
Towards Human Quality Image Captioning: 
Deep Semantic Learning of Text and Images

Xiaodong He

DLTC, Microsoft Research, Redmond, WA, USA



Towards Human-Quality Image Captioning: Deep Semantic 

Learning of Text and Images 2Xiaodong He



3
Towards Human-Quality Image Captioning: Deep Semantic 

Learning of Text and Images
Xiaodong He



4
Towards Human-Quality Image Captioning: Deep Semantic 

Learning of Text and Images
Xiaodong He

E.g., ImageNet provides 
hundreds to thousands of 
images for each category, aka 
synset, in the WordNet. 

[Russakovsky, Deng, et al., 2014]
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Dramatic progress in recent years 
thanks to deep CNN [LeCun, Bottou, 
Bengio, Haffner, 1998, Krizhevsky, Sutskever, 
Hinton, 2012]. 

First time surpassed human-level 
performance (top5 err < 5%) on 
ImageNet classification in 2015 
[He, Zhang, Ren, Sun, 2015]
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e.g., MS COCO dataset provides 5 descriptions for each 
image that has a rich content. 

[Lin, et al., 2014]
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ask the machine to describe the image in human language

and see whether it reads like generated by a human

a man riding a skateboard down 
a street
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Understand the image stage 
by stage: 

Image word detection

Language generation

Global semantic re-ranking

[Fang, Gupta, Iandola, Srivastava, Deng, Dollar, Gao, He, Mitchell, Platt, Zitnick, 

Zweig, “From Captions to Visual Concepts and Back,” CVPR, June 2015]
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sitting
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New word

wooden
kitchen

sink cabinets











Towards Human-Quality Image Captioning: Deep Semantic 

Learning of Text and Images 13Xiaodong He



Towards Human-Quality Image Captioning: Deep Semantic 

Learning of Text and Images 14Xiaodong He

15K 15K 15K 15K 15K

500 500 500

max max

...

...

... max

500

...

...

Word hashing layer: ft

Convolutional layer: ht

Max pooling layer: v

Semantic layer: y

     <s>             w1              w2                     wT             <s>Word sequence: xt

Word hashing matrix: Wf

Convolution matrix: Wc

Max pooling operation

Semantic projection matrix: Ws

... ...

500

a man… bench



Towards Human-Quality Image Captioning: Deep Semantic 

Learning of Text and Images 15Xiaodong He

http://mscoco.org/

http://mscoco.org/
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How much can machines understand complex scenes nowadays?

The state-of-the-art at the MS 
COCO Captioning Challenge 2015

%  of  captions that 

pass the Turing Test

Official 

Rank

Human 67.5% --

MSR                       [Fang+ 15] 32.2% 1st(tie)

Google               [Vinyals+ 15] 31.7% 1st(tie)

MSR Captivator    [Devlin+ 15] 30.1% 3rd(tie)

Montreal/Toronto      [Xu+ 15] 27.2% 3rd(tie)

Berkeley LRCN [Donahue+ 15] 26.8% 5th

Measure the quality of 
the captions by human 
judge (e.g., Turing Test).

Great progress, but still 
a big gap vs. Human.
(huge room for improvement) 
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a clock tower in the middle of the street 

a stop light on a city street 

a living room filled with furniture and a flat 
screen tv sitting on top of a brick building 

a display in a grocery store filled with lots of 
food on a table 
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a man riding a skateboard down a street 

a cat sitting on top of a bed 

a group of people posing for a picture 

a baby elephant standing next to a fence 
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a baseball player throwing a ball

Provided grounded evidence for the generated caption.
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a man sitting in a couch with a dog

Provided grounded evidence for the generated caption.
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a man sitting in a couch with a dog
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E.g., Hill+ 2014, Devlin+ 2015; Donahue+ 2015, Karpathy+ 2015; Kiros+ 2015; Mao+ 2015; Vinyals+ 2015; Xu+ 2015; 
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System BLEU % Better or 

Equal to 

Human

Model 1: MELM + DMSM 25.7 34.0%

Model 2: MRNN 25.7 29.0%

Devlin, Cheng, Fang, Gupta, Deng, He, Zweig, and Mitchell ACL 2015, 

Language Models for Image Captioning: The Quirks and What Works.

Human judgers shown generated caption and human caption, choose which is “better”, or equal.
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MELM + DMSM MRNN

a slice of pizza sitting on top of it a bed with a red blanket on top of it

a black and white bird perched on top of it a birthday cake with candles on top of it

MELM + DMSM MRNN

a large bed sitting in a bedroom a bedroom with a bed and a bed

a man wearing a bow tie a man wearing a tie and a tie
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Example:    MELM+DMSM:  “A plate with a sandwich and a cup of coffee”

MRNN: “A close up of a plate of food” (more generic)
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a herd of elephants standing next to a man

Republic 
Party

a herd of elephants standing next to Obama

Obama is chased by his republic rivals 
Image credit: 

http://s122.photobucket.com/user/b

meuppls/media/stampede.jpg.html

http://s122.photobucket.com/user/bmeuppls/media/stampede.jpg.html
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Tool kit available:  http://aka.ms/sent2vec/

a man standing on a boat

a man Xiaodong standing on a boat 

sailing on lake Washington 

http://aka.ms/sent2vec/


Towards Human-Quality Image Captioning: Deep Semantic 

Learning of Text and Images 36Xiaodong He

Karpathy and Fei-Fei, “Deep Visual-Semantic Alignments for Generating Image Descriptions”. CVPR 2015

Kiros, Salakhutdinov, Zemel, “Unifying Visual-Semantic Embeddings with Multimodal 

Neural Language Models”. TACL 2015

Mao, Xu, Yang, Wang, Huang, Yuille. "Deep Captioning with Multimodal Recurrent Neural 

Networks (m-RNN)," ICLR 2015

Xu, Ba, Kiros, Cho, Courville, Salakhutdinov, Zemel, Bengio, 2015. Show, Attend and Tell: 

Neural Image Caption Generation with Visual Attention.

Hill and Korhonen, 2014 Learning Abstract Concept Embeddings from Multi-Modal 

Data: Since You Probably Can't See What I Mean

Donahue, Hendricks, Guadarrama, Rohrbach, Venugopalan, Saenko, and Darrell. Long-term 

recurrent convolutional networks for visual recognition and description. CVPR, 2015.

Vinyals, Toshev, Bengio, and Erhan. Show and tell: A neural image caption generator. CVPR, 

2015.

Devlin, Cheng, Fang, Gupta, Deng, He, Zweig, and Mitchell, Language Models for 

Image Captioning: The Quirks and What Works. ACL 2015

Fang, Gupta, Iandola, Srivastava, Deng, Dollar, Gao, He, Mitchell, Platt, Zitnick, 

Zweig, “From Captions to Visual Concepts and Back,” CVPR, 2015
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Knowledge Base

• Representation Learning Using Multi-Task Deep Neural Networks for 
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Systems

• Embedding Entities and Relations for Learning and Inference in Knowledge Bases
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