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“Online Learning via Offline Greedy Algorithms: Applications in Market Design and Optimization”
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preliminary conference version: ACM EC 2021
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◎ Cloud platforms
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◎ Internet 
advertising

◎ Shared 
economies

o Ridesharing

o Food delivery

Applications in Modern Marketplaces



High-level Goal: decision making by learning 
and op:miza:on in online marketplaces, 
despite these challenges 

Economical 
Goals

real-time interactions 
with users

Learning &
Optimization

Future uncertainty
(real-time aspect)

Computational 
complexity 
(combinatorial aspect)

Time-varying 
environments
(dynamic aspect)



Some Examples (and there are more)

Assortment planning:  What 
items to offer to customers 
to maximize market share?

Product ranking: How to 
display products on online 

platforms?

Reserve price optimization:  
How to set reserve prices in 

auctions run to sell ad-
views?  



Challenges Marketplaces Face 
1) Future uncertainty: Needs to learn the best course of action 

2) Time-varying environments: The underlying environments keep changing 

3) Computational complexity: exponentially many options to try

Assortment planning Product ranking Reserve price optimization

Number of assortments to try 
is exponentially large

NP hard (maximizing 
submodular functions)

Number of rankings to 
try is exponentially

large
NP hard (maximizing 

sequential submodular 
functions)

Number of reserve prices to try 
is exponentially large

NP hard [Roughgarden and 
Wang ’19]

Demand is uncertain and 
time-varying

Customers’ search 
behaviors are uncertain

and time-varying 

Advertisers’ values are 
uncertain and time-varying 

Running example in this talk: 
Assortment planning to maximize market share



• There are n products 

• Our goal is to choose set 𝑆 with 𝑆 ≤ 𝐾 that maximizes market share 

• 𝒇 𝑺 = ∑𝒊∈𝑺𝐏𝐫𝐨𝐛 𝐢 𝐢𝐬 𝐩𝐮𝐫𝐜𝐡𝐚𝐬𝐞𝐝 𝑺) is the market share (demand) under set 

𝑆: 𝑓(⋅) is a monotone submodular function

• Offline problem: We want to find    𝑆∗ = argmax " #$𝑓(𝑆)

• Online learning problem:

• In every round t∈ [𝑇], there is an unknown demand function 𝑓%(⋅)

• Choose set 𝑆%

• Full information: observe 𝑓$ ⋅

• Bandit: observe 𝑓$ 𝑆$

• Benchmark= in-hindsight optimal   𝐎𝐏𝐓 = 𝐦𝐚𝐱
𝑺: 𝑺 #𝑲

∑𝒕𝒇𝒕(𝑺)
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Assortment Planning: Maximizing Market Share

NP hard 



• Occasionally, even the offline optimization problem is NP-hard
• We have access to approximation algorithms; greedy, LP 

relaxation & rounding, primal-dual, etc.

• Their performance guarantees only hold in the offline regime
• What about the online regime, with repeated interactions?
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Agenda: developing generic tools to transform a large class of 
approximation algorithms used in marketplaces to their online 

variants, with almost no performance loss (over time)

We “mimic” the structure of offline approximation algorithm 
using Blackwell approachability 

From Offline Op,miza,on to Online Learning



This Work: Iterative Greedy Algorithms

◎ Assortment 
planning

◎ Product ranking ◎ Reserve price 
optimization
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◎ A large class of problems in market design and revenue management 
admit greedy-type algorithms for their offline problem (with 
theoretical guarantees).

Greedy! Greedy! Greedy!



Initialize 𝑆(&) = {}
For subproblem 𝑖 = 1 𝑡𝑜 𝐾:

Greedily pick 𝑧( ∈ 𝑛 such that 
𝑧( ← 𝑎𝑟𝑔𝑚𝑎𝑥)∈[+] 𝑓 𝑆((-.) ∪ 𝑗 − 𝑓 𝑆 (-.

Set 𝑆(𝒊) ← 𝑆(𝒊-𝟏) ∪ {𝑧𝒊}
End
Return 𝑆(0)
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Greedy Algorithm for Assortment Planning  
Problem 

Choose a product with the 
maximum marginal market 
share 𝚫𝐟(𝐒 𝒊+𝟏 , 𝒋)

Greedy is (1-1/e)-approximation for maximizing monotone submodular functions 
subject to cardinality [Nemhauser et al., 1987]

Subproblem 1

Subproblem i
𝑧( ← 𝑎𝑟𝑔𝑚𝑎𝑥)∈[+]Δ𝑓 𝑆 (-. , 𝑗

Subproblem K

⋮

⋮
Find best local 
move  
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Research Question: Can we transform offline iterative greedy 
algorithms in a computationally efficient fashion to online
algorithms with sublinear approximate regret?

Power of Framework
• IdenAfying simple generic condiAons under which 

such a transformaAon exists

• Showing a large class of problems admit iteraAve 
greedy algorithms saAsfying these condiAons

Approximate regret = regret bound with respect to  𝛾 1mes the best in-
hindsight benchmark, where 𝛾 ∈ [0,1] is the approxima1on factor of greedy

𝛾 −Regret= 𝛾 max
1: 1 30

∑$ 𝑓$(𝑆) − ∑$∈[4] 𝑓$ 𝑆$



Two Natural/General Conditions
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I. Robustness of greedy to local errors:
o Small mistakes at each subproblem of greedy only harm the objective as 

much as the mistake; no error amplification

II. Blackwell Locality: 
o Each subproblem of the greedy algorithm can be cast as a Blackwell game 

David Blackwell
(1919-2010)

r(x, y)
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Blackwell Games 
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P1 wants to approach a convex 𝑺 and P2 does not want this to happen

Repeated Blackwell game: Repeated two-player (P1 and P2) zero-sum 
game with vector-valued biaffine payoff

P1 plays 𝑥$
P2 plays 𝑦$

P1 obtains 𝐩𝐚𝐲𝐨𝐟𝐟(𝐱𝐭, 𝐲𝐭)
P2 obtains −𝐩𝐚𝐲𝐨𝐟𝐟(𝐱𝐭, 𝐲𝐭)

Round t
P1 plays 𝑥4
P2 plays 𝑦4

Round T

… P1 obtains payoff(𝐱𝑻, 𝐲𝑻)
P2 obtains −payoff(𝐱𝑻, 𝐲𝑻)

𝑑-
1
𝑇
D
%./

0

payoff x1, y1 , 𝑆 = 𝑜(1)

If set S is “approachable” in a single-shot Blackwell game, in the 
repeated game, P1 can approach it using Blackwell algorithm AlgB



High-level Idea
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Blackwell Locality: We cast each 
subproblem 𝑖 as a Blackwell game 

o With biaffine payoff vector and
approachable target convex set S

o With the help of AlgB, we can
generate a sequence of actions that
are “almost locally best on average
over time”

Robustness to local errors: Errors across 
subproblems don’t get amplified 

Subproblem 1 is handled by 
Blackwell Algorithm 𝑨𝒍𝒈𝑩𝟏

⋮

⋮

Subproblem i is handled by 
Blackwell Algorithm 𝑨𝒍𝒈𝑩𝒊

Subproblem K is handled by 
Blackwell Algorithm 𝑨𝒍𝒈𝑩𝑲

Online problem (round t)



◎ Assortment 
planning

◎ Product ranking ◎ Reserve price 
optimization
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Greedy ! Greedy ! Greedy !

Robustness ! Robustness ! Robustness !

Blackwell locality ! Blackwell locality ! Blackwell locality !

Two Natural/General CondiJons



• Designing an efficient framework to transform offline iteraAve 

greedy algorithms to low-regret adversarial online learning 

algorithms via Blackwell approachability

• Vanishing approximate regret

• 𝑶 𝑻 for full informa4on and 𝑶 𝑻𝟐/𝟑 for bandit informa4on

• Two condi5ons: robustness to local errors and Blackwell locality

• Wide-range of apps in operaAons & markets 

Contribu)ons and Main Results



• Our framework has a wide-range of applications

Online Full-Informa0on Se2ng Online Bandit Setting

Applications 𝛾 Our 𝛾-Regret 
Bound

The Best Prior 
Bound Our 𝛾-Regret Bound The Best Prior 

Bound

Product Ranking 1/2 𝑂 𝑛 𝑇 log 𝑛 - 𝑂 𝑛!/#𝑇$/# log 𝑛 %/# -

Reserve Price 
Optimization 1/2 𝑂 𝑛 𝑇 log 𝑇 𝑂 𝑛 𝑇 log 𝑇 * 𝑂 𝑛#/!𝑇&/! log 𝑛𝑇 %/# -

Non-Monotone Set 
SM 1/2 𝑂 𝑛 𝑇 𝑂 𝑛 𝑇 ‡ 𝑂 𝑛𝑇$/# -

Non-Monotone 
Strong-DR SM 1/2 𝑂 𝑛 𝑇 log 𝑇

𝛾 = 1/4,
𝑂(𝑇!/')§ 𝑂 𝑛𝑇&/! log 𝑇 %/# 𝛾 = %

&
, 𝑂(𝑇%%/%$)§

Non-Monotone 
Weak-DR SM 1/2 𝑂 𝑛 𝑇 log 𝑇 - 𝑂 𝑛𝑇&/! log 𝑇 %/# -

Monotone Cont. SM 
(Strong-DR) in Downward 

Closed Convex Set

1-
1/e O( 𝑇𝑛 log(𝑛)) O( 𝑇) $ 𝑂 𝑛𝑇!/' log 𝑛 %/' 𝑂 𝑛𝑇)/* @

*Roughgarden and Wang, 2019;   ‡Roughgarden and Wang, 2018; §Thang and 
Srivastav, 2019 ;   $ Chen et al 2018; @ Zhang et al 2020

Contribu)ons and Main Results

𝑇 dependency Discrete: 𝑇
,
- dependency



Offline-to-online transformation for NP-hard combinatorial problems

Offline-to-online 
transforma\on

• Hazan and Koren, 2016 – nega%ve results for general 
comb. problems

• Kalai and Vempala, 2005, Dudik et al., 2017 – learner 
can solve offline problem efficiently

• Kakade et al., 2009 – NP-hard problem amenable to 
approxima\on, linear rewards

Combinatorial 
learning

• Audibert et al., 2014 – exponen\ally weighted avg. 
forecaster for full-info sefng, \ght regret, linear 
rewards

• Bubeck et al., 2012, Hazan and Karnin, 2016 – efficient 
algorithm for the bandit sefng, linear rewards

Our contribu\on
• NP-hard problems with non-linear rewards
• Both bandit and full-informa\on sefngs
• Transform offline greedy algorithms to online

Related Work



High-level Sketch of 
our Approach
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Mimicking the Greedy Algorithm
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Mimicking the Greedy Algorithm

Finds best local move  
zi = argmax

j2[n]
�ft(S

(i�1)
t , j)
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⋮
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Subproblem 
1

Subproblem 
K

⋮

Subproblem 
i

⋮
Subproblem 

i-1

Subproblem 
1

Subproblem 
K

⋮

Subproblem 
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⋮
Subproblem 
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t

<latexit sha1_base64="UNTBsDVx09vNCowjPWxeSjTJoqM=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEsceCF48t2A9oQ9lsN+3azSbsToQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNM7uZ+54lrI2L1gNOE+xEdKREKRtFKTRyUK27VXYCsEy8nFcjRGJS/+sOYpRFXyCQ1pue5CfoZ1SiY5LNSPzU8oWxCR7xnqaIRN362OHRGLqwyJGGsbSkkC/X3REYjY6ZRYDsjimOz6s3F/7xeimHNz4RKUuSKLReFqSQYk/nXZCg0ZyinllCmhb2VsDHVlKHNpmRD8FZfXiftq6p3Xb1pXlfqtTyOIpzBOVyCB7dQh3toQAsYcHiGV3hzHp0X5935WLYWnHzmFP7A+fwB37+M9g==</latexit>

1

<latexit sha1_base64="F3CIxHu1querY0NZvanL7TmpfDc=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEsceCF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1Fip6Q3KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNWHNz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6redfWmeV2p1/I4inAG53AJHtxCHe6hAS1ggPAMr/DmPDovzrvzsWwtOPnMKfyB8/kDejOMsw==</latexit>

2

<latexit sha1_base64="a1LaZIlkk7IrPcxgdiWlfrKcFyI=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHYJRo4kXjxCIo8ENmR2aGBkdnYzM2tCNnyBFw8a49VP8ubfOMAeFKykk0pVd7q7glhwbVz328ltbe/s7uX3CweHR8cnxdOzto4SxbDFIhGpbkA1Ci6xZbgR2I0V0jAQ2Ammdwu/84RK80g+mFmMfkjHko84o8ZKzcqgWHLL7hJkk3gZKUGGxqD41R9GLAlRGiao1j3PjY2fUmU4Ezgv9BONMWVTOsaepZKGqP10eeicXFllSEaRsiUNWaq/J1Iaaj0LA9sZUjPR695C/M/rJWZU81Mu48SgZKtFo0QQE5HF12TIFTIjZpZQpri9lbAJVZQZm03BhuCtv7xJ2pWyVy3fNKulei2LIw8XcAnX4MEt1OEeGtACBgjP8ApvzqPz4rw7H6vWnJPNnMMfOJ8/e7eMtA==</latexit>

T

<latexit sha1_base64="TsK1u5NZ1knvtqSTz+yF3k67EiQ=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKexKxBwDXjwmkBckS5iddJIxs7PLzKwQlnyBFw+KePWTvPk3TpI9aGJBQ1HVTXdXEAuujet+O7mt7Z3dvfx+4eDw6PikeHrW1lGiGLZYJCLVDahGwSW2DDcCu7FCGgYCO8H0fuF3nlBpHsmmmcXoh3Qs+YgzaqzUaA6KJbfsLkE2iZeREmSoD4pf/WHEkhClYYJq3fPc2PgpVYYzgfNCP9EYUzalY+xZKmmI2k+Xh87JlVWGZBQpW9KQpfp7IqWh1rMwsJ0hNRO97i3E/7xeYkZVP+UyTgxKtlo0SgQxEVl8TYZcITNiZgllittbCZtQRZmx2RRsCN76y5ukfVP2KuXbRqVUq2Zx5OECLuEaPLiDGjxAHVrAAOEZXuHNeXRenHfnY9Wac7KZc/gD5/MHrz+M1g==</latexit>

⋮
⋮

⋮
⋮ ⋮

Mimicking the Greedy Algorithm
Preserves the approxima\on ra\o
Not possible (need to know  𝑓$)

Finds best local move  
zi = argmax

j2[n]
�ft(S

(i�1)
t , j)

<latexit sha1_base64="RNQmXHBb+qw8IVx27HCsIAyVAJA="></latexit>
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⋮

⋮
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i

⋮

⋮

Subproblem 
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⋮

⋮

Subproblem 
i

⋮

t

<latexit sha1_base64="UNTBsDVx09vNCowjPWxeSjTJoqM=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEsceCF48t2A9oQ9lsN+3azSbsToQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNM7uZ+54lrI2L1gNOE+xEdKREKRtFKTRyUK27VXYCsEy8nFcjRGJS/+sOYpRFXyCQ1pue5CfoZ1SiY5LNSPzU8oWxCR7xnqaIRN362OHRGLqwyJGGsbSkkC/X3REYjY6ZRYDsjimOz6s3F/7xeimHNz4RKUuSKLReFqSQYk/nXZCg0ZyinllCmhb2VsDHVlKHNpmRD8FZfXiftq6p3Xb1pXlfqtTyOIpzBOVyCB7dQh3toQAsYcHiGV3hzHp0X5935WLYWnHzmFP7A+fwB37+M9g==</latexit>

1

<latexit sha1_base64="F3CIxHu1querY0NZvanL7TmpfDc=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEsceCF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1Fip6Q3KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNWHNz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6redfWmeV2p1/I4inAG53AJHtxCHe6hAS1ggPAMr/DmPDovzrvzsWwtOPnMKfyB8/kDejOMsw==</latexit>

2

<latexit sha1_base64="a1LaZIlkk7IrPcxgdiWlfrKcFyI=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHYJRo4kXjxCIo8ENmR2aGBkdnYzM2tCNnyBFw8a49VP8ubfOMAeFKykk0pVd7q7glhwbVz328ltbe/s7uX3CweHR8cnxdOzto4SxbDFIhGpbkA1Ci6xZbgR2I0V0jAQ2Ammdwu/84RK80g+mFmMfkjHko84o8ZKzcqgWHLL7hJkk3gZKUGGxqD41R9GLAlRGiao1j3PjY2fUmU4Ezgv9BONMWVTOsaepZKGqP10eeicXFllSEaRsiUNWaq/J1Iaaj0LA9sZUjPR695C/M/rJWZU81Mu48SgZKtFo0QQE5HF12TIFTIjZpZQpri9lbAJVZQZm03BhuCtv7xJ2pWyVy3fNKulei2LIw8XcAnX4MEt1OEeGtACBgjP8ApvzqPz4rw7H6vWnJPNnMMfOJ8/e7eMtA==</latexit>

T

<latexit sha1_base64="TsK1u5NZ1knvtqSTz+yF3k67EiQ=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKexKxBwDXjwmkBckS5iddJIxs7PLzKwQlnyBFw+KePWTvPk3TpI9aGJBQ1HVTXdXEAuujet+O7mt7Z3dvfx+4eDw6PikeHrW1lGiGLZYJCLVDahGwSW2DDcCu7FCGgYCO8H0fuF3nlBpHsmmmcXoh3Qs+YgzaqzUaA6KJbfsLkE2iZeREmSoD4pf/WHEkhClYYJq3fPc2PgpVYYzgfNCP9EYUzalY+xZKmmI2k+Xh87JlVWGZBQpW9KQpfp7IqWh1rMwsJ0hNRO97i3E/7xeYkZVP+UyTgxKtlo0SgQxEVl8TYZcITNiZgllittbCZtQRZmx2RRsCN76y5ukfVP2KuXbRqVUq2Zx5OECLuEaPLiDGjxAHVrAAOEZXuHNeXRenHfnY9Wac7KZc/gD5/MHrz+M1g==</latexit>

⋮ ⋮
What is each subproblem i makes a sequence of acAons that are 
(almost) locally best, but on an average sense over Ame?

This can be done under Blackwell locality condiAon!

Mimicking the Greedy Algorithm
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Subproblem 1

Subproblem i
𝒛𝒊 ← 𝑎𝑟𝑔𝑚𝑎𝑥)∈[+]Δ𝑓 𝑆 (-. , 𝑗

Subproblem k

⋮

⋮

Δ𝑓 𝑆, 𝑗 = f 𝑆 ∪ {𝑗} − 𝑓 𝑆 marginal market share of adding product 𝑗 to set 𝑆

Payoff(𝒛𝒊, 𝑆 "#$ , Δ𝑓)=

Δ𝑓 𝑆 "#$ , 𝒛𝒊 − Δ𝑓 𝑆 "#$ , 𝟏
Δ𝑓 𝑆 "#$ , 𝒛𝒊 − Δ𝑓 𝑆 "#$ , 𝟐

⋮
Δ𝑓 𝑆 "#$ , 𝒛𝒊 − Δ𝑓 𝑆 "#$ , 𝒏

≥ 𝟎

Greedy chooses product 𝒛𝒊 that maximizes
marginal market share 𝚫𝒇(𝑺 𝒊-𝟏 ,⋅)

Issue: vector payoff is not linear in 
the greedy’s decisions 𝒛𝒊!

Revisi,ng the Greedy Algorithm



c
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Subproblem 1

Subproblem i
returns distribu\on 𝜽𝒊 over n

Subproblem k

⋮

⋮
Payoff(𝜽𝒊, 𝑆 "#$ , Δ𝑓)=

∑%∈[(]𝜽𝒊,𝒋Δ𝑓 𝑆 "#$ , 𝑗 − Δ𝑓 𝑆 "#$ , 𝟏
∑%∈[(]𝜽𝒊,𝒋Δ𝑓 𝑆 "#$ , 𝑗 − Δ𝑓 𝑆 "#$ , 𝟐

⋮
∑%∈[(]𝜽𝒊,𝒋Δ𝑓 𝑆 "#$ , 𝑗 − Δ𝑓 𝑆 "#$ , 𝒏

≥ 𝟎

∑)∈[+]𝜽𝒊,𝒋Δ𝑓 𝑆 (-. , 𝑗 is the expected value of marginal market share at the greedy 
solu\on 𝜽𝒊

Vector payoff is now LINEAR in 
the greedy’s decisions 𝜽𝒊!

Greedy chooses distribu\on 𝜽𝒊 on products that 
maximizes marginal market share 𝚫𝒇(𝑺 𝒊-𝟏 ,⋅)

Revisi,ng the Greedy Algorithm
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Blackwell Locality:CasJng Subproblems as 
Blackwell Games 

• P1 is algorithm that returns 𝜽𝒊

• P2 is the nature (ADV) that chooses 𝚫𝒇 𝑺 𝒊+𝟏 , .

• Per period payoff vector is biaffine

Payoff(𝜽𝒊, 𝑆 "#$ , 𝚫𝒇)=

∑%∈[(]𝜽𝒊,𝒋𝚫𝒇 𝑆 "#$ , 𝑗 − 𝚫𝒇 𝑆 "#$ , 1
∑%∈[(]𝜽𝒊,𝒋𝚫𝒇 𝑆 "#$ , 𝑗 −𝚫𝒇 𝑆 "#$ , 2

⋮
∑%∈[(]𝜽𝒊,𝒋𝚫𝒇 𝑆 "#$ , 𝑗 −𝚫𝒇 𝑆 "#$ , 𝑛

≥ 𝟎

• Target set 𝑆 is the posiZve orthant Payoff 𝜽𝒊, 𝑆
2+/ , 𝚫𝒇 ≥ 𝟎 and is 

approachable



High-level Idea

26

Blackwell Locality: We cast each 
subproblem 𝑖 as a Blackwell game 

o With biaffine payoff vector and
approachable target convex set S

o With the help of AlgB, we can
generate a sequence of acZons that
are “almost locally best on average
over 1me”

Robustness to local errors: Errors across 
subproblems don’t get amplified 

Subproblem 1 is handled by 
Blackwell Algorithm 𝑨𝒍𝒈𝑩𝟏

⋮

⋮

Subproblem i is handled by 
Blackwell Algorithm 𝑨𝒍𝒈𝑩𝒊

Subproblem K is handled by 
Blackwell Algorithm 𝑨𝒍𝒈𝑩𝑲

Online problem (round t)



Full InformaJon

Theorem 1 (Full-informaNon offline-to-online transformaNon)  Suppose that 
an offline algorithm is
• robust to local errors, and 
• Blackwell local.
Then, in the full informaZon se]ng, there exists an online algorithm that 
runs in polynomial Zme and saZsfies:

𝛾 − regret ≤ 𝑂 𝑲𝑻 3𝟏 𝟐

where 𝐾 is the number of subproblems.

Blackwell local: 
1) Defining bi-affine vector payoff for each subproblem
2) Defining an approachable target set for each subproblem   



Applica'ons 



Product Ranking and Reserve Price 
OpJmizaJon  

NegaNve CumulaNve 𝛾 −Regret (Doing much beQer than our 
theoreNcal results)

Product ranking Reserve price optimization

Cu
m
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a\
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 𝛾
−
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gr
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m
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a\

ve
 𝛾
−

Re
gr

et
 

Round Round



Takeaway

• Transform offline greedy algorithms to online ones using Blackwell 
approachability
• Need the greedy algorithm to be robust to local errors and Blackwell local  

• For full informaZon se]ng, our algorithm has 𝑶 𝑻 𝛾 −regret

• For Bandit se]ng, our algorithm has 𝑶 𝑻𝟐/𝟑 𝛾 −regret

• Our framework is flexible and can be applied to many applicaZons 
• Product ranking op\miza\on in online plahorms
• Reserve price op\miza\on in auc\ons
• Submodular maximiza\on



Link to the paper: h_ps://papers.ssrn.com/sol3/papers.cfm?abstract_id=3613756

Email: golrezae@mit.edu
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