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Motivation Methodology Simulation Study
* Regression-adjustment methods are useful for variance To represent the dynamic trajectories in the historical data, Synthetic datasets are generated according to
reduction in randomized experiments, but standard we utilize the transition kernels Vi, = g(Xis, Yieo1) +7(E) Wi + i,

methods mainly use pre-treatment covariates and
estimate a single average effect

Measure Factorization via Transition Kernels dX; 1 =Q - f (QTXM, Yit—1,W;)dt + oxdBy,

* (1) nonlinearity, (2) irrelevant covariates, (3) influences from

 |tis important to capture insights into the temporal o (7) _
P (dh Py, (dh = (dhra1 | hr). e :
evolution of treatment effects (e.g., immediate, delayed, or () = P, (dha) Ep w, (A1 | hr) past treatments, and (4) time-varying effects

persistent effects) RMSE Average CI Length Coverage Probabﬂlty
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* Post-treatment histories are key covariates, but naive Forward-Integrated Regression e

conditioning may change the causal estimand
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Time horizon Time horizon Time horizon

th)(ﬁf) = / F%+1)(BT+1)pg3(th+l | hr), FgZ(ﬁt) = ng(ﬁt)-
Problem Setup e

. ) ) . -©- OLSx VAR & OLSxMLP - RFx VAR -A- RFx MLP -+ Empirical
Our work focuses on longitudinal randomized experiments Our estimator can capture temporal dynamics while avoiding

under static regimes post-treatment bias thanks to transition kernels
N * QOur estimator achieves improvements in both RMSE
1.1.

{(Xir,Wir,Yir)}iey ~ Pz, Dynamic Regression-Adjusted Estimator and Cl length compared to empirical baseline, while
maintaining the nominal coverage probability
e YV, € V; C R: Outcome at time t

e W, € W;: Treatment assignment at time t

* While linear adjustment moderately enhances precision,
a nonlinear one achieves further improvements

e X; e X, C R%: Covariates at time t 1 zn: 1), = 1 Zn:A(l)
Aw (Hz',t) Pu—) (Xi,l)a o o
Goal of this work n— n Application to Real-World Datasets
A@) .
Estimate the time-varying effects {ATE(#)}Z_, not just a where Ay, is correction term for transition innovations Our framework is applied to A/B test data from a large-scale
single cumulative effect, where streaming platform to evaluate its practicality
ATE(t) = piis, (t) — g (1), . (1) = E[Y; (a0;)] Theory » 10-day A/B test for up-next content recommendations
— My - M \Y); Wt — LI\ ]

 Qutcome: daily viewing time of a target series

Summary of Theoretical Results

Under suitable assumptions,

* Control group: user interaction based recommendations

The empirical estimator is unbiased and consistent, ,
 Treatment group: recommendations based on content-
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TSP (1) = . . : L . : level similarity from item features
i, () : N Z Yit,  Neyman orthogonality with cross-fitting gives valid y
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» Since predictive histories can improve its precision, we . Our estimator satisfies vn(0; — 6;) ~ N(0,%,), and = N T I - %, '3
utilize the following mean regression attains the semiparametric efficiency bound X, T a2 o0t Ex| | Praaa o e e |
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( )(h‘t) I:}/t (wt) | Ht (wt—l) — ht] OraCIe dynamlc adJUStment IS aSymptOtlca”y no WOrse (a) Estimated longitudinal treatment effects (b) Standard errors and reduction rates over time
than the empirical estimator
* Challenges: it receives post-treatment histories « Standard errors are reduced by about 0.4-20.4%
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