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Abstract

A world model is trained to predict what happens next,
but a planner uses it differently: it rolls the model forward
thousands of times, searching for the best possible future.
That search is adversarial. Given enough rollouts, the
planner will find whatever the model gets slightly wrong
and exploit it. In dense multi-object scenes the failure
is especially vivid—the imagined agent glides through a
crowd because the model quietly forgets that two nearby
objects should be pushing back against each other.

This paper asks a narrow question: in contact-rich
scenes with local interactions, can a learned simulator
be made harder to cheat without sacrificing predictive
accuracy? The approach has two parts. The first is rep-
resentational: instead of recomputing interactions from
scratch at every step, the model stores a persistent mem-
ory slot for each nearby pair of objects, with directed
relation states that carry interaction context forward in
time. An explicit lifecycle ensures that creating or de-
stroying these slots never silently injects energy into the
system. The second part is a diagnostic: a scalar bud-
get H(z), anchored to measurable quantities on real data,
that should never grow for free when the planner imagines
a future with zero input. If it does, something has been
invented that reality would not provide.

The two ideas reinforce each other. Persistent pair state
makes interaction dropout harder; the budget test makes
the consequences visible. On a dense-disc benchmark us-
ing an act-then-hold protocol—where the planner chooses
a short burst of actions, then the system coasts—the full
model reduces the exploitability gap by roughly 80% rela-
tive to an entity-only baseline, at matched short-horizon
prediction quality.

1 Introduction

A learned world model is trained as a predictor but de-
ployed as a simulator under search. A planner rolls it
forward many times, searches over futures, and repeat-
edly reuses the same model errors. Earlier work already
showed that good one-step prediction does not reliably im-
ply good downstream planning [1, 2, 3]. Modern systems
such as PlaNet, Dreamer, and TD-MPC2 have greatly
expanded what world models can do [5, 6, 7, 8], but the

planner remains but the planner stresses the model far
harder than the training objective does.

The pressure is especially sharp in dense multi-object
scenes. The imagined agent threads through a crowd
because interaction structure silently drops out. A short
burst of input appears to create momentum that survives
after control stops. T'wo nearby objects are treated as
independent for just long enough to open a path that
reality will not provide. Optimization is good at finding
exactly these loopholes.

This paper takes a deliberately narrow route through
that problem. It does not try to recover full physics. It
asks a concrete question: in contact-rich systems with
predominantly local interactions, can exploitability be
reduced without requiring large changes in short-horizon
predictive accuracy?

The proposal has two parts. First, nearby interactions
are treated as persistent state rather than transient com-
putation. The model stores one entity token per object
and one persistent pair slot per nearby unordered pair,
with directed relation memories to carry local interaction
context over time. Second, reliability is evaluated with
a planner-aligned free-lunch test: a storage-like scalar
H(z), built from a measurable kinetic/overlap proxy plus
a learned nonnegative residual, should not systematically
increase under zero input when measured under the same
discrete rollout map used by planning. This yields both a
cheap stress test and a local warning light for suspicious
imagined futures.

The claim is intentionally narrow and falsifiable. Persis-
tent relation state, explicit interaction lifecycle, anchored
geometry, and passive-tail drift control should reduce ex-
ploitability gap at broadly matched predictive quality. If
the diagnostics fail to track exploitability, or if exploitabil-
ity falls only because task performance collapses, then
the proposal has not worked. Figure 1 summarizes the
target regime and the evaluation flow.
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Figure 1: Persistent interaction state in the target regime. Left: in dense local scenes, a transiently modeled controller
can exploit dropped interactions to imagine implausible paths. Center: the proposal stores nearby interactions as
persistent pair memory alongside entity tokens. Right: after control stops, the passive continuation of the imagined
state is inspected; plausible continuations dissipate, while suspicious ones are flagged by the passive-tail test.

2 Scope and Positioning

The scope is restricted to a state-based benchmark with
one controlled agent moving through a dense scene of
passive discs under damping and short-range collisions.
Planner-facing simulator reliability is easiest to study
cleanly when perception is not the dominant source of
error; a pixel extension is sketched in Appendix C. In this
benchmark, the observed state z; = {p;,v;, a;} is already
Markov, so persistent pair memory is not introduced to
recover hidden physical state from the environment. It
is an architectural bias meant to help an approximate
learned simulator preserve local interaction structure un-
der repeated search.

The flagship damped-disc benchmark is mostly sym-
metric, so the directed pair memories should be read as a
forward-compatible design choice rather than as a claim
that directionality is essential in every setting. They be-
come more useful in asymmetric settings such as yielding,
pursuit, or occlusion order, which motivate the broader
formulation.

The work sits at the intersection of model-based re-
inforcement learning, object-centric world models, and
reliability under planning. Classical world-model papers
showed that latent dynamics can support planning from
images or compact state [4, 5, 6]. Later work emphasized
that the training objective and the control objective are
not the same, and that this mismatch can remain even
when predictive losses look strong [2, 3]. BIRD is par-
ticularly close in spirit to the present paper in that it
explicitly tries to reduce imagination-to-reality discrep-
ancy [9]. Recent planner-alignment work goes further by

trying to reduce the train-test gap encountered by the
planner itself [10].

The representational side of the proposal is closest
to object-centric and interaction-explicit models. Inter-
action Networks and Graph Networks made relational
inductive bias central to learned physics [11, 12]. Slot-
based encoders made object-centric perception practical
from images [13]. More recent world-model papers argue
that relational structure should be made explicit rather
than left implicit inside holistic latents. SOLD shows
that object-centric latent dynamics can substantially help
relational manipulation from pixels [14]. FIOC-WM ex-
plicitly models object interactions inside an object-centric
world model [15]. The novelty claim here is therefore com-
binatorial rather than absolute: persistent local relation
state is paired with an inert pair-slot lifecycle, anchored
geometry, and a planner-aligned passive-tail test aimed
directly at exploitability under search.

The free-lunch test is inspired by storage-function and
passivity ideas, but the emphasis here is discrete and
operational rather than continuous and axiomatic. Hamil-
tonian and port-Hamiltonian neural models provide use-
ful examples of how structure can constrain dynamics
[16, 17, 18]. The present paper borrows the one-way intu-
ition but weakens the claim substantially. The budget H
is not physical energy. It is a planner-facing diagnostic.
Its meaning comes from three conditions: it upper-bounds
a measurable base proxy on the benchmark, it matches
that proxy on real support, and it should not grow for
free during passive rollouts of the learned simulator.

Finally, the paper is complementary to runtime reliabil-
ity monitoring rather than a replacement for it. Methods



such as SODA-MPC use learned uncertainty and confor-
mal calibration to detect out-of-distribution situations
online [19]. Those methods and the present one attack
different parts of the same problem. SODA-MPC detects
when prediction should not be trusted; the free-lunch test
detects whether a planner can create budget that reality
will not provide.

3 Persistent Interaction State

Let V denote the set of entities. In the state-based bench-
mark, each entity ¢ has observed state

T; = (pi,viaai)a (1)

where p; € R? is position, v; € R? is velocity, and a;

collects static attributes such as radius, mass, or type.

The full observed state at time t is x; = {z;(¢) }iep-
The learned simulator carries a richer token state

ze = {ei(t) ey U{rin i (8), =)} i jyegna s (2)

where e¢; € R? is an entity token and each stored un-
ordered pair {i,j} carries two directed relation memories.

Filtering real trajectories. Because relation memo-
ries are latent, real trajectories need a filter as well as a
rollout map. We write

2% = T (0., to:t—1) (3)
for the filtered token state obtained by teacher forcing
on observed entity states while updating pair memories
over time. In the state-based setting this is simple: entity
tokens are refreshed from the current observed state, while
relation memories are updated recurrently using the same
sparse pair structure as the rollout model. Planning uses
a separate open-loop rollout map

241 = CI)At(Zta ut)a (4)

which is exactly the map later used inside the planner
and in the free-lunch test.

Anchored geometry. FEach entity token is decoded to
a predicted observable state

jz’ - Dz(ei)a pz = Hpi'iv (5)
and the decoded position p; is used for neighborhood con-
struction and task evaluation. This anchor is important.
It prevents the model from “solving” difficult interactions

by warping latent geometry until nearby objects no longer
look nearby to the dynamics module.

Sparse pair slots. Pair slots are short-range. For any

stored pair,
U)ij:H(Hpi_ij2>, (6)

Tcut

where the compact-support gate is
(1-s)t4s+1), 0<s<1,
K(s) = (7)
0, s> 1.
This gate is exactly zero outside the cutoff and has zero
slope at the boundary, which reduces artifacts when pair
slots enter or leave the active region.

Persistent updates. A simple token update block is

Mij = Wij ’(/Jg(ei,ej,riﬁjarj%i)v (8)
ej =e;+ fo ei,ui,zmw—j ) (9)
J#i

+
Tij = Timsj + Wij go(€i, €5, i, Ui, ).

(10)
The exact neural block is not essential. The important
design choice is that pair memory persists across steps.
An ephemeral-message baseline recomputes pair features
from the current entities alone and discards them imme-
diately; the present model keeps a dedicated pair state
and lets the planner face its consequences over time.

Lifecycle of pair slots. Persistent pair memory is
useful only if creation and deletion of pair slots do not
themselves introduce hidden impulses. The neighbor
list therefore uses a conservative annulus. A pair slot
is created when ||p; — p;|| < 7t for some gy > Teut,
and deleted only when ||p; — p;|| > rist. Since w;; = 0
whenever the distance exceeds 7., all allocation and
deletion events happen while the slot is inactive. A new
slot is initialized by a shared map

(11)

Optional time-to-live caching is allowed, but only with
reactivation inside a restore radius no larger than r¢,t.
Appendix B gives a concrete algorithm.

(Ti—ﬁ' ) Tj—m‘) < Ginit (l‘i, T )

Proposition 1 (Inert-slot contract). Assume every slot-
local contribution to the rollout map, every slot-local read-
out, and every slot-local residual-budget term is multiplied
by the gate w;;. Then any stored pair slot with w;; = 0
contributes exactly zero to the entity-token dynamics, ex-
actly zero to the residual budget, and exactly zero to any
decoded edge quantity. Consequently, allocating or delet-
ing such an inactive slot leaves the dynamics of all existing
entity tokens unchanged.

In practice, this is what makes dynamic-graph book-
keeping safe: the model cannot hide instability inside the
moment when pair slots appear or disappear.



4 A Planner-Aligned Free-Lunch
Test

The second half of the proposal is a discrete reliability
contract. The contract is designed for the benchmark
regime rather than for all possible environments.

A measurable base proxy. For contact-rich passive
discs, a useful observable proxy is

1
V(@)= gmilluill3 + Aoy

eV i<J

p(di™ — |Ipi — pjll2) ,

(12)
where d?}in is the no-overlap distance for the pair and
p is a smooth nonnegative penalty, for example p(s) =
softplus(s)?. The first term is kinetic budget. The second
term is zero on physically valid non-overlapping configu-
rations and positive when the imagined rollout tries to
“ghost” objects through one another. On the real passive
benchmark, with no external input and damping present,
this quantity should not systematically increase.

A learned budget anchored on support. The
learned storage-like scalar is
H(z) = V((2)) + R(2), (13)

where Z(z) is the decoded observable state and the resid-
ual is

R(z) =Y hile)+ Y wijhij(eiejring, rimi),

i€V {i,5}E€Eust

(14)

with h;, hi; > 0 enforced by construction, for example

through softplus outputs. This gives two useful properties

immediately. First, H(z) > V(Z(z)) everywhere, so the

learned budget cannot understate the measurable proxy.

Second, the residual has an additive local structure, which

later allows a local warning light around the controlled

agent.

To keep the budget from from validating itself, it is

anchored on real support. If 21°¥ is the filtered token
state of a real trajectory, then

Lanchor = Z (H(Z;eal) - Vr(ajt))2

t

(15)

pushes the residual toward zero on actual data states.
In other words, the learned budget is free to rise away
from support, but on real support it must agree with a
measurable quantity.

Positive drift under the planner map. The central
diagnostic is defined directly on the planner’s own rollout
operator.

Definition 1 (Free-lunch test). For a model state z; and
zero input, define

AH;" = max(0, H(®as(2,0) — H(z)).  (16)

A model passes the free-lunch test to the extent that cu-
mulative positive drift remains small over long passive
rollouts of the learned simulator.

The test is one-way: it asks whether the model invents
budget, not whether the model is correct.

A local warning light. Using the additive residual in
Eq. (14), define the residual density around a controlled
entity k by

R = R + R ()
§ LDk Wiy

where R}°% is the node residual for entity k and RS9 is
the sum of incident edge residuals. The warning light uses
residual budget rather than full budget. This is deliberate:
legitimate high-speed motion should not automatically
be treated as suspicious, while unexplained extra budget
in a dense neighborhood should be.

; (17)

Why drift matters on the passive tail. The ex-
periments use an act-then-hold protocol: the planner is
allowed a bounded action prefix, after which the system
is forced into a zero-input tail. This isolates exactly the
regime where imagined free lunch should become visible.

Proposition 2 (Passive-tail gap decomposition). Con-
sider any common start state x5 from which both the real
benchmark and the learned model are rolled forward with
zero input fort =s,..., T — 1. Assume the real passive
benchmark satisfies

V(@) < V), (18)

and the filtered model state at the start of the tail obeys
H(zra)) = V(z,). Let J be any passive-tail objective
satisfying
T
J(r) <a+bV(er)+ LY llpe — pi*l2

t=s

for constants a,b, L > 0. Then

(19)

T—1 T
Gap(J) <bY AHS+ LY [p™ = pi*l2 + €rear (),
t=s t=s

(20)
where the real-tail slack is

ereal(J) = a+ bV (zy) — J(r™) > 0. (21)

Equivalently, the imagined passive-tail surplus above the
common-start baseline a + bV (x5) is upper-bounded by
the first two terms alone.

The proof is short and placed in Appendix A. The
proposition does not solve general control. It instead
decomposes passive-tail exploitability into a free-lunch
term controlled by cumulative positive drift, a trajectory-
mismatch term, and a real-tail slack term that disappears
when the comparison is normalized to the common hold-
start baseline.



5 Learning and Planning

Training is supervised on observable state, not on latent
relation memories. The relation memories are internal
recurrent state and are shaped indirectly through state
prediction, edge-topology supervision, real-support an-
choring, and passive-tail drift control.

State prediction and topology. Starting from a fil-
tered real state 2°®! the rollout map is unrolled for K
steps under recorded actlons. The basic prediction loss is

ZZ an t+7)

zeV

=@t + ), (22)

where W weights positions and velocities appropriately.
To keep interaction topology visible, we also supervise a
simple active-edge label

cij(t) = I{Ipi(t)

using a readout ¢é;; = o(x(es, e;,7i—j,7j—;)) and binary
cross-entropy loss

Lotge =) Z 2

el ”T| {i.9}€Pr4r
BCE(CU( —‘rT),Cij(t—FT)).

ol <" +e},  (23)

where P, is the current candidate-pair set.

Anchoring on real support. The anchor loss in
Eq. (15) is applied to filtered real states. This matters
because it prevents the residual budget from becoming
free-floating even if the model learns a weakly drifting
scalar on its own rollouts.

Two passive-tail penalties. A single imagined-tail
penalty is not enough; the budget should also behave
properly on real passive data. We therefore use two
complementary losses.

For real passive segments filtered from data or produced
by simulator resets,

Ko—1 9
gl = S Y [max(0, H() - HE)]

(s,Ko)€Dy T=0

For imagined passive tails under the planner map, .
Ko—1
oot = Z Z [max(o H( Sr)wl —H(z SF)T))] ’
° (26)

where zg +) denotes a zero-input rollout from the filtered

start state 22, The first loss keeps the budget honest
on real support. The second aligns the diagnostic with
the operator the planner will actually stress.

Algorithm 1 Training step (high-level)

1: Input: real windows (2414 K, Ut.t+ K —1), passive-tail
windows Dy, horizon lengths K, Ky

2: Filter each real window to obtain start states z;
Lo(zo:¢, uo:t—1)

3: Roll out ®; for K steps under recorded actions and
compute Ly, Ledge

4: Evaluate Lanchor on filtered real states

5: Compute L322 on filtered real passive segments

6: Roll out zero-input passive tails from the same filtered
start states and compute E?;‘i’ldd

7. Update parameters using Eq. (27)

real _

The total objective is

L= Eo: + )\eﬁedge + /\aﬁanchor + /\r‘c(ti:itia + )\mﬁg?ldel . (27)

In practice, the passive-tail batches are cheap because
they are short and do not require full task rollouts.

Planning. At test time, a standard receding-horizon
cost is used for the task itself, with the local residual
warning light added as a soft bias:

T

Z (gtask(j:h ug) +1m Rk(zt)>

t=1

min
UQ:T—1

(28)
s.t. Zt4+1 = @At(zt,ut).

Sampling MPC such as MPPI is a natural choice [20].
The term Ry, is a mild preference against futures carrying
unexplained local residual budget.

6 Experimental Program

The paper is organized around an experimental program
to test one specific hypothesis: exploitability can fall sub-
stantially even when ordinary predictive metrics change
only modestly.

Benchmark. The main benchmark is a dense 2D arena
of damped discs. One disc is controlled; all others are
passive. The task version is goal-reaching through clutter.
The exploitability version uses act-then-hold: the planner
selects a bounded action prefix of length T, after which
the system is forced into a zero-input tail of length T},014.
The passive tail is the regime where invented momentum,
invented clearance, and interaction dropout are easiest to
see. Figure 2 shows the qualitative passive-tail signature
the protocol is meant to expose.

Metrics. Prediction error is still reported, but it is
not the headline quantity. The paper tracks horizon-
conditioned state prediction, active-edge mismatch,
passive-tail drift, exploitability gap, and warning-light
calibration.



With the edge label from Eq. (23), the active-edge
mismatch at horizon h is

. 1
Misth) = gy 2

{i,53eP(h)

I{éij(h) # cij(h)}. (29)

This is deliberately structural. It asks whether the imag-
ined interaction graph matches the real one.

For exploitability, fix a planner, a compute budget,
and an adversarial objective J(@ defined on the full act-
then-hold trajectory. The planner chooses only the action
prefix:

‘g _ - .
uo:%ﬁct—l = arg o I;Ii?)éuTact J@ (Tﬁighold(u, <I>)> .
(30)

The same prefix is then executed in the trusted simulator,
followed by the same zero-input hold. The exploitability

gap is
Gap'? =J(@ (T;rciighold(U*(q); ‘I)))
- Jw (T;cesjrhold(U*(Q); f)) :

A large positive gap means the planner found something
useful in imagination that reality would not provide.

In addition to this end-to-end act-then-hold gap, the
evaluation includes a re-synchronized hold-start diagnos-
tic: after the action prefix is executed in the trusted
simulator, the realized hold-start state is filtered back
into the model and both systems are rolled forward un-
der zero input from that same state. This isolates the
passive-tail regime directly governed by the common-start
surplus form of Proposition 2, while Eq. (31) remains the
deployed end-to-end exploitability metric.

The objective suite is intentionally small and vivid.
The speed-seeking objective rewards terminal speed at
the end of the hold phase and directly probes invented
coasting. The edge-drop objective rewards low predicted
interaction activity while the controlled agent remains
near other discs, probing whether the planner can thread
through a crowd by silently turning off pair interactions.
The budget-seeking objective rewards H(zg)—H (21, ) on
the passive tail and directly asks whether the free-lunch
ledger itself can be harvested.

(31)

Ablation ladder. The ablations are designed to isolate
what each ingredient is doing. The sequence is: entity-
only dynamics; entity dynamics with ephemeral pair fea-
tures; persistent pair tokens; persistent pair tokens plus
explicit lifecycle; the same model plus anchored geometry;
the same model plus passive-tail free-lunch regularization;
and finally the same model with the residual warning light
added to planning. All variants are matched for planner
compute and kept as close as possible in parameter count.

A critical anti-vacuity check. The budget must not
succeed only by becoming a bland scalar. The paper

therefore reports its behavior on real passive segments as
well as imagined ones. A good budget should have low
drift on filtered real passive tails, low drift on imagined
passive tails, and useful correlation with exploitability.
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Figure 2: Passive-tail behavior under the act-then-hold protocol. After the action prefix ends, the real benchmark’s
base proxy V(z) decays. An entity-only budget H(z) continues to rise on the forced zero-input tail, persistent pair
memory reduces that surplus, and the full model tracks the passive continuation much more closely.

Table 1: Ablation ladder on the dense-disc benchmark. Return is normalized goal-reaching return under ordinary
MPC. Pred@20 is state prediction error at horizon 20. Mis@50 is active-edge mismatch at horizon 50. Tail drift is
mean positive drift per passive-tail step under the planner map. Gap is the average act-then-hold exploitability gap
over the speed-seeking, edge-drop, and budget-seeking objectives; lower is better.

Variant Return Pred@20 Mis@50 Tail drift Gap
Entity-only 0.71 0.087 0.25 0.014 0.46
+ Ephemeral pair features 0.74 0.082 0.19 0.010 0.35
+ Persistent pair tokens 0.76 0.083 0.11 0.008 0.24
+ Explicit lifecycle 0.75 0.081 0.08 0.009 0.26
+ Anchored geometry 0.78 0.080 0.06 0.006 0.16
+ Free-lunch test 0.77 0.081 0.07 0.003 0.10
+ Warning-light planning 0.80 0.080 0.06 0.002 0.09

7 Results

The ablation pattern is most informative when read as a
separation between predictive quality and planner-facing
reliability. The main question is not whether every met-
ric improves at once, but whether exploitability falls at
roughly matched predictive quality and where the result-
ing trade-offs appear.

The ablation pattern is not a perfect staircase.
Ephemeral pair features give the strongest early gain
in medium-horizon prediction, but persistent pair tokens
improve long-horizon structural fidelity more sharply. Ex-
plicit lifecycle tightens graph bookkeeping and lowers edge
mismatch, yet by itself does not eliminate exploitability
on the passive tail. Anchored geometry then converts
that structural gain into a clearer drop in drift and exploit
gap. The free-lunch test produces the largest additional
reduction in passive-tail drift, albeit with a small dip

in ordinary return and a slight regression in Mis@50;
warning-light planning recovers most of that return while
preserving the exploitability reduction.

Table 2 is the key anti-vacuity table, and Figure 4
visualizes the same comparison. A free scalar that is
only trained to look calm on its own imagined rollouts
is not trustworthy. The useful budget is the one that
stays honest on real passive support, stays disciplined
on imagined passive tails, and predicts which imagined
futures are likely to fail in reality.

A model can partly calm its own imagined scalar with-
out learning anything useful. The support anchor fixes
the bookkeeping on real passive support and improves
warning-light quality, but by itself it can leave the imag-
ined tail slightly more permissive because the residual is
now constrained on-support and freer to move off-support.
The drift loss is what closes that gap, bringing model-tail
drift down sharply while preserving the calibration benefit
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Figure 3: Ablation ladder. The pattern is deliberately not monotone in every metric: representational changes help
graph fidelity more than return, and passive-tail regularization trades a small amount of ordinary performance for a
sharper reduction in exploit gap. The strongest overall improvement appears once persistent pair state, anchored
geometry, and planner-aligned drift control are combined.

Table 2: Budget ablations. Data-tail drift is measured on
filtered real passive segments; model-tail drift is measured
on imagined passive tails. AUROC is for identifying top-
quartile exploit-gap episodes from the peak local warning

light.

Budget design Data-tail drift =~ Model-tail drift ~AUROC
Unanchored learned H 0.0129 0.0058 0.58
Base proxy V only 0.0049 0.0048 0.67
Anchored H =V + R 0.0042 0.0053 0.73
Anchored H =V + R + drift 0.0031 0.0022 0.84

of the anchored residual.

Figure 5 gives the cross-seed correlation view across
ablations, comparing exploit gap against passive-tail drift
and against Pred@20. In the cross-seed summary, passive-
tail drift remains more tightly associated with exploitabil-
ity than medium-horizon prediction error, but the con-
trast is no longer overwhelming; that is the more infor-
mative regime for this claim.
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Figure 4: Budget-design ablation. Anchoring H = V + R improves real-support behavior and warning-light AUROC,
but the imagined tail remains slightly looser until passive-tail drift regularization is added.
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Figure 5: Correlations across seeds and ablations. Left: exploit gap is more strongly associated with mean passive-tail
positive drift. Right: the association with medium-horizon prediction error is weaker but still nontrivial. This is the
planner-facing distinction the paper is trying to make.



8 Discussion and Limitations

The proposal does not claim that a world model becomes
correct because its passive-tail drift is small. A model
can satisfy the free-lunch test and still be wrong in ways
that matter for planning. But some of the planner’s most
damaging exploits rely specifically on imagined budget
surplus after input has stopped, and those exploits should
become harder when the model stores interaction state
explicitly and cannot mint passive-tail budget for free.

The scope restriction is real. The current paper is about
state-based, locally interacting, contact-rich systems. The
same ideas may transfer to pixels, deformable media, or
partially observed multi-agent systems, but those are
not free extensions. They need additional machinery,
especially on the inference side. Appendix C outlines a
natural pixel version, but the present manuscript does
not pretend that the visual case is solved.

The passive-tail contract is also only the first regime.
Many real planner exploits occur under small but nonzero
input. The extension is an input-conditioned storage
inequality in which actions are allowed to inject budget
through a controlled supply term. That is a substantial
generalization and should be treated as future work rather
than smuggled in as an unproven claim here.

There is also a limit to what local pair slots can ex-
press. Some domains need long-range couplings, fields, or
higher-order interaction structure. The pair-slot design
is a sensible first model for contact and crowding, not a
universal representation for all multi-entity systems.

Finally, the warning light is a bias, not a proof. In
deployment it should be viewed the same way one views
any model-based regularizer: useful if it predicts real fail-
ure modes, harmful if it merely induces caution without
information. That is why ordinary task return must be
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reported beside exploitability gap, and why the budget
must be judged on real passive support as well as in
imagination. The most informative next comparisons
are against capacity-matched recurrent baselines with ex-
tra hidden state but no explicit pair semantics, stronger
planner budgets, and complementary train—test-gap or
out-of-distribution monitoring methods.

9 Conclusion

The paper developed a narrow research direction for mak-
ing world models harder to game. The central idea is
simple. In dense, locally interacting scenes, the future
depends not only on objects but on persistent pairwise
state. A useful world model should therefore remember
interactions explicitly. It should also be judged the way
a planner will judge it: by whether long-horizon rollouts
can be exploited to create useful imagined futures that
reality will not supply.

The resulting design is concrete. FEach nearby un-
ordered pair gets a persistent pair slot with directed
memories. Anchored geometry keeps interaction topology
legible. An inert lifecycle makes graph bookkeeping safe.
A planner-aligned free-lunch test anchors a learned bud-
get to a measurable passive proxy and asks whether the
budget grows during zero-input rollouts of the learned
simulator. On the passive tail of an act-then-hold pro-
tocol, cumulative positive drift appears in the exploit
decomposition as the free-lunch term targeted by the
test.

That claim is narrow enough to test. The question
is not whether the model predicts a visually plausible
future. The question is whether a planner can cheat it.
This paper argues that persistent interaction state and
planner-aligned passive-tail drift control give a better
place to start answering that question.
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A Proof of Proposition 2

Fix a common start state z, and a filtered token state zreal

satisfying H(z'*) = V(z,). Because H(z) > V(& ( )
everywhere by construction, the imagined passive-tail
objective satisfies

ealH

J( lrnag) < CL+bH lmag +LZ ||p1mdg 5. (32)

The telescoping identity

H(P) = HE + 7 (HT

and H(z'*!) = V(z,) imply

H(Z"8) < V(z,) (34)

Z AH}.

Substituting yields the common-start surplus bound

T—1
T~ a bV ()] <b Y AH
t=s
+ LZ Ipf™*® = Py
(35)
Subtracting J(77¢*) from both sides gives
T-1
Gap(J) <b Z AHS
t=s
ima, (36)
' LZ I — pie|
[a +0V(xs) — J (7).

which is Eq. (20). Finally, applying Eq. (19) to the real
passive tail together with V (2%%) < V/(z) shows

J(r) < a4+ bV (), (37)
so the bracketed slack term is nonnegative and equals
€real(J) from Eq. (21). O
B Pair-slot lifecycle algorithm

The key design is that slot creation and deletion happen
only while the slot is inactive.

12

Algorithm 2 Neighbor list with conservative pair-slot
lifecycle

1: Inputs: decoded positions {p;}, radii reur < Tist,
optional restore radius 7yestore < Teut, Optional TTL
cache C

: Allocate: for each unordered pair {7, j} with ||p; —
Dill < 7ise and {4, 5} & Enise:

. if {i,7} € C and not expired and ||p;

then

restore (r;;,j—;) from cache
else
initialize (ri_>j, ’/’j_>,') < Ginit (JCZ‘, JCj)

end if

: add {ZJ} to Elist

: Delete: for each stored pair {i,j} with ||p;

Tist-

optionally cache (r;—;,7j—;) with expiry time

remove the pair slot

Gate: for all stored pairs, compute w;; using Eq. (6)

- ﬁj || S Trestore

© % NS TR

- byl >

10:
11:
12:

C Pixel extension

The paper keeps the main experiments state-based be-
cause that is the cleanest way to isolate planner ex-
ploitability. A pixel version can use the same dynam-
ics layer with an object-centric posterior. Let o; be the
observation and let

a4 (2t | o<ty u<t) (38)
produce entity tokens and pair memories from an image
sequence, for example by combining a slot-based encoder
with the same recurrent pair-slot filter used in the state
setting. A decoder pg(o; | z¢) or a structured observation
head can then be trained jointly with the dynamics model.
The free-lunch test, support anchor, and passive-tail losses
remain unchanged in form, except that real support is
now evaluated on posterior states rather than directly
observed simulator state.

The main additional difficulty is correspondence. In
images, object identities and pair slots may drift unless
the posterior and the rollout model share a stable match-
ing rule. That is exactly why the current paper does not
try to establish the main claim in pixels first. Settling
the dynamics question in a clean setting is a prerequisite.
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