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ABSTRACT

Estimating potential outcomes under alternative treatment sequences is essential
for personalized decision-making, but remains challenging with high-dimensional
covariates and time-varying confounding. In this study, we propose HiSTOR
(High-dimensional Structured Treatment-Outcome Representation), an end-to-
end framework that integrates nonlinear dimension reduction with longitudinal
counterfactual prediction. The central idea is to learn structured low-dimensional
representations of both current patient states and evolving histories, according to
their shared and distinct relationships with treatment assignment and outcomes.
This extends latent-space covariate adjustment to longitudinal settings, jointly ad-
dressing covariate dimensionality and historical complexity. The resulting frame-
work supports one-step and multi-step outcome prediction under specified treat-
ment sequences. Experiments on CVSim and CancerSim demonstrate the supe-
riority of HiSTOR across varying covariate dimensions, confounding strengths,
and prediction horizons compared to state-of-the-art methods. To sum up, HiS-
TOR offers a unified approach to connecting high-dimensional covariate adjust-
ment with longitudinal potential-outcome prediction. The code is available at
https://github.com/liuq-lab/HiSTOR.

1 INTRODUCTION

Personalized treatment planning requires predicting outcomes under alternative treatment sequences
from longitudinal observations. This problem is fundamentally challenging because treatment deci-
sions may depend on time-varying covariates that also affect future outcomes and may themselves
be influenced by prior treatments. The difficulty is further amplified in modern biomedical appli-
cations, where each patient is characterized by high-dimensional and strongly correlated measure-
ments accumulated over time (Allam et al., 2021; Bica et al., 2021; Battalio et al., 2021; Murray
et al., 2016). As the covariate dimension and observation history grow, effective counterfactual pre-
diction therefore requires methods that can effectively compress patient information while retaining
what is relevant to both treatment assignment and outcome prediction.

Recent modern AI approaches to longitudinal counterfactual prediction address time-varying con-
founding through reweighting, representation balancing, sequential outcome modeling, or recursive
regression (Lim, 2018; Bica et al., 2020; Melnychuk et al., 2022; Li et al., 2021; Xiong et al., 2024;
Hess et al., 2026). These methods primarily focus on how longitudinal histories should be adjusted,
balanced, or propagated over time. Less attention has been paid to how high-dimensional covariates
and accumulated histories should be jointly compressed and represented for treatment-conditioned
outcome prediction.

To address the high-dimensional covariate and confounding challenges, we propose HiSTOR
(High-dimensional Structured Treatment-Outcome Representation), an end-to-end framework for
structured representation learning in high-dimensional longitudinal settings (Figure 1). The key
idea of HiSTOR is to separately represent the current high-dimensional patient state and the preced-
ing longitudinal history, and then organize their fusion into a task-structured low-dimensional latent
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Figure 1: Overview of HiSTOR. The model adopts a temporal Transformer backbone and combines
a high-dimensional current patient state with a learned representation of longitudinal history, maps
their fusion into a structured latent space, and supports treatment-conditioned flexible one-step and
multi-step outcome prediction.

space. This representation preserves information relevant to treatment assignment and outcome
prediction. By explicitly separating current-state compression from historical representation learn-
ing, HiSTOR provides a unified representation for longitudinal covariate adjustment and treatment-
conditioned outcome prediction. We summarize our main contributions as follows:

• We introduce a structured representation-learning framework for high-dimensional longi-
tudinal causal inference that encodes the current patient state and preceding history by their
roles in the treatment and outcome mechanisms.

• We extend structured latent covariate adjustment from cross-sectional to longitudinal
settings and develop flexible prediction mechanisms for both one-step and multi-step
treatment-conditioned potential outcomes.

• We demonstrate strong empirical performance of HiSTOR across varying confounding
strengths, covariate dimensions, and prediction horizons. HiSTOR achieves the lowest
mean one-step and five-horizon-average errors across all tested CancerSim confounding
strengths, and the lowest five-horizon-average errors across all tested CVSim covariate di-
mensions.

2 RELATED WORK

Traditional longitudinal causal inference. Static estimators learn potential outcomes from
covariate-treatment-outcome observations (Johansson et al., 2016; Alaa & Schaar, 2018; Wager &
Athey, 2018; Yoon et al., 2018; Curth & Van der Schaar, 2021), whereas longitudinal methods con-
dition on evolving patient histories. Classical approaches include marginal structural models and
G-computation (Robins, 1986; Robins et al., 2000; Robins & Hernan, 2008). These approaches
provide the statistical foundation for longitudinal causal inference, but their direct application can
become challenging with complex, high-dimensional patient histories.

Modern AI for longitudinal counterfactual prediction. Recent work integrates these causal prin-
ciples with flexible neural models for learning treatment effects from longitudinal data. RMSN
combines recurrent outcome models with stabilized inverse-probability weights (Lim, 2018). CRN
uses treatment-adversarial training to balance recurrent histories, and CT uses a multi-input Trans-
former with domain confusion (Bica et al., 2020; Melnychuk et al., 2022). Causal CPC combines
recurrent encoding, contrastive predictive coding, and representation balancing (Bouchattaoui et al.,
2024); CTD-NKO uses treatment-dependent neural Koopman dynamics and distributional weight-
ing (Wang et al., 2025). G-Net and G-Transformer estimate future-variable distributions for G-
computation (Li et al., 2021; Xiong et al., 2024), while IGC-Net recursively regresses pseudo-
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outcomes without modeling complete future-covariate distributions (Hess et al., 2026). These ap-
proaches advance complementary aspects of confounding adjustment, temporal representation learn-
ing, and treatment-conditioned forecasting.

Structured representation learning for causal inference. In cross-sectional settings, DR-CFR
learns treatment-related, outcome-related, and shared representations (Hassanpour & Greiner,
2019), while TEDVAE separates instrumental, confounding, and outcome risk factors (Zhang et al.,
2021). CausalEGM, CausalBGM, and BGM-IV combine structured latent modeling with high-
dimensional covariate adjustment through encoding-generative or Bayesian formulations (Liu et al.,
2024; Liu & Wong, 2026a; Luo & Liu, 2026). These methods do not model repeated treatments or
evolving patient histories.

Positioning of HiSTOR. HiSTOR addresses this longitudinal prediction task with a focus on high-
dimensional patient covariates. Its contribution is to couple explicit covariate compression with a
latent-space partition designed for both prediction and reconstruction. The partition combines shared
and task-specific predictive components with a dedicated residual reconstruction component, linking
the organization of treatment-outcome information with information retention under compression.
This design brings together structured covariate adjustment and longitudinal representation learning
for patient histories containing many correlated covariates.

3 PROBLEM FORMULATION

Let D = {{Vit, Xit, Yit}Ti
t=1}Ni=1 contain independent patient trajectories. Here Vit denotes the

covariates available before treatment at time t, including baseline components and, when present,
time-varying components; Xit is the observed treatment; and Yit is the associated post-treatment
outcome. Suppressing i, the observed history before treatment at time t is

Ht = (X<t, Y<t, V≤t). (1)
Here Ht is the observed history, whereas ht−1 is the representation of the preceding trajectory
through time t− 1. Appendix A summarizes the notation and temporal alignment.

Following the longitudinal potential-outcomes framework (Robins, 1986; Robins & Hernan, 2008),
let Yt(x) be the outcome under treatment x at time t with prior treatments observed. For history h
and a specified sequence x̄ = xt:t+τ−1, the targets are{

µt(x, h) = E[Yt(x) | Ht = h] ,

µ
(τ)
t (x̄, h) = E[Yt+τ−1(x̄) | Ht = h] .

(2)

Thus τ = 1 reduces to the one-step target. At prediction time only Ht and the specified treatment
sequence are available, while future outcomes and covariates are not.

Identification from observational data requires longitudinal consistency, positivity, and sequential
ignorability (Robins et al., 2000; Robins & Hernan, 2008). For t ≤ s ≤ u and an intervention
sequence xs:u, we state these conditions as

Yu(Xs:u) = Yu (Consistency),
Pr(Xs = xs | Hs = hs) > 0 (Positivity),
Xs ⊥⊥ Yu(xs:u) | Hs (Sequential ignorability).

(3)

Positivity is required for intervention-relevant treatments at histories that can arise under the in-
tervention, while sequential ignorability assumes no unmeasured treatment-outcome confounding
conditional on Hs. Under these assumptions, the targets in Equation 2 are identified within the
standard longitudinal potential-outcome framework.

4 METHODS

4.1 COVARIATE AND HISTORY ENCODING

At each decision time t, HiSTOR encodes the pre-treatment information in Ht through two com-
plementary paths: a covariate encoder for the current covariates Vt, and a causally masked temporal
network for the preceding trajectory.
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The covariate encoder eV maps the current covariates to a low-dimensional representation ct =
eV (Vt). The temporal network T summarizes the trajectory preceding treatment Xt. At sequence
position t, it receives the treatment, outcome, and covariate encoding from the previous time step,
which are embedded and summed into an input token. T is a stack of B Transformer decoder blocks
and produces the embedding ht−1 = T (X<t, Y<t, V<t). The attention masks ensure that ht−1 uses
only information available through time t − 1. The current covariate encoding ct and preceding
trajectory representation ht−1 are subsequently fused and mapped into the structured latent space.

4.2 STRUCTURED LATENT REPRESENTATION

Treatment assignment and outcomes may depend on overlapping but distinct aspects of the pre-
treatment history. A single entangled representation does not distinguish such structure. To consider
this, HiSTOR fuses the current covariate encoding and preceding trajectory representation, then
maps their concatenation into a partitioned latent space:

Φt = [ht−1, ct], Zt = Q(Φt) = [z0t , z
1
t , z

2
t , z

3
t ]. (4)

z0t is provided to both the treatment and outcome prediction heads. This encourages z0t to retain
information in the observed history that is predictive of both treatment assignment and outcomes,
and is therefore most directly relevant to confounding adjustment. In contrast, z1t is used only for
outcome prediction and z2t only for treatment prediction, allowing outcome-specific and treatment-
specific variation to be learned. The remaining latent component z3t is trained through residual
reconstruction, providing additional capacity to preserve irrelevant covariate information.

4.3 LEARNING THE STRUCTURED REPRESENTATION

The partition in equation 4 does not by itself determine the functional role of each latent component.
HiSTOR induces this structure through task-specific supervision that controls which components
are available to the treatment and outcome prediction heads.

For a specified treatment xt, the outcome and auxiliary treatment predictions are
ŷt(xt) = fY ([z

0
t , z

1
t , xt]), π̂t = fX([z0t , z

2
t ]), (5)

where π̂t denotes the predicted treatment-assignment distribution. The treatment head is used only
to supervise representation learning. The outcome head always conditions on the observed or exter-
nally specified treatment xt, rather than on the auxiliary treatment prediction.

During training, the outcome head is optimized using the factual outcome loss LY , while the treat-
ment head is optimized using the auxiliary treatment loss LX . The residual component z3t is trained
through reconstruction. Together, these objectives learn the structured representation end-to-end,
while the complete loss definitions and regularization terms are given in Section 4.4.

4.4 TRAINING OBJECTIVES

HiSTOR jointly trains the current-state encoder, temporal network, structured mapping, prediction
heads, and reconstruction modules. The overall objective combines factual outcome prediction,
auxiliary treatment prediction, reconstruction, and representation regularization:

Ltotal = LY + λXLX + λrecLrec + λadv(e)Ladv + λnormLnorm + λrollLroll. (6)

Here, LY and LX are introduced in Equation 5. The reconstruction objective Lrec encourages the
compressed representation to retain information about the observed patient state and provides super-
vision for the residual component z3t . The distribution-matching loss Ladv regularizes the learned
current-state representation, while Lnorm controls its scale. This combination of reconstruction and
distribution matching is also used in bidirectional generative modeling (Liu et al., 2021).

To reduce train-prediction discrepancy, we optionally introduce a rollout loss Lroll that recursively
applies the one-step predictor over factual multi-step windows and propagates its predictions through
subsequent histories. Complete definitions of the reconstruction, distribution-matching, rollout, and
weighting objectives are provided in Appendix B.
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4.5 ONE-STEP AND MULTI-STEP PREDICTION

For a specified treatment xt, the one-step prediction is

µ̂
(1)
θ (xt,Ht) = fY ([z

0
t , z

1
t , xt]), (7)

where θ denotes the fitted model parameters and Ht is the observed pre-treatment history. This is
the prediction ŷt(xt) defined in Equation 5. Alternative treatments change xt while retaining the
same pre-treatment information.

Autoregressive prediction. For a treatment plan x̄ = xt:t+τ−1 of length τ , we recursively predict

ŷAR
s = µ̂

(1)
θ (xs, Ĥs), s = t, . . . , t+ τ − 1, (8)

where Ĥs combines the observed history up to the prediction origin, the specified treatment se-
quence, and previously generated outcomes. For Ṽt, static covariates are reused unchanged while
time-varying covariate inputs are carried forward from their last observed values at the prediction
origin. This autoregressive construction can accommodate arbitrary prediction horizons, but its
recursive dependence on model-generated outcomes allows prediction errors to propagate across
future steps.

Parallel decoding. To avoid recursive outcome feedback, HiSTOR also supports direct multi-step
prediction. Given the structured representation Zt at the prediction origin and a specified treatment
plan x̄ = xt:t+τ−1, a decoder predicts the complete outcome trajectory in a single forward pass:

(ŷDt , . . . , ŷ
D
t+τ−1) = Dτ (Zt, x̄). (9)

The decoder uses a shared representation of the treatment plan together with horizon-specific out-
come heads. It is trained additionally on factual multi-step windows. Thus, autoregressive and par-
allel decoding provide complementary strategies for extending the same structured representation to
longitudinal treatment-conditioned prediction.

Appendix D specifies the dataset-specific preparation at the forecast origin, and Appendix B gives
the direct-decoder architecture.

5 EXPERIMENTS

5.1 EXPERIMENTAL SETUP

Datasets. We evaluate HiSTOR on two simulated longitudinal benchmarks with known coun-
terfactual outcomes. CancerSim models tumor volume under four treatment options: no treat-
ment, chemotherapy, radiotherapy, and their combination, with treatment-assignment confounding
strength γ ∈ {0, 1, 2, 3, 4} (Geng et al., 2017; Bica et al., 2020; Melnychuk et al., 2022; Hess et al.,
2026). We use 10,000 training patients, 1,000 validation patients, and two separately generated
1,000-patient cohorts for one-step and multi-step testing. CVSim augments seven base covariates
with dhd ∈ {0, 10, 20, 50, 100, 200, 500, 1000, 2000} correlated noisy covariates while keeping the
underlying trajectory-generating process fixed. The additional covariates remain fixed within pa-
tients in the Static setting and vary over time in the Temporal setting. We split 5,000 patient tra-
jectories into training, validation, and test sets using an 80/10/10 patient-level split. Appendix C
provides the data-generation details. To complement these controlled simulation studies, we also in-
clude a semi-synthetic evaluation based on de-identified MIMIC-III covariates; its data construction,
evaluation protocol, and results are reported in Appendix I.

Prediction tasks. We evaluate independent one-step prediction at observed histories and multi-
step prediction under fixed treatment plans, without access to future observed outcomes or covari-
ates. The multi-step plans prescribe sustained combined therapy in CancerSim and treatment cate-
gory 2 in CVSim. Both benchmarks evaluate five future positions: CVSim scores horizons τ = 1
to 5, whereas CancerSim scores τ = 2 to 6 after an unscored boundary prediction under the factual
treatment. For HiSTOR, the one-step benchmark uses the outcome head, and the main multi-step
comparisons use the direct decoder. Autoregressive prediction is evaluated in the ablation study.
Appendix D specifies the treatment plans, forecast boundaries, and input preparation.
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Baselines. We compare HiSTOR with MSM (Robins et al., 2000), RMSN (Lim, 2018), CRN
(Bica et al., 2020), CT (Melnychuk et al., 2022), Causal CPC (Bouchattaoui et al., 2024), CTD-
NKO (Wang et al., 2025), and IGC-Net (Hess et al., 2026). Within each experimental condition, all
methods use the same data realization, patient splits, and evaluation protocol. Baseline configura-
tions are provided in Appendix F.

Evaluation and reporting. For the primary CancerSim and CVSim experiments, we report nor-
malized root mean squared error (NRMSE), using the tumor-death volume threshold for CancerSim
and the task-specific test-target range for CVSim. These results are summarized as the mean and
sample standard deviation across five random seeds, {3, 101, 42, 8, 9}. For multi-step evaluation, we
average the five horizon-specific NRMSE values within each seed before aggregating across seeds.
Independent one-step evaluation and the first multi-step horizon use distinct evaluation protocols.
HiSTOR’s backbone and direct-decoder checkpoints are selected using their respective factual val-
idation objectives, with counterfactual test targets excluded from model selection. Appendices E
and B provide the metric definitions and optimization details, respectively.

5.2 OUTCOME PREDICTION UNDER VARYING CONFOUNDING

We evaluate HiSTOR on CancerSim across confounding strengths γ = 0 to 4 for independent one-
step prediction and multi-step prediction under sustained combined therapy. For each condition,
relative improvements are calculated against the baseline with the lowest mean NRMSE.

HiSTOR achieves the lowest mean one-step NRMSE at all five confounding strengths, with relative
reductions ranging from 4.2% to 13.4% (Table 1). The gains are more significant under stronger
confounding. At γ = 3, HiSTOR reduces NRMSE from 0.7122 for CTD-NKO to 0.6165, corre-
sponding to a 13.4% reduction. At γ = 4, it reduces NRMSE from 0.7620 to 0.6703 relative to the
same strongest baseline, yielding a 12.0% reduction. These gains exceed the 4.2%–5.2% reductions
observed at γ = 0 and 1, indicating a larger predictive advantage when treatment assignment is
more strongly confounded.

Table 1: The results for CancerSim one-step prediction. Mean ± sample SD of NRMSE over five
seeds are shown. Best means are bold, second-best underlined; the final row reports HiSTOR’s
relative reduction over the best baseline.
Method γ = 0 γ = 1 γ = 2 γ = 3 γ = 4

MSM (Robins et al., 2000) 1.0298 ± 0.0633 1.1312 ± 0.0633 1.3005 ± 0.1039 1.6059 ± 0.1681 2.0113 ± 0.2446
RMSN (Lim, 2018) 0.6994 ± 0.0690 0.6789 ± 0.0758 0.7446 ± 0.1153 0.7324 ± 0.1042 0.8256 ± 0.0850
CRN (Bica et al., 2020) 0.5969 ± 0.0639 0.6098 ± 0.0480 0.6492 ± 0.0585 0.7143 ± 0.0868 0.8256 ± 0.0994
CT (Melnychuk et al., 2022) 0.5928 ± 0.0665 0.5974 ± 0.0855 0.6390 ± 0.0612 0.7372 ± 0.0954 0.9335 ± 0.0748
Causal CPC (Bouchattaoui et al., 2024) 0.6142 ± 0.0535 0.6228 ± 0.0636 0.6922 ± 0.1313 0.7235 ± 0.0767 0.8427 ± 0.0857
CTD-NKO (Wang et al., 2025) 0.6852 ± 0.0825 0.6454 ± 0.1011 0.6659 ± 0.1056 0.7122 ± 0.0390 0.7620 ± 0.0566
IGC-Net (Hess et al., 2026) 0.6670 ± 0.0565 0.6880 ± 0.0374 0.7537 ± 0.0828 0.9288 ± 0.2477 1.1310 ± 0.0911

HiSTOR 0.5680 ± 0.0533 0.5663 ± 0.0607 0.5793 ± 0.0438 0.6165 ± 0.0551 0.6703 ± 0.0451

Relative improvement 4.2% 5.2% 9.3% 13.4% 12.0%

For multi-step prediction, HiSTOR achieves the lowest five-horizon-average NRMSE at every con-
founding strength (Table 2). Its relative improvement over the strongest baseline increases steadily
from 6.5% at γ = 0 to 14.9% at γ = 4. In the strongest-confounding setting, HiSTOR reduces
the five-horizon average from 1.0701 for the strongest baseline Causal CPC to 0.9105. This advan-
tage of HiSTOR is also consistent across multiple repeated runs with different random seeds at each
confounding strength for the five-horizon average (Appendix G.1).

The horizon-specific results further demonstrate that the improvement extends across the prediction
window. As shown in Figure 2, HiSTOR achieves the lowest mean NRMSE across all 25 combina-
tions of confounding strength and prediction horizon. For example, at γ = 4 and τ = 4, HiSTOR
reduces NRMSE from 1.0591 for Causal CPC to 0.8772, a relative reduction of 17.2%. Although
the strongest competing method varies across horizons, HiSTOR consistently achieves the lowest
mean NRMSE, complementing the aggregate multi-step results. Complete horizon-specific results
and paired seed-level comparisons are provided in Appendix G.
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Table 2: The results for CancerSim multi-step prediction averaged over τ = 2 to 6. Mean ± sample
SD of NRMSE over five seeds are shown. Best means are bold, second-best underlined; the final
row reports HiSTOR’s relative reduction over the best baseline.
Method γ = 0 γ = 1 γ = 2 γ = 3 γ = 4

MSM (Robins et al., 2000) 1.0170 ± 0.0600 0.8856 ± 0.0410 0.8822 ± 0.0224 0.9833 ± 0.0533 1.2124 ± 0.0645
RMSN (Lim, 2018) 0.5735 ± 0.0637 0.5968 ± 0.0515 0.6584 ± 0.0373 0.8303 ± 0.0851 1.0953 ± 0.0821
CRN (Bica et al., 2020) 0.5573 ± 0.0157 0.5951 ± 0.0317 0.6946 ± 0.0353 0.8111 ± 0.0463 1.0908 ± 0.0937
CT (Melnychuk et al., 2022) 0.5381 ± 0.0399 0.5776 ± 0.0315 0.6619 ± 0.0549 0.8657 ± 0.0510 1.1267 ± 0.1961
Causal CPC (Bouchattaoui et al., 2024) 0.5374 ± 0.0366 0.5865 ± 0.0547 0.6494 ± 0.0218 0.7934 ± 0.0543 1.0701 ± 0.0575
CTD-NKO (Wang et al., 2025) 0.5462 ± 0.0502 0.5664 ± 0.0295 0.6473 ± 0.0514 0.7997 ± 0.0993 1.2394 ± 0.1614
IGC-Net (Hess et al., 2026) 0.6228 ± 0.0468 0.6918 ± 0.0765 0.7373 ± 0.0370 0.9112 ± 0.1375 1.1077 ± 0.1115

HiSTOR 0.5024 ± 0.0222 0.5291 ± 0.0173 0.5964 ± 0.0365 0.7061 ± 0.0489 0.9105 ± 0.0208

Rel. improvement 6.5% 6.6% 7.9% 11.0% 14.9%

0.0
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1.0

1.5

γ= 0 γ= 1 γ= 2

2 3 4 5 6
0.0

0.5

1.0

1.5

γ= 3

2 3 4 5 6

γ= 4

NR
M

SE

Prediction horizon τ

HiSTOR
Causal CPC
CTD-NKO
CT
Best baseline at each horizon

Figure 2: CancerSim sustained-treatment NRMSE over τ = 2, . . . , 6. Lines are five-seed means;
the gray envelope is the lowest mean among all baselines at each horizon and may switch methods.
Complete results and SDs are in Appendix G.

5.3 OUTCOME PREDICTION WITH HIGH-DIMENSIONAL COVARIATES

We evaluate HiSTOR on CVSim as the number of correlated noisy covariates increases, while hold-
ing the underlying trajectory-generating process fixed. In the Static setting, the additional covariates
remain fixed within each patient, assessing prediction in the presence of redundant high-dimensional
measurements. In the Temporal setting, these covariates additionally exhibit temporal drift and time-
specific noise, assessing prediction when the added measurements also vary over time. Both settings
evaluate independent one-step prediction and multi-step prediction under sustained treatment.

For CVSim one-step prediction, HiSTOR achieves the lowest mean NRMSE at all evaluated dimen-
sions from dhd = 200 to 2000 in both settings (Figure 3(a,c)). At dhd = 2000, HiSTOR reduces
NRMSE from 0.954 for the best baseline IGC-Net to 0.882 in the Static setting and from 0.941 to
0.845 in the Temporal setting, corresponding to relative reductions of 7.5% and 10.2%. Although
IGC-Net has the lowest mean error at dhd = 10-100, HiSTOR leads at dhd = 0 and across all the
higher-dimensional settings. Its one-step advantage is therefore most consistent when the observed
covariate space is large. These results highlight HiSTOR’s predictive advantage in settings with
high-dimensional, correlated covariates.
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HiSTOR IGC-Net Causal CPC CT CTD-NKO

Figure 3: CVSim NRMSE across nine dhd settings. Panels (a,b) show Static and panels (c,d) Tempo-
ral results; the left panels report independent one-step error and the right panels report five-horizon
means. Lines are five-seed means. Appendix Figure 4 includes all methods.

HiSTOR shows a more consistent advantage for multi-step prediction, achieving the lowest five-
horizon-average NRMSE in all 18 combinations of covariate dimension and Static/Temporal setting
(Figure 3(b,d)). At dhd = 2000, HiSTOR reduces NRMSE by 28.4% in Static and 14.3% in Tem-
poral relative to baseline Causal CPC, the strongest baseline under this metric in both settings. The
advantage also extends across individual prediction horizons: HiSTOR achieves the lowest mean
NRMSE in 71 of the 72 conditions with τ ≥ 2. The only exception is Static dhd = 20 at τ = 2,
where CTD-NKO has a slightly lower mean error. At the highest evaluated dimension, dhd = 2000,

Table 3: CVSim NRMSE at dhd = 2000, reported as mean ± sample SD over five seeds. Indepen-
dent one-step and multi-step τ = 1 are distinct tasks. Best means are bold, second-best underlined;
relative improvements are computed against the lowest-mean baseline in each column.

Method One-step Multi-step

τ = 1 τ = 2 τ = 3 τ = 4 τ = 5

CVSim Static
MSM (Robins et al., 2000) 2.797 ± 1.659 3.797 ± 2.357 3.860 ± 2.392 3.914 ± 2.419 4.017 ± 2.479 4.082 ± 2.515
RMSN (Lim, 2018) 2.857 ± 0.975 3.775 ± 1.181 3.202 ± 0.735 3.147 ± 0.639 3.323 ± 0.591 3.544 ± 0.553
CRN (Bica et al., 2020) 4.359 ± 0.909 6.076 ± 1.675 7.004 ± 1.878 7.669 ± 1.911 8.433 ± 1.907 9.192 ± 1.945
CT (Melnychuk et al., 2022) 1.175 ± 0.318 1.412 ± 0.454 1.846 ± 0.472 2.234 ± 0.802 2.632 ± 1.150 2.984 ± 1.342
Causal CPC (Bouchattaoui et al., 2024) 1.262 ± 0.307 1.533 ± 0.624 1.586 ± 0.511 1.640 ± 0.372 1.741 ± 0.262 1.858 ± 0.308
CTD-NKO (Wang et al., 2025) 3.370 ± 1.719 3.856 ± 1.449 3.865 ± 2.000 4.222 ± 2.268 4.859 ± 2.282 5.567 ± 2.135
IGC-Net (Hess et al., 2026) 0.954 ± 0.274 1.054 ± 0.288 1.699 ± 0.633 2.476 ± 1.373 2.972 ± 1.447 4.226 ± 1.839

HiSTOR 0.882 ± 0.257 0.993 ± 0.322 1.070 ± 0.379 1.180 ± 0.404 1.294 ± 0.406 1.450 ± 0.405
Rel. improvement 7.5% 5.8% 32.5% 28.0% 25.7% 22.0%

CVSim Temporal
MSM (Robins et al., 2000) 2.776 ± 1.661 3.841 ± 2.425 3.905 ± 2.432 3.944 ± 2.420 4.047 ± 2.466 4.082 ± 2.486
RMSN (Lim, 2018) 2.605 ± 0.967 3.040 ± 1.321 2.412 ± 0.755 2.302 ± 0.718 2.534 ± 0.699 2.826 ± 0.679
CRN (Bica et al., 2020) 4.617 ± 2.500 7.551 ± 5.717 8.658 ± 6.450 9.187 ± 6.421 9.794 ± 6.411 10.452 ± 6.461
CT (Melnychuk et al., 2022) 1.132 ± 0.283 1.358 ± 0.451 1.595 ± 0.398 1.894 ± 0.305 2.210 ± 0.615 2.510 ± 0.904
Causal CPC (Bouchattaoui et al., 2024) 1.042 ± 0.185 1.257 ± 0.512 1.253 ± 0.457 1.318 ± 0.427 1.428 ± 0.429 1.556 ± 0.455
CTD-NKO (Wang et al., 2025) 3.382 ± 1.799 4.454 ± 2.248 4.489 ± 2.374 4.748 ± 2.562 5.140 ± 2.754 5.550 ± 2.875
IGC-Net (Hess et al., 2026) 0.941 ± 0.248 1.084 ± 0.307 1.531 ± 0.717 2.315 ± 1.327 3.185 ± 1.352 3.945 ± 1.992

HiSTOR 0.845 ± 0.254 0.974 ± 0.230 1.041 ± 0.307 1.150 ± 0.361 1.251 ± 0.442 1.421 ± 0.464
Rel. improvement 10.2% 10.2% 16.9% 12.7% 12.4% 8.7%

HiSTOR achieves the lowest mean error for both one-step prediction and all five multi-step hori-
zons in both settings (Table 3). At τ = 2, its NRMSE reductions relative to the strongest baseline
reach 32.5% in Static and 16.9% in Temporal. These gains persist through the final evaluated hori-
zon, with corresponding reductions of 22.0% and 8.7% at τ = 5. Together, these results highlight
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HiSTOR’s advantage in forecasting treatment-conditioned trajectories with high-dimensional co-
variates, whether the additional measurements remain fixed or vary over time. Complete results are
provided in Appendix H.

5.4 ABLATION STUDY

Table 4: CancerSim ablation NRMSE, reported as mean ± sample SD over five seeds. Bold values
indicate the lowest mean in each column. One-step results for autoregressive prediction are omitted
because it uses the same frozen backbone as HiSTOR.

Variant γ = 1 γ = 4

One-step Five-horizon mean One-step Five-horizon mean

HiSTOR 0.5663± 0.0607 0.5291± 0.0173 0.6703± 0.0451 0.9105± 0.0208
w/o Covariate Bottleneck 0.5928± 0.0500 0.5664± 0.0495 0.6797± 0.0356 0.9555± 0.0349
w/o Distribution Matching 0.5777± 0.0622 0.5516± 0.0205 0.6805± 0.0336 0.9189± 0.0498
w/o Reconstruction 0.5771± 0.0524 0.5492± 0.0282 0.6813± 0.0554 0.9151± 0.0570
Autoregressive Prediction — 0.5502± 0.0210 — 0.9193± 0.0409

We assess the contributions of HiSTOR’s components using the CancerSim benchmark at confound-
ing strengths γ = 1 and 4. We separately remove the covariate encoding bottleneck, distribution-
matching regularization, and reconstruction objectives. We also replace direct multi-step decoding
with autoregressive prediction. Table 4 summarizes the results over five seeds. All relative error in-
creases below are calculated against the full model at the corresponding confounding strength. The
full model achieves the lowest mean error in every reported comparison. Removing the covariate
bottleneck produces the largest increases in multi-step errors. The five-horizon-average NRMSE
rises from 0.5291 to 0.5664 at γ = 1 and from 0.9105 to 0.9555 at γ = 4, corresponding to relative
increases of 7.0% and 4.9%. The corresponding one-step errors increase by 4.7% and 1.4%. These
results identify the covariate bottleneck as the most influential component among those evaluated,
with benefits across both prediction tasks and confounding strengths.

Distribution matching and reconstruction provide additional improvements whose magnitudes de-
pend on the setting. Removing distribution matching increases the five-horizon-average NRMSE
by 4.3% at γ = 1 and 0.9% at γ = 4. Removing the reconstruction objectives increases the same
metric by 3.8% and 0.5%, respectively. Both modifications also increase the mean one-step error.
Thus, these objectives contribute to predictive performance, although their effects are smaller than
those of the covariate bottleneck in the evaluated settings.

Finally, replacing parallel decoding with autoregressive prediction increases the five-horizon-
average NRMSE by 4.0% at γ = 1 and 1.0% at γ = 4. This result indicates the benefit of direct
multi-step parallel decoding compared to autoregressive predictions where the error may accumulate
across multi-steps.

6 CONCLUSION

We introduced HiSTOR, a structured representation learning framework for longitudinal counter-
factual outcome prediction with high-dimensional covariates. HiSTOR combines current-covariate
compression with masked history encoding and partitions their fusion into shared, outcome-specific,
treatment-specific, and residual components. Joint predictive and reconstruction objectives encour-
age distinct functional roles and retention of information about the observed patient state. Across
CancerSim and CVSim, HiSTOR achieves the lowest mean five-horizon-average NRMSE in every
evaluated setting, with one-step advantages across CancerSim confounding strengths and at higher
CVSim dimensions.

Our evaluation currently focuses on simulated and semi-synthetic benchmarks. Future work will
extend evaluation to real-world clinical data and broader treatment regimes, explore separate mod-
eling of future covariate dynamics, and incorporate uncertainty quantification (Liu & Wong, 2026b;
Liu, 2026). We will also investigate when compressed histories retain sufficient information for
confounding adjustment.
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A NOTATION AND TEMPORAL ALIGNMENT

Table 5: Core notation.
Symbol Meaning

Xt Treatment assigned at time t
Yt Post-treatment outcome associated with Xt

Vt Covariates available before treatment at time t, including baseline and, when present, time-
varying components

Ht Observed information available before treatment at time t
Wt Implementation-only notation for the dataset-specific raw input supplied to the current-state

projection P
S Static CancerSim patient-type feature; the baseline component of Vt used through the static-

feature channel
sstati Dataset-specific static feature vector supplied to the direct decoder
P,EV Dataset-specific projection of Wt and the fixed-width current-state encoder
ut, ct Intermediate current-state embedding and fixed-width current-state encoding
T , Q Complete temporal history network and structured representation mapping
eX , eY Learned treatment and outcome embedding networks
LNX,Y,C Separately parameterized layer-normalization operators for the treatment, outcome, and

current-state inputs
st Fused history token aligned with the observations available through time t− 1
PE Addition of fixed sinusoidal positional encodings to the history-token sequence
TD Stack of temporal Transformer decoder blocks used as the masked history encoder
Wc,Wm Learned projections into the fused-token and cross-attention-memory spaces, respectively;

bias terms are omitted from the notation
T, [·]t Padded sequence length and selection of the output at sequence position t
Mtj ,Mpad Causal attention mask for query position t and key position j, and the key-padding mask
ht−1 Masked representation of the observations available through time t− 1
Φt, Zt Fused patient representation and its structured latent representation
z0t , z

1
t , z

2
t , z

3
t Shared, outcome-specific, treatment-specific, and residual-reconstruction branches

GV , Draw, R Embedding decoder, standardized raw-input decoder, and residual-reconstruction predictor
Dc, Du Critics operating in the current-state encoding and intermediate embedding spaces
fY , fX One-step outcome head and auxiliary treatment head
ŷt(xt) Predicted outcome under the observed or externally specified treatment xt

ℓXt Unnormalized logits produced by the auxiliary treatment head
pXt Predicted treatment-probability vector, defined as pXt = softmax(ℓXt )
x̂t Hard auxiliary treatment prediction, defined as x̂t = argmaxk p

X
t,k

I, Ib Set of valid patient–time observations in the dataset and in a minibatch, respectively
βt, ηk Direct-decoder boundary encoding and treatment-GRU state at horizon offset k
EX , gk Treatment embedding used by the direct decoder and its outcome head for horizon offset k
ỹt−1 Previous-outcome input after dataset-specific forecast-boundary preparation
wk Training-derived weight for treatment category k
W, τ Minibatch of complete factual windows and their prediction horizon
sg Identity in the forward pass with zero gradient through its argument
dW , du, dc Dimensions of the dataset-specific raw input, intermediate embedding, and fixed-width

current-state encoding
dh, dZ Dimensions of the historical representation and structured latent representation
d0, d1, d2, d3 Widths of the four structured latent branches
dy Outcome dimension
mit Indicator of an active patient–time entry in the evaluation metric

For one patient, the information available before treatment at time t is

Ht = (X<t, Y<t, V≤t).

The model processes this information through two complementary paths. The temporal path con-
structs ht−1 from the shifted sequence of preceding treatments, outcomes, and current-state encod-
ings. The current-state path separately constructs ct from the dataset-specific raw input Wt. These
representations are fused as

Φt = [ht−1, ct], Zt = Q(Φt).
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The symbol Wt is used only for implementation details in the appendix. Its construction differs
across datasets and is specified in Appendix C. In all cases, it contains only information observed
before treatment Xt.

At sequence position t, the shifted inputs Xt−1, Yt−1, and ct−1 are combined into the fused history
token st. Fixed positional encodings are added only to the token sequence. The projected sequence
Wmc0:T−1 forms the cross-attention memory and receives no positional encoding. The causal mask
permits position t to attend only to positions j ≤ t, while Mpad excludes inactive padded positions.
Because the inputs are shifted by one position, the resulting output ht−1 summarizes observations
only through time t− 1.

The auxiliary treatment head outputs logits ℓXt , which are converted into categorical probabilities by

pXt = softmax(ℓXt ).

If a hard auxiliary prediction is needed, it is obtained as

x̂t = argmax
k

pXt,k.

This auxiliary prediction does not provide the treatment input to the outcome model. One-step
outcome prediction instead conditions on the observed or externally specified treatment xt.

For one-step prediction, the model uses the information available at the prediction origin and predicts
Yt under the observed or specified treatment xt. For multi-step prediction, the model receives a
specified treatment sequence and does not use future outcomes or future covariates. The first output
of a multi-step evaluation may use different patient origins from the aggregate independent one-step
benchmark and therefore need not reproduce the same statistic. Dataset-specific input construction
is described in Appendix C, while sequence initialization and forecast-boundary preparation are
described in Appendices B and D.

B ARCHITECTURE AND OBJECTIVES

Structured branch configuration. We set (d0, d1, d2, d3) = (24, 24, 48, 64), giving dZ = 160.
The same allocation is used for all datasets. During backbone training, dropout is applied to [z0t , z

2
t ]

before the auxiliary treatment head. Both simulation datasets use categorical treatment prediction.
The direct multi-step decoder uses all four branches as its representation context.

Representation and temporal configuration. Both simulation adapters use du = 128, dc = 16,
dh = 128, and dZ = 160, so that Q maps R144 to R160. The raw input width dW depends on the
dataset and input configuration. The treatment and outcome embedding MLPs each have two hidden
layers of width 256 and output width 128. The structured mapping likewise has two hidden layers
of width 256. The temporal backbone has four Transformer decoder blocks, four attention heads
per block, a feedforward width of 256, and dropout 0.15. Fixed sinusoidal positional encodings
are added only to the fused tokens; the projected current-state memory has no added positional
encoding. Both attention paths apply the same causal and key-padding masks. The direct prediction
decoder uses a boundary and GRU hidden width of 32, a treatment embedding width of 8, and a
separate outcome head with hidden width 32 for each horizon.

Current-state projection and reconstruction objectives. The main text writes the current-state
encoding at a high level as ct = eV (Vt). In the implementation, this encoding is computed from the
dataset-specific input Wt using a projection followed by the encoder:

ut = P (Wt), ct = EV (ut).

Thus, eV in the main text is shorthand for the implementation-level mapping. The input Wt is
dataset-specific: CVSim uses Wt = Vt, whereas CancerSim uses Wit = [Yi,t−1, Si], as defined in
Appendix C.

They are connected by two first-level reconstruction objectives:

ût = GV (ct), Ŵ std
t = Draw(ct), Lemb = MSE(û, u), Lraw = MSE(Ŵ std,W std).

(10)
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Here GV is the embedding decoder and Draw reconstructs the standardized raw input. Both losses
are averaged over valid patient–time pairs. The raw reconstruction targets are standardized using
training-set statistics that remain fixed during validation and testing.

The residual-reconstruction target is the embedding information left unreconstructed by the first-
level decoder:

rt = sg[ut −GV (ct)] , Lres = MSE
(
R(z3t ), rt

)
, (11)

where sg blocks gradients through the residual target. The complete reconstruction objective is

Lrec = Lemb + Lraw + Lres. (12)

The embedding decoder GV also maps standard-normal samples into the embedding space for the
adversarial distributional objective in Equation 16.

Projection branches. Both projection branches are used in the experiments. CancerSim and the
five CVSim settings with dhd ≤ 100 use fixed sinusoidal features followed by an MLP. The feature
expansion concatenates Wt with sin(2kWt) and cos(2kWt) for k = 0, . . . , 7, and each of the two
hidden layers has width max(⌊17dW /2⌋, 128). The four CVSim settings with dhd ≥ 200 use an
MLP directly on Wt, with two hidden layers of width max(dW , 128). Thus, the embedding width
remains 128, but the projection network’s capacity varies with the input dimension.

Sequence initialization. The initial treatment input is the all-zero vector, used as a sequence-
start placeholder rather than a treatment category. In particular, it differs from the CancerSim no-
treatment category, encoded as (1, 0, 0, 0). Dataset-specific initialization of the outcome and raw
current-state inputs is described in Appendix C. The first historical current-state slot is set directly
to zero in the dc-dimensional encoding space, before the Wc and Wm projections; it is not obtained
by encoding a zero-valued raw input.

TEMPORAL NETWORK AND ALIGNMENT DETAILS

Let dh denote the temporal hidden dimension. The learned multilayer-perceptron embeddings eX
and eY map the preceding treatment and outcome into Rdh , while the learned projection Wc maps
the preceding current-state encoding into the same space. The history token at sequence position t
is

st = LNX(eX(Xt−1)) + LNY (eY (Yt−1)) + LNC(Wcct−1), (13)
where LNX , LNY , and LNC are separately parameterized layer-normalization operators.

Let PE denote the addition of fixed sinusoidal positional encodings to the token sequence. A second
learned projection, Wm, maps the historical current-state encodings to the cross-attention memory.
The temporal network produces

ht−1 = [TD(PE(s1:T ),Wmc0:T−1;M,Mpad)]t , (14)

where T is the padded sequence length, TD is the stack of temporal Transformer decoder blocks,
and [·]t selects its output at position t. The first input supplies the position-encoded tokens, and the
second supplies the historical memory without added positional encoding. These decoder blocks
implement the historical encoder T ; the direct treatment-plan decoder is a separate module.

Both attention paths use the causal mask M , with Mtj = 0 for j ≤ t and Mtj = −∞ otherwise.
Here t indexes query positions and j indexes key positions. The key-padding mask Mpad excludes
inactive positions. Since position j contains inputs aligned with time j − 1, the output at position t
depends only on observations available through time t− 1.

At the first sequence position, X0 is an all-zero start placeholder. The initial outcome input Y0 is zero
for CVSim and the standardized observed initial tumor volume for CancerSim. The initial historical
encoding c0 is set directly to zero in the encoding space before applying Wc and Wm. The current
encoding ct remains outside this shifted stream and is fused with ht−1 after temporal processing.

HISTOR OPTIMIZATION DETAILS

Auxiliary treatment prediction. Let K index the treatment categories, and let

pXit = softmax(ℓXit )
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denote the auxiliary treatment-probability vector for patient i at time t. Its k-th element, pXit,k, is the
predicted probability of treatment category k. For each minibatch, let Ib denote the valid patient–
time observations. The auxiliary treatment loss is

LX = − 1

|Ib|
∑

(i,t)∈Ib

∑
k∈K

1{Xit = k} log pXit,k, (15)

Both simulation datasets encode each treatment choice as one categorical label; in CancerSim, the
category representing both therapies is treated as a single treatment class. The auxiliary treatment
loss is not weighted by treatment frequency, and its contribution to the backbone objective is scaled
by λX .

The complete backbone objective is given in Equation 6, where e is the training epoch and the λ
coefficients weight the corresponding objectives.

Regularization and updates. The backbone uses (λX , λroll) = (0.01, 0.25) for CVSim and (1, 0)
for CancerSim. The latent-norm coefficient is λnorm = 0.01.

The encoding critic Dc compares the current-state encoding ct with standard-normal samples ϵ ∼
N (0, Idc

), where Idc
is the dc-dimensional identity matrix. The embedding critic Du compares

generated embeddings GV (ϵ) with observed embeddings ut. The encoder and generator minimize

LE,adv = −E[Dc(ct)], LG,adv = −E[Du(GV (ϵ))]. (16)

The adversarial term in Equation 6 is the sum of the encoder and generator objectives:

Ladv = LE,adv + LG,adv. (17)

These distributional objectives act on the first-level encoding and embedding spaces. The critics use
Wasserstein losses with gradient penalties (Gulrajani et al., 2017) and jointly minimize

LD = EI [Dc(ct)]− Eϵ[Dc(ϵ)]

+ Eϵ[Du(GV (ϵ))]− EI [Du(ut)]

+ λgp

(
Rc

gp +Ru
gp

)
.

(18)

During critic updates, the current-state representations and generated samples are detached from the
remaining network. For each critic, the gradient penalty is

Rgp(D) = Eṽ

[
(∥∇ṽD(ṽ)∥2 − 1)

2
]
, (19)

where
ṽ = αvref + (1− α)vmodel, α ∼ U(0, 1).

The paired reference and model inputs are (ϵ, ct) for Dc and (ut, GV (ϵ)) for Du. We use λgp = 10
and perform three critic updates for each backbone update.

The latent-norm penalty is

Lnorm = EI

[(
∥ct∥22
dc

− 1

)2
]
, (20)

with λnorm = 0.01. This term regulates the normalized latent scale around one, while distribution
matching is handled by the adversarial objective. With zero-based epoch index e, the adversarial
coefficient is

λadv(e) = 0.01min

(
1,max

(
0,

e− 10

20

))
. (21)

The CVSim rollout coefficient remains 0.25 throughout training, without an additional warm-up
schedule. The CVSim backbone rollout horizon is five steps. Training samples one origin uniformly
from the complete valid five-step windows of each eligible trajectory. At rollout offset j, the current-
and previous-treatment input arrays are masked at positions later than t+j, so later treatment entries
are not exposed to earlier predictions. Generated outcomes remain connected to the computational
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graph when they are inserted into subsequent history inputs. Validation uses one deterministically
selected middle valid origin for each eligible trajectory.

For CVSim, let ρk denote the empirical proportion of treatment category k in the training data. The
treatment weight for category k is computed once as

wk =
ρ
−1/2
k∑

ℓ∈K ρℓρ
−1/2
ℓ

. (22)

These weights are used for the backbone one-step outcome loss and for the direct decoder training
and validation losses. They are not used for the auxiliary treatment loss, the backbone rollout loss,
or the backbone validation criterion. CancerSim uses unit weights throughout.

Outcome and rollout losses. Let wXit
be the weight of the observed treatment category. The

factual one-step outcome loss is

LY =

∑
(i,t)∈Ib

wXit
∥ŷit(Xit)− Yit∥22

dy
∑

(i,t)∈Ib
wXit

, (23)

where dy is the outcome dimension. CVSim uses the training-derived treatment weights defined
above, whereas CancerSim uses unit weights.

For CVSim, let W(5)
b be the sampled valid five-step factual windows in a minibatch. The rollout

prediction ŷrolli,t+j is generated recursively, with each prediction supplied to the subsequent history.
The rollout loss is

Lroll =

∑
(i,t)∈W(5)

b

∑4
j=0

∥∥ŷrolli,t+j − Yi,t+j

∥∥2
2

5dy |W(5)
b |

, (24)

and does not use treatment weights. CancerSim sets λroll = 0.

Direct-decoder architecture. At the prediction origin, the decoder forms

βt = tanh
(
Wb[Zt, s

stat
i , ỹt−1]

)
.

Here Wb is learned and ỹt−1 is the dataset-specific previous-outcome input. Here sstati denotes the
static decoder input: patient-factor features in CVSim and the patient-type feature in CancerSim.
The main-text expression Dτ (Zt, x̄) is a high-level shorthand; the implementation also supplies
sstati and the prepared previous-outcome input ỹt−1 at the prediction boundary. A shared treatment-
plan GRU and horizon-specific heads then produce

ηk = GRU(EX(xt+k), ηk−1), ŷDt+k = gk([βt, ηk]), η−1 = βt,

for k = 0, . . . , τ − 1. Here EX is the decoder treatment embedding and gk is the outcome head at
offset k. Generated outcomes are not fed between heads.

Direct-decoder objective. After backbone selection, the exponential-moving-average backbone
is frozen and used to extract decoder contexts without gradients. Let W be a minibatch of complete
factual windows indexed by patient i and prediction origin t, let τ be the number of target steps, and
let dy be the outcome dimension. The direct decoder minimizes

Ldir =

∑
(i,t)∈W

∑τ−1
j=0 wXi,t+j

∥ŷDi,t+j − Yi,t+j∥22
dy

∑
(i,t)∈W

∑τ−1
j=0 wXi,t+j

. (25)

Here ŷDi,t+j is the direct prediction at horizon offset j, and wXi,t+j is the weight assigned to the
observed treatment category at that step. CVSim uses the training-derived treatment weights de-
fined above, whereas CancerSim uses unit weights. Decoder checkpoints are selected using the
corresponding factual validation objective.

Backbone training uses AdamW with separate learning-rate groups for the current-state autoencoder
and the remaining non-critic modules, together with a separate optimizer for the critics. Gradi-
ents are clipped to norm 1. An exponential moving average with decay 0.99 is maintained for the
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backbone and is used for validation, one-step prediction, and decoder-context extraction. Decoder
contexts are extracted without gradients after backbone selection.

The direct decoder uses AdamW with learning rate 10−3, weight decay 10−3, gradient clipping at
norm 1, no parameter averaging, hidden width 32, batch size 4096, early-stopping patience 20, and
a maximum training budget of 200 epochs. Decoder windows contain only valid targets and exclude
the first sequence position, which lacks a genuine preceding outcome. The decoder uses all four
latent branches of Zt; its treatment GRU shares parameters across horizons, while each horizon has
an independent outcome head.

C DATA AND EVALUATION PROTOCOLS

CVSIM

CVSim is a stochastic longitudinal dynamical system in which a six-dimensional state evolves with
the preceding categorical treatment and a three-dimensional observed patient-factor vector. Four
noisy state projections form the base time-varying covariates. Treatment is sampled from a three-
category softmax mechanism depending on the covariates and patient factor. The scalar outcome
combines state and covariate contributions with treatment main effects and state-dependent treat-
ment interactions. The observed configuration supplies the patient factor as static input.

For the current-state projection, CVSim directly uses the observed covariate vector. Under the
implementation-only notation introduced in Appendix A,

Wit = Vit.

Thus, dW = 7+ dhd, consisting of the four base time-varying covariates, the three observed patient
factors supplied as static inputs, and any additional dimensions. The preceding-outcome channel is
initialized to zero at the sequence start.

The additional dimensions are not pure-noise features or separate latent patient factors. Each dimen-
sion is generated as a noisy linear measurement of the same three-dimensional observed patient-
factor vector. These measurements are added after the base trajectories have been generated and
therefore do not directly alter the base treatment-assignment or outcome equations.

Writing qi ∈ R3 for the observed patient-factor vector and Whd ∈ Rdhd×3 for a projection matrix
sampled once for each simulated dataset, the extensions are

V hd
i = Whdqi + ϵi (Static), V hd

i,t = Whdqi +
t

T − 1
1dhd

+ ϵi,t (Temporal).

The entries of Whd are drawn independently from N (0, 0.52), and the entries of the measurement-
noise vectors are drawn independently from N (0, 0.32). Thus, conditional on qi, the noise compo-
nents are independent, but the complete added measurements are not generally independent because
they share the signal Whdqi. In the Static setting, ϵi is sampled once per patient and the resulting
measurements are held fixed over time. In the Temporal setting, ϵi,t is resampled independently for
each time point, and a common linear drift is added.

Consequently, increasing dhd increases the number of noisy, redundant observed measurements
rather than the number of underlying patient factors; the patient-factor dimension remains three.
The two extension modes coincide when dhd = 0. The simulator generates potential outcomes for
all three treatments at every time point. For multi-step evaluation, it starts from the factual state
at the forecast origin and reuses the exogenous noise under the fixed treatment plan. The resulting
future covariates are not supplied to the prediction models.

CANCERSIM

CancerSim simulates tumor volume Yit using Gompertz-type growth, chemotherapy concentration,
linear and quadratic radiotherapy effects, and multiplicative noise. The simulator has no separate
time-varying covariate channel beyond the tumor-volume trajectory. The patient-type feature Si

is a baseline covariate that modifies the treatment-response coefficients. Accordingly, the Cancer-
Sim covariate variable in the general formulation contains the baseline component Si, while tumor
volume remains the outcome Yit.
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Table 6: CVSim simulation and evaluation parameters used in the experiments.
Parameter Value

Patients; train/validation/test 5,000; 4,000/500/500
Trajectory length; state dimension 50; 6
Base time-varying/static covariates 4/3
Treatment categories 0, 1, 2, encoded as three-way one-hot vectors
Integration step; confounding coefficient 0.1; 1.0
State/covariate/outcome noise SD 0.05/0.05/0.05
Treatment main/interaction coefficient SD 0.20/0.10
Added dimensions dhd 0, 10, 20, 50, 100, 200, 500, 1,000, 2,000
Extension modes Static and temporal, both with observed patient factors
Extension noise SD; temporal drift 0.3; linear drift from 0 to 1
Base-covariate temporal drift Disabled; separate from the temporal extension
Total raw covariate width 7 + dhd, including static inputs
Forecast origin (zero-based array index) s = 50− 5 = 45
Fixed treatment; scored horizons Arm 2, (0, 0, 1); τ = 1, . . . , 5

Treatment probabilities at time t depend on the recent mean tumor diameter computed from the ob-
served outcome history Yi,<t. Past outcomes therefore belong to the observed pre-treatment history
and provide time-varying confounding information, while retaining their definition as outcomes.

For the implemented current-state projection, the raw input is constructed as

Wit = [Yi,t−1, Si].

Here Wit is an implementation-only input tensor; this construction does not redefine the outcome
Yi,t−1 as a covariate. The first input uses the observed initial tumor volume after dataset-level
standardization, and the static patient-type feature is repeated across time. Hence dW = 2, and the
projection expands this two-dimensional input to the 16-dimensional current-state encoding ct. The
initial historical outcome input is the standardized baseline tumor volume.

The training, validation, one-step counterfactual, and multi-step counterfactual cohorts are gener-
ated separately. Counterfactual expansion produces multiple evaluation entries per patient; these
entries must not be counted as independent patients. The one-step test includes factual prefixes
and alternative-treatment branches, and its metric scores all active entries rather than only the final
counterfactual position of each branch.

Table 7: CancerSim simulation and evaluation parameters used in the experiments. Sampling means
and standard deviations refer to the parameter distributions before truncation.
Parameter Value

Training/validation patients 10,000/1,000
Patients per counterfactual test cohort 1,000 for each separately generated test
Maximum simulation length 60; at most 59 shifted factual prediction slots
Treatment categories None, chemotherapy, radiotherapy, both
Static covariate Patient type, sampled uniformly from {1, 2, 3}
Chemo/radio assignment coefficients Both equal γ ∈ {0, 1, 2, 3, 4}
Assignment window; lag 15; 0
Logistic slope; diameter midpoint γ/13; 6.5
Chemotherapy dose; half-life 5; 1
Radiotherapy dose; noise SD 2; 0.01
Carrying capacity; death threshold π303/6; DC = π133/6
Growth-rate sampling mean/SD 7× 10−5/7.23× 10−3

Radiotherapy α sampling mean/SD 0.0398/0.168
Chemotherapy coefficient mean/SD 0.028/0.0007
α–growth correlation; α/β 0.87; 10
Patient-type adjustments Type 1: add 0.00398 to α; type 3: add 0.0028 to the chemotherapy

coefficient
Recovery probability exp(−5.8× 108 volume)
Fixed treatment; scored horizons Both therapies, (0, 0, 0, 1); τ = 2, . . . , 6
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Initial diameters follow a truncated log-normal stage mixture. For stages I, II, IIIA, IIIB, and IV, the
log-scale (µ, σ) pairs are (1.72, 4.70), (1.96, 1.63), (1.91, 9.40), (2.76, 6.87), and (3.86, 8.82), with
sampling weights 1432, 128, 1306, 7248, and 12840. The lower diameter bound is 0.3; the upper
bound is 5 for stage I and 13 otherwise. Diameters are converted to volumes. Factual trajectories
stop at the death threshold, stochastic recovery, or the maximum length. Outcome and patient-type
scaling statistics are fitted on training data; treatment indicators retain their categorical encoding.

D FORECAST BOUNDARY AND MODEL ADAPTATIONS

For fixed-regime multi-step evaluation in CVSim, Ys−1 and Vs remain observed, later previous-
outcome slots are cleared, and future covariate placeholders repeat Vs. Models may mask, replace,
or bypass these placeholders. In CancerSim, the boundary outcome is first predicted under the
factual boundary treatment and inserted into the subsequent history. This bridge is not scored; the
five fixed-plan targets correspond to horizons two through six. Scoring uses each model’s multi-step
output directly, without replacing its first scored entry with a separate one-step prediction.

Table 8: Future-covariate handling within the common forecast boundary.
Method Multi-step inputs

HiSTOR Direct decoding uses the boundary representation, static covariates,
previous-outcome input, and treatment plan, without future covari-
ates or outcome feedback between horizon heads. CancerSim first
supplies a predicted bridge outcome at the boundary.

CT (Melnychuk et al., 2022) Masks access to post-origin covariates and recursively updates out-
comes.

CRN, RMSN Decode from the encoded history using treatment, static informa-
tion, and predicted outcomes; decoders do not consume future co-
variates.

MSM (Robins et al., 2000) Uses origin-history features and cumulative treatment-plan features,
without future-covariate simulation.

Causal CPC (Bouchattaoui et al., 2024) Decodes from origin context and the treatment plan, without future
covariates.

CTD-NKO (Wang et al., 2025) Recursively predicts outcomes and subsequent covariates, replacing
placeholders.

IGC-Net (Hess et al., 2026) Uses origin history and separately fitted fixed-prefix regressions,
without sampling future covariate distributions.

E METRIC DEFINITIONS AND AGGREGATION

We report normalized root mean squared error (NRMSE); lower values are better. The normalization
constants are defined without using model predictions: CancerSim uses the simulator’s fixed tumor-
death volume threshold, whereas CVSim uses ranges computed from the corresponding test targets.
For CancerSim one-step prediction, let mit mark an active expanded test entry and let T+ = {t :∑

i mit > 0}. The reported error is

EC,1 =
100

DC

√√√√ 1

|T+|
∑
t∈T+

∑
i mit(ŷit − yit)2∑

i mit
. (26)

Here i indexes counterfactually expanded test entries and DC = π133/6 ≈ 1150.3465 is the simu-
lator’s tumor-death threshold. Thus CancerSim first averages squared error across active entries at
each time and then averages across valid times; it does not pool all active entries before taking the
square root.

For CVSim one-step prediction, let I1 contain all active patient–time–treatment entries. With DV,1

equal to the range of their target potential outcomes,

EV,1 =
100

max(DV,1, 10−8)

√√√√ 1

|I1|
∑

(i,t,a)∈I1

(ŷit(a)− yit(a))2. (27)
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This definition pools the active test units, time points, and all three current treatment arms.

For scored multi-step position h, let Ih contain the entries with finite predictions and targets. The
horizon-specific error is

Eh =
100

max(D, 10−8)

√
1

|Ih|
∑
i∈Ih

(ŷi,h − yi,h)2. (28)

CancerSim uses D = DC and reports horizons 2 through 6 after the unscored bridge prediction.
CVSim uses the range of all fixed-regime multi-step targets across patients and the five scored po-
sitions, shared across horizons within the same seed and condition, and reports horizons 1 through
5. This rollout denominator differs from DV,1 because the one-step and multi-step evaluations use
different target arrays. With the same simulator seed and patient split, adding high-dimensional mea-
surements leaves the outcome trajectories unchanged, so the CVSim rollout denominator is constant
across dimensions within a seed but may differ across seeds.

Within seed r, the horizon average is E
(r)

= 1
5

∑5
h=1 E

(r)
h . For either a one-step score, a horizon-

specific score, or this average, we report the mean and sample standard deviation across seeds
{3, 101, 42, 8, 9}, using denominator R− 1 with R = 5. No errors are pooled across datasets.

F BASELINES AND TRAINING CONFIGURATIONS

The comparison uses HiSTOR and the seven baselines listed in Section 5.1. All methods receive the
same simulated data realization, split, intervention regime, forecast boundary, and seed within each
experimental condition. CancerSim uses 10,000 training and 1,000 validation patients, together with
separate 1,000-patient one-step and multi-step test cohorts. CVSim uses an 80/10/10 patient split of
5,000 trajectories. Counterfactual test targets are used only for evaluation.

CRN uses an encoder LSTM with hidden width 24, balancing width 12, and head width 36, fol-
lowed by a one-layer decoder with balancing width 18 and head width 36. Its encoder and de-
coder use Adam with learning rates 10−2 and 10−3 and batch sizes 128 and 1,024, respectively.
CT uses one Transformer layer, two heads, dropout 0.1, and EMA decay 0.99; its CancerSim se-
quence/balancing/head widths vary across dataset-specific configurations, while CVSim uses widths
16/12/24. RMSN retains its four propensity, history, encoder, and decoder stages with dataset-
specific widths, learning rates, batch sizes, and clipping thresholds.

Causal CPC uses dataset-specific local, context, and head widths with six-step contrastive prediction
and an autoregressive treatment-plan decoder; its representation and outcome modules use AdamW
and its treatment adversary uses SGD. CTD-NKO uses condition-specific CancerSim widths and a
24-dimensional CVSim model, with Adam, EMA, and validation-based selection. IGC-Net uses a
16/8/4 CancerSim hidden/history/head configuration and a 48/88/44 CVSim configuration; multi-
step prediction fits a separate fixed-regime model for each required treatment-plan prefix. MSM
uses unregularized multinomial logistic propensity models, stabilized weights clipped at the first
and 99th percentiles, and weighted linear outcome regressions.

HiSTOR uses a 16-dimensional current-covariate encoding, a 128-dimensional four-layer, four-head
Transformer with feed-forward width 256, and a 160-dimensional structured representation split into
widths 24/24/48/64. The backbone uses AdamW with learning rates 10−3 for the main generator,
5 × 10−4 for the autoencoder modules, and 10−4 for the critics, together with gradient-penalty
weight 10, three critic updates, and EMA decay 0.99. The direct treatment-plan decoder has hidden
width 32, uses all four representation branches, and is trained with AdamW at learning rate 10−3,
weight decay 10−3, batch size 4,096, and gradient clipping at 1. The selected backbone remains
frozen during decoder training.

CRN, CT, and RMSN use fixed training budgets, while HiSTOR, Causal CPC, CTD-NKO, and
IGC-Net use the validation and checkpoint-selection criteria reported in Table 9. All stochastic
experiments use the five reported evaluation seeds.
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Table 9: Training budgets and validation criteria.
Method Maximum budget Validation and checkpoint selection

CRN (Bica et al.,
2020)

100 epochs per encoder/decoder stage Fixed budget; no best-validation
restoration

CT (Melnychuk
et al., 2022)

150 epochs Fixed budget; final EMA parameters

RMSN (Lim, 2018) 100 epochs per propensity/prediction
stage

Fixed budget; no best-validation
restoration

HiSTOR (backbone) CancerSim: 50 epochs; CVSim: 120
epochs

EMA validation. CancerSim: one-step
MSE; CVSim: one-step MSE plus 0.25
times rollout MSE. Patience: 12/25,
respectively.

HiSTOR (decoder) 200 epochs Factual multi-step loss in Equation 25;
no EMA; patience 20.

MSM (Robins et al.,
2000)

Weighted regression Training-set fit; no validation checkpoint

Causal CPC
(Bouchattaoui et al.,
2024)

2,000 epochs per stage Contrastive pretraining and outcome
fine-tuning objectives; patience 30

CTD-NKO (Wang
et al., 2025)

CancerSim: 150; CVSim: 500 Weighted outcome, covariate, and
Koopman validation losses with EMA;
patience 30

IGC-Net (Hess
et al., 2026)

CancerSim: 50; CVSim: 100 Factual MSE for the one-step head;
pseudo-outcome validation for each fixed
prefix; patience 30

G DETAILED CANCERSIM RESULTS

Values are NRMSE, mean ± sample SD across five randomly selected seeds {3, 101, 42, 8, 9}.
Lower is better; the lowest mean is bold and the second-lowest underlined. Figure 2 summarizes
the horizon-specific mean results, followed by the corresponding mean and sample-SD tables and
paired seed-level comparisons.

Table 10: CancerSim: τ=2. Values are NRMSE, mean ± sample SD across five randomly selected
seeds {3, 101, 42, 8, 9}. Lower is better; the lowest mean is bold and the second-lowest underlined.
Method γ=0 γ=1 γ=2 γ=3 γ=4

MSM (Robins et al., 2000) 1.2741 ± 0.1100 1.1635 ± 0.0900 1.2066 ± 0.0585 1.4065 ± 0.1020 1.8154 ± 0.1062
RMSN (Lim, 2018) 0.9211 ± 0.1186 0.9329 ± 0.0732 1.0331 ± 0.0750 1.1923 ± 0.1337 1.5835 ± 0.1700
CRN (Bica et al., 2020) 0.9276 ± 0.0552 0.9578 ± 0.0771 1.0822 ± 0.0609 1.1791 ± 0.0744 1.4956 ± 0.1417
CT (Melnychuk et al., 2022) 0.8526 ± 0.0666 0.8956 ± 0.0510 1.0073 ± 0.0781 1.2217 ± 0.1078 1.5822 ± 0.1954
Causal CPC (Bouchattaoui et al., 2024) 0.8707 ± 0.0642 0.9144 ± 0.0661 1.0265 ± 0.0297 1.1786 ± 0.0823 1.5764 ± 0.0844
CTD-NKO (Wang et al., 2025) 0.8988 ± 0.0903 0.8836 ± 0.0466 0.9827 ± 0.0878 1.1608 ± 0.1459 1.5919 ± 0.1812
IGC-Net (Hess et al., 2026) 0.9028 ± 0.0810 0.9437 ± 0.0800 1.0616 ± 0.0712 1.2969 ± 0.1968 1.5079 ± 0.1704

HiSTOR 0.8164 ± 0.0471 0.8359 ± 0.0455 0.9313 ± 0.0678 1.0616 ± 0.0696 1.3023 ± 0.0403

Table 11: CancerSim: τ=3. Values are NRMSE, mean ± sample SD across five randomly selected
seeds {3, 101, 42, 8, 9}. Lower is better; the lowest mean is bold and the second-lowest underlined.
Method γ=0 γ=1 γ=2 γ=3 γ=4

MSM (Robins et al., 2000) 1.2151 ± 0.0802 1.0676 ± 0.0612 1.0760 ± 0.0378 1.2109 ± 0.0858 1.4938 ± 0.0915
RMSN (Lim, 2018) 0.7531 ± 0.0863 0.7798 ± 0.0677 0.8688 ± 0.0547 1.0709 ± 0.0985 1.4446 ± 0.1342
CRN (Bica et al., 2020) 0.7207 ± 0.0200 0.7605 ± 0.0470 0.8918 ± 0.0493 1.0124 ± 0.0468 1.3358 ± 0.1304
CT (Melnychuk et al., 2022) 0.7039 ± 0.0512 0.7565 ± 0.0371 0.8613 ± 0.0584 1.1286 ± 0.0820 1.4427 ± 0.1822
Causal CPC (Bouchattaoui et al., 2024) 0.6892 ± 0.0442 0.7593 ± 0.0648 0.8426 ± 0.0366 1.0072 ± 0.0809 1.3924 ± 0.0735
CTD-NKO (Wang et al., 2025) 0.7168 ± 0.0679 0.7402 ± 0.0398 0.8424 ± 0.0726 1.0433 ± 0.1289 1.5613 ± 0.1790
IGC-Net (Hess et al., 2026) 0.7690 ± 0.0796 0.8233 ± 0.0411 0.8910 ± 0.0592 1.0994 ± 0.1694 1.3834 ± 0.1194

HiSTOR 0.6573 ± 0.0302 0.6864 ± 0.0209 0.7762 ± 0.0521 0.9105 ± 0.0667 1.1462 ± 0.0310
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Table 12: CancerSim: τ=4. Values are NRMSE, mean ± sample SD across five randomly selected
seeds {3, 101, 42, 8, 9}. Lower is better; the lowest mean is bold and the second-lowest underlined.
Method γ=0 γ=1 γ=2 γ=3 γ=4

MSM (Robins et al., 2000) 1.0396 ± 0.0558 0.8940 ± 0.0395 0.8815 ± 0.0251 0.9675 ± 0.0506 1.1679 ± 0.0738
RMSN (Lim, 2018) 0.5467 ± 0.0640 0.5764 ± 0.0653 0.6356 ± 0.0360 0.8279 ± 0.0876 1.1093 ± 0.0867
CRN (Bica et al., 2020) 0.5204 ± 0.0256 0.5637 ± 0.0280 0.6723 ± 0.0483 0.7932 ± 0.0311 1.0614 ± 0.0893
CT (Melnychuk et al., 2022) 0.5144 ± 0.0404 0.5589 ± 0.0314 0.6427 ± 0.0474 0.8771 ± 0.0610 1.1302 ± 0.2003
Causal CPC (Bouchattaoui et al., 2024) 0.5041 ± 0.0368 0.5608 ± 0.0545 0.6149 ± 0.0279 0.7665 ± 0.0606 1.0591 ± 0.0822
CTD-NKO (Wang et al., 2025) 0.5135 ± 0.0504 0.5486 ± 0.0352 0.6347 ± 0.0528 0.7999 ± 0.1004 1.2832 ± 0.1673
IGC-Net (Hess et al., 2026) 0.6253 ± 0.0590 0.6709 ± 0.0632 0.7317 ± 0.0957 0.9435 ± 0.1485 1.1810 ± 0.1571

HiSTOR 0.4716 ± 0.0209 0.5013 ± 0.0207 0.5654 ± 0.0343 0.6784 ± 0.0509 0.8772 ± 0.0401

Table 13: CancerSim: τ=5. Values are NRMSE, mean ± sample SD across five randomly selected
seeds {3, 101, 42, 8, 9}. Lower is better; the lowest mean is bold and the second-lowest underlined.
Method γ=0 γ=1 γ=2 γ=3 γ=4

MSM (Robins et al., 2000) 0.8566 ± 0.0448 0.7227 ± 0.0299 0.6987 ± 0.0291 0.7520 ± 0.0293 0.8948 ± 0.0575
RMSN (Lim, 2018) 0.3820 ± 0.0486 0.4087 ± 0.0528 0.4453 ± 0.0248 0.6126 ± 0.0932 0.7896 ± 0.0523
CRN (Bica et al., 2020) 0.3643 ± 0.0262 0.4064 ± 0.0229 0.4838 ± 0.0341 0.6091 ± 0.0470 0.8571 ± 0.0685
CT (Melnychuk et al., 2022) 0.3630 ± 0.0327 0.3966 ± 0.0269 0.4629 ± 0.0467 0.6433 ± 0.0502 0.8458 ± 0.2130
Causal CPC (Bouchattaoui et al., 2024) 0.3610 ± 0.0287 0.4055 ± 0.0513 0.4418 ± 0.0222 0.5710 ± 0.0431 0.7627 ± 0.0573
CTD-NKO (Wang et al., 2025) 0.3553 ± 0.0348 0.3872 ± 0.0264 0.4547 ± 0.0322 0.5801 ± 0.0754 0.9987 ± 0.1647
IGC-Net (Hess et al., 2026) 0.4390 ± 0.0532 0.5397 ± 0.1107 0.5732 ± 0.0468 0.7030 ± 0.0830 0.8287 ± 0.1329

HiSTOR 0.3307 ± 0.0165 0.3590 ± 0.0182 0.4088 ± 0.0249 0.4959 ± 0.0408 0.6780 ± 0.0294

Table 14: CancerSim: τ=6. Values are NRMSE, mean ± sample SD across five randomly selected
seeds {3, 101, 42, 8, 9}. Lower is better; the lowest mean is bold and the second-lowest underlined.
Method γ=0 γ=1 γ=2 γ=3 γ=4

MSM (Robins et al., 2000) 0.6995 ± 0.0387 0.5805 ± 0.0272 0.5482 ± 0.0285 0.5792 ± 0.0194 0.6899 ± 0.0397
RMSN (Lim, 2018) 0.2648 ± 0.0380 0.2863 ± 0.0380 0.3091 ± 0.0188 0.4479 ± 0.1021 0.5498 ± 0.0400
CRN (Bica et al., 2020) 0.2533 ± 0.0236 0.2874 ± 0.0165 0.3428 ± 0.0225 0.4616 ± 0.0873 0.7041 ± 0.0592
CT (Melnychuk et al., 2022) 0.2566 ± 0.0286 0.2806 ± 0.0225 0.3352 ± 0.0513 0.4578 ± 0.0380 0.6323 ± 0.2171
Causal CPC (Bouchattaoui et al., 2024) 0.2622 ± 0.0182 0.2925 ± 0.0479 0.3213 ± 0.0170 0.4434 ± 0.0416 0.5598 ± 0.0440
CTD-NKO (Wang et al., 2025) 0.2466 ± 0.0237 0.2723 ± 0.0190 0.3219 ± 0.0182 0.4144 ± 0.0566 0.7617 ± 0.1655
IGC-Net (Hess et al., 2026) 0.3777 ± 0.0316 0.4813 ± 0.2088 0.4291 ± 0.0802 0.5134 ± 0.1244 0.6374 ± 0.0859

HiSTOR 0.2359 ± 0.0171 0.2627 ± 0.0178 0.3004 ± 0.0181 0.3840 ± 0.0471 0.5485 ± 0.0536

G.1 PAIRED COMPARISONS

We compare HiSTOR with the strongest external baseline identified by the cross-seed mean in each
condition. HiSTOR achieves a lower mean within-seed NRMSE difference in every CancerSim
condition. It wins in three or more of the five seeds for every independent one-step comparison
and in all five seeds for every five-horizon-average comparison. The tables report the mean paired
difference, defined as HiSTOR minus the comparator, together with approximate 95% t intervals
across the five seeds.

Table 15: CancerSim: paired comparisons for independent one-step.

Condition Comparator Wins / 5 Mean difference Approx. 95% interval

0 CT (Melnychuk et al., 2022) 3/5 -0.0248 [-0.0693, 0.0198]
1 CT (Melnychuk et al., 2022) 4/5 -0.0311 [-0.0811, 0.0188]
2 CT (Melnychuk et al., 2022) 5/5 -0.0597 [-0.1243, 0.0049]
3 CTD-NKO (Wang et al., 2025) 5/5 -0.0957 [-0.1435, -0.0478]
4 CTD-NKO (Wang et al., 2025) 5/5 -0.0917 [-0.1622, -0.0212]
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Table 16: CancerSim: paired comparisons for five-horizon averages.
Condition Comparator Wins / 5 Mean difference Approx. 95% interval

0 Causal CPC (Bouchattaoui et al., 2024) 5/5 -0.0351 [-0.0633, -0.0068]
1 CTD-NKO (Wang et al., 2025) 5/5 -0.0373 [-0.0650, -0.0096]
2 CTD-NKO (Wang et al., 2025) 5/5 -0.0509 [-0.1024, 0.0007]
3 Causal CPC (Bouchattaoui et al., 2024) 5/5 -0.0873 [-0.1167, -0.0579]
4 Causal CPC (Bouchattaoui et al., 2024) 5/5 -0.1596 [-0.2107, -0.1085]

H DETAILED CVSIM RESULTS

Values are NRMSE, mean ± sample SD across five randomly selected seeds {3, 101, 42, 8, 9}.
Lower is better; the lowest mean is bold and the second-lowest underlined.

Table 17: CVSim Static: independent one-step. Values are NRMSE, mean ± sample SD across
five randomly selected seeds {3, 101, 42, 8, 9}. Lower is better; the lowest mean is bold and the
second-lowest underlined.
Method d hd=0 d hd=10 d hd=20 d hd=50 d hd=100

MSM (Robins et al., 2000) 2.7450 ± 1.6322 2.7454 ± 1.6333 2.7450 ± 1.6337 2.7442 ± 1.6323 2.7449 ± 1.6336
RMSN (Lim, 2018) 2.6288 ± 1.4077 2.5587 ± 1.3994 2.5495 ± 1.3605 2.5482 ± 1.3358 2.5416 ± 1.3063
CRN (Bica et al., 2020) 4.3197 ± 3.1278 3.4662 ± 1.5178 3.4285 ± 1.5090 3.0455 ± 1.3404 2.9070 ± 1.3528
CT (Melnychuk et al., 2022) 1.1909 ± 0.2306 1.1130 ± 0.2309 1.0561 ± 0.2623 1.0544 ± 0.2537 1.1011 ± 0.2754
Causal CPC (Bouchattaoui et al., 2024) 1.0229 ± 0.2806 0.9878 ± 0.1462 0.9647 ± 0.2157 1.0222 ± 0.1746 1.0315 ± 0.1334
CTD-NKO (Wang et al., 2025) 2.6155 ± 1.3320 2.6028 ± 1.2879 2.6830 ± 1.3248 2.7466 ± 1.3316 2.6789 ± 1.3221
IGC-Net (Hess et al., 2026) 0.8185 ± 0.1649 0.7952 ± 0.1937 0.8182 ± 0.2002 0.7942 ± 0.1962 0.8289 ± 0.1985

HiSTOR 0.7240 ± 0.2137 0.8139 ± 0.2282 0.8574 ± 0.2685 0.8807 ± 0.2587 0.8976 ± 0.2576

Table 18: CVSim Static: independent one-step. Values are NRMSE, mean ± sample SD across
five randomly selected seeds {3, 101, 42, 8, 9}. Lower is better; the lowest mean is bold and the
second-lowest underlined.
Method d hd=200 d hd=500 d hd=1000 d hd=2000

MSM (Robins et al., 2000) 2.7480 ± 1.6364 2.7470 ± 1.6352 2.7533 ± 1.6372 2.7967 ± 1.6590
RMSN (Lim, 2018) 2.5427 ± 1.2593 2.4430 ± 1.1556 2.4987 ± 1.0909 2.8571 ± 0.9745
CRN (Bica et al., 2020) 2.9344 ± 1.2817 3.4432 ± 1.2395 5.0170 ± 2.5278 4.3593 ± 0.9090
CT (Melnychuk et al., 2022) 1.1546 ± 0.2004 1.0759 ± 0.2817 1.1336 ± 0.3511 1.1746 ± 0.3178
Causal CPC (Bouchattaoui et al., 2024) 0.9441 ± 0.1871 1.0135 ± 0.1543 1.1242 ± 0.2058 1.2622 ± 0.3074
CTD-NKO (Wang et al., 2025) 2.8848 ± 1.5157 3.1853 ± 1.6830 3.1071 ± 1.5156 3.3701 ± 1.7194
IGC-Net (Hess et al., 2026) 0.8390 ± 0.2010 0.8750 ± 0.2725 0.8733 ± 0.2340 0.9535 ± 0.2743

HiSTOR 0.8118 ± 0.2348 0.7936 ± 0.2279 0.8362 ± 0.2442 0.8819 ± 0.2571

Table 19: CVSim Static: H=5 mean. Values are NRMSE, mean ± sample SD across five randomly
selected seeds {3, 101, 42, 8, 9}. Lower is better; the lowest mean is bold and the second-lowest
underlined.
Method d hd=0 d hd=10 d hd=20 d hd=50 d hd=100

MSM (Robins et al., 2000) 3.8995 ± 2.3936 3.9023 ± 2.3966 3.9011 ± 2.4019 3.8970 ± 2.3968 3.9030 ± 2.4009
RMSN (Lim, 2018) 1.4049 ± 0.2490 1.3870 ± 0.2611 1.3362 ± 0.3567 1.5987 ± 0.4111 1.5739 ± 0.2969
CRN (Bica et al., 2020) 9.0673 ± 7.7702 8.9171 ± 7.0460 8.8059 ± 6.8482 8.5169 ± 6.0701 6.9780 ± 4.4332
CT (Melnychuk et al., 2022) 2.0750 ± 0.4091 1.9703 ± 0.5882 1.8430 ± 0.4586 1.8120 ± 0.4352 2.1216 ± 0.6573
Causal CPC (Bouchattaoui et al., 2024) 1.2583 ± 0.2243 1.3926 ± 0.2146 1.3327 ± 0.3708 1.4799 ± 0.2834 1.4441 ± 0.1880
CTD-NKO (Wang et al., 2025) 1.3025 ± 0.3854 1.2620 ± 0.4424 1.1858 ± 0.5011 1.5834 ± 0.6597 1.5202 ± 0.6123
IGC-Net (Hess et al., 2026) 2.4918 ± 1.0791 2.3128 ± 0.8874 2.3176 ± 0.8236 2.4622 ± 0.9580 2.4297 ± 1.2103

HiSTOR 1.0005 ± 0.2796 1.1309 ± 0.2932 1.1389 ± 0.3556 1.1894 ± 0.2853 1.2350 ± 0.3525
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Table 20: CVSim Static: H=5 mean. Values are NRMSE, mean ± sample SD across five randomly
selected seeds {3, 101, 42, 8, 9}. Lower is better; the lowest mean is bold and the second-lowest
underlined.
Method d hd=200 d hd=500 d hd=1000 d hd=2000

MSM (Robins et al., 2000) 3.9029 ± 2.3989 3.8979 ± 2.4004 3.8804 ± 2.3867 3.9338 ± 2.4313
RMSN (Lim, 2018) 1.6446 ± 0.3517 1.8023 ± 0.4819 2.2660 ± 0.6327 3.3983 ± 0.6877
CRN (Bica et al., 2020) 7.4061 ± 4.4954 6.6797 ± 3.4750 10.1151 ± 5.9721 7.6749 ± 1.7319
CT (Melnychuk et al., 2022) 2.2070 ± 0.5525 2.3559 ± 0.6702 2.0990 ± 0.4857 2.2217 ± 0.7037
Causal CPC (Bouchattaoui et al., 2024) 1.3728 ± 0.3327 1.3718 ± 0.3357 1.5421 ± 0.6982 1.6714 ± 0.3533
CTD-NKO (Wang et al., 2025) 2.2378 ± 1.1573 3.9033 ± 2.6208 3.0568 ± 1.5703 4.4738 ± 2.0124
IGC-Net (Hess et al., 2026) 2.2502 ± 0.7940 2.3289 ± 1.0383 2.3028 ± 1.1119 2.4854 ± 1.0472

HiSTOR 1.0722 ± 0.3035 1.0740 ± 0.2879 1.1355 ± 0.3909 1.1973 ± 0.3572

Table 21: CVSim Static: τ=1. Values are NRMSE, mean ± sample SD across five randomly selected
seeds {3, 101, 42, 8, 9}. Lower is better; the lowest mean is bold and the second-lowest underlined.
Method d hd=0 d hd=10 d hd=20 d hd=50 d hd=100

MSM (Robins et al., 2000) 3.7967 ± 2.3417 3.7980 ± 2.3431 3.7982 ± 2.3480 3.7950 ± 2.3471 3.7989 ± 2.3487
RMSN (Lim, 2018) 1.1531 ± 0.2963 1.0590 ± 0.2679 1.0448 ± 0.1897 1.2750 ± 0.4344 1.3775 ± 0.4149
CRN (Bica et al., 2020) 6.8521 ± 6.2222 4.8815 ± 3.3568 4.8326 ± 3.4881 4.0465 ± 3.2664 3.8699 ± 3.3554
CT (Melnychuk et al., 2022) 1.4014 ± 0.3895 1.3001 ± 0.4927 1.2009 ± 0.3307 1.1995 ± 0.3709 1.2679 ± 0.3902
Causal CPC (Bouchattaoui et al., 2024) 1.1443 ± 0.2723 1.1734 ± 0.3190 1.2380 ± 0.6390 1.2519 ± 0.3046 1.2238 ± 0.4068
CTD-NKO (Wang et al., 2025) 1.0182 ± 0.3781 0.9375 ± 0.1359 0.8845 ± 0.2905 1.2035 ± 0.1932 1.3646 ± 0.2754
IGC-Net (Hess et al., 2026) 0.9955 ± 0.1839 0.9447 ± 0.1875 0.8769 ± 0.1344 0.9057 ± 0.1571 0.9766 ± 0.1804

HiSTOR 0.8319 ± 0.1968 0.9592 ± 0.2238 1.0034 ± 0.2195 1.0010 ± 0.2726 1.0198 ± 0.2554

Table 22: CVSim Static: τ=1. Values are NRMSE, mean ± sample SD across five randomly selected
seeds {3, 101, 42, 8, 9}. Lower is better; the lowest mean is bold and the second-lowest underlined.
Method d hd=200 d hd=500 d hd=1000 d hd=2000

MSM (Robins et al., 2000) 3.8005 ± 2.3501 3.7934 ± 2.3489 3.7636 ± 2.3257 3.7965 ± 2.3568
RMSN (Lim, 2018) 1.4634 ± 0.3948 1.6731 ± 0.2485 2.3968 ± 0.7055 3.7753 ± 1.1812
CRN (Bica et al., 2020) 4.0863 ± 3.4004 4.5051 ± 3.0349 8.0181 ± 5.7618 6.0755 ± 1.6745
CT (Melnychuk et al., 2022) 1.4265 ± 0.3914 1.4002 ± 0.5101 1.3635 ± 0.4614 1.4122 ± 0.4542
Causal CPC (Bouchattaoui et al., 2024) 1.2106 ± 0.4059 1.2280 ± 0.4627 1.4765 ± 0.9703 1.5326 ± 0.6243
CTD-NKO (Wang et al., 2025) 1.8459 ± 1.1898 2.8919 ± 1.5128 2.6533 ± 1.1288 3.8557 ± 1.4492
IGC-Net (Hess et al., 2026) 0.9469 ± 0.2745 1.0119 ± 0.2902 0.9624 ± 0.2520 1.0543 ± 0.2876

HiSTOR 0.9313 ± 0.2844 0.9059 ± 0.2721 0.9752 ± 0.3340 0.9928 ± 0.3224

Table 23: CVSim Static: τ=2. Values are NRMSE, mean ± sample SD across five randomly selected
seeds {3, 101, 42, 8, 9}. Lower is better; the lowest mean is bold and the second-lowest underlined.
Method d hd=0 d hd=10 d hd=20 d hd=50 d hd=100

MSM (Robins et al., 2000) 3.8421 ± 2.3669 3.8444 ± 2.3688 3.8435 ± 2.3744 3.8398 ± 2.3717 3.8436 ± 2.3733
RMSN (Lim, 2018) 1.2818 ± 0.3601 1.3209 ± 0.3758 1.2316 ± 0.4053 1.5392 ± 0.5251 1.4706 ± 0.3845
CRN (Bica et al., 2020) 8.7891 ± 7.7591 9.0417 ± 8.4202 9.2318 ± 8.6043 8.8772 ± 7.9215 6.3405 ± 5.1047
CT (Melnychuk et al., 2022) 1.7815 ± 0.5207 1.6361 ± 0.5089 1.5811 ± 0.2875 1.5177 ± 0.3577 1.7857 ± 0.4054
Causal CPC (Bouchattaoui et al., 2024) 1.2125 ± 0.1918 1.3220 ± 0.2847 1.2781 ± 0.5236 1.4102 ± 0.3295 1.3547 ± 0.2720
CTD-NKO (Wang et al., 2025) 1.1625 ± 0.3745 1.1364 ± 0.2813 1.0632 ± 0.3760 1.2666 ± 0.4762 1.2273 ± 0.5151
IGC-Net (Hess et al., 2026) 1.4297 ± 0.6540 1.5615 ± 0.5378 1.4286 ± 0.6138 1.5837 ± 0.6295 1.3760 ± 0.6378

HiSTOR 0.9089 ± 0.2846 1.0375 ± 0.3101 1.0669 ± 0.2943 1.0878 ± 0.3019 1.1359 ± 0.3119
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Table 24: CVSim Static: τ=2. Values are NRMSE, mean ± sample SD across five randomly selected
seeds {3, 101, 42, 8, 9}. Lower is better; the lowest mean is bold and the second-lowest underlined.
Method d hd=200 d hd=500 d hd=1000 d hd=2000

MSM (Robins et al., 2000) 3.8473 ± 2.3735 3.8390 ± 2.3698 3.8171 ± 2.3576 3.8602 ± 2.3920
RMSN (Lim, 2018) 1.5285 ± 0.4599 1.6396 ± 0.6311 2.0595 ± 0.7100 3.2020 ± 0.7347
CRN (Bica et al., 2020) 7.0946 ± 5.1845 5.9010 ± 3.9557 9.5498 ± 6.1773 7.0041 ± 1.8783
CT (Melnychuk et al., 2022) 1.8717 ± 0.3589 1.9612 ± 0.6664 1.7431 ± 0.5346 1.8464 ± 0.4721
Causal CPC (Bouchattaoui et al., 2024) 1.2941 ± 0.3640 1.3024 ± 0.4044 1.5344 ± 0.8348 1.5859 ± 0.5107
CTD-NKO (Wang et al., 2025) 1.7462 ± 1.0320 3.0734 ± 2.2712 2.5635 ± 1.4733 3.8654 ± 1.9996
IGC-Net (Hess et al., 2026) 1.3990 ± 0.5394 1.5334 ± 0.7683 1.4196 ± 0.7057 1.6986 ± 0.6330

HiSTOR 1.0511 ± 0.2511 0.9992 ± 0.2571 1.0669 ± 0.3857 1.0699 ± 0.3791

Table 25: CVSim Static: τ=3. Values are NRMSE, mean ± sample SD across five randomly selected
seeds {3, 101, 42, 8, 9}. Lower is better; the lowest mean is bold and the second-lowest underlined.
Method d hd=0 d hd=10 d hd=20 d hd=50 d hd=100

MSM (Robins et al., 2000) 3.8858 ± 2.3833 3.8889 ± 2.3869 3.8878 ± 2.3928 3.8827 ± 2.3867 3.8893 ± 2.3900
RMSN (Lim, 2018) 1.3476 ± 0.3118 1.3437 ± 0.2847 1.2530 ± 0.4230 1.5526 ± 0.4808 1.5011 ± 0.3281
CRN (Bica et al., 2020) 9.1894 ± 8.0217 9.4800 ± 8.2640 9.4051 ± 8.1390 9.3331 ± 7.6721 7.1943 ± 4.7858
CT (Melnychuk et al., 2022) 2.0565 ± 0.4461 1.9468 ± 0.6155 1.8455 ± 0.4525 1.7779 ± 0.4644 2.1193 ± 0.6504
Causal CPC (Bouchattaoui et al., 2024) 1.2392 ± 0.1970 1.3901 ± 0.2311 1.3172 ± 0.3776 1.4882 ± 0.3049 1.4384 ± 0.1717
CTD-NKO (Wang et al., 2025) 1.2602 ± 0.3715 1.2056 ± 0.4227 1.1264 ± 0.4706 1.4315 ± 0.6483 1.3177 ± 0.6717
IGC-Net (Hess et al., 2026) 2.2344 ± 1.2891 2.2210 ± 0.9903 2.4918 ± 1.2630 2.7502 ± 1.6769 2.2083 ± 1.2575

HiSTOR 0.9900 ± 0.3023 1.1090 ± 0.3407 1.1037 ± 0.3987 1.2015 ± 0.2967 1.2166 ± 0.3975

Table 26: CVSim Static: τ=3. Values are NRMSE, mean ± sample SD across five randomly selected
seeds {3, 101, 42, 8, 9}. Lower is better; the lowest mean is bold and the second-lowest underlined.
Method d hd=200 d hd=500 d hd=1000 d hd=2000

MSM (Robins et al., 2000) 3.8885 ± 2.3890 3.8831 ± 2.3888 3.8620 ± 2.3730 3.9135 ± 2.4187
RMSN (Lim, 2018) 1.5693 ± 0.4167 1.6966 ± 0.5911 2.0625 ± 0.6452 3.1471 ± 0.6391
CRN (Bica et al., 2020) 7.7512 ± 5.0555 6.7121 ± 3.7592 10.1678 ± 6.1497 7.6694 ± 1.9110
CT (Melnychuk et al., 2022) 2.2215 ± 0.5228 2.4012 ± 0.7244 2.0839 ± 0.4917 2.2336 ± 0.8017
Causal CPC (Bouchattaoui et al., 2024) 1.3440 ± 0.3049 1.3528 ± 0.3272 1.5384 ± 0.6873 1.6396 ± 0.3721
CTD-NKO (Wang et al., 2025) 2.0075 ± 1.1139 3.6483 ± 2.8250 2.8035 ± 1.7030 4.2220 ± 2.2681
IGC-Net (Hess et al., 2026) 1.9483 ± 0.8715 2.1269 ± 1.0623 2.2383 ± 1.2719 2.4755 ± 1.3731

HiSTOR 1.0594 ± 0.3136 1.0587 ± 0.3167 1.1272 ± 0.4279 1.1799 ± 0.4036

Table 27: CVSim Static: τ=4. Values are NRMSE, mean ± sample SD across five randomly selected
seeds {3, 101, 42, 8, 9}. Lower is better; the lowest mean is bold and the second-lowest underlined.
Method d hd=0 d hd=10 d hd=20 d hd=50 d hd=100

MSM (Robins et al., 2000) 3.9651 ± 2.4204 3.9685 ± 2.4244 3.9672 ± 2.4295 3.9625 ± 2.4224 3.9699 ± 2.4303
RMSN (Lim, 2018) 1.5065 ± 0.3061 1.4922 ± 0.2924 1.4398 ± 0.4848 1.7078 ± 0.5304 1.6583 ± 0.3616
CRN (Bica et al., 2020) 9.8884 ± 8.3587 10.2238 ± 8.2640 9.9621 ± 7.8215 9.8489 ± 7.2351 8.2260 ± 4.7884
CT (Melnychuk et al., 2022) 2.4058 ± 0.4334 2.3078 ± 0.8270 2.1282 ± 0.7222 2.0975 ± 0.6891 2.5231 ± 1.0198
Causal CPC (Bouchattaoui et al., 2024) 1.2969 ± 0.3309 1.4873 ± 0.2119 1.3800 ± 0.2703 1.5829 ± 0.3423 1.5449 ± 0.1957
CTD-NKO (Wang et al., 2025) 1.4428 ± 0.4619 1.4238 ± 0.6436 1.3305 ± 0.6556 1.8057 ± 0.9354 1.6440 ± 0.7936
IGC-Net (Hess et al., 2026) 3.6215 ± 1.6127 2.9644 ± 1.3032 3.2620 ± 1.2855 2.5970 ± 1.5192 3.1975 ± 1.5491

HiSTOR 1.0798 ± 0.3425 1.2175 ± 0.3529 1.2034 ± 0.4397 1.2776 ± 0.3202 1.3276 ± 0.4217
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Table 28: CVSim Static: τ=4. Values are NRMSE, mean ± sample SD across five randomly selected
seeds {3, 101, 42, 8, 9}. Lower is better; the lowest mean is bold and the second-lowest underlined.
Method d hd=200 d hd=500 d hd=1000 d hd=2000

MSM (Robins et al., 2000) 3.9677 ± 2.4229 3.9630 ± 2.4252 3.9557 ± 2.4191 4.0165 ± 2.4791
RMSN (Lim, 2018) 1.7159 ± 0.4682 1.8696 ± 0.5355 2.2626 ± 0.6166 3.3231 ± 0.5906
CRN (Bica et al., 2020) 8.6021 ± 5.1523 7.6696 ± 3.5421 11.0051 ± 6.0536 8.4334 ± 1.9068
CT (Melnychuk et al., 2022) 2.5971 ± 0.8808 2.8316 ± 0.8829 2.4722 ± 0.6265 2.6322 ± 1.1500
Causal CPC (Bouchattaoui et al., 2024) 1.4506 ± 0.3698 1.4478 ± 0.3257 1.5702 ± 0.5720 1.7409 ± 0.2619
CTD-NKO (Wang et al., 2025) 2.5020 ± 1.2278 4.4983 ± 3.1942 3.3130 ± 1.8087 4.8590 ± 2.2819
IGC-Net (Hess et al., 2026) 2.6430 ± 1.1436 3.1506 ± 1.8658 2.8266 ± 1.5578 2.9721 ± 1.4467

HiSTOR 1.1243 ± 0.3496 1.1428 ± 0.3719 1.2018 ± 0.4650 1.2942 ± 0.4064

Table 29: CVSim Static: τ=5. Values are NRMSE, mean ± sample SD across five randomly selected
seeds {3, 101, 42, 8, 9}. Lower is better; the lowest mean is bold and the second-lowest underlined.
Method d hd=0 d hd=10 d hd=20 d hd=50 d hd=100

MSM (Robins et al., 2000) 4.0077 ± 2.4594 4.0114 ± 2.4640 4.0090 ± 2.4684 4.0053 ± 2.4597 4.0131 ± 2.4662
RMSN (Lim, 2018) 1.7355 ± 0.2844 1.7191 ± 0.3702 1.7118 ± 0.5419 1.9189 ± 0.6002 1.8623 ± 0.4085
CRN (Bica et al., 2020) 10.6173 ± 8.6792 10.9587 ± 8.2702 10.5977 ± 7.6693 10.4788 ± 7.0183 9.2596 ± 4.9251
CT (Melnychuk et al., 2022) 2.7297 ± 0.5142 2.6609 ± 1.0704 2.4593 ± 1.0107 2.4672 ± 0.9946 2.9122 ± 1.3927
Causal CPC (Bouchattaoui et al., 2024) 1.3985 ± 0.4466 1.5903 ± 0.3243 1.4500 ± 0.2503 1.6662 ± 0.4207 1.6587 ± 0.3049
CTD-NKO (Wang et al., 2025) 1.6286 ± 0.5091 1.6069 ± 0.8057 1.5242 ± 0.7642 2.2097 ± 1.1367 2.0473 ± 0.8866
IGC-Net (Hess et al., 2026) 4.1778 ± 2.0647 3.8722 ± 1.7267 3.5286 ± 1.3180 4.4741 ± 2.1373 4.3902 ± 2.6522

HiSTOR 1.1918 ± 0.3160 1.3311 ± 0.3199 1.3172 ± 0.4643 1.3794 ± 0.2877 1.4751 ± 0.4031

Table 30: CVSim Static: τ=5. Values are NRMSE, mean ± sample SD across five randomly selected
seeds {3, 101, 42, 8, 9}. Lower is better; the lowest mean is bold and the second-lowest underlined.
Method d hd=200 d hd=500 d hd=1000 d hd=2000

MSM (Robins et al., 2000) 4.0103 ± 2.4627 4.0108 ± 2.4733 4.0036 ± 2.4620 4.0823 ± 2.5153
RMSN (Lim, 2018) 1.9458 ± 0.5239 2.1325 ± 0.5349 2.5487 ± 0.5972 3.5440 ± 0.5534
CRN (Bica et al., 2020) 9.4963 ± 5.3358 8.6107 ± 3.3439 11.8347 ± 5.9853 9.1921 ± 1.9449
CT (Melnychuk et al., 2022) 2.9184 ± 1.2140 3.1855 ± 1.1446 2.8321 ± 0.8347 2.9842 ± 1.3423
Causal CPC (Bouchattaoui et al., 2024) 1.5645 ± 0.4738 1.5278 ± 0.3469 1.5910 ± 0.4851 1.8580 ± 0.3081
CTD-NKO (Wang et al., 2025) 3.0872 ± 1.3923 5.4045 ± 3.4026 3.9509 ± 1.8503 5.5671 ± 2.1347
IGC-Net (Hess et al., 2026) 4.3137 ± 1.9070 3.8217 ± 1.3745 4.0671 ± 1.9654 4.2264 ± 1.8394

HiSTOR 1.1950 ± 0.3910 1.2633 ± 0.3451 1.3065 ± 0.4236 1.4497 ± 0.4051

Table 31: CVSim Temporal: independent one-step. Values are NRMSE, mean ± sample SD across
five randomly selected seeds {3, 101, 42, 8, 9}. Lower is better; the lowest mean is bold and the
second-lowest underlined.
Method d hd=0 d hd=10 d hd=20 d hd=50 d hd=100

MSM (Robins et al., 2000) 2.7450 ± 1.6322 2.7454 ± 1.6333 2.7452 ± 1.6325 2.7459 ± 1.6326 2.7468 ± 1.6339
RMSN (Lim, 2018) 2.6294 ± 1.4075 2.5317 ± 1.3379 2.4788 ± 1.3331 2.4691 ± 1.3105 2.4451 ± 1.1880
CRN (Bica et al., 2020) 4.4422 ± 3.0405 3.0922 ± 0.9791 2.8961 ± 1.2966 2.8790 ± 1.6229 2.9901 ± 1.1956
CT (Melnychuk et al., 2022) 1.2015 ± 0.2318 1.1074 ± 0.2483 1.0451 ± 0.2390 1.0620 ± 0.2633 1.0627 ± 0.2857
Causal CPC (Bouchattaoui et al., 2024) 1.0343 ± 0.2127 1.0016 ± 0.1462 0.9737 ± 0.2364 0.9262 ± 0.1202 0.9020 ± 0.2280
CTD-NKO (Wang et al., 2025) 2.6337 ± 1.3748 2.6658 ± 1.4017 2.6573 ± 1.3121 2.7368 ± 1.3708 2.7254 ± 1.4472
IGC-Net (Hess et al., 2026) 0.8135 ± 0.1684 0.7936 ± 0.1816 0.8030 ± 0.1764 0.8100 ± 0.1962 0.8206 ± 0.1942

HiSTOR 0.7309 ± 0.2110 0.8119 ± 0.2581 0.8436 ± 0.2756 0.8832 ± 0.2926 0.8851 ± 0.2763
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Table 32: CVSim Temporal: independent one-step. Values are NRMSE, mean ± sample SD across
five randomly selected seeds {3, 101, 42, 8, 9}. Lower is better; the lowest mean is bold and the
second-lowest underlined.
Method d hd=200 d hd=500 d hd=1000 d hd=2000

MSM (Robins et al., 2000) 2.7473 ± 1.6328 2.7503 ± 1.6370 2.7513 ± 1.6350 2.7764 ± 1.6611
RMSN (Lim, 2018) 2.4139 ± 1.1749 2.4714 ± 1.1313 2.4826 ± 1.0474 2.6053 ± 0.9674
CRN (Bica et al., 2020) 2.7721 ± 1.1417 4.2994 ± 3.0813 3.8956 ± 2.0132 4.6170 ± 2.4998
CT (Melnychuk et al., 2022) 1.2468 ± 0.2041 1.0792 ± 0.3036 1.1018 ± 0.3079 1.1316 ± 0.2828
Causal CPC (Bouchattaoui et al., 2024) 0.8554 ± 0.2100 1.0186 ± 0.1984 1.0259 ± 0.2398 1.0417 ± 0.1852
CTD-NKO (Wang et al., 2025) 2.6362 ± 1.3536 3.3635 ± 1.7934 3.3747 ± 1.7954 3.3819 ± 1.7992
IGC-Net (Hess et al., 2026) 0.8125 ± 0.1901 0.8477 ± 0.2057 0.8826 ± 0.2565 0.9409 ± 0.2475

HiSTOR 0.7768 ± 0.2086 0.7941 ± 0.2179 0.8261 ± 0.2387 0.8451 ± 0.2535

Table 33: CVSim Temporal: H=5 mean. Values are NRMSE, mean ± sample SD across five
randomly selected seeds {3, 101, 42, 8, 9}. Lower is better; the lowest mean is bold and the second-
lowest underlined.
Method d hd=0 d hd=10 d hd=20 d hd=50 d hd=100

MSM (Robins et al., 2000) 3.8995 ± 2.3936 3.8986 ± 2.3975 3.8989 ± 2.3969 3.9016 ± 2.3974 3.9049 ± 2.3950
RMSN (Lim, 2018) 1.4081 ± 0.2477 1.4633 ± 0.3766 1.3780 ± 0.3220 1.5407 ± 0.3899 1.6851 ± 0.4357
CRN (Bica et al., 2020) 9.1398 ± 7.6974 8.5451 ± 6.8844 8.6751 ± 6.9349 8.8647 ± 7.0063 7.2686 ± 4.7127
CT (Melnychuk et al., 2022) 2.1296 ± 0.5086 2.0102 ± 0.6012 1.7952 ± 0.3714 1.8452 ± 0.4301 1.9914 ± 0.4479
Causal CPC (Bouchattaoui et al., 2024) 1.3727 ± 0.3482 1.8688 ± 0.9381 1.6531 ± 0.5848 1.3039 ± 0.3076 1.2967 ± 0.2788
CTD-NKO (Wang et al., 2025) 1.3442 ± 0.2660 1.2410 ± 0.4004 1.2593 ± 0.5008 1.3771 ± 0.4523 1.4741 ± 0.5179
IGC-Net (Hess et al., 2026) 2.3652 ± 1.1921 2.4896 ± 0.8284 2.3876 ± 0.9372 2.2500 ± 0.9989 2.3353 ± 1.1627

HiSTOR 0.9831 ± 0.2840 1.0802 ± 0.3154 1.0901 ± 0.3135 1.1589 ± 0.4043 1.2333 ± 0.3158

Table 34: CVSim Temporal: H=5 mean. Values are NRMSE, mean ± sample SD across five
randomly selected seeds {3, 101, 42, 8, 9}. Lower is better; the lowest mean is bold and the second-
lowest underlined.
Method d hd=200 d hd=500 d hd=1000 d hd=2000

MSM (Robins et al., 2000) 3.9050 ± 2.4022 3.9088 ± 2.4049 3.9184 ± 2.3946 3.9638 ± 2.4453
RMSN (Lim, 2018) 1.6362 ± 0.4110 1.7675 ± 0.4534 2.0422 ± 0.5464 2.6230 ± 0.8039
CRN (Bica et al., 2020) 8.5728 ± 7.5055 9.2303 ± 8.2751 8.4620 ± 6.3207 9.1284 ± 6.2666
CT (Melnychuk et al., 2022) 2.1523 ± 0.7620 2.0136 ± 0.5755 2.0252 ± 0.4911 1.9134 ± 0.3355
Causal CPC (Bouchattaoui et al., 2024) 1.1721 ± 0.2252 1.7428 ± 0.4955 1.4770 ± 0.8099 1.3624 ± 0.4074
CTD-NKO (Wang et al., 2025) 1.6892 ± 0.6190 4.7669 ± 2.4956 4.8129 ± 2.5124 4.8762 ± 2.5523
IGC-Net (Hess et al., 2026) 2.2353 ± 0.9896 2.3707 ± 1.0259 2.3084 ± 1.0909 2.4119 ± 1.0914

HiSTOR 1.0420 ± 0.2763 1.0786 ± 0.3004 1.0883 ± 0.3161 1.1674 ± 0.3325

Table 35: CVSim Temporal: τ=1. Values are NRMSE, mean ± sample SD across five randomly
selected seeds {3, 101, 42, 8, 9}. Lower is better; the lowest mean is bold and the second-lowest
underlined.
Method d hd=0 d hd=10 d hd=20 d hd=50 d hd=100

MSM (Robins et al., 2000) 3.7967 ± 2.3417 3.7962 ± 2.3460 3.7948 ± 2.3411 3.7981 ± 2.3436 3.8022 ± 2.3439
RMSN (Lim, 2018) 1.1525 ± 0.2959 1.0561 ± 0.2378 1.0494 ± 0.1727 1.0915 ± 0.1531 1.4266 ± 0.3521
CRN (Bica et al., 2020) 7.1539 ± 6.0200 4.2965 ± 2.6300 4.0356 ± 3.2368 4.0400 ± 3.4593 3.9995 ± 3.0871
CT (Melnychuk et al., 2022) 1.4235 ± 0.4274 1.3013 ± 0.4951 1.2217 ± 0.3652 1.2406 ± 0.3828 1.2940 ± 0.4059
Causal CPC (Bouchattaoui et al., 2024) 1.2283 ± 0.3749 1.3479 ± 0.5813 1.4328 ± 0.8236 1.0898 ± 0.4290 1.1082 ± 0.3818
CTD-NKO (Wang et al., 2025) 1.0944 ± 0.3759 0.8241 ± 0.2657 0.8813 ± 0.2566 1.0029 ± 0.2229 1.1181 ± 0.2819
IGC-Net (Hess et al., 2026) 0.9656 ± 0.1796 0.9563 ± 0.1668 0.9159 ± 0.1606 0.9325 ± 0.1393 0.9977 ± 0.1857

HiSTOR 0.8150 ± 0.1965 0.9094 ± 0.2042 0.9259 ± 0.2860 1.0186 ± 0.3144 1.0264 ± 0.3026
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Table 36: CVSim Temporal: τ=1. Values are NRMSE, mean ± sample SD across five randomly
selected seeds {3, 101, 42, 8, 9}. Lower is better; the lowest mean is bold and the second-lowest
underlined.
Method d hd=200 d hd=500 d hd=1000 d hd=2000

MSM (Robins et al., 2000) 3.8028 ± 2.3540 3.8076 ± 2.3731 3.8032 ± 2.3484 3.8414 ± 2.4254
RMSN (Lim, 2018) 1.4443 ± 0.1762 1.9093 ± 0.4264 2.3739 ± 0.7301 3.0402 ± 1.3213
CRN (Bica et al., 2020) 3.7383 ± 2.5857 6.9846 ± 7.1065 5.6170 ± 3.8932 7.5510 ± 5.7171
CT (Melnychuk et al., 2022) 1.4020 ± 0.3368 1.2786 ± 0.4567 1.3430 ± 0.4789 1.3580 ± 0.4511
Causal CPC (Bouchattaoui et al., 2024) 1.0631 ± 0.3207 1.4190 ± 0.7191 1.4839 ± 1.2221 1.2567 ± 0.5121
CTD-NKO (Wang et al., 2025) 1.4214 ± 0.3317 4.4267 ± 2.1838 4.4615 ± 2.2147 4.4542 ± 2.2475
IGC-Net (Hess et al., 2026) 0.9004 ± 0.1810 1.0281 ± 0.2780 1.0373 ± 0.3260 1.0841 ± 0.3065

HiSTOR 0.8563 ± 0.2322 0.9072 ± 0.2904 0.9507 ± 0.2519 0.9735 ± 0.2304

Table 37: CVSim Temporal: τ=2. Values are NRMSE, mean ± sample SD across five randomly
selected seeds {3, 101, 42, 8, 9}. Lower is better; the lowest mean is bold and the second-lowest
underlined.
Method d hd=0 d hd=10 d hd=20 d hd=50 d hd=100

MSM (Robins et al., 2000) 3.8421 ± 2.3669 3.8411 ± 2.3713 3.8418 ± 2.3708 3.8452 ± 2.3705 3.8503 ± 2.3724
RMSN (Lim, 2018) 1.2856 ± 0.3597 1.4236 ± 0.4497 1.3069 ± 0.3973 1.4910 ± 0.4588 1.5823 ± 0.4680
CRN (Bica et al., 2020) 8.7599 ± 7.7889 9.1807 ± 8.6508 9.1705 ± 8.6337 9.0367 ± 8.3286 6.8978 ± 5.0452
CT (Melnychuk et al., 2022) 1.8273 ± 0.5952 1.6233 ± 0.4889 1.5592 ± 0.3426 1.5558 ± 0.4011 1.6731 ± 0.4366
Causal CPC (Bouchattaoui et al., 2024) 1.3387 ± 0.3295 1.5632 ± 0.6230 1.5250 ± 0.6959 1.1963 ± 0.3568 1.1807 ± 0.3038
CTD-NKO (Wang et al., 2025) 1.2266 ± 0.2930 1.0614 ± 0.3058 1.0858 ± 0.3369 1.1267 ± 0.2747 1.2568 ± 0.3553
IGC-Net (Hess et al., 2026) 1.4822 ± 0.6285 1.5422 ± 0.5603 1.4291 ± 0.6542 1.5371 ± 0.7930 1.4539 ± 0.7841

HiSTOR 0.8958 ± 0.3056 0.9857 ± 0.3042 0.9744 ± 0.3470 1.0792 ± 0.3631 1.1120 ± 0.3374

Table 38: CVSim Temporal: τ=2. Values are NRMSE, mean ± sample SD across five randomly
selected seeds {3, 101, 42, 8, 9}. Lower is better; the lowest mean is bold and the second-lowest
underlined.
Method d hd=200 d hd=500 d hd=1000 d hd=2000

MSM (Robins et al., 2000) 3.8427 ± 2.3760 3.8495 ± 2.3678 3.8605 ± 2.3732 3.9045 ± 2.4321
RMSN (Lim, 2018) 1.4734 ± 0.4912 1.5514 ± 0.5455 1.8450 ± 0.5639 2.4118 ± 0.7545
CRN (Bica et al., 2020) 8.4191 ± 8.0628 8.7964 ± 8.6260 8.1064 ± 7.0506 8.6584 ± 6.4498
CT (Melnychuk et al., 2022) 1.8379 ± 0.3928 1.6826 ± 0.5708 1.7027 ± 0.5107 1.5954 ± 0.3979
Causal CPC (Bouchattaoui et al., 2024) 1.1090 ± 0.2561 1.5502 ± 0.6138 1.4870 ± 1.0508 1.2529 ± 0.4568
CTD-NKO (Wang et al., 2025) 1.4866 ± 0.4620 4.4460 ± 2.3377 4.4858 ± 2.3760 4.4887 ± 2.3739
IGC-Net (Hess et al., 2026) 1.4547 ± 0.6507 1.5586 ± 0.8958 1.5487 ± 0.7415 1.5305 ± 0.7174

HiSTOR 0.9240 ± 0.2942 1.0344 ± 0.2680 1.0389 ± 0.2735 1.0408 ± 0.3067

Table 39: CVSim Temporal: τ=3. Values are NRMSE, mean ± sample SD across five randomly
selected seeds {3, 101, 42, 8, 9}. Lower is better; the lowest mean is bold and the second-lowest
underlined.
Method d hd=0 d hd=10 d hd=20 d hd=50 d hd=100

MSM (Robins et al., 2000) 3.8858 ± 2.3833 3.8842 ± 2.3868 3.8865 ± 2.3897 3.8888 ± 2.3902 3.8908 ± 2.3856
RMSN (Lim, 2018) 1.3522 ± 0.3108 1.4307 ± 0.4132 1.3081 ± 0.3365 1.5213 ± 0.4338 1.6321 ± 0.4570
CRN (Bica et al., 2020) 9.2023 ± 7.9992 9.1453 ± 8.1649 9.5191 ± 8.6350 9.8500 ± 8.8859 7.6501 ± 5.3291
CT (Melnychuk et al., 2022) 2.1180 ± 0.5476 1.9765 ± 0.6233 1.7822 ± 0.3857 1.8253 ± 0.5196 1.9645 ± 0.4525
Causal CPC (Bouchattaoui et al., 2024) 1.3751 ± 0.3206 1.8174 ± 0.8584 1.6337 ± 0.5918 1.2919 ± 0.2888 1.2509 ± 0.2657
CTD-NKO (Wang et al., 2025) 1.3109 ± 0.2354 1.1867 ± 0.3959 1.1934 ± 0.4943 1.2935 ± 0.3924 1.3953 ± 0.4537
IGC-Net (Hess et al., 2026) 2.2265 ± 1.2850 2.1121 ± 0.7847 2.3933 ± 1.9473 1.9576 ± 0.8403 2.0291 ± 0.9745

HiSTOR 0.9656 ± 0.3078 1.0671 ± 0.3362 1.0473 ± 0.3628 1.1418 ± 0.4107 1.2051 ± 0.3534
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Table 40: CVSim Temporal: τ=3. Values are NRMSE, mean ± sample SD across five randomly
selected seeds {3, 101, 42, 8, 9}. Lower is better; the lowest mean is bold and the second-lowest
underlined.
Method d hd=200 d hd=500 d hd=1000 d hd=2000

MSM (Robins et al., 2000) 3.8903 ± 2.3920 3.8871 ± 2.3959 3.9055 ± 2.3782 3.9438 ± 2.4199
RMSN (Lim, 2018) 1.4991 ± 0.4947 1.5643 ± 0.4692 1.7588 ± 0.5120 2.3022 ± 0.7176
CRN (Bica et al., 2020) 9.6523 ± 9.7523 9.3451 ± 8.5753 8.7543 ± 6.9779 9.1869 ± 6.4209
CT (Melnychuk et al., 2022) 2.1612 ± 0.7570 2.0144 ± 0.5815 2.0017 ± 0.5027 1.8937 ± 0.3048
Causal CPC (Bouchattaoui et al., 2024) 1.1478 ± 0.2038 1.7079 ± 0.4869 1.4826 ± 0.8399 1.3182 ± 0.4269
CTD-NKO (Wang et al., 2025) 1.6351 ± 0.6281 4.6420 ± 2.5112 4.6873 ± 2.5473 4.7475 ± 2.5618
IGC-Net (Hess et al., 2026) 2.0111 ± 1.0456 2.0744 ± 1.3022 2.2938 ± 1.1763 2.3153 ± 1.3271

HiSTOR 1.0217 ± 0.3082 1.0761 ± 0.3286 1.0827 ± 0.3490 1.1502 ± 0.3614

Table 41: CVSim Temporal: τ=4. Values are NRMSE, mean ± sample SD across five randomly
selected seeds {3, 101, 42, 8, 9}. Lower is better; the lowest mean is bold and the second-lowest
underlined.
Method d hd=0 d hd=10 d hd=20 d hd=50 d hd=100

MSM (Robins et al., 2000) 3.9651 ± 2.4204 3.9649 ± 2.4240 3.9650 ± 2.4230 3.9674 ± 2.4246 3.9681 ± 2.4180
RMSN (Lim, 2018) 1.5109 ± 0.3055 1.5847 ± 0.4538 1.4825 ± 0.4160 1.6825 ± 0.4671 1.7795 ± 0.5406
CRN (Bica et al., 2020) 9.9220 ± 8.2963 9.7230 ± 8.2491 10.0333 ± 8.3287 10.4043 ± 8.5707 8.4971 ± 5.6567
CT (Melnychuk et al., 2022) 2.4662 ± 0.5405 2.3808 ± 0.8863 2.0439 ± 0.5551 2.1270 ± 0.6799 2.3368 ± 0.5892
Causal CPC (Bouchattaoui et al., 2024) 1.4283 ± 0.3899 2.1444 ± 1.2535 1.7726 ± 0.5054 1.4170 ± 0.2990 1.3949 ± 0.3476
CTD-NKO (Wang et al., 2025) 1.4702 ± 0.3164 1.4211 ± 0.5684 1.4438 ± 0.7029 1.5732 ± 0.6627 1.6515 ± 0.7137
IGC-Net (Hess et al., 2026) 3.1213 ± 1.9334 3.5015 ± 1.5944 3.0241 ± 0.8232 2.9377 ± 2.0382 3.2641 ± 1.3258

HiSTOR 1.0634 ± 0.3309 1.1589 ± 0.3945 1.1744 ± 0.3259 1.2187 ± 0.4948 1.3402 ± 0.3351

Table 42: CVSim Temporal: τ=4. Values are NRMSE, mean ± sample SD across five randomly
selected seeds {3, 101, 42, 8, 9}. Lower is better; the lowest mean is bold and the second-lowest
underlined.
Method d hd=200 d hd=500 d hd=1000 d hd=2000

MSM (Robins et al., 2000) 3.9756 ± 2.4257 3.9841 ± 2.4437 3.9866 ± 2.4153 4.0472 ± 2.4655
RMSN (Lim, 2018) 1.7232 ± 0.5150 1.7660 ± 0.4591 1.9739 ± 0.5195 2.5343 ± 0.6988
CRN (Bica et al., 2020) 10.2041 ± 9.6734 10.1112 ± 8.5561 9.5223 ± 6.9038 9.7942 ± 6.4114
CT (Melnychuk et al., 2022) 2.5202 ± 1.1858 2.3838 ± 0.7752 2.3744 ± 0.6647 2.2099 ± 0.6148
Causal CPC (Bouchattaoui et al., 2024) 1.2229 ± 0.2336 1.9155 ± 0.4871 1.4785 ± 0.6079 1.4279 ± 0.4289
CTD-NKO (Wang et al., 2025) 1.8271 ± 0.8175 4.9769 ± 2.6887 5.0271 ± 2.7036 5.1400 ± 2.7537
IGC-Net (Hess et al., 2026) 2.9464 ± 1.6850 3.4248 ± 1.4696 3.0458 ± 1.6178 3.1845 ± 1.3517

HiSTOR 1.1254 ± 0.3353 1.1601 ± 0.3350 1.1320 ± 0.3930 1.2510 ± 0.4418

Table 43: CVSim Temporal: τ=5. Values are NRMSE, mean ± sample SD across five randomly
selected seeds {3, 101, 42, 8, 9}. Lower is better; the lowest mean is bold and the second-lowest
underlined.
Method d hd=0 d hd=10 d hd=20 d hd=50 d hd=100

MSM (Robins et al., 2000) 4.0077 ± 2.4594 4.0064 ± 2.4631 4.0066 ± 2.4641 4.0085 ± 2.4621 4.0131 ± 2.4587
RMSN (Lim, 2018) 1.7393 ± 0.2836 1.8216 ± 0.5468 1.7433 ± 0.4956 1.9173 ± 0.5048 2.0049 ± 0.6214
CRN (Bica et al., 2020) 10.6612 ± 8.5815 10.3802 ± 8.4132 10.6169 ± 8.1565 10.9928 ± 8.2859 9.2986 ± 5.9158
CT (Melnychuk et al., 2022) 2.8132 ± 0.6403 2.7692 ± 1.1529 2.3687 ± 0.8105 2.4770 ± 0.9247 2.6887 ± 0.8144
Causal CPC (Bouchattaoui et al., 2024) 1.4933 ± 0.4758 2.4711 ± 1.7521 1.9015 ± 0.4874 1.5247 ± 0.3522 1.5489 ± 0.4284
CTD-NKO (Wang et al., 2025) 1.6191 ± 0.4061 1.7119 ± 0.5881 1.6924 ± 0.8664 1.8892 ± 0.9017 1.9486 ± 0.9485
IGC-Net (Hess et al., 2026) 4.0302 ± 2.1144 4.3361 ± 1.3926 4.1755 ± 1.5627 3.8849 ± 1.5206 3.9320 ± 2.8398

HiSTOR 1.1757 ± 0.3035 1.2798 ± 0.3720 1.3284 ± 0.3094 1.3363 ± 0.4991 1.4830 ± 0.3621
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Table 44: CVSim Temporal: τ=5. Values are NRMSE, mean ± sample SD across five randomly
selected seeds {3, 101, 42, 8, 9}. Lower is better; the lowest mean is bold and the second-lowest
underlined.
Method d hd=200 d hd=500 d hd=1000 d hd=2000

MSM (Robins et al., 2000) 4.0137 ± 2.4674 4.0157 ± 2.4475 4.0362 ± 2.4616 4.0822 ± 2.4862
RMSN (Lim, 2018) 2.0413 ± 0.5540 2.0463 ± 0.4792 2.2591 ± 0.5369 2.8261 ± 0.6786
CRN (Bica et al., 2020) 10.8501 ± 9.6670 10.9141 ± 8.5901 10.3101 ± 6.9036 10.4517 ± 6.4611
CT (Melnychuk et al., 2022) 2.8403 ± 1.5287 2.7089 ± 1.1283 2.7040 ± 0.8821 2.5102 ± 0.9041
Causal CPC (Bouchattaoui et al., 2024) 1.3179 ± 0.2902 2.1217 ± 0.6315 1.4528 ± 0.3846 1.5564 ± 0.4550
CTD-NKO (Wang et al., 2025) 2.0755 ± 0.9644 5.3428 ± 2.7960 5.4029 ± 2.7734 5.5504 ± 2.8749
IGC-Net (Hess et al., 2026) 3.8640 ± 1.6429 3.7674 ± 1.4610 3.6166 ± 1.8322 3.9451 ± 1.9916

HiSTOR 1.2826 ± 0.3161 1.2151 ± 0.3834 1.2371 ± 0.3929 1.4214 ± 0.4636
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Figure 4: All eight methods across the complete CVSim dimension grid. Lines show five-seed mean
NRMSE.
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I MIMIC-III SEMI-SYNTHETIC EVALUATION

Data and protocol. To complement the controlled simulation studies, we evaluate HiSTOR on
MIMIC-III ICU covariates processed using the MIMIC-Extract pipeline (Johnson et al., 2016; Wang
et al., 2020), followed by the IGC-Net semi-synthetic outcome and treatment generator (Hess et al.,
2026). This is a semi-synthetic counterfactual benchmark, not a real-outcome clinical prediction
experiment. The cohort contains 1,000 patients with a patient-level split of 600/200/200 for training,
validation, and testing. Each raw trajectory contains 30–50 time points; the upstream indexing
shift makes the effective model sequence one time point shorter. The benchmark has three binary
treatment variables and two synthetic outcomes. We use seeds {3, 101, 42, 8, 9}. At τ = 1, we
evaluate one-step counterfactual prediction. For τ = 2, . . . , 6, we evaluate multi-step prediction
under the six-step treatment plan [0, 0, 1] repeated at every step.

Comparison protocol. We include CT (Melnychuk et al., 2022) and IGC-Net (Hess et al., 2026)
as two strong prior methods with released support for this benchmark. CT and IGC-Net use their
released official implementations and configurations, whereas HiSTOR uses its model-specific con-
figuration. All three models share the same cached cohort, patient split, seeds, forecast boundary,
and evaluation implementation. The table reports arithmetic means over the five seeds.

Table 45: Values are mean scaled RMSE over seeds {3, 101, 42, 8, 9}; lower is better. Standard
deviations are omitted from this compact table.

Method τ = 1 τ = 2 τ = 3 τ = 4 τ = 5 τ = 6

CT (Melnychuk et al., 2022) 0.1269 0.3157 0.4134 0.4717 0.5256 0.5824
IGC-Net (Hess et al., 2026) 0.1349 0.3537 0.4430 0.5299 0.5599 0.6519
HiSTOR 0.1701 0.3148 0.3951 0.4709 0.4949 0.5446

CT achieves the lowest one-step error at τ = 1, whereas HiSTOR achieves the lowest error
among the three evaluated methods at every multi-step horizon τ = 2, . . . , 6. Relative to CT, the
strongest competing method at these horizons, HiSTOR reduces error by approximately 0.3%, 4.4%,
0.2%, 5.8%, and 6.5%, respectively. These results provide complementary evidence for HiSTOR’s
multi-step prediction performance on clinically grounded covariates under the semi-synthetic fixed-
treatment protocol.
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