
Leveraging a Simulator for Learning Causal 
Representations for CATE

Lokesh N, Pranava S, Avishek Ghosh, Sunita Sarawagi

T X

Z Y

Problem Statement

Obs Data
Logged Dataset comprising:
● Assigned Treatment T
● Post-Treatment Covariates X(T)
● Observed Outcome Y(T)

Observational Dataset   

Impossibility Result

Lemma 1. The causal effect of T on Y is 
not identifiable from i.i.d. samples of 
the observational Dataset.

Insights:
➔ Certain Assumptions are inevitable.
➔ Need to extract causal 

representation Z from X that affect Y

Recovery of Causal Reps Z from X(T)

Possible using contrastive 
training over counterfactual 
pairs of the form 
X(        ), X(        ) in 

Real/Sim  Data Generating Process

Our Approach: SimPONet

SimOnly Train for CATE 
leveraging 
counterfactual 
samples from the 
Simulator

Needs 
Agreement in 𝝻 
and 𝞽

RealOnly Train only on the 
real samples in the 
Observational Data

Good factual 
prediction 𝝻(𝘅(t), 
t). But fails for 
CF 𝝻(𝘅(t), 1-t). 

Real𝝻-Si
m𝒇

Learns Causal 
reps on Synthetic 
CF Samples and 
applies as-in to 
real samples.

Works well only 
when 𝗴 = 𝗴s

SimPONet’s Joint Training Objective

Comparison with SOTA

Conclusion
● We estimated CATE from post-Treatment 

covariates using a simulator.

● SimPONet uses the simulator only to the 

extent it enhances CATE beyond what 

training on real data alone can achieve.

● Across DGPs, and across CATE Baselines, 

SimPONet proved to be the best CATE 

estimator for post-T covariates
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Given post-T input      , determine if we 
need to change the T

Treatment Effect Estimation: Predict 

change in Y as T changes for a particular Z 

Obs Data

Julius von Kügelgen et. al.

Error Bound on CATE from port-T covariates

Across Real/Sim Gaps

Real and Simulator  DGPs assume linear functions
                

: Gap between real and simulated Covariates

: Gap between real and simulated Treat. Effects

: Impact of T on covariates.


