
Position: What Can Large Language Models Tell Us about Time Series Analysis

Ming Jin 1 * Yifan Zhang 2 * Wei Chen 3 * Kexin Zhang 4 Yuxuan Liang † 3 Bin Yang 5

Jindong Wang 6 Shirui Pan † 1 Qingsong Wen † 7

Abstract
Time series analysis is essential for comprehend-
ing the complexities inherent in various real-
world systems and applications. Although large
language models (LLMs) have recently made sig-
nificant strides, the development of artificial gen-
eral intelligence (AGI) equipped with time series
analysis capabilities remains in its nascent phase.
Most existing time series models heavily rely
on domain knowledge and extensive model tun-
ing, predominantly focusing on prediction tasks.
In this paper, we argue that current LLMs have
the potential to revolutionize time series analysis,
thereby promoting efficient decision-making and
advancing towards a more universal form of time
series analytical intelligence. Such advancement
could unlock a wide range of possibilities, includ-
ing time series modality switching and question
answering. We encourage researchers and prac-
titioners to recognize the potential of LLMs in
advancing time series analysis and emphasize the
need for trust in these related efforts. Further-
more, we detail the seamless integration of time
series analysis with existing LLM technologies
and outline promising avenues for future research.

1. Introduction
Time series, a fundamental data type for recording dynamic
system variable changes, is widely applied across diverse
disciplines and applications (Hamilton, 2020; Wen et al.,
2022). Its analysis is instrumental in uncovering patterns
and relationships over time, thus facilitating the understand-
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Figure 1: Across a myriad of time series analytical domains,
the integration of time series and LLMs demonstrates poten-
tial in solving complex real-world problems.

ing of complex real-world systems and supporting informed
decision-making. Many real-world dynamic laws, such as fi-
nancial market fluctuations (Tsay, 2005) and traffic patterns
during peak hours (Alghamdi et al., 2019), are fundamen-
tally encapsulated in time series data. In addressing practi-
cal scenarios, time series analysis employs methods ranging
from traditional statistics (Fuller, 2009) to recent deep learn-
ing techniques (Gamboa, 2017; Wen et al., 2021). In the
era of sensory artificial intelligence, these domain-specific
models efficiently extract meaningful representations for
prediction tasks like forecasting and classification. Despite
such successes, a notable gap persists between mainstream
time series research and the development of artificial general
intelligence (AGI) (Bubeck et al., 2023) with time series
capabilities to address various problems in a unified manner.

The recent emergence of large language models (LLMs),
such as Llama (Touvron et al., 2023a;b) and GPT-4 (Achiam
et al., 2023), have swept through and propelled advance-
ments in various interdisciplinary fields (Zhao et al., 2023).
Their outstanding zero-shot capabilities (Kojima et al.,
2022), along with emerging reasoning and planning abil-
ities (Wang et al., 2024), have garnered increasing atten-
tion. However, their focus has primarily been on text se-
quences. The exploration of extending LLMs’ capabilities
to accommodate and process more data modalities, such as
images (Zhang et al., 2024a) and graphs (Chen et al., 2024),
has begun to receive preliminary attention.

With the integration of LLMs, time series analysis is under-
going significant transformation (Jin et al., 2023b; Liang
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et al., 2024). Time series models are conventionally de-
signed for specific tasks, depend heavily on prior domain
knowledge and extensive model tuning, lacking assurances
of effective updates and validations (Zhou et al., 2023a).
Conversely, LLMs hold enormous potential not only to im-
prove prediction performance (Jin et al., 2024) but also
to support cross-disciplinary (Yan et al., 2023), interac-
tive (Xue et al., 2023), and interpretative (Gu et al., 2024)
analyses. By aligning time series and natural language,
large language and foundation/specialistic time series mod-
els constitute a new technology paradigm, where the LLM is
prompted with both time series and textual instructions. In
this paradigm, time series and textual information provide
essential contexts, LLMs contribute internal knowledge and
reasoning capabilities, and pre-trained time series models of-
fer fundamental pattern recognition assurances. This novel
integration is depicted in Figure 1, where the successful
amalgamation of these components showcases the potential
for a general-purpose, unified system in next-generation
time series analysis.

Why This Position Paper? Given the remarkable capa-
bilities emerging in recent research (Jin et al., 2023b; Liang
et al., 2024; Zhang et al., 2024e), we believe that the field
of time series analysis research is undergoing an exciting
transformative moment. Our standpoint is that LLMs can
act as the central hub for understanding and advancing the
analysis of time series data. Specifically, we present key in-
sights that LLMs can profoundly impact time series analysis
in three fundamental ways with their capability boundaries
illustrated in Figure 2: (1) as effective data and model
enhancers, augmenting time series data and existing ap-
proaches with enhanced external knowledge and analytical
prowess; (2) as superior predictors, utilizing their extensive
internal knowledge and emerging reasoning abilities to ben-
efit a range of prediction tasks; and (3) as next-generation
agents, transcending conventional roles to actively engage
in and transform time series analysis. We advocate atten-
tion to related research and efforts, moving towards more
universal intelligent systems for general-purpose time series
analysis. To this end, we thoroughly examine relevant liter-
ature, present and discuss potential formulations of LLM-
centric time series analysis to bridge the gap between the
two. We also identify and outline prospective research op-
portunities and challenges, calling for greater commitment
and exploration in this promising interdisciplinary field.

Contributions: The contributions of this work can be
summarized in three aspects: (1) offering new perspectives.
We articulate our stance on LLM-centric time series anal-
ysis, outlining the potential synergies between LLMs and
time series analytical models. This underscores the need for
increased research focus and dedication in this area; (2) sys-
tematic review and categorization. We meticulously exam-
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Figure 2: Task-solving capability boundaries on the roles
of LLMs for time series analysis: as data/model enhancers,
effective predictors, or next-generation agents.

ine existing preliminary work and present a clear roadmap,
highlighting three potential integration forms of LLMs and
time series analysis; (3) identifying future opportunities.
We explore and articulate areas that current research has not
yet addressed, presenting promising directions for future
investigations in this evolving interdisciplinary field.

2. Background
2.1. Time Series Analysis

Data Modality. Time series data, comprising sequential
observations over time, can be either regularly or irreg-
ularly sampled, with the latter often leading to missing
values. This data falls into two main categories: uni-
variate and multivariate. Univariate time series consist
of single scalar observations over time, represented as
X = {x1, x2, · · · , xT } ∈ RT . Multivariate time series, on
the other hand, involve N -dimensional vector observations,
denoted as X ∈ RN×T . In complex real-world systems,
multivariate time series often exhibit intricate spatial depen-
dencies in addition to temporal factors. This has led to some
recent studies modeling them as graphs (Jin et al., 2023a),
also referred to as spatial time series. In this approach, a
time series is conceptualized as a sequence of graph snap-
shots, G = {G1,G2, · · · ,GT }, with each Gt = (At, Xt)
representing an attributed graph characterized by an adja-
cency matrix At ∈ RN×N and node features Xt ∈ RN×D.

Analytical Tasks. Time series analysis is crucial for deriv-
ing insights from data, with recent deep learning advance-
ments spurring a rise in neural network-based methods (Wen
et al., 2023). These methods focus on modeling complex
inter-temporal and/or inter-variable relationships in time
series (Zhang et al., 2024b; Jin et al., 2023b), aiding in tasks
like forecasting, classification, anomaly detection, and im-
putation. Forecasting predicts future values, classification
categorizes series by patterns, anomaly detection identifies
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Figure 3: A roadmap of time series analysis delineating four generations of models based on their task-solving capabilities.

anomalous events, and imputation estimates missing data.
Emerging research has also shown promise in time series
modality switching and question answering (Xue & Salim,
2023; Jin et al., 2024; Yang et al., 2022a). These novel
approaches highlight the potential for cross-disciplinary, in-
teractive, and interpretative advancements in time series
analytics. Such advancements open a realm of possibili-
ties in practical applications, such as (zero-shot) medical
question answering (Yu et al., 2023a; Oh et al., 2024) and
intelligent traffic agents (Da et al., 2024; Lai et al., 2023).

2.2. Large Language Models

Basic Concept. Large language models typically refer
to transformer-based pre-trained language models (PLMs)
with billions or more parameters. The scaling of PLMs, both
in terms of model and data size, has been found to enhance
model performance across various downstream tasks (Zhao
et al., 2023). These models such as GPT-4 (Achiam et al.,
2023), PaLM (Chowdhery et al., 2023), and Llama (Touvron
et al., 2023a), undergo extensive pre-training on extensive
text corpora, enabling them to acquire wide-ranging knowl-
edge and problem-solving capabilities for diverse NLP tasks.
Technically, language modeling (LM) is a fundamental pre-
training task in LLMs and a key method for advancing ma-
chine language intelligence. The primary objective of LM
is to model the probability of generating word sequences,
encompassing both non-autoregressive and autoregressive
language model categories. Autoregressive models, like the
GPT series (Bubeck et al., 2023), predict the next token y
based on a given context sequence X , trained by maximiz-
ing the probability of the token sequence given the context:

P (y | X) =

T∏
t=1

P (yt | x1, x2, . . . , xt−1) , (1)

where T represents the sequence length. Through this, the
model achieves intelligent compression and language gener-
ation in an autoregressive manner.

Emergent Abilities of LLMs. Large language models
exhibit emergent abilities that set them apart from tradi-
tional neural networks. These abilities, present in large
models but not in smaller ones, are a significant aspect of
LLMs (Wei et al., 2022a). Three key emergent abilities of
LLMs include: (1) in-context learning (ICL), introduced
by GPT-3 (Brown et al., 2020), allowing LLMs to generate
relevant outputs for new instances using instructions and
examples without additional training; (2) instruction fol-
lowing, where LLMs, through instruction tuning, excel at
novel tasks presented in an instructional format, enhancing
their generalization (Victor et al., 2022); (3) step-by-step
reasoning, where LLMs use strategies like chain-of-thought
(CoT) (Wei et al., 2022b) or other prompting strategies (Yao
et al., 2024; Besta et al., 2023) to address complex tasks
requiring multiple reasoning steps.

2.3. Research Roadmap

Time series analytical model development spans four gener-
ations: (1) statistical models, (2) deep neural networks, (3)
pre-trained models, and (4) LLM-centric models, as shown
in Figure 3. This categorization hinges on the evolving task-
solving capabilities of each model generation. Traditional
analytics relied on statistical models like ARIMA (Shumway
et al., 2017) and Holt-Winters (Kalekar et al., 2004), op-
timized for small-scale data and based on heuristics like
stationarity and seasonality (Hamilton, 2020). These mod-
els assumed past trends would continue into the future. Deep
neural networks, like recurrent and temporal convolution
neural networks (Gamboa, 2017), processed larger, complex
datasets, capturing non-linear and long-term dependencies
without heavy reliance on prior knowledge, thus transform-
ing predictive time series analysis. Recent research like
TimeCLR (Yeh et al., 2023) introduced pre-training on di-
verse, large-scale time series data, allowing fine-tuning for
specific tasks with relatively smaller data samples (Jin et al.,
2023b), reducing the time and resources required for model
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training. This allows for the application of sophisticated
models in scenarios where collecting large-scale time series
data is challenging. Despite the successes of previous gen-
erations, we posit that the emergence of LLMs is set to rev-
olutionize time series analysis, shifting it from predictive to
general intelligence. LLM-centric models, processing both
language instructions and time series (Jin et al., 2024; Cheng
& Chin, 2024), extend capabilities to general question an-
swering, interpretable predictions, and complex reasoning,
moving beyond conventional predictive analytics.

3. LLM-assisted Enhancer for Time Series
The role of LLM-assisted enhancers delves into whether
LLMs can augment our understanding of time series data
and extend the knowledge of existing models. Numerous
methods have been devised to address temporal data, but
the vast internal knowledge and reasoning capabilities of
LLMs may significantly enhance both data understanding
and model performance; thus, we intuitively distinguish
LLM-assisted enhancers from data and model perspectives.

3.1. Data-based Enhancer

LLM-assisted enhancers not only enhance data interpretabil-
ity but also provide supplementary improvements, facili-
tating a more thorough understanding and effective use of
time series data. For interpretability, LLMs offer textual
descriptions and summaries, helping to understand patterns
and anomalies in time series data. Examples include LLM-
MPE (Liang et al., 2023) for human mobility data, Signal-
GPT (Liu et al., 2023a) for biological signals, and Insight
Miner (Zhang et al., 2023c) for trend mining. Additionally,
AmicroN (Chatterjee et al., 2023) and SST (Ghosh et al.,
2023) use LLMs for detailed sensor and spatial time series
analysis. Supplementary enhancements involve integrat-
ing diverse data sources, enriching time series data context
and improving model robustness, as explored in (Yu et al.,
2023b) and (Fatouros et al., 2024) for financial decision-
making. Such enhancements help improve domain models’
inherent capabilities and make them more robust.

3.2. Model-based Enhancer

Model-based enhancers aim to augment time series mod-
els by addressing their limitations in external knowledge
and domain-specific contexts. Transferring knowledge from
LLMs boosts the performance of domain models in handling
complex tasks. Such approaches often employ a dual-tower
model, like those in (Qiu et al., 2023b; Li et al., 2024),
use frozen LLMs for electrocardiogram (ECG) analysis.
Some methods further utilize contrastive learning to achieve
certain alignments. For example, IMU2CLIP (Moon
et al., 2023) aligns text and video with sensor data, while
STLLM (Zhang et al., 2024c) enhances spatial time series

prediction. Another branch utilizes prompting techniques to
harness the inferential decision-making capability of LLMs.
For instance, TrafficGPT (Zhang et al., 2024d) exemplifies
decision analysis, integrating traffic models with LLMs for
user-tailored solutions, offering detailed insights to enhance
system interpretability.

3.3. Discussion

LLM-assisted enhancers effectively address the inherent
sparsity and noise characteristics of time series data while
also providing existing time series models with enhanced
external knowledge and analytical capabilities. Time series,
perhaps more than other modalities, benefits significantly
from data enhancements due to its potentially lower infor-
mation density. For example, comparing raw data volumes,
video data inherently contain vastly more information per
second than typical time series data such as audio. This
disparity underscores the importance of time series data
augmentation in many use cases, where LLMs can leverage
both internal and external knowledge, along with their in-
herent reasoning capabilities, to address this challenge. On
the other hand, the development of foundation models for
time series is still in its infancy, presenting an opportunity
for LLMs to extend the knowledge boundaries of existing
time series models. Moreover, this technology is plug-and-
play, enabling flexible assistance for real-world time series
data and model challenges. However, a notable hurdle is
that using LLM as an enhancer introduces significant time
and cost overheads when dealing with large-scale datasets.
In addition, the inherent diversity and range of application
scenarios in time series data add layers of complexity to the
creation of universally effective LLM-assisted enhancers.

Our position: LLM-assisted enhancers represent a
promising avenue for augmenting time series data and
models, meriting further exploration. Future directions
should focus on developing efficient, accountable, and
universally adaptable plug-and-play solutions that effec-
tively address practical challenges, such as data sparsity
and noise, while also considering the time and cost effi-
ciencies for large-scale dataset applications.

4. LLM-centered Predictor for Time Series
LLM-centered predictors utilize the extensive knowledge
within LLMs for diverse time series tasks such as predic-
tion and anomaly detection. Adapting LLMs to time series
data involves unique challenges such as differences in data
sampling and information completeness. In the following
discussion, approaches are categorized into tuning-based
and non-tuning-based methods based on whether access to
LLM parameters, primarily focusing on building general or
domain-specific time series models.
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4.1. Tuning-based Predictor

Tuning-based predictors use accessible LLM parameters,
typically involving patching and tokenizing numerical sig-
nals and related text data, followed by fine-tuning for time
series tasks. Figure 4(a) shows this process: (1) with a
Patching(·) operation (Nie et al., 2022), a time series is
chunked to form patch-based tokens Xinp. An additional
option is to perform Tokenizer(·) operation on time series-
related text data to form text sequence tokens Tinp; (2) time
series patches (and optional text tokens) are fed into the
LLM with accessible parameters; (3) an extra task layer, de-
noted as Task(·), is finally introduced to perform different
analysis tasks with the instruction prompt P (not shown in
the figure). This process is formulated below:

Pre-processing: Xinp = Patching(X ),

Tinp = Tokenizer(T ),

Analysis: Ŷ = Task(f△
LLM (Xinp, Tinp, P )),

(2)

where X and T denote the set of time series samples and
related text samples, respectively. These two (the latter
is optional) are fed together into LLM f△

LLM with partial
unfreezing or additional adapter layers to predict label Ŷ .

Adapting out-of-box LLMs directly to raw time series nu-
merical signals for downstream time series analysis tasks
is often counterintuitive due to the inherent modality gap
between text and time series data. Nevertheless, OFA (Zhou
et al., 2023a) and similar studies found that LLMs, even
when frozen, can perform comparably in time series tasks
due to the self-attention mechanism’s universality. Oth-
ers, like GATGPT (Chen et al., 2023b) and ST-LLM (Liu
et al., 2024a), applied these findings to spatial-temporal
data, while UniTime (Liu et al., 2024b) used manual instruc-
tions for domain identification. This allows them to handle
time series data with different characteristics and distinguish
between different domains.

However, the above methods all require modifications that
disrupt the parameters of the original LLMs, potentially
leading to catastrophic forgetting. In contrast, another line
of work, inspired by this, aims to avoid this by introducing
additional lightweight adaptation layers. Time-LLM (Jin
et al., 2024) uses text data as a prompt prefix and reprograms
input time series into language space, enhancing LLM’s per-
formance in various forecasting scenarios. TEST (Sun et al.,
2024) tackles inconsistent embedding spaces by construct-
ing an encoder for time series data, employing alignment
contrasts and soft prompts for efficient fine-tuning with
frozen LLMs. TEMPO (Cao et al., 2023) combines sea-
sonal and trend decompositions with frozen LLMs, using
prompt pooling to address distribution changes in forecast-
ing non-stationary time series.
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Figure 4: Categories of LLM-centered predictor.

4.2. Non-tuning-based Predictor

Non-tuning-based predictors, suitable for closed-source
models, involve preprocessing time series data to fit the
input spaces of LLMs. As Figure 4(b) illustrates, this typi-
cally involves two steps: (1) preprocessing raw time series,
including optional operations such as prompt Template(·)
and customized Tokenizer(·); (2) feeding the processed in-
puts Xinp into the LLM to obtain responses. A Parse(·)
function is then employed to retrieve prediction labels. This
process is formulated below:

Pre-processing: Xinp = Template(X , P ),

or Xinp = Tokenizer(X ),

Analysis: Ŷ = Parse(f▲
LLM (Xinp)),

(3)

where P represents the instruction prompt for the current
analysis task, and f▲

LLM denotes the black-box LLM model.

(Spathis & Kawsar, 2023) initially noted that LLM tokeniz-
ers, not designed for numerical values, separate continu-
ous values and ignore their temporal relationships. They
suggested using lightweight embedding layers and prompt
engineering as solutions. Following this, LLMTime (Gruver
et al., 2023) introduced a novel tokenization approach, con-
verting tokens into flexible continuous values, enabling non-
tuned LLMs to match or exceed zero-shot prediction perfor-
mance in domain-specific models. This success is attributed
to LLMs’ ability to represent multimodal distributions. Us-
ing in-context learning, evaluations were performed in tasks
like sequence transformation and completion. (Mirchan-
dani et al., 2023) suggested that LLMs’ capacity to handle
abstract patterns positions them as foundational general pat-
tern machines. This has led to applying LLMs in areas like
human mobility mining (Wang et al., 2023b; Zhang et al.,
2023d), financial forecasting (Lopez-Lira & Tang, 2023),
and health prediction (Kim et al., 2024).

4.3. Others

Beyond the previously discussed methods, another signifi-
cant approach in temporal analysis involves building foun-
dation models from scratch, as shown in Figure 4(c). This
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approach focuses on creating large, scalable models, both
generic and domain-specific, aiming to emulate the scaling
law (Kaplan et al., 2020) of LLMs. More details can be
found in (Liang et al., 2024), as this branch of methods is
somewhat peripheral to our primary positions in this paper.

4.4. Discussion

LLM-centric predictors have advanced significantly in time
series analysis, often outperforming many domain-specific
models in few-shot and zero-shot scenarios. Tuning-based
methods, with their adjustable parameters, generally show
better performance and adaptability to specific domains.
However, they are prone to catastrophic forgetting and in-
volve high training costs due to parameter modification.
While adapter layers have somewhat alleviated this issue,
the challenge of expensive training persists. Conversely,
non-tuning methods, offering text-based predictions, depend
heavily on manual prompt engineering, and their predic-
tion stability is not always reliable. Additionally, building
foundational time series models from scratch involves bal-
ancing high development costs against their applicability.
Therefore, further refinement is needed to address these
challenges in LLM-centric predictors.

Our position: LLM-centric predictors, though burgeon-
ing in time series analysis, are still in their infancy and
warrant deeper consideration. Our position posits a cru-
cial hypothesis that LLMs excel at processing time series
tasks. Future advancements may not only build upon but
also involve pre-trained time series models. By harness-
ing the unique capabilities of LLMs, these advancements
can further reduce tuning costs and improve prediction
stability and reliability.

5. LLM-empowered Agent for Time Series
As demonstrated in the previous section, tuning-based ap-
proaches in time series utilize LLMs as robust model check-
points, attempting to adjust certain parameters for specific
domain applications. However, this approach often sacri-
fices the interactive capabilities of LLMs and may not fully
exploit the benefits offered by LLMs, such as in-context
learning or chain-of-thought. On the other hand, non-tuning
approaches, integrating time series data into textual formats
or developing specialized tokenizers, face limitations due to
LLMs’ primary training on linguistic data, hindering their
comprehension of complex time series patterns not easily
captured in language. Addressing these challenges, there
are limited works that directly leverage LLMs as time series
agents for general-purpose analysis and problem-solving.
We first endeavor to provide an overview of such approaches
across various modalities in Appendix B, aiming to delin-
eate strategies for constructing a robust general-purpose

time series analysis agent.

In the subsequent section, we employ prompt engineering
techniques to compel LLMs to assist in executing basic time
series analytical tasks. Our demonstration reveals that LLMs
undeniably possess the potential to function as time series
agents. Nevertheless, their proficiency is constrained when
it comes to comprehending intricate time series data, leading
to the generation of hallucinatory outputs. Ultimately, we
identify and discuss promising avenues that can empower us
to develop more robust and reliable general-purpose single-
agent and multi-agent time series systems.

5.1. Empirical Insights: LLMs as Time Series Analysts

This subsection presents experiments evaluating the LLM’s
zero-shot capability as an agent for human interac-
tion and time series data analysis. We utilize the
HAR (Anguita et al., 2013) database, derived from record-
ings of 30 study participants engaged in activities of
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Figure 5: Confusion matrix of
HAR classification.

daily living (ADL) while
carrying a waist-mounted
smartphone equipped
with inertial sensors. The
end goal is to classify
activities into four cate-
gories (Stand, Sit, Lay,
Walk), with ten instances
per class for evaluation.
The prompts used for
GPT-3.5 are illustrated
in Figure 8, and the classification confusion matrix is
presented in Figure 5. Our key observations include:

LLM as Effective Analytical Agent. The experiments
demonstrate that the LLM serves adeptly as an agent for
human interaction and time series data analysis, produc-
ing accurate predictions as shown in Figure 8. Notably,
all instances with label Stand were correctly classified, un-
derscoring the LLMs’ proficiency in zero-shot tasks. The
models exhibit a profound understanding of common-sense
behaviors, encompassing various labels in time series classi-
fication, anomaly detection, and skillful application of data
augmentation (Figure 9).

Interpretability and Truthfulness. This single-agent sys-
tem prioritizes high interpretability and truthfulness, allow-
ing users to inquire about the reasons behind their decisions
with confidence. The intrinsic classification reasoning is
articulated in natural language, fostering a user-friendly
interaction.

Limitations in Understanding Complex Patterns. De-
spite their capabilities, current LLMs show limitations in
comprehending complex time series patterns. When faced
with complex queries, they may initially refuse to provide
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answers, citing the lack of access to detailed information
about the underlying classification algorithm.

Bias and Task Preferences. LLMs display a bias towards
the training language distributions, exhibiting a strong pref-
erence for specific tasks. In Figure 8, instances of Lay
are consistently misclassified as Sit and Stand, with better
performance observed for Sit and Stand.

Hallucination. LLMs are susceptible to hallucination prob-
lem, generating reasonable but false answers. For instance,
in Figure 9, augmented data is merely a copy of given in-
stances, although the model knows how to apply data aug-
mentation: These instances continue the hourly trend of oil
temperature and power load features, maintaining the struc-
ture and characteristics of the provided dataset. Subsequent
inquiries into the misclassification in Figure 5, particularly
regarding why LLMs classify Lay instances as Sit and Stand,
elicit seemingly plausible justifications (see Table 1). How-
ever, these justifications expose the model’s inclination to
fabricate explanations.

5.2. Key Lessons for Advancing Time Series Agents

General-purpose single-agent (and multi-agent) systems re-
main a missing piece in the puzzle of modern time series
analysis. In light of the empirical insights from earlier exper-
iments, it is apparent that LLMs, when serving as advanced
single-agent time series systems, exhibit notable limitations
when dealing with questions about data distribution and
specific features. Their responses often show a reliance
on requesting additional information or highlight an inabil-
ity to provide accurate justifications without access to the

underlying model or specific data details.

To surmount such limitations and develop practical time se-
ries agents built upon LLMs, it becomes paramount to seam-
lessly integrate time series knowledge into LLMs. Draw-
ing inspiration from studies that have successfully injected
domain-specific knowledge into LLMs (Wang et al., 2023a;
Liu et al., 2023b; Wu et al., 2023; Schick et al., 2024), we
propose several research directions. These include innova-
tive methods to enhance LLM-based single-agent systems’
proficiency in time series analysis by endowing them with a
deep understanding of temporal patterns and relevant con-
textual information.

• Aligning Time Series Features with Language Model
Representations (Figure 6a). Explicitly aligning time
series features with pre-trained language model represen-
tations can potentially enhance the model’s understand-
ing of temporal patterns. This alignment may involve
mapping specific features to the corresponding linguistic
elements within the model.

• Fusing Text Embeddings and Time Series Fea-
tures (Figure 6b). Exploring the fusion of text embed-
dings and time series features in a format optimized for
LLMs is a promising avenue. This fusion aims to create
a representation that leverages the strengths of LLMs in
natural language processing while accommodating the
intricacies of time series data.

• Teaching LLMs to Utilize External Tools (Figure 6c).
The goal here is to instruct the LLM to identify the appro-
priate pre-trained time series models or analytical tools
from an external “toolbox” and guide their usage based
on user queries. The time series knowledge resides within
this external model hub, while the LLM assumes the role
of a high-level agent, responsible for orchestrating their
utilization and facilitating interaction with users.

Differentiating from approaches like model repurposing or
fine-tuning on specific tasks, the focus of future research
should be on harnessing the inherent zero-shot capabilities
of LLMs for general pattern manipulation. Establishing
a framework that facilitates seamless interaction between
users and LLM agents for solving general time series prob-
lems through in-context learning is an exciting direction.

5.3. Exploring Alternative Research Avenues

Addressing the urgent and crucial need to enhance the capa-
bilities of time series agents built upon LLMs, we recognize
that incorporating time series knowledge is a pivotal direc-
tion. Concurrently, mitigating risks associated with such
agents is equally paramount. In this regard, we pinpoint key
challenges and suggest potential directions to boost both the
reliability and effectiveness of our time series agents.
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Hallucination, a recurring challenge in various founda-
tional models (Zhou et al., 2023b; Rawte et al., 2023; Li
et al., 2023), is a significant concern in deploying LLM-
based agent systems for time series analysis, as our ex-
periments have shown. Addressing this issue typically in-
volves two methods: identifying reliable prompts (Vu et al.,
2023; Madaan et al., 2024) and fine-tuning models with
dependable instruction datasets (Tian et al., 2023; Zhang
et al., 2023a). However, these approaches require substantial
human effort, posing scalability and efficiency challenges.
Some initiatives integrate domain-specific knowledge into
ICL prompts (Da et al., 2023; Yang et al., 2022b) and con-
struct instruction datasets for specific domains (Liu et al.,
2023b; Ge et al., 2023), but the best formats for instructions
or prompts for effective time series analysis are still unclear.
Developing guidelines for crafting impactful instructions in
time series analysis is a promising area for future research.

Multi-agent time series systems is another promising direc-
tion composed of multiple interacting time series agents.
These systems can leverage the strengths of individual
agents, each specialized in different aspects of time series
analysis, to provide more comprehensive and accurate re-
sults (Cheng et al., 2024). For instance, one agent might
excel in identifying patterns and trends, while another fo-
cuses on anomaly detection or forecasting. The collabora-
tion among these agents can lead to more robust solutions,
particularly in complex scenarios where single-agent time
series systems fall short.

Ongoing concerns about aligning time series agents with
human preferences (Lee et al., 2023), such as generating
helpful and harmless content (Bai et al., 2022), highlight the
need for more robust and trustworthy agents. Additionally,
the internet’s constant evolution, adding petabytes of new
data daily (Wenzek et al., 2020), accentuates the importance
of handling concept drift in time series data (Tsymbal, 2004),
where future data may differ from past patterns. Address-
ing this challenge requires enabling agents to continually
acquire new knowledge (Garg et al., 2023) or adopting
lifelong learning without costly retraining.

Our Position: LLMs hold promise as agent systems for
various time series applications, yet they encounter chal-
lenges such as occasional inaccuracies and hallucination.
Enhancing their reliability requires effective instruction
guidelines and domain-specific knowledge integration.
Aligning with human preferences and adapting to evolv-
ing time series are crucial for maximizing their capabili-
ties and minimizing risks. Our vision is to develop robust
LLM-empowered agents capable of handling time series
complexities, including exploring multi-agent systems for
improved performance and reliability.

6. Further Discussion
Our perspectives initiate ongoing discussion. Acknowledg-
ing diverse views and potential curiosities regarding LLM-
centric time series analysis, we objectively examine several
alternate viewpoints:

Accountability and Transparency. LLMs remain some-
what enigmatic, raising fundamental questions about their
capabilities, mechanisms, and efficiency levels, especially
in recent studies like PromptCast (Xue & Salim, 2023). We
advocate for understanding underlying mechanisms (Gru-
ver et al., 2023) and establishing transparent development
and evaluation frameworks, including consistent model re-
porting and clear explanations of internal processes and
outputs (Liao & Vaughan, 2024).

Privacy and Security. LLM-centric time series analysis
poses significant privacy and security challenges due to the
sensitivity of industrial time series data. LLMs are known
to sometimes memorize segments of their training data,
which may include private information (Peris et al., 2023).
Measures against threats like data leakage and misuse are
crucial, along with ethical guidelines and regulatory frame-
works to ensure responsible and secure application (Zhuo
et al., 2023).

Environmental and Computational Costs. Critics high-
light the environmental and computational costs of LLM-
centric time series analysis, suggesting optimization oppor-
tunities in LLM development and exploring more efficient
alignment and inference strategies, especially for handling
tokenized high-precision numerical data.

7. Conclusion
This paper aims to draw the attention of researchers and
practitioners to the potential of LLMs in advancing time
series analysis and to underscore the importance of trust in
these endeavors. Our key position is that LLMs can serve
as the central hub for understanding and advancing time
series analysis, steering towards more universal intelligent
systems for general-purpose analysis, whether as enhancers,
predictors, or agents. To substantiate our positions, we
have reviewed relevant literature, exploring and debating
possible directions towards LLM-centric time series analysis
to bridge existing gaps.

Our objective is to amplify the awareness of this area within
the research community and pinpoint avenues for future
investigations. While our positions may attract both agree-
ment and dissent, the primary purpose of this paper is to
spark discussion on this interdisciplinary topic. If it serves
to shift the discourse within the community, it will have
achieved its intended objective.
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Open-TI (Da et al., 2024), Planner (Huang et al., 2022), Sociodojo (Cheng & Chin, 2024),
ProgPrompt (Singh et al., 2023), Visual ChatGPT (Wu et al., 2023)
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Figure 7: An overview of LLM-centric time series analysis and related research.

B. LLM-empowered Agent for Time Series
B.1. Overview of Related Works

In the realm of leveraging LLMs as agents for general-purpose time series analysis is still nascent. In the following,
we provide an overview of related approaches across different modalities, focusing on strategies for developing robust,
general-purpose time series agents. These methods fall into two primary categories. (1) External knowledge integration:
this strategy employs ICL prompts to enhance LLMs’ understanding of specific domains. Yang et al. embeds object
descriptions and relationships into prompts to aid LLMs in image query analysis (Yang et al., 2022b). Similarly, Da et al.
uses prompts containing traffic states, weather types, and road types for domain-informed inferences (Da et al., 2023). Other
studies like (Huang et al., 2022; Singh et al., 2023) include state, object lists, and actions in prompts, allowing LLMs to
plan across varied environments and tasks. Wu et al. introduces a prompt manager for ChatGPT to leverage pretrained
vision models (Wu et al., 2023), while SocioDojo (Cheng & Chin, 2024) employs ICL for accessing external knowledge
sources like news and journals for decision-making. Despite their efficiency and no need for additional training, these
prompt-based methods face limitations such as input length constraints and difficulties in capturing complex time series
patterns linguistically. (2) Alignment of LLMs to target modality content: this method aligns LLMs with specific modality
content. Schick et al. enables LLMs to annotate datasets with API calls, fine-tuning them for diverse tool usage (Schick et al.,
2024). LLaVA (Liu et al., 2023b) generates multimodal language-image instruction data using GPT-4, while Pixiu (Xie
et al., 2023) creates a multi-task instruction dataset for financial applications, leading to the development of FinMA, a
financial LLM fine-tuned for various financial tasks. Yin et al. offers a multi-modal instruction tuning dataset for 2D and 3D
understanding, helping LLMs bridge the gap between word prediction and user instructions (Yin et al., 2024). However,
designing comprehensive instructions remains a complex task (Zhang et al., 2023b), and there’s concern that this approach
may favor tasks over-represented in the training data (Gudibande et al., 2023).

B.2. Demonstrations

Activity Justification for Classification
Sit Instances where there is relatively low movement and consistent values in the ac-

celerometer and gyroscope readings, typical of a sedentary position.
Stand Instances where there is minimal movement, but the sensor readings may show more

variability compared to sitting. Standing typically involves slight variations in body
position and may exhibit more fluctuations in sensor readings.

Table 1: Justification for classifying Sit and Stand activities
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Data format description:

The Human Activity Recognition database was built from the recordings of 30 study participants performing activities of 

daily living (ADL) while carrying a waist-mounted smartphone with embedded inertial sensors. The objective is to classify 

activities into one of the four activities performed  (Walk, Sit, Stand, Lay). For each record in the dataset the following is 

provided: 

1.Triaxial acceleration from the accelerometer (total acceleration) and the estimated body acceleration. 

2.Triaxial Angular velocity from the gyroscope.

Few shot data instances:

Here are some classification examples: 
tBodyAcc-mean()-X tBodyAcc-mean()-Y tBodyAcc-mean()-Z angle(X,gravityMean) angle(Y,gravityMean) angle(Z,gravityMean) Activity 
0.257178 -0.02329 -0.01465 -0.72001 0.276801 -0.05798 STANDING 
0.277235 -0.02568 -0.11843 -0.8159 0.166483 -0.09444 SITTING 
0.300905 -0.02361 -0.09689 0.774053 -0.47774 -0.50714 LAYING

Task description:

Now we have the following data instances, please justify their Activity:
0.269066 -0.02769 -0.11018 -0.6805 0.302289 -0.06727 
0.278291 -0.01454 -0.10524 -0.81653 0.170525 -0.09102 
0.272059 -0.02127 -0.10064 0.767363 -0.4718 -0.51501

Given the provided dataset with features and corresponding activities for Human Activity Recognition, it's challenging to 

directly justify the activities for the new instances without access to the trained model or detailed information about the 

underlying classification algorithm. 

  Without knowing the specifics of the trained model or having additional information on the data distribution, it's not 

possible to definitively justify the activities for the given instances. If you have access to the model, you can use it to 

predict the activities, and if not, you may need to refer to the original training process or documentation to gain insights into 

the expected behaviors of the model.

You can guess the answer.

Certainly, based on a general understanding of the patterns in the provided Human Activity Recognition dataset, here are 

hypothetical guesses for the activities corresponding to the given instances:

1.The activity for the first instance (0.269066, -0.02769, -0.11018, -0.6805, 0.302289, -0.06727) might be Walk.

2.The activity for the second instance (0.278291, -0.01454, -0.10524, -0.81653, 0.170525, -0.09102) could be Sit.

3.The activity for the third instance (0.272059, -0.02127, -0.10064, 0.767363, -0.4718, -0.51501) may be Lay.

Please tell me the reason.

It's important to note that these are speculative guesses based on general patterns observed in accelerometer and gyroscope 

data for common human activities. The reasoning behind these guesses is influenced by typical characteristics associated with 

certain activities:

Instance 1 The relatively consistent acceleration values along with angular velocity may suggest a pattern associated with 

walking. Walking often involves rhythmic and repetitive motion.

Instance 2 The lower acceleration values and certain angular velocity characteristics might resemble the patterns seen during 

sitting. Sitting typically involves less movement compared to other activities.

Instance 3 The specific combination of acceleration and angular velocity features could resemble the patterns observed during 

lying down or laying. Laying down is associated with lower acceleration and distinct angular velocity patterns.

Can you indicate the level of confidence you have in identifying these points as anomalies? Please provide a value on a scale 

from 0 to 1, where 1 signifies the highest level of confidence. 

I must emphasize that the guesses I provided earlier are purely speculative and based on general patterns observed in 

accelerometer and gyroscope data. Without access to a trained model or specific information about the underlying data 

distribution, the confidence in these guesses is low.

If I were to assign a confidence level on a scale from 0 to 1, where 1 signifies the highest confidence, it would be 

approximately 0.3. This low confidence level reflects the speculative nature of the guesses and the lack of a precise 

understanding of the data distribution and model specifics. For accurate predictions, a trained model with associated 

confidence scores would be necessary.

Refused !

Correct answer of instances 2, 3 !

Interpretability !

Truthfulness !

Figure 8: Human interaction with ChatGPT for time series classification task.
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Data format description:

The Electric Transformer Temperature (ETT) serves as a vital indicator for long-term electric power management. This dataset 

spans two years and encompasses data from two distinct counties in China. To delve into the intricacies of Long Sequence 

Time-Series Forecasting (LSTF) problems, various subsets have been curated: {ETTh1, ETTh2} for 1-hour intervals and 

ETTm1 for 15-minute intervals. Each data point comprises the target value, "oil temperature," along with 6 power load 

features. The dataset is split into training, validation, and testing sets, with a distribution of 12/4/4 months. 

Task description:

Now, I would like to provide you with some instances from the dataset. Please assist me in generating instances that closely 

resemble the given input pattern. The instances are as follows: 

Few shot data instances:

date, HUFL, HULL, MUFL, MULL, LUFL, LULL, OT 
2016-07-01 00:00:00,5.827000141143799,2.009000062942505,1.5989999771118164,0.4620000123977661,4.203000068664552,1.3400000333786009,30.5310001373291 

2016-07-01 01:00:00,5.692999839782715,2.075999975204468,1.4919999837875366,0.4259999990463257,4.142000198364259,1.371000051498413,27.78700065612793

2016-07-01 00:00:00,5.827000141143799,2.009000062942505,1.5989999771118164,0.4620000123977661,4.203000068664552,1.3400000333786009,30.5310001373291 

2016-07-01 01:00:00,5.692999839782715,2.075999975204468,1.4919999837875366,0.4259999990463257,4.142000198364259,1.371000051498413,27.78700065612793 

2016-07-01 02:00:00,5.1570000648498535,1.741000056266785,1.2790000438690186,0.35499998927116394,3.776999950408936,1.218000054359436,27.78700065612793 

2016-07-01 03:00:00,5.0900001525878915,1.9420000314712524,1.2790000438690186,0.3910000026226044,3.806999921798706,1.2790000438690186,25.04400062561035 

2016-07-01 04:00:00,5.357999801635742,1.9420000314712524,1.4919999837875366,0.4620000123977661,3.868000030517578,1.2790000438690186,21.947999954223643 

2016-07-01 05:00:00,5.625999927520752,2.1429998874664307,1.5279999971389768,0.5329999923706055,4.051000118255615,1.371000051498413,21.173999786376953 

Certainly, here are instances from the dataset that closely resemble the given input pattern:
2016-07-01 01:00:00,5.692999839782715,2.075999975204468,1.4919999837875366,0.4259999990463257,4.142000198364259,1.371000051498413,27.78700065612793 

2016-07-01 02:00:00,5.1570000648498535,1.741000056266785,1.2790000438690186,0.35499998927116394,3.776999950408936,1.218000054359436,27.78700065612793 

2016-07-01 03:00:00,5.0900001525878915,1.9420000314712524,1.2790000438690186,0.3910000026226044,3.806999921798706,1.2790000438690186,25.04400062561035 

2016-07-01 04:00:00,5.357999801635742,1.9420000314712524,1.4919999837875366,0.4620000123977661,3.868000030517578,1.2790000438690186,21.947999954223643 

These instances continue the hourly trend of oil temperature and power load features, maintaining the structure and 

characteristics of the provided dataset.

Please find the anomaly point in the time series data.

Identifying anomalies in time series data often involves detecting points that deviate significantly from the typical pattern. In 

your provided time series data, one way to find potential anomalies is by considering points where the "oil temperature" or 

other relevant features exhibit extreme values compared to the surrounding data. Here are a few general steps to help you 

identify potential anomaly points:

1.Visual Inspection. (1) Plot the time series data for "oil temperature" and other features. (2) Look for points that stand out from 

the general pattern.

2.Statistical Methods: (1) Calculate statistical measures such as mean and standard deviation for each feature. (2) Flag data 

points that fall outside a certain number of standard deviations from the mean as potential anomalies.

Certainly, based on a simple visual inspection of the provided time series data, here are some potential anomaly points where 

the "oil temperature" or other features deviate significantly from the general pattern:

1.Anomaly Point 1: Date/Time: 2016-07-01 04:00:00 Characteristics: The "oil temperature" drops significantly compared 

to the surrounding points.

2.Anomaly Point 2: Date/Time: 2016-07-01 07:00:00 Characteristics: The "oil temperature" increases abruptly, deviating 

from the previous trend.

Can you indicate the level of confidence you have in identifying these points as anomalies? Please provide a value on a scale 

from 0 to 1, where 1 signifies the highest level of confidence. 

I must emphasize that the guesses I provided earlier are purely speculative and based on general patterns observed in 

accelerometer and gyroscope data. Without access to a trained model or specific information about the underlying data 

distribution, the confidence in these guesses is low.

Hallucination !

Refused !

Interpretability !

Truthfulness !

Just show me the results but not methods.

Figure 9: Human interaction with ChatGPT for time series data augmentation and anomaly detection tasks.
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