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Why should vision people ever care about
language?

1. How to teach machines to understand images?

2. How to test it a machine understands an image or not?
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How to teach machines to understand images?

For image classification, we can label each image by a
category and train the machine to predict

F.g., ImageNet provides
hundreds to thousands of
images for each category, aka
synset, in the WordNet.
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[Russakovsky, Deng, et al., 2014]
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How to test it a machine understand a image?

For image classification, just check the prediction error rate

IMJAGE 2011 - 2014

Progress of object recognition (1Lk ImageNet)

30%

shallow model

Dramatic progress in recent years

thanks to deep CNN [LeCun, Bottou,
Bengio, Haffner, 1998, Krizhevsky, Sutskever,
Hinton, 2012].

deep model
1st year

cation error rate

-irst time surpassed human-level 3 ..
performance (top5 err < 5%) on

mageNet classification in 2015
[He, Zhang, Ren, Sun, 2015]

deep model

deep model 3rd year

2nd year

Top-5 classif
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But for complex scenes with a rich context, not possible to
define all fine-grained subtle differences by categorization.

The best supervision is a description in natural language

e.qg., MS COCQO dataset provides 5 descriptions for each Microsoft COCO
image that has a rich content.

Fach description is:

* a coherent story with }
clear semantic meaning. &

e focused on salient info.

* reflecting the common
sense.

Could be a big variety,
though.

« awoman is playing a frisbee with a dog.

« awoman is playing frisbee with her large dog.

« agirl holding a frisbee with a dog coming at her.

« a woman kneeling down holding a frisbee in front
of a white dog.

« ayoung lady is playing frisbee with her dog.

[Lin, et al., 2014]
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How to know it a machine understands a complex scene?

-- let's do a Turing Test!
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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Therefore, language understanding is a key part for
building strong vision intelligence

« Serves as the natural supervision to teach the machine
to understand images as human do

« Provide the natural communication between the human
and the machine with vision intelligence
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The I\/I S R S Ster T ] [Fang, Gupta, landola, Srivastava, Deng, Dollar, Gao, He, Mitchell, Platt, Zitnick,
y Zweig, "From Captions to Visual Concepts and Back,” CVPR, June 2015]

Understand the image stage
Dy Stage:
mage word detection

Deep-learned features, applied to likely items in the
image, trained to produce words in captions

Language generation

Maxent language model (MELM), trained on caption,

conditional on words detected from the image pr— ~
. . ' 1. detect ( woman, crowd, cat,
Global semantic re-ranking RPN, oo tokingounle )
Hypothetical captions re-ranked by deep-learned - T N Apurple camera withawoman. )
. . . . . <. generate > A woman holding a camera in a crowd.

multimodal similarity model (DMSM) looking at the -

entire image A woman holding a cat. )
0T k \ #1 A woman holding a
sentences K camera in a crowd. )

Figure 1. An illustrative example of our pipeline.
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Stage 1. Multiple Instance Learning (MIL)

« Treat training caption as bag of image labels
» Train one binary classitier per label on all images
» "Noisy-Or” classifier

 Image divided into 12x12 overlapping regions

- fc7 vector used for image features

sitting

oy =1 [a ot v
JET;

i=image id 1; = regions

fij = £c7 vector v,, = learned classifier weights

o(x) = sigmoid

Models the visual “attention”.
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Stage 2: Language models with a blackboaro

push

Previous words

l

AR
o W——"
W

A kitchen with wooden cabinets
kitchen and a sink

sink cabinets remove

wooden

o | 4-gram MaxEnt LM, generates 500 caption
2. candidates given detected words

Serves as a grammar checker.
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Stage 3: Deep Multimodal Similarity Model

= Project sentence and image into a
comparable semantic vector space

= Whole sentence language model

= DMSM + basic features = re-ranked
caption list

Objective:

Q = image, D = caption, R = relevance

U
Relevance: R(Q,D) = cosine(yq, yp) = o>
lyellllyoll
Caption P(DIQ) — exp(YR(Q, D))
probability: Yprepexp(vYR(Q, D))

Candidate captions * N\ Smoothing factor

L(A) =—log [[ P(DYIQ)

(Q,D+1)

Correct caption

/@C\osine similarity

Global vector Global vector

Image (2D)
Convolutional
neural

Text (1D)
Convolutional

neural

network network

A man sitting on
a bench

Serves as a semantic matching checker.



The convolutional network at the image side

o

Feed the pre-trained image feature vector
into the image side of the DMSM

0000
/

13

ﬁ ) };;;;-;;-;-:-.@v

13

192

128

Raw pixels from
input box

128

Dense feature vector
for input image

1000

2048 T

Trained to predict
object in image

Tuned image features from AlexNet (Krizhevsky et al., 2012) or VGG (Simonyan and Zisserman, 2014).
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The convolutional network at the caption side
Models fine-grained structural language information in the caption

Semantic layer: y 500

Semantic projection matrix: W;

Max pooling layer: v | 500 ||

Max pooling operation max max max
000000 000000

Convolutional layer: h, [ 500 [][]] 500 [| ... [[]500 []

Convolution matrix: W.

USlng d COHVO|Ut|OHa| neura' Word hashing layer: f, | 15K || 15k || 15k | .. | 15Kk || 15K |
network for the text caption Word hashing matric: W; T
S|de Word sequence: x; <s> w; W, wr <s>

a man ... bench

Figure Credit: [Shen, He, Gao, Deng, Mesnil, WWW, April 2014]
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The MS COCO Benchmark s

- - http://mscoco.org/
What is Microsoft COCO? Collaborators | ©
Tsung-Yi Lin Cornell Tech
FaAawda CORNELL
Michael Maire TTI Chicago JY | T EC H
Microsoft COCO is a new image recognition, Serge Belongie Cornell Tech < . .
segmentation, and captioning dataset. Microsoft (—alt(_(_h
COCO has several features: Lubomir Bourdev Facebook Al !
v Object segmentation Ross Girshick Microsoft Research faCEbOOk
v Recognition in Context James Hays Brown University Brown University
& Multiple objects per image Bictro Perona Caltech LT( 1[ I
4" More than 300,000 images ATVIIC
D R UC ] i University ol Calitormes, Irvine
&” More than 2 Million instances v Famanan e
30 object categories Larry Zitnick Microsoft Research Microsoft Research
& 5 captions per image Piotr Dollar Facebook Al

sodona He The man at bat readies to swing at the A large bus sitting next to a very tall
pitch while the umpire looks on. building.



http://mscoco.org/

MS COCO Challenge: generate descriptive captions for
iImages

How much can machines understand complex scenes nowadays?

The state-of-the-art at the MS

o Mi ft COCO

. COCO Captioning Challenge 2015 o e

Measure the quality of % of captions that Official
the ca ptiOﬂS by human pass the Turing Test Rank

judge (e.q., Turing Test). ~ Human 67.5%
MSR Fang+ 15 32.2% st(tie)

31.7% 1st(tie)
Captivator  [Devlin+ 15] 30.1% 3rd(tie)
Montreal/Toronto [Xu+ 15] 21.2% 3rd(tie)
Berkeley LRCN [Donahue+ 15] 26.8% 5th

. Google
Great progress, but still

a big gap vs. Human.

(huge room for improvement)
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Examples:

=
£
d
]

MSR: a stop light on a city street

MSR: a clock tower in the middle of the street

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

/H

MSR: a display in a grocery store filled with lots of
food on a table

{uman-
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More examples:

MSR: a group of people posing for a picture

MSR: a cat sitting on top of a bed

MSR: a baby elephant standing next to a fence

.Human—QuaIity Image Captioning: Deep Semantic
Learning of Text and Images 18



Interpretanility
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baseball (1.00)

a baseball
Provided grounded evidence for the generated caption.

Thanks to the MIL based image word detection
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Interpretanility
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player (1.00)

a baseball player
Provided grounded evidence for the generated caption.

Thanks to the MIL based image word detection
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Interpretanility
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throwing (0.86)

a baseball player throwing
Provided grounded evidence for the generated caption.

Thanks to the MIL based image word detection
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Interpretanility
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ball (1.00)

a baseball player throwing a ball
Provided grounded evidence for the generated caption.

Thanks to the MIL based image word detection
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Interpretanility

man (0.93)

d man
Provided grounded evidence for the generated caption.

Thanks to the MIL based image word detection

Towards Human-Quality Image Captioning: Deep Semantic
Learning of Text and Images 23

N Xiaodong He



sitting (0.83)
a man sitting
Provided grounded evidence for the generated caption.

Thanks to the MIL based image word detection

Towards Human-Quality Image Captioning: Deep Semantic
Learning of Text and Images 24

N Xiaodong He



Interpretanility

couch (0.66)

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

Thanks to the MIL based image word detection
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Interpretanility

dog (1.00)
a man sitting in a couch with a dog

Thanks to the MIL based image word detection
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Another popular paradigm: Multimodal
Recurrent Neural Network (MRNN)

« Use fc/ as initial state in a recurrent neural network
language model

« Words output in sequence

“straw” “hat” END

LSTM (Hochreiter & Gated Recurrent Neural
Schmidhuber 97) Network (GRNN)

\io<—
o Wai i f c z
v 1r ‘\
| ' C >p<— [N 4@_>./ — IN
r
START “straw” “hat” >9— > OUT >OouT

Image Credit: Karpathy and Fei-Fei 2015 Image Credit: Cho et al. 2015

3
A

E.g., Hill+ 2014, Devlin+ 2015; Donahue+ 2015, Karpathy+ 2015; Kiros+ 2015; Mao+ 2015; Vinyals+ 2015; Xu+ 2015;
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A comparison:

DMSM'’s objective: MRNN'’s objective:
the score of the reference to be higher than the score of the reference to be higher
other generic captions. than arbitrary word sequences
Cosine 11 1” 13 1” 11 1”
score M X é Xé Xé
Global vector Global vector Global vector \/str;w\/’h;t"\/Er\:lD
| | I '
| | I
A man There is a
with a man
straw hat

Y- STA “straw” “hat”
Y X \/ x wal

DMSM focuses on semantics rather than syntax. E.g., ensures the reference (semantically interesting)
scores higher than generic ones (grammatically correct but semantically incorrect or boring), while
MRNN focus on syntax more.



Auto Evaluation & Human Evaluation

« MELM+DMSM and MRN

System

N O

 But humans prefer MELM+D

ntain same BLEU score

MSM's output more

BLEU % Better or

Model 1: MELM + DMSM
Model 2: MRNN

Equal to

Human
25.7 34.0%
25.7 29.0%

Human judgers shown generated caption and human caption, choose which is "better”, or equal.

Devlin, Cheng, Fang, Gupta, Deng, He, Zweig, and Mitchell ACL 2015,
Language Models for Image Captioning: The Quirks and What Works.

= Xiaodong He
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Language Analysis

« MELM weakness: Long distance language modeling

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

« MRNN weakness: Repeated emissions

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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Language Analysis

« MRNN weakness: Repeated captions
» Table 1. Systems produce same captions multiple times; MRNN does it the most
- Table 2: MRNN repeat captions seen in training data verbatim more often

Table T Number Distinct Captions in Testval Table 2 Percentage of Produced Testval Captions
(out of 20,244 instances) Found in Training Captions
20244 10
17500
B
15000
12500 &0
10000 60.3 61.3
7500 <0
= ilNE - e
48
: — D
Distinct Captions % Cgptions lIdentical to Training Captions
B Human B MELM+DMSM B MEMNN  BEE-NN MELM+DMEM-+MEMNM B Human ® MELM=DMSM B MENN  BE-NN MELM+DMEM-=MREMMN
iModel 1) iMode 2) [Model 3) iModel 4) (Model 1) (Modd 2) (Model3) (M oded 4)
MSR MSR Captivator MSR MSR Captivator
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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Image Diversity

» Bin test images based on visual overlap with training
« MELM+DMSM does well on images with low overlap
« MRNN does well on images with high overlap

Condition Train/Test Visual Overlap
BLEU

Whole 20% 20%
Set Least Most

D-ME+DMSM 25.7 20.9 29.9
MRNN 25.7 18.8 32.0

BLEU scores based on visual overlap

Towards Human-Quality Image Captioning: Deep Semantic
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Great progress, but what is missing?

e.g., could computer understand humors?

nowadays:
‘ a herd of elephants standing next to a man

Future: + face recognition etc.:
‘ a herd of elephants standing next to Obama

Future: + knowledge/common sense:
‘ Obama is chased by his republic rivals ©

Image credit:
http://s122.photobucket.com/user/b o -
meuppls/media/stampede.jpg.html A, ) 9,)

poIiticaI—Fm b3y

Knowledge Base child-of [ ™ghild-of
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summary

« Language is (arguably) the best supervision for teaching
machines to understand complex scenes as humans do.

« We generate interesting rather than generic captions

« We ground the generated caption on the salient
content of the image

* In the future, need to incorporate knowledge base to
give the machine the common sense (beyond an
isolated image).
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NOWADAYS:
=) . on standing on a boat

FUTURE:
(+ face reco., Web, Knowledge Base, GPS, Map...)

-

a-man-Xiaodong standing on a boat
sailing on lake Washington ©

Learning semantic representations for Text, Image, and Knowledge:
DSSM/DMSM/Sent2Vec Tool kit available: http://aka.ms/sent2vec/
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