Introduction to Generative Model

Variational AutoEncoder (VAE)

* An autoencoder is a feed-forward neural network whose job is to take an input x
and predict x.

* Trivial (short-cut) solutions exist: a neural network can learn identity mapping x = f(x)

x ® x
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encod:
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* Bottleneck architecture
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* Autoencoder ' * Variational Autoencoder
* Encoder: h = g(x) . ¢ Encoder: h ~ g(x)
* Decoder: x' = f(h) * Decoder: x' = f(h)
X encoder h decoder 57
» fand g are deterministic function * gis a stochastic function

 fis a deterministic function
* his arandom variable
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* Variational Autoencoder: forward process
* Input: x
* [ua] =g, enc)
* h ~Normal(u, g%)
* Output: x' = f(h, Ogec)

* Loss design: evaluating the difference between x and x’
* Mean square error: L = ||x — x| |2

* Other loss function can be applied

* Parameter (0, and 84,.) updates
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* Parameter (6, and 6,,.) updates
* How to update parameter 6;,.?
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L is differentiable with respect to f

* f is differentiable (almost everywhere) with respect to 8¢,



* Parameter (f¢y. and 64,.) updates
* How to update parameter 6,,,.?

L= ||x - xl||2 = ||x —f(h, gdec)”erhere h~N0rmal(y(x, eenc))

¢ How to compute
P 96

* L is differentiable with respect to h

* g is differentiable with respect to 8,

+ g is NOT differentiable with respect to h!

* Variational Autoencoder

=[x = £(0u(6, Benc) + €055, Oenc), B,

e Input: x
* Core technique: rearrange of rescaling and sampling * [u0] =9, 0cnc)
e €~ Normal(0,/
o * h=uteo
[ ‘. * Output: x' = f(h, Ogec)
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At EA 1 FBReparameterization trick(EE# ) A, WLEAEE, EFXFEBEMNZOEHTRERTERE
B, Mo EESHME, Ny, o) RENEREMTNQO, 1)FRife, p+ro* eNER, RALEILUSER XN TE
BT, XEMELLTTSH.
A BRNEXREFEEENNR, BERENEANSHPHRESEIREN, ERNFILMHENIMRZES5SSHEXH
epsilonZ £, FAILIBINENESHER RS, SRaIAEENE{ZERMonte-Carlo approximationBI&],
¢ Variational Autoencoder

= Input: x

* [w0] = g(x, 0enc)

¢ € ~Normal(0, )

e h= u+eo
¢ Output: x' = f(h, 0gec)

* All parameters are trained by gradient descent end-to-end

* Reconstruction loss L =[x — x|,
* Regularization loss L, = KL(N(u(x),a(x)||N(0,1))
* Overallloss= L + AL,

Regularization Loss: 77 fi{Rencoderz FRIplo D HAEI FHIESHIEEFZARIFRA, HEEFEHAKLE
ERIMCUSHNE, HRESITEESSHIZE L, Xi¥EdecoderZ AR UMITEIES D HZ P ERE,
decoderr] L B XA,

HEE, epsilonfIEE S HHlregularizationfIITEESSHEFR—HN, F— T HNENRESHL, F-1
HNENRERNSHEGIVEESS, FEEMN(, 1)PEEXFEHAdecoder, f=E1HEH

Overall = L + AL,

MARRITE S HMK, SFEReconstruction LossFlRegularization Losss

XEBEEENT: AHHAFEERegularization Loss? , MREHNAMURHIUFIoMESECER, EaMRTFHTFE
MIEERIBR—1R(0=0), BENEZENHITIME, FHEEATEZH, XFETERNAT S MXEIBREER
BRE, BERESSKRNEREY, BE—IEMES, ERBRIINEERREBINEESS AN, AMERERA
MERETEIZH, AEEZEREREE. MREEKVAZFNREESS iz, HERTEESR, B85
ERERENXIHZ H,

Probabilistic View of VAE:

EM—REBIE— M URENNE R HREERN, BR2RAE, FLLATUM—N2%2ZFidiVENEE, VAERE
INAEIEEPHABTHTE—N2, INABIENEMRITEBlatent code, BIERIA, HIILEARELXND T,
BREEEBEELBRIAzM S 16 (latent code distribution), X3 #REN IR A i3 Fhprior distribution,

* Most works assume data (x) is sampled from a fixed but unknown distribution
¢ Some works care about “how the data is generated”

* Data generation process
* Assume there is a latent code z that guides the generation of x
* Assume z follows a distribution p(z), called the prior distribution

B Sample z; from p(z) O We have dataset D = {x;}
B Sample x; from p(x|z;) O How to learn p(x|2)?
B Obtain dataset D = {x;}

HNT—mRBi&p)@— 1 EEERANRHE, fllsHoH. KBEXMSHHNARATHE, BUBRERIMBEM, X
RREFHNBINEp (X)L FHEE, EREENEREETNMKAEP(X | 2), BIESHzEER TR XEY
PHER. (XFtRdecoderfd TIETRIE)

VR AR A RAMA M, BIHEI— 12 HESE0,, FEHEBRAKp(x)Nlikelihood, ENEREEIMEIX
pakish

p(z,2) = p(z|2)p(2)  p(z) = [p(z,2)dz, Eikp(z) = [p(z]z)p(z)dz

P(z) = /pgl(x | 2)p(2)dz = maleogP(a:i)



E BATAAp(z|2) BFEN, EAXHEVAERN decoderfVitBLER, BREZFIUNEFERA LENAREER

HP(z)NREZp(2)B— M EXNZHEME, WHLERDEHLOREN, KIFREHEEEHERN, ALRIA
FERBER, FRATENARRER.

BiTEE—LREHRIGBRAXNR. HENREME: AE—TEENz, RE—/NMBAIXFHNREIESH

p(x | z), XMW FHUHES R, EE—MrE, RE—NFINERIEFEXMEEN, BALEITRITT—

NI R ER ger (2|2), X9 R0 fH Variational Posterior Distribution, BI#AE— 1M KiESE, HREIEFHEH

EAREHIREZR,

+ Maximum likelihood method

Plx) = J.pgl(xlz)p(z)dz— maximize Y)log P(x;)

_ _ p(x,2)
log P (x) _J; q(z|x)logP(x) dz—J; q(z\x)log—p(zlx) dz
I RN T VTGO W DOV C ) a(zlx)
= || aetmees e = ) atemorgersds + [ aehlogs g ds

B—1"FSlogP(z) = [, q(2|z)logP(x)dz21BFI([, q(z|z)dz = 1), ZERHlogiln ZEEEME— ML
BIKFI, ERE 1. FRANHEAXEIIT U ogP(x)iF5?, L TFRFE—NME, ZEFD. ERXEMRDE
KLEUE (KL(p|lq) :fp(x)logzgg dz), BIKL(q(z|z)|[p(z|z)), HE—EIEH (ensenFEX) ., BIEBEZEIS
##F Evidence Lower Bound(ELBO), XE&EHMIlower bound:ZlikelihoodBlower bound, BMMSARI TR,
BREIXME, BATREBEMAEMAIA, HBIEHLEAIKL divergence=bRigE, FLATIFH

p(z,2)

log P(z) > /q(z | ) log Wdz

BINEEEELBOPMEX SRR D AFHME: p(z, 2) = p(2)p(z|2)

togPle) > [ a(=|2) logple | s+ [ alz | log—Laz
. z q(z | z)
XAWMEERXH, F—IME— ML, E& XHreconstruction loss@—1£M, &BBILLATEX, ITEHREH
q(2|z), ZEFETElogp(z|z) PHITRIEERFREFEEE, X MEHLMEreconstruction loss, £ IR GHFHZ
KLEUE, H& XHiEregularization loss.

logP(x) = f

z

a(zlx) logp(x|z) dz + |

4
E;qizin[log p(x|z)]

Function q is the encoder and function p is the decoder, this
term is the reconstruction performance

A BRBOINEXE, ftiBdencoderdmid, TEHEHAPREFE—1z, AIGdecoderta BEX Nz FEZE HXHIXTEHR
R, XWMIBEEXHIEES%, Blreconstruction loss, KBEFD R —KL(q(z|z)||p(2)), —RRERAIERIASFLE
p(2) BRIVEESD R, EXMIER TENZERIEE MR MINEESS R, BLIEI&IMUKLEE, =
RUEREMIA, BelARAWP(x)EIMENTH B iRo

Problems in VAE:

FEEER. RENAEENLERNEMEA. FTEMREMIT. RERRFEN—S, TEEMINASR,
DAE(Denoising Auto Encoder)

VAEZ1Erepresentationfft Ez3& filnoise (@idencodetipoz /G TEIF, F4noise) , DAENZEinputifs?
HiZtnoise.,

DAEABLEVAERI S E FAREAURRI LAE R, FMBREWRILER: VAENinputZEIER, MIREE—BEIXK,
HaFH——E, #MEERATEIE, MDAETERNZHFIMNT NS, RERR——RE,

¢ Denoising Autoencoder
e Input: x
* x = AddNoise(x)
* Output: x' = f(X, Omoder)

* Reconstruction loss

masked autoencoderiBHIN{E BEmasked H1EHEN, ZEFEHRA—MhABencoderskEiZE R, —MR/hEY
decoderkfi#f5, DAERINNBEABRNNEMIRE, HEELIMAIE50%-100%89% 2, MAEM0%FFIEHY
B2,

VQVAE(Vector-quantized VAE)

Bir: ¥—kE R LIERI—FRTIFIword tokens,
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K e, €y, ...,ex €RY
codebook

VQVAERY#ZILETF, fEencoderf@El— 1 HEZfE, RKiFEINMEMN codebookF i B MBI FEIHLAI—1,
RN — I IMEERNME, KX TAEENz2(z), £ NdecoderBEREERBIRER
* Ifweuse ||x — g(zg)|| as the loss, encoder parameters cannot be updated

* Ifweuse ||x — g(ze)l| as the loss. The objective has changed and the gradient is
not correct. Wrong grad for all parameters

* Solution: set z; = z, + StopGrad(zgq — z)
x = f(x) =2, > 24 > g(z4) > x" > loss

StopGrad(): gradients in the argument will be never calculated

ERAFEENMMERBI SVAE—#NE@, TEERENEEZRERGRUE, £—MARX (z-2) BFE
FiEMencoderS5#, RREEEMNdecoderfIE&H, XERFRTN, EMAEL. FZMARX (|lz - f(z.)|)
EREargmaxIERIRIE, HiER%, XENARBERE, HRABEIRSK T FBRRANRLSENERRER
i, EMNESHEZEREIRN.

FE=MAEHEFEAStopGrad, HiZLENEEFNESHNBERSWEMN, 24 = 2. + StopGrad(zq — z.)»
Loss termE||z — f(ze + StopGrad(za — z¢))||, LWEIIERZHERIERD, RAEERLIERE#Hdecoderfi&
#%, Codebook lossE||z. — StopGrad(z4)|| + B||za — StopGrad(z.)||, ZEIMKAENED B LM EFBVIIK K
#H1E,

Loss termfa i E#frencoderflldecoder, EIFREREIEHRD, ERREERENEHRIAN 2, = 2., BIIAA
encoderfVfi i i 2decoderBVigiN , XEE A LUEME#encoderfldecoders Codebook Lossf&—1R1% R,

||ze — StopGrad(z,) | X—TURKF 2, AL, £132.41Mz,, HLLBRZEEencoderfyititifimcodebook;

||zq — StopGrad(z,.)||X—##F 2. AL, HbEBIEIBcodebooktfEEencoderfiaitt FEilr, XHEBIAIIF5F,

*  We hope the codebook is meaningful
* Codebook loss

||ze - StopGrad(zd)H + B||zd — StopGrad(z,) ||

. x> f(x) =2z, > z4 > g(zq) > x' - loss
* VQVAE loss = reconstruction loss + codebook loss ¢ ¢ ¢
.\\:

Transformer Model

Output
Probabilities

Add & Norm

Add & Norm
Multi-Head
Attention

Add & Norm
Feed
Forward

Multi-Head

Add & Norm
Masked
Multi-Head

Attention

Attention

A, 4}

J

Positional @—{* Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
I (shifted right)

AttentionB9#Z/0y B IR IREN A X BXFNIAXEX, BIRENAEZENEBR,. S FIBNBZERINFEERES
T EZMsurrounding information,

15#5 &R (Hash Table)@—MEE /1M, HqueryH NBIBHE, SEREMNKkey#ITIEER, HEIRFTSqueryfIk+iH
HEXM M Avalue, AttentionB] LAHRIRAR N —FhERERIHash table, BI4AH—MQueryzfa, S Key#EE S Hi#
TREEITE, BXEEMEHTEMEMNSIERNES.



* Each word is represented as a vector x;

g =x W ki =x WK v =WV

m-_——

Natural Q1 vy q1.ky/Vdy X11
Language kz v, q1. ey /Vdy X12
Processing k3 V3 q1.ks/Vdy X13

Assuming ¢4, k;follow standard normal dlS[rlbllthn we have

Elqy. k] = E[Z(hzku ZEquku z qu]E[ku]—o

i=1

Assuming q,, k1follow standard normal distribution, we have
di di
Z Qb | | = D Elatidta = Y Elaz B[] = d
i=1 i=1

XTMNEE—SEERINEE: WAEsingle query, S52EfMIKey#1TEA. I ADBERRIUV/IL?
VORIEXMT: HEMMRZGEMEEBRMANEES D, BN ILg, k LR Nd,, FLE1E

E[gl x k1] =0, HAEEE0, EITBEAENME, TERRIGEZEHLEMTELESDHPREFERE, ZEFRRNFE
2dko BIENERARnormalizedViE, XF—120484HME, ERFLHRMNDHE—TN(0,2048), XSO
softmaxZ BESREEI1HE1, EEVBUAESSHZE, REREEUFEIZES. EnormalizeZ
EREEMGUHN S RIZEINEESS R, XEEEFTFREBEFFIEMEQKVIIAR. FEitk, dk{&RHZE
embeddingZ f5iRlm ERVEE,

The compact form of attention

Var[q,.k;] = E[qy-kq]

e
=

+ Input of attention: X = [x1, %y, ..., X, ] € R
*  For the first layer attention, X consists of word embeddings
* For intermediate layer attention, X is the output of the previous layer

. i 1 -0 = Q nxdy = K = 14
Obtain Query, Key, Value matrices : Q = XW? € R LK =XWH V =XW parallelizable matrix

. ~ computations
* Calculate correlation matrix: E = QKT/\/d P

+ Normalize correlations: A = softmax(E)

* Linear combination: output = AV

Attentiond] OB $EFEHITRV S 1T, —RBA—DMARIEREZEITE,. MRIELEMES, attention@—1NIEL&M4
T, HizONENFRWEIMNIALREE, FEittiERdtransformerZ GiXEE—EFFN(BIRHEMLE), 7
Add&Norm[Xig z 1 Fresidual 7% Z M1 TN, BIFTRYE LIRS HIMI_EIBMERETIFE M TR
ERVER, NormXFRAYZELayernorm3—1k,

Residual connection

R

Previous (general) network architecture Residual network architecture
%1 = fo(x) — X1 =x+ fo(x)
X141 = filx) Xi+1 = X+ filxy)
y = fi(x1) y = fi(x1)

EifpytorchX 1, X/JfnormalizationfVE /5 X1 —E—1¥8, (batchnorm, groupnorm, instancenorm,
layernorm). 1B EMTFEFR, RREnormalizations IR EBUAT I —HHEENARRE,.
LayernormXtembedding dimensioni#{THY)3—1. WMRIHENTANKET[i][j][k| AR EXEBEINDFENE]
MokenHFEK N TR, X MERS XA RFZESFESIPRMFEINCHWXFRNCNNRTE, FERIRIPHE,

Layer normalization

* Variables are formulated by Tensors
¢ Inputs: x
* Intermediate variables: z;

* Tensor shape: batch_size * sequence_length * embed_dim
T[i][j][k]: the k-th element in the embedding of the j-th token in the i-th sentence

A 4LayernormZ¥embedding dimensionfy{s 8 £&fnormalize, BIT[i][4][:], MbatchnormllEHIF MR
normalize, BNT:][:][k]o

layernormflbatchnormfIFREREF . layernormE 3t —batchB— Ml FEIFREHLE#IT)I—1K, T
batchnorm@E ¥ —"batchEFFE I FH— M HEEH#1TT—. ENTERNGIFRIN—, batch=2, AFKE
&3, embedding=4, EXER FlayernormiIMiER—MokenitE—/RISENAE, REERHEER?2 «3;
batchnormBIiAZ(1,5,9,2,1,0 it BE—RIIEN ST E, KRENEMERE 4.

{HEHAE— batch=2, AFKE=3, embedding #E=4 LI @EX), HEH) :

less o8 v&EE




I Two different structures I

.........

Post-LN Transformer

§2! = MultiHeadAtt(a] ", [z}, - - 2]
1

transformer e BMARFERIETR, ElPost-LN TransformerfIPre-LN Transformer, XM SER AR EZEURT
LayerNormPFRIA BRI EARRE, ZMBIPost-LNSERBREMIBMATE VST — N ERMTIRAREEIEZR; B
MEYPre-LNSEXX N B LMARALET LM TIRBEERIAR S, — B ANERNEEMBIPost-LN
Transformer, BRXMERINZGEREERK, FRENBAEARSHERERANEN, BIFFIRXEN
S, MEAN1EBPre-LN Transformer,

sin(i/10000%1/4)
cos(i/10000%*1/4)

s,
Absolute positional encoding

E

* d
sin(i/10000%'2/%)

<puPisk > = f(k) \Cos(i/looooz-g/a)/

Index in the sequence

¢ In practice, p; is set to be trainable parameter!

MBEERZEILUHITIER, Pre-INARRBELLRIZE, BEPost-LNSHEIBEEARKXIRE, XA ERER
i B{miBpositional encoding: X BEYRIS. HEIIBERL. FEEIERB,.

Absolute positional encoding:

KM AR EEEBIENUEpIMEARBENERZExiZH, HENEREREZRIIINRLESIITET
EHAFTAMI BN RE, Ex I BERDEE—MREAEMEZRZRIMN A REEMAE, XTMARNBE#, A

AMESEERIEEFRENT IR GRAGUERANAEREETREMRFBEEUERR. MATEGHEK

FHZH, BT ERRIESARIRES.

Problems

= e
S

*  The unlearnable absolute position encoding generalizes poorly on longer sequences.
< PuPisk > = f (k)
< WOy, WXDiyy > # f(K)
* Learnable absolute position encoding cannot be used on longer sequences.

*  Unable to extend to more complex scenarios (such as images and graph structures)

Relative positional encoding:

HTFEIEREEEEMRE, SESRSES L ERERENUIBERIEENSIEN, ToREERERTM
PRI BRI, BIET — 1B, HRNALNERTES—#M, B

A(z) = softmax(XWo(XWk)T + B)o

BRT MNERMAEXM I ERID, EEFEMEMUERY, BNEAIEEEMREAEQKERNITEZ .,

A(z) = softmaz(XWoRXWk), RIEFER— I IEH:IEFE, ROPEFLEXIFN—1MEME, HizfELIamazH, &
FRARREN R IR G

Afpp(X) = softmax (XW/S(XW[H)T + B)

Q T

softmax(




Examples: Rotary Position Embedding (RoPE)

Al (X) = softmaX(XWé‘R(XW,fr’))

cos (1 — ) sin (i — j)6h 0 0 ces 0 0
sin(i—j)f1  cos(i— )b 0 0 0 0
0 0 cos (i — )02 sin(i —j)f2 --- 0 0
0 0 sin(i —j)fa cos(i—j)y --- 0 0

Ry =f(i-)=

0 0 0 0 ceeocos(i— )0 —sin(i —j)0a
0 0 0 0 cooosin(i — j)0q2  cos(i— j)0as2

R s the rotary matrix with pre—defined parameters 8,, = 10000~20"D/d m € [1,2, ..., d/2]

Autoregressive Model

General setting

~swp

Goal: model P(X = x) Autoregressive model

l If I have a parametric model with parameter 6
which can estimate the following thing

P(Xy = X1, ..., Xq = xq)
l Conditional probability (chain rule)
Po(Xy = x4, ..., Xq = Xg)
= Py(Xy = x)Pg(Xz = Xz, .., Xa = xg1X1 = x,)
= Pg(X1 = x1)Po (X2 = x2|X1 = x1)Pg (X3 = X3, ..., Xg = xalX1 = %1, X2 = X2)
= Py(X1 = %1)Pg(X2 = x2|X1 = x1)Po (X3 = x31X1 = %1, X2 = %) ... Po(Xa = Xq|X1 = X1, .., Xa—1 = Xa-1)

P(X=2)=P=Py(X1=21)Pp(X2=22|X1=12l1)... Ps(Xg=zd| X1 =21,...,Xq1 = 2d-1)
BMBE—MEREEBECH 2., ...,z FVER TN,

BB ERSZ M RRITEERAHE, MLPHERleft-to-tight factorization AR, M7 Eright-to-left
factorizationo, FRINEMRA NI ESEN, BNETEBXFTMERRBER, XFEERHHIRZ Slanguage
model,

ESHRANENR: A—oNXAE, JUFNET—XiE, HRNiE=EEEN-gramZEi, ERFLMIEE
R E#HITIEETN T —MAIR A, ATEVITEZ, HEEREMINNMERER S HRENKMEN
BER SR, N-grami&EAY{ERI& EMarkov Assumption, Bz, AEIEEEIEAtokens RE, = KFERITA—LE(S
B#HITEH,

(oldest non-parametric) N-gram language model

P(X; = xilX1 = X1, ..., Xj—1 = Xi—1)
l Markov assumption: assume x; doesn’t
depends on far away tokens

P(X; = x| Xi—k = Xi—py ) Ximg = Xi-1)
l Definition of conditional probability

PXi = xi Xicke = Xiogor s Xic1 = Xi21)
P(Xi—k = Xi—py ) Xi—1 = Xi—1)

« Estimate from data:

number of (X;_y, ..., Xj—1) in the training data
number of kgram in the training data

ENMNBZEN— KRR TENEREKR, 8ZFE—NMIHEFIERTE)FE Lsentence corpusBIEE. TERER
— M F, BIn=4R9BtiR 2 AEE B MAMIE R, students opened theirtBIR T 100:%, HehjgEEbooksHITE R
HIMT 700K, laptoptBI T30k, HEIERAE S students opened their books, GEE, N-gram=4{FEL5iid
AR BB SHFEN="MIERERE, FeHBSHaENEMEI—IRRE)

A fixed-window neural language model

P(Xij—k = Xizgor s Xio1 = Xi21) =

N-gram language model: example

laptops

ool
a output distribution Prediction
S § = softmax(Uh + by) € RV J L L] ij

laptops ‘ T o
the students opened their — U
— —am e [eevccocsssss) Contextual word

minds meaning
In the corpus, students opened their” appears 100 times. w

word .

A Word meaning

+ “students opened their books” appears 70 times €= [eM;e®; e®; )] 0000 0000 0000 0000 g
> P(books | students opened their) = 0.7

« “students opened their laptops™ appears 30 times words / one-hot vectors the  students opened their
> P(laptops | students opened their) = 0.3 () 22 @) 2@ a ( @

N-grami&EB R E]BE=fE: Sparsity, MemoryfllAccuracy. ¥IENIEHN, NXAEHREACCEH, E2H4E

REBXEXHER, BERRXFAMAFTEEMemory((HEEHHIURIAIEELM), FERNEAZESZ TR
HOIREREURL , Hitbestimation SR AEH(SparsityiBil). ARNEL, FRMBEXERRHL, BRANEEED
B, EEBFITFERN EEIFNMGIT, BEFUNERERSACCHER TR,

ATH—PIRS, BengiolRit T fixed-window neural language model, fFR—PMEEMEERGITREER,

BRNGFBIEiEembedding, ZfGconcatenateZl—i#, ZREET—MEMTIREREIR, NEAHBERS




N—MafEREL. XTARANRABZLEIRIZEENRE, SEHRMERNRE, BERMNNIZEFZRE
MRE, AMIBTIEE— prefixed windowA BEFF AL, MHEEHRRMREE,

RNN-based neural language model:

XMERBEBNENRIRANXFESLBER, FTERTFfixed-windowHEOigit. B—MEREETS LIRS
EFMBEERNICIZNEME, XMEFTEEN, EAaFAEIE#HN, FERBEINENELAMNE, X1

fEIRFLZhidden states, FFENESMMENEERMETRZFEE THHhidden state, XMERESTHE
ENFEEENEFINGES. RNNAZEIFELMEMNEENER, B EKOFIMRE.

RNN-based neural language model

output distribution

9 = softmax (UR® + b,) e R

hidden states
WO = (Wih) 4+ Wee + b))

h(®) s the initial hidden state

word embeddings
e® = Eg®

words / one-hot vectors the  students opened their
z® e RIY M @ 3 z®

RNN-based® 75 2B NHEMESE, HENIGERREEE, RARTEZERHTIHE, ST IENtokenElH
BMILHTEITZE T, MERKEERS, BRERIFIBEERNE .
(RNN) LM training objective

—logPg(s;) = —log Pg(x1) — log Py (xz]x1) — -+ — log Py (xi|xy, .., Xi—1) — *+ = l0g Pg (xn|X1, ..., Xp—1)

Special symbol Usually x,, is a special symbol
[Start of Sentence] [End of Sentence]

Teacher forcing#lnext token prediction, XM MEZXHIE X ELH HFIEtokenHEE, UXLEEFEEHN
groundtruth, 4 T—MtokenfIfEE, ZEEZXE—HH,

F2ETRNNEHAXLE R, FHi1FHEERtransformerfy4E, EE2REEHEBRIANMER, BIE—
tokenMY4E X RERFIEAtokenE B HE X, MEHZEMEX, ALtFEattention_mask, BI =R EMEDE
0, E=AMNESR-inf. BI-inflNANL LR ERNE D EL S softmaxZ FRIERE0, BNEEMNER
MEERBLFMI, XWiHEA T transformerZ2HRELLRNNEIRIVER, BB XKENHITHIT, MARHIT.

Given a sentence s of length n (from the test dataset, unseen during training)

nLL(s; 8) = —log Py (s)
Per-word negative log-likelihood

1
WnLL(s; 6) = — = log Py(s)
Perplexity
ppl(s; 6) = exp(WnLL(s; 8))

Other metric (generation): BLEU, ROUGE...(learn from NLP courses)

MEMIESIREERRSFEEINIZ (Mixed Precision Training), —A%fEAp32, fp16, bf16:X =FEEES#
17, FHEpERRER—MEXEENEE, ELtIRFENSHZERR RN, LayernormByitEEREERN
B, FRAEITENEHRA e HIHONIE R, MEMNESEE EAE Kbatch training/5Xi#1T, BIER
RACFIRSORE TR, —AZKIR— P batchiiEE1MBtokens, A& EAGradient accumulationfy 75 = i#
17, BlI— P mini-batchgimitEZ EREARitHEloss, MEFEHE, HEltokenFE| TIEENMIA T Hloss, X
HAEREBREBERENSHASRARIERN. ATREIINZL, —fR=HBwarmupFclipflsmall dropoutdy751s
Evaluation®] L&A Perplexity(ppl), ~HEM, BN

nLL(s;0) = —logPy(s)

XPMNARAKREE, BABEDFKENE Mperplexity RATMEES, ELRFER—RKEnLLERMN, BIEFK
E, &E#XMEexponentialBl % Rpplo ppl(s;0) = ewp(—%logPo(s))o

R H Rhlself-attentionfImask, MTEIZEIE LlossHIERER, XRENER IF ST copy, FEIBIM
EERHAENERETUENEE L, MESSEFESEMNE, titevaluation EiperplexityFEtf
ERERN, FEERFENERHEN! XE2ER X MNbugfEIiEE LEEER, Blcopy. RAEREEIHSHEH
HIBHE, LA REREHREERER IR,



" ~smp
life ¢ |

ey
Poeltyrxs) [\ :\¥

—log Py (s;) = —log Pg(x1) — log Py (xx1) — - = log Py (x;i 1, .., Xi—1) — = 1og P (X1, -, Xn—1) i
i 1 i i | « At position i, sample token i + 1 according to

g Po(Xisa|%1, s 0)
is all my ‘ I

| life

FFN FFN FFN FFN

iz [t : L | 3
. selfatention oo 8
$ i 1 1 E.

embedding

oo ' [SOS] Attention
X,y |

NFARER, FTillgzEHEERENinference AR EMLE R

B —Hhinference /5 7% @stochastic sampling, EMi@id BEAgIEHE ERHEME—MANGEE, BEXSHFHREN
sampleti—MokenfE B, XM A HinferenceVEREBRKIFHY, EIEA]E Atop-k sample, BIME—5 1

RN 2 PIERH Ak MIZERAMNIE, T Xk MNMaAFuniformidS D HEFRFEHLER, top-p sampleIEBRETE
FREMBR SRz PIEFEHBERERTFpiE, FXEEIIO D ERELLER, top-k sampleB] LABRHI#greedy

searchZz £H57%, Bltop-1 sample,

Stochastic sampling Top-k sampling Greedy search Beam search
¢ Fast ¢ Fast ¢ Fast ¢ Fast-

Comparison

* Diverset+ * Diverset * Diverse- * Diverse
¢ Accurate- ¢ Accurate+ * Accurate+ ¢ Accurate+t

IftbtransformerfIRNNBIComputational Cost: ¥t Fattentionf9illlERiZF2, F—P BEMQKVIEERE, LEAIEA]
RUFEXBVERE RN « d, Wk, Wq, WERERIERERd « d', FILLERFIQKVIEREAERE Zn «d, EILE—FH
BHEIEFERO(n + d?). E_F EitHEAttentionfV{E, LEEIMIBEISERERO(n? xd), KiesoftmaxZ /G
softmax/3— b EHES VEMERNERBEEO(n), HittattentionHEHEITTEO(n?)EHG(N>>d). IFTFRNNHY
Wi i2, HEFEEBIcomputation costi2O(n)8Y, BERERMABEEEHE ERNNBYEEEE K, XEHTFHELE
H17, IHEREE,

HF—RNNIEEISRIE, inferenceBIBTB]EZXERO(n), transformerfiinferencefIBtB]EZRERO(n?), EIE
—I#RZE0(1, 2, 3, .. n), EMMLERZ0(N*2),

Alt, ZitE%tFComputational Cost3Ri%, transformerFRiCilllLhiE 2HIBABEFRNN, transformerE
O(n?), MRNNZO(n), 1BZMTraining Efficiency>ki#, transformerttRNNEefficient, HIEFERIFITIHIE
E®¥ES. xFinference Efficiencykijt, RNNEZE S Ftransformer, ERinferenceMIBHETEHITHITE,
Itttransformerfy0(n?) BB — IR (Atten(qt, k1, k2, ..., kt-1)), TIRNNEIO(n)E R,

AIME: KV CacheRVitHIitattentionfVinferencefY B8 #EFREIO(n), HZOBBREREFELITEFkey
value information, Z/GX I T Multi-Head Latent Attention(MLA) SR, HiZlZFKey/Valuel& s 5 —
MELEENlatentmE, RRFEERS, AEREEEZTENREEMER, XEAJURARDEEZNSHAR
7, EEHERK LETYET,

Debugging

B—PEEEHAED, X ECHREMISERNED, SEEIUREEN, ERBRRE, BN TRES,
RITHBRAEES. BERNTREFIMS, AJBERMILRE, BEIRMEHEITRSMdebug, IFEMIRE, T
TS ARSI B 2B &M

i debugi/ll&IEEE Nfidebugill&ERE

VIR
* WISFFRERIEEER, JISRESHEHE

a FEME
8
S

KR

Steps
- BIRMEASHHEIR > RERD
x - HEALIEE DEETIK > FRFIE, HRFIEaE
- RAGRER2: BEEAERETA -> #§hibatch size, HifRbatch sizelaE
BEEEIFERN >
- EBREITEN-> EA10MEE (RAT—ER LU ERIER)

L EERTIREIGIEFABLIRARSEN, HEDDI)IGIRZEFRIRL, lossBHHWSIRIEEE, BERR
PRIBEIT —Pspikec XMNARMBAREFYIFIRRFREZBERN. FLRMANTERRMT: 1. WA
BEiEL; 2. fiR/RAEGERIEFEREERL; 3. SGDLFIminibatchA] EFERIT A EMIER, EFIX
RANIES R @B E)#HTEFloss kKo

FEENZRREFNER, IFEH TR, XIHRATEMNIEFIRE: 1. JEMEREEHIR, ExHysIxd
NXZHEIR 2. FIRZETEIK, AERENRAZE—HEZ. 3. BENAERSTEIAK, A
batchsizexd/)\, SEEERHARTRE, 4. REREITER, SBIRETENEXFNET, 5. HENESE
Fdx, FRERLVEHIEHITIGNIL,




debugi)ll&Iag
I debugHIZHE M cobug NG

- EEALREMA SR AR ARMRE, DS RES I
2 SRS TS, MERRG -
8
= R | SRERR T, Al NaE

)( i M fas
-3 HI%

- BIRREITITH -> shuffle data

< BRI T IRAESER T, QG ENEE

|

- EFHHAREE, —RESATAEDE

FEEARKRERNGIETESER, ERIIG—BNEZEIIGRRERNE D, EEERAPIKEI, Xt
BHMRETRER B FUTIER. 1. LRI K, F—NMossHILIBAREER, BEXENBERIEHI, FE
WRELFBIERIEIE, 2. 3R RERENITEL, BlEMepochBMHIERFIZ—BM, XiFZ4RNE M batchRE—H
IR, £5EZERBER M.

FEERRERNGIRERE, EREENKRINEE, XNRHERER, TEATFRERE, BEREI1E,
FIRIE, FIFLF, batchsizeRNIEH, MUBIMAUBIBEHRFERLRL,

IRin@EfR Rz 5, EEBtraining lossifLLRIERE, {BEtest lossHIHMEHFRIER,

I debugilitrRAYIEIER fAfIdebugMiKARAYIEIRE

- SRR SR FROIRSCERETERRE e
\
’ «i)I1E i FRFIETRR A

Steps

k CI—
| —

+ MistEE ERIRGCRERZE

Steps B3] 5
x o BERdropoit) R - WRRBEEEHE > B SRR B
- Béfbateh size 8 - BIERHBEEEERE > RERE
* ISR CEFBHI445E-> (RPRRIAEE
. L

* FHIRERENER — B IHSE, fER s

Steps

LEERTHRZUENTEFHRIN, FAILUFRERESE, MAGENIEND, label smoothing, FF(R
batchsize (IREFENIE), HEEBIIIGKER, LAERTRHBRERRKE TR, HEHEL
Epyin),

i debugillit FRAIEIEE

”
2
; \
B ‘ s

- MR EHE TR T

* MR RHIETRE

KRER: HAERIIFEIETE, ikt
’7 - MASEBIER AN

LERTHEREMNANBRREREREFRE, XFEELOEREBREFIIRESS, THESHERNRE
AJRERBEIXAFRYIAE, HKSEFR EmE N ERBIEE R,

GANs (Generative Adversarial Networks)

BRIGHENZEXRM— PN ERNHSHQ, BITROZIFIMQHE R #IE?
MBHATBAAFX)RQMRIHERBRERICDF, F(z) = P(X <= z), EATAIUM—"uniform distributions3%
BHZ, BitX = FY(2)BMQDH. (P(X <t)=P(F (2Z) <t)=P(Z < F(t) = F(t)), XMNEICIEAEM
RIS 753 AR A] LA S S B 53 TR FRBRSS = 4

E 0B (explicit model)FF2TAE R (implicit model):

NTFERERE, BESUEAINN, MEMES—MNPTEROEEEER, RITTUBERAMANSG R
NEEE, BEIIRAMEHENENRE, WFRIURE, BRSKEENN, BERITFE— RN
TRV, BREERARAMANAIURINGER, GANZRIARE, BERNINIZINERT(E 4 IR
MELBUEZBNEE?

MNFRSERE, BT/ LUEREuclidean DistanceV A NHITHE, BEXNTAMZEINER, RIEEZMHAR
ENXEE, bl f — divergencelsiko

Jensen's inequality :

WRf: R— > REBOKE, XAMINEE, WEf(EX)) <= E(f(X)). BEMERELRHASTFERZENE
ETNREER, EIATFHIERRBENESR.

AR RNERR, BIZ:

([ i) < [ sy
f-divergence:

HENVARE—NDHERP(X), BERBEP(X), EZNDHEQNX), BERIZq(X), HIRE—) S, FHE
[0, +00]— > [~o00, +00], MEMED. FFAMFMER. T8I LALLULLE X f-divergence:



p(z) (
D4(P||Q) = /f o ale)ds = Eolf(2

XPEBBASANSEMREFNIE, HFROKRE, HiEdJensenEFEINA] LR

D,(P||Q) = /f p(e) dm>f</(”“’)q<x)>>dx—f(1>—o

.’I}

WRBHENTIASf(t) = tlogt, WIEHNTFFEEENKL — divergence; D¢(P||Q) = [ p(z)
MBHITARF(E) = L1t — 1) WD(PQ) = 2 [ Ip(e) - q(x)|dmaz/|\?&ﬂ’zjji‘“ﬁﬂﬁﬁo

SIRBIBARL() = —(¢ + 1)log: + tlogt, EAVED(P||Q) = KL(P||M)+ KL(Q||M), HefM = &2, X
AR 2 /9IS — Divergence(Jenson — ShannonDivergence)

IGANKIEX S, IR RIRHMIMILEREZIS-Divergence, INAP ~ P*, Q ~ P,, HhP*Z2¥3ENH, P2
REERND . BRBEEFRE LMD BRI R LD mEiRiriT.

, EMERAX P EEREEIRAY,
)=
)

Learn generative model with (minimizing) Jensen-Shannon-divergence

+P9

Minimize ~ KL(P,| | )

)+KL(P9H

o 1 2P,(x) - 2Pg(x)
Minimize  Ey-p,[log m] ™ Ei=pl ng

P(X) Po(x) :

P+ PaG) T Erell8 R )

BEXTMANFREZBLERMILE, FHNTRFEground truthBY3 P, (z), BAREPy(z), MTF

Py(z)
P, (z) + Ps()

Minimize  Ey.p, [log

P, (z)

@) + Po(a) }

Minimize E,_, [log |+ E,_,[log
BIMAELE T BlogGENAHIE, EZRITPTLURRNIER—T . NRARERATEMESSWPRE, T
P, (z)2¥0080, MRAREREIREMREL S DIPFRE, WPy (a)SEE0, AT UER— M binary

P.(z)

classifier: Dy(z) RIEXBMAL D MIERIREDHHREMR, BIDy(2) = 55550
BIXFER, HIHEARRA
Minimize Egp, [logDg(z)] + Egp,[log(l — Dg(z))]

, ZRBENZEBUE—T, xIRMPEERG EMBSFZIRMINELES, = = Go(z), Eit

Minimize Egp, [logDg ()] + E.~n(o,1)[log(1 — Dg(Gy(2)))]

Learn generative model with (minimizing) Jensen-Shannon-divergence
Minimize Ey~p,[log Dg,(x)] + Ez~n(o,n) [108(1 — Dgr(Gg(2))]

Training of Dy,

¢ Denote the generative model as Gg(z), which can generate sample from noise z
* Sample K data from the real dataset [positive, Sp;]
* Sample K data from Gg(2) with different noises [negative, Speq]
* Fix 0 and train 6’ to maximize the accuracy

Maximize " [logDg,(0)] + ). [log(1 = Dyr(Go(@))]

XESpos ZESneg
Learn generative model with (minimizing) Jensen-Shannon-divergence
Minimize Ey~p,[108 Dg/(x)] + Ez~n(o,r) [108(1 — Do/ (Go(2))]
Training of Gy (2)

* Sample K data from Gy () with different noises [negative, Speq]
* Sample K data from the real dataset [positive, Sy,s]
* Fix 0’ and train 6 to minimize the loss

D NogDa G+ ). [log(l = Dy (Go@@)]

B XA ENA#HITIIZ, DXWFRZ ADiscriminator, BIX O ARERR. G NGenerator, BI4E
RAELEBLURELENEER, —ENNEAREERN, BNEMER HEEBEMBMESIE g, mi
SRR EEREBREH_ENRRE, FRILEELIGZzPBENBCEREE—12%, AminibatchBIFZRELE
Mttt —4E5%, ZEBAminibatchiI R BRI —HSE. KREHFHDiscriminatorflGeneratordI{E S,



Algorithm g

3

= i

distribution (a) (b) (c) (d)

FEFERHR T MR, F—FEE S EDiscriminatorEH, FIFIEESIEE; E-LEE=SN
EGeneratorfYE#1, JELREDHIIING.

ZIEMMIHGANFEAE TEZ M, HFEBEminmax gamelIfs, EHFHFABOMHN, MUERHEER K, M
BDiscriminatorfliGeneratorE ERACE, —EMNEENFELA. FEEENECGANIREZS Zmode collapse,
BIERER AT IR 25288, HAlGEaT FFEM—MIFER, XIFaEBIRT 788, XEEMIIEBER/ NN
loss, FEAERFETHEEBIE D KRR, BRXHNRAEMREAIVMEMTH. EGANMRIEEFFAAdamiLit
HBNNERER FLNEBSEAE, MENT RIRXMmode collapsel&iio

1-Lipschitz: |f(z) — f(y)| < |z —y| Vz,y, BFATHURKIROKE, SEREEEE1, Bly = z=@1-Lipschitz
8, y= 2z7iA~=Z1-LipschitzAJ,

A EBIRHR T HER N D WA 2 Bf-Divergence(Jensen Shannon Divergence), {BRIXEERMNA
B A LU RIF R D FRROAE A%, F{ 12 FEIntegral Probability Metric, BIWIRMWFEERNf(z) BE

Ex-pf(z) = Ex-qf(z)

MEAR XN 2P, QRIEERY, BRX MESFMERBXARAK, AT HDENFMERBSENEE, i€
X

Ground truth

Discriminator

Dr(P,Q) = supfer|Ex~p(f(X)) — Ex~q(f(X))|

, HRFFRAR—TREE. IMEARTHENDHHER. —ARIEI11IAAS € 1 — LipchitzFunction, FHiTEX
PMEBIRZ AW assersteinDisto Ffl 1A LUEX DN ATUERAIA FRIAZ I

W(P,Q) = infyeyp.@) Ex,xnyX — X'|

, HPt(P,Q)BEKE D, BMEREMMISDHDRIZPHMQ. EXEX « X Lk, HE [~(z,y)dy = p(z);
[y(@,y)dz = p(y)o (X,X') ~ YREMEKEDHYEHI—WHENEE, AENEEAIRE X - X'|EEHIE,

Wasserstein distance as optimal trans%

=

aa
==
W(P,Q) = VEI!H"va) E(x.Xr)~y|X =X
T'(P, Q) is a set of distributions defined on X X X. Each y € T satisfies
fV(X. y)dy = p(x) fy(x.y)dx =q()

BAB LT
« Assume that there is a cost function if you move a
unit from x to y

cost(x,y) = |x —y|

inf t(x, ,y)dxdy = _inf Exxn-y|X — X'
ity [ costGeyyGeyIandy = inf Eocxn-ylX =X m ‘

FABRABLNGIF Ll —S Ef#Wasserstein Distance, +(z,y) XREM I BBYRBHEVIBENEE R
M, iBcost(z,y) = |z — y|, EULLMPLIERYRBNEIQMUEN R/ NMEEIMNTLEWasserstein Distance.
W(P,Q) = supser|Ex-p(f(X)) — Ex-q(f(X))|, ¥RERGANRIREL, P+f&ground truth, EQIAZEHgenerator
SRR, BREMREESAHBZHRE, FERINER— M EMSIM—1N 723807, LN kER:
W(P.,Go(2)) = supser|Exep,(f(X)) — Eseno,)[f(Go(2))]| » 1BRFIE R 1-LipchitzBIRETTIEM S, FEitE
FEERA—MRENBRAIX LRI, WEAW(P., Go(2)) = supe|Excp,(fo (X)) — Ezeno)[fo(Go(2))]] > 8
RO RRBRERAIRE, BIFIAfARREREHERMNEREE. BTFHENELEE LB, SIMERLL
B#EZERR, AW (P, Go(2)) = supy Excp,(fo (X)) — Exeno[fo(Go(2))], BHEREXMHAZE

Minimizeg, Mazimizes, Ex-p,[fy(X)] — E..n(u)[fo(Go(2))]

ENHEXFMEE X S Generator(G)HMCritic(f). FHTEBHENRE: LML 1-LipchizREHEEeRTE2—XK
B9, X DistanceFIRETC % R REL IFAYWasserstein Distance, FLLERITEEMREE -, FEEI1EM
T LipschitzBR#EY R, FEIEFHNTAT IR ENSEGHITIRS, BIXTREH#ITWeight Clipping, EFrEHNES
HIEENEE, XHEEA LR Mbounded closed domain2, LipchitzG LR, FEHENEREZINEHIEREL
B 1-Lipchitzl£ F.

{BRweight clipping R BEffifRLipschitz constantEfiniteBIR{E, HAERERER—M/IVE, BLEINNEEZEH
fhaYiE W Gradient penaltyfy757%, ENIARN— 1 EREZRLipchitz-1RE Y B XY EHP PN SN SEE R,
7 B AR LB TE X LE 1-Lipchitzs2 E#ITMHL, FUEEBOHRKRREE AT :



Minimizeg, Mazimizes; Ex.p,[fo(X)] — E.ono)fo(Go(2))] = AE¢_pl(I| Vs fo(X)|l — 1)

& = €Treal + (1 — €)T fake, BIEERIFHERETNEEIRE, KRHF2EcriticimAHBEERENKNS1HE
BERE &S

NZFERNIEHTIEHY, X RBLipchitziZ1IBHEA BEF1R f0' ER Z FIMaximize(d, FRIREERZEXL
LipchitzB R EERZHEH.

GANFIWGANRY I 1L AdversarialiX M EFAE T AR ERENEE, ALt A1RE T adversarial attack
Bi%, B4 EnoiseMN AT REBREFMHEERNZE K, (F15 W Trustworthy Al: 25 Spring FI{E4188%F
)

Normalizing Flow

BNZzaER T AENERIRE, SIEVAE (XF, BIERFINARERLER), EiEAutoregressive (R/E,
FHIMERMmEHEMLERNMR), BiECGANES, EERBEIREE—REMEMRESF=ELER, KI—MRE
FANormalizing Flow3R{EFBF5:, AR EEIERTEMBESTIRAIRI
image ~ z ; noise ~ z; generator ~ g(z), MINEESD P RELz, EXNMEBENBEMEPR, £—KE
Fix, FAIFHBERHOF R HEYdensity function, Blp(z;6).
M—HMIERFRE, BINLENEEZEZERp,(2), B—MHEMEZMER TR FX = o(2)BEFr4E
REE, HITAAXEBEREPx(z). HIMRIZREEANFRER, BI—EB R TRIASEIEN, He5g &R
S, B

9 ' (2)

P(X <z)=P(Z < g '(z)) = / Pz(z)dz

3 ER AR R SA
Px(z) = Pz(2)[g " (2)]

Bllg(g ! (2) = 2RI, ALMEFARNHCRSAE: ¢(2)ls (=) = 1, RALHA:
Px(z) = Pz(2)[g'(2)]

+ Z € R% is a random vector with probability density p,(z)
* X = g(Z) € R% is a random vector with probability density py (x)

o x=g0) = (91(21, -, 24), -, 9a(21, - 24)) Function mapping
\

px(x) = pz(D[g7 ()] e——)  px(x) = pz(z)| det Dy (x) |

MNFEENIBERMS, BITTUENXMPFERE(Diffeomorphism), EMPy(z)BIBEREE, —2BRZ2P,(2),
BIE#R8REY, 5—8BRdet(D,"(z)), BlJacobianfBfEBYITHITN, BEERZMPPx(z) = Ps(2)|detD, " (z)lo

High-dimensional case

N(O, 1) sample 2 g(z; 9) X é ‘
pz(z)| detDg-1(x) | 971 (x:6) px (%)

The inverse function f = g~1 moves (flows) in the opposite: normalizing a complex

distribution py to a more regular form of simple distribution p.

FANTE RN AR Z Fobase density, 4R AIBEZXHFRZ Jocomplex density normalizing flowfY & ML EIE
—NE MR D Hflow A—PME B R D,

FowH BB 2 RHEXNDHE RN, Normalizingt 2B EEHI—1, MHLIE_E Normalizing Flow5VAERIHE
ELLR S, BEVAERencoderflldecoder;& BHHXIILIRIRE] (FISHMAR), AHERERZSNE,
SHVAERRER ST E. FlowtencoderfldecoderfI S EREIIIESH], BIERKIMEBAIFH, XFHH X
RERBIPRBIRA, ELtSIRARERIING,



Discussion

X 4'];(2)_1 Z ‘i(Z)_l —
2=f(x) =g7'(%) x=g(2) =f"(2)
p2(2) = Py ()| det D;-1(2) | px(x) = p2(2)] det Dy (x) |
p2(2) = px(®)|det Dy ()|~ px(x) = pz(2)|det Dy(2)|

U EMX AN AR U EABHIEN, HIEAXMEZaigm—i,

LTERRT Normalizing FlowBY454E, BIxFF—- NN, Htnormalizing, ZEHEBETUMEARE. EXR
BRI LUERS IR E S B g KRR, tbiliist aviE, EEmMEE@idJacobianf5E2itHE
HERMNEEREH A, HMRFEEATIM.

EFRRNERBESTRHITTEZTESHUARARMRE, £—FKNAHEdensity estimation, Bl 44— MxZEEH
ENER, RERBBHP)NE, XTMTHNA—R=BATHRIRMER EMS, EXMEANBER T RS
kf, ERBEMEKPx(z), RIBLENFIRFEANIHMEPx(z) = Pz(f(z))|detDs(z)|»

Px(z) = Pz(g7'(z))|detDy(2)| 1, —EAR, RIBEIE, BIFAHNEZHOBMES S, BEFEEZRERLR. K
HIRXZER SR N HIERE, NRBNZESHLBNE, IEEFohitEJacobianEREENE], BRINEHA]
EESHINE, BIEEEBITEERKRE, EMAKNNEIEFENIRE, FLXBEHT—REFSELL,
FERNARsampling, BMARREN—MESz, HEER—PNERMNDHp(X). LEETFEAT —RSE kg, il
SRR RIBBEEERY, BTSSR GEIZEFEHANMNZERREX A = g(2)Bl0, FTRABITEREH.
MR B IANIE R FERNHEE R EE AT .

TR, Normalizing FlowEBRZ (A&, BIMHENEBEENAENIEXMTIRNERIRIEFITH, XE1T
NBEZ ENARER BBBEBREN? BEERRHKVFEEEEER. BERNMERFHfunction class,
B X Efunction classEHNRHER BT EN, B RUANEER, MmBBITEJIacobian 175130,

Composition of layers

T

=

Normalizing direction (flow)

Generating direction

X g8 © T 9N-1 T - 4

HTEESHRE— T IZENEXEET RNz IR, RIIFEIHE—RIINE, R FEHRXLER
MEENER, BIEMXLEREA ARLERZ0
BITEX g(2) = gn- .- -g1(2), NREEAS, EXw, =g, ..-91(2), BEITTRREEAESHER, EIAR

» Composition of Det
* px() = pz(2)|det Dy ()| = pz(2) detD g1 (xy) | ... | det Dyza (x1)]

ERIEHFINAT, , AR FES—ERIR HERE T
8, FATRARTLUKILE Bt E R E R,

Elementwise Flow:

Bl7Enormalizing flowB9E A _ENNLARRS, BEIE—NMEEEBASHRIEEHEXEL, XBYJacobian Matrix@—1
FAIERE, it detergentfIBHERAB R, g9(2) = (h(21), h(22), ..., h(zqd)) EPIMRhEBEERN, FAg(2)FE
TERAERN, BIMTFERIEASERUERE, LLIRReluRERT LA (z) RE, XEFEBDRBEAZE Y
o XPMAHITBERS, BRcapacityE@FEH,

Capacity: ---; Efficiency: +++

Linear Flow:

g(z) = Az +b, HEFBAR—Nd * d Matrix, TbEbias term. IR AFEFERAIFERERE, g(2)tBEa¥ER, B

g (z) = A (z — b)o LtBYJacobian Matrix@& 18RI, BldetD,(z) = |A|,detD, 1(z) = |A7 o BREXMA
N EEREFITENNEERERKR, WF— 1 EMEEMS, HitFT7XNREERERZO(R?),
Capacity: +; Efficiency: -~

TRIBFEPERY—LEAF Y, BOITATUERSHRINEMRARER, M T L=MMT=AIEEMS, HFEEEFNITE
ERABZN, RFEHFEMNAL LENTRYFNORNRISHLLAERETER, miT7IXRFEEFdiagonal LAY



#0483k BIT], BldetD,(z) =[] diagonal(A)o HEITHIHXHNEIERERZO(n), HEPEMRNEREERER
O(n?)s

WRIR—F S NEIRIEPE, FEFEIRITHIER R, Ho¥ME21E0, BA- = AT, g(2) = Az + bHRAILUE
tHD,(2) = A; Dyi(z) = AT, detD,(z) = detD,(z) = 1o XMERRELE, BNTEPERNITHINAIBTIE
BSREELEDN. AIBHNZINEIREIAKEMEA BERFREERMEM? FKi1—MEFERHousehold Transform,
MREMEHWRAE, MLP LA IEERHTIFER (linear + elementwise) XELHMAI— RS, XEHstack
Zlinear, fMelementwiseFiE 7t = Al FEABRITER 5o

A5 TIgBEZnormalizing flowd Bin@EN—1TBXEF, FEEBHEINZREFZETEESSH,; &
HIEMNEHRENRERERE, FANREESHHNIRS, FEEBENEEIRENES.

Residual flow:

HNTARg(2) = 2+ h(2), BRNNzDHEFZS, Bz = (21,22), HEH21 € R" 22 ¢ RT4, HITEX
hi:RT4M— > R, hy: Rh— > RTA, BIKARD ATERSD, B—H0TitEZESEABON, EBHEED
HzEBNEERZ ERHRENE R, XHER AR

zZ9 = T — h2($1) zZ1 =21 — hl(ZQ) =1 — hl(ibz — h2($1))o
===

* Capacity ++++

 Efficiency ----
* 9@ =z+h(2) * Practical +++

¢ Additive couple function:

s X =2z +hy(z) 3
* X3 =2z + hy(xg)
c x=(x,x) =9(2)

 Invertible with any hy, h; ﬁ
* z; =X — hy(xy)
1

oz =% — hy(22) =% — by (02 — hy(x1))
Residual Flow Ver.2:
9(z) = z+ h(2)BTEART, WRHELipchitz constraintg Lip(h) < 1, BIRILUEREg(2) 2a¥H, BEH
EfficiencytRifk, EARAEIL FHg(:)@rEN, HuliF#ERee@Edapproxi@LFEKE, FHERRIR,

"W”

,,,,,,,,,,,,,,,,,,,,,

* 9@ =z+n(2)
+ Lipchitz constraint:

. Lip(h)<l

« We have Mz2=h(z) _ 4

Zz=2Z1

* Contradict with Lip(h)<1

* g(z) is invertible

* Capacity ++

« Efficiency
¢ Practical ++

Continuous Flow:

EREEEHHHEODE)RFIR, — P—MHBENMDHFRALUREX L = f(z,t), HITHFELE—ERE

z*(t), WEXMEINDHIZ, MEHEER FERHT) . TASHRLRTROFERSNDNERG, HITE
REBIFRNES A 88t E Hanalytical solution, 1B1E BE-RFEMESF AN LUSHARNE—EMEFEERM.

Picard’s Existence and Uniqueness Theorem
Suppose f(x, t) and af;';'t)

b,c < t < d} that contains (X,t) = (z, t), then there exists h such that the ODE has unique solution in
[to — h, Ly + h]

are continuous functions in some open rectangle R = {(x, t):a < x <

Connection to normalizing flow

« Given a noise z
* Given the parameter 8 This is a normalizing flow
« Solve the ODE: z_x =f(x,0)  The solution x(1) = ®(z,8) is invertible
: )
¢ Intuition
x(0) =2z

* Given z; # z,,

« Obtain x(1) and output (e.g., an image) s Ifxy (D) =x1) =y ;ﬂ = f(x,0)
t
x(D) =y

RRMODEEFIRTATLE = f(z,t) z(ty) = 20 RPAFHRERNL = f(x,t,0) z(0) = 2o FIIEINLERVH,
#1183 T time-independent ODE, 4 = f(z,0) z(0) = 2o {BRXME5normalizing flow R X—%,
BATAILUA AL — M noise zZMBH#OZ /G, HAIMEODE, MEZENX(1)MERNBEENE KL, FTLUIERA
ODERETHMN, BMERRIEE, MRzl # 22Hz:1(1) = 22(1) =y, LEHEMNIEE—1O0DE, Althz1 = 22
, FE, FLCENTRILGERRE RE Y, EtLODEWZE— M Normalizing Flow,

i#)3%Neural Ordinary Differential Equations(Best Paper in NIPS 2019)

Diffusion Model



EdiEMinsight: RE—FRHNEERT BMZER, REBIKIBRENIN0,1). EINFBEMN—ITERNDTE
Hk, —BETHREIN0O,1), ZEBTREIREANEZND .

2~ N(0,1)—=z. (FEPDERHEMBERIE)

i EERR =k

NSNS EGR Y BUSTE, MR EFTXNTIE, WaE)IgRIRE?

AiFfE% (Forward Process):

BP RN S A3 72, Fli 1z KKR Nimage, ¢(«0)PHIqRERSHIBEREXNDE, N(z;p, o D) RER—D
Sfat, EFARBHZE, BIBHomESXNSHEXRN. « = 1+ o MARRETSTE, MOHEHEE

H—PMER,

T

q1(z1]z0) = N(x1;4/1 — By * 9, f11), 81 € (0,1)

z1=1/1—Br*z0+ /B *e1,e1 € N0, 1)

EALSRATLUERAREFINEE (/81), ZEBBREFENES (V1-81), EET—KE, X—&5!
HEIZRAT A RRIRFFRRT, A—RIINENZARERX IR, #HMmAEEENRERAENIRENE
Ko

Forward process

) ” ) ) ) ) Arv1 (teralxe) = N(xt+1;\/l_—ﬁt+1 * X, Branl)
:(:11)’7:””(::;Xf53026(Ol)id‘:"‘(:‘l‘sﬂe‘t::::‘:;“‘f: i:jﬂyfﬁ) z;nir;n ;m " | Xe+1 = \/ 1= Br-xe + \/ Brv1€c41, €41~N(0, 1)

BIMBXFRNXR—B—BEN, BEATUEH 0 = VII1 - Bi)zo+/1-[1(1 - e , KEZERIES
Qe (Xe11%0) = N(pa1; V@err * %o, (L= @e)D), @py1 = (1= Bryr) . (1= By)

PEEIFRRRMYR o =0 I de D , BEILSTEE T oolIE, o f8F0, EiLX

MRHE—ESBHBETN0,1), MBERIHNDTHERE, q(z1) =Y q(z0)q1(x1|20), BIE—MEERESRER

F— P REEXEL

RE{5#E (backward process)

HEM— B RHZ PRSI REERRINRBAER, XMERERER, TEFERMEMERII,

ARG ENREMEMREEENE—ME, MENSHEERE—HN, EEITTURLEIREENS—

SEAREIENS—TEERE—MEMN, MRS —THTIE—HNERANERERT—ERSEN, &

T iEEAdiffusion model I & IEM,

(. 6) S Pa(i0)  Pa(50) Pa(;0) pr()

D)

c:f\)

De-1(Xe—11x; 6)

Summary
* Forward process (noising) » Backward process (denoising)
¢ Given any image Xo~@o(Xo) * Given any noise x;~N(0,1)
o X~ Ceplees) = NCos T = Be s Xoer, Bel) ° Xem1~Pe1(Xeo1l%8) = N(xeog; o (30, £), 07 1)
« xp~N(0,I) * Wehope p,(-) = q,(.)

* The forward process is fixed. B, &, = (1 — ;) ... (1 — B;), 0y are not learnable

parameters

BRERURES HKiER, AEEMINREXr ~ N0,I), zi 1 ~ pri1(zi 1]z 0), BINFEXNTFE—MEE
pt=qt, HFp1(zio1|ze; 0)B— TMHENE (BExHNERHT, BIHEMNLOREz, XD R), Bil%E
X MR ] LR B BERIEE— Y ZMforward processHlbackward processi@—21%HY,

DDPM:

—NERRRIZOEZMUMLE, BIRAIMAKIT, RINBESH Tq(z) WHERK, MESHTE DN
BRAMARK. ZFAIURNZITHERSHNlossthik, RRNERTHEHNFELNEFIMNE, EMEETFIR
HEREERITER N,

MLEMIE X ZRAMA, RITAAERRIAN, FrLUEFRARBESER, MWHEHEGHHETENE, BRAEAE
SHNIT—E TEAVEAER R,



minimize Eg ;) (—log po(zo;0))

ERNMNFEMURIBT

BRHNEEF LEREXFIEX . q(z) RREEHIEND T, po(z; ) BRREFEFINSH, XA
BRTEATBIES M T, BEGHNEE (z) FHEZK,

BIgE— M RENER X, BRMAST (o).

INSRERAVEBRENE f(X) OFISE (82) , Bt

By [f(X)] = / (2) pla) de

7 p(x) RONDTET, BHSRERSD ©, 3 f(x) KFS,
BRp SELUTEN, HE— TSNS, FRE— I HBOEES%, ELRIBENLHT g, &
SEMNGIOME AT REEH RS HMEBNE, RINE: = 2, : o BESR L TRAREEEE):
(

q1,...7(z | zo)
]E x z|T _1 - ,0
(o) au, . r(zlzo) [ 8 (2| 7o) po(zo )]

XN HIpo (20; 0) FABayesian BN 2

E [_ log Lot ) Po(zo, 2 9)]
go(x0) q1,....7(2|20) aqv...7(z | o) po(2|zo;0)

BEAZEREBHORHRE, RBHDE-KLEE, HE—ENIFENR, HERTEKRSH, BHitEEHNER
ELBO.

A

Po (%o, 2; 0) q1,.1(zlxq)

E -1 E -1
qncxc)ql,..,r(zm)[ 8 1.1 (2lxo) * Eaoroas.ateixo)l %8 o (210 6)

T

ELBO >0
* KBS EHEIR, HizE/NMFETF!
F: KLBEREMIERSHERER: VoK (0) = —Eq )l (Vologpe(z|z0)) s IR
logpe(z|zo) = logpe(zo, 2) — logpe(zo), HARE—MRLAITERBEN, HKITEEMEMBEMESIER
TERELSHIERER, X2— I EMEERS, FERIFFRENER.,
KNIV BEBROREMN, ESFHMIRAIKERNTETLUES H &L MWtraining loss /9

T

-----

t=2

AT RIMEXNERE, SPEXMAHRALLITEN, ANERSE—PEXR, QEXNSHHEETUTE
1, RANEHEBESHDHEXN. pr1(zi1|z;0) ~ N(zi-1; po(ze, t),071), FEEEHRILIE X
Qi1 (21|20, o) ~ N(z-1;de(2e, 20), Bl )o
REBIMNEHDHZENKLBEN AR, F—UMRE—IES56TLX. RIBEX, AILIERAR NSNS
MmZENEE, EXATENEFEF, XMEIE—MEINEIE, REANBIFEZminimizeF NS 76 28R
EBE,

1

—QHUtt(-'IJt,xO) - ,u'e(mtat)Hg
O

BERLNMAER, FIIHEminimizeX M.

Reparameterization &

i
minimize EQU,A..T(XO:XT)[_ log po (xo|x1; 0) + z KL(qe-1(xe—1 120 %0)||Pe—1 (Xe-11x2; 6))]

t=2
1 2
_ N J1-81—a. — [l Cxe, = nis
T (xe, %0) = 1t_:ftxo + lit(_ t 1)xt 207 ||ut(xt Xo) — po (x¢ )||2
t ay
°r Xe =A@ Xo + /1 —ae * If we parameterize jg as
P 1 Bt 1 Bt
W (xe, o) = ——==(x¢ = €) Hg (¢, t) = ———== (¥ = ——=¢€p (X, 1))
V1-Be 1-a V1-Be vi-a

LFENAERRKMNIE, FATRILUE—TLE, EARNENG, (2, ) WREX, AR FHEIz,H

K, Uz, ) = ﬁ(mt - %e), EERNAT UANRENSR U NEBAX TN, E—FRNER

eo(zi,t)o B ERB ZSBE AT UG N

B

. 2
ST gy e B

minimize




minimize ||e — eg(y/azzo + /1 — oy * €)]|2

Diffusiont® Y43 & FAU-NetfVEEH5MIN LR ERFNF R HE KL, Diffusiontt B I 8EE A TransformerfyZeis
MUSER, AT SMERHFINENEY, #MEESEENELFINEEER, —REFERARZEESHAIEHRT

4RISINAEIU-NetZ 5,

7EDDPMHYSEIRH, Ho.et alfE2020FMIEX ERo2IRE NG, EMNREEE, 2FE—LEMRIANAT LG EEN
AR FE IS,

DDPM & Score Function:

MEMAEEHF—TFDDPM, TEIHSZGHIINERE

1
Vo log qi(zi|z0) = ———=¢

vV 1-— it
, MENTF—MERZEERHN— P RKS, XMERLEScore Function,
Score matchingfI R B AR E 1L HEMLE EmatchE LK INEBIEBIScore Function, @& EHLEMWLE Ematch
FIENT AR ER S NIE 2 f5 7= £ RIEIRYScore Function, Score Functionfl 2 fE A2 ——X N AT,

~sup
Recall
qe(x¢|xg) « N(xg;ag - xo, (1 — a)D),ar = (1 — ) ...(1 = B1)

] L x, = V@ - %o + /1 — aze, e~N(0,I) |

,,,,,,,,,
0 Creltg) = T ) (e TR
o ”1 VeI —ay)

e

1 1
log ¢ (x¢|xo) = log i -a) T2 - @) (¢ = a@xo)" (x¢ — Va@rxo)

!

1
Ve 10g qe (x| xo) = — o (¢ — Vagxy)"

DDPM & Stochastic Differential Equation:
BERYMERANASBMOI HENAERADDPM, NARSTEstepwiseRVII 2RSS /(0 1)SEE_EAITEE T
B TR—MHEE, B—MIANE, tREXE, ;ARETAHINEXRR, MRBABEINERARIHR
%, BRAOBEORNENRS IR,

Consider the limit of many small steps

Xep1 =y 1= Beia X+ Bria€

Let B (ﬁ) = T, where $(.) is define on [0,1]

See “Score-based Generative Modeling Through Stochastic Differential Equations” for details

Consider the limit of many small steps

x(t + At) = /1= B(t + AO)AL - x(t) + /B(t + At)Ate

x(t + At) ~ x(t) — %[)‘(L’)Atx(t) + /B (t)Ate ! Taylor expansion |

dx(t) = — %/)’(t)x(t)dt +/B()dw, % Called forward diffusion stochastic differential equation |

Drifting term _ diffusion term | Continuous-time Markov process 3

BLEMt, ~5RA(Y), ZEBHITREEF, JLUKE—MBHXR, LiERELNENS KRIERKE,
Xt X EXES T forward process 5SDEsHIx %, *FODE, [EAEENRAEERE—HN, EE*FSDE, IEM
TR EEEER—FHM, REXR(HES Bforward processEEIEITEM, backward processMEEZ 1—
Ifiscore functionil, X MEMLITER, FILEREEEEMLERMAitscore function, XA T #%F ERY
SDEF# S H M diffusion model @ KA—4EH,

2

1
dx(t) =~ — E{f(t)x(t)d[ +B(®)dw, Forward diffusion SDE

Drifting term  diffusion term

dx(t) = [—% B(Ox(t) — BV log q.(x)]dt +/B(D)dw, Reverse diffusion SDE

Drifting term diffusion term
##ZiR%: Denoising Diffusion Probabilistic Models, DPM-Solver, Score-Based Generative Modeling Through
Stochastic Differential Equations

25.11.14 Acceleration

High-level idea: F/NAVIB SR EER, AARIESIRERIRIE

Draft Construction: FFsmall LMEtX Z BBV NER —FRTIBsequence, (zii1,...,Tem), NESEEEH
FFpromptE KBS E; Draft Verification: FENERIVIBER, SiEpromptFldraftfZ48LLM, @ —RAEI%iL
LLM3XEIE—NRIRRAYFRE(IE ; Draft Correction: & —NMa@BIFEM BERKLLMARIESIE, KIEHRY
D (@1, .., Tem) LRAP, FEFAsmall LMAAEERE— Ndraft, BFEFE,



XMEGERT U R EMNRLLMAHIRERE, RAEM="MIFEE=XLLMdecode, BEREBRZBFAEEXLSE
RE M decode,

Efficiency

Three words are generated in

Large LM verification in the car i e

« Ifusing LLM only:

execute LLM for 3 times

t t i tt i * Using speculative

t
Small LM prediction I saw a  dog ride|in the  bus decoding: execute small
LM for 3 times, LLM for
1 time

BERIVEZRIEIERYE, Elspeculative decoding equals to sampling from LLM, B4 E RN %6p(z)Fg(x)
> BATRETRBEMp(z) FREFEEIE, FRIRFINERERTSq(x)PHH? Hifp(z)@small LMBIST, g(z)Z
LLMBY53 %5

Algorithm 1 Token-level maximal coupling
Input: Distributions p, ¢, Draft sample X ~ p.
1: Compute the residual distribution p™* where

q(z) — min{p(z), q(x)}
Vz € Qp™(r) = —=—"F—— .
1 =32, min{p(=), (')}
2: Sample  ~ U(0,1).
9% : (X)
3: if » < min (]. h) then
4:  Return Y = X. {Accept the draft token.}
5: end if
6: Return Y ~ p™. {Snmp[ﬁ a corrected token from the residual dlstrlbutian.} Ifq(X) << p(x)

P (z) BARIRBE/ I MER RISIRIR PSR 53, FRBHRENS T, PEBNENEATHERERILT—K, BE
KEEn, WRq(X) > p(X), BIAREELANERBIBRLL MERESHINHE, INAXB— 1N SIEERE, FEitik
BMERIE RS IX kL, BY = X; MIRKEEHARNERNSHEREES, Ble(X) < p(X), MWHIARXR
E—TEENXRE, AUFEXRFp < ARENER, BIREXRESPE, B2/ NMEREPEERERIES.
Pruning
EIIZRREFER, SR Fweight matrix PEHEFORIEIRE RO, EMXKRIGEPHIFMEKNEIIIE, ERRIEEZIA,
greRi)IIZ, FEREweight_matrixPEHEFORNEIGE N0, BIARIGEPHIMEDTIRIE, etk
e ST N DY SR Ve TSP =BV ES
Unstructured Pruning: RNEETEMME, RikTFEweight matrixFUEEA/HITER, XEEMTTLUIRSIEE
WE, BRCGPUHMHEREMNITERIRE, BHEINHRZEHRFHE,
Structured Pruning: ZETANMUE, RFETR, MARREREEMRL, Eweight matrixR R AOMIBF—EAERE
H5, XIFRTLASEIT SR SITI TR,

Structure pruning and unstructured pruning

X /
i
I (866852 -0.26992 0.134204 0.255969 -0.45728

0461104 -0.29167 042703 -0.10366 -0.31818
0491147 (04«47 0.155318 0338921 -0.32019

Unstructured pruning: remove the edges
without considering their locations

(866852 -DWeE92 0384204 0266AHO -DeEI28
0461104 -0.29167 042703 -0.10366 -0.31818
0491147 0014147 0.155318 0338921 -0.32019

Structured pruning: remove all the
edges in an operation

Quantization ()

HFHRTARNBESZM, EEEE. WRE. ¥RBENRTAZE. BNIGNHEERSHRERTIIEG, HIE
ERNIHREREBEN A NFHITHIE, XHER L T4Imemory consumptionFf Hfast computation, FERE
RERINFEERZ,

YENHERBSHEENANHT, IGLERZ Extweight_matrix roundf#EFEE, ZEFXMEfinetunefIARNE
i, LFAquantizationi®A] LA Xfactivation functionflIgradienti#1T, i@=#IENEM LM ERBFHITIIZ
B—EHF=iRid HEgradientfweight matrix clipBREFEIEEHE, #H—FR/DHNFFERE. B=ZQuantization
A EETRR ERERM, pytorchARZIFHEBENTSZE, MREABEEENEMUI-GIEZE, TEBZFE
CUDAE (. FRIBEER T AZEEZENTRAERNFMBREE,



Where to make quantization

training

0.25 -045
046 -029 042 -0.10 -031 ‘

0055652 -026992 0.134204 0.255969 -0.45728
049 001 015 033 -0.32

0461104 -0.29167 042703 -0.10366 -0.31818
0491147 0014147 0155318 0.338921 -0.32019

Besides parameters, we can also make quantization to
* Gradients (faster parallel training)
¢ Activation function (faster inference)

Knowledge Distillation

Student model and Teacher model, FEF4BAEBTUNHHBTRENMEHER. FERENREHENES
HMER—, BRMULER, F—1EFE/ MERMAERNEE -, F2IEFE/MERNHHNR
KLREHESERRERER, Bloss(ge(x), f(z)) + adoss(ga(z),y)o Xilosstb EIZM B TS HITFEINKEE
Bif, ERXMIEETLIMBE, AMUSHINA—MiF AR HTT,

The standard KD algorithm

(1Y) L055(gp(), () l055(gp(),3)

y
[ loss(ge(x), f(x)) + aloss(ge (x),¥) ]

A well trained large Random-initialized small
teacher model f student model g

B AR G IBKDEY /A& B 2IDiffusion Model R, Bl—FIAE P HIE, ZERSHCKDistill, ZFFIEZDistillfys
.



