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LLM recently act as personal assistant to support people’s life to answer
personalized question

Event: Writing Email to apply Event: Develop personal Event: Read and discuss
for visa webpage finance news

\ 4

4 How should I email them to p
follow up on my visa Help me to update my personal

application? website based on this paper.

Help me analyse today’s news
based on my past discussions.

People Using LLLM at Any Time!
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For answer these question, Retrieval-Augmented Generation (RAG) has emerged
as a pivotal paradigm for generate personalized response

Event: Writing Email to apply
for visa

0- How should I email them to
follow up on my visa

application?

Retrieval from J
~  user memory

e

Related information
Generate personalized
response
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Motivation & Problem

For answer these question, Retrieval-Augmented Generation (RAG) has emerged
as a pivotal paradigm for generate personalized response

Event: Writing Email to apply for i
- Pre-retrieval stage
Q Vlfa Embedding Model  gmpedding
. O User
& | | HEEE
How should I email them to foll & Question
up on my visa application?
] Retrieval stage: Similarity EUser Memoryj
= Retrieval from MO
oo L EEEE .
. . M2
Related information — Question -
1 Embedding M
Generate personalized s
AA response

People Using LLLM at Any Time!
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In personal copra, it have two features.

Embedding Embedding
G . Model Emb edding r' \ Model Emb edding
LV . . User 1 . User 2
Question ——*.... Retrieval Memor Question —$0f— - Retrieval » M
' [ y ] 5 emory
| User Memory | User Other information
User healthcare ... the methods I support ..focus on conventional medicine; ...these modalities could ...The journey of
related information are genuinely effective the structured methodology and complement conventional == discovery itself—trying
and safe ... evidence-based practices resonate treatments .. out various techniques...

It s fascinating to see the -..Budgeting is crucial to avoid ...I realized I might need a ..using apps designed
gm  User finances growing trend of personal any financial surprises while more structured approach for personal finance...
related information [finance management ... traveling... to tracking my inances... ‘

* Over time, each user memory corpus spanning multiple topics.
* Only a small portion of memories are relevant to the current query.
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Motivation

* Existing retrieval methods mainly rely on one-shot similarity search, which captures only

surface-level matches.

Memory Retrieval

& Can you suggest some new
evidence-based practices to

explore for healthcare
decision-making?

Q9 p .
SN2 Retriever
O'db

Familiarity Retrieval (One-shot)

...effective dialogue is fundamental not
only in consultations...

... I tried a new healthy recipe
specifically ...

... the methods I support are genuinely
effective and safe...

...these modalities could complement
conventional treatments ..

Answer

X

* Complex personalized queries often require recovering contextual evidence scattered across user memories.
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Motivation

* Cognitive science suggests that human memory operates through two complementary

Proccessces.

* 1) Familiarity — fast recognition
* 2)Recollection — deliberate contextual reconstruction

Memory Retrieval
)

&# Can you suggest some new
evidence-based practices to

explore for healthcare

decision-making?
0328,
o- -0

Retriever

Familiarity Retrieval (One-shot)

...effective dialogue is fundamental not
only in consultations...

... I tried a new healthy recipe
specifically ...

... the methods I support are genuinely
effective and safe...

...these modalities could complement
conventional treatments ..

Answer

X

* Current systems lack both the ability to perform recollection retrieval and mechanisms to adaptively switch
between the dual retrieval paths, leading to either insufficient recall or the inclusion of noise.
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Therefore

* we propose RF-Mem (Recollection—Familiarity Memory Retrieval), a familiarity

uncertainty-guided dual-path memory retriever.

Human Recognition Memory Retrieval | Familiarity Retrieval (One-shot) g .i.. diclogue is findamental not
only in consultations...
O Event Q ... I tried a new healthy recipe 7 %
“ ven & Can you suggest some new specifically ... 5N
\ 4 evidence-based practices to =
F mpiliaﬁty exp_lo_re for he_althcare ... the methods I support are genuinely Answer
Signal decision-making? effective and safe... X
|\ ...these modalities could complement
Activate conventional treatments ..

Recollection
Path
A

Q?p .
&2 Retriever
%

& =

Recollection Retrieval (Stepwise)

A

Retriever

———

.......... — . A
&Q?PJD \ A
%'8% T Recollect Recollect /

é

... the methods I support are genuinely
effective and safe...

...these modalities could complement
conventional treatments ..

...focus on conventional medicine; the
structured methodology and evidence-
based practices resonate
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RF-Mem Framework
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RF-Mem: Overview

RF-Mem Framework
* RF-Mem first performs a probe retrieval to estimate a familiarity signal using the mean similarity score and
entropy of retrieved candidates.
e [f the familiarity signal is strong, the system directly performs Familiarity retrieval, returning the top-K
memories via similarity search.

Familiarity Retrieval

Question x;

R Mo 8
EEEE -
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Retrieval Top K| o]
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s= ahigh MK
I
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RF-Mem: Overview

RF-Mem Framework
 RF-Mem first performs a probe retrieval to estimate a familiarity signal using the mean similarity score and

entropy of retrieved candidates.
e [f the familiarity signal is strong, the system directly performs Familiarity retrieval, returning the top-K

memories via similarity search.
* Otherwise, RF-Mem activates the Recollection path, which iteratively expands evidence by clustering
retrieved memories and generating new recollect queries through query—centroid mixing.

Recollection Retrieval

Question x; Recollect Query 1
BEEEE ..*.. ( Centroid i )
. . ¥ .
1. Candidate Memory Retrieval. ke TpN| | WEEE Retrieval Top N —
2. Relevant Memory Clustering. () Recollect Query 2 ————
. . . . y ; i ,| Centroid j
3. Recollect Queries Generation via o-mix. KMeans |
. . 1—a |Retrieval Top N —>
4. Retrieve-Cluster-Mix Loop. KMeans -,
5. Stop P b e e T By
0 .......
(77 Centroid1” — ) Cenfrotd i |
Q?p y : e
$Q3 Retriover Vool | Lo J | CUBPR R
\Recollect—%Recoﬂect/‘
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Experiment Settings

Table 7: Dataset Statistics across Different Memory Corpora.

D at as et: Dataset name 32k memory corpus 128k memory corpus 1M memory corpus
. . . # of samples 589 2727 2674
[ | . Avg tok f ti 464.6 416.3 415.1
PersonaMem([1]: includes multiple simulated — emensiacin 105,
user-LLM interaction histories over 7 real-world  #ofRevisit Reasons 99 269 235
# of Track Evolution 139 341 225
# of Latest Pref: 17 866 768
tasks ot oo s 5
. 1 1 # of New S i 57 213 295
= LongMemEval[2]: targets long-term interactive  fofNew Seenarios o 213 295
memory, with two subsets: -s and -m # of New Ideas ? i Ll
. . Table 9: Statistics of the PersonaBench dataset across users.
u PGI’S OIlaBGIlCh[3 ] . Slmulate S USCr- Sp eCIﬁC User # of # of # of Conversations  # of User-AI  # of User e-comerce
. . . Id Queries Corpus with friends Conversation  purchase histories
queries over synthetic private data s o 23 3
3 42 64 51 12 1
4 46 85 71 14 0
o o 44 4 21 4
Evaluation metrics: e w0 % 79 " .
. ACCU.I'&CY i‘i‘;‘ 423?33 séfgs 7?1?323 13.233 2%137

= Recall@K
Table 10: Statistics of the LongMemEval dataset, with different sizes of associated memory corpora.

u ND C G @K Statistic LongMemEval-s LongMemEval-m

Total Questions 500 500
Total Session-level Memory 25,112 250,948
Min Session-level Memory per Question 39 501
Max Session-level Memory per Question 66 506
Avg Session-level Memory per Question 50.22 501.90

[1] Jiang, Bowen, et al. "Know Me, Respond to Me: Benchmarking LLMs for Dynamic User Profiling and Personalized Responses at Scale." Second Conference on Language Modeling.
[2] Wu, Di, et al. "LongMemEval: Benchmarking Chat Assistants on Long-Term Interactive Memory." The Thirteenth International Conference on Learning Representations. ICLR 2025
[3] Tan, Juntao, et al. "Personabench: Evaluating ai models on understanding personal information through accessing (synthetic) private user data." Findings of the Association for Computational Linguistics: ACL 2025
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Method Retri | Avg. | Revisit Track Latest Aligned New Sce- Shared New Overall
Time | Tokens | Reasons Evolution Prefs Recs narios Facts Ideas
32K memory corpus data
Zero Memory NA | 464.6 | 0.7273  0.6259 0.1765 0.2182 0.2105 0.2326 0.1183]0.3854
Full Context NA ([24657.8| 0.9394 0.7194 0.7647 0.7455 0.5614 0.5039 0.1828 | 0.6129
Dense Retrieval|3.14ms | 3515.9 | 0.9091 0.6475 0.6471 0.6364 0.5614 0.5426 0.2151|0.5908
Recol. (ours) |7.09ms| 3711.1 | 0.9495 0.6547 0.7059 0.7818 0.5965 0.5194 0.2688 | 0.6214
RF-Mem (ours)|5.09ms | 3566.6 | 0.9495  0.6619 0.7059 0.7818 0.6140 0.5659 0.2688 |0.6350"
128K memory corpus data
Zero Memory NA | 4163 | 0.6766  0.6422 0.2136 0.2751 0.1925 0.2281 0.1737]0.3124
Full Context NA [115601.4) 0.5613 03930 0.2783 0.3868 0.2770 0.3977 0.17950.3231
Dense Retrieval|3.24ms | 3540.1 | 0.7881  0.6804 0.5346 0.5330 0.3662 0.6082 0.3069 | 0.5259
Recol. (ours) |7.86ms| 3680.3 | 0.8141 0.6716 0.5254 0.5301 0.3765 0.6140 0.3263 | 0.5288
RF-Mem (ours)|4.27ms | 3565.5 | 0.8030 0.6862 0.5427 0.5358 0.4131 0.6257 0.32630.5394"
1M memory corpus data
Zero Memory NA | 415.1 | 0.6000 0.6178 0.1797 0.3179 0.1831 0.2569 0.1816|0.2730
Full Context NA [912148.5 OOC O0C 00C 00cC O0OC O00C 00C | 00C
Dense Retrieval|[4.42ms | 3816.1 | 0.7702  0.6933 0.4544 0.4464 0.3085 0.5903 0.3040|0.4518
Recol. (ours) |8.12ms| 3847.4 | 0.7532 0.6800 0.4440 0.4500 0.3593 0.5833 0.3136|0.4544
RF-Mem (ours)|6.28ms | 3827.8 | 0.7787 0.6889 0.4492 0.4536 0.3390 0.6111 0.3150 0.4589"

1. RF-Mem delivers the best overall accuracy at every corpus scale while keeping inputs compact.
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Metrics | Recall@5 \ Recall@10

Method | Time ];z;:)c Slonc;:l 1143);25 Il{);ifl Overalll Time ]?I-z:(l)c Slonc;zl IIE);g Ill);f'g Overall Method | LongMemEval-S | LongMemEval-M
|Recall@5 Recall@10 Recall@50 Time |Recall@5 Recall@10 Recall@50 Time
- multi-qa-MinilM:Lo-cos-y1 multi-qa-MiniLM-L6-cos-v1

Recol. 9.65ms 0.4379 0.4903 0.5128 0.3854 0.4491 |17.29ms 0.5924 0.6859 0.5659 0.6267 0.6062 Recol. 0.7351 0.8425 1.0000 50.62ms| 0.4368 0.5585 0.7590 57.93ms
RF-Mem |9.16ms 0.4788 0.5091 0.4872 0.3854 0.4701 |15.22ms 0.5924 0.6799 0.5707 0.6267 0.6071 RF-Mem| 0.7375 0.8473 1.0000 39.58ms| 0.4391 0.5609 0.7613 41.22ms

all-mpnet-base-v2 _ all-mpnet-base-v2

Famili. |7.64ms 0.4242 0.2730 0.4487 0.4049 0.3887 |10.55ms 0.5409 0.4434 0.6795 0.5366 0.5333 Eamli 8._7,233 g.gggg %ggg% g.%gms 8.%;2 8.245? 8;2% fég.ﬁms
Recol.  |10.94ms 0.4333 0.2918 0.4583 0.4000 0.3976 |13.23ms 0.6000 0.4365 0.6378 0.5220 0.5527 Recol. . - . 79ms | 0. - - 11ms
RF-Mem | 8.33ms 0.4515 0.2730 0.4487 0.4000 0.4009 |10.55ms 0.5955 0.4384 0.6378 0.5463 0.5553 RE-Mem| 07398  0.8377  0.9952 42.39ms| 04391  0.5894  0.7684  50.80ms

BAAI/bge-base-en-v1.5

BAAI/bge-base-en-v1.5 Fami. | 07924  0.8926  1.0000 29.65ms| 04964  0.6611 08305 30.77
Famili. |8.92ms 0.3970 0.3204 0.4583 0.3268 03738 |10.19ms 0.5121 0.4748 0.5673 0.4585 0.5002 gRocol | 08162 09165 10000 436sms| 05131 06635 08234  58.05ms

Recol. 12.14ms 0.3833 0.3619 0.4327 0.3171 0.3722 |20.71ms 0.5212 0.4748 0.5673 0.4585 0.5046 RF-Mem| 0.8186 0.9189 1.0000 37.3d4ms| 0.5155 0.6635 0.8329 44.74ms
RF-Mem |10.14ms 0.4015 0.3619 0.4487 0.3220 0.3836 [18.13ms 0.5303 0.4748 0.5673 0.4585 0.5089

1. RF-Mem delivers the best overall accuracy at every corpus scale while keeping inputs compact.
2. RF-Mem achieves the most balanced and robust performance across retrievers in memory retrieval.
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Adaptive Study

Different Offline Index Building

I realized that taking time to gather
2 )
=)

It sounds like that experience
really opened your eyes to ...

information in the content.

]
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|
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|
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|
|
|
|
|
|
|
|
I
|
1
|

relevant patient information ...
= [ Summarize the events and key
=)

Direct save [ The user attended a health and wellness ]

expo that showcased innovative ...
|

Save summary

A4

”

RF-Mem Online Retrieval

A 4

Origin Turn Index / MemoryBank Summary Index/...

L T N T T T

S o o e e o o | o —

8 Question

RF-Mem

'

Retrieved message of
origin index

Index

_ ]
qj’%  Generate Answer

Table 4: Results by using MemoryBank summary index on PersonaMem (32K corpus).

Method Avg. Revisit Track Latest Aligned New Sce- Shared New Overall
Tokens | Reasons Evolution Prefs Recs narios Facts Ideas
MemoryBank summary index
Familiarity 1267.6 | 0.7475 0.6187 0.5882 0.5818 0.3333 0.4341 0.1505 | 0.4941
Recollection 1441.8 | 0.8182 0.6259 0.5294 0.6909 0.4737 0.4031 0.1398 | 0.5212
RF-Mem 1421.8 | 0.8384 0.6259 0.5294 0.6545 0.4211 0.4419 0.1828 | 0.5314

1. RF-Mem is modular and can be layered on top of heterogeneous memory indices
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Adaptive Study \g

Nearline Query Expansion RF-Mem Online Retrieval

Retrieved message
of index

!

3 Question RF-Mem

/

—— o o ——
— e o o o i s e o

el L
——

) =1 Query Expanded Index 2 =) Generate
&) ion[ - (=)
~j Expansion Question = Answer
N e e e e e e e e - -_-—_—_—Z-- g -
Table 5: Results by using HyDE query expansion method on PersonaBench.
Metrics | Recall@5 | Recall@10

Basic  Social Pref Pref Overall Basic  Social Pref Pref
Info Info Easy Hard Info Info Easy Hard

multi-ga-MiniLM-L6-cos-v1

Famili. 0.3106 0.3909 0.4615 0.3122 0.3464 | 0.5000 0.4991 0.5737 0.5220 0.5120
Recol. 0.3015 04135 04615 0.3171 0.3482 | 0.4909 0.5028 0.5929 0.4878 0.5046
RF-Mem | 0.3061 0.4135 04615 03171 0.3504 | 0.5091 0.5028 0.5929 0.5220 0.5194

HyDE Overall

1. RF-Mem is modular and can be layered on top of heterogeneous memory indices
2. RF-Mem is modular and can be seamlessly integrated into nearline expansion pipelines.
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Adaptive Study
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| Query Developing : : Retrieval !

: | i I
=) . : 2 = Develop New New 1H RE-Mem \\ Retrieved message ! | 2 =/ Generate

B8 Question —7» (2] i > : ] . {52,

i |~  Question Question A of index 1 | =2 Answer

- : i o

! I

: Inte;ac_:tive )

Table 6: Results by using Search-o1 iterative retrieval on PersonaMem (32K corpus).

Avg. Revisit Track Latest Aligned New Sce- Shared New
Search-ol Tokens | Reasons Evolution Prefs Recs narios Facts Ideas Overall

Search-o1l
Familiarity 4948.7 | 0.8687 0.6259 0.5882 0.6545 0.5614 0.5271 0.2581 | 0.5823
Recollection 5103.9 0.8990 0.6619 0.6471 0.7091 0.5789 0.4961 0.2796 | 0.6010
RF-MEM 5158.2 | 0.9293 0.6978 0.6471 0.7455 0.5789 0.5349 0.2043 | 0.6146

1. RF-Mem is modular and can be layered on top of heterogeneous memory indices

2. RF-Mem is modular and can be seamlessly integrated into nearline expansion pipelines.
3. RF-Mem retains its effectiveness in iterative RAG settings.

pplied Machine | earning Lab 20 Lw



Case Study O

Recollection Retrieval

Each Round r Retrieval :N= (B+r)*F, B=2, F=2 Q Can you suggest some new evidence-based practices
B=2 indicate each round pick top 2 branches o« explore for healthcare decision-making?
oot I" [
1 L
! : D | @i 1 ID | Cluster 2 :
I X 47 ‘ ... the methods I support are genuinely effective 70 ‘ -..think about how 1}{353 modalities could :
Familiarity Retrieval R ! and safe for individuals seeking help... complement conventional treatments .. |
: | 7 It just doesn’t align with my approach and focus 36 | I have delved deep into different therapeutic :
ID | 1 on conventional medicine. .. modalities, assessing their efficacy... |
47 ... the methods I support are genuinely effective and safe for individuals seeking help... :' === :- ---------------------------------------------------------------------- :
1 ! [
7 It just doesn’t align with my approach and focus on conventional medicine... 1 ! D | Cluster 1 ID Cl [
: : = | luster 2 ID  Cluster 1 D Cluster 2
Direct retrieval K=10 70 ...think about how these modalities could complement conventional treatments .. ' 1 . . P p |
36 I have delved deep into different therapeutic modalities, assessing their efficac; =1 6 ---how modern science is beginning to blend ? 6 ? -..need to explore different !
. pito et Therap - . £ Yo 1 ! with these age-old methods, creating a more methods for tracking my [
Can you suggest some new evidence- 69 ...how mode':m science is beginning to blend with these age-old methods, creating a more ! | comprehensive approach to health care. .. health journey... :
based practices to explore for healthcare —_— comprehensive approach to health care. . I |
decision-making? 9 ...need to explore different methods for tracking my health journey... Tt :_ ________________________________________________________________ TN T T T :
6 ...how a supportive environment can lead to more effective treatments... : : | [
3 effective dialogue is fundamental not only in consultations but throughout the continuum of ' : D | al 1 ID Clw 2_ : . D+ Cluser 1 o A !
care. 1 X — . 44 ... into different therapeutic modalities, :
2 I tried a new healthy recipe specifically to prepare meals for better nutrition before my : =2 4 -.-gather relevant patient information and assessing the ways they resonate with both 3 6 .
apointments | 1 reviewing their health history could lead myself and my patients... !
s | . ) .
80 ... the various interdisciplinary approaches being utilized to enhance patient well-being. .. ' 1 to more meaningful discussions 45 | ...learn about new developments and :
1 : evidence-based practices, perhaps even :
: 1 hear insights from professionals... |
I
e istlatletaet sttt e e R R SR EEEEEEEEEEEEEESCE |
1 ! | [
! Co Sz ID  Cluster2 :
| 1 41 ...focus on conventional medicine; the 1 [
: : structured methodology and evidence- :
' 1 based practices resonate much more... [
1 1
L =3 !
1 ! [
1 ! [
1 ! [
1 ! / [
1 : [
' ] Stop when the number of retrieved items reaches K=10 i
S [

1. Compared with one-shot familiarity retrieval that returns fragmented memories, the recollection path
progressively reconstructs temporally dispersed, semantically complementary evidence into a coherent
memory trace for more grounded personalization.
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Conclusion

1.  We ground the design of personalized memory retrieval in the Recollection—Familiarity dual-process theory,
formulating retrieval as a coordination of Familiarity and Recollection paths.

2. We introduce familiarity uncertainty-driven selection for adaptive switching between Familiarity and
Recollection.

3.  We develop a recollection retrieval based on clustering and query—centroid mixing, achieving chain-like evidence
reconstruction only in embedding space.

4. RF-Mem i1s lightweight, relying solely on vector search and small-scale clustering, achieving high accuracy and
recall at near one-shot retrieval latency.

r.
[m] 4
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