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ABSTRACT

Long-term conversational memory systems require temporal awareness to retrieve
contextually relevant information from past interactions. Current approaches ei-
ther ignore temporal signals (pure dense retrieval) or require expensive LLM calls
to extract time constraints from queries. We propose Self-Anchored Temporal Fil-
tering (SATF), which infers temporal relevance from the timestamp distribution of
initial retrieval results using multi-peak Gaussian kernels weighted by reciprocal
rank. SATF soft-boosts temporally coherent items without hard filtering, requiring
zero LLM calls. On LongMemEval, SATF achieves +16.9% relative NDCG@10
improvement on temporal reasoning queries (0.584→0.683) while outperforming
GPT-4o time-range filtering across all metrics with zero API cost. SATF improves
all question types without degrading non-temporal queries, demonstrating that
temporal signals embedded in retrieval distributions can be effectively exploited
for ranking.
WARNING: This paper was generated by an automated research system. The code
is publicly available.1

1 INTRODUCTION

Long-term conversational memory is essential for AI assistants to maintain coherent, personalized
interactions across extended time periods. As user-assistant interaction histories grow beyond the
context window of language models, external memory systems with retrieval capabilities become
necessary (Packer et al., 2023; Chhikara et al., 2025). A critical challenge in these systems is tempo-
ral awareness: users frequently ask about “recent” events, “last week’s” discussions, or information
that has been updated over time. Without temporal reasoning, retrieval systems may return semanti-
cally similar but temporally incorrect results, such as restaurant recommendations from months ago
when the user asked about “last weekend.”

Current approaches to temporal-aware memory retrieval face a fundamental trade-off. Pure dense
retrieval (Karpukhin et al., 2020) ignores temporal signals entirely, relying solely on semantic simi-
larity. LLM-based temporal filtering, as proposed in LongMemEval (Wu et al., 2024), uses a strong
language model (e.g., GPT-4o) to extract time ranges from queries and filter candidates accord-
ingly. While effective, this approach incurs significant API costs (one LLM call per query) and can
over-filter, reducing recall when the extracted time range is too narrow.

We observe that the timestamp distribution of top-ranked retrieval results contains implicit temporal
signals that can be exploited without explicit temporal reasoning. If a query has temporal intent,
semantically relevant items will naturally cluster around specific time periods in the initial retrieval
results. This “self-anchored” signal—derived from the retrieval distribution itself—can identify
temporally relevant time windows without requiring LLM-based time parsing.

Based on this insight, we propose Self-Anchored Temporal Filtering (SATF), an LLM-free approach
to temporal-aware memory retrieval. SATF uses multi-peak Gaussian kernels centered at the times-
tamps of top-ranked items, weighted by reciprocal rank, to compute a temporal affinity function.
Rather than hard filtering, SATF soft-boosts items with high temporal affinity while preserving the
original ranking structure. Our contributions are:

1https://gitlab.com/fars-a/self-anchored-temporal-filtering
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• We propose SATF, a novel temporal filtering method that infers temporal relevance from
retrieval distributions using multi-peak Gaussian kernels, requiring zero LLM calls.

• We demonstrate that SATF achieves +16.9% relative NDCG@10 improvement on temporal
reasoning queries in LongMemEval, outperforming GPT-4o time-range filtering across all
metrics.

• We show that SATF improves all question types without degrading non-temporal queries,
with maximum recall degradation of only −0.014.

2 RELATED WORK

Long-Term Memory for LLMs. Enabling large language models to maintain coherent long-term
memory has emerged as a critical research direction. MemGPT (Packer et al., 2023) introduces a
hierarchical memory architecture inspired by operating systems, using LLM-managed paging be-
tween main context and external storage. Mem0 (Chhikara et al., 2025) provides a production-
ready memory layer with automatic extraction and retrieval of user-relevant information. Mem-
oryBank (Zhong et al., 2023) implements memory consolidation mechanisms inspired by human
cognition, while Generative Agents (Park et al., 2023) employ reflection-based memory for simu-
lating human behavior in interactive environments. Recent work has explored temporal aspects of
memory: Zep (Rasmussen et al., 2025) constructs temporal knowledge graphs for agent memory,
and TiMem (Li et al., 2026) proposes hierarchical memory consolidation for long-horizon conver-
sations. A-MEM (Xu et al., 2025) introduces agentic memory that autonomously organizes and
retrieves information. While these systems advance memory organization, they primarily rely on
LLM calls for temporal reasoning or do not explicitly address temporal-aware retrieval. Our work
complements these approaches by providing an LLM-free temporal filtering mechanism that can be
integrated into existing memory systems.

Temporal Information Retrieval. Temporal information retrieval addresses time-sensitive
queries in document search (Piryani et al., 2025). Traditional approaches include temporal query
understanding, time-aware ranking functions, and temporal knowledge graphs. Recent surveys (Wu
et al., 2025) have examined how memory mechanisms in LLMs relate to human temporal cognition.
However, most temporal IR methods focus on document retrieval with explicit temporal expressions,
whereas conversational memory retrieval involves implicit temporal signals embedded in interaction
patterns. Our self-anchored approach differs by inferring temporal relevance from the retrieval dis-
tribution itself, without requiring explicit temporal parsing or LLM-based time extraction.

Dense Retrieval. Dense passage retrieval (Karpukhin et al., 2020) revolutionized information re-
trieval by encoding queries and documents into dense vector representations for semantic similar-
ity search. Sentence-BERT (Reimers & Gurevych, 2019) enabled efficient sentence embeddings
through siamese networks, and subsequent work has produced increasingly powerful embedding
models such as Stella (Zhang et al., 2024). Comprehensive surveys (Zhao et al., 2022; Gao et al.,
2023) document the rapid progress in dense retrieval and retrieval-augmented generation. We build
upon dense retrieval as our base layer, using Stella embeddings for initial semantic matching, and
add temporal reranking as a lightweight post-processing step that preserves the efficiency benefits
of dense retrieval while incorporating temporal awareness.

3 METHOD

We propose Self-Anchored Temporal Filtering (SATF), an LLM-free approach to temporal-aware
memory retrieval. SATF infers temporal relevance from the timestamp distribution of initial retrieval
results and soft-boosts temporally coherent items without requiring explicit temporal reasoning.
Figure 1 illustrates the overall pipeline.

3.1 PROBLEM FORMULATION

Given a query q and a memory bank M = {(mi, ti)}|M|
i=1 where each memory item mi has an

associated timestamp ti, the goal is to retrieve the top-k items that are both semantically relevant
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and temporally appropriate to the query. Temporal appropriateness is particularly important for
queries with implicit temporal intent, such as “What restaurant did you recommend last weekend?”
or “What was my preference before the update?”

3.2 BASE RETRIEVAL

We employ dense retrieval as the base layer. Each memory item mi is encoded into a dense vector
representation using a pre-trained embedding model (Stella V5 1.5B in our experiments). Given a
query q, we compute cosine similarity between the query embedding and all memory embeddings,
producing an initial ranked list:

R = {(mi, si, ti)}Ni=1 (1)

where si is the similarity score and ti is the timestamp of item mi, sorted by si in descending order.
We retain the top-N items for temporal signal extraction.

3.3 TEMPORAL SIGNAL EXTRACTION

The key insight of SATF is that the timestamp distribution of top-ranked items contains implicit
temporal signals. If a query has temporal intent, semantically relevant items will cluster around
specific time periods. We extract this signal using a multi-peak Gaussian kernel centered at the
timestamps of top-ranked items, weighted by reciprocal rank.

For each item at rank i with timestamp ti, we define a Gaussian kernel contribution:

Ki(t) =
1

i
· exp

(
− (t− ti)

2

2σ2

)
(2)

where σ controls the temporal window width (in days). The reciprocal rank weighting 1
i ensures

that higher-ranked items contribute more strongly to the temporal signal.

The aggregate temporal affinity function is the sum over the top-N items:

A(t) =

N∑
i=1

Ki(t) =

N∑
i=1

1

i
· exp

(
− (t− ti)

2

2σ2

)
(3)

This formulation creates a multi-peak temporal distribution that naturally identifies time periods
where relevant items are concentrated, without requiring explicit temporal parsing of the query.

3.4 SOFT SCORE INTERPOLATION

Rather than hard filtering (which can reduce recall), SATF employs soft score interpolation to boost
items with high temporal affinity while preserving the original ranking structure. For each item mi

at rank i with timestamp ti, we compute the final score as:

s′i =
1

i
·
(
1 + α · A(ti)

maxj A(tj)

)
(4)

where α controls the boost strength. The normalization by maxj A(tj) ensures the temporal boost
is scale-invariant. Items are then re-ranked by s′i in descending order.

This soft reranking approach has two key advantages: (1) it preserves recall by never removing
items from the candidate set, and (2) it maintains the relative ordering of items with similar temporal
affinity, respecting the semantic relevance signal from the base retriever.

3.5 HYPERPARAMETERS

SATF has three hyperparameters: (1) N , the number of top items used for temporal signal extraction
(default: 30); (2) σ, the Gaussian kernel width in days (default: 15); and (3) α, the temporal boost
strength (default: 10). We analyze sensitivity to these parameters in Section 4.5.
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Figure 1: Overview of Self-Anchored Temporal Filtering (SATF). Given a query, SATF first per-
forms standard dense retrieval to obtain initial results with timestamps. It then computes a multi-
peak Gaussian temporal affinity kernel centered at the timestamps of top-ranked items, using recip-
rocal rank weighting. Finally, it soft-boosts items with high temporal affinity while preserving the
original ranking structure, requiring zero LLM calls.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Dataset. We evaluate on LongMemEval (Wu et al., 2024), a benchmark for long-term conver-
sational memory that includes multi-session chat histories with timestamps. We use the Long-
MemEvalM variant with 470 questions, focusing primarily on the temporal reasoning (TR) subset
of 127 questions that require retrieving evidence from specific time periods.

Base Retrieval. Following the LongMemEval setup, we use Stella V5 1.5B (Zhang et al., 2024)
as the embedding model with the “Key = Value + fact” indexing strategy, where each memory item
combines the conversation round text with extracted user facts. Retrieval is performed via cosine
similarity over dense embeddings.

Baselines. We compare against: (1) Baseline (No Filter): standard dense retrieval without tempo-
ral filtering; (2) GPT-4o Time-Range: LongMemEval’s time-aware query expansion using GPT-4o
to extract date ranges and filter candidates.

Metrics. We report Recall@k (R@k), measuring whether all gold evidence sessions are retrieved
in the top-k, and NDCG@k, a rank-sensitive relevance metric. We evaluate at k ∈ {5, 10} and
report LLM API calls as an efficiency metric.

Hyperparameters. SATF uses N = 30 anchor items, σ = 15 days for the Gaussian kernel width,
and α = 10 for the boost strength.

4.2 MAIN RESULTS

Table 1 presents the main results on the temporal reasoning subset. SATF achieves an NDCG@10
of 0.683, representing a +16.9% relative improvement over the baseline (0.584). Notably, SATF
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Table 1: Main results on LongMemEval temporal reasoning subset (n = 127). SATF achieves the
best NDCG@10 with zero LLM calls, outperforming GPT-4o time-range filtering which requires
127 API calls. Best results in bold.

Method R@5 R@10 NDCG@5 NDCG@10 LLM Calls

Baseline (No Filter) 0.591 0.795 0.539 0.584 0
+GPT-4o Time-Range 0.551 0.701 0.533 0.566 127
+SATF (Ours) 0.669 0.795 0.655 0.683 0

Table 2: Per-question-type performance breakdown (Session-level NDCG@10). SATF improves all
question types, with largest gains on multi-session and knowledge-update queries. Best improve-
ment in bold.

Question Type n Baseline +SATF ∆

Temporal Reasoning 127 0.584 0.683 +0.099
Multi-Session 121 0.580 0.740 +0.159
Knowledge Update 72 0.764 0.895 +0.131
Single-Session Preference 30 0.603 0.698 +0.096
Single-Session User 64 0.835 0.896 +0.060
Single-Session Assistant 56 0.043 0.071 +0.028

outperforms GPT-4o time-range filtering across all metrics while requiring zero LLM calls compared
to 127 API calls for GPT-4o.

The GPT-4o approach actually degrades recall (R@10: 0.701 vs 0.795 baseline) due to over-
aggressive hard filtering that removes relevant items falling outside the extracted time range. In
contrast, SATF’s soft reranking preserves recall while improving ranking quality, demonstrating the
advantage of boosting rather than filtering.

4.3 PER-TYPE ANALYSIS

Table 2 shows that SATF improves NDCG@10 across all six question types in LongMemEval. The
largest gains occur on multi-session queries (+0.159) and knowledge-update queries (+0.131), both
of which inherently involve temporal reasoning across conversation sessions. Even question types
without explicit temporal requirements (single-session-*) show modest improvements, suggesting
that the temporal signal from retrieval distributions provides useful ranking information beyond
explicit temporal queries.

4.4 DO-NO-HARM ANALYSIS

A critical requirement for any retrieval enhancement is that it should not degrade performance on
queries where the enhancement is not needed. Table 3 shows that SATF’s maximum degradation
on non-temporal query types is only −0.014 R@10 on Knowledge Updates, well within acceptable
bounds. All NDCG@10 deltas remain positive, indicating that SATF’s soft reranking approach
avoids the over-filtering problem that affects hard temporal constraints.

4.5 SENSITIVITY ANALYSIS

Figure 2 demonstrates that SATF’s performance is robust to hyperparameter settings. Across all
tested values of the confidence gating threshold γ (0.0–0.7) and temporal window fraction (0.05–
0.40), SATF achieves NDCG@10 between 0.65–0.68, consistently exceeding both the baseline
(0.584) and GPT-4o filtering (0.566). This robustness makes SATF practical for deployment without
extensive hyperparameter tuning.
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Table 3: Do-no-harm analysis on non-temporal query types. SATF maintains or improves perfor-
mance on all categories, with maximum degradation of only −0.014 R@10 on Knowledge Updates.
Negative deltas in bold.

Query Type n Act. Rate ∆ R@10 ∆ NDCG@10

Information Extraction 150 94.7% 0.000 +0.055
Multi-Session Reasoning 121 90.1% +0.066 +0.159
Knowledge Updates 72 100.0% −0.014 +0.131
Temporal Reasoning 127 96.1% 0.000 +0.099

Figure 2: SATF performance is robust across hyperparameter settings. (a) NDCG@10 vs confidence
gating threshold γ. (b) NDCG@10 vs window size (fraction of total time span). Dashed lines show
baseline and GPT-4o performance. SATF consistently outperforms both baselines across all tested
parameter values.

4.6 NEGATIVE RESULT: TIMESTAMP AUGMENTATION

We also evaluated a simpler approach: augmenting corpus items with explicit timestamp strings
(e.g., “[2024/03/15]”) before embedding. This approach significantly degrades performance (R@10:
0.520 vs 0.795 baseline), as date metadata adds noise to semantic embeddings and temporal query
expressions (“last weekend”) do not match absolute dates in embedding space. This validates
SATF’s post-hoc reranking approach over embedding-level temporal injection.

5 CONCLUSION

We presented Self-Anchored Temporal Filtering (SATF), an LLM-free approach to temporal-aware
memory retrieval that infers temporal relevance from the timestamp distribution of initial retrieval
results. Using multi-peak Gaussian kernels with reciprocal rank weighting, SATF soft-boosts tem-
porally coherent items without requiring explicit temporal reasoning. On LongMemEval, SATF
achieves +16.9% relative NDCG@10 improvement on temporal reasoning queries while outper-
forming GPT-4o time-range filtering with zero LLM calls. SATF improves all question types without
degrading non-temporal queries, demonstrating that temporal signals embedded in retrieval distribu-
tions can be effectively exploited for ranking. Limitations include evaluation on a single benchmark;
future work will explore multi-modal temporal signals and adaptive hyperparameter selection.
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