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PROBLEM AND MOTIVATION

The Problem: Standard LLMs struggle when they are exposed to new or unfamiliar outside information.

The “Passive recipient” flaw: Standard RAG treats the Al like a student passively copying notes from a
textbook, absorbing text without integrating it.

Key Failures:

Hallucination: Model may give incorrect answers when answers aren't quoted verbatim.

Premature Defeat: Models "give up" if explicit text matches aren't found.

Search Distraction: Off topic information can confuse the model and weaken its reasoning.

Xu et al., 2026



MAIN IDEA

Xu et al., 2026

Standard retrieval often adds documents to the prompt and hopes
the model will use them correctly.

THINKNOTE instead asks the model to build a temporary note

from the retrieved knowledge, inspect its own reasoning, and revise
its answer. It does this in two stages

1) Knowledge Assimilation: T =M(Ta,a.D),
1.5) Self Inquiry: R = M (Teor q)
2) Thought Accommodation: Y= M(T, 0. T.R) .



EXAMPLE

+ The note identifies the performer and connects this fact to what the question is really

asking.

-
[ Who is the spouse of the performer of song “Miss My Baby” ? J %

Question Vanilla

g “Missing My Baby” was one of the first Selena songs to be i
— played on radio stations. The music video was ...

o N

The information provided does not mention the spouse
of the performer of the song "Missing My Baby".

~

&)

Chris Pérez is the spouse of the performer of the

~

Let us think step by step ]

[ Please extract knowledge that model should be familiar based [

on the question, and analyze the role of these contents. @ @ .

Question Thought CoT
Accommgdaﬁon

I =Association Instruction

AP il )
Question | Knowledge : The performer of the
song “Missing My Baby” is Selena.

=
= C&? Role: This knowledge can help us get

o[B8 the information about the performer...
M=
Knowledge

\_ Assimilation

Stepl: The song is “Missing My Baby”.
Step2: The performer of the song is
Ariana Grande.

Step3: Ariana Grande is married to
Dalton Gomez.

Chain-of-Thought (CoT)

’ e
Asstmduted Knowledge JAN

| Assimilated
| Knowledge ‘&

@ “Missing My Baby” was written by Selena’s brother and the T Thought song "Missing My Baby", which is Selena. @
= song’s principal record producer A.B. Quintanilla... Assimilat Ac dati @
Doc,
e N 7
Knowledge Assimilation Thought Accommodation Please verify the reasoning process for errors and enhance

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

I = Association Instruction

. i TR AEand ]
Quiestion 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
Pérez, a guitarist for Selena Los Dinos.
Answer: Chris Pérez

The Final Answer

Xuet al., 2026

«  Without integration, a model may focus on a wrong performer and
answer confidently but incorrectly.

Thought accommodation
corrects the reasoning path
before giving the final

response.



EXPERIMENTS AND
RESULTS R S e

Method LLM (acc) (acc) (acc) (acc) (rec) (str-em) (hit) (rec)

Vanilla LLMs
- THINKNOTE achieved the strongest overall Llama-3-Inssy 242 392 67.2 430 481 248 50 16.1
. Direct QA Llama-3-Ins-o, 342 542 80.4 538 600 333 88 202
performance. Evaluat1on used 500 randomly ChatGPT-40y 326 510 750 474 523 314 78 185
sampled questions from each benchmark dataset a3 e s a0 w4 42 514 2ss 78 oss
due to inference cost. CoT Llama-3-Insos 316 544 80.6 564 626 364 112 327
ChatGPT-d4oyi: 324 532 762 510 553 324 80 216

It consistently outperformed Direct QA, Chain of b
: . ~ Llama-3-Insss 598 560 712 452 493 342 120 277
Thought, Vanilla RAG, and self refined baselines. Vanilla RAG | Llama-3-Inssos 634 598 752 522 563 381 146 2938
ChatGPT-40y; 620  64.8 77.8 514 562 389 132 280
»  With Llama-3-Ins 70B, THINKNOTE reaches Self-RAG7s 538 434 66.4 36.6 402 286 90 132
) ) 1) | Self-RAGs, 548 462 67.0 372 426 376 156 214
69“8‘6 on PopQA, 68.4% on NQ, and 85.4% on Self-Refined | &) i of-Notess 642  59.8 73.0 520 562 420 178 562
TriviaQA. Chain-of-Notesos | 682  67.8 78.4 568 6.1 450 206 549
Llama-3-Insg, 658 620 798 538 600 434 188 57.8
« With ChatGPT+4o mini, THINKNOTE also THINKNOTE | Llama-3-Inssgs 69.8  68.4 85.4 63.2 684 488 226 599
ChatGPT-4ovim: 698  7L0 834 610 674 515 246 613

performed strongly, including 51.5% on ASQA

string exact match and 61.3% on ASQA recall. 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
- The wealls suggest Jhane actively assimilating thought accommodation and evaluate the overall performance.
retrieved knowledge and revising reasoning is more
effective than simply feeding the model retrieved

documents.

Xu et al. (2026) . table 1



EXPERIMENT 2

«  Both THINKNOTE stages are important.

«  Removing Knowledge Assimilation causes

the biggest performance drop.

«  Thought Accommodation also improves

final answer quality.

 Association performs the strongest

compared to other instruction strategies.

« Results suggest the full two stage
framework works better than either

component alone.

Xu et al. (2026) . table 2

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 05.8 53.8 434 09.8 63.2 48.8
wio Knowledge Assimilation 58.4 48.2 38.6 61.8 59.6 43.2
wlo Thought Accommodation 63.0 46.8 40.2 66.0 574 45.7
Learning Behaviors Ablation
w. Anchoring Instruction 04.8 54.6 39.9 69.0 63.6 45.8
w. Association Instruction 65.8 53.8 43.4 09.8 63.2 48.8
w. Reasoning Instruction 64.0 52.8 40.3 68.4 59.6 48.3
w. Reflection Instruction 63.2 52.8 422 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.



World Cup 2022 was the

last with 32 teams, =

before the increase to

Figure 1: An example of In-Context RALM: We simply prepend the retrieved document before the input prefix.
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IN-CONTEXT
RALM

Ram et al. (2023), Figure 1

Retrieves a relevant external document.
Prepends the document to the LM input.
Uses an existing, frozen language model.

No additional LM training is required.



Retrieved document d;

\
Jobs cofounded
Apple in his
REMEVEIE — | parents' garage
Input
Document l e »m'; pa
Retrieval o s

Test Context X
Jobs is the | ==y ,,) BLack box
CEO of _

AppLe

d, X
- —Y_ ™~ apple ~
Jobs was raised | Jobs is the —» pear
by adopted... | CEO of _ not
\. A
B - ‘
Steve Jobs | Jobs is th; _, 2pple — :Lapp::
passed away... | CEO of _ pear [N | Pe
\ A 5y not not
r Y- D
Jobs cofounded | Jobs is the —» apple
Apple... CEO of _ J
L GFRSe J p:z:
Ensemble

REPLUG

Shi et al. (2024), Figure 2

Retrieves multiple relevant documents.
Processes each document separately with the same frozen LM.

Combines the outputs from separate model runs, each using a different retrieved
document, to make the final prediction.

Works with a black box LM without modifying its parameters.



SELF — RAG: RETRIEVE,
GENERATE, CRITIQUE

® Retrieves on de mand instead Of always Prompt How did US states get their names? Prompt How did US states get their names? Step 1: Retrieve on demand

Step 1: Retriave K dacuments % LIS statas got their namas from a variety of sources. El q

retrieving a fixed number of documents.
Step 2: Generate segment in parallel o e o

 Evaluates retrieved passages for relevance : prom + @) prompt + @ prome+ @
Ratriever o 'Ilau‘c:ll-: :?a 16 |::I'.c_:rj:tl:.i-..<:ra:'iu-.n:,-_-ml % :'k;:; =

and whether they support the generated T A
Step 2: Prompt LM with K does and generate T— -W — : .I- e a 16th-cantury novel

answer. Prompt How did US states get thair names? + ooo — Las Sargas de Esplandian.

Step 3: Critigue outputs and select best segment &
5 slates gol their namas fram a variely of

«  Uses reflection tokens to critique outputs B> v o e o s v - >oDm > om

LM fter  Christopher  Columbus). Some  states
and select the best response. Smiera 8 eten tS] Mo mimaion  pameages % - e

Prompt: Writa an essay of your bast summer vacation Prompt: Write an essay of your bast summaer vacation

Qooee &

Asai et al. (2023), Figure 1




COMPARATIVE STRENGTHS

No LM retraining required: Unlike SELERAG, THINKNOTE can be applied through prompting without

training the model to use special reflection tokens.

* Constructivist approach: It mirrors how students revise understanding after reading new material.

» Strong experimental results: According to the experiments conducted by the authors, THINKNOTE achieved a
10% improvement in comparison to other baseline methods on various question- answering benchmarks

» Adaptability : THINKNOTE can work across different types of LLM’s and retrieval setups.

* More active use of retrieved knowledge : Instead of only filtering or inserting retrieved text, THINKNOTE tries

to assimilate it with the model's existing knowledge before producing the final answer.

Xu et al. (2026); Ram et al. (2023); Shi et al. (2024); Asai et al. (2023)



COMPARATIVE WEAKNESSES

* Higher cost than simpler RAG methods: THINKNOTE needs the model to run multiple times before producing the
final answer, while methods like In-Context RALM can simply add the retrieved document to the prompt.

* Less control over retrieval than SELF-RAG: SELF-RAG can decide when retrieval is actually needed, while THINKNOTE
mainly focuses on what to do with the information after it has already been retrieved.

* Less focus on checking the evidence: SELF-RAG checks whether the retrieved information is relevant and whether it
supports the final answer, while THINKNOTE focuses more on assimilating the information into its reasoning.

* More limited testing: THINKNOTE was mainly tested on tasks which involved answering questions, while SELERAG is

tested across a broader range of tasks.

Xu et al. (2026); Ram et al. (2023); Shi et al. (2024); Asai et al. (2023)



POSSIBLE EXTENSIONS

Multi document summarization: Use knowledge assimilation to combine important facts from several documents,

then use thought accommodation to revise an initial summary for accuracy and completeness.

Fact checking / claim verification: Retrieve evidence about a claim, connect that evidence with the model’s existing
knowledge, and revise an initial judgment when the evidence contradicts it.

Planning and agent systems: An Al agent could assimilate new information from searches or tools and then revise
its original plan instead of continuing with outdated assumptions.

Combine THINKNOTE with SELF-RAG: SELF-RAG could decide when retrieval is needed, while THINKNOTE

could determine how the retrieved information should be integrated into the reasoning.



CONCLUSION AND QUESTIONS

THINKNOTE’s main contribution is a more active way of using retrieved information: the model assimilates
evidence, generates its initial reasoning, and then revises its answer.

This paper is important because it shifts the focus from “Did we retrieve documents?” to “Did the model actually
use them?”

Questions!



References

» Zhipeng Xu, Zhenghao Liu, Yukun Yan, Shuo Wang, Shi Yu, Zheni Zeng, Chaojun Xiao,
Zhiyuan Liu, Ge Yu, and Chenyan Xiong. 2026. ThinkNote: Enhancing Knowledge
Integration and Ultilization of Large Language Models via Constructivist Cognition
Modeling. In Findings of the Association for Computational Linguistics: EACL 2026, pages
211-229, Rabat, Morocco. Association for Computational Linguistics.

o Akari Asai, Zeqiu Wu, Yizhong Wang, Avirup Sil, and Hannaneh Hajishirzi. 2023. Self-rag:

Learning to retrieve, generate, and critique through self-reflection. In Proceedings of ICLR

* Weijia Shi, Sewon Min, Michihiro Yasunaga, Minjoon Seo, Richard James, Mike Lewis,
Luke Zettlemoyer, and Wen-tau Yih. 2024. Replug: Retrieval augmented black-box language
models. In Proceedings of NAACL, pages 8371-8384

* Ori Ram, Yoav Levine, Itay Dalmedigos, Dor Muhlgay, Amnon Shashua, Kevin Leyton-
Brown, and Yoav Shoham. 2023. In-context retrieval-augmented language models.
Transactions of the Association for Computational Linguistics, pages 1316-1331.



	Slide 1: Bhavya Sharma
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7: In-Context RALM
	Slide 8: REPLUG
	Slide 9: Self – Rag: Retrieve, Generate, Critique
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14

