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Abstract

Retrieval-Augmented Generation (RAG) is a
mainstream approach to mitigating hallucina-
tions in Large Language Models (LLMs), yet in
dynamic real-world scenarios, such as weather
forecasting or evolving news events, existing
retrievers suffer from both temporal-semantic
misalignment and outdated-document interfer-
ence. To address this, we propose Relevance
& Recency Retrieval (Re?), a novel framework
that mitigates temporal hallucinations via two
core components: a Time-Aware Dual Rele-
vance Encoder that embeds heterogeneous tem-
poral signals into the semantic space to en-
sure retrieval fidelity, and a Conflict-Aware Re-
cency Filter that performs listwise arbitration
to identify and suppress obsolete factual ver-
sions. To rigorously evaluate this setting, we
introduce Re2 Bench, a large-scale benchmark
comprising over 1.3 million instances designed
to assess system robustness in realistic envi-
ronments where temporal constraints and con-
flicting factual versions coexist. Experiments
on three public benchmarks and Re? Bench
demonstrate that Re® consistently outperforms
the strongest baselines by an average of 9.7% in
generation accuracy, with gains of up to 25.2%
on challenging dynamic tasks, while demon-
strating robustness across diverse RAG settings.
Code and benchmark have been released to sup-
port reproducibility. !

1 Introduction

Retrieval-Augmented Generation (RAG) has
emerged as a standard paradigm to mitigate hal-
lucinations in Large Language Models (LLMs) by
grounding generation in external evidence (Lewis
et al., 2020; Bommasani et al., 2021; Guu et al.,
2020; Liu et al., 2024). While effective for static
knowledge, the reliability of RAG hinges on a crit-
ical assumption: retrieved evidence must be not
only factually accurate but also temporally valid at
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the time of the query (Oche et al., 2025; Wu et al.,
2024; Cheng et al., 2025; Liu et al., 2025).

In real-world dynamic environments, the as-
sumption of temporal validity frequently breaks
down. Following the broader, factuality-oriented
definition of hallucinations in recent LLM liter-
ature (Huang et al., 2025; Yu et al., 2025), we
distinguish temporal hallucination from standard
generation-only fabrication (where a model simply
invents unsupported claims). Instead, temporal hal-
lucination occurs when an LLM generates answers
that are factually incorrect or misleading regarding
the current state of the world, driven by the retrieval
of stale information. In such cases, the generator
faithfully relies on retrieved evidence that is topi-
cally relevant but temporally obsolete, rather than
the up-to-date ground truth.

Although recent work has explored incorporat-
ing time into RAG, existing methods either rely on
heuristic or additive temporal biases (Gade et al.,
2025; Abdallah et al., 2025) or treat time as a sep-
arate verification signal rather than an intrinsic se-
mantic dimension (Zhang et al., 2025b), limiting
their ability to model complex temporal-semantic
interactions and resolve conflicting factual versions.
We identify two fundamental retrieval-side chal-
lenges that drive these failures:

(i) Temporal-semantic misalignment. Temporal
information in large-scale corpora is often hetero-
geneous and implicit (e.g., varying granularities
or relative terms like “last year” without month or
day). Existing retrievers that treat time as a rigid
metadata filter are brittle under such ambiguity,
leading to the under-retrieval of temporally relevant
documents that lack precise timestamp matches.

(ii) Outdated document interference. Knowledge
bases must preserve historical records to maintain
complementary context (Xin et al., 2024), caus-
ing conflicting factual versions (e.g., different U.S.
presidents across years) to coexist. Standard se-
mantic matching cannot distinguish these obsolete
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versions from current ones solely based on topical
overlap, often retrieving outdated but semantically
rich documents that mislead the generator (Vu et al.,
2024; Ouyang et al., 2025).

To address these challenges, we propose Re?,
a retrieval-side framework that disentangles and
jointly models temporal relevance and recency. Re?
is designed to be robust against the noise and spar-
sity of real-world temporal data. It integrates two
complementary components that directly target the
above challenges: a Time-Aware Dual Relevance
Encoder, which injects heterogeneous temporal
signals into the semantic space via feature-wise
modulation (FiLM) and thus alleviates temporal-
semantic misalignment; and a Conflict-Aware Re-
cency Filter, which explicitly models factual ver-
sions and performs listwise arbitration over re-
trieved candidates so that the most recent consistent
versions are promoted while outdated conflicting
evidence is suppressed. To rigorously assess Re®
under realistic temporal complexity, we further con-
struct Re? Bench, a large-scale evaluation bench-
mark where heterogeneous temporal expressions
and conflicting factual versions are the norm.

Empirical evaluations on three public bench-
marks and our proposed Re? Bench demonstrate
that Re? achieves an average accuracy improve-
ment of 9.7% over state-of-the-art baselines, with
the most significant gains (up to 25.2%) on highly
dynamic tasks like NOAA weather forecasting
where conflicting factual versions are prevalent.
Furthermore, sensitivity analysis confirms that our
framework is model-agnostic, delivering consistent
improvements regardless of the underlying retrieval
backbone or generator architecture.

The contributions of this paper are as follows:

* We formalize the problem of temporal hallu-
cination as a dual challenge of misalignment
and interference.

» We propose Re?, a retrieval-side framework
that mitigates hallucinations in RAG, combin-
ing a Time-Aware Dual Relevance Encoder
and a Conflict-Aware Recency Filter. Further-
more, we construct Re2 Bench with 1.3 mil-
lion instances to rigorously evaluate future
research under this setting.

* We demonstrate through extensive experi-
ments that Re? sets a new state-of-the-art, out-
performing strong baselines by an average of

9.7% in generation accuracy and exhibiting
robustness across diverse tasks.

2 Related Work

2.1 Temporal Hallucination in RAG

While RAG effectively reduces general hallu-
cinations by grounding LLMs in external evi-
dence (Lewis et al., 2020; Guu et al., 2020; Lin
et al., 2026; Liu et al., 2026), it introduces a new
vulnerability: retrieval-induced hallucination. This
occurs when the retriever returns documents that
are misleading with respect to the query, and the
generator uncritically incorporates these retrieved
contents into its response (Yoran et al., 2024). In
time-sensitive scenarios, this manifests as tempo-
ral hallucination, where LLLMs generate obsolete
responses by attending to semantically relevant but
temporally invalid evidence (Chen et al., 2021).
Unlike temporal reasoning errors, which stem
from the outdated internal weights of LLMs (Kasai
et al., 2023), temporal hallucinations in RAG are
primarily data-driven. The core challenge lies in
the nature of real-world corpora: they are often
non-stationary and unstructured, containing con-
flicting factual versions (e.g., different Presidents
of the US) without explicit version control (Vu
et al., 2024). Existing benchmarks (Chen et al.,
2021; Wu et al., 2024) typically evaluate temporal
QA in controlled environments with clean times-
tamps. However, they overlook the poisoning effect
of outdated documents in realistic settings where
conflicting versions coexist. Our work bridges this
gap by focusing on the detection and mitigation of
such outdated evidence during the retrieval stage.

2.2 Time-Sensitive Retrieval

Traditional approaches to time-sensitive retrieval
rely heavily on lexical matching combined with
metadata filtering or decay functions. Early works
integrated publication dates into ranking functions
(e.g., recency priors) to favor newer documents (Li
and Croft, 2003; Zhang et al., 2025a). In the neural
era, methods have evolved to incorporate times-
tamps as distinct modalities. For instance, previous
works have proposed creating time-aware embed-
dings by concatenating timestamp vectors with se-
mantic embeddings (Rosin et al., 2017; Gade et al.,
2025; Abdallah et al., 2025; Zhang et al., 2025b)
or using dedicated temporal knowledge graph em-
beddings (Goel et al., 2019).

However, applying these methods to RAG faces

25736



-

Temporal Encoding

Relevance

Query ( = o 5 A NOAA forecast predicts Shreveport will AN

How will the weather be in # & = experience a chance of showers... é 1

b ok uery Time

Shreveport on November 30, 20257 Dov Time Enhancement | NOAA's weather forecast for Shreveport @

- El __________________ > issued on November 24, indicates.. 2

Document 1 Linear Mapping ourier Encoding

Time Extraction Retrieval Shreveport's weather for November 30, @

o s e [ ED according to the NOAA forecast.. 3

/ # Doc Time
Knowmd e \ Issued on November 19, 2025, the NOAA@ J
Base 9 @ Document N \. e forecast for Shreveport calls for... k /
1
= e e e 1
/ ! Recenc
A4 Y\ [Prompt . Golden Answer:
Slot 2 Query:How will the weather Partly Sunny, 48°F
@ Retrieved Docs Slot 1 @ . Slot 1 léele Generating Answer:
5 uesy Partly sunny with a predicted
roupin . g

Fact Extractlon G- f)LiF-J g @ 1 Scoring _@_ I Doc 1: Shreveport's weather high temperature of 48°F.

; Ej
(Shreveport, 2025.11.30, 3
Partly Sunny and 48°F)

s

for November 30, according to (==

the NOAA forecast...

Doc 2: Issued on November
‘ 19, 2025, the NOAA forecast

for Shreveport on...

Figure 1: Overview of Re® (Relevance & Recency Retrieval). Given a time-sensitive query, Re? first extracts
temporal signals from both the query and candidate documents, and encodes timestamps into temporal embeddings
that modulate semantic representations in the Time-Aware Dual Relevance Encoder. The retrieved documents are
then refined by a Conflict-Aware Recency Filter, which groups extracted facts into slots, identifies the most recent
factual versions based on publication time, and filters outdated evidence before generation. After recency refinement,
the remaining evidence enables the RAG system to produce temporally correct answers.

two significant hurdles. First, most existing time-
aware retrievers assume the availability of struc-
tured, complete timestamps (e.g., YYYY-MM-DD)
for all documents. They struggle with the hetero-
geneity of real-world data, where temporal signals
may be implicit, coarse-grained (year only), or
missing entirely (Gao et al., 2024). Second, current
reranking strategies often treat recency as a global
heuristic (newer is better), failing to distinguish
between timeless facts (which do not expire) and
transient facts (which become outdated). Recent
works like MRAG (Zhang et al., 2025b) attempt to
handle multi-aspect retrieval but lack specific mech-
anisms for fact-level version control. In contrast,
our Re? framework explicitly models time as a con-
tinuous semantic feature to handle heterogeneous
signals and employs a conflict-aware mechanism
to filter outdated versions specifically.

3 Re?: Relevance & Recency Retrieval

As shown in Figure 1, Re? tackles temporal hal-
lucination in RAG through a retrieval-side frame-
work with relevance and recency modeling. The
relevance module incorporates temporal signals to
enhance semantic embeddings, while the recency
module filters outdated documents by reasoning
over conflicting versions.

3.1 Preliminaries

We introduce the basic notation and retrieval setting
used throughout this work.

Data Representation. Let ¢ denote a user query
and d a document. A query g consists of query
content g, and an associated query time ¢, which
may be partially missing. Each document d con-
tains document content d., a document time d;
mentioned in or associated with the content, and
a publication time dy,,;,. In real-world corpora, d;
may be incomplete or heterogeneous, while dp,y,
is always available and provides a reliable chrono-
logical order among document versions.

Retrieval and Generation. A retriever is de-
signed to encode the contents of the query and
documents using a shared encoder Enc(+):

q = Enc(q.), d = Enc(d,), (1

and computes semantic relevance via inner product

(q,d).

Documents are ranked by sser, and the top-k re-
sults are retrieved.

Given a query ¢ and its retrieved documents
{di,...,d}, a generator Gen(-) produces an an-
swer by conditioning on them:

Ssem(% d) = (2)

a = Gen(Prompt(qC, dcu s 7dck))’ (3)
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where a denotes the generated output. As a result,
retrieval quality directly determines the evidence
available to the generator, and temporal hallucina-
tions can be induced by incorrect evidence.

Assumptions on Temporal Ground Truth. Our
framework operates under the well-defined assump-
tion that the underlying corpus consists of authorita-
tive, time-series sources where the chronologically
latest record for a given entity or event represents
the current ground truth. Our primary objective
is to prevent outdated, albeit once-correct, records
from misleading the generator. Consequently, sce-
narios where the most recent document itself con-
tains false or adversarial information are intention-
ally considered out of scope. Addressing misin-
formation, multi-source conflicts, or source unre-
liability requires orthogonal techniques, such as
cross-source contradiction detection and source-
reliability estimation. We consider these credibility
challenges complementary to our focus on resolv-
ing temporal outdatedness and further discuss these
boundaries in our Limitations section.

3.2 Temporal Parsing and Normalization

To bridge the gap between queries and time-
sensitive retrieval, this module transforms diverse
temporal mentions—ranging from precise dates to
coarse-grained eras—into actionable constraints.
Let = denote an input text sequence. Our
goal is to parse x into a standardized tuple
T = (y,m,dom,v), where y, m, dom represent
the year, month, and day-of-month, and v =
(Vy, Vm, Vaom) € {0, 1}3 is a binary mask vector in-
dicating the availability of each component. Unlike
rigid rule-based parsers, we employ a Transformer-
based temporal extractor to handle implicit or multi-
granular expressions. Specifically, we encode =
using a pre-trained encoder (e.g., BERT) to ob-
tain the global representation hcrg. This embed-
ding is then fed into parallel linear classification
heads to predict the probability distributions for
year, month, and day-of-month independently. For
coarse-grained inputs like “the 1990s”, the model
predicts a representative year (e.g., y = 1995)
while setting the month/day-of-month masks to
7ero (U, = Vdom = 0). Similarly, “May 2024 is
normalized to (y = 2024, m = 5) with v, = 0.

3.3 Time-Aware Dual Relevance Encoder

Standard dense retrievers often ignore temporal dis-
crepancies during embedding. To overcome this,

we propose a time-aware encoder that fuses contin-
uous temporal signals into the semantic representa-
tion via a modulation mechanism.

Continuous Time Representation. Given the
parsed temporal tuple 7 = (y, m,dom,v), we
construct a continuous time embedding ey € RD,
We compute doy only when all three components
(y,m,dom) are available. Specifically, we in-
dependently encode four temporal components
(year, month, day-of-month, day-of-year), project-
ing each into a sub-space of dimension D /4.

For the non-cyclic year y, we employ a normal-
ized linear projection via an MLP:

h, = MLP, (y_“y>®vy )

Oy

where i, o, are corpus statistics, and v, € {0, 1}
is the corresponding mask bit from v. Similarly,
dom is mapped to a dense vector hy,,, via a learn-
able embedding table to capture discrete irregulari-
ties, masked by vy, -

For cyclic components (month m and day-of-
year doy), we utilize projected sinusoidal em-
beddings to capture periodicity. Unlike standard
multi-frequency positional encodings, we explicitly
model the fundamental period T' of each compo-
nent. Specifically, we first extract the fundamental
cyclic features for a scalar input z:

o(z,T) = [Sin (T) , COS <2;x>} e R?.

&)

We then obtain the embeddings for month (7' = 12)
and day-of-year (I' = 366) by projecting these
features through learnable linear transformations:

hy, = @(m, 12) Wi, © vy, ()
hoy = ¢(doy, 366) W 4oy © Existaoy.  (7)

Here, W,,,, Wy, € R2%(D/4) are learnable pro-
jection matrices mapping the 2D cyclic signals into
the embedding space. Note that for the implicit day-
of-year component, the mask Exist g, is active (1)
only if the full date y, m, dom is available.

Finally, we concatenate these four vectors to
form egme = [hy; Iy haom; haoy]. Crucially, un-
observed components are embedded to zeros, en-
suring that the temporal modulation remains robust
to missing values and adapts to the variable granu-
larity of real-world queries.
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Temporal-Semantic Fusion via FiLM. Let
€sem € R be the semantic embedding from a
pre-trained transformer. We inject temporal in-
formation using Feature-wise Linear Modulation
(FiLM) (Perez et al., 2018). Unlike simple concate-
nation, FiLM allows the time signal to scale and
shift specific semantic dimensions:

Vs B = MLPproj(etime)a (8)

€final = (1 + 047) © €sem + 6 (©)]

Here, v, 3 € RP are the scaling and shifting coeffi-
cients derived from time, and « is a learnable scalar
controlling the strength of temporal modulation.
Intuitively, the scaling factor v highlights dimen-
sions sensitive to time (e.g., “president”), while
the shift 3 re-orients the representation towards
the specific era (e.g., “2020s context”). The term
(1 4 ...) creates a residual-like structure, ensur-
ing that the model retains strong semantic capa-
bilities even when temporal signals are weak. We
£2-normalize the final embeddings.

Training Objective. We train the dual encoder
with a joint objective that combines semantic dis-
crimination with temporal robustness. The primary
component is a symmetric InfoNCE loss (van den
Oord et al., 2019; Zhou et al., 2025), which aligns
each query ¢ with its positive document d™ against
in-batch negatives:

1

Lnce = = (»Cqﬁd + Ed%q)v

5 (10)

where £, is the cross-entropy loss over rows
of the similarity matrix s(g;,d;) = <ez(~q), e§d)> /T
with the diagonal as positives, and L, is defined
analogously over columns.

To encourage temporally consistent rankings, we
add a margin-based regularizer that enforces the
positive pair to score higher than the hardest in-
batch negative. Let B denote the batch size. We
minimize the average margin loss over the batch:

B
1
Chara = & Z;max (0, 6+s;7 —s), AD

where s;” denotes the maximum similarity between
¢; and any standard in-batch negative (i.e., positive
documents paired with other queries in the same
batch), and sj is the similarity of the matched
query—document pair. ¢ is a margin hyperparameter
enforcing a minimum separation.

Then we add a separate margin loss for explicitly
retrieved time-wrong negatives. Here, d™ denotes
the positive document paired with query ¢, and dy,,
denotes the time-wrong negative document specif-
ically retrieved for the same query (disjoint from
standard in-batch negatives):

B
1 _
»th = E ‘i 1 max (0, ) + <q@, dtw,i> - <Q’L7 d:_>)

(12)

The final objective is a weighted sum, where

Ahard and Ay control the contributions of the two
margin-based regularizers:

L= »Cnce + )\hard»Chard + >\tw['tw' (13)

3.4 Conflict-Aware Recency Filter

While the Time-Aware Encoder improves retrieval
relevance, it cannot filter out outdated documents.
As formally defined in preliminaries, our frame-
work assumes that within credible corpora, the
chronologically latest version of conflicting facts
supersedes prior ones. We introduce a Recency Fil-
ter that explicitly models factual versions and sup-
presses outdated information within the retrieved
candidates.

Efficient Listwise Fact Extraction. Given the
query ¢ and the initial top-k candidates Dy, re-
trieved by the encoder, we concatenate their
contents and feed the resulting sequence into a
lightweight LLM (e.g., Llama-3-8B) and then ex-
tract relevant factual triples (h,r,v) in a single
inference pass. Our listwise approach processes all
k candidates in a single LLM forward pass. More-
over, processing documents jointly allows the LLM
to implicitly perform entity resolution (e.g., align-
ing "Biden" with "Joe Biden"), ensuring consistent
version comparison.

Conflict-Based Filtering. With the extracted
facts grouped by relation (h, ), we identify the
most current version within each group by dpyp,.
Then we refine the candidate list by filtering out-
dated documents. For a conflict cluster, we desig-
nate the version v* associated with the latest publi-
cation timestamp as the winning version.

Based on this ground truth, we compute a re-
cency vote Srec(d) for each document d:

+1, if d supports v*,
Srec(d) = —1, if d supports v' # v*, (14)
0, otherwise.
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TimeQA Nobel-TSRAG HoH

Model R@5 MRR Acc R@5 MRR Acc R@5 MRR Acc

BM25 0.3843 0.2725 0.1996 0.5720 0.3987 0.4049 0.5825 0.4698 0.4887
BGE-M3 0.8290 0.5912 0.7272 0.8718 0.6618 0.7879 0.7900 0.5600 0.5900
BGE-reranker 0.8370 0.6224 0.7314 0.8764 0.6644 0.7932 0.8438 0.6178 0.6025
TempRALM 0.8403 0.6006 0.7106 0.8348 0.6023 0.7579 0.7900 0.5600 0.5900
TempRetrieval 0.8728 0.6117 0.7360 0.8741 0.6641 0.7811 0.7900 0.5600  0.5900
MRAG 0.8448 0.6014 0.7001 0.8415 0.6128 0.7684 0.7900 0.5600 0.5900
LoRA 0.6886 0.4618 0.6943 0.9000 0.7171 0.8299 0.7537 0.5226 0.5775
Re® 0.9280 0.6891 0.7743 0.9453 0.7243 0.9092 0.7900 0.5600 0.6339

Table 1: Main results on public benchmarks. We report Recall@5 (R@5), Mean Reciprocal Rank (MRR), and
Accuracy(Acc). On HoH, queries contain no temporal signals, causing all temporal retrievers to degenerate to
their corresponding base retrievers as their retrieval metrics (R@5, MRR) are identical, while the recency-aware
component of Re? remains effective and yields non-trivial Accuracy. Best results are highlighted in bold.

Re? Bench-NYC

Re? Bench-COVID

Re? Bench-NOAA

Model R@5 MRR Acc R@5 MRR Acc R@5 MRR Acc

BM25 0.2100 0.1422  0.1925 0.4812 03111 04138 0.3938 0.2568 0.3387
BGE-M3 0.6087 0.4524 0.5825 0.8775 0.5658 0.8438 0.5625 0.3598 0.4977
BGE-reranker 0.7850 0.6972 0.7837 0.8588 0.6034 0.8313 0.7550 0.3942 0.6625
TempRALM 0.8712 0.7678 0.8263 0.8812 0.6800 0.8370 0.6262 0.3946 0.3625
TempRetrieval 0.8650 0.8091 0.8137 0.8762 0.6489 0.8012 0.7300 0.4490 0.4238
MRAG 0.8662 0.7664 0.8263 0.8920 0.6803 0.8062 0.6350 0.3973 0.3575
LoRA 0.8937 0.6350 0.7800 0.8611 0.6354 0.8520 0.8925 0.5167 0.6975
Re® 0.9248 0.8906 0.8788 0.9525 0.7215 09112 0.9625 0.5929 0.8732

Table 2: Main results on Re? Bench, which evaluates the impact of retrievers on mitigating temporal hallucination in
RAG. We report Recall@5 (R@5), Mean Reciprocal Rank (MRR), and Accuracy(Acc). Best results are highlighted

in bold.

We then apply a threshold-based filtering rule:
documents with sp.(d) < 0 are removed from
the candidate set, ensuring that only temporally
consistent evidence reaches the generator.

4 Experiments

4.1 Experimental Settings

Re? Bench. Standard benchmarks often lack the
complexity required to evaluate temporal halluci-
nations under realistic conditions. To rigorously as-
sess retrieval robustness, we construct Re2 Bench, a
large-scale benchmark comprising 1.3M instances
from three time-sensitive domains: NYC Motor Ve-
hicle Collisions (New York City Open Data, 2025),
COVID-19 statistics (Mathieu et al., 2021), and
NOAA weather forecasts (National Oceanic and
Atmospheric Administration, 2025).

Domain Instances Primary Challenge
NYC 500K Relevance
COVID 430K Recency
NOAA 360K Relevance & Recency

Table 3: Re? Bench statistics across three domains.
The construction consists of three key stages:

* Data Cleaning & Normalization: Raw
records are parsed into structured tuples. To
mirror real-world temporal heterogeneity, we
randomly mask explicit dates in a subset of
documents, forcing models to rely on coarse-
grained or implicit temporal cues.

* Negative Construction via Tuple Perturba-
tion: To facilitate contrastive learning and
evaluate retrieval robustness, we systemati-
cally perturb specific attributes of the source
tuples to generate highly realistic hard neg-
atives. Specifically, we create two primary
types of negatives: (i) Time-wrong negatives,
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generated by shifting the timestamp while
maintaining spatial and semantic attributes;
and (ii) Entity/Attribute-wrong negatives, gen-
erated by altering non-temporal dimensions
(e.g., location or status) while keeping the
time constant. An illustrative example for the
NOAA domain is shown in Table 4. These
controlled perturbations yield hard negatives
that maintain high topical similarity with the
query but are factually incorrect, thereby rigor-
ously testing the model’s temporal sensitivity.

* LLM-Driven QA Synthesis: We leverage
Large Language Models (LLMs) to generate
diverse natural language queries and docu-
ments conditioned on these structured tuples
(including the positive answer and the per-
turbed negatives). This ensures the resulting
benchmark contains rich linguistic variation
while strictly preserving the controlled factual
and temporal constraints.

Candidate Type Tuple Representation

(2025-11-20, NYC, rainy, 12°C)
(2025-11-19, NYC, rainy, 9°C)
(2025-11-20, Boston, sunny, 12°C)

Positive Answer
Time-wrong
Location-wrong

Table 4: An illustrative example of candidate construc-
tion via tuple perturbation. The perturbed attributes are
highlighted in bold. These tuples are subsequently con-
verted into natural language documents.

The final benchmark statistics are summarized
in Table 3. NYC and COVID primarily stress-test
temporal-semantic misalignment through heteroge-
neous timestamps, while NOAA additionally intro-
duces outdated documents for the same query. As
a result, NOAA yields dense clusters of conflicting
factual versions. The detailed construction process
is presented in Appendix A.

Public datasets. We additionally evaluate on
three established datasets: (1) TimeQA (Chen
et al., 2021), which evaluates temporal reason-
ing over explicit time expressions; (2) Nobel-
TSRAG (Wu et al., 2024), derived from Nobel
Prize archives with explicit year constraints; and (3)
HoH (Ouyang et al., 2025), which focuses on out-
dated documents detection without explicit query-
side temporal signals.

Baselines & Metrics. BM25 (Robertson and
Zaragoza, 2009) serves as a traditional lexical base-
line. For dense retrieval, we adopt vanilla BGE-

M3 as the base encoder, and evaluate several time-
aware extensions, including TempRALM (Gade
et al.,, 2025) (temporal bias term), TempRe-
trieval (Abdallah et al., 2025) (temporal embed-
ding concatenation), MRAG (Zhang et al., 2025b)
(temporal constraint decomposition), and a LoRA-
based dense retriever (Hu et al., 2022) with tempo-
ral supervision. BGE-reranker is used as a cross-
encoder reranking baseline.

For retrieval performance, we report Recall@5
(R@5) and Mean Reciprocal Rank (MRR). For
end-to-end QA evaluation, we use accuracy as the
primary metric, measuring whether the generated
answer exactly matches the gold answer, following
common practice in RAG systems (Chen et al.,
2021; Wu et al., 2024).

RAG Configuration. We adopt a unified RAG
setup. We use BGE-M3 (Li et al., 2023; Chen
et al., 2024) as the shared backbone for all time-
aware dense retriever baselines. We retrieve the
top-5 documents for answer generation, as prior
studies show that large language models primarily
rely on the top-ranked few passages (Reichman and
Heck, 2024; Zhao et al., 2024). Across all RAG-
based baselines and Re®, we fix the generator to
DeepSeek-V3.2 (DeepSeek-Al et al., 2025). To en-
sure that dp,y, is visible to all models, we explicitly
annotate each document with its dp,y, (if available)
in the prompt, and instruct the model to prioritize
the most recent documents.

4.2 Main Results

Table 1 and Table 2 summarize the performance
of Re? against state-of-the-art baselines across six
diverse datasets. We also provide a detailed case
study in Appendix B. Overall, Re? establishes a
new state-of-the-art, achieving the highest accu-
racy and Recall@5 in 5 out of 6 benchmarks. We
structure our analysis into three key observations:

Performance on Public Temporal Datasets. On
standard benchmarks with explicit timestamps
(TimeQA and Nobel-TSRAG), Re? demonstrates
substantial improvements over existing temporal re-
trievers. Compared to TempRetrieval and MRAG,
which rely on separate temporal scoring or addi-
tive biases, Re? improves Recall@5 by 5.5% on
TimeQA and 7.1% on Nobel-TSRAG. This indi-
cates that our Time-Aware Dual Relevance En-
coder, which fuses temporal signals via deep mod-
ulation, captures temporal-semantic interactions
more effectively than loose coupling strategies.
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Adaptability to Implicit Temporal Signals. On
the HoH dataset, queries typically lack explicit tem-
poral constraints, serving as a stress test for model
adaptability. Most temporal retrievers (e.g., Tem-
pRetrieval, MRAG) simply degenerate to their base
backbone (BGE-M3) in metrics. However, Re? dis-
tinguishes itself in the final generation phase by the
Recency Filter, achieving an accuracy of 0.6339
compared to the base retriever’s 0.5900. This sug-
gests that even in the absence of explicit query
timestamps, our recency filter contributes by filter-
ing out outdated documents that might otherwise
distract the LLM.

Robustness in High-Conflict Environments.
The advantages of Re? are most pronounced on
Re? Bench. On the NOAA dataset (weather fore-
casting), where distinguishing the "latest" forecast
from "past" ones is critical, semantic-only retriev-
ers (e.g., BGE-M3) and standard temporal base-
lines fail significantly (Acc < 0.5). In contrast, Re3
achieves a remarkable 0.8732 accuracy, doubling
the performance of TempRetrieval (0.4238). This
massive gap validates the necessity of our Conflict-
Aware Recency Filter: while other models retrieve
a mix of daily forecasts, Re? explicitly arbitrates
version conflicts, ensuring the generator receives
only the most current evidence.

4.3 Ablation Analysis

Group Y.Acc M.Acc D.Acc EM

NYC-Q 0992 0990  0.991 0.989
NYC-D 0986 0985 0.983 0.981
NOAA-Q 0985 0982 0988  0.982
NOAA-D 0981 0988 0985 0.980

Table 5: Performance of temporal parsing.

Effect of Temporal Parsing. We compare the
timestamps extracted by the Temporal Parsing mod-
ule against the timestamp information used when
generating the questions and documents. We eval-
uate the parsing quality on NYC and NOAA (rep-
resenting heterogeneous signals). As shown in Ta-
ble 5, Acc represents accuracy for time prediction,
EM denotes exact-match accuracy over all compo-
nents. Results are shown for both query-side (Q)
and document-side (D) inputs. The parser achieves
over 98% Exact Match (EM) accuracy across both
datasets. This near-perfect performance validates
that our lightweight parsing strategy effectively en-
sures that downstream modules receive accurate
inputs for masking and encoding.

I Base—RAG [ Recency—-RAG [ Relevance-RAG [ Re*-RAG

b. Module Ablation (End-to-End Accuracy)
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Figure 2: Impact of modules on end-to-end accuracy.

Effect of Relevance & Recency Modules. We
further analyze the individual contributions of the
two modules. As illustrated in Figure 2, the Rele-
vance Encoder alone provides a substantial accu-
racy improvement over the base RAG. The Recency
Filter is particularly effective in scenarios where
outdated or conflicting documents are present (e.g.,
NOAA). In cases where no outdated evidence ex-
ists, it remains largely neutral and does not degrade
performance. This highlights their complementary
roles: Relevance acts as a coarse-grained semantic-
temporal filter, while Recency acts as a fine-grained
conflict resolver, suppressing outdated versions that
semantically survived the first stage.

4.4 Efficiency and Cost Analysis

A valid concern regarding our Conflict-Aware Re-
cency Filter is the computational overhead of in-
troducing an intermediate LLM. We analyze the
trade-off between latency, cost, and performance on
the NOAA dataset, comparing standard RAG (re-
trieval + GPT-40 generation) against Re? (retrieval
+ Llama-3-8B filtering + GPT-40 generation).

As shown in Table 6, although Re? incurs addi-
tional latency for dual-encoder retrieval (+0.03s)
and listwise filtering (+1.66s), this investment
yields a 58.2% reduction in input tokens. By purg-
ing outdated and conflicting contexts before gener-
ation, Re? significantly lowers the operational cost
(API usage) and accelerates the final generation
step (-0.90s). Crucially, the filtering is performed
by a locally deployed, lightweight Llama-3-8B,
which is sufficient for listwise arbitration without
requiring expensive proprietary models. Further-
more, as indicated in our ablation study (Sec. 4.3),
the Recency module is detachable; for static knowl-
edge bases with minimal temporal conflicts, it can
be bypassed to recover zero-latency overhead, of-
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fering a flexible deployment strategy for diverse
real-world constraints.

Metric |Std. RAG Re’ | A
Retriever Latency (s) 0.15 0.18| +0.03
Filter Latency (s) - 1.66| +1.66
Generator Latency (s) 3.04 2.14| -0.90
Total Latency (s) 3.19 3.98| +0.79
Avg. Input Tokens 991 414 | -58.2%

Table 6: Cost-benefit analysis on NOAA.
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Figure 3: Robustness analysis on Re? Bench.

4.5 Robustness Analysis

We further examine the robustness of Re? by vary-
ing its key components while keeping all other
settings fixed. Specifically, we analyze both the
retrieval backbone and the generator, and addition-
ally introduce a strong baseline for reference. As
shown in Figure 3, we choose BGE-reranker, one
of the best-performing base models, as the compar-
ison baseline, and compare it with Re? instantiated
with different retrieval backbones (e.g., BGE, ES,
and BERT) and different generators (e.g., Qwen,
LLaMA, Doubao, and Gemini).

The results reveal two clear findings. (i) Re3
consistently outperforms the BGE-reranker base-
line on all three datasets under all tested model
variants, demonstrating that the gains of our frame-

work are not tied to a particular model choice. And
(i1) although stronger backbones or generators may
bring marginal additional improvements, the over-
all performance trends remain highly consistent.
Different backbones lead to only moderate fluctu-
ations, and different generators introduce limited
variation without changing the relative ranking pat-
tern across datasets.

Overall, these observations demonstrate that Re?
is model-agnostic: its effectiveness does not de-
pend on a specific retrieval backbone or genera-
tor, but generalizes reliably across different design
choices.

5 Conclusion

This work identifies retrieval-side misalignment as
a primary cause of temporal hallucinations in RAG.
To address this, we propose Re?, a framework that
jointly models relevance and recency to filter in-
correct evidence. Re? consistently outperforms
strong baselines on both public datasets and our
new Re? Bench, proving effective across diverse
backbones and generators. Our findings underscore
that principled temporal modeling is essential for
building trustworthy RAG systems in dynamic en-
vironments.

6 Limitations

The Recency module in our framework operates un-
der the assumption that within credible corpora, the
chronologically latest version of conflicting facts
supersedes prior ones. While this assumption is rea-
sonable for the official and authoritative datasets
used in this work, its applicability in real-world sce-
narios faces challenges. Defining and identifying
“credible” databases is non-trivial, and even official
sources may suffer from issues such as data sparsity,
delayed updates, or missing records, which could
undermine the reliability of our recency-based fil-
tering.

Furthermore, our framework is explicitly opti-
mized for time-sensitive queries targeting the cur-
rent factual state (i.e., “now-focused” QA). Con-
sequently, a notable limitation is its direct applica-
bility to tasks requiring historical reasoning (e.g.,
“What was the forecast last week?””) or multi-time
aggregation, where blindly filtering for recency is
inappropriate. Although our underlying Temporal
Encoder remains active in such cases to correctly
ground queries and documents in the past, handling
these scenarios requires relaxing or disabling the
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inference-time weighting (a) of the Recency Fil-
ter. Future work could explore query-aware routing
mechanisms to dynamically adjust this recency bias
based on the temporal intent of the query.

Another limitation lies in the computational over-
head introduced by the Conflict-Aware Recency
Filter. Although we employ a lightweight LLM to
process the query and candidate documents in a
listwise manner, this step inevitably increases in-
ference latency compared to pure vector retrieval.
While we argue that this efficiency trade-off is
acceptable for the significant gains in generation
faithfulness, it may still pose a bottleneck for high-
concurrency or strictly low-latency applications.

Finally, the complexity of temporal parsing re-
mains a challenge. Real-world texts often con-
tain ambiguous temporal signals, such as multiple
timestamps within a single sentence or implicit
time cues that are difficult to resolve to absolute
dates. Errors in temporal extraction can propa-
gate downstream, leading to misalignment in the
Time-Aware Encoder or incorrect version arbitra-
tion. Additionally, our reliance on publication
timestamps (d,,;) assumes their availability and re-
liability. While our contrastive training enables the
model to gracefully degrade by leveraging content-
based temporal signals when explicit metadata is
missing, heavily noisy or manipulated publication
dates in open-domain web settings can still com-
promise the robustness of our filtering mechanism.

7 Ethical Considerations

Our work proposes the Re? framework to mitigate
temporal hallucinations in RAG systems and intro-
duces the Re? Bench, utilizing data from public
domains such as NYC motor vehicle collisions,
COVID-19 statistics, and NOAA weather forecasts.
We have ensured that our use of these datasets com-
plies with their respective licenses and terms of use.
We honor the ethical code set out in the ACL Code
of Ethics and have prioritized the responsible use
of data throughout this research.

Despite the goal of improving factual reliabil-
ity, there are potential broader impacts to consider.
The “latest is correct” heuristic, if applied blindly,
carries the risk of amplifying misinformation in
scenarios involving data poisoning or timestamp
manipulation. Furthermore, the suppression of out-
dated versions by the Recency Filter might inad-
vertently obscure historical context or alternative
perspectives in tasks that require a comprehensive

view of evolving events. Finally, the reliance on
LLMs for fact extraction and arbitration inherits
the inherent biases and potential for hallucination
present in these models, which could lead to sys-
tematic errors in evidence selection. We encour-
age practitioners to implement safeguards, such as
cross-referencing multiple sources and maintain-
ing audit trails for filtered content, when deploying
such systems in sensitive domains.

As for use of Al Assistants, we used large lan-
guage models (e.g., ChatGPT) for language polish-
ing and paraphrasing to improve the clarity of our
manuscript. All core ideas, methods, experiments,
and analyses were conducted by the authors.
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A Construction Pipeline of Re? Bench

We construct the Re? Bench datasets through a rig-
orous pipeline designed to simulate real-world tem-
poral inconsistencies and factual conflicts. The pro-
cess begins with source-specific ingestion, where
raw data from diverse domains (traffic reports for
NYC, epidemiological statistics for COVID, and
meteorological forecasts for NOAA) is parsed into
a unified structured format. This structured data
serves as the “ground truth” backbone for our gen-
eration process.

A core design principle of our pipeline is the
decoupling of temporal context from explicit times-
tamps. While the structured records contain precise
dates (e.g., YYYY-MM-DD), we employ a “tem-
poral masking” strategy during the document gen-
eration phase. For a subset of documents, explicit
dates are replaced with natural language variations
(e.g., “early May”, “last Friday”, or relative terms),
forcing retrieval models to align implicit tempo-
ral cues with the query’s constraints rather than
performing simple string matching.

To rigorously test model robustness against hallu-
cinations and outdated information, we implement
a Conflict Injection mechanism. For every positive
document-query pair, we programmatically gener-
ate “hard negatives”—documents that are semanti-
cally highly similar to the positive ground truth but
factually contradictory. These contradictions are
not random; they are generated by systematically
perturbing specific attributes (such as the event
date, location, or metric type) while keeping the
surrounding context identical. This ensures that the
negatives are “plausible but false,” mimicking the
challenging retrieval scenarios found in large-scale
web indices.

Finally, we utilize Large Language Models
(LLMs) to bridge the gap between structured data
and natural language. We employ a dual-prompting
strategy: one set of prompts transforms structured
records into narrative-style “documents” (simulat-
ing news reports, logs, or bulletins), while a sepa-
rate, distinct set of prompts generates “user queries”
that seek specific information contained within
those documents. This separation ensures linguis-
tic diversity and prevents the model from learning
trivial artifacts between the document and query
distributions. The overall procedure is formalized
in Algorithm 1.

Algorithm 1 Data Generation and Conflict Injec-
tion Pipeline

Require: Raw records R, LLM generator G
1D+ 0,00
2: for each event cluster C'in R do

3: 1t < SELECTPOSITIVE(C')
Step 1: Data Normalization & Masking
4: Tinask —
GENERATEDATEVARIANTS (DATE(r "))
5: d" <+ G(PARAPHRASE, 7", Tihask)
Step 2: Conflict Injection
6: N <+
: 1, < PERTURB(r™, date shift At)
T, — PERTURB(r, attr €
{location, metric})
9: for v~ in {r, ,r_ } do
10: d~ < G(PARAPHRASE, ")
11: N+ Nu{d}
12: end for
Step 3: LLM-driven QA Synthesis
13: q + G(QUERYGEN, TARGETFACT(r™))

14: D+ DU{dt}UN
15: Q<+ QU{(¢q,d"T,N)}
16: end for

A.1 Dataset: Re2 Bench-NYC

Data Source. We source traffic incident data from
the “Motor Vehicle Collisions - Crashes” database,
managed by the New York Police Department
(NYPD)? and hosted on NYC Open Data. This
comprehensive dataset records details of vehicle
collisions in New York City, including the date,
time, borough, street names, and specific casualty
counts (pedestrians, cyclists, and motorists). The
raw data is updated daily and contains over 2 mil-
lion records with 29 attributes per entry.

Preprocessing Pipeline. To ensure data quality
and consistency for retrieval tasks, we implement a
specialized cleaning pipeline that transforms raw
CSV records into structured JSON objects.

1. Schema Normalization: The raw CSV
schema is non-stationary, with column names
varying across versions (e.g., “CRASH DATE”
vs. ‘“crash_date”). We employ a mapping
strategy to unify these fields into a canonical
schema.

2. Field Parsing & Validation:

» Temporal Standardization: Original date
strings (e.g., “MM/DD/YYYY”) are

Zhttps://opendata.cityofnewyork.us/
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Content

Query

How many pedestrians were injured in the collision at Brooklyn on July 4, 2024?

Positive Doc

On the layout of Independence Day, July 4, 2024, a traffic incident occurred in Brooklyn. Police
reports confirm that 2 pedestrians sustained injuries during the crash.

Hard Negative

Regarding the accident in Brooklyn on July 14, 2024, authorities noted that no pedestrians were
harmed, although vehicle damage was reported.

Table 7: Example from Re? Bench-NYC. The negative document shares the same location and topic but refers to a

different date (Time Hallucination).

parsed and standardized to ISO 8601 for-
mat (“YYYY-MM-DD”). Records with
missing or malformed dates are dis-
carded.

* Casualty Aggregation: We extract eight
distinct injury/fatality metrics (e.g.,
number_of_pedestrians_injured,
number_of_cyclist_killed) and cast
them to integers, treating missing values
as zeros.

* Location Formatting: We consolidate
address fields (borough, on_street,
cross_street) to construct a complete
location description.

3. Filtering: Entries lacking a wunique
collision_id or valid timestamp are re-
moved to maintain the integrity of the ground
truth.

The resulting cleaned dataset serves as the struc-
tured knowledge base for the subsequent text gen-
eration phase. An example is shown in Table 7.

A.2 Dataset: Re2 Bench-COVID

Data Source & Archival Records. Re? Bench-
COVID is constructed from country-level COVID-
19 time-series data curated by Our World in Data
(OWID), which aggregates official public health
reports into a unified daily record format.> Unlike
the continuously evolving forecasts in Re? Bench-
NOAA, the COVID dataset represents archival
records, where each data point corresponds to a
finalized observation for a specific country on a
specific calendar date. Each daily record is indexed
by a (country, date) pair and contains a col-
lection of numeric indicators, including confirmed
cases, deaths, testing statistics, vaccination cover-
age, and related epidemiological attributes.

Data Normalization & Metric Taxonomy. We
first normalize the raw OWID records into a unified

30OWID COVID-19 Data Documentation

and structured representation to support reliable
downstream generation. All dates are standardized
to the ISO format (YYYY-MM-DD), and numeric in-
dicators are retained as floating-point values. To
facilitate controlled semantic perturbations, we fur-
ther organize all indicators into semantically co-
herent metric groups (e.g., cases, deaths, testing,
and vaccinations), yielding a consistent metric tax-
onomy across countries and time. The resulting
cleaned dataset serves as the canonical source for
subsequent sample construction.

Fact Anchoring & Index Organization. To
enable systematic construction of hard negatives,
we treat each atomic epidemiological statement as
a grounded fact represented by a tuple (c, t, m,v),
corresponding to a country ¢, a date ¢, a metric m,
and its reported value v. We organize the cleaned
records such that, for any anchored fact, we can effi-
ciently retrieve alternative valid countries, dates, or
metrics that share partial structure with the ground
truth. This organization allows us to inject con-
trolled single-attribute conflicts while preserving
high topical overlap between positive and negative
documents.

Positive and Hard Negative Construction. For
each anchored fact, we generate one positive docu-
ment and three hard negative documents via single-
attribute conflict injection:

* Country-Conflicting Negative: The country
is replaced with another country that reports
the same metric on the same date, while the
date and metric remain unchanged.

* Date-Conflicting Negative: The date is re-
placed with another valid reporting date for
the same country and metric, while preserving
the country and metric.

* Metric-Conflicting Negative: The metric is
replaced with another semantically related in-
dicator from the same metric group (e.g., both
from cases), while keeping the country and
date fixed.
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Content

Query

In Gibraltar on August 25, 2022, what was the seven-day rolling average of newly confirmed COVID-
19 cases per day?

Positive Doc

In late August 2022, Gibraltar’s COVID-19 situation showed signs of stabilization. On August 25,
2022, the seven-day rolling average of new confirmed cases per day stood at 2.143, reflecting a low but
persistent level of community transmission. This figure indicated that while the territory had largely
controlled major outbreaks, continued vigilance was necessary.

Hard Negative 1

On August 25, 2022, Somalia reported no new COVID-19 cases in its seven-day rolling average. The
country’s official data showed a value of 0.0 for the average daily new confirmed cases, likely reflecting
limited testing capacity and reporting challenges in the region. This low figure contrasted with higher
transmission rates observed in other parts of the world at that time.

Hard Negative 2

By July 25, 2023, Gibraltar’s pandemic situation had improved significantly. The seven-day average
of new confirmed cases per day had dropped to 0.3, indicating that active transmission was no longer
being detected in the community. This milestone reflected successful vaccination campaigns and
natural immunity buildup over the preceding year.

Table 8: Example from Re? Bench-COVID. The negative documents present the same location or time.

All negative documents remain topically plausible
and structurally similar to the positive document,
yet are factually inconsistent with respect to the
queried fact.

LLM-Driven Document & Query Synthesis.
We employ a Large Language Model to transform
structured fact tuples into natural-language docu-
ments and queries. For each fact, the LLM gener-
ates one positive paragraph and three aligned hard
negatives as described above. Queries are synthe-
sized to explicitly mention the target country and
to express temporal constraints using diverse sur-
face forms (e.g., “July 21, 20207, “2020-07-21", or
“07/21/2020”), encouraging robustness to temporal
expression variability.

Output Format & Dataset Splitting. Each sam-
ple consists of a query with its identifier, timestamp,
and ground-truth answer, together with references
to one positive document and three hard negatives,
all annotated with structured metadata (country,
date, metric, and value). The dataset is finally par-
titioned into training and test splits using a fixed
ratio, and each split includes exactly the documents
referenced by its corresponding queries.

An example is shown in Table 8

A.3 Dataset: Re?2 Bench-NOAA

Data Source & Real-Time Ingestion. Unlike the
archival nature of the NYC and COVID datasets,
Re? Bench-NOAA is constructed from live me-
teorological data to capture the dynamic evolu-
tion of weather forecasts. We utilize the Na-
tional Oceanic and Atmospheric Administration
(NOAA) National Weather Service API* to fetch
real-time grid-based forecasts. The data collec-

*https://api.weather.gov

tion process is automated via a Python script
(generate_dataset.py) that iterates through a
predefined list of major U.S. cities (mapped to
their respective grid coordinates gridId, gridX,
gridY). For each city per execution cycle, we re-
trieve a 7-day forecast window, extracting daily
summaries that include the shortForecast (e.g.,
“Partly Sunny”) and temperature (in Fahrenheit).
This process allows us to capture multiple versions
of a forecast for the same target date as they evolve
over time (e.g., a forecast for December 20th gen-
erated on December 14th vs. one generated on
December 18th), providing a rich basis for testing
temporal versioning conflicts.

Cluster Construction & Versioning. To orga-
nize this streaming data, we group records into
unique clusters keyed by (city, target_date).
Within each cluster, multiple forecast versions are
sorted by their publication_date (the timestamp
when the API was queried). This structure is criti-
cal for conflict injection: the most recent forecast
version typically serves as the “ground truth” (Pos-
itive), while earlier, outdated versions for the same
target date serve as high-quality “outdated” nega-
tives (Hard Negatives).

LLM-Driven Document & Query Synthesis.
We employ a two-stage generation process using
Large Language Models to transform structured
API responses into natural language text:

1. Document Generation: For each struc-
tured forecast record (containing city,
forecast_date, weather, temperature),
we prompt the LLM to write a short weather
report. To prevent trivial pattern matching,
we enforce diversity in temporal expressions
(e.g., mapping “2025-12-12” to “Friday, De-
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Content

Query

On November 5, 2025, what will the weather be like in Pontiac?

Positive Doc

Issued just one day prior, on November 4, 2025, NOAA’s updated forecast for Pontiac on 11/05/2025
indicates a slight warming trend. The prediction calls for a continued chance of light rain, but with
temperatures reaching around 60°F. This more recent forecast offers a refined look at the day’s expected
conditions.

Outdated Doc

NOAA’s weather forecast for Pontiac, issued on October 31, 2025, predicts conditions for November
5, 2025. The outlook includes a chance of light rain with an expected high temperature of 58°F. This
early forecast provides a preliminary glimpse at the potential weather for that date.

Hard Negative 1

Issued on August 3, this NOAA forecast indicates that Pontiac will see mostly sunny skies on
08/08/2025 before a slight chance of showers and thunderstorms emerges. Temperatures are forecast to
climb to a high of 88°F.

Hard Negative 2

A NOAA forecast released on November 4 calls for mostly sunny weather in Port Huron on
November 5. The anticipated high for the day is 89°F.

Table 9: Example from Re? Bench-NOAA. The negative documents present confused location, time or outdated

publication time.

cember 12th” or “next Friday”) and sentence
structures.

2. Query Generation (Dual-Type): We gener-
ate two distinct types of queries to test differ-
ent retrieval capabilities:

» Type A (Explicit Date): Queries that
specify a precise target date (e.g., “What
is the weather forecast for Boston on De-
cember 12th?”). These test the model’s
ability to align specific temporal con-
straints.

* Type B (Implicit/Latest): Queries that
ask for the most current information with-
out a specific date (e.g., “What is the lat-
est weather outlook for Miami?”’). These
require the model to implicitly prioritize
the most recent document version based
on metadata or context.

Conflict Injection Strategy. We rigorously con-
struct negative samples to challenge the retriever:

* Time Hallucination: Documents describing
the weather for the same city but on a different
date (e.g., querying for Monday but retrieving
Tuesday’s forecast).

* Event Hallucination: Documents describing
the same date but for a different city (e.g., re-
trieving Chicago’s weather when asking about
New York).

¢ Outdated Information: For Type B queries,
we specifically include earlier forecast ver-
sions for the same city/date pair as negatives,
testing the model’s ability to discern the most
up-to-date information.

The final dataset consists of JSON-formatted tu-
ples containing the query, the positive document,
and a set of hard negatives, all timestamped with
both their validity date (forecast target) and publica-
tion date. And publication time will be injected into
documents after retrieval, to ensure information of
recency is accessed to generator. An example is
shown in Table 9, as documents are presented as
full message (with publication time).

A.4 Prompt Templates for Data Generation

To ensure reproducibility and high-quality align-
ment between positive and negative samples, we
employ a batched generation strategy for docu-
ments. Instead of generating documents individu-
ally, we provide the LLM with a cluster of related
records (one positive and multiple perturbed nega-
tives) in a single context. As illustrated in Figure 11
and Figure 10, the structured prompt explicitly en-
codes the entity, temporal constraint, and infor-
mation requirement for each record. Building on
this query formulation, the document-generation
prompt groups the positive instance with its corre-
sponding perturbed negatives, forcing the model
to maintain stylistic consistency across the batch
while accurately reflecting subtle factual variations
(e.g., date or value changes) specified in each
record.

B Computational Cost Analysis

We analyze the computational overhead introduced
by the Re?® framework. A primary concern with
multi-stage RAG pipelines is the potential latency
penalty. However, our experimental results on the
NOAA dataset demonstrate that Re? offers a highly
favorable trade-off: a marginal increase in end-to-
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end latency in exchange for substantial reductions
in token consumption and operational costs.

B.1 Experimental Setup

We evaluated the performance metrics using aver-
age values derived from the NOAA dataset experi-
ments. The baseline (Standard RAG) feeds all top-
k retrieved documents directly into the generator
(GPT-40). In contrast, Re® employs a parallelized
Llama-3-8B model for the intermediate filtering
step, passing only the verified, non-conflicting can-
didates to the generator.

B.2 Case Study for Public Datasets

We examine the qualitative performance of Re? on
public datasets to illustrate its capability in han-
dling both static temporal alignment and dynamic
information evolution.

Precise Temporal Alignment (TimeQA &
Nobel-TSRAG). For datasets requiring strict tem-
poral matching, such as TimeQA and Nobel-
TSRAG, the challenge lies in distinguishing the
target event from temporally adjacent but irrelevant
facts. As shown in Figure 5, when the user queries
the position of Carl Eric Almgren in 1960, Re3
successfully prioritizes documents containing the
exact timestamp "1960". Notably, the model is not
misled by Document 2, which describes a different
role held by the same entity in /962, demonstrat-
ing robust resistance to semantic similarity when
temporal constraints are unmet. Similarly, in the
Nobel-TSRAG case (Figure 6), the system accu-
rately locks onto the 1901 laureate, distinguishing
it from winners in 1911 and 1921. This confirms
that Re? effectively integrates timestamps as a pri-
mary feature for relevance ranking.

Filtering Outdated Information (HoH). The
HoH dataset serves as a testbed for handling evolv-
ing facts. Figure 7 provides a critical insight into
the behavior of our Recency-aware filtering mecha-
nism. Initially, the retrieval set contains conflicting
information regarding the movie’s Rotten Toma-
toes rating: Document 1 (published 2024-09-01)
states a 17% rating, while Document 2 (published
2024-08-01) reports an outdated 20% rating. After
applying the recency filtering of Re?, the outdated
Document 2 is successfully removed, resolving the
factual conflict before it reaches the LLM.

Crucially, this filtering process is selective. As
observed in the transition from "Before Recency"
to "After Recency" results, non-conflicting docu-
ments (such as Document 3 regarding a different

film/review) are preserved. This demonstrates that
Re? does not indiscriminately penalize older doc-
uments; rather, it specifically targets outdated ver-
sions of the same information, ensuring the LLM
receives the most current evidence without losing
broader context.

B.3 Case Study for Re? Bench-NOAA

The NOAA dataset presents a uniquely challenging
scenario characterized by high-frequency updates
and predictive uncertainty. Unlike historical facts
that eventually settle on a ground truth, weather
forecasts are continuously refined as the target date
approaches. We analyze two representative cases to
demonstrate the capabilities and current limitations
of Re? in this dynamic environment.

Robustness Against Spatial and Temporal
Noise (Case B). Figure 9 illustrates a successful
retrieval and reasoning process for the query regard-
ing Pontiac’s weather. The initial retrieval phase in-
troduces two types of noise: (1) Spatial Distractors:
Documents related to "Pocatello”, "Chattanooga",
and "Pawtucket" are retrieved due to phonetic or
semantic overlap; (2) Temporal Conflicts: Multiple
forecasts for "Pontiac" exist, issued on October 31
(58°F) and November 4 (60°F).

As shown in the "After Recency" results, the Re?
module effectively addresses the temporal conflict
by filtering out the outdated October 31 forecast, re-
taining only the most recent November 4 update for
Pontiac. Notably, Re? preserves the spatial distrac-
tors (e.g., Pocatello) because they do not constitute
a temporal conflict with the target entity. The final
success relies on the LLLM’s ability to distinguish
the correct entity from the remaining spatial distrac-
tors, provided that Re? has successfully purified the
temporal dimension. This case demonstrates the
synergy between the retriever’s temporal filtering
and the generator’s semantic understanding.

Analysis of Fine-Grained Update Failure
(Case A). Figure 8 presents a failure case that high-
lights the difficulty of handling fine-grained numer-
ical updates. The ground truth (Partly Sunny, 48°F)
corresponds to the final forecast issued on Novem-
ber 28 (Doc 1). However, the model outputs "Partly
sunny with a high near 49°F," matching the slightly
older forecast from November 27 (Doc 2).

The root cause of this error lies in the granularity
of the recency filtering. Because the two documents
are published only one day apart and share high
semantic similarity, the Recency module retains
both as valid evidence. Unlike clear-cut contradic-

25751



tions (e.g., "Winner A" vs. "Winner B"), the subtle
numerical shift (48°F vs. 49°F) creates ambigu-
ity for the LLM. Faced with two highly credible,
recent sources, the model failed to strictly adhere
to the "most recent" instruction, instead blending
information or selecting the document with poten-
tially more salient phrasing. This suggests that for
high-frequency data streams like NOAA, a stricter
"Top-1" temporal filtering strategy or more aggres-
sive penalty for near-duplicate timestamps may be
necessary.

C Effect of Temporal Encoding Strategy

We present the efficiency of temporal representa-
tion by comparing it with two methods: (1) Direct:
Concatenating normalized raw values to seman-
tic embedding; (2) Absolute: Applying positional
encoding to timestamps before concatenation.

Il Direct [ Absolute 1 Ours

10 Temporal Encoding Ablation (R@5)

0.053 0.963

0.931 0.934

0.925
0.905 0.912 ——— 0.916 0.915

0.94

0.8

R@5

0.74

0.6 1

0.5+

NYC COoVID NOAA

Figure 4: Comparison of temporal encoding strategies.

As shown in Figure 4, our proposed encoding
consistently achieves the highest Recall@5 across
all datasets. While Absolute encoding moderately
improves over Direct by learning specific time-
bucket representations, it struggles to generalize to
unseen timestamps. In contrast, our method com-
bines normalized linear projections with sinusoidal
embeddings, enabling the model to capture both
long-term evolution and fine-grained cyclic pat-
terns. This confirms that a hybrid, continuous tem-
poral representation is essential for high-precision
time-sensitive retrieval.

Varying Apara (fix Aw = 0.1) Recall@5 MRR
Ahard = 0.0 0.905 0.872
Ahard = 0.1 0.924 0.891
Ahard = 0.2 0.920 0.886
Ahard = 0.5 0.895 0.862
Varying A\tw (fix Ahaa = 0.1)  Recall@S MRR

w = 0.0 0.901 0.864
Aw = 0.1 0.924 0.891
Aw = 0.2 0.919 0.881
Aw = 0.5 0.893 0.858

Table 10: Sensitivity analysis of the hyperparameters
Ahard and )y on the Re? Bench-NYC dataset.

D Sensitivity Analysis of
Hyperparameters \

Our training objective for the Time-Aware Dual
Relevance Encoder introduces exactly two hyper-
parameters: Apard, Which weights the margin-based
loss for general hard negatives, and Ay, which
weights the margin-based loss specifically for time-
wrong negatives.

To investigate the impact of these hyperparam-
eters on retrieval performance, we conduct a com-
prehensive sensitivity analysis on the Re? Bench—
NYC dataset, chosen for its moderate size and rep-
resentative temporal challenges.

In our experiments, we vary one hyperparame-
ter across the set {0.0,0.1,0.2,0.5} while fixing
the other at the optimal value of 0.1. The result-
ing Recall@5 and MRR metrics are reported in
Table 10.

Analysis and Discussion. Several key observa-
tions can be drawn from the results:

» Ablation Validation (A = 0): Removing ei-
ther margin-based regularizer (Apyrg = O or
Aw = 0) results in a noticeable performance
drop of 2-3% in MRR. This confirms that
both the general semantic hard negatives and
our explicitly constructed time-wrong nega-
tives are essential for learning robust temporal-
semantic representations.

* Robustness in Moderate Ranges: The frame-
work exhibits strong robustness when the hy-
perparameters are kept within the moderate
range of [0.1,0.2]. The performance fluctua-
tions between 0.1 and 0.2 are minimal, indi-
cating that our model does not require exhaus-
tive hyperparameter tuning to achieve near-
optimal results.
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¢ Over-regularization (A = 0.5): When the
weights are increased excessively (e.g., to 0.5),
we observe a significant degradation in perfor-
mance (~3% drop in MRR). We attribute this
to over-regularization: forcing the model to
focus too heavily on distinguishing hard/time-
wrong negatives disrupts the underlying se-
mantic alignment (the InfoNCE loss), leading
to a distorted embedding space.

Overall, setting both Apaq and Ay to 0.1 pro-
vides the optimal trade-off between semantic
matching and temporal discrimination.
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Case Study on TimeQA

Question:
What position did Carl Eric Almgren hold In the period of 19607

Answer:
commander of Jamtland Ranger Regiment

Re? Retrieval Results:

1. In the period of 1960, Carl Eric Almgren served as the commander of Jimtland Ranger Regiment.
2. Throughout 1962, Carl Eric Almgren was appointed as the military commander of the Eastern
Military District.

3. According to records from 1960, George Koltanowski was awarded the title of honorary
Grandmaster.

4. Aurelio Lampredi worked for Fiat Notably, in 1960.

5. Nobby Stiles was a member of Manchester United Back in 1960.

Input to LLM:
You are an intelligent assistant task with answering time-sensitive questions
based on provided reference materials...

LLM Answer:
commander of Jimtland Ranger Regiment

Figure 5: A case study from the TimeQA.
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Case Study on Nobel-TSRAG

Question:
Who won the Nobel Prize in Literature around 1901?

Answer:
Sully Prudhomme

Re? Retrieval Results:

1. In 1901, Sully Prudhomme was awarded the Nobel Prize in Literature.

2. During 1901, Henry Dunant was recognized as a laureate of the Nobel Prize in Nobel Prize.
3. In 1901, Frédéric Passy was awarded the Nobel Prize in Nobel Prize.

4. During 1911, Maurice Maeterlinck was awarded the Nobel Prize in Literature.

5. Anatole France was honored with the Nobel Prize in Literature in 1921.

Input to LLM:
You are an intelligent assistant task with answering time-sensitive questions
based on provided reference materials...

LLM Answer:
Sully Prudhomme

Figure 6: A case study from the Nobel-TSRAG.
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Case Study on HoH

Question:
What is the approval rating of "Hollow Man 2" on Rotten Tomatoes?

Answer:
17%

Re? Retrieval Results before Recency:

1. “Hollow Man 2* received a mixed response from critics, achieving a 17% approval rating on
Rotten Tomatoes based on 6 reviews. Publication time: 2024-09-01

2. “Hollow Man 2* received a mixed response from critics, achieving a 20% approval rating on
Rotten Tomatoes based on 5 reviews. Publication time: 2024-08-01

3. The film has a 95% approval rating based on 60 reviews on Rotten Tomatoes with an average
rating of 7.8/10 and with the site’s consensus saying: “Wes Craven’s intelligent premise... Publica-
tion time: 2024-10-01

4. Two Evil Eyes® holds a rating of 63% on Rotten Tomatoes based on 19 reviews, with an average
rating of 5.4/10. Publication time: 2024-08-01

5. The film has a 93% approval rating based on 60 reviews on Rotten Tomatoes with an average
rating of 7.8/10 and with the site’s consensus saying: “Wes Craven’s intelligent premise... Publica-
tion time: 2024-11-01

Re? Retrieval Results after Recency:

1. “Hollow Man 2* received a mixed response from critics, achieving a 17% approval rating on
Rotten Tomatoes based on 6 reviews. Publication time: 2024-09-01

2. Two Evil Eyes* holds a rating of 63% on Rotten Tomatoes based on 19 reviews, with an average
rating of 5.4/10. Publication time: 2024-08-01

3. The film has a 93% approval rating based on 60 reviews on Rotten Tomatoes with an average
rating of 7.8/10 and with the site’s consensus saying: “Wes Craven’s intelligent premise... Publica-
tion time: 2024-11-01

Input to LLM:
You are an intelligent assistant task with answering time-sensitive questions
based on provided reference materials...

LLM Answer:
17%

Figure 7: A case study from the HoH.

25756




Case Study on NOAA A

Question:
How will the weather be in Shreveport on November 30, 20257

Answer:
Partly Sunny, 48°F

Re? Retrieval Results before Recency:

1. Shreveport’s weather for November 30, according to the NOAA forecast published on November
28, is expected to be partly sunny. The predicted high temperature is 48°F. This final outlook before
the target date indicates a cool and partly cloudy day.

2. NOAA’s weather forecast for Shreveport on November 30, 2025, issued on November 24,
indicates a chance of showers and thunderstorms. The expected high temperature is around 69°F.
This early outlook suggests a mild but potentially wet day ahead.

3. The NOAA forecast released on November 27 for Shreveport details the weather for November
30. It starts with a slight chance of rain showers in the morning, becoming partly sunny later, with
a high near 49°F. This suggests a clearing trend through the day.

4. Issued on November 25, a NOAA forecast predicts Shreveport will experience a chance of
showers and thunderstorms on 11/30/2025. Temperatures are anticipated to reach approximately
59°F. The forecast reflects a slight cooling trend from the previous day’s prediction.

5. For the date 2025-11-30, NOAA provides a forecast for Shreveport calling for a chance of rain
showers. Published on November 26, it estimates the daytime temperature will be near 54°F. This
update shows a continued adjustment toward cooler conditions.

Re? Retrieval Results after Recency:

1. Shreveport’s weather for November 30, according to the NOAA forecast published on November
28, is expected to be partly sunny. The predicted high temperature is 48°F. This final outlook before
the target date indicates a cool and partly cloudy day.

2. The NOAA forecast released on November 27 for Shreveport details the weather for November
30. It starts with a slight chance of rain showers in the morning, becoming partly sunny later, with
a high near 49°F. This suggests a clearing trend through the day.

Input to LLM:
You are an intelligent assistant task with answering time-sensitive questions
based on provided reference materials...

LLM Answer:
Partly sunny with a high near 49°F.

Figure 8: A case study from the NOAA, which is failure

25757




Case Study on NOAA B

Question:
On November 5, 2025, what will the weather be like in Pontiac?

Answer:
Chance Light Rain, 60°F

Re? Retrieval Results before Recency:

1. NOAA’s weather forecast for Pontiac, issued on October 31, 2025, predicts conditions for
November 5, 2025. The outlook includes a chance of light rain with an expected high temperature
of 58°F. This early forecast provides a preliminary glimpse at the potential weather for that date.
2. Issued just one day prior, on November 4, 2025, NOAA’s updated forecast for Pontiac on
11/05/2025 indicates a slight warming trend. The prediction calls for a continued chance of light
rain, but with temperatures reaching around 60°F. This more recent forecast offers a refined look at
the day’s expected conditions.

3. According to NOAA, the weather forecast for Pocatello on November 5, 2025, predicts a day that
will start out mostly cloudy before transitioning to a chance of rain showers. The high temperature
is expected to reach 63°F. This forecast was issued on November 3, 2025.

4. According to NOAA, the weather forecast for Chattanooga on November 5, 2025, predicts
a sunny day with temperatures reaching 70°F. This forecast was issued on October 31, 2025,
providing an early outlook for the conditions expected in early November.

5. Issued on November 3, 2025, the NOAA forecast indicates that Pawtucket will experience
mostly cloudy skies on 11/05/2025. Temperatures are expected to reach around 58°F, making it a
slightly warmer day compared to earlier predictions.

Re? Retrieval Results after Recency:

1. Issued just one day prior, on November 4, 2025, NOAA’s updated forecast for Pontiac on
11/05/2025 indicates a slight warming trend. The prediction calls for a continued chance of light
rain, but with temperatures reaching around 60°F. This more recent forecast offers a refined look at
the day’s expected conditions.

2. According to NOAA, the weather forecast for Pocatello on November 5, 2025, predicts a day that
will start out mostly cloudy before transitioning to a chance of rain showers. The high temperature
is expected to reach 63°F. This forecast was issued on November 3, 2025.

3. According to NOAA, the weather forecast for Chattanooga on November 5, 2025, predicts
a sunny day with temperatures reaching 70°F. This forecast was issued on October 31, 2025,
providing an early outlook for the conditions expected in early November.

4. Issued on November 3, 2025, the NOAA forecast indicates that Pawtucket will experience
mostly cloudy skies on 11/05/2025. Temperatures are expected to reach around 58°F, making it a
slightly warmer day compared to earlier predictions.

Input to LLM:
You are an intelligent assistant task with answering time-sensitive questions
based on provided reference materials...

LLM Answer:
a chance of light rain with temperatures reaching around 60°F

Figure 9: A case study from the NOAA, which is successful.
25758




Listwise Fact Extraction Prompt

You are an expert information extraction assistant. Your task is to extract relevant factual details

from a list of retrieved documents to help answer a time-sensitive question.

# Instructions:

1. You are given a question and a list of retrieved candidate documents. Each document is
accompanied by its publication date and an index.

2. Extract the core factual claim from EACH document that directly addresses the question.

3. Structured Output: For each document, identify the underlying entity (Head), the property being
queried (Relation), and the specific value stated in that document (Value).

4. If a document does not contain information relevant to the question, output "NULL" for its value.

5. Entity Resolution: Ensure that variations of the same entity (e.g., "NYC" and "New York City") are
normalized to a consistent Head name.

# Output Format:

Return strictly a JSON array of objects, where each object corresponds to a candidate document.
Format: [{"doc_index": O, "head": "...", "relation": "...", "value": "..."}, ...]

- MUST output valid JSON only.

- Do NOT include markdown blocks, reasoning, or conversational filler.

# Input Data:

Question: {Question from dataset}
Retrieved Candidates:

[0] Date: {PubDate 0}): {Document 0}
[1] Date: {PubDate 1}): {Document 1}

L___ —_— — —_— - — —_— - — - — L —_—

Figure 10: Prompt template used for the listwise fact extraction within the Conflict-Aware Recency Filter. This
instruction guides the LLM to uniformly extract structured factual triples (Head, Relation, Value) from multiple
retrieved candidate documents, ensuring consistent version comparison and temporal conflict resolution. The full
reproduction scripts are available in our open-source repository.
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Query Generation Prompt
You are a user searching for specific historical information. Formulate a search query based on the provided target fact.

# Input Context Target Fact:

- Entity: {ENTITY}

- Date: {DATE}

- Information Needed: {METRIC_DESCRIPTION} (Value: {VALUE})

# Task Requirements

1. Write ONE search query that a user would type to find this specific value.

2. Temporal Constraint: You MUST mention the date or time range explicitly using the phrase "{DATE_VARIANT}".

3. Entity Constraint: You MUST mention the entity {ENTITY}.

4. Style: The query should be concise and interrogative (e.g., starts with "How many", "What was", or "Report on...").
5. Privacy: Do NOT reveal the actual numeric value ({VALUE}) in the query.

# Output Format
Return strictly a JSON object: {"query": "YOUR_GENERATED_QUERY"}

Documents Generation Prompt

You are an expert reporter. You will receive a list of structured event records that share a common context but differ in
specific details (e.g., dates, locations, or values). Your task is to write a unique, independent narrative paragraph for
EACH record.

# Input Context: Here is a group of related records:

Record O (Positive): {STRUCTURED_DATA 0}

Record 1 (Negative - Time Conflict): {STRUCTURED DATA 1}
Record 2 (Negative - Entity Conflict): {STRUCTURED DATA 2}...

# Task Requirements

1. Independent Generation: For each record index, write one narrative paragraph (4—6 sentences) that strictly adheres to that
record's data.

2. Stylistic Consistency: Use a similar tone and structure for all paragraphs to ensure they look like reports from the same
source.

3. Factual Precision: Accurately reflect the {date}, {location}, and {metric_value} for each specific record. Do NOT mix
information between records.

4. Masking: For Record 0, refer to the date using the natural language variant "{DATE_VARIANT 0}". For others, use their
respective variants.

# Output Format

Return a JSON array: [ {"index": O, "text": "..."}, {"index": 1, "text": ".."}, ... ]

RAG Answering Prompt
You are an intelligent assistant task with answering time-sensitive questions based on provided reference materials.

# Instructions:

1. You are given a question and a list of retrieved documents. Each document includes a publication date.

2. Answer the question based ONLY on the provided documents.

3. Temporal Conflict Resolution: If there is factual conflict among documents (e.g., a statistic has changed over time), you must
prioritize the evidence from the most recent, non-obsolete document.

4. If the provided documents do not contain sufficient information to answer the question, output "NOT SURE".

# Output Format:

- Your final output MUST be the exact answer string only.

- Do NOT include prefixes (e.g., "The answer is..."), reasoning, or punctuation.
- Do NOT add any introductory or concluding remarks.

# Input Data:
Question: {Question from datasets}
Retrieved Documents: {Documents from retrieval}

Figure 11: Prompt templates used for benchmark query generation, document generation, and RAG answering.
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