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Abstract

Abstract

Image capbning, which aims to automatically describe the main content of an
image using natural languagse,animportantproblem in artificial intelligence that
bridgescomputer vision(CV) and natural language processifi_P). Compared
with CV tasks like imageclassification and objecatietection image description
should not onlycapturethe objects contained in an imag4t also express how these
objects relate to each other, as well as how their attributes and the activities are
involved Moreover, the aba/semantic knowleddgeas to be expressed in a natural
language Thesecharacteristis make image captioning to be a challenging and
meaningfultask which is helpful for many important applications. For example, it
can help visually impaired people undarging the visualworld andassist children
to learnto express what he se@%e vivid and informative image description is also
helpful to satisfy our daily needscludingimage searchingndchatting robat

The recent statef-the-art methods appla awnvolutional neural network (CNN)
to extract the feature of the entire image, followed by a recurrent neural network
(RNN) to generatéhe description of the image content. TIENN-RNN pipeline
attracts much research interest due to the strong représerahility of the CNN
the superior abilityffor sequence data processiafjthe RNN,and the endo-end
mechanism of neural networks.

These successfudpproachgshowever, ardimited to integrateonly global
visual featuresand thelocal semantiacconceps and themodality difference between
visual and language spaces have not been considered. An image contains a lot of
information from various aspects. Existing image captioning approaches are also
limited to describing images with simple contextual infation. They typically
generate one sentence to describe each iaragienly focuson the aliency objet.

In this dissertation, we address these limitations from the view of local semantic

learning. Three novel captioning frameworks are proposed to eamtthe image



understanding and enrich the captioning by introducingtjectregionsor object
labels The main contributions of this dissertation can be summarized as follows:

1. We present a method of generating rich image descriptbased onmage
regions. From object detectionfull image captioning mode(Long ShortTerm
Memory, LSTM)training, and region description, our methedendshe single full
image description tonultiple local semantic representations target to object regions
which aresufficient to represent the whole image and contain more information.
Comparingwith general image level description, generating more specific and
accurate sentences on the different regismelpful fa local semantic exploring

2. Weintroducea local semanticfeatureto improve the image captioning via
the proposedlement Embedding LSTM (EESTM) model The local descriptions
obtained in our first work aremployed to generate the semantic features, which not
only contain detailed information but alsharethe same semantgpace withthe
targetdescriptions, and thus bridge the modality gap between visual images and
semantic captions. We further integrate the CNN features with the semantic features
into the proposed EESTM model to predictthe find language description.
Experiments demonstrate that the proposed apprefiebtively utilizes the local
semantic information anoutperformgecent approaches

3. We propose th&eyworddriven image captioningvhich achieveshe local
semantic learning focus on the object concepts ofthe image The proposed
Contextdependent Bilateral Long Shererm Memory (CDBLSTM) model is
utilized to predict aspecificsentence driven by an additional keywds@sed on the
keyword, CDB-LSTM learns the semantic regentations toward two directions,
which are unifiedthrough a context transfer modued jointly optimized in an
endto-end training frameworkwhich guaranteeghe accuracy and consistenacly

the personalized describes.

Key Words: ImageCaptioning,Locd Semantic LearningzE-LSTM, CDB-LSTM
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1) Object(s)/Stuff

Input Image
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b) person
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person and one brown sofa
and one dog. The person is
against the brown sofa. And
the dog is near the person,
and beside the brown sofa.

5) Predicted Labeling
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