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Il tetto di questo mulino a vento @
e realizzato in paglia, un

materiale tradizionale utilizzato per
la copertura grazie alle sue
proprieta isolanti e alla capacita di
resistere alle intemperie.
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Deep Learning (aka Al) 4
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Karen Simonyan and Andrew
ZissermanVery Deep Convolutional
Networks for Largescale Image

conv? Recognition ICLR 2015

Deep learning is
representation learning !

A Krizhevsky, | Sutskever, and GE Hinton,
2012 Imagenetclassification with deep
convolutional neural networks NIPS 2012.
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Impact of computer vision research A4

Publication h5-index h5-median G
488 745 o

bogle

1. Nature

2 IEEE/CVF Conference on Computer Vision and Pattern Recognition 440 bad
3 The Mew England Journal of Medicine 434 aa7
4. Science 409 633
5 MNature Communications 375 492
6. The Lancet 368 678
T Meural Information Processing Systems 337 614
g Advanced Materials 327 420
9. Cell 320 482

10. International Conference on Leaming Representations 304 Ho4



Novel-View Synthesis (Radiance Field) [S‘A\é]

https://lumalabs.ai/

3D Gaussian Splatting, 2023


https://lumalabs.ai/

More Generative Tasks [S‘)A\Q

Genie (Luma Al)

A photorealistic image of a panda wearit

the jersey of Bologna FC and teaching tc . _ _
LatentDiffusionModels, group of very interested frogs A panda wearing the jersey

2022 GtableDiffusion DALL E 3 (Bing) of Bologna FC
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Industrial Anomaly Detection (IAD)

Good (nominal ) samples are abundant and easy to collect , whereas defects are rare

and (often) unpredictable
ms) [earn to model good samples only !

MVTec AD
Dataset [1]

NominalSamples AnomalousSamples AnomalySegmentation



Learning to reconstruct good samples (1) | 4
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Input Image Reconstrucéd Image

AutoEncoder Network

Encoder -Decoder architecture trained to reconstruct the inputimages



Learning to reconstruct good samples (2) | =4

o -

Input Image Reconstrucéd Image

The models learns to reconstruct good samples only.
Hence, when provided with an anomalous sample, the
reconstructed image looks different from the input one.



Learning to reconstruct good samples (3)
]

Input Image

Reconstrucéd Image

The difference
between the input
and reconstructed
Image highlights
anomalies

AnomalyMap




Stateof-the-art Anomaly DetectiofPatchCorg2] [LAB
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SeltSupervised Learning and Vision Foundation MC{O@I‘%]
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MAEC MaskedAutoEncoder5]

decoder

A Vision Foundation Models

(VFM) are image encoders
trained on huge unlabelled
datasets by self-
supervised learning .

VFM provide high -quality
and general -purpose
features to be used
without any further
training for a variety of
diverse downstream tasks.

Prominent VFM are DINO
[3,4] and MAE ( left).



Industrial Anomaly Detection goes Multimodal (RG%@MJ

omputer Vision Laborat

Good samples Anomalous samples

EyecandiePataset [7]




CrossmoddFeature Mapping [8] A
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B
Fop Interpolation . ' M 2D—3D

RGB Image

Point Cloud

Pyp | ; o [ terpota B ' :
1 erpolation ' 4
' . E Map-ap :

(i) Feature Extraction

A Two lightweight MLPs are trained solely with
nominal samples so to predict foundational
features across the two modalities .

A At inference time, the differences between
predicted and actual fatures are aggregated
‘into the final anomaly map.



Quantitative results on MVTec-AD SAA
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Method Bagel Cable Gland Carrot Cookie Dowel Foam Peach Potato Rope  Tire Mean
DepthGAN [5] || 0.538 0.372 0.580 0.603 0430 0.534 0642 0.601 0443 0.577 || 0.532
DepthAE [5] 0.648 0.502 0.650 0488 0.805 0.522 0712 0529 0540 0.552 || 0.595
DepthVM [5] || 0.513 0.551 0477 0581 0.617 0.716 0450 0421 0.598 0.623 || 0.555

L || VoxelGAN [5] || 0.680 0.324 0.565 0.399 0497 0482 0566 0.579 0.601 0482 || 0.517
a VoxelAE [5] 0.510 0.540 0.384 0.693 0446 0.632 0550 0494 0.721 0413 || 0.538
5 VoxelVM [5] 0.553 0.772 0484 0.701 0.751 0.578 0480 0466 0.689 0.611 || 0.609
I BTF [17] 0.918 0.748 0967 0.883 0932 0582 0.89% 0912 0921 0.886 | 0.865
AST [34] 0.983 0.873 0976 0971 0932 0.885 0974 0981 1.000 0.797 || 0.937

M3DM [40] 0.994 0.909 0972 0976 0960 0.942 0973 0.899 0.972 0.850 | 0.945

Ours 0.994 0.888 0984 0993 0980 0.888 0941 0943 0.980 0.953 || 0.954

Ours-M 0.988 0.875 0984 0992 0997 0924 0964 0.949 0979 0.950 || 0.960
DepthGAN [5] || 0.421 0.422 0.778 0.696 0494 0.252 0285 0362 0402 0.631 || 0.474
DepthAE [5] 0.432 0.158 0.808 0491 0.841 0406 0262 0216 0.716 0478 || 0.481

¥ || DepthVM [5] || 0.388 0.321 0.194 0570 0408 0.282 0.244 0349 0.268 0.331 || 0.335
& || VoxelGAN [5] || 0.664 0.620 0.766  0.740 0.783 0.332 0582 0.790 0.633 0.483 | 0.639
g VoxelAE [5] 0.467 0.750 0.808 0550 0.765 0473 0.721 0918 0.019 0.170 || 0.564
& || VoxelVM [5] 0.510 0.331 0413 0.715 0.680 0.279 0300 0.507 0.611 0.366 || 0.471
g BTF [17] 0.976 0.969 0979 0973 0933 0.888 0975 0981 0.950 0.971 | 0.959
< AST [34] 0.970 0.947 0981 0939 0913 0906 0979 0982 0.889 0.940 || 0.944
M3DM [40] 0.970 0.971 0979 0950 0941 0932 0977 0971 0971 0.975 || 0.964

Ours 0.979 0.972 0982 0945 0950 0.968 0980 0.982 0.975 0.981 || 0.971

Ours-M 0.980 0.966 0982 0947 0959 0967 0982 0983 0.976 0.982 || 0.972

18]



Quantitative results on MVTecAD
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Qualitative results on MVTec-3D I
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Bagel Cable Gl.  Carrot Cookie Dowel Foam Peach Potato
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Computer vision for personalized maxillofacial surgery[ i ]

HAMLET Head and faceAutomated reconstructio
via MachineLE&arningJechniques
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Neural Shape Completion for Surgical Planning [10, 11(<<\/

How totrain the neural

network ?

EncoderDecoder Network

Shape Code




Dataset ant 2@iraining <N/
1 00000000
CQ500:385CT scans

of eumorphicsubjects

We simulate malformations
by randomly removing
regions of different
positions and sizes from the
CT scans of CQ500.




Experimental Results </

LAB
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Reconstructed Ground Truth Reconstructed Ground Truth
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FieldsAnd Neural Fields [S‘L}é]
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A field is a function
defined for all spatial
coordinates

Signed Distance Field (SDF
a 01
Image Implicit Surface

e

Magnetic Field
a 0 1

A neural field is a field
parameterizedoy a

wN 4
neural networ
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Neural Radiance Fieldd¢RFs[12] [S‘LB]
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Train aneuralnetwork (NeRF to novelimages fromany
Given N (e.g. 100)osedimages predict the directional radiance viewingdirection

and density of points inspace (volumericrendering)



Howit works Aolumetrid&Rendering [L@A\é]

oooooooooooooooooooo

(x.2.0,6) _,[IDD_,(RGBJ) A NeRHsjust anMLPth_at i:_sque_ried.with the 3Dcoordinatesc_)f a
point in spaceand theviewingdirection of the camera tqredict
F@ a colorand adensityvalue

Ry 2 m\&\u‘ﬂ; a, Ray I/’ /—Wi. ot 2
s ”ﬁg&&& Ay i‘ :

, a, /.\Rayz /'/-—“\4. _gt 2

2

Foay Distance

To render an imagaye sample 3D pointalongrayspassinghroughthe camera center and
pixels. Once color antkensityare predicted they are accumulatedalongthe raysto obtain pixel
colors. At training time, the MLIBoptimizedby aphotometric loss



Key Advantages [ A ]
_

A A NeuralReld is a highly compressed
and continuous representationwhich
disentangleamemory cost and spatial
resolution Indeed, with a fixed and " '
small number of parametersone can =&
output a 3D surfaceor image at any i BFPSeSSSES | SN
arbitrarily fine resolution.

A Thisrepresentationis applicableto manysignalsof interest




NFsare a novelrepresentatiom or 3 D ODb |
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Multiple Triangle :
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nf2vec [13,14]

/ nf2vec : nf2vec latentvectors \
embedsNF€weights can be input to standardNs
Into compactatent vectors to tackle downstream tasks

CLASSIFICATIC

DN

UNCONDITIONED
GENERATION

RETRIEVAL

| PART SEGMENTATI&JN

COMPLETIOIIJ

SURFACE
RECONSTRUCTION
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nf2vec

encoder
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input layer:
A Weights
A Biases

L +1 hiddenlayers
L lineartransforms

A weightJiEEEEEN

A Biases

output layer:
A Weights
A Biases
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