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Motivation
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User images

Deep understanding of user characteristics by analyzing user images and videos in a 
mobile device

Profile of interests

…

…
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Outline

1. Event recognition in still images
2. Event recognition in a gallery of images
3. Sequential analysis of high-dimensional 

features
4. PNN with complex exponential 

activation functions 
5. Organizing photo and video albums on 

mobile device 
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фото

Event recognition in still images
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Event recognition
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“An event captures the complex behavior of a group of people, interacting with multiple 
objects, and taking place in a specific environment. Images from the same event category 
may vary even more in visual appearance and structure” (Wang et al, IJCV 2018)

WIDER (Web Image 
Dataset for Event 
Recognition)

PEC (Photo Event 
Collection)

Children’s birthday

Easter

Christmas

Halloween

Hiking

Road Trip

Skiing
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Event recognition in single images
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Conventional approach
Fine-tune convolutional neural network (CNN) pre-trained on ImageNet, Places, etc.

Image recognition: it is required to assign an observed image X to one of C classes. 
Training set contains N reference images (examples) {Xn}, nÎ{1,… N}, with known 
class label cnÎ{1,… C}

1

2 Classify embeddings (features) from one of the last CNN’s layers: D-
dimensional feature vector x=[x1,…, xD]

Training set is associated with embeddings {xn}, xn=[xn,1,…, xn;D].
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Image captioning
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Generate textual descriptions of images
Google’s Conceptual Captions

- Show and Tell
- Show, Attend and Tell
- Neural Baby Talk 
- Multimodal RNN
- Auto-Reconstructor Network (ARNet) 
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Proposed pipeline for event recogniAon in single images
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Savchenko, A.V. 
https://arxiv.org/abs/1911.11010, 
2019

https://arxiv.org/abs/1911.11010
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Qualitative results
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Experimental results

10

WIDER

ML-CUFED 
(Multi-Label Curation of Flickr 

Events Dataset)
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фото

Event recognition in a gallery of images
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Event recogniAon in a set of images
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Image-set recognition: it is required to an album of images Xt, tÎ{1,… T} to one of C
event classes. Training set of N albums is given: n-th reference album with known 
class label cnÎ{1,… C} is defined by a set of images {Xn(1),…Xn(Ln)}

Wang, Y. et al. Recognizing and Curating Photo Albums via Event-Specific Image Importance, BMVC17
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Event recognition in a gallery of images

13

Attention mechanism

Savchenko, A.V. 
https://arxiv.org/abs/1911.11010, 2019

1

2

Combine sequential photos 
using distance betweenL2-
normed classifier’s scores 
for CNN embeddings

3

Learn distance threshold by 
random permutation of 
albums from the training set

In practice: it is required to assign each photo Xt, tÎ{1,… T} from a gallery to one of 
C event classes. Training set is the same as above

https://arxiv.org/abs/1911.11010
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Experimental results (1). ConvenAonal tasks
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Accuracy (%) of event recognition in a set of 
images (album) 

Accuracy (%) of event recognition in 
a single image 
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Experimental results (2). Event recognition is a gallery
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Accuracy (%) for ML-CUFED

Accuracy (%) for PEC
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фото

Sequential analysis of high-dimensional 
features
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Three-way decisions to choose robust representation of the input image
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• Savchenko A.V. Information Sciences, 2019
• Savchenko A.V. Knowledge-Based Systems, 2016
• Patent RU 2706960 (22.11.2019) / Author: Savchenko A.V. Assignee: Samsung
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Sequential three-way decisions and granular computing: PCA for CNN
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[Yao Y., Information Sciences, 2010]: “A positive rule makes a decision of 
acceptance, a negative rule makes a decision of rejection, and a boundary
rule makes a decision of abstaining”

Key question: how to make a decision if the boundary region was chosen?
Yao Y. Proc. of RSKT, LNCS, 2013: "Objects with a non-commitment 
decision may be further investigated by using fine-grained granules"

PCA (principal component analysis), scores are ordered by corresponding 
eigenvalues

Proposed: representation of frame at the l-th granularity level includes 
first d(l)=lm principal components. This representation is computationally 
cheap for additive distances
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Distance ratio
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Preprocessing

Compute distance 
ratio to the 1NN 

distance

Accept 1NN 
decision?

Feature 
extraction 

(CNN, PCA)

Final Maximum a-posterior (MAP) decision

Input 
video

Refine granularity 
(choose next 
components)

Compute distances 
between next m

PCA components
Gallery set

Strong theoretical 
foundations for the Jensen-
Snannon and Kullback-
Leibler divergences

C(1)(t)={1,…,C} 
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Here is exactly how our method works in practice
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Better recognition 
performance (no need 
to process all features)

Higher recognition 
accuracy

Probe photo Closest gallery photos

Recognition results, distance factor threshold 0.7
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Experimental results (Caltech-256 dataset)
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фото

Probabilistic Neural Network (PNN) with 
complex exponential activation functions 
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Orthogonal density expansions to speed up classification
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Statistical approach: empirical Bayesian classifier with naïve assumption 
about independent features

We propose to estimate the individual likelihood as the average of the first J
partial sums. Here the right-hand side is the non-negative Fejér kernel

1

2 We replace canonical form of density estimate to the equivalent form, 
which does not implement the brute force

• Savchenko, A.V. IEEE Transactions on Neural Networks and Learning Systems, 2019
• Savchenko A.V., IEEE ICPR 2018
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PNN based on trigonometric series
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• Converges to Bayesian solution
• Very high training speed
• Runtime complexity and memory 

space complexity: O(DR1/3C1/3). 

Online classification is approximately 
R2/3–times faster than instance-based 
learning (PNN, k-NN) if at least 5 
photos per subject are available
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Experimental results (Caltech-256 dataset)
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фото

Organizing photo and video albums on 
mobile device 
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Organizing Photo and Video Albums 
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Savchenko A.V. et al., 
https://arxiv.org/abs/1907.0
4519, 2019

https://arxiv.org/abs/1907.04519
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Example (1)
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Example (2)
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Example (3). Profiles from Instagram accounts
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LeBron James Fedor Konyukhov

Beyonce

Gordon Ramsay



Conclusion
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1. Event recognition in a gallery is a practical task that still 
needs further study: accuracy is much higher if the albums 
are known

2. Sequential analysis of CNN features/layers can potentially 
provide high performance without losses in accuracy

3. PNN with complex exponential activations proves the 
possibility to create fast and accurate classifier (when 
compared to k-NN and PNN)

4. User modeling based on visual data from mobile phones 
can be used to deal with cold start problem in 
recommender systems

Workshop on Fundamental and Applied Problems of Machine Learning, 2019



Small advertisement
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• Main proceedings – Springer LNCS (Lecture Notes in 
Computer Science);

• Companion volume – Springer CCIS (Communications in 
Computer and Information Science)
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http://aistconf.org/

annual International Conference 
AIST (Analysis of Images, 
Social networks and Texts)

http://aistconf.org/


Thank you!


