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In this paper, we explore the knowledge transferability in recent vision—and-language models
Recently, transferring knowledge from pre—trained vision—and-language models to handle a new task has
become a common idea in solving tasks related to both visual and linguistic data. However, the
knowledge transfer strategy of current vision—and-language models is not always effective. On the one
hand, some knowledge may not be helpful for knowledge transfer. On the other hand, harmful knowledge
such as social bias, may be involved in the pre—trained models. For both cases, the knowledge
transferability in vision—and-language models is limited, as these models may not surely solve new
tasks with their knowledge and may provide unfair performance to different social groups. To explore
the limitations of the current knowledge transfer strategy, analyze the reason, and further improve
the models’ performance in solving vision—and-language tasks, I choose the exploration of knowledge
transferability in vision—and-language tasks as my PhD topic and make an exhaustive analysis on this
topic.

First, we explored the knowledge transferability between 12 vision—and-language tasks to verify that
some knowledge in one task may not always be helpful for other tasks. We conduct an exhaustive
analysis based on hundreds of cross—experiments on twelve vision—and-language tasks categorized into
four groups. We further evaluate four factors that may affect the knowledge transferability, which
are the random seeds, the data scale, the training stage, and the dataset similarity

We then explore how recent large pre—trained models (e.g., VilBERT and CLIP) can be directly applied
to challenging tasks. We first propose a task and annotate an evaluation dataset to detect the
artwork regions that provoke certain emotions, and this task requires both knowledge of artwork and
emotions. We then evaluate eight baseline models on this task, including a weakly—-supervised model
that we proposed for this task. Furthermore, we explore how the recent deep generative model, Stable
Diffusion, can understand emotional stimuli.

At last, we explore how social bias, a kind of harmful knowledge, can affect future models. Recent
studies show that deep generative models (e.g., Stable Diffusion) can generate biased images without
intention. However, the generated images are increasing on the internet and may become training data
for future models

To explore how deep generative models will affect future models, we conduct simulation experiments of
dataset contamination by replacing the original image with the generated images. We then evaluate
both the bias changes and model performance changes to evaluate how the future models are affected by
the deep generative models. Furthermore, we make an analysis during the experiments and point out
some factors that may affect the bias changes of data contamination.

In conclusion, my PhD research focuses on knowledge transferability in vision—and-language tasks in
three different situations: (1) the knowledge transferability between twelve vision—and-language
tasks; (2) the knowledge transferability from large pre—trained vision-and-language models toward a
emotional stimuli detection task; (3) the effect of harmful knowledge related to social bias in deep
generative models toward future vision—and-language models.

We hope our work and our insights through the experiments can bring inspiration to the fields of
knowledge transferability in vision—and-language tasks.




7
MU EEOKREOE S K ONHYE

K % ( CHEN TIANWETI )

(k) K £
éﬁygﬁwgﬁlziéi Bz S IRR
" - Rl 2 i BR —

Bl A W2 KB HAE
MLBEOEROES

KREPAGGR L, EFRRSAFERED 5N TEY | REOY - AL LTORMAGIAE > TV AR EFEET LIC

BWT, fhoX 27 ~DEBEFE Ot 2%F) | BEEEHORA 3%) | EES0 1 7 2 0ER A Retk
(4%) 2B A3 DORFFE R RIC S <,

HoETIE, IR SHEY A7 ICB I D H#EOEB ATREMIC OV T, ERMIRL TS, SIREEY 27 Lt
ERLTFAREANET S, bLLIFEBREZANELTTIANEHNETHE AT THY, BRI HFZEM
HHENTWD, BEFEREET LTI, HDXATTEELEETAERNOLZ AT (ANEAT) TT7A v Fa—
=2 7FTHZLICkY, BMEZ AT OB TEE LESAICH_NTHENEGLS RDAREMESH D Z 8L TV
by —HT, EOREOMERER LENELNDDIEERNTRTZ L LATE R, BENETIE, Bgosrzs AN
LT BREA R B AT ICH L TIEBFEOIRER LELONRD o120, AFEIZFEICHEESESY 2 7 2BVl
TR 72 BRI BT 2 B RS E 0 O3, WGMRER N D2fE, HRERBIEE) L, v VT — F RGED B 2R D12
oL 27 OHFNGL, EEO2OOM TEHEBEFEORER L, AL NAN—T0OF A7 THRERNEVEAZR &%
HELTRY, BEEOMHEIC—DDIEHEZRMIT I L EHIT, FATEOEUMEICET 2 REE 52T\ D,

W3 TIE, BB EAATLZ Lk, FREAEE T DIEIEOREEZITo 7, BRENTAD AICL > TR
ROBELBRLSELAHEMERH D LEX LN, A TIEINAEBRNCHER T 2H#KOEWVCEI b0 &
EZ, BEFORLIEENED L) REEEBE S0 2 THT 2T VEREL TS, BEOSHTICHA
AHERT — v MIBO CRENTH Y, T—4 vy MIEENDIREO L DRV LG, ZOHETIIR
BEZ G KRBT — & &y P CTENPE SNERBABARSHEET VAR PE T2 LICEY, ZoFHlEZFER
LTW5, AikO@EY |, REIZET 27 —4 &y MID2, R IBRIE2BIFEO T AN G ani7
—Hy MIFELRENI END, RFRETEHEFEOT -4y b EEIC, EE 7 AR5 SN MmO 7o 0
Ty NEMEL, AL TWE, ARSI O ORE THEICH LI OnbR e b0 THD &5
25, T, T—F Yy NOMEIZBEOMEOHKRBIIKREIETLIHOTHDLEEX D,

FAETIE, AERANIC L DEBENA > Z —Fy b ETEL AL LD ICRo 7Bk Z B E 2. fERicZ b
OAERRATIC L 2B 2G0T — 4y N THEEENEZETLVEFALTRMY A7 ICTEBFE LIS ICBIT 54
BN T ADEBEE ERANR Uiz, ERALE GERH) NA T 2AE2FSZERMLNTEY, ft-> THERAI,
LEONTEEBTEE LEET AL IOREEZTL L YRIND, AFETIE, Eig L BRSET X X b Exha
13 2 KEBEEBESFEESVICONT, ZOFEOEOOTF—F 1y N O—EOWE %2 ERKRATIC X 2 Mg 2 & X #
AT =4ty hCEHL, ZOETAEBICEGEODATAER ERBOZ 27 TIBEE L CRBEHE LT,
EBROFER, RIS T 2 ERBEE TIIEERIAAS T AOEEBIIITE A LR LN o7, ZOMIEIE., £ERKAT
DFEFOAERIINA T ADBFERHNMDET M Z 2 EBEA L LTV L ATIHEFICERRLDOTHD LB 2
%,

UEDXS5C, KEGRXTH LN RRRIIRR S HEET VBT 28878 OERN R MEEEZH 6T
rLllblz, ZORHFMEELERLTEY, fRSHEETNOLZORBIZHFGTHRENRTE LN TS LB X
b, Lo T, KEMMmIIE L (BFWEE) OFMHmIXE LTMEDCH DD LD 5,




