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Predictions can improve competitive ratio of online algorithms
E.g.: caching [Lykouris, Vassilvitskii, ICML’18]

Prediction: When currently requested item will be requested again?

Result: 𝑶(min(log𝒌,
√︁

𝜼/𝑶𝑷𝑻))-competitive algorithm (Θ(log 𝑘) is tight for classic)

source: arxiv.org/abs/2006.16239



Predictions can improve running time of static algorithms
E.g.: max weight bipartite matching [Dinitz, Im, Lavastida, Moseley, Vassilvitskii, NeurIPS’21]

Prediction: dual LP solution

Result: 𝑶(𝒎
√
𝒏 · min(

√
𝒏, 𝜼)) time algorithm

(without predictions 𝑂(𝑚𝑛) time Hungarian algorithm often used in practice)

Primal:

minimize
∑︁
𝑒∈𝐸

𝑐𝑒𝑥𝑒

subject to
∑︁

𝑒∈𝑁 (𝑣)
𝑥𝑒 = 1 ∀ 𝑣 ∈ 𝑉

𝑥𝑒 ⩾ 0 ∀ 𝑒 ∈ 𝐸

Dual:

maximize
∑︁
𝑣∈𝑉

𝑦𝑣

subject to 𝑦𝑢 + 𝑦𝑣 ⩽ 𝑐𝑢,𝑣 ∀ (𝑢, 𝑣) ∈ 𝐸



algorithms-with-predictions.github.io

Alexander
Lindermayr



Approximation algorithms

value(ALG) ⩽ 𝝆 · value(OPT)

approximation ratio (approximation factor)
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Generalization
For any minimization problem of the following form:

Input:
▶ 𝑛 items with weights: 𝑤1, 𝑤2, . . . , 𝑤𝑛 ∈ R⩾0
▶ implicitly given set of feasible solutions: X ⊆ {1, 2, . . . , 𝑛}

Output:
▶ min{𝒘(𝑋) | 𝑋 ∈ X}

if there is a 𝑻(𝒏)-time approximation algorithm with approximation factor 𝝆

then there is an 𝑶(𝑻(𝒏))-time learning-augmented approximation algorithm
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For Vertex Cover and Clique,
our dependence on 𝜼 is best possible
under Unique Games Conjecture
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▶ run the (near-)linear time 2-approximation on (𝐺, 𝒘̄, 𝑇)
▶ return what it returned

▶ choose 𝜶 ⩾ 1

𝒘(𝒆)/𝜶,

Idea: protect against heavy false positives

Claim: 𝑤(ALG) ⩽ (1 + 1/𝛼) · OPT + (𝛼 − 1) ·∑𝒑∈𝑷 𝒘(𝒑) + (1 − 1/𝛼) · 𝜂−

𝑷 := |PRED \ OPT| most expensive paths of
MST of 𝑇-induced subgraph of metric closure of 𝐺
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Experiments on Steiner Tree
▶ Dataset from 2018 PACE Challenge: 200 graphs (with weights and terminals)

▶ Winning solver: CIMAT
▶ Iterative (genetic) algorithm
▶ Designed to run 30 minutes on each graph
▶ Outputs 1.01 · OPT within 60 seconds on 95% of graphs

▶ Mehlhorn’s 𝑂(𝐸 + 𝑉 log𝑉)-time 2-approximation algorithm
▶ Runs ⩽ 500 milliseconds on every graph
▶ Mean empirical approximation factor: 1.17

▶ Each instance (graph, weights, terminals) → distribution over instances

▶ Choose 𝒑 ∈ [0, 1], resample 𝒑-fraction of terminals uniformly from all nodes
▶ Keep the graph and weights fixed

▶ Leave-one-out cross-validation (10 samples from each distribution)
▶ Learning = empirical risk minimization (edge-wise majority vote)
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Results after normalizing and averaging over all instances



Max Cut with 𝜺-accurate predictions

Input:
▶ undirected graph 𝐺 = (𝑉, 𝐸)
▶ edge weights 𝑤 : 𝐸 → R⩾0

Output:
▶ labels ℓ : 𝑉 → {−1, 1} maximizing

∑

(𝒖,𝒗)∈𝑬,ℓ (𝒖)≠ℓ (𝒗) 𝒘(𝒖, 𝒗)

[Cohen-Addad, d’Orsi, Gupta, Lee, Panigrahi ’24]
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Max Cut with 𝜺-accurate predictions

Input:
▶ undirected graph 𝐺 = (𝑉, 𝐸)
▶ edge weights 𝑤 : 𝐸 → R⩾0

Prediction:
▶ labels ℓ̂ : 𝑉 → {−1, 1}, Pr[ℓ̂(𝒗) = ℓ(𝒗)] = 1

2 + 𝝐 (independently!)

Output:
▶ labels ℓ : 𝑉 → {−1, 1} maximizing

∑

(𝒖,𝒗)∈𝑬,ℓ (𝒖)≠ℓ (𝒗) 𝒘(𝒖, 𝒗)

[Cohen-Addad, d’Orsi, Gupta, Lee, Panigrahi ’24]

Result: (𝜶 + 𝛀̃(𝝐4))-approximation (in polynomial time)

best approximation factor of a classical algorithm ≈ 0.878



Learning-augmented k-means clustering

Input:
▶ 𝑛 points 𝑥1, 𝑥2, . . . , 𝑥𝑛 ∈ R𝑛
▶ number of clusters 𝑘 ∈ Z+

Output:
▶ labels ℓ : {1, 2, . . . , 𝑛} → {1, 2, . . . , 𝑘} minimizing

∑𝒏
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[Ergun, Feng, Silwal Woodruff, Zhou ’22], [Gamlath, Lattanzi, Norouzi-Fard, Svensson ’22]
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Result: (1 + Ø(𝜶))-approximation (in polynomial time)

[Ergun, Feng, Silwal Woodruff, Zhou ’22], [Gamlath, Lattanzi, Norouzi-Fard, Svensson ’22]
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