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Agenda

Introduction
Shape and Texture Creativity
Conditioning on Shapes

Evaluation



Creative Adversarial Networks (CAN)

CREATION FROM RANDOM NUMBERS

High Renaissance

Abstract Art

New style




Principle of least effort: Wundt curve
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Motivations [{e]@islER(e](lel

FACEBOOK FASHION BRANDS

FAIR: Advance state of the art in machine Create unexpected products

intelligence Exploit data library of past collections to

Unlocking ways for Al to enhance propose new products consistent with

creativity could enable new ways for the brand DNA.

people to express themselves creatively Acquire new expertise
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Text Entry 1: , J( a -
The woman is . [ A p
wearing in beige with ‘ e A \“-,‘"-’:) — '-)-’ |
long sleeves. ) *’\\j X
Text Entry 2: f\
The lady was wearing / }f b -1
a multicolored long- .i ,| \*
sleeved coat. Vi
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Lok
Text Entry 3: VBN e
The Original The lady is wearing a / f’-"‘)k
Image  pink long-sleeved blouse. B ’{ﬁ..l(f-/ )

Text Entry 4:
The lady is wearing in
white with short sleeves.

DETERMINISTIC IMAGE TO
IMAGE MAPPING




Generative Adversarial networks (GAN)
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REAL INPUT
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Deep convolutional GANs
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Training with pictures of about 2000 Clothing items




Shape and texture creativity



Texture classification
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Shape classification
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REAL INPUT
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A holistic creativity Criterion

TO DEVIATE FROM EXISTING SHAPES AND TEXTURES
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Creativity:

CAN(H)
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Style GAN results
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CAN:

Human Evaluation Study
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OVERALL LIKABILITY (%)

GAN WITH CREATIVITY LOSS, (H) STANDS FOR THE USE OF A HOLISTIC LOSS.
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Creative Models are Most Popular
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"Interesting” Shapes









Shai, Elhoseiny, Bordes, LeCun, Couprie:

~DeSIGN: Design Inspiration from
Generative Networks '’

http://arxiv.org/abs/1804.00921




Future video prediction

With Pauline Luc, Michael Mathieu, Natalia Neverova,

Yann LeCun and Jakob Verbeek (INRIA)



Motivation



MOTIVATION

Building internal representations that model the image ev  olution

accurately, 1ts content and dynamics.

We postulate that the better the predictions of such system are,
the better the feature representation should be.

Representations learned through prediction of future sequences
have been shown to lead to improvements in weakly supervised
and even fully supervised tasks (e.g. [Srivastava et al. ICML'1 5])
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Agenda

Future image prediction

Future semantic segmentation
prediction

Future instance prediction

Joint future instance and semantic
segmentation prediction



1) Predicting next frames In videos

MICHAEL MATHIEU, CAMILLE COUPRIE, YANN LECUN, ICLR16

4 INPUT IMAGES OUR 2HERCTION S
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Our contributions

Result with a simple convolutional network trained
minimizing an |2 loss

IOUR RESULT USING
A MULTISCALE ARCHITECTURE

AN IMAGE GRADIENT DIFFERENT LOSS

IUSE ADVERSARIAL TRAINING
| GOODFELLOW ET ALO14]



MULTISCALE ARCHITECTURE
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ADVERSARAL TRAINING
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GRADIENT DIFFERENCE LOSS
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RESWTSON THE UCFIO1 DATASH

SV



RESWTSON THE UCFIO1 DATASH
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COMPARISONS WITH BASELINES
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Towards longer term predictions

Predictions In the RGB space

guickly become blury despites
previous attempts

ldea: predict in the space of

semantic segmentation
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Setting and dataset presentation

4 INPUT IMAGES OUR 2HERCTION S
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Approach bDpredicting deeper Into the future

Li+1

s s () Single time -step

Lt+1 Lt+2 L+

«. s = () (&) ) BATCH MODEL

Lt+1 L Lt+s

@ AUTOII\Q/I

SAME COLOR = SHARED WEIGHTS

EG
OD

RESSIVE
EL
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AUTOREGRESSIVE MODE IS
ONLY POSSIBLE FOR X2X,

S2S, XS2XS

AUTOREGRESSIVE MODEL IS
EITHER :

' USED FOR INFERENCE

WITHOUT ADDITIONAL
TRAINING (W.R.T. TO
SINGLE TIME STEP
MODEL) AR

I FINE - TUNED USING BPTT

AR FINE - TUNE



Showed experimentally that it Is a better setting:

RGB : Autoregressive < Baitch

Semantic

. . Autoregressive > Batch
segmentation




Mid term segmentation predictions (0.5 s)

LAST INPUT GROUND TRUTH
FLOW BASELINE

OUR AUTOREGRESSIVEFINE-TUNE RESULT
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Mid term segmentation predictions (0.5 s)

FLOW BASELINE

OUR AUTOREGRESSIVEFINE-TUNE RESULT



Long term prediction (10 s) & going further






Instance level segmentation: Mask RCNN

K. HE G. GKIOXARI P. DOLLAR R. GIRSHICKO17

Extends Faster RCNN [Ren et al.015]by

adding a branch for predicting an object
mask in parallel with the existing branch

for bounding box recognition
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Instance level segmentation: Mask RCNN

K. HE G. GKIOXARI P. DOLLAR R. GIRSHICKO17
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3) Predicting Future Instance Segmentations
by Forecasting Convolutional Features

P. LUC, C. COUPRIE, Y. LECUN, J. VERBEEK, ARXIV 2018

SHUVSHUVRO

LUC, NEVEROVA ET AL. ICCV17 NEW ECCV SUBMISSION: F2F PREDICTIONS



Results

OPTICAL FLOW BASELINE OUR F2F RESULTS

Instance segmentation accuracy
(AP50)

B copybaseline W Flowbaseline ®F2F

III 111.

Short term Mid term




Outputs

D2D
model

Convnet




Overview of our approach

1) Computation of distance map
based representations r(t), r(t -1), E

2) Training a convnet to predict
future representations r(t+1)

3) Object centroids extraction and
linear extrapolation

4) Computing Instance

segmentations using centroids as
seeds, and map of maxima of r(t+1) as
welghts

5) Computing the semantic

segmentation map as the
argmax of r(t+1)



Results



4) Joint semantic and Instance
segmentation









