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Abstract

Long-term assistants must answer questions
over conversations beyond the context window
while grounding responses in verifiable dia-
logue evidence. Existing memory systems re-
trieve compact representations, but these may
omit critical details, while similarity search
may favor related records over answer-bearing
source turns. We introduce GRACE-Mem
, a long-term memory architecture that sep-
arates candidate discovery, candidate rerank-
ing, and final evidence construction. It
uses graph records for discovery, compressed
records for reranking, and provenance-linked
raw dialogue spans as final evidence. After
hybrid graph retrieval, multi-hop expansion,
and two-stage reranking, the top-K records
seed an Evidence Curation Agent. The agent
searches the raw corpus, removes irrelevant
candidates, recovers missing evidence, and re-
turns provenance identifiers to reconstruct the
final context from raw dialogue. GRACE-
Mem achieves 85.3% on LoCoMo and 73.2%
on LongMemEval, surpassing the previously
reported state of the art, AMA, by 7.9 and 3.4
percentage points, respectively.

1 Introduction

Long-term assistants must answer from conversa-
tions that exceed the context window while still
supporting claims with verifiable dialogue evi-
dence (Maharana et al., 2024; Wu et al., 2025). Ex-
isting memory systems therefore store summaries,
facts, entities, or graph relations and retrieve only
a small subset at answer time (Chhikara et al.,
2025; Rasmussen et al., 2025). These compact
records are useful indexes but fragile final evi-
dence: generation or compression can omit speak-
ers, temporal qualifiers, or conditions, while sim-
ilarity retrieval can rank topically related records
above answer-bearing source turns (Weller et al.,
2025; Derehag et al., 2026). The central limitation

is that retrieval representations are often treated as
answering evidence.

The core problem is thus not simply how to
store more memory, but how to use compact mem-
ory to find the right source evidence. We introduce
GRACE-Mem, a long-term memory architecture
that separates three roles that are often conflated:
graph records support candidate discovery, com-
pressed records support candidate reranking, and
raw dialogue spans provide complete, source-level
answering evidence.

GRACE-Mem first retrieves and expands
entity—relation candidates in a memory graph and
reranks the structured records. It then merges their
linked compressed records with directly retrieved
ones and reranks the deduplicated pool. The top-
K provenance-linked records seed an Evidence
Curation Agent, which can verify, remove, or sup-
plement candidates by inspecting the raw corpus.
The final context is rebuilt from the selected raw
dialogue spans; if curation fails, an identity fall-
back preserves the upstream compressed seed con-
text.

Our main contributions are as follows:

* We propose a source-evidence-centric long-
term memory architecture that separates re-
trieval representations from raw answering
evidence and reconstructs the final context
through provenance links.

* We introduce a complementary retrieval and
hierarchical reranking method that selects en-
tity and relation candidates at the graph level,
then jointly reranks their linked compressed
records with direct-retrieval results to im-
prove the coverage and selection of answer-
relevant evidence.

* We develop a post-retrieval Evidence Cura-
tion Agent that verifies and filters candidates
against the raw dialogue, removes topically

293

Proceedings of the 11th Workshop on Automated Knowledge Base Construction (AKBC 2026), pages 293-315
October 28, 2026 ©2026 Association for Computational Linguistics



related but insufficient evidence, and recovers
source evidence missed by initial retrieval.

To support reproducibility, we release our code,
prompt templates, and evaluation scripts.'

2 Related Work

2.1 Long-Term Conversational Memory via
Summarization and Compression

Longer context windows do not guarantee effec-
tive use of growing conversation histories: irrel-
evant background can dilute query-relevant evi-
dence and distract the answer model. Memory
systems therefore compress conversation histories
into external representations and retrieve them on
demand. MemGPT pages information between
working context and external storage through an
OS-inspired hierarchy (Packer et al., 2023), while
SeCom segments conversations by topic and ap-
plies LLMLingua-2 compression to reduce frag-
mentation and retrieval noise (Pan et al., 2025).
LangMem (LangChain, 2026) provides practi-
cal long-term memory tooling, while NEMORI
(Ma et al., 2026) learns retention through adaptive
memory distillation rather than fixed heuristics.
Generated summaries may omit source details
or introduce interpretations not explicitly stated
in the original dialogue. GRACE-Mem instead
uses compressed records, entities, and relations as
retrieval-oriented memory views, while preserving
session—message indices to the corresponding raw
dialogue spans for source-level evidence recovery.

2.2 Structured and Evolving Long-Term
Memory

Structured memory connects entities, relations,
and memory units rather than treating them as iso-
lated fragments. A-MEM builds evolving associa-
tions among memory notes (Xu et al., 2025); Zep
maintains a temporally aware knowledge graph
(Rasmussen et al., 2025); and MemO applies LLM-
driven memory operations to consolidate salient
facts (Chhikara et al., 2025).

AMA (Huang et al., 2026) uses specialized
agents for memory construction, retrieval, judg-
ing, and refresh; Other systems separately rep-
resent facts, experiences, summaries, and beliefs
(Latimer et al., 2025).

However, practical memory construction must
still manage duplicate entities, unsupported

"https://github.com/gbtailab-tech/GRACE-Mem

merges, information updates, and source traceabil-
ity. GRACE-Mem adopts a staged construction
process that extracts entities before relations, com-
bines lexical and semantic signals for entity align-
ment, and applies conservative ADD or UPDATE
decisions when integrating new interactions. Rela-
tions are constructed only between reconciled en-
tities, and each record retains an index to its corre-
sponding raw dialogue span.

2.3 Structure-Aware Retrieval and Evidence
Selection

Standard RAG retrieves a top-k set of candidates
from an indexed corpus before generation (Lewis
et al., 2020). In recurring conversations, how-
ever, semantic similarity alone may return memo-
ries that are topically related but insufficiently dis-
criminative. LightRAG combines graph-based in-
dexing with query-side keyword extraction, using
low-level keywords to retrieve specific entities and
details and high-level keywords to retrieve broader
relational concepts (Guo et al., 2024). GRACE-
Mem likewise extracts query keywords at retrieval
time, but uses a single keyword set as an auxiliary
lexical signal in hybrid retrieval.

Other graph-based retrieval methods provide
complementary mechanisms. MRAgent allows an
LLM to iteratively traverse a Cue—Tag—Content
graph for adaptive retrieval (Ji et al., 2026). SA-
RAG shows that spreading activation can con-
nect multi-hop evidence without LLM-controlled
traversal (Pavlovic et al., 2025).

Similarity-based retrieval also has capacity lim-
its (Weller et al., 2025), and reranking may remove
gold evidence from a high-recall candidate pool
(Derehag et al., 2026). Direct corpus interfaces
address exact names, numbers, and combinations
of sparse clues through adaptive text search (Sen
et al., 2026; Li et al., 2026), but their effectiveness
depends on the execution harness and evidence-
delivery path. GRACE-Mem therefore separates
candidate discovery from evidence selection: hy-
brid entity and relation retrieval seeds spreading
activation, merged compressed-record candidates
are reranked, and a GREP/READ/FINAL agent may
selectively inspect the raw text. If this stage
fails, identity fallback preserves the reranked com-
pressed seed context.

Positioning of our work. GRACE-Mem inte-
grates incremental graph memory, temporal nor-
malization, graph expansion, and post-retrieval
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corpus inspection within a unified architecture.
Compared with flat top-£ retrieval or multi-round
LLM-controlled graph traversal, it keeps source-
linked raw dialogue as the basis for evidence veri-
fication while using graph structure to connect can-
didate evidence.

3 Method

We first provide a brief overview of GRACE-Mem
in Figure 1. During ingestion, GRACE-Mem
converts individual dialogue units into comple-
mentary compressed-record, entity, and relation
views, resolves newly extracted entities against ex-
isting memory, and preserves links to the origi-
nal dialogue. During retrieval, the system com-
bines hybrid entity and relation search with spread-
ing activation, reranks the resulting graph records,
collects their linked compressed records, merges
them with directly retrieved records, and reranks
the merged pool. The corpus-agent filter is applied
after compressed-record reranking, as detailed in
Algorithm 1.

The remainder of this section is organized as
follows. Section 3.1 describes the memory state
and ingestion pipeline. Section 3.2 presents hybrid
entity and relation retrieval together with query-
conditioned spreading activation. Finally, Sec-
tion 3.3 details graph-level reranking, compressed-
record candidate construction, and compressed-
record reranking.

3.1 Memory State and Ingestion

At step ¢, GRACE-Mem maintains a memory
graph and three auxiliary vector indexes:

M = (G, VEVEVY), Gi= (N, Ri, Py
ey

Here, N;, R;, and P; denote entity nodes, rela-
tion edges, and provenance-linked source records,
respectively. The auxiliary indexes VF, V[, and
Vgg store entity, relation, and compressed-record
embeddings. The graph and indexes support re-
trieval, whereas the source records in P; provide
the authoritative dialogue evidence used for con-
text reconstruction.

For each dialogue unit Dy, the ingestion
pipeline produces a compressed dialogue record
and sequentially extracts entities and relations:

St — Compressp(Dt), gt = (pent(Dt)a

_ i 2
Rt = Pral (Dtagt) .

Here, s; is the compressed record produced by
LLMLingua-2, p is the retained-length ratio, and
the barred variables denote uncommitted write-
time records. Conditioning relation extraction on
& restricts relation endpoints to the previously ex-
tracted entities.

Entity embeddings are computed from the con-
catenation of each entity’s name, type, and descrip-
tion. Relation embeddings use the names of both
endpoints, the relation description, and its key-
words, while compressed-record embeddings are
computed directly from s;. Provenance fields are
stored separately and are not included in the em-
bedding inputs.

For each newly extracted entity e, the system
retrieves possible matches from the existing entity
set and decides whether to create a new node or
update an existing one:

C(e) = HybridRetrieve (e, N¢_1) ,
(0pe; id¢) = Pop (e, C(e)) -

The decision op,, is either ADD or UPDATE. For
ADD, the system creates a new node; for UPDATE,
id} identifies the selected existing entity. Candi-
date matching takes the union of BM25 and dense-
vector retrieval. The BM25 branch uses a score-
relative threshold, whereas the dense branch ap-
plies a similarity threshold and a maximum can-
didate count.

Each dialogue unit is stored with its raw text,
dialogue timestamp, session identifier, and mes-
sage identifier. After entity resolution, the system
writes the resolved entities, relations, compressed
record, and provenance record to their correspond-
ing memory structures. Before insertion, the end-
points of each extracted relation are replaced with
the entity identifiers assigned during resolution.

3)

3.2 Hybrid Graph Retrieval

Given a question ¢, the query analyzer extracts
keywords and constructs normalized sentence-
and keyword-level representations:

Kq = (I)qa(q) ={ki,..., km}
z, = Embed(q), Qvec = i7
1Zq4][2 ()
z; = Embed(k;),
v; = Zi y :1,...,m.
1|2

The sentence-level representation qyec is used
for dense entity retrieval and query-conditioned
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Figure 1: Overview of GRACE-Mem. The ingestion pipeline constructs complementary provenance-linked graph
and vector views from each dialogue unit. The retrieval pipeline combines hybrid entity and relation retrieval,

spreading activation, graph-level reranking, graph-linke

d and directly retrieved compressed-record candidate merg-

ing, compressed-record reranking, and corpus-agent evidence curation.

graph expansion. Each keyword k; is used in tex-
tual form for sparse entity retrieval and in vector
form v; for dense relation retrieval. This separa-
tion preserves the complete query semantics for
entity retrieval while retaining fine-grained rela-
tion cues from individual keywords. We denote
the normalized embedding stored for relation r by
V.

3.2.1 Hybrid Entity and Relation Retrieval

The dense entity branch searches VE with the
complete query embedding and retains candidates
above a similarity threshold. For sparse retrieval,
each keyword independently searches the entity
name and description fields. Its BM25 score is the
maximum of the two field scores, and candidates
are retained relative to the highest score obtained
for that keyword.

The dense and sparse entity candidates form the
unweighted seed set, while relation candidates are
retrieved independently for each keyword embed-
ding:

m
E(0) — ppdense | U B,
=1

m )
RO = U TopK g, . (Vi; VtR) .
i=1
Here, TopK g, ;. returns at most Kp highest-
ranked relations whose similarity exceeds the re-

lation threshold 7,.. Dense and sparse retrieval
scores are used only for candidate selection and
are not propagated as initial activation values.
Independent keyword searches preserve relation-
specific semantics that may be diluted when all
keywords are represented by a single embedding.

3.2.2 Query-Conditioned Spreading
Activation

Starting from the initially retrieved entity set
E©) GRACE-Mem performs query-conditioned
spreading activation over the conversational mem-
ory graph Gy, based on the propagation formula-
tion used in SA-RAG (Pavlovié et al., 2025). Prop-
agation is restricted to at most H hops, and all
initially retrieved entities are retained in the ex-
panded candidate set.

For each relation r, its query relevance and
rescaled propagation weight are defined as

’UJ(T) = [COS (quC7 Vr)]+ 5

/ [w(r) —c]+
v =

where [x]+ = max(z,0) and ¢ € [0,1) is the
relation-relevance cutoff. Relations whose rele-
vance does not exceed ¢ contribute no activation,
while the remaining values are rescaled into prop-
agation weights.

The activation value a(e) of each entity is ini-
tialized as
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1, ec EO),
ale) = 0, otherwise. @
Propagation is performed using a FIFO breadth-
first queue of entity—depth pairs, initialized with
{(e,0) : e € EO}. An entity is expanded only
when its depth is smaller than H. When an entity
n is removed from the queue, each explored rela-
tion 7,_s,, contributes to the activation of its target
entity v according to

a(u) < min {1, a(u) +w' (rn_a) a(n)} . (8

Activation contributions are added as incoming
relations are processed. A node may therefore
accumulate contributions from multiple predeces-
sors before it is expanded. Each entity is expanded
at most once; activation received after expansion
updates its final score but is not propagated further.
This FIFO procedure avoids repeated propagation
through cycles, while clipping activation at 1 pre-
vents runaway score growth.

The resulting entity set is

ESA = FEO y {e eN;\ EO© ‘ ae) > Ta} )
)
where 7, is the activation threshold. No fixed
output-size limit is imposed during spreading acti-
vation.

3.3 Compressed-Record Candidate
Construction and Two-Stage Reranking

The graph-level candidate set combines the one-
hop neighborhood of the expanded entities and
retrieved relation endpoints with the directly re-
trieved relation subgraph:

H, = OneHop (Gt, ESA U Endpoints (R(O))>

U Subgraph (Gt, R(0)> .
(10)
The graph-level reranker independently ranks
the candidate entities and relations:

(Emﬁq) = RR¢ (quq?ngKg) A
H,=FE;UR,.

Here, K g and K g control the maximum num-
bers of entities and relations retained before
compressed-record candidate construction. Each
retained entity or relation contains an identifier

linking it to the compressed record from which it
was constructed.

We merge compressed records linked to re-
tained graph candidates with those retrieved di-
rectly from the compressed-record vector index,
which can recover dialogue units missed by imper-
fect graph construction. Duplicate record identi-
fiers are removed:

EqG = Records (.FAIQ) ,
7 = TopK, (Qvec; V1) .
>q = Unique (Zg; U 25) .
A compressed-record reranker retains at most
K provenance-linked candidates:

(12)

S, =RRs (¢, 54 K). (13)

Graph reranking selects structured records,
whereas compressed-record reranking selects their
linked records together with direct-retrieval re-
sults. The retained records and provenance iden-
tifiers seed the Evidence Curation Agent, which
uses corpus-access tools to inspect raw evidence
only after reranking:

Sq = Provlds (§q> ,
Ry = RenderRecords (§q> . (o

3.4 Evidence Curation Agent

Algorithm 1 Agentic Evidence Curation

Require: query g, question date ¢, category d,
compressed-record seed IDs S, base compressed context
Ry, corpus C, call cap B, ID cap K, calibration-enabled
categories W

Ensure: final evidence context R
Stage I: Agentic Evidence Curation

1: (F,V,ok) + AGENTSEARCH(q, S,C, B)
> GREP/READ/VEC, then FINAL

2: if —ok or F = () then

3: return Ry > identity fallback
4: end if

5

P+~ (FNS)U((F\S)NV)
> keep only corpus-verified additions

6: if ' = () then
7: return Ry > identity fallback
8: end if
9: F < CAP(F,K)
0: record provenance for all IDs in F'

Stage II: Evidence Validation
11: P« S\ F b omitted seeds
12: ifd € W and |F| < K and P # () then
13: A + COVERAGECHECK(q, tq, P,C)
14: F + CAap(FUA,K)
15: end if
16: return REBUILD(F,C)
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Result: 1 matches — answer_cbd08e3c_2:4:u

B E

User: "my friend Rachel's getting

married next year...

Confirm: "I'm 32, so I'm in my 30s."
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€3 (apps, to-do list, streaming, alumni,
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(already have a better seed)

—

No additional seed is useful.
Q Proceed with the two selected

turns from Stage 2.

Reasoning

1."Next year" — 2023 (relative to 2022/09/01)
2. Useris 321in 2022 — will be 33in 2023

Answer:
° You will be 33 years old.

Figure 2: Overview of the Evidence Curation Agent. Given a query and provenance-linked compressed-record
seeds, the agent searches the raw corpus through lexical retrieval (GREP), local inspection (READ), and semantic
retrieval (VEC); validates evidence coverage; and returns the final curated raw-evidence context.

The Evidence Curation Agent receives a set of
provenance-linked compressed-record seed IDs S
selected by the upstream retrieval and reranking
pipeline. The corresponding compressed records
form the initial context available to the agent,
while Ry denotes the complete upstream con-
text rendered from these seeds. The compressed
records serve as search anchors rather than as the
final evidence supplied to the answering model.

Given the query ¢, the seed IDs S, and
the conversational corpus C, the agent executes
AGENTSEARCH with a cap of at most B evidence-
access calls. It may use GREP(regex) for lexical
or pattern-based corpus search, READ(sid, k) for
inspecting raw dialogue around a provenance ID,
and VEC(query) for semantic search over the cor-
pus. The search terminates when the agent invokes
FINAL (sids) and submits a set of provenance IDs
F' for downstream answering.

If the agent fails to produce a valid final sub-
mission, or if the submitted set is empty, the pro-
cedure returns Ry unchanged. When the call cap
is reached before FINAL is emitted, the harness
requests a final submission without allowing fur-
ther corpus access. A missing, unparsable, or
empty forced submission is therefore handled by
the same identity fallback.

The submitted IDs are then validated against the
agent trajectory. Seed IDs may be retained directly
because their corresponding records were already
provided to the agent. In contrast, a non-seed ID is
accepted only if it belongs to V, the set of prove-
nance IDs observed through an evidence-access
operation during the current search trajectory. The
validated set is therefore

F+ (FNS)U((F\S)nV).

If validation removes every submitted ID, the
procedure again returns Ry. Otherwise, the vali-
dated set is capped at K items, and the provenance
of each retained ID is recorded.

For question categories included in the cali-
bration set W, the procedure then applies Evi-
dence Validation when unused evidence capacity
remains. Let

P=S\F

denote the upstream seed IDs omitted by the
agent. If d € W, |F| < K, and P # (),
an answer-blind COVERAGECHECK examines the
omitted seeds using only the query ¢, the question
date t,, and their associated corpus content. It re-
turns a set A of omitted seed IDs judged poten-
tially useful for answering the query. These IDs
are added to the curated set, subject to the same
overall cap:

F «+ CApP(FUAK).

Validation is strictly additive: it may restore
omitted upstream seeds but never removes evi-
dence retained by the agent. It is also restricted
to P, and therefore neither performs a new open-
ended corpus search nor introduces provenance
IDs outside the original seed set .S.

Finally, REBUILD(F,C) retrieves the raw dia-
logue spans associated with the resulting prove-
nance IDs and constructs the final evidence con-
text R. Thus, compressed records guide candidate
discovery and agentic selection, while the down-
stream answering model receives provenance-
linked raw corpus evidence.
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4 Experiments

4.1 Experimental Setup

Benchmarks. We evaluated GRACE-Mem on
LoCoMo (1,540 non-adversarial questions span-
ning single-hop, multi-hop, temporal, and open-
domain reasoning) (Maharana et al., 2024)
and LongMemEval-S (500 questions spanning
recall, preference, temporal reasoning, and
knowledge-update categories) (Wu et al., 2025).
Throughout this paper, LongMemEval refers to
LongMemEval-S unless otherwise specified. Each
run used the benchmark’s fixed question set and
per-question dialogue corpus. Dataset construc-
tion and splits are specified in Appendix B.

Models and implementation. Qwen3-
Embedding-0.6B produces dense representations,
and Qwen3-Reranker-0.6B performs graph and
compressed-record reranking. Main full-pipeline
results use GPT-OSS-20B, GPT-OSS-120B
and GPT-4o0-mini as answer backbones. Full
configuration details are provided in Appendix C.

Experimental protocol. Full-pipeline main re-
sults and component ablations rerun retrieval and
reranking from each benchmark’s dialogue corpus.
Agent-layer experiments instead reuse a saved re-
trieved context as a fixed retrieval input while re-
running the corpus agent over that context.This
setup isolates the effect of evidence curation from
variation in upstream retrieval and reranking.

Evaluation. We report answer accuracy as the
primary metric, using GPT-40-mini as the evalu-
ation judge. Comparisons within the same experi-
ment fix the questions, corpus, answer prompt, and
judge; results from systems using different back-
bones or evaluation harnesses are treated as con-
textual rather than paired comparisons.

4.2 Main Results

GRACE-Mem achieves 84.6, 86.9, and 85.3 on
LoCoMo with OSS-20B, OSS-120B and GPT-4o-
mini, respectively, and 77.6, 80.2, and 73.2 on
LongMemEval (Table 1). On LoCoMo, all three
GRACE-Mem configurations outperform the re-
ported memory-system baselines, with OSS-120B
reaching the strongest overall score. On Long-
MemEval, GRACE-Mem likewise improves sub-
stantially over the reported memory baselines. Be-
cause published systems differ in answer back-
bones, judges, and evaluation harnesses, these

Table 1: Overall LLM-as-Judge accuracy (%) on Lo-
CoMo and LongMemEval. Baselines are listed in
chronological order. Results for LangMem, A-MEM,
MemGPT, Mem0O, Zep and AMA are reported from
cited AMA. Results for Nemori are reported from (Ma
et al., 2026).

LoCoMo LongMemEval

Model / Baseline Overall Overall

Published memory systems (Backbone: GPT-40-mini)

RAG (Lewis et al., 2020) 30.2 374
MemGPT (Packer et al., 2023) 41.5 55.4
Zep (Rasmussen et al., 2025) 58.5 63.2
A-MEM (Xu et al., 2025) 52.5 53.8
MemO (Chhikara et al., 2025) 65.3 57.4
Nemori (Ma et al., 2026) 73.0 64.2
AMA (Huang et al., 2026) 77.4 69.8
LangMem (LangChain, 2026) 51.5 52.8
GRACE-Mem
0SS-20B 84.6 77.6
0SS-120B 86.9 80.2
GPT-40-mini 85.3 73.2

cross-system results are interpreted as contextual
comparisons; the controlled analyses in the follow-
ing sections are used to isolate the contributions
of individual GRACE-Mem components. No-
tably, the subsequent gold-evidence analysis (Ap-
pendix A.2) shows that GRACE-Mem already ap-
proaches the empirical gold-evidence performance
observed on LoCoMo,suggesting that its strong
performance is accompanied by relatively little re-
maining retrieval-side headroom. Complete per-
category benchmark results are reported in Ap-
pendix A.

4.3 Effect of the Agent Curation of Evidence

The effects of the agentic evidence layer vary
across answer backbones and benchmarks (Ta-
ble 2). On LongMemEval, filter-fetch improves
all three models, and evidence validation provides
further gains. The largest improvement occurs for
0OSS-120B, which increases from 76.0 to 80.2, fol-
lowed by OSS-20B from 76.2 to 77.6. LoCoMo
shows a more mixed pattern. Evidence validation
improves OSS-20B from 84.0 to 84.6 and GPT-
40-mini from 84.2 to 85.3. For OSS-120B, how-
ever, the 87.3 baseline remains stronger than both
evidence-layer variants, suggesting that filtering
can remove useful context when the original re-
trieval already provides sufficient evidence. Over-
all, evidence validation is more reliable than filter-
fetch alone, but its benefit remains model- and
benchmark-dependent. Full results for all answer
backbones are reported in Appendix A.3.
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Table 2: Accuracy (%) of the main evidence-layer configurations.

LongMemEval LoCoMo
Configuration 0SS-20B  OSS-120B  GPT-40-mini OSS-20B  OSS-120B  GPT-40-mini
Baseline 76.2 76.0 69.2 84.0 87.3 84.2
filter-fetch 77.2 79.0 71.8 82.3 86.1 83.6
filter-fetch 4 evidence validation 77.6 80.2 73.2 84.6 86.9 85.3

4.4 Targeted Component Ablations

All ablations are conducted on the retrieval
pipeline alone. Removing graph retrieval re-
duces accuracy by 17.6 points on LoCoMo and
8.3 points on LongMemEval, confirming its im-
portance for connected evidence discovery. Re-
moving direct compressed-record retrieval causes
smaller but consistent drops of 3.8 and 6.5 points,
showing that it complements graph retrieval by re-
covering candidates missed by the structured path.
Using compressed records as final evidence fur-
ther reduces performance by 7.8 and 6.2 points,
indicating that compressed representations are use-
ful for retrieval but cannot fully replace source di-
alogue at answer time.

On LoCoMo, removing graph retrieval reduces
multi-hop accuracy from 81.6 to 57.4 and tempo-
ral accuracy from 74.5 to 48.3, suggesting that
graph structure is especially important when ev-
idence must be connected across turns or events.
Using compressed records alone also lowers tem-
poral accuracy to 50.6 on LoCoMo and 59.8 on
LongMemEval. Meanwhile, removing direct re-
trieval reduces LongMemEval knowledge-update
accuracy from 71.8 to 57.7, indicating that di-
rect retrieval provides an important recovery path
when graph construction does not capture all rele-
vant evidence.

Overall, these results support the role-separated
design of GRACE-Mem: graph retrieval provides
structured candidate discovery, direct retrieval im-
proves evidence coverage, and the original dia-
logue preserves the source-level details required
for accurate answering.

5 Discussion

Our results suggest that retrieval representations
and answer evidence should be treated as distinct
components. Graph structure, entity-relation infor-
mation, and compressed dialogue records are use-
ful for discovering and linking candidate evidence,
but replacing provenance-linked source dialogue
with compressed representations leads to substan-

tial performance degradation on both benchmarks.
This indicates that structured memory is better
used as an index to the original dialogue rather
than as a substitute for source evidence.

The post-retrieval agent is better viewed as
a corrective mechanism than as a mandatory
stage. On LongMemEval, it helps recover evi-
dence missed by graph retrieval, whereas on Lo-
CoMo, additional filtering can remove useful con-
text when the initial retrieval is already sufficient.
The gold-evidence analysis shows a similar pat-
tern: LoCoMo is close to retrieval saturation,
while LongMemEval retains a larger evidence gap.
These results suggest that agentic curation should
be applied adaptively according to retrieval suffi-
ciency, query complexity, and the capability of the
downstream answer model.

More broadly, our findings highlight the distinc-
tion between evidence acquisition and evidence
utilization. When the required evidence is al-
ready present, retrieving additional context does
not necessarily improve final accuracy; residual
errors may instead arise from temporal reasoning,
cross-turn aggregation, or conflict resolution. Con-
versely, substantial gaps from gold evidence in-
dicate remaining retrieval-side headroom. Long-
term memory systems should therefore be evalu-
ated not only by end-to-end accuracy, but also with
evidence-level diagnostics that distinguish failures
caused by missing evidence from those caused by
ineffective use of available evidence.

6 Conclusion

GRACE-Mem treats traceable dialogue evidence
as the memory primitive and uses a hybrid graph
retriever plus a corpus agent to deliver it. The key
empirical question is not whether more memory
is retrieved, but whether the right evidence sur-
vives ranking, graph expansion, and tool-mediated
context construction. The required ablation ma-
trix makes those stages independently testable. On
both benchmarks it stays competitive while keep-
ing answers traceable to source turns.
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Limitations

GRACE-Mem leaves several directions for further
improvement. First, the effectiveness of evidence
curation varies across answer models and bench-
marks. When the initial retrieval already provides
sufficient evidence, additional filtering or valida-
tion may remove useful context and slightly re-
duce accuracy. This suggests that a fixed agen-
tic procedure is not optimal for every query. Fu-
ture work could therefore develop adaptive poli-
cies that determine whether corpus search, filter-
ing, or evidence validation is needed based on re-
trieval confidence, evidence sufficiency, and down-
stream model behavior.

Second, the current ADD/UPDATE mechanism
does not explicitly preserve temporal versions
of changing information. Extending the mem-
ory graph with temporally scoped facts and rela-
tions could better distinguish historical from cur-
rent states and improve knowledge-update and
temporal-reasoning queries.

Finally, GRACE-Mem currently applies the
same retrieval and curation policy across queries.
Dynamically adjusting retrieval depth, graph ex-
pansion, and corpus inspection according to query
complexity and retrieval uncertainty could im-
prove coverage for sparse or multi-hop questions
while preserving sufficient context for simpler
cases.
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A Extended Experimental Analysis

A.1 Per-Category Main Results

Table 3 shows that OSS-120B achieves the
strongest overall LoCoMo result and leads the
other GRACE-Mem answer backbones across all
reported categories. The gains are nevertheless un-
even, with larger differences on Multi-Hop, Tem-
poral, and Open Domain questions than on Single-
Hop questions. This suggests that the same re-
trieved evidence can support different levels of
downstream reasoning depending on the answer
backbone, rather than model scaling acting as a
uniform improvement.

Table 4 shows a more model-dependent pat-
tern on LongMemEval. OSS-120B performs best
overall and leads on preference, assistant-history,
temporal-reasoning, and knowledge-update ques-
tions, whereas OSS-20B remains stronger on
multi-session questions. GPT-4o0-mini is compet-
itive on single-session user and assistant-history
questions but weaker on categories requiring evi-
dence integration or state updates. These results
reinforce that the effect of the answer backbone is
category-specific rather than uniformly positive.

A.2 Gold-Evidence Analysis across

Benchmarks

We further examine the remaining performance
headroom when the answer model is provided
with benchmark-specific gold evidence instead of

evidence retrieved by GRACE-Mem. Rather than
treating this setting as a strict upper bound, we
use it as an empirical reference for assessing
how closely the retrieved context approaches an
evidence-sufficient condition and for distinguish-
ing limitations in evidence acquisition from those
that remain after relevant evidence has already
been supplied.

The two benchmarks require different gold-
context constructions. LoCoMo annotations iden-
tify individual dialogue turns, which may omit
nearby context needed to resolve pronouns, rel-
ative temporal expressions, or references to sur-
rounding events. Using only the annotated turns
produced 169 additional errors relative to GRACE-
Mem, of which 73% were Unknown. We therefore
augment each annotated evidence turn with up to
two preceding and two following turns. This con-
text expansion improves accuracy by 3.1, 3.2, and
2.6 percentage points for OSS-20B, OSS-120B,
and GPT-40-mini, respectively, allowing the ex-
panded gold-evidence setting to outperform the
corresponding unexpanded gold-evidence base-
line. LongMemEval, in contrast, provides the
complete conversation sessions containing the an-
notated evidence, so we use the official Oracle
context without further expansion. These settings
should therefore be interpreted as benchmark-
specific gold-evidence conditions rather than di-
rectly comparable Oracle contexts.

Table 5 compares GRACE-Mem with these
gold-evidence settings. We define

Agold = Accgold — ACCGRACE-Mem-  (15)

On LoCoMo, gold evidence does not consis-
tently improve performance over GRACE-Mem.
0OSS-20B and OSS-120B score 4.0 and 4.4 points
lower with gold evidence, respectively, while GPT-
4o0-mini gains 0.2 points. This suggests that the
expanded gold-turn context is not a strict upper
bound for every answer model: additional anno-
tated context may introduce redundancy or alter
how evidence is interpreted. Overall, GRACE-
Mem already performs competitively with the
benchmark-specific gold-evidence setting, and the
remaining errors cannot be attributed to retrieval
alone.

LongMemEval exhibits a different pattern. Re-
placing the retrieved context with the official Or-
acle context improves accuracy by 5.7 points
for OSS-20B, 10.4 points for OSS-120B, and
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Table 3: LoCoMo per-category accuracy (%) against memory-system baselines.

Model / Baseline Overall Single-hop Multi-hop Temporal Open Domain
Published memory systems
RAG 30.2 32.0 31.3 23.7 32.6
MemGPT 41.5 47.9 22.9 38.8 50.0
Zep 58.5 63.2 50.5 58.9 39.6
A-MEM 52.5 58.2 43.6 54.2 22.9
Mem0 65.3 67.7 62.4 66.0 50.0
Nemori 73.0 81.9 61.7 67.6 45.8
AMA 77.4 84.9 68.1 74.8 479
LangMem 51.5 61.6 52.6 25.0 47.7
GRACE-Mem
0SS-20B 84.6 88.4 84.0 77.3 63.5
0OSS-120B 86.9 92.3 86.2 79.8 68.8
GPT-40-mini 85.3 91.8 84.4 71.3 64.6

Table 4: LongMemEval per-category accuracy (%) against memory-system baselines.

Model / Baseline Overall single-session- multi-session single-session- smgle:sessmn- tempor:al- knowledge-
user preference assistant reasoning update
Published memory systems
RAG 374 68.6 254 333 71.4 28.0 38.5
MemGPT 554 814 54.9 20.0 85.7 45.1 41.0
Zep 63.2 92.9 47.4 533 75.0 54.1 74.4
A-MEM 53.8 75.0 45.1 36.7 80.4 39.8 60.2
MemO 57.4 85.7 48.1 333 87.5 39.9 65.4
Nemori 64.2 88.6 51.1 46.7 83.9 61.7 61.5
AMA 69.8 98.6 62.4 46.7 96.4 444 89.7
LangMem 52.8 75.0 42.4 26.7 1.7 353 57.8
GRACE-Mem
0SS-20B 77.6 88.6 68.4 73.3 94.6 80.3 65.4
0SS-120B 80.2 98.4 66.9 79.2 96.0 82.2 81.9
GPT-40-mini 73.2 97.1 58.5 51.7 94.2 72.8 73.1

4.8 points for GPT-40-mini. The substantially
larger gaps indicate that evidence acquisition and
selection remain important bottlenecks on this
benchmark, particularly for OSS-120B. In other
words, LongMemEval retains considerably more
retrieval-side headroom than LoCoMo.

Taken together, these results reveal different
performance regimes across the two benchmarks.
GRACE-Mem approaches an evidence-sufficient
regime on LoCoMo, where retrieval is nearing sat-
uration and downstream evidence utilization be-
comes an increasingly important source of resid-
ual error. LongMemEval, by contrast, still of-
fers substantial opportunity to improve which ev-
idence is recovered and delivered to the answer
model. Because gold annotations may be incom-
plete and the two benchmarks require different
context-construction procedures, these differences

should be interpreted as empirical gold-evidence
gaps rather than a strict decomposition of retrieval
and answering errors.

A.3 Full Agentic Evidence-Layer Results

Table 6 reports the complete results across all five
answer backbones, and Figures 3 and 4 visual-
ize the three primary backbones (OSS-20B, OSS-
120B, GPT-40-mini) on LongMemEval and Lo-
CoMo, respectively. The broader comparison con-
firms that evidence validation is generally more
reliable than filter-fetch alone, but the magnitude
of the gain varies by model and benchmark. On
LongMemEval, every primary backbone improves
monotonically from Baseline to filter-fetch to evi-
dence validation (Figure 3), whereas on LoCoMo
the OSS-120B baseline remains the strongest con-
figuration (Figure 4). Among the additional back-
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Table 5: GRACE-Mem versus benchmark-specific gold-evidence answering.

Benchmark Answer model GRACE-Mem  Gold evidence  Agoia
LoCoMo 0SS-20B 84.6 80.6 —4.0
LoCoMo 0OSS-120B 86.9 82.5 —4.4
LoCoMo GPT-40-mini 85.3 85.5 +0.2
LongMemEval  OSS-20B 77.6 83.3 +5.7
LongMemEval OSS-120B 80.2 90.6 +104
LongMemEval ~ GPT-40-mini 73.2 78.0 +4.8

Baseline M filter-fetch

Il filter-fetch + evidence validation

~ ~ [} [e0)
o (6] o 6]
I I I I

LongMemEval Accuracy (%)
[@)]
w

[e)])
o
L

0SS-20B

0SS-120B

80.2

GPT-40-mini

Figure 3: LongMemEval accuracy of the three primary answer backbones (OSS-20B, OSS-120B, GPT-40-mini)
under the three evidence-layer configurations (Baseline, filter-fetch, and filter-fetch + evidence validation). Every
backbone improves monotonically as the agent stages are added, with the largest gain on OSS-120B (76.0 — 80.2).

bones, Qwen-4B benefits little from validation,
whereas Qwen-27B shows larger improvements,
especially on LongMemEval and LoCoMo.

B Benchmark Details

LoCoMo. Each conversation spans ~600 dia-
logue turns averaging ~ 16,000 tokens. The Adver-
sarial category is excluded (ground-truth answers
unavailable).

LongMemEval. Each question is paired with
~40 history sessions totaling ~115,000 tokens.
The benchmark evaluates information extrac-
tion, multi-session reasoning, temporal reasoning,
knowledge updates, and abstention.

C Reproducibility Details

This appendix summarizes the implementation
contracts, system settings, and reproduction pro-
cedure. Complete prompt templates are provided
separately in Appendix G.

C.1 Temporal Normalization and Evidence
Contract

Before entity and relation extraction, relative tem-
poral expressions are resolved against the dialogue
timestamp. The normalized input may contain
temporal markers such as [DATE: ...], [TIME:
...J,and [TIMESPAN: ...]. Their payloads are
preserved throughout downstream processing and
are not recomputed or rewritten.

Each ingestion unit retains the following prove-
nance mapping:

summary_id = session_id | message_id

evidencel[i].summary_id = summary_id

evidence[i].span = sentence span in the
rewritten raw dialogue

The provenance anchor is generated outside the
LLM and therefore remains a storage-layer invari-
ant rather than a value inferred from generated
text.

After parsing and validation, model outputs are
converted into the normalized records listed in Ta-
ble 7, which separates retrieval-oriented records
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Figure 4: LoCoMo accuracy of the same three primary answer backbones under the same evidence-layer configura-
tions. In contrast to LongMemEval, the OSS-120B baseline (87.3) remains the strongest configuration, indicating
that filtering can remove useful context when the original retrieval already provides sufficient evidence.

Table 6: Full accuracy results for agentic evidence-layer configurations.

LongMemEval LoCoMo
Configuration 0SS-20B 0SS-120B Qwen-4B Qwen-27B GPT-40-mini OSS-20B OSS-120B Qwen-4B Qwen-27B GPT-40-mini
Baseline 76.2 76.0 73.6 80.6 69.2 84.0 87.3 84.2 84.2 84.2
filter-fetch 77.2 79.0 74.2 81.6 71.8 823 86.1 80.3 85.7 83.6
filter-fetch + evidence validation ~ 77.6 80.2 73.5 81.8 73.2 84.6 86.9 83.5 86.8 85.3

Table 7: Normalized memory records and their author-
itative evidence.

Record Required fields

Entity id, name, type, desc, keyword,
summary_id

Relation src_name, src_type, target_name,
target_type, desc, keyword,
summary_id

Evidence session/message anchor and raw sen-

tence span as defined by the prove-
nance mapping above, plus turn meta-
data

from final answer evidence. Entity and rela-
tion records help locate information, while evi-
dence records retain raw dialogue spans and prove-
nance anchors so that the delivered context re-
mains grounded in the original conversation.

C.2 Execution Stages and Invariants

The system performs temporal normalization, en-
tity extraction, relation extraction, entity recon-
ciliation, hybrid retrieval, graph expansion, evi-
dence filtering, and answer generation. Table 8 de-
fines this pipeline as a sequence of stages with ex-
plicit inputs, outputs, and constraints. These con-
tracts preserve provenance, bound graph expan-

sion, and fall back to the upstream context when
evidence curation fails, making the evidence path
inspectable.

C.3 Default Settings

Table 9 summarizes the main experimental config-
uration used for all reported results unless stated
otherwise.

Frozen retrieval artifacts for Qwen evalua-
tions. Qwen is used only as the answer model.
The Qwen evaluations reuse frozen, benchmark-
specific GRACE-Mem retrieval artifacts and do
not re-ingest the corpus or rebuild the memory
graph.

C.4 Reproduction Procedure

To reproduce the experiments, fix the dataset split
and the per-question corpus, and ingest each ses-
sion using the same temporal reference time. Then
persist the graph and vector artifacts, run hybrid
retrieval and reranking, enable the agent filter
with the reported configuration, and generate an-
swers using the benchmark-specific prompt in Ap-
pendix G.
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Table 8: Execution stages, inputs, outputs, and invariants.

Stage Input Output Invariant

Normalize raw dialogue, reference time marked temporal spans marker payload un-
changed

Extract normalized turns evidence, entities, relations entities precede rela-
tions

Resolve new records, graph candidates Add/Update decisions endpoints belong to
entity set; UPDATE
targets are valid
graph candidates

Retrieve query, graph, indexes top- K compressed-record seed IDs provenance IDs re-
tained

Expand seeds, weighted graph SA-RAG activation subgraph hop limit respected

Filter compressed-record seeds, raw  final raw evidence IDs identity fallback on

corpus, agent tools failure

Answer question, evidence context English answer no unsupported final

claim

Table 9: Default system configuration.

Setting Value

Record compression LLMLingua-2, 60%

Embedding model Qwen3-Embedding-0.6B
Graph database FalkorDB

Retrieval BM25+entity+relation, un
Activation hops h 2

Activation edge cutoff ¢ 0.4

Activation threshold 7, 0.5

Compressed-record rerank pool  top-16

Reranker Qwen3-Reranker-0.6B

Retrieved seed cap K 16 provenance IDs

Agent tool-call budget B 10 calls
Agent output cap 16 provenance IDs
Pair inclusion enabled

Fallback complete seed context

ion

Each experiment should report the answer
model, agent model, judge model, retrieval unit,
and agent mode, as these settings materially affect
both answer accuracy and evidence retrieval per-
formance.

D Reranking Instructions

Reranking scores each candidate using the differ-
ence between the yes and no logits or log proba-
bilities. Two instructions are defined, one for en-
tity candidates and one for relationship candidates.
Compressed-record reranking reuses the entity in-
struction.

SYSTEM:
Judge whether the Document meets the requirements based
on the Query and the Instruct provided. Note

"

that the answer can only be "yes” or "no

USER:
<Instruct>: {instruction}

<Query>: {query}
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<Document>: {document}

You are reranking candidate entities for long-term
memory question answering. Judge whether the
candidate entity is useful for retrieving
evidence needed to answer the query. A relevant
entity does not need to contain the final answer
directly, but it should help locate, connect, or
justify the answer-bearing memory.

First infer the query's retrieval need (temporal,
preference, multi-hop, or knowledge-update). Then

apply the matching rule below:

- Temporal: prefer entities that represent dates, time
ranges, recency, event chronology, or before/
after order relevant to the query.

- Preference: prefer entities about stable likes,
dislikes, favorites, habits, goals, choices,
constraints, or personal attributes.

- Multi-hop: prefer bridge entities that connect the
query subject to the answer, even if the entity
does not directly state the final answer.

- Knowledge-update: prefer entities pointing to newer
corrected, or currently valid memories; penalize
stale entities when the query asks for the latest

or updated fact.

Mark as relevant only if the entity can help retrieve
or justify the answer. Mark as not relevant if it
is only broadly related to the topic, shares a
keyword, or is a generic background concept with
no direct link to the evidence.

Example -- Query: "When did Audrey make muffins for

herself?”
Relevant: "Week of April 3, 2023" -- anchors the answer
time.
Not relevant: "Pastries” -- generic topic entity with
no direct link to the muffin-making event or its
date.

You are reranking candidate relationships for long-term

memory question answering. Judge whether the
candidate relationship expresses a fact, event,
temporal link, preference, update, or bridge
connection useful for answering the query. A
relevant relationship may directly state the
answer or provide a necessary reasoning step
toward it.



First infer the query's retrieval need (temporal,
preference, multi-hop, or knowledge-update). Then

apply the matching rule below:

- Temporal: prefer relationships that state when
something happened, link an event to a date,
describe before/after order, recency, duration,
or event chronology.

- Preference: prefer relationships that state likes,
dislikes, favorites, habits, goals, choices,
constraints, or stable personal tendencies.

- Multi-hop: prefer relationships that connect two
useful entities in the reasoning chain (subject-
event, event-date, person-preference, or bridge
relations).

- Knowledge-update: prefer relationships that indicate
newer, corrected, replaced, or currently valid
information; penalize stale or superseded facts
when the query asks for the latest state.

Mark as relevant only if the relationship helps answer,
retrieve evidence for, or justify the answer
Mark as not relevant if it only shares broad
topic words or expresses a generic association
that does not narrow down the answer.

Example -- Query: "When did Audrey make muffins for

herself?”
Relevant: a relationship linking the muffin/pastry
event to "Week of April 3, 2023" -- supports the

temporal answer.

Not relevant: a relationship about pastries in general
with no connection to the specific event or its
date.

Instruction-free control prompt. An -earlier
version of the reranker scored every candidate
with a single generic template that asked only
whether the document was useful, without a task
instruction and without distinguishing candidate

types:

Query: {query}
Document: {document}

Question: Is the document useful to answer the query?
Answer "Yes" or "No".

From a generic scorer to a memory-evidence
scorer. The instruction-free control template
leaves useful undefined for long-term memory
question answering over a knowledge graph, so
the reranker tends to conflate topic-level related-
ness with answer-bearing relevance: a candidate
that merely shares a person, an event, or a keyword
with the query can still score highly even when
it cannot support the answer. The instruction-
conditioned prompt restores that format and adds
a task instruction, split by candidate type, that
first infers the query’s retrieval need (temporal,
preference, multi-hop, or knowledge update) and
then prefers candidates pointing to the target per-
son, event, time, preference, attribute, or multi-
hop bridge relation over candidates that only share
broad topic words. The design intent is to steer the

Table 10: Generic reranking control prompt vs.
instruction-conditioned reranking prompt on Long-
MemEval. The instruction-conditioned prompt nearly
doubles gold-evidence coverage (recall) and lifts over-
all accuracy.

Metric / Category Generic  Instruction A
Retrieval vs. gold evidence

Gold coverage (recall) 34.5 63.4 +28.9
All-gold-hit rate 35.3 59.9 +24.6
Answer accuracy

Overall 70.7 73.7 +3.0

reranker toward answer-bearing evidence rather
than topically related distractors; as the measure-
ments below show, its dominant measured effect
is a large gain in gold-evidence coverage.

Retrieval and end-to-end effect. Table 10 com-
pares a run using the generic reranking con-
trol prompt with one using the instruction-
conditioned prompt on LongMemEval, reporting
gold-evidence coverage and downstream answer
accuracy. The instruction-conditioned prompt
substantially improves retrieval coverage: gold-
evidence recall rises from 34.5% to 63.4%, an
increase of 28.9 points. This improvement also
leads to better end-to-end performance, with over-
all answer accuracy increasing by 3.0 points, from
70.7% to 73.7%. These results indicate that the
instruction-conditioned prompt improves down-
stream accuracy primarily by recovering a larger
fraction of the answer-bearing evidence. The num-
bers reflect this controlled comparison and are not
the headline system configuration reported in the
main results tables.

E Component Ablation Results

We conduct component ablations on the retrieval
pipeline before the agentic evidence-curation layer.
The reference configuration retains all graph-
retrieval, memory-representation, reranking, and
temporal-processing components, but excludes
both the Evidence Curation Agent and Evidence
Validation. We refer to this configuration as the
full retrieval pipeline. Complete category-level re-
sults are reported in Section E.4.

E.1 Graph-Structured Retrieval

This group evaluates the contribution of the graph
retrieval channel and its main internal components.
In the full retrieval pipeline, GRACE-Mem re-
trieves entity and relation candidates using dense
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ALL reranker score distribution

Entity score distribution

Figure 5: Reranker score distribution under the Generic
reranking control prompt, shown separately for entity
candidates (top) and relationship candidates (bottom).
The dashed line marks the mean. Scores collapse into
a narrow unimodal band spanning roughly two score
units, leaving little margin between retained and dis-
carded candidates.

and lexical signals, expands the retrieved entities
through spreading activation, constructs a graph
candidate set, and reranks its entities and rela-
tions before collecting their linked compressed
records. These graph-linked records are subse-
quently merged with records obtained through di-
rect dense retrieval.

We construct four ablation variants to isolate
the role of each stage. No graph retrieval re-
moves the entire graph channel, including entity
and relation retrieval, spreading activation, graph
candidate construction, and graph-element rerank-
ing, leaving only direct dense retrieval over the
compressed-record index. No lexical entity re-
trieval disables the BM25-based entity retrieval
branch while retaining dense entity retrieval and
the remaining graph pipeline, testing whether ex-
act lexical matching provides information beyond
semantic similarity. No spreading activation re-
tains the initially retrieved graph candidates but
disables propagation-based multi-hop expansion,
isolating the contribution of graph connectivity to
recovering indirectly related evidence. No graph-
level reranking removes the graph-level entity
and relation reranker before compressed-record
candidate construction, testing whether the ini-
tially retrieved and expanded graph candidates re-
quire an additional relevance-selection stage.

ALL reranker score distribution

Entity score distribution

Figure 6: Reranker score distribution under the
instruction-conditioned prompt, for the same query
batch and the same candidate types as Figure 5, and
plotted on the same vertical scale. The score range
widens by roughly an order of magnitude (to about
+10), giving a much larger margin between rejected
and endorsed candidates.

Table 11: Graph-structured retrieval ablations on Lo-
CoMo and LongMemEval with OSS-20B.

Configuration LoCoMo LongMemEval
Full retrieval pipeline 84.0 76.2

No graph retrieval 66.4 (—17.6) 67.9 (—8.3)
No lexical entity retrieval 80.2 (—3.8) 72.2(—4.0)
No spreading activation 81.2(—2.8) 73.0 (—3.2)
No graph-level reranking 81.1(—2.9) 71.3(—4.8)

Among the graph-side ablations, removing the
entire graph channel produces the largest overall
degradation on both benchmarks, reducing OSS-
20B accuracy by 8.3 points on LongMemEval and
17.6 points on LoCoMo. The larger LoCoMo drop
is most visible in multi-hop and temporal ques-
tions, whose accuracy falls from 81.6 to 57.4 and
from 74.5 to 48.3, respectively. Removing lexi-
cal entity retrieval, spreading activation, or graph-
element reranking also lowers accuracy on both
benchmarks, with drops ranging from 2.8 to 4.8
points.

E.2 Memory and Evidence Representation

This group examines how memory units are con-
structed, how candidate records are retrieved, and
which representation is ultimately delivered to the
answer model. The full retrieval pipeline uses role-
separated dialogue units during memory construc-
tion, combines graph-linked candidates with direct
dense retrieval over the compressed-record index,
and reconstructs the final answering context from
provenance-linked raw dialogue spans.

We construct three ablation variants to isolate
these design choices. Unsplit turn-pair units re-
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places the role-separated dialogue units used by
the full pipeline with a single combined unit con-
taining both sides of each turn pair. This vari-
ant tests whether separating speaker-specific con-
tent into finer-grained memory units improves re-
trieval precision and reduces interference from un-
related information within the paired turn. Be-
cause this unit construction was evaluated only for
LongMemEval, no corresponding LoCoMo result
is reported.

No direct compressed-record retrieval
removes the dense retrieval path over the
compressed-record vector index while retaining
graph-based retrieval and the compressed records
linked to the selected graph candidates. This
variant tests whether direct record-level retrieval
complements graph construction by recovering
relevant dialogue units that are omitted because of
imperfect entity extraction, relation extraction, or
graph connectivity.

Compressed records only retains the complete
retrieval and reranking pipeline but supplies the se-
lected compressed records directly to the answer
model instead of reconstructing the final context
from their provenance-linked raw dialogue spans.
This variant isolates the contribution of source-
level dialogue evidence and tests whether com-
pressed representations alone preserve the speaker,
temporal, and contextual details required for an-
swering.

Table 12: Memory and evidence representation abla-
tions on LoCoMo and LongMemEval with OSS-20B.

Configuration LoCoMo LongMemEval
Full retrieval pipeline 84.0 76.2
Unsplit turn-pair units - 69.5 (—6.7)
No direct compressed-record retrieval ~ 80.2 (—3.8) 69.7 (—6.5)
Compressed records only 76.2 (—17.8) 70.0 (—6.2)

On LongMemEval, replacing role-separated ev-
idence units with unsplit turn pairs reduces accu-
racy by 6.7 points, indicating that finer-grained evi-
dence units support more effective retrieval. We re-
port this ablation only on LongMemEval because
LoCoMo uses dialogue-turn units rather than the
role-separated units used in LongMemEval, mak-
ing the same comparison not directly compara-
ble. Direct compressed-record retrieval also con-
tributes across both benchmarks: removing this
path lowers accuracy by 6.5 points on Long-
MemEval and 3.8 points on LoCoMo. Restrict-
ing the final context to compressed records causes
the largest degradation in this group, reducing ac-

curacy by 6.2 points on LongMemEval and 7.8
points on LoCoMo.

As shown in Table 14 and 15, the decline is
particularly pronounced for LongMemEval tem-
poral questions and for LoCoMo multi-hop ques-
tions. These results show that compressed-record
retrieval is useful for candidate discovery, but
compressed-only context does not preserve suffi-
cient detail for temporal and multi-hop reasoning.

E.3 Retrieval and Temporal Design Choices

This group evaluates three design choices within
the retrieval pipeline: query-side keyword ex-
traction, temporal normalization of dialogue con-
tent, and compressed-record reranking. The main
graph retrieval and evidence representation archi-
tecture is retained in all variants.

We construct three ablation variants to isolate
the contribution of each component. No keyword
extraction disables query-side keyword genera-
tion. Entity retrieval therefore relies on the com-
plete query embedding without keyword-based
lexical entity matching, while relation retrieval no
longer receives the fine-grained keyword embed-
dings used to identify relation-specific cues. This
variant tests whether extracted keywords provide
retrieval signals that are complementary to the full-
query representation.

No temporal normalization disables the nor-
malization of relative temporal expressions in di-
alogue records while leaving the remaining inges-
tion and retrieval pipeline unchanged. Expressions
such as “yesterday,” “last month,” or “two weeks
ago” are therefore retained in their original form
rather than being grounded to the corresponding
dialogue date. This variant tests whether tempo-
rally normalized memory representations improve
the retrieval and interpretation of time-sensitive ev-
idence across sessions.

No compressed-record reranking removes the
final reranking stage over the merged pool of
graph-linked and directly retrieved compressed
records. Instead, the candidate records produced
by the preceding retrieval stages are passed for-
ward without query-conditioned record-level se-
lection. This variant tests whether reranking is
necessary to prioritize answer-relevant records and
remove candidates that are structurally or semanti-
cally related to the query but insufficient for an-
swering it.
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Table 13: Retrieval and temporal design ablations on
LoCoMo and LongMemEval with OSS-20B.

Configuration LoCoMo LongMemEval
Full retrieval pipeline 84.0 76.2

No keyword extraction 79.9 (—4.1) 73.0 (—3.2)
No temporal rewriting 81.0 (—3.0) 75.4(—0.8)
No compressed-record reranking ~ 79.3 (—4.7) 74.2 (—2.0)

Keyword extraction and compressed-record
reranking contribute consistently across both
benchmarks. Removing keyword extraction re-
duces accuracy by 4.1 points on LoCoMo and
3.2 points on LongMemEval, while removing
compressed-record reranking causes drops of 4.7
and 2.0 points, respectively.

E.4 Joint Interpretation

Tables 14 and 15 report the complete category-
level ablation results. For LongMemEval, User
denotes single-session user, Multi-sess. denotes
multi-session reasoning, Pref. denotes single-
session preference, Assistant denotes single-
session assistant, Temporal denotes temporal rea-
soning, and KU denotes knowledge update.

Across the three ablation groups, graph re-
trieval, direct compressed-record retrieval, and
provenance-linked evidence provide complemen-
tary rather than interchangeable functions. The
graph path connects related entities and events, di-
rect compressed-record retrieval recovers content
outside the selected graph seeds, and fine-grained
evidence supplies traceable source material to the
answer model.

The category-level results also reveal non-
monotone effects. Some component removals im-
prove individual categories despite reducing over-
all accuracy. For example, removing temporal
rewriting increases LongMemEval preference ac-
curacy from 60.0 to 73.3, while removing spread-
ing activation increases multi-session accuracy
from 61.7 to 63.9. We therefore interpret the abla-
tions as evidence of complementary overall contri-
butions rather than uniform improvements across
every category.

F LLM-as-Judge Evaluation Protocol

All newly generated GRACE-Mem results and
controlled ablations in this paper are evaluated by
an LLM judge (GPT-40-mini, temperature 0) that
compares the model answer to the gold answer
and returns a binary CORRECT/WRONG label. This
appendix documents the two components of that

protocol: the single-pass judge and an abstention-
specific rubric.

Single-pass judge. For a normal question, the
judge receives the question, the gold answer,
and the generated answer under a semantic-
equivalence rubric: an answer is CORRECT if it
refers to the same fact or entity as the gold an-
swer, regardless of surface form. Time questions
are evaluated by the same semantic-equivalence
criterion—a relative phrasing (“last Tuesday”) or a
reformatted date (“May 7th” vs. “7 May”) counts
as correct if it denotes the same date. To re-
duce spurious mismatches on relative-date gold an-
swers, relative temporal expressions in the gold an-
swer (e.g. “the week before 25 May 20237, “the
Sunday before X”, or “a few days before X) are
deterministically expanded to an absolute date or
interval and passed to the judge as a normaliza-
tion hint before grading. The judge emits a one-
sentence rationale followed by the label in JSON.
Each question is graded once.

LongMemEval abstention (_abs) questions.
For LongMemEval only, a subset of questions
is unanswerable: the asked-about fact was never
stated, so the only correct behavior is to abstain
(the gold answer is a phrase such as “the infor-
mation provided is not enough” / “did not men-
tion”, or a count of 0). The generic rubric—
which only asks “does the response contain the
gold answer’—systematically mislabels clean ab-
stentions as wrong, so these questions are routed
to a dedicated rubric. Membership is taken author-
itatively from the dataset’s _abs tag when avail-
able, and otherwise inferred from abstention mark-
ers in the gold text. Under the abstention rubric the
judge sets CORRECT when the response cleanly de-
clines (states it has no record / insufficient informa-
tion, or answers “0”/“none” when the event never
happened), and WRONG when the response fabri-
cates any concrete number, date, duration, name,
or ordering—including the common failure of be-
ing led by a similar-but-different distractor men-
tioned earlier and answering about that instead.
Non-abstention questions continue to use the un-
changed default rubric.

G Prompt Templates

This appendix presents the core prompt templates
used in the reported experiments. We include
the behavioral contracts and output formats that
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Table 14: Category-level component ablations on LongMemEval with OSS-20B.

Configuration Overall User Multi-sess. Pref. Assistant Temporal KU
Full retrieval pipeline 76.2 88.6 61.7 60.0 85.7 864 71.8
Graph-Structured Retrieval
No graph retrieval 679 88.6 57.1 633 87.5 59.1 57.1
No lexical entity retrieval 722 91.2 61.4 66.7 91.1 727 61.5
No spreading activation 73.0 90.0 63.9 66.7 91.1 712 65.4
No graph-level reranking 713  90.0 58.6  63.3 89.3 72.0 65.4
Memory and Evidence Representation
Unsplit turn-pair units 69.5 87.1 63.2 60.0 89.3 652 61.5
No direct compressed-record retrieval 69.7 87.1 564 70.0 89.3 7277 57.7
Compressed records only 70.0 89.5 60.9 60.0 89.3 59.8 78.2
Retrieval and Temporal Design Choices
No keyword extraction 73.0 90.0 63.2 66.7 91.1 73.5 62.8
No temporal rewriting 754 943 62.4 733 87.5 76.5 70.5
No compressed-record reranking 742 88.6 62.4 80.0 91.1 75.0 654

materially affect the system. Complete verbatim
prompts, additional few-shot examples, inactive
variants, and implementation wrappers are pro-
vided in the accompanying code repository.

G.1 Entity Extraction Prompt

Entity extraction operates on temporally normal-
ized raw dialogue; the normalization is determin-
istic and does not use an additional LLM prompt.

GOAL :
Given the conversation, identify all core entities for
knowledge-graph construction.

REFERENCE TIME:
{dialogue_datetime}

RULES:

- Output entities only.

Use English for all outputs.

entity_type must be one of: Person, Event, Date, Time,

Timespan, Location, Organization, Product,

Service, Activity, Topic, Concept.

Each entity must have a concise and factual
description.

Create Event entities for important actions, plans,
decisions, changes, milestones, and incidents.

Marker tags are authoritative:

[DATE: X] -> Date entity named X

[TIME: X] -> Time entity named X

[TIMESPAN: X] -> Timespan entity named X

Do not recompute, rename, normalize, or paraphrase
marker payloads.

An Event and its temporal anchor must be represented
separately.

Do not infer an exact date from an unmarked fuzzy
expression.

OUTPUT :
("entity” <|> entity_name <|> entity_type <|>
entity_description)
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Return one flat list separated by <|RECORD|> and
terminate with <|COMPLETE|>.

INPUT:
Raw conversation:
{raw_conversation}

G.2 Relationship Extraction Prompt

Relationship extraction is performed in a second
stage and may only use entities produced by the
preceding entity-extraction stage.

GOAL :
Identify relationships among the provided entities.

REFERENCE TIME:
{dialogue_datetime}

RULES:

Output relationships only; do not create entities.

source_entity and target_entity must exactly match a
provided entity_name.

If a required entity is missing, omit the
relationship.

Do not recompute, rename, or paraphrase temporal
anchors.

Prefer relations useful for WHO, WHAT, WHEN, WHERE,
and HOW.

Prefer:

Event -> Date/Time/Timespan for temporal links

Event -> Location for spatial links

relationship_keywords must contain 2--4 lowercase
English keywords.

OUTPUT :
("relationship” <|> source_entity <|> target_entity <[>
relationship_description <|>
relationship_keywords)

Return one flat list separated by <|RECORD|> and
terminate with <|COMPLETE|>.

INPUT:



Table 15: Category-level component ablations on LoCoMo with OSS-20B.

Configuration Overall Single-hop Multi-hop Open-domain Temporal
Full retrieval pipeline 84.0 90.1 81.6 68.8 74.5
Graph-Structured Retrieval
No graph retrieval 66.4 77.6 574 55.2 48.3
No lexical entity retrieval 80.2 86.3 76.1 60.2 73.8
No spreading activation 81.2 86.9 78.7 60.4 74.5
No graph-level reranking 81.1 86.3 79.4 62.5 74.5
Memory and Evidence Representation
No direct compressed-record retrieval 80.2 85.8 77.7 59.4 73.8
Compressed records only 76.2 87.4 77.7 60.4 50.6

Retrieval and Temporal Design Choices

No keyword extraction 79.9 86.2 76.2 55.2 73.8
No temporal rewriting 81.0 87.4 76.6 59.4 74.5
No compressed-record reranking 79.3 83.8 76.2 62.5 75.1
Raw conversation: ===END===
{raw_conversation}
CONSTRAINTS:

Provided entities:
{entities_text}

G.3 Entity Reconciliation Prompt

Entity reconciliation determines whether each
newly extracted entity should be added as a new
graph node or used to update an existing candidate
node. The merged description is produced by the
same call rather than by a separate consolidation
pass.

TASK:
Reconcile each newly extracted entity against the
existing candidate entities.

DECISION POLICY:

- Choose UPDATE only when the new entity and a
candidate clearly denote the same real-world
object, person, event, or concept.

- Type differences alone do not imply separation.

- Similarity score is only a hint, not proof.

- Related but distinct entities must remain separate.

- When uncertain, choose ADD.

SUBJECT GUARD:

Events whose primary subjects are different named
people must remain separate, even when their
names and descriptions are similar

DESCRIPTION MERGE:

For UPDATE, merged_description must:

- preserve facts from the existing description;

- preserve facts from the new description;

- include new temporal, role, or version information;
- remain concise and factual.

OUTPUT:

===BEGIN===

input_name || input_type || action ||
target_existing_id_or_NULL || canonical_name ||

canonical_type || merged_description

- UPDATE target IDs must be copied from the valid
candidate IDs.

- ADD must use NULL as the target ID.

- merged_description must not be empty.

The two few-shot examples below are repro-
duced verbatim from the prompt, with line breaks
inserted to fit the column. The first shows that a
differing type label does not by itself imply a dis-
tinct entity; the second shows the subject guard.

[INPUT]

name=OpenAl | type=organization | desc=AI research and
deployment company; created GPT models.

Candidates:

- id=org_OpenAI | name=OpenAIl | type=org | score=0.91 |

desc=An AI company known for foundation models

and an API platform.

Valid target_existing_id choices: ["org_OpenAI"]

EXPECTED OUTPUT (between markers):

===BEGIN===

OpenAlI||organization| |[UPDATE| |org_OpenAI| |OpenAI| |
organization||An AI research and deployment
company known for foundation models and an API
platform; creator of GPT models.

===END===

[INPUT]

name=check-up with doctor | type=event | desc=Sam
visited the doctor for a routine check-up a few
days before May 24.

Candidates:

- id=event_checkup_0@1 | name=check-up with doctor
type=event | score=0.83 | desc=Evan's son had a
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doctor check-up in early August due to recurring
stomach issues.
Valid target_existing_id choices: ["event_checkup_001"]

EXPECTED OUTPUT (between markers):

===BEGIN===

check-up with doctor||event||ADD||NULL| |check-up with
doctor||event||Sam visited the doctor for a
routine check-up a few days before May 24.

===END===

G.4 Keyword Extraction Prompt

You extract retrieval keywords for memory question
answering.

Return JSON only with exactly two keys:

"high_level_keywords": [
abstract intent or reasoning type
Jp
"low_level_keywords": [
concrete entities, events, dates, and lexical
anchors
]
3

RULES:

- Do not hallucinate missing facts or the final answer

- low_level_keywords must not be empty.

- Preserve names, organizations, activities, objects,
dates, time expressions, and event phrases.

- Ignore first-person pronouns and retain the actual
retrieval target.

- For temporal, counting, duration, or comparison
questions, include the reasoning intent in
high_level_keywords.

QUERY: {query}

G.5 Agent Filter Prompt

The agent performs evidence selection rather than
answer generation, validating retrieved candidates
and recovering relevant turns missing from the ini-
tial set. The VECTOR tool block is injected only
when a compressed-record vector index is avail-
able for the question; otherwise the tool is not
shown to the agent.

You are an evidence-selection agent for a long-term
memory question-answering system.

You receive a QUESTION and candidate evidence turns,
each with a provenance sid. Candidates may
contain distractors, and relevant turns may be
missing.

Use the available tools to verify candidates, search
the raw conversation corpus, and return the final
evidence sids.

TOOLS:
GREP <regex>
Case-insensitive search over all raw conversation
turns. Dates, names, numbers, and distinctive
phrases are searchable.

READ <sid> [k]

Return the raw turns surrounding sid. The default
window is 2.

VECTOR <query>
Semantic search over compressed conversation
records. Present only when a
compressed-record index exists for the question.
Results are unverified and
must be checked with READ or GREP before inclusion.

FINAL <sid> <sid> ...
Return the selected evidence sids.

RULES:

- Emit exactly one command as the final line of each
response.

- Copy every sid exactly as displayed.

- Do not repeat a search that produced zero results.

- Verify suspicious candidates with READ.

- Remove distractors and preserve every turn that
supports the answer.

- Search for missing evidence when the initial
candidates are incomplete.

- For counting questions, collect every distinct
relevant mention.

- For updated facts, retain the dated evidence needed
to identify the most recent value.

- Use no more than {max_calls} tool calls.

- Stop and return FINAL as soon as the evidence is
sufficient.

G.5.1 User-turn template

The selected hint is inserted directly, without a
field label. The question-date line is present only
when the question date is known.

QUESTION: {question}

QUESTION DATE:
{question_date}
{category_hint}

CANDIDATE EVIDENCE TURNS: {candidates}

Verify the candidates, search for missing evidence, and
return the final evidence sids.

G.6 Answer Generation Prompts

All reported LongMemEval settings, including the
agent-filter configuration, use the same default an-
swer prompt: the agent filter changes the retrieved
context rather than the answering instruction. Lo-
CoMo uses a different template in which the in-
struction is carried by the user turn.

In the template below, the date block is ap-
pended only when the question date is known.

SYSTEM:
You are a concise and accurate assistant.

Use the Retrieved Context. If the context is
insufficient, general knowledge may be used, but
retrieved facts should be preferred.

Answer directly.
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Current Date/Time: {question_date}

Note: When answering temporal questions (e.g., "how
long ago”, "how many months"), calculate based on
this date.

---Retrieved Context---
{context}

USER:
Question: {question}

Answer:

SYSTEM:
---Retrieved Context---
{context}

USER:
Please answer based on the retrieved knowledge-graph
context above. Be concise and accurate.

Question: {question}

Answer:

G.7 Evaluation Judge Prompts

These prompts are used only for automatic evalu-
ation and do not affect retrieval or answer genera-
tion.

G.7.1 LongMemEval judge

Evaluate whether the generated answer contains the
correct answer to the question.

QUESTION: {question}

REFERENCE ANSWER:
{gold_answer}

GENERATED ANSWER:
{predicted_answer}

CATEGORY-SPECIFIC POLICY:
{category_rubric}

Return JSON:
{

"reasoning”: "one-sentence explanation”,
"correct”: true or false

}

LongMemEval abstention (_abs) judge. Ques-
tions marked _abs ask for information that was
never provided. They use the following dedicated
template rather than the category-specific template
above. The template deliberately distinguishes an
answer to the asked-about item from an explicitly
labelled comparison with a different, similar item:
a concrete value is disqualifying only when it is
offered as the answer to the asked-about item.

Table 16: LongMemEval category-specific judging cri-

teria.

Category Additional criterion

Temporal rea- Minor off-by-one duration errors are ac-

soning cepted.

Knowledge up- The latest required value determines cor-

date rectness, even if older information is also
mentioned.

Preference Correct use of the user’s personal infor-
mation is sufficient; not every reference
point must be repeated.

Other cate- The generated answer must contain or be

gories semantically equivalent to the required

answer.

Evaluate an ABSTENTION question: the asked-about
information was never
provided, so the only correct behavior is to abstain.

QUESTION:
{question}

REFERENCE ANSWER:
{gold_answer}

GENERATED ANSWER:
{predicted_answer}

Set \texttt{correct=true} when the response clearly
states that it has no

record / insufficient information / cannot answer, or
correctly answers

“T@'' or ““none'' when the event never occurred. A
response remains correct

when it abstains on the asked-about item while
explicitly identifying a

different, similar item as a contrast; any value must
be clearly attributed to

that different item, not presented as the requested
answer. It is also correct

to offer conditional help (for example, to calculate
the result if the user

provides missing input).

Set \texttt{correct=false} when the response gives or
borrows a definite

number, date, duration, name, or ordering as the answer
to the asked-about

item, including an unlabelled substitution of a similar-
but-different

distractor.

Return JSON:
{

"reasoning”: "one-sentence explanation”,
"correct”: true or false

3

LongMemEval judging schedule. Each item
receives a single GPT-40-mini judgment at temper-
ature 0. Non-_abs items are evaluated using their
category-specific templates, whereas _abs items
use the abstention template described above.
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G.7.2 LoCoMo judge

LoCoMo standard evaluation template

SYSTEM:
You are an expert grader that determines whether an
answer matches a gold-standard answer.

USER:
Label the generated answer as CORRECT or WRONG.

Question:
{question}

Gold answer:
{gold_answer}

Generated answer:
{response}

Be generous about semantically equivalent answers and
equivalent date formats. Return JSON only:

{"label”: "CORRECT"}
or
{"label”: "WRONG"}

. J
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