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LIMITED LABEL LEARNING - WHY?

For :there is an economic incentive to reduce
the amount of labelled data needed

For : the goal of Al is to build models with
human-level learning capabilities

Humans learn from 5 samples, not 5,000!




LIMITED LABELS LEARNING APPROACHES

Unsupervised Semi-supervised Active learning Domain
learning learning adaptation
« Nolabels [ | *  Limited labelled | [+ Fewlabels | | « Labelled data for
available data, unlabelled provided by an other domains,

* Learn cluster
membership

* Learn feature
representation

* Find recurring
patterns in data

data often
abundant

* Build model on
labelled +
unlabelled data,
infer missing
labels (inductive)

* Infer new labels
based on
properties of
known points
(transductive)

oracle, based on
model’s queries

* Definition of a
query policy
(when does the
model request
new labels?)

*  Model identifies
regions of input
space of low
confidence

no labelled data
for target domain

*  Supervised
learning on
resource-rich
domain

* Transfer
technique to
propagate
knowledge to
target domain
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LIMITED LABELS LEARNING APPROACHES:

MAIN CONTRIBUTIONS

Unsupervised
learning

Semi-supervised
learning

2-step training of
self-organizing
maps

Explicit
confidence-based
FixMatch

Active learning

* Few labels
provided by an
oracle, based on
model’s queries

* Definition of a
query policy
(when does the
model request
new labels?)

*  Model identifies
regions of input
space of low
confidence

Domain
adaptation

Cross-lingual
propagation of
sentiment
information
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UNSUPERVISED LEARNING

Unsupervised
learning

* No labels
available

* Learn cluster
membership

* Learn feature
representation

* Find recurring
patterns in data

Main properties
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SELF-ORGANIZING MAPS

SOMs are unsupervised neural networks 177777
MT71777

Producing low-dimensional representations of high- T17177
dimensional data 99997
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During training, SOM weights are iteratively updated 4 4 4 4 ¢
to resemble inputs in a dataset Q449494
L : Q94499

After the training, the SOM has learned: QYyqe
what the inputs “look like” Q4Y ¥
(PEPRTR
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For example,“7” is close to “l”, far away from “0 bbobbd
Expressive power of SOM depends on its granularity! & & & & 6
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2-STEP TRAINING

tuning
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(2) Fine tuning the weights

Large SOM with

of dataset
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Giobergia, F., & Baralis, E. (2019, December). Fast Self-Organizing Maps Training. In 2019 IEEE International Conference on Big Data

(Big Data) (pp. 2257-2266). |EEE.
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(DIGRESSION)
SOM & RSD

* Collaboration with UniTO

* Dept. of Physics

* ML applied to RSD sensors

* Resistive Silicon Detectors

* From signals to particle position

* (+ time, as a next step!)

TIH ME-8ST D14 ;




(DIGRESSION) &
SOM & RSD §
Collaboration with UniTO » e e i
Dept. of Physics S ["_‘3} “g b
ML applied to RSD sensors . S 4 E ;
Resistive Silicon Detectors § R 1 g g
From signals to particle position e E :
(+ time, as a next step!)




PRELIMINARY RESULTS

* From signals to (x, y) coordinates A
* Multi-output regression problem \; A
* Data from experimental sessions
* Approaches: i g
8
* Feature extraction + tree-based approaches * :
* Feature extraction + FCNN ) |
 Multiple sensors studied -
* Spatial resolution ~ 5 um ~

Siviero, F, Giobergia, F., Menzio, L., Miserocchi, F, Tornago, M., Arcidiacono, R., ... & Sola,V. (2022). First experimental results of the spatial
resolution of RSD pad arrays read out with a |6-ch board. Nuclear Instruments and Methods in Physics Research Section A:Accelerators, Spectrometers,
Detectors and Associated Equipment, 1041, 167313.

Tornago, M., Giobergia, F., Menzio, L., Siviero, F, Arcidiacono, R., Cartiglia, N., ... & Sola,V. (2023). Silicon sensors with resistive read-out: Machine
Learning techniques for ultimate spatial resolution. Nuclear Instruments and Methods in Physics Research Section A:Accelerators, Spectrometers,
Detectors and Associated Equipment, 1047, 167816.




EVENTS TO (COARSE) IMAGES

Each event (particle passage) can be
seen as a coarse image

3x3, 4x3, and similarly low resolutions

Image-based approaches come to
mind...

But what good are these low-res
images!?

Can we enhance them?




SOM-BASED ENHANCING

Train a supervised SOM

Active (winning) neurons known in advance
Ground truth coordinates of each event

Images obtained as activation maps

Larger SOM = more fine-grained images
25x25, 5050, 100x100 =>»

Suitable candidate for 2-step training!
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DOMAIN ADAPTATION

dog
fo=ad

N

Domain
adaptation

* Labelled data for
other domains,
no labelled data
for target domain

*  Supervised
learning on
resource-rich
domain

* Transfer
technique to
propagate
knowledge to
target domain
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CROSS-LINGUAL PROPAGATION

In NLP there is a long-standing resource availability problem:
English vs other languages

Cross-lingual propagation approaches:
Learn from English
Propagate learned notions to other languages

Dong and de Melo, 2018 introduce sentiment
embeddings

words mapped to latent vectors based on sentiment

Vectors learned in English (high-resource domain), propagated to
other languages (low-resource domains)




INFERENCE

SENTIMENT EMBEDDINGS

) Linear
Classifier |

English dataset
context |

a Linear
Classifier 2

English dataset
context 2

Word | 0.9 \
Word 2 0.1

Word 3 -0.5

Word M 0.2

Word | 0.5
Word 2 0.4
Word 3 -0.1

Word M 0.7

# Linear
Classifier N

Word | 0.1
Word 2 0.9
Word 3 0.3

English dataset
context N

Word M -0.5 }

Context | Context Context
I 2 N
Word | 0.9 0.5 0.1
Word 2 0.1 0.4 0.9
Word 3 -0.5 -0.1 0.3
Word M 0.2 0.7 -0.5




SENTIMENT PROPAGATION
(LEXICON-BASED WORD GRAPH)

Lexicon ‘word | tgt:word A

:word | = tgt:word A
:'word 2 = <rc:word 3 Q Q

tgt:word A = tgt:word B

:word 2 = tgt:word B
:word 2 < tgt:word A Q Q

tgt:word B
: Source language (e.g. English) :word 2

tgt: Target language (e.g. Italian)

:word 3




SENTIMENT PROPAGATION
(VECTOR INITIALIZATIONS)

91 5 |...] .1 ? 2 O
:word | tgt:word A
Context | Context | ... | Context

[ 2 N
Word | 09 0.5 0.1
Word 2 0.1 0.4 0.9
Word 3 -0.5 -0.1 0.3 Q
Word M 0.2 0.7 -0.5 dB Q Q

tgtIWOI" .
7 7 , :word 2 ‘word 3




SENTIMENT PROPAGATION
(GRADIENT DESCENT)

9 S ? ? ?
:word | tgt:word A
Context | Context | ... | Context
[ 2 N )
Word | 09 0.5 0.1
Word 2 0.1 0.4 0.9
Word 3 -0.5 -0.1 0.3
- Q
Word M 0.2 0.7 -0.5
tgt:word B
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SOME PROBLEMS

The approach requires a lexicon!
source language<> target language
Lexicons are hard to obtain
Particularly for less commonly spoken languages
The lexicon may not be exhaustive
Many translations may not be explicitly included
Loss function poorly defined

Minimization cannot converge!

Lexicon

:'word | = tgt:word A

'word 2 2 <rc:word 3

tgt:word A = tgt:word B

:word 2 = tgt:word B

:word 2 =2 tgt:word A




ALIGNED WORD EMBEDDINGS-
BASED WORD GRAPH

Use aligned word embeddings to build the graph
No need for a lexicon (only alighed word embeddings)

Automatic extraction of semantic relationships among
multilingual words from latent space

|

eccellente
o

X

excellent

o
. uono
ottlmo.
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Source word embedding == Target word embedding L1




GRAPH CONSTRUCTION

excellent

eccellente
o

X

ottimo
buono

\\
1>

AN

Source word embedding &=

>

excellent

Target word embedding I O

excellent | similarity
eccellente 0.95
ottimo 0.84 O
buono 0.56 ottimo
eccellente
(K=13) buono




SOME RESULTS

No lexicon required,
AND better performance!
Tested on binary sentiment prediction tasks:
Positive/negative classes
7 languages, 9 datasets
Various types of reviews

Text = sentiment + word embeddings

Classifiers:
RE SVM
CNN, DC-CNN

Our method Dong and De Melo
Dataset gy RF  SVM  RF
cs 0.7403 0.7198 0.7227  0.7297
de 0.6847 0.6981 0.6495 0.6756
es 0.6131 0.531 0.4451 0.4892
fr 0.7021 0.7291 0.6389  0.6764
it 0.8256 0.794 0.6805 0.6644
nl 0.6869 0.6369 0.5903  0.6022
ru 0.6840 0.6112 0.7221  0.7009
IT, 0.8439 0.8424 0.7435 0.7311
IT, 0.8441 0.8427 0.7415  0.7494
Dataset Our method Dong and de Melo
DC-CNN CNN DC-CNN CNN
cs 09311 0.9226 0.9241 0.9149
de 0.8701 0.9046 0.8838 0.8874
es 0.6845 0.6435 0.6834 0.6611
fr 09168 0.9078 09104  0.8988
it 0.9339 09361 09365 0.9285
nl 0.7087 0.7352 0.7195 0.7273
ru 09258 09141 0.8978 0.9187
IT, 0.9272 09526 09217 09471
IT, 0.9366 0.9539 09305 0.9539




BEYOND SENTIMENT ANALYSIS

The same approach can be used in other NLP tasks
E.g. propagation of embeddings trained for custom domains

And even outside of NLP!

When there are entities that can be linked across domains

E.g. social networks: same users, different platforms




SEMI-SUPERVISED LEARNING

m

Semi-supervised
learning

* Limited labelled
data, unlabelled
data often
abundant

* Build model on
labelled +
unlabelled data,
infer missing
labels (inductive) dog cat

* Infer new labels
based on
properties of
known points
(transductive)




PSEUDO-LABELLI
CONSISTENCY REGULA
FIXMATCH

NG +
RIZATION =

Weakly-
augmented

Unlabeled
example

Strongly-
augmented

Prediction Pseudo-label
______ I N I
--- -- —————
Y

Prediction }/[ H(p, q) ]
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PSEUDO|

CONSISTENCY

F1X

Unlabeled
example

xr

“panda’,
57.7% confidence

+.007 x

sign(Vg J (0, x,y))

“nematode”

8.2% confidence

T+
esign(VgJ (0, z,y))
“gibbon”

99.3 % confidence

Weakly-
augmented

Threshold on
softmax output...

is it realiable?
Prediction Pseudo-label

-I-II- 1 e e e Bl e
Prediction !
H(p,q) |




EXPLICIT CONFIDENCE
MECHANISM (SUPERVISED)

—————— Confidence
Weak _ ______ ; [ loss ]
, Model .
augmentatlon Model prediction
Adjusted

(softmax)
Orlglnal Weakly E —> prediction
input augmented .
input « l
Ground truth
hdog L[ o
entropy loss




EXPLICIT CONFIDENCE

MECHANISM (SUPERVISED)

A

Weak
augmentation

Orriginal
input

Low-confidence predictions receive
aid in the prediction made
\

- m d Model prediction

Weakly (softmax)

augmented
‘ round truth

input

i Confidence ]

loss

Adjusted

*l‘k

prediction

l

7

Cross- ]
| _entropy loss




EXPLICIT CONFIDENCE
MECHANISM (SUPERVISED)

Explicit confidence prediction,
with penalty for low confidences

\" Confidence [0, 1]
- = _ ————— 1 Confidence
Weak | B9 | o .. |/ " ~ "~ 77 : y [ loss ]

- . - | => | Model
# augmentation n. Model prediction
Adjusted

- (softmax)
erglnal Weakly E —> prediction
input augmented .
input « l
Ground truth
hdog L[ o
entropy loss
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EXPLICIT CONFIDENCE
MECHANISM (UNSUPERVISED)

1 Confldence [0, 1]

-l

Weak
augmentation g - — m<: del predlct|on

Orriginal
input

Mo e Pseudo-label
Weakly (so max) inference
augmented input l

!

Strong N o Model Cross-
augmentation i~ 5 Model predictioi | entropy loss

Strongly (softmax)
augmented input
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MECHANISM (UNSUPERVISED)

EXPLICIT CONFIDENCE

Threshold on explicit con

fidence

for pseudo-label generation \

1
1 Confldence [0, 1]

= Weak .
augmentatlon

Orriginal
input

- - — m< del predlctlon

v

seudo-label
inference

Mo P
Weakly (softmax)
augmented input |

\ [ Strong

augmentation

.

| — — —
3 Model predlctlon entropy lo

Strongly (softmax)
augmented input




(PRELIMINARY) RESULTS

CIFARIO, Ik training iterations 1.0/
40 labels 250 labels 4000 labels
St Top-1 top-5 top-1 top-5 top-1 top-5 L
FixMatch 18.94+1.16 67.21+1.44 33.75+1.58° 84.70+£0.81 2998+1.78 84.40+2.17 o
ConFixMatch 23.514+1.06 72.61+1.60 31.79+1.69* 87.02+0.69 43.70+3.18 92.11+1.56 o o
.8 .
o g 5 9 =
CIFAR100, Ik training iterations 8.4
40 labels 250 labels 4000 labels
Pctied top-1 top-5 top-1 top-5 top-1 top-5
FixMatch 23.34+1.01" 69.59+1.16 4526+0.82 90.53+049 67.00+£0.95 97.56+0.16* 0.2
ConFixMatch 25.43+1.14° 73.64+t1.87 4728+1.01 92.12+034 69.15+0.76 97.71+0.27* —— FixMatch
0 200 400 600 800 1000

Batch

1.0
0.9
+0.8
r0.7
0.6

conf

+0.4

0.3
0.2

0.1




(PRELIMINARY)

RESULTS

CIFARIO, Ik training iterations

Method 40 labels 250 labels 4000 labels
Top-1 top-5 top-1 top-5 top-1 top-5

FixMatch 1894+1.16 67.21+1.44 33.75+1.58" 84.70+0.81 29.98+1.78 84.40+2.17
ConFixMatch 23.51+1.06 72.61+1.60 31.79+1.69* 87.02+0.69 43.70+3.18 92.11+1.56

CIFAR100, Ik training iterations

Method 40 labels 250 labels 4000 labels
top-1 top-5 top-1 top-5 top-1 top-5

FixMatch 23.34+£1.01" 69.59+1.16 4526+0.82 90.53+049 67.00+£0.95 97.56+0.16"
ConFixMatch 25.43+1.14° 73.64+1.87 47.28+1.01 92.12+0.34 69.15+0.76 97.71+0.27*

a N
1.0 1 1.0
0.9
0.8 L0.8
[} 0.7
2
S 0.61 0.6 +
o §
€ L0.5~
S ‘
0.41 |/ L0.4
0.3
0.2 0.2
—— FixMatch 0.1
0 200 400 600 800 1000
Batch
g Y

Models with explicit confidence
become more confident faster
(not necessarily correct, though!
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