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Abstract

Sentiment analysis in policy-related studies typ-
ically involves annotating a subset of data to
fine-tune a pre-trained model, which is sub-
sequently used to classify sentiments in the
remaining unlabeled texts, enabling policy re-
searchers to analyze sentiments in novel policy
contexts under resource constraints. We argue
that existing methods fail to adequately cap-
ture the temporal volatility inherent in policy-
related sentiments, which are subject to exter-
nal shocks and evolving discourse of opinions.
We propose methods accounting for the tem-
poral dynamics of policy-related texts. Specifi-
cally, we propose leveraging continuous time-
series clustering to select data points for annota-
tion based on temporal trends and subsequently
apply model merging techniques — each fine-
tuned separately on data from distinct time in-
tervals. Our results indicate that continuous
time-series clustering followed by fine-tuning
a single unified model achieves superior perfor-
mance, outperforming existing methods by an
average F1-score of 2.71%. This suggests that
language models can generalize to temporally
sensitive texts when provided with temporally
representative samples. Nevertheless, merging
multiple time-specific models — particularly via
greedy soup and TIES — achieves competitive
performance, suggesting practical applications
in dynamically evolving policy scenarios.

1 Introduction

Sentiment analysis in policy-related studies is often
conducted using transfer learning on partially anno-
tated datasets, where a subset of data is annotated
and used to fine-tune a pre-trained model, subse-
quently employed to classify sentiments in the re-
maining unlabeled texts (An et al., 2023; Effrosyni-
dis et al., 2022; Maceda et al., 2023; Melton et al.,
2022). This allows policy researchers to systemati-
cally gauge public support (or opposition) toward
policies from extensive online data, providing valu-
able insights to inform policy recommendations

(Ceron and Negri, 2015; Firdaus et al., 2024; Alba
and An, 2023). This approach enables researchers
to leverage robust language models for sentiment
classification even in novel policy contexts, where
benchmarks datasets fail to adequately capture the
evolving opinions or context-specific semantics as-
sociated with sentiments of emerging policies. For
instance, terms like “Welfare Queen” may be as-
sociated with positivity among sentiments from
benchmark datasets, but are considered deroga-
tory in welfare policy contexts (Floyd-Thomas,
2016). Additionally, it helps overcome practical
constraints such as limited resources, since anno-
tating the entire dataset is often infeasible due to
time and budgetary limitations.

We hypothesize that these commonly employed
methods fail to effectively capture the temporally-
sensitive nature of sentiments associated with
policy-related texts. Sentiments in such contexts
are subject to volatile shifts, driven by factors such
as external shocks which influence policy percep-
tion (Giuliano and Spilimbergo, 2024), the emer-
gence of conflicting information over time (Dhin-
gra et al., 2022) and the continuous introduction of
new vocabulary or terminologies associated within
evolving policy discourse (Alkhalifa et al., 2021;
Azarbonyad et al., 2017). All these factors can alter
the semantic context of underlying sentiments. Fur-
thermore, temporal variations in online discourse
often reflect shifts in public attention triggered by
specific events or emerging issues, characterized by
pronounced spikes or drops in online engagement
(Yang and Leskovec, 2011).

These characteristics often lead to a non-uniform
temporal distribution of trends surrounding online
textual data. Pronounced fluctuations among sen-
timents from policy-related discourse could result
in periods where texts are densely clustered around
particular events or intervals. Consequently, ran-
dom sampling for annotation is likely to dispro-
portionately represent texts from these dense inter-
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vals, leaving other crucial periods sparsely anno-
tated (Lazaridou et al., 2021). Such sampling bias
impairs the generalizability of language models
by limiting their exposure to representative texts
and vocabulary, constraining their ability to adapt
to evolving semantic contexts (Azarbonyad et al.,
2017).

Hence, this study aims to leverage strategies in
developing robust sentiment analysis models capa-
ble of generalizing across multiple time intervals,
under realistic settings that mimic sentiment anal-
ysis in policy-related studies. We aim to integrate
temporal aspects of policy-related online texts by
(1) proposing continuous time-series clustering to
segment the corpus timeline into variable-length
clusters based on temporal trends, which yields
a temporally representative training set for fine-
tuning and (2) subsequently experimenting with
advance merging methods to integrate multiple
models — each fine-tuned separately on data from
distinct time intervals — into a unified sentiment
classifier.

We conduct extensive experiments on 3 bench-
mark datasets across 4 models, and demonstrate
that continuous time-series clustering improves the
average Fl-score by 2.71% compared to random
selection, benefitting from taking temporal shifts
into account. Although certain merging techniques
achieved competitive performance, it’s overall per-
formance deteriorated compared to the unified sin-
gular model finetuned across all time intervals.
This suggests that language models can generalize
to temporally volatile policy sentiments when fine-
tuned on representative samples capturing mean-
ingful semantic shifts in policy discourse.

Therefore, our contributions are as follows:

* We explicitly consider temporal trends of on-
line texts by proposing continuous time-series
clustering when sampling data for annota-
tion and subsequent fine-tuning, thus account-
ing for fluctuations in online textual activity
driven by external shocks and evolving dis-
course. Innovatively, our method incorporates
aspects beyond purely textual considerations.

* We rigorously evaluate our methods on re-
alistic policy-related datasets under settings
closely resembling typical sentiment analysis
tasks in policy studies. Our results hence pro-
vides practical insights for policy researchers
regarding the expected effectiveness of our
proposed approach.

* We rigorously explored advance model merg-
ing techniques to test their effectiveness in
integrating models fine-tuned on distinct time
intervals, despite observing an overall perfor-
mance deterioration.

We make our code publicly available via GitHub
at github.com/cja5553/ctscams and via pip
install ctscams. Additionally, a collection with
the best performing models for each dataset can be
found at Hugging Face.

2 Related Works

2.1 Semantic and Temporal Drift in
Policy-Related Texts

The concept of semantic and domain drift in policy-
related texts over extended periods is widely ac-
knowledged. For instance, the meaning and usage
of terms such as "terrorism" have notably evolved
following pivotal events like the 9/11 attacks. Sim-
ilarly, shifts have been observed in the represen-
tation of women in news coverage throughout the
20th century, as well as geographic variations in the
emphasis placed on different concepts (Lansdall-
Welfare et al., 2017). Several studies have quan-
titatively demonstrated how text can significantly
drift over time, influenced by key events, evolving
social viewpoints, and changing contexts — partic-
ularly text involving polysemic terms whose inter-
pretations depend heavily on context (Azarbonyad
et al., 2017; Hamilton et al., 2016; Jatowt and Dubh,
2014).

These semantic and contextual shifts are demon-
strated in media coverage surrounding the Black
Lives Matter movement, particularly following the
death of Michael Brown. This pivotal event trig-
gered a significant increase in the volume of news
coverage of police brutality incidents and marked
a thematic shift from portraying these incidents as
isolated cases toward framing them as evidence of
broader systemic issues, with multiple victims men-
tioned rather than focusing on a single narrative,
fundamentally altering how online news outlets
reported police brutality (Zuckerman et al., 2019).

2.2 Temporally-sensitive text classification

The limited ability of language models to general-
ize effectively across multiple time points has been
extensively studied.

This limitation is perhaps best demonstrated by
studies that explicitly show models trained on data
from earlier periods perform progressively worse
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Figure 1: Typical sentiment analysis in policy-related studies, where sampled data is annotated and used to fine-tune
a model, subsequently classifying unlabeled data. This approach is beneficial in novel policies, where benchmarks
fail to capture the context-specific discourse associated with sentiments of emerging policies, and annotating the

entire dataset is resource-prohibitive.

when tested on data from later time periods. As
noted by Roéttger and Pierrehumbert (2021), such
temporal degradation has been observed consis-
tently across a wide variety of tasks, including doc-
ument classification (Huang and Paul, 2018, 2019),
gender and age prediction (Jaidka et al., 2018), sen-
timent analysis (Lukes and Sggaard, 2018), and
hate speech detection (Florio et al., 2020).

For instance, Lazaridou et al. (2021) trained
language models on text from earlier time periods
and explicitly evaluated their performance on texts
from later periods. They demonstrated that model
performance significantly deteriorates as the tem-
poral gap between the training and testing periods
increases. Further, scaling models by using larger
variants such as Transformer-XL failed to mitigate
this degradation. However, their findings suggest
that sustained training across extensive time points
can alleviate some of these limitations.

Dhingra et al. (2022) attributes this limitation
primarily to ‘temporal staleness,” emphasizing that
language models, typically trained on static data
snapshots, fail to adapt adequately to temporal
changes beyond their training snapshot, resulting in
degraded performance. To address this, the authors
propose prepending temporal information to the
textual data.

Additionally, Réttger and Pierrehumbert (2021)
demonstrated that fine-tuning an individual model

for each month and testing it on the same month
produced substantially better predictions than rely-
ing on a model fine-tuned with labeled data pooled
across all time points when attempting to predict
the political leaning of a given Reddit post. This
demonstrates the pronounced temporal volatility
of online texts with its associated downstream pre-
diction and shortcomings of finetuned language
models in generalizing across multiple time inter-
vals.

2.3 Merging multiple time-specific models

To address temporal sensitivity in text classification,
recent methods propose merging models fine-tuned
on discrete intervals (e.g., months or years). Model
merging essentially blends weights across multi-
ple models to capture complementary knowledge
without additional retraining or ensembling.

For instance, Nylund et al. (2024) proposed
merging multiple fine-tuned models, each trained
on distinct fixed intervals (e.g., individual months
or years), through “model souping”. However,
results showed that these merged models gener-
ally performs worse in generalizing across multiple
time periods compared to a single model fine-tuned
on labeled data from all intervals. Although in-
terpolation between two time vectors successfully
improved predictions for unknown intervals such
as future or intervening periods, merging multiple
fine-tuned models simultaneously via souping did
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Figure 2: The distinct strategies when selecting data points for annotation, which will subsequently be used to
finetune a model to classify the sentiments of the remaining corpus.

not yield similar benefits, underscoring the chal-
lenge of improving generalization with unseen data
spanning multiple temporal intervals.

Dziadzio et al. (2025) similarly addressed this
issue in a streaming context using the Temporal
Integration of Model Expertise (TIME) framework.
At each interval, TIME initializes training from
an exponential moving average (EMA) of prior
checkpoints, fine-tunes on the current interval, then
merges the newly trained expert back into the EMA.
Although TIME outperformed standard continual
fine-tuning and other merging methods, its sequen-
tial training assumption limits direct applicability
to scenarios involving generalization across multi-
ple intervals simultaneously. Nevertheless, TIME
motivates us to explore intermediate processing
steps rather than directly merging fixed-interval
models (Nylund et al., 2024).
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3 Methods

3.1 Selecting data points for annotation

As illustrated in Figure 1, sentiment analysis in
policy-related studies typically begins by sampling
a subset of data points for professional annotation.
These labeled data are subsequently used to fine-
tune sentiment classification model(s).

Random Sampling The selection of data points
for annotation is often randomly sampled, where
a fixed number (n) of data points — determined
based on factors such as the researcher’s annotation
budget or desired annotation volume — is drawn
uniformly at random (without replacement) from
the entire dataset (An et al., 2023; Hayawi et al.,
2022; Hossain et al., 2020). This can be illustrated
in Figure 2a.

Sampling Based on Fixed Time Intervals To
account for the temporality inherent in online data,
some studies propose uniformly sampling data



points from each predefined fixed time interval ¢
(e.g., monthly or yearly), where n; ~ % fort € T
(Nylund et al., 2024; Rottger and Pierrehumbert,
2021; Dhingra et al., 2022), as illustrated in Fig-
ure 2b.

Sampling based on continuous time series clus-
tering We propose employing continuous time-
series clustering to sample data points from each
identified cluster, as illustrated in Figure 2c. We
utilize Ruptures (Truong et al., 2020), as it effec-
tively detects structural shifts or change points in
discrete time-series data, serving our overarching
purpose of modeling temporal trends across online
texts.

We begin by aggregating the entire corpus into a
univariate count series N = (NNy, ..., N7), where
N; € N is the total number of policy-related texts
(e.g., Tweets) observed in time bin ¢ (e.g., day,
month, or year). Ruptures then segments this se-
ries into contiguous clusters by locating change-
points that minimize the penalized within-segment
cost

|7
rc{lrfl..i.,nT1}{kZ:O£(Nt’“+1:t’““) + @}

T = arg

penalty

segment-cost

where the segment-cost

b
. 2
E(Na:b) = 12713 ;(Nt (o + ’yt))
fits a local linear trend V; = « + ~t to each subse-
quence [a:b], and the ¢ penalty 3|7| to discourage
over-segmentation (Truong et al., 2020).

The optimal set 7 partitions the timeline into
M = |7|+1 trend-homogeneous segments C =
{C1,...,Cu}, which we treat as continuous time-
series clusters. From each cluster C,, (m =
1,..., M) we then uniformly draw nc,, ~ 77
texts at random, yielding an annotation pool that is
temporally representative of all detected discourse
regimes.

In this approach, time intervals are dynamically
defined by temporal trends in policy-related dis-
course, capturing sentiment shifts triggered by ex-
ternal shocks and evolving opinions that unfold
over variable-length periods.

3.2 Building a model
3.2.1 Finetuning a single model

Upon annotating the sampled data, the most
straightforward and commonly employed approach

is to finetune a single unified model using all the
annotated data-points.

3.2.2 Merging multiple models across time
intervals

To account for temporal dynamics across data
points, some propose fine-tuning separate models
— each trained exclusively on data from a specific
time interval — and subsequently merging them
into a unified models (Aghapour and Rahili, 2024;
Wortsman et al., 2022; Nylund et al., 2024). This
approach aims to embed time into the model’s
weights by integrating multiple specialized models,
each of which is fine-tuned to a specific time inter-
val. We hence experimented the following merging
techniques:

Souping Souping, which involves averaging the
weights of multiple models, remains a commonly
employed merging technique across distinct time
intervals (Wortsman et al., 2022; Nylund et al.,
2024). Two variants are commonly used: uniform
souping, which equally averages the weights of all
models from each time interval, and greedy soup-
ing, an iterative approach that sequentially adds
models into the averaged ensemble, retaining each
new model only if it improves performance on a
held-out validation set.

Task Arithmetic Task Arithmetic uses “task vec-
tors” that capture the parameter-space direction of
a task (Ilharco et al., 2022). Task vectors 7 can be
defined as the element-wise difference between a
model fine-tuned on time interval 7" and the pre-
trained weights 0. Hence, we learn a task vector
for each interval 7" and add them to the base pa-
rameters (0pre +AD rer TT) to obtain a merged
model.

TIES Merging Trlm, Elect Sign, and Merge
(TIES Merging) trims each task vector to the
top k% largest-magnitude values, then elects the
sign with the greatest total magnitude across the
trimmed vectors before merging (Yadav et al.,
2023). In doing so, it aims to remove redundant pa-
rameters and resolve sign conflicts during merging.

DARE Drop And REscale (DARE) proposes ran-
domly dropping p% of delta parameters and rescal-
ing the remaining ones ( by ﬁ) before merging
the models (Yu et al., 2024), aiming to eliminate
small and redundant changes witnessed in fine-
tuned models from their pre-trained variants.
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Fisher Merging Across multiple fine-tuned mod-
els derived from the same pretrained model, Fisher
Merging first estimates the diagonal Fisher infor-
mation for each model using a small batch of task-
specific data (Matena and Raffel, 2022). Subse-
quently, for each parameter, it computes a weighted
average across the models, with weights deter-
mined by the Fisher scores. Parameters considered
more informative thus have greater influence, en-
abling the merged model to retain essential updates
and minimize interference.

RegMean Merging Regression Mean (Reg-
Mean) merging treats model merging as a regres-
sion problem by computing an optimal weighted
average of parameters across fine-tuned models
(Matena and Raffel, 2022). Specifically, it uses the
inner product matrices of layer inputs from each
model to find parameters minimizing the squared
difference between merged and individual model
outputs. This hence reweighs and linearly com-
bines parameter rows based on their importance.

4 Experimental Setup

4.1 Datasets

We perform our above-mentioned methods on 3
datasets that meet the following criteria: (1) a senti-
ment classification task, (2) data is policy-relevant,
(3) all texts are professionally annotated, (4) dataset
details, particularly the time-stamps, are available,
and (5) is sufficiently large. Details of each dataset
are elaborated in Appendix A.

Climate Change Twitter Dataset The Climate
Change Twitter Dataset (Effrosynidis et al., 2022;
Bauch and Qian, 2018) contains 43,943 annotated
tweets surrounding climate change sentiments span-
ning Apr 27, 2015 and Feb 21, 2018. Tweets are la-
beled as Pro-, Anti-, Neutral- and News- stance
towards climate change.

Al Perceptions The “Long-Term Trends of Pub-
lic Perception of Artificial Intelligence (Al)”,
which we will call the Al Perceptions dataset, is
a dataset that captures nearly 30 years of public
perceptions regarding Al. Annotators labeled per-
ceptions based on 5,685 paragraphs extracted from
New York Times (NYT) articles related to Al, span-
ning 1986 to 2016 (Fast and Horvitz, 2017; Sha-
hane et al., 2018). Perceptions are categorized as
either Positive, Negative, or Neutral/Mixed.

COVID Vaccine Twitter Dataset The COVID
Vaccine Twitter Dataset contains 6,000 tweets anno-
tated with sentiment labels (positive, negative,
or neutral) toward COVID-19 vaccines. The
tweets were collected during the initial months fol-
lowing the vaccine’s release, spanning December
2020 through April 2021 (Preda, 2021b,a).

4.2 Model fine-tuning and evaluation

To mimic the typical sentiment analysis process
employed in policy-related studies — where large
datasets are classified using models fine-tuned on
partially annotated subsets (An et al., 2023; Ef-
frosynidis et al., 2022; Maceda et al., 2023; Melton
et al., 2022) — we sample 10,000, 2,000, and 3,000
annotated data points from the Climate Change
Twitter, Al Perceptions, and COVID-19 Vaccine
Twitter datasets, respectively, using the strategies
detailed in Section 3.1. These sampled data points
are used to fine-tune pretrained models. The re-
maining data points are reserved for evaluation,
mimicking the practical scenario in which models
trained on a subset of annotated data are subse-
quently used to classify sentiments of remaining
unlabeled corpora. The choice for our selected
training sample sizes are detailed in Appendix B.
We performed our experiments on four pre-
trained models commonly employed in text
classification: DeBERTaj,e. (He et al., 2021),
RoBERTay,ge (Liu et al., 2019), BERT g (Devlin
et al., 2019), and a domain-specific model selected
based on the dataset — BERTweetjyge (Nguyen
et al., 2020a) for Twitter data and NewsBERT (Wu
et al., 2022) for news data. The training hyper-
parameters are detailed in Appendix C.

5 Results

5.1 Selecting data points for labeling

We begin by evaluating the sampling approaches
described in Section 3.1 in selecting annotated data
points to fine-tune a unified sentiment classification
model. When sampling through fixed time inter-
vals, we set the temporal granularity to monthly for
the Climate Change Twitter and COVID-19 Vac-
cine Twitter datasets, and annually for the Al Per-
ceptions dataset. Similarly, when sampling through
continuous time series clustering, we cluster base
on the daily, monthly and annual trends for the
COVID-19 Vaccine Twitter, Climate Change Twit-
ter, and Al Perceptions datasets, respectively. The
clusters identified through continuous time-series
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Figure 3: Clusters obtained from continuous time-series clustering based on temporal trends within each dataset.

Distinct colors correspond to individual clusters.

Climate Change

AT Perceptions COVID vaccine

Type Model Accuracy F1 AUROC  Accuracy F1 AUROC  Accuracy F1 AUROC

Random Sample 79.93%  79.26% 93.48%  68.58%  58.09% 76.42%  77.37% 76.88% 87.46%
Fixed intervals RoBERTajarge  79.65%  79.26%  93.00%  69.03%  58.58% 75.17%  71.31% 77.02% 87.00%
Continous time series clusters 80.34% 79.81% 93.63% 72.75% 70.49% 77.38% 77.58% 77.68% 87.64%
Random Sample 74.79%  74.28% 90.12%  68.77%  58.75% 72.00%  74.23% 71.90% 85.03%
Fixed intervals BERT arge 74.54%  74.06% 89.66%  67.75% 54.72% 69.07%  73.91% 71.12% 83.96%
Continous time series clusters 7540% 7478% 90.14% 71.35% 65.75% 73.27% 76.05% 75.49% 85.69%
Random Sample 81.67%  81.37% 93.90%  69.06%  62.51% 73.69%  77.60% 76.81% 86.83%
Fixed intervals DeBERTajaree  80.75%  80.65%  93.66%  71.34%  66.24% 73.95%  71.98%  77.62%  86.26%
Continous time series clusters 81.79% 81.49% 94.05% 71.90% 66.69% 74.90% 7827% 77.92% 86.58%
Random Sample BERTweetiye. 80.99%  80.41% 93.93%  70.64% 64.23% 75.24% 71.77% 11.56% 87.96%
Fixed intervals © 80.01% 79.55% 93.48%  69.63%  60.49% 73.37%  70.53%  66.87% 74.54%
Continous time series clusters I NewsBERT 81.38% 80.87% 94.09% 70.89% 65.63% 75.10% 71.87% 77.94% 88.18%

Table 1: Results spanning the distinct sampling approaches in selecting data points for annotation and model
fine-tuning. Among each dataset, the best performing results across each model are bolded and the best results

across all models are underlined.

clustering for each dataset are shown in Figure 3.

To demonstrate the effectiveness of employing
continuous time-series clustering to capture struc-
tural semantic and contextual shifts across temporal
trends, we (1) illustrate the distribution of topics
across clusters, and (2) qualitatively present sample
texts to demonstrate the conceptual effectiveness
of our proposed approach in Appendix D.

Our overall results demonstrate competitive or
superior performances relative to prior studies (Ef-
frosynidis et al., 2022; Almars et al., 2022; Then-
mozhi et al., 2024; Akpatsa et al., 2022), even
though those studies employed traditional train-test
splits, whereas we used smaller annotated subsets
to mimic realistic annotation constraints in policy-
related research.

As shown in Table 1, our proposed method of us-
ing continuous time-series clustering to select data
points for annotation and model fine-tuning consis-
tently outperforms random selection — improving
upon average F1-score and accuracy by 2.71% and

1.18%, respectively. Similarly, our method of se-
lecting through continuous time-series sampling
improves upon fixed time-interval sampling by an
average F1-score and accuracy score of 4.03% and
1.92%, respectively. Surprisingly, fixed-interval
sampling results in a slight performance deteriora-
tion relative to random selection, with an average
decrease in F1-score of 0.99%.

5.2 Building a robust model across time
intervals

Having determine the best strategy when selecting
the data for annotation towards model fine-tuning,
we proceed to assess the effectiveness of the merg-
ing methods outlined in Section 3.2.2, wherein
models fine-tuned separately on data from distinct
time intervals are merged. We then compare the
performance of these merged models against the
single unified model fine-tuned across all intervals
in Section 5.1.

As shown in Figure 4, our results show that
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Figure 4: Results spanning the distinct merging techniques.

fine-tuning a single unified model using data from
all time intervals consistently outperforms merg-
ing individually fine-tuned models from separate
intervals. The sole exception arises from the
DeBERTay,ge variant from the AI perceptions
dataset, in which greedy souping outperforms a
single unified model by 0.89%.

Nonetheless, in many cases, certain merging
techniques — particularly greedy souping and TIES
merge — yields very competitive performances, of-
ten coming a few percentage points off a single uni-
fied model. This suggests that merging separately
fine-tuned models may still be advantageous in
scenarios involving incremental or online learning,
where new data continually streams in as policies
and associated events evolve over time.

We further examined whether merging models
fine-tuned on fixed intervals, as opposed to con-
tinuous time series clusters, might improve per-
formance. Additional experiments, detailed in
Appendix E, shows that merging models base on
fixed intervals performed even worse than merging
cluster-based models, reinforcing the advantage of
continuous clustering for both unified and merged-
model strategies.

6 Discussion

Despite advancements in LLMs enhancing senti-
ment classification among complex, nuanced policy
texts, existing methods often neglect the temporally
volatile nature of its associated sentiments, which
continuously evolves due to external shocks and
evolving discourse of opinions. To this end, we
propose methods to account for the temporally-

sensitive nature of policy-related texts (Alkhal-
ifa et al., 2021; Giuliano and Spilimbergo, 2024)
and experimentally evaluate them in realistic set-
tings that mimic sentiment analysis as conducted
in policy-related studies. Specifically, we propose
leveraging continuous time-series clustering to se-
lect data points for annotation based on temporal
trends before subsequently applying advance merg-
ing techniques to merge multiple models, each fine-
tuned separately on data from distinct time inter-
vals.

Our results demonstrate that sampling data
points for annotation through continuous time-
series clustering, and subsequently fine-tuning a
single unified model using all annotated data, yields
the best performance. These findings are unsurpris-
ing given that they echo the results of Nylund et al.
(2024), who found that fine-tuning a single model
across all time intervals outperformed merging in-
dividually fine-tuned models trained separately on
each time interval in all but one instance, despite
the merged models collectively receiving five times
more training data — albeit in a different down-
stream task from ours.

Perhaps Yogatama et al.’s (2011) findings pro-
vide some insight into why this might be the case.
Specifically, their demonstration that simpler mod-
els trained solely on basic textual features (e.g., un-
igrams, bigrams, and trigrams) aggregated across
all time periods exhibited minimal or no perfor-
mance degradation compared to models explicitly
incorporating temporal dynamics suggests inherent
semantic stability in textual features. This obser-
vation, derived purely from textual features, could
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possibly imply that additional complexities explic-
itly designed to capture temporal variations might
provide limited predictive benefit, possibly since
temporal nuances could potentially already be in-
herently represented at the temporally aggregated
level, provided that the overarching training data
are sufficiently representative of key temporal shifts
and linguistic variations.

Our results suggests that language models can
generalize across temporally volatile sentiments
associated with policy-related texts across multi-
ple time points, provided they are fine-tuned on
representative samples that capture meaningful se-
mantic variations within evolving policy discourse
(Azarbonyad et al., 2017).

Hence, leveraging machine learning methods
to identify distinct temporal patterns allows us to
select more representative samples for annotation
and model fine-tuning, effectively capturing vary-
ing trends associated with sentiment shifts driven
by external shocks or evolving opinions across
variable-length periods (Alkhalifa et al., 2021).
These patterns align with previous studies, which
have demonstrated that accounting for temporal-
ity when applying language models to downstream
tasks — especially in domains subject to temporal
volatility — can improve performances (Rottger and
Pierrehumbert, 2021; Lazaridou et al., 2021; Dhin-
gra et al., 2022).

Nonetheless, the attainment of competitive per-
formances when merging multiple models — each
trained on intervals determined through continuous
time-series clustering — using techniques such as
greedy souping and TIES merging could be bene-
ficial in certain practical scenarios. For instance,
when significant events or shifts — such as political
transitions — lead to external shocks that substan-
tially alter public sentiment (e.g., sudden changes
in online immigration-policy rhetoric following
President Trump’s emergence and subsequent elec-
tion (Quinonez, 2018)) that may necessitate the
collection and annotation additional data to update
already-tuned language models in order to facil-
itate an up-to-date policy analysis of sentiments
(Azarbonyad et al., 2017; Alkhalifa et al., 2021).
Under such conditions, merging newly fine-tuned
models with previously trained models offers an ef-
ficient and flexible alternative to retraining a single
classifier from scratch.

7 Conclusions

Sentiments in policy-related texts exhibit high
volatility due to external shocks and evolving dis-
course. We posit that these temporal dynamics are
typically overlooked by existing methods. To ad-
dress this, we propose leveraging continuous time-
series clustering to select temporally representative
data points for annotation, followed by advance
merging techniques to combine models fine-tuned
on distinct time intervals.

Our results show that continuous time-series
clustering combined with fine-tuning a single uni-
fied model outperforms conventional random sam-
pling by an average F1-score of 2.71%. Although
merging multiple models typically reduces perfor-
mance compared to a unified model, certain merg-
ing methods — particularly greedy souping and
TIES merging — yield competitive results. These
findings suggest language models effectively gen-
eralize to temporally sensitive policy texts when
trained on representative samples. Furthermore, the
competitive performance of merged time-specific
models indicates practical advantages in dynami-
cally evolving policy contexts.

Limitations

Our analyses — from the experimental setup and
selected datasets to the choice of models — were ex-
plicitly designed to mimic sentiment analysis tasks
in policy-related contexts. While our results are
consistent with similar studies (Nylund et al., 2024;
Lazaridou et al., 2021), as discussed in Section 6,
further research is needed to explore whether these
findings generalize effectively to other downstream
tasks across distinct domains.

Although the performance improvements
demonstrated across all three benchmark datasets
and four models remain consistent, the absolute
improvements are generally modest — often less
than a percentage point. However, given that many
stratification methods struggle to consistently
outperform simple random sampling (Nguyen
et al., 2020b; Sirndal et al., 2003; Cochran, 1977),
such incremental gains underline the practical
benefits of our proposed approach in realistic
policy-related scenarios characterized by resource
constraints and annotation limitations.

Additionally, our experiments employed transfer
learning on partially annotated datasets to mimic
practical constraints — such as limited annotation
resources — which represent the most common and
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straightforward method for leveraging robust lan-
guage models for policy-related sentiment analysis
(An et al., 2023; Effrosynidis et al., 2022; Maceda
et al., 2023; Melton et al., 2022). Nonetheless,
further research could explore incorporating unan-
notated examples and their temporal contexts, po-
tentially enhancing the generalizability of predic-
tions across multiple time intervals through weak
supervision (Tong et al., 2024) and semi-supervised
learning techniques (Shi et al., 2023).

Furthermore, fine-tuning on limited subsets may
directly influence the predictive performance of
our models. While our chosen subset sizes were
guided by prior studies in policy-related contexts
(An et al., 2023; Effrosynidis et al., 2022; Maceda
et al., 2023; Melton et al., 2022), the precise rela-
tionship between relative training sample size and
predictive performance remains unclear, as does
the optimal subset size within commonly employed
setups for policy-related sentiment analysis. We
therefore highlight these as important considera-
tions for future work.

Moreover, as open-source LLMs with impressive
reasoning capabilities (Grattafiori et al., 2024; Guo
et al., 2025) continue to emerge, their performance
in classifying sentiments within temporally volatile
policy contexts under few-shot settings remains un-
clear. If such models excel under these conditions,
the practical advantages of our approach may be
diminished. Thus, comparing the effectiveness of
few-shot learning with larger, reasoning-focused
LLMs against our proposed methods represents an
important avenue for future research.

Finally, our work was evaluated on benchmark
datasets covering global policy topics—climate
change, artificial intelligence perceptions, and
COVID-19 vaccine attitudes—primarily due to the
extensive availability of fully annotated datasets
in these domains. However, sentiment analysis is
also commonly applied to national and local poli-
cies (Maceda et al., 2023; Hagbeen et al., 2021;
Chen and Wei, 2023; An et al., 2023), where typ-
ically only a subset of data is annotated, similar
to our experimental setup. Since national and lo-
cal policies often exhibit greater temporal volatility
(Henisz, 2004), it remains unclear if our findings
would generalize to these contexts.

Ethical Considerations

Given that sentiments expressed in policy-related
opinions in online spaces are often intertwined

with racial, gender, age, and socio-economic stereo-
types, there is an inherent risk that fine-tuned lan-
guage models may similarly associate stereotype-
embedded terminologies with particular sentiments
(Lee et al., 2024). Furthermore, policy-related sen-
timents can be highly subjective; thus, annotators
may inadvertently introduce their own biases or
stereotypical associations into the manual annota-
tion process, potentially embedding these biases
into models during fine-tuning (Sap et al., 2022;
Davani et al., 2023).

Acknowledgments

This research is supported in part by the National
University of Singapore Development Grant and
the Social Science Research Council (Singapore),
administered by the Ministry of Education, Sin-
gapore, under the Graduate Research Fellowship.
Any opinions, findings, conclusions, or recommen-
dations expressed in this material are those of the
author(s) and do not necessarily reflect the views
of the National University of Singapore, the So-
cial Science Research Council (Singapore), or the
Ministry of Education, Singapore.

References

Elahe Aghapour and Salar Rahili. 2024. Beyond fine-
tuning: Merging specialized 1lms without the data
burden. Medium.

Samuel Kofi Akpatsa, Xiaoyu Li, Hang Lei, and Victor-
Hillary Kofi Setornyo Obeng. 2022. Evaluating pub-
lic sentiment of covid-19 vaccine tweets using ma-
chine learning techniques. Informatica, 46(1).

Charles Alba and Ruopeng An. 2023. Using mobile
phone data to assess socio-economic disparities in un-
healthy food reliance during the covid-19 pandemic.
Health Data Science, 3:0101.

Rabab Alkhalifa, Elena Kochkina, and Arkaitz Zubiaga.
2021. Opinions are made to be changed: Temporally
adaptive stance classification. In Proceedings of the
2021 workshop on open challenges in online social
networks, pages 27-32.

Abdulgader M Almars, El-Sayed Atlam, Talal H Noor,
Ghada ELmarhomy, Rasha Alagamy, and Ibrahim
Gad. 2022. Users opinion and emotion understand-
ing in social media regarding covid-19 vaccine. Com-
puting, 104(6):1481-1496.

Ruopeng An, Yuyi Yang, Quinlan Batcheller, and Qianzi
Zhou. 2023. Sentiment analysis of tweets on soda
taxes. Journal of Public Health Management and
Practice, 29(5):633-639.

967


https://medium.com/data-science/beyond-fine-tuning-merging-specialized-llms-without-the-data-burden-1c449c2060c4
https://medium.com/data-science/beyond-fine-tuning-merging-specialized-llms-without-the-data-burden-1c449c2060c4
https://medium.com/data-science/beyond-fine-tuning-merging-specialized-llms-without-the-data-burden-1c449c2060c4
https://doi.org/10.31449/inf.v46i1.3483
https://doi.org/10.31449/inf.v46i1.3483
https://doi.org/10.31449/inf.v46i1.3483
https://doi.org/10.34133/hds.0101
https://doi.org/10.34133/hds.0101
https://doi.org/10.34133/hds.0101
https://doi.org/10.1145/3472720.3483620
https://doi.org/10.1145/3472720.3483620
https://doi.org/10.1007/s00607-022-01062-9
https://doi.org/10.1007/s00607-022-01062-9
https://doi.org/10.1097/PHH.0000000000001721
https://doi.org/10.1097/PHH.0000000000001721

Hosein Azarbonyad, Mostafa Dehghani, Kaspar Beelen,
Alexandra Arkut, Maarten Marx, and Jaap Kamps.
2017. Words are malleable: Computing semantic
shifts in political and media discourse. In Proceed-
ings of the 2017 ACM on Conference on Information
and Knowledge Management, pages 1509-1518.

Chris Bauch and Edward Qian. 2018. Twitter climate
change sentiment dataset.

Andrea Ceron and Fedra Negri. 2015. Public policy
and social media: How sentiment analysis can sup-
port policy-makers across the policy cycle. Rivista
Italiana di Politiche Pubbliche, 10(3):309-338.

Kehao Chen and Guiyu Wei. 2023. Public sentiment
analysis on urban regeneration: A massive data
study based on sentiment knowledge enhanced pre-
training and latent dirichlet allocation. Plos one,
18(4):e0285175.

William Gemmell Cochran. 1977. Sampling techniques.
john wiley & sons.

Aida Mostafazadeh Davani, Mohammad Atari, Bren-
dan Kennedy, and Morteza Dehghani. 2023. Hate
speech classifiers learn normative social stereotypes.
Transactions of the Association for Computational
Linguistics, 11:300-319.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. Bert: Pre-training of deep
bidirectional transformers for language understand-
ing. In Proceedings of the 2019 conference of the
North American chapter of the association for com-
putational linguistics: human language technologies,
volume 1 (long and short papers), pages 4171-4186.

Bhuwan Dhingra, Jeremy R Cole, Julian Martin
Eisenschlos, Daniel Gillick, Jacob Eisenstein, and
William W Cohen. 2022. Time-aware language mod-
els as temporal knowledge bases. Transactions of the
Association for Computational Linguistics, 10:257—
273.

Sebastian Dziadzio, Vishaal Udandarao, Karsten Roth,
Ameya Prabhu, Zeynep Akata, Samuel Albanie, and
Matthias Bethge. 2025. How to merge multimodal
models over time? In ICLR 2025 Workshop on Mod-
ularity for Collaborative, Decentralized, and Contin-
ual Deep Learning.

Dimitrios Effrosynidis, Alexandros I Karasakalidis,
Georgios Sylaios, and Avi Arampatzis. 2022. The
climate change twitter dataset. Expert Systems with
Applications, 204:117541.

Ethan Fast and Eric Horvitz. 2017. Long-term trends
in the public perception of artificial intelligence. In
Proceedings of the AAAI conference on artificial in-
telligence, volume 31.

Asno Azzawagama Firdaus, Joko Slamet Saputro, Mif-
tahul Anwar, Feri Adriyanto, Hari Maghfiroh, Alfian
Ma’arif, Fahmi Syuhada, and Rahmad Hidayat. 2024.
Application of sentiment analysis as an innovative

approach to policy making: A review. Journal of
Robotics and Control (JRC), 5(6):1784—1798.

Komal Florio, Valerio Basile, Marco Polignano, Pier-
paolo Basile, and Viviana Patti. 2020. Time of your
hate: The challenge of time in hate speech detection
on social media. Applied Sciences, 10(12):4180.

Juan M Floyd-Thomas. 2016. Welfare reform and the
ghost of the" welfare queen". New Politics, 16(1):29.

Paola Giuliano and Antonio Spilimbergo. 2024. Ag-
gregate shocks and the formation of preferences and
beliefs. IMF Working Papers.

Aaron Grattafiori, Abhimanyu Dubey, Abhinav Jauhri,
Abhinav Pandey, Abhishek Kadian, Ahmad Al-
Dahle, Aiesha Letman, Akhil Mathur, Alan Schelten,
Alex Vaughan, and 1 others. 2024. The llama 3 herd
of models. arXiv preprint arXiv:2407.21783.

Maarten Grootendorst. 2022. Bertopic: Neural topic
modeling with a class-based tf-idf procedure. arXiv
preprint arXiv:2203.05794.

Daya Guo, Dejian Yang, Haowei Zhang, Junxiao
Song, Ruoyu Zhang, Runxin Xu, Qihao Zhu, Shi-
rong Ma, Peiyi Wang, Xiao Bi, and 1 others. 2025.
Deepseek-rl: Incentivizing reasoning capability in
Ilms via reinforcement learning. arXiv preprint
arXiv:2501.12948.

William L. Hamilton, Jure Leskovec, and Dan Jurafsky.
2016. Diachronic word embeddings reveal statisti-
cal laws of semantic change. In Proceedings of the
54th Annual Meeting of the Association for Compu-
tational Linguistics (Volume 1: Long Papers), pages
1489-1501, Berlin, Germany. Association for Com-
putational Linguistics.

Jawad Hagbeen, Sofia Sahab, Takayuki Ito, and Paola
Rizzi. 2021. Using decision support system to enable
crowd identify neighborhood issues and its solutions
for policy makers: An online experiment at kabul
municipal level. Sustainability, 13(10):5453.

Kadhim Hayawi, Sakib Shahriar, Mohamed Adel Ser-
hani, Ikbal Taleb, and Sujith Samuel Mathew. 2022.
Anti-vax: a novel twitter dataset for covid-19 vaccine
misinformation detection. Public health, 203:23-30.

Pengcheng He, Xiaodong Liu, Jianfeng Gao, and
Weizhu Chen. 2021. Deberta: Decoding-enhanced
bert with disentangled attention. In International
Conference on Learning Representations.

Witold Jerzy Henisz. 2004. Political institutions and
policy volatility. Economics & politics, 16(1):1-27.

Tamanna Hossain, Robert L Logan Iv, Arjuna Ugarte,
Yoshitomo Matsubara, Sean Young, and Sameer
Singh. 2020. Covidlies: Detecting covid-19 misin-
formation on social media. In Proceedings of the 1st
Workshop on NLP for COVID-19 (Part 2) at EMNLP
2020.

968


https://doi.org/10.1145/3132847.3132878
https://doi.org/10.1145/3132847.3132878
https://www.kaggle.com/datasets/edqian/twitter-climate-change-sentiment-dataset
https://www.kaggle.com/datasets/edqian/twitter-climate-change-sentiment-dataset
https://doi.org/10.1483/81600
https://doi.org/10.1483/81600
https://doi.org/10.1483/81600
https://doi.org/10.1371/journal.pone.0285175
https://doi.org/10.1371/journal.pone.0285175
https://doi.org/10.1371/journal.pone.0285175
https://doi.org/10.1371/journal.pone.0285175
https://www.wiley.com/en-us/Sampling+Techniques%2C+3rd+Edition-p-9780471162407
https://doi.org/10.1162/tacl_a_00550
https://doi.org/10.1162/tacl_a_00550
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.1162/tacl_a_00459
https://doi.org/10.1162/tacl_a_00459
https://openreview.net/pdf?id=LBBKIA0NpN
https://openreview.net/pdf?id=LBBKIA0NpN
https://doi.org/10.1016/j.eswa.2022.117541
https://doi.org/10.1016/j.eswa.2022.117541
https://doi.org/10.1609/aaai.v31i1.10635
https://doi.org/10.1609/aaai.v31i1.10635
https://doi.org/10.18196/jrc.v5i6.22573
https://doi.org/10.18196/jrc.v5i6.22573
https://doi.org/10.3390/app10124180
https://doi.org/10.3390/app10124180
https://doi.org/10.3390/app10124180
https://www.proquest.com/docview/1822379443?pq-origsite=gscholar&fromopenview=true&sourcetype=Scholarly%20Journals
https://www.proquest.com/docview/1822379443?pq-origsite=gscholar&fromopenview=true&sourcetype=Scholarly%20Journals
https://doi.org/10.5089/9798400288654.001
https://doi.org/10.5089/9798400288654.001
https://doi.org/10.5089/9798400288654.001
https://doi.org/10.48550/arXiv.2407.21783
https://doi.org/10.48550/arXiv.2407.21783
https://doi.org/10.48550/arXiv.2203.05794
https://doi.org/10.48550/arXiv.2203.05794
https://doi.org/10.18653/v1/P16-1141
https://doi.org/10.18653/v1/P16-1141
https://doi.org/10.3390/su13105453
https://doi.org/10.3390/su13105453
https://doi.org/10.3390/su13105453
https://doi.org/10.3390/su13105453
https://doi.org/10.1016/j.puhe.2021.11.022
https://doi.org/10.1016/j.puhe.2021.11.022
https://openreview.net/pdf?id=XPZIaotutsD
https://openreview.net/pdf?id=XPZIaotutsD
https://doi.org/10.1111/j.1468-0343.2004.00129.x
https://doi.org/10.1111/j.1468-0343.2004.00129.x
https://doi.org/10.18653/v1/2020.nlpcovid19-2.11
https://doi.org/10.18653/v1/2020.nlpcovid19-2.11

Xiaolei Huang and Michael Paul. 2018. Examining tem-
porality in document classification. In Proceedings
of the 56th Annual Meeting of the Association for
Computational Linguistics (Volume 2: Short Papers),
pages 694-699.

Xiaolei Huang and Michael Paul. 2019. Neural tem-
porality adaptation for document classification: Di-
achronic word embeddings and domain adaptation
models. In Proceedings of the 57th Annual Meet-
ing of the Association for Computational Linguistics,
pages 4113-4123.

Gabriel Ilharco, Marco Tulio Ribeiro, Mitchell Worts-
man, Ludwig Schmidt, Hannaneh Hajishirzi, and Ali
Farhadi. 2022. Editing models with task arithmetic.
In The Eleventh International Conference on Learn-
ing Representations.

Kokil Jaidka, Niyati Chhaya, and Lyle Ungar. 2018. Di-
achronic degradation of language models: Insights
from social media. In Proceedings of the 56th Annual
Meeting of the Association for Computational Lin-
guistics (Volume 2: Short Papers), pages 195-200.

Adam Jatowt and Kevin Duh. 2014. A framework
for analyzing semantic change of words across time.
In IEEE/ACM joint conference on digital libraries,
pages 229-238. IEEE.

Thomas Lansdall-Welfare, Saatviga Sudhahar, James
Thompson, Justin Lewis, FindMyPast Newspaper
Team, and Nello Cristianini. 2017. Content analysis
of 150 years of british periodicals. Proceedings of the
National Academy of Sciences, 114(4):E457-E465.

Angeliki Lazaridou, Adhi Kuncoro, Elena Gribovskaya,
Devang Agrawal, Adam Liska, Tayfun Terzi, Mai
Gimenez, Cyprien de Masson d’ Autume, Tomas Ko-
cisky, Sebastian Ruder, and 1 others. 2021. Mind
the gap: Assessing temporal generalization in neural
language models. Advances in Neural Information
Processing Systems, 34:29348-29363.

Messi HJ Lee, Jacob M Montgomery, and Calvin K Lai.
2024. America’s racial framework of superiority and
americanness embedded in natural language. PNAS
nexus, 3(1):pgad485.

Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du, Man-
dar Joshi, Dangi Chen, Omer Levy, Mike Lewis,
Luke Zettlemoyer, and Veselin Stoyanov. 2019.
Roberta: A robustly optimized bert pretraining ap-
proach. arXiv preprint arXiv:1907.11692.

Jan Lukes and Anders Sggaard. 2018. Sentiment anal-
ysis under temporal shift. In Proceedings of the 9th
workshop on computational approaches to subjec-

tivity, sentiment and social media analysis, pages
65-71.

Lany L Maceda, Arlene A Satuito, and Mideth B
Abisado. 2023. Sentiment analysis of code-mixed so-
cial media data on philippine uaqte using fine-tuned
mbert model. International Journal of Advanced
Computer Science and Applications, 14(7).

Michael S Matena and Colin A Raffel. 2022. Merging
models with fisher-weighted averaging. Advances in
Neural Information Processing Systems, 35:17703—
17716.

Chad A Melton, Brianna M White, Robert L Davis,
Robert A Bednarczyk, and Arash Shaban-Nejad.
2022. Fine-tuned sentiment analysis of covid-
19 vaccine-related social media data: Compara-
tive study. Journal of Medical Internet Research,
24(10):e40408.

Dat Quoc Nguyen, Thanh Vu, and Anh-Tuan Nguyen.
2020a. Bertweet: A pre-trained language model for
english tweets. In Proceedings of the 2020 Confer-
ence on Empirical Methods in Natural Language
Processing: System Demonstrations, pages 9—14.

Dong Nguyen, Maria Liakata, Simon DeDeo, Jacob
Eisenstein, David Mimno, Rebekah Tromble, and
Jane Winters. 2020b. How we do things with words:
Analyzing text as social and cultural data. Frontiers
in Artificial Intelligence, 3:62.

Kai Nylund, Suchin Gururangan, and Noah Smith. 2024.
Time is encoded in the weights of finetuned language
models. In Proceedings of the 62nd Annual Meeting
of the Association for Computational Linguistics (Vol-
ume 1: Long Papers), pages 2571-2587, Bangkok,
Thailand. Association for Computational Linguistics.

Gabriel Preda. 2021a. Covid-19 all vaccines tweets.

Gabriel Preda. 2021b. Covid-19 vaccine tweets with
sentiment annotation.

Erika Sabrina Quinonez. 2018. welcome to america: a
critical discourse analysis of anti-immigrant rhetoric
in trump’s speeches and conservative mainstream
media. Master’s thesis, California State University -
San Bernardino.

Paul Rottger and Janet Pierrehumbert. 2021. Temporal
adaptation of bert and performance on downstream
document classification: Insights from social media.
In Findings of the Association for Computational
Linguistics: EMNLP 2021, pages 2400-2412.

Maarten Sap, Swabha Swayamdipta, Laura Vianna,
Xuhui Zhou, Yejin Choi, and Noah Smith. 2022. An-
notators with attitudes: How annotator beliefs and
identities bias toxic language detection. In Proceed-
ings of the 2022 Conference of the North American
Chapter of the Association for Computational Lin-
guistics: Human Language Technologies. Associa-
tion for Computational Linguistics.

Carl-Erik Sarndal, Bengt Swensson, and Jan Wretman.
2003. Model assisted survey sampling. Springer
Science & Business Media.

Saurabh Shahane, Ethan Fast, and Eric Horvitz. 2018.
Public perception of ai.

969


https://doi.org/10.18653/v1/P18-2110
https://doi.org/10.18653/v1/P18-2110
https://doi.org/10.18653/v1/P19-1403
https://doi.org/10.18653/v1/P19-1403
https://doi.org/10.18653/v1/P19-1403
https://doi.org/10.18653/v1/P19-1403
https://openreview.net/pdf?id=6t0Kwf8-jrj
https://doi.org/10.18653/v1/P18-2032
https://doi.org/10.18653/v1/P18-2032
https://doi.org/10.18653/v1/P18-2032
https://doi.org/10.1109/JCDL.2014.6970173
https://doi.org/10.1109/JCDL.2014.6970173
https://doi.org/10.1073/pnas.1606380114
https://doi.org/10.1073/pnas.1606380114
https://proceedings.neurips.cc/paper/2021/hash/f5bf0ba0a17ef18f9607774722f5698c-Abstract.html?ref=ruder.io
https://proceedings.neurips.cc/paper/2021/hash/f5bf0ba0a17ef18f9607774722f5698c-Abstract.html?ref=ruder.io
https://proceedings.neurips.cc/paper/2021/hash/f5bf0ba0a17ef18f9607774722f5698c-Abstract.html?ref=ruder.io
https://doi.org/10.1093/pnasnexus/pgad485
https://doi.org/10.1093/pnasnexus/pgad485
https://doi.org/10.48550/arXiv.1907.11692
https://doi.org/10.48550/arXiv.1907.11692
https://doi.org/10.18653/v1/W18-6210
https://doi.org/10.18653/v1/W18-6210
https://doi.org/10.14569/IJACSA.2023.0140777
https://doi.org/10.14569/IJACSA.2023.0140777
https://doi.org/10.14569/IJACSA.2023.0140777
https://proceedings.neurips.cc/paper_files/paper/2022/file/70c26937fbf3d4600b69a129031b66ec-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2022/file/70c26937fbf3d4600b69a129031b66ec-Paper-Conference.pdf
https://doi.org/10.2196/40408
https://doi.org/10.2196/40408
https://doi.org/10.2196/40408
https://doi.org/10.18653/v1/2020.emnlp-demos.2
https://doi.org/10.18653/v1/2020.emnlp-demos.2
https://doi.org/10.3389/frai.2020.00062
https://doi.org/10.3389/frai.2020.00062
https://doi.org/10.18653/v1/2024.acl-long.141
https://doi.org/10.18653/v1/2024.acl-long.141
https://www.kaggle.com/datasets/gpreda/all-covid19-vaccines-tweets
https://www.kaggle.com/datasets/datasciencetool/covid19-vaccine-tweets-with-sentiment-annotation
https://www.kaggle.com/datasets/datasciencetool/covid19-vaccine-tweets-with-sentiment-annotation
https://scholarworks.lib.csusb.edu/etd/635
https://scholarworks.lib.csusb.edu/etd/635
https://scholarworks.lib.csusb.edu/etd/635
https://scholarworks.lib.csusb.edu/etd/635
https://doi.org/10.18653/v1/2021.findings-emnlp.206
https://doi.org/10.18653/v1/2021.findings-emnlp.206
https://doi.org/10.18653/v1/2021.findings-emnlp.206
https://doi.org/10.18653/v1/2022.naacl-main.431
https://doi.org/10.18653/v1/2022.naacl-main.431
https://doi.org/10.18653/v1/2022.naacl-main.431
https://link.springer.com/book/9780387406206
https://www.kaggle.com/datasets/saurabhshahane/public-perception-of-ai

Zhengxiang Shi, Francesco Tonolini, Nikolaos Aletras,
Emine Yilmaz, Gabriella Kazai, and Yunlong Jiao.
2023. Rethinking semi-supervised learning with lan-
guage models. In Findings of the Association for
Computational Linguistics: ACL 2023, pages 5614—
5634.

M Thenmozhi, G Shubigsha, G Sindhuja, and V Dhi-
nakar. 2024. Sentiment analysis on climate change
using twitter data. In 2024 2nd International Confer-

ence on Networking and Communications (ICNWC),
pages 1-6. IEEE.

Yongqi Tong, Sizhe Wang, Dawei Li, Yifan Wang,
Simeng Han, Zi Lin, Chengsong Huang, Jiaxin
Huang, and Jingbo Shang. 2024. Optimizing lan-
guage model’s reasoning abilities with weak supervi-
sion. arXiv preprint arXiv:2405.04086.

Charles Truong, Laurent Oudre, and Nicolas Vayatis.
2020. Selective review of offline change point detec-
tion methods. Signal Processing, 167:107299.

Mitchell Wortsman, Gabriel Ilharco, Samir Ya Gadre,
Rebecca Roelofs, Raphael Gontijo-Lopes, Ari S Mor-
cos, Hongseok Namkoong, Ali Farhadi, Yair Car-
mon, Simon Kornblith, and 1 others. 2022. Model
soups: averaging weights of multiple fine-tuned mod-
els improves accuracy without increasing inference
time. In International conference on machine learn-
ing, pages 23965-23998. PMLR.

Di Wu, Wasi Uddin Ahmad, and Kai-Wei Chang. 2022.
Pre-trained language models for keyphrase genera-
tion: A thorough empirical study. arXiv preprint
arXiv:2212.10233.

Prateek Yadav, Derek Tam, Leshem Choshen, Colin Raf-
fel, and Mohit Bansal. 2023. Ties-merging: resolving
interference when merging models. In Proceedings
of the 37th International Conference on Neural Infor-
mation Processing Systems, pages 7093-7115.

Jaewon Yang and Jure Leskovec. 2011. Patterns of
temporal variation in online media. In Proceedings
of the fourth ACM international conference on Web
search and data mining, pages 177-186.

Dani Yogatama, Michael Heilman, Brendan O’Connor,
Chris Dyer, Bryan R Routledge, and Noah A Smith.
2011. Predicting a scientific community’s response
to an article. In Proceedings of the 2011 conference

on empirical methods in natural language processing,
pages 594-604.

Le Yu, Bowen Yu, Haiyang Yu, Fei Huang, and Yongbin
Li. 2024. Language models are super mario: Absorb-
ing abilities from homologous models as a free lunch.
In International Conference on Machine Learning,
pages 57755-57775. PMLR.

Ethan Zuckerman, J Nathan Matias, Rahul Bhargava,
Fernando Bermejo, and Allan Ko. 2019. Whose
death matters? a quantitative analysis of media at-
tention to deaths of black americans in police con-
frontations, 2013-2016. The International Journal
of Communication.

A Dataset details

Climate Change Twitter Dataset Tweets were
annotated, by Bauch and Qian, as Pro if it supports
the concept of man-made climate change, Anti if
the tweet denies man-made climate change, News if
it contains factual news information regarding cli-
mate change, and neutral if it neither beliefs nor
denies the role of man-made climate change. In to-
tal, there were 22962 (52.25%) Pro, 9276 (21.11%)
news, 420 (17.56%) neutral, and 3990 (9.08%)
Anti sentiments. Missing timestamps were im-
puted based on the nearest-neighbor tweet ID, as
tweet IDs are generated incrementally and corre-
spond directly to the chronological posting order.

Al Perceptions The dataset was annotated, by
Fast and Horvitz, as either “positive” or “negative”
based on several key indicators. Positive indicators
include its beneficial impact on (1) education, (2)
transportation, (3) entertainment, (4) healthcare,
(5) decision-making, (6) work, (7) positive singu-
larity, (8) merging of Ai and human applications,
otherwise known as cyborg (e.g., robotic limbs for
the disabled) and (9) others. Negative indicators
included (1) loss of control, (2) negative impact on
work, (2) military applications, (3) ethics, (4) mili-
tary applications, (5) lack of progress, (6) negative
singularity, (7) negative cyborg applications (e.g.,
cyborg soldiers), and (8) others. Among each an-
notator, we consider their sentiment to be negative
if majority of the selected indicators were negative,
and vice-versa. We consider the sentiments to be
“neutral or mixed” if none of the indicators were
selected or an equal amount of negative and posi-
tive indicators were selected. In total, there were
4065 (71.47%) neutral / mixed, 1220 (21.45%)
positive, and 402 (7.07%) negative sentiments.
The final sentiment label was determined based on
a majority vote among the annotators. In lieu of
some text having missing timestamps, we sampled
the annotated data-points (and plotted Figure 3)
from texts with corresponding time-stamps.

COVID-19 Twitter Dataset Tweets were an-
notated, by Preda, based on their sentiments to-
wards the COVID-19 vaccine during the initial
months following the vaccine’s roll-out and ap-
proval, on December 11 2020, spanning December
2020 through April 2021 (Preda, 2021b,a). The
vaccines that were covered in the dataset included
Pfizer/BioNTech, Sinopharm, Sinovac, Moderna,
Oxford / Astra Zeneca, Covaxin, and the Sputnik
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V vaccines. In total, there were 3680 (61.33%)
neutral, 1900 (31.66%) positive, and 420 (7%)
negative sentiments. Missing timestamps were
imputed based on the nearest-neighbor tweet ID,
as tweet IDs are generated incrementally and corre-
spond directly to the chronological posting order.

B Sample size selection

We select our training sample size based on: (1)
comparable studies previously published within
the policy domain (An et al., 2023; Effrosynidis
et al., 2022; Maceda et al., 2023; Melton et al.,
2022), and (2) statistical considerations ensuring
sufficient sample size to reliably estimate classifier
performance.

For the latter, there is no definitive formula to
precisely calculate the minimum training sample
size required for fine-tuning a pre-trained language
model. As such, we adapt and re-formulate the
Wald’s approximation to assess whether our se-
lected sample sizes are statistically justified (i.e.,
sufficiently large to reliably estimate the classifier’s
performance), defined as:

N Nz%fgr(l — )
"N -DE 42 r(1-7)
2

where npi, is the minimum required sample size,
N the total dataset size, Zi-g the critical value
corresponding to the desired confidence level, 7 the
anticipated = classifier accuracy, and E the desired
margin of error. Setting z1-g for a 95% confidence
interval (z = 1.96), t = 0.7, and £ = 0.03, we
derive minimum sample sizes of npi, = 879 for
the Climate Change Twitter dataset, npmi, = 775 for
the Al Perceptions dataset, and npi, = 780 for the
COVID-19 Vaccine Twitter dataset, suggesting that
our selected sample sizes are sufficiently large to
finetune a pre-trained model into a robust sentiment
classifier.

C Hyper-parameters

C.1 Finetuning Parameters

We fine-tune all models using learning rates of
{1 x 1075, 2 x 107%}, batch sizes of 6 for
RoOBERTay;ge; 8 for ROBERTayrge, BERT g, and
BERTweetjyge; and 12 for NewsBERT. Addition-
ally, we use a warmup ratio of 5% and weight decay
of {0.01, 0.1}. Models fine-tuned across all time
intervals are trained for up to 3 epochs with an

early stopping patience of 2, while models fine-
tuned within each time interval are trained for up
to 8 epochs, also with an early stopping patience of
2 — though early stopping criteria are mostly met
before reaching the maximum number of epochs.
These hyper-parameters are adapted from previous
studies employing the same datasets (Effrosynidis
et al., 2022; Almars et al., 2022; Thenmozhi et al.,
2024; Akpatsa et al., 2022). All models were fine-
tuned on a Nvidia GeForce RTX 4090.

C.2 Parameters for Continuous Time-Series
Clustering

When sampling data using continuous time-series
clustering, we set the temporal granularity ¢ to daily,
monthly, and yearly trends for the COVID-19 Vac-
cine Twitter, Climate Change Twitter, and Al Per-
ceptions datasets, respectively. These parameters
were selected based on intuitive and practical con-
siderations regarding the relevant datasets’ time
windows. For instance, the COVID-19 Vaccine
Twitter dataset spanned five months; hence, clus-
tering daily trends was more feasible compared to
monthly or yearly trends. Conversely, given that
the Al Perceptions dataset covered nearly 30 years,
clustering annual trends was more appropriate than
daily or monthly trends.

The penalty parameter 3|7 | for clustering was
set to 0.5 for the COVID-19 Vaccine Twitter dataset
and 0.1 for both the Climate Change Twitter and
Al Perceptions datasets. Selection of the optimal
parameter was primarily based on graphical visual
inspection. We selected the most suitable parameter
from the set 5|7| = {0.1,0.3,0.5,0.7,0.9}.

C.3 Model merging parameters

Table 2 summarizes the range of hyperparame-
ters explored across the different model merg-
ing techniques. For each merging technique, hy-
perparameter configurations were evaluated on a
held-out validation set, and the optimal parameters
were selected. We adopted these range of hyper-
parameters from Yu et al., Yadav et al., and Ilharco
et al..

D Capturing structural shifts across
temporal trends

To demonstrate that continuous time-series cluster-
ing effectively captures structural shifts and change
points across temporal trends, we (1) illustrate the
heterogeneity in topic distributions across identi-
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Merging method Range of hyper-parameters
A:[0.1,0.2,0.3,04,0.5,0.6,0.7,0.8,0.9, 1.0]
A:[0.1,0.2,0.3,04,0.5,0.6,0.7,0.8,0.9, 1.0]
k%: [10, 20, 30]
A:[0.1,0.3,0.5,0.7,0.9, 1.0]

p: [0.5, 0.6, 0.7, 0.8, 0.9]

Task Arithmetic

TIES Merging

DARE Merging

Table 2: Searched ranges of hyper-parameters of model
merging methods

fied clusters, and (2) provide sample texts to quali-
tatively demonstrate the conceptual effectiveness
of our proposed approach.

D.1 Topic Distributions Across Time-Series
Clusters

To illustrate topic distributions across time-series
clusters, we employ BERTopic (Grootendorst,
2022)—a topic modeling technique—to identify
topics present in the corpus and visualize their dis-
tribution across clusters. A heterogeneous distribu-
tion indicates effectiveness in capturing structurally
distinct semantic contexts, while a homogeneous
distribution suggests that clusters contain similar
topics, indicating a failure to segment distinct con-
texts effectively.

Figure 5 showcases high levels of heterogeneity
in topic distributions across clusters for all three
datasets. In most cases, each cluster is dominated
by a distinct topic.

For example, Figure 5a illustrates how specific
events—such as President Trump’s executive or-
ders reversing President Obama’s climate change
policies in Cluster 3 and the U.S. withdrawal from
the Paris Climate Agreement in Cluster 4—resulted
in shocks that influenced policy perception, effec-
tively captured by our proposed method.

D.2 Sampled Tweets from each cluster

To further qualitatively demonstrate the conceptual
effectiveness of our proposed approach, we pro-
vide sample texts from each cluster across all three
datasets in Tables 4 to 5.

For instance, Table 4 illustrates the evolution
of Al perceptions from "Fictional and Fantasy"
narratives in the 20th century to discussions sur-
rounding AI’s integration into society. Similarly,
Table 3 demonstrates how leveraging continuous
time-series clustering captures shifts reflecting tem-
poral volatility in climate change sentiments driven
by external shocks from key events.

Topics per Class

Frequency

(a) Climate change

Topics per Class

Frequency

(b) Al perceptions

Topics per Class

r ||“| |r‘ r ”ﬂ“ I|‘=I'

Frequency

(c) COVID Vaccine

Figure 5: Distributions of topics across continous time-
Series clusters across all three datasets.
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Cluster Theme

Text

Pope Francis on
Climate Change

RT @AFP: #BREAKING Pope says climate change mainly man-made
RT @PatVPeters: Blog: The Pope should give a climate change speech in China
Pope to warn global warming is killing the planet via @ YahooNews

Climate Change news
1 (including Prime Minister
Trudeau’s actions
on Climate Change)

Indigenous Canadians disproportionately affected by climate change. Disgraceful that Trudeau’s govt excluded indigenous
voices. #polcan

RT @taylorgiavasis: Many humans don’t care about climate change because it doesn’t affect them personally at this
moment

Climate change: Aboriginal leaders tell Trudeau they want seat at the table - 680 News #trudeau https://t.co/FeiF2KJyed

2 Climate Change RT @StephenSchlegel: she’s thinking about how she’s going to die because your husband doesn’t believe in climate change
Remarks RT @Zedd: You’re a fool.
President Trump’s RT @lenoretaylor: Trump begins tearing up Obama’s years of progress on tackling climate change
3 executive orders Trump to undo Obama actions on climate change Credit to The FT
on climate change RT @BBCBreaking: President Donald Trump signs executive order rolling back Obama-era rules aimed at tackling global
warming
USA withdrawing RT @politico: #BREAKING: Trump to pull out of Paris climate change agreement
4 from the Paris RT @ABC: US to continue attending UN climate change meetings, even as Pres. Trump considers pulling US out of Paris
Climate Agreement agreement
RT @jerome_corsi: In one hour TRUMP ANNOUNCES - USA completely PULLS OUT of PARIS CLIMATE ACCORD
- will cause looney left climate change h. ..
New York City vs RT @andrewkimmel: New York City is suing five major oil companies, claiming they are contributing to global warming.
5 RT @joegooding: NYC Mayor Bill DiBlasio sues oil companies over climate change. He probably stepped over a dozen

Big Oil companies

homeless families on his. ..
RT @SteveSGoddard: New York City is suing big oil for damages due to imaginary climate change. Sea level has been
falling at Manhattan fo. ..

Table 3: Sample tweets from each cluster within the Climate Change Twitter Dataset, demonstrating how continuous
time-series clustering captures distinct shifts in temporal trends. Specifically, by employing continuous time-series
clustering, we capture discourse reflecting temporal volatility in climate change sentiments, driven by external
shocks from key events (e.g., Pope Francis’s comments on climate change, the U.S. withdrawal from the Paris
Agreement) and the associated evolving discourse of opinions.
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Cluster Theme Text

o Familiar stories such as "Hansel and Gretel" are recast for today’s readers. The children
0 Fiction and leave home because the parents are too busy to play with them, and they wander into the
fantasy of Al woods. There they stumble upon a house made of television sets, inhabited by a robot
named Switch. The protagonists are hypnotized by television, until Gretel discovers a
secret room — a library — and breaks the spell by reading a book.

* ”FAST, CHEAP AND OUT OF CONTROL,” directed by Errol Motris (PG, 82 minutes)
... This time, contemplating the mysterious intersection of nature and human design,
he interweaves the work of four inspired eccentrics — a lion tamer, a topiary gardener,
a scientist studying social behavior of the naked mole-rat, and a robot designer — into
a haunting and poetic exploration of creative imagination. Always invigorating, never
pedantic or dry, Mr. Morris brings wisdom, wit, quirkiness and a metaphysical overview
to this eerily beautiful meditation.

The robot, named Jason Jr., will carry a television camera with a 170-degree field of view
that will enable the Alvin’s three occupants to examine any chamber the robot penetrates,
Dr. Ballard said. The pictures will also be recorded on videotape. The Alvin has three
small viewing ports, one for each occupant.

o But in real life, several research groups have already implanted devices in monkeys
Early insights that allow them to control cursors on computer screens or move robot arms using their
and developments ~ brainpower alone, setting the stage for the trial in people.

This early deployment of the robots has alerted researchers to features that are needed but
not yet developed. For one, temperature sensors are important when penetrating burning
rubble. Dr. Murphy said that a robot that was sent into the depths of the rubble lost
its rubber treads, probably because they were melted by the fires smoldering under the
debris.

Robots do not take humans out of the muck entirely, however. Somebody has to get the
robot into the manholes, to build in the “’slack boxes” that allow the connections from the
fiber-optic network into buildings, and to take on other tasks, sometimes unpleasant. It’s
a dirty job, but somebody’s got to do it.

A newgenreof robotics research have recently started to replicate and copy the adaptive
) Early movements of animals. As the New Scientist reports in the video above, researchers in
breakthroughs Switzerland have created a robot that is modeled on the shape of salamanders that can
swim through heavy currents in water and quickly adapt to walk on land. Another robot
in the video is called Wallbot, which is modeled after a Gecko and can crawl on walls.

Body sensor computing holds its original appeal for the computer scientist on the founding
team. The body is a data source, to be collected and analyzed. “Artificial intelligence
is about digging through big data sets to find meaning,” said Astro Teller, who later
founded a hedge fund management company, which uses Al techniques, and recently
joined Google.

In a mock city here used by Army Rangers for urban combat training, a 15-inch robot
with a video camera scuttles around a bomb factory on a spying mission. Overhead an
almost silent drone aircraft with a four-foot wingspan transmits images of the buildings
below. Onto the scene rolls a sinister-looking vehicle on tank treads, about the size of a
riding lawn mower, equipped with a machine gun and a grenade launcher.

) The idea is that an A.I. turbocharger can be applied to all kinds of decisions, making them
3 Functional Al smarter, fairer and less prone to human whim and bias. The goal could be saving money

in Society or saving lives.

According to Boston Dynamics, the AlphaDog can carry up to 400 pounds of gear, while
storing enough fuel for a trip that covers 20 miles over 24 hours. The AlphaDog robot
also doesn’t need a driver, as it can be programmed to follow a designated leader using
computer vision. It can also be programmed toindependentlytravel to specific places
using sensors and GPS.

Older robots cannot do such work because computer vision systems were costly and
limited to carefully controlled environments where the lighting was just right. But thanks
to an inexpensive stereo camera and software that lets the system see shapes with the
same ease as humans, this robot can quickly discern the irregular dimensions of randomly
placed objects.

Table 4: Sample news from each cluster of the Al perceptions dataset to demonstrate how continuous time-series
clustering was able capture the distinct shifts across temporal trends. Specifically, continuous time-series clustering
was able to delineate the distinct “stages” of Al-related news and perceptions, starting off with Fictional and Fantasy
news pre-2000s to its modern-day functional integration.
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Cluster Theme Text

0 Early news Pfizer/BioNTech vaccine appears effective against mutation in new coronavirus variants: Study #Pfizer #PfizerBioNTech
and success https://t.co/cjqplKRyZr
of vaccine Moderna Inc said on Wednesday it is working with U.S. government scientists to study an experimental booster shot that targets
development a concerning new variant of the coronavirus, and has raised its global COVID-19 vaccine production goal for this year by 100
million doses #Moderna #shot https://t.co/RsccJAIQiS
News of rollout @TheophanesRex If Canada has got #Covaxin which is indigenously developed by India then the efficacy data has still NOT
and implementation made public yet. Be careful ? Covaxin not finding international takers even when supplied free of cost by India - Coronavirus
Outbreak News https://t.co/4vxxLKqKUN
The second shipment of #Covid19 vaccines from Chinese company #Sinovac has arrived in #Mexico City. Mexican Foreign
Minister Marcelo Ebrard (@m_ebrard) and Chinese Ambassador to Mexico Zhu Qinggiao welcomed the vaccines at the airport
on Saturday, Xinhua news agency reported. https://t.co/0aSBOAHUOZ
Opinions from Got my vaccine! I'm so happy. #Covaxin #GetVaccinated https://t.co/TjV3nJHYOH
2 o Had the A-Z vaccine on Saturday, totally wiped out on Sunday and now, with all children back in school, every where is so sore
1st vaccination L X
and arm is painful! Any one had the same? #vaccine #oxfordastrazeneca
Buddhist monks receive a dose of China’s Sinovac coronavirus disease (COVID-19) vaccine at a temple in Bangkok, Thailand,
April 2,2021. ? #REUTERS/ #ChalineeThirasupa #coronavirus #covid19 #coronaviruspandemic #vaccine #buddhism #monk
#thailand #sinovac #7?77?7?19 https://t.co/ga3by YEGGi
3 Comparisons and  Is the sputnik V really bad? Or has it become the victim of the political environment worldwide? #SputnikV
hesitancy between  And surely if the #Moderna #Vaccine is better and safer and does not cause #bloodclots should that be used instead as the 1st
Vaccines option or even the #Pfizer #PfizerVaccine. I have had the #AstraZenaca #astrazenecavaccine jab and will have my 2nd in June
been ok so far 3 weeks in.
Emergence of I bet the scientists who created all these vaccines are males who forgot that almost all women have breasts (armpit lymph
4 o X nodes), ovaries and uterus (birth control and periods)! Not a single thought about women! Pathetic! Wake up gentlemen! ?
Mis-information #JohnsonandJohnson #Pfizer #Moderna
@Panthea2019 Risk among the vaccinated!! #uk #coronavirus #COVID19 #bundeslockdown #AstraZeneca #PfizerVaccine
#Moderna #WakeUpEverybody Yes, you did read that correctly. Third wave deaths will predominantly be driven by people who
have been vaccinated. !!! https://t.co/X3zZNREsaXw
@guyverhofstadt Spreading over-the-top disinformationsounds exactly like what you and your #EU27 have done with: 1. Brexit
2. The smearing of the #OxfordAstraZeneca vaccine to dampen demand and deflect criticism away from EU incompetence.
#FTEU #Hypocrisy
Obinions fi Fully vaccinated. #Covaxin . Feeling ok. Thank you Ministry of Health. #Mauritius ??
5 2{53::;;;32} @Eiggam5955 After 2nd #Moderna Shot: I'm still tired & had extreme vertigo for a day. No issues with 1st shot. Sore arm both
times. #Modernashot #CovidVaccine #covid #Corona #CoronavirusPandemic #coronavirus #CovidIsNotOver
Got #moderna #2! Will post any side effects but so far so good! *knocks on wood*
News of massive  To all stil in confusion about vaccine pls interpret data properly Approximately 82% of those vaccinated have got #AstraZeneca
6 rollouts and & if u say with that vaccine more reinfection / side effects then also see % comparision. Stop it & #GetVaccinated #MedTwitter
comprehensive #Covishield #Covaxin
studies The Philippines will receive 500,000 more doses of government-procured #CoronaVac vaccines from China’s #Sinovac tomorrow

(April 22), Philippine Ambassador to #China Jose Santiago Sta. Romana announced Wednesday. Read [https://t.co/nTMc8edhPD]
https://t.co/9TxI3scdKC

ICMR studies shows that #Covaxin is effective against multiple variants of SARS-CoV-2 and effectively neutralises the double
mutant strain... This is the answer for those who were questioning about the emergency use of covaxin ? https://t.co/qAjf8zAEG;j

Table 5: Sample Tweets from each cluster of the COVID Vaccine Twitter Dataset to demonstrate how continuous
time-series clustering was able capture the distinct shifts across temporal trends. Specifically, continuous time-series
clustering was able to delineate the distinct “stages” of COVID-19 Vaccine during the initial months following the
vaccine’s release, starting off with early news and sucess of vaccine development to news of massive rollouts and
comprehensive studies.

975



E Additional Results

Results when merging merging models fine-tuned
on fixed intervals, as opposed to continuous time
series clusters are shown in Figure 6. Note that un-
like the aforementioned section, the A parameters
were fixed here but the remaining parameters were
selected via a held-out validation set (similar to
Section C.3). Overall, results of models merged on
fixed intervals performed even worse than models
merged on time series clusters. The observations
are similar to the results in Section 5.2: fine-tuning
a single unified model using data from all time inter-
vals consistently outperforms merging individually
fine-tuned models from separate intervals.
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Figure 6: Results when merging models fine-tuned on
fixed intervals, as opposed to continuous time series
clusters.
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