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Metamemory-guided retrieval and memory revision for
long-term conversational memory

Abstract

Relevant information in long-term conversations is often scattered across sessions. Even when a system
finds evidence that supports its answer, it may omit other information needed to address the question.
To address this problem, we propose a framework for metamemory-guided active retrieval and memory
revision (MARR). The framework organizes historical conversations into a heterogeneous memory
graph, connecting records across sessions through entities and topics while retaining original messages
and temporal information for later inspection. When answering a question, the system checks whether
the evidence is sufficient in light of what it has already answered and uses the actual retrieval trajectory
to determine where to search next. Information obtained through supplementary retrieval informs
revision proposals, which the Writer checks against the original text before deciding whether to accept
them, reducing unsupported changes. Evaluations on LoCoMo and LongMemEval-S show that the
framework recovers some omitted evidence and improves question-answering performance. Further
analysis finds that some answer errors can be corrected by reexamining material already available,
while continued retrieval yields more pronounced benefits for multi-hop questions with incomplete
evidence. These findings suggest that the effectiveness of long-term conversational memory depends
both on finding relevant information and on the system’s ability to understand and use it adequately.

Keywords: metamemory; knowledge graph; long-term conversational memory; large language model

1 Introduction

Intelligent assistants in long-term interactions
need to use past conversations to answer current
questions, such as which activities a user has par-
ticipated in, how their preferences have changed,
and when similar events occurred. As interactions
accumulate, relevant facts become scattered across
sessions, and the experiences and states of the
same person may change. These tasks require
systems to recover cross-session connections and
understand the subject, time, and state of each
fact. LoCoMo (Maharana et al. 2024) and Long-
MemEval (Wu et al. 2025) incorporate cross-session
information extraction and reasoning into mem-
ory evaluation, advancing research on long-term
memory for sustained interactions.

However, retrieving evidence that supports an
answer does not mean that the question has been
answered adequately. As shown in Figure 1, the
user asks which volunteer activities they partici-
pated in before moving. The initial answer about a

park cleanup is supported by the original text but
omits a food bank experience. Confirming the lat-
ter requires combining the activity information in
ug, which has already been read, with the partici-
pation record in uy4, which has not been retrieved.
Verifying existing statements alone cannot reveal
this omission; cross-session evidence must also be
found and integrated. We use insufficient recall
to describe cases in which historical information is
not fully recovered or correctly used in answering
the current question, and distinguish factual sup-
port for existing statements from coverage of the
information required by the question.

Prior research provides foundations in memory
organization and feedback-based revision. Hip-
poRAG (Jiménez Gutiérrez et al. 2024) uses
knowledge graphs to support associative retrieval,
and A-Mem (Xu et al. 2025) organizes memory
through structured notes and dynamic links. Self-
RAG (Asai et al. 2024) coordinates retrieval and
generation, while CRITIC (Gou et al. 2024) uses
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Fig. 1 The distinction between factual support and answer
coverage. A hypothetical cross-session example. Blue mes-
sages are retrieved sources; the orange message ua has not
yet been retrieved. u; supports the initial answer about the
park cleanup. The food bank experience must be confirmed
jointly by the activity type and date in uz and the record
of the user’s own participation in u4. Although us was
reported after the move, the activity still took place before
it; the canceled activity in w2 is excluded from the answer.

tool feedback to verify and revise outputs. Build-
ing on these advances, we focus on regulating
recall after an initial answer has been produced
from shared conversational memory. At this point,
the information not yet covered is not known in
advance. The system needs to determine subse-
quent retrieval directions from what it has already
answered and searched for, and judge whether
new findings justify a revision. Supported conclu-
sions may conceal omissions, while semantically
related new records may concern a different per-
son, event, or time range. Continued evidence
acquisition therefore needs to work together with
judgments about whether that evidence applies.
Research on human memory offers a
monitoring-and-control perspective on this process.
The metamemory framework of Nelson and Narens

(1990) distinguishes monitoring of memory activity
from control processes that regulate subsequent
activity using monitoring information. Koriat and
Goldsmith (1996) further discuss how reporting
decisions regulate the accuracy and quantity of
information in memory reports. These studies
motivate us to consider both how information is
acquired and how it is used. In this study, monitor-
ing concerns the current answer and its evidence
acquisition process, while control takes the form
of continued retrieval, checks against the original
text, and answer adjustment. We therefore ask:
When initial recall may be insufficient, how
can the current recall state guide further
evidence acquisition and verification to fill
omissions, correct errors, and preserve as
much existing correct content as possible?

To this end, we propose the Metamemory-
Guided Active Retrieval and Revision
(MARR) framework. Its central idea is to
regulate subsequent retrieval using the current
answer and its evidence acquisition process, and
to judge whether to revise the answer based on
the original text. The initial answer presents the
conclusions already reported, the evidence already
read provides a basis for verification, and the actual
retrieval trajectory records the queries attempted,
access paths, and results. Together, these form an
observable recall state that enables the system to
identify leads for further examination based on
what it has already answered, read, and searched
for.

This process is implemented through coopera-
tion between a Writer and a Challenger. The Writer
first retrieves evidence and generates an initial
answer. The Challenger receives this answer and
inherits the existing retrieval state, conducts sup-
plementary retrieval for potential omissions, event
confusion, and temporal conditions, and adjusts
the next retrieval round according to the results
actually returned. Supplementary retrieval may
seek relevant records that have not yet been read
or recheck original text already available. The
Challenger then provides review comments with
source citations. The Writer judges whether the
original text supports the proposed changes and
whether the corresponding facts match the subject,
event, and time range required by the question.
The framework separates proposing changes from
accepting them, retaining content that remains
valid while completing or correcting the answer



and preserving necessary uncertainty about details

that cannot be verified. We call this process of

adjusting the recall result for the current question
based on evidence memory revision.

To support supplementary retrieval across ses-
sions and source verification, MARR organizes
event and state records into a heterogeneous mem-
ory graph through shared entities and topics,
retaining links to original messages as well as event
times and report times. Connections in the graph
help locate candidates, while original messages are
used to check specific facts. Both roles share the
same read-only memory graph. Revision affects
only the current answer, with at most one final
revised answer produced after the initial answer.

We evaluate MARR on LoCoMo and
LongMemEval-S. In a developmental evaluation of
1,540 LoCoMo questions, supplementary retrieval
recovered 125 of the 410 question/annotated
supporting-message pairs missing at the initial-
answer stage, or 30.5%. Across all 500 questions in
LongMemEval-S, the Challenger increased Judge
accuracy from 81.80% to 85.00%. Ablation exper-
iments show that supplementary retrieval has a
more pronounced effect on LoCoMo multi-hop
questions with incomplete initial evidence. These
results support continued evidence acquisition,
examination, and integration after the initial
answer, while also showing that revision gains
need to be evaluated alongside the preservation of
correct initial answers.

The main contributions of this work are as
follows:

1. We propose MARR to address cases in long-
term conversational question answering where
an initial answer has factual support but may
still omit necessary information. MARR uses
the initial answer, evidence already read, and
actual retrieval trajectory jointly to make sub-
sequent retrieval decisions, directing supple-
mentary retrieval toward potential omissions,
event confusion, and temporal conditions in the
current answer.

2. We design an answer revision mechanism
grounded in original sources that separates
proposing changes from accepting them. The
Writer verifies the Challenger’s review com-
ments against the visible original text and
considers the subject, event, and temporal con-
ditions to determine which content should be
retained, completed, or corrected.

3. We conduct question-answering evaluations,
component ablations, and evidence coverage
analyses on LoCoMo and LongMemEval-S to
examine the roles of rechecking existing evi-
dence, supplementary retrieval, and actual
retrieval trajectories. We assess the net benefit
of revision through paired counts of error correc-
tions and harmful revisions. The results show
that rechecking existing material can correct
some initial-answer errors, while supplemen-
tary retrieval yields more pronounced benefits
for multi-hop questions with incomplete initial
evidence.

2 Related work

2.1 Long-term memory for large
language model agents

Research on long-term memory for large language
model (LLM) agents examines how to retain expe-
riences, user information, and task knowledge from
past interactions and retrieve this information for
subsequent tasks. In sustained multi-turn interac-
tions spanning multiple sessions, memory systems
need to decide what to store, how to update it
as new information arrives, and how to place rele-
vant experiences in the current context. Existing
methods address experience storage, hierarchical
management, and information integration. Genera-
tive Agents (Park et al. 2023) records experiences
in natural language and combines retrieval, reflec-
tion, and planning to support agent behavior.
MemGPT (Packer et al. 2023) draws on hierar-
chical storage mechanisms in operating systems,
allowing models to call memory functions to man-
age information inside and outside the context
window. MemoryOS (Kang et al. 2025) orga-
nizes short-term, mid-term, and long-term memory
to support storage, updating, retrieval, and gen-
eration. Mem0O (Chhikara et al. 2025) extracts
important information from ongoing conversations
and reduces redundancy through consolidation or
updating to maintain reusable memories.
Long-term conversation benchmarks evaluate
memory through the recovery and use of infor-
mation across sessions. LoCoMo (Maharana et
al. 2024) tests factual question answering, temporal
reasoning, and multi-hop associations in long con-
versations. LongMemEval (Wu et al. 2025) further
distinguishes information extraction, multi-session



reasoning, temporal reasoning, knowledge updat-
ing, and abstention, and analyzes performance at
the indexing, retrieval, and reading stages. These
studies show that memory design must account for
both information retention and task-oriented use.
We focus on the question-answering stage after
historical memory has been constructed, studying
how a system can review its initial answer and
continue searching for the cross-session evidence
required by the question.

2.2 Structured memory and
associative retrieval

To locate and integrate scattered information, exist-
ing methods explicitly organize memory content
and its relationships. A-Mem (Xu et al. 2025) gen-
erates notes with semantic attributes, establishes
links between notes, and updates existing repre-
sentations as new memories arrive. MemlInsight
(Salama et al. 2025) autonomously augments histor-
ical interactions with semantic attributes that aid
retrieval. These methods improve the accessibility
of historical information through memory associa-
tions and semantic descriptions, respectively.

Graphs are also used to connect entities and
facts across records. Inspired by hippocampal
indexing theory, HippoRAG (Jiménez Gutiérrez et
al. 2024) combines knowledge graphs with personal-
ized PageRank to support associative retrieval. Hip-
poRAG 2 (Jiménez Gutiérrez et al. 2025) integrates
passages more deeply and introduces online model
involvement to support both factual retrieval and
associative reasoning. For conversational memory,
the graph memory variant of Mem0 (Chhikara et
al. 2025) organizes interaction information through
entities and their relationships. These methods
provide different mechanisms for representing and
accessing cross-record associations.

Our framework uses structured memory records
and links established through entities and topics
as the basis for memory access, retains references
to original messages, and keeps memory read-only
during question answering. On this basis, it uses
the initial answer and retrieval state to continue
locating cross-session evidence and verifies whether
that evidence supports revision.

2.3 Memory regulation and
feedback-based revision

Beyond organizing and retrieving memory, systems
must decide when to continue searching, what to
search for, and how to use the information obtained.
Metamemory research provides a monitoring-and-
control framework for these decisions (Nelson and
Narens 1990). Research on memory reports fur-
ther examines how people’s judgments about their
recall affect which information they report or tem-
porarily withhold (Koriat and Goldsmith 1996).
Recent work also directly studies memory control
in large language model systems. AutoMem (Wu
et al. 2026) treats memory management as a learn-
able cognitive skill, optimizing memory structure
through trajectory analysis and training models
to perform memory operations. MemCon (Jiang
et al. 2026) learns adaptive policies from task
feedback to select retrieval timing, content, and
quantity, as well as memory consolidation and
forgetting operations. These two recent preprints
extend the focus from memory representations to
decisions about using and managing memory.

Active retrieval and feedback-based revision
offer related technical approaches. IRCoT (Trivedi
et al. 2023) retrieves more information based on
intermediate reasoning; ReAct (Yao et al. 2023)
alternates between reasoning and tool actions; Self-
RAG (Asai et al. 2024) learns reflection tokens
to coordinate retrieval, generation, and critique.
Feedback can also guide the current output or sub-
sequent attempts. Self-Refine (Madaan et al. 2023)
iteratively improves outputs through self-feedback,
while Reflexion (Shinn et al. 2023) stores verbal
feedback in episodic memory to guide subsequent
attempts. For answers that depend on evidence,
CRITIC (Gou et al. 2024) obtains verification feed-
back through external tools, and RARR (Gao et
al. 2023) retrieves supporting evidence to revise
unsupported content. Together, these studies estab-
lish a basic approach: acquire more information
based on intermediate states and revise outputs
accordingly.



3 Method
3.1 Method overview

Relevant information in long-term conversational
question answering is often scattered across mul-
tiple sessions, and a person’s experiences, prefer-
ences, and states may change over time. Retrieving
evidence that supports a statement does not mean
that all the information needed to answer the cur-
rent question has been obtained. For example, a
record of an activity may support the statement
that someone “participated in this activity,” yet
be insufficient to answer “Which activities has
this person participated in?” Answer review must
therefore assess whether existing statements are
supported and check for other relevant facts that
may have been omitted.

MARR examines and adjusts the current recall
result through retrieval-trajectory-aware review
and evidence-constrained revision. Figure 2 shows
the overall MARR framework. First, historical
conversations are organized into a heterogeneous
memory graph that preserves links to the orig-
inal source messages. The Writer then actively
retrieves evidence and generates an initial answer.
Using the initial answer, the evidence already read,
and the actual retrieval trajectory, the Challenger
conducts supplementary retrieval to investigate
potential omissions, event confusion, and tem-
poral conditions. Finally, the Writer verifies the
review feedback against the original messages and
generates the final answer.

The initial answer, the evidence already read,
and the actual retrieval trajectory together con-
stitute the observable recall state for the current
question. This state provides a basis for monitor-
ing answer adequacy and controlling subsequent
retrieval. MARR separates the proposal of revisions
from their acceptance: the Challenger searches for
evidence that may affect the initial answer, while
the Writer determines whether that evidence is suf-
ficient to support a revision. In this paper, memory
revision refers to the process of completing or cor-
recting the current recall result based on evidence.
Both roles share the same read-only memory graph
and tool interface, and revisions apply only to the
answer to the current question.

3.2 Problem definition: factual
support and answer coverage

Let the conversation history consist of M sessions.
The j-th session s; contains a report time T;EPON
and a message sequence U; in its original order.
Given a question ¢, MARR constructs a mem-
ory graph and generates an answer with source

citations:

H={s;};L,, 5= (717" U,), )
G=M(H), (a*,C")=F(q,G).

Here, M and F denote MARR’s memory
construction and question-answering procedures,
respectively, and C* is the set of original message
IDs cited in the final answer. Each message retains
its speaker, text, message ID, and position within
the session for source tracing and context recovery.

This paper distinguishes factual support from
answer coverage. Let £ denote the original mes-
sages already read, Runsupported (a¢; €) denote state-
ments in the answer that are not yet supported by
these messages, and Rmissing (¢, @; H ) denote facts
in the conversation history that are relevant to the
question but not covered by the answer. Then:

Runsupported (CL; g) =9 (2)
7é> Rmissing(‘]a a; H) = J.

Equation (2) captures the limitation of verify-
ing only the initial answer: all existing statements
may be supported by evidence, while other neces-
sary information remains omitted. Since relevant
facts in the unread history are not known in
advance, MARR searches for omissions through
supplementary retrieval within a fixed budget;
it does not treat the sets in Equation (2) as
completeness labels known at runtime.

3.3 Heterogeneous memory graph
with preserved source links

3.3.1 Memory representation and
source preservation

The memory graph contains five node types: ses-
sions, original messages, memory records, entities,
and topics. Events and states are distinguished
by the type field of each memory record. MARR
extracts structured records session by session
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and retains their corresponding original messages.
The memory graph and an individual record are
represented as:

G = (V) [’)’
r = (.T, K, X, T, 7_eventy 7_report’ P),

k € {Event, State}.

(3)

V is the node set, and L is the set of typed
edges. To simplify notation, session and record
subscripts are omitted for an individual record.
Table 1 describes the fields.

Memory construction does not take evaluation
questions, reference answers, or answer locations
as inputs. The question-answering stage likewise
uses neither reference answers nor Judge results.
Each record is linked to at least one source mes-
sage in the current session. Event records cover
completed, ongoing, and planned activities, while
state records describe relatively stable information
such as preferences and relationships. Extraction
preserves the correct subject attribution, negation,
uncertainty, and distinction between planned and
completed activities, without adding details absent

from the original text. Original messages are stored
separately, so content not covered by structured
records remains accessible through message-level
retrieval.

3.3.2 Cross-session associations and
source lookup

Memory records are connected through entity and
topic nodes. Entity and topic names are normalized
for whitespace and case so that access nodes can be
reused; this processing does not perform full alias
disambiguation. For a record r, its set of associated
candidates is defined as:

Nassoc(r) = {1 # 1
X(rynxXr')y#£aVv

Tr)NT(') # o}

Equation (4) corresponds to an access path
from a record through an entity or topic to an asso-
ciated record. No separate direct edges between
records are created in the graph. After locating can-
didates, MARR follows their source links to read
the original messages and may include adjacent

(4)



Table 1 Fields of event and state records in MARR

Field Content and purpose

T Event or state description, used as the
content representation of the record

K Record type, distinguishing event
experiences from state information
such as preferences and relationships

X Related entities, connecting records
that involve the same people, places,
or organizations

T Related topics, providing topic-based
access across sessions

revent Event time expressed in the original
text, used for temporal ordering and
comparison

Treport Report time of the session or message,
preserving the temporal context of the
statement

P Original messages supporting the
record, used for factual verification
and context recovery

messages from the same session to check referents,
omitted context, and speaker attribution.

Shared entities or topics provide retrieval clues
only. A person may participate in similar activi-
ties on multiple occasions, and a topic may involve
different experiences. Whether associated candi-
dates refer to the same event and can complete or
correct the initial answer must therefore still be
determined from the original text.

3.3.3 Event time and report time

The memory graph stores the time an event
occurred separately from the time it was reported.
For relative time expressions, the report time may
provide context for interpretation; when the origi-
nal text provides no basis for the event time, the
report time is not used as a substitute.

The timeline tool organizes candidates with
identifiable event times in chronological order and
lists records with unknown or ambiguous times
separately. The time-comparison tool computes
only the temporal order or interval between two
selected records. Both operations depend on event
selection: candidates must first be confirmed to
match the subject and activity specified in the
question before their temporal information is used.

3.4 Retrieval-trajectory-aware
evidence acquisition

3.4.1 Dual-granularity retrieval and
tool interface

MARR builds retrieval indices at two granulari-
ties: memory records and original messages. The
record level provides summarized entry points
for retrieval, while the message level preserves
specific details from the original text. At each
granularity, BM25 (Robertson and Zaragoza 2009)
keyword retrieval and BGE (Xiao et al. 2024) vec-
tor retrieval are used, and candidate scores are
computed through reciprocal rank fusion (RRF)
(Cormack et al. 2009):

Se(da q/) =

1
Z ko + ranke ,(d; ¢')’
LMy SEANO
eLZ,m(Q)

¢ € {record, message}.

M et is the set of enabled retrievers, and d is
a candidate memory record or original message
at granularity £. ¢’ is the current retrieval query,
Ly m(q') is the ranked list returned by retriever
m at granularity ¢, and ranky ,, is the candidate’s
rank. The sum includes only lists in which the
candidate actually appears, and the smoothing
constant kg is set to 60. When the vector index is
disabled, only keyword ranking is used. Candidates
are selected separately at the two granularities,
after which their corresponding source messages
are expanded.

The Writer and Challenger use the same six
types of tools, as shown in Table 2.

3.4.2 Actual trajectory and retrieval
state

MARR records actual tool calls and their returned
results, then updates the retrieval state accordingly.
Let R € {W,C} denote the Writer and Challenger,
respectively, and let T/F and ZF denote the cumu-
lative trajectory and retrieval state before planning
round t. After the operation batch for this round
is executed:

Ttﬁ1 =T & [(Ofivyfi)}mt

; A
Z4y = Merge(T;4).



Table 2 Memory access tools in MARR

Tool Access method and purpose

Searches globally at the record and
message levels to establish an entry
point for the question or search again
based on new clues

search

Follows entity or topic links to find
associated records, with at most two
hops from a record and at most one
hop from an entity or topic

expand

Reads original messages and adjacent
context within the same session to
check subjects, referents, negation, and
event status

read_source

When the vector index is enabled,
finds semantic neighbors in other
sessions from an existing record or
message, adding candidates beyond
explicit graph links

similar

Organizes related records by event
time and lists unknown or ambiguous
times separately to check event order
and time ranges

timeline

Compares the event times of two
selected records to compute temporal
order or intervals

compare_time

ofi and yﬁi are the i-th tool operation and its

returned result, respectively, m; is the number of
operations in this round, and @ denotes append-
ing logs in execution order. Merge accumulates
and deduplicates the returned memory records
and original messages while retaining access paths
and temporal results. The trajectory is produced
by program execution and is not replaced by the
model’s retrospective description of retrieval.

Operations within a batch are jointly deter-
mined in a single planning step and then executed
sequentially. The model can use newly returned
results only in the next planning round, so retrieval
decisions are adjusted between rounds, rather than
replanned after each tool returns.

3.4.3 Initial-answer construction and
targeted supplementary retrieval

The planning processes of the two roles in MARR,
are expressed as:

BtVV = ’/TW((L Zg/V7TtW)a
c c pC (7)
Bt = ﬂ—C(q7a07 Zt 7Tt )

B} is the batch of tool operations for the cur-
rent round, and 7wy and 7o are implemented by
the language model with the corresponding role
prompts. Equation (7) describes the information on
which the two stages depend; actual model inputs
are also subject to the context organization rules
in Section 3.4.4.

The Writer first performs a global search using
the question, then plans subsequent operations
based on the retrieval results, with at most two
planning rounds and at most three actions per
round. An empty batch ends the process early;
the initial search does not count toward these
two planning rounds. After retrieval, the Writer
produces the initial answer ag from the original
messages, includes source citations, and retains
necessary qualifications for content that cannot be
confirmed.

The Challenger inherits the Writer’s cumula-
tive trajectory and retrieval state and also receives
the initial answer. The initial answer contains the
conclusions already reported, the evidence already
read provides a basis for verification, and the
trajectory records the queries attempted, access
paths, and their results. The Challenger uses this
information to determine targets for supplemen-
tary retrieval, such as clues to activities not yet
covered, events that may have been confused, or
other records that satisfy the question’s temporal
conditions.

The Challenger also has at most two planning
rounds with at most three actions per round and
may stop early. Logs from supplementary retrieval
are appended to the inherited trajectory, and
subsequent review uses the cumulative material
from both stages. Newly accessed and previously
accessed messages are marked separately, but a
valid revision need not introduce a new source:
rechecking negation, referents, or temporal qualifi-
cations in text already read may also correct the
initial answer.

3.4.4 Context organization and
citation scope

The cumulative retrieval state is distinct from the
context actually included in each model request.
MARR organizes separate inputs for planning,



initial answering, review, and final answering; com-
plete execution logs are archived, while the model
makes judgments only from the material supplied
in the current request.

When the context exceeds the window, MARR
first compresses whitespace in serialized content
and removes redundant notes, catalogs, or trajec-
tory fields. The LoCoMo final-answer configuration
in this paper retains all original messages and tem-
poral evidence in the cumulative retrieval material
and reports failure if they still cannot fit. For long
histories in LongMemEval-S, if the context still
exceeds the window after redundancy removal, com-
plete messages cited by the current answer and
those read most recently receive priority, and omit-
ted sources are recorded. Messages excluded from
the request remain in the history and execution
logs. _

For the k-th model request, let £(*) denote
the original messages actually included, and let
C®) denote the message citations output by that
request. The following requirement applies through-
out:

c® 1D (EW) . (8)

ID extracts the original message IDs. This
constraint applies to the initial answer, review
feedback, and final answer, requiring citations to
come from original text visible in the current
request. Output constraints and programmatic
checks enforce source ID wvalidity; whether the
source content supports the stated conclusion still
requires semantic verification.

3.5 Source-constrained review and a
single revision

3.5.1 Review feedback

During MARR’s review stage, the Challenger
combines the initial answer with the cumulative
material after supplementary retrieval to provide
review feedback:

p = Review(q, ag,Z¢c) = (v,1,Cp), (9)

Zc is the material actually included in the
review request, v is the recommended disposi-
tion, 7 is the issue description, and C, is the
set of source citations. The disposition is keep,

revise, or insufficient_evidence, indicating,
respectively, that there is not yet sufficient reason
to revise, that a proposed revision requires veri-
fication, or that the relevant judgment still lacks
evidence. Source citations follow Equation (8).
For feedback involving time, the review must
identify the target event required by the question,
the event used in the initial answer, and the can-
didate event proposed for use, with corresponding
sources. Verification distinguishes three cases: a
correction to the description of the same event, an
error in the initial event selection, and an unre-
solved relationship between events. Event selection
is checked first, followed by whether the tempo-
ral calculation supports a revision. The temporal
audit results provide clues for the final check.

3.5.2 Writer verification and final
answering

The Writer treats the review feedback as judgments
to be tested. It checks, in order, whether sources
are available, whether the original text supports
the suggestion, and whether the people, event sta-
tus, and temporal conditions meet the question’s
requirements. Final answering is expressed as:

(a*,C*) = Finalizew (q, ag, p, IF), (10)

Tr is the cumulative material and verifica-
tion information actually supplied in the final-
answer request. Based on this material, the Writer
may retain the initial answer, fill omissions, or
correct errors, preserving uncertainty where evi-
dence is insufficient. Added or substituted facts
require support from the original text; content
that remains valid and relevant to the question
should be retained. Final source citations also
follow Equation (8).

MARR performs the final-answer step in
Equation (10) once for each question, with the
review labels providing a basis for the Writer’s
verification. No further retrieval loop begins after
final answering. The initial answer, review feed-
back, final answer, source citations, and actual
execution trajectory are saved.



3.6 Algorithm

Algorithm 1 presents the pseudocode for MARR.
The memory graph and the record- and message-
level retrieval indices are built before question
answering, and both the Writer and Challenger
access the same read-only memory graph. Each
role starts at t = 0 and increments ¢ only after
executing a nonempty batch. Thus, when the loop
terminates, T/ and ZF always represent the final
cumulative trajectory and retrieval state for that
stage.

Here, offi is the operation in batch BF at
position ¢ in execution order; the initial retrieval
operation and its returned result are denoted by
o and y, respectively. Execute executes the given
tool operation.

To represent the initial-answer step, let Zy,
additionally denote the material actually included
in the initial-answer request, and let Cy denote its
set of source citations. Answery, represents the
Writer’s initial-answer procedure in Section 3.4.3.
BuildContext organizes the material actually visi-
ble in the current request according to Section 3.4.4,
while BuildFinalContext also includes the initial-
answer citations Cy, source citations in the review
feedback, and temporal verification information.

Including the initial retrieval, at most 1 + 3 x
(2 4+ 2) = 13 tool actions are executed per ques-
tion. MARR has at most seven model stages: two
Writer planning steps, one initial-answer step, two
Challenger planning steps, one review step, and
one final-answer step. Early stopping of retrieval
can reduce the actual number of calls.

4 Experiments

This section reports the main results of MARR on
LoCoMo and LongMemEval-S, compares configu-
rations for the Writer’s initial answer construction,
supplementary retrieval, and actual retrieval tra-
jectories, and analyzes the corrections and harmful
revisions produced by MARR’s subsequent supple-
mentary retrieval and revision process.

4.1 Experimental setup

Datasets. We use two benchmarks for long-term
conversational memory: LoCoMo (Maharana et
al. 2024) and LongMemEval-S (Wu et al. 2025).
LoCoMo contains 10 long-term conversations, 272
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sessions, and 5882 original messages. The eval-
uation covers 1540 questions in categories 1-4,
comprising 841 single-hop, 282 multi-hop, 321 tem-
poral reasoning, and 96 open-domain questions;
adversarial questions in category 5 are excluded.
Memory is constructed separately for each con-
versation and remains read-only during question
answering. As these conversations were used dur-
ing the early development of MARR, the LoCoMo
results constitute a development evaluation.
The LongMemEval-S experiments use all 500
questions in the official cleaned-S dataset, which
contains 23,867 historical sessions and 246,750
messages. The six question types comprise 70
single-session user information questions, 56 assis-
tant information questions, 30 preference questions,
133 multi-session questions, 133 temporal reason-
ing questions, and 78 knowledge update questions.
The 30 abstention questions form an overlapping
subset of these types and are not added to the
total.
Comparison methods. We compare MARR
with the following six long-term memory methods:
e A-Mem (Xu et al. 2025): Drawing on the
Zettelkasten method, it organizes interactions
into notes containing content, context, keywords,
and tags. When new memories are added, it
creates semantic links and updates existing notes.
During question answering, it retrieves relevant
notes and their associated content.

¢ MemO (Chhikara et al. 2025): It extracts
facts from recent messages and historical sum-
maries, retrieves similar memories, and uses a
large language model to decide whether to add,
update, delete, or leave memories unchanged.
During question answering, it retrieves con-
solidated memory entries to provide historical
facts.

¢ LangMem (LangChain Team 2025): It uses
a large language model to extract persistent
information such as facts and preferences, cre-
ating or updating memory entries that can
be accessed across sessions. It provides mem-
ory management and search as tools for agents
to maintain memory and retrieve the context
needed to answer questions.

¢ MemoryOS (Kang et al. 2025): It maintains
short-term, mid-term, and long-term personal
memories. Short-term conversations move into
mid-term memory on a first-in, first-out basis,
while long-term memory is updated according



Algorithm 1 Retrieval and revision procedure of MARR

Input: Question g; read-only memory graph G and retrieval indices built offline
Budget: At most two planning rounds each for Writer and Challenger, with at most three actions per round

Output: Final answer a* and source citations C*
o0 < (search, q); y <« Execute(G, o)
T3 « [(0,9)]; Z}V + Merge(TJV)
t< 0
while t < 2 do
BY «— nw(q, 2V, T)V)

06 if B}V = @ then break

08 for i<« 1to m: do

09 yXVi + Execute(G, OK/;-)
10  end for

11 TtVL TV e [(Omvym)]zl
12 Z¥, « Merge(TH))

13 t—t+1

14 end while

15 Zy + BuildContext(initial,answer,q,ZXV,TtW)
16 (ao,Co) + Answerw (q,Zw)
17 (1€, 28) « (1}V, Z}V)

18 t+0

19 while t < 2 do

20 B « nc(q,a0,ZE,TF)

21 if Btc = ¢ then break

22 my « |BE|

23 for i< 1 to m: do

24 ygi “— Execute(G,otC:i)

25 end for

26 Tgrl ~Tfe® [(Otcfi»yfi)ﬂﬁ
27 Zg_l “— Merge(TS_l)

28 t+t+1

29 end while

30 Zc < BuildContext(review, g, ag, ZE, TE)
31 p + Review(q,a0,Z¢)

32 I « BuildFinalContext(g, ag, Co, p, ZE, TE)
33 (a*,C*) « Finalizew (g, a0,p,ZF)

34 Save(ao, Co, p,a*,C*, TE)

35 return (a*,C*)

> Initial retrieval does not count toward the planning budget

> Writer retrieval

>my <3

> Inherit the Writer’s cumulative material

> Challenger targeted supplementary retrieval

>me <3

> P= (U,T],Cp)

> Answer once after verifying the original text

to heat scores. During question answering, it
retrieves topic segments and dialogue pages and
combines recent and long-term information to
generate answers.

e TiMem (Li et al. 2026): It organizes memory
into five levels using a temporal memory tree:
segments, sessions, days, weeks, and user pro-
files. It summarizes facts, behavioral patterns,
and preferences level by level. During retrieval,
it matches bottom-level segments and collects
ancestor memories, filtering them for relevance
and temporal consistency before using them to
answer questions.

e MRAgent (Ji et al. 2026): It models recall
as evidence reconstruction over an associative
graph, connecting events, facts, and topics
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through cues and tags. Starting from ques-
tion cues, it selects tags and reads content,
adjusts the traversal direction based on the evi-
dence, prunes irrelevant branches, and alternates
between retrieval and reasoning.

Evaluation metrics. We use F1 and LLM-as-
Judge accuracy, both reported as percentages. F1
measures token overlap between the predicted and
reference answers. Precision P, recall R, and F1
are defined as follows:

2PR

1 .
P+RX 00%

(11)




Here, N, and N, are the numbers of tokens
in the predicted and reference answers, respec-
tively, and M is the number of matching tokens,
with repeated tokens matched by their occur-
rence counts; F1 is 0 when there are no matches.
LLM-as-Judge determines whether an answer
is correct based on the question and reference
answer, and accuracy is the proportion judged
correct. For MARR on LoCoMo, the Qwen gen-
eration group uses DeepSeek Flash Judge, and
the DeepSeek generation group uses Qwen3.8-27B-
FP8 Judge; on LongMemEval-S;, the Qwen and
DeepSeek generation groups use Qwen3.8-27B-FP8
and DeepSeek Flash Judge, respectively. External
baselines retain the scoring configurations of their
respective sources. Judge configurations for the
ablation experiments are specified separately.

Implementation details. MARR’s Writer
and Challenger use Qwen3.8-27B-FP8 or DeepSeek
Flash according to the experimental group, with
temperature set to 0 and thinking mode disabled.
The requested DeepSeek model is deepseek-v4-flash.
Retrieval uses BGE-base-en-v1.5 and BM25, com-
bined through RRF; the BM25 parameters are
k1 = 1.2 and b = 0.75, and the RRF constant is 60.
Each agent performs at most two planning rounds,
with at most three tool actions per round.

4.2 Main results

Tables 3 and 4 report the overall results and results
by question type on LoCoMo and LongMemEval-
S, respectively. The following comparisons use the
configurations reported for each method.

LoCoMo. As shown in Table 3, MARR
achieves overall Judge accuracies of 88.64% and
86.56% in the Qwen and DeepSeek groups, respec-
tively, ranking first in both groups and exceeding
the best baseline, TiMem, by 7.99 and 9.66 percent-
age points. MARR also achieves the highest Judge
accuracy in each group across all four question
types: single-hop, multi-hop, temporal reasoning,
and open-domain. Its overall F1 scores are 56.83%
and 54.15%, respectively, ranking second in each
group, below TiMem’s 58.55% and 62.49%. Thus,
MARR performs well in the overall assessment of
answer correctness, although it still trails the best
baseline on the token-matching metric.

For multi-hop question answering, MARR
achieves the highest F1 and Judge scores in
both groups. Its multi-hop Judge accuracies are
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82.27% and 77.66% in the Qwen and DeepSeek
groups, exceeding TiMem, the best baseline for
this question type, by 10.28 and 9.83 percentage
points, respectively; its multi-hop F1 scores are
45.69% and 56.90%, exceeding TiMem’s 44.74%
and 44.15% by 0.95 and 12.75 percentage points,
respectively. By comparison, MARR does not
achieve the highest F1 in either group for single-
hop, temporal reasoning, or open-domain questions.
These results show that MARR’s advantage in
Judge accuracy extends across all four question
types, while multi-hop question answering is the
type on which it leads in both F1 and Judge in both
groups, demonstrating its performance advantage
on tasks that require integrating multiple facts.

LongMemEval-S. In Table 4, MARR achieves
overall Judge accuracies of 85.00% and 87.00%
under the Qwen and DeepSeek configurations,
exceeding the best baseline in each group, TiMem,
by 4.00 and 6.04 percentage points, respectively. Its
overall F1 scores are 54.10% and 51.66%, exceed-
ing MemoryOS, the best F1 baseline in each group,
by 0.86 and 0.33 percentage points, respectively.
MARR therefore ranks first in its correspond-
ing group on both overall metrics, with a larger
reported margin in Judge accuracy.

The results by question type further show a rela-
tively consistent Judge advantage on questions that
require integrating multiple pieces of information.
MARR’s Judge accuracies on multi-session ques-
tions in LongMemEval-S are 79.70% and 82.71%,
exceeding the best baselines for this question type
by 6.02 and 6.73 percentage points, respectively;
its temporal reasoning Judge accuracies are 81.20%
and 82.71%, with corresponding margins of 0.75
and 3.76 percentage points. Together with the
multi-hop results on LoCoMo, these observations
are consistent with MARR’s design goal of contin-
uing to retrieve dispersed information to complete
and check answers. However, the main tables reflect
MARR’s overall performance; the individual con-
tributions of supplementary retrieval and actual
retrieval trajectories must be assessed using the
ablation results in Section 4.3.

MARR still has limitations in preference ques-
tion answering and abstention. Its preference Judge
accuracies in the Qwen and DeepSeek groups are
63.33% and 66.67%, below MemoryOS’s 73.33%
and 76.55% in the corresponding groups; its Judge
accuracies on the abstention subset are only 66.67%
and 70.00%, also below several baselines in the



Table 3 Main results on LoCoMo (%). The full results for MARR and the Qwen baselines cover 1540 questions in
categories 1-4, while results from the literature cover 1985 questions.

Model Method Overall Single-hop Multi-hop Temporal Open-domain
F1 Judge F1 Judge F1 Judge F1 Judge F1 Judge
A-Mem 40.94 69.09 55.96 T72.65 30.11 65.96 17.53 70.41 19.47 42.71
Mem0 42.54  66.51 5240 72.38 42.01 64.18 22.35 57.48 25.19 52.08
LangMem 8.63 52.21 7.00 55.17 19.32  43.97 5.22  49.84 2.87 58.33
qwen-3.8-27b MemoryOS 45.63 66.49 58.36 74.20 40.71 64.89 21.58 52.34 29.02 51.04
TiMem 58.55 80.65 64.26 87.51 44.74 71.99 63.01 78.50 34.23 53.13
MRAgent vl 50.30 63.31 51.74 66.83 36.36 51.77 69.44 75.39 14.63 26.04
MARR 56.83 88.64 61.98 94.05 45.69 82.27 60.50 87.23 32.13 64.58
A-Mem® 40.91 25.04 54.67 3790 31.94 13.10 18.66 2.80 21.13 21.90
Mem0? 44.05 54.87 55.15 69.00 41.79 40.10 22.72 33.60 24.71 45.80
LangMem 9.30  50.80 7.54 53.13 21.74 41.60 4.95  50.94 2.72 56.95
deepseek-v4-
fAash MemoryOS 48.23 64.61 63.54 75.15 38.77 57.45 21.82 48.60 30.19 46.88
TiMem 62.49 76.90 68.71 81.72 44.15 67.83 70.64 80.11 34.59 50.59
MRAgent v1 53.77 63.41 53.60 67.37 4092 52.71 77.41 73.60 13.98 26.07
MARR 54.15 86.56 59.22 94.29 56.90 77.66 47.09 82.55 25.31 58.33

& Published DeepSeek-V4-Flash results are taken from Fan et al. (2026).

Table 4 Main results on LongMemEval-S (%). Results from our runs and from the literature are marked separately.

Model Method KU MS SSA SSP SSU TR Abs. Overall
F1 Judge F1 Judge F1 Judge F1 Judge F1 Judge F1 Judge F1 Judge F1 Judge
A-Mem 44.67 80.77 13.22 61.65 79.55 98.2118.08 56.67 69.60 85.71 20.73 51.88 28.59 96.67 35.74 69.20
Mem0 62.74 76.92 38.35 58.65 15.27 16.07 8.32 46.67 76.94 87.14 33.41 60.15 5.87 93.33 41.86 60.40
LangMem  11.57 84.62 5.46 49.62 15.04 62.50 12.57 63.33 19.12 87.14 7.97 60.15 20.41 86.67 10.49 65.40
qwg:;)&S- MemoryOS 64.79 87.18 47.33 72.9383.92 94.64 17.09 73.33 80.14 98.57 33.45 56.39 26.21 90.00 53.24 76.80
TiMem 8.8592.31 5.87 73.68 19.70 80.36 13.42 60.00 23.14 92.86 9.34 80.45 21.47 86.67 11.68 81.00
MRAgent v1 59.29 73.0852.55 65.41 24.34 30.36 7.66 53.33 68.12 81.4344.81 66.17 13.25 76.67 47.87 64.40
MARR 60.28 89.74 48.1279.70 80.79100.00 16.16 63.33 74.55 94.29 43.0181.20 25.32 66.67 54.10 85.00
A-Mem® 43.90 67.90 13.21 39.10 73.81 87.50 15.72 33.30 61.23 88.60 20.74 21.80 29.76 100.00 33.66 51.00
Mem0?® 55.79 69.20 35.46 61.70 14.30 58.90 8.42 36.70 74.85 92.90 33.92 39.10 5.26 94.70 39.75 59.40
LangMem  11.63 82.83 5.46 50.35 15.08 62.11 12.99 64.14 16.84 85.49 8.24 62.33 19.71 84.73 10.28 65.67
dj:_‘;ls:::' MemoryOS 59.38 87.14 45.58 75.98 79.39 100.00 17.61 76.55 83.14 96.70 31.43 57.17 24.27 96.29 51.33 78.35
TiMem 8.45 90.60 5.55 73.62 19.91 81.97 13.90 63.61 21.71 94.63 8.82 78.95 20.39 86.53 11.24 80.96
MRAgent v1 59.11 73.11 50.98 69.82 23.98 30.07 7.32 52.62 70.41 85.97 46.35 64.66 13.36 76.25 48.09 65.74
MARR 59.1791.03 36.02 82.71 85.02 100.00 14.17 66.67 76.8297.14 44.0982.71 23.00 70.00 51.66 87.00

2 Published DeepSeek-V4-Flash results are taken from Fan et al. (2026). KU: knowledge update; MS: multi-session
reasoning; SSA/SSP/SSU: single-session assistant information/preferences/user information; TR: temporal reasoning; Abs.:
the overlapping subset of 30 abstention questions, reported separately and not counted again in the overall results.

table. Higher overall accuracy does not yet imply
better judgments of user preferences or more reli-
able abstention when evidence is insufficient. The
abstention subset overlaps with the other question
types, and its results are used separately to ana-
lyze this ability without being counted again in
the overall results.
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4.3 Ablation experiments

MARR’s ablation experiments are divided into
two groups: the Writer’s initial answer construc-
tion, and subsequent supplementary retrieval and
revision. This separation avoids treating results
with different starting points as a single controlled



comparison. The former reruns the correspond-
ing retrieval processes and evaluates the resulting
initial answers; the latter reuses the same frozen
initial answers and their states, changing only the
subsequent components. The evaluation covers all
1540 LoCoMo questions and all 500 LongMemFEval-
S questions, without selecting questions based
on known errors. The generation model for the
component ablations in Tables 5 and 6(a) is
qwen-3.8-27b; Table 6(b) also lists the DeepSeek
Flash gated revision results on LoCoMo and the
DeepSeek Flash online results with fixed mem-
ory on LongMemEval-S, with the scoring models
specified separately. Completed ablations use the
existing scoring records directly.

4.3.1 Effects of the Writer’s active
retrieval and graph navigation

To examine the contributions of active retrieval and
graph navigation to initial answer construction, we
compare MARR’s Writer with three control con-
figurations. W1 Seed retrieval only omits both
rounds of active planning and generates answers
directly from the initially retrieved material; W2
Expanded fixed retrieval performs no active
planning and obtains more material through fixed
question-based retrieval, with preset limits of up to
42 note nodes and 28 source-text nodes, subject to
the model’s context limit; W3 No entity /topic
graph navigation disables navigation paths that
depend on entity and topic adjacency, while retain-
ing ordinary search, independent semantic retrieval,
source-text reading, source citation, and date calcu-
lation. All conditions use the same memory content,
generation model, and final answering prompt.
Each generates its own initial answers without
running the subsequent Challenger process.

In addition to F1 and Judge, we report sup-
porting evidence recall and complete coverage to
examine the relationship between answer perfor-
mance and evidence acquisition. For questions
with a nonempty support set S;, evidence recall
is the question-level average of |E; N .S;|/|S;|, and
complete coverage is the proportion of questions
satisfying S; C FE;, where E; denotes the set of
supporting evidence actually read when generat-
ing the initial answer. LoCoMo uses message-level
support annotations, whereas LongMemEval-S
uses session-level support annotations, so the two
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are reported separately. Questions with inapplica-
ble annotations or failed mappings are excluded
from the evidence metrics; abstention questions
in LongMemEval-S are also excluded from the
standard supporting evidence metrics.

As shown in Table 5, compared with W1,
which uses only seed retrieval, MARR’s Writer
improves Judge accuracy by 4.22 and 4.40 per-
centage points on LoCoMo and LongMemEval-S,
respectively, and complete evidence coverage by
5.47 and 4.89 percentage points. The improvements
in both evidence coverage and Judge scores on both
datasets indicate that continued retrieval after the
initial retrieval helps obtain the supporting mate-
rial needed for answers. This provides experimental
support for the Writer’s use of subsequent retrieval
to improve initial answers.

To further examine whether these gains can be
obtained by expanding fixed retrieval, we compare
MARR’s Writer with W2. On LongMemEval-S,
W2 achieves complete evidence coverage of 99.15%,
above the 95.74% of MARR’s Writer, yet MARR’s
Writer still achieves Judge and F1 scores that
are higher by 5.60 and 3.05 percentage points,
respectively. This indicates that, on this dataset,
expanding fixed retrieval and increasing coverage of
supporting sessions alone do not produce the same
answer performance as active retrieval. Together
with the W1 results, this suggests that the value
of subsequent retrieval needs to be assessed in
terms of both evidence acquisition and answer qual-
ity: session-level coverage records whether sessions
containing supporting material were accessed, but
does not adequately reflect whether the necessary
details were fully read and used in the answer. On
LoCoMo, W2 achieves a higher Judge score than
MARR’s Writer, showing that the benefits of active
retrieval relative to expanded fixed retrieval differ
between the two datasets.

When ordinary search, semantic retrieval,
and source-text reading are retained, removing
entity/topic graph navigation changes the Writer’s
initial answer performance only slightly, while
complete evidence coverage also remains largely
unchanged. These results provide relatively direct
support for continued evidence acquisition after
the initial retrieval.



Table 5 Ablations of MARR’s Writer initial answer construction (%, Qwen generation group)

Configuration LoCoMo LongMemEval-S
Fi Judge evidence complete Fi Judge evidence complete
recall coverage recall coverage
MARR’s Writer (Initial Writer) 43.89 84.35 91.11 85.84 52.65 81.80 98.35 95.74
W1 Seed retrieval only 43.37 80.13 86.13 80.37 53.17 77.40 96.35 90.85
W2 Expanded fixed retrieval 43.71 87.21 96.33 92.82 49.60 76.20 99.56 99.15
W3 No entity/topic graph 43.30 84.09 90.99 85.52 52.90 82.20 98.45 95.74

navigation

Note: LoCoMo uses official F1, and LongMemEval-S uses Token F1. All Judge scores use the first-round scores from the
existing experiments in this group and are compared only across configurations on the same dataset within the table. The
LoCoMo results in this table use Qwen Judge and are reported separately from the DeepSeek Judge results in Table 6(a)
and Figure 4. MARR’s Writer and the ablation conditions were run on different dates, and service fluctuations were not
isolated; the following analysis is a descriptive comparison.

4.3.2 Supplementary retrieval and
actual retrieval trajectories

This section examines how the Challenger’s sup-
plementary retrieval and retrieval records affect
subsequent review and revision after the Writer
produces an initial answer in MARR. All condi-
tions start from the same initial answers. Using
Initial Writer, which outputs the initial answers
directly, and MARR as references, we introduce
two independent controls: A1 Existing evidence
only prevents the Challenger from obtaining new
material while retaining review of the evidence
already read by the Writer and subsequent revision;
A2 No retrieval records retains the existing
evidence and the ability to continue retrieval, but
removes historical action names, query parame-
ters, and execution order from the inputs to the
Challenger’s supplementary retrieval and review
and to the Writer’s subsequent answering. The two
controls examine the contributions of acquiring
new evidence and providing information about the
retrieval process, respectively.

Table 6 shows that Challenger review and sub-
sequent Writer revision can further improve initial
answer performance. MARR raises LoCoMo F1
from 43.89% to 56.83% and LongMemEval-S Judge
accuracy from 81.80% to 85.00%. This indicates
that there is still room to verify and complete
answers after the Writer’s initial retrieval and
answering, providing experimental support for a
review and revision stage after the initial answer.
A1l and A2 further distinguish the roles of sup-
plementary retrieval and retrieval records in this
process.
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Under A1, which uses only existing evidence,
LongMemEval-S Judge accuracy still rises from
the initial 81.80% to 84.40%. This shows that reex-
amining existing material and revising answers
can correct some initial errors even when the evi-
dence remains unchanged. When the Challenger
is allowed to perform supplementary retrieval,
MARR corrects 24 questions, compared with 21 for
A1, while both produce 8 harmful revisions, yield-
ing an additional Judge gain of 0.60 percentage
points. With the same number of harmful revi-
sions, supplementary retrieval is associated with
more initial errors being corrected, supporting the
design in which the Challenger continues to acquire
evidence while reviewing existing material.

Figure 3 shows how the Challenger recovers
support missing at the initial answer stage across
different memories. Supporting evidence is recov-
ered in all ten LoCoMo memories, with recovery
rates ranging from 16.0% to 43.3%. In total, of
the 410 question/annotated supporting-message
pairs missing at the Writer stage, 125 are recov-
ered at the Challenger stage, accounting for 30.5%.
This result shows that supplementary retrieval
can expand the supporting evidence visible to the
model, and that this effect occurs across different
memory instances. The accompanying per-question
statistics further show that, among the 217 ques-
tions with incomplete supporting evidence at the
Writer stage, 56 obtain all annotated support after
supplementary retrieval, providing a fuller basis
for subsequent verification and completion of the
initial answers.



Table 6 Ablations of MARR’s supplementary retrieval and retrieval records, and overall revision results.

(a) Answer quality (%, Qwen generation group).

Confi ti LoCoMo LoCoMo LongMemEval-S LongMemEval-S

onhiguration F1 Judge F1 Judge
MARR 56.83 88.64 54.10 85.00
Subsequent regulation process removed (Initial 43.89 87.92 52.65 81.80
Writer)

Al Existing evidence only 56.25 87.21 54.05 84.40
A2 No retrieval records 56.76 88.44 53.50 84.00
(b) Revision results relative to the same initial answers.

. . Judge Change
Dataset and model Configuration C R Net gain (Percentage Points)
LoCoMo (DeepSeek) MARR (gated revision) 12 8 +4 +0.26
LongMemEval-S (Qwen) MARR 24 8 +16 +3.20
LongMemEval-S (DeepSeek) MARR (fixed memory) 12 6 +6 +1.20
LongMemEval-S (Qwen) Al Existing evidence only 21 8 +13 +2.60
LongMemEval-S (Qwen) A2 No retrieval records 17 6 +11 +2.20

Note: LoCoMo uses official F1, and LongMemEval-S uses Token F1. All LoCoMo configurations in Table 6(a) and Figure 4
use scores for frozen answers under a unified DeepSeek Flash Judge protocol, reusing verified historical scores; the Qwen
group on LongMemkEval-S uses Qwen Judge. C' and R denote the numbers of questions with an incorrect initial answer and
a correct final answer, and with a correct initial answer and an incorrect final answer, respectively. The net gain is C — R,
and all are calculated from paired judgments by the same Judge.

With supplementary retrieval retained, A2
further examines how retrieval records help subse-
quent processing. On LongMemEval-S, MARR’s
Judge and F1 scores exceed A2 by 1.00 and 0.60
percentage points, respectively; the number of cor-
rections increases from 17 to 24, while harmful
revisions increase from 6 to 8, yielding a net gain
of 5 correctly answered questions. When retrieval
records are provided, the increase in corrections
exceeds the increase in harmful revisions, produc-
ing a higher net benefit from revision. Retrieval
records contain previously attempted queries, exe-
cuted operations, and their order, giving the
subsequent model context for understanding how
the existing material was obtained. These results
support using this process information together
with the initial answer and already-read evidence
as the basis for review and revision.

Results by question type further show that
supplementary retrieval and retrieval records con-
tribute differently across types. As shown in Figure
4, MARR gains 5.67 percentage points over Al on
multi-hop reasoning, and also shows a positive dif-
ference of 1.42 percentage points over A2, both
larger than for the other question types. The pro-
portions of unchanged judgments for multi-hop
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questions are 91.5% and 93.6%, respectively, com-
pared with 96.9% to 99.0% for the other types,
indicating that multi-hop answers are more sen-
sitive to changes in these two components. This
is consistent with the need to connect informa-
tion from multiple locations in multi-hop questions:
supplementary retrieval can expand the available
evidence, while retrieval records provide context
about the prior search process for subsequent pro-
cessing. For temporal reasoning, MARR exceeds
Al by 1.56 percentage points and matches A2; for
single-hop question answering, the net change rel-
ative to either ablation is zero. For open-domain
question answering, MARR has a net gain of 1 cor-
rectly answered question over Al and a net loss of
1 relative to A2. The component benefits in these
ablations are concentrated in multi-hop reasoning;
comparisons by question type thus reveal effects
of the method that are not fully reflected in the
overall average scores.

The evidence stratification at the bottom of
Figure 4 further explains the benefits of supple-
mentary retrieval on multi-hop questions. MARR's
Judge accuracy exceeds Al by 9.85 percentage
points in the subset with incomplete Writer evi-
dence and by 2.03 percentage points in the subset
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Fig. 3 Distribution of support missing from the Writer and recovered through MARR'’s supplementary retrieval. The ten
panels correspond to the ten LoCoMo memories. The light gray-blue dots are fixed embedding projections of source texts,
with dimensionality reduction performed independently for each memory; outlined circles indicate annotated supporting
sources still missing for at least one question after the Writer stage, with circle area proportional to the number of
question/supporting-message pairs involved. Orange sectors indicate the proportion recovered by the Challenger, and white
sectors indicate the proportion still uncovered; the same source may have different outcomes across questions. Below each
panel, recovered and remaining indicate the recovered count/original missing count and the count still missing, respectively,
while the orange percentage indicates the recovery rate. Coverage status is reconstructed from the source texts cumulatively
visible in the actual model requests. The evidence analysis includes 1533 questions with valid support annotations, excluding
4 questions without support annotations and 3 with failed support mappings; question-answering evaluation still covers all
1540 questions. Support coverage does not imply answer correctness.

with complete evidence, indicating that the benefits
of supplementary retrieval on multi-hop questions
are more pronounced when not all annotated sup-
port has been obtained at the initial answer stage.
MARR’s gains over A2 are —0.68 and 3.79 percent-
age points in the complete and incomplete evidence
groups, respectively, likewise showing a larger pos-
itive difference in the incomplete evidence subset.
For these multi-hop questions, the benefits of both
supplementary retrieval and retrieval trajectories
are more pronounced when the initial evidence is
incomplete.

4.4 Revision gains and risks of
harmful revision

MARR can correct additional errors even when
the initial answers already have high accuracy. In
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the Qwen group on LongMemEval-S, 26.37% of ini-
tially incorrect answers are corrected, while 98.04%
of initially correct answers remain correct, produc-
ing a net accuracy gain of 3.20 percentage points.
This shows that subsequent review can resolve
some questions that were not answered correctly on
the first attempt while preserving the vast majority
of already correct answers.

Corrections in both LongMemEval-S experi-
mental groups are concentrated in three question
types: multi-session reasoning, temporal reasoning,
and knowledge update. These tasks require finding
relevant content as well as connecting dispersed
clues, clarifying temporal relationships, or distin-
guishing old and new states. The concentration of
corrections is consistent with these tasks’ demands
for evidence integration, indicating that subsequent
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Fig. 4 MARR’s ablation effects by question type on LoCoMo (DeepSeek Judge). Al uses existing evidence only, and A2
provides no retrieval records, shown in blue and orange, respectively. Net differences are calculated from paired results for
MARR and the corresponding ablation configuration under a unified DeepSeek Flash Judge protocol, consistent with the
LoCoMo Judge evaluation in Table 6(a), and are measured in percentage points. Each row displays 80 randomly selected
conversation-level paired resamples. Thick bars and thin lines show the central 50% and 95% intervals calculated from all 2000
resamples, respectively, and diamonds mark the original net differences. “unchanged” denotes the proportion of questions
receiving the same Judge decision for MARR and the corresponding ablation configuration. The four main panels use different
horizontal-axis ranges; the lower panels use a common scale to compare questions with complete and incomplete Writer
evidence, shown as filled and open dots, respectively, with question counts listed in the same order. Evidence stratification
includes 1533 questions; the remaining 7 questions are retained in the analysis above.

supplementary retrieval and review have a more
pronounced effect on questions requiring informa-
tion integration and judgments about relationships
among evidence.

The net benefit also depends on preserving cor-
rect initial answers. In the Qwen group, 8 harmful
revisions offset one-third of the gain from 24 correc-
tions, showing that even a small number of harmful
revisions can substantially reduce the benefit when
most initial answers are correct.

Limitations. MARR’s final revision can still
introduce harmful revisions. More detailed evi-
dence consistency checks and confidence calibration
could improve decisions about accepting proposed
changes. The Writer and Challenger currently use
preset retrieval budget limits; future work could
allocate budgets dynamically according to ques-
tion complexity and the actual retrieval state to
balance answer quality and call costs. The current
framework also performs question answering over
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a preconstructed read-only memory graph. For
continued interaction, it could be extended with
incremental memory updates and mechanisms for
maintaining outdated information.

5 Conclusion

This paper proposes MARR, a metamemory-
guided active retrieval and memory revision frame-
work, to address the problem that initial answers in
long-term conversational question answering may
have factual support yet omit necessary informa-
tion. Built on a heterogeneous memory graph that
preserves source and temporal information, the
framework treats the initial answer, already-read
evidence, and actual retrieval trajectory together
as an observable recall state. This state guides the
Challenger to perform supplementary retrieval and
provide review feedback, after which the Writer
checks the feedback against source texts to fill



omissions, correct errors, and preserve content that
is already correct. Evaluation on LoCoMo and
LongMemEval-S provides experimental support
for review and revision after the initial answer,
with the Qwen configuration on LongMemEval-S
improving Judge accuracy from 81.80% to 85.00%.
Ablations and evidence analysis further show that
reexamining existing material can correct some
initial errors, while supplementary retrieval helps
recover missing support, with more pronounced
benefits on multi-hop questions whose initial evi-
dence is incomplete. These findings indicate that
effective use of long-term conversational memory
requires attention to both evidence acquisition and
its interpretation and integration in answers.

Future work will further investigate decision
mechanisms for supplementary retrieval and revi-
sion to improve the system’s judgments about when
to continue retrieval, when to revise, and when to
retain the initial answer.
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