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(between friends)

and a social network on A
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Solve the problem in time , for some
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k

Kernelization:

Reduce the problem in time ,
to an equivalent instance whose size is bounded by , 
for some appropriate parameter .

nO(1)

f(k)
k

XP Algorithm:

Solve the problem in time , for some
appropriate parameter .

O (n )⋆ f(k)

k





The art of parameterization

Useful
for real

Useful
for us





An example

Finding an efficient (PO) envy-free allocation is
fixed-parameter tractable with respect to the

combined parameter (n+z)

for identical monotonic additive preferences.

n denotes the number of agents and

z is the number of different values that occur in
the utility functions.



f :j = (u (r ),u (r ), ...,u (r )).1 j 2 j n j

Define the signature of a resource

to be a -tuple that collects all the utilities
that agents have for said resource.

n

#signatures ~ zn



f   = (u (  ),u (  ),…1 2

f   = (u (  ),u (  ),…1 2

Objects with the same signature are
indistinguishable.
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For each agent  and each fingerprint :

 

 → #of resources

with fingerprint 

allocated to agent i.

a ∈i A f

xf
i

f

∀1 ≤ p ≤ n, 1 ≤ q ≤ n :

x ⋅∑f∈F p
f f [p] ≥ x ⋅∑f∈F q

f f [p]
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number of agents

number of items

number of agent types

number of item types

max utility

#distinct utilities

graph parameters (e.g, vertex cover, treewidth, etc.)

domain parameters (e.g, rank/sparsity/etc. of the utility matrix)



Recap: the parameterized paradigm

Parameterized complexity: acknowledge the presence of
additional structure, which manifests as a secondary

measurement a parameter.

Design algorithms that restrict the combinatorial explosion
to a function of the parameter.
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TAKEAWAY

Localized notions of envy...
are a natural and less restrictive model.
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Reductions: a framework for
showing hardness

Historically

annoying

problem

Our

annoying

problem

≤
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Recipe for solving

well-known annoying problem (e.g, SAT)

via any hypothetical algorithm (A) for solving problem X:

Step 2. Run the algorithm A on q. Output → o 

Step 3. Return o. Profit. 💸

👀

Step 1. Reduce instance of SAT to instance of X ↔ q 💥



CUTTING  VERTICESℓ

Given a graph , partition its vertex set
into three parts:  so that:

a) 

b) 

c) There are no edges between  and .

G

(X ∪ S ∪ Y )

∣S∣ ≤ k

∣X∣ = ℓ

X Y

⇓

G

S YX
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FUTURE WORK

OPEN
PROBLEMS

Is the problem of finding efficient and locally envy-free allocations in XP
when parameterized by the vertex cover of the underlying social

network?



FUTURE WORK

Our study focused completely on 0/1 valuations. More
general valuations, including chores, would be

interesting to study further!

VALUATIONS



FUTURE WORK

Note that whenever existence is guaranteed with respect to
complete graphs, it is also guaranteed with respect to any

social network.

FAIRNESS CONCEPTS


