BAF2£R ISSN 1000-9825, CODEN RUXUEW E-mail: jos@iscas.ac.cn
Journal of Software,2023,34(5):2024-2034 [doi: 10.13328/j.cnki.jos.006770] http://www.jos.org.cn
O FE R B AT T RRASUIT AT Tel: +86-10-62562563

H R 5ETE S MRS E B SRS TS
MRLY, RAE™, Hiw', 280

(R B KE: PR HR 25, 1 200438)

(AT A AL S S (R H K, LI 200438)

SR AL T P R BT L (B HK %), Bl 200438)

WAE1E#: RALLE, E-mail: zxwu@fudan.edu.cn; 2 H NI, E-mail: ygj@fudan.edu.cn

B E: RSHINKONRES I %F M E T EMBAE S, AV 428 £400-F BERT #9480 K B4k (eiE 3
FEAAF BRI R EE). A CANEHF S ERER G T L5+ R RS, Bl 4oilit P&, BRI A & Fofl5E 2

i, AR EAT TR B S AT G . A T MRS R, R T A E T B A A R — S AR ST % (unified
multimodal pre-training for vision-language understanding and generation , UniVL). UniVL 4% %5 &k 32 32 fi# 4L 5-Fn 2 A%,
B4, FHH R T A G FIN 4T K, Bl LR MAWE A Fe B R4, B RIS EP 46 2 A RATICH) = A K46, X 4%
TN % oG AER T v B & )3 4 ARG 7. B LA AL G5 T B RAE S5 HLTE A SRA RAT 4, 188 & FARIE =
897 ik xt AR 6 T AR S BAT R, F3 A, AR B — AR BT, B MRAL S A AT S 18] A AR, f 4Rt
XAAMES 0T AT 75 ik AL £ % 698045, UniVL AE R /£ 38 fRAE S-Av 2 AAE 577 B0 69 1 68 55 SR A9 AL 38 2 TR
Yo kARG . b, FITIEN T AR TAMRR T ARG R TR K, LEAVH T FERT AR Tk

KR HAAALIE; S AR F 3] T 44

FhESE S S TP391

TG AR MRS RAAE, PR, ZF W1 I R T S AR A R 2 RS TN R T % AR, 2023, 34(5):
2024-2034. http://www.jos.org.cn/1000-9825/6770.htm

J 5| R4 Lin TY, Wu ZX, Chen JJ, Jiang YG. Multimodal Pre-training Method for Vision-language Understanding and
Generation. Ruan Jian Xue Bao/Journal of Software, 2023, 34(5): 2024-2034 (in Chinese). http://www.jos.org.cn/1000-9825/6770.htm

Multimodal Pre-training Method for Vision-language Understanding and Generation

LIU Tian-Yi"*’, WU Zu-Xuan"**, CHEN Jing-Jing'**, JIANG Yu-Gang'*’

'(School of Computer Science, Fudan University, Shanghai 200438, China)

*(Shanghai Key Laboratory of Intelligent Information Processing (Fudan University), Shanghai 200438, China)
’(Shanghai Collaborative Innovation Center of Intelligent Visual Computing (Fudan University), Shanghai 200438, China)

Abstract: Most existing vision-language pre-training methods focus on understanding tasks and use BERT-like loss functions (masked
language modeling and image-text matching) during pre-training. Despite their good performance in the understanding of downstream
tasks, such as visual question answering, image-text retrieval, and visual entailment, these methods cannot generate information. To tackle
this problem, this study proposes unified multimodal pre-training for vision-language understanding and generation (UniVL). The proposed
UniVL is capable of handling both understanding tasks and generation tasks. It expands existing pre-training paradigms and uses random
masks and causal masks simultaneously, where causal masks are triangular masks that mask future tokens, and such pre-trained models can
have autoregressive generation abilities. Moreover, several vision-language understanding tasks are turned into text generation tasks

according to specifications, and the prompt-based method is employed for fine-tuning of different downstream tasks. The experiments show
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that there is a trade-off between understanding tasks and generation tasks when the same model is used, and a feasible way to improve
both tasks is to use more data. The proposed UniVL framework attains comparable performance to recent vision-language pre-training
methods in both understanding tasks and generation tasks. Moreover, the prompt-based generation method is more effective and even
outperforms discriminative methods in few-shot scenarios.

Key words: computer vision; multimodal learning; pre-training
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VALE R PR S T A T A 7E 22 5. 52 UniLMY ™ I J 2, AT T DI Rt 5 SR RS 15 X0 1 ] ARG AR 45 4, 1

© HEE

FIRECFFEET  https/ www. jos. org. cn




2026 HAFFIR 2023 FF 34 5% 5 A

REFRATT B TN LA gl m] AT B L o5 AR A 2 Fl e

Wt POV 25 2 F 25 BB AR, A — A R34 35 6 PRV R Y ) i A 25 B AT Bl 2 i SR R 94K
. AR 7 i R R ARG K I 90 A 55 160 e i A\ A 1 A A 0 D T 23 0 IR R e 2 ) B0 K. il £
IRV T AL TR, 25 73 JAT 55 T LAARIR A i A SR bR ac 1K) F AR 35 FU 1, B A5 B B0 positive X negative.
H - He o A R ARADLYE, TN R w] RN ] Rl 5%, T v 2 B 4.

B SE T AR AR /% 1) 7 208 R T LI AR 11201, Petroni 5 A U224 LAMA $df 4 v i1 AR R AT
5 TFE B 58 BB, GPT-31 Dk i) . BB PR AT 55 VoV AT ZARAR . FEARIX S8 TF T e IR LA
FERTRRENE, JF FLEH AR H AT, e AT LR K 220K, AN AR5 5 2N A A AU e 0. oAl T 4 10
FUARTE 5 BN S B I BERR AT 556

Bidirectional = e -lll"-

t t 1

attention mask

Add&Norm  + Linear
1 classifier
Feed forward t
Causal mask e

Pre-trained model
Add&Norm 94\ ultimodal

Cross-attention encoder 3 - . e !
Py . . [CLS] Is the train emitting smoke?
I
Add&Norm 4 Yes
! 1
Self-attention
Pre-trained model
.. —
i ' & [ ———
[CLS] Is the train emitting smoke? Answer [MASK]
~ Add&Norm —~ Add&Norm
1 i Yes
Visual Feed forward Feed forward Text !
isual exi
encoder _' _' encoder Piesimtied ikl
~  Add&Norm ~  Add&Norm G e
1 1 t
Self-attention Self-attention [CLS]  Is the train emitting smoke? ~ [CONTEXT] [MASK]
Image Text Back
embe'dding embe:lding propagation
Image Text

BT ARSCHR A A 5 4 1 22 B R B

2 1RBIZEH

A SO (0 TN B - A SRR BE D . SOACH R B3R 2 B S 85 3 N4y, T BT DG4 T LA
8.
2.1 MEEHADER

B FIAE TmageNet-Tk - FUINZRAG VITU W b R0 BE G 4 3R SRS AE. 2 S A PR 1 e ROV e
FEH N = HW/ PR B, JCh N BUR I 53 B 0 H x W, C B IR, R4 EHR B 53 F % Px P . 5 BERT
A [CLS] kiic 2 00L, VAT S BURFAUHES T — NS HULIN AT ] [ 45id [CLS]. MU A B i 2 3k AR
VERRI (MSA) M 2B AIHLBLEE (MLP) 415, 20 2 R AU WA G 2 A AN 2. KL SE A 8 76
— IR T 2 Rk 2 .

Z; =MSA(LN(z;_1)+z1, I=1,..., Ly,

z;=MLP(LN(z)))+z,l=1,..., Ly,
SEofn, v ST 2D G, [CLS] 2 Bh2E ) S HARIE, 2 R4 R RS,

© PEFEEESK I hitps/ www. jos. org. cn



R mEAIIE S MRS A R ATV %5 ik 2027

2.2 MAYRRDES

BAMEF BERT F K SCA GG 4. SCA YR I 38 FIL I g il 2 A 01, #0557 LS 2 3k B Bid AR £ 2 8%
SIHLRSHR, FIAR DL G A0 25 (A R 2 e TR H— B T 2 3k A R BAHUR 2 2 B AP 2 5. B N SOR
t € RPO A R NAEBE T € ROH FURT B Tpos € RV Ytk Nyt € R

pr=LNMSA(p-)+pir, 1=1,..., Ly,
pi=LNMLP(p))+p;, I=1,..., Ly,

Horp, oY SN, py a2 B RN A I BARES.
2.3 SRS

Z SIS IS ARG EE AL, HR R BEANIEAT IR S R ) v S LR AR R AR A SCARRFALE.

moy = Pr;»
m; = LN (MSA(mi_)+m_y, [=1,..., Ly,
m; = LN(MCA(m],z,))+m/, l=1,..., Ly,
my=LN(MLP(m)))+mj, l=1,..., Ly,

o, pr, R SCARGRRGER WE L, z,, AR RAL AR I L, my 250 12T A KBRS

%3 B P BB A PR R R S X 1, AN AR AT A SV AT H A RS L. X A A R R A A
FPEAT S5 h R R4, HANE T AR PR AT 45, %S, AR BT 45 SRR LA A (B3 7 A ebmad, BRI ZESIAS .
T AETRINZRIN A PRI A 1], AN IR SCA G B 38 0 2 4525 S 25 1) B BRI = 0Bt LA R LR & T PR
BIHE,.
2.4 SIESIRNERR

AT RS T 5 TN 55 9 2 T [CLS] Frid VR A B -SCA Z B F0R, IR IR Ze e 2, DUAEXS T
AT 55 BEATACA. 51401, £F UNITER™ ep, RUBE i B e i g — A 2B 50 K B, B [CLS] bricfE 22 i
FEXT Lt ZHEATROM . SR, B P B RSCR AR ) 5 H3R 2k — AN SCAE B ) 3. 50, 2 [0 5 <A A Al AT 2 27 (R i
B, BRATI AT LAZR S AR 2207, DR IR B 4252 1) 58 B N 2 M A AT A7 2 4207, TRATTEE SR P 5 (1 A 1Y 1
T AR B ANX SR . b Ah, ] L R, BATHSEUL I 2 S ARG S e T TR 10 S B X% R B
MGG EARE T PSR AL, IX TR T S AR, I HLAR EAE S R N T AT R4, B ARE S
PR RN LI (R A0 AR A T R S 0 T U 25 1 e AR B KR . FoAT 1A AR 1A 2% ) [UNUSED] Aric /F 4 o] 2%
AFRIL, B EATRSEAIN, AT Al S AL e AT 3.
2.5 NZBER

8- SCARSK B 2R T A UE B R0 v 5 TN 2 2850, AT IR FH B - SCAR S L 2 2 20— A SR R RAIG 4 =47 1)
RARN G NSCAS. TRATT K T TC 1) AR - SCASSE A TEAE A, A4 It b (0 3 7 A B AL B - SCAST AL A 471
FEAS. TATRE AR 2 e M — A TERIGRISCK, 55— AT 3CAF R,

T
i i/
Loml T i0g Pl7)

> exp(xhife)

1os  ep(yix/o)
Lo= > log
12 BZ, ngleexp(y?xi/o')

Lie = Lini+ L,

© HEE

FEEAESIN  httpe// www. jos. org. cn




2028 HAFFIR 2023 FF 34 5% 5 A

Hb, x R AR EE 1 EEH, v R ORGSR 1 2. B 2B EAR KD, o R4 EUE iR
EZH.

BATEL 15% (MRS BEALBE AR, I — MR I [MASK] Fric B4 e A1, B8 55 240 G R B e
SCA TR J57 i 37

Liem = Z H (Prmask > Ymask ) »

Hoh, H A X, pmask AR BE AR I TIEZ, ynask A2 TVE MR 3T, Lo 72T 5E MR IZE X
R .

PATIALH 22 B2 G D 85 8 10 1D B0 — AR B D S S AR AL AR, R — AN e A 2 2 S AT
FH Softmax S T PR 2852 75 DT IC IR 2 py, . BB -SCAR T T 458 2 B0 BTN BEIAG RN SCAR S 2 5 DT C BAN DL . 3@ ik
FEUTTCRE A ) B A 8 g A ARE A rh B HTLIE BRI R SR, W] UG f A

Liim = ZH (Pitm> Yirm) »

AR, i AN R R, FOR BB ARRE, Horh 1 FORULEC K R SCARS, 0 27 ANVLIE K S SO, Lin, 2T
AT IEREASR G REAS R A SR 2 A,

3 SEIorAh

3.1 IR

A GCC3M R COCO 1 by TN 5 (504 42, Tl 1REAG Karpathy X T COCO )43 #1 77 1. e 4l gk
S B RIE G ERIAE] T 2.84M K.

3.2 SCIYEYS

BAVEH 12 J2 VIT-B/16" W B 15 4w i 2%, {3 HI7E ImageNet-1k _EF5G I 2R IR REATHI LA L. SCAR g 2%
{if Fl BERT RLH (KT 6 J2HI MR 1L, 2 M4 f% 2840 ] BERT B 15 6 2014516, I-ATI7E 32 7K NVIDIA Tesla
V100 32 GB GPU EAfifH 2048 #t & K/NUEARTING T 30 AN, ALY AdamW AL 5 2] %4
1E-4, AU 984 0.02.

33 TiES

PG SC AN AR 2R L SRATE IR A IE PG 4 HR O 5 6 4 e T 1) AR, i A I TR 4 P I o 7 5 TR P 21
HREA]. I, EAAE A TAES: RR R SCA R R SCAR B BGRB8 FH P 5 SCAS KT b 45 2 45 - S
AR VG B33 2R DP AT PG RN ST A 2 1] AR ADLYE . ZEHERR Sl R e, FA ] 206 Ao A0 5 4 e i R SO AR S ) 21 5 T
- SCASKT PR AEAR I, SR, FRATTRE T2 B s (BT K, IR0 20 BAZS G 28 52 45 - SCAR UG R 40 B0 HEA T
He42 . FATAE Flickr30k" 1 COCOM™ b4l T FATTIRIA 2,

PG 3 2E BB AE2E A B P9 22 10 1. bR 1A 1A P DR SR o B R AT TN 2, A 1SR ] DL L
FREGAER AT AT ARG R, FATE S [CLS] #Rid M [MASK] Fric £ 4 i A5 5 2w A 25 1)
B NEAT . RERAR I [CLS] &R ISk, FoAT MBI TN [MASK] A7 & 1) 5. S8 )5, TATH 73— [MASK]
Fic 8 N B2 BIAR G AR, FETUR — AN i, DARZRHE. HBi R4 H [SEP] I, AR it FE k. FRATTAE S50
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K1 ZEBKRRLEE R
Flickr30k Z A KL R 45 R (LA IH)

Ji: iENSI S e BUR-SCAKT# SAR-E BT R
R@1 R@>5 R@10 R@1 R@>5 R@10
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B PR 2 2 AT 45 K VA TN A5 28 1) 24 i3 56 7. SR Karpath (194358175 3%, AT COCO %4k
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®2 BB R AR

Method BLEU4 CIDEr METEOR SPICE
Unified VLP 36.5 117.7 28.4 21.3
XGPT 37.2 120.1 28.6 21.8
VL-T5 34.6 116.1 28.8 21.9
VL-BART 342 114.1 28.4 21.3
UniVL 35.6 116.8 28.6 214

TATHG R 1] 5N Ay SCAAE AT 55, TSI 2 B 28 0 AT 55 TRAT A 0l B TE T B AR VE 5 R B
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SCIE AR O T LEBCA ) 7 AN A T IR IR A BE T, BATTRE SRR AR 1K) 5 S B n 2 TI0E IR 2 S8 5113
Hh, JF AT R 1R 25 G S0 T P R AT . O TS0 ) T vk, BRATI R 2 B g i s i 1 PR 5 1 AN BRCIR A N
BB L E 2 8% b HEAT 2 S W 3 R (LC N A ek J2 B0, NLP D 8 1 B AR v 5 AR,
LCP Jy s I 7T 2 21 S BB, L5 500 M T3 A B, 26 T BERRCB 75 1 22 )T VR AR IX P AS S o # R BLAS 3
4f, I HAESAMREA tp AT BB, ST 500 B35 O 17 VPG TR $E 7R BT iR IR INREA 27 ST RE ), AT
T AR Karpathy YIZRER. WI3E 4 Pros, B ARTE 5 PR BERRAT R] 2% 2] 1R S 2 A0 R s B R ) 1 e 4T
DT T 1.

K3 COCO Kt UL I 25 52 46 45 4 AFVIGREA LR B SR 4R
Jrik 2 %) 1 S I ZRHEA K (A /4T
LC 70.8 3.7 69.4 4k 22k 44K 88k
NLP 68.4 13.9 67.3 LC 0.5/0 5.6/0 10.9/0.5  15.4/0.9
LCP 72.1 15.1 71.0 NLP  090.1  119/09 14811  183/16
LCP 0.9/0 12407 16715  20.1/2.4

N T 5 ORI 8 5 TN 57 VA T AT LU, BeAl1 225 2 AT 572 UNITERY, 4 VQAV2 Il 28Rl
IS UFEESRAOA TN G AL, 43R 5 BrR, BATT UniVL 388 T 5 Soe b M ik A7 M e,

LR 1) B AR, FRATTHG AR 43 SRS Ay SCAR AR AT 5%, o0 UG 4 0T B AR B 3R B ] 2% 3] B R
LHI BB R IR, ARG SRR Z “a photo of [CATEGORY ], AN B AT 4% 3 | F S0/ & “[CTX]
[CATEGORY]”. [CATEGORY] & B2 44, BAIFE R FEH 5l T [CATEGORY]. W 6 FiR, XFXATF
WAT 55, AT 23] BRSO S BRSSO —Fh A 30 73, BRA B /R BENER: — i S B I 54T 55 R 2

5 NI B S A 2R USRS S 4 * 6 JRN TR A X Tk G A s e 4
- P ) 25 e ey Tk BEREER Food101  Flowersl02 ~— DTD
test-dev test-std val test LC VE 92.8 93.8 65.4
VisualBERT 70.8 71 - — NLP VE 88.4 90.1 533
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