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ABSTRACT

World models promise sample-efficient multi-agent reinforcement learning by let-
ting policies learn from imagined interaction. Imagination, however, introduces a
fundamental ambiguity: a trajectory with high learning signal may expose a gen-
uine weakness of the task-solving policy, or may simply reflect inaccurate world-
model predictions. A curriculum that prioritises such experience without ac-
counting for model fidelity can therefore reinforce world-model errors rather than
improve the agents. We introduce PROWL-2, a fidelity-gated dual-curriculum
framework that maintains one curriculum for training the task agents and a sec-
ond for discovering and repairing world-model failures. PROWL-2 scores imag-
ined experience along two axes—learning potential and world-model fidelity mea-
sured against the real environment—and routes it accordingly: reliable, informa-
tive rollouts are promoted to the agent curriculum, while unreliable ones are sent
for world-model repair. A dedicated developer policy actively searches for fur-
ther model failures, and repaired regions are re-evaluated before re-entering agent
training, closing the loop between world-model improvement and policy learn-
ing. On cooperative tasks in StarCraft Multi-Agent Challenge v2 (SMACv2) and
the Multi-Agent Quadruped Environment, spanning discrete combat and continu-
ous robotic collaboration, PROWL-2 matches or outperforms strong model-based
baselines and its own repair-only and ungated ablations in every setting at matched
task-policy interaction, with the largest gains on the hardest tasks. Our results
show that learning inside world models requires deciding not only which imag-
ined experience is useful but which is trustworthy and that making this distinction
explicit turns world-model failures into a source of policy improvement rather
than a cause of policy error.

1 INTRODUCTION

Multi-agent reinforcement learning (MARL) has made substantial progress in cooperative decision
making, driven largely by model-free methods (Nguyen et al., 2020; Lowe et al., 2020; Foerster
et al., 2018; Rashid et al., 2018; Yu et al., 2022). Coordination, however, is expensive to learn: par-
tial observability forces each agent to act on incomplete information, and inter-agent dependencies
make the joint state-action space grow rapidly with the number of agents, so model-free algorithms
typically require extensive environment interaction before coordinated behavior emerges (Ning &
Xie, 2024; Huh & Mohapatra, 2024). The difficulty compounds when agents must stay robust across
varied task instances, as in the StarCraft Multi-Agent Challenge v2 (SMACv2) (Samvelyan et al.,
2019; Ellis et al., 2023) and the Multi-Agent Quadruped Environment (MQE) (Xiong et al., 2024).
World models address the interaction cost by learning the environment’s dynamics and letting poli-
cies train on imagined trajectories rather than real ones (Ha & Schmidhuber, 2018; Hafner et al.,
2020; Robine et al., 2023; Zhang et al., 2023; Micheli et al., 2023; Hafner et al., 2024; Alonso
et al., 2024; Hafner et al., 2025), and a growing family of multi-agent world models has brought
these sample-efficiency gains to cooperative MARL (Egorov & Shpilman, 2022; Zhang et al., 2024;
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2025; Toledo & Prorok, 2024; Zhao et al., 2026). Once trajectories can be generated on demand,
however, the question becomes which of them are worth learning from.

Curriculum methods select experience by learning potential, typically some form of value or
temporal-difference (TD) error, on the premise that experience the agent predicts poorly is expe-
rience it has something to learn from (Schaul et al., 2016; Jiang et al., 2021; Giizel et al., 2025).
Inside a world model this premise breaks, because a high-error trajectory is ambiguous: it may
expose a real weakness of the current policy, or it may be a low-fidelity rollout whose predicted dy-
namics the agent cannot value correctly because they never occur in the environment; compounding
world-model error is a known failure mode of learning in imagination (Janner et al., 2019; Buckman
et al., 2018). Recent methods address the two sides of this problem separately, and both for a single
agent: Imagined Autocurricula (IMAC) prioritizes imagined experience by agent-side learning po-
tential but assumes a fixed world model during policy learning (Giizel et al., 2025), while PROWL-1
(Prioritized Regret-driven Optimization for World-model Learning; Giizel et al., 2026) actively dis-
covers and repairs world-model failures but maintains no curriculum over what the policy trains on.
Neither couples the two, although they depend on each other: world-model errors matter most where
the agent trains, and training is reliable only where the world model is accurate.

We introduce PROWL-2, a fidelity-gated dual-curriculum framework for cooperative multi-agent
learning that couples both learning problems into one continual process. The agent curriculum
prioritizes where the policy practices in imagination, whereas the developer explores the real en-
vironment for where the world model fails. A fidelity gate then decides which of that exploration
and the agent’s own practice may feed into policy training. Unlike their single-agent counterparts,
both curricula operate on the joint problem: start states index joint action—observation histories, the
developer acts for all agents jointly, and fidelity is measured on per-agent, coordination-relevant
quantities (Section 4.2). Our key contributions are as follows:

* We introduce PROWL-2, a framework that trains the task-solving agents and the world
model with two coupled curricula: one chooses where the agents train in imagination, and
the other repairs the world model on failures found by a developer policy as well as the
agents’ own curriculum.

* We propose a fidelity gate that separates informative imagined experience from world-
model errors: it checks the most promising imagined experience against real trajectories,
withholds what the world model fails to predict, sends it for repair, and returns it to training
once fixed.

* Across SMACvV2 and MQE, using an actor—critic and a planning backbone, we find that the
curricula are not additive: repair alone yields only modest improvements and the ungated
curriculum falls below the backbone’s performance in all nine SMACv2 scenarios, whereas
adding the fidelity gate turns the same curriculum into the largest single gain, reaching two
to four times the backbone’s success rate on the hardest MQE tasks.

2 RELATED WORK

Multi-agent model-based reinforcement learning. Cooperative MARL is commonly studied un-
der centralized training with decentralized execution (Olichoek & Amato, 2016; Sunehag et al.,
2017), where model-free methods such as QMIX and MAPPO provide strong baselines (Rashid
et al., 2018; Yu et al., 2022) at the cost of substantial environment interaction. Model-based MARL
reduces this cost by learning approximate dynamics and training policies on generated experi-
ence. MAMBA extends Dreamer-style (Hafner et al., 2020) latent models with cross-agent attention
(Egorov & Shpilman, 2022); CoDreamer adds a graph communication module (Toledo & Prorok,
2024); MARIE pairs decentralized local dynamics with centralized representation aggregation in a
Transformer world model (Micheli et al., 2023; Zhang et al., 2024); DIMA models the joint transi-
tion through a diffusion-inspired denoising process (Zhang et al., 2025); and SeqWM decomposes
joint dynamics into sequential agent-wise models for multi-robot cooperation (Zhao et al., 2026).
Model-based MARL has also been surveyed (Wang et al., 2022), and MAZero brings MuZero-
style planning to the multi-agent setting (Liu et al., 2024). These methods address how multi-agent
dynamics should be represented. PROWL-2 addresses which of the experience an imperfect, im-
proving world model generates should train the policy; it changes the experience distribution and
leaves the world model and the MARL algorithm unchanged.
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Curriculum learning and adaptive experience. Curriculum learning improves sample efficiency
by controlling what the learner experiences rather than only how it is optimized (Bengio et al., 2009).
Prioritized level replay (PLR) preferentially replays levels with high learning potential (Schaul et al.,
2016; Jiang et al., 2021), and PAIRED and ACCEL extend this to unsupervised environment design
(UED), generating challenges near the frontier of an agent’s ability (Dennis et al., 2020; Parker-
Holder et al., 2022), and MAESTRO extends it to multi-agent settings (Samvelyan et al., 2023).
These methods select or generate levels that are then executed in the true environment, so the learn-
ing signal they prioritize is never an artifact of the simulator producing it, although the learning-
potential proxies themselves are imperfect (Jiang et al., 2022; Rutherford et al., 2024). Imagination
removes that guarantee. IMAC applies PLR-style prioritization to imagined experience but holds
the world model fixed during policy learning (Giizel et al., 2025); PROWL-1 instead uses an adver-
sarial developer policy to discover learnable model failures for continual repair, but maintains no
curriculum over what the task policy trains on (Giizel et al., 2026). Fidelity in PROWL-2 is always
realized prediction error against a recorded continuation, which distinguishes it from ensemble-
disagreement estimates of uncertainty (Chua et al., 2018; Kurutach et al., 2018; Pathak et al., 2019);
disagreement may still serve as a search heuristic for the developer, but never as the criterion that
admits experience to policy training. Selective trust in a learned model has been studied in single-
agent model-based reinforcement learning through short or adaptive rollouts (Pan et al., 2020; Janner
et al., 2019), uncertainty-weighted targets (Buckman et al., 2018; Feinberg et al., 2018), selective
planning (Abbas et al., 2020), and uncertainty penalties in offline MBRL (Yu et al., 2020; Kidambi
et al., 2020). These methods trust the model less where it seems unreliable. PROWL-2 instead mea-
sures reliability against real trajectories, withholds what fails from training, and repairs the model
there.

3 PRELIMINARIES

Cooperative MARL and world models. We consider a fully cooperative decentralized par-
tially observable Markov decision process (Dec-POMDP) (Oliehoek & Amato, 2016) M =
N, S, A, P,R,Q,0,v) with agents N = {1, ..., n}, states s; € S, joint action space A = [, A%,
transition distribution P(s;41 | S¢,a;), shared team reward r; = R(s;,a;), observation spaces
Q =[], Q° with observation functions O = {O%}?_,, and discount factor vy € [0, 1). Each agent re-
ceives a local observation 0! = O'(s;) and acts through a decentralized policy ai ~ 7¢(- | hl)
conditioned on its action-observation history, with the joint policy 7 = {x?}” ; maximizing
J(m) = Ex p[>°, 7Y R(s¢,a;)]. Model-based MARL adds a learned world model Mp(h;,a;) —
(0¢41, Tat, cztﬂ), where h; = {hi}"_, is the joint history and tjt+1 denotes continuation; applied
autoregressively, it generates imagined rollouts of horizon 7" on which an actor—critic policy with
critic V,, is optimized without environment interaction (Zhang et al., 2024).

Prioritizing imagined experience. IMAC ports PLR’s prioritized replay (Jiang et al., 2021) into
a learned world model (Giizel et al., 2025): a start state £; = (e;, t;) indexes timestep ¢; of recorded
episode e;, from which the current world model and policy generate an imagined rollout. We write
B for the buffer of such keys. Letting 6; = 7, + vd; Vi (2e41) — Vip(2¢) be the imagined temporal-
difference residual, with 2, the world model’s latent state at imagined step ¢, the learning potential
of ¢; is its positive value loss over the rollout,

T—-1T-1

sall) = S0 S (N Bely, ey = max(0,2), m

t=0 k=t

where A € [0, 1] is the generalized-advantage parameter. The score emphasizes start states where
imagined returns exceed what the critic currently predicts; the residuals are recovered from the
generalized-advantage estimates the actor—critic update already computes (Schulman et al., 2015).
Whether such a rollout can be trusted, however, cannot be determined from inside imagination.
Section 4 grounds that decision in the environment and couples it to active world-model repair.
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Figure 1: Overview of PROWL-2, with the three parts described in Section 4: task policy curricu-
lum learning (top left), world-model curriculum learning (top right) and dual curriculum learning
(bottom).

4 PROWL-2: FIDELITY-GATED DUAL CURRICULA

PROWL-2 involves two policies and a world model. The task policy g is the multi-agent policy
we want to train; it learns inside the world model My from imagined rollouts. The developer policy
7p never acts for the task; it searches the real environment for states on which My fails. The
world model My is itself a learner: it keeps training on real experience as in its backbone, and is
additionally repaired on the failures the developer policy explores and those the task policy meets
during training. PROWL-2 organises their training in three parts, shown in Figure 1.

Task policy curriculum learning (Section 4.1) decides where the task policy trains, by ranking
the start states of its imagined rollouts in a buffer Bg by learning potential. World-model cur-
riculum learning (Section 4.2) decides where the world model is repaired, by collecting the real
trajectory segments it mispredicts in a pool Byyyr. Dual curriculum learning (Section 4.3) couples
the two through a fidelity gate, which tests the task policy’s start states against the real environment,
withholds those the world model mispredicts, and sends them for repair.

The task policy therefore trains only where learning potential is high and the world model’s rollouts
are high-fidelity, and the world model is repaired where the task policy needs it. As repair makes
the world model reliable on harder start states, those states return to training, so the curriculum can
grow harder as the world model improves. PROWL-2 is world-model agnostic: it changes what the
world model and the task policy train on, not their architectures or objectives. We instantiate it on
two backbones of different kinds, the actor—critic learner MARIE (Zhang et al., 2024) on SMACv2
and the planning learner SeqWM (Zhao et al., 2026) on MQE. Appendix D gives pseudocode for
PROWL-2, and Appendix E lists all hyperparameters.

4.1 TASK PoLicy CURRICULUM LEARNING

Task policy curriculum learning builds on IMAC (Giizel et al., 2025), which prioritises the start
states of imagined rollouts for a single agent, and extends it to the multi-agent setting: a start state
¢ = (e, t) in the task policy curriculum buffer B¢ indexes the joint action—observation history of all
agents at step t of a recorded episode, and imagination rolls all agents forward together from it.

Learning potential. On SMACv2, where the task policy is an actor—critic trained in imagination,
we define a start state’s learning potential by IMAC’s positive value loss sg(¢) (Eq. 1), averaged
over agents. For MQE, where the task policy is a planner whose twin critic ()1, Q2 trains on real
transitions, we measure it on real replay instead, as the magnitude of the critic’s temporal-difference
residual dg = yo — Q1(2(00), ap) on a recorded transition (og, ag), where z(og) is the encoded
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latent state and yq the critic’s multi-step temporal-difference target from the recorded rewards and
the target critic’s value of the recorded successor.

Curriculum buffer sampling. We update a start state’s score every time it is replayed. On
SMACV2, with probability p we draw a batch of start states from Bg by PLR’s rank-based pri-
oritisation with staleness (Jiang et al., 2021), and otherwise uniformly from replay; on MQE, we
draw a fraction p of each critic and actor batch in proportion to |[dg|. In both cases we exclude start
states in quarantine, whose fidelity error exceeds the gate threshold (Section 4.3). Policy learning
depends on how faithful the world model is where it trains: on SMACV2 every update comes from
imagined rollouts, and on MQE the planner chooses every action from the world model’s rollouts.
Without a check against real data, a state the world model mispredicts can look like one with high
learning potential and steer the task policy towards the world model’s own errors, as in IMAC, which
trusts its world model everywhere; the quarantine removes this weakness.

4.2 WORLD-MODEL CURRICULUM LEARNING

To repair the world model where it fails, we build the world-model curriculum on PROWL-1 (Giizel
et al., 2026), which trains a developer policy to find the failures of a single-agent world model and
repairs the world model on them. We extend it to the multi-agent setting: the developer policy acts
for all agents jointly, and we score failures on per-agent, coordination-relevant quantities rather than
a single reconstruction loss. In contrast to PROWL-1, the developer policy starts from a random
initialisation, instead of a copy of the task policy. This leads to a higher task-policy win rate as we
show in our ablation (Appendix C).

Developer policy. The developer policy 7 runs in its own instance of the real environment and
never acts for the task. As in PROWL-1, on SMACv2 we train 7 with PPO (Schulman et al., 2017)
to maximise

Ip(mD) = Ermp [R(7)] = ek1 Bsmp [Drr(mp (- | 8) || et (- | 8))] )

where R(7) is the reward of a collected segment 7, 7. a frozen copy of the developer policy at
its random initialisation, D1, the Kullback—Leibler divergence between their action distributions at
state s, and ckr, its weight. The KL term keeps the developer policy close to its random initialisa-
tion while it learns to favour states where the world model fails, and prevents the entropy collapse
observed without it (Appendix C). Unlike regret-based adversaries in environment design (Dennis
et al., 2020; Parker-Holder et al., 2022), which seek failures of the task policy, the developer policy
seeks world model failures. On MQE, the developer is the task planner itself, run in its own environ-
ment instance with a bonus facq|@1 — Q2| for twin-critic disagreement that steers it towards states
where the world model is likely to fail. The bonus only affects where the developer collects data;
which experience the task policy trains on is still decided by the fidelity gate, never by disagreement.

Reward and failure score. To reward only failures the world model can learn from, we score each
segment before and after the repair update that follows it:

R(7) = sgii”™(r) + Bup (spii™ (1) — shaif™ (7)), 3)

where O p weights a learning-progress term (Oudeyer et al., 2007; Portelas et al., 2019) that steers
the search away from errors the world model cannot learn. The failure score sg,;; measures how
badly My predicts a recorded real segment 7 = (0.7, @0:H—1, T0:H—1, Mo:H—1) Of observations,
joint actions, team rewards and available-action masks. We roll My forward from the segment’s
start under the recorded actions, and compare each prediction with the recorded continuation. Both
follow the same actions from the same state, so any divergence is the world model’s error, and no
new interaction is needed. Because low prediction loss does not guarantee good control (Lambert
et al., 2020; Grimm et al., 2020), we choose the errors Ey(7) for their relevance to control. On
SMACV2 we use k € C = {death, mask, r, obs} (ally death timing read from each unit’s predicted
health, available-action-mask disagreement, reward and observation error), and on MQE per-agent
latent error at horizons 1-3 and reward error (Appendix A). We standardise each error against its
running statistics, which puts the errors on a common scale, and average them with equal weights
wy = 1/|C|:

E(r) — o
Stait (T) = Y _ wy, M7 4)
kec Tk
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where [i;, and o are exponential moving averages of the mean and standard deviation of Ej over
recent developer and matched random-policy episodes, which keep the reward informative as errors
shrink. On MQE, where the developer policy is not trained, we compute the statistics over the
segments currently in Byyy.

World-model repair mechanism. The world-model curriculum buffer By holds recorded real
segments of two kinds: (i) those collected by the developer policy and (ii) the continuations of high-
learning-potential start states from the dual curriculum (Section 4.3) whose world-model rollouts
diverged. Each entry j has a priority p;: the failure score for developer segments, and the start
state’s learning potential for curriculum segments, so repair focuses on the states the task policy is
waiting to use. The world model trains on a blend of ordinary replay D, and the pool:

Dwwm ~ (1 — pws) Denv + pwm Bwm, (5)

with repair fraction pwir and pool entries sampled o< exp(p;); the objective is unchanged, and
repair updates run after each developer cycle. Developer entries lose priority over time and are
evicted once their priority falls below a fixed bar; when the pool is full, the lowest-priority entry is
evicted. Whereas PROWL-1 repairs the world model only where the developer policy finds errors,
PROWL-2 also repairs it on the high-learning-potential trajectories of the task policy curriculum.

4.3 DUAL CURRICULUM LEARNING

Dual curriculum learning, the novel component of PROWL-2, combines world-model repair with
task-policy training. It couples the two curricula through a fidelity gate, which decides from which
start states of the task policy curriculum the world model produces high-fidelity rollouts. Each
start state £ = (e, t) in B points into the replay buffer Dy, so its real continuation 7, is already
stored and can be evaluated at no extra cost, leaving the task policy’s stochastic imagined training
unchanged. The gate rolls My forward from step ¢ under the recorded actions, as in Section 4.2,
and measures the errors E(7¢) against the recorded continuation. We then standardise them against
fixed reference statistics, the mean ! and standard deviation o°f of E}, on random replay of the
backbone, computed before PROWL-2 starts and never updated, and average them with the same
equal weights wy, = 1/|C]:

Eun(7m) — ref
Fo(t) = 3wy, PO ©)
keC

Ok
We call Fy(¢) the fidelity error of ¢: larger values indicate that the world model’s rollout from ¢
departs further from the recorded continuation.

Fidelity gate threshold. A start state is quarantined when its fidelity error exceeds a threshold
ewm- On SMACV2 we use eyt = 0.5, which lies at the 72nd—83rd percentile of the backbone’s
fidelity error on its reference data, so the gate quarantines a start state when the world model predicts
it worse than it predicts 72-83% of the backbone’s replay (Appendix B.1). The threshold is fixed
on the reference scale rather than set relative to each audit: a percentile of each audited batch would
quarantine a fixed fraction regardless of how accurately the world model predicts it, whereas a fixed
threshold quarantines fewer states as the world model improves. We set it once before training and
use it in every SMACV2 scenario and method without tuning.

Gating mechanism. Every Ny, environment transitions, the gate audits two groups of start
states. The first comprises the K highest-priority states in B¢, which the curriculum samples most
often and where world-model errors are therefore most harmful. Restricting the audit to them also
bounds its cost. The second comprises all states in the quarantine set (), which we re-audit to de-
termine whether repair has restored their fidelity. Each audited state ¢ is admitted to training if
Fy(¢) < ewn and quarantined in @) otherwise; we exclude quarantined states from sampling until
re-admission.

Exchange between the curricula. The gate moves start states between the two curricula in both
directions. From Bg to Bwn: a quarantined state keeps its entry in Bg but is no longer sampled
for training, and its recorded continuation 7y is added to By for repair. This breaks the feedback
loop in which a world-model error inflates a state’s learning potential and the task policy continues
to train on the error. From By to Bg: we re-evaluate quarantined states at each subsequent audit.
After npaes consecutive passes, a state’s learning potential is recomputed under the repaired world
model, its segment leaves By, and it returns to training; after ng,; failed audits, it is removed from
both curricula.
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5 EXPERIMENTS

5.1 SMACvV2

We evaluate PROWL-2 on nine procedurally varying SMACv2 scenarios: 5v5, 10v10, and 10v11
combat for each of Terran, Protoss, and Zerg, where 10v10 scales coordination and 10v11 adds a
numerical disadvantage. We compare against MARIE (Zhang et al., 2024), the model-based learner
PROWL-2 is built on, and five model-free baselines: QMIX (Rashid et al., 2018), QPLEX (Wang
et al., 2021), MAPPO (Yu et al., 2022), HAPPO, and HATRPO (Kuba et al., 2022). All methods
train the task policy mo on 1M real environment steps with identical task-policy update counts.

In Repair, Dual and PROWL-2 (Table 1), the world model also performs 25 repair updates per de-
veloper cycle on batches mixing Dey,y and Bww (Eq. 5), about 6% more world-model gradient steps
than MARIE, and the developer policy is trained with its own PPO updates. Filling By requires
the developer 7p to interact with a separate environment instance, a cost that is substantial: count-
ing the matched random-policy rollouts used to normalise its reward, the developer adds between
one and two times the task-policy interaction on SMACv2 (roughly 8% on MQE), with compute
in Appendix G. Repair carries this same cost and gains little (Table 1), so neither the additional
interaction nor the repair updates are the origin of PROWL-2’s gain. Each seed trains the backbone
alone until 100K steps on 5v5 and 200K on 10v10 and 10v11, after the knee of its world-model
loss curve (Appendix F). PROWL-2 and its ablations branch from this shared checkpoint, where the
developer policy is initialised, so all arms of a seed are identical up to it (dashed lines in Figure 2).
Evaluation runs 10 stochastic episodes every 500 steps, identically across methods and not charged
to the budget; reported win rates average the final 200 evaluation points per seed, mean + standard
error over three seeds. Hyperparameters are in Appendix E.

Table 1: Performance and ablation on SMACv2. Evaluation win rate (%, 1) across nine pro-
cedurally varying combat scenarios, mean =+ standard error over three seeds. Model-free baselines
on the left; model-based methods sharing the MARIE backbone on the right, adding components
cumulatively: Repair adds active failure discovery and continual world-model repair, Dual adds the
imagined agent curriculum without a fidelity gate, and PROWL-2 adds the gate.

Model-free Model-based (MARIE backbone)

Race Combat  QMIX QPLEX MAPPO HAPPO HATRPO MARIE Repair Dual PROWL-2

5v5 18.94+2.6 21.24+0.8 20.8£3.1 17.0+0.1 10.44+0.6 45.0£1.8 49.6+1.5 36.6+0.4 52.94+0.9
Terran 10v10  8.6+2.0 8.3%£1.8 11.6+1.9 1.840.3 0.1+0.1 21.2+1.2 21.94+1.7 19.4+1.8 27.9£2.3
10ovll  3.3£1.0 3.2+1.4 2.6+£0.8 0.9+£0.0 0.0+0.0 5.6+0.1 6.1£0.9 5.3+0.7 10.7+1.2

5v5 14.1£1.3 8.44+0.5 16.1+4.9 7.1+1.2 4.3+1.1 54.1+0.2 55.8+£2.8 47.1+1.1 60.2+0.6
Protoss 10v10  2.5+0.2 4.0£1.7 5.1£0.2 1.6+0.1 0.3£0.3 27.9£2.3 30.4+1.0 20.3+1.9 34.8+1.1
1ovll  0.3£0.3 0.1£0.1 0.44+0.3 0.4+0.3 0.0£0.0 6.0+0.8 6.4+1.2 4.9+£0.8 8.9+0.6

5v5 11.1+£0.7 7.842.2 10.4+£2.1 12.6+1.3 8.3+0.6 27.5£0.6 27.7£0.3 24.44+0.7 28.7+0.3
Zerg 10vi0 3.94+0.7 3.6%£1.6 5.0£1.0 3.44+0.3 0.4+0.3 12.2+1.3 13.74+2.0 11.8+1.4 15.8£1.1
10v11 2.6+0.7 2.6+0.6 1.3+£0.6 0.9+0.7 0.0£0.0 5.6+£0.4 5.9+04 5.24+0.2 6.7£0.4

PROWL-2 MAPPO —==- QMIX QPLEX —-—-- HAPPO  ----- HATRPO

terran 5v5 terran 10v10 terran 10v11 protoss 5v5 protoss 10v10 protoss 10v11 zerg 5v5 zerg 10v10 zerg 10v11
1 70 35 14 Et

60 30 12 30 15
50 25 10 25 12

Evaluation win rate
NEO _m N wam e N

Liren
w0 0.5M

Environment steps

Figure 2: Learning across nine SMACv2 combat scenarios. Panels run left to right through
Terran, Protoss and Zerg, each at 5v5, 10v10 and 10v11 combat. Curves report the mean evaluation
win rate across three seeds. Upper panels: PROWL-2 versus its MARIE backbone; lower panels:
model-free baselines. Vertical dashed lines mark the branch point, where the developer is initialised
(Section 5.1).
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Comparison with baselines. PROWL-2 achieves the highest mean win rate in all nine settings
(Table 1, Figure 2); since the backbone architecture and objective are unchanged, the gap isolates
the effect of the curriculum and repair mechanisms. In relative terms the gap is larger with ten agents
than with five in every race: the relative gain over the backbone is 4-18% at 5v5 and 20-91% at
10v10 and 10v11.

Ablations. The ablations in Table 1 add one component at a time. Repair alone exceeds the back-
bone in all nine settings, but in seven within one standard error; Dual falls below both the backbone
and Repair in all nine, reflecting the feedback loop of Section 4.3; and the gate turns the same cur-
riculum into the largest gain, with PROWL-2’s increment over Repair exceeding Repair’s over the
backbone in eight of nine settings. The appendix covers the remaining ablations: gate controls that
quarantine the same number of states at random or by world-model uncertainty (Appendix B.3); the
threshold and what the gate audits during training (Appendices B.1 and B.2); the learning-potential
score, the developer’s initialisation and its KL anchor (Appendix C); whether flagged failures are
repairable (Appendix A.2); and the choice of branch point (Appendix F).

5.2 MULTI-AGENT QUADRUPED ENVIRONMENT

We next evaluate PROWL-2 on embodied cooperative control in the Multi-Agent Quadruped En-
vironment (MQE), using SeqWM (Zhao et al., 2026) as the world-model backbone (Section 4).
We compare against SeqWM and four established MARL baselines: HASAC (Liu et al., 2023),
MARIE (Zhang et al., 2024), MAPPO (Yu et al., 2022), and MAT (Wen et al., 2022). Rather than
selecting only tasks on which the backbone struggles, we consider two matched difficulty pairs,
Gate-2/Gate-3 and Shepherd-Easy/Shepherd-Hard. All methods train for 1.5M environment steps,
with the developer’s interaction counted in this budget; the measurement protocol is given in Ap-
pendix E.

Gate-2 (Gate-3 adds a third robot) Shepherd-Easy (1 sheep) Shepherd-Hard (9 sheep)

Figure 3: MQE tasks. Gate-n: n quadrupeds pass through a narrow gate as quickly as possible
without collision. Shepherd: two quadrupeds herd one (Easy) or nine (Hard) sheep into a target
region. Renders from Xiong et al. (2024).

—— PROWL-2

SeqwWM —— HASAC ——:= MARIE = ----- MAPPO MAT

gate 2 robots gate 3 robots shepherd 9 sheep

0
0 0.5M M 1.5M

Success rate of training episodes (%)

Environment steps

Figure 4: Learning curves on MQE. Success rate of training episodes over 1.5M environment
steps on Gate-2, Gate-3, Shepherd-Easy, and Shepherd-Hard; mean over three seeds.
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Table 2: Success rate of training episodes on MQE (%, 1) at 1.5M environment steps, mean =+
95% confidence interval over three seeds. Bold marks the best mean in each row and any mean
within one point of it. Repair and Dual are the ablations of Table 1 instantiated on the SeqWM
backbone.

Baselines SeqWM backbone
Task HASAC MARIE MAPPO MAT SeqWM Repair Dual PROWL-2
Gate-2 29.3+£20.8 10.3+1.7 0.0£0.0 004+00 99.1£1.8 99.0+0.7 99.11+06 99.2+0.8
Gate-3 0.0+ 0.0 00+00 0.0+£00 00+00 298+25 346+1.1 123+23 704+25

Shepherd-Easy 99.7 £0.3 92.7+0.5 64.4+3.7 64.1+34 952+22 99.1+0.7 989+09 99.2+1.1
Shepherd-Hard 0.0 £ 0.0 0.0+0.0 0.0£0.0 0.0+0.0 73+£20 10321 7.7+£21 282+09

Comparison with baselines. Figure 4 and Table 2 show two effects. On Gate-2 and Shepherd-
Easy, PROWL-2 reaches 99.2%, level with the other Se qWM-based methods on Gate-2 and within
half a point of HASAC’s 99.7% on Shepherd-Easy, and it reaches its final level sooner on Gate-
2; on Shepherd-Easy the model-free HASAC learns fastest and all strong methods end within a
few points. The harder variants separate the methods: on Gate-3 PROWL-2 begins to succeed at
roughly 0.55M steps and reaches 70.4%, whereas SeqWM begins near 0.85M and reaches 29.8%;
on Shepherd-Hard PROWL-2 reaches 28.2% against 7.3%, with every other baseline at zero on both.
Both world-model learners are still improving at 1.5M, so these are gaps within a fixed budget, and
they are largest where the backbone alone makes the least progress.

Ablations. The ablation columns of Table 2 show the same structure as on SMACv2, more sharply.
Repair alone adds only a few points over the backbone; the ungated curriculum falls well below it
on Gate-3 and is inert on Shepherd-Hard; and the gate supplies almost the entire gain, taking the
same curriculum from 12.3% to 70.4% on Gate-3.

6 LIMITATIONS

On SMACV2 our 1M-step budget is five times MARIE’s own, so the comparison covers both learn-
ing speed and final performance. On MQE our 1.5M budget is below SeqWM’s 4M, a compute
constraint, so it measures sample efficiency; both world-model learners are still improving on the
hardest tasks, and whether the gap persists asymptotically is open. Fidelity targets are chosen per
domain, a design step that a learned fidelity measure could remove, but with that choice adapted
the same gate and repair loop transferred across discrete and continuous control, actor—critic and
planning backbones, and teams of two to ten agents. We did not evaluate PROWL-2 in single-agent
settings; the framework applies unchanged with n = 1, but whether the gains carry over is untested.
Finally, the developer’s real-environment search adds one to two times the task-policy interaction on
SMACV2; on MQE, where it is charged to the task budget, PROWL-2 still leads.

7 CONCLUSION

We introduced PROWL-2, a fidelity-gated dual-curriculum framework for multi-agent learning in-
side world models. PROWL-2 separates learning signal from world-model error by coupling an
agent-learning curriculum with continual world-model repair through an environment-grounded fi-
delity gate, so that reliable high-learning-potential experience trains the policy while unreliable ex-
perience repairs the world model and, once repaired, returns to the curriculum. Across SMACv2
and MQE this separation improves on the underlying world-model learners in every SMACv2 sce-
nario and on the harder MQE tasks, and matches them where all strong methods saturate. The
ablations show why the two curricula cannot simply be combined: repair alone yields little, an un-
gated imagined curriculum degrades performance below the backbone, and the gate converts that
same curriculum into the largest single gain. Being agnostic to the world-model architecture and
the MARL learner beneath it, PROWL-2 improves world-model agent training on both an actor—
critic and a planning backbone, across discrete and continuous environments. Natural next steps are
evaluating PROWL-2 on coordination among humanoid robots, whose contact-rich dynamics make
world-model errors more frequent, and on long-horizon multi-agent games, where the fidelity gate
would need audits that extend with the imagination horizon.
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A  WORLD-MODEL FIDELITY SCORE

This appendix defines the fidelity targets (§A.1), shows that the failures they flag are repairable
(§A.2), and gives the MQE targets (§A.3).

A.1 TARGET DEFINITIONS

A recorded segment of length H is replayed through My open-loop under its recorded joint actions,
conditioned on the stacked observation context at its start (¢ = t; + 4 for a frame stack of 5), and
each prediction is compared with the recorded continuation. Hatted quantities are predictions.

Ally death timing. Let D(7) be the allies that die within the segment. A unit is predicted dead
when its predicted own-health channel falls to 0.05 or below, and truly dead when its recorded health
reaches 0. With ¢7 and ¢} the true and first predicted death steps of ally 4,
tx —t*|, if death is predicted,
Edeath(T) Z Ci, C; = {| ! l‘ p (7)

max(1, |D H, otherwise.

zED (1)

Death is read from the health channel rather than the episode-level termination signal, which pre-
serves unit identity and timing, and is averaged over dying allies so that the score reflects per-death
fidelity rather than the number of casualties. The own-health channel is located from the observation
layout of each race (6 own features for Terran and Zerg, 7 for Protoss).

Action mask. FE) .. is the sum of two rates over ¢ = 1,..., H: the fraction of (agent, action)
entries whose rounded predicted availability differs from the recorded mask, and the fraction of
agents whose predicted mask is structurally invalid—no action available for a living agent, the no-
op set or the stop action cleared, or an attack action available on an enemy the predicted observation
marks as not attackable.

Reward and observation. FE, = % Ef: 1 |7+ — 74|, with 7, the agent-averaged predicted reward
and r; the team reward; E,,s is the mean absolute error over all observation entries of all agents, for
t=0,...,H.

Horizons. The reference statistics of Eq. 6 are computed at H = 14. Each audited batch is rolled
for the smallest min(14, steps left) among its segments, between 8 and 14 steps, because a recorded
successor is required at every rolled step; the developer scores its own episodes over their full length
(at most 25 steps).

A.2 ARE FLAGGED FAILURES REPAIRABLE?

A developer rewarded for error is useful only if the errors it finds can be repaired. We bucket replay
by failure signature, fine-tune a fresh copy of the base world model 6 for a fixed number of steps
on each bucket’s training split (§g — 6;), and measure the reduction in death error on the bucket’s
held-out split,

(I)b = Eceigath (HOb) - death(HOb) (8)

Targeted adaptation on the missed-death bucket reduces held-out death error by & = 4.64 steps per
death, matching its training-split reduction, so the gain generalises rather than memorises; the same
adaptation on the low-error clean bucket worsens it (® = —2.81). Missed deaths are therefore a
coverage gap that targeted training closes, not a representational limit of the model, which is the
premise behind repair and behind the learning-progress term of the developer reward (Eq. 3). This
analysis is offline, on Zerg 5v5 replay, and separate from the reported runs.

A.3 MQE TARGETS
On MQE the world model is latent, so fidelity is measured in its latent space. For each agent ¢

and horizon h € {1,2,3} the latent error is the mean squared difference between the open-loop
predicted latent and the encoding of the recorded observation h steps ahead, and the reward error
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is the absolute difference between the decoded predicted reward and the recorded team reward,
averaged over agents. Segments are valid only up to their first terminal. Each error is z-scored and
the composite is the mean over agents and horizons of the latent z-score plus the reward z-score.
The gate reads the one-step (h = 1) composite against the 95th percentile of a trailing window of
uniformly sampled replay (Appendix D).

B FIDELITY-GATE ANALYSIS

This appendix examines the gate on SMACV2: what its threshold means (§B.1), what it sees when it
audits the curriculum (§B.2), and whether its benefit comes from choosing states by fidelity or from
quarantining states at all (§B.3).

B.1 THE THRESHOLD

The threshold eywyyr = 0.5 is the absolute counterpart of an upper-tail rule: rather than flagging a
fixed share of each audited batch, it flags states whose error exceeds a fixed point in the upper tail
of the backbone’s own error distribution. It was fixed on the scale of Eq. 6 before any reported
run, shared across scenarios, and never tuned on task performance. Table 3 scores each scenario’s
reference segments, random replay states of the backbone run scored by its world model, with the
gate’s composite: 0.5 lies at the 72nd—83rd percentile in every scenario, so the gate quarantines a
start state when the world model is less reliable there than on 72-83% of the states it was trained
on. Because the composite averages four reference-standardised z-scores, its standard deviation is
below 1, so 0.5 is best read as a percentile, not as half a standard deviation.

Table 3: What the threshold means per scenario. Percentile of ey = 0.5 and share of reference
segments above it, on each scenario’s reference data; training rejection, the share of newly audited
start states quarantined, pooled over all audits and seeds of the reported arm; and the ratio of the
two.

Scenario Percentile of 0.5 Reference > 0.5  Training rejection  Ratio
Terran 5v5 83.2 16.8% 4.6% 0.3
Protoss 5v5 82.8 17.2% 6.6% 0.4
Zerg 5v5 78.5 21.5% 7.1% 0.3
Terran 10v10 74.5 25.5% 49.1% 1.9
Protoss 10v10 72.1 27.9% 34.4% 1.2
Zerg 10v10 74.4 25.6% 53.3% 2.1
Terran 10v11 75.5 24.5% 60.4% 2.5
Protoss 10v11 75.7 24.3% 52.0% 2.1
Zerg 10v11 77.5 22.5% 61.4% 2.7

Training-time rejection. The last two columns report the share of newly audited start states the
gate quarantined during training, and its ratio to the reference tail. At 5v5 the gate rejects less than
the reference tail (0.3-0.4x), consistent with a world model that has improved since the reference
statistics were fitted. At 10v10 and 10v11 it rejects 1.2—2.7 times the reference tail: the curriculum’s
highest-priority start states are disproportionately ones the world model predicts poorly, and these
are also the geometries where PROWL-2’s relative gain over the backbone is largest (Table 1).
Because the threshold is absolute, these rates are measured rather than imposed. The reference and
audited populations differ, so the ratio is descriptive rather than a controlled comparison.

B.2 WHAT THE GATE SEES

Figure 5 shows every start state audited at a single gate tick at three points in training, for Terran
5v5 and Terran 10v11; points beyond rank 64 are quarantined states under re-audit, which keep their
stored priority. Failing states occur throughout the audited ranks, including the highest-ranked state,
and across audits the correlation between stored priority and fidelity error is weak and inconsistent
in sign (r from —0.42 to +0.07 over eight logged seeds at 5v5, 10v10 and 10v11, with |r| < 0.11
in seven), so priority cannot stand in for the audit. The share of audited states above ey falls
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over training, from 11-12% to 2% on Terran 5v5 and from 93% to 69% on Terran 10v11, where
most audited states are quarantined states under re-audit; because the threshold is fixed, this decline
reflects repair. Resolved quarantines end in re-admission in 62-96% of cases at 5v5 and 10v10 and
in 34-67% at Terran 10v11, where rejection is highest.

Terran 5v5, 275K steps Terran 5v5, 500K steps Terran 5v5, 1M steps
n=36,r=-0.20 n=43,r=+0.07 n=42,r=-0.05
L£L>2‘14%>0.5 7116% > 0.5 12% > 0.5
§ o
o1 o T, Coo | ?
> L& lo___.__X__ RN ISR (N
2 hi o
T 0+ 1 '
i °
- J b ]

Terran 10v11, 300K steps Terran 10v11, 500K steps  Terran 10v1l, 1M steps

4 4{n=286,r=-0.16 4n=286,r=-0.09 4n=178,r=-0.00
g 81% > 0.5 73% > 0.5 63% > 0.5
S
= fo) 2 Q
@ 2 . %, JX { s0 L0 % ° 1 0° o %
2z ® Oe 'l o) %’0 ®e ® L ) ° °
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PLR priority rank among audited states (1 = highest)

admitted O newly quarantined X evicted
e still quarantined O re-admitted ---gwm=0.5

Figure 5: Audited start states at one gate tick, at three points in training (Terran 5v5 and Terran
10v11, seed 1 of the reported runs; Fy recomputed offline from the checkpoint at each step). Hor-
izontal axis: priority rank in Bg (1 = highest, log scale); vertical axis: fidelity error Fy (Eq. 6);
dashed line: ey = 0.5. Markers give the verdict at that tick: admitted, newly quarantined, still
quarantined (quarantined earlier, whether it passed or failed this audit), re-admitted after a second
consecutive pass, or evicted after a sixth failure. n is the number of audited states, which can fall
below 64 because states with fewer than 8 recorded steps left are not audited; “> 0.5 is the share
of audited states, new and re-audited, above eyw.

B.3 GATE CONTROLS

The gate could help because it quarantines the right start states, or merely because it quarantines
some. To separate the two, we replace its verdict on Terran 5v5 while keeping everything else iden-
tical (Figure 6). At each audit the fidelity gate still computes Iy for every audited state, which fixes
the number £ of states it would quarantine; each control changes only which k states are quaran-
tined. The random gate draws them uniformly at random, with the same split between newly audited
and already quarantined states as the fidelity gate. The pooled random gate draws them uniformly
from all audited states together, so most of its failures fall on new states, and quarantined states
are re-admitted quickly and rarely evicted. The uncertainty gate takes the states with the highest
predictive entropy of the world model’s next observation tokens, averaged over agents, tokens and
the gate’s four rollouts, without reference to the recorded continuation; it keeps the fidelity gate’s
split. In every control, quarantined states are sent for repair, and re-admission and eviction follow
the same counts of passes and failures as in PROWL-2, applied to the control’s own verdicts.

Until about 240K steps the random gate tracks PROWL-2; afterwards all three controls fall back
towards Dual, while PROWL-2 keeps improving. Over the last 100K steps, the uncertainty gate
recovers about a quarter of the gain of PROWL-2 over Dual, and the two random gates recover
none, ending slightly below Dual. Most of the gate’s benefit therefore comes from choosing states
by their measured fidelity; quarantining states at random does not help.
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Figure 6: Gate controls on Terran 5v5. All arms branch from the same checkpoint at 100K steps,
where the developer is initialised (dashed line). Dual has no gate; the other arms differ only in which
states the gate quarantines. Mean over three seeds with 1 s.e. bands.

C DESIGN ABLATIONS

Learning-potential score. Replacing the positive-TD score (Eq. 1) with the mean absolute gen-
eralised advantage, the L1 value loss of PLR (Jiang et al., 2021), changes only the ordering and
eviction of start states. On Zerg 5v5 in the ungated Dual arm, both scores fall 5-7 points below
Repair and are indistinguishable from each other (paired difference —1.8 £ 0.5 points, p = 0.07;
three replicates of one seed under the default score span 4.0 points), so the harm of the ungated
curriculum is not specific to the score (Table 4).

Table 4: Learning-potential score. SMACv2 Zerg 5v5, Dual arm (no gate), p = 0.5, branched at
100K; win rate (%) over the last 200 evaluations up to 500K steps, mean =+ s.e.

Score Seeds Win rate

max(0, §) (Eq. 1, default) 3 20.2+0.9
|A| 3 184+ 1.3
Repair (no curriculum) 3 25.1£0.7

Developer initialisation. In the reported runs, the developer policy 7p and its reference m¢ start
from the same random initialisation at the branch point. Cloning both from the task actor, as in
PROWL-1, instead lowers the win rate of PROWL-2 on Terran 5v5 from about 45% to about 40%
at 500K steps (Figure 7). The gap opens after about 220K steps and persists to the end of the run.
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Figure 7: Developer initialisation on Terran Sv5. PROWL-2 with a randomly initialised developer,
as in the reported runs, against a developer cloned from the task actor at the branch point. Mean
over 3 seeds with £1 s.e. bands.

Developer KL anchor. Varying ckr, on Terran 5v5 in the Repair arm, the anchor controls diver-
gence as intended (KL(7p || 7ref) from 0.04 to 0.21 to 3.9 nats) and prevents the entropy collapse
seen without it. Removing it does not improve discovery: the developer’s best episode in a cycle
beats the frozen reference’s in 30% of cycles at cx1, = 0, against 51% at cky, = 1.0. Win rates differ
by at most about two points and are not monotone in cky, (Table 5).

Table 5: Developer KL anchor. SMACv2 Terran 5v5, Repair arm, developer and 7. randomly
initialised at 100K as in the reported runs, run to 500K, three seeds; win rate (%) over all evaluations
after branching, mean =+ s.e.; diagnostics are seed means over the last 20% of developer cycles.

CKL Win rate KL(7p || mref)  Entropy  Early term.

1.0 33.0£02 0.044 0.234 0.017
0.1 309+£0.7 0.214 0.235 0.015
00 320+£02 3.90 0.134 0.018

D ALGORITHM

Algorithm 1 gives PROWL-2 on SMACv2, with the symbols of Section 4 and Table 6. Each run
branches from a checkpoint of the backbone trained without PROWL-2 (Section 5.1), at which B¢,
Bww and @ are empty.
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ref ref
)

Input : world model Mp; task policy mq; replay Deny; reference statistics (™, o
Initialise 7p randomly and freeze a copy as myef; Ba, Bwwm, Q < 0;
while task-policy steps < budget do
Collect experience with mg; add it to Deny; update My on Dy, as in the backbone;
With probability p draw start states from Bg \ @, otherwise from Dey.; imagine T steps in Moy;
update 7
Score each start state by s¢ (Eq. 1) and store it in Bg;
if every Ngatc steps then GateTick () ;
if every Ngev steps then DeveloperCycle ();

rocedure GateTick ()
A <+ the K highest-priority keys of Bg, together with all of @Q;
foreach / € A do
Roll My open-loop from £ under the recorded actions; compute Fy(¢) (Eq. 6);
if Iy (E) > ewm then
if ¢ ¢ Q then add ¢ to @ and its recorded segment to By else after ne.i failed audits, evict
£ from Bg, @ and Bw;
else
L if £ € @ then after npass consecutive passes, re-score s (¢) and remove £ from @ and Bw;

=]

procedure DeveloperCycle ()

In a separate environment instance, collect episodes with 7p and matched random-policy episodes for
the normaliser of Eq. 4;

Score each developer episode by st.i1 (Eq. 4) and add it to Bw;

Repair: update My on batches mixing Denv and Bww at rate pwwm (Eq. 5);

Re-score the developer episodes; update wp on R(7) (Eq. 3) under the KL anchor of Eq. 2;

Add developer segments whose score after repair is below ba to Ba; decay and evict stale entries of
Bww;

On MQE the same loop runs synchronously on SeqWM with the substitutions of Section 4. Priority
is the critic’s realised TD residual |d¢| over critic and actor replay rows rather than s over imagined
start states. The developer is the task planner run in a separate environment instance with the acqui-
sition bonus Sacq|@1 — Q2[; it does not update the actor and fills By with 3-step windows. The
gate scores replay rows against the 95th percentile of a trailing reference window, quarantines failing
rows, excluding them from prioritised replay and adding them to By for repair, and releases them
once they pass; no developer segments enter the curriculum.

E HYPERPARAMETERS

Backbones. MARIE (release b2a60£6) runs at its released settings. The SeqWM release
(a983b7c) ships a configuration only for Bi-DexHands, so on MQE SeqWM uses the hyperpa-
rameters reported by Zhao et al. (2026), including a planning horizon of 3 and 20-step returns,
except for discount v = 0.99 (release: 0.96) and 2,000 random warm-up steps without world-model
pre-training (release: 50K steps with 2,500 pre-training updates).

Environments. SMACvV?2 uses the 10gen scenarios on the 32 x 32 map with an episode limit of
200, continuing episodes, Zerg banelings allowed, and three engine fixes (enemy-observation clear-
ing, agent-order shuffle, deterministic capability sampling), so numbers are not directly comparable
to results on the released SMACv2. MQE episodes last 752 steps (Gate-2, Shepherd) or 1,002 steps
(Gate-3), with a gate-width observation fix and bootstrapped time-limit truncations.

Budgets and evaluation. SMACv2 arms branch at 100K (5v5) or 200K (10v10, 10v11) steps and
train to 1M task-policy steps in total; developer interaction is not charged to this budget. Evaluation
runs 10 stochastic episodes every 500 steps on held-out environment seeds, and tables average the
last 200 evaluations. MQE arms branch from a shared 8K-step checkpoint and are reported to 1.5M
environment steps with developer interaction counted (8%). MQE results report the success rate of
training episodes, with the planner’s exploration noise on, logged every 200 environment steps (50
learner iterations) over the last 20 episodes; an episode succeeds only if all robots pass the gate, or
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all sheep reach the target region. Curves report the mean over three seeds. All results use three seeds
(1-3); on SMACv2, training and evaluation environment seeds are disjoint.

Table 6: PROWL-2 hyperparameters, added on top of the backbone settings above. Src: B =
backbone world model (MARIE, Zhang et al., 2024; SeqWM, Zhao et al., 2026), I = IMAC (Giizel
et al., 2025), P = PROWL-1 (Giizel et al., 2026), O = this work. X /Y gives the sources of the
SMACvV2 and MQE values.

Symbol SMACv2 MQE Src
Agent curriculum
Learning potential - sa (Eq. 1) [6g| 1/0
Imagination horizon T 15 - B
Curriculum size |Ba| 2,500 all replay rows 1/0
Rank temperature B 0.1 - I
Staleness coefficient - 0.1 - I
Replay rate P 0.5 0.5 I
Fidelity gate
Threshold EWM 0.5 95th percentile O
Target weights wi 0.25 each equal (@)
Reference data - 1,200 segments 4,000-row window (6]
Interval Ngate 5,000 transitions every update (¢]
Audited states K 64 + quarantined replay rows (6]
Audit horizon - 8-14 steps 1 step (@)
Passes to re-admit Npass 2 1 O
Failures to evict Nfail 6 - (6]
Developer
Initialisation of Tp, Tref - random task planner (not trained) O
Interval Ndev 200 task steps 4 of 50 iterations O
Episodes per cycle - 8 (+ 8 random) - (@)
Episode / window length - 25 steps 3-step windows (0]
KL coefficient CKL 1.0 - (6]
Learning-progress weight BLp 0.5 - P
Acquisition weight Baca - 4.66 (6]
EMA coefficient - 0.99 - (6]
PPO learning rate - 3x107% - P
World-model repair
Repair fraction PWM 0.25 0.25 P
Repair updates per developer cycle — 25 (batch 30) - (6]
Pool capacity | Bwwm| 5,000 5,000 (6]
Staleness decay - 0.01 - (0]
Eviction bar - -2 - (6]
Developer — B¢ bar ba —0.5 - (0]

F BRANCH POINTS

Each run trains the backbone alone until a branch point, at which the developer starts and from which
PROWL-2 and its ablations continue: 100K environment steps on SMACv2 5v5, 200K on 10v10
and 10v11, and 8K on MQE. Every branch point lies after the knee of the backbone’s world-model
loss, where its steep initial decrease ends (Figures 8—10). Before the knee, the world model’s errors
are large on most states, so a failure search or a fidelity audit would not single out specific ones.

On SMACV2, the total loss reaches its minimum at about 40K steps on 5v5 and later, up to about
90K, on 10v10 and 10v11 (Figure 8). It then rises again before declining. The loss is evaluated on
each run’s own replay buffer, whose content changes as the task policy improves, so this rise does not
by itself indicate a less accurate world model. Figure 9 splits the loss into its terms. The observation,
termination and available-action terms fall by one to three orders of magnitude and reach their knee
before the branch point. The later rise of the total loss comes mainly from the observation term,
which dominates it. The reward term falls on Zerg and changes little on Terran and Protoss. On
MQE, the loss falls steeply until about 4K—6K steps and then declines slowly (Figure 10).
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Figure 8: Total world-model loss of MARIE on SMACv2. Mean over seeds with £1 s.e. bands.
Dashed lines mark the developer initialisation points. All arms are identical before the branch, so
only MARIE is shown.
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isation points.
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Figure 10: Total world-model loss of SeqWM on MQE over the first 30K environment steps, mean
over three seeds with £1 s.e. bands. Curves start after the 2K-step random warm-up. The dashed
line marks the branch point.

G COMPUTE

SMACV2 experiments ran on NVIDIA B200 GPUs and MQE experiments on NVIDIA RTX 6000
PRO Blackwell GPUs, one GPU per run. Table 7 gives the approximate cost of one run. The
difference between the backbone and the PROWL variants is the developer; the fidelity gate itself
adds under 1% on SMACv2 and about 1% on MQE (Dual vs. PROWL-2). The reported SMACv2
runs used about 17,000 GPU-hours and the reported MQE runs about 750.

Table 7: Approximate GPU-hours per run: SMACv2 at 1M steps (B200), MQE at 1.5M steps (RTX
6000).

Method SMACv2 MQE
Backbone (MARIE / SeqWM) ~ 100 ~ 13
Repair ~ 200 ~ 18
Dual ~ 200 ~ 21
PROWL-2 ~ 200 ~ 21
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