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Abstract
In the realm of social media advertising, a del-1

icate balance must be struck between ads value,2

and user engagement. To achieve an optimal equi-3

librium, sophisticated ad supply strategies are re-4

quired, which involve deciding the best time, place5

and density to show ads to individual users. Pre-6

dicting users’ sensitivity towards ads has been a7

critical component of the strategy.8

This paper presents a case study on how Instagram9

Ads harnesses the power of causal inference ma-10

chine learning, to learn each user’s sensitivity to-11

wards ads, which is then leveraged to enable ads12

supply personalization. This is an extremely chal-13

lenging task due to massive scales and subtlety of14

causal effects from supply changes. By leverag-15

ing data from RCTs and SOTA causal inference16

techniques, we demonstrated that our framework17

enables accurate estimation of user ads sensitivity18

over extended periods, through rigorous offline and19

online studies.20

1 Introduction21

The integration of sponsored content into social advertising22

platforms is a delicate balancing act, as it must harmonize23

user engagement with ads value generation. While increas-24

ing ad delivery can yield short-term gains, it may ultimately25

compromise long-term ads value prospects due to users be-26

ing driven away. This inherent trade-off poses a significant27

challenge in the online advertising landscape.28

Personalization has emerged as a promising strategy to en-29

hance both ads value and engagement, typically through tai-30

lored content selection and ranking. However, this approach31

primarily solve the problem of ”which content to show”, but32

doesn’t necessarily answer the question regarding placement:33

”where and how often should I should sponsored contents?”,34

which is fundamentally an allocation problem instead of a35

ranking/recommendation problem.36

Existing research on ads allocation are mainly focusing37

on techniques such as constrained optimization [[Yan et al.,38

2020]] and Markov decision processes [[Liao et al., 2022]] to39

customize the placement of ads and organic content. However40

there are notable gaps when applying these methods in in- 41

dustrial applications, which prompts more exploration in this 42

area to achieve a better balance between theoretical sound- 43

ness vs. practicability. 44

This paper presents a case study on how a personalized 45

model which predicts user sensitivity towards ads can be 46

leveraged to controlling ad-load levels. The main hypothesis 47

behind this approach is that each user has an underlying pref- 48

erence/sensitivity towards sponsored contents, which should 49

be taken into account to achieve a better equilibrium for both 50

social platform users and the platform itself. We demon- 51

strated we can leverage state-of-the-art causal inference mod- 52

eling technology to predict such user intrinsic sensitivity, and 53

optimize for value/engagement efficiency at scale. 54

2 Ads Sensitivity Modeling 55

Ads Sensitivity is a general term referring to trade-offs be- 56

tween ads value vs. user engagements. Mathematically, we 57

can define it as 58

Sensitivity = ∆AdsV alue
∆Engagement 59

with 60

• ∆AdsV alue = E(AdsV alue|T = 1, X) − 61

E(AdsV alue|T = 0, X) 62

• ∆Engagement = E(Engagement|T = 1, X) − 63

E(Engagement|T = 0, X) 64

• T ∈ {0, 1} indicates the treatment assignment 65

• X is the user feature vector 66

The problem then turns into being able to predict both nu- 67

merator and denominator, both of which are causal inference 68

problems and therefore requiring their own models. 69

In our case, we adopt a similar methodology for predict- 70

ing the 2 terms (numerator and denominator terms), however 71

there’s entirely flexibility in adopting different methods for 72

predicting the 2 terms, given they can be viewed as indepen- 73

dent sub-problems. 74

2.1 Data Collection 75

Technically, it’s possible to train the 2 causal models from ob- 76

servational data, under the assumption that a good propensity 77

model can be developed. 78

This assumption, however, is very unlikely to hold in an 79

extremely complex application ecosystem like Instagram. 80



Therefore, we decided that it’s important to collect high81

quality RCT (random controlled trials) data as foundations82

for building sensitivity models.83

To achieve such a purpose, we leveraged internal systems84

to create A/B tests which randomly assign users to treatment85

and control groups. The user assignment is fixed and is ex-86

pected to remain the same throughout the entire lifecycle of87

the experiment, to guarantee consistency.88

Since the users assigned to the RCT experiments tend to be89

subjected to other A/B test treatments prior to being assigned90

to the current experiment, they might be under experiments91

that could largely alter their in-app experience, and therefore92

creating unnecessary noise in our RCT data. Therefore, after93

creating the RCT experiment, we usually enforce a period of94

no ads-supply treatment, so that these users’ experience neu-95

tralizes back to normal production behaviors. Empirically, we96

observe that such a strategy tends to reduce the noise from the97

data. Here we refer to this as the “baking period”.98

After the so-called “baking period”, we turn on a certain99

supply treatment for all of the users being assigned to the test100

group.101

Finally, we collect the ads value and Engagement data for102

all users in both test and control groups, separately from the103

pre-treatment baking periods, as well as post-treatment pe-104

riods. This becomes the labels that we train the models to105

learn.106

For features, we take user features X prior to the treatment107

applications, to ensure no feature leakage.108

2.2 Model Architecture109

We leverage X-learner, which is one of the state-of-the-art110

causal inference models, to help us solve the sub-problems of111

predicting ∆AdsV alue and ∆Engagement. The methodol-112

ogy for the numerator and denominator are similar, so for the113

rest of this section we’ll use ∆AdsV alue as the illustration114

example.115

Here’s how the base X-learner model works for predicting116

∆AdsV alue. It’s slightly different from the initial X-learner117

method, as we combine the treatment and control populations118

when training the second-stage model.119

• M1(X): This is an Outcome model. It predicts how120

much ads value will change after applying treatment.121

This is a regression model, with122

– Sample Population = Users for which we apply a123

certain supply treatment, aka users in the test group124

– Features = User level historical features before the125

treatment is applied126

– Label = post-treatment ads value - pre-treatment127

ads value128

• M0(X): Also an Outcome model. It predicts how much129

ads value will change without applying any treatment.130

This is also a regression model. We can think of this as131

learning any ecosystem shift that’s happening during the132

training data period.133

– Sample Population = Users for which we didn’t134

apply any supply treatment, aka control group135

– Features = User level historical features before the 136

treatment is applied 137

– Label = post-treatment ads value - pre-treatment 138

ads value 139

• Mτ (X): This is for actually predicting the ∆AdsValue = 140

Y(1) - Y(0) for a single user, with vs. without the supply 141

treatment. This is also a regression model. This model 142

requires us to have observations of the same user’s data, 143

with vs. without the treatment. However, the same user 144

can only get 1 treatment, so we only have 1 actual ob- 145

servation, and missing the other observation This where 146

M1(X) and M0(X) come in handy - they are used for 147

estimating each user’s missing observation in a counter- 148

factual way. We can use them for generating the training 149

data for Mτ (X): 150

– Sample Population = All users 151

– Features = User level historical features before the 152

treatment is applied 153

– Label (if the user is in control) = M1(X)− Y (0) 154

– Label (if the user is in treatment) = Y (1)−M0(X) 155

Doubly Robust Estimator 156

In practice, due to the complexity of the problems and high 157

noise level, this version of X-learner does not perform well 158

on our task. Therefore, we adopt a modified version of X- 159

learner, by incorporating the Doubly Robust Estimator [Shi 160

et al., 2024] [Foster and Syrgkanis, 2023]. 161

Here’s how Doubly Robust Outcome model is defined: 162

Ŷ DR
i (Xi, t) = Mt(Xi) + (Yi − Mt(Xi))1{Ti = t}p(Ti = 163

t|Xi)
−1 164

Here p(Ti = t|Xi) is the propensity score, meaning the 165

likelihood of individual X receiving treatment t. In our case, 166

because we learn from an RCT, we have a fairly high con- 167

fidence that propensity = constant 0.5, which simplifies our 168

problem. 169

The key point is that Ŷ DR
i (Xi, 1)− Ŷ DR

i (Xi, 0) is an un- 170

biased estimator for ITE(Xi) 171

Therefore, by using the DR-enhanced pseudo label, we can 172

achieve better model performance. 173

2.3 Feature Selection 174

Ads Supply is an extremely complex system in Instagram. 175

Supply decisions would influence ad density and alter user 176

behaviors to a certain degree, naturally. 177

This means there’s inherent high risks of strong feedback 178

loops when it comes to supply modeling, if any of the fea- 179

tures used by the model can be heavily shifted due to supply 180

treatments. 181

Given the model is learned from pre-treatment features, it 182

does not know the feature distribution after the treatment is 183

applied. If there’s a significant feature shift from the treat- 184

ment itself, then the domain shift will likely render the model 185

less efficient or even completely irrelevant. 186

Empirically, we do observe when significant feature shifts 187

happen due to the supply treatment itself, the model will per- 188

form ok initially but then gradually degrade noticeably. 189

Therefore, we adopted a set of feature principles to miti- 190

gate such risks. There are 2 main principles we adopt 191



• Avoid strong feedback loop features. We quantify how192

strong the feedback loop is for each feature by com-193

paring their distribution post/pre treatments. As imag-194

ined, counter features like ads quantity will be heavily195

affected by ads supply and therefore ruled out by this196

principle197

• Stability. There are feature that will go through large198

changes in an uncontrollable way. The most obvious ex-199

amples are those tied to advertiser spends. Advertiser200

budgets are constantly changing due to the advertiser201

industry landscape and ecosystem; and big advertisers202

have the habits of resetting budgets/spends periodically.203

Therefore, any feature that could be influenced heavily204

by advertiser spends should be avoided205

This helps us narrow down from 1000 features into a206

lean set of less than 100 features, which also saves train-207

ing/inference costs at Instagram scale.208

3 Offline Evaluation209

We evaluate our models under 2 different measures -210

• Uplift AUUC (which is a classic, conventional wisdom211

type of option)212

• Bucketed Calibration, 1 new approach we proposed due213

to the limitation of only looking at AUUC214

3.1 Uplift Curve AU(U)C215

In ads sensitivity modeling, ads value vs. engagement trade-216

offs can be visualized using an Uplift Curve. The key idea217

is, if we sort all of the users by their sensitivity, and apply218

cutoffs to only apply the treatment to the most efficient users,219

then each cutoff point gives us an XFor instance, in the hypo-220

thetical example below, we see Model A can harvest approx-221

imately 50222

In general, the better the model, the better trade-offs we can223

get, and the curve should be higher than the baseline. How do224

we condense such information into a single number for better225

quantitative comparison? The typical approach is to use Area226

Under Uplift Curve, abbreviated as AUUC.227

As the name suggests, AUUC refers to the area between the228

curve and the x-axis. It needs to be greater than 0.5 (because229

baseline uniform treatment gives you 0.5), and is always ¡=230

1 (so normalized and bounded, which is a nice property to231

have). The conventional wisdom is that the higher the AUUC,232

the better the model is.233

We leverage AUUC as a preliminary metric for filtering out234

really bad models. However, from the empirical experience235

of using AUUC, we observe it has several limitations:236

1. It only evaluates the final prediction, which is a ratio of 2237

individual predictions (one model predicts ∆AdsV alue238

and one model predicts ∆engagement). If the results239

aren’t good, it’s hard to know which model (or if both)240

has/have problems. Therefore, we need a methodology241

to evaluate individual lift models.242

2. The AUC is across the entire curve, but when applying243

the model to the system we usually care most about the244

left part of the curve, aka the high precision area, where245

Figure 1: Uplift Curve Example

we can get a very high % ads value with very little % en- 246

gagement loss. See figure 1 for a hypothetical example 247

As example in figure 1 shows, A has higher AUUC than 248

B, but B has obviously better trade-off at the high precision 249

region, and therefore B would be a better candidate for online 250

experimentation. If we were to only look at AUUC, we would 251

have missed this. 252

3.2 Bucket Calibration 253

The first problem to crack is how can we look at the individual 254

lift models separately. Inspired by existing work and external 255

literature, we propose to look at Bucketed Calibration of the 256

individual lift models. 257

1. We take uplift model’s predictions {Mτ (Xi)}, use it to 258

sort all users 259

2. Based on the sorting, we can divide users into N buckets 260

(in our settings, we commonly use N=10) 261

3. Within each bucket, we can compute both actual CATE 262

(Conditional Average Treatment Effect), and ˆCATE 263

which is the predicted CATE 264

where 265

• CATE =
∑N

i Yi·(2Ti−1)

N 266

• ˆCATE =
∑N

i ({Mτ (Xi))

N 267

See figure [2][3] which plot the calibration per bucket of 268

∆ AdsValue model and ∆ engagement models respectively, 269

from an actual model iteration. 270

There are 2 things to look for here: 271

• Monotonicity. The blue bars (which represent the 272

TRUE lifts aggregated from those users) should be 273

monotonically increasing. 274

• Calibration. If the model is perfect, the paired blue bar 275

and the green bar should have the same number (Cali- 276

bration 100%) 277



Figure 2: AdsValue Bucket Calibration

Figure 3: Engagement Bucket Calibration

Based on these 2 criteria, we can gain deeper insights: 278

• The ∆ AdsValue model is decent. 279

– Pretty monotonic increase from low to high buckets 280

– Calibration is mostly OK (except a little under-cali 281

at top bucket which is expected due to extreme out- 282

liers, and bottom bucket likely noise) 283

• The ∆ engagement model is not that great – 284

– The blue bars are not monotonic, for instance 285

bucket 2 is actually lower than bucket 1 (but should 286

be higher) 287

– Calibration is off everywhere 288

– Additionally, all users pretty much have the same 289

predictions (i.e. the green bars are pretty much the 290

same for all buckets). This is also why there are 291

only 6 buckets, even though we requested 10 buck- 292

ets 293

Based on the insights we were able to identify the engage- 294

ment model to be the problem and shifted our focus on im- 295

proving it. 296

Note: Why is Calibration also important besides Mono- 297

tonicity? Because we compute the final sensitivity based on 298

the ratio of 2 predictions. If one prediction’s calibration is off, 299

the final prediction could be directionally off. 300

Similarly, we can also apply the same BucketCalibration 301

methodology on final Sensitivity predictions (which are ratios 302

of the two separate models). 303

From there, besides the aforementioned Monotonicity / 304

Calibration, we can also check the Variance between top and 305

bottom regions. The larger the gap is between top and bot- 306

tom, the more discriminative power the model has and it’s 307

usually better. Empirically, we find this approach to be more 308

effective at identifying models that work well in regions we 309

care about the most. 310

4 Online Results 311

We conduct an online A/B test before product launch ( 1 312

month) and a long-term hold-out test after launch (a couple 313

of months). The results can be found in table [1] 314

The main efficiency metric can be viewed as the ratio of 315

% ads value gain vs. % engagement loss. We see that after 316

adopting the sensitivity model, we can see a significant lift 317

in efficiency. The efficiency lift show case the power of the 318

sensitivity model. For protection purpose we omit the exact 319

number, and instead we can focus on the comparison between 320

the proposed strategies vs. baseline. 321

Method Efficiency Metric

Baseline X
Strategy 1 2X
Strategy 2 10X

Table 1: Online experiment results

Here 322

• Baseline: Universally applying the treatment to all users 323



• Strategy 1: Only apply the treatment to users with high-324

est predictions325

• Strategy 2: Apply the treatment to users with highest326

predictions; and apply the opposite treatment to users327

with lowest predictions328

5 Conclusion and Future Work329

In this paper, we discussed the case study of how causal in-330

ference techniques can be applied to ads sensitivity model-331

ing, and achieve a win-win situation for advertisers, social332

platform, and social platform users.333

The optimization and innovation does not stop here. There334

are a lot of unique challenges in this domain that are yet to be335

solved336

• A ratio definition of Sensitivity will tend to lead to larger337

variance due to the 2 variable’s variance being com-338

pounded. We are actively looking for solutions to reduce339

the variance and make the final prediction more consis-340

tent and stable341

• RCT data collection remains an operational challenge342

for user level modeling. We are actively exploring so-343

lutions to enable training from pure observational data.344

This will also help nautrally solve other problems, such345

as model performance monitoring, and unblocking re-346

curring training347
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