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&/4}5 Generating the

§ e
N —— Dataset

| have created a vase using m drew myself. | am
using this [

erate data for machine learning. For each control
points below it and the

W]
([ RTRREEH< '
A N Mt
AL%” \\,‘ point on thecurves, | gather/the surrounding
L'I,'Véz S 4« vector to the point above i ich serves-a desired output for my
‘\'/'// model.

| use a plane that is perpendicular to the curves and has a zero point
where the control point is located. This plane acts as a coordinate system

for processing the data and normalizing it. The purpose of data
processing, also known as feature construction, is to enhance the

information available to the neural network.
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Some examples—o e features | generate are the length of the previous
nd_the previous vectors.

line, the distance to the midpoint;a
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0.160189
0.103439
0.031877
0.030248
0.104333
0.162163
0.205632
0.241201
0.278483
0.329057
0.403288
0.50693
0.625191
0.731788
0.819705
0.887136
0.934328
0.96293
0.975963
0.9781
0.972458
0.955146
0.922193
0.909203
0.950051
0.98105
0.993521
0.981602
0.950318
0.908782
0.865533
0.82717
0.797645
0.778364
0.769198
0.770333
0.782224
0.80504
0.838622
0.880628
0.925661
0.96549
0.990188
0.990634
0.967713
0.929939
0.886294
0.462315
0.438757
0.545028
0.490256
0.863076
0.153294
0.282593
0.353219
0.455364
0.580943
0.68736
0.760637
0.800766
0.807748
0.781583
0.72227
0.629809
0.505308
0.380308
0.290156
0.23672
0.220002
0.240001
0.296717
0.390151
0.517306
0.639419
0.729468
0.786904

0.304388
0.227151
0.145889
0.145157
0.229205
0.308464
0.36367
0.394376
0.406781
0.413961
0.43732
0.501705
0.603514
0.702877
0.781659
0.834398
0.861243
0.86632
0.858154
0.851002
0.855186
0.859011
0.850326
0.786953
0.887285
0.963166
0.993611
0.964515
0.88794
0.785917
0.679545
0.585569
0.514113
0.468389
0.447127
0.449737
0.477452
0.531888
0.613539
0.71666
0.827414
0.925111
0.985479
0.986568
0.930551
0.837922
0.730597
0.481525
0.423587
0.561476
0.477267
0.861078
0.155428
0.155216
0.263801
0.420845
0.613917
0.777528
0.890189
0.951887
0.962621
0.922393
0.831201
0.689047
0.497631
0.30545
0.166844
0.084689
0.058985
0.089733
0.176932
0.320582
0.516078
0.703822
0.842269
0.930574

0.541585
0.520562
0.503449
0.505387
0.526245
0.549528
0.564454
0.565905
0.552964
0.528664
0.501109
0.485481
0.495696
0.517985
0.535952
0.541151
0.531093
0.508446
0.482147
0.4697
0.483882
0.509453
0.531449
0.697735
0.846279
0.952346
0.993665
0.954191
0.847215
0.696141
0.524196
0.353294
0.203111
0.090677
0.031013
0.038684
0.114433
0.24278
0.406636
0.586261
0.758942
0.899739
0.982692
0.984163
0.907328
0.774535
0.608949
0.498913
0.409855
0.54151
0.493034
0.855085
0.161832
0.309833
0.372342
0.462746
0.573891
0.668076
0.732931
0.768448
0.774628
0.75147
0.698974
0.617141
0.506949
0.396317
0.316527
0.269233
0.254436
0.272137
0.322334
0.405028
0.517569
0.625646
0.705345
0.756179

0.839884
0.860397
0.871643
0.875343
0.870197
0.853622
0.824033
0.780437
0.722378
0.650014
0.564462
0.469209
0.380787
0.311799
0.258924
0.216484
0.178421
0.140559
0.104637
0.088399
0.110681
0.149212
0.189882
0.833087
0.914185
0.971413
0.993569
0.972403
0.914692
0.83221
0.736679
0.639582
0.552054
0.484859
0.448515
0.453217
0.499191
0.575402
0.670148
0.771387
0.866647
0.943094
0.987692
0.98848
0.947187
0.875164
0.784009
0.476524
0.427536
0.525411
0.505748
0.849091
0.168236
0.434509
0.459863
0.496533
0.541616
0.57982
0.606126
0.620533
0.623039
0.613646
0.592352
0.559159
0.514463
0.469588
0.437224
0.41804
0.412039
0.419218
0.439579
0.473122
0.518771
0.562609
0.594937
0.615556

0.874333
0.87715
0.874128
0.877602
0.887046
0.888696
0.873002
0.834424
0.770558
0.682228
0.575542
0.469433
0.40605
0.388388
0.384947
0.370655
0.331573
0.261662
0.163358
0.088425
0.160489
0.255902
0.327917
0.786953
0.887285
0.963166
0.993611
0.964515
0.88794
0.785917
0.679545
0.585569
0.514113
0.468389
0.447127
0.449737
0.477452
0.531888
0.613539
0.71666
0.827414
0.925111
0.985479
0.986568
0.930551
0.837922
0.730597
0.481525
0.423587
0.561476
0.477267
0.849091
0.168236
0.155216
0.263801
0.420845
0.613917
0.777528
0.890189
0.951887
0.962621
0.922393
0.831201
0.689047
0.497631
0.30545
0.166844
0.084689
0.058985
0.089733
0.176932
0.320582
0.516078
0.703822
0.842269
0.930574

0.541585
0.520562
0.503449
0.505387
0.526245
0.549528
0.564454
0.565905
0.552964
0.528664
0.501109
0.485481
0.495696
0.517985
0.535952
0.541151
0.531093
0.508446
0.482147
0.4697
0.483882
0.509453
0.531449
0.697735
0.846279
0.952346
0.993665
0.954191
0.847215
0.696141
0.524196
0.353294
0.203111
0.090677
0.031013
0.038684
0.114433
0.24278
0.406636
0.586261
0.758942
0.899739
0.982692
0.984163
0.907328
0.774535
0.608949
0.498913
0.409855
0.54151
0.493034
0.855085
0.161832
0.309833
0.372342
0.462746
0.573891
0.668076
0.732931
0.768448
0.774628
0.75147
0.698974
0.617141
0.506949
0.396317
0.316527
0.269233
0.254436
0.272137
0.322334
0.405028
0.517569
0.625646
0.705345
0.756179

0.30677
0.276807
0.255471
0.256463
0.279655
0.310245
0.339784
0.365761
0.389506
0.415068
0.448433
0.496145
0.554842
0.610064
0.6556
0.689132
0.710476
0.721068
0.723941
0.723899
0.723815
0.719434
0.706644
0.692736
0.800686
0.876993
0.906562
0.878315
0.801361
0.69157
0.564733
0.436232
0.320814
0.232522
0.184894
0.19105
0.251329
0.351559
0.476634
0.610771
0.737381
0.839221
0.898718
0.89977
0.844679
0.748716
0.627526
0.485547
0.42041
0.52896
0.502945
0.85908
0.157563
0.407021
0.440567
0.489084
0.548732
0.599278
0.634083
0.653144
0.65646
0.644032
0.615859
0.571942
0.512807
0.453434
0.410614
0.385233
0.377292
0.386791
0.41373
0.458109
0.518506
0.576507
0.619278
0.646559

0.229974
0.196682
0.173038
0.173695
0.198599
0.232029
0.266276
0.300169
0.336056
0.378153
0.431331
0.499711
0.575903
0.644843
0.702178
0.74652
0.777856
0.79718
0.806439
0.808632
0.805402
0.793994
0.771834
0.700328
0.782904
0.841416
0.86412
0.842431
0.783422
0.699438
0.602723
0.505088
0.417701
0.351053
0.315173
0.319808
0.365235
0.44095
0.535747
0.637789
0.73445
0.812438
0.858096
0.858904
0.816624
0.743121
0.650561
0.476952
0.427197
0.529096
0.502838
0.860412
0.15614
0.405974
0.439832
0.488801
0.549003
0.600019
0.635148
0.654386
0.657734
0.64519
0.616755
0.572429
0.512743
0.452819
0.4096
0.383983
0.375968
0.385555
0.412745
0.457537
0.518496
0.577036
0.620206
0.647741

0.265697
0.229974
0.196682
0.173038
0.173695
0.198599
0.232029
0.266276
0.300169
0.336056
0.378153
0.431331
0.499711
0.575903
0.644843
0.702178
0.74652
0.777856
0.79718
0.806439
0.808632
0.805402
0.793994
0.605332
0.700328
0.782904
0.841416
0.86412
0.842431
0.783422
0.699438
0.602723
0.505088
0.417701
0.351053
0.315173
0.319808
0.365235
0.44095
0.535747
0.637789
0.73445
0.812438
0.858096
0.858904
0.816624
0.743121
0.373233
0.512478
0.472974
0.548999
0.843835
0.174487
0.384558
0.403684
0.438225
0.48818
0.549596
0.60164
0.637477
0.657103
0.660518
0.647721
0.618713
0.573494
0.512605
0.451473
0.407383
0.38125
0.373073
0.382854
0.410592
0.456287
0.518473
0.578194
0.622234

0.201679
0.160918
0.122127
0.091775
0.09199
0.12318
0.161848
0.200835
0.241327
0.287407
0.343882
0.414979
0.503289
0.598057
0.682447
0.75289
0.80843
0.849128
0.875759
0.889772
0.893365
0.887702
0.870735
0.719756
0.787745
0.847382
0.889927
0.906498
0.890667
0.847757
0.787105
0.717898
0.648768
0.58756
0.541324
0.516601
0.519788
0.551129
0.603781
0.670394
0.742909
0.81233
0.868827
0.902097
0.902687
0.871871
0.81859
0.395089
0.494247
0.468224
0.552961
0.840837
0.177842
0.369082
0.3904
0.428899
0.48458
0.553035
0.611044
0.650988
0.672863
0.676669
0.662406
0.630074
0.579672
0.511805
0.443666
0.394523
0.365395
0.356281
0.367183
0.3981
0.449031
0.518345
0.584911
0.633998

)
®
)
®
]

3
]

LR TR
L

(114

T R R L

B e T T L A S A A A A

\\\l_b.\ oy

R

R T

vl

LLXLLLILL]]

LT
._lrJJ£I$yb 0

LA

RN

ANAVARNRY

ALLLLLIRALEL L

Al

saese

ddsdsbdasnsas




Growing Vases

| have collected multiple vases that were designed either with Al or
by myself. To analyze these vases, | constructed features that capture
their overall characteristics. Next, | utilized the t-SNE algorithm to
reduce the dimensionality of the tensor set to three, which | then
visualized in 3D space. Each point in the 3D space represents a vase.

To address gaps in the data where there were no points, | employed
a technique of averaging the surrounding vases. The distance to the
points served as weights for this averaging process. This approach
allowed me to explore the data comprehensively and produced
visually pleasing results. However, it involved computationally
intensive tasks. Since it was not directly related to Al, | later adopted
a different approach.

In the new approach, | utilized machine learning. | provided the 3
dimensions as inputs and expected the output to be the control
points of the vase's curves. | trained the machine using this dataset.
Subsequently, | incorporated the 3D position of the person
navigating the space as the 3 dimensional tensorset and obtained a
vase as the output. Although the results are not perfect, they are very
interesting.

What fascinates me about this approach is that it transforms a low-
dimensional tensor set into a high-dimensional tensor set. This
implies that the Al is extrapolating and generating additional
information, effectively hallucinating to some extentt



Point Universe

| have collected multiple vases that were designed either with Al or
by myself. To analyze these vases, | constructed features that capture
their overall characteristics. Next, | utilized the t-SNE algorithm to
reduce the dimensionality of the tensor set to three, which | then
visualized in 3D space. Each point in the 3D space represents a vase.

To address gaps in the data where there were no points, | employed
a technique of averaging the surrounding vases. The distance to the
points served as weights for this averaging process. This approach
allowed me to explore the data comprehensively and produced
visually pleasing results. However, it involved computationally
intensive tasks. Since it was not directly related to Al, | later adopted
a different approach.

In the new approach, | utilized machine learning. | provided the 3
dimensions as inputs and expected the output to be the control
points of the vase's curves. | trained the machine using this dataset.
Subsequently, | incorporated the 3D position of the person
nhavigating the space as the 3 dimensional tensorset and obtained a
vase as the output. Although the results are not perfect, they are very
interesting.

What fascinates me about this approach is that it transforms a low-
dimensional tensor set into a high-dimensional tensor set. This
implies that the Al is extrapolating and generating additional
information, effectively hallucinating to some extentt
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