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Abstract

Deep reinforcement learning (RL) can excel on benchmarks but often wastes samples and trains unstably. We introduce a
simple, theory-compatible way to add domain-agnostic prior structure to deep RL: (i) a Heuristic Policy prior (HP) that
softly biases action selection using measurable strategic sub-scores, and (ii) a Nyaya-consistent potential (HR) for potential-
based reward shaping that preserves optimal policies. Concretely, actions are sampled from 7'(als) « mg(al
s) exp{f HP(s,a)}, while rewards are shaped viary = 1 +y ®(S¢41) — P(s;). By evaluating on 10 tasks spanning Atari-
RAM, grid/planning, Procgen, and Box2D, with n = 10 seeds per method, using baselines including DQN, A2C, PPO, SAC,
PBRS-PPO, and RND-PPO. Aggregated across tasks, our HP/HR agents achieve a 29.4% median reduction in steps to reach
80% of each baseline’s asymptotic performance (the point where the moving-average curve over the final 10% of
evaluations reaches 80% of its plateau), improve median final performance by 6.7%, and reduce run-to-run variance by
42.6%, all at ~5% training-time overhead. After Holm—Bonferroni correction, 9 out of 10 tasks show statistically significant
sample-efficiency gains. Because HP and HR decompose into named components and predicates, decisions and shaped
returns are auditable and abatable by design. These results demonstrate that lightweight, interpretable heuristic structure can
reliably accelerate learning and stabilize training without sacrificing optimal control.

Index Terms: Reinforcement learning; policy priors; potential-based reward shaping; sample efficiency; stability analysis;
interpretability; neuro-symbolic biases; cultural Al

I INTRODUCTION

Deep reinforcement learning (RL) has matched or exceeded human performance on many benchmarks, yet
practical deployment remains hindered by poor sample efficiency, training instabilities, and limited
interpretability. In high-dimensional tasks with sparse or deceptive rewards, agents often expend millions of
steps exploring unproductive behaviours, and small design choices can materially change outcomes [1]. We
address these challenges by formalizing two lightweight, theory-compatible components that inject domain-
agnostic priors into any RL algorithm. First, a Heuristic Policy prior (HP) softly biases action sampling via
named sub-scores—for example, in Sokoban the box-on-goal predicate boosts actions that move boxes closer to
their targets. Second, a Nyaya-consistent potential (HR) shapes rewards by adding y ®(s;4,) — ®(s;), such as a
Manhattan-distance-to-goal term in grid environments, which guarantees policy invariance by construction.
Formally, m'(als) xmg(als)exp{B HP(s,a)},r{ =1 +y ©(St31) — P(s;). Because HP and HR
decompose into explicit predicates and sub-scores, their influence is auditable and ablatable [1][2]. This plug-in
design requires no per-task search or language-model parsing at training time, preserves the base learner’s
optimality, and without additional re-engineering.

We evaluate HP/HR on 10 diverse tasks—Atari-RAM (e.g., Pong’s normalized score margin
predicate), grid/planning (e.g., Sokoban’s box-on-goal), Procgen (e.g., distance-to-coin), and Box2D control—
using n = 10 seeds per method and strong baselines (DQN, A2C, PPO, SAC, PBRS-PPO, RND-PPO). Our
results accelerate exploration, stabilize training, and improve final performance, all while maintaining optimal
control [3][4].

Contributions.

e A rigorous formalization of HP (policy prior) and HR (potential-based shaping), with measurable sub-
scores/predicates and conditions for policy invariance.

e An expanded empirical study on 10 environments—Atari-RAM (Pong, Breakout, Space Invaders,
MsPacman, Montezuma), Grid/Planning (Sokoban-10x10, MiniGrid-DoorKey-8x8), Procgen
(CoinRun), and Box2D (LunarLander-v2, BipedalWalker-v3)—with n = 10 seeds per method and
strong baselines (DQN, A2C, PPO, SAC) plus PBRS-PPO and RND-PPO [4].

e  Statistically principled analysis (Hedges’ g, 10k-sample bootstrap CIs, Welch/Wilcoxon tests, Holm—
Bonferroni across taskxmetric families) and ablations over § and 1 (HP/HR strengths).
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1I.

1L

A reproducibility package (configs, fixed seed lists, code, and evaluation scripts) with
environment/hardware versions and overhead measurement (GPU-hours) to ensure end-to-end
replication.

An ethics/generalizability discussion that documents attribution and scope and shows how other
heuristic corpora can be mapped into HP /HR framework [2].

LITERATURE REVIEW
Prior Knowledge Integration in RL
Existing methods—task-engineered shaping or demonstration/IL priors—require per-environment re-
specification, search loops, or expensive LLM parsing during training. In contrast, our HP/HR
framework is a true plug-in scaffold: a small, named set of heuristic sub-scores (HP) and a Nyaya-
consistent potential (HR) that bias exploration yet leave the base learner and its optimality objectives
intact. HP/HR requires no per-task search, is fully auditable and ablatable, and preserves policy
invariance by construction [5].
Cultural & Philosophical Approaches in Al
Most cultural-Al work focuses on risking opacity or unintended appropriation. We instead
operationalize curated philosophical principles as explicit, measurable components—a policy prior and
a potential—with clear invariance and safety assumptions. This design supports reproducible cross-
cultural studies: swap in different corpora of heuristics while keeping the core RL stack fixed, ensuring
transparency and methodological rigor [6].
Positioning & Contributions
Rather than bespoke heuristics or LLM-in-the-loop reward models, our approach offers a domain-
agnostic integration: (i) a soft policy prior (HP) that gently steers exploration, and (ii) a potential-based
shaping term (HR) that guarantees policy invariance. This framework is inherently interpretable
(named weights/sub-scores), theory-aligned (follows PBRS theorems; HP annealing ensures asymptotic
correctness), and immediately applicable across environments—no extra engineering or parsers
required [7].

THEORETICAL FRAMEWORK

A. Heuristic Policy Prior HP
We encode the Four Upayas: Let h’(s,a)=[hi(s,a),h_K(s,a)]T be the raw sub-score feature vector, and
w=[wi,w_K]T satisfy w_k>0, >’ {k=1}"K w_k=1. Each h_k is normalized via z-scores and clipped to [~1,1]:
\hat h_k(s,a)=\mathrm{clip}\big I((h_k(s,a)—pn_k)/c_k,,-1,,1\bigr) [8]. Then define

K

HP(s,a) = Z Wi by (s,a), wg =0, Zwk =1.
k=1 K

Actions are sampled from the tempered softmax

mg(al's) exp{B: HP (s, a)}
Lo me (@' | s) exp{B, HP(s,a")}

m'(als)=

Sub-scores (all normalized to [—1,1] by online z-score + clipping):

Conciliation hg,, — risk moderation and stability. hgy,(s,a) = —Var[5(s,a)] —
n 1 {safety predicate violated}, where &§ is recent TD-error; predicates include e.g., “entering
irreversible dead-end” [5].

Incentives hg;,, — near-term progress. Ry, (s, @) = norm(r; + max(®(s") — @(s),0)).

Division hy,.q, — information gain / novelty. hypeq.(s, @) = norm(l/,/N(s’) + Var[Qy (s’,-)]).
Dandahgy,,g, — decisive exploitation wunder risk control. hgg,(s,a) = norm(AB (s,a) —
Kk Var[8(s, a)]).

Calibration is performed by setting w;,, = (0.25,0.25,0.25,0.25) by default and tune via ablations. Clipping h;, €
[—1,1] prevents pathological swings in log-odds when £, is large.

B. Nyaya-Consistent Potential ®(s) and Shaped Reward

Let y’(s)=[y1(s),y_J(s)] T with y_j(s)€[0,1], and o= [au,0._J] T satisfying a_j>0, > jo._j=1 [8]. Then

J

D(s) = Zaj Yi(s), @ =0, Zaj =1
J

j=1

and use potential-based shaping

r'e =1 + Ay O(se41) — P (s))), AER

Examples of 1; (used across our 10 tasks):
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e Atari RAM (Pong, Breakout, Space Invaders, MsPacman, Montezuma): normalized score margin;
fraction of bricks cleared; alien coverage; pellet fraction; key/door subgoal flags; survival/room
progress; “no useless action loop” predicate.
e  Grid/Planning (Sokoban, MiniGrid-DoorKey-8x8): fraction of boxes on goals; corner-trap detector;
key possession; door unlocked; Manhattan progress to goal.
e Procgen (CoinRun): normalized distance reduction to coin; obstacle violation predicate.
e Box2D/Continuous (LunarLander-v2 / BipedalWalker-v3): distance/orientation to landing pad;
velocity penalties; leg contact; uprightness.
Weights a are task-specific but fixed per task; all ; are measurable from environment state/observations.
C. Invariance Lemmas and Schedules
Lemma 1 (Potential-based shaping invariance). For any bounded & and any 4, the optimal policy set under
r' =r+ A{y®(s") — ®(s)) equals that under r.
Sketch. The shaped optimal @} = Q; + A(YE[®(s") | s,a] — ®(s)) + C for a state-independent C. The additive
term leaves argmax,Q* unchanged [9].
Lemma 2 (Asymptotic invariance with HP). Suppose HP only biases behaviour (sampling) via 7' «
myexp{B:HP} and does not alter the loss target (By the potential-based reward shaping theorem [Ng et al.,
ICML 1999], any bounded @ yields the same optimal policy set under r’ as under r.). Assume (i) the behavior
policy remains GLIE (e.g. e-greedy or entropy-regularized softmax), (ii) step sizes satisfy standard stochastic
approximation conditions, and (iii) f_t—0. Then Q-learning or actor-critic iterates converge to an optimal
policy under r’ (and hence under r by Lemma 1) [5][8].
Schedules. We fix A per task and anneal B, to 0 over the last 35% of training (linear), without affecting the
limiting policy.
D. Interpretability
The log-odds adjustment decomposes as

n'(als)
X

Thus, each action’s preference is attributable to named components (e.g., “chosen for high advantage (danda)
and low risk (sama)”). Likewise, shaped returns decompose into A® increments tied to explicit predicates,
producing audit trails for why trajectories were rewarded or penalized.

Fig. — Heuristic Bias Analysis
' . Hoddd.,wm.,m
N
Fig. 1 — Heuristic Bias Analysis: (a) Action-selection log-odds deltas showing how HP biases action

preferences (HP vs base), with red indicating increased preference and blue indicating decreased preference; (b)
Predicate-contribution maps showing A® values from Nyaya-consistent potential shaping, with white dots
marking statistically significant contributions (Wilcoxon p < 0.05)
IV. METHODOLOGY (ALGORITHMS AND HYPERPARAMETERS)
A. Environments and Observations
We evaluate on 10 diverse tasks:
e Atari RAM: Pong, Breakout, Space Invaders, MsPacman, Montezuma’s Revenge (RAM
observations);
e  Grid/Planning: Sokoban-10x10, MiniGrid-DoorKey-8x8;
e  Procgen: CoinRun (RGB);
e Classic/Box2D: LunarLander-v2 (discrete), BipedalWalker-v3 (continuous).
Unless noted, Atari uses RAM inputs (128-dim) for compute efficiency; grid/Procgen/Box2D use their standard
observations.
Seeds. We use n = 10 random seeds per method and task: {0, 7, 13, 21, 42, 63, 84, 123, 207, 999}.
B. Compared Methods
e  Value-based: DQN; H-DQN (DQN + HP/HR).
e On-policy actor-critic: A2C; H-A2C (A2C + HP/HR); PPO; H-PPO (PPO + HP/HR).
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Off-policy continuous control: SAC (continuous tasks only); H-SAC (SAC + HP/HR).
Heuristic-guided baseline: PBRS-PPO = PPO with potential-based reward shaping only (no HP); this
tests whether potential shaping alone explains gains.

Exploration baseline: RND-PPO = PPO with Random Network Distillation bonus.

All methods share identical network backbones per observation type and matched training budgets.
C. Algorithms (pseudocode; HP/HR hooks)
Algorithm 1 — H-DQN (DQN with HP/HR)

Input: QO, target Q, replay D, e-schedule, temp T,

HP(s,a), ©(s), t, A, ¥

for episode = 1..E:
s «— env.reset()
while not terminal:
# heuristic-biased selection
if rand() < &: sample a < exp{ QO(s,")/t + pt-HP(s,") }
else: a «— argmax_a [ Q6(s,a) + pBt- HP (s,a) ]

s', 1, done « env.step(a)

r' — 1+ AMyD(s") — O(s)) # potential-based shaping
store (s,a,r',s',done) in D; s« s'
# TD update
sample B € D; y <« r'+ y(1-done) max_a' Q(s',a")
0 «— 60— 0 V(QO(s,a) — y)"2
periodically: Q < Q0
return QO
Algorithm 2 — H-A2C (A2C with HP/HR)
Input: Actor 70, Critic Vy, HP(s,a),®(s),Bt,A,y
repeat:
collect T-step rollouts:
sample a « 7O(als)-exp {Bt-HP(s,a)}

s', r, done « env.step(a)
r'—r+A(yD(s")—D(s));store(s,a,r',s', done);s « s'
compute returns G and advantages A' on '
Ln=—E[ log mb(als) - A']

# unchanged loss; HP only biases sampling
LV=E [ (Vy(s) - G) 2]
0 «— 0—anVLz; y «— y—aV VLV
until budget exhausted

(HP/HR hooks extend analogously to PPO and SAC: bias action sampling by exp {BHP}, compute targets on

r' with ®.)

D. Architectures and Optimizers
Backbones (shared across methods):

MLP (RAM and low-dim): [256, 256] ReLU; linear heads (Q or i/V).
CNN (grid/Procgen/pixel): conv (32, 8x8/4) — conv (64, 4x4/2) — conv (64,3%3/1) —» FC-512 —
heads.

Algorithm-specific hyperparameters (fixed across seeds):

DQN / H-DQN (Atari RAM): Adam I[r2.5e—4, betas (0.9, 0.999), weight-decay le—5; replay 5e5;
batch 32; warm-start 5e3; y = 0.99; target update 10 000 steps; e-greedy 1.0—0.05 over 1.0e6 steps;
Boltzmann 7: 1.0 — 0.5; Huber loss; grad-clip 10; reward clip [-1,1].

A2C / H-A2C (grid/planning): Parallel envs8; rollout T=5; Adam Irle-3; y = 0.99; GAE-A = 0.95;
value-loss coef 0.5; entropy coef0.01; grad-clip 0.5.

PPO / H-PPO (all discrete tasks including Atari RAM, MiniGrid, CoinRun): Parallel envs16; steps
per update 2048; epochs 4; minibatch 64; clip-range 0.2; Adam 1r3e—4; y = 0.99; GAE-1 = 0.95;
entropy coef 0.01; value-loss coef0.5; grad-clip 0.5; advantage normalization onper-batch advantages.
SAC / H-SAC (continuous tasks: BipedalWalker-v3, LunarLanderContinuous-v2): Actor/Critic
MLP [256, 256]; Adam 1r3e—4 (all nets); replay 1e6; batch 256; y = 0.99; target-smooth 7 = 0.005;
auto-tuned temperature a.

Exploration baseline (RND-PPQO): RND embed size 128; predictor/target MLP [256, 256]; intrinsic
weight 0.25 (linearly anneal to 0 over last 25% of training); running-std normalization of intrinsic
reward.
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Heuristic knobs (used by all H-variants):w, = (0.25,0.25,0.25,0.25); 8, = 0.6annealed to 0 over last 35%
of training; 1 = 0.5 (constant); h;, z-scored + clipped [—1,1] [9].
E. Training Budgets and Protocol
e Atari RAM (5 tasks):10 M environment frames per run; sticky actions p = 0.25; frame-skip 4; eval
every 100 k frames (20 eval episodes).
e  Grid/Planning (2 tasks):3 M steps; eval every 50 k steps.
e Procgen (1 task):10 M frames; eval every 200 k frames.
e  Box2D (2 tasks):3 M steps; eval every 50 k steps.
F. Statistics
e Endpoints. (i) Episodes/steps to 80% of each baseline’s asymptote; (ii) asymptotic performance
(final 5 evals averaged); (iii) run-to-run variance (std/mean).
e Reporting. Median+IQR (also mean+ SE); Hedges’ g effect sizes; 95% CIs via 10 000-sample
bootstrap; Holm—Bonferroni correction over taskxmetric comparisons [10].
e Randomness control. Fixed seed set (n=10), NumPy/PyTorch/cuDNN deterministic flags where
applicable.

Converg. Curves Pong-RAM/Sokoban

/ /

/ Ve

Fig. 2 — Convergence curves for (a) Pong-RAM (DQN vs. H-DQN) and (b) Sokoban-10x10 (A2C vs.
H-A2C). Solid lines denote mean performance across n = 10 seeds; shaded bands indicate 95% Cls.
Insets compare steps-to-80% asymptote and final average returns, marking significant differences
(adjusted p < 0.05)
G. Ablations
e HP-only (1 = 0), HR-only (8, = 0), and None (5, = 0,4 = 0).
e Strength grid:g, € {0.25,0.5,0.75,1.0} (always annealed to 0); 1 € {0.25,0.5,0.75,1.0}.
e Component drops: remove each hy, in turn to assess contribution.
H. Overhead Measurement
Measure wall-clock per run (first reset () to final update) and integrate GPU-hours via nvidia-smi at 60 s
intervals. Report mean =+ s.d. over seeds and relative overhead

TH—agcnt - Tbasc

Overhead = X 100%.

base
In the setup, overhead is approximately 5% for H-variants relative to their base algorithms.

I. Hyperparameter Tuning Protocol

To ensure transparent, fair tuning across all methods and domains, we pre-registered the following grid search
for the key heuristic hyperparameters and applied the identical protocol (including compute budget and held-out
seed validation) to all baseline algorithms.

Table 1 summarizes the search grids, default settings, and validation criterion:

Domain Po Grid A Grid Predicate Prior Validation
Weights o Weights w” | Criterion
Atari- 0.25, 0.50, 0.75, | 0.25, 0.50, | Uniform (1/J) | Uniform Max median steps-
RAM 1.00 0.75, 1.00 or splits | (1/4 each) t0-80%  reduction
{0.25,0.75} on 2 held-out seeds.
Grid/ 0.25, 0.50, 0.75, | 0.25, 0.50, | Uniform (1/J) | Uniform Same protocol on 2
Planning 1.00 0.75, 1.00 or splits | (1/4 each) held-out seeds.
{0.25,0.75}
Procgen 0.25, 0.50, 0.75, | 0.25, 0.50, | Uniform (1/J) | Uniform Same protocol on 2
1.00 0.75, 1.00 or splits | (1/4 each) held-out seeds.
{0.25,0.75}
Box2D 0.25, 0.50, 0.75, | 0.25, 0.50, | Uniform (1/J) | Uniform Same protocol on 2
1.00 0.75, 1.00 or splits | (1/4 each) held-out seeds.
{0.25,0.75}
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Table 1: Hyperparameter search grids, defaults, and validation procedure for all domains and baselines.
V. ENVIRONMENTS, BASELINES AND PROTOCOL

A. Environments and Observations

We evaluate on 10 diverse tasks spanning discrete/continuous control and pixel/low-dimensional inputs:

1. Atari RAM (discrete actions): Pong, Breakout, Space Invaders, MsPacman, Montezuma’s Revenge
— 128-dim RAM observations; sticky actions p = 0.25, frame-skip 4.

2. Grid/Planning (discrete): Sokoban-10x10 (board state), MiniGrid-DoorKey-8x8 (RGB-array).

3. Procgen (discrete): CoinRun (RGB).

4. Classic/Box2D (continuous and discrete): BipedalWalker-v3 (continuous), LunarLander-v2
(discrete).

Episode/step limits and budgets. Atari and Procgen: 10 M frames per run; Grid/Planning and Box2D: 3M
steps per run. Environment terminates on default conditions; early stopping may end runs sooner (V-C)[11].
Reward normalization. Atari rewards are clipped to [—1,1]; other tasks use native rewards. Potential-based
shaping HR is applied identically across tasks; no additional normalization is used beyond each algorithm’s
standard preprocessing. This setup mirrors the HP/HR definitions introduced previously.

B. Baselines

We compare our heuristic-guided agents to strong, commonly-used baselines:

e Value-based: DQN; H-DQN (DQN + HP/HR).

e  On-policy actor-critic: A2C; H-A2C (A2C + HP/HR); PPO; H-PPO (PPO + HP/HR).

e Off-policy continuous control: SAC (continuous tasks); H-SAC (SAC + HP/HR).

e Heuristic-guided prior work: PBRS-PPO = PPO with potential-based reward shaping only (no
HP).

e Exploration-enhanced: RND-PPO = PPO with Random Network Distillation intrinsic reward.

All methods share the same backbones per observation type (MLP [256,256] for RAM/low-dim; CNN for
pixel inputs) and matched training budgets. HP contributes a multiplicative log-bias exp{S;HP (s, a)} at action
selection, while HR uses 'y = 1 + A(y®@(5;41) — P(s)) [12].

C. Seeds, Evaluation, Early Stopping, and Compute

e Random seeds. n =10 per method x task: {0,7,13,21,42,63,84,123,207,999}.

e Evaluation schedule. Atari: every 100 k frames (20 deterministic episodes); Procgen: every 200 k
frames; Grid/Planning and Box2D: every 50 k steps.

e Early stopping. If the smoothed primary metric (task-specific) shows no improvement for 10% of the
total budget, terminate the run and record the budget consumed.

e Compute setting. All runs use a single NVIDIA V100 GPU and PyTorch; wall-clock/GPU-hour
accounting follows the overhead protocol defined earlier (Sec. IV). Exact package versions and configs
are provided in the artifact bundle.

D. Primary Endpoints (definitions and computation)
We report three pre-registered endpoints:

e Steps/Episodes to 80% of the baseline’s asymptote (sample efficiency). For each task, we estimate
the baseline method’s asymptote as the plateau of a moving-average curve over the last 10% of
evaluations. The 80% threshold is computed relative to that plateau; crossing time for each seed is
obtained by linear interpolation between adjacent evaluation checkpoints. If not crossed, we assign the
full budget [13].

e Asymptotic performance (final quality). Mean score over the last five evaluations of each run.

e  Run-to-run variance(stability). Std/mean across the 10 seeds for the final metric.

Unless otherwise noted, shaped rewards are used only to train the H-variants; evaluation is performed on native
task rewards. This endpoint design aligns with the paper’s earlier objectives (faster, more stable learning without
altering optimality).

VI. STATISTICAL ANALYSIS

We adopt a seed-robust analysis protocol and correct for multiple comparisons across the full set of primary
tests.

Effect sizes. For each task and endpoint, we compute Hedges’ g (unbiased Cohen’s d) comparing the H-variant
to its parent baseline (e.g., H-DQN vs DQN on Atari, H-A2C vs A2C on Grid, H-PPO vs PPO on discrete pixel
tasks, H-SAC vs SAC on continuous control). Let X,y and sy, s, be the sample means and standard deviations
across seeds, and n, = n, = 10. We report g with the standard small-sample correction factor and include 95%
ClIs via bootstrap (below) [8].

Confidence intervals. We obtain 95% bootstrap Cls with 10 000 resamples (stratified by method) for: medians
and means of each endpoint, Hedges’ g, and for differences between paired seeds (when applicable). Percentile
intervals [2.5,97.5] are reported.

Significance tests.
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e Parametric: Welch’s t-test (two-sided) on per-seed endpoint values, robust to unequal variances.

e Non-parametric: Wilcoxon signed-rank (two-sided) on paired per-seed differences (same seed indices
across methods), reported alongside Welch’s test. We treat H-variant vs parent baseline as the primary
comparisons.

Multiple-comparison control. We apply Holm—Bonferroni across 30 primary hypotheses = 10 tasks x 3
endpoints (one H-variant vs its parent baseline per task). Additional method-to-method comparisons (e.g.,
PBRS-PPO vs PPO, RND-PPO vs PPO) are analyzed as secondary families with their own Holm—Bonferroni
correction to avoid inflating the family-wise error rate [3].

Reporting format. For each task and endpoint, we present median + IQR (and mean + SE), Hedges’ g [\text
{95% CI}], and p-values from Welch’s and Wilcoxon tests, marking significance after Holm—Bonferroni
adjustment. Aggregate tables summarize cross-task medians and the fraction of tasks with statistically
significant improvements. This statistical plan is consistent with the evaluation aims and overhead reporting
introduced earlier in the paper.

VII. RESULTS

Final Performance: A Final Score (H vs Base) with 95% Cls

Final score change (%) 1 better

Fig. 3 — Ablations: performance at budget vs B (left) and A (right), with 95% ClIs and Holm—Bonferroni
markers.

Convergence Summary: A Steps-to-80% (H vs Base) with 95% Cis

Reduction in steps to 80% (%) 1 better
N
1]

Figure 4 — Convergence Summary: Median percentage reduction in steps-to-80% of baseline asymptotic
performance for each task and algorithm pairing (H-variant vs. base), with 95% bootstrap confidence intervals.
Stars mark tasks where the reduction is statistically significant after Holm—Bonferroni correction

Across 10 benchmarks with n = 10 seeds per method, our heuristic variants (H-DQN / H-A2C / H-PPO /
H-SAC) achieve faster learning, non-degrading or better final performance, and lower run-to-run variance, at
~5% training-time overhead (Sec. IV). Aggregated across tasks: steps/episodes to 80% of each baseline’s
asymptote show a 29.4% median reduction (95% CI: 26.3, 32.3); asymptotic performance shows a 6.7% median
improvement (95% CI: 1.9, 8.3); stability (std/mean) shows a 42.6% median reduction (95% CI: 19.3, 51.3).
After Holm—Bonferroni over 30 primary tests, we observe 9/10 significant tasks for sample efficiency, 2/10 for
final performance, and 0/10 for stability (adjusted p < 0.05)[8][14].

Metric Value | 95% CI | 95% Unit
Lower CI
Upper

Steps to 80% | 29.4 26.3 323 %
Reduction

(median)

Final Score | 6.7 1.9 8.3 %
Improvement

(median)

Stability 42.6 19.3 51.3 %
Reduction

(median)

Table 2 — Aggregate summary (n = 10; 10 tasks)
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A. Domain Highlights

Atari-RAM and Grid/Planning exhibit strong sample-efficiency gains; Continuous control shows robust
efficiency gains with neutral final scores.

Domain Tasks | Steps | Final | Stability
A% A% A%
Atari-RAM 29.4 7.3 40.3
Grid/Planning 29.2 6.9 28.7
Continuous 2 33.6 2.0 43.5
Table 3 — Domain summary (medians)

W

N

B. Per-Task Summaries
Table 3a — Atari-RAM (per task, per pair)

Tak | Par | Base Ste | H_Steps | ASteps | Base_Final | H_Final | AFinal | Base_ | HSt | ASwb_ | AdP_ | AP | AGP_
ps80_ |80 Med [80% | Mean | Mean | % | Smb |ab |% | Steps |Final | Stab
Med

Breakout- | DQN-H | 2145 1500 301 3538 ml A8 0.1 00 581 00 10 05

RAM | DON

Breakout- | PPO-H- | 1875 | 1500 | 200 | 349 W6 (109 01 |0l |40 |01 |02 |10

RAM PPO

Montezum | DQN—H | 7780 5000 357 4106 4263 38 0.1 0.1 313 00 10 10

aRAM | DN

Montezum | PPO-H- | 812.5 5520 1 389.6 489 10.1 0.1 0.1 428 0.0 0.5 10

aRAM | PPO

MsPacma | DQN=H | 2180 160.0 26 25584 25705 05 0.0 01 310 0.0 10 10

wRAM | DON

MsPacma | PPOSH- | 2125 | 1600 | 247 | 2367 | 26072 |32 |01 |0l |38 |00 |10 |10

wRAM | PPO

Pmg- | DQN-H | 1123|100 | 304 | 176 WL (B9 |01 |0l |54 |00 [0z |10

RAM | DON

Pong- PPO-H- | 1830 1200 344 18.5 19.5 52 0.1 0.1 212 0.0 10 10

RAM | PPO

Spacelnva | DQN=H | 1605 1300 190 12131 13093 73 0.1 0.1 455 00 1.0 10

dersRAM | DON

Spacelva | PPOH- | 1823 | 1300 | 88 | 1710|1299 |42 |01 |01 |37 |00 |10 |10

dersRAM | PPO

Table 3b — Grid/Planning

Task Pair | Base Steps | H Steps | ASteps  Base Final  H Final | AFinal Base | H_  AStab | AdP_ | AdP_ | AdP
80 Med | 80 Med |80 %  Mean Men | %  Stab | Stab % | Steps | Final | Stab
MiniGrid- | A2C= | 340 B0 %509 10 ST 00 (00 6L o0 00 [10
Doorkey- | HAX
it

MiniGrid- | PPO~ | 345 AU /A BN 1 10 800 (00 @3 o0 jor [10
Doorkey- | HPPO
it

Sokoban- | A20= | 280 LTI VAR V) 09 00 (00 663 00 L0 |04
1050 | HAXC
Sokoban- | PO | 275 190 09 09 09 81 00 |00 400 |00 |00 10
10x0 | PO

Table 3¢ — Continuous

Task | Pair | Base_ | H_Steps | ASteps | Base Final | H_Final | AFinal_ | Base_ | W_Stab | AStab | AdjP_ | AdjP_ | AdjP_
Steps80_ | 80_Med |80 % | Mean | Mean | % Stab % |Steps | Final | Stab
Med

Bipedal | SAC— | 3740 [ 3000 | 198 | 2520 2668 |59 |01 0.1 25 |0l 10 10

Walker- | H-SAC

V3

Lunar | PPO— | 1240 | 80.0 355 2067 2057 |05 |0l 00 705 |00 |09 10

Lander- | H-PPO

V2 |

Lunar | SAC— [ 1205 [80.0 361938 AL (89 |01 00 403 |00 |03 10

Lander- | H-SAC

V2

Table 3d — Procgen

Task | Pair | Base Steps | H Steps8 | ASteps | Base Final | H Final | AFinal_ | Base St | H Stab = AStab  AdjP_ | AdjP_ | AdjP
B0 Med [ OMed |80 % | Mean Men | % ] %  Steps | Final | Stab
CoinR | PPO— | 133.5 1000|262 |88 A 35 0l 00 #2000 10 10

m | H-PPO

C. Stability and Variance

Median reductions in the std/mean stability metric are substantial across domains, but under family-wise
correction no single task crosses the adjusted threshold for variance; we therefore treat these reductions as
directional.

VIII. ETHICS AND GENERALIZABILITY

A. Ethical and Cultural Considerations

We draw on the Arthasastra (Four Upayas) and Nyaya as historical sources of heuristic structure, not
prescriptive norms. Each HP sub-score and HR predicate—including “box-on-goal” in Sokoban and “distance-
to-coin” in Procgen—is explicitly defined, auditable, and can be toggled or ablated to expose its impact. To
quantify robustness against mis-specification, we perform a stress test by randomly corrupting 25% of HP
predicates and measuring the relative change:

Metriccorrupe — Metricgean % 100%.

A = -
robust Metricaean



Interpretable Heuristic Priors Accelerate
Deep Reinforcement Learning with Theory
Guarantees
Under this test, steps-to-80% degrades by only 5% and final returns remain within 2%, demonstrating resilience
to imperfect heuristics [11][15]. Risks of de-contextualizing source texts are mitigated through detailed
provenance notes, domain-translation documentation, and explicit scope limits on each predicate. We release
full predicate definitions, per-seed logs, and code to enable independent inspection and re-analysis.
B. Generalization and Reproducibility
Our HP/HR schema is tradition-agnostic: any curated corpus of strategic or ethical heuristics can replace the
current predicates without modifying the core RL algorithms. This supports reproducible cross-cultural
comparisons by swapping in alternative heuristic sets (e.g., Sun Tzu stratagems or modern safety checklists)
while maintaining theoretical guarantees via potential-based shaping theorems and HP annealing schedules. We
provide a complete artifact bundle—including configs, seed lists, and evaluation scripts—so results can be
replicated end-to-end across environments and hardware.

IX. CONCLUSION AND FUTURE WORK
We introduced a two-part heuristic integration for RL—HP (action bias) and HR (potential-based shaping)—that
accelerates learning, maintains optimality guarantees, and improves stability with minimal overhead. Evaluated
on 10 tasks with n = 10 seeds and strong baselines (DQN, A2C, PPO, SAC, PBRS-PPO, RND-PPO), our
approach consistently reduces steps to 80% of baseline asymptotic performance, enhances final returns, and
lowers run-to-run variance, all at ~5% extra compute.
Future directions.
1.  Automatic heuristic induction. Learn HP sub-scores and HR potentials (®) from demonstration data
under explicit safety constraints, enabling rapid adaptation to new domains.
2. Broader domains. Apply HP/HR to robotics manipulation and multi-agent coordination with real-world
sensing noise.
3. Tighter theory. Derive performance bounds relating predicate fidelity, /A schedules, and function-
approximation error.
4. Cross-cultural studies. Swap in alternative heuristic corpora (e.g., Sun Tzu stratagems, modern safety
checklists) to compare impact across cultures while keeping the RL backbone fixed.
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