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Abstract

Recent growth in different reinforcement learning (RL) techniques have surfaced a
need for a wide variety of specialized training environments. These environments
are typically hand-curated, with task and reward difficulties that are fixed rather
than adaptive, making them ineffective training signals once a model’s performance
on the domain improves. As models continue to improve on these environments and
reward signals grow increasingly sparse over longer horizons, the model encounters
fewer diverse situations during rollouts, leaving it prone to overfitting on specific
workflows or tool structures, also known as mode collapse. World models that
simulate environment states have previously matched the performance of pure
environment rollouts, making them a promising avenue for scaling diversity given
that their outputs can be varied on-demand and at scale. However, autoregressive
(AR) world models suffer from a fundamental left-to-right bias that prevents them
from conditioning on globally interdependent state anchors such as tool schemas,
prior turns, and expected outcomes. In this work, we (i) formalize text-based
world modeling as a steerable transition-dynamics problem decomposed into initial
environment state, task context, tool schemas, domain rules, and steering directives,
and (ii) curate a dataset of 239,403 grounded state–action trajectories spanning
nine open-source environments and twelve frontier model families. Using this
dataset, we present a comparative study between AR LMs and masked diffusion
language models (MDLMs), and show that MDLMs, by virtue of bidirectional
anchor-aware denoising, produce better coherence, groundedness, and empirically
validated rollout diversity than LLMs more than 4× their total parameter size,
with comparable inference latency. We introduce a plug-and-play GRPO training
framework with deterministic state checks, and perform zero-shot transfer ablations
on three out-of-distribution environments (ScienceWorld, ALFWorld, AppWorld)
across three agent backbones from 1.2B–7B parameters (LFM2.5, Qwen3, Mistral),
achieving absolute gains of up to 47% over raw baselines without environment-
specific fine-tuning. Finally, we conduct a behavioral analysis of failure modes
under adversarial scenarios and a human evaluation centered on realism, outcome
correctness, and training utility to showcase their reliability. We open source our
work to encourage research in this direction 1.

1 Introduction

Reinforcement learning (RL) has transformed Large Language Models (LLMs) from passive sequence
generators into decision-making agents capable of operating in complex and dynamic tool-use
environments [84]. Such agents have demonstrated strong performance across diverse domains

1Dataset: https://huggingface.co/PatronusAI/world_model_corpus
Training code: https://github.com/patronus-ai/mdlm_world_modeling
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1) Setup

T : process_refund(...), ...

R: Valid for failed charges only

Previous turn:

Refund for the charge on
the account failed and the
recent payment returned an
error. Retrying...

Action:

process_refund({
charge_id: "CH-8831"})

{"ticket_id": "T-2881",
"user_id": "U-48192",
"refund_processed": [MASK] ,
"error_code": [MASK] ,
"resolution": [MASK] ,

"status": "error" }
Anchors (D)

fixed by schema / prior turns / retrieval

2) Autoregressive LLM
Strict left-to-right generation

{"ticket_id": "T-2881",
"user_id": "U-48192",
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"resolution": "completed",

"status": "error"
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status: "error"}
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"RE_BANK_TIMEOUT",
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"completed",

status: "error"}
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Bidirectional denoising
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⋆ Denoise using all visible tokens simultaneously

MULTIPLE GLOBALLY CONSISTENT SAMPLES

Sample 1

{error_code:
"RE_BANK_TIMEOUT",

resolution:
"retry_required",

status: "error"}

Sample 2

{error_code:
"BANK_DECLINED",

resolution:
"contact_user",

status: "error"}

Sample 3

{error_code:
null,

resolution:
"manual_aborted",

status: "error"}

✓ Many consistent completions

Figure 1: Anchor-aware structured generation: autoregressive vs. masked diffusion LMs. (1) A
tool-call output has anchor fields D fixed by schema or context (ticket_id, user_id, trailing
status: "error") interleaved with fields to be generated. (2) Left-to-right AR decoding cannot
condition on the trailing anchor, yielding prefix-consistent but globally incoherent samples (e.g.,
refund_processed: true with status: "error"). (3) An MDLM denoises masked positions
while attending to anchors on both sides, producing completions consistent with the error status.

including web navigation [44], code generation [29], and enterprise automation [16]. Unlike static
reasoning tasks, agents deployed in multi-turn settings must maintain memory across dialogue rounds,
perform sequential decision-making, and adapt to environmental feedback. Yet, training agents in
multi-turn settings introduces compounding challenges: reward signal sparsity [22], distributional
shift across turns [112], and limited generalization beyond the training environment [109].

A fundamental bottleneck constraining agent training is the availability, diversity, and scalability of
environments [20, 108]. Standard RL environments are typically hand-engineered and static, causing
agents to develop brittle policies that fail under distributional shift [74, 8]. Curriculum learning and
unsupervised environment design have been proposed to address this [57], but constructing effective
curricula still demands significant domain expertise. Domain randomization [64] and procedural
content generation [47] have shown to improve inter-episode diversity, yet the environment remains
fixed within each episode, leaving intra-episode adaptation largely unaddressed. Together, these
limitations motivate learned environment simulators that can generate diverse, realistic dynamics at
scale without hand-crafted engineering.

An alternative known as world models are generative models that predict future environment states
conditioned on past states and actions. They offer a principled solution to this scalability and
diversity problem [40]. Early works such as DreamerV3 [38] demonstrate that a world model
can internalize environment dynamics and support imagined rollouts for planning, generalizing
across over 150 diverse tasks with a single configuration. More recently, LLM-based text world
models have emerged as a lightweight and scalable paradigm [55]. Li et al. (2025) show that well-
trained world models maintain coherent latent state, scale predictably with data and model size,
and consistently improve downstream agent performance. Works such as Wu et al. (2025) further
demonstrate that reinforcement learning from verifiable rewards can improve world model fidelity in
both language and video settings, making them a promising direction. However, a critical limitation of
autoregressive models (ARs) as textual world models is their left-to-right generation bias: environment
states are globally interdependent, yet causal models are architecturally constrained to condition
only on preceding context, making reliable steering harder and susceptible to hallucinations [2].
While techniques like chain-of-thought [101] or Monte-Carlo-Tree-Search [111] have been used for
exploration and reduce hallucinations [26], such techniques increase inference latency, making them
unsuitable for very long, batched agent rollouts for GRPO-like [84] RL algorithms.
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Masked diffusion language models (MDLMs) [70, 13, 18, 58] offer a structurally different alternative.
By learning to iteratively denoise corrupted token sequences, MDLMs acquire bidirectional context
over the full observation and naturally model global consistency which we show is essential for a
faithful environment simulation. Unlike AR models, MDLMs are not subject to the causal masking
constraint, allowing them to condition predicted states on both preceding and succeeding context
within a state. Moreover, their denoising training objective encourages learning smooth, structured
distributions over state spaces, which, in this paper, we hypothesize leads to more coherent and
ecologically grounded environment rollouts. While diffusion models are standard for computer vision
world models [95, 9, 27], their discrete, text counterparts, MDLMs have not been systematically
evaluated as world models for textual environment simulations.

In this work, we address the following research questions:

1. How do masked diffusion language world models compare against causal large language
world models on in-domain and out-of-domain environment simulations?

2. Does training RL agents on MDLM-generated rollouts yield measurable downstream perfor-
mance improvements on held-out environments compared to AR-rollout baselines?

3. Do MDLM produced environment rollouts showcase a high degree of realism, correctness
and training utility according to human experts? What are some common failures of such
world models?

Through extensive experiments across different model sizes, we find that small MDLMs (8B parame-
ters), including SDAR [18], LLaDA-2.1 [14], and WeDLM [58], consistently outperform finetuned
causal models including Qwen-3.5 [93], Nemotron-3 [71], GLM-4.7-Flash [92], and GPT-OSS-
20B [72] at scales up to 35B mixture-of-expert parameters and 27B dense AR models. This result
suggests that the causal inductive bias, rather than model capacity, is the primary bottleneck in
LLM-based world modeling. While previous works such as Li et al. (2025) require fine tuning
of models for downstream applications, we show that GRPO training in a zero shot setting with
MDLM generated trajectories leads to performance improvements of up to 47% across LiquidAI [1],
Qwen [114] and Mistral [45] families ranging from 1.2-7B parameters. Finally, our human evaluation
studies also show that these models achieve high human alignment scores across the training utility,
realism and outcome correctness metrics with the four annotator averages reaching 4.75, 4.25 and
4.50 on a 1-5 Likert scale with high inter-annotator alignment (α ≥ 0.89).

2 Relevant Work

LLMs as synthetic data simulators LLMs have recently been applied to large scale synthetic data
generation tasks for post-training [68, 60, 3]. Common techniques for diversification and scalable
generation cover persona based diversification [33, 100], document or web-grounded techniuqes [63,
90, 122, 61], workflow-based grounding [66, 91, 80] and long horizon generation [41, 51, 31]. As
RL techniques continue to mature and scale, several works have suggested techniques to scale tool
simulations [34, 59] and agent-human interplay for trajectory diversification [105, 78]. Since the
release of the GRPO alogrithm [84], post-training focus has shifted towards specialized training
environments with binary verifiable rewards [103, 104, 23]. The field has since seen a rapid surge of
diverse training and evaluation environments covering coding [46, 65], computer use [110, 79, 121,
102], customer service[11] and agentic safety [25]. Works such as Song et al. (2026) have covered
scaling of environments but since task diversity in isolation is not enough and rewards and tooling
need to scale with model performance [42, 17], we have recently observed a rise of text-based world
models [55, 99, 17] that aim to improve training signal by helping diversify model experiences in a
controlled manner. In this work, we attempt to further showcase abilities of models at simulating
realistic environment behaviors to improve downstream RL performance with the hope to move
towards RL in imaginative worlds, similar to Li et al. (2024).

MDLMs as controllable models An ideal world model must be fast, high fidelity, generalizable
and steerable [32, 10]. AR language models exhibit a strong left-to-right bias which restricts diversity
and editability and the inference costs for such AR generation scales linearly with the sequence
length, making these models difficult to setup for efficient and high performance inference [106].
The MDLM training procedure enables parallel token generation and bidirectional infilling which
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further improve their applicability for arbitrary state prediction [81, 70]. Furthermore, works such as
Nie et al., Sahoo et al., Shi et al. (2025, 2024, 2025) address the reversal curse and show potential
for high quality generations. Since it is compute intensive to train MDLMs, recent works such
as Fu et al., Gong et al. (2025, 2025) have shown that conversion of large pre-trained AR models
to MDLMs is not only possible but also performant. Building on top of these works, optimization
techniques such as block diffusion [7] and joint threshold for merging Token-to-Token editing with
conventional Mask-to-Token decoding during inference [14] have been progressively studied and
shown to be effective at scaling. Parallely, Nie et al. (2025) studied the scaling laws of such MDLMs
and show that they are comparable to AR models which increasingly makes them suitable for world
modeling applications. As MDLMs continue to scale across capabilities and domains [18, 58], their
applicability to world modeling and environment state simulation is still understudied. We hope to
address this gap through this work.

World Modeling Since domain specific RL requires highly specialized and robustly curated envi-
ronments [24, 19, 119], the field has started exploring ways to improve experience-based learning [17]
to reduce their dependencies on non-scalable and hard to maintain environments. While world model-
ing is well-studied in the computer vision domain, Li et al. (2025) were one of the first to exhaustively
benchmark and ablate AR model performance for this task. Other parallel works have since explored
diverse task and tooling simulations [62, 39] for scaling environment generations. Wang et al. (2025)
applied augmentation of retrieved information to ground the content of their predictions whereas
Wang et al. (2026) were the first to propose an end to end pipeline for task, tool and deterministic
reward generation. But such a system has three drawbacks. First, the pipeline heavily relies on
correctness of each agent created component which makes it susceptible towards cascading errors
from previous components or poor design of environment components. Secondly, the downstream
scalability of such a pipeline is not exhaustively studied which makes generalizability questionable.
Lastly, steering for specific model behaviors is hard and infrastructural stability issues could poten-
tially worsen if agent is not strong at coding or loses context. To address these challenges, we first
add steering objectives to ensure grounding in real tool schemas, expected behaviors and desired
outcomes to provide finer grained guidance. Secondly, we propose a plug-n-play framework for
world model-based training by utilizing deterministic state checks which makes observability easier.
Finally, we show generalization on six tasks spanning enterprise tool use tasks, coding environments,
open ended APIs and text-based games.

3 Masked Diffusion Language Models for Steerable World Modeling

Formalizing the World Model Objective. Extending the definition of Li et al. (2025), we formalize
a world model as a parametric approximation of the environment’s transition dynamics. For any
textual environment, given a trajectory τ = ({s0, a0}, . . . , {sT , aT }) with states st ∈ S and actions
at ∈ A, we decompose each state as st = (et, ct, T ,R,D), where e0 denotes the initial environment
state (observable world configuration, e.g., files, databases, UI available at the beginning of the
rollout), ct the task context (user goal and conversational history), T the tool schemas (available
tools and their signatures), R the domain rules (constraints on valid transitions), and D the steering
directives (high-level instructions and safety constraints). The world model then learns

pθ(ct+1 | e0, c≤t, a≤t; T ,R,D) , (1)

where T , R, and D remain fixed across the trajectory. In text-based environments, each st is serialized
as a token sequence x(t) = (x

(t)
1 , . . . , x

(t)
L ), so the world model learns a distribution over structured

token sequences conditioned on the history. Note that the world model represents e≤t internally
rather than emitting it as output, encouraging internal state tracking while avoiding context pollution.
The fidelity of this learned distribution determines the quality of imagined rollouts for downstream
agent training, and grounding generated states in environment variables and steering directives yields
a natural and adaptable learning curriculum for the agent.

Masked Diffusion Language Models for World Modeling. Masked diffusion language mod-
els [70, 14, 18, 58] learn to predict a full next-state token sequence by iteratively denoising masked
tokens, conditioned on an unmasked context. Given a clean next-state sequence during training
x(t+1) = (x

(t+1)
1 , . . . , x

(t+1)
L ), the forward process samples a diffusion time τ ∼ U(0, 1] and in-

dependently replaces each token with a mask token [M] with probability τ , yielding the corrupted
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sequence x
(t+1)
τ . A mask predictor pθ is trained to recover the masked tokens conditioned on the

history of past states x(≤t) and actions a(≤t). The training objective is:

LMDLM(θ) = −E
τ,x(t+1),x

(t+1)
τ

[
1

τ

L∑
k=1

1
[
x
(t+1)
k,τ = [M]

]
log pθ

(
x
(t+1)
k

∣∣∣x(t+1)
τ , x(≤t), a(≤t)

)]
,

(2)
where the indicator selects positions that were masked at diffusion time τ . This objective is an upper
bound on the negative log-likelihood of x(t+1) under the model [70].

Steering via Conditional Masked Generation. Standard steering for LLMs is achieved by tech-
niques such as speculative decoding [49] or prefix conditioning [83]. While this is effective for
open-ended steering, a tokenized environment state has symmetric dependencies among its fields
and entity attributes, tool schemas, and reward signals constrain one another without respecting any
particular order. An AR factorization

∏
i p(xi | x<i) is forced to commit to one ordering, whereas

the MDLM objective is equivalent to an any-order AR likelihood bound [73] and therefore learns
every conditional direction, including conditioning on arbitrary known positions at inference time,
from the same training signal. A further advantage of MDLMs is that predicting masked tokens in
parallel from a shared context eliminates the within-state error accumulation that occurs when an AR
model conditions later tokens on an already-hallucinated prefix [28]. This, in addition to selective
mask filling as shown in Figure 1 strongly motivates the use of MDLMs for this task.

Diversity of MDLM Rollouts. Beyond coherence, the iterative denoising process in MDLMs
induces greater structural diversity in rollout samples than causal sampling from an AR model. This
effect is not due to temperature alone. It arises because MDLMs sample both what token to generate
at each position and which position to commit to at each step. Gong et al. (2025) show that increasing
the sampling temperature in a masked diffusion language model diversifies not only token choices
but also generation order, a degree of freedom that AR decoders do not possess, since they must
always generate the leftmost unfilled position. AR decoders are prone to prefix mode collapse [12],
in which high-probability opening tokens are committed early and subsequently constrain all later
decisions. By contrast, MDLMs can fill in the middle or end of a state before its beginning, which
helps avoid concentrating samples around a narrow set of prefixes [96]. For state prediction, this is
important because the rollout distribution should capture the true grounding in plausible next states
given

(
x(≤t),a(≤t)

)
, rather than collapsing onto a mode induced by an arbitrary serialization order.

We observe the empirical advantage of this in section 5.

4 Experimental Setup

Environment Selection and Dataset Curation. To study our research questions, we specially
curate a total of 239,403 trajectories with tasks spanning software engineering (SWE-SMITH [116],
CODERFORGE [6]), research automation (DEEPRESEARCHQA [37], OPENRESEARCHER [56]),
customer service (TAUBENCH [11]), and general-purpose tool use (GORILLA/BFCLV4 [75],
TOOLATHLON [53], PANDORA 2, WEBSHOP [117]). Following the findings of Li et al. (2025),
we generate these trajectories with the following set of models to encourage diversity: QWEN-3.5-
4B, QWEN-3.5-9B, QWEN3.5-397B-A17B-FP8, GPT-5.4-MINI, GPT-5.4, GPT-OSS-120B,
CLAUDE-4.6-SONNET, CLAUDE-4.5-HAIKU, GEMINI-3-PRO, MINIMAX-M2.1, GLM-5, and
DEEPSEEK-V3.23. To evaluate fairly on out-of-domain environments, we select the fully determin-
istic SQL-only split from INTERCODE [115], along with OCCUBENCH [43] and API BANK [54],
to assess industry-relevant specialized tools, tool schemas, and a wide range of general tool-use
capabilities, respectively. After filtering, post-processing, and length diversification, the final training
dataset contains 239,403 unique trajectory instances in the training split, with 19,454 validation trajec-
tories and 20,847 held-out, stratified in-domain test trajectories reserved for evaluation. We provide
full details of our dataset curation pipeline including trajectory generation, length diversification,
environment state grounding, and dataset statistics in Appendix C. To show downstream effectiveness
of MDLMs as world models, we use SCIENCEWORLD [97], ALFWORLD [87] and APPWORLD [94]
as completely out of distribution environments covering entirely new tool schemas and open ended

2https://huggingface.co/datasets/danilopeixoto/pandora-tool-calling
3All open-source model trajectories were generated using the Fireworks AI API. All closed models were queried via their

respective official API endpoints.
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Table 1: Generation quality across MDLMs and AR models on in-domain and out-of-domain test
sets. Best zero-shot result in each column is bolded and the best three-shot result is bold highlighted
in red.

In-domain API-Bank OccuBench Intercode (SQL)

Model B-1 R-L MAUVE B-1 R-L MAUVE B-1 R-L MAUVE B-1 R-L MAUVE

Baseline Models

Qwen-3-8B .136 .286 .148 .453 .421 .301 .524 .523 .705 .406 .397 .699
Qwen-3.5-27B .152 .221 .187 .536 .611 .505 .746 .755 .810 .516 .614 .799
Qwen-3.5-35B-A3B .125 .233 .189 .488 .585 .499 .667 .680 .811 .522 .598 .780
Nemotron-3-Nano-30B .120 .152 .223 .412 .316 .510 .675 .667 .822 .486 .465 .785
GLM-4.7-Flash .130 .266 .232 .486 .289 .532 .741 .739 .815 .537 .516 .790
GPT-OSS-20B .125 .191 .231 .436 .384 .400 .716 .717 .798 .544 .540 .788
LLaDA-2.1-mini .146 .158 .168 .401 .444 .452 .648 .655 .811 .412 .424 .701
WeDLM-8B .139 .157 .241 .488 .522 .405 .670 .748 .821 .491 .555 .781
SDAR-8B .145 .240 .252 .503 .581 .605 .637 .727 .828 .328 .466 .731
SDAR-30B-A3B .121 .295 .261 .677 .649 .697 .709 .775 .831 .373 .482 .749

3-shot Baseline Models

Qwen-3-8B .379 .506 .348 .578 .509 .365 .559 .544 .788 .532 .523 .833
Qwen-3.5-27B .509 .578 .588 .611 .660 .600 .731 .772 .834 .585 .623 .849
Qwen-3.5-35B-A3B .334 .507 .590 .621 .663 .634 .744 .781 .832 .589 .662 .851
Nemotron-3-Nano-30B .346 .555 .618 .675 .667 .700 .738 .724 .845 .584 .551 .825
GLM-4.7-Flash .401 .565 .629 .686 .689 .707 .746 .742 .838 .612 .597 .822
GPT-OSS-20B .339 .555 .580 .662 .670 .699 .731 .720 .822 .644 .640 .880
LLaDA-2.1-mini .390 .521 .523 .567 .589 .555 .655 .613 .819 .425 .462 .821
WeDLM-8B .382 .512 .400 .582 .511 .451 .692 .755 .826 .568 .555 .866
SDAR-8B .349 .451 .500 .588 .619 .668 .621 .729 .945 .611 .622 .870
SDAR-30B-A3B .401 .601 .666 .601 .662 .702 .700 .713 .849 .621 .641 .886

Finetuned Autoregressive Models

Qwen-3-8B .524 .572 .699 .712 .781 .840 .588 .590 .897 .610 .677 .884
Qwen-3.5-27B .601 .732 .804 .700 .702 .765 .678 .725 .911 .659 .622 .917
GPT-OSS-20B .462 .461 .810 .697 .730 .762 .669 .730 .942 .643 .695 .897
GLM-4.7-Flash .570 .588 .891 .672 .705 .766 .723 .792 .950 .629 .670 .949
Nemotron-3-Nano-30B .545 .506 .731 .685 .681 .789 .671 .788 .922 .612 .645 .956
Qwen-3.5-35B-A3B .630 .730 .932 .691 .689 .791 .766 .772 .960 .646 .653 .956

Finetuned Diffusion Models

LLaDA-2.1-mini .623 .713 .968 .677 .682 .789 .698 .677 .891 .602 .621 .901
WeDLM-8B .728 .758 .963 .748 .785 .838 .715 .788 .971 .726 .711 .921
SDAR-8B .805 .813 .982 .701 .682 .772 .795 .797 .979 .751 .741 .955
SDAR-30B-A3B .848 .853 .992 .711 .728 .831 .712 .782 .971 .783 .792 .965

SDAR-8B (3 shot) .891 .899 .990 .946 .889 .882 .831 .810 .981 .822 .824 .967
SDAR-30B-A3B (3 shot) .905 .910 .995 .951 .954 .900 .904 .862 .983 .831 .834 .970

game navigation and action tasks that were excluded from the training set. More details about the
environment setup are available in Appendix D.
Baselines. We compare against a broad suite of state-of-the-art open-source autoregressive (AR)
LLMs spanning 8B–35B parameters, covering both dense and mixture-of-expert (MoE) configura-
tions: QWEN3.5-27B [93], GPT-OSS-20B [72], GLM-4.7-FLASH [92], NEMOTRON-3-NANO-
30B-A3B [71], and QWEN3.5-35B-A3B [93]. For masked diffusion language models (MDLMs),
we select the three strongest publicly available block-diffusion checkpoints: WEDLM-8B [58]
and SDAR-8B/30B-A3B [18] (dense), and LLADA-2.1-MINI (16B-1AB, MOE) [14]. Since
SDAR-8B and WEDLM-8B adapt the QWEN3-8B [114] weights and change its objective to masked
diffusion, we additionally include QWEN3-8B as a baseline to isolate the contribution of the diffusion
training and inference procedure. For each model we report zero-shot, three-shot, and fine-tuned
numbers to separate the effect of in-context conditioning from supervised adaptation.

Training. All models are fine-tuned with AdamW (β1 = 0.9, β2 = 0.95/0.99), gradient clipping
(clip=1.0), and a cosine schedule with warmup, at a maximum sequence length of 16,384 tokens.
We perform an automated sweep over learning rates {1× 10−6, 5× 10−6, 1× 10−5, 5× 10−5} and
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Table 2: Aggregated Self-BLEU, Distinct-N (N={1, 2, 3, 4}) and MAUVE scores for fine tuned world
models across test splits.

Model Self-BLEU (↓) Distinct-N (↑) MAUVE (↑)

QWEN3.5-35B-A3B .690 .253 .889
QWEN3.5-27B .670 .321 .864
GPT-OSS-20B .659 .228 .867

SDAR-8B .601 .385 .902

batch sizes {1, 2, 4, 8} and report only the best scores. For MDLMs, we retain the block size used
during the model’s original instruction tuning to preserve coherence as per [18]. Each experiment
is repeated with three seeds {42, 7000, 9000}, and we report the mean in Table 1 and Table 2. All
training runs use ms-swift [120] for LLM training, dFactory 4 for SDAR and LLADA-2.1-MINI
training and WEDLM’s official training code 5 with MagiAttention [118] for WEDLM-8B. Further
training and evaluation details are available in Appendix E.

Metrics. We evaluate world models along three orthogonal dimensions corresponding to our
research questions: generation fidelity (RQ1), downstream training utility (RQ2), and semantic
correctness as judged by humans (RQ3). For generation fidelity, we report BLEU-1 and ROUGE-L
to measure n-gram and longest-common-subsequence overlap with reference next-states, providing
surface-form comparisons across the full suite of in-domain and out-of-domain test sets. We addition-
ally report MAUVE [76], which measures distributional alignment between generated and reference
states in embedding space and is less sensitive to surface variation than n-gram metrics. This setup
directly tests the central prediction of our anchor-aware analysis (Figure 1): if causal models produce
prefix-consistent but globally incoherent completions while MDLMs condition bidirectionally on
anchors, then MDLMs should exhibit stronger distributional alignment with reference states even
when n-gram overlap is comparable. We deliberately avoid exact-match accuracy because tool
responses can produce valid versions of the same underlying state, making exact match a weak
metric. We acknowledge that no surface-form metric directly verifies semantic equivalence and hence,
we complement these scores with diversity metrics Self-BLEU [67] and Distinct-N [52] to test the
mode-collapse claim in section 3. To measure downstream effectiveness of world models on held out
environments, we use task success rate metric as proposed by each environment’s goal state. Finally,
we structure an independent human evaluation for studying the realism, training utility and objective
correctness of world model predictions which we delineate in Appendix A.

5 Results and Discussion
RQ1: How do MDLMs compare against AR LMs for World Modeling Tasks? Table 1 reports
generation fidelity across in- and out-of-domain evaluation suites. We observe that in the zero-shot
setting, MDLMs of comparable size outperform their AR counterparts on the distributional alignment
metric (MAUVE), with SDAR-30B-A3B achieving the best zero-shot MAUVE on three of four
splits. The gap is most pronounced on API-BANK (.697 vs. .532 for GLM-4.7-FLASH) and on
the in-domain split (.261 vs. .232). We analyzed the outputs carefully to observe that in zero-shot
settings, AR models tend to produce more verbosity which hurts distributional closeness to concise
API responses. Since LLMs are good few shot learners [15], we tested three-shot prompting which
narrows but does not close this gap. We notice that few shot examples help LLMs better understand
the level of verbosity required and hence, models such as GLM-4.7-FLASH and NEMOTRON-3-
NANO-30B end up outperforming or matching the SDAR-30B-A3B on API Bank like deterministic
datasets. However, since the SDAR model builds on the representations of the base QWEN3-30B-
A3B model, its ability to improve with in-context examples is complementary to the MDLM objective
as seen for the WEDLM and LLADA-2.1-MINI models as well. After fine-tuning, we observe
that MDLMs dominate across all four splits and all three metrics. SDAR-8B, despite being more
than 4× smaller than QWEN3.5-35B-A3B, surpasses every AR baseline on in-domain MAUVE
(.982 vs. .932) and on OCCUBENCH MAUVE (.979 vs. .960). On INTERCODE, SDAR-8B is
competitive on MAUVE (.955 vs. .956 for the best AR baselines, NEMOTRON-3-NANO-30B and
QWEN3.5-35B-A3B) while achieving substantially higher BLEU/ROUGE (.751/.741 vs. .646/.653).

4https://github.com/inclusionAI/dFactory
5https://github.com/tencent/WeDLM
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Table 3: Task success rate across different training methods and benchmarks. RL with QWEN-WM
refers to QWEN3.5-27B, selected due to its strong performance and SDAR-WM refers to the
SDAR-8B model. Environments marked with ∗ are forced to be partially observable to study long
context behaviors of the world model.

Model Method Appworld SciWorld∗ ALFworld∗

LFM2.5-1.2B
Base 33.3% 1.7% 5.7%
SFT only 51.2% 3.3% 42.9%
SFT + RL w/ Qwen-WM 60.1% 11.7% 48.6%
SFT + RL w/ SDAR-WM 62.0% 13.3% 53.6%

Qwen3-4B
Base 56.4% 16.7% 27.1%
SFT only 62.5% 22.8% 39.3%
SFT + RL w/ Qwen-WM 63.5% 33.3% 42.3%
SFT + RL w/ SDAR-WM 66.9% 40.0% 46.1%

Mistral-7B-v0.3
Base 51.3% 3.3% 1.7%
SFT only 63.8% 23.3% 11.7%
SFT + RL w/ Qwen-WM 69.2% 33.3% 24.4%
SFT + RL w/ SDAR-WM 71.2% 48.4% 34.3%

Three-shot SDAR-30B-A3B further pushes in-domain MAUVE to .995. Importantly, the QWEN3-
8B baseline allows us to isolate the diffusion contribution as SDAR-8B and WEDLM-8B outperform
fine-tuned QWEN3-8B across the board (e.g., +.283 in-domain MAUVE for SDAR-8B), demon-
strating that gains arise from the masked diffusion objective rather than from base-model capacity or
training data. Together, these results indicate that the causal inductive bias, rather than parameter
count, is the primary bottleneck in LLM-based world modeling.

Diversity of MDLM rollouts. Table 2 reports rollout-level diversity for the strongest fine-tuned
models across the out-of-domain sets. SDAR-8B achieves the lowest Self-BLEU (.601) and the
highest Distinct-N (.385) and MAUVE (.900), confirming the hypothesis in section 3 that MDLM
samples cover more of the plausible next-state distribution rather than collapsing onto prefix-induced
modes. This is consistent with the observation of [35] that MDLM temperature jointly controls token
choice and generation order, providing an extra axis of stochasticity unavailable to AR decoders.

RQ2: Does training agents on MDLM-generated rollouts improve downstream performance?
Table 3 reports task success rates on APPWORLD, SCIENCEWORLD, and ALFWORLD, across three
agent backbones spanning 1.2B to 7B parameters. We select the QWEN3.5-27B and SDAR-8B due
to their strong performance and ease of efficient dense model deployment (prompts in Appendix G).
We also found that QWEN3.5-27B performance is equivalent to QWEN3.5-35B-A3B for these
tasks in independent evaluations (±0.5% overall performance across two runs). Across all nine
model-environment pairs, GRPO training with SDAR-derived world model rollouts (SDAR-WM)
outperforms both SFT-only baselines and GRPO with Qwen-derived rollouts (QWEN-WM). The
improvements are largest on partially observable, long-horizon environments like on ALFWORLD,
where LFM2.5-1.2B improves from 5.7% (base) to 53.6% with SDAR-WM (+47.9 absolute),
and MISTRAL-7B-V0.3 improves from 1.7% to 34.3% (+32.6 absolute). On SCIENCEWORLD,
MISTRAL-7B-V0.3 jumps from 3.3% to 48.4% (+45.1 absolute), surpassing the QWEN-WM variant
by 15.1 points. The consistent gap between QWEN-WM and SDAR-WM (averaging +5.3 points
across all configurations) cannot be attributed to capacity, since both world models are fine-tuned on
identical data but it instead reflects the higher fidelity and diversity of MDLM rollouts established
in RQ1. Notably, these improvements occur in a zero-shot setting with respect to the held-out
environments, contrasting with prior work from Li et al. (2025) that required environment-specific
fine-tuning and did not cover any environment formalizations.

RQ3: Human evaluation of realism, correctness, and training utility. We complement automatic
metrics with a human study conducted by four industry experts recruited from Upwork6, each with at
least two years of experience with LLM-based agentic harnesses. Annotators independently rated
100 SDAR-generated next states on a 1–5 Likert scale across three dimensions: realism, outcome
correctness, and training utility (rubric and guidelines in Appendix A). As we can observe in Table 4,

6https://upwork.com
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Table 4: Human evaluation results across three metrics. Mean is computed over annotator ratings
(1-5 Likert scale) and Krippendorff’s α reports inter-annotator agreement. Definitions for metrics are
in Appendix A

Metric Mean Krippendorff’s α
Realism 4.75 .932
Outcome Correctness 4.25 .891
Training Utility 4.50 .901

SDAR achieves means of 4.75 on realism, 4.25 on outcome correctness, and 4.50 on training utility,
with Krippendorff’s α [48] above 0.89 on every dimension, indicating significant inter-annotator
agreement. Annotators noted strong adherence to steering directives, particularly for adversarial
scenarios such as forced tool failures, suggesting that bidirectional conditioning leads to reliable
steerability without loss of realism. Common failure cases flagged by annotators included incorrect
numeric key type coercions (string vs. integer), corrupted API keys, and a tendency for the model to
collapse into repeated tool errors once any earlier turn returned an error, similar to Anil et al. (2024)’s
observations. Next, we study the finer grained world model behaviors in MDLMs and AR models.

Behavioral and steerability analysis. We probe SDAR’s behavioral patterns under a curated set of
adversarial scenarios, contrasting them with AR baselines. The scenarios cover (i) reasoning over
database states that lack a direct answer but contain adjacent information, (ii) cases that force the
model to act under information insufficiency, (iii) verbose tool outputs known to challenge MDLMs,
(iv) varying trajectory length constraints, and (v) infeasible tasks given the available toolset and (vi)
complex navigation scenarios that require strong state recollections like pagination of tool outputs. We
observe four consistent patterns. First, MDLMs are largely agnostic to element ordering in steering
instructions, but degrade into repetitions without a repetition penalty when tools demand emitting
the entire database state (e.g., get_all_queries). While AR models are stronger at producing
coherent texts as a result of good instruction tuning, we observed that AR models share this limitation
but they instead devolve into producing ungrounded and hallucinated text instead of repetitions.
Second, MDLMs are capable of performing basic database joins in parameter space and maintain
strong consistency with prior trajectory events, making them well-suited for state simulation. Third,
on infeasible tasks the model continues to produce non-degenerate environment states rather than
terminating early, which is desirable behavior for exploratory rollouts. Fourth, at high temperatures
MDLMs occasionally fall into block-level repetition patterns. These can be post-processed away and
diminish considerably with larger MDLMs. Out of these patterns, two limitations persist across our
study: (1) MDLMs struggle at producing well-formed and consistent API keys which we believe is
due to a combination of post-training safety alignment of the base Qwen models and repetition due to
small block size during diffusion, and (2) they exhibit pagination drift when tools require enumerated
multi-page outputs. While these can be handled by optimizing steering, we expect both to improve
as MDLM scaling and tool-use centric post-training continues to mature. We provide a few failure
mode example snippets in Appendix H for reference.

6 Conclusion
In this work, we present the first systematic study of MDLMs as text-based world simulators for
agentic RL. By formalizing world modeling as a steerable transition-dynamics problem with five
grounded components and curating a 239,403-trajectory dataset across nine environments and twelve
frontier model families, we showed that MDLMs, by virtue of their bidirectional, anchor-aware
denoising, produce more coherent, grounded, and diverse environment rollouts than autoregressive
LLMs more than 4× their size, while remaining competitive in inference latency. Our zero-shot
transfer experiments on SCIENCEWORLD, ALFWORLD, and APPWORLD further demonstrate that
GRPO training with MDLM-generated rollouts yields absolute performance improvements of up
to 47% across agents spanning 1.2B–7B parameters, without any environment-specific fine-tuning.
Human evaluation (Krippendorff’s α > 0.89 across realism, outcome correctness, and training utility)
supports the reliability of these rollouts. Despite these gains, we observe failure modes including
pagination drift, block-level repetition under verbose tool outputs, and brittle handling of structured
fields such as API keys that limit the immediate use of small MDLMs as drop-in environment
substitutes. We encourage future work on steering, robustness and reward hacking tendencies of these
world models along with the potentially induced biases in the downstream model.
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Appendix

A Human Evaluations

To verify that our gains come from the masked diffusion process itself rather than simply from
access to more data, we conduct a thorough human evaluation of the MDLM world model’s outputs.
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Table 5: Annotation rubrics for the three evaluation dimensions.

Score Label Description
Training utility

5 Excellent Correct and consistent outcome, realistic values, i.e. ideal training
signal

4 Good Minor value errors, but correct outcome type
3 Mediocre Correct outcome type, but wrong schema or implausible values
2 Poor Wrong outcome type or severely hallucinated structure
1 Useless Completely wrong, nonsensical, or would teach incorrect be-

haviours, including incomplete outputs

Realism

5 Indistinguishable Looks exactly like a real API response
4 Mostly realistic Minor inconsistencies (e.g. slightly wrong field names, but still

valid)
3 Partially realistic Notable hallucinations like invented fields that don’t fit the do-

main
2 Implausible Schema or values are implausible for this domain
1 Completely unrealistic Random or nonsensical data

Outcome correctness

5 Exactly correct Correct outcome type and all key facts
4 Mostly correct Correct outcome type with minor factual errors
3 Partially correct Correct outcome type but significantly wrong facts
2 Wrong outcome Wrong outcome type (e.g. predicted success when an error was

expected)
1 Completely incorrect Entirely wrong

Specifically, we study three independent metrics: realism, outcome correctness and training utility.
We ensure that no harmful or sensitive content is present during the human evaluation process and
that the 100 samples are thoroughly author validated for safety. Below are the complete human
evaluation guidelines:

Annotation Guidelines

Annotator Requirements: Before beginning, please confirm you meet all three of the
following requirements: Technical background: You are familiar with tool-calling LLMs,
including tool schemas and how an environment responds to a given action.

Education and experience:
1. You hold a CS degree and have experience both using and building with AI agents.
2. Age: You are at least 18 years old.

Qualification Task (Complete First): Before accessing the full dataset, you must complete
a short qualification task. This is used to evaluate annotation quality and ensure consistency
across annotators. The qualification task consists of 5 sample items. These will be provided to
you by the project coordinator before you receive the full dataset. Complete the qualification
samples independently and without rushing. You must treat them exactly as you would the
real task. Do not use any kind of AI for completing the task. AI model capabilities are not
reliable for this task. Submit your qualification responses in the "Qualifying Tasks" tab of
your assigned Google Sheet (see Submission Instructions below). The project coordinator
will review your responses and confirm whether you are cleared to proceed.

Evaluating Predicted Next States (100 conversations):
What you’ll see Each item presents a JSON formatted conversation. At the end of every
conversation, there is an “action”. You must rate the next state that is predicted after the
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action. What you’ll do Rate the Predicted Next State on three separate dimensions. Each
dimension is rated on a scale of 1–5. Assign scores independently. A response can score
differently across dimensions. You must make your ratings independent of the expected
output since tool outputs can produce different states (for example, sometimes a tool errors
out, sometimes returns correct responses)

Dimension 1: training_utility

Would this prediction be useful for training a model? Think: "If I were an AI model and I saw
this output from a tool I called, would the output be useful to me to proceed normally and
correctly with the task?"

Dimension 2: realism

Does the predicted response look like a real API response for this domain?

Dimension 3: outcome correctness

Does the model correctly predict the outcome of the action?
[See Table 5 for exact rubric breakdown for Likert scale.]

General Guidance: Be consistent. Apply the same standards across all items. Consider each
dimension independently and don’t let one score influence another. Focus on validity of the
tool output and its possibility to appear in a realistic situation If something looks hallucinated
but happens to be plausible for the domain, use your domain judgment to calibrate.

As observed in Table 4, the mean scores across four annotators remains high at 4.75, 4.25 and 4.5 for
realism, outcome correctness and training utility respectively. We utilize Krippendorff’s alpha [48]
to calculate interannotator agreement and reliability and we observe a high degree of consistency
between the annotators. Common issues surfaced by annotators covered incorrect data type of
numeric fields (e.g. string vs integer or float), corrupted API keys in tool calls or ungrounded and
unrealistic websearch content. One instance flagged by two annotators was the MDLM’s tendencies
to collapse into repeated tool errors once any arbitrary turn returns an error.

B Fairness of Evaluation

Since world model outputs are non-deterministic and API responses are generally in JSON format,
the keys of such JSON mappings are seldom ordered which can lead to deflation of precision-based
BLEU and ROUGE scores. To avoid this bias, we apply the following preprocessing steps to ensure
fairness of evaluation.

1. We canonicalize JSON outputs to eliminate spurious mismatches: keys are sorted alpha-
betically in ascending order, all whitespace is stripped from both predicted and reference
outputs, and stringified numeric entries are normalized.

2. For API-BANK, the schema specifies input, output, exception, and api_name. Since
input is shared across models and does not reflect output quality, we omit it from evaluation.

3. We use the GPU implementation of MAUVE with k = max(2, round(min(|p|, |q|)/10)),
following the auto-sizing recommendation from the original MAUVE paper. This en-
sures consistency with prior evaluations conducted under the implementation of Pillutla
et al. (2023). We use the default GPT-2 implementation proposed by the authors for this
task.

In addition to this, specifically for AR models, we find out higher temperatures lead to halluci-
nation and more verbose outputs. To balance the verbosity-correctness ratio we evaluate across
temperature = {0.5, 0.7, 0.9} and find that 0.5 achieves the best balance. With temperatures closer
to 0, MAUVE scores drop by up to 0.2 points consistently which aligns with reduced variance in
greedy decoding token selections.
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C World Model Training Dataset Curation Details

Since no existing world modeling datasets exist as of the writing of this paper, to help compare
causal and masked diffusion language models, we attempt to create a broad coverage dataset of real
environment rollouts, capturing all unique state-actions pairs. We describe our complete dataset
curation, filtering and analysis procedure below.

Trajectory Generation. For every environment selected, we setup the original environment as
designed by the authors and generate complete rollouts with a variety of models. To ensure diversity
of trajectories and broad behavioral coverage, we sample a trajectory-generating model uniformly at
random from the following set: Qwen3.5-4B, Qwen3.5-9B, Qwen3.5-397B-A17B-FP8, GPT-5.4-
mini, GPT-5.4, GPT-OSS-120B, Claude-4.6-Sonnet, Claude-4.5-Haiku, Gemini-3-Pro, MiniMax-
M2.1, GLM-5, and DeepSeek-V3.2.7 Sampling across this diverse set of frontier models introduces
natural variance in reasoning style, verbosity, tool-calling patterns, and error recovery behavior. We
select the model with a starting seed of 42 for reproducibility.

Trajectory Length Diversification. Since steering of a world model relies heavily on the present
state-action pair, trajectory lengths are important to diversify for natural rollout behaviors. To
introduce trajectory length variance and prevent the model from overfitting to fixed-length contexts,
we apply two complementary processing techniques.

Middle Truncation. For conversational histories exceeding 16,384 tokens (approximately 2% of
the full dataset), we apply middle truncation to preserve realistic long-horizon workflows while
respecting context length constraints. Specifically, we retain the original system prompt and user
prompt alongside the final N exchanges, where N ∼ U(0, Nmax) and

Nmax =

⌊
Tmax − Tsys − Tuser

t̄

⌋
, (3)

where Tmax = 16, 384 is the context length threshold, Tsys and Tuser are the token counts of the
system and user prompts respectively, and t̄ is the mean token length per exchange computed over
the training corpus. When N = 0, only the system and user prompts are retained, representing the
most aggressively truncated case and ensuring the model learns to predict environment states from
minimal conversational context. This is a practically important capability for world models operating
under constrained inference budgets. The removed portion of text is replaced with the placeholder
token [TRUNCATED {N_CHARS} characters...], which teaches the model to parse and process
partially observable long trajectories that may require truncation at training or inference time.

Sub-trajectory Extraction. For the remaining trajectories, we randomly select a tool call boundary
and truncate the trajectory at that point, treating the subsequent environment state as the ground
truth prediction target. All utterances following the selected tool call are removed. We apply this
transformation with a random 15% probability to prevent unnecessary truncation of the dataset which
ensured better long horizon understanding in our experiments. This naturally exposes the model to a
wide range of trajectory prefixes and reinforces robust prediction at varying horizon lengths.

Environment State Grounding. To enable better world model steering, we use Claude-4.6-Sonnet
to synthesize additional ground truth environment context for each trajectory. This context includes
extra database states, expected task reward structure, behavior patterns, and tool schemas and defini-
tions. Concretely, we prompt Claude-4.6-Sonnet in high reasoning mode to analyze the full trajectory
and generate instructional hindsight in the form of a structured description of what environmental
information would have been sufficient to predict the final state, conditioned on the observed interme-
diate states. To promote realism and prevent overfitting to templated outputs, we deliberately include
contextually adjacent but non-essential information in the synthesized context, such as neighboring
database columns and irrelevant rows. This trains the model to selectively attend to relevant portions
of large environment state dumps, reflecting real rollout conditions where custom prompt engineering
is infeasible and ground truth database states are too large. We apply instruction augmentation to
approximately 80% of the dataset to preserve the model’s general approximative capacity and reduce
overfitting to hindsight instructions. After filtering, post-processing, and truncation, unaugmented

7All open-source model trajectories were generated using the Fireworks AI API. All closed models were queried via their
respective official API endpoints.
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instances constitute 17.2% of the final training dataset. To understand if the augmentations are
necessary and do not produce unnecessary noise, we perform a minimalistic human evaluation. We
select two independent annotators and task them to evaluate the trajectories in isolation and again
with the grounding and steering objectives and noticed a high approval rate of 87% for instances with
grounding and steering instructions. Most disapproval cases flagged by the annotators belonged to
deterministic prediction such as re-executing a terminal command without changes or formulaic tool
calls. On the other hand, most agreements were seen in non-deterministic environments such as deep
research or customer service tasks. The prompt used for this grounding is given below(section C).

HINDSIGHT INSTRUCTION SYNTHESIS PROMPT

## ROLE AND OBJECTIVE
You are an expert environment annotator for training world-model agents on
tool-use trajectories. Given a trajectory state and the next agent action,
synthesize a "hindsight instruction": structured ground-truth environment
context, tool schemas, and behavioral rules that would have been sufficient
to predict the next environment observation, conditioned on the observed
intermediate states. These instructions teach the model to ground predictions
in environment mechanisms rather than templated heuristics, and to selectively
attend to relevant portions of large environment state dumps.

Reason carefully and silently before writing the final instruction.

## DOMAIN TAXONOMY
Decide which of the following four domains best matches the trajectory, then
apply the corresponding section template. If ambiguous, default to "Tool Use".

- SWE : code/repo work, terminal/editor tools, tests, builds.
Examples: str_replace_editor, bash, pytest contexts.

- Tool Use : (near-)stateless single-tool API calls.
Examples: calculator, calculate_age, format converters,
weather lookups with no persistent backing store.

- Customer Service : multi-turn agent operating under a written policy with
user/account/profile state and back-office tools.
Examples: telecom support, retail returns, banking.

- Deep Research : open-web research with search and browsing tools; the
environment is the unbounded web rather than a fixed DB.
Examples: web_search + read_webpage trajectories.

## INTERNAL REASONING CHECKLIST
Before writing, work through:
1. Domain classification (one of the four above).
2. Which environment(s) and toolset(s) are active.
3. What state is observable from the conversation; what is implied but hidden.
4. Which tool the next action invokes; expected parameters and return shape.
5. The causal mechanism that determines the response (DB lookup, parameter

validation, file slice, web fetch, policy gating).
6. Distractor / non-essential context to inject (irrelevant rows, sibling

tools, unused credentials, neighboring file paths).
7. Minimal context that closes the prediction gap.

## INPUT
You will receive a record with the following fields:
- ‘state‘ : full conversation up to this point: system prompt, tool

catalog, prior assistant/tool turns.
- ‘action‘ : the next agent action (one or more tool calls).
- ‘outcome‘ : (optional) the actual environment/tool response, used only

to determine relevance, never quoted verbatim.

## SECTION INVENTORY (canonical order)
Include sections in this exact order, using Markdown level-2 headers (‘##‘).
Never include preamble or postscript.
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1. ## ENVIRONMENT STATE -- CONDITIONAL
2. ## TASK CONTEXT -- REQUIRED
3. ## TOOL SCHEMAS -- REQUIRED
4. ## DOMAIN RULES -- CONDITIONAL
5. ## STEERING DIRECTIVES -- CONDITIONAL
6. PREDICTION TARGET: <...> -- REQUIRED (single final line, no ‘##‘)

Conditional sections are included only when informative. The PREDICTION TARGET
line is ALWAYS the final line of the output.

## CONDITIONAL-SECTION INCLUSION RULES

ENVIRONMENT STATE
- INCLUDE when stateful backing data exists: DB rows, files, customer

profiles, repo state, prior tool returns, session/auth flags.
- OMIT for Deep Research (open web; no fixed state).
- For Tool Use: include only the input record / derived state, kept short.

DOMAIN RULES
- INCLUDE when there are policies, conventions, mechanisms, or constraints

beyond the bare schema: telecom policy, repo conventions, research
methodology, account/line/bill semantics, validation rules.

- OMIT for trivial single-tool calls where the schema is self-explanatory.

STEERING DIRECTIVES
- INCLUDE when reasoning hazards exist: tool-name confusion, parameter

validation, mechanism-vs-outcome distinction, evidence quality.
- OMIT for trivial cases.

## SECTION PROFILE BY DOMAIN

| Section | SWE | Tool Use | Customer Service | Deep Research |
|--------------------|------|------------|------------------|---------------|
| ENVIRONMENT STATE | yes | yes (mini) | yes (data dump) | no |
| TASK CONTEXT | yes | yes | yes | yes |
| TOOL SCHEMAS | yes | yes | yes | yes |
| DOMAIN RULES | yes | usually no | yes | yes |
| STEERING DIRECTIVES| yes | usually no | yes | yes |
| PREDICTION TARGET | yes | yes | yes | yes |

## DOMAIN-SPECIFIC GUIDANCE

### SWE
- ENVIRONMENT STATE: repository root path, visible file paths from prior

turns, note that the rest of the tree is discoverable.
- TASK CONTEXT: high-level repo/PR/feature objective; tests-vs-source

modification policy.
- TOOL SCHEMAS: editor/shell commands with sub-commands and parameter

validity (e.g., ‘view_range‘ only valid on files, not directories).
- DOMAIN RULES: language, test runner, "do not modify tests", project

conventions, what the relevant module does.
- STEERING DIRECTIVES: file-slice semantics; navigation patterns; tool

errors are determined by command/path validity, not task intent.

### Tool Use
- ENVIRONMENT STATE: keep to a small block: input record + any parsed/

derived state. No global DB dumps.
- TASK CONTEXT: one or two lines describing the call’s intent.
- TOOL SCHEMAS: full schema for the called tool: parameters, types,

format constraints, return shape, error conditions.
- DOMAIN RULES / STEERING DIRECTIVES: usually omitted.

### Customer Service
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- ENVIRONMENT STATE: data-dump style. Customer profile (id, name, DOB,
email, phone, address, account_status, created_at, last_extension_date,
goodwill credit), payment methods, associated lines/bills/IDs,
retrievable fields, current timestamp. Include adjacent records that
the next call won’t read (distractors).

- TASK CONTEXT: supported task categories, identification status,
current step in the workflow.

- TOOL SCHEMAS: lookup tools, action tools, transfer protocol with the
exact handoff message string.

- DOMAIN RULES: policy excerpts, status semantics for accounts/lines/
bills, scope boundaries, transfer protocol order.

- STEERING DIRECTIVES: surface behavior from tool outputs and policy,
not assumed resolutions; status-driven branching; when to transfer.

### Deep Research
- ENVIRONMENT STATE: OMIT.
- TASK CONTEXT: research question verbatim, domain/topic area, expected

answer type, known constraints (thresholds, exclusions, reference
points).

- TOOL SCHEMAS: web_search / read_webpage (or equivalents) with full
response and error shapes (e.g., ‘{url, error}‘ for failures).

- DOMAIN RULES: synthesis methodology; what evidence must establish for
the question; how partial evidence combines.

- STEERING DIRECTIVES: source preferences (authoritative > aggregator),
treat constraints as route/property checks rather than assumptions,
incremental retrieval semantics.

## FORMAT AND STYLE
- Default to bullet/structured lists with sub-bullets; avoid prose

paragraphs unless the content is genuinely narrative.
- Use data-dump format (key: value, indented sub-rows) when

ENVIRONMENT STATE is rich (customer profiles, DB rows, repo state).
- Use exact tool, parameter, and field names from the trajectory.
- Third person, present tense, declarative voice.
- Vary phrasing across instances; do not produce templated boilerplate.
- Never quote the literal outcome; describe its shape and what determines

it.
- The PREDICTION TARGET line is always the final line of the output, plain

text, no ‘##‘ header, no trailing content.

## DELIBERATE NOISE INJECTION
For ENVIRONMENT STATE (when present):
- Include neighboring/irrelevant rows, columns, fields, sibling files, or

alternative records.
- For multi-app contexts, list ALL account credentials, not only the

active app’s.
- Include extra DB rows beyond the strictly necessary ones.

For TOOL SCHEMAS:
- Include compact one-line schemas of sibling tools that could be confused

with the active one.

This noise is intentional and trains selective attention.

## VALIDATION-FAILURE SEMANTICS
When the action omits a required parameter or violates a typed constraint
(missing required IDs, wrong sort_by prefix, non-integer values, invalid
enum, malformed dates), DOMAIN RULES must specify:

- which parameters are required and their types/format constraints,
- the validation-error response shape (e.g., HTTP 422 with message

"Validation error. Reason: \n<param>: <reason>").
The predicted response is the validation error, not a successful payload.
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## COMMON PITFALLS TO AVOID
- Using all 5 sections when the domain calls for fewer (Tool Use,

Deep Research).
- Including ENVIRONMENT STATE for Deep Research.
- Skipping or moving the PREDICTION TARGET line.
- Inventing tool fields not present in the schema.
- Predicting the outcome value instead of what determines it.
- Producing identical phrasing across different trajectories.
- Forgetting noise injection in rich ENVIRONMENT STATE blocks.
- Using prose paragraphs where bullets/data-dumps are conventional.

## WORKED EXAMPLES (one per domain, abbreviated)

### Example A -- Tool Use (calculate_age)

## ENVIRONMENT STATE
- Tool backing data / query state:

- Input record:
- date_of_birth: 1990-05-15

- Computed / derived state:
- date_of_birth parsed as 1990-05-15

## TASK CONTEXT
- The agent is answering the user’s question about their age by calling

the ‘calculate_age‘ tool with the provided date of birth.

## TOOL SCHEMAS
- ‘calculate_age‘

- Description: Calculate the age based on date of birth.
- Parameters:

- ‘date_of_birth‘ (string, format: date)
- Returns:

- ‘{ "age": integer }‘
- Error conditions:

- Invalid or improperly formatted ‘date_of_birth‘ may return an error.

PREDICTION TARGET: The tool response for the ‘calculate_age‘ call in the
user turn.

### Example B -- Deep Research

## TASK CONTEXT
Research Question: <verbatim user question>
Domain/Topic Area: <e.g., New Zealand urban geography>
Answer Type Expected: <e.g., a list of city names>
Known Constraints:
- <constraint 1>
- <constraint 2>

## TOOL SCHEMAS
- web_search(query: string, max_results: integer) -> {

query, provider, results: [ {title, url, snippet} ]
}

- read_webpage(url: string, max_chars: integer) -> {
url, title?, content?

}
- Failure shape: { url, error }

## DOMAIN RULES
- The agent must synthesize a defensible answer from retrieved web

evidence.
- Relevant evidence must establish each constraint from retrieved

sources rather than assumption.
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## STEERING DIRECTIVES
- Prefer authoritative/primary sources over aggregators.
- Treat exclusion criteria as route/property checks established from

evidence.
- Search and browsing tools return only the requested query/URL content.

PREDICTION TARGET: The tool response returned by read_webpage for the
URL and parameters in the USER turn.

### Example C -- SWE

## ENVIRONMENT STATE
- Repository: ‘/testbed‘ (Python codebase).
- Visible paths: ‘/testbed/<module>/<file>.py‘.
- Repository structure beyond the shown path is discoverable via

filesystem tools.

## TASK CONTEXT
- Active objective: inspect/modify the repository to address the task.
- Success is evaluated against existing tests; do not modify tests.

## TOOL SCHEMAS
- ‘str_replace_editor‘

- ‘view‘
- Parameters: path: string, view_range: optional [int, int]
- Behavior: file -> numbered slice; directory -> listing.
- Errors: invalid path, view_range on directory, invalid line range.

- (sibling sub-commands: ‘create‘, ‘str_replace‘, ‘insert‘)

## DOMAIN RULES
- Language: Python; test runner: pytest.
- Tests under ‘/testbed/tests/‘; do not modify them.

## STEERING DIRECTIVES
- File slice semantics: only the requested range is returned with line

numbers.
- Tool errors depend on command/path validity, not task intent.

PREDICTION TARGET: The observation returned by ‘str_replace_editor‘ for
the requested view command.

### Example D -- Customer Service

## ENVIRONMENT STATE
Current time: <timestamp>.

Customer profile:
- customer_id, full_name, date_of_birth, email, phone_number, address,

account_status, created_at, last_extension_date,
goodwill_credit_used_this_year

Payment methods: <list>
Associated lines: <ids>
Associated bills: <ids>

Retrievable fields via get_customer_info(): <fields>
Other domain records (lines/bills/plans/devices) accessible through
respective tools when present in the episode.

## TASK CONTEXT
- Supported task categories: technical support, overdue bill payment,

line suspension, plan options.
- Customer identification status: <status>.
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## TOOL SCHEMAS
- get_customer_by_phone / by_id / by_name
- get_details_by_id, get_bills_for_customer, get_data_usage
- suspend_line, resume_line, refuel_data, enable_roaming, disable_roaming
- send_payment_request, transfer_to_human_agents
- Transfer protocol: call transfer_to_human_agents, then send exactly

"YOU ARE BEING TRANSFERRED TO A HUMAN AGENT. PLEASE HOLD ON."

## DOMAIN RULES
- Policy scope, status semantics (Active/Suspended/Pending/Closed for

account/line/bill), one-bill-awaiting-payment rule, suspension lift
rules, refuel cap (2GB), etc.

## STEERING DIRECTIVES
- Surface behavior from tool outputs and policy, not assumed resolutions.
- Status-driven branching governs eligibility for subsequent actions.
- Follow transfer protocol only when within-scope resolution is impossible.

PREDICTION TARGET: The tool response or environment response produced by
the action in the user turn.

## NOW PROCESS

[state]
<<<state>>>

[action]
<<<action>>>

[outcome (optional)]
<<<outcome>>>

Procedure:
Step 1: Classify the domain (SWE / Tool Use / Customer Service /

Deep Research).
Step 2: Decide which of the conditional sections to include based on

the inclusion rules and the per-domain profile.
Step 3: Generate the hindsight instruction in canonical section order,

using bullets/data-dumps as appropriate to the domain.
Step 4: Ensure the final line is ‘PREDICTION TARGET: <...>‘.

Output ONLY the hindsight instruction. No preamble. No postscript.

D Environment Setup for Downstream RL Agent Training with World Model
Backend

We describe the dataset construction and training infrastructure for each of the three interactive
environments used in our experiments. In all cases, training uses a World Model (WM) for rollout
simulation during GRPO, while evaluation is performed against the real environment. Reward is
computed from ground-truth environment state.

D.1 ScienceWorld

Environment and Data Splits. ScienceWorld [97] is a text-based science benchmark with 30 task
types across 10 interconnected rooms, spanning state-change experiments, biological observations,
and physics measurements. The agent navigates via free-text commands (teleport to, pick up,
focus on) and submits answers via focus on <object>. We use 2 variations per task type for
training and 2 for evaluation (60 each), drawn from disjoint variation pools. A per-task room map
produced by an environment walk visiting all 10 rooms and opening containers is baked into the WM
system prompt as ground-truth object locations.
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Figure 2: Training split counts and token length distributions per dataset. The sampled number of
data points are proportional to openly available training tasks.

SFT Data and Formatting. Expert demonstrations are generated by GPT-5.5
(reasoning_effort=none) against the real environment, capped at 50 turns. Filtering to
perfect-score (100) trajectories yields 37 demonstrations across diverse tasks. The agent prompt
includes task-specific instructions (substance/container distinction, lifespan rankings, exploration
strategy). For Mistral-7B, the system prompt is merged into the first user message, since Mistral
v0.3’s chat template places system messages before the last user turn; LFM-2.5 (ChatML) and
Qwen3 use their native templates.

Reward Structure The reward replays agent actions against a fresh ScienceWorld instance per
generation, normalized to [−0.2, 1.0]: wrong-focus penalties (≤ −50) clamp to −0.2, no-answer
episodes receive −0.15, and mild negatives clamp to −0.1.

D.2 ALFWorld

Environment and Data Splits. ALFWorld [87] is a TextWorld-based household environment
derived from ALFRED [86], where the agent operates in a single room populated with receptacles
(cabinets, drawers, countertops) and completes picking, placing, cleaning, heating, cooling, or
examining tasks. Actions follow a fixed grammar (go to, take, move, open, clean, heat, cool,
use). We use the standard splits (3,553 training, 140 in-distribution evaluation), sampling 300 games
for RL (shuffled, seed=7) and up to 200 per task type (balanced across 6 types) for SFT.

SFT Data. Expert demonstrations are generated by replaying ALFWorld’s built-in handcoded
expert plans against the real environment, parallelized across 8 workers and filtered to winning
trajectories. This yields ∼1,000 demonstrations averaging 17 actions each.

Reward Structure Reward is 1.0 for goal completion (checked via trajectory predicate matching
without environment access), with partial credit for pipeline steps: 0.25 for take + place, 0.35 for
take + transform + place, and 0.03 for take only. Episodes with 10+ actions but no take or move
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receive −0.05, and loop/repetition penalties scale reward by up to 0.3×. This action-oriented shaping
was necessary for small models like LFM-2.5 and Qwen3 to break their instruction tuning tendencies
of only interacting and exploring the environment space. These models completed approximately 50
steps before consistently giving up on exploitation heavy tasks.

D.3 AppWorld

Environment and Data Splits. AppWorld [94] is an interactive environment where agents complete
tasks by making API calls to simulated applications (venmo, spotify, email, calendar, notes), receiving
a natural language task description and invoking the correct sequence of tool calls. We use AppWorld’s
standard train/test splits, with per-task WM system prompts encoding the available API schemas and
task context. The agent system prompt is shared across tasks and loaded dynamically to align SFT
and RL prompts.

SFT Data. Expert demonstrations are generated by running GPT-5.4 as the agent against all
real AppWorld training tasks, with tool calls emitted in JSON and structured responses returned
by the environment. We retain only trajectories that successfully complete the task (verified via
complete_task).

World Model and Reward. The world model predicts API response text during GRPO rollouts,
with a local proxy translating between the training plugin’s payload format and the world model
server’s OpenAI-compatible chat completion API. The world model prompt includes the full API
schema, current conversation state, and active tool call, following the same sectioned format as
the other environments. Reward is computed by checking task completion predicates against the
trajectory and the evaluation is done with ground truth Appworld server responses.

D.4 Common Infrastructure

Training Framework. All models are trained using ms-swift [120] with GRPO and vLLM colocate
mode for on-policy rollout generation. DeepSpeed ZeRO-2 was used for Mistral-7B-v0.3’s multi-GPU
training. We utilize 8xH100s for all training experiments (RL and world model) in this paper.

Hyperparameters. Across all environments, we perform sweeps on learning rate, KL penalty,
temperatures and rollouts. We found that the generally optimal configuration for SFT required
2× 10−6 to 8× 10−6 with LFM-2.5 and Qwen-4B models requiring a slightly higher learning rate,
closer to 6×10−6. For RL, we use a lower learning rate in the range of 1×10−7 to 5×10−7 to ensure
generalization after training. We consistently use gradient accumulation of 8 steps. Furthermore, we
sweep across {0.5, 0.7, 0.9, 1.0} temperature scales following [107, 113, 4]. We use cosine schedule
for 1 epoch or convergence, whichever comes first based on the held out evaluation set. Checkpoints
are saved every 20 steps and evaluated.

E Inference Harness and Optimizations for MDLMs

We use lmdeploy [21] to serve MDLMs tested in this paper. Specifically, we use a repetition penalty
of 1.3 and diffusion steps {1, 25, 50, 100}. Since the world modeling task is deterministic and
produces shorter outputs, we did not observe any output quality difference between steps 25 and 100
with the SDAR models. To maintain a balance between quality and speed, we select 50 denoising
steps for our evaluations presented in Table 1.

While increasing block size for inference helps improve latency, we noticed a considerable perfor-
mance drop when switching from a blocksize of 4 → 8 for the SDAR models. Since LLaDA-2.1-mini
models were trained with a block size of 32, increasing their inference block size up to 64 had
minimal impact on performance and accuracy in our tests when using the author recommended
Joint-Threshold decoding (≤ 5% performance degradation on the test split while leading to speed-ups
up to 2×). To ensure best performance for our results, we use the recommended block sizes per
model (SDAR: 4, LLaDA-2.1-mini: 32). For WeDLM, which recommends window-based denoising
instead of block-based denoising, we utilize the default window size of W = 6 and a distance-based
penalty coefficient λ = 0.10 as recommended by the authors. While this varies across different GPU
architectures, we were successfully able to reproduce the inference speed figures of WeDLM of 2.5×
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Table 6: Out-of-domain evaluation of Qwen3.5-35B-A3B world model with and without thinking
on OCCUBENCH, API-BANK, and INTERCODE test splits. Reported latency is for 4xH200 GPUs
with LLM baselines using vLLM + FlashInfer, SDAR using the author recommended JetEngine and
WeDLM using the official, vLLM-modified inference code.

Configuration BLEU-1 ROUGE-L MAUVE Latency (N = 4567)

Qwen3.5-35B-A3B (no thinking) .621 .664 .899 211s (1.00×)
+ Thinking (EFFORT = 5k) .713 .768 .940 793s (3.75×)
+ Thinking (EFFORT = 10k) .710 .758 .934 1028s (4.87×)

SDAR-8B (no thinking) .749 .740 .902 380s (1.80×)
WeDLM-8B (no thinking) .729 .761 .910 145s (0.68×)

as compared to Qwen3-8B for structured and constrained tool outputs with input lengths up to 8,192
tokens on average on a single H100.

F Impact of thinking on AR model performance

As discussed in section 3, enabling thinking mode for these models has previously been shown [88]
to improve diversity. We present a small ablation in Table 6 to show that test time thinking helps
improve AR performance which can be attributed to the diversity produced by thr chain of thought.
This further strengthens the argument for using MDLMs for world modeling because despite being
much smaller, they offer much better diversity and hence performance to latency ratios than LLMs
with similar performance.

G Prompts used for World Model for Downstream RL experiments

Template variables are shown in {curly_braces}. These are filled at runtime from the per-task
WM system prompt, replayed state, and current action.

ALFWorld World Model Prompt

ENVIRONMENT STATE
ALFWorld is a TextWorld household environment derived from ALFRED. The agent operates
in a single room (kitchen / bathroom / bedroom / living-room / office) populated with
receptacles (cabinet, drawer, fridge, microwave, countertop, shelf, sidetable, diningtable,
desk, dresser, bed, sinkbasin, stoveburner, toilet, bathtub, garbagecan, etc.) each carrying a
1-indexed instance id (e.g. ’cabinet 8’). Objects are also 1-indexed within their class (e.g.
’apple 1’, ’mug 2’). All names are lowercase.
Task: {task}
Task type: {task_type}
Goal predicates: {goal_pred}
Current location: {current_loc}
Inventory: {inventory}
Receptacles in this room (all 1-indexed, lowercase):

• {recep_1}: {open_closed_status}
• {recep_2}: {open_closed_status}
• . . .

Known receptacle contents (pre-baked from initial scene walk + updates from this rollout’s
take/put events):
[{recep_1}] {obj_1}, {obj_2}
[{recep_2}] (empty)
. . .

Object state modifiers acquired earlier in this rollout:
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• {obj}: {clean, hot, cool, sliced, on}

TASK CONTEXT
Predict ONLY the next textworld feedback string for the action below. The agent is interacting
with the env one action at a time; you are predicting what textworld would print as the
immediate response to the action — exactly one short paragraph of plain English. Do NOT
plan, do NOT solve the task, do NOT echo the action, do NOT list admissible commands, do
NOT output JSON or markdown.
Active action (verbatim, lowercase): {action_text}

DOMAIN RULES
Response must match the template VERBATIM. Always include instance numbers (e.g.
’stoveburner 1’ not ’stoveburner’, ’pot 1’ not ’pot’).
Example: go to stoveburner 1 → “You arrive at stoveburner 1. On the stoveburner 1,
you see a pot 1, and a pan 2.”

go to <recep>
• CLOSED: “You arrive at <recep>. The <recep> is closed.”
• OPEN+items: “You arrive at <recep>. On the <recep>, you see a X 1, a Y 2, and a

Z 1.”
• OPEN+empty: “You arrive at <recep>. On the <recep>, you see nothing.”
• Unknown: “Nothing happens.”

open <recep>
• Only valid when <recep> is currently CLOSED and agent is at <recep>.
• If valid AND <recep> contains items: “You open the <recep>. The <recep> is

open. In it, you see <listed_items>.”
• If valid AND <recep> is empty: “You open the <recep>. The <recep> is open. In

it, you see nothing.”
• Otherwise (already open, not openable, or not at it): “Nothing happens.”

close <recep>
• Only valid when <recep> is currently OPEN (and was openable in the first place)

and agent is at <recep>.
• Success: “You close the <recep>.”
• Otherwise: “Nothing happens.”

take <obj> from <src>
• Valid iff agent is at <src>, <src> is OPEN, and <obj> is currently in <src>.
• Success: “You pick up the <obj> from the <src>.”
• <obj> MUST include the instance number: “You pick up the pot 1” not “You pick

up the pot”.
• Otherwise: “Nothing happens.”
• After this, <obj> moves from <src> to inventory.

put <obj> in/on <dst> and move <obj> to <dst> (interchangeable)
• Valid iff <obj> is in inventory, agent is at <dst>, <dst> is OPEN.
• Success: “You move the <obj> to the <dst>.” (always ‘move . . . to’, never ‘put . . .

in/on’, regardless of which form the agent typed.)
• Otherwise: “Nothing happens.”

clean <obj> with <recep> (recep must be a sinkbasin)
• Valid iff <obj> is in inventory, agent is at <recep>, <recep> is a sinkbasin.
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• Success: “You clean the <obj> using the <recep>.” Object gains ‘clean’.
• Otherwise: “Nothing happens.”

heat <obj> with <recep> (recep must be a microwave)
• Valid iff <obj> is in inventory, agent is at <recep>, <recep> is a microwave.
• Microwaves do NOT need to be opened to heat — heat is a permitted action even

when the microwave is closed.
• Success: “You heat the <obj> using the <recep>.” Object gains ‘hot’.
• If the agent then heats again or cools, the latest action wins (sticky).
• Otherwise: “Nothing happens.”

cool <obj> with <recep> (recep must be a fridge)
• Valid iff <obj> is in inventory, agent is at <recep>, <recep> is a fridge.
• Fridges do NOT need to be opened to cool.
• Success: “You cool the <obj> using the <recep>.” Object gains ‘cool’.
• Otherwise: “Nothing happens.”

slice <obj> with <tool> (tool must be a knife)
• Valid iff <tool> is in inventory and <obj> is at the agent’s location or in inventory.
• Success: “You slice the <obj> using the <tool>.” Object gains ‘sliced’.
• Otherwise: “Nothing happens.”

use <obj> (typically use desklamp N)
• Valid iff <obj> is at the agent’s location or in inventory. <obj> is an object (not a

receptacle) — desklamps, floorlamps, etc. are not listed in the receptacle table.
• Success: “You turn on the <obj>.” Object gains ‘on’.
• Otherwise: “Nothing happens.”

examine <thing> — read-only; never changes the world.
• If <thing> is a receptacle at the agent’s location: “On the <thing>, you see

<listed_items>.” (or ‘. . . you see nothing.’)
• If <thing> is an object in inventory or visible at current location: “This is a

<state_words> <thing>.” where <state_words> reflects any modifiers (cold, hot,
clean, sliced) — e.g. “This is a cold tomato 1.” If no modifier applies: “There’s
nothing special about <thing>.”

• Otherwise: “Nothing happens.”
look

• If agent is in the middle of the room (not at any receptacle): “You are in the middle
of a room. Looking quickly around you, you see nothing.” (Note: textworld emits
the receptacle list ONLY in the reset welcome message, never on a subsequent
look.)

• If agent is facing a receptacle: “You are facing the <recep>. Next to it, you see
<adjacent_items_or_nothing>.”

• Adjacent receptacles in the same fixture group may also be listed: “You are facing
the shelf 2, and shelf 1. Next to it, you see . . . ”.

inventory
• If carrying nothing: “You are not carrying anything.”
• Otherwise: “You are carrying: <listed_items>.” using the same Oxford-comma

format as receptacle contents.
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help — emits the verbatim TextWorld command-list block (rare; agent should not use this).

Universal fallback: any action whose preconditions are not satisfied — wrong location,
missing object, closed destination for put/move, unknown object id, unknown receptacle id,
malformed verb — produces exactly:

“Nothing happens.”
(Two words, capital N, period at end. No additional context.)

Closedness rules (which classes default to closed):
• Default-closed: cabinet, drawer, fridge, microwave, safe, box. Must be opened

before take/put/move using their interior. Heat/cool/clean do NOT require open.
• Default-open / not-openable: countertop, shelf, sidetable, diningtable, desk, dresser,

bed, sinkbasin, stoveburner, toaster, coffeemachine, toilet, bathtub, sofa, armchair,
garbagecan, ottoman, tvstand, hand-/towel-holder, toiletpaperhanger.

• Use the receptacle table above as the authoritative open/closed source for this specific
game; it overrides the class defaults when stated.

STEERING DIRECTIVES
• Copy receptacle and object names EXACTLY from Environment State (e.g. “desk 1”

not “table”, “sinkbasin 1” not “sink”).
• Every name must include its instance number.
• Only use objects/receptacles from the Environment State. Do not invent.
• If uncertain, output “Nothing happens.”
• One short paragraph. No markdown, JSON, or admissible-commands lists.
• Prefix each item with “a ” in listings (e.g. “a apple 1, a mug 2, and a pan 1”).

PREDICTION TARGET: The single textworld feedback paragraph that the engine would
print in response to the action {action_text} from the environment state above.

Appworld World Model Prompt

ENVIRONMENT STATE
The environment is AppWorld tool-response prediction.
Active task:

• {active_task}
Current date:

• {current_date}
Account credentials:

• {app}: username={username}, password={password}
• . . .

Active tool call:
• tool_name: {tool_name}
• arguments: {tool_args_json}
• validation_status: {valid|invalid}
• validation_error: {error_message|null}

TASK CONTEXT
Predict only the JSON tool response for this one AppWorld action. Do not solve the whole
user task. Do not echo the action.

TOOL SCHEMAS
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• {tool_name}({param1}, {param2}, ...)
• Return shape for list/search tools: {"total": int, "{return_key}":
array}

• Relevant source section: {section}
• For invalid calls, return exactly one JSON object with an error key.

DOMAIN RULES
• Validate the tool name and argument value types before generating a response.
• If validation_status is valid, the active tool is available and the arguments

passed validation.
If invalid : Unknown tools, bad credentials, schema/type placeholder arguments, and missing

target records return an error JSON object.
If valid : This is not an unknown-tool case. Do not return an error for tool availability.

• Returned records and IDs must come only from the record lines shown below.
• Return strict valid JSON only. Use JSON true/false/null, not Python
True/False/None.

• No markdown, no commentary, no tracebacks, and do not double-quote or escape
the whole JSON object.

• Do not include <think> text. Wrap the final JSON in <tool_response> only if
the model requires tags.

COMPUTED QUERY STATE
• matched_count_after_filters: {matched_count}
• page_index: {page_index}
• page_limit: {page_limit}
• page_offset: {page_offset}
• records_on_this_page: {num_records}
• The response total field must equal matched_count_after_filters.
• The response array must contain only the records_on_this_page listed below.

Strict JSON records for this response page:
{json_records}

STEERING DIRECTIVES
• Expected validation status: {valid|invalid}.

If invalid : The exact error response body is: {"error": "{error_message}"}.
If valid : The tool call is valid; do not return an error.

• For list/search tools, apply filters before pagination; never repeat page 0 for later
pages.

• For login success, return a short access token only when credentials match Account
credentials.

• If this is a list/search success, return {"total": {total}, "{return_key}":
[...]} using only Strict JSON records for this response page.

PREDICTION TARGET: The strict JSON tool response for the action in the user turn.

Notes
The AppWorld WM prompt is substantially more structured than the other two environments
because:
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1. Tool call validation is performed locally before the WM is called. Invalid tool
names, bad credentials, and schema-as-argument errors are caught and returned as
deterministic error JSON without WM involvement.

2. Query pre-computation: For list/search tools (spotify__search_songs,
venmo__show_transactions, etc.), the local responder filters records from the
baked system prompt, applies pagination, and provides the exact JSON records the
WM should return. This reduces the WM’s job to formatting — it just needs to wrap
the pre-computed records in the correct response shape.

3. Per-tool routing: The SECTION_BY_TOOL mapping determines which sec-
tion of the system prompt to query (songs, albums, transactions, etc.), and
RETURN_KEY_BY_SECTION determines the JSON key for the response array.

4. Mutation tools (create, delete, like, unlike, etc.) are handled deterministically with
{"status": "success", "message": "Action completed"} — the WM
is not called for these.

ScienceWorld World Model Prompt

ENVIRONMENT STATE
ScienceWorld is a text-based interactive science experiment environment with 10 rooms.
The agent is currently in: {current_room}.
Task: {task_desc}
Visible objects in {current_room}:
{room_contents}

Agent’s inventory: {inventory_items}
Room adjacency (for ‘go to’ validation):
{room_connections}

TASK CONTEXT
The agent navigates rooms, picks up objects, and performs science experiments. Actions are
plain text commands like ‘teleport to kitchen’, ‘pick up glass cup’, ‘focus on water’.
The active action is: {action_text}

DOMAIN RULES
• teleport to X always succeeds. Response: “You teleport to the X.”
• go to X only works if X is adjacent to the current room. If not adjacent: “No

known action matches that input.”
• look around returns a plain text list of objects in the current room. Format: “This

room is called X. In it, you see: obj1, obj2, obj3. You also see: door to Y, door to Z.”
• pick up X works only if X is visible in the current room AND has not already

been picked up. Response: “You move the X to the inventory.” If X is not present or
already picked up: “No known action matches that input.”

• focus on X works ONLY if X is explicitly listed in the current room description
OR was previously picked up (in inventory). If X does NOT appear in the visible
objects or inventory, respond: “No known action matches that input.” NEVER
confirm focus on an object that is not visibly present or in inventory — this is
critical.

• activate X / deactivate X works if X is in the current room. Response: “The
X is now activated/deactivated.”

• put X in/on Y works if X is in inventory. Response: “You move the X to the Y.”
• open X / close X works on doors and containers in the current room.
• inventory lists items the agent has picked up.
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• wait / wait1 advances time. Response: “(1 tick passes)”
• Invalid actions or objects not present: “No known action matches that input.”
• Items picked up earlier in the conversation are in inventory and no longer in their

original room.

STEERING DIRECTIVES
GROUNDING RULE: Your response MUST use ONLY objects, rooms, and substances
that appear in the ENVIRONMENT STATE section above. Do NOT invent, hallucinate, or
elaborate beyond what is listed. If the environment state lists ‘a brick, a workbench’, respond
with EXACTLY those items — do not add tools, equipment, or descriptions that are not in
the state.

• For look around: copy the room description from the Visible objects section above
VERBATIM. Do not add objects, do not elaborate, do not write prose. Just the
object list.

• For pick up X: check if X appears in the Visible objects. If yes: “You move the X
to the inventory.” If no: “No known action matches that input.”

• For focus on X: check Visible objects AND inventory. If X not found: “No known
action matches that input.”

• Keep responses SHORT — one or two sentences maximum. Never write paragraphs,
stories, or elaborate descriptions.

• Output plain text only. No JSON, no markdown, no code, no arrays, no role tags.

PREDICTION TARGET: The ScienceWorld observation text produced by the action
‘{action_text}’ given the current environment state.

H World Model Failure Modes

Table 7 catalogs recurring world model (WM) failure modes observed during GRPO training for
which prompts were later optimized. We present trajectory snippets from actual training runs to
help explainability. These failures led to degradation of RL training signal and caused agent policy
collapse for specific categories of tasks on the held out test set. We observed similar issues with both
MDLMs and AR models but the hallucination and state inconsistency patterns for AR models were
much more evident and harmful to agent behavior generalization.
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Table 7: World model failure modes observed during GRPO training. Red highlights the erroneous
portion. AW = AppWorld, ALF = ALFWorld, SW = ScienceWorld. These failures were addressed
via grounding rules in the WM prompt, local deterministic responders, and JSON unwrapping in the
training plugin.

Failure Mode Env Trajectory Snippet

(i) Incorrect
pagination

AW Agent requests page 1 of recommendations; WM returns the same records as
page 0. Downstream, the agent double-counts songs and computes incorrect
aggregates.
T4: show_recommendations({page_index:0}) → {total:162,
songs:[{id:40},{id:41},...]}
T5: show_recommendations({page_index:1}) → {total:162,
songs:[{id:40},{id:41},...]} ← same IDs

(ii) Object
hallucination

SW WM invents code-execution errors and objects absent from the environment
state. Agent receives fabricated feedback that does not correspond to any valid
ScienceWorld response.
Agent: open cupboard
WM: “Error during execution: name ‘cupboard_is_opened’ is not defined” ←
fabricated
[2pt] Agent: activate solar panel
WM: “Solar panels cannot be used directly.” ← not a ScienceWorld response

(iii) JSON-wrapped
responses

SW WM outputs structured JSON instead of plain-text environment observations.
Downstream parser receives role/content wrappers that corrupt the conversation
history.
Agent: look around
WM: [{“role”:“tool”, “content”:“This room is called the kitchen. In it,
you see: the agent, a substance called air, a chair...”}] ← JSON wrapper

(iv) Dropped
instance numbers

ALF WM substitutes generic class names for specific receptacle instances, breaking
downstream state tracking and action validation.
Agent: go to toaster 1
WM: “You arrive at toaster 1. On the table, you see a bread 2.”
Expected: “On the toaster 1, you see a bread 2.”
[2pt] Agent: go to microwave 1
WM: “You arrive at microwave 1. On the table, nothing...”
Expected: “On the microwave 1, you see nothing.”

(v) State
inconsistency

SW WM confirms picking up an object that is already in inventory, creating
phantom duplicates. Agent “picks up” the thermometer three times across 17
turns.
T6: pick up thermometer → “You move the thermometer to the inventory.”
T15: pick up thermometer → “You move the thermometer to the inventory.”
← already held
T17: pick up thermometer → “You move the thermometer to the inventory.”
← third time

(vi) Verbose /
garbled output

ALF,
SW

WM generates excessively long descriptions with hallucinated items, or garbles
object names by dropping instance numbers from object listings.
ALFWorld:
Agent: go to fridge 1
WM: “...On the fridge, you see a 2, and a mug.” (object class dropped)
[2pt] ScienceWorld (Qwen WM):
Agent: look around (greenhouse)
WM: “...a decorative stone gazing ball resting atop one corner... a rustic
lantern holding dried lavender bundles... finally tucked away quietly
within deepest recesses thereof lies forgotten treasure trove comprising
ancient maps...” (886 hallucinated tokens)
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