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ABSTRACT

Long-term memory is essential for language agents to main-
tain coherent and effective behavior over extended, multi-
session interactions. Existing memory systems mainly use
retrieval at read time, while write-time memory formation still
relies on direct extraction or compression. However, when
future information needs are unknown, compressing an entire
interaction in one pass can overlook locally important de-
tails that may matter later. To this end, we introduce RIME,
a retrieval-induced memory framework that shifts memory
construction from monolithic compression toward evidence-
centered integration. RIME uses generic self-questions to
retrieve focused dialogue evidence and grounds memory
formation in both the retrieved evidence and relevant histor-
ical memories, which are jointly reconciled into an evolving
memory bank with temporal and provenance information.
At inference time, compressed memory serves as the pri-
mary rather than the sole source of evidence: when it cannot
support an answer, RIME retrieves relevant source dialogue
together with its local context to recover information omitted
during memory formation, without resorting to full-history
processing. Extensive experiments on LoCoMo with Qwen3-
235B-A22B and GPT-5.6 Sol show that RIME consistently
achieves the best performance across all three quality metrics
among the compared methods, while requiring substantially
fewer query-time LLM tokens.

Index Terms— Long-term memory, Language agents,
Dialogue memory

1. INTRODUCTION

Memory is fundamental for language agents operating over
extended interactions. Without persistent memory, agents
cannot reliably retain user-specific information, connect
events across sessions, or reuse past experience in future
decisions. Prior work has therefore developed mechanisms
for storing, retrieving, and managing information beyond the
immediate context window, ranging from memory streams
and memory banks to more structured and adaptive memory
systems [1, 2, 3, 4, 5, 6].
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Despite this progress, most systems still form memories
by directly extracting or compressing conversational context.
This can overlook useful evidence, while details discarded
at formation time may later become important for unfore-
seen queries. Relying only on compressed memory prevents
such information from being recovered, whereas full-history
fallback incurs substantial inference cost [7]. These limita-
tions motivate selective access to source dialogue during both
memory formation and memory use.

To this end, we introduce RIME, a retrieval-induced
framework for long-term dialogue memory. As illustrated in
Fig. 1, rather than compressing an entire interaction at once,
RIME uses generic self-questions to retrieve focused dialogue
evidence, which is combined with local context and relevant
historical memories to incrementally form an evolving mem-
ory bank. By grounding memory formation in retrieved
evidence, RIME surfaces potentially important information
before consolidation, reducing the risk that it is overlooked
in the full conversational context. At inference time, RIME
treats compressed memory as the primary rather than the
sole information source, selectively retrieving relevant source
dialogue and surrounding context when needed instead of
processing the full interaction history. Across LoCoMo ex-
periments with Qwen3-235B-A22B [8] and GPT-5.6 Sol [9],
RIME consistently improves both memory effectiveness and
inference efficiency over existing memory systems.

Our contributions are threefold. (1) We introduce a
question-guided retrieve-then-consolidate mechanism for
memory formation, where generic self-questions first re-
trieve focused dialogue evidence before memory construc-
tion, rather than relying on a single global compression of
the full interaction. (2) We introduce selective source-context
recovery for memory use, allowing compressed memory to
serve as the primary but not exclusive information source
and recovering relevant dialogue context only when addi-
tional evidence is needed. (3) We conduct extensive exper-
iments on LoCoMo with Qwen3-235B-A22B and GPT-5.6
Sol, where RIME achieves the strongest performance across
LLM-Judge, F1, and BLEU-1 among the compared methods
while requiring substantially fewer query-time LLM tokens
than deliberative memory baselines.

ar
X

iv
:2

60
9.

34
43

8v
1 

 [
cs

.C
L

] 
 2

8 
S

ep
 2

02
6

https://arxiv.org/abs/2609.34438v1


2. RELATED WORK

Long-term memory for language agents. Long-term mem-
ory systems have evolved from persistent external memory
stores [1, 2, 3] toward more sophisticated mechanisms for
constructing and maintaining compact memory. Mem0 [4]
consolidates extracted facts through explicit memory opera-
tions, while A-MEM [5] organizes memories as dynamically
linked and evolving notes. Nemori [6] and FadeMem [10]
focus on selective retention, through semantic distillation
and adaptive forgetting, respectively. SimpleMem [11] and
LightMem [12] improve efficiency through structured com-
pression, consolidation, and hierarchical memory manage-
ment. Despite their different designs, these methods mainly
optimize how observed interaction content is transformed, or-
ganized, or maintained as memory. RIME intervenes one step
earlier: through generic self-questions, it brings retrieval into
the memory-writing process, recalling dialogue evidence rel-
evant to each question before consolidation to better preserve
important information that may otherwise be overlooked.
Retrieval and memory-based reasoning. Beyond memory
construction, recent work has explored richer mechanisms
for accessing and reasoning over long-term memory. Hind-
sight [13] combines multiple retrieval strategies with explicit
reflection over structured memories, while SAGE [14] and
REALM [15] use retrieval feedback to further evolve or re-
consolidate the memory structure. Most closely related to
RIME, D-Mem [7] adopts a dual-process design that falls
back to Full Deliberation over the interaction history when
compact memory is insufficient. RIME also revisits the orig-
inal dialogue, but retrieves only query-relevant source turns
together with local context rather than deliberating over the
broader history.

3. METHODOLOGY

3.1. Retrieval-based Memory Formation

RIME introduces complementary innovations in both mem-
ory formation and memory use.
Question-guided evidence recall. RIME maintains a fixed
set of generic formation questions

Q = {qr}Rr=1, (1)

which are shared across all sessions and independent of down-
stream queries. In our implementation, R = 6, covering peo-
ple and relationships, events, activities, plans, states and pref-
erences, and specific factual details.

Let ϕ(·) denote the text embedding function and

s(a, b) =
ϕ(a)⊤ϕ(b)

∥ϕ(a)∥2∥ϕ(b)∥2
(2)

denote cosine similarity. For each formation question qr,
RIME retrieves the kf most relevant dialogue turns from the

current session St:

R(r)
t =

kf

arg topk
x∈St

s(qr, x). (3)

The formation questions therefore act as retrieval cues rather
than summarization instructions: each question indepen-
dently surfaces dialogue evidence associated with a particular
type of information before memory construction.

We first merge the turns recalled by all formation ques-
tions:

Rt =

R⋃
r=1

R(r)
t . (4)

Because some recalled turns depend on nearby context, RIME
performs two rounds of local context expansion:

R̃(ℓ+1)
t = R̃(ℓ)

t ∪Nt

(
R̃(ℓ)

t

)
, ℓ = 0, 1, (5)

with R̃(0)
t = Rt, where Nt(·) adds neighboring turns needed

to resolve local dialogue dependencies. The final evidence set
is

Et = R̃(2)
t . (6)

Historical memory grounding. For each formation ques-
tion qr, RIME combines the question with its recalled evi-
dence R(r)

t to construct a query for retrieving relevant histor-
ical memories:

z
(r)
t = Concat

(
qr,R(r)

t

)
, (7)

where the dialogue turns in R(r)
t are concatenated in decreas-

ing order of retrieval similarity. The corresponding historical
memories are retrieved as

H(r)
t =

kh

arg topk
m∈Mt−1

s
(
z
(r)
t ,m

)
, Ht =

R⋃
r=1

H(r)
t . (8)

Joint memory formation and reconciliation. Given the re-
called current-session evidence Et and the retrieved historical
memories Ht, RIME performs fact extraction, within-session
deduplication, reference resolution, and historical reconcilia-
tion jointly in a single LLM call:

Ot = Fmem (Et,Ht) . (9)

Each predicted operation o ∈ Ot takes one of four forms:

op(o) ∈ {ADD,UPDATE,DELETE,NOOP}. (10)

ADD creates a new memory, UPDATE revises or augments
an existing memory describing the same underlying fact,
DELETE removes a memory explicitly contradicted as erro-
neous, and NOOP is used when the historical memory already
captures the current evidence. Each memory also retains its
temporal information and dialogue provenance.

Finally, the predicted operations are applied to obtain the
updated memory bank:

Mt = Apply (Mt−1,Ot) . (11)



(a) Memory formation

Current dialogue

User:
I will travel to Tokyo
next month.
Assistant:
Great! When will
you go?
User:
Probably on Oct. 5th
and stay for a week. …
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(b) Memory use
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Fig. 1. Overview of RIME. (a) During memory formation, generic formation questions are used as retrieval cues to identify
focused dialogue evidence, which is expanded with local context and combined with relevant historical memories for joint
memory formation and reconciliation. Unlike conventional direct compression, RIME retrieves relevant evidence before con-
solidation. (b) During memory use, RIME first answers from retrieved semantic memories and selectively returns to the source
dialogue only when the memory-based answer is insufficient.

3.2. Selective Memory Use

Given a user query qusri , let ỹi = Fans(q
usr
i ,Mi) denote the

initial answer from the retrieved semantic memories Mi. If
ỹi = NONE, RIME retrieves relevant source turns using TF–
IDF [16]:

Rsrc
i =

ks

arg topk
x∈

⋃T
t=1 St

ψ(qusri )⊤ψ(x), Esrc
i = Rsrc

i ∪Ctxw(Rsrc
i ),

(12)
where Ctxw(·) adds up to w preceding and following turns
within the same session. The final prediction is

ŷi =

{
ỹi, ỹi ̸= NONE,

Fans(q
usr
i , Esrc

i ), ỹi = NONE.
(13)

4. EXPERIMENTS

4.1. Experimental Setup

Dataset. We evaluate on LoCoMo [17], a benchmark for
very long-term conversational memory. Following the paper-
comparable setting, we use 1,540 questions from four cate-
gories: single-hop, multi-hop, temporal, and open-domain,
excluding the adversarial category. Baselines. We compare
RIME with RAG [18], Mem0 [4], A-MEM [5], Nemori [6],
and D-Mem [7], covering retrieval-based, structured, adap-
tive, and deliberative long-term memory systems. Models.
We evaluate all methods with two LLM backbones, Qwen3-
235B-A22B and GPT-5.6 Sol. For each setting, the same
backbone is used for memory construction and answer gener-
ation, and the corresponding model is also used as the LLM
judge. For answer generation and evaluation, we follow the
prompting protocol used by D-Mem [7] and Nemori [6],
including the answer and LLM-judge prompts. Memory
and Retrieval Configuration. RIME uses six generic for-
mation queries covering person, event, activity, plan, state,



Table 1. Main results on the 1,540 non-adversarial LoCoMo
questions. Higher is better for Judge, F1, and BLEU-1; lower
is better for inference tokens. †D-Mem results are directly
reported from the original paper using Qwen3-235B-Instruct,
as its implementation is not publicly available.

Method Judge↑ F1↑ BLEU-1↑ Tokens↓

Qwen3-235B-A22B
RAG 31.36 20.87 17.46 3.64K
Mem0 53.12 35.76 30.49 2.20K
A-MEM 68.77 44.12 37.86 63.19K
Nemori 77.34 46.01 39.88 20.92K
D-Mem† 78.60 51.00 42.60 15.57K
RIME 81.82 51.46 44.22 5.11K

GPT-5.6 Sol
RAG 40.00 23.94 20.29 3.31K
Mem0 70.52 46.45 39.59 2.24K
A-MEM 80.78 53.77 46.54 52.14K
Nemori 83.05 52.64 45.88 17.74K
RIME 84.29 56.41 48.85 5.21K

and specific detail. For each query, we retrieve the top 10
dialogue turns and top 5 relevant historical memories. At
inference, we retrieve the top 30 semantic memories us-
ing OpenAI’s text-embedding-3-small. If the ini-
tial answer is NONE, TF–IDF retrieval selects the top 20
source-dialogue turns, each expanded with a context win-
dow of 15 turns. No raw dialogue is provided during the
initial memory-based answer. Unless otherwise specified,
all baselines use the same retrieval settings; A-MEM retains
its original all-MiniLM-L6-v2 embedding model fol-
lowing its official configuration. The source code, including
the exact prompts and evaluation configuration, is available
at https://anonymous.4open.science/r/RIME_
official-4BC7.

4.2. Main Results

Table 1 compares RIME with representative long-term mem-
ory systems under two LLM backbones. RIME consistently
achieves the best performance across all three quality met-
rics with both Qwen3-235B-A22B and GPT-5.6 Sol. No-
tably, these gains are achieved with substantially lower query-
time LLM cost than deliberative memory baselines such as
A-MEM and Nemori, demonstrating that selective access to
source dialogue provides an effective alternative to expensive
deliberation over long histories.

4.3. Ablation and Analysis

Effect of question-guided memory formation. To isolate
the effect of question-guided retrieval, we compare three for-
mation strategies with the same memory-use stage. Direct

Table 2. Effect of memory formation strategies on LoCoMo
using Qwen3-235B-A22B (n = 1,540). All variants use the
same selective memory-use procedure.

Formation Strategy Judge↑ F1↑ BLEU-1↑

Direct Compression 71.62 49.26 42.32
Question-Prompted Compression 72.66 48.87 42.11
RIME 81.82 51.46 44.22

Table 3. Ablation of selective source retrieval on LoCoMo.
Method Judge↑ F1↑ BLEU-1↑

Qwen3-235B-A22B
RIME w/o selective retrieval 71.23 44.73 38.41
RIME 81.82 51.46 44.22

GPT-5.6 Sol
RIME w/o selective retrieval 80.97 54.27 46.96
RIME 84.29 56.41 48.85

Compression uses the Mem0 extraction prompt over the full
session, while Question-Prompted Compression additionally
uses the six formation dimensions as extraction instructions
without question-specific retrieval. RIME instead uses these
questions as retrieval cues before memory consolidation. As
shown in Table 2, adding the six dimensions to the compres-
sion prompt yields no consistent gain over direct compres-
sion, whereas RIME improves all three metrics. This suggests
that question-guided memory formation is effective.
Effect of selective source retrieval. We further examine
whether access to the source dialogue is necessary when se-
mantic memory is insufficient. Disabling selective source
retrieval causes a substantial performance drop on both back-
bones, with the Judge score decreasing by 10.59 points on
Qwen3-235B-A22B and 3.32 points on GPT-5.6 Sol. Source
retrieval is triggered more frequently with Qwen than with
GPT-5.6 (16.8% vs. 6.0%), consistent with the larger degra-
dation observed when this mechanism is removed.

5. CONCLUSION

We presented RIME, a retrieval-induced framework for long-
term dialogue memory. RIME uses generic questions as re-
trieval cues to identify relevant evidence before memory con-
solidation and selectively returns to the source dialogue when
compressed memory is insufficient. Experiments on LoCoMo
with Qwen3-235B-A22B and GPT-5.6 Sol show that RIME
achieves the best performance across LLM-Judge, F1, and
BLEU-1 among the compared methods, while using substan-
tially fewer query-time LLM tokens than deliberative mem-
ory baselines. Further analysis confirms the effectiveness of
both question-guided memory formation and selective source
retrieval for robust and efficient long-term memory.
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