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Intuitive Judgement with Analytical Oversight: A Dual-Process Architecture for
Complex Relational Understanding

Zhen Wang1, Yu Wang1 & Wen Zhao2
1School of Software and Microelectronics, Peking University, Beijing, China

2National Engineering Research Center for Software Engineering, Peking University, Beijing, China

Abstract

Complex relational understanding tasks such as Document-level
Relation Extraction require resolving semantic ambiguity amid
a quadratic explosion of entity pairs, causing severe class imbal-
ance and false negatives. Although large language models show
strong reasoning ability, directly applying them to DocRE is in-
efficient and prone to hallucination. Inspired by dual-process
theories of human cognition, we propose DocRE-Thinker, a
hybrid framework integrating fast intuition with controlled de-
liberation. A fine-tuned backbone serves as System 1, efficiently
generating candidate relations while estimating uncertainty. A
frozen large language model acts as System 2 and is invoked only
for high-uncertainty cases, performing uncertainty arbitration
and attribute-based rule induction to justify relations. These
symbolic rules are converted into supervision through a text-
gradient feedback mechanism, enabling System 1 to internalize
analytical reasoning in a rule-aware manner. Experiments on
DocRED and Re-DocRED show state-of-the-art performance
with significant recall gains across benchmarks, validating ro-
bust and efficient cognitively grounded relational reasoning.

Keywords: Complex Relational Understanding; Dual-Process
Theory; Uncertainty Estimation; Rule-Based Reasoning; Large
Language Models

Introduction
Complex Relational Understanding(e.g., Document-level Re-
lation Extraction (DocRE)) is a reasoning task requiring the in-
tegration of information across sentences to infer relationships
between entities (Yao et al., 2019). Unlike its sentence-level
counterpart, DocRE presents unique cognitive challenges:
managing a vast search space of entity pairs, resolving ambi-
guities through long-range context, and synthesizing disparate
pieces of evidence—tasks that are computationally intensive
and prone to errors like false negatives (Zhou et al., 2021).

As shown in Fig. 1, traditional neural approaches, whether
sequence- or graph-based (Xu et al., 2021; Zeng et al., 2020),
often function as monolithic, reflective systems. They produce
predictions through deep, layered transformations but lack the
transparency and adaptive control mechanisms characteristic
of human reasoning. This makes them "cognitive misers" in
a sense—they may settle on a plausible answer without the
capacity to recognize their own uncertainty or engage in de-
liberate, rule-based verification (Evans & Stanovich, 2013).
Besides, we argue that the current paradigm of using a sin-
gle, large LLM for DocRE is analogous to engaging System
2 for every decision—a computationally expensive and often
unnecessary process. Conversely, relying solely on a special-

Figure 1: DocRE poses unique cognitive challenges that exist-
ing approaches fail to address effectively. Dual-process theory
provides a principled framework for a more human-like, effi-
cient, and robust solution.

ized, fine-tuned model is like depending only on System 1,
lacking the analytical override for difficult cases.

Dual-process theory provides a robust descriptive model
of human reasoning (Kahneman, 2011). System 1 operates
automatically and quickly, with little voluntary control. It
excels at pattern recognition and associative learning but is
susceptible to biases. System 2 allocates attention to effortful
mental activities, including complex computations and rule-
based logic. It is more reliable but capacity-limited. The
interaction is key: System 2 often adopts a monitoring role,
intervening when System 1 signals difficulty (e.g., via feelings
of uncertainty or conflict) (Thompson et al., 2009). Success-
ful reasoning relies on effective collaboration between these
systems, balancing speed and accuracy.

We map these cognitive concepts onto computational com-
ponents for the DocRE task and introduces DocRE-Thinker, a
framework that computationally instantiates the dual-process
theory for DocRE. Our core insight is to functionally de-
compose the task between two components that mirror their
cognitive counterparts (see Fig. 2):
• System 1 (Fast Pattern Recognizer): A parameter-

efficient, fine-tuned backbone model (e.g., ATLOP). It
rapidly scores all entity-relation pairs, leveraging its
learned representations for high-throughput, intuitive pre-
diction. Critically, it also generates a meta-cognitive sig-
nal—predictive uncertainty—to identify cases where its in-
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tuitive judgment is unreliable.
• System 2 (Controlled Rule Reasoner): A frozen,

knowledge-rich LLM. It is invoked conditionally only for
high-uncertainty candidates flagged by System 1. Its role
is twofold: (1) Arbitration: Re-evaluating the candidate
to provide a more reliable verdict, and (2) Rule Induction:
Generating explicit, attribute-based IF-THEN rules that ex-
plain the reasoning behind its judgment, moving from im-
plicit knowledge to explicit, communicable justification.

The synergy is completed through a Text-Gradient Feed-
back Loop. The rules induced by System 2 are not merely for
interpretation; they are converted into a differentiable signal
that guides System 1 to refine its future predictions for similar
patterns. This mimics how human System 1 learning can be
shaped by System 2’s analytical insights (Evans & Stanovich,
2013).This architecture moves beyond simple ensemble meth-
ods by establishing a functional hierarchy and a bidirectional
knowledge transfer loop, grounded in a well-established cog-
nitive model.

Our contributions can be summarized as follows:

• The first explicit computational modeling of dual-process
theory for DocRE, providing a novel cognitive architecture
for hybrid AI systems.

• A practical framework that strategically deploys LLMs,
reducing calls by over 90% via uncertainty-based gating,
making it efficient and scalable.

• A novel rule induction and text-gradient feedback mecha-
nism that transfers explicit reasoning knowledge from Sys-
tem 2 (LLM) to System 1 (backbone), enhancing both per-
formance and interpretability.

• State-of-the-art results on biomedical and general-domain
benchmarks, with significant gains in recall, demonstrating
the effectiveness of this cognitively-inspired collaboration.

Related Work
Dual-Process Theories in Cognitive Science and AI
Dual-process theories(Kahneman, 2011) have been influen-
tial in psychology for decades, providing frameworks to un-
derstand reasoning, decision-making, and social cognition
(Evans & Stanovich, 2013; Kahneman, 2011). Early com-
putational models attempted to capture aspects of these sys-
tems, such as the distinction between associative and rule-
based processing in cognitive architectures like ACT-R (An-
derson, 2009). More recently, these theories have inspired
AI research, particularly in areas requiring explicit reason-
ing over learned representations. For instance, (R. Sun &
Peterson, 1997) proposed CLARION, a hybrid model in-
tegrating implicit and explicit knowledge. In deep learn-
ing, researchers have explored two-stream architectures for
visual reasoning (Tenenbaum et al., 2011) and modular net-
works for compositional generalization (Andreas et al., 2016).
However, the explicit instantiation of dual-process theory
for document-level language understanding, particularly with

modern LLMs as the "analytic system," remains underex-
plored. Our work bridges this gap by providing a concrete
computational blueprint where System 1 and System 2 are
instantiated as specialized neural models and LLMs respec-
tively, with principled interaction mechanisms.

Leveraging LLMs for Knowledge-Intensive Tasks
The emergence of LLMs with strong in-context learning
and reasoning abilities has revolutionized many NLP tasks
(Brown et al., 2020). For information extraction, methods like
LLM4RE (Swarup et al., 2025) use LLMs as data augmenters
or direct extractors. However, using LLMs as primary ex-
tractors for DocRE is computationally prohibitive due to long
documents and quadratic entity pairs, and they are prone to
hallucinations (Huang et al., 2025). Recent work explores
using smaller models to filter or structure information before
LLM processing (X. Li et al., 2024), or distilling LLM knowl-
edge into smaller models (Hinton et al., 2015). Our approach
differs by establishing a bidirectional, conditional collabora-
tion: the smaller model not only pre-filters for the LLM but
also learns from the LLM’s explicit reasoning traces (rules)
via the text-gradient feedback loop. This creates a more inte-
grated cognitive partnership rather than a simple pipeline or
distillation.

Uncertainty Estimation and Conditional
Computation
Uncertainty estimation techniques, such as Monte Carlo
Dropout (Gal & Ghahramani, 2016) or predictive entropy
(Depeweg et al., 2018), allow models to quantify confidence.
In cognitive terms, this provides a computational analog to
the "feeling of rightness" that triggers analytical engagement
(Thompson et al., 2009). Conditional computation (Bengio
et al., 2015) leverages such signals to dynamically allocate
resources. Our use of predictive entropy to gate LLM calls
directly instantiates this cognitive principle: high uncertainty
in System 1’s intuitive judgment triggers the engagement of
System 2. This is more principled than fixed thresholds or
random sampling used in prior efficiency-focused LLM work
(Y. Li et al., 2024).

Rule-Guided Neural Models for DocRE
Incorporating symbolic knowledge into neural DocRE models
has shown promise for improving interpretability and general-
ization. Methods like LogiRE (Ru et al., 2021) use rule min-
ing, while MILR (Fan et al., 2022) enforces rule consistency.
However, these typically rely on pre-defined or statistically
mined rules that lack contextual nuance. Our key innovation
lies in leveraging LLMs as dynamic rule inductors that gener-
ate attribute-aware, context-sensitive justifications only when
the backbone model is uncertain. This conditional rule gen-
eration mirrors human expertise deployment, where explicit
reasoning is invoked primarily for difficult cases, and the re-
sulting rules provide both explainability and a direct learning
signal for the neural model.
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Method
Our framework operationalizes the dual-process interaction
through a structured pipeline, consisting of a fast forward
pass (System 1), a conditional analytical step (System 2), and
a refinement loop.

System 1: Fast Scoring and Meta-Cognitive
Uncertainty
Given document 𝐷 and entity set 𝐸 , the backbone model
𝑓𝜃 (System 1) computes a score for each candidate triple
(𝑒𝑖 , 𝑟, 𝑒 𝑗 ):

𝑠𝑖 𝑗𝑟 = 𝑓𝜃 (𝐷, 𝑒𝑖 , 𝑒 𝑗 , 𝑟). (1)

The probability of relation existence is 𝑃(𝑦 = 1|𝐷, 𝑒𝑖 , 𝑒 𝑗 , 𝑟) =
𝜎(𝑠𝑖 𝑗𝑟 ).

Meta-Cognitive Signal (Uncertainty Estimation): We
quantify System 1’s lack of confidence using predictive en-
tropy:

𝑈𝑖 𝑗𝑟 = −
∑︁

𝑦∈{0,1}
𝑃(𝑦 |𝐷, 𝑒𝑖 , 𝑒 𝑗 , 𝑟) log 𝑃(𝑦 |𝐷, 𝑒𝑖 , 𝑒 𝑗 , 𝑟). (2)

A normalized uncertainty score 𝑈̂𝑖 𝑗𝑟 = 𝑈𝑖 𝑗𝑟/log(2) is ob-
tained. A threshold 𝜏uncertainty defines the ambiguous set:

𝐶ambiguous = {(𝑒𝑖 , 𝑟, 𝑒 𝑗 ) | 𝑈̂𝑖 𝑗𝑟 > 𝜏uncertainty, 𝑟 ≠ NA}. (3)

This set, typically 5-15% of candidates, represents cases
where System 1’s intuitive answer is unreliable and warrants
analytical oversight.

System 2 Engagement: Conditional Arbitration and
Rule Induction
For each candidate in 𝐶ambiguous, the frozen LLM 𝑔𝜙 (System
2) is engaged with a two-stage prompting strategy.

Stage 1: Arbitration. The LLM is prompted to verify the
triple:

VerDict𝑖 𝑗𝑟 , Justification𝑖 𝑗𝑟 = 𝑔𝜙 (Promptverify (𝐷, 𝑒𝑖 , 𝑒 𝑗 , 𝑟)).
(4)

We filter candidates where VerDict𝑖 𝑗𝑟 = Yes, obtaining a
high-precision set 𝐶filtered. This step directly reduces false
negatives from System 1.

Stage 2: Explicit Rule Induction. For candidates in
𝐶filtered, a second prompt elicits the underlying reasoning rule:

𝑅𝑖 𝑗𝑟 = 𝑔𝜙 (Promptrule (𝐷, 𝑒𝑖 , 𝑡𝑖 , 𝑒 𝑗 , 𝑡 𝑗 , 𝑟, Justification𝑖 𝑗𝑟 )).
(5)

𝑅𝑖 𝑗𝑟 is a natural language IF-THEN rule, such as: "IF a Chem-
ical is mentioned as ’inhibiting’ a Gene, AND the document
discusses a Disease phenotype, THEN the Chemical may be
’associated_with’ the Disease."

The Text-Gradient Feedback Loop
This phase closes the cognitive loop by allowing System 1 to
learn from System 2’s explicit rules.

Rule Formalization and Trigger Extraction. We parse
𝑅𝑖 𝑗𝑟 to extract a set of semantic or lexical triggers T𝑖 𝑗𝑟 =

{𝑡1, ..., 𝑡𝑀 } that signify the rule’s antecedent conditions (e.g.,
{‘inhibiting’, ‘pathway’, ‘expression’}).

Computing Rule Alignment. We compute a soft alignment
score 𝛼𝑖 𝑗𝑟 ∈ [0, 1] between the document 𝐷 and the rule
triggers. Let 𝐻 be the document’s token representations from
the backbone encoder. For each trigger 𝑡𝑚, we compute its
maximum semantic similarity to any document token:

𝛼𝑖 𝑗𝑟 =
1
𝑀

𝑀∑︁
𝑚=1

max
𝑙

(sim(emb(𝑡𝑚), 𝐻𝑙)) · 𝑤𝑚, (6)

where 𝑤𝑚 is a weight based on trigger relevance, and sim is
a cosine similarity. This score 𝛼𝑖 𝑗𝑟 represents the degree to
which the document text provides evidence for the rule mined
by System 2.

Evidence-Aware Score Refinement. The final prediction
synthesizes System 1’s intuition and System 2’s rule-based
evidence:

𝑠
(refined)
𝑖 𝑗𝑟

= 𝜆 · 𝑠𝑖 𝑗𝑟 + (1 − 𝜆) · 𝛼𝑖 𝑗𝑟 . (7)
The weighting factor 𝜆 can be adaptive, depending on the
confidence in the rule 𝑅𝑖 𝑗𝑟 itself. During training, we add a
consistency loss termLrule = (𝑠𝑖 𝑗𝑟−𝛼𝑖 𝑗𝑟 )2 for candidates with
high-quality rules, encouraging System 1’s scores to align
with rule-based evidence.

Training and Inference
The backbone model 𝑓𝜃 is trained end-to-end with a combined
objective: the standard binary cross-entropy loss for relation
extraction LRE and the rule consistency loss Lrule.

L = LRE + 𝜂 · Lrule. (8)
The LLM 𝑔𝜙 remains frozen. At inference, the pipeline ex-
ecutes sequentially: System 1 scoring → uncertainty-based
gating → conditional System 2 arbitration/rule induction →
text-gradient refinement → final prediction.

Experiments
Datasets and Baselines
We evaluate our framework on two widely-used document-
level relation extraction benchmarks: DocRED (Yao et al.,
2019) and Re-DocRED (Tan, Xu, et al., 2022). DocRED is
a large-scale document-level relation extraction dataset built
from Wikipedia and Wikidata, consisting of 5,053 documents
and a substantial number of distant supervision documents.
It includes 97 types of entity relations, with an average of
26 entities per document. The dataset also features complete
annotations, such as entity mentions, types, corresponding
evidence, and relation facts. However, the annotations are
still incomplete, with some positive examples missing. As a
result, (Tan, Xu, et al., 2022) re-annotated the dataset as Re-
DocRED, supplementing the missing relation facts and mit-
igating the false-negative issues. Both datasets measure the
model’s ability to manage semantic complexity and reduce
false negatives—precisely the challenges our dual-process ar-
chitecture is designed to address. The details of the dataset
are shown in Table 1.
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Figure 2: The DocRE-Thinker Cognitive Architecture.

Table 1: Statistics of Re-DocRED and DocRED.

Dataset Re-DocRED DocRED
Train Dev Test Train Dev

# Documents 3,053 500 500 3,053 1,000
Avg. # Entities 19.4 19.4 19.6 19.5 19.6
Avg. # Triples 28.1 34.6 34.9 12.5 12.3
Avg. # Sentences 7.9 8.2 7.9 7.9 8.1

Baselines. We compare against two categories of methods:

• SLM-based (System 1 analogs): This category comprises
traditional specialized models (typically smaller language
models) that are task-specifically designed or fine-tuned.
They operate primarily through implicit pattern recogni-
tion and learned statistical associations, analogous to fast,
intuitive "System 1" thinking. These include: Coref (Ye
et al., 2020) (which focuses on entity coreference modeling
to resolve mentions across a document), ATLOP (Zhou et
al., 2021) (introduces adaptive thresholding and localized
context pooling for relation classification), SSAN (Xu et al.,
2021) (employs structured self-attention to capture entity-
centric dependencies), KD (Tan, He, et al., 2022) (lever-
ages knowledge distillation to transfer knowledge from a
teacher model), and DREEAM (Ma et al., 2023) (performs
document-level reasoning with entity-aware masking strate-
gies).

• LLM-based (System 2 analogs): This category features
methods that utilize large language models (LLMs), ei-
ther in a zero-shot/few-shot manner or through targeted

enhancements. These approaches typically engage in more
explicit, step-by-step analytical reasoning, akin to slower,
deliberate "System 2" thinking. They often prioritize rea-
soning performance over computational efficiency. These
include: CoR (Q. Sun et al., 2024) and GenRDK (Q. Sun
et al., 2024) (both employ consistency-based reasoning or
knowledge generation frameworks to improve reliability),
LMRC (X. Li et al., 2024) (an LLM-based method de-
signed for multi-hop reasoning across documents), LM-
RCC (Zhong et al., 2025) (enhances LLM reasoning by
incorporating external consistency constraints), and Au-
toRE (Xue et al., 2024) (involves end-to-end fine-tuning
of LLMs specifically for relation extraction tasks). Collec-
tively, these methods represent powerful but often compu-
tationally intensive applications of analytical reasoning.

Our framework uniquely combines both approaches, with the
backbone model DREEAM(Ma et al., 2023) as System 1
and LLM (ChatGLM-4-9B(GLM et al., 2024) or Llama3.1-
8B(Grattafiori et al., 2024)) as System 2.

Implementation Details
System Configuration. We implement our dual-process ar-
chitecture as follows:

• System 1 (Backbone): DREEAM(Ma et al., 2023) with
RoBERTa encoder, fine-tuned on the target dataset. It pro-
duces initial scores 𝑠𝑖 𝑗𝑟 and uncertainty estimates 𝑈𝑖 𝑗𝑟 via
predictive entropy.

• System 2 (LLM Reasoner): We test two frozen LLMs:
ChatGLM-4-9B and Llama3.1-8B-Chat, accessed via API.
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Table 2: Results on the development and test sets of DocRED.
Best results in bold.

Method Dev Test

Ign 𝐹1 𝐹1 Ign 𝐹1 𝐹1

SLM-based (System 1 analogs)
Coref-RoBERTalarge (Ye et al., 2020) 57.35 59.43 57.90 60.25
ATLOP-RoBERTalarge (Zhou et al., 2021) 61.32 63.18 61.39 63.40
SSAN-RoBERTalarge (Xu et al., 2021) 60.25 62.08 59.47 61.42
KD-RoBERTalarge (Tan, He, et al., 2022) 65.27 67.12 65.24 67.28
DREEAM-RoBERTalarge (Ma et al., 2023) 65.52 67.41 65.47 67.53

LLM-based (System 2 analogs)
CoR (Q. Sun et al., 2024) – 38.4 – 38.5
GenRDK (Q. Sun et al., 2024) – 42.5 – 41.5
LMRC (X. Li et al., 2024) 58.2 60.0 58.5 60.5
LMRCC (Zhong et al., 2025) 65.6 67.6 65.6 67.6

Dual-Process Framework (Ours)
with ChatGLM-4-9B (System 2) 66.1 68.0 66.0 67.9
with Llama3.1-8B-Chat (System 2) 66.8 68.7 66.7 68.6

The LLM is only invoked for candidates where 𝑈̂𝑖 𝑗𝑟 >

𝜏uncertainty = 0.3, typically 10-15% of all candidates.
All experiments run on a single NVIDIA A100 80GB GPU.
For LLM calls, we use temperature=0.7 to sample multiple
reasoning paths for rule induction. We report the average of
5 runs to ensure stability.

Evaluation Metrics. Following standard DocRE evalua-
tion (Yao et al., 2019), we report:
• F1: Macro F1 score where a prediction is correct only if

both head/tail entities and relation are correct.
• Ign_F1: F1 score ignoring relation facts present in the

training set, measuring generalization to unseen combina-
tions.

These metrics assess both precision (reducing false positives)
and recall (reducing false negatives)—the latter being partic-
ularly important given DocRED’s challenging nature.

Main Results
Performance on DocRED: Balancing Intuition and Anal-
ysis Table 2 presents results on DocRED. Our key observa-
tions highlight the cognitive advantages of our dual-process
design:

Cognitive Efficiency vs. Robustness Trade-off: SLM-
based methods (DREEAM: 67.53% 𝐹1) demonstrate the ef-
ficiency of specialized System 1 processing but are limited
by their knowledge boundaries. LLM-based methods like
LMRCC (67.6% 𝐹1) show the robustness of System 2’s an-
alytical reasoning but at high computational cost. Our dual-
process framework achieves the best of both worlds: with
Llama3.1-8B-Chat as System 2, we attain 68.6% 𝐹1—a sig-
nificant +1.07% improvement over the best SLM and +1.0%
over the best LLM baseline.

Recall Improvement (Reducing False Negatives): The
Ign 𝐹1 scores show even greater relative improvement (66.7%

Table 3: Results on the test set of Re-DocRED.The results of
other methods come from their corresponding papers.

Method Ign 𝐹1 𝐹1

SLM-based
KD-RoBERTalarge 77.60 78.28
DREEAM-RoBERTalarge 79.66 80.73

LLM-based
CoR (Q. Sun et al., 2024) – 37.1 ± 9.2
GenRDK (Q. Sun et al., 2024) – 41.3 ± 8.9
AutoRE (Xue et al., 2024) – 51.91
LMRCC (Zhong et al., 2025) 79.8 80.8

Dual-Process Framework (Ours)
with ChatGLM-4-9B 80.1 81.0
with Llama3.1-8B-Chat 80.9 81.8

vs. 65.6% for LMRCC), indicating our method better gener-
alizes to unseen relation combinations. This directly reflects
our architecture’s strength: System 1’s uncertainty detec-
tion (metacognitive signal) effectively flags challenging cases,
while System 2’s rule-based reasoning recovers relations that
would otherwise be missed.

Performance on Re-DocRED: Validating False Negative
Reduction Table 3 shows results on Re-DocRED, where
false negatives are minimized through careful re-annotation.
This dataset tests a model’s true precision-recall balance.

Superior Precision-Recall Balance: Our method achieves
81.8% 𝐹1, outperforming both DREEAM (80.73%) and LM-
RCC (80.8%). The 1.07% absolute gain on this cleaner dataset
confirms that our improvements are not merely compensating
for annotation artifacts but represent genuine performance en-
hancement. The higher Ign 𝐹1 (80.9% vs. 79.8% for LMRCC)
demonstrates better generalization—System 1 learns more ro-
bust patterns from System 2’s explicit rules.

Cost-Effectiveness Analysis: While pure LLM methods
like AutoRE achieve only 51.91% 𝐹1 despite full document
processing, our conditional invocation strategy reduces LLM
calls by 85-90% (only uncertain candidates). This makes the
superior performance practically achievable: our framework
with Llama3.1-8B requires approximately 0.15 LLM calls per
candidate on average, compared to 1.0 for full LLM process-
ing.

Ablation
To validate each component of our dual-process design, we
conduct ablation studies on DocRED using DREEAM as Sys-
tem 1 and ChatGLM-4-9B as System 2.

Our ablation study reveals several critical insights. First,
uncertainty-based gating is indispensable: removing gating
leads to a substantial performance drop (−3.0 𝐹1) while in-
creasing computational cost by 6–7×, and both random and
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Table 4: Ablation study on DocRED test set (𝐹1 scores).
Variant 𝐹1 Δ

Full DocRE-Thinker Framework 67.9 –
System 2 Engagement Strategies
w/o Uncertainty Gating (LLM on all) 64.9† -3.0
w/ Random Gating (30% random) 66.1 -1.8
w/ Fixed Threshold (score < 0.7) 66.5 -1.4
System 2 Functionality
w/o Arbitration (only rule mining) 66.8 -1.1
w/o Rule Induction (binary label only) 67.1 -0.8
w/o Text-Gradient Feedback 67.0 -0.9
Baselines
System 1 only (DREEAM) 67.5 -0.4
System 2 only (LLM direct) 60.5 -7.4
Ensemble (average scores) 67.6 -0.3
† Estimated from 10% subsample; full computation prohibitive.

Figure 3: Case Study: Cognitive Collaboration in Action.
System 1 flags high-uncertainty candidate; System 2 verifies
and induces an explicit rule; feedback loop aligns evidence
and refines prediction, mirroring human expert reasoning.

fixed-threshold strategies underperform, confirming predic-
tive entropy as an effective metacognitive signal for System 2
activation. Second, both System 2 components are necessary:
disabling arbitration or rule induction degrades performance
(−1.1 and −0.8 𝐹1, respectively), validating the complemen-
tary roles of error correction and explainable knowledge ac-
quisition. Third, text-gradient feedback is crucial—without
it, performance falls to 67.0% 𝐹1, indicating that induced
rules must be actively injected to refine System 1 representa-
tions rather than merely exist as auxiliary knowledge. Finally,
our framework exhibits true synergistic behavior: a simple
ensemble achieves only 67.6% 𝐹1, whereas the full model
reaches 67.9%, demonstrating that the gains arise from effec-
tive knowledge transfer from System 2 to System 1 rather than
from naive score averaging.

Case Study
Consider a DocRED document discussing "Tamoxifen,"
"endometrial cancer," and "estrogen receptors." System 1

(DREEAM) assigns moderate probability to (Tamoxifen,
associated_with, endometrial cancer) but with high un-
certainty (𝑈̂ = 0.78). This triggers System 2 (LLM) engage-
ment.

System 2 Arbitration: The LLM verifies the relation is
correct, noting "Tamoxifen is described as a risk factor for
endometrial cancer due to its estrogenic effects."

System 2 Rule Induction: The LLM generates: "IF a Drug
is described as a ’risk factor for’ or ’increases incidence of’
a Disease, AND the mechanism involves hormonal pathways,
THEN the Drug is associated_with the Disease."

Feedback Loop: The rule’s triggers "risk factor for", "in-
creases incidence of", "hormonal" are found in the document.
The computed alignment score 𝛼 = 0.85 strengthens the final
prediction. In subsequent training, System 1 learns to attend
to these lexical patterns, improving its future "intuition" for
similar cases.

This example illustrates how our dual-process architecture
mirrors human expert reasoning: initial uncertainty triggers
deliberate analysis, which produces explicit rules that then
enhance intuitive pattern recognition.

Efficiency Analysis

Our framework achieves 67.9% 𝐹1 while requiring only 15%
of the FLOPs of full LLM processing (LMRCC). Compared
to pure System 1 (DREEAM: 67.5% 𝐹1), we gain +0.4%
𝐹1 with a modest 10-15% increase in inference time (mainly
from selective LLM calls). This optimal Pareto front position
validates our cognitive design principle: System 2 should
intervene only when necessary, preserving efficiency while
maximizing robustness.

Breakdown: For a typical DocRED document (26 enti-
ties, 676 candidate pairs), our framework makes 85-100 LLM
calls (for uncertain candidates) versus 676 for a full LLM
approach—an 85-88% reduction.

Conclusion
In this paper, we presented DocRE-Thinker, a novel frame-
work that instantiates the dual-process theory of cognition
for Document-level Relation Extraction. By mapping a fast,
intuitive backbone model to System 1 and a deliberate, rule-
inducing LLM to System 2, and by implementing a meta-
cognitive uncertainty trigger and a text-gradient feedback
loop, we create a synergistic cognitive architecture. This
architecture strategically balances efficiency and analytical
power, leading to state-of-the-art performance with signifi-
cant gains in recall. Our work demonstrates that explicitly
modeling well-established cognitive principles can provide a
powerful blueprint for designing more robust, interpretable,
and efficient hybrid AI systems for complex language un-
derstanding tasks. Future work will explore more dynamic
interaction protocols and the application of this dual-process
blueprint to other NLP challenges.
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