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ULTIMATE  
GOAL 

Understand what are the 
principles that give rise to 
intelligence and develop 
models able to implement 
them 
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DEEP LEARNING 

Provides a set of 
learning tools 
which are 
narrowing the gap 
between humans 
and machines 
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WHERE IS DL USED? 
Vision 

•  Recognition 
•  Segmentation 
•  Parsing 
•  Detection 

Metric learning 
•  Learning invariance  
•  Hashing 

Speech 
NLP 

•  Next breakthrough: it’s happening! 
•  Neural Machine Translation 
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WHAT PEOPLE THINK 
IT IS? 
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WHAT REALLY  
IS… 

9 Perceptron: Rosenblatt 1957 – MLP since 80s’ Rumelhart, Hinton and Williams 



WELL, ALMOST… 

•  Quite few things have changed in the architectures 
•  Novel techniques allow for faster and better training 
•  But the underlying principles remain: learn highly non-

linear functions from the data 
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DL FOR VISION:  
THE REAL DEAL 
•  Brought these techniques to 

popularity and to widespread usage 
in start-up and large companies 

•  Google, Facebook, Yahoo!, MSR, 
Amazon, you name it! 

•  How to select the right 
representation?  

•  What are good criterion to craft a 
function to work with images? We all 
know local features work the best 
(i.e. SIFT, HOG, LBP, etc.) 

•  DL learns the features through a 
direct mapping from pixels to labels 
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CLASSICAL CV 
RECOGNITION SYSTEM 
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Yan & Huang (Winner of Pascal 2010 classification competition) 

Image 
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HAND CRAFTED 
FEATURES 
•  It is not easy to select the best feature for the given task, 

and also features complement each-others: 
•  Use them all: MKL 

•  MKL does give only little improvement though 

•  Better feature encoding algorithms (i.e. LLC)? 

•  Nice gain in performance 
•  Hit a plateau, no much to improve 

•  Where can we get a substantial gain?  
•  FEATURE EXTRACTION 

•  But how to design better features? 
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Wang, Yang, Yu, Lv, Huang, Gong [CVPR 2010] 



DL APPROACH 

Image 
Trainable 
Feature 

Extraction 

Trainable 
Feature 

Encoding 
Trainable 
Classifier 
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•  Multiple stages jointly trained for the same objective 
•  The objective is not directly linked with the model: 

•  Classification, regression, detection, reconstruction etc. 



THE HAMMER OF 
IMAGE RECOGNITION 

•  CNN: Hubel & Wiesel 1962, Fukushima 1979, LeCun et al. 
1989, Riesenhuber & Poggio 1999, Ciresan et al. 2011 

•  Alternate convolution and max-pooling layers until the 
fully-connected classifier 

•  Hierarchical feature extraction: low-, mid- and high level 
features 15

 



WHAT IT LEARNS 
•  Features at higher stages encode abstract 

representations combining lower layers 
encodings: 
•  Low features combined into mid- and 

finally into high level semantic parts 
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Right-image: Lee, Grosse, Ranganath, Ng. [ICML 2009] 



BACK-PROPAGATION 
•  Algorithm to compute the gradient of deep models, and any 

model actually 
•  It is just the application of the chain rule of derivatives 

•  The gradient of each layer’s parameters is easily computed: 
•  Define a function to compute the derivative of the output w.r.t. 

its input (back-propagation step) 
•  Define a function to compute the derivative of the weights 

w.r.t. the loss (the gradient). Easily written in terms of result of 
back-propagation. 
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X 
Layer1 

Y1 = X * W1 
Layer2 

Y2 = Y1 * W2 
L = ||Y2-T|| 

Linnainmaa 1970, Werbos 1974, LeCun 1985, Rumelhart 1986, Werbos 1989 
Comprehensive list of contributions for back-propagation: Juergen 2014 Survey on DL 



WHAT IS MAKING THE 
DIFFERENCE? 
•  CNNs are more than two decades old, so why are they 

now working so well? Any substantial change in the 
architecture? 
•  Big Data 
•  Dropout 
•  Competition-based activation functions: LWTA, Maxout 
•  GPUs 
•  The deeper the better 

•  Rule of thumb? Add as many parameters as possible for 
your hardware and train the hell out of it with proper 
regularization! [cit. Yann] 
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DATA 
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DATA  
AUGMENTATION 
•  When data is scarce we can 

synthetically generate 
training samples. SOA for 
handwriting digit recognition 

•  Invariance by construction 
•  Used by all modern deep 

learners 

Synthetic samples Seed 20
 



COMPUTATIONAL 
POWER: GPU! 
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MAX POOLING: MPCNN 
DAS HAMMER! 
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Slide: Juergen 



FIRST DEEP MPCNN 
ON GPU 
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Ciresan, Meier, Masci, Schmidhuber [IJCAI 2011] 

Same architecture used in almost all recognition competitions 



MPCNN WINS CHINESE 
RECOGNITION CONTEST 
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Slide: Juergen 



TRAFFIC SIGNS 
COMPETITION 
•  IJCNN 2011 on-site traffic sign 

recognition competition            
(Aug. 2nd 2011): 
•  1st (0.56% error)  
•  2nd humans (1.16%)  
•  3rd (1.69%)  
•  4th (3.86%)  

•  First super-human visual 
pattern recognizer 
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Ciresan, Meier, Masci, Schmidhuber [IJCNN 2011, NN 2012] 



DROPOUT 
•  Implicitly trains an ensemble of models 
•  Given h (input activations to the layer) and a dropping 

probability p there will be 2(n*(1-p)) possible sub-networks 
which can be randomly selected for training 

•  Train: 

•  Sample a binomial mask M and modify the usual forward 
pass of a layer with: fwddropout_train(x) = M ¤ fwd(x) 

•  Test: 

•  In theory we should sample an exponential number of 
models, |M|, and average their predictions. In practice this 
can be approximated by: fwddropout_test(x) = fwd(x * (1-p)) 
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Krizhevsky, Sutskever, Hinton [NIPS 2012] 
Hinton, Srivastava, Krizhevsky, Sutskever, Salakhutdinov [arXiv 2012] 



IMAGE-NET 
CLASSIFICATION: 2012 
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Slide: Rob Fergus 



WINNER TAKE ALL 
UNITS 
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Srivastava, Masci, Kazerounian, Gomez, Schmidhuber [NIPS2013] 



NEURONAL MEMBRANE 
SEGMENTATION 
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Masci, Giusti, Ciresan, Fricout, Schmidhuber [ICIP 2013] 
Ciresan, Giusti, Gambardella, Schmidhuber [NIPS 2012] 

First feedforward  
DL to win 
Image Segmentation 
Competition [ISBI 2012] 
 



Giusti, Caccia, Ciresan, Schmdhuber, Gambardella [ISBI 2014] 
Ciresan, Giusti, Gambardella, Schmidhuber [MICCAI 2013] 

MEDICAL IMAGE 
DETECTION 
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First feedforward  
DL to win a contest in 
Object Detection 
(in large images) [ICPR2012] 
 



MODEL: YET 
ANOTHER MPCNN 
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Input Target MPCNN 

STEEL  
DEFECTS 
In collaboration with 
ArcelorMittal Research 
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NN Detector
LBP Detector
HOG Detector

Masci, Giusti, Ciresan, Schmidhuber [ICIP 2013] 
Giusti, Ciresan, Masci, Gambardella, Schmidhuber [ICIP 2013] 



Each convolution is performed on the full 
image in the input fragment 

SEGMENTATION AND 
DETECTION: THE FAST WAY 
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Masci, Giusti, Ciresan, Schmidhuber [ICIP 2013] 
Giusti, Ciresan, Masci, Gambardella, Schmidhuber [ICIP 2013] 



SEGMENTATION AND 
DETECTION: 
THE FAST WAY 
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93 6.1 Results on single-channel images

Figure 6.1. A slice of the test set segmented using SEGNN trained on full
images. The image on the right shows the probability of each pixel to be
assigned to the background (white) or to the membrane (black). Please refer
to text for the network architecture details.

difference in segmentation performance is negligible: 6.8% vs 6.6% pixel error
rates, for N3, for SEGNN and the one of Ciresan et al. [2012a], respectively.
Errors are evaluated directly on the competition server.

Table 6.1. Comparison of training times for the Membrane dataset. The over-
head for generating the transformed samples is also included in the overall
computation. The relative speed-up of SEGNN is shown in parenthesis.

Patch (GPU) [Ciresan et al., 2012] Image (CPU, Matlab), SEGNN
patches/s patches/s

N3 260 4500 (17⇥ speed-up)
N4 130 3000 (23⇥ speed-up)

6.1.2 Single Defect Detection

We use a proprietary dataset from ArcelorMittal, consisting of 534 images, each
with resolution of 550⇥240 pixels. Images are acquired with a matrix camera di-

Masci, Giusti, Ciresan, Schmidhuber [ICIP 2013] 
Giusti, Ciresan, Masci, Gambardella, Schmidhuber [ICIP 2013] 



IMAGE-NET 2014  
CLASSIFICATION AND 
LOCALIZATION 
•  Almost all entries use a CNN as feature extractor 
•  As the net needs to be evaluated at different scales 

and at all position (of a given search window) 
variants of our approach are used 

•  What this year’s competition taught us? 
•  Deep nets work better and use less parameters 

[Google] 
•  Epitomes are a nice way to reduce the redundancy in 

large nets [Papandreou, Kokkinos] 
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MISERABLE  
FAILURES 

Christian Szegedy et al. [2014] 
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FUTURE DIRECTIONS 
•  Video is relatively under-explored: 

•  Lack of large annotated datasets 
•  Different tasks, it is not just classification or detection 
•  Recurrent nets are paramount in these applications 

•  Non-Euclidean 

•  How to work on non-Euclidean domains such as graphs or 
shapes? Spectral networks in other words.  

•  Multimodal: 
•  Combine several representations in a joint space 
•  Generate text from images: Few applications are coming 

out, stay tuned for next CVPR 
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NIPS  
PREVIEW 

SOME VERY RECENT STUFF 
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UNDERSTANDING  
LOCAL COMPETITION 

CIFAR10 LWTA UNTRAINED CIFAR10 LWTA TRAINED 
Srivastava R. K., Masci J., Gomez F., Schmidhuber J. [2014] 
Srivastava R. K., Masci J., Kazerounian S., Gomez F., Schmidhuber J, [2013] 39

 



RETRIEVAL WITH  
SUB-NETWORK IDENTIFIER 

Figure 6: Retrieval based on subnetworks on the ILSVRC-2012 dataset. The first image in
each row is the query image; the remaining 5 are the responses retrieved using submasks.

the gating mechanism induced by locally competitive activation functions accomplishes the
purpose of global competition e�ciently and no modifications to the error function are
required.
Due to above advantages, networks with such activation functions can usually be trained
faster and better compared to networks with sigmoidal or similar activation functions for
complex pattern recognition tasks. Attempts to increase gradient flow in ReL networks by
enabling small activation flow in the negative input region [1, 20] have not improved results.
These findings also provide indirect evidence that low interference between subnetworks is a
beneficial property for training large networks. The nature of organization of subnetworks
is reminiscent of the data manifold hypothesis for classification [21]. Just like data points
of di�erent classes are expected to concentrate along sub-manifolds, we expect that the
organization of subnetworks that respond to the data points reflects the data manifold
being modeled.
An important take-away from these results is the unifying theme between locally compet-
itive architectures, and its relation to past work on competitive learning. Insights from
past literature on this topic can be utilized to develop improved learning algorithms and
architectures for locally competitive learning. This paper, to the best of our knowledge, is
the first to show that simply training a deep network for classification results in binary de-
scriptors that are useful for retrieval. These descriptors are not just results of a thresholding
trick or unique to a particular activation function, but arise as a direct result of the way
the network learns and processes information. Our experiments on datasets of increasing
complexity show that when the network performance (softmax classification) improves, the
performance gap to submask-based retrieval closes. This suggests that in the near future, as
training techniques continue to advance and yield lower errors on larger datasets, submasks
will perform as well as activation values for retrieval and transfer learning tasks. Impor-
tantly, these binary representation will always be far more e�cient for storage and retrieval
than continuous activation vectors.
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EXPERIMENT  
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EXPERIMENT  
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EXPERIMENT  
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EXPERIMENT  
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EXPERIMENT  
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EXPERIMENT  
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HOW DO WE DO 
RECOGNITION? 
•  Response time is proportional to the number of 

objects in the visual scene 
•  We have to search in the image where to look before 

deciding what it is 
•  Sometimes to assess what it is we need more 

samples: 
•  Fine grain classification is an example 

•  We need feedback, top-down reasoning, to drive this  
“internal search light”! 
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DASNET 
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3 Reinforcement Learning

Reinforcement learning (RL) is a general framework that allows an agent to learns to make sequen-
tial decisions in an environment in order to maximize an external reward signal [22, 23]. The agent
can be anything that has the ability to act and perceive in a given environment.

At time t, the agent is in state st 2 S, and receives an observation ot 2 O of the state, and selects an
action, at 2 A, chosen by a policy ⇡ : O ! A where S,O and A the spaces of all possible states,
observations, and action, respectively.1 The agent then enters state st+1 and receives a reward
rt 2 R.

In dasNet, both the observation and action spaces are real valued O = RdimO, A = RdimA. There-
fore, policy ⇡✓ must be represented by a function approximator, e.g. a a neural network, parameter-
ized by ✓. The objective is to find the policy ⇡ that maximizes the future expected discounted reward
E[

P
t �

trt], where � has a value 0  �  1 that discounts the future, modelling the farsightedness
of the agent.

Because the policies used to control the attention of the dasNet have state and actions spaces of close
to a thousand dimensions, the policy parameter vector, ✓, will contain close to a million weights. To
search this huge space SNES is used. The NES family of black-box optimization algorithms use
parameterized probability distributions over the search space, instead of an explicit population (i.e.,
a conventional ES). Typically, the distribution is a multivariate Gaussian parameterized by mean
µ and covariance matrix ⌃. Each epoch a generation is sampled from the distribution, which is
then updated the direction of the natural gradient of the expected fitness of the distribution. SNES
differs from standard NES in that instead of maintaining the full covariance matrix of the search
distribution, uses only the diagonal entries. SNES is theoretically less powerful than standard NES,
but is substantially more efficient.

4 Deep Attention Selective Networks (dasNet)

The idea behind dasNet is to harness the power of sequential processing to improve classification
performance by allowing the network to iteratively focus the attention of its filters. First, the standard
Maxout net (see Section 2) is augmented to allow the filters to weighted differently on different
passes over the same image (compare to equation 1):

y`j = a`j

i=cX

i=0

�(xi ⇤ F `
i,j) (6)

where a`j is the weight of the j output map, changing the strength of its activation, before applying
the maxout pooling operator. The vector a = [a00, a

0
1, · · · , a0c0 , a10, · · · , a1c0 , · · · ] represents the action

that the a policy must learn to select appropriately in order to sequential focus the attention of the
Maxout net on the most discriminative features in the image being processed. Changing action a

will alter the behaviour of the CNN, resulting in different outputs, even when the image x does not
change.

Algorithm 1 describes the dasNet training algorithm. Given a Maxout net, M, that has already been
trained to classify images using training set, X, the policy, ⇡, is evolved to focus the attention of M
using NES. Each pass through the while loop represents one generation of NES. Each generation
starts by selecting a subset of images from X at random. Then each of the p samples drawn from
the NES search distribution (with mean µ and covariance ⌃) representing the parameters, ✓, of a
candidate policy, ⇡✓, undergoes n trials, one for each image in the batch. During a trial, the image
is presented to the Maxout net T times. In the first pass, t = 0, the action, a0, is set to ai = 1, 8i,
so that the network function as it would normally — the action has no effect. Once the image is
propagated through the net, an observation vector, o0 is constructed by concatenating the following
values extracted from M:

1. the average activation of every output map Avg(yj) (Equation 2), of each Maxout layer.

1In this work ⇡ : O ! A is a deterministic policy; given an observation it will always output the same
action. However, ⇡ could be extended to stochastic policies.
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Algorithm 1 Train dasNet (Trained Model M, Mean µ, Covariance ⌃, population size p)
1: while True do

2: images ( NextBatch(n)
3: for i = 0 ! p do

4: ✓i ⇠ N(µ,⌃)
5: for j = 0 ! n do

6: a0 ( 1 {Initialize gates a with identity activation}
7: for t = 0 ! T do

8: ot ( hM(xj ,at)
9: at+1 ( ⇡✓(ot)

10: end for

11: F [i] ( f(✓i)
12: ⇥[i] ( ✓i
13: end for

14: µ,⌃ ( UpdateSNES(µ, ⌃, F , ⇥)
15: end for

16: end while

2. the intermediate activations ȳj of the classification layer.
3. the final class probability vector (output of M(x, a)).

The observation, o, contains both high- and low-level activations. While averaging map activations
provides only partial state information, these values should still be meaningful enough to allow for
the selection of good actions. The observation is then input to the deterministic policy to yield the
action vector

⇡✓i(o) = dim(A)�(✓iot) = at, (7)

where ✓ 2 Rdim(A)⇥dim(O) is the weight matrix of the neural network, and � is the softmax function
from equation (5). Note that the softmax function is scaled, such that the output is a vector with
average activation of 1 (instead of regular softmax which sums up to 1). This gives an average
activation of 1 for the action elements ai, and ensures that they are positive, and keeps the filter
activations stable.

On the next pass, the same image is processed again, but this time using the filter weighting (action),
a1. This cycle is repeated until pass number T (see figure 1 for a illustration of the process), at
which time the performance of the network is scored by:

Li = ��boostd log(y) (8)
y = dasNet(MF , ✓, x) (9)

�boost =

⇢
�correct if d ⌘ argmaxn y

�misclassified otherwise;
(10)

where d is the correct classification, and �correct and �misclassified are constants. Li measures the
weighted loss, where misclassified samples are weighted higher than correctly classified samples
�misclassified > �correct. This simple form of boosting is used to focus on the ‘difficult’ misclassi-
fied images. Once all of the input images have been processed, the policy is assigned the fitness:

f(✓i) =

cumulative scorez }| {
nX

i

Li +

regularizationz }| {
�L2k✓ik2 (11)

where x and d are now a set of several images forming a minibatch, evaluated at the same time, and
�L2 is a constant. Regularization on ✓ reduces the search space and speeds up learning.

Once all of the candidate policies have been evaluated, SNES updates the parameters µ,⌃ according
the natural gradient calculated from the sampled fitness values, F .

4

Policy: 

Gated fwd: 



DASNET 
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Method CIFAR-10 CIFAR-100
Dropconnect [3] (12 CNNs) 9.32% -
Stochastic Pooling [46] 15.13% -
Multi-column CNN [2] 11.21% -
Maxout [4] 9.38% 38.57%
Maxout (our model) 9.61% 34.54%
dasNet 9.22% 33.78%

Table 1: Classification results on CIFAR-10 and CIFAR-100
datasets. The error on the test-set is shown for several meth-
ods. Note that the result for Dropconnect is the average of
12 models. Our method improves over the state-of-the-art
reference implementation to which feedback connections are
added.
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Figure 2: Two dasNets are trained on
CIFAR-100; and evaluated for several steps.
We see that the performance peeks at the
number of steps that the network is trained
on, after which the performance drops.

down expectation that biases recognition. Recurrent connections seem to rely heavily on competitive
inhibition and other feedback to make object recognition more robust [36, 37].

In the context of computer vision, RL has been shown to be able to learn saccades in visual scenes to
learn selective attention [38], learn feedback to lower levels [39, 40], and improve face recognition
[41–43]. It has been shown to be effective for object recognition [44], and has also been combined
with traditional computer vision primitives [45]. All these approaches show that recurrency in
processing and a RL perspective can lead to novel algorithms that improve performance. However
this research is often applied to simplified datasets for demonstrative purposes due to computation
constraints, and are not aimed at improving the state-of-the-art. In contrast, we apply this perspective
directly to the known state-of-the-art neural networks to show that this approach is now feasible and
actually increases performance.

6 Experiments

Our experimental evaluation targets ambiguous classification cases where, due to the high number
of common features, two classes are often interchanged. These are the most interesting cases for our
approach. By learning on top of an already trained model, dasNet can only aim at fixing predictions
without disrupting, or forgetting, what has been learned.

The number of steps for the RL was experimentally determined and fixed at 5; enough steps to allow
dasNet to change while being small enough to be practical. While it is be possible to iterate until
some condition is met, it can be difficult in practice where a CNN must be applied in predictable
times and with known resource usage. In all experiments we set �correct = 0.005, �misclassified = 1

and �L2 = 0.005.

6.1 CIFAR-10/100

The CIFAR-10 dataset [18] is composed of 32⇥ 32 color images split into 5⇥ 10

4 training and 10

4

testing samples, where each image is assigned to one of 10 classes. The CIFAR-100 is similarly
composed, but contains 100 classes.

We retrain the Maxout model with data augmentation which can be found in pylearn2 following
the suggested global contrast normalization and ZCA normalization protocol. The model consists
of three convolutional maxout layers followed by a fully connected maxout and softmax outputs.
Dropout of 0.5 is used in all layers except the input layer, and 0.2 for the input layer. The population
size for NES is set to 50.

Table 1 shows the performance of dasNet vs. other methods, where it achieves a relative improve-
ment of 6% with respect to the vanilla CNN. This establishes a new state-of-the-art result for this
challenging dataset.
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RNN 
•  Recurrent Nets are in principle Turing complete 

•  Program = Weights 
•  Hard to train because of the vanishing gradient problem 

•  Long Short Term Memory RNNs (LSTMs) do not suffer 
such problems and are now paramount for challenging 
applications 

•  But this model is indeed as old as CNNs: 

•  Again, thanks to few additional tricks, lots of data and 
computational power everybody is now using them 

•  Juergen was right! 
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BREAKTHROUGH 
•  From Juergen Schmidhuber’s G+ post: 

Recent (2014) benchmark records in speech recognition and machine translation 
achieved with the help of deep Long Short-Term Memory (LSTM) Recurrent Neural 
Networks (RNNs), often at major IT companies: 

•  Large vocabulary speech recognition (Sak et al., Google, Interspeech 2014) 
•  English to French translation (Sutskever et al., Google, NIPS 2014) 
•  Text-to-speech synthesis (Fan et al., Microsoft, Interspeech 2014) 
•  Prosody contour prediction (Fernandez et al., IBM, Interspeech 2014) 
•  Language identification (Gonzalez-Dominguez et al., Google, Interspeech 2014) 
•  Medium vocabulary speech recognition (Geiger et al., Interspeech 2014) 
•  Audio onset detection (Marchi et al., ICASSP 2014) 
•  Social signal classification (Brueckner & Schulter, ICASSP 2014) 
•  Arabic handwriting recognition (Bluche et al., DAS 2014) 
•  TIMIT phoneme recognition (Graves et al., ICASSP 2013) 
•  Optical character recognition (Breuel et al., ICDAR 2013) 

Deep Learning in Neural Networks: An Overview [http://www.idsia.ch/~juergen/deep-learning-overview.html] 
Original papers on LSTM and its various topologies and learning algorithms since 1995:  http://www.idsia.ch/~juergen/rnn.html 
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VNOME 
•  Very large-scale video identification 

and retrieval from a short sequence 
•  Motivation: 

•  Watching a movie in another 
language we would like to add 
subtitle in our language 

•  Independent video producers want 
to keep track of their videos  

•  Directors need short clip with a 
given semantic while editing a 
longer sequence; i.e. advertising 

•  Android application 
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CHALLENGE 
•  Index a large collection of videos N, each with approximately 

50K frames on average 
•  O(N * d * 50K) where d is the frame representation in bits 
•  Trillion frame scale 1012 

•  Representation for each frame? 
•  Pixels: 1280*1024*32 bits 
•  BoW: minimum representations take 1024*32 bits and can go 

up to more than 100K*32 bits 
•  …well you get it, we need something smarter 

•  Search complexity: 
•  Even logarithmic search is not fast enough 
•  With LUT search time is constant 

•  Invariance to frame transformations:  
•  Affine, color, etc. 
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SPARSE-HASH 
•  How do we store and handle such massive amount of 

information? 
•  Dimensionality reduction: Hashing (binary representation) 

•  If we assume some known similarities we can train a 
discriminative deep learner h to map “images to bits” 
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SPARSE-HASH MODEL  
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BACK TO VNOME 
•  Each frame is represented by 32 bit codes obtained with 

Sparse-Hash 
•  Data is indexed using Redis, a no-sql database and 

retrieval is done in a smart and classified way J 
•  Working with the camera is the big challenge…but we are 

about to solve it, hopefully before our demo at 
•  International BASP Frontiers in Villars-sur-Ollon 

•  Stay tuned for future developments! 
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CONCLUSION 
•  DL is not the answer to all problems but a powerful tool to 

be used to tackle real challenging AI problems 
•  Industrial applications (Google, Facebook, Samsung…) 

•  Eventually these modules tied together will allow an 
artificial agent to operate your kitchen devices and to 
learn from experience how to solve problems 

•  Data alone is not enough 

•  We need better models for general AI, make a smarter use 
of the data 

•  Understand the visual scene: a cup is not just a collection 
of edges. We need more context aware models that 
understand objects and their relations. 
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ICLR 2015 
•  Submission deadline: December 19, 2014  
•  Location: Hilton San Diego Resort & Spa, May 7-9, 2015 
•  http://www.iclr.cc 
•  Reference conference for deep learning and 

representation learning 

•  Still new so still manageable to get to know everyone 
and discuss possible collaborations! 

•  OpenReview publishing process 
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