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Outline
• Optimistic OMD

• Deployment for Problem-dependent Regret
• Small-loss bound

• Gradient-variance bound

• Gradient-variation bound

• Implications to Offline Optimization
• Smooth optimization

• Accelerated optimization
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Part 1. Optimistic OMD
• Optimistic Online Learning

• Conceptual OMD

• Optimistic OMD
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Optimistic Online Learning
• Standard (full-information) online learning protocol.

• We need to encode “predictable” information in the update such that 
the overall algorithm can adapt to the niceness of environments. 
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Optimistic Online Mirror Descent
• Online Mirror Descent (OMD) provides a unified framework for online 

learning under the worst-case scenarios.

OMD updates:
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Optimistic Online Mirror Descent

OMD updates:

Optimistic Online Mirror Descent
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Understanding Optimistic OMD

…
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Conceptual Online Mirror Descent

OMD updates:

• Start with OMD:

Conceptual Online Mirror Descent

• An ideal situation: We can obtain the gradient for the next iteration in advance
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Conceptual Online Mirror Descent

Proof.
By the first-order optimality

Rearranging and applying the three-point lemma of Bregman divergence:

Summing up and telescoping:

Conceptual Online Mirror Descent
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Optimistic Online Mirror Descent

Worst-case regret

…

Conceptual OMD:

OMD:

Idea:

Constant regret, 
but infeasible
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Optimistic Online Mirror Descent

OMD:

Conceptual OMD: Constant regret, 
but infeasible

Worst-case regret

Optimistic Online Mirror Descent
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Optimistic Online Mirror Descent

Optimistic Online Mirror Descent

Constant regret

Worst-case regret
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Optimistic OMD: Regret Analysis

The proof still relies on the stability lemma and the Bregman proximal inequality, 
but now it requires taking the two-step updates (with optimism) into account. 

(negative term)

(telescoping term)

(quality of guess)
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Example: Optimistic OGD

(negative term)(quality of guess)

which is not available)

 self-confident tuning
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Part 2. Deploying Optimistic OMD
• Small-Loss Bound

• Gradient-Variance Bound

• Gradient-Variation Bound
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Part 2. Deploying Optimistic OMD
• Small-Loss Bound

• Gradient-Variance Bound

• Gradient-Variation Bound
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Small-Loss Bound
• Recall the guarantee of optimistic OGD:
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Small-Loss Bound
• Employing the self-bounding property of smooth and non-negative functions.

(self-bounding property)
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Small-Loss Bound
• Since we are using optimistic OMD with a fixed step size, the algorithm 

requires
• This is can be rectified by the self-confident tuning. We can use the 

optimistic OMD with time-varying step sizes.  
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Small-Loss Bound
Proof.  

For term (a), 

(self-confident tuning lemma)

(self-bounding property)
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Small-Loss Bound
Proof.  
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Part 2. Deploying Optimistic OMD
• Small-Loss Bound

• Gradient-Variance Bound

• Gradient-Variation Bound
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Gradient-Variance Bound

e.g. SGD (sampled from a set of data)

e.g. Classification (sampled from training set)
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Optimistic Online Mirror Descent

Gradient-Variance Bound

How to choose Mt?
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Optimistic Online Mirror Descent

Gradient-Variance Bound

self-confident estimate
of gradient mean:
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Gradient-Variance Bound

Proof.  

(negative term)
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Gradient-Variance Bound
Proof.  For term (a), 
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Gradient-Variance Bound
Proof.  
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Gradient-Variance Bound
Proof.  
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Gradient-Variance Bound
Proof.  
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Gradient-Variance Bound
Proof.  
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Gradient-Variance Bound
Proof.  
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Gradient-Variance Bound
Proof.  We then analyze term (b) in the same way as before:



Lecture 9. Optimistic Online Mirror DescentAdvanced Optimization (Fall 2025) 34

Gradient-Variance Bound
Proof.  Finally, putting three terms together achieves
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Part 2. Deploying Optimistic OMD
• Small-Loss Bound

• Gradient-Variance Bound

• Gradient-Variation Bound
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• Adaptivity: it can be small in slowly changing environments.
• Robustness: 

Gradient-Variation Bound

Gradient variation characterizes online functions’ shifting intensity.
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Gradient-Variation Bound

e.g., age forecasting by portraits

Implicit assumption:
Gradient (online function) shifts slowly
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Optimistic OMD for Gradient-Variation Bound

Question: How to choose 𝑀𝑀𝑡𝑡?

Optimistic Online Mirror Descent

Imposing a prior on the change of the online functions

setting 𝑀𝑀𝑡𝑡 as the last-round gradient
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Optimistic OMD for Gradient-Variation Bound
Optimistic Online Mirror Descent

Optimistic OMD for Gradient-Variation Bound
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Gradient-Variation Bound

Proof.  

(negative term)



Lecture 9. Optimistic Online Mirror DescentAdvanced Optimization (Fall 2025) 41

Proof
Proof.  For term (a), 
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Proof
Proof.  For term (a), 
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Proof
Proof.  

This term depends on our algorithm,
how to deal with it?
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Does this term look familiar?

Proof
Proof.  For the term (c), we have
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Proof
Proof.  We then analysis term (b),
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Proof
Proof.  Finally, putting three terms together yields
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Problem-dependent Bounds 

Assumption(s) Setting of 
Optimism

Problem-dependent 
Regret Bound

Small-loss 
Bound

L-Smooth +
Non-negative

Variance 
Bound —

Variation 
Bound L-Smooth

Different priors are imposed by designing 
suitable 𝑀𝑀𝑡𝑡 for specific environments.
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Connections: GV Algorithm and variance 

By using algorithm for gradient-variation bound (OMD with ):
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Connections: GV Algorithm and small-loss 

(self-bounding property)

By using algorithm for gradient-variation bound (OMD with ):
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History Bits: Gradient-Variation Bounds

Chiang et al., Online Optimization with 
Gradual Variations. COLT 2012.

COLT 2012
best student paper award

Yang et al., Regret bounded by gradual variation for 
online convex optimization. Machine Learning, 2014.
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History Bits: Optimistic OMD

Rakhlin & Sridharan, Online Learning 
with Predictable Sequences, COLT 2013.

Nemirovski. Prox-Method with Rate of Convergence O(1/t) for 
Variational Inequalities with Lipschitz Continuous Monotone 
Operators and Smooth Convex-Concave Saddle Point Problems. 
SIAM Journal on OPT., 2004.

Optimistic OMD Mirror Prox 
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Part 3. Implications to Offline Optimization
• Adaptive Optimization

• Smooth Optimization

• Accelerated Optimization
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Part 3. Implications to Offline Optimization
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• Smooth Optimization

• Accelerated Optimization
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Application to Adaptive Optimization
• SEA (Stochastically Extended Adversarial) model 

How is loss function
𝑓𝑓𝑡𝑡 generated?

stochastic optimization

adversarial optimization

[Sachs et al., NeurIPS'22]
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Application to Adaptive Optimization

complexity 
measures

stochastic variance adversarial change

stochastic variance stochastic varianceadversarial changegradient variation
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Optimistic OMD for the SEA model 

Reference: Sijia Chen, Yu-Jie Zhang, Wei-Wei Tu, Peng Zhao, and Lijun Zhang. Optimistic Online Mirror Descent for Bridging 
Stochastic and Adversarial Online Convex Optimization. Journal of Machine Learning Research (JMLR), 25(178):1−62, 2024.
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Part 3. Implications to Offline Optimization
• Adaptive Optimization

• Smooth Optimization

• Accelerated Optimization
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Application to Offline Optimization
• Online algorithm with problem-independent bound:

• For an offline optimization problem 
When the function is convex and Lipschitz, we can use problem-independent
regret with online-to-batch (O2B) conversion to obtain an averaged model with
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Gradient-Variation Bound Reflection

• This gradient-variation notion tightly connects the offline optimization and 
online optimization.

• The gradient variation reveals the importance of smoothness for the first-
order methods, as well as the crucial role of the negative term in analysis.
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Application to Offline Optimization
• Online algorithm with gradient-variation regret bound:

• For an offline optimization problem 
When the function is convex and smooth, we can use gradient-variation regret 
with online-to-batch (O2B) conversion to obtain an averaged model with
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Part 3. Implications to Offline Optimization
• Adaptive Optimization

• Smooth Optimization

• Accelerated Optimization
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Accelerated Methods
• Recall that accelerated rates can be achieved for smooth convex 

optimization using Nesterov’s Accelerated GD.

In our previous lecture, we prove this accelerated rate by the generalized one-step 
improvement property and a variety of algebraic tricks.
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Acceleration by Optimistic OMD
• We now present a new algorithm based on optimistic OMD 

with an accelerated rate for smooth convex optimization.
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Acceleration by Optimistic OMD
There are two key components:
• Stabilized Online-to-Batch Conversion

This is used to reduce the offline optimization to online optimization, but now we need 
to carefully choose gradient evaluations to enhance the stability.

• Optimism Design
This is used to achieve the desired vanishing regret in online optimization, in which the 
optimism design is crucial. It is essential to leverage the special structure of the problem.



Lecture 9. Optimistic Online Mirror DescentAdvanced Optimization (Fall 2025) 65

Stabilized Online-to-Batch Conversion
• Reducing offline optimization as an online optimization.

ConversionOffline function Online algorithm
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Stabilized Online-to-Batch Conversion
• Reducing offline optimization as an online optimization.

ConversionOffline function Online algorithm
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Stabilized Online-to-Batch Conversion
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Stabilized Online-to-Batch Conversion

Proof: 
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Stabilized Online-to-Batch Conversion

Proof: 
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Stabilized Online-to-Batch Conversion

Proof: 
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Stabilized Online-to-Batch Conversion

Optimistic OMD with a suitable optimism design!
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Accelerated Rates by Optimistic OMD

Yes! We can use the Optimistic Online Mirror Descent.

(negative term)
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(L-smoothness)

Accelerated Rates by Optimistic OMD

Yes! We can use the Optimistic Online Mirror Descent of the last lecture.
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Optimism Design

• Optimism design:
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Stabilization Effect
• The crucial role of stabilization effect
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Accelerated Rates by Optimistic OMD
• Combining the stabilized online-to-batch conversion and a careful 

optimism design (for constant regret), we achieve the acceleration.
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Accelerated Rates by Optimistic OMD
• Combining the stabilized online-to-batch conversion and a careful 

optimism design (for constant regret), we achieve the acceleration.
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History bits: Optimism for Acceleration

UniXGrad: A Universal, Adaptive Algorithm with Optimal 
Guarantees for Constrained Optimization. NeurIPS 2019.

Anytime Online-to-Batch, Optimism 
and Acceleration. ICML 2019.
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History bits: GV Regret for Optimization

Optimistic Online Mirror Descent for Bridging Stochastic 
and Adversarial Online Convex Optimization. JMLR 2024.

Gradient-Variation Online Adaptivity for Accelerated 
Optimization with Hölder Smoothness. NeurIPS 2025.
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Summary

Q & A
Thanks!
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