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Abstract

Temporal language does more than place events
on a timeline. In news discourse, references to
the past, present, and future can function as
rhetorical devices that shape interpretation and
persuasion. Here, we study temporal framing,
defined as the persuasive use of time-related
language to structure meaning rather than to
report chronology. We propose a taxonomy
of eight temporal frames grounded in prior
work on temporality and framing, and we re-
alize it through expert annotation of a multi-
lingual news corpus. The resulting dataset in-
cludes 458 English and German news articles,
with over 2K temporally framed sentences and
approximately 3K temporal framing annota-
tions identified from a corpus of more than
20K sentences. We analyze frame prevalence,
co-occurrence patterns, and lexical cues, and
evaluate temporal framing detection using su-
pervised fine-tuning and zero-shot classifica-
tion. Our experiments show that temporal fram-
ing is learnable at the sentence level, with su-
pervised models substantially outperforming
zero-shot approaches. We publicly release the
corpus to support future research on temporal
framing: https://mbzuai-nlp.github.io/
temporal-framing/.

1 Introduction

All languages provide systematic means to ex-
press temporal relations, such as ordering, simul-
taneity, duration, and change over time, whether
through tense, aspect, lexical items, or discourse-
level mechanisms (Comrie, 1985; Evans and Levin-
son, 2009). Beyond merely locating events on
a timeline, temporal expressions influence how
speakers establish causality and how they invite
audiences to reason about the past, the present, and
the future. Linguistic choices related to time play a
central role not only in describing reality, but also
in framing it (Hartog and Brown, 2015).

In computational linguistics, however, time has
traditionally been treated in a narrow instrumen-
tal manner, with focus on predicting verb tense
or aspect, while recent work in NLP has concen-
trated on temporal expression extraction and tem-
poral reasoning (Tan et al., 2023; Ding and Wang,
2025). Although these efforts have enabled sig-
nificant progress in temporal reasoning, they typ-
ically conceptualize time as an objective property
of events, and not a rhetorical resource. As a result,
current NLP systems largely overlook the richer
semantic and pragmatic functions that temporal
language fulfills in discourse. While prior work
has explored framing in NLP more broadly (Ot-
makhova et al., 2024; Mahmoud et al., 2025), the
intersection of time and framing remains under-
explored. This gap limits our ability to analyze
persuasive rhetorical structures along the temporal
dimension, particularly in domains such as politi-
cal communication, where temporal justifications
and appeals are known to be especially influen-
tial (Solopova et al., 2023). Concretely, temporal
framing enables fine-grained analysis of how news
and political discourse construct narratives through
references to the past, present, and future, support-
ing downstream applications such as media profil-
ing, stance and narrative analysis, and cross-lingual
comparison of framing strategies across outlets and
events.

In social sciences, time is widely recognized as
a powerful framing device (Trope and Liberman,
2010). Temporal framing categories enable sys-
tematic study of phenomena such as appeals to
nostalgia, constructions of urgency, or the use of
historical anchoring to legitimize policy decisions
across events, outlets, and time, in diverse commu-
nicative and sociopolitical contexts globally and
historically. In political discourse studies, tempo-
ral references are explicitly analyzed as rhetorical
strategies that frame interpretation and legitimize
authority (Wodak, 2015).
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Violence Has Been Normalized
During the misnamed and mostly preposterous debate between Kamala Harris and Donald Trump, a moderator fact-checked
Trump’s claim that crime is up.

In contrast to Trump’s claim, moderator David Muir said that the FBI reports that crime is down, a claim that likely struck
every viewer as obviously wrong.

Shoplifting was not a way of life before lockdowns. Nostalgia Temporal Anchoring Temporal Contrast Most cities were not demographic
minefields of danger around every corner. Nostalgia Temporal Contrast There was no such thing as a drugstore with nearly all
products behind locked Plexiglas. Nostalgia Temporal Contrast

We weren’t warned of spots in cities, even medium-sized ones, where carjacking was a real risk. Nostalgia Temporal Contrast

It is wildly obvious that high crime in the U.S. is endemic, with ever less respect for person and property. Continuity Primacy

As for the FBI’s statistics, they’re worth about as much as most data coming from federal agencies these days. Temporal Contrast

(a) Annotated excerpt illustrating temporal framing. The complete example appears in Appendix F.

Temporal Frame Short Definition Example

Primacy Significance attributed to being first in time. “The first to discover the cure will lead the
world.”

Recency Significance attributed to the most recent events. “Today’s figures matter most for understanding
public opinion.”

Urgency Emphasis on limited time or imminent conse-
quences or threats.

“Scientists warn the next 48 hours are critical.”

Temporal Anchoring Framing the discussion through the lens of past
events.

“We live in a post-9/11 world where security
comes first.”

Nostalgia Invocation of a cherished past. “We must act now to bring back the good old
days.”

Temporal Contrast Juxtaposition of “then” versus “now.” “Once a booming hub, now a city in decline.”

Continuity Persistence across time. “The economy has been climbing steadily for a
decade thanks to policy changes.”

Skeptical Casting doubt about the future. “The government’s plan may collapse under fi-
nancial pressure.”

(b) Brief overview of the temporal framing taxonomy with definitions and examples. For detailed definitions, additional
examples, and rhetorical functions, see Appendix B.

Figure 1: An annotated excerpt and an overview of the temporal framing taxonomy.

Temporal references can create urgency by com-
pressing perceived time, convey stability by empha-
sizing continuity, evoke nostalgia of an idealized
past, or anchor present arguments to emotionally
charged historical moments. These patterns are
routinely studied in domains such as political com-
munication, crisis reporting, and health messaging,
where temporal framing shapes interpretation and
decision-making. The persuasive force of tempo-
ral references lies in their relational positioning
within the discourse. Expressions such as now or
for decades gain rhetorical meaning from implied
alternative timeframes. Temporal framing operates
at a rhetorical level, emerging from how tempo-
ral references are positioned within a sentence and
the broader context. This makes temporal framing
challenging to capture with purely extraction-based
approaches.

Motivated by this gap, we present a computa-
tional study of temporal framing in news discourse
(see Figure 1a for an example). Our contributions
are fourfold:

1. We cast temporal framing as a sentence-level,
multi-label task capturing the rhetorical use
of temporal language beyond surface expres-
sions.

2. We propose a taxonomy of eight temporal
frames grounded in social science research.

3. We introduce an annotation scheme and re-
lease a multilingual news dataset of 458 arti-
cles annotated at the sentence level.

4. We provide computational baselines for detect-
ing temporal framing using diverse language
models in zero-shot and fine-tuned settings.
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2 Related Work

Framing in NLP Framing has been widely stud-
ied in NLP. Early work has primarily focused on
document-level framing, where each article is as-
signed one or more dominant frames (Card et al.,
2015; Liu et al., 2019; Alonso del Barrio and
Gatica-Perez, 2023). This line of work has en-
abled large-scale analysis of framing trends across
outlets and over time spans, supporting compara-
tive studies of media bias and agenda setting, but
abstracts away from how framing is realized lo-
cally in language and interaction. More recent
work has explored entity-level, event-level, and nar-
rative framing, examining how framing emerges
through the roles, attributes, and relationships as-
signed to entities and events (Stammbach et al.,
2022; Otmakhova et al., 2024; Gehring and Grigo-
letto, 2023; Das et al., 2024; Mahmoud et al., 2025).
These approaches capture finer-grained framing dy-
namics and provide insight into how meaning is
constructed within texts, including the interplay be-
tween actors and events in discourse. While these
approaches capture finer-grained framing dynam-
ics, they do not explicitly model the rhetorical use
of temporal language as a framing dimension.

Temporal Analysis in NLP A large body of re-
search addresses temporal understanding through
tasks such as temporal expression extraction, event
ordering, timeline construction, and temporal rea-
soning (Chu et al., 2024; Islakoglu and Kalo, 2025).
Benchmarks and models in this area aim to re-
cover factual temporal structure, answering ques-
tions about when events occurred and how they
relate chronologically. Although these methods ad-
vance computational representations of time, they
largely treat temporal information as objective and
descriptive rather than persuasive.

Recent work has also examined temporal struc-
ture in news at the corpus level. Although Cobo
et al. (2025) use the term temporal framing, their
work defines temporality as the evolution of frames
across time rather than as a rhetorical device ex-
pressed in language. Likewise, Card et al. (2022)
analyze how news framing varies over time. Sim-
ilarly, Lamorte et al. (2024) introduce an inter-
active system for event-centered exploration of
news archives, enabling users to browse events and
frames along a timeline. While these approaches
capture how frames and events evolve over time,
they treat time as an organizing or analytical di-
mension rather than a rhetorical one.

Temporal Framing in Social Sciences Temporal
framing has been extensively studied in psychol-
ogy, communication, and political science. Foun-
dational work in construal level theory shows that
temporal distance systematically shapes cognition,
with proximal events construed more concretely
and distal events more abstractly, influencing eval-
uation, emotion, and decision-making (Trope and
Liberman, 2010). In applied domains such as
health communication, temporal framing of risks
and outcomes affects perceived severity and behav-
ioral intentions (Chandran and Menon, 2004; Kim
and Kim, 2018; Orbell and Kyriakaki, 2008). In
political discourse, temporal references to the past
or future are used to structure interpretation, jus-
tify policy choices, and legitimize action (Wodak,
2015; Wagoner and Herbig, 2025). Despite this
extensive work, these insights have not yet been
systematically analyzed or modeled in NLP.

Although temporal framing is well studied in
social sciences, NLP has largely overlooked time
as a rhetorical device. Existing datasets and models
fail to capture how authors use time beyond factual
chronology. We address this gap by introducing
a sentence-level temporal framing taxonomy and
annotated dataset for news discourse.

3 Temporal Framing

Temporal framing refers to the rhetorical use of
time-related elements to structure meaning and
persuade audiences. Rather than merely situating
events chronologically, it highlights, contrasts, or
attributes significance to moments, durations, and
trajectories to shape how issues are perceived.

To make these distinctions more precise, we in-
troduce a taxonomy of temporal frames summa-
rized in Figure 1b and described in Appendix B.
The taxonomy identifies eight ways temporal ref-
erence is used rhetorically, ranging from appeals
to primacy, recency, or urgency to frames invok-
ing nostalgia, continuity, or skepticism about the
future. Temporal references may be accompanied
by markers such as first, now, still, since, before, af-
ter, deadline, turning point, for years, pre-war, last
month, next year. The taxonomy is vital for under-
standing nuanced uses of time, enabling granular
rhetorical analysis, and is grounded in social sci-
ence research (Appendix D). It reflects theoretically
grounded and empirically stable patterns observed
during annotation rather than an exhaustive set of
temporal expressions.
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Temporal framing can be formalized as follows.
Let F denote the set of temporal frames defined
by the taxonomy. Let D = (s1, . . . , sn) be a docu-
ment consisting of n sentences. The goal of tempo-
ral framing is to learn a function

f : (D, si) → P(F),

where si is a sentence in the document and P(F)
denotes the power set of temporal frames. The
output f(D, si) corresponds to the set of temporal
frames whose persuasive force is expressed through
time-related language in sentence si, possibly con-
ditioned on its surrounding context in D.

Identifying temporal framing requires resolving
two recurring challenges: (1) distinguishing factual
chronological reports from opinionated temporal
framings, and (2) focusing on the temporal rather
than the general sense of a frame.

Fact versus opinionated use. A central distinc-
tion in our analysis is between factual chronolog-
ical reporting and opinionated temporal framing.
Factual reports are verifiable statements that merely
describe events or states, such as dated statistics
or chronological markers, without seeking to per-
suade. Opinionated framings, by contrast, are
rhetorical by nature: they utilize temporal elements
to persuade readers. The same sentence can shift
from a neutral description to a persuasive framing
depending on whether the temporal element is pre-
sented as meaningful rather than incidental. For
example, “Inflation rose by 2% in 2024” reports a
temporal fact, whereas “Inflation has been rising
steadily for years, signaling policy failure” uses
temporal reference to support a persuasive claim.

Framing in the general versus temporal sense.
Some framings may look temporal, but they may
not be such. Take primacy: in the general sense it
means superiority of quality (“This is the best pol-
icy”), while in the temporal sense, primacy refers to
being first in time (“This was the first policy of its
kind”). Similarly, “Once a booming hub, now a city
in decline” expresses temporal contrast, whereas
“This economy is worse than others” conveys a
general comparison without temporal framing. Dis-
tinguishing these senses is essential to avoid mis-
taking non-temporal framings for temporal ones.

We provide additional examples for all frames
with contrasting cases in Appendix B.

4 Corpus Description

4.1 Article Selection

We construct our corpus through a multi-stage
pipeline, beginning with large-scale URL retrieval
from GDELT (Leetaru and Schrodt, 2013), fol-
lowed by successive article extraction, filtering,
preprocessing, and sampling steps.

Themes We source article URLs from the
GDELT Global Knowledge Graph. We filter
records by theme to construct a diverse news cor-
pus spanning political, economic, cultural, commer-
cial, and crisis-related reporting published between
September 2024 and September 2025.

Corpus Retrieval We restrict retrieval to a set of
widely circulated English and German news outlets,
yielding ∼2M candidate articles. From this pool,
we sample 6,000 article URLs using stratification
within each ⟨language, outlet, month⟩ stratum to
avoid source imbalance and short-term news bursts.

Text Extraction From the 6,000 URLs, we ex-
tract full article text using Trafilatura (Barbaresi,
2021), which captures both the article content and
associated metadata. We discard failed or garbled
extractions and retain only articles containing at
least 200 words. We further remove exact dupli-
cates using URL matching and normalized-text
hashing, followed by near-duplicate filtering via
locality-sensitive hashing (Broder, 1997).

Article Tagging and Sampling An initial an-
notation pass indicated that opinionated content
constituted a minority of the raw news corpus. To
increase coverage of persuasive temporal framing,
we use LLM-assisted document-level tagging to
identify likely opinion articles using GPT-4o (Ope-
nAI, 2024). We combine LLM-guided upsampling
with stratified uniform sampling where we target an
overall opinionated document proportion of 70%
in the final dataset. We retain a substantial portion
of non-opinionated articles to account for potential
noise in the LLM-generated tags. It is important to
highlight that these LLM tags guided sampling only
at the document-level; all sentence-level temporal
framing labels were assigned by human annota-
tors. We report the final outlet-level sampling dis-
tribution in Table 1. We further analyze the preva-
lence of sentence-level human annotations in arti-
cles tagged as opinionated versus non-opinionated
by the LLM, as described in Appendix C.1.
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Lang Media Outlet n nopinion nsampled

English

Forbes 397 271 53
Breitbart 224 80 29
The Guardian 385 119 28
Daily Mail 882 108 27
CNN 356 33 18
Zero Hedge 104 70 17
BBC 404 17 11
Fox News 243 27 10
China Daily (EN) 148 26 9
CBS News 100 7 7
SAMAA TV 57 5 6
Daily Pakistan (EN) 42 5 6
NBC News 109 6 5
Time 28 10 3
The Epoch Times 175 25 2
Global Times (EN) 32 4 2
Liberty Times Net (EN) 17 0 2
Associated Press 10 2 1
USA Today 2 1 1
Kronen Zeitung (EN) 1 0 1

German

Focus Online 107 31 31
t-online 242 18 28
Die Welt 359 12 26
n-tv 276 12 24
Süddeutsche Zeitung 174 35 22
Tages-Anzeiger 78 19 20
Stern 87 12 15
Bild 125 13 14
Der Tagesspiegel 109 15 13
NachDenkSeiten 13 13 11
Kronen Zeitung 44 4 5
Epoch Times (DE) 59 1 4
Frankfurter Allgemeine Zeitung 70 28 3
Junge Freiheit 5 4 3
FAZ Kaufkompass 4 4 1

Table 1: Media outlet-level coverage and final sam-
pling counts. n = successfully extracted articles.
nopinion denotes LLM-tagged indicators of opinionated
content, used for sampling only. nsampled denotes arti-
cles retained after stratified uniform sampling over time,
with upsampling of opinionated articles.

Sentence Segmentation Finally, we segment the
articles into sentences with Stanza (Qi et al., 2020)
using language-specific models. We prepend titles
as the first sentence if they were not already part of
the body. After segmentation, we discard fragments
consisting only of punctuation as well as fragments
containing a single character.

4.2 Annotation Process
We design an iterative annotation workflow with
clear guidelines and weekly calibration sessions
to ensure consistency across annotators and over
time. We use the INCEPTION annotation plat-
form (Klie et al., 2018), which supports span-based
and multi-label annotation as well as adjudication
and collaborative review. Appendix H shows an
example of the annotation interface. Through re-
peated discussion of disagreements and refinement
of guidelines, this process ensured convergence on
consistent interpretations of temporal framing, im-
proved annotator alignment, and reduced ambiguity
in challenging boundary cases.

Lang. N αdet αframe min max Set-F1+

EN 1,934 0.605 0.494 0.416 0.590 0.402
DE 2,317 0.720 0.588 0.302 0.768 0.443

Table 2: Sentence-level inter-annotator agreement.
αdet denotes Krippendorff’s α (nominal) for binary de-
tection of any temporal framing. αframe is the mean
per-frame α across the eight temporal frames. Set-F1+

is computed on the positive-only subset and averaged
over the sentences.

A coordinator oversaw curation and consistency
for each language. The team comprised three En-
glish and four German annotators. Annotators met
weekly to review disagreements and revised the
taxonomy and guidelines. The initial taxonomy in-
cluded two frames, momentum and cyclicity, later
merged into continuity after annotators noted it
subsumes both. We updated guidelines to exclude
quoted and indirect speech, as these cases caused
disagreement over whether the persuasive voice be-
longed to the author or quoted source. We restricted
cross-sentence framing to the anchor sentence, par-
ticularly for temporal contrast, since annotators
observed that persuasive force arises from the an-
chor sentence. Finally, we broadened temporal
anchoring from references to historical landmarks
to rhetorical anchoring to past events, as defining
such landmarks proved subjective and introduced
bias, whereas rhetorical past references offered a
more consistent criterion.

Inter-Annotator Agreement. We randomly as-
sign ∼50 articles per language to 2–4 annotators.
At the sentence level (Table 2), Krippendorff’s α
(nominal) for binary detection of temporal framing
(presence vs. absence) reaches 0.605 for English
and 0.720 for German. These agreement levels are
consistent with prior work on fine-grained framing
and rhetorical annotation, where moderate agree-
ment is typical due to the interpretive and multi-
label nature of the task (Card et al., 2015; Piskorski
et al., 2023). We also compute per-frame agree-
ment by treating each of the eight temporal frames
as a binary label, yielding mean α values of 0.494
(EN) and 0.588 (DE). To account for the multi-
label nature of frame assignment, we further report
positive-only set agreement, with Set-F1+ scores
of 0.402 (EN) and 0.443 (DE).

Appendix C.2 reports per-frame sentence-level
agreement scores, and Appendix C.3 presents
document-level agreement analysis.

4878



Lang. Docs Sents Words Chars AVGs AVGw AVGc SentAnn Ann AVGs AVGa

EN 238 8,750 161,311 992,556 36.76 677.78 4,170.40 1,748 2,334 7.34 1.34
DE 220 11,909 163,381 1,147,357 54.13 742.64 5,215.26 617 696 2.80 1.13

Total 458 20,659 324,692 2,139,913 45.11 708.93 4,672.30 2,365 3,030 5.16 1.28

Table 3: Corpus statistics. The table shows the total number of documents (Docs), sentences (Sents), words
(Words), and characters (Chars) by language. Averages per document are provided for sentences (AVGs), words
(AVGw), and characters (AVGc). The table also reports the number of sentences containing at least one annotation
(SentAnn), the total number of annotations (Ann), the average number of annotated sentences per document (AVGs),
and the average number of annotations per annotated sentence (AVGa).
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Figure 2: Distribution of frames in the corpus.

4.3 Corpus Analysis

4.3.1 Statistics

Table 3 presents the overall corpus statistics with
a breakdown by language. While English and Ger-
man documents are comparable in size, annotations
are more concentrated in English, with a higher pro-
portion of sentences labeled as temporally framed.
Moreover, temporally framed English sentences
contain slightly more temporal frames on aver-
age than German. Figure 2 shows the distribution
of temporal frames across the dataset. Continu-
ity, Temporal Anchoring, and Temporal Contrast
are the most frequent frames, indicating a domi-
nant rhetorical focus on linking past and present
or emphasizing temporal change. The prominence
of Continuity is particularly notable, as it reflects
the tendency of news discourse to frame events as
part of ongoing trajectories, whether to legitimize
claims via persistence, normalize repetition, or ex-
press dissatisfaction with an unchanging situation.

Co-occurrence of Frames Most temporally
framed sentences contain a single frame (1,803
sentences), with progressively fewer sentences ex-
hibiting multiple frames (468 with two frames, 86
with three, 7 with four, and 1 with five). To un-
derstand these cases, we examine which temporal
frames appear together (see Appendix C.4). Tem-
poral Anchoring co-occurs with Continuity, Pri-
macy, and Temporal Contrast. This is natural, as
anchoring situates claims in time by reinforcing
persistence, setting precedence via an anchor point,
or highlighting change. Skeptical framing shows
moderate overlap with Urgency, often in contexts
where caution and doubt are raised about the future.

Corpus Splits To control for split-specific bias,
we construct the train, development, and test splits
such that each split contains a comparable propor-
tion of documents with and without temporal fram-
ing within each language. While the overall fram-
ing prevalence differs across languages, the splits
preserve each language’s internal framing distri-
bution across documents. The dataset follows an
approximate 70/13/17 train-development-test distri-
bution. See Appendix C.5 for a detailed breakdown
across splits.

Lexical Analysis To characterize how temporal
frames are realized at the surface level, we conduct
a lexical association analysis comparing sentences
annotated with each temporal frame against the
rest of the corpus using smoothed log-odds ratios
(Monroe et al., 2008). Overall, most frames ex-
hibit intuitive lexical cues, while others rely less
on stable surface forms. In particular, Temporal
Anchoring and Nostalgia show weaker and more
heterogeneous lexical signals resulting from their
dependence on event-specific references and eval-
uative language rather than recurring temporal ex-
pressions. A detailed lexical analysis, including
per-frame log-odds profiles and diagnostics, is pro-
vided in Appendix C.6.
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Method Model Binary Detection Multilabel Classification

P R F1 P R Micro-F1 Macro-F1

Random Baseline 0.11 0.88 0.20 0.02 0.49 0.04 0.03

Zero-Shot

Llama-3.1-8B-Instruct 0.14 0.94 0.24 0.06 0.34 0.10 0.11
Llama-3.3-70B-Instruct 0.28 0.78 0.41 0.16 0.43 0.23 0.21
Qwen3-8B 0.21 0.75 0.33 0.08 0.29 0.13 0.14
Qwen3-32B 0.36 0.57 0.44 0.20 0.31 0.25 0.22
Qwen3-235B-A22B 0.31 0.70 0.44 0.17 0.38 0.24 0.23
GPT-5.2 0.34 0.67 0.45 0.24 0.46 0.31 0.29

Supervised
XLM-R 0.38 0.75 0.51 0.28 0.57 0.37 0.33
Llama-3.1-8B-Instruct 0.67 0.45 0.54 0.48 0.37 0.42 0.35
Qwen3-8B 0.60 0.54 0.57 0.48 0.40 0.44 0.35

Table 4: Overall results on the test set. Zero-shot models show high recall but low precision, while supervised
models achieve more balanced performance with strong gains in detection and multilabel classification. The random
baseline samples labels from the annotation label distributions in the combine training and development sets.

5 Experiments

5.1 Experimental Setup

We evaluate two strategies for sentence-level tem-
poral frame detection: (1) zero-shot classification
and (2) supervised fine-tuning on our annotated
corpus. The former tests out-of-the-box recogni-
tion without task-specific training, while the latter
assesses learning under supervision, using a consis-
tent input representation.

We adopt a sentence-only input for all exper-
iments, motivated by context ablation results in
Appendix E.2.1. We also evaluate two extended
variants: (i) neighboring context (preceding and
following sentences) and (ii) full document context.
Neither improves performance over sentence-only
input and incurs higher token costs. Additional
context makes models more conservative, often
consistently leading to missed temporal frames in
the target sentence during evaluation.

Zero-Shot Classification. We use both a propri-
etary LLM and open-weight language models of
various scales for zero-shot inference. Specifically,
we evaluate OpenAI’s GPT-5.2 (OpenAI, 2025)
alongside models from the LLaMA3 (Llama Team,
2024) and Qwen3 (Qwen Team, 2025) architec-
ture families. For the open-weight models, we
consider sizes ranging from 8 to 235 billion param-
eters to examine the effect of scale on performance.
We prompt all zero-shot models using a consistent
instruction set (see Appendix G), with additional
inference and output-schema details provided in
Appendix E.2.2.

Supervised Fine-Tuning. For supervised fine-
tuning, we consider both an efficient encoder-based
model and selected language models from our zero-
shot experiments. We adopt the pre-trained encoder
model XLM-RoBERTa-base (XLM-R) (Conneau
et al., 2020), which has 270 million parameters, as
an efficient baseline and train it as a multi-label
sentence classification model. Given the extreme
class imbalance in the data, where most sentences
contain no temporal frame and only a small fraction
exhibit multiple frames, we optimize a weighted
binary cross-entropy loss that down-weights neg-
ative instances and apply label-aware batching to
reduce batch-level sparsity and stabilize training
(see Appendix E.1 for details). Beyond the encoder-
based baseline, we fine-tune two representative lan-
guage models from our zero-shot selection, namely
Qwen3-8B and LLaMA3.1-8B. Details of the fine-
tuning setup for these models are provided in Ap-
pendix E.2.3.

5.2 Results

Table 4 summarizes results on the test set, which
contains 3,517 sentences. We evaluate zero-shot
configurations over ten runs and fine-tuned models
over a single run, reporting mean scores across
all metrics. We report both binary detection and
multilabel classification performance. Figure 3
visualizes Micro-F1 as a function of model size.

Among zero-shot approaches, GPT-5.2 achieves
the strongest performance, with a binary detec-
tion F1 of 0.45 and a multilabel Micro-F1 of 0.31.
Within the Qwen family, binary F1 increases from
0.33 for Qwen3-8B to 0.44 for Qwen3-235B.
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Figure 3: Micro-F1 vs. model size on the test set. Supervised fine-tuning (red squares) substantially outperforms
zero-shot inference (blue circles) across all model scales. XLM-RoBERTa achieves competitive performance with
only 0.27B parameters.

A similar trend is observed for LLaMA models,
where the 70B variant (0.41) substantially outper-
forms the 8B model (0.24), highlighting the effect
of increased model capacity and representational
power. Across zero-shot models, recall is gener-
ally high while precision remains low, indicating a
tendency toward over-prediction and reduced reli-
ability in practical settings and downstream appli-
cations. This suggests that, without task-specific
supervision, LLMs struggle to reliably detect tem-
porally framed sentences.

Supervision yields substantial improvements
over zero-shot baselines. XLM-R achieves a binary
F1 of 0.51 and a Micro-F1 of 0.37 with only 270M
parameters, which demonstrates that encoder-based
models can effectively learn temporal framing pat-
terns under direct supervision. For LLMs in the
zero-shot setting, scale alone produces only modest
gains, with improvements tapering as model size in-
creases, suggesting diminishing returns from addi-
tional parameters and limited benefits from scaling
alone (Figure 3). In contrast, fine-tuning leads to
large performance gains: LLaMA-3.1-8B-Instruct
improves by 125% relative to its zero-shot coun-
terpart, while fine-tuned Qwen3-8B achieves the
best overall performance with a binary F1 of 0.57
and a Micro-F1 of 0.44, corresponding to a 27%
relative improvement over the strongest zero-shot
result. The fine-tuned LLMs also exhibit distinct
precision–recall profiles: Qwen3-8B remains rela-
tively balanced, whereas LLaMA-3.1-8B-Instruct
is more conservative, achieving higher precision at
the cost of lower recall across different evaluation
scenarios and dataset conditions.

5.3 Discussion

Learnability and scale limitations. Our results
(Figure 3) indicate that sentence-level temporal
framing is learnable, but not reliably addressed by
model scale alone in the zero-shot setting. While
larger models yield incremental gains, performance
saturates quickly, suggesting that temporal fram-
ing relies on subtle rhetorical cues and relational
contrasts that benefit more from task-specific super-
vision than from additional parameters. This indi-
cates that prediction errors are driven by label am-
biguity, subtle rhetorical cues, and sparsity rather
than raw model capacity, highlighting the impor-
tance of high-quality annotations and task-specific
training signals. Supervised training consistently
improves both binary detection and frame identifi-
cation, supporting the view that temporal framing
patterns are systematic but not easily recoverable
through general-purpose prompting alone.

Frame-level behavior. At a finer granularity, sup-
plementary analysis in Appendix E.3 provides
per-language and per-frame breakdowns that fur-
ther contextualize these findings and reveal cross-
lingual variation. Across zero-shot models, frames
such as Continuity, Temporal Contrast, and Ur-
gency are more consistently detected, likely be-
cause they are more prevalent and associated
with recurring lexical or structural cues (see Ap-
pendix C.6). Supervised fine-tuning reduces this
gap across most frames, improving robustness and
consistency, though rare frames, particularly Nos-
talgia, remain affected by data sparsity and limited
training instances.
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Cross-lingual and sparsity analysis. Across lan-
guages, performance differs: per-language analysis
shows lower performance on German data rela-
tive to English, which is expected given that the
German subset contains substantially fewer framed
sentences and fewer positive instances per frame,
as discussed in Section 4.3.1. This sparsity dispro-
portionately affects recall for low-frequency frames
and contributes to greater variance across models,
rather than indicating a failure of cross-lingual gen-
eralization. Future work that explicitly controls
for sparsity and corpus composition, for exam-
ple through targeted augmentation of rare frames,
would help disentangle language from data distri-
bution effects.

Model behavior and trade-offs. Beyond these
data effects, encoder-based and instruction-tuned
models exhibit complementary strengths. XLM-R
shows that a standard multilingual encoder, when
trained with imbalance-aware objectives, can cap-
ture much of the underlying signal, achieving
strong performance despite its relatively small size
and surpassing all zero-shot baselines. In contrast,
fine-tuned 8B LLMs deliver the strongest end-to-
end performance under the same sentence-only in-
put format. At the same time, they exhibit distinct
precision–recall profiles: LLaMA-3.1-8B-Instruct
is more conservative, favoring higher precision,
whereas Qwen3-8B maintains a more balanced re-
call profile. These differences make the models
better suited to different downstream settings, de-
pending on whether minimizing false positives or
maximizing coverage is the primary objective.

6 Conclusion and Future Work

We introduced temporal framing as a distinct and
computationally tractable dimension of persuasive
language. We formalized temporal framing as
the rhetorical use of time-related expressions to
structure meaning rather than to report chronol-
ogy, proposed a taxonomy of eight temporal frames
grounded in social science theory, and realized it
through a multilingual, sentence-level annotated
news corpus in English and German. Our cor-
pus analysis showed that temporal framing is fre-
quent, heterogeneous, and often multi-faceted, with
frames such as Continuity, Temporal Anchoring,
and Temporal Contrast playing a central role in
news discourse and shaping how narratives evolve
across different topics and contexts over time and
across diverse media outlets.

Our experiments show that temporal framing is
learnable at the sentence level, but not reliably cap-
tured by model scale alone in zero-shot settings.
Larger models yield only modest gains, with per-
formance quickly saturating without supervision.
In contrast, supervised fine-tuning substantially im-
proves both detection and frame assignment, even
for compact models, indicating that temporal fram-
ing patterns are systematic but require task-specific
learning signals. Fine-tuned models also exhibit
distinct precision–recall profiles: Qwen3-8B is
more balanced, while LLaMA-3.1-8B-Instruct is
more conservative, achieving higher precision at
the cost of lower recall.

These findings showed that temporal framing in-
troduced a level of abstraction beyond conventional
temporal analysis in NLP. Unlike tasks focused on
temporal expression extraction or event ordering,
temporal framing required interpreting how time
is used to guide interpretation and influence per-
ception. This helped explain why zero-shot models
struggled despite strong general language under-
standing, as the task involved recognizing rhetor-
ical intent rather than surface patterns alone. At
the same time, consistent gains from supervision
indicated that these patterns are learnable when
appropriate signals are provided.

This work provided a valuable resource and em-
pirical foundation for studying the rhetorical func-
tions of time in news discourse. While our work fo-
cused on sentence-level modeling, the corpus was
designed to support broader analyses at multiple
levels of discourse, including document-level anal-
ysis. Future work can build on this corpus to exam-
ine temporal framing across additional languages
and domains, to model frame interactions beyond
the sentence level, and to investigate how temporal
framing shapes narrative structure at scale.

Finally, our results highlighted that temporal
framing occupies a distinct space between surface-
level temporal expression and higher-level narra-
tive structure. While models can learn to detect
framing at the sentence level, many cases require
interpreting implicit rhetorical cues that extend be-
yond explicit temporal markers. Thus, future work
should explore richer representations of discourse
context, including cross-sentence dependencies and
narrative progression, to better capture how tempo-
ral framing unfolds across longer text spans. Such
extensions would enable a more complete account
of how time is used not only to describe events, but
to shape interpretation and persuasion.
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Limitations

Corpus The corpus comprises 458 English and
German news articles from a fixed set of outlets. It
is enriched for opinionated content to increase tem-
poral framing coverage and is not representative of
overall news production. The corpus is unbalanced
across outlets and framing prevalence, with varia-
tion across languages. As it is limited to English
and German news, findings may not generalize to
other languages or media contexts.

Annotation Scope Annotations are performed
at the sentence level rather than using span-level
annotation, which may miss cases where temporal
framing is realized within partial clauses or spans
that do not align with sentence boundaries. In ad-
dition, annotations focus on authorial voice and
exclude quoted and indirect speech, limiting cover-
age of framing conveyed through attribution.

Ethical Considerations

Biases The corpus draws on a fixed set of news
outlets and reflects their inherent biases. Although
it includes diverse editorial orientations, it is not
balanced across viewpoints or ideologies. Annota-
tors were instructed to identify temporal framing
independently of personal views or article stance.

Intended Use and Misuse Potential The corpus
supports research on temporal framing and rhetori-
cal analysis in news, aiding transparency and crit-
ical understanding of persuasive language. How-
ever, as with other framing resources, annotations
could be misused to optimize persuasive or manip-
ulative communication. The corpus is released for
analytical purposes with awareness of this risk.

Annotation Practice and Fairness. Annotations
were produced by trained annotators affiliated with
the authors’ institutions, following detailed guide-
lines with periodic calibration. Annotators were
compensated according to institutional standards,
and no crowd-sourcing was used. The task does
not assess factual accuracy, truthfulness, or politi-
cal intent, and labels should not be interpreted as
indicators of misinformation or bias.

Environmental Considerations This work
makes use of large language models for inference.
As with other LLM-based methods, this entails
computational cost and contributes to energy
consumption and associated carbon emissions.
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A Annotation Guidelines

The annotation for this task is done as follows:

1. You should carefully read Section 3 before be-
ginning annotation, in order to understand the
definition of temporal framing, the taxonomy
of frames, and key distinctions such as factual
vs. opinionated use and general vs. temporal
senses.

2. You are provided with a number of news ar-
ticles and are expected to identify sentences
that contain temporal framing according to the
taxonomy introduced in Figure 1b.

3. The taxonomy is provided in two forms:

• Brief overview (Figure 1b): concise defi-
nitions and examples for quick reference.

• Detailed taxonomy description (Sec-
tion B): extended definitions, rhetorical
functions, positive as well as negative
examples, and explanations for each ex-
ample. The detailed description should
be consulted for challenging and ambigu-
ous cases.

4. You should only mark positive instances of
framing. Negative examples in the taxonomy
are included to illustrate potential pitfalls and
help avoid incorrect annotations.

5. A sentence should be annotated as a frame
only if the temporal element is central to its
persuasive force. If the temporal element is
merely descriptive (factual reporting) or ab-
sent (non-temporal lookalike), then no frame
should be assigned.

6. You should rely only on the information in the
text itself, not on external world knowledge or
assumptions.

7. When in doubt, apply the following heuristic:
if removing the temporal expression leaves the
persuasive force of the sentence unchanged,
then it is not an instance of temporal fram-
ing. For example, consider: “The plan was
announced last week and it is deeply flawed.”

• With the temporal expression: the per-
suasive force comes from the claim that
the plan is deeply flawed.

• Without the temporal expression (“The
plan is deeply flawed”): the persuasive
force remains identical.

Thus, the temporal cue “last week” is inciden-
tal, and this sentence should not be considered
for any temporal framing.

8. Pay attention to common temporal cues, in-
cluding but not limited to: first, latest, now,
then, still, again, since, until, before, after,
within, deadline, turning point, every, sea-
sonal, for years/decades/centuries, post–9/11,
pre-war, next year, last month. Such cues may
signal the existence of a temporal frame.

9. Some sentences may include more than one
temporal frame simultaneously (e.g., recency
+ urgency). In such cases, you should assign
all frames that apply.

10. Context matters. A sentence that appears fac-
tual in isolation may still count as framing if
the surrounding context utilizes its temporal
component as a persuasive element.

11. Quoted or Indirect Speech Exclusion: Do
not annotate any sentence that is wholly
within quotation marks or represents indirect
or reported speech (e.g., “The minister said
the crisis will worsen next year”). Temporal
framing analysis applies only to the narrator’s
or authorial voice, not to speech attributed to
others.

Example:

“Back then, I simply was not as edu-
cated as to the implications and con-
sequences of my actions as I have
become since,” Knight said.

Annotation: None: indirect or quoted speech
is excluded from analysis.
Note: Had this not been a quotation, the con-
trast between “back then” and “since” would
qualify as temporal contrast, as it juxtaposes
a past state of ignorance with a present state
of awareness.

12. Cross-Sentence Temporal Framing Tempo-
ral framing may rely on information intro-
duced in earlier sentences. In such cases, an-
notate only the sentence where the tempo-
ral framing is made explicit or persuasive,

4887



even if earlier sentences provide necessary
context.

Example:

S1: For decades, the agency was
trapped in slow, paper-based work-
flows.
S2: Today, it operates digitally,
transforming weeks of delays into
same-day approvals.

Annotation: S2: Temporal Contrast (past vs.
present).

Recommended workflow.

1. Read the sentence carefully, keeping the sur-
rounding context in mind, and note any tem-
poral cues, both explicit (e.g., “today,” “last
year,” “within weeks”) and implicit (e.g., his-
torical landmarks such as “the Cold War era,”
“Brooklyn’s protests”).

2. First check: Quoted/indirect speech. If
the sentence is wholly or primarily direct
or indirect speech, do not annotate and
skip. Consider for annotation only if the au-
thor’s/narrator’s sentence independently car-
ries the temporal framing.

3. Second check: Fact vs. rhetorical. Decide
whether the temporal element is merely de-
scriptive (factual reporting) or functions as
rhetorical framing (adds persuasive force). If
the sentence appears factual in isolation but
surrounding context makes the temporal ele-
ment rhetorically persuasive, then treat it as
temporal framing.

4. Third check: General vs. temporal sense.
If the language only resembles framing in a
general sense (e.g., contrast) but does not in-
volve time as a framing resource, treat it as a
non-temporal lookalike and do not annotate.

5. Fourth check: Cross-sentence (anchor-
only). If the sentence contains an incomplete
temporal cue (now, still, no longer, has since,
used to) or implies a then-now contrast, scan
the context for potential anchors. Annotate
only the sentence where the persuasive tempo-
ral force culminates as the anchor. If the force
culminates in a neighboring sentence, skip the
current one and annotate that neighbor as the
anchor.

6. If the instance passes all checks, select the
most appropriate frame(s) from the taxonomy.

7. In cases where multiple frames apply simulta-
neously, assign all that are relevant.

8. Use the compact taxonomy table for quick
reference; consult the detailed taxonomy de-
scriptions if uncertain.

9. Challenging examples. If an example re-
mains ambiguous even after consulting the
taxonomy, you should note it down and raise
it to the language coordinator for resolution.

B Detailed Taxonomy Description

In what follows, we present each temporal frame
with a more detailed description, including its per-
suasive function, and examples that separate per-
suasive uses from mere factual reports and from
non-temporal framing.
Note: Examples illustrate how statements may func-
tion as temporal framing devices. In some cases,
the same wording could be read as neutral descrip-
tion when taken in isolation, but operate as framing
when used rhetorically in context. The labels here
indicate the intended illustrative function rather
than an absolute classification.

B.1 Primacy
Definition: Primacy framing assigns significance
to temporal precedence, treating leading positions
as inherently meaningful.
The precedence may be absolute in time (e.g., “the
earliest case ever” or “first since the beginning
of the record”) or relative to a bounded interval
(e.g., “the earliest this year,” “first in this decade,”
or “first under this administration”).

Rhetorical function: It converts the mere chronol-
ogy of being first in time into persuasive force, es-
tablishing authority, legitimacy, or caution.

✓ “As the first city to adopt this policy, we set
the standard for the region.”
Being first is explicitly linked to leadership
and legitimacy, making temporal precedence
the persuasive force.

✓ “The collapse of the bank unsettled confi-
dence in the markets to unprecedented lev-
els.”
Low market confidence is framed as without
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precedent, amplifying the perceived danger of
the bank’s collapse.

✗ “The vaccine was approved first.”
Taken in isolation, this is a chronological re-
port; it does not claim that being first entails
special significance. However, if being first
plays a persuasive role when the surrounding
context is taken into account, then the same
sentence could function as primacy framing.

✗ “The best-performing vaccine won praise.”
The praise is grounded in quality (perfor-
mance), not temporal primacy; it resembles
primacy in a general sense but lacks the tem-
poral element.

B.2 Recency
Definition: Recency framing attributes signifi-
cance to temporal proximity, treating the latest
events as inherently meaningful.
The proximity may be absolute in time (e.g., “the
most recent ever,” “latest on record”), relative to
a bounded interval (e.g., “latest this year,” “most
recent this quarter,” “latest under this administra-
tion”), or anchored to a salient event (e.g., “just
hours after the event” “a few days after the cease-
fire”) where closeness to that event is presented as
meaningful.

Rhetorical function: It seizes attention through
temporal proximity, subtly displaces older evidence
without needing to disprove it, or pressures audi-
ences to accept arguments as timely and relevant.

✓ “Today’s figures matter most for judging
performance.”
Freshness is explicitly framed as the reason
for relevance.

✓ “Just released footage shows what really
happened.”
The recency of the footage is used as proof of
accuracy and priority.

✗ “A recent poll shows that 60% of voters sup-
port the policy.”
Although temporally recent, this is straightfor-
ward factual reporting rather than a persua-
sive appeal to recency.

✗ “In a recent speech, a respected senator crit-
icized the plan and rightfully so.”

Although it mentions recency, the persuasive
force comes from the senator’s authority and
opinion rather than the timing. The temporal
marker is incidental, not persuasive.

B.3 Urgency

Definition: Urgency framing creates a sense of
immediacy or imminence by emphasizes limited
time, decisive moments, ticking clocks, last chances,
ultimatums, or imminent threats.

Rhetorical function: It depicts situations as tem-
porally constrained or approaching a critical mo-
ment in order to heighten perceived stakes and
pressure, or call for immediate action.

✓ “Congress must act within 72 hours to pre-
vent a government shutdown..”
A specific deadline creates immediacy and
pressure for political decision-making.

✓ “This election is the defining moment for
our nation’s future..”
Frames the present moment as uniquely deci-
sive and urgent.

✗ “Most voters say healthcare is an important
issue..”
Conveys significance, but without compressed
time or urgency.

✗ “Only a limited number of senators support
the bill..”
Indicates scarcity of support, but not temporal
scarcity; no deadline or ticking clock.

B.4 Temporal Anchoring

Definition: Temporal anchoring frames the discus-
sion through the lens of past events that serve as
interpretive anchors.

Rhetorical function: It activates shared memory
and emotional resonance, using familiar reference
points to legitimize current perspectives or priori-
ties, or to bias interpretation through invocation of
certain events in the past.

✓ “We live in a post-9/11 world where national
security must come first, and the congress
must take immediate action.”
The landmark date frames a lasting shift in
values and policy priorities.
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✓ “This legislation represents the boldest re-
form since the New Deal.”
Frames present significance by situating it rel-
ative to a landmark era.

✗ “Security policies were tightened after
9/11.”
Merely states historical sequence.

✗ “We live in a world where national security
must come first, and the congress must take
immediate action.”
It is the same example from earlier, but the
omission of the temporal reference to 9/11. So
while it is persuasive, it is not anchored in
time.

B.5 Nostalgia

Definition: Nostalgia framing invokes a cherished
past as an ideal or standard for the present or
future.

Rhetorical function: It activates a sense of iden-
tity and belonging, calls for restoration and frames
it as progress, and softens resistance to a familiar
past.

✓ “We must return to the prosperity of the
postwar years.”
Frames a remembered era of economic suc-
cess as the standard for present policy.

✓ “We need to revive the spirit of bipartisan-
ship that once defined Congress.”
Invokes a remembered political culture as
guidance for present reform.

✗ “The city is restoring historical facades
downtown.”
Reports an action but does not frame the past
as a persuasive political ideal.

✗ “Many voters say they value tradition.”
Expresses a general liking for continuity, but
without invoking a shared past as a model for
today.

B.6 Temporal Contrast

Definition: Temporal contrast framing emphasizes
change by juxtaposing different time periods such
as “then” versus “now.”

Rhetorical function: It dramatizes contrast to
mark decline, progress, or reversal, thereby jus-
tifying action or interpretation.

✓ “Once a neglected district, now a thriving
hub.”
Direct before–after comparison makes tempo-
ral change salient.

✓ “Twenty years ago tuition was manageable,
today it traps students in debt.”
Uses then vs. now contrast to highlight deteri-
oration.

✗ “Contrasting 2005 to 2010, the downtown
population increased by 20%.”
Without full context, this sentence is a factual
report of a statistical change without rhetori-
cal contrast.

✗ “Urban elites and rural voters have conflict-
ing values, and policymakers must bridge
this divide.”
Makes a rhetorical appeal based on geograph-
ical contrast, not a temporal one.

B.7 Continuity

Definition: Continuity framing expresses persis-
tence across time, encompassing stability, stagna-
tion, momentum, or recurrence.

Rhetorical function: It legitimizes through
longevity, reassures through endurance, or normal-
izes repetition by presenting ongoing trajectories
or cycles as natural and inevitable. It can also con-
vey discontent, dissatisfaction, or frustration with
an unchanging situation.

✓ “For centuries this constitution has safe-
guarded our liberties..”
Longevity is invoked as a direct source of legit-
imacy, even though whether the constitution
truly safeguarded liberties is a matter of inter-
pretation and debate.

✓ “Our neutrality has endured for genera-
tions, and it continues to serve us well..”
Persistence over time is framed as proof of
value and stability.

✓ “Every election season, the same promises
return.”
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Uses recurrence as both explanation and ex-
pression of discontent and critique.

✓ “Markets crash and recover; this downturn
will pass.”
Frames recurrence as reassurance.

✓ “Our coalition has grown election after elec-
tion, and nothing can stop this progress
now.”
Past trajectory is invoked to suggest inevitabil-
ity.

✓ “This campaign gains strength with every
new supporter who joins us.”
Accumulating participation is framed as per-
suasive momentum.

✗ “The law remains on the books.”
Factually reports longevity, but without using
it in a persuasive way.

✗ “The 1990 law is widely supported by vot-
ers.”
Legitimacy is attributed to present popularity,
not to persistence or longevity over time.

✗ “As every winter, flu cases surge again.”
Observes a seasonal pattern but does not em-
ploy it rhetorically.

✗ “The flu is a serious threat to public health
and cannot be ignored.”
Makes an evaluative claim without invoking
recurrence.

✗ “The rally had great energy and everyone
was fired up.”
Shows force and enthusiasm in the moment,
but not a trajectory over time.

✗ “Voter turnout has increased in each of the
last three elections.”
Without the full context, this sentence merely
reports momentum, but without any rhetorical
appeals.

B.8 Skeptical
Definition: Skeptical framing casts doubt about the
future by emphasizing uncertainty, risk, pessimism,
potential failure, or negative outcomes

Rhetorical function: It highlights vulnerability or
doubt to provoke caution, hesitation, or reassess-
ment of confidence in projected outcomes.

✓ “The plan may collapse under financial
pressure..”
Draws attention to risk in order to slow or
block action.

✓ “The merger could backfire on con-
sumers..”
Frames a potential outcome as harmful and
uncertain.

✗ “The plan costs 2 billion dollars..”
A financial fact, not a speculative projection.

✗ “As history shows, a ceasefire will eventu-
ally be signed..”
Treats the outcome as inevitable certainty
rather than a contingent risk.

C Additional Corpus Analyses

C.1 Unsupervised Document Tagging
Reliability

As described in Section 4.1, we used LLM-assisted
document-level opinion tagging to guide sampling,
with the goal of enriching the dataset with arti-
cles likely to contain persuasive temporal framing.
Prior to sampling, only 22.1% of English articles
and 13.4% of German articles were tagged as opin-
ionated. This indicated that such content formed
a minority of the raw corpus. To ensure sufficient
coverage, we upsampled documents tagged as opin-
ionated while still retaining a substantial subset of
non-opinionated ones to account for potential noise
in these LLM generated tags.

After sampling, non-opinionated articles consti-
tuted 28.6% of the English subset and 25.5% of the
German subset, resulting in final opinion-tag rates
of 71.4% and 74.5%, respectively.

We now evaluate the reliability of this weak
document-level signal by comparing LLM opin-
ion tags against sentence-level human temporal
framing annotations.

Using the presence of at least one temporally
framed sentence as ground truth, 84.7% of docu-
ments tagged as opinionated by the LLM contained
temporal framing, corresponding to a high true-
positive rate for detecting framing-bearing articles.
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In contrast, 41.9% of documents tagged as non-
opinionated still exhibited temporal framing, indi-
cating a substantial false-negative rate when opin-
ionatedness is used as a proxy for framing presence.
These results confirm that LLM-based opinion tag-
ging is strongly correlated with temporal framing,
but does not fully capture its distribution.

Beyond binary presence, documents tagged as
opinionated also exhibited higher framing intensity.
Across all documents, LLM-opinionated articles
showed a higher mean ratio of framed sentences
(0.150 vs. 0.067) and a higher mean number of
temporal frame assignments per sentence (0.194 vs.
0.085) compared to LLM-non-opinionated articles.
When restricting the comparison to documents con-
taining at least one framed sentence, opinionated
articles still displayed slightly higher framing den-
sity (mean framed-sentence ratio 0.177 vs. 0.161)
and substantially more framed sentences per docu-
ment on average (7.55 vs. 4.37).

These findings corroborate the soundness of our
sampling strategy: while LLM opinion tags were
effective for enriching the dataset with framing-
heavy documents, retaining a controlled propor-
tion of LLM-negative articles was necessary to cap-
ture temporal framing in ostensibly factual report-
ing. LLM predictions were used exclusively for
document-level sampling decisions; all temporal
framing labels and intensity measures were derived
solely from human annotations.

C.2 Framewise Inter-Annotator Agreement at
the Sentence-Level

Temporal Frame αEnglish αGerman

Primacy 0.506 0.768
Recency 0.469 0.302
Urgency 0.442 0.593
Temporal Anchoring 0.590 0.434
Nostalgia 0.416 0.666
Temporal Contrast 0.538 0.640
Continuity 0.552 0.630
Skeptical 0.443 0.674

Table 5: Sentence-level per-frame inter-annotator
agreement. It is measured with Krippendorff’s α (nom-
inal), treating each temporal frame as a binary label
(present vs. absent).

Table 5 reports sentence-level inter-annotator
agreement scores computed separately for each
temporal frame. Agreement is measured using
Krippendorff’s α (nominal), treating each frame as

a binary label (present vs. absent). These frame-
wise scores complement the aggregate agreement
results reported earlier in Table 2 and illustrate
variability in annotation difficulty across temporal
frames.

C.3 Inter-Annotator Agreement at the
Document-Level

To compute document-level labels, we take, for
each annotator, the union of sentence-level frame
assignments within an article. At the document
level (Tables 6–7), agreement increases, which in-
dicates that annotators agree more on overall fram-
ing than on sentence boundaries. Document-level
detection achieves α = 0.679 (EN) and α = 0.802
(DE), while mean per-frame agreement increases
to 0.579 (EN) and 0.692 (DE). Document-level set
agreement remains high, with Set-F1+ = 0.761 for
English and 0.710 for German. Finally, document-
level framing intensity in Table 8 shows rank agree-
ment across annotators, with Spearman correlations
of 0.575 and 0.541 (EN) and 0.839 and 0.805 (DE)
for framed-sentence and frame-assignment counts,
respectively.

Lang. Ndocs αdet αframe min max Set-F1+

English 50 0.679 0.579 0.431 0.702 0.761
German 51 0.802 0.692 0.405 0.880 0.710

Table 6: Document-level inter-annotator agreement.
Document-level labels are obtained by taking, for each
annotator, the union of sentence-level temporal frame
assignments within an article. Metrics are defined anal-
ogously to the sentence-level setting.

Temporal Frame αEnglish αGerman

Primacy 0.620 0.880
Recency 0.467 0.405
Urgency 0.658 0.642
Temporal Anchoring 0.432 0.623
Nostalgia 0.679 0.652
Temporal Contrast 0.702 0.680
Continuity 0.638 0.795
Skeptical 0.431 0.863

Table 7: Document-level per-frame inter-annotator
agreement. It is measured with Krippendorff’s α (nomi-
nal), using document-level frame presence derived from
sentence-level annotations.
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Lang. ρsent MAEsent ρframe MAEframe

English 0.575 5.67 0.541 7.93
German 0.839 2.43 0.805 3.78

Table 8: Document-level agreement on temporal
framing intensity. ρ denotes Spearman rank correlation
and MAE the mean absolute error. Subscripts indicate
whether scores are computed over framed sentences or
frame assignment counts.

C.4 Temporal Frame Co-occurrence
Figure 4 shows the sentence-level co-occurrence
patterns of temporal frames in the corpus. Val-
ues are log-scaled to highlight relative associations
between frame pairs and illustrate the multi-label
nature of temporal framing.
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Figure 4: Log-scaled heatmap of co-occurrence of
temporal frames in the corpus.

C.5 Corpus Splits

Train Dev Test All

English 138/166 (83.1%) 27/33 (81.8%) 33/39 (84.6%) 238
German 95/153 (62.1%) 18/30 (60.0%) 24/37 (64.9%) 220
Total 233/319 (73.0%) 45/63 (71.4%) 57/76 (75.0%) 458

Table 9: Corpus distribution across train, dev, and
test splits. Entries show framed/total documents per
split (percentage in parentheses); for example, 138/166
(83.1%) indicates that 138 of 166 English training arti-
cles contain at least one temporal framing instance.

Table 9 reports the distribution of documents
across the train, development, and test splits for
each language, including the number and propor-
tion of documents containing at least one tem-

porally framed sentence. The splits were con-
structed to preserve, within each language, the
relative prevalence of temporally framed and non-
framed documents, while maintaining an approxi-
mate 70/13/17 train-development-test ratio.

C.6 Lexical Analysis

Temporal Frame Most Associated Terms

Primacy record, arrivals, first, ever, demo-
cratic, lot, never, history, ufc, high,
year, since

Recency recently, latest, recent, navy, south-
ern, hours, weeks, week, tariffs, fri-
day, brought, study

Urgency clinicians, essential, medical, must,
soon, threat, rise, citizens, critical,
needs, military, today

Temporal Anchoring neocon, battle, copy, century, civil,
refused, term, harry, pandemic, rural,
reminder, remained

Nostalgia you, have

Temporal Contrast previous, longer, amendment, ago,
plastic, now, once, become, today, un-
til, research

Continuity steady, increasingly, repeatedly,
streak, spirit, methods, scandal,
remained, cryptocurrency, continues,
remains, volatile

Skeptical non-citizens, spouses, affect, non-
citizen, qdot, estate, laws, spouse,
senators, planning, broader, tariffs

Table 10: Top terms most strongly associated with
each temporal frame, estimated using log-odds key-
ness. Words are shown in descending order of associa-
tion strength.

To better understand how temporal framing is
realized at the surface level, we conduct a lexi-
cal analysis of sentences annotated with temporal
frames. Rather than attempting to define frames
purely in lexical terms, this analysis aims to iden-
tify words that are disproportionately represented
in sentences annotated with a given frame relative
to the rest of the corpus. We quantify these asso-
ciations using smoothed log-odds ratios (Monroe
et al., 2008), which assign higher scores to words
that occur more frequently in sentences expressing
a given frame than would be expected based on
their overall corpus frequency.

The resulting lexical profiles in Table 10 sum-
marize the most strongly associated words for each
temporal frame and reveal that most frames ex-
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hibit clear and intuitive surface realizations. For ex-
ample, Recency is strongly associated with words
such as recently, today, and latest, while Urgency
is characterized by markers of necessity and immi-
nence such as must, critical, and soon. Temporal
Contrast similarly shows distinctive cues related to
comparison across time, including previous, once,
and now.

However, Temporal Anchoring, Skeptical, and
Nostalgia frames exhibit comparatively weaker lex-
ical signals in the log-odds analysis. For Tempo-
ral Anchoring, this outcome is expected given its
primary function of situating claims with respect
to specific events, periods, or historical reference
points. As a result, anchoring expressions naturally
co-occur with event- or domain-specific vocabu-
lary, rather than drawing from a small, recurring
set of surface cues.

For Skeptical framing, we complement log-odds
with a lexicon-based diagnostic targeting hedging
and uncertainty terms. Such cues occur in 49.2%
of Skeptical-labeled sentences, compared to 10.8%
elsewhere in the corpus (a 4.56× enrichment). This
signal is driven primarily by modal verbs express-
ing contingency (e.g., could, would, may, might) as
well as explicit uncertainty terms (e.g., risk, con-
cern, uncertainty). This indicates that Skeptical
framing is lexically realized through uncertainty
and qualification rather than topical content.

Nostalgia framing in our corpus is primarily re-
alized through evaluative and commemorative lan-
guage rather than explicit temporal expressions.
Nostalgia-labeled sentences frequently invoke ide-
alized past states, historical figures, or perceived
loss (e.g., references to legacy, vanished glory, or
return), often without overt temporal adverbials
such as then or back. Consequently, simple tem-
poral cue-based analysis tends to under represent
Nostalgia. Notably, the log-odds analysis for Nos-
talgia shows words such as you and have, which
reflect the topical prevalence of commemorative
and obituary-style writing within Nostalgia-labeled
instances rather than nostalgia-specific lexical cues.

D Social Science Roots of the Temporal
Framing Taxonomy

In this section, we ground each temporal frame
from our taxonomy to foundational theories from
psychology, cognitive science, communication, so-
ciology, and political science. These theoretical
underpinnings shed light on why certain temporal

frames resonate so strongly with audiences, based
on how people process time-related information
in memory, attention, and decision-making. We
further illustrate how such concepts map onto the
frame’s persuasive function.

D.1 Primacy – First Impressions and
Anchoring

The Primacy frame, which attributes special sig-
nificance to being first in time, leverages one of
the most established cognitive biases: the primacy
effect. In psychology, the primacy effect refers
to the tendency for information encountered ear-
lier to be weighted more heavily than information
encountered later (Asch, 1946). Early inputs re-
ceive greater attention and rehearsal, making them
more likely to be encoded into long-term mem-
ory (Feigenbaum and Simon, 1962; Murdock Jr,
1962). Once an initial interpretive framework is
established, later details are often assimilated into
that framework rather than fundamentally revising
it.

Classic work by Asch (1946) demonstrates that
describing an individual with positive traits first
leads to a more favorable overall impression than
presenting the same traits in reverse order. In the
news context, a Primacy frame can set the tone
by emphasizing a first event, precedent, or mile-
stone, thereby adjusting audience expectations for
everything that follows. This connects closely to
the anchoring heuristic in decision-making, where
initial information serves as a mental benchmark
that biases subsequent judgments (Tversky and
Kahneman, 1974; Kahneman and Tversky, 1979;
Furnham and Boo, 2011). By highlighting the first
discovery, first warning, or unprecedented event,
communicators tap into an audience’s cognitive
bias to favor the starting point in a sequence. Pri-
macy framing draws on a robust cognitive tendency
whereby what comes first enjoys a durable advan-
tage in memory, interpretation, and influence.

D.2 Recency – Latest Events and the
Availability Heuristic

The Recency frame emphasizes the most recent
developments and is grounded in well-established
findings from memory research (Feigenbaum and
Simon, 1962; Murdock Jr, 1962). The recency ef-
fect describes the improved recall of information
presented most recently, particularly when no sub-
stantial delay intervenes. Beyond recall, recent
events exert disproportionate influence through
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the availability heuristic (Tversky and Kahneman,
1973), whereby people estimate importance, likeli-
hood, or frequency based on how easily examples
come to mind.

Because recent or vivid incidents are more ac-
cessible in memory, they are often perceived as
more important or representative than older infor-
mation. This can distort risk perception. For ex-
ample, a surge of recent crime reports may lead
people to believe crime is increasing, even when
long-term trends show stability or decline. The
Recency frame capitalizes on this tendency by fore-
grounding today’s figures or latest developments
as the most relevant indicators of reality. In me-
dia discourse characterized by continuous news
cycles, the newest headline often displaces earlier
context, which reinforces significance through re-
cency. Overall, the persuasive force of the Recency
frame lies in our inclination to treat what just hap-
pened as especially informative, sometimes at the
expense of broader temporal context.

D.3 Urgency – Imminence, Time Pressure,
and Present Bias

The Urgency frame highlights limited time or im-
minent consequences and draws on both classical
rhetoric and contemporary behavioral science. In
ancient Greek rhetorical theory, the distinction be-
tween chronos and kairos provides a foundational
account of how time functions persuasively (Smith,
1969). Chronos refers to chronological, sequential
time measured in objective units such as dates, du-
rations, or intervals. By contrast, kairos denotes
the qualitatively “right” or opportune moment for
action, which emphasizes timeliness, and conse-
quence rather than metric placement on a timeline.

Kairotic appeals frame moments as fleeting, crit-
ical, or irrevocable, creating a sense of pressure
that can be highly motivating. While references to
chronos may appear on the surface, such as dead-
lines or countdowns, the persuasive force of ur-
gency arises when these references are rhetorically
transformed into kairotic claims about actionabil-
ity. The Urgency frame thus operates primarily
through kairos rather than chronos, by using time
as a rhetorical device rather than a neutral dimen-
sion.

In psychology and marketing, this logic is
echoed in scarcity principles (Cialdini, 2001).
When opportunities or resources are framed as
time-limited, they trigger fear of missing out and
prompt rapid decision-making. From a behavioral

economics perspective, the effectiveness of Ur-
gency is closely tied to present bias (Ainslie, 1975;
O’Donoghue and Rabin, 2015), which describes
the tendency to give more significance to immedi-
ate rewards or threats than future ones. People pre-
fer smaller rewards now over larger rewards later,
and they react more strongly to dangers portrayed
as imminent than to those framed as distant (Trope
and Liberman, 2010).

By compressing the temporal horizon, the Ur-
gency frame counteracts temporal discounting,
which makes future consequences feel concrete and
immediate. By emphasizing that the next hours or
days are critical focuses attention, it heightens the
sense of alert, and encourages action. Whether
framed through kairos or present bias, by making
time scarce, one reliably intensifies engagement
and motivates immediate response.

D.4 Temporal Anchoring – Contextualizing
the Present through the Lens of the Past

Temporal Anchoring contextualizes present events
by anchoring them to past moments. This strategy
mirrors the anchoring effect identified by Tversky
and Kahneman (1974), whereby judgments are dis-
proportionately influenced by an initial reference
point. In the temporal domain, a past event could
serves as a powerful anchor that shapes interpreta-
tion of current developments.

Once an anchor is established, subsequent infor-
mation is evaluated relative to it. Referring to a
contemporary issue as occurring in a “post-9/11
world,” for instance, activates a rich schema as-
sociated with that historical event, and it guides
interpretation and emotional response. Schema
theory (Carbon and Albrecht, 2012) helps us under-
stand that when one anchors to past events, such
anchoring activate networks of associated beliefs
that structure understanding of new information.

In political communication and sociology, his-
torical analogies are widely used to legitimize or
critique present actions (Wodak, 2015). By an-
choring to significant moments in the past such as
past crises, or previous conflicts, one transfers the
schematic memory from that past to the present
situation. Temporal anchors are often emotionally
charged, drawing on wars, disasters, or triumphs
to imbue current issues with significance. The per-
suasive power of this frame lies in our reliance on
the past as a reference point for making sense of
the present. By establishing history as an anchor,
communicators guide audiences toward a preferred
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interpretation of ongoing events.

D.5 Nostalgia – Rose-Tinted Memory and
Positive Past Identity

The Nostalgia frame invokes an idealized past and
resonates strongly due to the reconstructive nature
of human memory (Starobinski, 1966; Mitchell
et al., 1997). Nostalgia is not simple recollection
of past events but an emotion-driven reconstruction
in which negative details are often downplayed and
positive aspects are amplified. This reconstructive
bias produces a rosy, idealized image of earlier
times, which makes them appear more appealing
than the present.

Social psychological research shows that nos-
talgia serves important identity functions. It in-
duces a sense of self-continuity across time by
linking present identity to valued aspects of the
past (Sedikides et al., 2008). By recalling where in-
dividuals or groups came from, nostalgia reinforces
the idea of a stable core identity. A Nostalgia frame
thus promises that returning to past values or con-
ditions can restore comfort, meaning, or greatness.

Nostalgia also connects with the concept of col-
lective memory (Halbwachs, 1950) where societies
construct shared narratives of a golden age. These
narratives foster social cohesion and increase opti-
mism and resilience during periods of uncertainty.
Empirical work suggests that nostalgia increases
feelings of social connectedness and meaningful-
ness, functioning as an existential resource (Wild-
schut et al., 2006; Sedikides et al., 2004). In po-
litical communication, nostalgic rhetoric is espe-
cially prominent in populist narratives because it is
emotionally potent and identity-affirming (Wodak,
2015; Taggart, 2000). By painting the past in posi-
tive hues, the Nostalgia frame activates longing for
what is perceived as lost and motivates efforts to
reclaim it.

D.6 Temporal Contrast – Then vs. Now
Comparisons and Temporal Comparison
Theory

The Temporal Contrast frame juxtaposes past and
present, highlighting change over time. This ap-
proach relates to the Temporal Comparison The-
ory, which extends social comparison principles to
comparisons across time (Albert, 1977; Suls and
Wheeler, 2000). Just as individuals evaluate them-
selves relative to others, they also evaluate present
circumstances relative to past or anticipated future
states.

Temporal comparisons can be upward or down-
ward. Upward temporal comparisons frame the
past as better than the present, which elicits dissatis-
faction, pessimism, or alarm. Downward temporal
comparisons frame the past as worse, which pro-
motes feelings of progress, relief, or hope (Wills,
1981). Statements such as “once a thriving hub,
now a city in decline” exemplify upward temporal
comparison.

These effects parallel findings in social compari-
son research, where upward comparisons can moti-
vate or distress, and downward comparisons tend
to bolster self-evaluation (Wilson and Ross, 2001).
By placing two time points side by side, they in-
vite comparative inferences about trajectory, de-
cline, or progress. In this sense, Temporal Contrast
frames draw persuasive force from a basic cogni-
tive tendency toward reference-dependent evalua-
tion where judgments are anchored to comparison
points rather than being assessed in isolation (Kah-
neman and Tversky, 1979).

D.7 Continuity – Reassurance and Fatigue in
Persistent Systems

The Continuity frame emphasizes persistence
across time, encompassing stability, stagnation, mo-
mentum, or recurrence. It is realized by presenting
conditions, processes, or trajectories as enduring,
ongoing, or repeatedly recurring (e.g., “X has been
true for decades,” “history is repeating itself,” or
“this trend continues”). While continuity can func-
tion to reassure or legitimize through longevity, we
observed that in our corpus it is most frequently
used to highlight stagnation, failure to progress, or
the persistence of undesirable states.

From a cognitive and decision-science per-
spective, continuity connects to status quo bias,
whereby individuals systematically prefer existing
arrangements and resist change, even when alterna-
tives may be superior (Samuelson and Zeckhauser,
1988). This bias, reinforced by loss aversion (Kah-
neman and Tversky, 1979) and cognitive inertia
(McGuire, 1960), helps explain why persistent con-
ditions are often normalized and why continuity
can be framed as inevitable rather than contestable.
System justification theory further explains how
endurance itself becomes a source of legitimacy,
leading individuals to defend and rationalize long-
standing social or institutional arrangements (Jost
and Banaji, 1994).

Beyond stagnation, continuity also manifests
through cyclical or recurrent temporal models, in
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which repetition is framed as expected. When com-
municators invoke recurrence or cycles, continuity
framing normalizes repetition and downplays the
possibility of rupture or transformation. In political
contexts, such framing can suggest that outcomes
are unsurprising as they have already happened be-
fore, and are therefore historically patterned and
hence are expected to continue to happen.

Continuity can also express momentum. In this
case, continuity framing highlights trends that con-
tinue to rise or decline by embedding them within
an unfolding time trajectory. Such framing im-
plies that change is either already underway or con-
strained by prior momentum.

Overall, Continuity framing derives persuasive
force by presenting time as unbroken, patterned,
or accumulating. Whether framed as legitimate
endurance, inevitable recurrence, forward momen-
tum, or frustrating stasis, continuity invites audi-
ences to interpret the present as tightly constrained
by what has persisted before.

D.8 Skeptical – Doubting the Future, Risk
Aversion, and Negativity Bias

The Skeptical frame casts doubt about the future
(e.g., “XYZ plan may collapse under pressure”),
and its impact is correlated to several psychologi-
cal tendencies related to risk perception and nega-
tive information processing. One key principle at
play is loss aversion, a cornerstone of prospect the-
ory (Kahneman and Tversky, 1979). Loss aversion
holds that people feel potential losses more acutely
than equivalent gains. Therefore, a message focus-
ing on what could go wrong or what one might
lose if a scenario fails will often resonate strongly.
By framing the future in terms of possible failure
or pitfalls, the Skeptical frame leverages our pre-
disposition to avoid loss and pain. Audiences are
likely to give more weight to warnings of collapse
than to equally plausible assurances of success be-
cause, psychologically, avoiding a bad outcome is
more motivating than securing a good one. Closely
related is the broader negativity bias in human cog-
nition: negative information (warnings, dangers,
criticisms) generally draws greater attention and
has a bigger impact on judgments than positive in-
formation (Kanouse and L. Reid Hanson Jr., 1987).
In communications, this is reflected in the news
media’s bias by injecting doubt and highlighting
uncertainty about the future. Essentially, it tells
the audience: do not get too comfortable, problems
likely lie ahead. This can prompt more critical eval-

uation and vigilance. Another theoretical link is
ambiguity aversion where people are uneasy about
unknown outcomes and often prefer known risks
over unknown ones (Fox and Tversky, 1995). A
Skeptical frame accentuates the unknown (“will the
plan collapse? It’s uncertain”), potentially trigger-
ing a cautionary stance where people would rather
err on the side of caution than bet on an overly
optimistic plan. Skeptical framing derives its per-
suasive form by framing future developments as
tenuous or doubtful, thus allowing communicators
to justify conservative or preventive actions in the
present.

E Additional Experimental Details

E.1 XLM-R Training Objective and
Optimization Details

We next describe the optimization and training
strategies used to address extreme label imbalance
and sparsity in sentence-level temporal framing. In
particular, we detail (i) a weighted Binary Cross-
Entropy objective that corrects for frame-level im-
balance across the corpus (Section E.1), and (ii) a
label-aware batching scheme that mitigates batch-
level sparsity during training (Section E.1). While
loss reweighting adjusts the relative contribution of
rare temporal frames, label-aware batching ensures
consistent exposure to positive supervision at the
mini-batch level. Together, these mechanisms stabi-
lize training in a multi-label setting where positive
instances are both rare and unevenly distributed
across frames.

Weighted Binary Cross-Entropy Objective Let
K denote the number of temporal frames. For each
sentence, the model produces logits z ∈ RK , which
are converted to probabilities via independent sig-
moid activations. Ground-truth labels are repre-
sented as y ∈ {0, 1}K , allowing multiple frames
to be active simultaneously.

We optimize a weighted Binary Cross-Entropy
loss defined as

L = −
K∑

k=1

[
wkyk log σ(zk)+(1−yk) log(1−σ(zk))

]

where σ(·) denotes the sigmoid function and wk

is a positive class weight for frame k.
The weight wk is computed from the training

data based on label prevalence:

wk =
N − nk

nk
,
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where N is the total number of training instances
and nk is the number of sentences annotated with
frame k. This weighting increases the contribution
of rare temporal frames while leaving negative in-
stances unweighted. The objective corresponds to
standard Binary Cross-Entropy when wk = 1.

Label-Aware Batching under Sparse Supervi-
sion In addition to loss reweighting, training is
affected by extreme label sparsity: under naive
random batching, many mini-batches contain no
positive labels, resulting in weak or uninformative
gradient signals. To address this, we employ a label-
aware batching strategy that enforces a fixed pro-
portion of temporally framed sentences per batch.

Concretely, each mini-batch is constructed to
contain a predefined fraction of sentences with at
least one active temporal frame, with remaining
batch slots filled by non-framed sentences. This
strategy ensures consistent exposure to positive su-
pervision while preserving the overall distribution
of negative instances. Importantly, this batching
procedure affects only training and does not alter
the evaluation distribution.

In our experiments, we fix the proportion of tem-
porally framed sentences to 50% per mini-batch.
Once all available positive instances have been ex-
hausted, no additional batches are constructed for
that epoch. Negative instances are sampled ran-
domly without replacement. As a result, each train-
ing epoch may not cover the full dataset, and the
set of negative sentences observed can vary across
epochs, introducing additional stochasticity while
maintaining balanced supervision.

Hyperparameters and Randomness Control
All experiments uses the default set of hyperpa-
rameters unless stated otherwise. Models are fine-
tuned using the AdamW optimizer with a learning
rate of 2 × 10−5 and a batch size of 16. Inputs
are truncated to a maximum length of 512 tokens.
Training proceeds for up to 20 epochs with early
stopping based on development-set micro-averaged
F1 score, using a patience of three epochs.

The optimizer is instantiated with default
AdamW parameters: β1 = 0.9, β2 = 0.999,
ϵ = 10−8, and no weight decay.

To address label sparsity during training, we em-
ploy a label-aware batching strategy with a fixed
batch size of 16, constructed to include 50% sen-
tences with at least one active temporal frame and
50% non-framed sentences. Positive and negative
instances are sampled without replacement, and

Context Mode Micro P Micro R Micro F1 Macro F1 Cost ($)

Sentence-only 0.212 0.476 0.294 0.251 3.50
Prev + Target + Next 0.226 0.382 0.284 0.251 3.84
Full document 0.216 0.411 0.283 0.252 11.41

Table 11: Effect of context granularity on zero-shot
temporal framing classification.

batch construction stops once all positive instances
have been exhausted for a given epoch. As a result,
individual epochs may not cover the entire training
set, and the sampled negative instances may vary
across epochs.

For reproducibility, we fix the random seed to
42 for all experiments. The seed is applied con-
sistently across Python’s random module, NumPy,
and PyTorch.

All reported results correspond to the model
checkpoint achieving the best performance on the
development set under this fixed hyperparameter
and seed configuration.

E.2 LLM Experimental Details

E.2.1 Context Ablation

Based on initial explorations with larger context
windows using GPT-5.2 on the development set,
we feed models only the target sentence itself as
input, denoted SENT (sentence-only), in all ex-
periments. In this ablation, we compared SENT
against two context-augmented variants: adding
neighboring sentences (NEIGH) and providing the
full article text (DOC). Adding context yielded no
clear gains in overall detection performance and in
some cases even reduced precision, likely due to
irrelevant information. As illustrated in Table 11,
we observed that surrounding context can make the
model more conservative, leading it to miss frames
that are already evident from the sentence alone.
The sentence-only context achieves the highest per-
formance while also being the most cost-effective.
We, therefore, opt to use the SENT configuration
for both fine-tuning and zero-shot evaluations.

E.2.2 LLM Inference Details

We use vLLM (Kwon et al., 2023) for efficient
batch inference of all LLM-based models, includ-
ing both zero-shot and fine-tuned variants. vLLM
enables high-throughput generation through con-
tinuous batching and PagedAttention, allowing us
to process data points efficiently. The random seed
is fixed at 239 for reproducibility. The instruction
set is shown in Appendix G.
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Sampling Configuration. We use consistent
sampling parameters across all experiments: tem-
perature τ = 0.0, top-p (nucleus sampling) p =
0.8, and top-k k = 20. The maximum generation
length is set to 1024 tokens. Repetition, presence,
and frequency penalties are disabled to avoid inter-
fering with structured output generation.

Guided JSON Decoding. To ensure well-formed
outputs, we employ vLLM’s structured output fea-
ture with a JSON schema derived from a Pydantic
model. The schema constrains the model to output
a JSON object with a single key temporal_frames
containing a list of valid frame types. Valid frames
are restricted to the eight categories: Continuity,
Nostalgia, Primacy, Recency, Skeptical, Temporal
Anchoring, Temporal Contrast, and Urgency. This
guided decoding eliminates parsing errors from
malformed JSON and prevents hallucinated frame
categories.

E.2.3 LLM Fine-Tuning Details

We fine-tune Qwen3-8B and Llama-3.1-8B-
Instruct using QLoRA (Dettmers et al., 2023), a
parameter-efficient fine-tuning method that com-
bines 4-bit quantization with low-rank adapters.
Our implementation uses Unsloth1 for efficient
LoRA training.

LoRA Configuration. We apply low-rank
adapters to all attention and feed-forward modules:
q_proj, k_proj, v_proj, o_proj, gate_proj,
up_proj, and down_proj. The LoRA hyperpa-
rameters are: rank r = 16, scaling factor α = 16,
and dropout 0.0. We use Unsloth’s gradient
checkpointing for memory efficiency.

Training Configuration. Models are trained for
3 epochs with a per-device batch size of 16 and
gradient accumulation over 4 steps, yielding an
effective batch size of 64. We use the AdamW
optimizer, a learning rate of 2× 10−4 with linear
decay, and 10 warmup steps. Weight decay is set
to 0.01 and gradient clipping to 1.0. The random
seed is fixed at 239 for reproducibility.

Response-Only Training. Following best prac-
tices for instruction tuning, we apply response-only
training, which masks the loss on instruction to-
kens and computes gradients only on the assistant’s
response.

1https://github.com/unslothai/unsloth

Split Model Pri Rec Urg Anch Nos Ctr Cnt Skp

EN + DE

Zero-shot
LLaMA-3.1-8B 0.11 0.20 0.06 0.13 0.10 0.14 0.16 0.00
LLaMA-3.3-70B 0.16 0.17 0.24 0.21 0.19 0.23 0.33 0.17
Qwen3-8B 0.03 0.10 0.16 0.15 0.11 0.23 0.27 0.07
Qwen3-32B 0.19 0.28 0.18 0.26 0.16 0.23 0.31 0.18
Qwen3-235B 0.16 0.22 0.21 0.24 0.32 0.26 0.30 0.12
GPT-5.2 0.18 0.25 0.20 0.23 0.07 0.27 0.29 0.11
Supervised
LLaMA-3.1-8B-Instruct 0.41 0.45 0.32 0.38 0.00 0.42 0.50 0.34
Qwen3-8B 0.39 0.49 0.31 0.34 0.00 0.41 0.55 0.28

EN

Zero-shot
LLaMA-3.1-8B 0.16 0.28 0.12 0.25 0.19 0.20 0.22 0.00
LLaMA-3.3-70B 0.20 0.25 0.30 0.28 0.30 0.42 0.40 0.17
Qwen3-8B 0.08 0.21 0.25 0.25 0.26 0.30 0.35 0.05
Qwen3-32B 0.28 0.44 0.25 0.34 0.19 0.29 0.32 0.10
Qwen3-235B 0.26 0.36 0.29 0.37 0.38 0.36 0.36 0.05
GPT-5.2 0.23 0.31 0.28 0.33 0.18 0.36 0.41 0.15
Supervised
LLaMA-3.1-8B-Instruct 0.34 0.49 0.34 0.42 0.00 0.46 0.53 0.34
Qwen3-8B 0.43 0.52 0.24 0.40 0.00 0.48 0.60 0.22

DE

Zero-shot
LLaMA-3.1-8B 0.06 0.06 0.02 0.04 0.06 0.00 0.05 0.00
LLaMA-3.3-70B 0.09 0.06 0.14 0.14 0.13 0.08 0.20 0.18
Qwen3-8B 0.01 0.03 0.08 0.07 0.04 0.13 0.16 0.08
Qwen3-32B 0.10 0.09 0.09 0.17 0.12 0.10 0.28 0.29
Qwen3-235B 0.06 0.07 0.13 0.13 0.27 0.16 0.18 0.23
GPT-5.2 0.11 0.14 0.12 0.13 0.00 0.16 0.17 0.08
Supervised
LLaMA-3.1-8B-Instruct 0.67 0.20 0.27 0.10 0.00 0.20 0.33 0.35
Qwen3-8B 0.30 0.36 0.48 0.07 0.00 0.26 0.40 0.40

Table 12: Per-label F1 scores across language eval-
uation splits. Cnt = Continuity, Nos = Nostalgia, Pri
= Primacy, Rec = Recency, Skp = Skeptical, Anch =
Temporal Anchoring, Ctr = Temporal Contrast, Urg =
Urgency.

Post-Training. After training, we merge the
LoRA adapters into the base model weights us-
ing 16-bit precision (merged_16bit), producing
a standalone model compatible with vLLM infer-
ence. The merged models are used directly with our
zero-shot inference pipeline to ensure consistent
evaluation.

E.3 Detailed Experimental Results

Following the results in Section 5.2, we provide
additional experimental breakdowns by language
and by temporal frame. Table 12 reports per-label
F1 scores for all zero-shot and supervised models,
broken down by evaluation split (English+German,
English, and German). Table 13 shows binary de-
tection and multilabel classification metrics under
the same splits.

The per-label breakdown reveals substantial vari-
ation across temporal frames. Frames such as Con-
tinuity, Temporal Anchoring, and Temporal Con-
trast are detected more reliably across models and
languages, particularly in English, where these
frames occur more frequently and are associated
with relatively stable lexical or structural cues. In
contrast, low-frequency frames, most notably Nos-
talgia, exhibit consistently low F1 scores across
both zero-shot and supervised settings, which high-
lights the strong effect of data sparsity and the dif-
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Split Model Binary Detection Multilabel Classification

P R F1 P R Micro-F1 Macro-F1

EN + DE

Random Baseline 0.11 0.88 0.20 0.02 0.49 0.04 0.03

Zero-shot models
LLaMA-3.1-8B 0.14 0.94 0.24 0.06 0.34 0.10 0.11
LLaMA-3.3-70B 0.28 0.78 0.41 0.16 0.43 0.23 0.21
Qwen3-8B 0.21 0.75 0.33 0.08 0.29 0.13 0.14
Qwen3-32B 0.36 0.57 0.44 0.20 0.31 0.25 0.22
Qwen3-235B 0.31 0.70 0.44 0.17 0.38 0.24 0.23
GPT-5.2 0.34 0.67 0.45 0.24 0.46 0.31 0.29

Supervised fine-tuning
XLM-R 0.38 0.75 0.51 0.28 0.57 0.37 0.33
Llama-3.1-8B-Instruct 0.67 0.45 0.54 0.48 0.37 0.42 0.35
Qwen3-8B 0.60 0.54 0.57 0.48 0.40 0.44 0.35

EN

Random Baseline 0.20 0.88 0.32 0.03 0.48 0.06 0.06

Zero-shot models
LLaMA-3.1-8B 0.25 0.92 0.39 0.12 0.37 0.19 0.18
LLaMA-3.3-70B 0.43 0.73 0.54 0.26 0.43 0.32 0.29
Qwen3-8B 0.41 0.69 0.52 0.18 0.29 0.22 0.22
Qwen3-32B 0.49 0.51 0.50 0.32 0.29 0.31 0.28
Qwen3-235B 0.49 0.64 0.56 0.30 0.36 0.33 0.30
GPT-5.2 0.46 0.58 0.52 0.37 0.44 0.40 0.26

Supervised fine-tuning
LLaMA-3.1-8B 0.68 0.52 0.59 0.48 0.42 0.45 0.36
Qwen3-8B 0.67 0.58 0.62 0.54 0.42 0.47 0.36

DE

Random Baseline 0.05 0.90 0.10 0.01 0.53 0.02 0.02

Zero-shot models
LLaMA-3.1-8B 0.07 0.99 0.12 0.02 0.25 0.03 0.04
LLaMA-3.3-70B 0.16 0.91 0.27 0.07 0.45 0.12 0.13
Qwen3-8B 0.11 0.93 0.19 0.03 0.30 0.05 0.07
Qwen3-32B 0.23 0.72 0.35 0.10 0.37 0.16 0.15
Qwen3-235B 0.18 0.85 0.29 0.08 0.43 0.13 0.15
GPT-5.2 0.21 0.83 0.33 0.14 0.64 0.23 0.17

Supervised fine-tuning
LLaMA-3.1-8B 0.61 0.24 0.34 0.46 0.20 0.28 0.26
Qwen3-8B 0.43 0.43 0.43 0.33 0.33 0.33 0.28

Table 13: Overall results broken down by language
evaluation splits.

ficulty of learning frames that rely on implicit eval-
uative references to the past.

Comparing results across languages highlights
the impact of corpus composition. Across models,
English consistently outperforms German, espe-
cially for recall and rare frames, where the German
subset contains far fewer positive instances. Con-
sequently, lower German performance reflects data
sparsity rather than a failure of cross-lingual mod-
eling.

Finally, the contrast between zero-shot and su-
pervised models shows that task-specific training
yields more balanced and consistent performance,
though substantial per-frame variability remains,
which reflects the discourse-level nature of tempo-
ral framing.
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F Full Annotated Example
Violence Has Been Normalized

During the misnamed and mostly preposterous debate between Kamala Harris and Donald Trump, a moderator fact-checked Trump’s claim that crime is up.
In contrast to Trump’s claim, moderator David Muir said that the FBI reports that crime is down, a claim that likely struck every viewer as obviously wrong.

Shoplifting was not a way of life before lockdowns. Nostalgia Temporal Anchoring Temporal Contrast Most cities were not demographic minefields of
danger around every corner. Nostalgia Temporal Contrast There was no such thing as a drugstore with nearly all products behind locked Plexiglas. Nostalgia

Temporal Contrast

We weren’t warned of spots in cities, even medium-sized ones, where carjacking was a real risk. Nostalgia Temporal Contrast

It is wildly obvious that high crime in the U.S. is endemic, with ever less respect for person and property. Continuity Primacy As for the FBI’s statistics,
they’re worth about as much as most data coming from federal agencies these days. Temporal Contrast

They’re there for purposes of propaganda, manipulated to present the most favorable picture possible to help the regime. Lies, Damn Lies and Government
Statistics.
This is certainly true of the Bureau of Labor Statistics and the Commerce Department, which have been shoveling out obvious nonsense for years. Continuity

Professionals in the field know it but go along for reasons of professional survival. In truth, we’ve never had a real economic recovery since lockdowns.
Continuity Temporal Anchoring

Crime is up. Temporal Contrast Literacy is down. Temporal Contrast Trust has collapsed. Temporal Contrast Societies were shattered and remain so.
Continuity Temporal Contrast

Only a few weeks following the officious fact-check at the debate, we now have new data from the National Crime Victimization Survey. Recency The
Wall Street Journal reports: “The urban violent-crime rate increased 40% from 2019–2023. Excluding simple assault, the urban violent-crime rate rose 54%
over that span. From 2022–2023, the urban violent-crime rate didn’t change to a statistically significant degree, so these higher crime rates appear to be the
new norm in America’s cities.”
But the FBI tries to tell you that crime is down. Sure, whatever they say.

The report isolates the “post-George Floyd protests” because no media source wants to mention the lockdowns. Temporal Anchoring It is still a taboo subject.
Continuity

We somehow cannot say, even now, that the worst abuses of rights in U.S. history in terms of scale and depth were a disaster, simply because saying so
implicates the whole of the media, both parties, all government agencies, academia and all the upper reaches of the social and political order.
Politics Has Become Life and Death
The problem of political division is getting alarmingly serious. Continuity Urgency It’s no longer just about competing yard signs and loud rallies.
Temporal Contrast We now have regular assassination attempts, plus even an extremely strange appearance of a bounty put on a candidate’s head by an

official agency. Temporal Contrast

Surveys have shown that 26 million people in the U.S. believe that violence is fine to keep Trump from regaining the presidency. Continuity Where might
people have gotten that idea?
Probably from many Hollywood movies that fantasize about having killed Hitler before he accomplished his evil plus the nonstop likening of Trump to Hitler,
and hence one follows from another. Liken Trump to Hitler and that is the result you produce.
There’s private violence, public violence and many forms in between including vigilante violence. Rights violations against person and property are now
normalized. Temporal Contrast This springs from the culture of our times which has been heavily informed and even defined by the deployment of state
violence in service of policy goals, at a scale, scope and depth never before seen. Continuity Primacy Temporal Contrast

The Role of Censorship
Censorship is a major part of it. Censorship is the deployment of force in service of state power, and other institutions connected to state power, for purposes
of culture planning. It’s exercised by the shallow state, in response to the middle state, and on behalf of the deep state. It’s a form of violence that interrupts
the free flow of information: the ability to speak, and the ability to learn. Censorship trains the population to be quiet, afraid and constantly stressed, and it
sorts people by the compliant versus the dissidents. Censorship is designed to shape the public mind toward the end of shoring up regime stability. Once it
starts, there’s no limit to it. Continuity

I’ve mentioned to people that Substack, Rumble and X could be banned by the spring of next year, and people respond with incredulity. Skeptical Why?

Four years ago, we were locked in our homes and locked out of churches, and the schools for which people pay all year were shut down by government force.
Temporal Anchoring If they can do that, they can do anything.

Remember Free Speech? Nostalgia

Censorship has been so effective that it’s changed the way we engage with each other even in private. Continuity Temporal Contrast

Brownstone Institute, which I founded, recently held a private retreat for scholars, fellows and special guests. One very special guest wrote me that she was
completely shocked at the freedom of thought and speech that was present in the room. As a mover in the highest circles, she had forgotten what that was like.
This censorship coincides with a strange valorization of violence that we are presented with from all over the world: Ukraine, the Middle East, London, Paris
and many American cities. Never have so many held video cameras in their pockets and never have there been so many platforms on which to post the results.
Primacy Temporal Contrast One does wonder how all these relentless presentations of destruction and killing affect public culture. Continuity

Why They’re Doing It
What purpose are all these soft, hard, public and private exercises of violence serving? The standard of living is suffering, lives are shortening, despair and ill
health are main features of the population and illiteracy has swept through an entire generation. Continuity

The decision to deploy violence to master the microbial kingdom did not turn out well. Worse, it unleashed violence as a way of life.
“When plunder becomes a way of life for a group of men in a society,” wrote Frederic Bastiat, “over the course of time they create for themselves a legal
system that authorizes it and a moral code that glorifies it.”

That is precisely where we are. It’s time we talk about it and name the culprit. Urgency Liberty, privacy and property were already unsafe before 2020 but it
was the lockdowns that unleashed Pandora’s box of evils. Continuity Temporal Anchoring Temporal Contrast

We cannot live this way. The only arguments worth having are those that name the reason for the suffering and offer a viable path back to civilized living.
Nostalgia

Figure 5: A full annotated example illustrating temporal framing. Adapted from “Violence Has Been Normalized”
by Jeffrey Tucker, originally published on Daily Reckoning (Oct. 11, 2024). URL: https://dailyreckoning.
com/violence-has-been-normalized/.

4901

https://dailyreckoning.com/violence-has-been-normalized/
https://dailyreckoning.com/violence-has-been-normalized/


G Prompt for Zero-Shot Experiments

Multi-label Temporal Framing Classification

You are an expert annotator for temporal framing in news text. Temporal framing refers to the
rhetorical use of time-related elements to persuade, not merely to report chronology. A
sentence should be labeled only if the temporal element contributes to its persuasive force.

Temporal framing taxonomy (short definitions and examples):
{BRIEF_TAXONOMY}

Key rules for annotation:
- Do not annotate factual chronological reporting or purely descriptive temporal mentions.
- Do not annotate quoted or indirect speech.
- If removing the temporal expression does not change the persuasive force, do not annotate.
- Multiple temporal frames may apply to a single sentence.

Context (optional):
{CONTEXT}

Target sentence:
{TARGET_SENTENCE}

Return the applicable temporal frames in structured JSON.

Figure 6: Prompt template for temporal framing classification. Taxonomy definitions from Figure 1b are
inserted into the prompt via the BRIEF_TAXONOMY variable, after which the model predicts all applicable temporal
frames in a single inference pass. The optional context block is included only in context-granularity ablation
experiments.

H INCEpTION Annotation Platform

All annotations in this work were produced using the INCEpTION annotation platform, a web-based
system designed for scalable, multi-layer linguistic annotation. INCEpTION supports span-based and
sentence-level labeling, and configurable tagsets. These features make it suitable for complex annotation
tasks that require consistency and quality control across multiple annotators and languages.
For temporal framing, we configured INCEpTION to operate at the sentence level, where annotators assign
one or more temporal frame labels to a sentence. The interface allows annotators to view the full article
context while focusing annotation decisions on individual sentences. The interface further facilitates
workload assignment and monitoring, as well as inspection, revision, and adjudication of annotations.
Figure 7 shows the annotation interface as used in this work.

Figure 7: INCEpTION annotation interface. The figure shows how the annotated example shown in Figure 1a
looks like on the INCEpTION interface with sentence-level annotation and multiple temporal frame labels.
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