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software engineering



  (Margaret Hamilton)

software engineering AI engineering?

NO!

(Ali Rahimi)



  

Many of us feel like
we’re operating on

an alien technology

[Problems happen] because
we apply brutal optimization

techniques to loss surfaces
that we don’t understand

SCIENCE 360, 6388 (2018)
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“three”some clever algorithm



  

“three”with a lot of parameters



  

“three”with a lot of parameters

affine transformation

how to fix the parameters?

layersneural network



  brutal optimization

training set loss function

PARAMETERS ARE FIXED BY TRAINING (FITTING)

MNIST



  IMAGE: HAO LI, ZHENG XU, GAVIN TAYLOR
CHRISTOPH STUDER, TOM GOLDSTEIN

THE “LOSS LANDSCAPE”

brutal optimization:
gradient descent
(and variants)

...

determined by
architecture and data





  

1. Why are initial parameters 
                     so uninfluential?

IMAGE: HAO LI, ZHENG XU, GAVIN TAYLOR
CHRISTOPH STUDER, TOM GOLDSTEIN

training dynamics 
ends in different,
usually good, points

redundancy in the
representation

symmetry?
robustness?



 

2. Why do the same architectures work for different data?

SOME TYPE OF
UNIVERSALITY IN





  

1. useful toolset (statistical mechanics, mean field, models)

2. aesthetics (unification, simple laws, unexpected phenomena)

3. statistical physics is the science of universality and relevance

WHY PHYSICS ?







  
CICERI, CASSANI, OSELLA, ROTONDO, VALLE, GHERARDI
NAT. MACH. INTELL. 6, 40 (2024)

SIMONE CICERI

joint work with

LORENZO CASSANIFILIPPO VALLE (UNITO)

PIETRO ROTONDO (UNIPR) MATTEO OSELLA (UNITO)



  

FROM PARAMETERS TO INTERNAL REPRESENTATIONS



  

FROM PARAMETERS TO INTERNAL REPRESENTATIONS

internal representations of the two classes:

binary classification task
VS



  
ROTONDO, LAGOMARSINO, GHERARDI, PRR (2020)
CHUNG, LEE, SOMPOLINSKY, PRX (2018)

TRAINING DISENTAGLES INTERNAL REPRESENTATIONS

PRE

POST



  

SIMPLE MEASURES OF ENTANGLEMENT



  

SIMPLE MEASURES OF ENTANGLEMENT
PRE

POST

PRE

POST



  

PRE

POST

?
what does

the dynamic
look like ?



  

DYNAMIC IS NON-MONOTONIC
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is the inversion 
point universal?

is it a property of the 
specific dynamics or 
of the loss landscape?



  

DYNAMIC IS NON-MONOTONIC
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an “invariant” measure
of training progress: the
training error
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different 
subsets

different 
optimizers

UNIVERSALITY



 

different 
subsets

different 
optimizers

UNIVERSALITY

CIFAR-10
dataset



  

PRE

POST

INVERSION

“STRAGGLERS”

elements of the training 
set that are misclassified 
at the inversion



STRAGGLERS CAUSE THE INVERSION

full training set

pruned training set

the stragglers



STRAGGLERS CAUSE THE INVERSION
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STRAGGLERS ARE EXCEPTIONALLY STABLE

1. find misclassified training-set elements
    from two random initializations

2. count common training-set elements

3. repeat and compare with null model
    (hypergeometric) 0
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ARPIT, JASTRZEBSKI, ET AL., ICML (2017) 



  
UNIVERSALITY
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number of trainable parameters

fraction of stragglers in large dataset
depends very weakly on architecture

STRAGGLERS ARE CONSERVED ACROSS ARCHITECTURES

2

8

with different 
fully-connected
architectures



 

STRAGGLERS IN OTHER DATA SETS

K-MNIST
MNIST
F-MNIST “complexity”

MNIST
F-MNIST

K-MNIST

CIFAR-10

fr
ac

tio
n 

of
 s

tr
ag

gl
er

s

fashion MNIST Kuzushiji MNIST



  

HOW DO STRAGGLERS AFFECT GENERALIZATION ?

training set test error

F-MNIST

MNIST

K-MNIST
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HOW DO STRAGGLERS AFFECT GENERALIZATION ?

training set test error

F-MNIST

MNIST

K-MNIST

5 %

10 %

3.5 %

4 %

2 %

30 %

beats

stragglers determine
generalization ?

what about ?

it’s not that simple !
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test error evaluated on
increasingly noisy test sets

STRAGGLERS HAMPER OUT-OF-DISTRIB GENERALIZATION

white noise



stragglers
seem to be a
universal
property of
empirical
data sets
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