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Joint Embeddings of Shapes and Images
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Deep learning is so cool for so many problems...



Deep learning, yay or nay?

A piece of cake, Y — f (X) What the hell is

the f7?

elementary math...

It eats, a lot!






A “FoodTech” for Deep Learning



Joint Embeddings of Shapes and Images
via CNN Image Purification
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Image based Shape Retrieval
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Shape based Image Retrieval




Cross-View Image Retrieval







Text based Shape Retrieval

? 3D Warehouse

office chair without wheels

SSSSSS

1 Result At +| resuitsperpage

8

©

v Text to Shape Query (TS)

" Text to Image Query (TI)
' Image to Shape Query (IS)

Sort by Relevance

Sign In

GO 816 office chairs without wheels

GO gle office chairs without wheels @ “




Text based Shape Retrieval

? 3D Warehouse

chairs with round back

& 3D Warehouse

-

45 Results  [au

TABLE MAR rm'\i..,[,

Go

816 chairs with round back

¥

GO 816 chairs with round back

Web

Shopping

Images

Videos

News

More ~

Search tools
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Embedding Space

Shape/Collection

@1 % . Q Shape Embedding

Similarity(gi,gj) = ||5Di — :P]”

Many choices for P;:
Shape Histograms, Spin Images, Spherical
Harmonics, Shape Distributions, etc.



LFD-HoG
Very Strong!

Light Field Rendering
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lHoG HoG lHoG lHoG lHoG
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Concatenate

\4
I



PCA

203,760



2000 4000 6000 8000 10000 12000 14000 16000 18000

Distance Matrix: d(S;,S;) in the (i,j) — th element
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Distance Matrix: d(S;,S;) in the (i, j) — th element 128

Each row can serve as the embeddingpoint
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Embedding Space

Shape/Collection

@1 % . Q Shape Embedding

Similarity(gi,gj) = ||5Di — :P]”

Our choice of embedding point P;:

1. Extract Light Field HoG Descriptors
2. Compute Distance Matrix

3. MDS with Sammon’s Error
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Deep learning, yay or nay?

AP " — — What the hell i
bt P =Pl < I1Py = Pl Cherr
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v' A model is worth a thousand images!
v Rendering: Image = f(Properties)
v Computer Vision: Properties = f~1(Image)

It eats, a lot!
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Synthesized Tralmng Data
N

° » Shape Embedding ~ Image Synthesis

Many image-point pairs (Is,, P;)



THIS NOTE IS LEGAL TENDER
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It’s not only the number...
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Input:

Task:

> Training Phase

Synthesized Tralmng Data

O
O
/f’? .
ﬁConvolutional Neural Network

» Testing Phase

many image-point pairs (Is,, P;)
learn the function P; = f (/)



Hey, wake up!
Here comes the most important slide!



o » Shape Embedding =2 Precious High Quality Supervision

Embedding Space

. Shape/Collection

% % ! ] KC;volutional Neural Network

/J } Synth051zcd Trammg Data
- o A9t o

~ Image Synthesis - Messy but Nutritional Training Data

> Training Phase
2P, = f(s,), the hell function

» Testing Phase



Quantitative Evaluation

AlexNet fc7  AlexNet fc7 Siamese Siamese

HoG ~ BoW  LLC  FisherVector (ImageNet) (fine tune) (64 neighbors) (0 neighbor) Ours
Chair-clutter | 0.698 0.681 0.690 0.665 0.706 0.724 0.691 0.701 0.765
Chair-clean | 0.710 0.678 0.717 0.675 0.744 0.757 0.724 0.723 0.801
Car 0.278 0.280 0.283 0.270 0.287 0.293 0.285 0.259 0.312
AUC of image to image retrieval precision-recall curve
Median rank of | HoG AlexNet fc7 AlexNet fc7 Siamese Siamese
(ImageNet) (fine tune) (64 nbors) (0 nbor)
first matched 1 7 5 3 3 1
last matched 32 84 71 94 49 5

First and last image match rankings in shape to image retrieval



Quantitative Evaluation
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Image to shape retrieval




Key Steps towards 3D Reconstruction

Similar Shape Retrieval
+

Viewpoint estimation
Render for CNN: Viewpoint Estimation in Images Using CNNs
Trained with Rendered 3D Model Views, ICCV 2015 Oral
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Stay Cool with




Take Home Messages

*Train with synthetic, and act on real

* Asymmetry between synthesis and learning
* Analogy to encoding/decoding in cryptology
*Promising directions
* Occlusion patterns
* Contextual information (depth images)



Thank you!
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FC Layer Softmax Loss;Layer Euclidean Loss Layfr

CONV Layer D\\\A\\B m Dimensions ‘ﬂ\A\\B
Class | Embedding
Label Point




