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Evaluating Algorithm Performance

Compare solution found to value of an optimal solution

Issue: we do not know the optimal solution!
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Main Question

How do we measure algorithm performance on 
instances that are computationally intractable?



Submodular Optimization
In practice

In theory

Data Summarization 
[Lin-Bilmes 11]

Recommender Systems 
[Mirzasoleiman-

Badanidiyuru-Karbasi 16]

Feature Selection 
[Das-Kempe 11]
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Theorem (informal): There is no polynomial time algorithm that
can obtain better than a 1-1/e ≈ 0.63 approximation guarantee.



Explanations for Greedy
Performance in Practice

Properties that allow improved approximations for 
greedy:
– Curvature [Conforti and Cornuejols 84]

– Stability [Chatziafratis-Roughgarden-Vondrak 17]

– Sharpness [Torrico-Singh-Pokutta 20]

– Budget-smoothness [Rubinstein-Zhao 21]



Main Question
for Submodular Maximization

How do we measure the performance 
of greedy in practice?



Contribution

• Dual: Efficient method to compute instance 
specific approximations for submodular 
maximization

• Based on a novel dual approach

• Use Dual to show that greedy and other 
algorithms perform extremely well in practice



Methodology

f : 2N ! R
<latexit sha1_base64="9UYdzNdAtLt+/lv4O0zLhJi72go=">AAAB/nicbVBNS8NAFHypX7V+RcWTl8UieCpJFRRPRS+epIpthSaWzXbTLt1swu5GKKHgX/HiQRGv/g5v/hu3bQ7aOrAwzLzHzpsg4Uxpx/m2CguLS8srxdXS2vrG5pa9vdNUcSoJbZCYx/I+wIpyJmhDM83pfSIpjgJOW8Hgcuy3HqlULBZ3ephQP8I9wUJGsDZSx94Lz1H14Rp5OkZehHU/CLLbUccuOxVnAjRP3JyUIUe9Y3953ZikERWacKxU23US7WdYakY4HZW8VNEEkwHu0bahAkdU+dkk/ggdGqWLwliaJzSaqL83MhwpNYwCMzlOqGa9sfif1051eOZnTCSppoJMPwpTjsyt4y5Ql0lKNB8agolkJisifSwx0aaxkinBnT15njSrFfe4Ur05Kdcu8jqKsA8HcAQunEINrqAODSCQwTO8wpv1ZL1Y79bHdLRg5Tu78AfW5w+0pJSy</latexit>

g : R ! R
<latexit sha1_base64="RH/SOWUMhFQp3W+QOD4s34AFAUc=">AAACBXicbVDLSsNAFL2pr1pfUZe6GCyCq5JUQXFVdOOyin1AE8pkOm2HTiZhZiKU0I0bf8WNC0Xc+g/u/BsnbRbaemDgzDn3cu89QcyZ0o7zbRWWlldW14rrpY3Nre0de3evqaJEEtogEY9kO8CKciZoQzPNaTuWFIcBp61gdJ35rQcqFYvEvR7H1A/xQLA+I1gbqWsfDi6RF2I9DIL0boI8Hf36du2yU3GmQIvEzUkZctS79pfXi0gSUqEJx0p1XCfWfoqlZoTTSclLFI0xGeEB7RgqcEiVn06vmKBjo/RQP5LmCY2m6u+OFIdKjcPAVGYbqnkvE//zOonuX/gpE3GiqSCzQf2EI3NrFgnqMUmJ5mNDMJHM7IrIEEtMtAmuZEJw509eJM1qxT2tVG/PyrWrPI4iHMARnIAL51CDG6hDAwg8wjO8wpv1ZL1Y79bHrLRg5T378AfW5w/fdZgv</latexit>

set

function value

S
<latexit sha1_base64="LaM1wzGJI0GJ/tGgJWWOOYdscUI=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0haqT0WvXhs0X5AG8pmu2nXbjZhdyOU0F/gxYMiXv1J3vw3btuAWn0w8Hhvhpl5fsyZ0o7zaeXW1jc2t/LbhZ3dvf2D4uFRW0WJJLRFIh7Jro8V5UzQlmaa024sKQ59Tjv+5Hrudx6oVCwSd3oaUy/EI8ECRrA2UvN2UCw5drVSdmtV5NjOAt/EzUgJMjQGxY/+MCJJSIUmHCvVc51YeymWmhFOZ4V+omiMyQSPaM9QgUOqvHRx6AydGWWIgkiaEhot1J8TKQ6Vmoa+6QyxHqtVby7+5/USHdS8lIk40VSQ5aIg4UhHaP41GjJJieZTQzCRzNyKyBhLTLTJpmBCcFdf/kvaZdut2OXmRal+lcWRhxM4hXNw4RLqcAMNaAEBCo/wDC/WvfVkvVpvy9aclc0cwy9Y71/V94z1</latexit>

v
<latexit sha1_base64="xvOPhQTI31uaW7rmfrxOH+VdODM=">AAAB6HicbVBNS8NAEJ34WetX1aOXYBE8haSV2mPBi8cW7Ae0oWy2k3btZhN2N4VS+gu8eFDEqz/Jm//GbRtQqw8GHu/NMDMvSDhT2nU/rY3Nre2d3dxefv/g8Oi4cHLaUnEqKTZpzGPZCYhCzgQ2NdMcO4lEEgUc28H4duG3JygVi8W9niboR2QoWMgo0UZqTPqFoutUyiWvWrFdx13im3gZKUKGer/w0RvENI1QaMqJUl3PTbQ/I1IzynGe76UKE0LHZIhdQwWJUPmz5aFz+9IoAzuMpSmh7aX6c2JGIqWmUWA6I6JHat1biP953VSHVX/GRJJqFHS1KEy5rWN78bU9YBKp5lNDCJXM3GrTEZGEapNN3oTgrb/8l7RKjld2So3rYq2SxZGDc7iAK/DgBmpwB3VoAgWER3iGF+vBerJerbdV64aVzZzBL1jvXwd2jQw=</latexit> value v

<latexit sha1_base64="xvOPhQTI31uaW7rmfrxOH+VdODM=">AAAB6HicbVBNS8NAEJ34WetX1aOXYBE8haSV2mPBi8cW7Ae0oWy2k3btZhN2N4VS+gu8eFDEqz/Jm//GbRtQqw8GHu/NMDMvSDhT2nU/rY3Nre2d3dxefv/g8Oi4cHLaUnEqKTZpzGPZCYhCzgQ2NdMcO4lEEgUc28H4duG3JygVi8W9niboR2QoWMgo0UZqTPqFoutUyiWvWrFdx13im3gZKUKGer/w0RvENI1QaMqJUl3PTbQ/I1IzynGe76UKE0LHZIhdQwWJUPmz5aFz+9IoAzuMpSmh7aX6c2JGIqWmUWA6I6JHat1biP953VSHVX/GRJJqFHS1KEy5rWN78bU9YBKp5lNDCJXM3GrTEZGEapNN3oTgrb/8l7RKjld2So3rYq2SxZGDc7iAK/DgBmpwB3VoAgWER3iGF+vBerJerbdV64aVzZzBL1jvXwd2jQw=</latexit>

min number of 
elements |S|

<latexit sha1_base64="DYW4XboEFTurR+KdSTQPFZxJj+Q=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4Ckkrtd4KXjxWaj+gDWWz3bRLN5uwuxFK2p/gxYMiXv1F3vw3btuAWn0w8Hhvhpl5fsyZ0o7zaa2tb2xubed28rt7+weHhaPjlooSSWiTRDySHR8rypmgTc00p51YUhz6nLb98c3cbz9QqVgk7vUkpl6Ih4IFjGBtpMa0Me0Xio5dKZfcagU5trPAN3EzUoQM9X7hozeISBJSoQnHSnVdJ9ZeiqVmhNNZvpcoGmMyxkPaNVTgkCovXZw6Q+dGGaAgkqaERgv150SKQ6UmoW86Q6xHatWbi/953UQHVS9lIk40FWS5KEg40hGa/40GTFKi+cQQTCQztyIywhITbdLJmxDc1Zf/klbJdst26e6yWLvO4sjBKZzBBbhwBTW4hTo0gcAQHuEZXixuPVmv1tuydc3KZk7gF6z3L5ZVjfg=</latexit>

Goal: Upper bound the optimal value of to compute
instance-specific approximations.

f
<latexit sha1_base64="YjJ+2UcyWhkdvEQC2WdzveHrFdw=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoN4KXjy2YGuhDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMb2f+wxMqzWN5byYJ+hEdSh5yRo2VmmG/XHGr7hxklXg5qUCORr/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxNe+xmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+Sdq3qXVRrzctK/SaPowgncArn4MEV1OEOGtACBgjP8ApvzqPz4rw7H4vWgpPPHMMfOJ8/yYqM5Q==</latexit>



Result: Algorithms Perform Well



Result: Dual beats Benchmarks


