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Abstract

Most existing benchmarks for evaluating the
memory of large language models (LLMs)
rely on explicit recall-style question answer-
ing, where memory is directly queried and an-
swered. However, such memory answering
settings diverge from real world human—Al
interaction, in which memory is rarely trig-
gered explicitly and instead manifests implic-
itly by shaping dialogue generation. We intro-
duce NaturalMem, a natural dialogue-based
benchmark for evaluating memory-driven dia-
logue, where memory influences responses and
speaking style without explicit recall prompts.
NaturalMem constructs multi-turn dialogues
based on fictional character prototypes, exclud-
ing identifiable names or show- specific enti-
ties. Each character is associated with personal
facts, category information, and a target speak-
ing style, and is evaluated across multiple dia-
logue sessions to assess fact retention and style
consistency. Dialogue data is created through
an LLM-assisted and human-curated pipeline.
Experiments show that state-of-the-art agents
still struggle to retain personal facts and main-
tain stable speaking styles in memory-driven
dialogue settings. NaturalMem provides a re-
alistic and diagnostic framework for evaluating
memory in LLMs.

1 Introduction

Large language models (LLMs) are increasingly
deployed as long-term conversational agents, per-
sonal assistants, and interactive systems that en-
gage users over extended periods of time. In such
settings, memory is a core capability: models are
expected not only to process the immediate con-
versational context, but also to retain and consis-
tently utilize user-specific information, personal
facts, and behavioral patterns across interactions.
Accordingly, evaluating the memory capabilities
of LLMs and agent systems has emerged as an
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Figure 1: Transition from memory-based question an-
swering to memory-driven dialogue.

important research direction, leading to a grow-
ing number of benchmarks that assess how models
store, retrieve, and use past information (Gao et al.,
2025; Hu et al., 2025; Wu et al., 2025; Zhang et al.,
2025).

Most existing memory benchmarks, however,
conceptualize memory primarily as an object of
explicit querying. Typical evaluations adopt recall-
style question answering, where models are directly
asked to restate previously provided information
(e.g., “What did the user say earlier?”) (Yang et al.,
2018). While such memory answering paradigms
are easy to quantify and provide clear evaluation
targets, they rely on interaction patterns that are
rare in natural human—AlI conversations (Maharana
et al., 2024; Wu et al., 2024; Zhong et al., 2024;
Bai et al., 2024). In practice, users seldom probe
a system’s memory explicitly. Instead, memory is
expected to operate implicitly, shaping responses
in a way that is consistent with prior interactions,
as illustrated in Figure 1.



Table 1: Statistics of long-form conversational benchmarks from LongMemEval (Wu et al., 2024). These benchmarks
differ in domain, scale, and interaction setting. DialSim is constructed from existing TV show transcripts, while
NaturalMem consists of fictional yet naturalistic dialogues generated using real TV characters, specifically designed
for controlled evaluation of long-term conversational memory.

Benchmark Domain Sess. Ques. Tokens/Conv. Conversation Type
MSC(Xu et al., 2022) Open-Domain 5k - 1k Human-Human
MemoryBank(Zhong et al., 2024) Personal 300 194 Sk Human-AlI
PerLTQA(Du et al., 2024) Personal 4k 8,593 1M Human-AI
LoCoMo(Maharana et al., 2024) Personal 1k 7,512 10k Human-Human
DialSim(Kim et al., 2024) TV Shows 1k—2k IM 350k Human-Human
LongMemEval(Wu et al., 2024) Personal 50k 500 115k, 1.5M Human-AI
PersonaMem-V2(Jiang et al., 2025b) Personal - 5000 32k, 128k Human-AI
NaturalMem (ours) Fictional TV 27k 261 14k Human-Human

This discrepancy reveals a fundamental gap be-
tween current benchmarks and realistic conversa-
tional use cases. In real-world dialogue, memory
functions less as a mechanism for explicit recall
and more as a behavioral driver of dialogue gen-
eration. A model demonstrates memory not by
stating what it remembers, but by responding in
ways that remain consistent with previously es-
tablished facts, preferences, and interaction styles
(Shuster et al., 2022). Importantly, this notion of
memory-driven behavior differs from prompted or
instruction-following personas. Rather than be-
ing repeatedly specified in the prompt, stylistic
traits and personal characteristics are introduced
implicitly through earlier interactions and must be
retained and applied without explicit restatement.

To address this gap, we introduce NaturalMem,
a benchmark designed to evaluate memory-driven
dialogue in natural conversational settings. Nat-
uralMem constructs dialogue scenarios based on
characters drawn from television programs, whose
coherent personal traits and stable speaking styles
provide a realistic foundation for modeling long-
term memory effects in dialogue. Each character is
associated with a structured background specifica-
tion, enabling systematic evaluation of both factual
consistency and stylistic stability across interac-
tions (Zhang et al., 2018). To prevent models from
exploiting prior world knowledge, NaturalMem
deliberately excludes character names and show-
specific entities from the dialogue text, ensuring
that successful performance requires genuine mem-
ory usage rather than surface-level recognition.

We evaluate a range of large language models
and memory-augmented variants under this setting.
Our results show that even models with strong ex-
plicit recall abilities often fail to consistently main-
tain personal facts and stable speaking styles when

memory must be applied implicitly in natural dia-
logue. These findings suggest that recall-centered
benchmarks substantially underestimate the chal-
lenges of memory in realistic conversational in-
teractions. NaturalMem is not intended to replace
existing long-term memory benchmarks such as Lo-
CoMo or LongMemEval, which focus on explicit
recall or comprehension over extended dialogue
histories. Instead, it targets a complementary and
underexplored regime: whether memory can be-
haviorally and implicitly drive dialogue generation
in the absence of explicit memory queries.

2 Related Work
2.1 Memory Modules for LL.Ms

Research on memory in language models spans
from early neural architectures with explicit
read—write memory to recent system-level mem-
ory augmentation for large language models. Early
work introduced external memory mechanisms,
such as Memory Networks (Weston et al., 2014),
Neural Turing Machines (Graves et al., 2014), and
Differentiable Neural Computers (Graves et al.,
2016), with the goal of enabling models to store
and retrieve information beyond the immediate in-
put context.

Building on these foundations, recent systems
incorporate practical memory components into
LLM-based agents, including MemO (Chhikara
et al., 2025), A-Mem (Xu et al., 2025), Memo-
ryOS (Kang et al., 2025), and MemOS (Li et al.,
2025). These approaches store user-specific facts
or interaction histories and retrieve them to condi-
tion future generation, reflecting a broader trend
toward treating memory as a first-class component
in LLM applications rather than relying solely on
extended context windows.

Despite their promise, such memory-augmented



systems are often evaluated using task-specific or
ad hoc protocols. Consequently, it remains unclear
whether the retrieved memory meaningfully influ-
ences natural dialogue behavior, or merely serves
as an external lookup mechanism, highlighting the
need for systematic and realistic evaluation set-
tings.

2.2 Memory Evaluation Benchmarks

A number of benchmarks have been proposed
to evaluate memory and long-context capabilities
of LLMs, most of which adopt recall-oriented
paradigms. In these settings, memory is explic-
itly queried through question answering, as exem-
plified by MemoryBank (Zhong et al., 2024) and
LongBench (Bai et al., 2024). More recent bench-
marks such as LoCoMo (Maharana et al., 2024)
and LongMemEval (Wu et al., 2024) extend this
paradigm to longer and multi-session dialogues,
yet still primarily rely on explicit probing.

Beyond evaluation protocols, existing long-
form conversational memory benchmarks also vary
widely in their domains, scales, and interaction set-
tings. As summarized in Table 1, prior datasets
differ in whether conversations are Human—-Human
or Human—AlI and the typical conversation length.
Consequently, these benchmarks predominantly
measure memory answering, rather than whether
memory implicitly shapes dialogue generation in
realistic conversational settings.

2.3 Implicit Memory and Style Consistency

Beyond factual recall, prior work has empha-
sized persona and stylistic consistency as impor-
tant aspects of dialogue systems. Persona-based
benchmarks such as Persona-Chat (Zhang et al.,
2018) show that maintaining stable personal at-
tributes improves conversational coherence. More
recent efforts further explore related dimensions:
LikeBench (Awsafur Rahman et al., 2025) evalu-
ates likability and adaptability in multi-session per-
sonalized interactions, while PersonaMem (Jiang
et al., 2025b,a) focuses on modeling implicit per-
sonas and evolving user profiles over time.

These studies underscore that memory in dia-
logue systems is often expressed implicitly, through
consistent behavior and linguistic style rather than
explicit recollection. However, existing bench-
marks typically evaluate persona or style in iso-
lation, without jointly assessing factual consistency
and stylistic continuity in natural, multi-session
dialogue.

NaturalMem differs from prompted or
instruction-following persona settings commonly
studied in prior work. Prompted personas rely on
explicit conditioning, where stylistic attributes are
repeatedly specified or reinforced in the prompt.
In contrast, the style consistency evaluated in
NaturalMem is memory-driven: stylistic traits are
introduced implicitly through earlier interactions
and must be retained and applied in later sessions
without restatement.

Maintaining such behavior therefore requires
models to utilize long-term contextual information
across sessions rather than responding to local in-
structions. In this sense, style consistency in Nat-
uralMem constitutes a form of implicit memory,
manifested behaviorally through stable linguistic
patterns, tone, and interactional preferences over
time, even in the presence of distractors.

3 Reverse-Guided Dataset Construction

Fully automatic dataset construction using large
language models alone (Jiang et al., 2025b), corre-
sponding to LLLM draft generation without human
intervention (Figure 2, Stage 2), is often insuffi-
cient for natural conversational memory evaluation.
In practice, LLM-generated drafts frequently vio-
late de-identification constraints, exhibit repetitive
question patterns, and fail to support deep, dis-
tributed memory dependencies required by down-
stream evaluation (Figure 2, Stage 4).

To address these limitations, we propose
Reverse-Guided Dataset Construction (RGDC),
a human-intensive (Long et al., 2024; Maharana
et al., 2024) and iterative pipeline that treats LLM
outputs as intermediate drafts rather than final arti-
facts. As illustrated in Figure 2, RGDC integrates
structured human curation and feedback (Figure 2,
Stage 3) to iteratively correct generation failures
and guide constrained regeneration.

3.1 LLM-Based Draft Dialogue Generation

As shown in Figure 2 (Stage 2), dialogues are
first generated by an LLM conditioned on abstract
role descriptions and multi-session conversational
contexts. Explicit de-identification constraints are
imposed to discourage character names and other
identity-revealing references, ensuring that correct
answers must be supported by prior conversational
evidence rather than external knowledge.

Despite these constraints, drafts produced at this
stage often contain identity leakage, stereotypical
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Figure 2: Reverse-Guided Dataset Construction (RGDC), an iterative human-in-the-loop pipeline. The process
consists of four stages: (S1) data selection and abstraction, (S2) LLM-assisted draft generation under de-identification
constraints, (S3) human curation and refinement with structured quality control, and (S4) evaluation-oriented dataset
assembly. Common failure modes in Stage 2 are addressed through iterative feedback and constrained revision in
Stage 3, forming a closed loop that targets the reasoning requirements of Stage 4.

expressions, and shallow memory cues. All gener-
ated dialogues are therefore treated as provisional
drafts and forwarded to human curation (Figure 2,
Stage 3).

3.2 Human Curation and Structural
Enforcement

To correct systematic failures from LLM drafting
(Figure 2, Stage 2), all dialogues undergo man-
ual inspection during human curation (Figure 2,
Stage 3).This step focuses on enforcing structural
constraints that are difficult to guarantee through
prompting alone, particularly the removal of iden-
tity leakage and shortcut signals that could enable
reliance on pretraining knowledge.

Edits are performed through targeted manual
rewriting rather than automatic deletion, as naive
removal often disrupts discourse coherence (Wu
et al., 2024).

3.3 Reverse-Guided Question Construction

Evaluation questions are explicitly decoupled from
initial dialogue generation (Figure 2) and con-
structed in a reverse-guided manner. Questions
generated directly by LLMs tend to be repetitive
and biased toward simple memory patterns.
Human annotators therefore design evaluation
questions first (Figure 2, Stage 4), targeting di-
verse reasoning requirements, including multi-hop,
temporal, and adversarial memory dependencies.

Dialogue content is subsequently revised or regen-
erated so that answers are naturally grounded in
prior conversations, forming an explicit feedback
loop (Figure 2).

3.4 [Iterative Human-in-the-Loop Refinement

Overall, RGDC operates as an iterative human-in-
the-loop process rather than a linear pipeline, as
explicitly illustrated by the feedback loop in Fig-
ure 2. Human verification and editing are carried
out by multiple annotators drawn from the same re-
search group, all of whom are familiar with the con-
struction guidelines and independently review the
generated dialogues. Revisions are cross-checked
by at least one additional annotator to reduce indi-
vidual bias and ensure consistency.

Dialogues often undergo multiple rounds of in-
spection, manual editing, constrained regeneration,
and re-verification across Stage 2 and Stage 3. Cor-
recting one issue (e.g., removing an identity cue)
may introduce others (e.g., reduced coherence or
loss of implicitness), requiring further iteration.
Question sets are also repeatedly reviewed to elim-
inate redundancy; when duplicate or overly similar
questions are identified, annotators manually re-
vise or replace them, followed by corresponding
dialogue adjustments. This iterative refinement
continues until dialogues satisfy constraints on nat-
uralness, memory dependency, and robustness, or
are discarded.



4 Evaluation Benchmark
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Figure 3: Schema of our constructed dataset. Each
instance comprises a user character persona derived
from a TV show, an assistant character style, multiple
anonymized dialogue sessions, and a set of evaluation
questions with grounded factual constraints.

Dataset overview. Based on the multi-session
dialogues constructed in §3, we introduce an eval-
uation benchmark designed to measure long-term
conversational memory under identity-anonymized
settings.  The dataset comprises 73 unique
source_show, 90 distinct character personas,
and 89 assistant_character styles. In total, it
contains 2,774 dialogue_sessions with 43,492
utterances, amounting to approximately 1.3M to-
kens. The structure of a single instance is illus-
trated in Figure 3. We further annotate 261 evalua-
tion questions spanning diverse long-term memory
reasoning requirements.

Crucially, all dialogues are identity-anonymized:
character names and show-specific entities are re-
moved from the text. This design ensures that suc-
cessful performance cannot be achieved through
entity recognition or prior world knowledge, but in-
stead requires models to retain and utilize dialogue-
grounded memory across sessions.

Personal fact categories. To characterize the
content of conversational memory, we categorize
personal facts appearing in dialogues into five
types: Dietary, Health, Mental, Professional, and
Relational. These categories reflect common forms
of personal information naturally exchanged in ev-
eryday conversations and are designed to capture
diverse memory demands.

Different categories place distinct requirements

on long-term memory. For example, professional
routines often involve stable, recurring facts, while
mental or relational states may evolve gradually
across sessions. By structuring memory targets
along these dimensions, NaturalMem enables more
fine-grained analysis of how models retain and uti-
lize different types of personal information over
time.

Question categories. Following prior work on
multi-session memory evaluation (Maharana et al.,
2024), we categorize evaluation questions into four
types: (1) Single-hop questions depend on a single
memory point, typically localized within one ses-
sion; (2) Multi-hop questions require integrating
multiple historical facts distributed across sessions;
(3) Temporal questions involve time ordering, state
transitions, or before/after relations that cannot be
resolved from a single isolated mention; (4) Adver-
sarial questions include misleading, conflicting, or
underspecified cues, testing whether models can
robustly preserve grounded facts and reject unsup-
ported inferences.

This taxonomy is designed to reflect realistic
conversational memory usage while preventing
shortcut answering via character identity, show-
specific knowledge, or external world facts. Un-
like some prior benchmarks, we do not introduce
a separate open-domain question category. This
choice is intentional. In our identity-anonymized
setting, every evaluation question already requires
open-ended natural language generation grounded
in dialogue history, rather than selecting or extract-
ing a short factual span. Models must integrate
recalled information with open-domain reasoning
to produce a coherent response that satisfies the
specified constraints. Consequently, open-domain
reasoning is not treated as an isolated category, but
is instead an inherent property of all question types
in NaturalMem.

4.1 Task 1: Factual Memory Consistency

A conversational agent is expected to recall
dialogue-grounded personal facts introduced im-
plicitly over long histories and to maintain factual
consistency in subsequent sessions. We formu-
late Fact as an accuracy-based evaluation. For
each query, the agent generates a response that
must satisfy a set of factual requirements encoded
in constraint_for_response. A response is
marked as correct if and only if it satisfies all
specified constraints and does not contradict any



Table 2: Performance of base LLMs across different question categories and overall. Fact is reported as accuracy
(%), Style as mean Likert score (1-5), and Latency as average wall-clock generation time (seconds) per query. All

evaluations are conducted using DeepSeek-V3.2 as the unified LLM-as-a-Judge.

Single-hop

Multi-hop

Temporal

Adversarial

Overall

Model Latency (s)
Fact Style Fact Style Fact Style Fact Style Fact Style

DeepSeek-V3.2 756 407 649 423 39.0 406 545 401 556 4.08 3.37
Doubao-1.5-Pro-32k  77.8 413 754 421 305 411 688 4.09 59.8 4.13 6.07
Qwen3-235b-a22b 773 414 655 455 29.1 435 587 440 542 437 11.67
Qwen3-32b 79.5 421 564 453 304 428 507 415 506 4.28 6.99
Qwen3-30b-a3b 795 450 709 455 278 438 520 437 534 444 4.55
GPT-40-mini 689 349 596 391 244 398 416 3.88 448 385 3.95
GPT-4.1-mini 822 349 667 379 390 368 429 392 536 374 295

dialogue-grounded facts; otherwise, it is marked
incorrect. We report overall Accuracy, as well as
accuracy broken down by question category.

LLM-as-a-Judge. We adopt an LLM-as-a-Judge
protocol to determine factual correctness. Auto-
matic n-gram overlap metrics such as BLEU (Pap-
ineni et al., 2002), ROUGE (Lin, 2004), and token-
level F1 are ill-suited for this task, as valid answers
may differ substantially in surface form while pre-
serving identical factual content, and high lexical
overlap may still conceal subtle contradictions. The
judge model is instructed to verify constraint satis-
faction based on the dialogue history and to output
a binary correctness decision, along with a brief
rationale for auditing purposes.

4.2 Task 2: Assistant Style Consistency

Beyond factual memory, natural long-term interac-
tion also requires stable stylistic behavior. In the
Style task, the assistant is expected to respond in
a manner consistent with a target assistant style
described by assistant_character, across mul-
tiple sessions and in the presence of distractors. No-
tably, the style specification is introduced implicitly
through earlier interactions and is not restated in
the evaluation prompt.

We evaluate style consistency using an LLM-
as-a-Judge protocol that compares the generated
response against the target style specification.

Scoring (1-5). Each response is rated on a five-
point Likert scale (Likert, 1932): 1 = clearly off-
style with strong drift; 2 = mostly off-style with
occasional matching cues; 3 = partially consistent
but unstable or generic; 4 = largely consistent with
minor deviations; 5 = highly consistent and charac-
terful throughout.

LLM-as-a-Judge. We use LLM-based evalua-
tion because stylistic fidelity is inherently non-

lexical and cannot be reliably captured by overlap-
based metrics. BLEU, ROUGE, and F1 reward
surface copying and penalize legitimate stylistic
variation, while failing to measure higher-level sig-
nals such as tone, humor, formality, or verbosity
specified in assistant_character. The judge is
instructed to assess stylistic faithfulness indepen-
dently of factual correctness.

4.3 Task 3: Answering Latency under
Memory Retrieval

Memory-augmented agents may incur additional
overhead due to retrieval, re-ranking, and prompt
construction. We therefore measure end-to-end
response time per query under a standardized
inference setting. Latency statistics, including
mean values, are reported to characterize effi-
ciency—accuracy trade-offs across models.

S Experiment Setup

All experiments are conducted under a unified text-
only setting. Models are evaluated on anonymized
multi-session dialogues without access to character
identities, show-specific entities, or any external
metadata. All systems are tested on the same dia-
logue histories and evaluation questions described
in §4. To ensure comparability across models and
tasks, all evaluations are standardized using a sin-
gle fixed evaluation model.

Models. We evaluate both base large language
models and memory-augmented agents to assess
long-term conversational memory under diverse
modeling paradigms. As base models, we include
a representative set of state-of-the-art LLMs span-
ning different architectures, training regimes, and
parameter scales: DeepSeek-V3.2, Doubao-1.5-
Pro-32k-250115, GPT-40-mini, GPT-4.1-mini,
as well as three models from the Qwen3 family:



Table 3: Performance of memory-augmented agents across different question categories and overall. Fact is reported
as accuracy (%), Style as mean Likert score (1-5), and Latency as average wall-clock generation time (seconds) per
query. All evaluations are conducted using DeepSeek-V3.2 as the unified LLM-as-a-Judge.

Single-hop Multi-hop

Temporal

Adversarial Overall

Method Latency (s)
Fact Style Fact Style Fact Style Fact Style Fact Style
GPT-40-mini
Mem0 40.0 238 474 233 183 246 6.5 248 249 243 4.76
A-Mem 489 293 632 296 329 324 169 3.08 375 3.08 3.61
MemoryOS 644 333 702 339 305 324 519 338 513 333 2.39
MemOS 46.7 3.07 596 309 11.0 3.15 39 334 257 3.7 3.58
Full-context 68.9 349 59.6 391 244 398 41.6 3.88 448 3.85 3.95
GPT-4.1-mini
MemO 37.8 236 421 221 232 252 6.5 262 249 246 4.38
A-Mem 644 3.00 719 316 366 344 286 340 467 329 291
MemoryOS 644 3.82 737 377 317 351 506 379 521 3.70 2.23
MemOS 489 329 702 344 134 351 6.5 365 299 350 4.36
Full-context 822 349 667 379 39.0 3.68 429 392 536 3.74 2.95

Qwen3-235B-A22B, Qwen3-32B, and Qwen3-
30B-A3B. This selection covers both dense and
mixture-of-experts architectures, and spans a wide
range of model capacities, enabling a more com-
prehensive evaluation of memory behavior across
scales.

To assess the effectiveness of explicit memory
mechanisms beyond extended context, we addition-
ally evaluate representative memory-augmented
agents, including Mem0, A-Mem, MemoryOS,
and MemOS. All memory-augmented agents are
configured to store and retrieve dialogue histories
according to their recommended settings. For fair
comparison, identical dialogue inputs, prompts,
and evaluation protocols are used across base
LLMs and memory-augmented agents.

Evaluation Protocol. Factual memory consis-
tency and assistant style consistency are evaluated
using the LL.M-as-a-Judge protocol defined in §4.
Judgments for factual correctness and stylistic fi-
delity are performed independently. All models
generate responses under the same prompting and
decoding settings to control for generation variabil-

ity.

Latency Measurement. To characterize effi-
ciency trade-offs, we measure end-to-end response
latency for all models when answering benchmark
queries. Latency is recorded as wall-clock time
per query under a standardized inference environ-
ment. For memory-augmented agents, the reported
latency includes memory retrieval, re-ranking, and
prompt construction overhead. We report aver-
age latency as well as percentile statistics to re-

flect practical deployment considerations. Detailed
hardware configurations and runtime settings are
provided in the Appendix A.1.

Evaluation Model. We use DeepSeek-V3.2 as
the primary evaluation model for all LLM-as-a-
Judge judgments, including factual correctness ver-
ification and style scoring. Using a single evaluator
ensures consistency and comparability across mod-
els and tasks.

To further verify robustness and diversity, we ad-
ditionally employ GPT-40-mini as an alternative
judge model and perform manual spot-checks on
randomly sampled responses. The overall trends
and conclusions remain consistent across both au-
tomatic judges and human verification; detailed
comparisons are provided in Appendix B.

6 Results and Analysis

We present the experimental results on Natu-
ralMem from four perspectives: model scale ef-
fects, factual memory versus stylistic consistency,
the behavior of memory-augmented agents, and
efficiency—accuracy trade-offs. Additional analysis
and discussion are provided in Appendix A.2.

6.1 Effect of Model Scale

Table 2 reports the performance of base LLMs on
NaturalMem. Overall, we observe that larger or
more capable models do not consistently achieve
higher accuracy on this benchmark. In particular,
improvements in single-hop factual questions do
not reliably transfer to multi-hop, temporal, or ad-
versarial settings.



This result contrasts with trends commonly ob-
served in explicit recall or short-context reasoning
benchmarks, indicating that NaturalMem captures
a distinct aspect of conversational memory beyond
raw model capacity.

6.2 Factual Memory vs. Style Consistency

As shown in Table 2, factual accuracy varies
substantially across question categories, with the
largest drops occurring in temporal and adversarial
questions. In contrast, style consistency scores are
relatively stable across models and categories.

This discrepancy suggests that factual consis-
tency is more sensitive to long-term memory degra-
dation than stylistic behavior.

Table 4: Accuracy (%) comparison between LoCoMo
and NaturalMem. A denotes the accuracy difference.

Model LoCoMo NaturalMem A

MemO 66.3 24.9 414
A-Mem 62.1 375 24.6
MemoryOS 61.6 51.3 10.3
MemOS 73.3 25.7 47.6
Full-context 80.6 44.8 35.8

6.3 Memory-Augmented Agents

Results for memory-augmented agents are summa-
rized in Table 3. Compared to base models, several
agents achieve higher factual accuracy, demonstrat-
ing the benefit of explicit memory retrieval, but
often at the cost of lower style consistency relative
to the full-context baseline.

These results further suggest that memory se-
lection itself may be a source of error, as retrieved
content does not always align with the requirements
of the current query. Among the evaluated systems,
MemoryOS exhibits a more balanced performance
across factual accuracy and style consistency, high-
lighting trade-offs in current agent-based memory
designs.

6.4 Full-Context Baselines

Despite the absence of explicit memory retrieval,
the full-context baseline achieves competitive and
often higher factual accuracy than several memory-
augmented agents (Table 3), indicating that imper-
fect retrieval and memory selection can partially
offset the benefits of external memory mechanisms.

Notably, full-context models maintain substan-
tially higher style consistency than most agent-
based systems, suggesting that current agents pri-

marily focus on fact-oriented memory extraction
while stylistic cues are less effectively preserved.
However, full-context inference incurs higher
computational costs, motivating the use of memory-
augmented approaches in practical deployments.

6.5 Latency Analysis

Latency statistics are reported in Tables 2 and 3.
For base models and full-context inference, latency
increases with input length and is dominated by
prefill and generation costs. Memory-augmented
agents introduce additional overhead from mem-
ory retrieval and prompt construction, resulting in
different efficiency—accuracy trade-offs.

6.6 Comparison with LoCoMo

Table 4 compares performance on LoCoMo and
NaturalMem. All evaluated systems perform sub-
stantially worse on NaturalMem, confirming that it
poses a more challenging evaluation setting.

Unlike LoCoMo, which explicitly probes mem-
ory through recall-style questions, NaturalMem
evaluates whether memory can implicitly guide re-
sponse generation in natural dialogue, as illustrated
in Figure 1.

7 Conclusion and Future Work

We introduce NaturalMem, a benchmark for eval-
vating memory-driven dialogue, where memory
implicitly guides factual consistency and speak-
ing style rather than being explicitly queried. Our
results show that both base LLMs and memory-
augmented agents struggle under this setting, de-
spite strong performance on recall-centric bench-
marks, revealing limitations of existing memory
evaluation protocols.

Several directions remain for future work.
First, our current agent evaluation assumes that
memory is always retrieved. In realistic deploy-
ments, agents must additionally decide when mem-
ory should be stored and whether retrieval is nec-
essary for a given query. The ability to selectively
trigger memory retrieval may not only improve
memory utilization, but also reduce response la-
tency by avoiding unnecessary retrieval and prompt
construction. Second, extending NaturalMem to
multimodal interactions may enable richer assess-
ments of personalized and long-term consistency,
moving toward a more comprehensive form of per-
sonalized Turing-style evaluation.



Limitations

NaturalMem has several limitations. First, the
number of evaluation questions is relatively small,
as question construction requires substantial hu-
man involvement to ensure naturalness and robust
memory dependencies. Second, our agent evalua-
tion does not model autonomous decisions about
when to store or retrieve memory, focusing instead
on memory utilization given retrieved content. Fi-
nally, while we employ LLM-as-a-Judge evaluation
with manual spot-checking, automatic evaluation
of memory-driven dialogue remains an open chal-
lenge.
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Appendix Overview

The appendix provides supplementary details to
support reproducibility and further analysis of Nat-
uralMem.

Section A  describes the experimental setup, eval-
uation procedures, and additional analyses of mem-
ory behavior for both base models and memory-
augmented agents.
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Section B reports additional validation of the
LLM-as-a-Judge protocol, including alternative
judge models and human verification.

Section C provides the prompt templates used in
experiments.

A Experiment Details and Analysis

A.1 Evaluation Procedures

We detail the evaluation procedures used for base
models and memory-augmented agents to ensure
reproducibility and fair comparison.

For base LLMs and the full-context baseline, the
entire dialogue history is provided as input, with
the final turn being the user query. Models are in-
structed to directly generate a response without any
additional task-specific prompts or instructions.

For memory-augmented agents, dialogue histo-
ries are first processed to construct their internal
memory representations according to each agent’s
recommended configuration. At inference time, re-
trieved memory content is concatenated with the
user query using a minimal prompt template, and
the model generates a response conditioned on the
retrieved memory.

All models and agents are evaluated via API calls
under comparable network conditions. Since all
systems are invoked through API-based interfaces,
network latency is consistent across models and
can be safely ignored. Reported latency therefore
primarily reflects model inference and memory re-
trieval overhead, ensuring the reliability of latency
comparisons.

A.2 Additional Analysis of Results
(Tables 2-3)

This subsection provides a detailed, table-grounded
analysis to complement the high-level observations
in §6.

(1) Category-wise factual difficulty: Tempo-
ral and adversarial are the bottlenecks. Ta-
ble 2 shows a consistent pattern across base LLMs:
Single-hop factual accuracy is relatively high (e.g.,
68.9-82.2), Multi-hop drops moderately (56.4—
75.4), while Temporal exhibits the largest degra-
dation (24.4-39.0), and Adversarial remains chal-
lenging (41.6-68.8). This explains why gains on
single-hop do not reliably transfer to more realistic
settings: NaturalMem’s hardest categories require
maintaining state transitions and rejecting mislead-
ing cues, which are precisely where models fail
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most.

(2) Model scale is not predictive under memory-
driven dialogue. Despite large model capacity,
Qwen3-235B-A22B achieves 54.2 overall factual
accuracy, comparable to DeepSeek-V3.2 (55.6) and
below Doubao-1.5-Pro-32k (59.8), while incurring
much higher latency (11.67s vs. 3.37s and 6.07s,
respectively). This non-monotonicity suggests that
memory-driven dialogue performance depends less
on raw capacity and more on whether the model
can robustly select and apply distributed dialogue
evidence, especially for temporal/adversarial con-
straints.

(3) Fact vs. style: style scores are comparatively
stable, but do not imply strong factual memory.
Across base LLMs, style consistency is relatively
high and clustered (roughly 3.74-4.55), even when
factual accuracy differs substantially (44.8-59.8
overall). For example, GPT-40-mini attains 3.85
style with 44.8 fact, whereas Doubao reaches 4.13
style with 59.8 fact. This indicates that producing
a style-consistent response is easier than satisfying
strict factual constraints: a response can be stylis-
tically plausible while still violating a constraint
(e.g., temporal ordering, exclusions).

(4) Agent systems: factual gains come with a
large style drop, especially versus full-context.
Table 3 reveals a clear trade-off for memory-
augmented agents. Under GPT-40-mini, Memo-
ryOS improves overall factual accuracy to 51.3, sur-
passing the full-context baseline (44.8), while also
reducing latency (2.39s vs. 3.95s). However, its
style score drops to 3.33 compared to full-context
3.85. A similar pattern holds for A-Mem (fact
37.5; style 3.08) and MemO (fact 24.9; style 2.43),
both far below full-context style. This supports
the hypothesis that current agent memory pipelines
are primarily fact-centric: they retrieve and inject
factual summaries well enough to help constraint
satisfaction, but do not preserve the implicit stylis-
tic cues accumulated across sessions, leading to
style drift.

(5) Memory selection is a measurable error
source. The agent results also suggest that re-
trieval relevance/selection is a key limitation. For
instance, MemOS under GPT-40-mini attains rea-
sonable style (3.17) but very low factual accuracy
(25.7), with catastrophic performance on adver-
sarial (3.9) and temporal (11.0). Such patterns are
consistent with retrieving incomplete or misaligned
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memories: the generation remains fluent (and some-
times stylistically acceptable) while failing hard on
constraint satisfaction.

(6) Full-context remains a strong upper bound
for style, and often for facts. Full-context gen-
erally provides higher style consistency than agent
systems. For GPT-40-mini, full-context style is
3.85, above MemoryOS 3.33 and A-Mem 3.08; for
GPT-4.1-mini, full-context is 3.74, close to Memo-
ryOS 3.70 and above A-Mem 3.29. On factual ac-
curacy, full-context is also competitive: it reaches
53.6 on GPT-4.1-mini, slightly higher than Memo-
ryOS 52.1, indicating that retrieval benefits can be
offset by imperfect memory selection and compres-
sion.

(7) Latency trade-offs: retrieval can be faster
than full-context, but not always. Latency pro-
files differ substantially. On GPT-40-mini, Mem-
oryOS reduces latency (2.39s) below full-context
(3.95s) while improving facts, but MemO increases
latency (4.76s) while performing much worse
(24.9). On GPT-4.1-mini, MemoryOS is again
faster (2.23s) than full-context (2.95s). These re-
sults suggest that retrieval-based pipelines can re-
duce end-to-end latency when memory selection
is accurate and retrieval overhead is controlled;
otherwise, retrieval adds cost without improving
correctness. This motivates future work on adap-
tive retrieval triggering (deciding when retrieval
is necessary), which could further reduce latency
by avoiding unnecessary retrieval and prompt con-
struction.

B Judge Model Robustness

B.1 Robustness to the Choice of
LLM-as-a-Judge

In addition to using DeepSeek-V3.2 as the pri-
mary LLM-as-a-Judge throughout our main exper-
iments, we evaluate the robustness of factual cor-
rectness assessment by replacing the judge model
with GPT-40-mini. Crucially, all agent responses
are kept identical across settings; only the evaluator
is changed.

Table 5 reports the overall factual consistency
of memory-augmented agents under the two eval-
uators. Although absolute accuracy values differ
across judges, the relative performance trends re-
main stable. In particular, MemoryOS and Full-
context consistently achieve the highest factual
accuracy under both judges, whereas lightweight



Table 5: Overall factual consistency (%) of memory-
augmented agents under different LLM-as-a-Judges.
Agent responses are identical across settings; only the
evaluator is changed. This table is included in the ap-
pendix as a robustness check.

Method DeepSeek-V3.2 Judge GPT-40-mini Judge
Mem0O 24.9 29.5
A-Mem 46.7 51.7
MemoryOS 52.1 594
MemOS 29.9 30.7
Full-context 53.6 56.7

memory mechanisms such as Mem( and MemOS
remain substantially weaker. This indicates that our
main conclusions are not sensitive to the choice of
LLM-based evaluator.

We further observe that GPT-40-mini gener-
ally assigns higher factual correctness scores than
DeepSeek-V3.2. Since the evaluated agent re-
sponses are identical, this discrepancy reflects dif-
ferences in judgment strictness and calibration
rather than changes in agent behavior. Such system-
atic shifts are expected when switching between
large language models with different evaluation
granularity and error tolerance, and do not affect
comparative conclusions.

B.2 Human Agreement with Automatic
Judgment

To further validate the reliability of LLM-based fac-
tual evaluation, we conduct a manual inspection on
a randomly sampled subset of 100 responses gen-
erated by MemoryOS. Each response is indepen-
dently annotated by human evaluators for factual
correctness and compared against the binary judg-
ments produced by DeepSeek-V3.2. We focus on
MemoryOS as it represents the strongest memory-
augmented agent and therefore constitutes the most
critical case for validating evaluation reliability.

Figure 4 shows the resulting confusion matrix
between human annotations and DeepSeek-based
judgments. Out of 100 samples, 86 cases receive
consistent labels, corresponding to an agreement
rate of 86%. Disagreements primarily arise in bor-
derline cases involving partial recall or implicit
temporal assumptions, where factual validity de-
pends on nuanced interpretation rather than explicit
contradiction. Overall, this analysis supports the
use of LL.M-as-a-Judge as a reliable proxy for large-
scale comparative evaluation in the NaturalMem
setting.
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Figure 4: Confusion matrix comparing human anno-
tations and DeepSeek-V3.2 factual judgments on 100
randomly sampled responses generated by MemoryOS.
Diagonal entries indicate agreement between human
evaluators and the LLM-based judge, while off-diagonal
entries correspond to disagreement cases.

C Prompt Design for Evaluation and
Agent Responses

This appendix documents the prompt templates
used in our experiments for (1) factual correctness
evaluation, (2) style consistency evaluation, and (3)
response generation by memory-augmented agents.
These prompts are designed to be minimal, explicit,
and task-specific, in order to reduce ambiguity and
avoid unintended instruction leakage.

For evaluation, we adopt a binary factual judg-
ment protocol and a graded stylistic alignment pro-
tocol, following prior LLLM-as-a-Judge practices.
For memory-augmented agents, prompts are re-
stricted to providing retrieved memory and the cur-
rent user query, without additional task-specific
instructions.

Someone is talking with you.

You have these conversation memories: {context}

At {query_timestamp}, they talk with you about: {question}
How would you respond?

Figure 5: Prompt used by A-Mem to generate responses,
where retrieved memory is provided together with the
current user query.



4 R
Your task is to label an answer as CORRECT or WRONG based on whether it

satisfies the constraint.

You will be given:

1. The question

2. The constraint for response
3. The generated answer

Evaluation rules:

- Be generous: if the answer clearly respects the constraint, mark CORRECT.

- If the answer violates any explicit restriction, mark WRONG.

- Style does NOT matter, only factual and logical compliance. Please provide an
objective and fair evaluation.

Now evaluate:

Question: {question}

Constraint: {constraint}

Generated Answer: {generated answer}

First, provide a one-sentence explanation.
Then output CORRECT or WRONG and reason.

Return JSON only:

b
"label™: "CORRECT or WRONG"
"reason": "'<short explanation>"

1}
Output MUST be exactly one JSON object and nothing else.

o J

Figure 6: Prompt used for factual correctness evaluation, where the judge determines whether a generated answer
satisfies an explicit constraint, ignoring stylistic quality.
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(You are an expert evaluator of conversational style. )
You will be given:
- A user question
- An assistant answer
- A source_show and an assistant character

Your task is to evaluate whether the assistant's answer matches the given
assistant character.

Important note: The assistant character may come from well-known television
shows, movies, or other media (e.g., characters from Friends, The Big Bang
Theory, or similar series). You are allowed and expected to use your prior
knowledge about these characters (their personality traits, typical speaking style,
emotional patterns, and behavior) to make an informed judgment.

You MUST evaluate from the following dimensions:

1. Tone and attitude (polite, warm, professional, casual, etc.)

2. Speaking style (verbosity, formality, emotional expression)

3. Role consistency (does it behave like the described assistant?)

4. Overall stylistic alignment Please provide an objective and fair evaluation.

Give a score from 1 to 5:

- 5 = Perfectly matches the assistant character

- 4 = Mostly matches with minor inconsistencies
- 3 = Partially matches

- 2 = Poor match

- 1 = Completely inconsistent

Question: {question}

source_show: {source_show}
assistant_character: {assistant_character}
Answer: {answer}

Only output a JSON object in the following format:
&

"score": <integer from 1 to 5>
"reason": "<short explanation>"

\J} J

Figure 7: Prompt used for style consistency evaluation, assessing alignment with a target assistant character on a
1-5 scale.
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