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I 

 

   

Ἕ ᶏ ꜚ ἝҬ Һ ῤ ̆ ֲ

Ҭ ѿҩ Ȃҍ Ἕ№ ȁ

ᴋⱵ ̆ Ἕ Ҍֽ ἝҬ ̆

ȁ ҹ ῒӊ ῏ ̆ ֓ ӈḤ ҹ ӈ

Ȃ ֓ ᶏ Ἕ ᵬ ⱴ Ӟ ⱴΐ ̆ Ӟ

ᶏ ῒΐ ῒ ӈȂ Ἕ ֲ ῏ ̆ɒ ̆

ꜛ ֲ ῤ ȁ ꜛ ᾙ ӟ Ȃ ꜚү Ἕ

Ӟ ꜛԍ ױ ̆ Ἕ ȁ ֲ Ȃ 

Һ ᵝ (Convolutional 

Neural Network, CNN) Ἕ ̆ ≠ (Recurrent Neural 

Network, RNN) Ȃ ԍ CNN ⱬȁRNNᴨ

↓ ⱬץ ӟ ⌠ └̆ ԍ CNN-RNN ԅ

ῐ ̆Ḇ ԅ Ἕ ѿ Ȃ 

̆ ѿ ῃ ̆ ԅ ἝҬ

ӈ ץ ӊ Ȃ ̆ Ἕ ӈῤ

ү ̆ ԍ ѿ ҉Ҋ Ḥ Ἕῤ ̆ ѿ

Ἕ ѿҩ ̆ ғѿ ֽᶷ ԍ Ȃҹ ‗ ֓

̆ ׆ ӈ ӟ ₮ ̆ Ἕ ≢Ḥ ῀⌠

ӟҬ̆ץ Ἕ Ȃ Һ ᵬ Ҋ̔ 

1. ₮ԅѿ ԍ Ἕ ӈ Ȃ

̆ ῃ Long Short Term Memory (LSTM)

̆ ԍῃ Ἕ ҩ ҹ ҩ

ӈ ׆̆ ⱴᾟ№ Ἕ ῤ Ȃҍῃ Ἕ ̆

ⱴΐᵣ ‰ ̆ ԍ ӈ ⌠ԅ ᵬ

Ȃ 
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2. ₮ԅѿ ӈ ̆ ӈ ⌠ ₮ ӈᾝ

῀ LSTM (Element Embedding LSTM, EE-LSTM)Ҭץ Ἕ Ȃ

ᾢ̆≠ ѿҩ ᵬ ҩ ӈ ̆ Ἕ

Ҭ ӈᾝ ̆Ҍֽ Ἕ Ḥ ̆ ғ ҍ ῍

֣ ѿҩ ӈ ̆ ԅ Ἕ ӈ ӊ Ȃ ̆ CNN

ҍ ӈ ⌠ ₮ EE-LSTM Ҭ Ȃ

̆ ₮ ≠ ԅ ӈḤ ̆ᴨԍᴰ Ȃ 

3. ₮ԅѿ ῏ ꜚ Ἕ ̆ Ἕ ӈ

̆ Ἕ № ӟȂ ῏ ᵬҹ ̆ ₮

҉Ҋ ᶭ LSTM (Context-dependent Bilateral Long Short-Term 

Memory, CDB-LSTM) ץ ῏ ΐ Ҍ ᶷ ȂCDB-LSTM

ԍ῏ ңҩ ӈ ӟ̆ ҉Ҋ ᴰ

ѿ̆Ḡ ԅҩ ‰ Ȃ 

 

῏ ̔ Ἕ ̆ ӈ ӟ̆CDB-LSTM̆EE-LSTM 
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Abstract 

Image captioning, which aims to automatically describe the main content of an 

image using natural language, is an important problem in artificial intelligence that 

bridges computer vision (CV) and natural language processing (NLP). Compared 

with CV tasks like image classification and object detection, image description 

should not only capture the objects contained in an image but also express how these 

objects relate to each other, as well as how their attributes and the activities are 

involved. Moreover, the above semantic knowledge has to be expressed in a natural 

language. These characteristics make image captioning to be a challenging and 

meaningful task, which is helpful for many important applications. For example, it 

can help visually impaired people understanding the visual world and assist children 

to learn to express what he sees. The vivid and informative image description is also 

helpful to satisfy our daily needs including image searching and chatting robot. 

The recent state-of-the-art methods apply a convolutional neural network (CNN) 

to extract the feature of the entire image, followed by a recurrent neural network 

(RNN) to generate the description of the image content. This CNN-RNN pipeline 

attracts much research interest due to the strong representation ability of the CNN, 

the superior ability for sequence data processing of the RNN, and the end-to-end 

mechanism of neural networks. 

These successful approaches, however, are limited to integrate only global 

visual features, and the local semantic concepts and the modality 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 information. They typically 

generate one sentence to describe each image and only focus on the saliency object. 

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

learning. Three novel captioning frameworks are proposed to enhance the image 
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understanding and enrich the captioning by introducing the object regions or object 

labels. The main contributions of this dissertation can be summarized as follows: 

1. We present a method of generating rich image descriptions based on image 

regions. From object detection, full image captioning model (Long Short-Term 

Memory, LSTM) training, and region description, our method extends the single full 

image description to multiple local semantic representations target to object regions, 

which are sufficient to represent the whole image and contain more information. 

Comparing with general image level description, generating more specific and 

accurate sentences on the different regions is helpful for local semantic exploring.  

2. We introduce a local semantic feature to improve the image captioning via 

the proposed Element Embedding LSTM (EE-LSTM) model. The local descriptions 

obtained in our first work are employed to generate the semantic features, which not 

only contain detailed information but also share the same semantic space with the 

target descriptions, 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 EE-LSTM model to predict the final language description. 

Experiments demonstrate that the proposed approach effectively utilizes the local 

semantic information and outperforms recent approaches. 

3. We propose the keyword-driven image captioning, which achieves the local 

semantic learning focus on the object concepts of the image. The proposed 

Context-dependent Bilateral Long Short-Term Memory (CDB-LSTM) model is 

utilized to predict a specific sentence driven by an additional keyword. Based on the 

keyword, CDB-LSTM learns the semantic representations toward two directions, 

which are unified through a context transfer module and jointly optimized in an 

end-to-end training framework, which guarantees the accuracy and consistency of 

the personalized describes. 

 

Key Words: Image Captioning, Local Semantic Learning, EE-LSTM, CDB-LSTM 
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 1     

1.1   ӎ 

ԑ ̆ Ἕȁ ᵣ

Ḥ Ҍ ױֲ῀ ғ ᴰ Ȃ ̆ ᵥ

ȁ № ̆ ҹ ҙ ҳ Ȃ 

ӟ ̆ᶏ ֲ (Artificial  

Intelligence, AI) ԅ Ȃᴧ ᶏ ꜚ

ȁ ≢ȁֲ ≢ȁ ֲȁ ῃ ₮ ױ

ҬȂ ԋ Ҭ̆ (Computer Vision, CV)

(Natural Language Processing, NLP) Ἕ/ №

ԅ ȂCV Ἕ№ ȁ ȁ ץ̆ NLP

ȁ ԅ Ȃ 

̆ CV NLP ԅ ҙ ῏

Ȃᶛ ̆ Ἕ ȁ ȁ ԅ

Ȃᵬҹ ľ - Ŀ ῖ ̆ Ἕ ꜚ Ἕ Һ ῤ

Ȃ Ἕ ԅ CV NLPң ῤ ̆

Ἕ⌠ ̆ Ἕ Ḥ ꜚ ῏ Ȃ 

(CV) ѿҩ ̆ ᵥᶏ Ἕ

Ȃ׆ CV ̆ Ἕ ⌠ ΐ

ү Ȃ Ἕ№ [1-5] ҹ Ἕ ᶫ ѿ ≢̆ɒ ľ Ŀȁ

ľ ĿȁľֲĿ Ȃ № [6-10]∞ Ἕ ԍ ҩ ̆ᶛ ľ Ŀȁľ Ŀȁ

ľ Ŀ Ȃ ԅ ֓ Ἕ⌠ ҩ № ̆ ҩ Ἕ῏

ᵬᶷ ԍ ꜚ ̆Һ ҍ Ἕ ҩ ῏  [11]Ȃ

(Object Detection)[12-14]↕ ἝҬ ҩ ץ≢ ῒ Ȃῒז

ѿ֓ ᵬ (Attribute)[15] ҹ(Activity)[16-18]ץḂ ү ӈ

Ȃ ֓ᴋⱵ ⌠ָӇ ̆ ױ ᵌ Ȃ ᾢ
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̆ ֲ ꜚ ӟ Ἕ ̕ ≠

ѿҩ ץ ᴋⱵ ∞≢ ̆ Ἕ№ ȁ ȁ

№ Ȃ ֓ᴋⱵ ӈҌ ̆ᵖ ῍ Ȃᶛ ̆ ԍ

CNN Ἕ№ Ҭ ̆ CNN ץ

ԍ ᴋⱵ[19]Ȃ 

֓ľ - ĿᴋⱵ ₮ ѿҩ ҩ ↓ ̆ ֓

ԍ∞≢№ ӈ ̆ᵖҌ ֟ץ ֲ ̆ӞҌ

ӈ№ Ȃ  1.1Ҭ↓ҽԅ₃ ῏ᴋⱵ̆ ᵣҹ

ᴋⱵ ֟ Ȃ 

 

 1.1ľ - / ĿᴋⱵ  

Ἕ ἝҬ ӈḤ Ȃ Ἕ ῃ

̆ ғ ҉ ̆ ̆  1.1Ҭ

̆ ᶛ  1.2Ȃҍ ľ - ĿᴋⱵ ̆ Ἕ

ᵬ ѿ ҹľ - Ŀ ̆ῒ ΐ ̆

׆ ⌠ Ȃ ᴋⱵҌֽ ἝҬ ̆

ױ ȁ ҹȁ῏ ȁ ῏ ӈḤ ̆ Ἕ Ȃ ֓

ӈ ֲ ̂ ȁ ̃ ̆

ԅ ӊ Ἕ Ȃᶛ ̆  1.1Ҭ

Ἕ ľA large white dog is sitting on a bench beside an elderly man.Ŀ̆

Ḥ ԍ Ἕ№ ȁ № ȁ ᴋⱵҬ ҩ≢ ҩ

ȂCV Ҭ ץ Ἕ ᴋⱵҬ ̆ᵖ

Ҍ ‗῏ ̆

Ȃ 
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(NLP) ֲ Ҭᵣ ҍֲ ̂ ̃

ӊ ֜ԑ Һ̆ ᵥ ῏ Ȃ

NLP׆ ̆ Ἕ ѿ (Natural Language Generation, 

NLG)[20] ȂNLG NLP ѿ №̆ᴋⱵ ῀Ḥ

ҹ ̆ ֓ ῀Ḥ ץ ѿҩ ȁ ȁҒ

ῒז Ȃ Ἕ Ҭ̆ ῀ Ἕ̆ Ἕ

̆ ≠ CV ̆ ῀

ҹ ֲ ̆  1.2 Ȃ 

 

 

 1.2 Ἕ ᶛ 

ᵣ ̆ ꜚ Ἕ Ҍֽ ῃ ‰ Ἕ ̆

Ȃ ֓ ᶏ CV NLP ₮ ѿ ҹ

ᴋⱵ Ȃѿ ̆ ҩ ⌠ ᴋⱵ ңҩ ̔ ѿ

Ҭ׆̆ ץ ̆ ѿ CV ᵬ

῏̕ ԋ ̆ ѿҩ

̆ ѿ № NLP ῤ Ȃ CV NLP ңҩ

ᴪ Ἕ ֟ ≠ ꜚȂ 

ֲ ᴋⱵ ҍ ֜ԑ̆ᶛ ̆ҹ ֲ

ᶫ╠ Ἕῤ ȁҹ ⱴ ȁᶏ ׆ ἝҬ

Ἕȁҍ ֲ ȁ ꜛ ᾙ ̆  1.3 Ȃ Ἕ

֓ ҍῒ ῏ Ἕ⌠ ҍ ᴋⱵ ꜛ̆

ֲ ҬҌ Ȃ 
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 1.3 Ἕ  

ԅ Ἕ ӊ ̆ῒזľ - Ŀ ̆ (Video 

Captioning)[21-30] (Visual Question Answering, VQA)[31-36]Ӟ ԅ

῏ Ȃ ֓ᴋⱵӞ CV NLP ̆ Ἕ ΐ ᵌ

Ȃ׆ Ҭ ԍ Ἕ ΐ ԅ

̆ ҹ № Ҭ ῒ ῏῏ Ȃ

ӟѿ ⱴ ῤ ̆ ץ ҍױ

῏ Ȃᵖ ̆ ᵬ ԍ ἝȂ

ᵬҹ ľ֓ - Ŀ ᴋⱵ̆ Ἕ ꜛԍ Ȃ

Ἕ ץ ⌠ľ - Ŀ ‗ Ȃ

ᵬ ῏ Ἕ ̆ ғ Ἕ ү Ἕ̆

ѿ ѿ Ἕ̆ ↕ҹ Ȃ 

1.2   Ὺ  

Ἕ Һ ҈ ̔ ԍ ȁ ԍ

ԍ CNN-RNN Ȃ 
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1.2.1   ԓ  

 

 

 1.4 ԍ [39] 

ԍ [37-41]ᾢ ₮ ἝҬ ȁꜚ ᵬȁ ȁ ῒ῏ ̆

֓ Ȃ ץ

[38, 39] [37]̆ ֓ ץ ҩ ҹ ӈ Ȃ

Kulkarni [39] ₮ԅѿҩ ꜚ Ἕ ̆ ≠ ׆

Ἕ ≢ Ҭ ̂ ȁ ̃ № ̆≠

ᴆ (Conditional Random Field, CRF) ̆

̆  1.4 ԅῒ ₮ ȂM. Mitchell [40]≠ ῍

̆ ̆ ԅ Ἕ ȂSocher [42] ԍ

Ἕ ׆̆ ӈ

ӈ№◓ Ȃ 

҉ץ ֓ ̆Ӟ ԅҌ ̆ᵖ

ᶭ ̂ ȁꜚᵬȁ ȁ ̃̆ ╠ ῃ ғү

Ḥ Ȃ ̆ ԍ Ҍ ̆Ҍ ᵌ

ֲ Ȃ 

1.2.2   ԓ  

ԍ [43-48]≠ Ἕ Ἕ Ȃ

ҹ ᵌ Ἕ ᵌ ̆ ץ Ἕ ̆

≠ץ ⌠ ᵌ Ἕ Ἕ Ȃ ≠ ᵌ

Ҭ ⌠ Ἕ Ȃ  1.5 ̆Ordonez [48]
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₮ԅѿҩ ԓҩ ̔ Ἕ ῀⌠ ̕ᶏ Ἕ

׆ Ἕ Ҭ Ṝ Ἕ̕ ҍ Ἕῤ ῏ Ḥ ̆ᶛ

̆ ̕ Ḥ ↓ Ἕ̕ ̆ ᶃ

̆ Ӟ ץ 2 ӊ ҍῃ׆ Ἕ ῏ Ҭ Ȃ 

 

 

 1.5 ԍ [48] 

ҍ ԍ ̆ ԍ ̆ᵖ

ᶭ ̆ ғ ̆

̆ Ҍ Ἕῤ Ȃ Ӟ

Ἕ ץ ᶫ ̆ ⱴ

Ȃ 

1.2.3   ԓ CNN-RNN  

ԍ CNN-RNN [49-52] [53, 54] -

̆ῒҬ ץ ҹ Ȃ

Ἕ ץ Ἕ⌠ Ȃ Ἕ Ҭ

ᶏ (Convolutional Neural Network, CNN) Ἕ ҹ

̆ ᶏ (Recurrent Neural Network, RNN) ѿ

ҹ ȂOriol Vinyals [52] ₮ԅ ҍץ Ҍ Ἕ

̆ ᾢ GoogLeNet[55] Ἕ ̆ Long Short Term 

Memory (LSTM)[56] ⌠ ῏ ̆ Ἕ

̆  1.6 ȂKapathy Li [49] VGGNet[4] Ἕ

̆ RNN Ἕ ȂCNNΐ ⱬ R̆NN ԍ

↓ ̆ ԍ CNN-RNN ₃ ԅ ̆

׆ ꜚԅ Ἕ Ȃ 
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 1.6 ԍ CNN-RNN [52] 

1.2.4   ғ ⅎ  

1)   

Ἕ ԍ ᵥ ἝҬ ӈ Ḥ ̆ ғ

ֲ ₮ Ȃ 

ԍ ἝҬ ȁꜚ ᵬȁ ȁ ῒ῏ ̆

Ȃ ץ ң ̔ Ἕ ȁ

Ȃ Ἕ ץ ӈ ̆

↕ ӈ Ȃ ֲ ᵌ̆

ԅ ῏ ̆ᵖ ԍ ԍᶭ ̆ Ἕ Ҍ

Ȃ 

ԍ ̆ Ҭ ⌠ Ἕ ӈ

ᵬҹ Ἕ ӈ Ȃ ̆ ץ

̆ Ҭ ̆ ֟ ⱴ Ȃ

Ҭ ῃҌ Ἕ ̆ Ḃᴪ ⱳ ȂȂ 

׆ ⌠ ӈ ῏ ̆ ԍ CNN-RNN

ԍ ⱳ ̆ CNN ӈ ȂҌ ̆

CNN-RNN ԅ ̆ ⱳ ҹ ̆

Ҭ ₮ Ȃ ̆ Ҭ

ľa man is sitting on a benchĿ̆ľa dog is playing on the grassĿ̆ ԍ CNN-RNN

ľa man is sitting on a bench next to a dogĿ̆ ҩ

Ἕῤ ꜚ Ȃ 

׆ Ἕ ̆ ԍ CNN-RNN ԍ
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Ӟ ῍ ӊ Ȃ Ἕ ԍ CNN ̆ ╠ԅӊף ӈ

̕ ԍ RNN ↓ ̆ ╠ԅӊף Ȃ

ԍ ң ̆ ԍ CNN-RNN ץ ң ѿ

Ȃ 

ᵣ ̆ ԍ CNN-RNN ≠ ԅ ӟ ᴨ C̔NN

ⱬȁRNNᴨ ↓ ⱬȁ ӟ ⌠ ѿ

̆ ֓ᴨ ᶏ ԍ CNN-RNN ⱴ ȁ ȁ‰

̆ Ἕ ԅҺ ᵝȂᵖҍ ԍ ̆ῒ

ԅ ӈ ̆ ȁ ȁꜚᵬȁ ȁ῏ ӈḤ Ȃ

CNN ̆ᵖ ӊ ӈ ׅ

ѿҩ Ȃᶏ ῃ CNN Ἕ Ἕ

Ҭ ᾝ ̆ ≢ ԍΐ ἝȂ ̆ ӈḤ

ӟ Ἕ ҬҌ ᵬȂ 

2)  ⅎ  

ԍ CNN-RNN ҩ҈׆̆ № Ἕ

Ȃ 

a) ү  

Ἕ ῏ Ἕ ̆Ҍ Ἕ

ү ῤ ̆ ҩ Ȃᶛ ̆ ֲ Ἕ

Ҭ ᵝ Ḥ ̆ Ἕ Ҍ ץ Ȃ

Kapathy Li [49] ₮ ץ Ἕ Ȃ [57, 

58]ҹ Ṝ Ȃᵖ ̆ ֓ ѿ֓

̆ ԍ ̆Ӟ № Ȃ 

b) Ḥ ⱬ 

ԍῃ ⌠ ҬȂ ԍ

CNN-RNN ῃ ץ ӊ

Ȃѿ֓ ≠ ⱬ[36, 57, 59-66] ̆ ΐ

ľ Ŀ Ḥ ῀⌠ CNN-RNN Ҭ̆ ԅѿ ⱳ̆

Ἕ ԅ ꜚᵬ Ȃᵖ ̆ ֓ ԅ ἝҬ
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ӈḤ Ȃѿ֓ῒז ԍ CNN-RNN ᵬ[36, 61, 62, 65, 66] ӈ

῀ ҬȂᵖ ֓ ֽ ̆ ԅ Ḥ Ȃ 

c) Ἕ  

׆ Ἕ ᴋⱵ ̆ Ἕ [14, 37, 43-46, 48, 49, 52, 66]

ԅ ̆ ԍᶏ ҉Ҋ Ḥ Ἕῤ ̔

ѿҩ ̆ғֽ ῒז ӈḤ Ȃ

̆ Ҭ Ἕ Ȃᵖ ̆ Ἕ ӈ ү

̆ ῒ ԍ Ἕ̆ ѿ Ἕ̕ ԍҌ

ֲ ̆ ԍ῏ Ҍ ̆ ѿ Ἕ Ҍ ̆ ѿ

ӈѿ Ἕ ӈ҉ Ẓ Ȃ ֓ ԅ Ἕ ӈ ӟҍ

ѿ ℗ Ȃ ѿ֓ ᵬ [67]

[51, 68] ‗ ҩ Ȃᵖ ̆ ֓ ᵬ ῍

̆ ҹ ̆ Ҍ ԍᴰ Ἕ ᵬȂ ̆ Ἕ

ѿҩ ҩ ᴋⱵ̆Ҍ ԍ ѿ Ἕ ӈ Ҍ

ᶷ ̆ Ӟ ᵬ ‗ Ȃ 

1.3   Ὺ  

׆ ӈ ӟ ‗҉ Ȃ ῀҈ ׆̆

≠ ӈḤ ̆ ⌠ Ἕ ү

Ἕῤ Ȃӊ ץ ҹ℗῀ ̆ ҹ Ἕ Һץ

ҹҬ ӈ ̆ Ἕ ӈ Ȃ 3-5

ῤ ₮ ҈ ̆  1.7 Ȃ 

1.3.1   ԓ ἥ  

₮ѿ ̆Һ Ȃ

ԍ Ἕ ᵬ ⱴү ӈ Ȃ ҩ

ᵬҬ̆ ӈ ӟ ӈ ῀Ȃ ᾢᶏ

ҩṜ ̆ RNN ץ ӟ Ἕ ӊ

῏ ̆ ̆ ԍ Ἕ Ȃ ₮ Ἕ

Ҭ ҩ ̆  1.7Ҭ ̆ ᶛ 5ҩ ̆
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֓ Ἕΐ ⱬ ғ ӈḤ Ȃҍѿ

Ἕ ̆ Ҍ ⱴΐᵣ ‰ ץ Ҍ

ҩ Ȃ № ᵬ ῃ Ἕ ҍ ӊ ԑ

῏ ̆ ԍ ҍ ӈ ῏ ᵬ ӈ Ȃ 

 

 

 1.7 ῤ ῒ῏  

1.3.2   ԓ ӎ ῇ ἥ  

₮ѿ ӈ ӈᾝ ῀ (Element 

Embedding LSTM, EE-LSTM) ⱬȂ ᵬ׆

ӈ ӟȂ ԍ ӈḤ ̆ ľ ԍ Ἕ

ĿҬ Ȃ ӈᾝ ԍ ӈ

̆ῒҌֽ Ḥ ̆ ғҍ ῍֣ ѿҩ ӈ ̆

ԅ Ἕҍ ӈ ӊ Ȃ ̆ CNN ҍ ӈ

⌠ EE-LSTM Ҭץ Ȃ  1.7 ̆ҍ ԍ

CNN-RNN ᴰ ĔE-LSTM Ἕ ԅ Ḥ

̆ ⌠ԅ Ȃ 

1.3.3   ԓ ῗ ꜠ ἥ  

₮ԅѿ ҉Ҋ ᶭ LSTM (Context-Dependent Bilateral Long 

Short-Term Memory, CDB-LSTM) ץ ῏ ꜚ ׆̆
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/῏ ӈ ӟȂ ץ ῏ ᵬҹ ̆

ӈ ̆ ץ Ҍ ῏ ҹ ѿ Ἕ ΐ Ҍ ᶷ

̆ ╠ңҩ ᵬ Ҍΐ ȂCDB-LSTM ңҩ

̆ ѿҩ ץ ׆̂ ῏ ⌠ ̃ ╠

№̆ ԋҩ ѿҩ ץ

№̂ ׆ ⌠ Ȃ̃ ╠ № № ѿ

Ȃ ҉Ҋ ᴰ ң № ӈᶭ ̆ңҩ

⌠ Ҭ ѿ ғ ᴨ ׆̆ ᶏ ῏

ӈѿ Ȃ 

1.4    

Ἕ ҉̆№ ԅ ̆ ῀

Ҍ ӈ ӟ ₮ԅ҈ Ἕ Ȃΐᵣ Ҋ̔ 

1 ̆ ȂҺ Ἕ ӈ̆№ ῤ

ץ ̆ל ԅ Һ ῤ Ȃ 

2 ̆ Ἕ ῏ Ȃҹ ᵬ ᶫԅ ׃ ̆

ȁ ȁ ȁ ᵀ ‰ Ȃ 

3 ̆ ԍ Ἕ Ȃ ₮ԅѿ ӈ

Ȃ ᾢ Ἕ Ṝ ̆ ῃ Ἕ

RNN ̆ ≠ RNN

ӈ Ȃ ԍҌ ҹץ Ἕ ᶫ ү

Ḥ ̆Ӟᶏ ӈ ⱴΐᵣ ‰ Ȃ 

4 ̆ ԍ ӈ ῀ Ἕ Ȃ ῀ ӈ ץ

Ἕ ⱬ̆ ₮ EE-LSTM ׆̆

Ȃ ᾢ 3 ᵬ ῃ ӈ̆

ѿ ӈḤ ӈᾝ ̆ ᾝ ῀⌠ ₮

EE-LSTM Ҭץ Ȃ ̆ ‰

ΐ ̆ ԅ ӈ ԍ Ἕ ҍ Ȃ 

5 ̆ ԍ ῏ ꜚ Ἕ Ȃ ῀῏
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ӈ ӟ̆ץ ‗ Ἕ ҩ Ȃ ₮ԅѿ

CDB-LSTM ̆ ῏ ῃ׆ ΐ Ҍ ᶷ

Ἕῤ Ȃ ңҩ ̆ №≢ ԍ῏

ӈ ӟ ҉Ҋ ῏ ⌠ Ҭ ѿ Ȃ

῏ ̆ ꜚ ֲ ԅ

ᴨ Ȃ 

6 ԅ Һ ᵬ̆ ԅ Ȃ 
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 2    ἥ ῗ  

Έҩ׆ ׃ Ἕ ῏ ̔ ȁ

ȁ Ἕ ȁ ȁ ᵀ Ȃ 

2.1    

Ἕ ң №Ȃ 

2.1.1    

Ἕ ӟ ѿ ᵬ̆ ȁ

Ἕ№ ȁ № ᴋⱵ Ȃ RGB Ἕ

Ҭץ Ἕ ỮȂ ҹW * H * Ĉ ̆ ̆ ̃̆ ῒ

Ҭ RGB ҹ 3̆ Ἕҹ 1Ȃ ҬἝ ҹ 0~255ӊ ṿȂ Ἕ

ṿ ԅ Ḥ ̆ Ҍ ӈḤ Ȃҹ Ҍ

ᴋⱵ̆ Ἕ ̆ Ҋ ңҩ׆ ׃ Ἕ

̔ ȁ ӟ Ȃ 

1)   

Ἕ ̆ᶛ ȁ ̆ ֓

ἝἝ ȂSzummer [69]ᶏ MSAR

Ohta ἝȂLowe [70] ₮ԅ Ҍ

̂SIFT̃ Ἕ ȂSIFT Ἕ ȁ ΐ

Ҍ ̆ ԍ ≢ȁ Ἕ Ȃῒז

HOG[12]ȁLBP[71]ȁtextons[72]ȁ [73] Ӟ ԍ ᴋⱵȂ

ԅ ⱳ̆ᵖ ΐ

ӈḤ Ἕ Ҍ Ȃ ӈ  [74-76]ⱴ ԅῒז

Ȃҹԅ ӊ ̆Bag of Words[77]ȁLatent 

Dirichlet Allocation[78]ȁFisher vector[79] Object bank[80] Ҭ ԅ

῏ Ȃ 

Ҭ̆ ҳ ΐᵣ ₮ ̆ (Bag of Words, 
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BoW) Ҭ ̆ ῒ ׃ Ȃ 

Bag of Words ԍ ̆ῒ ̆ ѿ

(Words) ѿ ѿҩ Ȃ Ҭ̆ ҩ

ҹѿҩ ȂẊ ѿҩnҩ ̆ Ӈ ҩ ѿҩ

̔ 

( )d 1, , , ,

log

n
T

=

=

i v

id
i

d i

t t t

n N
t

n N

 (2.1) 

ῒҬ it Ҭ i ₮ dҬ ̆ idn dҬ i

₮ ̆ dn dҬ ̆ iN i ҩ ̆N

ҩ Ҭ Ȃ 

Josef Sivic Andrew Zisserman[77] ᾢ ₮ԅ ̆ӊ BoW

ԍ ҬȂҍ ԍ BoW ̆ Ҭ

Ἕ ̂ SIFTȁHOG ̃ ᵬ Ҭ (Words)̆ BoW

Ҭ ̆ ҩҬ Ḥ Ȃ 

ҹ ҹ B̆oW ⁞ ԅ

ῤ Ȃ ԍῒ B̆oW Ἕ №

[81-83]Ȃ 

2)  ӥ  

Ἕ№ ᴋⱵҬ ӟ⌠ CNN ԍ

Ȃ ԍ C̆NN ҉ ̆

ץ ԍ ᴋⱵ[19]ȂZeiler Fergus[19]ᶏ CNN

⌠Ἕ ̆ ҉ ԅῒ Ȃ

AlexNet[84]̆VGGNet[4]̆GoogLeNet[55] ResNet[85]҉ CNN ף̆

ӟ ̆ ғ ҍ ῏ ᴋⱵҬ Һ ᵝ̆

Ҭ Һ Ȃ 
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2.1.2    

ԍ Ἕ I ῒ ΐ Nҩ 1 2{ , , , }= NY y y y ̆

ῒҬ iy ѿҩ ̆ ľdogĿȂ ҉ ↓

Ȃ ֓ ץ ҹ ץ Ȃ

ѿ ᶏ ң ̔One-Hot Word Embedding Ȃ 

1)  One-Hot  

One-Hot̂ ̃̆ ѿᵝ ̆ῒ ᶏ Nᵝ

Nҩ ̆ ҩ ᵝ̆ ғ ᴋ Ṝ̆ῒ

Ҭ ѿᵝ Ȃ Ҭ̆One-Hot ѿҩ1³n ̆ ԍ

№ Ҭ Nҩ Ȃ ԅ ԍ ≢ ᾝҬ 1ӊ ̆ Ҭ

ῒז ᾝ 0 Ȃ Ҭ̆ ҩ ѿ ҹѿҩ

One-Hot Ȃᶛ ̆ ľdogĿ ץ ҹ{  0, 0, 1, 0, 0, 0, ..., 0} ľ̆catĿ

ץ ҹ{ 0, 0, 0, 0, 1, 0, ..., 0}Ȃ

One-Hot ̆ᴨ ḱ ̆ Ȃ 

2)  Word Embedding   

῀(Word Embedding) Ҭѿ ӟ

̆ Ҭ ⌠ Ȃ ҩ

⌠ΐ ῀ ȂWord2vec[86] ĞloVe[87]

ѿ ҹ Ȃ 

ҍ One-Hot W̆ord EmbeddingҌ ̆ Ẓᵞ̆

256ȁ512 ̆ One-Hot ԍ 1҆Ȃ ̆Word Embedding

ץ ңҩ ӊ ῒ ᵌ Ȃ 

Ҭ̆ 3 ᶏ One-Hot Ҭ Ȃ 4

5 ᶏ ԅ One-Hot Gensim[88] ң Ȃ 

2.2    

╠ ̆ Ҋ ҩ ₮ ̆

Ҭ ѿҩ ̆ ץ ⌠ 1951 ᵬ[89] C̆laude Shannon ԅѿ
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ұ ῀ ѿ ’̆ ∞ Ҋѿҩ ₮ Ҍ

Ȃ 

ѿ ↓ Ȃ ≠ ↓ῤ ̆

ҩ ҩ ӈ ↓̂ ̃ 1 2 N= , , ,y y y y ̔ 

() ( )1 2 1
1

| , , ,
=

-
=

= Ô
t N

t t
t

p y p y y y y  (2.2) 

ῒҬ ty ᵝ t ̆N yҬ ̆ ( )1 2 1| , , , -t tp y y y y

╠ 1-t ҩ ̆ 1 2 1, , , -ty y y ̆ ⌠ ty ᴆ Ȃ 

Ҭ̆ ԍ N ҹ ̆ ̆ ᶏ n-gram

̆ 1-n ӊ╠ ᵌ 1-t ҩ ̂n<<t Ȃ̃ ̆

ᵀ ᴆ ̆ - 1 -1, ,+t n ty y ₮ ץ̆ ҉

₮ ty ̔ 

( )
( )

( )
1 1

1 2 1

1 1

, , ,
| , , , =

, ,

- + -

-

- + -

t n t t

t t

t n t

C y y y
p y y y y

C y y
       (2.3) 

n-gram ΐ ᴨ ̆ᵖ ѿ֓Ҥ

̆ᶛ ȁ ⱬ ȁ Ữ

ȁץ 4-6ҩ҉Ҋ ᶭ Ȃ 

(NLM)[90-96] ᶫԅѿ ҉Ҋ

ᶭ Ȃ NLM Ҭ̆ ҩ Ҍ K № Ȃ ӈ҉ ᵌ

Ҭ ᵌ ᵝ ̆ ԅ ȂNLM ҉Ҋ

1 2 1, , , -ty y y ᵬҹ ῀̆ ױ ҹ -1th ̔ 

( )-1 1 2 1, , -=t th f y y y  (2.4) 

ῒҬ f ₱ ̆ ѿҩ╠ ̆

Ȃ ҉Ҋ ̆ ty ᴆ № Ҋ̔ 
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( ) ( )

[ ]

( ) ()

1 2 1 1

1

1

| , , , |

,:

| exp

- -

-

-

=

= Ö

=

t t t t

t t t

t t t

p y y y y p y h

s W y h

p y h s

 (2.5) 

ῒҬ ³Í V KW V̆ K̆ Ȃ [ ],:tW y

ty ̆exp softmax₱ Ȃsoftmax₱ ts ҹ

№ ̆ Ὲ 2-6 ̔ 

exp( )
max( )

exp( )
Í

=
ä

t
t

s V

s
soft s

s
 (2.6) 

ԍ҉Ҋ Ҍ ҉Ҋ ̆ ҉ N̆LM

҉Ҋ Ữῃ Ҍ n-gramḤ Ȃ

̆ ׃ ԍ RNN ῒ ᵣ LSTMȂ 

2.2.1   RNN  

RNN[97] Ғ ԍ ↓ Ȃ

҉ ԍ ↓ [98, 99]̆ ⱳ ԍ Ҭ[93, 100-102]ȂRNN

ҹֽ ῀ xȁ h  ₮ y ҈ ̆ ѿҩ

↓ ̆  2.1 ̔ 

 

 2.1 RNN ῒ  

↓ ῀ 1 2{ , , , }tx x x R̆NN ᶭ ῀ tx ̆ th ₮ ty ̆

₮ ↓ 1 2 N{ , , , }y y y Ȃ 
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RNN th ↓ ̆ th ץ ҹ ῀ԅ

┴ tӊ╠ ῀ Ḥ ̆ 1 2{ , , , }tx x x Ȃ ҉̆ th ₱ f

̆fҹ╠ѿ ┴ 1-t -1th ҍ ╠ ┴ ῀ tx ӊ ₱ ̔ 

( )1,-=t t th f h x  (2.7) 

₱ f ץ Ҍ ̔ 

( ) ( )1 1, s- -= +t t hh t xh tf h x W h W x  (2.8) 

ῒҬ ,hh xhW W ҹ ̆s ѿ ҹ ₱ ̆ sigmoidȁ

tanh ReLU Ȃ 

RNN ₮ ᶭ ҹ softmax₱ ̔̔  

( ) ( )exp= Öt hp tp y W h  (2.9) 

ῒҬ hpW ҹ ₮ ̆ th ҹ ̆

softmax ̆ ᴆ ṿ ҹ ╠ Ȃ 

ץ ↓ ӟ ̆  2.2 ̆

῀ ȁ ₮ ̆ ↓ ̔ѿ ѿȁѿ ȁ

ѿȁ Ȃ 

 

 

 2.2 ↓ ̔ ῀ ̂ ̃̆ ̂ ̃̆ ₮ ̂ Ȃ̃ 

ᵬҺ  2.2Ҭ ԓ Ȃ 
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2.2.2   LSTM 

LSTM ץ ҹ RNN ѿҩ ᵣ̆ῒ ῀ ȁ ₮ ѿ

̆Ҍ ᾝ RNN ҹ ̆ ҉Ӟ ҹ

Ȃᴰ RNN Ҭ └[103]Ȃ

↓ ̆ ₱ ᴰ

’̕ ↓ ᴰ ԍ

’Ȃ ңҩ ᶏ RNN ↓ ҉Ҋ Ḥ ̆

Ӟᶏ Ȃ RNN ҉ (LSTM)

ңҩ ӊѿȂLSTM ῒ ᵣ 20 Ҍ

[24, 28, 52, 64, 104-113]̆ ԍ Ἕ ȁ ȁ ≢ȁ

ȁ ȁ Ἕ ≢ ҩ Ȃ 

LSTM ῏ ҩ ┴ҍҌ └ ῏ ̆ ֓ ᶫ

ԅ └Ḥ ̔ (forget gate) └ ╠ Ḡ

Ḥ ̆ ῀ (input gate) └ ╠ ╠ ῀Ḥ ̆

₮ (output gate) └ ╠ ₮⌠Ҋѿҩ ┴ Ḥ Ȃ ԍ

ᴰ RNN ̆LSTM └ ᾝ ҉Ҋ Ḥ

̆ ғ ‗ᴰ RNN Ҭ₮ Ȃ 

 

 2.3 LSTM ῤ  
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 2.3 ̆LSTM ҈ҩ └̔ ῀ ĭ f̆

₮ oȂ ҈ҩ └̆ m ᾝ c ԅ ҉Ҋ Ḥ Ȃ 

ѿ ↓ ῀{ }1 2, , , Nx x x ̆ ҩ ┴ t tm Ὲ ҹ̔ 

( )

( )
( )

( )

-1

-1

-1

-1 -1

s

s

s

= +

= +

= +

= + +

=

t ix t im t

t fx t fm t

t ox t om t

t t t t cx t cm t

t t t

i W x W m

f W x W m

o W x W m

c f c i h W x W m

m o c

 (2.10) 

ῒҬ , , , ,t t t t ti f o c m№≢ף ῀ ȁ ȁ ₮ ȁ Ữ ᾝ

̆ , , , , , , ,ix fx ox cx im fm om cmW W W W W W W W ̆s sigmoid₱

̆ ῤ ̆h ℗₱ Ȃ 

ԍ LSTM ⱳ RNN ᴨ ̆ ᵬ

Ҭ ῤ ҹ LSTMȂ 

2.3   ԓ CNN-RNN ἥ  

ң Ἕ Һ ᵝ ԍ CNN-RNN ̆ ᾢ

CNN Ἕ ̆ RNN

̆  2.4 Ȃ ԍ ̆ ѿ

ҹ ѿ Ȃ Ἕ ̆↕ᾢ Ἕ

ҹ ̆ ҹ Ȃ 

 

 

 2.4 ԍ CNN-RNN Ἕ  


















































































































































