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Foreachroundt=1,...,T":
1. Choose one user-item pair: a; = (¢, j:) € [M] X [N]
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Objective: minimize cumulative regret relative to the best user-item pair
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® Exploit bilinear or matrix-valued reward structure (Jun et al., 2019;
Jang et al., 2021; Lu et al., 2021; Kang et al., 2022)

® But the relevant feature information is assumed to be fully observed

Partially observable bandits

® RoLF handles latent feature components using feature augmentation
and doubly robust estimation (Kim et al., 2025)

® But it uses a linear reward model and does not preserve the two-sided
bilinear interaction

Can we handle latent features while preserving the two-sided bilinear
structure?
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Key Idea 1: Two-Sided Orthogonal Feature Augmentation

Construction
® Collect observed features X = [x1,...,xy]and Y = [y1,...,yN].
® Augment each observed row space by an orthogonal complement
> X S Y
X = Y =
o) Yo lel
Equivalent representation

® Preserve all pairwise mean rewards after augmentation:
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® 0: observed row-space coordinates

® h: orthogonal-complement coordinates, not original latent features



Algorithm: BiRoLF

Foreachroundt=1,...,T do:

1. Choose a candidate pair using <i>t71

N

. Couple the chosen action with a pseudo-action by resampling

w

. Play a; and observe r,, . Form DR pseudo-rewards for all pairs:

- ~T 3 ~ 1{(s,5) = a T 32 ~
T(i,g),t = X?‘I’tyy' + w (Tatvt - Xit‘i’ty]'t)

I

. Update the matrix-valued Lasso estimator

. i ~ T2
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® We exploit the block structure of ® to obtain an exact solver



Key Idea 2: Exact Blockwise Solver

The matrix-valued Lasso update separates into four smaller problems

$0)  loh
= {q)(hm) q,(h,h)}
Block Variable Solver Main cost
(0,0) ®© ¢ Rd“dy‘ . matrix Lasso O(d2dy + dod3)
N et ot
(h,h)  matrix in RM—42)X(N=dy)  goftthresholding O((M — du)(N — dy))

® The four subproblems solve the original update exactly

® Total cost is the sum of the four block costs, rather than the dense
O(M?N?) Kronecker-linearized update



Regret Guarantee

Theorem (High-probability regret bound of BiRoLF)

Under standard assumptions, the cumulative regret over horizon T is
upper-bounded by

Regret(T) < O (\/(dz +dn,)(dy + dhy)T)

® d,,dy: observed user/item feature dimensions
® dp,,dn,: active dimensions outside observed row spaces

® The bound scales with the effective bilinear dimension
(dz + dh, )(dy + dn,) without observing the latent coordinates



Numerical Experiments
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® BiRoLF maintains strong regret performance compared with both
partially observable and bilinear baselines

® Exact blockwise Lasso updates substantially reduce optimization time

® Ablations support feature augmentation, DR correction, and
blockwise optimization
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