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Abstract

Agents learn from experience, distilling it into
memories, skills, or abstractions that improve
which action they propose. However, the conse-
quence of that action is discovered only after ex-
ecution, when a long-horizon error may already
be irreversible. We introduce WEVA (World-
model Evolving Agents), a framework that
makes experience predictive. WEVA learns
from interaction traces what information is
predictive and how actions transform the re-
sulting state, using a quasi-symbolic represen-
tation over entities, preconditions, and out-
comes. Specifically, before acting, WEVA pre-
dicts the states induced by candidate action se-
quences, discards those that violate learned pre-
conditions, and executes the first action of the
highest-scoring surviving branch. The agree-
ment between predicted and realised states de-
livers a model-trust signal that regulates when
lookahead is reliable and when further interac-
tion is more informative. WEVA improves task
success while executing fewer environment ac-
tions, reduces trajectories that terminate in ver-
ified constraint violations, and detects changes
in environmental dynamics before they are re-
flected in task success. These findings position
WEVA as a step towards agents capable of pre-
dicting the consequences before acting.!

1 Introduction

A central aim for (language) agents is to become
more competent as they act, and a growing line of
research has been working on making that expe-
rience reusable, structuring reasoning trajectories
into abstract representations (Ranaldi et al., 2025;
Ranaldi and Pucci, 2025), scaling and distilling into
reasoning memories (Zanzotto et al., 2025; Ouyang
et al., 2026; Yu et al., 2026; Xia et al., 2026), or
operating under meta-control over the reasoning
cycle (Wu et al., 2025; Dupoux et al., 2026; Zhang
et al., 2026¢; Ranaldi and Ranaldi, 2026).

'Code: €) OmniAILab/world-model-evolving-agents

These mechanisms shape which action the agent
proposes by retrieving, conditioning, or re-ranking
decisions against previous experience. The con-
sequence of a candidate action, however, is ob-
served only after execution. Consequently, the
agent learns from what has happened, leaving the
stage at which a proposal is evaluated unchanged.

We argue that most current agent frameworks
learn and act in a model-free way: accumulated
experience informs which action should be pro-
posed, but does not provide an explicit mechanism
to evaluate the state that a candidate action would
produce before execution. Over extended horizons,
the omission becomes critical, as an error may sur-
face only after the state in which it could have been
prevented is no longer reachable. For example,
Ranaldi et al. (2026b) show that an agent reaches
the goal and completes the requested task, yet also
modifies a non-target file, so task-specific success
hides a failure to preserve the workspace.

To mitigate this issue, recent approaches (Zhu
et al., 2025; Zhang et al., 2026a; Wei et al., 2026)
have focused on accumulating experience to make
observed failures less likely to recur. Yet, the un-
derlying mechanism producing them is in place.
This limitation extends beyond a single trajectory,
proving restrictive in both single-agent and multi-
agent environments; as agents increasingly interact,
an unverified belief or action becomes part of the
shared context upon which other agents act.

We propose WEVA (World-model Evolving
Agents), a framework in which the agent main-
tains an explicit world model and evaluates candi-
date actions against this world model before acting.
Specifically, WEVA learns what information consti-
tutes a predictive state, how actions transform that
state, and uses the learned dynamics to anticipate
consequences before committing to the environ-
ment (Figure 1). WEVA grounds these operations
in quasi-symbolic representations (Ranaldi et al.,
2025; Ranaldi, 2026). These representations sep-
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Figure 1: Overview of WEVA. The architecture orchestrates agentic reasoning, prediction, and self-evolution via
four components (Perceptor, World Model, Actor, and Controller) grounded in a shared Quasi-symbolic State.

arate entities, preconditions, and outcomes, while
allowing their contents to be induced from interac-
tion, making predicted states directly comparable
and supporting explicit consistency checks. Action
selection can then be formulated as search over pre-
dicted states: discard a candidate sequence when
one of its predicted transitions contradicts an ac-
tive precondition before the corresponding action
reaches the environment.

We evaluate WEVA across interactive planning
environments and under a controlled domain shift.
These settings test three aspects of the same mech-
anism: (i) anticipating consequences over extended
horizons, (ii) verifying preconditions before com-
mitment, (iii) revising the world model when en-
vironmental dynamics change. Together, they as-
sess whether the agent’s internal predictions remain
faithful to the environment and whether those pre-
dictions can prevent errors before execution.

Beyond task outcomes, we use transition fidelity
as a proxy for predictive world-model quality and
detection lead to measure how far prediction error
precedes a deterioration in task success. We report
the two measures separately because an agent may
still complete a task even after its internal model
has become stale, or fail for reasons unrelated to
predictive quality. We therefore evaluate both the
accuracy of the learned dynamics and their effect
on downstream behaviour. WEVA improves task
success across these settings, and reduces trajecto-
ries that terminate in a verified constraint violation.

Our contributions are the following:

* Experience made predictive. We extend

quasi-symbolic abstractions from representa-
tions of past interaction into predictive states
with transitions, learned self-supervised from
the agent’s own traces. The same traces de-
termine which information the state should
retain and how that information changes un-
der an action, making predictability part of
the representation-learning objective.

* Lookahead verified before acting. We for-
mulate agentic decision-making as search over
predicted states. Candidate action sequences
are rolled forward through the learned transi-
tion operator and discarded when a predicted
transition contradicts an active precondition,
allowing consequences to be evaluated before
they are incurred in the environment.

* Diagnostic evidence. We report transition
fidelity as a proxy for world-model quality,
separate from the external error rate that mea-
sures its effect, and show that its degradation
precedes the degradation of task success un-
der distribution shift, providing a signal that
does not require the episode to fail first.

More broadly, WEVA changes how experience

enters the decision process. Experience is no longer
used only to improve the next action, but to con-
struct a model of what that action may cause. This
gives the agent a chance to reject a consequence be-
fore experiencing, to revise its expectations when
the world behaves differently. These findings po-
sition WEVA as a step towards agents that use ex-
perience to anticipate how the world may change
before acting makes that future irreversible.
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2 WEVA: World-Model Evolving Agents

To predict before acting, WEVA learns what infor-
mation should constitute the current state and how
candidate actions transform it. The resulting pre-
dictive state provides a common interface across
the framework: the Perceptor induces it from inter-
action, the World Model learns its dynamics, the
Actor looks ahead over predicted successors, and
the Controller regulates prediction and correction
through model trust.

2.1 Learning a Predictive Representation

What a world model can learn is determined before
learning begins by how experience is represented.
Natural-language representations, including rea-
soning traces, distilled memories, and skill docu-
ments, leave both their vocabulary and organisation
open. This flexibility makes them expressive, but
provides no fixed interface for comparing a stored
claim with a subsequently realised state. At the
other extreme, fully symbolic representations make
such comparisons explicit at the cost of defining the
representation in advance. WEVA settles an inter-
mediate point through quasi-symbolic abstractions
(Ranaldi et al., 2025): semi-structured representa-
tions in which a state is organised around entities,
preconditions, and outcomes, while the contents
operating those roles are learned from interaction
(§2.2). The quasi-symbolic state functions as the
shared interface: the fields make transitions learn-
able and predictions comparable, while active pre-
conditions make them verifiable before acting.

2.2 Predictive Quasi-Symbolic Abstractions

To predict the consequences of an action, WEVA
needs a state that keeps the information governing
how the interaction may change. We build this state
from quasi-symbolic abstractions (Ranaldi et al.,
2025), which organise interaction around variables,
transitions, preconditions, and outcomes:

A=W,T.C.E), 1)

where V denotes variables, entities, tools, or states;
T records observed transitions; C captures the pre-
conditions governing those transitions; and £ rep-
resents outcome and progress signals.

Given an objective g, an observation o, and

an interaction window Tt( ), the Perceptor induces

Ay = Ao, (g, 01, Tt(k)). From this abstraction, we
define the predictive state

ot = (Vt,Ct,gt), (2)

which includes the entities currently relevant to
the task, the active preconditions, and the signals
describing progress. The complete abstraction A,
is available to memory, while o; is the state over
which the world model learns action-conditioned
change.

WEVA learns a transition model Fy,,, that maps
the current state and a candidate action into the
state predicted to follow:

é-t-i-l = f@w (Ut7 a)7 (3)

where pg,, (- | 0+, a) denotes the corresponding dis-
tribution over successor states. The roles of V, C,
and £ remain fixed across environments, while their
contents are induced from interaction. This gives
WEVA a common state for learning transitions,
comparing predictions with realised outcomes, and
checking candidate actions before execution. We
define the world model as the combination of the
learned transition model Fy,,, and the set of active
preconditions C; used to verify its predictions. C;
contains preconditions induced by the Perceptor
and preconditions promoted from procedural mem-
ory (§2.5). Consequently, updates to 6y optimise
Fo,,» while memory-based correction revises the
preconditions available in next episodes without
altering Oy .

2.3 Learning the Dynamics

Every interaction provides supervision for learning
how actions change the predictive state. After exe-
cuting ay, the next observation allows the Perceptor
to induce the realised successor o4y, yielding a
transition (o, a;, 0¢+1) without additional annota-
tion. We learn Fy,, by minimising Ly (6)

_E(Ut,at,o't+1) [lngQW (Ut+1 ‘ Jt, at)] )]

Transition learning also shapes what the Percep-
tor controls. A predictive state is useful to the ex-
tent that its contents support action-conditioned pre-
diction; we therefore feed the likelihood assigned
to the realised successor back to the Perceptor as a
learning signal:

Tf = log pgyy, (O’t+1 | Utv“t)v o)

where Oy is frozen during the Perceptor update
and 6p during the transition update. The two com-
ponents are updated alternately, allowing state in-
duction and transition learning to improve through
the same realised experience (Qiu et al., 2026).
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Structural consistency and novelty, inherited from
Ranaldi (2026), provide complementary signals.

We measure the resulting predictive agreement
through transition fidelity (§4) and use verified er-
ror to assess how far that agreement reflects the
environment.

2.4 Verified Lookahead

Predictions become useful for decision-making
when they can rule out, before execution, ac-
tions inconsistent with the agent’s current pre-
conditions. WEVA therefore performs verified
lookahead: given the current state o; and hori-
zon H, the Actor proposes B candidate actions
at each predicted state, keeps the K best partial
branches, and rolls the learned dynamics Fy,,, for-
ward (Appendix D). A branch b = (ay,...,ap)
of depth 1 < h < H produces predicted states
(5'75_:,_1, c. 76't+h, with é’t = O¢.

We check each predicted transition against the
preconditions active in the source state. The transi-
tion operator keeps these preconditions unless the
action changes them. We count violations as

viol(o,a,6’) = Z x(e,0,a,6"),  (6)
ceC(o)

where x = 1 when taking a from o or reaching 5’
contradicts an applicable precondition c. The same
transition operation produces the predicted succes-
sor and the violation judgement (Appendix I). This
is an internal consistency check; Avg.LER mea-
sures externally verified violations after execution.
A branch is consistent only when every predicted
transition satisfies the active preconditions:

h
cons(b) = HH[ViOl(é’t_H‘_l, a;,0¢+i) = 0]. (7)
i=1
Among surviving branches, the Actor selects the
branch with the highest predicted progress £(6¢11,)
in £ and executes the first action of the selected
branch. A violation at a later predicted step can
prune a branch even when the first transition is
consistent. When no branch survives, the Actor
falls back to mg, (- | ¢, 0, 0¢) without lookahead
verification. Model trust determines when verified
lookahead guides action selection (§2.6).

2.5 World-Model Correction

Prediction error becomes corrective when it
changes the world model used for subsequent deci-
sions. A recurring prediction—realisation disagree-
ment under the same action and structurally similar

conditions becomes a candidate precondition in C.
We propose the candidate from the difference be-
tween the predicted and realised successor, given
the executed action and similar transitions retrieved
from memory. Subsequent transitions increase or
decrease its evidence, and an admitted precondi-
tion can prune future branches matching the same
failure pattern.

Recurrence alone can introduce spurious precon-
ditions. We therefore admit a candidate only when
it extends without regressing: it must reject at least
one observed failure without contradicting an ear-
lier successful transition.

Memory supports this correction at three lev-
els: realised transitions, recurring regularities, and
preconditions used during action selection. Ap-
pendix C details their promotion and retrieval. This
gives WEVA a non-gradient route to correct the pre-
condition component of the world model through
subsequent interaction.

2.6 Model Trust and Meta-Control

Lookahead is useful only as long as the learned
dynamics remain predictive under the current envi-
ronmental regime. WEVA monitors this reliability
through a model-trust signal computed over a win-
dow W of executed steps,

1 . a

i = T GXV:V simy(i, 0;), ®)
which compares the predicted successor of each
committed action with the subsequently realised
state. Predictions from unexecuted branches have
no realised counterpart and do not contribute. We
add p; to the Controller state, allowing meta-
control to depend on the reliability of the current
world model (Appendix B).

The Controller uses u; to decide when to pre-
dict consequences internally and when further in-
teraction is more informative. High p; supports
LOOKAHEAD. As agreement declines, direct in-
teraction becomes preferable because the current
world model no longer reliably predicts realised
states. Under a sustained decline, the Controller of-
ten selects ABSTRACT (Appendix E), re-inducing
the state over a broader trajectory to support world-
model correction.

Field-level components of sim,;, identify whether
prediction—realisation agreement is lowest for ),
C, or £. The correction procedure uses the identi-
fied field to guide entity re-induction, precondition
revision, or progress correction (Appendix B).

49282



Prediction error can emerge before an entire plan
fails. A decline in y; may therefore expose chang-
ing environmental dynamics before task success
deteriorates; we call the resulting gap in interaction
steps detection lead (Appendix F).

3 Learning to Predict and Adapt

Learning in WEVA operates at two timescales
(trainable WEVA configuration). Before interac-
tion, the Controller learns when prediction, action,
and correction are useful; during interaction, the
Perceptor, Actor, and World Model continue learn-
ing from realised trajectories while the calibrated
Controller is fixed.

Predictability-driven learning. The Perceptor
and World Model are updated alternately from the
same realised transitions. With 60y fixed, the Per-
ceptor uses the predictability signal in Equation 5
together with structural consistency and novelty.
The updated Perceptor then re-induces the source
and successor states. With 0p fixed, the World
Model is trained on these states using Lyy. Alter-
nating the updates links state induction to transition
learning (Qiu et al., 2026).

We fix the number of rounds in advance. Since
both states are induced by the Perceptor, transi-
tion likelihood alone does not show whether the
representation faithfully captures the environment.
We therefore interpret transition fidelity alongside
externally verified error and task success.

Memory-based correction. Realised transitions
enter Episodic Memory, and regularities across
transitions enter Semantic Memory. Recurring er-
rors concerning action applicability can provide
candidate preconditions for Procedural Memory.
Supported preconditions enter C and can constrain
subsequent lookahead; contradictory evidence can
weaken or remove them. Promotion and revision
occur between episodes (Appendix C).

Phase I: prior meta-control calibration. The
Controller parameters ¢ are calibrated on environ-
ments sampled from Dey,, disjoint from the eval-
uation tasks, over the extended meta-action space.
During calibration, the Perceptor, World Model,
and Actor compute a fixed number of inner-loop
updates. Post-adaptation performance provides the
Controller reward. The objective penalises LOOKA-
HEAD when search leaves the committed action
unchanged.

Phase II: interaction-time adaptation. After
calibration, ¢* is fixed. GRPO updates the Actor
from task outcomes and the Perceptor from struc-
tural consistency, novelty, and the predictability
signal in Equation 5. The World Model learns from
realised transitions through L. The control-state
projection, structural similarity sim,, and state par-
tition are fixed; the contents of the predictive state
continue to be induced from interaction.

Protocol. For each instance and adaptation round,
rollouts begin from the same initial context. Ex-
ecuted environment actions count as interaction
steps. Model trust and the Controller state change
after every executed action, whereas parameter up-
dates and precondition promotion occur between
episodes, without branching or restoring the ac-
tive environment. Appendix H specifies the rollout
group size.

4 Experiments

We evaluate WEVA across long-horizon interac-
tion, constraints, and non-stationarity using ALF-
World (Shridhar et al., 2021), WebShop (Yao et al.,
2023a), AppWorld (Trivedi et al., 2024), Science-
World (Wang et al., 2022) and propose a use case
on WorldBench (Ranaldi et al., 2026b). We report
success for ALFWorld and ScienceWorld, Web-
Shop score, and Task Goal Completion (TGC) and
Scenario Goal Completion (SGC) for AppWorld.
ScienceWorld-Shift (SW-Shift) introduces an unan-
nounced change in task-relevant environment dy-
namics at a predetermined point during interaction,
allowing us to examine how model trust and subse-
quent behaviour respond to the change.

The benchmarks differ in the separation between
the interaction used to learn the transition opera-
tion and the interaction used to evaluate it (Zhang
et al., 2026d). The two coincide in the static envi-
ronments; in SW-Shift, model trust can detect the
change within the episode in which it occurs, while
the world model is revised in next episodes. The en-
vironments also differ in how many preconditions
can be externally verified.

Backbones. We use Qwen3.5-9B for the main
experiments and evaluate frozen configurations on
Gemini-3-Flash and GPT-5.4-mini to assess robust-
ness across backbones.

Metrics. We report two complementary mea-
sures. Avg.LER captures trajectories terminating in
externally verified violations of environment rules,
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Method ALFWORLD 7 SCIWORLD T SW-SHIFT T WEBSHOP 1 APPW.-TGC T APPW.-SGC 1 Avg.LER |
Direct 46.8 (-46.0) 64.5 (-16.8) 31.2(-36.9) 63.1 (-27.8) - - -
ReAct (Yao et al., 2023b) 61.2 (:31.6) 69.4 (-11.9) 41.7 (-26.4) 73.8 (-17.1) 21.6 (-37.7) 11.9 (-31.6) 23.7%
WorldEvolver' (Zhang et al., 2026¢) 89.0 (-3.8) 78.8 (-2.5) 62.1 (-6.0) 88.5 (-2.4) 52.9 (-6.4) 37.7 (-5.8) 6.4%
EVA-Doc (frozen) 87.7 (-5.1) 78.3 (-:3.0) 57.6 (-10.5) 87.7 (32 49.9 (-9.9) 35.4¢8.1) 7.9%
EVA 89.9 (-2.9) 79.4 (-1.9 62.8 (-5.3) 89.2 (-1.7) 54.1 (5.2) 39.0 (-4.5) 5.8%
EVA-M (multi-agent) 91.0 -1.8) 79.8 (-1.5) 64.2 (:3.9) 89.8 (-1.1) 60.6 (+1.3) 45.7 (+2.2) 5.5%
WEVA-HO (no lookahead) 89.7 (:3.1) 79.2 (-2.1) 62.4 (-5.7) 89.0(-1.9) 53.9 (-5.4) 38.7 (-4.8) 5.9%
WEVA-Doc 90.1 (2.7 79.6 (-1.7) 63.6 (-4.5) 89.5 (-1.4) 54.9 (-4.4) 39.6 (-3.9 5.2%
WEVA 92.8 81.3 68.1 90.9 59.3 43.5 3.2%

Table 1: Main results on Qwen3.5-9B. Parentheses report the difference from WEVA. T denotes methods reproduced
under our evaluation protocol using the same backbone, task splits, and interaction budget.

task constraints, or tool preconditions:
N
_ (n) _
LER_NZI]I[U _1}, 9)
n—=

where v(") =1 when 7(") terminates in a verified vi-
olation, macro-averaged across environments sup-
porting external verification.

Transition fidelity (TF) measures agreement be-
tween predicted and realised states:

1
TF_‘M( Z

ot,at,044+1)ED

simy(6¢41,0¢41). (10)

We report TF overall and over V, C, and £.
Avg.LER captures the environmental effect of ver-
ification, while TF isolates predictive agreement
within the learned state.

Baselines. We compare with Direct, ReAct (Yao
et al., 2023b)and WorldEvolver (Zhang et al.,
2026c¢), all reproduced under the same backbone,
task, settings, and interaction budget used for
WEVA. We further compare with the model-free
abstraction framework on which WEVA is based
(Ranaldi, 2026) and a free-text state prediction con-
figuration using the same horizon, scoring rule, and
interaction budget. Free-text predictions are parsed
into fields only for evaluation.

WEVA Configurations. We isolate the contri-
butions of verified lookahead, constraint verifica-
tion, model trust, and world-model correction un-
der a shared representation. Full WEVA uses H=2
with verification and model-trust gating. WEVA-
HO removes lookahead while retaining transition
monitoring; WEVA-U disables verification; and
WEVA-NT performs lookahead without model-
trust gating. We retain EVA as the model-free refer-
ence. WEVA-Doc uses prompted Perceptor, World

Model, Actor, and Controller components (Ap-
pendix I), and adaptation occurs through memory-
based correction. WEVA-F fixes the world model,
preconditions, and retrieval set after calibration.

Implementation. The main experiments use
Qwen3.5-9B, with frozen-weight comparisons on
Gemini-3-Flash and GPT-5.4-mini. All methods
share the same task splits, interaction budget, and
backbone within each comparison. Appendix H
reports implementation details, while Appendix G
provides the per-backbone results.

5 Results & Discussion

5.1 Main Results

Overall performance. Table 1 reports the prin-
cipal comparison on Qwen3.5-9B. WEVA im-
proves over EVA on ALFWorld (89.9%—92.8%),
SW-Shift (62.8%—68.1%), and AppWorld TGC
(54.1—59.3). WorldEvolver provides the closest
predictive comparison, since both frameworks use
deployment-time experience to correct future pre-
dictions, while WEVA additionally searches over
predicted states and verifies each transition against
active preconditions. This yields gains of +3.8 on
ALFWorld, +2.5 on ScienceWorld, and +6.0 on
SW-Shift. The multi-agent EVA-M, which uses
multi-agent decomposition, leads on AppWorld
TGC and SGC, but we leave this to future work.

The ablations separate prospective search from
constraint verification. Moving from WEVA-HO
to WEVA-U adds lookahead without verification,
improving ALFWorld (89.7%—91.1%) and App-
World TGC from (53.9—56.3). Adding verifica-
tion gives a further +1.7 and +3.0, while Avg.LER
falls from 5.9% (WEVA-HO0) and 5.4% (WEVA-U)
to 3.2%. Search accounts for part of the gain in
task success, and checking predicted transitions
against active preconditions accounts for most of
the reduction in verified violations.
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When the world model is fixed. WEVA-F keeps
structured prediction but fixes the world model, pre-
conditions, and retrieval set. Compared with free-
text prediction, the gain is +0.9 on ALFWorld and
+1.4 on AppWorld TGC. Restoring interaction-
time correction produces the larger difference, with
+4.6 on ALFWorld (88.2%—92.8%) and +8.1 on
AppWorld TGC (51.2—59.3). SW-Shift shows the
same separation: WEVA-F reaches 59.0%, WorldE-
volver 62.1%, WEVA-Doc 63.6%, and the full
model 68.1%. A fixed predictive state supports
verification, but the larger gain emerges when sub-
sequent interaction can correct the model used to
evaluate future actions.

[ ReAct (repr.) @ EvA-Doc [ WEvA-Doc
[0 Free-text pred. B WEVA-F

2 60f

8 50f
=
%40—
an—
<

20
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o<} ©
=1 (=]

ALFWorld (%)
~
(=]
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o

70

GPT-5.4-mini

Figure 2: Performance across three backbones.

Across backbones. The same pattern holds on
Gemini-3-Flash and GPT-5.4-mini (Figure 2 and
Table 7). WEVA-Doc improves over EVA-Doc
by +2.4 and +2.1 on ALFWorld and by +4.4 and
+3.4 on AppWorld TGC, respectively. Free-text
prediction is below WEVA-F on all three back-
bones; on Gemini-3.5 and GPT-5.4, WEVA-F is
slightly below -Doc. Across all three backbones,
WEVA-Doc outperforms WEVA-F, and the world-
model configurations outperform ReAct. The mar-
gin contracts most on AppWorld TGC as backbone
performance improves, while SW-Shift is compar-
atively stable (45.3, +5.4, and +4.3 over the cor-
responding model-free reference). Stronger base
policies leave fewer precondition errors for verifi-
cation to remove, while detecting changes in envi-
ronmental dynamics is useful.

Interaction cost. WEVA converges using 33%
of the actions executed by ReAct and 79% of those
required by WEVA-HO, while lookahead adds in-
ternal steps, not executed in the environment, equal

to 26% of the ReAct budget.

Verification and trust. Removing verification
raises Avg.LER from 3.2% to 5.4%, indicating that
prediction alone recovers less of the reduction in
verified violations. Removing model-trust gating
has limited effect on static environments but re-
duces SW-Shift by 4.1 (68.1%—64.0%), as stale
predictions continue to guide action selection after
the dynamics change. Verification therefore filters
predicted branches, whilst model trust determines
when those predictions remain reliable.

Structure makes prediction checkable. Free-
text prediction reaches 87.3% on ALFWorld with
Avg.LER at 8.3%, compared with 92.8% and 3.2%
for WEVA. The key difference is that free text pro-
vides no fixed field for checking an active precon-
dition. WEVA-F further separates structure from
correction: structure alone adds +.9 on ALFWorld,
interaction-time correction adds a further +4.6.

TGCt CTS?T
Method En AvgMulti En AvgMulti
Direct 55.4 50.3 38.6 34.6
ReAct 57.1 52.0 40.2 359
EVvA-Doc  60.3 554 44.8 40.1
WEVA-Doc  62.0 58.1 51.6 48.3

Table 2: WEVA on WORLDBENCH. TGC all task-
specific evaluation functions succeed, CTS requires all
non-target files to remain unchanged. En averages on
English; Avg. is the average over all languages.

Use case: Multilingual Grounded Workspaces.
To test WEVA 1n file-based workflows, we evalu-
ate WEVA-Doc on WORLDBENCH (Ranaldi et al.,
2026b). Agents act for a persona in a file-based
sandbox and success requires both task completion
and preservation of non-target files (Table 2). In
order to make reproducible tests, we use WEVA
(specifically WEVA-Doc) with Gemini-3.5 as the
backbone model. WEVA-Doc reaches 48.3 CTS,
+8.2 over EVA-Doc and +13.7 over Direct. The
improvement comes from preservation, since pre-
dicted transitions that modify a non-target file, such
as a superseded copy of the target register, are re-
jected before execution as reported in Figure 7.
Locale conventions stored as preconditions also
mitigate the gap between English and the multilin-
gual average (3.3 against 4.7 CTS for EVA-Doc).
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Variant ALFWORLD APPWORLD
Full WEVA 92.8 59.3
World-model components:

w/o Constraint Verification 91.1 -1.7) 56.3 (-3.0)
w/o Model Trust 91.6 -1.2)  57.0(-2.3)

w/o Transition Learning (prompt)  90.3 (-2.5) 55.1 (-42)
w/o Lookahead (H=0) 89.7(-3.1) 53954
Learning and correction:

w/o Reciprocal Perceptor 91.3(-1.5) 56.9 (2.4
w/o Constraint Acquisition 91.5 (-1.3) 56.8 (-2.5)
w/o Memory Levels (flat episodic) 90.8 (-2.0)  55.7 (-3.6)
w/o Retrieval Policy (fixed) 92.0 (-0.8) 58.0 (-1.3)
w/o Field Diagnosis (scalar) 92.1 07  58.2(-1.1)
w/o Revision (fixed context) 88.2 (-4.6) 51.2 (-8.1)
Representation:

w/o State Structure (free-text) 87.3 (-5.5) 49.8 (-9.5)
w/o Quasi-Symbolic Abstractions 66.8 (-26.0) 29.4 (-29.9)
Inherited components:

w/o Controller 78.2 (-14.6)  40.1 (-19.2)
w/o Memory 80.3 (-12.5)  42.5 (-16.8)
w/o Online Adaptation 71.9 (20.9) 34.2 (-25.1)

Table 3: Ablation components and representations.
ALFWORLD reports success (%) and AppWorld TGC.

5.2 Ablation Study

Table 3 isolates the component contribution.
Among the predictive components, removing
lookahead produces the largest loss, followed by
replacing the learned dynamics with prompted pre-
diction. Removing constraint verification has a
smaller effect on task success but raises LER, sep-
arating prediction from the pruning of inconsistent
branches. Model trust matters most under change:
removing the gate reduces SW-Shift by 4.1, as stale
predictions continue to guide selection.

The Perceptor, precondition acquisition, and
memory promotion each help keep the predictive
state useful across interaction. Removing memory
produces a notable than removing either learning
mechanism, while disabling correction gives the
largest drop in this group, with WEVA-F losing
—4.6 on ALFWorld and —8.1 on AppWorld TGC.
Retrieval policy and field diagnosis contribute less,
suggesting that they regulate a predictive model.

Representation produces the clearest separation.
Replacing the quasi-symbolic state with free-text
prediction decreasing performance, while remov-
ing quasi-symbolic abstractions produces a larger
loss. Free-text prediction preserves prediction but
removes the structured fields used for verification;
removing the abstraction removes the predictive
state itself. The components inherited from EVA
are important, with the largest degradation after re-

moving Online Adaptation, followed by the Con-
troller and Memory.

5.3 Analysis

Lookahead and transition fidelity. Performance
improves up to H=2 and decreases at H=3; since
one-step transition fidelity is 0.79, accumulating
prediction error across the rollout may explain
this. Structured prediction improves overall fidelity,
with the largest separation on C (0.45—0.75), the
field used for consistency checking. Appendix D
reports the horizon and search budget; Appendix G
reports transition fidelity by field.

Detection under shift. On SW-Shift, model trust
falls below its alert level before task success de-
grades, and the residual concentrates on C; Ap-
pendix F reports the detection lead.

Where verification helps. Among the static
benchmarks, the gain over EVA is largest on
AppWorld, where preconditions are explicit and
chained, and smallest on WebShop, which exposes
few verifiable preconditions (Table 1). The benefit
also narrows with stronger backbones, where fewer
branches remain for verification to reject.

6 Related Work

Reasoning with Abstractions. CoT remains
open-vocabulary and vulnerable to bias and halluci-
nation (Turpin et al., 2023), while neuro-symbolic
approaches rely on expressed symbolic invento-
ries (Freitas et al., 2025; Ranaldi et al., 2026a).
Related work has transferred or refined reasoning
across model scales through CoT supervision and
self-refinement (Ranaldi and Freitas, 2024a,b), and
across languages via program-aided intermediate
representations (Ranaldi et al., 2024). QuaSAR
(Ranaldi et al., 2025) introduced quasi-symbolic
abstractions. WEVA extends this line from realised
to predicted states, making the representation veri-
fiable across interactions.

World Models in LLMs and VLMs. We use
model-free at decision time to denote experience-
driven agents without explicit predictive models.
Recent work learns environment dynamics and
successor states (Qiu et al., 2026; Wang et al.,
2025; team et al., 2025), generally evaluating pre-
dictive accuracy. WEVA uses these predictions
for prospective search and verifies each transition
against explicit preconditions before acting.
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Learns Predicts Searches Checks Acts in
System from experience next state futures constraints environment
EVA v - - - v
SWIRL (Qiu et al., 2026) dynamics v - - -
Env. synthesis (Dong et al., 2026) v external - external v
WorldEvolver (Zhang et al., 2026c) context v - confidence v
AEL (Xu et al., 2026) config. - - - v
DarwinX (Zhang et al., 2026d) config. - variants - v
AEvo (Zhang et al., 2026a) procedure - edits external v
WEVA v v v v v

Table 4: WEVA position. External marks environment-supplied models; context, config., procedure, and dynamics
identify what is adapted; Variants/edits indicate search over agent; confidence indicates filtering by model certainty.

Agentic Self-Evolution. Self-evolving agents
reuse experience through memories, skills, or
evolving procedures to improve future action selec-
tion (Yao et al., 2023b; Xia et al., 2026; Zhang et al.,
2026b). Related work adapts memory and retrieval
(Xu et al., 2026), explores agent variants under an
extends-without-regressing criterion (Zhang et al.,
2026d), and optimises the evolution procedure it-
self (Zhang et al., 2026a). Zhang et al. (2026c¢) is
the closest comparison, updating deployment-time
world-model context while keeping model parame-
ters frozen. WEVA differs by explicitly predicting
successor states, verifying transitions against ac-
tive preconditions, and using prediction—realisation
disagreement to correct the world model.

Model-Based RL and Cognitive Architectures.
Model-based RL plans over learned environment
dynamics, while cognitive architectures separate
observation, action, and meta-control (Dupoux
et al., 2026; Ranaldi and Ranaldi, 2026). We
treat these traditions eclectically: WEVA combines
prospective planning with explicit meta-control,
grounding both in a shared quasi-symbolic state.

Positioning. Table 4 summarises these distinc-
tions. The central question is whether a model
consults the world before acting and whether it can
reject a predicted transition. SWIRL predicts dy-
namics without acting; WorldEvolver predicts and
acts but gates predictions based on model confi-
dence. WEVA combines prediction, prospective
search, verification, and action.

7 Conclusion

We propose WEVA (World-model Evolving
Agents), which learns action-conditioned dynamics
from experience, turning quasi-symbolic abstrac-
tions into a predictive model of interaction. WEVA

checks candidate branches against active precondi-
tions, executes the first action of a surviving branch,
and falls back to the Actor’s policy. Perception,
prediction, action selection, and meta-control share
a predictive state; agreement between predicted
and realised states measures model trust, which
regulates lookahead and correction. Across long-
horizon and changing environments, WEVA im-
proves task success, reduces violations, and detects
environmental changes before task deterioration.
These results position WEVA as a step towards
agents that learn to anticipate the consequences of
their decisions before acting.

Limitations & Future Work

Our results apply when the predictive state captures
relevant consequences and explicit preconditions
can check them. Lookahead adds computation,
while model trust and acquired preconditions are
approximate signals from interaction. Future work
will calibrate trust and extend the predictive state
beyond its current structure. In multi-agent settings,
disagreement between reported and predicted states
may help assess if information is trustworthy.
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A Shared-State Operations

The quasi-symbolic state oy provides the shared
interface across the four components of WEVA.
The Perceptor induces the current state, the World
Model predicts successor states, the Actor selects
an environmental action, and the Controller selects
a meta-action. Table 5 reports their inputs, outputs,
and parameters. WEVA operates over a textual

Component Param. Reads Werites
Perceptor Op g, 0, Tt(k) ot
World Model 6w ot,a Ot+1
Actor 0a o¢, branch a;
Controller ¢ st ay”

Table 5: WEVA components.

representation, with component-specific adapters
communicating through o;. The free-text ablation
of §5.2 measures the contribution of this shared
quasi-symbolic representation.

B Control-State Components

The Controller reads

1D

The confidence proxy c¢;, contradiction ratio J;,
novelty score v4, and progress signal ¢; follow the
model-free framework (Ranaldi, 2026); model trust
¢ is defined in §2.6. Structural similarity is

simy (o, 0') = >y wx J(plain(X), plain(X")) 7

dox WX
(12)

where J is Jaccard similarity, plain normalises a
field, and £° excludes terminal outcome. Retrieval
ranges over X € {V,T,C,£°}, while prediction
ranges over X € {V,C, £°}. Restricting the com-
parison to a single field yields the field-level agree-
ment /; used for diagnosis.

S?L - [Ct7 5t7 l/t7€t7,ut]-

Meta-action space. The Controller selects

among five meta-actions:

* LOOKAHEAD: rolls candidate branches through
the transition operation and commits the first ac-

tion of a consistent branch.

* ACT: proceeds with the Actor’s policy under o;.

* ABSTRACT: re-induces the abstraction over an
extended trajectory.

* RETRIEVE: retrieves structurally compatible ex-
perience.

* ROLLBACK: restores the most recent internally
consistent abstraction and reasoning context.

Field-level diagnosis. Low values of ;* localise
prediction error within the state: disagreement on
V triggers entity re-induction, on C precondition
acquisition (§2.5), and on £ progress correction.
The correction step uses this location to select the
corresponding update; Appendix E relates these
decisions to model trust.

What counts as the same entry. State agreement
depends on plain, which normalises surface form
through lowercasing, removal of determiners and
punctuation, fixed entry ordering, and morphologi-
cal normalisation. It uses no permitted vocabulary,
canonical identifiers, or rejection rules. Equivalent
facts expressed differently may count as disagree-
ment, while lexical overlap between distinct facts
may inflate agreement. Transition fidelity is there-
fore a noisy measure of semantic agreement.

C Memory Levels and Retrieval Policies

Levels. The episodic level stores realised transi-
tions (o, at, 0441) and retrieves through the struc-
tural similarity defined in Appendix B. The seman-
tic level stores regularities distilled across episodes,
recording what a given action tends to change. The
procedural level stores preconditions consulted at
every step via C;. The three levels move from re-
alised transitions to recurring regularities and pre-
conditions used directly during action selection.

Promotion and demotion. A candidate precon-
dition carries an evidence score, increasing with
supporting transitions and decreasing with contra-
dictory evidence. Candidates exceeding the thresh-
old enter C only if they pass the test of §2.5; the
others are discarded. Promotion and demotion oc-
cur between episodes without gradient updates, al-
lowing the frozen configuration to improve.

Retrieval policies. The Controller selects which
levels are visible, how many entries are returned,
and whether retrieval returns full transitions or
compressed summaries. Policies range from no re-
trieval, through episodic recall alone, to combined
episodic and semantic retrieval. Selection condi-
tions on s}, allowing retrieval depth to respond to
current model trust.

D Search Budget and Interaction Cost

At each predicted state, the Actor proposes B candi-
date actions and the search keeps the K best partial
branches.
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Lookahead horizon. Table 6 reports the effect of
H: H=2 performs best, and the small decrease at
H=3 is consistent with error accumulating across
the rollout.

Horizon ALFW. AprPW. Avg.LER| TF R.CONV.

H=0 89.7 53.9 5.9% 0.79 3.6x
H=1 914 56.8 4.4% 0.79 4.2x
H=2 92.8 59.3 3.2% 0.79 4.6x
H=3 925 58.6 3.3% 0.79 44x

Table 6: Effect of the lookahead horizon. H=0 has
transition monitoring without prospective search.

Interaction Efficiency (Qwen3.5-9B)
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Figure 3: Executed environment actions and internal
lookahead required to reach the convergence threshold,
normalised to ReAct.

Interaction cost. Figure 3 separates executed en-
vironment actions from internal lookahead: looka-
head exchanges environment interaction for inter-
nal computation, with model trust limiting search
when the transition operation becomes unreliable.

Where lookahead adds little. The benefit is
smallest when verification has little to reject: on
WebShop, which has the fewest verifiable precondi-
tions, and on short ALFWorld tasks, where looka-
head preserves the Actor’s original action.

E Meta-Control against Model Trust

Figure 4 reports Controller decisions across model-
trust bands. LOOKAHEAD falls from 79.6% of
selections in the highest trust band to 4.1% in the
lowest, while ABSTRACT increases from 0.6% to
37.2%. ACT is concentrated in the intermediate
bands, where direct interaction provides evidence
without requiring immediate correction, and ROLL-
BACK is rare. The distribution shows that the Con-
troller uses p; to move from prediction towards
interaction and correction as model trust decreases.

Meta-Action Selection against Model Trust (Qwen3.5-9B)
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Figure 4: Share of each meta-action by model-trust
band.

F Detection under Distribution Shift

Figure 5 reports model trust, field-level agreement,
and task success around the SW-Shift change. Un-
der the thresholds shown in Figure 5, the aggregate
model-trust curve crosses its alert level about 70
cumulative interaction steps before task success
crosses its degradation threshold. This descriptive
lead depends on the chosen thresholds; agreement
declines most on C. The lower SW-Shift success
of WEVA-F (59.0% vs 68.1%) is consistent with a
benefit from interaction-time adaptation, without
isolating its components.

Detection, Diagnosis and Recovery under Shift (SW-Shift, Qwen3.5-9B)
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Figure 5: Detection and recovery on SW-Shift. Top:
per-step prediction—realisation agreement and model
trust z;; middle: field-level agreement y;% ; bottom:
task success (mean = s.d.). The shaded interval marks
the detection lead.

G Backbones and Per-Backbone Fidelity

Qwen3.5-9B supports interaction-time parame-
ter updates, while Gemini-3-Flash and GPT-5.4-
mini are evaluated through frozen configurations.
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Method ALFW. SciW. AppPW SW-SHIFT

Qwen3.5-9B (open weights)

ReAct 61.2 694 21.6 41.7
Free-text state pred.  87.3 774 498 57.8
EVA-Doc 87.7 783 499 57.6
WEVA-F 882 785 512 59.0
WEVA-Doc 90.1 79.6 549 63.6
WEVA (updated) 928 813 593 68.1
Gemini-3-Flash (frozen weights)
ReAct 71.6 742 338 504
Free-text state pred.  88.9 79.5 552 62.1
EVA-Doc 89.6 80.2 574 63.5
WEVA-F 89.3 79.8  56.0 62.4
WEVA-Doc 92.0 81.6 618 68.9
GPT-5.4-mini (frozen weights)
ReAct 74.3 76.1 372 53.8
Free-text state pred.  90.2 80.8  58.6 64.7
EVA-Doc 90.8 814 603 65.9
WEVA-F 90.4 81.0 59.1 64.9
WEVA-Doc 929 825 63.7 70.2

Table 7: Comparison across three backbones.

Across backbones, the task splits, interaction bud-
get, H=2, B=3, K=2, and decoding settings is
fixed. The agent and world model use the same
backbone in each comparison.

Transition Fidelity by Field (Qwen3.5-9B)
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Figure 6: Transition fidelity per field.

Transition fidelity per field. Figure 6 compares
structured and free-text prediction at matched scale.
Overall fidelity increases with the largest sepa-
ration on C (0.45—0.75) and the smallest on V
(0.62—0.83). The improvement in C matters be-
cause the same field determines whether a predicted
transition survives verification.

H Model Versions and Decoding

We use Qwen3.5-9B for the main experiments
and Gemini-3-Flash and GPT-5.4-mini for frozen-
weight evaluation. Table 8 reports the checkpoints.

Decoding. Decoding is kept deterministic when-
ever possible. The Perceptor, World Model, and

Model Access Checkpoint / Version
Qwen3.5-9B open weights Qwen/Qwen3.5-9B
Gemini-3-Flash interface gemini-3.5-flash
GPT-5.4-mini interface gpt-5.4-mini

Table 8: Models used in the experiments.

Controller use greedy decoding (7'=0), while the
Actor uses low-temperature sampling (1'=0.3, top-
p=0.9) to produce distinct candidates for looka-
head. Maximum generation lengths are fixed per
component and kept constant across methods. All
baselines use the decoding configuration of their
corresponding WEVA setting.

Implementation and Hyperparameters. We
implement WEVA in VeRL using a shared back-
bone with operation-specific adapters. The Per-
ceptor and Actor are updated with GRPO (G=8,
learning rate 10~%, KL coefficient 0.001, clipping
€=0.2), while the World Model learns from re-
alised transitions through successor-state likeli-
hood. We calibrate the Controller before interac-
tion via score-function policy gradient and keep it
fixed thereafter. We use verified lookahead with
H=2, branching factor B=3, and beam width
K=2; we update memory promotion and retrieval
between episodes without gradients. All experi-
ments run on four NVIDIA H200 GPUs, with the
remaining optimisation and memory settings held
fixed across methods.

I Prompts

Transition operation. predicts the
symbolic state following a candidate action.

Transition System Prompt

Predict the state that would follow the candidate ac-
tion, keeping symbolic elements and natural language
side by side.

CURRENT STATE

V: {variables}

C: {constraints}

E: {outcome signals}

CANDIDATE ACTION: {action}

Return the state after the action, using the same fields
and the same vocabulary. Change only what the ac-
tion changes. Mark any active precondition violated
by attempting the action in the current state or by
reaching the predicted successor. Do not execute the
action and do not describe the reasoning.

Return: V:, C:, E:, VIOLATED:.

quasi-

Controller: reads the control state and selects
one meta-action.
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Controller System Prompt

SYSTEM: Select one meta-action from the current
control state.

CONTROL STATE: confidence c.={conf}; contradic-
tion ratio §:={delta}; novelty vi={novelty}; progress
Ly={progress}]; model trust p:={trust}. All values lie
in [0, 1].

LOOKAHEAD: roll candidate actions forward over
the transition model and commit along a consistent
branch.

ACT: proceed under the current abstraction.
ABSTRACT: re-induce the abstraction over an ex-
tended trajectory window.

RETRIEVE: query memory for structurally compati-
ble experience.

ROLLBACK: restore the last consistent internal ab-
straction and reasoning context.

Answer with one token: LOOKAHEAD, ACT, AB-
STRACT, RETRIEVE, or ROLLBACK.

Perceptor: induces the predictive state from the
goal, the current observation, and the recent inter-
action.

Perceptor System Prompt

Induce the current state, keeping symbolic elements
and natural language side by side.

GOAL: {goal}

OBSERVATION: {observation}

RECENT INTERACTION: {window}

ACTIVE PRECONDITIONS: {preconditions from
memory}

Keep only what governs how the interaction may
change.

V: entities, tools, and their current states.

C: preconditions that hold and constrain the next ac-
tions.

E: progress towards the goal and observed outcomes.
Return: V:, C:, E:.

Actor: proposes candidate actions from the cur-
rent state.

Actor System Prompt

Propose the next action towards the goal.

GOAL: {goal}

CURRENT STATE: V: {variables}; C: {constraints};
E: {outcome signals}

RETRIEVED EXPERIENCE: {memory)

Propose {B} distinct actions that are admissible in
the environment, ranked by expected progress. Do not
execute them.

Return one action per line.

Precondition proposal. A recurring prediction—
realisation disagreement is turned into a candidate
precondition (§2.5).

Precondition Proposal Prompt

A predicted state disagreed with the realised state.
ACTION: {action}

PREDICTED STATE: {predicted V, C, E}
REALISED STATE: {realised V, C, E}

SIMILAR TRANSITIONS: {retrieved transitions}
State one precondition that, if active, would have pre-
dicted the realised state. Use the vocabulary of the
state fields.

Return: PRECONDITION..
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J Example of a WORLDBENCH Task Execution

Task

Instruction: “Record the short delivery in the stock ledger and leave a note for the pharmacist.”

Files in the folder Success requires
delivery_note: 60 Amoxicillin ordered, 40 delivered (1) row 4 of ledger set to Short delivery
ledger: current stock ledger (target) (2) a note naming Amoxicillin
ledger_2025: last year’s copy (must not change) (3) no other file changed (CTS)
ReAct
read - Evaluation:
delivery_note edit ledger_2025 write note ledger_2025
40 of 60 delivered i & (neang i) g}lflgg:e ((1)

The two ledgers look alike; the agent edits the old copy, and the error appears only after the file has been modified.

WEVA: predict, check, then act

Predicted state
Candidate action (not executed) Check
Current state o, {edit ledger_2025 ]—)[ ledger_2025 changed ]—) X violates C: pruned

Files: ledger,
ledger_2025
task closed, -
Precondition (C): ask cose no progress
progress O of 2
only ledger and the
note may change ledger row 4 =

Progress (£): 0 of 2 edit ledger St @l lfmfg‘fe‘:jtf;‘écﬁ’l‘ise;

progress 1 of 2

Only the executed action reaches the environment. The realised state matches the prediction, so model trust p; stays high.
After the note is written: ledger updated, old copy untouched, CTS = 1.

Figure 7: WEVA on a WORLDBENCH task. In the ReAct-style execution (red), the edit to the old copy of the ledger
is detected only after execution. WEVA (green) predicts the outcome of each candidate, prunes the edit that violates
C, and executes only the consistent action.
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