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I Data Preprocessing

» Data Preprocessing

Pattern Recognition and Neural Computing

1 Tokenizer 731AlgR : G AEEHR IR T LURBIRVE,

MessssmssssssssssssssssEsEEEERsEEEEEREeEnnnnunnnal

ID 1000 0001 0010 0100

1 Embedding Layer: 15 id &2 Jembedding[@]=

embedding [[al] [a2] [a3] [a4] ]

Batch mode JJI|Z&AY, input embedding = [bsz, max_len, emb]
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P

and: 0
neural: 1
B A=rgh J computing: 2
pattern recognition : 3
One-hot Encoding Word Embedding
apple=[1 0 0 0 0......]
bag =[0 1 0 0 0...] {f’g rabbit
orun .0
Cat =[0 0 l O 0 ...... ] Ojump Cat
dog =[0 0 0 1 0.... ] otree
o flower
elephant =[0 0 0 0 1... |




Data Preprocessing

» Tokenizer(e.g. BPE) » Embedding Layer

BlF
P
{'"low</w>»': 5, 'lower<w': 2 'newest</w':6, 'widest</w': 3}
Iter 1, RESUEEFHX"e"f1"s"HH T6+3=9R, &Fk'es". Hil:
{'low</w>': 5, 'lower</w':2, 'newest</w':6, 'widest</w': 3}
. Pattern Recognition
Iter 2, REHRELF X "es"f1"t"HIL T6+3=9i%, §FtAk"est". HiH: 1000
{'"low</w>': 5, 'lower </w': 2, 'newest </w>»": 6, 'widest </w>': 3}
lter 3, LULLSEE, SEiMEELFToXd/8 est"#" </w>" Hith:

{'low</w>': 5, 'lower</w': 2, 'newest</w>': 6, 'widest</w>": 3}

Iter n, BERACEZIARIFRIZRIsubwordiBZRA/NE T — M RSMAIF RS HIBREA1.

Input
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Hidden

Output

Embedding
[0.123, 0.456]

e.g. [65536, 128]
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I Self-attention PHFNP_E
» Example

Example Applications & @

| saw a saw

|

N V DET N

POS tagging

w

Hr

E.
W

Saw

> Self-attention

[ Self-attention

?ge Attention is all

Lj q you need.

t
§

|
-

https://arxiv.org/abs/1706.03762
[1]https://speech.ee.ntu.edu.tw/~hylee/ml/ml2021-course-data/self v7.pdf
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I Self-attention PEII‘N,,_[:

> Self-attention

Self-attention parallel

Dot-product

a=q-k

Can be either input or a hidden layer

» Multi-head Self-attention

gl @2 K K2 vl iz @l g2 gl 2 pil pi2

i

Different types of relevance L L4 3 1 J T 11 T

| | I | ‘ il \
q k! v! :_qj g M
g | P 1 ! !

q'=wia' ai' (2 heads as example) ai!

[1]https://speech.ee.ntu.edu.tw/~hylee/ml/ml2021-course-data/self v7.pdf



I Self-attention

Multi-head-attention & Grouped-query & Multi-query

Values
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Multi-query

PR

(—
—

N ™ ™ b -:".'-‘{1-_
2% i P PR R ETLT A TRNR
A P P Y amlet et A ™ SaTma
. A ) ' ' A ) a T L " Sl T
’ \ ’ \ i \ ’ [} S e Pt ’ \ Vi ~a L S

Figure 2: Overview of grouped-query method. Multi-head attention has H query, key, and value heads. Multi-query
attention shares single key and value heads across all query heads. Grouped-query attention instead shares single
key and value heads for each group of query heads, interpolating between multi-head and multi-query attention.
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I Transformer

> Transformers Architectures

Qutput
Probabilities
o
&’
%
o r )
Am;,,,;ﬁuﬁ\\ == BERT (Ours) OpenAl GPT
Forward
BERT e,
r I N (CAdd & Norm I:J
—iaddaNom } | | FoeReg
Feed Attention
Forward 7 7 Nx Decoder
2 : | (Adga Mo ;
Encoder N+ | zggarem) | :
: : Masked
Multi-Head Multi-Head
Attention Attention
: 'y 7 || T
A % Ji ——
POSHIONAL A).cvdyeereenneand Positional
Encoding @ D ¢ Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)

Figure 1: The Transformer - model architecture.
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I Large Language Models PEIFNP_[:
» LLMs refer to Transformer language models that contain hundreds of billions of
parameters

» Typical Architectures:
1.  Encoder-decoder Architecture e.g. T5, BARD(Google)
2. Causal Decoder Architecture e.g. LLaMa, GPT series(OpenAl)
3. Prefix Decoder Architecture e.g. GLM(THU)

Causal Decoder Prefix Decoder Encoder-Decoder
T o0eee SES88eSe | SoPeen
a
‘aoeEeens SEPEES : S@Sees
/-0 ESS : -EafEEeS © Do GaGes
i|im@Enes ;|88 , 088
000 U e . 0 : 008 L
D80 1 R N el I R |
e Survey  of  Lage Llanguage Modeis = Survey large Language Mo = A Suvey of  Llarge Language Models
L Y | L Y J L Y H Y J
Decoder Decoder Encoder Decoder

B 4 =FERBANIENERLR. 2B, B6. 86, BEENRENERERSIRTIE token ZEREER . BT4E token FBHR token 2
EIBGEE 1. BAF token ZEMEEAURELTE .



I Causal Decoder Architecture

12x —

Text Task
Prediction | Classifier

T

i

Layer Norm

P

Feed Forward
A

Layer Norm

S

Masked Multi
Self Attention
A

Text & Position Embed

GPT

Softmax

Causal

Mask
L?J Qf) L\ff_)
[ RMSNorm )
W—
( Emlkr)]:du;ing ’

LLaMa

Residual

Residual

SRIERHNX
len=2048

Tokenizer

2048x65536

nn.emb
[65536,4096]

inght pos.emb
e
204854096 [2045,4096]

RMSNorm

[2048, 1]

2048x4096

<+
A 4 A 4 A A

waQ WK WV
[4096, 4096] [4096, 4096] [4096, 4096]

v v v

2048x4096 2048x4096 2048x4096

Causal
mask

2048x4096

wQ
[4096, 4096]

———————————® 2048x4096

RMSNorm

[2048, 1]

gate

2048x4096 (4096, 11008]

up_proj
[4096, 11008]

down_proj

[11008, 4096]

P 2048x4096

RMSNorm
[2048, 1]

nn.emb

[4096,65536]

-

MLP
~ (FFN)

>~ Attention -

~

J

NxLlayer



I Prefix Decoder Architecture

» Causal Decoder Architecture{EFBREEMASTFE NG, & tokenREER FiTER tokenF IR
> Prefix Decoder Architectur:X4BIEX (prefix) AT ELERN, FHXIER A token I TERELER A,

v GLM Prefix Attention:

Key
) = . . . s z5 [E] za [E] ; Ty [M] x [M] [8] o5 2 [S] T8
1 To T3 Ty X5 g : i
] | I [ l E N X M X X X
H Tz W %% x
(a) Sample spans from the input text ; GLM H M| wellselintboe bng
! (Transformer w/ masked self-attention) : Iy | P g ey o
O T
: =4 5] 31 b Line
PartA: 21 *2 [M] zy [M] o e M) 2 M) [S] 75 oz (8] @ F x x x
: . I 3 | %
Part B: Ta Is g ! Positionl 1 2 3 4 5 5 5 5 3 3 ' 5] *®
P Pesiionz 0 0 0O 0 0O 1 2 3 1 2 i m |
(b) Divide the input into Part A / Part B (c) Generate the Part B spans autoregressively (d) Self-attention mask

1. R @ = (21, 22, 3, X4, Ts5, Tg| FEHIBHTIES: mask, X mask 35 [z3] 1
(@5, z6] , EBEFHKERMBRSH (A =3) , 5BART —#.

2.4 [z3]| 70 [x5, x6| B M] iRE, FHHTEL Part B HIARF. ATHIEEEZEIATERE,
BEHN RS EERIRAT.

3. GLM E[El|3ttb4ERY, Part B, SNHERTEMARRIEINL [S], fEaGHAEEMNLE [E], T4
BRIBFERRARRBRZ AN FERRBNIERR.

4. BiEEHER. ReRFEEs,. Part A fEETLIEEET (B2(d)IERIE) . (BFREEE
Z Part B, Part B {9imligaILA&EZ! Part A 71 Part B FRIBTEINAE (B2(d)BE2NFREIE
MRFEANFER) . [M] = [MASK], [S]:= [START], [E]:= [ENDI],



Data Collection

> LLM Y& AR INER
TERHEIETIE

T2

Quality Filtering

* Language Filtering
* Metric Filtering
» Statistic Filtering

* Keyword Filtering
E Alice 1s wniting a paper ahoul :
1 LLMs, #&&de Alice is writing |
i a paper about LLMs. :

AATRRE = M AEHELL 5] ?
v BiE—:

T5 (11B)

100%

GLaM (1200B)

22%
48%
30%

mT5 (13B)

100%

PaLM (540B)
5%

MAY s1%

50%

Webpages

De-duplication

+ Sentence-level
+ Document-level

+ Set-level

P

i Alice
1 LLMs. -\-hee-omm-pupﬂ
| ehoutliMe

writing a paper about :

Privacy Reduction Tokenization

+ Detect Personality * Reuse Existing
Identifiable
Information (PII)

Tokenizer

+ SentencePiece

* Remove PII * Byte-level BPE

......................... P ST I
i En:eced‘[qumtbodﬂu
iw Titing a paper about LLMs. " ) {

LLaMA (65B) GPT-3 (175B) MT-NLG (530B) Gopher (280B) Chinchilla (70B)
0,
2% 5% 16% ¥ M 4%
59 o, 4%
1 26% 37% 40% ;
62% 60% b
6%
87% 84%
LaMDA (137B) Galactica (120B) GPT-NeoX (20B) CodeGen (16B) AlphaCode (41B)
8%
° 8%
13% 7% b o 20%
38% 39% 6%
=t 10%
o
50% i
86% 15% 25% 100%

Conversation Data

Books & News

Scientific Data Code

pemememaaan

132,145, 66,79, 12, 56, ..

ParN.C

Ready to
pre-train!

o ==

TiFHEES, TRUREESMERIMERE, IBINXINAVEETE.

BIGRASHET SR 7E

PAttern Recognition and NEuwral Computing



BIGRASHET SR 7E

PAttern Recognition and NEuwral Computing

I DoReMi PEII'NP_[:

v 7535 DoReMi&j%: https://arxiv.org/pdf/2305.10429.pdf

Wiki

Step 1

Step 2 Wiki Step 3
Books Books |m -
News Train small Train small proxy News || I;ar:nu:rie
model with DRO g E.
Web reference : — Web model with
to get domain :
Code weights Code | reweighted
dataset
Law 2
Med M

Reference domain

Optimized domain weights
weights

define reweighted dataset

Large language
maodel

model

Small proxy model

v Stepl £ K N L, I5¥BRH—EHNE,
v Step2 JI|#xSmall Proxy Model FREUHNE, ¥R EE alpha k
1. EHEE—\batch H9EUE
2. & token level BY excess loss
3. BEEHFEMIANE alpha_k
4. EE#f Proxy Model 2%

min max L(6,«a) = IIllIl max Z o -
0 acAk acAk 4

Z lo(x) — Lret(z)

a:ED

v’ Step3 £ 2 WEAM E




I Pre-training

Residual

Residual

SRFISxxx
len=2048

Tokenizer

2048x65536

nn.emb
[65536,4096]

indut
embedding
204854096

RMSNorm
[2048, 1]

iy

2048x4096
Ny

pos.emb
[2048,4096] A

A 4 A 4

A A

waQ WK
[4096, 4096] [4096, 4096]

WV

| 14096, 4096] ‘

v v

2048x4096 2048x4096

Causal
mask

2048x4096

[4096, 4096]

[ 2048x4096

RMSNorm
[2048, 1]

2048x4096

up_proj
[4096, 11008]

2048x11008

down_proj
[11008, 4096]

> 2048x4096

RMSNorm
[2048, 1]

nn.emb

[4096,65536]

v

2048x4096

gate
[4096, 11008]

SiLU

MLP
~ (FFN)

>~ Attention ~

~

J

NxLlayer
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v BHEIE:
Parameter=emb-+(Rotary+att+{fn)*32 ~= 7B

Hidden size =4096, FFN size = 11008, Layer =32, Voc_size = 65536, Len=2048
Rotary=L*H, emb=V*H+L*H, att=4*H*H, ffn=H*F*3

7N

TEtoken/BE LATHNERL LTS EAEID I 3BRUREUHTRISG:, KAOFE10053E5T,
BRRAARZET) G TFRZ—,

v EERREF

—MB BREY, HEIERERTEE 7B * 2 (fpl6/bfl6) = 14B,

v G 2F
Activation BE, FTETB*16 (Adam+fpl6+fpl6)=112B
1. fp32 copy of parameters: 4 bytes/param
2. Momentum: 4 bytes/param
3. Variance: 4 bytes/param
4. Gradients : 2 bytes/param
5. Parameters : 2 bytes/param

v HREEF
QLoRa => 48GBRFiE 7 65BIREY (4bitE{l) .
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I Adaptation PEII'NP_[:
f)llg BERY. TXEYEH. FEENREHTENE, FaASMEN.

BINERAMINIAIRESR, S22 Windows10iEATIRAYFSS LN, 3 Mok -

SEWEF, ¥, BHRIEG. MERERNNET, iHBRBSIRA—2%F Windows 105
AERARE, 13032 {RFIT S 2355 £

RABRALART, B—AIIYfWindows 10IEATAREIRIER ST, EEEBMANIFARR, RIAEEBhER
ﬂ‘]‘ﬁﬂ‘fﬁ%%ﬁﬁiﬁﬁ%?& EE—TINESS, ME—THF05EE, T MK Hthig ﬁ |
, IEERITHA—Z TEATHR
, FLEREE, BRE s
LRI, A8 P =i, BEREESR OshE
<4 ERbx
FHISEERED, EFNIHRNEE/NAE )
7 ISBEMEBE— NS ANENRMERE, NAEM Akl
B E{1—REnE, RREEFLINDUS, TrI—EHEAmNZRIEM.

x EENINSE X ES REER 1
C2N6M-6TTTW-TB6x6-JDQXQ-YDWI3, HEBNSE X FINE, (REVIEE i}i o EREHYET?
BEMIIAT 2., 2R, ME—UBHNEKZR, MIAHEHI— E_L_ﬁ TFARIES A
M$“

C2N6M-6T7TTW-TB6x6-JDQXQ-YDWI3,, INIBAIAE EliskEied, IRAYIEIREAFR
THENE 2, EXTRPOBES, REEd—TREMMWROKRE, HEXTNE.

» ERINEZ I EHEMNE, BAREER A. Ph=E—EEMRSD, B o o




| RLHF

Step1

Collect demonstration data,
and train a supervised policy.

A prompt is

sampled from our )
Explain the moon
prompt dataset. landing to a 6 year old

\
Y

A labeler
demonstrates the @
desired output
behavi :
enhavior. Some people want
to the moon...
|
Y
This data is used SFT
to fine-tune GPT-3 2
R . I//)?.N.
with supervised 7
learning. VA

Step 2

Collect comparison data,
and train a reward model.

A prompt and
several model
outputs are
sampled.

A labeler ranks
the outputs from
best to worst.

This data is used
to train our
reward model.

Explain the moon
landing to a & year old

0 5]

Explaln granity. Explain war

o

Maon & natural Praple went t
BatgtE of the moon,

\_%,—

)

0-0-0-0

|

J

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt

: »
is sampled from ot
the dataset. about frogs

Y
The policy i

L )

generates .%. =
an output. \}se(./

Y

The reward model :;
calculates a .o
reward for '@@'
the output. M
\
The reward is
used to update n ==
the policy
using PPO.

Figure 2: A diagram illustrating the three steps of our method: (1) supervised fine-tuning (SFT), (2)
reward model (RM) training, and (3) reinforcement learning via proximal policy optimization (PPO)

on this reward model. Blue arrows indicate that this data is used to train one of our models. In Step 2,

boxes A-D are samples from our models that get ranked by labelers. See Section 3 for more details

on our method.
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Step 1: Collect demonstration data,
and train a supervised policy.

Step 2: Collect comparison data,
and train a reward model.

Step 3: Optimize a policy
against the reward model using PPO.
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> SFT model
ST || A ELHITAEE, FEYFmaskE S, HTIEEI)%Z, IRERECHCE

» Reward model (RM)
v RM BIHRIZRIRE, 7E logits EENA Proj_layer, 1FlogitsBRESNIREE
v RM BUSIARHER, B ATREE, {8 Pairwise Ranking loss

|
loss (9) = _@E(m,yw,yz)wD [log (O- (TG (:C: yw) — Ty (T?}f)))]

» RL model
F3 SFT model #J384¢, RL model, SAF{EAY, RL model

objective (¢) —E(a:,y)NDng [ro(z,y) — Blog (ﬂ'gl‘(y | z)/75FT (y | z))] +

. (2)
YE g~ Dyserin |108(g " ()]
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I Distributed Training PEIFNP_[.'
v" Sharded Optimizers

Parameters Gradients Optimizer States

gPU, 8Py, ~ gpuy,

Baseline

ZeRO- 1 e

ZeR0-2 ; “ee "o

ZeRO- 3

Optimizer memory

Total Memory,,;,, ® Model Memory + (No. GPUs)

+ Activation Memory + Gradient Memory

Optimizer Memory + Gradient Memory
(No. GPUs)

Total Memory ;.. * Model Memory + Activation Memory +

Model Memory + Optimizer Memory + Gradient Memory
(No. GPUs)

Total Memory,;,,, ® Activation Memory + +(ZeRO-3 Live Params)



I DeepSpeed

Datan = |__ R T T T T i T T i
lIlIlIlIlIlIlIlIlIlIlIlIlIlIlIlIFHE ot Ilel%ttr‘!....
EEEEEEEEEEEEEEEEEEEEEEnanEnan FP32 Gradient
I 0 0 L 0 0O ) T
e
EESEEESEEEEEEEEEsEseseseseEaem FP32 Momentum

=
0 s L L R O
EEEEEEEEEEEEEEEEEEEEEEsssnsssmss FP32 Parameters

FP16 Parameters

FP16 Gradient ....

WA 0 O O O O O O
EEEENEEENENENENEEEEEnEEEnennnans FP32 Gradient

I I O i
EEENNESEEESEE exnsssssnsnsasFP32 Variance

I W 1 O
ENEEEEEEEEEEEEEEEEEeEenEnennasnns FP32 Momentum
W b B S G )
AEEEEEEEEEEEEEEERNEeennsnsnnnnnn FP32 Parameters

[/ = =
g

EURAISHEIT SR 7AE
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FPE8 B2tamsiers
IIIIIIII======== =IIIIIIIIII EP32 Gradient

fiffiseent fiifiiseant
T T T e
EEEEEEEEEEEEEEEEEnsnsnsssssssmss FP32 Momentum
0 L B
EEEEEEEEEEEEEEsEsEssEnssssssssss FP32 Parameters

FP1E Gondheat®
radien

I8 O O O T
EESEEENEEEEESEEEEEsEsEssssnnsnas FP32 Gradient
I8 IO
EEEEEEEEEEEEE sEsssssssmmms FP32 Variance

1N EEEEEEEEEEEEE
EEENEEEEEEEEEEEEEEEEEEEEEnEEEnes FP32 Momentum
1 U A O O
EEEEENENENEEEEENENEEEEEEEnEnenans FP32 Parameters

The last (massive) block of memory is used by the Optimizer.
This is not used until after the fp16 gradients are computed



I DeepSpeed

J%
GPU,
™,
B o
I.ES 1 T 1
I (i
GPU,

GPU,

Each GPU is responsible for 1 piece of the end model

ZeRO P

os+g+p

M

—Mg
EEEEEEEE s
Data, ™ [ =i « o0
g [T T T I

GPU,
M,
.... sEmEEEEm Y
EEE o
..!= EREEEEEE

GPU,

and Gradient accumulation are used with the 4-way data parallelism

_ My

..-- ....F....I
SYREEHL T I

.... [ 111 []]]

GPU,
M,

..-- E e R EEERER : )
T T SRR

GPU,

Once all GPUs have run M,, GPU,, ; can delete the parameters for M,

[ .
l:z> ‘ = T

EIURAISHE I+ SiRFAE
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M, M,
d} == L A0 A Is=isl= .-..@ FAEAEENE] I=s === |
Data, e T o G N |- - - ; — S U s g 1 | 0
L[]
GPU, GPU,

GPU, GPU,

Only GPUj initially has the model parameters for M.
It broadcasts them to GPU, ,

‘__le‘ Lﬁss
EEEEEEEEEEE EEEEE
D, e L
.... ===IIIII .
GPU,
M, M Loss
.... EmssmmmnEEEsEEcEE ...- IIIIIIIIIIIIIIII.
e -
] dldj
[ il = EEEE
GPU, GPU,

GPU, , , pass their M; gradients to GPU,
GPU, performs gradient accumulation and holds final M, for all Data

4
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| 3D Parallel / ParN,C

3D FH1T:

. BUEFH1T
2. IKE&HIT
3. REHT

|9]jesed e1eq OYaz

ki f
Pipeline Parallel



I The Training Stability

ParN.C
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By £ PN Wit gy A% WE #L #H deoda  MCL
GPT3 [55] Causal decoder 1750 1 Pre Layer Norm  Learned GeLU v 96 96 12288 2048
PanGU- « [8Y] Causal decoder 2070 {2 Pre Layer Norm  Learned GeLU v 64 128 16384 1024
OPT [95] Causal decoder 1750 . Pre Layer Norm  Learned ReLU v 96 96 12288 2048
PalM [56] Causal decoder 5400 92,  Pre Layer Norm RoPE SwiGLU X 118 48 18432 2048
BLOOM [69] Causal decoder 1760 42 Pre Layer Norm ALiBi GeLU v 70 112 14336 2048
MT-NLG [110]  Causal decoder 5300 {2 : - e - 105 128 20480 2048
Gopher [59] Causal decoder 2800 12  Pre RMS Norm  Relative - - 80 128 16384 2048
Chinchilla [33] Causal decoder 700 12, Pre RMS Norm Relative - e 80 64 8192 =
Galactica [34] Causal decoder 1200 {Z  Pre Layer Norm  Learned GeLU X 96 80 10240 2048
LaMDA [63] Causal decoder 1370 12, - Relative GeGLU - 64 128 8192 #
Jurassie-1 [104] Causal decoder 1780 {2 Pre Layer Norm  Learned GeLU v 76 96 13824 2048
LLaMA [57] Causal decoder 650 . Pre RMS Norm RoPE SwiGLU v 80 64 8192 2048
GLM-130B [97] Prefix decoder 1300 1Z  Post Deep Norm RoPE GeGLU v 70 96 12288 2048
T5 [87] Encoder-decoder 110 2. Pre RMS Norm Relative RelLU x 24 128 1024 512
[ . ik | A&
Post Norm [22] Norm(x+Sulayerb(x))
-4k {7 7 Pre Norm [26] x + Sublayer(Norm(x))
Sandwich Norm [171] | x4 Norm(Sublayer(Norm(x)))
LayerNorm [172] XT_EE Y+ B, p=3 2w, e=y 1 >4 (zi —p))?
I 1 il TR b 4
A—AL/k | RMSNorm 173] | g -7 RMS() =,/1 %, =2
DeepNorm [174] LayerNorm(a - x + Sublayer(x))
ReLU [175] ReLU(x) = max(x,0)
GeLU [176] GeLU(x) = 0.5x ® [1 + erf(x/V2)], erf(z) = 2= [f° e dt
i AL Swish [177] Swish(x) = x @ sigmoid(x)
SwiGLU [178] SwiGLU(x,x2) = Swish(x) ® x,
GeGLU [178] GeGLU(x1,x2) = GeLU(x1) @ xz
Absolute [22] Xi = Xi +Pi
RIEEEA Relative [87] Aij = Woxix] Wl +7i
T RoPE [179] Ay = quiRg'i,jx?WE
Alibi [18“} A«;j = quéRg‘i_jx}"W{AU = qu{x;rw,f = m(i F— _j)




I Loss Spike

Empirical Learning Rate
12e-4

1.0e-4

Re-load and adjust the

O8e4 learning rate after collapse

0.6e-4 /

0.4e-4

Learning Rate

0.2e-4

0.0e-4
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(d) GLM 130B’s real training

Figure 11: Handling training collapses and instability is the first priority when training LLM:s.
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FP16 for forwards and backwards and FP32 for
optimizer states and master weights
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Figure 4: EGS reduces gradi-
ent scale and variance to stabilize
LLMs’ pre-training.
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BitFit, Prefix Tuning, Prompt Tuning, P-Tuning, Adapter Tuning, LoRAZE
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Figure 1: Our reparametriza-

Mapping the HuggingFace’s BertLayer bias . s
i i Y tion. We only train A and B.

parameters names to BitFit paoer bias notation. =~

BitFit LoRA
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Holistic Evaluation of Language Models: https:/arxiv.org/pdf/2211.09110.pdf
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Opencompass . https://github.com/open-compass/opencompass



