Incremental (1 — ¢)-approximate Dynamic
Matching in O(poly(1/¢)) Update Time

.
.
-

-
.

-
.
-
S
.
.
-~
;l: -
~
[ R e CE R e L e LR L e LR LT
See” .*
< b2+ .
.~ Rl .
~ - .
S - hd .
e 0 .
- .
~ .
.~ .
-~ < -
-~ .
. Sl Seg
. ~ ~
. S el

"KTH Royal Institute of Technology
*University of Warwick

™ Max-Planck-Institut fiir Informatik

u Vv




Bipartite Matching

Bipartite Graph G = (V, FE)
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“Incremental (1 — ¢)-approximate Dynamic
Matching in O(poly(1/¢)) Update Time”

m O(n/e® + m/e”) total update time
(O(1/€°) per update, amortized)
® Edge Insertions Bonus: It's quite simple :)
m (+ Vertex Deletions)
m Only for bipartite graphs

® Fractional maximum matching in non-bipartite graphs
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Using the Matching Sparsifier

G, H, and
Be Lazyl [Gupta-Peng FOCS'23]
Recompute good matching in time O(|E(H)|/¢) :@/poly@

= poly(1/e) (amortized) time per update
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[Bernstein-Stein ICALP'15]

Dynamic, Streaming, Sublinear, Communication, Fault Tolerant, ..

B-WEDCS 77 Keep track of a subgraph H:

® degy(u){ ™ Sparse: |E(H)| < ,u(G)/e E(G)
®m Preserves good matching:

m degy(u) | p(H) =2 (1-e)u(G) 1)
m Edges migbfficient to maintain

Idea: If edge e unhappy =— fix it!
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WEDCS Bonus Results

m Simple approximate fractional matching & vertex cover on H

f(u,’v) = mln( ! : )

degp(u)’ degy(v)

m Setting 8 = O(1/¢°) is tight (= maxdegree in H)
6B
(OB (DR - R OO
CEO
i IR
(OB TR ) .Z.
S8



Summary & Open Problems

Summary:
® Incremental (1-¢)-approx bipartite matching in O(poly(i)) update time

m Using Weighted Edge-Degree-Constrained-Subgraph matching sparsifier



Summary & Open Problems

Summary:
® Incremental (1-¢)-approx bipartite matching in O(poly(é)) update time

m Using Weighted Edge-Degree-Constrained-Subgraph matching sparsifier

Open Problems:

®m Constant time (1 — ¢)-approximate matching?
®m Constant time (1 — ¢)-approximate matching?
O instead of Amortized update time?

» Open for both (1 — ¢)-approx incremental & decremental.
= Also when allowing polylog(n) dependence.

m More applications of (W)EDCS in other models of computation?



Summary & Open Problems

Summary:
® Incremental (1-¢)-approx bipartite matching in O(poly(i)) update time

m Using Weighted Edge-Degree-Constrained-Subgraph matching sparsifier

Open Problems:

®m Constant time (1 — ¢)-approximate matching?
®m Constant time (1 — ¢)-approximate matching?
O instead of Amortized update time?

» Open for both (1 — ¢)-approx incremental & decremental.
= Also when allowing polylog(n) dependence.

m More applications of (W)EDCS in other models of computation?

Thanks!



