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— A lot of online music — fast and efficient access is demanded.

— Intelligent music services — dynamic / personalized playlist

— Musical genre / mood recognition.
— Artist / album recognition.
— Music transcription.

— Music structure analysis, etc.
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— Happiness, fear, sadness, anger, etc.

— High degree of subjectivity.

— Varying levels of intensity — very happy, little nervous,
somewhat bored, etc.

TEL—F
— Corresponds to human emotions — Happy, fearful, sad,
angry, etc.

— Even more subjective than human emotion.
— Difficult to formalize.
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Affect trajectory

* Dynamic emotion recognition is estimation of
the affect trajectory in time!
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* Trajectory estimation is a time series filtering/
smoothing task.

* Well suited are the State-Space Models (SSM).

State-Space Models

* Also known as dynamic (temporal) systems:
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{xt = f(xe—1,4) + vy,
- g(xt; B) + Vg, V~N(0, Q)

Gaussian Filtering

* It can be shown that: (Deisenroth, 2011)

p(xelyee) = N (xelug, ZF).

where

pE = I (E) T (0 - )
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Gaussian Process SSM (GP-SSM) \

Gaussian Processes based state-space model:
{ ¢ = f(xp—1) + g, f(x) ~GPO,Kf)
Ve =90() +ve g(x) ~ GP(0,Ky)

generation, recommendations, etc. « Advantages:
o FHARY * Apply time series analysis tools: — Non-linear, Non-parametric
— Flexible.

Disadvantages:
— No standard algorithms for training and inference.

* Analytic moment matching approximation
(Deisenroth,2012)

— Computationally expensive.

Experiments

Feature extraction.
— Marsyas tool.
* mfcc — MelFreq Cepstral Coefficients
 spfe — zero-cross, spectral flux, centroid, rolloff.
— baseline — Features used in the official baseline system.
Independent state and observation model learning.
— Multivariate linear regression for the KF.
— GP regression learning for the GP-SSM.
Development data.
— Training set - 600 clips.
— Validation set — 144 clips.
Training set clustering.
— Four clusters based on clips static A-V vectors.

— Separate SSM trained for
each cluster.

— Maximum likelihood based
model selection.

Results on Test Data
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“ (Negative) | e 0.1914  0.0852 0.044 0.1089

spfe 0.0526 0.1986 0.1015 0.2066

Ka | man Fi |te r ( K F) baseline -0.1520 0.3824 0.0301 0.2073
. . VALENCE — MULTIPLE MODELS

MediaEval2014: Subtask focus | - e

* Linear state-space model: spfe -0.075 0.2679 -0.023 0.1920

baseline -0.099 0.2325 -0.049 0.2267

* Subtask 1: Feature development
— Static affect prediction
— New features
— Signal Processing challenge

* Subtask 2: Dynamic estimation
— Dynamic affect prediction
— New modeling approaches
— Machine learning challenge

{xt - Fxt_l + Ut
yt - Gxt + Vt

* Advantages:
— Analytic approximation to p(xtlyl:t)
— Fast

* Disadvantages:
— Linearity assumption
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Conclusions
e KF vs. GP-SSM

— Similar performance under similar conditions.
— GP-SSM a bit better for Valence estimation.

* Feature types.
— Baseline features seem to perform well.

£EK) . G. Petersk (UCLJ

— No definite winner.
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