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Abstract

Large language model-based agents operat-
ing in long-horizon interactions require mem-
ory systems that support temporal consistency,
multi-hop reasoning, and evidence-grounded
reuse across sessions. Existing approaches
largely rely on unstructured retrieval or coarse
abstractions, which often lead to temporal con-
flicts, brittle reasoning, and limited traceability.
We propose MemWeaver, a unified memory
framework that consolidates long-term agent
experiences into three interconnected compo-
nents: a temporally grounded graph mem-
ory for structured relational reasoning, an ex-
perience memory that abstracts recurring in-
teraction patterns from repeated observations,
and a passage memory that preserves origi-
nal textual evidence. MemWeaver employs a
dual-channel retrieval strategy that jointly re-
trieves structured knowledge and supporting
evidence to construct compact yet information-
dense contexts for reasoning. Experiments
on the LoCoMo benchmark demonstrate that
MemWeaver substantially improves multi-hop
and temporal reasoning accuracy while reduc-
ing input context length by over 95% compared
to long-context baselines. Our data and code
are available at here.

1 Introduction

Large language model-based agents are increas-
ingly deployed in long-horizon interactive settings,
such as conversational assistants and personalized
systems that span multiple sessions (Park et al.,
2023; Maharana et al., 2024; Jiao et al., 2026a).
These scenarios require agents to maintain tempo-
ral consistency, accumulate user-specific knowl-
edge, and reason over distant past interactions.
However, limited context windows make reliance
on internal representations alone infeasible, render-
ing external memory mechanisms essential (Lewis
et al., 2020; Lee et al., 2024; Huang et al., 2025a).

Question: After Alex checked into Hotel Lutetia in Paris, where did Alex meet Bob?
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| Retrieved text: (1) Alex checked into Hotel Lutetia in Paris in 2024. (2)
! Alex met Bob at Café de Flore in Paris in 2021. (3) Bob enjoys

! traditional cafés in Paris.”

| Response: The retrieved text mentions a meeting between Alex and
Bob at Café de Flore in Paris, therefore the meeting place was Café

i deFlore.
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Retrieved fact: (Alex, checkedInto, Hotel Lutetia); (Hotel Lutetia,

i locatedln, Paris); (Alex, met, Bob); (Alex, metAt, Café de Flore); (Café
de Flore, locatedIn, Paris); (Alex, metAt, Le Procope)

Response: The knowledge graph shows that Alex met Bob in Paris at
Café de Flore, which is a valid meeting location associated with Alex
i and Bob, therefore the answer is Café de Flore.

i (iii) Agentic
Memory

| Retrieved context: (Alex, checkedInto, Hotel Lutetia, 2024-05-02);

! (Alex, hadDinnerWith, Bob, Le Procope, 2024-05-04); (Alex, met, Bob,
Café de Flore, 2021-06-12) The retrieved infor-
Response: The hotel check-in occurred on 2024-05-02, and the mation can accurately
dinner with Bob that occurred afterward took place at Le Procope on ~ @nswer the question.

i 2024-05-04, therefore the meeting place was Le Procope.

Figure 1: Comparison of flat retrieval memory, struc-
tured memory, and agentic memory from a reasoning
perspective. While flat and structured memories can
store and retrieve factual information, they do not ex-
plicitly model temporal relations between events, which
limits their ability to answer temporally constrained
queries. Agentic memory addresses this limitation by
maintaining temporally grounded events and reasoning
over their order.

Recent work on agent memory has largely fo-
cused on retrieval-based augmentation. Most ap-
proaches store past interactions as text passages
or vector embeddings and retrieve relevant items
via semantic similarity to enrich the model’s input
context (Zhong et al., 2024b; Borgeaud et al., 2022;
Huang et al., 2025¢). These methods have demon-
strated effectiveness in improving recall and long-
context question answering (Zhong et al., 2024b;
Maharana et al., 2024). Beyond unstructured re-
trieval, several studies explore structured memory
representations. Knowledge-graph-based memo-
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ries explicitly model entities and relations to sup-
port compositional reasoning (Edge et al., 2024;
Gutierrez et al., 2024), while experience-based or
summary-based memories aim to abstract prefer-
ences, habits, or strategies from repeated interac-
tions (Park et al., 2023; Shinn et al., 2023; Huang
et al., 2025b). Collectively, these efforts high-
light the importance of memory representation
for long-horizon agent behavior.

Despite progress, as illustrated in Figure 1, exist-
ing memory systems exhibit key limitations in long-
term settings: flat retrieval memories lack relational
and temporal structure, making them brittle for
multi-hop and time-constrained queries (Yang et al.,
2018); structured memories suffer from noisy ex-
tractions and accumulated conflicts due to missing
session-level verification (Zhong et al., 2024a); and
high-level abstractions are often weakly grounded,
hindering traceability and correction (Hong et al.,
2024; Yao et al., 2023). Most approaches treat
memory as a passive retrieval buffer, overlooking
systematic consolidation and update as interactions
accumulate.

These limitations suggest that effective long-
term agent memory requires a shift in perspective.
Rather than viewing memory as a static repository,
memory should be modeled as a consolidation pro-
cess that transforms episodic interaction traces into
structured, reusable, and verifiable knowledge rep-
resentations (Xu et al., 2025). This leads to a cen-
tral research question:

How can an agent systematically con-
solidate long-term interaction histories
into memory representations that support
temporal consistency, compositional rea-
soning, cross-session generalization, and
evidence-grounded decision making?

Addressing this question requires jointly design-
ing memory structures and the mechanisms by
which they are written, reviewed, and retrieved.

To this end, we propose MemWeaver, a
consolidation-centric tri-layer memory frame-
work for long-horizon agents. It decomposes long-
term memory into three complementary layers,
each targeting a distinct reasoning capability. At
the structured fact level, MemWeaver builds a
temporally grounded knowledge graph with nor-
malized absolute-time metadata to support time-
aware multi-hop reasoning and resolve temporal
conflicts, together with session-level reconcilia-
tion to improve consistency. At the experience

abstraction level, MemWeaver clusters episodic
interaction windows, validates cluster coherence,
and abstracts reusable experience items only when
supported by multiple coherent interactions, while
linking them to source passages and related enti-
ties. At the grounding level, MemWeaver main-
tains passage memory that preserves raw textual
evidence and links it to entities and experiences for
traceability and verification.

During inference, MemWeaver adopts a dual-
channel retrieval strategy. Structured retrieval
over the knowledge graph provides precise and
compositional context, while evidence retrieval as-
sembles tightly linked passages and experience
items, complemented by a small number of glob-
ally retrieved passages for recall. The fused context
enables the language model to generate responses
that are both structurally informed and evidence
grounded.

Our contributions are summarized as follows:

* We formalize long-term agent memory from
a reasoning-oriented perspective, highlighting
the need for temporal grounding, composi-
tional structure, and evidence traceability to
support long-horizon inference.

* We propose MemWeaver, a consolidation-
centric tri-layer memory framework that
integrates temporally grounded knowledge
graphs, experience abstraction, and evidence-
linked passage memory through explicit writ-
ing and update mechanisms.

* We empirically demonstrate that MemWeaver
substantially improves long-horizon reason-
ing performance, particularly on temporal and
multi-hop tasks, while maintaining strong evi-
dence traceability.

2 Related Work
2.1 Memory Systems for LLM Agents

LLM agents operating in long-horizon, multi-step
settings must retain information beyond fixed con-
text windows, motivating external memory mech-
anisms (Liu et al., 2023; Packer et al., 2023). Ex-
isting approaches span retrieval-oriented memories
that store interaction traces in external stores (e.g.,
vector databases) for cross-session access (Zhong
et al., 2024b; Park et al., 2023; Jiao et al., 2026b),
structured or controlled architectures that regulate
long-term information via hierarchies or controllers
(e.g., MemGPT, SCM) (Packer et al., 2023; Wang
et al., 2023), and abstraction-based memories that
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distill reusable reasoning patterns or task-level in-
sights (Ouyang et al., 2025; Zhang et al., 2025).
More recent agentic frameworks further enable con-
tinual memory evolution by adding, revising, or
deleting entries across sessions (Xu et al., 2025;
Chhikara et al., 2025). Despite this progress, many
systems still rely on coarse, LLM-centric updates
and provide limited support for temporally con-
strained reasoning and evidence-grounded correc-
tion at scale (Zhong et al., 2024b).

2.2 Knowledge Graph-based Knowledge
Organization

Knowledge graphs (KGs) explicitly model entities
and relations, and are increasingly used to structure
knowledge for LLMs. Prior work leverages LLMs
to construct or enrich KGs from unstructured text,
or to instantiate task-specific graphs at inference
time (Wu et al., 2025). KGs have also been used to
organize retrieved evidence and support multi-hop
reasoning, including graph-guided inference frame-
works such as Think-on-Graph and GraphRAG
(Sun et al., 2024; Edge et al., 2024), as well as
hybrid retrieval methods that combine vector simi-
larity with graph-based exploration (Gutierrez et al.,
2024; Gutiérrez et al., 2025; Yasunaga et al., 2021).
However, many KG-assisted pipelines introduce
additional overhead and rely on task-specific graph
construction and retrieval heuristics, and they typi-
cally lack explicit temporal grounding and contin-
ual updates, limiting their use in long-term interac-
tive settings.

Despite the effectiveness of vector-similarity and
LLM-assisted retrieval, response quality still de-
pends heavily on how memories are constructed.
We therefore propose MemWeaver, which uni-
fies graph-structured knowledge, experience sum-
maries, and passage-level evidence with an effec-
tive retrieval mechanism for long-horizon agentic
reasoning.

3 Problem Formulation

We consider a long-running conversational agent
whose interaction history arrives incrementally as
a sequence of dialogue units (i.e., QA turns) with
metadata. The ¢-th dialogue unit is defined as

x; = (qi, as, Si, ti), (D

where ¢; and a; denote the question and answer
texts, s; denotes the speaker, and ¢; denotes the
timestamp.

We define the textual content of a dialogue unit
as:
text(z;) = ¢; ® ai, )
where & denotes concatenation, and compute its
semantic embedding by:

ei = ¢(text(z;)). 3)

The resulting embedding is used for clustering,
routing, and retrieval.

To support scalable long-term reasoning with
traceable evidence, we model the agent memory
state as a tri-layer set:

M ={G, E, P}, “)

where GG denotes Graph Memory, implemented as
a structured knowledge graph with temporal or con-
ditional attributes; E denotes Experience Memory,
consisting of induced reusable experience items
distilled from topical dialogue clusters; and P de-
notes Passage Memory, a dense retrieval channel
over original text spans for evidence recall. These
three components emphasize, respectively, struc-
tured factual knowledge, abstract reuse capability,
and traceability to original text.

The system supports two core operations. For
memory writing, given a newly observed dialogue
unit z;, the memory state is updated as

My = Update(Mi, :CZ) 5)

For memory-based reasoning, given a user query
@ and the current memory state M;, the system re-
trieves a reasoning context (Ckg, CtxT) and gen-
erates the final answer as

y = LLM(Q, Cka, C1xT | Pans), (6)

where P, is a fixed prompt template for answer
generation.

Our goal is to maintain a high-quality memory
state over long dialogues such that generated an-
swers are accurate and supported by retrievable and
traceable evidence from memory.

4 Methodology

This section presents MemWeaver, a tri-layer long-
term memory system that integrates Graph Memory
(GM), Experience Memory (ExpM), and Passage
Memory (PM). Each component plays a comple-
mentary role during reasoning: GM supports com-
positional relational facts, ExpM captures reusable
abstractions distilled from repeated interactions,
and PM preserves verbatim evidence for robust
recall.
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Figure 2: Overview of the MemWeaver framework. MemWeaver integrates Graph Memory (GM), Experience
Memory (ExpM), and Passage Memory (PM) into a unified long-term memory system. Dialogue interactions are
incrementally written into structured and unstructured memory, while dual-channel retrieval combines relational
facts and textual evidence to construct a compact reasoning context for answer generation.

4.1 Tri-layer Memory Consolidation
Framework

MemWeaver explicitly links its three memory com-
ponents rather than treating them as isolated stores.
Raw passages and experience items are attached to
entity nodes in Graph Memory, allowing retrieved
facts to be traced back to supporting evidence and
enabling joint use of structured reasoning and evi-
dence grounding.

The three memory carriers are loosely coupled
through shared semantic representations and ex-
plicit structural links, allowing different memory
types to be accessed and combined in a coordi-
nated manner during inference. This coupling also
constrains how memory evolves over time: graph
updates are consolidated before entering persistent
storage, experience abstraction is induced from
supported interaction clusters, and retrieval is orga-
nized through linked structured and textual chan-
nels rather than independent memory buffers.

At a high level, Graph Memory provides the
structural backbone for organizing entities and their
relations, while Passage Memory and Experience
Memory are anchored to this structure as evidence-
bearing nodes, together forming a unified memory
representation. We describe these components in
Sections 4.2, 4.3, and 4.4.

4.2 Graph Memory: Relational Fact
Consolidation

Graph Memory is designed as a relational fact
consolidation layer that organizes scattered factual
statements across long interaction histories into a
coherent and reusable structure. Instead of treat-
ing dialogue turns as independent evidence units,
this layer explicitly consolidates repeated and tem-
porally grounded facts into stable entity—relation
representations. Such consolidation enables consis-
tent access to factual knowledge over long time
spans and provides a structural foundation for
compositional and temporal reasoning, which is
difficult to achieve through unstructured memory
alone. In MemWeaver, graph writing is treated as
a controlled consolidation process, where newly
observed facts are normalized, reviewed, and rec-
onciled before being committed to the persistent
graph state.

MemWeaver represents its Graph Memory as a
directed knowledge graph G = (V,R). During
memory construction, the graph consists of entity
nodes and semantic relation edges, representing
consolidated factual knowledge expressed in the
dialogue history. At inference time, passage nodes
and experience nodes are temporarily attached to
entity nodes via structural edges (e.g., contains
and about) to provide supporting evidence.

Each semantic relation r is represented as a triple
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with metadata m(r):

m(r) = {t,e,7}, (D)

where £ is a normalized absolute time expression, ¢
is an optional condition, 7 is a provenance identifier
for traceability and m is metadata.

All LLM-based operations are performed using
fixed prompt templates, which are denoted as Pey,
Prel, and Preyiew for entity extraction, relation ex-
traction, and session-level review, respectively. Un-
der this setting, given a newly observed dialogue
unit z;, the system incrementally writes it into the
graph. MemWeaver first creates a passage node
that preserves the original text together with its
timestamp and speaker information. It then per-
forms a two-stage LL.M-based extraction process,
where entities are identified in the first stage and
relation candidates are extracted under entity con-
straints in the second stage. To improve tempo-
ral consistency, each candidate relation is further
processed by a dedicated normalization step that
extracts an absolute time expression from the dia-
logue context:

r = (h,p,u),

tA: 77(3%7“)7 (8)

Where 7 denotes the time-normalization func-
tion. After the initial write, MemWeaver performs
a session-level review step. This normalization-
and-review stage reduces unresolved relative-time
references and local extraction conflicts that would
otherwise accumulate across sessions. All entities
and relations introduced within the current session
are serialized into a compact textual representa-
tion and verified by an LLM, which outputs add,
update, or deny operations to complete missing
relations, correct erroneous ones, or remove noise.
Finally, redundant semantic relations are removed,
and the triple index Zr (a dense vector index over
semantic relation triples) is rebuilt. This index
serves as the entry point for structured retrieval
during inference. The overall procedure for KG
writing and maintenance is summarized in Algo-
rithm 1.

4.3 Experience Memory: Experience
Abstraction

Experience Memory is designed to abstract
reusable patterns from repeated interactions that
are not well captured as isolated factual rela-
tions. While Graph Memory consolidates ex-
plicit facts, many long-term signals such as prefer-
ences, tendencies, and recurring intents emerge

only when multiple interactions are considered
jointly. By abstracting such recurring signals
into experience-level representations, this layer
supports cross-session generalization and comple-
ments fact-centric reasoning with higher-level be-
havioral knowledge.

Experience Memory abstracts historical dia-
logues by clustering semantically related units
and inducing a compact set of reusable experi-
ence texts. Given the embedding of each dialogue
unit, MemWeaver first applies DBSCAN cluster-
ing (Schubert et al., 2017; Kulkarni and Burhanpur-
wala, 2024) with cosine distance to obtain candi-
date topical groups. Since density-based clustering
may still produce mixed-topic clusters, each candi-
date cluster is further validated by an LLM-based
coherence check. Inconsistent clusters are returned
to a pending queue for re-processing, whereas con-
sistent ones are finalized as clusters and assigned a
short theme summary center_text, which serves
as a semantic anchor for routing.

For each coherent cluster, MemWeaver induces
a small set of experience items using an LLM. Each
experience item is stored as a lightweight record
consisting of an identifier, a semantic type, a con-
tent field, a list of supporting dialogue unit iden-
tifiers, and optional metadata. Each experience
item must be explicitly supported by multiple di-
alogue units in the cluster and is stored together
with its provenance information. To reduce noise,
MemWeaver applies filtering and deduplication
heuristics to exclude small-talk patterns and re-
move near-duplicate items, ensuring that the result-
ing Experience Memory captures reusable signals
rather than conversational artifacts.

In the online incremental setting, newly arriv-
ing dialogue units are routed to existing clusters
according to their similarity to cluster centers. Let
e; = ¢(text(x;)) denote the embedding of a newly
arriving dialogue unit, and let y; denote the center
vector of cluster j:

i = ﬁ D dltext(w)), 5" = arg max cos(es, 4),

z€C;
®

MemWeaver performs three-way routing. If
max; cos(€;, f1j) > Thigh, the dialogue unit is di-
rectly merged into the best-matching cluster. If
Tlow < MaxX; cos(€;, f1j) < Thigh, the dialogue unit
is submitted to an LL.M-based router for disam-
biguation among a shortlist of candidate clusters.
Formally, let J(z;) denote the set of candidate
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clusters. The router predicts the assignment as:

j* = LLM(z;, {(center_text;,S;)};jc7(z;) | Proute)
(10)
where S; denotes a small set of representative
dialogue units sampled from cluster j. If the router
returns none, the dialogue unit is appended to a
pending buffer; Otherwise, it is assigned to cluster
J*. If max; cos(e;, f1;) < Tiow, the dialogue unit
is directly appended to the pending buffer for fu-
ture re-clustering once the buffer reaches a fixed
window size.

To control update cost, each cluster maintains
an add_buffer and only triggers an update when
the buffer size exceeds a threshold, at which point
the cluster center is recomputed and experience
items are re-induced. This strategy amortizes the
expense of LLM-based extraction while maintain-
ing freshness under long-running interactions. Al-
gorithm 2 summarizes the complete induction and
online update procedure, including three-way rout-
ing, buffered updates, and re-cluster.

4.4 Dual-Channel Memory Retrieval

MemWeaver constructs a dual-channel inference
context by jointly retrieving structured relational
facts and supporting textual evidence. Structured
retrieval over Graph Memory provides precise,
compositional access to relations, while textual
retrieval over Passage and Experience Memory im-
proves recall and grounding. The two channels are
linked through the memory structure: structured
retrieval first identifies relevant entities and rela-
tions, and textual retrieval then collects supporting
evidence attached to those entities, complemented
by a small global recall channel. Given a query
@, the retriever outputs a KG context Ckg and a
textual context CrxT, which are fed to the back-
bone LM. We denote by k;, kp, and k. the retrieval
budgets for triples, passages, and experience items,
respectively.

Structured KG Retrieval. We embed se-
mantic relation edges in Graph Memory (ex-
cluding structural links such as contains and
about) and retrieve seed triples by cosine simi-
larity. MemWeaver then expands a bounded-hop
neighborhood, filters candidates by similarity to
control context size, and applies an LLM selector
to choose the most useful triples. To avoid overly
narrow contexts, we augment the selected set with
a few high-similarity triples for backfilling:

R = Rrim U TOpk.T (Rcand; Q) 5 (11)

where Pyglect 1S a fixed prompt template for triple
selection.

Textual Evidence Retrieval. We collect evi-
dence from two sources. (i) For entities involved
in R*, we retrieve attached passage nodes via
contains edges and experience nodes via about
edges, so that the textual evidence is grounded in
the structured graph context. (ii) We additionally
query a global dense retriever over all dialogue
units to improve recall. All retrieved texts are
ranked by similarity to ) and deduplicated by dia-
logue identifiers and content.

Context Assembly. We serialize the selected
subgraph R* to construct the graph context Ckg,
and aggregate the retrieved passages and experi-
ence items to form the textual context CxT. The
backbone LLLM then produces the final prediction
conditioned on the assembled memory contexts:

7= fum(Q, Cka, Crxr) - (12)

S Experiments

5.1 Experiment Preparation

Datasets. Following previous work (Maharana
et al., 2024; Zhong et al., 2024b; Lee et al., 2024;
Xu et al., 2025), we evaluate MemWeaver on the
LoCoMo dataset (Maharana et al., 2024), a bench-
mark designed for long-term conversational ques-
tion answering with extended multi-session dia-
logue histories. Compared with prior conversa-
tional datasets that contain around 1K tokens over
a small number of sessions, LoCoMo features sub-
stantially longer conversations, averaging approxi-
mately 9K tokens and spanning up to 35 sessions.
This setting makes LoCoMo particularly suitable
for evaluating models’ ability to retrieve, integrate,
and reason over long-range contextual information.
LoCoMo includes five question types (Single-Hop,
Multi-Hop, Temporal, Open-Domain, and Adver-
sarial), and we focus on the four answerable cate-
gories in our main experiments. Detailed dataset
statistics and category definitions are provided in
Appendix B.

Baselines. For fair comparison, we evaluate
MemWeaver against four representative baselines:
LoCoMo (Maharana et al., 2024), which relies on
long-context prompting over the dialogue history;
MemoryBank (Zhong et al., 2024b), a retrieval-
based conversational memory framework; ReadA-
gent (Lee et al., 2024), a reading-based agent that
selectively summarizes and retrieves dialogue his-
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\ Category \ Overall

Model Method

Multi-Hop Temporal Open-Domain Single-Hop Ranking Tokens
F1 BLEU RGE-2 F1 BLEU RGE-2 F1 BLEU RGE-2 F1 BLEU RGE-2| F1 BLEU RGE-2

LoCoMo 2435 1691 850 2254 1693 9.03 1539 1359 386 4239 31.65 2829 |2.00 225 2.25 | 21,625
GPT MemoryBank | 6.10  4.52 1.57 504 3.02 056 632 327 1.04 842 396 321 |475 5.00 4.50 1,513
-4o-mini ReadAgent 9.15 648 247 12.60 8.87 095 531 512 055  9.67 7.66 299 |[425 4.00 4.50 643
A-Mem 23.68 1674 842 3877 3371 1558 1250 1129 396 3513 2896 2153 |275 275 2.50 2,731
MemWeaver | 26.00 17.08 1090 50.83 43.72 2336 20.73 15.63 523 3920 33.58 2596 |1.25 1.00 1.25 672
LoCoMo 8.09 6.88 229 500 545 077  7.08 5.83 0.65 1192 8.63 502 [275 275 4.00 | 22,312
Llama3.2 MemoryBank | 5.04  3.34 .15 206 119 0.13 452  2.09 0.83 678 290 2.34 | 450 450 4.75 1,553
3B ReadAgent 247  1.78 247 301 301 3.01 557 522 507 325 251 325 | 425 450 2.75 461
A-Mem 9.96 1321 6.62 8.62 6.76 441 503 578 0.87 19.85 19.70 1698 |2.50 2.00 2.25 2508
MemWeaver | 11.86 13.07 694 11.37 1316 8.67 9.64 7.77 211 21.22 2227 2028 |1.00 1.25 1.25 1,000
LoCoMo 1037 8.10 285 1551 12.83 1.01  11.94 1064 220 1390 10.64 4838 |325 275 325 | 22,312
Llama3.2 MemoryBank | 4.80  3.36 1.12 1.89  1.61 006 572 358 0.83 642 3.02 2.15 |[5.00 5.00 4.25 1,553
1B ReadAgent 596 5.2 0.53 1.93 230 0.00 1246 1117 547 775 6.03 1.19 [325 325 4.00 665
A-Mem 11.03 921 335 1776 1298  3.64 1234 758 2.85 19.20 15.01 7.63 225 250 2.25 2,647
MemWeaver | 12.96 9.77 372 2411 1742 753 1241 9.94 3.04 2017 15.05 11.78 |1.25 1.50 1.25 1,000
LoCoMo 1023 7.96 2.14 765 6.76 021 11.58 9.74 237 1293 9.8 414 275 3.00 3.00 | 22424
Qwen2.5 MemoryBank | 6.63  5.02 1.77 343 285 020 5.80 340 0.82 941 485 338 | 425 450 4.00 1,555
_L5B ReadAgent 6.61 493 0 255 251 0 531 1224 0 10.13  7.54 0 475  4.00 5.00 752
A-Mem 1257  9.94 517 1454 1245 1.73  10.83 921 243 20.06 14.86 11.07 |225 250 2.00 2,574
MemWeaver | 21.91 1647 725 46.07 3847 17.74 1794 1586 423 3280 2742 1852 |1.00 1.00 1.00 734

Table 1: Experimental results on the LoCoMo dataset across four question types (Multi-Hop, Temporal, Open-
Domain, and Single-Hop). Results are reported in F1, BLEU-1 (%), and RGE-2 (%). RGE-2 denotes ROUGE-2.
Best results within each backbone are in bold, and MemWeaver is highlighted in gray. Ranking indicates the average
rank across categories (Rank 1 is best; lower is better), computed separately for F1, BLEU-1, and RGE-2. Tokens is

the average number of input tokens per query.

tory; and A-Mem (Xu et al., 2025), an agentic mem-
ory system based on atomic memory construction.
A detailed description of the baselines is provided
in Appendix D.

Evaluation Metrics. Following prior work on
LoCoMo (Maharana et al., 2024), we employ two
primary evaluation metrics. We report token-level
F1 to assess answer accuracy by balancing preci-
sion and recall, and BLEU-1 to measure lexical
overlap between generated responses and ground-
truth answers. In addition, we report the average
number of input tokens per query, which reflects
the inference-time context length and associated
computational cost. We further report additional
metrics, including exact match (EM), METEOR,
ROUGE-L and SBERT similarity, in the Appendix
D.

5.2 Implementation Details

We evaluate four backbone LLMs: GPT-40-mini
(Hurst et al., 2024), Llama3.2-3B/1B (Team, 2024),
and Qwen2.5-1.5B (Yang et al., 2025). All methods
share identical system prompts and output formats.
To decouple memory construction from inference-
time reasoning, we use DeepSeek-V3.2 (non-
thinking) (DeepSeek-Al et al., 2025) to build all
MemWeaver memory components offline (never at
inference), since structured memory writing (enti-
ty/relation extraction, temporal normalization, and
session-level verification) is unreliable for small

LMs. At inference, MemWeaver retrieves Ckg
and CtxT via top-k retrieval with default k, =
kp = ke = 6 (category-specific adjustments when
needed). We use all-minilm-16-v2 (Reimers
and Gurevych, 2019) for embeddings, and fol-
low each baseline’s original settings while match-
ing inference-time context length to MemWeaver.
More details are provided in Appendix B.

5.3 Main Results

Performance Analysis. Table 1 reports category-
wise results and overall ranking on LoCoMo un-
der four backbone language models. Ranking is
the average rank across the four categories (lower
is better), computed separately for F1, BLEU-1,
and ROUGE-2. Across backbones, MemWeaver
achieves the best overall ranking in most settings,
indicating consistently strong performance across
diverse question types.

MemWeaver is particularly effective on
Multi-Hop and Temporal questions that require
cross-session reasoning.  With GPT-40-mini,
MemWeaver improves Multi-Hop F1 from 24.35
(LoCoMo) / 23.68 (A-Mem) to 26.00, and boosts
Temporal F1 from 38.77 (A-Mem) to 50.83. Simi-
lar trends are observed for smaller backbones: for
Qwen2.5-1.5B, MemWeaver improves Temporal
F1 from 14.54 to 46.07. We attribute the larger
gains on smaller backbones to structured retrieval,
which externalizes key factual and temporal cues
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and reduces reliance on parametric knowledge and
long-context reasoning.

Compared with LoCoMo, MemWeaver achieves
higher or comparable accuracy while using sub-
stantially shorter inference contexts. MemoryBank
performs poorly across most categories, suggesting
that flat retrieval over unstructured memories is in-
sufficient for complex long-horizon reasoning. Rel-
ative to the agentic baseline A-Mem, MemWeaver
yields consistent improvements (notably on Tem-
poral and Open-Domain), highlighting the benefit
of separating temporally grounded Graph Memory
from experience-level abstractions.

Token Efficiency. MemWeaver also substan-
tially reduces inference-time context length. Lo-
CoMo typically requires over 22K input tokens
per query due to long-context prompting, whereas
MemWeaver stays within 1K tokens across all back-
bones, reducing input length by over 95% while
maintaining or improving performance. Compared
with A-Mem, MemWeaver further reduces con-
text length by roughly 2-4 x. Memory and latency
are reported in Table 2, showing that MemWeaver
trades modest retrieval overhead for stronger ac-
curacy and substantially shorter inputs, making it
suitable for long-running and resource-constrained
deployments.

5.4 Ablation Study

We conduct an ablation study to analyze the contri-
bution of the two core components in MemWeaver:
Graph Memory (GM) and Experience Memory
(ExpM). We evaluate two variants, w/o GM and
w/o ExpM, under two backbone models, focusing
on answerable question types (Multi-Hop, Tem-
poral, Open-Domain, and Single-Hop). In all set-
tings, the global passage retrieval channel is pre-
served to ensure that observed performance differ-
ences mainly reflect the impact of structured and
abstracted memory components rather than access
to raw textual evidence.

As shown in Table 3, removing ExpM leads to
consistent but moderate performance drops across
tasks, indicating its role in capturing reusable ab-
stractions that support cross-session reasoning. In
contrast, removing GM causes severe degradation,
especially on Multi-Hop and Temporal questions,
highlighting the importance of graph-based struc-
tural and temporal organization for compositional
reasoning. Overall, the full MemWeaver model
achieves the best and most balanced performance,
demonstrating that Graph Memory and Experience

Memory play complementary roles: GM provides
structured factual reasoning, while ExpM supplies
higher-level abstraction, together enabling robust
long-term conversational reasoning.

We further conduct an atomic strand-level
ablation on Qwen2.5-1.5B, comparing the full
MemWeaver model against single-strand variants
(KG, EXP, and PASS) on the two most challeng-
ing categories, Multi-Hop and Temporal. As shown
in Table 4, KG is the strongest individual strand,
especially on Temporal questions, indicating that
structured and temporally grounded organization
is the primary driver of long-horizon reasoning.
EXP and PASS provide complementary abstrac-
tion and evidence grounding, respectively. The full
MemWeaver model still performs best overall, sug-
gesting that its gains come from the complementary
roles of the three memory strands rather than from
system complexity alone.

Table 2: Comparison of memory usage and retrieval
time across different memory methods.

Memory Usage (MB) Retrieval
Method GM ExpM Total Times (ms)
MemoryBank | - - 7.23 | 17.07 £ 3.61
A-Mem - - 18.29 | 16.00 £ 7.18
MemWeaver |5.24 8.07  13.31 | 41.57 + 12.85

5.5 Hyperparameter Analysis

Multi-Hop (F1) Temporal (F1)

26.8

-
N

26.6 121
26.4
262
26.0

top_k_triples
o
top_k_triples
o
o
z
o

25.8
25.6 i
25.4 50.0

w
L
w

3 6 12 3 6 12
max_experiences max_experiences

(a) Multi-Hop
Open-Domain (F1)

(b) Temporal
Single-Hop (F1)

top_k_triples
o
N
S
°
top_k_triples
o

3 6 12
max_experiences

3 6 12
max_experiences

(c) Open-Domain (d) Single-Hop

Figure 3: Hyperparameter sensitivity analysis of
MemWeaver. Each heatmap reports performance under
different retrieval configurations for (a) Multi-Hop, (b)
Temporal, (c) Open-Domain, and (d) Single-Hop ques-
tions.
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Model Method | Multi-Hop | Temporal | Open-Domain | Single-Hop
| F1 BLEU-1 RGE-2| F1 BLEU-1 RGE-2| F1 BLEU-1 RGE-2| F1 BLEU-1 RGE-2
wloExpM | 2486 1570  9.83 | 48.67 41.60 2174 | 1965 1531 505 |3807 3266  23.84
GPT-40-mini  w/o GM 13.97 828 475 | 958 1.04 1030  9.05 301 | 1312 1106 645
MemWeaver | 26.00 17.08  10.90 | 50.83  43.72 2336 |20.73 1563 523 |39.20 33.58  25.96
wlo ExpM 1959 1413 662 |4530 3775 1539 | 17.33 1507 397 |3238 2674 1685
Qwen2.5-1.5B  w/o GM 1348 985 431 | 578 0.83 | 1033 976 161 | 1384 1146 635
MemWeaver | 21.91 1647  7.25 | 4607 3847 1774 | 17.94 1586 423 | 32.80 2742  18.52

Table 3: Ablation study of MemWeaver under two backbone models (GPT-40-mini and Qwen2.5-1.5B). Results are

reported in F1, BLEU-1, and RGE-2 (ROUGE-2) (%).

Method \ Multi-Hop F1 Temporal F1
KG 20.53 45.14
EXP 15.09 4.76
PASS 11.90 20.96
MemWeaver 21.91 46.07

Table 4: Atomic strand-level ablation on Qwen2.5-1.5B.
We report F1 on the two most challenging categories,
Multi-Hop and Temporal.

We investigate MemWeaver’s sensitivity to re-
trieval budgets, varying the number of retrieved
graph triples and textual memory items. Fig-
ure 3 reports heatmaps across the four answerable
categories under different retrieval configurations.
Overall, MemWeaver is stable across a wide range
of settings, with only mild performance variation
and no abrupt degradation as retrieval sizes change.
Increasing the number of retrieved items does not
consistently improve performance and often shows
diminishing or negligible gains. These results sug-
gest that MemWeaver does not rely on large re-
trieval volumes; instead, its structured memory de-
sign enables efficient and selective retrieval, priori-
tizing relevance over quantity.

Taken together, the proposed memory system
remains both stable and efficient, and its effec-
tiveness stems from precise organization and tar-
geted retrieval rather than brute-force context ex-
pansion.This robustness is particularly desirable in
long-horizon interactive settings, where retrieval
budgets may vary across users, sessions, or deploy-
ment constraints. It also suggests that MemWeaver
does not depend on careful hyperparameter tuning
to remain effective, which improves its practicality
for real-world agent systems.

5.6 Human Evaluation

To complement automatic metrics, we conduct
a human evaluation to assess whether the re-
trieved knowledge provides sufficient support for
the generated answers. As shown in Figure 4,
MemWeaver consistently outperforms A-Mem

100 A

[ A-mem [ MemWeaver

80.0%
4 76.09
80 6.0% 72.0%

9
64.0%00-0% 60.0%

4 9 e
60 52.0%20:-0%

404

Helpful Retrieval (%)

20 A

0

Multi-Hop Temporal Open-Domain Single-Hop

Figure 4: Human evaluation of evidence supports qual-
ity for A-Mem and MemWeaver across four question
categories. Using GPT-40-mini as the backbone, human
annotators assess, on 25 sampled questions per category,
whether the retrieved knowledge provides sufficient sup-
port for the generated answers.

across all question categories, indicating more reli-
able and evidence-grounded retrieval. Details are
provided in Appendix D.9.

6 Conclusion

In this paper, we propose MemWeaver, a structured
long-term memory system for LLM agents that
unifies graph-structured knowledge, abstracted ex-
periences, and passage-level evidence to support
scalable and traceable conversational reasoning.
MemWeaver incrementally maintains a temporally
grounded knowledge graph with LLM-based ver-
ification, derives reusable experience items from
clustered interactions, and retains a global passage
retrieval channel for accessing original evidence.
Experiments on the LoCoMo benchmark across
multiple backbone models show its effectiveness
and consistent improvements in long-horizon con-
versational question answering with efficient infer-
ence.

Limitations

Although MemWeaver achieves encouraging re-
sults, we recognize several directions for future
exploration. First, while the system is able to or-
ganize memory in a structured manner, the quality
of memory organization may still be influenced by
the inherent capabilities of the underlying language
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model. Different models may produce slightly dif-
ferent abstractions or associations when construct-
ing memory. Second, the current implementation
primarily focuses on textual interactions. Extend-
ing the framework to incorporate multimodal in-
formation, such as images or audio, is a promising
direction for future work.
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A Environment Details

All experiments were conducted on a Linux server
running Linux 6.8.0-90-generic with glibc
2.39. The software stack was based on Python
3.10.19 and PyTorch 2.9.0 (Imambi et al., 2021)
compiled with CUDA 12.8 (torch 2.9.0+cul128),
with cuDNN 9.10.2 enabled. All experiments were
executed with GPU acceleration.

The hardware configuration consisted of four
NVIDIA A100-SXM4 GPUs with 80GB HBM2e mem-
ory each. The installed NVIDIA driver version was
575.57.08, and the CUDA runtime reported by the
driver was CUDA 12.9. Unless otherwise specified,
all memory construction and inference pipelines
were executed on this hardware configuration.

B Implementation Details

Dataset and Evaluation Scope. We evaluate
MemWeaver on the LoCoMo dataset released
by Snap Research,! which is designed for long-
term conversational question answering over multi-
session dialogue histories. LoCoMo categorizes
questions into five types: (1) Single-Hop questions
answerable from a single session; (2) Multi-Hop
questions requiring information synthesis across
sessions; (3) Temporal questions that test time-
aware reasoning; (4) Open-Domain questions that
require integrating conversational context with gen-
eral knowledge; and (5) Adversarial questions that
are unanswerable from the dialogue history. In
total, the dataset contains 7,512 question—answer
pairs across these categories. Since our primary
goal is to evaluate long-term memory and evidence-
supported reasoning over extended dialogue trajec-
tories, we mainly focus on the four answerable
categories (Single-Hop, Multi-Hop, Temporal, and
Open-Domain) in our main experiments.

The dataset does not provide an official train/de-
v/test split, and following prior work, we evalu-
ate directly on the full set of annotated question—
answer pairs without further partitioning. In our
main experiments, we focus on the four answerable
question categories: Single-Hop, Multi-Hop, Tem-
poral, and Open-Domain. Adversarial questions
are excluded in the main experiment part, as they
primarily evaluate abstention behavior rather than
evidence-supported reasoning. However, we still
report the experiments on Adversarial dataset in
Appendix D.6. We do not fix a random seed, since

"https://github.com/snap-research/locomo

the system does not involve stochastic training and
all memory construction is performed deterministi-
cally given the underlying LLM outputs.

Backbone Models and Inference. We evaluate
four backbone language models: GPT-40-mini
(Hurst et al., 2024), Llama3.2-3B (Team, 2024),
Llama3.2-1B (Team, 2024), and Qwen2.5-1.5B
(Yang et al., 2025). GPT-40-mini is accessed via
a commercial API, while the remaining models
are served locally using O11ama. All methods, in-
cluding baselines and MemWeaver, share identi-
cal system prompts and output formats to ensure
fair comparison. Category-specific answer prompts
are used at inference time to accommodate differ-
ences in question styles (e.g., temporal or multi-hop
queries), while keeping the overall prompting strat-
egy consistent across methods. Decoding configu-
rations follow standard practice for each backend
and are kept consistent within each model.

Offline Memory Construction. All memory
components in MemWeaver are constructed offline
prior to inference. We employ DeepSeek-V3.2
(API-based) (DeepSeek-Al et al., 2025) exclusively
for memory construction, including entity extrac-
tion, relation extraction, experience induction, and
session-level verification. This model is not used
during inference. Once the full memory is built, it
remains fixed throughout evaluation, and all back-
bone models query the same memory state.

Textual embeddings for dialogue units, passages,
experience items, and knowledge graph triples are
computed using the all-minilm-16-v2 (Reimers
and Gurevych, 2019) sentence encoder. The same
embedding model is used consistently across clus-
tering, routing, and retrieval.

Graph Memory Construction. Graph Memory
is implemented as a directed knowledge graph that
consolidates relational facts across dialogue ses-
sions. Entity extraction, relation extraction, and
session-level review are performed using fixed
prompt templates. Implicit temporal expressions in
dialogue are normalized into absolute time repre-
sentations during memory writing. Structured re-
trieval operates over semantic relation triples only,
excluding structural edges. During inference, graph
retrieval expands candidate triples using a single-
hop neighborhood expansion from seed relations.

Experience Memory Induction. Experience
Memory is constructed by clustering dialogue
units using DBSCAN with cosine distance. We
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set the clustering parameters to eps = 0.3 and
min_samples = 2. Each candidate cluster is
screened for semantic coherence before inducing
reusable experience items. For online updates,
newly arriving dialogue units are routed to existing
clusters based on cosine similarity, with thresholds
sim_high = 0.8 and sim_low = 0.5. Each clus-
ter maintains an update buffer, and experience re-
induction is triggered when the buffer size reaches
4, amortizing the cost of LLM-based updates in
long-running settings.

Retrieval and Context Assembly. MemWeaver
employs a dual-channel retrieval strategy. Struc-
tured retrieval over Graph Memory provides rela-
tional facts, while textual retrieval gathers support-
ing passages and experience items. Unless other-
wise specified, the retrieval budgets are fixed to
k, = k, = k. = 6. For graph triples, passages,
and experience items, respectively, across all ques-
tion categories. The retrieved structured and textual
contexts are assembled into a compact inference
input, which is then provided to the backbone lan-
guage model for answer generation.
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C Prompt Templates

,( Entity Extraction Prompt )

You are an entity extraction assistant.
Your task: Extract entities from a dialogue snippet.
Guidelines:
» Extract concise entity names that appear in the text (people, locations, organizations, events, objects, etc.).
* Do not invent entities.
* Prefer a canonical form of the entity name.
« If an entity is expressed as a combined phrase, keep the full phrase intact and do not split it into smaller parts.
* Return a de-duplicated list.
DO NOT EXTRACT:
1. Unclear entities such as "he"”, "that"”, "there".

s

2. Time/Date expressions (relative or absolute) such as "yesterday”, "last week”, "next month".
Dialogue:
{dialogue_text}
Output (STRICT JSON):
{

"entities”: ["entityl”, "entity2", ...]
}

Figure 5: Prompt for entity extraction from a dialogue snippet.
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,( Relation Extraction Prompt )

You are a relation extraction assistant.
Your task: Extract meaningful relations between entities as triples from a dialogue snippet.
Guidelines:
» Extract relations ONLY between entities in the provided list.
* Each relation must be directly supported by the text.
* relation_type should be a short predicate phrase (lowercase preferred).
« If the relation happens under certain conditions, you can optionally include a "condition” field to describe it
briefly.
DO NOT EXTRACT:
* time/location

* unmeaningful or vague relations, e.g., "is related to”, "has something to do with"”, "is associated
with”, etc.

Dialogue:
{dialogue_text}

Detected entities:
{entity_list_text}

Output (STRICT JSON):
{
"relations”: [
{
"source”: "entity_namel”,
"target”: "entity_name2",
"relation_type"”: "short relation phrase”,
"condition”: "if mentioned”
}
]
}

Figure 6: Prompt for relation extraction between detected entities in a dialogue snippet.
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,( Temporal Normalization Prompt )

You are a time expression extractor.
Your task: Extract an ABSOLUTE time expression indicating when the event described by the given relation occurred or
is scheduled to occur; the absolute time may be inferred from relative time expressions in the dialogue.
Guidelines:
* Identify the time MOST relevant to the given relation/event.
* The dialogue may contain:
— Absolute time expressions (e.g., "20 May 2022", "May 2022", "2022")
— Relative time expressions (e.g., "yesterday”, "last week”, "this weekend")
* If a relative time expression is present, you MAY use it as a clue and resolve it into an ABSOLUTE time.
* The final output MUST be an ABSOLUTE, HUMAN-READABLE time expression.
What counts as HUMAN-READABLE ABSOLUTE time:
* A specific calendar date (e.g., "20 May, 2022")
* A specific month and year (e.g., "May, 2022")
* A specific year (e.g., "2022")
DO NOT OUTPUT:
» Relative time expressions (e.g., "yesterday”, "last week"”, "tomorrow")
* Vague time references without a calendar anchor (e.g., "recently”, "soon”, "later")

If there is NO clear usable time information for the target relation, return an empty string "".
Output format MUST be one of:

* Day-level: "20 May, 2022"

* Month-level: "May, 2022"

¢ Year-level: "2022"

Given:
» Dialogue: {dialogue_text}
¢ Relation: {relation_desc}

Output (STRICT JSON):

nn

"absolute_time":

3

Figure 7: Prompt for temporal normalization of dialogue-based relations into absolute time.
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,( Knowledge Graph Verification Prompt )

You are a knowledge graph review assistant.

Your tasks:
Review a knowledge graph extracted from a dialogue session.

Options:
1. ADD: Find important relations that are clearly expressed in the dialogue but are MISSING from the current relation
list.
2. UPDATE: For some EXISTING relations, refine relation_type, time/condition metadata.
3. DENY: If a relation in the current list is clearly NOT supported or contradicted by the dialogue, mark it as denied
(to be removed).

You are given:

The full dialogue text for this session:

The dialogue happened at: {dialogue_timestamp}
{full_dialogue_text}

Existing entities in the KG for this session:
{entities_text}

Existing relations (triples) in the KG for this session:
{relations_text}

Output (STRICT JSON):
{
"add": [
{"source": "A", "relation_type": "predicate”, "target”: "B", "time": "if mentioned”, "
condition”: "if mentioned”}
1,
"update”: [
{"relation_id": "rid", "relation_type": "new predicate”, "time": "if mentioned”, "condition
": "if mentioned"}
]!
"deny": [
{"relation_id": "rid"}
1

3

Figure 8: Prompt for verifying and refining a dialogue-derived knowledge graph.
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,( Experience Extraction Prompt )

You extract reusable experiences from short dialogues.
You will see several Q&A items from the same semantic cluster. Each item has an index like [0], [1], etc.

Dialogue samples:
{ga_context}
Your task:
» Extract a SMALL SET of reusable experiences that can help in similar future cases.
» Each experience must be directly supported by the dialogue (do not invent facts).
¢ Do NOT output vague life advice or generic statements.
¢ Prefer "fact” or "preference” when the dialogue states something directly.
* Only use "strategy” when the experience clearly generalizes beyond this specific person.
* Avoid generic strategies like "communicate more”, "be kind", or "support is important”.
* Only mark Q&A indices where the experience is explicitly expressed.
* Itis better to output fewer, high-quality experiences than many weak or generic ones.
* content < 120 characters.
Allowed types:
» fact: a stable fact likely to remain true
* strategy: a general reusable approach
e preference: a stable interest or habit

Few-shot example:

[0] Speaker=Alex
Q: I started weekly therapy recently.
A:

[1] Speaker=Ben
Q: Has it helped?
A:

[2] Speaker=Alex
Q: Yes, talking regularly helps me feel less overwhelmed.
A:

Example output:

{

"experiences”: [

"type": "fact”,
"content”: "Alex attends weekly therapy and feels less overwhelmed."”,
"source_ga_indices": [0, 2]

}
1

}

Now output STRICT JSON for the current dialogue only:

Output (STRICT JSON):

{

"experiences": [
{

"type": "fact | strategy | preference”,
"content”: "short experience (<=120 chars)”,
"source_ga_indices": [0, 1]
}
]
}

Figure 9: Prompt for extracting reusable experiences from clustered Q&A dialogue samples.
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D Experiment

D.1 Detailed Baselines Introduction

LoCoMo (Maharana et al., 2024) takes a direct ap-
proach by leveraging foundation models without
memory mechanisms for question answering tasks.
For each query, it incorporates the complete pre-
ceding conversation and questions into the prompt,
evaluating the model’s reasoning capabilities.

ReadAgent (Lee et al.,, 2024) tackles long-
context document processing through a sophis-
ticated three-step methodology: it begins with
episode pagination to segment content into manage-
able chunks, followed by memory gisting to distill
each page into concise memory representations,
and concludes with interactive look-up to retrieve
pertinent information as needed.

MemoryBank (Zhong et al., 2024b) introduces
an innovative memory management system that
maintains and efficiently retrieves historical inter-
actions. The system features a dynamic memory
updating mechanism based on the Ebbinghaus For-
getting Curve theory, which intelligently adjusts
memory strength according to time and signifi-
cance. Additionally, it incorporates a user portrait
building system that progressively refines its un-
derstanding of user personality through continuous
interaction analysis.

A-Mem (Xu et al., 2025) proposes an agentic
memory framework that constructs and maintains
atomic memory units for long-horizon interactions.
It organizes memories into interconnected notes
that can be incrementally updated across sessions,
enabling the agent to retrieve and reuse relevant
memory entries when answering queries.

D.2 Evaluation Metric

The F1 score represents the harmonic mean of pre-
cision and recall, offering a balanced metric that
combines both measures into a single value. This
metric is particularly valuable when balancing be-
tween complete and accurate responses:

precision - recall

F1=2 ) 13
precision + recall (13)
where
.. true positives
precision = " R
true positives -+ false positives
(14)
and
true positives
recall = oe portY (15)

true positives + false negatives

In question-answering systems, the F1 score plays
a crucial role in evaluating exact matches between
predicted and reference answers. This is especially
important for span-based QA tasks, where systems
must identify precise text segments while maintain-
ing comprehensive coverage of the answer.

BLEU-1 evaluates the precision of unigram
matches between system outputs and reference
texts:

1
BLEU-1 = BP - exp (Z wy, log pn> . (16)

n=1

where the brevity penalty BP is defined as

1, c>r,
BP = {6”/67 o (17)
and )

b >0 2k hik
Here, c is the candidate length, 7 is the reference
length, h; is the count of the n-gram ¢ in candidate
k, and m;, is the maximum count of that n-gram
in any reference. In QA tasks, BLEU-1 evaluates
lexical precision and is particularly useful for gen-
erative QA systems where exact matching may be
overly strict.
ROUGE-L measures the longest common subse-
quence (LCS) between the generated and reference
texts:

(14 B*)RP,
ROUGE-L = ~——~ /2 *“* 19
R+ 5°P, (19)
where
LCS(X,Y) LCS(X,Y)
R=—""2""2 P=-"""""7 (0
| X Y

ROUGE-2 computes bigram overlap between the
generated and reference texts:

Zbigrameref mln(countref7 Countcand)

ROUGE-2 =
Zbigramel-ef Countref

.2

ROUGE-L focuses on sequence-level matching,
while ROUGE-2 emphasizes local word order.
Both metrics are useful for evaluating the fluency
and coherence of generated answers.

METEOR computes a score based on aligned
unigrams between candidate and reference texts,
accounting for synonyms and paraphrases:

METEOR = Fjpean - (1 — Penalty),  (22)
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Method Multi-Hop Temporal Open-Domain Single-Hop

F1 BLEU RGE-2 F1 BLEU RGE-2 F1 BLEU RGE-2 F1 BLEU RGE-2
MemoryBank | 5.03 428 1.59 243 1.60 046 554 312 1.04 6.84 3.62 291
A-Mem 31.13 1954 1139 4136 3190 15.67 1231 1066 3.03 41.58 36.69 26.69
MemWeaver | 31.35 20.29 11.83 55.52 4536 2697 21.13 1634 590 4519 3947 28.96

Table 5: Experimental results on the LoCoMo dataset (DeepSeek-V3.2 backbone). Results are reported in F1 and
BLEU-1 (%). Best results in each row are in bold, and MemWeaver is highlighted in gray.

Multi-Hop Temporal Open-Domain  Single-Hop

Model Method ‘ F1I BLEU F1 BLEU F1 BLEU F1 BLEU
Owen2.s-1.sp MemGPT 1044 761 421 389 1342 164 956 734
P77 MemWeaver | 2191 1647 4607 3847 17.94 1586 32.80 27.42

Table 6: Experimental results on the LoCoMo dataset with the Qwen2.5-1.5B backbone, additionally comparing
MemWeaver with MemGPT. Results are reported in F1 and BLEU-1 (%). Best results are shown in bold, and

MemWeaver is highlighted in gray.

where 10PR
mean — R+ 97P’ (23)
and
ch\?
Penalty =0.5- { — | . 24)
m

Here, P and R denote precision and recall, ch is
the number of chunks, and m is the number of
matched unigrams. METEOR captures semantic
similarity beyond exact matching and is well-suited
for evaluating paraphrased answers.

SBERT Similarity measures the semantic sim-
ilarity between two texts using sentence embed-
dings:

e; - ey

= (25
lez[llleyll

SBERT(z,y) = cos(ez, ey)
where e, and e, are SBERT embeddings of the
two texts. SBERT Similarity is particularly useful
for QA evaluation when lexical overlap is low, but
semantic meaning is preserved.

D.3 DeepSeek-V3.2 Backbone

Notably, as shown in Table 5, when all methods
use DeepSeek-V3.2 (DeepSeek-Al et al., 2025)
as the backbone, MemWeaver still achieves the
best performance across all question categories,
indicating that its gains are not attributable to back-
bone choice. Compared with A-Mem, MemWeaver
yields substantial improvements on the more
reasoning-intensive categories, most notably on
Temporal questions (F1: 55.52 vs. 41.36; BLEU-1:
45.36 vs. 31.90; RGE-2: 26.97 vs. 15.67), while
also improving Multi-Hop (F1: 31.35 vs. 31.13)

and Single-Hop (F1: 45.19 vs. 41.58). In con-
trast, MemoryBank performs poorly across all cat-
egories (e.g., Temporal F1: 2.43), suggesting that
flat retrieval over unstructured memories is insuf-
ficient even under a strong backbone, whereas
MemWeaver benefits from temporally grounded
and structured retrieval.

D.4 Additional Baseline Comparison

To broaden the comparison with recent memory-
oriented methods, we additionally include
MemGPT (Packer et al., 2023) as an extra baseline
under the Qwen2.5-1.5B backbone. As shown in
Table 6, MemWeaver consistently outperforms
MemGPT across all four question categories
on LoCoMo, with especially clear gains on
Multi-Hop and Temporal questions. These results
further verify the advantage of MemWeaver over
additional memory-oriented baselines.

D.5 Comparison Results

Across backbones, MemWeaver consistently im-
proves both exact-match and semantics-aware met-
rics. As shown in Table 7, under GPT-40-mini,
MemWeaver achieves the best EM across all four
categories (e.g., Temporal: 11.21; Single-Hop:
16.77) and ranks first overall for both EM and
METEOR (1.00/1.50). Similar trends hold for
smaller backbones such as Qwen2.5-1.5B, where
MemWeaver substantially increases EM on Tempo-
ral (8.10) and Single-Hop (12.96), again achieving
the top overall ranking.

Beyond exact matching, Table 8 shows that
MemWeaver also yields strong gains on sequence-
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level and semantic similarity metrics. In particu-
lar, it consistently achieves the highest ROUGE-
L and SBERT scores across most categories and
backbones (e.g., GPT-40-mini Temporal: ROUGE-
L 49.98, SBERT 76.03; Qwen2.5-1.5B Temporal:
ROUGE-L 44.67, SBERT 72.69), indicating that
its answers are not only more precise but also more
semantically aligned with the references. Together,
these results suggest that MemWeaver improves
both factual exactness and semantic faithfulness
across diverse backbone capacities.

D.6 Results on the Adversarial Dataset

On the LoCoMo adversarial task, MemWeaver con-
sistently outperforms MemoryBank and A-Mem
across all metrics with GPT-40 mini. In particu-
lar, MemWeaver achieves over 10% gains in EM
and large improvements in F1, ROUGE-2, and
ROUGE-L, indicating stronger robustness under
adversarial perturbations. These results suggest
that MemWeaver is more resilient to misleading or
conflicting memory signals, preserving both factual
correctness and semantic alignment. Overall, the
consistent improvements across exact-match and
generation-based metrics validate the effectiveness
of MemWeaver’s structured memory consolidation
in adversarial settings.

D.7 Case Study and Failure Analysis

To qualitatively compare MemWeaver with A-
Mem, we present four representative examples
from different question types. These examples
highlight three main strengths of MemWeaver.

(i) Multi-Hop compositional reasoning:
MemWeaver leverages graph-based compositional
retrieval to connect evidence scattered across
multiple sessions, enabling implicit relational
chains for multi-hop reasoning.

(ii) Temporal grounding: By explicitly stor-
ing normalized time information in memory,
MemWeaver can return grounded timestamps
rather than unresolved relative expressions, which
is important for temporal reasoning.

(iii) High-precision memory retrieval:
MemWeaver improves retrieval precision by
jointly leveraging structured triples and evidence-
linked passages, which helps preserve complete
and accurate supporting context for both factual
and open-domain questions.

Overall, these examples show that MemWeaver
produces answers that are more specific, temporally

grounded, and better aligned with the underlying
evidence.

To further analyze failure modes, we additionally
construct an ablation variant, MEMWEAVERO, in
which three core mechanisms are removed: session-
level review, temporal normalization, and the LLM-
based coherence check. To focus on represen-
tative differences, we compute a weighted score
0.45-F1 + 0.35- ROUGE-L + 0.2 - BLEU-1, and
define a question as discriminative when the score
gap between MemWeaver and MEMWEAVERO is
at least 0.4. Under this criterion, we identify 217
discriminative failure cases. Among them, Tempo-
ral Grounding Failure accounts for 45.16%, Mem-
ory Strand Selection Error for 38.71%, Incomplete
Constraint Integration for 10.14%, and Memory
Conflict Resolution Failure for 5.99%.

Temporal Grounding Failure. Without tempo-
ral normalization, relative time expressions can be
incorrectly anchored to nearby conversation times-
tamps. For example, for the question “When did
Caroline and Melanie go to a pride festival to-
gether?”, the retrieved knowledge includes “last
year,” while nearby passages are dated 2023. With-
out normalization, the system incorrectly outputs
2023 instead of the correct year 2022. Explicitly
resolving relative expressions into absolute time
nodes stabilizes this type of reasoning.

Memory Strand Selection Error. Without
session-level review, predicate-level distinctions
across turns can be missed, leading to the selection
of the wrong memory strand. For example, for
“When did Melanie sign up for a pottery class?”,
the retrieved context contains both a participation
event on Aug 25, 2023 and a sign-up event on Jul
2, 2023. Without sufficient strand verification, the
model selects the attendance-related evidence and
returns the incorrect date.

Incomplete Constraint Integration. Some fail-
ures arise when retrieved evidence is partially cor-
rect but the generated answer does not fully satisfy
the query constraints. For instance, for “Did Jon
and Gina both participate in dance competitions?”,
the evidence supports participation for both individ-
uals, but the answer only mentions Gina. This type
of error becomes more likely when session-level
review and coherence checking are removed.

Memory Conflict Resolution Failure. When
multiple similar events coexist in memory, remov-
ing temporal anchoring and strand-level verifica-
tion can lead to incorrect event selection. For ex-
ample, for “When did Nate take his turtles to the
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Category | Overall

Model Method

Multi-Hop Temporal Open-Domain Single-Hop Ranking
EM METEOR EM METEOR EM METEOR EM METEOR | EM METEOR

LoCoMo 0.35 15.56 0.00 9.87 2.08 7.67 6.54 39.75 3.50 2.00

GPT MemoryBank | 0.00 7.57 0.00 3.95 2.08 7.26 0.00 13.04 425 425
Ao-mini ReadAgent 0.35 5.46 0.00 4.76 0.00 3.69 0.00 8.01 425 475
A-Mem 1.77 13.74 3.74 19.35 4.17 8.65 9.27 32.79 2.00 2.50
MemWeaver | 4.26 14.20 11.21 25.25 6.25 9.70 16.77 33.46 1.00 1.50

LoCoMo 0.71 4.71 0.00 3.17 1.04 4.57 0.71 9.47 3.25 3.25

Llama3.2 MemoryBank | 0.00 6.51 0.00 2.30 0.00 6.39 0.00 11.15 4.63 2775
3B ReadAgent 0.00 1.21 0.62 2.33 1.04 3.39 0.00 2.46 3.63 475
A-Mem 0.71 5.61 0.62 4.42 1.04 3.51 3.92 16.68 2.50 2.50
MemWeaver | 1.06 6.60 2.49 5.48 2.08 3.98 5.35 16.26 1.00 1.75

LoCoMo 0.71 5.92 0.00 5.81 3.12 7.25 1.07 10.77 1.75 3.00
Llama3.2 MemoryBank | 0.00 6.06 0.00 1.76 1.04 6.66 0.00 9.27 3.00 3.75
1B ReadAgent 0.00 2.97 0.00 1.31 1.04 7.13 1.07 5.36 275 4.75
A-Mem 0.00 5.97 0.62 7.50 0.00 7.26 0.00 12.33 3.00 2.00
MemWeaver | 0.00 6.11 0.62 8.23 4.17 7.21 1.78 13.14 1.25 1.50

LoCoMo 0.35 6.01 0.00 3.74 1.04 9.44 1.07 13.48 3.25 3.25

Qwen2.5 MemoryBank | 0.00 7.58 0.00 3.49 0.00 7.06 0.00 14.08 4.63 3.75
-L5B ReadAgent 0.00 3.67 0.00 1.88 1.04 8.97 0.71 5.52 3.88 4.50
A-Mem 0.71 8.14 1.25 7.01 1.04 7.51 3.80 20.55 2.25 2.50
MemWeaver | 2.84 11.34 8.10 20.84 7.29 10.99 12.96 25.66 1.00 1.00

Table 7: Experimental results on the LoCoMo dataset across four question types (Multi-Hop, Temporal, Open-
Domain, and Single-Hop). Results are reported in EM and METEOR (%). EM denotes Exact Match. Note that due
to the strictness of the EM metric, some methods receive zero scores in certain categories. Best results within each
backbone are in bold, and MemWeaver is highlighted in gray. Ranking indicates the average rank across categories
(Rank 1 is best; lower is better), computed separately for EM and METEOR.

Category | Overall
Model Method
Multi-Hop Temporal Open-Domain Single-Hop Ranking
RGE-L SBERT RGE-L SBERT RGE-L SBERT RGE-L SBERT | RGE-L SBERT
LoCoMo 24.88 45.78 23.09 40.56 16.65 40.09 39.77 51.85 2.25 2.50
GPT MemoryBank | 5.08 32.25 4.21 26.10 5.06 32.79 6.92 32.04 5.00 4.25
do-mini ReadAgent 9.45 28.67 13.12 45.07 5.76 26.72 9.92 26.78 4.00 4.50
A-Mem 22.41 45.44 38.38 67.86 13.93 36.89 35.75 50.73 275 2.75
MemWeaver | 25.68 46.51 49.98 76.03 22.44 42.71 40.82 54.63 1.00 1.00
LoCoMo 9.01 27.33 7.45 18.84 7.35 28.76 12.31 26.33 3.00 4.00
Llama3.2 MemoryBank | 3.85 31.53 1.52 19.65 3.08 32.10 5.29 31.68 4.50 2.50
3B ReadAgent 1.78 17.40 3.01 12.02 522 19.63 2.51 14.63 4.50 5.00
A-Mem 19.05 38.51 1543 30.57 7.73 30.47 28.90 41.72 2.00 1.75
MemWeaver | 20.22 38.82 19.41 34.53 11.37 29.35 34.26 44.61 1.00 1.75
LoCoMo 11.06 30.65 15.54 46.56 13.23 37.84 14.63 31.55 3.25 3.25
Llama3.2 MemoryBank | 3.68 29.62 1.58 17.25 4.51 31.30 5.20 26.39 5.00 4.75
1B ReadAgent 6.49 29.26 4.62 26.45 14.29 39.19 8.03 26.44 3.50 4.00
A-Mem 11.53 3517 17.35 50.99 13.74 42.88 20.29 34.46 2.25 1.50
MemWeaver | 13.99 34.08 26.71 58.69 15.17 40.60 23.92 36.83 1.00 1.50
LoCoMo 10.42 29.68 7.45 25.59 12.12 35.66 12.70 30.14 3.00 3.75
Qwen2.5 MemoryBank | 5.70 31.33 3.02 18.83 4.75 31.22 8.11 31.84 4.50 4.00
\15B ReadAgent 7.14 28.20 2.81 27.27 12.63 35.13 7.88 26.33 4.00 4.25
A-Mem 14.69 36.91 24.32 60.23 10.93 37.22 21.63 38.44 2.50 2.00
MemWeaver | 21.29 47.66 44.67 72.69 18.81 43.41 34.04 48.67 1.00 1.00

Table 8: Experimental results on the LoCoMo dataset across four question types (Multi-Hop, Temporal, Open-
Domain, and Single-Hop). Results are reported in RGE-L and SBERT (%). RGE-L denotes ROUGE-L. Best results
within each backbone are in bold, and MemWeaver is highlighted in gray. Ranking indicates the average rank across
categories (Rank 1 is best; lower is better), computed separately for RGE-L and SBERT.
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Figure 10: Model scaling results on Qwen3-1.7B, 4B, and 8B backbones. Each panel reports the F1 performance
across backbone scales for one LoCoMo question category, comparing LoCoMo, MemoryBank, A-Mem, and
MemWeaver. Lines indicate how each method’s category-level F1 changes as the backbone model size increases.

Metric ‘ MemoryBank A-Mem MemWeaver
EM 26.68 22.42 37.00
F1 29.13 25.14 72.20
ROUGE-2 24.78 20.88 70.83
ROUGE-L 29.03 25.39 72.22
BLEU-1 28.46 24.36 64.61

Table 9: Results on the LoCoMo Adversarial category
using GPT-40 mini. All scores are reported as percent-
ages (%). Best results are in bold, and MemWeaver is
highlighted in gray.

beach?”, the retrieved context contains both a gen-
eral outing event on Oct 25 and a beach event on
Nov 10. Without explicit disambiguation, the sys-
tem outputs the former instead of the correct latter
date.

These analyses suggest that the three mecha-
nisms play complementary roles: temporal normal-
ization supports chronological grounding, session-

level review improves strand consistency, and co-
herence checking promotes semantic completeness.
Together, they reduce wrong-strand retrieval and
unresolved memory conflicts, leading to more ro-
bust long-horizon reasoning.

D.8 Model Scaling Analysis

Figure 10 shows that MemWeaver generally out-
performs the baselines across Qwen backbones of
different scales on all question categories. Overall,
MemWeaver demonstrates stable and competitive
performance as the backbone model size varies.
To further examine whether this advantage per-
sists under a larger-capacity backbone, we addi-
tionally evaluate MemWeaver on Qwen2.5-32B-
Instruct and compare it with A-Mem. As shown
in Table 11, MemWeaver continues to outperform
A-Mem across all question categories, with partic-
ularly clear gains on reasoning-intensive settings
such as Multi-Hop and Temporal. These results
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Category Question A-Mem MemWeaver (Ours) Reference
Multi-Hop What Jon thinks the ideal dance stu- A place  where By the water. By the water, with
dio should look like? people can express natural light and Mar-
themselves through ley flooring.
dance.
Temporal When is Jon’s group performing at  Next month. February, 2023. February, 2023.
a festival?
Open-Domain  What would Caroline’s political LGBTQ activist  Likely liberal. Liberal.
leaning likely be? group,  passionate
about rights and
community support.
Single-Hop What kind of flooring is Jon looking  The context does not ~Marley flooring. Marley flooring.

for in his dance studio?

specify what kind of
flooring Jon is look-
ing for in his dance
studio.

Table 10: Case study examples comparing A-Mem and MemWeaver across four question types.

Multi-Hop Temporal Open-Domain  Single-Hop
Model Method ‘ F1 BLEU F1 BLEU F1 BLEU F1 BLEU
Qwen2.5-32B A-Mem 17.04 13.84 2539 2289 896 7.34 2852 2239
’ MemWeaver | 23.32 1844 48.68 41.48 18.04 16.46 37.35 33.16

Table 11: Experimental results on the LoCoMo dataset with the Qwen2.5-32B backbone. Results are reported in F1
and BLEU-1 (%). Best results are shown in bold, and MemWeaver is highlighted in gray.

further confirm that the advantage of MemWeaver
is not limited to smaller models, but remains con-
sistent as backbone scale increases.

D.9 Human Evaluation Details

We conduct a human evaluation to assess the qual-

ence answer. The annotators come from diverse
geographic regions, with three based in Asia and
two based in Oceania. We report the average help-
fulness rate across the five annotators. Annotators
are compensated at a rate of $0.10 per annotation,
for a total of $50 in human evaluation costs.

ity of retrieved knowledge, focusing on whether
the retrieved evidence is sufficient to answer the
question correctly. Following prior work, we ran-
domly sample 25 questions per category (Multi-
Hop, Temporal, Open-Domain, and Single-Hop)
from the LoCoMo dataset.

For each question, annotators are provided with:

* The question,

* The knowledge retrieved by the memory sys-
tem, and

* The ground-truth reference answer.

We recruit five NLP experts who are Master’s
or PhD students actively working in the NLP field,
with research experience in retrieval-augmented
generation and LLM agents. Each question is inde-
pendently annotated by all five experts. Annotators
are asked to make a binary judgment (helpful / not
helpful) indicating whether the retrieved knowledge
contains sufficient information to derive the refer-
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E

Algorithm

E.1 Memory Construction

Algorithm 1 KG Writing and Maintenance

Require: New dialogue unit z; = (g;, a;, s;,t;), KG G
Ensure: Updated KG G and triple index Zr

1:

,_
=4

R A O S i

Create passage node p; with text and metadata (s, ¢;)
V LLM((L‘Z | Pent)
R < LLM(z;,V | Prel)
for all r = (h, p,u) € R do
t < n(x;,r); attach metadata m(r)
Insert/merge entity nodes; add semantic edge r into G
end for
Link p; to involved entities via structural edges
Q2 < LLM(G, session | Preview)
Apply €2; remove redundant relations; rebuild Z7

> entities
> candidate triples
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Algorithm 2 Experience Induction and Online Update

Require: New dialogue unit z;; clusters {C;} with centers {y;}; pending buffer B; thresholds
(Thigh, Tlow ); candidate shortlist size K'; update trigger B,qq; recluster window B
Ensure: Updated clusters {C}}, centers {1; }, and experience items £
1: e; < ¢(text(x;))
2: j* «— arg max; cos(e;, ft); §* < max; cos(e;, ;)
3. if s* > Thigh then

4: Cj* — Cj* U {x,}

5: add_buffer(Cjx) < add_buffer(Cj~) U {x;}
6: else if 7, < s* < Thigh then

7: ‘;7(%) — TopK({uj}, 62~)

8: J < LLM(x, {(center_text;, Sj)}jcs(x,) | Proute)
9: if 7 # none then

10: Cj — Cj U {{El}

11: add_buffer(C}) < add_buffer(C;) U {z;}
12: else

13: B+ BU{x;}

14: end if

15: else

16: B <+ BU{x;}

17: end if

18: for all clusters C; with |add_buffer(C})| > Bagq do
9 1y e Yaee, dltext(2))
20: center_text; <— LLM(C} | Pyum)
21: gj — LLM(C] ‘ Rnd)
22: &; « Filter(&;)
23: clear add_buffer(C})
24: end for
25: if |B| > By then
26: {C}.} « DBSCAN(B); clear B
27: for all candidate clusters Cj, do
28: b LLNI(C]/C | Pcoh)
29: if b, = yes then

30: Chew < C},

31 Hnew <— ‘C’Tleﬂ ZxGCncw ¢(teXt(x>)

32: center_textpeyw < LLM(Chew | Psum)
33: Enew — LLM(CneW | Pind)

34: Enew  Filter(Epew)

35: else

36: B+ BUC,

37: end if

38: end for

39: end if
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E.2 Retrieval and Reasoning

Algorithm 3 Inference Retrieval and Context Assembly

Require: Query Q; triple index Zr; graph G (with attached passage/experience nodes); Passage Memory
P; budgets (k,, kp, ke)

Ensure: (CKg,CTXT)

I: Reeed < Retrieve(Zr, Q, k)

Reand < Expand(G, Reseeds 1)

Rcand «— Fﬂter(Rcanda Q)

Rim < LLM(Q: Recand | Pselect)

R* < Rum U TOpk:r (Rcand§ Q)

R* < Deduplicate(R*)

Prg  Collect(G, R*, passage)

g + Collect (G, R*, experience)

Palob < Retrieve(P, Q, kp)

P* < RankDedup(Pxg U Pgiob, Q)

: £ <= RankDedup(&xq, Q)

: Ckg < Serialize(R*)

: Cpxr < Assemble( f:k,;’ gf:ke) return (Ckg, Crxr)

R A A

—
W = O
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