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Abstract:

Conversational LLM agents accumulate persistent state across sessions, but existing memory systems treat updates as

append-or-replace heuristics, leaving contradictory beliefs to coexist in the store and forcing the answer model to reconcile

them at query time. We argue this is the wrong abstraction: conversation is a stream of \emph{belief revisions}, and the right

formal lens is the Alchourr'on--G"ardenfors--Makinson (AGM) framework, adapted to Hansson belief bases. We present \sys,

which unifies \emph{facts}, \emph{skills}, and \emph{artifacts} under a single AGM operator set. A uniform LLM-driven

resolver classifies every extracted claim into one of four actions (\textsc{exp}, \textsc{rev}, \textsc{dup}, \textsc{con}) and runs

at two timings: per round against the recent session, and across sessions over a similarity graph. The store never deletes;

superseded beliefs retain predecessor pointers, and a context-selection step decides per query whether to surface the head,

the full chain, or neither. On LoCoMo (1{,}540 questions) \sys reaches  at GPT-4o-mini (  over Mem0-graph) and

 with a stronger backbone. On BEAM (400 questions) it reaches  (  over the LIGHT mean), with a -point

margin on the axis that most directly probes belief revision (contradiction-resolution).
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

Metareview:

This paper proposes BELIEFMEM, a long-term memory system for conversational LLM agents that reframes memory

updates as belief revision under the AGM framework, adapted to Hansson belief bases. The core idea is that user

corrections, retractions, and refinements should not be handled by append/replace heuristics but by an explicit

revision operator. An LLM-driven resolver classifies every extracted claim into one of four actions --- EXP, REV, DUP, and

CON --- and applies them at two timings: inline after each dialogue batch, and across sessions over a similarity graph.

The store never deletes; superseded beliefs are retained with predecessor pointers, and a per-query context selector

decides whether to surface the active head, the full revision chain, or nothing. The framework is also extended

conceptually to skills and artifacts. The paper fits sessions on LLM agents, memory-augmented generation, and

dialogue systems.

Summary Of Reasons To Publish:

1. The paper identifies a real weakness in current LLM memory systems and grounds the solution in a well-

established formal tradition (AGM/Hansson belief revision). The framing of conversation as a stream of belief

revisions is a conceptually appealing lens for the community.

2. On LoCoMo the gains over Mem0-graph and over an in-house Raw-RAG control are large and consistent across

categories. The authors commendably include their own matched control rather than relying solely on quoted

baselines.

3. The two-timing resolver design, the non-destructive store with lineage, and the per-query selector constitute a

reusable, well-documented system that others could build on.

Summary Of Suggested Revisions:

1. Reviewers p27b and 1irL both flag that the head/chain/drop selector --- a described mechanism --- is not directly

ablated; the evaluated configuration renders chains by default, and Table 8 shows mixed effects. The authors

concede this in rebuttal. A direct always-head / always-chain / dynamic-selector comparison is needed, or the

claim must be sharply scoped as future work, so the paper does not appear to claim a validated mechanism it has

not tested.

2. Report multi-run distributions and variance in the paper. The five-run distributions supplied in rebuttal (LoCoMo

mean 91.91, range 91.30–92.47; BEAM mean 52.94, range 51.39–54.48) should replace the single-seed headline

numbers, with standard errors and a note that the BEAM main-paper run is the maximum of five. This addresses

the reproducibility concern.

3. Reviewer aLPg questions whether AGM is essential versus a post-hoc analogy. The authors show the links exist,

but a short paragraph or cross-reference table in Section 3 mapping each design decision to the AGM insight it

derives from would make the case stronger.

4. Fix presentation issues: the broken "Figure ??" reference (line 82), the "LOGIC" placeholder citation, add ReviseQA

(Helwe et al.), clarify the "atomic revision units"/"Payoff" paragraph with a worked example, state the

irreflexive/acyclic invariant for predecessor pointers, and expand DUP vs. EXP on first use with the idempotence

identity.

Overall Assessment: 3.5 = Borderline Conference

Suggested Venues: EMNLP

Reported Issues: No

Publication Ethics Policy Compliance: I did not use any generative AI tools for this review
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The authors have submitted their rebuttal. Please take a look. Thanks.

AC
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Official Review of Submission14712 by Reviewer p27b

Official Review by Reviewer p27b 06 Jul 2026, 05:07 (modified: 03 Aug 2026, 08:42)
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Readers
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
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

Paper Summary:

For conversational LLM agents, this paper argues that existing memory systems treat updates as append-or-replace

heuristics, which can leave contradictory beliefs in the store. The paper proposes an AGM-based framework,

BELIEFMEM, which divides memory updates into four actions, EXP, REV, DUP, and CON, for expanding, revising,

restating, and retracting beliefs. Updates are applied inline within each round and at session boundaries, and the

system maintains a retrieval mechanism that decides whether to surface only the current fact, the full revision chain,

or no memory at all. Experiments show that BELIEFMEM achieves 85.5% on LoCoMo with gpt-4o-mini, +17.1 over

Mem0-graph, and 54.5% on BEAM with gpt-5.4-mini, +21.8 over LIGHT.

Summary Of Strengths:

1. The paper addresses a timely problem and grounds it in AGM belief-revision theory, which may indeed be a

direction that LLM memory research needs to pursue. It proposes a system that, according to the experiments,

achieves strong results.

2. Preserving the full memory-update history, and letting an LLM decide per query whether to surface only the

current fact, the revision chain, or no memory, is a nice mechanism.

3. The reported numbers look strong, with large margins over baselines, and the overall engineering effort behind

the experiments is solid.

Summary Of Weaknesses:

1. In Table 4, the cluster+lineage configuration reaches 50.3, only +0.4 over inline-only. That is, the paper's core

claimed innovation appears to contribute very little on top of inline resolution, so the contribution of the paper's

core mechanisms beyond inline resolution is not well supported.

2. The paper itself reports that rendering the full revision chain hurts performance on several axes, with ablations

as evidence; this actually runs against the paper's central claim. Addressing this would require the dynamic

context-selection mechanism the paper describes to choose head, chain, or drop per fact; however, no ablation of

this mechanism is provided, so the dynamic selection mechanism is effectively untested.

3. The experimental setup in Table 1 is somewhat confusing: most baseline numbers are quoted from other papers

rather than re-run under the same pipeline. Although a backbone-matched result is provided on LoCoMo, the

comparisons on BEAM are cross-backbone, and all reported results are single-seed runs.

Comments Suggestions And Typos:

Line 82 in the Introduction contains a broken reference, which shows Figure ??; this kind of formatting error should

not appear in a submission and should be checked.

Confidence: 3 =  Pretty sure, but there's a chance I missed something. Although I have a good feel for this area in

general, I did not carefully check the paper's details, e.g., the math or experimental design.

Soundness: 3 = Acceptable: This study provides sufficient support for its main claims. Some minor points may need

extra support or details.

Excitement: 3 = Interesting: I might mention some points of this paper to others and/or attend its presentation in a

conference if there's time.

Overall Assessment: 3 = Findings: I think this paper could be accepted to the Findings of the ACL.

Ethical Concerns:

There are no concerns with this submission
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Add:

Reproducibility: 3 = They could reproduce the results with some difficulty. The settings of parameters are

underspecified or subjectively determined, and/or the training/evaluation data are not widely available.

Datasets: 1 = No usable datasets submitted.

Software: 3 = Potentially useful: Someone might find the new software useful for their work.

Knowledge Of Or Educated Guess At Author Identity: No

Knowledge Of Paper: N/A, I do not know anything about the paper from outside sources

Knowledge Of Paper Source: N/A, I do not know anything about the paper from outside sources

Impact Of Knowledge Of Paper: N/A, I do not know anything about the paper from outside sources

Reviewer Certification: I certify that the review I entered accurately reflects my assessment of the work. If you used

any type of automated tool to help you craft your review, I hereby certify that its use was restricted to improving

grammar and style, and the substance of the review is either my own work or the work of an acknowledged

secondary reviewer.

Publication Ethics Policy Compliance: I did not use any generative AI tools for this review
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Program Chairs, Senior Area Chairs, Area Chairs, Reviewers Submitted, Authors, Reviewer p27b,
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Comment:

W3
We kindly clarify that our Raw-RAG result is an in-house control using the same GPT-5.4-mini answer model

and embedder as BELIEFMEM. The external LoCoMo comparison uses the same GPT-4o-mini backbone, the

same 1,540-question non-adversarial subset, and the same released benchmark rubric and evaluation

codebase [3, 10]. The BEAM/LIGHT reference points likewise use the same released BEAM rubric and

evaluation codebase [14], although we agree that they remain cross-backbone.

For LoCoMo, BELIEFMEM reaches 85.5 versus 68.4 for Mem0-graph (+17.1), with gains in every reported

category: +22.2 single-hop, +33.8 multi-hop, +14.8 temporal, and +12.2 open-domain. Our in-house Raw-

RAG control reaches 74.5 versus BELIEFMEM's 92.3 (+17.8). On BEAM–100K, GPT-4o-mini BELIEFMEM

reaches 50.3 versus the LIGHT mean of 32.7 (+17.6), while GPT-5.4-mini BELIEFMEM reaches 54.5 versus

LIGHT's best published cell of 35.8 (+18.7) [14]. We will annotate every Table 1 row with its backbone and in-

house/published provenance, and we will retain the cross-backbone qualification rather than present the

BEAM differences as causal estimates.

We also supply five runs for each headline configuration:

Benchmark Runs Mean Standard error ( ) Range Main-paper run

LoCoMo 5 91.91 0.21 91.30–92.47 92.27 (reported as 92.3)

BEAM–100K 5 52.94 0.65 51.39–54.48 54.48 (reported as 54.5)

The five run-level entries are transcribed from the supplied run evidence. The LoCoMo log prints the final

run as 92.5% (1,424/1,540); 92.47 above is the unrounded value of that fraction. Means, ranges, and

standard errors are computed from the five supplied runs, rather than copied from the single-run main-

paper table.
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Add:

The standard error is computed across the five runs as the sample standard deviation divided by . The

lowest supplied LoCoMo run remains +16.8 above the in-house Raw-RAG control. The lowest supplied

BEAM run remains +15.6 above LIGHT's best published cell, although that comparison remains cross-

backbone. The BEAM headline 54.48 is the maximum of the five runs; another run reaches 54.45. We will

report the complete distributions rather than imply deterministic performance.

Comment
The reference is to Figure 1. We will also re-check all cross-references in the revised source.
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W1
We kindly clarify that “inline-only” is not a control with BELIEFMEM's core mechanism removed. is

the core belief-revision mechanism: after each dialogue batch, it applies the full EXP/REV/DUP/CON

action set to extracted claims against the active window (Section 4.3 and Algorithm 1).  and lineage

extend the mechanism's reach to distant sessions and history-aware queries; they do not define whether

belief revision is present. This is the intended meaning of “Inline carries; cluster and lineage are precise

instruments” in Section 5.5.

Configuration / comparison Overall

Contradiction

resolution What it tests

LIGHT, published mean

across four backbones [14]

32.7 1.8–3.7 External memory-system reference point

Inline resolver only, GPT-

4o-mini

49.9 42.5 Full per-round EXP/REV/DUP/CON; no cross-

session cluster or rendered lineage

+ cross-session cluster 51.2 42.5 Adds distant-session resolution; +1.3 overall,

including +9.6 information extraction

+ lineage in context 50.3 46.9 Adds predecessor history; +4.4 contradiction

resolution, despite  overall

Thus, the mechanism called “inline-only” already exceeds LIGHT's mean by 17.2 points overall and its

contradiction-resolution range by 38.8–40.7 points. This LIGHT comparison uses exactly the same released

BEAM rubric and evaluation codebase but is cross-backbone; the mechanism interpretation comes from

the controlled incremental ablation. The reviewer's +0.4 figure answers the narrower question of whether

two scope extensions add aggregate accuracy after inline revision is already present—not whether belief

revision contributes. We will restructure the ablation presentation so that inline resolution is clearly

identified as the core mechanism and cluster/lineage as targeted extensions.

The distinction between expansion, revision, contraction, and an explicit non-closed belief base follows

AGM and Hansson, while the comparison to existing memory designs must account for their own update

operations [1, 3, 5, 11, 14].

W2
We kindly clarify that the paper does provide a controlled lineage-on/off ablation (Table 8), but we agree

that it is not a direct ablation of the LLM-mediated  selector policy.

Ability +cluster +cluster + lineage

Abstention 87.5 92.5 +5.0

Instruction following 43.8 48.8 +5.0

Contradiction resolution 42.5 46.9 +4.4

Summarization 25.9 28.9 +3.0

Multi-session reasoning 57.9 47.6

Event ordering 46.8 38.0

Temporal reasoning 38.8 32.5

Information extraction 55.1 53.9

Preference following 71.0 71.2 +0.2

Knowledge update 42.5 42.5 0.0

Rinline

Rcluster

−0.9

head, chain, drop

Δ

−10.3

−8.8

−6.3

−1.2

8/26/26, 10:58 AM BELIEFMEM: Belief-Revising Memory for Conversational LLM Agents | OpenReview

https://openreview.net/forum?id=ftMMC9b1ht#discussion 7/16



Add:

These mixed effects do not contradict the storage-preservation claim: BELIEFMEM separates what is

preserved from what should be surfaced for a query. The gains show when predecessor state is useful; the

losses show why indiscriminate chain rendering is undesirable. Prior work independently documents both

distraction from excess context and the value of adaptive retrieval decisions [2, 6–8, 13].

However, the evaluated configuration renders chains by default. The present evidence therefore validates

the conditional value and cost of lineage, not the effectiveness of dynamic . We will state explicitly that

 is the selector interface, that the evaluated policy is chain-forward, and that selector optimization is not

empirically validated by the current ablation. The principal validated contribution remains write-time belief

revision; a direct always-head / always-chain / dynamic-selector comparison is targeted future work.

S

S

Author-Editor Confidential Comment Official Comment

Official Review of Submission14712 by Reviewer 1irL

Official Review by Reviewer 1irL 05 Jul 2026, 13:32 (modified: 03 Aug 2026, 08:42)

Program Chairs, Senior Area Chairs, Area Chairs, Reviewers Submitted, Authors, Reviewer 1irL, Commitment
Readers

Revisions (/revisions?id=0Qr8xCcMuH)






Paper Summary:

The paper argues that memory for conversational LLM agents should be treated as a belief-revision problem rather

than a database problem. When a user corrects, retracts, or narrows an earlier statement, the memory should be

revised following the classic AGM theory of belief change. The proposed system, BELIEFMEM, uses an LLM resolver to

classify every claim extracted from dialogue into one of four actions: add it as new (expansion), replace an old fact

(revision), ignore it as a repeat (restatement), or mark an old fact as withdrawn (contraction). This resolver runs twice:

inline during extraction after each dialogue batch, and again at the end of each session over a similarity graph to

catch conflicts between sessions. The framework is also extended to skills and artifacts. BELIEFMEM reports 85.5% on

LoCoMo with GPT-4o-mini (+17.1 over Mem0-graph, the strongest baseline) and 54.5% on BEAM (+21.8 over LIGHT),

with a very large gap (~52 points) on contradiction-resolution questions.

Summary Of Strengths:

The main idea is well argued. They clearly explain why add/update/delete memory systems fail when users

correct, retract, or narrow earlier statements.

The improvements are large, and on LoCoMo, the authors commendably include backbone-matched

comparisons (85.5 vs. 68.4, both on GPT-4o-mini; 92.3 vs. their own RAG control at 74.5 on the same stronger

backbone).

The paper is honest about its results: it reports that the cluster resolver and lineage rendering add only +0.4

overall and shows where each hurts, and Appendix C clearly states which AGM postulates the system only

approximates or deliberately violates.

Summary Of Weaknesses:

All baseline numbers are copied from other papers rather than rerun under the authors' own harness, and all

results are single-seed with no variance or significance testing.

The paper claims to unify facts, skills, and artifacts under one framework, but the skills and artifacts subsystems

appear not to be evaluated.

The most impressive result (56.2% vs. 1.8–3.7% on contradiction resolution) is suspicious. Baselines scoring near

zero usually it may indicate a rubric or prompting artifact.

Comments Suggestions And Typos:

How were the threshold τ, top-k, and the per-benchmark prompt variants selected — on a held-out development

split, or on the test conversations?

Missing reference Helwe et al. ReviseQA.

Line 082 missing the figure label.

"LOGIC" appears where Alchourrón–Gärdenfors–Makinson (1985) should be cited.
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Add:

Confidence: 4 = Quite sure. I tried to check the important points carefully. It's unlikely, though conceivable, that I

missed something that should affect my ratings.

Soundness: 3.5

Excitement: 3.5

Overall Assessment: 3.5 = Borderline Conference

Ethical Concerns:

There are no concerns with this submission

Needs Ethics Review: No

Reproducibility: 4 = They could mostly reproduce the results, but there may be some variation because of sample

variance or minor variations in their interpretation of the protocol or method.

Datasets: 1 = No usable datasets submitted.

Software: 1 = No usable software released.

Knowledge Of Or Educated Guess At Author Identity: No

Knowledge Of Paper: N/A, I do not know anything about the paper from outside sources

Knowledge Of Paper Source: N/A, I do not know anything about the paper from outside sources

Impact Of Knowledge Of Paper: N/A, I do not know anything about the paper from outside sources

Reviewer Certification: I certify that the review I entered accurately reflects my assessment of the work. If you used

any type of automated tool to help you craft your review, I hereby certify that its use was restricted to improving

grammar and style, and the substance of the review is either my own work or the work of an acknowledged

secondary reviewer.

Publication Ethics Policy Compliance: I used a privacy-preserving tool exclusively for the use case(s) approved by

PEC policy, such as language edits

Author-Editor Confidential Comment Official Comment

Response (2/2)

Official Comment

by Authors ( Julian McAuley (/profile?id=~Julian_McAuley1), Felix Meng (/profile?id=~Felix_Meng1),
Junda Wu (/profile?id=~Junda_Wu1))

14 Jul 2026, 03:45 (modified: 03 Aug 2026, 08:42)

Program Chairs, Senior Area Chairs, Area Chairs, Reviewers Submitted, Authors, Reviewer 1irL,
Commitment Readers

Revisions (/revisions?id=wvCPVxIUAC)

−

＝ Edit   








Comment:

W3
We kindly clarify that the 1.8–3.7% values are the original BEAM authors' own published LIGHT results

across four backbones [9], not numbers produced by our reimplementation. Indeed, the original BEAM

Table 1 reports low contradiction-resolution values for all three methods it evaluates at 100K: 0.6–3.1 for

Vanilla, 1.8–5.0 for RAG, and 1.8–3.7 for LIGHT [9]. We use exactly the same released BEAM rubric and

evaluation codebase. We therefore should not speculate about the method-specific cause of the originating

paper's published values; we report them transparently and defer that diagnosis to the BEAM study.

Importantly, our evidence does not rest on this unusually low LIGHT axis alone:

Evidence Result What it establishes

LoCoMo, BELIEFMEM vs. Mem0-graph [2] 85.5 vs. 68.4

(+17.1)

Stronger published baseline; same GPT-4o-

mini backbone and subset

LoCoMo, BELIEFMEM vs. in-house Raw RAG 92.3 vs. 74.5

(+17.8)

Answer-model- and embedder-matched

control

BEAM overall, GPT-4o-mini BELIEFMEM vs.

LIGHT mean [9]

50.3 vs. 32.7

(+17.6)

Same rubric/codebase; cross-backbone

reference

≡
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Evidence Result What it establishes

BEAM contradiction resolution, inline-only /

full GPT-4o-mini

42.5 / 46.9 Effect appears before the stronger GPT-

5.4-mini backbone

BEAM contradiction resolution, five-run mean

/ reported GPT-5.4-mini run

47.4 / 56.2 The run-averaged result remains high; 56.2

is not the only summary

Matched action-set ablation, EXP only vs. full

EXP/REV/DUP/CON

43.1 vs. 56.2

(+13.1)

Isolates the collective contribution of the

non-expansion actions

For the matched action-set ablation, the backbone snapshot, split, prompts, judge, retrieval configuration,

and run protocol are identical; only action availability changes from EXP alone to the full EXP/REV/DUP/CON

set. This supports the collective contribution of the non-expansion actions, not REV alone or exact AGM

compliance. The failure analysis also shows that the evaluator does not simply reward every confident

answer: in 14/24 contradiction failures, both predecessor and successor reached the answer model, but it

selected one side instead of surfacing the conflict required by the rubric.

C1
We kindly clarify that the benchmark-specific top-  values were not selected by sweeping BELIEFMEM on

the benchmark test results. We fixed them to retrieval depths reported in the originating studies to

preserve comparability. LoCoMo explicitly evaluates RAG at  among its released retrieval settings,

while BEAM evaluates  and reports the strongest aggregate performance at . We

therefore use  for LoCoMo and  for BEAM.

C2
Thank you for the pointer. We will add ReviseQA.

C3
The reference is to Figure 1. We will re-check all cross-references in the revised source.

C4
We will fix the citation problem.

[1] On the Logic of Theory Change: Partial Meet Contraction and Revision Functions. The Journal of Symbolic

Logic, 50(2):510–530.

[2] Mem0: Building Production-Ready AI Agents with Scalable Long-Term Memory.

[3] The Hitchhiker's Guide to Testing Statistical Significance in Natural Language Processing. Proceedings of

the 56th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers)

[4] ReviseQA: A Benchmark for Belief Revision in Multi-Turn Logical Reasoning. ICML 2025 Workshop.

[5] G-Eval: NLG Evaluation using GPT-4 with Better Human Alignment. Proceedings of EMNLP 2023

[6] On Model Stability as a Function of Random Seed. Proceedings of the 23rd Conference on

Computational Natural Language Learning (CoNLL).

[7] Evaluating Very Long-Term Conversational Memory of LLM Agents. Proceedings of the 62nd Annual

Meeting of the Association for Computational Linguistics (Volume 1: Long Papers)

[8] Reporting Score Distributions Makes a Difference: Performance Study of LSTM-networks for Sequence

Tagging. Proceedings of EMNLP 2017

[9] Beyond a Million Tokens: Benchmarking and Enhancing Long-Term Memory in LLMs. International

Conference on Learning Representations (ICLR)

[10] A-Mem: Agentic Memory for LLM Agents. Advances in Neural Information Processing Systems

[11] Large Language Models are not Fair Evaluators. Proceedings of the 62nd Annual Meeting of the

Association for Computational Linguistics (Volume 1: Long Papers)

[12] Agent Workflow Memory. Proceedings of the 42nd International Conference on Machine Learning,

PMLR

[13] Judging LLM-as-a-Judge with MT-Bench and Chatbot Arena. Advances in Neural Information

Processing Systems

k

k = 10
k ∈ 5, 10, 15, 20 k = 15

k = 10 k = 15
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Add:

[14] Cognitive Architectures for Language Agents. Transactions on Machine Learning Research.

[15] MemGPT: Towards LLMs as Operating Systems.

Author-Editor Confidential Comment Official Comment

Response (1/2)

Official Comment

by Authors ( Julian McAuley (/profile?id=~Julian_McAuley1), Felix Meng (/profile?id=~Felix_Meng1),
Junda Wu (/profile?id=~Junda_Wu1))

14 Jul 2026, 03:37 (modified: 03 Aug 2026, 08:42)

Program Chairs, Senior Area Chairs, Area Chairs, Reviewers Submitted, Authors, Reviewer 1irL,
Commitment Readers

Revisions (/revisions?id=RZMpfEOAOy)

−

＝ Edit   








Comment:

We thank the reviewer for the thorough review, including the recognition of the strong gains over the

backbone-matched comparisons and the paper's transparent negative sub-results.

W1
We kindly clarify that our Raw-RAG result is an in-house control using the same GPT-5.4-mini answer model

and embedder as BELIEFMEM. The external LoCoMo comparison uses the same GPT-4o-mini backbone, the

same 1,540-question non-adversarial subset, and the same released benchmark rubric and evaluation

codebase [2, 7]. The BEAM/LIGHT reference points likewise use the same released BEAM rubric and

evaluation codebase [9], although we agree that they remain cross-backbone.

For LoCoMo, BELIEFMEM reaches 85.5 versus 68.4 for Mem0-graph (+17.1), with gains in every reported

category: +22.2 single-hop, +33.8 multi-hop, +14.8 temporal, and +12.2 open-domain. Our in-house Raw-

RAG control reaches 74.5 versus BELIEFMEM's 92.3 (+17.8). On BEAM–100K, GPT-4o-mini BELIEFMEM

reaches 50.3 versus the LIGHT mean of 32.7 (+17.6), while GPT-5.4-mini BELIEFMEM reaches 54.5 versus

LIGHT's best published cell of 35.8 (+18.7) [9]. We will annotate every Table 1 row with its backbone and in-

house/published provenance, and we will retain the cross-backbone qualification rather than present the

BEAM differences as causal estimates.

We also supply five runs for each headline configuration:

Benchmark Runs Mean Standard error ( ) Range Main-paper run

LoCoMo 5 91.91 0.21 91.30–92.47 92.27 (reported as 92.3)

BEAM–100K 5 52.94 0.65 51.39–54.48 54.48 (reported as 54.5)

The five run-level entries are transcribed from the supplied run evidence. The LoCoMo log prints the final

run as 92.5% (1,424/1,540); 92.47 above is the unrounded value of that fraction. Means, ranges, and

standard errors are computed from the five supplied runs, rather than copied from the single-run main-

paper table.

The standard error is computed across the five runs as the sample standard deviation divided by . The

lowest supplied LoCoMo run remains +16.8 above the in-house Raw-RAG control. The lowest supplied

BEAM run remains +15.6 above LIGHT's best published cell, although that comparison remains cross-

backbone. The BEAM headline 54.48 is the maximum of the five runs; another run reaches 54.45. We will

report the complete distributions rather than imply deterministic performance.

W2
The paper proposes a common AGM-derived conceptual framework with type-specific atomic units—

atomic claims for facts, trigger–procedure pairs for skills, and identity/version chains for artifacts—and

Appendix B describes artifact versioning and provenance. We will narrow the empirical claim from “unifies

s/√5

√5

≡
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Add:

and validates facts, skills, and artifacts” to:

BELIEFMEM proposes a common AGM-derived framework for the three memory types, with type-

specific operations, and empirically validates its fact-memory instantiation.

We will also state explicitly that quantitative skill/artifact validation is future work. This architectural-

scope/empirical-instantiation distinction is consistent with prior agent-memory research: CoALA formalizes

working, episodic, semantic, and procedural memory in a common conceptual architecture [14]; MemGPT

evaluates a reusable multi-tier memory architecture in multi-session dialogue and document analysis [15];

Mem0 and A-MEM evaluate vector/graph or dynamically linked memory architectures primarily through

conversational-memory tasks [2, 10]; and Agent Workflow Memory evaluates procedural memory through

executable web-navigation tasks [12].

These precedents do not substitute for evidence on BELIEFMEM's skill and artifact instantiations, and we

will not imply otherwise. Rather, they show why LoCoMo/BEAM fact-QA scores should not be treated as

proxies for procedural-skill or artifact performance.

Author-Editor Confidential Comment Official Comment

Official Review of Submission14712 by Reviewer aLPg

Official Review by Reviewer aLPg 02 Jul 2026, 06:16 (modified: 03 Aug 2026, 08:42)

Program Chairs, Senior Area Chairs, Area Chairs, Reviewers Submitted, Authors, Reviewer aLPg, Commitment
Readers

Revisions (/revisions?id=Uos9TvUd9K)






Paper Summary:

The paper proposes a solution to the long-term memoryconsistency issues for LLMs, using ideas from belief revision

theory.

Summary Of Strengths:

The idea of using belief revision in this context is intriguing. Good experimental analysis.

Summary Of Weaknesses:

The links with AGM belief revision theory seem quite weak. I wonder whether the paper could have made essentially

the same points without specific reference to AGM. In other words, it was not clear which, if any, insights from AGM

were particularly useful in this context. Additionally I found some parts of the paper difficult to follow (although this

may be due to my unfamiliarity with the area).

Comments Suggestions And Typos:

Reference to the paper named LOGIC needs to be fixed.

Page 3: "Atomic revision units" - this paragraph is rather vague. Some brief example might help here. The paragraph

below this "Payoff" didn't really make sense to me.

Section 4.2, line 280: Can a fact be its own predecessor?

Page 4: The difference between DUP and EXP wasn't clear. Is DUP a special case of EXP?

Confidence: 1 = Not my area, or paper is very hard to understand. My evaluation is just an educated guess.

Soundness: 3 = Acceptable: This study provides sufficient support for its main claims. Some minor points may need

extra support or details.

Excitement: 3 = Interesting: I might mention some points of this paper to others and/or attend its presentation in a

conference if there's time.

Overall Assessment: 3.5 = Borderline Conference

Ethical Concerns:

There are no concerns with this submission
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Add:

Reproducibility: 4 = They could mostly reproduce the results, but there may be some variation because of sample

variance or minor variations in their interpretation of the protocol or method.

Datasets: 3 = Potentially useful: Someone might find the new datasets useful for their work.

Software: 3 = Potentially useful: Someone might find the new software useful for their work.

Knowledge Of Or Educated Guess At Author Identity: No

Knowledge Of Paper: N/A, I do not know anything about the paper from outside sources

Knowledge Of Paper Source: N/A, I do not know anything about the paper from outside sources

Impact Of Knowledge Of Paper: N/A, I do not know anything about the paper from outside sources

Reviewer Certification: I certify that the review I entered accurately reflects my assessment of the work. If you used

any type of automated tool to help you craft your review, I hereby certify that its use was restricted to improving

grammar and style, and the substance of the review is either my own work or the work of an acknowledged

secondary reviewer.

Publication Ethics Policy Compliance: I did not use any generative AI tools for this review

Author-Editor Confidential Comment Official Comment

Response (2/2)

Official Comment

by Authors ( Julian McAuley (/profile?id=~Julian_McAuley1), Felix Meng (/profile?id=~Felix_Meng1),
Junda Wu (/profile?id=~Junda_Wu1))

14 Jul 2026, 03:52 (modified: 03 Aug 2026, 08:42)

Program Chairs, Senior Area Chairs, Area Chairs, Reviewers Submitted, Authors, Reviewer aLPg,
Commitment Readers

Revisions (/revisions?id=7gCfB9aaEb)

−

＝ Edit   








Comment:

C1: The reference displayed as “LOGIC”
We will fix the reference.

C2: “Atomic revision units” and the “Payoff” paragraph are
unclear
We agree that a worked example is clearer:

Step Memory operation

User: “I live in Boston and work at Company

A.”

Decompose into : lives in Boston; : works at Company

A

Later: “I moved to Seattle.” , where : lives in Seattle

Active memory  and ; only the residence claim is superseded

Preserved history ; employment remains an independent active

claim

The payoff is that retrieval starts from a uniform active-head view—the current fact, current trigger–

procedure skill, or latest artifact version—and may additionally expose lineage for history-aware queries,

while earlier versions remain available in storage. We will replace the vague paragraph with this example

and distinguish the architectural three-type proposal from the empirically validated fact-memory

instantiation.

C3: Can a fact be its own predecessor?
No. In inline resolution, a new  selects a predecessor  from the pre-existing active window, so 

when the decision is made. In cross-session resolution, candidate members are distinct and revision edges

are oriented by order. Hence in both cases ; immutable, ordered pointers make the lineage

F1 F2

REV(F3, F1) F3

F3 F2

F3 → F1

ϕ ψ ϕ ∉ W

p(ϕ) = ψ ≠ ϕ

≡
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Add:

graph acyclic.

The reviewer identified a real notation ambiguity:  does not syntactically exclude a self-

loop. We will replace it with

and state the irreflexive, ordered, acyclic invariant explicitly. We will not impose a strict earlier-insertion

codomain because cross-session facts created in the same flush may still be linked.

C4: Is DUP a special case of EXP?
We kindly clarify the terminology and the answer: at belief-set semantics, yes; operationally, no. EXP

means expansion, whereas DUP means duplicate (the manuscript describes the detected relation as a

restatement). Section 4.2 already distinguishes the two actions (lines 292–293 and 296–298), Appendix J

gives the corresponding enrichment-versus-entailment rules (lines 996–1002), and Algorithm 1 makes the

inline distinction executable.

At the classical consequence level, expanding by something already believed is idempotent: for

, if , then . DUP corresponds to this no-change semantic case. For an

explicit belief base , however, physically adding an entailed but nonidentical sentence can still create a

redundant stored record. BELIEFMEM therefore gives duplicate detection its own action: inline DUP skips

the candidate insertion, while cross-session DUP retains the most recent canonical member and marks the

others SUPERSEDED (§4.4, lines 345–347), without physical deletion (§4.5, lines 351–354).

Action Relation to active memory Storage effect

EXP (expansion) New non-superseding claim: novel fact,

enrichment, or scope narrowing

Insert  as a new active root

Inline DUP

(duplicate)

An active claim already entails the

candidate; the candidate is a

duplicate/restatement

Skip candidate insertion; explicit base

remains unchanged

Cross-session

DUP (duplicate)

Multiple stored claims restate the same

content

Keep the most recent canonical active

member; mark redundant members

SUPERSEDED; do not physically delete them

For example, repeating “I work at Company A” is DUP (duplicate), while adding “I also have a dog” is EXP

(expansion). We will expand both names on first use and add the identity  to

Section 4.2. We do not attribute the cluster ablation's +9.6 information-extraction gain specifically to DUP

because that ablation changes multiple cluster-level operations.

References cited in this response
[1] On the Logic of Theory Change: Partial Meet Contraction and Revision Functions. The Journal of

Symbolic Logic, 1985.

[2] Mem0: Building Production-Ready AI Agents with Scalable Long-Term Memory. arXiv, 2025.

[3] AGM 25 Years: Twenty-Five Years of Research in Belief Change. Journal of Philosophical Logic, 2011.

[4] Belief Contraction without Recovery. Studia Logica, 1991.

[5] A Textbook of Belief Dynamics: Theory Change and Database Updating. Kluwer Academic

Publishers, 1999.

[6] On the Difference between Updating a Knowledge Base and Revising It. Proceedings of KR, 1991.

[7] Base Revision for Ontology Debugging. Journal of Logic and Computation, 2009.

p(ϕ) ∈ BF ∪ ⊥

p(ϕ) ∈ (BF ∖ ϕ) ∪ ⊥,

K = Cn(B) ϕ ∈ K K + ϕ = K

B

ϕ

ϕ ∈ K ⇒ K + ϕ = K
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Response (1/2)

Official Comment

by Authors ( Julian McAuley (/profile?id=~Julian_McAuley1), Felix Meng (/profile?id=~Felix_Meng1),
Junda Wu (/profile?id=~Junda_Wu1))

14 Jul 2026, 03:49 (modified: 03 Aug 2026, 08:42)

Program Chairs, Senior Area Chairs, Area Chairs, Reviewers Submitted, Authors, Reviewer aLPg,
Commitment Readers

Revisions (/revisions?id=aJTGQxhmPl)

−

＝ Edit   








Comment:

We thank the reviewer for engaging closely with the belief-revision framing and for asking us to make its

concrete design payoff clearer.

W1
We kindly clarify that the AGM-to-design links are already specified in the manuscript; they are distributed

across the motivation, formal preliminaries, implementation sections, and fidelity appendix. Lines 43–63

identify correction, retraction, scope narrowing/refinement, and the resulting contradiction, information-

destruction, and failed-retraction modes. Lines 64–74 introduce the AGM operators/postulates and

Hansson belief bases; lines 79–100 map them to BELIEFMEM's resolver, two timings, history preservation,

and query-time lineage selection. Lines 109–119 then state the typed-memory/operator contribution

explicitly. Section 3 (lines 185–223) formally defines the operators and postulates and explains the three

consequences of adopting a Hansson belief base. Sections 4.1–4.2 (lines 240–301) instantiate those ideas as

the typed belief base and action mapping. For ease of review, we collect the already-described chain below:

Existing manuscript location

and AGM / belief-base insight

BELIEFMEM design consequence already

described there Failure avoided

§3, lines 185–192; §4.2, lines 289–

301; §4.4, lines 345–347:

expansion, revision, and

contraction are distinct operations

EXP (expansion) inserts a compatible new

claim; REV supersedes with a successor;

CON retracts without replacement; DUP

(duplicate) handles an already-entailed

restatement by skipping inline insertion or

consolidating cross-session duplicates

Avoids forcing every

update into “keep both”

versus “replace/delete”

§3, lines 203–209 and 219–223;

§4.1, lines 245–249: Hansson

belief bases store explicit

premises rather than deductive

closure

Natural-language claims are first-class

records, while duplicate detection is

opportunistic

Makes belief change

implementable for LLM-

extracted memory

rather than requiring

deductive closure

§3, lines 210–215 and line 223;

§4.2, lines 299–301; Appendix C,

lines 852–860: Recovery is

deliberately not implemented for

base contraction

CON marks the claim RETRACTED; later

reassertion does not reconstruct unrelated

former beliefs

Avoids undesirable

resurrection of stale

consequences

§3, lines 193–202; Appendix C,

lines 809–860, together with Table

6 (the unnumbered table placed

between printed lines 813 and

814): the postulates provide an

explicit audit vocabulary

Table 6 classifies each applicable postulate–

resolver pair as satisfied, approximated, or

principally violated; Recovery is not

applicable to 

Prevents an unqualified

claim of exact formal

compliance

Rcluster

≡
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OpenReview (/about) is a long-term project to advance science through improved peer review

with legal nonprofit status. We gratefully acknowledge the support of the OpenReview

Sponsors (/sponsors). © 2026 OpenReview

Add:

Existing manuscript location

and AGM / belief-base insight

BELIEFMEM design consequence already

described there Failure avoided

§4.1, lines 250–270; Appendix J,

lines 991–1012 and 1026–1034:

BELIEFMEM defines type-specific

atomic units and operationalizes

fact-level atomic decomposition

under D1 plus a single-target

invariant under D3

For facts, a correction supersedes only the

conflicting atomic claim; unrelated claims

remain active

Gives minimal change a

concrete resolver

discipline and prevents

collateral deletion

§4.5, lines 351–371; Appendix C,

lines 832–842: status transitions

and predecessor pointers

preserve a revision log used for

history-aware retrieval

Superseded/retracted records remain

physically queryable; revision predecessors

are traversable through lineage; retrieval

begins from active heads and the selector

chooses head/chain/drop

Preserves auditability

without presenting stale

beliefs as current

Thus, the AGM framing is not a post hoc analogy. AGM/Hansson already supplies the manuscript's operator

distinctions, explicit-base semantics, contraction policy, and audit postulates; BELIEFMEM operationalizes

those motivations through active/inactive status, typed atomic units, and the D1–D3 resolver disciplines. At

the same time, the paper explicitly limits the claim. Appendix C states, “We do not claim BELIEFMEM

satisfies the AGM postulates exactly” (lines 809–810), and Table 6 (the unnumbered table placed between

printed lines 813 and 814) identifies approximations and deliberate departures. The appropriate

characterization is therefore AGM-guided operational semantics, not a claim of exact classical-AGM

compliance.

The event–state rule (D2) and retention of inactive records are already specified; AGM/Hansson governs

revision of the active belief base, while provenance retention is BELIEFMEM's extension. BELIEFMEM differs

from Mem0 through explicit relation semantics, active/history separation, and event–state constraints

rather than additional action labels. The EXP-only ablation further shows that adding REV/DUP/CON to EXP

improves overall performance (49.3→54.5) and contradiction resolution (43.1→56.2). We will add a cross-

reference table in Section 3 to make these mappings easier to locate.

Author-Editor Confidential Comment Official Comment

About OpenReview (/about) Contact (/contact)

FAQ (https://docs.openreview.net/getting-

started/frequently-asked-questions)

Hosting a Venue (/group?

id=OpenReview.net/Support)

Sponsors (/sponsors) Terms of Use (/legal/terms) / Privacy Policy

(/legal/privacy)

All Venues (/venues) Donate (/donate)

8/26/26, 10:58 AM BELIEFMEM: Belief-Revising Memory for Conversational LLM Agents | OpenReview

https://openreview.net/forum?id=ftMMC9b1ht#discussion 16/16

https://openreview.net/about
https://openreview.net/about
https://openreview.net/sponsors
https://openreview.net/sponsors
https://openreview.net/sponsors
https://openreview.net/about
https://openreview.net/about
https://openreview.net/contact
https://openreview.net/contact
https://docs.openreview.net/getting-started/frequently-asked-questions
https://docs.openreview.net/getting-started/frequently-asked-questions
https://docs.openreview.net/getting-started/frequently-asked-questions
https://openreview.net/group?id=OpenReview.net/Support
https://openreview.net/group?id=OpenReview.net/Support
https://openreview.net/group?id=OpenReview.net/Support
https://openreview.net/sponsors
https://openreview.net/sponsors
https://openreview.net/legal/terms
https://openreview.net/legal/terms
https://openreview.net/legal/privacy
https://openreview.net/legal/privacy
https://openreview.net/venues
https://openreview.net/venues
https://openreview.net/donate
https://openreview.net/donate

