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Battleship is a partially observable search game in which players infer hidden ship locations through sequential hit-or-miss
observations. This study uses Battleship as a stochastic hidden-state framework for testing how added hidden transition
rules affect decision-making under partial observability. Because the environment keeps the visible game rules interpretable
while varying hidden transitions, policies, board size, and measurement probability, it provides a testbed rather than only a
new Battleship variant. The implemented model is a classical stochastic simulation with quantum-circuit-sampled transition
variables: board state, ship placement, legal moves, observations, hit/sunk logic, and terminal outcomes remain classical, while
selected hidden rule transitions are resolved through Qiskit-simulated circuit measurements and mapped back to classical rule
outcomes. The classical baseline, L0, was compared with three cumulative modified levels: attack-type-dependent vulnerability,
L1; branch-based hidden placement, L2; and cross-grid correlated damage, L3. All levels were evaluated as two-player games
using paired layout packets, both start orders, and automated policies: random targeting, checkerboard search with local
follow-up, belief-state probability mapping, and greedy maximum-probability targeting. Experiments covered 5×5 and 10×10
boards, with p = 0.50 as the main measurement-probability condition and p = 0.25 and p = 0.75 as sensitivity conditions.
The final run contained 160 configurations and 6,400 completed games. Results showed configuration-specific effects of rule
level, policy, board size, and measurement probability, without showing quantum advantage or universal improvement over the
classical baseline.

Keywords: Battleship, partially observable decision-making, stochastic search, hidden-state inference, POMDP, circuit-
sampled stochastic transitions, belief-state policy, classical stochastic game.

Introduction

Many decision-making problems require an agent to act
while the true state of the environment is only partly known.
Stochastic games model sequential decisions in which out-
comes depend on both player actions and probabilistic tran-
sitions, while partially observable Markov decision processes,
or POMDPs, model settings in which an agent must choose
actions using observations rather than complete knowledge of
the state1–4. In these environments, performance depends not
only on the underlying rules, but also on how effectively an
agent updates its beliefs after each observation and uses those
beliefs to choose future actions5–8. Battleship provides a com-
pact example of this structure. The true ship locations are
hidden, each move produces limited feedback, and the player
must use a sequence of hit-or-miss observations to infer where
future shots are most likely to be useful.

Prior work on POMDPs has shown that exact planning un-
der partial observability is difficult because the agent must rea-
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son over belief states rather than directly observed states4,5.
Approximate methods such as point-based value iteration, ran-
domized point-based updates, and Monte Carlo planning have
been developed to make belief-space planning more practi-
cal in larger domains6–9. In game-playing research, heuristic
search and sampling-based methods have also been used to
select actions in large decision spaces, where evaluating ev-
ery possible continuation is computationally expensive10–12.
However, the purpose of the present study is not to solve Bat-
tleship optimally. Instead, Battleship is used as a controlled
hidden-state search environment in which defined policies are
compared under progressively modified rules.

Battleship-related computational work has treated the game
and its puzzle variants as search, inference, and algorith-
mic problems13. Sevenster showed that the solitaire Bat-
tleships puzzle can be formulated as a decision problem,
linking Battleship-style reasoning to computational complex-
ity13. More generally, Battleship strategies often rely on re-
ducing the set of possible legal ship placements after misses
and hits, then targeting cells that are consistent with many
remaining placements. This connects naturally to belief-
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state and probability-map approaches, where observations are
used to update a distribution over possible hidden configura-
tions5–7,13. The present study builds on this idea, but changes
the question being asked. Rather than only asking which
policy finds ships fastest in the standard game, it asks how
added hidden rule transitions change search efficiency, termi-
nal outcomes, and fairness-related measures under the same
defined policies. The contribution of this study is therefore
not a new optimal Battleship solver, but an experimentally
controlled stochastic hidden-state environment for testing how
added hidden transitions affect search efficiency, terminal out-
comes, and fairness-related measures under partial observabil-
ity.

Recent reviews of POMDP planning and robotics describe
the continuing difficulty of choosing actions from incomplete
observations and maintaining useful belief representations in
large state spaces14,15. Additional recent POMDP applica-
tions address object-composition uncertainty in robotic ma-
nipulation, probabilistic path planning, collaborative semantic
sensing, human-robot interaction, and uncertainty-aware se-
quential decision-making16–20. Recent algorithmic work has
reduced online planning cost through hybrid parallelization,
multilevel Monte Carlo simulation, learned state-variable re-
lationships, non-linearity-guided simplification, and adaptive
Voronoi discretization21–25. Learning-based and Bayesian-
optimized planning studies provide additional examples of
approximation for large belief spaces26,27. The cited litera-
ture addresses POMDP planning and Battleship-style algorith-
mic complexity, but it does not evaluate the specific cumula-
tive L0–L3 rule-layer design used here13,28. This study ad-
dresses that narrower gap by holding layout packets, start or-
ders, board conditions, automated policies, and outcome defi-
nitions fixed while changing the hidden rule transitions across
L0–L3.

The study is also related to pursuit-evasion and search
games, where one agent attempts to locate, track, or cap-
ture a hidden or moving target29–32. Recent primary stud-
ies examine differential-drive dynamics, three-player pursuit-
evasion, and multi-pursuer systems33–35. Other work inves-
tigates neural-network controllers, multi-UAV reinforcement-
learning schemes, agent team formation, and optimal strate-
gies for three pursuers36–39. The diversity of these models
shows that pursuit-evasion findings depend on the specified
dynamics, information structure, and capture criterion. Ac-
cordingly, the present study holds policies, layout packets,
start orders, and outcome definitions fixed when comparing
rule levels. Battleship differs from many pursuit-evasion mod-
els because the targets are fixed ship segments rather than
moving agents, but the problem is still partial information:
the searcher must choose actions without directly observing
the hidden state. This makes Battleship useful for studying
how rule changes affect hidden-state search without requiring

a large physical environment or complex movement model.
The model in this study is classical at the game-state

level, with quantum-circuit measurements used only to re-
solve selected stochastic transition variables. Formal quan-
tum games use quantum states, quantum operations, strategy
spaces, and measurement rules to define game structure and
outcomes40–44. Hybrid quantum-classical algorithms instead
combine circuit measurements with classical processing, but
they do not automatically make every part of the surround-
ing system quantum45–49. Recent primary studies use hybrid
or near-term quantum workflows for quantum-assisted Monte
Carlo, photonic parameter estimation, electron-phonon simu-
lation, entanglement estimation, and information-sharing vari-
ational optimization50–54. Other recent studies apply related
workflows to protein folding, hybrid quantum-classical ma-
chine learning, NISQ complexity analysis, and algorithmic
measurement55–58. These studies support the distinction be-
tween a hybrid procedure and a fully quantum game; they do
not establish quantum advantage for the present simulation.
In the present work, the Battleship board, ship positions, legal
moves, observations, hit/sunk logic, and terminal outcomes re-
main classical. The quantum-circuit-assisted component con-
sists of selected hidden rule transitions that are resolved using
Qiskit-simulated circuit measurements, and the measured out-
puts are then mapped immediately into classical game-state
updates. Therefore, the study does not claim quantum advan-
tage, physical entanglement of ships, or Hilbert-space evolu-
tion of the board. The circuit measurements are used only
to resolve specified stochastic transitions inside an otherwise
classical partially observable game.

The classical baseline, L0, is compared with three modi-
fied rule levels. L1 adds attack-type-dependent vulnerability,
L2 adds branch-based hidden placement, and L3 adds cross-
grid correlated damage. These rule layers are implemented
progressively, so a higher level contains the features of the
lower levels plus its own added feature. The detailed tran-
sition rules, circuit-measurement mapping, paired-layout de-
sign, and recorded outcomes are described in Materials and
Methods.

This study therefore investigates how stochastic rule layers
in Battleship affect search efficiency, terminal outcomes, and
fairness-related measures under different policies, board sizes,
and measurement-probability conditions.

Materials and Methods

Experimental overview

The experiment tested a two-player Battleship environment
under four rule levels: L0, L1, L2, and L3. Each game used
two players. Player 1 and Player 2 each had one board and
the same fleet of three ships: S1 of length 2, S2 of length 3,
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and S3 of length 4. Players alternated turns, and each turn
consisted of one legal shot at the opponent’s board. When re-
quired by the rule level, the shot also included an attack type.
A game ended when one player’s fleet was fully sunk or when
both fleets were fully sunk in the same terminal event. Ter-
minal outcomes were recorded as Player 1 win, Player 2 win,
or draw. All rule levels were evaluated using the same two-
player structure. This was necessary because terminal out-
comes, starting-player effects, and fairness-related measures
cannot be compared consistently if some levels are simulated
as one-player searches and other levels are simulated as two-
player games.

Rule levels
Each higher level retained the earlier rule layers and added one
new mechanic. Thus, L2 included the L1 attack-vulnerability
rule, and L3 included both L1 and L2 plus its correlated-
damage rule. Representative rule-level walkthroughs are pro-
vided in Supplementary File S1.

L0: classical baseline L0 used fixed ship placement and
deterministic damage. At the start of a trial, each ship had one
placement on the board. A legal shot at an occupied coordinate
damaged the targeted ship segment, while a shot at an empty
coordinate was recorded as a miss. L0 therefore provided the
baseline for measuring how the added stochastic rule layers
changed gameplay.

L1: circuit-sampled vulnerability L1 added uncertainty
after a player selected a coordinate. In L1, a shot at an oc-
cupied coordinate did not automatically cause damage. The
shot also depended on the selected attack type and a hidden
vulnerability outcome. A circuit-measured transition deter-
mined whether the selected attack type could damage the oc-
cupied segment. If the measured outcome allowed damage,
the occupied segment was marked as damaged; if not, the shot
produced no damage even though the coordinate was occu-
pied. From the perspective of a player’s observed feedback,
a no-damage outcome could therefore reflect either an empty
coordinate or an occupied coordinate whose vulnerability out-
come did not permit damage. In the implemented experiment,
attack type was not a separate strategic choice made by the tar-
geting policies. Each policy selected the target coordinate. Af-
ter coordinate selection, the shared shot routine assigned and
recorded one of two attack-type labels, bomb or torpedo, us-
ing the same rule across all policies, players, board sizes, and
start orders. The attack type did not change the measurement-
probability parameter p. Instead, p controlled the probabil-
ity that the vulnerability bit equalled 1 for the selected attack
event. If the targeted coordinate was occupied and the mea-
sured vulnerability bit was 1, damage was applied to that co-
ordinate. If the targeted coordinate was occupied and the mea-
sured vulnerability bit was 0, no damage was applied. If the
targeted coordinate was empty, no damage was applied regard-

less of the vulnerability bit. Thus, the circuit-sampled vulner-
ability rule affected the mapping from an occupied target to
damage, while the policies remained comparable because the
same attack-type assignment and vulnerability rule was used
for every policy.

L2: branch-based hidden placement L2 added uncer-
tainty about which placement of a ship was active. In the final
experiment, each player had branch candidates for all three
ships, S1, S2, and S3. For each ship on each player board,
the paired layout packet stored two candidate classical place-
ment branches before resolution. These two branches were
distinct and did not overlap for the same ship, so a coordi-
nate could not belong to both Branch A and Branch B for that
ship in the corrected layout banks. Branch resolution was per-
formed separately for each ship on each player board when
a shot required the game to determine whether the targeted
coordinate belonged to one of that ship’s retained candidate
branches. The measured branch-selection bit selected the ac-
tive branch for that ship. After branch resolution, the selected
branch remained fixed for that ship for the rest of the game,
and the inactive branch was removed from active gameplay.
Later hit, damage, and sunk-ship logic for that ship used only
the selected active branch. This rule uses a branch-selection
analogy only in the limited sense that two stored classical al-
ternatives are retained before a circuit-sampled rule event se-
lects one active branch.

L3: cross-grid correlated damage L3 retained the L1
attack-vulnerability rule and the L2 branch-selection rule, then
added predefined correlated-link squares between ship seg-
ments on the two players’ boards. When the linked-damage
rule was triggered, correlated measurement bits were mapped
onto the stored linked coordinates. Any resulting linked dam-
age was then applied as a classical board update during the
same move. Because this rule could damage a directly tar-
geted segment and a linked segment in the same turn, L3 could
change terminal outcomes and could also create a draw if both
fleets were completed in the same terminal event. Direct tar-
get damage and correlated damage were therefore recorded
separately. L3 was treated as a correlation-based rule analogy
in this limited sense; the ship segments themselves were not
represented as quantum-entangled subsystems.

Hybrid quantum-classical transition
The game was implemented as a classical partially observable
stochastic game with selected hidden transition variables re-
solved through Qiskit-simulated circuit measurements. The
board, ship coordinates, legal moves, player actions, obser-
vations, hit logic, sunk-ship logic, and terminal outcomes re-
mained classical. The quantum-circuit-assisted component
was limited to sampling selected hidden rule transitions and
immediately mapping the measured outputs back into classi-
cal rule outcomes. This framing follows the distinction be-
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tween hybrid quantum-classical procedures and fully quantum
game models: measured circuit outputs can be used inside a
classical computation without making the full system a quan-
tum state45,46,59. The circuit measurements were run through
Qiskit, and the final manuscript experiment used the Qiskit
2.3.0 statevector executor60.

Formally, the transition from a current classical game state
s to a next classical game state s′ after action a can be repre-
sented as:

T (s′ | s,a) = ∑
m

Pθ (m)1[s′ = f (s,a,m)]

The rule-layer updates were represented using the follow-
ing binary state-update notation. These equations describe the
implemented rule logic. Let x be the targeted coordinate. Let
O(x) = 1 if x contains an active ship segment under the cur-
rently active placement, and O(x) = 0 otherwise. Let D(x) = 1
if the move produces direct damage at x, and D(x) = 0 other-
wise. For L0, damage is deterministic because a shot damages
the target if and only if the coordinate is occupied:

DL0(x) = O(x)

For L1, a measured vulnerability bit V determines whether
an occupied coordinate is actually damaged:

DL1(x) = O(x)V, V ∈ {0,1}

For L2, let P0 and P1 be the two stored candidate placement
branches, and let B be the measured branch-selection bit. Af-
ter branch resolution, the active branch is:

Pactive = PB, B ∈ {0,1}

After the active branch is selected, occupancy is evaluated
on that selected branch. Because L2 includes the L1 vulner-
ability rule, the direct-damage update after branch resolution
can be written as:

DL2(x) = OPB(x)V

For L3, direct target damage and correlated linked-
coordinate damage are kept separate. Let y be a predefined
linked coordinate and let C be the mapped correlated mea-
surement outcome used by the linked-damage rule. The direct
and correlated components are:

Ddirect(x) = OPB(x)V

Dcorrelated(y,C) = L(y)C

where L(y) = 1 when y is an eligible linked coordinate for
that move and L(y) = 0 otherwise. The total L3 recorded dam-
age event count can therefore be summarized as:

DL3(x,y) = Ddirect(x)+Dcorrelated(y,C)

Here, DL3 is a count of recorded damage events in that
move. It can include direct target damage, correlated linked
damage, both, or neither. This matters because correlated
damage is not the same as ordinary direct-hit efficiency.

For L1 and L2, one-qubit circuit measurements were used
to resolve the attack-vulnerability and branch-selection transi-
tions. In each case, the measured bit was immediately mapped
to a classical rule outcome. For probability-controlled one-
qubit transitions, the probability of measuring 1 was repre-
sented as:

P(m = 1) = p = sin2(θ/2), θ = 2arcsin(
√

p)

Here, p denotes the circuit-measurement probability, or the
probability that the measured bit equals 1 for the relevant
transition. The main experiment used p = 0.50 as a neutral
maximum-uncertainty baseline because neither stochastic out-
come is favoured. The p = 0.25 and p = 0.75 conditions test
whether observed effects are specific to that neutral setting or
persist when the hidden transition is biased toward failure or
success. The corresponding rotation settings were θ = π/3 for
p = 0.25, θ = π/2 for p = 0.50, and θ = 2π/3 for p = 0.75,
following p = sin2(θ/2).

Figure. 1 . Circuit implementations of the stochastic transition rules
used in the modified Battleship levels.

As shown in Figure 1, the circuits are used to generate mea-
sured outputs for the selected hidden rule transitions. In Fig-
ure 1(a), qubit q is initialized as |0⟩, rotated by Ry(θ), and
measured to define the L1 vulnerability variable V . In Fig-
ure 1(b), the same one-qubit measurement structure defines
the L2 branch-selection variable B. In Figure 1(c), qubits
q0 and q1 are initialized as |00⟩; after Ry(θ) on q0 and a
controlled-X operation, the measured outputs C0 and C1 are
mapped to predefined linked-damage outcomes for L3. The
labels q, q0, and q1 denote quantum bits, while V , B, C0, and
C1 denote classical measurement-derived rule variables. In all
three cases, the measured outputs are immediately converted
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into classical game-state updates, so the Battleship board, ship
positions, legal moves, observations, damage logic, and termi-
nal outcomes remain classical.

For L3, a two-qubit correlated circuit was used to gener-
ate correlated measurement bits for the linked-damage rule;
these bits were mapped to predefined classical linked coordi-
nates and were not treated as a quantum board state. In L3
sensitivity trials, the measurement-probability setting applied
to the L1 and L2 circuit-measured transitions inherited within
L3, while the L3 correlated-damage circuit was kept as the
linked-damage rule and evaluated separately through the L3
direct/correlated damage measures.

Paired layout packets
To reduce layout confounding, each board size used a fixed
bank of 40 paired layout packets. A layout packet was the
complete stored setup for a trial id. Each packet contained
seed information, Player 1’s base fleet layout, Player 2’s base
fleet layout, branch candidates for L2 and L3, and correlated-
link candidates for L3. The same trial id packet was reused
across all rule levels, policies, start orders, and measurement-
probability conditions. For L0 and L1, the base Player 1 and
Player 2 layouts were used directly. For L2 and L3, the same
packet also supplied the retained branch candidates. For L3,
the same packet additionally supplied correlated-link candi-
dates. Pairing did not mean that L2 or L3 was forced to realize
the same final branch as L0. The realized branch and linked-
damage outcome remained part of the rule level being eval-
uated. Pairing meant that the starting layout packet, branch
candidates, link candidates, and seeds were controlled across
conditions. The corrected layout banks contained no duplicate
branch pairs. Therefore, for each branch-based ship, Branch
A and Branch B were distinct candidate placements. Repre-
sentative paired-layout, branch-resolution, and linked-damage
visualizations for both board sizes are provided in the project
repository listed in Appendix A.

Board-size conditions
Two board sizes were tested: 5×5 and 10×10. Both board sizes
used the same three ships of lengths 2, 3, and 4, for a total of
nine occupied ship cells per player. The 5×5 board therefore
had a ship density of 36

Search policies
In each configuration, Player 1 and Player 2 were imple-
mented as automated policy-controlled agents using the same
assigned targeting policy. Four policies were evaluated so
that the rule layers could be tested under unstructured search,
structured local search, explicit belief updating, and a stronger
probability-based baseline.

Random targeting. The random policy selected legal tar-
get coordinates without using parity search, probability maps,

or local follow-up after a hit. It provided an unstructured base-
line for showing what happens when players do not use obser-
vations to guide later shots.

Checkerboard search with local follow-up. The checker-
board policy used alternating-square search during the search
phase. Because every ship in the experiment had length at
least 2, each legal ship placement had to intersect at least one
square of a parity-style search pattern. After a hit, the policy
switched to adjacent-square follow-up to identify the ship’s
orientation and complete destruction of the ship. Once the
ship was sunk, the policy returned to checkerboard search.
This policy represented a simple structured Battleship heuris-
tic rather than an optimal planner.

Belief-state probability mapping. The belief-state pol-
icy maintained a probability distribution over possible hid-
den board states and updated that distribution after observa-
tions. This follows the standard belief-state approach used in
partially observable decision problems2,4,5. A possible state
was constrained by ship lengths, board boundaries, previous
misses, confirmed hits, unresolved or resolved branch choices,
and rule-level-specific conditions. After each observation, im-
possible states were removed or downweighted, and the re-
maining distribution was normalized. Coordinates were then
scored by summing the posterior probability assigned to states
in which the coordinate contained an active or still-possible
ship segment. The policy selected the highest-scoring legal
coordinate, with deterministic tie handling.

Greedy maximum-probability targeting. The greedy pol-
icy served as a probability-based baseline. At each turn, it se-
lected the legal coordinate with the highest current placement-
probability score under the available information. It did not
simulate future turns, evaluate long-horizon consequences, or
claim optimal play. It was included to test whether a simple
strongest-current-cell rule could explain the results without re-
lying on a fuller belief-state policy. Unlike the belief-state pol-
icy, the greedy policy did not maintain a full normalized pos-
terior over hidden rule states; it used the current placement-
probability score as a simpler maximum-probability baseline.

Belief-policy validation
The belief-state policy was validated before the final runs be-
cause the experiment depends on the policy updating hidden-
state possibilities correctly2,4,5. The validation checks con-
firmed that the initial belief distribution normalized to 1, that
misses removed impossible states, that branch-resolution up-
dates matched the selected branch, and that the selected target
matched the highest-scoring legal coordinate. In the valida-
tion case with tied highest-scoring coordinates, the tie was
resolved lexicographically. These checks were used to ver-
ify that the belief-state policy updated and selected targets ac-
cording to the implemented rule logic. The belief-state policy
validation output is provided in Supplementary File S2, and
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all validation checks had passed before the final manuscript
run.

Experimental design

For each board size, policy, rule level, start order, and appli-
cable measurement-probability condition, 40 trials were com-
pleted. Both start orders were tested: Player 1 starts and Player
2 starts. This allowed terminal outcomes and starting-player
effects to be evaluated without fixing one player as the per-
manent first mover. In summary tables that combine both
start orders, each board-size, policy, rule-level, and probability
condition therefore contains 80 completed games. Across the
full main and sensitivity design, the final run contained 160
configurations and 6,400 completed two-player games. All
trials were two-player. L0 was recorded only as the classi-
cal baseline and was not treated as measurement-probability-
dependent because it had no circuit-measured transition. De-
tailed experiment verification outputs, belief-policy validation
checks, full summary tables, and the raw-data file inventory
are provided in Supplementary File S2. An online demon-
stration version of the game was also produced to show the
implemented rule layers in an interactive format. The demon-
stration version and the project repository are listed in Ap-
pendix A. The repository includes the raw trial logs, summary
CSV files, paired layout banks, experiment manifest, belief-
policy validation output, methodology notes, and representa-
tive layout visualizations used to support the manuscript anal-
ysis. The complete trace-run output directory includes raw
trial logs, summary CSVs, L3 decomposition values, an ex-
periment manifest, SHA256 hashes, and manuscript table ex-
ports, enabling recomputation of every reported table value
from a single source of truth.

Outcome measures
Search efficiency was evaluated primarily using the logged
terminal turns value, reported in the tables as mean termi-
nal turns. In the experiment logs, terminal turns is the game-
level terminal count at which the completed two-player game
reached a Player 1 win, Player 2 win, or draw. This value
was analyzed per completed game and was not calculated by
summing Player 1 and Player 2 shot counts. Player-level shot
counts were recorded separately as Player 1 shots and Player
2 shots and were used for L3 hit-rate denominators. Lower
terminal move counts indicated faster game completion un-
der the tested rule level and policy. Terminal outcomes were
evaluated using Player 1 wins, Player 2 wins, and draws. At
the same time, hit-related measures were used to distinguish
between L3’s direct and correlated damage. Fairness-related
analysis used starting-player win rate, win-rate disparity, draw
rate, and mirrored-start outcome comparison. Win-rate dis-
parity was calculated as |P1 wins−P2 wins|/n, where n is the

total number of completed games in that condition, includ-
ing draws. Draw rate was calculated as draws/n. Mirrored-
start parity measured how often start-order outcomes matched
after reversing the first mover. Fairness-related metrics were
treated as secondary outcome measures rather than the pri-
mary performance criterion. They were included because the
experiment is a two-player terminal game in which start or-
der, player identity, and L3 draw events could affect inter-
pretation of terminal outcomes separately from search effi-
ciency. First-hit timing was recorded where available but was
not used as the main fairness measure. For L3, direct dam-
age and correlated damage were evaluated separately because
a correlated-damage event is not the same as an ordinary direct
hit by the selected coordinate. L3-specific analysis therefore
distinguished direct target hits, additional correlated-damage
events, sunk-ship events, and whether correlated damage con-
tributed to the terminal event.

Statistical analysis
Summary statistics were calculated from the trial logs. The
trial, defined as one completed two-player game, was the
unit of analysis. For each condition, the analysis computed
mean terminal-turn count, sample standard deviation, and
95% confidence interval; the main manuscript tables report
mean ± 95% CI. Confidence intervals were calculated as
mean±1.96× s/

√
n, where s is the sample standard deviation

and n is the number of completed games in that condition.
For summary tables that combine both start orders, n = 80
completed games for each board-size, policy, rule-level, and
measurement-probability condition. Standard deviations and
confidence intervals were calculated over the logged termi-
nal turns value per completed game, not over per-player shot
counts or player-level shot events.

Modified levels were compared against the L0 baseline us-
ing trial id- and start order-matched differences. This com-
parison was used because the same layout packet was reused
across rule levels.

For each comparison, the paired difference was calculated
as:

paired difference (∆) = outcome(Lk)−outcome(L0)

where Lk represents L1, L2, or L3 under the same board size,
policy, start order, and paired layout packet. In the Results
tables, this difference is reported as ∆, where positive ∆ val-
ues indicate more terminal turns than L0 and negative ∆ val-
ues indicate fewer terminal turns than L0. Paired statistical
p-values were calculated using two-sided one-sample t-tests
of the trial id- and start order-matched Lk −L0 terminal-move
differences against zero. This is equivalent to a paired t-test
after converting each matched pair into a difference score.
Paired standardized effect size d was calculated as the mean
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difference divided by the sample standard deviation of the dif-
ferences. Effect-size interpretation followed the general pur-
pose of standardized effect sizes: to report the magnitude of a
difference61. Sensitivity analysis compared the measurement-
probability conditions p = 0.25 and p = 0.75 with the main
measurement-probability condition p = 0.50 and with the
L0 baseline where appropriate. Because L0 had no circuit-
measured transition, it was not interpreted as changing with
measurement probability.

Results

Terminal turns and L0 comparisons

Table 1 summarizes terminal-turn results under the main
measurement-probability condition, p = 0.50. In every board-
size and policy condition, L1, L2, and L3 required more termi-
nal turns than the L0 baseline. On the 5×5 board, L0 ranged
from 16.55 turns under belief-state and greedy targeting to
22.43 turns under random targeting. The closest 5×5 modi-
fied result was L3 under greedy max-probability targeting, at
20.49 ± 0.81 turns, which was +3.94 turns above L0. The
largest 5×5 increases were L1 and L2 under random target-
ing, both at 31.74 turns, or +9.31 turns above L0.

On the 10×10 board, the same pattern held but with longer
games. Random targeting had the longest baseline and mod-
ified outcomes: L0 required 88.10 ± 1.88 turns, while L1,
L2, and L3 required 104.42, 104.41, and 99.95 turns, respec-
tively. The largest Lk − L0 increase in the table was 10×10
random L1, at +16.32 turns above L0. L3 was usually the
least costly modified level, although 10×10 checkerboard L1
required fewer turns than L3. Under the main p = 0.50 con-
dition, every modified level still required more terminal turns
than L0. Therefore, the main result is not that the quantum-
circuit-assisted layers improved standard Battleship, but that
the stochastic rule layers changed efficiency in policy- and
board-dependent ways.

Terminal outcomes and fairness-related measures

Because all rule levels were rerun as two-player games with
both start orders, terminal outcomes are compared across L0–
L3. Table 2 reports Player 1 wins, Player 2 wins, draws,
starting-player win rate, win-rate disparity, draw rate, and
mirrored-start parity for the main p = 0.50 condition. Across
the displayed conditions, starting-player win rate ranged from
40.0% to 61.3%, and win-rate disparity ranged from 0.0% to
35.0%.

The corrected results do not support a claim that any mod-
ified rule level was uniformly fairer than L0. Some modified
conditions were balanced: 5×5 belief L1 produced 40:40:0
terminal outcomes, and 10×10 checkerboard L2 produced

40:40:0, each with 0.0% win-rate disparity. Other conditions
remained asymmetric, such as 10×10 greedy L1 at 54:26:0
with 35.0% win-rate disparity and 5×5 checkerboard L1 at
53:27:0 with 32.5% win-rate disparity. Draws appeared only
in L3 at p = 0.50, with the highest draw counts in 5×5 greedy
L3 and 10×10 greedy L3, each with 6 draws, or 7.5%. This
should be interpreted as a rule-dependent terminal possibility,
not as evidence that L3 was uniformly fairer.

Measurement-probability sensitivity

The sensitivity analysis tests whether the observed results de-
pended on the main measurement-probability condition, p =
0.50. Table 3 compares measurement-probability conditions
p = 0.25, p = 0.50, and p = 0.75 for L1–L3 against the fixed
L0 baseline. Across all board-size, policy, and modified-level
combinations, mean terminal turns decreased as the measure-
ment probability increased from 0.25 to 0.75. For example,
5×5 random L2 decreased from 46.51 turns at p = 0.25 to
25.66 turns at p = 0.75, and 10×10 checkerboard L2 de-
creased from 66.99 to 47.86 turns.

The sensitivity results show that the direction and magni-
tude of the modified-level effects depend on the chosen mea-
surement probability. At p = 0.25, every modified level was
slower than L0, often by a large margin. At p = 0.75, the
modified levels moved closer to L0. L3 slightly undercut L0
only in the belief-state and greedy conditions: 5×5 belief L3
was 16.35 turns versus L0 at 16.55, 5×5 greedy L3 was 16.31
versus 16.55, 10×10 belief L3 was 39.39 versus 40.80, and
10×10 greedy L3 was 40.33 versus 40.80. These small rever-
sals at high probability support a sensitivity-dependent inter-
pretation.

L3 direct damage, correlated damage, and terminal effects

Table 4 separates L3 direct target hits from additional
correlated-damage events. This separation is necessary be-
cause L3 can produce linked damage by rule design, so or-
dinary direct-hit outcomes and rule-generated correlated dam-
age should not be treated as the same outcome. Direct-hit rates
were higher on the 5×5 board, ranging from 23.6% under ran-
dom targeting to 33.5% under greedy max-probability target-
ing. On the 10×10 board, direct-hit rates were lower, ranging
from 6.7% under random targeting to 15.1% under belief-state
and greedy max-probability targeting.

Correlated-damage rates were lower than direct-hit rates in
every condition, ranging from 5.3% to 7.4% on the 5×5 board
and from 1.5% to 3.4% on the 10×10 board. Each L3 condi-
tion recorded 240 successful correlated-damage events, while
sunk-ship events ranged from 364 to 389 and terminal cor-
related counts ranged from 23 to 69. The highest terminal
correlated count was 5×5 belief-state L3 with 69 terminal-
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Table 1 Terminal turns and L0 comparisons under the main measurement-probability condition, p = 0.50. Values are mean terminal turns ±
95% CI. ∆ is the matched mean Lk–L0 difference using the same trial id and start order; d is the standardized effect size. All displayed L1–L3
comparisons had p < 0.001 except 10×10 belief-state L3 (p = 0.005) and 10×10 greedy max-probability L3 (p = 0.002)

Board Policy L0 baseline L1 vulnerability L2 branch placement L3 correlated damage
5×5 Random 22.43 ± 0.41 31.74 ± 0.78

∆=+9.31; d=2.62
31.74 ± 0.72

∆=+9.31; d=2.55
28.36 ± 0.77

∆=+5.94; d=1.45
5×5 Checkerboard +

follow-up
17.65 ± 0.62 25.12 ± 0.86

∆=+7.47; d=2.33
25.45 ± 0.84

∆=+7.80; d=1.62
22.23 ± 0.88

∆=+4.58; d=0.99
5×5 Belief-state 16.55 ± 0.36 23.73 ± 0.77

∆=+7.17; d=2.31
23.40 ± 0.72

∆=+6.85; d=1.98
20.99 ± 0.76

∆=+4.44; d=1.03
5×5 Greedy max-

probability
16.55 ± 0.36 24.40 ± 0.79

∆=+7.85; d=2.26
24.18 ± 0.88

∆=+7.62; d=1.95
20.49 ± 0.81

∆=+3.94; d=0.91
10×10 Random 88.10 ± 1.88 104.42 ± 1.08

∆=+16.32; d=1.79
104.41 ± 0.87

∆=+16.31; d=1.67
99.95 ± 1.39

∆=+11.85; d=1.09
10×10 Checkerboard +

follow-up
41.48 ± 2.13 50.11 ± 2.26

∆=+8.64; d=2.50
52.98 ± 2.25

∆=+11.50; d=0.89
51.74 ± 1.74

∆=+10.26; d=0.88
10×10 Belief-state 40.80 ± 1.75 49.48 ± 1.92

∆=+8.68; d=1.94
49.90 ± 2.05

∆=+9.10; d=0.77
44.50 ± 2.09

∆=+3.70; d=0.32
10×10 Greedy max-

probability
40.80 ± 1.75 49.76 ± 1.89

∆=+8.96; d=2.29
48.51 ± 2.01

∆=+7.71; d=0.65
45.31 ± 2.35

∆=+4.51; d=0.36

correlated cases, while 5×5 checkerboard L3 had the lowest
count at 23. These results support a cautious interpretation:
L3 changed the damage structure of the game, but under the
main p = 0.50 condition it still required more terminal turns
than L0 in every board-policy condition.

Discussion

The results address how the added stochastic rule layers
changed terminal move counts, terminal outcomes, fairness-
related measures, and L3 damage measures under the tested
board sizes, search policies, and measurement-probability
conditions. Under the main measurement-probability condi-
tion, p = 0.50, the clearest result is that L1, L2, and L3 all
required more terminal turns than L0 in every board-policy
condition. Therefore, the main p = 0.50 results do not show
a reduction in terminal turns relative to the classical baseline.
They show how each added rule layer changed the game when
the same two-player structure, layout packets, start orders, and
policy-controlled agents were used across levels.

Differences Between Rule Levels
L1 produced higher terminal move counts than L0 because
it changed the meaning of an occupied target coordinate. In
L0, a legal shot at an occupied coordinate damages the tar-
geted ship segment. In L1, the same occupied coordinate can
still produce no damage if the measured vulnerability outcome
does not permit damage for the selected attack type. This
rule therefore adds a way for a turn to reveal or test infor-
mation without reducing the remaining undamaged ship seg-
ments. The terminal-turn results are consistent with that rule:

L1 needed more terminal turns than L0 in all eight board-
policy conditions, with differences ranging from +7.17 turns
in 5×5 belief-state targeting to +16.32 turns in 10×10 random
targeting.

L2 also remained above L0 in all board-policy conditions,
but its relation to L1 was not fixed. L2 includes the L1 vul-
nerability rule and adds branch-based hidden placement, so a
shot is evaluated after the active branch has been resolved for
the relevant branch-based ship. In some conditions L2 was
close to L1, such as 5×5 random targeting, where both L1
and L2 required 31.74 terminal turns. In other conditions L2
required more terminal turns than L1, such as 10×10 checker-
board search, where L2 required 52.98 turns compared with
50.11 for L1. In 10×10 greedy max-probability targeting, L2
required fewer turns than L1, 48.51 versus 49.76. This varia-
tion is expected from the implementation because branch res-
olution does not simply add or subtract a constant number of
turns; its effect depends on which candidate branch becomes
active, when that resolution occurs, and how the search policy
uses later observations.

L3 changed this pattern because it retained the L1 and
L2 rules while adding cross-grid correlated damage. Under
p = 0.50, L3 still required more terminal turns than L0 in ev-
ery board-policy condition, so its correlated-damage rule did
not reduce mean terminal turns below the classical baseline.
At the same time, L3 usually required fewer terminal turns
than L1 and L2. For example, in 5×5 greedy max-probability
targeting, L3 required 20.49 turns compared with 24.40 for L1
and 24.18 for L2, while L0 required 16.55. In 10×10 belief-
state targeting, L3 required 44.50 turns compared with 49.48
for L1 and 49.90 for L2, while L0 required 40.80. The ex-
ception was 10×10 checkerboard search, where L1 required
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Table 2 Terminal outcomes and fairness-related metrics under the main measurement-probability condition, p = 0.50. P1 : P2 : Draw gives
terminal counts across 80 games. Starting-player win rate combines both start orders. Win-rate disparity is |P1 wins−P2 wins|/n, including
draws. Mirrored-start parity compares paired start-order outcomes after reversing the first mover.

Board Policy Level P1:P2:Draw Starting-player win rate Win-rate disparity Draw rate Mirrored-start parity
5×5 Random L0 42:38:0 60.0% 5.0% 0.0% 95.0%
5×5 Random L1 44:36:0 60.0% 10.0% 0.0% 90.0%
5×5 Random L2 46:34:0 55.0% 15.0% 0.0% 85.0%
5×5 Random L3 34:42:4 41.2% 10.0% 5.0% 92.5%
5×5 Checkerboard + follow-up L0 45:35:0 56.2% 12.5% 0.0% 87.5%
5×5 Checkerboard + follow-up L1 53:27:0 48.7% 32.5% 0.0% 67.5%
5×5 Checkerboard + follow-up L2 36:44:0 42.5% 10.0% 0.0% 90.0%
5×5 Checkerboard + follow-up L3 44:36:0 52.5% 10.0% 0.0% 90.0%
5×5 Belief-state L0 42:38:0 57.5% 5.0% 0.0% 95.0%
5×5 Belief-state L1 40:40:0 47.5% 0.0% 0.0% 100.0%
5×5 Belief-state L2 43:37:0 61.3% 7.5% 0.0% 92.5%
5×5 Belief-state L3 43:34:3 40.0% 11.3% 3.7% 90.0%
5×5 Greedy max-probability L0 42:38:0 57.5% 5.0% 0.0% 95.0%
5×5 Greedy max-probability L1 41:39:0 48.7% 2.5% 0.0% 97.5%
5×5 Greedy max-probability L2 42:38:0 57.5% 5.0% 0.0% 95.0%
5×5 Greedy max-probability L3 35:39:6 42.5% 5.0% 7.5% 95.0%

10×10 Random L0 44:36:0 47.5% 10.0% 0.0% 90.0%
10×10 Random L1 44:36:0 57.5% 10.0% 0.0% 90.0%
10×10 Random L2 32:48:0 50.0% 20.0% 0.0% 80.0%
10×10 Random L3 30:48:2 58.8% 22.5% 2.5% 77.5%
10×10 Checkerboard + follow-up L0 52:28:0 50.0% 30.0% 0.0% 70.0%
10×10 Checkerboard + follow-up L1 47:33:0 51.2% 17.5% 0.0% 82.5%
10×10 Checkerboard + follow-up L2 40:40:0 60.0% 0.0% 0.0% 100.0%
10×10 Checkerboard + follow-up L3 48:31:1 48.7% 21.2% 1.3% 77.5%
10×10 Belief-state L0 53:27:0 51.2% 32.5% 0.0% 67.5%
10×10 Belief-state L1 53:27:0 53.7% 32.5% 0.0% 67.5%
10×10 Belief-state L2 43:37:0 58.8% 7.5% 0.0% 92.5%
10×10 Belief-state L3 45:33:2 46.3% 15.0% 2.5% 87.5%
10×10 Greedy max-probability L0 53:27:0 51.2% 32.5% 0.0% 67.5%
10×10 Greedy max-probability L1 54:26:0 50.0% 35.0% 0.0% 65.0%
10×10 Greedy max-probability L2 49:31:0 46.3% 22.5% 0.0% 77.5%
10×10 Greedy max-probability L3 38:36:6 48.7% 2.5% 7.5% 92.5%

50.11 turns, L3 required 51.74, and L2 required 52.98. These
results show that L3’s additional linked-damage rule changed
the terminal-turn pattern among the modified levels, but it
did not remove the added uncertainty introduced by the ear-
lier L1 and L2 rules. L3 also changed the possible termi-
nal outcomes because its correlated-damage rule could apply
damage to linked coordinates on both players’ boards within
the same move. In L0, L1, and L2, terminal outcomes un-
der p = 0.50 were limited to Player 1 wins or Player 2 wins
in the recorded trials, with zero draws across all board-policy
conditions. In L3, a draw could occur when the direct dam-
age and the correlated linked damage caused both fleets to be-
come fully sunk during the same terminal update. This oc-
curred in 24 of the 640 L3 games under p = 0.50, or 3.75%
of L3 games. The draw counts were 4 for 5×5 random, 0 for
5×5 checkerboard, 3 for 5×5 belief-state, 6 for 5×5 greedy
max-probability, 2 for 10×10 random, 1 for 10×10 checker-
board, 2 for 10×10 belief-state, and 6 for 10×10 greedy max-

probability. These results show that the cross-grid correlated-
damage rule changed the terminal outcome structure of the
game by creating a draw condition that was absent from the
other rule levels.

Differences Between Search Policies
The policy comparisons show that the rule-level effects were
not the same under all forms of search. Random targeting
produced the largest terminal move counts because it did not
use misses, hits, parity structure, or local follow-up to guide
later shots. This is visible in both board sizes. On the 5×5
board, random L3 required 28.36 turns, while checkerboard
L3 required 22.23, belief-state L3 required 20.99, and greedy
L3 required 20.49. On the 10×10 board, random L3 required
99.95 turns, while checkerboard, belief-state, and greedy tar-
geting required 51.74, 44.50, and 45.31 turns, respectively.

Checkerboard search produced lower terminal move counts
than random targeting because it used two pieces of structure
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Table 3 Terminal-turn sensitivity across measurement-probability
conditions for L1–L3. Values are mean terminal turns. L0 is shown
as a fixed baseline because it has no circuit-measured transition and
is not measurement-probability-dependent.
Board Policy Level L0 baseline p=0.25 p=0.50 p=0.75
5×5 Random L1 22.43 46.05 31.74 25.29
5×5 Random L2 22.43 46.51 31.74 25.66
5×5 Random L3 22.43 42.67 28.36 23.36
5×5 Checkerboard +

follow-up
L1 17.65 39.39 25.12 20.16

5×5 Checkerboard +
follow-up

L2 17.65 39.55 25.45 20.68

5×5 Checkerboard +
follow-up

L3 17.65 36.46 22.23 18.89

5×5 Belief-state L1 16.55 37.59 23.73 19.31
5×5 Belief-state L2 16.55 39.58 23.40 18.93
5×5 Belief-state L3 16.55 35.21 20.99 16.35
5×5 Greedy max-

probability
L1 16.55 38.65 24.40 19.49

5×5 Greedy max-
probability

L2 16.55 37.74 24.18 18.57

5×5 Greedy max-
probability

L3 16.55 34.69 20.49 16.31

10×10 Random L1 88.10 120.96 104.42 93.25
10×10 Random L2 88.10 121.51 104.41 96.62
10×10 Random L3 88.10 116.04 99.95 88.62
10×10 Checkerboard +

follow-up
L1 41.48 67.45 50.11 44.27

10×10 Checkerboard +
follow-up

L2 41.48 66.99 52.98 47.86

10×10 Checkerboard +
follow-up

L3 41.48 67.55 51.74 48.10

10×10 Belief-state L1 40.80 63.51 49.48 43.58
10×10 Belief-state L2 40.80 64.47 49.90 44.11
10×10 Belief-state L3 40.80 60.54 44.50 39.39
10×10 Greedy max-

probability
L1 40.80 66.64 49.76 43.71

10×10 Greedy max-
probability

L2 40.80 65.36 48.51 43.14

10×10 Greedy max-
probability

L3 40.80 59.39 45.31 40.33

that random targeting did not use: alternating-square search
before contact and adjacent-square follow-up after a hit. Since
every ship in the experiment had length at least 2, each legal
placement had to intersect the checkerboard-style search pat-
tern, so the policy did not need to test every coordinate with
the same priority. Once a hit occurred, local follow-up also
made the next shots depend on the observed position of that
hit. This explains why checkerboard search was much closer
to belief-state and greedy targeting than to random targeting,
especially on the 10×10 board.

The belief-state and greedy policies had identical L0
terminal-turn results because L0 gave both policies direct in-
formation: a shot at an occupied coordinate produced damage,
and a shot at an empty coordinate did not. Under that rule,
the highest-probability target map was updated from ordinary
hit-or-miss evidence. However, because of the rule layers in
L1–L3, the next target depended on how each policy carried
unresolved hidden information forward. The belief-state pol-
icy kept possible hidden states in its distribution after each
observation, while the greedy policy selected from the cur-

rent coordinate score. The terminal-turn values show that the
difference between the two policies was not in one fixed di-
rection. On the 5×5 board, belief-state was lower than greedy
in L1 and L2, with 23.73 versus 24.40 turns and 23.40 ver-
sus 24.18 turns. Greedy was lower in L3, with 20.49 versus
20.99 turns. On the 10×10 board, belief-state was lower in L1
and L3, with 49.48 versus 49.76 turns and 44.50 versus 45.31
turns. Greedy was lower in L2, with 48.51 versus 49.90 turns.
Therefore, the modified rules caused the two policies to sep-
arate, but the direction of the difference depended on the rule
level and board size.

Differences Between Board Sizes
The 5×5 and 10×10 conditions should be interpreted as a
board-size and ship-density comparison, because the same
three ships of lengths 2, 3, and 4 were used on both boards.
The 5×5 board had nine occupied cells out of 25 cells, or 36%
density, while the 10×10 board had nine occupied cells out of
100 cells, or 9% density. Terminal move counts were therefore
higher on the 10×10 board in every comparable policy-level
condition. The difference was largest under random targeting
because random shots are most directly affected by the lower
proportion of occupied cells: L0 increased from 22.43 turns on
5×5 to 88.10 turns on 10×10, and L3 increased from 28.36 to
99.95 turns.

The structured and probability-based policies reduced the
size of the board effect, but they did not remove it. For L0,
checkerboard search increased from 17.65 turns on 5×5 to
41.48 turns on 10×10, while belief-state and greedy target-
ing increased from 16.55 to 40.80 turns. This pattern follows
from the lower density of the 10×10 condition: even when a
policy uses parity, follow-up, or probability scores, there are
still more legal cells and fewer occupied cells per unit of board
area. The results therefore should not be described as a pure
board-size effect, because board size and ship density changed
together in the experimental design.

The L3 damage measures also reflect this difference be-
tween the two boards. Direct-hit rates were higher on the
5×5 board, ranging from 23.6% to 33.5%, and lower on the
10×10 board, ranging from 6.7% to 15.1%. The correlated-
damage rate was lower on the 10×10 board, ranging from
1.5% to 3.4%, compared with 5.3% to 7.4% on the 5×5
board. This difference in rate is consistent with longer games
and larger player-level shot-event counts on the lower-density
board, since the same number of correlated-damage events is
divided by a larger shot-event denominator.

Measurement-Probability Sensitivity

The sensitivity results should be interpreted partly as a conse-
quence of the parameterization: because p controls the prob-
ability that a relevant circuit-measured bit equals 1, higher p
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Table 4 L3 direct damage, correlated damage, sunk-ship events, and terminal-correlated outcomes under the main measurement-probability
condition, p = 0.50. Counts are from L3 trace-run logs under p = 0.50, combining both start orders (n = 80 games per condition). Direct-hit
and correlated-damage rates use player-level shot events as denominators. Terminal correlated count records games in which correlated damage
contributed to the terminal event. L3 ∆ vs L0 is the matched mean terminal-turn difference.

Board Policy Direct target hits (rate) Correlated-damage events (rate) Sunk-ship events Terminal-correlated count L3 ∆ vs L0 turns

5×5 Random 1062 (23.6%) 240 (5.3%) 365 62 +5.94

5×5 Checkerboard + follow-up 1049 (29.9%) 240 (6.8%) 369 23 +4.58

5×5 Belief-state 1096 (33.0%) 240 (7.2%) 388 69 +4.44

5×5 Greedy max-probability 1086 (33.5%) 240 (7.4%) 385 67 +3.94

10×10 Random 1051 (6.7%) 240 (1.5%) 364 59 +11.85

10×10 Checkerboard + follow-up 1034 (12.6%) 240 (2.9%) 376 32 +10.26

10×10 Belief-state 1059 (15.1%) 240 (3.4%) 379 67 +3.70

10×10 Greedy max-probability 1086 (15.1%) 240 (3.3%) 387 66 +4.51

makes vulnerability outcomes more likely to permit damage,
and games are therefore expected to end in fewer turns. The
role of Table 3 is to show that the modified-level effects are
probability-dependent and that the main p = 0.50 results are
not the only possible behavior of the rule system. At p = 0.25,
every modified level required more terminal turns than L0, of-
ten by a large margin. At p = 0.75, the modified levels moved
closer to L0. L3 slightly undercut L0 only in the belief-state
and greedy conditions: 5x5 belief L3 was 16.35 turns versus
L0 at 16.55, 5x5 greedy L3 was 16.31 versus 16.55, 10x10
belief L3 was 39.39 versus 40.80, and 10x10 greedy L3 was
40.33 versus 40.80. These small reversals at high probability
should therefore be read as sensitivity-dependent outcomes,
not as evidence of a general L3 advantage. This pattern fol-
lows from the role of p in the implemented transition rules.
The probability-controlled circuit measurements are used in
the L1 vulnerability transition and the L2 branch-selection
transition, and L3 inherits those transitions. Changing p there-
fore changes the stochastic behaviour of the modified levels.
As p increases, a selected occupied coordinate is more likely
to convert into damage in the probability-controlled vulnera-
bility transition, which helps explain why terminal turns de-
creased across the modified levels as p moved from 0.25 to
0.75.

Terminal Outcomes and Fairness-Related Measures

Because all rule levels were run as two-player games with
both start orders, the revised results allow terminal outcomes
to be compared across L0, L1, L2, and L3. The fairness-
related measures do not point to one consistent rule-level ef-
fect. Starting-player win rate ranged from 40.0% to 61.3%,
while win-rate disparity ranged from 0.0% to 35.0%. These
two measures also captured different patterns. For example,
10×10 greedy L1 had a 50.0% starting-player win rate, but the
outcome count was 54 Player 1 wins, 26 Player 2 wins, and
0 draws, giving 35.0% win-rate disparity. This means that the

imbalance in that condition cannot be explained only as a first-
mover effect. The balanced cases were also condition-specific,
such as 5×5 belief-state L1 and 10×10 checkerboard L2, both
with 40 Player 1 wins, 40 Player 2 wins, and 0 draws. Draws
appeared only in L3 under the main p = 0.50 condition because
L3 was the only rule level in which correlated damage could
be applied during the same move as direct target damage. If
the direct damage and the linked correlated damage completed
both fleets in the same terminal update, the game ended as a
draw. This happened in 24 of 640 L3 games, or 3.75% of L3
games. The draw counts were 4, 0, 3, and 6 on the 5×5 board
under random, checkerboard, belief-state, and greedy target-
ing, and 2, 1, 2, and 6 on the 10×10 board under the same
policy order. These values show that L3 changed the possi-
ble terminal outcomes, but the frequency of draws still de-
pended on policy and board size. The draw results should not
be treated as evidence that L3 made outcomes uniformly more
balanced. For instance, 10×10 greedy L3 had 6 draws and only
2.5% win-rate disparity, while 10×10 random L3 had 2 draws
and 22.5% win-rate disparity. Mirrored-start parity showed
the same condition-specific pattern. It reached 100.0% in 5×5
belief-state L1 and 10×10 checkerboard L2 but fell to 65.0%
in 10×10 greedy L1 and 67.5% in 10×10 belief-state L0.

L3 Direct and Correlated Damage

The L3-specific damage measures clarify why L3 cannot be
evaluated only through ordinary hit counts. Under p = 0.50,
all eight L3 conditions still required more terminal turns than
L0. This shows that correlated damage was a consistent part
of the L3 rule under the implemented linked-damage design,
while the terminal-turn result still depended on the full se-
quence of shots before the game ended. The direct-hit and
correlated-damage rates also show that the two forms of dam-
age behaved differently across board sizes. On the 5×5 board,
direct-hit rates ranged from 23.6% to 33.5%, while correlated-
damage rates ranged from 5.3% to 7.4%. On the 10×10 board,
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direct-hit rates were lower, ranging from 6.7% to 15.1%, and
correlated-damage rates ranged from 1.5% to 3.4%. This pat-
tern is consistent with the lower ship density on the 10×10
board, where the same nine ship cells were spread across 100
cells rather than 25 cells.

Statistical characterization and scope of interpretation

The statistical results support the conclusion that the modified-
level terminal move counts differed from L0 under the trace-
run design. Most L1–L3 comparisons had p-values below
0.001, with two exceptions: 10×10 belief-state L3 had p =
0.005 and 10×10 greedy max-probability L3 had p = 0.002.
These two exceptions were still below 0.01, but their stan-
dardized effect sizes were smaller, d = 0.32 and d = 0.36,
respectively. This is consistent with their smaller L3 differ-
ences from L0, +3.70 and +4.51 turns, compared with larger
differences such as +16.32 for 10×10 random L1 and +16.31
for 10×10 random L2.

The L1 and L2 differences were often large, especially un-
der random targeting and several structured-policy conditions,
because the added vulnerability and branch rules increased
the number of terminal turns relative to L0. The L3 effect
sizes were smaller in some 10×10 probability-based condi-
tions, which means that the L3 terminal-turn difference from
L0 was present but less large in standardized units. These tests
were calculated from trial id- and start order-matched Lk −L0
differences, so the statistical comparison used the same lay-
out packet and start order when estimating each modified-level
difference from L0.

The conclusions should therefore remain limited to the im-
plemented simulation. The board state, ship locations, legal
moves, observations, hit and sunk logic, and terminal out-
comes remained classical, and the circuit measurements were
used only to resolve selected hidden rule transitions. The re-
sults do not show quantum advantage, a fully quantum game,
or a universal reduction in terminal turns. They show that,
in this controlled two-player Battleship framework, the added
stochastic rule layers changed terminal move counts, termi-
nal outcomes, fairness-related measures, and L3 damage mea-
sures in ways that depended on rule level, search policy, board-
size condition, and measurement probability.

Limitations and Potential Improvements

The results are limited to the four implemented policies:
random targeting, checkerboard search with local follow-
up, belief-state probability mapping, and greedy maximum-
probability targeting. These policies allowed comparison
across unstructured search, structured local search, belief up-
dating, and a simple probability-based baseline, but they do
not cover all possible strategies. Future work could add

planning-based policies such as Monte Carlo tree search. The
board-size comparison should also be read carefully because
board size and ship density changed together. The 5×5 board
had nine occupied cells out of 25 cells, while the 10×10 board
had the same nine occupied cells out of 100 cells. Therefore,
the 10×10 condition tested a larger and lower-density board,
not board size alone. The measurement-probability analysis
used p = 0.25, p = 0.50, and p = 0.75. These conditions showed
that terminal move counts depended on measurement proba-
bility, but a finer probability sweep would be needed to de-
scribe the full range of behaviour. Finally, the final trace run
used 40 layout packets per board size, and both start orders,
giving 80 completed games per board-policy-level condition
under p = 0.50. This controlled layout packets and start order,
but the study remains a finite simulation. More seeds, larger
layout banks, and more trials would make draw rates, terminal
outcomes, and small L3–L0 differences more stable.

Conclusion

This study developed and analyzed a classical stochastic
hidden-state version of Battleship framed as a partially observ-
able search game, with selected hidden transitions resolved
through Qiskit-simulated circuit measurements. The board
state, ship placements, legal moves, observations, hit/sunk
logic, and terminal outcomes remained classical throughout
the experiment, so the results should not be interpreted as
evidence of quantum advantage or as a fully quantum ver-
sion of Battleship. Under the main measurement-probability
condition, p = 0.50, all modified rule levels required more
terminal turns than L0 across every board-policy condition.
L1 increased terminal turns by adding attack-type-dependent
vulnerability, L2 added branch-based hidden placement and
produced condition-dependent differences from L1, and L3
added cross-grid correlated damage, which changed the dam-
age record and allowed draw outcomes but still required more
terminal turns than L0. The policy and board-size compar-
isons showed that the effects of the rule layers depended on
the search policy and the board-density condition, with ran-
dom targeting producing the longest terminal move counts
and the 10×10 board producing longer games than the 5×5
board because the same fleet was placed on a larger and
lower-density grid. The secondary two-player outcome re-
sults did not support a claim that any modified level was uni-
formly fairer than L0; instead, fairness-related measures were
condition-specific, although L3 introduced draw outcomes in
some conditions. The sensitivity analysis showed that termi-
nal turns decreased as p increased from 0.25 to 0.75, with L3
falling slightly below L0 only in the belief-state and greedy
conditions at p = 0.75. Overall, the study shows that the
added stochastic rule layers changed terminal move counts,
terminal outcomes, fairness-related measures, and L3 damage

12 | © The National High School Journal of Science 2026



measures under the tested conditions, but the findings remain
specific to the implemented rules, policies, board sizes, and
measurement-probability settings.
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Appendix A
An online demonstration version of the game was produced to show the im-
plemented rule layers in an interactive format.

Website: https://quantumbattleship-mvp.vercel.app/
The project repository is available at: https://github.com/samar

th-lamba2009/quantum-circuit-battleship-reproducibi
lity.git

The repository includes the raw trial logs, summary CSV files, paired lay-
out banks, experiment manifest, belief-policy validation output, methodol-
ogy notes, manuscript table exports, and representative layout visualizations.
The layout visuals folder contains paired-layout visualizations, layout com-
parisons, L2 branch-resolution examples, and L3 linked-damage examples
for both 5×5 and 10×10 boards.
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