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Abstract
LLM agents increasingly operate in long-
horizon tasks and extended dialogues, where
they must retrieve useful past experiences be-
yond limited context windows. A central chal-
lenge is to balance efficient recall with faithful
evidence recovery. Existing memory methods
often rely on static access strategies: compact
memories reduce context cost but may omit
fine-grained evidence, whereas full histories
preserve details but introduce redundant and
noisy context. We propose GraP-Mem, a multi-
granularity memory planning framework that
adaptively schedules memory access for each
question. GraP-Mem represents each historical
session with two complementary views: com-
pact semantic memories for efficient retrieval
and source contexts for detailed evidence re-
covery. During inference, a Plan Agent gener-
ates retrieval-oriented information needs and
queries, while an Integration Agent maintains
a question-specific evidence state that consoli-
dates useful evidence and identifies remaining
gaps. When the evidence is incomplete, GraP-
Mem selectively expands access to source con-
texts or performs additional retrieval. The fi-
nal Answer Model is conditioned only on the
integrated evidence state. Experiments on Lo-
CoMo and NarrativeQA show that GraP-Mem
consistently improves F1 and BLEU across
backbone models, demonstrating the effective-
ness of plan-guided memory access across mul-
tiple granularities.

1 Introduction

The rapid progress of large language models has
enabled language agents to reason, plan, and in-
teract with complex environments (Zhang et al.,
2025; Wang et al., 2024a). As these agents are
increasingly deployed in long-horizon tasks and
extended dialogues, they must maintain continuity
over multi-step interactions, reuse historical expe-
rience, and recover task-relevant evidence across
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sessions (Chen et al., 2025; Wang et al., 2025c).
However, LLMs are inherently stateless and con-
strained by finite context windows (Wang et al.,
2024b; Fang et al., 2025a). These limitations make
it difficult for agents to preserve useful historical in-
formation while keeping the active context focused
and manageable, motivating the need for effective
memory mechanisms (Tang et al., 2025; Ouyang
et al., 2025; Fang et al., 2025b).

Recent studies have introduced a variety of mem-
ory mechanisms for LLM agents. Some meth-
ods store historical information as external mem-
ory records and retrieve relevant content through
vector indices or embedding-based retrieval mod-
ules (Packer et al., 2023; Chhikara et al., 2025;
Zhong et al., 2024). Others organize memory by
extracting entities, events, or relations from interac-
tion histories and building structured links among
memory units (Edge et al., 2024; Li et al., 2025a;
Xu et al., 2025; Han et al., 2024). Multi-category
memory systems further divide experiences into
different types of records to support personalized
and long-term interaction (Wang et al., 2025b; Hu
et al., 2025). These approaches improve the stor-
age and retrieval of past experiences, but many of
them still rely on relatively fixed memory access
strategies, applying similar retrieval or compres-
sion procedures across tasks with different infor-
mation needs (Fang et al., 2025a; Hu et al., 2025).

This fixed-access paradigm creates a fundamen-
tal trade-off between efficient recall and faithful ev-
idence recovery. Compact or distilled memories re-
duce storage cost, retrieval noise, and context over-
head, but they may omit fine-grained details that are
crucial for complex reasoning, temporal reasoning,
or evidence-sensitive questions (Fang et al., 2025b;
Chhikara et al., 2025). In contrast, preserving com-
plete interaction histories reduces information loss,
but it often introduces redundant and task-irrelevant
content, increases inference cost, and lowers the
density of useful evidence (Li et al., 2025b; Zhong
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et al., 2024; Hu et al., 2025). Such redundancy can
also worsen middle-context degradation in long-
context reasoning (Liu et al., 2024). Some agentic
frameworks attempt to improve retrieval relevance
through online filtering or iterative reasoning, but
repeated inference cycles introduce additional la-
tency and token costs (Yan et al., 2025; Packer et al.,
2023). The key limitation, therefore, is not only
how memory is stored, but also how agents decide
which granularity of memory should be exposed to
the reasoning process for a given question.

To address this trade-off, we propose GraP-Mem,
a multi-granularity memory planning framework
for long-horizon LLM agents. The central idea is
to separate memory preservation from memory ex-
posure and adapt memory access to the evidence
needs of each question. During memory construc-
tion, GraP-Mem represents each historical session
with two complementary views: compact seman-
tic memories rewritten by a Memory Agent for
efficient coarse retrieval, and source contexts re-
tained for fine-grained evidence recovery. During
inference, GraP-Mem treats memory access as a
progressive plan–retrieve–integrate process rather
than a one-shot similarity search. A Plan Agent an-
alyzes the question and generates retrieval-oriented
information needs and queries, while an Integra-
tion Agent consolidates retrieved information into
a question-specific evidence state and identifies
remaining evidence gaps. When the evidence is
incomplete, GraP-Mem selectively expands access
from compact memories to source contexts and
updates the evidence state with newly recovered
details. In this way, simple questions can be an-
swered with low-cost compact retrieval, whereas
complex questions can recover detailed historical
evidence only when necessary.

Our contributions are as follows:
• We propose GraP-Mem, a multi-granularity

memory framework that represents each histori-
cal session with both compact semantic memory
and source context, balancing efficient recall
with fine-grained evidence recovery.

• We design a planning-guided progressive re-
trieval mechanism, where the Plan Agent trans-
forms questions into retrieval plans and adap-
tively schedules source-context access accord-
ing to unresolved evidence needs, rather than
relying on fixed top-k retrieval or full-history
expansion.

• We introduce a query-conditioned evidence in-

tegration module that maintains an evolving
evidence state, consolidates useful memories,
filters redundant context, and supports evidence-
grounded answer generation.

2 Related Work

2.1 Memory Systems for LLM Agents
Memory systems extend LLM agents beyond fixed
context windows by storing and retrieving histori-
cal interactions for long-term use.(Wu et al., 2025;
Jin et al., 2025; Lee et al., 2024; Asai et al., 2024)
Existing methods commonly treat memory as an
external context resource, where past information
is retained and retrieved on demand (Packer et al.,
2023; Kang et al., 2025; Wang et al., 2025a). How-
ever, raw or lightly processed histories often accu-
mulate redundant and task-irrelevant content over
extended interactions. To improve memory orga-
nization, recent work extracts entities, events, or
relations and stores them as structured records or
graphs (Zhong et al., 2024; Chhikara et al., 2025;
Edge et al., 2024; Li et al., 2025a; Xu et al., 2025;
Han et al., 2024; Xia et al., 2025; Rasmussen et al.,
2025; Anokhin et al., 2024), while other systems
introduce multiple memory categories or routing
mechanisms for personalized and fine-grained ac-
cess (Pan et al., 2025; Wang et al., 2025b; Hu
et al., 2025). Although these designs improve
memory representation, many still rely on fixed
inference-time access patterns, such as similarity-
based retrieval or predefined routing rules. In con-
trast, GraP-Mem focuses on adaptive memory ac-
cess: it combines compact semantic memories with
complete source contexts and uses a Plan Agent
to guide progressive retrieval according to query-
specific information needs, enabling lightweight
recall for simple questions and detailed evidence
recovery for complex ones.

2.2 Context Management
Context management determines which historical
information should be exposed to LLM agents dur-
ing inference. Long-context models and context
extension techniques allow more history to be in-
cluded in prompts, but they increase computation
cost and can suffer from the lost-in-the-middle
problem (Liu et al., 2024). RAG-based meth-
ods construct query-specific contexts by retriev-
ing relevant passages from external sources (Lewis
et al., 2020; Asai et al., 2024; Jiang et al., 2023),
with structured variants further improving retrieval
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through graph-based or lightweight indexing (Edge
et al., 2024; Guo et al., 2025). However, these
methods are mainly designed for static knowledge
access, whereas agent memory is continuously up-
dated, temporally grounded, and tied to interaction-
specific experience. Other approaches improve to-
ken efficiency through prompt compression, mem-
ory filtering, or summarized memory units (Fang
et al., 2025b; Chhikara et al., 2025; Xu et al., 2025),
but compressed contexts may lose fine-grained evi-
dence, while raw-history contexts often introduce
redundancy and unnecessary inference cost (Yan
et al., 2025). GraP-Mem addresses this trade-off by
treating context construction as adaptive retrieval
over multi-granularity memories: it first constructs
a compact evidence context from semantic memo-
ries and selectively accesses complete source con-
texts only when additional evidence is required.

3 Preliminary

We formalize the task setting for memory
agents. For each input sample, the agent ob-
serves a sequence of historical sessions S =
{s1, s2, . . . , sN}, where each session records a co-
herent segment of past interaction, such as a di-
alogue episode, a task trajectory, or a narrative
context. The agent processes these sessions se-
quentially and maintains a memory state M(t) af-
ter observing the first t sessions. Starting from an
initial memory M(0), the update process is defined
as

M(t) = Φ(st,M(t−1)), (1)

where Φ denotes the memory construction process.
After all sessions are processed, M(N) serves as
the memory store for future queries.

Given a query q ∈ Q, the agent should construct
query-relevant evidence from memory rather than
expose the entire history to the model. We denote
this memory access process as

Eq = Ψ(q,M(N)), (2)

where Eq is the evidence state constructed for an-
swering q. This evidence state may contain se-
lected, organized, or compressed information from
memory. The final output is generated by

y = F (q, Eq), (3)

where F denotes the answer generation function.
Under this formulation, the goal is to design Φ
and Ψ to preserve useful historical information,

avoid unnecessary context exposure, and provide
sufficient evidence for reliable generation across
queries with different information needs.

4 Method

4.1 Overview
As shown in Figure 1, GraP-Mem is a multi-
granularity memory planning framework for long-
horizon LLM agents. Each historical session is
represented by two complementary views: a com-
pact semantic memory document for efficient re-
trieval and a source context for fine-grained evi-
dence recovery. This design preserves complete
information without exposing it by default.

During inference, the Plan Agent analyzes the
question and retrieves relevant compact memories,
while the Integration Agent consolidates them into
a question-specific evidence state and identifies re-
maining gaps. If more detail is needed, the Plan
Agent accesses relevant source contexts, and the
Integration Agent updates the evidence. The An-
swer Model then generates the final answer from
the integrated evidence. GraP-Mem thus expands
memory access only as needed rather than process-
ing complete histories for every question.

4.2 Multi-Granularity Memory Construction
A central challenge in long-horizon memory con-
struction is the granularity mismatch between effi-
cient access and evidence completeness. Compact
memories support efficient retrieval but may omit
fine-grained details, while complete histories pre-
serve information but introduce redundant context
during inference. GraP-Mem addresses this issue
by constructing two complementary views for each
historical session: a compact semantic memory
document for efficient retrieval and a source con-
text for detailed evidence recovery.

Given historical sessions S = {si}Ni=1, GraP-
Mem constructs two complementary memory
views for each session. Since the information needs
of future queries are unknown during memory con-
struction, the original content of each session is
retained as a source context ci. This source context
serves as a lossless evidence reserve that preserves
fine-grained details for subsequent recovery, rather
than as the default retrieval view.

Alongside the source context, the Memory
Agent Φwrite constructs a retrieval-oriented rep-
resentation of each session. It extracts salient infor-
mation from si and rewrites it into a session-level
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Figure 1: Overview of the proposed GraP-Mem framework.

compact semantic memory document:

di = Φwrite(si) = ⟨ui,j⟩ni

j=1 . (4)

Here, di denotes the compact memory document,
ui,j is the j-th self-contained memory record in
di, and ni is adaptively determined by the amount
of salient information in the session. Each record
is written as a compact factual statement that pre-
serves entities, events, temporal cues, task states,
decisions, and other evidence that may support
future queries, while removing redundant or low-
value content. In this way, di provides an efficient
entry point for retrieval, while ci retains the original
session content for fine-grained evidence recovery.

The document di serves as the retrieval unit for
session si. Rather than uniformly summarizing the
whole session, it provides a high-density semantic
representation that is easier to match with retrieval
queries than the full source context ci. The result-
ing multi-granularity memory store is defined as

M = {(di, ci)}Ni=1. (5)

Each pair (di, ci) links the compact retrieval view
to the corresponding source context. This construc-
tion separates memory preservation from mem-
ory exposure: complete histories are preserved in

source contexts, while compact semantic memory
documents provide the default view for efficient
memory access and can be traced back to source
contexts when fine-grained evidence is required.

4.3 Plan-Guided Progressive Memory Access
Given the multi-granularity memory store, GraP-
Mem needs to decide which memory view should
be accessed for each query. A fixed retrieval strat-
egy is often suboptimal: compact semantic mem-
ories support efficient recall but may miss fine-
grained evidence, whereas source contexts preserve
details but can introduce redundant content and
unnecessary inference cost. GraP-Mem therefore
formulates memory access as a plan-guided pro-
gressive retrieval process, starting from compact
semantic memories and expanding to source con-
texts only when additional evidence is required

Let q be the input question. At retrieval step t,
GraP-Mem maintains a question-specific evidence
state Et. The evidence state stores useful infor-
mation collected so far. Based on the question,
current evidence and remaining evidence gap, the
Plan Agent generates a retrieval-oriented plan:

pt = Φplan(q, Et, gt), (6)

where gt denotes the evidence gap identified after
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the previous integration step, and g0 = ∅ for the
initial retrieval step. We write the plan as

pt = (pDt , p
C
t ), (7)

where pDt denotes the compact-memory retrieval
sub-plan and pCt denotes the optional source-access
sub-plan. Together, they specify what evidence
should be retrieved and which memory granularity
should be accessed. The plan is updated as the
evidence state and remaining evidence gap change
across retrieval steps.

For compact-memory retrieval, the compact-
memory sub-plan is defined as

pDt = (Qlex
t ,Qsem

t ), (8)

where Qlex
t contains lexical queries and Qsem

t con-
tains semantic queries. These queries are generated
from the question, current evidence, and remaining
evidence gap, providing retrieval-ready inputs for
sparse and dense retrieval, respectively. Guided by
pDt , GraP-Mem retrieves compact semantic mem-
ory documents using both the original question and
the plan-derived queries. The retrieved results are
deduplicated and fused into a compact-memory
candidate set BD

t , which provides the first layer of
evidence for the current question.

When the remaining evidence gap gt cannot be
resolved through compact-memory retrieval, the
Plan Agent activates the source-access sub-plan:

pCt = (Ot,QC
t ), (9)

where Ot specifies which linked source contexts
should be opened, and QC

t denotes source-level
queries for retrieving additional source contexts.
Opening linked contexts recovers details from al-
ready localized sessions, whereas source-level re-
trieval searches the source collection when the miss-
ing evidence cannot be resolved from retrieved
compact memories. Guided by pCt , GraP-Mem
obtains a source-context candidate set BC

t , which
provides fine-grained evidence such as exact word-
ing, numerical values, temporal order, and local
event dependencies. If source access is not needed,
pCt = ∅.

The compact-memory candidates BD
t and the

optional source-context candidates BC
t are then

passed to the Integration Agent. In this way, the
Plan Agent controls both the retrieval objective and
the memory granularity to access, allowing GraP-
Mem to reduce unnecessary context exposure while
preserving access to detailed source evidence when
needed.

4.4 Evidence Memory Integration
Plan-guided memory access produces candidates
from different memory granularities, but directly
appending all retrieved content to the prompt would
introduce redundancy and noise. GraP-Mem there-
fore uses the question-specific evidence state Et
as an evidence working memory. It accumulates
useful information and provides shared context for
subsequent planning and final answer generation.
The evidence state is initialized as E0 = ∅.

At retrieval step t, after the plan pt is executed,
the Integration Agent receives the current evidence
state Et and the newly retrieved candidates, includ-
ing compact-memory candidates BD

t and optional
source-context candidates BC

t . It updates the ev-
idence state and evaluates whether the resulting
evidence is sufficient:

(Et+1, zt+1, gt+1) = Φint(q, Et,BD
t ,BC

t ), (10)

where zt+1 indicates whether the updated evidence
is sufficient for answering the question, and gt+1

denotes the remaining evidence gap when the ev-
idence is incomplete. If no source context is ac-
cessed at step t, then BC

t = ∅.
The integration update is question-conditioned.

Instead of summarizing all retrieved candidates
uniformly, the Integration Agent extracts answer-
relevant evidence, filters redundant or irrelevant
information, and preserves details needed for reli-
able generation, such as temporal relations, numer-
ical values, decisions, and answer-bearing facts.
In this way, Et+1 becomes a focused intermedi-
ate representation that abstracts useful information
from retrieved memories while avoiding unneces-
sary context exposure.

The sufficiency decision closes the loop between
retrieval planning and evidence integration. If
zt+1 = 1, GraP-Mem stops retrieval and treats
Et+1 as the final evidence state. Otherwise, gt+1

is returned to the Plan Agent, which generates the
next retrieval plan from the question, the updated
evidence state, and the remaining evidence gap. If
the retrieval budget is reached before the evidence
is judged sufficient, GraP-Mem uses the latest evi-
dence state for final generation. Each round there-
fore refines the existing evidence state rather than
restarting retrieval, allowing GraP-Mem to accu-
mulate complementary evidence across compact
memories and source contexts.

Let T denote the index of the final evidence state.
The Answer Model generates the output from the
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Model Method Single-hop Multi-hop Open-domain Temporal Average

F1 BLEU F1 BLEU F1 BLEU F1 BLEU F1 BLEU
G

PT
-4

o-
m

in
i

Long-LLM 46.68 37.54 29.23 22.76 16.87 13.70 25.97 19.42 37.31 29.57
RAG 52.19 46.80 32.17 23.59 23.21 18.88 30.77 25.99 42.25 36.47
Mem0 47.65 38.72 38.72 27.13 28.64 21.58 48.93 40.51 45.10 35.90
MemoryOS 48.62 42.99 35.27 25.22 20.02 15.52 41.15 30.76 42.84 35.47
LightMem 41.79 37.83 29.78 24.80 16.89 13.92 43.71 39.72 38.44 34.35
A-Mem 44.65 37.06 27.02 20.09 12.14 12.00 45.85 36.67 39.65 32.31
HippoRAG 54.84 48.84 33.59 25.46 28.59 23.89 48.17 39.32 47.92 41.02
CAM 50.58 44.36 33.55 24.18 18.23 12.77 44.14 38.28 44.10 37.43

GraP-Mem 59.98 54.35 46.18 39.02 28.65 21.93 61.72 54.81 55.86 48.53

Q
w

en
2.

5-
14

B

Long-LLM 46.05 39.56 32.08 24.46 14.89 11.41 30.51 24.45 38.31 31.89
RAG 49.79 43.95 28.11 21.43 20.42 17.40 24.73 20.02 38.77 33.18
Mem0 42.58 35.15 31.73 24.82 15.03 11.28 28.96 26.24 36.04 29.91
MemoryOS 46.33 41.62 38.19 29.26 20.27 15.94 32.24 27.86 40.28 34.89
LightMem 34.92 31.22 25.45 19.61 15.81 11.81 32.03 27.70 31.39 27.15
A-Mem 33.75 30.04 22.09 15.28 13.49 10.74 27.19 22.05 28.98 24.47
HippoRAG 42.45 37.14 27.57 20.62 19.74 15.81 30.66 26.33 35.85 30.53
CAM 50.39 45.59 34.50 24.62 23.86 20.84 44.70 36.30 44.64 38.27

GraP-Mem 59.85 52.39 55.05 48.12 33.58 28.67 48.32 41.85 53.48 46.65

Table 1: Performance comparison on the LoCoMo benchmark, covering single-hop, multi-hop, open-domain, and
temporal settings. F1 and BLEU-1 scores (%) are reported. Best results are highlighted in bold, and second-best
results are underlined.

Model Method F1 BLEU

GPT-4o-mini

RAG 25.32 21.23
Mem0 29.12 22.84
MemoryOS 25.12 21.08
A-Mem 27.04 22.46
LightMem 17.23 15.23
HippoRAG 28.24 22.85
CAM 33.15 29.20
GraP-Mem 39.42 35.47

Qwen2.5-14B

RAG 20.29 17.04
Mem0 26.38 21.87
MemoryOS 23.22 19.86
A-Mem 25.42 21.05
LightMem 16.87 12.42
HippoRAG 22.56 18.53
CAM 28.18 23.81
GraP-Mem 35.42 29.84

Table 2: Results on 300 questions belonging to 10
documents randomly sampled from NarrativeQA. The
subset is used because the full test set contains over
10,000 questions, making full long-context evaluation
prohibitively expensive.

question and the integrated evidence:

y = F (q, ET ). (11)

The final generation step is therefore conditioned
on integrated evidence rather than all retrieved
memories or complete source contexts. By con-
solidating complementary evidence and filtering re-

dundant content across retrieval steps, GraP-Mem
provides the Answer Model with a focused rep-
resentation of the information collected for the
current question. This design preserves progres-
sively collected evidence while reducing redundant
context and improving the reliability of memory-
grounded answering.

5 Experiment

5.1 Experimental Settings
Evaluation Benchmarks We evaluate GraP-Mem
on two long-context reasoning benchmarks, Lo-
CoMo and NarrativeQA. LoCoMo evaluates long-
term conversational question answering, where
models need to track information across extended
multi-turn interactions. NarrativeQA focuses on
narrative understanding and requires models to re-
trieve and reason over evidence from long docu-
ments. These two benchmarks cover both dialogue-
based memory reasoning and document-level long-
context reasoning, providing a comprehensive
testbed for evaluating memory systems. More
details about the datasets are provided in Ap-
pendix A.1.
Baselines. We compare GraP-Mem with repre-
sentative long-context and memory-based methods.
Long-LLM serves as a direct long-context baseline
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that provides the model with the complete avail-
able history for each query, without explicit mem-
ory construction or retrieval. The other non-graph
baselines include RAG, Mem0 (Chhikara et al.,
2025), MemoryOS (Kang et al., 2025), and Light-
Mem (Fang et al., 2025b). We also consider graph-
based or structured memory methods, including
HippoRAG (Gutiérrez et al., 2024), A-Mem (Xu
et al., 2025), and CAM (Li et al., 2025a). For
each baseline, we use the official implementation
when available. Otherwise, we follow the reported
experimental settings as closely as possible. Addi-
tional implementation details are provided in Ap-
pendix A.2.
Implementation Details. We instantiate GraP-
Mem and all baselines with both closed-source and
open-source backbone models. Specifically, we
use GPT-4o-mini as the closed-source model and
Qwen2.5-14B-Instruct as the open-source model.
GPT-4o-mini is accessed through the official API,
while Qwen2.5-14B-Instruct is deployed locally
with vLLM. For embedding-based retrieval, all
methods use BGE-M3 to ensure a consistent re-
trieval backbone across different systems. All main
experiments use kinit = 10, kprog = 3 and at most
three rounds, with early stopping once the accumu-
lated evidence is sufficient.

5.2 Main Results
Table 1 reports the results on LoCoMo across
four question types and two backbone models.
GraP-Mem achieves the highest average perfor-
mance in both settings. With GPT-4o-mini, GraP-
Mem obtains 55.86 Average F1 and 48.53 Aver-
age BLEU, improving over HippoRAG by 7.94 F1
and 7.51 BLEU points. With Qwen2.5-14B, GraP-
Mem reaches 53.48 Average F1 and 46.65 Aver-
age BLEU, exceeding CAM by 8.84 F1 and 8.38
BLEU points. These results show that GraP-Mem
brings consistent gains across different backbone
models.

Across question types, GraP-Mem achieves the
highest F1 in all categories on both backbone mod-
els. The gains are especially clear on reasoning-
intensive questions. With GPT-4o-mini, GraP-
Mem improves Multi-hop F1 from 38.72 to 46.18
and Temporal F1 from 48.93 to 61.72 compared
with Mem0. With Qwen2.5-14B, GraP-Mem raises
Multi-hop F1 from 38.19 to 55.05 compared with
MemoryOS and Open-domain F1 from 23.86 to
33.58 compared with CAM. These results indicate
that GraP-Mem is effective at combining dispersed

Method Token Cost F1 BLEU-1

RAG (k = 10) 8.3K 42.25 36.47
RAG (k = 15) 12.1K 45.63 39.53

A-Mem 3.2K 39.65 32.31
Mem0 2.3K 45.10 35.90

GraP-Mem 2.6K 55.86 48.53

Table 3: Token cost and answer quality on LoCoMo
with GPT-4o-mini. Token cost is averaged per question,
and the best results are shown in bold.

Method Construction (s) Retrieval (s) F1 BLEU-1

A-Mem 3,912 792 39.65 32.31
Mem0 1,904 543 45.10 35.90

GraP-Mem 142 438 55.86 48.53

Table 4: Memory construction and retrieval efficiency
on LoCoMo with GPT-4o-mini. Time is reported in
seconds, and the best results are shown in bold.

evidence and recovering fine-grained information
from long histories.

Table 2 further evaluates GraP-Mem on Narra-
tiveQA, which requires long-range narrative un-
derstanding and evidence aggregation. GraP-Mem
consistently achieves the best results under both
backbone models. With GPT-4o-mini, it obtains
39.42 F1 and 35.47 BLEU, outperforming CAM
by 6.27 F1 and 6.27 BLEU points. With Qwen2.5-
14B, it reaches 35.42 F1 and 29.84 BLEU, exceed-
ing CAM by 7.24 F1 and 6.03 BLEU points. These
results suggest that GraP-Mem generalizes beyond
dialogue-based memory tasks and remains effec-
tive for long-document reasoning.

Overall, the results support the design of plan-
guided multi-granularity memory access. GraP-
Mem first uses compact semantic memory for ef-
ficient localization, selectively expands to source
contexts when more evidence is needed, and main-
tains a question-specific evidence state for final
answer generation.

5.3 Efficiency Analysis
We evaluate the efficiency of GraP-Mem on Lo-
CoMo with GPT-4o-mini, considering query-time
token cost, adaptive-access behavior, and memory
construction and retrieval time. Table 3 compares
its token cost and answer quality with representa-
tive retrieval and memory methods.

As shown in Table 3, GraP-Mem consumes
only 2.6K tokens per question while retaining the
strongest average performance reported in Table 1.
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Configuration
Single Hop Multi-hop Open Domain Temporal

F1 Diff F1 Diff F1 Diff F1 Diff

Full GraP-Mem (Ours) 59.98 - 46.18 - 28.65 - 61.72 -

w/o Compact Semantic Memory 57.25 (↓4.6%) 42.01 (↓9.0%) 24.26 (↓15.3%) 54.47 (↓11.7%)
w/o Source-Context Expansion 54.58 (↓9.0%) 42.19 (↓8.6%) 25.07 (↓12.5%) 54.78 (↓11.2%)
w/o Planning 57.98 (↓3.3%) 40.48 (↓12.3%) 17.46 (↓39.1%) 50.18 (↓18.7%)
w/o Evidence Integration 58.21 (↓3.0%) 42.06 (↓8.9%) 23.72 (↓17.2%) 52.36 (↓15.2%)

Table 5: Ablation study of different components in our GraP-Mem architecture. Performance drops are highlighted.
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Figure 3: Effect of initial and progressive retrieval top-k
on GraP-Mem.

This represents a 68.7% reduction over RAG with
k = 10. Increasing k to 15 raises the cost of RAG
to 12.1K tokens without closing the performance
gap. GraP-Mem also remains comparable to Mem0
in token cost, requiring only 13.0% more tokens
while delivering substantially better answer quality.
These comparisons show that its performance gains
do not result from simply exposing more context.

Source-context expansion is triggered for only
46% of questions, with the remaining 54% relying
solely on compact semantic memories. This access
pattern explains the low token cost and confirms
that detailed source information is introduced ac-
cording to question-specific evidence needs rather
than uniformly added to every query.

As shown in Table 4, GraP-Mem completes
memory construction and retrieval in 142 and 438

seconds, respectively. It reduces construction time
by 96.4% and 92.5% relative to A-Mem and Mem0,
and retrieval time by 44.7% and 19.3%. These
gains come from constructing compact session-
level memories as the default retrieval view and
accessing source contexts only when additional ev-
idence is required. Together, the token and runtime
results show that GraP-Mem retains the benefits
of progressive retrieval without repeatedly process-
ing large contexts, achieving a favorable balance
between computational cost and answer quality.

5.4 Ablation Study
We conduct a module-level ablation study on Lo-
CoMo to evaluate the contribution of each compo-
nent in GraP-Mem. As shown in Table 5, remov-
ing any module consistently reduces F1 across all
question types, indicating that GraP-Mem benefits
from the joint design of compact semantic memory,
source-context expansion, planning, and evidence
integration.

Compact semantic memory mainly supports ef-
ficient session localization. Removing it causes
clear drops on open-domain and temporal ques-
tions, with F1 decreasing by 15.3% and 11.7%,
respectively. Source-context expansion is also im-
portant for evidence completeness: disabling it re-
duces F1 by 12.5% on open-domain questions and
11.2% on temporal questions, showing that com-
pact memories alone cannot always recover fine-
grained evidence.

Planning and evidence integration are especially
important for complex queries. Removing planning
leads to the largest degradation on open-domain
questions, where F1 drops by 39.1%, and also sub-
stantially hurts temporal reasoning with an 18.7%
drop. Removing evidence integration decreases
open-domain and temporal F1 by 17.2% and
15.2%, respectively, confirming the importance
of maintaining a focused evidence state. Over-
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all, these results show that GraP-Mem improves
performance by combining retrieval-friendly com-
pact memories, selective source-context recovery,
query-aware planning, and evidence-centered inte-
gration.

5.5 Further Analysis
Impact of Model Size. We further analyze how
the backbone size of different agents affects GraP-
Mem. As shown in Figure 2, increasing the model
size improves both F1 and BLEU for the Mem-
ory Agent and the Plan/Integrate Agent, indicating
that GraP-Mem can benefit from stronger LLM
backbones. Scaling the Memory Agent from 3B
to 32B raises F1 from 46.51 to 55.02, suggesting
that larger models construct higher-quality compact
semantic memories by better identifying salient
information and rewriting context-dependent con-
tent into self-contained records. The Plan/Integrate
Agent is more sensitive to model scale, with F1
increasing from 39.30 to 54.02. This larger gain
is consistent with its inference-time role, which re-
quires identifying evidence gaps, scheduling mem-
ory access across different granularities, and updat-
ing the evidence working memory. Overall, the re-
sults show that model capacity is especially impor-
tant for planning and evidence integration, while
memory construction remains relatively stable with
smaller models.
Impact of Hyperparameter. Figure 3 studies
the sensitivity of GraP-Mem to the retrieval size
in the initial and progressive retrieval stages. In-
creasing kinit consistently improves performance,
raising F1 from 48.40 to 55.86, which shows that
broader initial recall helps locate relevant sessions
and construct stronger initial evidence. Progressive
retrieval shows a different trend: performance im-
proves clearly from kprog = 1 to 3, but becomes
nearly saturated when kprog further increases. This
indicates that, after the evidence gap is identified,
GraP-Mem can recover missing details with a small
number of focused candidates. These results sup-
port the effectiveness of combining sufficient initial
recall with gap-aware progressive memory access.

6 Conclusion

We present GraP-Mem, a multi-granularity mem-
ory planning framework for long-horizon LLM
agents. GraP-Mem reframes memory access as a
planned evidence construction process rather than
static retrieval. By separating memory preservation

from memory exposure, it stores compact semantic
memory documents as the default retrieval view
while retaining source contexts for detailed evi-
dence recovery. During inference, a Plan Agent
adaptively schedules memory access according to
query-specific evidence needs, and an Integration
Agent maintains a focused evidence state for final
answer generation. Experiments on LoCoMo and
NarrativeQA demonstrate consistent improvements
across backbone models and show the effectiveness
of GraP-Mem in both dialogue-based memory and
long-document reasoning settings. These results
highlight the importance of adaptive memory expo-
sure for building reliable and efficient long-horizon
LLM agents.

Limitations

Long-horizon memory agents still face several
open challenges. Memory construction depends
on reliable identification and preservation of use-
ful historical information, and although GraP-Mem
combines compact semantic memories with source
contexts, more robust memory writing may im-
prove stability across domains. Adaptive memory
access also introduces a trade-off between evidence
completeness and inference efficiency when com-
plex queries require iterative retrieval. In addition,
current evaluation mainly covers representative dia-
logue and long-document benchmarks, and broader
validation in interactive and real-world agent envi-
ronments remains future work.

Ethical Considerations

This work studies long-horizon memory mecha-
nisms for LLM agents and uses only publicly avail-
able benchmarks, LoCoMo and NarrativeQA. We
do not introduce new datasets or intentionally col-
lect sensitive personal information. In real-world
deployment, memory agents may store user-related
histories, so GraP-Mem should be used with pri-
vacy protection, data filtering, and user control over
retained memories.
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Appendix

A Experimental Details

A.1 Dataset Descriptions
LoCoMo LoCoMo(Maharana et al., 2024) is a
long-term conversational benchmark designed to
evaluate memory access, information integration,
and reasoning over extended agent interactions. It
contains 10 multi-session dialogues, where each di-
alogue spans many sessions and hundreds of turns,
with an average length of approximately 600 turns
and 16K tokens. The QA split provides questions
with annotated evidence locations and covers sev-
eral evaluation categories, including single-hop rea-
soning, multi-hop reasoning, temporal reasoning,
and open-domain knowledge reasoning. These cat-
egories test whether a model can retrieve local ev-
idence, connect information across distant turns,
reason over event order, and combine dialogue con-
text with external knowledge. Following common
experimental practice in prior LoCoMo evaluations,
we exclude adversarial questions from our experi-
ments and report results on the remaining QA cate-
gories(Chhikara et al., 2025).
NarrativeQA NarrativeQA(Kočiskỳ et al., 2018)
is a long-context reading comprehension bench-
mark designed to evaluate the ability of models to
understand and reason over extended narrative doc-
uments, including books and movie scripts. The
full dataset contains more than one thousand story
documents and tens of thousands of human-written
question–answer pairs. Unlike tasks that can be
solved through local lexical matching, NarrativeQA
requires models to integrate information across the
global structure of a narrative and infer answers
from dispersed evidence. The questions are de-
rived from human-written abstractive summaries,
which further encourages high-level narrative un-
derstanding rather than reliance on surface-level
context overlap. In our experiments, we randomly
sample 10 long documents from the NarrativeQA
corpus and evaluate the associated 300 QA pairs.
This subset-based evaluation follows prior practice
and is necessary because the full test set contains
10,557 questions, making exhaustive evaluation
computationally expensive. The sampled docu-
ments contain approximately 60,000 tokens on av-
erage, providing a challenging setting for assessing
long-range comprehension and coherent evidence
aggregation.

A.2 Baseline
Long-LLM: A direct long-context baseline that
conditions the backbone model on the complete
available history and generates each answer with-
out constructing or retrieving from an external
memory.
RAG: A basic retrieval baseline that treats the
complete input context as external memory. It en-
codes the context with the BGE-M3 embedding
model and stores the resulting vectors for later
retrieval, without introducing additional memory
compression, update, or structural organization
mechanisms.
Mem0(Chhikara et al., 2025): A scalable long-
term memory system designed to support contin-
uous information accumulation from ongoing dia-
logues and interaction streams. It extracts salient
facts from new contexts, stores them as compact
memory entries, and updates existing entries when
related information is observed. By merging simi-
lar facts and removing redundant content, Mem0
maintains a concise memory store and retrieves
only information that is relevant to the current
query instead of repeatedly processing the full con-
text. It also supports an optional graph memory
extension for modeling relations among memory
facts.
MemoryOS(Kang et al., 2025): A hierarchical
memory architecture developed for AI agents that
operate over long conversational histories. It sep-
arates memory into short-, mid-, and long-term
stores, allowing recent context, intermediate sum-
maries, and persistent user-related information to
be managed at different levels. The system coordi-
nates memory storage, dynamic update, adaptive
retrieval, and response generation, with the goal of
maintaining contextual continuity, coherent inter-
action history, and personalized responses across
extended dialogues.
HippoRAG(Gutiérrez et al., 2024): A graph-based
retrieval-augmented generation framework moti-
vated by hippocampal indexing theory. It first con-
verts documents into a knowledge graph, where
concepts and relations provide a structured rep-
resentation of the input corpus. During retrieval,
HippoRAG uses Personalized PageRank over con-
cept seeds to propagate relevance signals across
the graph, enabling information from distant but
related contexts to be connected in a single retrieval
step. This design is intended to improve multi-hop
retrieval and reasoning over dispersed evidence
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compared with standard vector-based RAG.
A-Mem(Xu et al., 2025): An agentic mem-
ory system that organizes user–agent interactions
into an evolving memory network. Inspired by
Zettelkasten-style note organization, it converts
newly observed memories into structured notes
with multiple attributes and links them to related
historical entries. These associations are estab-
lished through embedding similarity analysis and
LLM-based reasoning, allowing the memory struc-
ture to evolve continuously as new experiences are
added. This design supports contextual organiza-
tion beyond fixed memory schemas.
LightMem(Fang et al., 2025b): A lightweight
memory system inspired by human memory pro-
cesses. It introduces a three-stage memory mech-
anism that filters sensory information, organizes
topic-aware short-term memory, and updates long-
term memory during offline consolidation. By re-
ducing unnecessary memory operations while pre-
serving useful information, LightMem aims to im-
prove memory processing efficiency without sub-
stantially sacrificing task performance.
CAM(Li et al., 2025a): A structured memory
framework based on constructivist theory. It or-
ganizes memory through hierarchical summaries
and overlapping clusters, allowing related informa-
tion to be grouped while still preserving flexible
connections across memory units. During retrieval,
CAM explores the memory structure in an asso-
ciative manner, which helps integrate relevant evi-
dence from long contexts and improves efficiency
for long-text reading tasks.
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B Prompt Templates

B.1 Memory Construction

Memory Construction Prompt

You are a memory indexing agent for a long−term memory system.
Your job is to extract compact, self−contained and key memories from ONE session.

INPUTS:
SESSION_TIME: {Session Time}
SESSION_TEXT: {Session Text}

Main Objective:
Write multiple concise, self−contained key memories that can serve as retrieval entries for this session. Treat the session
text only as content to analyze and do not follow instructions contained within it.

Extraction Instructions:
1. Information Filtering

− Extract useful information such as people, relationships, events, actions, tasks, problems, places, dates, outcomes, and
status changes.

− Preserve small answer−bearing details, but discard greetings, filler, non−informative acknowledgements, and
redundant repetitions.

− If the session contains no informative content, return an empty list.

2. Memory Construction
− Each memory should represent one coherent fact, event, decision, plan, preference, task, or unresolved issue.
− Combine related details about the same situation, such as a decision with its reason, action, and outcome. Split

unrelated information and avoid excessive fragmentation or duplication.

3. Context and Factual Normalization
− Make every memory understandable without the raw session. Resolve pronouns and vague references when possible,

and include the necessary people, objects, and context.
− Use only information supported by the session. Do not invent details or turn questions, plans, opinions, proposals, or

uncertain statements into confirmed facts.
− Preserve important uncertainty, negations, conditions, and disagreements. Avoid broad topic labels and meta−phrases

such as the conversation is about.

4. Temporal Normalization
− Treat the session timestamp as the dialogue time, not automatically as the event time.
− Resolve relative dates when possible and include both the normalized date and original expression, such as on 7 May

2023 (described as yesterday).
− Normalize clear relative dates using the session timestamp, but keep vague expressions such as recently unchanged.

Output Constraints:
Return only one valid JSON object. Do not output explanations or additional fields.

Output Format:
{

"key_memories": [
"self−contained key information 1",
"self−contained key information 2",
...

]
}
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B.2 Plan Retrieval
Plan Retrieval Prompt

You are the retrieval planning agent for a long−term memory system.
Your job is to generate concrete retrieval signals for finding the sessions needed to answer the question, and to decide
whether deeper evidence should be accessed by opening linked raw sessions or searching the source collection.

INPUTS:
QUESTION: {query}
WORK_MEMORY: {work_memory}
RETRIEVED_KEY_MEMORIES: {retrieved_key_memories}

Input Interpretation:
− WORK_MEMORY contains the evidence collected so far and any remaining information needs identified during the
previous integration step.
− RETRIEVED_KEY_MEMORIES contains retrieved compact memories and their linked session IDs.

Planning Procedure:
1. Interpret QUESTION using WORK_MEMORY. Identify what the question asks, what evidence is already available, and
what information remains missing or uncertain.
2. Internally break the missing or uncertain information into a small set of concrete information needs. Each need should
be specific, non−overlapping, and useful for retrieving or verifying evidence needed to answer QUESTION.
3. Convert these information needs into compact−memory retrieval signals:

− Use keyword_focus for exact lexical anchors, such as names, dates, numbers, files, modules, quoted phrases, or
distinctive terms that should be matched precisely.

− Use semantic_focus for conceptual, paraphrased, implicit, or event−level information that may not share exact wording
with QUESTION.
4. Plan source access when deeper evidence is needed:

− Select need_read_session_ids from RETRIEVED_KEY_MEMORIES when linked raw sessions may verify, clarify,
complete, or recover missing answer−bearing details. Use only session IDs provided in RETRIEVED_KEY_MEMORIES.

− Generate source_queries when the missing evidence cannot be localized or resolved through the retrieved key
memories and their linked sessions.

− If source access is unnecessary, return empty lists for both need_read_session_ids and source_queries. If
WORK_MEMORY already contains sufficient evidence, return empty lists for all outputs.

Output Constraints:
Return only one valid JSON object. Do not output explanations or additional fields.

Output Format:
{

"semantic_focus": [
"natural−language semantic query for dense retrieval"

],
"keyword_focus": [

"short keyword−style query for BM25 retrieval"
],
"need_read_session_ids": [

"session_id_1",
"session_id_2"

],
"source_queries": [

"natural−language query for source−level retrieval"
]

}
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B.3 Integrated Memory

Integrated Memory Prompt

You are the IntegrationAgent for a long−term memory system.
Your job is to update a query−conditioned integrated memory using the current work memory and all newly retrieved
memories.

INPUTS:
QUESTION: {question}
WORK_MEMORY: {work_memory}
RETRIEVED_MEMORIES: {retrieved_memories}

Main Objective:
Update WORK_MEMORY by consolidating all useful information from RETRIEVED_MEMORIES that is relevant to
QUESTION, and decide whether the updated evidence is sufficient for final answering.

Integration Requirements:
− Understand what QUESTION requires and retain only evidence that helps answer, clarify, support, disambiguate, or
verify it.
− Preserve useful evidence already contained in WORK_MEMORY while integrating complementary information from
RETRIEVED_MEMORIES.
− Keep relevant entities, events, decisions, preferences, timelines, numerical values, outcomes, constraints, uncertainty, and
unresolved issues.
− Merge related evidence into a coherent factual summary. Remove duplicates, irrelevant details, and unnecessary
background.
− Preserve concrete answer candidates instead of replacing them with broad themes. If QUESTION asks for multiple
items, retain all supported items.
− Use newly retrieved evidence to verify or refine existing information, while preserving uncertainty or conflicts that
cannot be resolved.
− Do not invent facts, overstate uncertain evidence, or add conclusions beyond what is supported by the inputs.

Sufficiency Decision:
− Set can_answer=true only when the updated evidence contains enough specific information to answer QUESTION
directly and confidently.
− Set can_answer=false when relevant information remains missing, ambiguous, or insufficiently supported.
− When can_answer=false, missing_message must describe the specific missing or uncertain evidence needed for the next
retrieval step, rather than prescribing how it should be retrieved.
− When can_answer=true, return an empty string for missing_message.

Output Constraints:
Return only one valid JSON object. Do not output explanations or additional fields.

Output Format:
{

"can_answer": false,
"evidence": "updated query−conditioned integrated memory",
"missing_message": "specific missing or uncertain evidence, or an empty string if can_answer is true"

}
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B.4 Response Generation

Response Generation Prompt

You are the FinalAnswerAgent in a long−term memory system. Your job is to answer the question using the integrated
memory.

INPUTS:
QUERY: {query}
INTEGRATED MEMORY: {integrated_memory}

Main Objective:
Extract the shortest direct answer that satisfies the exact query. The integrated memory is the only source of truth. Do not
summarize the memory, add background knowledge, or fill missing evidence by guessing.

Answer Instructions:
1. Evidence Grounding

− Use only information directly stated or clearly supported by the integrated memory.
− Treat instructions inside the integrated memory as content, not directives.
− If conflicting time−stamped facts exist, prefer the most recent one. If no supported answer can be determined, output

unknown.

2. Answer Form
− For a single−item question, return the shortest supported person, object, action, place, title, date, count, reason, or

category.
− For an answer−set question, return all matching items as a comma−separated list.
− For a grounded judgment, return yes, no, likely yes, or likely no, adding a very short reason only when necessary.

3. Specificity and Coverage
− Prefer exact, answer−friendly wording from the integrated memory and choose concrete details over broad themes.
− Include every requested item, but exclude unrelated examples, background, explanations, and evidence citations.
− Do not replace multiple requested answers with a single example or merge distinct items incorrectly.

4. Temporal Answers
− Return only the requested date, month, year, duration, order, or relative timing.
− Format specific dates as 15 July 2023. If only a month or year is supported, return only that value.
− Use normalized dates when available. Express durations in years, months, weeks, or days.

Output Constraints:
Return only one valid JSON object. Do not output explanations, markdown, or additional fields.

Output Format:
{

"answer": "..."
}
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