UMC203: Artificial Intelligence and Machine Learning

Assignment 2

Kintan Saha SR No. 23881
July 5, 2025

Problem 1:

Task 1: Perceptron

The perceptron algorithm is run on the training data with the number of iterations capped
at 10°. The perceptron doesn’t converge after such a large number of iterations and as such
we can safely conclude that the perceptron won’t converge. The number of misclassifications
on the test dataset of the perceptron algorithm with the iterations is given in Figure 1. The
misclassification rate can found in Figure 2.

Task 2: Linear slack SVM

The primal and the dual of the linear slack SVM is solved using cvxopt. In general, it is
observed that the dual is solved slightly slower than the primal.

Time taken by dual to solve the linear slack SVM : 0.6041646003723145s

Time taken by primal to solve the linear slack SVM: 0.5674755573272705s

The SVM solution is used to identify the images responsible for misclassification.
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Figure 1: number of misclassifications for perceptron with iterations
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Figure 2: Misclassification rate of Perceptron with iterations

Task 3: Images that cause non-separability

The images that cause non-separability can be identified using the solution for the SVM.
Such images (2, 3) are either misclassified by the SVM or are inside the margin. All such
images will make the Perceptron to not converge. Formally such images satisfy the following
condition: y@ (wk 2@ +b) < 1

Testing all the images in train_images using this condition we get the following 773 ( 318
are images which got misclassified and 455 are images which were inside the margin) indices

of the images which cause non-separability:

(6, 24, 28, 30, 33, 37, 38, 39, 42, 44, 46, 51, 57, 61, 69, 70, 73, 75, 81, 83,
89, 90, 93, 94, 104, 105, 106, 108, 113, 114, 119, 122, 123, 128, 137, 147, 151,
152, 153, 156, 162, 163, 164, 165, 169, 170, 174, 176, 178, 183, 185, 187, 188,
189, 193, 196, 197, 199, 203, 204, 205, 207, 208, 210, 223, 224, 229, 230, 233,
237, 238, 240, 243, 252, 253, 258, 260, 263, 264, 266, 272, 274, 278, 279, 282,
283, 284, 289, 293, 294, 296, 297, 298, 301, 302, 304, 305, 306, 307, 308, 309,
310, 311, 315, 318, 319, 323, 326, 327, 337, 340, 341, 342, 343, 352, 361, 363,
369, 372, 376, 380, 389, 394, 396, 397, 399, 401, 403, 405, 409, 410, 414, 418,
419, 429, 431, 436, 442, 448, 449, 451, 457, 460, 461, 465, 468, 470, 471, 483,
484, 488, 490, 494, 495, 498, 501, 503, 504, 505, 509, 510, 517, 518, 534, 536,
538, 541, 542, 555, 562, 563, 564, 565, 567, 569, 571, 572, 579, 583, 586, 592,
595, 602, 607, 611, 614, 616, 619, 620, 621, 626, 630, 634, 638, 639, 642, 645,
647, 653, 655, 656, 658, 666, 670, 673, 675, 676, 679, 680, 681, 683, 686, 687,
688, 691, 699, 700, 704, 705, 706, 707, 714, 717, 718, 721, 725, 729, 730, 731,
735, 738, 740, 742, 744, 749, 751, 752, 753, 754, 755, 758, 760, 764, 765, 772,
773, 777, 790, 791, 801, 802, 809, 815, 826, 828, 831, 834, 837, 838, 839, 843,
844, 848, 850, 852, 853, 855, 858, 859, 861, 862, 863, 867, 870, 874, 875, 879,
883, 884, 885, 887, 897, 898, 900, 901, 902, 904, 905, 906, 907, 910, 911, 912,
915, 917, 918, 920, 926, 937, 941, 943, 950, 951, 952, 959, 966, 967, 972, 974,
979, 980, 981, 983, 984, 986, 993, 996, 998, 0, 2, 5, 7, 8, 9, 11, 12, 14, 15,
17, 19, 20, 22, 23, 27, 29, 31, 34, 35, 36, 41, 45, 47, 48, 49, 50, 52, 53, 54,
56, 58, 59, 60, 62, 63, 64, 66, 67, 71, 72, 74, 76, 79, 82, 85, 86, 88, 91, 92,
95, 96, 97, 98, 99, 100, 101, 102, 103, 109, 111, 112, 115, 116, 117, 118, 125,
129, 131, 132, 136, 139, 140, 141, 142, 144, 145, 146, 148, 150, 154, 155, 157,
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356,
386,
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458,
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535,
573,
606,
644,
682,
723,
761,
787,
818,
851,
890,
930,
957,
992,
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206,
242,
275,
325,
357,
387,
430,
462,
500,
537,
575,
608,
646,
684,
724,
762,
788,
820,
854,
893,
931,
960,
995,

161,
209,
245,
280,
330,
362,
390,
433,
463,
506,
540,
576,
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648,
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727,
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792,
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856,
894,
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997,
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281,
332,
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434,
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728,
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860,
896,
934,
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287,
333,
365,
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473,
508,
547,
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692,
733,
768,
794,
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903,
936,
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215,
249,
288,
334,
367,
402,
439,
474,
511,
549,
582,
617,
654,
693,
734,
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869,
909,
938,
968,

Task 4: Kernelized SVM

There are 2 hyperparamters to be tuned:
Kernelized SVM as follows:

n
1
max g o — —
o 2
i=1

subject to the constraints:

Here,
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e «; are the Lagrange multipliers

o y; € {—1,1} are the class labels

e K(x;,x;) is the kernel function
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C and 7. These hyperparameters appear in in the



e (' is the regularization parameter

The Radial Basis Function (RBF) kernel is defined as:

K(x;,x;) = exp (=[x — x,]1%)

where:
o K(x;,x;) is the kernel function
e X;,X; are input feature vectors
e |x; — x;||* is the squared Euclidean distance
e 7 is the kernel hyperparameter

These hyperparameters were tuned such that the train_data becomes separable and thus
the decision boundary is consistent with the train_data labels.

These hyperparameters are : C = 10® and v = 0.01

Using these hyperparameters, the kernelized SVM was trained on the train data and was
tested on the test_data. The number of misclassifications was obtained to be 73. This gives
rise to a misclassification rate of 36.5%.

The misclassification rate can be attributed to a very high C value which results in very hard
margins of the kernelized SVM to the train data

Task 5: Perceptron on the images which aren’t resposnsible for non
separability

The misclassified images were obtained from the SVM. These images were removed from
the train_data and then the perceptron is retrained on the modified train_data. The
perceptron thus obtained is once again tested on the test_data. The convergence of the

Perceptron trained on the filtered train data is given by the following graph in Figure 3:
The misclassification rate of the Perceptron is given by the following graph in Figure 4:

Problem 2:

Task 1: Multi Layer Perceptron

The input data was split into train data and test_data using train test_split. The
MLP was trained on the train_data and was evaluated on the test_data. The metrics
obtained on training are given as follows:
Accuracy:

0.9535

Recall:

[0.980 0.985 0.960 0.945 0.950 0.940 0.975 0.945 0.950 0.905}
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Figure 3: Convergence of perceptron after removal of sources of non separability



Perceptron Algorithm

1.0
0.8
(7]
q
A=
=
(%] —
e 0.6
N
=
(-
[=]
| .
2 0.4
= | g
=
=
0.2 4
D.ﬂ T T T T T T T T T
0 25 50 75 100 125 150 175 200
lteration

Figure 4: Misclassification rate of perceptron algorithm after sources of non separability
removed



Precision:

[0.9703 0.9563 0.9366 0.9403 0.9500 0.9592 0.9653 0.9844 0.9406 0.9330}
F1 Score:

[0.9751 0.9704 0.9481 0.9426 0.9500 0.9495 0.9701 0.9643 0.9453 0.9188}

Confusion Matrix:

196 O 1 0 0 1 0 0 2 0
0 197 O 1 0 0 0 0 1 1
1 0 192 1 0 2 4 0 0 0
1 0 5 189 0 1 0 0 2 2
0 1 1 1 190 O 2 0 0 5
2 1 1 4 1 188 1 1 1 0
0 0 0 0 1 0 195 0 4 0
0 2 2 0 2 0 0 189 0O 5
2 2 3 0 0 3 0 0 190 O

| 0 3 0 5 6 1 0 2 2 181]

Task 2: CNN

Similar to the MLP, the CNN was trained on the train data and evaluated on the test_data.
The metrics obtained are given as follows:

Accuracy:
0.9730

Recall:
[0.980 0.990 0.985 0.975 0.975 0.975 0.975 0.990 0.980 ().905}
Precision:
[0.9949 0.9851 0.9752 0.9848 0.9420 0.9330 0.9653 0.9851 0.9703 1.0000}
F1 Score:
[0.9874 0.9875 0.9801 0.9799 0.9582 0.9535 0.9701 0.9875 0.9751 0.9501}

Confusion Matrix:

196 0O 0 0 0 1 3 0 0 0
0 198 1 0 0 0 0 0 1 0
0 1 197 0 0 0 0 2 0 0
0 0 1 19 0 2 0 0 2 0
0 2 1 0 195 0 2 0 0 0
0 0 0 3 1 195 1 0 0 0
0 0 0 0 1 3 195 0 1 0
0 0 2 0 0 0 0 198 0 0
1 0 0 0 0 2 1 0 196 0

| 0 0 0 0 10 6 0 1 2 181
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Figure 5: Reconstruction of an image using different number of principal compoenents

Task 3: PCA

PCA was used to extract the principal components of the data and these principal com-
ponents were used to transform the data to a lower dimensional space. 1 have chosen
num_principal_components = 100 as that gave a decent approximation to the original im-
ages (by decent I am referring to the task of reconstructing the image from the trasnformed
data. num_principal_components = 100 restored the image decently well).

An image was selected randomly and was restored from its projected version. The variation
in the restoration using diferent number of principal components is given below in Figure 5:

Task 4: MLP with PCA features

The MLP was again trained this time using the transformed data as the input. The metrics
as obtained on the test data are given below:

Accuracy

0.9524999856948853

Recall
[0.9712 0.9703 0.9583 0.9303 0.9617 0.9086 0.9858 0.9363 0.9387 0.9600}

Precision

[0.9806 0.9899 0.9340 0.9791 0.9526 0.9389 0.9541 0.9646 0.9299 0.8984]

F1 Score
[0.9758 0.9800 0.9460 0.9541 0.9571 0.9235 0.9697 0.9502 0.9343 0.9282}



Confusion Matrix

—_
[@p)
—_
H~
—_
—J

DO
0]

[\

HOO&—‘HOO»—‘OS
—_
Ne)

[\]
MOL\DH[\DSOC@OO
R s RO O O OO
— O O O UtO kO DN Ww

OO N OO OO OO
—
[\DP—‘SO[\DOO[\DOO

O R WO O UL N
O OO OO H—NO
[u—

Ne)

O R OO H= N FH HFH =

—_
%mmowmwooo

Task 5: Logistic regression using PCA features

We now train a logistic regression model on the PCA features using 2 different approaches:
e Multi class classification
e One vs rest

For the logistic regression model trained for multi class classification, here are the perfor-
mance metrics:

Accuracy

0.8875

Recall
[0.9747 0.9492 0.8698 0.9110 0.8798 0.7818 0.9677 0.8952 0.7766 0.8718}

Precision

[0.9019 0.8738 0.9330 0.8832 0.8656 0.8866 0.9052 0.9082 0.8743 0.8416}

F1 Score
[0.9369 0.9100 0.9003 0.8969 0.8726 0.8309 0.9354 0.9017 0.8226 0.8564}



Confusion Matrix

193 0 0 0 0 1 2 0 2 0]
1 187 2 1 0 2 0 0 4 0
1 3 167 3 1 0 4 6 4 3
0 1 3 174 0 5 2 2 2 2
0 6 2 0 161 0 1 0 1 12
9 3 0 9 4 172 11 2 7T 3
2 1 1 0 1 1 210 0 1 0
2 0 3 0 7 0 0 18 0 10
3 12 1 6 4 11 2 3 153 2
(3 1 0 4 8 2 0 6 1 170]

We have also trained 10 binary classifiers using the one vs rest approach. The average AUC
scores and the ROC graphs are attached below in Figure 6:

Problem 3:

3.1 : Linear Regression
Task 1: X does not have full column rank

No we can’t do OLS is X doesn’t have full column rank as X7 X becomes singular( proof
below). To do OLS we can do regularisation so that X7 X becomes invertible. Since X does
not have full column rank, there exists a nonzero vector v € R™ such that:

Xv=0.

Taking the transpose on both sides,

(Xv) =07,
Using the property (AB)T = BT AT we obtain:

oI XT =07,
Multiplying both sides by X, we get:

o' XTX =0".

Since v # 0, this implies that X7 X has a nonzero vector in its null space, meaning:

XT"Xv=0.

By the definition of singularity, a square matrix is singular if and only if it has a nontrivial
null space. Since we have found such a v # 0, it follows that X7 X is singular.

10
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Figure 6: Average AUC and the ROC graphs for all 10 binary classifiers
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Task 2: MSE on Dirn

Using OLS we get the following performance metrics:

MSE = 0.0437017962349622
0.3217

0.2197
w = 10.0891
0.1084
0.4806

Using ridge regression we get the following performance metrics

MSE = 0.05057778676155785
0.3189

0.2133
w!” = [0.0808
0.1025
0.4572

Task 3: MSE on Diren

Using OLS we get MSE = 282396.26390835823
Using Ridge regression we get MSE = 10.352926835603585
wh” and w$* have been attached as csv files in the format prescribed in the assignment.

3.2: Support Vector Regression

I received the stock '"MSFT’ from the oracle. The graphs on the test set for the linear SVR
problem using the 3 window sizes are attached below in Figures 7-21. Note that in all the
figures the stock prices are plotted in the original scale and not the normalised values.
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Figure 7: Linear SVR using window size 7
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Figure 8: Linear SVR using window size 30
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Figure 9: Linear SVR using window size 90
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Figure 10: Kernel SVR using window size 7 and gamma 0.001
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Figure 13: Kernel SVR using window size 7 and gamma 0.01

RBF SVR Prediction vs Actual Price for Window Size 30 and gamma 0.01

—— Previous 30-Day Average
— Predicted Closing Price
—— Actual Closing Price

0 100 200 300 400 500 600
Time in Days

Figure 14: Kernel SVR using window size 30 and gamma (.01
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Figure 15: Kernel SVR using window size 90 and gamma 0.01
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Figure 16: Kernel SVR using window size 7 and gamma 0.1
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Figure 17: Kernel SVR using window size 30 and gamma 0.1
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Figure 18: Kernel SVR using window size 90 and gamma 0.1
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Figure 19: Kernel SVR using window size 7 and gamma 1
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Figure 20: Kernel SVR using window size 30 and gamma 1
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Figure 21: Kernel SVR using window size 90 and gamma 1
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