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ABSTRACT

CCS CONCEPTS

Conversion rate (CVR) prediction is one of the most essential tasks
for digital display advertising. In industrial recommender systems,
online learning is particularly favored for its capability to capture the dynamic change of data distribution, which often leads to
significantly improvement of conversion rates. However, the gap
between a click behavior and the corresponding conversion ranges
from a few minutes to days; therefore, fresh data may not have
accurate label information when they are ingested by the training
algorithm, which is called the delayed feedback problem of CVR
prediction. To solve this problem, previous works label the delayed
positive samples as negative and correct them at their conversion
time, then they optimize the expectation of actual conversion distribution via important sampling under the observed distribution.
However, these methods approximate the actual feature distribution as the observed feature distribution, which may introduce
additional bias to the delayed feedback modeling. In this paper, we
prove the observed conversion rate is the product of the actual
conversion rate and the observed non-delayed positive rate. Then
we propose Multi-Task Delayed Feedback Model (MTDFM), which
consists of two sub-networks: actual CVR network and NDPR (nondelayed positive rate) network. We train the actual CVR network
by simultaneously optimizing the observed conversion rate and
non-delayed positive rate. The proposed method does not require
the observed feature distribution to remain the same as the actual
distribution. Finally, experimental results on both public and industrial datasets demonstrate that the proposed method outperforms
the previous state-of-the-art methods consistently.

• Information systems → Collaborative filtering.
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1

INTRODUCTION

Conversion rate (CVR) prediction is one of the most essential tasks
for recommender system, which predicts the probability of whether
a user will order an placement after clicking an item. In digital
display advertising, a robust CVR prediction algorithm is important
for a competitive advertising system. For example, to achieve a winwin situation for both the platform and advertisers, CVR prediction
is used to adjust bid price per click. Recently, forecasting the CVR
is widely investigated in both academia and industry.
In display advertising, the online learning is often used to capture
the dynamic change of data distribution due to special events, new
campaigns and other factors. However, conversions usually do not
happen immediately after user clicks, it is observed ranging from
a few minutes to days. The delayed feedback problem poses a
challenge to the online learning model: we need new data to update
our CVR model for model-freshness but these data have little user
feedback.
Recently, several streaming training approaches are conducted to
address delayed feedback problem by redesigning the data pipeline
and loss function. Ktena et al. [4] treated each arriving instance as
negative firstly and corrected upon its conversion at a later time,
then they proposed the Fake Negative Weighted (FNW) loss function to optimize the expectation of true conversion distribution
via importance sampling [6]. Yang et al. [7] studied the trade-off
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between waiting more accurate labels and exploiting fresher training data in the context of streaming CVR prediction. In their work,
the training pipeline is designed by a short time window, when
conversions occur in this window, these instances are labeled as
positive and other instances are labeled as negative until they are
converted. Then they proposed Elapsed-Time Sampling Delayed
Feedback Model (ES-DFM) which is also a importance sampling
based method to learn the actual CVR model under the observed
distribution. Although these works achieve exciting performance,
these methods have some issues. First, these important sampling
based methods approximate the actual feature distribution as the
observed feature distribution, we prove this assumption does not
hold in our section 2.2. Second, these methods can only be used
for the data pipeline they designed. In order to distinguish, we
called the data pipeline used by FNW as real-time pipeline and data
pipeline used by ES-DFM as elapsed-time pipeline.
In this work, we address these issues and propose a multi-task
learning approach for delayed feedback modeling (MTDFM), which
does not require the observed feature distribution to remain the
same as the actual distribution and can be used in both real-time
pipeline and elapsed-time pipeline. Instead of training the actual
CVR model directly, the proposed method treats the actual CVR rate
𝑝𝑐𝑣𝑟 as an intermediate variable which multiplied by the observed
delayed positive rate 𝑝𝑑𝑝 equals to the observed CVR rate 𝑝𝑜𝑐𝑣𝑟 .
Concretely, our model consists of two sub-networks: actual CVR
network and NDPR (non-delayed positive rate) network. By making
good use the relationship between the observed distribution and
the actual distribution, We train the actual CVR model with the
help of two auxiliary tasks of 𝑝𝑑𝑝 and 𝑝𝑜𝑐𝑣𝑟 . Our main contribution
can be summarized as following:
• We propose a multi-task learning approach for delayed feedback modeling, which does not require the observed feature
distribution to remain the same as the actual distribution.
Moreover, we give the convergence of our method.
• We give the unified form for the relationship of actual and
observed CVR distribution under the elapsed-time and the
real-time pipeline. Therefore, our method can be used in
both pipelines.
• We conduct experiments on public and industrial datasets.
Our method outperforms the previous state-of-the-art results.

2 METHOD
2.1 Background
We focus on the CVR prediction task which can be formulated
as probabilistic prediction of binary classification over a dataset
𝑁 , where 𝑥 is the feature which consists of user field
D = {𝑥𝑖 , 𝑦𝑖 }𝑖=1
and item field and 𝑦 ∈ {0, 1} indicates the conversion label.
In practice, the ground truth label is unavailable since conversion action may delay a long period of time. In order to address
the delayed feedback problem in the CVR prediction, the common
approach is to wait for the real conversion in a certain time interval [7, 8]. Fake Negative Weighted (FNW) approach [4] can be
viewed as a special case that waiting time window size is zero.
Although the waiting time approach could partially correct the
samples, the samples outside the waiting time window would be
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Figure 1: An illustration of different types of samples on
training pipeline.

incorrectly labeled as negative. In conclusion, as the Figure 1 shows,
there exists three types of samples:
• Negatives. Negatives are samples that conversion does not
occur inside the waiting time window.
• Delayed Positives. Delayed Positives have conversion action outside the waiting time window and are ingested into
the training pipeline as soon as the engagement takes place.
• Positives. Positives are samples that conversion action takes
place inside the waiting time window.
Then we denote 𝑝 as the true data distribution and 𝑞 as the biased
observed data distribution which consists of the above three types
of samples. Moreover, 𝑝 (𝑦 = 1|𝑥) is the true conversion probability,
𝑞(𝑦 = 1|𝑥) is the probability of observing a conversion in the biased
distribution and 𝑞(𝑑𝑝 = 1|𝑥) denotes the probability of observing a
delayed positive action in the biased distribution, where 𝑑𝑝 ∈ {0, 1}
is the label of delayed positive.

2.2

Relationship between True and Observed
Conversion Distributions

With the ingestion of delayed positive samples, we know that
𝑝 (𝑑𝑝=1)
1
𝑞(𝑑𝑝 = 0) = 1+𝑝 (𝑑𝑝=1)
and 𝑞(𝑑𝑝 = 1) = 1+𝑝 (𝑑𝑝=1) . We can also
get 𝑞(𝑥 |𝑑𝑝 = 0) = 𝑝 (𝑥) since the ingestion doesn’t affect samples
inside the waiting time window and 𝑞(𝑥 |𝑑𝑝 = 1) = 𝑝 (𝑥 |𝑑𝑝 = 1) and
𝑞(𝑥 |𝑦 = 1) = 𝑝 (𝑥 |𝑦 = 1) since the feature distribution of duplicated
samples and conversion samples are the same in both true and ob𝑝 (𝑦=1)
served data distribution. At last, we can get 𝑞(𝑦 = 1) = 1+𝑝 (𝑑𝑝=1) ,
since added delayed positive samples and true positive samples will
be eventually labeled as positive in the observed data.
Based on probability equations described above and the law of
total probability, the feature probability in the observed data can
be computed as:
𝑞(𝑥) = 𝑞(𝑑𝑝 = 0)𝑞(𝑥 |𝑑𝑝 = 0) + 𝑞(𝑑𝑝 = 1)𝑞(𝑥 |𝑑𝑝 = 1)
𝑝 (𝑥)
𝑝 (𝑥 |𝑑𝑝 = 1)𝑝 (𝑑𝑝 = 1)
+
1 + 𝑝 (𝑑𝑝 = 1)
1 + 𝑝 (𝑑𝑝 = 1)
𝑝 (𝑥) + 𝑝 (𝑥, 𝑑𝑝 = 1)
=
.
1 + 𝑝 (𝑑𝑝 = 1)
=

(1)

Based on probability equations described above and the formula
for conditional probability, the joint observed distribution can be
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computed as:
𝑞(𝑥, 𝑦 = 1) = 𝑞(𝑥 |𝑦 = 1)𝑞(𝑦 = 1)
(2)
𝑝 (𝑥, 𝑦 = 1)
.
1 + 𝑝 (𝑑𝑝 = 1)
By replacing Eq. (1) and Eq.(2) in the conditional probability
𝑞 (𝑥,𝑦=1)
formula that 𝑞(𝑦 = 1|𝑥) = 𝑞 (𝑥) , we can obtain:
=

𝑝 (𝑥, 𝑦 = 1)
1 + 𝑝 (𝑑𝑝 = 1)
·
1 + 𝑝 (𝑑𝑝 = 1) 𝑝 (𝑥) + 𝑝 (𝑥, 𝑑𝑝 = 1)
𝑝 (𝑥, 𝑦 = 1)
=
𝑝 (𝑥) + 𝑝 (𝑥, 𝑦 = 1, 𝑑𝑝 = 1)
(3)
𝑝 (𝑦 = 1|𝑥)
=
1 + 𝑝 (𝑦 = 1|𝑥)𝑝 (𝑑𝑝 = 1|𝑦 = 1, 𝑥)
𝑝 (𝑦 = 1|𝑥)
=
,
1 + 𝑝 (𝑦 = 1|𝑥)𝑞(𝑑𝑝 = 1|𝑦 = 1, 𝑥)
where the last equation in Eq. (3) holds because the delayed positive distribution is unbiased in both true and observed data when
conditioned on conversion.
Finally, after arranging Eq. (3), we can obtain the relationship
between true and observed conversion distributions as:
𝑞(𝑦 = 1|𝑥)
𝑝 (𝑦 = 1|𝑥) =
,
(4)
𝑞(𝑑𝑝 = 0|𝑥)
where 𝑞(𝑑𝑝 = 0|𝑥) = 𝑞(𝑦 = 0|𝑥) when the data pipeline is the
real-time pipeline.
𝑞(𝑦 = 1|𝑥) =

2.3

Multi-task Delayed Feedback Modeling
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network in the right part. Then we conduct a multi-task learning approach to simultaneously predict the observed conversion
probability 𝑞(𝑦 = 1|𝑥) and the non-delayed positive probability
𝑞(𝑑𝑝 = 0|𝑥). Besides, we model 𝑝𝑁 𝐷𝑃𝑅 instead of 𝑝𝑂𝐶𝑉 𝑅 (observed post-click conversion rate) since divided by 𝑝𝐶𝑉 𝑅, which is
usually a small number, would rise numerical instability. Inspired
by ESMM [5] which consists of same structured CVR and CTR
networks, we adopt fully-connected neural networks in CVR and
NDPR modules and share embedding lookup table between them.
The loss function of MTDFM is defined as:
𝐿(𝜃𝑐𝑣𝑟 , 𝜃𝑛𝑑𝑝𝑟 ) =

+

𝑁
∑︁
𝑖=1
𝑁
∑︁

𝑙 (𝑦𝑖 , 𝑓𝜃𝑐𝑣𝑟 (𝑥𝑖 ) [𝑓𝜃𝑛𝑑𝑝𝑟 (𝑥𝑖 )])
(5)

𝑙 (1 − 𝑑𝑝𝑖 , 𝑓𝜃𝑛𝑑𝑝𝑟 (𝑥𝑖 )),

𝑖=1

where 𝜃𝑐𝑣𝑟 and 𝜃𝑛𝑑𝑝𝑟 are the parameters of CVR and NDPR networks, 𝑙 (·) is cross-entropy loss function and the terms in [·] brackets are not taken into account in the gradient calculation of the loss
with respect to the input. Note that the sub-networks in MTDFM
apply fully-connected neural network, which can be substituted by
other more sophisticated models [2, 3, 10, 11], which might obtain
better performance. Due to limited space, we omit it and focus on
tackling challenges of handling conversion delayed feedback in real
practice.

2.4

Convergence Proof

In this section, we give a theoretical proof that 𝑝𝐶𝑉 𝑅 in MTDFM
will converge to true conversion rate via online gradient descent.
Note that the gradient of 𝜃𝑛𝑑𝑝𝑟 is only contributed by the second
part in loss function defined in Eq. (5) and the label 1 − 𝑑𝑝𝑖 is
unbiased, therefore 𝑓𝜃𝑛𝑑𝑝𝑟 (𝑥) will eventually converges to the true
observed non-delayed positive probability. Finally, the gradient of
𝐿(𝜃𝑐𝑣𝑟 ) with respect to 𝑓𝜃𝑐𝑣𝑟 can be written as:
𝜕𝐿

n

o
𝜕 𝑞(𝑦 = 1|𝑥) log 𝑓𝜃𝑐𝑣𝑟 (𝑥) [𝑓𝜃𝑛𝑑𝑝𝑟 (𝑥)]
(6)

=
𝜕𝑓𝜃𝑐𝑣𝑟

𝑓𝜃𝑐𝑣𝑟

n

𝜕 (1 − 𝑞(𝑦 = 1|𝑥)) log(1 − 𝑓𝜃𝑐𝑣𝑟 (𝑥) [𝑓𝜃𝑛𝑑𝑝𝑟 (𝑥)])
+

Figure 2: The Overall Architecture of MTDFM, which Consists of Two Tasks which Predict Observed Conversion and
Non-conversion Behaviors.
In this section, we provide details of our proposed method,
MTDFM (Multi-task Delayed Feedback Modeling). Figure 2 illustrates the overall architecture overview of MTDFM, which consists
of two sub-networks: CVR (post-click conversion rate) network
illustrated in the left part and NDPR (non-delayed positive rate)

𝜕𝑓𝜃𝑐𝑣𝑟
𝑝 (𝑦 = 1|𝑥)𝑞(𝑑𝑝 = 0|𝑥)
=
𝑓𝜃𝑐𝑣𝑟 (𝑥)
(1 − 𝑝 (𝑦 = 1|𝑥)𝑞(𝑑𝑝 = 0|𝑥)) [𝑓𝜃𝑛𝑑𝑝𝑟 (𝑥)]
−
1 − 𝑓𝜃𝑐𝑣𝑟 (𝑥) [𝑓𝜃𝑛𝑑𝑝𝑟 (𝑥)]

𝑞(𝑑𝑝 = 0|𝑥) 𝑝 (𝑦 = 1|𝑥) − 𝑓𝜃𝑐𝑣𝑟 (𝑥)
 .
≈
𝑓𝜃𝑐𝑣𝑟 (𝑥) 1 − 𝑓𝜃𝑐𝑣𝑟 (𝑥)𝑞(𝑑𝑝 = 0|𝑥)

o
(7)
(8)
(9)
(10)

Eq. (10) holds when 𝑓𝜃𝑛𝑑𝑝𝑟 (𝑥) converges to 𝑞(𝑑𝑝 = 0|𝑥) after
training sufficient steps. When 𝑓𝜃𝑐𝑣𝑟 (𝑥) > 𝑝 (𝑦 = 1|𝑥), 𝜕𝐿/𝜕𝑓𝜃𝑐𝑣𝑟 <
0. When 𝑓𝜃𝑐𝑣𝑟 (𝑥) < 𝑝 (𝑦 = 1|𝑥), 𝜕𝐿/𝜕𝑓𝜃𝑐𝑣𝑟 > 0. This indicates
that the output of sub-network CVR 𝑓𝜃𝑐𝑣𝑟 (𝑥) converges to true
conversion distribution 𝑝 (𝑦 = 1|𝑥) and the gradients always point
towards the right direction.

WWW ’22 Companion, April 25–29, 2022, Virtual Event, Lyon, France

Table 1: Offline Results between MTDFM and Baselines of
Criteo Dataset.
Methods

AUC

PR-AUC

FNC
FNW
ES-DFM
MTDFM
MTDFM-win
ORACLE∗

0.8065
0.8079
0.8082
0.8103
0.8107
0.8181

0.5817
0.5935
0.5963
0.5955
0.6000
0.6126

3 EXPERIMENTS
3.1 Data Sets

Huangfu and Zhang, et al.

of an ORACLE∗ model. The ORACLE∗ model uses training dataset
with the ground truth labels instead of observed labels. There is no
delayed feedback problem for ORACLE∗ model’s CVR prediction.
The performance of ORACLE∗ model is the upper bound of other
methods. It can be found that MTDFM-win achieves the best performance in terms of AUC and PR-AUC of Criteo dataset. On Alipay
dataset, MTDFM-win achieves the best performance in terms of
AUC. The PR-AUC of MTDFM is better than MTDFM-win on Alipay dataset. The results show that using elapsed time window does
not necessarily get the best result. It’s a trade-off on the size of
elapsed time window.

Table 2: Offline Results between MTDFM and Baselines of
Alipay Dataset.

To evaluate the effectiveness of different methods, we conducted
experiments on a public dataset Criteo [1] and an industrial dataset
from the online environment of Alipay application. The Criteo
dataset is widely used for the delayed feedback problem. It cantains
more than 15 million samples for 60 days and we use 7 days for our
experiments. The Alipay dataset is collected from the marketing
activities. We sub-sample 2% of the users and the sampled dataset
contains about 2 million samples.

3.2

Streaming Experimental Protocol

We follow the streaming experimental setting in [7] and we construct the streaming data with the observed labels. Then the false
negative data samples are added at their conversion time. The
streaming data is divided into multiple sequence subsets according
to their training hours. One subset only contains one hour data.
These subsets will be fed into models sequentially. When the training process is completed with the data of 𝑡 hours, the data of 𝑡 + 1
hours will be used as evaluation. The AUC metrics is calculated
with the means of all subsets. Due to a marketing activities last for a
short time and usually do not exceed one month, in order to better
evaluate different models for real marketing scenarios, we omit
the pre-training phase and train all models only using streaming
training.
To verify the performance of elapsed time, we train MTDFM with
different settings. MTDFM adopts the same real time streaming
training as FNW and FNC. MTDFM-win adopts 15 minutes elapsed
time window with the same settings as ES-DFM in the paper[7].

3.4

AUC

PR-AUC

FNC
FNW
ES-DFM
MTDFM
MTDFM-win
ORACLE∗

0.6694
0.7069
0.6700
0.7022
0.7139
0.8438

0.1203
0.1115
0.1064
0.1245
0.1153
0.2047

Experimental Setting

We chose the state-of-the-art delayed feedback models as baselines for efficiency comparison. The baselines include Fake Negative Weighted (FNW) [4], Fake Negative calibration (FNC) [4] and
Elapsed-Time Sampling Delayed Feedback Model (ES-DFM) [7]. All
methods include baselines and MTDFM use the same model architecture. The learning rate is set 0.01 and L2 regularization strength
is set 10−6 . We use Area Under Curve (AUC) and Area Under the
Precision-Recall Curve (PR-AUC) as metrics.

3.3

Methods

Experimental Comparison

The results are shown in Table 1 and Table 2. The best results are
marked in bold. Except baselines, we also show the performance

4

RELATED WORK

Chapelle [1] first proposed a delayed feedback model (DFM) by
applying survival time analysis under the assumption that the
delay distribution is exponential. Yoshikawa and Imai [9] improved
the model presented in Chapelle without assuming any parametric
distributions, in which the authors suggested a non-parametric
delayed feedback model (NoDeF) to capture the time delay. Yasui
et al. [8] formulated the delayed feedback as a data shift where the
training and test conditional label distributions are different and
proposed an importance weighting approach (FSIW) to handle. One
significant drawback of these methods was that they are hard to
apply in the continuous training setting.
Ktena et al. [4] proposed to use loss functions of the Fake Negative Weighted (FNW) and Fake Negative calibration (FNC), which
are applied for the first time on the delayed feedback problem,
in online training via online gradient descent. Yang et al. [7] proposed Elapsed-Time Sampling Delayed Feedback Model (ES-DFM),
which models the relationship between the observed conversion
distribution and the true conversion distribution.

5

CONCLUSION

In this paper, we propose a multi-task learning approach MTDFM
to address the delayed feedback problem in the streaming CVR
prediction. Our approach learns the actual CVR model with the
help of two auxiliary tasks of observed CVR rate and observed nondelayed positive rate. Moreover, MTDFM is a more general method
comparing with previous approaches designed for a specific stream.
Finally, experiments show MTDFM outperforms the previous stateof-the-art on both public and industrial data.

A Multi-Task Learning Approach for Delayed Feedback Modeling
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