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Introduction

Conditional text generation
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Introduction

prefix-tuning

- Fine-tuning needs to updates all parameters which is computationally expensive
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Introduction

prefix-tuning
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Outline

Method

 Multi-view attention(MVA)

« Masked Attribute Modeling(MAM)
» Attribute Linguistic Matching(ALM)
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Training Input / Output

Training Input:
Attribute part: attributes
Linguistic part: words(review/abstract)

Input to transformer
[CLS] attributel attribute2... [EOA] sentl [SEP] sent2... [EOT]

Output:

Generated sentences
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Method

learn attributes representation optimize the alignment
@ @ between attribute and text

maps attribute and text to
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Multi-view attention(MVA)

Q = Hl—lle’K = Hl_1W{<,V = Hl_lw}/’

Attention(Q,K, V) = softmax(

Q_KT)V,

\/a
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Parameters will not be optimized
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Multi-view attention(MVA)

T
MVA(Q,K, V) =B, ® softmax(Q—I;— +E')V,
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Multi-view attention(MVA)

Attribute| Text Attribute| Text
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Multi-view attention(MVA)

MVA(Q,K, V) =B, ® softmax(
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Method

learn attributes representation @

MAM |[ MAM || ALM | love this
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Masked Attribute Modeling(MAM)

To optimize attribute representation, utilize the idea of predicting the
randomly masked 15% attributes aj

attribute input: aj; = {aj1,- - -, aja} linguisticinput: wj = {wj,q, -, wijx}

Lmam(() = _E(aj,m,wj)~DlogP§(aj,m|aj,\m’ wj)

whole training set
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Method

optimize the alignment
@ between attribute and text
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Attribute Linguistic Matching(ALM)

Text should be semantically aligned with the corresponding attributes

the attribute and text vector pairs = < V|A|,i, V|T|,i >

B

. exp(Vvial|,i " V|1),i/T)
contrastive(CN L (§)=- lo : : :
(CN) ALM (& bz=1 ; 5 2keb\j eXP(V|ALi " V|T|,k/T)

B
triplet(TP)  Larm(@ =),  max_ (|Iva—vpll = [IVa = Vall +€0),
b=1 (Vaavp,vn N
minimum triplet(MTP) =
Lam@ =), max_ (Iva=vpll =[llva = vall}+€0),
1 (Vaavp,vn 5

St
Il

Only select the minimum distance sample
26



|D| x|
Lrcrg(0) = Zzlogpe(xltllet 1,Czla)

i=1 t=

B A Mtext A

condition(attribute)

X = LayerNorm(HMVA)Wc, W, € Rdh size of vocabulary

exp(x;/T)

iexp(xi/T) § €4

p(w;) =

Next text chosen by sampling on a multinomial distribution at the top-k tokens.
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LOSS

0.1 0.1

L= AFLFCTG (0) + A Lmam Q) + AaLarm (),

prediction loss
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Outline

Experiment
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Experiment

Human Evaluation
- Fluency(1~5)
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Experiment

Automated Evaluation
- BLEU(B-4)
- ROUGE-L
- METEOR
- perplexity
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Experiment

Automated Evaluation
- BLEU(B-4)
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Experiment

N-gram

1-gram 2-gram

candidate(C) The cat sat on the mat. [The catj themat\.
4 B word & x j j l l 7 - z 4

reference(R) The cat is on the mat.
REEE

[The cat] 1s on the maf.
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Experiment

CandidateF B uni-gram & 21

Evaluation Pn = 1 H B 7 reference
- BLEU as precision 2, > Countyjy(n-gram)
cc{Candidates} n-gramée C
u b3 Y Count(n-gram”)|
BLEU = BF- 6513]7(7;1 Wnlog Pn C'e{Candidates} n-gram’ € C'

candidate B uni-gram 7 24 &

1-gram
candidate(C) |The cat sat on the mcltJ Pn = ?

4 B word 3’ l J l l

reference(R) The cat 1s on the mat.
BEER
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Experiment

Evaluation Pn =
- BLEU Z. >, |Countgj,(n-gram)
ce{Candidates} n-grame C
u Count(n-gram’)
BLEU = BP - exp( 2—31 wplogpy) C’E{Ca%ﬁdates} n_gm%‘;e ” (n-g )
Count.;, = min(Count, Max_Re f_Count )
1-gram

candidate ;& {& uni-gram H IR B R EL
candidate(C) The the the

4 Rk iword L \\“ AT & reference H3& uni-gram i 3R & % HIREL

reference(R) The cat is on the mat.
RBREZE

3.2 Countgip =min(3, max(2))
Pn= — _)
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Experiment

Evaluation
- BLEU

N
BLEU =|BP - exp(Y_ wylogp,)
n=1
1-gram

candidate(C) The cat sat on the mat.

4 B word X x j l l
reference(R) The cat is on the mat.
BEER

P1=5/6

Pn

3 >, Countgj,(n-gram)
ce{Candidates} n-grame C
) > Count(n-gram’)

C'e{Candidates} n-gram’ € C'

BP — {1 >1 le > 1r
exp(1 — lr/lc) <1 lc<lr

lc = EBMIwordIEE
Ir = REMNBEEENRE
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Candidate : & B pword

|
Experiment .. s:=x

Evaluation LCS : longest common subsequence

- ROUGE-L n: len(candidate)

LCS(X,Y) 5 m : len(reference)
Rlcs = -
- 7
1-gram
LCS(X,Y) 2 | |
P = 6 candidate(C) The cat sat on the mat.
n A R word
2
_ (1 o 2 B )RlcsBcs % reference(R) The cute C‘th 1s on the Il]"(flt.
fos = 2 BEER
Rlcs + B Bcs

p=1 i



Candidate : & B word

|
Experiment .. s:=x

Evaluation
- METEOR

METEOR = (1 = pen) X Fineans
a=0.5

F — PR => means AS F-1
wyedns aP+(1—a)R

p. Candidatefuni-gramt i IR7E reference I ELE
Candidatef R E

CandidatefJuni-gramt H IR 7E reference R FIE =
R: referencefIRE as recall

as precision
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Candidate : & B word

|
Experiment .. s:=x

Evaluation
+« METEOR e, — #chunks

m

m : number of match

METEOR = (1 = pen) X Fineans

Pen = L
_ PR
Fmeans — aP+(1-a)R
1-gram
:ffgf;lllslon candidate(C) The mt sat |on the mat.

A BRI AIF

reference(R) The cat 1\’(‘)%1 the ll](lt
BEEE




Experiment

Automated Evaluation
- BLEU(B-4) as precision
- ROUGE-L
-METEOR as F1
- perplexity
PPLEZ{E X 5k language modelFIZN RS 4T, A AR R A FEAG U training datal A 6]

1 1
PPL (W) = exp [ —— Y log pp (w;|w)
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Experiment

Dataset

- Amazon (At least 20 reviews)
Input: user, item

Output: review

- arXiv
Input: paper’s title
Output: abstract

user item
Dataset #texts #attributes | #vocabulary
Amazon | 210,000 | 2,311+2,381 246,534
arXiv 1,506,500 25,112 565,762
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Baseline
- GPT-2
- Prefix
-NRP

Experiment
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Baseline
- GPT-2

Experiment

Transformer (Table-te-text) A1

Dute

[CLS]

attl att2
Input

[SEP]

w1l

W2 w3 w4

Output

w5
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Experiment

Baseline
- Prefix
A=

J

L

attributdransformer (Pretrained)

attl

att2  p_wl p_w2 p_w3 p_w4 wl w2

Input

Output

w3 w4 w
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Experiment

Baseline
-NRP
Veryﬂ Green : only textual states
Happy
l Red : prompt model’s states
Love \
. textual+prompt states
Candy \
I 7 ¢ 0
<D o 9
33 ©

61



Experiment

Model Amazon arXiv
Flu PPL B-4 Meteor Rouge-L Flu PPL B-4 Meteor Rouge-L
P R F P R Fi
i l T 1 T T T T 1 T 7 T T T
GPT-2 | 316 1667 012 019 | 009 008 008|316 724 010 028 | 019 029 023
Prefix [26] | 319 1621 014 020 | 009 009 009|303 712 011 029 | 021 022 021
NRP[6] | 319 1586 013 021 | 009 009 009|303 702 011 030 | 023 022 022
FCTG | 3.95 [13.83 0.26] 028 |0.14 0.13 0.13 | 378 [ 270| 0.14 031 | 031 028 0.29
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CE: cross-entropy

Experimant CN: constructive

TR: triplet
MTR: minimum triplet

Data Amazon arXiv
components PPL B-4 Meteor Rouge-L PPL B-4 Meteor Rouge-L
MVA MAM ALM | | T T PT RT F17| | T T PT RT F11

p=0.8 CE TR 1491 0.26 0.26 0.15 0.11 0.13 | 3.28 0.13 0.30 0.29 0.27 0.28

p=0.5 CE TR 14.88 0.27 0.26 0.14 0.12 0.13 | 3.24 0.13 0.30 0.28 0.28 0.28
p=0 CE CN | 1456 0.26 0.27 0.14 0.13 0.13 | 3.23 0.13 0.30 0.29 0.28 0.28
u=0 CE TR | 13.83 0.26 0.28 0.14 0.13 0.13 | 2.70 0.14 0.31 0.31 0.28 0.29
p=0 CE MTR | 1438 0.25 0.27 0.14 0.13 0.13 | 346 0.13 0.30 0.29 0.28 0.28
p=0 w/o TR 14.22 0.22 0.26 0.13 0.11 0.12 | 3.83 0.13 0.30 0.27 0.28 0.28
w/o TR TR 14.84 0.19 0.24 0.11 0.11 0.11 | 432 0.12 0.29 0.25 0.27 0.26
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- CE: cross-entropy
CN: tructi
Experiment

MTR: minimum triplet

Data Amazon arXiv
components PPL B-4 Meteor Rouge-L PPL B-4 Meteor Rouge-L
MVA MAM ALM | | T T PT RT F17| | T T PT RT F11

CE CN ||/ 14.56 | 0.26 0.27 0.14 0.13 0.13 (|3.23 | 0.13 0.30 0.29 0.28 0.28
CE TR ||/13.83 0.26 0.28 0.14 0.13 0.13 | 2.70 0.14 0.31 0.31 0.28 0.29
CE MTR|[|14.38 | 0.25 027 [ 014 013 0.13 | 346 0.13 030 | 029 028 0.28

RSl I S S
Il
o|lo o
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Experiment

Compared to other models, the required training time for it has

significantly decreased

GPT2+p NRP FCTG
Amazon 6.8m 7.3m 3.5m
arXiv 8.7m 11.5m 4.8m
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Conclusion

FCTG’s framework allows attributes to effectively influence the

generated text and significantly reduces computation costs
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