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Learning distribution (structure)

Sub-space Analysis

PCA (Image Credit: Jesse Johnson)
ICA (Image Credit: Shylajaet al)

tSNE, MaatenŜǘ ŀƭΣ Wa[wΩлу

Subspace Clustering, Vidal et al.
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Learning representation (feature)

YoshuaBengio, Aaron Courville, and Pierre Vincent. "Representation learning: A review and new perspectives." IEEE Transactions onPattern Analysis and 
Machine Intelligence. 35.8 (2013): 1798-1828.

AutoencoderΣ Iƛƴǘƻƴ Ŝǘ ŀƭΣ {ŎƛŜƴŎŜΩлс 
(Image Credit: Jesse Johnson)

5.bΣ Iƛƴǘƻƴ Ŝǘ ŀƭΣ {ŎƛŜƴŎŜΩлс DBM, Salakhutdinovet al, !L{¢!¢{Ωлф

BengioŜǘ ŀƭΣ ¢t!aLΩмо

18



Learning representation (feature)

VAE, KingmaŜǘ ŀƭΣ ŀǊ·ƛǾΩмо
(Image Credit: Fast Forward Labs)

GAN, GoodfellowŜǘ ŀƭΣ bLt{Ωмп
5/D!bΣ wŀŘŦƻǊŘ Ŝǘ ŀƭΣ ŀǊ·ƛǾΩмр

(Image Credit: Mike Swarbrick Jones)
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Most Recent CV Works

Spatial context, DoerschŜǘ ŀƭΣ L//±Ωмр
¢ŜƳǇƻǊŀƭ ŎƻƴǘŜȄǘΣ ²ŀƴƎ Ŝǘ ŀƭΣ L//±Ωмр
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Most Recent CV Works

±ƛǎǳŀƭ ŎƻƴŎŜǇǘ ŎƭǳǎǘŜǊƛƴƎΣ IǳŀƴƎ Ŝǘ ŀƭΣ /±twΩмс

DǊŀǇƘ ŎƻƴǎǘǊŀƛƴǘΣ [ƛ Ŝǘ ŀƭΣ 9//±Ωмс

TAGnetΣ ²ŀƴƎ Ŝǘ ŀƭΣ {5aΩмс

Deep Embedding, XieŜǘ ŀƭΣ L/a[Ωмс
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Our Work

Joint Unsupervised Learning (JULE) 
of Deep Representations and Image Clusters
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Approach: Framework

Agglomerative Clustering

Convolutional Neural Network
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Approach: Recurrent Framework

In each period, we merge clusters for multiple times and update CNN parameters at the end of period

Partially Unrolling: divide all T time-steps into P periods

P is determined by a hyper-parameter will be introduced later 46



Approach: Objective Function

Overall loss:
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Approach: Objective

Backward Pass:

Convert to sample-based loss:

Consider all previous periods
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Recall cluster-based loss:
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Approach: Algorithm & Implementation

Raw image data

Assume it is known 

Randomly initialize CNN parameters
4 samples in each cluster in average

Train CNN for about 20 epochs

We can go back and retrain the model, but it 
improve slightly 
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Experiments

ÅDatasets

ÅNetwork Architecture
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Experiments: Datasets

MNIST (70000, 10, 28x28) USPS (11000, 10, 16x16) COIL20 (1440, 20, 128x128)COIL100 (7200, 100, 128x128)

UMist (575, 20, 112x92) FRGC (2462, 20, 32x32) CMU-PIE (2856, 68, 32x32) YoutubeFace (1000, 41, 55x55)
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Experiments: Settings
Two important parameters

Set the layer numbers so that the
Output feature map is about 10x10
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Experiments: Clustering : Performance

+6.43% on NMI to best performance of existing approaches averaged over all datasets
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Experiments: Clustering : Performance
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Experiments: Clustering : Performance

Average +25.7% on NMI
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Experiments: Clustering : Performance

Our clustering performance vs. that of existing clustering approaches using raw image data.

Clustering performance using our representation fed to existing clustering algorithms.



Experiments: Clustering : Visualization

COIL-20

COIL-100
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Experiments: Clustering : Visualization

USPS

MNIST-test
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Experiments: Clustering : Ablation study
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