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Unbiased Deep Learning to Rank Algorithm for Suggestion Auto-completion

ZHOU Mingxing, YAN Xiangzhou, YU Jing,GAO Changju,CHEN Yunwen,JI Daqi and JIN Ke
Datagrand Co. ,Ltd. ,Shanghai 200120, China

Abstract Suggestion auto-completion is one of the key means to influence users’ input before searching submission,and it is one
of the indispensable core functions of commercial search engines. How to provide better suggestion words is also a ranking pro-
blem. In the field of machine learning ranking.it has been a common perception that the collected training data has position bias
[1-8] which can affect the ranking effect of a training model. To address the above problem of biased training data, this paper
combines improved context-based semantic feature to design an unbiased deep learning to ranking algorithm for suggestion auto-
completion(UDLTR-SAc) which learns position bias and suggestion relevance simultaneously. According to offline experiments
and online A/B tests, UDLTR-SAc can automatically learn the training data bias introduced by the position to obtain a more accu-
rate model in calculating correlation when compared with the similar algorithm without considering the bias problem or the classi-
cal completion ranking algorithm respectively. What’s more, it also achieves a 0. 1% (p<C 0. 1) increase in GMV on the online
A/B tests.

Keywords Position bias,Deep learning,Learning to rank(I.TR) , Suggestion, Auto-completion, Context-based semantic
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Table 1

Corresponding MRR and DGG average values of each algorithm on test set after repeated independent training

for 10 times with the same parameter settings

#A MRR@1 MRR@3 nDCG@1 nDCG@3

MPC 0.281(—19.2%) 0.450(—16.8%) 0.281(—22.6%) 0.445(—18.80%)

MPGC 0.289(—16.9%) 0.468(—13.5%) 0.296(—18.5%) 0.466(—14.96%)
LambdaMART 0.348 0.541 0.363 0.548

0.353(1. 44 %)
0.355(2.01%)
0.358(2.87%)

DeepL. TREY!
UDLTR—SAc UCF
UDLTR-SAc

0.552(2.59%)
0.559(3.33%)
0.564(4.25%)

0.562(2.55%)
0.566(3.28)
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0.371(2.20%)
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