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Abstract

Constructing memory from users’ long-term
conversations overcomes LLMs’ contextual
limitations and enables personalized interac-
tions. Recent studies focus on hierarchical
memory to model users’ multi-granular be-
havioral patterns via clustering and aggregat-
ing historical conversations. However, con-
versational noise and memory hallucinations
can be amplified during clustering, causing lo-
cally aggregated memories to misalign with
the user’s global persona. To mitigate this is-
sue, we propose Bi-Mem, an agentic frame-
work ensuring hierarchical memory fidelity
through bidirectional construction. Specifically,
we deploy an inductive agent to form the hi-
erarchical memory: it extracts factual infor-
mation from raw conversations to form fact-
level memory, aggregates them into thematic
scenes (i.e., local scene-level memory) using
graph clustering, and infers users’ profiles as
global persona-level memory. Simultaneously,
a reflective agent is designed to calibrate lo-
cal scene-level memories using global con-
straints derived from the persona-level mem-
ory, thereby enforcing global-local alignment.
For coherent memory recall, we propose an as-
sociative retrieval mechanism: beyond initial
hierarchical search, a spreading activation pro-
cess allows facts to evoke contextual scenes,
while scene-level matches retrieve salient sup-
porting factual information. Empirical evalu-
ations demonstrate that Bi-Mem achieves sig-
nificant improvements in question answering
performance on long-term personalized conver-
sational tasks.

1 Introduction

Personalization of Large Language Models (LLMs)
(Chen et al., 2024; Zhang et al., 2025b) aims to
address user-specific requirements, such as recall-
ing shared experiences and generating preference-
aligned suggestions based on historical conversa-
tions. To facilitate personalized interactions in
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Figure 1: Illustration of local aggregated memory mis-
aligning with the user’s global persona in naive hier-
archical memory systems, leading LLMs to generate
persona-violating answers.

long-term conversational tasks, constructing mem-
ory (Chhikara et al., 2025; Li et al., 2025; Xu et al.,
2025) has emerged as a critical paradigm due to
the limitation of LLMs’ context windows. Early
work focused on extracting key entities or dialogue
summaries from historical conversations as fac-
tual memories (Packer et al., 2023; Chhikara et al.,
2025). However, such fragmented factual memo-
ries struggle to capture inter-fact relationships or
users’ high-level behavioral patterns (Rezazadeh
et al., 2025; Pan et al., 2025). Consequently, recent
research has explored clustering and aggregating
these isolated facts with different granularities to
form a hierarchical memory structure (e.g., multi-
level graph (Li et al., 2025; Gutierrez et al., 2024)
or tree structure (Rezazadeh et al., 2025)). By facil-
itating coarse-to-fine retrieval (Zhao et al., 2025),
the hierarchical systems provide more comprehen-
sive contextual knowledge, enabling more coherent
and personalized interactions.

Despite the success of hierarchical memory, such
clustering and aggregation face two critical limi-
tations: noise amplification and cumulative hallu-
cinations (Huang et al., 2025; Zhang and Zhang,



2025). First, conversational noise — such as irrele-
vant chitchat and incidental interaction — is often
amplified within local clusters, causing aggregated
local memory to skew toward trivialities. Second,
fact-level hallucinations (Chen et al., 2025) and
extraction errors propagate and accumulate during
hierarchical consolidation. Together, these “cas-
cading errors” cause locally aggregated memories
to misalign with the user’s global persona (Wang
et al., 2025b). As illustrated in Figure 1, consider a
user who frequently requests mild recipes for home-
cooked meals but seeks spicy dishes for a one-off
social dinner with spicy-loving friends. Naive clus-
tering tends to amplify this transient social context,
leading to the aggregation of these contexts into a
local behavioral rule: “prefers spicy cuisine when
dining out.” In contrast, the global persona derived
from broader conversations is “dislikes spicy food
and has a mild taste.” Consequently, the aggregated
local memory diverges from the user’s global per-
sona, leading LL.Ms to generate persona-violating
suggestions for family dining-out scenarios.

To tackle these problems, we propose Bi-Mem,
an agentic framework ensuring hierarchical mem-
ory fidelity via bidirectional construction, rather
than unidirectional aggregation (Li et al., 2025).
Specifically, we employ an inductive agent to
manage bottom-up hierarchical structure formu-
lation: extracting atomic fact-level memory from
raw conversations, aggregating them into thematic
scene-level memory via graph clustering (Pattnaik
et al., 2024), and further distilling them into a five-
dimensional persona-level memory (Zhong et al.,
2024) as a global constraint. Meanwhile, the re-
flective agent is designed to perform top-down cali-
bration, imposing global constraints on local scene
memories to enforce global-local alignment. As
shown in Figure 1, calibrating the local scene mem-
ory by injecting the global constraint of “I have a
mild taste” resolves the global-local contradictions,
thereby enabling LLMs to generate preference-
aligned suggestions. To connect memories of dif-
ferent granularities, we introduce an associative
retrieval mechanism. Beyond the initial hierarchi-
cal search, it adopts a spreading activation process
(Zhang et al., 2025a): retrieved facts evoke con-
textual thematic scenes, while scene-level matches
retrieve salient supporting facts. Empirical results
demonstrate that Bi-Mem significantly improves
question answering performance in personalized
long-term conversational tasks.

The main contributions of this work are summa-

rized as follows:

* We identify global persona-local aggregated
memory misalignment as a general challenge for
hierarchical memory, which is induced by noise
and hallucination.

* We design Bi-Mem, an agentic framework that
ensures hierarchical memory fidelity through
bidirectional construction (i.e., an inductive and
a reflective process).

* We propose an associative retrieval mechanism
to facilitate coherent memory recall, which en-
hances the integration of granular factual infor-
mation and contextual scenes.

» Extensive empirical evaluations on complex per-
sonalized long-term conversational tasks demon-
strate the effectiveness of Bi-Mem.

2 Related Work

Personalized LLMs. Personalized LLMs aim to
tailor model responses to align with specific user
preferences and personalities based on user-LLM
interaction histories (Chen et al., 2024; Zhang et al.,
2025b). Instead of just delivering general knowl-
edge (Kim et al., 2023), they meet user-specific
needs, like recalling shared experiences or generat-
ing preference-aligned suggestions—boosting en-
gagement and satisfaction. To handle long-term in-
teraction histories, existing approaches either fine-
tune user-specific modules (Tan et al., 2024b,a)
on conversational data or adopt memory architec-
tures (Wang et al., 2025b; Zhong et al., 2024) to
store and manage user-specific conversations with-
out modifying model parameters. Considering the
computational resource of fine-tuning and LLMs’
context window limitation, we focus on building
memory for users’ long-term conversational history
to enable such personalization.

Memory for Personalized LLMs. Personalized
LLMs’ memory (Zhang et al., 2024; Hu et al.,
2025) is a flexible component that stores and lever-
ages users’ historical conversation information to
supplement the LLMs’ context window limita-
tions. It mainly consists of two parts: memory
construction (Xu et al., 2025)(extracting key in-
formation from user-LLM interactions and man-
aging it into structured forms) and memory re-
trieval (Wang et al., 2025a)(retrieving relevant
memory through semantic similarity to support
LLMs’ response generation). Mainstream imple-
mentations adopt token-based storage. For exam-
ple, Mem0O (Chhikara et al., 2025) constructs mem-



ory from conversational information by supporting
ADD/UPDATE/DELETE/NOOP operations and re-
trieves relevant memory through vector similarity.
MemoryBank (Zhong et al., 2024) empowers per-
sonalized LLMs by integrating human-like memory
storage (dialogues, event summaries, user portraits)
and dense retrieval.

Hierarchical Memory. Token-based memory for
personalized LLLMs has two core structures: Flat
Memory (Packer et al., 2023) stores information as
independent units (e.g., raw interaction and sum-
marized sessions) without explicit connections. Hi-
erarchical Memory (Hu et al., 2025) uses multi-
level architectures with different granularities and
associations, supporting complex reasoning via
cross-layer links. For example, CAM (Li et al.,
2025) constructs hierarchical memory by adopting
an incremental overlapping clustering algorithm
and retrieves by a Prune-and-Grow strategy. Hip-
poRAG (Gutierrez et al., 2024) employs a hierarchi-
cal schemaless knowledge graph (KG) for memory
construction and leverages Personalized PageRank
for cross-memory reasoning.

3 Preliminary

3.1 Task Formulation

Let C = {ci, ..., cn } denote the long-term conver-
sational history between a user and an LLM agent,
where each ¢; = (g;,r;) denotes the i-th interac-
tion (user request ¢;, LLM response ;). The task
of the memory agent is composed of a memory
construction and retrieval task (Pan et al., 2025).
* Memory construction: Construct a structured
memory bank M by encoding conversational
history C via a memory construction function:

M = fcons(c) (1)

where f.ons constructs C into discrete memory
units m € M.

* Memory Retrieval: Given a target user query ¢*
and a memory bank M, extract K memory units
relevant to ¢ via a retrieval function fg:

{my, € M}, « fr(¢", M,K) (2)

* Response Generation: The goal of LLM person-
alization (Wang et al., 2025b) is to generate an
optimal personalized response r* for the current
query ¢* based on retrieved N memory units:

r* = fuwm (¢, {mi}ie,) 3)

where r* aligns with the user’s persona or accu-
rately recalls relevant contextual details.

4 Method

In this section, we elaborate on our proposed Bi-
Mem, an agentic framework with bidirectional con-
struction for hierarchical memory and associative
retrieval, as shown in Figure 2. We first define
the three levels of our designed hierarchical mem-
ory in 4.1. Then, we present bidirectional memory
construction in Section 4.2, including the inductive-
reflective process, followed by the details of the as-
sociative retrieval mechanism in Section 4.3. The
detailed algorithm is presented in Appendix A.

4.1 Definition for Hierarchical Memory

The hierarchical memory M = (F,S,P) in Bi-

Mem is structured into three granularities:

* Fact-level memory (F) is the atomic unit of
memory, where each conversational interaction
maps to a single fact unit. Formally, 7 =
{f1, f2, ..., fn}, where each unit f; is defined
as the tuple (7, con;, ¢;, e;): 4 is the index of fact,
con; is the summarized content of the interaction,
t; is the timestamp, and e; is the connection edges
linking to related fact or interaction indices.

¢ Scene-level memory (S) clusters related facts
to form a thematic scene (e.g., “dining-out
with spicy-loving friends”). Formally, S =
{s1, s2, ..., 5.7}, where each scene s; is the aggre-
gation of a subset of fact-level memory .73] C F:
Sj = ﬁ 2. rer; I

* Persona-level memory (P) represents the user’s
core profile, distilled from all aggregated scenes
S. It serves as a global constraint to en-
sure memory consistency. Formally, P =
[p1, P2, P3, P4, ps5] is a five-dimensional persona,
where p; (basic-info) covers name, age, occupa-
tion, and location, po (interests) covers hobbies,
likes, and dislikes, p3 (personality) covers per-
sonality traits, emotional patterns, ps (values)
covers core values, beliefs, and motivations, and
ps (relationships) covers key social relationships.

4.2 Bidirectional Memory Construction

Bidirectional construction integrates a bottom-up
inductive process (for memory formulation) and a
top-down reflective process (for top-down calibra-
tion), realizing the global-local alignment.
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Figure 2: The framework of our proposed Bi-Mem, including the bidirectional construction (inductive process and
reflective process) of hierarchical memory and the associative retrieval.

4.2.1 Inductive Process (Bottom-Up)

The inductive agent constructs the hierarchical
memory from raw conversations through three se-
quential steps:

Fact-level Memory Extraction: To construct the
fact unit f; = (i, con;, t;, ;) for each interaction ¢;
in the conversation, we first apply a summarization
operator £ via an LLM to extract the summarized
interaction content con;, defined as:

con; = arg max Pg(con|c;), 4)
cone€Con
where i € [1,2,..., N], and Con is the candidate

set of generated summaries by LLMs. The index
¢+ and timestamp ¢; are directly assigned from the
interaction metadata. The connection edges e; are
identified by computing the semantic similarity be-
tween the current content con; and con; from other
fact units. Formally, [ € e; if:

sim(¢(cony), ¢(cony)) > T, 5)

where sim(+) is the cosine similarity of embeddings
obtained by a pretrained embedding model ¢, and
7 is a predefined threshold.

Scene-Level Memory Aggregation: To provide
more contextual knowledge and capture users’ be-
havioral patterns, we transform fragmented atomic
facts into high-level thematic scenes. We model
the factual memory as an undirected graph G =
(F, E), where an edge (f;, fi) € E is established
if [ € e; or ¢ € e;. We then perform graph cluster-
ing by applying the Label Propagation Algorithm
(LPA) (Ugander and Backstrom, 2013) to G. This

process utilizes local structural consensus (Lanci-
chinetti and Fortunato, 2012) to partition the fact
set F into J thematic clusters {Fy, Fo, ..., Fs}.
Formally, for each fact cluster ]-_} C F, we apply
an aggregation operator A with LLMs to derive the
corresponding scene s; by maximizing the genera-
tion probability:

§j = arg max Pu(s | fr € F;), (6)
where S., is the set of candidate generated scenes.
Thus, we can construct thematic scene-level mem-

ory S = {s1,52,...,57}

Persona-Level Memory Distillation: To obtain
the global constraint of memory, we distill the five-
dimensional persona P from the entire scene-level
memories, as detailed in 4.1. Specifically, we de-
fine a distillation operator D that leverages an LLM
to project the set S onto each persona dimension:

Pg = arg 1max PD(p | Svperd)v (7)
P pcand

where d € 1,...,5, per, is a dimension-specific

instruction that guides the LLM to focus on relevant

scenes within S.

4.2.2 Reflective Process (Top-Down)

To enforce global-local alignment and mitigate cas-
cading errors from the inductive process, we im-
plement a reflective agent that performs top-down
calibration, ensuring that each local scene s; € S
is grounded in the stable persona constraints P.
Specifically, the reflective agent first assesses
whether the local scene s; contradicts or fails to



reflect the related global persona within P. It then
applies a Calibration Operator ‘R to generate a com-
pensatory condition As; that explicitly bridges the
local scene s; with the global persona:

Asj = argaemadeR(d | 55,P), (8)
where A4 denotes the space of candidate com-
pensatory conditions. The calibrated scene is for-
mally defined as: s;- = 5; @ As;, where As; is
empty if the local scene is already consistent with
the global persona. This reflective process injects
global constraints on local scenes, resulting in a
self-consistent hierarchical memory with scenes
S = {s],s5,...,5,}. Since fact-level memory
consists of detailed conversation facts, we refrain
from calibrating it to align with reality.

4.3 Associative Memory Retrieval

To enable coherent recall across memory granular-
ities, we propose an associative retrieval mecha-
nism. This mechanism leverages Spreading Acti-
vation after initial search in hierarchical memory
M = (F,S',P), balancing granular detail with
high-level context.

Initial Hierarchical Search: Given a query ¢*,
we first project both the query and all memories
into a latent space using a pre-trained embedding
model ¢(-). Initial relevance scores ag are com-
puted as the cosine similarity between the query
and each memory unit:

ao(z) = sim(¢(q"), ¢(x)), ©)

where z € F U S’ U P is the memory units in
hierarchical memory, sim(-) is the cosine similairty.
The top-k x with the highest ag scores are selected
as the retrieved memory set M,.¢;.

Associative Spreading Activation: To capture
structural dependencies between granular facts and
thematic scenes, we implement a bidirectional as-
sociative mechanism: the retrieved fact invokes
its parent scene, while the retrieved scene triggers
the recall of its most representative facts. Specif-
ically, starting from the initial retrieved memory
set M., the retrieval set is expanded through two
associative paths. First, for each fact f € M., its
unique parent scene s is automatically associated
and added to the expanded set. Second, for each
scene s; € M,¢, the mechanism spreads activa-
tion to its corresponding fact cluster F. j- We select

the top-m facts with the highest relevance score a;
to the scene:

a1(z) = sim(¢(sj), d(z)), Va e F;. (10)
And for each persona p € M., we treat it as a
global anchor and do not associate it with other
memories. The final retrieved memory set M.¢;
is updated as the union of the initial retrieved ones
and those associated ones.

Response Generation: The final retrieved mem-
ory set M,..;, which encompasses multi-granular
evidence from atomic facts to global persona traits,
is integrated into a unified prompt context. For-
mally, given the current query ¢* and the retrieved
information in M,.¢;, the LLMs generates a person-
alized response * by maximizing the conditional
probability:

(11

r* = argmax PLim(r | ¢%, Myet).

S Experiments

In this section, we conduct extensive experiments

to evaluate the effectiveness of our proposed frame-

work in long-term personalized conversational

tasks by answering the following questions:

* RQ1: How does our framework Bi-Mem perform
compared with leading baselines of memory?

¢ RQ2: What contribution does each of the Fact-
Scene-Persona levels and reflective calibration
make to constructing the Hierarchical Memory?

¢ RQ3: To what extent does the Associative Re-
trieval mechanism improve the QA accuracy?

* RQ4: How sensitive is the framework to the hy-
perparameters of initial retrieval size k?

* RQ5: How efficient is the Bi-Mem compared to
existing memory frameworks?

5.1 Expermental Settings

Datasets. We adopt LoCoMo (Maharana et al.,
2024) to conduct our experiments, which is a
widely-used dataset in personalized long-term con-
versational tasks. Consisting of 50 dialogues, each
averaging 305 turns, 20 sessions, and 9,000 to-
kens, it offers an advantage over existing con-
versational datasets (Jang et al., 2023; Xu et al.,
2022) for constructing LLMs’ memory. LoCoMo
is built through a rigorous human-LLM co-creation
pipeline: LLM-based agents with unique personas
generate initial dialogues, and human annotators
refine them to ensure long-term consistency. For



Method ‘

LoCoMo

Model
Single Hop Multi Hop Temporal Open Domain Average

1 Bt kKBt Bt kBt Bt kBt Bt kRt Bi?
LONGCONTEXT ‘ 32.69 20.85 2287 16.84 1247 886 7.87 589 2508 16.65
:E RAG 5245 4794 2750 20.13 46.07 4035 2323 17.94 44.67 39.33
: SECoM 16.67 1396 15.06 1193 14.58 1220 1729 1476 1597 13.25
; A-MEM 44.65 37.06 27.02 20.09 4585 36.67 12.14 12.00 39.61 32.27
g MEMO 47.65 38.72 38.72 27.13 4893 40.51 28.64 21.58 45.08 35.88
LIGHTMEM 41779 37.83 29.78 24.80 43.71 39.72 16.89 1392 3841 34.32
CAM 4994 46.68 36.63 2537 1885 1290 22.71 1893 39.25 3392
Bi-Mem ‘ 53.68 47.99 39.17 31.81 5444 41.56 3099 2690 49.74 42.33
g LONGCONTEXT ‘ 21.00 13.17 18.09 13.21 1054 582 17.31 471 1741 11.10

B
‘g RAG 47.87 42.79 2638 19.54 30.78 2597 14.16 1052 38.20 32.95
_"é‘ SECOM 2226 1871 19.15 1426 19.58 1630 1575 13.01 20.71 17.02
3 A-MEM 33.75 30.04 22.09 1528 27.19 22.05 1349 10.74 2895 2443
ﬁ MEMO 4258 35.15 31.73 24.82 2896 2624 15.03 11.28 3599 29.88
5 LIGHTMEM 3492 3122 2545 19.61 32.03 27.70 15.81 11.81 31.37 27.12
5 CAM 32.69 23.15 2478 1898 521 271 1525 1245 2437 1742
Bi-Mem 48.07 4295 3242 2553 4421 29.29 18.38 16.11 42.51 35.19

Table 1: Overall performance of different methods on LoCoMo benchmarks. The highest score is typed in bold to
indicate statistically significant improvements (p < 0.05), while the second-best score is underlined.

further question answering based on the histori-
cal conversations (constructed memory), LoCoMo
includes 7,512 question-answer pairs spanning dif-
ferent types: single-hop questions derived from a
single session, multi-hop questions requiring cross-
session information synthesis, temporal reasoning
questions assessing the grasp of time-related cues,
open-domain knowledge questions integrating con-
versational context with external facts, and adver-
sarial questions designed to test models’ ability to
recognize unanswerable queries. Note that the ad-
versarial question category is not adopted in our
work, as it does not align with the scope of memory
construction and retrieval.

Baselines We evaluate the performance of Bi-
Mem against multiple leading baselines thoroughly,
including: LongContext (LLM backbone with-
out memory), RAG (Lewis et al., 2020), MemO
(Chhikara et al., 2025), LightMem (Fang et al.,
2025), A-MEM (Xu et al., 2025), SeCom (Pan
et al., 2025), and CAM (Li et al., 2025). The de-
tailed introduction for these baselines is presented
in the Appendix B.1.

Implementation Details For a fair comparison,
we apply the same LLM backbones and embed-
ding models for both our Bi-Mem and all base-
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Figure 3: Ablation Study on Reflective Calibration in
Hierarchical Memory Construction. “Base” denotes
answer generation via long-context LLM backbones
without memory, while “w/o Calibration” refers to uni-
directional hierarchical memory construction without
calibration in the reflective process.

lines. Specifically, we adopt GPT-40-mini (Hurst
et al., 2024) and Qwen2.5-14B-Instruct (Bai et al.,
2025) (128K -token context window) to assess Bi-
Mem’s effectiveness and generalizability. For em-
bedding models, we use all-MiniLM-L6-v2 (de-
noted ¢(+), which supports both graph edge con-
struction (for fact-level memory) and retrieval tasks.
The predefined threshold 7 for edge formation be-
tween fact units (Eq. (5)) is set to 0.2. Regarding
the retriever implementation, a hybrid retrieval ap-
proach is adopted, which fuses a cosine similarity-
based dense retriever and a BM25 retriever with
the weighting factor of 0.5. The k for the initial



Method Single Hop Multi-Hop | Open Domain Temporal Average
Fr Bt | Bt Bt Bt Bt Bt Bt | Bt Bt
Fact only 4999 44.66 | 27.11 2046 | 943  7.80 | 51.28 36.60 | 43.49 36.19
Fact+Scene 50.12 44.66 | 32.01 23.56 | 25.75 22.08 | 52.35 37.30 | 45.72 37.81
Fact+Persona | 49.26 43.99 | 2791 20.60 | 9.65 921 | 51.84 37.09 | 43.38 36.04
Bi-Mem 53.68 47.99 | 39.17 31.81 | 30.99 2690 | 54.44 41.56 | 49.74 42.33

Table 2: Ablation study to evaluate the respective contributions of the Fact-Scene-Persona levels in the hierarchical
memory. "Fact only" denotes memory constructed solely at the fact level; "Fact+Scene" and "Fact+Persona"
represent hierarchical memory combining fact-level with scene-level or persona-level information.

Method Single Hop Multi-Hop | Open Domain Temporal Average
Bt Bt | AT Bt FBT Bt | BT Bt Bt Bt
Top-Down 13.87 11.85 | 1292 951 | 1447 1343 | 16.63 11.58 | 1432 11.46
Botom-Up 4259 37.50 | 29.01 2095|2126 17.03 | 47.05 33.26 | 39.68 32.27
Hierarchical 51.26 45.76 | 32.28 24.58 | 20.17 17.46 | 51.42 36.16 | 45.84 38.06
+Scene_to_Fact | 52.97 47.31 | 34.02 26.81 | 22.72 19.38 | 53.48 38.05 | 47.68 39.83
+Fact_to_Scene | 52.40 46.75 | 34.16 26.96 | 25.14 20.51 | 51.62 36.44 | 47.16 39.29
Bi-Mem 53.68 47.99 | 39.17 31.81 | 30.99 26.90 | 54.44 41.56 | 49.74 42.33

Table 3: Ablation study on different retrieval strategies. “Top-down” and “Bottom-up” denote retrieving relevant
memories from the top or bottom level, followed by level-by-level association. “Hierarchical” refers to retrieving
the top-k relevant memories from all three levels simultaneously. “+ Scene_to_Fact” and “+ Fact_to_Scene” extend
hierarchical retrieval by spreading from scenes to their child facts or from facts to their parent scenes.
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Figure 4: Sensitivity analysis of Bi-Mem to the hyper-
parameter k, which is the number of initially retrieved
memory units in the hierarchical search stage.

search in Eq (9) is selected in [15, 20, 30, 35, 40],
while m for associative spreading in Eq (10) ranges
from [1, 2, 3]. The optimal hyperparameter settings
are presented in the Appendix B.2. To quantify the
memory’s effectiveness, we evaluate all methods
by comparing their QA accuracy using two met-
rics £ (balancing answer precision and recall) and
BLEU-1 (denoted By, which measures word over-

lap between generated and ground-truth answers).

5.2 Main Results (RQ1)

To answer Q1, we compare Bi-Mem with leading
baselines on four types of questions from the Lo-
CoMo benchmark. We conducted each experiment
at least three times on different random seeds, with
the averaged results reported in Table 1. We can
observe that Bi-Mem consistently outperforms all
baselines on both GPT-40-mini and Qwen-2.5-14B-
Instruct backbones, validating the effectiveness and
generalizability of our bidirectional memory con-
struction and associative retrieval for LLMs’ per-
sonalization. Notably, RAG (Lewis et al., 2020)
serves as flat factual memory in our setup, only out-
performing on single-hop questions. This demon-
strates that purely factual memory fails to han-
dle complex questions requiring inter-fact relation-
ship capture or high-level user behavioral pattern
recognition, highlighting the necessity of a multi-
granular memory structure.

5.3 Ablation for Memory Construction (RQ2)

To address Q2, we conduct experiments to ver-
ify the necessity of each granular memory in the



hierarchical structure. As shown in Table 2, fact-
only memory construction exhibits the worst perfor-
mance across all question types except single-hop,
highlighting the importance of high-level memory.
Benefiting from persona-level calibration that pro-
vides global constraints, “Fact+Scene” achieves
comparable performance. Furthermore, Bi-Mem
(integrating all three levels) attains the best perfor-
mance, confirming the necessity of each granular-
ity. To further evaluate the effectiveness of bidirec-
tional construction, we conduct an ablation study
focused on reflective process calibration. As illus-
trated in Figure 3, removing the reflective process
(w/o Calibration) results in significant performance
degradation across all question types. Additionally,
we present a case in the Appendix C.2 to validate
the significance of reflective calibration vividly.

5.4 Ablation for Associative Retrieval (RQ3)

To evaluate the effectiveness of our Associative
Retrieval mechanism, we compare it with various
retrieval strategies as presented in Table 3. The
results indicate that unidirectional strategies ex-
hibit clear limitations in bridging multi-granular
memories. ‘“Top-down” strategy may fail to re-
trieve the precise details grounded in the questions,
and “Bottom-Up” strategy may frequently suffer
from semantic fragmentation. The “Hierarchical”
baseline, which retrieves the top-k candidates from
all levels simultaneously, improves performance
but remains constrained by the independence of
each retrieved memory unit. The significant per-
formance gains observed with "+ Fact_to_Scene"
and "+ Scene_to_Fact" demonstrate the power of
spreading activation after initial hierarchical search.
Ultimately, the full Bi-Mem retrieval configuration
achieves the best results, proving that bidirectional
association effectively bridges the gap between ab-
stract persona and concrete conversational facts.

5.5 Sensitivity Analysis (RQ4)

To address RQ4, we analyze Bi-Mem’s sensitiv-
ity to the hyperparameter k£ (number of initially
retrieved memory units in the hierarchical search
stage). k is varied over [15, 20, 25, 30, 35, 40]. As
shown in Figure 4, answer accuracy across all tasks
initially increases with k — indicating that a larger
initial retrieval budget enables our associative re-
trieval to capture a more comprehensive memory
set. Performance then degrades after peaking, as
excessive retrieved memory introduces additional
noise that negatively impacts relevant information

Metric A-mem CAM Bi-Mem
Memory Construction (s) 3327 443 3448
Retrieving-Answering (s) 7.30 8.86 4.54
TOTAL (s) 4437 1790 4138
ANSWER QUALITY (F1) 39.65 39.25 49.73

Table 4: Cost-Efficiency Analysis: We measured
the memory construction time and average retrieving-
answering time per question for a single user, with total
time encompassing memory construction and answering
the subsequent 152 questions.

extraction. This underscores that an optimal k ef-
fectively bridges gaps between fragmented facts
and thematic scenes. More sensitivity analysis
on other hyperparameters (e.g., m for associative
spreading in Eq. 10) is listed in the Appendix C.1.

5.6 Efficiency (RQ5)

To evaluate efficiency, we compare Bi-Mem’s mem-
ory construction and QA time costs with memory-
based baselines (A-Mem (Xu et al., 2025), CAM
(Li et al., 2025)). As shown in Table 4, Bi-Mem
has superior QA efficiency (4.54s/question), sig-
nificantly faster than A-Mem (7.30s) and CAM
(8.86s). This speedup stems from our Associative
Retrieval mechanism—pre-established hierarchical
links enable faster multi-granular evidence identi-
fication than flat retrieval or complex re-ranking.
Though its bidirectional Inductive-Reflective pro-
cess increases construction time (3,448s) vs. CAM
(443s), it matches A-Mem’s efficiency (3,3275s).
Notably, this trade-off is justified by large accu-
racy gains, confirming the value of bidirectional
hierarchical memory construction.

6 Conclusion

In this paper, we present Bi-Mem, a framework
designed to ensure hierarchical memory fidelity
via bidirectional construction and an associative
retrieval mechanism. Instead of constructing hi-
erarchical memory through undirectional aggre-
gation, Bi-Mem employs an inductive agent for
bottom-up formulation and a reflective agent for
top-down calibration, mitigating the misalignment
between local memory and the user’s global per-
sona. To ensure coherent recall, the associative re-
trieval mechanism connects memories of different
granularities via spreading activation. Experimen-
tal results demonstrate that Bi-Mem significantly
enhances QA accuracy in long-term personalized
conversational tasks.



Limitations

While Bi-Mem demonstrates significant improve-
ments in the memory system for personalized
LLMs, there are several limitations:

1. Sensitivity to Model Reasoning: The fidelity
of bidirectional memory construction is inherently
tied to the instruction-following and reasoning ca-
pabilities of the underlying LLM. Variations in
LLMs’ instructions may impact the effectiveness of
the inductive and reflective processes, suggesting a
need for more robust prompting strategies.

2. Static vs. Dynamic Persona Modeling: While
our framework ensures consistency with a stable
persona anchor, it is primarily designed for users
with relatively stable personas. Future work could
extend the calibration mechanism to better capture
the temporal evolution of user preferences and dy-
namic persona shifts.

3. Potential for Optimization via RL: Our cur-
rent framework focuses on the structural design of
memory construction and retrieval. While effec-
tive, there is an opportunity to further refine agent-
specific behaviors, such as the reflective agent’s
calibration policy, through Reinforcement Learn-
ing (RL) or preference optimization to better align
with diverse user interaction styles.

Ethics Statement.

This work is designed to enhance the fidelity of hier-
archical memory systems, formulating the memory
construction process as a bidirectional alignment
between local scenes and global personas. The
generative Al is used for coding and writing assis-
tance. We do not foresee any direct, immediate, or
negative societal impacts of our research.

Reproducibility Statement.

All the results in this work are reproducible. We
have discussed the optimal hyperparameters and
the details on devices and software environments
in Appendix B.2.
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Algorithm 1 Bidirectional Hierarchical Memory

Construction

Input: Conversation history C, similarity thresh-

old 7

QOutput: Calibrated hierarchical memory M =

(F, S, P)

// Phase 1: Inductive Process (Bottom-Up)

F < ExtractFacts(C) via operator £

G + ConstructFactGraph(F, 7)

{F; }3-]:1 «— LPA(G) > Graph-based

clustering

S + AggregateScenes({F; }) via operator T

6: P « DistillPersona(S) via operator D >
5-dim persona profile

7: // Phase 2: Reflective Process (Top-Down)

8: &'«

9: for each scene s; € S do

Rl A A e

b

10:  if s; misalign with P then

11: As;j « Calibrate(s;, P) via operator R

12: s < (85, Asj) > Condition-based
calibration

13:  else

14: 8% < (s4,0)

15:  end if

16: S« S'U{si}

17: end for

18: return M = (F,S', P)

A Algorithm

Here we list the algorithm of Bi-Mem’s bidirec-
tional hierarchical memory construction process in
Algorithm 1, and associative retrieval mechanism
in Algorithm 2.

B Detailed Experimental Settings

B.1 Details for Baselines

Here, we introduce the baseline methods in detail.
* LongContext: it directly uses LLMs (no memory
mechanisms) for QA tasks, integrating the histor-
ical conversations and queries into the prompt.
RAG (Lewis et al., 2020), the conversations are
split into 2,048-token chunks, with the top-5 re-
trieved chunks used for QA tasks, following the
settings of GAM (Yan et al., 2025).

A-MEM (Xu et al., 2025) is an agentic frame-
work with structured memory, dynamic links, and
semantic matching-driven evolution.

LightMem (Fang et al., 2025) is a lightweight
system with a three-stage memory (sensory/short-
term/long-term).
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Algorithm 2 Associative Retrieval Mechanism

Input: Hierarchical memory M = (F,S,P),
Query ¢*, parameters k, m

Output: Final retrieved memory set M,.¢;

1: // Phase 1: Initial Hierarchical Search

2: Compute ag(z) = sim(¢(q*), ¢(x)) for all

re FUSUP

Met <= Top-k({z | ap(x)}) > Select initial

seeds across layers

4: // Phase 2: Associative Spreading

5: for each element u € M,..; do

6: if u € F then

7: s < FindParent(u) > Bottom-up:
Associate parent scene

8: Mer — Myer U {s}

9: elseif u € S then

10: Fu < FactCluster(u) > Top-down:
Associate constituent facts

11: Fiopm < Top-m({f € F. |
sim(u, £)})

12: Miet +— Mgt U -Ftop_m

13:  endif

14: end for

15: returnM,..;

* MemO (Chhikara et al., 2025) extracts memory
with ADD/UPDATE/DELETE/NOOQOP operations
and retrieves via vector similarity.

¢ SeCom (Pan et al., 2025) builds denoised mem-
ory from topically coherent chunks and retrieves
at the segment level.

* CAM (Li et al., 2025) is a hierarchical memory
framework that adopts an incremental overlap-
ping clustering algorithm for construction and
employs a Prune-and-Grow strategy for retrieval.

B.2 More Implementation Details

To implement the ablation variant “Top-Down” and
“Bottom-Up” in Section 5.4, we set the number of
selected relevant memory units to 1, 15, and 25
for the fact, scene, and persona levels, respectively,
in line with mainstream configurations. Total to-
kens consumed to construct the hierarchical mem-
ory per user are approximately 200,000-300,000,
while those for answering subsequent questions
per user range from 100,000 to 20,000. The em-
bedding model "all-MiniLM-L6-v2" is deployed
on an A800, supporting both edge construction in
Eq. (5) and the retrieval process in Egs. (9), (10).
Additionally, the detailed settings for our hyperpa-
rameters are listed in Table 5. For reproduction, the



Single Hop Multi Hop Temporal Open Domain

k 35 25 30 25
m 3 3 3 3

T 0.2 0.2 0.2 0.2
o 0.5 0.5 0.5 0.5
L 128k 128k 128k 128k

w

Table 5: Hyperparameter settings on different question
types. a denotes the weighting factor between the dense
retriever and the BM25 retriever when retrieving memo-
ries. L,, represents the context window for LLM back-
bones.

data and code is available at https://anonymous.
4open.science/r/Bi-Mem-622D/.

C More Experimental Results

C1

To validate Bi-Mem’s sensitivity to the hyperparam-
eter m (representing the number of activated facts
from retrieved scenes during associative spreading
activation), we present the experimental results in
Table 6. We observe that performance peaks at
m = 3, achieving an average F of 49.74%. while
both m = 1 and m = 5 lead to marginal degra-
dation. Specifically, m = 1 (a small value) fails
to provide sufficient factual memory for complex
tasks, whereas increasing m to 5 may introduce
redundant noise to distract the LLM from core user
intent. This demonstrates that a balanced associa-
tion scale can effectively retrieve optimal relevant
memories for accurate question answering.

More Sensitivity Analysis

C.2 Case Study

To vividly illustrate the significance of bidirectional
construction for hierarchical memory, we present
a representative case study focusing on inductive
memory construction and Reflective Calibration.
As depicted in Figure 5 (original conversations)
and Figure 6 (fact-level memory content), the fac-
tual information extracted from raw dialogues may
contain noise (e.g., “Taking care of ourselves is not
always easy”) and hallucinations (e.g., “I am seek-
ing help”). Such inaccuracies can distort the ag-
gregated scene-level memory (Figure 7), leading to
misalignment with the user’s global persona-level
memory—where Caroline is defined by empathy
and courage to embrace her authentic self (Fig-
ure 8). Through Reflective Calibration, we inject
the persona as a global constraint into the scene-
level memory, ultimately generating a calibrated
scene-level memory (Figure 9) that integrates in-
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herent persona traits (e.g., empathy and courage
to embrace her authentic self) and ensures strict
alignment between the scene-level memory and the
core persona.

D Prompt Template

Below, we present the prompts that are designed
for each corresponding step of the bidirectional
hierarchical memory construction.

Fact-level memory extraction £

Generate a structured fact con; for the fol-
lowing interaction content c; by:

1. Identifying the most salient keywords
(focus on nouns, verbs, and key concepts)
2. Extracting core themes and contextual
elements

3. Creating relevant categorical tags
Format the response as a JSON object:

{

- keywords: [“keyword1”, “keyword2”, ...],
- context: “one sentence summarizing the
interaction content”,

- tags: [“tagl”, “tag2”, ...]

}

Scene-level memory aggregation A

You are a scene synthesizer specialized in
factual comprehension..

Task: Summarize a cluster of related factual
memories into a coherent ’Scene Memory’.
Input factual memories: facts_content
Instructions:

1. Identify the core theme connecting these
facts.

2. Generate a descriptive summary captur-
ing the progression of conversational facts.
3. Extract key entities and topics.

Format the response as a JSON object:

{

- scene_memory: “A comprehensive sum-
marized scene”,

- keywords: [“keyword1”, “keyword2”, ...],
- tags: [“tagl”, “tag2”, ...]

}



https://anonymous.4open.science/r/Bi-Mem-622D/
https://anonymous.4open.science/r/Bi-Mem-622D/
https://anonymous.4open.science/r/Bi-Mem-622D/

Method Single Hop Multi-Hop | Open Domain Temporal Average
Ft Bt | At Bt | BT Bt | Bt Bt | it Bt
m=1 5279 4695 | 3456 27.83 | 25.22 23.01 | 51.12 44.77 | 47.12 41.25
m=5 53.58 47.82 | 37.52 2998 | 2991 26.03 | 53.24 41.03 | 49.06 41.73
Bi-Mem(m = 3) | 53.68 47.99 | 39.17 31.81 | 30.99 26.90 | 54.44 41.56 | 49.74 42.33

Table 6: Sensitivity experiment on the hyperparameter m, which represents the number of extended facts in
Scene_to_Fact when conducting associative spreading activation.

Persona-Level Memory Distillation D Reflective Calibration.

You are a persona synthesizer specialized in
psychological and behavioral analysis.

Task: Create a COMPREHENSIVE User
persona based on the provided scene mem-

1. Analyze these scenes deeply. Look for
patterns in behavior, emotion, and choices.
2. For each dimension below, write a DE-
TAILED paragraph (5-10 sentences). Do
not be brief.

3. Use specific examples from the scenes to
support your analysis.

Format the response as a JSON object:

{

- basic_info: “Detailed background...”,

- interests: “Comprehensive list of hobbies
and how they engage with them...”,

- personality: "In-depth personality analy-
sis...”,

- values: “Core beliefs and motivations...”,
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You are a scene memory calibrator. Your
goal is to align the given scene to the user’s
persona.

Persona-level memory: user_persona
Scene-level memory: current_scene

ories.
Input Scenes: all_scenes_content Instructions:
Instructions: 1. Read the persona-level memory to under-

stand the user’s key interests, values, and
traits.

2. Check the current scene-level memory.
Does it fail to mention any specific connec-
tion to the user persona that is likely present
in the scene?

3. If yes, add a compensatory condition to
append to the original scene. This addition
should explicitly align the scene to the per-
sona (e.g., “This aligns with her interest in
).

4. CRITICAL: DO NOT REWRITE the
existing summary. ONLY generate text to
ADD.

5. If the current summary is already perfect,

- relationships: “Detailed social dynam- return an empty string for “added condi-
ics..” tion”.
} Format the response as a JSON object:

{

- needs_calibration: true/false,

- added condition: “Text to add (or empty
string) as a condition”,

- reason: The reason why you decide to cali-
brate.”

}




Original converstaions:

1. I totally agree, Melanie. Taking care of ourselves is so important - even if it's not always easy. Great that
you're prioritizing self-care.

2. I shared my own journey, the struggles I had and how much I've developed since coming out.

3. I struggled with mental health, and support I got was really helpful.

4. Lately, I've been looking into counseling and mental health as a career. [ want to help people who have gone
through the same things as me.

Figure 5: Case study in a cluster of original conversations.

Fact-level memory content:

1. Taking care of ourselves is not always easy. (noise)

2. I shared my own journey, the struggles I had and how hard to come out.

3. I struggled with mental health, and I am seeking help. (hallucinations)

4. I’'m considering a counseling/mental health career to help those with similar experiences.

Figure 6: Case study on extracted fact-level memory content for the conversational cluster, where noise and
hallucination exist.

Aggregated scene-level memory:
Due to the challenges of self-care and mental health struggles, she often shares her personal journey, seeks
support during this process, and aspires to a career in the mental health/counseling field to assist others with

similar experiences.

Figure 7: Case study on the aggregated scene-level memory from the fact cluster, which is misaligned with the
global persona.

Related Persona-level memory:
Caroline is characterized by her empathy, creativity, and resilience, coupled with the courage to embrace her

authentic self. She is distinguished by her warm and approachable demeanor, her steadfast loyalty to her family,
and her exceptionally supportive nature.

Figure 8: Case study on the global persona-level memory related to the scene.

Calibrated scene-level memory:

Due to the challenges of self-care and mental health struggles, she often shares her personal journey, seeks
support during this process, and aspires to a career in the mental health/counseling field to assist others with
similar experiences. Actually, she is inherently identified by empathy, supportive nature, and courage to

embrace her authentic self.

Figure 9: Case study on the calibrated scene-level memory, which is injected with the persona constraint.
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