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Mixed data (numeric, discrete, binary) Missing values  

 Mixed Data Frame Y

HETEROGENEOUS DATA MODEL

•  EHR 
•  Survey data 
•  Recommender  
     systems 
•  etc. 

Ø  Clustering,	visualization,	imputation	

MOTIVATIONS Low-rank models[1,2,3]
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ESTIMATION: Sparse Additive Effects and Low-rank Interactions
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Probability	space,	(Y,X) {Exph,g,m 2 X} canonical	exponential	family	
with	density	fm(y) = h(y) exp(ym� g(m))

(Y = R, g(m) = m2�2/2, h(y) = (2⇡�2)�1/2 exp(�y2/2�2))

models	different	types	of	data:	

(Y = {0, 1}, g(m) = log(1 + exp(m)), h(y) = 1)

(Y = N, g(m) = exp(am), h(y) = 1/y!)

numeric	

	binary	

	discrete	

{(Yj , gj , hj), j 2 [p]} collection	corresponding	to	the	column	types	

of	a	mixed	data	frame		 :	

M0
ij = argmaxm EYij [log(hj(Yij)) +Yijm� gj(m)] .Target	

parameter	

Y 2 Yn
1 ⇥ . . .⇥ Yn

p

⌦ set	of	observed	entries	missing	completely	at	random	(independent	of					)	
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summary features

•  Rows/columns embedded in 
 low-dimensional space 
•  Latent factors 
•  Summary features/individuals 

Multiplicative
Interactions

 main effects (individuals, groups, covariates)
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|{z}
Sparse regression 
on a dictionary of 
covariates 

Low-rank design 

|{z}
Ø  So far, handled in  
     preprocessing step [31] 

Statistically + computationally efficient way to estimate  
Main effects and interactions in mixed data frames 
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•  Assumptions: Ø  Dictionary matrices: 

Ø  Link functions strongly convex 
Ø  Subexponential observations 
Ø  Minimum probability of observing an entry 

qX

k=1

|X(k)ij |  ⌫.
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Theorem: for some choice of      ,      and a sufficiently large number of 
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OPTIMIZATION: Mixed coordinate gradient descent EXISTING TOOLS:

MISSING EXTENSION:

•  Augmented problem: 

O(|⌅|+ |⌦|(max{n, p} log(1/�) + q))

Total per iteration cost: 

Observed entries 
Target entries 

Theorem: the MCGD method converges to an 
   - solution in             iterations. ✏ O(1/✏)

NUMERICAL RESULTS:  Timing and estimation

Computation Complexity Consider the MCGD
method in Algorithm 1. Observe that line 3 re-
quires computing the gradient w.r.t. ↵ which in-
volves |⌦|q Floating Points Operations (FLOPS)
and the soft thresholding operator involves O(q)
FLOPS. As the log-likelihood function L(·) is
evaluated element-wisely on ⇥, evaluating the
objective value and the derivative w.r.t. ⇥ re-
quires O(|⌦|) FLOPS. As such, line 4 can be
evaluated in O(|⌦|) FLOPS and line 5 requires
O(|⌦|max{n, p} log(1/�)) FLOPS where the
additional complexity is due to the top SVD
computation and � is a preset accuracy level
of SVD computation. Lastly, line 6 requires
O(|⌅|) FLOPS since we only need to update
the entries of ⇥ in ⌅ [cf. see the remark after
(??)]. The overall per-iteration complexity is
O(|⌅|+ |⌦|(max{n, p} log(1/�) + q)).

Algorithm 1 MCGD Method.

1: Initialize: — ⇥(0),↵(0), R(0).
2: for t = 1, 2, . . . , T do
3: // Update for ↵ //

↵(t) = T��S

�
↵(t�1)

� �r↵L(↵
(t�1),⇥(t�1))

�

where T�(·) is the soft-threshold operator.
4: // Update for (⇥, R) //

Update the upper bound as:

R(t)
UB := ��1

L F (↵(t),⇥(t�1), R(t�1)).

5: Obtain the update direction (⇥̂(t), R̂(t)) as

(⇥̂(t), R̂(t)) =
(
(0, 0), if �L � kr⇥L(↵(t),⇥(t�1))k2,

(�R(t)
UBu1v>

1 , R
(t)
UB), if �L < kr⇥L(↵(t),⇥(t�1))k2.

6: Obtain the CG update as

(⇥(t), R(t)) =

(⇥(t�1), R(t�1)) + �t(⇥̂
(t)

�⇥(t�1), R̂(t)
�R(t�1)),

where �t is closed form solution to line search of upd. dir.

7: end for
8: Return: ⇥(T ),↵(T ), R(T ).

T�(x) := sign(x)� (x� �1)+ (1)
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⍺ Update: Standard proximal update 

Idea: Refining the upper bound 
         for faster convergence 

𝚯 Update: Conditional Gradient update 

Provably faster than  
the sublinear rate in [6]  


