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Algorithm⭐︎

•Recent evolution of (S)GD ➙ 0th order opt.: gradient-free, only 
loss queries (not any loss: they need to be somehow nice)

•Boosting is gradient-free by design (Kearns/Valiant) w/ "nasty" 
0/1 loss and then evolved ➙ 1st order opt. w/ differentiable losses
•We question the power of the original 0th order framework✷: 
what losses can it directly optimize under the weak learning 
assumption ?
• Answer: any loss whose set of discontinuities has 0 Lebesgue 
measure - computer-wise, this means any loss 
+ our technique is constructive: we give an algorithm
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✷=analysis of boosting-compliant convergence on training, since  
generalization entails restrictions on losses w/ SOTA toolbox  
(no different from (S)GD ➙ 0th order's mainstream analysis)

• (S)GD ➙ 0th order "natively" operates on (m)any architectures 
• Boosting implies finding the architecture (how "blocks" from weak 

learner are assembled), so (still) restricted from this standpoint
⚠

Toolbox

• For the ease of exposure,                                 (see paper for general case) 
↝ Let  
↝ Let       be the secant through                               &                                          , 
for          . Compute the maximum difference                                    (it is ≥ 0) 
↝                                        returns any            such that 

<latexit sha1_base64="ms9VU/lvS3gvYcp05MwQVb23mfg="></latexit>

yHtpxq † yHt´1pxq
<latexit sha1_base64="lT/LF3aPnJiMw5vyBybbsgZ/Tu4="></latexit>

�v
<latexit sha1_base64="NVVnXWE847oCNKDiIlw7yYP7nbI="></latexit>pyHtpxq, F pyHtpxqq <latexit sha1_base64="XXeXdkhOKzPetKEseE7T6//Ms30="></latexit>pyHtpxq ` v, F pyHtpxq ` vq

<latexit sha1_base64="7fwzxVcZwpLG2F41ZQgp5ouV0Jo="></latexit>

v ° 0

<latexit sha1_base64="Hd/Kwaq3V7PAq003PiVe+tlX0b0="></latexit>

I .“ ryHtpxq, yHt´1pxqs
<latexit sha1_base64="eEUX85svUjk4ZK63nBvLH2TKbEk="></latexit>

�v
.“ maxI �v ´ F

<latexit sha1_base64="YUPLKnNLvawpsz2o0DIRQozBUVc="></latexit>

Offset Oraclep., ., zq
<latexit sha1_base64="PZ12fd2sV06ulkrksjDUbB42rwg="></latexit>

�v § z
<latexit sha1_base64="qXZQe04Uh3QzicfpQQnsVXcVErM="></latexit>

v ‰ 0

v
<latexit sha1_base64="2SOVEuDrxDIJYGkXNbqOGom8JWU="></latexit><latexit sha1_base64="2SOVEuDrxDIJYGkXNbqOGom8JWU="></latexit><latexit sha1_base64="2SOVEuDrxDIJYGkXNbqOGom8JWU="></latexit><latexit sha1_base64="2SOVEuDrxDIJYGkXNbqOGom8JWU="></latexit>

<latexit sha1_base64="+/hGXeniJOy6QtD9jHpgTQIFdtw="></latexit>

yHtpxq <latexit sha1_base64="u8fmUDEHA+5sOjb9ZZQZww8ysHY="></latexit>

yHt´1pxq

<latexit sha1_base64="2QY65FduMdx6jg5XAue/uMCrq1Q="></latexit>

F

v
<latexit sha1_base64="2SOVEuDrxDIJYGkXNbqOGom8JWU="></latexit><latexit sha1_base64="2SOVEuDrxDIJYGkXNbqOGom8JWU="></latexit><latexit sha1_base64="2SOVEuDrxDIJYGkXNbqOGom8JWU="></latexit><latexit sha1_base64="2SOVEuDrxDIJYGkXNbqOGom8JWU="></latexit>

<latexit sha1_base64="+/hGXeniJOy6QtD9jHpgTQIFdtw="></latexit>

yHtpxq <latexit sha1_base64="u8fmUDEHA+5sOjb9ZZQZww8ysHY="></latexit>

yHt´1pxq

<latexit sha1_base64="2QY65FduMdx6jg5XAue/uMCrq1Q="></latexit>

F

v
<latexit sha1_base64="2SOVEuDrxDIJYGkXNbqOGom8JWU="></latexit><latexit sha1_base64="2SOVEuDrxDIJYGkXNbqOGom8JWU="></latexit><latexit sha1_base64="2SOVEuDrxDIJYGkXNbqOGom8JWU="></latexit><latexit sha1_base64="2SOVEuDrxDIJYGkXNbqOGom8JWU="></latexit>

<latexit sha1_base64="+/hGXeniJOy6QtD9jHpgTQIFdtw="></latexit>

yHtpxq <latexit sha1_base64="u8fmUDEHA+5sOjb9ZZQZww8ysHY="></latexit>

yHt´1pxq

<latexit sha1_base64="2QY65FduMdx6jg5XAue/uMCrq1Q="></latexit>

F

<latexit sha1_base64="3F27k1CJ6ha49wmhyYhSFgD8XS8="></latexit>

v Õ <latexit sha1_base64="3F27k1CJ6ha49wmhyYhSFgD8XS8="></latexit>

v Õ
<latexit sha1_base64="lT/LF3aPnJiMw5vyBybbsgZ/Tu4="></latexit>

�v

<latexit sha1_base64="lT/LF3aPnJiMw5vyBybbsgZ/Tu4="></latexit>

�v

<latexit sha1_base64="lT/LF3aPnJiMw5vyBybbsgZ/Tu4="></latexit>

�v

<latexit sha1_base64="mqA35oS5WLVetA5Du8v8xbK7mQw="></latexit>I <latexit sha1_base64="mqA35oS5WLVetA5Du8v8xbK7mQw="></latexit>I <latexit sha1_base64="mqA35oS5WLVetA5Du8v8xbK7mQw="></latexit>I

The offset oracle
<latexit sha1_base64="6drCM6NlqWUu4MTKoHuNhRL2kew="></latexit>z “

<latexit sha1_base64="nuPZA/2i5PuUp2KV4sBZ6E8jaAo="></latexit>

Mt
.“ max

i
|htpxiq|

<latexit sha1_base64="+dnzAi/ZY+S/CTQYVIPPnygXaAw="></latexit>

Algorithm 1 SecBoost(S, T )

Input sample S “ tpxi, yiq, i “ 1, 2, ...,mu, number of iterations T , initial
ph0, v0q (constant classification and o↵set).
Step 1 : let H0 – 1 ¨ h0 and w1 “ ´�v0F ph0q ¨ 1;
Step 2 : for t P rT s

Step 2.1 : let ht – Weak LearnerpSt, |wt|q;
Step 2.2 : compute leveraging coe�cient ↵t, params "t ° 0, w2,t ° 0;
Step 2.3 : let Ht – Ht´1 ` ↵t ¨ ht;
Step 2.4 : for i P rms, let vti – Offset Oraclept, i, "t ¨↵2

tM
2
t w2,tq;

Step 2.5 : for i P rms, let wpt`1qi – ´�vtiF pyiHtpxiqq;
Step 2.6 : if wt`1 “ 0 then break;

Return HT .

⭐︎simplified, see paper for full presentation
Notable generalizations with respect to "boosting-à-la-Valiant"

• Examples for                              can be label flipped:                     
• Need an "oracle" giving offsets (implementation generic or loss dependent)
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If offsets were !  0, this would be a second-order derivative 
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w2,t • Possibility 1:     is "nice" <z easy bound: we just have to pick                               and      as:  
(example:       -smooth <z                )   

• Possibility 2: no niceness <z Cf paper for efficient  
algorithm providing all params (                  &     )
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important for boosting rate
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Step 2.2

• Generalization of quantum calculus' (≠ quantum computation) v-derivative:

• Singleton               <z classical secant's slope
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"Quantum calculus", Kac & Cheung, 2002
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generalizes some properties of second-order derivative, e.g. for convexity:
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(wlog c > b > 0, see Lemma 5.2 in 
paper for more & general case(s))

<latexit sha1_base64="YeCDzIhcAyM6CFc6C68XrA0GURA="></latexit>a

<latexit sha1_base64="PcFJUQWVuqLDb5S3rsh3GVYDmqQ="></latexit>

a ` b
<latexit sha1_base64="iMoMEV/s75OQ3fABep56y9Rvr8o="></latexit>a ` c

<latexit sha1_base64="yw1zisWRsjzt2R7LhWfjfnomkyM="></latexit>

a ` b` c

<latexit sha1_base64="/kqVTys1ZtqHGEiEjppdRtmFNnE="></latexit>

µ2 « µ1 ! 0
<latexit sha1_base64="RbeQWvtYBWpYIJ8K0nS3HyOZUqg="></latexit>

– ! t b,cuF paq! 0

offset

• Weak Learning Assumption: 

• Weak Convergence Regime: 

• Theorem. Let the expected empirical loss of classifier H be                                            and its 
initial value                    . Suppose WLA+WCR hold. Then for any         such that               , if 
SecBoost is run for a number of iterations 
 
 
then                         . 
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 numerator "  1st order v-derivative, expected signed weights

 denominator "  2nd-order v-derivative, loss "jiggling"
<latexit sha1_base64="cdOLEh70A+WR5StCCxInNX0RbGg="></latexit>

F pS, H q .Ò Ei ãr m srF pyi H px i qqs
<latexit sha1_base64="TmEkukZ83gmSmJAyg4wPdtgCv+g="></latexit>

F pzq! F0
<latexit sha1_base64="zfSPZdnw7uOmGfxTebeUtLD7pU0="></latexit>

F0
.Ò F pS, h0q

<latexit sha1_base64="xLKILRfsdCgW9VGUD0uWejgNoK4="></latexit>

T !
4pF0 « F pzqq

! 2!
¬

1 ` maxt " t

1 « maxt #2
t<latexit sha1_base64="1ouAWAT5fwX7CtLtD5AAIBWjLCc="></latexit>

F pS, HT q! F pzq

<latexit sha1_base64="XuNmBomOeFvXpns2FH5X/9Rr9Fo="></latexit>

z PR

Boosting !

• Example implementation (details: Cf paper)
• Weak Classifiers = size-20 DTs
• Losses: logistic & two variations: clipped logistic 

and a non-[cvx,Lip,diff] loss ("spring loss")
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clipped logistic loss


