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1. Introduction

Data Streams
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1. Introduction

Existing Research

Non parametric methods. Time-windows (Li et al. 2017; Nguyen, Woon, and Ng
2015; Žliobaitė et al. 2013), forgetting methods (Anagnostopoulos et al. 2012;
Krawczyk and Woźniak 2015)

Parametric Methods. Time-series and Gaussian processes (Kumagai and Iwata 2016;
Kumagai and Iwata 2017; Kumagai and Iwata 2018).

Neural Networks Architectures . LSTMs (Jia et al. 2017), Spiking NNs (Lobo
et al. 2020), Limited data (Das et al. 2020; Ksieniewicz et al. 2019).
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2. Modeling

Minimax Probability Machine

Minimax probability machine (Lanckriet, El Ghaoui, and Jordan 2003):

max
α,a,b

α

s.t. inf
Px∈Mx

Px [a>x ≥ b] ≥ α

inf
Py∈My

Py [a>y ≤ b] ≥ α.

min
r ,u,v

r

s.t. µx + Σ
1
2x u = µy + Σ

1
2y w

‖u‖2 ≤ r
‖w‖2 ≤ r .

Here, Mi represents distributions with mean µi and covariance Σi .
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Classifying Surface

µy,Σy

µx,Σx
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2. Modeling

Data Stream Model

• Time series model of data
x = ax + Axxx3 + Axyy1 + ✏x,5

y = ay + Ayxx3 + Ayyy1 + ✏y,5

y1x1 x2 x3

1 2 3 4 5

?

p

1 � p
time

• Allows for correlation over time and cross class dependence

µx (x̂, ŷ) = E[x|xτx (t) = x̂, yτy (t) = ŷ]
= ax + Axx x̂ + Axy ŷ

µy (x̂, ŷ) = E[y|xτx (t) = x̂, yτy (t) = ŷ]
= ay + Ayx x̂ + Ayy ŷ.
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2. Modeling

Explicit Dependence

• Find policy for changing the classifying surface
• Classifying surface dependent upon point of contact

minr ,u
w

r

s.t. µx + Σ1/2
x u = µy + Σ1/2

y w
‖u‖2 ≤ r
‖w‖2 ≤ r .
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2. Modeling

Explicit Dependence

• Find policy for changing the classifying surface
• Classifying surface dependent upon point of contact

min
r(x,y),u(x,y)

w(x,y)

r(x, y)

s.t. µx (x, y) + Σ1/2
x u(x, y) = µy (x, y) + Σ1/2

y w(x, y)
‖u(x, y)‖2 ≤ r(x, y)
‖w(x, y)‖2 ≤ r(x, y).
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2. Modeling

Explicit Dependence

• Find policy for changing the classifying surface
• Classifying surface dependent upon point of contact

min
r(x,y),u(x,y)

w(x,y)

max
x∈Ux
y∈Uy

r(x, y)

s.t. µx (x, y) + Σ1/2
x u = µy (x, y) + Σ1/2

y w(x, y) ∀x ∈ Ux ∀y ∈ Uy

‖u(x, y)‖2 ≤ r(x, y) ∀x ∈ Ux , y ∈ Uy

‖w(x, y)‖2 ≤ r(x, y) ∀x ∈ Ux , y ∈ Uy .
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2. Modeling

Affine Approximation

• Affine policy to approximate point of contact

u(x, y) = u0 + Ux x + Uy y
= u(ξ) = [u0 | Ux | Uy ]ξ = Uξ

w(x, y) = w0 + Wx x + Wy y
= w(ξ) = [w0 |Wx |Wy ]ξ = Wξ

r(x, y) = r ,

min
r ,U,V

r

s.t. Xξ + Σ
1
2x Uξ = Yξ + Σ

1
2y Wξ ∀ξ ∈ U

‖Uξ‖2 ≤ r ∀ξ ∈ U
‖Wξ‖2 ≤ r ∀ξ ∈ U.
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2. Modeling

AjRC Algorithm

Algorithm 1 The steps of AjRC for classifying streaming data.
1: Initialize: t = 1 and previous data points x0 and y0
2: Solve the SDP formulation and obtain policy matrices U and W.
3: while New streaming data point zt is available do
4: Let ξt = (1, xτx (t), , yτy (t)).
5: Estimate contact point v = Xξ + Lx Uξ.
6: Calculate classifiers g1 = 2Σ−1

x Lx Uξ and g2 = 2Σ−1
y Ly Wξ with ci = g>i v.

7: Evaluate probabilities P(gi ) = p · P(g>i x ≥ ci ) + (1− p) · P(g>i y ≤ ci ).
8: Use surface with higher probability to classify zt .
9: Record the observed true class of zt .

10: t = t + 1
11: end while
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3. Numerical Experiments

Experimental Setup

Visualization

xt = [−0.4,−0.4] + 0.2 xτx (t) + 0.05 yτy (t) + εx ,t

yt = [0, 0.15] + 0.05 xτx (t) + 0.2 yτy (t) + εy ,t .

Synthetic Data. 2 randomly generated time series with Gaussian errors at increasing
distances.
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3. Numerical Experiments

Visualization
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3. Numerical Experiments

Synthetic Data

Table: Comparison of the three data stream classifiers on randomly generated time series.

distance AdRC
Accuracy

Time
[ms]

AjRC
Accuracy

Time
[ms]

SAMkNN
Accuracy

Time
[ms]

2 76.45 10.3 76.6 0.09 97.3 1.017
2.25 74.65 7.93 74.3 0.05 95.05 0.888
2.5 73.1 8.47 73.05 0.08 96.85 1.177
2.75 72.7 7.65 72.95 0.12 96.2 1.044
3 75.85 8.12 75.3 0.02 95.8 0.884
3.25 94.8 8.23 94.4 0.04 99.05 1.485
3.5 88.65 8.6 88.8 0.03 98.5 1.545
3.75 92.85 8.35 91.85 0.07 99.25 1.287
4 89.65 7.87 90.45 0.02 99.4 1.
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3. Numerical Experiments

Comparison to other methods

Evaluation of synthetic data on different classifiers.

Table: Comparison to Scikit Multiflow package.

distance method accuracy kappa time [ms]
3.5 AdRC 90.1 82.3 1.38
3.5 AjRC 88.8 77.4 0.026
3.5 KNN 95.7 91.4 0.378
3.5 HoeffdingTree 91.4 82.8 0.578
3.5 NaiveBayes 83.7 68.0 0.43
3.5 HATT 93.3 86.5 23.8
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3. Numerical Experiments

Conclusion

1. We present an extension of the MPM model to classify streaming observations.
2. The affinely adjustable classifier directly embeds the time series into the

optimization problem and leverages decision rules for adjusting the classifier to
new observations.

3. We evaluate the performance of these models on numerical experiments and
illustrate their benefits on synthetic data.
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3. Numerical Experiments

Wind Speed Classification

Table: Accuracy of meteorology data stream classification for wind speeds.

AutoCorr AdRC
Accuracy

Time
[ms]

AjRC
Accuracy

Time
[ms]

SAMkNN
Accuracy

Time
[ms]

1 58.3878 0.253 76.07843 0.0349 88.061 2.399
2 58.91068 0.236 73.20261 0.0453 88.061 2.816
3 63.44227 0.257 71.15468 0.0418 88.061 1.846
4 64.18301 0.231 61.04575 0.0453 88.061 1.929
5 66.05664 0.248 74.16122 0.0440 88.061 1.483
6 67.40741 0.278 73.24619 0.0684 88.061 1.834
7 68.49673 0.298 68.23529 0.0697 88.061 1.829
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