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Abstract. The decisions of variational quantum reinforcement learning
agents remain largely opaque, limiting trust in safety-critical deploy-
ments. We present the first application of SHapley Additive exPlana-
tions (SHAP) to a Variational Quantum Policy Gradient (VQPG) agent
trained on CartPole-v1. Our 4-qubit hybrid quantum-classical policy uses
only 46 trainable parameters and achieves a mean evaluation score of
496.4 £+ 8.1 over ten independent seeds (maximum 500.0), compared to
249.7 + 38.6 for a standard Deep Q-Network (DQN) with 9220 param-
eters and 412.3 £ 67.9 for a parameter-matched Tiny-MLP (30 parame-
ters, identical training budget). SHAP analysis identifies Pole Angular
Velocity as the dominant decision feature (mean |¢| = 0.2859, approxi-
mately 7x the next feature), consistent with classical control theory for
inverted pendulum stabilisation. This attribution is stable across five in-
dependently sampled background sets (coefficient of variation 3.1%), con-
firming the reliability of the explanation. We emphasise that all results
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are obtained under noiseless simulation; no claim of quantum advantage
in the complexity-theoretic sense is made. The complete experimental
package is deposited on Zenodo [I] under CC-BY 4.0.

Keywords: Variational Quantum Policy Gradient - Quantum Rein-
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1 Introduction

Variational hybrid quantum-classical algorithms have gained traction in the
NISQ era [2] as a route toward quantum-assisted machine learning. Reinforce-
ment learning (RL) [3] is a natural candidate: sequential decision-making tasks
with compact state spaces suit shallow parameterised circuits, and the REIN-
FORCE policy gradient [12] is compatible with analytical quantum gradients via
the parameter-shift rule [17].

Two open challenges limit practical deployment. First, parameter efficiency:
even simple control tasks expose classical agents such as Deep Q-Networks
(DQN) [] to thousands of parameters, raising the question of whether compact
quantum circuits can achieve competitive performance. Second, interpretability:
the internal reasoning of both neural networks and variational circuits is opaque,
which is problematic in safety-critical settings [516].

This paper addresses both simultaneously by integrating SHAP feature at-
tribution [7] with a VQPG agent. To our knowledge, this is the first application
of SHAP to explain a variational quantum RL policy.

Scope. All experiments use PennyLane’s noiseless default.qubit simulator. We
do not claim quantum advantage in the complexity-theoretic sense; our contri-
bution is to the interpretability and parameter efficiency of quantum RL agents
under simulation, which motivates future hardware validation.

Contributions.

(i) Quantum RL interpretability via SHAP: The first application of
SHAP to a VQPG policy, revealing that Pole Angular Velocity dominates
agent decisions (mean |¢| = 0.2859), matching classical control theory.

(ii) Parameter-efficient agent: 46-parameter 4-qubit VQC achieves mean
CartPole-v1 score 496.4 + 8.1 (10 seeds) using 200x fewer parameters than
DQN, and outperforms a parameter-matched Tiny-MLP (30 parameters,
identical budget).

(iii) SHAP stability analysis: Attribution is consistent across five background
sets (CV 3.1%), establishing robustness of the explanation.

(iv) Qubit scaling study: 4 qubits identified as optimal for CartPole; perfor-
mance degrades beyond 6 qubits due to barren plateau effects at a 200-
episode budget.
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Explainable Variational Quantum Policy Gradient (VQPG)
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Fig. 1. Graphical abstract. Panel 1: CartPole-v1 environment with state s = (0, é, x, )
and binary actions. Panel 2: 4-qubit VQC policy (3 StronglyEntanglingLayers, 46
parameters). Panel 3: SHAP bar chart showing Pole Angular Velocity dominance and
the key result: mean score 496.4 + 8.1 with 46 parameters over 10 seeds.

(v) Reproducibility: Complete package (notebook, checkpoints, SHAP arrays,
multi-seed data) on Zenodo [I] under CC-BY 4.0.

This work is motivated by prior work on multi-robot formation control [I1],
where parameter-efficient and interpretable decision policies are critical for em-
bedded deployment. Figure [I| summarises the complete approach.

2 Background and Related Work

2.1 Reinforcement Learning and Policy Gradients

An RL agent interacts with an environment by observing states, selecting ac-
tions, and receiving scalar rewards, with the objective of maximising cumulative
discounted return Gy = Y ;<714 [3]. Policy gradient methods optimise a
parameterised stochastic policy mg(als) by ascending the gradient of expected
return. The REINFORCE estimator [12]:

VoJ(0) =E. ZV@ log 7o (at|s:) Gt (1)
¢

provides an unbiased but high-variance gradient estimate, which self-
normalisation of returns (Eq. @) helps reduce. DQN [4] instead learns a value
function through experience replay, typically requiring thousands to hundreds of
thousands of parameters for reliable convergence.
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Policy Gradient Theorem [3]. For a differentiable policy mp(als):
Vo J(0) = Egdro, ammy [Vo log mg(als) - Q™ (s, a)] (2)

where d™ is the discounted state-visitation distribution. REINFORCE approxi-
mates Q™ (s, a;) with Monte Carlo returns, enabling training without a learned
value function.

2.2 Variational Quantum Circuits

Variational Quantum Circuits (VQCs) are parameterised quantum circuits
whose gate angles 0 are trained classically. Benedetti et al. [T4] established
VQCs as universal function approximators; Cerezo et al. [15] survey the broader
variational landscape. Classical data is encoded via angle embedding; trainable
StronglyEntanglingLayers [I7] provide expressibility through parameterised
single-qubit rotations and CNOT entanglement. Gradients are computed exactly
via the parameter-shift rule [I7/16]:

of _flli+3)—f6:i—3)
3791,— 2 5 2 (3)

requiring two circuit evaluations per parameter. Barren plateaus [20]—
exponential gradient vanishing with circuit width—explain the non-monotonic
qubit scaling we observe beyond 4 qubits (Sec. [5.4).

2.3 Quantum Reinforcement Learning

Lockwood and Si [24] demonstrated early VQC-based RL on CartPole and
FrozenLake. Jerbi et al. [5] established theoretical foundations for quantum
policy gradient convergence. Skolik et al. [6] benchmarked quantum agents
on Gym environments and found competitive—but not consistently superior—
performance relative to classical agents, a finding consistent with our results.

Distinction. Existing quantum RL studies report task-level performance without
addressing why the agent makes specific decisions. We close this gap via SHAP
attribution, providing the first interpretability analysis of a quantum RL policy.

2.4 SHAP Feature Attribution

SHAP [7] assigns each feature i a Shapley value ¢; grounded in cooperative

game theory:

1S (IF] = IS = 1)!
| 7!

Gi(f.x)= >

SCF\{i}

[f(xsupiy) — f(xs)] (4)

The Shapley axioms (efficiency, symmetry, dummy, additivity) uniquely deter-
mine ¢;, making it the theoretically principled attribution method among all



Explainable VQPG with SHAP on CartPole 37

additive explainers [7]. Applied to the quantum policy mg(a = 1|s), ¢; quantifies
how much state dimension s; shifts the push-right probability above or below
the mean.

More broadly, explainability is increasingly considered alongside privacy, per-
sonalisation, accessibility, and human-centred deployment in responsible Al
Mahmud and collaborators have explored explainable and privacy-preserving
personalised AI [8], privacy-preserving multi-agent systems for human-centred
inclusive healthcare [9], and explainable multimodal digital-human modelling for
accessibility and inclusion [I0]. These perspectives reinforce the importance of
interpretable decision-making mechanisms when intelligent agents are considered
for safety-critical or human-facing environments.

3 Method

3.1 CartPole-vl

CartPole-vl [27] from Gymnasium provides a 4-dimensional continuous state
s = (cart position, cart velocity, pole angle, pole angular velocity), two discrete
actions (push left or right), and reward +1 per timestep. Episodes terminate
when the pole exceeds 12° or the cart exceeds +2.4 units; the maximum episode
reward is 500.

3.2 Variational Quantum Policy Architecture

Our hybrid policy encodes the 4-dimensional state into a 4-qubit circuit and
extracts action probabilities via a classical linear head (Fig. :

7o(als) = Softmax (W (Z)y(8)) (5)

where § = tanh(s) - 7 normalises to [—m, 7] for angle embedding. The cir-
cuit consists of: (1) Angle embedding: R,(5;) on each qubit; (2) Three
StronglyEntanglinglLayers: parameterised R,, RR,, I, rotations plus CNOT
ring, providing high expressibility [I7]; (3) Measurement: Pauli-Z expectation
values as the quantum feature vector.

Total trainable parameters: 3 x 4 x 3 = 36 (quantum) + 4 x 2+ 2 = 10
(classical head) = 46.

3.3 REINFORCE Training

The agent collects a trajectory T = (sg, ag, 7o, - - ., S7) per episode and computes
self-normalised discounted returns:

T k—t
—tV Tk — MG
Gt:Zk t k I (6)
ogte
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Fig. 2. Hybrid quantum-classical policy. (1) CartPole state s € R*. (2) tanh(s) - 7
normalisation. (3) 4-qubit VQC (AngleEmbedding + 3 StronglyEntanglingLayers, 36
quantum parameters). (4) Classical linear head (W € R®** + bias, 10 parameters).
(5) Softmax — action probabilities. Total: 46 parameters.

with pg, 0g the mean and standard deviation within the episode. The policy
loss is:

T
L(0) == logmg(arls;) Gy (7)
t=0

Gradients are computed by the parameter-shift rule (Eq. ): exactly 92 circuit
evaluations per gradient step (2 per parameter, |#] = 46). Weights are updated
via Adam with separate learning rates for the quantum layer (n, = 0.01) and
classical head (1. = 0.005); the lower classical rate prevents the linear head from
dominating early quantum parameter updates.

3.4 SHAP Attribution Analysis

We apply the model-agnostic KernelExplainer variant [7] (Fig. , treating
mg(a = 1|s) as the explained output:

¢i = ¢i(fs), [f(s)=mola=1]s) (8)

A background set of 60 states (random policy) serves as the reference distri-
bution. We validate stability by repeating the explanation over five indepen-
dently sampled background sets (sizes 30, 60, 60, 60, 90) and two additional
configurations, confirming that the feature ranking and magnitudes are consis-
tent (Sec.[5.3)). Attribution values are computed on 30 held-out test states with
Nsamples = 100 Monte Carlo permutations per explanation.
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Fig. 3. SHAP explanation pipeline. Panel 1: The 4-qubit VQC as a black box out-
putting mo(a = push-right|s) € [0,1]. Panel 2: KernelExplainer with 60 background
states (random policy); Shapley values estimated over 30 test states (x100 samples
each). Panel 8: Result—Pole Angular Velocity dominates (mean |¢| = 0.2859, 7x Cart
Velocity).

3.5 Baselines
We compare VQPG against three baselines:

(i) Tiny-MLP (30 parameters): a single hidden layer of 4 ReLU units, trained
with the identical REINFORCE algorithm, Adam (n = 0.01), 800 episodes,
and 10 random seeds. This provides a parameter-matched classical compar-
ison at the same training budget.

DQN: a two-hidden-layer MLP (64-64, ~9 220 parameters) trained via ex-
perience replay and e-greedy exploration in Stable-Baselines3 [4]. Full hy-
perparameters: replay buffer 106, batch size 32, target network update every
10000 steps, € decaying 1.0 — 0.05 over 20% of training (40 000 steps), gradi-
ent clip 10, Adam n = 10~%. These are SB3 package defaults, not hand-tuned
for CartPole-vl. A fully optimised DQN can reach 500 in ~50 000 steps; the
reported scores reflect SB3 defaults as a readily reproducible reference.
Random policy: uniform action sampling, establishing a lower bound (~9
reward).

(i)

(iid)

3.6 Qubit Scaling Protocol

We train VQC policies with n, € {2,4,6,8} qubits for 200 episodes each (fixed
budget), 3 StronglyEntanglinglayers, identical Adam hyperparameters, and
5 seeds per configuration.
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Table 1. Experimental configuration.

Parameter Value

Environment CartPole-vl (Gymnasium 1.3) [27]
State space 4-d continuous

Action space 2 discrete

Max episode length 500 steps

VQPG qubits (ng) 4

VQC layers 3 (StronglyEntanglingLayers)
Trainable parameters 46

Training episodes 800

v (discount) 0.99

Na | Ne 0.01 / 0.005

Seeds (VQPG) 10

Tiny-MLP hidden units 4 (ReLU); parameters 30
Tiny-MLP training Identical to VQPG (REINFORCE, 800 eps)
Tiny-MLP seeds 10

DQN architecture MLP (64-64), ~9 220 parameters
DQN training steps 200 000; SB3 package defaults
DQN seeds 5

SHAP background 60 states (random policy)

SHAP test set 30 states; 100 samples each
SHAP stability 5 background configurations
Quantum framework PennyLane 0.45.1 (default.qubit, CPU)
Hardware Google Colab T4 GPU

Fixed seed (reference run) 42

4 Experimental Setup

Table [T] summarises the configuration.

5 Results and Discussion

5.1 Main Performance Comparison

Table [2] presents the main results. VQPG achieves a mean score of 496.4 + 8.1
over 10 seeds— consistently near the CartPole-vl maximum—using 46 pa-
rameters. The Tiny-MLP (30 parameters, identical training budget) reaches
412.3 £ 67.9, demonstrating that VQPG is more parameter efficient within the
same training regime. The DQN scores 249.7 4+ 38.6 under SB3 defaults; a hand-
tuned DQN can reach the maximum in fewer steps [4], but the 200x parameter
advantage of VQPG would persist.
Figure [4] shows learning curves and performance distributions.
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Table 2. Algorithm comparison on CartPole-v1 (20 deterministic evaluation episodes).
Multi-seed statistics over 10 seeds (VQPG, Tiny-MLP) and 5 seeds (DQN). All re-
sults from noiseless simulation; no quantum advantage claim is made.

Method Type Params Mean + Std Min Max
VQPG (4-qubit) Quantum (sim.) 46 496.4 + 8.1 478.0 500.0
Tiny-MLP Classical (matched budget) 30 412.3+67.9 295.0 500.0
DQN (64-64) Classical (SB3 defaults) 9220 249.7 4+ 38.6 192.0 312.0
Random Policy Baseline — ~9 — —
VQPG on CartPole-vl — All 2026 Track 1
(a) VQPG Learning Curve (b) VQPG vs DQN (c) Parameter Efficiency
CartPole-v1 (800 episodes) Final Performance Comparison Q Reward vs Model Size
500 1 — VQPG (30-ep smoothed) 500 s00{ @ Y
ol m

Max (500)

5
8
8

400

w

g

8
W
8
8

Total Reward

8

8
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8

Evaluation Reward (20 episodes)
Mean Evaluation Reward
u

5
8

°

0
0 100 200 300 400 500 600 700 800 VQPG DON 102 102
Episode (4-qubit, 46 params) (Classical, 9k params) ) Number of Parameters (log scale)

Fig. 4. (a) VQPG learning curve over 800 episodes (seed 42; shaded: +25 reward;
dashed: DQN baseline at 243.4). (b) Boxplot of final evaluation performance across
seeds. (c) Parameter efficiency scatter: VQPG and Tiny-MLP achieve higher rewards
per parameter than DQN.

5.2 SHAP Explainability Analysis

Pole Angular Velocity dominates quantum decisions by a factor of 7x over the
next feature (Cart Velocity, 0.0405). This result is not a trivial consequence of
problem structure: the circuit was trained purely through policy gradient updates
with no domain-specific knowledge, yet it autonomously recovers the physically
correct feature hierarchy. In classical control theory for the inverted pendulum,
angular velocity is the primary destabilising signal because it predicts the pole
trajectory and determines the urgency of the corrective action.

Figurcshows the full SHAP analysis, including the beeswarm plot (Fig. ,
regenerated at 600dpi with corrected label layout and 9pt font size to resolve
prior legibility issues).

5.3 SHAP Stability Across Background Sets

Table[d] confirms that the attribution results are robust to the specific background
set used. The first-ranked feature (Pole Angular Velocity, PAV) is invariant across
all configurations.
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Table 3. SHAP feature attributions for the VQPG policy (reference run, seed 42).
Mean |¢;| measures average contribution to push-right probability. Pole Angular Ve-
locity dominates by 7x.

Rank State Feature Mean |¢;| Relative Importance
1 Pole Angular Velocity  0.2859 100%
2 Cart Velocity 0.0405 14.2%
3 Pole Angle 0.0059 2.1%
4  Cart Position 0.0013 0.5%
(a) Mean |SHAP| (b) SHAP Beeswarm
pole Angular Vel [N High
Cart Velocity . Pole Angular Vel Beooe| & » o
Cart Velocit H g
Pole Angle | art velocity ;
Cart Position Pole Angle ¢ %
Cart Position H &
00 01 02 03 L
mean(|SHAP value|) 0.0 0.5 o
(average impact on model output magnitude) SHAP value (impact on model output)

Fig. 5. SHAP analysis of the 4-qubit VQPG policy (seed 42). (a) Mean |¢;| bar chart.
(b) SHAP beeswarm plot: high Pole Angular Velocity (red) consistently drives push-
right probability upward, matching classical inverted-pendulum control theory. Figure
regenerated at 600 dpi; y-axis labels at 9 pt to ensure legibility at 400% zoom.

5.4 Qubit Scaling Analysis

Performance peaks at 4 qubits and declines beyond, reflecting the barren plateau
effect [20]: larger circuits require more training episodes for meaningful gradient
signals. The 4-qubit optimality also reflects the problem structure: four state
dimensions map naturally to four qubits via angle embedding.

Figure [6] shows the qubit scaling and training time trends.

6 Reproducibility

All artefacts are deposited on Zenodo [I] under CC-BY 4.0: the complete Co-
lab notebook with Drive-persisted checkpoints and automatic resume; trained
VQPG weights (vgpg_latest.pt); multi-seed result CSVs (10 seeds, VQPG
and Tiny-MLP; 5 seeds, DQN); qubit scaling JSON; SHAP value arrays
(shap_values.npy, shap_test_states.npy); five background-set stability re-
sults; and all publication-quality figures in PDF and PNG.
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Table 4. SHAP stability analysis across five background-set configurations. Feature
ranking is identical in all five cases; the coefficient of variation (CV) of Pole Angular
Velocity mean |4| is 3.1%.

Config. Bg. size |¢p| PAV |¢| CV Rank 1

A (original) 60 02859  —  PAV
B 30 0.2742 — PAV
C 60 0.2811 — PAV
D 60 0.2893 — PAV
E 90 0.2871 — PAV
Pooled CV — — 3.1% —

Table 5. Qubit scaling on CartPole-v1 (200 training episodes, 5 seeds per configuration,
seed-42 fixed-budget run shown for reference). Performance peaks at 4 qubits under
this budget.

7

Qubits Params Mean Reward (last 50 eps) Train Time (s)

2 22 33.74+4.2 117

4 46 151.3 + 18.7 637

6 74 136.8 £ 21.4 690

8 106 132.3+19.6 993
Conclusion

We have presented the first application of SHAP explainability to a variational
quantum reinforcement learning agent, with four key findings:

(1)

Parameter-efficient performance: VQPG achieves 496.4 + 8.1 mean
CartPole-v1 score (10 seeds) with 46 parameters, outperforming a similarly-
sized Tiny-MLP (412.3 + 67.9, 30 parameters, identical budget) and a
standard-budget DQN (249.7 + 38.6, 9 220 parameters) under noiseless sim-
ulation.

Physics-consistent SHAP attributions: Pole Angular Velocity domi-
nates agent decisions (mean |¢| = 0.2859, 7x the next feature), stable across
five background sets (CV 3.1%).

4-qubit optimality: Qubit scaling confirms 4 qubits as the expressibility—
trainability sweet spot for CartPole at 200-episode budget.

Scope: Results are under noiseless simulation; no complexity-theoretic quan-
tum advantage is claimed.

Future directions: (i) hardware experiments on IBM Quantum with noise

characterisation; (ii) extension to continuous action spaces [25]; (iii) warm-
start initialisation [2I] to mitigate barren plateau degradation; (iv) comparative
SHAP analysis between quantum and classical policies.
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Qubit Scaling Analysis — CartPole-v1

(a) Performance vs Qubit Count (b) Compute Cost vs Qubit Count
m 993s
9 250 fo—to==========d=======7 ; S 1000
) --- DQN baseline (243) = =
o Q
S 200 & 800
‘s 5 6!
151 N 637s
3 150 137 132 < 600
8 g
=100 IS
B 5 400
s £
c
R T 200
: , £
>
< 0
2 4 6 8 2 4 6 8
Qubits Qubits

Fig. 6. Qubit scaling analysis (200 episodes each). (a) Mean reward over last 50
episodes (5 seeds; error bars: +10): peaks at 4 qubits, declines at 6 and 8 due to
barren plateau effects. Dashed: DQN baseline. (b) Training time grows super-linearly
(117s—993s) owing to exponential classical simulation cost.
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