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General sequential learning

Learner Environment

action

reward
+ feedback

Repeated 
for T rounds

For t = 1, 2, … , 𝑇:
• The learner chooses action 𝐴𝑡,
• The learner gains reward 𝑟𝑡 𝐴𝑡
and observes some feedback



General sequential learning

Learner Environment
Repeated 

for T rounds

For t = 1, 2, … , 𝑇:
• The learner chooses action 𝐴𝑡,
• The learner gains reward 𝑟𝑡 𝐴𝑡
and observes some feedback

Goal: maximize σ𝑡 𝑟𝑡(𝐴𝑡)

action

reward
+ feedback



The multi-armed bandit

For t = 1, 2, … , 𝑇:
• The learner chooses action 𝐴𝑡 ∈ {1, … , 𝐾},
• The learner gains and observes reward 𝑟𝑡 𝐴𝑡

One-Armed Bandit 
= Slot Machine



The multi-armed bandit

For t = 1, 2, … , 𝑇:
• The learner chooses action 𝐴𝑡 ∈ {1, … , 𝐾},
• The learner gains and observes reward 𝑟𝑡 𝐴𝑡

What is 𝒓𝒕?

One-Armed Bandit 
= Slot Machine



𝜇1 𝜇2 𝜇3

Stochastic setting

𝑟𝑡 𝐴 ∼ 𝒟𝐴

𝔼[𝑟𝑡 𝐴 ] = 𝜇𝐴

Goal: minimize regret

𝑅𝑇 = max
𝐴

෍

𝑡

𝑇

𝜇𝐴 − 𝔼 𝜇𝐴𝑡



𝜇1 𝜇2 𝜇3

Stochastic setting

𝑟𝑡 𝐴 ∼ 𝒟𝐴

𝔼[𝑟𝑡 𝐴 ] = 𝜇𝐴

Goal: minimize regret

𝑅𝑇 = max
𝐴

෍

𝑡

𝑇

𝜇𝐴 − 𝔼 𝜇𝐴𝑡

UCB Algorithm:
• play 𝐴𝑡 = 𝑎𝑟𝑔𝑚𝑎𝑥𝐴 ො𝜇𝐴,𝑡 + log 𝑡 /𝑁𝐴(𝑡)



Adversarial setting

Learner Environment

𝐴𝑡

𝑟𝑡 (𝐴𝑡)

The learner aims to choose 
𝐴𝑡 to maximize reward

The adversary aims to choose 
𝑟𝑡 to minimize reward

Regret:

𝑅𝑇 = max
𝐴

෍

𝑡

𝑇

𝑟𝑡,𝐴 − 𝔼 ෍

𝑡

𝑇

𝑟𝑡,𝐴𝑡



Adversarial setting

Learner Environment

𝐴𝑡

𝑟𝑡 (𝐴𝑡)

The learner aims to choose 
𝐴𝑡 to maximize reward

The adversary aims to choose 
𝑟𝑡 to minimize reward

Regret:

𝑅𝑇 = max
𝐴

෍

𝑡

𝑇

𝑟𝑡,𝐴 − 𝔼 ෍

𝑡

𝑇

𝑟𝑡,𝐴𝑡

EXP3 Algorithm:

• play 𝐴𝑡 ∼ exp(σ𝑠=1
𝑡−1 𝑟𝑡,𝐴𝐼{𝐴𝑠 = 𝐴})
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Repeat:

• Website is visited by a user (with cookies, 
profile, etc), 

• website chooses ad to present to user,

• user responds (clicks, leaves, ..)

Goal: achieve the desired user behavior (e.g. 
maximize clicks)

Example: Ad placement



Linear Contextual Bandits

In each round t = 1, 2, … , 𝑇

• Nature reveals the context 𝑋𝑡 ∈ ℝ𝑑 , 𝑋𝑡~𝒟

• the learner chooses action 𝐴𝑡 ∈ 𝐾

• adversary picks loss function ℓ𝑡

• the learner suffers loss ℓ𝑡 𝑋𝑡, 𝐴𝑡 = ⟨𝑋𝑡, 𝜃𝑡,𝐴𝑡⟩

Goal: minimize regret

𝑅𝑇 𝜋 = 𝔼෍

𝑡

ℓ𝑡 𝑋𝑡, 𝐴𝑡 − ℓ𝑡 𝑋𝑡, 𝜋 𝑋𝑡

against best policy 𝜋:𝒳 → 𝐾



Linear Contextual Bandits

In each round t = 1, 2, … , 𝑇

• Nature reveals the context 𝑋𝑡 ∈ ℝ𝑑 , 𝑋𝑡~𝒟

• the learner chooses action 𝐴𝑡 ∈ 𝐾

• adversary picks loss function ℓ𝑡

• the learner suffers loss ℓ𝑡 𝑋𝑡, 𝐴𝑡 = ⟨𝑋𝑡, 𝜃𝑡,𝐴𝑡⟩

Goal: minimize regret

𝑅𝑇 𝜋 = 𝔼෍

𝑡

ℓ𝑡 𝑋𝑡, 𝐴𝑡 − ℓ𝑡 𝑋𝑡, 𝜋 𝑋𝑡

against best policy 𝜋:𝒳 → 𝐾



Existing results

i.i.d. context adversarial context

i.i.d. loss 𝑑𝐾𝑇 𝑑𝐾𝑇

adversarial loss 𝑑𝐾𝑇 Θ(𝑇)

Best known regret bounds

this work



Existing results

i.i.d. context adversarial context

i.i.d. loss 𝑑𝐾𝑇 𝑑𝐾𝑇

adversarial loss 𝑑𝐾𝑇 Θ(𝑇)

Best known regret bounds

this work

Theorem 1
There is an efficient algorithm with regret of order

𝑑𝐾𝑇 log(𝐾𝑇)
for adversarially chosen linear losses and i.i.d. contexts



Algorithm: LinExp3

𝜋𝑡 𝑎 𝑥 ∝ 𝑒−𝜂 𝑥,෡Θ𝑡−1,𝑎



Algorithm: LinExp3

෡Θ𝑡,𝑎 = σ𝑘=1
𝑡−1 ෠𝜃𝑘,𝑎

𝜋𝑡 𝑎 𝑥 ∝ 𝑒−𝜂 𝑥,෡Θ𝑡−1,𝑎



Algorithm: LinExp3

෡Θ𝑡,𝑎 = σ𝑘=1
𝑡−1 ෠𝜃𝑘,𝑎

𝜋𝑡 𝑎 𝑥 ∝ 𝑒−𝜂 𝑥,෡Θ𝑡−1,𝑎

How to construct
෠𝜃𝑡,𝑎?



Algorithm: LinExp3

෡Θ𝑡,𝑎 = σ𝑘=1
𝑡−1 ෠𝜃𝑘,𝑎

𝜋𝑡 𝑎 𝑥 ∝ 𝑒−𝜂 𝑥,෡Θ𝑡−1,𝑎

How to construct
෠𝜃𝑡,𝑎?

Σ𝑡,𝑎 = 𝔼𝑡 𝑋𝑋
𝑇𝕀 𝜋𝑡 𝑋 = 𝑎Ideal estimator:

Σ𝑡,𝑎 = 𝔼𝑡 𝑋𝑋
𝑇𝕀 𝜋𝑡 𝑋 = 𝑎

෠𝜃𝑡,𝑎 = Σ𝑡,𝑎
−1𝑋𝑡ℓ(𝑋𝑡 , 𝑎)𝕀 𝜋𝑡 𝑋𝑡 = 𝑎



Algorithm: LinExp3

෡Θ𝑡,𝑎 = σ𝑘=1
𝑡−1 ෠𝜃𝑘,𝑎

𝜋𝑡 𝑎 𝑥 ∝ 𝑒−𝜂 𝑥,෡Θ𝑡−1,𝑎

How to construct
෠𝜃𝑡,𝑎?

Σ𝑡,𝑎 = 𝔼𝑡 𝑋𝑋
𝑇𝕀 𝜋𝑡 𝑋 = 𝑎

Question: how to estimate
Σ𝑡,𝑎
−1? 

Ideal estimator:
Σ𝑡,𝑎 = 𝔼𝑡 𝑋𝑋

𝑇𝕀 𝜋𝑡 𝑋 = 𝑎
෠𝜃𝑡,𝑎 = Σ𝑡,𝑎

−1𝑋𝑡ℓ(𝑋𝑡 , 𝑎)𝕀 𝜋𝑡 𝑋𝑡 = 𝑎



Matrix Geometric Resampling

Σ𝑡,𝑎
−1 = 𝛽෍

𝑘=0

∞

1 − 𝛽 Σ𝑡,𝑎
𝑘



Matrix Geometric Resampling

Σ𝑡,𝑎
−1 = 𝛽෍

𝑘=0

∞

1 − 𝛽 Σ𝑡,𝑎
𝑘

෠Σ𝑡,𝑎
−1 = 𝛽෍

𝑘=0

∞

ෑ

𝑗=0

𝑘

1 − 𝛽 B𝑗,𝑎

𝐵𝑘,𝑎 = 𝑋 𝑘 𝑋 𝑘 𝑇𝕀{𝜋 𝑋(𝑘) = 𝑎}



Matrix Geometric Resampling

Σ𝑡,𝑎
−1 = 𝛽෍

𝑘=0

∞

1 − 𝛽 Σ𝑡,𝑎
𝑘

෠Σ𝑡,𝑎
−1 = 𝛽෍

𝑘=0

𝑀

ෑ

𝑗=0

𝑘

1 − 𝛽 B𝑗,𝑎

𝐵𝑘,𝑎 = 𝑋 𝑘 𝑋 𝑘 𝑇𝕀{𝜋 𝑋(𝑘) = 𝑎}

෠𝜃𝑡,𝑎 = ෠Σ𝑡,𝑎
−1 𝑋𝑡𝑋𝑡

𝑇𝜃𝑡,𝑎𝕀 𝜋𝑡 𝑋𝑡 = 𝑎



Main result 2

What happens when the losses are only nearly-linear?

ℓ𝑡 𝑋𝑡, 𝑎 = 𝑋𝑡 , 𝜃𝑡,𝑎 + 𝜀𝑡,𝑎 𝑋𝑡



Main result 2

Theorem 2
Assuming that 𝜀𝑡,𝑎 𝑋𝑡 ≤ 𝜀, there is an efficient 

algorithm with regret of order

𝑇2/3 𝑑𝐾 log 𝐾𝑇 1/3 + 𝜀 𝑑𝑇
for adversarially chosen losses and i.i.d. contexts

What happens when the losses are only nearly-linear?

ℓ𝑡 𝑋𝑡, 𝑎 = 𝑋𝑡 , 𝜃𝑡,𝑎 + 𝜀𝑡,𝑎 𝑋𝑡



Algorithm: LinExp3

෡Θ𝑡,𝑎 = σ𝑘=1
𝑡−1 ෠𝜃𝑘,𝑎

𝜋𝑡 𝑎 𝑥 ∝ 𝑒−𝜂 𝑥,෡Θ𝑡−1,𝑎

𝔼𝑡 መ𝜃𝑡,𝑎 − 𝜃𝑡,𝑎 can 

be huge!



Algorithm: LinExp3

෡Θ𝑡,𝑎 = σ𝑘=1
𝑡−1 ෠𝜃𝑘,𝑎

𝜋𝑡 𝑎 𝑥 ∝ 𝑒−𝜂 𝑥,෡Θ𝑡−1,𝑎

New estimator:
Σ = 𝔼𝑡 𝑋𝑋

⊤ (assumed to be known)

෠𝜃𝑡,𝑎 =
1

𝜋𝑡 𝑎 𝑋𝑡
⋅ Σ−1𝑋𝑡ℓ𝑡(𝑋𝑡 , 𝑎)𝕀 𝜋𝑡 𝑋𝑡 = 𝑎

𝔼𝑡 መ𝜃𝑡,𝑎 − 𝜃𝑡,𝑎 can 

be huge!



Open problems

Is the term 𝜀 𝑑𝑇 optimal?
• Lattimore and Szepesvári (2019): for large 𝐾, no linear-

bandit algorithm can remove 𝜀 𝑑𝑇
• Foster and Rakhlin (2020) improve dependence to 

𝜀 𝐾𝑇 for i.i.d. losses and small 𝐾

Is it possible to achieve 𝑇𝑑𝐾 + 𝜀 min{𝐾, 𝑑} 𝑇
when the losses are adversarial?
• Open problem!



• Multi-armed bandit problem
• Stochastic setting

• Adversarial setting

• Contextual bandits

• Learning in episodic MDP
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• Online Q-REPS



Episodic MDP with adversarial rewards

𝑆1 𝑆2 𝑆3

𝑥1 𝑥𝐻

- State set 𝐒 (not necessary finite)
- Finite action set 𝐀
- Episode length 𝐇
- Transition function 𝐏: S × A × S →
0,1

- Reward function 𝐫𝐭: S × A → [0,1]

Assumption [Jin et al. 2020]:
∃𝜑 𝑥, 𝑎 ∈ 𝐑𝑑:
𝑷 ⋅ 𝑥, 𝑎 = 𝑚 ⋅ , 𝜑(𝑥, 𝑎)
𝒓𝒕 𝑥, 𝑎 = 𝛽𝑡 , 𝜑(𝑥, 𝑎)



Online learning in episodic MDPs

For each episode: t = 1, …, T:

– Learner chooses policy 𝜋𝑡,

– Adversary selects reward function 𝑟𝑡,

– Learner traverses path ut =

𝑥1,𝑡, 𝑎1,𝑡 , 𝑥2,𝑡 , 𝑎2,𝑡 , … , (𝑥𝐻−1,𝑡 , 𝑎𝐻−1,𝑡) , 

– Learner gains σℎ=1
𝐻−1 𝑟𝑡(𝑥ℎ,𝑡 , 𝑎ℎ,𝑡),

– The learner observes rt 𝑥, 𝑎 for all 𝑥, 𝑎 ∈ 𝑢t .



Online learning in episodic MDPs

For each episode: t = 1, …, T:

– Learner chooses policy 𝜋𝑡,

– Adversary selects reward function 𝑟𝑡,

– Learner traverses path ut =

𝑥1,𝑡, 𝑎1,𝑡 , 𝑥2,𝑡 , 𝑎2,𝑡 , … , (𝑥𝐻−1,𝑡 , 𝑎𝐻−1,𝑡) , 

– Learner gains σℎ=1
𝐻−1 𝑟𝑡(𝑥ℎ,𝑡 , 𝑎ℎ,𝑡),

– The learner observes rt 𝑥, 𝑎 for all 𝑥, 𝑎 ∈ 𝑢t .

𝜌𝑡 𝜋 = 𝐄 ቮ෍

ℎ=1

𝐻−1

𝑟𝑡 𝑥ℎ,𝑡 , 𝑎ℎ,𝑡 𝜋𝑡 = 𝜋

Performance is measured in terms of regret: 

𝑅𝑇 = max
𝜋

෍

𝑡=1

𝑇

𝐄 𝜌𝑡 𝜋 − 𝜌𝑡 𝜋𝑡



Previous works

Tabular MDP:
Regret decomposition

𝑹𝑇= ෨𝑂(𝐻|𝑆| 𝑇 𝐴 /𝛼)
𝛼 – smallest visitation 
probability

[Even-Dar et al. (2009), Neu et al. 
(2010)]

Idea: decomposition into local 

bandit problems. 

Linear optimization

Tabular MDP:

[Zimin and Neu (2013), Jin et al. (2020)]

Idea: study occupancy measure
𝜇𝜋 𝑥, 𝑎 = 𝑃( 𝑥, 𝑎 ∈ 𝑢𝑡|𝜋𝑡 = 𝜋)

Expected reward:  ⟨𝜇𝜋, σ𝑠=1
𝑡−1 𝑟𝑡⟩

𝑹𝑇 = ෨𝑂 ( 𝐻𝑇 𝐴 |𝑆|) no 𝛼!

No results on the case of infinite S!



Ideas that may work for infinite state space

Tabular MDP:
Regret decomposition

+ Q-functions as rewards for 
bandit problem, and 
𝑄𝑡 𝑥, 𝑎 = ⟨𝜁𝑡, 𝜑 𝑥, 𝑎 ⟩

- 𝛼 is still there

Decomposition into local 

bandit problems. 

Linear optimization

MDP with infinite state space:

Occupancy measure
𝜇𝜋 𝑥, 𝑎 = 𝑃( 𝑥, 𝑎 ∈ 𝑢𝑡|𝜋𝑡 =
𝜋).

Expected reward:  ⟨𝜇𝜋, σ𝑠=1
𝑡−1 𝑟𝑡⟩

- 𝜇𝜋 𝑥, 𝑎 ∈ Δ 𝐴 ×|𝑆|

+ ?



Ideas that may work for infinite state space

Tabular MDP:
Regret decomposition

+ Q-functions as rewards for 
bandit problem, and 
𝑄𝑡 𝑥, 𝑎 = ⟨𝜁𝑡, 𝜑 𝑥, 𝑎 ⟩

- 𝛼 is still there

Decomposition into local 

bandit problems. 

Linear optimization

MDP with infinite state space:

Occupancy measure
𝜇𝜋 𝑥, 𝑎 = 𝑃( 𝑥, 𝑎 ∈ 𝑢𝑡|𝜋𝑡 = 𝜋)

Expected reward:  ⟨𝜇𝜋, σ𝑠=1
𝑡−1 𝑟𝑡⟩

- 𝜇𝜋 𝑥, 𝑎 ∈ Δ 𝐴 ×|𝑆|

+ Q-REPS [Bas-Serrano et al. 
(2020)]:

max
𝜇

⟨𝜇, σ𝑠=1
𝑡−1 𝑟𝑡⟩ m𝑖𝑛

𝜃∈𝑅𝑑
𝐺(𝜃)



Q-REPS by Bas-Serrano et al. (2020):

max𝜇,𝑑 𝜇, 𝑟 −
1

𝜂
𝐷(𝜇| 𝜇0 −

1

𝛼
𝐷𝑐(𝑑||𝜇0)

𝑠. 𝑡. ∀ℎ: ෍

𝑎

𝑑ℎ(𝑥, 𝑎) = ෍

𝑥′,𝑎′

𝑃 𝑥 𝑥′, 𝑎′ 𝜇ℎ 𝑥′, 𝑎′ ,

෍

𝑥,𝑎

𝑑ℎ 𝑥, 𝑎 𝜑(𝑥, 𝑎) =෍

𝑥,𝑎

𝜇ℎ 𝑥, 𝑎 𝜑(𝑥, 𝑎)



Q-REPS by Bas-Serrano et al. (2020):

max𝜇,𝑑 𝜇, 𝑟 −
1

𝜂
𝐷(𝜇| 𝜇0 −

1

𝛼
𝐷𝑐(𝑑||𝜇0)

𝑠. 𝑡. ∀ℎ: ෍

𝑎

𝑑ℎ(𝑥, 𝑎) = ෍

𝑥′,𝑎′

𝑃 𝑥 𝑥′, 𝑎′ 𝜇ℎ 𝑥′, 𝑎′ ,

෍

𝑥,𝑎

𝑑ℎ 𝑥, 𝑎 𝜑(𝑥, 𝑎) =෍

𝑥,𝑎

𝜇ℎ 𝑥, 𝑎 𝜑(𝑥, 𝑎)



Online Q-REPS:

𝑠. 𝑡. ∀ℎ: ෍

𝑎

𝑑ℎ(𝑥, 𝑎) = ෍

𝑥′,𝑎′

𝑃 𝑥 𝑥′, 𝑎′ 𝜇ℎ 𝑥′, 𝑎′ ,

෍

𝑥,𝑎

𝑑ℎ 𝑥, 𝑎 𝜑 𝑥, 𝑎 =෍

𝑥,𝑎

𝜇ℎ 𝑥, 𝑎 𝜑 𝑥, 𝑎

× 𝑉

× 𝜃

Lagrange multipliers:

Solution:

𝜃∗= 𝑎𝑟𝑔𝑚𝑖𝑛𝜃
1

𝜂
log෍

𝑥,𝑎

𝜇0 𝑥, 𝑎 𝑒𝜂Δ𝜃(𝑥,𝑎)

𝜋∗ 𝑎 𝑥 ∝ e𝛼𝑄𝜃∗ 𝑥,𝑎

𝑄𝜃(𝑥, 𝑎) = ⟨𝜃, 𝜑 𝑥, 𝑎 ⟩

𝑉𝜃(𝑥) =
1

𝛼
log෍

𝑎

𝜋0 𝑎 𝑥 𝑒𝛼𝑄𝜃(𝑥,𝑎)

Δ𝜃 𝑥, 𝑎 = 𝑟(𝑥, 𝑎)
+ σ𝑥′∈𝑋ℎ+1

𝑃 𝑥′ 𝑥, 𝑎 𝑉𝜃(𝑥′)

−𝑄𝜃(𝑥, 𝑎)

d – dimension 
optimization problem 

max𝜇,𝑑 𝜇, 𝑟 −
1

𝜂
𝐷(𝜇| 𝜇0 −

1

𝛼
𝐷𝑐(𝑑||𝜇0)



Online learning

Estimator of Ƹ𝑟𝑡: Matrix Geometric Resampling 

For t=1, …, T:

• 𝜇𝑡, dt = argmax𝜇,𝑑 σ𝑠=1
𝑡−1 𝜇, Ƹ𝑟𝑠 −

1

𝜂
𝐷(𝜇| 𝜇0 −

1

𝛼
𝐷𝑐(𝑑||𝜇0)

+ constraints

Σ𝑡,ℎ = 𝐸𝜋𝑡 𝜑 𝑋𝑡,ℎ, 𝐴𝑡,ℎ 𝜑 𝑋𝑡,ℎ, 𝐴𝑡,ℎ
𝑇

መ𝛽𝑡,ℎ = Σ𝑡,ℎ
−1 𝜑 𝑋𝑡,ℎ, 𝐴𝑡,ℎ 𝑟𝑡(𝑋𝑡,ℎ, 𝐴𝑡,ℎ)

• generate path 𝑢𝑡 ∼ 𝜋(𝑑𝑡)

• compute Ƹ𝑟𝑡



Online Q-REPS:

𝑠. 𝑡. ∀ℎ: ෍

𝑎

𝑑ℎ(𝑥, 𝑎) = ෍

𝑥′,𝑎′

𝑃 𝑥 𝑥′, 𝑎′ 𝜇ℎ 𝑥′, 𝑎′ ,

σ𝑥,𝑎 𝑑ℎ 𝑥, 𝑎 𝜑 𝑥, 𝑎 𝜑 𝑥, 𝑎 𝑇 =

σ𝑥,𝑎 𝜇ℎ 𝑥, 𝑎 𝜑 𝑥, 𝑎 𝜑 𝑥, 𝑎 𝑇

× 𝑉

× 𝑍

Lagrange multipliers:

Solution:

𝑍𝑡
∗= 𝑎𝑟𝑔𝑚𝑖𝑛𝑍

1

𝜂
log෍

𝑥,𝑎

𝜇0 𝑥, 𝑎 𝑒𝜂Δ𝑍(𝑥,𝑎)

𝜋𝑡
∗ 𝑎 𝑥 ∝ e

𝛼𝑄𝑍𝑡
∗ 𝑥,𝑎

𝑄𝑍(𝑥, 𝑎) = 𝜑 𝑥, 𝑎 𝑍𝜑 𝑥, 𝑎 𝑇

𝑉𝑍(𝑥) =
1

𝛼
log෍

𝑎

𝜋0 𝑎 𝑥 𝑒𝛼𝑄𝑍(𝑥,𝑎)

Δ𝑍 𝑥, 𝑎 =෍

𝑠=1

𝑡−1

Ƹ𝑟𝑠

+ σ𝑥′∈𝑋ℎ+1
𝑃 𝑥′ 𝑥, 𝑎 𝑉𝑍(𝑥′)

−𝑄𝑍(𝑥, 𝑎)

𝑑2 – dimension 
optimization problem 

𝜇𝑡, dt = argmax𝜇,𝑑 ෍

𝑠=1

𝑡−1

𝜇, Ƹ𝑟𝑠 −
1

𝜂
𝐷(𝜇| 𝜇0 −

1

𝛼
𝐷𝑐(𝑑||𝜇0)



Online Q-REPS:

𝑍𝑡
∗= 𝑎𝑟𝑔𝑚𝑖𝑛𝑍

1

𝜂
log෍

𝑥,𝑎

𝜇0 𝑥, 𝑎 𝑒𝜂Δ𝑍(𝑥,𝑎) = 𝑎𝑟𝑔𝑚𝑖𝑛𝑍 𝐺𝑡(𝑍)

𝜋𝑡
∗ 𝑎 𝑥 ∝ e

𝛼𝑄𝑍𝑡
∗ 𝑥,𝑎

Let  መ𝑍: 𝐺𝑡 𝑍
∗ − 𝐺𝑡 መ𝑍 ≤ 𝜀. Then,

𝑹𝑇 = ෨𝑂 𝑑𝐻𝑇(𝐷(𝜇∗| 𝜇0 + 𝐷𝐶 𝑑∗ 𝜇0 + 𝜀𝑇5/4 𝑑𝐻 1/4 .

Theorem:

• convex
• 𝛼 + 𝜂-smooth
• need oracle to 

compute 
σ𝑥′𝑃 𝑥′ 𝑥, 𝑎 𝑉𝑍(𝑥′)



Thanks!


