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Learning Deep Probabilistic Embedding for Ad Creative Evaluation
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The performance and quality of ad creatives in online advertising can generally be evaluated by the rate at which
the creatives are clicked on by users, and action rate such as the purchase of products are taken. On the other
hand, such user behavior is highly noisy and uncertain, and it often depends on the potential attractiveness of the
ad campaign and the target product of the ad. In this paper, we propose a new method for learning probabilistic ad
creative embeddings to evaluate the ad creatives, which represent each ad creatives in the campaign as a Gaussian
distribution in the latent space. Our probabilistic embedding can properly capture features of the creative from
uncertain user behaviors and multiple ad creatives associated with the campaign. We evaluated our proposal
using the record of real-world 200,000 ad creatives provided by Gunosy Inc. We confirmed that our probabilistic
embeddings can accurately capture the serving performance of the ad creatives regardless of the text encoder (e.g.,
LSTM, BERT). Furthermore, we observed that our proposal achieves prediction with small uncertainty by using

BERT, which is the recent state-of-the-art model.
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Dataset date Text Encoder Embedding type Logloss | NDCG t

LSTM Deterministic 0.044 £ 0.004 79.60 + 4.04

9019-01-01 ~ 2020-01-01 Probabilistic 0.044 £+ 0.003 80.66 + 3.11
BERT Deterministic 0.043 £ 0.004 85.67 £ 3.06

Probabilistic 0.041 £+ 0.003 87.27 + 1.31

LSTM Deterministic 0.061 £ 0.005 76.02 £+ 3.78

9020-01-01 ~ 2021-01-01 Probabilistic 0.072 £ 0.012 79.30 + 2.80
BERT Deterministic 0.060 £ 0.005 78.88 + 3.61

Probabilistic 0.065 £+ 0.005 83.04 + 1.35
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*x2 https://huggingface.co/cl-tohoku/
bert-base- japanese-whole-word-masking. 2021/02/26
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