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Abstract
Deep self-play reinforcement learning can produce adversarial game agents with superhuman performance,
but the resulting neural policies remain difficult to audit. Interpretable policy distillation replaces such policies
with decision-tree students, yet conventional distillation often optimizes teacher-replay agreement rather than
robustness on the learner-induced tactical frontier, precisely where deployment errors matter most.

We introduce Admissibility-aware Intervention Residual Distillation (AIRD), a composite-policy framework that
separates routine nominal play from sparse tactical exceptions. AIRD uses a human-interpretable nominal decision
tree for routine states and routes selected frontier states to a residual corrective tree through an admissibility-
aware intervention interface, without retraining the nominal tree. In an audited deterministic Connect4 5× 6
instantiation, exact induced-runtime-graph analysis shows a two-ply improvement in the first unsafe horizon
and forced-loss depth over direct deployment of the same VIPER-distilled tree.
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1. Introduction

Deep self-play reinforcement learning has produced high-performing agents in adversarial games [8, 9],
but the resulting neural policies are difficult to inspect. In deterministic two-player perfect-information
settings, this opacity limits auditability because the deployed policy must be understood under all legal
opponent replies. Interpretable policy distillation offers one route: a decision-tree student emulates a
high-performing neural teacher, yielding a policy whose decisions can be traced and analyzed [1, 3, 2].
A common pitfall is that distilled trees struggle on the sparse, high-stakes tactical states encountered
during learner deployment.

Existing distillation methods focus on refining single-policy representations. VIPER, for example,
reweights training states by Q-value to prioritize critical scenarios [3]. Later work broadens this
monolithic route through programmatic policies, differentiable decision-tree optimization, and formal
verification of tree-based policies [4, 5, 6]. Runtime shielding has also been studied as a minimal-
intervention mechanism for correcting unsafe reinforcement-learning actions at execution time [10].
None of these extensions challenges a fundamental assumption: should a single readable policy encode
both routine play and rare, outcome-critical exceptions? The two regimes require different approxima-
tions. Routine states often admit coarse, high-margin partitions, whereas critical states may require
remembering specific danger patterns, forced defensive moves, or value discontinuities. Forcing one
tree to handle both creates a size–fidelity tradeoff: increasing the tree may improve coverage, but it
also makes the policy harder to audit while still leaving rare frontier failures.

We propose Admissibility-aware Intervention Residual Distillation (AIRD), a composite distillation
framework for deterministic adversarial games. A nominal decision tree is distilled from a strong
teacher and used as the primary auditable policy for routine states. Learner-induced rollouts expose
a sparse tactical frontier, where an admissibility-aware selector decides whether the nominal action
should be preserved or delegated to a residual corrective branch. This separation improves auditability
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Figure 1: Overview of AIRD as a minimal-intervention composite policy.

relative to the original neural policy and enables post-hoc runtime model checking of the exported
composite policy. This paper reports preliminary evidence:

• Auditable decision-tree policy packaging. AIRD packages the nominal tree, selector, residual
branch, and deployment-time decision semantics as an inspectable policy object. Although the
resulting object is larger than a hand-written rule list, its decision logic is encoded by decision-tree
components and explicit routing semantics, making it substantially more interpretable than the
original neural policy. We illustrate this in deterministic Connect4 5× 6.

• Exact induced-runtime-graph model checking. We fix the exported policy and expand all
legal opponent replies. This exact analysis reports safe horizons, first unsafe horizons, forced-
loss depth, and opponent-attractor regions. In Connect4 5× 6, AIRD improves the first unsafe
horizon and the minimal forced-loss depth by two ply relative to direct deployment of the same
VIPER-distilled tree.

2. Method overview

AIRD is a minimal-intervention composite-policy pipeline where key steps are described in Figure 1. In
a first stage, a readable nominal tree 𝜋𝑏 is distilled from a teacher, through VIPER-style distillation (Fig
1-Step 1): we assume that the neural player is trained and is able to play and win in adversarial games.
After training, 𝜋𝑏 is frozen and serves as the primary auditable policy for routine states. Later correction
is expressed not by retraining 𝜋𝑏, but by adding an intervention mode (Fig 1-Step 2). Given a state 𝑠, we
first assess if we are in a "routine" context or whether 𝑠 may denote a "sparse tactical frontier". Typically
such states are not well identified by the distilled tree (because of VIPER). Intervention is decided with
respect to a set of admissible policies: {𝜓𝑗}. Each 𝜓𝑗 maps a game state 𝑠, legal-action relation ℒ, and
some action 𝑎 into a binary condition leading to the following definition of the admissibility selector:

𝑚(𝑠) =

{︃
1 (Intervention Path) if

⋀︀
𝑗 𝜓𝑗(𝑠,ℒ(𝑠), 𝜋𝑏(𝑠)) is true

0 (Routine Path) otherwise

Example Consider the following defensive admissibility policy 𝜓 in a sequential game such as
Connect4. Let 𝑇 (𝑠, 𝑎) be the successor state relation for a state 𝑠 and an action 𝑎, and let 𝑊−(𝑠) be
the set of opponent actions executable in 𝑠 and leading to a winning state for player −. For a state 𝑠,
the "blocking actions" admissibility policy 𝜓 is defined as follows (there is a legal action preventing
opponent − from winning but action 𝑎 is not one of them):

𝜓(𝑠,ℒ, 𝑎) =𝑑𝑒𝑓 {𝑎′ ∈ ℒ(𝑠) :𝑊−(𝑇 (𝑠, 𝑎
′)) = ∅} ≠ ∅ and 𝑎 /∈ {𝑎′ ∈ ℒ(𝑠) :𝑊−(𝑇 (𝑠, 𝑎

′)) = ∅}



Such conditions only require a polynomial complexity and can be used in the supervision pipeline
with a low extra-cost; they may use local action masks and one-step successor predicates, rather than
invoking MCTS, minimax search, or full game-graph analysis at every candidate state. Selector and
residual data are obtained offline from learner-induced frontier records, using bounded or exact labels
to identify when the nominal action would be tactically unsafe. The monitor is shield-inspired but not
a synthesized temporal-logic shield: it compensates for abstraction errors of a single tree on specific
tactical positions, such as missed blocks or forced defensive choices.

• If intervention is not triggered, the initial tree proposes an individual base action 𝑎𝑏 = 𝜋𝑏(𝑠).
• If intervention is triggered, a residual corrective tree predicts a frontier-local action 𝑎𝑟, so the

deployed policy outputs either 𝑎𝑏 or 𝑎𝑟 .

2.1. Intervention: switching to a new action

The selector 𝜎 represented on Fig. 1-Step 2 is actually implemented as a classification tree. Given
a state 𝑠 and an action 𝑎, the selector predicts whether the action should be preserved or not, i.e.
𝜎(𝑠, 𝑎) ∈ {0, 1}. In other words 𝜎(𝑠, 𝑎𝑏) = 0 stands for "preserve the nominal action". If 𝜎(𝑠, 𝑎𝑏) = 1,
then a new action should be selected and executed:

1. we first consider a residual policy 𝜋𝑟 encoded as a multiclass CART tree and trained only on
routed/intervention states. 𝜋𝑟 takes as input a state 𝑠 and an action 𝑎. At runtime, 𝜋𝑟(𝑠, 𝑎𝑏)
outputs a distribution of probabilities over corrective actions 𝑎𝑟 .

2. The list of potential actions is filtered out: only legal actions are preserved (as the residual tree
does not consider the legality dimension). This is denoted on Figure 1 by Π𝑎𝑑𝑚 (Admissibility
Projection).

3. Based on the list of actions which are admissible, the most probable one is selected as the Corrective
Action 𝑎̂𝑟 .

The resulting composite policy combining Routine and Sparse cases is 𝜋𝑐𝑜𝑚𝑝. This policy can then be
audited for explaining the behavior of a neural player.

2.2. Game solving

AIRD exports the resulting policies as an aggregated inspectable policy for local audit and later runtime
model checking (Fig. 1-Step 3).

2.2.1. Auditing the composite policy

Auditability here is component-level rather than state-by-state manual inspection. The exported AIRD
object records the nominal decision tree, the selector, the residual corrective tree, and the admissibility
projection used at deployment time. This does not make every reachable state simple to inspect
individually, but it replaces the original neural policy with explicit decision-tree components and
routing semantics that can be reconstructed, queried, and checked separately.

2.2.2. Runtime model checking

In the deterministic two-player perfect-information setting studied here, the exported player policy is
fixed and the analysis expands all legal opponent replies. The resulting finite induced game graph is then
solved adversarially, allowing us to report safe horizons, forced-loss witnesses, and opponent-attractor
regions. Stochastic transitions are outside this experimental setting.



Quantity VIPER tree AIRD policy Note
Loss rate vs random 8.9% 1.3% 1000-game evaluation
Reachable graph states 1,501,998 2,536,945 fixed player, legal opponent moves
Largest safe horizon 8 10 induced-runtime-graph model checking
First unsafe horizon 10 12 induced-runtime-graph model checking
Full min forced-loss depth 10 12 full exact adversarial solving
Opponent-attractor fraction 48.05% 23.46% force-loss region in reachable graph

Table 1
Empirical and formal comparison in the audited Connect4 5× 6 setting. ‘VIPER-tree’ denotes direct deployment
of the AlphaZero-to-VIPER distilled CART player; ‘AIRD policy’ denotes the residual composite player.

3. Experimenting with AIRD in the Connect4 game

We evaluate AIRD on the audited Connect4 5 × 6 instantiation. The teacher is an AlphaZero-style
policy/value network in the alpha-zero-general lineage [8, 9], using a 30-cell board input, four
512-unit hidden layers, and separate policy and value heads. The nominal player is a VIPER-style CART
policy tree [2, 3], distilled with 10 DAgger-style iterations.

In 1000 games against a random opponent, the AIRD player lost 1.3% of games, while the corre-
sponding VIPER-style CART baseline lost 8.9%. Under exact runtime analysis, AIRD induces a larger
reachable graph: 2,536,945 states, compared with 1,501,998 for VIPER-tree deployment. The reachable
graph is the space obtained by fixing the student player policy and expanding all legal opponent replies.

Table 1 summarizes the exact induced-runtime-graph model checking results. Both policies share the
same AlphaZero-to-VIPER distilled tree origin and the same explicit-state adversarial solving route.
The opponent-attractor fraction denotes the fraction of reachable states from which an adversarial
opponent can force a loss. AIRD delays the first unsafe horizon from 10 to 12 ply; AIRD also reduces
the opponent-attractor fraction from 48.05% to 23.46% despite the larger induced set of states. If the
selector misroutes an unseen state, AIRD does not by itself provide a universal correctness guarantee;
its value in this setting is that the composite policy improves over traditional single-tree deployment by
correcting specific tactical failure modes exposed on the learner-induced frontier.

Table 2
Policy-only runtime cost over 1,000 Connect4 5x6 games against a random opponent. Timing excludes AlphaZero,
MCTS, oracle-agreement computation, model loading, queue time, and file transfer.

Policy Losses Loss rate Wall time (s) s/game Policy steps ms/decision

VIPER tree 89 8.9% 3.715 0.00371 6,774 0.548
AIRD policy 13 1.3% 65.191 0.06519 8,935 7.296

4. Conclusion and limitations

AIRD demonstrates that composite distillation with an admissibility-aware intervention interface
yields measurable formal verification improvement over direct tree deployment, without retraining the
nominal policy. The exact induced-runtime-graph model checking used here is not merely a verification
endpoint: it exposes safe horizons and attractor regions as audit signals for the policy object.

Unlike VIPER’s CartPole and fixed-opponent Pong settings, Connect4 5× 6 is adversarial and fully
discrete, with over 1.5 million reachable states under direct tree deployment; its learner-induced frontier
is sparse enough to make composite-policy separation computationally feasible and formally auditable.
However, as stressed by Table 2, there is an extra cost: computational time. Preliminary results show a
total wall-time ratio of approximately 17.5 between AIRD and VIPER. We believe that this ratio can be
improved by using specific techniques (Knowledge compilation, SAT, BDD...) for the implementation of
the admissibility monitor. Such improvement will then allow further progress in model checking and



policy certification.
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