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Abstract

Ad quality plays a central role in ranking sys-
tems, promoting high-quality ads and demoting
low-quality ones to enhance user experience and ul-
timately drive long-term value for both people and
businesses. The quality of each ad is estimated
by a value model, which computes a weighted
sum of various quality predictions. Since differ-
ent user cohorts exhibit heterogeneous sensitivities
to the same ad, personalization aims to customize
these weights to achieve a more efficient trade-
off between ads performance and user engagement.
In this paper, we propose a new personalization
framework with two key innovations: 1) a multi-
task multi-label (MTML) causal model that jointly
predicts user sensitivities across multiple ad qual-
ity signals; and 2) a user sensitivity information
aware and structural information aware optimiza-
tion framework for learning more efficient scalar
weights. With these improvements, our frame-
work achieves a 0.5% increase in ads performance
while maintaining neutral engagement, and deliv-
ers a 1.4x gain in efficiency compared to the current
system.

1 Introduction

Social media platforms prioritize delivering high-quality user
experiences by facilitating the creation and discovery of or-
ganic content. To sustain their business models, these plat-
forms strategically insert advertisements into the content
stream. While increasing the number of ad impressions
may improve short-term ads performance metrics, it can de-
grade long-term user satisfaction—particularly when users
are shown low-quality or irrelevant ads. Negative reactions
such as reporting, hiding, or disliking ads are clear signals of
dissatisfaction and offer valuable supervision signals to guide
ranking decisions. These signals motivate the development
of quantitative methods to assess and enforce ad quality as a
central part of ad delivery systems.

Modern ad ranking systems use machine learning models
to estimate the likelihood of various negative user interac-
tions, such as low relevance scores, high hide rates, or poor
feedback. Each model prediction is associated with a positive

How likely is the target event How important is this prediction

Model Prediction Weight
given an ad impression? for this user?

Quality Bid = Y (Model Prediction * Weight)
|
Quality Value Model (VM)
= p(Report) * Weight, + p(Hide) * Weight, + p(Dislike) * Weight, + ...
Figure 1: Illustration of quality value model.

scalar weight that reflects the system’s prioritization of differ-
ent types of negative signals. The weighted predictions, often
referred to as quality bids, are aggregated by a value model
to produce the final ad score (Figure 1). This score is used
to rank and serve ads, balancing ads performance goals with
user experience constraints. The effectiveness of this balance
directly affects both platform ads performance and user re-
tention, making the value model a central component of any
large-scale ad system.

Traditionally, the value model applies a uniform policy in
which the scalar weights are fixed across the entire user base.
However, users exhibit substantial heterogeneity in their sen-
sitivities to different ad signals. For instance, some users may
be highly tolerant of repetitive creatives or strong calls-to-
action, while others may find such features intrusive. Apply-
ing the same penalty weights to all users fails to capture these
nuances, potentially leaving performance gains on the table.
By customizing scalar weights for different user cohorts, the
system can selectively relax or enforce quality constraints,
thus enabling more personalized ad exposure strategies. We
refer to this scalar customization process as personalization'.

The personalization process consists of two core compo-
nents: cohort prediction and scalar weight optimization. In
the first stage, the system must infer which cohort a given
user belongs to based on their sensitivity to various ad qual-
ity signals. Cohort prediction is a crucial step tailoring the
ad experience to users in different cohorts, it can be achieved
through various machine learning models, such as clustering
algorithms (e.g. k-means [MacQueen and B., 1967]) or clas-
sification models (e.g. logistic regression [Jr. et al., 2013]),
these methods typically group users by their demographic,
behavior and engagement pattern. However, these classi-
cal machine learning models may not capture the underly-

'Ideally we want the personalization process to be performed on
individual user level, due to complexity constraints, currently we
focus on user cohort level.

42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74



75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
9
91
92
93
94
95
9%
97
98
99

100

101

102

103

104

105

106

107

109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133

ing causal relationships between user characteristics and ad
preferences. To address this limitation, causal modeling tech-
niques are employed, allowing us to identify the causal rela-
tionships between variables rather than correlations and en-
abling more accurate predictions and better decision-making.
The key focus of causal modeling for cohort prediction is
the incremental change in outcome due to a treatment or
intervention [Rubin, 2005], which is termed heterogeneous
treatment effect (HTE) or conditional average treatment ef-
fect (CATE). Uplift models have been used extensively in
the analysis of HTE/CATE and there are several major cat-
egories: (1) Causal Trees, where different splitting crite-
ria such as distribution divergences [Radcliffe and Surry,
2011] and expected responses [Saito er al., 2020; Zhao et
al., 2017] are used to divide user groups; (2) Meta-learner,
which predicts the expected outcome to tackle the counter-
factual problem [Kiinzel ef al., 2019; Alaa et al., 2023]; (3)
Deep Neural Networks (DNNs), which leverage the robust
representation power and the exceptional predictive capabil-
ity of DNNs to model causal relationships [Shi er al., 2024;
Raul et al., 2023; Shalit et al., 2017; Louizos et al., 20171;
and (4) Sequential modeling, which focuses on long-term
reward and enables continuous learning [Zhao et al., 2020;
Du et al., 2019al. In our proposed framework, we design
a multi-task multi-label (MTML) causal model that jointly
predicts user sensitivity across multiple quality dimensions.
This model captures shared representations across tasks while
modeling the individual treatment effects for each quality sig-
nal. As a result, it provides a compact and expressive way to
encode user-level quality preferences.

The second component of our personalization framework
involves optimizing the scalar weights for each user cohort.
This is a constrained optimization problem that seeks to
maximize user engagement subject to ad performance con-
straints. There are various optimization problem formulation
to achieve this goal, such as Bayesian optimization [Agarwal
et al., 2018], policy gradient approach [Jeunen et al., 2024],
multi-objective optimization [Tang er al., 2024] using con-
vex optimization [Boyd and Vandenberghe, 2004], learning
based control [Agarwal et al., 2014], functional optimiza-
tion [Zhang et al., 2014] and reinforcement learning [Cai et
al., 2017]. However, many of these approaches—especially
black-box or sample-inefficient methods such as Bayesian
optimization and reinforcement learning—face significant
practical challenges when applied at industrial scale. These
include high computational cost, lack of transparency, lower
robustness and slow convergence. In contrast, we adopt a
white-box convex optimization approach, which provides a
more tractable and interpretable solution pathway. Convex
programs enable deterministic guarantees, exploit the prob-
lem structure induced by the value model and user sensitivity
estimates, and scale efficiently to the billions of impressions
handled in a production system. This formulation ensures
both robustness and deployability, making it well-suited for
large-scale personalization.

In this paper, we present a novel bi-level personalization
framework called Opus (OPtimization and User Sensitivity
modeling); the detail flow of this framework are: 1) in the
user cohort prediction phase, a MTML model is developed

to predict user’s sensitivity level for multiple quality bids si-
multaneously; 2) in the mathematical optimization phase: a
convex optimization problem is formulated and solved to ob-
tain the optimal scalar for each user cohort. The contributions
of this paper are as follows:

* We design a multi-task multi-label (MTML) causal
model that jointly estimates user sensitivity across mul-
tiple ad quality dimensions. By leveraging cross-domain
knowledge transfer, the model effectively addresses
quality signal sparsity and achieves an average AUCC
gain of 2% (Area Under Cost Curve).

We propose a convex optimization framework that learns
personalized value model weights, enabling fine-grained
control over the trade-off between user engagement
and ad performance. This approach improves engage-
ment/ads performance metric efficiency by 1.44x com-
pared to the current baseline.

Our end-to-end system delivers a 0.5% lift in ad per-
formance while maintaining neutral user engagement,
demonstrating measurable impact on one of the world’s
largest social media platforms.

2 Preliminaries and Related Work

We begin with a high-level overview of the Opus frame-
work; detailed architectural and modeling components are
presented in the following section.

2.1 Heterogeneous Treatment Effect Modeling

Heterogeneous treatment effect (HTE) modeling refers to the
process of predicting a user’s sensitivity to changes in ad
quality. Typically, for each quality bid, a separate machine
learning model—such as a decision tree or deep neural net-
work—is trained to map user features to a cohort identifier.
However, this approach has several limitations: 1) The num-
ber of models grows linearly with the number of quality bids,
making system maintenance increasingly inefficient; 2) Qual-
ity bids often exhibit semantic or behavioral similarity, yet
independent modeling fails to leverage shared information
across tasks, potentially missing out on richer representations
and improved performance.

To address these limitations, we adopt a multi-task multi-
label (MTML) model paradigm that predicts user cohorts
across multiple quality bids simultaneously. MTML archi-
tectures have demonstrated strong performance in various ad-
related tasks, including personalized recommendation [Gao
et al., 2024; Tang et al., 2020; Ma et al., 2018al, model de-
biasing [Ma et al., 2018b; Zhang et al., 2020], and auction
design [Ma et al., 2022; Kalra et al., 2023].

In our MTML setup, all user features are first processed
by shared layers to learn generalizable representations, which
are then passed to task-specific heads that independently pre-
dict cohort assignments for each quality bid. This joint train-
ing strategy improves model robustness and overall predic-
tion performance across domains, helping to mitigate com-
mon challenges such as data imbalance, noisy supervision,
and domain-specific overfitting.
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Figure 2: MTML model for user sensitivity prediction.

2.2 Mathematical Optimization

Given the user sensitivity predictions from the MTML model,
the next step is to derive optimal scalar weights for each
cohort to maximize top-line metrics. To enable supervised
learning in this phase, we conduct randomized controlled trial
(RCT) experiments. In these experiments, users are randomly
assigned to treatment groups, each configured with a different
manually selected scalar for a given quality bid. By record-
ing the resulting ad performance and user engagement met-
rics under each scalar, we construct a training and evaluation
dataset for optimization.

Using this data, we formulate a constrained optimization
problem as follows:

maximize Total Engagement

subject to Total Ads Performance > Performance Constraint.

ey

In this high-level formulation, the optimization variables are
the scalar weights assigned to each user cohort. The ob-
jective is to maximize overall user engagement, subject to
maintaining a minimum level of ad performance. While al-
ternative formulations are possible (e.g., maximizing ad per-
formance subject to engagement constraints), we adopt the
engagement-maximization form in Eq. (1), and demonstrate
that it can also be adapted to prioritize ad performance as
needed.

3 Detailed Design

In this section, a detailed walk through of the Opus frame-
work will be provided. For notational clarity, matrices are in
bold upper case (e.g. A), vectors are in bold lower case (e.g.
X), scalars and variables are non-bold (e.g. «, a).

3.1 MTML Model for User Sensitivity Prediction

To estimate the causal treatment effects of multiple quality
bids simultaneously, we adopted a unified multi-task multi-
label (MTML) causal modeling approach (as shown in Fig-
ure 2). Unlike modeling each treatment and domain in-
dependently, the MTML framework allows the model to
learn shared representations across tasks and domains, fa-
cilitating knowledge transfer. This is particularly valuable
when data quality or treatment labeling may vary across sur-
faces—errors or sparsity in one domain can be mitigated
by more robust signal from the other. Furthermore, user
or contextual patterns may exhibit cross-domain commonal-
ities, which can be effectively captured by shared layers in
the MTML architecture, enhancing generalization. By jointly

modeling the multiple treatments, we also enable the model
to better understand interaction or substitution effects when
both treatment types may co-occur or influence similar down-
stream metrics.

In the MTML architecture, input feature will go through a
shared bottom layer, which is responsible for learning com-
mon knowledge among all tasks; later the shared output are
fed into different task-specific heads which learn task-specific
features and produce task outputs. The shared layers and task-
specific heads are both feed-forward neural networks with
non-linear activation functions.

The input features to the MTML model typically include
user demographic features and user activity features, let x
represent the input feature vector and there are [V shared lay-
ers; also let W, and b; be the shared weight matrix and
shared bias vector in shared layer ¢, the final output of the
shared layer hgp,eq is represented as:
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hspared = 0 (Wn_1...0(Wa0 (Wox + bg) + b1)... + by_1),

2)
where o(+) is the ReLU activation function. Then the shared
layer output hpq.cq serves as the common input to each task-
specific head, similarly, the output of the task-specific layer
for task ¢ can be represented as:

gi =0 (Wihshared + bz) > 3)

where W' and b’ are the weight matrix and the bias vector
for task 7. After the task layers, the final out is computed as:

y' = Wigl +b'. (4)

To train the MTML model, the loss function is defined as a
weighted sum of the mean squared error loss for each task:

Liotar = Y wil(y", "), 5)

where
Ly 9) == (v; =9 (©)
J
¥ is ground-truth label vector for each data point and y is the
model output.

In our case, the user’s sensitivity score is defined as the ex-
pected engagement gain per expected ads performance loss,
i.e., the ratio form of two objective CATE’s. The larger
the ratio, the user is more sensitive to ads quality treatment.
However, it is well known that ratio form is more noisy to
model directly due to the noise amplification from outliers.
To address this challenge, we adopt the Lagrangian select-
ing criteria[Du et al., 2019b] used in [Shi et al., 2024], to
transform the conditional outcome metric to linear form as
follows:

Ty = Ry + X Qy, @)

where R; and @), are the ads performance and quality bid
value after treatment ¢ is applied (e.g. setting the weighting
scalar for this quality bid to a particular value). Note that X is
a hyper-parameter of the model that we will search during the
model tuning. Let ¢ = 1 represent that certain scalar is ap-
plied to the quality bid and ¢ = 0 represent the scalar associ-
ated to the quality bid is O, the user’s sensitivity (transformed
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by Lagrangian selecting criteria) can be mathematically com-
puted as:

AT =Ty—1 — Ti—o. 3
However, it is challenging to obtain the sensitivity score from
the RCT experiment due to counterfactual effect, i.e. the indi-
vidual in the experiment can not be in the treatment and con-
trol group simultaneously. To tackle this problem, the doubly
robust learner (DRL) method [Shi er al., 2024] is employed
to estimate the user sensitivity score; the MTML paradigm
is then applied on top of DRL estimator to estimate multiple
cross-domain sensitivity score as multiple tasks.

3.2 Linear Programming

Let N be the number of user cohorts and D be the cardinal-
ity of scalar decisions, also denote {«g, a1, ..., «p_1} as the
finite scalar decision set that we choose to apply to different
user cohorts. From the dataset collected from the RCT exper-
iment; an engagement matrix K« p and an ads performance
matrix P« p can be obtained, where E; ; represents the en-
gagement response of cohort ¢ when applying scalar decision
o, P, ; represents the ads performance response of cohort
¢ when applying scalar decision ;. Let z; ;€ {0,1} be the
binary variable denoting whether cohort ¢ should be assigned
scalar a/;; also denote B as the baseline ads performance and
0 < p < 1 as the ads performance budget. Given the finite
response of scalar decisions, a naive integer programming op-
timization (ILP) can be formulated as follows:

> Eij-wi

0<i<N—1
0<j<D—1

S.t Z Pi,j c Ty Z (1 — p)B,
0<i<N-—-1
0<j<D-1

Z zi;=1,%=01,.,N—-1 (9
0<j<D-1

max

The equality constraint in (9) ensures that for each cohort,
only one valid scalar is chosen. On one hand, the ILP formu-
lation ensures that the solution is optimal; on the other hand, it
is also considered a NP-hard problem, which imposes a great
challenge to the scalability as N and D increase; especially
when it is more desirable to optimize over a continuous scalar
range rather than a finite set of scalar numbers. In order to
achieve this goal, certain relaxation is needed to reduce the
problem’s complexity and some approximations are required
to estimate the ads performance and engagement response for
each cohort under arbitrary scalar.

In the engagement matrix Ex«p and ads performance
matrix Py« p, each row of Exyp and Pyyp can be
viewed as the engagement response sample points and ads
performance response sample points given scalar samples
{ap,@1,...,ap_1}, respectively. With these information,
least square curve fitting can be performed to predict the ads
performance and engagement behavior of each cohort in the
continuous space. A simple approach is to assume linearity
in both ads performance and engagement and perform linear
fitting. In this scenario, the engagement response for cohort %
can be represented as k;x; + d;, where k; and d; are the slope

cohort 0, engagement metric cohort 0, ads performance metric

x10° _ 110 x10°
—e— Ground truth el —e— Ground truth
10 linear pe linear
// 1.08 —»— quadratic
;‘/I
0.5
s 1.06
-
1.0 15 2.0 25 1.0 15 2.0 25

scalar scalar

(a) Cohort 0.

cohort 93, engagement metric cohort 93, ads performance metric

x10°8 x107
—e— Ground truth 7| 9.0
6 linear -
4 rd 8.8
" —e— Ground truth
2 o linear
od 8.6 —— quadratic
1.0 15 2.0 2.5 1.0 15 2.0 2.5

scalar scalar

(b) Cohort 93.

Figure 3: Curve fitting of ads performance metric and en-

agement metric response. ) )
find tercept of the Itjangagement response for cohort i, z; is

the continuous scalar associated with cohort ¢; similarly, the
ads performance response for cohort ¢ can be represented as
w;; + z; and the simple linear programming problem can be
formulated as follows:

0<i<N-—1

S.t Z WiT; + 2 > (1 — p)B7
0<i<N-1
[ <z;<u,Vie {0,1,...,]\[ — 1}. (10)

In the above formulation (10), the objective engagement
function is the sum of predicted engagement of all cohorts,
the constraint ads performance function is also the sum of
predicted ads performance of all cohorts. [ and u are uni-
versal lower bound and upper bound for the scalar variable
x;. The advantages of LP formulation over ILP are: 1) the
dimension of optimization variables is reduced from N x D
to N, making it more scalable to multi-objective and multi-
constraints formulation depending on business needs; 2) LP
is easier to solve than ILP (P vs NP-hard); 3) the generated
policy is continuous in stead of finite set; 4) linear fitting can
handle certain outliers and thus yield a more generalizable
result.

However, the LP formulation relies on the linearity as-
sumption on ads performance metric and engagement met-
ric, which may not be true for some cohorts; in addition, the
user’s sensitivity information for each cohort given by the
MTML output is not utilized. In the next subsection, these
side information are further incorporated into the optimiza-
tion problem.

3.3 User-sensitivity-aware and Structure-aware
Constraints

In the RCT dataset, we collected the ads performance metric
and engagement metric response of each cohort for the Ad
quality bid and the linearity of engagement response can be
verified (see Figure 3a). However, there are also strong non-
linear ads performance metric behavior in some other cohorts.
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To better capture this non-linearity, quadratic fitting is applied
to approximate the ads performance behavior for each cohort
(see Figure 3b); as a result, the ads performance response of
cohort 7 can be modeled as aix% + b;x; + ¢;, where a;, b; and
c; are the coefficients of the quadratic forms. It is also worth-
while to note that linear fitting is a special case of quadratic
fitting , hence the quadratic constraint is backward compati-
ble for the cohorts whose ads performance metric behavior is
linear.

In addition to the original LP formulation (10), we found it
crucial to incorporate product constraints to enhance general-
ization and accelerate optimizer convergence. Users are cate-
gorized based on model-predicted sensitivities, and it is gen-
erally optimal to assign smaller scalars to more sensitive co-
horts. To achieve this, we introduce a monotonic constraint:
for cohort ¢ and cohort j, 7,5 € {0,1,.... N — 1}, if i < j,
then z; < x;, as cohorts are sorted in ascending order of sen-
sitivity. This approach significantly improved generalization,
as evidenced by enhanced performance on the test set, and
also resulted in faster convergence.

The new linear programming problem formulation with
quadratic constraint and monotonic constraint is finalized as
follows:

max E k;x; +b;
0<i<N-—1

s.t Z aix? +bixi+¢; > (1—p)B,
0<i<N-—1
1 <z; <u, Vie{0,1,..,.N —1},

2 <aj, Vi<jandi,je{0,1,..,N—1}. (11)

The final optimization problem can be solved by the embed-
ded conic solver (ECOS) [Domahidi et al., 20131, a classical
primal-dual interior-point solver [Wright, 1997] for convex
cone programs. ECOS reformulates our quadratically con-
strained problem into conic form by expressing the quadratic
constraint as a second-order cone. It then solves the result-
ing second-order cone program (SOCP) using a primal-dual
Newton method, iteratively updating primal and dual vari-
ables while maintaining feasibility within the cone. ECOS
offers high numerical accuracy and is efficient for medium-
scale problems, making it a practical choice for our use case.

4 Offline and Online Evaluations

In this section, offline and online evaluation results will be
provided. The Opus framework is applied to two quality bids:
quality bid 1 and quality bid 2, which use the prediction of a
user’s feedback toward an ad as the proxy for the ad’s quality.
In the MTML model, user cohorts for these two bids will
be predicted simultaneously, then the predictions are fed into
the optimization algorithm to obtain the personalized scalars
individually (see Figure 2).

4.1 MTML Model Offline Performance

For the model architecture change from individual models to
MTML (Figure. 2), AUCC (Area under Cost Curve) [Du et
al., 2019b] is used to measure business gain by a combination
of ads performance and engagement. In an AUCC plot, the

Quality Bid 1 Quality bid 2
1.0 1.0
0.8 0.8
5 5
£ 06 £ 06
o) o)
g g
o 04 . 8,04
5] : 5]
el —e— Train . —e— Train
0.2 s 0.2 o
yd —¥— Test e —¥— Test
7 —-—- baseline g ——- baseline
0.0 0.0
00 02 04 06 08 10 00 02 04 06 08 10

ads performance ads performance

Figure 4: MTML model AUCC for two quality bids.

Table 1: Evaluation AUCC comparison between baseline
models and MTML.

Eval AUCC Quality bid 1 Quality bid 2
Baseline 0.748 0.792
MTML 0.766 (+2.4%) 0.807 (+1.9%)

aggregated engagement gain is represented in the Y-axis and
the aggregated ads performance loss is represented in the X-
axis. The overall curve serves to help evaluate the return on
investment predictions. The training and evaluation AUCC
for the MTML model is shown in Figure 4. After MTML
training is completed, a validation dataset is used to evalu-
ate the performance of MTML model and the current model
(baseline), the comparison of model performances is shown
in Table 1. It can be observed that, with the new MTML ar-
chitecture, there is a 2.4% AUCC increase in predicting user
cohorts for quality bid 1 and a 1.9% AUCC increase in pre-
dicting user cohorts for quality bid 2. Therefore, the advan-
tage of MTML architecture is clearly demonstrated.

4.2 Optimization Offline Performance

For the optimization part, two datasets containing each user
cohort’s ads performance metric and engagement metric re-
sponses at different time ¢ty < t; are collected, denoted as
Dy, Dy, . In additions, each user is also randomly assigned
a user bucket from 1 to 10 and the user bucket dimension
can also be split into 2 disjoint sets {ug, u1 }. The final train-
ing and testing dataset are Dy, ,,, and Dy, ,, (see Figure 5).
The reasons for creating disjoint training and testing dataset
in both time and user bucket dimension are as follows:

» Split by time: avoid using future information to make
prediction in the past and ensure that the model’s per-
formance is accurately evaluated when faced with future
data.

 Split by user bucket: the dataset collected from RCT ex-
periment is also a sampled version of production traffic.
The user bucket split also helps prevent overfitting and
boost generalizability of the policy derived from the op-
timization solution.

After solving the optimization problem and obtaining the
scalar policy for each cohort, the predicted engagement met-
ric and predicted ads performance metric for each cohort can
also be computed by applying the scalar to the fitted function.
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Figure 5: Training and testing dataset for optimization prob-
lem.

As a result, the summation of the predicted engagement met-
ric and predicted ads performance metric for all cohorts will
serve as the engagement proxy and ads performance proxy for
the ads system. For better visualization, the absolute values
of engagement and ads performance are not used; rather, they
are compared with a baseline performance and the percent-
age of delta is computed. To be more concise, let (1, 6p)
be the (ads performance metric,engagement metric) perfor-
mance point evaluated under a uniform policy (o; = 1 for
all cohorts 4); denote (11, 61) as the performance point eval-
uated under any other personalized scalar policy, the ads per-
formance metric delta and engagement metric delta is defined
as:
ads performance metric delta = u,

Ho
0, — 6

0o

12)

engagement metric delta = (13)
By changing the ads performance budget p, which represents
the business needs, an ads performance vs engagement trade-
off curve can be generated to show the performance or effi-
ciency of the optimization approach. In this paper, we gener-
ated and compare the performance of the following 4 meth-
ods:

* LP: linear programming method defined in (10).

e LP_sorted: linear programming method plus monotonic
constraint.

* LPQC: linear programming method with quadratic con-
straint in revneue, i.e. replacing linear modeling of ads
performance metric in (10) with quadratic modeling.

e LPQC_sorted:  linear programming method with
quadratic and monotonic constraint, as defined in (11).

In addition to the above 4 performance curves, an isolated ads
performance vs engagement performance point under current
baseline’s scalar policy can also be evaluated. Current base-
line’s policy is obtained by first predicting user sensitivity
with a single deep neural network model and then solving
the linear programming problem in (10). The overall perfor-
mance comparison for quality bid 1 is shown in Figure 6a and
several highlights can be observed:

* 4 trade-off curves are located to the top-right area of
the current baseline’s performance point, which means
that under certain scalar policies, ads performance met-
ric gain and engagement metric can be achieved simul-
taneously.
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Figure 6: Ads performance vs engagement trade-off curves
of different methods for quality bid 1 and 2.

e Under the same level of engagement, there is about
0.06% offline ads performance metric delta gain from
current baseline’s performance point to the LP perfor-
mance curve; given that the only difference between
them is the user sensitivity prediction part (single DNN
model vs MTML), the offline ads performance metric
improvement further validates the advantage of MTML
model.

e Comparing LP vs LPQC and LP _sorted vs LPQC_sorted,
it can be observed that by changing the ads performance
metric modeling from linear to quadratic, the ads perfor-
mance vs engagement performance curve shifts to the
right by about 0.01% to 0.02% ads performance delta
gain, demonstrating that quadratic modeling better cap-
tures the ads performance metric behavior and achieve
ads performance gain.

* Comparing LP vs LP_sorted and LPQC vs LPQC_sorted,
it can also be observed that by adding the monotonic
constraint, there is roughly 0.04% to 0.05% positive ads
performance metric delta shift of the performance curve,
which is a clear indication of the importance in user sen-
sitivity information in the optimization problem.

Similar results can be derived for quality bid 2 (Figure. 6b)
and they are omitted here due to space constraint. With the
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Figure 7: Ads performance vs engagement trade-off curves
of uniform policy vs performance from Opus for quality bid
1 and 2.

performance curves and the current baseline’s performance
point, it is easy to fine-tune the ads performance budget p to
find the scalar policy that achieves the business need. For
example, if the business objective is to increase ads perfor-
mance metric with neutral engagement; a horizon line can
be drawn across the current baseline’s performance point and
the intersection of the horizontal line with the performance
curve will be the solution that maximizes ads performance
metric; and the scalar policy associated with the intersection
point will be the optimal policy. Similarly, a vertical line can
be drawn if the goal is to increase engagement without ads
performance metric loss. It is also worthwhile to compare
the personalization result with uniform policies. Figure 7a
shows the performance trade-off curve when applying uni-
form policies under different scalars for quality bid 1, as the
scalar gets larger, the systems transition from a high ads per-
formance but low engagement to region into a low ads perfor-
mance but high engagement region. However, the system’s
performance is limited by the performance curve; personal-
ization enables the system to explore area with higher ads per-
formance and engagement. By simple DNN model for user
sensitivity prediction and LP formulation (10), the system
achieved 3 times engagment metric delta gain with roughly

Table 2: Comparison of normalized efficiency between cur-
rent baseline and Opus.

Metrics  Normalized efficiency
Baseline 13.96%
Opus 20.12%

Table 3: Online performance of Opus framework.

Metrics Ads performance DAU Time-spent
Baseline 100% 100% 100%
Pretest (Opus) 100.5% 99.999%  100.0072%
Backtest (Opus) 100.47% 99.996%  100.0085%

0.4% ads performance metric spent compared to baseline pol-
icy; the Opus framework further increase the ads performance
metric by roughly 0.15% with no engagement metric loss,
as a result, from the ads performance metric’s perspective,
the Opus method is equivalent to applying a uniform scalar
(roughly 1.1) but from the engagement metric’s perspective,
it achieves more than 3 times engagement metric delta gain
than the uniform scalar policy. Apart from focusing on in-
dividual ads performance or engagement metric gain while
fixing the other metric, the ads performance over engagement
efficiency metric provides another perspective to quantify the
power of the algorithm. The efficiency metric is defined as
the product of some normalization constants Cy and the ra-
tio of engagement metric delta over ads performance metric
delta, which are already defined in (12):

engagement metric delta
ads performance metric delta
0, — b6
g1 — o

efficiency = Cj -

=) (14)

With the offline dataset, the efficiency of current baseline’s
policy and the proposed Opus framework can be computed;
it can be observed from Table 2 that the Opus framework
achieves 1.44x efficiency boost compared to current baseline.

4.3 Online Results

With the promising offline result, an online A/B test is con-
ducted (one-month) before the launch and a backtest is also
conducted (one-month). Our current business goal is to max-
imize ads performance without engagement loss, hence ac-
cording to Figure 6, a horizontal line is drawn and intersect
with the LPQC _sorted curve; the scalar policy associated with
the intersection point will be the personalized policy for on-
line testing. Similar steps are also applied to the quality bid 2
to obtain a new scalar policy for each cohort.

After applying the new policy treatment, the overall online
ads performance and engagement performance is shown in
Table 3. With the new Opus framework, around 0.5% ads
performance metric gain with neutral engagement metric can
be achieved.
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5 Conclusions and Future Works

In this paper, a personalization framework call Opus is devel-
oped, aiming to customize ad’s quality bid scalar for different
user cohorts and can achieve both ads performance metric and
engagement metric gain. With the MTML model, user sen-
sitivity is first predicted and later linear programming prob-
lem with quadratic and monotonic constraint is formulated to
solve for the scalar policy. The new policy achieves around
0.5% ads performance metric gain in online experiments, as
well as 1.44x efficiency boost. For future directions, we are
planning to extend the user sensitivity prediction from single
snapshot model prediction to dynamic user sensitivity predic-
tion; we are also planning to extend to optimization formula-
tion to multi-objective, multi-constraint optimization.

6 GenAl Usage Disclosure

In accordance with the ACM’s Authorship Policy, we provide
the following disclosure regarding the use of Generative Al
(GenAl) tools in the preparation of this research paper:

* During the research and development stage, no GenAl
tool was utilized to assist in the collection, processing
and analysis of large datasets, nor was it used in the
codebase.

* During the draft writing and editing, no GenAl tool was
used to help initial text for any sections, nor was it used
for refining of the draft.
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