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Roblox is one of the largest game platforms. Creator code runs as sandboxed Luau with no GPU access and no first-party
reinforcement-learning (RL) workflow, and external trainers require rate-limited HTTP bridges that creators build themselves.
We are not aware of a previously reported study of deep-RL combat non-player characters (NPCs) trained and evaluated entirely
inside Roblox and scored at the encounter level. The task is blocked line-of-sight combat: the NPC must route around cover,
regain sight, enter sword range and attack. We compare two deep Q-network parameterizations of one masked six-by-two
movement–attack action space, a flat-joint model and a factored dual-head model, trained by two-agent concurrent independent
learning on the CPU inside Roblox Studio. Each architecture was trained six times from independent seeds, checkpointed at 30,
45, 60, 90 and 120 min, and evaluated on frozen encounter fixtures. The training run, not the pair episode, is the unit of analysis.
Recovery varies enormously across runs of the same architecture: at 120 min six flat-joint runs span 0.0% to 79.3%. Neither
architecture separates from the other at any checkpoint (exact permutation p ≥ 0.56). The 60-to-120-min collapse does not
recur within either arm (paired p ≥ 0.84) or as an architecture-by-duration interaction (permutation p = 0.89). A single training
run therefore cannot support an architecture claim in this system. The durable contribution is the encounter-level protocol (pair
episodes, start-condition labels, an active-attack success rule and a clean/excluded ledger), which exposes behavioral collapse
that aggregate hit counts hide.
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Introduction

The standard research stacks for game-AI reinforcement
learning (RL) are open environments with an external trainer:
the Arcade Learning Environment1, ViZDoom2, Unity ML-
Agents3 and Godot4 all expose the game to a Python training
process, typically with GPU acceleration and parallel environ-
ments5,6. Commercial engines follow the same pattern when
RL is used at all7–9, and practitioners report that building such
pipelines is the dominant cost of using learned agents in pro-
duction10.

Roblox, one of the largest game platforms in the world,
sits outside this pattern. Creator code executes as sandboxed
Luau inside the engine, scripts have no GPU access, and pub-
lic Creator documentation describes no first-party workflow
for training non-player character (NPC) policies with RL. An
external trainer is nevertheless possible: HttpService lets a
game server or Studio plugin call outside services, includ-
ing a process on the same machine, within 500 requests per
minute per server11, and plugins such as Rojo use this chan-
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nel routinely12. A recent course report took that route for
obstacle-course agents, with an external proximal policy op-
timization trainer behind a local Flask bridge and quantized
weights hot-loaded back into Luau for inference13. The route
is asynchronous, rate-limited and creator-built. The opposite
choice, learning entirely inside the engine on the CPU, is also
established in the community: pure-Luau neural-network li-
braries14, the DataPredict library with a self-learning sword-
fighting example15, and hobbyist in-engine deep Q-network
(DQN) projects for Snake16 and sword-fighting self-play17,18,
none of which reports an evaluation protocol or quantitative
results. Roblox’s own published agent research trains exter-
nally by behavior cloning19.

This paper takes the in-engine route as one implementation
choice under Roblox’s constraints. We are not aware of a pre-
viously reported study that trains and evaluates deep-RL com-
bat NPCs entirely inside Roblox under a controlled protocol.
The contribution of this paper is that study and its evaluation
protocol, not a priority claim over the platform.

Four bodies of work frame the study. First, value-based
deep RL: both policies are DQN agents in the lineage of Mnih
et al.20, whose stabilizers, experience replay21 and a target
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network, were extended by double Q-learning22, prioritized
replay23, dueling decomposition24 and Rainbow25. We reuse
only the dueling decomposition and use a very small replay
buffer and no target network, a configuration the literature on
replay capacity26 and on bootstrapped function approxima-
tion27 identifies as fragile. Second, action factorization: the
factored dual-head model is related to action branching28,29

and parameterized-action methods30, which exist for large
combinatorial action spaces. Ours is fully enumerable, so
we study the factored dual-head model as an inductive bias
rather than for scalability. Third, two-agent concurrent learn-
ing, whose non-stationarity interacts badly with replay31 and
in which mutual adaptation alone can shift behavior qualita-
tively32,33. Fourth, evaluation methodology: single training
runs cannot support algorithm comparisons, and uncertainty
must come from replication across runs34–39, while work on
game agents argues that aggregate scores hide the behaviors
designers care about40–43.

Deep RL for game NPCs is often presented as a scoring
problem: train an agent, report a score, compare it to a base-
line. In a game-engine combat loop, that framing can miss the
behavior designers and players care about: a sword-fighting
NPC must respect line of sight (LOS), move through geom-
etry, avoid standing still and convert approach into attack.
This case study describes a Roblox 1v1 sword-fighting project
that exposed the problem. Figure 1 shows the arena, with
a U-shaped cover and a separate straight-wall occluder. The
blocked-start results below pool pair episodes from both oc-
cluders unless stated otherwise.

Figure. 1 The 1v1 arena in Roblox Studio, with a three-walled U-
shaped cover and a separate straight-wall occluder. At a blocked
start, a cover wall lies on the line of sight between the two NPCs,
which must route around it to reacquire sight and attack.

When LOS is blocked at the start of a fight, a useful pol-
icy must move around cover, regain LOS, enter sword range,
choose an attack and land a hit. This is a delayed-credit prob-
lem and an evaluation-design problem at once. A raw hit total
over a fixed window mixes the first encounter with later deaths
and respawns, and hides whether the agent that moved around

cover actually attacked or merely walked into range and was
hit.

The lessons below are organized around one evaluation
principle: learned NPC behavior should be scored one shared
encounter at a time, a unit we call a pair episode, rather
than through aggregate hit windows. The question becomes
whether either NPC can recover from a blocked start and pro-
duce real combat. Answering it exposed, in a single training
run, a factored dual-head model that recovered often at 60 min
and degraded after continued training, a change a window-
level hit count would have obscured. Six replicated runs per
architecture later reproduced neither as a systematic effect.

Methods

Game environment

The setting is a 1v1 sword-fighting scene in Roblox Studio.
The arena is a walled rectangle of roughly 60 × 62 studs (the
stud is Roblox’s unit of length) containing the two solid, col-
lidable cover structures shown in Figure 1. Each NPC car-
ries a short-range sword. A swing that contacts the opponent
costs it 10 health out of 100. At zero health, an NPC dies and
respawns 20–30 studs from its opponent. There is no human
player: combat timing, hit detection and health follow ordi-
nary Roblox rules.

AI system

Training and evaluation both run inside the Roblox game loop,
in the Luau environment used to debug NPCs. The two NPCs
in a run carry fixed identities, NPC-1 and NPC-2, each with its
own network. NPC-1 is the side whose recovery is reported as
the primary figure throughout, a convention fixed before any
comparison was computed.

Each NPC receives the 18-dimensional observation of Table
1.

The comparison concerns action representation. Both mod-
els are DQN policies20 over the identical executable action
space in Table 2: six movement choices crossed with two at-
tack choices, giving twelve joint actions (m, a). The flat-joint
model emits one Q-value per joint action. The factored dual-
head model emits a shared state value, six movement advan-
tages and two attack advantages, and reconstructs each joint-
action value additively, following the value/advantage decom-
position of dueling networks24. The two networks are close in
size, with 1,052 and 1,001 trainable parameters, so the com-
parison changes how Q-values are parameterized over actions,
not the model scale.

A distance-zone mask restricts which of the twelve pairs
are executable in a given state. Beyond 8 studs only ReEn-
gage with NoAttack is allowed; between 4.8 and 8 studs only
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Table 1 The 18-dimensional observation vector. Distances are in studs before normalization. Rows covering more than one index group
together features that share a definition, range and normalization. Relative features depend on the opponent’s position or the NPC’s own
heading. Absolute features depend only on the NPC or the arena.

# Feature Meaning Range and
normalization

Absolute /
relative

1 Distance Horizontal (XZ) distance to the
opponent

[0, 1]; ÷ 62 (arena
span), clipped

Relative

2 Health loss 1 − own health / maximum health [0, 1]; ratio Absolute
3 Facing Dot product of own heading with the

direction to the opponent
[−1, 1]; unit vectors Relative

4–5 Direction x, z Components of the unit XZ vector
toward the opponent

[−1, 1]; unit vector Relative (world
axes)

6 Under fire Hit within the last 1.5 s {0, 1}; binary Absolute
7 LOS blocked Ray to the opponent intersects scene

geometry
{0, 1}; binary Relative

8 Opponent health loss 1 − opponent health / maximum
health

[0, 1]; ratio Absolute

9 LOS-blocked duration Consecutive frames with LOS
blocked

[0, 1]; ÷ 60 frames (≈ 1
s), clipped

Relative

10 Stuck Moved < 0.1 studs per frame for ≥
10 consecutive frames

{0, 1}; binary Absolute

11–12 In U-cover, near straight
wall

Inside the U-shaped cover; within
the straight-wall occluder’s region

{0, 1}; binary Absolute

13–14 Distance to U-cover, to
straight wall

Distance to each cover center [0, 1]; ÷ 30, clipped Absolute

15–18 Clearance left, right,
front, back

Distance to the nearest obstacle
within 4 studs in each direction
relative to the NPC’s heading; 1 =
clear

[0, 1]; ÷ 4 Relative (own
heading)

MaintainRange with NoAttack; in both zones the two strafes
with NoAttack become available while the NPC is stuck (ob-
servation 10) or a stuck-override window is open: if ReEn-
gage beyond 8 studs closes the distance by less than 1 stud in
1.0 s, the strafes are allowed for 0.6 s, after which the test can
fire again. Within 4.8 studs every movement except ReEngage
is allowed, Hold with NoAttack always is, AttackIntent only
with clear LOS at 2.8 ≤ d ≤ 4.6 and never with Retreat, and
Retreat not beyond 12 studs (15 when health ≤ 35%). The
mask is identical for both models and applies to the chosen
action and, in the per-decision updates, to the maximum over
next-state actions in the bootstrap target, where the mask func-
tion reads the stored next-state observation together with the
NPC’s stuck-override state at the time of the update, so the
override window can also change which next-state actions en-
ter the maximum. Heading is controlled separately by a yaw
controller that keeps the NPC facing its opponent.

Over the twelve joint actions (m,a), the flat-joint model out-
puts a value per pair directly, Qflat(s,m,a) = fθ (s)(m,a), while

the factored dual-head model shares one state value and adds
centered movement and attack advantages:

Qfac(s,m,a) =V (s)+
(︁
Amove(s,m)− Āmove

)︁
+
(︁
Aatk(s,a)− Āatk

)︁
,

where Āmove and Āatk are the means over the six movement and
two attack advantages. Both models score the same twelve
joint actions. Only the parameterization differs. Supplemen-
tary Figure S1 diagrams the factored dual-head model.

The factored dual-head model is related to action-branching
DQN28,29, which exists because compositional NPC decisions
make flat joint action spaces grow multiplicatively. Here, the 6
× 2 space is small enough to enumerate and the mask restricts
it further, so we claim no scalability result. The matched set-
ting instead asks how factoring movement and attack Q-values
changes blocked-start recovery and failure modes when scala-
bility pressure is removed.

The reward is the sum of the components in Table 3, accu-
mulated over the frames of each 0.20 s decision.
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Table 2 The eight branch actions that compose the twelve joint actions. A joint action is a pair (movement, attack). Movement is executed
as one move-to target per decision, while attack intent is checked every frame. Here, d is the horizontal distance to the opponent in studs.

Branch Action Execution
Movement Hold Stay at the current position
Movement ReEngage Move to the point 7.5 studs from the opponent along the line between them
Movement MaintainRange If d is outside [3.35, 4.45], move to the point 4.0 studs from the opponent;

else hold
Movement Retreat If d < 10, move to the point 10 studs from the opponent; else hold
Movement StrafeLeft / StrafeRight Move 3 studs left or right, perpendicular to the direction to the opponent
Attack NoAttack Never swing
Attack AttackIntent Swing whenever LOS is clear, 2.8 ≤ d ≤ 4.8, and ≥ 0.25 s since the last

swing

The approach term has the potential-based form of Ng et
al.44, a scaled difference 0.99 ϕt −ϕt−1 of a distance-and-LOS
potential between consecutive frames. No component rewards
regaining LOS directly. The blocked-start chain (route around
cover, regain LOS, close to sword range, attack) is rewarded
only through the approach-shaping term, passive penalty and
delayed hit and kill rewards. Dying carries no explicit penalty
beyond the accumulated damage penalties and the absence of
bootstrapping at the terminal transition.

We do not compare against a hand-scripted NPC: scripted
baselines have no standard strength, and the question here
is representation and evaluation, not learned-versus-scripted
combat outcomes.

Training configuration

Both architectures were trained with an identical configura-
tion. Only the output head differs. Each NPC has its own net-
work, replay buffer and learning-rate schedule and learns only
from its own transitions while its opponent learns concurrently
(two-agent concurrent independent learning: no shared policy,
no pool of frozen opponents). The learner uses one-step Q-
learning with a multilayer perceptron. It uses a minimal form
of experience replay: a ring buffer of 35 transitions per NPC
from which 16 transitions (all of them while the buffer holds
fewer) are drawn uniformly with replacement at each update
and applied one at a time as separate gradient steps, with no
target network: the bootstrap target r + γ maxa′ Q(s′,a′) is
computed with the online network. There is no double Q-
learning and no prioritized replay. These are therefore min-
imal DQN-style learners rather than implementations of the
full DQN recipe20.

Network
Each network maps the 18-dimensional observation through
three hidden layers of 16 units to 12 joint-action values (flat-
joint) or one state value plus six movement and two attack ad-

vantages (factored dual-head), giving 1,052 and 1,001 train-
able parameters. The hyperbolic tangent is applied to every
non-input layer including the output, so each network out-
put lies in (−1, 1): the twelve joint-action values of the flat-
joint model directly, and for the factored dual-head model the
state value and the eight advantages, whose centered sum can
range over (−11/3, 11/3) because the centered movement term
reaches ±5/3 and the centered attack term ±1. Weights and
biases are initialized uniformly in [−1.5, 1.5] from a per-NPC
seed derived from the training seed (seed + 1,000 × NPC index
+ 1). A second derived seed (+ 2) drives that NPC’s spawn
placement and exploration draws, and replay sampling uses
the run’s shared generator seeded by the training seed. Spawn
timing and physics are not seeded, so a run is still not repeat-
able.

Decision cycle
The simulation runs at the engine frame rate of about 60 Hz.
Each NPC recomputes its observation every frame but selects
a new joint action every 0.20 s (5 Hz), continuing to execute
the last action in between while the per-frame rewards of Table
3 accumulate into that decision. Action selection is ε-greedy
with a constant ε = 0.3 during training, exploring uniformly
over the currently allowed joint actions. Evaluation uses ε = 0
and the greedy action.

Update
One update per decision: the new transition (s, a, R, s′)
is appended to the buffer, 16 transitions are sampled, and
for each the temporal-difference error δ = R + γ maxa′

Q(s′,a′)−Q(s,a) is clipped to [−10, 10] (Huber-type, thresh-
old 10) and back-propagated by plain stochastic gradient de-
scent without momentum, in draw order and without aver-
aging across the batch, with every weight gradient clipped
element-wise to [−1, 1]. The discount is γ = 0.99 per decision
step, an effective horizon of about 20 s. The learning rate starts
at 10−6 and is multiplied by 1.00015 per simulation frame to
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Table 3 Reward components. Per-frame components are evaluated at every simulation frame (about 60 per second) and summed into the
reward of the current decision. The two shaping terms are applied during training only. “Combat event” means a hit landed or taken by this
NPC.

Component Trigger Value Rate
Hit landed Own sword damages the opponent +0.4 × damage (= +4.0 per 10-damage

slash)
Per hit

Damage taken Hit by the opponent −0.4 × damage (= −4.0) Per hit
Exposed when hit Hit while not inside cover −0.05 Per hit
Kill Opponent’s health reaches zero

from own hit
+70 Per kill

Swing cost Sword swung −0.05 Per swing
Passive penalty t > 12 s since the last combat event

(until the 90 s stalemate cutoff)
−min(1.5, 0.08(t −12)) per frame; at
most −400 per training episode

Per frame

Cover bonus Inside cover and < 5 s since the
last combat event

+0.02 Per frame

Shaping, training only Under fire: within 1.5 s of being
hit, outside cover. Approach:
8 ≤ d ≤ 20 studs

Under fire: −0.02 for Hold, +0.01 for
Retreat or either strafe. Approach:
0.12(0.99 ϕt −ϕt−1),
ϕ = (20−d)/12× (1 if LOS clear, 0.7 if
blocked)

Per frame

a ceiling of 3 × 10−4, reached after about 10.6 min. It is not
stored in the checkpoint and restarts from 10−6 when train-
ing is continued. For the factored dual-head model the gradi-
ent of the reconstructed joint value is 1 for the value output,
1[m′ = m] − 1/6 for movement advantage m′ and 1[a′ = a] −
1/2 for attack advantage a′, the centered dueling form.

Training episodes and terminal states
A training episode is the lifetime of one NPC: it begins at a
random spawn 20–30 studs from its opponent and ends when
the NPC dies or when 90 s pass without either NPC landing
a hit. In both cases, the final transition is learned with the
reward alone as target, so the stalemate cutoff is treated as ter-
minal. An opponent’s death does not end the training episode.
The NPC receives the kill reward and continues against the
respawned opponent.

Transitions from engine events
Observations are read from the engine every frame: positions,
a ray cast between the NPCs for LOS, four short ray casts
for nearby geometry, and both NPCs’ health. Combat events
come from attributes set by the sword script on contact (10
damage per hit; the swing rule is in Table 2). A transition
closes at the next decision boundary with the accumulated re-
ward and observation at that boundary. Pseudocode is pro-
vided in Supplementary Algorithm S1.

Horizon, checkpoints and seeds
The training horizon is in-engine wall-clock time, not a fixed
number of updates. The original study trained each architec-
ture about 60 min from random initialization and continued
training from each checkpoint for about 60 min more. The
replication trains each run continuously for 120 min. Weights
are saved every 300 s and a checkpoint is the most recent save.
Each replicated run also logs its cumulative learner calls every
60 s (each applying up to 16 gradient steps) and its environ-
ment steps and completed training episodes, as accumulated
at episode ends. The values recorded at each checkpoint are in
Supplementary Table S8. The original 60-min runs used train-
ing seed 60100 for both architectures and the 120-min factored
continuation was clock-seeded. The configuration file for the
flat-joint continuation was not committed and its raw log not
retained, so its seed is unrecorded. Because spawning is asyn-
chronous and the physics is not bit-reproducible, a fixed seed
does not make a run repeatable, which is why the replicated
matrix (Results) uses six runs per architecture, seeds 70001 to
70006. A diagnostic mode that forces lateral movement while
LOS is blocked was disabled in every run reported here.

Availability
The training loop is given as pseudocode in Supplemen-
tary Algorithm S1 and the training configuration is described
above. The evaluation ledgers and parsed pair-episode records
of the replicated runs, the parsed pair-level ledger of the four
original checkpoints, the per-run training counters of Supple-
mentary Table S8, and the preregistrations, results, ledgers and
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weight snapshots of the configuration screen described under
Limitations are available from the corresponding author on
reasonable request.

Evaluation protocol

Three units are used throughout. An evaluation window is
one bounded 600 s run of frozen policies (no learning, ε =
0, greedy actions) under one evaluation seed. Inside it, the
NPCs fight repeatedly, respawning after each death, so a raw
hit count over the window sums across many separate fights. A
fixture is a fixed pair of spawn positions for NPC-1 and NPC-2.
The bank holds 24 fixtures, nominally 20 blocked (11 behind
the straight wall, 9 behind the U-shaped cover) and 4 clear,
replayed in a fixed cyclic order, one fixture per pair episode.
The labels are nominal, spawn coordinates are clamped by the
engine, and every start condition is classified by the LOS ray
at the instant the pair episode begins. Every window of the
replicated, fixed-opponent and legacy re-evaluations (Results)
replays this bank under evaluation seeds 61000, 61001 and
61002 (one per window). The seed sets only the starting point
in the cycle. The windows of the four original checkpoints
predate the bank and respawned each NPC independently. A
pair episode is one shared encounter: it begins when both
NPCs are alive at a fixture and ends when either dies or when
90 s pass without a hit by either NPC (the stalemate cutoff).
In both cases, both respawn at the next fixture and a new pair
episode begins. How a pair episode ended (death, cutoff, or
still open at window end) is recorded separately from whether
either NPC recovered in it. Every recovery rate in this paper is
computed over the pair episodes of one run. The conventional
combat metrics reported in Results have their own denomina-
tors, and across-run statistics are then computed over runs. A
training episode, used only in the training description above,
is the lifetime of one NPC during training.

For each pair episode, we record its start condition at the
instant it begins. A blocked start is a pair episode at whose
start neither NPC has LOS to the other, because a cover wall
lies on the line between them. A clear start is one in which
LOS is clear. Supplementary Figure S2 shows a blocked start
and a recovered engagement for each of the two occluders.

In a blocked start, an NPC recovers if it completes the whole
chain: moves around the cover, regains LOS, enters sword
range and lands a hit. Operationally, a recovery is recorded
when the parser finds, within the pair episode, clear LOS, en-
try into sword range and at least one own hit. Supplementary
Table S3 reports how far along the chain each pair episode got.
Recovery is reported per side, and NPC-1 recovery is the pri-
mary figure throughout. Two further figures are retained for
continuity: any-side recovery, the share of blocked-start pair
episodes in which at least one NPC recovers, and the stricter
both-side recovery, in which both do. In self-play, both NPCs

run the same checkpoint of one training run, each with its own
network: the two networks of a run share configuration, seed
and training course but not weights, so an any-side rate counts
a recovery by either of the run’s two networks and is systemat-
ically higher than either side’s own rate. It is also not compa-
rable with the fixed-opponent condition, where the two sides
come from different training runs. We fixed this idiom af-
ter the first architecture’s replicated data were complete and
before any comparison between architectures. The sampling
target for window counts had been set on the any-side figure
and was not revised.

When a blocked-start pair episode is not a recovery, we
record why. The main navigation failure is range-without-
LOS: the NPC reaches sword-range distance while still oc-
cluded and never reacquires LOS. The second is navigation-
without-attack: it reaches clear LOS and range but records
no swing of its own before the pair episode ends. The re-
maining no-recovery, stall, near-cover and swing-without-hit
cases form an other class. The split says whether a dropped
rate means the agent stopped getting around cover or stopped
swinging, two problems with different fixes.

Not every pair episode enters the headline counts. A pair
episode is excluded if it comes from an invalid evaluation ses-
sion (a launch of the evaluation harness that failed to build; a
completed session produces one window), from a short win-
dow (60 or 300 s, from early testing), from an overrun window
(far past 600 s), from a restart-contaminated session (overlap-
ping a Studio restart), or, where the rule was applied, if it is
a flagged respawn-boundary artifact with duration under 1 s.
All remaining pair episodes are clean. A pair episode still
open when its window ends is not excluded: it stays in the
denominator and is scored by what was observed before the
cutoff, so an open pair episode can already count as a recov-
ery. The number excluded in each category is reported with
the original trajectory in Results, and excluded pair episodes
remain in the retained ledger.

In addition to self-play, in which both NPCs run the check-
point under test, a fixed-opponent condition pairs each run
against a different, independently trained run of the same ar-
chitecture at the same checkpoint, so that recovery of the eval-
uated side does not depend on a co-trained opponent.

Data analysis

The training run, not the pair episode, is the unit of analysis
for any comparison between architectures or checkpoints. Pair
episodes pooled within one run estimate that run’s rate. They
do not estimate between-run variation, and no interval or test
is computed as if they were independent34,37. For the origi-
nal single-run trajectory, we report counts and rates only. For
the replicated runs, we report each run’s NPC-1 recovery rate
(per-run counts and the any-side and both-side figures are in
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Supplementary Table S7), the across-run mean and median,
and a 95% bootstrap percentile interval resampling runs. With
six runs, the resample space (66 = 46,656) is enumerated ex-
haustively, so the intervals carry no Monte Carlo error, with
endpoints taken at ⌊0.025B⌋ and ⌈0.975B⌉− 1 without inter-
polation. Comparisons are reported as mean differences in
percentage points, using exact tests matched to their design.

Results

The original observed trajectory

Table 4 reports the clean blocked-start pair episodes of the
original four checkpoints, one training run per architecture.
These rows are one observed trajectory, not a benchmark: each
architecture is a single run and the 60-min rows use overlap-
ping but not identical evaluation seeds, so the 51/102 (50.0%)
against 36/107 (33.6%) gap in NPC-1 recovery is descriptive.
Per-side counts were recovered by joining the clean ledger to
the per-seed pair records, with all 410 pair episodes joined
without loss.

The 60-min factored dual-head row shows why the three
figures are reported separately: its any-side rate of 70/102
(68.6%) exceeds its NPC-1 rate of 51/102 (50.0%) because
19 additional pair episodes were completed by NPC-2 alone,
and the same cell is the most one-sided in the conventional
combat metrics reported below, where NPC-2 landed 616 of
its 620 swings and NPC-1 83 of 86.

In this trajectory, the 60-min factored dual-head checkpoint
recovered more often on either figure, and after continued
training to 120 min, its NPC-1 recovery fell from 51/102
(50.0%) to 9/100 (9.0%), a drop of 41.0 percentage points.
Under the any-side convention of the original report, those
figures were 68.6% and 13.0%, a drop of 55.6 points. Re-
porting one side reduces the magnitude without changing the
direction and affects only the factored dual-head rows. Sup-
plementary Figure S3 (drawn in the any-side idiom of the
original report) shows where the chain stopped: for the fac-
tored dual-head model, the dominant 120-min failure class is

range-without-LOS, rising from 14 to 55 pair episodes, with
navigation-without-attack rising from 4 to 22. The flat-joint
rows did not show the same drop, but they are single runs and
not seed-matched, so this is descriptive only. Table 5 gives the
exclusion accounting.

The exclusion fraction differs strongly between check-
points, almost entirely because one 60-min flat-joint window
ran for more than eight hours and was excluded in full (489
blocked starts). Two inconsistencies of the original ledger
are disclosed rather than repaired: the sub-second respawn-
boundary rule was applied only to the 120-min factored dual-
head checkpoint (if applied uniformly, it gives denominators
of 95, 99, 97 and 100 and any-side recovery of 37.9%, 70.7%,
35.1% and 13.0%, without changing the direction of any com-
parison), and the short-window filter raises the 60-min flat-
joint any-side rate from 31.1% to the 33.6% reported. The
pair counts of the two excluded restart-contaminated sessions
cannot be recovered.

Across the 180 evaluation windows of the replicated matrix,
the parser produced 2,838 pair episodes, of which 1,244 were
clear starts by the LOS ray (749 from nominally clear fixtures
and 495 from nominally blocked fixtures whose start LOS was
in fact clear) and therefore out of scope, leaving 1,594 blocked
starts. None was excluded: by construction, the fixture bank
removes the respawn-boundary fragments excluded by hand
above, and 27 evaluation windows that aborted during collec-
tion were re-run in full rather than partially included (Supple-
mentary Table S1).

Replicated training runs

The replication trains each architecture six times from inde-
pendent seeds, checkpointing each run at 30, 45, 60, 90 and
120 min, so a training course is a within-run trajectory. Every
checkpoint is evaluated on the same frozen fixture sequence.
The unit of analysis is the training run, whose pooled pair
episodes give one observation. NPC-1’s recovery is reported
(per-run any-side and both-side figures are in Supplementary
Table S7). Table 6 reports the flat-joint arm and Table 7 the

Table 4 Blocked-start recovery of the original four checkpoints (one training run per architecture). Rows pool clean blocked-start pair
episodes from several evaluation windows and are descriptive. They are not seed-matched between architectures. Counts are pair episodes.
NPC-1 recovery counts the pair episodes in which NPC-1 completed the chain; any-side, those in which at least one NPC did; both-side, those
in which both did.

Checkpoint Clean blocked-start
pair episodes

NPC-1 recovery Any-side recovery Both-side recovery

60-min flat-joint 107 36/107 (33.6%) 36/107 (33.6%) 30/107 (28.0%)
60-min factored dual-head 102 51/102 (50.0%) 70/102 (68.6%) 51/102 (50.0%)
120-min flat-joint 101 34/101 (33.7%) 34/101 (33.7%) 30/101 (29.7%)
120-min factored dual-head 100 9/100 (9.0%) 13/100 (13.0%) 7/100 (7.0%)
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Table 5 Accounting of pair episodes and exclusions for the original four checkpoints. Recomputed from the parsed pair-level ledger. The
raw server logs of these runs were not retained. Clear-start pair episodes are out of scope rather than excluded, and pair episodes still open at
window end stay in the clean denominator, scored by what was observed before the cutoff. Supplementary Table S1 gives the same accounting
for the replicated runs.

60-min flat-joint 60-min factored
dual-head

120-min flat-joint 120-min factored
dual-head

Evaluation windows parsed 22 8 11 (+2 excluded
sessions, unparsed)

23

Pair episodes parsed 788 133 131 188
Clear-start pair episodes
(out of scope)

177 31 30 66

Blocked-start pair episodes
before exclusion

611 102 101 122

Excluded: invalid session
(failed build)

1 session (0 pair
episodes)

0 0 0

Excluded: short windows
(60 s / 300 s)

6 windows (15
blocked starts)

0 0 0

Excluded: overrun window
(ran 8 h 14 min)

1 window (489
blocked starts)

0 0 0

Excluded:
restart-contaminated
sessions

0 0 2 sessions (count
unrecoverable)

0

Excluded: flagged
sub-second rows (< 1 s)

0 (rule not applied;
12 such rows
remain)

0 (not applied; 3
remain)

0 (not applied; 4
remain)

25 rows (22
blocked starts)

Clean blocked-start pair
episodes (Table 4)

107 102 101 100

Open at window end (kept
in denominator)

9 6 11 15

Excluded fraction of
blocked starts

504/611 (82.5%) 0/102 (0%) 0/101 (+2 sessions
uncounted)

22/122 (18.0%)

factored dual-head arm. The two arms are independent sam-
ples of six runs and are never pooled.

Two features of Table 6 (Figure 2A) matter more than the
mean row. At every checkpoint, the six runs span at least 34
percentage points and, at three of the five, more than 60. At
120 min, one run recovers in 79.3% of its blocked starts and
another in none. No run is consistently the strongest and runs
cross each other repeatedly. Against that spread, the mean tra-
jectory is shallow, from 51.0% at 30 min to 62.4% at 90 and
55.8% at 120, about 11 points, while individual runs move by
40 or 50 points between adjacent checkpoints. A single run
at a single checkpoint is therefore drawn from a distribution
about as wide as the difference reported in the original com-
parison. The replicated arm neither confirms nor refutes the
rows of Table 4, but shows that their sampling error was never
estimated and is large.

Failure composition is more stable than failure frequency

(Figure 2B). Pooled within each checkpoint of the flat-joint
arm, range-without-LOS leads at all five, accounting for 13%
to 36% of all blocked-start pair episodes and 49% to 76% of
the failures. Navigation-without-attack, stalling near cover
and swing-without-hit share the remainder. Composition is
pooled over pair episodes and is descriptive only. Run 70005
at 120 min is the extreme case of the same pattern rather than a
different one: 12 of its 12 clean blocked-start pair episodes end
in range-without-LOS, with a median encounter length of 90.0
s against 13.2 s at its own 90-min checkpoint. It swings and
hits when it has LOS. What it has lost by 120 min is specifi-
cally the step that regains sight.

The factored dual-head arm reproduces the shape of the
flat-joint arm rather than the trajectory of Table 4: its mean
rises from 42.8% at 30 min to 63.4% at 90 and falls to 50.4%
at 120, again about 20 points against per-run swings several
times larger, and three of its thirty cells are at 0.0% (run 70004
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Table 6 Blocked-start recovery of the flat-joint architecture across six independent training runs. Each cell pools three 600 s evaluation
windows on the frozen fixture sequence. Rates are NPC-1 recoveries over clean blocked-start pair episodes. Intervals are the 95% exhaustive
bootstrap percentile intervals over runs defined under Data analysis.

Training seed 30 min 45 min 60 min 90 min 120 min
70001 45.0% 64.7% 73.0% 98.2% 72.2%
70002 31.8% 30.8% 23.8% 68.8% 76.6%
70003 72.7% 47.4% 84.0% 53.8% 42.9%
70004 72.7% 55.2% 24.1% 33.3% 63.6%
70005 22.7% 57.9% 50.0% 46.7% 0.0%
70006 61.1% 65.0% 93.0% 73.8% 79.3%
Mean across runs 51.0% 53.5% 58.0% 62.4% 55.8%
Median across runs 53.1% 56.5% 61.5% 61.3% 67.9%
95% interval over runs [35.6, 66.2] [43.3, 62.0] [36.4, 79.5] [46.4, 79.4] [31.8, 74.6]
Range across runs 50.0 pp 34.2 pp 69.2 pp 64.8 pp 79.3 pp

at 30 and 120 min, run 70001 at 45), while the same runs
recover in 41% to 79% of their blocked starts at the adja-
cent checkpoint. The 60-to-120-min collapse of the original
run does recur here, but as an event of individual runs: runs
70004, 70006 and 70003 fall over that interval, from 71.4% to
0.0%, 63.6% to 38.9% and 42.1% to 17.6%, while runs 70001,
70002 and 70005 rise by 20 to 57 points. Failure composition
differs from the flat-joint arm at the earliest checkpoint only:
at 30 min, 46% of this arm’s pair episodes (87 of 191) end
in navigation-without-attack against 5% for the flat-joint arm,
and from 45 min onward range-without-LOS leads in both, at
16% to 28% of pair episodes here and 13% to 36% there.

Comparisons within and between runs

Three questions follow, each answered with an exact test
matched to its design: whether continued training changes
recovery within a run, whether architecture changes it at a

given checkpoint, and whether the change with training dif-
fers between architectures, the form of the original observa-
tion. Within-run changes use a paired sign-flip test over the
six differences. The architecture contrast uses an exact label
permutation over the twelve independent runs. The smallest
attainable two-sided p is 2/64 = 0.031 for the paired test and
2/924 = 0.002 for the permutation test. Six seeds per arm were
chosen so the paired test could reach the conventional level,
which five cannot.

None of the three questions receives a positive answer.
Within runs, the 60-to-120-min change in NPC-1 recovery
averages −2.2 percentage points for the flat-joint arm (per-
run changes of −50.0, −41.1, −13.7, −0.8, +39.5 and +52.8
points; sign-flip p = 0.84) and +1.7 points for the factored
dual-head arm (−71.4, −24.7, −24.5, +20.2, +53.6 and +57.1;
p = 0.94). No adjacent-checkpoint transition in either arm
reaches p < 0.37, and the end-to-end 30-to-120-min change
is +4.8 points for the flat-joint arm (p = 0.72) and +7.7 for the

Table 7 Blocked-start recovery of the factored dual-head architecture across six independent training runs. Same protocol, denominators
and interval convention as Table 6. Rates are NPC-1 recoveries over clean blocked-start pair episodes, three 600 s windows per cell.

Training seed 30 min 45 min 60 min 90 min 120 min
70001 69.2% 0.0% 64.0% 77.8% 84.2%
70002 58.3% 63.2% 36.8% 80.0% 90.5%
70003 76.0% 42.9% 42.1% 42.1% 17.6%
70004 0.0% 40.9% 71.4% 78.9% 0.0%
70005 5.8% 84.0% 14.3% 83.7% 71.4%
70006 47.4% 87.0% 63.6% 17.6% 38.9%
Mean across runs 42.8% 53.0% 48.7% 63.4% 50.4%
Median across runs 52.9% 53.0% 52.9% 78.4% 55.2%
95% interval over runs [18.7, 65.3] [28.1, 74.8] [31.8, 63.1] [42.1, 80.5] [22.9, 76.6]
Range across runs 76.0 pp 87.0 pp 57.1 pp 66.1 pp 90.5 pp
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Figure. 2 Blocked-start recovery along the training course, and the composition of the failures. A) NPC-1 recovery of each of the six
independent training runs of both architectures at the 30-, 45-, 60-, 90- and 120-min checkpoints, with the across-run mean and its exact
bootstrap interval. B) Failure-class composition per checkpoint, as a share of clean blocked-start pair episodes.

factored dual-head arm (p = 0.69). Between architectures, the
difference in mean recovery (factored dual-head minus flat-
joint) is −8.2, −0.5, −9.3, +0.9 and −5.3 percentage points at
the five checkpoints, with permutation p-values of 0.60, 0.98,
0.56, 0.95 and 0.80. At no checkpoint is either architecture
separable from the other. The interaction that would corre-
spond to the original observation, a 60-to-120-min change that
differs between architectures, is estimated at +3.9 points with
a permutation p of 0.89 over the twelve within-run changes.

These are not null results in the sense of small effects pre-
cisely estimated: the within-run changes have standard de-
viations of about 40 percentage points in the flat-joint arm
and 50 in the factored dual-head arm (41.7 and 50.7 with the
n−1 divisor), and the exhaustive bootstrap intervals for the
differences of run means (Supplementary Table S4) are cor-
respondingly wide. The architecture difference at 120 min is
−5.3 points with a 95% interval of [−39.6, +30.3]. The 60-to-
120-min within-run change is −2.2 points [−32.1, +28.4] for

the flat-joint arm and +1.7 points [−34.9, +36.8] for the fac-
tored dual-head arm. The interaction is +3.9 points [−44.5,
+51.0]. What the tests and intervals establish is that the data
are consistent with no systematic effect of training duration or
architecture and that the runs disagree widely. An interval that
crosses zero is not evidence of equivalence. The picture that
replaces the original trajectory is instability of run-level out-
comes: factored dual-head runs that collapse to zero recovery
at 30 or 45 min (0 of 10 pair episodes in each case) recover
by the next checkpoint, one run of each architecture ends the
course at zero at 120 min (0 of 12 and 0 of 13) with no later
checkpoint to observe, and a single run at a single checkpoint
carries less information about the architecture than about the
run.

Legacy checkpoints under the new protocol

The four original checkpoints were re-evaluated on the fixture
bank with the same harness as the replicated arms, so a gap
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against the figure originally reported reflects the protocol and
evaluation sampling rather than a change in the checkpoint’s
capability. The gaps are large and run in both directions (Table
8).

Two cautions attach to this table. The original windows ran
620.6 s against 598.8 to 600.9 s (mean 599.7) for the twelve
bridge windows here, and the fixture bank changes how many
encounters a window yields, so only the rates should be read
across, not the counts. The spread across the three evalua-
tion seeds in each cell (57.1–71.4%, 50.0–62.5%, 0.0–33.3%,
0.0–0.0%) is evaluation noise for one training run, not a run-
level interval, and must not be read beside those of Tables 6
and 7. Under the revision protocol, both legacy runs also re-
cover less at 120 min than at 60 min (65.0% to 11.1% and
55.6% to 0.0%). Each is one training run scored over 10 to 27
pair episodes, so these are two further single-run trajectories
of the kind seen among the replicated runs, not independent
evidence of a systematic decline.

Fixed-opponent evaluation

Self-play recovery describes the two networks of one training
run against each other. Table 9 reports the same checkpoints
against a different, independently trained run of the same ar-
chitecture at the same checkpoint, arranged as a ring over the
six runs (70001 against 70002, and so on to 70006 against
70001), so that each evaluated run meets one foreign oppo-
nent and each run serves once as the evaluated side and once
as the opponent. Each pairing uses three 600 s windows, with
recovery reported for the run named first.

Against a foreign opponent, the means move by 2 to 12
points relative to self-play, and every cross-play mean falls
inside the self-play interval of the same cell. This is a de-
scriptive observation, not a test that the two conditions share
a level. The spread across pairings is also wide: two runs
of the same architecture, at the same checkpoint, recover in
88.6% and 13.9% of their blocked starts against their respec-
tive opponents (flat-joint run 70005 against 70006, and run
70004 against 70005, at 60 min), so a fixed-opponent evalua-
tion built on a single reference policy would itself have been
a single draw45. The fixed-opponent condition therefore adds
no precision: recovery cannot be separated from the pairing,
and both conditions show wide dispersion whose sources the
design cannot decompose. Table 10 adds the conventional
combat metrics.

At the 120-min factored dual-head checkpoint, the hit rate
still looks healthy (24/29, 82.8%) while the volume of com-
bat has collapsed: 29 swings across 100 blocked-start pair
episodes, 76 of 85 ended pair episodes closing with no kill
at the stalemate cutoff, and NPC-1 recovery of 9/100 (9.0%).
A dashboard tracking hit rate alone would have missed it.

The same metrics for the replicated runs are in Supplemen-

tary Table S2 (where no-kill also includes pair episodes still
open at the window cutoff), pooled over the six runs of each
architecture and descriptive only. The hit rate there is high and
nearly flat across all ten cells, 84.0% to 95.5%, while pooled
recovery moves between 35.1% and 76.0% and median en-
counter length between 10.6 and 90.0 s.

The chain shows where recovery is lost (Supplementary Ta-
ble S3). Reaching sword range is almost never the obstacle
(86.2% to 94.2% of blocked-start pair episodes in every cell).
What separates the cells is regaining LOS (57.7% to 82.7%)
and swinging (37.2% to 77.2%). The 30-min factored dual-
head checkpoint is the clearest case: 82.7% regain LOS and
94.2% reach range, the highest of any cell, yet only 37.2%
ever swing. In every cell, the share landing a hit is within
3 points of the share swinging, so the failures are failures to
regain sight or to attack, not of the attack itself.

Discussion

Lessons for game-AI practice

Three lessons concern the protocol. The first is to make the
pair episode the scoring unit. The second is to record each
pair episode’s start condition and failure class, which separates
blocked-start recovery from clear-start combat and failure to
route from failure to attack. The third is to keep headline and
excluded evidence separate, so that excluded evidence stays
auditable without entering the headline table.

The fourth lesson is to re-test continued checkpoints across
independent runs before replacing an earlier model: across six
runs per architecture, neither the original collapse nor the ar-
chitecture difference recurred as a systematic effect, and the
between-run variation is wide enough to produce either result
from a single run.

Limitations

Several limitations bound what the study can show. First, the
action space is small and masked: the twelve joint actions are
nominal, and the distance-zone mask leaves one executable
movement beyond 8 studs and one between 4.8 and 8, so most
real choices occur inside sword range and part of the route
around cover is produced by the engine’s move-to behavior
and the stuck-override rule rather than by the learned policy.
The factored dual-head model was not tested on any larger
compositional space, and nothing here predicts its behavior in
the regime action branching was designed for28. Second, the
networks apply the hyperbolic tangent to their output layer,
so every network output is bounded in (−1, 1) and the fac-
tored dual-head model’s reconstructed joint values in (−11/3,
11/3), while a single decision’s reward can reach ±4 for a hit,
+70 for a kill or below −10 under the passive penalty, and
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Table 8 The four original checkpoints re-evaluated under the revision protocol. Each cell is one training run scored over three 600 s
windows on the frozen fixture sequence, and the unit here is the evaluation seed rather than the training run. The last two columns give the
Original protocol figures of Table 4 (NPC-1 recomputed from the original ledger, and any-side as originally reported). Compare NPC-1 with
NPC-1 and any-side with any-side, since the two idioms differ for the factored dual-head rows.

Checkpoint Clean
blocked-start
pair episodes

NPC-1
recovery

Any-
side

Both-
side

Original
protocol: NPC-1
(Table 4)

Original protocol:
any-side (Table 4)

60-min flat-joint 20 13/20
(65.0%)

65.0% 65.0% 33.6% 33.6%

60-min factored
dual-head

27 15/27
(55.6%)

59.3% 55.6% 50.0% 68.6%

120-min
flat-joint

18 2/18 (11.1%) 11.1% 11.1% 33.7% 33.7%

120-min
factored
dual-head

10 0/10 (0.0%) 0.0% 0.0% 9.0% 13.0%

Table 9 Blocked-start recovery of NPC-1 against a different training run of the same architecture (fixed-opponent condition). Six seed
pairings of three windows each per row. Mean, median, range and interval are over the six pairings, and the self-play mean is from Tables 6
and 7. The pairings reuse the six training runs, each run appearing once as the evaluated side and once as the opponent, so they are not six
independent replicates. The interval is the exact enumerated bootstrap over pairings, given as a descriptive summary of their spread, and is not
interchangeable with the run-level intervals of Tables 6 and 7.

Architecture Checkpoint Pairings Clean
blocked-start
pairs

Mean Median Range 95% interval Self-play
mean

Flat-joint 60 min 6 158 55.5% 57.4% 13.9% to
88.6%

[35.8, 73.1] 58.0%

Flat-joint 120 min 6 126 43.9% 55.4% 7.1% to
70.8%

[24.0, 63.2] 55.8%

Factored
dual-head

60 min 6 168 43.9% 46.0% 5.0% to
87.1%

[20.8, 67.1] 48.7%

Factored
dual-head

120 min 6 129 46.9% 42.0% 5.6% to
84.6%

[26.6, 67.7] 50.4%

Table 10 Conventional combat metrics beside the encounter-level metric, over the clean blocked-start pair episodes of Table 4. Recom-
puted from the parsed ledger of the original runs. Damage equals 10 × hits. Duration is censored at the stalemate cutoff (90 s without a hit) and
at window end. “Ended” pair episodes are those closed by a death (a win for the other side) or by the stalemate cutoff (“no kill”). Pair episodes
still open at window end are not in the win split.

Checkpoint Swings Hits (rate) Wins NPC-1 /
NPC-2 / no kill

Median
duration (s)

NPC-1 recovery Any-side
recovery

60-min flat-joint 426 343 (80.5%) 25 / 27 / 46 90.0 36/107 (33.6%) 36/107 (33.6%)
60-min factored
dual-head

706 699 (99.0%) 26 / 61 / 9 10.3 51/102 (50.0%) 70/102 (68.6%)

120-min flat-joint 464 445 (95.9%) 25 / 30 / 35 90.0 34/101 (33.7%) 34/101 (33.7%)
120-min factored
dual-head

29 24 (82.8%) 7 / 2 / 76 90.0 9/100 (9.0%) 13/100 (13.0%)
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the temporal-difference error is clipped to ±10 before back-
propagation. The networks therefore learn a ranking of actions
rather than a calibrated return, and this, with the 35-transition
buffer, the absence of a target network and the constant ex-
ploration rate, is a generic source of instability26,27 that we
cannot separate from any property of the two output heads.
A preregistered screen of this fragility (Supplementary Table
S6) trained 42 further flat-joint runs: six variants of the con-
figuration at six runs each (a hard-updated target network; a
5,000-transition buffer with 32-sample updates; a linear out-
put layer; hit and damage rewards scaled to one quarter; and
the larger buffer with weight decay at two strengths) plus a six-
run replication of the larger-buffer variant, each run evaluated
at 60 and 120 min on the same fixtures. No screened candidate
setting met all three preregistered criteria: between-run dis-
persion below the original configuration’s; no 60-to-120-min
decline by the screen’s rule (a one-sided sign-flip p ≥ 0.05 on
the mean change and a median change of at least −5 points);
and final weights within the screen’s bound of 1.5 times the
largest absolute weight of the original runs. The larger-buffer
variant passed the non-decline rule in both cohorts, but its me-
dian 120-min recovery in replication was below the original’s
on the screen’s windows (49.4% against 65.5%) and two of its
twelve runs exceeded the weight bound. The original config-
uration was retained because the screen selected no replace-
ment, not because it was shown to be stable. The screen does
not locate the source of the instability among these settings.
Third, all results come from one 60 × 62 stud arena with
one U-shaped cover and one straight-wall occluder. Trans-
fer to other layouts, cover positions or opponent placements
is untested. A descriptive split of the replicated runs by the
occluder that blocked NPC-1 at the start (Supplementary Ta-
ble S5) puts run-mean recovery behind the straight wall above
that behind the U-shaped cover in eight of ten architecture-by-
checkpoint cells (at 120 min, 65.5% against 43.7% flat-joint,
59.9% against 39.5% factored dual-head). The two occlud-
ers differ in shape, position, start distance and fixture compo-
sition at once, so the split describes this arena and supports
no claim about occluder shape or other layouts. Fourth, each
NPC trains against an opponent that is itself learning, so be-
havior is the product of two co-adapting policies31,32. The
fixed-opponent condition of Table 9 bounds rather than re-
moves this: means move by 2 to 12 percentage points, but
the spread across the six ring pairings, each of which changes
both the evaluated run and its opponent, is wide, as is the
spread across runs in self-play. With one foreign opponent
per run, the design cannot separate the evaluated run’s contri-
bution from the opponent’s, so recovery cannot be attributed
to the policy under test alone. Fifth, the training horizon is
wall-clock rather than a fixed number of updates, so a policy
that becomes passive collects fewer transitions and fewer up-
dates per minute, confounding longer training with more up-

dates. Each run-level rate also pools only three windows, 10 to
109 clean blocked-start pair episodes, so evaluation sampling
within a run and differences between runs are not separated
by the design. Sixth, the reward was designed for engage-
ment and contains no explicit LOS-recovery term. The eval-
uation records where each blocked-start pair episode stopped
along the chain (Supplementary Table S3) but does not de-
compose the reward: the training logs hold per-life totals only,
with no per-decision breakdown and no link to pair episodes.
The evidence is therefore behavioral: it shows that the chain
is traversed under this reward, not that the reward’s compo-
nents produce it. A reward-component analysis and a shaping
ablation are left to future work. Also left to future work are
a structural ablation of the factored dual-head model (value
stream, separate branches, additive reconstruction), variation
of weapon range, movement speed, health and arena size,
a comparison with a classic dueling DQN or a lightweight
policy-gradient learner, and comparisons at matched compute
budgets. The configuration screen above tried a target net-
work and a larger buffer but is not such a comparison. Finally,
the raw server logs of the original runs were not retained, so
their update counts cannot be recovered and the seed of the
120-min flat-joint continuation is unrecorded. The replicated
experiments record both for every run.

Impact and significance

The platform choice is part of the study’s significance. The
value of this small DQN-style setup is not that it replaces ma-
ture stacks3 or the creator-built external route13 but that it
shows a lower-overhead path for creators without a GPU or a
lab: discrete CPU-friendly policies inspectable with ordinary
Studio logs and pair-episode labels.

Two parts of the work should be distinguished. The eval-
uation protocol is platform-agnostic: pair-episode segmenta-
tion on death and respawn boundaries, realized start-condition
labels, an active-attack success rule, a failure taxonomy sep-
arating failure to get around cover from failure to attack, an
explicit clean/excluded ledger, and re-testing of continued
checkpoints across runs. Each needs only positions, a LOS
query and combat events exposed to a script, which Unity, Un-
real, Godot and Minecraft mods all provide. The training en-
velope is Roblox-specific: CPU-only Luau under a per-frame
budget, Actor parallelism without shared memory46, HttpSer-
vice as the only external channel at 500 requests per minute
per server11, and DataStore as the checkpoint store. Both
routes share one sampling ceiling: the simulation runs in real
time at about 60 Hz with no time acceleration, a place cannot
be replicated cheaply into headless instances, and an external
bridge is capped by the request limit above, so neither route
collects experience faster than the game plays. On a platform
with a first-party trainer3,4,8, the same protocol would sit on
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top of an external trainer.

Conclusion

Protocol contribution
The transferable artifact is a compact evaluation protocol for
LOS-dependent NPC combat: pair-episode scoring, blocked-
start labels, an active-attack success rule, a clean/excluded
ledger, and failure-class labels separating failure to get around
cover from failure to attack. None depends on the DQN vari-
ant used.

Empirical findings
In the original single-run trajectory, the factored dual-head
model recovered from blocked starts more often than the flat-
joint model at 60 min and collapsed by 120 min, mainly by
failing to get around the cover. Across six independent runs
per architecture, neither the drop nor the advantage recurred
as a systematic effect (exact sign-flip p = 0.84 and 0.94; per-
mutation p from 0.56 to 0.98), while the between-run range at
a fixed checkpoint was 34 to 90 percentage points, with indi-
vidual runs collapsing to zero recovery and, except at the final
checkpoint, recovering again. The original observation stands
as the case that motivated the protocol, not as evidence that
either parameterization is superior or that continued training
degrades one of them. We do not claim that one DQN param-
eterization is better in general.
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