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Abstract

Long-term memory is essential for conversa-
tional agents to maintain coherence, track per-
sistent tasks, and provide personalized interac-
tions across extended dialogues. However, ex-
isting approaches as Retrieval-Augmented Gen-
eration (RAG) and graph-based memory mostly
rely on pairwise relations, which can hardly
capture high-order associations, i.e., joint de-
pendencies among multiple elements, causing
fragmented retrieval. To this end, we pro-
pose HyperMem, a hypergraph-based hierar-
chical memory architecture that explicitly mod-
els such associations using hyperedges. Particu-
larly, HyperMem structures memory into three
levels: topics, episodes, and facts, and groups
related episodes and their facts via hyperedges,
unifying scattered content into coherent units.
Leveraging this structure, we design a hybrid
lexical-semantic index and a coarse-to-fine re-
trieval strategy, supporting accurate and effi-
cient retrieval of high-order associations. Ex-
periments on the LoCoMo benchmark show
that HyperMem achieves state-of-the-art perfor-
mance with 92.73% LLM-as-a-judge accuracy,
demonstrating the effectiveness of HyperMem
for long-term conversations.

1 Introduction

Conversational agents (Zhang et al., 2025e) increas-
ingly serve as long-term companions, requiring
coherent multi-hop reasoning, persistent task track-
ing, and personalized interactions across extended
dialogues. However, their fixed context windows
render historical experiences inaccessible as con-
versations grow, necessitating effective and effi-
cient long-term memory management (Li et al.,
2025b; Hu et al., 2026; Zhang et al., 2026).

Existing approaches such as Retrieval-
Augmented Generation (RAG) (Gao et al., 2023;
Fan et al., 2024) and graph-based memory (Zhang
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I signed up for the marathon next month.

Great! Take it slow at first.

03/05/2025

How's your project going?

Deadline's soon. Working 
overtime every day.

03/18/2025

How's your marathon training?

Good! I can run 15km now.

05/02/2025

Project launched! Let's celebrate with a run.

Sure! Running really helps relieve stress.

05/15/2025

(b) Chunk-based RAG

[Chunk 1] Alice: I signed… Bob: Great! Take…
[Chunk 2] Alice: How's… Bob: Deadline's…
[Chunk 3] Bob: How's… Alice: Good! I…
[Chunk 4] Bob: Project… Alice: Sure! Running…

(c) Graph-based RAG

[Entity 1] Alice; [Entity 2] Bob…
[Entity 4] Poject; [Entity 5] Running…
[Relation 1] signed_up; [Relation 2] works_on…
[Triple 1] (Alice, signed_up, Marthon);
[Triple 2] (Bob, works_on, Project)…
Graph:

(d) HyperMem (Ours)

[Topic Node 1] Alice's marathon training; 
[Topic Node 2] Bob's work and project
[Episode Node 1] Alice signs up for marathon; 
[Episode Node 2] Bob faces deadline…
[Episode Hyperedge 1] {𝑬!: 0.5, 𝑬": 0.8, }…
[Fact 1] Alice signed up for marathon;
[Fact 2] Bob's deadline is approaching…
[Fact Hyperedge 1] {𝑭!: 0.6, 𝑭": 0.7}…
Hypergraph:

(a) Conversation

Retrieval: Sim(Query, Topics) → Top-k Topics 
→ Sim(Query, Episodes) → Top-k Episodes
→ Sim(Query, Facts) → Top-k Facts 

Retrieval: Sim(Query Triple, Graph Triple)  → 
Top-k Triples

Retrieval: Sim(Query, Chunks) → Top-k Chunks

C1 C2 C3 C4X X X

X

① Topic: sport

③ Topic: sport

② Topic: work

④ Topic: sport, work

Figure 1: Memory structure comparison across Chunk-
based RAG, Graph-based RAG, and our HyperMem.

et al., 2025a; Rasmussen et al., 2025) retrieve
external stored related information to enrich the
context in response to user queries. However,
both paradigms fundamentally rely on pairwise
relationships, which inherently fail to capture
high-order associations, i.e., joint dependencies
among three or more related content elements. As
shown in Figure 1(a), a conversation may cover
multiple topics such as sport and work. Episodes
1, 3, and 4 are jointly associated under the
sport topic and involve multiple facts scattered
throughout the dialogue. Conventional methods,
as shown in Figure 1(b) and (c), can hardly model
the holistic coherence among episodes and facts,
leading to fragmented retrieval.

To explicitly capture the above high-order asso-
ciations, we model long-term memory as a hyper-
graph (Figure 1(d)). Unlike conventional graphs
with pairwise edges, hypergraphs support hyper-
edges that connect arbitrary node sets, making them
uniquely capable of modeling joint dependencies
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in dialogue. Our architecture, namely HyperMem,
organizes a three-level memory hierarchy: (i) Topic
nodes, representing key conversation themes; (ii)
Episode nodes, denoting temporally contiguous di-
alogue segments centered on a single topic; and
(iii) Fact nodes, encoding fine-grained details ex-
tracted from episodes. Thereafter, we use hyper-
edges to explicitly group all episodes sharing the
same topic, as well as all facts belonging to the
same episode. These hyperedges may naturally
overlap across episodes and facts, reflecting the
multifaceted nature of conversational content while
preserving semantic coherence within each group.
As a result, semantically scattered information is
unified into coherent units, enabling complete and
efficient retrieval of high-order associations.

To construct HyperMem, we first detect episode
boundaries from the dialogue stream, then aggre-
gate topically related episodes into shared topics
using hyperedges, and finally extract fine-grained
facts from each episode content. For indexing, we
leverage lexical cues and exploit dense semantics
with hypergraph embedding propagation. This en-
ables semantically related memories, even if tempo-
rally distant, to derive aligned embeddings, thereby
facilitating the retrieval of high-order associations.
At retrieval time, HyperMem performs a coarse-to-
fine search: it first identifies relevant topics, then
expands to their constituent episodes, and finally se-
lects the most pertinent facts to construct a focused
context for response generation. Our contributions
are summarized as follows:

• We propose HyperMem, a pioneering three-level
hypergraph memory architecture that explicitly
models high-order associations via hyperedges,
overcoming the limitations of pairwise relation
methods to capture holistic coherence.

• We leverage the HyperMem structure to derive
accurate lexical and semantical indexing, and
design a coarse-to-fine retrieval strategy to enable
efficient early pruning of irrelevant context.

• Experiments on the LoCoMo benchmark achieve
state-of-the-art performance with 92.73% LLM-
as-a-judge accuracy, demonstrating the effective-
ness of HyperMem for long-term conversations.

2 Related works

2.1 Retrieval-Augmented Generation
RAG has proven effective in mitigating hallucina-
tions (Ayala and Béchard, 2024) and improving

reliability (Xia et al., 2025; Asai et al., 2024), and
also serve as a foundation for long-term memory
in LLM-powered agents (Gutierrez et al., 2024;
Gutiérrez et al., 2025; Lin et al., 2025).

Vanilla methods retrieve relevant fragments from
external sources and use them as context for more
grounded responses (Lewis et al., 2020; Kulka-
rni et al., 2024). To enrich relational structures,
GraphRAG (Edge et al., 2024) pioneered knowl-
edge graph construction, inspiring works (He et al.,
2024; Hu et al., 2025b; Luo et al., 2024; Dong
et al., 2024; Chen et al., 2025; Guo et al., 2025; Fan
et al., 2025; Li et al., 2025a) that leverage graph
topology for structure-aware reasoning and multi-
hop retrieval. For hierarchical modeling, RAP-
TOR (Sarthi et al., 2024), SiReRAG (Zhang et al.,
2025c), and HiRAG (Huang et al., 2025) build
tree-structured indices for multi-granular evidence
integration. However, these methods rely on pair-
wise edges that cannot explicitly group multiple
scattered yet semantically related memories.

Recent works (Luo et al., 2025; Feng et al., 2025;
Sharma et al., 2024; Hu et al., 2025a) preliminarily
explore hypergraphs to model multi-entity relations
with hyperedges. However, these approaches are
designed for static knowledge bases with determi-
nate corpora, where agentic memory continuously
evolves with ongoing dialogues. Besides, they lack
a hierarchical retrieval mechanism capable of pre-
serving semantic coherence across extended dia-
logues. Our work pioneers the hypergraph in struc-
turing agentic memory, which has quite different
problem settings and technical designs.

2.2 Memory System of Agents
Recent agents have used RAG to model long-term
memory, where MemoryBank (Zhong et al., 2024),
A-Mem (Xu et al., 2025), Mem0 (Chhikara et al.,
2025), and Zep (Rasmussen et al., 2025) build struc-
tured or graph-based representations for persistence
between sessions and tracking of the evolution of
facts. G-Memory (Zhang et al., 2025a) and Light-
Mem (Fang et al., 2025) further explore hierarchi-
cal structures and compression for efficiency.

In parallel, several approaches eschew explicit
retrieval. MemGPT (Packer et al., 2023) and
MemOS (Li et al., 2025b) draw on abstractions
from operating systems with hierarchical mem-
ory and modular scheduling. MIRIX (Wang and
Chen, 2025) coordinates multi-agent states via
shared memory spaces, while Nemori (Nan et al.,
2025) and MemGen (Zhang et al., 2025b) form
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Query: What did Bob do 
to relieve stress after work?

User

Query: What did Bob do to relieve stress after work? Memory Context: Relevant Episodes: {Project launches; they run together}. Relevant Facts: {Running helps relieve stress}.

① Topic Retrieval
Selected Topic 𝑻!:
Bob's work and project
Candidate Episodes: {𝑬!, 𝑬"}

② Episode Retrieval
Selected Episode 𝑬":
Project launches; they run together
Candidate Elements: {𝑭#, 𝑭"} ③ Fact Retrieval

Selected Fact: 𝑭#:
Running helps relieve stress

Retrieval

Answer: Running.

Agent

𝑭!: Bob's deadline is approaching
𝑭": Running helps relieve stress
…

𝑻#: Bob's work and project
Connected Nodes: {𝑬#, 𝑬"}

Episode Nodes 𝑬

𝑻$: Alice's marathon training
Connected Nodes: {𝑬$, 𝑬!, 𝑬"}

Topic Nodes 𝑻

Episode 
Hyperedges

Node Hyperedge

Fact Nodes 𝑭

Fact 
Hyperedges

𝑬": Project launches; 
they run together

𝑬!: Alice can 
now run 15km

𝑬#: Bob faces 
deadline with 

overtime

𝑬$: Alice signs 
up for marathon

I signed up for the marathon next month.

Great! Take it slow at first.

03/05/2025

How's your project going?

Deadline's soon. Working overtime every day.

03/18/2025

How's your marathon training?

Good! I can run 15km now.

05/02/2025

Project launched! Let's celebrate with a run.

Sure! Running really helps relieve stress.

05/15/2025

Indexing

Conversation Hypergraph

𝑭$: Alice signed up for marathon
𝑭#: Alice can run 15km
…

(d) Hypergraph Memory(b) Topic Aggregation(a) Episode Detection (c) Fact Extraction

Figure 2: Framework of HyperMem. The indexing detects episode boundaries, aggregates topics via hyperedges,
and extracts facts. The retrieval performs coarse-to-fine search from topics to episodes to facts.

compressible or generative latent representations.
MemInsight (Salama et al., 2025), Mem1 (Zhou
et al., 2025), Memory-R1 (Yan et al., 2025), and
Mem-α (Wang et al., 2025) employ reinforcement
learning to autonomously optimize memory stor-
age and retrieval policies. In contrast, HyperMem
explicitly groups topically related memories via
hyperedges and employs topic-guided hierarchical
retrieval to ensure relevance across temporal gaps.

3 Approach

In this section, we present the HyperMem archi-
tecture for long-term conversational agents, includ-
ing hypergraph memory structure, hypergraph con-
struction from dialogue streams, and hypergraph-
guided retrieval for response generation.

3.1 Hypergraph Memory Structure

To capture higher-order associations among related
elements, we model memories with hypergraphs.
Unlike conventional graphs limited to pairwise rela-
tions, hypergraphs connect multiple nodes via a sin-
gle hyperedge. This enables richer relational mod-
eling and naturally reflects the associative nature
of human memory (Anderson and Bower, 2014).

To effectively organize this memory, we design
a three-level hypergraph architecture, where hyper-
edges link nodes within each level:

• Topic-level: Captures dialogues sharing a com-
mon theme across long-term interactions, facili-
tating long-range topical associations.

• Episode-level: Represents temporally contigu-
ous dialogue segments that describe a coherent
event or sub-conversation.

• Fact-level: Encodes atomic facts extracted from
episodes, serving as precise retrieval targets for
query-based access.

Formally, given an input dialogue stream X =
{xt}Tt=1, we construct the memory hypergraph as:

H = (VT ∪ VE ∪ VF , EE ∪ EF ), (1)

where VT ,VE ,VF denote the topic, episode, and
fact nodes, respectively. Here, hyperedges EE con-
nect all episode nodes within the same topic along
with each node weight wE ∈ [0, 1], while hyper-
edges EF connect all fact nodes belonging to the
same episode with the node weight wF ∈ [0, 1].

3.2 Hypergraph Memory Construction
To construct the hypergraph memory, we employ
a three-stage process. We first detect episodes by
segmenting the raw dialogue stream into atomic se-
quences, then aggregate topically related episodes
into topics, and finally extract queryable informa-
tive facts grounded in their context.
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3.2.1 Episode Detection
A dialogue stream often interweaves multiple
events and shifts topics over time. Storing it as
a monolithic block would obscure event bound-
aries and entangle events of interest with irrelevant
context. To address this, we introduce Episode
to enable precise event boundary preservation and
isolate irrelevant content from dialogue context.

Method. To derive episodes, we design an LLM-
driven streaming boundary detection mechanism.
Consider an incoming dialogue stream X =
{xt}Tt=1. We employ a bufferH to pend the history,
and determine if the incoming dialogue completes
a coherent episode. Specifically, for each incom-
ing xt, we add it toH<t and invoke an LLM-based
boundary detector that evaluates: (1) semantic com-
pleteness of current buffer H≤t, (2) the time gap
between consecutive dialogues, and (3) linguistic
signals indicating topic transition or completion.

The detector outputs two signals: should_end,
i.e., the buffer forms a semantically complete event,
and should_wait, i.e., the event is still unfold-
ing and requires further input. If should_end is
triggered, we create an informative Episode node,
i.e., vE = (vEdialogue, v

E
title, v

E
episode), where vEdialogue

stores the raw conversation turns, vEtitle abstracts a
concise subject, and vEepisode offers a brief narrative
summary. The buffer is then cleared, and process-
ing continues with subsequent dialogues. For the
algorithm and prompt, see Algo. 1 and Figure 6.

Remark. In this way, we process dialogue
streams incrementally and segment them into se-
mantically coherent memory units. This reduces ir-
relevant context and also improves the convenience
of topic organization and retrieval.

3.2.2 Topic Aggregation
Episodes capture event-level fragments within con-
tiguous temporal windows. However, as shown
in Figure 1, real-world narratives about a specific
topic can also be temporally dispersed. Existing
designs (Chhikara et al., 2025; Luo et al., 2025)
usually isolate such correlated associations, mak-
ing it difficult to retrieve the full narrative. To
address this, we devise Topic to aggregate scat-
tered episodes, and leverage hyperedges to connect
multiple episodes that belong to the same topic.

Method. Practically, we design an LLM-driven
streaming topic aggregation mechanism. Given the
current target episode vEcur, we retrieve historical

similar episodes CE using lexical and semantic sim-
ilarity (detailed in § 3.3.1). By comparing vEcur with
CE , there are three cases to handle:

1. Topic Initialization. If CE = ∅, we create a
new topic vT = (vTtitle, v

T
summary) for vEcur. Here,

vTtitle and vTsummary are the title and summary ac-
cording to vEcur generated by the LLM.

2. Topic Creation. If CE ̸= ∅ but the potential
topic of vEcur is different from the existing topics
of episodes in CE , we create a new topic vT =
(vTtitle, v

T
summary) for vEcur, by comparing vEcur with

all episodes in CE by the LLM.

3. Topic Update. If CE ̸= ∅ and the potential
topic of vEcur existed in CE , we update each
matched topic incorporating vEcur and regener-
ating its metadata vT = (vTtitle, v

T
summary).

After this process, we construct a hyperedge eEt ∈
EE linking the topic to all its constituent episodes,
and the LLM assigns an importance weight wE

e,v ∈
[0, 1] to each episode based on its contribution to
the topic. For the algorithm and prompt, see Algo. 1
and Figure 7.

Remark. In this way, the resulting topic nodes
act as semantic anchors of episodes potentially
spanning weeks or months. This also enables com-
prehensive retrieval of entire narratives by query
matching, regardless of temporal fragmentation.

3.2.3 Fact Extraction
Episodes preserve rich narrative context but often
contain verbose dialogue that is inefficient for di-
rect query answering. To enable query-oriented
retrieval, we extract Facts with language expres-
sions, the compact assertion grounded in episode
context, as fine-grained memory units.

Method. Given a topic t and its associated
episodes VEt , we use an LLM to identify salient
factual assertions, using the full topical con-
text to avoid redundant or trivial extractions.
Here, each fact node is formed as vF =
(vFcontent, v

F
potential, v

F
keywords), where vFcontent records

the factual assertion, vFpotential lists query patterns
this fact is likely to answer, enabling proac-
tive alignment with user’s potential intents, and
vFkeywords captures representative terms to facilitate
keyword-based retrieval. To maintain provenance,
each fact is explicitly anchored to the original
episode(s). For each episode vE , we construct a
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fact hyperedge eF ∈ EF that connects all the facts
involved, with the LLM assigning an importance
weight wF

e,v ∈ [0, 1] to reflect the relative impor-
tance of each fact. For the algorithm and prompt,
see Algo. 1 and Figure 8.

Remark. In this way, the resulting fact nodes
serve as atomic query-targeted units. Unlike raw
dialogue for retrieval, vFpotential anticipates relevant
queries while vFkeywords supports lexical search, al-
lowing retrieval with concise, directly answerable
evidence rather than verbose transcripts.

3.3 Hypergraph Memory Retrieval

To respond to the user’s query, the agent retrieves
relevant memories through a coarse-to-fine process
that traverses from topic to episode to fact. This
combines an offline indexing phase with an online
retrieval strategy for practical usage.

3.3.1 Offline Index Construction
User queries often exhibit both lexical cues and
semantic intent, which are crucial to accurately
retrieve relevant memories. To fully leverage
both signals, we construct dual indices for all
node types, including topic, episode and fact: a
sparse keyword-based index using BM25 (Robert-
son and Zaragoza, 2009), and a dense semantic
index powered by Qwen3-Embedding-4B (Zhang
et al., 2025d). Specifically, each node is first con-
verted into a textual document for BM25 indexing
to support exact keyword matching, and then en-
coded into a dense vector via the embedding model
to capture deeper semantic similarity.

Hypergraph Embedding Propagation. The
nodes linked by the same hyperedge share a com-
mon topical context, and are expected to acquire
similar representations. To this end, we propose
a lightweight embedding propagation process that
enriches node embeddings by aggregating infor-
mation from their incident hyperedges. First, we
compute a hyperedge embedding as a weighted
aggregation of its constituent node embeddings:

he =
∑

v∈V(e)
αe,v hv,

αe,v =
exp(we,v)∑

u∈V(e) exp(we,u)
,

(2)

where hv denotes the initial (dense) embedding of
node v, and we,v ∈ [0, 1] is the importance weight

assigned during topic aggregation, e.g., by an LLM
based on narrative contribution.

Next, we refine the representation of each node
by aggregating the embeddings of all hyperedges
in which it participates:

h′
v = hv + λ ·Agge∈N (v)(he), (3)

whereN (v) denotes the set of hyperedges incident
to v, λ ≥ 0 is a hyperparameter to control the
strength of propagation, and Agg is an aggregation
function, e.g., summation. See Algo. 2 for the
algorithm.

Remark. This propagation mechanism is in-
spired by hypergraph neural networks (Feng et al.,
2019), yet remains lightweight without large-scale
fine-tuning. Empirical studies demonstrate its effec-
tiveness. Besides, it enables semantically related
memories to acquire aligned embeddings, which
derive more informative embeddings and also facil-
itate high-order associations during retrieval.

3.3.2 Online Retrieval Strategy
Given a user query q, retrieval proceeds as a struc-
tured coarse-to-fine traversal with progressive top-
k selection at each level.

Stage 1: Topic Retrieval. We retrieve from the
topic-level to establish the topical context. All
topic nodes VT are scored using both keyword and
vector indices, with rankings fused via Reciprocal
Rank Fusion (RRF):

RRF(d) =
M∑

m=1

1

k + rankm(d)
(4)

where m indexes individual rankers and k is
a smoothing constant. The RRF-ranked candi-
dates are then refined by a reranker model, which
computes fine-grained query-document relevance
scores to improve ranking precision. We select the
top-kT topic nodes as candidates, which filters out
most irrelevant topical contexts.

Stage 2: Episode Retrieval. For each selected
topic t, we expand to its constituent episodes VEt
via the episode-hyperedge eEt . Following Stage
1, the expanded episodes are scored via RRF and
then refined by the reranker. We retain the top-kE

episodes as the results. This stage ensures that only
the query-relevant temporal segments within each
topic are preserved.
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Stage 3: Fact Retrieval. Finally, each retained
episode e is expanded to its supporting facts VFe
through the fact hyperedge eFe . Following the same
RRF-then-rerank pipeline, we select the top-kF

facts as the final retrieval result.

Final Response Generation. Instead of using
verbose raw dialogue text, we construct the re-
sponse context from the content fields of retrieved
facts, optionally augmented with the summary
fields of their sourced upper-level episodes for nar-
rative context. This design significantly reduces
token consumption while preserving answerable in-
formation. The constructed response context is in-
put into the conversational agent, and the response
is returned as the answer to the user query. See
Algo. 3 for the algorithm.

4 Experiments

In this section, we conduct experiments to evaluate
the effectiveness of our HyperMem.

4.1 Experimental Setup

Benchmark. LoCoMo (Maharana et al., 2024)
is a benchmark dataset designed to evaluate long-
term memory capabilities in conversational AI sys-
tems. It contains multi-session dialogues spanning
several months, with four categories of questions:
single-hop (direct fact retrieval), multi-hop (rea-
soning across multiple dialogue turns), temporal
reasoning (time-related queries), and Open Domain
(open-ended questions requiring broader context
understanding). PersonaMem (Jiang et al., 2025)
is a personal memory benchmark featuring long,
persona-grounded multi-session dialogues and 1-in-
4 multiple-choice questions that evaluate whether a
memory system can accurately recall user-specific
facts and preferences over time.

Baselines. We compare our approach against rep-
resentative methods from RAG and memory sys-
tem. (1) RAG methods: RAG, GraphRAG (Edge
et al., 2024), LightRAG (Guo et al., 2025),
HippoRAG 2 (Gutiérrez et al., 2025), and Hy-
perGraphRAG (Luo et al., 2025). (2) Mem-
ory system methods: OpenAI 1, LangMen 2,
Zep (Rasmussen et al., 2025), A-Mem (Xu et al.,
2025), Mem0 (Chhikara et al., 2025), Mem-
Graph (Chhikara et al., 2025), MIRIX (Wang and

1https://openai.com/zh-Hans-CN/index/
memory-and-new-controls-for-chatgpt/

2https://langchain-ai.github.io/langmem/

Chen, 2025), Memobase 3, MemU 4, Supermem-
ory 5, and MemOS (Li et al., 2025b).

Implementation Details. We implement Hyper-
Mem using Qwen3-Embedding-4B for semantic
encoding and Qwen3-Reranker-4B for reranking.
For answer generation, we employ GPT-4.1-mini
with chain-of-thought prompting. In hierarchical
retrieval, we first retrieve 100 initial candidates,
then select top-10 Topics, top-10 Episodes, and
top-30 Facts as the final context. Node embeddings
are updated with a propagation weight λ = 0.5 to
incorporate hyperedge information. For evaluation,
we use GPT-4o-mini as the LLM judge and report
the average scores across 3 independent runs.

4.2 Main Results

Table 1 presents the main results. HyperMem
achieves the best overall accuracy of 92.73% ±
0.06% (3 runs), outperforming the top RAG base-
line HyperGraphRAG (86.49%) by 6.24% and top
memory system MIRIX (85.38%) by 7.35%.

Regarding category-wise performance, Hy-
perMem excels on reasoning-intensive tasks.
On Single-hop questions, HyperMem achieves
96.08%, surpassing HyperGraphRAG by 5.47%,
as the structured fact layer enables precise retrieval
of atomic information. On Multi-hop questions
requiring evidence aggregation across multiple dia-
logue segments, HyperMem reaches 93.62%, out-
performing LightRAG by 9.58%, demonstrating
that hyperedges effectively bind topically related
episodes scattered across time for comprehensive
evidence collection. On Temporal questions re-
quiring cross-session reasoning, HyperMem attains
89.72%, benefiting from the episode layer’s preser-
vation of temporal anchors and the hierarchical
structure’s ability to trace event progression. Open
Domain remains challenging for all methods due to
broader knowledge requirements beyond the con-
versation history.

These improvements stem from two key de-
signs. Hyperedges explicitly group topically re-
lated episodes, ensuring complete evidence re-
trieval for multi-hop reasoning. Meanwhile, topic-
guided hierarchical retrieval progressively narrows
the candidate pool, filtering irrelevant context while
preserving temporal coherence.

3https://www.memobase.io/blog/
ai-memory-benchmark

4https://memu.pro/
5https://supermemory.ai/
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Methods Single-hop Multi-hop Temporal Open Domain Overall

GraphRAG (Edge et al., 2024) 79.55 54.96 50.16 58.33 67.60
LightRAG (Guo et al., 2025) 86.68 84.04 60.75 71.88 79.87
HippoRAG 2 (Gutiérrez et al., 2025) 86.44 75.89 78.50 66.67 81.62
HyperGraphRAG (Luo et al., 2025) 90.61 80.85 85.36 70.83 86.49

OpenAI 1 63.79 42.92 21.71 62.29 52.90
LangMem 2 62.23 47.92 23.43 71.12 58.10
Zep (Rasmussen et al., 2025) 61.70 41.35 49.31 76.60 65.99
A-Mem (Xu et al., 2025) 39.79 18.85 49.91 54.05 48.38
Mem0 (Chhikara et al., 2025) 67.13 51.15 55.51 72.93 66.88
Mem0g (Chhikara et al., 2025) 65.71 47.19 58.13 75.71 68.44
MIRIX (Wang and Chen, 2025) † 85.11 83.70 88.39 65.62 85.38
Memobase 3 73.12 64.65 81.20 53.12 72.01
MemU 4 66.34 63.12 27.10 50.01 56.55
MemOS (Li et al., 2025b) 81.09 67.49 75.18 55.90 75.80

HyperMem (Ours) 96.08 93.62 89.72 70.83 92.73

Table 1: Comparison of HyperMem with RAG-based and memory system methods on the LoCoMo benchmark.
All methods use GPT-4.1-mini for generation. Evaluation metric is LLM-as-a-judge accuracy (%) scored by
GPT-4o-mini. † indicates that MIRIX uses GPT-4.1-mini as judge. Results for RAG-based methods are reproduced
using their official implementations under the same pipeline. Results for memory systems are primarily sourced
from Chhikara et al. (2025); Wang and Chen (2025); Li et al. (2025b).

Method MIRIX Mem0 Zep Memobase MemU Supermemory MemOS HyperMem

Precision (1 in 4)↑ 38.4 43.1 57.8 58.9 56.8 53.9 61.2 71.3

Table 2: Comparison on the PersonaMem benchmark (1-in-4 multiple-choice precision). Baseline results are
sourced from Li et al. (2025b).

Configuration Overall (%) ∆

HyperMem 92.66 –

w/o FC 91.75 0.91 ↓
w/o EC 88.90 3.76 ↓
w/o TR 91.94 0.72 ↓
w/o TR & FC 91.75 0.91 ↓
w/o TR & EC 88.83 3.83 ↓
w/o TR & ER 90.19 2.47 ↓

Table 3: Ablation study. FC: Fact Context, EC: Episode
Context, TR: Topic Retrieval, ER: Episode Retrieval.

As shown in Table 2, HyperMem also achieves
the best performance on PersonaMem with 71.3%
precision, outperforming the strongest memory sys-
tem MemOS (61.2%) by 10.1%. This substantial
margin on a benchmark with a different task for-
mat (multiple-choice) and focus (persona-grounded
recall) confirms that HyperMem’s hierarchical hy-
pergraph design generalizes across evaluation pro-
tocols and dialogue scenarios.

4.3 Ablation Study

As shown in Table 3 and Figure 3, we conduct ab-
lation study to evaluate the contribution of each
component in HyperMem. The results reveal that

Episode context is the most critical component,
as removing it (w/o EC) causes the largest perfor-
mance drop (-3.76% overall), particularly affecting
Temporal reasoning (-5.61%). The hierarchical re-
trieval mechanism also proves essential. Bypassing
Topic retrieval (w/o TR) shows moderate impact,
but completely flattening the hierarchy to Fact-only
retrieval (w/o TR & ER) significantly degrades
Multi-Hop performance (-5.68%), demonstrating
that the hierarchical structure effectively maintains
coherent information flow across granularity lev-
els. Fact context primarily benefits Multi-Hop rea-
soning (-2.84% when removed). These findings
validate that our three-level memory architecture
and hierarchical retrieval strategy work synergisti-
cally to achieve optimal performance across diverse
question types.

4.4 Hyperparameter Analysis

We investigate the sensitivity of HyperMem to key
hyperparameters across four dimensions. First, the
fusion coefficient α = 0.5 achieves optimal perfor-
mance (92.66%), indicating that balanced integra-
tion of semantic similarity and structural retrieval
yields the best results. Notably, setting α = 0 (dis-
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Figure 3: Ablation study across four question categories. FC: Fact context. EC: Episode context. TR: Topic-level
retrieval. ER: Episode-level retrieval. The shaded region highlights the full HyperMem configuration.
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Figure 4: Hyperparameter sensitivity analysis on LoCoMo. We evaluate the impact of embedding fusion weight α
and Top-k selection at each hierarchical level (Topic, Episode, Fact) on retrieval performance.

abling hypergraph embedding propagation) drops
accuracy to 91.69% (−1.04%), directly quantify-
ing the independent contribution of hypergraph
propagation beyond the hierarchy itself. Second,
topic top-k exhibits the most significant impact:
increasing from k=1 to k=10 improves accuracy
from 76.88% to 92.66% (+15.78%), demonstrat-
ing that adequate topical coverage is crucial for
capturing relevant context. In contrast, episode
top-k shows minimal sensitivity (92.73% at k=10
vs. 92.47% at k=20), suggesting the system is ro-
bust to this parameter. Fact top-k peaks at k=30
(92.66%) with slight degradation at higher values,
indicating potential noise introduction from exces-
sive fact retrieval. Notably, the “Fact + Episode”

configuration consistently outperforms “Fact Only”
by 3-4% across all settings, further validating the
importance of episode-level context in HyperMem.

4.5 Efficient Analysis

Figure 5 shows the efficiency-accuracy trade-off.
HyperMem achieves optimal 92.73% accuracy at
7.5x tokens with the “Episode + Fact” configu-
ration, while the “Fact Only” configuration al-
ready reaches 89.48% at merely 2.5x tokens, both
substantially outperforming RAG-based methods
that require 25-35x tokens for lower accuracy
(GraphRAG: 67.60% at 35.3x, HyperGraphRAG:
86.49% at 26.3x). The “Episode + Fact” configura-
tion consistently outperforms “Fact Only” by 3-4%,
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Phase Stage LLM Calls Tokens

Offline
Episode Detection 6,362 9.1M
Hypergraph Construction 1,929 36.0M

Online Response Generation 1,540 13.1M

Table 4: LLM cost breakdown on LoCoMo. Hyper-
graph construction includes topic aggregation and fact
extraction. Online retrieval involves no LLM calls.

demonstrating that episode summaries provide cru-
cial semantic guidance that cannot be compensated
by retrieving more facts.

Table 4 reports the LLM cost breakdown. Of-
fline construction (episode detection, topic aggre-
gation, and fact extraction on 10 conversations)
requires 8,291 LLM calls with 45.1M tokens in
total. Crucially, this is a one-time cost: once the
memory hypergraph is built, it persists and serves
all future queries without reconstruction. As con-
versations grow incrementally, only the newly ar-
rived episode needs to be processed (2–3 LLM calls
per episode), without rebuilding the existing hyper-
graph. At query time, online retrieval involves no
LLM calls, and response generation costs only 1.0
LLM call and 8.5K tokens per question. Therefore,
the per-query marginal cost remains low regardless
of the total conversation history length.

5 Conclusion

In this paper, we propose a hypergraph-based agen-
tic memory architecture, namely HyperMem. It
explicitly models high-order associations among
topics, episodes, and facts, overcoming the pair-
wise limitations of existing RAG and graph-based
methods. By organizing memory hierarchically
and linking related elements via hyperedges, Hyper-

Mem unifies scattered dialogue content into coher-
ent units. This enables effective lexical-semantic
indexing with hypergraph embedding propagation
and efficient coarse-to-fine retrieval. On the Lo-
CoMo benchmark, HyperMem achieves state-of-
the-art 92.73% LLM-as-a-judge accuracy, demon-
strating its strength in long-term conversations. 6

Limitations

The current design assumes a single-user scenario,
and extending to multi-user or multi-agent settings
presents challenges in access control and mem-
ory isolation. Additionally, Open Domain ques-
tions remain challenging as they often require ex-
ternal knowledge beyond the conversation history,
suggesting opportunities for integrating external
knowledge bases.

Ethical Considerations

Sensitive information in long-term memory.
HyperMem accumulates persistent conversational
memory that may contain sensitive personal infor-
mation surfaced through extended dialogue. De-
ployments should restrict access to memory fields,
avoid using extracted facts for high-stakes deci-
sions, and disclose to users what is retained.

Transparency and erasure. The topics,
episodes, and facts in HyperMem are stored
as inspectable text, making it feasible to show
users what was remembered and delete specific
entries on request. Complete erasure further
requires refreshing derived artifacts such as topic
summaries and hyperedge embeddings to prevent
residual leakage.

Potential for misuse. Persistent memory captur-
ing high-order associations could also enable intru-
sive surveillance or manipulative personalization.
We release HyperMem as research-oriented infras-
tructure and encourage explicit consent flows, re-
tention limits, and human oversight in user-facing
deployments.
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A Algorithm

As shown in Algorithm 1, 2, and 3, we provide
detailed pseudocode for HyperMem’s core proce-
dures. Algorithm 1 describes memory hypergraph
construction, including episode detection, topic ag-
gregation, and fact extraction. Algorithm 2 presents
the offline index construction with embedding prop-
agation. Algorithm 3 details the online hierarchical
retrieval strategy.

B Prompt Templates

We present the key prompt templates used in Hy-
perMem. Figure 6 shows the episode boundary
detection prompt. Figure 7 describes the topic
aggregation prompt for linking related episodes.
Figure 8 presents the fact extraction prompt for
distilling key information from episodes.

C Evidence Hit Rate

To evaluate retrieval quality independently of the
generation model, we report Evidence Hit Rate:
the fraction of questions for which at least one
ground-truth evidence dialogue turn is covered by
the retrieved results at each hierarchical level.

As shown in Table 5, topic-level retrieval
achieves 89.9% Hit@1 and 99.3% Hit@10,
demonstrating highly accurate topical localization.
Episode-level retrieval reaches 96.7% Hit@10, and
fact-level Hit@30 reaches 95.6%. Open Domain
has the lowest hit rate across all levels, consistent
with its lower accuracy in Table 1, as open-domain
queries often require broader knowledge beyond
the conversation history.

D Case Study

We present four representative cases from the Lo-
CoMo benchmark to illustrate how HyperMem ad-
dresses different query types where baselines fail.

Single-Hop Task (Figure 9). This case asks
“What new activity did Maria start recently, as men-
tioned on 3 June, 2023?” GraphRAG confuses
“dog shelter” with “homeless shelter,” while Hyper-
GraphRAG retrieves “aerial yoga” from a different
time period. HyperMem’s hierarchical retrieval
navigates through Topic and Episode layers to re-
trieve the exact Fact containing “volunteering at
a local dog shelter,” directly matching the golden
answer.

Multi-Hop Task (Figure 10). The question
“How many tournaments has Nate won?” requires
aggregating evidence from 7 dialogue sessions
spanning 10 months. GraphRAG only identifies
“at least two” because its pairwise edges fragment
related memories across time. In contrast, Hyper-
Mem precisely recalls all tournament-related ev-
idence, correctly answering “seven tournaments”
with precise dates for each, demonstrating how
hyperedges overcome evidence fragmentation in-
herent in pairwise memory structures.

Temporal Reasoning Task (Figure 11). For the
query “How many pets did Andrew have, as of
September 2023?” GraphRAG claims Andrew
had no pets by confusing him with another per-
son, while HyperGraphRAG overcounts with “four
pets.” HyperMem correctly answers “one pet dog
named Toby” because its Episode layer preserves
temporal anchors and enables accurate state recon-
struction at the queried time point.

Open Domain Task (Figure 12). For “Would
John be open to moving to another country?” Hy-
perGraphRAG incorrectly answers “Yes” based on
superficial travel mentions. HyperMem correctly
infers “No” by synthesizing evidence about John’s
military aspirations and political campaign goals
that anchor him to the U.S. The potential field in
Fact nodes anticipates such inference patterns.

Topic Hit@K Episode Hit@K Fact Hit@K

Category @1 @3 @5 @10 @1 @3 @5 @10 @1 @3 @5 @10 @30

Single-hop 91.7 97.6 99.3 99.8 84.8 94.6 96.7 98.2 81.6 89.3 91.9 93.9 96.7
Multi-hop 90.1 98.2 98.9 99.6 73.8 89.4 95.0 97.9 73.8 88.3 91.1 95.4 97.9
Temporal 91.6 96.9 99.4 99.7 85.4 94.7 95.6 97.2 81.0 88.8 91.0 93.8 95.6
Open Domain 67.4 83.7 92.4 93.5 48.9 64.1 72.8 78.3 47.8 66.3 72.8 76.1 78.3

Overall 89.9 96.7 98.8 99.3 80.7 91.9 94.7 96.7 78.0 87.6 90.4 93.1 95.6

Table 5: Evidence Hit Rate (%) at each hierarchical level on LoCoMo. Hit@K measures whether at least one gold
evidence dialogue turn is covered by the top-K retrieved nodes at each level.
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Algorithm 1 Hypergraph Memory Construction

1: Input: Dialogue stream X = {xt}Tt=1

2: Output: HypergraphH
3: Initialize VT ,VE ,VF , EE , EF ← ∅, buffer
B ← ∅

▷ Stage 1: Episode Detection
4: for each incoming dialogue xt ∈ X do
5: B ← B ∪ {xt}
6: Boundary detection: (end,wait)←LLM(B)
7: if end = True then
8: vE ← CREATEEPISODE(B)
9: VE ← VE ∪ {vE}, B ← ∅

10: end if
11: end for

▷ Stage 2: Topic Aggregation
12: for each new episode vEcur ∈ VE do
13: Episode Matching: CE ← LLM(vEcur)
14: if CE = ∅ (Case 1: Topic Initialization) then
15: vT ← CREATETOPIC(vEcur)
16: VT ← VT ∪ {vT }
17: else
18: Topic Matching: CT ← LLM(CE , vEcur)
19: if CT = ∅ (Case 2: New Topic) then
20: vT ← CREATETOPIC(CE , vEcur)
21: VT ← VT ∪ {vT }
22: else (Case 3: Topic Update)
23: UPDATETOPICS(CT , vEcur)
24: end if
25: end if
26: eEt ← (vT , GETEPISODES(vT ),wE)
27: EE ← EE ∪ {eEt }
28: end for

▷ Stage 3: Fact Extraction
29: for each topic vT ∈ VT do
30: VEt ← GETEPISODES(vT )
31: Fact Extraction: Ft ← LLM(vT ,VEt )
32: for each fact vFt ∈ Ft do
33: VFt ← VFt ∪ {vFt }
34: Anchor vFt to its source episode(s)
35: end for
36: for each episode vEt ∈ VEt do
37: eFt ← (vEt , GETFACTS(vEt ),w

F )
38: EFt ← EFt ∪ {eFt }
39: end for
40: end for

41: returnH = (VT ∪ VE ∪ VF , EE ∪ EF )

Algorithm 2 Offline Index Construction
1: Input: HypergraphH
2: Output: Indexed hypergraph with propagated

embeddings

▷ Node Indexing
3: for each node v ∈ VT ∪ VE ∪ VF do
4: Build BM25 and vector index for v
5: hv ← ENCODE(v)
6: end for

▷ Hyperedge Embedding
7: for each hyperedge e ∈ EE ∪ EF do
8: he ←

∑
v∈e αe,vhv

9: end for

▷ Embedding Propagation
10: for each node v do
11: h′

v ← hv + λ · AGGe∈N (v)(he)
12: end for

Algorithm 3 Online Retrieval Strategy

1: Input: Query q, Indexed H, Top-k:
(kT , kE , kF )

2: Output: Retrieved contextR
3: q ← ENCODE(q)

▷ Stage 1: Topic Retrieval
4: for each vT ∈ VT do
5: sT ← RRF(BM25(q, vT ), COS(q,h′

vT
))

6: end for
7: Ttop ← TOPK(VT , sT , kT )

▷ Stage 2: Episode Retrieval
8: VEt ←

⋃
t∈Ttop GETEPISODES(t)

9: for each vEt ∈ VEt do
10: sEt ← RRF(BM25(q, vEt ), COS(q,h′

vEt
))

11: end for
12: Etop ← TOPK(VEt , sEt , k

E)

▷ Stage 3: Fact Retrieval
13: VFt,e ←

⋃
e∈Etop GETFACTS(e)

14: for each vFt,e ∈ VFt,e do
15: sFt,e ← RRF(BM25(q, vFt,e), COS(q,h′

vFt,e
))

16: end for
17: Ftop ← TOPK(VFt,e, sFt,e, kF )

18: returnR ← COMPOSE(Etop,Ftop)
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Episode Detection

You are an episodic memory boundary detection expert. Determine if the newly added dialogue should
end the current episode and start a new one.

Input: Conversation history: {history} Time gap info: {time_gap} New messages:
{new_messages}

Decision Criteria:
1. Substantive Topic Change (Highest Priority): Do new messages introduce a completely different

substantive topic? Is there a shift from one specific event to another distinct event?

2. Intent and Purpose Transition: Has the fundamental purpose of the conversation changed
significantly? Has the core question been fully resolved and a new substantial topic begun?

3. Temporal Signals: Significant time gap between messages (hours or days)? Long gaps strongly
suggest new episodes.

4. Structural Signals: Clear concluding statements followed by genuinely new topics? Explicit
topic transition phrases?

Special Rules: Greetings + Topic = ONE episode; Ignore social formalities and pleasantries; Closures
(“Thanks!”, “Take care!”) stay with current episode.

Output: {should_end: bool, should_wait: bool, confidence: float, topic_summary:
str}

Figure 6: Prompt template of episode boundary detection.

Topic Aggregation

You are an expert in identifying whether Episodes describe the SAME situation/event/theme. Your task:
identify which historical Episodes describe the SAME situation as the new Episode.

Input: New Episode: {new_episode} Historical Episodes: {history_episodes} Existing
Topics: {existing_topics}

Same Situation Criteria (ALL must be met):
1. Same Specific Event/Theme: E.g., “Jon’s career transition” at different stages. NOT just related

topics—“Jon’s business” and “Gina’s business” are DIFFERENT situations.

2. Narrative Continuity: Later Episode continues/develops the earlier event. E.g., “Started X”→
“X encountered problem”→ “X succeeded” = SAME situation.

3. Identity of Core Subject: Same specific person’s journey, same specific project/initiative, same
specific relationship. NOT just same people or same topic category.

4. Temporal Tolerance: Same situation CAN span multiple time points (weeks or months). Look
for recurring discussions or multi-stage developments across time.

Aggregation Cases: CE = ∅ ⇒ Create new Topic; CE ̸= ∅, CT = ∅ ⇒ Aggregate into new Topic;
CT ̸= ∅ ⇒ Update existing Topic.

Output: {title: str, summary: str, keywords: list, episode_weights: dict}

Figure 7: Prompt templates of topic aggregation.
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Fact Extraction

You are an expert in extracting queryable facts from Episodes within a Topic context. Extract atomic,
structured facts designed to directly surface answerable evidence.

Input: Topic: {topic} Episodes in this Topic: {episodes}

Extraction Guidelines:
1. Answerable Facts: Focus on facts that directly answer queries, not narrative context. Each Fact

should be a standalone, queryable assertion.

2. Provenance: Maintain explicit links to source Episodes for traceability. Every Fact is anchored to
the Episodes from which it originates.

3. Query Anticipation: Predict potential queries this fact can answer. Store query patterns in the
potential field for proactive retrieval alignment.

4. Importance Weights: Assign salience scores w ∈ [0, 1] based on relevance to the Topic, reflecting
each Fact’s contribution.

Output: {content: str, potential: str, keywords: list, importance_weight: float}

Figure 8: Prompt templates of fact extraction.

Conversation & Evidences:

[2022-06-03] Maria: "That's a great lesson to pass on to your kids, John. Both are really important for strong relationships. Any 

plans to give another pet a loving home?"

[2022-06-03] John: "We're considering adopting a rescue dog - for love and to teach our kids responsibility and compassion."

[2022-06-03] Maria: "John, that's such a great idea! It gives the pup a loving home and teaches your kids important values. If 

you need any help, let me know! I just started volunteering at a local dog shelter once a month."

Query: What new activity did Maria start recently, as mentioned on 3 June, 2023?

Golden Answer: volunteering at a local dog shelter once a month  | Answer:

[GraphRAG] 

As of 3 June, 2023, Maria has 

recently started volunteering 

at a homeless shelter…

[HyperGraphRAG] 

Maria started a new activity called aerial yoga

recently, as she mentioned at 11:01 am on 17 

December, 2022…

[HyperMem] 

As of June 3, 2023, Maria had recently started volunteering once a month at a local dog shelter, which she mentioned to John as a new 

rewarding ongoing activity.

[Mem0] 

Maria joined a gym.

[MemOS] 

Joined a gym last week.

Figure 9: Single-Hop Task. HyperMem precisely retrieves “dog shelter” while GraphRAG confuses it with
“homeless shelter.”
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Conversation & Evidences:

[2022-01-21] Nate: "… I won my first video game tournament last week - so exciting!"

[2022-05-02] Nate: "… Last week I won my second tournament!"

[2022-06-15] Nate: "… I just won another regional video game tournament last week! …"

[2022-07-10] Nate: "… I won my fourth video game tournament on Friday! …"

[2022-08-22] Nate: "Woah Joanna, I won an international tournament yesterday! …"

[2022-10-06] Nate: "… I won a really big video game tournament last week and it was awesome! …"

[2022-11-07] Nate: "… I was in the final of a big Valorant tournament last Saturday, and I won! …"

Query: How many tournaments has Nate won? |  Golden Answer: 7  | Answer:

[HyperMem] 

Nate has won a total of seven video game tournaments in 2022: 1. The first tournament during the week of January 14-20, 2022 (Counter-

Strike: Global Offensive). 2. The second tournament on April 25, 2022 (local Street Fighter competition). 3. The third tournament 

during the week of May 27 to June 2, 2022 (regional tournament). 4. The fourth tournament on July 8, 2022 (online tournament).

5. The fifth tournament on August 21, 2022 (international gaming tournament). 6. The sixth tournament on September 29, 

2022 (significant tournament with prize money). 7. The seventh tournament on November 5, 2022 (Valorant tournament final).

[GraphRAG] 

Nate has won at least two regional video game 

tournaments as of late May 2022-his first…

[HyperGraphRAG] 

Nate has won at least five video game 

tournaments, including…

[Mem0] 

Four tournaments

[MemOS] 

Nate has won five

tournaments.

Figure 10: Multi-Hop case study. The question “How many tournaments has Nate won?” requires aggregating
evidence from 7 sessions spanning 10 months. GraphRAG fragments the evidence due to pairwise edges, while
HyperMem groups all tournament-related Episodes via Topic hyperedges.

Conversation & Evidences:

[2023-07-11] Andrew: "Hey! So much has changed since last time we talked - meet Toby, my puppy…"

[2022-07-11] Audrey: "OMG! Toby looks so adorable! Congrats on your new addition…"

[2022-10-19] Andrew: "Hey Andrew, hope you're doing ok. I recently had a good…"

[2022-10-19] Audrey: "Hi Audrey! … I've got some awesome news -- I recently adopted another pup from a shelter…"

Query: How many pets did Andrew have, as of September 2023? |  Golden Answer: one  | Answer:

[GraphRAG] 

As of September 2023, Andrew did not have any pets. Audrey, his 

acquaintance, had four dogs: Pepper, Precious, Panda, and Pixie.

[HyperGraphRAG] 

As of September 2023, Andrew had four pets (fur babies), 

including his dog Toby.

[HyperMem] 

As of September 2023, Andrew had one pet dog named Toby.

[Mem0] 

Two dogs.

[MemOS] 

Three pets (Toby, Buddy, Scout). Explanation: As of September 6, 2023, Andrew had Toby 

and Buddy and had recently adopted Scout before November 22, 2023...

Figure 11: Temporal Reasoning Task. HyperMem correctly identifies one pet at the queried time point, while
baselines confuse subjects or miscount.
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Conversation & Evidences:

[2023-02-25] John: "Hey Maria! Wanted to let you know that I'm running for office again…"

[2023-07-17] John: "Hey Maria… I visited a veteran's hospital and met some amazing people. It made me appreciate what we 

have and the need to give back."

[2023-07-17] Maria: "Wow, John… Did you learn anything cool during your visit?"

[2023-07-17] John: "I heard some cool stories from an elderly veteran named Samuel. It was inspiring and heartbreaking, but 

seeing their resilience really filled me with hope. It reminded me why I wanted to join the military."

Query: Would John be open to moving to another country? |  Golden Answer: No, he has goals specifically in the U.S. like joining 

the military and running for office. |  Answer:

[GraphRAG] 

…He appreciates experiencing new cultures and environments but has not explicitly stated any openness 

to permanently moving to another country…

[HyperMem] 

John is not indicated to be open to moving to another country. His activities, expressed commitments, and travel plans focus on serving his 

country, improving his local community, and maintaining a strong family presence…

[Mem0] 

No explicit mention of 

moving abroad.

[MemOS] 

No, John prefers community 

engagement locally.

[HyperGraphRAG] 

Yes, John would be open to moving to another country... Although he maintains a commitment to serving 

his current community and country, his excitement about exploring new cultures and planning trips 

suggests he would consider relocating if the opportunity fits his aspirations and values.

Figure 12: Open Domain Task. HyperMem infers John’s commitment to U.S.-based goals, while HyperGraphRAG
incorrectly concludes he would relocate.
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