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Deep reinforcement learning for NLP

« Deep RL background
« Deep RL for NLP
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Background of reinforcement learning

Reinforcement learning model:
* environment state set: S
* Action set: A

* rules of transitioning between
states

e rules that determine the immediate
reward of a state transition

* rules that describe what the agent
observes

Environment

Action

Sutton, Richard S.; Barto, Andrew G. (1998).
Reinforcement Learning: An Introduction. MIT Press.
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The Reinforcement Learning Problem

« Markov Decision Process (MDP)

- State s;, action a;, reward r;

- Policy: p(action|state), e.g., p(a;|s;)

« Objective: Find the best policy
 Best: Maximize the long-term reward
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Q-Learning

Action

Used to learn the policy of RL (ron)

Policy: a rule that the agent should follow to select actions
given the current state

Q-Learning: find optimal policy for Markov decision process
(MDP).

Approach: learning an action-value function, a.k.a. Q-function,
that computes the expected utility of taking an action in a state
— after training converges.

+00
’ s, a4) +— OS¢, a4 )+
2" (s,a) =E Voriiklse = s.a; = a Q(st, at) + Q(st, ar)
_|_
k=0 ) e (re + - max Q(st41.a) — Q(st. ar))

. L%
In runtime: e = Cl’l"nglX{a}{Q (St' Cl)} Watkins and Dayan, (1992), 'Q-learning. Machine Learning.
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Recent success
« Deep Q-Network (DQN)

1. Task: playing Atari games

2. RL setting: huge state space, e.g., raw image pixels from screen shots. But small
action space, e.qg., possible move of the joystick.

Model: using convolutional neural networks to compute Q(s, a).

4. Results: achieve human level performance

action 6
e ——
state - I

Figure 1: Screen shots from five Atari 2600 Games: (Left-to-right) Pong, Breakout, Space Invaders,

Seaquest, Beam Rider Mnih, Kavukcuoglu, Silver, Graves, Antonoglou, Wierstra, Riedmiller,
“Playing Atari with Deep Reinforcement Learning”, 2013
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Recent success (cont.)
 AlphaGo

1. Task: playing Go

2. RL setting: huge state space, e.g.,
19x19 board (highly complex and Pslp(als) Vo(s')
sensitive). But still relatively small 1
action space, e.g., possible move
(one out of <361 positions).

3. Model: built two deep networks:
policy network and value network,
both are CNNs

4. Use MCTS to look-ahead to estimate
the value of states in a search tree.

5. Results: beat world Go Champion

Policy network Value network

Silver et al, “Mastering the game of Go with deep neural networks and
tree search”, 2016
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Reinforcement learning for language understanding

» Consider the sequential decision making problem for
text understanding:

- E.g., Conversation, Task completion, Playing text-based games...
« Attime t:

- Agent observes the state as a string of text, e.g., state-text s;

- Agent also knows a set of possible actions, each is described as a string text, e.g.,
action-texts

« Agent tries to understand the “state text” and all possible "action texts”, and
takes the right action — right means maximizing the long term reward

« Then, the environment state transits to a new state, agent receives a immediate
reward.

[Narasimhan, Kulkarni, Barzilay. EMNLP 2015]
[He, Chen, He, Gao, Li, Deng, Ostendorf, ACL 2016]
[He, Ostendorf, He, Chen, Gao, Li, Deng, EMNLP 2016]
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RL with action space defined by NL

* Reinforcement learning (RL) with a natural language
action space

 Applications such as text games, webpage navigation,
dialog systems (such as help desk and tutoring system)

 Challenging because the potential action space is large
and sparse

» Jext-based game

As you move forward, the people surrounding you suddenly look up with terror in their faces, and flee
State text ml the street.

Action texts -

. :
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Unbounded action space in RL for NLP

Not only the state space is huge, the action space is huge, too.
— Action is characterized by unbounded natural language description.

Well, here we are, back home again. The battered front door
leads into the lobby.

The cat is out here with you, parked directly in front of the
door and looking up at you expectantly.

. Step purposefully over the cat and into the lobby
- Return the cat’s stare
- “Howdy, Mittens.”

Example: a snapshot of a text-based game
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The Reinforcement Learning for NL problem

» A sequential text understanding problem

- Unbounded state and action spaces (both in texts)
- Time-varying feasible action set

- At each time, the actions are different texts.

- At each time, the number of actions are different.

rt Tt+1
Relevance Relevance
/ \\ p(st+1lst' at) / \\

al4t! al [At 41l
a; St+1 t+1 a.
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Baselines: Variants of Dee

 (Q-function: using a single dee
function approximation

* Input: concatenated state-actions (BoW)

 Output: Q-values for different

t Max-action DQN

B Microsoft Research

0 Q-Network

actions

Qt(si ai)

s s -

0 neural network as

Per-action DQN
—> max over a;
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Deep Reinforcement Relevance Network

 Deep Reinforcement Relevance Network (DRRN)

 Separate state and action embeddings [He, Chen, He, Gao, Li, Deng,
» Interaction at the embedding space Ostendorf, ACL2016]

Q(H ai.‘_ @) = g (h-Lrs- h‘i,ﬂ;)

Qt(s,ai)
Motivation: ®:
- Language is P NG
different in these i "
two contexts. t’s 3
- Text similarity does My s h,
NOT always lead to 1 ]
the best action. St at

B Microsoft Research Xiaodong He



Reflection: DRRN

 Prior DQN work (e.g., Atari game, AlphaGo): state space unbounded, action

space bounded.

« In NLP tasks, usually the action space is unbounded since it is characterized
by natural language, which is discrete and nearly unconstrained.

« New DRRN: (Deep Reinforcement
Relevance Network)

* Project both the state and the action
INnto a continuous space

« Q-function is an relevance function of
the state vector and the action vector

ﬁDrior DQN-RL model { New DRRN-RL modeﬁ

Qc(s,aY) Qu(s,a?) | 0:(s.a)
'®e @ ! | 1@,
"""""" ' = T pairwise interaction function
I i / (e.g. inner product)
hy i ha,s h}
hl _ i hl,S hi,a
L ose | oa [ oa [ | s |
\ (a) DQN (c) DRRN /

[He, Chen, He, Gao, Li, Deng, Ostendorf, “Deep Reinforcement
Learning with a Natural Language Action Space,” ACL2016]
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UNIVERSITY of WASHINGTON Microsoft Research

Experiments: Tasks

« [wo text games

Stats “Saving John” “Machine of Death”
Text game type Choice-based | Choice-based & Hypertext-based
Vocab size 1762 2258
Action vocab size 171 419

Avg. words/description 76.67 67.80

State transitions Deterministic Stochastic
# of states (underlying) > 70 > 200

(Avg., max) steps/episode 14, > 38 83, > 500

» Hand annotate rewards for distinct endings

 Simulators available at: https://github.com/jvking/text-games

[=]
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https://github.com/jvking/text-games

Experiments

e Tasks: Text Games/Interactive Fictions
« Task 1: “Saving John”

Reward | Endings (partially shown)
-20 Suspicion fills my heart and I scream. Is she trying to kill me? I don’t trust her one bit...

-10 Submerged under water once more, I lose all focus...
0 Even now, she’s there for me. And I have done nothing for her...
10 Honest to God, I don’t know what I see in her. Looking around, the situation’s not so bad...

20 Suddenly I can see the sky... I focus on the most important thing - that I’m happy to be alive.
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Microsoft Research

Experiments

o Tasks: Text Games/Interactive Fictions
e Task 2: “Machine of Death”

Reward | Endings (partially shown)

-20 You spend your last few moments on Earth lying there, shot through the heart, by the image of
Jon Bon Jovi.

-20 you hear Bon Jovi say as the world fades around you.

-20 As the screams you hear around you slowly fade and your vision begins to blur, you look at the
words which ended your life.

-10 You may be locked away for some time.

-10 Eventually you’re escorted into the back of a police car as Rachel looks on in horror.

-10 Fate can wait.

-10 Sadly, you’re so distracted with looking up the number that you don’t notice the large truck
speeding down the street.

-10 All these hiccups lead to one grand disaster.

10 Stay the hell away from me! She blurts as she disappears into the crowd emerging from the bar.

20 You can’t help but smile.

20 Hope you have a good life.

20 Congratulations!

20 Rachel waves goodbye as you begin the long drive home. After a few minutes, you turn the
radio on to break the silence.

30 After all, it’s your life. It’s now or never. You ain’t gonna live forever. You just want to live
while you’re alive.
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Learning curve: DRRN vs. DOQN

Eﬂ T T T T T T 15 T T T T T T T
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(a) Game 1: “Saving John™ (b) Game 2: “Machine of Death”

Tested on two text games
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UNIVERSITY of WASHINGTON Microsoft Research

Experiments: Final Performance

Game 1: “Saving John” Game 2: “Machine of Death”
20 15
15
10
10
5
5 .L ul iﬁi ii
a.L 1] , wih
0 n_hidden=20 n_hidden=50 n_hidden=100
n hidden=20 n_hidden=50 n_hidden=100
5 5
mPADQN (L=1) mPADQN (L=2) ®m MA DQN (L=1) mPADQN (L=1) mPADQN (L=2) ®m MA DQN (L=1)
MA DQN (L=2) mDRRN (L=1)  ® DRRN (L=2) MA DQON (L=2) @ DRRN (L=1)  ®m DRRN (L=2)

The DRRN performs consistently better than all baselines, and
often with a lower variance.

Big gain from having separate state & action embedding spaces
(DQN vs. DRRN).



Visualization of the learned continuous space

1 T T T I ! I I
action 2 (-1,30)
O ~— _ action 1 (-0.55) T
after 200 episodes state
1 ' ' ' | |
l T T T I ! I I
) a:;ticn 1(+0.91) . action 2 (-17.17)
Stﬂé
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Figure 2: PCA projections of text embedding vectors for state and associated action vectors after 200,
400 and 600 training episodes. The state is “As you move forward, the people surrounding you suddenly
look up with terror in their faces, and flee the street.” Action 1 (good choice) is “Look up”, and action 2
(poor choice) 1s “Ignore the alarm of others and continue moving forward.”

|
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Experiments: Generalization

* |In the testing stage, use unseen paraphrased actions

40 Ql—values slcatterplolt betwee:n state—a:cticn pailrs Game 2: “Machine of Death”
—  y=xx0.85+0.24, pR* =0.95
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Q-function example values after converged

_ Text (with predicted Q-values)

State As you move forward, the people surrounding you suddenly look
up with terror in their faces, and flee the street.

Actions in the lgnore the alarm of others and continue moving forward. (-21.5)
original game Look up. (16.6)

Paraphrased actions Disregard the caution of others and keep pushing ahead. (-11.9)
(not original) Turn up and look. (17.5)

Fake actions (not Stay there. (2.8) Stay calmly. (2.0)

original) Screw it. I’'m going carefully. (-17.4) Yell at everyone. (-13.5)

Insert a coin. (-1.4) Throw a coin to the ground. (-3.6)

Note that, the DRRN generalizes to unseen actions well, e.g., for these
“not original” actions, the model still gives a proper estimate of the Q-
value.
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| atest advances

« Our next EMNLP2016 paper extends the work
to real-world large NLP data set, ana
targeting on combinatorial action spaces

« Deep Reinforcement Learning with a Combinatorial Action Space for
Predicting and Tracking Popular Discussion Threads

« https://arxiv.org/abs/1606.03667

The agent runs on real world Reddit dataset https.//www.reddit.com/
reads Reddit posts
recommends most thread with most future potential popularity
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Related Work

« Recently, signiﬂc.antF?rogre.ss has been made by combining
deep learning with RL (Mnih et al. 2015, Silver et al. 2016)

« Narasimhan et al. (2015) introduced deep RL in parser-
based text games

« Nogueira and Cho (2016) proposed a goal-driven web
navigation task for language based sequential decision
making study

« Narasimhan et al. (2016) applied RL for acquiring and
incorporating external evidence to improve information
extraction accuracy

« Very recently, in RL applying to human-computer dialogue
system, efforts from various research labs: University of
ambridge, MSR, Stanford University, and Maluuba
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Interim summary

Reinforcement learning for NLP tasks in a continuous space

 Project both states and actions (defined by unbounded NL) to a continuous
semantic space using deep neural nets

« Compute the Q function in the continuous semantic space
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Part Vi

Image-language muitimodal
learning and inference




Image-language Joint learning and
inference

«Image Captioning
«Visual Question answering
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Humans learn to process text, image, and
knowledge jointly

o

"" ')
oamocaic —
political-pm Krn—in

Ch”f;gi/////’ “\\\\Ebﬂflof
o —

Ch”;t;?\\\ child-of

Freebase

Barack Obama is an American politician
serving as the 44th President of the
United States. Born in Honolulu, Hawaii,
... 1n 2008, he defeated Republican
nominee and was inaugurated as president

on January 20, 2009.
(Wikipedia.org)



Image Captioning (one step from perception to cognition)

describe objects, attributes, and relationship in an image, in a
natural language form

a man holding a tennis racquet
on a tennis court

the man is on the tennis court
playing a game

.......

-- Let's do a Turing Test! > | 0 D
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Image Captioning: Understanding complex

scenes
-- Let's do a Turing Test!

a bicycle is parked next to a
river

a bike sits parked next to a
body of water
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Two major paradigms
Two entries tied at the 15t place at COCO 2015 Caption Challenge

End-to-end using LSTM (e.g., Google)

Adopted encoder-decoder framework from
machine translation, Popular: Google, Montreal,

Stanford, Berkeley

woman, crowd, cat,
camera, holding, purple )

» < A purple camera with a woman. 3
2. generate A woman holding a camera in a crowd.
sentences

A woman holding a cat. 2

3. re-rank #1 A woman holding a
sentences camera in a crowd.

4

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

Vision

Deep CNN Generating

Language

RNN
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A group of people
shopping at an
outdoor market.

There are many
vegetables at the
fruit stand.

Vinyals, Toshey, Beng|o Erhan, "Show and Tell: A Neural

Image Caption Generator,” CVPR, June 2015

Compositional framework (e.g., MSR)
Visual concept detection => caption candidates generation =>

Deep semantic ranking

Compositional framework can potentially exploit non paired image-

caption data more effectively

Zweig, "From Captions to Visual Concepts and Back,” CVPR, June 2015]




MSR, Stage 1. Multiple Instance Learning (MIL)

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

* Image divided into 12x12 overlapping regions

« fc/ vector used for image features

e.g., the visual “attention” of word sitting.
p(winrjof image i)

| |
oy =1 [a ot v)

JET;

sitting

i=image id 1; = regions
fij = £c7 vector v,, = learned classifier weights

o(x) = sigmoid
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Multiple Instance Learning illustration

a man sitting on a chair with a dog in his lap

P(w inregion) = 1/(1 + eWMiLXVser)

WMIL

13 13

i, il 3‘_ X X
5 13 U 13 dense dense
3| N[ 1000

192 192 128 L .
2048 2048 T

Raw pixels from fc7 MIL layer
input box

Tuned image features from AlexNet (Krizhevsky et al., 2012) or VGG (Simonyan and Zisserman, 2014).



MaxEnt LM (MELM) for modeling language

Table 1. Features used in the maximum entropy language model.

Feature Type Definition Description
Attribute 0/1 w] € f)g_l Predicted word is in the attribute set, i.e. has been visually detected and not yet used.
N-gram+ 0/1 Wi—N+1, - ,w; =rkandw; € V;_;  N-gram ending in predicted word is x and the predicted word is in the attribute set.
N-gram- 0/1 Wi—N+1, - ,w; =rkandw; € Vi—;  N-gram ending in predicted word is ~ and the predicted word is not in the attribute set.
End 0/1 wy=rand V;_1 =0 The predicted word is & and all attributes have been mentioned.
Score R score(w;) when w; € V4 The log-probability of the predicted word when it is in the attribute set.

PI‘(U)[ =@I|@l—lv"' 3@13<5>31}l—l) =

exXp [ZkK—l Akfk(@lawl—la"' 11D13<5>1]>l—1):| 3
(3)

Z'IFEVU</S> exp [Zi{:]. )\k‘fk(vs @l—la et swlv <s5>, 1ﬂ)ﬂ—l)]

where <s> denotes the start-of-sentence token, w; € V U
</s>, and fr(w, -+ wy, )}g_l) and A\ respectively denote
the k-th max-entropy feature and its weight. The basic dis-
crete ME features we use are summarized in Table 1.

S #(s)
L(A) =" > log Pr(w(™ @), il <> V) (4)

s=1 =1



MELM for candidate generation

a kitchen with wooden

l A p(cabinets|with wooden)
Language model —) M =) Cabinets ——
W

a kitchen with wooden cabinets

MaxEnt LM

room
wooterr bl

sink  StOVe cabinets Repeat to generate 500 candidates

floor

1. wooden cabinets in a kitchen

2. asink and cabinets

500. a room with stove on the floor

[Fang, et al., CVPR 2015]




Multimodal DSSM

= Project sentence and image into a
comparable semantic vector space

= Whole sentence language model

Q = image, D = caption, R = relevance

'.UQT?M:-
lyellllynll

Relevance: R(Q,D) = cosine(yq,yn)

Caption exp(YR(Q, D))
probability: Yprepexp(YR(Q, D))

Candidate captions * N Smoothing factor

P(D|Q) =

L(A)=—log |[ P(PY|Q)

(Q,D+)

™ Correct caption

Objective:

Cosine similarity

Global vector

Global vector

Text (1D)
Convolutional

Image (2D)
Convolutional
neural neural

network

network

A man sitting on
a bench

Serves as a semantic matching checker.



The convolutional network at the image side

Feed the pre-trained image feature vector ’__4““,\ ,t“”;

into the image side of the DMSM

1 \ / \
l.“.‘. 000000

) ffffj-_‘-:-:-:--@’l' 3

Raw pixels from
input box

128

13

13

192

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).



The convolutional network at the caption side

Models fine-grained structural language information in the caption

/

Using a convolutional neural
network for the text caption
side

Semantic layer: y 500

Semantic projection matrix: W;

Max pooling layer: v | 500

Max pooling operation max max max

Convolutional layer: h, [ 500 [][]] 500 [| ... [[]500 []
Convolution matrix: W.
Word hashing layer: f, | 15K || 15k || 15k | .. | 15Kk || 15K |
Word hashing matrix: W; T
Word sequence: x; <s> Wi W, wr <s>

a man bench

Figure Credit: [Shen, He, Gao, Deng, Mesnil, WWW, April 2014]
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State of the art

Human judgment is the ultimate metric
Turing Test Results at the MS COCO Image Captioning Challenge 2015

/ Microsoft COCO

MSR won the 7St prlze! Official % of captions % of captions
\ Rank that pass the that are better or

Turing Test equal to human's
*  MSR Ist 32.2% 26.8%
Google 1st 31.7% 27.3%
MSR Captivator 3rd 30.1% 25.0%
Montreal/Toronto 3rd 27.2% 26.2%
Berkeley LRCN 5th 26.8% 24.6%

Other groups: Baidu/UCLA, Stanford, Tsinghua, etc.

Retrieval-based method —[Nearest neighbor - 25.5% 21.6%

human generated caption \Quman - 67.5% 63.8%




A brief 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 i

Image Credit: Karpathy and Fei-Fei 2015

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 metric & Human Judge

« MELM+DMSM and MRNN obtain same BLEU score
« But humans prefer MELM+DMSM's output more

System BLEU % Better or

Equal to

Human
Model 1: MELM + DMSM 25.7 34.0%
Model 2: MRNN 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 “Language
Models for Image Captioning: The Quirks and What Works,” ACL 2015

. :
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Image Diversity

» Test images bucketed 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 Rare images Common images

w.rt. training set  \yrt. training set
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Language Analysis

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

Table 1: Percentage of Produced Testval Captions Table 2: Number Distinct Captions in Testval
Found in Training Captions (out of 20,244 instances)
100 20244
17500
= 15000
- 12500
60.3 61.3 10000
40 7500
% Captions ldentical to Training Captions Distinct Captions
EHuman B MELM+DMSM EMRNN  mk-NN 8 MELM+DMSM+MRNN mHuman B MELM+DMSM EMRNN  mk-NN = MELM+DMSM+MRNN
(Model 1) [Mod=2) (Modei3) (Model 4) (Model 1) (Model 2) [Model 3 (Model 4)
MSR Captivator MSR MSR Captivator

Example:  MELM+DMSM: “A plate with a sandwich and a cup of coffee”
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From COCO domain to open-domain

e Fast runtime

» Better accuracy per human judgment

 Broader coverage

» Richer information (e.g. people names, locations)
» Output with uncertainty information




Rich Image Captioning in the Wilo

r— e New architecture and system development

|
| C ° °
aption engtne !
| Landmark  H P g
: —»{ |
. I .
I high
. |
| Confidence ||
! Word tagging - ‘F<
| 2l Model |
| ’ - : low . tai ;
_ is image contains: water,
: Features vector e DSSmM : boat, lake, mountain, etc.

Codename: Cape Cod

[Kenneth Tran, Xiaodong He, Lei Zhang, Jian Sun, Cornelia
Carapcea, Chris Thrasher, Chris Buehler, Chris Sienkiewicz,
"Rich Image Captioning in the Wild, Deep Vision, CVPR, 2016]



An example - image captioning

SR

Sasha Obama, Malia Obama, Michelle Obama, Peng Liyuan et al.
posing for a picture with Forbidden City in the background.

(note the system missed Marian Robinson)
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Deep ResNet tor visual
concepts detection

ResNet
» Treat as multiclass problem
« Sigmoid output
« No softmax normalization
» Trained on multiple GPUs

image

caption

,_ : Caption engine
L
‘ Celebrity ‘— -‘ Language Model }
i \ Confidence
- Word tagging |
- 5 / Model
4 Features vector }—»‘ DSSM ‘/

7x7 conv, 64, /2 |

v

pool, /2

3x3 conv, 64

Y

3x3 conv, 64

3x3 conv, 64

A\

3x3 conv, 512 J

3x3 conv, 512 I

\ 4

3x3 conv, 512 J

avg pool

\ 4

fc 1000 |

man, tennis, court, holding, shirt, yellow, racquet, ...

also extract the 29 last layer as feature representation.

[He, Zhang, Ren, Sun, 2015]

ImageNet 2015 Winner !



cntity Recognition

« Extreme classification with a big set of celebrities

gwu

Typical Convolutional Neural Network: AlexNet, VGG, ResNet, etc.

Chloé
Grace
Moretz

“Sasha Obama, Malia Obama, Michelle Obama, Peng Liyuan et
al. posing for a picture with Forbidden City in the background.”

convolutional + pooling layers fully connected layers

[srogrorrornnrnennpepenoroneapennRnGs|

BRI, WL b

N-class prediction

* Integrating entities (celebrities, landmarks, etc.) makes
captions much richer.

[Guo, Zhang, Hu, He, Gao, MS-Celeb-1M: Challenge of
Recognizing One Million Celebrities in the Real World, 2016]



DSSM: Bridge the gap between image and language!

The multimodal deep structured semantic model
projects images and captions to a semantic space:

« The overall semantics of a image will be represented by
a vector in this space.

« The overall semantics of a caption will also be
represented by a vector in this space.

« Rerank captions by the semantic matching

Text: @ man holding a tennis
racquet on a tennis court

\ )
I

Deep Structured Semantic Model
[He, Gao, Deng et al., 2013, 2014, 2015]

B Microsoft Research Xiaodong He



Describe with uncertainty

Confidence score [0,1] c—_°

i

@
Wit
Wit
w,t

Image caption: @ man holding a
tennis racquet on a tennis
court
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Test results - COCO

Beat previous SOTA on in-domain data (MS COCQO)

Fang et al, 40.6% 26.8% 28.8% 3.8%
2015
New 51.8% 23.4% 22.5% 2.4%
system

Human evaluation on 1000 random samples of the COCO test set.



Test results - Instagram

Significantly beat previous SOTA on data in the wilo

W“

Fang et al., 12.0% 13.4% 63.0% 11.6%
2015
New 25.4% 24.1% 45.3% 5.2%
system

Human evaluation on Instagram test set, which contains 1380 random images that
we scraped from Instagram.



Confidence score distribution - Instagram

Confidence score aligns with human judgement well

e W“-

mean

Std dev 0.21 0.23 0.21 0.19



Service APIs shipped [SllVISIMYNelaWaty

in March 2016

Extract rich information from images to categorize and

visual data—and protect your users from unwanted content.

B Microsoft

Cognitive Services

process

Analyze an image

\

This feature returns information about visual content found in an image. Use tagging,
descriptions and domain-specific models to identify content and label it with confidence.

~

/

https://www.microsoft.com/cognitive-services/en-us/computer-vision-api

Is Adult Content: False
Categories: people_swimming

“a man swimming in a

/ pool of water”

Features:

"confidence™ 0.9504992365837097 },
"swimming", "confidence":

{ "name": "water sport", "confidence":

Image Format jpg

Feature Name Value

Description { "type™ 0, "
swimming in a pool of water", "confidence":
0.7850108124440484 } ] }

Tags [{ "name": "water", "confidence":

0.9996442794799805 }, { "name": "sport",

0.9062818288803101, "hint": "sport" }, { "name":
"pool", "confidence": 0.8787588477134705 },

0.631849467754364, "hint": "sport” } ]

{"name":

v Xiaodong He



https://www.microsoft.com/cognitive-services/en-us/computer-vision-api

Positive feedback since announced

- (CaptionBot & API highlighted at Satya’s keynote at //Build2016

“Microsoft's newest bot offered a spot-on | think it's Satya Nadella standing in front of a flat screen tv and he seems .
caption to this photo of Satya Nadella”
— Business Insider (Julie Bort)

"Microsoft created Captionbot.ai, which is a
tremendously addictive (and science-fiction-
grade awesome)." -- TechCrunch

» Microsoft researchers tie for best image | Microsoft
captioning technology TechNet

» Microsoft reveals 'CaptionBot' you can try out
online - Dailymail

» Microsoft's Spooky New Bot Can Automatically
Caption Your Photos - Forbes

» Microsoft's latest Al party trick is a CaptionBot
for photos — PCWorld

Photo of Satya Nadella caption by Microsoft's new Caption Bot

B Microsoft Research Xiaodong He


http://captionbot.ai/
https://www.microsoft.com/en-us/research/microsoft-researchers-tie-for-best-image-captioning-technology/
http://www.dailymail.co.uk/sciencetech/article-3517592/Would-trust-Microsoft-s-AI-caption-selfies-Firm-reveals-CaptionBot-try-online.html
http://www.forbes.com/sites/paulmonckton/2016/03/31/captionbot-describes-your-images/#63df6ccc5670
http://www.pcworld.com/article/3056029/data-center-cloud/microsofts-latest-ai-party-trick-is-a-captionbot-for-photos.html

More examples from GTC2016

dlg el d dl dle PO giorap e dld < ee e

| think it's a group of people standing
in front of a mountain.

when Jen-Hsun Huang (NVidia CEO) was giving a
keynote at GTC16 showing off a GPU-powered VR

visiting of Mt. Everest -- here is what our CaptionBot
has to say.




00000 ATRT 7 12:47 AM

Public App: CaptionBot

=. Microsoft

http://CaptionBot.ai
works with any phone/browser

| think it's a boat that is lit up at night
In a city.

| think it's a crowd of people walking
down a street next to tall buildings

and they seem @@ ®.

B Microsoft Research


http://captiobot.ai/

MGars &
from CaptionBot

| think it's a man standing in front of a
building and he seems @.

| am not really confident, but | think it's Leonardo da Vinci sitting in front of a mirror
and she seems ©.

y street filled with

B Microsoft Research 220 Xiaodong He



C a pU Oon BOt Oon S kype S Skype™ [4] - xiaohe_msft

Skype Contacts Conversation Call View Tools Help

xiaohe _msft ¢ 25.83 CaptiOﬂBOt
https://bots.botframework.com/ | ®@o s © Onine

BY Microsoft

5:24 PM
Bot Framework My bots Register a bot Documentation Bot Directory
PREVIEW Vg
CaptionBot
Microsoft ¢S 2.bprblogspot.com
) @ | think it's a view of a city at night. 5:24 PM
Overview
| can understand the content of any image and I'll try to describe it as well as any human. I'm still le: Friday, May 13, 2016
You can find me hosted on the web at https://www.captionbot.ai using the BotFramework DirectLine
9:09 PM
Privacy statement Terms of use | Publisher email | Bot website | Report abuse
Say hello
Add this bot to your favorite.aamyv arsation experiences.

¢ wandermelon.com
Skype 6 Add to Skype

@ | think it's a small boat in a large city. 9:09 PM

B Microsoft Research


https://bots.botframework.com/

World-best vision ability in everyone’s hands

By calling our API, a young guy, Ming Cheuk, at New Zealand made a computer
vision bot WTF Is That on Facebook Messenger that's gone viral.

Great! Let me check that for you...

@ Your Image Is a desert plateau FS

When a user uploads a photo, the bot uses Microsoft Cognitive Services’ API
to analyze the image and offer a response. Cheuk says Microsoft’s tool
provided the greatest scaleability, but he’s testing services like Google Cloud

Vision API, CloudSight, and Clarifail.
Add
“: NIBED

Il Microseft-Research


http://www.wtfitbot.com/
http://www.wired.com/2016/05/wtf-is-that-computer-vision-bot/
http://www.wired.com/2016/05/wtf-is-that-computer-vision-bot/
http://www.wired.com/2016/05/wtf-is-that-computer-vision-bot/

Fnable 3@ party apps

P|CCollaqe (15M users and growing)

(] p://pic-collage.com/ PL-C }I' Microsoft Cognitive Services - C... |E arxiv.org ‘IEJ PicCollage

5 PicCOLLAGE is
party with your photos!

® O s’ &
‘\\\\\\\\_. a group of“uldren po‘gf@r A
N\

|
,.uplcture 11 i

calls MCS API to get an auto-
caption and then touch up
with funny faces.

| :
B Microsoft Research



http://pic-collage.com/

Assist the blind people

» Seeing Al: help the blmd people to see

http://www.igivi.com/w 19rsyac4T1h.html

http://blogs.microsoft.com/next/2016/03/30/decades-of-computer-vision-research-one-swiss-army-knife



http://blogs.microsoft.com/next/2016/03/30/decades-of-computer-vision-research-one-swiss-army-knife
http://www.iqiyi.com/w_19rsyqc41h.html

Outside Microsoft

Allo demo at Google I/O
conference ,CD

ED.
How's it going today?! °
Hangin" out with my little friend

b

¥ cute, pretty)

Google Vision API — has tagging and landmark, . o
no captioning yet wwsocute ) Love the daisy ‘s

B Microsoft Research Xiaodong He



Outside Microsoft

Facebook announced an iOS app days after Build2016 — but more
like keyword tagging rather than natural language description

la Chelsea Kohler ' ' ' Manoher Paluri ‘ ‘ (ij Peter Cottle
Sunday night splurge d With my college buddies in my favorite place - \ We linally made it :)

roady for a great weekend!

> AN
F SO e

L . g1 A
< ) S * 5
™ > . At -
) ’ ¢

£

a ’. - L .' .
I T
t())) Image may contain: tree, sky, outdoor

= o -
= g ) : i IMmage may contain: two people, smiling,
ﬂ ephanie Hughes R sunglasses, sky, outdoor, water
B 5
| /\ l t /\ | l |
Image may contain: pizza, food Image may contain: tree, Image may contain: two
sky, outdoor people, smiling, sunglasses,

sky. outdoor. water
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https://www.yahoo.com/tech/facebook-uses-ai-help-blind-130239329.html

From Captioning to Visual Question Answering

« Answer natural language questions according to
the content of an image.

E.g., as a warning system for bicyclists, the system would
interact with the cyclist, who might ask questions such as
"Are any other bikes going to pass me from the left?" or
"Are there any runners close to me?”

|mage Answer:

Question;: OI-Nilela —> dogs

What are sitting  [RaWSMELI8le
in the basket on
a bicycle?

B Microsoft Research Xiaodong He



Caption vs. QA: need reasoning

Reasoning in VQA:

Multiple-steps of

X reasoning over the
Question: " : .
What are sitting image to infer the Answer:

in the pasket on answer dogs
Need to focus on the a bicycle?

specific regions that are

relevant to the answer. U

Need to understand
subtle relationships
among multiple objects

|
B Microsoft Research Xiaodong He




StaCked Awenthﬂ NetWOrkS [Yang, He, Gao, Deng, Smola, CVPR16]

------------------------ Query

_Question: Ansv;ér:
ANhat are S|tt|ng d
|n the basket on | —> dogs /,
~-a bicycle? ’_/_’_
SANs perform multi- step i
reasomng ’
1. Question model .

2. Image model
3. Multi-level attention mode|
4. Answer predictor

B Microsoft Research Xiaodong He



1. The image model in the SAN

Spatial feature vectors of
different regions of the image

AT T

* Image Model

448 |'Mage | ——» r 14 {v;}196 vectors (14 x14)
| 512 14
448 feature map

Figure 2: CNN based image model

fr = CNN,,,(I).  vr = tanh(Wjfr + by)

B Microsoft Research Xiaodong He



2. The question model in the SAN

» Question Model  What are sitting _ Pl Vo

Code th fi In the basket on || >

. Ode the QUES !Oﬂ a bicycle? |

INtO a vector using

aLSTM
LSTM » [ STM » ... —» LSTM
We We We

Question: what sTre bicytcle

|
B Microsoft Research Xiaodong He




2. The question model in the SAN (alternative)

 Question Model  What are sitting ] vo
Code the question in the basket o™ |
. 9 . a bicycle? |
INtO a vector using
a CNN [T T 11 —
o ' ,' max pooling
unigram- * ' . "\ trigram over time
’ ? bigram B
convolution
embedding
Question: Q:;-% % g' B

B Microsoft Research Xiaodong He



3. SAN: Computing the T level attention

\
i B
8 1
. ‘
L) -
5 T
2 - -
~

I spatial image fea
i {vi}

IJ E pl ces p14
vg | | attention map

____________

o @ | \u@
Attent'ion1 (26 :il;__ +]*;*

Answer:
— dogs

Xewyos

Multimodal
Pooling (level 1)

%%:ZPM u=17}+VQ

- I To the next

Vg attention level



3. SAN: Compute the 279 |evel a..ention

\r
Attention 2 UQ '
I

|
! spatial img fea
I ______

Answer:
— dogs

XEWYOS

i}

> J P1 .o D14 Multimodal

u | attention map Pooling (level 2)
:‘ ': : —5,% =) p, u® = 5@ 4y

et gy ,
l . I N
P1s3 P196

_ H To the answer

IR IR u predictor
ST ey N Query vector from the
T 15t level attention




4. Answer prediction

Answer:
— dogs

XEUI}JOS
=
=
XBewyos

I w

0@

. Answer Vo ™
|

Dans = softmax(W u‘® + b)

ans” = argmax{p,ns}
{ans}
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Results

test-dev test-std

/ Other:
Methods All  Yes/No Number Other All Object
Voa: [1] Color
Question 48.1 757 367 27.1 i Location
Image 28.1 64.0 0.4 3.8 -
Q+I 52.6 75.6 33.7 37.4 -
LSTM Q 48.8 78.2 35.7 26.6 -
LSTM Q+I 53.7 78.9 35.2 36.4 54.1

»
&
=

SAN(2,CNN) 58.7 79.3 46.1 58.9

Table 5: VQA results on the official server, in percentage
Big improvement on the VQA benchmark (and COCO-QA, DAQUAR)
Improvement is mainly in the Other category.

B Microsoft Research Xiaodong He



Q: what stands between two blue lounge chairs on an empty beach?

Il

Y

1st attention layer 2nd attention layer

Answer: Umbrella

B Microsoft Research Xiaodong He



More examples:

(a) Whatare puling aman on awagon down on dirt road? (b) What is the color of the box ?
Answer: horses Prediction: horses Answer: red Prediction: red

What next to the large umbrella attached to a table? ( d ) How many people are going up the mountain with walking sticks?
Answer: trees Prediction: tree Answer: four Prediction: four

(e) What is sitting on the handle bar of a bicycle? (f) What is the color of the horns?
Answer: bird Prediction: bird Answer: red Prediction: red




Analysis (COCO-QA): 22% wrong attention, 42% wrong prediction, 31% ambiguous answer, 5% label error

What swim in the ocean near two large ferries? What is the color of the shirt?
(a) Answer: ducks Prediction: boats (b) Answer: purple Prediction: green

(¢) What is the young woman eating? (d) How many umbrellas with various patterns?
Answer: banana Prediction: donut Answer: three Prediction: two

What are passing underneath the walkway bridge?

The very old looking what is on display?
( e) 4 g Py ( f) Answer: cars Prediction: trains

Answer: pot Prediction: vase




Deep Vision:

ﬁom captioning to QA, new challenges:
subtle relationships among multiple objects
focus on the specific region to infer the ans

From generation to reasoning

use multi-level attention networks to infer t
answer progressively

~

wer

he

| think it's a group of lawn
chairs sitting on the beach.

\\ perform visual grounded reasoning for \/QA/

http://captionBot.ai

Caption
and

QA

Q: what stands between the two lounge chairs on the beach?

A: umbrella

B Microsoft Research
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before:
‘ a herd of elephants standing next to a man

Now, + Entity:
‘ a herd of elephants standing next to Obama

Next, + knowledge & reasoning:
Obama is the president from the Democratic party,

whose competitor is the Republican party,

whose mascot is Elephant.
Image credit:
http://s122.photobucket.com/user/bmeup ‘ Obama is chased by his republican competitors ©
pls/media/stampede.jpg.html

an dorz,
MR ) 2}
I Knowledge

Who is that person? - \ ~ /

. political-party s 4 born-in Gl’aph
What are behind that man? B
Why these elephants are chasing him? chidhgl = | “segfildaf

B Microsoft Research Xiaodong He


http://s122.photobucket.com/user/bmeuppls/media/stampede.jpg.html

Interim summary

Vision & language multimodal learning

« Language is a valuable supervision for teaching machines to understand
complex scenes as humans do.

« Deep learning models can perform certain level of reasoning in the image-
language joint space and answer questions

« Need to add knowledge to give machines the common sense beyond in an
isolated image

- Image Captioning Service — http://CaptionBot.ai

B Microsoft Research Xiaodong He


http://captionbot.ai/

Conclusions

» Exciting advances in NN and continuous representations
» Text processing & Knowledge reasoning

» Looking forward

« Building an universal intelligence space

- Text, Knowledge, Reasoning, ...
 Sent2Vec (DSSM) http://aka.ms/sent2vec

« From component models to end-to-end solutions

B Microsoft Research Xiaodong He
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