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What is (un)constrained learning? ¢ e @ @ &
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P = msin E(@,y)~o [f(fa(m),y)] ©,)
subject to E(gy)~a [y(fo(w),l/)] <c e ¢
h(feo(x),y) <u, P-ae.
« (, g are bounded, functions °
+ foisa parametrization [e.g., logistic classifier, (G)(C)NN] ¢ i 4
+ D, 2, P unknown
.
®
[Chamon et al., IEEE ICASSP'20 (best student paper); Chamon and Ribeiro, NeurlPS'20; Chamon et al., IEEE TIT'23] 5
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What about penalties? Ve @ g &
e «
Pt = min E@y)~o [[(fe(w)ﬂ)] °
®
subject to) | Egy)ma [g (fg(a:),y)] CE O,
o C
h(fe(z),y) <u, R-ae.
min Eeypen [£(fo@).1) | + 3B [0(f0(@).0)] + Eaon [z w)h(fo(@).1) |
(]
© There may not exist (\, 1) such that the penalized solution is optimal and feasible ]
© Evenif such (), ;1) exist, they are not easy to find %
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(e.g., [Goh et al., NeurlPS'16; Kearns et al., ICML'18; Cotter et al., JMLR'19; Chamon et al., IEEE TIT'23]) ©c
i
o ¢

Federated learning
(e.g., [Shen et al., ICLR'22; Hounie et al., NeurlPS'23])

Adversarially robust learning
(e.g., [Chamon et al., NeurlPS'20; Robey et al., NeurlPS'21; Chamon et al., IEEE TIT'23])
.o

Safe learning
(e.g., [Paternain et al., IEEE TAC'23])
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Fairness: “Equality” of odds L

Problem
Predict whether an individual will recidivate at the same rate across races
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min " Loss(fo(@a), un)
n=1
subject to  Prediction rate disparity (Race) < ¢,
for Race € {AfricanrAmerican, Caucasian, Hispanic, Other}
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Problem -.

Predict whether an individual will recidivate at the same rate across races

N
min % ZLoss(fe(wn)fyn)
n=1

N

.
1 1
subject to - > Ilfa(wn) = 1| Race] < ¥ > 1lfo(@a) = 1]

n=1

n=1
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Predict whether an individual will recidivate at the same rate across races

N
min % Z Loss(fo(@n), yn)

n=1

1

N N

subject to NZH[fe(w"):l\Race]g%Z]I[fg(mn):l]+c,
n=1 n=1
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Counterfactual fairness

Problem
Predict whether an individual makes > $50k while being invariant to gender

min Prediction error
0

subject to  Change in prediction (pz) < ¢ a.e.
(p : Male <> Female)

ce” to follow the terminology used during the data collection of the COMPAS dataset.
Ribeiro, NeurlPS20]
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Predict whether an individual makes > $50k while being invariant to gender @
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(p : Male <> Female)

N
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min Zl Loss (fo(@n), yn)
subject to  Change in prediction (pz) < ¢ a.e.
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*We say "Race” to follow the terminology used during the data collection of the COMPAS dataset
[Chamon and Ribeiro, NeurlPS20]
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Problem G;
Learn a common model using data using data distributed among K clients ®
Clients ()
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K
main ZLOSSkf& IIIIIIII
ko kio kin k12 kiz kig kis ki
« k-thclient loss: Loss.(¢) = Z Loss fe(:tnk) y'nk)
nk—l
[Shen et al., ICRL22] 13
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Learn a common model using data using data distributed among K clients ®
o
Clients O

ki ko ks ka ks ke k7

ks
mgin Average loss across clients I I I I I I I I g

ko ko ki k2 kis ks kis ki

i
« k-th client loss: Lossy (¢ Z Loss fe(znk) ynk)
np=1 .
®
[Shen et al., ICRL22] 13
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Problem (’)
Learn a common model using data using data distributed among K clients ®
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Lossy(fo) IIIIIIII

ko ki ki k2 kis ke Ris ki
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* k-th client loss: Lossy (¢

Z Loss(fo(ny), yny)

o

[Shen et al., ICRL22] 13

Federated learning

Problem
Learn a common model using data using data distributed among K clients

Clients

K
. 1
min > Lossi(fo)
k=1
subject to  Loss disparity (k-th client) < ¢,
ko ki ki1 kiz kiz kia kis ki

* k-th client loss: Lossy (¢

Z Loss(fo(wn, ). )

Ko

[Shen et al., ICRL22] 13
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Learn a common model using data using data distributed among K clients ®
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Cllents ¢

K
1
min e Z Lossy(fo)

0

ky
subject to  Lossi(fe) < w ; Lossk(fe) + ¢,
k=1,....K

ko ki ki kis ki ks ki

« k-th client loss: Lossy (¢

Nik Z Loss(fo(@ny), yny,)
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Learn a classifier that is robust to input perturbations ®
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Problem )
Learn a classifier that is robust to input perturbations ®
)
e ¢
mm ZLoss fg (zn), un)
n=1
subject to Adversarial loss < ¢ ‘
5
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4
«
®
[C. and Ribeiro, NeurlPS'20; Robey*, C.*, Pappas, Hassani, and Ribeiro, NeurlPS'21; C., Paternain, Calvo-Fullana, and Ribeiro, IEEE TIT'23] 16
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Invariance e
Problem \J
Learn a classifier that is invariant to transformation g € G ®
o
e ¢
< 1 N
min -+ Z Loss (fo(@n), yn) "
Cello =t Y
1 @
Cello subject to ~ Zl [1;1(&5{ Loss(fo(gz"),y")] <c C o
=
4
Cello
Cello

[{Hounie et al,, ICML23]
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Problem (o)
Learn a classifier that is robust to input perturbations ®
o
e ¢
mein Nominal loss
subject to  Adversarial loss < ¢ 3
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Problem ()
Learn a classifier that is robust to input perturbations ®
o
e ¢
N
min NZLOSS (fo(xn).yn)
N
subject to max Loss @, + 6 c
jorto D o Los(n 91| <
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Problem (o)
Learn a classifier that is smooth ®
o
1 4

N
min % > " Loss(fa(@n), yn)

0

n=1

subject to ma IVafo()|* < L
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(e.g., [Paternain et al., IEEE TAC'23]) (; 1
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Safety A

Problem D
Find a control policy that navigates the environment effectively and safely ®

P #

maximize Task reward

,i\ TEP(S)

subject to  Pr [Colliding with O;] < 4, .
fori=1,2,...

[Paternain et al., IEEE TAC'23] 21
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Safety . &
‘
Problem .
Find a control policy that navigates the environment effectively and safely ®

i T-1
m:g’iyr(n;;ze Es.a~n {% Z m(‘s,.u,)}

t=0

t=0

,i fori=1,2,...

71
subject to  Pr (m {st ¢ Oi} 7r> >1-4di, °

[Paternain et al., IEEE TAC'23] 21

Constrained
supervised
learning

Safety o,

Problem
Find a control policy that navigates the environment effectively and safely

Py #

@

Safety .

Problem
Find a control policy that navigates the environment effectively and safely

i‘ #

T-1
1
T Z ro(st, {u):| 2

maximize Egar
i TEP(S) 0

&)

subject to  Pr [Colliding with O] < 4,

fori=1,2,... i
<
®
[Paternain et al., IEEE TAC'23] 21
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And many more... e
« Precision, recall, churn (e.g., [Cotter et al., JMLR'19])
« Scientific priors (e.g., [Lu et al., SIAM J. Sci. Comp.21])
+ Wireless resource allocation (e.g.. [Eisen et al., IEEE TSP'19])
« Continual learning (e.g., [Peng et al., ICML'23])
+ Active learning (e.g., [Elenter et al., NeurlPS'22]) .
[
+ Semi-supervised learning (e.g., [Cerviio et al., ICML'23]) i
+ Minimum norm interpolation, SVM. .. %
22
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What is (un)constrained learning? . &
1 & °
P = min sz(fe(i”n)vyn)
n=1
1 N
subject to = >~ g(fo(@n) ) < e
m=1
h(fo(@:)yr) <u, T=1,..., N
+ £, g are bounded, functions [ ]
« feisa parametrization [e.g., logistic classifier, (G)(C)NN]

© (@nyyn) ~ D, (@m,ym) ~ A (T, yr) ~ P (i1d)

[Chamon et al., IEEE ICAS

P20 (best student paper); Chamon and Ribeiro, NeurlPS'20; Chamon et al., IEEE TIT23] 24
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P =min s [(fo().)] ®
subject to  Ez ,)~a [q(fg(z)y)] <ec ) ° q

h,(je(z),y) <u, P-ae.

« £, g are bounded, functions
* feisa parametrization [e.g., logistic classifier, (G)(C)NN] ¢ i
+ D, 2, P unknown
.
®
[Chamon et al., IEEE ICASSP'20 (best student paper); Chamon and Ribeiro, NeurlPS'20; Chamon et al., IEEE TIT'23] 25

Constrained learning challenges . 8
1 & °
P* = min ﬁzl(fg(zn)‘yn) ®
n=1 o
) 1 & o U
subject to i Z _l](fe(wm),ym) <c
m=1
h(fo(zr.yr) <u
Challenges »
1
1) Statistical: does the solution of the constrained empirical problem generalize? ( E
2) Computational: can we solve the constrained empirical problem? y,
®
26
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Constrained learning theory ©,,
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n=1 3
@ fo is probably approximately correct (PAC) learnable
(]
.
®

[Rostamizadeh, Talwalkar, Mohri. Foundations of

achine learning, 2012]; [Ben-David, Shalev-Shwartz. Understanding machine learing. .., 2014] 29
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B
1 ~ °
P = min n:1[(f9($n)-,yn) T =min Eymo [[(fe(ﬂ'/')-,y)} ®
1 & ’ o ¢
subject to 3" g(fo(@m), um) < e subject to. E(u,y)~n [g(fo(@).y)| <
m=1
h(fo(xryr) <u n(fo(x),y) < uae.
Challenges » )
1) Statistical: does the solution of the constrained empirical problem generalize? %
®
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1 ~ °
P =min 71€(f9(zn)-,yn) Pr=min B0 [[(fg(:c),y)} ®
1 N ? ) : (
subject to N Z _l](fs (zm), ym) <c subject to E(q,y)~a [_f] (fe(w)-, U)} <c
m=1
@
Challenges » )
1) Statistical: does the solution of the constrained empirical problem generalize? %
2) Computational: can we solve the constrained empirical problem? d
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’ D
P* = min (fol@n), yn) Pt =min o [l(fg(w),y)} @
‘ ? o C
subject to g(fg(wm),ym) <c subject to E(g,y)~a [Q(fe(m)-, 1/)} <c
@
[
Challenges i
1) Statistical: does the solution of the constrained empirical problem generalize? %
®
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What classical learning theory says? S @&
®.8
.
min iiLoss(ﬁ;(m )\, ) Y, min E [Loss(fg(z) y)] ®
o N e 6 ! o)
n=1 o \
@ fo is probably approximately correct (PAC) learnable €
’ [

© Requirements? g .

[Rostamizadeh, Talwalkar, Mohri. Foundations of machine learning, 2012]; [Ben-David, Shale

ding machine learning. .., 2014] 29
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Definition (PAC learnability) J
fe is a probably approximately correct (PAC) learnable if wecan  (g)
obtain fi from samples such that, with prob. 1 — 4, o}

* near-optimal
P~ Eyen [((for(@)0)] <

|
®
(Ghamon and Abeio, NeurPS:20; Ghamon et a, IEEE TIT23 20
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When is constrained learning possible? =« ® " [
e @ «
. 1 N 0
Pr=min o z:li(fe(wn).yn) . Pr=min Egyee [z(fe(x),y)] ®
n= N o}
N N
subject to 3" g(Jfol@m)yn) < subject to. E(g.y)~x [9(fo(@),)| < °3
m=1
Proposition ’ (]
fo is PAC learnable = fy is PACC learnable %
®
[Chamon and Ribeiro, NeurlPS'20; Chamon et al., IEEE TIT'23] 31
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ECRM is not a PACC learner A g [
e ‘
Counter-example .
P _1 1/16, 0 =1[1/2,1/2] ©
N J(e):{us, 0=[11] o ¢
=021 1/4, 6=[L0]
=0, <1 3
: | ]
: |
. T~Uniform(— 1/2‘1/2) ;‘
®
32
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ECRM is not a PACC learner Yo @ 8 S

Counter-example

P ! 1/16, 6 =[1/2,1/2] @O
N JO)={1/8 6=]1.1 o
=6 >1 14, 0=[1,0

P* — mi pr _ pr < < 4~ 000N 3
= min J(6) Pr[|Pf — P*| <1/32] < de R

subject to  Oa7n < 61 — 1471
— v <1—0>+712

v 1 O

unless 7v < 71 < andr2 > 7

. T~Uniform(—1/2‘1/2) = IN = 5

®
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What'’s in a solution? CRANDASS-
e @ o
Definition (PACC learnability) J
fe is a probably approximately correct constrained (PACC) learnable if ®
we can obtain fo+ from samples such that, with prob. 1 — 4, o}

+ near-optimal

’P* —E@y)~o [f(fgf(w)-,y)} ’ <e %

« approximately feasible
E (e )~ [{}(fa\ (ﬂi)y” <c+e

[Chamon and Ribeiro, NeurlPS20; Chamon et al., IEEE TIT23] 30

ECRM is not a PACC learner .

Counter-example

P =min J(0) o=
oco JO)=<1/8, 0=1[1,1]
subject to G2 B, (7] < 61 — 1 1/4, 6 =[1,0]

— 0 E[r] <02-1

T~ Uniform( —1/2, 1/2)

ECRM is not a PACC learner .

Counter-example

L]
P ! 1/16, 0=[1/2,1/2] ©¢
8 JO)=41/8, 6=11.1] o
=61 1/4, 6=11,0]
=0, <1 3
P =min J(6) Pr[|P* — P <1/32] = Pr [y =0] =0 %
subject to  Oa7n < 61 — 1 O
— 0N <1— 0, »
i s 1 %
. T~Un|orm(—l/z,1/2) SIN=y 4
®
32
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Constrained learning challenges S @ @ [
&/
. ‘
1 N .
Pr=min <> (o). ) P =i B0 [[(fg(ﬂ)). y)} ®
o PAC o ¢
subject to % Zﬂg(fg (Tm), ym) < c subject to E(g )~ [g (fe(w%y)} <c 3
Challenges »
1) Statistical: does the solution of the constrained empirical problem generalize? %
‘
®

33
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Constrained learning challenges O
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7mm ! ZZ fo(zn) ,yn

3
l

o
1 Ol
subject to i Zlg(fe(m,r«),yrn) <c
®
Challenges »
i

2) Computational: can we solve the constrained empirical problem?
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Duality &

@©
Eup
oo

® -

N
1
©(fol@n)un) sublect to > g(fo(@n).ym) <
m=1

I .

m
z| =
M=

3
I

o @l 0

@

Duality &

N N
ngn Z fg(z") yn subject to 1 Zg fa(mm) Jm <
- m=1 o)
| ® !
N 1 N
D* ax wmin Z (fo( zn)~yn)+)\liﬁzg(f9(wm)vym)_C] 3
_.'*
@
.
i

m=1

+ Ingeneral, D* < P*

- Butin some cases, D* = P* (strong duality) [e.g., convex optimization]

.@
An alternati h 2@ %n ¢
n alternative pat . @. @

~
¢ ®

N ~
v _ o L 1 7 p
D = max min N;Z(fﬂ’z")+)\(NZg(/a‘z”) c

n=1

P = g\eig E= [Z(fg,z)]

0

o @l O

s.to Ex[g(fe.2)] <e

a@‘

[Chamon and Ribeiro, NeurlPS'20; Chamon et al., IEEE TIT'23]
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Duality .
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[Ca 2
RoaeY

N N
N 1 1
P* = min E £(fo(xn),yn) subject to E 9(fo(@m),ym) <

n=1 m:l
I 0

N N
D* = max min %Zl(fg(w,.),yn) +A[% Zg(fa(zm),ym —C}

A0

®

n=1 m=1

L @l O

@

.8,

Duality .

@2
(G2
RoaeY

% 9(fo(@m),ym) <e

b .

D* = max min 722(@(1,.) )+ 2[5 D g o). um) — ]
m=1

M=
M=

P* = min

in 5 f(fo(a:n),yn) subject to

®

n

A>0 6

n=1

L @l O

« Ingeneral, D* < P*

@

e @,

An alternative path e

@2
(G2
RoaeY

N N
o 1 1 ) N
D = max min Eﬂl(f”’z"HA(N Eﬂg(/swzn) C)

P =min E:[((fo,2)]

. ®
o @l O

s.to B [g(fg,z)} <c *
l Ho CH

P*=min E.[((¢ 2 _

e [ @, )} - D" = max mi}; E. [l(o,z)} +A (]E, [g(o‘, z)] - c)

i
s.to E; [g(n z)] <c =es <
®
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Non-convex variational duality .

Convex optimization:

Non-conve, finite dimensional optimization:

Sparse logistic regression

N
. e
;2}3 —Z‘Tlug [1 + exp (yn -0 wu)]
P
sto[|6]ly = > 110 # 0] <k

t=1

Discrete, non-convex
[Chen et al., JMLR'1]: NP-hard

Sparse logistic regression

0"z,

=

@
[Cs-%-3
&

Primal <— Dual ©

Primal <«— Dual

.

Py
”
©

L ]
@,
[C3-%-
&S

.
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®
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. © =, < 5 Q
® @
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fcrP (23723
P
S 16, £ 01 Jrow 20
Discrete Continuous . °
[Chen et al., JMLR'19): NP-hard [Chamon et al., IEEE TSP'20]: tractable
S i
‘
®
37
. LI
& @ °
. ) ..
An alternative path Y. @ G
e «
L]
N N
A 1 ) 1 ) ®
D= max min N;Z(jlhzn) + )‘(W Z‘g(/a,zn) - c) . OC

P = min E: [€(fo, )] €0

s.to Ex[g(fo,2)] <ec 0o

GEH

P* =min E, [[(ov Z)} =
s.to E [Q((s‘"vz)] <c

[Chamon and Ribeiro, NeurlPS'20; Chamon et al., IEEE TIT23)

D* = max min E. [é(fs,l)] + )\(]E; [g([g,z)} — r:)

D" = max 2112 E. [l(d}.z)} +A (IEZ [g(o, z)} - c) %

- . Te @, g
Non-convex variational duality ¢ e @ " &
®.8
O]
Convex optimization: Primal <+— Dual o ¢
o C
Non-convex, infinite dimensional optimization: Primal <+— Dual .2
®
[Chamon et al., IEEE TSP'20] 36
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Sparse logistic regression e @ " @ &
T e o

N
grgkr; - Zlog [1 + exp (yn . Hra:”)]
n=1

N
(]
s"g"L", - leog {1 + exp (yn v/(}(f)vrﬁ(t)dtﬂ

(o]

¢

w01y, = [1i00) # o < & 3
L ]

P
sto |l =Y 110: # 0] <k

t=1

Discrete, non-convex
(Chen et al., JMLR'19]: NP-hard

Continuous, non-convex

[Chamon et al,, IEEE TSP'20]: tractable
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. Te© o, %
An alternative path S @ [
- . @ «
D* :Tgac g;ig %le(fs,zn)Jr)\(%Z‘g(fy,zn)70) (:Dc((

Pt =min Ex[0(fo.2)]

s.to ]E;[g(fg,z)} <c e o
P* =min E:[((¢, -
= [ (@ z)] D* = max min E, [i(o,z)} +A (]Ez [g(o,z)] - c,) %
s.to ]E,[g(q‘a,z)] <c A0 eent «
®
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An alternative path e @ " @ [
e ‘
L]
N N
- 1 1 i O]
D = max min ﬁzll(fs,Zn)Jr)\(N Z‘g(/y,Zn)*c) . C((

O(e)

P* = min Ex[0(fo,2)] © s D* = max min E.[£(fo,2)] + A(E: [9(fo,2)] — )
L

s.to ]E;[g(fg,z)} <c A=00ce
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Dual (near-)PACC learning e g # 5
e @ «
Theorem °
Let f be v-universal, i.e., for each 6, 82, and v € [0, 1] there exists 6 such that ®
E[[7fo (@) + (1 = Dfou(@) ~ fol@)l] <v o ¢

[{fo} is a good covering of conv({ fo})]

[Chamon and Ribeiro, NeurlPS'20; Chamon et al., IEEE TIT'23] 39
Dual (near-)PACC learning e g 5
e @ “

Theorem .
©')
o ¢

Then D* is a (near-)PACC learner, i.e., there exists a solution 8" that, with probability 1 — 4,

o ~ 1
Near-optimal: P -D"|<O(v+—
° | : ( m)
~ 1 *.
Approximately feasible: E [: x), 1 ] <c+0 | —= [ ]
pp y 9(Jor (2).9) | < Vi
) ~( 1 1
(if losses are convex) h(fot(x),y) < ., with P-prob. 1 — O (ﬁ) § E
.
®
[Chamon and Ribeiro, NeurlPS'20; Chamon et al., IEEE TIT'23] 39
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® ) n
. 2) ..
Dual (near-)PACC learning Y. @ g [
e «
Theorem . :
Let f be v-universal with VC dimension dvc < oo. There exists (81, AT) achieving D* such that f,1 is a ®
(near-)PACC solution of (P-CSL), i.e., with probability at least 1 — &, o}
~ L >
[P =D < €
E[g(for(@)0)| < c
€= v 5
(]
|
Sources of error %
parametrization richness ()
i
®
{Chamon and Ribeiro, NeurlPS'20; Chamon et al., IEEE TIT23 w0
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Dual (near-)PACC learning Y. @ g [
e ‘
Theorem N :
Let f be v-universal with VC dimension dvc < oo. There exists (81, AT) achieving D* such that f,1 is a ®
(near-)PACC solution of (P-CSL), i.e., with probability at least 1 — &, o)
~ L >
‘P' —-D*| < €+ e

E [!/(fei (z)wy)] <ete

1
Sources of error %
parametrization richness () sample size (N)
.
®
(Chamon and Ribeiro, NeurlPS'20; Chamon et al., IEEE TIT'23] 40
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Dual (near-)PACC learning . ® 8 &
&)
. «
Theorem L
O]
o .
o C
Then D* is a (near-)PACC learner, i.e., there exists a solution 6" that, with probability 1 — &,
o ~ 1
Near-optimal: P =D <O|v+—
s - r1<0(v ) ®
) ' ) ~( 1 °
Approximately feasible: ]E{g(fo, (), y)} <c+0 (ﬁ) [ ] ‘
.
®
[Chamon and Ribeiro, NeurIPS'20; Chamon et al., IEEE TIT'23] 39
) e© -,
Dual (near-)PACC learning Ca N g &
&)
. «
Theorem ) N °©
Let f be v-universal with VC dimension dyc < oo. There exists (87, AT) achieving D* such that fy1 is a ®
(near-)PACC solution of (P-CSL), i.e., with probability at least 1 — 4, (e}
A e X
|[P* =D <

E [!I(fet (z)y)] <c

Sources of error %

[Chamon and Ribeiro, NeurlP$20; Chamon et al., IEEE TIT'23] 40
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Dual (near-)PACC learning . ® 8 &
-2
. ‘
Theorem . :
Let f be v-universal with VC dimension dyc < co. There exists (87, AT) achieving D* such that f,i is a ®
(near-)PACC solution of (P-CSL), i.e., with probability at least 1 — 4, o,
A L N
‘P' -D*| < c0+e

E {y(fm ($)~y)] <cte

Sources of error %
parametrization richness ()
«
®
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Dual (near-)PACC learning e &t g &
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. «
Theorem ) R °
Let f be v-universal with VC dimension dyc < co. There exists (87, AT) achieving D* such that f,i is a ®
(near-)PACC solution of (P-CSL), i.e., with probability at least 1 — 4, o,
A L N
[P =D <(1+A)(eo+e)
E[o(for(@).0)| <c+e
dve * x A+
w=1lv  e= A= NI :
[
Sources of error %
parametrization richness () sample size (N) requirements difficulty (\*)
.
®
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Dual learning trade-offs .

Sample size ®
+ Unconstrained learning q

parametrization x sample size

Parametrization

L ]
®
[Chamon and Ribeiro, NeurlPS'20; Chamon et al., IEEE TIT'23] 41
e © o
When is constrained learning possible? =« . .- @ &
&
L 3 .
L]
©')
Corollary o
fo is PAC learnable ~* fy is PACC learnable
Constrained learning is essentially as hard as unconstrained learning
L ]
®
[Chamon and Ribeiro, NeurlPS'20; Chamon et al., IEEE TIT'23] 42
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Problem Problem °
Predict whether an individual will recidivate Predict whether an individual makes > $50k ®

o)

(3
Afican- American B Unconstrained (Acc: 81%)
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Population Hispanic
- Other S
So
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< e
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1
y o
2 3 0 50 60 Male = Female Female » Male
Recidivism rate (%) Counterfactual
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We say *Race” to follow the terminology used during the data collection of the COMPAS d: 43
o« o
@ —© o
H . 66 H 3 = .
Fairness: “Equality” of odds G g [
&
. «
Problem D
Predict whether an individual will recidivate at the same rate across races ®
(o2
o C
1 N
min 5 Z Loss( fo(xn), yn)
n=1
1 N
subject to ~ Z

n=1 n=1

1fo(@n) = 1| Race] < &3 Tlo(wa) = 1] + ¢,
L ]

for Race € {African-American, Caucasian, Hispanic, Other}

®
lection of the COMPAS dataset.

ology used during the data co
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Dual learning trade-offs Ve o G
e @ ‘

Sample size ® .
* Unconstrained learning o A

parametrization x sample size

+ Constrained learning

Parametrization %
parametrization x sample size x requirements
Requirements

difficulty g 1

®

. . . . BCECOR
When is constrained learning possible? =« . .°* & §
e @ ‘
OR
Corollary e C

Uniform
.7 convergence

0-1loss
! N
' B
\
\ 5
' .
PAC <— = PACC :
<
®
[Chamon and Ribeiro, NeurlPS'20; Chamon et al., IEEE TIT'23] a2
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Problem ©
Predict whether an individual will recidivate ®
o
o C

Caucasian
Zi

[
Recidivism rate (%)
«
®
We say "Race” to follow the terminology used during the da ion of the COMPAS d 43
C\' © o
H . G H L2 < .
Fairness: “Equality” of odds e &t g &
&/
. «
Problem °
Predict whether an individual will recidivate at the same rate across races ®
o .
o C

N
min l\f Zl Loss(fo(@n). yn)

N N
subject to %lelh‘g(w,,) =1|Race] < % Zﬂ[fg(z,,) =1]+e,
L J

n=1
for Race € {African-American, Caucasian, Hispanic, Other }

collection of the COMPAS dataset.
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Fairness: “Equality” of odds e & [
- & ‘
Problem D
Predict whether an individual will recidivate at the same rate across races ®
[0}
o ¢

N
min % > Loss(fa(@n), yn)

n=1
N N
subject to Ai > a(fo(@n) —05) I [z, € Race] < % S o(fol@a) —05) +c,
|

n=1 n=1

for Race € {African-American, Caucasian, Hispanic, Other }

.
®
We say “Race” {o follo terminology v uring the data collection of the COMPAS dataset. -
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Fairness: “Equality” of odds e &t g [
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Problem D
Predict whether an individual will recidivate at the same rate across races ®
W African-American
W Caucasian
Population ~ mmm Hispanic
N Other
A
(]
Constrained | i
(Acc.: 67%) 1
20 30 40 50 60 E
Recidivism rate (%) .
®
We say “Race” to follow the terminology used during the data collection of the COMPAS dataset. -
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Prediction .
0 1 0 1
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®
We say “Race” to follow lection of the COMPAS dataset.
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Problem ¢
Predict whether an individual makes > $50k ®
o C

B Unconstrained (Acc: 81%)

Change in prediction (%)
¢« @%

4
o
Male = Female Female - Male
Counterfactual

®
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say *Race” to follow the terminology used during the dat

lection of the COMPAS d
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Fairness: “Equality” of odds S e @ g [
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Problem ©
Predict whether an individual will recidivate at the same rate across races ®
o]
o C
W African-American
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Population - mmm Hispanic
N Other
Unconstrained _{
(Acc.: 68%)
]
Constrained _|
(Acc.: 67%)
2‘0 B‘D l‘ﬂ 5‘0 60
Recidivism rate (%)
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®
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[Chamon et al., IEEE TIT'2! 46
e ©
®) N
A . 66 a0 & -, %
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Counterfactual fairness - @ " G
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o & ‘
Problem °
Predict whether an individual makes > $50k while being invariant to gender @
o]
o C
min  — 3 Loss(fo(@n), yn
e N
n=1
subject to  Diw (fo(@n)| fo(pmn)) < ¢, foralln 2
%,
(p : Male <+ Female) °
.
®

[Chamon and Ribeiro, NeurlPS$'20] a8
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Counterfactual fairness e @.T : @ &
e ‘
Problem D
Predict whether an individual makes > $50k while being invariant to gender @

N
msin % Z Loss(fg(zn),yn)

n=1

N
subject to % Z Dkr (fe(iﬂn)HfH(ﬂmn)) <c
L ]

n=1

(p : Male <> Female)

®
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Counterfactual fairness N @ G
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(3 ¢
Problem D
Predict whether an individual makes > $50k while being invariant to gender @
o
o C

N
mgin % Z Loss (fe(w,,), y,,)
n=1

subject to Dxr. (fo(@n)| fo(pzn)) < ¢, foralln

(p : Male <> Female)
(]

Inax mix (fo(xn) ST [ Dict (fo(@n)| fo(pa ]

®
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Constrained learning algorithms
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Constrained optimization methods o, \@ &
. .

« Feasible update methods J

e.g., conditional gradients (Frank-Wolfe) ®
(o)
o C

~
o 1
mm Z i fo(xn), yn

n=1

Interior point methods
e.g., barriers, projection, polyhedral approx.

N
1
subject to Zg fo(xm), ym) <c
(]

m=1

®
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Counterfactual fairness G & @ &
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e «
Problem ©
Predict whether an individual makes > $50k while being invariant to gender @
o C
W Unconstrained (Acc: 81%)
8 N ACE (Acc: 80%)
= W Pointwise (Acc: 83%)
:EI 6
< 3
% ]
5, i
Male = Female Female = Male
Counterfactual «
®
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Counterfactual fairness G N @ &
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e «
Problem °
Predict whether an individual makes > $50k while being invariant to gender @
N Training set
08 B 20% hardest
g 06
3 & 3
02 L
(]
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Dual variable (non-zero) & S 4
®
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Constrained optimization methods e & @ [
2
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L]
ON
o
N
P = min Z fo(xn), yn
N
subject to Z fo(zm) ym) <c €)
[
«
®
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Constrained optimization methods S @ @ [
&/
. «
« Feasible update methods J
e.g., conditional gradients (Frank-Wolfe) @
© Tractability [non-convex constraints] ¢} ¢
o C

@ Feasible candidate solution

~
P = n'gn % Z(f(fs(zn)-,yn)

Interior point methods
e.g., barriers, projection, polyhedral approx.

N
. 1 ili -
subject to ~ Z g(fs(xm),ym) <ec © Tractability [non-convex constraints]
[

1 @ Feasible candidate solution



Constrained optimization methods e @ " -
- . @ .
®
o]
o
p* = min %Z[(/’g(:ﬁ,),yn)

o(fo(en)om) <

e
M=

subject to

(]
+ Duality i
e.g., (augmented) Lagrangian 3

@ Tractability

@ (near-)feasible solution [small duality gap] 4

®
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e © o
Dual learning algorithm o e " @ [
&

. «

* Minimize the primal (= ERM) .

1w ®

0" € argmin =3~ {ufem),yn) + 29 (fol@n),yn) °
oerr IV ) «

o
]
r g %

min ﬁ;wﬂ(mmu ﬁzﬂgm(zm),ym) :

n m '®
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Dual learning algorithm * . .@{ : @ &
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.

@
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« Update the dual

M=

3
il

N [H,,<i, ‘g(fef(wm)ﬂm) *”)L

A0

‘e ©
. © e, &
In practice. .. Y. @ g &
e «
* Minimize the primal (= ERM) 0
0" ~6-1Vo [i(fg(wn), Yn) + Ag(fg(:cn),yn)} L n=12... ©O \
() <

« Update the dual

N

a= [A ’ n<% 2 ol (@) am) = C>} +

m=1

Dual learning algorithm S . b
- . @ «
®
C((
o ¢

N N
D* = max mi %Zf(fg(mn),yn)+)\[%Zg(fﬂ(wm)vym)*c %

i
A>0 6€eRP ~ — 4
®
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Dual learning algorithm ¥ e @ @ [
2
h . .
* Minimize the primal (= ERM) .
0" 6190 (fol@n). va) +A9(fol@n). )], n=1.2... ON {
Haeffele et al., CVPR'17; Ge et al., ICLR'18; Mei et al., PNAS'18; Kawaguchi et al., AISTATS'20.....] e N
o

OckP

N N
min 3 Eo@n) ) +A 1 0 9 (o), ym) %’
m=1

n=1
®
54
® © o,
A (near-)PACC learner e &t g 8
-2

. ‘

L]

Theorem ®
Suppose 8 is a p-approximate solution of the regularized ERM: o
. 4
N o C

o' ~ a;g;;ljn %Z (l([e(wn)ﬁyn) +/\g(fs(zn),yn)>-

n=1

Then, after T’ dual iterations with step size 7 s

the iterates (0", A™) are such that .
.
P‘—L(H(T),)\(T)N <@+ A+ tp i
with probability 1 — & over sample sets. %
‘
®
(Chamon et al., IEEE TIT'23] 55
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In practice... e @ " @ G
&
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« Minimize the primal (= ERM) 0
0" =61V, [i(fg(mn),yn) +)\g(fg(a:n),y,,)], n=12...,N ON §
o ¢

« Update the dual

m=1



©
In practice... o & - B
B
\./
1: Initialize: 6y, \o
2 fort=1,....T ©o
3: B 6 .
4: forn=1,....N SGD
5 Brt1 < Bn —16Va [L(f3, (@n) yn) + Ae—19(fa, (n), yn) ] 3
6 end N
7: 6, « Bni1 L .
8: A= |:/\171 + M (ﬁ 7; g(fo.(@m),yn) — c>:| ) Dual update .
o end ]
10: Output: 07, A1
O PyTorch J
https://github.com/1fochamon/csl ®

. & @

In practice. .. Y. @@ &
B

1: Initialize: 0y, Ao

2 fort=1,....T ©o

3 B0 OIS

4: forn=1,....N

5 Brt1 < B —16Va [L(f3, (@n), yn) + Ae—19(fa, (n), yn) ]

6 end

7 6 B

N .
1 Use adaptive method (e.g., ADAM) o
8 A= |:)\t—l + (ﬁ >~ g(fou(@m),ua) — c>:| .
+

Use different time-scales (7 = 0.17g)

m=1

o

9: end
10: Output: 07, A\r
O PyTorch

«
https://github.com/1fochamon/csl ®
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. &
In practice. .. O @ F 5
"Duality gap" Slacks (average) * @ P
0. — Primal 15 (o)
i Initialize: 80, N o0] /N — bul |
- 1L ®
a2 fort=1,....,T 0. o(
3 B0 00 N 08 <
4 forn=1,...,1 -0 . 0.
5 Buy1 < Bn
6: end Relative "duality gap" Dual variables s
100 7 N
7. 6 B ‘ N / @
A 5 100 \ . iethod (e.g., ADAM) o
8: = —
‘ ot r / ne-scales (n = 0.17g) »
"
o end 10 ]
10: Output: 07, A1 102

0 200 400 0 200 400 rch P,

https://github.com/1fochamon/csl ®
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Resilient constrained learning

. e ©,
In practice... o <& ¢
®.8
. .
1: Initialize: 8o, Ao (®)
2 fort=1,...,T ©o
3 B 6 o ¢

forn=1,....N

Bus1 = B = 16Va [((fp, (@n). yn) + X-19(f, (@n), yn) ]
6. end
7 6, + Bni1

N
8 A= [/\H +m< Z foi(@m), yn) >]
m=1 +

o: end i

o &

Use adaptive method (e.g., ADAM)

10: Output: 07, A1
O PyTorch

https://github.com/1fochamon/csl ®
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In practice... e @ 5 &
3 ‘
(®)
1: Initialize: 8y, Ao
®
2 fort=1,....T Check slack: O(
3 PO - feasibility: s < 0 ()
4: forn=1,...,N - “duality gap™: A¢st
5 Butr = B =10V [((fo, (@), yn) + Aem1g (S, (@), yn)] o{fou(on)
6 end s Z 0, (@), yn) “
7 6, + Bni1 2
\ A ol Use adaptive method (e.g., ADAM) 5
& i R Z Jo(@m), y" ¢ Use different time-scales (7, = 0.175)  ®
m=1 +
o: end i
10: Output: 07, A1
O PyTorch J
https://github.com/1fochamon/csl ®
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Penalty-based vs. dual learning ) @
%)
3 ¢
(®)
Penalty-based learning Dual learning ®
o
6" € argmin Loss(0) + A - Penalty(6) 6! € argmin Loss(6) + X - Penalty(9) '@ ¢
o Ll
At = [A n n(Penany(o* ) — L)] .
[
« Parameter: \ (data-dependent) « Parameter: ¢ (requirement-dependent) ]
« Generalizes with respect to Loss + APenalty + Generalizes with respect to Loss
and Penalty < ¢ 4
®
58
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Heterogeneous federated learning - ® @
3 ‘
Problem (®)
Learn a common model using data using data distributed among K clients ®
o
e ¢

Clients
ks ka ks ke

subject to  Lossi(fe) < ?; ossk(fo) + ¢,
k=1, K o

ko ki ki ki kis ke ki ki i

K
ngn Z Lossk(fo)
k=1

* k-th client loss: Loss(¢)

Z Loss(fo(wn, ). n)

e .
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Heterogeneous federated learning C ' < 5* q
. ¢
Problem (o)
Learn a common model using data using data distributed among K clients ®

Clients e

K ki k2 ks ka ks ke ki ks
- ZLOSSk N !I!!=!==
k=1
. 1
subject to  Lossi(fe) < % Lossk(fo) +
k=1 0
k=1,...,K

ko ki ki ki kis ki ks ki

=

o @l 0

« k-thclient loss: Loss.(¢) = Z Loss fg(wn,\) ynk)
nk 1 .
®
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Resilient constrained learning L ' ‘ 5‘ &
. ¢
Definition (Resilience) (o)
(ecology) ability of an ecosystem to adapt its function to accommodate operating conditions ®
)
¢
0)

-t @l

@

. . . Se©
Resilient constrained learning ¢ . ' -
B
Definition (Resilience) (o)
{eeology) ability of an ecosyster to adapt its funetion to accommodate eperating-conditions ®
(learning) learning system specification data properties

P = min E )0 [Loss(fs(a:)‘y)]

subject to Eg ) oa, [gl(fs(mm)-,?/m)} <

ot @l O

«
®
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Resilient constrained learning o . @' ‘ 5’ &
. ¢
Definition (Resilience) (o)
{eeology) ability of an ecosyster to adapt its funetion to accommodate eperating-conditions ®
(learning) learning system specification data properties o ¢
0}
P(r) = min Eg,)-0 [Loss(fe(w),y)} 3
subject (0. Ega, [0 (fo(@n),m) | < i+ 7 .
N
@
(]
« Larger relaxations r decrease the objective P*(r) (benefit), i

but increase specification violation ¢; + r; (cost)

Heterogeneous federated learning C

Problem (o)
Learn a common model using data using data distributed among K clients

°¢
Clients
K ki ko ks ka ks ke kv ks
Z Lossx(fe)
k=1 .
P
B -~ *
subject to  Lossk(fe) < Z 0ssi(fo) + ck, @
k: 5
k=1,..., »

ko ko ki k2 kis ke kis ki

« k-th client loss: Loss (o)

Z Loss fS(Enk) ynk)

R - 2

np=1
. . . Te @, 4
Resilient constrained learning e @ g 8
B
Definition (Resilience) (®)
legy} ability of an 7 to adapt its funetion to accommodate eperating-cenditions ®
(learning) learning system specification data properties ° 1q
)
.
@
[
i
®
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Resilient constrained learning Y. @ g &
- . I
Definition (Resilience) O
legy) ability of an ystem to adapt its funetion to accommodate eperating-conditions ®
(learning) learning system specification data properties

P(r) = min Eg,)~0 [Loss(fe(w),y)}

subject to E(g y)a, {g,(fe(zm)‘ym)] <e¢i+ri

L @l O

@

- . . Ce© Y
Resilient constrained learning o . @' ‘ g [
. «
Definition (Resilience) (o)
legy) ability of an ystem to adapt its funetion to accommodate eperating-conditions ®
(learning) learning system specification data properties

P*(r) = min Eg )0 [Loss(fo(z),y)}

subject to Bz y)~a, {g,(fe(zm)‘ym)] <ei+ri

L @l

. P*(r) (benefit),
ci +1; (cost)

* Resilience is a compromise!

@
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Resilient constrained learning e @ " [
e le .
Definition (Resilience) °
{eeology) ability of an ecosyster to adapt its funetion to accommodate eperating-conditions ®
(learning) learning system specification data properties o)

P(r) = min B o [Loss( fs(:c),y)}

subject to E(g,y)~a; [9; (.[9(Im)vym)j| <t
|

. P*(r) (benefit), ]
ci+ i (cost) = h(r) S i
+ Resilience is a compromise!
.
®
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«
Resilient constrained learning O &
Definition (Resilient equilibrium) .
For a strictly convex function h(r), we say the relaxation »* achieves the resilient equilibrium if ®

Vh(r*) e —oP*(r*)

In words: at the resilient equilibrium the marginal cost of relaxing equals the marginal gain of relaxing

Infeasible

®
{Hounie et al., NeurlP$'23] 64
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Resilient constrained learning e @ & 8
2 {
&
Definition (Resilient equilibrium) J
For a strictly convex function h(r), we say the relaxation »* achieves the resilient equilibrium if ®
Vh(r') € — 0P (r) o ¢

In words: at the resilient equilibrium the marginal cost of relaxing equals the marginal gain of relaxing

2 A 2 2 _dP*(r)
al \ 4 o) & dr 0
£ dr 2 2
= dh(r) = =
dr } i
' i
I
™ 7 1 I3 7 %
i
®
[Hounie et a., NeurlPS23] 64
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Resilient constrained learning e @ A [
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Definition (Resilient equilibrium)
For a strictly convex function h(r), we say the relaxation r* achieves the resilient equilibrium i ® .
Vh(r®) e AT (r") OB

In words: at the resilient equilibrium the marginal cost of relaxing equals the marginal gain of relaxing

@ After relaxing, ™ (r*) is smaller than A*(0) .
= Resilient constrained learning “generalizes better” (lower sample complexity) (; 3

@ The resilient equilibrium exists and is unique

®

[Hounie et al., NeurlPS'23] 65

Resilient constrained learning o, &

Definition (Resilient equilibrium) i

For a strictly convex function h(r), we say the relaxation »* achieves the resilient equilibrium if ®
Vh(r*) € — 0P (r) e ¢

In words: at the resilient equilibrium the marginal cost of relaxing equals the marginal gain of relaxing

®
{Houne et al., NeurlP$'23) 64
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Resilient constrained learning . PN # a
%)

el .
Definition (Resilient equilibrium) .
For a strictly convex function h(r), we say the relaxation »* achieves the resilient equilibrium if ®

Vh(r*) e —oP*(r")

In words: at the resilient equilibrium the marginal cost of relaxing equals the marginal gain of relaxing

g\ o g \-o %
g\ ar 8 :
= dh(r) = .
dr 5
— %
«
®
[Hounie et al., NeurlPS'23] 64
.
Resilient constrained learning G &
Definition (Resilient equilibrium)
For a strictly convex function k(r), we say the relaxation r* achieves the resilient equilibrium if @(‘
Vh(r*) € A () O
In words: at the resilient equilibrium the marginal cost of relaxing equals the marginal gain of relaxing
@
[
@ After relaxing, A*(r*) is smaller than A*(0)
= Resilient constrained learning “generalizes better” (lower sample complexity) (; 1
«
®
{Houne et al., NeurlP$'23] 65
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Resilient constrained learning Y. @ 8
®.8
L]

Definition (Resilient equilibrium)
For a strictly convex function k(r), we say the relaxation r* achieves the resilient equilibrium if

P'(r") =pin Euynn [Loss(fo(@).s)] + h(r)
subject to  E(q,y)~a, [_q,, (fg(Im), ym)} <ci+ri

In words: at the resilient equilibrium the marginal cost of relaxing equals the marginal gain of relaxing

,‘b"
[
@ After relaxing, A*(r*) is smaller than A*(0)
= Resilient constrained learning “generalizes better” (lower sample complexity) (; 1
@ The resilient equilibrium exists and is unique
<
®
{Hounie et al., NeurlP$ 23] 65
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Heterogeneous federated learning C A 8
‘
.
0.8 1 W Constrained = ©5; \
Resilient . e
~ B
E
@
o
g
s
g
2
o
(V]
(]
0.4 : _
. i
Train Test %
«
®
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«
Summary . [&
‘
« Constrained learning is a tool to learn under requirements °
Constrained learning imposes generalizable requirements organically during training, ®
e.g., fairness [chamon and Ribeiro, NeurlPS 20; Chamon et al., IEEE TIT'23], heterogeneity (shen etal. ICRL22). . .
o C
« Constrained learning is hard...
(]
+ ...but possible. How? ; i
«
®
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o
Summary o e [
« Constrained learning is a tool to learn under requirements ¢
Constrained learning imposes generalizable requirements organically during training, ®
e.g., fairness (chamon and Ribeiro, NeurlPS 20; Chamon et al., IEEE TIT'23], heterogeneity (shen etal. ICRL22). . .
o C

Constrained learning is hard...
Constrained, non-convex, statistical optimization problem

...but possible. How? 3
We can learn under requirements (essentially) whenever we can learn at all by solving
(penalized) ERM problems. Resilient learning can then be used to adapt the requirements

to the task difficulty [Hounie

al., NeurlPS'23)

Heterogeneous federated learning C
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Minority class prevalence at client (%) Resilience cost (ct)
[Houne et al., NeurlPS'23)
.
Summary .

« Constrained learning is a tool to learn under requirements

- Constrained learning is hard...

+ ...but possible. How?

Summary o,

« Constrained learning is a tool to learn under requirements

Constrained learning imposes generalizable requirements organically during training,
e.g., fairness (chamon and Ribeir amon et al, IEEE TIT23], heterogeneity [shen etal., ICRL22). . .

NeurlP:

« Constrained learning is hard...
Constrained, non-convex, statistical optimization problem

+ ...but possible. How?

Robustness
constraints
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Adversarially robust learning ®

®

ul

. O. ©) Y
. . .

Adversarial training %o @ ©‘ &
(3 ¢

Problem D

Learn an image classifier that is robust to input perturbations ®

* Adversarial training (szegedy et al.. ICLR'14; Goodfellow et al., ICLR'15; Madry et al., ICLR8; ....] 0)

N N
o1 .1
min E 1Loss(fe(mn),z/ﬁ) ——min & E 1 L‘ﬂ‘?{g(mss(fe(mn +6)=yn)}
= e

S 5
«
®
73
. O. © Y
. .. .
Adversarial training Yo @ @' &
. ¢
Problem .
Learn an image classifier that is robust to input perturbations ®
* Adversarial training [szegedy et al.. ICLR'14; Goodfellow et al., ICLR'15; Madry et al., ICLR18; ....] )

N
min % Z Loss (fo(@n), yn)

n=1

o

IS

msin %"Z:; {“ﬂtﬁa‘J;FLoss(fe(mn+5),,I/n)} 3
2

\ /
L

N
min I\L Z_; Loss (fo(@n),yn) + A [ | e Loss( fo(xn + 6),%)]

Slloo e

®
. . Te-© .. %
Constrained learning for robustness Y. @ ©' &
L 3 .
Problem 0

Learn an image classifier that is robust to input perturbations

N
Z Loss (fo(@n), yn)

==

min
0

3

N
subject to ! Z[ max Loss(fe(l'n +5),J/n) <c

N 18]l <

n=

[Chamon and Ribeiro, NeurlPS'20; Robey et al., NeurlPS'21; Chamon et al., IEEE TIT'23]

Robust learning . S @.
A
. «
Problem °
Learn an image classifier that is robust to input perturbations ®
o
o ¢
Saa—
Cello
ariR10 “ :
H Sue i
‘ Sus
50 ) 4
ED ED ®
72
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. . © 9, a
Adversarial training Y. @ @' [
=/
. «
Problem °©
Learn an image classifier that is robust to input perturbations ®
o
LR . - CLR () ¢
CIFAR-10
50
% in &
B b S
> 3
T
®
®70 K .
£ 5 47 °
£ g
S g §
= e 1
50 1
ERM PGD o ERM PGD d
®
[Robey et al., NeurlPS'21] 73
) O. © o,
Adversarial training Y. @ @' S
&
. ‘
Problem °
Learn an image classifier that is robust to input perturbations ®
L o cin e
‘ ‘ CIFAR-10
50
% in &
B b S
= 3
™
3 gas @
®70 K .
£ \ 547 .
£ g
S g .
= Zae 1
50 1
0
ERM PGD P4
®
[Zhang et al., ICML19] 74
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Constrained learning for robustness o . [
«
Problem J

Learn an image classifier that is robust to input perturbations

CIFAR-10

Tno 50
S 901 8
B .49
3
9 Los @
[ 5
3
g g4
D707 ] — K
2 %,
£ g
S 2
= o +
2 i

>
N
>

PGD TRADES DALE PGD TRADES DALE

m
g
|
.
3
=
.
.
3
=
" - 2

[Chamon and Ribeiro, NeurlP$'20; Robey et al., NeurlPS'21; Chamon et al., IEEE TIT'23] 75



Constrained learning for robustness * . b S
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Problem .
Learn an image classifier th "~ @
—— TRADES e ‘ :
=0 %0 DALE
‘_E o é 40
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" c::n accuracy ’ ” R
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Constrained learning for robustness oo [
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£ ] = |
s I 8
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] 0
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®
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Constrained learning for robustness o, -
SONY
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®
Constrained learning for robustness L [

40

Accuracy (%)

B Unconstrained (random init.)

B = = |

0.00

[Chamon et al., IEEE TIT23;

0.10 0.18 0.27
Perturbation magnitude

Penalty-based vs. dual learning A

Penalty-based learning

o' e argmin Loss(6) + A - Penalty(6)
[

« Parameter: \ (data-dependent)

+ Generalizes with respect to Loss + APenalty

Dual learning

6" ¢ argmin Loss(6) + A - Penalty(6)
e

A= [A + n(Pena\ty(@") - L)} .

Constrained learning for robustness

®
] T 200
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1
! 150 |
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2 1034 1 < 100 @
10 5 : 50 o }%
i
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Adversarial loss Iteration
Constrained learning for robustness .
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s: [Zhang et al
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Constrained learning for robustness

Accuracy (%)

[Chamon et al., IEEE TIT'23]
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« Parameter: ¢ (requirement-dependent) &
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+ Generalizes with respect to Loss &
and Penalty < ¢ 4
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B
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Constrained learning for robustness L ‘ 5 &
L 3 .
Problem \J,
Learn an image classifier that is robust to input perturbations ®
[o}
¢
(]

max Loss (fo(@n + 8),yn)

© Computing the worst-case perturbations

Adversarial training .

max Loss (fo(@n + 8),yn) ®

“PGD” (Madry et al., ICLR'18]

L AR + Random initialization
(]
4

+ Restarts .
3 " e proj |6 49 Vs Loss(for(x +6").y)
a « Pruning
4: end
5 5, « 67 F! « Adaptive step size
6
«
[Dhillon et al., ICLR'18; Carmon et al., NeurlPS'19; Wu et al., NeurlPS'20; Cheng et al., IJCAI'”22] 80

Agenda 0

Semi-infinite learning

i . . O. ©) .
Constrained learning for robustness e @ g- &
. «
Problem .
Learn an image classifier that is robust to input perturbations ®
o
¢
)

N
ma())( ngn ZLOSS fo 11l)yyn) +A max Loss(fg(wn +4), ym)]

@ Balancing nominal accuracy and robustness = Dual constrained learning

LY @

.
®

. . Te @, 4
Adversarial training e @ A [
LN
. ‘
ngn g [nnx Loss fe(wn +9), yn)] @O
o ¢
“PGD” [Madry et al., ICLR'18] 3
18 8 .
2fork=1,.... K
3 6"« proj |:6k+nsign (V.s LOSS(fak(w+6k),y))} : °
4 end i

5 8 61!
6: 011 =0: —nVe Loss(fe(w + &),y)

@

. . BORCN
Constrained learning for robustness Y. @ g' [
. o
Problem ®)
Learn an image classifier that is robust to input perturbations ®
o
¢
0)

max Loss( fo(xn + 8),yn)

i
© Computing the worst-case perturbations %

= gradient-ascent—-non-convexunderparametrized 4
®

S e . . Ce© .. %

Semi-infinite constrained learning Y. @ g [
L] .

N @
min %Z [max Loss (fo(@n + 0), y")] N o((

n=1

LCY:

®



Semi-infinite constrained learning e g # 5
~ e @ «

N
mgin %Z [t(w,,. y,,)] (:)O ¢

subject to  Loss(fo(wn +6),yn) < Han, yn),
forall (z.,y.) and d € A 3
« Epigraph formulation: 0
e Loss(fo(x + 8),y) < t <= Loss(fo(x + 0),y) <t forall |5, 4
. @9, 5
Duality S e & @ [
&
. o
mgin LVZ [rénEan LOSS(fg(CL‘n +6)ayn>:| ®

mm 72 (zn, 1/")] s.to Loss(fs x, +9), I/n) < U@, yn), V(Tn, Yn, 8) 3
n=1
mm bup 72 //Jn s) LOSS(fs(E,L +4), J,,) 5 ° »
s
84
O R
From optimization to sampling * . @' : @ &
e «
mgm — Z [max LOSS(fg(CL‘n +4), yn> } ©.
Iz . o] ¢
1 N
msin :Eu; ~ ;ngh(,‘wmh) [Loss(fs(m" +9), yn)} 3
I
Proposition
For all ¢ > 0, there exists y(x, y) < max Loss(fo(x + 8),y) s.t. L(0, ;) > sup L(0, ) — € for %
seA nep?
i Bley) o [€(Jo(a + 8).5) ~2(@.v)] y
N ®
85
From optimization to sampling e \@ @ [
1 N
main N "z::l [rglﬁan Loss(fg(:bn + 5).;!/:;) } @O
Iz e ¢
1 N
mgin usg)]}pz ~ ;E&,V“,,(v‘zn,yn) [LOSS(fe(-Tn +4), Un)} 3
Proposition

For any approximation error, 3 y(z, y) such that

1y (8]2,) [Loss(fg(:c +0),y) - 'y(w.y)} .

[Robey et al., NeurlPS'21] 86

Semi-infinite constrained learning .

N
1
min  — [t(w,.,yn)]
0 N ;

subject to  Loss(fo(@n + 80),yn) < Hwn, yn)
Loss(fg(z,, +0,3), z/,,) < tHxn,Yn)
Loss(/u;:r +6c),yn) <

Loss( fo )

t

Ty Yn)

« Epigraph formulation:

1181l e

* Semi-infinite program

Duality .

N

max Loss(fg(m +8),y) <t <= Loss(fo(x+8),y) <t forall 5] <e

o,

R
©r‘
e C

n{giu % Zl [rg}ga&c Loss (fg(m,,, +4), yn) ] @o
n— o
:
mm 72 (T, Yn ] s.to LDSS(fo(z77 +9), Jn) < H®n, yn), V(Xn, Yn, 0) 3
n=1

1 I %

Ilgll :2}; ﬁZ:;EgNP( M, {LOSS(fs(mn + 5),%;)} : °

®

84

A . © 9. »

From optimization to sampling e @ @ [
e ‘

N L]

nLin Z:: [max LOSS fg(wn +4), yn) ] @c
- %

1 N
msin “s:;)z N;EENVW("EnY:‘/7l) [Loss(fg(z“ +5),yn)} 3
Proposition : Loss : 72 >
For any approximation error, 3 v(z, y) such that E \ E %
Bl y) o [Loss (fo( +8).) = 2(.0)] F
” 161 e
[Robey et al., NeurlPS'21] 86
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From optimization to sampling e @ " @ [
e ‘

N L]

nLin Z:: [max LOSS fg(wn +6), yn) ] @C

N
. 1
min sup " Eani, (o) [Lo88(fol@n + 8),n) |

2
wep n=1

. H Loss

Proposition i
I

For any approximation error, 3 v(z, y) such that !
I

I

(Bl y) o [Loss(fo(a +8).3) ~7(@.0)] ;

—e (161l

[Robey et al., NeurlPS'21]
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From optimization to sampling . g &
- . @ «
mgin i\lz [T:AX LDSS(fg(ww + 6).y,,>} ®

-

N
. 1
nn s ; Esr iy Clan ) [LOSS(.fe (zn +0), z/n)} 3
. H Loss K L g
Proposition
For any approximation error, 3 y(z, y) such that 1
1y (82, y) o [Loss(fe(ﬂc +0),y) - W(w,y)} R h
‘
“e 61l ¢ ®
[Robey et al., NeurlPS21] 86
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Constrained learning for robustness S e g @ &
&
. ‘
Problem D
Learn an image classifier that is robust to input perturbations ®

~
. ; .
max min < Z LOSS(fo(:En)- A/,y) +A max LOSS(fg (zn + 6), yn)]

n=1

(]
1
© Computing the worst-case perturbations %
= gradient ascent — non-convex, underparametrized d
®
87
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Dual Adversarial LEarning CAS N @ &
&
. ‘
tforn=1,...,N: 0
2 8, ~ Random(A) ©n \
3 fork=1,... K ) S
4 ¢ ~ Laplace(0, T) HMC sampling:
3~ po(:|Tn, yn
5 8, proj |6, +1n Vs Loss (fo (@n + 8n),yn) || + \/HC} Holt[@n. yn) 3
A
6 end
7 0+ 0—-nVe I:LOSS(fB(En)vyn) + )\Loss(fg(wn + Jn),yn)} ‘ SGD .
(]
8: end
N 1
1
9 A« [A+n<NZLoss(fg(wn+6,«),yu) —c>:| GA %
n=1 +
i
®
[Robey et al., NeurlPS'21] 88
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Dual Adversarial LEarning DN [
®.80
tforn=1,...,N: 0
ON
e ¢

7 00—V [Loss(fg(a:n),yn) + ALoss(fo(@, + ﬁn),yn)} ‘ SGD .
|
8: end
%
®
[Robey et al., NeurlPS21] 88

a . . &= P
From optimization to sampling e @ &
&
A
1 N L]
n{ain ~ Z‘T [r‘sn&an LOSS(fg(:En +6), yn) } ®
1 N
min s, % D Boridionid [Loss(fo(@n +8).1.) | 3
B
. B Loss i ’ L
Proposition : i :
For any approximation error, 3 v(x, y) such that E E 4
po(8]a, y) o Loss(fo(x + &), y) : : ﬁ
T y=0 *
—c (16l € ®
[Robey et al., NeurlPS'21] 86
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Constrained learning for robustness CESN @ &
&
. ‘
Problem °
Learn an image classifier that is robust to input perturbations ®
- Esepio(wn,un) o G
max min ; Loss(fo(xn),yn) + /\[ Loss(fo(wn + ), yn)]
@
]
@ Computing the worst-case perturbations %
= gradientascent—-non-convextnderparametrized = sampling P
®
87
. . @ © ;;
Dual Adversarial LEarning e " [
e le ‘
1rforn=1,..., N: .
2 8, ~ Random(A) ©r:
3 fork=1,...,K: ) e \
4 ¢ ~ Laplace(0, 1) HMC sampling:
&~ po (|, yn
5: 8, + proj [&,, +n Vs Loss(fg, (zn + 6,,),y,,) +\/2nT¢ Hol'|n; )
A
6. end
@
8: end ‘ .
®
[Robey et al., NeurlPS'21] 88
o @ Y
Dual Adversarial LEarning Y. @ " [
®.8
L]
ON
o ¢
2
’ ]
1< :
9 A« A+n<ﬁZLoss(fe(wu+6n),y,,)—c>:| GA
n=1 +
®

[Robey et al., NeurlPS'21] 88



Dual Adversarial LEarning o,

1:forn=1,...,N: 0

2 8, ~ Random(A)

3; fork=1,... K: X () 4'\
p ¢ ~ Laplace(0, 1) HMC sampling:
& ~ p(:|®n, yn
5: 8, proj |6, +1 Vs LOSS(fe,, (zn + 6n), yn) + v/ 27/14 #Clen, o)
A
6 end
7 0+ 0—-nVe [Lo:’ss(fg(;t”)v yn) + )\Loss(fe(wn +8n), yn)} ‘ SGD 5
(]
8: end
1 & N
9 A [A+n<NZLOSS(fg(zn+6,,),y,,) 7c>:| GA
n=1 + y
®
[Robey et al., NeurlPS'21] 89
LR
Dual Adversarial LEarning D [
tforn=1,...,N: 0
2 8, ~ Random(A) ©,; \
3 fork=1,... K: T — 0:“PGD” ‘@~
[E LR'14]
[ o RS
5 Oy 4= proj |8 +n Vs oo [ Loss(fo, (@n + 84),yn) } Madry etal, ICLA'18]
A
6 end ‘b
7 0+ 60-nVe I:LOSS(fg(:En),yy,) + ALoss ( fo(an + 0.), ym)} ‘ SGD . 2
(]
8: end
1 & N
9 A [A+n<NZLOSS(fg(wn+6,,),y,,) 7c>:| GA
n=1 + y
®
[Robey et al., NeurlPS21] 89
N
Dual Adversarial LEarning G [
Problem °
Learn an image classifier that is robust to input perturbations ®
o C
PGD FGSM DALE
il A
25 25
PC2 00 00 @m > @
25 2.5 (]
25 00 25 25 00 25 2.5 00 25 :
PC1
«
®
[Robey et al., NeurlPS'21] 91
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Invariance o e S
Problem D
Learn a classifier that is invariant to transformation g € G ®
o C
1 N
| 2 min Z, Loss (fo (), yn)
= L : Egmpio(-lwnym)
Cello subject to - Z VLoss(fe(gmn )| <e 2
) Cello n=t §
,/ »
[ | « No differentiability required (e.g., Metropolis-Hastings) 4
Cello ]
Cello S
®
[Hounie et al., ICML23] 92

Dual Adversarial LEarning (T [
1 forn=1,..., N: . ;
2. 8, ~ Random(A) Gaussian

[Lopes etal., a

[Rusak et a

Patches

[Zhong et al., AAAI20]

[Yun etal., ICCV'19]

&)

7. 0+ 0-nVe |:L0$S(f9(11n)-, Un) + ALoss (fo(an + 0,), yn,)} ‘ SGD .
.
8: end
1 X (
9 A« A+n<NZLoss(fe(wu+6n),y,,)—c>:| GA
n=1 +
‘
®@
[Robey et al, NeurlPS'21] 89

.
Dual Adversarial LEarning . [
«
Problem .
Learn animage classifierth =~ ' ** © o
®
e
50
9% e
g
= 45
> s
8 £
g H
3 g
g 70 é “ !}
5 é 35
50 30
ERM Pe TRADES DALE
8 8 5% 5 % %
Clean accuracy L
®
[Robey et al., NeurlPS21] %
o«
Invariance e S
«
Problem o
Learn a classifier that is invariant to transformation g € G @

N
mein J\L Zl LOSS(fH(-ZH ), ,z/.,)

N
. 1
subject to 5 Z [l;}ga(:( Loss(fe(gwn),?/n)} <c
n=1

Cello T@
Training on a subset of ImageNet-100 . &

60 || g ~ Uniform -.’INMG‘

« Transformations (G)

= ShearX, ShearY, Flips, Rotate,
TranslateX, TranslateY

= Cutout, Crop

Test accuracy (%)

= AutoContrast, Invert, Equalize, 0
Solarize, Posterize, Contrast, [ ]
Color, Brightness, Sharpness

1 25 5 10
Training samples (%)

[Houne et al., ICML'23] 93



©
“Identifying” invariances . & g &
&
L]
Synthetic Invariance ®_
Dataset Dual variable () Rotation  Translation Scale 0 G
MNIST Rotation 0.000 2.724 0.012
Translation 1.218 0.439 0.006 3
Scale 2.026 4029 0.003
F-MNIST Rotation 0.000 3.301 1.352 0
Translation 3.572 0.515 0.441 > )
Scale 4.144 2.725 0.904 %
[Hounie et al., ICML'23] 94
‘ ©
(Manifold) smoothness . @ &
T e e .
Problem .
Leveraging unlabeled data ®
(] N >

- Labeled data ({Position, Action})

Dataset ERM
(85% success)

[Cervifio et al., ICML'23]

(Manifold) smoothness

Problem
Leveraging unlabeled data

« Labeled data ({Position, Action}) and unlabeled data ({Position})
« Use {Position} to estimate a data manifold M

N

. 1 . " 2

min VE || fo(Position.,) — Action,, |
n=1

subject to max ||V fo(2)|* < ¢
@

[Cervifio et al., ICML23]

(Manifold) smoothness

Problem
Leveraging unlabeled data

« Labeled data ({Position, Action}) and unlabeled data ({Position})

ERM
(85% success)

Dataset

[Cervifio et al., ICML23]

Manifold smoothness

(94% success)

(Manifold) smoothness e @ 8 S
T e e o
Problem °

Leveraging unlabeled data

« Labeled data ({Position, Action})

Dataset
®
[Cervino et al., ICML'23] 5
(Manifold) smoothness Ve mt@ &
A
T e @ ‘
Problem °
Leveraging unlabeled data ®

« Labeled data ({Position, Action})

Dataset ERM
(85% success)

Lipschitz regularization
(66% success)

[Cervifio et al., ICML23] 95

(Manifold) smoothness o e

Problem *
Leveraging unlabeled data ®

« Labeled data ({Position, Action}) and unlabeled data ({Position})

« Use {Position} to estimate a data manifold M

N
. 1 - . N\
min Z || fo(Position,,) — Action,, ||* @
n=1 o
subject to \ HVMfs(:::)H2 <ec [ ]
Egnpo S ]
.
®
[Cenvifo et al, IOML23] %
(O]
@9, u
Agenda ¥ e @ S
- o & ‘
L]

Probabilistic robustness Q 4



Constrained learning challenges Oit \\ 5 [
T e ‘

mgm 72 fo(xn), 1/,, PAGe "‘9"‘ E@.y)~o [[(fﬂ(m")~y">] @O
o

s.to *z max (fol@n +8),yn) | < 510 E(gyyno [gl:j (fo(an +6)‘yn)] <c

Challenges
1
1) Statistical: does the solution of the constrained empirical problem generalize? ( E
.
®
99
Statistical lexit e g R
atistical complexity . @ @
&
. ‘
.
®
mm 72 max Loss (fe(a:n +4), yn) —— min E(g y) [max Loss(fg(a: +6) ) o
=1 e
« |s robust learning harder than non-robust learning? Do we need more samples?
A: YES and NO
[Cullina, Bhagoji, Mittal. PAC-learning in the presence of evasion adversaries, NeurlPS'18] @ @ .
ally Robust Generalization, ICML19] @ (]

but Only Improperly, COLT'19] @ @

0] @
ation, NeurlPS'22] @ @

for Linear Hypot and Neural Netw

aming: A generic minimax optimal learner & cf

“ ” ORI
Softer” robustness . ® &
e @ ‘
« Softmax or log-sum-exp [Lictal. (CLR21] .
l log (JE(;N"‘ |:eT Loss(fg(fﬂ+5),!/):|) ©o
T . ,\

= 7 — 0: classical learning
= 7 — oo: adversarial robustness

« L, NOrMS [Rice et al., NeurlPS21]
(]

Esnm [ [Loss (fo(x + 6),y) ‘Y} v

= 7 = 1: classical learning %
= 7 — oo: adversarial robustness
®
Towards probabilistic robustness e g 5
S
mgin %2 [dw’“y“)] ©0

subject to  Loss (/e(v:ﬂ + d0), Jn)
Loss (fo(@n + 61), ) < t(@n,1

Loss(/e £ +6VZ
(

Loss( fo(x:

« Epigraph formulation: Lo

H;ﬂmx Loss (fg (x

+ Semi-infinite program %

®

103

6)”y) {t = Ll;SS(fg(I +6),y) <t forall [|d]| , <e *

Constrained learning challenges C A - A
- . @ «

@,

e C

N
Z max £ (fo(@n +0),yn) | <c e 510 E(ay)~o [max K(/’s(zwré),yn)] <e

Challenges
1) Statistical: does the solution of the constrained empirical problem generalize? § E
«
®
99
: ©) o
. ..
Nominal performance of robust models - N @ &
&)
. «
L]
L.-trained L.-trained L.-trained
2% g% ™
Zo Zo S
s, g% — 255 S
5 e — 4255 5 =
G & — anss &7 3
" #Trammg]gamples " #Tra]\";ung Sarr‘\‘;.;les #“r‘:aining é:mp\es " * .
(a) MNIST (b) CIFAR-10 (¢) Restricted ImageNet :
«
®
[Tsipras et al., ICLR'19] 101
: O, u
1 LE] .
Softer” robustness @8 [
. ‘
« Softmax or log-sum-exp (Lieta. (CLR21] .
Liog (EM [87 Loss(/g<m+51,y)D @,
p >
o
* Ly norms (Rice et al., NeurlPS21]
LY
Esm [ |Loss (fo(a + 8). )| }
€
[
© Computationally challenging ]
© No guaranteed advantages %
«
®
102
. C\' © Ja
Towards probabilistic robustness Yo @ @ [
&/
. «
L]
ngn Z t(a:,,,l/,. ©c

)
subject to  Loss( f

( fo(zn + d0), Jn) < t(@n,Yn)
Loss(fg(z,, +61),yn) < t@n,yn)




~ Espio (o)

N
mein % Z [I(zn-,,llﬂj}

net min B ) [ Loss (fo(@ + 6)‘1,)] ©\
subject to  Loss

(fo
Loss (fo(
(fo
(Jol

Z}v:+6rl)ayvr) < t(xn,yn) e \
T+ 01),yn) < @0y yn)

Loss
— (161l

.

®

[Robey et al., ICML22 (spotiight)] 104
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Probabilistic robustness . & @ 8
. ‘

« Probabilistic robustness °

-esssup Loss( fo(x + 8), 1

o i e Loss(fo(e + 2).) P

= 7 =1/2: classical learning e

= 7 = (: adversarial robustness

P

resssup [ === R .

Povu[H] =7

®
[Robey et al 2 (spotlight)] 105
‘e © -
ap_as . ® ..
Probabilistic robustness and Risk Y. @ @ &
e ‘
L]
« Conditional value at risk: @,‘
CVaR,(f) = E. [f(2) | f(z) > F'(p)] e
it et E. [[f(2) - al+] 3
a€R 1-p
= CVaRo(f) = E-[f(2)]
= CVaRi(f) = coosup, f(2)
(]
Proposition i
CVaR is the tightest convex upper bound of T-esssup, i.e., %
reesssup. [(z) < CVaR, () with equality when p = 0 or p = 1.
®
[Shapiro et al. Lectures on Stochastic Programming, 2014; Kalogerias et al., IEEE ICASSP'20] 107
cre - ® @ o,
Probabilistic robustness Y @ [
®.0
« Probabilistic robustness r 1 °
1 —esssup Loss +4),1
mir 77 :‘s;:l\lp (fe(:t ) y)r @r‘
= 7 = 1/2: classical learning o ¢

= 7 = 0: adversarial robustness

= Potentially better sample complexity max ‘

I
Robey et al., ICML22 (spotlight)] @
. T-esssup |- - - — . 0
Raman et al., NeurlPS ML Safe shop'22] @ @ 1 | °
= Better performance trade-off / \ 4
Robey et al., ICML22 (spotlight)] @ / \/
z
Peou[M] =7 4
®
[Robey et al., ICML22 (spotiight] 109

©
aps g ) £y
Towards probabilistic robustness e @ [
A
e @ «
min J%i [tz yn)] ~ Espig (o) .
o =1 min B ) { Loss(fo(x + 6),1,/)] ©c
subject to  Loss(fo(@ +80).yn) < t(wn,un) e ¢
Loss(fo(mn + 01),5) < H(@n,yn)
Loss{fortemtourmr<Hemyn 3
. N ! Loss 1
LOSS{ fpir — & o} : : 3
Loss( < E E G
: PO
e 19l . %,
®
[Robey et al., ICML22 (spotlight)] 104
Probabilistic robustness . &
Espio(-2.y) Esmpo(-|z,y) D
min E,) Loss (fo(x + ), y) min Eg.) { Loss(fo(x + 6),1,/)] @c
e ¢
Loss Loss ]
5 @
: Te
e 1161l 1161, ‘ %
®
[Robey et al., ICML22 (. 106
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Probabilistically robust learning Yo @ &
T e (e o
L]
1 forn=1,... @n
2 ap =0 0 (
3: fort=1,....7:
4 &; ~ Random(A) SGD (CVaR)
5: at—a—7‘:7(7—]1[Loss(fg(zn+67,).y")2&])
end =
2
7 0+ 0-nVe [Loss(fg(a:n + 6r).yn) - a} . ‘ SGD () ° .
-~ %
~CVaR; _ [Loss(fo (n+6)un)] ]
8: end %
®
[Robey et al., ICML22 (spotlight)] 108
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Probabilistically robust learning Yo @ @ [
o & ¢
L]
95 aol 1 @
g g o ¢
° w
g H
£ g
80 s
QO o & o O Lo & o i
g L& F & L& F & .
< 4 «QY“ Q < 4 ,\Qy' Q %
®
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Probabilistically robust learning . 8
.
95 ®
< 80 o
= 2
®* < o C
g 90 é 60
% £
c e}
€ 8 %
2 2 20
(=2
80 0 0
WK WK »
& & & A & & &I
A <
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o«
Summary o e [
.
+ Semi-infinite constrained learning is a tool to enforce worst-case requirements ®
e.g., robustness [Robey et al, NeurlPS21], iNVariance [Hounie et al., ICML23], SMOOthNess [Cervirio et al., ICML23). . . o
o C

« Semi-infinite constrained learning...

* ...but possible. How?

«
Summary O &
¢
°
« Semi-infinite constrained learning is a tool to enforce worst-case requirements ®
e.g., robustness [Robey et al, NeurlPS21], iNVariance [Hounie et al., ICML23], SMOOthNEss [Cervirio et al., ICML23). . .
o C
« Semi-infinite constrained learning...
Learning problem with an infinite number of constraints &

...but possible. How?

i
Using a hybrid sampling—optimization algorithm or, in the case of probabilistic robustness,
a tight convex relaxation (CVaR) (robey et al.. ICML22)

Summary O

« Semi-infinite constrained learning is a tool to enforce worst-case requirements

« Semi-infinite constrained learning. ..

&)

+ ...but possible. How?

Summary O

Semi-infinite constrained learning is a tool to enforce worst-case requirements ®

€.g., robustness [Robey et al., NeurlPS'21], iNVariance [Hounie et al., IcML23), SMoothness [Cervirio et al., ICM

Semi-infinite constrained learning...
Learning problem with an infinite number of constraints

+ ...but possible. How?
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