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Setting II - test data
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Setting II - training data

<latexit sha1_base64="JteDLwheb7p9NxwLGXNZWzf6A8A="></latexit>

(N > 1)
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Setting II - data summary

• 2 classes (-1,+1)

• whole domain known
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<latexit sha1_base64="RsmMS3I4bSMpfn8mfR/IwM71NEs="></latexit>

� 2 CsurSetting II - loss

• convex, nonincreasing

• differentiable, 

• lowerbounded

<latexit sha1_base64="8WvVtYn+ATvkoqUrNKMmZmOoLS0="></latexit>

�0(0) < 0
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Setting II - outputs
<latexit sha1_base64="RsmMS3I4bSMpfn8mfR/IwM71NEs="></latexit>

� 2 Csur

Real-valued (sign = class)

• convex, nonincreasing

• differentiable, 

• lowerbounded

<latexit sha1_base64="8WvVtYn+ATvkoqUrNKMmZmOoLS0="></latexit>

�0(0) < 0

<latexit sha1_base64="pxcbKDdN3k4/F5zfBvRQPs1oRJA="></latexit>
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<latexit sha1_base64="3KE6K8keoi2yAUkIrrkuHsGkwQE="></latexit>

hboost

Setting II - algorithm

Boosting 
"à-la Adaboost"



Mansour, Nock & Williamson — ICML'23

Boosting 
"à-la Adaboost"

Setting II - Key result

already after few 
iterations

<latexit sha1_base64="3KE6K8keoi2yAUkIrrkuHsGkwQE="></latexit>

hboost

<latexit sha1_base64="6PhgTkdiGfxtnbkIdLMfRNL4kRk="></latexit>

Err(hboost,Dclean)=0.5
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Boosting 
"à-la Adaboost"

Setting II - Key result

already after few 
iterations

<latexit sha1_base64="6PhgTkdiGfxtnbkIdLMfRNL4kRk="></latexit>

Err(hboost,Dclean)=0.5

<latexit sha1_base64="3KE6K8keoi2yAUkIrrkuHsGkwQE="></latexit>

hboost
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Setting I - Key result
<latexit sha1_base64="RsmMS3I4bSMpfn8mfR/IwM71NEs="></latexit>

� 2 Csur

<latexit sha1_base64="Y9t95c0Ei8701m0LrWjtl5fmOJQ="></latexit>

h⇤

• convex, nonincreasing

• differentiable, 

• lowerbounded

<latexit sha1_base64="8WvVtYn+ATvkoqUrNKMmZmOoLS0="></latexit>

�0(0) < 0"margin loss"
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• convex, nonincreasing

• differentiable, 

• lowerbounded
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Setting I - Key result

<latexit sha1_base64="CrWHkxFYKt11wOCwIU1NOvpwLLE="></latexit>

Err(h⇤,Dclean)=0.5
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<latexit sha1_base64="CrWHkxFYKt11wOCwIU1NOvpwLLE="></latexit>

Err(h⇤,Dclean)=0.5

<latexit sha1_base64="RsmMS3I4bSMpfn8mfR/IwM71NEs="></latexit>

� 2 Csur
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• convex, nonincreasing

• differentiable, 

• lowerbounded

<latexit sha1_base64="8WvVtYn+ATvkoqUrNKMmZmOoLS0="></latexit>

�0(0) < 0

Setting I - Key result



the "simplest" form of corruption 
defeats two praised ML components:  

convex [losses | boosters]...

( x100s)
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the "simplest" form of corruption 
defeats two praised ML components:  

convex [losses | boosters]...

or does it ?
why this work

( x100s)
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Enters Savage
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posterior
<latexit sha1_base64="OSovoptaoh3CWnrso+wo9MU7xZ8="></latexit>

p̂[y = 1|x]

of the argmax class

Setting I tweak (temporary)
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Class Probability Estimation

Class prediction → posterior prediction (                  )

<latexit sha1_base64="OSovoptaoh3CWnrso+wo9MU7xZ8="></latexit>

p̂[y = 1|x]
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Class prediction → posterior prediction (                  )


CPE loss (pointwise)


<latexit sha1_base64="OSovoptaoh3CWnrso+wo9MU7xZ8="></latexit>

p̂[y = 1|x]

<latexit sha1_base64="X9o9z80fxkJSjYCt0j0oY8G/cAQ="></latexit>

`(y, u)
.
= Jy = 1K · `1(u) + Jy = �1K · `�1(u)

true label / class in {-1,1}
estimated posterior in [0,1]

partial losses

Class Probability Estimation
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Class prediction → posterior prediction (                  )


CPE loss (pointwise)
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`(y, u)
.
= Jy = 1K · `1(u) + Jy = �1K · `�1(u)

true label / class in {-1,1}
estimated posterior in [0,1]

partial losses

<latexit sha1_base64="LWAt2/8ko6rNU2ioPR76UMpXmUQ="></latexit>

`�1

log loss

<latexit sha1_base64="zMvMlrbrtzlRQ2Hs83dhaVjoVBE="></latexit>

`1

symmetry axis

Class Probability Estimation



Class prediction → posterior prediction (                  )


CPE loss (pointwise)


CPE loss (population)


<latexit sha1_base64="OSovoptaoh3CWnrso+wo9MU7xZ8="></latexit>

p̂[y = 1|x]

<latexit sha1_base64="X9o9z80fxkJSjYCt0j0oY8G/cAQ="></latexit>

`(y, u)
.
= Jy = 1K · `1(u) + Jy = �1K · `�1(u)

true label / class in {-1,1}
estimated posterior in [0,1]

partial losses

<latexit sha1_base64="LWAt2/8ko6rNU2ioPR76UMpXmUQ="></latexit>

`�1

log loss

<latexit sha1_base64="zMvMlrbrtzlRQ2Hs83dhaVjoVBE="></latexit>

`1

<latexit sha1_base64="q+JAgsFmTR2QbEvZ00acHqJlpp0="></latexit>

�(⌘,D)
.
= E(x,y)⇠D [`(y,⌘(x))]

Class Probability Estimation
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Class prediction → posterior prediction (                  )


CPE loss (pointwise)


CPE loss (population)


Quality: strict properness (strict optimum = Bayes prediction)

<latexit sha1_base64="OSovoptaoh3CWnrso+wo9MU7xZ8="></latexit>

p̂[y = 1|x]

<latexit sha1_base64="X9o9z80fxkJSjYCt0j0oY8G/cAQ="></latexit>

`(y, u)
.
= Jy = 1K · `1(u) + Jy = �1K · `�1(u)

true label / class in {-1,1}
estimated posterior in [0,1]

partial losses

<latexit sha1_base64="LWAt2/8ko6rNU2ioPR76UMpXmUQ="></latexit>

`�1

log loss

<latexit sha1_base64="zMvMlrbrtzlRQ2Hs83dhaVjoVBE="></latexit>

`1

<latexit sha1_base64="q+JAgsFmTR2QbEvZ00acHqJlpp0="></latexit>

�(⌘,D)
.
= E(x,y)⇠D [`(y,⌘(x))]

<latexit sha1_base64="h8ubd08bmlpzUnK+taK9oo7zs2o="></latexit>

⌘Bayes = argmin
⌘

�(⌘,D)

Properness
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Class prediction → posterior prediction (                  )


CPE loss (pointwise)


CPE loss (population)


Quality: strict properness (strict optima        Bayes prediction)

<latexit sha1_base64="zMvMlrbrtzlRQ2Hs83dhaVjoVBE="></latexit>

`1
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`�1
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p̂[y = 1|x]
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`(y, u)
.
= Jy = 1K · `1(u) + Jy = �1K · `�1(u)

true label / class in {-1,1}
estimated posterior in [0,1]

partial losses
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�(⌘,D)
.
= E(x,y)⇠D [`(y,⌘(x))]

<latexit sha1_base64="h8ubd08bmlpzUnK+taK9oo7zs2o="></latexit>

⌘Bayes = argmin
⌘

�(⌘,D)

Properness

<latexit sha1_base64="J5tKhRCD4uWWUfUQF9bWm2rbGX8="></latexit>2

<latexit sha1_base64="J5tKhRCD4uWWUfUQF9bWm2rbGX8="></latexit>

2 0/1 loss

symmetry axis



Back to L&S (Setting I)

Mansour, Nock & Williamson — ICML'23



Savage on L&S 
(Setting I)

• strictly proper, 

• symmetric, 

• differentiable

posterior

Because we train on the 
full domain, min sought =

Mansour, Nock & Williamson — ICML'23



<latexit sha1_base64="7aOplFHjAAOp+Mnl9w3SgTlKzXw="></latexit>

⌘Bayes =
N

N + 1

• strictly proper, 

• symmetric, 

• differentiable

posterior

(       !)
<latexit sha1_base64="NXdKAn78OEoWhzzRyywiZBFzDyI="></latexit>

8x

Savage on L&S 
(Setting I)
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<latexit sha1_base64="7aOplFHjAAOp+Mnl9w3SgTlKzXw="></latexit>

⌘Bayes =
N

N + 1

• strictly proper, 

• symmetric, 

• differentiable

posterior

(       !)
<latexit sha1_base64="NXdKAn78OEoWhzzRyywiZBFzDyI="></latexit>

8x

only positive 
examples &

<latexit sha1_base64="+ukk58Owsjp3Cd/GLvb9OGYWWIs="></latexit>

⌘Bayes >
1

2

Savage on L&S 
(Setting I)
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<latexit sha1_base64="7aOplFHjAAOp+Mnl9w3SgTlKzXw="></latexit>

⌘Bayes =
N

N + 1

• strictly proper, 

• symmetric, 

• differentiable

posterior

(       !)
<latexit sha1_base64="NXdKAn78OEoWhzzRyywiZBFzDyI="></latexit>

8x

<latexit sha1_base64="4LWJq9xfcHODeTW4ZI/elrAg7o0="></latexit>

Err(⌘Bayes,Dclean)=0

Savage on L&S 
(Setting I)

<latexit sha1_base64="+ukk58Owsjp3Cd/GLvb9OGYWWIs="></latexit>

⌘Bayes >
1

2



Savage on Setting I                        L&S on Setting I

Mansour, Nock & Williamson — ICML'23



• strictly proper, 

• symmetric, 

• differentiable

          posterior
<latexit sha1_base64="5C7QL3SoI3zFnL8MXc2Y2X+5O3s="></latexit>⌘

Savage on Setting I                       

<latexit sha1_base64="4LWJq9xfcHODeTW4ZI/elrAg7o0="></latexit>

Err(⌘Bayes,Dclean)=0
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• strictly proper, 

• symmetric, 

• differentiable

• convex, nonincreasing

• differentiable, 

• lowerbounded

<latexit sha1_base64="8WvVtYn+ATvkoqUrNKMmZmOoLS0="></latexit>

�0(0) < 0

          posterior        real-valued
<latexit sha1_base64="5C7QL3SoI3zFnL8MXc2Y2X+5O3s="></latexit>⌘

<latexit sha1_base64="ulBfOhWj91yt8w4KyTpicOjbGEE="></latexit>

h

Savage on Setting I                        L&S on Setting I

<latexit sha1_base64="CrWHkxFYKt11wOCwIU1NOvpwLLE="></latexit>

Err(h⇤,Dclean)=0.5
<latexit sha1_base64="4LWJq9xfcHODeTW4ZI/elrAg7o0="></latexit>

Err(⌘Bayes,Dclean)=0
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• strictly proper, 

• symmetric, 

• differentiable

• convex, nonincreasing

• differentiable, 

• lowerbounded

<latexit sha1_base64="8WvVtYn+ATvkoqUrNKMmZmOoLS0="></latexit>

�0(0) < 0

          posterior        real-valued
<latexit sha1_base64="5C7QL3SoI3zFnL8MXc2Y2X+5O3s="></latexit>⌘

<latexit sha1_base64="ulBfOhWj91yt8w4KyTpicOjbGEE="></latexit>

h

But...

?
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<latexit sha1_base64="+/UcTLZTP4zqKHSEEVy+3GydTpI="></latexit>

⌘
.
= (`�1 � `1)

�1(h)

↳ Minimization of any* strictly proper, symmetric, differentiable CPE loss can be 
formulated as a convex surrogate minimization for a real valued classifier with a 
correspondence via the (canonical) link of the loss:

• strictly proper, 

• symmetric, 

• differentiable

• convex, nonincreasing

• differentiable, 

• lowerbounded

<latexit sha1_base64="8WvVtYn+ATvkoqUrNKMmZmOoLS0="></latexit>

�0(0) < 0

          posterior        real-valued
<latexit sha1_base64="5C7QL3SoI3zFnL8MXc2Y2X+5O3s="></latexit>⌘

<latexit sha1_base64="ulBfOhWj91yt8w4KyTpicOjbGEE="></latexit>

h

<latexit sha1_base64="YINSLypFIU2LZIxRlb6WB2XU/oU="></latexit>⇢
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<latexit sha1_base64="+/UcTLZTP4zqKHSEEVy+3GydTpI="></latexit>

⌘
.
= (`�1 � `1)

�1(h)

↳ Minimization of any* strictly proper, symmetric, differentiable CPE loss can be 
formulated as a convex surrogate minimization for a real valued classifier with a 
correspondence via the (canonical) link of the loss:

• strictly proper, 

• symmetric, 

• differentiable

• convex, nonincreasing

• differentiable, 

• lowerbounded

<latexit sha1_base64="8WvVtYn+ATvkoqUrNKMmZmOoLS0="></latexit>

�0(0) < 0

          posterior        real-valued
<latexit sha1_base64="5C7QL3SoI3zFnL8MXc2Y2X+5O3s="></latexit>⌘

<latexit sha1_base64="ulBfOhWj91yt8w4KyTpicOjbGEE="></latexit>

h

<latexit sha1_base64="YINSLypFIU2LZIxRlb6WB2XU/oU="></latexit>⇢

paradox ?



Does it survive to full-
fledged properness ?



• strictly proper, 

• symmetric, 

• differentiable

Strict properness without symmetry assumption:  
 
↳ asymmetry brings much more freedom to 
     fine-tune costs 

What about properness without symmetry ?

<latexit sha1_base64="LWAt2/8ko6rNU2ioPR76UMpXmUQ="></latexit>

`�1

<latexit sha1_base64="zMvMlrbrtzlRQ2Hs83dhaVjoVBE="></latexit>

`1

Mansour, Nock & Williamson — ICML'23



• strictly proper, 

• symmetric, 

• differentiable

Strict properness without symmetry assumption:  
 
↳ asymmetry brings much more freedom to 
     fine-tune costs  
↳ no "classical" margin formulation anymore  
     -- "escapes" Long & Servedio's setting 

What about properness without symmetry ?

<latexit sha1_base64="LWAt2/8ko6rNU2ioPR76UMpXmUQ="></latexit>

`�1

<latexit sha1_base64="zMvMlrbrtzlRQ2Hs83dhaVjoVBE="></latexit>

`1

<latexit sha1_base64="id+MeKMGDg9H4PcyyDLXs0G6l1Q="></latexit>

6⇢
L&S
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<latexit sha1_base64="zMvMlrbrtzlRQ2Hs83dhaVjoVBE="></latexit>

`1

<latexit sha1_base64="id+MeKMGDg9H4PcyyDLXs0G6l1Q="></latexit>

6⇢
• strictly proper, 

• symmetric, 

• differentiable

Strict properness without symmetry assumption:  
 
↳ asymmetry brings much more freedom to 
     fine-tune costs  
↳ no "classical" margin formulation anymore  
     -- "escapes" Long & Servedio's setting 

What about properness without symmetry ?

<latexit sha1_base64="LWAt2/8ko6rNU2ioPR76UMpXmUQ="></latexit>

`�1

L&S

<latexit sha1_base64="CrWHkxFYKt11wOCwIU1NOvpwLLE="></latexit>

Err(h⇤,Dclean)=0.5

already after #iterations 
as small as 2

<latexit sha1_base64="6PhgTkdiGfxtnbkIdLMfRNL4kRk="></latexit>

Err(hboost,Dclean)=0.5

Setting ISetting II

properness as a whole "useless" !
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In-context, hardness has nothing to do with  
↳ the convexity of the loss 
↳ nor the fact that algorithm = boosting


Let us cut to the chase...

<latexit sha1_base64="UOxYFaNxrSlmnJ4nyzLE3Q2HlfY="></latexit>⇥2
<latexit sha1_base64="Cs+f45CCkmtSQTxqlCa0rYoZz4w="></latexit>

(�,��)

<latexit sha1_base64="XWt+KKwN9G4a5x+fs4Z0+3Q2r30="></latexit>

(�,K�)

<latexit sha1_base64="xavSlDBLseEhkUVHbkwSW+m4fAw="></latexit>

(1, 0)

<latexit sha1_base64="P46t8MwUoVZqCch8E4ll055LTbc="></latexit>

(K = 5)
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In-context, hardness has nothing to do with  
↳ the convexity of the loss 
↳ nor the fact that algorithm = boosting


... and ...

Let us cut to the chase...

<latexit sha1_base64="UOxYFaNxrSlmnJ4nyzLE3Q2HlfY="></latexit>⇥2
<latexit sha1_base64="Cs+f45CCkmtSQTxqlCa0rYoZz4w="></latexit>

(�,��)

<latexit sha1_base64="XWt+KKwN9G4a5x+fs4Z0+3Q2r30="></latexit>

(�,K�)
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(1, 0)
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(K = 5)

<latexit sha1_base64="lPhqauBagNluTLz9QXALGmsTKq4="></latexit>

✓noisy

<latexit sha1_base64="49rkMCstZQjkDEIk0DtwR4JGuY0="></latexit>

✓clean

<latexit sha1_base64="K5PrlUF8jjOWTDS9B6/4tR3HQyI="></latexit>

✓noisy
<latexit sha1_base64="/zq+qzW0fMoG8HBYTdpYs4LhChw="></latexit>

✓clean

Culprit = model class

Linear Separators 

"break" the guarantee of properness


under the "simplest" noise model

Mansour, Nock & Williamson — ICML'23



In-context, hardness has nothing to do with  
↳ the convexity of the loss 
↳ nor the fact that algorithm = boosting


... and we are also going to show it constructively

Let us cut to the chase...
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<latexit sha1_base64="P46t8MwUoVZqCch8E4ll055LTbc="></latexit>

(K = 5)

<latexit sha1_base64="lPhqauBagNluTLz9QXALGmsTKq4="></latexit>

✓noisy
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✓clean
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✓noisy
<latexit sha1_base64="/zq+qzW0fMoG8HBYTdpYs4LhChw="></latexit>

✓clean

Culprit = model class

Linear Separators 

"break" the guarantee of properness


under the "simplest" noise model

requires a new convex booster...



ModaBoost (Model-Adaptive Boosting) 
 
↳ Start: Adaboost-style boosting for 
strictly proper, symmetric, differentiable losses

Convex boosting, model-adaptive

proper losses with  
"margin form"  

(function-of(y * H))
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ModaBoost (Model-Adaptive Boosting) 
 
↳ Start: Adaboost-style boosting for 
strictly proper, symmetric, differentiable losses


• Weights      = record of past performances


• ...

• Weak learner : outputs hypotheses                               

at least                different from random 

• Fits leveraging coefficients


↳ Returns a linear model

Convex boosting, model-adaptive

<latexit sha1_base64="ofNdENdQue+oqJEIz/5DoWcq+IQ="></latexit>

|Ew[y · h(x)]| � �

<latexit sha1_base64="rTpK3PyrqP9UqRJL3NAeaEFrQKc="></latexit>w

<latexit sha1_base64="/X0m6m42QzifPPW5I54MCzyVtX8="></latexit>

(� > 0)

<latexit sha1_base64="Zde6osGcyum/7Ujgt2tXzZL9SE4="></latexit>

↵ 2 R

<latexit sha1_base64="vmJbdcioZnmd950MWS9PId2Z/8E="></latexit>

h 2 RX

<latexit sha1_base64="u8s6MqWU07wNKhFQndUNdeFjEsQ="></latexit>

H
.
=

P
t ↵t · ht

proper losses with  
"margin form"  

(function-of(y * H))

Weak Learning 
Assumption (WLA)

Mansour, Nock & Williamson — ICML'23



ModaBoost (Model-Adaptive Boosting) 
 
↳ Step 1: lift the applicable losses to all  
strictly proper, symmetric, differentiable loss


• Weights      = record of past performances


• ...

• Weak learner : outputs hypotheses                               

at least                different from random 

• Fits leveraging coefficients


↳ Returns a linear model

Convex boosting, model-adaptive

<latexit sha1_base64="rTpK3PyrqP9UqRJL3NAeaEFrQKc="></latexit>w

<latexit sha1_base64="u8s6MqWU07wNKhFQndUNdeFjEsQ="></latexit>

H
.
=

P
t ↵t · ht

no more "margin 
form"

<latexit sha1_base64="ofNdENdQue+oqJEIz/5DoWcq+IQ="></latexit>

|Ew[y · h(x)]| � �
<latexit sha1_base64="Zde6osGcyum/7Ujgt2tXzZL9SE4="></latexit>

↵ 2 R

<latexit sha1_base64="/X0m6m42QzifPPW5I54MCzyVtX8="></latexit>

(� > 0)

<latexit sha1_base64="vmJbdcioZnmd950MWS9PId2Z/8E="></latexit>

h 2 RX

two convex 
surrogates  
instead of 1

Mansour, Nock & Williamson — ICML'23



ModaBoost (Model-Adaptive Boosting) 
 
↳ Step 2: introduce a new oracle ensuring the final  
     emulates (is        to) a specific model architecture


• Weights      = record of past performances


• Architecture Emulation Oracle : outputs 

Convex boosting, model-adaptive

<latexit sha1_base64="rTpK3PyrqP9UqRJL3NAeaEFrQKc="></latexit>w

<latexit sha1_base64="jRfdpDmfbFQ2jg10b9YSHNiOB3Q="></latexit>,
<latexit sha1_base64="6idtbu/zzsshVXjWdfO8sJU7UMY="></latexit>

S ✓ X

Mansour, Nock & Williamson — ICML'23



ModaBoost (Model-Adaptive Boosting) 
 
↳ Step 2: introduce a new oracle ensuring the final  
     emulates (is        to) a specific model architecture


• Weights      = record of past performances


• Architecture Emulation Oracle : outputs 

• Weak learner : outputs hypotheses                               

at least                different from random on  
<latexit sha1_base64="G5JAAPNU+i8hm5tbdXUPol6GQ6M="></latexit>

|Ew|S [y · h(x)]| � �

Convex boosting, model-adaptive

<latexit sha1_base64="rTpK3PyrqP9UqRJL3NAeaEFrQKc="></latexit>w

<latexit sha1_base64="jRfdpDmfbFQ2jg10b9YSHNiOB3Q="></latexit>,
<latexit sha1_base64="6idtbu/zzsshVXjWdfO8sJU7UMY="></latexit>

S ✓ X

<latexit sha1_base64="/X0m6m42QzifPPW5I54MCzyVtX8="></latexit>

(� > 0)

<latexit sha1_base64="vmJbdcioZnmd950MWS9PId2Z/8E="></latexit>

h 2 RX
<latexit sha1_base64="ZmgJgv77vOHxl7ll0KQL8pI8t6Q="></latexit>

S

Mansour, Nock & Williamson — ICML'23



ModaBoost (Model-Adaptive Boosting) 
 
↳ Step 2: introduce a new oracle ensuring the final  
     emulates (is        to) a specific model architecture


• Weights      = record of past performances


• Architecture Emulation Oracle : outputs 

• Weak learner : outputs hypotheses                               

at least                different from random on  

• Fits leveraging coefficients


↳ Returns model
<latexit sha1_base64="B7HfqoBK0kcd0744uy2Otlcz/Sk="></latexit>

H(x)
.
=

P
t 1x2St↵t · ht(x)

<latexit sha1_base64="G5JAAPNU+i8hm5tbdXUPol6GQ6M="></latexit>

|Ew|S [y · h(x)]| � �

Convex boosting, model-adaptive

<latexit sha1_base64="rTpK3PyrqP9UqRJL3NAeaEFrQKc="></latexit>w

<latexit sha1_base64="Zde6osGcyum/7Ujgt2tXzZL9SE4="></latexit>

↵ 2 R

<latexit sha1_base64="jRfdpDmfbFQ2jg10b9YSHNiOB3Q="></latexit>,
<latexit sha1_base64="6idtbu/zzsshVXjWdfO8sJU7UMY="></latexit>

S ✓ X

<latexit sha1_base64="/X0m6m42QzifPPW5I54MCzyVtX8="></latexit>

(� > 0)

<latexit sha1_base64="vmJbdcioZnmd950MWS9PId2Z/8E="></latexit>

h 2 RX
<latexit sha1_base64="ZmgJgv77vOHxl7ll0KQL8pI8t6Q="></latexit>

S

Mansour, Nock & Williamson — ICML'23



Boosting !
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<latexit sha1_base64="pFQR8aM9hceNfYxJ7G+6Z42FT2Y="></latexit>

1x�a1 · z1

<latexit sha1_base64="5WsMn+5qsxPHdzJDq22ZRxCK+uM="></latexit>z0

<latexit sha1_base64="mH13jHVmar3yn6FEMdslVJwL4vM="></latexit>z1

<latexit sha1_base64="VRBMnG8fhu+tSw6zWo4fwgXT0sM="></latexit>

true<latexit sha1_base64="ZTQn33jwXBxwEP6vyCGNkokPj5E="></latexit>

x � a1

<latexit sha1_base64="lW/lD8WZNxDFIh/Ko8O/77Mp+1k="></latexit>a1

<latexit sha1_base64="/7DiWpKHsB2fRCeap3aCA6CRwwI="></latexit>

1x<a1 ·�z1

Meets the WLA

Convex boosting: which models ?



Convex boosting: which models ?

ModaBoost (Model-Adaptive Boosting) 
 
↳ Step 2: introduce a new oracle ensuring the final  
     emulates (is        to) a specific model architecture


• Weights      = record of past performances


• Architecture Emulation Oracle : outputs 

• Weak learner : outputs hypotheses                               

at least                different from random on  

• Fits leveraging coefficients


↳ Returns model
<latexit sha1_base64="B7HfqoBK0kcd0744uy2Otlcz/Sk="></latexit>

H(x)
.
=

P
t 1x2St↵t · ht(x)

<latexit sha1_base64="G5JAAPNU+i8hm5tbdXUPol6GQ6M="></latexit>

|Ew|S [y · h(x)]| � �

<latexit sha1_base64="rTpK3PyrqP9UqRJL3NAeaEFrQKc="></latexit>w

<latexit sha1_base64="Zde6osGcyum/7Ujgt2tXzZL9SE4="></latexit>

↵ 2 R

<latexit sha1_base64="jRfdpDmfbFQ2jg10b9YSHNiOB3Q="></latexit>,
<latexit sha1_base64="6idtbu/zzsshVXjWdfO8sJU7UMY="></latexit>

S ✓ X

<latexit sha1_base64="/X0m6m42QzifPPW5I54MCzyVtX8="></latexit>

(� > 0)

<latexit sha1_base64="vmJbdcioZnmd950MWS9PId2Z/8E="></latexit>

h 2 RX
<latexit sha1_base64="ZmgJgv77vOHxl7ll0KQL8pI8t6Q="></latexit>

S

ModelWeak  
Learner

constant

<latexit sha1_base64="RoGM7JhhVzTmouEtzpfurOYTBJs="></latexit>R

AEO

<latexit sha1_base64="RoGM7JhhVzTmouEtzpfurOYTBJs="></latexit>R
<latexit sha1_base64="RoGM7JhhVzTmouEtzpfurOYTBJs="></latexit>R

<latexit sha1_base64="u4yOjJsG5FFCEmTJq/2Le/A6nvI="></latexit>

X
<latexit sha1_base64="//bK7TK7dtIOpguBB+CCvun1Gqs="></latexit> z0
+z1

<latexit sha1_base64="3QpWhqXI6UVaHLM2Rn3IYx4gLoA="></latexit> z0
�z1
+z2

<latexit sha1_base64="9Umb7m12PVMZxXL29cSHQJ7kJOE="></latexit> z0
�z1
�z2

<latexit sha1_base64="pFQR8aM9hceNfYxJ7G+6Z42FT2Y="></latexit>

1x�a1 · z1

<latexit sha1_base64="5WsMn+5qsxPHdzJDq22ZRxCK+uM="></latexit>z0

<latexit sha1_base64="mH13jHVmar3yn6FEMdslVJwL4vM="></latexit>z1

<latexit sha1_base64="VRBMnG8fhu+tSw6zWo4fwgXT0sM="></latexit>

true<latexit sha1_base64="ZTQn33jwXBxwEP6vyCGNkokPj5E="></latexit>

x � a1

<latexit sha1_base64="lW/lD8WZNxDFIh/Ko8O/77Mp+1k="></latexit>a1

<latexit sha1_base64="/7DiWpKHsB2fRCeap3aCA6CRwwI="></latexit>

1x<a1 ·�z1

<latexit sha1_base64="7V1bzGBhrQK119mLKkFNlDUyHJM="></latexit>�z1

<latexit sha1_base64="0Kxgj54/Zcp0mcTJa+aA+FcJcyE="></latexit>

false



ModaBoost (Model-Adaptive Boosting) 
 
↳ Step 2: introduce a new oracle ensuring the final  
     emulates (is        to) a specific model architecture


• Weights      = record of past performances


• Architecture Emulation Oracle : outputs 

• Weak learner : outputs hypotheses                               

at least                different from random on  

• Fits leveraging coefficients


↳ Returns model
<latexit sha1_base64="B7HfqoBK0kcd0744uy2Otlcz/Sk="></latexit>

H(x)
.
=

P
t 1x2St↵t · ht(x)

<latexit sha1_base64="G5JAAPNU+i8hm5tbdXUPol6GQ6M="></latexit>

|Ew|S [y · h(x)]| � �

<latexit sha1_base64="rTpK3PyrqP9UqRJL3NAeaEFrQKc="></latexit>w

<latexit sha1_base64="Zde6osGcyum/7Ujgt2tXzZL9SE4="></latexit>

↵ 2 R

<latexit sha1_base64="jRfdpDmfbFQ2jg10b9YSHNiOB3Q="></latexit>,
<latexit sha1_base64="6idtbu/zzsshVXjWdfO8sJU7UMY="></latexit>

S ✓ X

<latexit sha1_base64="/X0m6m42QzifPPW5I54MCzyVtX8="></latexit>

(� > 0)

<latexit sha1_base64="vmJbdcioZnmd950MWS9PId2Z/8E="></latexit>

h 2 RX
<latexit sha1_base64="ZmgJgv77vOHxl7ll0KQL8pI8t6Q="></latexit>

S

ModelWeak  
Learner

constant

<latexit sha1_base64="RoGM7JhhVzTmouEtzpfurOYTBJs="></latexit>R

AEO

<latexit sha1_base64="RoGM7JhhVzTmouEtzpfurOYTBJs="></latexit>R
<latexit sha1_base64="RoGM7JhhVzTmouEtzpfurOYTBJs="></latexit>R

<latexit sha1_base64="u4yOjJsG5FFCEmTJq/2Le/A6nvI="></latexit>

X
<latexit sha1_base64="//bK7TK7dtIOpguBB+CCvun1Gqs="></latexit> z0
+z1

<latexit sha1_base64="3QpWhqXI6UVaHLM2Rn3IYx4gLoA="></latexit> z0
�z1
+z2

<latexit sha1_base64="9Umb7m12PVMZxXL29cSHQJ7kJOE="></latexit> z0
�z1
�z2

<latexit sha1_base64="pFQR8aM9hceNfYxJ7G+6Z42FT2Y="></latexit>

1x�a1 · z1

<latexit sha1_base64="5WsMn+5qsxPHdzJDq22ZRxCK+uM="></latexit>z0

<latexit sha1_base64="mH13jHVmar3yn6FEMdslVJwL4vM="></latexit>z1

<latexit sha1_base64="VRBMnG8fhu+tSw6zWo4fwgXT0sM="></latexit>

true<latexit sha1_base64="ZTQn33jwXBxwEP6vyCGNkokPj5E="></latexit>

x � a1

<latexit sha1_base64="lW/lD8WZNxDFIh/Ko8O/77Mp+1k="></latexit>a1

<latexit sha1_base64="/7DiWpKHsB2fRCeap3aCA6CRwwI="></latexit>

1x<a1 ·�z1

<latexit sha1_base64="7V1bzGBhrQK119mLKkFNlDUyHJM="></latexit>�z1

<latexit sha1_base64="0Kxgj54/Zcp0mcTJa+aA+FcJcyE="></latexit>

false

<latexit sha1_base64="1lw6iYo5BQ9YRcK4jKHct+dPlSE="></latexit>

(�1, a1]

Convex boosting: which models ?



ModaBoost (Model-Adaptive Boosting) 
 
↳ Step 2: introduce a new oracle ensuring the final  
     emulates (is        to) a specific model architecture


• Weights      = record of past performances


• Architecture Emulation Oracle : outputs 

• Weak learner : outputs hypotheses                               

at least                different from random on  

• Fits leveraging coefficients


↳ Returns model
<latexit sha1_base64="B7HfqoBK0kcd0744uy2Otlcz/Sk="></latexit>

H(x)
.
=

P
t 1x2St↵t · ht(x)

<latexit sha1_base64="G5JAAPNU+i8hm5tbdXUPol6GQ6M="></latexit>

|Ew|S [y · h(x)]| � �

<latexit sha1_base64="rTpK3PyrqP9UqRJL3NAeaEFrQKc="></latexit>w

<latexit sha1_base64="Zde6osGcyum/7Ujgt2tXzZL9SE4="></latexit>

↵ 2 R

<latexit sha1_base64="jRfdpDmfbFQ2jg10b9YSHNiOB3Q="></latexit>,
<latexit sha1_base64="6idtbu/zzsshVXjWdfO8sJU7UMY="></latexit>

S ✓ X

<latexit sha1_base64="/X0m6m42QzifPPW5I54MCzyVtX8="></latexit>

(� > 0)

<latexit sha1_base64="vmJbdcioZnmd950MWS9PId2Z/8E="></latexit>

h 2 RX
<latexit sha1_base64="ZmgJgv77vOHxl7ll0KQL8pI8t6Q="></latexit>

S

ModelWeak  
Learner

constant

<latexit sha1_base64="pFQR8aM9hceNfYxJ7G+6Z42FT2Y="></latexit>

1x�a1 · z1

<latexit sha1_base64="5WsMn+5qsxPHdzJDq22ZRxCK+uM="></latexit>z0

<latexit sha1_base64="/7DiWpKHsB2fRCeap3aCA6CRwwI="></latexit>

1x<a1 ·�z1

<latexit sha1_base64="mH13jHVmar3yn6FEMdslVJwL4vM="></latexit>z1
<latexit sha1_base64="7V1bzGBhrQK119mLKkFNlDUyHJM="></latexit>�z1

<latexit sha1_base64="VRBMnG8fhu+tSw6zWo4fwgXT0sM="></latexit>

true
<latexit sha1_base64="0Kxgj54/Zcp0mcTJa+aA+FcJcyE="></latexit>

false

<latexit sha1_base64="u4yOjJsG5FFCEmTJq/2Le/A6nvI="></latexit>

X

<latexit sha1_base64="RoGM7JhhVzTmouEtzpfurOYTBJs="></latexit>R

AEO

<latexit sha1_base64="RoGM7JhhVzTmouEtzpfurOYTBJs="></latexit>R
<latexit sha1_base64="RoGM7JhhVzTmouEtzpfurOYTBJs="></latexit>R

<latexit sha1_base64="lW/lD8WZNxDFIh/Ko8O/77Mp+1k="></latexit>a1

<latexit sha1_base64="1lw6iYo5BQ9YRcK4jKHct+dPlSE="></latexit>

(�1, a1]
<latexit sha1_base64="OJY5En0ZV+V+wKOPQ2fhBuBHMGo="></latexit>

1x�a2 · z2

<latexit sha1_base64="kyDX2pD7DLioVGwracN+o02gd/g="></latexit>

1x<a2 ·�z2

<latexit sha1_base64="ZTQn33jwXBxwEP6vyCGNkokPj5E="></latexit>

x � a1

<latexit sha1_base64="//bK7TK7dtIOpguBB+CCvun1Gqs="></latexit> z0
+z1

<latexit sha1_base64="3QpWhqXI6UVaHLM2Rn3IYx4gLoA="></latexit> z0
�z1
+z2

<latexit sha1_base64="9Umb7m12PVMZxXL29cSHQJ7kJOE="></latexit> z0
�z1
�z2

Convex boosting: which models ?



Convex boosting: which models ?

ModaBoost (Model-Adaptive Boosting) 
 
↳ Step 2: introduce a new oracle ensuring the final  
     emulates (is        to) a specific model architecture


• Weights      = record of past performances


• Architecture Emulation Oracle : outputs 

• Weak learner : outputs hypotheses                               

at least                different from random on  

• Fits leveraging coefficients


↳ Returns model
<latexit sha1_base64="B7HfqoBK0kcd0744uy2Otlcz/Sk="></latexit>

H(x)
.
=

P
t 1x2St↵t · ht(x)

<latexit sha1_base64="G5JAAPNU+i8hm5tbdXUPol6GQ6M="></latexit>

|Ew|S [y · h(x)]| � �

<latexit sha1_base64="rTpK3PyrqP9UqRJL3NAeaEFrQKc="></latexit>w

<latexit sha1_base64="Zde6osGcyum/7Ujgt2tXzZL9SE4="></latexit>

↵ 2 R

<latexit sha1_base64="jRfdpDmfbFQ2jg10b9YSHNiOB3Q="></latexit>,
<latexit sha1_base64="6idtbu/zzsshVXjWdfO8sJU7UMY="></latexit>

S ✓ X

<latexit sha1_base64="/X0m6m42QzifPPW5I54MCzyVtX8="></latexit>

(� > 0)

<latexit sha1_base64="vmJbdcioZnmd950MWS9PId2Z/8E="></latexit>

h 2 RX
<latexit sha1_base64="ZmgJgv77vOHxl7ll0KQL8pI8t6Q="></latexit>

S

ModelWeak  
Learner

constant

<latexit sha1_base64="pFQR8aM9hceNfYxJ7G+6Z42FT2Y="></latexit>

1x�a1 · z1

<latexit sha1_base64="5WsMn+5qsxPHdzJDq22ZRxCK+uM="></latexit>z0

<latexit sha1_base64="/7DiWpKHsB2fRCeap3aCA6CRwwI="></latexit>

1x<a1 ·�z1

<latexit sha1_base64="mH13jHVmar3yn6FEMdslVJwL4vM="></latexit>z1
<latexit sha1_base64="7V1bzGBhrQK119mLKkFNlDUyHJM="></latexit>�z1

<latexit sha1_base64="VRBMnG8fhu+tSw6zWo4fwgXT0sM="></latexit>

true
<latexit sha1_base64="0Kxgj54/Zcp0mcTJa+aA+FcJcyE="></latexit>

false

<latexit sha1_base64="u4yOjJsG5FFCEmTJq/2Le/A6nvI="></latexit>

X

<latexit sha1_base64="RoGM7JhhVzTmouEtzpfurOYTBJs="></latexit>R

AEO

<latexit sha1_base64="RoGM7JhhVzTmouEtzpfurOYTBJs="></latexit>R
<latexit sha1_base64="RoGM7JhhVzTmouEtzpfurOYTBJs="></latexit>R

<latexit sha1_base64="lW/lD8WZNxDFIh/Ko8O/77Mp+1k="></latexit>a1

<latexit sha1_base64="1lw6iYo5BQ9YRcK4jKHct+dPlSE="></latexit>

(�1, a1]
<latexit sha1_base64="OJY5En0ZV+V+wKOPQ2fhBuBHMGo="></latexit>

1x�a2 · z2

<latexit sha1_base64="kyDX2pD7DLioVGwracN+o02gd/g="></latexit>

1x<a2 ·�z2

<latexit sha1_base64="nPNaGz3z2tFCi9xE/V2ApEkMP3Q="></latexit>a2

<latexit sha1_base64="VRBMnG8fhu+tSw6zWo4fwgXT0sM="></latexit>

true
<latexit sha1_base64="0Kxgj54/Zcp0mcTJa+aA+FcJcyE="></latexit>

false

<latexit sha1_base64="6yHzkrY3IXTFL5SXr9GnAcXUcRg="></latexit>z2
<latexit sha1_base64="jnMhnLU2/q+HS3SIUrZ4CaiHWt4="></latexit>�z2

<latexit sha1_base64="ZTQn33jwXBxwEP6vyCGNkokPj5E="></latexit>

x � a1

<latexit sha1_base64="3DfPaI5FtvXYNMuJXz9bFh3TAN4="></latexit>

x � a2

<latexit sha1_base64="//bK7TK7dtIOpguBB+CCvun1Gqs="></latexit> z0
+z1

<latexit sha1_base64="3QpWhqXI6UVaHLM2Rn3IYx4gLoA="></latexit> z0
�z1
+z2

<latexit sha1_base64="9Umb7m12PVMZxXL29cSHQJ7kJOE="></latexit> z0
�z1
�z2



ModaBoost (Model-Adaptive Boosting) 
 
↳ Step 2: introduce a new oracle ensuring the final  
     emulates (is        to) a specific model architecture


• Weights      = record of past performances


• Architecture Emulation Oracle : outputs 

• Weak learner : outputs hypotheses                               

at least                different from random on  

• Fits leveraging coefficients


↳ Returns model
<latexit sha1_base64="B7HfqoBK0kcd0744uy2Otlcz/Sk="></latexit>

H(x)
.
=

P
t 1x2St↵t · ht(x)

<latexit sha1_base64="G5JAAPNU+i8hm5tbdXUPol6GQ6M="></latexit>

|Ew|S [y · h(x)]| � �

<latexit sha1_base64="rTpK3PyrqP9UqRJL3NAeaEFrQKc="></latexit>w

<latexit sha1_base64="Zde6osGcyum/7Ujgt2tXzZL9SE4="></latexit>

↵ 2 R

<latexit sha1_base64="jRfdpDmfbFQ2jg10b9YSHNiOB3Q="></latexit>,
<latexit sha1_base64="6idtbu/zzsshVXjWdfO8sJU7UMY="></latexit>

S ✓ X

<latexit sha1_base64="/X0m6m42QzifPPW5I54MCzyVtX8="></latexit>

(� > 0)

<latexit sha1_base64="vmJbdcioZnmd950MWS9PId2Z/8E="></latexit>

h 2 RX
<latexit sha1_base64="ZmgJgv77vOHxl7ll0KQL8pI8t6Q="></latexit>

S

<latexit sha1_base64="VRBMnG8fhu+tSw6zWo4fwgXT0sM="></latexit>

true
<latexit sha1_base64="0Kxgj54/Zcp0mcTJa+aA+FcJcyE="></latexit>

false

<latexit sha1_base64="VRBMnG8fhu+tSw6zWo4fwgXT0sM="></latexit>

true
<latexit sha1_base64="0Kxgj54/Zcp0mcTJa+aA+FcJcyE="></latexit>

false

<latexit sha1_base64="ZTQn33jwXBxwEP6vyCGNkokPj5E="></latexit>

x � a1

<latexit sha1_base64="3DfPaI5FtvXYNMuJXz9bFh3TAN4="></latexit>

x � a2

<latexit sha1_base64="//bK7TK7dtIOpguBB+CCvun1Gqs="></latexit> z0
+z1

<latexit sha1_base64="3QpWhqXI6UVaHLM2Rn3IYx4gLoA="></latexit> z0
�z1
+z2

<latexit sha1_base64="9Umb7m12PVMZxXL29cSHQJ7kJOE="></latexit> z0
�z1
�z2

Convex boosting: which models ?
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ModaBoost (Model-Adaptive Boosting) 
 
↳ Step 2: introduce a new oracle ensuring the final  
     emulates (is        to) a specific model architecture


• Weights      = record of past performances


• Architecture Emulation Oracle : outputs 

• Weak learner : outputs hypotheses                               

at least                different from random on  

• Fits leveraging coefficients


↳ Returns model
<latexit sha1_base64="B7HfqoBK0kcd0744uy2Otlcz/Sk="></latexit>

H(x)
.
=

P
t 1x2St↵t · ht(x)

<latexit sha1_base64="G5JAAPNU+i8hm5tbdXUPol6GQ6M="></latexit>

|Ew|S [y · h(x)]| � �

<latexit sha1_base64="rTpK3PyrqP9UqRJL3NAeaEFrQKc="></latexit>w

<latexit sha1_base64="Zde6osGcyum/7Ujgt2tXzZL9SE4="></latexit>

↵ 2 R

<latexit sha1_base64="jRfdpDmfbFQ2jg10b9YSHNiOB3Q="></latexit>,
<latexit sha1_base64="6idtbu/zzsshVXjWdfO8sJU7UMY="></latexit>

S ✓ X

<latexit sha1_base64="/X0m6m42QzifPPW5I54MCzyVtX8="></latexit>

(� > 0)

<latexit sha1_base64="vmJbdcioZnmd950MWS9PId2Z/8E="></latexit>

h 2 RX
<latexit sha1_base64="ZmgJgv77vOHxl7ll0KQL8pI8t6Q="></latexit>

S

Decision Tree

<latexit sha1_base64="VRBMnG8fhu+tSw6zWo4fwgXT0sM="></latexit>

true
<latexit sha1_base64="0Kxgj54/Zcp0mcTJa+aA+FcJcyE="></latexit>

false

<latexit sha1_base64="VRBMnG8fhu+tSw6zWo4fwgXT0sM="></latexit>

true
<latexit sha1_base64="0Kxgj54/Zcp0mcTJa+aA+FcJcyE="></latexit>

false

<latexit sha1_base64="ZTQn33jwXBxwEP6vyCGNkokPj5E="></latexit>

x � a1

<latexit sha1_base64="3DfPaI5FtvXYNMuJXz9bFh3TAN4="></latexit>

x � a2

<latexit sha1_base64="//bK7TK7dtIOpguBB+CCvun1Gqs="></latexit> z0
+z1

<latexit sha1_base64="3QpWhqXI6UVaHLM2Rn3IYx4gLoA="></latexit> z0
�z1
+z2

<latexit sha1_base64="9Umb7m12PVMZxXL29cSHQJ7kJOE="></latexit> z0
�z1
�z2

Convex boosting: which models ?
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Decision Trees

Convex boosting with ModaBoost vs Long & Servedio

Linear Separators

Alternating Decision 
Trees

Nearest Neighbors

Labeled Branching 
Programs

ModaBoost's output on Long & Servedio's setting

In 1 iteration



Conclusion

Mansour, Nock & Williamson — ICML'23



↳ Long and Servedio's paper has has a lasting impact on boosting / optimization


↳ Its impact should broaden on / shift to models, because it shows that 

Linear Models can derail a whole ML pipeline otherwise optimal as soon as the "simplest" 
form of noise affects training data 
 
↳ Suggests a broader question: given a class of models (more complex ?), what is its 
simplest "nemesis" noise model ? 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Thank you !
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