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About Me
My name is Benjamin Draves and I’m a Staff Applied Scientist 
at Uber in NYC. I work on building ML recommendation and 
targeting systems to grow Uber’s consumer and earner 
businesses.

Data Science Topics that Excite Me
● Recommendation Systems
● Causal Machine Learning
● Graph Embeddings and Inference

Experiences & Education
● [2022-Present] Applied Scientist @ Uber
● [2017-2022] Ph.D. | M.A. in Stat @ Boston University
● [2014-2017] B.S. in Math @ Lafayette College

https://www.uber.com/blog/personalized-marketing-at-scale/?uclick_id=b3393989-abf6-452d-8aca-82b420fbb385
https://www.uber.com/blog/personalized-marketing-at-scale/?uclick_id=b3393989-abf6-452d-8aca-82b420fbb385
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Growing Uber’s Core Businesses 

Recommendation & Personalization
I work on personalizing customer’s experiences in out-of-app 
channels to drive product awareness, adoption, and growth. 
This oftentimes manifests in recommending restaurants, 
merchants, and offers to customers to encourage product 
exploration. 

Targeting & Orchestration
I develop communication targeting and orchestration systems 
to provide relevant and timely notifications to customers 
which service core business goals. This oftentimes manifests 
in marrying causal machine learning models and 
techniques from ads pacing systems..

https://www.uber.com/us/en/blog/personalized-marketing-at-scale/
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Motivating Problem | Marketing Intervention with Budget Constraint
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Problem Statement

Given an a population P,  intervention T, and budget 
B, how we do we optimally allocation treatment 
across the population? 

Examples

● Free Uber One membership for 1M
● Bonus to drivers for completing 5 trips
● Weekly newsletter with restaurant promos

Population

Targeted

Targeting 
System

Not Targeted

Budget

Intervention
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Notation | Neyman-Rubin Potential Outcomes Framework 
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Data Generation Process

Assume we have the DGP                                        where                           

●                           represent covariates
●                      is a binary treatment 
●              is a continuous outcome

We collect an i.i.d. sample                           

CATE Definition

Each unit has a two potential outcomes 
where           represents the outcome given            . 
The CATE is given by 

Identification Assumptions

We take the standard assumptions (i) Consistency (ii) 
Positivity (iii) Unconfoundedness so we can write 
CATE as 

where                                              are the conditional 
outcome regressions. 

Supplements 

Let the propensity score be given by 

Let the nuisance functions be given by 
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Motivating Problem | Marketing Intervention with Budget Constraint

4.29.2026 | Causal Models in Data Science

Problem Statement

Given an a population P,  intervention T, and budget 
B, how we do we optimally allocation treatment 
across the population? 

Solution Formulation

1. Identify growth metric of interest                      

2. Estimate inc. increase in growth metric 

3. Use convex optimization to assign treatment

-1.17.0 6.6 0.06.4 6.0 5.1 4.5 4.1 2.1 0.0

Convex 
Optimizer

CATE 
Estimator

T=0T=1 T=1 T=0T=1 T=1 T=1 T=0 T=0 T=0 T=0
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Motivating Problem | Marketing Intervention with Budget Constraint
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Problem Statement

Given an a population P,  intervention T, and budget 
B, how we do we optimally allocation treatment 
across the population? 

Solution Formulation

1. Identify growth metric of interest                      

2. Estimate inc. increase in growth metric 
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Motivating Problem | Marketing Intervention with Budget Constraint
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Problem Statement

Given an a population P,  intervention T, and budget 
B, how we do we optimally allocation treatment 
across the population? 

Solution Formulation

1. Identify growth metric of interest                      

2. Estimate inc. increase in growth metric 

3. Use convex optimization to assign treatment

CATE Estimate

Cost Estimate



11

Metalearners | S/T/X Learners
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S Learner

● Fit one ML model with the treatment indicator 
as a covariates 

● Estimate CATE via two prediction calls
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Metalearners | S/T/X Learners
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T Learner

● Fit two ML models with the treatment / control 
data respectively 

● Estimate CATE via differencing  
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Metalearners | S/T/X Learners

4.29.2026 | Causal Models in Data Science

X Learner

● Fit two ML models with the treatment / control 
data respectively 

● Impute ITE for each unit 

● Fit two models to estimate impute ITEs

● Estimates CATE via 
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Metalearners | Statistical Guarantees & Empirical Evidence
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Metalearners | Uber Example - Earner Incentives

4.29.2026 | Causal Models in Data Science

T-Learner 

● Fit two SH regression models
● Incremental SH prediction is delta between 

the two model predictions

● Base learners are XGBoost Regressor fit 
with a tweedie loss

trained with treatment data trained with control data

https://arxiv.org/pdf/1609.03297.pdf
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Metalearners | Uber Example - Earner Incentives

4.29.2026 | Causal Models in Data Science

T-Learner 

● Fit two SH regression models
● Incremental SH prediction is delta between 

the two model predictions

● Base learners are XGBoost Regressor fit 
with a tweedie loss

trained with treatment data trained with control data

https://arxiv.org/pdf/1609.03297.pdf
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DL & Robustness 
Extensions
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Modern Improvements | Areas for Improvement
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Model Complexity

Maintaining multiple models in practice can be complex. Can we simplify 
the engineering design? 

Statistical Robustness

S/T/X learners suffer from “plugin” bias. Can make our CATE estimators 
more robust to upstream estimation errors? 
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Modern Improvements | Tarnet, CFR, DragoNet, … 
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DL Architectures

● For each S/T/X learner the first stage needs to 
estimate the nuisance functions   
from the covariates

● Can we use an multi-output DL model to make 
this prediction simpler to manage? 

● Many DL methods available (survey) produce 
these estimates. We discuss DragonNet

○ DragonNet: 

Covariates X

Shared Representation

Treatment T

Task 
Specific

Task 
Specific

Task 
Specific

https://arxiv.org/pdf/2101.10943


20

Modern Improvements | Tarnet, CFR, DragonNet, … 
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DL Architectures

● For each S/T/X learner the first stage needs to 
estimate the nuisance functions   
from the covariates

● Can we use an multi-output DL model to make 
this prediction simpler to manage? 

● Many DL methods available (survey) produce 
these estimates. We discuss DragonNet

○ DragonNet: 

https://arxiv.org/pdf/2101.10943


Training Details

● Multiobjective loss
○ Propensity estimation 
○ Outcome loss

● Only compute loss based on labeled data for 
outcomes

● Propensity loss computed for all labels
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Modern Improvements | Training
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Covariates X

DragonNet

Treatment T

Propensity 
Loss

Outcome 
Loss



Training Details

● Multiobjective loss
○ Propensity estimation 
○ Outcome loss

● Only compute loss based on labeled data for 
outcomes

● Propensity loss computed for all labels
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Modern Improvements | Training
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Modern Improvements | Identifying Robustness
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What is “Robustness”

● We are interested in estimate the CATE

but oftentimes suffer “plug-in” bias

● Can we devise “second stage” estimation 
procedures witch estimate          that are robust 
to certain errors

● What type of errors do we want to be robust 
to? 

Neyman Orthogonality

If the nuisance estimates are biased, overfit, or 
converging slowly, we want            to still be consistent 
and converge quickly.

Double Robustness

If only one of our nuisance estimators (propensity 
scores or surface function) are correctly specified, 
then our  estimator            is still unbiased and 
consistent.
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Modern Improvements | Takeaways
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Most of the best available methods today follow a two stage approach: 

● Stage 1: Estimate nuisance parameters & necessary parameters for 
inference with best methods from ML. 

● Stage 2: Use nuisances estimates as an input to the second 
optimization problem which should be robust to first stage noise. 
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Ranking Causal Effects
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Ranking Causal Effects | Revisiting Our Motivating Example
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Problem Statement

Given an a population P,  intervention T, and budget 
B, how we do we optimally allocation treatment 
across the population? 

Solution Formulation

1. Identify growth metric of interest                      

2. Estimate inc. increase in growth metric 

3. Use convex optimization to assign treatment

CATE Estimate

Cost Estimate

Typical the cost is 
constant for each unit is 
we assign treatment.
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Ranking Causal Effects | Revisiting Our Motivating Example
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Problem Statement

Given an a population P,  intervention T, and budget 
B, how we do we optimally allocation treatment 
across the population? 

Solution Formulation

1. Identify growth metric of interest                      

2. Estimate inc. increase in growth metric 

3. Use convex optimization to assign treatment

CATE Estimate
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Ranking Causal Effects | Revisiting Our Motivating Example
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Problem Statement

Given an a population P,  intervention T, and budget 
B, how we do we optimally allocation treatment 
across the population? 

Solution Formulation

1. Identify growth metric of interest                      

2. Estimate inc. increase in growth metric 

3. Select top                      ranked units

CATE Estimate

Rank units by 
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Ranking Causal Effects | Revisiting Our Motivating Example

4.29.2026 | Causal Models in Data Science

Problem Statement

Given an a population P,  intervention T, and budget 
B, how we do we optimally allocation treatment 
across the population? 

Solution Formulation

1. Identify growth metric of interest                      

2. Estimate inc. increase in growth metric 

3. Select top                      ranked units

CATE Estimate

Rank units by 

Wait, we didn’t solve a ranking 
problem here… 
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Ranking Causal Effects | Revisiting Our Motivating Example
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Problem Statement

Given an a population P,  intervention T, and budget 
B, how we do we optimally allocation treatment 
across the population? 

Solution Formulation

1. Identify growth metric of interest                      

2. Estimate inc. increase in growth metric 

3. Select top                      ranked units

Stage 1: Estimate nuisance parameters & 
necessary parameters for inference with best 
methods from ML. 

Stage 2: Use nuisances estimates as a second 
optimization problem which should be robust 
to first stage noise. 

Ranking units by 

Is this true?
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Ranking Causal Effects | Rank-learner: Arno et al. 2026.
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https://arxiv.org/abs/2602.03517
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Ranking Causal Effects | Rank-learner: Arno et al. 2026.
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Rank Learner Overview

● CATE estimation is generally a much more 
difficult problem than ranking. 

● Authors propose optimizing a pairwise 
ranking loss in the second stage that is 
Neyman Orthogonal 

● This allows for 
○ Stage 1 - use the best from ML
○ Stage 2 - optimizing ranking directly

https://arxiv.org/abs/2602.03517
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Ranking Causal Effects | Rank-learner: Arno et al. 2026.
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Rank Learner Overview
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ranking loss in the second stage that is 
Neyman Orthogonal 

● This allows for 
○ Stage 1 - use the best from ML
○ Stage 2 - optimizing ranking directly

https://arxiv.org/abs/2602.03517
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Ranking Causal Effects | Learning the Ranker
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Ranking Loss Construciton

● Goal: Learn a ranking function 
                         such that relative ordering is maintained 

● Loss: Authors take a pairwise ranking approach 

○ Use estimated            to derive labels
○ Learn          by estimating those labels



Binary cross entropy loss
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Ranking Causal Effects | Learning the Ranker
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Ranking Causal Effects | Learning the Ranker
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Ranking Loss Construciton

● Goal: Learn a ranking function 
                         such that relative ordering is maintained 

● Loss: Authors take a pairwise ranking approach 

○ Use estimated            to derive labels
○ Learn          by estimating those labels

prob of 𝛕(x) > 𝛕(x’) 0/1 label
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Ranking Causal Effects | Learning the Ranker
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Ranking Causal Effects | Learning the Ranker
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Ranking Loss Construciton

● Goal: Learn a ranking function 
                         such that relative ordering is maintained 

● Loss: Authors take a pairwise ranking approach 

○ Use estimated            to derive labels
○ Learn          by estimating those labels

● This loss is minimized for any         that preserves 
ordering of CATE - Much easier than CATE 
estimation!
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Ranking Causal Effects | Learning the Orthogonal Ranker

4.29.2026 | Causal Models in Data Science

Orthogalizing the Loss

● Goal: Can we update the loss so the function 
we learn          is robust to Stage 1 noise? 
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Ranking Causal Effects | Learning the Orthogonal Ranker
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Orthogalizing the Loss

● Goal: Can we update the loss so the function 
we learn          is robust to Stage 1 noise? 

● Authors change the loss in two ways

1. Smoothing - ensure the loss is 
differentiable with respect to nuisance “Smooth” Labels



“Orthogonalized” Labels
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Ranking Causal Effects | Learning the Orthogonal Ranker
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Orthogalizing the Loss

● Goal: Can we update the loss so the function 
we learn          is robust to Stage 1 noise? 

● Authors change the loss in two ways

1. Smoothing - ensure the loss is 
differentiable with respect to nuisance

2. Orthogonalization - augment the labels 
with an orthogonal correction 
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Ranking Causal Effects | Training the Orthogonal Ranker
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Training

Phase 1
1. Estimate nuisance functions with cross fitting

Phase 2
1. Sample training pairs

2. Construct pseudo labels

3. Supervised training loop over loss
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Ranking Causal Effects | Training the Orthogonal Ranker
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Training

Phase 1
1. Estimate nuisance functions with cross fitting

Phase 2
1. Sample training pairs

2. Construct pseudo labels

3. Supervised training loop over loss
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Ranking Causal Effects | Training the Orthogonal Ranker
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Training

Phase 1
1. Estimate nuisance functions with cross fitting

Phase 2
1. Sample training pairs

2. Construct pseudo labels

3. Supervised training loop over loss
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Ranking Causal Effects | Training the Orthogonal Ranker
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Inference

1. Collect features

2. Call model  

3. Rank based on 
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Conclusion
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Conclusion | Discussion 
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Takeaways

● CausalML in industry is a mixture of engineering 
feasibility & causal inference best practices 

● Metalearners allow us to leverage the best 
ideas from the ML community flexibly

● Second stage inference approaches that are 
(i) robust and (ii) problem specific perform the 
best

Questions?

Contact Information

● Linkedin
● Email

○ benjamin.draves@gmail.com
○ ben.draves@uber.com

https://www.linkedin.com/in/benjamin-draves-phd-347893167/
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Modern Improvements | Identifying Robustness
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What is “Robustness”

● We are interested in estimate the CATE

but oftentimes suffer “plug-in” bias

● Can we devise “second stage” estimation 
procedures witch estimate          that are robust 
to certain errors

● What type of errors do we want to be robust 
to? 

Neyman Orthogonality

If the nuisance estimates are biased, overfit, or 
converging slowly, we want            to still be consistent 
and converge quickly.

Double Robustness

If only one of our nuisance estimators (propensity 
scores or surface function) are correctly specified, 
then our  estimator            is still unbiased and 
consistent.
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Modern Improvements | R Learner
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R Learner

● Fit two ML models to predict nuisance 

● Residualize outcome and treatment

● Estimate            by minimizing
 


