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» Linear model.

» Linear assumption is too restricted.
» The non-linear fact in applications.

» Generalized additive model.

» Nonparametric extensions of linear models.
» Flexible and adaptive to high dimensional data.

» Univariate smooth component function.
» Pre-defined group structure information.
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> Propose a uniform framework to bridge sparse feature
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» Provided Generalization bound on the excess risk under mild
conditions, which implies the fast convergence rate can be
achieved.

» Derived the necessary and sufficient condition to characterize
the sparsity of SSAM.
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» For any given z, we define the data dependent hypothesis space as:
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> Denote [[f0]|5, = inf { 7, o] : ) = 527 P KO(D, ],
and [|flle, == o7 [F9 ], for £ =307, FO.

j=1
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Predictor of SSAM
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3. Algorithm: Sparse Shrunk Additive Models

SSAM from the viewpoint of function approximation

N 2
o= angmin {03 (= F0)) + A -



4. Theoretical Analysis: Assumptions

Assumption 1:

Assume that f, = ZJ‘.”:l fp(J), where for each j € {1,2,...,d},

£ 20) - Ris a function of the form £\ = L7 (g%) with
() 2

some r >0 and g5’ € pru).

Assumption 2:

For each j € {1,2, ..., d}, the kernel function
KU) : x0) x xU) — R is C° with some s > 0 satisfying:

IKO(u, v) = KO(u, V)] < csllv = V[15,Yu, v,V € x0)

for some positive constant cs.



4. Theoretical Analysis: Theorems

Theorem 1
Let Assumptions 1 and 2 be true. For any 0 < § < 1, with
confidence 1 — ¢, there exists positive constant ¢; independent of
m, d such that:
(1) If r € (0,3) in Assumption 1, setting A = m~% with
01 € (0, 555),

E(m(fy)) — E(fp) < & log(8/6)m™,

where v; = min {2r01, 71*91;2’91, ﬁ —(2—-2r)04, 2(12::391) }

(2) If r > I in Assumption 1, taking A = m~% with some
92 6 (07 ﬁ)y

E(n(f)) — E(f) < & log(8/6)m™2,

where 72 = min {92, %, %p - 92}.



4. Theoretical Analysis: Remark

» Theorem 1 provides the upper bound of generalization error to
SSAM with Lipshitz continuous kernel.

> For r € (0,3), as s — oo, we have
v1 — min{2rfy, 3 + (r — 3)0,1 — 201 + 2r61 }.

» When r — % and 6; — %, the convergence rate O(mfi) can
be reached.

> Forr > % taking 0> = 52—, we get the convergence rate

1 2!
O(m ™ z+).



4. Theoretical Analysis: Theorems

Theorem 2 ' ,
Assume that fp(J) e HY) for each 1 <j<d. Take A=m 2 in
(1). Forany 0 < 6 < 1, with confidence 1 — ¢ we have

E(r(£)) — £(f,) < & log(1/5)m™ 75,

where & is a positive constant independent of m, .



4. Theoretical Analysis: Theorems

Theorem 2 ' ,
Assume that fp(J) e HY) foreach 1 < j < d. Take A\ = m %% in
(1). Forany 0 < 6 < 1, with confidence 1 — ¢ we have

E(n(£)) — E(F,) < & log(1/)m 7%,
where & is a positive constant independent of m, .

» The result is about a special case when fp(j) e HU).

» Under the strong condition on f,, the convergence rate can be
arbitrary close to O(m™1) as s — co.
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Performance measure. The Precision@7 describes the number
of truly informative features in the top-7 selected results.



5. Empirical Evaluation: Synthetic Data Result

Table 1: Precision@7 for feature selection

(a) Synthetic data I (b) Synthetic data IT
J* [ (m,n,q) | 7 | SSAM | COSSO 77 ] (m,n,n) | 7 | SSAM | COSSO
4 3.88 3.69 2 1.05 0.73
(100,10,0) | 5 3.92 3.81 (100,10,0) | 3 1.13 0.90
o 6 3.93 3.85 e 4 1.20 0.90
4 3.37 2.58 2 1.04 0.13
(100,10,1) | 5 3.68 2.80 (100,10,1) | 3 1.10 0.16
6 3.82 291 4 1.12 0.20
1 0.97 1 2 0.72 0.88
(100,10,0) | 2 | 0.97 1 (100,10,0) | 3 | 093 1
b 3 0.97 1 7 4 1.23 1
1 0.95 0.62 2 1.90 0.94
(100,10,1) | 2 0.95 0.65 (100,10,1) | 3 1.94 094
3 0.98 0.68 4 1.95 0.97
4 3.94 0.63 3 2.94 2.98
(100,10,0) | 5 | 3.97 0.68 (100,10,0) | 4 | 294 2.98
6 3.97 0.75 5 294 3
¢ 4 369 0.84 g 3 285 214
(100,10,1) | 5 3.87 0.91 (100,10,1) | 4 2.85 240
6 3.92 0.94 5 2.85 2.49




5. Empirical Evaluation: Real Data Results

Table: Average MSE on real-world benchmark data.

SSAM SALSA COSSO SpAM Lasso
Insulin 1.0146 1.0206 1.1379 1.2035 1.1103
Skillcraft 0.5432 0.5470 0.5551 0.90545 0.6650
Airfoil 0.4866 0.5176 0.5178 0.9623 0.5199
Forestfire 0.3477 0.3530 0.3753 0.9694 0.5193
Housing 0.3787 0.2642 1.3097 0.8165 0.4452
CCPP 0.0694 0.0678 0.9684 0.0647 0.0740
Music 0.6295 0.6251 0.7982 0.7683 0.6349
Telemonit 0.0689 0.0347 5.7192 0.8643 0.0863
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» To prove the feature selection consistency.
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