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Abstract

Reinforcement Learning (RL) is increasingly explored for sequential
decision-making in safety-critical domains such as healthcare, yet
evaluation remains dominated by aggregate reward metrics that
provide limited insight into how policies arrive at their decisions.
This gap is particularly important in Dynamic Treatment Regimes
(DTRs), where policies must be both effective and auditable.

We investigate an interpretability and auditing pipeline built
on Upside-Down Reinforcement Learning (UDRL), which refor-
mulates policy learning as a goal-conditioned supervised mapping
from state and desired cumulative return to action. This formula-
tion provides a structured interface for analysing policy behaviour
under explicit outcome objectives and enables the use of both neu-
ral and intrinsically interpretable model classes within a unified
framework.

The proposed pipeline combines temporal local feature attribu-
tion with retraining-based feature ablation. Feature importance is
estimated independently at each timestep and aggregated across
rollouts to produce temporally resolved importance profiles. These
qualitative explanations are then evaluated through interventional
analysis by removing selected features from the state representa-
tion and retraining policies under identical conditions. Resulting
performance degradation is used as evidence of functional feature
reliance rather than as a direct measure of causal importance.

The framework is evaluated in a controlled benchmark envi-
ronment (CartPole) and across clinically-inspired simulations from
DTR-Bench. The experiments show that policies achieving com-
parable rewards can nevertheless exhibit substantially different
attribution stability and feature dependence patterns. In sparse-
reward environments, the pipeline additionally identifies policies
that fail to develop consistent state-dependent structure despite
achieving non-trivial returns.

These results position interpretability not merely as a post-hoc
visualization tool, but as a diagnostic mechanism for analysing
policy reliability and behavioural structure in sequential decision-
making systems.
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1 Introduction

Artificial intelligence (Al) is increasingly being integrated into clin-
ical decision-making systems, enabling a transition from standard-
ised treatment protocols toward more adaptive and patient-specific
care strategies. This shift is closely related to the framework of

Dynamic Treatment Regimes (DTRs), where medical interventions
are selected sequentially in response to a patient’s evolving physi-
ological condition [32]. DTRs are particularly relevant in chronic
and high-risk conditions such as cancer, sepsis, and diabetes, where
treatment decisions must continuously adapt to changing patient
trajectories.

Reinforcement Learning (RL) has emerged as a natural frame-
work for modelling such sequential decision processes, and re-
cent benchmarking efforts such as DTR-Bench provide controlled
simulation environments for evaluating RL-based treatment poli-
cies [9, 30]. Most existing evaluations, however, remain primarily
focused on aggregate reward metrics. While these metrics are useful
for measuring optimization performance, they provide limited in-
sight into how policies utilise patient information, whether policies
rely consistently on clinically meaningful variables, or whether ap-
parently successful policies have learned robust decision structure
at all.

This lack of transparency remains a major barrier to the de-
ployment of RL systems in healthcare. Standard value-based and
policy-gradient methods frequently rely on highly parameterised
function approximators whose internal decision structure is diffi-
cult to inspect. As a result, policies may achieve strong numerical
performance while remaining effectively opaque to clinicians and
regulators [35]. In safety-critical domains, however, reward op-
timization alone is insufficient; policies must also be analysable,
auditable, and diagnostically interpretable.

This work investigates Upside-Down Reinforcement Learning
(UDRL) as a framework for structured policy auditing [5]. Unlike
conventional RL formulations based on bootstrapped value estima-
tion, UDRL reformulates policy learning as a supervised mapping
from state and desired outcome commands to actions [38]. Con-
cretely, policies are trained as mappings of the form

f(sl‘a dr,dt) — a

where s; denotes the current state, d, the desired cumulative
return, and d; the desired remaining horizon. This goal-conditioned
formulation provides a comparatively clean interface for analysing
how policies respond to explicit outcome objectives over time. It
additionally enables the use of both neural and intrinsically inter-
pretable supervised learning models within the same behavioural
framework.

Building on this formulation, we propose a temporal inter-
pretability pipeline that combines local feature attribution methods
with interventional validation through feature ablation. Rather than
relying solely on static global importance estimates, explanations
are computed locally at each timestep along policy trajectories and



subsequently aggregated across rollouts to analyse how feature
reliance evolves over time. The resulting attribution patterns are
then evaluated through retraining-based ablation experiments de-
signed to test whether features identified as important correspond
to functional policy dependence.

The primary contribution of this work is therefore not a new
reinforcement learning algorithm, but a structured methodology
for auditing sequential decision-making policies. We evaluate the
framework first in a controlled control environment (CartPole),
where fixed-state temporal analysis is feasible, and subsequently in
clinically-inspired DTR environments characterised by stochastic
patient initialization and high-dimensional state spaces. Across
these settings, the results illustrate how policies with similar re-
ward regimes may nevertheless exhibit substantially different in-
terpretability characteristics, attribution stability, and dependence
on input variables.

More broadly, this work argues that interpretability should be
treated not merely as a post-hoc explanatory layer, but as a prac-
tical mechanism for evaluating policy reliability in high-stakes
sequential decision-making systems.

2 Related Work

Reinforcement Learning (RL) provides a general framework for
sequential decision-making under uncertainty and has been widely
applied across control, robotics, and healthcare. Classical value-
based and policy-gradient methods learn policies either through
Bellman bootstrapping or direct gradient optimization of expected
return. In recent years, substantial progress has been achieved
through deep value-based methods, actor-critic architectures, and
offline RL algorithms [14, 25, 26].

Beyond deep policy optimization, a parallel line of research has
sought to improve the interpretability of RL policies through post-
hoc explanation methods and inherently interpretable approxima-
tors. Within the batch RL paradigm, Fitted Q-Iteration (FQI) and
related methods employ supervised regression over Bellman tar-
gets, often using tree-based ensembles such as Random Forests
and Extra-Trees [10]. These approaches naturally expose feature
relevance through split statistics and value-function structure. Sim-
ilarly, deep value-based methods such as DQN have been analyzed
using perturbation-based saliency maps and local sensitivity vi-
sualizations to identify influential state regions during decision-
making [16, 19]. More recent Explainable RL (XRL) research has
explored broader structural abstractions, including reward decom-
position methods that separate composite reward signals into se-
mantically meaningful components [22], causal explanation frame-
works based on Structural Causal Models [31], and concept-level
policy representations using interpretable bottlenecks or symbolic
abstractions.

However, in many classical RL settings, explanations remain
fundamentally coupled to value estimation quality and Bellman
bootstrapping stability. Feature attributions are therefore computed
relative to estimated long-horizon value functions rather than di-
rectly against outcome-conditioned policy objectives. Consequently,
attribution quality may itself be influenced by approximation error,
distributional shift, or instability in the underlying RL optimization
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process, motivating frameworks that decouple policy auditing from
intermediate value estimation.

To address this limitation, recent work in sequence-modeling
and goal-conditioned reinforcement learning reformulates policy
acquisition as a supervised learning problem over trajectories [7, 37].
UDRL directly conditions policies on desired cumulative return
and remaining horizon, learning a mapping from the extended
state [s;,dy, d;] to actions without relying on iterative Bellman
updates [37, 38]. Related sequence-modeling approaches, including
Decision Transformer and trajectory-based conditional prediction
methods, similarly cast RL as sequence prediction conditioned on
target returns [7, 20]. While these methods primarily focus on
performance and stability in offline settings, they provide a broader
perspective in which policies are explicitly parameterized by desired
outcomes.

Our work leverages this goal-conditioned formulation specif-
ically for interpretability. By grounding policy explanations in
outcome-conditioned action mappings rather than intermediate
value estimates, the proposed framework avoids attribution errors
introduced by Bellman approximation, providing a structurally mo-
tivated interface for auditing feature dependence under explicit
long-horizon objectives. This property is particularly relevant in
safety-critical domains where interpretability must remain stable
under clinically meaningful outcome targets.

The optimization of DTRs—sequential, adaptive decision rules
for patient care—represents a central challenge in precision
medicine [6]. RL provides a natural formalism for modeling se-
quential treatment decisions in this setting, where a policy selects
interventions according to a patient’s evolving physiological state
to optimize long-term health outcomes [27, 41]. This alignment has
motivated growing research in critical care, oncology, and chronic
disease management.

However, the safety-critical nature of medicine introduces fun-
damental constraints absent from conventional RL domains. Online
exploration through trial-and-error interaction is ethically infeasi-
ble in real clinical settings [39]. As a result, most clinical RL research
operates within the offline RL paradigm, where policies must be
learned exclusively from historical datasets [25, 39]. This restric-
tion introduces well-known technical challenges including distribu-
tional shift, extrapolation error, partial observability, and irregular
sampling [14, 23, 27]. Related work on Medical Dead-ends [11, 24]
identifies high-risk clinical states using value-function analysis in
offline sepsis data, providing a complementary perspective to our
sensitivity-based auditing framework, which instead focuses on
functional feature reliance without requiring explicit value estima-
tion.

A further obstacle is the evaluation gap in clinical RL. Because
newly learned policies cannot be prospectively deployed on patients
during development, researchers depend heavily on Off-Policy Eval-
uation (OPE) methods [21, 42]. However, empirical evidence sug-
gests that OPE estimates can become unreliable in moderate-to-low
data regimes commonly encountered in healthcare, limiting confi-
dence in estimated policy quality [29]. This validation bottleneck
remains a major barrier to trustworthy clinical deployment [13].

To support safer and more reproducible evaluation, several high-
fidelity in silico clinical benchmarks have recently been introduced.
Frameworks such as DTR-Bench [30] and EpiCare [18] simulate
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clinically-inspired patient dynamics under varying levels of noise,
missingness, and treatment complexity. These environments pro-
vide controlled testbeds for comparing RL algorithms under realistic
sequential decision-making conditions [29]. Importantly, evalua-
tions on these benchmarks have demonstrated that high-capacity
black-box policies can exhibit brittle or unstable behavior under
realistic perturbations [30]. When failures occur, the opacity of
such models makes it difficult to identify whether policies rely on
clinically meaningful variables, spurious correlations, or unstable
reward shortcuts [13]. These findings motivate the need for RL
frameworks that support not only competitive performance, but
also systematic auditing of feature dependence and policy behavior
under clinically relevant outcome objectives.

3 Part 1: Interpretation in CartPole
Environment

Before applying our UDRL-based interpretation pipeline to the com-
plex domain of Dynamic Treatment Regimes (DTR), we first validate
its efficacy and reliability on a well-understood control benchmark:
the CartPole [3] environment. We use CartPole as a controlled san-
ity check to validate the correctness of the interpretability pipeline
before applying it to higher-dimensional domains. The CartPole
task involves balancing a pole vertically on a moving cart, where
the environment provides a continuous 4-dimensional state vector
as described in Table 1.

Table 1: CartPole Environment Components

States S Actions A Rewards r;

Continuous 4D vec- Discrete: +1 for every step
tor: taken

0: Push left

1: Push right

- x: Cart Position

- x: Cart Velocity

- 0: Pole Angle

- 6: Pole Angular
Velocity

Following the Upside-Down Reinforcement Learning (UDRL)
paradigm [5, 37], we recast the reinforcement learning problem as
a supervised learning task. Instead of learning a value function or
policy directly from rewards, UDRL learns a behavior function f
that maps the current state and a desired outcome to an action.

Concretely, at each timestep ¢, we construct training samples
of the form (s;, R;, T;) — a;, where s; is the observed state, R, =
Z,{:t ri denotes the return-to-go, and T; = T — t represents the
remaining time until the end of the trajectory. The model is trained
to predict the action taken under these conditions using standard
supervised learning objectives.

At inference time, the behavior function is queried as f(s;, dy, d;),
where d, (desired return) and d; (desired time horizon) specify
the outcome the agent is expected to achieve. For the CartPole
environment, following prior work, both d, and d; are set to 200,
corresponding to the maximum achievable cumulative reward in
the episodic setting.

A key distinction of UDRL is that the desired return d, and
desired time horizon d; act as dynamic command variables that

condition the policy. Unlike standard RL policies that depend solely
on the state s;, the UDRL behavior function explicitly incorporates
the intended outcome into its decision-making process. As a result,
the same state can yield different actions depending on the specified
(dr, dy).

This formulation has important implications for interpretabil-
ity. Since (d,, d;) are treated as part of the model input, they are
included alongside state variables in all feature attribution analyses.
This allows us to examine not only which environmental features
influence decisions, but also how strongly the policy conditions on
the desired objective and planning horizon.

In our implementation, we follow the training procedure de-
scribed in prior UDRL work, generating trajectories through inter-
action with the CartPole environment and converting them into
supervised datasets. Since the UDRL formalism introduced by [36]
allows for using any machine learning algorithm suitable for solv-
ing supervised learning tasks, the behavior functions are trained
using multiple model classes, including Neural Networks, Random
Forest [4], Extra Trees [15], AdaBoost [12], and XGBoost [8], en-
abling a comparative analysis of interpretability across different
function approximators.

Experimental setup: All reinforcement learning environments
were implemented using the Gymnasium framework [40].

We follow the standard UDRL training procedure described in
prior work [5, 37], while explicitly specifying the configuration
used in our experiments. Each behavior function is trained for 500
episodes of interaction with the CartPole environment, which is
sufficient for convergence in this setting.

During training, transitions of the form (s;, R;, H;, a;) are stored
in an experience replay buffer with a capacity of 700, from which
mini-batches are sampled to construct the supervised learning prob-
lem. Exploration during data collection is governed by an e-greedy
strategy with € = 0.2, which remains fixed throughout training.

For the neural network policy, we use a multi-layer perceptron
with two hidden layers of size 64 and ReLU activations, optimized
using the Adam optimizer with a learning rate of 10~3. Tree-based
models (Random Forest, Extra Trees, AdaBoost, and XGBoost) are
implemented using standard library implementations with con-
sistent hyperparameter settings across environments to ensure
comparability.

To account for training variability, all experiments are repeated
across K = 5 independent runs with different random seeds. Each
trained policy is evaluated over 100 standard environment episodes
initialized using the default stochastic reset mechanism of the Cart-
Pole environment. Policies are executed deterministically at evalua-
tion time using the learned behavior function conditioned on high
desired return and horizon values.

For each run i, the mean episodic reward y; is computed over the
100 evaluation episodes. Final performance statistics are reported
as:

1K
p=r Y o=

where o reflects variability across independent training runs rather
than within-episode reward variance.



3.1 Fixed-State Temporal Interpretation
Analysis

A key challenge in interpreting reinforcement learning policies is
understanding how feature reliance dynamically evolves across
consecutive timesteps within an episode. In unconstrained environ-
ments, evaluating local attributions along completely randomized
rollouts introduces severe compounding variance, often render-
ing post-hoc explanations unfalsifiable or highly subjective [2]. To
isolate purely temporal variations in policy behavior from initial
condition noise, we establish a trajectory-conditioned diagnostic
probing protocol, anchoring our methodology within established
frameworks for instance-level behavior analysis [16, 33].

Importantly, this protocol is used exclusively for interpretability
analysis and not for quantitative policy evaluation. All reward-
based performance results reported previously are obtained using
the standard stochastic initialization mechanism of the environ-
ment.

For temporal interpretation, all rollouts are initialized from the
same predefined state

so =[0.1,0.1,0.1,0.1]

rather than randomly sampled initial conditions. This controlled
initialization reduces variability induced by differing starting states
and allows the analysis to focus specifically on how feature impor-
tance evolves throughout the trajectory.

From this shared initial state, we execute the trained UDRL pol-
icy for N = 100 independent rollouts. At each timestep t, local
feature attribution scores are computed for the action selected by
the policy. Because rollout lengths vary across simulations, tem-
poral aggregation at timestep ¢ is performed only over trajectories
that remain active at that timestep. This avoids biasing late-episode
importance estimates toward shorter failed trajectories, while natu-
rally reflecting the behavior of policies that sustain longer episodes.
The resulting procedure yields a discrete time-indexed importance
function Iy (t) for each feature f, enabling analysis of how policy
reliance on different variables evolves over time.

In the UDRL setting, the command variables d, and d; denote the
desired cumulative return and remaining time horizon, respectively.
These variables are included alongside the environmental state
variables during attribution analysis.

For visualization, we report representative early-, mid-, and
late-episode timesteps. In Figures 1 and 2, the selected timesteps
correspond to comparable phases of trajectory progression rather
than fixed absolute indices, since episode lengths may vary slightly
across rollouts and model classes.

3.1.1 Interpretability of Tree-Based Models (RF, ET, Boost).

Path-Conditioned Local Impurity Attribution. For tree-
based behavior functions, we estimate feature importance using a
path-conditioned local impurity attribution method derived from
Mean Decrease in Impurity (MDI) [17]. Unlike classical global
MDI, which aggregates impurity reduction across all nodes and
samples in the training distribution, our analysis is conditioned
on the exact decision path traversed by each state instance during
policy execution.
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Concretely, for an extended state §; = [s;,dy, d;] at timestep t,
we trace the corresponding decision path through each tree in the
ensemble using decision_path. Impurity reductions are computed
only for nodes visited by that state instance, thereby attributing
importance exclusively to features involved in the routing of the
current policy decision. For tree k with traversed node sequence
Pr (S¢), the local attribution for feature f is computed as:

oG = ), [imp(n) - imp(child(n))]

ne€Py(5¢), vn=f

where v, denotes the splitting feature at node n, and imp(-)
represents the node impurity (Gini impurity in our implementation).
Local attributions are summed across all trees in the ensemble and
subsequently averaged across N = 100 fixed-state rollouts to obtain
a temporally resolved importance profile IMPI(t).

This local path-conditioned formulation is deliberate: rather
than capturing average feature relevance over the full training
distribution, it characterizes which features actively influence the
policy’s decisions along the observed trajectory progression.

Local Perturbation Sensitivity (Permutation-Style). As a com-
plementary model-agnostic analysis, we estimate feature sensitivity
through a local perturbation-based procedure inspired by Permu-
tation Importance (PI) [1]. However, unlike classical permutation
importance, which evaluates dataset-level performance degrada-
tion after globally shuffling a feature, our implementation operates
at the individual state level.

For each feature i at timestep ¢, Gaussian noise § ~ N'(0,0.1) is
injected into the corresponding feature dimension while all remain-
ing features are held fixed. The importance score is then computed
by measuring whether the perturbation changes the policy’s pre-
dicted action:

¢Ferturb(§t) -1 7'[(5;i+6)) + 7[(5;)]

where 7(-) denotes the learned behavior policy. This procedure
therefore measures the local sensitivity of the policy’s action selec-
tion to perturbations in each feature dimension.

The resulting instance-wise sensitivity scores are averaged
across the N = 100 fixed-state rollouts to obtain temporal sensi-
tivity profiles, with both mean and standard deviation reported at
each timestep. Although PI is model-agnostic and was computed
across all trained policies, its temporal visualization is shown
here only for the representative Random Forest model for clar-
ity and comparison with MDI. Complete temporal plots for all
model-method combinations are omitted for brevity.

3.1.2  Interpretation of the Neural Network (NN). For the NN policy,
we apply two post-hoc explanation techniques.

SHAP. To analyze the neural network behavior function, we
employ SHAP (SHapley Additive exPlanations) [28], which esti-
mates feature contributions through Shapley value approximations
derived from cooperative game theory. For each extended state
St = [st, dy, d;] encountered during policy execution, KernelSHAP
is used to compute local feature attributions with respect to the
predicted action probabilities.
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Figure 1: Observation: MDI identifies angular velocity (6) as the primary global feature for impurity reduction, reinforcing the structural

importance of dynamics over position in the learned policy.
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Figure 2: Permutation Importance Observation: Perturbations in 6 and 6 induce significant changes in the predicted action distribution,
whereas perturbations in x and x have negligible effect, indicating dominant reliance on angular features.

Unlike global feature importance methods, SHAP explanations
are computed independently at each timestep, thereby capturing
how the policy’s reliance on individual state variables evolves along
the trajectory. The resulting local SHAP values are aggregated
across the N = 100 fixed-state rollouts to produce temporally re-
solved importance profiles. For visualization, we report the mean
absolute SHAP magnitude together with the corresponding stan-
dard deviation across rollouts.

LIME. We additionally employ LIME (Local Interpretable Model-
agnostic Explanations) [34] to obtain local surrogate explanations
of the neural network policy. At each timestep t, a LimeTabular
Explainer fits a sparse linear model in the neighborhood of the
current extended state §; = [s;, dy, d;]. The resulting coefficients
approximate the local sensitivity of the policy’s predicted action to
perturbations in each input feature.

For all interpretability methods, local explanations are computed
independently at each timestep and aggregated across N = 100
rollouts. The temporal importance profile for feature f is computed
as:

1 & . 2
~ 2 (¢ 0 - 1)

Jj=1

N
B0 =% D800, apl) =
j=1

Across all interpretability methods, the pole angle (6) and pole
angular velocity (6) emerge as dominant features for maintaining
balance, while cart position (x) exhibits comparatively diminishing
influence, demonstrating the robustness of the extracted feature
importance across different model explanations [33].

Importantly, absolute attribution magnitudes are not directly
comparable across these interpretability methods, as each method
defines feature importance within a fundamentally different mathe-
matical space (e.g., local linear surrogate coefficients for LIME ver-
sus additive game-theoretic probability contributions for SHAP) [28,
34]. Consequently, our evaluation focuses on relative temporal pat-
terns and cross-method feature ranking consensus rather than di-
rect magnitude comparisons, justifying the independent scaling of
the respective episodic visualization axes.

3.2 Validation via Feature Ablation

To quantitatively validate the feature importance rankings derived
from our temporal analysis, we conduct feature ablation experi-
ments. Based on the observations from Section 3.1, we identify x
as a low-importance feature and 0 as a high-importance feature.
For each selected feature, we construct modified training datasets
in which the corresponding feature is removed from the state rep-
resentation. New UDRL policies are then trained from scratch on
these reduced state spaces using the same training protocol as the
baseline models. This approach evaluates whether removing a fea-
ture significantly degrades policy performance, thereby providing
a causal validation of its functional importance. We emphasize that
feature ablation provides an interventional measure of functional
importance, and does not establish causal relationships.
Evaluation protocol For visualization purposes, we present
representative training trajectories from a single run to illustrate
qualitative differences in learning dynamics under feature ablation.
Due to stochasticity in both environment transitions and training,
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Figure 5: Training performance of the neural network under
baseline and feature ablation settings. Removing the Ablated
(Most) feature (6) leads to significant performance degrada-
tion, while removing the Ablated (Least) feature (x) has minor
effect. Curves correspond to a representative run.

these trajectories may vary across runs. All quantitative results
reported in Table 2 are averaged over 5 independent training runs.

Each trained policy is evaluated over 100 episodes to compute the
average episodic reward. Results are aggregated across 5 indepen-
dent training runs and reported as mean * standard deviation. The
results support the interpretability analysis: removing the Ablated
(Most) feature (6) leads to a substantial degradation in performance,
whereas removing the Ablated (Least) feature (x) results in only a

marginal decrease. This validates that the identified feature impor-
tance reflects functional dependence of the learned policy rather
than spurious correlations.

Table 2: CartPole Performance under Feature Ablation (Mean
Reward + Std Dev)

Model Baseline  Ablated (Least) Ablated (Most)
RF 159.58 + 23.45 142.84 + 28.17 132.16 + 51.44
NN 104.02 + 4.04 89.56 + 9.41 71.57 £ 11.43
XGBoost 153.22 +£32.95 140.83 + 35.52 69.50 + 34.58
ExtraTrees 175.50 +28.10 155.20 + 40.50 138.80 + 45.20
AdaBoost  158.40 +35.60 138.10 = 22.30 75.20 + 25.40

Overall, the experiments on the CartPole benchmark provide
a controlled validation of the proposed UDRL-based interpreta-
tion pipeline. The fixed-state temporal analysis yields coherent and
evolving insights into policy behavior, and these qualitative find-
ings are supported by quantitative feature ablation experiments.
While CartPole represents a fully observable and relatively simple
environment, these results demonstrate the feasibility of combin-
ing UDRL with interpretability tools to analyze agent behavior
in a structured setting. This serves as a foundational step toward
examining more complex and safety-critical DTR environments
in Part 2, which introduce additional challenges such as higher
dimensionality and potential confounding effects.
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4 Part 2: Interpretation in Dynamic Treatment
Regimes

To evaluate the applicability of the proposed interpretability
pipeline in more realistic and safety-critical settings, we extend
the analysis to Dynamic Treatment Regime (DTR) environments.
DTRs model sequential clinical decision-making problems in
which treatment actions are adapted over time according to a
patient’s evolving physiological state. In these environments, the
state corresponds to patient health indicators, actions represent
treatment interventions (e.g., dosage adjustments or therapeutic
strategies), and rewards encode clinically meaningful objectives
such as recovery, survival, or long-term stability.

Compared to standard control benchmarks, DTR environments
introduce higher-dimensional state spaces, stochastic patient dy-
namics, and clinically relevant trade-offs between treatment efficacy
and risk. These properties make DTRs a particularly suitable testbed
for interpretability analysis, since policy performance alone is insuf-
ficient for deployment in safety-critical domains. Beyond achieving
favorable returns, learned policies must also exhibit coherent and
clinically justifiable decision structure. In particular, understanding
which patient variables influence treatment decisions is essential
for evaluating policy reliability and identifying potentially unstable
or non-robust behavior.

4.1 Pipeline Transfer from CartPole

We emphasize that this section does not introduce new interpretabil-
ity methods. Instead, we directly apply the interpretation pipeline
validated in Section 3. This pipeline consists of (i) qualitative feature
importance estimation using multiple interpretability techniques,
(ii) identification of the most and least important features based
on consensus across methods, and (iii) quantitative validation via
feature ablation.

In the CartPole setting, we demonstrated that this pipeline pro-
duces consistent and functionally meaningful feature importance
estimates. The goal in the DTR setting is therefore to assess whether
the same pipeline yields coherent and reliable insights in more com-
plex environments.

In DTR environments, patient initial states are sampled stochas-
tically from environment-defined distributions reflecting physio-
logical heterogeneity. Unlike CartPole, where a single fixed initial
state is clinically meaningless and a controlled starting point is rea-
sonable, fixing one patient profile in a clinical environment would
produce conclusions specific to that single patient rather than the
policy’s general behavior. We therefore adopt a population-level ag-
gregation protocol: feature importance scores are computed locally
at each timestep across N = 100 rollouts initialised from indepen-
dently sampled patient states, and averaged across rollouts. This
produces importance estimates that reflect the policy’s reliance
on state variables across the patient population rather than for a
single trajectory. Formally, unlike the fixed-state CartPole analysis
where all rollouts share the same initial condition, the DTR anal-
ysis aggregates explanations over stochastically sampled patient
initializations:

N
1 (
If(t) = N ;:l ¢fn)(t): Sén) ~ Po

where p, denotes the environment-specific initial state distri-
bution and 925(") (t) is the local attribution score for feature f at
timestep t in rollout n. Consequently, the resulting temporal impor-
tance profiles capture expected policy reliance across the patient
population rather than for a single fixed trajectory.

The trade-off is that initial-state variability is no longer isolated
from policy dynamics; however, this is the appropriate choice for
clinical generalizability. For the feature ablation validation, the
same stochastic initialization protocol is used, ensuring consistency
between the attribution analysis and the ablation experiments.

While all interpretability methods described in Section 3 (MDI,
Permutation Importance, SHAP, and LIME) are applied in these
environments, we do not replicate the full set of temporal visual-
izations. Doing so across multiple models and environments would
result in a large number of plots without proportionally improving
clarity. Instead, we summarize their outcomes through a cross-
method feature ranking procedure. Unlike CartPole, where multi-
ple interpretability methods consistently identified pole angle and
angular velocity as dominant variables across models, the DTR
environments did not exhibit a single universally dominant feature
across all policies. Instead, attribution patterns varied across models
and environments, reflecting the higher-dimensional and hetero-
geneous nature of clinical state spaces. The consensus ranking
therefore should not be interpreted as identifying globally optimal
clinical variables, but rather as identifying features that multiple
attribution methods consistently associated with policy behaviour
within a given model and environment.

4.2 Experimental Setup

All models are trained using the same UDRL pipeline described
in Section 3 to ensure consistency across environments. For DTR
tasks, each policy is trained for 500 episodes with a different batch
sizes. The action space is environment-specific (e.g., 8 actions for
OberstSepsisEnv). All experiments are implemented within a uni-
fied codebase where only the environment and estimator class are
varied.

To account for variability, all experiments are repeated across 5
independent runs with different random seeds. Each trained policy
is evaluated over 100 episodes, and performance is reported as the
average episodic reward (mean =+ standard deviation) aggregated
across runs. The same set of model classes is used, including NN,
RF, ET, XGBoost, and AdaBoost, with identical implementation
settings as described previously. This ensures that differences in
performance and interpretability arise from the environment and
learned policy structure rather than changes in methodology.

While large-scale benchmarks such as DTR-Bench employ up
to 25,000 episodes per seed to distinguish marginal performance
differences across 15+ algorithms, our evaluation uses 500 training
episodes per run. This is a practical necessity: our retraining-based
feature ablation requires training a complete UDRL policy from
scratch for each removed feature, making full-scale episode budgets
computationally prohibitive. Critically, UDRL’s supervised formu-
lation converges faster than standard RL methods since it avoids
bootstrapped Bellman updates, making 500 episodes sufficient for
stable policy learning in these structured environments. Our goal
is verification-oriented auditing rather than marginal performance



ranking, for which the observed ablation effects are sufficiently
large to detect at this scale.

4.3 DTR Environments

To test the real-world applicability of our framework, we consider
three environments from the DTR-Bench suite: AhnChemoEnv,
GhaffariCancerEnv, and OberstSepsisEnv. These environments pro-
vide mathematically-defined simulations of clinical treatment pro-
cesses, including chemotherapy response, tumor progression, and
sepsis management.

We restrict our analysis to the original environment configura-
tions. More complex variants (e.g., PK/PD extensions, noise injec-
tion, and missing data settings) are left for future work. We exclude
SimGlucoseEnv from our analysis due to its one-dimensional state
space, which is not suitable for meaningful feature importance eval-
uation. The state spaces, action spaces, and reward structures of
the selected environments are summarized in Table 3.

4.4 CQuantitative Validation via Feature Ablation

Following the pipeline established in Section 3, feature importance
is first estimated using multiple interpretability methods, and a
consensus ranking is used to identify the most and least important
features. Rather than presenting all intermediate visualizations, we
focus on the final stage of the pipeline: quantitative validation via
feature ablation.

For each environment, selected features are removed from the
state representation, and new policies are trained from scratch using
the same UDRL training procedure. The impact of each feature
is then assessed by measuring the change in policy performance
relative to the baseline.

This provides a direct test of whether the identified feature im-
portance reflects functional dependence of the learned policy. The
following tables summarize the performance of our UDRL agents
under these conditions across the clinical benchmarks.

Across the cancer-focused environments, consistent architec-
tural differences emerge. In AhnChemoEnv (Table 4), tree-based
models such as RF and XGBoost achieve the higher baseline rewards
among the other agents, while maintaining moderate dispersion
relative to their reward scale. In contrast, the neural network base-
line (88.47 + 2.57) remains numerically stable but operates in a
substantially lower reward regime. This gap, together with the con-
sistent degradation observed under feature ablation, indicates that
the neural model converges to a conservative or suboptimal policy
rather than exhibiting instability.

A similar but more variable pattern was observed in the Ghaf-
fariCancerEnv (Table 5). Across multiple models, ablating the
consensus-ranked most important features generally produced
larger performance degradation than removing the least important
features, indicating that the learned policies relied non-trivially
on specific state variables. However, the magnitude of the ob-
served standard deviations remained comparatively high across
both baseline and ablated settings. This behaviour is consistent
with the broader variability reported for several RL baselines in
DTR-Bench [30], suggesting that the environment itself exhibits
substantial stochasticity and sensitivity to trajectory evolution
rather than indicating instability specific to the proposed pipeline.
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Consequently, while attribution patterns in GhaffariCancerEnv
were less sharply separated than in AhnChemoEnv, the overall
ablation trends still supported the presence of meaningful feature
dependence.

The results for OberstSepsisEnv (Table 6) provide a useful nega-
tive control for the interpretability pipeline. In this environment,
all tested models—regardless of architecture—converge to a similar
mortality-based baseline (approximately —0.80). Unlike the cancer-
focused environments, OberstSepsisEnv employs a highly sparse
reward signal (+1 for discharge, -1 for death), which limits the
ability of agents to learn structured policies due to the absence of
informative intermediate reward signals.

Consistent with this, feature ablation (high vs. low importance)
results in negligible changes in performance and minimal variance
shifts across models. This indicates that the learned policies do not
exhibit strong functional dependence on specific state variables.
Importantly, the interpretability pipeline does not attribute artificial
importance to specific features but instead correctly reflects limited
and diffuse feature dependence under the sparse reward setting.

This behavior serves as a validation of the proposed framework.
In environments where meaningful feature dependence exists (as
in the cancer benchmarks), the pipeline identifies important vari-
ables and confirms their functional role through retraining-based
ablation. Conversely, in settings where structured learning is lim-
ited (as in the sepsis environment), the framework yields near-null
responses, reflecting the absence of strong feature dependence.
This consistency across contrasting regimes demonstrates that the
method functions as a validation mechanism, capable of distin-
guishing between genuine policy structure and cases where learned
behavior lacks meaningful dependence on input variables.

5 Conclusion and Future Discussion
5.1 Conclusion

This work presented a structured interpretability and auditing
pipeline for reinforcement learning policies trained using the
Upside-Down Reinforcement Learning (UDRL) framework. Rather
than introducing a new reinforcement learning algorithm, the
primary contribution lies in demonstrating how temporal feature
attribution and interventional validation can be systematically
combined to analyse policy behaviour across both controlled
control environments and clinically-inspired Dynamic Treatment
Regime (DTR) benchmarks.

The proposed framework integrates multiple local explanation
methods with temporal aggregation and retraining-based feature
ablation. In the CartPole environment, where controlled fixed-state
evaluation is meaningful, the resulting temporal explanations were
consistent with known system dynamics and were supported by
quantitative ablation experiments. These experiments showed that
features identified as important by the attribution methods also
produced measurable behavioural degradation when removed, pro-
viding evidence that the extracted explanations corresponded to
functional policy dependence rather than visual artefacts alone.

When extended to DTR environments, the analysis highlighted
substantially different interpretability characteristics across models
and environments. Tree-based UDRL agents generally produced
more stable and structurally interpretable behaviour functions,
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Table 3: Comparison of the DTR environments and their state, action, and reward formulations. The environment definitions
summarised here are those of the DTR-Bench suite [30].

Component

AhnChemoEnv

GhaffariCancerEnv

OberstSepsisEnv

State Space S

Action Space A

Reward r(t)

Continuous 3D vector:

- T(¢): Tumor Population
- I(¢): Immune Population
- B(t): Drug Concentration

Discrete(5): Maps to 5 distinct levels of a sin-
gle chemotherapy agent’s administration
rate u(t).

r= N _ T

=N@© T T
A dense reward balancing normal cell
health, tumor reduction, immune response,

and drug toxicity.

+1-u

Continuous 7D vector:

- T, (¢): Primary Tumor

~ Np (¢): Primary NK Cells

- L, (t): Primary T-Cells

- C(t): Lymphocytes

- T (t): Secondary Tumor

— N5 (t): Secondary NK Cells
- Lg(#): Secondary T-Cells

Discrete(25): A 5x5 grid mapping to com-
bined dose levels of two independent treat-
ments: Radiotherapy D and Chemotherapy
op(t).

r=rr(t) +ro(t)

A sum of a dense reward for tumor reduc-
tion (rr) and a large terminal reward for
cure (+100) or death (-100).

Continuous 6D vector:

Normalized vital signs and clinical measure-
ments including Heart Rate, Blood Pres-
sure, Lactate, O, Saturation, and cumula-
tive treatments.

Discrete(8): A 2x2x2 grid representing the
binary (On/Off) application of three treat-
ments: Antibiotics, Vasopressors, and Me-
chanical Ventilation.

r = +1 (discharged), —1 (deceased), or 0.
A sparse, terminal reward signal based only
on the final patient outcome.

Table 4: AhnChemoEnv Performance under Feature Ablation

Model Baseline  Ablated (Least) Ablated (Most)
RF 202.12 £ 1442 184.81 +£35.94 165.25 + 40.45
XGBoost  207.48 +23.51 196.93 + 31.49 141.95 + 63.57
NN 88.47 + 2.57 84.78 + 3.20 79.38 £ 5.17
ExtraTrees 182.45 +22.31 161.80 + 38.15 118.25 + 65.40
AdaBoost 178.90 +55.26  155.47 + 32.16 128.62 + 38.50

Table 5: GhaffariCancerEnv Performance under Feature Ab-
lation

Model Baseline  Ablated (Least) Ablated (Most)
ExtraTrees 97.16 +41.17 81.40 + 63.52 75.20 = 51.81
RF 112.73 +34.94  86.97 + 49.10 68.50 + 64.23
XGBoost 103.36 + 52.15  87.36 + 78.50 65.45 £ 76.10
AdaBoost  94.45 + 62.15 89.83 + 61.26 82.66 + 75.30
NN 87.83 + 84.35 72.10 + 80.59 57.41 + 95.25

while neural policies often exhibited greater variability in both
performance and attribution consistency. Importantly, the pipeline
was also capable of identifying environments in which policies
exhibited weak or unstable feature dependence. In the OberstSep-
sisEnv setting, uniformly limited ablation effects and inconsistent
attribution patterns suggested that several policies did not develop
strong reliance on individual state variables under the extremely
sparse reward formulation. However, such flat ablation responses
may also reflect redundancy or correlation between clinical vari-
ables rather than a complete absence of learned structure. This
demonstrates that the framework can be used not only to interpret

Table 6: OberstSepsisEnv Performance under Feature Abla-
tion

Model Baseline Ablated (Least) Ablated (Most)
ExtraTrees —0.72 = 0.61 —0.74 + 0.63 —0.75 + 0.62
RF —0.78 = 0.59 —0.75 £ 0.58 —0.79 £ 0.58
XGBoost  —0.78 + 0.65 —0.80 = 0.66 —0.81 +0.64
AdaBoost —0.82 + 0.60 —0.81 + 0.62 —0.83 £ 0.59
NN —0.79 £ 0.68 —0.80 = 0.67 —0.82 + 0.69

policy behaviour, but also to diagnose settings in which feature
reliance remains diffuse or difficult to attribute reliably.

A central observation throughout the experiments is that reward
performance alone provides an incomplete description of policy
quality in safety-critical domains. Multiple policies achieved com-
petitive reward regimes while exhibiting substantially different
levels of attribution stability, feature reliance, and structural trans-
parency. The results therefore support the broader view that pol-
icy interpretability and auditability should be evaluated alongside
reward optimization, particularly in domains such as healthcare
where decisions must remain inspectable and accountable.

Overall, this work establishes a reproducible pipeline for combin-
ing goal-conditioned policy learning, temporal interpretability anal-
ysis, and interventional validation within reinforcement learning.
The framework is intentionally model-agnostic and is designed to
serve as an auditing methodology rather than a task-specific learn-
ing solution. While the experiments are limited to simulation-based
benchmarks, the results demonstrate that structured interpretabil-
ity analysis can provide useful insight into both policy behaviour
and policy failure modes in sequential decision-making systems.



5.2 Future Discussion

Several limitations define the scope of the present study and moti-
vate future work.

First, the experiments intentionally employ relatively conserva-
tive model architectures and training configurations. Tree-based
models use largely default hyperparameter settings, and neural poli-
cies are implemented using comparatively standard architectures
without extensive tuning or large-scale optimization. This choice
was made to reduce confounding variability during interpretabil-
ity analysis and to keep attribution behaviour reproducible across
environments. More sophisticated architectures or aggressive hy-
perparameter search may improve reward performance, but would
also introduce additional complexity into the attribution analysis.
Understanding how interpretability properties evolve with increas-
ing model capacity remains an important open question.

To contextualise the obtained performance regimes, Table 7 com-
pares selected DTR-Bench results [30] with the tree-based UDRL
agents used in this study. Results marked with 1 are taken directly
from the original DTR-Bench benchmark and therefore use different
evaluation budgets and protocols. The comparison should conse-
quently be interpreted as contextual rather than a strict benchmark
ranking. Despite these differences, the proposed agents operate
within reward ranges competitive with several standard RL base-
lines while additionally enabling trajectory-conditioned attribution
and feature-ablation analysis.

Table 7: Comparison of Policy Performance across Medical
Environments. The rows marked { are reproduced from the
DTR-Bench benchmark [30]; the remaining rows are our own
results.

Policy AhnChemo GhaffariCancer OberstSepsis
T 62.29 + 12.62 —90.78 + 2.96 —0.81 + 0.58
DON 214.18 £ 141.64 134.24 + 26.45 0.15+0.73
dSAC 7 114.06 + 82.68 93.65 + 73.98 0.16 £0.71
rDON 7 267.78 £ 62.65 63.66 + 85.66 —0.11 + 0.77
rC51 242.18 +£82.29  —82.88 +£16.37 —0.68 + 0.51
RF 202.12 £ 14.42 112.73 + 34.94 —0.78 £ 0.59
XGBoost 207.48 + 23.51 103.36 + 52.15 —0.78 £ 0.65
ExtraTrees 182.45 + 22.31 97.16 = 41.17 —0.72 £ 0.61

Several observations follow from this comparison. In AhnChemo-
Env, the proposed tree-based UDRL agents achieve reward regimes
comparable to several standard RL baselines, despite using com-
paratively simple model classes and no extensive hyperparameter
tuning. In GhaffariCancerEnv, the ExtraTrees agent exhibits lower
variance than many competing methods while remaining within
a competitive reward regime. In OberstSepsisEnv, most methods
— including standard RL baselines — converge to similarly weak
reward regimes, reflecting the severe reward sparsity and difficulty
of the environment itself rather than the limitations of a particular
algorithm family.

Importantly, the purpose of this comparison is not to claim
state-of-the-art reward performance, but to contextualise the
interpretability-performance trade-off explored in this work.
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Many high-performing RL baselines remain effectively black-box
policies whose decision structure cannot be directly audited. In
contrast, the proposed tree-based UDRL agents permit explicit
trajectory-conditioned analysis through the temporal attribution
and ablation pipeline developed in Section 3.

The choice of UDRL is similarly motivated by interpretability
considerations rather than reward maximization alone. Unlike stan-
dard value-based or policy-gradient methods, UDRL formulates
policy learning as a direct goal-conditioned supervised mapping
f(st,dy,d;), enabling explanations to be conditioned on explicit
desired outcomes. This structure provides a comparatively clean
interface for temporal attribution analysis and avoids some of the in-
terpretability indirectness associated with analysing implicit value
functions or latent policy objectives. Nevertheless, this work does
not claim that UDRL is uniquely compatible with interpretabil-
ity analysis. Extending the proposed pipeline to alternative RL
paradigms, including PPO, DQN, FQI, and offline RL approaches,
remains an important direction for future study.

Several methodological limitations should also be noted regard-
ing the interpretation pipeline itself. Feature ablation provides an
interventional mechanism for testing whether policies function-
ally depend on particular variables, but performance degradation
should not be interpreted as a direct measure of causal importance.
In high-dimensional clinical environments, correlated or redundant
variables may allow policies to partially compensate when certain
features are removed. Consequently, limited degradation following
ablation may indicate redundancy within the state representation
rather than the absence of meaningful policy structure. Future work
could incorporate counterfactual or causal interpretability methods
to better distinguish policy invariance from feature redundancy.

The aggregation procedure used throughout the DTR experi-
ments also reflects an important practical trade-off. Unlike CartPole,
clinical environments employ stochastic patient initialization, and
feature importance is therefore aggregated across heterogeneous
patient trajectories rather than isolated fixed-state rollouts. This
population-level evaluation improves clinical generalizability, but
reduces the ability to disentangle initial-state variability from policy
dynamics. Furthermore, trajectory lengths vary across episodes,
meaning that temporal importance estimates at later timesteps are
computed from progressively fewer surviving rollouts. While the
aggregation procedure preserves meaningful temporal trends, these
estimates should not be interpreted as fully stationary statistics
over a fixed trajectory distribution.

In addition, the present work only evaluates the original
DTR-Bench environment configurations and does not consider the
extended variants involving pharmacokinetic/pharmacodynamic
(PK/PD) modelling, missing-data mechanisms, or explicit noise
injection. These variants introduce substantially greater realism
and are known to alter policy learning dynamics. Evaluating the
proposed interpretability pipeline under such conditions would
provide a stronger assessment of robustness under uncertainty and
partial observability.

Finally, all experiments are conducted in simulated environments
with known dynamics. Real clinical deployment introduces addi-
tional challenges including latent confounding, distributional shift,
irregular sampling, and limited observational coverage. Moreover,
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while the current study evaluates whether explanations are struc-
turally and functionally meaningful, it does not assess how such
explanations are perceived or utilised by clinicians. Human- cen-
tred evaluation therefore remains essential before interpretability
claims can translate into practical clinical decision support.

Taken together, these limitations reinforce a broader point: in
high-stakes sequential decision-making, interpretability should not
be treated purely as a post-hoc visualization layer applied after
optimising reward. Instead, the ability to inspect, validate, and
audit policy behaviour should be considered a core component of
reinforcement learning system design itself.
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