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Abstract

Large Language Models (LLMs) have demon-
strated strong performance across a wide range
of NLP tasks. However, they often exhibit sub-
optimal behaviors and inconsistencies when
exposed to unfamiliar external information, un-
derscoring their limitations in effectively lever-
aging such knowledge. Inspired by construc-
tivist learning theory, we propose THINKNOTE,
a novel framework that enhances the external
knowledge utilization of LLMs through a two-
stage constructivist cognitive modeling process.
Specifically, THINKNOTE performs knowledge
assimilation to align new information with the
model’s parametric memory, forming a coher-
ent internal representation. It then applies
thought accommodation to adapt internal rea-
soning, thereby promoting more consistent and
reliable outputs. Extensive experimental re-
sults demonstrate that THINKNOTE achieves a
10% improvement over strong baseline meth-
ods on various question-answering benchmarks.
Further analysis indicates that THINKNOTE ef-
fectively integrates and utilizes external knowl-
edge to help LLMs generate accurate responses
and improve their self-consistency. All data and
codes are available at https://github.com/
OpenMatch/ThinkNote.

1 Introduction

Large Language Models (LLMs), e.g. ChatGPT-
4 (Achiam et al., 2023) and LLaMA (Touvron et al.,
2023), have shown strong emergent abilities and
achieved convincing performance in various NLP
tasks (Wei et al., 2022a; Zhao et al., 2023a). De-
spite these advancements, LLMs often face chal-
lenges in effectively leveraging external knowledge
to generate accurate responses, especially when
encountering information that is noisy or incom-
plete (Liu et al., 2024; Xie et al., 2024; Asai et al.,
2023). Such limitations lead to response inconsis-
tencies and hallucinations, constraining their appli-

* indicates corresponding author.

cation in knowledge-intensive scenarios (Ji et al.,
2023; Xu et al., 2024a; Wang et al., 2023).

Recent research investigates strategies for en-
hancing the integration and utilization of external
knowledge in LLMs. These efforts aim to develop
specialized modules that refine, reflect on, or sum-
marize external knowledge before integration (Yu
et al., 2023a; Xu et al., 2023) or filter the external
knowledge based on its relevance to the current
context (Peng et al., 2023; Zhao et al., 2023b; Asai
et al., 2023). While these methods show their ef-
fectiveness in helping LLMs acquire new knowl-
edge (Jietal.,2023; Wei et al., 2024), they still treat
LLMs as passive recipients of information (Steffe
and Gale, 1995; Larochelle et al., 1998) and fail
to address the underlying cognitive limitations that
lead to insufficient knowledge utilization (Yu et al.,
2025). This limitation leads to incorrect responses
and can even cause degraded responses on certain
tasks (Foulds et al., 2024; Shuster et al., 2021).

To address these limitations, we propose a shift
from treating LLMs as passive consumers of knowl-
edge to modeling them as active knowledge con-
structors, drawing inspiration from constructivist
cognitive theories (Steffe and Gale, 1995; Papert,
1980; Piaget and Inhelder, 1972). Constructivism
emphasizes that knowledge is not simply absorbed
from the environment, but is actively built through
experience, reflection, and assimilation of new in-
formation into existing mental frameworks (von
Glasersfeld, 1984). Under this paradigm, exter-
nal knowledge is not directly fused into the input
context of LLMs but transformed and recontextu-
alized based on the model’s current understanding
of the task or question (Schunk, 2012). Such a
cognitively grounded design encourages models to
resolve inconsistencies, discard irrelevant or mis-
leading information, and synthesize new insights,
similar to how humans build reliable understanding
from noisy data (Bruner, 1990).

In this paper, we propose THINKNOTE, a
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cognition-inspired framework to activate LLMs
to effectively integrate and utilize external knowl-
edge by mimicking the cognitive processes of
assimilation and accommodation from construc-
tivism (Steffe and Gale, 1995). Specifically, THIN-
KNOTE incorporates knowledge assimilation to
transform external information into coherent in-
sights and understanding, extending beyond query-
specific notes (Yu et al., 2023a) to enrich the para-
metric knowledge of LLMs. The thought accom-
modation then updates the parametric memory
of LLMs by incorporating the assimilated knowl-
edge to refine and enhance the internal reasoning
chain of LLMs. This two-step cognitive process
is prompted to mimic different learning behaviors
of humans, where we configure THINKNOTE us-
ing four instructions to process external knowledge
by associating familiar knowledge, anchoring unfa-
miliar information, extracting logical reasoning, or
identifying counterfactuals.

Our experiments on a range of knowledge-
intensive question-answering tasks demonstrate the
effectiveness of THINKNOTE. Compared with di-
rectly incorporating external knowledge, THIN-
KNOTE consistently achieves around a 10% per-
formance improvement across backbone LLMs of
different scales. Moreover, THINKNOTE exhibits
stronger robustness when facing noisy, incomplete,
or partially misleading external knowledge, sug-
gesting that actively constructing and reorganizing
knowledge is more reliable than passive condition-
ing on retrieved evidence. Further analysis reveals
that THINKNOTE leads to more concentrated infor-
mation accumulation (Fan et al., 2025) on a small
set of salient tokens, indicating its ability to identify
and leverage critical elements of external knowl-
edge during response generation.

2 Related Work

Large Language Models (LLMs) consistently face
stability challenges when utilizing external knowl-
edge (Zhao et al., 2023b; Asai et al., 2023). While
LLMs are exposed to extensive corpora during
training and demonstrate strong generalization
across various tasks (Zhao et al., 2023a; Touvron
et al., 2023), their performance declines when en-
countering unfamiliar, ambiguous, or contradic-
tory information (Ji et al., 2023; Liu et al., 2024;
Foulds et al., 2024). These limitations illustrate
a notable gap between the availability of exter-
nal knowledge and the model’s capacity to effec-

tively integrate and apply it, especially evident in
knowledge-intensive tasks (Yu et al., 2023b; Shi
et al., 2024; Jiang et al., 2023).

To mitigate these limitations, some methods at-
tempt to enhance knowledge integration by optimiz-
ing the interface between external information and
the model’s input context (Cuconasu et al., 2024;
Gao et al., 2023b). These methods typically aim to
filter or reformat noisy inputs through knowledge
summarization (Xu et al., 2023), reflection (Asai
et al., 2023), or multi-step verification (Yu et al.,
2023a; Peng et al., 2023). While these approaches
have advanced the ability of LLMs to integrate and
utilize external information, they often push the
burden of knowledge alignment to external mod-
ules (Wang et al., 2025), where the LLMs remain
conceptualized as passive processors, failing to re-
organize or evaluate new information based on their
current understanding (Madaan et al., 2023). This
design choice limits their ability to support adap-
tive knowledge integration, especially in scenarios
that require the model to actively construct and
revise its understanding.

More recent efforts explore internal modifica-
tions to how LLMs represent, revise, or adapt
knowledge. These include work on memory edit-
ing (Meng et al., 2022; Trivedi et al., 2023), belief
tracking (Wilie et al., 2024), and metacognitive
strategies such as self-verification and response cal-
ibration (Madaan et al., 2023; Liu et al., 2024).
While promising, these approaches are often frag-
mented and tool-like: they provide mechanisms to
intervene in model behavior without modeling the
interaction between the model and external knowl-
edge (Collins et al., 2024). There is still limited
consensus on what constitutes effective knowledge
integration at the cognitive level, and most cur-
rent methods operate under engineering-driven con-
straints rather than principles drawn from learning
theory or epistemology (Floridi and Nobre, 2024).

3 Methodology

In this section, we introduce our THINKNOTE
framework, grounded in constructivist cognitive
theory (Steffe and Gale, 1995), which aims to em-
ulate the cognitive process of knowledge learning
employed by human learners to interact with exter-
nal knowledge. We first describe the overall work-
flow of THINKNOTE framework (Sec. 3.1) and then
elaborate on the specific configuration strategies
used to regulate learning behavior (Sec. 3.2).

212



e
[ Who is the spouse of the performer of song “Miss My Baby” ? )

Question

%{’I “Missing My Baby” was one of the first Selena songs to be
= played on radio stations. The music video was ...

Doc,

= “Missing My Baby” was written by Selena’s brother and the
= song’s principal record producer A.B. Quintanilla...

Doc,

@

Knowledge

Vanilla of the performer of the song "Missing My Baby".
RAG @

< [ The information provided does not mention the spouse

[ Chris Pérez is the spouse of the performer of the

Thought | *°"¢ ‘Missing My Baby", which is Selena.

s N
Knowledge Assimilation

p
Thought Accommodation

~N

Please verify the reasoning process for errors and enhance

Let us think step by step ]

it with the knowledge that that model should be familiar
based on the question. Then answer the question.

Please extract knowledge that model should be familiar based [
on the question, and analyze the role of these contents.

I = Association Instruction 3
Question

Question

4 "3

Knowledge : The performer of the
song “Missing My Baby” is Selena.
Role: This knowledge can help us get
the information about the performer...

Ariana Grande.

Dalton Gomez.

= (§ =
Thought
Accommodation
Step1: The song is “Missing My Baby”.
Step2: The performer of the song is

Step3: Ariana Grande is married to

I =Association Instruction
5

Assimilated Question
Knowledge &

CoT Step 1: The song is "Missing My Baby".
Step 2: The performer of the song
& "Missing My Baby" Is Selena.
Step 3: Selena was married to Chris
E> @ Pérez, a guitarist for Selena Los Dinos.

CoT Thought _ Answer: Chris Pérez

o &

Knowledge =) P q Iod,
owledg B’ Ki g )L

-

Chain-of-Thought (CoT)

The Final Answer

-

J

Figure 1: The Overview of the THINKNOTE Workflow. The framework follows a two-stage process of knowledge
assimilation and thought accommodation to integrate external knowledge into model reasoning.

3.1 Enhancing Knowledge Integration and
Utilization in LLMs via THINKNOTE

As shown in Figure 1, THINKNOTE is a cognition-
inspired framework designed to enhance the ability
of LLMs to integrate and utilize external knowl-
edge to generate accurate responses, which draws
on the cognitive principles of constructivist learn-
ing theory (Steffe and Gale, 1995). This framework
simulates a two-stage cognitive process: THIN-
KNOTE first conducts knowledge assimilation to
align new information with the model’s paramet-
ric memory, and then applies thought accommoda-
tion to adapt internal reasoning, thereby promoting
more consistent and reliable outputs.

Knowledge Assimilation. Humans activate rele-
vant memory (which is referred to as schema in con-
structivist cognitive theory) to interpret the mean-
ing and function of external information and con-
struct new understanding, which is called knowl-
edge assimilation (Steffe and Gale, 1995; Moreno
and Mayer, 1999). The knowledge assimilation
stage in THINKNOTE simulates this process, driv-
ing the LLMs to align and integrate external knowl-
edge with their internal parametric memory and
point out the function of knowledge for problem-
solving. Specifically, given a query ¢ and a set
of external knowledge D, THINKNOTE guides the
foundational model M to generates an assimilated
rationale 7", which can be expressed as:

T - M (Ikaa q, D) ) (1)

where 7., indicates the instruction to mimic differ-
ent learning behaviors. The assimilated knowledge

T extends beyond knowledge summarization (Yu
et al., 2023a) and serves to contextualize the knowl-
edge within the problem scenarios, enabling the
model to not only recall relevant facts but also ex-
plain how and why these facts matter.

Thought Accommodation. The thought accom-
modation refers to the adjustment of internal mem-
ory when new information challenges prior under-
standing in constructivist theory (Steffe and Gale,
1995; Larochelle et al., 1998). In THINKNOTE,
this process is simulated by guiding the model
M to revise its initial reasoning based on assimi-
lated knowledge 7. Given a query ¢, THINKNOTE
first conducts self-inquiry to generate a preliminary
chain-of-thought R using its parametric memory:

R = M (Zcor, q) - (2)

Here Zcor triggers a chain-of-thought reasoning
grounded in prior knowledge, which may lack con-
text or accuracy due to outdated or incomplete
parametric memory. To address this, THINKNOTE
guides the model M to revise the chain-of-thought
‘R using the assimilated knowledge 7T, producing
the final output as:

Yy = M (It(lu q, T7 R) ) (3)

where 7, instructs the model M to align its reason-
ing with assimilated external knowledge. Through
this thought accommodation process, THINKNOTE
enables the model to approximate cognitive disequi-
librium regulation, detecting mismatches between
external knowledge and internal reasoning.
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3.2 Configuring THINKNOTE by Mimicking
Different Human Learning Behaviors

Learning behaviors are goal-directed mental oper-
ations used to enhance knowledge utilization and
problem-solving. THINKNOTE employs flexible
instructions Zy, and Z;, to simulate diverse human
learning behaviors at each stage of the cognitive
process, supporting both knowledge assimilation
and thought accommodation. The instruction is
instantiated in one of four constructivist modes:
Anchoring, Association, Reasoning, and Reflec-
tion. The details of these instruction templates are
shown in Appendix A.5.

Association. The association behavior maps
new facts to known entities. Rather than introduc-
ing novel concepts, it reinforces and elaborates on
familiar knowledge. For instance, when encounter-
ing information about electric vehicles, the model
relates it to existing knowledge in their paramet-
ric memory of “batteries” and “charging stations”,
thereby deepening its understanding by associat-
ing these new contents to previously learned con-
cepts (Steffe and Gale, 1995).

Anchoring. When humans encounter a new
concept like “photosynthesis” in the query, they
would start by identifying more basic concepts such
as “chlorophyll” or “carbon dioxide” in external
knowledge to create reference points in memory.
Similarly, the instruction of anchoring behavior
guides models to simulate this behavior and help
them form an initial understanding by extracting re-
lated information from unfamiliar external knowl-
edge. This behavior grounds its comprehension
of queries and facilitates the expansion of topic-
relevant knowledge (Yu et al., 2023a).

Reasoning. Inspired by Edge et al. (2024), the
reasoning behavior guides the model to extract and
organize logical relationships found in the external
knowledge. This enables LLMs to build coher-
ent and structured explanations of external knowl-
edge. For example, when synthesizing documents
on climate change policy, the model infers causal
links, such as “carbon tax leads to emission reduc-
tion, which in turn impacts long-term economic
growth”—to support principled reasoning.

Reflection. This behavior encourages the model
to evaluate its outputs by comparing internal knowl-
edge with external knowledge. By treating the ex-
ternal documents as authoritative references, the
model can detect inconsistencies and revise its re-
sponses. For instance, if the model initially gen-

erates an outdated population statistic, reflection
allows it to identify and correct the discrepancy
based on up-to-date knowledge (Xu et al., 2024b).

4 Experimental Methodology

In this section, we describe the datasets, baselines,
and implementation details of our experiments.

Dataset. Our experiment uses six datasets to
evaluate the performance of THINKNOTE, includ-
ing NQ (Kwiatkowski et al., 2019), PopQA (Mallen
et al., 2023), TriviaQA (Joshi et al., 2017), 2Wiki-
MultiHopQA (Ho et al., 2020) and ASQA (Stel-
makh et al., 2022). We use Contriever (Izacard
et al., 2021) to obtain the external knowledge for
all datasets to ensure fairness, following previous
work (Asai et al., 2023; Wei et al., 2024). Due to
the cost of inference, we randomly sample a subset
of 500 questions from each dataset in our experi-
ments in line with prior work (Trivedi et al., 2023;
Yoran et al., 2023).

Evaluation Metrics. Following Asai et al.
(2023) and Wei et al. (2024), we use correctness
(str-em), hit rates (hit), and recall (rec) to evaluate
the question-answering performance on the ASQA
task and use accuracy (acc) for other tasks. All of
the evaluation metrics are implemented referring
to the ALCE toolkit (Gao et al., 2023a).

Baselines. The baselines consist of vanilla
LLMs, LLMs with CoT, and some RAG models.
We use Meta-Llama-3-Instruct and ChatGPT-4o-
Mini as backbone LLMs to implement baseline
models. Detailed descriptions, configurations, and
implementation specifics of each baseline model
are provided in Appendix A.3.

Vanilla LLMs. We employ two methods to
prompt LLMs to answer questions based solely
on their parametric memory. First, the Direct QA
approach involves directly instructing the LLMs
to answer questions. Second, we implement the
Chain-of-Thought (Wei et al., 2022b) prompting,
which generates a step-by-step reasoning process
to arrive at the answer.

RAG Models. We implement three widely
used RAG models as baselines, including vanilla
RAG, Chain-of-Note (Yu et al., 2023a), and Self-
RAG (Asai et al., 2023). The vanilla RAG model
directly feeds retrieved passages as the context and
asks the LLM to generate the answer (Ram et al.,
2023). Chain-of-Note extends the CoT method
to summarize the query-related knowledge from
external knowledge for producing answers. Self-
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PopQA  NQ  TriviaQA 2WikiMHQA ASQA
Method LLM (acc) (acc) (acc) (acc) (rec) (str-em) (hit) (rec)
Vanilla LLMs
Llama-3-Insgg 24.2 39.2 67.2 43.0 48.1 24.8 5.0 16.1
Direct QA Llama-3-Ins7oz 34.2 54.2 80.4 53.8 60.0 33.3 8.8 202
ChatGPT-4oMmin 32.6 51.0 75.0 474 523 31.4 7.8 18.5
Llama-3-Insss 24.8 44.0 69.4 472 514 28.8 7.8 255
CoT Llama-3-Ins7os 31.6 54.4 80.6 564  62.6 36.4 11.2 327
ChatGPT-40oMmn; 32.4 53.2 76.2 51.0 553 32.4 8.0 21.6
LLM w/ RAG
Llama-3-Insgs 59.8 56.0 71.2 452 493 342 12.0 277
Vanilla RAG | Llama-3-Ins7os 63.4 59.8 75.2 522 563 38.1 146 29.8
ChatGPT-4omin: 62.0 64.8 77.8 514 56.2 38.9 132 28.0
Self-RAG7; 53.8 434 66.4 36.6 402 28.6 9.0 13.2
Self-Refined Self-RAGs; 54.8 46.2 67.0 372 426 37.6 156 214
Chain-of-Notegg 64.2 59.8 73.0 520 56.2 42.0 17.8  56.2
Chain-of-Note7os 68.2 67.8 78.4 56.8 61.1 45.0 20.6 549
Llama-3-Insgg 65.8 62.0 79.8 53.8 60.0 434 18.8 57.8
THINKNOTE | Llama-3-Ins7os 69.8 68.4 854 63.2 68.4 48.8 226 599
ChatGPT-40omin 69.8 71.0 83.4 61.0 674 51.5 24.6 61.3

Table 1: Overall Performance of THINKNOTE and Baselines on Different Knowledge-Intensive Benchmarks. For
THINKNOTE, we use the instruction of association learning behavior to guide both knowledge assimilation and
thought accommodation and evaluate the overall performance.

RAG (Asai et al., 2023) trains LLMs to employ
a self-reflection mechanism to filter out irrelevant
evidence effectively.

Implementation Details. We use different lan-
guage models, including Meta-Llama-3-Instruct-
8B, Meta-Llama-3-Instruct-70B, and ChatGPT-4o-
Mini as the foundation model to evaluate the per-
formance of the THINKNOTE. Specifically, we
deploy Meta-Llama-3-Instruct models using the
vLLM (Kwon et al., 2023), and use the OpenAl
SDK to call the ChatGPT-40-Mini API for experi-
ments. The temperature is set to 0.2 for all models.

5 Evaluation Result

In this section, we first present the overall perfor-
mance of THINKNOTE. We then analyze its ef-
fectiveness in leveraging knowledge. Finally, we
demonstrate how THINKNOTE enhances the self-
consistency of LLMs in answering questions.

5.1 Opverall Performance

The overall performance of THINKNOTE on
knowledge-intensive tasks is shown in Table 1.
Compared to vanilla RAG models, THINKNOTE
delivers over a 10% improvement in performance,
demonstrating its effectiveness in enabling LLMs
to more accurately integrate and utilize external
knowledge for question answering. While self-

refinement methods focus on denoising external in-
formation to enhance generation, THINKNOTE sur-
passes these approaches with over a 4% improve-
ment, highlighting the importance of fostering a
deeper understanding of knowledge within LL.Ms
rather than merely extracting surface-level content
related to queries. Furthermore, THINKNOTE con-
sistently outperforms all baseline models, regard-
less of the model scale or whether the backbone is
black or white-box, indicating strong generaliza-
tion and robustness across different model configu-
rations.

Compared with vanilla RAG models, the Self-
Refined methods exhibit performance degradation
on TriviaQA and 2WikiMHQA datasets, show-
ing that filtering query-related contents may risk
omitting critical information from external knowl-
edge. Unlike Self-Refined RAG, THINKNOTE em-
ploys a two-stage cognitive process that actively
acquires essential knowledge from external infor-
mation, rather than relying solely on LLMs to eval-
uate the relevance between queries and evidence.
By leveraging constructivist cognitive modeling,
THINKNOTE offers a promising way to emulate hu-
man learning behaviors and demonstrates its effec-
tiveness by consistently achieving improvements
across all test scenarios.
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Llama-3-Ins-8B Llama-3-Ins-70B

Method PopQA 2WikiMHQA  ASQA | PopQA 2WikiMHQA  ASQA

(acc) (acc) (str-em) (acc) (acc) (str-em)
Cognitive Modeling Ablation
THINKNOTE 65.8 53.8 434 69.8 63.2 48.8
w/o Knowledge Assimilation 58.4 48.2 38.6 61.8 59.6 432
w/o Thought Accommodation 63.0 46.8 40.2 66.0 57.4 45.7
Learning Behaviors Ablation
w. Anchoring Instruction 64.8 54.6 39.9 69.0 63.6 45.8
w. Association Instruction 65.8 53.8 43.4 69.8 63.2 48.8
w. Reasoning Instruction 64.0 52.8 40.3 68.4 59.6 48.3
w. Reflection Instruction 63.2 52.8 42.2 65.2 60.6 50.2

Table 2: Ablation Study of THINKNOTE. We examine the contributions of knowledge assimilation and thought
accommodation, and vary instruction designs to simulate different learning behaviors. Experiments are conducted
with Meta-Llama-3-Instruct-8B and Meta-Llama-3-Instruct-70B.

5.2 Ablation Study

As shown in Table 2, we conduct ablation studies to
evaluate the contribution of each cognitive stage in
THINKNOTE. We further analyze the effectiveness
of THINKNOTE under different configurations of
knowledge learning behavior instructions.

We first evaluate the performance of THIN-
KNOTE variants on three QA tasks: PopQA,
2WikiMHQA, and ASQA. For PopQA, the knowl-
edge assimilation stage in THINKNOTE contributes
more significantly to performance improvements
than the thought accommodation stage, highlight-
ing that answering questions about less frequent
entities heavily depends on acquiring informa-
tion from external knowledge. In contrast, for
2WikiMHQA and ASQA, both the knowledge as-
similation and thought accommodation modules
are equally critical to the effectiveness of THIN-
KNOTE, emphasizing the advantages of chain-of-
thought reasoning in tackling more complex QA
tasks. With increasing model scale, the effective-
ness of knowledge assimilation declines, while
the advantages of thought accommodation remain
steady. This observation implies that although
larger LLMs encode more knowledge within their
parameters, deliberate reasoning remains essential
for effectively tackling these multi-hop QA and
long-form QA tasks.

We next examine the impact of knowledge
learning behaviors in THINKNOTE by guiding
the knowledge assimilation and thought accom-
modation stages using different sets of instruc-
tions, 7y, and Z;,, respectively. Among all in-
struction types, the association learning behavior
consistently achieves superior performance across

diverse QA tasks. This behavior encourages LLMs
to reinforce and extend their internal knowledge
representations, rather than relying primarily on
the assimilation of unfamiliar information from
retrieved documents, as is characteristic of anchor-
ing learning behavior. These findings emphasize
the importance of integrating external knowledge
through associations with the model’s parametric
memory. For subsequent experiments, we adopt
the association learning behavior instruction to con-
figure THINKNOTE.

5.3 Information Flow Analysis for
THINKNOTE in Knowledge Utilization

We further analyze how knowledge assimilation
and thought accommodation influence the reason-
ing process in Figure 2. Specifically, we sample
a case from the NQ dataset and follow Fan et al.
(2025) in utilizing the saliency score to examine in-
teractions between tokens, which is also referred to
as information flow. Further details on the saliency
score are provided in Appendix A.2.

We show the information flow for both Vanilla
RAG and THINKNOTE in Figure 2(a) and Fig-
ure 2(b), respectively. The Vanilla RAG method
demonstrates a dense and intricate pattern of infor-
mation flow, where a broad range of tokens indis-
criminately influence other tokens throughout the
sequence. This indicates that Vanilla RAG lacks the
mechanism to integrate knowledge or suppress ir-
relevant information, leading to an over-reliance on
incidental associations. In contrast, THINKNOTE
guides the information flow to some specific to-
kens (highlighted with the green box) by modeling
cognitive processes. These tokens contribute to
the accumulation of information flow as part of a
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Figure 2: Information Flow Analysis for THINKNOTE.
We implement both Vanilla RAG and THINKNOTE with
Meta-Llama-3-Instruct-8B. Darker-colored points indi-
cate higher saliency scores in information flow analysis.

chain-of-thought. This indicates that THINKNOTE
can effectively integrate and utilize information to
help LLMs generate responses, reflecting a more
goal-directed reasoning process, where irrelevant
or distracting information is attenuated.

We further analyze the accumulation of informa-
tion flow in both Vanilla RAG and THINKNOTE in
Figure 2(c) and Figure 2(d), highlighting the top
10 tokens with the highest accumulated saliency
scores. In this example, the query is: “Who was
the first baseball player to be featured on a postage
stamp?” The correct answer is “Jackie Robinson”.
For Vanilla RAG, the tokens with the highest ac-
cumulated saliency are generic terms like “stamp”
or “postage”. While these words are related to
the question, they are helpless in answering the
question. In contrast, THINKNOTE assigns higher
saliency to key content words such as “jackie”,
“robinson”, and “baseball”, indicating a more ef-
fective focus on the discriminative elements for
problem-solving. This highlights its effectiveness
in gathering useful information to enhance the
knowledge utilization capability of LLMs.
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Figure 3: Performance of RAG and Retrieval Mod-
els with Top-K Document Truncation. We implement
both Vanilla RAG and THINKNOTE with Meta-Llama-
3-Instruct-8B.

5.4 Effectiveness of THINKNOTE in
Knowledge Integration and Utilization

In this subsection, we evaluate the capability of
THINKNOTE to utilize external knowledge to gen-
erate responses accurately.

As shown in Figure 3, we evaluate the sensitivity
of both the vanilla RAG and THINKNOTE to noisy
external knowledge by feeding them the top-K re-
trieved documents. Figures 3(a) and 3(b) show the
top-K retrieval accuracy, which reflects the concen-
tration of query-relevant information in documents.
As K increases from 1 to 5, retrieval accuracy
consistently improves, indicating a higher likeli-
hood of relevant content being included. However,
this improvement saturates after K = 3, show-
ing that additional documents tend to introduce
more noise than useful information. Figures 3(c)
and 3(d) compare the performance of THINKNOTE
and baseline methods. While the performance of
Vanilla RAG remains stable or even degrades when
K > 3, indicating its limited robustness to noisy
inputs, THINKNOTE continues to benefit from the
additional documents. This trend highlights THIN-
KNOTE’s superior ability to identify and utilize
query-relevant information even in the presence of
increased noise.
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Has-Answer

Miss-Answer Internal Knowledge

Method PopQA NQ TriviaQA | PopQA NQ TriviaQA | PopQA NQ  TriviaQA
Llama-3-Ins-8B

Direct QA 340 475  80.1 26 214 338 1000 1000  100.0
Vanilla RAG 855 762 917 32 6.3 18.0 893  79.1 88.7
Chain-of-Note | 939 856  95.0 3.8 8.2 15.8 959 832 89.0
THINKNOTE 90.1 804  97.0 83 258 360 992 929 97.3
Llama-3-Ins-70B

Direct QA 456 639 914 90 333 518 100.0 1000  100.0
Vanilla RAG 89.0 836 956 71 126 223 848 827 87.8
Chain-of-Note | 962 900 975 64 145 288 93.6 852 90.0
THINKNOTE 95.9 88.3 97.5 12.2 33.3 54.0 93.6 94.1 98.0

Table 3: Experimental Results on Evaluating the Knowledge Usage Ability of Different RAG Models. Results are
reported under three scenarios, evaluating the capabilities of models in external knowledge utilization, robustness to

missing evidence, and knowledge conflict resolution.

In Table 3, we then conduct three testing scenar-
ios to evaluate the effectiveness of THINKNOTE:
Has-Answer, Miss-Answer, and Internal Knowl-
edge. The Has-Answer scenario comprises queries
where the external information contains the correct
answers, assessing the model’s capability to effec-
tively utilize external knowledge. Conversely, the
Miss-Answer scenario involves queries where the
external information fails to provide the correct an-
swers. The Internal Knowledge scenario evaluates
the ability of LLMs to resolve conflicts between
internal and external knowledge.

As shown in the evaluation results, Chain-of-
Note and THINKNOTE methods significantly out-
perform Vanilla RAG, highlighting their ability
to extract critical information for answering ques-
tions. In the Miss-Answer scenario, THINKNOTE
presents strong effectiveness by doubling the accu-
racy of Chain-of-Note while maintaining the perfor-
mance of Direct QA. This highlights the robustness
of THINKNOTE in mitigating the negative impact
of noise in external knowledge. Moreover, in the In-
ternal Knowledge scenario, THINKNOTE achieves
the highest accuracy, illustrating its ability to alle-
viate conflicts between the external knowledge and
the parametric memory of LLMs.

5.5 Effectiveness of THINKNOTE in
Improving Self-Consistency of LL.Ms

In this subsection, we explore the self-consistency
of THINKNOTE and baseline models in answering
questions, as shown in Figure 4. Specifically, we
conduct 100 sampling iterations to calculate the ra-
tio of correction. The accuracy reflects the model’s
tendency to generate correct or incorrect answers
consistently. We compare three methods: Direct

1007
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801 0.012 RAG
- 0.010 [ Direct
© 601 2
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S 40| 80.006 /\
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0.004
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(a) The Accuracy of Sampled (b) Density of the Accuracy of
Responses. Correct Answers.

Figure 4: Answering Consistency of Different Methods.
We show the performance on the 2WikiMultiHopQA
dataset. All models are implemented with Meta-Llama-
3-Instruct-8B.

QA, Vanilla RAG, and THINKNOTE. For Vanilla
RAG and Direct QA, the answer generation module
is used for sampling, while THINKNOTE utilizes
the thought accommodation to generate sampled
responses.

We first show the accuracy of THINKNOTE
and baseline models in Figure 4(a). THINKNOTE
demonstrates its effectiveness by achieving a me-
dian accuracy of around 47%, outperforming the
Vanilla RAG (10%) and the Direct QA (31%). No-
tably, the substantially lower median accuracy of
Vanilla RAG compared to Direct QA indicates that
incorporating retrieved documents can hinder the
LLM’s ability to produce correct answers, rather
than improve it (Xie et al., 2024).

Figure 4(b) further illustrates the density dis-
tribution of answering accuracy. Compared with
the Vanilla RAG, our THINKNOTE improves self-
consistency by reducing the density of examples
with accuracy between 30% and 80%. In contrast to
vanilla RAG, THINKNOTE substantially increases
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the number of queries answered correctly, high-
lighting its stronger capability to guide LLMs in
effectively leveraging external knowledge to pro-
duce reliable answers.

6 Conclusion

We present THINKNOTE, a cognition-inspired
framework that empowers LLMs to actively con-
struct knowledge through assimilation and accom-
modation, rather than passively consuming exter-
nal information. By mimicking key cognitive pro-
cesses from constructivist theory, THINKNOTE en-
ables more effective integration and utilization of
external knowledge and improves self-consistency
in correctly answering questions.

Limitation

THINKNOTE demonstrates its effectiveness in inte-
grating and utilizing external knowledge to enhance
the response accuracy of white-box and black-box
LLMs. However, the cognitive process modeling
requires inference with the LLMs three times to
generate a final answer, which brings additional
time latency and increases API call costs. Fur-
thermore, the inputs provided to the thought ac-
commodation tend to be lengthy, as they include
outputs from knowledge assimilation and chain-of-
thought.
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A Appendix

A.1 License

The 2WikiMultiHopQA and ASQA datasets are
released under the CC BY 3.0 license, allowing
users to freely use and modify the data with proper
attribution. The Natural Questions (NQ) dataset
is licensed under CC BY-SA 4.0, enabling users
to share and modify the data, provided they at-
tribute the source and distribute any modifications
under the same license. The PopQA and Trivi-
aQA datasets are distributed under the MIT Li-
cense, which allows for free use, modification, and
distribution of the data, as long as the original copy-
right notice is retained. All these licenses permit
the datasets to be used for academic purposes.

A.2 Further Details on the Computation of
Saliency Scores

We follow Fan et al. (2025) and use the saliency
score to reflect the strength and direction of infor-
mation flow, which refers to how much and in what
way one token influences another during the rea-
soning process. Specifically, for each layer [, the
saliency between tokens is defined as:

Z (Ah,l © %ﬁf:;)

h

S - 9 (4)

where Ay, ; denotes the attention matrix of the h-th
head in layer [, L(z) is the loss function (cross-
entropy), and © represents the Hadamard product.
This formulation combines attention weights with
their gradient-based sensitivities, allowing us to
capture both what the model focuses on and how
crucial that focus is to the final prediction. We
extract Ay, ; from the 21st layer, using Meta-Llama-
3-8B-Instruct as the foundation model.

A.3 More Details of Baseline Models

In this subsection, we describe the implementation
details of the baseline models in detail.

For Direct QA, we input questions directly to
the foundation model without including any addi-
tional prompts. And for Chain-of-Thought models,
we follow the setting from Wei et al. (2022b) to
prompt LLMs to think step by step. We use the
same prompts as Ram et al. (2023) to implement
the Vanilla RAG model. The prompt template for
Chain-of-Note follows the experimental setting of
Yu et al. (2023a). For Self-RAG (Asai et al., 2023),
we utilize their official codebase to implement Self-
RAG7g. The Self-RAGsz model is implemented

using RAGLAB (Zhang et al., 2024) and fine-tuned
based on Meta-Llama-3-Ins-8B to ensure a fair
comparison across our experiments.

A4 Case Study

We choose one case in Figure 5 to show the effec-
tiveness of THINKNOTE by comparing with Vanilla
RAG and Chain-of-Note models. For the ques-
tion “Where was the director of film Hatchet II
born?”, both Vanilla RAG and Chain-of-Note mod-
els fail to generate correct answers. Specifically,
the Vanilla RAG model is misled by the retrieved
documents, confusing the directors of “Hatchet II”
and “Hatchet III”” while answering the given ques-
tion. In contrast, the Chain-of-Note model analyzes
the documents in the reasoning process and gen-
erates notes that correctly identify the director as
“Adam Green”. However, despite capturing this
key information, the Chain-of-Note model heavily
relies on extracting answers from its notes with-
out developing a deeper understanding of exter-
nal knowledge or associating it with the paramet-
ric memory of LLMs. Unlike both Vanilla RAG
and Chain-of-Note methods, THINKNOTE not only
emphasizes the film but also identifies its director.
Moreover, through using the assimilated rationale
generated by the knowledge assimilation, THIN-
KNOTE accurately identifies Adam Green’s birth-
place. This demonstrates THINKNOTE’s strong
ability to harmonize external knowledge with para-
metric memory, significantly improving the quality
of the responses.

We then analyze the case in Figure 6. This case
is from the NQ dataset and asks about the person
pictured on “5000 dollar bill”. This is not a typical
RAG scenario, but it happens often: the retrieved
evidence only provides the background knowledge
needed to answer the question while not specifying
a specific answer. To generate the correct response,
models need to accurately analyze the retrieval ev-
idence and activate the parameter knowledge to
conduct the reasoning process. When answering
this question, Vanilla RAG is limited by its narrow
interpretation of the retrieved evidence, leading it
to conclude that only $1, $5, $10, $20, and $100
dollar bills existed. The Chain-of-Note model gen-
erates brief summaries of each passage, but it strug-
gles to provide deeper insights or draw more com-
prehensive analyses. In contrast, our THINKNOTE
model first deepens current experience based on
background knowledge (Stepl), then attempts to
activate LLMs to use the parametric memory to
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Question: Where was the director of film Hatchet Il born?

Documents: ... The film would leave behind the usual setting of Honey Island Swamp and instead go for a more suburban
setting ... "Hatchet II" was announced in November 2008 ... also making uncredited cameos were director Adam Green...
Hatchet Ill is a 2013 American slasher film written by Adam Green and directed by B. J. McDonnell.

Vanilla RAG

The director of film Hatchet Il was not mentioned as being born in any specific location... However, the director of Hatchet Ill,
B. J. McDonnell, was not mentioned at all in the provided documents. Therefore, the answer is unknown.

Chain-of-Note

Reading Note...

and Victor Crowley.

Document 5 is about the film Hatchet Il...

Document 2 is about the actor Parry Shen, who has starred in the Hatchet series, including Hatchet, Hatchet Il, Hatchet I,

Document 3 is about the Hatchet film series, which consists of four films, including Hatchet, Hatchet Il, Hatchet IlI, and
Victor Crowley. It mentions the director Adam Green and the main antagonist Victor Crowley...

Answer: Unfortunately, the passages do not provide information about the birthplace of the director of film Hatchet Il.

ThinkNote

Step 1: Identify the film
The film is "Hatchet II".
Step 2: Identify the director of the film

Step 3: Research Adam Green's birthplace

\.

The director of "Hatchet II" is Adam Green, who is also the creator of the Hatchet film series.

After conducting research, | found that Adam Green, the director of "Hatchet II", was born in Holliston, Massachusetts, USA.
This information is relevant to understanding the context of the question...
Answer: Adam Green, the director of "Hatchet Il", was born in Holliston, Massachusetts, USA.

/

Figure 5: Case#1 of THINKNOTE. We annotate the knowledge that needs to be acquired during answering the
question, and highlight the correct responses and incorrect responses using different colors.

continuously answer the given question (Step2),
and finally accurately generates the answer based
on the reasoning process (Step3).

As shown in Figure 7, another representative
case highlights the limitations of LLLMs in incor-
porating and fully understanding external knowl-
edge. This case is from the 2WikiMultiHopQA
dataset and asks for the birthplace of “Sehzade
Yusuf Izzeddin’s father”. Different from the first
Case, the retrieved evidence in this instance con-
tains the crucial information required to answer the
question. However, the evidence is entangled with
complex logic and noise, making it challenging for
the model to extract relevant information and refine
the reasoning process. The Vanilla RAG model
struggles to identify useful information from the
retrieval evidence. Similarly, the Chain-of-Note
model exhibits confusion during the summariza-
tion process: while it successfully identifies key
information, it incorrectly dismisses it as irrele-
vant, suggesting difficulty in integrating external
knowledge and resulting in a suboptimal response.
In contrast, THINKNOTE generates an accurate re-
sponse by leveraging knowledge assimilation to
accurately analyze the retrieved evidence and then

refining the reasoning process through thought ac-
commodation.

A.5 Instructions for Mimicking Different
Learning Behaviors

We present all the instructions used to mimic differ-
ent learning behaviors in this subsection. The an-
choring behavior instructions used by THINKNOTE
are illustrated in Figure 9, guiding the model to
ground its understanding of unfamiliar concepts
by identifying essential information from external
knowledge. For association behavior, THINKNOTE
adopts the configuration shown in Figure 10, en-
abling it to connect new inputs with relevant prior
knowledge in its parametric memory. The reason-
ing behavior is supported by the instructions in Fig-
ure 11, which help the model extract and organize
logical relationships for structured understanding.
Finally, the reflection behavior is guided by the
instructions in Figure 12, allowing the model to
evaluate and revise its outputs by comparing them
against reliable external sources.
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Question: Who is pictured on the 5000 dollar bill?

Documents: The $10 bill is unique in that it is the only denomination in circulation in which the portrait faces to the left. It
also features one of two non-presidents on currently issued U.S. bills, the other being Benjamin Franklin on the $100 bill ...
Hamilton also appears on the $500 Series EE Savings Bond. Hamilton's portrait has been featured on the front of the U.S.
$10 bill since 1928. The source of the engraving is...

. /
Vanilla RAG
( N\
The provided information does not mention the $5000 bill. It only talks about the $1, $5, $10, $20, and $100 bills, and the
individuals featured on them, such as Edwin Stanton, Andrew Jackson, Abraham Lincoln, Alexander Hamilton, and others.
Therefore, it is not possible to determine who is pictured on the $5000 bill.
J/
Chain-of-Note
( Document 1: The passage describes the design elements of the $5 and $10 Demand Notes, featuring portraits of Abraham )
Lincoln and Alexander Hamilton, respectively.
Document 2: The passage provides information about the United States ten-dollar bill, featuring a portrait of Alexander
Hamilton facing to the left, and its uniqueness in featuring a non-president on U.S. paper currency...
Document 5: The passage discusses Alexander Hamilton's appearances on various denominations of U.S. currency,
including the $10 bill, and his portrait being featured on the front of the bill since 1928.
Since no passage is relevant to the given question, | will provide a direct answer:
Y There is no information provided about who is pictured on the $5000 bill. )

ThinkNote

p
Stepl: The $5000 bill is not a currently circulating denomination of US currency. In fact, the largest denomination of US

currency that is currently in circulation is the $100 bill.

Step2: However, the $5000 bill has been issued in the past. During the 1930s, the US government issued a $5000 Gold
Certificate featuring a portrait of President James Madison.

Step3: The portrait on the $5000 Gold Certificate is likely to be a representation of President James Madison, who was the
4th President of the United States and is known for his role in drafting the United States Constitution.

Answer: The person pictured on the $5000 bill is President James Madison.

.

J/

Figure 6: Case#2 of THINKNOTE. We annotate the knowledge that needs to be acquired during answering the

question, the correct responses and incorrect responses using different colors.
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e N
Question: : Where was the father of Sehzade Yusuf Izzeddin born?

Documents: War, the Baghdad expedition of 1535, and the Siege of Szigetvar in 1566...Dirrlinev gave birth to the couple's
first child, a son, Sehzade Yusuf Izzeddin on 29 September 1857. After Abdilaziz's accession to the throne on 25 June 1861,
Dirriinev was given the title of ""Bag Kadin""... Her elder sister was married to Sehzade Yusuf Izzeddin... The brother of
Mehmed V, he became heir to the throne after the 1916 suicide of Abdilaziz's son Sehzade Yusuf Izzeddin as the eldest

male member of the House of Osman... He acceded to the throne after the death of Mehmed V. He was girded with the

Sword of Osman on 4 July 1918, as the thirty-sixth

\. J

Vanilla RAG

The provided information does not mention the father of Sehzade Yusuf Izzeddin. However, it is mentioned that Sehzade
Yusuf Izzeddin was born on 29 September 1857.

Chain-of-Note

Reading Notes:

Document 1 does not mention the father of Sehzade Yusuf Izzeddin.

Document 2 mentions that Dirriinev gave birth to a son, Sehzade Yusuf Izzeddin, on 29 September 1857. However, it does
not provide information about the father of Sehzade Yusuf Izzeddin.

Document 3 does not mention the father of Sehzade Yusuf Izzeddin.

Document 4 (mentions that Sehzade Yusuf Izzeddin was the brother of Mehmed VI and the son of Abdiilaziz. However, it
does not provide information about the father of Sehzade Yusuf Izzeddin.

Answer: Unfortunately, the provided passages do not provide information about the father of Sehzade Yusuf Izzeddin.

\ J

ThinkNote
Stepl: Sehzade Yusuf Izzeddin was a Ottoman prince.

Step2: Ottoman princes were typically the sons of sultans or high-ranking officials.

Step3:. To find the father of Sehzade Yusuf Izzeddin, we need to find his parentage.

Step4: According to Document 4, Sehzade Yusuf Izzeddin was the son of Sultan Abdiilaziz.

Step5: Sultan Abdiilaziz was born in Constantinople, which was the capital of the Ottoman Empire at that time.
L Answer: The birthplace of the father of Sehzade Yusuf Izzeddin is Constantinople (modern-day Istanbul).

Figure 7: Case#3 of THINKNOTE. We annotate the knowledge that needs to be acquired during answering the
question, the correct responses and incorrect responses using different colors.

Prompt for CoT

Answer the question: {Question} Let us think step by step.

Prompt for Vanilla RAG

Passage: {Passages}
Based on your knowledge and the provided information, answer the question: {Question}

Prompt for Chain-of-Note

~
J

Task Description:
1. Read the given question and five Wikipedia passages to gather relevant information.
2. Write reading notes summarizing the key points from these passages.
3. Discuss the relevance of the given question and Wikipedia passages.
4. If some passages are relevant to the given question, provide a brief answer based on the
passages.
5. If no passage is relevant, directly provide answer without considering the passages.
Question: {Question}
Passages: {Passages}
\ y,

Figure 8: Prompts for Baseline Models.
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The Anchoring Instruction of ThinkNote

Knowledge Assimilation.

[Instruction]: You are a cognitive scientist, to answer the following
question: {Question}

I will provide you with several retrieved passages:

Passages: {Passages}

Task Description:

Please extract content that may be unfamiliar to the model from these
passages, which can provide the model with relevant background and unknown
knowledge and concepts, helping it better understand the question. and
analyze the role of these contents.

Thought Accommodation.

[Instruction]: To solve the problem, please think and reason step by step,
then answer.
Question: {Question}

[Instruction]: Here is an answer generated by a language model with the
reasoning process.

Question: {Question}

Answer: {Chain-of-Thought}

To provide the language model with relevant background and unknown
knowledge and concepts, helping it better understand the question.

I retrieved some knowledge that is may unfamiliar with the model:
Knowledge: {Assimilated Knowledge}

Please verify the above reasoning process for errors, then enhance this
reasoning process using retrieved knowledge to help it better understand
the question.

Afterward, give the answer based on the enhanced reasoning process.

Figure 9: The Anchoring Instruction of THINKNOTE.
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The Association Instruction of ThinkNote

Knowledge Assimilation.

[Instruction]: You are a cognitive scientist, to answer the following
Question: {Question}

I will provide you with several retrieved passages:

Passages: {Passages}

Task Description:

Please extract foundational knowledge that may be familiar to the model or
advanced information beyond the model's already familiar foundational
knowledge from these passages, and analyze the role of these contents.
Summarize and consolidate these contents, which should deepen the model's
understanding of the question through familiarity with these basic and
advanced pieces of information.

This process aims to encourage the model to comprehend the question more
thoroughly and expand its knowledge boundaries.

Thought Accommodation.

[Instruction]: To solve the problem, please think and reason step by step,
then answer.
Question: {Question}

[Instruction]: Here is an answer generated by a language model with the
reasoning process.

Question: {Question}

Answer: {Chain-of-Thought}

To deepen the language model's understanding of the question through
familiarity with basic and advanced pieces of information. Encourage the
language model to comprehend the question more thoroughly and expand its
knowledge boundaries.

I retrieved some foundational knowledge that is familiar to the model or
advanced information beyond the language model's already familiar
foundational knowledge from these passages.

Knowledge: {Assimilated Knowledge}

Please verify the above reasoning process for errors,

then enhance this reasoning process using retrieved knowledge to deepen the
understanding of the question through familiarity with basic and advanced
pieces of information, comprehend the question more thoroughly, and expand
the knowledge boundaries.

Afterward, give the answer based on the enhanced reasoning process.

Figure 10: The Association Instruction of THINKNOTE.
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The Reasoning Instruction of ThinkNote

Knowledge Assimilation.

[Instruction]: You are a logician, to answer the following question:
{Question}

I will provide you with several retrieved passages:

Passages: {Passages}

Task Description:

Please extract content from these passages that can help enhance the
model's causal reasoning and logical inference abilities.

Consolidate these contents, and analyze how the selected information may
impact the improvement of the model's causal reasoning and logical
inference capabilities.

Thought Accommodation.

[Instruction]: To solve the problem, please think and reason step by step,
then answer.
Question: {Question}

[Instruction]: Here is an answer generated by a language model with the
reasoning process.

Question: {Question}

Answer: {Chain-of-Thought}

To improve the language model's causal reasoning and logical inference
capabilities.

I retrieved some knowledge that can help enhance the language model's
causal reasoning and logical inference abilities.

Knowledge: {Assimilated Knowledge}

Please verify the above reasoning process for errors, then enhance this
reasoning process using retrieved knowledge to enhance the causal reasoning
and logical inference abilities.

Afterward, give the answer based on the enhanced reasoning process.

Figure 11: The Reasoning Instruction of THINKNOTE.
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The Reflection Instruction of ThinkNote

Knowledge Assimilation.

[Instruction]: Fact-checking refers to the process of confirming the
accuracy of a statement or claim through various sources or methods.

This process aims to ensure that statements or claims are based on reliable
and verifiable information while eliminating inaccurate or misleading
content.

Fact-checking may involve the examination of data, literature, expert
opinions, or other trustworthy sources. In the context of artificial
intelligence, model illusion refers to the overconfidence response of the
AI. When a model exhibits an 'illusion' (a tendency to output deceptive
data), it indicates that the training data used by the model does not
necessarily support the rationality of its outputs.

You are a scientist researching fact-checking and addressing model
illusions in artificial intelligence. To answer the following question:
{Question}

I will provide you with several retrieved passages:

Passages: {Passages}

Task Description:

Please extract content from these passages that may be contradictory to the
model's existing knowledge. Identify information that, when added, could
update the model's knowledge and prevent factual errors, alleviating model
illusions. Note that these passages are retrieved from the most
authoritative knowledge repositories, so they are assumed to be correct.

Thought Accommodation.

[Instruction]: To solve the problem, please think and reason step by step,
then answer.
Question: {Question}

[Instruction]: Here is an answer generated by a language model with the
reasoning process.

Question: {Question}

Answer: {Chain-of-Thought}

To update the language model's knowledge and prevent factual errors,
alleviating model illusions.

I retrieved some knowledge that may update the language model's knowledge
and prevent factual errors, alleviating model illusions

Note that these passages are retrieved from the most authoritative
knowledge repositories, so they are assumed to be correct.

Knowledge: {Assimilated Knowledge}

Please verify the above reasoning process for errors, then enhance this
reasoning process using retrieved knowledge to update the language model's
knowledge, prevent factual errors and alleviate model illusions.
Afterward, give the answer based on the enhanced reasoning process.

Figure 12: The Reflection Instruction of THINKNOTE

229




