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Abstract

Time series data are foundational in finance,
healthcare, and energy domains. However,
most existing methods and datasets remain fo-
cused on a narrow spectrum of tasks, such as
forecasting or anomaly detection. To bridge
this gap, we introduce Time Series Multi-
Task Question Answering (Time-MQA), a uni-
fied framework that enables natural language
queries across multiple time series tasks - nu-
merical analytical tasks and open-ended ques-
tion answering with reasoning. Central to Time-
MQA is the TSQA dataset, a large-scale dataset
containing ~200k question-answer pairs de-
rived from diverse time series spanning environ-
ment, traffic, etc. This comprehensive resource
covers various time series lengths and promotes
robust model development. We further demon-
strate how continually pre-training large lan-
guage models (Mistral 7B, Llama-3 8B, and
Qwen-2.5 7B) on the TSQA dataset enhanced
time series reasoning capabilities, moving be-
yond mere numeric tasks and enabling more
advanced and intuitive interactions with tempo-
ral data. The complete TSQA dataset, models,
user study questionnaires for evaluation, and
other related materials have been open-sourced
here!.

1 Introduction

Time series analysis has long been fundamental
to real-world applications in finance, healthcare,
energy, and other domains (Nie et al., 2024; Xu
et al., 2023; Yang et al., 2021b; Chen et al., 2024b).
Before the emergence of large language models
(LLMs), most research in this area focused on nu-
merical analytical tasks such as forecasting and
anomaly detection, with methods typically con-
strained to a single objective. Recently, the com-
munity has begun to explore ways to enhance these
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Figure 1: Example of Time-MQA with context enhance-
ment. The LLM answers the user’s questions based on
the provided context and the input time series. It can
conduct reasoning and handle multiple time series tasks.

conventional time series approaches by incorporat-
ing LLMs (Fons et al., 2024; Zhang et al., 2024b);
however, while some efforts do leverage contextual
information, they typically focus on a single task,
such as forecasting, leaving a gap in broader, multi-
task reasoning and inference capabilities (Merrill
et al., 2024; Ansari et al., 2024; Frisoni et al., 2024,
Jin et al., 2024a). To bridge this gap, we propose
a unified Time Series Multi-task Question Answer-
ing (Time-MQA ) framework that integrates diverse
tasks with natural language queries (Figure 1).

Time-MQA 1is crucial for advanced reasoning
and inference, as it enables models to interpret
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temporal data through natural language queries
and uncover deeper insights beyond mere classi-
cal numeric tasks (Chow et al., 2024; Xu et al.,
2024). However, there is a notable lack of relevant
datasets — specifically, paired language with time
series — which severely limits the development
of models capable of dialogue and reasoning in
this domain (Jin et al., 2024b; Kong et al., 2025).
This significant gap underscores the urgent need
for comprehensive resources that integrate multi-
ple time series tasks under a question-answering
framework, allowing users to query these tasks in
natural language.

In this paper, we introduce Time-MQA, a new
framework for multi-task time series question an-
swering with context enhancement. As illustrated
in Figure 1, Time-M QA expands beyond numeri-
cal analytical tasks by consolidating open-ended
questions and classical time series tasks, such as
forecasting, into a single framework. Users can
pose queries in natural language, enabling a more
intuitive and flexible interface for a wide range of
time series analyses.

To support Time-MQA, we proposed TSQA,
a large-scale dataset with approximately 200k
question-answer pairs spanning multiple domains,
including healthcare, environment, AIOps, ma-
chine sensors, finance, energy, traffic, [oT, nature,
transport, human activities, and the web. This
dataset covers various time series lengths and tasks,
ensuring broad coverage and robustness. Notably,
TSQA features open-ended reasoning questions
with more elaborate text-based explanations. To the
best of our knowledge, this is the first large-scale
QA dataset in the time series domain that spans
multiple domains and tasks, effectively bridging
the gap between classical time series analysis and
modern LL.M-driven approaches.

We further demonstrate the utility of the 7SQA
dataset by employing continual pre-training tech-
niques on representative LLMs such as Mistral
7B (Jiang et al., 2023), Llama-3 8B (Dubey et al.,
2024), and Qwen-2.5 7B (Yang et al., 2024). Our
experiments reveal that these models trained on
the TSQA dataset can effectively acquire time se-
ries knowledge and reasoning abilities, enabling
more advanced capabilities beyond basic numeric
handling of time series data.

In summary, our contributions include:

* We propose Time-MQA, a multi-task time series
question answering framework that leverages

contextual enhancement to extend beyond tradi-
tional numerical analysis tasks.

* We construct 7SQA, a dataset comprising ~200k
question-answer pairs across over twelve do-
mains (e.g., healthcare, finance, and energy) and
five tasks (e.g., forecasting, anomaly detection,
and open-ended reasoning question answering).

* We demonstrate that fine-tuning LLMs on
the TSQA dataset equips them with time se-
ries—specific knowledge, enabling natural lan-
guage queries for comprehensive time series
analysis.

2 Related Works

2.1 Classical Time Series Tasks

Time series analysis has been extensively studied
in various real-world applications, such as finance,
healthcare, climate, electricity, AIOps, and indus-
trial system maintenance (Nie et al., 2024; Guo
et al., 2024; Ma et al., 2024; Yang et al., 2023a,
2021a). Classical time series tasks focus on ex-
tracting insights from these time series and ad-
dressing challenges associated with temporal pat-
terns (Fuller, 2009; Hamilton, 2020).

Forecasting is one of the most fundamental
tasks. It predicts future time points based on his-
torical values and features (Lim and Zohren, 2021).
Depending on the temporal horizon, forecasting
can be categorized into short-term forecasting,
which captures immediate fluctuations, and long-
term forecasting, which models more complex tem-
poral dependencies (Wang et al., 2024b). Common
methods include statistical methods (e.g., ARIMA
and exponential smoothing) and deep learning-
based methods (e.g., RNN, LSTM, Transformer-
based architectures) (Wen et al., 2022; Miller et al.,
2024).

Anomaly detection seeks to identify abnor-
mal patterns or deviations from expected behav-
ior in time-series data (Zamanzadeh Darban et al.,
2024). Classical approaches rely on statistical mod-
els like z-score analysis and dynamic threshold-
ing, while contemporary methods incorporate deep
learning-based frameworks, such as autoencoders,
transformers, and graph neural networks, to cap-
ture complex dependencies and temporal correla-
tions (Han et al., 2022; Yang et al., 2023b).

Imputation addresses the issue of missing or
corrupted data in sequence. It is essential for en-
suring data integrity in downstream analysis (Du
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Figure 2: The overview of the proposed Time-MQA framework.

et al., 2024). Traditional imputation techniques,
such as interpolation, have been widely employed,
whereas deep learning-based methods, such as vari-
ational autoencoders (VAE), generative adversarial
networks (GANs), and diffusion models, have re-
cently demonstrated promising results in learning
complex missing patterns and improving imputa-
tion performance (Wang et al., 2025).

Beyond these tasks, time series classifica-
tion/regression, generation, augmentation, and de-
composition are also frequently used in real-world
scenarios (Mohammadi Foumani et al., 2024; Wen
et al., 2020; Zhang et al., 2024a).

2.2 Text-Enhanced Time Series Tasks

Recent advancements in time series analysis have
demonstrated the potential of incorporating textual
information based on LLMs to enhance time se-
ries tasks (Jin et al., 2024b; Wang et al., 2024a).
Unlike classical approaches that rely solely on nu-
merical data, text-enhanced time series analysis
leverages domain-specific textual descriptions, con-
textual metadata, or associated reports to improve
the cognitive understanding and modeling of time-
dependent patterns (Liu et al., 2024c). This hybrid
approach mitigates the limitations of unimodal time
series models by integrating additional semantic
and contextual cues that are useful for decision-
making (Kong et al., 2025; Singh et al., 2024).

In detail, text-enhanced time series forecasting
and anomaly detection tasks benefit from textual in-
formation by incorporating expert reports to refine
predictions and provide anomaly causal explana-
tions (Hollmann et al., 2025; Chen et al., 2023).
Similarly, classification, imputation, and genera-
tion tasks can be enhanced by leveraging textual
descriptions as auxiliary supervision or describing
missing values (Bernardini et al., 2023; Moor et al.,
2023). It will help models distinguish subtle varia-
tions across different categories and generate more
informed reconstructions.

Recent research has explored various techniques
for integrating textual and time-series data, includ-
ing LLM-based alignment, cross-modal attention
mechanisms, and contrastive learning strategies
that jointly encode text and time-series represen-
tations (Jin et al., 2023b; Zhang et al., 2023; Liu
et al., 2024a). Some approaches, such as Time-
LLM (Jin et al., 2023a), directly adapt LLMs to pro-
cess text and time-series data, whereas others, like
Time-MMD (Liu et al., 2024b), employ weighted
fusion methods to combine textual embeddings
with deep time-series backbones. By enhancing
classical time series tasks with textual information,
text-enhanced time series models offer greater ro-
bustness and richer interpretability across diverse
applications (Jin et al., 2024b; Kong et al., 2025).

2.3 Language Question Answering

Question Answering (QA) in Natural Language
Processing (NLP) involves systems that interpret
human language queries to retrieve or generate
accurate answers (Biancofiore et al., 2024; Chen
et al., 2024c). It evolves from rule-based sys-
tems to neural architectures driven by LLMs like
GPT-4 (Achiam et al., 2023) and Llama (Tou-
vron et al., 2023). These models leverage massive
text corpora and large-scale datasets for end-to-
end pre-training, fine-tuned via supervised learn-
ing or reinforcement learning with human feed-
back (RLHF) to align responses with factual and
contextual relevance (Liu et al., 2023). Inno-
vations such as retrieval-augmented generation
(RAG) combine parametric knowledge with exter-
nal data sources, while benchmarks like SQuAD,
HotpotQA, MuSiQue, FinTextQA, SyllabusQA,
and ToolQA drive progress (Trivedi et al., 2022;
Ho et al., 2020; Yang et al., 2018; Zhuang et al.,
2024; Chen et al., 2024a; Fernandez et al., 2024).
However, challenges remain, such as handling am-
biguous queries, ensuring the accuracy of generated
answers, and maintaining efficiency in processing
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large volumes of data. Ongoing research focuses
on enhancing the reasoning capabilities of QA sys-
tems, improving their ability to handle complex
and nuanced questions, and expanding their appli-
cability across diverse domains (Singh et al., 2025).

3 Methodology

3.1 The Time-MQA Framework

The Time-MQA framework broadens traditional
analysis by integrating diverse objectives - such
as forecasting, imputation, classification, anomaly
detection, and notably, open-ended queries - into
a unified question-answering paradigm (as shown
in Figure 2). Formally, let X = {z},z9,...,z7}
denote a time series input, where z; € R¢ rep-
resents a d-dimensional observation at timestep ¢.
Let C represent additional contextual information
(e.g., textual metadata, domain-specific knowledge,
or other modalities). For a question () expressed
in natural language, the goal is to generate an an-
swer A conditioned on both X and contextual in-
formation C'. Time-MQA aims to learn a function
f:(X,C,Q) — A, where A is the correct answer
to the query (). Depending on the nature of @),
A can take diverse forms, such as predicted val-
ues, classification labels, a set of anomalous times-
tamps, and textual explanations. Specifically, the
model component of Time-MQA is based on con-
tinued pre-trained LLMs (i.e., Mistral 7B (Jiang
et al., 2023), Llama-3 8B (Dubey et al., 2024),
and Qwen-2.5 7B (Yang et al., 2024)), using the
prepared TSQA dataset. To optimize parameter
usage, Time-MQA employs Parameter-Efficient
Fine-Tuning (PEFT) with a LoRA adapter. The
supported various tasks of the Time-MQA with
context enhancement are demonstrated with details
in Figure 3.

Key Distinctions. There are three main differ-
ences between Time-MQA and traditional time se-
ries analysis tasks:

(1) Task Scope: Traditional tasks focus on singu-
lar objectives (e.g., forecasting future values
or classifying the time series). In contrast,
Time-MQA unifies these under a question-
driven paradigm, enabling both conventional
tasks (e.g., “Forecast the next 5 values™) and
complex queries (e.g., “Why did the tempera-
ture drop abruptly at hour 10?7”) that require
joint reasoning across detection, explanation,
and contextual knowledge.

(2) Context Enhancement: Traditional meth-
ods rely solely on the time series X. Time-
MOQA integrates auxiliary context C to resolve
ambiguities and improve robustness. For in-
stance, even when analyzing the same time
series, differences in a dataset’s background
information can yield contrasting predictions
(Williams et al., 2024).

(3) Multi-Task Generalization: Unlike single-
purpose models, Time-MQA dynamically
adapts to diverse question types through a uni-
fied architecture, eliminating the need for task-
specific pipelines. This flexibility allows it to
handle various time series tasks within a sin-
gle framework, promoting knowledge sharing
via shared representations that enhance both
performance and interpretability.

3.2 The TSQA Dataset

This section will introduce our self-constructed
200k-level text-enhanced time series dataset, i.e.,
TSQA. From perspectives such as the data collec-
tion process and types across multiple domains
and tasks. We compare it with other datasets and
demonstrate the advantages of TSQA.

3.2.1 Dataset Composition and Categorization

The raw data we use comes from various classic
publicly available datasets in the time series do-
main, covering multiple tasks and application ar-
eas. Innovatively, we have incorporated textual de-
scriptions, including background information, fea-
ture descriptions, etc. From a task perspective, our
dataset can be categorized into the following types.
Some examples of the proposed TSQA dataset can
be found in the Appendix.

Forecasting. In the forecasting task, we uti-
lize UTSD datasets (Liu et al., 2024d), publicly
available time series forecasting datasets, such as
ETThl, ETTh2, ETTm1, ECL, Weather, etc. (Zhou
et al., 2021), and the latest text-enhanced time se-
ries datasets as the raw time-series data (Liu et al.,
2024b). Additionally, for the first time, we incor-
porate financial datasets with earnings call tran-
scripts (The Motley Fool, 2024). To ensure the
generalization ability of algorithms and models,
we set the input length and prediction length to ran-
dom values between 64-256 and 8-32, respectively.
Furthermore, we enhance all data with background
information, feature descriptions, and task descrip-
tions as textual information based on the original
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Figure 3: The demonstration of the Time-MQA with context enhancement.
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Figure 4: The distribution of data statistics in the TSQA
dataset. The inner ring shows task types, and the outer
ring shows domains. The rings are presented together
for comparison, with no direct one-to-one correspon-
dence between their segments.

data sources. In summary, the forecasting dataset
includes 42,557 data instances spanning applica-
tion domains such as energy, environment, health,
0T, nature, transport, Web, AIOps, etc.

Imputation. The imputation task shares the same
original time series data sources as the forecast-
ing task. Additionally, we randomly set the input
length between 64 and 256, randomly removed 4 to

12 values, and replaced them with "X". The impu-
tation dataset consists of a total of 38,657 instances
from multiple application domains.

Anomaly Detection. For the anomaly detection
task, we utilize commonly used public datasets in
the field, such as UCR, ECG, KPI, MGAB, NAB,
SensorScope, and Yahoo, among others (Zaman-
zadeh Darban et al., 2024). To enhance the gen-
eralization capability of algorithms and models,
we randomly set the input length between 8 and
256 while ensuring a balanced distribution between
anomalous and normal data. The anomaly detec-
tion dataset comprises 37,000 instances from vari-
ous application domains, including AIOps, Health,
Finance, Machinery, Industrial Sensors, Environ-
ment, and Traffic.

Classification. For the classification task, the
data sources are relatively straightforward, primar-
ily derived from the human activity recognition
application domain (Kwapisz et al., 2011; Bachlin
et al., 2009). The dataset includes both binary and
multi-class classification tasks. To ensure class bal-
ance, we collected a total of 37,000 data instances.
Additionally, the input sequence length is randomly
set between 8 and 32 to maintain diversity in data
representation.

Open-Ended Reasoning QA. We used different
parts of the UTSD dataset (Liu et al., 2024d) - dis-
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Table 1: Comparison of text-enhanced time series
datasets. @ and ¢ indicate having only real data and
having both synthetic and real data.

Dataset Numerical Cognitive Source Domain  Size
TS-Insights v X [©] 4 ~10k
ChatTS X v 4 4 ~2.2k
CiK v X @ 7 ~2.9k
TimeMMD v x @ 9 ~16k
TSQA v v v 12 ~200k

tinct from those employed in our forecasting tasks
- to avoid data leakage. To generate open-ended
reasoning QA, we utilized GPT-40, instructing it
to create questions covering various topics such
as trends, seasonality, cyclical patterns, summa-
rization, volatility, anomalies, structural breaks,
and other statistical properties (without limiting
it strictly to these areas). We also incorporated
multiple question types, including multiple-choice,
true/false, and open-ended formats. The prompts
used to generate these QA pairs are provided in
the Appendix. In total, we generated 37,629 data
instances, from which we manually reviewed and
selected 1,400 QA pairs for use in the continual
pretraining step.

3.2.2 Data Statistics

The TSQA dataset comprises 192,843 (~200k)
question-answer pairs spanning twelve domains
- healthcare, finance, energy, traffic, environment,
IoT, nature, transport, human activities, machine
sensors, AIOps, and the web - and five task types:
forecasting, imputation, anomaly detection, classi-
fication, and open-ended reasoning (see Figure 4
for distributions). Within the open-ended reasoning
QA, the dataset includes 6,919 true/false questions,
11,281 multiple-choice questions, and 12,510 open-
ended questions, offering a broad and diverse range
of question formats.

3.2.3 Comparison with Existing Datasets

We summarize several existing datasets compared
to our proposed TSQA dataset in Table 1. Unlike
prior datasets (TS-Insights (Zhang et al., 2023),
ChatTS (Xie et al., 2024), CiK (Williams et al.,
2024), and TimeMMD (Liu et al., 2024b)), which
focus on either classical numerical analytical time
series tasks (e.g., forecasting, anomaly detection,
imputation, classification) or text-enhanced cogni-
tive tasks (e.g., reasoning, QA), our TSQA dataset
supports both, making it the most comprehensive
benchmark. It also covers the widest range of appli-

Hyperparameter Assignment
Base model Mistral 7B
Computing infrastructure 1*A100-80GB GPU
Max steps 4000

‘Warm-up steps 1000

Batch size per device 4

Gradient accumulation steps 8

Learning rate Se-5
Embedding learning rate le-5

Optimizer AdamW (8-bit)
Learning rate scheduler Cosine

Weight decay 0.1

LoRA rank (r) 16

LoRA alpha 16

LoRA dropout 0.0

LoRA target modules q_proj, k_proj, v_proj, o_proj,

gate_proj, up_proj, down_proj

Training time ~1 Day

Table 2: Hyper-parameters and training time of fine-
tuning the Mistral 7B based on the TSQA dataset.

cation domains (12 vs. a maximum of 9) and is sig-
nificantly larger (~200k instances vs. ~10k—16k).
Furthermore, TSQA includes both real and syn-
thetic data, ensuring greater diversity and robust-
ness for text-enhanced time series analysis.

4 Experiment and Result

4.1 Experimental Settings

In the experiments, we considered the ratio of ap-
plication domains by randomly selecting 1,400
QA pairs for each task type - forecasting, impu-
tation, anomaly detection, and classification - and
by manually reviewing and selecting 1,400 QA
pairs for open-ended reasoning, leading to a total
of 7,000 QA pairs. We then followed the setting
from (Cheng et al., 2024). Specifically, to ensure
the model adequately learns the time-series domain,
we then combined our dataset with a general QA
corpus sourced from OpenOrca (Lian et al., 2023)
at a 70% to 30% ratio, resulting in 10k QA pairs
overall. Finally, we formatted all QA pairs so that
the question and answer were clearly labeled, and
then we tokenized the text. An example of a format-
ted QA pair from the pre-tokenized text is provided
in the Appendix. All training runs were conducted
on a single A100 80GB GPU. Table 2 shows an
overview of the hyperparameters used and training
time, using Mistral 7B as an example.

4.2 Results

Main Results. Table 3 presents the performance
of three fine-tuned models, alongside the GPT-40
(Achiam et al., 2023) model and Doubao (Vol-
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Table 3: Comparison of our three fine-tuned models, GPT-40, and Doubao across diverse tasks. Forecasting and
imputation tasks were evaluated using average MSE, while anomaly detection, classification, and open-ended
reasoning tasks (including multiple-choice questions (MCQs) and true-false questions (Judgment)) were measured
by accuracy. A lower value of MSE | and a higher value of accuracy 71 indicate better performance. * Doubao uses
simple mean forecasting, which outputs the same value for all forecasting.

Backbone Classical Numerical Task Open-Ended Reasoning QA
Forecasting | Imputation | Anomaly Detection 1 Classification 1 | Judgment 1 MCQ 1
Doubao —* 0.018 0.52 0.44 0.78 0.56
GPT-40 1.79 0.018 0.64 0.32 0.72 0.58
Llama-3 8B 2.01 0.020 0.54 0.24 0.74 0.48
Qwen-2.5 7B 1.82 0.016 0.68 0.52 0.82 0.54
Mistral 7B 1.35 0.014 0.58 0.44 0.80 0.64
cengine, 2023) results, across multiple tasks. For Past Observations: Fine-tuned Mistral 78
. . e 250 time points True Prediction
evaluation, we randomly selected 50 QA pairs for @0\
each task type (or question format). \ C
Overall, our fine-tuned models demonstrated im- w
proved performance across multiple tasks. For = Future
open-ended reasoning QA, the fine-tuned Qwen
model achieved an accuracy of 82% on judgment @M | S calecied ovor o dbcads (0012051 - 19 The et Tme

questions, while the Mistral model reached 64% on
multiple-choice questions. In forecasting tasks, the
MSE values were relatively high, likely due to the
long time series in our dataset, which can be chal-
lenging for models to handle. Nevertheless, our
fine-tuned Mistral model outperformed GPT-4o0.

For imputation tasks, the MSE remained low,
possibly because having more extensive time series
data provides additional information that supports
better imputation. Our fine-tuned Mistral model
generally showed stronger performance. These
results suggest that by continuously pre-training on
QA time series pairs, models can learn and leverage
time series patterns more effectively.

Forecasting with Long Time Series. Figure 5
illustrates an example of forecasting results pro-
duced by our fine-tuned Mistral 7B model and GPT-
40 on a long time-series input. Notably, the Mistral
7B model’s forecasts outperform those generated
by GPT-40. Moreover, the fine-tuned model can
provide the rationale behind its predictions. When
we posed follow-up questions in natural language,
the model offered explanations of its reasoning.
This illustrates that the model trained using the
TSQA dataset can effectively learn complex time-
series patterns and seasonal trends.

TSQA-Tuned vs. Zero-Shot Model. To further
demonstrate the effectiveness of our fine-tuned
model on the proposed TSQA dataset, we com-
pared the performance of the tuned Mistral 7B

Series are .. [250 time points]. Please predict the next 29 time

- series point given information above.

A: Explanation: First I observe that the time series includes

resting-state EEG data from various clinical and personality B
studies .. To make prediction, I will consider the recent trends '
and patterns in the data .. Using this understanding of the
data’s behavior, I will now make prediction .. Prediction: 1.
Given .. I predict the first data point should be around ... 2.
Given ... the second data point ... 29...

Mistral

R QQ: What about the trend of this time series? ]
y v 3

A: The trend of this time series shows a general decrease

over time with some fluctuations. Initially, the data shows high

values around point 7315.281, but it gradually decreases sl
towards the end of the series. The fluctuation pattern also .
suggests occasional increases, but the overall trend is Mistral
downward.

Figure 5: Example of long time series forecasting.

Table 4: Performance of TSQA-tuned and Zero-shot
Mistral 7B on two tasks (evaluated at accuracy).

Model Judgment T MCQ 1
Zero-shot 0.78 0.60
TSQA-tuned 0.80 0.64

with that of the original pretrained model on open-
ended reasoning QA tasks (including judgment and
multiple-choice questions). The results, shown
in Table 4, indicate that the TSQA-tuned model
performs slightly better than the zero-shot model,
suggesting the value of our TSQA dataset for im-
proving question-answering performance.

Open-Ended Reasoning QA. Figure 6 presents
an example of an open-ended reasoning question
answering and compares the responses generated
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a Q: Does the sequence [0.28, 0.3, 0.34, 0.39, 0.44,
0.49, 0.54, 0.58, 0.62, 0.65, 0.68, 0.7, 0.71, 0.72,
P 0.73, 0.73, 0.73, 0.73, 0.73, 0.72, 0.71, 0.7, 0.69, 0.68]

exhibits an increasing pattern?

A: The sequence consistently increases until it peaks at
0.73, after which it slightly decreases, but remains

x

relatively high. Llama 3
(.
(A: The given sequence does not display a clear
increasing pattern throughout. While there is an initial
increase up to 0.73, followed by a period of stability, i
the later points decrease consistently from 0.73 to
Mistral

\0.68, breaking the continuity of an upward pattern.

/A: The sequence does show an initial increase from
0.28 to 0.73, but it then stabilizes at 0.73 for several
data points before decreasing slightly towards the end
(down to 0.68). Therefore, while there is a phase of
increase, the overall description suggests both rise and

v

stability/decline, which contrasts with an exclusively Qwen 2.5
\increasing pattern.
(A: The sequence initially increases from 0.28 to 0.73,
but after reaching 0.73, it remains constant for a few @
terms and then starts decreasing from 0.73 to 0.68.
Therefore, the sequence does not exhibit a GPT-40

\confinuously increasing pattern throughout.

Figure 6: Example of open-ended reasoning QA.

by our fine-tuned models with those from GPT-
40. As shown, our fine-tuned models effectively
justify the reasons behind their answers. Notably,
the Qwen-2.5 7B model provides a more thorough
and comprehensive reasoning process compared to
the other models.

4.3 User Study on Time Series QA

Given the subjectivity of time series question an-
swering and reasoning tasks, we conducted a user
study. We recruited 78 participants from diverse
domains, such as data science researchers, finan-
cial practitioners, and students of liberal arts, who
participated in this study anonymously. The four
optional models are A) Llama-3 8B, B) Mistral
7B, C) Qwen-2.5 7B, and D) GPT-40 sequentially.
Participants assessed responses based on accuracy,
completeness, clarity, and user preference. The
complete result and questionnaire of the user study
can be found in the Appendix, and structured sum-
maries of the findings are as follows:

Accuracy and Completeness. Mistral achieved
the highest accuracy in tasks requiring numeri-
cal precision. For cyclical pattern identification
(Q4), it received 80.8% user preference, and 69.2%
selected its response as most comprehensive for
volatility analysis (Q6). However, in trend analysis
(Q12), 51.3% preferred Qwen over Mistral (37.2%).
In summary, Mistral’s and Qwen’s answers to the
numerical questions are generally considered to be

more accurate as well as more comprehensive.

Explanation Clarity. Explanation clarity was
measured by asking participants to rate the under-
standability of the models’ reasoning. In Question
7 (“Considering the data points [60.0, 28.0, ...], do
you see any seasonal patterns?”’), more participants
found Mistral’s explanation clear, praising its logi-
cal structure and ease of understanding. Although
Qwen’s responses were also well received, they
trailed slightly behind in these clarity ratings.

User Preference. In terms of overall user pref-
erence, when asked which answer they preferred
(as in Question 11), mistral was selected by 70.5%
of participants, while Qwen received 32.1% of the
votes. This reflects a general tendency among users
to favor responses that combine detailed data anal-
ysis with clear, logical explanations. In contrast
to the above two models, Llama and GPT-40 are
slightly less well preferred.

Overall, from the user study, Qwen and Mis-
tral emerged as the top models for accuracy-driven
tasks, while Mistral excelled in generating thor-
ough explanations and more preferences. This
highlights a trade-off between precision and in-
terpretability in open-ended time series reasoning.

5 Conclusion

In this paper, we introduce Time-MQA, a multi-
task framework that unifies time series analysis
through natural language question answering, over-
coming the limitations of single-task approaches.
By integrating forecasting, imputation, anomaly de-
tection, classification, and open-ended reasoning,
Time-M QA enables flexible interactions with time-
series data. The introduced TSQA dataset com-
prises ~200k question-answer pairs across twelve
diverse domains and varying time series lengths. It
is a vital resource for advancing time series ques-
tion answering and reasoning in LLMs. Experimen-
tal results show that continually pre-training mod-
els such as Mistral 7B, Llama 8B, and Qwen-2.5 7B
on TSQOA enhance their ability to interpret temporal
patterns — going beyond numeric tasks to generate
contextually rich insights. This work bridges the
gap between traditional time series analysis and
modern LLM capabilities, making temporal infor-
mation more accessible and context-aware. Fu-
ture directions include expanding the TSQA dataset
to dynamic real-world data streams and exploring
strategies to further refine time series reasoning.
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Limitations

While Time-MQA advances multi-task time series
question answering, it has limitations. Our pro-
posed TSQA dataset, though diverse, may not cover
all real-world scenarios, particularly highly irreg-
ular or domain-specific time series. But data with
those properties may be common in real scenar-
ios (Mulayim et al., 2024). Our financial datasets
are currently limited to earnings call transcripts.
Future research could enrich the financial dataset
by incorporating other types of financial time series
and textual data, such as Jerome Powell’s speeches
and their impact on the S&P 500. Our approach re-
lies on pre-training LLM architectures, which may
not be optimized for long numerical sequences,
which may cause hallucination problems (Yao et al.,
2023). Evaluating open-ended reasoning remains
challenging, as current automated metrics may not
fully capture response quality (Kong et al., 2025).
Additionally, computational costs for fine-tuning
large models are high, which may limit some real-
time applications (Jin et al., 2024b).

Ethics Statement
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A Examples of TSQA Dataset

Below are several examples from the TSQA
dataset.

A.1 Forecasting.

Question: The Self-regulation of Slow Cortical
Potentials dataset, provided by the University of
Tuebingen, involves EEG recordings from a healthy
subject controlling a cursor on a screen through
cortical potentials. The sampling frequency of this
dataset is 256 Hz. The input Time Series are [Time
Series Data Points]. Please predict the next nine
time series points given the information above.

Answer: Based on the given information, the
predictions are [-11.69, -10.72, -9.84, -9.88, -9.03,
-8.78, -8.41, -8.28, -7.59].

Question: From March 31, 2014 to June
04, 2014, the weighted ILI rate was 1.74542, and
the ili total count reached 14637 across 1866
providers serving a total of 797863 patients,
especially 0-4 age group was 3582, 5-24 age
group was 5659, 25-49 age group was 3153,
50-64 age group was 1436, 65+ age group was
807, and 25-64 age group was unavailable. The
internet search results for the same period are
summarized as follows: ... The prior historical
average weighted ILI rate during this period
was 1.286616667 with a standard deviation of
0.073690536. Please analyze the data and provide
a target result on June 04, 2014 with a summary of
the findings.

Answer: Based on the provided textual informa-
tion, I predict that the influenza infection situation
in the United States for the upcoming period is
likely to be moderate to severe, with a potential for
increased risk of complications and co-infections,
particularly among vulnerable populations such as
those with cystic fibrosis and critically ill patients.
Therefore, the predicted weighted ILI rate for June
04, 2014 is estimated to be 1.83453.

A.2 Imputation.

Question: This dataset, sourced from the Kaggle
web traffic forecasting competition, contains daily
time series data representing the number of hits
for 145,063 Wikipedia pages from July 1, 2015, to
September 10, 2017. The input Time Series are
[Time Series Data Points with Missing Values].
Please give full-time series with missing value im-
puted. The missing values are represented by *X’.

Answer: Based on the given information, the
full-time series with missing value imputed are
[Time Series Data Points].

A.3 Classification.

Question: Following data provides accelerometer
data for activity recognition research. The dataset
has a sampling rate of 20Hz and records accelerom-
eter data for six activity states: walking, jogging,
sitting, standing, upstairs, and downstairs. Each
sample includes acceleration values for the X, Y,
and Z axes, ranging from -20 to 20, where 10 rep-
resents 1g and O indicates no acceleration. The
recorded acceleration includes gravitational accel-
eration, so when the phone is stationary on a flat
surface, the vertical axis registers approximately
—+10. We provide 10 timestamps of accelerometer
data, with each timestamp containing X, Y, and Z
values, for a total of 30 values. The recorded Time
Series is [Time Series Data Points]. Please judge
whether this data corresponds to *Walking’ or *Jog-
ging’ or *Upstairs’ or "Downstairs’ or ’Sitting’ or
’Standing’ given the information above.

Answer: Based on the given information, the
activity is Walking.

A4 Anomaly Detection.

Question: The following data is derived from AWS
CloudWatch services and is primarily used for mon-
itoring and managing metrics related to cloud in-
frastructure and application performance. These
include CPU usage, memory consumption, network
throughput, and disk I/O metrics. This data can be
utilized to identify performance issues in cloud ser-
vices, such as traffic spikes, resource exhaustion,
or network anomalies, and to perform root cause
analysis for rapid problem resolution. The input
Time Series is [Time Series Data Points]. Please
determine whether there are anomalies in this time
series given the information above.

Answer: Based on the given information, this
time series includes Anomaly Points.

A.5 Open-Ended Reasoning QA.

Question: Summarize the overall behavior ob-
served in the data points [Time Series Data Points].
Answer: The data initially shows a slow
increase followed by a decreasing trend. The
middle part of the data points represents a peak
with few higher fluctuations and later shows a
slightly decline indicating a volatile pattern.
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Question: Determine if there’s a structural
break in the data points [Time Series Data Points].
A) Yes, between 0.71 and 0.72 B) Yes, between
0.65 and 0.63 C) No structural break

Answer: C) No structural break. The data
follows a gradual upward trend and subsequent
flattening with slight variability, but no abrupt
change in the level or direction indicating a
structural break.

Question: The data points [Time Series
Data Points] exhibit a clear seasonal pattern. True
or False?

Answer: False. While there are fluctuations
and some repeated values, no clear cyclical pattern
emerges that would indicate seasonality. The varia-
tions appear to be more random than driven by any
seasonal influences.

B Open-Ended Reasoning QA Generation

Open-ended reasoning QA pairs were partially gen-
erated by GPT-40 to broaden the range of question
types. However, the time-series signals themselves
are derived from real measurements. Figure 7 il-
lustrates the prompt used to generate open-ended
reasoning QA pairs.

Prompf: Given the time series data: {target_series_str}. Please select 24 time series points
and generate 10 unique instruction-tuning tasks for an LLM we are tuning for time series
question-and-answer tasks.

For each question, you can select different 24 time series points from given time series. The
questions can vary in format, including multiple-choice, true/false, or open-ended question
types. You may also ask questions related to trends, seasonality, cyclical patterns,
summarization, volatility, anomalies, structural breaks or statistical property, but don't be
restricted to these topics. Please also ensure diversity in your question-answer pairs.

Your response should be formatted as a JSON object with four fields: “task_type”: This field
should indicate the category or topic type, which provides a clear classification for the
question content. “question_format”: This field should specify the type of question, such as
multiple-choice, true/false, or another question format. “question”: This field should contain
the question related to the given data. If it's a multiple-choice question, include the available
options as well. “answer with reasoning”: This field should firstly provide the correct answer
to_the input question, based on the given data. Then, it should explain the process used to
arrive at the answer. If a mathematical operation is involved, mention the formula and fill it in
with the relevant numbers.

Expected Output: “task_type”: summarization. “question_format”: open ended question.
“question”: Examine the data points [-40.66, -41.47, -41.06, -40.09, -40.59, -41.38, -40.16, -

40.31, -38.84, -37.19, -35.19, -33.72, -33.41, -31.09, -29.22, -30.34, -28.91, -30.59, -31.16, -
32.31, -32.88, -32.66, -32.72, -30.84] and summarize the overall movement trend in this data.

“answer with reasoning”: Initially stable with minor fluctuations, followed by a significant
decrease. The data starts off stable with minor ups and downs and later shows a significant
decrease towards the end. Thank you!

Figure 7: Prompt for generating open-ended reasoning
QA pairs.

C High-Level Data Statistics for the
TSQA dataset

Table 5 presents high-level data statistics for the
TSQA dataset, including the number of QA pairs,
distribution across tasks and domains, the type of
real versus synthetic data, and various data sources.
These sources include UTSD (Liu et al., 2024d),

TimeMMD (Liu et al., 2024b), WISDM (Kwapisz
et al., 2011), FOG (Bachlin et al., 2009), NAB
(Ahmad et al., 2017), MIT-BIH Arrhythmia (ECG)
(Moody and Mark, 2001), UCR (Dau et al., 2018),
MGAB (Thill et al., 2020), SensorScope (Bar-
renetxea, 2019), KPI (International AIOPS Chal-
lenges, 2018), and Yahoo (Yahoo Inc., 2021).

Table 5: High-level data statistics of the TSQA dataset.

Task Domain Real vs Synth  Count Data Source
Healthcare Real 19980  UTSD, TimeMMD
Web Real 11362 UTSD
Nature Real 7038 UTSD
Energy Real 1545 UTSD, TimeMMD
Forecasting Transport Real 62 UTSD
IoT Real 36 UTSD
Environment Real 18 UTSD
Finance Real 1987 TSQA (Our)
Traffic Real 529 TimeMMD
Healthcare Real 18800 UTSD
Web Real 12397  UTSD
Nature Real 7275 UTSD
Imputation Energy Real 65 UTSD
Transport Real 65 UTSD
ToT Real 36 UTSD
Environment Real 19 UTSD
Classification Human Activities Real 37000 WISDM, FOG
AlOps Real 10161  NAB-real AWSCloudwatch, KPI
Web Real 3349 Yahoo
Environment Real 12547  Sensorscope
Anomaly Detection  Finance Real 43 NAB-realAdExchange

Healthcare Real 10057  MIT-BIH Arrhythmia (ECG)
Machine Sensors Real/Synth 721 UCR, MGAB

Traffic Real 122 NAB-realTraffic

Energy Real&Synth 5000 UTSD, TSQA (Our)
Transport Real&Synth 5000 UTSD, TSQA (Our)

Nature Real&Synth 5000 UTSD, TSQA (Our)

Open-Ended QA Web Real&Synth 5000 UTSD, TSQA (Our)
ToT Real&Synth 5000  UTSD, TSQA (Our)
Environment Real&Synth 5000 UTSD, TSQA (Our)
Healthcare Real&Synth 7629 UTSD, TSQA (Our)

D Training Data Format

We format our question-and-answer pairs using
a specifically designed template to clearly sep-
arate questions from answers. The template is
structured as follows: <QUE> {Question} <ANS>
{Answer} </END>. Additionally, for continual
pre-training of the Llama model, we prepend
<|begin_of_text|> at the start of each sample
and append <|end_of_text|> at the end. For the
Mistral model, we use <s> at the beginning of each
sample and </s> at the end. In the case of the
Qwen model, only <|endoftext|> is added at the
end of each sample.

E Experiments on Model Reliance on
Time Series Data

To verify the model’s reliance on time-series
data, we conducted a set of ablation experiments.
Specifically, we selected 50 Multiple Choice
Questions (MCQs) and 50 True-or-False questions
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that targeted key time-series characteristics such as
seasonality, abrupt changes, trends, and anomalies.
We evaluated both our fine-tuned Mistral 7B
and Qwen-2.5 7B models under the following
experimental setups:

Exp A. Default (Time Series + Questions): The
original setup containing both the time series and
the questions.

Exp B. Time Series Removed + Questions: Only
the question text is provided; all numeric data are
omitted.

Exp C. Random Time Series + Questions:
The original time series is replaced with random
Gaussian values, while the question remains
unchanged.

Exp D. Shuffled Time Series + Questions:
The order of the original time series values
is shuffled, destroying temporal structure but
retaining the same set of values.

For Experiments C and D, we manually de-
termined “correct” ground-truth labels by
inspecting the randomly generated or shuffled
series. For instance, if a time series originally
exhibited a strong upward trend that disappeared
after shuffling, the ground-truth label was set to
“no trend.”

Table 6 summarizes our findings. “N/A” indi-
cates cases where the model outputs were highly
inconsistent or typically refused, making it infeasi-
ble to compute an accuracy score.

Table 6: The results of experiments on model reliance
on time series data. The accuracies of Qwen-2.5 7B
and Mistral 7B on True/False and MCQ questions are
reported under different experimental settings. Higher
value of accuracy indicates better performance.

Model Experiment True/False Accuracy MCQ Accuracy

Exp A: Default 0.82 0.54
Qwen-2.57B Exp B: TS Removed N/A N/A

Exp C: Random TS 0.98 0.74

Exp D: Shuffled TS 0.84 0.58

Exp A: Default 0.80 0.64
Mistral 7B Exp B: TS Removed N/A N/A

Exp C: Random TS 0.96 0.70

Exp D: Shuffled TS 0.82 0.60

In Exp B (Time Series Removed), both mod-
els typically produced incomplete or fabricated an-
swers, making it impossible to consistently score

outputs. This strongly suggests that, without nu-
meric data, the models cannot reliably answer time-
series—specific questions.

In Exp C (Random Time Series), the randomly
generated values generally lacked meaningful sea-
sonality or discernible trends. The models appeared
to recognize this absence of structure, frequently
defaulting to statements such as “no distinct pat-
tern” or “no strong seasonality,” which were often
accurate given the lack of cyclical behavior. As a
result, higher true-or-false accuracy was sometimes
observed — not because of deeper model under-
standing, but because the unstructured data made
generic, correct answers more likely. Notably, the
models’ responses shifted when the series was ran-
domized, indicating they were actively parsing the
numeric inputs.

Finally, in Exp D (Shuffled Time Series), shuf-
fling effectively removed any evident trend or
abrupt break present in the original data. Conse-
quently, the models frequently adjusted their an-
swers. This further supports that the models ac-
tively read and interpret the numeric data, rather
than simply ignoring it.

In summary, these findings could indicate that
our models reflect on the time-series inputs and
adapt their responses accordingly when the nu-
meric context is altered or removed.

F User Study

A total of 78 surveys were collected, and the results
for each question are as follows:

Question 1. What is your field of study?

@ Computer Science & Engineering
(Computer Science, Data Science, Art...
@ Natural Sciences (Physics, Chemistry,
Biology, Environmental Science, Math...
Social Sciences & Humanities
(Psychology, Sociology, Political Scien...
@ Business & Economics (Business
Administration, Finance, Marketing, E...
@ Medical & Life Sciences (Medicine, N...
® Others

=
&

Question 2. How familiar are you with time se-
ries analysis? (1 = Not at all, 5 = Very familiar)

60

45 (57.7%)

40

20

8(10.3%)

8(10.3%)
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Question 3. How accurate is the answer with
respect to the question?

Analyse and summarise the trend and pat-
tern in the data set [68.0, 83.0, 95.0, 103.5, 108.5,
112.0, 113.0, 114.0, 114.5, 115.5, 116.0, 116.0,
115.0, 114.0, 113.5, 111.5, 108.0, 102.5, 100.5,
93.5, 88.0, 82.0, 78.0, 73.5].

Question 3 (Answers):

I 1 = Completely Incorrect MM 2 = Incorrect But With Some Correct Elements

60
40
m J II |
0 \

3=Correct

Answer 1 Answer 2 Answer 3 Answer 4

Question 4. Which do you think is the most
accurate answer with respect to the open-ended
reasoning question?

Identify any cyclical patterns in the data
points [0.28, 0.27, 0.26, 0.25, 0.24, 0.23, 0.24,
0.25, 0.26, 0.28, 0.3, 0.33, 0.36, 0.39, 0.43, 0.46,
0.5, 0.53,0.57, 0.6, 0.63, 0.65, 0.67, 0.68].

Question 4 (Answers):

@ Answer 1
@ Answer 2

Answer 3
@ Answer 4

Question 5. How complete is the answer? Did it
address all parts of the question?

Examine the data points [19.34, 20.41, 20.38,
19.28, 19.75, 22.84, 25.09, 24.97, 24.75, 26.25,
27.0, 25.03, 22.41, 21.78, 22.44, 21.19, 19.44,
19.62, 20.62, 20.16, 18.03, 17.19, 18.31, 19.91]
and summarize the overall movement trend in this
data.

Question 5 (Answers):

60 1= Incomplete M 2= Somewhat Complete 3= Complete

40 JI .I .I -I
0
o

Answer 1 Answer 2 3 Answer s

AAAAAA

Question 6. Which answer is the most compre-
hensive in relation to the question?

Considering the data points [47.0, 51.0, 51.0, 20.0,
48.0, 44.0, 41.0, 28.0, 48.0, 38.0, 67.0, 66.0, 70.0,
54.0, 63.0, 56.0, 76.0, 58.0, 60.0, 58.0, 69.0, 56.0,
39.0, 50.0], which statement best describes the
volatility of this time series? A) The volatility
is low with consistent data points. B) There is
moderate volatility with regular patterns. C) High
volatility with sudden peaks and drops. D) The
time series exhibits a perfectly linear trend.

Question 6 (Answers):

@ Answer 1
@ Answer 2

Answer 3
@ Answer 4
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Question 7. How clear or understandable is the
reasoning provided in the answer?

Considering the data points [60.0, 28.0, 46.0, 51.0,
37.0,46.0, 41.0, 35.0, 32.0, 66.0, 10.0, 21.0, 67.0,
72.0, 83.0, 61.0, 11.0, 31.0, 62.0, 50.0, 56.0, 76.0,
53.0, 86.0], do you see any seasonal patterns? A)
Yes, there is a seasonal pattern. B) No, there is no
identifiable seasonal pattern.

Question 7 (Answers):

nnnnnnnnnnnnn

Question 8. How clearly does the response
explain its reasoning? (1 = Not Clear At All, 5 =
Really Clear)

What is the volatility level in the dataset
[0.83, 0.8, 0.76, 0.75, 0.75, 0.76, 0.78, 0.8, 0.8, 0.8,
0.81, 0.8, 0.8, 0.8, 0.8, 0.79, 0.8, 0.82, 0.83, 0.82,
0.82, 0.82, 0.82, 0.81]? A) High B) Moderate C)
Low D) No volatility"

Answer: C) Low Explanation: The dataset
shows moderate stability with minor fluctuations,
indicating a low volatility level. The changes
between consecutive points are generally small and
consistent rather than erratic or extreme. Thinking
process: The dataset has some movement, but
it is not highly variable or erratic. There are no
significant spikes or drops across the data points.
The changes are steady and minor, suggesting a
low level of volatility. Comparing to other options:

A) High: The dataset does not show high
levels of volatility with major fluctuations.

B) Moderate: While there is some move-
ment, it is not as severe as to classify it as moderate
volatility.

D) No volatility: There is some movement,
but it is not so minimal that it would be considered
no volatility.

Therefore, the appropriate response and ex-
planation for this question is C) Low volatility.

Average rating (3.19)

48 (61.5%)

20 (25.6%)

103%)

Question 9. Does the explanation logically
follow from the data or the question’s context?

Summarise the overall movement trend in
the data points [2.16, 1.86, 1.84, 2.49, 1.98, 1.96,
1.73,1.79, 2.13, 1.43, 1.49, 1.31, 0.55, -0.16, -0.12,
0.63, 0.66, 0.51, 0.28, -1.14, -2.81, -3.21, -2.26,
-1.65].

Question 9 (Answers):

I 1 = No Logical Connection [l 2= Somewhat Logical

60

40

20

0
A 1 Answer 2 Answer 3 Answer 4

3= Logical

nnnnnnnnnn

Question 10. How would you rate the quality
of the explanation and reasoning with respect to
the question? (1 = Really Poor, 5 = Excellent
Reasoning)

In the time series data [0.29, 0.29, 0.29, 0.29, 0.29,
0.29, 0.29, 0.29, 0.28, 0.28, 0.28, 0.28, 0.28, 0.28,
0.28, 0.29, 0.3, 0.32, 0.34, 0.37, 0.4, 0.44, 0.47,
0.51], is there evidence of any structural breaks?

Answer: There is a subtle structural break
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between the stability around 0.28 and the upward
shift starting around 0.3.

Explanation: A structural break in time se-
ries data is a sudden change in the data pattern
or mean level. In the given data, after initially
fluctuating around 0.29, there is a persistent drop to
0.28, and then a change occurs towards an upward
trend from 0.3 onwards. Although subtle, this
transition from 0.28 to 0.3 indicates a structural
break where the mean level shifts. It signals the
end of one data pattern and the beginning of
another distinct phase.

Reasoning: The data stability around 0.29
suggests a constant level, followed by a sudden
shift to 0.28, and then an upward trend from 0.3
onwards. This progressive change in behavior
indicates there is indeed evidence of a structural
break in the sequence.

Average rating (3.36)

1 2 3 4 5

60

40 43 (55.1%)

27 (34.6%)

20

Question 11. Overall, which answer do you pre-
fer for this question? (You can choose one or more)

Given the data points [6.64, 1.71, 27.49,
1.7,0.2, 6.05, 33.49, 21.13, 0.0, 0.99, 5.34, 10.74,
2.6, 11.04, 14.36, 9.08, 3.69, 0.26, 8.4, 6.37, 2.35,
6.02, 114.07, 49.47], describe the level of volatility
found in this data.

Question 12. Which answer do you consider is
the best?

The sequence [0.28, 0.3, 0.34, 0.39, 0.44,
0.49, 0.54, 0.58, 0.62, 0.65, 0.68, 0.7, 0.71, 0.72,
0.73, 0.73, 0.73, 0.73, 0.73, 0.72, 0.71, 0.7, 0.69,
0.68] exhibits an increasing pattern?

Answer 1: The sequence consistently in-
creases until it peaks at 0.73, after which it slightly
decreases, but remains relatively high.

Question 11 (Answers):

Answer 1

Answer 2 55 (70.5%)

Answer 3

Answer 4

60

Answer 2: The given sequence does not dis-
play a clear increasing pattern throughout. While
there is an initial increase up to 0.73, followed
by a period of stability, the later points decrease
consistently from 0.73 to 0.68, breaking the
continuity of an upward pattern.

Answer 3: The sequence does show an ini-
tial increase from 0.28 to 0.73, but it then stabilizes
at 0.73 for several data points before decreasing
slightly towards the end (down to 0.68). Therefore,
while there is a phase of increase, the overall
description suggests both rise and stability/decline,
which contrasts with an exclusively increasing
pattern. Hence, the correct response is False
regarding continuous increase throughout.

Answer 4: The sequence initially increases
from 0.28 to 0.73, but after reaching 0.73, it
remains constant for a few terms and then starts
decreasing from 0.73 to 0.68. Therefore, the se-
quence does not exhibit a continuously increasing
pattern throughout.

@ Answer 1: The sequence consistently
increases until it peaks at 0.73, after
which it slightly decreases, but remain...

@ Answer 2: The given sequence does not
display a clear increasing pattern
throughout. While there is an initial inc...
Answer 3: The sequence does show an
initial increase from 0.28 to 0.73, but it...

@ Answer 4: The sequence initially
increases from 0.28 to 0.73, but afterr...

<&
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