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ABSTRACT

Agent memory systems enable long-term personalization by extracting and stor-
ing user information from conversations. However, these systems are susceptible
to false memory storage, where assistant-generated content that was never con-
firmed by the user enters persistent memory. We identify a key failure mode: when
the full dialogue serves as evidence for memory verification, assistant-originated
statements can “self-verify,” passing filtering despite lacking user attestation. We
propose Speaker-Attested Grounding (SAG), a minimal intervention that restricts
the evidence corpus to user turns only during memory filtering while maintain-
ing full-dialogue extraction. On the HaluMem benchmark, SAG improves False
Memory Resistance by +11.94 percentage points (58.76% — 70.70%) with a
moderate recall tradeoff (—7.20pp). Per-source analysis reveals that 100% of
SAG’s gains come from assistant-only interference memories, confirming the tar-
geted mechanism. Ablation studies show that 47.5% of the improvement stems
from the speaker restriction itself, with the remainder from reduced evidence
length.

WARNING: This paper was generated by an automated research system. The code
is publicly availablem

1 INTRODUCTION

Agent memory systems have emerged as a critical component for enabling long-term personalization
in conversational Al (Packer et al.| 2023} |Chhikara et al.| 2025} |[Zhong et al.l |2023). By extracting
and storing user information across sessions, these systems allow agents to maintain context, recall
preferences, and provide increasingly personalized assistance over time. Recent surveys highlight
memory as one of the fundamental capabilities distinguishing sophisticated Al agents from simple
chatbots (Hu et al., [2025)).

However, agent memory systems are susceptible to a critical failure mode: false memory storage.
False memories occur when information that was never stated or confirmed by the user enters per-
sistent storage, potentially leading to incorrect assumptions, privacy violations, or degraded user
experience. The HaluMem benchmark (Chen et al., 2026) reveals that current memory systems
frequently store “interference memories”—facts mentioned by the assistant that the user does not
confirm.

We identify a root cause of this problem: assistant-originated self-verification. Standard memory
systems use the full dialogue as evidence for filtering candidate memories. When an assistant makes
a statement (whether correct or not), that statement becomes part of the evidence corpus. Con-
sequently, assistant-originated false memories can find supporting evidence in the assistant’s own
statements, passing verification despite lacking user attestation.

We hypothesize that restricting the evidence corpus to user turns only will specifically target
assistant-originated false memories while preserving legitimate memories that users actually stated.
To test this hypothesis, we propose Speaker-Attested Grounding (SAG), a minimal intervention
that changes only the evidence corpus construction—from full dialogue to user turns only—while
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keeping all other pipeline components identical. This single-variable design enables clean attribu-
tion of any performance differences to the speaker restriction mechanism.

Our contributions are as follows:

* We identify assistant-originated self-verification as a root cause of false memory storage
in agent memory systems, where assistant statements serve as evidence for their own veri-
fication.

* We propose Speaker-Attested Grounding (SAG), a minimal single-variable intervention
that improves False Memory Resistance by +11.94 percentage points on the HaluMem
benchmark.

* We demonstrate that SAG’s improvements are precisely targeted: 100% of FMR gains
come from assistant-only interference memories, with no change on user-repeated interfer-
ence.

* We provide ablation analysis isolating the speaker restriction mechanism (47.5% of gains)
from evidence length effects (52.5%), showing that SAG achieves a more favorable recall-
FMR tradeoff than length-matched baselines.

2 RELATED WORK

2.1 AGENT MEMORY SYSTEMS

Long-term memory is essential for LLM-based agents to maintain coherent, personalized in-
teractions across sessions (Wang et al., 2023; Hu et al., 2025). Early approaches such as
MemGPT (Packer et al.| 2023)) drew inspiration from operating system memory hierarchies, im-
plementing virtual context management to extend effective context beyond the LLM’s native win-
dow. MemoryBank (Zhong et al.,2023)) introduced memory updating mechanisms inspired by the
Ebbinghaus forgetting curve, enabling selective retention based on recency and importance. More
recent systems have focused on scalability and structured representations: MemO (Chhikara et al.|
20235)) provides production-ready memory with graph-based representations for capturing relational
structures, while Zep (Rasmussen et al., [2025) employs temporal knowledge graphs to maintain
historical relationships across conversations. MemOS (Li et al., [2025) proposes a comprehensive
memory operating system abstraction, and A-MEM (Xu et al., [2025) introduces agentic memory
that dynamically organizes memories through interconnected knowledge networks. These systems
typically employ a two-stage pipeline: memory extraction from conversations followed by filter-
ing or verification before storage. However, existing approaches use the full dialogue as evidence
for filtering, which allows assistant-originated content to influence verification decisions—a design
choice that our work specifically addresses.

2.2 MEMORY HALLUCINATION AND GROUNDING

Memory hallucination—where agents store information that was never stated by users—has
emerged as a critical reliability concern. (Chen et al.|(2026) introduced HaluMem, the first operation-
level benchmark for evaluating hallucinations in memory systems, revealing that existing systems
tend to generate and accumulate hallucinations during extraction and updating stages. From a se-
curity perspective, A-MemGuard (Wei et al.l |2025) addresses adversarial memory manipulation
through consensus-based validation and dual-memory structures, though it focuses on malicious in-
jection rather than organic false memory formation. The broader challenge of grounding LLM out-
puts in evidence has been extensively studied in retrieval-augmented generation (Gao et al., 2023)
and fact-checking contexts. MiniCheck (Tang et al., [2024) demonstrates efficient fact verification
by checking claims against grounding documents, achieving GPT-4-level performance with smaller
models. Our work applies this grounding principle specifically to memory filtering: rather than
verifying against the full dialogue, SAG restricts evidence to user turns only, preventing assistant-
originated content from self-verifying false memories.
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Figure 1: Speaker-Attested Grounding (SAG) pipeline. Stage 1 extracts candidate memories from
the full dialogue. Stage 2 filters each candidate by checking if it can be grounded in user turns only,
rejecting assistant-originated false memories that lack user attestation.

3 METHOD

3.1 PROBLEM FORMULATION

Agent memory systems typically operate through a two-stage pipeline. Given a dialogue transcript
D = {(r1,¢1),...,(rn,cn)} where each turn consists of a role r; € {user,assistant} and
content ¢;, the system first extracts candidate memories M = {m,...,my} from D. Each candi-
date m; is then verified against an evidence corpus E to determine whether it should be committed
to persistent storage.

The critical design choice lies in constructing the evidence corpus E. Standard approaches use the
full dialogue: Egy = {c; : (ri,¢;) € D}. However, this allows assistant-generated content to
serve as evidence for memory verification. When the assistant makes an incorrect statement, that
statement becomes part of Epy, enabling false memories to pass verification—a phenomenon we
term assistant-originated self-verification.

3.2 SPEAKER-ATTESTED GROUNDING

We propose Speaker-Attested Grounding (SAG), a minimal intervention that restricts the evidence
corpus to user turns only:

Esac = {c; : (ri,¢;) € D,r; = user} (D

The key insight is that while extraction benefits from the full dialogue context (to capture all po-
tentially relevant information), filtering should only use user-attested content as evidence. This
separation ensures that assistant-originated statements cannot self-verify during the filtering stage.

FigureI]illustrates the SAG pipeline. In Stage 1, an LLM extractor processes the complete dialogue
transcript to generate candidate memories. In Stage 2, each candidate is verified against the user-
only evidence corpus. Candidates that cannot be grounded in user statements are rejected, preventing
assistant-originated false memories from entering persistent storage.

This design constitutes a single-variable intervention: the only difference between SAG and standard
dialogue-wide filtering is the evidence corpus construction. The extraction prompt, filtering prompt,
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Table 1: Main results on HaluMem-Medium (5-user subset). SAG improves False Memory Re-
sistance (FMR) by +11.94pp over Dialogue-Wide baseline while trading off 7.20pp recall. Best in
bold.

Method Recall 1 FMR 1 F11  Avg Memories
Extract-Only 53.27 56.90 66.79 14.31
Dialogue-Wide 53.14 58.76 66.63 14.31
SAG (relaxed)  45.94 (—7.20pp)  70.70 (+11.94pp)  60.66 13.27
SAG (strict) 43.81 (—933pp)  74.42 (+15.66pp)  58.69 12.95

and all other pipeline components remain identical, enabling clean attribution of any performance
differences to the speaker restriction mechanism.

3.3 GROUNDING THRESHOLD VARIANTS

We implement two variants of SAG that offer different precision-recall tradeoffs. SAG (strict) re-
quires explicit user statements to support a memory candidate—the user must have directly stated
the information. SAG (relaxed) allows user-implied content, accepting memories that can be rea-
sonably inferred from user statements even if not explicitly stated. The strict variant prioritizes false
memory resistance at the cost of potentially missing some legitimate memories, while the relaxed
variant maintains higher recall with slightly lower filtering stringency. This configurable threshold
enables practitioners to tune the system based on application requirements: high-stakes applications
may prefer strict mode to minimize false memories, while general-purpose assistants may benefit
from the relaxed mode’s better coverage.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

We evaluate SAG on the HaluMem-Medium benchmark (Chen et al. [2026), which provides
operation-level evaluation of memory hallucinations in agent systems. The benchmark includes ex-
plicit interference memory points—facts mentioned by the assistant that the user does not confirm—
enabling direct measurement of false memory resistance.

We use a S-user subset comprising 343 dialogue sessions. For memory extraction and filtering, we
employ GPT-40-mini (Achiam et al.,[2023) with temperature O for deterministic outputs. Evaluation
uses GPT-40 as the judge model following the official HaluMem evaluation protocol.

We report four metrics: Recall measures coverage of gold user memories; False Memory Resis-
tance (FMR) measures the fraction of interference memories successfully rejected (higher is bet-
ter); F1 is the harmonic mean of Recall and FMR; and Avg Memories reports the average number
of memories stored per session.

We compare against two baselines: Extract-Only applies no filtering after extraction, and Dialogue-
Wide filters using the full dialogue (user + assistant turns) as evidence.

4.2 MAIN RESULTS

Table[T| presents the main experimental results. SAG (relaxed) achieves an FMR of 70.70%, improv-
ing over the Dialogue-Wide baseline (58.76%) by +11.94 percentage points. This substantial gain
in false memory resistance comes with a moderate recall tradeoff: recall decreases from 53.14%
to 45.94% (—7.20pp). The stricter variant, SAG (strict), achieves even higher FMR (74.42%,
+15.66pp) at the cost of additional recall loss (—9.33pp).

Notably, the Dialogue-Wide baseline provides minimal improvement over Extract-Only (FMR:
58.76% vs 56.90%), confirming that when the full dialogue serves as evidence, assistant-originated
false memories find supporting evidence and pass verification. In contrast, SAG’s user-only evidence
restriction effectively blocks these false memories from entering storage.
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SAG Improvement by Interference Source Type
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Figure 2: FMR breakdown by interference memory source type. SAG achieves +4.6pp FMR gain on
assistant-only interference (91.2% vs 86.7%) while showing no change on user-repeated interference
(both 80.5%). 100% of SAG’s overall FMR improvement comes from the assistant-only subgroup.

The two SAG variants offer a configurable precision-recall tradeoff. SAG (relaxed) accepts mem-
ories reasonably inferable from user statements, achieving better recall while maintaining strong
FMR. SAG (strict) requires explicit user attestation, maximizing false memory resistance for high-
stakes applications where memory accuracy is paramount.

4.3 PER-SOURCE ANALYSIS

To understand where SAG’s improvements originate, we analyze FMR by interference memory
source type. Of the 645 interference memories in our evaluation set, 70.9% appear only in assistant
turns (assistant-only), 27.8% are repeated by users after the assistant mentions them (user-repeated),
and 1.4% appear in neither.

Figure 2] reveals a striking pattern: SAG’s entire FMR improvement comes from the assistant-only
subgroup. On assistant-only interference, SAG achieves 91.25% FMR compared to Dialogue-
Wide’s 86.65% (+4.6pp). On user-repeated interference, both methods achieve identical FMR
(80.45%). This confirms our hypothesis: by restricting evidence to user turns, SAG specifically
targets assistant-originated false memories while leaving user-repeated interference unchanged—
exactly the behavior expected from the speaker restriction mechanism.

4.4 ABLATION STUDY

SAG’s user-only evidence corpus is shorter than the full dialogue, raising the question of whether
FMR improvements stem from the speaker restriction or simply from reduced evidence length
(which may make verification easier). To isolate these effects, we introduce a Token-Matched
baseline that truncates dialogue-wide evidence to match SAG’s average evidence length while re-
taining both user and assistant content.

Table|2| shows that Token-Matched achieves FMR of 66.98%, accounting for 52.5% of SAG’s total
FMR gain over Dialogue-Wide. The remaining 47.5% (+7.44pp) comes from the speaker restriction
mechanism itself. Notably, Token-Matched suffers severe recall degradation (33.99% vs SAG’s
43.81%), demonstrating that SAG’s approach of restricting evidence by speaker rather than by length
achieves a more favorable recall-FMR tradeoff.
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Table 2: Ablation study isolating speaker restriction from evidence length effects. Token-Matched
uses dialogue-wide evidence truncated to match SAG’s evidence length.

Method Recall t FMR 1 AFMR vs DW
Dialogue-Wide 53.14 58.76 —

Token-Matched ~ 33.99 66.98  +8.22pp (52.5%)
SAG (strict) 43.81 7442  +15.66pp (100%)

4.5 ERROR ANALYSIS

We inspected SAG’s remaining errors to understand its limitations. Among false positives (interfer-
ence memories incorrectly retained), 100% exhibit semantic overlap: the user discussed the same
topic as the interference memory, providing genuine user-turn evidence that the filter cannot distin-
guish from the false content. For example, when an assistant mentions “Martin’s sabbatical started
July 17 but the user actually stated “June 1,” both discuss sabbaticals, creating semantic overlap that
passes verification. This represents an irreducible error floor for speaker-based filtering alone.

Among false negatives (gold memories incorrectly rejected), 87% are cases where the LLM filter
missed available evidence, often due to extraction inaccuracies (e.g., wrong details in the candidate
memory) that SAG correctly rejected. Only 13% represent genuine recall losses where users implied
but did not explicitly state information. These findings suggest that SAG’s recall tradeoff is partially
offset by improved extraction quality control, and that combining SAG with semantic deduplication
could address the remaining false positives.

5 CONCLUSION

We presented Speaker-Attested Grounding (SAG), a minimal intervention that improves False Mem-
ory Resistance in agent memory systems by +11.94 percentage points through restricting the evi-
dence corpus to user turns only. Our analysis confirms that SAG’s improvements are precisely
targeted: 100% of gains come from assistant-only interference memories, validating the hypothesis
that speaker restriction addresses assistant-originated self-verification. The approach involves a re-
call tradeoff (—7.20pp) and cannot address semantic overlap failures where users discuss the same
topics as interference memories. Future work could combine SAG with semantic deduplication to
address remaining false positives while preserving the targeted benefits of speaker-based filtering.
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