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Roadmap: three papers

• 1. Memory in the Age of AI Agents: A Survey
• 2. Zero-RAG: Towards RAG with Zero Redundant Knowledge
• 3. From Local to Global: A GraphRAG Approach to Query-Focused 

Summarization



Memory in the Age of AI Agents: A Survey

Authors: Hu et al.



Motivation

The literature on agent memory is fragmented
•Many works study “memory” but with very different meanings
•Terms such as:
 •episodic memory
 •RAG memory
 •KV memory
•Existing surveys do not capture recent developments

This paper proposes a unified taxonomy of agent memory:
Forms – Functions – Dynamics



Motivation



Agent & Memory Formalization 
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Forms of Memory – Token-level
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Forms of Memory



Forms of Memory -- Parametric



Table 2 Taxonomy of parametric memory 
methods. We categorize existing works based 
on the storage location relative to the core 
model: Internal Parametric Memory embeds 
knowledge directly into the original weights, 
while External Parametric Memory isolates 
information within auxiliary parameter sets. 
Based on the training phase, we performed a 
secondary classification of the articles. 
Methods are compared across three 
technical dimensions: (1) Type defines the 
nature of the memory, (2) Task specifies the 
target downstream application, and (3) 
Optimization denotes the optimization 
strategy, such as SFT, FT (fine-tuning) , and PE 
(prompt engineering).
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Forms of Memory -- Latent



Forms of Memory -- Latent

Table 3 Taxonomy of latent 
memory methods. We categorize 
existing works based on the 
origin of the latent state: 
Generate synthesizes memory 
via auxiliary modules, Reuse 
propagates internal 
computational states, and 
Transform compresses, 
modifies or restructs existing 
latent state. Methods are 
compared across three 
technical dimensions: (1) Form 
specifies the specific data type 
of the latent memory, (2) Type 
defines the nature of the 
recorded content (e.g., Working, 
Factual, and Experiential), and 
(3) Task denotes the target 
downstream application.
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Functions of Memory





Functions of Memory – Factual
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Functions of Memory – Experiential
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Functions of Memory -- Working



Table 6 Taxonomy of working 
memory methods. We categorize 
approaches into Single-turn and 
Multi-turn settings based on 
interaction dynamics. Methods 
are compared across three 
technical dimensions: (1) 
Carrier (Section 3) identifies the 
storage medium, (2) Task 
specifies the evaluation domain 
or application scenario, and (3) 
Optimization denotes the 
integration strategy, where PE 
encompasses prompt 
engineering and inference-time 
techniques without parameter 
updates, distinct from gradient-
based methods like SFT and RL.



Memory Dynamics



Memory Dynamics
Figure 8 The operational dynamics of agent 
memory. We decouple the complete memory 
lifecycle into three fundamental processes 
that drive the system’s adaptability and self-
evolution: (1) Memory Formation transforms 
raw interactive experiences into information-
dense knowledge units by selectively 
identifying patterns with long-term utility; (2) 
Memory Evolution dynamically integrates 
new memories into the existing repository 
through consolidation, updating, and 
forgetting mechanisms to ensure the 
knowledge base remains coherent and 
efficient; and (3) Memory Retrieval executes 
context-aware queries to access specific 
memory modules, thereby optimizing 
reasoning performance with precise 
information support. The alphabetical order 
denotes the sequence of operations within 
the memory systems.



Memory Dynamics -- Formation



Table 7 Taxonomy of memory 
formation methods. We classify 
approaches based on the memory 
formation operations. Methods are 
analyzed across three technical 
dimensions: (1) Sub-Type identifies 
the specific variation or scope, (2) 
Representation Form specifies the 
output format, and (3) Key 
Mechanism denotes the core 
algorithmic strategy.













Memory Dynamics
Figure 8 The operational dynamics of agent 
memory. We decouple the complete memory 
lifecycle into three fundamental processes 
that drive the system’s adaptability and self-
evolution: (1) Memory Formation transforms 
raw interactive experiences into information-
dense knowledge units by selectively 
identifying patterns with long-term utility; (2) 
Memory Evolution dynamically integrates 
new memories into the existing repository 
through consolidation, updating, and 
forgetting mechanisms to ensure the 
knowledge base remains coherent and 
efficient; and (3) Memory Retrieval executes 
context-aware queries to access specific 
memory modules, thereby optimizing 
reasoning performance with precise 
information support. The alphabetical order 
denotes the sequence of operations within 
the memory systems.



Figure 9 The landscape of Memory Evolution 
mechanisms. We categorize the evolution 
process into three distinct branches that 
maintain the central Memory Database: (a) 
Consolidation synthesizes insights by 
processing raw materials through local 
consolidation, cluster fusion, and global 
integration; (b) Updating ensures accuracy 
and consistency by performing conflict 
resolution on external databases and 
applying parameter updates to the internal 
model; and (c) Forgetting optimizes 
efficiency by pruning data based on specific 
criteria: time expiration, low access 
frequency, and low informational value. The 
outer ring displays representative frameworks 
and agents associated with each evolutionary 
mechanism.

Memory Dynamics -- Evolution
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Memory Dynamics
Figure 8 The operational dynamics of agent 
memory. We decouple the complete memory 
lifecycle into three fundamental processes 
that drive the system’s adaptability and self-
evolution: (1) Memory Formation transforms 
raw interactive experiences into information-
dense knowledge units by selectively 
identifying patterns with long-term utility; (2) 
Memory Evolution dynamically integrates 
new memories into the existing repository 
through consolidation, updating, and 
forgetting mechanisms to ensure the 
knowledge base remains coherent and 
efficient; and (3) Memory Retrieval executes 
context-aware queries to access specific 
memory modules, thereby optimizing 
reasoning performance with precise 
information support. The alphabetical order 
denotes the sequence of operations within 
the memory systems.



Memory Dynamics -- Retrieval



Figure 10 Taxonomy of memory 
retrieval methodologies in agentic 
systems. The mindmap organizes 
existing literature into four distinct 
phases of the retrieval pipeline: 
Timing and Intent, which governs 
the initiation of the process; Query 
Construction, covering techniques 
for query decomposition and 
rewriting; Retrieval Strategies, 
categorizing search paradigms into 
lexical, semantic, graph-based, 
and hybrid approaches; and Post-
Retrieval Processing, which 
focuses on refining outputs through 
re-ranking, filtering, and 
aggregation.



Resources & Benchmarks

Table 8 Overview of benchmarks relevant to LLM 
agent memory, long-term, lifelong learning, and 
self-evolving evaluation. The table covers two 
categories of benchmarks: (i) benchmarks 
explicitly designed for memory-, lifelong learning-
, or self-evolving agent evaluation, and (ii) other 
agent-oriented benchmarks that implicitly stress 
long-horizon memory through sequential, multi-
step, or multi-task interactions. Fac. and Exp. 
indicate whether a benchmark evaluates factual 
memory or experiential (interaction-derived) 
memory, respectively. MM. denotes the presence 
of multimodal inputs, while Env. indicates 
whether the benchmark is conducted in a 
simulated or real environment. Feature 
summarizes the primary capability under 
evaluation, and Scale reports the approximate 
benchmark size in terms of samples (s.) or tasks 
(t.). PDDL denotes commonly used PDDL-based 
planning subsets.



Benchmarks & Dataset

Table 9 Overview of representative 
open-source memory frameworks for 
LLM-based agents. The table 
compares widely used frameworks in 
terms of the types of memory they 
support (factual vs. experiential), 
multimodality, internal memory 
structure, and reported evaluation 
benchmarks. Fac. and Exp. denote 
factual and experiential memory, 
respectively, MM. indicates 
multimodal memory support, and 
Structure summarizes the core 
memory abstraction or organization 
mechanism adopted by each 
framework. Evaluation lists publicly 
reported benchmarks used to assess 
memory-related capabilities, when 
available.



Positions and Frontiers

• A shift from memory retrieval to memory generation
Instead of only retrieving stored memory, future agents may actively generate, compress, and 
reorganize memory to better support the current task.
• Automated memory management
Current systems are still largely hand-crafted. A key next step is to let agents automatically decide 
what to store, update, consolidate, and forget.
• Reinforcement learning for memory control
The paper highlights a shift from heuristic memory pipelines to RL-driven memory policies, where 
agents learn when and how to manage memory through interaction.
• Multimodal and shared memory
As agents move into richer environments, memory should support text, image, video and other 
modalities, and in multi-agent settings, agents may need shared memory spaces for coordination 
and collaboration.
• Memory for world modeling
Memory should not only store past facts or experiences, but also help agents build a more coherent 
world model of the environment, enabling better long-horizon reasoning and planning.  
• Trustworthy and human-inspired memory
Future work must address memory errors, hallucinated memories, privacy and reliability, while also 
drawing inspiration from human cognition, such as consolidation and more structured long -term 
memory organization.



Zero-RAG: Towards RAG with 
Zero Redundant Knowledge

Authors: Qi Luo, Xiaonan Li, Junqi Dai, Shuang Cheng, Yining Zheng, Xipeng Qiu

Presented By: Jacob Huynh



Background Context
Understanding the foundation: Retrieval-Augmented Generation



Retrieval-Augmented Generation (RAG) enhances Large Language Models 

(LLMs) by grounding them in external knowledge, bridging the gap between 

frozen internal weights and dynamic data.

The Goal: Reduce hallucinations and provide accurate, domain-specific 

answers.

1. Retrieve: User queries are searched against an external database (via 

vector embeddings) to find highly relevant documents.

2. Augment: These documents are injected directly into the LLM's 

prompt context.

3. Generate: The LLM synthesizes a final answer using its internal 

reasoning and the factual context.

▹

▹

▹

What is RAG?



The Redundancy Problem
Why more data isn't always better for modern LLMs.



100
Days to Double

The Density Problem
As LLMs are trained on more data, the amount of world knowledge stored 

inside their parameters keeps growing. Recent research suggests this 

internal knowledge is doubling roughly every 100 days. 

What used to be useful external context is increasingly just a repeat of what 

the model already has.

Rapid Scaling of LLM Knowledge



Massive Overlap

● As LLMs scale, their internal memory grows, reducing the 

need for external data sources.

○ Llama 3.3-70B is able achieve at least 40% accuracy 

on Wikipedia-related questions.

● Indexing and retrieving information the model already 

knows is computationally expensive, slow, and redundant.

The Performance Drop

● Surprisingly, retrieving and feeding the LLM information it 

already knows actively distracts the model.

● The researchers observed that performance on 

"mastered" questions drops by ~20 percentage points 

when redundant knowledge is forcefully added to the 

LLM's context window.

The Redundancy Problem



1. Isolating Redundant Data

Redundancy occurs when external passages overlap significantly with LLM 

internal knowledge KM.

2. Retained Database

Our objective is to prune redundant knowledge to produce 

a concise, optimized corpus.

Subtracting redundant documents leaves only the 

information the model actually needs.

Formal Task Definition



Zero-RAG Architecture
A three-part solution to streamline retrieval.



System Overview

A Three-Part Pipeline

1. Mastery-Score (Corpus Pruning): Evaluates and physically removes 

passages from the database that the LLM already knows.

2. Query Router: A gatekeeper that determines if an incoming query can be 

answered purely from internal memory, bypassing retrieval entirely.

3. Noise-Tolerant Tuning: Fine-tunes the LLM to remain robust and trust its 

internal knowledge even if irrelevant or distracting documents are 

retrieved.



How do we systematically test what the LLM actually knows? Memorization does not equal utilization.

1. Construct QA Pairs

Take a sentence from the database. Use 

an LLM (e.g., GPT-4o-mini) to generate 

multiple Question-Answer pairs directly 

based on that sentence.

2. Compute EM Score

Prompt the main LLM with the generated 

questions. Calculate the Exact Match 

(EM) score to see if it provides the 

correct short answer.

3. Train Proxy Model

Testing 138M Wikipedia sentences is too 

costly. Train a smaller 7B regression 

model to predict this score based purely 

on reading the sentence text.

Module 1: The Mastery-Score



QA Pairs

When Llama 3-70B was asked four unique questions based on this sentence 

without any RAG context, it answered all 4 with 100% accuracy -> Mastery 

Score of 1

"Queen Victoria became Empress of India in 1876."

Creating QA Pairs and EM Score Calculation

Who became Empress of India in 1876? -> Queen Victoria

In what year did Queen Victoria become Empress of India? -> 1876

…

EM Score Calculation



Bottleneck
Testing all 138 million Wikipedia sentences with the massive 70B model is extremely computationally expensive.

Training the Proxy Model

Solution
Researchers created a training subset mapped to the calculated EM scores and used it to train a smaller 7B parameter regression 

model.

● Ex: ("Queen Victoria became Empress of India in 1876.", 1)

Objective
The 7B model is fine-tuned to minimize Mean Squared Error (MSE) to learn to predict the larger model’s redundancy score purely on 

the sentence text.



Prediction
The trained 7B model can now take in raw database text and output 

a redundancy score from 0 to 1.

Deploying the Proxy

Dynamic Thresholding
Any sentence that receives a high score (above the pre-defined 𝛕) is 

flagged as “mastered” by the LLM.

Result
These redundant sentences are permanently pruned, leaving a highly 

optimized and non-redundant corpus for retrieval



The Intelligent Gatekeeper

Even with a pruned database, running a retrieval step for a known question 

wastes time and risks retrieving confusing noise. The Query Router 

bypasses retrieval entirely if the LLM is confident.

Training Data: Queries are tested and labeled in binary: Mastered vs 

Unmastered.

Mechanism: A neural network trained via binary classification loss.

▹

▹

Module 2: The Query Router



To bulletproof the LLM against bad search results, it is fine-tuned to ignore irrelevant documents and trust its internal memory using three scenarios.

1. Retrieval-Free

Input: Query q only.

Target: Answer a.

Forces the model to rely purely on its 

internal knowledge without any context.

2. Retrieval-Augment

Input: Query q + Relevant Docs rp.

Target: Answer a.

Reinforces standard RAG behavior, 

extracting facts from good sources.

3. Noise-Suppression

Input: Query q + Irrelevant Docs rn.

Target: Answer a.

Teaches the model to actively ignore 

unhelpful text and fall back on its 

memory.

Module 3: Noise-Tolerant Tuning



Each term addresses a distinct failure mode:
● Without the retrieval-free term, the model becomes dependent on 

always having context. 

● Without the retrieval-augment term, it forgets how to use good 

documents. 

● Without the noise-suppression term, it gets confused by irrelevant 

ones.

Unified Fine-Tuning Loss



1. Pre-Processing

The original Wikipedia database is processed. The 

Corpus Pruner assigns Mastery-Scores and deletes 

high-scoring sentences permanently.

2. Query Routing

A user submits a query. The Query Router evaluates 

it in real-time to check if the LLM already possesses 

the internal knowledge to answer it.

3. Final Inference

If "Mastered", the LLM answers from memory. If 

"Unmastered", it searches the pruned DB and uses its 

noise-tolerant training to answer safely.

Zero-RAG Inference Pipeline



Experiments & Results
Proving the efficiency and accuracy of Zero-RAG.



Four Distinct Datasets Implementation Details

EntityQuestions: Simple, structured queries about specific 

entities.

TriviaQA: Large-scale trivia questions requiring broad world 

knowledge.

PopQA: Questions generated from templates based on 

popular entity pairs.

HotpotQA: Complex queries needing multi-hop reasoning 

across documents.

Database: Entirety of Wikipedia, segmented into exactly 

138,390,600 sentences.

QA Generation: GPT-4o-mini used to generate training pairs.

Models Tested: Llama3-70B, Llama3.3-70B, and Llama3-8B.

Retriever: stella_en_400M_v5 (fetching top 20 candidates).

▹

▹

▹

▹

▹

▹

▹

▹

Experimental Settings



Key Findings
● Standard RAG actually lowered scores on HotpotQA, TriviaQA, and 

EntityQuestions due to the distraction penalty.

○ WIth Noise-Tolerant Tuning, RAG actually helps.

● Pruning 30% of the database resulted in an average drop of less than 2 

points compared to 0% pruned.

● On TriviaQA, deleting a massive 70% of the database caused an 

insignificant point drop.

Main Results (Llama 3.3-70B)



Key Findings
● Removing Query Router: Drops performance because the system performs 

unnecessary retrievals for known questions, pulling in noise.

● Removing Noise-Tuning: Causes the most severe drop. The model loses its 

robustness against irrelevant search results.

Ablation Studies



Faster Backend Processing
● By pruning 30% of the redundant sentences from the massive 

Wikipedia database, the system experiences a marked decrease in 

latency across all datasets.

Retrieval Efficiency & Speed

time measured in seconds



1. Sampling Bias in Proxy Training
The 7B classifier is only as good as the subset used to train it. If the sampled sentences over-represent common factual content and under-represent 

technical or niche domains, the classifier will systematically mislabel whole categories — potentially pruning knowledge the LLM actually needs.

2. Wikipedia-Only Evaluation
All experiments use Wikipedia as the corpus. It's unclear whether Zero-RAG generalizes to domain-specific corpora like medical literature, legal 

documents, or internal enterprise knowledge bases — where the LLM's internal knowledge overlap would likely be much lower, making aggressive 

pruning riskier.

3. Mastery-Score is LLM Specific
The pruned corpus is calibrated to a specific model (e.g. Llama3.3-70B). If you swap in a different LLM, the corpus needs to be re-pruned from 

scratch. This makes Zero-RAG expensive to maintain as models get updated, which happens frequently.

Limitations



From Local to Global: A GraphRAG 
Approach to

Query-Focused Summarization

Presented by Henry Chen

Darren Edge, Ha Trinh, Newman Cheng, Joshua Bradley, Alex Chao, Apurva Mody, Steven Truitt, Dasha 
Metropolitansky, Robert Osazuwa Ness, Jonathan Larson



The Limits of Conventional RAG
78

● Conventional Vector RAG retrieves specific records based on semantic similarity.

● This works well for localizing specific facts, but fails at sensemaking queries that require a global 
understanding of the entire dataset.

● Sensemaking inherently requires reasoning over connections across the corpus to anticipate 
trajectories and synthesize themes



GraphRAG
79

● GraphRAG enables global 
sensemaking over large, private text 
corpora.

● It bridges the gap between retrieval 
and query-focused summarization.

● The system uses Large Language 
Models to construct a knowledge 
graph from the text, partition it into 
communities, and pre-generate 
summaries.



GraphRAG Pipeline Architecture
80

● The pipeline is divided into Indexing 
Time and Query Time.

● At indexing time, text is converted 
into a graph, partitioned into 
communities, and summarized.

● At query time, the system uses those 
pre-generated community summaries 
to construct a global answer.



Text Chunking & Extraction
81

● Source documents are split into 
fixed text chunks.

● An LLM is prompted to extract 
instances of entities (people, 
places, organizations) and the 
relationships between them.

● The LLM also extracts "claims" 
which are important factual 
statements about the detected 
entities.



Building the Knowledge Graph
82

● Extracted element instances are 
aggregated into a single knowledge graph.

● Entity descriptions are summarized for 
each node.

● Relationships are aggregated into edges, 
where the number of duplicate relationship 
extractions acts as the edge weight.



Community Detection
83

● The graph is partitioned using the 
Leiden community detection 
algorithm.

● This is done hierarchically, recursively 
breaking the graph down into sub-
communities until reaching indivisible 
leaf communities.

● This nested modularity allows for 
"divide-and-conquer" global 
summarization



Community Summarization
84



Query Time
85

● Map Step: Community summaries are 
used in parallel to independently generate 
intermediate, partial answers to the 
query.

● Each partial answer is given a helpfulness 
score from 0-100 by the LLM.

● Reduce Step: The most helpful 
intermediate answers are sorted and 
combined into a final context window to 
generate the global answer.





Adaptive Benchmarking & LLM as a Judge
87

● The LLM infers potential system 
users and their tasks to generate 
125 corpus-specific 
sensemaking queries per 
dataset.

● Performance is evaluated using 
an "LLM-as-a-judge" approach to 
compare generated answers 
from competing systems head-
to-head.





Experimental Setup
89

● Datasets: Two real-world datasets in the 1 
million token range: Podcast transcripts and 
a News article benchmark.

● Baselines: GraphRAG was tested at four 
community levels (C0 to C3) against a naive 
Semantic Search (SS/vector RAG) baseline 
and a direct Text Summarization (TS) 
baseline.

● All queries used a fixed 8k context window 
to ensure fair comparisons.



Head-to-Head Win Rates
90

● GraphRAG global approaches 
significantly outperformed 
conventional vector RAG on 
comprehensiveness and diversity.

● Comprehensiveness win rates over 
vector RAG ranged from 72-83% for 
Podcasts and 72-80% for News.



Context Window Efficiency
91

● Map-reduce summarization on raw 
source text (TS) is the most resource-
intensive approach.

● Root-level community summaries (C0) 
require dramatically fewer tokens per 
query (up to 97% fewer).

● GraphRAG provides highly efficient 
iterative query answering with a very 
modest drop in performance 
compared to raw text summarization.



Verifying Subjective Results
92

● Comprehensiveness: Measured by the average number of factual claims extracted from the 
generated answers

● Diversity: Measured by grouping the extracted claims and calculating the average number 
of distinct claim clusters per answer.



Conclusion & Future Work
93

● Combining knowledge graph generation with summarization effectively scales to 
support human sensemaking over entire corpora.

● Future iterations could involve hybrid RAG schemes that combine embedding-based 
local matching with GraphRAG's community reports.

● Exploratory "drill-down" mechanisms could be implemented to allow users to follow 
the information scent from higher-level to lower-level summaries.



Questions?
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