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Optimization Method

• We want to minimize the function f(θ): minimize
θ

f(θ)

• ADAM optimizer (Kingma and Ba, 2015)
▶ Uses past gradient (momentum)
▶ Adapt to individual parameters (adaptive learning rate)

→ One of the most widely used optimizers for deep learning!
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Limitations of ADAM and its variants

Original ADAM uses uniform sampling over dataset

• Treats each training sample equally.

• However, different samples can influence model updates differently.

• Full dataset sweeps ⇒ possible inefficient convergence

• Same issues exist in the follow-up works (Reddi et al., 2018; Huang
et al., 2019; Chen et al., 2023)

Adaptive approach: Adam with Bandit Sampling (Liu et al., 2020)

• Learns importance of samples dynamically during training
• Adaptive batch selection using multi-armed bandit (MAB) algorithm

▶ Treats each training sample as an arm in MAB
▶ Partial feedbacks : per-sample gradients for selected batch

• However, proposed under limited settings: features assumed to follow
a doubly heavy-tailed distribution

• Incorrect convergence analysis

• Poor numerical performances
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Research Motivations

Research Questions:

• Can we design a provably correct and practical Adam optimization
algorithm with convergence guarantees?

• Can we show that our new Adam optimization algorithm with even
faster convergence?
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Performance Measure: Regret

Online Optimization as Regret Minimization framework

• Cumulative Regret

Consider an online optimization algorithm π that generates a sequence of model
parameters θ1, θ2, . . . , θT over T iterations. The cumulative regret after T iterations:

Rπ
(T ) := E

[
T∑

t=1

f(θt;D) − T · min
θ∈Rd

f(θ;D)

]
• Regret defined under the whole dataset D := {(xi, yi)}n

i=1 where

f(θt;D) :=
1

n

n∑
i=1

ℓ(θ; xi, yi)

Want: Design an algorithm that gives sublinear regret Rπ(T ) = o(T ).

• e.g., Rπ(T ) = O(
√
T ) =⇒ Average regret Rπ(T )

T
= O

(
1√
T

)
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Contributions

• New optimization algorithm
▶ Propose Adam-based optimization with adaptive sample selection using

combinatorial bandit method
▶ Adam with Combinatorial Bandit Sampling (AdamCB)

• Convergence guarantee with improved regret performance
▶ Theoretically show a sub-linear regret bound for AdamCB that achieves

sharper regret than existing AdamBS and Adam

• Practically efficient
▶ Numerical experiments show that AdamCB outperforms the existing
Adam-based methods

Theoretical guaranteed (provably efficient) and
practically superior Adam optimizer
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Adam with Combinatorial Bandit Sampling (AdamCB)
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Adam with Combinatorial Bandit Sampling (AdamCB) Illustration

Dataset

⋮
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Regret Analysis

Theorem (Regret Bound of AdamCB)

Cumulative regret of AdamCB over T iterations with mini-batch size K is
upper-bounded by:

RAdamCB(T ) ≤ O

(
d
√
T +

√
d

n3/4

(
T

K
ln

n

K

)1/4
)

Comparison:

Optimizer Convergence Rate

AdamX (Tran et al., 2019) (variant of Adam) O
(
d
√
T +

√
d

n1/2

√
T
)

AdamBS (Liu et al., 2020) (corrected) O
(
d
√
T +

√
d

n3/4 (T lnn)1/4
)

AdamCB (Ours) O
(
d
√
T +

√
d

n3/4

(
T
K

ln n
K

)1/4
)

• To our best knowldge, fastest regret convergence with AdamCB

• Sub-linear in T ⇒ Convergence Guarantee

• Benefits from mini-batch size K
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Numerical Experiments
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Conclusion

• AdamCB
▶ Novel method that adpats combinatorial bandit sampling to Adam

optimization.
▶ Introduces a batch selection strategy for sampling without replacement.

• Impact on Model Convergence
▶ Significantly accelerates model convergence
▶ Provides rigorous theoretical analysis on regret bound

• Better numerical performances compared to existing methods

Achieves both theoretical and practical efficiency!
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