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Max-CUT

Input: An undirected, unweighted graph G = (V, E)
Goal: Find a bipartition of V into $ and T that maximizes the cut value
ES,T)|=|{u,vyeE.:ueSAveT}]




Input: An undirected, unweighted graph G = (V, E)
Goal: Find a bipartition of V into $ and T that maximizes the cut value
ES,T)|=|{u,vyeE.:ueSAveT}]

e NP-hard

e -approximation: outputs a cut (S, 7), s.t.

a-OPT < |E(S,T)| < OPT

S
e SDP rounding: O.878—approx [Goemans, Williamson, JACM’95]

Kindler, Mossel, O’Donnell, SICOMP’07]




Max-DICUT

Input: A directed, unweighted graph G = (V, E)
Goal: Find an ordered bipartition of V into S and 7" that maximizes the dicut value

|ES,T) | ={u,v) eE:ueSAnvelTl}]
(only counting the number of edges that go in one direction)




Max-DICUT

Input: A directed, unweighted graph G = (V, E)
Goal: Find an ordered bipartition of V into S and 7 that maximizes the dicut value

|ES,T) | ={u,v) eE:ueSAnvelTl}]
(only counting the number of edges that go in one direction)

* NP-hard
» -approximation: outputs a dicut (S, 7)), s.t.
a-OPT < |ES,T)| < OPT

e (.87446-approx possible; 0.87461-approx

impossible, under Unigue Games Conjecture
[Brakensiek, Huang, Potechin, Zwick, FOCS’23]




Graph Streaming Model

* Input graph is presented as a sequence of edge insertions and deletions

 Goal: in one pass, using small space




Max-(DI)CUT in Streaming

Max-CUT Max-DICUT

Solution| 1 — 77 a(n) cut sparsifier 1 —n 5(71) additive cut sparsifier

Value 1/2 0(10g n) trivial 2/5 O(IOg n) [Guruswami, Velingker, Velusamy, APPROX’17]

4/9 O(IOg n) [Chou, Golovneyv, Velusamy, FOCS’20]

0.485 O (\/Z) [Saxena, Singer, Sudan, Velusamy, FOCS’23]

1/2 — H HI_Q’?(I) [Azarmehr, Behnezhad, Ferrante, Saneian, STOC’26],
building upon [Saxena, Singer, Sudan, Velusamy, FOCS’23, SODA’25]

112+n Q(n 419 +1n Q,\/n)

Lower |[Kapralov, Krachun, STOC’19], building upon [Chou, Golovnev, Velusamy, FOCS’20]
Bound |[Kapralov, Khanna, Sudan, SODA’15] [Kogan,

Krauthgamer, ITCS’15] [Kapralov, Khanna,
Sudan, Velingker, SODA’17]

What if we can obtain extra information about the input?

v




Learnlng-Augmented Algorithms

(a.k.a. Algorithms with Predictions)

The algorithm has access to a learned
oracle providing a certain type of
predictions about the input instance

Input
Goals:

Machine- Learned
Oracle
* Consistency: High prediction quality
—> Better performance than the best-
known classical algorithm

Algorithm

Output



Learnlng-Augmented Algorithms

(a.k.a. Algorithms with Predictions)

* The algorithm has access to a learned
oracle providing a certain type of
predictions about the input instance

Input
Adversarial
* Goals: Machine-Learned
Oracle
 Consistency: High prediction quality Algorithm
—> Better performance than the best-
known classical algorithm
Output

 Robustness: Low prediction quality

—> Performs no worse than the best-
known classical algorithm



Learnmg-Augmented Algorithms

(a.k.a. Algorithms with Predictions)

* The algorithm has access to a learned

o ra c I e p rOV i d i N g a C e rt a i N ty p e Of Algorithms with Predictions PaperList  Further Material  How to Contribute  About {8
predictions about the input instance -Ea Se— —
B 5%

GOﬂlS' o> .. ------'"llll . . el vl
Consistency: High prediction quality
: B ett e r p e rfO r m a n C e t h a n t h e b eSt - An Optimal 0’r1line Algorithm for Robuth Fléw Timg Scheduling | onfine | [ scheduling
k n OW n C I aS S i C a I a I g O r i t h m :j:hfnﬁ?:?:i -means clustering with learning-augmented policy for approximate k nearest neighbor search | clustering

* Robustness: Low prediction quality An up-to-date repository of publications

— Performs no worse than the best- (https://algorithms-with-predictions.github.io)
known classical algorithm

How to define predictions!?
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https://algorithms-with-predictions.github.io

Our Prediction Model

e c¢-accurate predictions [Cohen-Addad, d’Orsi, Gupta, Lee, Panigrahi, NeurlPS’24] [Braverman,
Dharangutte, Shah, Wang, APPROX’24] [Ghoshal, Makarychev, Makarychev, SODA’25]

e Letx® € {—1,1}" denote some fixed but unknown optimal solution

» Oracle access to a prediction vector Y € {—1,1}"

 Each entry Y, is independently correct with probability 1/2 + ¢

]
Vv eV, Pr[Yv=x;’<]=5+€

Only slightly better than a random guess!
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Max-DICUT:

1 — n approx vs poly(1/5,1/€¢,log n)
space



Predlctlons Give Us Much More

edges with ( +, — ) predictions | |- edges from S* to T™
edges with (+,+ ),(—, —) - edges inside S* or T™

predictions - edges from T to S*
edges with ( — , + ) predictions




Predictions Give Us Much More

Observation:
The expectations (E[X,], E[X;], E[X,]) are a linear transformation of (ky, k;, k)

The “decoding” approach:
* Solve the linear system
» Define unbiased estimator &k := ay(€) - Xy + o (€) - X + ay(€) - X,
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Our Algorithm for Low-Degree Graphs

Algorithm for Low-Degree Graphs
. initially X, X;, X, = 0
- for each edge (u, v) in the stream do:
« Y, =0),Y, = 0O)
o« ifY, =+ 1Y, =—1thenXy=X,+ 1
« ifY, =Y thenX, =X, + 1
e ifY,==1Y, =+ 1thenX, =X, +1
- return o (¢) - Xy + a(€) - X; + ay(€) - X,

Use the “decoding” approach:

¢-accurate predictions w_hp> (1 — n)-approx, poly(1/e,1/n,10g n) words
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Decoding the Contribution of High-Degree Vertices

edges from LT to v

edges from L™ to v

edges from vto L™

edges from v to L™

edges from S N Lto v
edges from TN Ltov
edges fromvto S N L
edges fromvto TN L




Decoding the Contribution of High-Degree Vertices

Observation:
The expectations (E[X . |, E[X;- ]) are a linear transformation of (kg. ,, k7 ,,) (similarly for

the outgoing direction)

Again, “decoding” approach:
* Solve the linear system
» Define unbiased estimators k. , and k,, 1., for each v € H
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High-Level Overview of Our Algorithm

Offline Algorithm for General Graphs

- Divide V' into /7 (high-degree) and L (low-degree)

+ Use the decoding approach on G| L], compute the dicut value
k; of G[L]

- Use the second decoding on vertices v in // to obtain k. , and

~~/

Ky re
~ ~ ~ nm
. OUtpUt kL + Z maX{ kS*,V’ kv,T*} 16

veH

» Since |H| = | ky| = poly(1/€), we can safely drop them in
the calculation
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Streaming Implementation

Offline Algorithm
- Divide V' into /7 (high-degree) and L (low-degree)

- Use the decoding approach on G| L], compute the dicut value
k; of G[L]

- Use the second decoding on vertices v in // to obtain k. , and

~~/

kv,T*

~ ~ o~ m
~Output k; + Z max{Kg. ,, k, 7} ! Streaming Algorithm

veEH 16 - Streaming Phase:

- Perform reservoir sampling to obtain poly(1/¢) edges

- Store the degree info of all vertices to V' and V™ using
CountMin Sketch

» Post-Processing Phase:

. Detect H D H and L C L from the sampled edges
- Compute the decodings approximately
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Summary

o Streaming Max-(DI)CUT with predictions

« Takeaway: e-accurate predictions can help bypass the classical (1/2 + 1)
-approx vs Qn(n) space trade-off, and can get even (1 — 77)-approx vs

poly(1/n,1/€,l0g n) space
e Open Problems
* Extension to weighted graphs?
* Other graph problems in streaming?

* Extension to any Max-CSP? (Currently, we have an approximation scheme
of Boolean Max-kCSP value that is FPT in k. Can we remove this

dependency on k in the approximation scheme?)

Thank you!



