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Abstract

World models enable language agents to antici-
pate environment dynamics and evaluate can-
didate actions before execution, yet they are
typically frozen after training, leaving them
unable to adapt to the shifting on-policy dis-
tributions induced by evolving agents. Mean-
while, agent-improvement methods often de-
pend on external rewards or verifiers that may
be unavailable in realistic interactive environ-
ments. We introduce COMAP, a framework
that co-evolves textual world models and agent
policies through closed-loop interaction. At
each decision step, the world model predicts
future environment feedback for candidate ac-
tions, while the agent performs future-aware
reflection by assessing the reliability of these
predictions and refining its action accordingly.
The resulting on-policy trajectories are then
used to improve the world model through self-
distillation, enabling it to continually adapt
to the agent’s evolving interaction distribu-
tion. Across embodied task planning, web
navigation, and tool-use benchmarks, COMAP
consistently outperforms competitive baselines
(e.g., a 16.75% relative improvement with
Qwen3-4B). Further analyses show that this
co-evolutionary process improves both world-
model capability and long-horizon decision-
making. Our code and data are available at:
O https://github.com/loyiv/CoMAP.

1 Introduction

The emergence of large language models (LLMs)
has enabled intelligent agents to reason, plan, and
interact across a wide range of digital and phys-
ical environments (Yao et al., 2023; Wang et al.,
2024b; Li et al., 2024). Recent studies suggest that
equipping LLM-based agents with world-modeling
capabilities, namely the ability to anticipate envi-
ronment state dynamics with respect to candidate
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Figure 1: Conceptual illustration of the co-evolution of
world models and agent policies for LLM Agents.

actions, can substantially improve their decision-
making by enabling agents to evaluate future out-
comes before execution (Hafner et al., 2023; Sun
et al., 2024; Chae et al., 2025; Liu et al., 2026).
However, existing textual world models are typ-
ically fixed after training or construction (Zhang
et al., 2026; Li et al., 2026). As a result, they
struggle to adapt to the on-policy state-action distri-
butions induced by the agent’s own evolving behav-
ior, especially in long-horizon interactive tasks. In
parallel, agent-evolving methods improve policies
through continual optimization, but often depend
on external rewards, human-written rubrics, or task-
specific verifiers (Sheng et al., 2026). This moti-
vates a central question: Can the internal future pre-
dictions of a world model serve as a self-improving
signal that simultaneously refines the agent policy
and adapts the world model itself, without requir-
ing external annotations?

We argue that world modeling and policy learn-
ing should be treated as a coupled co-evolutionary
process. The key challenge is that the two com-
ponents interact under a non-stationary distribu-
tion. A fixed world model may provide inaccurate
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or poorly calibrated predictions when the agent
reaches states that differ from those observed dur-
ing training. Conversely, a weak policy may gen-
erate uninformative trajectories, limiting the world
model’s exposure to diverse and task-critical tran-
sitions. Improving either component in isolation
can therefore create a bottleneck: unreliable future
predictions constrain policy improvement, while
suboptimal policies restrict the data available for
world-model adaptation. As illustrated in Figure 1,
an effective agent should instead form a closed
loop in which the world model provides forward-
looking guidance for action decision-making, and
the agent’s on-policy interactions provide fresh evi-
dence for updating the world model.

With this in mind, we propose Co-evolving
world Models and Agent Policies (COMAP), a
closed-loop framework that enables the world
model and the agent policy to improve each other
through interaction. COMAP consists of two mu-
tually reinforcing loops. In the decision loop, the
agent first drafts a candidate action from the cur-
rent state, and the world model yields future feed-
back, such as the task-relevant consequences of
that action or the next possible observation. The
agent then estimates its reliability and performs
future-aware reflection to refine this action. Simi-
larly, the resulting on-policy trajectories are used
to construct self-distillation targets for the world
model, aligning its predictions with the dynamic
state-action distribution induced by the current pol-
icy. As the policy improves, it reaches more com-
plex, informative states; as the world model adapts,
it provides more faithful predictions, thereby fur-
ther guiding the agent’s long-horizon decisions.

We evaluate COMAP across widely used bench-
marks (Yao et al., 2022; Wang et al., 2022; Shrid-
har et al., 2021; Guo et al., 2024). Extensive ex-
periments demonstrate that COMAP achieves sig-
nificantly higher task success rates over competi-
tive baselines. Further analyses demonstrate that
the co-evolutionary process improves the world
model’s ability to predict environment state dynam-
ics, which in turn provides more reliable foresight
for action decision-making.

In summary, our contributions are as follows:

* We identify a key limitation of existing world-
model-based language agents: textual world mod-
els are often static and therefore fail to adapt to
the on-policy interaction distributions produced
by evolving agent policies.

* We propose COMAP, a closed-loop framework
that co-evolves the world model and the agent
policy by leveraging future-aware reflection to
refine decisions, with on-policy self-distillation
to improve the world model.

» Extensive experiments on embodied task plan-
ning, web navigation, and tool-use benchmarks
show that COMAP consistently outperforms com-
petitive baselines, providing insightful evidence
that our co-evolution enhances world modeling
and yields effective policies for complex tasks.

2 Preliminaries

Problem Formulation. The decision-making
process of an LLM agent can be formulated as
a partially observable Markov decision process
(POMDP), denoted by M = (S,A4,0,T,R).
Here, S is the environment state space, A is the
action space, and O is the observation space. 7
represents the state transition function, and R de-
notes the reward function that measures task per-
formance. At each time step ¢, the environment
has an underlying state s; € S, while the agent
receives a partial observation o; € (. Since
the true state is not directly accessible, the agent
conditions its decision on the interaction history
hi = (o1,a1,...,a,-1,0¢), then the agent policy
Ty generates an action a; ~ my(- | hy). After exe-
cuting a;, the environment transits to the next state
according to sy ~ T (- | s¢, ar).

Textual World Models. We introduce textual
world models to provide the agent with additional
in-context information in the form of predicted fu-
ture states (Zhang et al., 2026; Li et al., 2026).
In text-based environments, the agent interacts
through natural-language observations, and the
available observation history can be viewed as a tex-
tual state representation. For simplicity, we denote
this textual state as s;. Given s; and a candidate
action ay, an autoregressive LLM can serve as a
textual world model W, by modeling the transition
distribution pg (541 | ¢, ar).

With a world model, we follow Liu et al. (2026)
to reformulate the agent’s POMDP decision pro-
cess. The agent policy first generates a draft action
araf ~ 7y(- | hy), then the world model imagines
its one-step consequence: 3;11 = Wi (s¢, alr?it).
In this way, the predicted future state is then fed
back to the agent policy, yielding a foresight-
augmented trajectory hf = (hy, a?raft, S¢41) for
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Figure 2: Overview of the proposed COMAP framework. The textual world model and the agent policy co-evolve
through three key mechanisms: on-policy self-distillation of the world model, future-aware policy reflection, and

dynamic interaction between the model and the policy.

the final policy decision.

3 Method

We propose Co-evolving world Models and Agent
Policies (COMAP), a novel framework in which
an agent policy and a world model improve each
other over time. Figure 2 shows the overview of
our COMAP framework.

3.1 World Model-guided Decision-Making

Future State Imagination. Let my denote the
agent policy and W, denote the world model. At
time step ¢, given the current state sy, the agent
policy first proposes a draft action:

adraft (- | sy). (1)

The world model then performs a lookahead imagi-
nation and predicts the next state as:

§t+1 = W¢(St, a?raft). (2)

This predicted state serves as textual future feed-
back that describes the likely consequence of the
draft action. This imagined feedback is then incor-
porated into the agent policy to refine its decision-
making when necessary.

Future-aware Reflection. We use the future
state to construct self-refinement signals for policy.
Given the future state S;y1, the policy then con-
ditions on (s¢, ™, 3, 1) to generate a reflected

action a}°f and a refinement probability p;. The

resulting data Dref = {(St7 a?rafta §t+17 agefa pt)}

is used for agent policy-side evolving. The policy
reasons over the current state, the draft action, and
the imagined state to produce the next action:

ar ~ mo(- | s, ad 51 0). 3)

3.2 Initialized Training

Before co-evolving, we initialize the agent policy
and the world model with lightweight supervision.
This provides a usable starting point while leaving
the main improvement to on-policy co-evolution.

Agent Policy and World Model Warm-up.
Given expert demonstrations Dex, = {(s¢,a;" ")}
and real on-policy transitions from rolling out in the
environment D, = {(s¢, az, s¢iY ) }, we warm up
both the agent policy and the textual world model

with supervised fine-tuning as follows:

’Cg:)}l)icy == Zlogpg(af)(p | St)v “)
Loy == _logps(sity | sear).  (5)

Reflection-mode Initialization. To initialize the
reflection mode, we construct training signals
based on the outcomes of future rollouts from ex-
pert demonstrations. For each state s;, the policy
first proposes a draft action a{™, which is eval-
uated alongside the corresponding expert action.
We restore the environment to s; and roll out two
parallel trajectory branches, one initiated by the
draft action and the other by the expert action, both
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under the same continuation policy. If the expert
branch achieves a higher success rate or a larger
cumulative future return, we assign a positive re-
finement label y{ef = 1 and designate the expert
action as the target. Otherwise, we set yi*f = 0
and retain the draft action. Note that draft actions
equivalent to the expert action after canonicaliza-
tion are inherently treated as non-refinement cases.
Finally, taking the future-conditioned observation
w5t = [s4; a5, 1] as input, we train an action
head and a refinement head (see Figure 2) to jointly
predict the refined action a}°f and its refinement
probability p;.

3.3 Co-Evolving

Co-evolving aims to jointly improve the agent pol-
icy and the textual world model through two cou-
pled learning loops. We propose on-policy self-
distillation for the world model, where a “student”
world model is trained on real executed transitions
and regularized by a “teacher” model. On the agent
policy side, we leverage future-aware reflection to
refine its draft action based on a gated future-state
signal. These two loops reinforce each other: the
evolving policy expands the on-policy transition
distribution for world-model learning, while the
evolving world model supplies increasingly reli-
able lookahead states for policy refinement.

Evolving World Models via On-policy Self-
distillation. After the initial warm-up, the world
model is instantiated with a student mode W;g and

a teacher mode Wg For each on-policy transi-

tion (s¢, ar, s71Y ), the realistic next state s¢}Y is

used as privileged information for the teacher mode.
The student first generates an on-policy next-state
rollout 87 ; ~ pg (- | st at), while the teacher
observes the same input together with s{’y and
provides a soft target for this student rollout. This
privileged teacher mode is used during training to
provide transition-level supervision and reliability
estimation.

Let Ly = |57 | be the length of the student-
generated next-state sequence. At token posi-
tion j, the student distribution is qu = pg (- |
St, G, §t5+17 <j), while the teacher distribution is
a; = p:‘;—:(- | sty a0, 857,87, 1.<;). Here, both
distributions are evaluated on the same student-
generated prefix §f '+1,<j» but the teacher addition-

ally observes the privileged state s{\". The world-

model self-distillation loss is defined as:

Lt
1
Lwnso = 7.3 Dlsslailaiy) . ©

J=1

which averages the token-level divergence between
the teacher and student distributions along the
student-generated rollout. Here, D(-||-) denotes a
distribution divergence such as the KL divergence,
and sg(+) stops gradients through the teacher. The
world model is finally trained as follows:

Lwnt = Erp,y | ~logpf(s524 | s0,a)
(7
+ T]£WMSD] .

After each student update, the teacher is updated
by an exponential moving average, i.e., ¢ < pu¢o +

(1—p)o.

Evolving Agent Policies via Future-aware Reflec-
tion. For agent-policy evolving, the student world
model first provides a lookahead future signal for
the draft action: 57, = W7 (s, af™"). The pol-
icy then conditions on z}*' = [s;; ad™; 5, 1] to
generate a reflected action a}*! and a refinement
probability p;. Given the gated online reflection
data D,.r, we set azgt = aief when the refinement
is accepted, and otherwise keep a;®' = af™*, The
policy objective is:

+ £ref

. __pexp
Epohcy =L policy

policy

+akp,, {— log pp(a;*" | xief)} (8)
+ 6o, [BCE(p:, 5] -

exp
Here, [,p olicy
ref

imitation, while L'p olicy denotes the reflection mode
with trajectory rollouts. BCE is short for the binary
cross-entropy.

anchors the draft mode with expert

Co-Evolving Training. The two learning loops
are coupled through online interaction: the policy
drafts an action, the world model predicts its future
state, the policy reflects and executes an action, and
the resulting transition is used to update the world
model. This closed loop can introduce two kinds
of noise: inaccurate early future states may mis-
lead reflection, and unnecessary refinements may
harm already good draft actions. We therefore use
a world-state gate to decide whether 5,1 comes
from the student prediction 7, ; or the real next
state sy during training, and an action gate to de-
cide whether the reflected action is adopted or the
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draft action is kept. The accepted and rejected cases
form D, with labels y{ef. With the co-evolving
training, the agent policy learns from gated future-
aware reflection, while the world model learns from

the induced on-policy transitions.

Inference. At inference time, the next environ-
ment state and the privileged teacher are unavail-
able before action execution. Therefore, the agent
uses the student world model to imagine the future
state, and produces (7, ai*", p;) through future-
aware reflection. The ultimate action is yielded
by the action gate: the agent executes aief only
when the action gate chooses the reflected action;
otherwise, it falls back to the draft action a{*?f*,
Details of implementation and mechanism clarifi-

cation are provided in Appendix C.2.

4 Experiments

4.1 Experimental Settings

Benchmarks. We employ the following widely
used benchmarks for evaluation: ALFWorld
(AW) (Shridhar et al., 2021) instantiates language-
conditioned household planning tasks in embodied
environments. ScienceWorld (SW) (Wang et al.,
2022) evaluates multi-step scientific reasoning and
experimentation in a textual simulator. WebShop
(WS) (Yao et al., 2022) measures how an agent
navigates a user in an e-commerce website and
assists in purchasing products. StableToolBench
(STB) (Guo et al., 2024) evaluates tool-use abilities
with a stable virtual API-calling server. Detailed
descriptions of these benchmarks are provided in
Appendix A.

Backbone Models. We adopt both API-called
models and open-source trainable models as back-
bones. For API-callled models, we evaluate GPT-
5.4 (OpenAl, 2026), DeepSeek-V4-Flash, and
DeepSeek-V4-Pro (DeepSeek-Al, 2026), with the
same prompting protocol. For training-based meth-
ods, including our co-evolving framework and all
trainable baselines, we use Qwen3-4B and Qwen3-
8B (Yang et al., 2025) as the policy backbones. The
agent policy and world model employ the same
backbone and tokenizer template, while all meth-
ods within a backbone group share the same data
budget, rollout budget, and evaluation setting.

Baseline Methods. We compare COMAP against
the following baselines. For API-called models,
we evaluate GPT-5.4, DeepSeek-V4-Flash, and

DeepSeek-V4-Pro under ReAct (Yao et al., 2023)
prompting. We further introduce Imagine-and-
Act, a prompting-only lookahead baseline that first
asks the same model to imagine the one-step con-
sequence of a candidate action and then selects
the final action conditioned on the imagined state,
without parameter updates or a separately trained
world model (Hao et al., 2023; Liu et al., 2026).
For open-source backbone models, we use Re-
Act and Imagine-and-Act, each with and without
supervised fine-tuning (SFT). We then compare
with test-time evolving methods, including Reflex-
ion (Shinn et al., 2023), RAP (Hao et al., 2023),
and ITP;y (Liu et al., 2026). We also compare with
world-modeling baselines, including WKM (Qiao
et al.,, 2024), IWM (Zhang et al., 2026), and
ITPr (Liu et al., 2026).

Evaluation Metrics. To evaluate agent policies,
we adopt success rate (SR) as the evaluation met-
ric, defined as the percentage of episodes that suc-
cessfully complete the given task (Shridhar et al.,
2021; Wang et al., 2025a). For ALFWorld and
ScienceWorld, we report SR on both the seen and
unseen test splits. Following Guo et al. (2024), we
report solvable pass rate (SoPR) on the Stable-
ToolBench. To evaluate the performance of world
models, we adopt AF1 to measure whether the
world model predicts the actual state change caused
by the executed action. For each action-state transi-
tion, we canonicalize states into task-relevant facts
and compare only the facts changed by the action,
given by:

AF1 = F1(D(3]T) — ®(s¢), B(s5) — B(sy)),

where ® denotes the canonicalization operation. If
Swm

the predicted state ;"] cannot be parsed into the
canonical schema, the resulting AF1 is set to 0.

4.2 Main Results

Agent Policy Performance. Table 1 shows that
COMAP consistently outperforms prior trainable
baselines across embodied task planning, web navi-
gation, and tool-use tasks. On Qwen3-8B, COMAP
improves the average score over the state-of-the-art
ITPR from 69.53% to 72.11%; on Qwen3-4B, the
gain is significantly larger, from 51.52% to 60.15%.
This suggests that co-evolving is especially helpful
for smaller backbones, where future-conditioned re-
flection can compensate for weaker planning ability.
Compared with prompting-only, test-time evolv-
ing, and fixed world-modeling methods, COMAP
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ALFWorld (AW) ScienceWorld (SW) WebShop StableToolBench

Type Method

Seen Unseen Seen Unseen (WS) (STB)
API-Called Models
CPT54 © # ReAct 8320 80.60  58.10 53.40 64.90 66.80 67.83
: # Imagine-and-Act 86.90 8470  60.70 55.80 67.40 69.20 70.78
# ReAct 6780 6450 4960 4530 55.10 54.80 56.18
DeepSeck-Vi-Flash &y 1 oine-and-Act 7120 6830 5270 48.60 58.40 58.30 59.58
# ReAct 8240 8020  66.50 62.80 70.20 62.50 70.77
DeepSeek-V4-Pro & | oine-and-Act 8610 8390  69.80  66.30 73.50 65.20 74.13
Backbone Model: Qwen3-4B 53}
# ReAct 1429 1250 632 5.44 13.85 21.50 12.32
Base Asent Plannin <5 & w/SFT 62.86 4580  39.50 34.20 36.80 35.50 42.44
& g # Imagine-and-Act 20.00 1820  8.60 7.90 16.40 24.00 15.85
<+ & w/SFT 6571 4840 4230 36.70 40.10 39.00 45.37
# Reflexion 2143 1920  8.90 8.40 17.80 23.50 16.54
Test-time Evolving # RAP 2429 2210 10.80 12.50 14.90 25.00 18.27
# ITP| 3143 2870  13.60 14.20 19.80 30.00 22.95
& WKM 62.14 4490 4370 37.50 45.80 35.00 44.84
World Modeling 6 WM 6429 4720 4520  40.60 44.70 37.50 46.58
6 TPy 67.15 4854  49.85 43.20 5235 48.00 51.52
Co-evolving ® COMAP (Ours) 71.53  70.68 5390  49.20 59.60 56.00 60.15
Backbone Model: Qwen3-8B 53}
# ReAct 1929 1785  9.79 8.61 18.62 26.00 16.69
Base Asent Plannin <5 & w/SFT 6786  57.62  57.21 50.33 56.25 42.00 5521
seAg J # Imagine-and-Act 32.86 3055  16.80 15.60 22.70 31.50 25.00
<5 & w/SFT 68.14 7234 5862  42.14 46.15 46.50 55.65
# Reflexion 2429 2240  12.50 12.10 20.80 27.50 19.93
Test-time Evolving # RAP 2857 2680  15.46 27.14 12.40 28.00 23.06
# ITP| 4143 3920  19.58 19.20 24.30 35.00 29.79
& WKM 7929 7687 6031 47.68 61.15 40.50 60.97
World Modeling 6 WM 82.14 7950  59.27 54.30 57.30 44.00 62.75
o ITPy 8571 8320  60.20 55.30 64.75 68.00 69.53
Co-evolving 6 CoMAP (Ours) 88.57 86.68 61.85 56.95 68.10 70.50 72.11

Table 1: Performance comparison across representative benchmarks, where results on AW, SW, and WS represent
task success rate (%), while results on STB represent solvable pass rate (%). Training-free methods are marked with
#t, while training-based methods are marked with @ . The best result per backbone model is highlighted in bold.
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Figure 3: Component ablations of COMAP on ALFWorld. We report leave-one-component-out results on Qwen3-4B
and Qwen3-8B. Policy-side results represent success rates, while world-model-side results represent AF1 scores.

further benefits from continuously updating both
the policy and the world model. Notably, Qwen3-
8B with COMAP surpasses GPT-5.4 with ReAct
and DeepSeek-V4-Pro with ReAct, and approaches
DeepSeek-V4-Pro with Imagine-and-Act.

World Model Performance. Table 2 shows that
COMAP also improves world-model prediction
quality, achieving 85.40% and 90.29% average
AF1 on Qwen3-4B and Qwen3-8B, respectively.
Notably, Qwen3-8B with COMAP even slightly

surpasses GPT-5.4 in AF1, while Qwen3-4B with
COMAP approaches DeepSeek-V4-Pro and clearly
outperforms DeepSeek-V4-Flash. Compared with
vanilla prompting, SFT, and on-policy training
baselines, the consistent gains achieved by COMAP
indicate that real-transition supervision alone is in-
sufficient, and that self-distilled on-policy adapta-
tion is crucial for modeling policy-induced state
changes. These results show that co-evolving im-
proves the capabilities of world models.
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Method AW  SW WS STB Avg.
API-Called Models

DeepSeek-V4-Flash & 80.20 77.40 75.60 61.30 73.63
DeepSeek-V4-Pro & 83.35 86.80 83.10 89.80 85.76
GPT-54 & 91.80 92.70 84.10 87.60 89.05
Backbone Model: Qwen3-4B s
Vanilla 31.25 25.00 27.60 2290 26.69
SFT 5230 4445 4420 3870 44091
On-policy Training 78.50 81.00 70.60 73.90 76.00
CoMAP (Ours) 89.20 86.20 86.40 79.80 85.40
Backbone Model: Qwen3-8B %
Vanilla 3840 30.60 33.50 2820 32.68
SFT 60.05 5190 51.70 6540 57.26
On-policy Training 87.05 8845 78.50 81.90 83.98
COMAP (Ours) 93.70 94.15 84.70 88.60 90.29

Table 2: Performance comparison across different tex-
tual world models. We report AF1 (%) to measure
whether the next predicted world-state captures action-
induced state changes after canonicalization.

4.3 Ablation Study

To evaluate the contribution of individual compo-
nents within COMAP, we conduct comprehensive
ablations on the ALFWorld benchmark using both
Qwen3-4B and Qwen3-8B as backbone models.

Policy-Side Ablations. As shown in Figure 3(a),
the full COMAP framework achieves the highest
task success rate across both model scales. Remov-
ing any module leads to a substantial performance
decline. Notably, omitting the future-state input
(w/o Future State) causes the most severe drop,
reducing the success rate by 9.8% and 24.1% on
the 4B and 8B models, respectively. Furthermore,
removing the initial expert supervised fine-tuning
(W/o Expert SFT) or the reflection-mode initial-
ization also heavily impairs performance, confirm-
ing the necessity of high-quality trajectory priors
and robust action-refinement training. The absence
of the action gate and online reflection similarly
degrades the success rate, proving that adaptive
reliance on world models and continuous policy
refinement are indispensable.

World-model and Coupling Ablations. To as-
sess the world model’s state-tracking fidelity, we
report the AF1 score in Figure 3(b). The full frame-
work significantly outperforms all variants. Most
importantly, freezing the world model after initial
training (Frozen WM) results in the most drastic
deterioration in AF1, dropping by a massive 26.9%
and 29.1% on the 4B and 8B models. This strongly
validates our core hypothesis: static world models
quickly become misaligned during long-horizon
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Figure 4: Learning dynamics of co-evolving. The upper
panel compares the world model and agent policy across
base, warm-up, and co-evolving stages. The lower panel
shows that both the world model and agent policy stably
improve during co-evolving training.

tasks, and continuous, dynamic co-evolution is es-
sential for maintaining accurate environment mod-
eling. Additionally, eliminating the world model
warm-up phase (Ww/o WM Warm-up) severely hin-
ders the model’s baseline predictive ability. Other
coupling mechanisms, including real-state supervi-
sion (w/o Real CE), world-model self-distillation
(w/o WMSD), and the world-state gate (w/o WS
Gate), all contribute positively to the final predic-
tion accuracy, ensuring the world model remains
robust and closely aligned with the real environ-
ment dynamics.

4.4 In-depth Analyses and Discussions

Learning Dynamics of Co-Evolving. We ana-
lyze the training dynamics during the co-evolving
process. As shown in Figure 4a, both the world
model and the agent policy improve consistently
from the base model to warm-up and co-evolving
stages, indicating that supervised warm-up pro-
vides a useful initialization and online co-evolving
further strengthens both components. Figure 4b
shows that the world model reaches a relatively sta-
ble prediction accuracy after early training, while
the agent policy continues to improve with small
fluctuations. This trend suggests that a stabilized
world model can provide increasingly useful future-
state signals for policy reflection, and the policy
can further benefit from high-quality online refine-
ment during co-evolving training.

Effect of Reflection. We evaluate the future-
aware reflection stage using three diagnostic met-
rics: unnecessary revision rate (URR), harmful re-
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Benchmark URR () HRR({) BRP()
ALFWorld 0.16 0.08 0.92
WebShop 0.07 0.09 0.87
ScienceWorld 0.12 0.11 0.93

Table 3: Effect of the future-aware reflection stage.
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Figure 5: Adoption ratio of the world state gate (Qwen3-
8B as the backbone model on ALFWorld).

vision rate (HRR), and beneficial revision precision
(BRP). URR measures over-intervention on already
successful draft actions, while HRR measures de-
structive revisions that turn successful drafts into
failed reflected actions. BRP measures the preci-
sion of useful revisions. All metrics lie in the [0, 1]
range. As reported in Table 3, the consistently low
URR/HRR and high BRP indicate that reflection
contributes critical refinement while avoiding un-
necessary or harmful revisions. We provide more
detailed discussions in Appendix C.2.

Effect of World State Gate. We examine
whether the world-state gate could adaptively select
predicted world-model states during co-evolving
training. As shown in Figure 5, the world model
state adoption ratio consistently increases along
training under different thresholds, suggesting that
the world model produces increasingly reliable
future-state predictions. A lower threshold 7, =
0.3 enables earlier and more frequent adoption,
whereas a higher threshold 7,,,, = 0.9 keeps the
gate conservative. The middle setting 7, = 0.6
provides a balanced curriculum, suppressing noisy
early predictions while gradually exposing the pol-
icy to useful world model-guided states. We there-
fore use 7, = 0.6 in the main experiments.

Analysis of On-Policy Self-Distillation for World
Models. To investigate how on-policy self-
distillation facilitates world-model evolution, we
contrast it with standard off-policy SFT. While off-
policy SFT relies on a single hard next-state target,
world-model self-distillation (WMSD) couples the
real-state anchor with token-level soft guidance
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Figure 6: Change-token NLL under off-policy SFT and
WMSD (Qwen3-4B and Qwen3-8B on ALFWorld).

from the teacher model. This mechanism provides
denser, more informative supervision over plausi-
ble transition tokens. We isolate and evaluate this
effect by measuring the prediction loss on action-
induced change tokens. As illustrated in Figure 6,
WMSD consistently yields a lower negative log-
likelihood (NLL). Specifically, WMSD reduces
the mean change-token NLL from 2.02 to 1.45
and from 1.80 to 1.38, respectively. These results
demonstrate that rather than merely memorizing
static background text, WMSD effectively trains
the world model to capture transition-critical state
changes with greater accuracy and consistency.

5 Related Work

World Models for Planning. World models have
long been viewed as a key mechanism for au-
tonomous intelligence and model-based reinforce-
ment learning, enabling agents to predict future
states and evaluate action consequences before exe-
cution (LeCun, 2022; Hafner et al., 2023). With the
rise of LLM agents, this idea has been extended to
textual world models, where language models pre-
dict environment feedback, state transitions, and
action outcomes for task planning (Guan et al.,
2023; Hao et al., 2023; Gu et al., 2025; Cheng
et al., 2025). These models provide an explicit
foresight perspective, allowing the agent policy
to obtain additional future-state information and
thus improve reasoning and planning beyond the
current observation alone (Xiang et al., 2023; Sun
et al., 2024; Wang et al., 2025¢; Liu et al., 2026).
Recent work further explores world models for
agent improvement, such as WebEvolver, which
leverages a co-evolving world model for web-agent
self-improvement (Fang et al., 2025). In contrast
to prior methods that mainly use world models as
planning components, our work studies a closed-
loop formulation where the textual world model
and the agent policy are jointly optimized and mu-
tually reinforced through interaction.

27468



LLM Agent Evolving. Initial efforts in agent
evolution focused on self-reflection (Shinn et al.,
2023) or retrieving past experiences (Wei and Yang,
2013; Majumder et al., 2024; Qian et al., 2024).
Moving beyond prompting, parametric methods
optimize policies by fine-tuning on expert trajec-
tories, correcting execution errors, and calibrating
behaviors (Chen et al., 2023; Song et al., 2024;
Wang et al., 2024a, 2025a). To achieve autonomous
self-improvement (Song and Zheng, 2026), recent
paradigms emphasize continuous learning mech-
anisms. These methods enable agents to dynami-
cally refine policies via environmental feedback (Xi
et al., 2025; Sheng et al., 2026), abstract historical
experiences into symbolic rules (Zhou et al., 2024;
Luetal., 2023), or acquire new capabilities through
open-ended skill-bank curation (Xu et al., 2026;
Wu et al., 2026). While some advanced methods in-
corporate world models to facilitate adaptive looka-
head planning (Wang et al., 2025b; Liu et al., 2026),
they typically treat the models as isolated, auxil-
iary simulators. In contrast, our COMAP uniquely
co-evolves both world models and agent policies
through continuous closed-loop interactions.

6 Conclusion

In this paper, we introduced COMAP, a closed-
loop framework that co-evolves textual world mod-
els and agent policies through interaction. By
combining on-policy self-distillation with future-
aware reflection, COMAP continually adapts the
world model to the agent’s evolving interaction dis-
tribution and uses its predictions to refine agent
decision-making. Extensive experiments across
embodied task planning, web navigation, and tool-
use benchmarks demonstrate consistent improve-
ments in both task success and world-model pre-
diction accuracy. These findings highlight the po-
tential of world models to move beyond static plan-
ning components and become evolving sources of
future-aware supervision, enabling LLM agents to
improve through their own interaction experience
without relying on external rewards or verifiers.

Limitations

While COMAP shows consistent gains across mul-
tiple agent benchmarks, two limitations remain.
First, COMAP assumes that environment states and
action outcomes can be represented as text. This
fits web navigation, tool-use tasks, and text-based
environments, but may not fully cover multimodal

settings within physical environments. Second,
COMAP requires an additional world-model call
at inference time before future-aware reflection.
While this cost is moderate due to one-step imag-
ination rather than multi-branch search or long-
horizon rollouts, it may affect latency-sensitive ap-
plications. Future work can reduce this overhead
through selective imagination, lightweight world
model caching, or asynchronous prediction.
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A Datasets and Preprocessing

We evaluate our method on four representa-
tive agent benchmarks: ALFWorld' (Shridhar
et al., 2021), ScienceWorld? (Wang et al., 2022),
WebShop3 (Yao et al., 2022), and StableTool-
Bench?* (Guo et al., 2024). Table 4 presents task
descriptions and data statistics.

A.1 Datasets

ALFWorld. ALFWorld is a text-based embod-
ied household benchmark in which an agent inter-
acts with a simulated environment through natural-
language observations and admissible text actions.
Each episode provides a goal instruction instanti-
ated from compositional task templates, and suc-
cess requires the agent to perform multi-step plan-
ning under partial observability.

ScienceWorld. ScienceWorld is a text-based in-
teractive science environment designed to evaluate
an agent’s ability to solve procedural and reasoning-
intensive tasks grounded in everyday scientific phe-
nomena. Compared with household tasks, Science-
World typically involves longer horizons and re-
quires the agent to integrate information gathering,
tool use, and multi-step experimentation.

WebShop. WebShop is a text-based web shop-
ping benchmark where an agent interacts with sim-
ulated e-commerce webpages to find products sat-
isfying a user instruction. Unlike embodied naviga-
tion environments, WebShop exposes the agent to
longer and noisier textual observations, including
search results, product titles, attributes, and descrip-
tions. Solving a task requires multi-step browsing,
comparison, and selection before making the final
purchase decision.

StableToolBench. StableToolBench is a multi-
turn tool-use benchmark that evaluates an agent’s
ability to solve tasks by invoking executable tools
under realistic interaction constraints. In contrast
to text-navigation environments, StableToolBench
emphasizes correct tool selection, robust handling
of intermediate execution feedback, and solvability-
aware evaluation. Although its episodes are typi-
cally shorter, each decision is more sensitive, since
an incorrect tool invocation can immediately derail
subsequent progress. Following existing studies,

1https ://github.com/alfworld/alfworld
2https ://github.com/allenai/ScienceWorld
3h’ctps ://github.com/princeton-nlp/WebShop
*https://github.com/THUDM/StableToolBench

Domain Task Description Dataset Statistics
ALFWorld
Household, Six compositional Training: 3,119
text-based task families: PICK, Test-Seen: 140
embodied CLEAN, HEAT, Test-Unseen: 171
tasks CooL, LOOK,
P1ck2.
ScienceWorld
Elementary 30 subtasks with Training: 1,483

science
curriculum in
an interactive
text
environment

many variations
(entities, initial
conditions,
distractors, room
layouts), partitioned
following the
benchmark protocol.

Test-Seen: 194
Test-Unseen: 151

WebShop

Goal-driven Product search, Training: 1,824
web shopping  browsing, attribute Test: 210
in a text-based comparison, and
browsing final item selection
environment based on user

instructions over

noisy webpage

observations.

StableToolBench

Multi-turn Tool invocation, Training: 1,972

tool-use tasks
with
executable
tool
interactions

intermediate
execution feedback
handling, and
solvability-aware
evaluation under
realistic
function-calling
constraints.

Test: 169

Table 4: Dataset statistics. We report dataset splits
following the standard benchmark protocol.

we report the solvable pass rate (SoPR), which mea-
sures average task success on the solvable subset.
Each instance is judged as solved, unsolved, or un-
certain, and is mapped to 1, 0, or 0.5, respectively.

A.2 Training data

Figure 7 summarizes the benchmark-specific train-
ing data used by COMAP. For the agent policy, the
data consists of warm-up demonstrations, expert-
draft supervision, revise-positive samples, keep-
draft samples, and high-quality reflection samples.
The last three categories are collected from the co-
evolving process and provide direct supervision for
future-conditioned reflection, i.e., when the pol-
icy should revise a draft action and when it should
keep the original decision. For the world model,
the data is divided into warm-up transition data and

27473


https://github.com/alfworld/alfworld
https://github.com/allenai/ScienceWorld
https://github.com/princeton-nlp/WebShop
https://github.com/THUDM/StableToolBench

(a) Agent-policy training data (b) World-model training data

Agent World
Policy Model
Total N=18,012 Total N=25.282
Warm-up Keep-Draft Warm-u Env State Data
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Expert Draft HQ Reflect ” :

n=3,334 (18.5%) n=3,315 (18.4%)

Revise-Positive
n=2,432 (13.5%)
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(a) Agent-policy training data

l Agent
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(b) World-model training data

World
Model
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n=3219 (18.7%) ™
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(b) ScienceWorld

(a) Agent-policy training data
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(b) World-model training data

Agent World
Policy Model
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n=1,972 (20.2%) n=3,140 (32.2%) o o, m  for Self-Distill
1=6,902 (53.8%) 125,016 (46.2%)
Expert Draft HQ Reflect ’ )

n=1,882 (19.3%) = n=1,573 (16.1%)

Revise-Positive
n=1,194 (12.2%)

(d) StableToolBench

Figure 7: Benchmark-specific rollout training-data distributions. Each panel reports the composition of agent-policy
and world-model training data with counts and normalized percentages.

environment-state data for self-distillation. The
warm-up data initializes one-step textual transition
modeling, while the self-distillation data comes
from on-policy interaction states induced by the
evolving agent. Across benchmarks, a substantial
portion of both policy-side and world-model-side
data is generated after initialization, showing that
COMAP does not rely only on static offline super-
vision. Instead, the policy and world model are
continuously refined with interaction-derived sig-
nals, which support the closed-loop co-evolving
design.

B Model Size Scaling

We further study how COMAP scales with back-
bone model size by comparing the dense Qwen3-
4B (Yang et al., 2025)°, Qwen3-8B (Yang et al.,
2025)°, and Qwen3-14B (Yang et al., 2025). As
shown in Figure 8a, the average agent-policy per-
formance improves monotonically from 71.10 to

5https://huggingface.co/Qwen/Qwen3—4B/blob/
main/LICENSE

6https://huggingface.co/Qwen/Qwen3—8B/blob/
main/LICENSE

7https://huggingface.co/Qwen/Qwen3—14B/blob/
main/LICENSE

87.62 and 90.08 as the backbone scales from 4B
to 8B and 14B, indicating that larger policies can
better exploit future-conditioned reflection. Mean-
while, Figure 8b shows that world-model predic-
tion quality also improves monotonically, with the
average A-F1 increasing from 89.20% to 93.70%
and 97.40%. These results demonstrate consis-
tent dense-model scaling for both components of
COMAP: the agent policy gains most substantially
from 4B to 8B, while the world model continues to
exhibit clear improvements up to 14B.

C Implementation Details

All experiments were conducted on a computa-
tional cluster equipped with 4x NVIDIA A100
80GB GPUs. We report additional implementation
details for training cost, parameter settings, and
prompting templates as follows.

C.1 Parameter Settings

Table 5 reports detailed parameter settings of our
proposed COMAP.
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Figure 8: Dense-model size scaling of COMAP. We evaluate COMAP with dense Qwen3-4B, Qwen3-8B, and
Qwen3-14B backbones on ALFWorld. The left panel reports the average agent-policy performance, while the right
panel reports the average world-model A-F1. Marker size indicates the relative backbone scale.

C.2 Additional Clarification of COMAP

This section provides additional details on the deci-
sion flow, Future-aware Reflection, world-state gat-
ing, teacher-mode supervision, world-model self-
distillation, and action gating used in COMAP.

Draft, refinement, and execution. COMAP sep-
arates action generation into three stages: draft
generation, future-aware refinement, and final ex-
ecution. At step ¢, the action head first proposes
a draft action a{*** from the current state s;. The
student world model then predicts an imagined fu-
ture state 37, | = W5 (s¢, af™*). Given the gated
future context 5.1, the Future-aware Reflection
module produces a refined action a}! and a refine-
ment probability p;. The final executed action is
determined by the action gate:

ref act __
at ) gt - 17

a?raft7 g?ct = 0.

a?xec —

Therefore, the environment transition used for
subsequent world-model learning is written as
(¢, ag**, 571 ). For notational simplicity, the main
text may use a; when the executed action is unam-

biguous.

Role of textual reflection. The Future-aware Re-
flection module may generate a textual reflection 7
as an intermediate rationale for action refinement.
This rationale helps the policy interpret whether
the predicted future state indicates progress, fail-
ure, redundancy, or invalidity. However, r; is not
treated as an independent optimization target. The
supervised outputs of the refinement module are the

refined action a}*" and the refinement probability p;.

Thus, the reflection text serves as an auxiliary rea-
soning trace, while the training objective focuses
on action-level refinement.

Suffix-based refinement initialization. Before
online co-evolving, we initialize the Future-aware
Reflection module with suffix-based supervision.
The goal is to teach the policy when refinement
is necessary, rather than forcing every draft action
to be changed. For each state s;, we compare two
suffix branches under the same continuation policy:
one branch starts from the draft action a{**!*, and
the other starts from the corrected expert action
ai®'". If the corrected branch achieves a better task
outcome or a sufficiently larger suffix return, we
set the refinement label y}*' = 1 and use a{°'™
as the target action. Otherwise, we set 3l = 0
and keep the draft action as the target. Equivalent
actions after canonicalization are treated as keep-
draft cases. This design prevents the refinement
module from over-correcting already useful draft
actions.

World-state gate as future-context curriculum.
The world-state gate controls whether the policy is
trained with an imagined world-model state or the
real environment state as its future context. Specifi-
cally, the student world model predicts 87, ;, while
the EMA teacher predicts éal. We compute the
reliability score p}'™ by comparing their action-
induced fact changes after canonicalization. If the
student and teacher predictions are consistent, the
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Parameter Value
Shared Settings

Maximum sequence length 2048

Optimizer AdamW

Learning-rate scheduler Cosine decay

Warm-up ratio 0.03

LoRA rank r 8

LoRA scaling a1,0rA 16

LoRA dropout 0.05
World Model Training

Training epochs 3

Learning rate 2 x 1075

Per-device batch size 1

Gradient accumulation steps 16

Co-evolving rounds 3

WMSD weight n 0.5

EMA momentum g 0.99

World-state threshold 7w m 0.6

World-model maximum new tokens 192
Agent Policy Training

Training epochs 3

Learning rate 2x107°

Per-device batch size 1

Gradient accumulation steps 16

Co-evolving rounds 3

Online reflection weight « 1.0

BCE weight 8 0.01

Revise-probability threshold 7, 0.5

Reflection-confidence threshold 7, 0.6
Draft-action maximum new tokens 64

Reflection maximum new tokens 128
Final-action maximum new tokens 16

Temperature 0.7
Top-p 0.9

Table 5: Parameter settings of COMAP. We report the
default hyperparameters used for the shared backbone,
world-model training, agent-policy co-training, and in-
ference decoding. Here, n denotes the WMSD weight
in Eq. (7), while « and 8 denote the weights of online
reflection learning and revise-probability learning in
Eq. (8), respectively.

gate selects the student-predicted state:

_ ~S .
Ste1 =87 i g =1

Otherwise, the gate falls back to the real environ-
ment state:

Sia1 = S0 g™ = 0.

This mechanism forms a curriculum over future
contexts. At early stages, when the world model
is less reliable, the policy receives cleaner environ-
ment states. As the world model improves, the pol-
icy is gradually exposed to imagined future states,
better aligning with the inference-time setting.

Teacher mode and privileged information. The
teacher mode uses the real next environment state
s{ry only as privileged training-time information
for improving the world model. It is important to
distinguish this from inference-time planning. The
privileged state is never provided to the student
world model at inference time, nor is it directly
exposed to the deployed agent policy. Instead, the
EMA teacher acts as a training-time regularizer
that provides soft token-level targets for the student
world model. Therefore, the teacher mode should
be understood as a transition-modeling mechanism,
not as an oracle planner.

Why world-model self-distillation is used.
Real-state cross-entropy trains the world model
with a single observed next-state sequence. Al-
though this anchors the model to the actual transi-
tion, it provides only one hard target at each decod-
ing position. World-model self-distillation further
transfers the EMA teacher’s token-level distribu-
tion to the student. The resulting loss combines
real-state anchoring and soft distributional guid-
ance:

Lwwm =Ep,,, [ — log Pg (S?ﬂlr‘i | st, afxec)

+ nDWMSD} -

This provides denser supervision over plausible
transition descriptions, especially for tokens that
correspond to action-induced state changes. As a
result, the student world model can better adapt to
the evolving on-policy state-action distribution.

Action gate and refinement confidence. The ac-
tion gate decides whether the refined action should
replace the draft action. It uses three complemen-
tary conditions:

9i = 1pe > 1] 1[gi" > 7]

-1|Canon(ai®) # Canon(a?ra&)} .

Here, p; estimates whether refinement is neces-
sary, while ¢i°f measures whether the generated
refined action is reliable. The canonicalization con-
straint avoids adopting superficial changes that are
semantically equivalent to the draft action. To-
gether, these conditions reduce unnecessary or low-
confidence refinements and make the final execu-

tion more conservative.

Evaluation metrics for reflection. For each state
s¢, let ad™ and a}°f denote the draft and re-

flected actions, and let 2"t »ref ¢ {0 1} be
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their binary suffix outcomes. We define m; =
1[Canon(a}*) # Canon(a§™")]. The metrics

are:
URR — Zt mtl[zgraft = ]‘]
YAt =1] + €
HRR = S = 1,5 = 0]

S [t = 1) e 7

Zt me + €

URR measures unnecessary revisions, HRR mea-
sures harmful revisions, and BRP measures
beneficial-revision precision.

C.3 Training-stage Computational Cost

We report the training-stage computational cost of
COMAP to improve reproducibility. Following the
main experimental setting, we profile the repre-
sentative Qwen3-8B configuration on 4 x NVIDIA
A100 80GB GPUs. The training pipeline consists
of two phases: warm-up and co-evolving. The
warm-up phase initializes the textual world model
with real transition supervision and initializes the
agent policy with draft-action imitation and reflect-
mode supervision. The co-evolving phase further
updates the world model with real-state supervi-
sion and WMSD, while evolving the agent policy
through future-conditioned reflection. GPU-hours
are computed as wall-clock time multiplied by the
number of GPUs.

In the initialization phase, the world model and
the agent policy are trained with lightweight su-
pervised objectives. The world model learns the
one-step textual transition distribution from real en-
vironment transitions, while the draft mode of the
policy is anchored by expert action imitation. We
also initialize the reflection mode with trajectory-
suffix supervision so that the policy can learn when
a draft action should be revised and what corrected
action should be produced.

In the co-evolving phase, the additional cost
comes from the closed-loop optimization of the
two modules. On the world-model side, COMAP
performs on-policy self-distillation, where the stu-
dent world model is trained with real next-state
supervision and token-level soft guidance from an
EMA teacher. On the policy side, COMAP collects
future-conditioned reflection samples and updates
only high-quality online corrections selected by the
world-state gate and the action gate. Although this
phase introduces extra computation compared with

ordinary supervised fine-tuning, the overall cost
remains moderate because COMAP uses one-step
imagination rather than multi-branch tree search or
long-horizon rollout expansion.

At inference time, COMAP removes the EMA
teacher and uses only the student world model to-
gether with the agent policy. Therefore, the self-
distillation teacher introduces training-time over-
head but does not increase the number of deployed
models at test time.

C.4 Details on API-called Model Evaluation

For reproducibility, GPT-5.4 is evaluated with
the official API model identifier gpt-5.4 (Ope-
nAl, 2026), and the DeepSeek baselines
are evaluated with deepseek-v4-pro and
deepseek-v4-flash (DeepSeek-Al, 2026). All
API-called models use the same ReAct prompt,
decoding configuration, and text-only benchmark
interface, without browser, computer use, file
search, retrieval, or external tool access beyond the
benchmark-provided actions. We use OpenAl GPT-
5.4 with the documented API alias gpt5.48%. For
DeepSeek baselines, we use deepseek-v4-pro
and deepseek-v4-flash’.

C.5 Multi-step Prediction and Compounding
Error

We evaluate recursive lookahead on ScienceWorld
with Qwen3-4B. For policy evaluation, only the
first predicted action is executed before replan-
ning from the real observation. Performance de-
creases with the prediction horizon for both meth-
ods. COMAP mitigates but does not eliminate com-
pounding error; therefore, we use one-step predic-
tion for the best accuracy—efficiency trade-off.

C.6 State-restoration Requirement

Reflection-mode initialization assumes that the en-
vironment can be restored to an earlier state so
that alternative action branches can be compared.
Consequently, this procedure is most directly ap-
plicable to simulated or sandboxed environments.
This requirement applies only during offline initial-
ization: COMAP neither restores nor branches the
environment at inference time and executes only
the gated action. Applying the same initialization
procedure to live websites or stateful APIs with

8https://platform.openai.com/docs/models/
gpt-5.4

9https://api—docs.deepseek.com/api/
list-models
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Phase Module Main Operation Wall-clock GPU-hours

Warm-u World Model  Real-transition SFT 2.11h 8.42
P Agent Policy  Draft SFT and reflect-mode initialization 2.84h 11.36
Subtotal 4.95h 19.78

Co-evolvin World Model  Real-state supervision and world-model self-distillation 243h 9.72
J Agent Policy  Future-conditioned reflection evolving 2.05h 8.18

Subtotal 448 h 17.90

Total - 942 h 37.68

Table 6: Training-stage computational cost of COMAP on ALFWorld. We report wall-clock time and GPU-hours
using Qwen3-8B as the backbone model. The training pipeline is organized into two phases: warm-up and co-
evolving. Each phase is further decomposed into the world-model side and the agent-policy side.

Checkpoint  Metric (%) H=1 H=2 H=5 H=10

SFT AF1 4437 3492 18.46 7.84
SFT SR 3935 36.81 2694 12.66
CoMaAP AF1 86.08 7645 5536 3241
CoMAP SR 51.57 4928 39.68 24.81

Table 7: Multi-step prediction (AF1) and policy perfor-
mance (success rate, SR) on ScienceWorld.

irreversible side effects would require reset-free
supervision derived from forward-only interaction
logs, which we leave for future work.

C.7 Prompting Templates

We provide three prompt templates for COMAP
in Figure 9, Figure 10, and Figure 11. The agent
policy uses two prompts: one for generating a draft
action and one for reflecting on the draft action
with a future-state signal. The world model uses
a separate prompt to predict the next state after a
given action. This design separates policy decision-
making from one-step transition prediction.
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Prompt Template for Draft Action Generation

You are an intelligent agent interacting with a text-based environment. Your goal is to complete the task by taking valid and
useful actions.

At the current step, you will be given the task goal, the current observation, the previous action, and the latest environment
feedback. You should understand the current situation and propose one candidate action for the next step.

Instructions:

1. Briefly summarize the current state and the latest feedback.

2. Identify what has already been achieved and what remains to be done.

3. Choose the next action that is most likely to make progress toward the task goal.
4. Output exactly one candidate action.

Response format:

Reason: briefly describe the current situation and relevant feedback
Thought: briefly explain the next-step plan
Draft Action: output exactly one executable action

Inputs:

Task goal:
{task_goal}

Current observation:
{current_observation}

Previous action:
{previous_action}

Latest environment feedback:
{latest_feedback}

Interaction history:
{history}

Rules:

¢ The action must be valid in the current environment.

* Do not invent unavailable objects, locations, webpages, tools, or arguments.

« If the latest feedback indicates that the previous action failed, avoid repeating the same failed action.
* Do not output multiple candidate actions.

Figure 9: Prompt template for draft action generation in the agent policy. The policy proposes a candidate action
from the current task context before querying the world model.
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Prompt Template for Reflection with Future State

You are an intelligent agent revising a candidate action using a future-state signal. The future-state signal describes the
possible consequence of executing the draft action. Your goal is to decide whether the draft action should be kept or revised.
Revise the draft action only when the future-state signal shows that the draft action is invalid, unhelpful, harmful, redundant,
or clearly worse than another available action. If the draft action already makes useful progress, keep it unchanged.

Instructions:

Read the task goal, current observation, draft action, and future-state signal.

Judge whether the future-state signal indicates progress, failure, no change, or a harmful consequence.
Decide whether to keep or revise the draft action.

Output exactly one final action for execution.

Output a revise probability to indicate how strongly the draft action should be revised.

S

Response format:

Reflection: analyze whether the draft action leads to useful progress
Decision: KEEP or REVISE

Final Action: output exactly one executable action

Revise Probability: output a number from zero to one

Inputs:

Task goal:
{task_goal}

Current observation:
{current_observation}

Draft action:
{draft_action}

Future-state signal:
{future_state}

Interaction history:
{history}

Rules:

« If the draft action should be kept, repeat it as the final action.

* If the draft action should be revised, output only the revised action as the final action.
* Do not revise merely for stylistic reasons.

* Do not invent new objects, locations, webpages, tools, or arguments.

* The final action must be directly executable in the environment.

\

Figure 10: Prompt template for reflection with future state in the agent policy. The policy uses the future-state signal
to decide whether to keep or revise the draft action.

Prompt Template for Textual World Model

You are a textual world model for an interactive agent environment. Given the current textual state and an action, predict the
next textual state after executing the action.

Input:

Current state:
{state}

Action:
{action}

Instruction: Predict only the one-step next state caused by the given action. Preserve unchanged facts and update only the
parts directly affected by the action. Do not generate a new action, plan, explanation, or multi-step rollout.

Output format:

Predicted next state: {next_state}

Figure 11: Prompt template for the one-step textual world model. Given the current textual state and an action, the
world model predicts the resulting next state.
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