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Abstract

Guideline-following is increasingly important
in compliance, customer support, and other reg-
ulated workflows, where correctness is defined
by explicit rule systems rather than heuristics.
Learning to follow guidelines is challenging
because guidelines are interdependent: rules
can trigger, suppress, or conflict with one an-
other, while locally plausible responses may
violate global constraints. Most existing meth-
ods treat guidelines as static text and rely on
implicit reasoning or deeper decoding, making
rule interactions and satisfaction status hard to
observe and control. A more feasible approach
is to model guideline execution with an explicit
state that tracks evolving rule evidence across
steps. However, conventional world models
are a poor fit: they typically assume privileged
feedback or well-defined transition dynamics,
assumptions that do not hold when reasoning
occurs purely in language space under ambigu-
ous, text-defined constraints. As a solution, we
propose RGCWM, a Rule-Grounded Causal
World Model that builds an explicit state space
from the guideline text itself. RGCWM repre-
sents rule applicability and satisfaction as a con-
tinuously updated evidence state, externalizes
inter-rule dependencies as a causal structure,
and plans at inference time by counterfactually
evaluating candidate responses under model-
estimated state transitions. Experiments show
that this shift from implicit text reasoning to
state-based reasoning enables stable, control-
lable execution of complex interacting rules
across diverse domains.

1 Introduction

The instruction-following capability of Large Lan-
guage Models (LLMs) (Achiam et al., 2023; Guo
et al., 2025; Yang et al., 2025) has enabled them
to perform diverse tasks by accepting different
prompts without specific training (Sun et al., 2025;
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Figure 1: Text-driven reasoning uses guidelines as
static context and relies on implicit LLM reasoning.
Data-driven learning internalizes guidelines via anno-
tated data and parameter updates. World-model-driven
reasoning externalizes guidelines into an explicit world
model, maintains rule states, and simulates state transi-
tions to enforce consistent adherence.

Kuang et al., 2025). However, in real-world sce-
narios, some domain-specific tasks do not require
following a simple instruction, but a complex pro-
cedure of rules (Diao et al., 2025; Jiang et al., 2024).
For example, consider applying different discounts
while shopping: Rule A grants a discount for pur-
chases over $100, while Rule B excludes clearance
items from the threshold. For a $120 cart with
$50 clearance, Rule B blocks Rule A, and no dis-
count should apply. Yet even nowadays proprietary
LLMs often grant the discount by matching the
surface total “$120” to Rule A, failing to account
for this blocking interaction.

Without loss of generality, we term different
procedures of following domain-specific rules as
guidelines in this paper. Most guidelines are not
static: they update frequently, encode prerequi-
sites and conflicts, and impose logical constraints
that are intolerant to violations (Wen et al., 2025).
Unfortunately, most LLM successes stem from
data-driven learning on large-scale corpora; this
paradigm can be misaligned with correctness de-
fined by explicit rules (Bai et al., 2022; Dong et al.,
2024), especially when guidelines contradict an
LLM’s internal priors and commonsense heuristics,
yielding fluent outputs that violate the guideline
system’s implicit logic. Recent research trying
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to address guideline-following largely inherits the
paradigm of instruction following, framing guide-
lines as textual conditions to be reasoned about
during generation. Chain-of-Thought (CoT) (Diao
et al., 2025) and Self-Consistency (Prasad et al.,
2024) unfold, or aggregate intermediate reason-
ing traces to stabilize outputs. Textual guideline-
based approaches such as GoLLIE (Sainz et al.,
2023) similarly incorporate annotation guidelines
directly into the prompt as natural-language con-
straints. While single LLMs may not be enough for
guideline-following, some research explores LLM
agents. Tool-augmented agents (Cheng et al., 2024)
and ReAct-style frameworks (Yao et al., 2022) fur-
ther interleave reasoning with action execution, en-
abling interaction with external tools or environ-
ments, while Self-Reflection (Shinn et al., 2023)
extends this approach through critique or iterative
revision in natural language space. Across these ap-
proaches, guideline adherence is treated as an emer-
gent property of reasoning and generation, rather
than the outcome of an explicit decision process
over interacting rules; rule validity and interaction
effects are therefore left unmodeled, a failure mode
we characterize as causal blindness.

Rather than treating guidelines as static textual
context, we argue that they should be modeled as an
explicit environment. Guideline-following then be-
comes a problem of stateful planning (Huang et al.,
2022): the agent maintains a rule state and evalu-
ates candidate responses by simulating their down-
stream effects on global rule satisfaction, rather
than by merely extending a text sequence. This
formulation aligns guideline reasoning with world-
model-based decision making (Hafner et al., 2020),
where actions induce transitions in a structured
state space. However, naive simulation or sequen-
tial replanning can incur prohibitive inference-time
cost, while compliance signals inferred from lan-
guage are inherently noisy. A viable solution shall
therefore support efficient counterfactual evalua-
tion, enforce global rule consistency, and remain
robust to uncertainty, while avoiding any reliance
on additional training.

To address these challenges, we propose
RGCWM, a Rule-Grounded Causal World Model
for reliable guideline following. We first external-
ize guidelines into a static Rule Causal Graph that
encodes typed dependencies, making cross-rule
interactions explicit. However, structure alone is
insufficient at inference time: an agent shall also
track which rules are currently applicable and satis-

fied under a partial trajectory. RGCWM therefore
maintains a dynamic WorldState with a compact
history abstraction and a continuous rule-evidence
vector. It performs inference-time planning by eval-
uating candidate responses via a /-Call Rollout
that predicts their downstream effects from the
same state in a single batched inference. Moreover,
global planning can still leave residual local issues
(e.g., minor violations or phrasing-level inconsis-
tencies); to repair these without re-running rollout,
we optionally apply a lightweight Proposer-Critic-
Refiner (PCR) loop (Lightman et al., 2023) for
localized edits under the fixed graph. We evaluate
RGCWM across multiple backbones and task cat-
egories. RGCWM consistently outperforms state-
of-the-art baselines in a wide range of categories.

Overall, this work is the first to (1) identify
causal blindness as a fundamental limitation of
text-based guideline reasoning; (2) reformulate
guideline-following as stateful planning over an
explicit causal rule system; and (3) introduce
RGCWM, a world-model-driven framework that
achieves robust, backbone-agnostic gains without
additional training.

2 Related Work

Inference-Time Reasoning. CoT (Wei et al.,
2022) elicits explicit intermediate steps, while self-
consistency (Prasad et al., 2024) aggregates multi-
ple sampled traces to improve robustness. Guide-
line Forest (Chen et al., 2025) further induces
reusable high-level guidelines from verified tra-
jectories and performs multi-guideline execution
with stepwise aggregation at inference time. Re-
Act (Yao et al., 2022) interleaves reasoning with
action execution, enabling tool use and multi-step
interaction. Across these approaches (Yao et al.,
2023), adherence is governed by reasoning traces
and action sequences, without an explicit rule state
that tracks rule validity and inter-rule dependencies
over steps.

Textual and Retrieval-Based Methods. Textual
and retrieval-based methods incorporate guidelines
as input context, where generation is conditioned
on the provided rules. GoLLIE (Sainz et al., 2023)
incorporates annotation guidelines directly into the
prompt as natural-language constraints, enabling
zero-shot extraction. Retrieval-based agents (Pang
et al., 2023; Dong et al., 2024; Xu et al., 2023)
improve rule coverage by selecting relevant rules
on demand; however, the retrieved rules function
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Figure 2: Overview of RGCWM as a causal world model for guideline following. Guidelines are externalized into
a static Rule Causal Graph (Phase A), tracked as a dynamic WorldState with explicit state transitions (Phase B),
and used for model-based planning via rollout, consistency-aware scoring, and propagation (Phase C). This design
enables counterfactual evaluation of actions and stable reasoning under interdependent and conflicting rules.

as contextual snippets rather than as a stateful,
dependency-coupled constraint representation.
State, Transitions, and Causality. World-model
approaches in model-based reinforcement learn-
ing (RL) and symbolic MDPs (Hafner et al., 2020)
enable planning via explicit states and transitions,
but are typically defined over physical or task en-
vironments (Hao et al., 2023). Recent work links
LLMs with causal world models (Kiciman et al.,
2023; Ban et al., 2025), but usually operates over
learned representations rather than explicit rule
states. Meanwhile, neural causal and planning
work often learns or assumes causal structure and
noisy relational dynamics (Goodman et al., 2007;
Guerdan et al., 2023; Lang and Toussaint, 2010;
Wang et al., 2018); in contrast, guideline-following
relies on text-specified rule relations and thus re-
quires tracking a rule-compliance state under lan-
guage actions.

3 Guideline-Following Paradigms

We consider a guideline-following task 7" with in-
put space X', output space ), and guideline .S, typ-
ically a collection of rules. We model S as a set of
atomic rules R = {r1,...,7»}. Givenzy € X,
the model outputs y, € Y that solves the task and

complies with S.

Text-Driven Reasoning (Fig.1 left). In this
paradigm, the guideline S is appended as context
to a LLM Ly through a prompt template P, thereby
producing the output y, = Ly(P(S, z4)). In multi-
turn reasoning scenarios, the model context is com-
posed purely of text: the initial context is ¢y = @,
the output at step ¢ is J; = Lg(P(S, ¢;)), and this
output is concatenated back into the context to form
ci+1 = ¢ @ 4. Under this paradigm, no explicit
rule state is maintained; rule compliance and cross-
rule interactions rely implicitly on the internal rep-
resentations of the model Ly.

Data-Driven Learning (Fig. 1 middle). In the
data-driven paradigm, guideline compliance is
learned offline from data rather than enforced at
inference. Annotators construct a supervised set
Dy = {(zs,9:) M, € X x Y with y; compli-
ant with S, and train f; by minimizing the em-
pirical risk: ¢* = arg ming ﬁ Zf\il U fo(xi), vi)s
yielding g, = f¢(z4). Classical RL is a sequen-
tial variant that learns a policy from transitions
Drr, = {(st,a¢, 7, 8141)} via return maximiza-
tion Y* = argmaxy Er, [tho ’ytrt} . In both
cases, rule effects are absorbed into parameters,
so guideline updates or long-horizon conditions
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typically require new data and retraining.
World-Model-Driven Reasoning (Fig. 1 right).
In this paradigm, the guideline S is treated as an
explicit environment rather than static text or im-
plicit training signal. Rules are externalized into a
structured system with explicit dependencies (e.g.,
support, prerequisite, conflict, exclusion), and the
agent reasons over a state that represents the current
configuration of rule applicability and compliance.
Decision making is formulated as stateful planning:
candidate actions are evaluated by simulating their
potential effects on the guideline state, and updates
reflect how enforcing one rule may activate, sup-
press, or invalidate others. By making rule interac-
tions and compliance status explicit, this paradigm
enables reasoning with interdependent and conflict-
ing guidelines through direct state evolution, rather
than relying on implicit textual inference or data
absorption.

4 Problem Formulation

Given a query z, and a guideline specification
S, we model guideline following as stateful plan-
ning over a rule system. In practice, guidelines
are often itemized for interpretability; thus we ab-
stract S (a rule list or a text document) into atomic
rules R = {n}y:ul and a fixed dependency graph
G = (R,&). At step t, the agent maintains a world
state s; = (hy, 2¢), where h; is a compact history
summary and z; € [0, 1]/®! stores per-rule satis-
faction evidence. An action a; is a language-level
candidate response chosen from a finite set .4;. The
state evolves via a deterministic transition

St+1 = F(st7at;g7s)7 (1)

until termination, and the final output is the last
selected action. F'(-) denotes the abstract state
transition induced by a reasoning action under the
fixed rule system (instantiated by our inference
procedure in Sec. 5).

5 The RGCWM Framework

Static Rule Causal Graph Construction. We
formalize the guideline input S as a set of ex-
plicit, itemized rules R = {rz}lzzll and infer
a latent dependency structure over these atomic
units. Relation Inference: Rule dependencies are
modeled as a directed graph G(R,E,W). For
each rule pair (r;,7;), a frozen LLM predicts
a relation label 7;; and a confidence score c;j,
aggregated over three independent queries (Li

Algorithm 1 RGCWM Inference (Simplified. Full
Version in Appendix B)

Require: Guideline S, fixed graph G, query x4, frozen LLM

Lo

1: Initialize ho, zo; set a_1 < 0

2: fort =0,1,...,Tmax — 1 do

3: if ¢t = 0 then

& A = {ad"Hos «
PROPOSER(xq, ho, 20, S; L)

5: (k*, 21) +—
ROLLOUTSELECT(zq, ho, 20,.40,S; G, Lg)

6: do < alf”)

7: else

3: ar < PROPOSERSINGLE(Zg, ht, 2t, Gt—1,5; Lo)

9: 2t+1 — Zt (no rollout; default local effect)

10: end if

11: if USEPCR then

12: (at,2t+1) < PCR({Eq,ht,dt,Zt,S;Le)

13: end if

14: zi41 < PROPAGATE(2¢, 2¢41; )
15:  hyy1 < SUMMARIZE(hy, Gt)
16:  if TERMINATE(t, z¢41, G¢) then

17: return a

18: end if

19: h,t <_ht+1;zt <—Zt+1;t~lt71 — at
20: end for

21: return ar,,,, —1

et al., 2024). We define positive relations 7 =
{support, prerequisite} and negative relations
T~ = {conflict,exclusion}. An edge e;; is
retained only if (i) at least two of the three predic-
tions agree on the same non-none label, and (ii) the
aggregated confidence ¢;; is at least 0.7.

Each retained edge is assigned a signed weight

Tij € T+
_ 2)
Tij € T

where the sign encodes supportive versus con-
flicting relations, ¢(-) is an identity mapping, i.e.,
g(u) = u. The resulting graph topology remains
fixed during inference and serves as an immutable
structural prior. We do not assume the inferred
causal graph or rule-evidence states to be ground-
truth or perfectly calibrated; both are treated as
approximate latent structures induced by the guide-
line specification and estimated by frozen LLMs.
We analyze reliability, robustness, and reproducibil-
ity under such estimation noise in Appendix A
(graph perturbations in Appendix A.1, evidence
perturbations in Appendix A.2, and determinism
settings in Appendix A.6).

Causal Planning via 1-Call Rollout. As illus-
trated in Fig. 2, each reasoning step operates
on a minimal world state s; = (hy, 2;), where
h; summarizes the reasoning history and z; €
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[0, 1]*] encodes rule-level evidence, estimated by
the same frozen LLM used in the 1-Call Rollout
(Appendix A.3), under a fixed guideline S and
graph G. We interpret z;(7) as evidence that rule
r; is currently applicable and satisfied under the
trajectory; correspondingly, low values indicate ei-
ther likely violation or inapplicability rather than
a pure probability. At step ¢, a Proposer condi-
tioned on (hy, 2+, S) generates a small candidate
set Ay = {agk)},f:l. Rather than committing to
a single action, RGCWM performs world-model-
based planning by querying a frozen LLM to esti-

mate, for each candidate agk),
rule-evidence state ét(i)l capturing potential rule
activations, suppressions, or violations. All candi-
dates share the same state (hy, z;) at rollout time
and are evaluated jointly in a single batched infer-

ence, enabling efficient counterfactual screening.

Each predicted state zt( +)1 is scored by a graph-

aware structural validity function that aggregates
four complementary signals:

a hypothetical future

Scorer, 2 A1 Ck + Mo exp( —
+ X3Sk + A4y,

v Confk) 3)

Here, rule consistency C measures overall rule
satisfaction, defined as the average of per-rule evi-

dences:
IR

= g 2 A @

Aggregated conflict magnitude penalizes co-
activation of incompatible rules:

~(k N ~(k
Confy= > |wyl 2 ()22 (). 5
(4,)€E~

Stability measures self-consistency under depen-
dencies encoded in G:

RS Z<
U(Xl: wz‘jﬁm(i)) )

where £~ denotes negative edges; o(+) is the sig-
moid, acting as a heuristic consistency check. Fi-
nally, Ly € [0, 1] is a lightweight, model-reported
confidence cue from the same rollout, used with a
small weight and not treated as calibrated uncer-
tainty (Appendix A.4).

t—i—l

(6)

The planner selects the action with the highest
structural validity,

ay = arg max Scorey, @)
E.At

and outputs the corresponding éffl for subsequent
graph-based state update. Intuitively, 1-Call Roll-
out evaluates all candidates from the same world
state under a fixed causal structure, avoiding trajec-
tory drift from sequential re-planning; the joint
graph-aware scoring enables global counterfac-
tual comparison rather than incremental correction,
yielding more stable decisions under interdepen-
dent rules.

The structural validity score is a heuristic aggre-

gation designed for inference-time planning rather
than a theoretically optimal objective; its compo-
nents capture complementary aspects of rule com-
pliance and are empirically validated via term abla-
tions (Appendix A.5).
Graph Propagation for Dynamic Rule Update.
The local estimate éfi)l captures the predicted ef-
fect of the selected action in isolation and does not
account for inter-rule dependencies. To incorporate
higher-order interactions encoded in G, we prop-
agate state changes rather than absolute evidence
over the fixed causal structure.

Let Az = iﬁr)l — z: denote the action-induced
change in rule evidence. The next state is computed
via a deterministic propagation operator:

zi4+1(7) = clip (th )+ 05 Z wij Az (1) > )
(8)

where clip(u) = min(1, max(0, u)). Propagating
Az; avoids repeatedly amplifying already-satisfied
rules and yields stable updates in practice. We use
a step size 8 € (0, 1] and apply element-wise clip-
ping to keep z¢11 € [0, 1]. This operation updates
only the dynamic rule-evidence state and never
modifies the graph topology. Graph propagation
is applied immediately after candidate selection,
and re-applied after PCR if the Refiner alters the
action, using the re-evaluated local effects Z;. We
report hyperparameter sensitivity analyses for 8 in
Appendix A.8 (Table 12).

PCR Refinement. Following rollout selection
(a;), RGCWM executes an iterative PCR
loop (Madaan et al., 2023) under the fixed graph G.
At each step, the Proposer generates a single ac-
tion conditioned on the current state s; = (hy, 2¢).
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The Critic audits this proposal for residual viola-
tions or logical gaps, producing structured feed-
back. The Refiner then applies minimal edits to
yield a;, or defaults to a no-op if confidence is
high. Crucially, PCR avoids re-planning (i.e., no
candidate resampling or rollout re-evaluation). In-
stead, PCR returns the refined action together with
an updated local evidence estimate, (¢, 2;) <+

PCR(zq, ht, a}, ¢, S5 Lg), followed by a state up-

date via Eq. (8). The updated state (h¢i1,2¢41)

then conditions the next Proposer step, forming a

state-driven single-action loop. Throughout PCR,

G remains immutable while only s; evolves.

Termination and Convergence-Driven Answer

Finalization. RGCWM does not employ a sep-

arate answer selection module. Instead, the final

answer emerges when the latent world state con-
verges. At each iteration ¢, the system monitors ex-
plicit termination criteria over the evolving world
state s; = (h¢, z¢). These conditions are checked in

a prioritized order, with convergence-based criteria

evaluated before the iteration budget.

Specifically, the reasoning process terminates if
any of the following holds:

1. Rule consistency saturation. Terminate when
C(zt41) > 7¢, indicating that the updated state
sufficiently satisfies the guideline set, where
Cl2) = oy X0, 2(0).

2. Marginal state improvement. Terminate when
|Scoref™e" —Scoref" ! | < 74, suggesting fur-

ther iterations are unlikely to yield meaningful

gains.

3. Action stability. Terminate when the finalized
action remains unchanged for K consecutive
iterations, i.e., Gt = G¢—1 = -+ = G—K+1-

4. Iteration budget. Terminate when the maxi-
mum number of iterations 7, is reached to
ensure bounded computational cost.

Once termination is triggered, the system returns
the current action and its associated reasoning tra-
jectory as the final output, without any additional
ranking or selection across iterations. This ensures
that answers arise as a direct consequence of world-
state stabilization, rather than post hoc selection
among competing candidates.

6 Experiments

Benchmarks. We evaluate RGCWM on
GUIDEBENCH (Diao et al., 2025), a benchmark for
domain-oriented guideline following. GuideBench

spans seven task categories, including audit
algorithm (dataset not publicly released), price
matching, text relevance, math, agent chatting,
summarization, and hallucination detection. Each
instance is formulated as either a question—answer
or multiple-choice task, consisting of an In-
struction, a set of Guidelines, and a Context
passage; multiple-choice tasks additionally provide
candidate options.

In the original guideline setup, each instance is
accompanied only by a curated subset of rules. In
realistic deployments, however, an agent shall re-
trieve or reason over the entire guideline to identify
the applicable rules, which is substantially more
challenging: the model shall operate in a dense
logical network formed by the interplay of all rules.
Unlike the original setting, we adopt a full-rule set-
ting in which each instance is provided with the
complete guideline during inference. This setting
requires the model to dynamically infer which rules
are applicable from the full rule space while main-
taining global consistency under complex prerequi-
sites, conflicts, and exclusions. At the same time,
it enables a systematic evaluation of robustness
and scalability under conditions that more closely
reflect real-world deployment.

Baselines. We compare RGCWM against repre-
sentative inference-time baselines spanning: (i)
standard prompting (direct answering), (ii) rea-
soning prompting (CoT, CoA (Pan et al., 2024)),
(iii) self-improvement via self-critique/revision
(Reflexion, ReAct), (iv) multi-agent deliberation
(Debate (Hu et al., 2025), Collaboration (Zhang
et al., 2025)), (v) verbal RL-style methods lever-
aging interaction histories or preference signals
(Memento (Zhou et al.,, 2025), Training-Free-
GRPO (Cai et al., 2025)), and (vi) test-time
compute scaling under a fixed model (Compute-
Optimal (Snell et al., 2025)). All methods are eval-
vated with identical inputs, guideline settings, and
decoding configurations.

Implementation Details. All experiments are
inference-time only with frozen LLMs. We fix
the structural-score weights to (A1, A2, Az, Ag) =
(0.4,0.3,0.2,0.1) and set v = 1 throughout. We
evaluate two backbones, Qwen3-8B (Yang et al.,
2025) and DeepSeek-R1 (Guo et al., 2025). The
rule-evidence vector is initialized as zg = 0.5.
We use K = 3 candidates and T},,x = 3 iter-
ations. Early stopping follows Sec. 5 and trig-
gers when any criterion holds: C(z;41) > 0.95,
|AScore;™ | < 74 with 7o = 0.01, or the se-
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Method Qwen3-8B DeepSeek-R1
All Price Text Math Chat Sum. Halluc. All Price Text Math Chat Sum. Halluc.
Standard Prompt 73.3 68.1 74.5 154 95.0 552 932 782 72.6 90.6 154 939 62.1 90.7
Reasoning Prompting
CoT 73.5 68.1 75.0 154 95.6 552 932 783 72.6 90.6 154 939 62.1 91.5
CoA (ICLR’25) 78.0 74.2 78.6 269 95.0 63.8 949 85.1 81.5 88.5 57.5 96.7 759 924
GuideBench (ACL’25) 77.5 71.5 849 25.0 944 62.1 924 849 80.3 89.6 69.2 944 724 932
Self-Improvement Prompting
Reflexion (NeurIPS’23) 75.9 69.0 77.6 30.8 96.7 60.3 949 823 79.2 83.3 67.3 95.0 67.2 86.4
ReAct (ICLR’23) 76.3 73.3 78.1 36.5 92.8 483 90.7 83.4 82.6 859 69.2 939 60.3 83.9
Multi-Agent
Debate (NeurIPS’25) 79.6 75.6 82.3 269 96.7 69.0 924 86.8 84.2 88.5 59.6 98.9 759 96.6
Collaboration (ACL’25) 77.6 72.9 80.2 30.8 95.0 62.1 932 84.7 799 87.1 654 97.8 724 932
Verbal Reinforcement Learning
Memento (Arxiv’25) 76.6 73.5 75.0 23.1 944 62.1 94.1 827 79.4 83.3 48.1 95.6 74.1 94.1
Training-Free-GRPO (Arxiv’25) 78.6 75.8 80.7 28.9 95.6 63.8 89.0 855 82.6 859 67.3 97.8 724 91.5
Inference-Time Compute Scaling
Compute-Optimal (ICLR’25)  80.8 78.1 85.9 289 99.0 63.8 86.4 86.9 82.6 89.6 69.2 100 77.6 90.7
RGCWM (Ours) 85.3 81.9 88.5 32.7 100 77.6 97.5 91.2 88.2 93.2 73.1 100 81.0 98.3

Table 1: Main results on GUIDEBENCH across two base models (Qwen3-8B and DeepSeek-R1). RGCWM
consistently outperforms prior approaches across all categories, achieving the best overall performance while
maintaining strong robustness on hallucination-sensitive subsets. Best results are shown in bold, and second-best

results are underlined.

lected action is unchanged for two consecutive iter-
ations. The rule causal graph G is constructed once
per guideline and kept fixed; propagation updates
only z; with 8 = 0.5. When enabled, PCR runs
one Critic-Refiner round per iteration. All calls use
greedy decoding. Additional settings and analyses
are provided in Appendices A.8, A.7, and A.6.

Main Results. Table 1 reports results on
GUIDEBENCH with two backbones, Qwen3-8B
and DeepSeek-R1. RGCWM achieves the best
overall accuracy in both cases (85.3% and 91.2%),
outperforming the strongest non-RGCWM base-
line (Compute-Optimal) by 4.5% and 4.3%, re-
spectively, under identical inference-time settings.
Beyond aggregate accuracy, RGCWM shows pro-
nounced gains on categories most sensitive to rule
interactions. On Price matching, where prerequi-
site and exclusion rules are prevalent, RGCWM im-
proves over Compute-Optimal by +3.9% (Qwen3-
8B: 81.9% vs. 78.1%) and +5.7% (DeepSeek-R1:
88.2% vs. 82.6%). On Summarization, which often
requires suppressing partially applicable or conflict-
ing guidelines, the margin further widens (+13.8%
on Qwen3-8B and +3.4% on DeepSeek-R1). Most
notably, on Hallucination Detection, RGCWM
reaches near-ceiling performance (97.5% / 98.3%),
consistently surpassing all baselines. Across these
categories, failures of text-based methods are dom-

inated not by missing local reasoning steps, but by
incorrect activation or co-activation of interdepen-
dent rules.

The improvements are stable across backbones.
Although DeepSeek-R1 is uniformly stronger than
Qwen3-8B, RGCWM consistently adds a further
4-5% margin over the strongest backbone-specific
baselines. This consistency indicates a backbone-
agnostic inference advantage, arising from explicit
planning over a dynamic rule-evidence state un-
der a fixed causal structure, rather than backbone-
specific prompt sensitivity. In contrast, methods
that primarily scale textual reasoning depth (e.g.,
CoT, Reflexion, ReAct) or deliberative diversity
(Debate, Collaboration) exhibit smaller and less
uniform gains, particularly on tasks dominated by
rule conflicts and prerequisites.

Finally, RGCWM also outperforms inference-
time compute scaling (Compute-Optimal), indicat-
ing that additional test-time computation alone is
insufficient when it is not structured around rule
dynamics. RGCWM instead reallocates inference
effort to qualitatively different operations: 1-Call
Rollout enables counterfactual comparison of can-
didate actions from a shared world state, while
graph-aware scoring explicitly penalizes conflict
co-activation and favors globally stable configura-
tions. Consequently, computation is translated into
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improved guideline consistency rather than longer
but brittle reasoning traces.

Overall, these results demonstrate that explicit
causal modeling of guideline structure (G), together
with a dynamic rule-evidence state (2;) and coun-
terfactual planning, yields robust, scalable, and
backbone-agnostic improvements under the full-
rule inference setting.

7 Ablation Analysis

Component-wise Ablation. Table 2 presents a
component-wise ablation under the full-rule set-
ting. Adding the Static Rule Graph yields the
largest single-module gain, improving accuracy
from 77.5% to 80.1% (+2.7%), highlighting the im-
portance of explicitly modeling prerequisite, con-
flict, and exclusion relations. Building on this
structure, 1-Call Rollout provides a further im-
provement to 81.4% (+1.3%) via counterfactual
screening of candidate actions, while Graph Prop-
agation delivers a larger gain (83.1%, +1.7%) by
enforcing global consistency across interdependent
rules. Finally, enabling PCR achieves the best per-
formance (85.3%, +2.2%), indicating that localized
refinement complements global planning by cor-
recting residual inconsistencies.

Overall, each component contributes non-
redundantly: the rule graph establishes structural
validity, rollout supports informed action selection,
propagation enforces global coherence, and PCR
supplies targeted local repair, together realizing
the full benefit of world-model-driven guideline
reasoning.

Config Graph Rollout GP|Acc (%)
Baseline (Text-only) 71.5
+ Graph v 80.1
+ Graph + Rollout v v 81.4
+ Graph + Rollout + GP v v v 83.1
Full RGCWM (+ PCR) v v v 85.3

Table 2: Ablation study of RGCWM components on
GUIDEBENCH (Qwen3-8B, full-rule setting).

Efficiency Analysis. Table 3 compares inference-
time latency per instance on Qwen3 under identical
hardware and decoding settings. Iterative and multi-
agent methods are slower due to repeated LLM
calls and growing interaction histories. Debate is
particularly expensive (9 calls, 95.6s) yet underper-
forms RGCWM, whereas RGCWM achieves the
best accuracy (85.3%) with moderate cost (4 calls,
32.3s). This efficiency stems from consolidating
planning and candidate evaluation into a small num-

ber of structured calls, suggesting that RGCWM
gains come from structured causal evaluation rather
than brute-force test-time scaling.

Method Calls Time (s) Acc (%)
CoT 1.0 6.4 73.5
ReAct 5.0 33.1 76.3
Reflexion 3.0 18.8 75.9
Debate 9.0 95.6 79.6
Collaboration 4.0 25.4 77.6
Full RGCWM 4.0 32.3 85.3

Table 3: Latency (s) versus accuracy (%) on Qwen3
(average wall-clock time per instance; same hard-
ware/decoding).

Weights (A1, A2, A3, A1) ~  Acc (%)
Equal (0.25, 0.25, 0.25, 0.25) 1 84.9
Ours (0.40, 0.30, 0.20, 0.10) 1 85.3
More-conflict (0.30, 0.40, 0.20, 0.10) 1 85.1
More-stability (0.40, 0.20, 0.30, 0.10) 1 85.0
Less-conf (0.45, 0.25, 0.20, 0.10) 1 84.8
Ours, v sweep 0.5 85.1
Ours, v sweep 2.0 85.0

Table 4: Sensitivity of the structural validity score
(Eq. 3) to fixed weights and ~.

Weight Sensitivity. Table 4 analyzes the sensitiv-
ity of the structural validity score (Eq. 3) to differ-
ent fixed weight allocations and the conflict sharp-
ness parameter y. Across a range of reasonable
weight configurations, performance remains within
a narrow band (84.8%-85.3% Acc.), indicating that
RGCWM is robust to moderate reweighting and
does not depend on fine-grained score tuning. Sim-
ilarly, varying -y over a two-fold range (0.5-2.0) re-
sults in negligible performance changes. Based on
this stability, we adopt a single global configuration
A1=0.4, \2=0.3, A3=0.2, A4=0.1 and =1 for all
experiments, without per-task or per-category tun-
ing. This choice emphasizes rule-level consis-
tency while retaining balanced sensitivity to con-
flict avoidance and state stability. Empirically, the
confidence term L;, primarily influences candidate
selection when structural scores are close; accord-
ingly, it is assigned a smaller weight. Overall, these
results suggest that RGCWM'’s gains arise from its
causal structure and state modeling, rather than
from sensitive hyperparameter choices.

Efficiency, Cost, and Robustness Analysis. We
further analyze RGCWM from three complemen-
tary perspectives: overall inference efficiency, the
effect of graph induction source, and module-wise
token consumption. Table 5 compares the over-
all token usage of RGCWM against representa-
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Method Acc (%) Total Tokens
GuideBench 77.5 ~1.7M
Compute-Optimal 80.8 ~113M
RGCWM 85.3 ~7.0M

Table 5: Overall efficiency comparison across meth-
ods. RGCWM achieves higher accuracy than compute-
optimal reasoning with substantially lower total token
usage.

Model Graph Inducer Acc (%) Avg Tokens Approx. Cost
Qwen3-8B  Text-only (No Graph) 77.5 - -
Qwen3-8B Manual (Human) 82.9 - -
Qwen3-8B DeepSeek-R1 (API) 84.9 =~ 88K =~ $0.03
Qwen3-8B  Qwen3-8B (Local) 84.7 ~ 50K -
Qwen3-8B  GPT-5.2 (API) 85.3 ~ 28K ~ $0.10

Table 6: Effect of graph induction source on RGCWM
performance. The inference backbone is fixed to Qwen3-
8B. Performance remains stable across different graph
induction sources, indicating that gains are not driven
by the inducing model itself.

tive inference-time baselines. RGCWM achieves
higher accuracy than compute-optimal reasoning
while using substantially fewer tokens (85.3% with
~7.0M tokens versus 80.8% with ~113M tokens),
indicating that structured state-based planning is
more efficient than unstructured test-time scaling.
Compared to the text-only baseline, RGCWM re-
quires additional inference-time computation, but
translates this computation into more effective rule-
consistent reasoning rather than longer free-form
reasoning traces.

Table 6 examines the impact of the graph induc-
tion source while fixing the inference backbone to
Qwen3-8B, thereby isolating the effect of graph
construction. Performance remains stable across
different model-induced graphs (84.7—-85.3), and
all graph-based variants substantially outperform
the text-only baseline (77.5). This suggests that the
gain is not primarily driven by the strength of the
graph-inducing model, but by the structured state
tracking and graph propagation mechanism enabled
by RGCWM. Even a manually constructed graph
yields a clear improvement (82.9), further support-
ing the importance of explicit structure. Graph
construction is performed only once per guideline
and amortized across all downstream instances.

Table 7 reports the internal token distribution
of RGCWM across major modules during the full
evaluation. The dominant computation is concen-
trated in rollout and PCR-based inference, while
graph construction accounts for only 0.4% of the
total token usage. This shows that the structural
components of RGCWM introduce only negligible
overhead, and that most computation is spent on

Module Tokens Percentage
Graph Construction ~28,000 0.4%
Rollout (1-call) ~3,350,000 47.9%

PCR - Proposer ~1,250,000 17.9%
PCR - Critic ~850,000 12.1%
PCR - Refiner ~1,522,000 21.7%
Total ~27,000,000 100%

Table 7: Module-wise token distribution of RGCWM
during the full evaluation. Graph construction accounts
for only a negligible fraction of total token usage and is
amortized across all instances.

inference-time reasoning rather than offline graph
preparation. Together with the robustness analysis
in Appendix A, these results support that the perfor-
mance gain of RGCWM arises from its structural
mechanism rather than from costly graph construc-
tion.

8 Conclusion

We proposed RGCWM, a Rule-Grounded
Causal World Model that reformulates guideline-
following as stateful planning over an explicit
causal rule system. By externalizing guidelines
into a static Rule Causal Graph and maintaining
a dynamic rule-evidence state, RGCWM enables
counterfactual evaluation of candidate responses
at inference time without additional training. Ex-
periments on GuideBench show consistent im-
provements over strong baselines across diverse
task categories and two backbone models, with
the largest gains on tasks governed by prerequi-
site, conflict, and exclusion relations, where text-
based methods tend to fail. RGCWM also achieves
these gains with substantially fewer tokens than
compute-scaling approaches, confirming that struc-
tured causal planning is a more effective use of
inference-time computation than unstructured scal-
ing. We hope this work encourages further ex-
ploration of explicit rule-state representations as
a foundation for robust and controllable guideline
reasoning.

Limitations

RGCWM relies on the base LLM to induce the rule
causal graph; if the model is weak or miscalibrated,
graph noise can reduce the gains from propagation
and structural scoring. In practice, however, this
impact is typically limited: the core improvements
come from explicit rule-evidence state tracking and
rollout-based evaluation under the full guideline
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set. Thus, even with imperfect relations, RGCWM
remains beneficial, and in the worst case degrades
gracefully to a non-graph variant; the graph inducer
can also be upgraded or replaced by stronger ex-
tractors/checkers.

Compared to single-pass prompting, RGCWM
introduces additional inference-time cost due to
batched rollout scoring and optional refinement. In
our implementation, this overhead is controlled by
small fixed budgets and remains competitive with
(or lower than) many multi-agent deliberation and
compute-scaling baselines. Nonetheless, further
efficiency improvements, such as caching reusable
evidence, reducing repeated state evaluations, and
lightweight scoring approximations, remain valu-
able future work.
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A Appendix: Reliability and
Reproducibility Details

A.1 Robustness and Reproducibility under
Estimation Noise

The rule causal graph G is inferred by a frozen
LLM and may contain noisy or imperfect depen-
dency relations. To evaluate robustness under such
estimation noise, we conduct controlled perturba-
tion experiments on G while keeping all other com-
ponents fixed.

Specifically, we simulate graph noise by ran-
domly removing a proportion p of edges from G
(edge dropout), with p € {20%,30%}. This per-
turbation disrupts both supportive and conflicting
dependencies and serves as a stress test for graph
reliability.

Graph Condition Acc. (%)
Full graph 85.3
—20% edges 84.1
—30% edges 82.9

Text-only baseline 71.5

Table 8: Performance under rule causal graph perturba-
tions (Qwen3-8B).

Performance degrades smoothly as graph qual-
ity decreases and remains consistently above the
text-only baseline, indicating graceful degrada-
tion rather than systematic failure under imperfect
graph construction.

A.2 Robustness to Rule-Evidence Estimation
Noise

In addition to graph structure, RGCWM relies on
model-induced rule-evidence estimates éfk) pro-
duced by the frozen LLM during the 1-Call Rollout.
To test robustness to noise in these estimates, we
inject zero-mean Gaussian noise into 2,@ at infer-
ence time: 27 = clip(2¥) + €), e ~ N(0,02),
where clipping is applied to keep values in [0, 1].
All other components (graph, propagation, PCR,
and termination) are kept identical.

We observe a gradual degradation as ¢ increases,
while performance remains consistently above the
Graph+Rollout (w/o propagation) baseline, indicat-
ing that RGCWM does not rely on finely calibrated
rule-evidence values.

A.3 Rule-Evidence Extraction in 1-Call
Rollout

RGCWM represents the dynamic guideline state
as a continuous rule-evidence vector z; € [0, 1],

Evidence Noise Level Acc. (%)
o = 0 (no noise; full RGCWM) 85.3
o =0.05 84.6
o =0.10 83.8
o =0.20 82.2
Graph+Rollout (w/o GP) 81.4
Text-only baseline 71.5

Table 9: Robustness to noise in rollout-induced rule-
evidence estimates 2t(k) on GUIDEBENCH (Qwen3-8B,
full-rule).

where each entry indicates evidence that a rule is
applicable and satisfied under the current trajectory.
Importantly, low evidence does not uniquely imply
violation: it can also arise from inapplicability or
insufficient information in the context.

Joint structured evaluation. At rollout time, we
evaluate each candidate action agk) jointly against
the full rule set R under the same world state
(h¢, z¢). Concretely, the 1-Call Rollout prompts
the frozen LLM to output a structured object con-
taining: (i) a per-rule evidence vector ét(k) with
values in [0, 1], and (ii) a lightweight confidence
cue Lj (defined in App. A.4). This evaluation is
performed in the same rollout call used for candi-
date screening, without additional LLM queries.
Rubric for evidence scores. For each rule r;, the
model is instructed to assign éfk) (i) based on:

* 1.0: clearly applicable and satisfied by agk)

the provided context;

under

* 0.5: unclear / partially supported / insufficient
context to decide applicability;

* 0.0: clearly violated, or clearly inapplicable
given the context and prerequisites.

Intermediate values are allowed to express graded
evidence when the satisfaction signal is partial. We
initialize zg = 0.5 as a uniform prior, correspond-
ing to an uninformative starting state.

Parsing and normalization. We parse the struc-
tured rollout output to extract z?t(k) and Ly, clip
values to [0, 1], and align the evidence vector to the
fixed rule indexing of R. All subsequent scoring
and propagation operate only on these normalized
vectors.

A.4 Confidence Cue Lj: Definition and Usage

In addition to rule-evidence vectors, the rollout
returns a scalar confidence cue L € [0,1] for
each candidate. Lj is self-reported by the same
frozen LLM as part of the structured rollout output,
intended only as a lightweight preference signal
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reflecting the model’s internal certainty about the
candidate’s overall compliance.

Not calibrated uncertainty. We explicitly do not
treat Ly, as a calibrated probability of correctness,
and we do not use token log-probabilities. Accord-
ingly, Ly, is assigned a small weight in Eq. (7) and
functions primarily as a tie-breaker when structural
scores are close.

No extra compute. L is produced in the same

1-Call Rollout that produces égk), requiring no ad-
ditional LLM calls beyond those already counted
in the rollout.

A.5 Analysis of the Structural Validity Score

We further analyze the structural validity score in
Eq. 3 by ablating individual terms. Unless other-
wise stated, we evaluate the full RGCWM pipeline
end-to-end (including propagation, PCR, and termi-
nation), and only modify the score used in ROLL-
OUTSELECT. When ablating a term, we set its
coefficient to zero and keep all remaining coeffi-
cients unchanged (no renormalization) to isolate its
contribution under the same scale.

Score Variant Acc. (%)
Full score (Eq. 3) 85.3
w/o conflict term (A2=0) 83.5
w/o stability term (A3=0) 83.2
w/0 both (A2=A3=0) 81.1
w/o Lj, (A1=0) 85.0

Table 10: Ablation of individual components in Eq. 3
on GUIDEBENCH (Qwen3-8B, full-rule).

Removing either the conflict penalty or the sta-
bility term results in a clear drop, and removing
both leads to a larger degradation, indicating that
the two terms capture related but non-redundant
signals. In contrast, removing Lj yields a small
decrease, consistent with Ly, acting as a weak tie-
breaker rather than a primary driver.

A.6 Decoding, Backbones, and Determinism

All experiments are conducted at inference time
using frozen LLM backbones. We use Qwen3-8B
and DeepSeek-R1 as the primary reasoning models
for all task-level inference, without any fine-tuning
or parameter updates.

Graph inference model and scope. We use GPT-
5.2 exclusively to infer the static rule causal graph
G from the guideline rule set S, i.e., to predict pair-
wise rule relations 7;; and confidence scores c;;.
Graph construction is performed once per guide-
line specification and cached; G is then fixed for all

downstream reasoning steps and all test instances
under the same guideline. Importantly, GPT-5.2 is
not used for task-level reasoning, candidate gen-
eration, rollout evaluation, Critic, or Refiner. All
per-instance inference uses the evaluated backbone
(Qwen3-8B or DeepSeek-R1). In call/token ac-
counting, graph construction cost is reported sepa-
rately from per-instance inference cost.

Decoding configuration. To ensure determinism
and fair comparison across methods, all LLM calls
(including graph inference, 1-Call Rollout, Ceritic,
and Refiner) use greedy decoding with temperature
= 0, top-p = 1.0, and top-k disabled. The max-
imum generation length is fixed across methods
and tasks. No stochastic sampling is used during
decoding.

Determinism for graph construction. Although
graph construction aggregates over M =3 indepen-
dent LLM calls (as described in Sec. 5) to reduce
variance, each call uses greedy decoding. Thus, the
aggregation reflects repeated model queries rather
than sampling-based decoding. Any tie-breaking in
post-processing (e.g., majority voting) is determin-
istic. Robustness to graph perturbations is further
analyzed in Appendix A.1.

Randomness control. Since all decoding is
greedy, the system is deterministic given the same
guideline specification and inputs. The only
sources of randomness appear in explicit robust-
ness experiments (e.g., graph edge dropout or rule-
evidence noise), where random seeds are fixed and
reported.

Batching and efficiency. Candidate actions in
the 1-Call Rollout are evaluated jointly in a single
batched LLM call, ensuring identical context and
decoding settings for all candidates and avoiding
any bias from sequential evaluation.

A.7 History Abstraction and Update
Mechanism

RGCWM maintains a compact history abstraction
h; to summarize prior reasoning steps and correc-
tive feedback, enabling stateful planning without
unbounded context growth.

Representation. The history state h; is a short
natural-language summary capturing: (i) previ-
ously selected actions, (ii) identified rule violations
or conflicts, and (iii) key corrective constraints in-
troduced by the Critic—Refiner. It does not store
raw intermediate generations or full trajectories.
The length of h; is capped to a fixed budget to
ensure stable context size.
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B Acc. (%)

0.3 84.9

0.4 85.1
Model Params Access Identifier / Version Provider 0.5 85.3

0.6 85.2
GPT-5.2 undisclosed API gpt-5.2-2025-10-01 OpenAl 0.7 85.0
DeepSeek-R1 671B API deepseek-r1-2025-05-28 DeepSeek 0.8 84.8
Qwen3-8B 8B weights official release Qwen

Table 12: Sensitivity to step size
Table 11: Backbone models and API identifiers used in our experiments. B.

Update rule. At each iteration, if the Critic—
Refiner module is enabled, the Refiner produces
a concise correction summary describing how the
selected action should be adjusted to better sat-
isfy the guideline. This summary is appended to
the existing history and then re-summarized into a
compact form to produce h;41. If PCR is disabled
or no refinement is triggered, the history remains
unchanged (hyy1 = hy).

Determinism and compute budget. History
summarization uses the same LLM and greedy de-
coding configuration as other components. No ad-
ditional LLM calls beyond those already counted
for the Refiner are introduced. Thus, h; does not
alter the call or token budget relative to baselines.

A.8 Propagation Step Size

The propagation step size (3 in Eq. (8) controls the
strength of graph-based state updates. In all ex-
periments, we fix 3 = 0.5 globally across tasks
and models, without any tuning. To verify ro-
bustness, we sweep 3 in the range [0.3,0.8] on
GUIDEBENCH (Qwen3-8B, full-rule setting). Re-
sults are reported in Table 12. Performance varies
smoothly across this interval, with no instability
observed.

B Appendix: Full Pseudocode of
RGCWM Inference

The full Pseudocode is provided in Algorithm 2.

C Appendix: Prompt Templates

Figures 3-8 present abridged excerpts of the
prompt templates used in RGCWM, covering the
world state representation, rule graph specification,
and the four-stage inference pipeline. These figures
are intended to illustrate the shared structural de-
sign and role separation of the prompts, rather than
to provide the full templates used during inference.
For clarity and space constraints, each figure shows
a shortened, representative snapshot that highlights
the core fields and control logic common across
task domains.

Algorithm 2 RGCWM Inference (Full Version)

Require: Query x,, guideline rules S = {n}lz‘l, fixed graph G =
(R, E,W)

Require: Frozen backbone LLM L;
K, Tmax; B, Tes TA , Kbl

1: Note. G is constructed offline once per guideline and cached.

All components (PROPOSER, ROLLOUTEVAL, EVIDENCEEVAL,

CRITICREFINER, SUMMARIZE) share the same frozen backbone

L. clip(u) = min(1, max(0, u)) is applied element-wise, and

C(z) = ‘%‘ > 2(4).

ho «+ 0

20 < 0.5-1 € [0,1]®

571 < @

Scorest;uct

hyperparameters

St — —0oo

. stable < 0

cfort=0,1,...,Thax — 1 do

(A) Propose K candidate actions

At < PROPOSER(x g, ht, 2¢,S; L)
(B) 1-Call Rollout: joint evaluation

{(z‘ii)l, Lk)},’f:1 < ROLLOUTEVAL(z4, hy, 2¢, A, S; G, L)

=000 R W

12: Scorey, + STRUCTSCORE(éEf_)l, Lk,G) forall k
13: k* < arg maxy Scoreg
14: ap — At [k*]
. s A (k*
150z, “Zt(ﬂ)
16: Score$™" < Scorey«

17: fby < 0

18: (C) Optional PCR refi t (no re-planning)

19:  if USEPCR then

20: (@¢, fby) < CRITICREFINER(2 g, h¢, G¢, S; L)
21: 2{,, + EVIDENCEEVAL(zg, ht, zt, dt, S; L)
22: Score"™°" «+— STRUCTSCOREONLY(2},;,G)
23: end if

24 (D) Graph propagation

25: Azp 27, — 2t

26: forj =1,2,...,|R|do

27: z141(5) < clip (241 () + B Sicrunneis) wis A2:())
28: end for

29: (E) Update history

30: hi4+1 + SUMMARIZE(hy, ¢, fby)

31: (F) Termination checks

32:  if C(z¢41) > 7. then

33: return a;

34. end if

35:  ift > 1and |Score;*"°* — Score;"*| < 74 then
36: return G,

37:  endif

38: ifa; = a;_1 then

39: stable < stable + 1

40: else

41: stable < 0

42:  endif

43: if stable > Kbl then

44 return a;

45: end if

46: 2t < Zt41s hy + ht+1

470 Gp1 <+ ay

48: Scorcit_“l‘Ct < Scorci""‘Ct

49: end for

50: returnar,,, 1
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You are a rule causal graph constructor.
[ROLE] Your task is to infer directed causal relations between guideline rules. You do NOT solve the task described by the rules. You do NOT generate
answers, actions, responses, or dialogue.

[SCOPE] You ONLY analyze how enforcing one rule affects the applicability or validity of another rule. Each rule must be treated as an atomic unit. All
reasoning must be performed strictly at the rule level, not at the level of specific user queries, contexts, examples, or downstream system behavior.

[DIRECTIONALITY] Relations are directional. The relation from rule_i to rule_j may differ from the relation from rule_j to rule_i. You must evaluate each
ordered rule pair independently.

[RELATION SET] For each ordered rule pair, you must choose exactly ONE relation label from the following closed set: support, prerequisite, conflict,
exclusion, or none. The semantics are strictly defined as follows: support means enforcing rule_i increases the likelihood that rule_j is applicable or satisfied;
prerequisite means rule_i must be satisfied before rule_j can apply; conflict means enforcing rule_i makes rule_j harder to satisfy but both rules may still
partially apply; exclusion means enforcing rule_i strictly invalidates rule_j; none means no meaningful causal relation exists. If the relation is weak,
ambiguous, or uncertain, you must choose none.

[CONSTRAINTS] Do not assume any external knowledge beyond the provided rule texts. Do not reason about downstream answers, system actions, or
user intent beyond what is explicitly encoded in the rules. Do not infer transitive or indirect relations; evaluate only the direct causal influence from rule_i to
rule_j.

[CONFIDENCE] You must assign a confidence score in the range [0,1], reflecting how strongly the inferred relation is implied by the rule texts alone.

[OUTPUT FORMAT] Output must be a single valid JSON object and nothing else. Do not include explanations, comments, or natural language outside the

JSON. The JSON schema must be exactly: {"rule_i": <int>, "rule_j": <int>, "relation": "support | prerequisite | conflict | exclusion | none", "confidence":
<float>}.

[INPUT] Below is the full guideline rule set, where each rule has a unique rule_id and a textual description. You will be asked to infer the relation for a
specific ordered pair (rule_i, rule_j) using only this information.

Guideline rules: [INSERT FULL RULE LIST HERE].

[TASK] Infer the causal relation from rule_i = i to rule_j = j and output the JSON result following the schema exactly.

Figure 3: Rule graph prompt (abridged excerpt). An abridged sample of the prompt that specifies the static
guideline causal graph, encoding dependencies, conflicts, and exclusions among rules. The displayed content is a
shortened excerpt intended to illustrate the prompt structure rather than the complete graph specification.

<WorldState>

<HistorySummary>

A concise summary of previously confirmed decisions, refinements, and resolved rule constraints. This summary constrains future reasoning and prevents
contradiction

with already accepted conclusions.

</HistorySummary>

<RuleEvidence>
The current rule-evidence state z_t. It is a vector of length N, where N equals the total number of rules. The order strictly follows the order of the rule list.
</RuleEvidence>

<RuleEvidenceVector>
[z1,z.2,..,zN]
</RuleEvidenceVector>

<RuleEvidenceSemantics>

- 1.0 : The rule is clearly applicable and satisfied

- 0.5 : Applicability or satisfaction is uncertain

- 0.0 : The rule is clearly violated or not applicable
</RuleEvidenceSemantics>

<GraphEvidence>

A localized summary of rule dependencies extracted from a fixed rule graph, including support, prerequisite, conflict, or exclusion relations
relevant to the current reasoning context. This information is read-only and does not require graph reconstruction.

</GraphEvidence>

</WorldState>

Figure 4: World State prompt (abridged excerpt). A shortened illustrative snapshot of the prompt used to
represent the current world state in RGCWM, including the rule evidence vector, history summary, and graph-level
evidence. The figure shows a condensed excerpt for visualization purposes only and does not contain the full prompt
used during inference.
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Your role is to generate multiple candidate answers under a fixed rule-constrained environment.

Your objective:
Given the task instruction, full guideline set, context, query, and the current WorldState, produce several complete and executable candidate answers to be
evaluated in later stages.

Constraints:

1. This stage only generates candidates; no evaluation is allowed.
2. Do not analyze or reference rule satisfaction.

3. Do not modify or summarize history.

4. Each candidate must be a valid final answer on its own.

Inputs:
<Instruction>...</Instruction>
<Guidelines>...</Guidelines>
<Context>...</Context>
<Query>...</Query>
<WorldState>...</WorldState>

Output format (no extra text):

<ProposedCandidates>
Candidate 1: ...
Candidate 2: ...
Candidate 3: ...
</ProposedCandidates>

Figure 5: Proposer prompt (abridged excerpt). A condensed excerpt of the prompt used by the Proposer to
generate a bounded set of candidate answers conditioned on the current world state and guideline rules. Only a
shortened illustrative sample is shown, not the full prompt used in the system.

Your role is to evaluate how each candidate answer would affect the rule system under the current world state.
Your objective: For each candidate answer, predict the resulting evidence level for every rule if that candidate were adopted.
Key interpretation: You are evaluating state consequences, not answer quality.

Inputs:
<Instruction>...</Instruction>; <Guidelines>...</Guidelines>; <Context>...</Context>; <Query>...</Query>; <WorldState>...</WorldState>

<Candidates>
Candidate 1: ... ; Candidate 2: ...; Candidate 3: ...
</Candidates>

Evaluation rules: - Output one evidence value per rule (order must match the rule list) - Evidence values must be in [0,1] with fixed semantics:
- 1.0: clearly applicable and satisfied
- 0.5: uncertain applicability or satisfaction
- 0.0: clearly violated or inapplicable

You must consider: - Current RuleEvidenceVector — HistorySummary - GraphEvidence (dependencies, conflicts, exclusions). Additionally, provide a
confidence score L € [0,1] representing your overall confidence in the rule-consistency assessment (not a probability).

Output strictly in JSON, no explanations:
"CandidateEvaluations": [
"CandidatelD": 1,

"RuleEvidence": [z1, z2, ..., zN],
"Confidence": L1

h

Figure 6: Rollout prompt (abridged excerpt). A condensed excerpt of the prompt used during inference-time
rollout to evaluate multiple candidate actions in parallel and update the world state accordingly. The figure shows
a shortened snapshot for visualization and does not include the full rollout prompt. Although the downstream
tasks span heterogeneous domains (e.g., mathematical problem solving and multiple-choice selection), RGCWM
employs a shared Proposer by abstracting actions as language-level candidate responses rather than domain-specific
decisions. The Proposer follows a fixed input—output contract: given the query, guideline set, and current world state,
it produces a bounded set of textual candidates. Domain-specific differences are specified through the instantiation
of these inputs (e.g., task context formatting, query formulation, and guideline content). Consequently, the proposal
mechanism itself remains unchanged across domains, while task semantics are conveyed via the provided inputs.
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Your role is to audit a given answer for remaining rule-related risks under the current world state.

Your objective:
Identify whether the answer still poses potential rule violations, dependency failures, or ambiguity-induced risks.

Inputs:
<Answer>...</Answer>
<Guidelines>...</Guidelines>
<WorldState>...</WorldState>

Focus on:

1. Explicit rule violations

2. Dependency or prerequisite failures implied by the rule structure
3. Ambiguities that may cause rule misuse

If no modification is needed, explicitly state so.
Output only structured feedback:
"IssuesDetected": true / false,

"Critique": "..."

}

Figure 7: Critic prompt (abridged excerpt). A shortened excerpt of the prompt used by the Critic to evaluate the
rule-level consequences of each candidate answer under the current world state. The figure presents a condensed
snapshot for illustration purposes only.

Your role is to minimally revise an answer to reduce identified rule risks while preserving its original intent and structure.

Your objective:
Based on the critique, apply the smallest necessary modification to improve rule consistency, then re-estimate the local rule impact.

Inputs:
<OriginalAnswer>...</OriginalAnswer>
<Critique>...</Critique>
<WorldState>...</WorldState>

Revision principles:

1. Modify only if issues were detected.

2. Keep changes local and minimal.

3. Do not introduce new decision paths or scope expansion.

Output all three components (required):
"RefinedAnswer": "...",

"UpdatedRuleEvidence": [z1, z2, ..., zN],
"HistoryUpdate": "Concise summary of the revision and its rule impact"

Figure 8: Refiner prompt (abridged excerpt). An abridged excerpt of the prompt used by the Refiner to apply
minimal local revisions that reduce identified rule risks while preserving the original answer structure. The content
shown is a shortened illustrative example rather than the complete prompt.
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