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业务特点-电商化
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Ø线上线下结合

Ø交易闭环化



业务特点-运营化
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Ø供给内容形式多元

Ø运营能力参差不齐



业务特点-本地化

备注：图中多边形仅用于举例

用户

商家

Ø供需范围被约束

Ø供需关系动态化



业务特点-场景化

Ø时段化差异显著

Ø地域性差异显著



技术挑战

Ø个性化程度高

Ø精细化需求大

Ø多元化特点强

Ø实时化强度重
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案例1：图像质量技术



背景

VS



挑战

Ø用户评判标准主观

Ø用户关注点差异大

Ø人工标注成本高



方案

多维度特征设计 自动化数据标注

深度学习建模

Ø 美学特征
Ø 基础特征

Ø 图片来源
Ø 用户行为



方案

高阶特征

Ø 美感
Ø 吸引度
Ø 品类
Ø ……

基础特征

Ø 色彩
Ø 锐度
Ø 对比度
Ø ……

pairwise

Ø 不直接标注样本tag
Ø 进行两个图是质量对比
Ø vgg+ranknet方法



收益

Ø用户体验提升

Ø结果点击率提升



案例2：OCR技术



背景

自动审核

Ø 营业执照
Ø 餐饮许可证
Ø 商家其他证件

自动录入

Ø 饭店菜单识别
Ø 饭店招牌识别



挑战

Ø图片成像复杂

Ø文字构成复杂

Ø图像背景复杂



方案-文字检测
FCN



方案-文字检识别
CNN特征+BLSTM+CTC 序列识别模型



收益

Ø人工化->自动化

Ø运营效率提升
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背景-业务模型

决策 点击 加减购 提单 支付

用户
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背景-特征工程挑战

Ø特征构造成本高

Ø特征选择开销大

Ø依赖人工经验重



背景-传统模型问题

树模型

Ø 不适合高维、稀疏特征
Ø 无法对文本语义直接建模

LR模型

Ø 非线性拟合能力受限
Ø 需要手动组合特征，成本高



方案-系统架构



方案-特征体系

1.商家 2.用户

3.商家&用户



方案- Wide&Deep Model

Wide Models Deep ModelsWide & Deep Models
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Figure 1: The spectrum of Wide & Deep models.

linear model with feature transformations for generic
recommender systems with sparse inputs.

• The implementation and evaluation of the Wide &
Deep recommender system productionized on Google
Play, a mobile app store with over one billion active
users and over one million apps.

• We have open-sourced our implementation along with
a high-level API in TensorFlow1.

While the idea is simple, we show that the Wide & Deep
framework significantly improves the app acquisition rate
on the mobile app store, while satisfying the training and
serving speed requirements.

2. RECOMMENDER SYSTEM OVERVIEW
An overview of the app recommender system is shown

in Figure 2. A query, which can include various user and
contextual features, is generated when a user visits the app
store. The recommender system returns a list of apps (also
referred to as impressions) on which users can perform cer-
tain actions such as clicks or purchases. These user actions,
along with the queries and impressions, are recorded in the
logs as the training data for the learner.

Since there are over a million apps in the database, it is
intractable to exhaustively score every app for every query
within the serving latency requirements (often O(10) mil-
liseconds). Therefore, the first step upon receiving a query
is retrieval. The retrieval system returns a short list of items
that best match the query using various signals, usually a
combination of machine-learned models and human-defined
rules. After reducing the candidate pool, the ranking sys-
tem ranks all items by their scores. The scores are usually
P (y|x), the probability of a user action label y given the
features x, including user features (e.g., country, language,
demographics), contextual features (e.g., device, hour of the
day, day of the week), and impression features (e.g., app age,
historical statistics of an app). In this paper, we focus on the
ranking model using the Wide & Deep learning framework.

3. WIDE & DEEP LEARNING

3.1 The Wide Component
The wide component is a generalized linear model of the

form y = wTx+ b, as illustrated in Figure 1 (left). y is the
prediction, x = [x1, x2, ..., xd] is a vector of d features, w =
[w1, w2, ..., wd] are the model parameters and b is the bias.
The feature set includes raw input features and transformed

1See Wide & Deep Tutorial on http://tensorflow.org.
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Figure 2: Overview of the recommender system.

features. One of the most important transformations is the
cross-product transformation, which is defined as:

�k(x) =
dY

i=1

x
cki
i cki 2 {0, 1} (1)

where cki is a boolean variable that is 1 if the i-th fea-
ture is part of the k-th transformation �k, and 0 otherwise.
For binary features, a cross-product transformation (e.g.,
“AND(gender=female, language=en)”) is 1 if and only if the
constituent features (“gender=female” and “language=en”)
are all 1, and 0 otherwise. This captures the interactions
between the binary features, and adds nonlinearity to the
generalized linear model.

3.2 The Deep Component
The deep component is a feed-forward neural network, as

shown in Figure 1 (right). For categorical features, the orig-
inal inputs are feature strings (e.g., “language=en”). Each
of these sparse, high-dimensional categorical features are
first converted into a low-dimensional and dense real-valued
vector, often referred to as an embedding vector. The di-
mensionality of the embeddings are usually on the order of
O(10) to O(100). The embedding vectors are initialized ran-
domly and then the values are trained to minimize the final
loss function during model training. These low-dimensional
dense embedding vectors are then fed into the hidden layers
of a neural network in the forward pass. Specifically, each
hidden layer performs the following computation:

a(l+1) = f(W (l)a(l) + b(l)) (2)

where l is the layer number and f is the activation function,
often rectified linear units (ReLUs). a(l), b(l), and W (l) are
the activations, bias, and model weights at l-th layer.

3.3 Joint Training of Wide & Deep Model
The wide component and deep component are combined

using a weighted sum of their output log odds as the pre-



方案- Wide&Deep Model

Wide Model

Ø LR-线性model
Ø 包含组合特征
Ø 特征one-hot到binary特征

Deep Model

Ø NN网络
Ø 输入高维、稀疏feature，eg：category
Ø 特征泛化：embedding到低维实数向量



方案- Wide&Deep Model-离线流程

样本处理

Ø 样本清洗
Ø 爬虫过滤
Ø 无效加载

采样优化

Ø 正负样本的选择
Ø 高频用户/商品



方案- RNN Model



方案-实时化架构



方案-RNN Model
输入

输出

Ø 用户session的浏览序列in={                      }
Ø 元素ix对应输入层一个状态，one-hot encoding

Ø 用户可能结果概率 out={                          }
Ø 概率最大元素为预测结果

miii ,...,, 21

mooo ,...,, 21

超参

Ø 序列长度
Ø 按一定时间窗约束



收益

Ø推荐精准度提升

Ø用户体验提升

Ø平台转化效果提升
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总结

Ø技术对外卖业务至关重要

Ø深入理解业务+技术精细化调优

Ø不断尝试+总结分析
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