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LLM Agents

d LLM agent: A (semi)-autonomous
system in which an LLM serves as the r_’ ﬂ
central decision-making component,  Environment | 8 .
coordinating reasoning, tool use, oyor s L :
memory, and actions to achieve goals Wﬂﬁfgéfléﬁ?g‘”?  mor . Kop
Q LLM agents represent a major evolution 4 ‘“ \: @]
from traditional LLMs. Instead of Reasoning from L i (L @ ECSWWW’&RM o |
functioning solely as next-token eates eports on '] @ Deciion iaking
predictors, agents are designed “ibenn | [ O J
to perceive, reason, plan, act, and ot e ]
learn while interacting with external @& - | |
environments, tools, humans, and L e et Tl
other agents. sdo\ Language Model Based Agents:

A Survey.

ad The emergence of LLM agents has transformed LLMs from passive assistants into active
problem solvers capable of handling complex, long-horizon tasks.



A Brief History of LLM Agents

O Pre-LLM Intelligent Agents: Possessed planning and action capabilities but lacked flexible natural
language reasoning.

O Research roots can be traced to: Classical Al planning, Reinforcement learning agents, Belief-
Desire-Intention (BDI) agents, Autonomous software agents, Multi-agent systems, Robotics
agents

O Tool-Augmented LLMs: Set the foundation of agent architectures
O Early milestones: Toolformer, ReAct, WebGPT
O Key idea: LLMs can Think, Invoke tools, Observe results, Continue reasoning
O Autonomous Agents
2023 witnessed the emergence of: AutoGPT, BabyAGI, MetaGPT, CAMEL

0 These systems demonstrated: Goal decomposition, Long-horizon execution, Self-reflection, Multi-
agent collaboration

Od Emerging Research Frontiers (2025-2026)

O  Agentic RAG / Reasoning-Acting Integration / Multi-Agent Collaboration / Long-Term Memory
Agents / Computer-Use Agents / Embodied Foundation Agents / Self-Improving Agents



LLM-based Autonomous Agent: Architecture Design Framework
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* Z.Xi, W. Chen, X. Guo, W. He, Y. Ding, B. Hong, M. Zhang, J. Wang, S. Jin, E. Zhou et al., “The rise and potential of

large language model-based agents: A survey,” arXiv:2309.07864, 2023.
* Z. Durante, Q. Huang, N. Wake, R. Gong, J. S. Park, B. Sarkar, R. Taori, Y. Noda, D. Terzopoulos, Y. Choi, K. Ikeuchi, H
Vo, L. Fei-Fei, and J. Gao, “Agent ai: Surveying the horizons of multimodal interaction,” arXiv:2401.03568

From: L. Wang, C. Ma,
X. Feng, Z. Zhang, H
Yang, J. Zhang, Z
Chen, J. Tang, X
Chen, Y. Lin et al., “A
survey on large
language model
based autonomous
agents,”
arXiv:2308.11432.

Other survey papers
on LLM agents



Research Challenges in Agent Technology

Q Reliability
O  Agents still: Hallucinate // Misplan // Misuse tools
Q Long-Horizon Tasks
O  Performance degrades as: Task Length ™ Success |,
O Memory Management
2  Problems: Memory pollution // Retrieval errors // Context overload
O Cost and Efficiency

d  Current agent systems often require: Many LLM calls // Long reasoning traces // Multiple
tools

O Safety and Alignment

2  Risks include Autonomous harmful actions // Tool abuse // Security vulnerabilities //
Deceptive behavior

a Evaluation Crisis

2  The field lacks: Standardized benchmarks // Reproducibility // Real-world evaluation
protocols
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LLM External Tool: ART

O An LLM can access external tools (e.g., external functions or services) to augment its functionality

O Several tool-aware prompting approaches have been developed to make usage of tools more scalable

d Automatic Multistep Reasoning and Tool-use (ART): Combines automated chain of thought prompting
with the use of external tools  NewTask (Physics QA) Answer this high-school physics question

Input: Hector yanks on the chain with a 72.0 N force at an angle of 35.0° above the horizontal. Determine the horizontal components of the tension force. |

TOOL LIBRARY

e Given a task and input, the system
first identifies similar tasks from a Code

. operations
task library.

CoT-style String

K Search Arithmetic 3
reasoning operations

Google

e These tasks are then used as
examples in the prompt, guiding the
LLM on how to approach and
execute the current task

e Effective when tasks require a
combination of internal reasoning
and external data processing or
retrieval.
B. Paranjape, S. Lundberg, S. Singh, H.
Hajishirzi, L. Zettlemoyer, and M. T. Ribeiro,

“Art: Automatic multi-step reasoning and
tool-use for large language models,” 2023.

¥
\—@—\—» TASK LIBRARY o

Solve these arithmetic problems using python code
Input: Viola had 167 breads. Nancy took 137from him. How

many does Viola have now?
Q1: [generate code] Write down arithmetic as python code
#1: viola_bought = 167, nancy_took = 137

Input: Hector yanks on the chain with a 72.0 N force at an angle of 35.0° above the horizortal.
Determine the horizontal components of the tension force.

Q1: [search] What is the formula for the horizontal component of the tension force?

#1: The formula for the horizontal component of the tension force is Tcos@. The horizontal
component (Fx) can be calculated as Ftens*cosine(B) where 6 is the angle which the force make
s with the horizontal in radians.

ans = viola_bought - nancy_took

Q2: [code execute] Execute snippet #2: 30 Q3: [EOQ] Ans: No LLM

Does the sentence contain an anachrornism? Yes/No.
Input: President George H. W. Bush called his generals at the outset of the

Gulf War.

Q1: [search] When was President George H. W. Bush, president?

#1: George H. W. Bush's tenure started on January 20, 1989,

and ended on January 20, 1993.

Q2: [search] When was the Gulf War fought? #2: The Gulf War was a 1990-1991
Q3: [subquestion] Could these entities have co-existed? #3: Yes. Their time
periods intersect.

Q4: [generate output] Is this an anachronism? #4: No @5: [EOQ] Ans: No

Input: ... Q1: [search] ...
#2:T=72.0, theta = 35.0
OpenAI Codex
Input: ...Q1: [search] .. #1: ...
Q3: [code execute] Execute the python code and get the value of "Fx"

#1: ... can be calculated as Ftens*cosine(8)where 6 is ...
Q2: [generate code] Use the formula Fx = Ftens*cosine(8) to solve: Hank ...
radians= math.pi*theta/180

Fx = T*math.cos(radians)

Q2: [generate code] Use the formula Fx = Ftens*cosine(8) to solve: Hank ...
#2: ... FX = T"math.cos(radians)

#3: 58.9789 thon

Q4: [EOQ] Ans: 58.9789 "' PY



LLM External Tool: Toolformer

Q Toolformer: Train an LLM to decide what tool to use, when,
and how to use it (even what parameters the API needs)

d Toolformer is built upon a pre-trained GPT-J model with 6.7B
parameters. Subset of CCNet as language modelling dataset.
It incorporates various tools: a calculator, a QA system, a

search engine, a translation system & a calendar

d Toolformer enables language models to learn tool usage in a

self-supervised manner in 3 steps

*  Sampling API calls using
in-context learning
* Executing and filtering 1
these API calls LM Dataset
*  Fine-tuning the model

on the filtered API calls X, = Pittsburgh is ¢! = What other name is

Sample API Calls

also known as Pittsburgh known by?
Pls see Aditya Sinha’s class X, , = the Steel City c2 = Which country is
presentation for more detail Pittsburgh in?

Examples of
using Toolformer

2
Execute API Calls

r.!t = Steel City

rf = United States

ﬁhe New England Journal of Medicine is a registered
trademark of [QA(“Who is the publisher of The New
England Journal of Medicine?”) — Massachusetts
Medical Society] the MMS.

Out of 1400 participants, 400 (or [Calculator(400 / 1400)
» 0.29] 29%) passed the test.

The name derives from “la tortuga®, the Spanish word for
[MT(“tortuga”) — turtle] turtle.

The Brown Act is California’s law

that requires legislative bodies, like
city councils, to hold their meetings open to the public.

3 LM Dataset
. — .

Filter API Calls with API Calls
L(c! — Steel City) X" = Pittsburgh is
<min(L(c;' =€), L(e)) also known as

[QA(What ...?

L(c?— United States) —s Steel City)]

min(LI.(cf —€), L(e)) the Steel City.

9 T.Schick, J. Dwivedi-Yu, R. Dess’i, R. Raileanu, M. Lomeli, L. Zettlemoyer, N. Cancedda, and T. Scialom, “Toolformer: Language models can teach themselves to use tools,” 2023
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Tools Play a Magic Role at
Mitigating Hallucination

A Hallucination: LLMs can produce very plausible

Q: “List the title, venue and authors of highly cited

but untruthful answers

papers on heterogeneous information network”

A: “Heterogeneous Information Network Analysis

and Mining: A Comprehensive Survey”, by Jiawei
Han, Micheline Kamber, and Jian Pei, KDD 2011
(cited over 4,300 times as of March 2023), ....

Q

d

There is no easy way for prompting or chain-

of-thought to do it right!

But ChatGPT gives a perfect and
comprehensive answer in June 2026!

a

What is the magic?

Exploring the power of tools like Google
Scholar

Below are some of the most influential and highly cited papers in the heterogeneous information network

(HIN) literature. They include foundational work on meta-paths, similarity measures, network mining, surveys,

and representation learning.

Title Venue
PathSim: Meta Path-Based Top-K VLDB Endowment (FVLDE
Similarity Search in Heterogeneous A(11), 2011)

Information Networks

HeteSim: A General Framework for IEEE Transactions on
Relevance Measure in Heterogeneous Knowledge and Data
Networks Engineering

Mining Heterogeneous Information SIGKDD Explorations

MNetworks: A Structural Analysis

Authors

Yu, Tianyi Wu & linois Eperss +

Chuan 5hi, Xiangnan Kong, Yue Huang,
Philip 5. Yu, Bin Wu X =i

¥izhou Sun, liawei Han # FMC

Chuan 5hi, Yitong Li, Jiawei Zhang, Yizhou

Yuxiae Dong, Nitesh V. Chawla, Ananthram

Yu Shi, Po-Wei Chan, Honglei Zhuang, Huan

Daockun Zhang, Jie Yin, Xingquan Zhu,

Approach

A Survey of Heterogeneous Information |EEE Transactions on

MNetwork Analysis Knowledge and Data Sun, Philip 5. Yu X aw
Engineering

metapath2vec: Scalable Representation ACM SIGKDD Conference on

Learning for Heterogeneous Networks Knowledge Discovery and Swami  @% Microsoft
Data Mining

PReP: Path-Based Relevance from a ACM SIGKDD Conference on

Probabilistic Perspective in Knowledge Discovery and Gui, Jiawei Han B PMC

Heterogeneous Information Networks Data Mining

MetaGraph2Vec: Complex Semantic Pacific-Asia Conference on

Path Augmented Heterogeneous Knowledge Discovery and Chenggi Zhang ¥ =civ

Network Embedding Data Mining

N

Historical impact
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The Landscape of Agentic Tasks:

Where LLM Agents Are Deployed Today

Agentic coding

edit, run, and debug code
across a repo

Computer / browser use

click, type, and navigate real
GUlIs

Search & deep research

gather and synthesize evidence

Data analysis

guery, transform, and chart
data

Workflow automation

orchestrate tools and APIs

J

Scientific discovery

propose and test hypotheses

[Common thread. Everyone is a loop: The agent gathers context, decides an action, observes the result, and repeats. J




Anatomy of an Agentic Task: Coding

Coding: THE GATHER - PLAN - ACT - OBSERVE LOOP

( )

Task " " Environment
ent
“fix the failing test” gent ( )

file system

shell
’ test runner
Gather . Plan . Execute . Observe linter
read files, run grep decide the next edit edit code, run tests read output & errors
J . J . ) . J Claude Code
A |
1 | Cursor
repeat until the test passes Codex
. J

[The agent’s real skill is managing context—deciding what to read, keep, and act on at each step (search!) J

13



What Fills the Context Window

AN AGENT STEP IS MOSTLY CONTEXT ENGINEERING

INSTRUCTIONS

system prompt, rules, tool definitions

System prompt
B Tool definitions

Rules L

B skills e

e CAPABILITIES

@ Subagent definitions

) , tools, MCP servers, sub-agents, skills
Summarized conversation

Conversation \

Agent ~ GPT-5.5 the conversation, files, and a running summary

Context composition of a coding agent (Cursor).

14



LLM vs. Naive RAG vs. Agent: Three Levels of Access to the World

O  Answers from parametric O Retrieves once, then answers @ Decides when & what to
memory only retrieve, in a loop

0 O Single-shot external context
No external access @ Multi-step tool use + reasoning

Better grounding, but static

O Fast, but frozen & can hallucinate retrieval O

Gathers, verifies, and acts until
done
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Agentic Search vs. Single-Shot RAG: Search Becomes a Decision, Repeated

Single-Shot RAG

[ Query ] [Retrieve (once)] [ Generate ] [ Answer ]

Agentic search
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loop: search more until the evidence is enough

[The rest of this part: how agents learn to run this loop well — first without RL (prompting & reflection), then with RL. }




ReAct: Reasoning x Acting

Non-RL Foundations - Interleave Thoughts with Tool Actions

e N
LLM policy action
Thought,: reason
Action.: act <
observation
- y,

-
Environment
search[entity]
lookup[string]
. finish[answer]

repeat the Thought - Action - Observation cycle until finish[answer]

Example trace

Thought I need the composer
of the opera..

Action search[opera]

Obs ..premiered 1902..
Thought now find the
composer...

Action lookup[composer]

Obs ..by Debussy..

Action finish[Debussy]

Key idea. Reasoning and acting in one trace — reasoning plans the next action; observations ground the next
thought. Pure prompting, no training.

Yao et al., “ReAct: Synergizing Reasoning and Acting in Language Models,” ICLR 2023. (Original schematic.)

17



Self-RAG: Retrieve, Generate, Critique

Non-RL Foundations - A Model That Reflects With Special Tokens

for each passage (parallel)

generate [ ISREL relevant? ]
directly
I no generate segment r
f . ) . Critique-guided
Input RetneVE? yes Retrlever [ ISSUP Suppor\ted? ] be:m sgarch
A | (token) ) K passages [ O ] select best segment
| . \
! |
""""""""""""" nextsegment
Four reflection tokens (added to the vocabulary) Trained offline

GPT-4 labels = critic model - augments corpus

Retrieve on-demand ISREL relevance ISSUP support ISUSE utility , ,
- generator learns to emit the tokens itself.

Asai et al., “Self-RAG: Learning to Retrieve, Generate, and Critique through Self-Reflection,” ICLR 2024.

18



FLARE: Forward-Looking Active Retrieval

Non-RL Foundations - Retrieve Only When The Model Is Unsure

accept the
sentence
I no
Generate a
temporarv hext ml;zrkr?oiﬁ::;}, / Retrieve Regenerate
P y . (BM25 / Bing) the sentence
sentence ask a question

continue to the next sentence

Joe Biden attended the University of < Low- Two variants. FLARE-direct uses the
confidence span triggers a search

sentence itself; FLARE-instruct prompts the
The model’s own look-ahead becomes both the trigger and the query. model to emit [Search(q) ]. Training-free.

Z. Jiang et al., “Active Retrieval Augmented Generation (FLARE),” EMINLP 2023. (Original schematic.)
19



Search-o1: Agentic Search in the Reasoning Chain

Non-RL Foundations - A Reasoning Model That Searches Mid-thought

<|begin_search_query|>

4 ™ ) . f ™)
Reasoning chain ] Reason-in-Documents .
Retriever Inject &

large reasoning — (Bing) —> condense docs using > continue

model (o1-style) -> documents query + prior reasoning reasoning
hits a knowledge gap ) . J . - refined knowledge )

B (@ E—E————_ J
search as many times as needed, then answer <|begin_search_result|>

The novelty: the Reason-in-Documents step distills long retrieved text into a concise fragment, so external

knowledge enters the chain without breaking its coherence.

Li et al., “Search-o1: Agentic Search-Enhanced Large Reasoning Models,” EMINLP 2025. (Original schematic.)
20
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Non-RL Agentic $earch: A Summary

Smarter Loops Over a Frozen Model — Then RL

Method Core idea How Signature

ReAct interleave thought + action prompting search/lookup/finish

Retrieve / ISREL /

Self-RAG retrieve & self-critique trained tokens ISSUP / TSUSE
FLARE retrieve when unsure prompting confidence threshold 6
Search-o1l search inside the reasoning chain prompting (LRM) Reason-in-Documents

The limitation. All of these make a frozen model search more cleverly — the model never gets better at searching.

Next: use reinforcement learning to train the policy itself — so the agent learns search strategies that transfer.
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Two Ways to Make an Agent Self-Evolve:
Change the Weights, or Accumulate Experience

\_

Parametric Evolution update &

Post-train the policy (RL, DPO, SFT) so the agent gets
durably better at the task.

@ Capability baked into the weights

@ Strong, persistent gains — the engine of search agents

@ Costly; risks catastrophic forgetting

DeepRetrieval - Search-R1 - s3 - Harness-1

Experience I/O memory & sSRills

Keep weights frozen; write & read an external store of
experience the agent grows over time.

@ Capability lives outside the weights
@ Cheap, modular, continual — no retraining

@ Bounded by the frozen model’s ability

dynamic stores - reflective memory - skill libraries
- y,

Framing: Jiang et al., “Adaptation of Agentic Al: A Survey of Post-Training, Memory, and Skills,” 2026.
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Parametric Evolution: The Post-Training Pipeline

Where Reinforcement Learning Enters

Pre-training

next-token prediction on web-
scale text

broad knowledge,
no task alignment

Supervised
Fine-Tuning

imitate curated demonstrations

follows instructions,
learns formats

Alignment:
RL / Preference

optimize against a reward signal

RLVR — our focus

Key idea. Pre-training and SFT teach broad ability; RL then optimizes behavior against an outcome — which is
exactly what lets us train an agent to search well.

Ouyang et al., “Training LMs to follow instructions with human feedback,” NeurlPS 2022.




From RLHF to RLVR: Replace the Reward Model with a Verifiable One

RLVR rewar
&deepseek Al
_ ~ ok
r=1lg=y*
A rule-based, checkable reward (is the answer

correct? does the code pass?) — no reward
model needed.

DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via

Reinforcement Learning \ J
DeepSeek-R1-Zero. Pure RL with verifiable
DeepSeek-Al rewards elicited emergent multi-step
research@deepseek. com reasoning — the recipe behind RL search
agents.
[ Why it matters for search. Retrieval recall and answer correctness are verifiable — perfect RLVR rewards. J

Guo et al., “DeepSeek-R1,” 2025. RLHF - RLVR
24



The RL Algorithms: PPO & GRPO: How the Policy Is Actually Updated

PPO — actor + critic
LT — Flmin(p, Ay, clip(pg, 1 —€,1+¢€) Ay)]

Reference
Model

PPO

Reward
Model

Value
Model

GAE [+ 4 | Clipped objective with a learned value

Trained network (critic); stable but heavier.
Models - y,

GRPO — critic-free

]
—
(=]
N
[¢]
=

Reference Models
Model E Drop the critic: normalize
E *‘aﬁéﬁ‘fm% [A_ZJ Az == mean(r) rewards across a group of
std(r) samples. Lighter; popularized
E E \ by DeepSeek-R1. )

[ For search agents: either optimizer works — what matters is the reward. What reward makes an agent search well? J

Schulman et al., “PPO,” 2017. Shao et al., “DeepSeekMath (GRPO),” 2024
25
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Why RLVR Matters to Retrieval?
— Retrieval Is Verifiable; Rewriting Is Exploration

Previous Approaches (Distillation from Larger LLMs):

Augmented Query 1

Retrieve

«  Costly and highly rely on the quality of reference query (often suboptimal)

Augmented Query 2

-
-

Augmented Query

Retrieve

Retrieve

Reference Query

$sFT

User’s Query { Larger LLM >
(e.g., GPT-40) !
I
>
\
1
!
Query
Augmentation
User’s Query LLM

Augmented Query

T T™Y

-t s s

[ 8 8

Recall

— 0.2

Recall

E—

Recall
—

[ Key idea. Recall is a checkable reward, and rewriting the query is an exploration problem, not a supervised one

— reward rewrites by how well they retrieve.

|

P. Jiang, et al., “DeepRetrieval,” COLM 2025.



DeepRetrieval: Learn to Search by Exploration—Method

update
4 A R . “ \
Input easoning - Final Reward
Please augment the following <think> ) — = ———— »Format Reward: /
user query to retrieve the o LLM —| Letsaugmentthisquery. {Retrieval Rem:,{;<:|}o ©
most relevant documents:
</think>
{User’s Query} . J |
\ J |
, Y Retrieval Retrieval Re}Na rd
<answer> -
Here’s the query: — || Q.| —> | Retrieved Context
{Augmented Query} J— 1
</answer> — True Context
\. y, —

The LLM reasons, then emits an augmented query; the retrieval metric (recall / NDCG) is the RL reward.

[ No golden queries. A 3B policy discovers search strategies by trial-and-reward against the real engine.

27 P. Jiang, et al., “DeepRetrieval: Hacking Real Search Engines and Retrievers with LLMs via RL,” COLM 2025.
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DeepRetrieval: Learn to Search by Exploration—Results

DeepRetrieval

LEADS

Sonnet-3.5

GPT-40

Haiku-3

GPT-3.5

uull

0 20

M Trial Registry

40

Publication

60

80

GPT-3.5 — GPT-40 DeepRetrieval
— Haiku-3 — Sonnet-3.5

NQ

TriviaQA

BIRD ., Y SQUAD
MS-BEIR & @3 HotpotQA
3 o
MS-T - ©’ FEVER
3 L2

: 30
g rb‘.)
MS-S — 35 : 'NFCorpus
MS-H

Recall on literature search (left) and across QA benchmarks (right) — the 3B policy leads.

P. Jiang, et al., “DeepRetrieval: Hacking Real Search Engines and Retrievers with LLMs via RL,” COLM 2025.



Search-R1: End-to-End RL for Reasoning + $earch—Method

Algorithm 1 LLM Response Rollout with Multi-Turn Search Engine Calls

S— Require: Input query x, policy model 714, search engine R, maximum action budget B.
RolloutModule Value o v Engure: Fingl regpon);e y? Y # 8
LLM —_ 1: Initialize rollout sequence y + @
'ﬁ* 2: Initialize action count b + 0
‘ l > ewar ’ ,‘ 3: whileb < Bdo
1 0 (__Model ) ) GAE 4 ] 4:  Initialize current action LLM rollout sequence y, + @
Policy —— = T 5. while True do
LLM Reference — Trained 6: Generate response token y; ~ (- | x, ¥ +¥3)
— LM Models 7 Append y; to rollout sequence yy, < yp, + ¥
— 8 if yy in [</search>, </answer>, <eos>] then break
PPO w. Search Engine Frozen 9: end if
""""""""""""""""""""""""""""""""""""""""" Model 10:  end while
GRPO w. Search Engine — L yey+y
—_ ) — ) 12:  if<search> </search> detected in y, then
Rollout Module 0 7 Ay E‘:airﬁg 13: Extract search query g < Parse(y;, <search>,</search>)
1 ___ \ ) (_-nene 14: Retrieve search results d = R (q)
Search — — 15: Insert d into rollout y ¢ y +<information>d</information>
@_' Engine ) . AZ 16:  elseif <an§zfr1> </answ:31r> detected in y;, then
) : \ ) 17: return final generated response y
[ Reference Computation “ee 18 else 8 P
LLM ) ) 19: Ask for rethink y « y+ “My action is not correct. Let me rethink.”
Te A G 20.  endif
KL — — 21:  Increment action count b + b+ 1
22: end while
e 23: return final generated response y

Reward = answer EM. The policy interleaves reasoning and search; retrieved tokens are masked from the loss.

29 B. Jin, et al., “Search-R1: Training LLMs to Reason and Leverage Search Engines with RL,” COLM 2025.



Search-R1: Accuracy Across QA Benchmarks—Results

Methods General QA Multi-Hop QA

NQ' TriviaQA* PopQA* HotpotQA' 2wiki* Musique* Bamboogle* Avg.

Qwen2.5-7b-Base/Instruct

Direct Inference ~ 0.134  0.408 0.140 0.183 0.250 0.031 0.120 0.181
CoT 0048  0.185 0.054 0.092 0.111 0.022 0232 0.106
IRCoT 0224 0478 0.301 0.133 0.149 0.072 0.224 0.239
Search-o1 0151  0.443 0.131 0.187 0.176 0.058 0.296 0.206
RAG 0349 0585 0.392 0.299 0.235 0.058 0.208 0.304
SFT 0318  0.354 0.121 0.217 0.259 0.066 0.112 0.207
Ri-base 0297  0.539 0.202 0.242 0.273 0.083 0.296 0.276
Ri-instruct 0270 0537 0.199 0.237 0.292 0.072 0.293 0271
“Search-Rl-base 0480  0.638 0457 0433 0382 0196 0432 0431
Search-Rl-instruct 0393  0.610 0.397 0.370 0.414 0.146 0.368 0.385

w

@
2025 -1 1050

2 o E i 0.35 2 .I F
0.2 g020 w Emou 1 : £ F7 ‘ ‘
£0.15 & 3 R A
0.1 —— PPO #0.10 !f -~ Base g o0 ozF 1.4{ halt2 JARR SN
0.0 GRPO 0.05 Instruct 900 o1 iy

0 100 200 300 400 500 0 25 50 75 100 125 150 175 200 0 50 100 150 200
Step Step Step Step

(@) PPOvs. GRPO  (b) Base vs. Instruct (c) Response length (d) # Valid search

0.4 0.40 L1507 o Response Length —— Train Reward 2.0
. - P o e £ f

B o Kﬁ‘j{‘w | }G 043 Ui
0 §0.30 £ " EoEL

Train Reward
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Search-R1 (RL) beats inference, RAG, and SFT baselines on single- and multi-hop QA.

30 P. Jiang, et al., “DeepRetrieval: Hacking Real Search Engines and Retrievers with LLMs via RL,” COLM 2025.
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A Wave of RL Search Agents

Reasoning x Search Search Environments Reward & Process

R1-Searcher

two-stage RL to incentivize
autonomous search

Song et al., 2025

~

ZeroSearch

train against a simulated LLM search
engine

Sunetal, 2025

~

StepSearch

step-level process rewards for multi-
hop

2025

~

ReSearch

learn to reason while searching via
RL

Chen et al., 2025

DeepResearcher

end-to-end RL in real web
environments

Zheng et al., 2025

Atom-Searcher

fine-grained atomic-thought rewards

2025

DecoupleSearch

separate reasoning & search policies

2025

WebDancer / Sailor

autonomous deep-web research
agents

Tongyi, 2025

Survey - Al Search

a fuller map of RL-based search

survey, 2025

See references for the full landscape.



s3: Optimize the $earcher, Freeze the Generator—Method

B Query Generation (o) s ~
uestion <query> ° q
Q?ler?: {Search Query} Gain Beyo nd RAG (G B R)
</query>

Plan
\ 4
. v — —
Soareh Search :g:z‘:g:}"t-'" > - Inference TGBR = ACC(g | DSS) ACC(g | DRAG)
—l |-m </i rtant_info> es/ | Al
Agent 'x <Sl;na;:gh;r; m:l:m D:::oI;tS:nt L * .
1 N YeS omplete Reward the searcher only when its context
< = > Question > 3
QGenerator LLM helps a frozen generator beat naive RAG.
Searched Docs \_ Y,
Update ;i::f;f”a”“‘”’ Compute
</information> Reward ‘
RL Training with “Gain Beyond RAG” Reward .
Why not just EM (Exact Match)?

-

Gain Beyond RAG = Acc(@ D:; .E])-Acc(. D“{;‘“ [a]

EM penalizes correct-but-paraphrased
answers and entangles search quality

“ : trained with RL %?é : frozen : searched docs by s3/ naive RAG @:question E : golden answer Wlth the generator' GBR IS rObUSt'

32 P. Jiang, et al., “s3: You Don’t Need That Much Data to Train a Search Agent via RL,” EMINLP 2025.



s3: Optimize the Searcher, Freeze the Generator—Results

General Domain RAG Medical Domain RAG
78 -
60 -
* s3 (7B] 76 * s3 (73’ .
Search-R1-7B ¢ RAG-E5 ® DeepRetrieval-BM25-3B
55 |  IRCoT-14B 74 1 @ RAG-BM25
0 e IRCoT-78B o $ RcoT-7B
5 ® Search-01-14B ‘ 5 ., Search-01-14B
I e RAG-E5 ® DeepRetrieval-BM25-3B g IRCoT-14B Search-R1-7B
o 504 ® coT 9
g 2 70 -
_ -
g Search-R1-3B @ >
earchn- -
- 68 -
< 459 pacBM25 <
e CoT
66 -
@ Direct Inference
40 - ‘
o Direct Inference 64 - Search-R1-3B e
| I 1 | I I
2.4k 70k 170k 2.4k 70k 170k
Training Data Training Data

With ~70x less training data, s3 leads on general-domain QA and transfers to medicine with no medical training.

[ Decoupling + a help-based reward = efficiency and transfer — you don’t retrain for every new domain.

33 P. Jiang, et al., “s3: You Don’t Need That Much Data to Train a Search Agent via RL,” EMINLP 2025.



The Long-Horizon Search Problem

One policy is asked to do everything

Plan — a multi-step search over many turns
Remember — every document it has retrieved
Rank — which findings actually matter
Compress — so the context does not overflow

Verify — whether each claim is supported

Stop — decide when the evidence is enough

As the transcript grows...

the model spends its attention rebuilding its own
memory every turn instead of deciding what to do
next.

For RL, the reward becomes poorly conditioned —
one diluted signal stretched across 40+ turns is too
weak to learn from.

[ The fix. Move the bookkeeping out of the model and into the environment.

34

P. Jiang, et al., “Harness-1: A Stateful Harness for Training Long-Horizon Search Agents,” 2026.



Formalism: The (PO)MDP (What “Environment” Means
Precisely)

Markov Decision Process Partial observability (POMDP)

(S, A, P, R, ) o~ O(- | s¢)

O States S, actions A, transition P, reward R, discount y @ The agent sees an observation o, not the full state

O Markov property: the next state depends only on the
current state and action _ _ _ _
_ o @ LLM agents live here: the context window is their

O Goal: a policy maximizing long-run reward observation, and memory is how they cope

Must infer & remember — a belief over states

Why it matters. Long-horizon search is a POMDP — the agent never sees “all the evidence” at once, so what it
remembers becomes the bottleneck.
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The Idea: $plit the Two Jobs (Stateful Cognitive Offloading)

POLICY the LLM

keeps the decisions

@ \what to search for
@ \what to keep
@ what to verify

@ \when to stop

split

HARNESS the environment

keeps the state

candidate pools
curated evidence
entity links & graph

verification, history & budget

The paper calls it stateful cognitive offloading: free-form reasoning stays in the model; bookkeeping moves to

the harness.

P. Jiang, et al., “Harness-1,” 2026. Policy: gpt-oss-20b.



The Harness: Working Memory

Harness: Search State, Kept by the Environment

O Candidate pool G Curated set e Evidence graph

every document retrieved so far kept docs, tagged by importance - entities bridging documents
cap 30

. J N\ /U

4 4 4
0 Verification e Compression e Budget render

claims checked against source text observations deduplicated & shrunk kept within the context limit

{ The model keeps only the decisions - search . keep . verify . stop

P. Jiang, et al., “Harness-1,” 2026 (harness working memory).
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One Turn: the Policy Decides, the Harness Remembers

(State, Action) - (State’, Observation)

-
HARNESS
environment-side working memory
( ) action — curate{addsy — — ¥ Candidate pool all retrieved
POLICY — — = ~ Importance:high }
20B model [ Curated set cap 30 - evict lowest]
reasons + decides Evidence graph bridges + hops
emits 1 action / turn
\ J‘“ -~ o Verification yes / no vs claim
—_— -~ -
— -~ -
] o
observation—-working=memgry + Compression G0 D CEElly obE
Ny
recent turns =~
Budget render 30,720 tokens
.
8 actions /5 cl . Retrieve Inspect Curate Verify End
actions classes: fan_out - search - grep read - review add / remove - tag claim submit set

38 P. Jiang, et al., “Harness-1,” 2026. Free-form reasoning stays in the model; bookkeeping moves to the harness.



What the Model Sees: Not A Transcript — A Structured State

== Working Memory - summarizing turns 0-1

Query [Evidence Graph] bridges O auto
“Which Brussels synagogue, completed in 1878, Brussels » 22816, 62390, 88114, 91442
was designed by Désiré De Keyser?” 1878 - 22816, 91442, 62390
De Keyser -» 22816, 91442

Curated Set (14 / 30) O auto
very_high 22816 Grande Synagogue + verified
high 91442 Désiré De Keyser, architect Verification O auto
high 62390 Brussels synagogue register claim: 1878 - De Keyser - Brussels synagogue
fair 88114 19th-c Brussels architecture L, 22816 yes — states 1878, De Keyser

30119 Belgian heritage l, 62390 no — architect unnamed

Document Pool — 31 total - 17 uncurated Search History O auto

[ ] 99012 synagogues of Belgium [ ] 50441 .. T9 fan_out_search » 11 new - +6 curated
T10 grep_corpus “De Keyser” - 3 hits
T11 verify » 1 yes, 1 no

[Context 21,402 / 30,720]
Six kinds of state — extracted, ranked, verified, deduped, budgeted — re-derived for the model every single turn.

P. Jiang, et al., “Harness-1,” 2026 (rendered working-memory state).




The Recipe: Make Search Trainable
(SFT Teaches the Interface * RL Teaches the Decisions)

1 - Supervised warm-start teacher acts in the harness - 2 - On-policy RL CISPO, terminal reward, 40-turn cap -
899 demos (recall > 0.10) 3,453 queries

Warm-started curation Compact state Diversity incentives

The first good search seeds the set with Importance tags, the evidence graph, Reward a rhythm, not just discovery:

its top 8 — the model is always editing, and verification records — all rendered search - curate - review - verify.
never starting from a blank page. small enough to fit the budget.

The reward shapes a small, complete, verified curated set — and rewards the search rhythm,

not just raw discovery.

P. Jiang, et al., “Harness-1,” 2026 (training recipe & reward).



Results: Evidence Recall on 8 Hard Benchmarks

AVERAGE CURATED-EVIDENCE RECALL (%)

+11.4
open agent

GPT-0SS 1208 49.6

Search-R1 328 28.9

GPT-0SS-20B our hase 26.2

[ A 20B model matches the frontier. Only Opus-4.6 scores higher; the harness + RL add +46.8 recall over the untrained base
(26.2 - 73.0).

41 P. Jiang, et al., “Harness-1,” 2026. Average over 8 difficult evidence-retrieval benchmarks.



Trained on About 4k Examples: Need Much Less Training Data

Training examples

Harness-1 l 4,352

&S

Apicalsearch s " T
(Search-R1) 221,328

Most of the behavior lives in the interface, not in the weights. The harness does the remembering; RL only has
to learn the decisions.

P. Jiang, et al., “Harness-1,” 2026. 4,352 = 899 SFT + 3,453 RL.
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Transfer to Unseen Environments

P. Jiang, et al., “Harness-1: A Stateful Harness for Training Long-Horizon Search Agents,” 2026.

The Biggest Gains Appear Where It Never Trained

Recall improvement over the base model (pts)

Source-family benchmarks +7.9

Held-out transfer benchmarks [N +17.0

2.2 x larger improvement on unseen tasks than Context-1

[ It didn’t memorize domains — it learned a reusable search workflow: plug in your corpus, retriever, and verifier, and the }

trained policy operates the same interface.

The Lesson Learned from Harness-1

Don’t just train a bigger brain on a thin interface. Shape the interface itself — move the
bookkeeping out, and the learned search behavior transfers to new tasks and environments.

stateful harness frontier search

working memory 0.730 recall

small model

20B
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Experience 1/0: Memory & Shills

Self-evolving without Touching the Weights

Agent actin the . .
(frozen weights 6) —> P —> Experience store (memory + skills)

read it back next time — the agent improves by accumulating experience

Memory what the agent remembers Sk|||s what the agent can reuse

@ Facts, past episodes, and self-reflections O Reusable procedures & workflows
® An external store the agent reads & writes O Distilled once from experience, reused often
® Grows continually across tasks O Accumulate into a growing skill library
L J L J

Framing: “Rethinking Memory Mechanisms of Foundation Agents in the Second Half: A Survey,” 2026.
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A Taxonomy of Agentic Memory: How Agents Store & Reuse Experience

N N N
Working / short-term Long-term stores Episodic & reflective
The context window: what the agent is actively Read / write an external memory the agent Store outcomes and self-reflections to improve
attending to right now. manages itself. later attempts.

e.g. MemGPT, Mem0 e.g. Reflexion, Generative Agents

Y, Y, Y,

N N N
Semantic / structured Parametric / hybrid Test-time curation
Organize memory as a graph, tree, or database Fold memory into the weights, or mix Decide on the fly what to keep, and how
for retrieval. parametric + external. important it is.

e.g. Harness-1

Categories follow “Rethinking Memory Mechanisms of Foundation Agents in the Second Half: A Survey,” 2026. (Original schematic.)
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Memory as a Learnable Skill: Curate The Memory — Don't Just Store It

46

Memory operations are decisions

What to write, keep, evict, and retrieve are choices the
agent makes — so they can be learned, not hand-coded.

O write: what is worth remembering?
O evict: what can be forgotten?

(O retrieve: what to surface for this step?

Test-time curation

\

The agent decides during the task what enters memory
and at what importance — keeping it small and high-signal.

@ Bounded memory - fits the context budget

® Importance tags rank what survives

@ Self-editing: memory the agent rewrites

We have already seen this

Harness-1’s curated set with importance tags is exactly a learned, test-time-curated memory: the policy chooses what to
curate, and importance eviction is a memory-management skill trained by RL.

Connects Harness-1’s learned curation to the memory-as-skill view.
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Agent Skills & Skill Libraries: Reusable Know-how the Agent Accumulates

A skill = a reusable procedure the agent distills once and reuses many times. Skills accumulate into a growing
library the agent can search and apply — capability without retraining.

Agent Workflow Memory Claude Skills

\

An LLM agent in Minecraft writes
executable code skills and stores
them in a self-growing library it
reuses for harder tasks.

Wang et al., 2023

Induces reusable workflows from
past trajectories, then applies them
to new tasks — memory of how, not
just what.

Wang et al., 2024

\_

Procedural skill files loaded into
context on demand — exactly the
‘Skills’ slice of the context budget
we saw earlier.

Anthropic, 2025

[ Full circle. On the context slide, Skills was a slice of the prompt budget — here is what fills it: distilled, reusable procedures.

Examples representative; framing follows the memory & skills survey, 2026.
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Outline

LLM Agents: A General Introduction
Early Agents: LLM External Tools
LLM Search Agent

LLM Agent Memory ‘\

Some Recent Research on Agents



A Multidimensional View of Agent Memory Research

O Substrates O Operational Architectures
0 External memory d  Single-agent
O Internal memory O Multi-agent
O Cognitive Mechanism O Learning Policy
d  Sensory memory d Prompt-based
0 working memory d  Fine-tuning
O episodic memory Reinforcement Learning
O semantic memory d Evaluation
O procedural memory O  Accuracy-based
d Subjects O Similarity-based
O User-centric d LLM-as-a-Judge

d Agent- centric

49 Wei-Chieh Huang, et al, "Rethinking Memory Mechanisms of Foundation Agents in the Second Half: A Survey", ArXiv:2602.06052



Adapted from Wei-Chieh
Huang, et al, "Rethinking
Memory Mechanisms of
Foundation Agents in the
Second Half: A Survey",
ArXiv:2602.06052
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Memory Substrate

c Plan a 2-day Tokyo trip (budget $1.5k). Prefer
“ trains over flights. Like food & museums.
7 R
»
Got it. I'll retrieve your preferences + recent 4

Japan travel notes, then draft an itinerary. ‘

Agent

Calling Memory for the historical information..

Internal (Parametric, etc..)
Memory stored in model weight, state, or KV cache
Parametric priors transit & costs; Latent state
current constraints + intermediate yeasoning{ K'V
cache: recent conversation context '

or hierarchical store
Preference: trains; avoid rush-hour

budget style: mid-range. Past episode=Osal
(you liked Umeda night view + local food).

i

Using your profile and saved information, I suggest a ~1
trip for Day 1: Shinjuku — Meiji Jingu — Harajuku ,’
— Asakusa (by JR/Metro). Agent

Looks good! Can we add a seafood dinner and
avoid too many transfers?

Based on the human feedback. ..

Internal (Parametric, etc...)
Model weight, latent-state, and KV cache are adjusted.
Update working state + cache. Small weight shift
toward rail-first plans

External (Non-Parametric, etc...)
Storage and database are updated.

write preference (“prefer trains; fewer transfers”)

+ log episode (Tokyo-2025 itinerary accepted)

Memory C()gnitive Mechanism

Short-term Memory

Temporarily maintains u}d\\

manipulates task-relevant st 1te .
for immediate reasoning and
control within a limited onllny
budget. * 1]

< . Working 7 }
Holds and updates task-relevant context and
intermediate states _ﬁJr immediate reasoning
and planning.

Sensory

Briefly buffers raw perceptual inputs (e.g., (fz’ A ? ﬂ
visual/audio embeddings) so attention can

[

select what to pass onward. e

Long-term Memory

Persistently stores \%
e

experiences, know ledge S

and skills across

interactions so they can be

retrieved and reused over %
. -

extended time horizons. &~ N

Episodic
s4 W'  Stores contextualized experience records
" | (what/where/when and outcomes) for later

@s_ "/l
xY
VR

S

retrieval and reuse.
Semantic
Stores stable abstract Iznow]edge, inc]uding _ﬂzcts,
concepts, and schemas, usable across tasks
beyond specific episodes.
Procedural
Stores reusable skills, routines, and WOIyYOWS
that enable consistent tool use and action

execution.

Memory Subject

=200 [Iser-Centric

Memory Management

in Dialogues

across sessions.

Persistent User

Simulation

()

Preserve user

- rofiles to simulate
%ong—term behavior.

Long-Term

Personalization

Remember ¢ @

prgferences to o o
Personalize over ‘;‘;}
time. / :
Privacv-Preserving
Memory
Protect stored
user data with
access or

retention control.

Agent-Centric

Long—Horizon
Tasks
@;.‘?- N By

executions.

Domain-sl)eciﬁc I_ong-

Tail Solutlons

Cross-Task

Knowledge Transfer

Strategv and
Skill I_earnino

’“}
Accumulate ﬂ Q

reusable skills

“&%@

and policies. g

S e~
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Memory Substrates: External vs. Internal Memory

a

a
a

d
a
a
a
a

a

External memory: Store the knowledge, info, and experience outside the agent model’s
parameter/state

Types: vector index, text-record, structural store, and hierarchical store
Adv: A clear separation between LLM’s internal parameters and the external knowledge
O Enable scalable, easy-to-update, cross-session retention of knowledge and interaction history
O Can preserve past info in its original form, helping reduce hallucinations or knowledge cutoff
Drawbacks: Retrieval can be unreliable; costs of storage and indexing, need transformation

Internal memory: Store directly within the model’s architecture (in parameters/working states)
Knowledge/experience embedded in parameters (pre-training, post-training, or parm editing)
Weight updates by continual learning, model editing, and distillation

Latent-State: the environment holds not only parameters but also intermediate states in
memory

Use KV Cache: Cache per-layer attention keys and values from previous tokens during decoding

O Compress the KV cache: e.g., balance “heavy hitters” with recently generated tokens, identify
consistent attention patterns, retain only the most informative vectors



Sensory
Memory

Working
Memory
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Memory Cognitive Mechanisms

QO Cognitive psychology distinguishes multiple interacting systems that explain how information
is perceived, maintained, and reused
Q Five atomic systems: Sensory, working, episodic, semantic, and procedural memory
Long-Term Memory

Short-Term Memory

What is perceived.
Brief retention of
recent visual, audio,
or other sensory
inputs before
further processing

What is currently
handled.
Temporary holding
and manipulation of
current

information.

Keep the last 2-5 sec of
audio and video frames
(or recent sensor
embeddings) to smooth
perception and handle
brief occlusion

An in-progress reasoning
state (chain of thought):
“goal: refine the survey;
earlier sections set the
framing; the next revision
should preserve framing
consistency.”

Episodic
Memory

Semantic
Memory

Procedural
Memory

What happened.
Contextual
record of specific
experiences

What is known.
Conceptual and
factual
knowledge
about the world

How to act.
Skills and action
patterns

A past interaction log: “last time
you preferred a 2-page

summary; the previous plan failed
due to missing API keys,” stored
with its time and situational
context.

A knowledge base: entities or
facts (e.g., project info,
preferences, definitions) retrieved
by query and checked for
reliability.

A reusable workflow or tool

skill: “search - read - extract -
cite,” or “debug with sanitizer,”
invoked as a routine.



e ——————r ——— —_— . — — — . =
Memory Operation Mechanism refers to the procedures an agent uses to construct, organize, access, and maintain memory over long-horizon
interaction. These operations jointly determine what historical information becomes accessible within the limited context
window and. In multi—agent systems, memory operations must also respect the memory architecture, routing and access policies, and conflict and isolation
controls, so that agents can coordinate cross agent read and write while reducing redundancy, inconsistency, and information leakage.

— S———

L
Memory “
Operation
Mechanism

¥,
Storage & Index '(]
Storage organizes information using vector, struchured, Ti* {6}. ’;? Agents dynamically revise or refresh memory
or text formats to ensure efficient retrieval. \"h‘,{:-:-,:_? i—J enfries to adapt to new information.

=

Loading & Retrieval
Retrieval mechanisms filter and rank relevant
@ memories to inject into agent's cmrent context.

Compression & Summarization
Compression condenses detailed interaction histories
into compact abstracts to regulate memory growth.

Y Forgetting & Retention
) Forgetting removes obsolete data while retention
preserves high-utility kmowledge for long-ferm reasoning

Memorv architecture

It defines where memory resides and who can read or write it, covering
private, shared workspace, hybrid, and orchestrated setups. These choices
trade-off reuse, isolation, and conftroller logic.

Mem ory rﬂuting

It governs how memories are selected for each role, via orchestrator-based o

Touting, agent-initiated routing, or memory-driven routing. The routing Memnr}' update and Consolidation
Tule decides what gets retrieved and injected into each agent’s context. Agent integrates newly generated information to
keep long-term Imowledge consistent and up to

Memor}' 1solation and conflicts date

It limits leakage, redundancy, and contradictions when multiple agents
update memory in parallel. Typical mechanisms include explicit memory
editing and constraint feedback dual memory methods to keep the shared
5 3 state consistent.



54

Memory Subjects: User-Centric vs. Agent-Centric

O Memory subjects characterize who the memory is primarily modeling and serving for
QO User-centric memory: An abstraction of user-specific facts and preferences

O Ex. Memory management in dialogues; persistent user simulation; long-term
personalization; privacy-preserving memory.

QO Agent-centric memory: distilled knowledge, skills, and operational task priors; supports long-
context, long-horizon, and long-running tasks across real-world environments.

O Ex. Long-Horizon Tasks (key intermediate states); Domain-Specific Long-Tail Solutions
(retention of the rare insights and knowledge); Cross-Task Knowledge Transfer (task-
agnostic cognitive knowledge from diverse interactions); Strategy and Skill Learning (Retain
environment-grounded procedural memories)

O Working memory, procedural memory, and sensory memory are predominantly agent-
centric, reflecting their roles in supporting many real-world downstream tasks

O Semantic and episodic memory appear in both user- and agent-centric settings
O For users, they encode stable preferences and interaction histories
O For agents, they support world modeling and experience accumulation.



Memory Learning Policy

e — L o e p— B N —— e —

e — D T ——

Learning policy refers to how an agent learns to manage memory, what to store, when to store it, how to represent it, when tow
- v

|

' - - . - - ~ . - -

| retrieve or discard it, and where to store or retrieve, rather than relying on fixed, hand-crafted heuristics. Such policies are typically |

| n
|

optimized from data or feedback (e.g., supervised signals, reinforcement learning, or self-improvement)
/

———— e e

————— e ——— e i, e —————

- i
’ : \
. Prompting ¢
: Designing structured to guide when and how the agent updates and uses -
1 B s 5 [
x memory, without changing model parameters. > /
I |
1 i |
e S5l e . - &
3 > | Fine-Tuning . 3 b
<2 - b . . . . r 3
- ot [~ : # Updating model parameters with curated data to internalize effective " - '23-
~ | -'¢'_-\\.
LN/ /b . memory behaviors and improve robustness and consistency across tasks. : N/ <3
o I - P e
- &
- - o v
I |
LR y . Reinforcement Learning ! L % g
v 1 Learning memory management through trial and error to increase or P v
Y balance performance by optimizing long-horizon rewards '3
. e

Learning policy refers to how an agent learns to manage memory, what to store, when to store it, how to represent it, when
to retrieve or discard it, and where to store or retrieve, rather than relying on fixed, hand-crafted heuristics. Such policies
are typically optimized from data or feedback (e.g., supervised signals, reinforcement learning, or self-improvement)
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Memory Learning Policy: Prompt-based, Fine-Tuning vs. RL

O Prompt-based Memory Learning: Parameterizes the memory policy as natural language prompts.
0 Static Prompt-based Control: Human-designed rules, invariant during execution
O Design targets: Static memory OS and organization; single-agent vs. multi-agent systems
Dynamic prompt-based control: Adaptable at test time based on experience and feedback
O Methods on memory usage policies; memory representations (but lack explicit credit
assignment, limiting their capacity for long-term policy optimization compared to fine-tuning
and RL-based)
d Fine-Tuning: Parameterized Memory Policies

0 Policy Internalized into parameters: Parameterized policy stabilization and boundary control;
parameterized policy efficiency and retrieval refinement

d Reinforcement Learning for Memory Policies: Optimized through interaction and reward feedback
0 Step-Level Memory Decisions: based on the immediate or short-horizon impact on task reward

d  Trajectory-Level Memory Representation: View memory as part of the agent’s Markov state,
whose quality is assessed through downstream decision performance

O  Cross-Episode and Multi-Agent Memory: Distill higher-level decision-relevant knowledge;
56 extending across agents or representation spaces



Applications of the Foundation Agent Memory $ystem

A

a3

Legal & Consulting
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- ~
Education o
O?J gu

S>>

Scientific Research

> )o¢

MALR, SeaffPro, CaseGPT,

Dallama, Agentcourt, Legal -GPT

LOOAM, !g:’n:-lh}u,;‘d'i oach, CAM,

- Classroom Simulacra, Teach Tane
FinCon, FinMem, QuantAgent,

Investor-Bench, TradingAgenty
IterResearch, GAM, MirrorMind,

AISAC, ChemDFM, SciAgents

Information Search

20

AgentFold, MemSearcher, MOM,

ReSum, Memento, MemAgent

Gaming and Simulation

- 1‘Jh ‘1’["""': ""c.““x. VideoScan - Memo, MG-Nav, JARVIS- 1,
~ I8 @ KARMA, VIP:R, SAM 2, LRLI .
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) WebArean, WALT, AutoAgents
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Software Engineering

A-Mem, MemGPT, O-Mem,
s O
MemoChat, Mem0, LiCoMemory 0(,'

— a7, fg
28 sz 15

~%

NS
'\» D

Workflow Automation —

57 Healthcare

S

Dialog System

(7

Memory transforms LLMs into dynamic, persistent
agents, representing a fundamental shift in recent
research.

When implemented in complex real-world scenarios,
agentic memory has emerged not merely as a
storage utility, but as the cognitive substrate that
enables continuity, learning, and personalization,
bridging an agent’s past experiences with its future
actions.

Recent work has broadly investigated memory-
enabled capabilities in LLM agents where the ways of
storing, operating, and managing memory vary
significantly.

We summarize recent representative works across
education, scientific research, gaming and
simulation, robotics, healthcare, dialogue systems,
software engineering, and workflow automation.



Future Directions and Challenges

Unifying vision, audio, action into grounded memory

Benchmarks still miss open-endeci, interactive, long-

remains challenge; integrate memory with world

horizon settings; prioritize long-horizon real-world ) ] .
evaluation standards that joi.ntly test quality, robustness, i ?/ o moflels fie long-honzon éoat-mothl R
and efficiency under resource constraints. | ‘-\ ) 0," e N

:

> ~

{- e
-

Memory Infrastructure and
Eﬂiciency

Personalization should replace static profiles

with continuously updated user models, P> Unhosmted logy ave somiconly; use

compression, selective retention, and

iuPPOI'tEd by scalable, Privacy -aware memory

with auditing and attack defenses. hybrid piraietas and DonparamELTic

designs for scalable, high-quality
retrieval.

%
%»“

b 5 s ;}{

/\

Memory for Self-Evolving Agent
And Continual Learning

Prevent drift and forgetting by combining structured

Multi-agent systems shall preserve and structure shared
memory with consolidation or control and continual

experience across tasks to enable long-term coordination,
learning that preserves knowledge while improving over

role governance, and collaboration.
time.

Future Directions and Challenges

of Agent Memory Systems
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LLM Agents: A General Introduction
Early Agents: LLM External Tools
LLM Search Agent

LLM Agent Memory

o

Some Recent Research on Agents



Siru Ouyang, et al.,

ReasoningBank: $caling Agent Self-Evolving with
Reasoning Memory

! ' Trajectory Memory

“ReasoningBank: Scaling

Agent Self-Evolving with
Reasoning Memory” ArXiv:
2509.25140
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<action> click('188") </action>

<think> | have successfully navigated to
the 'My Account' page. The user wants
to know the date of their first purchase.
On this page, | see a "Recent Orders”
section. To ensure | find the *first*
purchase, | need to view the complete
order history, not just the recent ones.
There is a "View All" link next to
"Recent Orders" which should take me
to the full order history. </think>
<action> click('1530") </action>

<think> | am on the "My Orders" page.
The user wants to know the date of
their first purchase. The orders are
currently displayed from most recent to
oldest. ...</think>

<action> click('1614") </action>

Learning from
past experiences
as memory
Developing self-
evolving agent
systems

Workflow Memory

Workflow: Retrieve Information from
Specific Page Section

<think> This workflow is designed to
access a specific section ... </think>
<action> click('section_or_tab_id") </
action> <action>
send_msg_to_user('extracted_info_m
essage’) </action>

l:é% ReasoningBank Memory

## Title Navigation Strategy

## Description When searching for
specific information within history ...
## Content ... 1. Detect pagination
mode and examine all items in relevant
orders, ...; 2. Avoid infinite scrolls, use
fallbacks if primary mode fails, ...; 3.
Cross-reference with common ...

Number of Successful Tasks

—
Qo

—a
ul

—a
N

~0

o~

w

o

fodl
=== ReasoningBank / "'/
No M Monthly counts of
o Memory top-3 products for
_S‘;a;‘_lf;da' o 01/2023-05/2023 in
f MM:COUNT format
Ve
|~y
Top-2 searches e
in the store & Num of reviews
| mentioning “decent”
TOP‘3 best- " Q Earliest order
selling (=) for customer
| products in
Jan 2023 Best-selling product
& / type in Jan 2023
0 10 20 30 40

Number of Tested Tasks

A key limitation of LLMs on continuous streams of tasks: failure to learn from the accumulated interaction history,
forcing them to discard valuable insights and repeat past errors

ReasoningBank, a memory framework, distills generalizable reasoning strategies from an agent’s self-judged successful
and failed experiences (store high-level strategies and reasoning hints)

At test time, an agent retrieves relevant memories from ReasoningBank to inform its interaction and then integrates new
learnings back, enabling it to become more capable over time

MaTTS (memory-aware test-time scaling) accelerates and diversifies this learning process by scaling up the agent’s

interaction experience



Overview of ReasoningBank

Integration of ReasoningBank
with Agents: recall effective
insights, avoid previously
observed pitfalls, and adapt
more robustly to unseen

queries via (i) memory retrieval,

(ii) memory construction, and
(iii) memory consolidation

d
Q
Q
Q

d

[ % ReasoningBank: a collection of memory items

)

l (i) Memory Retrieval

~

. : Title: Prioritize user account sections for personal data
y : Description When a query requests user-specific...
: Content: Systematically look for and click on links ...

s
2 Memo
Item j

(iii) Memory
Consolidation
Memory Extractor
A . experience/trajectory 0
‘\—3 » !al < ' 9 Experience/Trajectory ,9?*'[ «:th|rl1k>... I‘neciad t(? nawgeﬁe to ...</think=
e - | <action> click('188') </action>
o .E. (ii) Memory M
2 Extraction smory ol L :
ltems _ Task g;: Tell me the status of my latest order and when it will arrive
q; Agent Env \_“*
-
| | | T
ime
Task ¢, v Taskg, G Taskg, e Task gy

ones from both successful and failed trajectories

Experiences are distilled into structured memory items with a title, description, and content
Title: a concise identifier summarizing the core strategy or reasoning pattern
Description: a brief one-sentence summary of the memory item
Content: The distilled reasoning steps, decision rationales, or operational insights extracted from the past

For each new task, the agent retrieves relevant items to interact with the environment and constructs new

O These items are then consolidated into ReasoningBank, forming a closed-loop memory process
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MaTT$: Memory-aware Test-Time Scaling

New

_... Traj 1 —P- Memn 1
_" Traj 2 —Y:H) Mr::vz

a New
!Ef‘ Memn |— Trajn —> = Mern 71
| I
Task g; Task g;

:a) Vanilla TTS (MaTTS w/o aggregation)

'R QST (‘_ ] ™
!EI‘ + Trajectory ‘| ﬂ‘l
Current : Trajectory 2 New
memaory . “* memory
A . Self-
-l . 1Contrast| g 7
5 + Trajectory n . i
&h ' . &k
L TR \ /
| I
Task g; Task g;_,

(b) MaTTS - Parallel

____________________ (e )
!m, i Self-Refine @I
memory [ B />\ ll’ m’;‘mory
o2 Traj Tra)” - af
&h | P
TaISk q; Taslk Gis1

(c) MaTTS - Sequential

Memory-aware Test-Time Scaling: Translate more experiences into greater Improvements

Q Vanilla TTS (direct combination): No aggregation ,no leverage of inherent contrastive signal

Q MaTTS (parallel): Generate multiple trajectories for the same query under the guidance of retrieved

memory items: ldentify consistent reasoning patterns while filtering out spurious solutions

Q MaTTS (sequential): Iteratively refine its reasoning within a single trajectory after the initial completion,
following the principle of self-refinement. During this process, the intermediate notes generated in self-
refinement are also used as valuable signals for memory, since they capture reasoning attempts, corrections,
and insights that may not appear in the final solution.
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Experiment: ReasoningBank on Web Arena Benchmark

Models Shopping Admin Gitlab Reddit Multi Overall
(187) (182) (180) (106) (29) (684) Success rate (SR /)
SR Step SR Step SR Step SR Step SR Step SR Step #ofsteps(Step {)
3 backbone LLMs
Gemini-2.5-flash
No Memory 39.0 8.2 445 95 339 133 557 6.7 103 10.0 40.5 9.7
Synapse 406 7.0 451 9.1 356 13.0 594 6.5 103 105 421 9.2
AWM 444 7.0 46.7 8.8 372 132 623 6.1 3.4 7.7 441 9.0
REASONINGBANK 49.7 6.1 51.1 8.2 40.6 123 670 56 13.8 88 488 8.3
Gemini-2.5-pro
No Memory 455 7.6 51.1 8.7 350 11.6 71.7 6.0 6.9 8.8 46.7 8.8
Synapse 46.5 6.6 522 89 383 113 689 59 6.9 9.0 47.7 8.5
AWM 48.1 6.4 493 9.8 400 11.2 689 64 34 9.3 476 8.7

REasoNINGBaANKk 51.9 6.0 566 7.7 444 9.8 80.2 5.1 13.8 8.2 539 7.4
Claude-3.7-sonnet

No Memory 385 6.1 495 84 36.7 106 53.8 5.5 0.0 11.6 41.7 8.0
Synapse 39.6 5.8 50.5 85 380 10.0 53.8 6.1 0.0 11.8 426 7.9
AWM 39.6 7.2 478 93 346 109 528 7.0 00 124 408 8.9

REASONINGBANK 449 5.6 533 7.6 41.1 9.5 575 5.2 34 105 46.3 7.3

O ReasoningBank consistently outperforms baselines across LLM backbones on all datasets
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SkillO$: Learning Skill Curation for Self-Evolving Agents

skill n.md

..........................................................................................

Name: Use light source to examine

Description: Ensure ...

# Workflow

suggested sections | |

1. Navigate to the light source ...

4 # When NOT to Use

t| - If the light source is not in the ...

# Prerequisite Constraints

(b) Skill format in Skill

emerged sections | |

S

Siru Ouyang, Jun Yan, Yanfei
Chen, Rujun Han, Zifeng
Wang, Bhavana Dalvi Mishra,
Rui Meng, Chun-Liang Li, Yizhu
Jiao, Kaiwen Zha, Maohao
Shen, Vishy Tirumalashetty,
George Lee, Jiawei Han, Tomas
Pfister, Chen-Yu Lee, "SkillOS:
Learning Skill Curation for Self-
Evolving Agents",
arXiv:2605.06614

Traditional LLM-based agents are often one-off problem solvers that do not learn from past experiences,
limiting their long-term adaptability and performance in streaming or sequential task settings.

SkillOS: Enable agents to self-evolve by accumulating, refining, and reusing procedural knowledge (skills)

SkillOS pairs a frozen Agent Executor with a trainable Skill Curator. The executor retrieves relevant skills
from SkillRepo to act; the curator edits the repo (insert/update/delete) based on the resulting experiences

N W .2,, .......... e * ................. ,\ ............

3 ! BN ‘/. ] ) W Acrword | a

: - Taskx, @ Webshop "
Task x,— Experiences Reasoning i

s _ .......................... = _--'
Task x;— b . v @ L .

4 Insert Update e
Time v

(a) Streaming skill curation with SkillCS
a
a
from experience, thus improving future task performance
a
a
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Skill Representation: Each skill is stored as a Markdown file with: (1) YAML Frontmatter: contains the skill
name and a concise, actionable description; (2) Markdown Body: provides instructions, workflows,

constraints, and reusable heuristics.



SkillO$: Learning Skill Curation for Self-Evolving Agents

I Each training step samples a task group Y= skill_1.md L= =kl 3.md .
| o oL update SkillRepo
and starts with an empty SkillRepe ___________ e
e’ : e outcome
R I : : :
Group m G) @ @ & skil Insert i e quality
G . - - ’ Curator mg : -
T ""rrr. 1 X m.2 o "lrrr_.ri,_.: i \ Update r_,f(: format
j Iterate over each task in G, I ____________________ update 7; using GRPO _______ r" | conciseness
I
Training Data Grouping i ‘
| | E |
Step 1 Step 2 Step i Step n
Q Ta k 1 Examine mug under . inserts s orchestrates diverse skill
e update P e e
=2, Look at the pencil W|th - . opelr:iltlol:w‘g“and:ur:tai hig|
quality skill contents
Q Ta_,k 2 Q Ta_.k n . g E e .
Group 1 — . e _ — Tl P s, SkillOS-base
Put two hot eggs in kit.. ;'@Ta,k 1t & n
i T s g : SkillOS
Put a cool mug into r|dge / &n

Skill Curator g,

Policy 7 evolves during the training process

O Experience-Driven RL Training: The skill curator is trained using RL, with

feedback signals derived from the executor's performance on future

related tasks.

SkillOS training pipeline:

Each step samples a group of related
tasks and initializes an empty
SkillRepo. 7S is optimized with
composite rewards, enabling self-
evolution.

Action Guidelines

1. Analyze the agent trajectory and its
result. Identify what went well and what
didn't.

2. If the trajectory is correct, extract
reusable knowledge or skills. If it is
incorrect, identify the failure point and
extract skills that can help fix the issue.
3. Compare the extracted skills with past
skills. Determine whether to insert a new
skill, update an existing skill, or delete an
existing skill using the following tools.

O Grouped Task Streams: Training instances are constructed as groups of related tasks, so skills learned
from earlier tasks are evaluated by their impact on later tasks in the group

O Composite Reward Function: Task outcome reward; function call reward; compression reward; content

65 quality reward
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$killO$: Performance Study

Methods Curator Pick Look Clean Heat Cool Pick2 Avg. SR Steps
TS (35) (13) (27) (16) (25) (24) (140)
Executor m p: Qwen3-8B
No Memory None 78.1,, 46.2.. 33.3,,. 37.5. 293., 47.2.., 47.9,, 21.1
ReasoningBank Qwen3-8B 83.8,, 48.7-, 49,4- 39.6., 41.3.. 54.2. 55.7., 20.1
MemP Qwen3-8B 80.0 43.6 24.7 33.3 38.7 48.6 49.7 21.0
SKILLOS-base Qwen3-8B 79.0.. 41.0., 45.7., 37.5,. 38.7,, 55.6,, 53.1,. 204
SKILLOS-gemini Gemini-2.5-Pro 77.1 53.8 37.0 37.5 36.0 50.0 50.7 20.8
SKILLOS y Qwen3-8B 85.7 56.4 54.3 43.8 46.7 62.5 61.2 18.9
Executor & y: Qwen3-32B
No Memory None 80.0,, 69.2,, 45.6,, 37.5..: 427 43.1 54.5 20.3
ReasoningBank Qwen3-8B 86.7., 71.8., 50.6 45.8. 52.0 51.4 61.4 18.7
MemP Qwen3-8B 80.0 76.9 44.4,. 37.5 42.7 47.2 55.7 20.0
SkiLLOS-base = Qwen3-8B  829,, 69.2,,, 48.1,, 50.0,. 48.0,., 52.8,, 59.8,, 19.2
SKILLOS-gemini Gemini-2.5-Pro 97.1 76.9 55.6 43.8 40.0 54.2 63.6 18.1
SKILLOS y Qwen3-8B 01.4 76.9 59.3 56.3 57.3 62.5 68.6 17.3
Executor m y: Gemini-2.5-pro
No Memory None 90.5., 66.7., 48.1,,, 39.6,,;, 68, 68.1 66.4 17.7
ReasoningBank Qwen3-8B 91.4,, 61.5., 63.0 39.6. 70.7 76.4 71.4 16.0
MemP Qwen3-8B 05.2 74.4 61.7 56.3 76.0 68.1 74.3 15.2
SKILLOS-base Qwen3-8B 91.4,, 69.2.. 56.8.. 54.2.. 72.0,, 66.7,,, 70.7., 163
SKILLOS-gemini Gemini-2.5-Pro 94.3 69.2 77.8., 75.0 80.0, 66.7 79.3 14.9
SKILLOS y Qwen3-8B  95.2 71.8 74.1 72.9 77.3 77.8 80.2 14.8

Experiment on ALFWorld benchmark. Success rate (SR ") and the number of steps (Steps \l/) are
reported on 6 subsets with 3 different frozen executors.

Further performance study shows:

Effectiveness: SkillOS outperforms
both memory-free and memory-
based baselines in success rate and
efficiency across multiple
benchmarks (e.g., ALFWorld,
WebShop, mathematical reasoning
tasks).

Efficiency: Achieves higher task
success with fewer interaction steps,
indicating more targeted and
actionable skill use.

Generalization: The trained skill
curator transfers well across different
executors and task domains, showing
modularity and robustness.

Skill Evolution: Over time, SkillRepo
evolves to contain more structured,
higher-level meta-skills and
actionable strategies, not just
verbatim task trajectories.



PlugMem: A Task-Agnostic Plugin Memory Module for LLM Agents

Q Existing memory design: Task-specific (non-transferable) or task-agnostic but less effective
0 Observation: Decision-relevant info is concentrated as abstract knowledge

O PLUGMEM: A task-agnostic plugin memory module that can be attached to arbitrary LLM agents
without task-specific redesign

O Representation: Structure episodic memories into a compact, extensible knowledge-centric
memory graph that explicitly represents propositional and prescriptive knowledge

a  Efficient memory retrieval and reasoning over task-relevant e e e

knowledge, rather than verbose raw trajectories -
. PlugMem (HPQA)

0 Treat knowledge as the unit of memory access and 3 PlugMer(LME) o

organization instead of entities or text chunks £ -
S RAPTOR
Q Evaluation: Across three heterogeneous benchmarks =

O  PLUGMEM consistently outperforms task-agnostic .
baselines and exceeds task-specific memory designs, while , ‘ & T omer tost
achieving the highest info density under a unified Num of Mem Token (Normalized)
. . . . Ke Yang, Zixi Chen, Xuan He, Jize Jiang, Michel Galley, Chenglong Wang, Jianfeng Gao, Jiawei Han,
|nf0rmat|0n‘the0rEt|C ana lySIS' ChengXiang Zhai, “PlugMem: A Task-Agnostic Plugin Memory Module for LLM Agents”, in ICML, July 2026
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PlugMem Transforms Raw Episodic Memory into
Structured, Knowledge-dense Representations

Q Effective agent memory should actively transform raw episodic memory into structured,
knowledge-dense representations
0 Episodic memory (detailed records of experience) vs. knowledge-level memory (semantic
memory (knowing that; factual propositions) & procedural memory (knowing how;
action-oriented prescriptions))

aQ PlugMem operates on knowledge units (i.e., propositions and prescriptions) which form the
fundamental units of memory access and manipulation

. i : PlugMem consists of (1) a structuring

0 vs. GraphRAG (operating on entities and relations) module that standardizes heterogeneous
"""""""""""""""""" raw memories and extracts propositional

and prescriptive knowledge through

hierarchical abstraction, organizing them

into a memory graph; (2) a retrieval

@
: VO module that selects task-relevant
1 e .-ﬂ"‘ . .
| _, = s ¢ | 2 Reflection o~ subgraphs; and (3) a reasoning module
_ _ | A9 that further adapts and compresses
Input: Heterogeneous Standardized & Retrieved 1 Output: Task- .
LEGIETEICETNTS),  Knowledge-Dense Memory L C U3 L Relevant Memory retrieved knowledge for the base agent

PLUGMEM performs memory-to-knowledge abstraction & supports the unified
68 management of multiple key memory types across agentic tasks



The Structuring Module of PlugMem

- - 2 Exac S PEREERRREERE L SRR EES ~
0O  Structuring module: Standardize heterog. S=aiREECLERLILD _ Extract —
. d . d in duce e Uscr: 1 just picked up a PrEZ?wiI;:Stg &
episodic memories and i ‘ vell it — ﬁ
p .. L ' Assistaﬁﬁvgoun(;s good! 1 Tum into steouise (g,s,a,r,s') _»
propositional and prescriptive knowledge Soservation torana. [RPRPRIEN

action (a) pairs. Segment REDEIGEEN)

W

. . . L . — ~ 2. Label subgoals (g,s,a,r,s') Workflow by FEFEN S S0 Extract
Q Retain episodic traces as verifiable evidence o[ o A— () i ) e Prescription
L= .Obs_ [Shoppimg Website] - Iatipey (g,s,a,r,s") Similarity [EETEWINN) & Intent
Methods: ‘E.EETJ}E Act: Click "Contact Us' (39 Fsor;n ft:‘,;?jlgldézed (g's'a’r',s') ﬁ q
] . . & l B ' ! (g,s,a,z,s')
QO Standardize heterogeneous interaction traces . A il
. e ] ] ] The structuring module transforms heterog. memory into a formalized knowledge-dense
into a unified episodic representation memory graph: From (o: observation) to (g: subgoal, s:state, a:action, r:reward, s’)

a Rep. a raw interaction trace as a sequence of observ.-action pairs: (o, a), then standardized as e, = (o, s, a,, I, &)
a Aggregating all standardized steps yields an episodic memory sequence [e ],"
O Induce propositional (semantic) & prescriptive knowledge that can be independently indexed and reused across tasks
Q Use an LLM to extract a set of atomic propositions that describe salient facts implied by the interaction
Q Each proposition is accompanied by a set of associated concepts, which serve as semantic tags for indexing
d  Ex. “Tam Sventon, known in Swedish as Ture Sventon, is a fictional private detective based in Stockholm.”
Q — {Tam Sventon, fictional private detective, Stockholm}
Q To ensure extraction quality, use coreference resolution, proposition deduplication, and length control

O  The extracted propositions and concepts are stored in a semantic graph GS
69

- O S O G S G S e e



Q

Q

Q

Q

The Retrieval Module of PlugMem

Procedural Memory: Extract reusable action
strategies from episodic trajectories to | concept b Intent |

I
. . . , Nodes 1 I\ Nodes | I by knowledge-to-
support future decision making ~TTTTTorTtoomcn, Ttoromoomc ! task relevance.
|
Segment the trajectory into coherent sub- !
________________ e RS
. : . : | Propos1 tion 1 Prescription!
trajectories by detecting boundaries ' Nodes ;! vodes

Episodic
Layer

For each trajectory segment, using LLM Obs: Price $0.99
induce a compact (intent, prescription) pair GaREIIEIEEEEE)

Intent: the objective pursued within the segment; . . . . . S,f:d'::'
prescription: an environment agnostic action T

workflow that captures the key steps

Memory Graph

Focio S

'l
Standardlz
, & Extract . .
|Knowledge ...'l

Initialize retrieval

Newly OPrewoust ,// Inactive for

retrieved

Refine retrieval by
higher-level hops.

O
00

Atomic Merge & Split l

- \.4 -
---------

Graph Operatlons

retrieved // retrieval

Refine retrieval by
tracing back detailed
Mmemory Sources.

O
00

------------------------

Decay & Compress
If a node's utility | ,

. turns into
>

----------

Knowledge-centric memory graph design and the standard graph operations
Ex. of prescription: “To identify the lowest price of an item, search for the item using the search bar, sort the results by price and verify the minimum across variants.

”n

O The Structuring stage constructs an episodic graph Gf, a semantic graph G°, and a procedural graph GP

g

g

70

a

Both G°> and G” maintain explicit provenance links to Gf, enabling verifiable grounding info.

Given a task description or query Q, an LLM-based retriever first determines which memory types to

emphasize: episodic, semantic, or procedural.

Retrieval begins by encoding Q into an embedding q and scoring it against all low-level nodes (i.e.,

proposition or prescription nodes) to initialize a candidate set C,

-
e —



PlugMem: The Reasoning Module and Overall Operations

" " Newl Previously /. Inactive fi
O Reasoning module: Transform retrieved =~ Sty L7 et price | POl Suberarh ot O revevsd 7/t
. . . ] :Cuncept ' ! Intent | 1 Initialize retrieval  poco o tiayalpy  REfNE retrievalby
memory into immediately actionable (_Nodes b Nodes _; U byknovledgeto- 7% BTSSPV yracing back detaied 1
. R Y 4 W : task relevance. g ps. memory Sources. :
guidance for the playing agent | OOO OOO |
O Retrieved memory may contain multiple :—"_"ﬁﬁﬁfﬁ‘r“?‘ __________ e 6 i FegN‘f,’lef"_“EI y o |
. LW N odes ) Wy Ly 00000,
overlapping or verbose descriptions of past Obs: Price $099 LY 3. Update BEET 4. Delete B
. . . o . ct: stop [lowest price: $0. T 1 i i |l 1
interactions that are individually relevant ~— “SEREEEEEREEy -~ [ /L8 S 1 @ 11 o Merge & ol 1, Decay & Compress
. Sour'ce:, & Extract .. oo NS ,: Ifanodes.u.nhryi. .
but collectively redundant for the current '@ W W W & _ __ __ odes | 1ooieie g g0t @ @ @ 1 @I
decision Memory Graph Graph Operations

O  The reasoning module leverages the LLM to aggregate and condense such info into a compact, task-
aligned representation, distilling the shared signal across messages into a single actionable summary

O Summary: PLUGMEM standardizes episodic memory, extracts semantic and procedural knowledge,
organizes them into structured memory graphs, and enables retrieval and reasoning over stored experience
to support downstream decision making

aQ At the system level, PLUGMEM supports 4 basic memory graph operations: i) create, which inserts newly
observed episodic experience into structured memory, ii) retrieve, which retrieves relevant semantic,
procedural, or episodic memory given a task or query, iii) update, which revises existing memory entries
when new evidence becomes available, and iv) delete, which removes obsolete or low-utility memory.



PlugMem: Performance $tudy

. . 737 oo 1.0 o0~ 0] @ Plugtem
o Reasoning [ 2 @ .
PLUGMEM consistently achieves a . o o® sugtien No Reasoning o ‘o O Nobemo
more favorable utility-cost trade-off, | / 08 | Nostrictuing N Reasoning™ o 021 (3 QMo Reasoring
. . . . ! RAPTOR \ 05 tru TI'I-J:.I :1
dominating prior approaches by 6.0 f Tl Retrievi 0.6 /! Vanilla Retrieval® O No Retrieval o
providing higher decision-relevant = .|  / o structuring = | £ Prughtem =] Vania Retrieva
utility under smaller memory ol o ;’ 02
budgets across benchmarks el 1 No Retrieval 1o’
' ! —0.4-
4.0 ,’ T Higher utility 27 _ T Higher utility T Higher utility
é « Lower cost No Retrieval « Lower cost AWM « Lower cost
Results on LongMemeEval. #TokAvg. is the average ! o e 1 2 e e e e e e
length of memory tokens. Experiments use NV- Num of Mem Token Num of Mem Token Num of Mem Token
Embed-v2 (abbreviated as NVE) as the embedding LongMemEval HotpotQA WebArena
model for retrieval, and Qwen2.5-32B (Q32)/gpt-
40 (40) as base LLMs for structuring and reasoning. % Results on HotPotQA Ablation Study on LongMemEva
Mehod | Emb LM | Acc. | #lokag Info. Density Mem Method | Emb LLM | EM FI | #Tokag | Info Density _ Method [ Emb  LLM ] Acc. | #Toky, Info. Densiy
Vanilla Baseline Vanilla Baseline PLUGMEM  NVE Q32+4o0 ‘ §2.8 ‘ 2339 3.2e2
No Context - 4o 8.8 - - No Context - Q32 | 22.1 31.0 - - , _
uctur ) 3 2) 2 g2
All Context i 4 | 630 115K 485  GoldContext | - Q32 |69.2 821 | 865 Loe-|  NoSuueturing | RVE Q32440 636 2288 24e-)
» P —— NoRetrieval | - Q32+40 | 558 | 2236 2.le-2
Task-Agnostic Task-Agnostic :
Vanilla Retrieval | NVE 40 652 | 36126 1 6e-3 Vanilla Retrieval | NVE Q32 | 51.7 62.7 | 659.2 1.2e-2 NoReasoning | NVE Q32 | 81.6 | 9267.9 8.0e-4
A-Mem' NVE 4o | 604 | 42114 13e3 AMem | NVE Q32 | 458 336 0936 2o Ablation Study on HotPotQA
Task-Specific GraphRAG* | NVE L?lds By 3 s
f / , : 172 1 7. raphRAG™ ’ .2 68 - - Method | Emb LLM | EM  FI | #Tok, | Info. Density
RAPTOR NVE : do- 13 5'{,: 1042.2 763 RAPTOR | NVE Q32 | 567 69.7 | 806.3 .1e-2 | | | #lokis | :
e i‘;p . B(;IE']'E“" jo LI,I 518‘:[(],3“0 s PropRAG | NVE Q32 | 57.8 721 | 626.1 1.9¢-2 PLUGMEM NVE Q3 614 741 8L 1.4e-1
iCoMemory' / 40 4. 5846. 2e-3 . . ; . : 5 :
: Ours HippoRAG2 | NVE Q32 C‘)JU-U 73.3 ] 5951 1.9¢-2 NoStmcturing | NVE Q32 | 514 620 | 1167 6.8¢-2
PLUGMEM | NVE  Q32+40 | 828 | 2339  32¢2 PLUGMEM | NVE Q32 | o4 741l 8Le Lgeq  NoRewewd | - 032|200 43| 80' | 3l
72 NoReasoning | NVE Q32 | 593 718 | 6351 [7e-2
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(Top) The fast loop lets the agent interact with environments and a four-level memory hierarchy;
(Down) the slow loop converts outcome-calibrated hindsight into on-policy self-distillation signals
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Q Task: Systematically transforms interaction history/feedback into persistent future improvements

0  Unlike memory-augmented agents (store trajectories, reflections, tips, or lessons and inject them
into later prompts); skill-augmented agents (distill experience into reusable strategies, tools, or
procedures); or optimize only one fragment (e.g., retrieving experience)

Q A qualified agent evolver should have 4 inter-coupled capabilities:
Oexperience selection identifies useful memories from a growing and noisy repository;
@ experience-grounded execution converts selected experience into effective multi-turn actions;
9 experience writing extracts reusable knowledge from new trajectories and feedback; and
9 experience management scores, consolidates, updates, and retires memories over time.

O Fast evolution loop: operates over a 4-level memory substrate of trajectories, tips, skills, and tools: it
selects task-relevant mem before execution, acts with them, then writes and periodically maintains
mem from trajectories, rewards, and feedback. Convert into supervision for what should be selected,
used, written, and preserved.

a Slow evolution loop: On-policy self-distillation: Observes attribution-enriched evidence unavailable at
deployment (candidate memory value, trajectory snippets, future utility of written memories, and
repository-level diagnostics), enabling OPD-Evolver to acquire transferable lifecycle-level competence

24 for self-improvement.



OPD-Evolver:

Performance

LLM Method LifelongAgentBench MemoryArena AMA-Bench InterCode Method MiniHack InterCode
DB OS Math Physies CI SU SA Bash CTF SQL Room Maze KeyRoom Bash CTF SQL
QWEN3.5-397B-A17B 86.00 63.00 398 465 5721 5873 5141 5134 5600 6274 Vanilla 80.39 19.61  0.00 5573 44.00 41.25
STEP-3.5-FLASH (196B) 81.00 58.00 198 233 4950 4699 4888 4420 4800 59.87 SFT 8235 17.65  0.00  59.87 49.00 44.64
GRPO 100.00 2353 392 63.69 58.00 47.77
No Memory 63.00 36.50 2.40 233 2483 27.67 29.73 30.36 26.00 38.85  Skillo 04.12 2549 3.092 62.10 54.00 47.32
ExpeL 62.50 34.50 198 174 2617 24.88 2849 30.80 33.00 3408 MemRL 96.08 19.61 196  61.15 50.00 44.20
AWM 63.00 36.00 1.69 349 2836 30.14 3349 27.68 33.00 38.54 Complementary RL 96.88 20.85  5.16  63.20 55.00 48.10
Cheatsheet 69.00 38.50 297 174 2534 3091 3037 33.04 2500 37.90 OPD-Evolver 98.04 27.45 9.80  64.01 59.00 49.55
QWEN3-4B  Memp 73.00 41.00 466 000 3238 2844 31.81 3170 27.00 4331
ReasoningBank ~ 70.00 38.00 381 116 27.35 29.68 30.97 31.25 25.00 43.95 Comparison with training-based agent
EvolveR 71.50 46.50 127 291 2651 2442 30.01 33.93 31.00 44.90 -
MemEvolve 7200 4400  1.84 233 2953 3153 3273 3393 20.00 44.59 improvement methods
OPD-Evolver-4B | 74.00 49.50 551 407 3289 3493 3490 36.16 34.00 45.86
NoMemory 7550 5250 551 523 40.10 47.14 4563 4152 4400 5573  variant Bash CTF SQL
ExpeL 74.00 46.50 819 872 4111 4374 44.67 40.18 50.00 5223
AWpeM 72.50 44.00 734 1105 4396 4838 4800 3073 49.00 5159 OPD-Evolver-4B S
Cheatsheet 7950 5250 664 523 4077 4930 46.19 41.96 47.00 56.05 w/o Slow Evolution ~ 32.14 28.00 39.17
QWEN3.5-9B  Memp 82.00 56.00 480 640 4581 47.14 46.59 4420 50.00 5828 w/o Memory Attribution 31.20 26.69 38.50
ReasoningBank ~ 80.50 55.00 494 698 4228 4838 47.04 4375 4500 57.96 w/o Selection 35.27 32.00 42.04
EvolveR 82.50 59.50 6.07 756 4178 4281 46.11 44.64 52.00 60.51 w/o Writing Distill. 3438 29.00 41.08
MemEvolve 81.00 61.00 424 9.88 4430 4977 47.20 4598 53.00 61.15 w/o Maintenance 3530 30.10 '43.51
OPD-Evolver-9B 84.50 65.00 10.88 11.63 47.32 53.94 5292 49.55 57.00 64.01

Task success metric across self-evolving agent benchmarks. For AMA-Bench,
Cl: Causal Inference, SU: State Updating, SA: State Updating.

75

Ablation study on InterCode (Bash/CTF/SQL)
with OPD-Evolver-4B. “Writing Distill.” denotes
the exclusion of self-distilling experience
writing capability
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