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Abstract

Due to the widespread adoption of the cost-per-action (CPA)
display strategy that demands a real-time conversion rate pre-
diction (CVR), delayed feedback is becoming one of the ma-
jor challenges in online advertising. As the true labels of a
significant quantity of samples are only available after long
delays, the observed training data are usually biased, harming
the performance of models. Recent studies show integrating
models with varying waiting windows to observe true labels
is beneficial, but the aggregation framework remains far from
reaching a consensus. In this work, we propose the Multi-
Interval Screening and Synthesizing model (MISS for short)
for online CVR prediction. We first design a multi-interval
screening model with various output heads to produce ac-
curate and distinctive estimates. Then a light-weight synthe-
sizing model with an assembled training pipeline is applied
to thoroughly exploit the knowledge and relationship among
heads, obtaining reliable predictions. Extensive experiments
on two real-world advertising datasets validate the effective-
ness of our model.

Introduction
In the advertising market, advertisers purchase ads via real-
time bidding platforms with various paying options such as
cost-per-click (CPC) and cost-per-action (CPA) (Guo et al.
2023; Hojjat et al. 2017; Zhang, Yuan, and Wang 2014;
Liu et al. 2023). Cost-per-action, which enables advisers
to bid on pre-defined conversions, e.g., purchase or regis-
tration, has become the primary objective due to its strong
connections to the final return and resistance to notorious
frauds (Chapelle, Manavoglu, and Rosales 2014; Goldfarb
and Tucker 2011). Therefore, a precise estimation of conver-
sion rate (CVR) becomes a critical demand for all advertis-
ing platforms. Especially, online systems require a streaming
serving paradigm that continuously predicts and learns with
the latest data (He et al. 2016; Guo et al. 2022).

As a consequence, the delayed feedback problem is be-
coming one of the imperative challenges. Concretely, af-
ter an ad is clicked, it takes a delay ranging from several
seconds to a few days to receive the corresponding conver-
sion. For example, Figure 1 exhibits the feedback proportion

*Correspondence to Xiang Ao and Qing He.
Copyright © 2024, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: Conversion distribution (bar) and accumulated
conversion distribution (line) of Criteo dataset.

w.r.t the delayed time on the Criteo dataset. Only about 60
percents of conversions happen in the first day after clicks,
while the longest delay between the click and conversion
could reach 30 days. Online models that wait for 30 days to
train would suffer severely from data staleness. On the other
hand, a shorter wait time would introduce fake negatives that
are temporarily observed as negative but may convert later,
which affect the label accuracy of training.

In previous studies, various strategies were put out to ad-
dress the delayed feedback issue. Early strategies estimate
the anticipated conversion delay via jointly trained models
for accurate CVR prediction (Chapelle 2014; Yoshikawa
and Imai 2018), but they require lots of offline data and are
not suited for streaming deployment. As for online learning,
custom approaches choose a proper wait interval, known as
the waiting window, to wait and observe samples (Yang et al.
2021), achieving a trade-off between data freshness and la-
bel accuracy. Several methods utilize no or one short wait-
ing window and rely on importance sampling (Bottou et al.
2013) to adjust the weights of samples, making fake neg-
atives less influential. Despite their success, these methods
still suffer from highly biased training data with Missing-
Not-At-Random problems, resulting in sub-optimal perfor-
mance (Chen et al. 2022; Gao and Yang 2022).

The delayed feedback provides samples with an extra
dimension of waiting time. Simply determining a waiting
interval and screening out one distinctive data slice is in-
adequate. Recently, merging models with different wait-
ing windows becomes one alternative solution for the de-
layed feedback issue (Gao and Yang 2022; Hou et al. 2021;
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Li et al. 2021). Multi-task approaches categorize conver-
sions into various bins and model them separately (Gao
and Yang 2022; Wang et al. 2020). Several methods pre-
dict CVR in various waiting windows to help update the
final estimation by conditional probability (Gu et al. 2021;
Hou et al. 2021). Waiting windows stand for unique obser-
vation views to balance label accuracy and data freshness.
Therefore, these models based on difference waiting win-
dows can give distinctive predictions and are naturally suit-
able for ensemble methods. (Li et al. 2021) comes up with
an objective-oriented way to aggregate models, but the ag-
gregation framework and effective fusion strategy remains
far from reaching a consensus.

In this paper, we propose an approach named MISS (short
for the Multi-Interval Screening and Synthesizing mod-
els) for online CVR prediction. MISS provides a universal
framework for measuring CVR at unique views and aggre-
gating them effectively. First, a multi-head screening model
is devised to estimate CVR under various waiting windows,
with different optimization tasks for each head. Addition-
ally, a global weighting method is used to increase the ac-
curacy of heads while preserving their individuality. The
relationships among the heads are then investigated using
a light-weight synthesizing model with normalization. The
synthesizing model gives dynamic weights to aggregate pre-
dictions and is trained on an assembled pipeline comprising
the most recent positive samples and real negatives. Through
this way, our model simultaneously replicates the ideal un-
biased distribution and enables the data freshness. Experi-
ments on two widely-used benchmarks show MISS signifi-
cantly outperforms existing methods.

The main contributions are summarized as follows:
• We underline the significance of incorporating models

with various waiting windows to screen out abundant in-
formation in the online CVR task, which offers unique
perspectives and forms accurate predictions.

• We propose MISS, which offers a general aggregation
framework that exploits information behind various wait-
ing windows. MISS also decreases the bias of integrated
models while maintaining their uniqueness.

• We conduct extensive experiments on two real-world
CVR prediction datasets and demonstrate the state-of-
the-art performance of our method. Notably, MISS sig-
nificantly outperforms other multi-task approaches.

Related Work
Delayed Feedback Models
Conversion modeling has been thoroughly studied in the
literature for its high value in online advertising (Badani-
diyuru et al. 2021; Choi et al. 2020; Lee et al. 2012).
Under the hypothesis of an exponential delay distribution,
Chapelle (Chapelle 2014) presented DFM, which contains
two jointly-trained models for estimating the CVR and the
delay time, respectively. While an exponential distribution
is not necessarily practical in real scenarios, DFM was
later evolved into a non-parametric delayed feedback model
NoDeF (Yoshikawa and Imai 2018) without any assump-
tions about parametric distributions. Lately, studies like

GDFM (Yang and Zhan 2022) focused on specific scenarios
with user behaviors and use such auxiliary sequence infor-
mation to assist training (Su et al. 2021). Multi-task mod-
els (Gao and Yang 2022; Hou et al. 2021; Huangfu et al.
2022; Wang et al. 2020) can make use of conversions by
categorizing them into different bins based on their delay
time. (Li et al. 2021) developed a multi-head framework FTP
to model conversions in various delay settings and aggre-
gate head outputs by imitating an ideal CVR model. Exist-
ing multi-task models employ head outputs directly as pre-
dictions or auxiliary knowledge, whereas our MISS utilizes
a synthesizing method to further explore the data pipeline
characteristics of each head.

Due to their capacity to infer real data distribution from
observed biased data, unbiased estimate models gained
prominence in online CVR prediction (Gu et al. 2021; Ktena
et al. 2019). Existing methods could create a unique data
pipeline with a well-designed importance weighting (Bot-
tou et al. 2013) formula to regulate the weight of each
sample, yielding an unbiased estimate of conversions (Ya-
sui et al. 2020). To name a couple, the FNW (Ktena et al.
2019) method would label all new samples as negative and
duplicate delayed positive samples with a corrected label
when conversions arrive. To minimize fake negatives, ES-
DFM (Yang et al. 2021) establishes a waiting window and
only duplicates positive samples that do not receive con-
version within the waiting period. Recently, (Chen et al.
2022) proposed DEFUSE, which further separates observed
samples into four groups with different importance weights.
While the majority of unbiased approaches concentrate on
sampling strategy designs and add additional models to pre-
cisely determine every sample weight, MISS applies a sim-
ple, low-cost way instead to reduce global bias.

Preliminary
Data Pipeline
In this work, we focus on the online CVR prediction prob-
lem. At time 𝜏, the ground-truth dataset can be formulated
as:

D̂𝜏 = {(𝑐𝑖 , 𝑣𝑖 , 𝑥𝑖 , 𝑦̂𝑖)}𝑁𝜏

𝑖=1, (1)
where a sample contains 𝑐𝑖 the timestamp when it is clicked,
𝑣𝑖 the timestamp when a conversion action happens, 𝑥𝑖 the
feature, and 𝑦̂𝑖 ∈ (0, 1) the ground-truth label indicating
whether a conversion takes place in the end. D𝜏 contains
all samples that were clicked before time 𝜏. Notice that the
sample never has a conversion would be given 𝑣𝑖 ≡ ∞, and
only the conversion that happens in the maximum attribution
time 𝑑𝑚𝑎𝑥 would be regarded as valid. Thus we can define
the label 𝑦̂𝑖 as:

𝑦̂𝑖 =

{
1, 𝑣𝑖 ≤ 𝑐𝑖 + 𝑑𝑚𝑎𝑥 ,

0, 𝑣𝑖 > 𝑐𝑖 + 𝑑𝑚𝑎𝑥 .
(2)

However, due to the delayed feedback, it is unable to di-
rectly obtain the full ground-truth dataset. Models have to
wait for at most a maximum attribution time 𝑑𝑚𝑎𝑥 to see the
real label of a sample after it gets clicked, the effect of data
staleness is intolerable in online services. Most online mod-
els choose to wait for a shorter waiting window 𝑑 < 𝑑𝑚𝑎𝑥 to
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determine the label of each sample. We can define the train-
ing dataset they observed as:

D𝜏,𝑑 = {(𝑐𝑖 , 𝑣𝑖 , 𝑥𝑖 , 𝑦𝑖)}𝑁𝜏

𝑖=1 |𝑐𝑖<𝜏−𝑑

= {(𝑐𝑖 , 𝑣𝑖 , 𝑥𝑖 , 𝑦𝑖)}𝑁𝜏−𝑑
𝑖=1 .

(3)

D𝜏,𝑑 limits the training data to a subset logged before
𝜏−𝑑 to make sure label 𝑦 of every sample is always available
at time 𝜏, which would be:

𝑦𝑖 =

{
1, 𝑣𝑖 ≤ 𝑐𝑖 + 𝑑,

0, 𝑣𝑖 > 𝑐𝑖 + 𝑑.
(4)

The observed real positive samples and real negative sam-
ples at time 𝜏 is:

P𝜏 = D̂𝜏 |𝑣𝑖≤𝜏 , (5)

N𝜏 = (D̂𝜏 \ P𝜏) |𝑐𝑖≤𝜏−𝑑𝑚𝑎𝑥
. (6)

Note that it takes a maximum attribution time 𝑑𝑚𝑎𝑥 to
identify real negative samples. Some real positive samples
with a delay longer than 𝑑 in P𝜏 can be observed at time
𝜏 but were already falsely labeled as negative in 𝐷𝜏,𝑑 . To
narrow the gap between the training dataset 𝐷𝜏,𝑑 and the
ground-truth dataset D̂𝜏 , duplication mechanisms are ap-
plied to ingest those observed delayed positive samples with
correct labels into training pipelines again. The adjusted
training dataset would be defined as:

D+
𝜏,𝑑 = P𝜏 |𝑐𝑖+𝑑<𝑣𝑖 ∪ D𝜏,𝑑 . (7)

Importance Sampling
The goal of the online CVR prediction problem is to contin-
uously learn a function 𝑓 with parameter 𝜃 that minimizes
the following ideal loss:

Lideal =
∑︁

(𝑥𝑖 , 𝑦̂𝑖 ) ∈ D̂𝜏

ℓ( 𝑦̂𝑖 , 𝑓𝜃 (𝑥𝑖)) = E(𝑥,𝑦)∼ 𝑝̂ (𝑥,𝑦)ℓ(𝑦, 𝑓𝜃 (𝑥)),

(8)
where ℓ denotes the binary cross-entropy loss, 𝑝 is the ideal
data distribution of D̂𝜏 .

The altered training dataset D+
𝜏,𝑑

lacks freshness and con-
tains fake negatives in comparison to the ideal dataset. Mod-
els trained on such biased data distributions can, neverthe-
less, approximate the distribution of ground-truth data via
importance sampling (Bottou et al. 2013). We define 𝑞 as
the data distribution of the training dataset D+

𝜏,𝑑
. Follow-

ing previous work (Ktena et al. 2019; Yang et al. 2021), we
assume 𝑝(𝑥) ≈ 𝑞(𝑥) and derive the ideal loss as :

L𝑖𝑑𝑒𝑎𝑙 = E(𝑥,𝑦)∼ 𝑝̂ (𝑥,𝑦)ℓ(𝑦, 𝑓𝜃 (𝑥))

=

∫
𝑝(𝑥)𝑑𝑥

∫
𝑝(𝑦 |𝑥)ℓ(𝑦, 𝑓𝜃 (𝑥))𝑑𝑦

≈
∫

𝑞(𝑥)𝑑𝑥
∫

𝑞(𝑦 |𝑥) 𝑝(𝑦 |𝑥)
𝑞(𝑦 |𝑥) ℓ(𝑦, 𝑓𝜃 (𝑥))𝑑𝑦

≈ E(𝑥,𝑦)∼𝑞 (𝑥,𝑦)
𝑝(𝑦 |𝑥)
𝑞(𝑦 |𝑥) ℓ(𝑦, 𝑓𝜃 (𝑥))

≈
∑︁

(𝑥𝑖 ,𝑦𝑖 ) ∈D+
𝜏,𝑑

𝑤(𝑥𝑖 , 𝑦𝑖)ℓ(𝑦𝑖 , 𝑓𝜃 (𝑥𝑖)).

(9)

By controlling the weight term 𝑤(𝑥, 𝑦) in Eq. (9), the bias
of training on D+

𝜏,𝑑
could be reduced. Existing approaches

utilize the output of their CVR model and extra models to
calculate accurate weight 𝑤(𝑥, 𝑦) for each sample. In con-
trast, we present a light-weight technique to lessen the bias
of heads globally while maintaining their distinction.

Methodology
In this part, we present our approach MISS to address the
delay feedback issue. First, we introduce the multi-interval
screening model in MISS, which includes shared neural net-
work layers and a predefined number of unique output heads
trained on data pipelines with various waiting windows.
Then, adopting an assembled training pipeline, we demon-
strate the synthesizing aggregation strategy to thoroughly
use the knowledge of heads. Lastly, a low-cost method is
adopted to globally enhance the weights of real positive
samples, lowering the prediction bias brought on by the de-
layed feedback. Figure 2 illustrates the design of MISS.

Multi-Interval Screening Modeling
Recall that, the delay feedback problem leads to the change
of sample labels and makes it difficult to learn the real dis-
tribution of online data. In recent years, it has been ob-
served that integrating models with multiple waiting win-
dows helps in addressing CVR prediction tasks with delayed
feedback (Hou et al. 2021; Li et al. 2021). While shorter
waiting windows would guarantee models to capture the
most recent information, models with longer waiting win-
dows are likely to have samples with accurate labels. Sup-
pose the training dataset is D+

𝜏,𝑑
, the length of 𝑑 depends

on the trade-off between label accuracy and data freshness,
both of which are important to the performance of models.

We design the multi-interval screening model to bal-
ance the needs. The model consists of shared bottom lay-
ers, including an embedding layer and hidden layers, as
well as numerous output heads that independently pre-
dict the probability of conversion. Concretely, we allo-
cate different waiting windows 𝑑1, 𝑑2, ..., 𝑑𝑁 for the output
heads ℎ1, ℎ2, ..., ℎ𝑁 on the top of model. We assume that
𝑑𝑚𝑎𝑥 ≥ 𝑑1>𝑑2>...>𝑑𝑁>0. Each head ℎ𝑖 is training on its
own data pipeline D+

𝜏,𝑑𝑖
. The loss function for the multi-

interval screening model would be:

Lheads =
∑︁

1≤𝑖≤𝑁

∑︁
(𝑥 𝑗 ,𝑦 𝑗 ) ∈D+

𝜏,𝑑𝑖

ℓ(𝑦 𝑗 , ℎ𝑖 (𝑠(𝑥 𝑗 )))

=
∑︁

1≤𝑖≤𝑁

∑︁
(𝑥 𝑗 ,𝑦 𝑗 ) ∈D+

𝜏,𝑑𝑖

ℓ(𝑦 𝑗 , 𝑦ℎ𝑖 )),
(10)

where 𝑠 is the shared layers. The training gradients from
each pipeline would only update the parameters of the cor-
responding output head and shared layers.

We employ the adjusted dataset with duplication tech-
niques instead of the naive dataset D𝜏,𝑑𝑖 to train heads,
thereby reducing the discrepancy between training data and
real data. Additionally, real positives repeatedly update the
weights of shared layers, reducing the impact of fake nega-
tives. Heads with adjusted training data would produce more
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Figure 2: An illustration of MISS, including the multi-interval screening model, the assembled pipeline synthesizing model,
and their distinct training data pipelines. The screening model has shared bottom layers and multiple heads training on various
pipelines. Their predictions would be concatenated as the input of the synthesizing model and aggregate the final estimate. DP
stands for delayed positive samples.

robust predictions. This is one of the major differences be-
tween our method and previous studies.

Assembled Pipeline Aggregation
The multi-head architecture and adjusted data help improve
the accuracy of each prediction. The multiple waiting win-
dows, however, still ensure that the heads would learn varied
knowledge. Each head represents a unique degree of trade-
off between introducing fake negatives and sacrificing data
freshness, and thus has a distinct contribution to the final
prediction. For instance, if the distribution of the data did
not vary over time, the head with the longest waiting window
would have the best prediction for adding fewer fake nega-
tives. Otherwise, only the heads with short waiting windows
could detect the trend in time and update their layers when
a large number of rapid conversions arrived all at once. This
example also indicates the importance to analyze the rela-
tionship of predictions, e.g., the maximum value. Because a
large value predicted by a head with a short waiting window
may suggest the arrival of instant conversions.

The diverse properties of heads make them naturally
suitable for ensemble methods like bagging and stack-
ing (Breiman 2004; Wolpert 1992), which concentrate on
combining the output of a few models to produce more re-
liable estimations. Here, we utilize a light-weight model to
generate dynamic weights for each head and perform aggre-
gation. After the prediction of the multi-interval screening
model, we concatenate the outputs from heads as the input
𝑥𝑝𝑟𝑒𝑑 for the synthesizing model. To compare the predic-
tions from various heads and provide more information, we
also apply normalization to generate extra input 𝑥𝑛𝑜𝑟𝑚.

𝑥𝑝𝑟𝑒𝑑 = [𝑦ℎ1 , 𝑦ℎ2 , ..., 𝑦ℎ𝑁
]𝑐𝑜𝑛𝑐𝑎𝑡 , (11)

𝑥𝑛𝑜𝑟𝑚 = [𝑥𝑝𝑟𝑒𝑑]𝑛𝑜𝑟𝑚, (12)

𝑥 = [𝑥𝑝𝑟𝑒𝑑 , 𝑥𝑛𝑜𝑟𝑚]𝑐𝑜𝑛𝑐𝑎𝑡 . (13)

Instead of middle results from the embedding layer or hid-
den layers, we directly use the head predictions as input,
which decreases model complexity without losing valuable
information. We validate the contribution of head predic-
tions and middle results input in ablation study. We apply
dense layers with small sizes, as well as a softmax acti-
vation function to generate a set of dynamic weights 𝑤 =

[𝑤1, 𝑤2, ..., 𝑤𝑁 ], and then produce the final estimate 𝑦𝑠 .

𝑦𝑠 =

𝑁∑︁
𝑖=1

𝑤𝑖 · 𝑦ℎ𝑖 . (14)

The synthesizing model requires a reliable training
pipeline. Previous methods choose D𝜏,𝑑𝑚𝑎𝑥

, guaranteeing
label accuracy at the cost of training on old samples from
timestamp 𝜏−𝑑𝑚𝑎𝑥 . Our method, however, develops an as-
sembled data pipeline 𝑀𝜏 including the latest positive sam-
ples in 𝑃𝜏 and real negatives in 𝑁𝜏 . Negative samples in 𝑁𝜏

are the same with D𝜏,𝑑𝑚𝑎𝑥
as it requires a maximum attribu-

tion time 𝑑𝑚𝑎𝑥 to find them. On the contrary, positive sam-
ples get confirmed once they receive conversions. Therefore,
we use the latest converted samples from 𝑃𝜏 to substitute the
old positive samples from D𝜏,𝑑𝑚𝑎𝑥

. Positive samples with a
delay time 𝑑 and a click timestamp at 𝜏− 𝑑𝑚𝑎𝑥 would be
replaced by positive samples with the same delay time but
were clicked at 𝜏−𝑑 and converted at 𝜏. Intuitively, the data
freshness would be improved due to the ingestion of new
samples. To further illustrate the effect of updating positive
samples, we calculate the accumulated Kullback-Leibler di-
vergence between the conversion distribution of ideal posi-
tive samples from 𝐷𝜏 , and distribution of old and latest pos-
itives from 𝐷𝜏,𝑑𝑚𝑎𝑥

and 𝑃𝜏 respectively on Criteo. The re-
sults are shown in Figure 3. Obviously, the latest positive
samples from 𝑃𝜏 have a closer distribution to the ideal one,
leading to better performance of the synthesizing model.
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Figure 3: Accumulated KL divergence of positive samples
in D𝜏,𝑑𝑚𝑎𝑥

and 𝑀𝜏 .

Global Positive Weighting
The synthesizing model above produces robust predictions
by a dynamic weighting aggregation strategy, but there is
still a risk of underestimating CVR. Note that, each head
ℎ𝑖 from the multi-interval screening model is training on a
pipeline D+

𝜏,𝑑𝑖
. if 𝑑𝑖<𝑑𝑚𝑎𝑥 , extra fake negatives would de-

crease the global prediction values of heads. The weighted
ensemble results from heads that underestimates CVR still
suffer from the influence of fake negatives. To tackle such a
problem, we utilize the importance sampling (Bottou et al.
2013) approach to globally amplify the weights of all pos-
itive samples. Following Eq. (9), the weights for positive
samples from the pipeline for head ℎ𝑖 would be:

𝑤(𝑥, 𝑦, 𝑑) = 𝑝(𝑦 = 1|𝑥)
𝑞(𝑦 = 1|𝑥) , (15)

where 𝑑 is the delay time of the positive sample. D+
𝜏,𝑑𝑖

inserted duplicated positives to cover all the positives, we
could normalize 𝑝(𝑦 = 1) to get 𝑞(𝑦 = 1|𝑥).

𝑞(𝑦 = 1|𝑥) = 𝑝(𝑦 = 1|𝑥)
1 + 𝑝(𝑦 = 1|𝑥)𝑝(𝑑 > 𝑑𝑖 |𝑦 = 1, 𝑥) . (16)

So the positive weights could be reformulated as:

𝑤(𝑥, 𝑦, 𝑑) = 1 + 𝑝(𝑦 = 1|𝑥)𝑝(𝑑 > 𝑑𝑖 |𝑦 = 1, 𝑥)

= 1 + 𝛼

∑
(𝑥 𝑗 ,𝑦 𝑗 ,𝑑 𝑗 ) ∈P𝜏

𝟙(𝑑 𝑗 > 𝑑)
|P𝜏 |

.
(17)

Recall that, positive samples from P𝜏 make up a delay distri-
bution relatively close to the ideal one, so we count the num-
ber of delayed positives among P𝜏 to simulate 𝑝(𝑑 > 𝑑𝑖 |𝑦 =

1, 𝑥). Moreover, as the ideal CVR prediction 𝑝(𝑦 = 1|𝑥)
could be difficult to calculate, we utilize a predefined hyper-
parameter 𝛼 ∈ [0, 1] to replace it, reflecting the global CVR.
A higher 𝛼 would lead to a larger degree of amplification to
the weights of positive samples. We use the same 𝛼 for every
head in our experiment for simplicity and convenience.

A short discussion. There are several differences be-
tween earlier studies and MISS in terms of weighted train-
ing. Previous methods focus on obtaining precise sample
weights to enhance model performance. They train auxil-
iary models to assist in computing weight terms like 𝑝(𝑑 >

𝑑𝑖 |𝑦 = 1, 𝑥) for each sample, respectively. However, exclud-
ing the extra cost of models, predicting those terms is as
difficult as the CVR prediction itself. Contrarily, MISS only
aims to lessen the global bias as our method relies on the
following synthesizing model to increase accuracy. No extra
models for weights calculation are used in MISS. Besides,
the static setting of weights(e.g., the weights for positive
samples from the same batch would be the same) avoids ex-
cessively affecting the ranking ability of heads, maintaining
their distinction for subsequent aggregation.

Experiments
In this section, we first provide an overview of the design
and implementation of experiments, and then validate our
proposed model on two representative public advertising
datasets, responding to the following research questions:
• RQ1: How does MISS perform in conversion rate pre-

diction tasks, compared to the state-of-the-art models?
• RQ2: How does the global positive weighting help de-

crease the global bias?
• RQ3: How do adjusted datasets and the synthesizing

model affect the performance of MISS respectively?

Datasets
The statistics of the two datasets are given in Table 1. We
follow the original maximal attribution window setting of
datasets in experiments.

Criteo Conversion Logs Criteo1 is a widely used dataset
for CVR prediction task (Chen et al. 2022). It contains 60
days data, with a 30 days attribution window 𝑑𝑚𝑎𝑥 .

Tencent Advertising Algorithm Competition 2017 Ten-
cent dataset2 includes 9 days of data with a 5 days attribution
window 𝑑𝑚𝑎𝑥 . The dataset contains 22 million samples.

Experimental Settings
Online Simulation The online streaming process requires
models to keep predicting CVR of new samples and then
training on them. Following previous work (Chen et al.
2022; Yang et al. 2021), we separate the dataset into pre-
training part and streaming part. Methods are allowed to
use all the data from the former part to complete pretraining
as they need. Then, models keep getting evaluated and up-
dated hour by hour on the streaming part. The online train-
ing data only contains information available at the current
timestamps. We adopted three distinctive evaluation metrics
to evaluate the model performance, the area under the ROC
curve (AUC), the negative log likelihood (NLL), and the
precision-recall curve (PR-AUC).

Compared Baselines
Oracle: An ideal model training on dataset 𝐷̂𝜏 with the
ground-truth label, representing the upper bound.
Pretrain: A model training on pretraining data, representing
the lower bound.

1https://labs.criteo.com/2013/12/conversion-logs-dataset/
2https://algo.qq.com/?lang=en
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Dataset # features # conversions # Samples # average CVR # log period # attribution period

Criteo Dataset 17 3,619,793 15,898,863 0.2277 60 days 30 days
Tencent Dataset 19 624,411 22,601,402 0.0276 9 days 5 days

Table 1: Statistics of Criteo and Tencent dataset.

Datasets Criteo Dataset Tencent Dataset

Metrics AUC NLL PR-AUC AUC NLL PR-AUC

Pretrain 0.0%(0.833) 0.0%(0.407) 0.0%(0.628) 0.0%(0.775) 0.0%(0.108) 0.0%(0.089)

Vanilla 27.5% 33.9% 26.5% 70.0% 60.3% 75.1%
FNW (Ktena et al. 2019) 46.0% 49.2% 20.1% 74.3% 70.7% 61.1%
FNC (Ktena et al. 2019) 44.9% 22.8% 7.4% 73.0% 67.2% 55.7%
ES-DFM (Yang et al. 2021) 64.6% 74.0% 66.4% 70.2% 65.5% 56.6%
DEFUSE (Chen et al. 2022) 66.9% -19.3% 66.8% 70.0% -70.7% 58.4%
MTDFM (Huangfu et al. 2022) 65.8% 56.8% 65.4% 75.6% 68.4% 70.8%
FTP (Li et al. 2021) 59.5% 50.8% 54.8% 79.9% 72.4% 72.8%
MISS 83.7%* 83.9%* 78.1%* 86.0%* 82.8%* 88.2%*
Oracle 100%(0.851) 100%(0.382) 100%(0.656) 100%(0.818) 100%(0.102) 100%(0.111)

Table 2: Performance comparisons of the proposed model with baseline models on AUC, NLL, and PR-AUC metrics. The
Pretrain method and the Oracle method respectively correspond to 0% and 100%, their absolute performance is in parentheses.
The best value in one column is displayed by the bold value, and the second is indicated by the underlined value. * indicates
statistical significance improvement compared to the best baseline measured by t-test at p-value of 0.05.

Vanilla: A model training with a finetuned waiting window.
FNW (Ktena et al. 2019): A model training with a duplica-
tion mechanism and the fake negative weighted loss.
FNC (Ktena et al. 2019): A model training with a duplica-
tion mechanism and the fake negative calibration.
ES-DFM (Yang et al. 2021): A model training with a dupli-
cation mechanism using the ES-DFM loss.
DEFUSE (Chen et al. 2022): A model training with a dupli-
cation mechanism using the DEFUSE loss.
MTDFM (Huangfu et al. 2022): A two-task model training
with a duplication mechanism.
FTP (Li et al. 2021): A model training with a multi-task
learning mechanism and aggregation strategy.

We choose DEFUSE instead of Bi-DEFUSE (Chen et al.
2022) as the former achieved much better results on Criteo in
the original paper. We also apply detailed comparison with
existing multi-task approaches like FTP.

Parameter Settings We implement the MISS in Tensor-
flow and the source code will be available on GitHub3. A
DNN model with a fixed hidden size (128,128) is used as
the base model for all the methods. Each hidden layer is fol-
lowed by the Leaky ReLU activation function (Maas et al.
2013). The synthesizing model for MISS only has one hid-
den layer with size [32]. L2 regularization is set to 10−6 on
Criteo Dataset and 10−7 on Tencent Dataset. The models
are updated by the Adam optimizer (Kingma and Ba 2014).
For a fair comparison, we apply the grid search strategy to
tune the best learning rate among {0.0001, 0.0005, 0.001},
and tune the waiting window for previous models in accor-
dance with the original papers. MISS and FTP apply the
same waiting windows, [1D, 7D, 14D, 21D, 30D] on Criteo
and [1H, 6H, 24H, 48H, 120H] on Tencent.

3https://github.com/NealWalker/MISS

Main Experiments (RQ1)
We execute 5 random runs on Criteo and Tencent to illus-
trate the overall performance of MISS and baselines. The
averaged results with significance test are given in Table 2.
Following (Gu et al. 2021; Yang et al. 2021; Yang and
Zhan 2022), we report the relative improvement to the per-
formance gap between the Pretrain model and the Oracle
model. We have the following findings upon their perfor-
mance comparison:

• Our MISS method significantly performs better than
the baselines on both datasets. In particular, MISS out-
performs the strongest baselines w.r.t. relative-AUC by
16.8%, 6.1% on Criteo and Tencent datasets, respec-
tively. Similar improvements are observed at NLL and
PR-AUC metrics. Our strategy yields remarkable im-
provements because it applies multi-head design to learn
distinctive distributions and provides a new, robust syn-
thesizing model to aggregate exploitable information.
Besides, compared with ES-DFM and DEFUSE which
require a whole extra auxiliary model with a heavy em-
bedding layer, few extra parameters introduced by MISS
are totally affordable.

• Vanilla can perform better than expected if its waiting
window is relatively long, e.g., 10 days, suggesting the
value of maintaining a long waiting window to observe
data, which is covered in MISS. By introducing impor-
tance sampling or calibration, FNW and FNC reach bet-
ter performance. Such advantage is enlarged in ES-DFM
by auxiliary models that calculate importance weights.
MTDFM applies extra head for prediction calibration,
achieving better AUC. DEFUSE comes up with a hid-
den model to precisely determine importance weight and
reaches the best AUC and PR-AUC among baselines on
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Metrics AUC (↑) NLL (↓) PR-AUC (↑)

MISS 0.8477 0.3856 0.6495
MISS O 0.8451 0.3944 0.6435
MISS L 0.8390 0.3950 0.6382
MISS A 0.8469 0.3860 0.6489
MISS R 0.8459 0.3886 0.6430
MISS H 0.8477 0.3857 0.6496

Table 3: Ablation study of MISS on Criteo.

Criteo. However, sophisticated terms contained in its cal-
culation cause a relatively high NLL.

• Tencent dataset represents the real industrial scenarios
with massive data but scant feedback (an average con-
version rate of 2.76%). Its low CVR and long-tail dis-
tribution weaken the strengths of weighting, leading to
mediocre results for importance sampling methods. FTP
and MISS, on the other hand, have lengthy waiting win-
dows to model the distribution without adding many fake
negatives. They do not rely on importance sampling and
are resistant to scenarios with different CVR and distribu-
tion. Lastly, while the physical meaning of heads of FTP
is the CVR restricted to various delay time windows, the
meaning in MISS is the ground-truth CVR achieved by
various sampling and weighting strategies, and the strate-
gies are determined by various delay time. As a result, the
FTP heads trained at samples from shorter waiting win-
dows would inevitably underestimate the CVR, because
these heads only observe part of the real positive sam-
ples. The synthesizing model with a specially designed
pipeline and reliable heads helps MISS produce predic-
tions pretty close to the ground-truth CVR and outper-
form FTP.

Ablation Study (RQ2)
In this section, we focus on ablation studies to validate
the effect of adjusted datasets and the synthesizing model.
We evaluate the following formulations of MISS on Criteo:
MISS O: MISS without duplication mechanism.
MISS L: MISS without the synthesizing model and out-
putting last head predictions.
MISS A: MISS without the synthesizing model and output
average head predictions.
MISS R: MISS with a synthesizing model training on
𝐷̂𝜏,𝑑𝑚𝑎𝑥

instead.
MISS H: MISS taking both head predictions and middle re-
sults as inputs for the synthesizing model.

The results are shown in Table 3. The removal of the
duplication mechanism leads to a significant decrease at
performance, indicating the importance to adjust the train-
ing data of heads when they are directly used for predic-
tions. MISS A outperforms MISS L by a great margin for
its naive aggregation. Such advantages are further devel-
oped by the dynamic aggregation strategy of the proposed
model. MISS R obtains mediocre results at PR-AUC and
NLL. A synthesizing model trained on 𝐷̂𝜏,𝑑𝑚𝑎𝑥

gives dom-
inant weights to the head with the longest waiting window

Figure 4: MISS trained with various 𝛼 on Criteo

for their similarity on training data, ignoring other heads. In
contrast, our synthesizing model with an assembled pipeline
could comprehensively exploit the value of every head. Fi-
nally, we include the middle results from the hidden layer of
the model as additional inputs for the synthesizing model.
The similar results suggest that the head predictions alone
are sufficient and extra information is not necessary.

Global Positive Weighting (RQ3)

In global positive weighting, a hyper-parameter 𝛼 controls
the degree of positive weighting. Here we evaluate how the
value of 𝛼 influence the bias of our predictions. We use the
NLL metric to illustrate the bias for its sensitivity to the ab-
solute value of the prediction. The results of other metrics
are omitted for similar trends. According to the results in
Figure 4, with the increase of 𝛼, the NLL of MISS continues
decreasing, suggesting predictions with higher accuracy and
confidence are made. Notably, 𝛼 replaces the ideal CVR pre-
diction value in Eq. (17), but a value higher than the global
average CVR could actually reach better performance. One
explanation is that as we do not decrease the weights of neg-
atives, excessive weights for positive samples could achieve
a similar effect.

Conclusion
In this paper, we concentrated on the online CVR predic-
tion task and proposed the MISS approach to deal with the
issue of delayed feedback. We underline the value of inte-
grating observations of various waiting windows and design
a general framework to synthesize predictions by investigat-
ing their relationships on assembled unbiased data. MISS
also decreases the bias of models by a universal weighting
strategy with an assembled training pipeline. Experiments
on two real-world datasets demonstrate the significance of
our method.
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