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Why Do Agents Need Memory?

I\

gent tasks are longer

[baseline]

context event(s)

aseline on a 1M window: context grows past 200K

Turn

As the operation time increases,
the context gradually expands.

Sources: Anthropic - Context Engineering

J

( 4 )
a Windows keep expanding

Introducing GPT-4.1in the API

A new series of GPT models featuring major improvements on coding,

instruction following, and long context—plus our first-ever nano model.

128K

GPT-40

1M

GPT-4.1

-)

The context length supported by the
model is also getting longer and
longer.

Source: OpenAl GPT-4.1 announcement

- J

(
a Reliability still degrades

Repeated Words - Performance by Input Length (Tokens)

Model performance still degrades as
input length increases,

Source: Chroma technical report

-

_/

Takeaway: Larger windows are not enough, agents need memory module to manage context.
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https://platform.claude.com/cookbook/tool-use-context-engineering-context-engineering-tools?utm_source=chatgpt.com
https://platform.claude.com/cookbook/tool-use-context-engineering-context-engineering-tools?utm_source=chatgpt.com
https://openai.com/index/gpt-4-1/
https://openai.com/index/gpt-4-1/
https://openai.com/index/gpt-4-1/
https://openai.com/index/gpt-4-1/
https://openai.com/index/gpt-4-1/
https://www.trychroma.com/research/context-rot

Where Do Agents Need Memory?

Memory supports continuity across conversations, tasks, and changing environments.

Personal Assistants Coding Agents
Keep user preferences and past requests across sessions. Recall project decisions, previous edits and test results.
Prefers quiet cafés — Recommend a quiet caf¢ Parser test failed — Resume the fix
Research Agents Social & Game Agents
Preserve sources, intermediate findings and open Remember prior interactions, world states and learned
questions. skills.
Read paper A previously —> Insight to following project Plan a party — Follow up next day

Across these settings, agents must preserve, update, and retrieve useful information over time.

https:.//tmlr-trimem.github.io/ & https:.//github.com/tmlr-group



Application: Personal Assistants

Memory enables personalized responses across conversations.

-

Remember user preferences

. An illustrative cross-conversation example
Codex Use Agent Memory for Cross-session P

personalized memory

X . .

Memor E 1 : “I f 1 ”?

d arier. preier ve getarlan meails.

© Ceneral Reference chat history o
O Notifications Lets ChatGPT reference recent conversations when responding

Learn more
® Personalization

Reference saved memories [ @)
38 Apps Lets ChatGPT save and use memories when responding

.
® Schedles - Vanage Memory: vegetarian preference
s ChatGPT may use memory to personalize queries to search

8 Bll\lng providers, such as Bing. Learn more
[@ Data controls l
@ Security Pulse

Sa Parental controls

@ Account LR:fz:eang:TmZ:‘:gh: ,/s':tgcgﬁij‘t::ji suggestions. Turning this off will o Later: “SuggeSt dlnner nea’r my hOtel ‘,,

disable “Pulse”. Learn more

Show “Pulse" in new chats [ @)

The assistant can reuse a preference without asking the user to repeat it.

https:.//tmlr-trimem.github.io/ & https:.//github.com/tmlr-group




Application: Coding Agents

Agents can remember why a solution failed and avoid repeating the same mistake.

Learn from past failures

Google Research Store Previous Useful
Experience in the Memory

[ ReasoningBank: a collection of memory items J

N
(i) Memory (iii) Memory
Retrieval Consolidation
(ii) Memory
Experience Extraction | Success
Insights
%, * - > e — Memory
E233 [ | Judge ' |
A dent Env Failure tems
4 g€ Reflection

Ilustrative example: error-driven memory

Past failure: deploy before running tests

!

Memory: cause + corrective rule

“Run regression tests before deployment.”

!

New task: check tests first — avoid recurrence

Memory turns past debugging mistakes or successful attempt into reusable rules for future tasks.
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Application: Research Agents

Agents can connect insights across papers to support future research.

-

Build new ideas from prior research

Anthropic uses memory to gather information

from different research tasks.

Claude.ai chat User
Request

What's on your
mind tonight?

Final
Report

Ilustrative example: cross-paper insights

High Level Architecture of Advanced Research

Paper A Paper B

-

Citations
subagent

(orchestrator)

Multi-agent Research System )
Lead agent

Research memory

Connect and preserve findings from different papers

[ Search subagent ]

[

Search subagem] [ Search subagem]

!

S

\J

\/

New Research Insight

Accumulated findings can inspire new research hypotheses and directions.

https:.//tmlr-trimem.github.io/ & https:.//github.com/tmlr-group



Application: Social and Game Agents

Memory supports coherent social behavior and reusable skills.

) (
Social agents Game agents
3’
Build Base
Build House
Fight Enderman with Human o Mine Gold
QI \W [ES iR oTH [ [T BN O P
Al sl ol [Fl 6] ] (4] ik [ y_— .
DEREMENN « o e rer i Hunt Rig
Explore in
unfamiliar | Skill library
Social agents help remember preferences of friends to SIYITOIENCIE
support social interactions. Agents reuse learned skills for new goals.
J g

Memory preserves relationships, events, and skills beyond the current action.
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Agent Memory: A Typical Pipeline

Store information from past interactions and retrieve relevant memories for each new query.

Raw Dialogue Storage Retrieval Reasoning / Answer
® I moved to < ) :@: Question: What was the
dh Shanghai last Static name of the restaurant
month, and I love Extraction prompt that was recommended
Asian food. to me last time?

o g e il e ——— N
Similarity 1

Matching | Sure! According to the

eoe . !
O likes !
. 1 . .

o Can you O Asian food i | provided atomic fact,
dh recommend some lives in O restaurant | O O O ! the recommended
restaurants for Shanghai e ! ! restaurants is ...
\ J

i name
dinner? J T N

Discarded after Text + Embedding , _
Retrieval Tider Query-Based Retrieval »

Agent memory system typically use static prompt to establish a fact-centric pipeline

https.//tmlr-trimem.github.io/ & https.//github.com/tmlr-group 10



How different Methods Improve the

Agent Memory System

[ Mem( [ A-Mem

Enable Update of Old Facts Construct Link between Facts

ET0) ST
3
){ fact v2 (updated) ]

\_ J \.
( ) 4
LightMem SimpleMem
Different Types of Fact Generate Different Retrieval Questions
uestion A
Ty ) () () i
\_ J \_

Previous method focus on how to better utilize the atomic facts extracted by static prompts
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Can Atomic Facts Beneficially Atfect all Three
Stages of Agent Memory Systems?

Given Question What proportion of the relevant
evidence for the questions can
What career did Caroline choose? be successtully extracted?
199 s6.5%
Full-context RAG based retrieval return sentences contain .
similar words, making it prone to confusion during retrieval: = %
. . o 60
career jobs occupation E
S 40
[+4]
Atomic-fact based retrieval enable more accurate matching "
: . 0
Caroline helps trans people through counseling. o Factbaced RAG-based

Retrieval Retrieval

https:.//tmlr-trimem.github.io/ & https:.//github.com/tmlr-group



Can Atomic Facts Beneficially Atfect all Three
Stages of Agent Memory Systems?

How many reference answer
tokens are covered?

Caroline helps trans people through counseling. 100, 95.3%

80.8%
80
Fact extraction X
o 60
3
c
S 40
)
o
20
Caroline wants to pursue counseling. .. .
Original Extracted
Dialogue Fact

“trans people” lost

https:.//tmlr-trimem.github.io/ & https:.//github.com/tmlr-group



Can Atomic Facts Beneficially Atfect all Three
Stages of Agent Memory Systems?

Some understanding needs to be constructed based on How significant is the ditference
scattered facts. in the reasoning performance

regarding two types of questions?

100

Fact 1 Fact 2
Caroline went on a
family road trip last

weekend.

\/

Her son had an accident

last weekend. 80

60 55.3

35.8

F1 Value

40

20
Caroline won’t go to another trip I
recently. 0 .
Evidence Evidence
Num =1 Numz22

https:.//tmlr-trimem.github.io/ & https:.//github.com/tmlr-group



Can Static Fixed Prompt Adapt to Heterogeneous
Real-World Dialogues?

( ) ( )
Explicit Expression Implicit Expression
Jolene: I use the pomodoro technique to study. Tim: I spend 25 minutes studying, then 5 minutes off.
l Extraction l Extraction
[ Jolene uses pomodoro technique ] [ Tim uses a timed study technique ]
v Technique name preserved X “Pomodoro” not inferred
(. J (. J
Reasoning Performance Comparison on s 60.0 Tl 42.2
Dialogues between Different Speakers (F1) Deborah & Jolene John & Tim

Takeaway: Reasoning performance fluctuates as diverse conversation style makes fixed prompt unstable

https:.//tmlr-trimem.github.io/ & https:.//github.com/tmlr-group
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How TriMem Avoid Lossy Storage and Shallow
Reasoning

@ N (., ) b
Raw Dialogue Traceable Structured
Extraced Facts Memory Profile
Hi! I'm Caroline and I’'m a . _ :
graduate student at Stanford M '¢ Name:Caroline T 5 Ident} ty
h p ¢ caroline
I'love hiking and often goon - m Student at Stanforc srewd {4l Education
trips to national parks. N graduate student
b & Likes hiking src: w2
I’m working on machine ; Alnterests
learning these days. T ; Workson src: w3 hiking
maching learning
Has a dog named Pets
[ have a dog named Max w4 -t4-> Max src: w4 Max
\_ J \ y

Maintain source identifier and integrate scattered facts into structured profile

https:.//tmlr-trimem.github.io/ & https:.//github.com/tmlr-group



How TriMem Maintain Efficient Retrieval

~

(
G Required Information Analysis
a Where does Caroline like to go on trips

uery Analysis

To answer this question, we need to search:

destination trips travel

hiking caroline

.

_J

4 )
6 Key-Fact Matching
likes hiking on _
[0 A national park ]
‘ national parks _
e ﬁ student at stanford -
src i &ct i profile

I love hiking and often goon §  likes | caroline

! trips to national parks. i hiking 1 profile )

TriMem retrieves efficiently by matching over key facts, Raw dialogue

and profile can also be obtained by the pre-established link

https:.//tmlr-trimem.github.io/ & https:.//github.com/tmlr-group
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How TriMem Continuously Improve the
ompts

System Pr
N

(
G Answer vs Reference
When did Caroline | Answer  Reference
¢ go to national park? ~ 2021 2023 0
>’ Where did Caroline| Answer  Reference
A LGBTQ
go yestarday? Park group
. R Answer Reference
What is (?arohne S| Machine Machine o
major? learning  learning

(2

~
Reflect and Prompt Refinement

Wrong time information
(2021 vs 2023) \

. . . ~
Wrong location information

(the park vs LGBTQ group) ~ Reflection

- J

rules for time

Add clear Add more

personal
backgrounds

Include key
entities and
constraints

expression

AN AN

N

7

Utilize an additional reflection agent to reflect and optimize the prompt

https:.//tmlr-trimem.github.io/ & https:.//github.com/tmlr-group
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LoCoMo Benchmark

Long conversations across many sessions

~

\—

N 2
Dataset and Example Question Categories
10 long conversations; about 600 turns and 16,000 Single-hop
tokens each, over up to 32 sessions. Recall a fact from one message.
After Each Conversation: .
Multi-hop
| May 2023 Caroline attended an LGBTQ+ support group. Combine facts from separate messages.
| June 2023 Shf; spoke at a school about LGBTQ+ Temporal
INCIUsIon. Identify when events happened or their order.
Later She also took part in a Pride parade. Open-domain
Several Related Questions are Asked: Use dialogue context and general knowledge.
Jf())lilne:tion: Which LGBTQ+ activities did Caroline Adversarial
Recognize unsupported or misleading questions.
Answer: Support group, school talk, Pride parade.
_J - J

Challenge: How to extract different kinds of information from the dialogue

https:.//tmlr-trimem.github.io/ & https:.//github.com/tmlr-group
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Performance on LoCoMo with High-

Capability Models

Table 1: Performance on the LoCoMo benchmark with High-Capability Models. TriMem
achieves outstanding performance across different models while maintaining high efficiency.

MultiHop Temporal OpenDomain SingleHop Average Token
Model Method BLEU Fl1 |BLEU Fl |BLEU Fl1 |BLEU Fl1 |BLEU F1 | Cost
LoCoMo 800 1726 | 10.17 1489 | 829 1628 | 1743 1936 | 13.62 17.85 | 16863
Naive RAG | 1149 1324 | 2052 2880 | 11.79 10.75 | 22.85 3029 | 19.59 2564 | 1119
Mem0 2881 3144 | 3541 4624 1851 17.93 | 3125 3534 | 3088 3581 | 1153
GPTA Lmini | MemoryOS | 1646 24.02 | 3478 4652 | 1489 19.58 | 36.18 4392 | 30.95 3930 936
A-Mem 15.11 2066 | 41.57 5094 | 11.18 13.20 | 3825 4372 | 33.01 39.10 | 1276
LightMem | 3293 4033 | 4753 5523 | 1831 21.91 | 37.68 4839 | 37.66 46.69 695
SimpleMem | 3240 39.33 | 43.69 5801 | 19.56 2450 | 4341 5399 | 39.97 50.30 587
Ours 3520 4259 4956 64.72 | 3686 43.88 | 4525 5536 | 43.79 54.26 1217 |
LoCoMo 19.64 1920 | 950 1395 | 11.87 1660 | 13.81 16.12 | 13.86 16.26 | 16863
Naive RAG | 1436 1535 | 1148 1617 | 903 909 | 2667 3503 | 20.15 2588 | 1119
Mem0 2552 3236 | 3248 4270 | 1450 1850 | 3002 3984 | 2874 37.74 | 1195
GPTdo MemoryOS | 2252 3176 | 3831 47.08 | 1291 18.06 | 3826 43.67 | 33.81  40.60 944
A-Mem 2090 2612 | 3539 4864 | 1074 1233 | 3711 4208 | 32.14 3867 | 1152
LightMem | 3530 45.16 | 43.60 58.57 | 10.56 23.20 | 36.72 46.60 | 36.26 47.37 677
SimpleMem | 31.34 3558 | 35.78 4696 | 18.96 17.01 | 37.11 4394 | 34.64 4136 627
Ours 4036 4600 51.39 6041 | 3927 50.15 | 40.61 47.78 | 42.73 5023 1272
LoCoMo 2045 19.04 | 12.69 1656 | 13.83 20.85 | 13.50 1523 | 14.62 16.56 | 16863
Naive RAG | 1013 1329 | 878 13.09 | 925 1224 | 2029 2844 | 1534 2146 | 1119
Mem0 2255 2858 | 3552 4882 | 1833 1675 | 2899 3565 | 2851 3592 | 1074
GPTS.nano | MemoryOS | 1074 2350 | 3250 3971 | 10.02 2030 | 3428 4034 | 2809 3588 952
A-Mem 1554 2011 | 27.23 3243 1086 1255 | 2726 3191 | 2409 2865 | 1175
LightMem | 28.63 3821 | 39.72 5551 1879 22.74 | 31.19 4201 | 31.73 42.93 723
SimpleMem | 2542 3328 | 32.15 4575 | 2077 2431 | 3965 4671 | 3430  42.65 655
Ours 34.86 4525 4245 57.05 | 33.55 40.52 | 54.26 62.88  46.96 57.04 1256

https:.//tmlr-trimem.github.io/ & https:.//github.com/tmlr-group

Our method consistently
outperforms prior
approaches when

integrated with various
high-capability models.

The low average tokens
consumption of retrieved
contexts also
demonstrate the high
information density of
TriMem.
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Compatibility on LoCoMo with
Efficient Models

Table 2: Performance on the LoCoMo benchmark with Efficient Models. TriMem still achieves
superior performance-efficiency balance with representative efficient models.

MultiHo Temporal OpenDomain SingleHo Average Token

Model Method BLEU F1 | BLEU F1 | BLEU ~F1 | BLEU FI | BLEU —F1 | Cost
LoCoMo 1267 2054 | 1232 1855 | 1059 1439 | 1976 23.78 | 16.34 21.51 | 16863 i

Naive RAG 13.75 15.83 8.86 13.53 9.68 10.77 | 21.57 2876 | 1675 22.10 1119

Mem0 2832  30.07 | 23.15 26.15 | 11.79 15.15 | 30.75 34.97 | 2754 30.10 1140

Qwen3-$B MemoryOS 1438 2272 | 18.67 2279 | 11.06 13.52 | 25.65 33.52 | 2122 28.06 911

A-Mem 16.02 21.08 | 28.10 37.51 14.01  14.19 | 33.60 40.77 | 28.01 34.83 1180

LightMem 2284 3254 | 37.62 4837 | 18.05 19.02 | 23.03 31.37 | 2573 34.36 740

SimpleMem | 23.39  30.39 | 24.66 34.51 14.04 1539 | 3573 41.26 | 29.81 36.25 608

xMemory 2844 39.13 | 28.65 3541 17.76 2157 | 40.66 _ 50.57 | 3449 4351 2230

Ours 33.09 41.22 | 38.71 53.13 | 30.59 37.64 45.10 52.52 | 40.66 49.65 1339 |

LoCoMo 1373 2336 | 13.15 2030 | 11.54 1942 | 1864 2586 | 16.15 23.84 | 16863

Naive RAG 1431 16.18 7.63 12.28 9.09 11.58 | 2299 31.02 | 1733 23.18 1119

Mem( 13.27 1640 8.26 12.62 7.45 8.45 2175 3128 | 1649 2324 1085

Llama-3.1-8B-Ins MemoryOS 13.57 2263 | 19.18 2331 10.59  13.01 | 2346 31.05 | 1995 26.77 964

’ A-Mem 1580 2284 | 2379 3619 | 11.19 1251 | 31.19 37.86 | 2558 33.18 1340

LightMem 13.19 1964 | 1693 28.06 | 17.39 20.68 | 27.62 41.06 | 22.11 33.16 758

SimpleMem | 18.81 26.22 | 21.15 3044 | 1581 1877 | 26.79 31.23 | 2347 2937 674

xMemory 21890 3124 | 2178 2684 | 1237 1662 | 2775 4136 | 2447 3494 | 2375

Qurs 2542 3456 | 2598 3236 | 2840 32,71 3576 43.20 | 31.37 38.70 1388

https:.//tmlr-trimem.github.io/ & https:.//github.com/tmlr-group

Our system still achieves
substantial performance
improvements with
open-source efficient
models, demonstrating
the extensive superiority
and broad applicability
of our method
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PerLTQA Benchmark

Personal memories represented in different forms

e N A
Dataset and Example Memory Categories
8,593 questions; 141 profiles, 1,339 social links, 4,501 Semantic Memory
events and 3,409 dialogues. .
Apart from the dialogue, corresponding background World knowledge Gen?al facts used to interpret a
. . . . . . estion.
is provided, including relationship, events: au
Profiles Personal details such as jobs or
I Relationship  Liu Ming is Liu Liang’s brother. interests.
Liu Liang and Liu Ming run a weekly study Social relationships Family, friends and other person-to-
Event 1 aroup person links.
I Dialogue Liu Liang: "Li Hua, let’s play games at home." Episodic Memory
Several Related Questions are Asked: Events Past activities and their participants.
Question: What are Liu Liang and his brother o , .
doing at home? Dialogues Historical conversations and their
L. context.
\Answer: Organizing a weekly study group ) U )

Challenge: Memory system needs to take into account both the dialogue and the relevant background

https:.//tmlr-trimem.github.io/ & https://github.com/tmlr-group 14



LongMemEval Benchmark

Long histories of user—assistant interactions

~ N N
Dataset and Example Five Memory Abilities

500 questions in dated chat histories. The shorter Information extraction

setting still has about 40 sessions and 115,000 tokens. Recall details stated by the user or assistant

Given a long conversion:
Multi-session reasoning

Last month Hawaii family trip, with snorkeling together. Combine evidence from different sessions.

Temporal reasoning

Last week The family visited Paris just last week. Use dates, durations and sequence of events
, , Knowledge updates
Today The family go to the restaurant for dinner. . .
Prefer the latest information when facts change.

Only One Related Question is asked:

Question: Where is the most recent trip planned?
Answer: Paris

Abstention
Do not guess when history has no answer.

AN J
Challenge: The information density is low due to each long conversation contains only a few pieces of

information relevant to a single question.
https:.//tmlr-trimem.github.io/ & https:.//github.com/tmlr-group 15




Table 3: Performance comparison on the PerLTQA benchmark. All values report the LLM-judged
correctness score (%), where gpt-4.1-mini evaluates whether each predicted answer matches the

Generalization on Different Datasets.

ground truth. TriMem achieves the best performance across different sub-tasks.

Qwen3-8B

Llama-3.1-8B-Ins

Method Profile Social Relationship Events Dialogues | Profile Social Relationship Events Dialogues
Full-Context | 65.80 56.72 52.75 18.51 52.46 54.58 47.54 17.27
Mem0O 89.56 76.46 66.48 27.59 73.04 72.29 57.14 26.31
LightMem 64.93 78.00 73.03 47.01 53.85 74.08 69.21 4472
SimpleMem | 88.12 82.40 79.87 42.09 84.64 76.46 70.39 37.90
TriMem | 92.46 83.23 85.72 55.79 92.17 82.28 78.17 45.01

Table 4: Performance comparison on the LongMemEval benchmark. We report the LLM-judged
correctness score of different memory systems with GPT-4.1-mini. TriMem achieves the best overall

performance while exhibiting consistently competitive results across different sub-tasks.

Method | Temporal Multi-Session Knowledge-Update Single-Session-User Single-Session-Assistant  Single-Session-Preference Average
Full-context 27.06% 30.08% 41.03% 47.14% 32.14% 60.00% 39.57%
Mem0 40.60% 50.37% 69.23% 87.14% 48.21% 63.33% 59.81%
LightMem 85.71% 47.37% 92.30% 88.57% 21.43% 76.67% 68.67%
SimpleMem 83.46% 60.92% 79 43% 85.71% 15.00% 16.67% 16.87%
TriMem I 79.70% 72.18% 91.03% 94.29% 91.07% 80.00% 82.80%

https:.//tmlr-trimem.github.io/ & https:.//github.com/tmlr-group

Our method remains
effective on different
long-term agent memory
benchmarks,
demonstrating the
strong generalization
ability of TriMem.
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Figure 4: Ablation of profile and raw dialogue module.
dialogue shows the best results, which demonstrates the rationality of our design.
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Figure 5: Impact of varying evolution step. Appropriate update steps lead to overall improvements,
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while further updates result in excessive refinement, which negatively affects the performance.

https:.//tmlr-trimem.github.io/ & https:.//github.com/tmlr-group

The agent suffers a
noticeable performance
drop when either
component 1s excluded,
demonstrating that
incorporating profiles and
raw dialogues 1s a
reasonable design

The performance gradually
improves with the increase
of evolution steps, and
reaches the optimal level
when the number of steps 1s
set to 4.
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Analysis of Prompt Evolution

F1 on Dialogue0-1 F1 on Dialogue2-9 BLEU on Dialogue0-1 BLEU on Dialogue2-9

O RSO 00 05 © QA G
O O
SERRRETT SRR
NEIN AR Y NN AR O

SR A SRSy

Figure 9: Details on two subsets. The memory system can consistently achieve better performance
on both subsets, indicating the stability and generalization ability of our prompt evolution method.

Prompt evolution was conducted exclusively on dialogue 0 and dialogue 1 of LoCoMo
using Qwen3-8B. To evaluate the generalizability of the selected prompts, we report
TriMem’s performance with Qwen3-8B on two LoCoMo subsets in Figure 9. TriMem
consistently outperforms the baselines on both subsets, indicating that prompt
optimization does not overfit to the two development dialogues.

https.//tmlr-trimem.github.io/ & https.//github.com/tmlr-group 8



Analysis of Prompt Evolution

[@ Question
"When did Melanie buy the figurines?" [ :
4 Relative time anchors ("last week", "yesterday", "next month") were
Dﬁ\ Reference Answer: 21 October 2023 preserved in the restatement but never resolved against the dialogue
. timestamp. The timestamp field was either left null or filled with the
[> Relevant Memory ¢ - . ,
, . conversation time rather than the event time, so date-targeted questions
Melanie said she bought wooden dolls had no anchor to match

Evolved Prompt :

Resolve Temporal References: Convert ALL relative time expressions tolabsolute dateslbased on the dialogue timestamp. The timestamp field should be
the EVENT time, NOT the conversation time.

Memory After Evolution

On 2023-10-21, Melanie bought wooden dolls that remind her of family love.

The failure case in early rounds drove the addition of a tip to the extraction prompt,
making the prompts become increasingly detailed

https.//tmlr-trimem.github.io/ & https.//github.com/tmlr-group 29



More Prompt Evolution Examples

[@ Question

|| "What instruments does Melanie play?" ‘ B‘

¥ Multi-fact dialogues were summarized into the most salient fact, with the

[2 Reference Answer clarinet and violin remaining facts merged into vague context that lost the queryable nouns.

[3 Relevant Memory : Recall on qglgregatlon questions (mslrumentls, hobbies, Iapguages, pets,

Melanie plays the clarinet, an instrument she started young as a form of locations visited) collapsed even when the dialogue contained every fact. A . d o« . d ff t
self-expression. - VOl InIX1Ilg 11T1IS1ren

Evolved Prompt :

/ pieces of information into

Atomic Facts: Extract individual facts as SEPARATE entries. If one dialogue mentions 3 activities, create 3 entries |Do not merge unrelated facts into onel
summary. "Melanie plays the clarinet, which she started as a child.” "Melanie also plays the violin, which she picked up in college.” the Same entI }‘

Memory After Evolution :

Melanie plays the clarinet, which she started as a child.
Melanie also plays the violin, which she picked up in college.

[S Question
|| "What personality traits might Melanie say Caroline has" ‘ B*
v

The profile builder was paraphrasing other-speaker descriptors into a
generic register, losing the exact adjectives the other speaker actually

B Reference Answer : Thoughtful, authentic, driven

B-Relevant Memory & used. For character-trait and inter-personal-perception questions in
o i . . . LoCoMo, the gold answers are typically the verbatim adjectives that
Caroline is well-regarded by Melanie as a kind and motivated person. . .
appear in the dialogue — once paraphrased away, they were
Evolved Prompt : unrecoverable from either the profile or the underlying memory entries

——Record others' evaluations

For [How Others Describe Them]:lquote the exact adjectives/phrases other speakers use about this person fe.g. "thoughtful®, "driven™).

Memory After Evolution 2

Melanie has called Caroline 'thoughtful’, ‘authentic’, and 'driven’ across multiple sessions.
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Necessity and Visualization of Search Query
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“ "What does Caroline's necklace symbolize?"
v

[ Target Query.

hat does Caroline's necklace symbolize?
hat is the symbolism of Caroline's necklace?
In

what context does Caroline's necklace appear and what is its background?

[k Key Information:
paroline, necklace, symbolize, symbolism

https:.//tmlr-trimem.github.io/ & https:.//github.com/tmlr-group

The performance 1s
significantly improved after
adding the search query,
indicating that the search
query helps the model
achieve more accurate
retrieval, thus confirming
the necessity of this module.
Through the required
information analysis,
TriMem can break down the
problem, enabling a more
accurate search.
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Necessity and Visualization of Search Query

[@ Question

[ Question

|| "What does Caroline's necklace symbolize?" |
v

A Reference Answer ¢ love, faith, and strength

= Retrieval1: Caroline owns a necklace with a cross and a heart that was a
gift from her grandmother in Sweden, given when Caroline was young,
symbolizing love, faith, and strength as of 27 June 2023.

‘l "What did the posters at the poetry reading say?" |
¥

IA Reference Answer: Trans Lives Matter

[3 Retrieval1: The transgender poetry reading event Caraline attended
featured posters with messages such as 'trans lives matter' and was filled
with pride and strength.

[5 Retrieval2: Sunflowers symbolize warmth and happiness, and roses
symbolize love and beauty according to Caroline.

E) Retrieval3: Caroline values a rainbow flag mural with a large eagle painted
on a building as a symbol of courage, strength, freedom, and pride of the
trans community and her own resilience.

[3 Retrievald: Caroline drew a drawing of a woman in a dress symbolizing
freedom and being real, representing a reminder to stay true to herself and
embrace her womanhood.

[3 Retrieval2: Caroline attended a transgender poetry reading on 2023-10-06
where transgender people shared their stories through poetry in a safe and
empowering environment.

[5 Retrieval3: Caroline shared a photo of a group of people walking down a L]
street with balloons during the pride parade on 2023-08-11.

B Retrievald: Caroline found a rainbow sidewalk in her neighborhood created
for Pride Month, which she photographed on 2023-08-25 to symbolize love
and acceptance everywhere.

[3 Retrieval5: Caroline created a painted sidewalk artwork with a rainbow design [5 Retrieval5: Caroline painted a painting of a tree with a bright sun in the

for a local church to symbolize time changing lives and to represent Caroline's
journey as a transgender woman.

[3 Question

background inspired by a visit to an LGBTQ center, intending to capture
unity and strength.

[3 Question

|| "When did Caroline go to the LGBTQ support group?" |
¥

“ "When did Melanie buy the figurines?"
¥

A Reference Answer : 7 May 2023
[3 Retrieval1: Caroline attended an LGBTQ support group on 2023-05-07.

[3 Retrieval2: Caroline stated that the LGBTQ support group made her feel
accepted and gave her courage to emi)race herself as of 2023-05-07.

[3 Retrieval3: Caroline joined a new LGBTQ activist group on Tuesday,
2023-07-18, meeting many passionate people about rights and community
support.

[5 Retrievald: Caroline volunteered at an LGBTQ+ youth center between
2023-08-25 and 2023-08-28.

[3 Retrieval5: Caroline joined the LGBTQ activist group '‘Connected LGBTQ
Activists' on Tuesday, 2023-07-18.

E) Retrieval6: Caroline attended an LGBTQ conference on 2023-07-10 where
Caroline met and connected with people who have gone through similar
journeys.

E) Retrieval7: Caroline found the transgender stories at the LGBTQ support
group on 2023-05-07 inspiring and felt happy and thankful for all the suppoif.

IA Reference Answer : 21 October 2023

[3 Retrieval1: Melanie bought wooden dolls on 2023-10-21 that remind her of
family love.

[3 Retrieval2: Melanie's youngest child took her first steps on an unspecified
date before 2023-07-20, which Melanie considers a precious milestone.

B Retrieval3: Melanie's children enjoyed getting their hands dirty and making
clay art, including a cup with a dog face, during the pottery workshop on
2023-07-14.

[3 Retrieval4: Melanie made a plate with flowers on it in pottery class on
2023-08-24.

B Retrieval5: Caroline painted a painting of a tree with a bright sun in the
background inspired by a visit to an LGBTQ center, intending to capture
unity and strength.

https:.//tmlr-trimem.github.io/ & https:.//github.com/tmlr-group

We visualize the content of
the retrieval entries, the
most relevant entries have
been marked with star. It
can be seen that our system
can precisely retrieve

relevant memory to support

agent reasoning

32



Outline

Background and Motivation
System Design of Our Method
Experimental Results

Conclusion

https:.//tmlr-trimem.github.io/ & https:.//github.com/tmlr-group



COIlChlSiOIl Resources

v" Conceptually, we systematically exploring the
limitations of existing paradigms spanning storage
fidelity, indexing efficiency and reasoning quality.

v" Technically, we propose TriMem, which innovatively
introduces entity profile module to avoid shallow
reasoning, preserves raw dialogue 1dentifier to avoid
detail loss and iteratively optimize system prompts to
avold performance fluctuation.

v' Experimentally, we conduct extensive explorations to
verify the effectiveness of TriMem under different
scenarios.

[ arXiv: arxiv.org/pdf/2605.19952
@ Project Page: tmlr-trimem.github.io

() Code: github.com/tmlr-group/TriMem
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