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The Bandit Problem Setting
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the (Convolutional) Neural Tangent Kernel (NTK):

its Reproducing Kernel Hilbert Space (RKHS):



Our algorithms: NN-UCB & CNN-UCB
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Use any NN or 2-Layer CNN

at step J of GD

train the network to estimate the reward use gradient of that network to 
estimate the variance of the reward

How to pick the next action to control the regret?



Main Result: Sup(C)NN-UCB finds the optima in polynomial time.
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d: dimension of the input domain

NN-UCB

CNN-UCB
Sup Variant of 

Comparison to prior works

[Zhou et al. ICML ’20]

[Zhang et al. ICLR ’21]

[Yang et al. arXiv ’20]

[Thm 3.1]
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⇣
CNN(d, L)T

�1
2d

⌘

w ⇤ x =
dX

l=1

hw, cl · xi

�T = Õ
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d�2
2d )

References

[1] Alberto Bietti and Francis Bach. Deep equals shallow for relu networks in kernel regimes. arXiv preprint
arXiv:2009.14397, 2020.

[2] Lin Chen and Sheng Xu. Deep neural tangent kernel and laplace kernel have the same rkhs. arXiv preprint
arXiv:2009.10683, 2020.

[3] Andreas Krause and Cheng S Ong. Contextual gaussian process bandit optimization. In Advances in neural
information processing systems, pages 2447–2455, 2011.

[4] Jaehoon Lee, Yasaman Bahri, Roman Novak, Samuel S Schoenholz, Je↵rey Pennington, and Jascha Sohl-
Dickstein. Deep neural networks as gaussian processes. arXiv preprint arXiv:1711.00165, 2017.

[5] Ali Rahimi and Benjamin Recht. Random features for large-scale kernel machines. In Advances in neural
information processing systems, pages 1177–1184, 2008.

[6] Niranjan Srinivas, Andreas Krause, Sham M Kakade, and Matthias Seeger. Gaussian process optimization
in the bandit setting: No regret and experimental design. arXiv preprint arXiv:0912.3995, 2009.
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Key Ingredient: Maximum Information Gain Bound
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The information gain

depends only on the domain, noise and kernel function 

Its maximum



Key Ingredient II: Invariance Trick

6[Mei et al. COLT ‘21]

The 2-layer CNN is invariant to circular shifts

Observation

And so is the corresponding CNTK



Key Ingredient II: Invariance Trick
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spanned by degree-k spherical harmonics

spanned by circular shift invariant degree-k spherical harmonics

(eigenvalue, eigenspace) pairs for  

On the d-1 dimensional sphere,

HkCNN

HkNN

→ Improved rates for the CNN-UCB



Thank you!


