NS AL RN TR B B T A TR RS W 5
LN g e VA

CLIPZFIH Lz~ /VFE— & )L EIER

pig  ERIEER
%  YINXINYAN (22NM706X)

BEHE  FrEEER

SF6E2H30H (k)



T 5 FE RN TR B B TR e RS i L5
e A i

CLIPZFIA L7z~ TFE—F VAR ERRR
5
YINXINYAN (22NM706X)
EEZA

G E R
MXES

AR, <V TFE— FOUBEEERE 7 LI, B T~ UIE IR 7 < |
TR A MEREBEBIFROM G ZEHL TWD, 612, EFZ/LOFIFT
X, TXRA P a—FLlbEVaT iy a—F @ - HCEE SR

BN BRI EE 2RI L TWDO0E D 0EHErd 5 2 &M
T2,

CLIPIX., W& SEEDO2 ODHBOMOIALRKRIZEDL LN TEHH
AIFEET VO—>TYd, CLIPTIH, B a—X—LTFFA o
—H—F =L, Ny FHNONEDOEST OEBG E T F A D
embedding® = ¥ A VB E X R KT 25— T, RIEfER T DO
embedding® = ¥ VIHPE 2 /M + 52 L T, v ALFE—F IR
embeddingZZ[H] & % L T\ %,

ARIFFETIX, ETVOEETIL, FTTFRAMETAZIBEL, TDH%
THRAIZ L A=FDONRNTA—FEFHELET, RIZEY 27 o a—
ZaREANLIEZITONET, ZOFE, 7F A a—F0NT7 2—H|3
B L7evy,  CLIP =7 WidRMIC "ViT-B-32” HEihlL—=2r7 T
A —H —TitAir T, BT o — X — 1 TEG) O RS A L, ffsk
DXy KT =T AJJDOT=DIRAF S LD, Visual Genome 7 —H & v k
DATV =T b TR TFoULE, CLIP 7% A N = a—X—DANT
FARMELTEMA SN, HGEOREE 1600 DT ~/L)3 X 3 7fFHF S,
WREZLN, 2AaT7 BNk bEW EAL 5 DO T )L DRI RSN

E g ORI IC CLIP =7 V2RI L, BN O S BIE MO mE
T L ORHEEFEE LT, IR O R 2 SGET 5,



Master’s Thesis in Scholastic 2024, Major in
Computer and Information Sciences,
Granduate School of Science and Engineering,

Ibaraki University

Multimodal machine translation using CLIP

Author : YINXINYAN (22NM706X)

Adviser : Prof. Hiroyuki Shinnou

Abstract

In recent years, multimodal machine translation models have been utilizing both
text and image information, irrespective of image label information. Moreover, during
model training, text encoders and visual encoders are typically co-trained, making it
challenging to determine the actual role of image information.

CLIP is one such pre-trained model that can obtain embedding representations for
both image and language domains. Pre-trained models like CLIP are trained on large
corpora and can perform various tasks in V&A fields with high accuracy in a zero-
shot manner. CLIP utilizes an efficient Vision Transformer for image encoding,
surpassing the efficiency of traditional CNNs. In CLIP, image encoders and text
encoders are trained together. The training involves maximizing the cosine similarity
of embeddings for N actual pairs of images and text within a batch while minimizing
the cosine similarity of embeddings for inaccurate pairs, thus learning a multimodal
embedding space.

In this study, the CLIP model is employed to extract label information from images,
preserving relevant label information, and inputting it along with text into the text
encoder. In the model construction, the text model is initially trained, and then the
parameters of the text encoder are fixed. Subsequently, the visual encoder is

introduced and trained, with the parameters of the text encoder remaining unchanged.
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CLIP: Contrastive Language-Image
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