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Abstract

Selective compliance is important for finan-
cial LLM applications: an applicable context
rule should override the LLM’s parametric
rule, while an inapplicable rule should be ig-
nored. Though previous studies recognize the
importance of rule selection, dedicated evalu-
ations tailored specifically to the financial do-
main remain absent. To bridge this gap, we
build a controlled benchmark based on the
CFLUE dataset, where intervention rules are
synthesized and FOL logic is applied to en-
sure the correctness of the new derived an-
swer.! Furthermore, we designed three eval-
uation settings covering clean inputs, noisy in-
puts, and multi-hop reasoning scenarios. We
conduct a systematic comparison across differ-
ent rule selection strategies and models. Ex-
periments show that: (1) For recent advanced
LLMs, single-pass integrated reasoning ap-
proach (CAR-Joint) consistently outperforms
the decoupled ‘route-then-answer’ approach
(CAR-Route). (2) Our proposed post-hoc re-
view method, CAR-Joint-Review, outperforms
CAR-Joint on four of the five evaluated models.
Similarly, pre-hoc routing via the parametric
rule elicitation method CAR-Elicit-Route sur-
passes CAR-Route in multi-hop settings. The
performance gains are model-dependent. These
findings reveal the trade-offs across various
methods and LLMs in financial selective com-
pliance.

1 Introduction

Retrieval-Augmented Generation (RAG) equips
LLMs with domain knowledge (Lewis et al., 2020),
yet retrieved contexts in finance are not always
applicable. Blindly following inapplicable provi-
sions risks non-compliant or legally incorrect an-
swers (Mallen et al., 2023; Cuconasu et al., 2024,
Yoran et al., 2024). We formalize this challenge
as Financial Selective Compliance: a model must

!The dataset is available at https://github.com/
nb003pl-dotcom/fin_select_reason/.

adopt a retrieved rule only when it applies and
alters the outcome, but retain its parametric knowl-
edge otherwise. Unlike standard memory-conflict
benchmarks (Longpre et al., 2021; Neeman et al.,
2023; Xu et al., 2024), this task requires verify-
ing complex conditions and propagating logical
consequences.

While financial benchmarks evaluate general do-
main capabilities (Zhu et al., 2024; Guo et al., 2025;
Xie et al., 2024b) and rule-following tasks test
reasoning over realistic documents (Zhou et al.,
2025; Diao et al., 2025), none isolate the decision
between applying answer-changing rules and re-
sisting answer-preserving ones. To address this,
we construct a solver-verified benchmark from
the CFLUE (Zhu et al., 2024) test split. Using
rule-dependent examination questions, we build
executable First-Order Logic (FOL) backbones,
retaining those validated by round-trip symbolic
solving. We apply controlled symbolic interven-
tions, labeling answer-changing rules as conflict
and answer-preserving ones as supplement. The
benchmark construction process is illustrated in
Figure 1. To measure both failure modes—under-
compliance (refusing applicable rules) and over-
compliance (adopting inapplicable rules)—we eval-
uate Override Rate (OR) on conflict rules, Reten-
tion Rate (RR) on supplement rules, and their har-
monic mean, FR. This two-sided evaluation pre-
vents models from optimizing context-following at
the expense of answer stability.

We compare direct answering and Chain-
of-Thought (CoT) prompting against four
applicability-oriented strategies: CAR-Joint, CAR-
Joint-Review, CAR-Route, and CAR-Elicit-Route.
Specifically, CAR-Joint utilizes a tailored prompt
to handle applicability judgment and reasoning
simultaneously, whereas CAR-Route adopts a
two-stage route-then-answer strategy. Drawing
upon the principles of ASTUTE RAG (Wang et al.,
2024a), CAR-Joint-Review incorporates a post-hoc
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Figure 1: Overview of the solver-verified benchmark construction pipeline. Stage 1 selects rule-dependent questions;
Stage 2 retains instances that can be represented in First-Order Logic (FOL) and successfully verified by a round-trip
solver; and Stage 3 synthesizes rule interventions and filters them through symbolic and realization checks.

review mechanism that re-introduces context
rules to re-evaluate the trajectory. Meanwhile,
CAR-Elicit-Route employs a rule-elicitation
scheme for routing, requiring the model to first
answer based on its internal rules and subsequently
determine applicability by comparing its response
against the context rules.

Results show that joint reasoning methods (CAR-
Joint and CAR-Joint-Review) substantially surpass
the route-then-answer paradigm (e.g., CAR-Route)
on LLMs except Qwen2.5-7B. CAR-Joint-Review
improves mean FR over CAR-Joint on four of five
models, with gains ranging from 0.004 to 0.028.
Further investigation indicates that CAR-Route
fails primarily due to poor routing accuracy un-
der supplement interventions. CAR-Elicit-Route
mitigates routing failures in multi-hop settings via
internal rule elicitation.

Our primary contributions are threefold: First,
we formalize Financial Selective Compliance to
evaluate a model’s ability to selectively adhere to
or resist retrieved rules. Second, we construct a
solver-verified Chinese financial benchmark fea-
turing controlled conflict and supplement interven-
tions across Clean, Noisy, and Multi-Hop scenarios.
Third, we propose Contextual-Applicability-Aware-
Reasoning strategies and empirically evaluate their
effectiveness across diverse model capabilities.

2 Related Work

Context-memory knowledge selection for RAG.
Our study belongs to the context—-memory conflict
family surveyed by Xu et al. (2024), where paramet-
ric priors interact with input-provided information.
Prior studies separate parametric and contextual an-
swers (Longpre et al., 2021; Neeman et al., 2023),
evaluate whether LLMs follow conflicting evidence
(Xie et al., 2024a; Wu et al., 2024a; Su et al.,
2024; Ming et al., 2025), and study whether models
should trust, reject, or expose both sides of a con-

flict (Wang et al., 2024b; Huang et al., 2025). Re-
trieval can also be harmful, introducing irrelevant
or misleading passages and encouraging models to
over-trust context (Mallen et al., 2023; Cuconasu
et al., 2024; Yoran et al., 2024). Several methods
try to address knowledge selection in RAG, includ-
ing selective reliance on non-parametric memory
(Mallen et al., 2023), conflict analysis in retrieval-
augmented models (Jin et al., 2024), source-aware
consolidation of LLM-internal and retrieved knowl-
edge (Wang et al., 2024a), and adaptive decoding
for detected conflicts (Yuan et al., 2024). These
studies mainly treat external context as factual ev-
idence whose reliability needs to be judged. In
our setting, by contrast, answer correctness hinges
on whether the retrieved rule is applicable to the
question.

Rule following and counterfactual reasoning.
Another line of work studies whether LLMs can
follow explicit rules or reason in counterfactual
settings. Paired default/counterfactual protocols
test whether models reason under perturbed task
conditions rather than reciting memorized patterns
(Wu et al., 2024b). Rule-focused benchmarks eval-
uate realistic rule documents with distractors (Zhou
et al., 2025), domain guidelines and rule updates
(Diao et al., 2025), or legal-style decompositions
of rule elements (Servantez et al., 2024). These
settings ask whether a model can apply a provided
rule set once that rule set is selected. Another line
of findings shows that stronger context reliance
can help context-only tasks but hurt tasks requir-
ing parametric knowledge (Ying et al., 2024; Sun
et al., 2026). Our benchmark evaluates selective
rule-following specifically tailored to the financial
domain.

Financial benchmarks. Financial NLP bench-
marks cover Chinese finance and broad financial
capabilities, including CFLUE (Zhu et al., 2024),
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FinEval (Guo et al., 2025), CFinBench (Nie et al.,
2025), FinBen (Xie et al., 2024b), and CNFin-
Bench (Ding et al., 2026), but mainly measure
static knowledge, task performance, or risk-control
behavior. Closer work studies financial rule diag-
nosis (Malarkkan et al., 2026), real-time finance
knowledge updating (Tang et al., 2026), or con-
flicts between financial priors and contextual ev-
idence (Lee et al., 2025). In contrast, we trans-
form CFLUE items into dynamic intervention-
rule tests with FOL backbones and solver-derived
conflict/supplement labels, targeting post-retrieval
selective compliance rather than static financial
knowledge or rule-violation detection.

3 Benchmark
3.1 Task Definition

Given a question ¢, a contextual rule r, and a can-
didate option set C, our objective is to evaluate
whether a model M correctly predicts an answer
a € C, where a = M(q,C,r). Assuming M
has internalized the default gold rule 72°!4, then
M(q,C) = M(q,C,re?d) = a*, where a* is
gold answer.To test a model’s capacity to dynami-
cally select and apply contextual rules, we formu-
late two scenarios:

* Conflict Rules (Rule Updating): The contex-
tual rule r applies to ¢ but contradicts 7819,
A flexible model should prioritize r over its
internal prior and produce an updated answer
a #a*(d €.

¢ Supplement Rules (Rule Noise): The con-
textual rule r is inapplicable to q. A robust
model should ignore inapplicable and answer-
changing rule 7, and rely on r&°'9 to produce

a*.

3.2 Evaluation Metrics

Let D.one be the set of cases in which context rule
is applicable and changes the answer from a* to a/,
and let Dy, be the set of cases in which the target
intervention clause in context is not applicable and
no applicable answer-changing update is present,
so the internal-rule answer should be retained. For
an output a; = M(q;, C;i, r;), we define
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Here, OR (Override Rate) measures how often a
model follows an applicable rule that conflicts with
its internal knowledge. RR (Retention Rate) mea-
sures how often the model preserves its original
answer when presented with an independently con-
structed, condition-false distractor clause. RR is
therefore a behavioral answer-retention metric; the
final answer alone is not used to infer whether the
model internally ignored or processed the clause.
FR (F1 for robustness) is an aggregation of OR
and RR. FR penalizes one-sided strategies: always
following context can improve OR but hurts RR,
whereas always keeping the internal answer can
improve RR but hurts OR.

3.3 Dataset Construction

We build benchmark from the test split of CFLUE,
a Chinese financial-domain examination dataset.
The CFLUE test set contains 3,864 items drawn
from accounting, banking, securities, funds, fu-
tures, and related regulatory domains. Each item
provides a question, a set of answer choices, a gold
answer, and an expert-written analysis. The anal-
ysis field contains the rules and reasoning process
for answer. The core idea is to synthesize item-
specific rules based on the analysis field and the
answer choices, where first-order logic (FOL) is
applied to ensure the correctness of synthesis.

Stage 1: Item Selection. We select high-quality
benchmark items through a three-step filtering
pipeline: (1) Question Type Selection: We keep
single-choice and true/false items with valid op-
tion sets and non-empty expert analyses, exclud-
ing those that rely on visual context or exceed
400 Chinese characters. (2) Analysis Verification:
An annotator model M2 verifies that the analy-
sis field supports the gold answer and categorizes
items as rule-dependent, computation-based, or
non-parametric. We retain only answer-consistent,
rule-dependent items governed by modifiable regu-
latory parameters (e.g., statutory ratios, deadlines,
monetary thresholds, or eligibility criteria). (3)
Rule Internalization Verification: To ensure the
evaluated model /\/lsubj3 possesses the required
parametric knowledge, we query it three times per
item without external context and retain only items
for which it consistently predicts the gold answer.

2 Maun: Qwen3.7-Max
3 Mubj: DeepSeek-V4-Flash
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Code Type Construction operation Example

CR  Conflict Constant Replacement PO supervision lasts 3 years —> it lasts 2 years.
CB  Conflict Conditional Branching the right covers layout design —> under an exclusive contract, it covers binding design.
EI  Conflict Exception Insertion

guarantors without agreed shares have joint liability -> they have proportional liability.

ID  Supplement Inapplicable Distractor supervision lasts 2 years -> it lasts 3 years only for major restructurings.

Table 1: Intervention types for benchmark construction. Conflict Rules: Synthesized rules whose activation
conditions evaluate to true under the question facts, with answer-changing effects verified via symbolic execution.
Supplement Rules: An ID supplement is retained only if its activation condition is false under the question facts and
symbolic execution confirms that the original answer remains unchanged.

Stage 2: Item Filtering via FOL Verfication.
To guarantee that each item admits a deterministic
formal derivation, we verify candidate questions
using First-Order Logic (FOL). First, the annota-
tion model M ,y,,, parses each question into a set of
FOL clauses B = (A, R,C'), where A, R, and C
correspond to the question assertions, the gold sym-
bolic rules (extracted from the expert analysis), and
the answer option mappings, respectively. Next,
we run an automated FOL solver g(-) over these
representation clauses. We retain an item if and
only if the solver derives a unique candidate option
that matches the gold answer, i.e., g(A, R) = a*.
This filtering process eventually yields 512 verified
items.

Stage 3: Rule Synthesis and Filtering. This
stage synthesizes contextual rules to construct
new test items under controlled interventions: (1)
Symbol Rule Synthesis: We employ annotation
model M,,, to modify the symbolic rules in
Stage 2, yielding a refined rule set: £ = {p; «+
ei(A, R, C)}, for each question. Specifically,
we establish two directional categories of rule edits:
answer-changing conflict operations and answer-
preserving supplement operations. The detailed
edit types under each direction are summarized
in Table 1. To ensure that the new rules remain
evaluable, we require that the expected answer
after rule edits stay within the predefined option
set. The instructions for these specific edits are
provided as prompts to M,,. We uniformly dis-
tribute the rule sampling quota across all edit types
within each category. (2) Synthesized Symbol Rule
Verfication: The modified rule set E(R) is exe-
cuted by the symbolic solver to ensure validity.
Leta’ = g(A, E(R), C) represent the solver’s de-
rived answer under the modified rules. Conflict
synthesized rules are retained if it produces an al-
tered answer (¢’ # a). Supplement synthesized
rules must satisfy the following two gates: (i) it is
inapplicable to question. Suppose ¢ is the acti-

vation predicate based on the variables in the veri-
fied question facts and synthesized rule parameters,
and it must evaluate to false under the current item:
¢s(A, R) = False. (ii) the solver-derived answer is
preserved, g(A, RU {rs},C) = g(A,R,C) = a*.
Crucially, these labels and target answers are de-
termined deterministically by symbolic execution
rather than LLM judgment. (3) Synthesized Rule
Realization: generator model M., converts the
synthesized symbolic rules into natural language
text. To prevent generating shortcut text, we incor-
porate prompt constraints forbidding option leak-
age during convertion. (4) Synthesized Rule Fil-
tering: To make sure natural language realization
faithfully expresses symbolic intent, we apply two
independent LLM-based verifiers Muer, Myer2®.
Given the question, options, and rendered natural-
language rule, the verifiers predict the answer. A
synthesized item is retained only if the verifier’s
output aligns perfectly with the solver-derived tar-
get answer a’. We manually spot-check a random
sample of constructed instances to ensure correct-
ness.

3.4 Evaluation Settings

To evaluate model behavior across diverse reason-
ing demands, we evaluate models under three dis-
tinct settings that vary in context length, noise level,
and reasoning depth.

Clean Setting. This serves as the basic bench-
mark setting, where the model receives a question
alongside a single contextual intervention rule (ei-
ther a conflict or supplement rule). This setting di-
rectly measures the fundamental ability of a model
to perform selective compliance. Following the
procedure described in Section 3.3, this evaluation
set comprises 126 curated items.

Noisy Setting. This setting evaluates a model’s
ability to localize relevant rules before reasoning.

* Myer: DeepSeek-V4-Pro
> Myerz: GPT-5.4-mini
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Specifically, we insert the target rule from the
Clean setting among 812 topically related dis-
tractor clauses generated by an LLM. This applies
only on Conflict type interventions. The underlying
question, symbolic intervention, and target answer
remain identical to the Clean setting.

Multi-Hop Setting. This setting focuses on rea-
soning depth rather than contextual noise. Rules
belong to the Multi-Hop only if their symbolic de-
pendency distance to the final choice predicate is at
least two. We initially selected 34 items from the
Clean setting whose rules satisfy the multi-hop cri-
teria. To complement the dataset size, we repeated
the rule synthesis and multi-hop filtering to retrieve
an additional 33 items, yielding 67 items in total.

Each base item in the Clean and Multi-Hop set-
tings is paired with two rule intervention types (con-
flict and supplement), whereas the Noisy setting
contains conflict interventions only. The dataset
statistics is provided in Table 2.

Conflict Supplement
Setting CR CB EI ID | Total
Clean 78 32 16 126 | 252
Noisy 78 32 16 0] 126
Multi-Hop 57 4 6 67 | 134
All 213 68 38 193 | 512

Table 2: Dataset statistics across rule intervention types
and experimental settings.

4 Experiments
4.1 Compared Methods and Models

Inspired by context-memory selection paradigms
in RAG-based factual QA (Wang et al., 2024a),
we adapt retrieval-and-selection principles to the
task of dynamic rule selection by introducing four
Contextual-Applicability-Aware Reasoning (CAR)
strategies:

CAR-Joint (Joint Inference). Assesses rule ap-
plicability and derives the final answer in a single
end-to-end forward pass. The selection constraints
and prioritization criteria are directly embedded
within the prompt instructions.

CAR-Joint-Review (Joint Inference with Post-
Hoc Review). Shown in Algorithm 1, this strat-
egy introduces a secondary verification pass. Fol-
lowing initial generation via CAR-Joint, an inde-
pendent critique prompt reviews the execution trace
To, re-evaluating the applicability of the contextual
rule and revising the answer accordingly.

CAR-Route (Discrete Hard-Routing). Imple-
ments a strict "route-then-answer" paradigm. A
dedicated routing module first determines whether
the contextual rule applies to the question, after
which reasoning proceeds exclusively with or with-
out the external rule.

CAR-Elicit-Route (Elicitation-Based Routing).
Shown in Algorithm 2, this strategy follows an
"elicit-to-route and then answer" pipeline. It first
prompts the model to externalize its internal rule
trace and generate a preliminary answer a;. The
model then evaluates the applicability of contextual
rule r conditioned on this internal trace, preventing
the router from overlooking internal parametric
knowledge.

To benchmark the proposed strategies against stan-
dard prompting paradigms, we evaluate three base-
line methods:

Oracle. Serves as an empirical upper bound by
manually providing the ground-truth context con-
figuration: for conflict rules, the model receives
both the rule and the question; for supplement rules,
it receives the question alone. This represents an
optimal diagnostic ceiling rather than a deployable
strategy.

Direct-CoT. Provides the contextual rule and
question alongside standard step-by-step chain-of-
thought instructions.

Direct. Prompts the model with the contextual
rule and question to directly predict the final option
without intermediate reasoning.

Implementation Details. We evalu-
ate all strategies across two advanced
models—DeepSeek-V4-Flash and
Claude-Sonnet-4.6—and three  com-

monly used lightweight models— Qwen3-14B,
Qwen3-8B and Qwen2 . 5-7B. The hyperparam-
eter configurations and decoding parameters are
set according to official model recommendations.
All the metrics reported in the following sections
are averaged over three independent runs.

4.2 Main Results

Performance across Methods Table 3 presents
the mean OR, RR, and FR across all evaluated mod-
els and methods, with each metric averaged across
settings. Although absolute knowledge internaliza-
tion cannot be fully guaranteed for models beyond
DeepSeek-V4-Flash, intra-model comparisons re-
main fully meaningful as all methods on a given
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Algorithm 1 CAR-Joint-Review

Require: Question g, contextual rule r, subject model M, CAR-Joint prompt pimp, review prompt prey
1: Produce the initial answer and trace: (ao, 70) <= M (Pimp, g, )
2: Review and correct answer if rule applicable: p < M (prev, q, 7, To)

3: Parse the reviewed answer: a <— ParseReview(p)
9: return a

Algorithm 2 CAR-Elicit-Route

Require: Question g, contextual rule r, subject model M, internal-rule prompt pin¢, routing prompt proute, rule-world

prompt Pext

1: Elicit the internal rule trace and preliminary answer without r: (a;, 7;) <= M (Pint, )

Parse the Boolean route: g < ParseRoute(p)

return a

Judge external-rule applicability: p <— M (proute, ¢, T, i)

if g = applicable then (a, 7) <~ M (pext, g, 7); else a + a;

model share identical parametric knowledge.

From the table, we observe the following find-
ings: (1) For recent LLMs (except Qwen2.5-7B),
single-pass integrated reasoning (CAR-Joint) out-
performs the decoupled ‘route-then-answer’ ap-
proach (CAR-Route). (2) Our proposed CAR-Joint-
Review with a post-hoc critique phase can sub-
stantially improves the overall FR metric against
CAR-Joint (benefiting all models except Sonnet
4.6). Specifically, For DeepSeek-V4-Flash, FR is
improved from 0.917 to 0.933 and for Qwen3-8B,
FR is improved from 0.770 to 0.798. (3) For earlier
weak models Qwen2.5-7B, CAR-Route emerges as
the top-performing method, better than CAR-Joint
and CAR-Joint-Review, showing its limitedness of
intergrated reasoning.

Performance across Evaluation Settings. Fig-
ure 2(a) reports Clean and Multi-Hop FR together
with Noisy OR. The performance ordering across
all models generally adheres to the pattern of Clean
> Noisy > Multi-Hop. Multi-Hop yields the lowest
FR, while Clean and Noisy are close. This indicates
that multi-step dependencies make rule selection
more challenging.

Performance across Question Types. Fig-
ure 2(b) presents performance across single-choice
(SC) and binary true/false tasks. Except for
DeepSeek-V4-Flash, performance on SC across
all models is consistently lower than that on the
binary task. This gap aligns with the lower random
guessing probability in four-option SC compared
to binary tasks. Thus, SC offers a more rigorous
test of rule-selection proficiency.

Performance across Intervention Types. Fig-
ure 2(c—d) profiles the efficacy of each model’s best
method under various rule synthesis types. For con-
flict type, DeepSeek-V4-Flash achieves a notably

higher score on CB (0.986) than Sonnet 4.6 (0.927),
showcasing its enhanced robustness in identifying
conditional premise changes (CB). For supplement
interventions, the performance or DeepSeek-V4-
Flash and Sonnet 4.6 are close.

4.3 Analysis

Integrated Applicability Reasoning versus Hard
Routing. Table 3 demonstrates that for advanced
models like DeepSeek-V4-Flash, the simpler inte-
grated applicability reasoning method CAR-Joint
significantly outperforms CAR-Route (hard rout-
ing). This finding is counterintuitive, as conven-
tional wisdom suggests that executing multiple
tasks within a single joint prompt should be in-
herently more difficult than focusing on a single,
isolated task. For analysis, we examine the routing
error rate of DeepSeek-V4-Flash under the CAR-
Route method, as detailed in Table 4. The data
reveals that the hard router achieves a low error rate
of 3.6% on conflict contexts but a much higher error
rate of 43.4% on the available Clean and Multi-Hop
supplement contexts. To better understand the ef-
fect, we analyze a supplement case given in Table 5,
where CAR-Route fails while CAR-Joint succeeds.
The case reveals that standalone routing suffers
from false positives by classifying irrelevant rules
as applicable, thereby corrupting CAR-Route’s ex-
ecution path. Besides, We further observe that
a portion of the supplementary passages contains
both a synthesized, inapplicable ID target clause
and applicable background clauses that restate or
preserve the original rule.This mixed-applicability
structure makes hard routing ill-posed: CAR-Route
must assign a single passage-level label, whereas
the benchmark label is defined at the target-clause
level.
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Method DeepSeek-V4-Flash Sonnet 4.6 Qwen3-14B Qwen3-8B Qwen2.5-7B
Mean OR/RR/FR Mean OR/RR/FR Mean OR/RR/FR Mean OR/RR/FR Mean OR/RR/FR
Oracle! 0.961/0.947/0.954 0.948/0.928/0.938 0.920/0.715/0.805 0.917/0.766/0.835 0.841/0.794/0.817
CAR-Joint 0.894/0.942/0.917 0.931/0.932/0.932 0.917/0.706/0.798 0.890/0.679/0.770 0.836/0.572/0.679
CAR-Joint-Review 0.938/0.927/0.933 0.849/0.945/0.895 0.887/0.738/0.805 0.899/0.717/0.798 0.825/0.604 /0.697
CAR-Route 0.924/0.842/0.881 0.915/0.899/0.907 0.927/0.625/0.747 0.919/0.655/0.765 0.769/0.678 /0.721
CAR-Elicit-Route  0.935/0.848/0.889 0.922/0.891/0.906 0.914/0.623/0.741 0.924/0.647/0.761 0.731/0.645/0.686
Direct-CoT 0.882/0.879/0.880 0.895/0.865/0.880 0.931/0.679/0.785 0.889/0.657/0.755 0.792/0.599 /0.682
Direct 0.852/0.879/0.865 0.898/0.880/0.889 0.842/0.628/0.719 0.888/0.659/0.757 0.741/0.663 /0.700

Table 3: Model comparison across methods. Bold and underlined numbers denoting the best and second-best results
for each model. DeepSeek-V4-Flash and Sonnet4.6 favors CAR-Joint while Qwen2.5-7B perfers CAR-Route.

(a) Evaluation Settings
(FR)
Clean FR  Noisy OR Multi-Hop FR

DeepSeek-V4-Flash

Sonnet 4.6

Qwen3-14B

Qwen3-8B

Qwen2.5-7B

(b) Question types

Single-choice Binary CR

(c) Conflict interventions
(OR)

cB

0.899

(d) Supplement interventions
(RR)

El ID

0.860 0.986

0.892

0.979

Accuracy |
I

T
0.00 0.25

Figure 2: Panel (a) reports FR for Clean and Multi-Hop and OR for Noisy. Panel (b) reports overall FR by question
type. Panels (c) and (d) report OR for conflict rules across all settings and RR for ID supplement rules across Clean

and Multi-Hop, respectively.

Scenario Overall Conflict Supplement
Clean 0.208 0.026 0.389
Noisy 0.026 0.026 -
Multi-Hop  0.266 0.055 0.478
Macro avg.  0.167 0.036 0.434

Table 4: Routing error rate for CAR-Route using
DeepSeek-V4-Flash.

Effects of Post-Hoc Review. As shown in Ta-
ble 3, CAR-Joint-Review substantially improves
upon CAR-Joint through its review mechanism. To
better understand this variation, Figure 3 breaks
down the changes in OR, RR, and FR across ex-
perimental settings. The gains are twofold: (1) OR
Enhancement: Re-injecting context rules during
review elevates rule adherence, as demonstrated
by DeepSeek-V4-Flash; (2) RR Enhancement: Re-
assessing rule applicability reinforces inapplica-
bility signals and rectifies first-pass logical errors
across all other models. Table 6 provides a concrete
case analysis illustrating the correction.

Effects of Internal-Rule Elicitation. Prior RAG
methods resolve factual conflicts by activating in-
ternal knowledge and consolidating it with exter-
nal context. CAR-Elicit-Route extends this prin-

An Example of Hard-Route Failure

Question. In a commercial bank, who bears primary
responsibility for capital management?

A. Board of supervisors; B. Board of directors; C. Senior
management; D. Shareholders’ meeting.

Synth. Ctx. Rule. A bank shall designate the body with
primary responsibility for capital management. If senior
management is so designated, it bears that responsibility
and formulates and executes the relevant policies.
CAR-Route trace. Ct x. Rule => applicable,
wrong path — C (error).

CAR-Joint trace. Condition absent — B (correct; gold
B).

Table 5: An illustration where CAR-Route fails but
CAR-Joint succeeds. Outputs are from the DeepSeek-
V4-Flash evaluation traces.

ciple to rule selection. Figure 4 summarizes its
change relative to CAR-Route across all three set-
tings. The benefit of eliciting internal rule is con-
centrated in Multi-Hop settings: FR rises by 0.030
on DeepSeek-V4-Flash, 0.027 on Qwen3-8B, and
0.013 on Sonnet 4.6. However, elicitation lowers
Clean FR for all five models. This stems from the
fact that most queries in the Clean setting involve
only basic single-step reasoning, thereby deriving
little benefit from additional elicited rules or ex-
plicit reasoning steps. Conversely, Multi-Hop set-
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(a) AOR

Clean Noisy Multi-Hop

DeepSeek-V4-Flash +0.053

-0.056

+0.034 +0.045

Sonnet 4.6 -0.050 -0.090

Qwen3-14B -0.034 +0.000

Qwen3-8B -0.008 +0.003 +0.035

Qwen2.5-7B -0.026 -0.032 +0.025

(b) ARR

Clean

-0.013

+0.011

+0.008

+0.032

+0.040

(c) AFR

Multi-Hop Clean Multi-Hop

-0.015 +0.020 +0.016

+0.015 -0.050 -0.044

+0.055 -0.018 +0.034

+0.045 +0.017 +0.042

+0.025 +0.019 +0.024

Change in score

| L U
0,150

Figure 3:

0

i
+0.150

Effect of post-hoc answer review relative to integrated reasoning across models and settings. Each cell

reports A = CAR-Joint-Review — CAR-Joint for OR, RR, or FR. CAR-Joint-Review raises overall RR for four

of the five models.

(a) AOR

Clean Noisy Multi-Hop

DeepSeek-V4-Flash -0.011 +0.024 +0.020

Sonnet 4.6 -0.019 +0.019 +0.020

Qwen3-14B -0.011 -0.013 -0.015

Qwen3-8B +0.000 -0.005 +0.020

Qwen2.5-7B -0.048 -0.048 -0.020

0,100

(b) ARR

Clean

-0.029

-0.021

+0.000

-0.045

-0.061

(c) AFR

Multi-Hop Clean Multi-Hop

+0.040 -0.021 +0.030

+0.005 -0.020 +0.013

-0.005 -0.004 -0.009

+0.030 -0.032 +0.027

-0.005 -0.055 -0.011

40,100

Figure 4: Effect of internal-rule elicitation relative to hard routing across models and regimes. Each cell reports
A = CAR-Elicit-Route — CAR-Route for OR, RR, or FR. CAR-Elicit-Route has an advantage in the Multi-Hop

setting for three of the five models.

tings requiring multi-step reasoning, eliciting the
intermediate reasoning process uncovers crucial
diagnostic signals for effective rule selection.

5 Limitations

The reported results should be interpreted as se-
lective compliance evaluation within a controlled,
given-rule environment, rather than a comprehen-
sive evaluation of end-to-end financial RAG sys-
tems. The synthesized rules do not necessarily cap-
ture the full spectrum and complexity of real-world
financial regulations.

Post-Hoc Review Corrects an Inconsistent Answer

Question. An enterprise withholds personal income tax
for managerial staff by debiting “Administrative Expenses”
and crediting “Other Payables.” (A) False. (B) True. Gold:
A.

Synth. Ctx. Rule. Tax withheld on labor remuneration
paid to non-employees is outside employee compensation
and must be credited to “Other Payables.”

CAR-Joint trace. “Managerial staff are employees, so the
non-employee precondition is not met and the rule does
not apply.” Nevertheless, it concludes that crediting “Other
Payables” is valid: B (wrong).

CAR-Joint-Review trace. The applicability judgment is
correct, but the answer is not. Tax withheld for an em-
ployee belongs to employee compensation and should be
credited to “Employee Compensation Payable,” not “Other
Payables.” Therefore the statement is false: A (correct).

Table 6: An example where CAR-Joint-Review help
correct error in CAR-Joint

6 Conclusion

We introduce Financial Selective Compliance
along with a solver-verified benchmark spanning
Clean, Noisy, and Multi-Hop settings. We propose
a series of contextual-applicability-aware methods
and conduct systematic evaluations across widely
used LLMs. Our findings reveal that stronger
models excel with integrated applicability reason-
ing CAR-Joint, and the proposed post-hoc review
CAR-Joint-Review outperforms CAR-Joint on all
models except Sonnet 4.6. Notably, the failure of
the route-then-answer baseline stems from the fre-
quent misclassification of inapplicable rules; the
superiority of CAR-Joint over CAR-Route further
demonstrates that applicability assessment achieves
higher precision when intrinsically coupled with
answer derivation rather than as an isolated preced-
ing step.
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A Prompt Templates for Main Methods

All experiments use the original Chinese prompts. For readability, this appendix gives faithful En-
glish translations of the templates for the four CAR methods; the verbatim Chinese templates are in-
cluded in the accompanying source code. The placeholders {rule}, {question}, {choices},
{internal-rule-trace}, and {first-pass—answer—-trace} denote the contextual rule,
exam question, answer choices, elicited internal-rule trace, and complete first-pass response, respec-
tively.

Shared Answer Constraint for Answer-Generating Calls ‘

The following constraint is appended to each answer-generating system prompt, but not to the routing or review prompts:
The final line must strictly follow this format: Answer: X, where X is the option letter.

Prompt for CAR-Joint (pimp)

System:

You are a professional in the Chinese financial domain. Answer financial exam questions. Process the given provision in two
steps.

First, Applicability judgment: inspect the applicability condition of each provision (applicable subject, business type, amount
range, or factual situation), and determine separately whether the facts of the question satisfy that condition. Only provisions
whose conditions are satisfied take effect for this question. A provision whose condition is not satisfied, even if it is relevant or
tempting, must not be used to change the answer.

Second, Answering: reason under the provisions that take effect. If an effective provision conflicts with your memory, follow
the provision and cite its parameter value. If none of the provisions’ conditions are satisfied, answer using your original
professional judgment. [Shared answer constraint]

User:

Provision: {rule}

Question: {question}

Choices: {choices}

CAR-Joint-Review. As specified in Algorithm 1, the first call uses the CAR-Joint prompt above. The
second call receives the full first-pass response and independently reviews rule applicability and rule use.

Prompt for CAR-Joint-Review: Review Call (prev)

System:

You are an independent answer-verification expert. Based on the given question and rule, review the LLM answer and output
the reviewed answer.

Focus on determining: (1) whether the given rule applies to the question; and (2) whether the LLM answer applies the rule
correctly.

User:

## Given Question

Question: {question}

Choices: {choices}

## Given Rule

{rule}

## LLM Answer
{first-pass-answer-trace}
## New Output

CAR-Route. CAR-Route first produces a Boolean applicability decision. An applicable rule is sent to
the external rule-world answer call; an inapplicable rule is excluded and the question is answered from
internal knowledge. If the routing output cannot be parsed as the required JSON object, the implementation
falls back to CAR-Joint.

Prompt for CAR-Route: Routing Call (proute)

System:
You are an external-rule applicability classifier. You will see: (1) an external provision; and (2) the original question.
Your task is not to answer the question, and you must not output a route. Only determine whether the external provision
applies to this question and could affect its answer. Output JSON only:
{"applicable": truelfalse,

"conflict_with_internal": truel|false,

"reason": "one-sentence explanation"}
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Prompt for CAR-Route: Routing Call (p;outc) (continued)

Decision criteria:

applicable=true: Atleast one rule in the external provision has an applicable subject, business type, amount range, time
condition, or factual situation that matches the question, and the provision supplies an effective rule capable of affecting the
answer. If that effective external rule conflicts with the internal rule, set conflict_with_internal=true.
applicable=false: The external provision is irrelevant or insufficient, or the applicability conditions of all relevant
external rules are not satisfied by the facts of the question. Even if an external provision differs from the internal rule in a
parameter, it must be labeled applicable=false when it does not apply to this question.

Do not label a provision applicable=true merely because it differs from the internal rule; first confirm that it applies to
the question.

User:

External provision: {rule}

Question: {question}

Choices: {choices}

Prompt for CAR-Route: External Answer Call (pext)

System:

You are a professional in the Chinese financial domain operating in rule-world mode. The provision below is the only valid
rule in this world. Any old rule in your memory that differs from it has ceased to be valid in this world and must not be used.
During reasoning, explicitly cite the key parameter value in the provision. [Shared answer constraint]

User:

Provision: {rule}

Question: {question}

Choices: {choices}

Prompt for CAR-Route: Internal Answer Call ‘

System:

You are a professional in the Chinese financial domain. Answer financial exam questions. [Shared answer constraint]
User:

Question: {question}

Choices: {choices}

CAR-Elicit-Route. As specified in Algorithm 2, CAR-Elicit-Route first elicits an internal rule and pre-
liminary answer without revealing the external rule. The elicited trace is then supplied to the applicability
router. An applicable route invokes the external answer call; an inapplicable route reuses the preliminary
answer. Invalid routing JSON falls back to CAR-Joint.

Prompt for CAR-Elicit-Route: Internal-Rule Elicitation Call

System:

You are a professional in the Chinese financial domain. First, without considering any external supplementary provision, use
only the question and your existing professional knowledge to write the internal rule needed for the question, its key
applicability conditions, and the preliminary answer derived from that internal rule. [Shared answer constraint]

User:

Question: {question}

Choices: {choices}

CAR-Elicit-Route Routing Prompt

System:

You are an external-rule applicability classifier. You will see: (1) the internal rule elicited by the model from the question; (2)
an external provision; and (3) the original question.

Your task is not to answer the question, and you must not output a route. Only determine whether the external provision
applies to this question and could affect its answer. Output JSON only:

{"applicable": truelfalse,
"conflict_with_internal": truel|false,
"reason": "one-sentence explanation"}

Decision criteria:

applicable=true: At least one rule in the external provision has an applicable subject, business type, amount range, time
condition, or factual situation that matches the question, and the provision supplies an effective rule capable of affecting the
answer. If that effective external rule conflicts with the internal rule, set conflict_with_internal=true.
applicable=false: The external provision is irrelevant or insufficient, or the applicability conditions of all relevant
external rules are not satisfied by the facts of the question. Even if an external provision differs from the internal rule in a
parameter, it must be labeled applicable=false when it does not apply to this question.
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CAR-Elicit-Route Routing Prompt (continued)

Do not label a provision applicable=t rue merely because it differs from the internal rule; first confirm that it applies to
the question.

User:

Internal Rule and Preliminary Answer

{internal-rule-trace}

External Provision
{rule}

Question: {question}
Choices: {choices}

Prompt for CAR-Elicit-Route: External Answer Call

System:

You are a professional in the Chinese financial domain operating in rule-world mode. The provision below is the only valid
rule in this world. Any old rule in your memory that differs from it has ceased to be valid in this world and must not be used.
During reasoning, explicitly cite the key parameter value in the provision. [Shared answer constraint]

User:

Provision: {rule}

Question: {question}

Choices: {choices}
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B Detailed Results by Model

Method Clean Noisy Multi-Hop Mean
OR/RR/FR OR OR/RR/FR OR/RR/FR

Oracle | 0.968/0.968/0.968 0.968 0.945/0.925/0.935 | 0.961/0.947/0.954
CAR-Joint 0.913/0.958/0.935 0.907 0.861/0.925/0.892 | 0.894/0.942/0.917
CAR-Joint-Review | 0.966/0.944/0.955 0.942 0.905/0.910/0.908 | 0.938 /0.927 / 0.933
CAR-Route 0.947/0.884/0.914 0.929 0.896/0.801/0.846 | 0.924 /0.842/0.881
CAR-Elicit-Route | 0.937/0.854/0.894 0.952 0.915/0.841/0.875 | 0.935/0.848 /0.889
Direct-CoT 0.923/0.892/0.907 0.907 0.816/0.866/0.840 | 0.882/0.879/0.880
Direct 0.902/0.892/0.897 0.857 0.796/0.866/0.829 | 0.852/0.879/0.865

Table 7: Performance of DeepSeek-V4-Flash across various methods and experimental settings. Model calls use
temperature 0 and a maximum generation length of 8,000 tokens. Noisy reports OR only. Overall OR uses all three
settings, overall RR uses Clean and Multi-Hop, and overall FR is their harmonic mean. Bold denotes the best value

and underline denotes the second-best value among non-Oracle methods.

Method Clean Noisy Multi-Hop Mean
OR/RR/FR OR OR/RR/FR OR/RR/FR

Oracle | 0.979/0.937/0.957 0.974 0.891/0.920/0.905 | 0.948/0.928 /0.938
CAR-Joint 0.963/0.939/0.951 0.960 0.871/0.925/0.897 | 0.931/0.932/0.932
CAR-Joint-Review | 0.857/0.950/0.901 0.910 0.781/0.940/0.853 | 0.849/0.945/0.895
CAR-Route 0.939/0.897/0.917 0.960 0.846/0.900/0.872 | 0.915/0.899/0.907
CAR-Elicit-Route | 0.921/0.876/0.898 0.979 0.866/0.905/0.885 | 0.922/0.891/0.906
Direct-CoT 0.947/0.884 /0914 0.923 0.816/0.846/0.831 | 0.895/0.865/0.880
Direct 0.942/0.899/0.920 0.937 0.816/0.861/0.838 | 0.898 /0.880/0.889

Table 8: Performance of Claude-Sonnet 4.6 across various methods and experimental settings. Model calls use
temperature 0 and a maximum generation length of 8,000 tokens. Noisy reports OR only. Overall OR uses all three
settings, overall RR uses Clean and Multi-Hop, and overall FR is their harmonic mean. Bold denotes the best value

and underline denotes the second-best value among non-Oracle methods.

Method Clean Noisy Multi-Hop Mean
OR/RR/FR OR OR/RR/FR OR/RR/FR

Oracle | 0.944/0.743/0.832 0.910 0.905/0.687/0.781 | 0.920/0.715/0.805
CAR-Joint 0.94470.746/0.833 0.926 0.881/0.667/0.759 | 0.917/0.706 / 0.798
CAR-Joint-Review | 0.889/0.754/0.816 0.892 0.881/0.721/0.793 | 0.887/0.738 / 0.805
CAR-Route 0.944/0.608 /0.740 0.921 0.915/0.642/0.754 | 0.927/0.625/0.747
CAR-Elicit-Route | 0.934/0.608 /0.736  0.907 0.900/0.637/0.745 | 0.914/0.623 /0.741
Direct-CoT 0.942/0.651/0.770 0.915 0.935/0.706/0.804 | 0.931/0.679/0.785
Direct 0.884/0.579/0.700 0.807 0.836/0.677/0.748 | 0.842/0.628 /0.719

Table 9: Performance of Qwen3-14B across various methods and experimental settings. Model calls disable thinking
and use temperature 0.7, top-p 0.8, top-k 20, min-p 0, and a maximum generation length of 8,000 tokens. Noisy
reports OR only. Overall OR uses all three settings, overall RR uses Clean and Multi-Hop, and overall FR is
their harmonic mean. Bold denotes the best value and underline denotes the second-best value among non-Oracle
methods.
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Method Clean Noisy Multi-Hop Mean
OR/RR/FR OR OR/RR/FR OR/RR/FR

Oracle | 0.947/0.841/0.891 0.905 0.900/0.692/0.782 | 0.917/0.766 / 0.835
CAR-Joint 0.915/0.696/0.790 0.907 0.846/0.662/0.741 | 0.890/0.679 /0.770
CAR-Joint-Review | 0.907/0.728 /0.807 0.910 0.881/0.706/0.783 | 0.899/0.717/ 0.798
CAR-Route 0.934/0.643/0.761 0.937 0.886/0.667/0.761 | 0.919/0.655/0.765
CAR-Elicit-Route | 0.934/0.598/0.729 0.931 0.905/0.697/0.787 | 0.924/0.647 /0.761
Direct-CoT 0.902/0.661/0.763 0.905 0.861/0.652/0.742 | 0.889/0.657 /0.755
Direct 0.905/0.656/0.761 0.889 0.871/0.662/0.751 | 0.888/0.659/0.757

Table 10: Performance of Qwen3-8B across various methods and experimental settings. Model calls disable thinking
and use temperature 0.7, top-p 0.8, top-k 20, min-p 0, and a maximum generation length of 8,000 tokens. Noisy
reports OR only. Overall OR uses all three settings, overall RR uses Clean and Multi-Hop, and overall FR is
their harmonic mean. Bold denotes the best value and underline denotes the second-best value among non-Oracle

methods.

Method Clean Noisy Multi-Hop Mean
OR/RR/FR OR OR/RR/FR OR/RR/FR

Oracle | 0.881/0.847/0.863 0.815 0.826/0.741/0.781 | 0.841/0.794/0.817
CAR-Joint 0.876/0.571/0.692 0.802 0.831/0.572/0.678 | 0.836/0.572/0.679
CAR-Joint-Review | 0.849/0.611/0.711 0.770 0.856/0.597/0.702 | 0.825/0.604 / 0.697
CAR-Route 0.812/0.720/0.763 0.770 0.726/0.637/0.678 | 0.769/0.678 / 0.721
CAR-Elicit-Route | 0.765/0.659/0.708 0.722 0.706/0.632/0.667 | 0.731/0.645/0.686
Direct-CoT 0.841/0.571/0.680 0.794 0.741/0.627/0.679 | 0.792/0.599 / 0.682
Direct 0.804/0.630/0.706 0.688 0.731/0.697/0.713 | 0.741/0.663 / 0.700

Table 11: Performance of Qwen2.5-7B across various methods and experimental settings. Model calls use
temperature 0 and a maximum generation length of 8,000 tokens. Noisy reports OR only. Overall OR uses all three
settings, overall RR uses Clean and Multi-Hop, and overall FR is their harmonic mean. Bold denotes the best value
and underline denotes the second-best value among non-Oracle methods.
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C Synthetic Benchmark Examples

This appendix presents one actual benchmark
record from each regime. Chinese text is retained
as evaluated. The rules below are synthetic fic-
tional revisions, not legal advice or statements of
current law. Each record contains a conflict rule
that must change the answer and a supplement rule
that must leave it unchanged. For supplement pas-
sages, inapplicability is assigned to the target ID
clause; other background clauses may restate an
applicable rule but cannot introduce an applicable
answer-changing update.

C.1 Clean
Record.

Original item (Chinese).

cflue_0563; strategy CR; one hop.

IR EIA 55 ET
( o

L ER LT AT BRI . TEHA T (%
fy, S S BT N IE S L 2 R A
T B SR R -

I B RATF BT REI AN b Hif, 5
HE S (1T 0 T % 1724 4R AR ] T
NGB,

I BN _E 1A 7 % 70 T 7
1, RSSO IS LN R A
I E 52 S 2 4

IV, 55 SR, VE R SR T
€, (R HLHIR S Ak e

A: I- I~ IV B: I-II- III- IV C:
I-.1II- 10 D:1I-1I~1V

The original answer is B.

FOL backbone (abridged). The four facts are
the durations claimed in statements I-III (1, 3, and
2 years) and whether unfinished work continues
(true). The corresponding parameters are pmain =
1, pcEM-IPO = 3, PGEM-issue = 2, and Peontinue =
true. Each statement is checked by equality with
its parameter; choice B is true exactly when all four
statements are true.

Synthetic conflict rule.

CUE 73 % A7 b 1 6R  l 55 8 3 0 3K
(20264 E1T) B+ /\5

— - HRATFRATREIFEER LR,
FREE S I 25 E T SRR A A
JE2 N SERE ST o

= ERATERATIEFAEANIAR T,
FREUE S IR 9 UE 25 BT 2 SR SRR R
JE2 R R L -

= BEESHERE, WF RS KIRE
TAE, CRAFHLAG R M RERSERL -

The intervention sets pgem.ipo : 3 — 2. State-
ment II becomes false while I, III, and IV remain
true, so the solver recomputes the answer as A.

Synthetic supplement rule.

QUE 2% & 17 b i R 7% e 55 % 3 I )
(20265FMET]) T

—~ OER ETA R ZATH - AR R A E]
ik, FrEBSHRNIES LT Y FER# 5
Bf ) By 2 N 2 BT EEE o [raw )

=« kAR BT AR R AT R I E KB
HAER, FEEBSHIERNIES Y ER &
i) R B G341 28T E - [Inapplicable
Distractor]

Clause 1 is an answer-preserving background
clause that restates Statement III. Clause 2 is the tar-
get ID intervention: its major-restructuring condi-
tion is not satisfied by the question facts. The target
intervention is therefore inapplicable, and the pas-
sage contains no applicable answer-changing up-
date. The supplement does not change the original
derivation, so the answer remains B. Closed-book
pass, FOL round trip, blind conflict verification,
and supplement verification all pass.

C.2 Noisy: Bury the Rule in an extend
Document

Controlled pairing. This is the noisy version of
the same cflue_0563 item. The question, FOL
backbone, CR intervention, supplement, and an-
swers (B—A for conflict; B—B for supplement)
are unchanged. Only the presentation of the con-
flict rule changes. The operative clause is bolded
below for exposition; models receive the document
without highlighting.

Synthetic conflict rule (noisy excerpt).

QUE 25 & 17 b 77 R 77 b 55 % 3 03K )
(20265E1]) ik HNE HFEES
BT RHE RENN Y B BERETE
RN EREERIHI R, AR TR, e
PRI SSHERIE, BATERIZR S -

NS RNV R ERERENBITR
AT, B MESFEE . fTEOEIR R ENE
WIS AR HE -

BT HIRAF AT REHFERGIHR L
WY, FREVE SR IR b 2 R
8] R H 53 SRR .
F_TIN\E — - HIRAFETREFAEFER
TR, B SR IR LT R 4
Bf e S HE2 S EE . . HIRA
FEATREHEONR LR, S
B8] S iE 25 b T 2 R 4 A R H 2 SR
SITEE . = FEBESHER, WEME
SELERORTEE LAE, PRENLMIR M JREETE R -
FEoTNE EWARETHR - AEREAF
iR, FREB SHARIES b Y E R R
1A e B I 2 ST EE

D5k B SN, RENM N S BS
BT AHTEEIE, BITEEHEENS, &
ANTIEHLER -

B REVMNYELITABEEE
WEZ HEKTDNTIERN, mIEEMAR
ERFEE SIRERE -

FET & AT AHMEAXEET . HA
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BT HEE F BB AR R, R
FEH R ST R IR B H R -

The solver target is still A, but the model must
first locate Article 28 among unrelated governance,
reporting, and inspection clauses. All four con-
struction checks pass.

C.3 Multi-Hop: Numeric Propagation
Record. cflue_0243; strategy CR; three
hops.

Original item (Chinese).

FEAWE T ERMA THEN16007T, ZHitt
S T ¥R30007T - NIZER T4 B B 84040
HIEARFFEMRETE () .

A:330 B:240 C:120 D: 144

The original answer is D.

FOL backbone (abridged). Let salary s =
1600, local average m = 3000, lower-limit ratio
£ = 0.6, and personal contribution ratio r = 0.08.
The executable derivation is

bmin = m&
bactual = maX(S, bmin)a
¢ = bactual”

Originally, by, = 1800, b,etual = 1800, and ¢ =
144, yielding D.
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Synthetic conflict rule.

(o NRIEANE 2 RES L)
i) #tH5%

(—) FHN BT IS 24 42 8 5 ) A B AT
HA T T3 SR L 1 BN B A7 E (RS T -
(Z) BRI NBENEEATEZ ORIG 2] 1 L1
NARZ LR AANAFHLTRIRT S
PTAFITHREDZ AT, HAMAT
HFE THRATE 2 Z DT ER e AL
(=) TRIBNEIES - 2 H S ML
N B LUK Hop R E il A BT, R 2 3 R 5K
ME MM EATTEREG TR -

(202651

The intervention sets (¢,r) (0.6,0.08)
(0.5,0.075). The solver propagates the edit through
three hops: bpin = 1500, bactuar = 1600, and
¢ = 120, so the conflict answer is C.

Synthetic supplement rule.

(R 4E A RAE R 2 (RIS
Bt S ‘ ‘
(—) BTETHEET ML & FHTH
. L2 2P T B B R O
PAFRERGLT .

(=) 45 BRI A HLHI R 24 MR AN
EZ NG T

(2026414

The condition “salary above the local average” is
false (1600 < 3000), so the supplement is inappli-
cable and the original answer remains D. Closed-
book pass, FOL round trip, blind conflict verifica-
tion, and supplement verification all pass.



