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Abstract

Time series data are integral to critical appli-
cations across domains such as finance, health-
care, transportation, and environmental science.
While recent work has begun to explore multi-
task time series question answering (QA), cur-
rent benchmarks remain limited to forecasting
and anomaly detection tasks. We introduce
TSAQA, a novel unified benchmark designed
to broaden task coverage and evaluate diverse
temporal analysis capabilities. TSAQA inte-
grates six diverse tasks under a single frame-
work ranging from conventional analysis, in-
cluding anomaly detection and classification,
to advanced analysis, such as characterization,
comparison, data transformation, and temporal
relationship analysis. Spanning 210k samples
across 13 domains, the dataset employs diverse
formats, including true-or-false (TF), multiple-
choice (MC), and a novel puzzling (PZ), to com-
prehensively assess time series analysis. Zero-
shot evaluation demonstrates that these tasks
are challenging for current Large Language
Models (LLMs): the best-performing commer-
cial LLM, Gemini-2.5-Flash, achieves an aver-
age score of only 65.08. Although instruction
tuning boosts open-source performance: the
best-performing open-source model, LLaMA-
3.1-8B, shows significant room for improve-
ment, highlighting the complexity of tempo-
ral analysis for LLMs. The data are avail-
able in GitHub: https://anonymous.4open.
science/r/TSAQA-Benchmark-B86B.

1 Introduction

Effective analysis over temporal patterns of time
series data is essential for real-world decision-
making. Traditionally, research in time series has
concentrated on a narrow set of tasks, most notably
forecasting future values, anomaly detection, impu-
tation, and classification (Torres et al., 2021; Lim
and Zohren, 2021; Wen et al., 2022). While these
problems have important applications, the scope of
temporal analysis extends far beyond these settings,

demanding deeper understanding of fundamental
characteristics and patterns of time series.

Recent advances in Large Language Models
(LLMs) have revolutionized natural language pro-
cessing and multimodal learning (OpenAl et al.,
2024; Grattafiori et al., 2024; Team et al., 2025b;
Yang et al., 2025). This progress has inspired a
growing interest in applying LLMs to time series
analysis. Early studies have explored leveraging
LLMs for traditional time series tasks, such as fore-
casting and anomaly detection (Zeng et al., 2023;
Jin et al., 2023; Zhou and Yu, 2024; Zhang et al.,
2024), leaving open to the question of whether
LLMs can develop stronger temporal analysis abili-
ties, such as understanding contextual information,
and relationships across multiple time series.

Time series question answering (QA) has re-
cently emerged as a promising paradigm for push-
ing the boundaries of time series modeling beyond
traditional tasks (Merrill et al., 2024; Uddin et al.,
2025; Xu et al., 2025a; Zhong et al., 2025a; Wang
et al., 2025a; Kong et al., 2025). By reformulating
time series tasks through natural language queries,
Time series QA enables models to tackle more
complex questions about temporal patterns and dy-
namics, evaluating models’ analytical capabilities.
For example, ChatTS (Xie et al., 2025) generates
situational questions based on synthetic time-series
attributes. ITFormer (Wang et al., 2025b) intro-
duces EngineMT-QA, which is a domain-specific
dataset for aero engine time series. Mtbench (Chen
et al., 2025) proposes a QA benchmark mainly for
forecasting tasks. Time-MQA (Kong et al., 2025)
constructs question—answer pairs that span both
numeric tasks and open-ended QA tasks. While
these efforts mark important progress, they are con-
strained by synthetic or domain-specific data and
narrowly scoped tasks. Moreover, questions requir-
ing open-ended answers remain difficult to stan-
dardize objectively, limiting fair evaluation across
models.
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(a) Domain and task distribution of TSAQA.
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Figure 1: Data distribution and tasks of TSAQA.

In this paper, we introduce TSAQA, Time Series
Analysis Question and Answering Benchmark, a
large-scale unified benchmark that addresses these
limitations by covering diverse domains and tasks,
while also providing standardized evaluation pro-
tocols. A direct comparison between TSAQA and
existing datasets is provided in Table 1. We curate
and annotate 210k high-quality samples from 13 do-
mains, as shown in Figure 1a. TSAQA integrates
6 distinct tasks grouped into two complementary
categories: (1) Conventional Analysis: Anomaly
detection and Classification. (2) Advanced Analy-
sis: Characterization, Comparison, Data Transfor-
mation, and Temporal Relationship. All tasks are
cast into a unified QA format with three question
types: true-or-false (TF), multiple-choice (MC),
and a novel puzzling (PZ). We also carefully detail

the data collection process, benchmark construc-
tion, dataset statistics, and evaluation protocol, en-
suring rigorous transparency and reproducibility.
Our benchmark provides a standardized platform
to evaluate various LLMs (OpenAl et al., 2024; cla;
Team et al., 2025b; Grattafiori et al., 2024; Yang
et al., 2025). Initial empirical studies demonstrate
that existing models struggle across several tasks,
particularly in structural and relational reasoning,
highlighting substantial future directions for im-
provement.

In summary, our main contributions are three-
fold. (1) We introduce TSAQA, a novel large-
scale benchmark comprising 210k samples across
13 domains, covering 6 tasks and 3 types of ques-
tions. (2) We provide a detailed description of the
benchmark’s construction along with comprehen-



Table 1: Comparison of time series question answering datasets and benchmarks.

Dataset

Tasks Scope # Analytical Tasks # Question Type # Domain Size

TS-Insights (Zhang et al., 2023) Captioning 1 1 7 100k
TSandLanguage (Merrill et al., 2024)  Forecasting 3 2 10 230k
CiK (Williams et al., 2025) Forecasting 1 1 7 29k
MTBench (Chen et al., 2025) Forecasting 4 3 2 42k
TimeSeriesExam (Cai et al., 2024) Various 5 1 1 0.7k
ChatTS (Xie et al., 2025) Various 4 5 4 2.2k
ITFormer (Wang et al., 2025b) Various 4 2 1 11k
Time-MQA (Kong et al., 2025) Various 5 4 12 200k
TSAQA (ours) Various 6 3 13 210k

sive statistics. (3) We conduct extensive evaluations
of TSAQA using a wide range of popular commer-
cial and open-source LLLMs, accompanied by an
in-depth analysis of their performance.

2 Related Work

Time Series Analysis: From Numbers to Nar-
ratives. Traditional research on time series has
primarily focused on numerical sequences, en-
abling core tasks such as forecasting (Torres et al.,
2021), imputation (Wang et al., 2024), and classifi-
cation (Mohammadi Foumani et al., 2024), often
treating them as isolated numeric signals (Hamil-
ton, 2020). In practice, however, time series are
rarely independent of their surrounding context.
They frequently interact with external informa-
tion—such as textual reports, domain expertise,
or heterogeneous side signals—that shapes or en-
riches their dynamics (Jiang et al., 2025; Xu et al.,
2025b; Liu et al., 2025, 2024; Li et al., 2025).
Recognizing this, recent work has moved beyond
purely numeric modeling to incorporate multi-
modal signals across domains including health-
care (Johnson et al., 2016, 2023), finance (Li et al.,
2024a; Dong et al., 2024), retail (Skenderi et al.,
2024), and transportation (Li et al., 2024b). While
much of this research leverages external modalities
to improve numeric predictions on predefined tasks,
a growing body of work instead positions natural
language as a richer interface for time series, using
language as the medium for querying, reasoning,
and interpreting temporal patterns (Merrill et al.,
2024; Williams et al., 2025; Wang et al., 2025b;
Chen et al., 2025; Xie et al., 2025; Kong et al.,
2025). Together, these efforts define the emerging
direction of time series question answering.

Large Models on Time Series. Advances in
large language models (LLMs) (Vaswani et al.,
2017) have recently enabled general question an-
swering over time series. A growing line of
work integrates LLMs with time series for down-

stream tasks (Chang et al., 2023; Alnegheimish
et al., 2024; Yu et al., 2023; Jin et al., 2023),
with extensions to multimodal language models
as well (Zhong et al., 2025b; Merrill et al., 2024;
Moon et al., 2022). Given their strong general-
ization ability through natural language interfaces,
comprehensive evaluation is critical to ensure the
transparency and reliability of LLMs in time series
applications.

3 TSAQA Benchmark

In this section, we introduce the proposed TSAQA
benchmark, which is designed to provide a bench-
mark for time series question answering. We be-
gin by formulating the tasks and defining question
types in Section 3.1. Next, Section 3.2 describes
the data sources and preprocessing procedures. Sec-
tion 3.3 then details the construction of the bench-
mark, including its structure and design considera-
tions. Data statistics are discussed in Section 3.4.
Finally, Section 3.5 outlines the evaluation proto-
cols used to assess model performance.

3.1 Task Formulation

Task Taxonomy. As shown in Table 2 and Fig-
ure 1, the proposed TSAQA benchmark encom-
passes two groups of tasks with six diverse tasks
designed to evaluate a model’s ability of under-
standing the fundamental properties of time series
data. The first group, Conventional Analysis, in-
cludes fundamental tasks in time series analysis:
(1) Anomaly Detection — identifies irregular or un-
expected patterns in time series; (2) Classification
— recognizes the distinguishable semantic pattern
of a time series that is pertinent to a class. The sec-
ond group, Advanced Analysis, consists of novel
analytical tasks about intrinsic properties of time
series: (3) Characterization— infers fundamental
properties such as trend, seasonality, and disper-
sion; (4) Comparison— analyzes relative similar-
ities and differences between two time series; (5)



Table 2: Tasks of TSAQA. TF, MC, and PZ denote true-or-false, multiple-choice, and puzzling.

Group | Task | Description | Question Type
Conventional Anomaly Detection Determine whether the input contains anomalies. TF
Analysis Classification Classify the input time series. MC
Characterization Determine the characteristics of the time series. TF & MC
Advanced Comparison Compare the characteristics of two time series. TF & MC
Analysis Data Transformation Identify the relationship between raw and transformed data. | TF & MC
Temporal Relationship Determine the temporal relationship of patches. TF & MC & PZ

Data Transformation— understands relationships
between original and transformed time series, e.g.,
Fourier transform; and (6) Temporal Relationship—
captures the chronological dependencies among
time series patches. These advanced tasks push the
boundaries of conventional time series modeling,
fostering the development of models that can grasp
cognitive concepts of time series and analyze over
human questions.

To bring all tasks under a single umbrella, we
formulate them in a unified Question-Answering
(QA) format. Every instance is converted into a
time series input X paired with contextual informa-
tion C and a question (), and the model is expected
to provide the correct answer A, where C and @)
are expressed by natural language. Let f denote
the model, then the TSAQA problem is formulated
as:

A= f(X,0,Q). (D

Question Types. Our TSAQA benchmark encom-
passes a wide variety of question types, such as
true-or-false (TF), multiple-choice (MC), and puz-
zling (PZ) questions. A TF question requires the
model to determine whether a claim about the in-
put time series is True (T) or False (F). A MC
question requires the model to select the correct
claim about the input. In addition, we introduce a
novel puzzling (PZ) question, which are valuable
because they represent realistic, human-like prob-
lem settings (Fissler et al., 2018) and have been
shown to be effective in evaluating models’ general
cognitive abilities, as demonstrated in computer vi-
sion (Noroozi and Favaro, 2016). In this question,
the model is given the first patch of a time series,
along with the remaining shuffled patches, and is
instructed to correct their chronological order.

3.2 Data Collection

To construct the TSAQA benchmark, we collect
and preprocess time series data from diverse public
sources to ensure broad coverage and representa-
tiveness. At its center are the core datasets, which
serve as the primary foundation for a wide range

of tasks. In addition, the benchmark integrates
two specialized sources: classification datasets and
anomaly detection datasets. This subsection de-
scribes these data sources and the selection criteria.
More details can be found in Appendix A.

Core Datasets. We collect high-quality real-world
time series data from a wide range of domains,
including energy, finance, healthcare, nature, sales,
transport, and web, which are used by time series
foundation model benchmarks, such as Lotsa (Woo
et al., 2024), Time-300B (Shi et al., 2024), and
UTSD (Ma et al., 2024). To ensure data quality, we
retain only sequences with a minimum length of
1k. We further filter sequences with a missing rate
greater than 1% or an outlier rate (the proportion
of points lying beyond three times the interquartile
range (3xIQR)) exceeding 5% For each dataset, we
refer to the original source to gather background
information about the time series and provide a
concise, one-sentence description. More details are
presented in Appendix A.1

Anomaly Detection Datasets. We extract data
from multiple time-series anomaly detection bench-
marks (Paparrizos et al., 2022; Su et al., 2019), in-
cluding ECG (Moody and Mark, 2001), SMD (Su
et al., 2019), MGAB (Thill et al.) Genesis (von
Birgelen and Niggemann, 2018), GHL (Filonov
etal., 2016), Occupancy (Candanedo and Feldheim,
2016). These datasets span various domains. For
each dataset, we summarize its description and do-
main information directly from the original papers.
More details are presented in Appendix A.2.
Classification Datasets. Our classification data
comes from the univariate UCR Archive (Dau et al.,
2019a). We select datasets with at most four classes
and sequence lengths under 400, and enrich them
with textual descriptions from the official documen-
tation. The resulting subset spans diverse domains.
More details are presented in Appendix A.3.

3.3 Benchmark Construction

In this subsection, we describe the construction of
the benchmark for each task. To maintain balance



across tasks, we allocate an equal number of sam-
ples (30k) to each task, except for the temporal
relationship task, to which we allocate 60k sam-
ples since PZ is very challenging. Except for clas-
sification and anomaly detection, samples for all
other tasks are drawn from the Core Datasets (Sec-
tion 3.2) using Hierarchical Random Sampling (Al-
gorithm 1) to ensure a balanced distribution across
domains, datasets, and sequences. Unless other-
wise specified, each sample has a random length
within [32, 256], and is z-scored to reduce data bias
(Appendix B.2). Finally, each task’s samples are
randomly partitioned into 70% for training, 10%
for validation, and 20% for testing. Next, we de-
scribe the construction process for each task. More
details and examples can be found in Appendix B-
C.

Data Transformation. This task evaluates the
model’s ability to infer the transformation relation-
ship between the input time series and its trans-
formed counterpart, which is generated from the
Fourier transform, wavelet transform, or first-order
differencing. We then use predefined templates to
formulate the task as either TF' or MC questions.
In TF questions, the model is asked to determine
whether a given sequence is the correct transfor-
mation (e.g., the results of the Fourier transform)
of the input time series x. In MC questions, the
model is required to select the correct transformed
sequence given the input time series x and the
specified transform operation (e.g., Fourier trans-
form). All transformations are computed using
professional libraries (Harris et al., 2020; Virtanen
et al., 2020). The correct transformation is com-
puted directly from the input x, whereas incorrect
transformations are generated from other randomly
sampled time series x’. For more details, please
refer to Appendix B.5.

Temporal Relationship. The temporal relation-
ship task evaluates the model’s ability to infer
the temporal structure among time series patches,
testing 3 core capabilities: Structural Continuity,
Chronological Reasoning, and Contextual Discrim-
ination. This task is formulated as TF, MC, or PZ
questions. Given the first chronological patch x, a
TF question asks the model to determine whether a
candidate patch y is the immediate successor of x,
while an MC question asks the model to choose the
correct next patch from candidates [y1,y2,y3, yal.
The false candidates are randomly sampled from
the full dataset, but from sequences different from
that of x. A PZ question presents four shuffled

successor patches of x and asks the model to ar-
range them in the correct chronological order. All
questions are generated using predefined templates.
See Appendix B.6 for more details.
Characterization. The characterization task as-
sesses the model’s capability to analyze fundamen-
tal properties of time series, including trend, sea-
sonality, and dispersion. Questions are posed as TF
or MC, and final answers are determined through
multi-LLM consensus.

Given a sample x and its meta data, we first
instruct GPT-40 (Hurst et al., 2024) to generate
question and answer pairs based on a randomly se-
lected subset of one to three topics (from Table 7),
and question type (TF or MC). Briefly, the process
involves the following steps: (1) We instruct GPT
to generate captions for the input and randomly
select a sub-topic for each topic (e.g., selecting the
sub-topic “trend direction” under the topic “trend”);
(2) GPT is instructed to generate a QA pair based
on the inputs, captions, sub-topics, and the speci-
fied question type; (3) GPT performs a self-check
of the generated QA pair and provides a confidence
score, where only QA pair with a high confidence
is retained; (4) We further leverage other powerful
LLMs, including GPT-4.1, Gemini-2.5-Flash, and
Claude-3.5-Sonnet, along with the answer given
by GPT-40 to produce a consensus answer and re-
duce model bias. For more details, please refer to
Appendix B.3.

Comparison. The comparison task assesses the
model’s ability to analyze the relative character-
istics of the two time series, such as shape and
correlation. Similar to the characterization task,
this task is also formulated as TF or MC questions.
We first obtain an anchor sample x from domain
M, dataset D, and sequence S. Given the anchor
X, we construct a set of 10 comparison samples
{x]...x},} with the same length as x. Among
which, one is drawn from the sequence S, two
from other sequences within dataset D, three from
other datasets within domain M, and four from
other domains. We also use a process similar to the
characterization task to generate QA pairs. More
details can be found in Appendix B.4.

Anomaly Detection. The anomaly detection task
evaluates the model’s ability to recognize anoma-
lous patterns in the input time series, which is for-
mulated as a TF question. Each sample x is ran-
domly cropped from a full sequence of the anomaly
detection dataset. Since anomalous samples are
much fewer than normal ones, we downsample the



Table 3: Main results. A.D. denotes anomaly detection, CLS denotes classification. MC, TF, and PZ denote
multiple-choice, true-or-false, and puzzling, respectively. SFT stands for supervised fine-tuning. The best and
second-best results are highlighted in bold and underlined, respectively.

Grou | Task | AD. | CLS | Characterization | Comparison | Data Transform | Temporal Relation |
p - Overall
[QuestonType | MC | MC | TF_MC | TF_MC [ TF __MC | TF _MC PZ |
GPT-4.1 55.85 | 50.38 | 92.97 89.36 83.57 76.99 | 54.36 51.13 6590 79.09 45.77| 62.82
GPT-40 54.32 | 47.20 | 88.15 84.15 78.61 69.07 | 60.66 53.24 62.25 75.58 45.61| 60.73
Claude-3.5-Sonnet | 51.27 | 41.23 | 74.39 78.45 66.59 74.14 | 65.79 57.07 82.05 82.15 54.56| 61.19
Gemini-2.5-Flash | 52.08 | 49.07 | 85.48 81.08 77.79 72.21 | 63.62 60.17 75.05 84.49 60.84 | 65.08
Zero Qwen3-8B 50.60 | 50.52 | 77.35 66.87 71.04 63.21 | 5243 34.46 6522 67.14 2193 | 51.04
Shot LLaMA3.1-8B 54.92 | 50.20 | 68.10 62.26 67.84 4998 | 51.90 36.56 54.82 4095 6.80 4493
Ministral-8B 53.35 | 34.08 | 71.06 63.93 47.54 52.90 | 50.70 25.28 50.58 33.88 30.77 | 44.65
Qwen3-0.6B 50.40 | 35.83 | 62.00 48.78 58.03 37.51 | 49.03 23.62 51.99 37.33 13.38 | 39.06
LLaMA3.2-1B 49.47 | 39.48 | 63.74 52.55 61.02 36.82 | 48.87 4.20 4897 544 6.76 35.70
Gemma3-1B 49.15 | 49.83 | 63.74 47.71 61.19 43.37 | 49.37 24.88 49.42 25.84 2397 | 43.03
Qwen3-8B 87.70 | 90.05 | 92.37 85.42 86.55 79.08 | 89.84 84.99 96.84 97.56 66.21 84.29
LLaMA3.1-8B 91.02 | 91.27 | 92.44 83.68 86.72 79.31 | 90.17 86.62 96.94 9741 67.68| 85.26
Instruction | Ministral-8B 71.56 | 74.28 | 91.31 80.78 84.14 74.63 | 75.15 71.61 94.07 94.15 56.82 | 74.74
Tuning Qwen3-0.6B 83.68 | 85.78 | 89.38 74.87 80.65 64.84 | 80.51 73.28 93.92 93.79 63.34| 7832
LLaMA3.2-1B 83.08 | 83.83 | 87.71 74.37 78.61 60.88 | 68.09 51.67 91.39 88.81 57.53| 73.48
Gemma3-1B 83.10 | 84.05 | 87.88 72.54 78.61 59.31 | 64.06 45.23 91.00 88.05 4292 | 69.70

normal samples to balance the classes at a 1:1 ra-
tio. The questions are composed using a predefined
template. See Appendix B.7 for more details.
Classification. The classification task evaluates the
model’s ability to categorize input time series based
on their patterns and characteristics. We reformu-
late the classification task into the MC question
format, where the original numeric class, labels,
e.g., 0 or 1, are converted into informative textual
choices, e.g., “Cabernet Sauvignon™ or “Shiraz”.
See Appendix B.8 for more details.

3.4 Data Statistics

Figure 1a shows the distribution of domains and
tasks, and Figure 2d shows the distribution of ques-
tion types. Samples are nearly balanced across
tasks, question types, and major domains. Fig-
ures 2a—2c present the histograms of time series
length, description length, and question length, all
of which exhibit long-tail distributions.

3.5 Evaluation Protocol

The TSAQA benchmark includes three question
types, each with a specific evaluation metric. TF
and MC questions are evaluated using accuracy. PZ
questions are scored by comparing each predicted
position with the ground truth and computing the
proportion of correct matches. For example, with a
ground truth A, B, C, D and prediction B, A, C, D,
only the last two match, yielding 50% accuracy.

4 Experiments

In this section, we present experimental results of
both commercial and open-source LLLMs on our

TSAQA benchmark, and provide analysis of the
results.

4.1 Main Results

We evaluate zero-shot performance of (1) com-
mercial LLMs: GPT-4.1, GPT-40, Claude-3.5-
Sonnet and Gemini-2.5-Flash; (2) medium size
open-source LLMs: Qwen3-8B (Yang et al., 2025),
LLaMA3.1-8B (Dubey et al., 2024), Ministral-
8B; (3) small size open-source LLMs: Qwen3-
0.6B (Yang et al., 2025), LLaMA3.2-1B (Dubey
et al., 2024), Gemma3-1B (Team et al., 2025a). We
further apply instruction tuning (Peng et al., 2023)
to the open-source methods using LoRA (Hu et al.,
2022). We set LoRA rank as 16, fix learning rate
as 10~° with cosine schedule, and train models for
2 epochs on a single A100 GPU.

Overall Results. The rightmost column in Table 3
presents averaged results over all the samples (not
simply over each row). (1) Zero-shot: Commercial
LLMs consistently outperform open-source LLMs,
and medium-sized (8B) open-source models out-
perform small (1B) ones. (2) After instruction tun-
ing: All open-source models improve substantially;
notably, Gemma3-1B (69.70) surpasses Gemini-
2.5-Flash (65.08). These results indicate that in-
struction tuning can markedly enhance open-source
models, narrowing the performance gap with and
even outperform commercial LLMs.

Task-Level Results. (1) Conventional Analysis.
In zero-shot settings, both commercial and open-
source LLMs perform poorly on anomaly detec-
tion and classification, but open-source models
improve markedly after instruction tuning (e.g.,
LLaMA-3.1-8B reaches 91.02 and 91.27). (2) Ad-
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vanced Analysis. For characterization and compari-
son, commercial models outperform medium-sized
open-source models, likely due to broader pretrain-
ing exposure. Data transformation and temporal
relationship, especially PZ questions, remain diffi-
cult for all models. Instruction tuning boosts open-
source performance, but there are still considerable
room to improve. For example, for comparison
task, best performing LLaMA-3.1-8B with instruc-
tion tuning only achieves 86.72 and 79.31.
Question Type-Level Results. Across the three
question types (TF, MC, PZ), open-source models
perform best on TF, worse on MC, and poorest on
PZ. Performance on PZ is substantially lower than
on TF and MC, in both zero-shot and tuned settings.
Considerable room for improvement remains, e.g.,
the best PZ score is only 67.68 (LLaMA-3.1-8B
after instruction tuning).

4.2 Analysis

We use best performing commercial LLMs, i.e.,
Geimini-2.5-Flash and GPT-4.1, and open-source
LLMs, i.e., LLaMA3.1-8B and Qwen3-8B to con-
duct further analysis. To examine their analytical
ability on the proposed TSAQA Benchmark, we
cover three key perspectives: Accuracy Correlate
Analysis, Task-Specific Analysis, and Case Study.

4.2.1 Accuracy Correlate Analysis

Input Lengths. Figure 3 in Appendix) illustrates
the relationship between input length and model ac-
curacy. Across all six models and five tasks, exclud-
ing the Temporal Relationship task, we observe a
consistent trend that performance declines as input
length increases, indicating that longer inputs cor-
respond to more difficult questions. However, the
Temporal Relationship task exhibits the opposite
behavior, where accuracy improves with increas-
ing input length. The analysis is shown in Figure
4, which the newly proposed PZ question exhibits
the opposite trend. The fact that PZ performance
scales positively with length proves that models are

actively utilizing global context to deduce the cor-
rect chronological order, proving that PZ question
is a rigorous probe for Global Causal Reasoning.
More details are provided in Appendix D.1.
Topics & Subtopics v.s. Accuracy. Tasks such
as Characterization and Comparison include ques-
tions with different selected topics and subtopics
from a predefined list 7. To understand how
the complexity of topics and subtopics influences
model performance, we analyzed the relationship
between the number of topics and subtopics used
in each question and the corresponding model ac-
curacy. Based on Table 8, we observe that the com-
plexity of questions with varying number of topics
and subtopics doesn’t have direct impact on model
accuracy, which indicates that the TSAQA Bench-
mark is largely unbiased. We further analyzed the
difficulty of individual topics by examining how
different topic combinations influence model per-
formance across tasks. The results of questions
from Comparison Task are visualized in Figure 5.
We found that questions with topics such as sea-
sonality, autocorrelation, dispersion, and noise are
harder to model with lower average accuracy. More
details are provided in Appendix D.1.

Domain v.s. Accuracy. We conducted an in-depth
analysis of how domain variation impacts over-
all model accuracy on TSAQA Benchmark. The
results are summarized in Table 9. Our analysis
reveals that questions from domains including Syn-
thetic, IT, Robotics, and Web pose greater chal-
lenges to models under the zero-shot setting, while
questions from Sales and Web domains remain the
most difficult after instruction tuning. More details
are provided in Appendix D.1.

4.2.2 Task Specific Analysis

Data Transformation. We analyze model perfor-
mance on the Data Transformation task, which is
designed to evaluate a model’s understanding of
three transformation operators: Fourier Transform
(FT), Wavelet Transform (WT), and First-Order



Differencing (FOD). For each operator, we assess
performance by measuring the accuracy on both
MC and TF question formats. As shown in Ta-
ble 10, for zero-shot evaluation, our key finding
highlights a limitation in which both commercial
and open-source models fail to provide accurate
answers, except of FOD. More details are provided
in Appendix D.2.

Temporal Relationship. Beyond the input length
analysis in Section 4.2.1, we further examined how
domain-level information influences model perfor-
mance on PZ questions. The results are summa-
rized in Table 11, which Web and Sales domains
remain the most challenging across both zero-shot
and instruction-tuning settings. To identify the
cause, we analyzed the boundary consistency of
incorrect predictions and identified a significant
Smoothness Bias. As shown in Table 12, models
consistently attempt to repair legitimate discontinu-
ities by predicting transitions that are smoother than
the ground truth. This failure highlights the critical
utility of the PZ task: since legitimate volatility
varies by domain, PZ acts as a rigorous discrim-
inator for Temporal Fidelity. It penalizes models
that rely on generic smoothing priors and rewards
those that capture the specific, irregular structural
dynamics of the target domain. More details are
provided in Appendix D.2.

Comparison. We analyze model performance
on the Comparison task, specifically investigating
whether providing explicit domain-level context
affects model accuracy. The task requires compar-
ing two input time series, which we test under two
conditions: (1) when both series originate from the
same domain and (2) when they are from different
domains. In both scenarios, the corresponding do-
main names are provided to the model as textual
description. As shown in Table 13, we observe
no significant performance difference between the
same-domain and different-domain settings across
either MC or TF questions. This suggests that the
Comparison Task is domain invariant. More details
are provided in Appendix D.2.

4.2.3 Case Study.

First Letter Distribution. To explore potential
biases in model behavior, we analyzed the distribu-
tion of the first letters in model responses for PZ
questions. We visualize these distributions in Fig-
ure 6 with an interesting pattern emerges: for ques-
tions that were answered incorrectly or received
partial credit, Qwen3-8B tends to output the choice

C more frequently, whereas LLaMA3.1-8B shows
a stronger tendency to output A. More details are
provided in Appendix D.3.

Incorrect Output Format. While models gener-
ally demonstrate a strong understanding of the ex-
pected response format for common question types
such as MC and TF, we further include sample
responses from each model that highlight unique
or unexpected behaviors—cases where the models’
answers do not strictly adhere to the specified in-
structions for the PZ question format. More details
are provided in Appendix D.3.

4.3 Human Evaluation

We conduct human evaluations of the multi-LLM
consensus labels for characterization and compari-
son (Section 3.3). Six Ph.D.-level experts mannu-
ally annotate 600 questions (300 each), serving as
ground truth. Uncertain or problematic QA pairs
are flagged, multiple answers allowed when valid,
and explanations provided for disagreements with
the benchmark.

Our evaluation yields two main findings. (1)
Question quality: Uncertainty rates are low (5%
for characterization, 7% for comparison), showing
that most questions are clear. (2) Answer accuracy:
For unambiguous cases, benchmark answers align
with human judgments in 91.2% of characteriza-
tion and 87.4% of comparison. These results indi-
cate that the automatic pipeline produces reliable
QA pairs, though comparison remains harder, with
lower agreement and higher uncertainty (Figure 7).
More details are provided in Appendix E.

5 Conclusion

TSAQA establishes a large-scale benchmark for
time series question answering with 210k samples
curated from 13 domains, covering 6 tasks and 3
types of questions, extending evaluation beyond
classical tasks, i.e., anomaly detection and classi-
fication, to advanced analytical tasks, i.e., charac-
terization, comparison, data transformation, tem-
poral relationship. By spanning diverse domains,
tasks, and question types, it offers a unified plat-
form to probe the strengths and limitations of both
commercial and open-source LLMs. Our results
highlight that, despite progress with instruction tun-
ing, substantial challenges remain, particularly for
advanced reasoning and puzzling questions, under-
scoring the need for further research into models
capable of deeper time series understanding.



Limitations

While TSAQA provides a unified and large-scale
benchmark for time series question answering, sev-
eral limitations remain. First, although the bench-
mark spans 13 domains and 6 analytical tasks, it
does not fully capture the diversity of real-world
temporal processes. Many application settings in-
volve irregular sampling, strong exogenous drivers,
or domain-specific structures, which are only par-
tially reflected in our datasets. Expanding U-
TSAQA toward irregular, mixed-frequency, and
exogenous-aware scenarios would further improve
realism. Second, our task taxonomy primarily
focuses on analytical capabilities that can be ex-
pressed through structured questions. However,
real systems often require richer forms of temporal
reasoning, suggesting opportunities to design tasks
that more directly probe these behaviors. Third,
while the newly proposed puzzling question encour-
ages global structural reasoning, it may penalize
models biased toward locally smooth transitions
and introduces higher computational costs. Future
extensions could incorporate complementary for-
mats that disentangle local continuity, long-range
consistency, and domain-specific volatility. Finally,
although TSAQA covers multiple domains, the
benchmark remains static, whereas real deploy-
ments face evolving distributions and emerging
domains. Building dynamic extensions that eval-
uate adaptation and robustness under distribution
shifts represents an important next step.

Ethical Considerations

All datasets and language models used in this work
are publicly available. The TSAQA dataset was
constructed from established, publicly accessible
time series benchmarks and synthetic data genera-
tion followed ethical guidelines to minimize biases
and ensure data quality.
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A Data Collection

In this section, we detail the data sources, includ-
ing core datasets (Appendix A.1), anomaly detec-
tion datasets (Appendix A.2), and classification
datasets (Appendix A.3).

A.1 Core Datasets

Table 4: Summary of the core datasets.

dataset_name total_data_point domain
AustralianElectricityDemand 1,153,584 energy
BDG-2 Rat 4,728,288 energy
GEF12 788,280 energy
ExchangeRate 56,096 finance
FRED MD 76,612 finance
BIDMC32HR 8,000,000 healthcare
PigArtPressure 624,000 healthcare
USBirths 7,275 healthcare
Sunspot 73,924 nature
Saugeenday 23,711 nature
SubseasonalPrecip 9,760,426 nature
HierarchicalSales 212,164 sales
m5 58,327,370 sales
PedestrianCounts 3,130,762 transport
PEMSO03 9,382,464 transport
UberTLCHourly 1,129,444 transport
WikiDaily 100k 274,099,872 web

We extract data from multiple time-series
datasets including: Australian Electricity De-
mand (Godahewa et al., 2021), BDG-2 Rat (Miller
et al., 2020), GEF12 (Hong et al., 2014), Exchang-
eRate(Lai et al., 2018), FRED MD(McCracken
and Ng, 2016), BIDMC32HR (Tan et al.,
2020), PigArtPressure (Dau et al., 2019a), US-
Births (Godahewa et al., 2021), Sunspot (Go-
dahewa et al., 2021), Saugeenday (Godahewa
et al.,, 2021), SubseasonalPrecip (Mouatadid
et al., 2024), HierarchicalSales (Mancuso et al.,
2021), M5 (Makridakis et al., 2022), Pedestrian-
Counts (City of Melbourne, 2017), PEMSO03 (Cal-
trans, 2025), UberTLCHourly (FiveThirtyEight,
2015),WikiDaily100k (Ansari et al., 2024b). Be-
low are some more detailed descriptions on those
datasets.

Australian Electricity Demand. A single long
time series from the Monash Time Series Archive
representing half-hourly electricity demand for Vic-
toria, Australia in 2014 (17,520 observations), ex-
tracted from the R package fpp2 (dataset name:
“elecdemand”). Temperatures corresponding to
each demand value are available in the original
dataset.

BDG-2 Rat. From The Building Data Genome
Project 2 (MIT License), consisting of measure-
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ments from 3,053 meters across 1,636 commercial
buildings over 2016-2017. One or more meters
per building measured total electrical, heating and
cooling water, steam, solar energy, water, and irri-
gation usage. We use the whole-building electricity
meter measurements from the Bear, Fox, Panther,
and Rat sites, totaling 611 buildings (from the CSV
file electricity_cleaned.csv).

GEF12. A benchmark compiled from the Global
Energy Forecasting Competition 2012 (load fore-
casting tracks), containing 20 aggregated-level
hourly load series and 11 temperature series from
2004-01-01 00:00 to 2008-06-30 05:00. Because
the one-to-one correspondence between tempera-
ture and load series is not clearly defined, a com-
mon strategy is to use a single temperature series
for all loads (here, the second temperature series).
The dataset is competition-grade and was used
without additional preprocessing; visualizations
show obvious periodicity and seasonality in the
aggregated loads.

ExchangeRate. Daily exchange rates for curren-
cies of eight countries—Australia, United King-
dom, Canada, Switzerland, China, Japan, New
Zealand, and Singapore—covering 1990 to 2016.
FRED-MD. 107 monthly time series of macro-
economic indicators from the Federal Reserve
Bank, starting from 1959-01-01, extracted from
the FRED-MD database.

BIDMC32HR. Derived from BIDMC ICU record-
ings: PPG and respiratory signals/IP (sampling
rate 125 Hz) from 53 adult patients, with breath
annotations used to form reference targets in the
source dataset. Following the adaptation in sub-
sequent work, PPG and ECG are converted into
32-second sliding-window time series; the average
heart rate (HR) in each 32 s window is the target.
The datasets are split by randomly selecting 30%
as test, yielding 5,550 training and 2,399 test time
series.

PigArtPressure. Based on a source dataset from
52 pigs with three vital signs monitored before and
after an induced injury. Three datasets are created:
AirwayPressure (airway pressure), ArtPressure (ar-
terial blood pressure), and CVP (central venous
pressure).

US Births. A single long daily time series of the
number of births in the United States from 1969-01-
01 to 1988-12-31 (7,305 observations), extracted
from the R package mosaicData.

Sunspot. A single long daily time series of sunspot
numbers from 1818-01-01 onward, with additional



related series (monthly means, smoothed series,
yearly totals, hemispheric series) in the original
source. The repository used here contains the daily
series from 1818-08-01 to 2020-05-31 and includes
both the raw data (with missing values) and an
LOCF-imputed version.

Saugeen. A single long daily time series of the
Saugeen River mean flow at Walkerton (in cubic
meters per second) from 1915-01-01 to 1979-12-
31 (23,741 observations), extracted from the R
package deseasonalize (dataset name: “Saugeen-
Day”).

Subseasonal Precipitation. Extracted from Sub-
seasonalClimateUSA: daily precipitation measure-
ments (millimeters) for a single 1.5° x1.5° latitude—
longitude grid cell, covering 1948—1978.
Hierarchical Sales. 118 daily time series of SKU-
level sales for four national pasta brands from 2014-
01-01 to 2018-12-31, including a binary indicator
for promotion. The series can be organized into a
three-level hierarchy.

MS. The M5 “Accuracy” competition dataset re-
quiring point forecasts for 30,490 bottom-level
daily series that aggregate to 42,840 time series
representing hierarchical unit sales for Walmart.
The competition paper details the implementation,
results, top methods, and implications for forecast-
ing research.

Pedestrian Counts. Hourly pedestrian counts from
66 sensors in Melbourne starting from May 2009.
The original data are updated monthly; the reposi-
tory snapshot used here contains counts up to 2020-
04-30.

PEMSO03. Datasets sourced from Caltrans PeMS,
which collects 30-second traffic readings and aggre-
gates them into S-minute intervals (288 time steps
per day). Road network structure is derived from
connectivity status and actual distances between
Sensors.

Uber TLC Daily. Counts of Uber pick-ups from
various New York City locations between January
and June 2015, obtained from FiveThirtyEight’s
“uber-tlc-foil-response” repository and aggregated
at hourly and daily resolutions.

WikiDailyl0k. Daily traffic data for 10,000
Wikipedia pages.

A.2 Anomaly Detection Dataset

We extract data from multiple time-series anomaly
detection benchmarks (Paparrizos et al., 2022; Su
et al., 2019), including ECG (Moody and Mark,
2001), SMD (Su et al., 2019), MGAB (Thill et al.)
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Genesis (von Birgelen and Niggemann, 2018),
GHL (Filonov et al., 2016), Occupancy (Can-
danedo and Feldheim, 2016). These datasets
span various domains, including healthcare (ECG),
mathematical biology (MGAB), spacecraft teleme-
try (Genesis), industrial control system (GHL), en-
vironmental sensing (Occupancy), cyber-security
on IT Operations (SMD). The statistics of these
datasets are shown in Table 5. To address class
imbalance, we count the number of anomalous se-
quences and randomly select an equal number of
normal sequences, resulting in a balanced dataset.
Below are the meta information for each dataset.

Name # Samples Domain

ECG 17,862 Healthcare

SMD 58,888 Cyber-security on IT Operations
MGAB 376 mathematical biology
Genesis 274 Spacecraft Telemetry
GHL 768 Industrial Control System
Occupancy 8,178 Environmental Sensing

Table 5: Summary of anomaly detection datasets.

MGAB. This dataset is composed of Mackey-Glass
time series with non-trivial anomalies. Mackey-
Glass time series exhibit chaotic behavior that is
difficult for the human eye to distinguish.

ECG. This dataset is a standard electrocardiogram
dataset and the anomalies represent ventricular pre-
mature contractions. The ECG recordings were
made using Del Mar Avionics model 445 two-
channel reel-to-reel Holter recorders, and the ana-
log signals were recreated for digitization using a
Del Mar Avionics model 660 playback unit. The
digitization rate (360 samples per second per chan-
nel) was chosen to accommodate the use of simple
digital notch filters to remove 60 Hz (mains fre-
quency) interference.

Genesis. This dataset is a portable pick-and-place
demonstrator which uses an air tank to supply all
the gripping and storage units. Data samples were
taken through an OPC connection with a resolution
of 50 milliseconds for a total of 42 production cy-
cles. The first 38 production cycles contain only
normal behavior and were used to train the selfor-
ganizing map for both experiments shown in this
section. Two of the 4 remaining cycles contain
anomalous behavior and are used for the anomaly
detection.

GHL. This dataset is a Gasoil Heating Loop
Dataset and contains the status of 3 reservoirs such
as the temperature and level. Anomalies indicate



changes in max temperature or pump frequency.
Type of cyber attack to the normal process logic is
the unauthorized change of max Receiving Tank
level. By changing the time of attack and the value
of the hacked max Receiving Tank level, we gen-
erated many anomalous data sets used for fault
detection.

Occupancy. This dataset contains experimental
data of room occupancy, such as temperature, hu-
midity, light, and CO2. Ground-truth occupancy
was obtained from time stamped pictures that were
taken every minute.

SMD. SMD (Server Machine Dataset) is collected
from a large Internet company. The data is sampled
every 5 seconds. Labels denote whether a point is
an anomaly and the dimensions contribute to every
anomaly.

A.3 Classification Dataset

We extract data from the UCR Archive (Dau et al.,
2019a). To create a focused subset for our study,
we applied two primary selection criteria: we in-
cluded only datasets with four or fewer classes
and time series with a sequence length of 400
time points or less. Through our selection, we
extract data from 37 benchmarks in the UCR
Archive, including SonyAIBORobotSurfacel &
SonyAIBORobotSurface2 (Mueen et al., 2011),
FreezerRegularTrain & FreezerSmallTrain (Mur-
ray, 2015), ToeSegmentationl & ToeSegmenta-
tion2 (Ye and Keogh, 2011), TwoPatterns (Geurts,
May 2002), CBF (Saito and Coifman, 1994), Wafer
& ECG200 (Olszewski et al., 2001), TwolLead-
ECG, ECGFiveDays, DistalPhalanxOutlineCorrect
& MiddlePhalanxOutlineCorrect & ProximalPha-
lanxOutlineCorrect & DistalPhalanxOutlineAge-
Group & MiddlePhalanxOutlineAgeGroup & Prox-
imalPhalanxOutlineAgeGroup & PhalangesOut-
linesCorrect (Bagnall and Davis, 2014), MoteS-
train (Sun et al., 2005), GunPointMaleVersus-
Female & GunPointOldVersusYoung & Gun-
PointAgeSpan & GunPoint (Ratanamahatana and
Keogh, 2005), Strawberry (Holland et al., 1998),
ItalyPowerDemand (Keogh et al., 2006), China-
town, BME, PowerCons, DodgersLoopWeekend &
DodgersLoopGame (Ihler et al., 2006), DiatomSiz-
eReduction, SmoothSubspace (Huang et al., 2016),
UMD, Wine, Coffee (Briandet et al., 1996), and
ArrowHead (Ye and Keogh, 2009). These datasets
span various domains, including robotics, energy,
healthcare, synthetic, manufacturing, nature, and
transport. The statistics of these datasets are shown
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in Table 6.
Name # Samples  # Classes Domain
SonyAIBORobotSurfacel 486 2 Robotics
SonyAIBORobotSurface2 771 2 Robotics
FreezerRegularTrain 2,404 2 Energy
FreezerSmallTrain 2,353 2 Energy
ToeSegmentation] 210 2 Healthcare
ToeSegmentation2 129 2 Healthcare
TwoPatterns 3,999 4 Synthetic
CBF 757 3 Synthetic
Wafer 5,744 2 Manufacturing
ECG200 159 2 Healthcare
TwoLeadECG 923 2 Healthcare
ECGFiveDays 704 2 Healthcare
DistalPhalanxOutlineCorrect 690 2 Healthcare
MiddlePhalanxOutlineCorrect 731 2 Healthcare
ProximalPhalanxOutlineCorrect 688 2 Healthcare
DistalPhalanxOutlineAgeGroup 423 3 Healthcare
MiddlePhalanxOutlineAgeGroup 435 3 Healthcare
ProximalPhalanxOutlineAgeGroup 485 3 Healthcare
PhalangesOutlinesCorrect 2,076 2 Healthcare
MoteStrain 1,012 2 Nature
GunPointMale VersusFemale 362 2 Healthcare
GunPointOld Versus Young 356 2 Healthcare
GunPointAgeSpan 368 2 Healthcare
GunPoint 169 2 Healthcare
Strawberry 786 2 Nature
ItalyPowerDemand 890 2 Energy
Chinatown 293 2 Transport
BME 137 3 Synthetic
PowerCons 294 2 Energy
DodgersLoopWeekend 111 2 Transport
DodgersLoopGame 115 2 Transport
DiatomSizeReduction 248 4 Nature
SmoothSubspace 236 3 Synthetic
UMD 148 3 Synthetic
Wine 85 2 Nature
Coffee 48 2 Nature
ArrowHead 175 3 Nature

Table 6: Classification data used in our experiments.



B Benchmark Construction

In this section, we provide extra content about the
construction process for each task and provide ex-
amples of each task.

B.1 Hierarchical Uniform Sampling

Algorithm 1: Hierarchical Random Sampling

Input: Domains M;
Datasets D(m) for each domain m € M;
Sequences S(d) for each dataset d € D,
Segment length {

Output: Segment Sy.447—1

m < UniformPick(M);
domain

d < UniformPick(D(m)); // Randomly select a
dataset in the domain

s < UniformPick(S(d));
seq. from the dataset

t < UniformPick{1,...,|s| —l+1};// Randomly
select a start index

return S;.¢41—1;

// Randomly select a

// Randomly select a

// Return the segment

For all the advanced reasoning tasks, including
characterization, comparison, data transformation
and temporal relationship, all the input time series
are sampled from the core dataset (Appendix A.1).
To ensure a balanced distribution over domains,
datasets and sequences, we use Hierarchical Uni-
form Sampling presented in Algorithm 1 to obtain
samples.

B.2 Data Bias

Unless otherwise specified, all samples have a ran-
dom length in [32,256], and are z-scored to re-
duce data bias. The term data bias refers specif-
ically to scale-based shortcuts or magnitude vari-
ance across heterogeneous domains, rather than
semantic or sampling bias. We justify the use of
z-score normalization on 2 main grounds: (1) Pre-
venting Magnitude-Based Shortcuts, (2) Standard
Practice and Task Alignment.

Preventing  Magnitude-Based  Shortcuts:
TSAQA is a unified benchmark that aggregates
data from 13 distinct domains, each possessed of
vastly different magnitudes and units. Without
normalization, large language models (LLMs)
could exploit these scale differences as shortcuts
to identify the source domain or dataset without
performing genuine temporal reasoning. Normal-
ization prevents this risk, forcing the model to rely
on structural reasoning rather than memorizing
absolute value ranges.
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Standard Practice and Task Alignment: While
real-world data is indeed not standardized, normal-
ization is a ubiquitous and necessary preprocessing
step in the time series literature to ensure numerical
stability and cross-domain comparability. This ap-
proach aligns with established protocols in widely
used benchmarks such as the UCR Archive (Dau
et al., 2019b), and recent time series foundation
model studies like Time-LLM (Jin et al., 2024) and
Chronos (Ansari et al., 2024a), which consistently
utilize normalization or scaling to handle distri-
bution shifts. Additionally, the core objective of
TSAQA is to evaluate reasoning capabilities. Z-
score normalization is a linear transformation that
preserves the fundamental properties required for
these tasks while removing the confounding factor
of arbitrary absolute magnitudes.

B.3 Characterization

The characterization task assesses the model’s ca-
pability to analyze fundamental properties of time
series, including trend, seasonality, and dispersion.
Questions are posed as TF or MC, and final answers
are determined through multi-LLLM consensus.

Each instance consists of a univariate time series
sample x with associated metadata (text descrip-
tion, domain, dataset). Given a sample x and its
metadata, we instruct GPT-4o0 (Hurst et al., 2024) to
generate one QA pair per instance using a randomly
selected subset of one to three topics (from Table 7)
and a question type (TF or MC). The process is as
follows.

Step 1: Captioning & sub-topic selection. GPT
first produces a short, neutral caption summarizing
visible patterns (e.g., “gradual upward drift with
weak weekly oscillation”). For each chosen topic,
a sub-topic is sampled uniformly at random, e.g.,
trend, seasonality and dispersion.

Step 2: QA synthesis. GPT generates a TF or
MC question grounded in x, the caption, and the
selected sub-topics.

Step 3: Self-verification. GPT performs a self-
check and outputs a confidence score in [0,1]. We
retain QA pairs only if confidence > 0.95.

Step 4: Multi-LLM consensus. We query GPT-
4.1, Gemini-2.5-Flash, and Claude-3.5-Sonnet us-
ing the same prompt, which includes the generated
question along with its allowed answer choices
(for both TF and MC formats), and collect their
responses. To determine the final label, we adopt
a weighted majority voting scheme among these
three models and GPT-40’s original answer. Specif-



Topic

Sub-Topics

Trend trend directions, trend types, trend shapes, trend strength, structural breaks,
global and local trends
Seasonality seasonality period, seasonal strength, multiple seasonality patterns, changing
seasonality
Cyclicity \ amplitude, peaks and trough, duration
Noise | noise level, global and local noise
Stationarity \ stationarity strength, global and local stationarity, types of non-stationarity
Autocorrelation types of autocorrelation, autocorrelation structures, lags, mean-reversion, persis-
tence of autocorrelation
Dispersion basic measures of variability (variance level), relative measures (signal-to-noise
ratio level), coefficient of variation level, time-varying dispersion (volatility,
heteroskedasticity), entropy, multi-scale dispersion
Shape global shapes, local shapes, shapelets, motifs, curves, change points, pattern
complexity
Irregularity mean shift, variance shift, trend shift, seasonality irregularity, cyclic shift, distri-
butional change, structural breaks, autocorrelation change
Correlation . . . . . S
. causal relationship, correlation strength, correlation types, correlation direction,
(Comparison only) . . . : . .
cross-correlation, time-varying correlation (rolling correlation), lagged correla-
tion, global and local correlations, correlation of decomposed components

Table 7: Topics and Sub-Topics for Time Series Analysis

ically, GPT-4.1 and Gemini-2.5-Flash are assigned
higher weights of 1.5 each, reflecting their supe-
rior performance in preliminary evaluations, while
Claude-3.5-Sonnet and GPT-40 are each assigned
a weight of 1.0. The option with the highest to-
tal weighted vote is selected as the consensus an-
swer. If a tie occurs—i.e., two or more answers
receive the same highest weighted score—the cor-
responding QA pair is discarded to avoid intro-
ducing ambiguity or noise into the dataset. This
ensemble-based strategy mitigates single-model bi-
ases, smooths out random errors, and produces
more reliable and stable labels, which are crucial
for ensuring the benchmark’s quality.

Here’s the system prompt template.

You are an expert of time series analysis.

1. Generate a meta_caption solely based on the
meta information within 50 words.

2. Generate a detailed_caption based on both
meta information and time series within 100
words.

3. Generate a {} based on the time series,
meta_caption, detailed_caption and the more
detailed question instructions.

4. Generate a correct answer {} for your
question.

5. A successful generation must meet the
following conditions:

(1) there is only one correct answer;

(2) the question stricktly follows the
instructions;

(3) the answer of the question cannot be easily
derived from the meta_caption;
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(4) the question should be about the time series
itself without invovling external knowledge

(5) do not repeat the input time series in
questions or answers.

6. Show your confidence of your determination of
success within 0-1.

Here’s the user prompt template.

The time series is {}.

Its meta information is {}.

The question must be about all these topics: {3}.

The sub-topics of {} includes but not limited to
B2

First think about the all possible sub-topics
and their taxonomy.

Then randomly pick a sub-topic from each topic
({}) to generate the question and answer
pairs.

B.4 Comparison

The comparison task assesses the model’s ability
to analyze the relative characteristics of two time
series, such as overall shape, temporal alignment,
and correlation patterns. Similar to the characteri-
zation task, this task is also formulated as either TF
or MC questions, where the model must identify
similarities or differences between the given pair of
sequences. The characteristics evaluated in the task
are directly drawn from the standardized taxonomy
of Topics and Sub-topics (from Table 7), which is
shared with the Characterization task.




To construct the comparison set, we first ob-
tain an anchor sample x from a specific domain
M, dataset D, and sequence S. Given this an-
chor x, we generate a set of ten comparison sam-
ples x'1,...,x'10, each having the same length
as x. These samples are drawn in a structured
manner to represent varying degrees of similarity:
one from the same sequence .S, two from different
sequences within the same dataset D, three from
other datasets within the same domain M, and four
from entirely different domains. This tiered sam-
pling strategy creates a natural hierarchy of diffi-
culty, challenging the model to distinguish between
subtle intra-sequence similarities and broader cross-
domain differences.

Finally, we apply a process similar to the char-
acterization task to generate QA pairs, where GPT-
based models produce questions and candidate an-
swers. The questions are then refined and validated
through multi-LLM consensus to ensure accuracy
and reduce bias, resulting in high-quality, reliable
evaluation data for this task.

B.5 Data Transformation

The data transformation task evaluates the model’s
ability to infer and analyze the transformation re-
lationship between an input time series and its
transformed counterpart. These transformations
are generated using well-established signal pro-
cessing techniques, including the Fourier trans-
form, wavelet transform, and first-order differenc-
ing, which are widely used in time series analysis to
reveal underlying structures or remove trends. This
task is particularly challenging because it requires
the model to not only recognize the patterns in the
raw input series but also to understand how specific
mathematical operations alter these patterns.

We use predefined templates to formulate the
task as either 7F or MC questions. For TF ques-
tions, the model is asked to determine whether
a given candidate sequence is indeed the correct
transformation of the input time series x (e.g.,
whether it is the Fourier transform result of x). For
MC questions, the model must select the correct
transformed sequence from multiple candidates,
given both the input series x and the specified trans-
formation operation (e.g., Fourier transform).

To ensure accuracy and consistency, all trans-
formations are computed using professional and
reliable scientific libraries (Harris et al., 2020; Vir-
tanen et al., 2020). The correct transformation is
generated directly from the input x, while distractor

sequences are created by applying the same trans-
formation to randomly sampled, unrelated time
series x’. This setup forces the model to carefully
analyze the relationship between the input and its
transformation rather than relying on superficial
similarities, providing a robust evaluation of its
reasoning ability.

Here’s the template to construct question.

The time series is {}.

Its meta information is {3}.

The question must be about all these topics: {}.

The sub-topics of {} includes but not limited to
{1

First think about the all possible sub-topics
and their taxonomy.

Then randomly pick a sub-topic from each topic
({}) to generate the question and answer
pairs.
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B.6 Temporal Relationship

The Temporal Relationship task is a discrimina-
tive sequence-level reasoning task, rather than a
generative forecasting task. The task evaluates a
model’s ability to infer and analyze the temporal
structure among sequential patches of a time series.
Specifically, the task evaluates whether a model can
understand the structural continuity and chronolog-
ical dependencies of time series patches, testing 3
core capabilities: Structural Continuity, Chrono-
logical Reasoning, and Contextual Discrimination.
(1) Structural Continuity tests whether the model
can identify which candidate segment shares the
underlying temporal dynamics required to validly
continue a given trajectory. (2) Chronological Rea-
soning tests whether the model can reconstruct the
correct temporal order of shuffled patches. (3) Con-
textual Discrimination tests the model’s ability to
distinguish the true continuation from "plausible"
but incorrect alternatives that may share similar
global statistics but lack local continuity. This task
is formulated as true-or-false (TF), multiple-choice
(MC), or puzzling (PZ) questions.

Given the first chronological patch x: (1) A TF
question asks the model to determine whether a
candidate patch y is the immediate successor of
X. (2) An MC question requires the model to se-
lect the correct next patch from four candidates
[y17 Y2,Y3, y4]

The false candidates in both TF and MC settings
are randomly sampled from the full dataset but
are guaranteed to come from sequences different
from that of x, preventing the model from simply
memorizing patterns. For PZ questions, the model




is presented with four shuffled successor patches
of x and must reconstruct their correct chronolog-
ical order, which poses a greater challenge as it
requires deeper temporal reasoning. All questions
are generated using predefined templates to ensure
consistency and diversity.

We use the following question template to con-

Classify the given time series into one of the
categories below.

Respond ONLY with the letter of the correct
choice (A, B).

Choices:
A {3
B: {3

struct questions.

Which of the following choices is most likely
the future continuation of the given time
series?

Respond ONLY with the letter of the correct
choice (A, B, C, or D)

Choices:
A: {3}
B: {}
C: {3
D: {}

Is the following patch the future continuation
of the given time series?

{3

Respond ONLY with the letter of the correct
choice (T or F).

Choices:
T: True.
F: False.

B.7 Anomaly Detection

First, all time-series data are standardized using z-
score normalization to remove scale effects across
different features. Next, we randomly sample a sub-
sequence of length 7', where T' € [32, 256], from
each time-series instance to capture varying tem-
poral dynamics. To address class imbalance, we
count the number of anomalous sequences and ran-
domly select an equal number of normal sequences,
resulting in a balanced dataset. Finally, we enrich
each sample with meta information, domain infor-
mation, the normalized time-series subsequence,
and its corresponding label.

Here’s the question template.

Determine whether the given time series contains
anomalies.

Respond ONLY with the letter of the correct
choice (T or F).

Choices:
T: True.
F: False.

B.8 Classification

Information about the time series and the task is
given in the text description. Here’s the template
to construct questions.
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C Examples TSAQA — Characterization Sample 1

In this section, we show some examples of the
constructed QA pairs.

L

0 20 40 60 80 100 120
Time

Description: A numerical sequence of hourly
aggregated Uber pickup counts (integer values)
for a single New York City taxi zone, where each
element represents the total number of pickups

TSAQA — Sample 1

recorded in that zone during one hour.
Question Type: TF Domain: transport Dataset:
uber_tlc_hourly

sample_id 12100: A time series of daily unit sales counts for a single product (SKU) at one Walmart store.

Question: Does the time series exhibit constant
variance throughout, indicating no change in
volatility, along with a clearly defined global
shape? Respond ONLY with the letter of the
correct choice (T or F).

Choices:

domain: sales

T: True.

question: Which statement best describes the
overall characteristics of this time series with re-
gard to its motif, variability, and trend? Respond
ONLY with the letter of the correct choice (A, B,
C,or D).
Choices:

F: False.

Answer: F

A: The time series has a simple motif, low vari-
ability, and lacks a consistent upward or
downward trend.

: The time series features a complex mo-
tif, high variability, and an upward trend
through the series.

: The time series has a constant value, no mo-
tif, and displays a strong downward trend.

: The time series contains random patterns
with high variability and a significant up-
ward trend.

question_type: multiple_choices task: char-
acterization

answer: A
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TSAQA — Characterization Sample 2

0 10 2.0 30 40
Time
Description: A time series of daily page-view
counts for a single English Wikipedia article.
Question Type: MC Domain: web Dataset:
wiki_daily_100k

Question: Which of the following best describes
a prominent motif and cyclic feature observed in
the time series? Respond ONLY with the letter
of the correct choice (A, B, C, or D).

Choices:

A: A recurring increase in values every few
days with a noticeable peak at day 11.

B: A consistent downward trend over the entire
period without any peaks.

C: An irregular pattern with no identical se-
quences or cycles.

D: A repeating cycle of gradual increase and
sudden drop every ten days.

Answer: A
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TSAQA — Comparison Sample 1

o 0 2 W o 0 6 D0
Time

Description 1: A time series of hourly elec-
tricity consumption measurements for the Rat
building, representing one building2019s power
usage.

Description 2: A time series of hourly elec-
tricity consumption measurements for the Rat
building, representing one building2019s power
usage.

Question Type: TF Domain: energy Dataset:
bdg2_rat

Question: Does time series 1 display any global
upward trend over the entire period?
Choices:

T: True.
F: False.

Answer: F




TSAQA — Comparison Sample 2 TSAQA — Data Transformation Sample 1

T T T T T
40 50 60 70 80
Time

Description: A time series of daily
page2010view counts for a single English
Wikipedia article.

Question Type: MC Domain: web, energy,
finance, finance Dataset: wiki_daily_ 100k,
gfc12_load, exchange_rat, fred_md

0 2 I 0 8 100
Time
Description 1: A time series of hourly pedes-
trian count measurements from a single sensor
in Melbourne.
Description 2: A time series of hourly pedes-
trian count measurements from a single sensor
in Melbourne.
Question Type: MC Domain: transport
Dataset: pedestrian_counts

Question: Which time series displays stronger
global stationarity, evident from its overall pat-
tern smoothness without clear seasonal strength?
Respond ONLY with the letter of the correct
choice (A, B, C, or D).

Choices:

A: Time series 1
B: Time series 2
C: Both have similar global stationarity

D: Neither has strong global stationarity

Answer: B
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TSAQA — Data Transformation Sample 2

Question: Which of the following choices is
most likely the First Order Difference of the
given time series? Respond ONLY with the letter
of the correct choice (A, B, C, or D).

Choices:

Description: A time series of daily relative
sunspot number measurements, where each
value represents the quantified count of sunspot
activity on the Sun2019s visible disk.
Question Type: TF Domain: nature, energy
Dataset: Nature_sunspot, gfc12_load

Question:
Is the following sequence the First Or-
der Difference of the given time series?

015
Answer: B

050

Respond ONLY with the letter of the correct
choice (T or F).
Choices:

T: True.
F: False.

Answer: T
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TSAQA — Temporal Relationship Sample TSAQA — Temporal Relationship Sample
1 2

Question Type: MC Question Type: TF

Question: Which of the following choices is Question:

most likely the future continuation of the given Is the following patch the future con-
time series? Respond ONLY with the letter of tinuation of the given time series?
the correct choice (A, B, C, or D).
Choices:

0 5 10 15 20 25
Time

Respond ONLY with the letter of the correct
choice (T or F).
Choices:

T: True.

F: False.

Answer: T

Answer: B
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TSAQA — Temporal Relationship Sample

3

Question Type: PZ Domain: finance

Question: The given time series is the first
patch of the sequence. Below are the remain-
ing patches, labeled as A, B, C, and D. Arrange
A, B, C, D in the correct order to reconstruct the
original sequence.

Choices:

A:

Answer: C,B,D,A
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TSAQA — Anomaly Detection Sample 1

s ) 100 125
Time

Description: This is an electrocardiogram
(ECG) time series, and the anomalies represent
ventricular premature contractions. The ECG
recordings were made using Del Mar Avion-
ics model 445 two-channel reel-to-reel Holter
recorders, and the analog signals were recreated
for digitization using a Del Mar Avionics model
660 playback unit. The digitization rate (360
samples per second per channel) was chosen to
accommodate the use of simple digital notch
filters to remove 60 Hz (mains frequency) inter-
ference.

Question Type: TF Domain: Healthcare
Dataset: ECG

Question: Determine whether the given time
series contains anomalies. Respond ONLY with
the letter of the correct choice (T or F).
Choices:

T: True.
F: False.

Answer: T




TSAQA — Classification Sample 1

o 2'0 4b 5‘0 80 100 120 140
Time

meta_info: This time series comes from a
dataset capturing process control measurements
recorded by individual sensors during the fabri-
cation of silicon wafers in semiconductor man-
ufacturing, providing data for monitoring and
classifying normal and abnormal production pro-
cesses.

Question Type: MC Domain: manufacturing
Dataset: UCR_Classification_Wafer

Question: Classify the given time series into
one of the categories below. Respond ONLY
with the letter of the correct choice (A, B).
Choices:

A: normal process

B: abnormal process

Answer: B
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D Experiment Analysis

We conducted an in-depth analysis of results from
the selected Large Language Models. Specif-
ically, our analysis is divided into three major
categories: Accuracy Correlate Analysis, Task-
Specific Analysis, and Case Study. For each anal-
ysis, we selected models from both commercial and
open-source families. In particular, we chose the
two best-performing models from Table 3 evaluated
on our TSAQA Benchmark—namely, GPT-4.1,
Gemini 2.5 Flash, LLaMA3-8B, and Qwen3-8B.
For LLaMA3.1-8B and Qwen3-8B, we analyzed
both the zero-shot and instruction tuned models,
resulting in a total of six models considered in our
analysis.

D.1 Accuracy Correlate Analysis

In this category, we primarily examined how model
accuracy or overall score correlates with various
factors, including input length, the topics and
subtopics used in time-series question generation,
and the influence of domain differences on model
performance.
Input Length v.s. Accuracy. To understand how
input length impacts model accuracy, we conducted
a detailed analysis comparing the length of each
input with its corresponding accuracy. Specifically,
the input length is calculated as len(ts + description
+ domain + dataset + task + question_type + ques-
tion) with String type. The results are visualized
in Figure 3. Each plot may contain input length
starting and ending at different length as each task
contains questions with different lengths. Across
all six models and five tasks, excluding the Tem-
poral Relation task, we observe a consistent trend
that longer questions with greater input length gen-
erally result in lower accuracy and weaker overall
model performance. However, the Temporal Re-
lation task exhibits the opposite behavior, where
accuracy improves with increasing input length.
To understand this discrepancy, we conducted
a detailed analysis of the four advanced analysis
tasks (Characterization, Comparison, Data
Transformation, Temporal Relation) in our
proposed TSAQA Benchmark, focusing on how
different question types (MC, TF, PZ) and their
corresponding input lengths correlate with model
accuracy. The results are visualized in Figure 4.
The results indicate that for all four advanced
analysis tasks, MC and TF question types show a
decline in accuracy with increasing input length,
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Figure 3: Input lengths vs. Accuracy by Tasks among six models.

Group Model Topics | SubTopics | Characterization | Comparison
1 1 89.53 80.39
GPT-4.1 2 2 91.75 80.87
3 3 92.10 79.51
1 1 83.68 71.57
Gemini-2.5-Flash 2 2 83.01 74.57
3 3 83.11 72.62
Zero Shot T T 9.1 6748
Qwen3-8B 2 2 72.35 66.38
3 3 74.86 67.08
1 1 63.85 58.93
LLaMA3.1-8B 2 2 66.16 58.75
3 3 65.53 58.71
1 1 86.22 82.48
Qwen3-8B (SFT) 2 2 89.74 82.50
. . 3 3 90.57 83.15
Instruction Tuning i T 2602 SART
LLaMA3.1-8B (SFT) 2 2 88.89 81.84
3 3 89.14 82.18

Table 8: Number of topics and subtopics v.s. Score

whereas the newly proposed PZ type exhibits
the opposite trend. This implies that the model
is actively using global contexts, all time series
segments, to deduce the correct chronological
order for answering PZ type question, which
confirms that the model is engaging in deductive
reasoning rather than local pattern matching. This
proves that PZ type question is a rigorous probe for
Global Causal Reasoning. Consequently, models
whose accuracy improves with input length likely
demonstrate a stronger ability to reason directly
over time-series patterns.

Topics & Subtopics v.s. Accuracy. In our pro-
posed TSAQA Benchmark, tasks such as Charac-
terization and Comparison include questions gen-
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erated by prompting GPT to select topics and
subtopics from a predefined list 7.

To understand how the complexity of topics and
subtopics influences model performance, we ana-
lyzed the relationship between the number of top-
ics and subtopics used in each question and the
corresponding model accuracy. Specifically, we
examined how varying topic and subtopic counts
affect the model’s ability to reason across different
levels of conceptual complexity. In our benchmark,
each question contains between one to three topics,
indicating that one to three distinct topics are con-
sidered during question generation, and between
one to three associated subtopics depending on
the selected topics. The results are summarized
in Table 8. Based on the results, we observe that
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Figure 4: Input length vs. Accuracy by Question Types. CH, CP, DT, and TR denote Characterization, Comparison,
Data Transformation, and Temporal Relationship. MC, TF, and PZ denote true-or-false, multiple-choice, and

puzzling.

the complexity of questions with varying number
of topics and subtopics don’t have direct impact
on model accuracy. The absence of significant
performance differences across varying topics and
subtopics indicates that the TSAQA Benchmark
is largely unbiased, suggesting that models do not
rely on topic-level content from the question, but
depend mainly on their time-series analytical capa-
bility.

In addition, we further analyzed the difficulty
of individual topics by examining how different
topic combinations influence model performance
across tasks. For questions containing more than
one topic, each question was expanded into mul-
tiple rows, allowing us to isolate the accuracy as-
sociated with each topic across all questions that
included it. Comparing the average accuracy of
questions containing each topic allowed us to iden-
tify which topics posed greater challenges, espe-
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cially when combined with others. The results of
questions from Comparison Task are visualized in
Figure 5. Generally, we found that questions with
topics such as seasonality, autocorrelation, disper-
sion, and noise are harder for model.

Domain v.s. Accuracy. In the TSAQA Bench-
mark, both questions and descriptions are gener-
ated from the associated dataset and domain.

To evaluate the influence of such contextual in-
formation, we conducted an in-depth analysis of
how domain variation impacts overall model ac-
curacy on TSAQA Benchmark. The results are
summarized in Table 9. Our analysis reveals that
questions from domains including Synthetic, IT,
Robotics, and Web pose greater challenges to mod-
els under the zero-shot setting, while questions
from Sales and Web domains remain the most diffi-
cult after instruction tuning. Notably, the questions
from Synthetic domain, which initially produced
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Figure 5: Topics vs. Accuracy of Comparison Task.

Group Model Mf ES | Rbt | Bm It Eg Hc TP Nt Fc S w Sc
GPT-4.1 84.29 | 72.31 | 38.91 | 49.93 | 48.56 | 62.91 | 64.18 | 66.07 | 64.82 | 67.49 | 68.73 | 67.21 | 26.95

Zero Shot Gemini-2.5-Flash | 76.58 [ 59.70 [ 57.59 | 49.78 | 48.28 | 69.44 [ 70.40 | 71.55 | 69.52 | 73.88 | 70.12 | 66.02 | 14.55
Qwen3-8B 83.85 [ 53.09 | 58.37 | 50.02 | 48.56 | 50.45 | 50.91 | 49.78 | 50.60 | 51.08 | 50.99 | 50.47 | 15.49
LLaMA3.1-8B 73.45162.42[59.9256.48 | 47.75 | 42.39 [ 42.18 | 41.74 | 41.16 | 40.86 | 40.79 | 40.07 | 21.88

Instruction Tuning Qwen3-8B 95.05 | 94.93 | 84.05 | 85.44 | 86.21 | 85.26 | 85.15 | 84.84 | 83.32 | 85.25 | 82.48 | 82.49 | 98.31
LLaMA3.1-8B 96.22196.23 | 87.94 [ 87.3492.00 [ 86.63 [ 85.80 | 85.4 | 84.28 | 85.83 [ 82.23 [ 83.01 [ 98.03

Table 9: Domain v.s. Accuracy. Mf denotes Manufacturing.
Bm denotes Biomedical. Eg denotes Energy. Hc denotes Healthcare. Tp denotes Transport. Nt denotes Nature. Fc
denotes Finance. S denotes Sales. W denotes Web. Sc denotes Synthetic. The lowest and second-lowest results for
each model are highlighted in bold and underlined, respectively.

the lowest accuracies across all models, show the
most substantial improvement after instruction tun-
ing, achieving the highest scores among all do-
mains. However, Web-related questions persist as
difficult cases, indicating that domain-specific com-
plexities in this category are not fully mitigated by
instruction tuning.

D.2 Task Specific Analysis

In this category, we examined how each model
performed across the tasks proposed in our
TSAQA Benchmark. Specifically, we focused
on the 3 analysis tasks: Data Transformation,
Temporal Relationship, and Comparison.

Data Transformation. We analyze model perfor-
mance on the Data Transformation task, which is
designed to evaluate a model’s understanding of
three transformation operators: Fourier Transform
(FT), Wavelet Transform (WT), and First-Order
Differencing (FOD). For each operator, we assess
performance by measuring the accuracy on both
MC and TF question formats. As shown in Ta-
ble 10, for zero-shot evaluation, our key finding
highlights a limitation in which both commercial
and open-source models fail to provide accurate an-
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ES denotes Environment Sensing. Rbt denotes Robotics.

swers, except of FOD. In contrast, our instruction-
tuned models show a better performance, achieving
high accuracy across all tasks. However, FT is still
very challenging even after instruction tuning.

To explain our findings, we attribute this
systematic performance disparity to two primary
factors: the scope of temporal dependency and
arithmetic complexity. As shown in Table 10,
there is a clear performance degradation trend
(FOD > WT > FT). This performance
degradation is likely due to 3 reasons. (1) FOD
relies solely on adjacent time steps (r; — x4—1),
aligning well with the local attention capabilities
of Transformers. (2) WT requires reasoning over
localized windows in both time and frequency. As
the dependency scope widens beyond immediate
neighbors, model performance drops. (3) FT ne-
cessitates aggregating information from the entire
sequence to determine frequency components.
This global arithmetic reasoning is inherently
challenging for LLMs’ next-token prediction
paradigm, resulting in the lowest performance. The
results systematically validate that current LLMs
struggle with tasks requiring global aggregation
and complex arithmetic compared to robust local



\ MC | TF
Group ‘ Model [ FT _Wr___FOD | FT __WI _ FOD
GPT-4.1 2632 3539 9190 | 5136 5164 5981
Zero Gemini-2.5-Flash | 27.97 5319 10000 | 5025 53359  85.90
Shot Qwen3-8B 006 2840 664 | 5257 5205 5266
LLaMA3.1-8B 2407 2387 6170 | 5217 4887 5450
Instruction | Qwen3-8B 67.93 8755 10000 | 80.02 9990  89.14
Tuning | LLaMA3.1-8B 7183 8879 9970 | 8254 8924 9836

Table 10: Analysis of Data Transformation Task. MC and TF denote multiple-choice and true-or-false, respectively.
FT, WT, and FOD denote Fourier Transform, Wavelet Transform, and First-Order Differencing. We evaluate the
accuracy on MC and TF questions from Data Transformation Task for each of the three transform operators.

Group Model Finance | Healthcare | Transport | Sales | Energy | Nature | Web
GPT-4.1 62.22 57.75 55.86 52.62 | 52.53 | 48.87 | 46.53
Zero Shot Gemini-2.5-Flash | 76.59 80.12 76.65 66.54 | 76.95 72.46 | 63.51
Qwen3-8B 27.81 27.76 24.36 2287 | 2432 | 2143 [17.90
LLaMA3.1-8B 0.77 0.78 0.98 0.94 0.88 1.25 0.92
Instruction Tuning Qwen3-8B 73.31 77.11 72.54 61.03 | 74.05 68.92 | 58.61
LLaMA3.1-8B 75.25 77.50 72.22 61.80 | 75.80 71.16 | 60.86

Table 11: Domain v.s. Accuracy of the PZ question type in the Temporal Relationship task. The lowest and
second-lowest results for each model are highlighted in bold and underlined, respectively.

pattern matching, which also explains the results
shown in Table 10.

Temporal Relationship. We analyzed model per-
formance on the Temporal Relationship task, focus-
ing specifically on our newly proposed Puzzling
(PZ) question type. Beyond the input length versus
accuracy analysis previously presented in Figure 4,
we further examined how domain-level information
influences model performance on Puzzling ques-
tions and the nature of model errors.

Domain-Level Analysis. The results are summa-
rized in Table 11. The results show that the Web
domain remains the most challenging for Puzzling
questions across both zero-shot and instruction-
tuning settings. Sales and Nature also exhibit lower
accuracies, with Sales remaining difficult even af-
ter instruction-tuning. This indicates that domains
such as Web and Sales impose greater temporal
analysis difficulty on models, which is consistent
with our findings from the overall domain vs. score
analysis presented in Table 9.

Error Analysis: Smoothness Bias. To understand
why models struggle in these specific domains
(Web, Sales), we further analyzed the boundary
consistency of incorrect predictions using the
instruction-tuned LLaMA3.1-8B and Qwen3-8B.
We calculated the "Smoothness Gap", defined as
the difference between the boundary distance of
the Ground Truth sequence Dy; and the model
Predicted sequence D,,..q. Here, the boundary
distance is calculated as the Euclidean distance
between the last time step of a preceding patch
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and the first time step of its succeeding patch. We
found that in the challenging domains identified
above, the models consistently constructed
sequences where the boundary transitions were
smoother than the ground truth (i.e., Dy; > Dyreq)
as shown in Table 12. This reveals that current
models suffer from an smoothness bias. They fail
in volatile domains because they attempt to repair
legitimate discontinuities by selecting patches
that connect more seamlessly. The error signifies
models’ failures to grasp the specific physical
dynamics of targeting domains and highlights the
critical utility of the PZ type question: it acts as
a discriminator for temporal fidelity, penalizing
models that rely on generic smoothing priors
and rewarding those that can capture the specific
irregular structural dynamics of the target domain.

Comparison. We analyze model performance on
the Comparison task, specifically investigating
whether providing explicit domain-level context
affects model accuracy. The task requires compar-
ing two input time series, which we test under two
conditions: (1) when both series originate from the
same domain and (2) when they are from different
domains. In both scenarios, the corresponding
domain names are provided to the model as textual
description. As shown in Table 13, we observe no
significant performance difference between the
same-domain and different-domain settings across
either MC or TF questions. This finding suggests
that our Comparison task is domain-invariant.
Additionally, combining the results from our



Group \ Model \ Metric \ Finance Healthcare Transport Sales Energy Nature Web
Dy 1.21 1.84 1.48 2.50 0.93 090 257

Qwen3-8B Dyred 1.67 1.81 1.56 2.00 1.28 140 231

. . Gap -0.46 0.03 -0.08 0.50 -035 -0.50  0.26
Instruction Tuning =2
Dy 1.30 1.97 1.51 2.52 0.94 091 259

LLaMA3.1-8B | Dpred 1.51 1.84 1.46 2.02 1.18 .20  2.14

Gap -0.21 0.13 0.05 050 -0.24 -0.29 045

Table 12: Analysis of Smoothness Bias in PZ question type. For each domain, we report the boundary distance of
Ground Truth (Dg;), Predicted (Dp,¢q), and the Smoothness Gap (Gap). The largest and second-largest Gap for
each model are highlighted in bold and underlined, indicating the model is over-smoothing.

analysis on number of topics & subtopics vs.
scores from Table 8, these results indicate that
the model’s performance is notably stable, which
again proves the quality of the proposed dataset.
Consequently, to answer correctly, models must
reason based on the intrinsic patterns of the time
series data itself, rather than relying on the textual
context as a simple heuristic.
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Group ‘ Model

[ MC  TF | MC TF
GPT-4.1 7627 8362 | 7806 8348
Zero Gemini-2.5-Flash | 70.97  77.90 | 7406  77.63
Shot Qwen3-8B 6299  70.67 | 6354 7160
LLaMA3.1-8B 4943 6713 | 5082  68.93
Instruction | Qwen3-8B 7704 8564 | 82.14 8795
Tuning | LLaMA3.1-8B 7802 86.32 | 8124  87.35

Table 13: Analysis of Comparison tasks.

D.3 Case Study

In this category, we analyze selected findings from
model outputs, focusing on interesting behaviors
observed in our newly proposed Puzzling question
type. The insights from this analysis may provide
useful implications for future work. Specifically,
we examine Puzzling (PZ) questions that models
answered incorrectly and present several represen-
tative case examples.

First Letter Distribution. To explore potential
biases in model behavior, we analyzed the
distribution of the first letters in model responses
for Puzzling questions. Each question provides the
first time-series slice and requires reordering of the
remaining four. We visualize these distributions in
Figure 6, using the instruction-tuned LLaMA3.1-
8B and Qwen3-8B, whose outputs adhere more
strictly to the expected format. Based on the
figure, we observe that for both models, the output
distributions of questions that received full credit
appear approximately uniform, with similar counts

< @ 8] =) < @ 8] [ < o ¥ [

Figure 6: First-letter distribution of model outputs for
LLaMA3.1-8B and Qwen3-8B on PZ questions

across all possible choices. However, for questions
that were answered incorrectly or received partial
credit, an interesting pattern emerges: Qwen3-8B
tends to output the choice C more frequently,
whereas LLaMA3.1-8B shows a stronger tendency
to output A.

Incorrect Output Format. While models gener-
ally demonstrate a strong understanding of the ex-
pected response format for common question types
such as MC and TF, we further analyzed several
examples from the closed-source models GPT-4.1,
GPT-40, and Gemini 2.5 Flash on PZ questions.
We include sample responses from each model that
highlight unique or unexpected behaviors—cases
where the models’ answers do not strictly adhere
to the specified instructions for the PZ question
format.
Sample responses from GPT-40:

Question: 'The given time series is the first
patch of the sequence.\nBelow are the
remaining patches, labeled as A, B, C, and D
.\nArrange A, B, C, D in the correct order
to reconstruct the original sequence.\n\
nPatches:\nA: [-1.6371, 0.2207, 0.9432,
0.6299, 0.7266, 0.1741, -1.2879, -1.9146,
0.2064, 0.7534, 0.5448, 0.4051, 0.4329,
-1.5225, -1.86, 0.0201, 0.4759]1\nB:
[-1.3166, -1.8215, 0.7561, 0.9665, 0.7722,
0.8286, 1.125, -1.262, -1.7866, -1.4097,




0.6872, 1.3175, ©.9611, 1.2673, -0.9737,
-1.3918, 0.6585]\nC: [0.2207, 0.4803,
0.5153, -1.3291, -1.7803, ©.398, 0.6684,
0.4141, 0.5305, 0.7472, -1.3524, -1.6084,
0.5636, 0.9396, ©.1759, ©.6039, 0.75791\nD:
[0.4938, ©.6209, -1.3506, -1.7982, 0.2323,
0.7454, -0.1356, 0.6317, 0.6102, -1.3828,
-2.1053, 0.3595, .86, ©.5752, 0.3998,
0.8241, -1.19121\n".

Model Response: 'Input TS -> C ->D -> A -> B'.

Correct Answer: 'D,A,C,B'.

Sample responses from GPT-4.1:

Question: 'The given time series is the first

patch of the sequence.\nBelow are the
remaining patches, labeled as A, B, C, and D
.\nArrange A, B, C, D in the correct order
to reconstruct the original sequence.\n\
nPatches:\nA: [0.783, 0.918, 0.9904, 1.0754,
1.1464, 1.2123, 1.216, 1.3001, 1.2585,
1.2408, 1.2431]\nB: [-0.0222, -0.1759,
-0.3978, -0.5977, -0.6948, -0.8242, -0.9167,
-0.9671, -1.0311, -1.1072, -1.1483]\nC:
[-1.2175, -1.3207, -1.3356, -1.38, -1.4384,
-1.4477, -1.4655, -1.5178, -1.5384, -1.5865,
-1.6281\nD: [1.251, 1.2076, 1.1889, 1.1529,
1.0628, 0.9376, 0.8265, 0.6709, 0.4682,
0.3388, 0.14271\n".

Model Response: 'B, C, [-0.1936, -0.1581,

-0.0984, -0.0119, 0.0745, 0.1174, 0.2594,
0.3837, 0.4481, 0.6023, 0.70411, A, D'.

Correct Answer: 'A,D,B,C'.

Sample responses from Gemini-2.5-Flash:

-1.4236, -1.1876, -0.7156, ©.7003, 1.4083,
-0.0077, -0.2436, 0.9363, -0.2436, -0.2436,
1.1723, 1.1723, 0.4643, -0.4796, -0.2436,
-0.0077, -0.0077, 0.2283, -1.1876, -0.4796,
-0.4796, 0.2283, 0.4643, 0.2283, -0.7156,
0.9363, -0.0077, -0.9516]\n".

Model Response: '{\n "answer”: "The provided
time series patches do not exhibit any
standard prefix-suffix overlaps. A common
approach for reconstructing a sequence from
patches is to identify the longest
overlapping segments between the end of one
patch and the beginning of another. After
performing a comprehensive search for such
overlaps (ranging from 1 to 37 elements)
........ the default alphabetical order is
chosen."\n}".

Correct Answer: 'A,B,C,D'.

Question: 'The given time series is the first

patch of the sequence.\nBelow are the
remaining patches, labeled as A, B, C, and D
.\nArrange A, B, C, D in the correct order
to reconstruct the original sequence.\n\
nPatches:\nA: [0.9363, -0.4796, 0.7003,
-0.0077, -1.4236, -1.4236, -1.1876, -1.1876,
0.4643, -0.2436, -0.4796, 0.9363, -0.7156,
-0.2436, -2.1316, 0.2283, 0.4643, -0.7156,
0.9363, -0.2436, -0.2436, 0.2283, 2.3523,
-0.2436, 0.2283, -0.9516, 0.7003, -1.6596,
0.2283, 0.4643, -0.4796, 0.7003, 0.7003,
-0.2436, -0.0077, -0.9516, -1.1876]\nB:
[0.2283, 0.9363, -0.2436, 1.6443, 0.2283,
0.7003, 0.4643, -0.9516, 0.2283, -0.0077,
-0.2436, -0.7156, ©.7003, -0.7156, 0.4643,
-0.7156, -0.0077, 3.0603, 0.7003, -1.4236,
0.9363, -0.7156, -1.6596, -0.4796, -1.1876,
0.7003, -0.2436, -0.9516, 0.7003, 0.4643,
-0.4796, -1.8956, -0.7156, 1.6443, 1.8803,
-1.1876, -0.00771\nC: [-0.2436, -1.4236,
-0.7156, -1.1876, -0.0077, -0.0077, -0.0077,
1.4083, -0.2436, -0.7156, -0.9516, 0.2283,
0.4643, 1.6443, 0.9363, 3.7682, 0.4643,
-0.7156, 0.2283, -0.0077, -0.0077, -0.7156,
-1.6596, 1.6443, -0.4796, -0.4796, -1.6596,
-2.1316, -0.7156, 0.4643, 2.5883, 2.5883,
0.2283, 1.1723, -1.6596, 1.4083, 1.4083]\nD:
[-0.0077, -0.0077, -1.4236, -0.4796,
-0.2436, 0.4643, -0.2436, -1.6596, 1.4083,
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Based on the sample responses, we observe that
the Puzzling question type often causes models
to struggle in following the question instructions.
This finding highlights the continued importance
of developing and designing more reasoning-based
time-series questions beyond traditional formats.
Such question types better evaluate a model’s abil-
ity to perform complex reasoning and manipulate
temporal information, providing a more compre-
hensive assessment of time-series understanding.




E Human Evaluation

We further examine annotators’ explanations in
cases of disagreement. In the single-series bench-
mark, the largest source of mismatches is ambigu-
ous questions (43%). Among well-formed cases,
24% involve trends, while volatility-, stability-, and
periodicity-related issues each account for 10%.
A small fraction (5%) reflects residual annotator
uncertainty. In the multi-series benchmark, mis-
matches are more strongly tied to stochastic proper-
ties: volatility-related issues dominate (23%), fol-
lowed by stability (13%). Periodicity- and lag-
related issues each contribute 7%, while trend-
related mismatches are rare (3%). Nearly half of
the disagreements (47%) again arise from ambigu-
ous questions, underscoring the greater interpretive
difficulty of the multi-series setting. (See Figure 7)
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Single-time-series Mismatches Multi-time-series Mismatches

Periodicity-related_  stability-related Periodicity-related
Lag-related

Residual-related

Figure 7: Human explanations for answer mismatches in TSAQA
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