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Abstract. Adversarial Inverse Reinforcement Learning (AIRL) ad-
dresses sparse rewards by inferring dense reward functions from expert
demonstrations, but its performance in complex, imperfect-information
settings is underexplored. We evaluate AIRL in Heads-Up Limit Hold’em
(HULHE) poker and observe that it faces challenges producing sufficiently
informative rewards. To address this, we introduce Hybrid-AIRL (H-
AIRL), which improves reward inference and policy learning using a par-
tially supervised loss from expert data and stochastic regularization. Ex-
periments on Gymnasium benchmarks and HULHE poker show that H-
AIRL improves sample efficiency and training stability, highlighting the
value of supervised signals in inverse RL.

1 Introduction

Deep reinforcement learning (RL) has achieved strong results in many domains
[1, 2], yet reward design remains a bottleneck. Sparse or delayed rewards make
it difficult for RL agents to learn effective strategies in complex decision-making
tasks. Poker illustrates these challenges: it is an imperfect-information, stochas-
tic game where feedback is only observed at the end of each hand, causing
standard RL methods to struggle.

Inverse Reinforcement Learning (IRL) offers an alternative by inferring re-
ward functions from expert demonstrations [3]. Maximum-entropy IRL [4] and
adversarial methods such as GAIL [5] and later ATRL [6] model expert behav-
ior through a discriminator-policy game, with AIRL additionally recovering an
explicit reward function.

Despite these capabilities, our experiments show that AIRL faces difficulties
in Heads-Up Limit Hold’em (HULHE) poker, where large state-action spaces
and partial observability hinder reward function inference. To address this, we
propose Hybrid Adversarial Inverse Reinforcement Learning (H-AIRL), which
augments AIRL with supervised expert guidance and stochastic regularization.
Across Gymnasium benchmarks and HULHE poker, H-AIRL improves stability,
sample efficiency, and the fidelity of inferred rewards.
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2 Background

Reinforcement Learning (RL) models control problems through a Markov Deci-
sion Process, defined by the tuple (S, A, P, r,~), where an agent seeks a policy
m(als) that maximizes the expected discounted return [7]. In many domains,
however, specifying the reward function r(s,a) is difficult or impractical.

IRL inverts the RL problem by inferring a reward function f(s,a) that ex-
plains expert trajectories generated by an (approximately) optimal policy [3].
Maximum-entropy IRL models expert behavior by assigning higher probabil-
ity to high-reward trajectories, but computing this distribution is intractable in
large state spaces, motivating adversarial alternatives.

Adversarial IRL methods treat learning from demonstrations as a game be-
tween a policy and a discriminator. While GAIL [5] imitates expert behavior
without recovering a reward, AIRL [6] extends this framework by learning a re-
ward function jointly with the policy through a discriminator that distinguishes
expert from policy-generated state-action pairs. This enables AIRL to recover a
reward signal that explains expert behavior.

3 The Hybrid-AIRL Framework

H-AIRL augments AIRL with supervised alignment and stochastic regulariza-
tion, aiming to stabilize training and improve reward inference while remaining
compatible with the adversarial IRL framework.

3.1 Policy Objective

In AIRL, the policy 74 is optimized using the entropy-regularized loss

LR = — fy(s,a) + log my(als). (1)

which encourages high-reward, high-entropy behavior under the learned reward
fo. H-AIRL extends this by also aligning the policy’s action distribution with
expert demonstrations. Given expert trajectories pg, we define the hybrid loss

LR = (1— ) LAY + o Ls, (2)

where Lg is a supervised loss such as the cross-entropy between 74 (+|s) and the
expert’s empirical action distribution or the mean-squared error for continuous
action vectors. The hyperparameter « € [0, 1] controls the balance between ad-
versarial IRL and direct supervision. This hybrid formulation preserves AIRL’s
reward-learning mechanism while injecting expert-guided supervision that im-
proves stability.

3.2 Discriminator Objective

ATRL trains the discriminator using the binary cross-entropy loss

L:(XIBELL = 7EPE [10g DQ(S, a)] - ]Eﬂ¢ [1Og(1 - D9(57 a))]a (3)
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which encourages the learned reward fy to score expert state-action pairs higher
than policy samples. When ground-truth rewards re,, are available, H-AIRL
adds a supervised regularizer, i.e., L35 = E,, [(fo(S,a) — Tenv (s, a))?], and com-
bines both terms as

Ll = (1= B)LAEL + B LSS, (4)

where 8 € [0,1] controls the contribution of supervised guidance. When no
ground-truth rewards are available, we set 8 = 0.

3.3 Stochastic Regularization

The supervised policy term can make w4 mimic the expert too quickly, reducing
the discriminator’s feedback signal. To avoid this, we add lightweight stochastic
regularization by perturbing each policy action with Gaussian noise: a = a+mn,
where n ~ N(0,0%I) adds noise across each action dimension, and o follows
a decaying schedule along the mini-batch dimension. This introduces a mix of
near-expert and perturbed actions, preventing discriminator overfitting.

Applying this noise to both adversarial and supervised discriminator terms
yields the final H-AIRL discriminator objective

Litiime, = (1= B) L3R sk + 8 L8 SR- (5)
4 Experimental Setup

H-AIRL! follows the standard IRL loop: a discriminator is trained to distinguish
expert and policy samples, and the policy is updated to maximize the inferred re-
ward. After IRL training, the discriminator serves as a learned reward function,
which we use to train a downstream RL agent.

4.1 Benchmarks

We evaluate AIRL and H-AIRL on five Gymnasium environments — Pendulum,
Ant, HalfCheetah, LunarLander, and MountainCar [8]. The first three match
the continuous-control tasks used in the original ATRL paper [6], while the latter
two provide discrete-action settings. Expert demonstrations are generated with
Proximal Policy Optimization (PPO) [9] or Deep Q-Networks (DQN) [1].

We further evaluate on Heads-Up Limit Hold’em (HULHE) poker, a chal-
lenging imperfect-information game with sparse terminal rewards. We use the
IRC Poker dataset?, which contains over one million HULHE state-action pairs.
Because folding reveals no private cards, we cannot learn from folding actions
and must train only on the remaining observable ones (call, raise, check).

Thttps://github.com/silue-dev/hairl
®https://poker.cs.ualberta.ca/irc_poker_database.html
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4.2 Evaluation

We assess both policy performance and reward quality. For Gymnasium tasks,
we report IRL reward learning curves. For HULHE, we compute the state-
wise action alignment, which is the fraction of states where the learned policy
matches the expert. To evaluate reward quality, we train RL agents using only
the IRL-derived reward and measure their environment-reward performance.
Poker rewards are integrated through RLCard’s DQN implementation [10]. All
curves report mean and standard deviation across 10 random seeds.

For poker, we also run 1,000,000 tournaments across 20 seeds, comparing
DQN agents trained with dense IRL rewards to those using standard sparse
payoffs. Performance is measured in milli-big-blinds per hand (mbb/h).

5 Experimental Results

We first examine IRL training. Figure 1 shows the learning curves of AIRL and
H-AIRL on the Gymnasium benchmarks and HULHE poker.
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Fig. 1: Learning curves for AIRL (green) and H-AIRL (red) on Gymnasium bench-
marks and HULHE poker, alongside an expert PPO baseline (blue).

Across these benchmarks, H-AIRL converges more quickly and exhibits re-
duced variance relative to AIRL, indicating more stable and efficient reward
learning.

Next, we evaluate RL agents that use the learned rewards, an important
step for assessing the quality of the inferred reward function. Figure 2 shows the

environment-reward learning curves of agents trained using rewards from AIRL
and H-AIRL.
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Fig. 2: RL training curves of an agent using environment (blue), AIRL-derived (green),
and H-ATRL-derived (red) rewards across benchmarks.

In most tasks, agents trained with H-AIRL rewards reach higher returns or
converge more rapidly than those trained with AIRL rewards, and generally
match or approach performance under the environment reward.

For poker, Table 1 shows results from 1,000,000 tournaments of AIRL-DQN
and H-ATRL-DQN against RLCard’s default DQN agent. AIRL-DQN performs
significantly worse than the baseline DQN, with a large negative payoff, whereas
H-AIRL-DQN achieves a positive payoff and competitive performance. For con-
text, professional poker players consider 50 mbb/h a meaningful margin [11],
underscoring the practical significance of these differences.

Model Payoff (mbb/h) p-value
H-AIRL-DQN  +96 + 14 <1010
AIRL-DQN —693 £ 34 < 10710

Table 1: Performance of AIRL-DQN and H-AIRL-DQN against DQN in HULHE
poker, measured as average payoff and standard error in mbb/h.

6 Discussion

Our experiments show that H-AIRL consistently improves over AIRL in both
policy learning and reward inference. Across the Gymnasium benchmarks, H-
AIRL converges more quickly, exhibits greater training stability, and achieves
stronger alignment with expert behavior compared to AIRL. In HULHE poker,
where sparse rewards and partial observability pose significant challenges, H-
AIRL recovers reward functions that better guide downstream RL agents, as
reflected in improved RL learning curves and substantially higher tournament
payoffs. These results indicate that while AIRL remains a strong and widely
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used foundation, incorporating supervised structure and stochastic regulariza-
tion yields a more stable and informative IRL framework in complex domains.

Our aim in this work is to isolate and evaluate the contribution of H-AIRL’s
hybrid-loss framework relative to the foundational AIRL baseline. A broader
empirical evaluation against recent IRL methods is left to future work in or-
der to better situate H-AIRL within the current landscape. While our results
are encouraging, the study has several limitations. First, our poker data lacks
folding actions, a common limitation in real-world datasets where folded cards
are never revealed. Second, H-AIRL does not recover disentangled rewards that
lead to theoretical guarantees for transfer, and does not explicitly address partial
observability. These points suggest several directions for future work, such as ex-
tending the hybrid framework formulation to produce disentangled rewards, and
studying recurrent or belief-state extensions of H-AIRL for partially observable
domains.
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