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Forewords
Two algorithms for solving two 
lass linear SVM are presented:� LaRank operates in the dual. (Linear SVM Tra
k)� SGD-QN operates in the primal. (Wild Tra
k)Both of them:� are online algorithms.� 
onverge to the SVM solution after few epo
hs.Why using linear SVMs? when Ronan Collobert says:�Large-s
ale problems require models more 
omplex than linear�.

→ Linear SVMs = tools to study fast optimization algorithms.

→ Both LaRank and SGD-QN have more 
omplex �nal purposes.
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Part I
LaRankOnline Dual SVM Solver
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Convex Duality

Two 
lass SVM with linear Kernel and Hinge Loss.

Max margin

A

B Min distance
between hulls

Primal Problem (MaxMargin)

min
w
P(w) =

1

2
w2 + C

n
∑

i=1

ℓ(yi,w
⊤xi)with the hinge loss ℓ(y, ŷ) = max {0, 1− y ŷ}Dual Problem (QP)

max
α

D(α) =
n

∑

i=1

yi αi −
1

2

∑

i,j

αi αj x⊤

ixjsubje
t to 0 ≤ αi ≤ CStrong Duality
P(w∗) = D(α∗) w∗ =

∑

i

α∗i xi

Note: There is a 
oe�
ient αi asso
iated to ea
h example xi.Bordes & Bottou 4



QP with Dire
tion Sear
h

Algorithm:1. Pi
k a dire
tion in α-spa
e.2. Perform the best possible step in that dire
tion:

αi(t+1) = max

{

0, min

{

αi(t)−
yiw

⊤

txi − 1

x⊤

ixi

, C

} }

3. Iterate.Property: Always makes progress towards the solution.Bordes & Bottou 5



Sparse Dire
tion Sear
h

Pi
king very sparse sear
h dire
tions for ea
h iterationredu
es the 
omputation more than it hurts 
onvergen
e.

• for standard SVMs (SMO, Platt, 99):Only adjust two 
oe�
ients αi and αj,by opposite amounts to satisfy the equality 
onstraint.

• for SVMs without bias b:No equality 
onstraint in the dual problem.Only adjust a single 
oe�
ient αi.
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Pro
ess and Repro
ess

Observations(i) Dire
tions that involve a fresh example seldom in
rease thedual be
ause its α was and often remains zero.(ii) Dire
tions that only involve 
urrent support ve
tors oftenin
rease the dual be
ause their nonzero α 
an be adjusted.

→ Randomly 
hoosing dire
tions pi
ks (ii) more often than (i).LaRank

•Main idea: Alternating dire
tions of type (i), aka pro
ess,and dire
tions of type (ii), aka repro
ess.
• Re�nements: Dealing with support ve
tors with α = C,rebalan
ing more 
lasses of dire
tions, adaptive sele
tion ofdire
tion types, a
tive sele
tion of fresh examples, et
.Bordes & Bottou 7



Convergen
e Properties

When LaRank pi
ks a dire
tion, it enfor
es two properties:1. the gradient in this dire
tion is greater than τ > 0,2. a movement of κ > 0 is possible without leaving the 
onstraint polytope.

→ LaRank is an Approximate Sto
hasti
 Witness Dire
tion Sear
halgorithm like SMO, LibLinear, and a few others... Then:Theorem 18 of (Bordes et al., 05):
→ Mild 
onditions on the dire
tion pi
ks ensure 
onvergen
e.Theorem (Bordes et al., 07): With probability 1, LaRank rea
hes a

κτ-approximate solution of dual problem, with no more than max{2ν2nC
τ 2

, 2nC
κτ
}su

essful iterations.

→ Rea
hes prede�ned a

ura
y after O(n) iterations.Bordes & Bottou 8



Empiri
al Behavior

Experiments on subsets of Alpha o�
ial training set:(train: 100,000, test: 50,000)
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→ Use of repro
ess redu
es number of epo
hs.
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History of LaRank

Huller: (Bordes & Bottou, 05)Online hard-margin SVM solver alternating dire
tions inoptimization steps.LaSVM: (Bordes et al., 05)E�
ient online solver for two 
lass SVM wih bias using optimizationsteps based on SMO.LaRank:(Bordes et al., 07, 08)� Originally proposed for stru
tured output predi
tions.� Su

essfully applied to multi
lass 
lassi�
ation and sequen
elabelling.
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Part II
SGD-QNSGD with DiagonalQuasi-Newton S
aling
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Prepro
essing

SGD (and SGD-QN) are very sensitive to data 
onditionning.

→ Prepro
essing is 
ru
ial:
• In the 
ase of dense datasets: all features are normalized withmean 0 and varian
e 1.
• In the 
ase of sparse datasets: all features are normalized to havemaximal absolute value 1.
• All examples are normalized to L2 norm 1 a
ross features.

Note: we did nor use any prepro
essing with LaRank.
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Plain Sto
hasti
 Gradient Des
ent

Primal Problem 
an be re-written as:

P(w) =
1

n

n
∑

i=1

(

λ

2
‖w‖2 + ℓ(yi,w

⊤xi)

)

, with λ =
1

nC

Sto
hasti
 Gradient Des
ent:1. Draw a random training example (xt, yt).2. Compute a new value of the parameter with,

wt+1 = wt −
1

t + t0

1

λ
gt(wt) where gt(wt) = λwt + ℓ′(yt w

⊤

txt) yt xt3. Iterate.Pros: Fast and simple; Good generalization guarantees.Cons: Low rate of 
onvergen
e, might require many epo
hs.
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Se
ond Order Sto
hasi
 Gradient

The update step uses the inverse of Hessian matrix ,H−1:

wt+1 = wt −
1

t + t0
H−1 gt(wt)

Property:Asymptoti
ally and on average, the parameter wn obtained afterone pass is as 
lose to the in�nite training set solution w∗ as thetrue optimum of the primal w∗n. (Murata et al., 99), (Bottou et al., 05)Drawba
k:Impra
ti
al to 
ompute, store and use the dense matrix H−1.

→ Need to use sparse approximations of H−1.
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Low Rank S
aling Matri
es

Bat
h Methods: full gradients P ′n(wt−1) and P ′n(wt) available:

→ H−1 estimated using k rank one updates. Ex: LBFGS method.Sto
hasti
 Methods: only a

ess to gt−1(wt−1) and gt(wt).

→ noisy estimates of P ′n(wt−1) and P ′n(wt), it doesn't work!oLBFGS: (S
hraudolph et al., 07)estimate using gt−1(wt−1) and gt−1(wt) for the same example (xt, yt).Pros: Good online low rank estimation of H−1.Cons: Additional 
omputations (
ompared to SGD):� gradient gt−1(wt),� update of the k rank one updates,� produ
t of the gradient gt(wt) by the low-rank estimate of rank k.Bordes & Bottou 15



Diagonal S
aling Matri
es

Main idea: estimate H−1 by a diagonal matrix D → fast, 
heap.Appli
ation: for any re
ent wt−1 and wt, D is de�ned by,

wt −wt−1 ≈ D
[

P ′n(wt)− P
′
n(wt−1)

]

1. Repla
e P ′n(wt) / P ′n(wt−1) by gt−1(wt) / gt−1(wt−1) (
f. oLBFGS):

wt −wt−1 ≈ D
[

gt−1(wt)− gt−1(wt−1)
]

.

2. Update the diagonal estimated matrix D online using
∀k = 1 . . . d , Dkk ← Dkk +

2

t

(

[wt −wt−1]k
[gt−1(wt)− gt−1(wt−1)]k

−Dkk

)

Bordes & Bottou 16



The SGD-QN Algorithm

SGD-QN (work in progress):1. Draw a random training example (xt, yt)2. Compute gℓ
t(wt) = ℓ′(ytw

⊤
txt) yt xt3. Update wt+1 = wt −

1
t+t0

D gℓ
t(wt)4. Every T iteration:a. Update wt+1 = wt −

λT
t+t0

D wt (weight de
ay)b. Update D (require an extra gradient 
omputation)5. Iterate.Operations s
heduling:� Operations 4.a and 4.b 
an be s
heduled di�erently.� T depends on the sparsity of the examples.(Note: Léon Bottou's SGD uses the same s
heduling tri
k.)Bordes & Bottou 17



Comparing First and Se
ond Order SGD
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Part III
Remarks About Wild Tra
kCriteria
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Absolute Error Rates

Distinguish the relative redu
tion of:(a) a
hieved error rate - best a
hievable error rate(b) a
hieved error rate. (s
enario used in the 
hallenge).(a) determines the 
omputational 
ost. (Bottou & Bousquet 08).(b) is often more important in pra
ti
e but 
an be very di�erent when the bayeserror is relatively large.There is a point where doubling the number of examples will:� 
ost a lot of 
omputation,� have a 
lear e�e
t on 
riterion (a),� virtually have no e�e
t on 
riterion (b).QuestionIs it worth submitting a method using every training examples if itonly redu
es 
riteria (a)?Bordes & Bottou 20



Reward Small-S
ale Results

Complex models 
ould not win the 
ompetion be
ause the 
riteria"eliminate the engineering bias" using multiple 
alibration points.For example given AuTime and AuPRC 
riteria, strategies like:� seeking more a

ura
y on small sets,� arti�
ially augmenting the 
omputational e�ort on small sets,� not even training on the largest set but reporting a result obtained on asubset,� ...

→ Improves both AuTime and AuPRC ranking and the apparentexponent of the e�ort.Questions� Are they still large-s
ale?� Should we "eliminate the engineering bias" when dis
ussing large-s
ale?Bordes & Bottou 21



Thank You
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