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Abstract

Despite well-known hallucination issues,
LLMs have become an increasingly indispens-
able source of information, and the underlying
technology has advanced rapidly to make their
answers far more reliable. Early on, Retrieval-
Augmented Generation (RAG) emerged as the
dominant remedy, grounding LLM responses
in external knowledge and evolving from sim-
ple retrieve-then-read pipelines into modular,
graph-enhanced, and agentic systems. More
recently, Agentic Deep Research has pushed
the frontier further, equipping LLMs with au-
tonomous planning, multi-hop investigation,
and iterative synthesis to tackle open-ended
questions that no single retrieval pass can an-
swer. This tutorial offers an in-depth treatment
of modern RAG and Deep Research, grounded
in an Al-assisted systematic analysis of 2,000+
recent papers (2020-2026). Attendees will
leave with a structured roadmap, evidence-
backed practical recommendations, and a clear
map of open research opportunities.

1 Motivation and Scope

The way people seek information is being rebuilt
around LL.Ms: users now turn to Al assistants for
everything from quick lookups to in-depth inves-
tigations. Yet LLMs remain prone to hallucina-
tions and stale knowledge (Tonmoy et al., 2024;
Yang et al., 2024a), making trustworthy, current,
well-grounded answers one of the field’s central
engineering challenges.

Retrieval-Augmented Generation (RAG) en-
hances Large Language Models (LLMs) by re-
trieving relevant external knowledge at inference
time rather than relying solely on parametric mem-
ory (Huang et al., 2023; Ji et al., 2023). RAG re-
duces hallucinations with grounded generation, and
offloads long-tail factual knowledge to external cor-
pora, enabling smaller, more efficient models with-
out sacrificing coverage (Gao et al., 2024). How-
ever, RAG itself introduces new challenges: noisy
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retrieval, knowledge conflicts between parametric
and retrieved information, and wasted computation
from unnecessary retrieval. The past three years
have witnessed a burst of research aimed at improv-
ing RAG’s factuality, robustness, generalizability,
and latency.

The next leap is already underway. Products
such as Gemini Deep Research, OpenAl Deep Re-
search, and Claude Research go beyond single-
pass retrieval, equipping LLMs with Agentic Deep
Research capabilities—planning multi-step inves-
tigations, issuing iterative searches and tool calls,
and synthesizing comprehensive reports. Deep Re-
search opens the door to open-ended queries while
raising new challenges in planning, long-horizon
credit assignment, faithful synthesis, and explo-
ration cost.

This tutorial offers a comprehensive treatment
of both. For RAG, we organize the landscape
into three paradigms—Modular Pipeline, Graph-
Enhanced, and Agentic RAG. For Deep Research,
we cover system architectures, planning and tool-
use strategies, and evaluation. We also situate both
within context engineering, agentic systems, and
long-term memory, and discuss multi-modal exten-
sions across text, images, and structured data.

This tutorial is itself an instance of Al-facilitated
Deep Research in action. The authors first read
~150 classical papers to develop an initial tax-
onomy, then employ a research agent to analyze
~?2,000 additional papers on Factuality, RAG, and
Agent (2020-2026) to generate comprehensive
summaries'. The presenters curate and enrich this
synthesis with first-hand practical insights that may
not be documented elsewhere. New papers will
continue to be incorporated before and after the
tutorial to support ongoing learning. This combina-
tion of Al-driven synthesis with expert curation in
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itself is a contribution, setting a replicable model
for future tutorials and surveys.

1.1 Tutorial Type

This is a cutting-edge tutorial. It synthesizes the
rapid advances in RAG from 2020-2026, with par-
ticular emphasis on emerging paradigms (graph-
enhanced and agentic RAG) and techniques (RL-
driven retrieval policies, deep research agents) from
2025-2026 that have not yet been covered in prior
tutorials. While we provide sufficient background
for newcomers with basic LLM familiarity, the
primary focus is on presenting the latest research
frontier and open problems.

1.2 Target Audience and Prerequisites

* Researchers in NLP, data mining, and knowl-
edge management seeking a structured map of
the RAG landscape with clear identification of
open problems.

» Applied scientists and engineers building pro-
duction LLM systems that need evidence-backed
guidelines for choosing among RAG architec-
tures and retrieval strategies.

* Graduate students entering the field who wish
for a comprehensive entry point to 2K+ papers
organized by topic, paradigm, and timeline.

Prerequisites: Familiarity with basic LLM con-
cepts (pre-training, fine-tuning, prompting). No
prior knowledge of RAG or hallucination detection
is assumed.

2 Related Work

No prior tutorial covers the complete 2023-2026
RAG landscape. Ours introduces a three-paradigm
framework (Modular, Graph-Enhanced, Agentic),
incorporates 18+ months of advances beyond the
most recent tutorial—including RL-driven retrieval
policies, GNN-LLM integration, multi-hop reason-
ing, and autonomous agentic systems—and pro-
vides evidence-backed deployment recommenda-
tions synthesized from ~2000 papers.

3 Tentative Schedule (3 Hours)

3.1 Introduction & Factuality Overview (30
min)

We open by demonstrating failure modes of stan-

dalone LLMs on knowledge-intensive tasks: out-

dated facts, entity confusion, confident fabrication,

and multi-hop reasoning breakdowns. We provide

a high-level overview of the factuality landscape,

preview the two-pronged solutions as two sides of
the coin: knowledge internalization and hallucina-
tion suppression—improving what models know
and how reliably they express it, and retrieval-
augmented generation—grounding in external ev-
idence. We show RAG’s evolution timeline from
simple retrieve-and-read pipelines (2023) through
adaptive and graph-enhanced architectures (2024)
to autonomous RL-driven agentic systems (2025—
2026), based on our systematic analysis of ~2000
papers. The remainder of the tutorial deep-dives
into RAG.

3.2 RAG Deep Dive (60 min)

The next part of the tutorial provides a comprehen-
sive survey of RAG, across Modular Pipeline RAG
and Graph-Enhanced RAG.

3.2.1 Modularized RAG Pipeline (40 min)

We introduce the five-stage modular architecture—
triggering, query rewriting, retrieval, post-
processing, and answer generation—as indepen-
dently optimizable components (Gao et al., 2024;
Lewis et al., 2020). We trace the evolution from
monolithic retrieve-and-read (2023) to modular,
swappable pipelines (2024—2025) and show how
each stage can be upgraded independently.

1. RAG Triggering—When not to retrieve: adap-
tive triggering is the first and most impact-
ful efficiency decision. We analyze the cost—
quality trade-off and provide guidelines for
choosing a triggering strategy based on de-
ployment constraints.

2. Query Rewriting—Transforming user queries
for effective retrieval. We describe various
strategies and identify which strategies work
best for single-hop vs. multi-hop questions.

3. Retrieval—The retrieval stage itself: We fo-
cus on the surprising finding that retrieval rel-
evance correlates weakly with downstream
generation quality—what matters is informa-
tiveness, not similarity.

4. Post-processing & Context Compression—
What to do with retrieved passages before
feeding them to the generator: We describe
various methods for reranking, context com-
pression, and position bias mitigation.

5. Answer Generation & Knowledge Conflicts.—
The final generation stage: We focus on



noise-resilient generation that maintains qual-
ity even with imperfect retrieval, and the criti-
cal problem of knowledge conflicts:

There are a lot of studies on each component,
and we focus on explaining how the most promi-
nent problem is solved. Additionally, we highlight
how each component can be extended to answer
complex questions, where assembling and reason-
ing is essential.

3.2.2 Graph-Enhanced RAG (20 min)

Graph-enhanced RAG pipelines construct Knowl-
edge Graphs (KGs) from corpora and leverage
graph structure to enable structured reasoning. We
explain how KG construction and hybrid retrieval
combine structured and unstructured knowledge for
RAG, how we integrate Graph Neural Networks
(GNN) with LLM reasoning, and how we tackle
multi-hop questions that require chaining evidence
across graph nodes for Complex QA.

3.3 Agentic Deep Research Deep Dive (60
min)
Building on the traditional RAG foundations, we

then examine how Agentic Deep Research extends
retrieval into autonomous, multi-step investigation.

3.3.1 Agentic RAG (30 min)

Static single-pass retrieval fails on complex multi-
hop questions, wastes compute on simple queries,
and cannot adapt to varying information needs dur-
ing generation. Recent Agentic Al trend leads
to the Agentic RAG pipelines that iteratively de-
cide whether to retrieve, what to retrieve, and
how to integrate external knowledge during lan-
guage model decoding, treating RAG as a dy-
namic decision-making process. We describe
the paradigm shift from hand-crafted pipelines to
learned retrieval policies, and how to scale agentic
RAG to reasoning-heavy queries.

3.3.2 Deep Research (30 min)

While agentic RAG enables dynamic retrieval deci-
sions during generation, Deep Research extends
this paradigm to autonomous, long-horizon re-
search workflows. Motivated by complex infor-
mation needs (e.g., literature surveys, competitive
analyses) that exceed single-query RAG, deep re-
search agents operate over minutes to hours, it-
eratively browsing the web, reasoning over gath-
ered evidence, and producing structured long-form
reports grounded in cited sources. We describe

key techniques at each stage of the deep research
pipeline (intent clarification and planning, web ex-
ploration, reasoning and synthesis, and report gen-
eration) and examine how modern systems execute
this pipeline.

3.4 Synthesis & Future Directions (30 min)

We conclude the tutorial with key takeaways or-
ganized by practitioner profile (researcher, engi-
neer, student), with evidence-backed guidelines
for choosing the right RAG architecture. We re-
view the emerging trends that shape the future
of RAG: RL transforming RAG into autonomous
agentic systems with process-level supervision;
multimodal RAG extending retrieval and gener-
ation to images, video, and tables; the convergence
of modular, graph-based, and agentic paradigms
into hybrid architectures; domain-specific RAG de-
ployment in healthcare, finance, and legal domains
with specialized benchmarks; and long-context
trade-offs as context windows scale to millions of
tokens. Finally, we discuss open research oppor-
tunities to inspire more research in this field: uni-
fied retrieval-generation architectures, adversarially
robust retrieval, long-form and multi-turn RAG for
dialogue systems, scalable graph construction for
knowledge-intensive domains, compute-optimal in-
ference balancing retrieval cost vs. quality, and effi-
cient agentic RAG for latency-sensitive production
deployments.

4 Audience Engagement Strategies

We employ three strategies to encourage participa-
tion throughout:

Running example: A single compound question
evolves across all sessions, with each technique
showing concrete improvement over the previous
solution, providing a narrative thread that builds
intuition incrementally.

Live polls: At key decision points, attendees pre-
dict outcomes before we reveal benchmark results,
encouraging active reasoning about trade-offs.
Online companion: The interactive survey we
maintain over time will let attendees explore papers,
methods, timelines, and benchmarks during and
after the tutorial, extending engagement beyond
the session.

5 [Estimated Audience Size

We estimate an audience of 200-300 attendees.
RAG has become one of the most actively re-



searched areas in NLP, and interest has grown
steadily over the past three years. Related tutorials
have drawn increasing audiences:
* Retrieval-Augmented Text Generation, 1JCAI
2022 (~50 attendees).
* Retrieval-based Language Models and Applica-
tions, ACL 2023 (~150 attendees).
* RAG Meets LLMs, KDD 2024 (~100 attendees).
* RAG for Al-Generated Content, ACL 2024
(~200 attendees).
The tutorial team also organized the KDD Cup
2024 (CRAG (Yang et al., 2024a)) and KDD Cup
2025 (CRAG-MM (Wang et al., 2025a)) competi-
tions on RAG, which collectively attracted ~3K
registered participants across ~600 teams, further
demonstrating strong community interest. Our
tutorial offers the most comprehensive coverage
to date—spanning modular, graph-enhanced, and
agentic paradigms with 18+ months of advances
beyond the most recent tutorial—and we expect
continued growth in audience size.

6 Reading List

The following papers provide essential background
and representative coverage across the three RAG
paradigms. Asterisked entries (*) are recom-
mended pre-reading.

* Lewis et al. (2020). The original paper introduc-
ing RAG for knowledge-intensive NLP tasks.

* Gao et al. (2024). A comprehensive survey of
RAG for LLMs, covering architecture taxonomy
and evaluation.

* Huang et al. (2023). A survey on hallucination
in LLMs, motivating the need for RAG.

* Guu et al. (2020). REALM: retrieval-augmented
language model pre-training, an early founda-
tional approach.

* Asai et al. (2023). Self-RAG: learning to retrieve,
generate, and critique through self-reflection.
 Jiang et al. (2023b). FLARE: active retrieval
augmented generation with adaptive triggering.

» Edge et al. (2024). GraphRAG: a graph-based
approach to query-focused summarization.

* Jin et al. (2025). Search-R1: training LLMs to
reason and leverage search engines with rein-
forcement learning.

* Yang et al. (2024a). CRAG: a comprehensive
benchmark for end-to-end RAG systems.

* Ni et al. (2025). A recent survey on trustworthy
RAG, covering robustness and reliability.

A complete reading list of ~2000 papers, organized

by topic and continuously updated, is available at
the tutorial’s online companion'.

7 Societal Impact

Positive impacts: More reliable LLM systems in
high-stakes domains; better-informed deployment
decisions grounded in evidence from ~2000 pa-
pers and the tutors’ real practice; acceleration of
research toward robust retrieval-augmented archi-
tectures; democratized access through openly avail-
able interactive survey materials.

Potential concerns: Improved RAG performance
could create false confidence if systems are de-
ployed without rigorous evaluation—we explicitly
discuss current limitations. Adversarial robustness
remains an open challenge, and no existing defense
is universally robust. We emphasize that current
RAG techniques significantly reduce but do not
eliminate hallucination risk.

8 [Ethics Statement

This tutorial covers RAG techniques whose primary
goal is to reduce hallucinations and improve LLM
factual reliability—an inherently ethics-positive ob-
jective. Still, several considerations arise. First,
RAG reduces but does not eliminate hallucination
risk, and improved performance may encourage de-
ployment with insufficient human oversight; we
address current limitations throughout and cau-
tion against treating RAG as a complete factual-
ity solution. Second, agentic RAG and deep re-
search systems that autonomously browse and syn-
thesize web content pose dual-use concerns: the
same capabilities enabling trustworthy information
gathering could produce more convincing source-
grounded disinformation. We discuss adversarial
robustness and responsible deployment as open
challenges. Third, retrieval over personal or sensi-
tive data—especially for the wearable device appli-
cations covered—raises privacy concerns requiring
appropriate access controls and data governance.
Finally, this tutorial uses Al-assisted analysis of
~2000 papers; all Al-generated summaries are cu-
rated and verified by the presenters for accuracy
and proper attribution.

9 Limitations

This tutorial has no venue-specific limitations: the
topic is broadly relevant, not region-specific, and
requires only standard presentation equipment.



10 Tutors

We have a strong set of tutors, including early inven-
tors of RAG, active researchers, industry practition-
ers (with extra insights from wearables devices),
and strong system builders. The same team also
hosted KDDCups on RAG (CRAG (Yang et al.,
2024a), CRAG-MM (Wang et al., 2025a)) in the
past two years.

10.1 In-Person Presenters

Xin Luna Dong (Email: lunadong@meta.com.
Phone: 1-201-650-3494) (Corresponding Tutor)
is a Principal Scientist at Meta Wearables Al, where
she leads the RAG and Agentic Al efforts for build-
ing trustworthy and personalized assistants on wear-
able devices. Previously, she spent over a decade
advancing knowledge graph technology, including
the Amazon Product Graph and the Google Knowl-
edge Graph. She is co-author of Machine Knowl-
edge: Creation and Curation of Comprehensive
Knowledge Bases and Big Data Integration. She
was named an ACM Fellow and an IEEE Fellow for
"significant contributions to knowledge graph con-
struction and data integration", awarded the VLDB
Women in Database Research Award and VLDB
Early Career Research Contribution Award, and
invited as an ACM Distinguished Speaker. She
has presented many tutorials in the past at KDD,
WebConf, WSDM, ACL, VLDB, SIGMOD, etc.
She serves in the PVLDB advisory committee,
was a member of the VLDB endowment, a PC
co-chair for KDD’2022 ADS track, WSDM’2022,
VLDB’2021, and Sigmod’2018.

Sanat Sharma is a Research Engineer at Meta Re-
ality Labs, working on LLMs, RAG, post training,
and NLP. Sanat has contributed to multiple confer-
ence papers in venues like ICLR, CVPR, SIGIR,
AAALI ICDM, ECIR. Sanat was an organizer for
the KDD 2025 Cup.

Jiaqi Wang is a Machine Learning Engineer at
Meta Reality Labs. Her recent work focuses on
RAG and Multimodal LLMs. She built the CRAG-
MM benchmark and organized the associated KDD
Cup competition and workshop. Prior to Meta,
she developed personalized ranking models for e-
commerce recommendation systems.

Yinglong Xia is an Applied Research Scientist at
Meta Recommendation Systems (MRS), where he
focuses on large-scale recommendation systems
with knowledge-driven Al technology for person-
alization. Prior to that, he was a Chief Architect

on Enterprise Al at Futurewei / Huawei US, and
a Research Staff Member and a Postdoc at IBM
T.J. Watson Research Center. He published 100+
technical papers and 40+ patents. He is active in
professional activities, such as serving as an AE
for IEEE TBD/TKDE, an ADS area chair at KDD
2025 and 2026, an industry co-chair at CIKM 2024
and WSDM 2026, etc.

Xiao Yang is a Research Scientist at Meta Reality
Labs. Her recent research focuses on RAG, factual-
ity, and agentic Al. Prior to Meta, Xiao focused on
Natural Language Understanding at Siri, Apple Inc.
Xiao published multiple papers in major Al venues
like NeurIPS, EMNLP, NAACL. She also served
as the organizer of 2024 and 2025 KDD Cups.

10.2 Contributors

Kai Sun is a Research Scientist at Meta Reality
Labs. His recent research focuses on RAG, LLM
factuality, and knowledge retrieval, particularly for
applications on wearable devices. He served as an
organizer for the 2024 and 2025 KDD Cups, both
focused on RAG, and has been an area chair for
major NLP venues since 2022.

Scott Wen-tau Yih is a Research Scientist at Meta
Fundamental Al Research (FAIR) and an affili-
ate professor at University of Washington. Prior
to this, he held notable positions as Principal Re-
search Scientist at the Allen Institute for Artificial
Intelligence (2017-2019) and Senior Researcher at
Microsoft Research (2005-2017), after receiving
his PhD from the University of Illinois at Urbana-
Champaign in 2005. Dr. Yih has published numer-
ous influential papers, including WikiQA, DPR,
and RAG, which have garnered significant recog-
nition. He received the best paper award from
CoNLL’11 and an outstanding paper award from
ACL’15. Additionally, he has served in various
leadership roles within the NLP and ML com-
munities, including program co-chairs (CEAS’09,
CoNLL’14, EMNLP’21) and senior area chairs for
NLP (ACL, NAACL, EMNLP, EACL) and ML
(ICLR, NeurIPS) conferences. In 2024, Dr. Yih
was selected as an ACL Fellow for “significant con-
tributions to information extraction and question
answering, neural retrieval and retrieval-augmented
generation.”

Franklin Zhang is a student at UW CSE, respon-
sible for the infrastructure and maintenance of the
Online Al Companion, and actively shapes the tu-
torial content with fresh learning perspectives.
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