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SUMMARY:: High-risk Stock trading needs to meet the above criteria for strict compliance
and stable long-term returns. However, the existing methods generally combine market
information and compliance rules in a single probabilistic retrieval-and-generation process,
thereby weakening the constraint effect of compliance during long-chain reasoning and
causing cascading error amplification. FinGuard is a multi-agent system that can reduce the
number of high-risk stocks through the use of knowledge stratification. First, the continuously
learning discriminator dynamically identifies and directs knowledge of different natures.
Constraint-as-Code transforms rigid rules into executable logic, and can thus perform more
explicit and consistent rule evaluation in the current system. A sliding safety audit mechanism
continuously observes intermediate states in long-chain reasoning to reduce error
accumulation and error propagation. In a controlled stock-trading evaluation over 1,764
trading days, FinGuard has shown stable results at the levels of day, week and month.
FinGuard is better than the ReAct baseline and has increased compliance by 16.7% and
adjusted returns by 14.7%. Stress tests show that both the drop and fluctuation are
significantly smaller; therefore, FinGuard will meet the conditions for strict compliance and
stable finances.

KEYWORDS: high-risk stock trading; Agentic RAG; multi-agent systems; compliance
constraints; adaptive knowledge stratification; risk-adjusted return

1 Introduction

As artificial intelligence has been applied to finance and other areas in recent years, so too has
the problem of making high-risk decisions under uncertainty[1-3]. Financial decision-making
needs to achieve both stable long-term returns and full compliance with regulatory
requirements at the same time; otherwise, it would be classified as a general knowledge-based
task [4]. Such tasks need to handle changes in market conditions, updates to information at
various times, and decision-making under the risk of significant losses from a single error [5].
Therefore, this setting places higher demands on the continuous reasoning and risk-control
capabilities of a model. Unlike general knowledge-based question answering [6], stock trading
frequently needs to obtain new information, adjust one's assessment accordingly, and take
corresponding actions through multiple rounds of communication and repeatedly performing
these actions [7]. Even a small error in the initial reason will gradually accumulate in all the
following steps, thus affecting both the return rate and the compliance risk [[8]. The objectives
of the compliance rules for return optimisation are not flexible; they must be realised
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consistently across the board.

Agentic RAG [9] is a typical decision-making framework for large language models that
combines retrieval augmentation and multi-step planning to provide a new path for automating
stock trading [10]. By integrating external knowledge in the generation stage [11], the above
methods can utilise market news, stock prices and other data for advanced reasoning and
expand the scope of decision-making. The main problem is that most of the existing systems
still process dynamic market signals and static compliance rules in the same retrieval-
generation loop [12], implicitly assuming that both can be retrieved, interpreted, and applied in
the same way. In a high-risk financial situation, this will reduce the importance of rule-based
constraints and lead to a dilution of compliance information amidst market noise in long chains
of reasoning [13]. Therefore, the system cannot ensure that the decisions are uniform and
provide proof of compliance for all output steps.

The three main directions of the existing research on this issue have developed along the
following paths. The first type of method enhances retrieval consistency by using knowledge
graphs or other structured representations, thus reducing factual bias in the application of
external knowledge; the second group is based on self-correction [14], multi-agent
collaboration [15-17], and cross-validation to fix local errors during generation; the third type
attempts to turn some inference steps into program execution to improve the controllability of
single-step decision-making [18-21]. Although these efforts have improved retrieval quality,
generation robustness and local verifiability individually, most of them have focused on
optimising a single aspect [22, 23] and have yet to address the two more serious problems
simultaneously: how dynamic information and rigid compliance rules should be handled
differently at the system level, and how early biases in long-chain decision-making should be
continuously mitigated [24-27]. Therefore, the current methods have not been able to balance
the requirements for long-term performance and strict compliance in high-risk financial
scenarios effectively.

Based on the problems and observations mentioned above, this paper proposes FinGuard,
an adaptive knowledge-stratified Agentic RAG framework for high-risk stock trading. The
first concept of its design does not combine market information and regulatory requirements
in a single generation process; rather, it is divided into soft knowledge and hard knowledge
(3.2) at the system level and has different processing paths for each. Continuously Learning
Discrimination is responsible for semantic decomposition and knowledge streaming of the
input; Constraint-as-Code compiles executable compliance rules into deterministic constraint
logic; and Sliding Safety Audit continuously reviews intermediate states and candidate
actions during long-chain reasoning. The above design reduces the conflict between the
flexibility of information and the certainty of rules; thus, a more stable foundation for
long-term, reliable decisions has been established.

A total of 1,764 trading days of a controlled stock trading evaluation were analysed for the
performance of the framework at three levels of granularity: daily, weekly and monthly.
Based on the experimental results, FinGuard has shown better performance than the above
baseline models ReAct, CoT, and Self-Refine in terms of compliance rates and adjusted
returns in our environment; furthermore, after the addition of non-compliance penalties, it has
demonstrated a more stable cumulative return path. Further temporal stress tests and ablation
experiments have shown that the above advantages do not result from more aggressive,
high-risk decisions but rather from the combined effects of knowledge routing, constraint
adjudication, and process auditing. The main goal of this paper is to enhance the prediction
performance of a single point in time for returns and, simultaneously, to present a feasible
implementation solution for Agentic RAG systems in high-risk financial environments that
meets the demands for long-term stability and stringent compliance. The first and other are
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listed below.

1. FinGuard: An Agentic RAG Framework for Adaptive Knowledge Stratification in
High-Risk Stock Trading. FinGuard systematically differentiates and cooperatively processes
knowledge of different natures, routes soft and hard knowledge through separate reasoning
and execution paths, and enhances the priority of compliance constraints.

2. We have developed an adaptive knowledge-stratified agentic reasoning model to
distinguish between soft and hard knowledge and set up two independent decision-making
paths to ensure stable enforcement of compliance and adaptability to fluctuating information.

3. We design Constraint-as-Code and Sliding Safety Audit to convert compliance rules
into executable constraint logic and continuously inspect intermediate states during
long-horizon reasoning to effectively suppress error accumulation in multi-round reasoning
and multi-agent collaboration.

4. Many experiments show that FinGuard significantly reduces the number and size of
violations while keeping risk-adjusted returns at a high level. The reason is that CLD, CaC
and SSA are not considered high-risk or non-compliant, so they can be combined.

2 Related Work on Financial Agent Systems

2.1 RAG and Structured Retrieval for Stock Trading

Large Language Models and retrieval-enhanced methods for financial applications provide
support to assist in decision-making. Recent finance-oriented studies on LLMs and agents have
improved the model for specialised terminology, contextual semantics and deployment
constraints through adaptation to financial corpora and financial task settings [28, 29]. RAG
expands the limited parameter memory by including external documents. At the same time,
some research has begun to introduce knowledge graphs and other structured representations in
the retrieval process to enhance the factual accuracy and interpretability of retrieval results via
entity relationships. Although this approach enhances the accuracy of external knowledge
integration, it mainly aims to improve information retrieval and the quality of evidence; it has
not been divided according to different functions in the decision-making process [30]. In
high-risk financial environments, the above methods generally process dynamic market signals
and rigid compliance regulations in a single retrieval-inference loop, and thus cannot ensure the
top priority of hard constraints at the system level. At the same time, this paper distinguishes
between market information and regulatory constraints and assigns different processing paths
to each in its dynamic knowledge hierarchy.

2.2 Code-enhanced reasoning and rule execution.

Another type of related work aims to improve the reliability of the reasoning process by code
augmentation or rule enforcement. CoT and its variations aim to enhance the step-by-step
reasoning capability of large language models for complex tasks by adding intermediate steps;
other methods include PoT and PAL, which externalise parts of the reasoning process as
executable programs and have achieved good results in numerical computation and logical
reasoning. A general feature of the above ways is that they break down generation and
execution into several steps to enhance the determinism of individual steps. However, these
methods mainly focus on computational correctness, program-assisted solving or single-step
verifiability, and generally assume that the task objectives can be expressed as well-defined
computational or program-execution problems. The first problem with the subjects of stock
trading regulation is that the rules are in natural language and cannot be easily converted into
machine-readable constraints for the whole decision-making process. This paper builds
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executable rules into a structured constraint logic and has enabled these rules to be used more
openly in the assessment of candidate behaviour.

2.3  Self-Correction in Multi-Agent Systems

Another direction of research for long-chain reasoning in complex tasks is multi-agent and
self-correction methods. ReAct and AutoGPT extend the flexibility of the system for multi-step
tasks by alternating between reasoning and execution; at the same time, Self-Refine and
Reflexion enhance the reliability of results through iterative feedback, self-correction or
multiple rounds of reflection. The above ways are to promote learning and adjustment by
providing feedback at different stages. For high-risk stock trading, even self-reflection,
negotiation or self-correction is insufficient to avoid building up early biases over a long period
of decision-making; stable guarantees under strict compliance constraints are thus particularly
difficult to achieve. Based on the idea of multiple steps in decision-making and process control,
three audit mechanisms have been proposed at the three stages of knowledge filtering,
constraint enforcement and final decision-making in this paper. Thus, the errors will not occur,
and the system will maintain an abnormal state.
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Figure 1: FinGuard Architecture. CLD semantically decomposes the input query, and CaC
turns the compliance knowledge into executable constraints. The above constraints direct the
generation process, and SSA will perform repeated adversarial checks and consistency
examinations on the resulting decision.

3 FinGuard for Compliant Stock Trading

3.1 Introduction

Input queries in high-risk stock trading typically include market conditions, trading objectives,
and rule constraints; therefore, the system not only needs to comprehend dynamic information
but also generate compliant actions that can be executed in practice. Given a user query Q, a
market-related document repository D,,., and a compliance knowledge graph Ggg, the
objective is to generate a candidate decision Y that leverages dynamic market information
while consistently satisfying rigid compliance constraints.
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The three modules of FinGuard are continuous learning discrimination (CLD),
constraint-as-code (CaC), and sliding safety audit (SSA) (as shown in Figure 1). CLD first
semantically decomposes the initial query and then routes different sub-intentions to the two
channels: soft knowledge and hard knowledge. The former presents the market environment
and raises problems; the latter derives executable rule constraints. CaC then compiles the rule
subgraphs from the hard knowledge channel into executable assertion logic and performs
deterministic verification of the candidate decisions. Finally, SSA will conduct a sliding audit
of the three core links in the knowledge-routing-constraint-execution-final-decision pathway
to avoid the accumulation of initial errors in a long chain of reasoning. Only when the
candidate action meets all hard constraints and passes the stage-wise audits will the system
output the final decision.

3.2 Soft and Hard Knowledge

Soft knowledge is time-varying market information that is probabilistic and
context-dependent, such as price trends, news events, analytical opinions, trading emotions,
etc. This kind of knowledge helps the model understand the current market environment and
determine opportunities and risks; therefore, similarity-based retrieval of a vectorised
document repository is more suitable. Hard knowledge, on the other hand, refers to
information with standardised semantics that is non-negotiable and directly defines the space
of possible actions, such as regulatory provisions, risk control thresholds, position limits and
trading behaviour constraints. This type of knowledge sets the permissible range for
decision-making and thus needs to be included in the reasoning as structured graphs and
executable logic.

Based on this framework, FinGuard uses a vector databaseD,,. to represent soft
knowledge and a compliance knowledge graph Ggto represent hard knowledge. The former
supports context awareness and strategy generation, while the latter supports constraint
resolution and compliance verification.

3.3 Continuous Learning and Discrimination

Financial queries generally combine transaction intentions, market signals and regulatory
requirements, and the same expression may have different semantic roles in different contexts.
For instance, some text can be required by the regulation in one case but is only a risk
warning in another. If the query classification is only based on static templates or manual
rules, it will be difficult to distinguish between dynamic information and fixed constraints in a
complex task reliably. Therefore, CLD is proposed in this paper for adaptive query
decomposition and knowledge routing at runtime.

Given an initial query Q, CLD first employs the rewrite network M, to perform semantic
decomposition on it, generating a set of sub-fragments:

S:M¢(Q):{S1 WS2,. .,Sn}

Each sub-fragment is a relatively complete decision intention that has a more singular
semantic focus. On the one hand, it reduces the ambiguity of long sentences and complex
commands and implicit financial terms; at the same time, it establishes clear semantic
boundaries for the processing of heterogeneous knowledge later.

After obtaining the set of sub-fragments, CLD learns a binary routing function
g(s;)€{0,1} for each fragment. Wheng(s;)=0, the fragment is classified as a soft knowledge

query and sent to the vector store for Top-k retrieval, When g(s;)=1, the fragment is
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classified as a hard knowledge query and mapped to the knowledge graph via entity links to
extract relevant subgraphs.

K= Top-k(s:Dvee) U |  Subgraph (s,Gyo)
5i:8(s7)=0 s;:g(s;)=1

Kcontains both market reference information and rule constraint information; however,
these two components have been separated within the system and are no longer combined
during the retrieval phase.

As the results of CLD directly affect the subsequent constraint compilation and security
auditing, it will be considered a continuous learning process in this paper. The compilation
successful flag from CaC and the audit pass signal from SSA are used as downstream
feedback to define the objective function:

J(0)=ET”7tg[a 'Icompile(r)-i_ﬂ' O-audit(r)]

Here,my denotes the CLD’s routing policy,Z ,mpi(7) indicates whether the current

routing outcome supports subsequent rule compilation, and e,,4(7) indicates the degree to
which the corresponding inference chain passes the audit phase. Routing strategies that
consistently produce compilable and auditable decision chains are reinforced, while those that
frequently cause compilation failures or audit rejections are suppressed. CLD continuously
adjusts the soft/hard decision boundary through task feedback, thereby better adapting to the
complex and dynamic semantic structures found in high-risk financial scenarios.

3.4 Constraint-as-Code

If the compliance rules are only expressed in prompts, then the constraints cannot be enforced
consistently at all times during decision-making. Weak long-range reasoning may be the
cause, or the constraints in a particular context have been ignored despite the reasons being
locally reasonable. To the extent that the above statement is correct, CaC is proposed here; it
converts executable compliance rules from text into deterministic logic and allows them to
participate in decision-making as an independent adjudicative mechanism.

Based on the hard knowledge subgraphs provided by CLD, this paper builds rule
subgraphs:

Gop={(h,rt) | ht€E, rER}

This paper introduces a dedicated Coder Agent for compiling it into the Python logic
space:

Fcompile : Gsub_>C

Here, Cdenotes a set of executable constraint functions. The compilation process follows
three basic mappings: entity mapping converts entity nodes in the graph into constraint
objects or variables; attribute mapping converts attributes such as numerical thresholds and
discrete states into comparable parameters; and constraint mapping converts normative
relationships into Boolean assertions. Through this process, rules originally expressed in
natural language and graph structures are transcribed into executable assertion logic. For any
candidate decision ¥, CaC defines a unified constraint operator:
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D(Y)= /\ | I(Eval(c;, Y)=Truc)

€ Cerived

A candidate action will only be deemed executable if all derived constraints return True;
otherwise, it will be rejected and returned to the upstream process for regeneration. To
guarantee the determinism of execution, all compiled logic code operates in a closed sandbox
and is thus decoupled from natural language generation.

CaC converts rules into logic that needs to be executed. Therefore, compliance
assessments will no longer be based on an ad hoc application of the model in various
situations but will be objective and reliable. Not all the norms and standards are translated
into logical code. If the rules are too general or have no clear operating definitions, or if there
Is a contradiction among them, they will be stored in the soft knowledge channel for reference.
Therefore, no new rule bias will be introduced by the incorrect compilation, and CaC will still
work normally in the actual rule environment with determinism.

3.5 Sliding Safety Audit

Errors in high-risk stock trading do not always occur at the final output stage. Biases can
occur at any time in the knowledge routing, rule compilation or intermediate inference nodes,
and gradually spread along the decision path. To solve this problem, this paper proposes SSA;
it uses sliding audit windows at various points in the inference chain to conduct segmented
inspections of intermediate states and initiates retries or rollbacks upon the occurrence of a
local failure.

The three stages of the sequential advance of the SSA audit window are CLD routing
stability audit, CaC constraint boundary audit, and final decision consistency audit. The
window will only move to the next stage after successfully completing the current stage, and
if there is an inconsistency, it will return to the corresponding module for local correction. As
a result, SSA serves as a control mechanism for processes that can enhance the stability of
long-chain reasoning proactively.

3.5.1 CLD Routing Stability Audit

To verify whether the CLD’s routing results remain stable under semantic disruptions, SSA
first generates adversarial disruption samples s;'=s;®d for each sub-sequence s;, and
compares the differences in routing distributions between the original input and the disrupted
input:

Tretry($)=IDx.(p(z | $) 1Pz | $))>Tstanie)

If the above conditions are met, it means that the semantic boundaries of the current
sub-fragment are unstable, and thus the system will return it to the CLD for re-decomposition
and re-routing. Help avoid misrouting of ambiguous expressions to the soft or hard channels,
thus reducing the risk of subsequent rule compilation failures or decision bias.

3.5.2 CaC Constraint Boundary Audit

Many rule violations occur in the high-risk area close to the compliance limit. SSA generates
a set of boundary test cases close to each constraint for the constraint code generated by CaC.

Yedge: {y ‘ 3 ¢ € Cueriveas v, renaig(c) I R "2<€}
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The current code module is considered to have passed the audit only if the constraint
solver @ agrees with the logical evaluation results for all boundary samples; otherwise, the
system will trigger a constraint recompilation or discard the current compilation result.

3.5.3 Decision Consistency Audit

During the final decision-making stage, SSA uses the counterfactual hypothesis generator G,
to construct a set of what-if scenariosH that are adjacent to the current situation but more
challenging, and requires the candidate strategies to still satisfy the hard constraints under all
these scenarios:

VhEH, ®(my..(Q ®h))=True

If a candidate action is compliant only in the current context but violates key constraints
under reasonable perturbation, then the system rejects the action and triggers regeneration.

Algorithm 1 is used to show how CLD, CaC and SSA work together in the inference
process for FinGuard.

Algorithm 1 FinGuard Inference with CLD, CaC, and SSA

Require: User query Q, vector store Dy, compliance knowledge graph Ggg
Ensure: Final compliant decision Y*
Ksott ¢~ D, Geup <~ @
. forall s; € S do
repeat
z; < §(si)
a; < ROUTINGAUDIT(s;, z;)
if a; = fail then
s; < REFINE(s;)
end if
until a; = pass
if z; = 0 then
Ksott ¢ Ksoft U Top-k(s;, Dyec)
else
Gsub < Gsub U Subgraph(si, GKG)
end if
: end for
repeat
C< fcompile(csub)
b < BOUNDARYAUDIT(C)
if b = fail then
Geub ¢ REPAIRSUBGRAPH(Ggyp)
end if
: until b = pass
: repeat
Y ndec(Ql Ksofts C)
u < e(Y)
v < DECISIONAUDIT(Y,C)
if u # True or v = fail then
Y < REGENERATE(Q, Kyoft, C)
end if
: until ¥ = True and v = pass
s return Y* < Y

fuy
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4 Experimental Evaluation

We will conduct some controlled experiments to evaluate FinGuard's compliance and
long-term stability in a high-risk stock trading environment in this section. Evaluation of
Reliability Issues Caused by Long-Chain Reasoning and Rule-Dense Constraints. We aim to
answer the following three questions: RQ1, can FinGuard maintain stable decision
performance under compliance constraints at all levels of transaction time granularity; RQ2,
can it prevent the accumulation of errors and hidden violations in dynamic long-chain
decision-making processes; and RQ3, what roles do the core modules of FinGuard play in
alleviating the problems mentioned above?

4.1 Experimental Arrangement

Datasets and Implementation. To evaluate FinGuard's performance in rule intensivestock
trading with high error costs, we constructed a controlled stock trading dataset. We
constructed the dataset using stocks from seven technology companies—the Magnificent
Seven (e.g., AAPL and NVDA)—collected from Investing.com from 2022 to 2024, yielding
1,764 trading days (252 x7). This setup provides strong experimental control while
facilitating analysis of stability differences among methods under long-term operation and
compliance constraints.

At the same time, we have designed 100 investment queries and incorporated 60 core
financial hard rules to build decision-making tasks for position, risk exposure and trading
behaviour. The model needs to generate a trading decision that adheres to all the hard rules,
and finally, the return is used to judge how good this decision is in a compliant way across
different methods. All the evaluation used GPT-40 as the base model for fairness. A uniform
generation temperature was used, and all methods ran under the same budget constraints to
reduce the effect of randomness. To study the behavioural differences at various times of the
decision-making process further, three levels of aggregation were set up: daily (T=1), weekly
(T=7), and monthly (T=28). T is the time interval from decision generation to performance
evaluation here. A model makes decisions every T trading days, and then the returns are
determined by the market performance in that cycle to compare the results of decision-making
at different time scales.

Baselines. FinGuard is compared with the six typical baseline methods in the paradigm of
RAG, stepwise reasoning and agent decision-making for current large language models: (1)
ReAct is a representative agentic RAG framework that conducts multi-step planning and tool
invocation by alternating between reasoning and action; (2) CoT enhances the quality of
intermediate reasoning in complex scenarios by adding chain-of-thought prompts to RAG; (3)
Standard RAG uses Top-k retrieval combined with generative models for decision-making; (4)
Self-Refine improves model output through an iterative self-feedback mechanism; (5) PoT
offloads partial reasoning to an external Python interpreter and shows stability in numerical
computation and logical deduction tasks; (6) Zero-shot is a pure model benchmark that does
not use external knowledge.

Although the above baselines have certain strengths in reasoning ability or generation
consistency, their adherence to constraints relies solely on prompt design or the model's
inherent knowledge; there is no systematic deterministic execution mechanism. The above
two are not the same, nor do they follow the same path.

Metrics. The three indicators used to measure the behaviour of models that carry a high
risk of stock trading are accuracy, compliance and return. Accuracy is the agreement between
the oracle trading actions under full-rule compliance and the realised market results;
Compliance refers to the proportion of decisions generated by the model that meet the hard
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constraints, thereby assessing how closely it adheres to the non-negotiable rules; Raw Return
is the accumulated return before applying risk penalties, indicating the model's profit potential
under ideal circumstances.

Given that the violations in real life often have hidden risks and latent costs, we will
introduce a penalty mechanism based on the frequency of the violations. Adjusted Return is
used to account for compliance and returned values. The discount factor of the return is as
follows:

d=max ﬁlmin , l-vﬁj

where drepresents the discount factor for returns,v denotes the number of violations, and J is
the discount rate per violation. When a trade generates positive returns, the discount
mechanism reduces the returns proportionally to the number of violations. When a trade
incurs losses, this discount effectively magnifies the losses, thereby intensifying penalties for
high-risk behavior. Simultaneously, a lower bound dmin is set to cap the severity of penalties
(maximum penalty of 50%) to prevent assessment instability.

Table 1: Compare the performance of FinGuard with multiple baseline methods at different
time granularities and use zero-shot serving as the unified reference. Red annotations show
the largest improvement over Zero-shot, and subscripts are used to indicate the exact gain

value.
Time Model Accuracy Raw Return Adj Return Compliance
ReAct Agent | 37%+10% | +0.46%+0.07% | +0.44%+0.07% 91%-+8%
CoT-RAG 36%-+9% | +0.44%+0.05% | +0.42%+0.05% 88%-+5%
Standard RAG | 33%u+6% | +0.42%+0.03% | +0.40%+0.03% 90%-+79%
Daily Self-Refine 34%.79% | +0.45%+0.06% | +0.44%-+0.07% 92%:+9%
PoT 35%¢+s% | +0.44%+0.05% | +0.44%+0.07% 90%-+7%
Zero-shot 27% +0.39% +0.37% 83%
FinGuard 39%+129% | +0.48%+0.09% | +0.49%+0.12% | 97%+14%
ReAct Agent | 36%+11% | +0.45%+0.09% | +0.43%-+0.08% 89%:+9%
CoT-RAG 34%:+9% | +0.44%+0.08% | +0.43%+0.08% 88%-+8%
Standard RAG | 32%.7% | +0.41%+0.05% | +0.41%-+0.06% 89%-+9%
Weekly Self-Refine 34%:+99% | +0.44%+0.08% | +0.42%+0.07% 86%-+6%
PoT 33%-+8% | +0.42%+0.06% | +0.40%+0.05% 88%-+8%
Zero-shot 25% +0.36% +0.35% 80%
FinGuard 38%+13% | +0.47%+0.11% | +0.47%+0.12% | 97%+17%
ReAct Agent | 36%+16% | +0.50%+0.16% | +0.47%+0.17% | 87%+11%
CoT-RAG 33%+13% | +0.45%+0.11% | +0.42%+0.12% | 86%+10%
Standard RAG | 31%+11% | +0.42%+0.08% | +0.40%+0.10% 84%:-+8%
Monthly Self-Refine 33%+13% | +0.43%+0.09% | +0.40%+0.10% | 86%+10%
PoT 30%+10% | +0.40%+0.06% | +0.39%+0.09% 85%-+9%
Zero-shot 20% +0.34% +0.30% 76%
FinGuard 40%+20% | +0.48%+0.14% | +0.50%+0.20% | 95%+19%
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4.2 Main Results

Overall Performance Comparison. As shown in Table 1, the overall results of all methods for
Accuracy, Compliance and Return are shown at different time granularities (Daily/Weekly/
Monthly). FinGuard has achieved the best or near-best performance in terms of adjusted
return and compliance across all the time granularities evaluated, and is thus relatively stable
in balancing profit generation with rule constraints. FinGuard generally achieved a much
higher compliance rate than the general-purpose agent methods ReAct and Self-Refine in all
three time granularity tasks. Although ReAct had a higher raw return in the Monthly scenario,
its relatively low compliance rate did not lead to an increase in adjusted return after adding
Adj Return. Therefore, the higher returns have been achieved by taking greater risks.

Model Performance Heatmap (Daily / Weekly / Monthly)
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Figure 2: Heatmap of all three methods at different times of aggregation (daily/weekly/
monthly), with colours indicating normalised metric values.

As shown in Figure 2, most of the baseline methods have experienced a considerable drop
in Adjusted Return compared with Raw Return after the introduction of penalty mechanisms.
It can be seen that, without limitations, models are more likely to violate the rules for
short-term benefits and thus suffer larger losses after risk adjustment. FinGuard has been
doing reasonably well and within the range of compliance so far. FinGuard still has a good
compliance rate and relatively stable risk-adjusted returns under the longer decision cycles of
weekly and monthly. Therefore, it can better prevent the spread of errors in extended chains
of reasoning and information accumulation. It will also support the function of CLD in
knowledge routing under special circumstances and ensure the long-term stability of the
system.
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Figure 3: Cumulative return curves for all methods over the past 44 trading days are shown,
and raw returns (Raw) are compared with risk-adjusted returns (Adj) after adding violation
penalties.

4.3 Temporal Evaluation and Robustness

To check the stability of the system under extended operation, a 44-day time-series stress test
was conducted and both raw and penalty-adjusted returns were recorded.

As shown in Figure 3, most of the basic methods have achieved a short-term gain in the
Raw mode, but their cumulative return curves are gradually unstable after a long period of
trading. After the introduction of violation penalties, several baselines have shown a clear
return degradation; thus, it can be concluded that some of their raw performance is achieved
through decisions that are less robust under compliance constraints. FinGuard has a lower
trajectory of cumulative returns and has been relatively stable; thus, its profitability is less
affected by rule violations or high-risk behaviour.

a | Daily b | Weekly ¢ | Monthly
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0.50 FinGuard
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0.40 4
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Figure 4: Compliance-Adjusted Return Comparison Across Daily, Weekly and Monthly
Horizons. The x-axis is compliance, and the y-axis is adjusted return.

Figure 4 also shows the relationship between compliance and adjusted return for the Daily,
Weekly and Monthly decision horizons. FinGuard is continuously in the upper-right region,
so it has both high compliance and strong risk-adjusted returns. The first few years are more
representative of this phenomenon; later, this loss of compliance or return will become more
pronounced. Therefore, it can be seen that FinGuard is relatively stable in the event of
extended decision intervals and increased error accumulation.
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Figure 5: Comparison of Raw Returns and Adjusted Returns at Different Decision Horizons.
The distance of the two markers is the change in return after the imposition of compliance
penalties.

Figure 6 shows the Raw Return and Adj Return of all methods. Most of the baselines
show that, after adjustments, their returns have fallen compared to the raw returns; thus, the
impact of compliance penalties has reduced the initial gains. FinGuard has a very small gap
between Raw and Adj returns across all three horizons, on the other hand. It can be seen from
the above that its decisions are less sensitive to penalty adjustment and that most of the return
performance is realised within the compliance area.

Table 2 shows the quantitative summary of the above. FinGuard was at the top with an
average compliance rate of 96.3%, a relatively high average adjusted return of +0.487%, and
an almost non-existent average signed penalty gap. It can be seen from the above that,
compared with the base methods, FinGuard has a higher adjusted performance and a lower
dependency on returns that would be eliminated after compliance penalties are taken into
account. FinGuard generally has relatively stable temporal robustness results, and both
continuous and cross-horizon trading can achieve a good balance of profit and compliance.

Table 2: Penalty Sensitivity and Cross-Horizon Robustness of FinGuard and Baseline
Methods. The signed penalty gap is calculated as Raw Return - Adj Return; a smaller value
indicates that the gains excluded due to compliance penalties have a relatively lower impact,
while a higher average compliance and average adjusted return suggest that the constrained
trading is less severely impaired.

Method Daily | Weekly | Monthly Avg. Avg. Avg. Adj.
Gap| Gap| Gap| Gap| Compliance? Return?

ReAct Agent| +0.02% | +0.02% | +0.03% | +0.023% 89.0% +0.447%
CoT-RAG | +0.02% | +0.01% | +0.03% | +0.020% 87.3% +0.423%
Stg[fgd +0.02% | +0.00% | +0.02% |+0.013% |  87.7% +0.403%
Self-Refine | +0.01% | +0.02% | +0.03% | +0.020% 88.0% +0.420%
PoT +0.00% | +0.02% | +0.01% |+0.010% 87.7% +0.410%
Zero-shot | +0.02% | +0.01% | +0.04% | +0.023% 79.7% +0.340%
FinGuard | -0.01% | +0.00% -0.02% | -0.010% 96.3% +0.487%

4.4  Ablation Study

To confirm that all core modules in FinGuard are necessary, CLD, CaC and SSA were
removed individually without changing any of the other training and evaluation parameters,
and then experiments were repeated at various time scales (Figure 6). As shown in Table 3,
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the performance of the system has dropped considerably when any single module is excluded.
Thus, FinGuard's observed advantages are not driven by a higher degree of risk-taking but
rather by the combined effects of knowledge routing, constraint adjudication and reasoning
audit.

Daily
87.2% Ablated Component
Accuracy - — = FinGuard Baseline
89.7% W wio CLD
— wlo CaC
89.6 w0 SSA
Raw Return 93.8%
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Adj Return J e
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*
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x
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Figure 6: Impact of Component Removal on Model Performance at Various Granularities.

4.4.1 CLD issuitable for supporting medium- to long-term decision-making.

CLD is removed from the model, and it can no longer distinguish between fluctuations in
market data and fixed-rule constraints across multiple decision cycles; thus, both the rate of
compliance and risk-adjusted returns decrease simultaneously. It can be seen that when rules
and contexts are highly interdependent, a lack of an effective knowledge-separation
mechanism will further increase reasoning confusion and make compliance constraints more
easily hidden in the market noise.
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4.4.2 CaC Ensures Compliance and Stable Returns

Without CaC, the model may maintain some initial returns in appearance; however,
compliance will be significantly reduced, and as a result, systemic erosion of returns will
occur after adding risk penalties. Therefore, it can be seen that generative reasoning alone
may not be suitable for consistently enforcing strict rules over an extended period in
decision-making, and thus explicit constraint adjudication is needed to reduce violations.

4.4.3 SSA reduces error propagation in long-chain reasoning

After excluding SSA, the model shows a decreasing trend in stability across different levels of
temporal granularity; thus, relying solely on the final output will fail to prevent the
accumulation of early biases through repeated decision cycles. A continuous, staggered-off
auditing mechanism needs to be established to ensure the reliability of long-term
decision-making behaviour.

Table 3: Ablation results of FinGuard after removing different core modules are shown.

Time Model Variant | Accuracy Raw Return Adj Return Compliance
w/o CLD 34%|5% | +0.43%0.05% | +0.41%0.08% 90% 7%
Daily w/o CaC 36% 3% | +0.45%0.03% | +0.44%]0.05% | 83%]12%
w/o SSA 35%14% | +0.44%0.04% | *+0.43%0.06% 88%19%
FinGuard 39%base +0.48%base +0.49%base 97%base
w/o CLD 33% 5% | +0.41%0.06% | +0.40%0.07% 89% 8%
Weekly w/o CaC 35% 3% | +0.43%]0.04% | +0.42%]0.05% | 84%]13%
w/o SSA 34%49% | 0.42%]0.05% | +0.419%]0.06% | 87%10%
FinGuard 38%hbase 0.47%base +0.47%base 97%base
w/o CLD 32%8% | +0.38%0.10% | +0.35%0.15% | 85%]10%
Monthly w/o CaC 35% 5% | +0.42%0.06% | +0.40%0.10% 80%15%
w/0 SSA 34% 6% | +0.41%]0.07% | +0.39%]0.11% | 82%|13%
FinGuard 40%base +0.48%base +0.50%base 95%base

4.5 Discussion

Mechanism. FinGuard's advantages stem from the combined effect of knowledge routing,
deterministic constraint adjudication and process auditing. Knowledge routing reduces the
mutual interference of market signals and rigid rules in a unified retrieval-inference loop; CaC
converts executable rules into deterministic adjudication logic; and SSA moves the review
process to the interior of the inference process to make local corrections before biases spread.
Based on the results of the ablation experiment, when these mechanisms are removed, the
system's compliance rate, adjusted returns and long-term stability all show a decline.

Trad-off. The results of this study indicate that the system of high-risk financial decisions
should consider compliance, long-term stability and risk-adjusted return performance
simultaneously. Although some of the basic methods have achieved relatively high gross
income, they have not accounted for compliance expenses; therefore, their actual net earnings
after considering these costs will be lower. FinGuard has a lower compliance rate, a gentler
cumulative return curve, and more volatile adjusted returns at all times during the evaluation
period. Based on the above results, it can be seen that in environments with strict rules and a
high cost of errors, the goal should not be to maximise short-term returns but rather to make
stable decisions within the constraints.
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Implications. For stock trading tasks, controllability, auditability and compliance
reliability should not be viewed as mere results of profit optimisation but should be included
in the system goals themselves. Therefore, the structure of FinGuard does not have an
unnecessary multiple layers; rather, different sources of risk are allocated to different
processing levels to improve analyzability and intervenability. Strengthened control will be
introduced for high-performance, stable, and compliant-with-regulations systems that require
a certain level of security.

Limitations. The above have been covered. Firstly, the present verification is based on a
controlled stock trading environment and cannot yet be compared with market shocks,
execution delays and other changes in real online trading systems. Second, the scope of assets,
query sets and rule sets used in the experiments is relatively narrow; generalisation across
different markets, asset classes and under more complex regulatory systems still needs to be
tested further. Thirdly, the efficiency of CaC depends on whether there is some structure and
compilation capability in the rules; there are still deficiencies in the application of it to
ambiguous, contradictory or frequently altered regulations. Future work will extend to more
complex real-world market environments, add dynamic rule updates and a human-in-the-loop
review mechanism, and systematically study the trade-offs among audit overhead, response
latency and deployment costs.

5 Conclusion

Systematically analyze the reliability problems of Agentic RAG in a high-risk stock trading
environment over an extended period under strict compliance requirements. ldentify the
causes of norm erosion and error proliferation in long-chain reasoning under the current
system. We believe that, in particular, the structural integration of market soft knowledge and
compliance hard knowledge into the probabilistic retrieval and reasoning process is the main
reason for the gradual weakening of compliance constraints on decision-making. Based on the
above observation, we put forward the FinGuard framework. Improve compliance
enforcement and decision stability by adaptive knowledge stratification and routing,
deterministic adjudication of enforceable constraints, and continuous auditing of long-chain
reasoning. Based on the experimental results, FinGuard obtained the best or near-best
risk-adjusted returns in the daily, weekly, and monthly scenarios and maintained a compliance
rate of 95% to 97%; therefore, it exceeded the performance of the existing agent-based
methods. Although the first-round returns are relatively low in some cases, the damage caused
by penalties is also relatively minor, and the fluctuation in long-term returns is significantly
reduced. Adjusted Return increased by an average of 14.7 per cent. We hope that the Design
Philosophy of FinGuard will provide some references for the construction of controllable and
auditable agent systems for high-risk decision-making.
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