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The Linear Assignment Problem
Workers Tasks
» Seeks the most efficient way to pair n workers from s
yop 2 e

one set to n tasks from another to minimize the
total profit of all assignments.

» Classical exact solvers scale poorly (0 (n>) ia
complexity). . 1
— Hungarian (Kuhn 1955) ’u)
— LAPIV (Jonker & Volgenant 1987) ~
» Current neural solvers either: '
— Approximate . 3
— Fail to scale o\ 1
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LAPJV (Jonker & Volgenant 1987)

» Relies on finding row and column potentials (u, v)
for the cost matrix.

» Two phases:
— Initialization phase: Initial dual feasible solution

— Augmentation phase: Shortest-path search to
update u and v until every worker has a zero-cost
task
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» Dual Warm Starting: Instead of predicting the assignment
we predict the dual variables u (row potentials).

» Primal-Dual theory: High-quality duals prune the search
space, fewer augmentation steps.
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» Dual Warm Starting: Instead of predicting the assignment
we predict the dual variables u (row potentials).

» Primal-Dual theory: High-quality duals prune the search
space, fewer augmentation steps.
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RowDualNet Min-Trick
Features N . . n
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of Technology
» Feature extraction: Reduce matrix size to D - N. Only looking at
important features (distribution, ambiguity, competition, etc.)

» RowDualNet: Row-independent DNN that treats the problem as a
set-processing task to capture inter-agent competition.

» Feasibility via the “"Min-Trick”: Constructively derive column
potentials to ensure no violation of the dual feasibility constraint

% = min(C;; — ;)



v/ 3 ICML

Infernational Conference

Synthetic Experimental Results ¥ =

Israel Institute
of Technology

3.0 A SciPy (Mean) =@ vz SciPy (Mean)
== vs S5ciPy (Mea .
. O s SciPy (Medi:
O vy salPy (Median) 4 - v I:P}{Ifr"l y ;d[ﬂ
—d— s L can
25 4| V8 LAP (Mean) 4~ vs LAP (Median)
e vs LAP (Median) )
= snaa — ] Ix Reference
= Ix Reference = 1
[ -
E 20 - E
= 3
: z
=
o 1.5 4 :
[ Feeraeeccacasnscnnsnansssasnanansasasnnnsssss I T
I I I I I I
' ' ' ' ' ' 512 1024 2048 4096 K192 16384

512 1024 2048 4094 8192 16384

Matrix Size (V) Matrix Size (N)

» Dense models » Block-Structure models




¥ B ICML

Infernational Conference

wwo  Real-World Experimental Results ¥ =

Israel Institute
of Technology

2.0
== vs SciPy (Mcan)
) 5 - O v SciPy (Median)
15 4 . == vs LAP (Mean)
= . = vs LAP (Median)
g E 207.... Ix Reference
L; e
g B 2 ' 2 )5 -
g E
23 =
e w
0.5 = v SeiPy (Mean) Lo =72
vs LAP (Mean)
snne |x Reference 0.5 1
.o =
..Qaﬁ' _S:'L_ Q‘ ,::\\ \Q:\ 1\'\:-\ {l
R RS T Rty
< =
City (N = 10k) : g v Matrix Size (N) - e
o D S, L ) Multi Object Trackern) i ==
L7 2 G % 1o
L XPY s g BaDink W \ ) " B :
Open-Street Map ~ ° (= & - - - >~
P P s S Multiple Object Tracking Rasi® f- A ﬂ ;
role Y o \ l Ak . ' §
)1 ‘//'Vy"\ . E e P, A
% /,.. /.\ g \t v .' .4'
l‘-'::‘ \




_~

v/ , ICML

In temuﬂonol Conf eeeeee

Conclusion o

Israel Institute
of Technology

» Introduced a solution to the LAP via warm-starting the LAPJV algorithm
— Scaling to massive cost matrices (2k to16k)
— Guarantee mathematically feasible duals, eliminating correction phases
— End-to-end acceleration

— Preserving exact optimality
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