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What is really high-dimensional data?

Hundreds of dimensions with often no clear meaning

High-dimensional data Machine Learning
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m observations

Projections

Table

n attributes
>

2D projection

[ id] category name | date || time [Jopen [ high | low [ close |
636 sif SIF1 2004-11-29 13:00 4.800000 0.,800000 0,800000  0,800000
635 sif SIF1 2004-11-29 14:00 4.200000 0.200000 0.800000  0.200000
633 sif SIF1 2004-11-29 | 16:00 795000 0.795000  0,795000  0.795000
630 sif SIF1 2004-11-30 14:00 795000 0.795000 0,795000  0.795000
632 sif SIF1 2004-11-30 12:00 4200000 0.800000 0.795000  0.795000
631 sif SIF1 2004-11-30 13:00 795000 0,795000 0,795000  0,795000
628 sif SIF1 2004-11-30 | 16:00 795000  0.735000  0.795000  0.735000
629 sif SIF1 2004-11-30 15:00 795000 0.795000 0.795000  0.795000
627 sif SIF1 2005-00-02 § 12:00 785000 0,790000  0,785000  0.730000
626 sif SIF1 2005-00-02 | 13:00 730000 0.795000  0.790000  0.735000
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l 624 sif SIF1 2005-00-02 15:00 4800000 0,800000 0,800000  0,800000
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623 sif SIF1 2005-00-03 12:00 795000 0,795000 0,795000  0,795000
622 sif SIF1 2005-00-03 13:00 795000 0.795000 0,795000  0,795000
621 sif SIF1 2005-00-03 14:00 795000 0.795000 0,795000  0,795000
613 sif SIF1 2005-00-03 | 16:00 795000 0.795000  0.795000  0.735000
618 sif SIF1 2005-00-06 11:00 .790000 0,730000 0.790000  0.730000
614 sif SIF1 2005-00-06 15:00 795000 0.795000 0,795000  0,795000
617 sif SIF1 2005-00-06 | 12:00 795000 0.735000  0.795000  0.735000
616 sif SIF1 2005-00-06 13:00 795000 0,795000 0,795000  0,795000
615 sif SIF1 2005-00-06 14:00 795000 0,795000 0,795000  0,795000
613 sif SIF1 2005-00-06 | 16:00 795000 0.735000  0.795000  0.735000
609 sif SIF1 2005-00-07 14:00 790000 0.795000 0.790000  0.795000
612 sif SIF1 2005-00-07 11:00 795000 0.795000 0,795000  0,795000
611 sif SIF1 2005-00-07 | 12:00 795000 0.795000  0.795000  0.795000
610 sif SIF1 2005-00-07 | 13:00 730000 0.730000 0730000  0.730000
608 sif SIF1 2005-00-07 15:00 790000 0.790000 0,790000  0,790000
606 sif SIF1 2005-00-08 13:00 795000 0,795000 0,795000  0,795000
607 i SIF1 2005-00-08 | 12:00 730000 0.730000  0.730000  0.730000
v 605 sif SIF1 2005-00-08 14:00 795000 0,795000 0,795000  0,795000

color map values of
a selected column

Why is this useful?
* no matter how large n is, we obtain a 2D scatterplot-like image (so it’s visually scalable)
* point-to-point distance (in 2D) shows similarity of observations (in nD)

« coloring points by one attribute can show additional information on the observations

a table row gets
mapped to a point

'~‘/27D point distance reflects
nD row distance



Machine Learning and Dimensionality Reduction Commonalities
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Machine Learning and Dimensionality Reduction Commonalities
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Machine Learning and Dimensionality Reduction Commonalities

Approach ML gnd DR jointly
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DR for ML
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Big Key Idea
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» take two nD feature 2-class datasets Aand B
* project them both to 2D using the same DR method

* you see the scatterplots above

Which dataset is easier to classify? Why?
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is easier. Why?

You likely say B

Can we bring evidence for this?
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Projections predict classification efficacy

Extensive set of experiments proved that separation in a (good) projection predicts

accuracy of a (good) classifier

Top row: Hard classification problem

—)

Validation: many misclassifications

training set

test set

all features (500)
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(c) good separéfion, improved NH vs (a)

(d) good separation, improved NH vs (b)
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(a) poor separation and low accuracy

" AC: 54.9%

RFC classifier

x " AC:66.1%
(b) poor separation and low accuracy

s

feature subset (20)

5 A R
(c) good separation and higher accuracy
AC: 88.6%

P

(d) go:)d separation and hig'her accuracy
AC: 88.9%

Bottom row: Easy classification (after feature selection)

—)

Validation: few misclassifications

Bottom row: Select 20 of 550 features on their discriminative power on training set, using extremely randomized trees
P. Rauber et al. (2017) Projections as Visual Aids for Classification System Design. Inf Vis 17(4), 282-305



Projections: Central tool in classifier design

Workflow for two tasks

trammg validation trammg valldatlon
data data data data
-- feature e —— ~, good — ?Iassn‘"er
INSSE cxtraction, == = project . separa jon’ ool
B k| () = ﬂﬁ (ﬁ o

LOREREREREnnt

it

input objects features pro;ectlon classifier design classifier testlng
bad
separatlon’?
too low good
gﬁtgg performance?(8) performance?

]

“”‘ ‘ \‘

‘. t 5" \

|ter§ﬂve featare selectlon ;

feature-set  classification
re-design  system ready

repeat cycle with newly —-—;—r- study problem
designed features R S ¢, [ CaUSes
\ . SR 1
N T_ rur’ “&" =—:’

o —
‘v-v—“‘-‘--v—— —
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T1: Predict classification efficacy
T2: Improve classification efficacy



Visual Active Learning

We have under 5% labeled samples
How to train a classifier with such data?

parasites dataset
colors = manually assigned labels
black = unlabeled samples

o @

Benato et al. (2019) Semi-Supervised Learning with Interactive Label Propagation guided by Feature Space Projections (Proc. SIBGRAPI)



propag.
accuracy Kappa

Hypotheses

Let’s test this!

o
o

o
o

—

o

|
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similar-label samples project close to each other
decision boundaries are located in ‘empty’ area between clusters having different labels

manual label
propagation

Il LapSVM propagation
B OPFSemi propagation
manual propagation

Visual Active Learning: Bringing in the User

1) Feature Extraction

Dataset

I

%1 Automatic
' R method's
' (LapSVM/

1N OPF-Semi)

L v Sxrs Laboled Samples

Train SVM/OPF | | i| Train SVM/OPF

~ 3) Auto label
prop.

4) Comparison




Visual Active Learning: User and Machine Cooperate

Osupervised
@ candidates for manual —,_
auto-IabeIed“ " o6 ‘

& @

@

automatically label points where label-propagation confidence is high
let user label (or not) low-confidence points

Propagation in 2D space is better than in nD!

Benato et al. (2020) Semi-automatic data annotation guided by feature space projection. Patt Recogn 109
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Projections for understanding deep neural networks

Artificial Neural Networks (ANNs)

hidden
layer(s)

output activation a(®)
(class assignment)

input activation x = a!)
(observation)

2
| =
£
Q €
w 2
S 4
5 <
= 5
a
-
=
o
layer-2 activation a?)
(learned representation)
Challenges

ANN is a true ‘black box’
when results are not optimal, how to

understand what has gone wrong, and where?
improve the classifier?

dataset D = {(x, »)}

Y

A) Data selection
v v

——training set Dwin ~ test set D

B) Network design
Y Y

architecture hyperparameters
Y Y

N C) Network training

Y
trained network

Y

D) Network testing
Y
testing errors

AU

TA

FU

VA sensemaking loops



Method

Explore learned representations (activations)

» project input samples (images) having all activations in a layer as dimensions
* we see how training and the layer structure create information

MNIST dataset / MLP

Last hidden-layer activations, before training
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Last hidden-layer activations, after training

SVHN dataset / MLP

First hidden layer, before training
H: . - s & iR suss

s,

First hidden

a) S

b)

Last hidden Iéyer, after training



Explore learned representations to improve classification

Example: Compare two architectures (SVHN dataset)

We next notice
something strange
in this image. Can
you see what?

MLP network CNN network

* reasonable visual separation * much better visual separation
e AC:77.3% « AC: 93.8%



Explore learned representations to improve classification

MLP network
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* reasonable visual separation
e AC:77.3%

Each class is
formed by two
balanced but
distinct clusters!

CNN network

light digits on
dark background

dark digits on
light background

much better visual separation
« AC: 93.8%



Explore learned representations to improve classification

What is going on?

» visually explore clusters by brushing

« we find that each cluster-pair contains
» a cluster for light images on dark background
» a cluster for dark images on light background

Let’s use this insight to improve the classification

Current situation After preprocessing

2+3é.  replace images by

So'nr T W AT N o
o s ... edge-detection ,_3_'”‘ T KOS e 3 predees - Accuracy
versions B AP & Tt LT i
Wiy, ¥ T g b AN AL increases
.\‘{‘ .'.. '._'.:'- 29%, ot4y
Vet . g u T Tl MLP: +4%
mo R 'g"i i's L b CNN: +0.7%
[ B} A ¥ %= " g s -... o?
W SRREL ,.'.'ﬁ.'-',éf‘
° .. oD o™
M4 . ¥ ),
Bs ) ..'. A M
e . . Y
-7 o 2 o A
8 N,
o light digitson| = **

dark background dark digits on
light background



Explore evolution of learned representations

Activation in an ANN change in time in two ways
 as data flows from the 15t to the last layer during operation (inter-layer evolution)
» as different datasets are used during training (inter-epoch evolution)
We want to explore both to
« understand how different layers contribute to learning
« understand if training is effective

Inter-layer evolution
Bundled observation paths

Ap[1] g (built using dynamic t-SNE)
@ ; ‘ We observe how
: * group separation increases
Ap2] n « group size decreases
&0 « groups increasingly diverge

o Conclusions
— 2 "
- Network performs (very) well!
Ap|4] .
-
L TR layer 1 layer 4
- s %11 0123456789
~ | GGEsuuEE MNIST dataset, MLP classifier

« few trails connect different groups
(classification decisions are stable)



Explore evolution of learned representations

Inter-epoch evolution

A, [0]
Bundled observation paths

We observe how
« group separation increases
(from complete clutter to perfect
A N\ /, separation)
e s — \ = NS _* groups increasingly diverge
: -~ ‘ Y R 7 « paths are quite straight/smooth

= Q\\ — ,\‘ 8 (no canceling of learning)
— R i ML - « paths don'’t link different-color groups

Conclusions

Ap[100]

ey )

G &y iairing epochs | * learning is very effective
W ——9—0 123456780 AN * knowledge accumulates as desired

EEEEEE H « few/no ‘learning hesitations’

MNIST dataset, last CNN hidden layer, 100 training epochs



Classifier Decision Maps

Often referred to in many ML papers, rarely shown

decision boundaries
in nD

2D space

what to draw here? -

decision boundaries
in 2D

Question: How can we actually see those decision boundaries?



Classifier Decision Maps

Often referred to in many ML papers, rarely shown

decision boundaries

what to draw here?

decision boundaries
in 2D

Yes, we can visualize decision boundaries using projections!



Classifier Decision Maps

luminance: luminance: luminance:
classifier confidence distance to boundary classifier confidence

Key to solution: Construct inverse projection from 2D to nD

Espadoto et al. (2021) UnProjection: Leveraging inverse-projections for visual analytics of high-dimensional data. IEEE TVCG
Schulz et al. (2015) Using discriminative dimensionality reduction to visualize classifiers. Neural Process Lett 42(1)



Multi-classifier decision maps

Visualize agreement of nine classifiers on two-class problems

t-SNE PCA LLE UMAP
1 full
agreement
class A
N~ —

)

20 3

2> =

T
undecided

) —

22 )

TE 3

o c S

R

c & =

e @

& full

agreement
class b

Classifiers used

» Logistic regression, Linear SVM (linear), SVM (RBF), kNN,
Gaussian Process, Decision Tree, Random Forest, Adaboost,
Gaussian Naive Bayes, Quadratic Discriminant Analysis

« t-SNE: small cluster separation but narrow white band (low uncertainty)
UMAP: large cluster separation but thick white band (high uncertainty)

M. Espadoto et al. (2021) UnProjection: Leveraging Inverse-Projections for Visual Analytics of High-Dimensional Data. IEEE TVCG



Which projection technique is the “best”?

Projections are clearly useful tools for ML engineering
But which projection is the best to use in practice?

PCA: Poor Isomap: Bit better t-SNE: Strong UMAP: Extreme
separation... separation... separation separation



Which DR technique to use?

Projection | Projection Full Name Fodor | Hoffman | Yin Maaten | Bunte | Engel | Sorzano | Cunningham | Gisbrecht | Liu Xie Nonato || Ours
Acronym ctal [18] | etal.[1] [etal.[19] | etal. [13] | etal [15] | etal. [27] | etal.[12] etal. [23] etal. [21] | etal. [2] | etal. [24] | etal [10]

AE Autoencoder . .
CCA__| CCA (Canonical Correlations Analysis) .

CHL | Chalmers .
CLM__| ClassiMap .
CuCA__| CCA (Curvilinear Component Analysis) .

DM Diffusion Maps . .
DML __| Distance Metric Learning .

EM Elastic Maps .

FA Factor Analysis . . . .

FD Force-Directed .

FMAP | FastMap . .

FS Feature Selection .

GDA_| G ized Discri Analysis .
GPLVM_| Gaussian Process Latent Variable Model .
GIM__| Generative Topographic Mapping . .

ICA Tndependent Component Analysis . . .

FICA | FastiCA .
NLICA_| Nonlinear ICA .
IDMAP__| IDMAP .
50 Tsomap . . . . . . . .
L150__| Landmark Isomap .
KECA | Kernel Entropy Component Analysis .
KLP | Kelp .
CAMP | LAMP . .
CDA__| Linear Discriminant Analysis . . . .
LE Laplacian Ei . . . . . .
LLC | Locally Linear Coordination . .
LLE Locally Linear Embeddin, . . . . . . . . .
F-LLE | Hessian LLE . .
M-LLE | Modified LLE .
CMNN_| Large-Margin Nearest Neighbor Metric .
ToCH__| Local Convex Hull .

LPP__| Locality Preserving Projection . .

R Lincar i .

TSP Teast Square Projection . .
LTSA | Local Tangent Space Alignment . . .

L-LTSA | Linear Local Tangent Space Alignment .
MAF Autocorrelation Factors .

MC Manifold Charting . . .

MCA | Multiple Correspondence Analysis .
MCML__| Maximally Collapsing Metric Learning .
MDS__| Metric Multidimensional Scaling . . . . . . . . . . .
CMDS_| Landmark MDS .
MG-MDS5_| Multi-Grid MDS .
N-MDS_| Nonmetric MDS (Kruskal) . . . .
ML Manifold Learning .
MVU Variance Unfolding . . . .
FMVU | Fast MVU
CMVU_| Landmark MVO .
NeRV__| Neighborhood Refrieval Visualizer .
tNeRV__| t-NeRV. .
NMF__| Nonnegative Matrix Factorization D . D
NLM__| Nonlinear Mapping .

NN Neural Networks .

PBC___| Projection By Clustering .

PC Principal Curves . .

PCA___| Principal Component Analysis . . . . . . . . . . .
T-PCA__| Incremental PCA D .
K-PCA-P_| Kernel PCA (Polynomial) .
KPCA-R_| Kernel PCA (RBF) . . . . . .
K-PCA-S_| Kernel PCA (Sigmoid) D
LPCA__| Localized PCA .
NL-PCA_| Nonlinear PCA . . .
P-PCA__| Probabilistic PCA . .
R-PCA__| Robust PCA .
SPCA | Sparse PCA . .
PLMP__| Part-Linear Multidimensional Projection .
PLP__| Piecewise Laplacian-based Projection . .
PLSP__| Piecewise Least Square Projection .
PM Principal Manifolds .
PP Projection Pursuit .
RBF-MP__| RBF Multidimensional Projection .
RP Random Projections . .
G-RP__| Gaussian Random Projection .
S-RP__| Sparse Random Projection 0
SAM | Sammon Mapping .
R-SAM _| Rapid Sammon (Pekalska) . .
SDR__| Sufficient Dimensionali .
SFA___| Slow Feature Analysis .
SMA__| Smacof .
SNE | Stochastic Neighborhood Embedding . .
T-SNE__| t-Dist. Stochastic Neighborhood Embedding . . . .
SOM | Seli-Organizing Maps . . . .
ViSOM_| ViSOM (Visualization-induced SOM) .
SPE Stochastic Proximity Embedding .
GSVD_[ G ized SVD D
TSVD__| Truncated SVD .

TF Tensor Factorization .

UMAP__| Uniform Manifold Approxi and Proj. D

vQ Vector Quantization . .

Total | 12 6 7 i 9 9 19 it 8 6 1 8 [ #

surveys

techniques

Big and unclear ‘choice space’

« 50+ techniques

* 12 main surveys

* mainly theoretical discussion

* many parameters

» very limited practical comparison

Practitioner questions

« which projection is best for my
context (requirements, data, ...)?

* how to set its parameters?

« how to measure its quality?




a) Datasets

relevant traits
*type
+ dimensionality
* intrinsic dim. ratio
* sparsity ratio

b) Projection techniques

relevant traits
+ linearity
* input type
* neighborhoods
+ complexity
+ out-of-sample
+ ease of use

c) Quality metrics

relevant traits

+ neighborhood hit
+ trustworthiness

+ continuity

+ stress

scalar

+ Shepard diagram
+ false neighbors
* missing neighbors

distribution

sample

sample
e

Let’s measure projection errors big-scale!

sample

all nD
datasets
D
‘ Benchmark
- —
& ] -
~—— :}:
selected_ datasets
datasets 1) :i techniques
metrics
all
techniques d) Measurement
2
— ‘ parameter
optimization
selected

techniques P

metric values,
parameter values

all $

metrics
M

4

A= T

e) Analysis

selected general observations,

metrics M particular cases

19 datasets

45 techniques

6 metrics

parameter
analysis

insights

M. Espadoto et al (2019) Towards a Quantitative Survey of Dimension Reduction Techniques (IEEE TVCG)



Datasets and Metrics

Datasets
Dataset Type | Size | Size [Dimensionality | Dimensionality | Intrinsic | Intrinsic [ Sparsity | Sparsity

(tp) | (N) | class (n) class dim. (p,,) | dim. class | (vx) class
bank tables | 2059 | medium 63 low 0.0317 low 0.6963 | medium
cifar10 images | 3250 | large 1024 high 0.0706 low 0.0024 | dense
cnae9 text | 1080 | medium 856 high 0.3201 medium | 0.9922 | sparse
coil20 images | 1440 | medium 400 medium 0.0105 low 0.3858 | medium
epileptic tables | 5750 | large 178 medium 0.2191 medium | 0.0067 | dense
fashion_mnist | images | 3000 | medium 784 high 0.2385 medium | 0.5021 | medium
fmd images | 997 | small 1536 high 0.3073 medium | 0.0095 | dense
har tables | 735 | small 561 high 0.1194 medium | 0.0001 dense
hatespeech text 3222 large 100 medium 0.6130 high 0.9993 | sparse
hiva tables | 3076 | large 1617 high 0.2498 medium | 0.9091 | sparse
imdb text | 3250 | large 700 high 0.5790 high 0.9945 | sparse
orl images | 400 | small 396 medium 0.0006 low 0.9000 | sparse
secom tables | 1567 | medium 590 high 0.0102 low 0.2617 | medium
seismic tables | 646 | small 24 low 0.0417 low 0.5883 | medium
sentiment text | 2748 | medium 200 medium 0.8080 high 0.9936 | sparse
sms text | 836 | small 500 medium 0.7240 high 0.9947 | sparse
spambase text | 4601 | large 57 low 0.0351 low 0.7741 | medium
svhn images | 733 | small 1024 high 0.8734 high 0.0001 dense
Metrics
Metric Definition Type Range
Trustworthiness (M) 1-— W So deU(K) (r(z,7) — K) scalar [0, 1]
Continuity (M.) 1- m Sy dev(K) (7(3,7) — K) scalar [0,1] aggregate into
Normalized stress (M) B (A7 (xiyy) AT (P (i), Plaxcy)))” scalar (0,1] i i

o Ti; A7Gr )7 ) a single quality
Neighborhood hit (M ) fil “ﬂ%_l’l scalar [0, 1] metric V8
Shepard diagram (.5) Scatterplot (||x; — x|, |[|[P(x;) — P(x;)|]),1 <i < N,i#j point-pair
Shepard goodness (Mg) Spearman rank correlation of She{;)ard diagram scalar [0,1]
Average local error (Mq (i) | = 2.2, A" (xi,x;) — AT(P(x;), P(xJ)) local (per-point) | [0, 1]
& N—1 £<j7#i | max; j A™(x;,%x;) max; ; A4(P(x;),P(x;)) per-p !




1 (ideal)

optimal

quality
Mapt

0 (poor) GPLVM
failure

S-PCA ¥ KE )| 0.00 . ‘

0 (ideal)

optimal
parameter
variance

w- ‘ 1 (poor)

dataset averages n1 m, T W,

Insights (1)
How good are projections, for which data?

for each projection P,
for each dataset D,
compute optimal quality w; (param. grid search)

How easy is to get optimal quality?

for each projection P,
compute variance of params =; yielding optimal
quality over all datasets D,

What we see

* no projection best for all dataset types
« some are quite poor in general (N-MDS, GDA)
« dataset type strongly influences quality
(imdb: hard; orl: easy)
* hard to tune parameters to get optimal
quality (large variance of =)



& G
N ;Y &
§ QQ»Q’Q IR & 06%
Ko A
1 (ideal) . . large
2 10
preset 0.92 | 1000
quality
upreset
0(poor) | GPLYM : : 0
failure : 092 exp 200
IDMAP rand 12 200
2 100
2 10
100 S5 0.1
100 11 0.001
00 11 0.001
kmns 12 100 16
100 11 0.001
L-LTSA '
200 10
L-MDS
N-MDS 3°°
LMVU ’
rand 0 0 200
fmap 9 12 100
K-PCA-P
K-PCA-R
K-PCA-S
P-PCA -
S_PCA 0.01 1000 0.05

12.0

6

rand

dataset averages 74

1000 50

70

0.001 5

Ty Ty Ty

Insights (2)

How good are parameter-preset projections?

for each projection P;
7;P'¢ = param values yielding most times optimal
quality over all datasets D,

for each projection P,
for each dataset D,
compute quality p; using mPe

What we see

« very similar image to earlier one (optimal
techniques stay good when using presets)

* again, quality strongly depends on dataset type

+ t-SNE, UMAP, IDMAP, PBC score best on

average



Insights (3): Which projections perform similarly?

0.85
=
=
‘®©
=]
o
(6]
(@]
©
(<)
>
@©
LPP 0 55 ® FMAP
® @
® oM
L-LTSA
[}
g @ uE
@ M-LLE
GDA
[ J
@ H-LLE
@ LTSA WL
@® McML
I @ LLTSA
0 ’
W qUa//ty @ DA @ 5P
a) MDS layout " @ nos

‘Projection of projections’ map
* one point = one technique

averaged over all tested datasets)
* we see a clear quality trend

@ SRP

S-PCA @ L-MDS
) K-PCA-S
GPLVM
. PCA
K-PCAR e
® LIso

F-ICA
® 15V

@50 g nwr K-PCA-P

@ P-PCA ) LLC
® RSAM

@ PLSP

X
5 b) t-SNE layout

5 attributes (trustworthiness, continuity, norm. stress, neighborhood hit, Shepard goodness;

helps choosing projections that behave similarly to a user-chosen one



Benchmark

Tovyarfjs A Qqarrjt’itativerSu rvexof Dimension Rreductiion’ Te;hniqges All open source

* projection implementations
Projections for all datasets (best parameter set for each projection) ° d ata Sets
S * metric engines
* visualization engines
« optimization engines
* test harness
« all Python code

bank dataset

DM datalb FA data Ibl FMAP data [bl GPLVM data Ib F-ICAdata Ibl IDMAP data Ib

P,

o

Please share, use, and extend!

R N Y

I1SO data Ibl L-ISO data Ibl LAMP data Ibl LE data Ib| LLC datalb LLE datalb

H-LLE datalb M-LLE data Ibl LMNN data bl LSP data Ibl LTSAdata Ibl

MCML data Ibl MDS data Ibl L-MDS data bl N-MDS data bl L-MVU data |bl NMF data |bl

https://mespadoto.github.io/proj-quant-eval



ML for DR



Insights from our DR survey

No ideal projection technique ®

« UMAP: easy to use, quite fast, but quality not ideal
« t-SNE: quality is (very) high, but very slow, hard to tweak parameters, non-deterministic
» quality depends a lot on type of data

What we want to ultimately have

* high-quality projection

* having ‘style’ of any projection deemed good by user

« working very fast (millions of samples, hundreds of dimensions: seconds)
» easy to use (no complex parameters, ideally none)

» stable (same input data: same output projection)

+ out-of-sample (add some more data: project along existing data)

How to achieve this?



Idea: Learn the projection!

Data universe D

Test dataset Dy  Training dataset Dy

. L,

Learning phase
l Deep network
Projection technique
' Deployment
any user-chosen Projection | rerereeinaes Projection
technique P(Ds) "% Pnn(Dp)
(t-SNE, UMAP, ; : -
PCA, ...)

Deep network ‘

» take any dataset Dg and any projection technique of choice P

» project Dg with P, tweak P’s parameters, obtain good scatterplot P(Ds)
» pass Dg and P(Dg) to network, learn the mapping

* use trained network P,,, to project any other similar dataset Dp

Espadoto et al. (2020) Deep learning multidimensional projections. Inf Vis 9(3):247-269

Input: n-dimensional

Dense layer, 256 units

Dense layer, 512 units

Dense layer, 256 units

Output: 2-dimensional
Sigmoid activation



Learning different projection styles

MNIST(classes 0 and 1) Fashion MNIST(classes T-Shirts and Ankle Boots)

NH:1.0 H: 1.0 o NH:10 NH: 1.0 _NH:0.99 ) NH: 1.0 NH: 0.99 NH: 1.0

Isomap MDS LLE

PCA ' . Isomap
: NH: 1.0 NH: 0.99 NH: 1.0

~ NH:10

Ours (trained with PCA) Ours (trained with Isomap) Ours (trained with MDS) Ours (trained with LLE) Ours (trained with PCA) Ours (trained with Isomap) Ours (trained with MDS) Ours (trained with LLE)

MNIST(all 10 classes) FashionMNIST(all 10 classes)
NH: 0.47 NH: 0.51

NH: 0.49 NH: 0.37 NH: 0.54 = NH:0.61 o oo NH:0.56 8 NH: 0.62

MDS LLE PCA
NH: 0.49 NH: 0.36 NH: 0.52

Ours (trained with LLE) Ours (trained with PCA) Ours (trained with Isomap) Ours (trained with MDS) Ours (trained with LLE)

>

Ours (trained with PCA) Ours (trained with Isomap) Ours (trained with MDS)

* we can imitate basically any style
* but, of course, the output quality will depend on the training material’s quality
(good “professor’ = good quality, and conversely ©)




Learning different projection styles (cont’d)

FashionMNIST

NH: 0.74 ¥ NH: 0.59 . NH:0.53

Ours (trained by t-SNE) Ours (trained by UMAP) Ours (trained by Isomap) Ours (trained by PCA) Ours (trained by t-SNE)
“ NH: 045 : NH: 044 . NH:037 .. NH:053

Ours (trained by PCA)
NH: 0.62

tAMP LLE AEC1

. NH: 0.44 NH: 035

Ours (trained by AEC1) Ours (trained by AEC3) Ours (trained .o'n LAMP) Ours (trained on LLE) Ours (trained by AEC1) Ours (trained by AEC3) Ours (trained on LAMP) Ours (trained on LLE)




Learning different projection styles (cont’d)

Ours (trained by UMAP)

NH: 0.88

Ours (trained by AEC1)

Ours (trained by Isomap)

© NH:087

Ours (trained on LAMP)

Ours (trained on LLE)

AFC1

Ours (trained by AEC1)

Ours (trained by AEC3)

Ours (trained by Isomap)

NH:0.58

IAMP’
NH:0.58

Ours (trained on LAMP)

PCA

NH: 059

NH: 059

Ours (trained by PCA)

NH: 0.58

NH: 0.57

Ours (trained on LLE)




Learning different projection styles (cont’d)

Har

t-SNE Isomap
4 NH: 0.92 NH: 0.41
Heir
Ours (trained by t-SNE) Ours (trained by UMAP) Ours (trained by Isomap)

NH:0.76 = NH: 0.82 R NH: 0.82

Ours (trained by AEC1) Ours (trained by AEC3) Ours (trained on LAMP)

~ NH:097 ! NH:0.44 -

Ours (trained by PCA) Ours (trained by t-SNE) Ours (trained by UMAP)

NH:0.94 % NH: 0.94

Ours (trained by AEC3)

Ours (trained by AECH)

Ours (trained on LLE)

WBC

- NH:0.98 . NH: 0.90 oy NH: 094

Ours (trained by Isomap) Ours (trained by PCA)

NH: 0.82

LAMP LLE

NH:0.94 § NH: 0.94 g NH: 0.81

Ours (trained on LAMP) Ours (trained on LLE)




LAMP pt-SNE Ours (trained with UMAP) UMAP Ours (trained with t-SNE)

Ours (trained with LAMP)

2K samples

NH: 0.43

10K samples

NH: 0.45

30K samples
|

NH: 0.49

60K samples

100K samples

NH: 0.58

Out of sample capability

Testing

« train on a dataset D,

* add samples to D, to create D4, D,, ...D,

« project P(Dy),...,P(D,)

« compare with ground-truth P9(Dy),... P9(D,,)

Results

* our method is always stable
(out-of-sample capability by construction)

« most other methods are not

* we are close to the quality of parametric
t-SNE (pt-SNE)



Computational scalability

)
3 |
B T T RSNE (infer only
g eSS ....................... ours (Seed + train
g + inference)
T
® {1// -
€ I/~ o eememmmmmm
R
{1\ il
1 ';' . v Ours (infer. only) — t-SNE ---- Ours (--SNE seed + train + inference)
F UMAP Ours (UMAP seed + train + inference)
/ — MDS -~~~ Ours (MDS seed + train + inference)
/ — LAMP Ours (LAMP seed + train + inference)
01 4 — LSP -~~~ Ours (LSP seed + train +inference)
} = = Qurs (inference only)
UMAP (inference only)
-~- pt-SNE (inference only)
200K 400K 600K 800K M
Number of projected samples
Training + inference costs Inference-only costs

3K faster than t-SNE, 2K faster than LAMP + 3.5K faster than t-SNE, 2K faster than LAMP
UMAP, LSP, MDS failed handling 1M points « 10x faster than pt-SNE

Code freely available: https://github.com/mespadoto/dimp



KNNP: Improve NNP by training on neighborhoods

KNNP (approximate) KNNP (_exact)

)
e at
o,

MNIST

ground truth less fuzzy even less fuzzy

T. Modrakowski et al. (2021) Improving Deep Learning Projections by Neighborhood Analysis. Springer CCIS 50



Intermezzo: Sharpening Data by Mean Shift (MS)

200
250/ 0

data clustering
M input signal
(fuzzy)

output signal
(sharp)

point cloud processing general idea

Mean shift is a very powerful, generic, tool for finding clusters in a data distribution!

D. Comaniciu, P. Meer (2002) Mean shift: a robust approach toward feature space analysis. IEEE TPAMI 24(5), 603-619



Mean Shift for Projections

can be low-quality

4 A
500 .
N P
CD19 300 ‘ '
5 o
input nD dataset L sharpened nD dataset projection with clear clusters)
mustbe — Pl Proposed idea
high-quality! *
* Key idea
* » use MS to sharpen the nD data
. » clusters are then clearer in nD already
projection with * SO you can project this sharpened data by simpler,
clear clusters faster, hackier DR methods and still get good results

Kim et al. (2022) Visual Cluster Separation Using High-Dimensional Sharpened Dimensionality Reduction. Inf Vis 21(3)
62
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Mean Shift for Projections

LMDS

(©)

sharpened
SLMDS

0

d) a=0.12

(d)  a002

(I a002

(d) a-0.2

sharpened
t-SNE St-SNE
P :}:‘\
-
0.15
2
0.12
(e) ®  a-001
g - ¥
‘ (m) ) (n) a-0.01
%
Gy
ALY
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UMAP
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8
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(h) a=0.12

W

<

(h)y a=0.01

N

<

¥ (p) a=0.01

.
$adr
e W
¥ 4
¥

(h) a-001

« for DR methods which cannot easily separate clusters well, sharpening brings a lot (LMDS, RP)

» for methods which are already sharp, we don’t gain much (t-SNE, UMAP)

» this is exactly the idea: make simpler/faster DR methods deliver better!
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The Way Forward
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ML for DR: How to measure the quality of inverse
projections?

Gradient maps: Show areas where not to trust the (inverse) projection

PCA LLE UMAP

warm colors: tears in projection

A general framework for inverse-projection errors is missing!

Espadoto et al. (2021) UnProjection: Leveraging inverse-projections for visual analytics of high-dimensional data. IEEE TVCG
65



ML for DR: How to project time-dependent data?

Distance Neighborhood Temporal
@ preservation preservation stability
4 = =
s s § = § § =
S 5 =
= & § I 3 5 = 25 3 oz
s & S 5|8 & & S P & § &
Methods | v & & & | &5 & & & B (2 g =
AE || 0.740 | 0.804 | 0.659 | 0.519 || 0.588 | 0. 0.879 0.486 | 0.672 | 0.564 | 1.026
VAE | 0.760 0.583 [0, 0.875
TF-t-SNE
G-t-SNE

dt-SNE

TF-UMAP
G-UMAP

TF-PCA
G-PCA

PCA variants | Graph/neighborhood methods |Autoencoders

0.8050.442 0.546 | 0.485 | 0.904 | 0.867 0.586 | 0.673 | 0.580 | 0.827
e = h P = m 5 21 o 3 =

low quality high quality

0.778

Only a handful of dynamic projection techniques exist
Visual quality and stability seem to be mutually exclusive goals (!)

E. Vernier et al. (2020) Quantitative Evaluation of Time-Dependent Multidimensional Projection Techniques. CGF 66



ML for DR:

How to project time-dependent data?

PCA a) Datasets and techniques GPCA overall b) Stability
AE g G-+SNE AE \pe GSNE good - P
G-tSNE GsNe © quality , - h
TE-PCA G-tSNE VAE AE o) TR-PCA @  GASNE 7 VAE AE
G-UMAP GAMAP cpeA o ©" cumr © / \
3 | VAE G-UMAP ! AE G-PCA VAE \
TF-PCA  vag R UMAP TFECA  vap
§ e dt-SNE G-PCA VAE ) dt-SNE G-PCA VAE G p)
G-UMAP -SNE 6.1.9NE G-PCA G-PCA G-UMAP @ CSNE | G-PCA G-PCA
i dt-SNE AE TF-PCA ¢ VAE | ® © dsNE AE TF-PCA VAE ]
d-SNE GLSNE 1 e VAE G-UxAP AE OSNE GLSNE e vag VAE . © GUMAP AE
s : b SPCA GSNE ® e 5 ] ron Bishe ;
g © AE
d-SNE  Tr.LSNE 3 E G-£CA TF-PCA d-SNE  Tr.4.SNE ® GPCA | OTFPCA
TEUMAP G-WAP G-I-S’NE . — ./;E ® Trumap G-U.MAP th-ng G:CA JFeos \\A.E oae
TF-SNE GHSNE™  1rpca - TF-ASNE GASNE@ [ppcy | @ -7
Fasng. TEUWAP GUMAP TERH qoroiE TFLSNE .. Guwe  cuw TS @ F
h TF-t-SNE - TF--SNE
G-UMAP VAE G- G.UMAP VAE G-PCA
GASNE g TEPCA % 58 GISNE@ @ ® A @ @ high
ST sl TRUWP Fuwe® g A TF.UMAP Tume® o 19
/oGupap ! ; G-UMAP TFUMAP
/ (Y S Tresng TUMAP cyre  frone - ;‘;ﬂf;g:gg 2 CEE ® S TP cdwe  dsie
iy s TF-UMAP
| s M 0w Trashe P - rmv:slgt : I;FttssNr\I‘EE GG @ U T.F.‘.SNETF +SNE &
| TF-SNE -t A
WSNEA  TF4SNE Py esc50 A dt-SNE ASNE@  @TFSNE d?SNE
1 - | . it
\ TEPcA® TF-POA TSN gg:.tl:;(draw :gFUL’{ANX;P T . TChg @ oF e . stability-vs
 § I = . .
‘e 12 FAESNE @ TrUMAP cartolastd @ TF-PCA Ve ® .. ASNE@ @TF-UNAP spatial quality
S G-PCA” TF--SNE glables @ G-PCA G-PCA TF--SNE trade-off
SIS TF-UMAP == fashion TF-UMAP |
e c) Distance preservation P d) Neighborhood preservation
GASNE AE.VAE G&E e @ e GSNE
@ TF-PCA Gt-SNE AE @® TF-PCA G-SNE AE
© " Shwe © ‘e, °® o Qe ® b T )
G-UMAP G-PCA VAE G-UMAP G-PCA” VAE
-UMAP TERCA  \pE A iE UMAP TRPCA  \ag e 18
UM d"ng GSNE G'Pc‘f ® G-PCA G-PCA GUNAR ""SgE GSNE G'PCA.' G-PCA G-PCA
i ® s ( '3 TF-PCA VAE e ® dtsne AE TF-PCA VAE
dt-SNE . SNE G-UMAP AE dt-SNE  g.SNE ©® G-UMAP AE
® @ LU \AE@ VAE ® @ TEUMAP @ VAE )
® @ seca GLENE ) p— GLSNE
A G ag G
dtSNE  TRSNE e @ &« G-PCA TF-PCA dtSNE  TFLSNE GFPCA TF-PCA
® ey CYN GigpE G.PCA TF-PCA . ® rume S cusne TF-PCA e
TFASNE GLSNE®  [rocp O TF-+SNE GHSNE®  1ppcp
Froneed TUMP GuIAP T e i WP cump @ s < s
. o g ZF--SNE ViE G2on N G-UMAP Z-+SNE VAE G-PCA
G+SNE@ TF-PCA ® high GH-SNE g TERCA '@ @ high
TF-UMAP TF-UMAP® o, Y TFQMAP TF-UMAP °
G'UMAP TELSNE g AP GgMAP .dt-SNE G'U%AP TresnE TOMAP G-UMAP - dt-SNE
TF-UMAP TF-UMAP
G-tSNE® .U TF-UMAP TF-t-SNE dt-SNE G-+SNE@ .U TF-UMAP TF-+SNE dt-SNE
y 00 ggrrisnve © y (§) @TFSNE
dt-SNE TF-t-SNE HSNE dt-SNE® TF-t-SNE HSNE
TF-PCA TFPChy @ gTF4SHNE TF-PCA ThPChy @ _TReSNE
VAE ALSNE ) TF-UMAP wae® HSNE® TF-UMAP
G-PCA TF-SNE G-PCA TF--SNE |
TF-UMAP low TF-UMAP ow

Visual quélity and stabilit—y seem to be mutually exclusive goals (!)

E. Vernier et al. (2020) Quantitative Evaluation of Time-Dependent Multidimensional Projection Techniques. CGF
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DR for ML: Visualizing general regressors

Dimensions (n)
5 7

N
w
[y
o
N
o

Decision Tree Random Forest SVM

e

Linear

Rosenbrock

Step

Sphere
Air Quality Air Quality

visualizing nd-to-1D regressors

Rastrigin

Styblinski-Tang
. . ®
I : ..
0'4 %
a: “

visualizing optimizers
How to visualyze any nD-to-mD regressor?

Espadoto et al. (2021) OptMap: Using Dense Maps for Visualizing Multidimensional Optimization Problems. Proc. IVAPP
Espadoto et al. (2023) Visualizing High-Dimensional Functions with Dense Maps. Springer CCIS 68



DR for ML: More information in a projection

|
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. ‘ b

A

explain projection structures by dimension values encode information

in projection shape

A projection should tell a rich, complete, insightful story about the data!
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Thank you for your interest!

Alex Telea

a.c.telea@uu.nl

. vig.science.uu.nl
webspace.science.uu.nl/~telea001 g» T

{? Utrecht University
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