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1. AI Technology Trends 



Artificial Intelligence AI) 

4 

l  Machines (SW, robots) that think and act like humans 
l  Make machines do things at which humans are better 
l  Solve tasks that, if done by humans, require intelligence 

l  1950: Turing’s paper, 1956: “Artificial Intelligence (AI)” 



A Brief History of Artificial Intelligence 

ⓒ 2005-2014 SNU Biointelligence Laboratory, http://bi.snu.ac.kr/ 5 

Ø  1970-1980’s: AI Boom 
   Expert Systems 

        1982-1992: 
   Fifth-Generation Computer Systems 

Ø  1990’s: AI Winter 
        Neural, Genetic, Fuzzy Systems 

        Late 1990’s: 
Internet, Web, Data Mining  
Information Retrieval 
Yahoo, Google 

Ø  2000’s: Resurgence 
•  Intelligent Agents  
•  Machine Learning 

IBM “Deep Blue” Chess Machine  
Beats Human Champion (1997) 



Success Stories of AI 

6ⓒ 2005-2015 SNU Biointelligence Laboratory, http://bi.snu.ac.kr/ 



AlphaGo (Google DeepMind) 

7ⓒ 2005-2015 SNU Biointelligence Laboratory, http://bi.snu.ac.kr/ 



Core AI Technology: Machine Learning 
l  Machines that learn from experience (data) like humans 
l  Self-improving systems from accumulated data 
l  Automated generation of models (programs, pattern/rules, knowled

ge) from data 
l  Automatic programming, pattern recognition, knowledge discovery/

acquisition 

8 



Multilayer Perceptron (MLP) 



Principles of Learning in Artificial Neural Networks 
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Why Deep Learning? 

l  Multiple boundaries are ne
eded (e.g. XOR problem) 
à Multiple Units 

l  More complex regions are 
needed (e.g. Polygons) à 
Multiple Layers 



Deep Learning 

[LeCun, 1998] 



Deep Learning – Face Recognition 

l  Convolutional neural networks bas
ed face recognition system is domi
nant 

l  99.15% face verification accuracy 
on LFW dataset in DeepID2 (2014) 
§  Beyond human-level recognition 

Taigman et al. DeepFace: Closing the Gap to Human-Level Performance in Face Verification, CVPR’14 
13 



Deep Learning – Object Recognition 
•  Deep Convolutional Neural Network (CNN) 

•  이미지에서 특징(feature)을 자동으로 추출함 
•  높은 층으로 갈수록 더 복잡하고 종합적인 인식 

•  ImageNet 
•  CNN으로 이미지에서 다양한 종류의 물체를 인식함 
•  약 6천만 개의 매개변수(parameter), 65만 여 개의 인공 신경
세포를 이용해 1천 종류 이미지 약 120만장을 분류 

•  Human-Level Object Recognition 

14 



Deep Learning – Speech Recognition 

l  ~2010 GMM-HMM (Dynamic Bayesian Models) 
l  ~2013 DNN-HMM (Deep Neural Networks) 
l  ~Current LSTM-RNN (Recurrent Neural Networks) 

15 



Deep Learning – Video Analysis 
l  Use 3D CNNs to model the temporal patterns as well as t

he spatial patterns 3D Convolutional Neural Networks for Human Action Recognition

(a) 2D convolution 
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(b) 3D convolution 

Figure 1. Comparison of 2D (a) and 3D (b) convolutions.
In (b) the size of the convolution kernel in the temporal
dimension is 3, and the sets of connections are color-coded
so that the shared weights are in the same color. In 3D
convolution, the same 3D kernel is applied to overlapping
3D cubes in the input video to extract motion features.

previous layer, thereby capturing motion information.
Formally, the value at position (x, y, z) on the jth fea-
ture map in the ith layer is given by
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where Ri is the size of the 3D kernel along the tem-
poral dimension, wpqr

ijm is the (p, q, r)th value of the
kernel connected to the mth feature map in the previ-
ous layer. A comparison of 2D and 3D convolutions is
given in Figure 1.

Note that a 3D convolutional kernel can only extract
one type of features from the frame cube, since the
kernel weights are replicated across the entire cube. A
general design principle of CNNs is that the number
of feature maps should be increased in late layers by
generating multiple types of features from the same
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Figure 2. Extraction of multiple features from contiguous
frames. Multiple 3D convolutions can be applied to con-
tiguous frames to extract multiple features. As in Figure 1,
the sets of connections are color-coded so that the shared
weights are in the same color. Note that all the 6 sets of
connections do not share weights, resulting in two different
feature maps on the right.

set of lower-level feature maps. Similar to the case
of 2D convolution, this can be achieved by applying
multiple 3D convolutions with distinct kernels to the
same location in the previous layer (Figure 2).

2.2. A 3D CNN Architecture

Based on the 3D convolution described above, a variety
of CNN architectures can be devised. In the following,
we describe a 3D CNN architecture that we have devel-
oped for human action recognition on the TRECVID
data set. In this architecture shown in Figure 3, we
consider 7 frames of size 60×40 centered on the current
frame as inputs to the 3D CNN model. We first apply a
set of hardwired kernels to generate multiple channels
of information from the input frames. This results in
33 feature maps in the second layer in 5 different chan-
nels known as gray, gradient-x, gradient-y, optflow-x,
and optflow-y. The gray channel contains the gray
pixel values of the 7 input frames. The feature maps
in the gradient-x and gradient-y channels are obtained
by computing gradients along the horizontal and ver-
tical directions, respectively, on each of the 7 input
frames, and the optflow-x and optflow-y channels con-
tain the optical flow fields, along the horizontal and
vertical directions, respectively, computed from adja-
cent input frames. This hardwired layer is used to en-
code our prior knowledge on features, and this scheme
usually leads to better performance as compared to
random initialization.

3D Convolutional Neural Networks for Human Action Recognition

H1: 
33@60x40 C2: 

23*2@54x34 

7x7x3 3D 
convolution 

2x2 
subsampling 

S3: 
23*2@27x17 

7x6x3 3D 
convolution 

C4: 
13*6@21x12 

3x3 
subsampling 

S5: 
13*6@7x4 

7x4 
convolution 

C6: 
128@1x1 

full 
connnection 

hardwired 

input: 
7@60x40 

Figure 3. A 3D CNN architecture for human action recognition. This architecture consists of 1 hardwired layer, 3 convo-
lution layers, 2 subsampling layers, and 1 full connection layer. Detailed descriptions are given in the text.

We then apply 3D convolutions with a kernel size of
7 × 7 × 3 (7 × 7 in the spatial dimension and 3 in the
temporal dimension) on each of the 5 channels sepa-
rately. To increase the number of feature maps, two
sets of different convolutions are applied at each loca-
tion, resulting in 2 sets of feature maps in the C2 layer
each consisting of 23 feature maps. This layer con-
tains 1,480 trainable parameters. In the subsequent
subsampling layer S3, we apply 2 × 2 subsampling on
each of the feature maps in the C2 layer, which leads
to the same number of feature maps with reduced spa-
tial resolution. The number of trainable parameters in
this layer is 92. The next convolution layer C4 is ob-
tained by applying 3D convolution with a kernel size
of 7 × 6 × 3 on each of the 5 channels in the two sets
of feature maps separately. To increase the number
of feature maps, we apply 3 convolutions with differ-
ent kernels at each location, leading to 6 distinct sets
of feature maps in the C4 layer each containing 13
feature maps. This layer contains 3,810 trainable pa-
rameters. The next layer S5 is obtained by applying
3×3 subsampling on each feature maps in the C4 layer,
which leads to the same number of feature maps with
reduced spatial resolution. The number of trainable
parameters in this layer is 156. At this stage, the size
of the temporal dimension is already relatively small
(3 for gray, gradient-x, gradient-y and 2 for optflow-x
and optflow-y), so we perform convolution only in the
spatial dimension at this layer. The size of the con-
volution kernel used is 7 × 4 so that the sizes of the
output feature maps are reduced to 1×1. The C6 layer
consists of 128 feature maps of size 1 × 1, and each of
them is connected to all the 78 feature maps in the S5
layer, leading to 289,536 trainable parameters.

By the multiple layers of convolution and subsampling,

the 7 input frames have been converted into a 128D
feature vector capturing the motion information in the
input frames. The output layer consists of the same
number of units as the number of actions, and each
unit is fully connected to each of the 128 units in
the C6 layer. In this design we essentially apply a
linear classifier on the 128D feature vector for action
classification. For an action recognition problem with
3 classes, the number of trainable parameters at the
output layer is 384. The total number of trainable
parameters in this 3D CNN model is 295,458, and all
of them are initialized randomly and trained by on-
line error back-propagation algorithm as described in
(LeCun et al., 1998). We have designed and evalu-
ated other 3D CNN architectures that combine mul-
tiple channels of information at different stages, and
our results show that this architecture gives the best
performance.

3. Related Work

CNNs belong to the class of biologically inspired mod-
els for visual recognition, and some other variants have
also been developed within this family. Motivated
by the organization of visual cortex, a similar model,
called HMAX (Serre et al., 2005), has been developed
for visual object recognition. In the HMAX model,
a hierarchy of increasingly complex features are con-
structed by the alternating applications of template
matching and max pooling. In particular, at the S1
layer a still input image is first analyzed by an array of
Gabor filters at multiple orientations and scales. The
C1 layer is then obtained by pooling local neighbor-
hoods on the S1 maps, leading to increased invariance
to distortions on the input. The S2 maps are obtained

Figure 2: Multiresolution CNN architecture. Input frames
are fed into two separate streams of processing: a con-
text stream that models low-resolution image and a fovea
stream that processes high-resolution center crop. Both
streams consist of alternating convolution (red), normaliza-
tion (green) and pooling (blue) layers. Both streams con-
verge to two fully connected layers (yellow).

89 ⇥ 89 clips of video. Since the input is only of half the
spatial size as the full-frame models, we take out the last
pooling layer to ensure that both streams still terminate in a
layer of size 7⇥7⇥256. The activations from both streams
are concatenated and fed into the first fully connected layer
with dense connections.

3.3. Learning
Optimization. We use Downpour Stochastic Gradient

Descent [6] to optimize our models across a computing
cluster. The number of replicas for each model varies be-
tween 10 and 50 and every model is further split across 4
to 32 partitions. We use mini-batches of 32 examples, mo-
mentum of 0.9 and weight decay of 0.0005. All models are
initialized with learning rates of 1e�3 and this value is fur-
ther reduced by hand whenever the validation error stops
improving.

Data augmentation and preprocessing. Following
[11], we take advantage of data augmentation to reduce the
effects of overfitting. Before presenting an example to a net-
work, we preprocess all images by first cropping to center
region, resizing them to 200 ⇥ 200 pixels, randomly sam-
pling a 170⇥ 170 region, and finally randomly flipping the
images horizontally with 50% probability. These prepro-
cessing steps are applied consistently to all frames that are
part of the same clip. As a last step of preprocessing we sub-
tract a constant value of 117 from raw pixel values, which
is the approximate value of the mean of all pixels in our
images.

4. Results
We first present results on our Sports-1M dataset and

qualitatively analyze the learned features and network pre-

dictions. We then describe our transfer learning experi-
ments on UCF-101.

4.1. Experiments on Sports-1M
Dataset. The Sports-1M dataset consists of 1 million

YouTube videos annotated with 487 classes. The classes
are arranged in a manually-curated taxonomy that contains
internal nodes such as Aquatic Sports, Team Sports, Winter
Sports, Ball Sports, Combat Sports, Sports with Animals,
and generally becomes fine-grained by the leaf level. For
example, our dataset contains 6 different types of bowling,
7 different types of American football and 23 types of bil-
liards.

There are 1000-3000 videos per class and approximately
5% of the videos are annotated with more than one class.
The annotations are produced automatically by analyzing
the text metadata surrounding the videos. Thus, our data is
weakly annotated on two levels: first, the label of a video
may be wrong if the tag prediction algorithm fails or if the
provided description does not match the video content, and
second, even when a video is correctly annotated it may still
exhibit significant variation on the frame level. For exam-
ple, a video tagged as soccer may contain several shots of
the scoreboard, interviews, news anchors, the crowd, etc.

We split the dataset by assigning 70% of the videos to
the training set, 10% to a validation set and 20% to a test
set. As YouTube may contain duplicate videos, it is pos-
sible that the same video could appear in both the training
and test set. To get an idea about the extent of this prob-
lem we processed all videos with a near-duplicate finding
algorithm on the frame level and determined that only 1755
videos (out of 1 million) contain a significant fraction of
near-duplicate frames. Furthermore, since we only use a
random collection of up to 100 half-second clips from ev-
ery video and our videos are 5 minutes and 36 seconds in
length on average, it is unlikely that the same frames occur
across data splits.

Training. We trained our models over a period of one
month, with models processing approximately 5 clips per
second for full-frame networks and up to 20 clips per sec-
ond for multiresolution networks on a single model replica.
The rate of 5 clips per second is roughly 20 times slower
than what one could expect from a high-end GPU, but we
expect to reach comparable speeds overall given that we use
10-50 model replicas. We further estimate the size of our
dataset of sampled frames to be on the order of 50 million
examples and that our networks have each seen approxi-
mately 500 million examples throughout the training period
in total.

Video-level predictions. To produce predictions for an
entire video we randomly sample 20 clips and present each
clip individually to the network. Every clip is propagated
through the network 4 times (with different crops and flips)

A. Karpathy, L. Fei-Fei, et al., CVPR 2014 

S. Ji, K. Yu, et al., PAMI, 2013  
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Deep Learning – Learning Cartoon Videos 
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[Ha et al., AAAI-2015] 



Deep Learning – Movie Recommendation 

18 Xavier Amatriain – July 2014 – Recommender Systems 



2. AI Industry Trends 



l  2005: DARPA Grand Challenge (Thrun) 
l  2006: Deep Neural Networks (Hinton, Science) 
l  2008: Neural Networks and Learning Machines (Haykin) 
l  2009: Apple Siri personal assistant 
l  2009: Google self-driving car 
l  2011: IBM Watson AI supercomputer 
l  2012: Google acquires DNNresearch (Hinton) 
l  2012: Deep learning breakthroughs (Google, MS) 
l  2013: Human Brain Project HBP (EU) 
l  2013: Quantum AI Lab for machine learning (Google, NASA) 
l  2013: Amazon Prime Air (Drones) 
l  2013: Google acquires Boston Dynamics (Robotics) 
l  2013: Facebook AI Lab in New York (LeCun) 
l  2013: Allen Institute for Artificial Intelligence (AI2) 
l  2014: Google acquires DeepMind for $400M 
l  2014: Baidu Institute of Deep Learning in Silicon Valley (Ng) 
l  2014: Jibo robot raises $25M by crowdfunding (MIT Breazeal) 
l  2015: IARPA Machine Intelligence from Cortical Networks 
l  2015: Musk donates $10M for safe AI research (Tesla) 
l  2015: SoftBank sells Pepper robots 
l  2015: OpenAI - $1B Company (Musk et al.) 
l  2016: AlphaGo (Google DeepMind) 

Industry Trends in AI 



21

NIPS Growth (2015) 



Autonomous Cars	

22 

Grand Challenge 
2005

Urban Challenge 
2007

Self-driving Cars 
2011-



Google DeepMind’s Atari Game 
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Facebook M (2015)	

24 



Microsoft Oxford Project AI APIs (2015) 

25



IBM Watson 

26



Watson + Underarmer	

27 



DeepMind Health	

28 



OpenAI: 1 Billion Dollar Startup (2015) 

29



Baidu Institute of Deep Learning  
(Mountain View, CA) 
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Toyota Invests $1B in AI (2015) 

31



Sharp RoboHon	

32 



GM, Lyft: Self-driving Taxis (2016) 
Google, Chrisler: Autonomous Minivans 
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Apple Siri, Google Now, Microsoft Cortana	

34 



Tay (Microsoft & Twitter)	

35 



Xiaoice: Weather Reporter Robot	

36 



Robo Advisors 

37



Robo Journalists 
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Kulitta (Yale): Music Composion	

39 

https://www.youtube.com/watch?v=VXo-4wOb_vo 



Google DeepDream	

40 



Life-Like Robots (Hanson Robotics)	

41 



Amazon Echo 

42ⓒ 2005-2015 SNU Biointelligence Laboratory, http://bi.snu.ac.kr/ 



MIT Jibo Robot 

43



Pororobot (SNU) 

비디오 학습

교육용 비디오

아이 교육용 로봇

비디오 개념 학습

학습 패턴 관찰에 따른 사용자 모델링

피드백

1) Pororo likes cookie 
2) Eddy goes 
3) Petty plays 

The ship is  
being pulled 

Question Answer

[Ha et al., AAAI-2015] 



SoftBank Pepper Robot 

45ⓒ 2005-2015 SNU Biointelligence Laboratory, http://bi.snu.ac.kr/ 



Atlas (Boston Dynamics)	

46 

Boston Dynamics, 2016.2



Smart Machines 

47 Mindedness 

Embodiedness 

Smart 
Machines 



3. AI Robotics Trends 



Autonomous Robots	

49 

1997: Museum Tour Guide (Bonn)

2011: Kitchen Robots (TU Munich)



Healthcare Robots	

50 



Eldercare Robots	

51 



Walking Robots	

52 

Big Dog

Spot

WildCat

Atlas



Flying Robots	

53 

2008: Autonomous Helicopters 2010: Autonomous Quadroter

2012: Autonomous Robotic Plane 2015: Autonomous Drone 



Self-driving Cars	

54 

Audi S8 at CES 2014

Mercedes F015 Self-driving Car

Mercedes Future Truck 2025

BMW Vision Next 100



Autonomous Driving AI 

55

2015 Bosch Automated Driving

2016 Ericsson + Volvo2016 NVIDIA Deep Learning

2012 Mobileye



Personal Mobility	

56 

2009: Toyota i-Real Personal Mobility 2016: Intel’s Segway Personal Robot

2015: Personal JetPack 2016: EHANG Autonomous Manned Drone



4. AI and 4th Industrial Revolution 
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Intelligence Explosion (Good, 1965) 



Singularity 
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AlphaGo and Superintelligenc 
l  Conventional AI 

§  단순한 컴퓨팅 파워와 기억용량에 의존한 최적화에 기반 
l  AlphaGo 

§  딥러닝을 통해 게임의 전략까지도 학습 
§  자가학습을 통한 스스로 끊임없이 성능을 향상하는 능력 
§  인간의 단점을 극복하고 장점을 살리는 수퍼지능의 가능성을 보여주는 사례 

60 



Pepper + Watson + Google Car 

61



4 Great Convergences 

62 [David	  Wood,	  SNU	  talk] 
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AI Clouds 



IoT and AI: Smart Things 



Rise of Machine Intelligence

© 2009, SNU Biointelligence Lab, http://bi.snu.ac.kr/
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Benefits and Risks 

l Safe AI Technologies 
l Unemployment 
l Inequality 
l Threats to Human Race 



AI – Engines of the 4th Industrial Revolution 
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ICT, AI, Smart Machines & 
Intelligence Information Technology 

Smart Robots 

Smart Advisors 

Virtual Personal Assistants 

Autonomous Vehicles 

Big Data 

Wearable Devices 

Cloud Computing 

Internet of Things 

Cognitive Computing 
Intelligent Agents 

Deep Learning 
Bayesian Inference 

AI 

Intelligence IT 

Smart Machines ICT 



5. Future of AI 



Humans (NI) and Machines (AI) 
l  Introspectionism                                                - 1920 

                        Environment 
l  Behaviorism     ßà   Cybernetics                   1920 - 1950 

                        Mind (= Computer) 
l  Cognitivism      ßà   Symbolic AI                   1950 - 1980 

                        Brain 
l  Connectionism  ßà   Neural Nets (ML)          1980 – 2010 

                        Body 
l  Action Science  ßà   Autonomous Robots              2010 –  

71

Embodied Mind  |  Mind Machine ( = Smart Machine) 



Smart	  Machines: 제4차 산업혁명의 엔진	  

72 Mindedness 

Embodiedness 

Smart 
Machines 



Assistants 

73

Jarvis (Iron Man 3) 



Lovers 
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Caregivers 

75

Robot & Frank (2012) 



Masters 

76

HAL (2001: A Space Odyssey) 



Companions 
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Andrew (Bicentennial Man) 



Beyond the Turing Test 

78

Ava (Ex Machina, 2015) 



Smart Machines and Machine Intelligence	
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Smart Machines 

[Super Smart TV] [Cloud & Big Data] 

[Smart Watch] [Smart Glass / VR] 

[Autonomous  
Cars] 

[Smart Home/Factory 
and IoT] 

Machine Intelligence 

-  Real-World 
-  Real-Life 
-  Real-Time 

-  Multi-Sensor Streams 
-  Real-Life Context 
-  Open-Endedness 

-  Non i.i.d. Big Data 
-  Non-Stationary 
-  Uncertainty 
 
-  Rapid, Flexible, Robust 
-  Brain-Like Cognitive AI 



Future: Cognitive AI 
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Narrow AI 

AI with Deep Learning 

Cognitive AI 

Superhuman AI 

Agency 

1990 2010 2020 

Follows given  
goals and methods 

Works out own methods, 
follows given goals 

Works out  
own goals 

2030 1980 

Human-Level AI 

Modified from Eliezer Yudkowsky & David Wood 

2050 

Free Will Technology 

Time 


