . Sigmoid. TanhF, XLERAEHTE LR B,
RAFBRMARIELRAX LR, ARRFEML. BAEKRE, #ENENITEIUSHRA—F
FIRVEEMRERIE, HPAIERINEMRICENINE, MIFLERIRISERNREITE, XEig
FEREFZIERFIRSEMRL, UIESHEREMIIGFRE

= g 2= .
TTHIT SUHT
¥ ¥ A
! forwmrd: ¥ = Ty & ¥3 forward: ¥ = [¥, ¥3] ]
o T (i g o)
) ) backward:  JF = Bk (Kentity) backward:  § (split) m --
EXEA ] [Oa]
- [4] | m .
I|.4|.| |.Ipl, As — | XA — A=[A;, A XA, XAz
X | %] X =Xy, ) I =D
_ foarmaral X, (mphit] f: forwmrnd X [idemtity) _
> L er—) 8 = 1. fk " hackwened: .:-I':.' Bl + Bl -
: x { ll-gather) ¥ {alkrodwce | 5

o GEMMsiTH1{T: mEIENERE A BRITUIDRMERD, NNAVE X LRI MERD
A,
A
X Xp, Ay JLUES—TGPULER, Xo, Ay AILITESE -NGPULIE, ARHITERA
ANER=]

XA=[X; X2]! ] = X141+ X4, =Y + Yo =Y



X = [X1, X = A2
Y=Y1+Y2
llll
l
X = [X1, X, 2
Y=Yi+Y,

=[]

= [X1, X3

NN R

a=[3]

X =[X1,X5)

Em
_ =l )
H
N
wemsas[i] xemiasfi
Y=Y1+Y,
o GEMMSsHIH1T: 72 A REYIFSE
R IR | e L

A =[A1, A
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X A= [AlaAQ] Y = [“:YZ]

Transformersh A3k EH1T:

S M TransformeriRE & 7 Self-Attention#l
Feed Forward Network, XLER{(ER KERIZE
PRIt , EE7EGPULBITHITIRME, MM
RIS B Y| SR A HE TR A2

1. Masked Multi-Head Self Attention: %
REIREREMEFEIRIE, XEARERT LK
SMHITHIT

2. Feed Forward Neural Network: ©&%
MeERE, 8125 REET MR
E OBUEREL (BEEGelLU) FIHEIEER
DropoutzE. XEREESEHITHHRY,
B LAEGPU LR HL1T

Megatron By FFNZ2—1MREMLP, F£—=E4H
FEMHZERR 4H, E_ERHEEM 4H TEF
H, FrlATransformerB&ZEN0T, KERXT
MF2EZR, 8 EARRT—MEEFIN
REtransformer/Z, &M x L ARILERE
#Lx


https://zhida.zhihu.com/search?content_id=232659360&content_type=Article&match_order=2&q=%E6%BF%80%E6%B4%BB%E5%87%BD%E6%95%B0&zhida_source=entity

ikEFH TR EN Transformeri# 171147,
Megatron £ Masked Multi-Head Self
Attention # Feed Forward #Ri# 1781 LUFH1T
&, BERIN—ERSBERIERE—NE
BRRE R AT

Self Attention &

Attention Dropout

Input Embeddings (tokens,
positions, ...) & Dropout

o f19MLP: MMLPFA, MLPRE—EISDRGEMM, EEEHEREGeLU Y = GeLU(X A)
M EIRERITIII AN ER TS

= 17H1T: Y = GeLU(X 4, + X2 4,), ER2GeLURIEEMIMTHE, hii2
GeLU (X741 + X3 A,) # GeLU(X1 A1) + GeLU (X5 A45) , FRUAXFhAREEEGelU
Rz E— MR R, XIMEFRILARFEGPUZBIRIRER



= FIHT: [Y1 Vo] = [GeLU(XA;),GeLU(X Ay)], FRERF =, HEEHIGelU
pUithHHERRRTT, MAFBEIIINERE (EbiNGeLUX EmAMall-reduceT) o TEFR
 f,g9 DR REARAMEEEZENEERM—Rall-reducei@(Etg1F. XFEZPMLPEER
TH17, FIMERSF—TMLPREIR Y1, Yo WNIHHE, FREEFINEEIRE

& Y = GeLU(XA) % 4 Z = Dropout(Y B) Y
[ A\

— 'SR |
| ® E i |
| = | X |2 XA; -:)‘,Rnl%- Y1B, ':PI:' I
| c| | 9 |

— I =
el : ~2~H |
| (] | c |
| =X |= X4, B2 = F"’ YoBs (= Zs| = |
' c || |
[ I I
[ I |
| I Bl ‘
\\\ A= Al: AQ] //I \\\ b= [B2] /’

. e

GEMMs

e e e N .

# Y = Self-Attention(X) .
i BEA; “: ;"/ Z = Dropout(Y B) \\\
| | ;
1 ERRRERE ) 11 |
:' = X|=[@& |5 |2| |9 m i = :
| R= g‘ -:-g @@-:p',:,b Y1B; '=D=' |
[ 1 1
; |-t |§] &) | o ,
| 1 =8 [=|Z| !
i 8 Gl i 1
; =Emn (2] (9 | g a
i =5 -:%’ -:>®-=:>‘,i|-> Y2B; m:» |
| ~\x|-mam 8| [ I B
: L) — 11 :
i i | ,
| L e[z |
| Q= @1, Q2] | L Bal Ll
\ split attention heads — ¢ K = [K, K| y

V=[W\,V)]

—ATransformerBlockEEEaIAHGEREEEEL all-reduceiBSIRE
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iK% 1T Inter-Layer Pipeline Parallelism: SREEENS, ¥omS4A, —iKk-kFE—4H,
B, BILBBE—MEE L, FEJIBRES —M&&E L, RELBREE=MEE L XA
KA UEAREISE EHITHITARNREMEL, MmiEESE

1 # BRIRIEEBSE MK+

Q| ======—c=———————————=—=== ——————————————=—=——=———=

3 ] Lo | Ll | L2 |L3] | L4 | L5 ]| L6 | LT |

=== ————— === = FE =S S

5 GPUO GPU1

6 # IRM—T, HeruorE#tiT (FilEl//ElA) i+ EBY, GPUITEFU? N&E
7 # HGPUlTER#TT (BilAl//E[A) 1T ERY, GPUOTETIN? INAE

8 # NTBILE”—FKIfE, RFEW“ LEePPtE=tBbatch#IED SR
9 # B Pmicro-batch, JKLZEHTT

BaiERBRKEFHITHEEIE T HfH: Gpipe#lPipeDream, 5iXFEMLL, Megatrond YR
KEHITERIMBEERR, KAT Virtual Pipelinel A%, EHRNMKEHITEESE—MZE LK
B/ MER, BEEITTENBEEZEESTERIEENER, A, EBINRKENREE RIS,
EREHEATHEIRT, SERKENEH—THD, UEAHELZNEEE, MMEEZHEE
LR, GRS T ERITIE



o Gpipe: ¥transformer layer #%#E1]53 1 E Devicel-4 £, FHIE— batch t1435% 8 4~ mini-
batch, HiEAY, & mini-batch M Device 1 i@ Device 4; &kIEAY, 7E Deviced EEHHHEE
FEH Deviced SWNEMSE, EHEEER Device3, Device3 MiEEITEMBSHNENEELA
Device 2 %, XAMMEEZ ——BREAE(RKLETHETE) LIRS

Pipeline flush
Device 1 EREENNAAAL: 112 |3|4|5|6/| 7|8 ERMEEREAEE
Device 2 12345678 2 (3|4 |5 |6|7]|s8 910111213141516
Device 3 123456738 3|45 |6 |7 910111213141516 H
Device 4 4 | 5|6 |7 |8 9 10111213141515nﬁ

Time ——— Devices idle

- Forward Pass :| Backward Pass

o PipeDream: PHE#EX 5 G-pipe N#HEARFAHE, =T/EESEH G-pipe —H, BEISER
HgimM R EERENIRE, 7E step PENIREMEL, 2K 1aiA1KkME A, #F9 1F1B 1
X, EXITMER, 81 Device LR/VRFERE 119 micro-batch WEIEE, REBEREM
IR B BUEE, ATUBEMMRERSEAE

Device 1 2 [l 5 6 n 7 8 . n
Device 2 2 - 7 8 9 101112 n
Device 3 2 e 5 3 7 9 1011 12“13 n

Device 4

o Virtual Pipeline: 24t pipeline H1Ti@E T —> Device EIE /L1 block, XZ2A T
BREERE, mitEREMBEREFEE—FE, 18 virtual pipeline Wl REEMITZ,
£ device HEXRTMIBERT, DHEZH pipeline stage, UEZMIEEE, MENTHALLERE
&, BT step e2e BT, virtual EMLEHE16E (K5 0-15) , 44 Device, HilR G-pipe
PipeDream @535 4 I>stage, ¥&4RS 0-3 B Devicel, 4-7/ZM Device2 AL, virtual
pipeline MR/ NISHIE, LA virtaul_pipeline_stage=2 71, ¥ 0-1 B Devicel, 2-3 B
FR7E Device2, ..., 6-7 BiRZ| Device4, 8-9 BUFLLIRTE Devicel, 10-11 EH7E
Device2, ..., 14-15 [RHRTE Device4, 7f steady FUBHEHE 1F1B FE R, REBXMAR,
DeviceZ [B]HY =34 sl {5 X2 (2) HiZE) T virtual_pipeline_stage {&, BZ8LEEREFRT



Device 1
Device 2
Device 3
Device 4

Time l Assign multiple stages

to each device

Device 1 [ERResaEE A 23] 567 89100084 s flol)n e
Device 2 23 4glHctE 8 2l 5678 .HlHEIE H HIE E‘”

Device 3 23 HH HH g2fgald- 56 7 8 gUlH n Er 110

1

Device 4 M 162735 5678 9915 3941051112

B Forward Pass [ ] Backward Pass

SERR EFIKEHITHIKEHTRIER BN, MER LURNEFE

MODEL PARALLELISM

Complementary Types of Model Parallelism Transformer layer #1 Transformer layer #2

___________

P|pe||ne MP partition #1 Pipeline MP partition #2

Figure 2: Combination of tensor and pipeline model parallelism (MP) used in this work for transformer-based models.

6.2.3 3DFH1T

@ BUEHIT: ENMERS, TIEgs
o BENME: SKELDEETEEMNEE, BE RESRE, ALEENERS

o WERE: HEMHTEN, BRNHEERFRFIEERN, FJUKIAFERNLMSEYT
. EMOMEREETHE, SEEA/NREREX

KEHIT: FRBELHME, RIBEX
o EFXMER: MEEHTEREM, MLFBRLEFLA. 2R REHRIZMETEEERIME

—7k
o HEXE: MEMNERE, RETROBEMRZEBENHERE, W7 HERE, iTHME
RIE

MIKEHIT: BENERK
o EFENE. RINEFESHRKEHITERIEERX, BRKEHTASEDEREFEFHERN
BFSA

o HEMX. ABERMNSRWR (P2P) B, BEESMKAZ MM BRIARBEER/)
BYIEAER



REIFHT > FKEH1T > BUEHTT
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6.3 DeepSpeed

6.3.1 ;BAfEIL%

W BHRE I E A FP16MFPI2/F s ERVEAIERE!, T EFE#TTforward/backwardiIBYREE
FP16, &4 E BT RIEFPI2E#

| |
| Format | Bits | Exponent | Fraction | flont32 (8113012828 27]26[85{54 123 22

SR

. F16
float2half Weights FWD Activations ]
Activations ——> l
| FPR2 | 32| 8| 23 | ==
» | FP6 | 16 | 51 1 | foar [ octon |
Activation Grad |8 1| 1 -

| — SRR

Weight Grad __ F16

HEDSTCE
FP32 1x271% .. (2— 9127 .
Master-Weights (F32) Updated Master-Weights * ( €) * ATHRIELLMATIERE, bfloat164F T floatl6,
FP16  1x2 M~ (2—¢) x2® GPT3, GLM130Bf£A T float163#4Tilll4k.
PaLM, BLOOM float163#1Tlll%k .
Figure 1: Mixed precision training iteration for a layer. BF16  1x271% ~ (2—¢) x 2% @ OOMIER 7 bfloatl6# 7%

6.3.2 ZeRO ETR ML 2R
ZEROKIE 753 %:

o EEKE (modelstates) : RESH (fpl6) . REHE (fpl6) MAdamikE (fp32yiRELS
&M, fp328momentumillfp32fivariance) ., RIZIRESHE O, NHEE
20020+ (40+4D+4D) =4D+120=160 FT{EfE, ATUEE, AdamLt2I RS SLE 75% , FH
SEBHEERISIN_EFP32RIEE

o FIRIRE (residualstates) :[RTIRERESZIMNNEFESAH, BIEBEE (activation) . Eilg
& AKX (buffer) URTEEERNEFER (fragmentation) , BUE{ERILAFactivation
checkpointing RAKF L

ZeRO=TM IR BHF L ASHR:




Memory IPK:71§B
gPUq gpPyY; gPUp. Consumed | "¢,
Baseline 2+42+K)*¥ | 120GB
+2¥ + 31.4GB
o 29 + 2% +
(2+ K)+ W

Possg 2+ SN, 16:668
p 2+ 2+ K)*W¥ 1.9GB

0S+g+p N,

Parameters Gradients Optimizer States

HIEE{SE 9. DeepSpeed ZeROFEBIUIEH1T

o (BEEUIRHIT. RHAIURIUEHITES—F (step/iteration) IHEBER, FEHIT—R
AllReducei2ERITEHEIE, HEIEANZERIng AllReduce, 73/7ReduceScatterill
AllGather%, BIKFIBEHIEE (RiXHER) EMH 20

i rank0 { rank1 | rank 2 | rank 3 | 'rank0 { rank1 { rank 2 | rank 3 |

outO

out?

out3

outYTi] = sum(inX[Y*count+i])
Reduce-5Scatter operation: input values are reduced across ranks, with each rank receiving a subpart
of the result.

rank 0 rank 1 rank 2 rank 3 rank 0 rank 1 rank 2 rank 3

in3

out[Y*count+i] = in¥Y[i]

AllGather operation: each rank receives the aggregation of data from all ranks in the order of the
ranks.



rank 0 rank 1 rank 2 rank 3 rank 0 rank 1 rank 2 rank 3

in3 | mmmp:| out [i| out || out |{| out

qutﬁ] = SLIJmﬂnK[i])I

All-Reduce operation: each rank receives the reduction of input values across ranks.

e ZeROl. 2KER(MUBRERK. BEHK): REREEHT

BESH Povry > SHRERTHE ]ivammgﬂmsmmrg, %t Fgpu_ 0K, HTHEER %ﬁ%
ERUIE, BEHT—RReducelRfE, HEHIRRE %@-N: b, REEARENFEERE
RS HEET . SO T bucketsiss, RIE — MEESHKERRE—R.Y gou_0 3815
BEWER, RTUEHRRNRLERS (OF %@ MBH) , URBEETRESR, #iT—

1 1
RGatheri®fE, B (1 — N)(I) FRBRI S, BIEHIEER N(I) N =%, £FFKFE, HETF
FBReduce-ScatterflAllGatherfE%, FEIBHIT—H

All Reduce Reduce- Scatter All-gather

GPUs GPUs GPUs

| AO | BO A
A1l B1 B
Al ml o
A3 | | B3 .
-' s A A A A
e ZERO3: #ikKRET I/NSH, FEREFMAITERRRAEE, &% &k—XBroadcastif
fE, All gather + ReduceScatter + AllGather'B= 2239, BInEHIEHITANL.5M:E
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o CPUP#; ZERO-offload: FXENFE, MARKIHEIFHEZICPU, EEFHLILGPU - CPUEIEE
CPUHEMAREUT=IMAERMK:
o HICPURITEE, B&HECPURLAMAEHRIT
o &/IMEGPU - CPUZBIRVIBIEE, B HR@EFHM AR
o ER/MUBEER, RANGPUNEETHE

$RIBENEL HHREE:
o FP32H9REEIS R, ILERIRE --> CPU o RILEEFIEAISBE > CPU
o FP16MIREIS¥R, HRIEEUE --> GPU o FiEEENSEEE > GPU

BISE: FPI6HVIRE. HEISH

\ Step i ! Step i+1
FWD & BWD p update FWD & BWD
Computation stream: ‘ GPU | | CPU ‘ ‘ GPU ‘
Swapping stream: ‘GPU-:{PU ‘ ‘GPU-:-CPU ‘

goffload p swap

Figure 2: The dataflow of fully connected neural networks with
M parameters. We use activation checkpoint to reduce activation

memory to avoid activation migration between CPU and GPU. Figure 3: Z&RO' Ofﬂoad traj.n.ing process on a Singlﬁ GPU.

6.4 Accelerate

Accelerate @—1 PyTorch AFigitHIE, SEFEBEAI BNV ESHEEIILNTE. ER
H7 —FiE e B RIEN A URIMEANT RBER PyTorch JIZMA, MEARRS TKFERAE, EH



P 8ESE AR MR BB AHMR T B R R HIDERIE R4S 2. EXRAIRERABIMER FTRmHT
£, Z¥EDeepSpeedtZHZeROEAZ

o RBINESR, FHLLERENBERERZHNEZ REER—FENRD

o RIFTEHEANEM LIGEARREIEE: Accelerate FAILIE Dataloaders Eai,. XEEITH
EXEIF2ETRIB, ©AUEI4EREBoiiES 2R L X RENIRE, MTTAFEMEERE
BEFHIEN—E D, MAR—XEHIEEFNPENARNTE

o F¥iDeepSpeed: THEEHNMNIE, RARREXHEITIXYDeepSpeedHFEENF.
STV

HIZRESHAEEKRHA TR (FPlEbatchsize NI RIREFGAREHER) , XEMFERKIE
BhpARElayerfEIRENGPUL, MEBINGPURRTEFR—EDIILZ, SABIBERERLREN
By, #RFEZEBPFHREREIN MR L

from accelerate import dispatch_model
model = dispatch_model(model, device_map="auto'")

print(model.hf_device_map)

o 0 W N

print(f'memory_allocated {torch.cuda.memory_allocated()}')

bk iani ]|
HeB AN+, REEEM/LITHREEIT AR 2B Z hxti!
e accelerator = Accelerator() %l

e accelerator.prepare {BENIRE., iR, MBIFEFEEPROHEaccelerateEmE, ILMEERK
(REESE

e accelerator.backward(loss) E#tigEHM loss.backword()

o MBREBHEHRT, XBENIFER accelerator.clip_grad_norm_()

o WNRFIRBEFMEIEHE, FEunwrap MMRE ENTEEE prepare() H7ERY, RERTEEH wrap M
mATF 2wk

import torch

import torch.nn.functional as F
from datasets 1import load_dataset
from accelerate import Accelerator
accelerator = Accelerator()

device = 'cpu'

device = accelerator.device

o N oo o~ W N R

model = torch.nn.Transformer () .to(device)


https://zhida.zhihu.com/search?content_id=232671680&content_type=Article&match_order=2&q=torch.nn&zhida_source=entity

9 optimizer = torch.optim.Adam(model.parameters())

10 dataset = load_dataset('my_dataset')

11 data = torch.utils.data.DatalLoader (dataset, shuffle=True)

12 model, optimizer, data = accelerator.prepare(model, optimizer, data)
13 model.train()

14 for epoch in range(10):

15 for source, targets in data:

16 source = source.to(device)

17 targets = targets.to(device)

18 optimizer.zero_grad()

19 output = model(source)

20 loss = F.cross_entropy(output, targets)

21 loss.backward()

22 accelerator.backward(loss)

23 optimizer.step()

24

25 accelerator.wait_for_everyone()

26

27 if self._accelerator.is_main_process:

28 unwrapped_model = accelerator.unwrap_model(model)

29 accelerator.save (unwrapped_model,model_path)

30 torch.save(unwrapped_model.state_dict, "./model/accelerate.pt")
6.5VvLLM

VLLME — N FRRRIREHIZINERAESS, @idPagedAttentionZ 3t & attention PEFHIKE,
LI T LtEHuggingFace Transformersim245MNEMR &, HIREZE FPagedAttentionhy

PagedAttention:

RRAHIEN RN EERBTREF. —SHEVISZIEPEFHVKAVIKEIEE K, ELLaMA-13B
B, BENEIIRAHREESHLTIGBAF. —ERELARDERN, RTRAFTINKE, BTFE
REMZETE, MENRLKRET 60%-80%HIATE, PagedAttention RZEK B FIRIERGHEMNA
FMHTINEHER, ERUATEIREETEEEFHESRNKVIKE. BA¥RH, PagedAttention
HEITFIINKVEFH#ITT 7R, 8MREFEEKEMNtoken, MiEitHEattentionBIr] LIS
ZIHIRENARLE R

https://pic3.zhimg.com/v2-e8a2317d1bc7ba5670ca05f68196453e_b.webp

SPMEEKENRATUEREIARNEFRRIDL, tokenB] LABKFT, FIRIUER#E, BaBL—1
RERFLA] LR ES RIS IR IR R A EE LY IEIR , TADIEIR AT LURHEHT S B BYtoken#& FE D EC

https://pic4.zhimg.com/v2-6035b0440dd9f0eb37bc9¢c221b977799_b.webp

FRUFFIERIRZ G, RERE—TMRARZIRERNTF (ERFREBENAERTI%) . BRFBRE
ASFAMRBAE . RG] LIE—PbatchRERBAESZHFS], RAGPUNFIAXR, EEMREAFTULE


https://zhida.zhihu.com/search?content_id=232671680&content_type=Article&match_order=2&q=optimizer&zhida_source=entity
https://pic3.zhimg.com/v2-e8a2317d1bc7ba5670ca05f68196453e_b.webp
https://pic4.zhimg.com/v2-6035b0440dd9f0eb37bc9c221b977799_b.webp

PagedAttentionfI B Sb—MF R ERMAFLER. B, EHITRFHRE, —promptHEEEMZ
MaHFE, XMERT, WFXMpromptiyitENRENMEREFTIZEHE

https://picl.zhimg.com/v2-b22751a85181c355d4acaa222d781afe_b.webp

BIRROI U BAMSSIIAFEREE, RHIZEEZYIED, £PagedAttentionFHIREFFED R
ARG B —FERUAIE IR ER] ISR Z R, ATHRZTEHE, PagedAttentionERERIERAYS|
FAit#%, F#LIT Copy-on-Write#lfl, AERZH L TE55%RNEFEERE, AKBRRET RERENA
EFHH, FEREART&SR2.2ENERE

https://pica.zhimg.com/v2-cab043f5f4d3ed2f4e369a542617fb22_b.webp

7. Compression {28 E4SE (7 ##)
BRTEREA, RLEE—EARUERRARMERUNBNORNE, HEFHRLREEE

:I:l High-Precision Weight | | Low-Precision Weight - High-Precision Acti ivation | Low-Precision Activation ED Zero-Value Weight
Tokens
X ;
EEEH EEEE “““““““ I L ™ Calibration
» L | e : """ (Opilanal)
' (Optional) Tokens “ Kc_:-s : ' H @
Optional) [ Channels| R ‘
i (Option I ) X | H
- ) *
Training Data
Data 1 - Quantized Values
Update KV Cache Quantization | | | Prom P M "
PTQ
e PEURING
U
v
Decompose |
> L
Knowledge Distillation Low-Rank Approximation

7.1 Quantization 5B 2k

7.1.1 E4EY

RAE 1 URIERHIEE EM AR EL I EWfloat32, floatl6MFRBWNERMANBERSNE
BENEMNInt8, int4pdiE, BIUEDHUHRTTREE, BREWRILURDRERST, #iM
BOEHENAFEER, FEE—ERGEESERIRCIERS ErT DU INHEEERE

@ EERBIEAR:


https://pic1.zhimg.com/v2-b22751a85181c355d4acaa222d781afe_b.webp
https://pica.zhimg.com/v2-cab043f5f4d3ed2f4e369a542617fb22_b.webp

e FP32: 32{IFR¥, BEREANSRERTAL

* FP16: 16{i;¥R¥k, HEEELLFP32/N, ESAREFRD

e BF16: 16{UBlTAIFP32, 1IN, METCEE , ERTREFS
o INT8: BfiF#k, (UEXAFP328Y1/4, &R TIRESHAVEIECE RS
o INT4: MUy, #H—TRMIE, ERATRIHRFERRIVR

o “{HEM4 (Binary Network) : L{U—{EN%, SHREN0H], ItERXRESEREE
PRBK

TR EmMREANENAUISESIS, RTSLHISHNEMKMARISEN. LSRR EES IR
R, AILUSRELESEN1/32, FEHEIERI A LUER S MBIXNORAMBitCount(iiz B RIZFAHEIRRE

BUWR:
o IE (Weight) : RENELZREM, ALERERREAX/NREFN S BZIE

o HUEE (Activation) : SEFFHREGEETERSAEFEANIAK, EXHEEMETURKELA
74, EEBNE, SENENENATURDF AR ERIFEERA

AR ERHZTEERWEIRNG S HLT USRS ErViELE
e KVCache: £t KV EENTREKFIENNEHEEXEE

o HE (Gradients) : B EEMEUITREEFIAR—LE, RAFTERTIIG. FIFHEREZIER
B, BEBERTAY, cEEEARESHIVTET R BEFE, aILUsbbackwards
AT

ER:

RIBEXMHIERTNRBIIETERETYS, AN i NEEXNIEREEN. REHEL

WMEEMNEFNECEEEE BRI, FLER EERIELEEMSBRBERLE /), BIEEMRHE

B EgMEtrtEERER S, BEERLEEW:

. r
q= Cl’Lp(’I"OU’)’Ld( ; + Z), Amin Qma:/v)

Scale Scale Scale
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e
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! float,qx
1
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1
*

INT — 4

Vi
I

Hfr RENHIERE, ¢ DENENEL, roundRREE, clipidilt, s AEIBEELRIER
z NEERE, NONEHEANIREN, FRHORBHERARIIREN, WNMEXTLIRRENE FIEiH



BRitEzX0E00, FREMIRREITEERE; IENTRENR LRIESLFREAER 53 e &/IVvEH
=/ME, AAUENRESHNFIBAEXSIERES, FREXSHIRXER

i W I maldxt -max(|x) 0 max(|x)
\‘ ," Ir\‘ * % o ¥
‘\l I_-*"! "'1. i ,-.f"!
I 1 e =
0 255 128 0 127
EIRE(L FOET=—-114

RIE s f z WHECESWAE, SUHETLUHITUTSE:
o ZB= per-tensor: SCEREK, mEH, U—BMENEMU—HSHELH

per-tensor quant. per-tensor quant.
D Ci OAy
Ax C,

BrX *C; W

"
T

o FBEE per-token & per-channel: LUI—EMENENEN@EENEL, SEMBEERIMAE—A
ESH. ENVNEEAN, EeNENRE, HEHREESR, HMF, pertoken HXHEXMS,
BTN — 12U EL; per-channel HYINE wME, SINN—IMEXERE. E5EHATY

vector-wise

AX[TXI] AW[IXCU]

per-token quant. per-channel quant.

o ZELAE per-group: UARNBEA, SNMALLMKITHEER K YINEFER—AsMz, ENAELR
F per-tensor #1 vector-wiseZ ial, 2 groupsize=1 Y, ZFHEEBUSZEEUEFEN; H
groupsize= HIRZIHEN, FHASEKSZBEENFM



o UEINECEENNED LUERFERNEHITEN, WFHFERTEEHEREN (HIEIEF, K

B ERENEARY, WHEHITENK) SHEEN (EHEEFMItBEFENELRLE, T
I ERNA)

Ea:
RIEE N ERBER MR A

E L =ZENi4 Quantization Aware Training QAT
= L ERHI#4E Quantization-Aware Fine-tuning QAF

&

4% fSE 4k Post Training Quantization PTQ

7.1.2 QAT 2L REANIIZR

EHAEETIGER, ASEEEDEN “GEATE , mSUNENEILEL, BREW, X
HEINT BHIRE, iHERENGTIER B FIRMLIRME, Ehktraining loss BIFET M
quantization error, ERTHEAEEERRESNHE, S8k EMTAEMERIIER T
B, ELLMIEIZGR S BN R ERT, MR B SN RN RkNE

QATAH%:
o LLM-QAT: FATIZEE A RS RF LM T EIRRH

<Start token><outl><out2> - e ~

1 4 ¥ Pretrained Model Teacher logits

r Teacher
Pretrained Model \.
] <outl><out2><out3> - p : Knowledge distillation
¥ ¥ ¥ : t
<outl><out2><out3> - N Quantized Model — Student logits
Student g
L /

(a) Next token generation (b) Knowledge distillation for quantized student training

Figure 1: Overview of LLM-QAT. We generate data from the pretrained model with next token
generation, which is sampled from top-k candidates. Then we use the generated data as input and the
teacher model prediction as label to guide quantized model finetuning.

LLM-QATRXEH T MEMEHE, TEHTKVEF. XTRESEIEREHEHIHERNF
o LLM-QATRESS I H AN EMKVEFENHLLaMAREIZ IR A (N A 4L RIREY
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Figure 2: Overview of the quantized transformer in LLM-QAT. We quantize all the weights and input
activations in fully-connected linear layers. The KV cache is also quantized if specified.

7.1.3 QAF E1L AN

FERIATERNLLMAITEN, TEBMERFREIHANLLMEENARRAE ST REFEE, @i

RENRMBESIHAS, UEEEESEMEREEZEEIS T

QAFA !

e PEQA: Memory-Efficient Fine-Tuning of Compressed Large Language Models via sub-4-bit
Integer Quantization, —MFTRIEMRRFIARA, AJLUEHEBE4EFH IR, XA T XM
Bidgin T, TR, S81M2EEENSHERRELNRIVEESIERNFERE. T8
FiE, WEMIE FTHESHIREREHITHIA, XTEREBAKES 7EREA/D, MEET 3
ERRVEIRIERFH R T IR S EARNTF. FRERERHMIAN SMAES IR IR EE

Decomposition Fine-tuning & Fine-tuned %Froaen
(Quantization). ... = nCITITT T
1.2|0.2| ... [3.1[2.3] L T ' iy L2 BT ST,
5.1 4.3 !

1.2 |
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Figure 1: Illustration of our proposed PEQA scheme where A - B indicates the element-wise product
of A and B. PEQA is memory-efficient fine-tuning method for quantized large language models
that updates only the quantization scale while keeping the integer matrix frozen. Notice a significant
reduction in memory footprint when full-precision weights are converted into sub-4-bit integers.
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7.1.4PTQillklE=E1k

QAT AN “MEAT R’ BMIAXKEMT HEMRZ, TEEREMBAMIEL LLM, BaiH>d LLM &Y

SWHREBEDRT IILGEEW, b0 LLM.int8() , SmoothQuant , GPT-Q ., WFNEM=S,

FIUEHIEBEREATEFEMRE, THREK. ERXNTEE BIZENBEN) , Si1EE2RA

89, BURTF E{RAVHEIREAN

ELIMIIERRENESHHITEN, REELVEREHIR, ERATEXRS S AMMRZINEGZ RN
= FEBMmERVLLMNE#EIITEE RN, MIAHXLLME BTN HITERIZ%. PTQRY

FERBETFHEREMSHE, BPTQREEREENIIERIIN—ERENRBERX

PTQ%%:

e LLM.int8(): BUEEXPEE—LEEE, SlNENEBEER;, HEAXEEHESHELEN
JUNMFIE B, MABEF L. UWRTEREBNEEHE, FILE per-token i&=Z per-channel
quantization, #HEZIXLEBEHENRAT, LLM.in8() WERE, BARE L ENIBITIES
EEE, IPMiEXERHIZEEREMITE, INFREFTEHENL, IRBESRESBRNENS
&, KT — 1 ERESHE, WERIINEMBEASLLIFEN (vector-wise) , WEEIHIRL
MEEREL6bIt, MEMSHEENEMERZE

LLM.int8() — tMectomse QUmeson o

1 (1) Find vector-wise constants: Cw& Cx (2) Quantize (4) Dequantize
X*(127/C) =X
; X 12— s 27 = Xoa outt (C®C,) _
H w - =Q0ut_ i
- Y = 1 Wis (127/Cw) = W,g 127127 F6
1 3 3|2 o[-2
: 1|1]1f0 o S (3) Int8 Matmul
2 |a5]-1 171 [-1] 0] H T F16 W F16 X W = Qut
X 0 |12]3 Jeq 2 ﬂlil ' C e 18 132
EYERIBYEE 0[] X
FPIG |3 [ 2] e e e e e s smmmmmsmees
FP16 16-bit Decomposition
..................................................
L—) i (1) Decompose outliers (2) FP16 Matmul
i PG RE) \;MO Xerg W= Ot ;
]
[] Regular values ; X ;jgi 3|2
[] outliers i Fi6 e

e SmoothQuant: $H3HECETAEEE, SmoothQuant AH T 5 LLM.int8() FEIMARLE R, &
EEMEMEINENZ WSS, FJLUBT— N EBR, IE-EMEERN—T:

Y = (Xdiag(s):lA) - (diag(s)W) =
XW

s; = max(|X;[)*/ max(|W;|)'

TR ENEEENNEHITEWEIR, NE
XFper-tensor, BUERAAREKRIE. R
MBENERERRE:


https://xa28v325rbg.feishu.cn/wiki/SSkfweoOtiU5k7k0wmucWGYFnfg#share-MmEIdvBmwovlfnxGOsCc7xhkneh

outlier IX| |W| Method
0.1

—
=

Weight Activation

e ) ) WEAS per-tensor  per-tensor dynamic
= low effective bits ZeroQuant group-wise per-token dynamic
5 ff | \'\‘ LLM.int8() per-channel per-token dynamic+FP16
% Outlier Suppression per-tensor — per-tensor static
0
hard to quantize very easy to quantize SmoothQuant-O1  per-tensor  per-token dynamic
Ot SmoothQuant-O2  per-tensor  per-tensor dynamic
(a) rigina SmoothQuant-O3  per-tensor  per-tensor static
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(2]
-
g
<
S
S0 = 0 .
easy to quantize easy to quantize

(b) SmoothQuant

e GPT-Q: LLM.int8() #1 SmoothQuant #B/& F round-to-nearest (RTN) 21¢: EANEREMNE =
¥, GPT-Q MZEIBELEMIEM KT, ZERIFHRRMHVEMNE. WEMR (block) IRIFR
BEMETEN, 81 EHUENE, FEEHRABXMRANEMEKREMNESEH, MIRtEXERDN

BEHIX, LI, GPTQ EUFEEERERIES

Inverse Layer Hessian
(Cholesky Form)

Weight Matrix / Block

m

RN p

computed initially

block /i quantized recursively

column-by-column

quantized weights .:

unquantized weights
that are updated

e AWQ: XIFLLMIEEE, WEHARRFEER, BT RB1I%HNEENETUAKBLEWNIR
=, TUEME, AWQRRATHERMAZE, EESRAHTRENMMNEBENEEY, X7&TE
WIBEEFINEEXRBER, XAZBERMEARBERERZREF, MNMEELFAENEN

BEN&IMEENIRE



bad hardware efficiency
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(a) RTN quantization (PPL 43.2) (b) Keep 1% salient weights in FP16 (PPL 13.0) (c) Scale the weights before quantization (PPL 13.0)

Figure 2. We observe that we can find 1% of the salient weights in LLMs based on the activation distribution (middle). Keeping the salient
weights in FP16 can significantly improve the quantized performance (PPL from 43.2 (left) to 13.0 (middle)), but the mixed-precision
format is not hardware-efficient. We follow the activation-awareness principle and propose AWQ (right). AWQ performs per-channel
scaling to protect the salient weights and reduce quantization error. We measure the perplexity of OPT-6.7B under INT3-g128 quantization.
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7.2.1 BIRfEITT
o HEEIBHKEISET N INE R T M EFT B S SR E RS

o BANKMRERNEPHTR, HRIXMIRAEITRMIEXRBIONE, ROMBRBEXPDHEE
wrE

Pruning

Large Model Small Modlel
® 5)
o ol ™[0 .
Q Pruning O O
Quantizati O Q = >
antization O O e 8 .
b o
7.2.2 IR
BB ARRIZREE =M
o FIZRIRE, AR, RERA
Pruning ‘ .| Fine-Tuning

Training

o REGNGHIEPER, AGEHE



Training -----> Pruning Fine-Tuning

o HITEIN, FARMKINIEREIIRATIREY

Training Fine-Tuning

1.2.3 Btk

o JRLGRHIEEIRL: BENYIRIINE N EMETHHEMITHR, BBRITNSH, MAEEEERSSE
. XMAEEIRKRTHENSHESHAIN T IINERHLTHITLE, ESBHEENS
Hshy, RERAARNEIFREL, HEXMARNWERTEL N EERARFENITT TR
RRAREL, Ib4h, FFEMUEIRERE BEXNLLMAITAENEINIGUAE AR, XIFLLMER

LHERZR

o fhR: BNFERR, BEXSELS
o HRR: BEARAE, BENERMERGR, 28 % REF USRS INERER

E[2 1 LA-TE P

o SparseGPT: SINT—RUBIEREE, TREMINE. 257 E2BERMA—T ZHHHEYI
B, HERTPARIHEYRESRFMER, RN T EZNIFGHERTRNE



w p% sparse
.., .. ey gy
t . Y
u?fa ¢ \ e ) 5
e N - | AR - g
mask M g N\ N \ § i) g
& Vi | g R ]2
i i £ g
| i 3
SR &
—_ | - _ -1 (Hy,)™?
(Hp)? o> (Hp)? —> (Hp)? > (Hu)” (H,)

o LoRAPrune: F¥Z¥EMHIE (PEFT) HESEKREES, RS NHESHMERE. 5INT
—MIRSHISREEMILE, ER T RELoRAREMEEE

(b) Gradient guided pruning

o Wanda: RH—MHBIREE, RIESMUERNK/DLURERENMEREHRRIHITIT
i, ITFEMBBIEA—MDERESEEFEMITEN, XITEERTEAMRRHERNG
EBELER, (EIFRILAMLLMARSERILSERBIRRIINE

Magnitude Pruning Wanda
______ = —IWI slol1]4 S = W[ [IX]i2
410|1]-1 4011;4000 W l3|l=2/-1/-3| |4/0[8 /3| [4]/0]|1]0
W 3 |-2|-1|-3|»|3 2|1]3 i—v 3(-2|0(-3 310|234 |8[9»0|0]|-1|-3
3102 3102;-3002 132|061 |-3/0[0 |2
- Weights Weiéht Ir|-'1portanceI Pruned-Wei-ghts Iz Z-E‘ Weight Importance Pruned Weights
grouped per layer Weights and activations  grouped per output

o ZEMLEIR:: RIETIE MMNIZIREREFELEN, FRFESTEREMKZEN, MG E R
SHELANE, MBETREBREERMMAEFEER, RENRFRANLLMEHTE
S ERRFE:
o LLM-Pruner: RBT—MZINEEMN T ERELELLMSs, BRRIFEITNZEEZBRAMIES LR/
BESo EBEINT —MRFICNE L, UEMREENEBEKRIILEN, TR T —fhE A
SFEMMITAE, FET—MESMEMHessianE 8




Evaluation Group Type A: MLP Group Type B: Multi-head Attention Group Type C: Channel-wise Grouping
QA NLI MRC Down Projection A LMHead

[T (i) Task Specific Lt Task Dataset & Task Dataset O
. oo |—D
:}I Compression : . TS = [u! @
LLM

L ~
o (i) TinyBERT .}. 20GB Corp:]s l-] Task Damset’ o @
u}u [ ! 3.5 days (4 GPUs) D]
o = .
Task-specific } ~50MB Corpus ﬂ. )
iii) LLM-Pruner H=T"H sk %
model (i) » 3 hour (1 GPU) @ @ @ &
Query

Compression

Key Value A

&R LLaMA-5 4B by LLM-Pruner &8 LLaMA-TB Embedding
‘r'/ The Leaning Tower of Pisa is known for its unusual } y’l The Leaning Tower of Pisa is known for being tilted N Figure 2: Tllustration of the coupled structures in LLaMA. We simplify the neurons in each layer to
3 tilt, which is ‘_“"?S““ of a number of factors. _Whe“ the i and X un.stable. However, its ;tory is ‘_““Ch eIy make the dependent group clear. The trigger neuron, marked as a circle with a bell, cause weights
| tower was built in the twelfth century, the soil beneath || fascinating. Although construction began in 1173, the | with dependency pruned (dashed lines), which may propagate (red dashed lines) to coupled neurons
| it was extremely soft, allowing the buttresses to settle : : tower was never meant to be tilted. It simply became 1 (dashed circles). A group can be triggered by a variety of trigger neurons. Taking Group Type B as
', unevenly. This resulted in a tilt towards one side. ;. that way because it was built on unstable ground.

77777 FAN J an example, the trigger for this group involves (i) the attention head, (ii) the output neuron in Query,
""" Key or Value, and (iii) the input neuron in the final output projection.

7.3 Knowledge Distillation #1382

7.3.1 FIIRZFIBETT

FRZEIE (KD) B—HEERAMIRMAREEE (AIHNER) BB NERRE (BIFEE
B) B, AILLZ3 A BlackboxEIiRZEIR, B% Reeimin#ME R pvialt, XEHIMRE—RE
FAFEAESIRE; UXWhitebox®NiRZEE, EXME R TRIMAMBITRENSHNRE SR, D
REBEREFRXESRE

FLERRIAEAH=2OEM, P3I2HIR (Knowledge) . ZEiAHE % (Distillation algorithm) . Ui
42784 (Teacher-student architecture) , —REHIIT4EZEMEN T EIFAR:

Teacher Model

Student Model

BE, BITMEZLEFENER, BIRIRRBIGZRFETNENAIREZEFENS, Eit, %
BEITURATERRE, BRAERTA/MRE, Fib, MRZABRIEFTERIES, XMEHUERE
LU A THIMER T RrVEIES, BRI LIZFINIEESE

i

7.3.2 AEFIREE
HIiARERY . FEH Response-based. Feature-based. Relation-based =74



Relation-based

[ePOW Jeyoea]

feature-based response-based

e Response-based: HEIIRZEIASTXEBHFIRFITHZE, FEENBHZEF ISR RN B
fit. BENEEMEE M FEIMIRG, BEEELEREE

Distillation
Loss
-

e Feature-based: LE—MAZFIEMERTEE, FEREERFIHNMERNRETUNLSE R,
ZRIREMENEETEIFTEBERIFE, HIMERNREENHERERAIMUMEREERR
HFE3 B4R, ¥ Response-based knowledge etk 7E. BAETIHEMNAIREB HFEEIM
FIRETEZELS, ERTEEERMBMERNEMR—EERE, WA MBUHER AIEEH—
BERE (BTRE) , NEERREPEEN—ZF GISE) BHAMRENHERE, B—1 %
ER7AN>, FI, HRTEMSISBANNEEERN, AERLEHRITSFERNFHERT S
FEH—TRR, BRREERANGER



| E o

Layer2
Distillation Loss
Dat:
Layerl Layer2 Lay Logit:

e Relation-based: bRF#MAEEFER 7T HIMEER PRFENEEPIFENEL, MET XA
INH—FTRRTENEERE ZENXATERZENXR, FIIRFHRIMEE TS feature
maps ZI8#Y Gram (EFF (MEBREHEZEINXR) EARIR, ERFERTHRINEE FFFER
THBEDE (FERZENXR) FRARIR

————————————————————————————————————————————————————————

Distillation
Data Loss

--------------------------------------------------------

Student : Tl T | Tn

ZIBEA & —R%D I =Foffline distillation, online distillationFlself-distillation

o Offline distillation: AZFDFINRIBEERANAZE, TECSHMNIEE: 1) RiBa¥mER
gk 2) FIBERTRHIB, TEMETAIRTRZED, HNREBEESHEKX, JIZKREEILLER
K, —EARREERS@ETXMARNGE/VER!, tbil BERT @i R @% S)45 %) tinyBERT

e Online distillation: EXHMERMFERBFENEH, TEHNSHE KA. BEMETFHHD
BRRCREE . MIBNAETEFHLEREBEEZFETESHEKR. BEMREIFHBIMIEE

o Selfdistillation: online distillation B9—F4%f, MR A F AR K AERERMNZIEE

7.3.3 RERIREE

HEFMIRZBHUIREKD, EELFEFSIILLMAARNELRAIR, Mt smAEERES, Btk
T, FENRZRBEBRESRINCESEREEN—ZBNES, BTHRAFEESHRE, Mmkee
AMBEMARIESHERERBEFEIESRE, 53089, SFLLMENR, MiRRBEERET Z IR



BYEINEES , FREAX A Emergent Abilities-based KD, EERICL. CoTHlInstruction Following
=#EE

o ICL: RALHLNEMES prompt, BAESHAT LR, BIXLEASRA, LLIMATME
ARERRBEEROER TRENATHES. ICLEBELLMKE FX O AY IAES RS
BENRBEPEREG, BETXEIBRSHANESRERMZS, HEORALIERT
#1TICLEE

* CoT: CoT5ICLAL:, FERTFHMAT REEESE, R SHAUSMBLNRY, TARER
HREA-SREN, —EET COTRRIBTIE: MT-COTRIFLLMsP= 4 HRTER SRR 1O R3S
B, FIBSMESSSHER, B8 O A &R AN LR ERMABRNEES; Fine
tune-CoTBEBEHRM MLLMS S MEBIRAS R, ARG T 2R 03
SJid#2; SOCRATIC CoTHllghT FiMEIBIRAL IMEIS RIS TINERASE, HRESRANTS
BH—FHIFIIE, TFDERRBULIRRXLETFINE; DISCO SINT —HEFLLMsHIRS
SHRERAREBSE, TES TRUNERERDER, ABB ESBENRMELEX
EREMIETIE, LURISRENRENMIE; SCOTTRANLRN, BEMRESERRAR
K, 5 MU RAREVE X AR

o IF: BT ESHATRRBTOBTO. BIEH—RIILUESTHRRANESHITHE, 15
SR RIS S5 IR AT DIATR TSRS SRR ES MBS, FIMLLMSHIB RIS T 2408
RAtEsE, [RELLMIRSIRIAER, ‘B 159, AEAMXIESRIEES EHA0E

| Taeks In-context Tuning' LLM In-contet Learning distillation : SLM
(a)
Prompting Generating | _
Raw data LLM -L Explanations SLM
f
(b)
Promptin G ati
— b ——+ { ins::::iun J—__‘ =L
1
(c)

7.4 Low-Rank Factorization {E# 5%

RS RETESHAENNEIEESERAT RS MBRNEENIER, MTXEH#ITER, K&K
BE RO BRBZRE — M ARINEREWN 22, JEIMTERUMY, ERW~UV, HFRUZE—
ImXKERE, VE—TKkXnikErE, EFRKZ/NFmiln, UMVAISRIRDLIMTRIGINERR, MKTAE
BT S EMITEFHE



FELLMIARBVRE 4808, MRADBERSMEASRROHERES, SEEHE. EtF, flu
LoRAPrune #1ZeroQuant-FP, IUSKILEBMHIELREIIRIFIERE, MEX — UV RMLRHTT,
ARSTERRRDBYATEELLMAEERE—THNERE, EBNEEFENRRMELLRTDLE
HELLMAENE

8. Updating HIXEFAA

8.1 Paper Reading i€ X2

FIEYR [ZRNEENZHFR]

8.2 TransformerE, 9 HritE
FE D HrDecoder-onlyZ2i89

RESHEHE

e self-attentioni®

QKV LRt O MP- MY E SR K biasH
RH (h, R)H(R,), BBEHEH 4R® + 4h

o MLPiR
E— AR EMbias (h, 4h)F(4h,)
B ML BN EMbias (4h, h)M(h,)
BBHE 8h” +5h

o LNZ%

mNLayerNorm, S MNEEFW NS v, O #8
2 (h,), 2B8HE4h

e Embedding®

BERANV, R (V,h), 28%HE VA
o {UE4mE

XTI BLRES lh, | ARAKFIIKE

ROPE. ALiBiZ#EXI i &E4mbGA 5| NERSM AT
BB

e OutputE
BEmbedding®, (h,V), B8 Vh



SZE1TESEE L Btransformer2# 2.
L x [(4h* + 4h) + (8h® + 5h) + 4h] + 2Vh
= L(12h* + 13h) + 2Vh ~ 12LA?

LLaMA-32B  hidden_size LE# 12LAh2

32.5B 6656 60 31,897,681
MLP
Dropout
Self Attention &
Attention Dropout
Input Embeddings (tokens,
positions, ...) & Dropout
AIAIITEEFLOPSITE

FLOPSRTEREBERE, XFANA (M,N),(N,L)895ER A, B Rt BEEREREHRT
MN LRsEMIEZR, FRLAFLOPSA 2MNL , W NEIEAZ IR
(batch_size, seq_length) = (b, s)

e EmbeddingE
KB XFLOPs, gatherigfE, #R¥EIDEXtoken embedding, (b,s) — (b,s,h)

e self-attention/

o QKV =/ BstiErI+EH (b,s,h) x (h,h), FLOPs 3 x 2bsh?



o QK" {EZEIRMsplit headsi®fE, FIILE
(b, num_heads, s, h/num_heads) x (b, num_heads, h/num_heads, s) —
(b, num_heads, s, s)
, BEIFLOPsH 2bs’h

o attention_score -V it8E N
(b, num_heads, s, s) x (b, num_heads, s, h/num_heads) —
(b, num_heads, s, h/num_heads)
, FRLAFLOPs}y 2bs’h

o OutputfiEBRSE 2 BIEaY ZkTRIE, FItER (b,s,h) x (hh) — (b,s,h),
FLOPs}y 2bsh®

o MLPRE

o MLP h — 4h 5% (b,s,h) x (h,4h) — (b,s,4h), FLOPs} 2 x 4bsh?

o MLP 4h — h 5% (b,s,4h) x (4h,h) — (b,s,h), FLOPsH 2 x 4bsh?
e OutputE

it logitsMhidden_size®kiAZR A/ (b, s, h) x (h, V) — (b,s, V), FLOPSHA 2bshV
L2 B EEFLOPsA L * (24bsh? + 4bs?h) + 2bshV

WEHIEEFIHE

o JJIZRMER:
FELESTER S, BENEAERRES, LLMII&2EERESEEIIGMAdamWItLEE, FP16
HIEBIBME N ¢ , BBAFPL6MIREER ¢ , AdamWILIL SRS EFPI2H—M EhEFFP32M—
MohE—3 20, YEMNHER LB ERIRESHNNHRIEEZEFPI2METSE ¢ , FPI2MIBE
¢, BIBFP1652F T, FPR2H4FETRE, JIHMEMNEFELREHE:
2X20+4x4¢p =200 FT, XBSENEN 160 FRK—#F, AATINIFPI2MHEEELRZE
AT, NEIAISSIN Y R R —F

o METHPNER:
WIEMECSBRE. MRS, TRRETEECE, SAEFEALNER S, ETHBKVCachett
SHEEE

AEETRE
FRigREHEEINL, PEBUEEZEFPI6H, 8N TERAHA2NFT, bsha Abatch_size,
seq_length, hidden_size, num_head
o self-attention3REVEEE o MLPIREVEE(E
o z,Q,K,V,0 AN EHREERTFHIE o BMEIEERRERAN, G 20sh
&, SRRER 5 x 2bsh = 106sh o HMERBREFRN, & Sbsh



o softmar REREQK" , SAEREN o BINEMEREFRAN, G 8bsh

2
2bs’a o Hfadropout, G bsh
o attention_score -V BEREFEDE, &4t B 19bsh
2bs’a

o LNBYZHGE(E

o FRjElAEM N dropout, dropouti®fERY
LNEEZEREFHN, WTPLNEH 4bsh

maskf EEFEENTERH—1MNFT, —1ME
softmaxzfm, — MERdMEZE, &
+ bsh + bs’a

B EFAEE 11bsh + 5bs’a
ST FLEMtransformersiijt, IEMFREEE S L x (34bsh + 5bs*a)
KV Cacheit®&
#lr (reference/generate) BERAKVcache# TiliER, 239 EL:

o FiiEZE prefilling: promptF5!, FEERM o fi#88 decoding: FIMprefillingdIKVcachei#
Fr&transformerZ#IKVcache TEEYAER— 1" —"token& /Y, EBTIEKV
F# BIKVcacher

FP16¥EETRE, BESFIEMERN b(s+n)hx Lx2(M MK, V)« 2(FP16), s,n ENFEIHKE
MEmEFIHKE, K, VIER#®E (b,s+n,h)

8.3 nanoGPT: MLINZE—1GPT
o HRBIFIE
iE— 1 condalfii, HEZEKHNE (FNRIFFA=AnancondalfiZEIE, BINEF—TXD)

1 conda create -n nano python=3.10

2 conda activate nano

4 pip install pip install torch==2.4.0 torchvision==0.19.0 torchaudio==2.4.0 --
index-url https://download.pytorch.org/whl/cull8

6 pip install matplotlib

o EHEIUE
T&inanoGPTA EIRYE#ES tinyshakespeare:



wget https://raw.githubusercontent.com/karpathy/char-
rnn/master/data/tinyshakespeare/input.txt

WMRHIMINTIREE, ATUARMBZEIH—T, WindowsfERwgeta]LAE&E
https://zhuanlan.zhihu.com/p/28826000

--2024-12-13 15:53:11-- https://raw.githubusercontent.com/karpathy/char-rnn/master/data/tinyshakespeare/input.txt
Resolving raw.githubusercontent.com (raw.githubusercontent.com)... 0.8.0.0, ::

Connecting to raw.githubusercontent.com (raw.githubusercontent.com)|0.0.0.0]:443... failed: Connection refused.
Connecting to raw.githubusercontent.com (Paw.githugusercontent.com)I::|:443... failed: Connection refused.

HIEXMEER), AIUEETF LENEESFIHEX G Ene
o SANEXBMESIRE

import torch
import torch.nn as nn
from torch.nn dimport functional as F

import matplotlib.pyplot as plt

batch_size = 16
block_size = 32

max_iters = 5000

O© 0o N O 0 b W N

[
(o]

100
learning_rate = le-3

eval_interval

=
=

=
N

device = 'cuda' if torch.cuda.is_available() else 'cpu'

=
w

eval_iters = 200
n_embd = 64
n_head = 4
n_layer = 4

I I
N~ o 0 o»

dropout = 0.0

=
(o]

torch.manual_seed(42)

o LMBEIE

with open('input.txt', 'r', encoding='utf-8') as f:
text = f.read()
print("BUEEPHNESFRFH: ", len(text))

print("BI3001NFERF: ", text[:300])
chars = sorted(list(set(text)))

vocab_size = len(chars)
print("XARHIMWFRF: ", ''.join(chars))

O 0o N O U b W N

=
(O}


https://raw.githubusercontent.com/karpathy/char-rnn/master/data/tinyshakespeare/input.txt
https://zhuanlan.zhihu.com/p/28826000
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15
16
17
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19
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21
22
23
24
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N N NN DN DNMNDNMNDNPFERFERE R B RFRP B P B P B
N~ oo 0 WNBEHEH O O 0o N0 b~ w NN BEH o

print("XZEHRHIFTHE: ", vocab_size)

# EEHtokenizerstHy

# BETIRES VOB string to integer(stoi)fll integer to string(itos)HJMsIFH
# XB—1HER tokenizerLH, MEREREXFHLHIITRIFTE FIHEITFLET— 1 BH
O~vocab_size-1

# XIERLIEF T BRegT  piss al LA EER9 L F

stoi = { ch:i for i,ch in enumerate(chars) }

itos = { i:ch for i,ch in enumerate(chars) }

# EERGEE IS AT

# Git3:; BE—FRBHLH—1 listh9BE

encode = lambda s: [stoi[c] for c in s]

# BB BE—istIBHBH—1FFE

decode = lambda 1: ''.join([itos[i] for i in 1])

print("HIBLR: ", encode("Hello World!"))

print("fRBLR: ", decode(encode("Hello World!")))

BERPHNEFHH: 1115393
300 ER: First Citizen:
Before we proceed any further, hear me speak.

All:
Speak, speak.

First Citizen:
You are all resolved rather to die than to famish?

All:
Resolved. resolved.

First Citizen:
First, you know Caius Marcius is chief enemy to the people.

All:
We know't, we know't.

First Citizen:
Let us

XA HIRFR

1$&"' ,—.3:; 2ABCDEFGHIJKLMNOPQRSTUVWXYZabcdefgh1ijklmnopqrstuvwxyz
XAERHANFHFHRE: 65

YmOLER: [20, 43, 50, 50, 53, 1, 35, 53, 56, 50, 42, 2]
fRID4ER: Hello World!



o BRI

1 ## BIEERSLUIRIES M

2 # torch. long@KEF

3 data = torch.tensor(encode(text), dtype=torch.long)

4 # 90%RIS VIS ER TS

5 n = int(0.9%xlen(data))

6 train_data = datal[:n]

7 val_data = data[n:]

8 def get_batch(split):

9 # Lp—T batchBIEHE, x BN, yEtarget
10 data = train_data if split == 'train' else val_data
11 ix = torch.randint(len(data) - block_size, (batch_size,))
12 x = torch.stack([data[i:i+block_size] for i in 1ix])
13 y = torch.stack([data[i+1l:i+block_size+1] for i in ix])
14 # yiXFxB—1 token, BX7ilaIE 1t EFM T—1 token
15 X, y = x.to(device), y.to(device)
16 return x, vy

o HRENT(HL

1 ## REFHE

2 # IFEREENGEFRBIUEE LRIk, Fideval_itersik
3 @torch.no_grad() # 10

4 def estimate_loss():

5 out = {}

6 model.eval() # & FEE
7 for split in ['train', 'val']:
8 losses = torch.zeros(eval_iters)
9 for k in range(eval_-iters):
10 X, Y = get_batch(split)
11 logits, loss = model(X, Y)
12 losses[k] = loss.item()
13 out[split] = losses.mean()
14 model.train() # EEIIZFEZC
15 return out
o REIEN

o ZKFBHIRBEFHBAL

1 # ZBLFEREPRYE L
2 class Head(nn.Module):



3 """ one head of self-attention """

4 def __init__(self, head_size):

5 super().__init__()

6 # QKVBLSTIERE

7 self.key = nn.Linear(n_embd, head_size, bias=False)

8 self.query = nn.Linear(n_embd, head_size, bias=False)

9 self.value = nn.Linear(n_embd, head_size, bias=False)

10 # BIB— 1N T=MHEME, HRFRZIMWEREN—1TEHIX

11 # FFitBmasked self-attentionBIfEXimask

12 self.register_buffer('tril', torch.tril(torch.ones(block_size,
block_size)))

13 self.dropout = nn.Dropout(dropout)

14 def forward(self, x):

15 # batch_size, block_size, embed_dim

16 B,T,C = x.shape

17 k = self.key(x) # (B,T,C)

18 q = self.query(x) # (B,T7,C)

19 v = self.value(x) # (B,7,C)

20 # 8attention¥, 1/sqrt(d_k) -> C**-0.5

21 wei = q @ k.transpose(-2,-1) * Cxx-0.5 # (B, T, C) @ (B, C, T) —>
(B, T, T)

22 # FIF T =R attention#t{TmaskiB7E, RIFZEIHItoken[EEEEE ZHIHT
token, EFE/SERY

23 wei = wei.masked_fill(self.tril[:T, :T] == 0, float('-inf')) # (B,
T, T)

24 # softmaxI—HINE

25 wei = F.softmax(wei, dim=-1) # (B, T, T)

26 wei = self.dropout(wei)

27 # FERIREFBMAvaluetdF

28 out =wei@v # (B, T, T) @ (B, T, C) -> (B, T, C)

29 return out

o Z3FEN. FFNFIBlock

# BB
# SLHZLEERING, HTHEEEIES, ZERERHEER
class MultiHeadAttention(nn.Module):
""" multiple heads of self-attention in parallel """
def __init__(self, num_heads, head_size):

super().__init__()

~N o o0~ W N R

self.heads = nn.ModulelList([Head(head_size) for _ 1in
range (num_heads)])
# BB MR

self.proj = nn.Linear(n_embd, n_embd)

O

10 self.dropout = nn.Dropout(dropout)



11 def forward(self, x):
12 # WG EEIEhHATIE, RERERERG—TEELHIEZER, 1F8out

13 out = torch.cat([h(x) for h in self.heads], dim=-1)
14 out = self.dropout(self.proj(out))
15 return out

16 # & FeedFoward
17 class FeedFoward(nn.Module):

18 """ 3 simple linear layer followed by a non-linearity """
19 def __init__(self, n_embd):

20 super () .__init__()

21 # BT EH—T ReLUBEE®, LIKR—1dropoutE
22 # BEFE embed_dim->4+embed_dim, FA/SHEADIZ
23 self.net = nn.Sequential(

24 nn.Linear (n_embd, 4 x n_embd),

25 nn.ReLU(),

26 nn.Linear (4 * n_embd, n_embd),

27 nn.Dropout (dropout),

28 )

29 def forward(self, x):

30 return self.net(x)

31 # BEBlockEX

32 # SLH—1Transformer Block

33 # &= layerNorm, multiheadattention, layerNorm, feedforward
34 class Block(nn.Module):

35 """ Transformer block: communication followed by computation """
36 def __init__(self, n_embd, n_head):

37 # n_embd: embedding dimension, n_head: the number of heads we'd like
38 super().__init__()

39 head_size = n_embd // n_head # &— 1 \LEIEH

40 self.sa = MultiHeadAttention(n_head, head_size)

41 self.ffwd = FeedFoward(n_embd)

42 self.lnl = nn.LayerNorm(n_embd)

43 self.1ln2 = nn.LayerNorm(n_embd)

44 # TransformerZsty

45 # pre-norm->self-attention->ZE#E#E->pre-norm->FFN->7E81#

46 def forward(self, x):

47 x = x + self.sa(self.1lnl(x))

48 x = x + self.ffwd(self.ln2(x))

49 return x

o ZITiESIRE

1 # EX— P ZmiEsEEBigramLanguageModel
2 # WG—1ZmiE5RE, HERMIIXE

3 class BigramLanguageModel(nn.Module):
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10

11
12
13
14
15
16
17
18
19

20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36

37
38
39
40
41
42
43
44
45
46
47

def

def

def

__init__(self):

super () .__init__()

# embeddingZMTERRNZ

self.token_embedding_table = nn.Embedding(vocab_size, n_embd)
self.position_embedding_table = nn.Embedding(block_size, n_embd)
# BB ZNTransformer Block, S&En_layer1 Transformer Block

self.blocks = nn.Sequential(x[Block(n_embd, n_head=n_head) for _
range(n_layer)])

self.1ln_f = nn.LayerNorm(n_embd) # £Z/5—7 layerNorm
# BHAEME, BB RA RS
self.lm_head = nn.Linear(n_embd, vocab_size)
forward(self, 1idx, targets=None):

# batch_size, block_size

B, T = didx.shape

# B55, MITBARFUERNRFRIRGA, FElIENFEx
tok_emb = self.token_embedding_table(idx) # (B,7,C)

pos_emb self.position_embedding_table(torch.arange(T,

device=device)) # (7,C)

x = tok_emb + pos_emb # (B,7,C)
# )5, xBABTransformer BlockH, EEI#tx
x = self.blocks(x) # (B,7,C)
# BiG, BHHXBN\IBHEMETF, 1F5/logits
x = self.ln_f(x) # (B,7,C)
logits = self.lm_head(x) # (B,T,vocab_size)
if targets is None:

loss = None
else:

B, T, C = logits.shape

logits = logits.view(BxT, C)

targets = targets.view(Bx*T)

# HEXMGHRE

loss = F.cross_entropy(logits, targets)
return logits, loss

generate(self, idx, max_new_tokens):

# EMFEINE, MAFTHIFRS1dxTF4E, BREMR—THiBItoken, EEERE

max_new._tokens token}JLE

# idx is (B, T) array of indices in the current context
for _ in range(max_new_tokens):

# 4 FIRYES # B FR/SHIblock_sizeT token

idx_cond = didx[:, -block_size:]

# BRI logits, RXERE—1 /6%

logits, loss = self(idx_cond)

logits = logits[:, -1, :] # becomes (B, C)

# {&logitsiifHsorftmaxtsEIKFE

probs = F.softmax(logits, dim=-1) # (B, C)

# MBHHRE—Tnext token

idx_next = torch.multinomial(probs, num_samples=1) # (B, 1)



48 # FERERIZS [ FINE HEiaF5 R
49 idx = torch.cat((idx, idx_next), dim=1) # (B, T7T+1)
50 return didx

o 1REL

## BEING

# SLOIL

model = BigramLanguageModel()

m = model.to(device) # BEIEGPUL

# HENRE SN E

print(sum(p.numel() for p in m.parameters())/le6, 'M parameters')
# MIGEE

# BIB— P AdamWib b 88, FSIENlearning_rate, {FEEHIBHIEELLLILEE
optimizer = torch.optim.AdamW(model.parameters(), lr=learning_rate)
# AR R EIIAAE

train_losses = []

© 00 N O U b W N

[ S
N RO

val_losses = []

=
w

for diter in range(max_iters):

14 # 1004510, MIFEEERRA, FTENINGHRERLRE IR

15 if iter % eval_interval == 0 or iter == max_iters - 1:

16 losses = estimate_loss()

17 print(f"step {iter}: train loss {losses['train']:.4f}, val loss

{losses['val']:.4f}")

18 # FHRKERIEFZ A

19 train_losses.append(losses['train'])
20 val_losses.append(losses['val'])

21 # R —T\batchBI¥HE

22 xb, yb = get_batch('train')

23 # IEHR%

24 logits, loss = model(xb, yb)

25 # HEBE, PyTorchiASEFRBE, FTLISEFIE
26 optimizer.zero_grad(set_to_none=True)

27 # I1EHE

28 loss.backward()

29 # BRI IS

30 optimizer.step()

31 # LKFIREAHZE

32 plt.figure(figsize=(10, 5))

33 plt.plot(train_losses, label='Train Loss')

34 plt.plot(val_losses, label='Validation Loss')
35 plt.xlabel('Iteration')

36 plt.ylabel('Loss")

37 plt.title('Training and Validation Loss')

38 plt.legend()



39
40
41
42
43

o IS

plt.savefig('loss_plot.png')

context =

print(decode(m.generate(context, max_new_tokens=2000) [0].tolist()))

HR

torch.zeros((1, 1), dtype=torch.long, device=device)

BARRESH, AUER LESEMXMNEGPT- 22 E 2450.209729M, #%ERA)

MESE 120A% = 12 x 4 x 642 = 196608 = 0.196608M , EINERZ—F

0.209729 M parameters
step 0: train loss 4.
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Which Callos thou see thus mody are of your consul your fail An well,

with coundes, thou treather't, of mine

KING RICHAMPELIT:
No mack not should do win—-———-

Vorticens:

Which my seee

devim to formangey 1in hasterlict.

Onvereven to metty's moke mine I have a Boock!-

I know neetly her fair an thoughts thou take.

Upore, bash,--

He'll he hearts of mear now my honour?

ROMERNE:

Frome she reead shound

'win henower

sincens, your have send hone, affected as so taluck! I make as Bose,

The worthat with have senter of Royauble' the lums:

Do acceisy hapt to my, with I say;
As such targeln armity, your such.

COMINIUS:
But have a parking, Richard, to reason

Thinks unruch, and leave head head England;

Truake hand shore hot. I' plead



25 That I commy riemen your paster's boanflew-

26 With I think'd old thee pleemations: thou shreathy, upoer's tive. I did in I
convened not sharict heaven theres, he bearty there, foe, who think, my fair

27 That chare again's thanful's not to my of feear which balt the our have

28 Mistire mine one your meet, the do kied my spurgh,

29 Welick, with thou arm holderous from my hearts

30 Bany fighall Coucius are, too coiste,

31 Wouse ready which'd not have lick this oody moke books poine hywork trange be
a been

32 diviise and strayh's dright us the keep's!

33

34 FjUERINCHAM:

35 Lost, knore: but even, deade was our the both,

36 How sathe ragge and he be holy and sucke.

37 Mume 't to shay the hast a baittle

38 from a trreed his joism sin neever for I am sir to beg.

39 Lanid you one nor jown, To guiltes to baut,

40 That you arian's you, to hand and of exiderain's do doubtion Yort how loke
than mother's, his matter ever frow's hath in them I pleaceh glack tors;

41 And wist one low he mother.

42

43 KING RICHARD IIII:

44 That the Lord your prove him, and as honousen,

45 Te with than Romewing

46 So off yond our madver our your to child,

47 'Tis on fould a Strark's hick.

48

49 ELIV:

50 Telmands, Aftienced, to redows with thousandief,

51 Groon should procien's of Yorse;

52 I know ailln great all die in weep's hame.

53

54 LUCIO:

55 I will that I shike t

lossph4k



Training and Validation Loss

4.5 A

—— Train Loss
—— Validation Loss
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lteration

sk LBRER
RS RFE348MBETF, ABFFAAREEENFP32, FIUE— T RGA4TFT

NVIDIA GeForce RTX 3090 | 63°C, 100 % | 14921 [/ 24576 MB | | i il i ae"" v —— i (348M)

It
i

CUDA L T XA RIBS & 5 FB298MBETE, BILIFT—Mtorch.tensor(1).to('cuda’)

NVIDIA GeForce RTX 3090 | 58°C, 54 % | 4969 / 24576 MB | g m (298M)

A e m— —— - ma P - —— . s P m s mma . -~ -

FRNRESH, BE. MBS, FEECEU RpytorchZ&fF

torch.cuda.memory_allocated()/1024%%2
19.67626953125 MB

torch.cuda.memory_reserved()/1024x%%2
34.0 MB

o 0 b W N

XEBeifFtorch.cuda.memory_allocated()\EE—EBrIEEITENI—T, E—THEFIEIRESZ D
TRENR

8.4 OpenRLHFHIAZIE
OpenRLHF 2— & T Ray. DeepSpeed #1 HF Transformers #2514 6E RLHF 1E22:

1. EESH: OpenRLHF 2B RIFTAN&EENSMEE RLHF FEz—, T43%RA Huggingface 1RE4A]
RS



2. =1%E8E: RLHF JlIZR 80% BB BIA TR AL B . 1§& TR Ray, Packing Samples LA
VLLM &R IIEBYEES], OpenRLHF By BERRE LAY DeepSpeedChat with Hybrid Engine £Y
3~4Z E

3. &%= RLHF: OpenRLHF £/ Ray ¥ Actor. Reward. Reference # Critic IRE! %R EIRRHY
GPU L, [EBTR Adam fL{L2siXTE CPU ko X{HEFFEAEZ 1 A100 80G GPU #1 vLLM AJ AL EfH
gt 70B+ BIIREY LIS TEZ 1 24GB RTX 4090 GPU L% 7B 1= A

FIEFOpenRLHFZ3F£ESFT. QLoORASHIEMWIA. KTOH %, PRMIll4SE
o IFIBEE

#riE—"condaifiE, H#RFEOpenRLHFAIReadme# TiR(E, BHEFEINGRIERTUAEH
docker, #FZRE VLLM 0.6.4.postl, ABEZRZEVIIME], NMiZAREpytorchRARIRKFHIFEIR,
git cloneMEERIBMIERT LUEE T HzipEHEE. NRFEETREINGHI AR ZEEIninjatEXin]
&, TEaptLFEninja-build

conda create -n openrlhf python=3.11
conda activate openrlhf

A W N B

pip install openrlhf

O 00 N O U

pip install pip install torch==2.4.0 torchvision==0.19.0 torchaudio==2.4.0 --
index-url https://download.pytorch.org/whl/cull8

10

11 pip install openrlhf[vllm]

12

13 pip install openrlhf[vllm_latest]

14

15 pip install git+https://github.com/OpenRLHF/OpenRLHF.git
16

17 git clone https://github.com/OpenRLHF/OpenRLHF.git

18 cd OpenRLHF

19 pip install -e .

20

21 sudo apt update

22 sudo apt install ninja-build

o SFTilll4rkzs

XE R T Qwen2-1.5BfEApretrain model, Alpaca-CoT@fireflyfEHEiBE#ITSFTIIS, TE
FHRBRE— TGP E NS, HAMIEEOpenRLHF/examples/scripts/train_sft_llama.sh



4N, A TERIZS AN "--num_nodes=1"F1"--num_gpus=1"SE iz H3)l

O 0 N O U b W N

o Y R S
o A W N R O

17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32

set -x
read -r -d '' training_commands <<EOF
openrlhf.cli.train_sft \ #SFTIlIZMpy Xt
--max_len 2048 \ #RKFIIKE
--dataset QingyiSi/Alpaca-CoT@firefly \ #¥iE&EnamemEpath (Zsith)
-—input_key instruction \ #EIEENBNATE
-—output_key output \ #FUBERHFER
-—train_batch_size 256 \
--micro_train_batch_size 2 \
--max_samples 500000 \ #E®AIZEAEL
--pretrain Qwen/Qwen2-1.5B \ #pretraint®Enamed & path
--save_path ./checkpoint/qwen2-1.5b-firefly-sft \
--save_steps -1 \ #ZDFRE—checkpoint, -1RRFRE
--logging_steps 1 \
-—eval_steps -1 \ #%/bFevaluate—TF, -1RTEEHevaluate—X
--zero_stage 2 \ #deepspeed ZeroffiEk, 1, 2, 3, &2, MUIBRESHHEELRSEIEK
g
--max_epochs 1 \ #illlZ&epoch#E
--bfi6 \ #EBEHBF16EEII%, RIAEH
-—flash_attn \ #@&BBAflash attention, RIABHE
--learning_rate 5e-6 \
--load_checkpoint \ #&% load/jglcheckpoint
--gradient_checkpointing \ #2&BEABEKRESEAR
--use_wandb=[WANDB_TOKENS] \ #wandbHJuser token
--wandb_project OpenRLHF \
--wandb_run_name qgwen2-1.5b-firefly-sft
EOF
# —-wandb [WANDB_TOKENS]
# —-—-packing_samples
# YRS E— TN EREslurm, WRTEEHdeepspeedis
if [[ ${1} != "slurm" ]]; then
deepspeed --module S$training_commands
£

GRENERT R

Mgpuh=
Bl 2 BI R BME (RIVIR FREFREEEHuggingface, MR FREMIEBENETETMANEE

4

A W N B

# Linux, RE¥FEF~/.bashrcEE

export HF_ENDPOINT=https://hf-mirror.com
# Windows Power Shell

$env:HF_ENDPOINT = "https://hf-mirror.com"



AT AR E], XERNMREIET— MNEREMBIEENMA, XEHERENBIEESH TE
TRHBENRE ~/.cache/huddingface BH, FEELIETITIISMEIZRYEHE D] B ZOREUE R E3E
-3

from datasets import load_dataset
dataset = load_dataset("QingyiSi/Alpaca-CoT", data_dir="firefly")
print(dataset)

print(dataset["train"][0])
from transformers import AutoModelForCausallLM, AutoTokendizer

O© 0o N oo 0 b W N

model_name = "Qwen/Qwen2-1.5B"

=
(O]

model = AutoModelForCausallLM.from_pretrained(model_name,
trust_remote_code=True)

11 tokenizer = AutoTokenizer.from_pretrained(model_name, trust_remote_code=True)
12

13 print(model)

TEF AT LA nohup bash examples/scripts/train_sft_qwen1.8b.sh > output.log 2>&1 & —$#HF B
BISFTIERT

o SLIGLER

Qwen2-1.5B, /\£3090j/llZx—epoch, 500000samples, 256batchsize, 24/\B¥, loss_meanph
%, RRWIE2.1E£4A, BTHT Ti&Esave_steps, FRLUE&ERFEcheckpoint, ReEERIIZGER
BVES



train/loss_mean

2.5

W W Wi WH

'ﬁ MMW

500 1k 1.5k

| il 1| " 0 (4
| jﬂ V H‘“'uﬂ %h vw‘ Wﬂ“VrﬂyrqﬂwmwWJ,WMW\WW,W D'Wb

train/global_step

W HAE 2 F S A

| 20367 / 24576 MB | (20342M)

| 17317 / 24576 MB | 17292M)
| 16819 / 24576 MB | 16794M)
| 16871 / 24576 MB | (16846M)
| 17031 / 24576 MB | (17006M)
| 21939 / 24576 MB | (21914M)
| 17015 / 24576 MB | (16996M)
| 20843 / 24576 MB | (20818M)

NRAFFRLD, WA UZAFEQwen2-0.5B, —iK3090EFMIEAT, TEHIRENERISFTSIRE
ERE?@E&?}Qwem 0.5B, num_gpus=1NEFLHARER. XEESHHBNER, MERFF
LoRABFEKR=#H—F T

| 21073 / 24576 MB | (21048M)
| 22 / 24576 MB |
| 22 / 24576 MB '
| 22 [/ 24576 MB ,
I 22 / 24576 MB |
I 22 / 24576 MB |
| 22 [/ 24576 MB |
|

22 / 24576 MB |



