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Abstract

While Large Language Models (LLMs) exhibit impressive flu-
ency, their reasoning often relies on surface-level statistical
correlations rather than robust causal understanding. Current
reasoning approaches, such as Retrieval-Augmented Gener-
ation (RAG), mitigate knowledge obsolescence but typically
depend on vector-based retrieval, which mimics associative
memory but fails to support the rigorous logical deduction
required for complex queries. To address this, we propose
a novel framework titled Bridging Associative Memory and
Logical Reasoning, which implements a dual-process cogni-
tive architecture. We construct high-fidelity Causal Knowl-
edge Graphs through a human-in-the-loop method, utilizing
expert-supervised LoRA fine-tuning to extract reliable causal
dependencies from raw text. During inference, a Query Cog-
nitive Planner orchestrates a Dual-Path Memory Access strat-
egy, synergizing associative vector evidence with causal graph
traversal. Crucially, a metacognitive validation acts as a “Sys-
tem 2” critic for iterative self-correction. Experiments demon-
strate that this cooperative interaction outperforms associative
baselines, confirming that explicit “System 2” monitoring ef-
fectively reduces logical hallucinations.
Keywords: Large Language Models; Retrieval-Augmented
Generation; Causal Knowledge Graph; Dual-Process Theory;
Metacognition

Introduction
Large Language Models (LLMs) have achieved unprece-
dented success in recent years, while continuing to strug-
gle with rigorous logical reasoning, often relying on proba-
bilistic correlations rather than genuine causal understanding
(Chi et al., 2024). This limitation leads to “hallucinations”,
where models generate plausible but factually incorrect or
logically incoherent statements, particularly in high-stakes
domains such as healthcare and industrial intelligence (Zhang
et al., 2025). Retrieval-Augmented Generation (RAG) has
emerged as a promising paradigm to mitigate knowledge ob-
solescence and hallucinations by grounding generation in ex-
ternal corpora (Lewis et al., 2020). However, standard RAG
systems predominantly employ dense vector retrieval based
on semantic similarity. As noted by recent studies, semantic
proximity does not equate to logical entailment (Shao et al.,
2023). When grounded in standard RAG, models function
akin to a human utilizing “associative memory”, effectively
retrieving thematically related documents but failing to ex-
tract the specific causal mechanisms required for multi-hop
reasoning. Consequently, when faced with complex queries,

1Corresponding author: Chong Chen

traditional RAG systems often retrieve disjointed evidence,
leading to reasoning disconnects or the hallucination of non-
existent causal links (Vu et al., 2024).

Cognitive science offers a theoretical blueprint for ad-
dressing these limitations through the “Dual-Process Theory”
(Karpukhin et al., 2020; Evans & Stanovich, 2013). It posits
that human cognition comprises two distinct systems: Sys-
tem 1 (fast, intuitive, and associative) and System 2 (slow,
analytical, and logical). Current LLM-based RAG workflows
largely mirror System 1, prioritizing rapid retrieval and gen-
eration over deliberate verification. Recent neuro-symbolic
research suggests that integrating structured logical represen-
tations can effectively simulate System 2 reasoning capabili-
ties in neural models (Garcez & Lamb, 2023).

Drawing upon this cognitive architecture, we propose a
novel framework titled Bridging Associative Memory and
Logical Reasoning. Our approach bridges the gap between
statistical probability and logical validity by synergizing un-
structured semantic retrieval with structured causal reason-
ing. We propose a robust reasoning system that necessitates
two distinct memory components: a Vector Database act-
ing as associative memory for broad context, and a Causal
Knowledge Graph (CKG) serving as long-term logical mem-
ory for precise deduction. As illustrated in our technical
roadmap, our framework operates in two phases. First, ad-
dressing the noise in automated knowledge extraction, we in-
troduce a High-Fidelity Causal Graph Acquisition method.
We employ a Human-in-the-Loop strategy to fine-tune a local
model via Low-Rank Adaptation (LoRA) (Hu et al., 2022),
distilling complex causal pairs from raw texts under expert
supervision. Second, during inference, we model imple-
ment a Dual-Process Inference mechanism. Unlike stan-
dard “retrieve-then-generate” methods, our system utilizes a
Query Cognitive Planner to orchestrate a dual-path memory
access strategy. Subsequently, a dual-path Metacognitive Val-
idation module acts as a rigorous critic (Du, Li, Torralba,
Tenenbaum, & Mordatch, 2023). It decomposes generated
answers into atomic claims, verifying them against both fac-
tual evidence and causal logic, and triggers a feedback-driven
optimization loop to self-correct errors. The main contribu-
tions of this study are as follows:

• We propose a unified cognitive framework grounded in
Dual-Process Theory, synergizing associative vector mem-
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ory with structured causal graph to enable human-like rea-
soning for complex queries.

• We develop an expert-supervised method using LoRA fine-
tuning to construct reliable Causal Knowledge Graphs,
overcoming the noise inherent in zero-shot extraction.

• We introduce a novel dual-path Metacognitive validation
loop that explicitly quantifies both causal consistency and
factual grounding. This mechanism enables iterative self-
correction, significantly reducing logical hallucinations
compared to purely associative baselines.

Related Work
External Memory Systems
Standard Retrieval-Augmented Generation (RAG) extends
the parametric memory of LLMs by accessing external cor-
pora (Lewis et al., 2020; Guu, Lee, Tung, Pasupat, & Chang,
2020). From a cognitive standpoint, dense vector retrieval
functions as an External Associative Memory (Karpukhin et
al., 2020). Recent advancements have shifted towards Modu-
lar RAG, which incorporates iterative and recursive retrieval
strategies to handle complex information needs (Y. Gao et
al., 2023; Shao et al., 2023). Despite these improvements,
vector-based retrieval struggles with “reasoning across doc-
uments” (Xiong et al., 2020). To address this, Graph-based
Memory approaches have been proposed to provide structural
context. Methods like GraphRAG (Edge et al., 2024), Ligh-
tRAG (Guo, Xia, Yu, Ao, & Huang, 2024) and HippoRAG2
(Gutiérrez, Shu, Qi, Zhou, & Su, 2025) utilize global graph
structures to simulate associative pathways. However, ex-
isting Graph-based Memory approaches primarily rely on
general-purpose KGs, which capture relational data rather
than causal mechanisms. As highlighted by (Z. Jin et al.,
2023), reasoning without explicit causal directionality limits
the model’s ability to answer “why” and “what-if” questions.
Our work distinguishes itself by constructing a specialized
Causal Knowledge Graph and employing a Dual-Path Mem-
ory Access mechanism that mimics the interplay between as-
sociative and logical memory.

Causal Reasoning and Extraction
Causal reasoning, the ability to identify mechanisms rather
than mere correlations, is fundamental to general intelligence
(Z. Jin et al., 2023; Fu, Bao, Zhang, Hu, & Zhang, 2025).
While LLMs demonstrate impressive few-shot performance
on common-sense reasoning tasks, they frequently falter in
rigorous causal deduction (Zečević, Willig, Dhami, & Ker-
sting, 2023). Traditional causal extraction relies on pattern
matching or supervised learning, which suffers from limited
scalability. Recent works have explored using LLMs for zero-
shot causal discovery (Kiciman, Ness, Sharma, & Tan, 2023;
Long, Schuster, & Piché, 2023). However, these approaches
are prone to significant noise and hallucinations when applied
to domain-specific raw texts. For instance, (J. Gao, Ding,
Qin, & Liu, 2023) found that LLMs often infer causality from

purely temporal sequences. Unlike methods that rely solely
on in-context learning, our approach introduces a Human-in-
the-Loop paradigm combined with LoRA fine-tuning, ensur-
ing the construction of a high-fidelity causal graph that serves
as a reliable logical scaffold for downstream reasoning.

Metacognition and System 2 Reasoning in LLM
Metacognition refers to the ability of a system to monitor and
regulate its own cognitive processes. In the context of LLMs,
this aligns with System 2 reasoning, characterized by slow,
deliberate thought (Bengio, Lecun, & Hinton, 2021). Sev-
eral frameworks have attempted to induce System 2 behav-
iors in LLMs. Chain-of-Thought (CoT) (Wei et al., 2022) and
Tree of Thoughts (ToT) (Yao et al., 2023) encourage models
to generate intermediate reasoning steps. To further enhance
reliability, Self-Correction mechanisms have been proposed,
acting as primitive metacognitive monitors. Approaches like
Reflexion (Shinn, Cassano, Gopinath, Narasimhan, & Yao,
2023), RARR (L. Gao et al., 2023), and CRITIC (Gou et al.,
2023) employ external tools or self-feedback to refine out-
puts. More recently, Self-RAG (Asai, Wu, Wang, Sil, & Ha-
jishirzi, 2024) advanced this paradigm by embedding self-
reflection tokens to critique the model’s own retrieval quality.

However, most self-correction methods rely on the model’s
internal confidence or generic scalar feedback, which can be
uncalibrated (Huang et al., 2023). They often lack a struc-
tured “ground truth” logic to verify against. Our frame-
work formalizes metacognitive monitoring through an ex-
plicit Metacognitive Validation module. By calculating gran-
ular scores for both causal validity and factual consistency,
we implement a computational model of “slow thinking” that
specifically targets and corrects the logical disconnects preva-
lent in “fast thinking” generation.

Method
To address the limitations of standard associative models,
which often rely solely on surface-level semantic matching
and lack rigorous logical constraints, we propose a frame-
work that bridges associative memory and logical reason-
ing. Aligning with the “Dual-Process Theory”, our approach
mimics human cognition by integrating associative mem-
ory (System 1, implemented via vector retrieval) with logi-
cal reasoning (System 2, implemented via causal graphs and
metacognitive monitoring).

As illustrated in Figure 1, this framework solves the prob-
lem of logical disconnects and hallucinations in complex rea-
soning tasks through two distinct yet interconnected phases:
(1) Causal Knowledge Graph Acquisition, which builds a re-
liable structured logical foundation, and (2) Causal-Enhanced
Dual-Process Inference, which executes precise reasoning
through cognitive planning and a self-correcting metacogni-
tive validation loop.

Causal Knowledge Graph Acquisition
We construct a high-fidelity Causal Knowledge Graph (CKG)
combining expert supervision with automated model adapta-
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User Query: 

Pathophysiologically, why does 

a patient with Liver Cirrhosis 

develop severe Edema?

Query Intention: Prediction

Entities: Liver Cirrhosis, Serum Albumin, Peripheral Edema

Events: Hepatocyte Damage, Protein Synthesis Impairment, Fluid Leakage

Subquery: SQ1: "The role of Liver in Albumin synthesis?"

                   SQ2: "Effect of Hypoalbuminemia on Oncotic Pressure?"

                   SQ3: "Mechanism of fluid extravasation into interstitial space?"

Direction: down
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pressure triggers edema ...

Text Summary: Clinical evidence 

indicates that peripheral edema ... While 

some records mention heart failure as a 
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patients ...

Causal Claims: 
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Hypoalbuminemia→Low oncotic pressure 

Heart failure→edema.
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support in the causal subgraph. While 

statistically correlated in associative 

memory ... Re-reasoning...

reasoning

(d)(c)

(e)(f)

Planning Rule

Query Intention: Prediction

Causal-Enhanced Dual-Process Inference

associative 
texts access

causal logic 
access

planner

query cognictive 
Planning

Causal 

Subgraph

Related Texts

verify based on 
causal subgraph

verify based on 
related texts

verified

optimize

User Query: 

Pathophysiologically, why does 

a patient with Liver Cirrhosis 

develop severe Edema?

Causal 
Extraction 

Model

a b

c d
...

Causal Pairs

extract 
causal 
pairs

Causal Graph

(Logical Memory)

verify 
causal 
pairs

Causal Knowledge Graph Acquisition

...Training 

data
Semantic Chunks

Fine-Tuning 
Data Corpus

a b

c d

a b

c dCausal 
Extraction 

Model

ExpertRule
+

LoRA 
Fine-

Tuning

LLM

generate 
data

chunk Rule-
based

(a) (b)

extract  
factual 
claims 

extract  
causal 
claims 

Figure 1: Overview of the Causal-Enhanced Dual-Process Inference framework. The acquisition of the Causal Knowledge
Graph, features expert-supervised LoRA fine-tuning and a dual-verification mechanism for extracting reliable causal pairs
from unstructured documents. The inference process, comprising (c) Query Cognitive Planner (intent analysis), (d) Dual-Path
Memory Access (synergizing associative vector memory and structured causal logical memory), (e) Answer Generation, and a
“System 2” inspired (f) Metacognitive Validation loop that optimizes responses using causal and factual feedback.

tion. This process ensures the graph captures complex logical
dependencies while minimizing noise.

Semantic Chunking and Data Preparation The raw cor-
pus is first segmented into Semantic Chunks to preserve
the contextual integrity of causal events. To build a robust
instruction-tuning dataset, we employ an expert-supervised
data generation strategy. We prompt a general-purpose Large
Language Model (LLM) using Few-Shot Prompts and prede-
fined Causal Extraction Rules to generate initial causal can-
didates. Domain experts then rigorously verify these candi-
dates, filtering out hallucinations and logically unsound pairs.
This results in a high-quality dataset Dtrain = {(xi,yi)}, where
xi represents the context and instructions, and yi represents
the ground-truth causal pairs verified by experts.

LoRA Fine-Tuning for Causal Extraction We employ
Low-Rank Adaptation (LoRA) to fine-tune the base model by
freezing pre-trained weights and injecting trainable rank de-
composition matrices into the Transformer layers. This yields

a specialized LoRA fine-tuned model capable of adhering to
complex causal logic with high parameter efficiency.

Causal Graph Acquisition with Dual-Verification The
fine-tuned model processes documents to extract causal pairs.
Crucially, to ensure consistency, we inject the same Few-Shot
Prompts and Extraction Rules used during training as guid-
ance. The extracted pairs undergo a secondary automated
verification step. A separate LLM serves as an adjudicator
to validate the rationality of each pair. Only pairs that pass
this verification are admitted into the final graph. This en-
sures the graph represents a reliable “long-term logical mem-
ory” for the system. The resulting Causal Knowledge Graph
is formalized as a Directed Acyclic Graph (DAG), which pre-
vents circular logic, ensuring valid downstream reasoning.

Causal-Enhanced Dual-Process Inference

The inference phase models the cognitive process of com-
plex problem-solving, involving executive planning, dual-
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Algorithm 1: Causal-Enhanced Dual-Process Infer-
ence

Input: User Query Q, Causal Graph G , Vector
Database DB, Thresholds τc,τ f

Output: Final Answer A f inal
1 I ← ClassifyIntent(Q);
2 d←MapDirection(Q);
3 Qsub,E,Vanchor← Decompose(Q);
4 Tcand ← ANN(Embed(Qsub∪E),DB);
5 Tevidence← ReRank(Qsub,Tcand);
6 Vret ←

⋃
v∈Vanchor

{u | dist(v,u | d)≤ k};
7 Gsub← Subgraph(Vret ,G);
8 Scausal ← Summarize(Gsub);
9 Stext ← Summarize(Tevidence);

10 iter← 0;
11 while iter < Maxiter do
12 A f inal ← Generate(Q,I ,Scausal ,Stext);
13 Cc,C f ← ParseClaims(A f inal);
14 Scorec← Verify(Cc,Gsub);
15 Score f ← Verify(C f ,Tevidence);
16 if Scorec ≥ τc∧Score f ≥ τ f then
17 return A f inal ;

18 Pf b← GenerateFeedback(Cc,C f );
19 A f inal ← Optimize(A f inal ,Pf b);
20 iter← iter+1;

21 return A f inal ;

path memory retrieval, and metacognitive self-correction. An
overview can be found in Algorithm 1.
Query Cognitive Planner To address the ambiguity of-
ten present in natural language queries, the Query Cogni-
tive Planner functions as a executive control module. Upon
receiving a user query, an LLM first classifies its underly-
ing cognitive intent into one of three categories: Attribution,
which seeks causes or means (necessitating upstream reason-
ing from effect to cause); Prediction, which forecasts con-
sequences or future trends (requiring downstream reasoning
from cause to effect); or Definition, which requests concepts
or holistic context (involving bidirectional exploration). Cru-
cially, this intent classification dictates the reasoning direc-
tion for the “System 2” causal graph traversal (up, down,
or both), filtering out irrelevant logical paths. Simultane-
ously, the module decomposes the complex query into in-
dependently retrievable sub-queries and extracts key entities
and events, which serve as anchors for the subsequent mem-
ory access.
Dual-Path Memory Access We employ a dual-path strat-
egy to synergize System 1 (Associative) and System 2 (Logi-
cal) retrieval processes.

Associative Retrieval (System 1). To capture seman-
tic nuances, we access the “Associative Memory” (Vector
Database). We first embed both the sub-queries (Qsub) and

extracted entities (E) into a shared vector space, and retrieve
a broad set of candidate texts Tcand using Approximate Near-
est Neighbor (ANN) search based on cosine similarity. To
filter noise, a Re-ranking Model scores these candidates, se-
lecting the top-k evidences Tevidence:

Tcand = ANN(Embed(Qsub∪E),DB,k1) (1)

Tevidence = TopK(ReRank(Qsub,Tcand),k2) (2)

where k1 is the initial retrieval window and k2 is the refined
window size.

Logical Retrieval (System 2). Simultaneously, we per-
form structure-aware retrieval on the “Logical Memory”
(Causal Knowledge Graph) to capture causal logical depen-
dencies. The Causal Knowledge Graph is denoted as G =
(V ,E), where V represents the universe of event nodes and
E represents the set of causal edges.

Based on the events extracted during the Query Cognitive
Planner, we identify a set of Anchor Nodes Vanchor ⊂ V . The
retrieval process is constrained by the determined direction
d ∈ {↑,↓,↕} and a maximum traversal depth k.

We define the set of retrieved nodes Vret as the union of
logical neighborhoods for all anchor nodes:

Vret =
⋃

v∈Vanchor

{u ∈ V | dist(v,u | d)≤ k} (3)

where dist(v,u | d) is the shortest path distance between node
v and node u strictly following the direction d .

This process yields a causal subgraph Gsub that provides
the necessary logical scaffolding for the reasoning task, oper-
ating independently of semantic similarity. Gsub is defined as
the subgraph induced by these nodes:

Gsub = {(u,r,w) ∈ E | u ∈Vret ∧w ∈Vret} (4)

Answer Generation The retrieved contexts are synthesized
into distinct summaries to mitigate information overload. The
subgraph Gsub is abstracted into a structured Causal Summary
(Scausal), while the text evidence Tevidence is condensed into a
Text Summary (Stext ). The LLM generates the initial answer
Ainit by conditioning on the query intent I and these sum-
maries:

Ainit = argmax
y

Pθ(y | Q,I ,Scausal ,Stext) (5)

Metacognition Validation via Feedback Loop To ensure
the response is logically sound and factually grounded, we
introduce a “System 2” monitoring mechanism.

The initial answer is parsed into a set of Causal Claims
(Cc) and Factual Claims (C f ). An LLM-as-a-Judge evaluates
each claim against its respective source, calculating the causal
score(Scorec) and the fact score(Score f ):

Scorec =
1
|Cc| ∑

c∈Cc

I(c entails Gsub) (6)
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Score f =
1
|C f | ∑

f∈C f

I( f entails Tevidence) (7)

where I(·) is the verification function returning 1 if supported,
else 0.

Finally, the feedback generation mechanism aggregates
these scores. We define validity thresholds τc and τ f . If the
answer fails to meet these standards, a feedback prompt Pf b is
generated, explicitly listing the unsupported claims to guide
optimization. The final answer A f inal is determined by:

A f inal =

{
Ainit if Scorec ≥ τc∧Score f ≥ τ f

Optimize(Ainit ,Pf b) otherwise
(8)

To prevent infinite reasoning loops, we enforce a maximum
iteration limit (Maxiter), defaulting to the locally optimal an-
swer. This feedback loop as a cognitive intervention that ef-
fectively mitigates hallucinations and ensures the final output
aligns with both causal logic and textual facts.

Experiment
Experimental Setting

Datasets. We evaluated our cognitive framework on three
datasets representing distinct reasoning challenges: Ship In-
telligence Dataset (ShipInt), a self-constructed maritime
corpus testing implicit causal reasoning in a sparse-data
domain, requiring strong System 2 logic to bridge gaps;
MedQA (D. Jin et al., 2021), requiring rigorous biomedical
deduction, where associative errors can be critical; and Hot-
potQA (Yang et al., 2018), serving as a testbed for the inter-
action between associative breadth and logical depth. Partic-
ularly, The LoRA fine-tuning utilized only the training splits
of the respective corpora.

Models. For Causal Graph Acquisition, we used Qwen3-
8B with LoRA fine-tuning for efficient rule internalization.
To demonstrate model-agnostic generalizability, we employ
Qwen3-14B as a mid-sized reasoner and DeepSeek-v3.2 (Liu
et al., 2025) as the state-of-the-art upper bound.

Baselines. We benchmarked our proposed framework
against four paradigms, treating them as proxies for differ-
ent memory models. Associative Memory Only (Naive-
RAG), simulates purely associative memory using dense vec-
tor retrieval without structure; Undirected Relational Mem-
ory (GraphRAG (Edge et al., 2024), LightRAG (Guo
et al., 2024)), captures global structural context but lacks
the directed causality required for deductive reasoning; and
Associative-Structural Hybrid (HippoRAG2 (Gutiérrez et
al., 2025)), combines PageRank with knowledge graphs, rep-
resenting a sophisticated associative model but lacking ex-
plicit causal reasoning mechanisms.

Metrics. We evaluate Causal Graph Acquisition quality
using BLEU-4 and ROUGE-1/2/L. For Reasoning Perfor-
mance, we report Context Recall (retrieval effectiveness) and

Table 1: Impact of LoRA Fine-Tuning on Causal Extraction
Quality.

Configuration BLEU-4 ROUGE-1 ROUGE-2 ROUGE-L
No Fine-Tuning 41.13 67.32 41.89 45.84
Ours 69.16 83.63 77.44 77.19
Improvement +28.03 +16.31 +35.55 +31.35

Table 2: Answer Correctness scores across three datasets us-
ing Qwen3-14B and DeepSeek-v3.2 backbones.

Dataset ShipInt MedQA HotpotQA
Qwen3-14B

Naive-RAG 79.96 79.26 40.97
GraphRAG 83.37 81.31 52.23
LightRAG 83.85 81.50 41.15
HippoRAG2 88.13 88.96 59.36
Ours 89.97 92.58 63.72

DeepSeek-v3.2
Naive-RAG 82.53 84.53 49.26
GraphRAG 81.20 83.17 52.49
LightRAG 84.47 84.92 41.30
HippoRAG2 88.14 90.10 62.08
Ours 91.03 95.56 64.73

Answer Correctness (end-to-end reasoning fidelity assessed
by Ragas framework(Es, James, Anke, & Schockaert, 2024)).

Results of Causal Graph Acquisition
To validate the effectiveness of our Causal Graph Acquisi-
tion strategy, we compared the performance of the Qwen3-
8B backbone in a zero-shot setting (No Fine-Tuning) versus
our fine-tuned setting. Table 1 presents the comparative re-
sults on the causal extraction task. The base model performs
sub-optimally, particularly in ROUGE-2 (41.89) and BLEU-
4 (41.13), indicating that generalist LLMs struggle to capture
the precise syntactic and logical dependencies required for
domain-specific causal extraction. In contrast, LoRA Fine-
Tuning triggers a dramatic performance leap, with BLEU-4
surging to 69.16 and ROUGE-2 nearly doubling to 77.44.

Comparative Analysis of Reasoning Architectures
We evaluated the Dual-Process Inference performance across
two dimensions: reasoning fidelity (Answer Correctness) and
memory search effectiveness (Context Recall).

Results in Table 2 reveal a consistent “Logical Advan-
tage”. Our Dual-Process framework consistently outper-
forms purely associative baselines. With DeepSeek-v3.2,
we achieve state-of-the-art results on ShipInt (91.03) and
MedQA (95.56). Notably, our method using the smaller
Qwen3-14B achieves 89.97 on ShipInt, significantly outper-
forming the larger DeepSeek-based Naive-RAG (82.53). As
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Table 3: Context Recall scores using the DeepSeek-v3.2
backbone.

Dataset ShipInt MedQA HotpotQA
Naive-RAG 38.85 19.31 56.72
GraphRAG 57.01 70.37 34.67
LightRAG 87.17 73.86 55.45
HippoRAG2 88.39 84.65 96.30
Ours 92.33 87.13 81.76

ShipInt MedQA HotpotQA
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Figure 2: Ablation study quantifying the contribution of indi-
vidual modules.

shown in Table 3, we achieve the highest recall on ShipInt
(92.33) and MedQA (87.13), but falls behind HippoRAG2 on
HotpotQA (81.76 vs. 96.30).

Ablation Study
To verify the contribution of specific components, we con-
ducted ablation tests using the DeepSeek-v3.2 backbone,
with results in Figure 2. Removing Query Cognitive Planner
module significantly degraded HotpotQA (59.01) and Ship-
Int (87.46) performance, confirming the necessity of explicit
cognitive planning. The Metacognition Validation module
proved vital for high-precision domains like MedQA (drop-
ping to 92.14), validating the necessity of a “System 2” mon-
itor to mitigate subtle hallucinations. Finally, removing the
Causal Graph caused regression across all datasets, validating
its role as a critical “Logical Scaffold” for deductive reason-
ing that prevents reliance on shallow associative heuristics.

Parameter Analysis
To optimize the cognitive economy of our framework, we an-
alyzed the sensitivity of the feedback generation mechanism
by varying the Causal (τc) and Factual (τ f ) thresholds within
the Metacognitive Validation module. As presented in Table
4, the results illustrate a clear trade-off between reasoning fi-
delity and computational cost. Under loose constraints (τ ≈
0.6), the system minimizes latency (41.7s) but sacrifices ac-
curacy (89.76%) as it fails to intercept subtle hallucinations.
The Default Setting (τc = 0.75,τ f = 0.8) achieves the opti-

Table 4: Parameter Analysis of Verification Thresholds. We
evaluate the trade-off between Answer Correctness and Infer-
ence Latency on the ShipInt dataset.

Setting Description τc τf Answer Correctness Latency (s)
Loose Constraints 0.6 0.7 89.76 41.71

Factual Focus 0.7 0.85 90.21 50.49
Default Setting 0.75 0.8 91.03 47.92

Strict Parity 0.8 0.85 91.05 52.78

High Strictness 0.9 0.9 90.98 58.223

mal equilibrium, peaking at 91.03% correctness with man-
ageable latency (47.92s). Notably, settings of High Strictness
trigger a state of diminishing returns, while latency spikes to
58.22s due to frequent iterative loops, accuracy plateaus, in-
dicating that hyper-correction introduces computational over-
head without yielding further logical gains.

Discussion
Our study validates that integrating causal graphs as “log-
ical scaffolding” and employing Metacognitive Monitoring
for “System 2” self-correction outperforms purely associa-
tive baselines in deductive tasks (e.g., MedQA). However, a
cognitive trade-off emerged: directional logical retrieval re-
stricts the associative breadth needed for broad multi-hop ex-
ploration (lower recall on HotpotQA). The parameter analysis
highlights the cost of “slow thinking”. While stricter thresh-
olds improve accuracy, the “Hyper-Strict” setting yields di-
minishing returns with latency, confirming that an optimal ar-
chitecture must balance verification rigor with computational
efficiency. Our framework alleviates the pressure of large-
scale human annotation. By initially fine-tuning a model via
LoRA with minimal expert data in a general domain, this
model can subsequently serve as a “Teacher” to automate
high-fidelity causal graph extraction in new target domains.
Future work will develop an Adaptive Cognitive Planner to
dynamically balance this logical precision with associative
breadth based on query complexity.

Conclusion
In this paper, we introduced a cognitive framework that aligns
LLM reasoning with human-like Dual-Process cognition. By
synergizing associative memory with a high-fidelity Causal
Knowledge Graph, our approach effectively mitigates the log-
ical shallowness of standard retrieval-based methods. Empir-
ical results confirm that our Metacognitive Validation module
acts as a robust “System 2” monitor, significantly reducing
hallucinations in complex deductive tasks. While our direc-
tional logical retrieval ensures high precision, it presents a
trade-off with exploratory breadth. Future work will address
this by developing an Adaptive Cognitive Planner to dynam-
ically balance logical strictness with associative exploration,
moving closer to flexible, human-like reasoning.
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