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Abstract

Long-term conversational agents often face
time-sensitive queries, requiring evidence that
is both contextually relevant and valid for a
specific time, event, or factual update. How-
ever, noisy temporal-entity cues, weak coupling
between temporal anchors and retrieval paths,
and sparse long-tail evidence often lead mem-
ory systems to retrieve semantically similar but
temporally invalid or outdated evidence. We
propose TSHMem, a Temporal-Semantic Hi-
erarchical Memory Graph for long-term con-
versational agents. TSHMem addresses noisy
conversational evidence by organizing dialogue
turns, self-contained statements, hierarchical
summaries, and entities into a heterogeneous
memory graph. To connect temporal con-
straints with retrieval paths, it parses tempo-
ral intent, activates query-relevant entities, re-
solves event-referenced constraints, and injects
temporal relevance into graph transition proba-
bilities. It then combines time-aware structural
propagation with semantic matching and hier-
archical ranking to retrieve compact evidence
that is temporally valid, contextually relevant,
and robust to sparse long-tail memories. Ex-
periments on LongMemEval S* and LoCoMo
show that TSHMem consistently outperforms
strong retrieval and memory-agent baselines,
achieving 66.3% accuracy on LongMemEval
S*, with an absolute gain of 18.6% over the
strongest baseline while retrieving fewer evi-
dence tokens.

1 Introduction

Long-term conversational agents require persistent
memory to maintain coherent, personalized, and
context-aware interactions across sessions. This
need is closely related to personalized LLMs,
where user-specific preferences, histories, and
evolving contexts play a central role (Liu et al.,
2025, 2026a). Although large language models
(LLMs) exhibit strong in-context reasoning abili-
ties, they remain largely stateless once the context

window is exhausted, making it difficult to recall
user preferences, track factual updates, or reason
over events distributed across conversations (Park
et al., 2023; Packer et al., 2024). Retrieval-based
memory offers a practical solution by storing dia-
logue histories as text chunks and retrieving them
via sparse or dense similarity search (Lewis et al.,
2020; Gao et al., 2024). However, flat chunk-based
retrieval treats memories as isolated textual units,
limiting its ability to capture cross-session depen-
dencies, evolving facts, and temporal constraints.

A central challenge in long-term conversational
memory is time-sensitive retrieval: an agent must
retrieve not only semantically relevant memories,
but also temporally valid and contextually updated
evidence. Recent graph-based memory systems
improve over flat retrieval by organizing past inter-
actions into structured topologies, enabling traver-
sal beyond direct semantic similarity (Edge et al.,
2025; Gutiérrez et al., 2024). Nevertheless, as
shown in Figure 1, existing memory graphs can still
suffer from three temporal-semantic bottlenecks:
(1) temporal and entity cues are often buried in
noisy, redundant, and ambiguous dialogues, mak-
ing it difficult to construct reliable memory units
from raw conversation chunks; (2) temporal in-
formation is usually treated as metadata or de-
cay scores, rather than being integrated into the
graph topology that guides retrieval; and (3) time-
sensitive evidence is often sparse and long-tailed,
where rare entities, isolated events, or abrupt topic
shifts can cause activation failures in semantic re-
trieval or naive graph traversal. As a result, memory
systems may retrieve semantically similar but tem-
porally invalid or outdated evidence, while missing
the long-tail but crucial evidence needed to answer
the query correctly.

To address these challenges, we propose
TSHMem, a Temporal-Semantic Hierarchical
Memory Graph for long-term conversational
agents. TSHMem constructs a heterogeneous mem-
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User: ..., she said I should
read Project Hail Mary.
Also, please remind me to
book the meeting room.
Assistant: ...

User: We just finished the
project meeting.
Assistant: Sure, I’ll keep
that in mind, ...

User: Alice also mentioned
Atomic Habits after the
meeting. Maybe I should
buy it too.
Assistant: ...

Chat Time: 2023-04-12 Chat Time: 2023-04-18 Chat Time: 2023-05-10

Temporal Anchor: last meeting General entity: book

Time only as a tag
❌ not used in graph traversal

Sparse memory region
❌ hard to reach by traversal

❌ Not Linked

oc
cu

rr
en

ce

(a) Noisy Temporal-Entity Cues

(b) Disconnected Temporal Topology (c) Long-tail Activation Failure

Incorrect Answer: 
Alice recommended Atomic Habits to me before the last meeting.

User Query: 
Which book did Alice recommend to me before the last meeting?

Figure 1: A representative failure case of time-sensitive
conversational memory retrieval. The retrieval process
selects Atomic Habits, which is semantically related but
temporally invalid. This illustrates three bottlenecks:
(a) noisy and ambiguous dialogues obscure reliable tem-
poral and entity cues; (b) disconnected temporal traces
weaken time-sensitive graph traversal; and (c) generic
entities make sparse but crucial long-tail evidence hard
to reach.

ory graph over dialogue turns, self-contained state-
ments, hierarchical summaries, and entities. It per-
forms query-aware temporal parsing and entity ac-
tivation to resolve explicit time expressions and
implicit event-referenced constraints, and incor-
porates temporal relevance into graph transition
probabilities to guide structural propagation toward
temporally valid memory paths. TSHMem further
combines semantic matching, time-aware structural
propagation, and hierarchical ranking to retrieve
compact and relevant evidence from both directly
matched and structurally related memory regions.
Experiments on LongMemEval S* and LoCoMo
show consistent improvements over strong retrieval
and memory-agent baselines: TSHMem achieves
66.3% overall accuracy on LongMemEval S* and
68.4% on LoCoMo, with absolute accuracy gains
of 18.6% and 8.1% over the strongest baselines,
respectively.

Our contributions are summarized as follows: (1)
We propose a temporal-semantic hierarchical mem-
ory graph that unifies dialogue-level, statement-
level, and summary-level memory for long-term
conversational agents, reducing conversational
noise while preserving fine-grained grounding and

cross-session abstraction; (2) we introduce query-
aware temporal parsing and entity activation, to-
gether with temporal transition reweighting, en-
abling retrieval along temporally valid memory
paths; (3) we design a dual-track retrieval and hi-
erarchical ranking mechanism that combines se-
mantic relevance with time-aware structural prop-
agation, improving robustness in sparse and long-
tail memory regions; and (4) we design extensive
experiments on LongMemEval S* and LoCoMo,
demonstrating consistent performance with sub-
stantial gains in temporal reasoning, knowledge
updates, and evidence-efficient retrieval.

2 Related Work

2.1 Long-term Memory for LLM Agents

Long-term memory enables LLM-based agents to
maintain user preferences, plans, interaction his-
tories, and evolving states across sessions. Early
systems store observations, reflections, and plans
for long-horizon behavior (Park et al., 2023), while
MemGPT frames memory management as moving
information between limited context windows and
external storage (Packer et al., 2024). Recent work
further explores scalable storage, memory consoli-
dation, lifelong memory, and agentic memory evo-
lution (Chhikara et al., 2025; Liu et al., 2026b; Xu
et al., 2025; Fang et al., 2026). These methods
highlight the importance of persistent memory, but
often focus on storage, updating, or compression,
with limited integration of memory granularity,
temporal dynamics, and graph-based retrieval. In
contrast, TSHMem constructs a temporal-semantic
hierarchical memory graph for time-sensitive multi-
session conversational retrieval.

2.2 Hierarchical and Graph-structured
Retrieval

Retrieval-Augmented Generation retrieves exter-
nal evidence to support LLM generation (Lewis
et al., 2020; Gao et al., 2024). Standard conver-
sational retrieval typically stores previous turns or
sessions as chunks and retrieves them with lex-
ical or dense similarity, but flat chunks struggle
to capture cross-session dependencies, factual up-
dates, and multi-level abstraction; longer contexts
also do not guarantee effective evidence use (Liu
et al., 2024). Hierarchical methods such as RAP-
TOR and MemoRAG build multi-level representa-
tions (Sarthi et al., 2024; Qian et al., 2025), while
graph-based methods support global-local summa-

23748



rization, associative retrieval, and complex reason-
ing (Edge et al., 2025; Gutiérrez et al., 2024; Wang
et al., 2024). However, these methods are mainly
designed for documents or knowledge-intensive
retrieval, and reliable graph construction from
noisy open-ended conversations remains challeng-
ing (Li et al., 2025). TSHMem addresses this by
jointly modeling dialogue turns, statement-level
facts, summaries, and entities in a heterogeneous
conversational memory graph.

2.3 Temporal and Robust Conversational
Memory

Temporal reasoning is essential for conversational
memory because preferences, factual states, and
intentions may evolve over time. Prior work on
temporal knowledge graphs models evolving facts
and event sequences (Jin et al., 2020; Lin et al.,
2025), and recent memory systems such as Zep
and MemoTime explore temporal graph structures
for agent memory and LLM reasoning (Rasmussen
et al., 2025; Tan et al., 2026). MemoryBank ap-
plies an Ebbinghaus-inspired exponential decay to
model memory strength over elapsed storage time
(Zhong et al., 2024). Nevertheless, many conversa-
tional memory systems still treat time as metadata
or a final ranking feature, rather than incorporating
temporal relevance into query-conditioned graph
traversal. This limits their ability to retrieve evi-
dence under precedence, recency, and update con-
straints. TSHMem instead injects temporal rele-
vance into graph transitions and combines semantic
matching, structural propagation, and hierarchical
ranking to retrieve temporally valid and robust evi-
dence, including sparse long-tail memories.

3 Methodology

We propose TSHMem, a unified temporal-semantic
hierarchical memory framework designed to im-
prove long-term conversational memory under
noisy, time-sensitive, and long-tailed settings.
As shown in Figure 2, our method consists of
three main components: (1) we construct a het-
erogeneous memory graph over dialogues, self-
contained statements, hierarchical summaries, and
entities; (2) we perform query-aware temporal pars-
ing and entity activation to obtain temporal con-
straints and seed nodes; and (3) we apply dual-track
retrieval with time-aware structural propagation,
semantic matching, and hierarchical ranking to pro-
duce hybrid evidence for final response generation.

3.1 Unified Memory Construction
We construct a heterogeneous memory graph G =
(V, E) from long-term conversational histories,
where V contains dialogue nodes, statement nodes,
summary nodes, and entity nodes, and E con-
tains trace-back, semantic, hierarchical, and entity-
memory edges. This design preserves fine-grained
conversational evidence while enabling higher-
level abstraction and structure-aware retrieval.

Dialogue-to-statement extraction. Given a slid-
ing window of dialogue turns, we use an LLM to
extract self-contained statements from noisy con-
versational contexts. During extraction, corefer-
ence expressions are resolved, relative times are
normalized, and each statement si is annotated with
its temporal scope t(si), event context ev(si), and
mentioned entities E(si). Formally, the extraction
process is defined as:

{si, t(si), ev(si), E(si)}ni=1 = LLMextract(D),
(1)

where D denotes the input dialogue window.

Statement graph. Each extracted statement si
becomes a statement node in the base graph. We
add semantic edges based on the edge weight wij ,
defined as the cosine similarity between the embed-
dings ϕ(si) and ϕ(sj). To maintain a sparse and
efficient graph topology, an edge is created only
if wij ≥ θact, and each node connects only to its
top-W most similar neighbors.

Hierarchical summary graph. To support re-
trieval at higher abstraction levels, we build hier-
archical summary nodes over the statement graph.
We first identify overlapping statement communi-
ties using ego-network decomposition followed by
label propagation, allowing a statement to partici-
pate in multiple thematic clusters (Li et al., 2025).
For each community at hierarchy level l, an LLM
generates a summary node at the next level, l + 1.
Each summary node aggregates the semantic con-
tent, temporal scope, and entity states of its mem-
ber nodes. Parent-child edges are added between
a summary node and the statements or lower-level
summaries it abstracts. The process is applied re-
cursively until the number of communities con-
verges or a maximum hierarchy depth L is reached.

Entity nodes and dialogue trace-back. We also
create entity nodes from the extracted entity men-
tions. An entity node is connected to all state-
ment and summary nodes in which the entity is
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[2023-04-18]
User: We just
finished the
project meeting.
Assistant: Sure,
I’ll ...

[2023-04-12]
User: ..., she
said I should
read Project Hail
Mary.
Assistant: ...

Self-contained
Statement

Mentioned Entities

Temporal Scope

Event Context

Statement G0

Summary G1

Summary GL [2023-05-23] 
User: Which book did Alice recommend
to me before the last meeting?

[2023-05-10]
User: Alice also
mentioned
Atomic Habits.
Maybe I ...
Assistant: ...

Entity Pool E

Event Context ev

Cq

Candidate
Entities

ttarget

evq

Eact

Entity Activation

Temporal Relevance D(v)

ttarget

Statement G0

γ

Summary G1

λ

Summary GL

Assistant: Alice recommended Project
Hail Mary.

Statements

Summaries

Traced Dialogues

Hybrid-granularity
Evidence

Dialogue Turns

Bidirectional
Propagation

(A) Unified Memory Construction (B) Query-aware Temporal & Entity Activation (C) Dual-track Retrieval & Hierarchical Ranking

~

β

Semantic Track
cos(Φ(q), Φ(v))

1-β

Time-aware
Structural Track

IGF-PPR: P ∝wD(v)

Figure 2: Overview of the proposed temporal-semantic hierarchical memory graph framework.

mentioned or aggregated. These entity-memory
edges provide entry points for query-time activa-
tion and structural propagation. Each statement
node is linked to its source dialogue node through
trace-back edges, which are retained mainly for
grounding.

The final graph integrates all node and edge
types. This unified graph provides the structural
basis for the further time-sensitive retrieval process.

3.2 Query-aware Temporal and Entity
Activation

Given a user query q at timestamp tq, the system
needs to identify its temporal constraint and ac-
tivate the corresponding entities in the memory
graph. Since directly extracting entities from the
query may produce overly general mentions (e.g.,
“book”), we first construct a candidate entity set by
semantically matching the query against the global
entity pool E:

Cq = TopMe∈E sim
(︁
ϕ(q), ϕ(profile(e))

)︁
, (2)

where ϕ(·) denotes the embedding function, and
profile(e) includes the name and associated con-
texts of entity e. We then obtain the query-side
temporal metadata and selected entities as:

t̃target, evq, Eq = LLMquery_metadata(q, tq, Cq).
(3)

Here, t̃target contains the temporal relation rq and
any explicit temporal expression texpq if available.
evq denotes the query-side event description. Eq

denotes the entities selected from Cq. Since Eq

is constrained by the existing entity pool, the
activated entity set can be directly obtained as
Eact = Eq, providing reliable seed nodes for struc-
tural retrieval.

When an explicit temporal expression texpq is
available, it is directly normalized into the tar-
get temporal scope ttarget. For implicit event-
referenced constraints (e.g., “before the last
meeting”), we ground evq by similarity match-
ing against extracted event contexts {ev(si)}Ni=1,
where N is the total number of extracted statements.
If the top-1 event exceeds an upper threshold, it is
used as the temporal anchor; otherwise, we retain
up to five events above a lower threshold. The tar-
get scope ttarget is then resolved from the matched
anchor(s) according to the temporal relation rq.

To couple temporal relevance with graph ex-
ploration, we define a dynamic time relevance
score D(v) for each node v in the memory graph.
Given the resolved temporal target ttarget and a
node v with temporal scope t(v), we set ∆t =
0 if the two scopes overlap; otherwise, ∆t =
minx∈ttarget, y∈t(v) |x − y|. We convert this target-
conditioned distance into a temporal relevance
score D(v) = exp(−∆t/τ), using an exponential
decay form also adopted by MemoryBank (Zhong
et al., 2024), where τ is the decay hyperparame-
ter. When no reliable or valid temporal target is
identified, we set D(v) = 1 for all nodes to avoid
incorrect temporal penalization. The activated enti-
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ties Eact and time relevance scores D(v) are used
in the subsequent dual-track retrieval stage.

3.3 Dual-track Retrieval and Hierarchical
Ranking

Given the activated entity set Eact and the time
relevance D(v), we retrieve memories through a
dual-track mechanism that combines time-aware
structural propagation with semantic matching.

Structural retrieval. We use Personalized
PageRank (PPR) to propagate activation from Eact

over semantic and entity-memory edges within
each level-specific memory graph. Trace-back
edges do not participate in PPR and are retained
only for evidence grounding. To prevent overly
general entities from dominating the propagation
process, we scale the initial seed distribution with
Inverse Graph Frequency (IGF). Let n(e) denote
the number of memory nodes associated with entity
e, and let |Vm| be the number of memory nodes.
The IGF score is defined as:

IGF(e) = log
|Vm|

n(e) + 1
. (4)

The initial PPR seed distribution r is scaled by
IGF(e):

r(v) =

{︄
a(e)IGF(e)∑︁

e′∈Eact
a(e′)IGF(e′) , v = e, e ∈ Eact,

0, otherwise,
(5)

where a(e) denotes the activation score assigned
to the selected entity e during query-side entity
activation.

To inject temporal guidance into graph traversal,
we dynamically weight transition probabilities by
the time relevance:

P (u → v) =
wuvD(v)∑︁

k∈N(u)wukD(k)
, (6)

where wuv is the propagation edge weight and
N(u) is the neighbor set of u. PPR is computed as:

p(ℓ+1) = (1− α)r+ αP⊤p(ℓ), (7)

where α is the damping probability. After conver-
gence, we obtain the structural score Sstruct(v) =
p(v) and min-max normalize it across memory
nodes.

Semantic retrieval. In parallel, we compute the
semantic similarity (Ssem(v)) between the query
embedding ϕ(q) and the embedding of each mem-
ory node ϕ(v). The semantic scores are also min-
max normalized.

The local relevance score is then computed by
balancing structural and semantic evidence:

Slocal(v) =
(︁
βSstruct(v)

+ (1− β)Ssem(v)
)︁
·D(v).

(8)

where β controls the trade-off between time-aware
structural propagation and direct semantic match-
ing.

Hierarchical ranking. The local score captures
semantic relevance and intra-level structural con-
nectivity, but it does not transfer relevance across
hierarchical levels. We therefore apply bidirec-
tional context propagation over the hierarchy. A
node receives top-down relevance from its parent
summaries and bottom-up relevance from its chil-
dren:

Std(v) = max
u∈Parents(v)

Slocal(u), (9)

Sbu(v) =
1

|Children(v)|
∑︂

u∈Children(v)

Slocal(u).

(10)
When a node has no parent or child, the correspond-
ing propagation score is set to 0. The global score
is computed as:

Sglobal(v) = Slocal(v)+γStd(v)+λSbu(v), (11)

where γ and λ control the strength of top-down and
bottom-up propagation.

Since nodes at different hierarchy levels may
have different score distributions, we apply level-
wise normalization:

Ŝglobal(v) =
Sglobal(v)− µl

σl + ϵ
, (12)

where node v belongs to level l, µl and σl are the
mean and standard deviation of scores at that level,
and ϵ is a small constant for numerical stability. Fi-
nally, we rank all memory nodes by Ŝglobal(v) and
retrieve the top-K statements and summaries as
hybrid evidence. For retrieved statement nodes, we
further trace back their associated raw dialogue
turns to provide faithful grounding for final re-
sponse generation.
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4 Experiments

We evaluate TSHMem on long-term conversational
memory benchmarks through four questions: RQ1
whether TSHMem outperforms standard retrieval,
hierarchical or graph-based RAG, and memory-
agent baselines; RQ2 where the gains come from
across multi-session, temporal reasoning, knowl-
edge update, and other question types; RQ3 how
each major component contributes to performance;
and RQ4 whether it retrieves compact and useful
evidence under a fixed token budget, especially in
sparse or noisy memory regions. We organize the
experiments accordingly: overall and fine-grained
comparisons, component ablations, and evidence
efficiency analysis.

4.1 Experimental Setup
4.1.1 Datasets
We evaluate TSHMem on LongMemEval and Lo-
CoMo, two benchmarks for long-term conversa-
tional memory. For LongMemEval, we mainly use
LongMemEval S* for main comparison (Wu et al.,
2025; Hu et al., 2026). LoCoMo is used as an
additional benchmark to evaluate generalization
to long-form conversational QA (Maharana et al.,
2024). Detailed dataset statistics are provided in
Appendix A.

4.1.2 Baselines
We compare TSHMem with representative base-
lines from three categories.

Standard RAG. We include sparse and dense
retrieval methods that retrieve relevant dialogue
chunks before generation. Sparse retrieval is im-
plemented with BM25 (Robertson and Zaragoza,
2009). Dense retrieval includes commonly used
embedding-based retrievers, such as Contriever
(Izacard et al., 2022), Text-Embedding-3-Large,
and Qwen3-Embedding-4B (Zhang et al., 2025).

Hierarchical and Graph-based RAG. We com-
pare with retrieval systems that introduce hierar-
chical abstraction or graph structures, including
RAPTOR (Sarthi et al., 2024), GraphRAG (Edge
et al., 2025), and HippoRAG-v2 (Gutiérrez et al.,
2025).

Memory Agents. We further compare with
memory-augmented agent systems, including
Mem0 (Chhikara et al., 2025), Cognee (Markovic
et al., 2025), Graphiti/Zep (Rasmussen et al., 2025),
A-Mem (Xu et al., 2025), LightMem (Fang et al.,

2026), and SimpleMem (Liu et al., 2026b). Ap-
pendix E.1 additionally provides a controlled direct
comparison with MIRIX (Wang and Chen, 2025).

4.1.3 Evaluation Metrics

We evaluate both answer quality and retrieval qual-
ity. For answer-level evaluation, we report LLM-
as-Judge Accuracy (%) as the primary metric, us-
ing OAI-4o as the judge model, with the prompt
provided in Appendix C.5. We use Accuracy as
the primary metric because the answers may be
semantically correct despite low lexical overlap.
Token F1 is reported as a complementary lexical
metric. A robustness analysis across judge mod-
els is provided in Appendix E.5.2. For retrieval
quality, we conduct budgeted evidence evaluation
under a 4096-token limit, reporting Recall@4K,
Acc.@4K, and the average number of retrieved ev-
idence tokens. Detailed definitions of the metrics
are provided in Appendix D.

4.1.4 Implementation Details

Across all methods, we use OAI-4o-mini as the
backbone LLM with the same evaluation proto-
col. For TSHMem, the main hyperparameters are
θact = 0.6, W = 10, M = 30, τ = 24 × 3600,
α = 0.85, β = 0.1, γ = 0.1, and λ = 0.7.
More implementation details are provided in Ap-
pendix B.

4.2 Main Results

Overall Performance. The overall results are
shown in Table 1. On LongMemEval S*, TSHMem
achieves the best accuracy of 66.3% and the high-
est Token F1, outperforming the strongest base-
line, LightMem, with an absolute accuracy gain of
18.6%. The results indicate that hybrid-granularity
memory and temporal-semantic graph retrieval pro-
vide stronger long-term memory capability than flat
retrieval, structured retrieval, and existing memory-
agent systems. On LoCoMo, TSHMem achieves
68.4% accuracy, outperforming the strongest eval-
uated accuracy baseline, Contriever, with an abso-
lute accuracy gain of 8.1%, although SimpleMem
obtains higher Token F1. Representative cases in
Appendix E.5.3 show that lexical overlap can under-
estimate semantically correct answers expressed in
different surface forms. These results indicate that
TSHMem improves semantic answer correctness
across long-term conversational memory bench-
marks.
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Type Method LongMemEval S* LoCoMo
Accuracy ↑ F1 ↑ Accuracy ↑ F1 ↑

Standard RAG

BM25 45.7 24.0 59.9 39.2
Contriever 21.0 14.1 60.3 39.0
Text-Embedding-3-Large 34.7 21.2 58.9 38.2
Qwen3-Embedding-4B 43.0 24.1 59.0 38.5

Hierarchical/
Graph RAG

RAPTOR 33.0 26.4 31.3 27.7
GraphRAG 34.3 24.7 24.1 21.3
HippoRAG-v2 45.0 38.9 47.7 40.7

Memory Agents

Mem0 13.3 15.0 16.5 15.0
Cognee 21.3 5.9 33.1 14.4
Graphiti 16.7 16.8 23.6 12.8
A-Mem 24.0 19.3 52.5 35.3
LightMem 47.7 39.8 16.6 15.7
SimpleMem 32.0 28.0 53.8 43.0

Ours TSHMem 66.3 47.0 68.4 33.8

Table 1: Overall performance across all categories of LongMemEval S* and LoCoMo.

Fine-grained Performance. Table 2 shows that
TSHMem performs best on the memory-intensive
LongMemEval S* categories, including Multi-
Session (MS), Temporal Reasoning (TR), and
Knowledge Update (KU), reaching 46.7%, 69.3%,
and 88.9%, respectively. The largest gain ap-
pears on TR, supporting the benefit of time-aware
retrieval over evolving conversational histories.
Table 3 shows similar trends on the four non-
adversarial LoCoMo QA categories: TSHMem per-
forms best on MultiHop and Temporal questions,
while underperforming A-Mem on OpenDomain
questions. These results suggest that TSHMem
is particularly effective for memory-intensive and
time-sensitive reasoning, with smaller gains on
open-domain questions. Appendix E.2.2 examines
the OpenDomain results in relation to evidence cov-
erage and conservative answer generation, while
Appendix E.2.3 separately analyzes the sensitivity
of Adversarial results to distractor exposure.

4.3 Ablation Study

Effect of Hybrid-granularity Memory. Table 4
evaluates the contribution of different memory
granularities in the retrieved evidence. Removing
summaries causes the largest drop, reducing Over-
all accuracy from 66.3% to 57.7% and TR from
69.3% to 49.3%, suggesting that summary-level
evidence helps aggregate scattered cross-session in-
formation. Removing statements or dialogues also
degrades performance, showing that fine-grained
factual evidence and source-grounded dialogue
context are complementary. Overall, these results
confirm that combining multiple memory granular-

Method SU SA SP MS TR KU

Standard RAG
BM25 91.1 86.7 20.0 24.0 24.0 62.2
Qwen3-Embedding-4B 77.8 83.3 20.0 26.7 20.0 62.2

Hierarchical/Graph RAG
HippoRAG-v2 77.8 73.3 26.7 22.7 30.7 66.7

Memory Agents
A-Mem 35.6 40.0 16.7 12.0 22.7 28.9
LightMem 82.2 16.7 20.0 42.7 37.3 77.8
SimpleMem 68.9 43.3 10.0 16.0 18.7 43.3

Ours
TSHMem 91.1 83.3 20.0 46.7 69.3 88.9

Table 2: Fine-grained Accuracy (↑) on LongMemEval
S*. SU, SA, SP, MS, TR, and KU denote Single-Session
User, Single-Session Assistant, Single-Session Prefer-
ence, Multi-Session, Temporal Reasoning, and Knowl-
edge Update, respectively.

ities is crucial for balancing abstract cross-session
reasoning with fine-grained factual grounding.

Effect of Temporal Retrieval Components. Ta-
ble 5 shows that both temporal components con-
tribute to the effectiveness of TSHMem. Removing
the time-aware edge weight reduces the overall ac-
curacy from 66.3% to 63.7%, with clear drops on
both TR and KU questions. This absolute gain of
2.6% confirms the effectiveness of transition-level
temporal guidance in steering graph propagation to-
ward temporally relevant memory paths. Removing
time decay in local relevance score further reduces
accuracy to 63.3%, and leads to a more substantial
drop on KU questions, from 88.9% to 80.0%. This
suggests that time decay is particularly useful for
distinguishing updated memories from outdated
evidence. Overall, these results confirm that our
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Method SH MH Temp. OD

Standard RAG
BM25 79.8 40.4 41.7 46.9
Qwen3-Embedding-4B 80.3 37.9 39.3 50.0

Hierarchical/Graph RAG
HippoRAG-v2 66.0 34.4 31.5 41.7

Memory Agents
A-Mem 70.6 35.5 29.0 51.0
LightMem 18.2 13.8 10.3 32.3
SimpleMem 70.3 36.9 55.1 43.8

Ours
TSHMem 71.3 41.8 66.7 34.4

Table 3: Fine-grained Accuracy (↑) on the four non-
adversarial LoCoMo QA categories. SH, MH, Temp.,
and OD denote SingleHop, MultiHop, Temporal, and
OpenDomain, respectively.

Variant Overall MS TR ∆

TSHMem 66.3 46.7 69.3 –
w/o statements 59.7 36.0 57.3 -6.6
w/o summaries 57.7 37.3 49.3 -8.6
w/o dialogues 59.3 41.3 64.0 -7.0

Table 4: Ablation on noise-aware hybrid memory. All
values are Accuracy (↑) on LongMemEval S*.

temporal retrieval components are important for
time-sensitive memory retrieval.

Effect of Long-tail-aware Structural Propaga-
tion. Table 6 shows that removing IGF or level
normalization reduces Overall accuracy to 63.3%
and 58.0%, respectively. The large drop without
level normalization suggests that score calibration
across hierarchy levels is important, while the IGF
ablation shows that down-weighting overly fre-
quent entities improves robust activation in long-
tail memory regions.

4.4 Evidence Efficiency Analysis
Beyond final answer accuracy, we evaluate evi-
dence utility under a fixed 4096-token context bud-
get. For each method, we truncate retrieved evi-
dence to 4096 tokens, map it to turn-level evidence,
and compute Recall@4K against gold supporting
turns. We also generate answers using only the bud-
geted evidence to compute Acc.@4K. All retrieval
metrics are macro-averaged over queries.

Budgeted Evidence Efficiency. As shown in Ta-
ble 7, chunk-based baselines nearly exhaust the
4096-token budget but cover only about 32% of
the gold supporting turns. In contrast, TSHMem
achieves 64.7% Recall@4K with only 1,084 tokens
on average, and achieves an Acc.@4K of 66.3%.

Variant Overall TR KU ∆

TSHMem 66.3 69.3 88.9 –
w/o time-aware weight 63.7 66.7 84.4 -2.6
w/o time decay 63.3 66.7 80.0 -3.0

Table 5: Ablation on temporal retrieval components. All
values are Accuracy (↑) on LongMemEval S*.

Variant Overall MS KU ∆

TSHMem 66.3 46.7 88.9 –
w/o IGF 63.3 44.0 82.2 -3.0
w/o level norm. 58.0 42.7 75.6 -8.3

Table 6: Ablation on long-tail-aware structural propaga-
tion. All values are Accuracy (↑) on LongMemEval S*.

This suggests that TSHMem improves evidence
utility not by retrieving more context, but by select-
ing relevant memories more effectively.

Retrieval under Evidence Sparsity. Table 8
evaluates Recall@4K across different sparsity lev-
els of golden evidence, following the grouping
protocol in Appendix D.2. TSHMem achieves
the highest recall across all groups, with gains in
Sparse regions showing better recovery of weakly
connected long-tail evidence and larger gains in
Medium and Dense regions showing stronger use
of richer graph connectivity. The lower absolute
recall in Sparse regions indicates that retrieving
weakly connected evidence remains challenging.

5 Conclusion

We propose TSHMem, a Temporal-Semantic Hi-
erarchical Memory Graph for long-term conversa-
tional agents. TSHMem organizes dialogue turns,
self-contained statements, hierarchical summaries,
and entities into a heterogeneous memory graph,
reducing contextual noise while preserving multi-
granularity evidence. It incorporates query-specific
temporal constraints into retrieval by temporal pars-
ing, entity activation, and time-aware graph transi-
tions. It further combines structural propagation,
semantic matching, and hierarchical ranking to re-
trieve compact and temporally valid evidence. Ex-
periments on LongMemEval S* and LoCoMo show
consistent improvements over strong retrieval and
memory-agent baselines, especially on temporal
reasoning, knowledge updates, and multi-session
memory questions. Ablation and evidence effi-
ciency analyses confirm the effectiveness of the
main components and show that TSHMem im-
proves evidence recall while using fewer evidence
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Method Recall@4K ↑ Acc.@4K ↑ Tokens ↓
BM25 32.6 30.7 4079
HippoRAG-v2 32.0 31.3 4091
A-Mem 7.0 17.7 4093
TSHMem 64.7 66.3 1084

Table 7: Budgeted evidence utility under a 4096-token
evidence budget. Recall@4K measures gold supporting-
turn coverage within the budget, and Acc.@4K mea-
sures answer accuracy using only the budgeted evi-
dence.

Method Sparse Medium Dense

BM25 9.7 43.8 34.5
HippoRAG-v2 16.2 41.2 33.1
A-Mem 0.6 10.7 7.5
TSHMem 27.6 58.6 68.5

Table 8: Recall@4K (↑) under different evidence-entity
density levels. Sparse, Medium, and Dense groups
are defined according to the average graph degree of
evidence-related entities.

tokens. Future work will explore stronger pref-
erence modeling and more efficient retrieval for
long-term conversational memory.

Limitations

Despite its effectiveness, TSHMem has several lim-
itations.

Preference modeling. TSHMem is better suited
to temporal event sequences and explicit factual
updates than to implicit preference evolution. It
represents user-related information through state-
ments, summaries, and entity-linked memories, but
it does not explicitly model preference formation,
persistence, or change. This limits its ability to
distinguish stable preferences from transient inter-
ests or context-specific choices. Since preferences
are often implicit, sparse, and distributed across
sessions, future work may incorporate preference-
aware memory states or update mechanisms to bet-
ter capture how user preferences evolve over time.
This limitation also affects stale-memory handling:
when user preferences or personal facts change im-
plicitly, TSHMem may not fully distinguish stable
memories, even though temporal relevance reduces
temporally mismatched retrieval.

Weakly connected long-tail evidence. Although
TSHMem improves retrieval in sparse memory re-
gions, weakly connected evidence remains difficult
to recover when relevant entities appear rarely or

are only indirectly linked to the query. In such
cases, entity activation and structural propagation
may still fail to reach the necessary evidence. Fu-
ture work may explore stronger long-tail activation,
query expansion, or adaptive graph augmentation
to improve retrieval for weakly connected memo-
ries.

Retrieval efficiency and scalability. The struc-
tural retrieval module relies on Personalized PageR-
ank over the memory graph. While this enables
activation to reach structurally related evidence be-
yond direct semantic matches, iterative propagation
may become increasingly expensive as conversa-
tional histories grow. Future work may improve
scalability from two directions: using approximate
graph propagation, and maintaining a compact ac-
tive memory graph through archival strategies.

Backbone model dependence. TSHMem relies
on an LLM backbone for statement extraction and
query-time temporal and entity parsing, so model
errors can propagate to graph construction and re-
trieval. This dependence may affect robustness
and deployment cost, particularly when implicit
temporal constraints are difficult to resolve. Fu-
ture work may combine smaller backbone models
with rule-based temporal normalization or hybrid
parsing strategies for more robust and lightweight
deployment.

Ethical Considerations

Our experiments use only publicly released, syn-
thetic research benchmarks and do not involve pri-
vate user conversations. Nevertheless, long-term
conversational memory systems may retain sensi-
tive personal information, outdated facts, implicit
preferences, and temporally structured interaction
histories. If such memories are surfaced in real
applications, they could lead to incorrect personal-
ization, inappropriate use of past user information,
or exposure of sensitive memories. Real-world de-
ployment should therefore obtain informed user
consent, minimize data collection, enforce appro-
priate access controls and retention policies, and
provide users with mechanisms to inspect, delete,
and correct stored memories. Systems should also
make clear distinctions between temporary con-
versational context and information that users ex-
plicitly choose to retain persistently, and should
support appropriate auditing of how stored mem-
ories are accessed and used. Such safeguards are
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important for responsible deployment and cannot
be addressed solely through improvements in mem-
ory retrieval accuracy.
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A Dataset Details

Table 9 summarizes the dataset statistics after our
preprocessing. We evaluate TSHMem on two
main benchmarks, LongMemEval S* and LoCoMo.
LongMemEval Oracle is used only for supplemen-
tary analysis in the appendix.

All datasets used in this work are publicly re-
leased research benchmarks for long-term conver-
sational memory and question answering. The
third-party datasets retain their original licenses
and terms of use: LoCoMo is released under CC
BY-NC 4.0, while LongMemEval settings are re-
leased under the MIT license. We use these datasets
only for academic evaluation, consistent with their
research-oriented benchmark purposes. The bench-
mark conversations are synthetic rather than col-
lected from real users (Maharana et al., 2024; Wu
et al., 2025). We manually inspected the data to
check for obvious personally identifying informa-
tion and offensive content.

LongMemEval S*. LongMemEval S* is a
LongMemEval-derived setting introduced by Mem-
oryAgentBench (Hu et al., 2026). It chronologi-
cally arranges and concatenates multiple historical
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Dataset #Convs #Queries Avg. Turns Avg. Tokens

LME S* 5 300 1,288.0 343,603.0
LME Oracle 500 500 21.9 5,804.7
LoCoMo 10 1,986 588.2 15,970.5

Table 9: Dataset statistics after our preprocessing. LME
denotes LongMemEval. LongMemEval S* and Lo-
CoMo are used for the main evaluation, while Long-
MemEval Oracle is used only for supplementary diag-
nostic analysis in the appendix. For LoCoMo, we use
the publicly released locomo10.json subset.

conversation segments from LongMemEval (Wu
et al., 2025) into five long conversation histories.
This construction increases the number of questions
evaluated per memory construction and reduces
the need to rebuild memory for each query. After
our preprocessing, LongMemEval S* contains 5
long conversation histories and 300 QA pairs, with
an average of 1,288.0 turns and 343,603.0 tokens
per sample. We use it as the primary benchmark
for evaluating long-term conversational memory
because it combines long histories, multi-session
evidence, and time-sensitive question types. Fol-
lowing the benchmark setting, we report results on
six categories: Single-Session User (SU), Single-
Session Assistant (SA), Single-Session Preference
(SP), Multi-Session (MS), Temporal Reasoning
(TR), and Knowledge Update (KU).

LongMemEval Oracle. LongMemEval Oracle
comes from the original LongMemEval bench-
mark (Wu et al., 2025). It contains 500 samples
and 500 QA pairs, with an average of 21.9 turns
and 5,804.7 tokens per sample. Since this oracle
setting does not require retrieval from long full-
history contexts, it is not directly comparable to
the main LongMemEval S* setting. Therefore, we
use LongMemEval Oracle only for supplementary
analysis in Appendix E, rather than as part of the
main comparison.

LoCoMo. LoCoMo is a very long-term conver-
sational memory benchmark proposed to evaluate
models over extended multi-turn interactions (Ma-
harana et al., 2024). In our experiments, we fo-
cus on the QA task and use the publicly released
locomo10.json as the benchmark data. After our
preprocessing, this subset contains 10 conversation
samples and 1,986 QA pairs, with an average of
588.2 turns and 15,970.5 tokens per sample. We
evaluate five QA categories: SingleHop, MultiHop,
Temporal, OpenDomain, and Adversarial. Com-

pared with LongMemEval S*, LoCoMo provides
a complementary testbed with more natural long-
form conversations and different question distribu-
tions, allowing us to examine whether TSHMem
generalizes beyond the LongMemEval setting.

B Implementation Details

This section describes the implementation choices
used to reproduce the experiments. We first spec-
ify the common generation and baseline settings
used for fair comparison, then describe the imple-
mentation of TSHMem , including model calls,
graph construction, package implementations, and
retrieval hyperparameters. Table 10 summarizes
the main hyperparameters of TSHMem , and Algo-
rithms 1 and 2 summarize the two implementation
components for unified memory graph construction
and query preprocessing.

For fair comparison, all methods use OAI-4o-
mini as the LLM backbone, with temperature 0.0
and a maximum output length of 512 tokens. Here,
OAI-4o-mini, OAI-4o, and GDM-3.1-Pro-Preview
denote the API model identifiers used in our exper-
iments. For baseline methods, we use the default
configurations from their released implementations
unless otherwise specified.

For TSHMem , we use API-based models for
generation and embedding, namely OAI-4o-mini
and Text-Embedding-3-Large; their exact param-
eter counts are not publicly disclosed. We do not
train or fine-tune any neural model, and all experi-
ments are inference-only. The code is executed on
a server with 16 vCPUs of Intel(R) Xeon(R) Plat-
inum 8352V CPU @ 2.10GHz, while LLM and
embedding calls are served through external APIs.

The memory graph in TSHMem is implemented
with NetworkX, where nodes represent dialogue
turns, statements, summaries, and entities, and
edges represent trace-back, semantic, hierarchical,
and entity-memory relations. Personalized PageR-
ank is computed using the NetworkX implemen-
tation with damping probability α = 0.85. The
remaining retrieval and generation steps directly
follow the scoring functions described in Section 3.

B.1 Construction and Indexing Cost

Let J denote the number of dialogue windows, and
let N =

∑︁J
j=1 nj be the total number of extracted

statements. Let d denote the embedding dimension
and W the maximum number of semantic neigh-
bors retained per statement. For each constructed
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Hyperparameter Value

Dialogue window size 2
Semantic edge threshold θact 0.6
Top semantic neighbors W 10
Candidate entities M 30
Temporal decay τ 24× 3600
Event upper threshold θupper 0.85
Event lower threshold θlower 0.6
PPR damping probability α 0.85
Structural-semantic weight β 0.1
Top-down hierarchy weight γ 0.1
Bottom-up hierarchy weight λ 0.7
Maximum hierarchy depth L 10
Retrieved evidence K 10
Temperature 0.0
Maximum output tokens 512

Table 10: Main implementation hyperparameters of
TSHMem .

Algorithm 1 Unified Memory Graph Construction
Require: Conversation historyH
Ensure: Memory graph G = (V, E)
1: G = (V, E)← (∅, ∅)
2: {Dj}Jj=1 ← WINDOW(H, 2)
3: for j = 1, . . . , J do
4: {si, t(si), ev(si), E(si)}nj

i=1 ← LLMextract(Dj)

5: V ← V ∪ {si}nj

i=1

6: ADDTRACEBACKEDGES({si}nj

i=1,Dj)
7: end for
8: ADDSEMANTICEDGES(G, {si}, ϕ, θact,W )
9: ADDENTITYNODES(G, {E(si)})

10: BUILDHIERARCHICALSUMMARIES(G, L)
11: return G

summary level l ∈ {1, . . . , L}, where hierarchy
construction may stop early, let Cl denote the num-
ber of summary nodes and El the number of graph
edges processed when constructing and indexing
that level, including its parent-child edges. Un-
der the implementation used in our experiments,
statement-level semantic links are built with ap-
proximate nearest-neighbor top-W retrieval. The
CPU-side indexing complexity is:

O

(︄
NWd+

L∑︂

l=1

(Cl + El)

)︄
, (13)

where the first term covers statement-level seman-
tic linking and the second covers hierarchical graph
construction and indexing. The LLM-call complex-
ity of statement extraction, parsing, and summary
generation is:

O

(︄
J +N +

L∑︂

l=1

Cl

)︄
. (14)

Construction cost therefore grows primarily with
the number of extracted statements and summary

Algorithm 2 Query-aware Temporal and Entity
Activation
Require: Query q, query timestamp tq , entity pool E, mem-

ory graph G = (V, E)
Ensure: Activated entities Eact, time relevance {D(v)}v∈V
1: Cq ← TOPMe∈E sim

(︁
ϕ(q), ϕ(profile(e))

)︁

2: (t̃target, evq, Eq)← LLMquery_metadata(q, tq, Cq)
3: Eact ← Eq

4: if t̃target contains explicit time expression texpq then
5: ttarget ← NORMALIZETIME(texpq )

6: else if evq can be matched to {ev(si)}Ni=1 then
7: ttarget ← RESOLVEEVENTTIME(evq, rq,G)
8: else
9: ttarget ← ∅

10: end if
11: for v ∈ V do
12: if ttarget = ∅ or t(v) is unavailable then
13: D(v)← 1
14: else
15: D(v)← exp (−∆t(v, ttarget)/τ)
16: end if
17: end for
18: return Eact, {D(v)}v∈V

Method Time (s) ↓
GraphRAG 1354.8
TSHMem 1715.3
HippoRAG-v2 1918.0

Table 11: Average construction/indexing time on Long-
MemEval S*. Lower is better.

nodes.
Table 11 shows that TSHMem costs more to in-

dex than GraphRAG but less than HippoRAG-v2.
This is an offline cost incurred once per conver-
sation history and can be amortized over subse-
quent queries. Controlling the number of summary
nodes, using approximate graph construction, and
archiving inactive memories are promising ways to
reduce this cost.

C Prompt Templates

C.1 Statement Extraction Prompt
We implement statement extraction in two steps.
First, the LLM rewrites a dialogue window into
independent and unambiguous factual statements.
Second, each statement is parsed into a structured
memory entry with temporal, event, and entity
metadata.

Statement Extraction Prompt

Your task is to rewrite the following dialogue into a list
of independent, unambiguous factual statements.

{context}

[Rules]
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1. Replace ALL pronouns (he, she, it, they, this, that)
with the actual names or specific nouns.

2. Resolve ALL relative times (yesterday, today, tomorrow,
later) into absolute times (YYYY-MM-DDTHH:MM:SS)
based on the dialogue timestamps.

3. Write one complete sentence per atomic fact.

[Current Window Dialogues]
{dialogue_text}

[Output Format]
Return a JSON array of unambiguous statements:
[

"Unambiguous statement 1.",
"Unambiguous statement 2.",
...

]

Now process the above dialogues. Return ONLY the JSON array
, no other explanations.

Metadata Extraction Prompt

Based on the following unambiguous statement, extract the
information into a structured memory format.

[Current Time]
{current_time}

[Unambiguous Statement]
{unambiguous_statement}

[Extraction Rules]
1. Map the statement to an entry.
2. Extract 'topic', 'time_info', 'event_info', and '

contextual_keywords' carefully.
3. CRITICAL: Time information goes ONLY in 'time_info' or '

event_time_info'. Never put times/dates in '
contextual_keywords'.

{format_instructions}

C.2 Summary Generation Prompt
This prompt is used to generate hierarchical sum-
mary nodes over statement or summary communi-
ties. Given a cluster of related memory entries, the
LLM produces a higher-level summary together
with structured metadata. The prompt also includes
an external in-context example following the same
output schema.

Summary Generation Prompt

You are an expert summarization agent. Given a cluster of
related memory entries (each entry is either a
statement-level memory entry or a higher-level
summary entry), produce one concise summary plus
structured metadata.

[Input]
- Below is the list of entries to summarize. Each entry is

a short passage of factual text. The list may mix
statements and summaries.

[Entries]
{input_texts}

[Requirements]
1. **Higher-Level Synthesis**: Do not merely concatenate

the inputs. Abstract and synthesize the underlying
narrative, pattern, or overarching event. The `
abstracted_summary` must be a self-contained,
completely understandable paragraph that captures the
core essence of the cluster while preserving

critical factual details and causal links.

2. **Force Disambiguation**: Absolutely PROHIBIT using
pronouns (he, she, they, this, it) or relative time (
yesterday, later, beforehand). Resolve all references
to explicit entity names and absolute timestamps.

3. **Topic Generalization**: Provide a concise `topic`
phrase that encapsulates the entire cluster's broader
theme.

4. **Temporal Context Aggregation (CRITICAL)**: Determine
the overarching time context for this cluster using
the `time_info` object. You MUST strictly adhere to
the following conditional logic. NEVER output a "
relation" without its corresponding time value(s).

- **Condition A (Specific Point in Time)**: If the event
is anchored to a specific, determinable absolute

time.
- Set `"relation"` to `"now"`, `"before"`, or `"after
"`.
- **Required Field**: You MUST output the `"time"`
field (ISO 8601).
- *Guidance*: Prioritize `"now"` if the event happens
exactly ON a known date/time. Only use `"before"` or
`"after"` if the text implies a sequence relative to
an absolute time anchor without providing the exact

event time.
- **Condition B (Duration/Span)**: If the event spans a

continuous, bounded period.
- Set `"relation"` to `"span"`.
- **Required Fields**: You MUST output both `"
start_time"` and `"end_time"` fields (ISO 8601). DO
NOT output the `"time"` field.

- **Condition C (Timeless or Unresolvable)**: If there
is absolutely no temporal information, if it is a
timeless fact, OR if you cannot resolve a valid ISO
8601 timestamp from the context.

- Set `time_info` entirely to `null`. (Do not output
an empty object `{{}}`).

5. **Contextual Keyword Synthesis**: Extract, merge, and
deduplicate the most important keywords (personas,
entities, locations, concepts) across the cluster.
Provide a `contextual_description` that reflects
their overarching role or state in this *newly
abstracted* narrative, rather than their isolated
role in the lower-level entries.

- **CRITICAL**: DO NOT extract dates, times, or
timestamps as keywords.

[Output Format]
Return a single JSON object only:
{

"abstracted_summary": "A coherent, high-level synthesis
of the clustered entries...",

"topic": "Concise overarching topic phrase",
"time_info": {
"relation": "now|before|after|span",
"time": "YYYY-MM-DDTHH:MM:SS", /* Include only if
relation is not span */

"start_time": "YYYY-MM-DDTHH:MM:SS", /* Include only if
relation is span */

"end_time": "YYYY-MM-DDTHH:MM:SS" /* Include only if
relation is span */

} /* or null */,
"contextual_keywords": [
{

"keyword": "keyword name",
"category": "persona|entity|location|concept",
"contextual_description": "Updated description of
this keyword's role in the abstracted narrative"

}
]

}

[Example]
{Examples}

Now summarize the provided clustered entries. Return ONLY
the JSON object, nothing else.

C.3 Query Metadata Parsing Prompt

We implement query metadata parsing in two paral-
lel steps. The LLM extracts the query-side tempo-
ral intent, time relation, event anchor, and normal-
ized target time. Simultaneously, the LLM extracts

23760



the query topic and contextual keywords by consid-
ering both the user query and candidate keywords
retrieved from the entity pool.

Temporal and Event Information Extraction Prompt

# Role
You are an expert Temporal and Event Information Extraction

Agent for a memory retrieval system. Your specific
task is to analyze the user's query and extract its
temporal intent, event anchors, and standardized time
constraints.

# Context
Current System Time: {current_time}
(You MUST use this reference time to properly resolve any

relative time expressions like "yesterday", "last
year", "3 days ago").

# Category Definitions

1. [Intent Categories] (`temporal_intent`)
- EXPLICIT_TIME: The query targets a specific date, time,

or relative time expression (e.g., "in May 2023", "
yesterday", "since last month").

- RELATIVE_EVENT: The query asks what happened BEFORE or
AFTER a specific event (e.g., "What did she do before
the charity race?").

- NONE: A purely factual query with no temporal aspect or
event sequence.

2. [Time Relation] (`time_relation`)
- BEFORE: Information prior to the time/event.
- AFTER: Information subsequent to the time/event.
- AT: Information at the exact time/event.
- NONE: No specific relation.

3. [Event Anchor] (`event_anchor`)
- If the intent is RELATIVE_EVENT, extract the core event

being used as an anchor in the format "[Subject] [
Action] [Object/Target]" (e.g., "Melanie run charity
race", "Caroline go to support group").

- Otherwise, return null.

# Time Parsing Rules (CRITICAL)
- If `temporal_intent` is EXPLICIT_TIME, you MUST convert

relative time expressions into absolute dates based
on the Current System Time.

- Standardize the `target_time` to an ISO 8601 date format
(YYYY-MM-DDTHH:MM:SS).

- Fallback rules: If only the year is mentioned (e.g., "
after 2021"), default to "YYYY-01-01T00:00:00". If
only year and month are mentioned, default to "YYYY-
MM-01T00:00:00".

# Output Format
You must output ONLY a valid JSON object. Do not include

any markdown formatting, explanations, or
conversational text. Use the following schema:

{
"temporal_intent": "EXPLICIT_TIME" | "RELATIVE_EVENT" | "

NONE",
"time_relation": "BEFORE" | "AFTER" | "AT" | "NONE",
"event_anchor": "Subject Action Object" | null,
"target_time": "YYYY-MM-DDTHH:MM:SS" | null

}

# Examples
{Examples}

# Task
User Query: {query}
Output:

Topic and Keyword Extraction Prompt

Your task is to extract structured topic and semantic
metadata from the following user query, using the
provided candidate keywords.

[User Query]

{query_text}

[Candidate Keywords]
{candidate_keywords}

[Requirements]
1. Topic Specification: Provide a concise `topic` phrase

that summarizes the core subject or intent of the
user query.

2. Force Disambiguation: Absolutely PROHIBIT using pronouns
(he, she, it, they, this, that) in your extracted

outputs. Infer the actual entity based on the context.

3. Comprehensive Keyword Extraction (Query + Candidates):
- Extract explicit key entities (personas, locations,

objects, concepts) from the User Query.
- CRITICAL CANDIDATE EXPANSION: You MUST actively scan

the [Candidate Keywords]. If the user query is
looking for a specific type of target (e.g., asking "
Which book...", "What movie...", "Who..."), you MUST
extract ALL specific instances of that target (e.g.,
all specific book titles) found in the candidate list
to expand the search evidence.

- Provide a `contextual_description` explaining each
keyword's specific role in the query or why it is a
relevant candidate evidence.

4. Temporal Exclusion: DO NOT extract dates, times, days of
the week, or temporal concepts as keywords. Ignore

time context completely.

[Output Format]
Return ONLY a strictly valid JSON object. No other

explanations.

{
"topic": "Concise topic phrase summarizing the query

intent",
"contextual_keywords": [
{

"keyword": "keyword name",
"category": "persona|entity|location|concept",
"contextual_description": "Brief description of this
keyword's specific role or state in this query"

}
]

}

[Example]
{Examples}

Now process the above query. Return ONLY the JSON object,
no other explanations.

C.4 Answer Generation Prompt

This prompt is used to generate the final answer to
a user query given the interaction time.

Answer Generation Prompt

You are an expert analytical assistant. Please answer the
user's query by analyzing the provided evidences.

[Current System Time]
{current_time}

### Provided Evidences:
{evidences}

### Task Rules (CRITICAL):
1. **Chronological Priority (Knowledge Update)**: Pay

strict attention to the timestamps attached to the
evidences. If you encounter conflicting information
regarding states, counts, preferences, or habits, the
evidence with the most recent timestamp represents

the current and correct truth. You MUST rely on the
latest information and override older data.

2. **Temporal Reasoning**: Use the [Current System Time]
provided above as your anchor to resolve any relative
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time references in the User Query (e.g., "last
Saturday", "two months ago", "recently").

3. **Anti-Hedging & Premise Acceptance**: Treat the
premises in the user's query as absolute facts. Do
not hedge, condition your answers (e.g., avoid saying
"If Max is your dog..."), or provide unsolicited

advice/lectures. Employ semantic flexibility when
matching query terms to evidence (e.g., understanding
"jewelry" might refer to an inherited "crystal

chandelier" or similar heirloom).
4. **Strict Grounding & Anti-Hallucination**: Construct

your response using ONLY the provided evidences. You
are strictly forbidden from performing calculations
with assumed, external, or fabricated numbers.

5. **Missing Information**: If a variable or fact required
to fully answer the question is missing from the
evidences, you must explicitly state: "Information is
missing." Do not attempt to guess or estimate.

6. **Tone and Format**: Keep the tone professional, clear,
and direct. At the very end of your response, provide
a concise answer directly addressing the User Query

wrapped in <answer> and </answer> tags.

### User Query:
{query}

### Final Answer:

C.5 LLM-as-Judge Prompt

This prompt is used to compute LLM-as-Judge
accuracy.

LLM-as-Judge Prompt

After reading some text, John was given the following
question about the text:

{question}

John's answer to the question was:
{prediction}

The ground truth answer was:
{answer}

Does John's answer agree with the ground truth answer? (
Please only answer YES or NO)

D Evaluation Protocol

We evaluate TSHMem from two perspectives: an-
swer correctness and budgeted evidence utility. All
methods use the same backbone model, decoding
setting, and judge prompt for fair comparison. Un-
less otherwise specified, all reported results are
obtained from a single run with fixed hyperparam-
eters, and we report macro-averaged metrics over
evaluation queries.

D.1 Answer Evaluation

For answer-level evaluation, we report LLM-as-
Judge Accuracy as the primary metric and Token
F1 as a complementary lexical metric. For each
query, the judge model is given the query q, the ref-
erence answer a, and the predicted answer â, and
outputs a binary correctness label. A prediction
is considered correct if it is semantically consis-
tent with the reference answer and directly answers

the query. The judge prompt is provided in Ap-
pendix C.5.

Token F1 is computed between the normalized
prediction and reference answer. We lowercase
the text, remove common punctuation marks, split
it into whitespace-separated tokens, and measure
token-level overlap between the prediction and ref-
erence. We use it only as a complementary metric,
since lexical overlap may underestimate semanti-
cally correct answers in long-term conversational
QA.

D.2 Budgeted Evidence Evaluation

To fairly compare retrieval quality across methods,
we conduct a budgeted evidence evaluation with a
4096-token evidence limit. Since different methods
retrieve evidence at different granularities and the
benchmarks provide gold supporting evidence at
the turn level, we first map all retrieved evidence to
turn-level support. For TSHMem, retrieved mem-
ory entries are mapped to their source dialogue
turns through trace-back edges. For chunk-based
baselines, each retrieved chunk is expanded to the
dialogue turns it contains.

For each method, retrieved evidence is ranked
by its retrieval score. We keep evidence items in
ranked order until the total evidence length reaches
the 4096-token budget or no retrieved item remains.
We report Recall@4K, Acc.@4K, and the average
number of retrieved evidence tokens. Recall@4K
measures the coverage of gold supporting turns
within the budgeted evidence. Acc.@4K measures
answer accuracy when the model generates an-
swers using only the retained budgeted evidence.
The token count measures the average evidence
length after budget truncation and is used to com-
pare retrieval efficiency across methods.

Sparsity grouping. We further analyze budgeted
evidence utility under different entity sparsity lev-
els. For each query, we first identify evidence-
related candidate entities from the memory graph
using the turn-level gold supporting evidence. We
then use the LLM, with the keyword extraction
prompt in Appendix C.3, to prune them into a
smaller set of contextual entities that are directly
relevant to the query. We use n(e) to denote the
number of memory nodes associated with retained
entity e. For query qi, we define its entity-density
score di as the average degree of its retained en-
tities. If no entity is retained after pruning, we
set di = 0. We divide queries into three sparsity
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groups based on di:

SPARSE : di ≤ 2,

MEDIUM : 2 < di ≤ 5,

DENSE : di > 5.

(15)

The SPARSE group corresponds to long-tail entities
that are associated with only a few memory nodes,
while the DENSE group corresponds to high-degree
entities that appear in many memory nodes and are
more likely to introduce retrieval noise.

E Additional Experimental Results

This section reports supplementary analyses that
expand the main experimental results. We first add
an extended baseline comparison, then provide de-
tailed category-level results, additional component
sensitivity analyses, evidence-efficiency results un-
der sparsity, and robustness checks for the back-
bone and evaluation protocol.

E.1 Extended Baseline Comparison

We compare TSHMem with MIRIX under a unified
evaluation protocol.

E.1.1 Direct Comparison with MIRIX
MIRIX (Wang and Chen, 2025) is a multi-agent
memory system. Since its published LoCoMo re-
sult uses a different backbone and evaluation subset
from our main all-category LoCoMo evaluation, we
rerun MIRIX with the same OAI-4o-mini answer
model, generation prompt, and judge protocol used
for TSHMem on LongMemEval S* and LoCoMo.
On LoCoMo, both systems are evaluated on the
same non-adversarial QA subset with valid outputs.
Tables 12 and 13 report the comparison.

On LongMemEval S*, TSHMem achieves an ab-
solute overall accuracy gain of 18.0% over MIRIX
and performs better across all six categories, with
particularly large gains on SU, SA, TR, and KU. On
the non-adversarial LoCoMo QA subset, TSHMem
achieves an absolute overall accuracy gain of 4.5%,
driven mainly by gains on SingleHop and Tempo-
ral, while MIRIX performs better on MultiHop and
OpenDomain. Overall, TSHMem maintains higher
accuracy after extending the baseline set to MIRIX.

E.2 Category-Level Results and Diagnostics

We report detailed category-level results on Long-
MemEval S* and LoCoMo, then examine OpenDo-
main and Adversarial behavior on LoCoMo.

E.2.1 Detailed Fine-grained Results
Tables 14 and 15 report detailed category-level re-
sults on LongMemEval S* and LoCoMo, including
both LLM-as-Judge Accuracy and Token F1.

Overall, the fine-grained results are consistent
with the main findings: TSHMem is strongest on
categories that require cross-session evidence ag-
gregation and temporal reasoning. Improvements
are smaller on localized or preference-oriented cate-
gories, suggesting that single-session evidence and
implicit preference signals may require different
retrieval or modeling strategies. LLM-as-Judge
Accuracy and Token F1 do not always rank meth-
ods consistently, especially on LoCoMo. This dif-
ference is expected because they assess semantic
correctness and lexical overlap, respectively; repre-
sentative cases are analyzed in Appendix E.5.3.

E.2.2 OpenDomain Analysis
TSHMem generates answers strictly from retrieved
evidence and returns “Information is missing.”
when the required facts are unavailable. This con-
servative strategy is intended to limit unsupported
responses but may be less effective for OpenDo-
main questions that benefit from broader conver-
sational context or background knowledge. To ex-
amine the effect of evidence coverage, we evalu-
ate all methods using fixed 4096-token evidence
contexts and a unified answer style. Under this
setting, TSHMem reaches 46.9% accuracy and out-
performs BM25 and A-Mem (Table 16), indicating
that OpenDomain performance is partly associated
with evidence coverage and answer style.

E.2.3 Adversarial QA Analysis
As shown in Table 15, TSHMem obtains 88.1%
accuracy on Adversarial QA. Table 17 further com-
pares BM25 and A-Mem in their original setting
and a 4096-token evidence budget setting with an-
swer style matched to TSHMem. Both methods
improve substantially in the controlled setting, con-
sistent with reduced distractor exposure.

E.3 Additional Component Sensitivity

We analyze the sensitivity of the local structural
weight β and hierarchy weights γ and λ. We con-
duct this sweep on LongMemEval Oracle, whose
shorter evidence contexts make repeated runs more
tractable. Each hyperparameter configuration is
evaluated over three runs, and we report the mean
performance. The results characterize sensitivity
around the default hyperparameter setting.
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Method Overall SU SA SP MS TR KU

MIRIX 48.3 66.7 60.0 13.3 32.0 52.0 66.7
TSHMem 66.3 91.1 83.3 20.0 46.7 69.3 88.9

Table 12: Direct MIRIX comparison on LongMemEval S*. All values are LLM-as-Judge Accuracy (↑).

Method Overall SH MH Temp. OD

MIRIX 56.8 63.8 46.4 57.7 35.8
TSHMem 61.3 70.4 42.3 67.3 33.7

Table 13: Direct MIRIX comparison on LoCoMo under
a unified non-adversarial evaluation setting. All values
are LLM-as-Judge Accuracy (↑).
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Figure 3: Impact of the local structural weight β
on LLM-as-Judge Accuracy and Token F1 on Long-
MemEval Oracle.

Effect of local structural weight β. Figure 3
shows the effect of the structural-semantic fusion
weight β. When β = 0, retrieval removes the PPR
structural contribution and retains semantic match-
ing over hierarchical memory units together with
the query-conditioned temporal relevance D(v);
this approximates dense retrieval plus a temporal
relevance filter. Moving to the default β = 0.1
increases LongMemEval Oracle accuracy from
71.7% to 73.3%, an absolute gain of 1.6%. This
indicates that direct semantic matching remains
important while even a small amount of PPR struc-
tural propagation recovers useful evidence beyond
surface similarity. When β = 1, retrieval relies
only on structural propagation. Performance gener-
ally decreases when β becomes too large, suggest-
ing that excessive graph propagation may introduce
irrelevant neighboring memories.

Effect of hierarchy weights γ and λ. Figure 4
shows the effect of the top-down weight γ and
bottom-up weight λ in hierarchical ranking. The
best result is achieved when γ = 0.1 and λ =
0.7, suggesting that bottom-up evidence from fine-
grained child nodes is more useful than strong top-
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Figure 4: Effect of top-down weight γ and bottom-up
weight λ on LLM-as-Judge Accuracy on LongMemEval
Oracle.

down propagation from abstract summaries.

E.4 Evidence Efficiency under Sparsity

Table 18 reports Acc.@4K under different
evidence-entity density levels. The grouping fol-
lows the protocol described in Appendix D.2.

The Acc.@4K results are consistent with the Re-
call@4K trends reported in the main text. This
suggests that the improved retrieval quality also
translates into better answer accuracy. Meanwhile,
the lower accuracy in the Sparse group indicates
that weakly connected evidence remains more chal-
lenging than evidence in denser memory regions.

E.5 Robustness and Evaluation Validity

We report robustness checks for two sources of
variation: the backbone model and the judge model.
We also include representative Token F1 cases to
clarify metric behavior on LoCoMo.

E.5.1 Backbone Model Robustness
To evaluate robustness to the choice of backbone,
we replace TSHMem’s OAI-4o-mini backbone
with the open-source Qwen3-8B model (Yang et al.,
2025) while leaving the remaining evaluation pro-
tocol unchanged. Table 19 shows modest absolute
decreases of 3.3% in Accuracy and 1.0% in Token
F1 on LongMemEval S*, indicating that TSHMem
remains effective with an open-source backbone,
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Type Method SU SA SP MS TR KU

Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1

Standard RAG

BM25 91.1 36.5 86.7 55.4 20.0 13.9 24.0 9.7 24.0 24.8 62.2 20.1
Contriever 33.3 12.4 33.3 26.2 13.3 13.8 9.3 6.5 20.0 20.9 26.7 9.4
Text-Emb-3-Large 64.4 31.9 60.0 41.6 20.0 14.5 17.3 10.2 20.0 20.0 51.1 21.7
Qwen3-Emb-4B 77.8 33.9 83.3 52.1 20.0 14.4 26.7 12.8 20.0 23.7 62.2 21.8

Hierarchical/
Graph RAG

RAPTOR 66.7 49.8 76.7 58.2 10.0 9.5 18.7 14.6 10.7 15.6 46.7 30.6
GraphRAG 51.1 36.1 63.3 51.3 13.3 8.1 16.0 7.4 30.7 27.0 48.9 31.4
HippoRAG-v2 77.8 67.5 73.3 61.3 26.7 9.9 22.7 23.8 30.7 33.6 66.7 48.7

Memory Agents

Mem0 17.8 12.5 13.3 25.6 13.3 6.9 5.3 8.5 14.7 25.0 20.0 10.3
Cognee 28.9 4.3 36.7 10.8 3.3 7.6 9.3 3.3 26.7 8.8 26.7 2.7
Graphiti 22.2 16.0 16.7 27.5 13.3 9.1 8.0 7.6 14.7 22.8 31.1 21.0
A-Mem 35.6 18.8 40.0 34.8 16.7 10.8 12.0 9.7 22.7 28.1 28.9 16.3
LightMem 82.2 67.8 16.7 23.3 20.0 10.4 42.7 33.9 37.3 38.8 77.8 53.7
SimpleMem 68.9 57.2 43.3 39.3 10.0 9.8 16.0 14.9 18.7 23.7 51.1 32.1

Ours TSHMem 91.1 74.5 83.3 68.8 20.0 15.9 46.7 32.5 69.3 42.3 88.9 57.5

Table 14: Detailed fine-grained results on LongMemEval S*. Acc. (↑) denotes LLM-as-Judge Accuracy, and
F1 (↑) denotes Token F1. Text-Emb-3-Large and Qwen3-Emb-4B denote Text-Embeddings-3-Large and Qwen3-
Embeddings-4B, respectively. SU, SA, SP, MS, TR, and KU denote Single-Session User, Single-Session Assistant,
Single-Session Preference, Multi-Session, Temporal Reasoning, and Knowledge Update, respectively.

Type Method SH MH Temp. OD Adv.

Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1

Standard RAG

BM25 79.8 50.6 40.4 33.3 41.7 23.7 46.9 22.8 50.4 36.0
Contriever 80.3 51.4 39.7 31.8 42.1 24.0 53.1 24.5 50.2 34.0
Text-Emb-3-Large 79.5 51.1 39.0 31.0 35.8 21.9 49.0 24.6 51.3 33.3
Qwen3-Emb-4B 80.3 51.7 37.9 30.1 39.3 23.5 50.0 23.3 48.2 33.1

Hierarchical/
Graph RAG

RAPTOR 39.7 33.9 24.8 33.6 32.1 23.1 34.4 19.4 18.2 17.6
GraphRAG 27.5 23.2 13.5 18.6 19.6 15.4 38.5 25.4 24.7 22.6
HippoRAG-v2 66.0 54.6 34.4 38.7 31.5 27.1 41.7 19.6 34.8 30.0

Memory Agents

Mem0 17.8 16.2 13.1 16.0 10.9 8.6 37.5 21.7 15.7 15.3
Cognee 43.2 18.2 18.4 11.5 10.9 4.5 30.2 6.0 40.1 18.2
Graphiti 16.8 16.1 13.1 15.8 5.6 4.8 28.1 19.8 55.2 8.9
A-Mem 70.6 47.4 35.5 29.4 29.0 16.2 51.0 24.0 46.2 32.5
LightMem 18.2 17.7 13.8 15.8 10.3 7.7 32.3 21.4 16.6 16.3
SimpleMem 70.3 52.4 36.9 36.3 55.1 53.8 43.8 21.8 34.5 26.3

Ours TSHMem 71.3 36.2 41.8 24.4 66.7 25.0 34.4 13.3 88.1 45.9

Table 15: Detailed fine-grained results on LoCoMo. Acc. (↑) denotes LLM-as-Judge Accuracy, and F1 (↑) denotes
Token F1. Text-Emb-3-Large and Qwen3-Emb-4B denote Text-Embeddings-3-Large and Qwen3-Embeddings-4B,
respectively. SH, MH, Temp., OD, and Adv. denote SingleHop, MultiHop, Temporal, OpenDomain, and Adversarial,
respectively.
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Method OD Acc. (4K Context) ↑
TSHMem 46.9
BM25 39.5
A-Mem 37.5

Table 16: LoCoMo OpenDomain accuracy with the
evidence context fixed at 4096 tokens.

Method Acc.@All ↑ Acc.@4K ↑ ∆

BM25 50.4 73.8 +23.4
A-Mem 46.2 88.3 +42.1

Table 17: LoCoMo Adversarial accuracy in the original
full-context and controlled 4K-context settings.

although backbone capability affects overall perfor-
mance.

E.5.2 LLM-as-Judge Robustness
The main results use OAI-4o as the judge model.
We repeat the LongMemEval S* answer evalua-
tion with OAI-4o and additionally evaluate it with
GDM-3.1-Pro-Preview to assess robustness to the
choice of judge model. Table 20 reports the orig-
inal result together with the mean and standard
deviation over three repeated evaluation runs. The
ranking is stable across judges: TSHMem remains
the strongest method and exhibits low variance,
supporting the reliability of the headline result.

E.5.3 Token F1 Case Analysis
Token F1 measures lexical overlap and can under-
estimate correct answers that use a different surface
form or provide a more complete response. Fig-
ure 5 gives two representative LoCoMo cases.

In the first case, TSHMem gives the correct date
in ISO format and receives zero token overlap,
whereas SimpleMem gives the wrong day but re-
tains overlapping month and year tokens. In the
second, SimpleMem omits one required modifica-
tion but has high overlap, while TSHMem gives the
complete answer with additional sentence context.
These cases motivate treating Token F1 as a com-
plementary lexical metric rather than the primary
measure of semantic correctness.

Method Sparse Medium Dense

BM25 25.0 34.3 30.6
HippoRAG-v2 27.8 28.6 32.8
A-Mem 27.8 14.3 15.7
TSHMem 44.4 68.6 68.1

Table 18: Acc.@4K (↑) under different evidence-entity
density levels. Sparse, Medium, and Dense groups
are defined according to the average degree of pruned
evidence-related entities in the memory graph.

Backbone Accuracy ↑ Token F1 ↑
OAI-4o-mini 66.3 47.0
Qwen3-8B 63.0 46.0

Table 19: LongMemEval S* robustness to the backbone
model.

Method Original OAI-4o GDM

A-Mem 24.00 24.11 ± 0.16 26.00 ± 0.27
BM25 45.67 45.44 ± 0.31 47.11 ± 0.16
HippoRAG-v2 45.00 44.67 ± 0.27 46.11 ± 0.31
Qwen3-Emb-4B 43.00 42.44 ± 0.42 44.56 ± 0.31
LightMem 47.67 48.33 ± 0.54 49.00 ± 0.47
SimpleMem 32.00 32.89 ± 0.63 35.56 ± 0.31
TSHMem 66.33 65.78 ± 0.42 66.78 ± 0.16

Table 20: LongMemEval S* LLM-as-Judge robustness.
Original denotes the reported OAI-4o result; the OAI-4o
and GDM columns report mean ± standard deviation
over three runs, where GDM denotes GDM-3.1-Pro-
Preview. Qwen3-Emb-4B denotes Qwen3-Embeddings-
4B. Values are Accuracy (↑).

Case: conv-26_qa16

Question: When did Melanie sign up for a pottery class?
Reference: “2 July 2023”
SimpleMem (Acc.=0, F1=0.667): “03 July 2023”
TSHMem (Acc.=1, F1=0.000): “2023-07-02”

Case: conv-50_qa95

Question: What kind of modifications has Dave been
working on in the car mod workshop?
Reference: “engine swaps, suspension modifications, and
body modifications”
SimpleMem (Acc.=0, F1=0.909): “Engine swaps and
suspension modifications”
TSHMem (Acc.=1, F1=0.545): “Dave has been working
on engine swaps, suspension modifications, and body
modifications in the car mod workshop.”

Figure 5: Representative LoCoMo cases where lexical
overlap and semantic correctness disagree.
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