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Key Process Technology in Manufacturing
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Mass-Market Consumer Products  



Deep Learning (aka AI)

2012
A Krizhevsky, I Sutskever, and GE Hinton, 
Imagenet classification with deep 
convolutional neural networks. NIPS 2012. 

Karen Simonyan and Andrew 
Zisserman, Very Deep Convolutional 
Networks for Large-scale Image 
Recognition, ICLR 2015

Alexey Dosovitskiy et. at., An image is 
worth 16x16 words: Transformers for 
image recognition at scale. ICLR 2020. 

2020

Deep learning is 
representation learning !



Impact of computer vision research 



Novel-View Synthesis (Radiance Field) 

https://lumalabs.ai/  

NeRF, 2020

3D Gaussian Splatting, 2023 

https://lumalabs.ai/


More Generative Tasks  

A photorealistic image of a panda wearing 

the jersey of Bologna FC and teaching to a 

group of very interested frogs 

DALL E 3 (Bing)

A panda wearing the jersey 

of Bologna FC

Genie (Luma AI)DDPM akaDiffusionModels, 2020 

LatentDiffusionModels, 
2022  (StableDiffusion) 



MLLMs (Multimodal Large Language Models) 

LLaVA: Large 
Language and 
Vision Assistant

Timeline of MLLMs (https://arxiv.org/pdf/2401.13601) 

https://arxiv.org/pdf/2401.13601


Deep Learning (aka AI) ? 
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Itõs happening



Industrial Anomaly Detection (IAD)

NominalSamples AnomalousSamples AnomalySegmentation

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

and (often ) unpredictable
Learn to model good samples only ! 

MVTec AD 

Dataset [1] 
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Learning to reconstruct good samples (1)

Input Image

AutoEncoder Network  

Encoder -Decoder architecture trained to reconstruct the input images 

Reconstructed Image

E D
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Learning to reconstruct good samples (2)

Input Image

E D

Reconstructed Image

The models learn s to reconstruct good samples only .

Hence, when provided with an anomalous sample , the

reconstructed image looks different from the input one.
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Learning to reconstruct good samples (3)

Input Image Reconstructed Image

-

AnomalyMap

The difference

between the input 

and reconstructed

image highlights  

anomalies
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State-of-the-art Anomaly Detection: PatchCore [2]
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Self-Supervised Learning and Vision Foundation Models

Å Vision Foundation Models

(VFM) are image encoders 

trained on huge unlabelled

datasets by self -

supervised learning . 

Å VFM provide high -quality

and general -purpose

features to be used

without any further

training for a variety of 

diverse downstream tasks.

Å Prominent VFM are DINO 

[3,4] and MAE ( left ).

MAE ςMaskedAutoEncoder[5]
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Industrial Anomaly Detection goes Multimodal (RGB+3D) 

MVTec 3D-AD Dataset [6]  Eyecandies Dataset [7]  
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Crossmodal Feature Mapping [8]

Å Two lightweight MLPs are trained solely with 

nominal samples so to predict foundational

features across the two modalities . 

Å At inference time, the differences between

predicted and actual fatures are aggregated

into the final anomaly map. 
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Quantitative results on MVTec 3D-AD 
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Quantitative results on MVTec 3D-AD 
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Qualitative results on MVTec 3D-AD



Computer vision for personalized maxillofacial surgery

DISI

DIBINEM

Lw//{ {ŀƴǘΩhǊǎƻƭŀ

DIMEC

HAMLET - Head and face Automated reconstruction 

via Machine LEarning Techniques



Neural Shape Completion for Surgical Planning [10,11]

Encoder-Decoder  Network 

How to train the neural

network ?



Dataset and Self-Supervised Training

We simulate malformations  

by randomly removing  

regions of different 

positions and sizes from the 

CT scans of CQ500. 

CQ500:  385 CT scans 
of eumorphic subjects. 



Pre-Operative ReconstructedSurgeonPrompt

Ground Truth Reconstructed Reconstructed Ground Truth 

Mean Accuracyº2 mm

Experimental Results



Fields

A field is a function 
defined for all spatial  

coordinates

Signed Distance Field (SDF)
ᴙ ᴼᴙ

 Implicit Surface  

RGB Intensity Field
ᴙ ᴼᴙ

Image

Magnetic Field
ᴙ ᴼᴙ

And Neural Fields

ὼɴ ᴙ Ὢὼᶰᴙ
A neural field is a field 

parameterized by a 
neural network



Neural Fields for Images and 3D Objects

ὼȟώ ὙȟὋȟὄ

ὼȟώȟᾀ ίὨὪὼȟώȟᾀ



Neural Radiance Fields (NeRFs) [12]

Given N (e.g. 100+) posedimages 

So asto synthesize
novel images from any

viewingdirection
(volumericrendering)

ὼȟώȟᾀȟ—ȟ‰ ὙȟὋȟὄȟ„

Train a neuralnetwork (NeRF) to 
predict the directional radiance
and densityof points in space



A NeRFis just an MLPthat isqueriedwith the 3D coordinatesof a 
point in spaceand the viewingdirectionof the camera to predict
a  color and a densityvalue.

How it works ? VolumetricRendering

To render an image, we sample 3D points alongrayspassingthroughthe camera center and 
pixels. Once color and densityare predicted, they are accumulatedalongthe rays to obtainpixel 
colors. At training time, the MLP isoptimizedby a photometric loss. 



Key Advantages

ÅA Neural Field is a highly compressed 
and continuous representation which 
disentangles memory cost and spatial 
resolution. Indeed, with a fixed and 
small number of parameters one can 
output a 3D surface or image  at any 
arbitrarily fine resolution.

ÅThis representation is applicable to many signals of interest. 



NFsare a novelrepresentationfor 3D Objectsé.

Triangle
Mesh

é. can we design NNscapableof processing NFs? 

Voxel
Grid

Multiple
Images  
(NeRF)

Point 
Cloud



nf2vec [13,14] 

nf2vec :
embedsNFsΩ weights

into compact latent vectors

nf2vec latentvectors
can be input to standard NNs
to tackle downstream tasks

<NF0

<NF2

<NF3

<NF4

PART SEGMENTATION

UNCONDITIONED 
GENERATION

SURFACE
RECONSTRUCTION

CLASSIFICATION

RETRIEVAL

COMPLETION

<NF1

NF



nf2vec encoder

embeddin
g

hiddenlayers

linear transforms:
ÅWeights 
Å Biases

Stackof weights and biases

M
a
x 

p
o

o
lin

g

sh
a

re
d

sh
a

re
d

sh
a

re
d

sh
a

re
d

ENCODER

LINEAR
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BATCH NORM
+

ReLU

=

input layer:
ÅWeights 
Å Biases

output layer:
ÅWeights 
Å Biases

PAD


