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Abstract. We present a reproducibility-focused reimplementation and
extension of CTRL (Counterfactual-based Reinforcement Learning), a
causal reinforcement learning method based on counterfactual data aug-
mentation. Beyond reproducing CartPole-SD (CartPole with the Simple
Dataset protocol of [3]), we run a controlled validation matrix over coun-
terfactual fraction, noise level, dataset size, and generator quality, then
test transfer to LunarLander, MuJoCo, and D4RL-style offline settings.
The empirical pattern is consistent across runs: counterfactual augmen-
tation is conditionally useful, not uniformly superior. In CartPole, it can
improve clean returns, especially with larger datasets and stronger gen-
erators, but noisy-evaluation gains are modest. In cross-domain settings,
outcomes are mixed and currently budget-limited. Our claim is there-
fore scoped: counterfactual augmentation can help offline RL in specific
regimes, but reliability depends on data regime, generator fidelity, and
evaluation protocol. By introducing a comparative analysis against a
non-causal Base-S world model, we identify a critical ’coverage-versus-
bias’ tradeoff where excessive augmentation can amplify transition inac-
curacies, a failure mode particularly evident in balance-heavy tasks. We
further demonstrate that Bellman-score selection is insufficient to over-
come these biases in high-variance regimes. Finally, we fill a significant
gap in the community by providing a verified, ground-up open-source
implementation of the CTRL architecture to facilitate further research
in causal RL.

Keywords: Causal Reinforcement Learning, Counterfactual Data Aug-
mentation, Offline Reinforcement Learning, Structural Causal Models,
Robustness

1 Introduction

Reinforcement Learning (RL) has shown remarkable success in simulated set-
tings, but its real-world adoption in domains such as healthcare, robotics, and
industrial control remains limited by costly data collection and unsafe explo-
ration. Improving sample efficiency and exploration has thus become a
central goal in practical RL, motivating approaches that learn effectively from
small, fixed datasets while preserving theoretical convergence guarantees.
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Fig. 1. Generator G, Encoder E,; and Discriminator D in CTRL [3].

The CTRL framework (Sample-Efficient Reinforcement Learning via Coun-
terfactual Based Data Augmentation, NeurIPS 2020) introduces a Structural
Causal Model (SCM) to represent environment dynamics as

Siy1 = [(St, A, Upyr), (1)

where U1 denotes exogenous noise. By inferring this latent variable for each ob-
served transition and reusing it to compute counterfactual next states S;, | =
f(St,a’,Usyq) for alternate actions, CTRL generates additional, causally consis-
tent experiences without new interactions—enabling sample-efficient “imagi-
native exploration” that broadens data coverage by asking “what if the agent
had taken action o’ instead of a?” The paper shows that if f is monotone in U,
counterfactual outcomes are identifiable (Theorem 1 in [3]) and that Q-learning
trained on this augmented dataset converges to the optimal value function
Q* (Theorem 2 in [3]). Together, these results make CTRL particularly com-
pelling—uniting causal validity and reinforcement learning optimality within a
single, data-efficient framework.

To learn this causal mechanism, CTRL employs a Bidirectional Condi-
tional GAN (BiCoGAN)J2] that jointly trains an encoder, generator, and
discriminator as in Figure [T} ensuring consistency between causal and inverse
mappings, enabling inference of latent noise and reconstruction of next states.
With its theoretical grounding and simplicity, CTRL offers a practical, scalable
framework to evaluate sample efficiency and exploration on benchmark tasks like
Cartpole and LunarLander [I].

In this work, we provide a ground-up reproduction and empirical extension of
the CTRL framework. Due to the absence of official reference code, we implement
the Bidirectional Conditional GAN (BiCoGAN) architecture from scratch to
infer latent exogenous noise and generate counterfactual transitions. Beyond
reproduction on CartPole-SD, we extend analysis to LunarLander-v3, MuJoCo
control tasks, and D4RL-style offline settings to test where gains transfer and
where they fail.



Reproducing and Extending Counterfactual Data Augmentation 3

Our contributions are as follows:

— Ground-Up Reproduction: A from-scratch implementation of the CTRL
pipeline (SCM data generation, BiCoGAN training, and offline D3QN-+CQL),
with run artifacts. D3QN+CQL here refers to Dueling Double Deep Q-
Network + Conservative Q-Learning.

— Controlled Ablation Matrix: Targeted CartPole studies over Counterfac-
tual(CF) mixing ratio, evaluation noise, dataset size, and generator quality
to isolate when CF helps and when it harms.

— Baseline Differentiation: Implementation of a non-causal Base-S world
model to isolate the specific advantages of causal identifiability over proba-
bilistic augmentation.

— Mechanistic Analysis: Identification of a coverage-versus-bias trade-
off, documenting how excessive augmentation amplifies model error in sen-
sitive regions, leading to non-monotonic performance.

— Cross-Domain Diagnostics: Extension to LunarLander, MuJoCo, and
D4RL-style settings to test external validity and to identify task regimes
where CF(Counterfactual) transfer is unstable.

Our results support a scoped claim: causal counterfactual augmentation is
conditionally beneficial, but outcomes are sensitive to data regime, generator
quality, and evaluation protocol.

For improved accessibility, a comprehensive list of abbreviations and key
terms used throughout this work is provided in Table [d]in the Appendix.

Related Work:

This paper is positioned as a reproduction-and-analysis study, not a new
algorithmic proposal. We build on the SCM formulation of CTRL [3] and the
underlying causal framework [4]. We also relate our findings to broader data-
augmentation baselines such as CoDA [5] and RAD [7], and to model-based
world-model perspectives [6].

To situate this work in the post-2020 literature, we explicitly acknowledge
direct successors to counterfactual augmentation (MoCoDA, ACAMDA, CA-
TAC, RoCoDA) [I2II3IT4I15], survey/framework references [I6JI7JI8], and foun-
dational causal RL /representation works [22IT9I20/21].

2 Methodology

We closely follow the theoretical framework presented in [3] and reproduce their
experimental setup as faithfully as possible. Since the authors do not provide
an official GitHub repository, and several implementation details in the paper
remain ambiguous, we take particular care to avoid unintended deviations. To
mitigate bias, we conducted multiple independent experiments to validate that
our choices remain aligned with the underlying theory and with the intended
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behavior described by the authors. Nevertheless, we acknowledge that the lack
of publicly available code and the inherent under specification in parts of the
original description may lead to unavoidable discrepancies.

In our study, we implement Algorithm [1| from [3] and replicate the core
CTRL components: environment dynamics, SCM assumptions, and counterfac-
tual augmentation. We first reproduce the CartPole-SD setting and then extend
evaluation beyond the original scope to LunarLander-v3, MuJoCo, and D4RL-
style offline checks to test how behavior changes under more complex domains
and broader validation protocols.

2.1 Which CTRL Variant We Implement and Why

Lu et al. [3] present two complementary procedures. Part 1 (Algorithm 1 in [3],
our Algorithm learns a general policy by first estimating the SCM with BiCo-
GAN, generating counterfactual data for all alternative actions, and then per-
forming offline Q-learning on the augmented dataset D. Part 2 learns a policy-
specific generalization in which counterfactual generation is conditioned on the
policy under refinement, requiring an inner loop that interleaves CF generation
with policy updates.

We implement Part 1 (general-policy variant) for three reasons. (i) Of-
fline compatibility: Part 1 separates SCM estimation from policy learning, which
matches our offline D3QN-+CQL pipeline; Part 2 entangles CF generation with
the current policy iterate and is closer in spirit to a model-based online proce-
dure. (ii) Reproducibility: with no official reference code, the cleaner two-stage
decomposition of Part 1 reduces implementation ambiguity and makes the SCM
and the RL components independently auditable. (iii) Diagnostic value: Part 1
lets us isolate the effect of the augmented dataset D itself, which is exactly the
lever our coverage-versus-bias analysis (Sec. 3.5) targets. A policy-conditional
Part 2 study is left for future work.

2.2 Identifiability via Monotonicity in U: Practical Meaning

Theorem 1 in [3] requires the structural function f(s¢,as,-) to be strictly mono-
tone in the erogenous noise Ugyi. Operationally this means: for every fixed
(s¢,at), the map u — f(sy,ar,u) is one-to-one, so each observed next state
S¢+1 pinpoints a unique latent u;y;. This is the condition that makes the en-
coder E in BiCoGAN well-defined as a noise-inversion operator rather than a
generic associative regressor, and it is what licenses reusing the inferred 4, for
an alternative action a.f in Eq. . Without it, two different latents could ex-
plain the same s¢41, the inferred 4, is no longer a property of the transition, and
counterfactual states drift away from causally consistent outcomes.

Does it hold in our environments?

— CartPole-SD: the clean dynamics are deterministic and the dominant noise

channel is additive Gaussian observation noise s’ = s, . + 0.057, which is
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componentwise strictly monotone in 7. Action-execution noise enters through
the CartPole physics and may break strict monotonicity in edge regions, but
the operative noise channel during state generation is monotone, and this is
consistent with CartPole being the regime where we observe the clearest CF
gains.

— LunarLander-v3: stochasticity enters through wind, turbulence, and contact-
dependent terms that interact with state in nonlinear, non-componentwise
ways, so f(s,a,-) is generally not monotone in a single scalar latent. The
high-variance, often-negative LunarLander outcomes are consistent with a
violated or only partially-satisfied condition.

— MuJoCo (Ant, HalfCheetah, Hopper, Walker2d): contact-rich dy-
namics produce non-smooth, non-monotone responses to perturbations. We
expect monotonicity to be more strongly violated on balance-heavy tasks
(Hopper, Walker2d), and indeed those are the tasks where CF augmentation
degrades performance in Sec. 3.3.

The takeaway is that identifiability is a sufficient condition, not a free lunch. Our
coverage-versus-bias finding can be read as the empirical signature of a domain
where the monotonicity premise is partially or fully violated, so the BiCoGAN
encoder learns an associative inverse rather than a causal noise inversion, and
aggressive CF mixing then injects model error rather than support.

2.3 Stochastic CartPole-SD Environment and Evaluation Protocols

We follow the SD(Simple Dataset) setting from [3] and explicitly document
the environment details used in our implementation. The underlying CartPole
dynamics remain unchanged; we use the same 11-action parameterization, ad-
ditive action noise, and noisy observations. The agent selects among 11 dis-
crete actions a € {0,...,10}, which are mapped to a continuous control value
Geont = a/10 and further perturbed by Gaussian execution noise & = Geont + €,
with € ~ AN(0,0.05%). The resulting applied force is F' = (2a — 1) Fipax with
Finax = 10. Termination is evaluated on the clean next state prior to adding any
stochastic noise, i.e., whenever |z, .| > 2.4 or |0.,..,| > 12°. After termination

clean clean
is checked, the environment returns a noisy observation s’ = s/, +0.057, with
n ~ N (0, I4), subsequently clipped to the usual CartPole bounds 2’ € [—4.8,4.8]
and ¢’ € [—0.418,0.418]. Dataset generation samples random discrete actions,

applies noisy actions a, and records (s, a, @, r, s’) until termination.

Clean vs. noisy evaluation. To avoid ambiguity in the results section:

— Clean refers to evaluation on standard CartPole-v1l (no SD observation
noise in environment state transitions).

— CTRL/noisy refers to evaluation on our SD environment with built-in
observation noise (o5 = 0.05) and 1l-action mapping; additional action-
evaluation noise is set to zero unless stated.
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2.4 Offline D3QN + CQL Training with Real and Counterfactual
Data

After training BiCoGAN (Algorithm , we construct the offline RL dataset by
combining real SD transitions with counterfactual (CF) transitions generated via
the learned (G, E) pair. For each real transition (s, a,r¢, S¢41), we first infer
the transition-specific latent exogenous variable using the encoder and then reuse
that inferred latent for alternative actions:

Uy = E(5t+1)7 § = G(Suacf,ﬁt), Qcf 75 Q.

Each CF(Counterfactual) transition inherits reward r; and uses a done flag based
on the clean termination thresholds applied to §'.
We evaluate two regimes:

— Real-only: the offline dataset consists solely of the clean SD transitions.
— Real + CF (k per real): each real transition is augmented with &k coun-
terfactual transitions generated from BiCoGAN.

All states and next states are standardized using the real dataset mean and
standard deviation. We train an offline Dueling Double Deep Q-Network (D3QN)
agent as in Algotithm [3| with a Conservative Q-Learning (CQL) penalty, follow-
ing the update structure of [3]. The value network is trained using Double DQN
targets and soft target updates.

Reproducibility. All experiments, result plots, and evaluation logs used in this
section can be fully reproduced using our publicly released notebook available
at |Counterfactual-RL Experiments. This includes the specific configurations
used for the CartPole-SD and LunarLander-v3 environments.

2.5 Experiments on LunarLander-v3

For our second environment, we use the standard LunarLander-v3 from Gym-
nasium, with default physics (gravity, wind, and turbulence parameters), and no
modifications to the underlying dynamics.

BiCoGAN SCM for LunarLander. We reuse the same Structural Causal Model
(SCM) framework developed for CartPole-SD: a bidirectional conditional GAN
that learns forward dynamics G(st, at, u¢) and an encoder E(s¢41) for recovering
latent exogenous structure. The architecture, loss functions, and training sched-

ule are identical to the CartPole version; only the state and action dimensions
differ.

Base-S World Model. To compare SCM-based counterfactual generation with
a simpler probabilistic world model, we implement Base-S, a Gaussian next-
state-and-reward model following the formulation in the CTRL paper. Base-S
conditions on the current state and a one-hot action vector and produces

(,Us/ y Bors IOg Ug'v 1Og 0.3)7
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the means and log-variances of a diagonal Gaussian distribution over next state
and reward. Samples are drawn via reparameterization, and the model is trained
using a Gaussian negative log-likelihood loss:

Lxin = E [N (si41; psr, 02) + N (re; i, 07)] -

Training Base-S. We train Base-S for 20 epochs using Adam with learning rate
103, weight-normalized MLP layers, and minibatch NLL over both next state
and reward. This follows the training setup stated in the CTRL paper and
provides a baseline generative model for producing counterfactual transitions.
The trained Base-S model is then used to generate synthetic rollouts for offline
RL, enabling a direct comparison with the BiCoGAN SCM approach.

3 Results

Main framing. We report results in two tiers: (i) controlled CartPole-SD offline
ablations to study mechanism-level behavior, and (ii) cross-domain validation
on LunarLander, MuJoCo, and D4RL-style offline evaluation for external valid-
ity. Throughout this section, clean means evaluation on standard CartPole-v1;
CTRL/noisy means evaluation on the SD environment with observation noise
and 1l-action control. Unless otherwise noted, values are mean returns; ex-
ploratory settings with smaller seed counts are explicitly marked in tables.

3.1 CartPole Offline Matrix (Controlled Analysis)

Table 1. CartPole-SD offline evaluation (mean return + std over seeds; main settings
use n = 30, exploratory edge fractions use n = 10).

Agent CF frac Clean CTRL (noisy)
Rainbow - 37.20 £44.37 (n = 30) N/A

D3QN (real only) 0  33.14 £10.23 (n = 30) 17.99 + 1.49 (n = 30)
D3QN + CF 0.02 37.77+21.21 (n = 10) 17.15 £ 1.47 (n = 10)
D3QN + CF 0.05 34.25 = 10.87 (n = 30) 17.82 £ 1.46 (n = 30)
D3QN + CF 0.10  35.60 £ 20.73 (n = 30) 17.73 & 1.37 (n = 30)
D3QN + CF 0.25 33.87 % 12.45 (n = 30) 18.37 & 1.60 (n = 30)
D3QN + CF 0.50  44.66 £ 23.30 (n = 10) 18.47 £ 1.53 (n = 10)

On clean CartPole, CF(Counterfactual) augmentation improves over real-
only D3QN in several settings (notably f = 0.10 and exploratory f = 0.50),
but gains are non-monotonic in CF fraction and have wide dispersion in some
regimes. On CTRL /noisy evaluation, all D3QN variants remain tightly clustered
around ~ 18, indicating limited robustness separation.
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Key takeaways from the CartPole matriz.

— CF(Counterfactual) augmentation can improve clean-return performance,
but the effect is not monotonic in CF fraction.

— Noisy evaluation remains tightly clustered across D3QN variants, indicating

limited robustness gains in this setting.

Rainbow shows high variance in this offline protocol, so the main causal

comparison is between D3QN real-only and D3QN+CF variants.

Exploratory edge fractions (f = 0.02, f = 0.50) use fewer seeds and should

be interpreted as trend indicators, not final estimates.

3.2 Ablations: When Does CF Help?

Dataset-size ablation is shown in Figure 2] We define small as 100 episodes
(1669 transitions), medium as 250 episodes (4149 transitions), and large as 500
episodes (8543 transitions). CF(Counterfactual) is regime-dependent: it hurts in
small/medium data but helps in large data (clean means: small 35.20 vs real
44.83; medium 31.37 vs real 35.15; large 42.38 vs real 35.07).

Figure[3|summarizes CF-quality and BiCoGAN-quality effects. Raw CF(Counterfactual)
gives the highest clean score in this matrix (55.80), while aggressive filter-
ing/subsampling reduces gains. Generator quality is also monotonic in this study
(weak 31.01, medium 34.52, strong 41.68 clean mean), confirming that down-
stream RL performance is sensitive to SCM quality.

Dataset Size Ablation (Clean) Dataset Size Ablation (CTRL/Noisy)

. Real
e CF

Mean return

0

Medium

Medium Large

Fig. 2. Dataset-size ablation: CF vs real-only under clean and CTRL /noisy evaluation.
CF benefit appears in the large-data regime only.

3.3 Cross-Domain Validation

Cross-domain results are mixed: CF(Counterfactual) improves LunarLander mean
and 2/4 MuJoCo tasks (Ant, HalfCheetah), but degrades 2/4 MuJoCo tasks
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Fig.3. CF strategy and BiCoGAN-quality ablations. Clean performance depends
strongly on augmentation/generator quality; noisy returns remain closely clustered.

(Hopper, Walker2d). D4RL numbers are reported as budget-limited baseline
checks (one CQL configuration per dataset at 100k steps, raw returns) and are
not yet sufficient for a strong causal-augmentation claim.

Task-level interpretation and statistical caveat. The MuJoCo split is consistent
with task sensitivity: Ant and HalfCheetah are more tolerant to local model
error, while Hopper and Walker2d are balance-heavy and can fail under small
transition inaccuracies. We therefore treat these cross-domain outcomes as di-
agnostic rather than definitive, because current budgets use limited seeds on
several tasks (n = 2 or n = 3), and D4RL reporting is currently a low-budget
sanity pass rather than a normalized-score benchmark.

3.4 Focused Diagnostic: Bellman-Selected CF on LunarLander-v3

To isolate one failure mode, we evaluate a Bellman-score selector that keeps only
the highest-scoring counterfactual per transition. This diagnostic uses a different
protocol from the cross-domain matrix and is reported separately.

Even with Bellman-score selection (Table [3), counterfactual augmentation
did not improve LunarLander-v3 in our runs. Both Base-S and BiCoGAN vari-
ants remained high-variance and underperformed the Real-only baseline. Lunar
lander experiments can be observed and run with code at |Counterfactual-RL
LunarLander Experiments.


https://github.com/ksajan/ECE595-Causal-RL-Study/blob/main/CTRL/CTRL_Lunar_Lander.ipynb
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Table 2. Cross-domain summary with task-level outcomes and run budgets.

Domain Task/Setting Budget Outcome
LunarLander offline real vs CF 250 dataset eps, 400 DQN epochs, n = 8 —158.25 vs —144.31
MuJoCo SAC Ant-v4 (real vs aug) 200k steps, 20 eval eps, n = 2 857.32 — 1330.07
MuJoCo SAC HalfCheetah-v4 (real vs aug) 200k steps, 20 eval eps, n = 3 3974.77 — 5246.36
MuJoCo SAC Hopper-v4 (real vs aug) 200k steps, 20 eval eps, n = 3 1785.47 — 763.75
MuJoCo SAC Walker2d-v4 (real vs aug) 200k steps, 20 eval eps, n = 2 2692.83 — 1945.52
D4RL CQL (baseline) halfcheetah-medium-v2 100k steps, 10 eval eps, n = 2 —336.17
D4RL CQL (baseline) hopper-medium-v2 100k steps, 10 eval eps, n = 2 17.80
D4RL CQL (baseline) walker2d-medium-v2 100k steps, 10 eval eps, n = 3 10.86
o LunarLander Offline MujoCo SAC: Aug vs Real Delta D4RL CQL Scores
s o —_—

-100

-200

Mean return
Delta (%)
Mean score

-600

-700

Fig. 4. External-validity summary across LunarLander, MuJoCo, and D4RL.

3.5 Interpretation and Next Methodological Steps

Interpretation (hypothesis, not proof). Our non-monotonic CartPole gains are
consistent with a coverage-versus-bias tradeoff: limited CF(Counterfactual) can
improve support, while excessive CF can amplify model error in synthetic re-
gions. This interpretation is consistent with the high variance observed in Lu-
narLander and with a possible Bellman-selection feedback loop where biased
high-value CF samples are repeatedly over-selected [318].

Proposed methodological changes (not yet evaluated). We propose three concrete
upgrades for the next revision cycle. First, replace unconstrained GAN genera-
tors with monotonic or identifiable SCM parameterizations [24125]. Second, re-
place fixed CF(Counterfactual) mixing with uncertainty-aware acceptance and
discrepancy-aware augmentation [I3U26l27]. Third, benchmark stronger offline
RL baselines (for example, IQL and support-constrained variants) and report
scaling behavior [23|28]. We also plan to add a non-causal augmentation base-
line so causal benefit can be separated from generic data-augmentation effects.

Causal invariance diagnostic (planned extension). To separate causal mechanism
learning from associative fitting, a direct next step is an invariance diagnostic
under controlled environment shifts (for example, changing gravity or wind in
LunarLander-v3) [I0JI1]. The intended plot compares one-step prediction error
versus shift magnitude for BiCoGAN-SCM and Base-S.
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Table 3. Final evaluation returns (20 episodes) using Bellman-selected counterfactuals.

Agent CF Source Mean Return + Std
Real-only None —145.95 £ 55.89
Hybrid CTRL (best-CF)  Base-S —326.99 £+ 116.05
Hybrid CTRL (best-CF) BiCoGAN —262.48 + 86.85

4 Conclusion and Future Work

This study reimplements CTRL and evaluates it under a substantially broader
matrix than the original reproduction baseline. Our evidence supports a condi-
tional conclusion: counterfactual augmentation can improve offline RL perfor-
mance, but gains depend strongly on regime and are not universal.

In controlled CartPole analysis, CF(Counterfactual) data improves clean-
return performance in several settings and shows stronger effect when dataset
size and generator quality are higher. However, noisy/CTRL robustness gains
are modest, and cross-domain transfer is mixed (MuJoCo has both wins and
losses; D4RL remains underpowered at current budget and seed count).

Practical takeaway. Counterfactual augmentation should be treated as a high-
variance lever that requires careful control of data quality, generator quality, and
mixing ratio. It is promising, but not yet a drop-in replacement for standard
offline RL pipelines.

Future work. To strengthen external validity, the next phase should prioritize
compute-matched seed expansion and broader MuJoCo/D4RL coverage with
normalized reporting. Methodological upgrades (monotonic/identifiable SCMs,
uncertainty-aware CF selection, and stronger offline RL baselines) are detailed
in the preceding diagnostic subsection.

Implications for Causal RL Research. Our results carry three takeaways that
extend beyond the CTRL reproduction. First, identifiability is necessary
but not sufficient for downstream RL gain. Theorem 1 of [3] guarantees
that counterfactual outcomes are recoverable when f is monotone in U, yet
in our LunarLander and MuJoCo experiments the condition is plausibly vio-
lated and CF augmentation either fails to help or actively hurts. Causal RL
methods that inherit the same identifiability premise (MoCoDA, ACAMDA,
CATAC, RoCoDA [T2IT3IT4/T5]) should expect similar regime-dependence and
benefit from explicitly reporting whether their causal assumptions hold in the
target environments, beyond citation. Second, generator fidelity, not causal
structure per se, is the dominant lever in our matrix. Generator-quality
ablations move clean returns from 31.01 (weak) to 41.68 (strong), a larger swing
than any CF mixing ratio produces. This suggests that the field’s near-term
progress is more likely to come from constrained, identifiable SCM parameter-
izations (e.g. Chen and Du [25]) than from new mixing heuristics on top of
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unconstrained GAN generators. Third, the coverage-versus-bias tradeoff
is task-aware. Balance-heavy control tasks (Hopper, Walker2d) tolerate transi-
tion error far less than locomotion tasks (Ant, HalfCheetah). A practical causal-
RL deployment story therefore needs an upstream invariance or sensitivity check
before CF augmentation is applied, of the kind we sketch in Sec. 3.5 [I0/TT].

Among recent successors, the work most closely aligned with our research
direction is ACAMDA [13], which makes counterfactual generation adver-
sarial and discrepancy-aware, directly attacking the bias side of the coverage-
versus-bias tradeoff. Among the most recent identifiability-focused efforts, Chen
and Du [25] on exogenous isomorphism is the closest theoretical match to our
monotone-U critique, since it formalizes when the exogenous structure can be
recovered up to isomorphism. We view both as the natural next baselines once
seed budgets and offline-RL coverage are expanded.

Open-Source Implementation. To fill the existing gap in open-source causal RL
frameworks, a verified, ground-up implementation of the CTRL architecture is
provided. See our public notebook and code available at |Causal-RL-Study.
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A Appendix

Table 4. Key Abbreviations, Full Forms, and Descriptions

Abbreviation

Description and Context

CTRL

CF

CartPole-SD

MudoCo

D4RL-style

Base-S

SCM

BiCoGAN

D3QN-+CQL

CF mixing ratio

MuJoCo SAC

Counterfactual-based Reinforcement Learning: Derived
from the original framework title, "Sample-Efficient Reinforcement
Learning via Counterfactual-Based Data Augmentation".

Counterfactual: A synthetic "what-if" transition generated for an
alternative action by reusing inferred latent exogenous noise, used
to broaden data coverage without new interactions.

CartPole with a Simple Dataset: The "SD" specifically refers to
the "Simple Dataset" environment setting used for benchmarking
in the original work.

Multi-Joint dynamics with Contact: A physics engine used to
simulate the continuous control tasks evaluated in this study.

Datasets for Deep Data-Driven Reinforcement Learning:
Refers to the standardized format and protocol for offline RL bench-
marks used for cross-domain validation.

Baseline State-only world model: A non-causal Gaussian model
that predicts next-states and rewards, used here to isolate the spe-
cific benefits of causal identifiability.

Structural Causal Model: A mathematical framework used to
represent environment dynamics as functions of states, actions, and
exogenous noise [4, 13, 14].

Bidirectional Conditional Generative Adversarial Net-
work: An architecture used to jointly train an encoder and gen-
erator to infer latent noise and reconstruct next states.

Dueling Double Deep Q-Network -+ Conservative Q-
Learning: The offline RL algorithm combination used to train the
agent on the augmented dataset.

Counterfactual mixing ratio: The fraction of synthetic counter-
factual transitions added to the real dataset during training.

Soft Actor-Critic on MuJoCo: Refers to the use of the Soft
Actor-Critic algorithm for evaluating augmentation on continuous
MuJoCo control tasks.
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Algorithm 1 Policy Learning via Counterfactual-Based Data Augmentation —
Part 1 ([3])

1: Input: Observed triplets (St, A¢, Si41) from the offline dataset, for t =1,...,7T.
2: Estimation of a general policy:

3: 2.1. Estimate the SCM in Eq. [T[] using BiCoGAN.

4: 2.2. Generate counterfactual data for alternative actions according to the esti-
mated SCM; denote the counterfactually augmented dataset by D.

5: 2.3. Perform D3QN learning on D to obtain the learned policy .

Note: This pseudocode corresponds to Part 1 of the CTRL framework in [3],
adapted to our implementation pipeline.

Algorithm 2 BiCoGAN Training Pipeline (Our Implementation)

Require: Dataset D = {(s¢, at, at, 7+, Se+1)}, hyperparameters («, p, ¢, Afwd)-
Ensure: Trained (G, E, D) models.

1: Stage 1: Pretrain Generator G

2: for epoch =1 to Ny, do

3:  for minibatch (s¢,at,at, s¢+1) from D do

4 Predict §¢41 = G(s¢, at,u = 0).
5 Update G via MSE(8¢+41, S¢t41)-
6: end for
7
8

: end for

: Stage 2: Adversarial BiCoGAN Training
9: for epoch =1 to Ngan do
10:  for minibatch (st, at, ¢, s¢+1) do

11: Sample latent u ~ A(0,T).
12: Generate fake 8¢41 = G(s¢, at, u).
13: Discriminator update:

Lp = BCE(D(st, at, st+1), 1) + BCE(D(st, at, 3t+1),0)

14: Gradient step on D.
15: Encoder—Generator update:
16: (§z,&t,'llt) = E(SH_l).
17: =§;+1 = G(st,at,ﬂt).
18: Compute
Lce = Laav + 1 LEFL + Atwd Liwd-
19: Gradient step jointly on G and E.
20:  end for

21: end for
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Algorithm 3 Offline D3QN + CQL Training (Real or Real+CF Data)

Require: Normalized dataset (S, A, R, S’, D), hyperparameters v, acqr, T-
Ensure: Trained Q-network.

1: Initialize Q-network Qg and target network Q,- .

2: for epoch =1 to Nepochs do

3 Shuffle dataset.

4:  for each minibatch (s,a,r,s’,d) do

5 Compute Qo(s,a) and Qo (s, ).

6 Compute Double DQN target:

y=r+7Qy- (s/, arg max Qo(s', a')> 1—d).

7 TD loss:
Lrp = Huber(Qo(s,a),y).
8: CQL penalty:
['CQL = acqQL (10gZeQ9(s,a’) _ QG(S, a)> .
9: Total loss:
L= Lrp + LcqL-
10: Gradient update on Qg.
11: Soft target update:
0 «—T10+(1—7)0".
12:  end for
13:  if epoch mod eval every =0 then
14: Evaluate policy for 50 rollouts in the SD/CTRL evaluation environment.
15:  end if

16: end for
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