
Objective: Find the optimal parameters    of a neural network       via

Proposition 2 (tractable unstaibilized weights): The unstabilized inverse 
propensity weights in Proposition 1 satisfy

where

Definition 1 (stabilized weights): Let the scaling factor     be given by

Define the stabilized weights      as

Proposition 3 (optimal parameters): The optimal parameters are 
equivalently given by 
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Motivation

In medicine, there is a growing interest in estimating treatment effects / 

potential outcomes from patient trajectories using observational data.

Methods should fulfil two requirements:
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Continuous time 

modeling

Patient data may be recorded irregularly.

Patients may need immediate treatments.

➔ Method need to model patient trajectories not in discrete time (e.g., fixed daily / 

hourly timestamps) but in continuous time (i.e., actual timestamps).

Adjustments for 

time-varying 

confounding

Future patient covariates may affect treatment 

decisions in observational data.

These time-varying confounders may lead to bias 

as they are unobserved during inference time.

➔ Methods need to adjust for time-varying confounding, as they 

would otherwise target an incorrect estimand.

Neural methods for potential outcome estimation over time

➢ Existing neural methods primarily focus on discrete time.

➢ No method properly adjusts for time-varying confounding in continuous time.

➢ Our SCIP-Net (stabilized continuous-time inverse propensity network) is the 

only method that adjust for time-varying confounding in continuous time.

Observational likelihood: 

Estimation task: 

Identifiability: (1) Consistency, (2) overlap, (3) sequential ignorability

Interventional distribution: 

where

is the interventional part (i.e., treatments and treatment times) and 

is the observational part (i.e., patient covariates).

Proposition 1 (continuous time IPW): Under assumptions (1)-(3), we can 

estimate the potential outcome via 

where the inverse propensity weights are defined as .

Proposition 4 (tractable staibilized weights): The stabilized scaling factor 

from Definition 1 and Proposition satisfies

where

➔ Together, Propositions 2, 3 and 4 yield a (i) tractable objective function

that relies on (ii) stabilized inverse propensity weights.

Neural architecture of SCIP-Net

Our approach

➢ We derive tractable inverse-

propensity weighting in 

continuous time via geometric 

product-integration.

➢ We reduce estimation 

variance via continuous-time 

scaling weights.

SCIP-Net

➢ We develop a tailored neural method, the SCIP-Net.

➢ First, an encoder network encodes the patient history.

➢ Sub-networks estimate scaling factors and unstabilized weights.

➢ The encoded history is passed to the decoder.

➢ The decoder is trained on the interventional treatment sequence via 

stabilized inverse propensity weights.

Results
Tumor growth data:

MIMIC-III data:
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