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Introduction
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and the PL-Rank-2 algorlthm to approximate it in O(N-D-K).

~ 0.48] —0.650
Method: PL-Rank-3 = (.
510461 0600
We define new vectors that can be computed in O(N - K): S . 0.5751
O
min (7, K) = 0.5501
0.42 —0.525
PRy,z' — E ekpyka PRy,d — PRy,rank(d,y)+1a = 050 5
P f | 0.701
min(z,K) S |
Rl . = PRyak RI RI g 0.461 -0.65
y,r Z f(d/)j y,d T rank( ) 8 0.60
/ 0.44 1 P
k=1 d'€D\y1:1-1 s
min(z,K) 9 0.42 ~ 0.55
k = 0.5 e B ———————
DRy’i - Fld')? DRy,d — DRy,rank(d,y)° = #
k=1 Zd’GD\y1:k—1 < Q 0.60- L 0.70- -
Given the values of these vectors, the gradient can be simplified: . 0.65- |
©
0R(q) O 0.601 W
d ) - _
= By| PRy + ¢/ (puDRya — Rl ) | S 050 i’ )
5f(d) O 20 40 60 80 100 120 140 160 180 200 0 20 40 60 80 100 120 140 160 180 200

Minutes Trained Minutes Trained

By first pre-computing the vector values, gradient estimation can be done in
O(N - (D + K)) given N sampled rankings.

If we take into account the sampling procedure, the final complexity becomes:
O(N - (D + K -log(D))), which is the complexity of the underlying sorting
procedure.

PL-Rank-2 ( 100 samples)
—&— PL-Rank-2 (1000 samples)

PL-Rank-3 ( 100 samples)
—A— PL-Rank-3 (1000 samples)

—O— StochasticRank ( 100 samples)
—#— StochasticRank (1000 samples)

Conclusion

PL-Rank-3 is the first algorithm for PL-ranking optimization with the same

Experimental Setup computational complexity as sorting algorithms.

Resources: https://github.com/Harrie0/2022-SIGIR-plackett-1luce
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Our experiments optimize the DC'GQK of neural ranking models on the Yahoo!
Webscope-Setl (Chapelle and Chang, 2011), MSLR-Web30k (Qin and Liu, 2013)
and Istella (Dato et al., 2016) datasets. We compare PL-Rank-3 with PL-Rank-2
(Oosterhuis, 2021) and StochasticRank (Ustimenko and Prokhorenkova, 2020)

implemented in Numpy and Tensorflow. Experiments were all performed on AMD

EPYC" 7H12 CPUs.
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