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Motivation

Real dataset often present incomplete rankings

E.g., in Recommender Systems:

Users interact and rate only some of the items

(the items that they very like/dislike)

However, theoretically grounded algorithms often rely on

rigid assumptions:

↭ Latent ranking model (e.g., Plackett–Luce,

Mallows)

↭ Observed ranking portion (e.g., top-h feedback

only, MCAR comparisons)

Observed Interaction

Movie A Clicked ↭

Movie B Ignored →

Movie C Clicked ↭

Results 4–100
(Positional Censoring)



Setting

Data generation process
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items I, true ranking ω↑
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Step 1: ε(t)→ϑ
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Assumption — Complete Consensus

(Critchlow et al., 1991)

Goal & Performance Index
Identify the top-k items.

Performance index:
sample complexity S(ω)(Alg)



Statistical Complexity
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Capacity

ci,j = fi,j (µi,j → µj,i )
2

fi,j : prob. of observing a
comparison of i and j

µi,j : prob. that i is pre-
ferred to j , given they are
compared

Sample Complexity Lower Bound

Thm. 4.3 →Alg, ω:

S(ω)(Alg) = !
( 1
c↑k

log 1
ω

)

where c→k is the bottleneck capacity (Camerini, 1978) to
connect the top-k items in order, then the k-th to the rest



Algorithm: Pirate

Patching Incomplete Rankings through Transitive Edges

Rank Breaking
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Estimator

wi,j =
∑

t I[i ↑
(t)
obs j ]

Ni,j = wi,j + wj,i

µ̂i,j = wi,j/Ni,j

Dominance Graph

add edge if
µi,j >

1
2 w.p. 1 ↓ ω
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Transitive Closure

add implied
(dashed) edges
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Sample Complexity

Thm. 4.2 →ω:

S(ω)(Pirate) =

Õ
( 1
c↑k

log 1
ω

)



Numerical Simulations

Pirate vs. Rank Centrality, Borda Count, PL Pairwise MLE.
Latent Plackett–Luce; MCAR: random pair | MNAR: top-3/bottom-3. Shaded: 90% CIs, 5 runs
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MCAR: Pirate matches the specialized baselines
MNAR: it is the only method recovering the true ranking
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