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

personalized question

People Using LLM at Any Time!

How should I email them to 

follow up on my visa 

application?

Help me to update my personal 

website based on this paper.

Event: Writing Email to apply 

for visa

Event: Develop personal 

webpage

Help me analyse today’s news 

based on my past discussions.

Event: Read and discuss 

finance news
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For answer these question, Retrieval-Augmented Generation (RAG) has emerged

as a pivotal paradigm for generate personalized response

People Using LLM at Any Time!

How should I email them to 

follow up on my visa 

application?

Help me to update my personal 

website based on this paper.
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Event: Read and discuss 
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For answer these question, Retrieval-Augmented Generation (RAG) has emerged

as a pivotal paradigm for generate personalized response

People Using LLM at Any Time!

How should I email them to follow 

up on my visa application?

Event: Writing Email to apply for 

visa

Retrieval from 

user memory

Related information

Generate personalized 

response

Pre-retrieval stage

Question

Embedding

M0

M1

M2

M3

M4

M5

Similarity

Top K

Retrieval stage:

User 

Question

Embedding Model Embedding

User Memory
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In personal copra, it have two features.

Question

Embedding

User 1 

Memory
Retrieval Question 

Embedding

Retrieval User 2 

Memory

Embedding 

Model

Embedding 

Model

… the methods I support 

are genuinely effective 

and safe…

...focus on conventional medicine; 

the structured methodology and 

evidence-based practices resonate

User healthcare 

related information

…these modalities could 

complement conventional 

treatments ..

…The journey of 

discovery itself—trying 

out various techniques…

…

User Memory User other information

User finances 

related information

…

It‘s fascinating to see the 

growing trend of personal 

finance management …

…Budgeting is crucial to avoid 

any financial surprises while 

traveling…

…I realized I might need a 

more structured approach 

to tracking my finances…

…using apps designed 

for personal finance…
…

• 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. 

• 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 

processes:

• 1) Familiarity — fast recognition 

• 2)Recollection — deliberate contextual reconstruction

• 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.
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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. 
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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. 

• If the familiarity signal is strong, the system directly performs Familiarity retrieval, returning the top-K 

memories via similarity search.
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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. 

• If 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. 

1. Candidate Memory Retrieval.

2. Relevant Memory Clustering.

3. Recollect Queries Generation via α-mix.

4. Retrieve-Cluster-Mix Loop.

5. Stop
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Dataset: 

▪ PersonaMem[1]: includes multiple simulated 

user-LLM interaction histories over 7 real-world 

tasks

▪ LongMemEval[2]: targets long-term interactive 

memory, with two subsets: -s and –m

▪ PersonaBench[3]: simulates user-specific 

queries over synthetic private data

Evaluation metrics:

▪ Accuracy

▪ Recall@K 

▪ NDCG@K

[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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1. RF-Mem delivers the best overall accuracy at every corpus scale while keeping inputs compact.
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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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1. RF-Mem is modular and can be layered on top of heterogeneous memory indices
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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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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.



Applied Machine Learning Lab CityU

Case Study

21

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 is lightweight, relying solely on vector search and small-scale clustering, achieving high accuracy and 

recall at near one-shot retrieval latency.
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