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Abstract

In order to further improve the accuracy of the recommended content click prediction in search
engine, a method based on the similarity feature of search content is proposed. The structure of
the method is composed of multiple decision tree models. The Hierarchical softmax is used to
convert the result to binary classification results. In order to understand the semantics of the us-
er’s search text, the user input text similarity with the recommended content title, high-frequency
related content, and recommended content tags is used to increase the accuracy of the click pre-
diction model. The segmentation of words in the text is performed using the jieba segmentation,
and wordZ2cev is used to train all the words and construct a word vector model. Finally, Light GBM
is used to build the prediction model. Then, 50,000 of the 2.05 million users’ search records are
taken as the verification set and the rest as the training set. Experimental results show that the
accuracy of the model is improved after adding similarity features.
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FRSC— R H A jieba 43R A) F3E4T 401 o jieba iR FLVRAE FH TSR T A0 4R S AR, AR kA)
B BT AT e AR AR R T 1 0 BT A KA TR B (DAG), R B LRI B i AR kA, HR
H B TR B K U)o G o T30 LI (9 4a], SR A 28 T2 el ) HMM 58S, 581 Viterbi [6]
Bk,
2.2. iAEE

TEVHREANLAIE G A R R, 28— ROl H E HUE % 7R (one-hot representation), 55 —Fj /& fi
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Figure 1. Neural network language model structure diagram
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Figure 2. Schematic diagram of CBOW and Skip-gram
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Figure 3. Substring of n-gram
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Figure 4. Feature of click rate
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Figure 5. Features with added similarity
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Figure 6. A model for the Boosting
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Table 2. Sample data
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Table 3. Data field description
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FN (False Negative)fi B4 il 5 4. S2br Ak
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% = ©
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F1-Score=2 WER R + 73 [ 22 ®
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Table 4. Results of using only CTR (Click Through Rate)
4. UUERRERCTRHILER

HERfZE EEREIES f1_score

1 0.7807175 0.6398994887 0.6847090371

2 0.7819975 0.6484725105 0.6888312392

3 0.78199 0.644300217 0.6874386196

4 0.7829825 0.648163451 0.6896990538

5 0.7813425 0.64750502 0.687867357
MEAN 0.781806 0.645668 0.687709

Table 5. Result after adding semantic similarity
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2 0.8402575 0.7512815861 0.7777781642

3 0.839735 0.750206599 0.7769652014

4 0.8406225 0.7536532763 0.7787168904

5 0.8406225 0.7550104475 0.7790267624
MEAN 0.840558 0.752354 0.778349
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Figure 7. Only click-through rate and similarity were used for the model comparison
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