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Abstract

While large language models have achieved re-
markable performance in complex tasks, they
still need a memory system to utilize historical
experience in long-term interactions. Existing
memory methods (e.g., A-Mem, Mem0) place
excessive emphasis on organizing interactions
by frequently rewriting them, however, this
heavy reliance on summarization risks diluting
essential contextual nuances and obscuring key
retrieval features. To bridge this gap, we intro-
duce AnchorMem, a novel memory framework
inspired by the Proust Phenomenon in cogni-
tive science, where a specific anchor triggers a
holistic recollection. We propose a method that
decouples the retrieval unit from the genera-
tion context. AnchorMem extracts atomic facts
from interaction history to serve as retrieval an-
chors, while preserving the original context as
the immutable context. To reveal implicit nar-
rative cues, we construct an associative event
graph that uses higher-order event links that
bind sets of related facts into shared event rep-
resentations, strengthening cross-memory in-
tegration without relying on generic entities
as bridges. During retrieval, the system an-
chors queries to specific facts and events to
locate relevant memories, but reconstructs the
context using the associated raw chunks and
events. Our method reconciles fine-grained re-
trieval with the contextual integrity of interac-
tions. Experiments across three closed-source
and open-source models on the LoCoMo bench-
mark demonstrate that AnchorMem signifi-
cantly outperforms baselines. Code is available
at https://github.com/szu-tera/AnchorMem.

1 Introduction

Although large language models (LLMs; OpenAI,
2023; Deepseek-AI, 2025) have demonstrated re-
markable capabilities in single-turn inference and
generation tasks, their stateless nature remains a
primary bottleneck hindering their application in
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long-term, complex interactions (Wu et al., 2025).
While extending context windows can partially mit-
igate context loss, this approach incurs substan-
tial computational costs and leaves LLMs suscep-
tible to the Lost-in-the-Middle phenomenon dur-
ing long-term, multi-turn interactions (Liu et al.,
2024; Laban et al., 2025). Memory systems en-
able LLMs to aggregate and synthesize relevant
cues in a training-free manner, facilitating contin-
ual adaptation during interactions with the environ-
ment. Such capabilities are paramount for main-
taining consistency across prolonged interactions
or complex tasks (Kang et al., 2025).

Recent work, motivated by principles from hu-
man cognition (Fang et al., 2025; Gutiérrez et al.,
2025) and knowledge management (Xu et al., 2025;
Kang et al., 2025), increasingly designs mem-
ory for LLMs in a hierarchical manner, separat-
ing storage, consolidation, and retrieval to sup-
port long-horizon behavior. However, these ap-
proaches encounter significant limitations in main-
taining contextual integrity and retrieval precision
during dynamic interactions. Generative memory
systems, such as A-Mem (Xu et al., 2025) and
Mem0 (Chhikara et al., 2025), typically employ
a “retrieve-and-rewrite” mechanism to consolidate
new information. As illustrated in Figure 1 (a),
this frequent rewriting effectively compresses his-
tory but may inadvertently result in contextual blur-
ring, where specific nuances of the original context
are diluted or lost through repetitive summariza-
tion. Alternatively, graph-based indexing strate-
gies (Edge et al., 2024; Gutiérrez et al., 2025) excel
at structuring heterogeneous knowledge sources by
explicitly modeling entity relationships. However,
within interaction data, this method risks establish-
ing spurious connections driven by high-frequency
but semantically generic entities. As shown in Fig-
ure 1 (b), common terms (e.g., “oil”) may act as
misleading bridges, guiding the retrieval algorithm
to traverse incorrect paths and conflate unrelated
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 User: I'm allergic to peanuts. Please avoid peanut oil.  Assistant: Got it, no
peanuts, no peanut oil. User: Yesterday I ate satay and got hives.

Query: What oil can I use
instead of peanut oil?

(a) Frequent Rewriting Memory (b) Graph-based Indexing (c) AnchorMem (Ours)

peanuts

peanuts
oil

allergy

hives

oil

delicious

sunflower
oil

satay

Sunflower oil
tasted good

Avoid
peanut oil

Allergic to
peanuts

Allergic reaction after satay,
may contain peanuts.

Prefer sunflower oil, avoid
peanut oil.

Satay caused
hivesRaw

Context

Add ; Rewrite  : peanut allergy; av-
oid peanut oils; prefer mild-flavored oil.

Original  : Sunflower oil was delicious
and mild-flavored.

Add ; Rewrite  : Nut allergy; avoid
nut-based oil; prefer mild oils.

Add ; Rewrite  : Had hives after
satay; avoid oily foods; prefers mild oils.

Answer：You should avoid oily
foods, and can try mild oils.

mild-
flavored

peanut oil allergy hives
peanut oil  oil satay hives

Graph Traversal:

 User: I cooked with sunflower oil once, it was delicious
and mild-flavored.

Prefer sunflower oil, avoid peanut oil.

User: I'm allergic to peanuts. Please
avoid peanut oil.

Extract
Fact

Fact Connect & 
Event Integration

Finding
Memory

Figure 1: Comparison of memory paradigms. (a) Frequent rewriting overwrites context, (b) graph-based indexing
relies on graph traversal with noisy links, while (c) AnchorMem anchors retrieval on atomic facts and events and
reconstructs responses using the associated original context, preserving contextual integrity. represents an atomic
fact. represents a related memory.

events.
To address these issues, we propose An-

chorMem, a framework inspired by the cognitive
theory of Involuntary Autobiographical Memory
(IAM; Berntsen, 2010, 2021). Often popularized
as the Proust Phenomenon, where the specific taste
of a madeleine involuntarily evokes a vivid, vol-
umetric recollection of the past, this concept sug-
gests that precise, concrete cues can effectively
index complex episodic experiences (Conway and
Pleydell-Pearce, 2000). Mimicking this mecha-
nism, AnchorMem decouples the retrieval unit
from the generation context. We extract discrete
atomic facts from history to serve as retrieval an-
chors, while retaining the associated raw context as
the immutable memory content, as shown in Fig-
ure 1 (c). This design mitigates the aforementioned
limitations. By anchoring on specific facts, we
avoid the spurious connections caused by generic
entities in graph indexing. Furthermore, by con-
structing a global associative event graph, we effi-
ciently establish logical connections across distinct
memories. This strategy allows for the integration
of fragmented information without the need for
frequent, destructive rewriting.

We evaluate AnchorMem on the long-term in-
teractions benchmark LoCoMo (Maharana et al.,
2024). Extensive experiments across three open-
source and closed-source models demonstrate that
our approach achieves significant performance

improvements under various evaluation metrics,
markedly surpassing existing baselines such as
the memory system LightMem (Fang et al., 2025)
and the RAG-based HippoRAG 2 (Gutiérrez et al.,
2025). Meanwhile, by circumventing the need
for frequent rewriting, AnchorMem achieves the
fastest memory construction speed among all com-
pared methods while maintaining a balanced token
consumption.

2 Related Work

Generative Memory Systems. Memory systems
aim to simulate human cognition by integrating his-
torical interactions into an external store for long-
horizon coherence and personalization (Zhang
et al., 2025; Mei et al., 2025). Early explorations
such as MemGPT (Packer et al., 2024) and Mem-
oryBank (Zhong et al., 2024) primarily extended
limited context windows via summarization, re-
trieval, and time-aware decay mechanisms, but of-
ten lacked robust knowledge fusion across turns
and topics. Recent work emphasizes more struc-
tured organization and continual evolution. A-
Mem (Xu et al., 2025) transforms interactions into
structured notes and uses retrieval to drive note link-
age and evolution, while Mem0 (Chhikara et al.,
2025) performs fine-grained extraction and state
updates over specific interaction fragments. In-
spired by system-level memory management, Mem-
oryOS (Kang et al., 2025) organizes memories into
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a three-tier hierarchy (short-, mid-, long-term) and
coordinates storage, updating, retrieval, and gen-
eration; LightMem (Fang et al., 2025) filters re-
dundant interaction content via lightweight com-
pression, then groups the remaining turns by topic
and produces topic-wise summaries for memory
construction.

Mainstream generative memory systems rely on
LLM-driven rewriting, which can blur contextual
nuances and introduces additional maintenance
overhead during long interactions. In contrast, our
method avoids frequent rewriting by using atomic
facts as retrieval anchors while preserving the orig-
inal context as immutable generation context.
Pre-Retrieval Indexing. Retrieval-Augmented
Generation (RAG) enhances LLMs by retrieving
external text evidence to ground generation (Lewis
et al., 2020; Gao et al., 2023). Standard RAG
splits long texts into fixed-length chunks and em-
beds them for similarity search, however, when the
chunk itself simultaneously serves as the retrieval
unit and the generation context, segmentation in-
evitably cuts through semantically related informa-
tion (Duarte et al., 2024; Yu et al., 2024; Qu et al.,
2025). To mitigate fragmentation, graph-based in-
dexing constructs explicit structures (e.g., entity-
relation graphs) to connect information units before
retrieval. GraphRAG builds an entity knowledge
graph and derives higher-level summaries from
detected communities (Edge et al., 2024), while
LightRAG simplifies this pipeline and retrieves
from both low- and high-level graph views for effi-
ciency (Guo et al., 2025). HippoRAG 2 (Gutiérrez
et al., 2025) uses an entity graph mainly as an asso-
ciativity signal to rerank dense retrieval results.

Pre-retrieval indexing based on chunking can
lose narrative continuity, while entity-centric triples
are often context-poor for interaction memories and
may introduce spurious links. AnchorMem anchors
retrieval on atomic facts but reconstructs context
from the associated raw context and events.

3 Preliminaries

Let the interaction content be denoted as C =
{C1, C2, . . . , CT }, where each Ci represents a dis-
crete unit of interaction content. We formalize three
paradigms of memory construction.
Definition 1: Frequent Rewriting Memory. This
paradigm processes interactions sequentially to
maintain a discrete set of memoriesM. At time
step t, a tentative memory unit M∗

t is extracted

from the content Ct. The system then retrieves
a subset of relevant existing memories Mret ⊂
Mt−1. An LLM-based functionR determines how
to rewrite the memories and generates:

Mt = (Mt−1 \Mret) ∪R(M∗
t ,Mret). (1)

Here,R outputs the updated set of memories, po-
tentially modifying or merging M∗

t and elements
of Mret.
Definition 2: Graph-based Indexing. This ap-
proach structures knowledge by extracting entities
(e) and semantic relations (rkg) from the content x.
The knowledge graph constructed as:

GKG =
⋃

x∈C
(Extract(x) ∪ {(e, rsrc, x∗)}) , (2)

where Extract(x) produces triplets {(ei, rkg, ej)}.
The tuple (e, rsrc, x

∗) denotes an optional prove-
nance edge linking entities back to their source
node x∗.
Definition 3: AnchorMem. We formulate An-
chorMem as a heterogeneous graph G = (V, E),
where the node set comprises Interaction Contexts
VC , Atomic Facts VF , and Associative Events VE :

V = VC ∪ VF ∪ VE . (3)

The edge set E is composed of mapping and simi-
larity relations:

E = Emap ∪ Eassoc, (4)

where Emap represents a surjective mapping link-
ing atomic facts to their immutable source contexts
(VF → VC), and Eassoc denotes semantic connec-
tions between atomic facts (VF ×VF ). This formu-
lation reconciles the granularity of atomic retrieval
with the fidelity of the raw interaction context.

4 Method

Drawing on the Proust Moment, we propose An-
chorMem, a memory framework designed to rec-
oncile the specificity of atomic facts with the con-
textual integrity required for long-term interaction.
We construct interaction contents into Fact-Context
Units (FCUs; §4.1). These units form the founda-
tion of the Associative Event Graph (AEG; §4.2),
allowing retrieval to anchor on specific details
while reconstructing the narrative volume. Our
retrieval mechanism (§4.3) leverages these struc-
tures to anchor queries on specific facts or events,
subsequently recovering the complete, immutable
context for generation.
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 User: "I'm allergic to peanuts. Please
avoid peanut oil."

 User: "I cooked with sunflower oil o-
nce, it was delicious and mild-flavored."

: Cooked with sunflower oil.

: Sunflower oil was delicious and
mild-flavored.

: Allergic to peanuts.

: Avoid peanut oil.

 Assistant: "Got it, no peanuts, no pe-
anut oil."

 User: "Yesterday I ate satay and got
hives."

: No peanut oil.

: Ate satay yesterday.

: Got hives yesterday.

: Satay caused hives.

Extract
Fact

: Allergic reaction after sa-
tay, may contain peanuts.

: Prefer sunflower oil, av-
oid peanut oil.

(b) Associative Event Graph(a) Fact-Context Construction

Interaction
Content

Fact
Vector Base

Event
Vector Base

Event 
Vector Base

Query
Event Retrieval

Fact Retrieval
...

...

(c) Memory
Retrieval Answer

Generation

Fact  from Content 

Content Event 

Fact-Context Units

Event Integration

Fact
Connection

Figure 2: The overview of the AnchorMem framework. (a) Fact-Context Construction extracts atomic facts
from interactions to serve as retrieval anchors for the immutable context. (b) Associative Event Graph integrates
fragmented context into associative events. (c) Memory Retrieval constructs the memory using anchored facts and
associative events for generation.

4.1 Fact-Context Construction
The foundation of AnchorMem lies in the construc-
tion of Fact-Context Units, which decouple storage
into atomic retrieval units and immutable narrative
contexts, as shown in Figure 2 (a). Unlike methods
that rewrite history into summaries, we maintain
the interaction content Ci ∈ VC as the ground truth
and extract atomic facts to serve as searchable in-
dices.

For each incoming interaction content Ci, we de-
rive a set of atomic facts Fi by prompting the LLM
π with an extraction prompt pext (Appendix B.1):

Fi = π(pext, Ci) = {fi,1, fi,2, . . . , fi,n}, (5)

where each fi,n is a concise statement represent-
ing a specific detail derived from the interaction
context. We then update the global set of fact
nodes VF ← VF ∪ Fi. We define a surjective
mappingM(fi,n) = Ci that binds each extracted
fact f ∈ Fi to the current context Ci. This map-
ping formally constitutes the mapping edges in our
graph, denoted as:

Emap = {(M(f), f) | f ∈ VF }. (6)

This mapping ensures that any retrieved fact acts
as an anchor, immediately directing the system to
the original, immutable context.

4.2 Associative Event Graph

To capture high-level and cross-context relation-
ships, we construct Associative Events nodes VE
by clustering atomic facts, as shown in Figure 2 (b).
While atomic facts provide specificity, events inte-
grate fragmented details into coherent narratives.
Fact Connection. We first identify latent connec-
tions by computing the pairwise cosine similarity
between the embeddings vf of all facts f ∈ VF .
The affinity between two facts fi and fj implies a
semantic edge in Eassoc defined as:

sim(fi, fj) =
vfi · vfj

∥vfi∥∥vfj∥
. (7)

To form a candidate clusterNi for fi, we retrieve
the top-N neighbors that satisfy the similarity con-
straint:

Ni = Top-N
fj∈VF \{fi}

{fj | sim(fi, fj) > τ} ∪ {fi},

(8)
where τ is an inter-fact similarity threshold. To
avoid excessive integration, we prune the candi-
date set by calculating the maximum overlapping
content Omax:

Omax = max
C∈VC

|{f ∈ Ni | M(f) = C}|, (9)
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Method
Single Hop Multi Hop Open Domain Temporal Average

F1 BLEU ACC F1 BLEU ACC F1 BLEU ACC F1 BLEU ACC F1 BLEU ACC

GPT-4o-mini

NaiveRAG 40.20 31.56 57.55 20.41 14.81 39.36 10.91 10.01 34.38 32.07 25.56 34.27 33.06 25.90 47.92
HippoRAG 2 (Gutiérrez et al., 2025) 46.08 32.66 66.11 30.65 21.58 55.67 24.87 17.11 50.00 51.73 36.75 59.50 43.11 30.52 61.82
Mem0∗ (Chhikara et al., 2025) 47.65 38.72 72.93 38.72 27.13 67.13 28.64 21.58 51.15 48.93 40.51 55.51 45.10 35.90 66.88
Mem0 (Chhikara et al., 2025) 29.69 24.59 45.54 20.33 13.28 30.85 14.90 10.22 28.12 39.38 32.85 33.96 29.07 23.34 39.31
A-Mem (Xu et al., 2025) 35.84 29.22 57.40 23.19 16.71 42.91 9.06 8.34 23.96 38.40 33.72 51.09 32.39 26.57 51.35
MemoryOS∗ (Kang et al., 2025) 48.62 42.99 - 35.27 25.22 - 20.02 16.52 - 41.15 30.76 - 42.84 35.53 -
MemoryOS (Kang et al., 2025) 38.53 33.90 55.65 35.89 27.41 56.74 22.95 17.85 42.71 22.46 20.84 23.36 33.73 28.99 48.31
LightMem (Fang et al., 2025) 44.48 35.49 67.18 29.04 20.17 50.00 23.81 18.09 41.67 50.92 38.06 64.80 41.71 32.14 61.95

AnchorMem (Ours) 55.84 44.38 78.60 34.45 23.87 56.03 25.38 17.91 47.92 55.09 43.79 68.85 49.87 38.85 70.52
AnchorMem (Ours)† 58.11 46.26 82.16 36.79 24.57 63.83 26.34 16.72 51.04 56.60 45.34 67.60 51.91 40.25 73.83

Qwen2.5-32B-Instruct

NaiveRAG 43.12 38.34 59.57 23.89 17.38 42.20 14.19 11.84 34.38 30.75 25.36 33.33 35.16 30.09 49.35
HippoRAG 2 (Gutiérrez et al., 2025) 38.11 26.13 62.66 27.83 20.29 56.38 23.26 16.02 42.71 43.64 32.52 56.07 36.45 25.76 58.90
Mem0 (Chhikara et al., 2025) 24.30 20.42 36.75 17.51 12.46 29.43 14.81 11.48 31.25 32.80 27.20 31.15 24.24 19.81 33.88
A-Mem (Xu et al., 2025) 35.34 31.39 47.56 25.56 17.98 43.62 11.96 10.79 28.12 29.72 25.37 34.58 30.92 26.40 42.92
MemoryOS (Kang et al., 2025) 38.53 33.90 55.65 35.89 27.41 56.74 22.95 17.85 42.71 24.46 20.84 23.36 34.14 28.99 48.31
LightMem (Fang et al., 2025) 42.55 35.42 64.33 29.71 23.40 50.71 15.58 12.06 40.63 41.23 31.40 61.99 38.24 30.93 59.87

AnchorMem (Ours) 57.82 49.76 78.83 35.53 25.71 58.51 25.62 19.95 44.79 53.12 45.26 62.31 50.57 42.54 69.54

Qwen2.5-7B-Instruct

NaiveRAG 40.43 35.27 59.45 23.76 18.15 45.04 15.67 13.17 42.71 27.41 23.83 25.55 33.12 28.37 48.70
HippoRAG 2 (Gutiérrez et al., 2025) 27.00 18.34 67.78 19.30 15.32 54.96 16.70 13.14 53.13 26.04 18.40 42.68 24.75 17.48 59.26
Mem0 (Chhikara et al., 2025) 27.03 23.31 37.11 18.69 13.92 30.85 12.89 9.94 26.04 25.37 20.35 21.81 24.25 20.11 32.05
A-Mem (Xu et al., 2025) 38.93 33.95 58.33 23.70 16.62 46.81 15.34 12.71 38.54 32.87 27.55 28.66 33.41 28.12 48.80
MemoryOS (Kang et al., 2025) 32.62 28.17 51.72 25.94 19.10 40.07 18.94 14.81 35.42 25.87 21.60 17.45 29.14 24.31 41.43
LightMem (Fang et al., 2025) 41.34 35.30 59.93 28.55 21.90 46.81 19.56 17.38 34.38 38.37 28.26 40.81 37.02 30.26 51.95

AnchorMem (Ours) 54.32 45.46 72.89 34.50 24.45 55.67 18.40 15.37 38.54 43.85 31.65 40.81 46.27 36.86 60.91

Table 1: Performance comparison of various methods on the LoCoMo dataset. Among the related methods, the best
results in each column are in bold, and the second-best results are underlined. The ∗ refers to the results reported in
the original paper. The † denotes a retrieval top-k of 20, consistent with Mem0∗, while all other settings remain
unchanged.

If Omax ≥ ⌈N/2⌉, the cluster is considered locally
redundant and is discarded.
Event Integration. For the retained clusters, we
construct the final event set Si by pairing unique
contexts with their most representative facts. We
deduplicate Ni based on the mapped contexts
M(f), ensuring each context C appears only once:

Sk = {(C, f) | C ∈ {M(f) | f ∈ Ni}}. (10)

Then, we employ an LLM with an integration
prompt pinte (Appendix B.2) to synthesize the
event node ek:

ek = π(pinte,Sk). (11)

The associative event ek summarizes the relation-
ship between the scattered facts, serving as a high-
level retrieval anchor.

4.3 Memory Retrieval
Our retrieval strategy capitalizes on the explicit
associative structures constructed during the mem-
ory indexing phase. Instead of performing oper-

ationally heavier graph traversals, we directly ac-
cess relevant memory through vector similarity, as
shown in Figure 2 (c). Given a query q, we first
compute the similarity between its embedding vq

and the embeddings of facts vf and events ve to
identify the top-k most relevant candidates:

RF = Top-k
f∈VF

(sim(vq,vf )), (12)

RE = Top-k
e∈VE

(sim(vq,ve)). (13)

Instead of using the facts RF directly as context,
we use them as anchors to traverse the edge set
Emap and retrieve the original interaction contents.
This restores the full narrative fidelity:

MC = {C∗ ∈ VC | ∃f∗ ∈ RF , (f
∗, C∗) ∈ Emap},

(14)
where the ∗ denotes retrieved nodes used for the
final generation. The final memory contextMfinal

combines the exact historical nuances and the high-
level event summaries:

Mfinal =MC ∪RE . (15)
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Method ACC↑ Summary (k)↓ Update (k)↓ Total (k)↓ Calls↓ Runtime (s)↓
HippoRAG 2 (Gutiérrez et al., 2025) 59.48 4,880.35 4,673.47 9,553.83 12,760 5,410.16
Mem0 (Chhikara et al., 2025) 33.88 5,902.29 8,542.92 14,445.20 10,147 6,200.04
A-Mem (Xu et al., 2025) 42.92 2,048.29 12,527.00 14,575.30 11,763 99,252.15
MemoryOS (Kang et al., 2025) 48.31 1,762.96 2,462.42 4,225.38 14,318 28,262.44
LightMem (Fang et al., 2025) 59.87 951.12 178.50 1,129.62 538 8,144.30
AnchorMem (Ours) 69.54 2,340.35 5,129.10 7,469.45 6,577 5,073.75

Table 2: Cost-efficiency comparison of various methods on the LoCoMo dataset with Qwen2.5-32B-Instruct. We
report Accuracy (ACC), Token consumption (Summary, Update, and Total), Call Counts, and Runtime. Token
usage is measured in thousands (k), and Runtime in seconds (s). The symbols ↑ and ↓ indicate that higher and lower
values are better, respectively.

By mapping facts back toMC , the model accesses
the exact phrasing and nuance of the original con-
text, avoiding the information loss typical of rewrit-
ing methods. RE provides synthesized insights
spanning multiple conversation turns, enabling the
model to grasp complex, long-term dependencies
that a single interaction cannot fully convey.

5 Experiments

5.1 Settings
Dataset and Baseline Methods. To evaluate the ef-
fectiveness and efficiency of the proposed method,
we conducted experiments on the LoCoMo (Ma-
harana et al., 2024) dataset. Furthermore, we
performed comparative experiments between An-
chorMem against several other relevant baselines,
namely Naive RAG, HippoRAG 2 (Gutiérrez et al.,
2025), Mem0 (Chhikara et al., 2025), A-Mem (Xu
et al., 2025), MemoryOS (Kang et al., 2025), and
LightMem (Fang et al., 2025). Detailed descrip-
tions of the datasets and baseline methods are pro-
vided in the Appendix A.
Implementation Details. For all comparative
methods, three models were employed as LLM
backbones: Qwen2.5-7B-Instruct and Qwen2.5-
32B-Instruct (Qwen, 2025) were deployed locally
via vLLM (Kwon et al., 2023), while GPT-4o-mini
was accessed through the official OpenAI API1. To
ensure a fair comparison, we fixed the retrieval top-
k to 10 for all baselines and our proposed method.
Furthermore, the all-MiniLM-L6-v2 (Reimers and
Gurevych, 2019) embedding model was utilized
across all experiments.
Metrics. To evaluate performance, we report three
metrics: F1 and BLEU-1 are employed to measure
the overlap between generated responses and refer-
ence answers, ensuring faithfulness to the source
text; additionally, Accuracy (ACC) is measured via

1https://openai.com/api/

an LLM-as-Judge to assess the comprehensiveness
and logical coherence of the responses. The LLM
Judge is based on a locally deployed Qwen2.5-32B-
Instruct model served with vLLM (Kwon et al.,
2023), with temperature set to 0, detailed in Ap-
pendix B.3, where we also provide its stability anal-
ysis. To verify cost-efficiency, following the pro-
tocol of LightMem (Fang et al., 2025), we report
LLM token consumption, call counts, and runtime
during both the summary and update phases.

5.2 Main Results

Performance. We conducted a comparative eval-
uation of five memory methods on the LoCoMo
dataset, with the results presented in Table 1. The
results demonstrate that AnchorMem consistently
achieves superior performance across all evaluated
metrics and large language model backbones, fully
underscoring the effectiveness of utilizing facts as
anchors to trigger memory content. On GPT-4o-
mini, our method achieves an average F1 score of
49.87%, surpassing the previous best-performing
baseline, Mem0∗, which scores 45.10%. This
performance advantage is even more pronounced
on open-source models, on Qwen2.5-32B-Instruct,
AnchorMem reaches an average F1 of 50.57%, out-
performing the second-best approach, LightMem
(38.24%), by over 12%. These results indicate that
AnchorMem maintains robust adaptability and high
performance. The outstanding F1 and BLEU-1
scores in these tasks indicate that our Fact-Context
Units mechanism precisely targets crucial memory
content, enabling the model to faithfully recon-
struct original information when addressing factual
queries.

The results highlight distinct behavioral pat-
terns between retrieval-based and memory-based
approaches. NaiveRAG displays remarkable con-
sistency across the three different LLM backbones,
maintaining average F1 scores within a narrow
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Method
Single Hop Multi Hop Open Domain Temporal Average

F1 BLEU ACC F1 BLEU ACC F1 BLEU ACC F1 BLEU ACC F1 BLEU ACC

AnchorMem 57.82 49.76 78.83 35.53 25.71 58.51 25.62 19.95 44.79 53.12 45.26 62.31 50.57 42.54 69.54
w/o Context 24.03 20.36 35.20 21.16 14.93 35.46 16.95 15.57 27.08 14.74 12.16 14.95 21.13 17.36 30.52
w/o FCU 48.88 42.19 67.65 30.21 23.15 47.87 21.77 17.53 41.67 44.32 38.88 45.17 42.79 36.48 57.73
w/o AEG 55.39 47.86 73.25 30.49 22.25 51.06 24.28 18.99 40.63 51.87 44.17 63.24 48.16 40.60 65.06

Table 3: An ablation study was conducted to evaluate our proposed method against the Qwen2.5-32B-Instruct.
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Figure 3: Impact of the Associative Event Graph hyperparameters, the inter-fact similarity threshold τ and the
number of fact neighbors N , on performance and efficiency with Qwen2.5-32B-Instruct.

range (33.06% on GPT-4o-mini and 33.12% on
Qwen2.5-7B-Instruct), suggesting that model ca-
pacity exerts minimal influence on the performance
of simple retrieval-augmented generation. In con-
trast, generative memory baselines generally ex-
hibit performance variations that correlate with
the capabilities of the underlying LLM backbones.
While memory methods achieve competitive re-
sults in Multi Hop and Open Domain tasks through
dynamic memory updates, their reliance on fre-
quent summarization appears to compromise gran-
ular information retention. This is evidenced by
their performance in Single Hop tasks on GPT-4o-
mini, where MemoryOS (38.53%) and LightMem
(44.48%) yield results comparable to NaiveRAG
(40.20%), likely due to the dilution of specific de-
tails during the rewriting process.

Cost-Efficiency. Attributed to its robust compres-
sion and filtering strategies, LightMem remains the
lightest-weight solution in terms of token consump-
tion and API calls, as shown in Table 2. However,
our method, AnchorMem, achieves the highest ac-
curacy (69.54%) among the compared methods,
significantly outperforming strong baselines such
as LightMem (59.87%) and HippoRAG 2 (59.48%).
By dispensing with the strategy of chronologi-
cal memory addition, AnchorMem demonstrates
remarkable efficiency in runtime, achieving the
lowest execution time (5,073s) among all com-
pared methods. It is approximately 1.6× faster

than LightMem (8,144s) and significantly faster
than MemoryOS and A-Mem. When compared
to resource-intensive baselines like A-Mem and
Mem0, AnchorMem proves superior across all di-
mensions, reducing total token usage by nearly
50% meanwhile improving accuracy and runtime.
Consequently, AnchorMem strikes a pragmatic bal-
ance, achieving optimal performance and speed at
a reasonable token cost.

6 Analyses

Ablation Study. To validate the AnchorMem archi-
tectural design, we conducted an ablation study to
investigate the specific contributions of the original
context, the Fact-Context Units (FCUs), and the
Associative Event Graph (AEG) to model perfor-
mance. As shown in Table 3, removing the original
context (w/o Context) resulted in the most catas-
trophic performance decline, with average accuracy
plummeting from 69.54% to 30.52%. Without the
original context, which bears the full narrative, re-
lying solely on fragmented fact segments causes
the LLM to lose the narrative integrity and coherent
logic, leading to a comprehensive collapse across
all tasks.

Removing the Associative Event Graph (w/o
AEG) resulted in a marked accuracy decline in
Multi Hop tasks from 58.51% to 51.06%, validat-
ing its role in bridging cross-session reasoning.
However, in Temporal tasks, the w/o AEG vari-
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Figure 4: Impact of memory retrieval parameter top-k across different task categories with Qwen2.5-32B-Instruct.

Phase Component Prompt (k) Completion (k) Total (k) Calls Total Time (s) Avg. Time (s)

Offline Fact Extraction 2,022.02 318.33 2,340.35 3,007 1,263.89 -
Event Integration 4,558.31 570.79 5,129.10 3,570 3,809.85 -

Online Vector Retrieval - - - - 6.53 0.004
Answer Generation 2,917.92 12.69 2,930.60 1,540 870.68 0.57

Table 4: Phase-wise construction and inference cost on the LoCoMo dataset with Qwen2.5-32B-Instruct. We report
Token consumption (Prompt, Completion, and Total), Call Counts, Total Runtime, and Average Runtime per query
for online phase. Token usage is measured in thousands (k), and Runtime in seconds (s).

Statistic Total Average

Extracted Facts 16,023 1,602
Generated Events 3,570 357
Discarded Clusters 4,821 482

Table 5: Structural statistics of AEG construction on
LoCoMo, reported as total counts and per-sample aver-
ages.

ant achieved a slightly higher accuracy (63.24%
vs 62.31%), despite a lower F1 score (51.87% vs
53.12%). This suggests that the associative links
effectively expand the search breadth to capture
richer context. While this improves the overall
answer quality, the broader scope may introduce
minor noise during Temporal tasks compared to
the restricted retrieval range of the variant with-
out the AEG. Taken together, these results validate
the synergistic effects of AnchorMem’s design in
balancing retrieval breadth with precision.
Impact of AEG Hyperparameters. To determine
the optimal configuration for the AEG, we ana-
lyzed the impact of the inter-fact similarity thresh-
old τ and the number of fact neighbors N on per-
formance. As illustrated in Figure 3 and detailed
in Appendix A.2, there is a distinct trade-off be-
tween semantic retention and computational effi-
ciency. Lower τ values promote dense connectiv-
ity, benefiting accuracy and F1 scores but incurring
higher runtime and token consumption due to the
increased volume of fusion operations. Conversely,
higher τ values significantly reduce costs but at
the expense of performance metrics. Notably, in-

creasing the neighbor count N from 3 to 5 leads
to a counter-intuitive reduction in computational
costs. This is attributed to our redundancy pruning,
which discards a fusion candidate if the number
of retrieved facts sharing the overlapping content
reaches a majority threshold of ⌈N/2⌉. Under the
N = 5 setting (threshold of 3), this mechanism
triggers more aggressive pruning of redundant in-
formation compared to N = 3 (threshold of 2),
thereby reducing overhead but slightly hampering
accuracy due to over-filtering. Consequently, we
adopted τ = 0.85 and N = 3 as the balanced con-
figuration for our main experiments, ensuring high
performance within an acceptable computational
budget.

Impact of Retrieval Top-k. The quantity of re-
trieved memories (top-k) directly dictates the ex-
tent of contextual coverage and the noise level
during inference. As illustrated in Figure 4 and
detailed in Appendix A.3, as the retrieval count
k increases from 10 to 50, the method’s average
accuracy (ACC) exhibits a steady upward trend,
rising from 69.54% to 75.45%. This performance
gain is particularly pronounced in Single Hop tasks
(+8.21%), suggesting that broadening the retrieval
scope provides more substantial evidentiary sup-
port for simple tasks. However, for Multi Hop
and Temporal tasks involving complex reasoning,
performance does not scale linearly with k. In
fact, diminishing returns or even slight regressions
are observed at k = 50 (e.g., Temporal accuracy
declines from 62.31% at k = 10 to 59.50% at
k = 50). This phenomenon suggests that while
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expanding the retrieval window enhances the prob-
ability of capturing the correct answer, it concur-
rently introduces a significant volume of irrelevant
distractor information; excessive redundancy can,
counterintuitively, impede the LLMs’ reasoning ca-
pabilities. Consequently, while a larger k benefits
overall metrics, handling specific complex tasks
necessitates striking a delicate balance between
retrieval breadth and information quality.
Computational Complexity and Scalability. To
comprehensively evaluate the computational over-
head and operational efficiency of the AEG, we
conducted a rigorous quantitative audit across the
LoCoMo evaluation corpus, as detailed in Table 4.
By decoupling graph construction from inference,
the offline fact extraction and event integration re-
quire 1,264 and 3,810 seconds respectively as one-
time setup costs, so the online phase remains excep-
tionally lightweight. Specifically, vector retrieval
for all 1,540 evaluation queries takes only 6.53
seconds in total. This negligible average latency
of approximately 4 milliseconds per query, ensur-
ing that the system maintains high responsiveness
and practicality during continuous conversational
streams.

Furthermore, the framework’s memory footprint
and graph expansion are tightly bounded by our
redundancy pruning mechanism. As detailed in
Table 5, across the evaluation corpus, the system
actively identified and discarded 4,821 redundant
fact clusters, and exceeding the 3,570 successfully
integrated associative events in number. This high
discard rate serves as a built-in saturation valve.
As interactions grow lengthier and inevitably ac-
cumulate repetitive semantic patterns, the pruning
mechanism aggressively throttles graph expansion,
ensuring sustainable and highly efficient long-term
memory operations.

7 Conclusion

In this paper, we introduced AnchorMem, a mem-
ory framework inspired by the Proust Phenomenon
in cognitive theory, which uses atomic facts as re-
trieval anchors while preserving raw interaction as
immutable context. By composing anchors into
an associative event graph with higher-order event
links, the framework binds multiple related facts
into a shared event representation, enabling di-
rect many-to-one integration of fragmented details
into coherent events while avoiding noisy pairwise
shortcuts. Experiments on LoCoMo across three

open-source and closed-source model backbones
show that AnchorMem consistently surpasses rep-
resentative baselines, enabling models to leverage
memories with practical efficiency in long-term
interactions.

Limitations

Although AnchorMem reduces the need for re-
peated rewriting by anchoring retrieval on atomic
facts while preserving the original interaction his-
tory as immutable context, its effectiveness still
depends on several design choices. Atomic fact
extraction and fact to event grouping rely on model
judgments, so ambiguous phrasing, implicit ref-
erences, or inconsistent granularity can introduce
missing or misgrouped anchors, and future work
could explore alternative signals and connection
mechanisms for linking facts more reliably. The
current associative event graph is constructed with
a single integration pass, and iterative multi-round
integration may further refine event boundaries,
and improve stability as interactions evolve.
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A Experiment

A.1 Benchmark and Baselines

Benchmark. The LoCoMo (Maharana et al., 2024) benchmark is designed to evaluate the long-term
memory capabilities of large language models. This dataset contains highly extended dialogues with each
conversation having an average length of roughly 600 turns and 16k tokens. To comprehensively test
memory performance the benchmark includes questions across four specific categories which are Single
Hop, Multi Hop, Open Domain and Temporal.

Baselines. HippoRAG 2 (Gutiérrez et al., 2025) integrates a knowledge graph with Personalized PageRank.
By identifying relevant triples to guide dense retrieval reranking, it enhances the discovery of Multi Hop
relationships. Mem0 (Chhikara et al., 2025) uses a hybrid storage mechanism of vector search and graph
structures. It maintains a global state by dynamically extracting entities and user preferences from history
to provide contextual guidance. A-Mem (Xu et al., 2025) draws inspiration from the Zettelkasten method,
transforming interactions into structured notes. It utilizes a memory evolution mechanism to dynamically
update attributes and strengthen links between segments. MemoryOS (Kang et al., 2025) adopts operating
system principles to construct three-tier memory hierarchy. It manages information migration across tiers
using promotion strategies like dialogue-chain-based FIFO. LightMem (Fang et al., 2025) is based on
cognitive memory models, dividing processing into sensory, short-term, and long-term stages. It employs
lightweight compression to filter redundancy and generates topic-aware summaries to optimize retrieval
efficiency.

A.2 Detailed Analysis of AEG Hyperparameters.

In this section, we provide a granular sensitivity analysis of the AEG construction parameters, specifically
the inter-fact similarity threshold τ (ranging from 0.70 to 0.95) and the number of retrieved neighbors
N (N ∈ {3, 5}). As detailed in Figure 6, the empirical data quantifies the tension between semantic
preservation and system efficiency. We observe that relaxing the similarity constraint (e.g., τ = 0.70)
encourages a denser fusion of facts. While this strategy maximizes information capture—peaking at
an Accuracy of 72.73%, it incurs substantial overhead in terms of runtime and update token usage. In
contrast, tightening the threshold acts as a rigorous filter; for instance, the setting of τ = 0.95 with N = 5
drastically minimizes consumption to merely 131.2 tokens. However, this aggressive pruning disconnects
valid semantic links, leading to a demonstrable degradation in both Accuracy and F1 scores.

Interestingly, the numerical results reveal an inverse relationship between the neighbor number N and
resource consumption. Specifically, increasing N from 3 to 5 results in a sharp decline in computational
costs rather than an increase. For example, at τ = 0.90, token consumption drops precipitously from
2997.0 (N = 3) to 612.6 (N = 5). This efficiency gain validates our majority-based pruning mechanism:
with a threshold of ⌈N/2⌉, the condition for discarding redundant fusion groups becomes easier to trigger
at N = 5 (threshold of 3) compared to N = 3 (threshold of 2). Consequently, the N = 5 setting
intercepts a larger volume of fusion requests, saving resources but causing a slight accuracy regression
due to over-filtering. Based on these comprehensive metrics, we identified the combination of τ = 0.85
and N = 3 as the optimal operating point. It sustains a robust Accuracy of 69.54% while maintaining
manageable computational costs, thereby serving as the standard configuration for our main experiments.

A.3 Detailed Data on Retrieval Top-k.

Table 7 presents the detailed numerical results regarding the impact of retrieval top-k. These specific
values correspond to the trends visualized in Figure 4 in the main text, breaking down the performance
across different task types as top-k varies.
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Hyperparam. Average
Update Token (k) Calls Runtime (s)

τ N F1 BLEU ACC

0.70 3 52.68 44.44 72.73 13867.3 11387 8383.6
0.80 3 51.66 43.64 70.84 8326.3 8398 5292.6
0.85 3 50.57 42.54 69.54 5129.1 6577 5073.7
0.90 3 50.40 42.40 68.12 2997.0 5277 2689.0
0.95 3 49.79 41.88 68.18 1571.3 4244 1933.5
0.70 5 52.35 44.22 71.49 13441.3 9523 8509.9
0.80 5 51.11 43.34 69.61 5636.4 5852 4189.9
0.85 5 50.36 42.45 67.86 2258.3 4210 2290.5
0.90 5 50.22 42.80 67.92 612.6 3370 1560.7
0.95 5 49.42 41.92 66.95 131.2 3092 1338.8

Table 6: Impact of the inter-fact similarity threshold τ and the number of fact neighbors N on performance and
efficiency with Qwen2.5-32B-Instruct.

Top-k
Single Hop Multi Hop Open Domain Temporal Average

F1 BLEU ACC F1 BLEU ACC F1 BLEU ACC F1 BLEU ACC F1 BLEU ACC

10 57.82 49.76 78.83 35.53 25.71 58.51 25.62 19.95 44.79 53.12 45.26 62.31 50.57 42.54 69.54
20 61.20 52.17 83.12 37.40 28.89 64.18 24.35 18.47 42.71 54.43 46.51 61.37 53.1 44.63 72.40
30 63.02 53.97 85.26 40.62 32.13 68.09 24.42 18.77 54.83 54.76 46.41 59.91 54.79 46.20 74.35
40 63.47 54.42 85.37 41.38 33.22 68.43 25.49 19.70 47.92 55.40 47.24 59.50 55.37 46.88 74.55
50 65.57 55.60 87.04 40.84 33.68 68.09 26.98 21.57 48.96 54.58 46.26 59.50 55.80 47.52 75.45

Table 7: Impact of the memory retrieval parameter top-k across different task categories with Qwen2.5-32B-Instruct.

B Prompts

B.1 Prompt for Extracting Facts

Prompt for Extracting Facts

-Goal-
You are an expert in extracting factual memories.

# TASK
Your task is to extract memories from the snippets of dialogue between two speakers. This means identifying what each
speaker would plausibly remember, including their own experiences, thoughts, plans, or relevant statements and actions
made by others that impacted or were acknowledged by the speaker.

# FOCUS DUAL SPEAKER
You must extract facts and memories for BOTH speakers involved in the conversation. Ensure the output list contains a
comprehensive representation of both speakers’ perspectives.

# INSTRUCTIONS
1. Identify information that reflects speaker’s experiences, beliefs, concerns, decisions, plans, or reactions — including
meaningful input from one speaker that the other acknowledged or responded to.
2. Resolve all person, and event references clearly:
- Include specific locations if mentioned.
- Resolve all pronouns, aliases, and ambiguous references into full names or identities.
- Disambiguate people with the same name if applicable.
3. Do not omit any information that speakers is likely to remember.
- Include all key experiences, thoughts, emotional responses, and plans — even if they seem minor.
- Prioritize completeness and fidelity over conciseness.
- Do not generalize or skip details that could be personally meaningful to speaker.
4. Every memory MUST start with the Name of the speaker.
5. Output Format:
- Return ONLY a valid JSON list of strings.

{Example}
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B.2 Prompt for Integration Event

Prompt for Integration Event

-Goal-
You are a memory organization expert and storyteller.

# TASK
Your task is to organize a comprehensive, detailed event Narrative by integrating information from multiple dialogue
fragments. You will be provided with a set of “Focus Topics” (key facts extracted previously) and “Source Contexts”
(raw dialogues containing the details).

Must extract memories from the snippets of dialogue between two speakers. This means identifying what each speaker
would plausibly remember — including their own experiences, thoughts, plans, or relevant statements and actions made
by others that impacted or were acknowledged by the speaker.

# FOCUS DUAL SPEAKER
You must extract facts and memories for BOTH speakers involved in the conversation. Ensure the output list contains a
comprehensive representation of both speakers’ perspectives.

# INSTRUCTIONS
1. Identify information that reflects speaker’s experiences, beliefs, concerns, decisions, plans, or reactions — including
meaningful input from one speaker that the other acknowledged or responded to.
2. Focus on “Focus Topics”: Ensure all information related to the provided Focus Topics is included. Use the Source
Contexts to fill in the why, how, where, and who regarding these topics.

3. Resolve all person, and event references clearly:
- Include specific locations if mentioned.
- Resolve all pronouns, aliases, and ambiguous references into full names or identities.
- Disambiguate people with the same name if applicable.
4. Preserve Details:
- Include specific locations, names, and objects.
- Capture the speakers’ emotional responses (e.g., excitement, anxiety, gratitude) and their reasoning.
- Do not generalize specific details if they are relevant to the Focus Topics.
5. Third-Person Perspective: Write from an objective third-person perspective.
6. Output Format:
- Return ONLY a valid JSON list of strings.

{Example}

B.3 Prompt for LLM Judge

Prompt for LLM Judge

Your task is to label an answer to a question as ‘CORRECT’ or ‘WRONG’. You will be given the following data:
(1) a question (posed by one user to another user),
(2) a ‘gold’ (ground truth) answer,
(3) a generated answer
which you will score as CORRECT/WRONG.

The point of the question is to ask about something one user should know about the other user based on their prior
conversations.

The gold answer will usually be a concise and short answer that includes the referenced topic, for example:
Question: Do you remember what I got the last time I went to Hawaii?
Gold answer: A shell necklace
The generated answer might be much longer, but you should be generous with your grading - as long as it touches on
the same topic as the gold answer, it should be counted as CORRECT.

For time related questions, the gold answer will be a specific date, month, year, etc. The generated answer might be
much longer or use relative time references (like “last Tuesday” or “next month”), but you should be generous with your
grading - as long as it refers to the same date or time period as the gold answer, it should be counted as CORRECT.
Even if the format differs (e.g., “May 7th” vs “7 May”), consider it CORRECT if it’s the same date.

Now it’s time for the real question:
Question: question
Gold answer: gold_answer
Generated answer: generated_answer
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First, provide a short (one sentence) explanation of your reasoning, then finish with CORRECT or WRONG. Do NOT
include both CORRECT and WRONG in your response, or it will break the evaluation script.

Just return the label CORRECT or WRONG in a json format with the key as “label”.

C Use of AI Assistants

We acknowledge the use of Large Language Models (e.g., Gemini 32) to assist with language translation
and stylistic polishing to improve the readability of this paper. Additionally, during the experimental
design phase, we utilized LLMs to iteratively refine the prompts used in our proposed method, specifically
to optimize their instruction-following capabilities and ensure strict adherence to the required output
formats. The authors reviewed all AI-generated content and take full responsibility for the validity of the
final manuscript.

2https://gemini.google.com/
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