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ABSTRACT

We introduce LLM4Series, an open-source Python library that standardizes
time series forecasting with Large Language Models (LLMs). Despite the growing
interest in applying LLMs to temporal tasks, the lack of dedicated tooling hinders
systematic experimentation. LLM4Series addresses this gap through a mod-
ular and extensible pipeline encompassing data serialization, structured prompt
construction, and automated evaluation. We validate the framework on three real-
world datasets, comparing it against statistical and deep learning baselines. Re-
sults show that our structured methodology achieves competitive accuracy while
substantially reducing the complexity of LLM-based forecasting. Source code is
available at the [project repository.

Track: Research

1 INTRODUCTION

Time series forecasting (TSF) has numerous real-world application areas, including finance, retail,
healthcare, energy, and disease prevention and control (Andersen et al., [2005; Bose et al., |2017;
Topol, 2019; [Salinas et al., [2020; Wu et al., [2020). While established approaches like ARIMA
(Shumway & Stoffer,|2017;Mondal et al.,2014) and supervised learning (Freitas et al.,2023;Zhang
et al., 2024} Yadav & Thakkar, 2024) have played a key role in this field, recent advances in general-
purpose Large Language Models (LLMs) have demonstrated strong generalization across diverse
domains (Wang et al., [2024; |Gul 2023} |[Bastos et al.,|2025). This progress has motivated the inves-
tigation of LLMs as an alternative paradigm for TSF, leveraging in-context learning and structured
textual representations of temporal (Gruver et al., 2023} |Xue & Salim|[2023)).

While several robust toolkits for time series forecasting are currently available, most of them em-
phasize classical statistical methods (Seabold et al., [2010; Herzen et al., 2022} Middlehurst et al.|
2024]), traditional machine learning approaches (Alexandrov et al., 2020; Loning et al., [2019), or
other time series tasks such as classification and clustering (Faouzi & Janati, 2020; Tavenard et al.,
2020). However, to the best of our knowledge, no widely adopted Python library currently provides
a standardized framework for systematically orchestrating LLMs as forecasting models.

To bridge this gap, we introduce LLM4Series, a Python library specifically designed for time
series forecasting with Large Language Models. The framework provides modular components
for data representation, preprocessing, prompt construction, model interfacing, evaluation, and vi-
sualization within a unified pipeline. Our main contributions are: (i) A modular architecture that
integrates LLM-based forecasting into the Python time series ecosystem; (ii) Built-in prompt en-
gineering utilities enriched with descriptive statistics and seasonal decomposition; (iii) A unified
abstraction layer supporting multiple LLM providers with structured output enforcement; and (iv)
An empirical comparison against statistical, deep learning, and LLM-based baselines across real-
world datasets.


https://github.com/llm4time/llm4series
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Figure 1: Overview of the LLM4Series library. The architecture emphasizes modularity,
reusability, and ease of use, organized into a primary core module for predictive tasks and a vi-
sualization module for interactive plotting.

2 LIBRARY DESIGN AND IMPLEMENTATION

2.1 DATA

Data Representation. A time series is an ordered sequence of observations indexed in time. To
represent this structure, LLM4 Series extends the Pandas ecosystem (McKinney et al.,|2011) by
abstracting its data structures and incorporating time series—specific operations. The library imple-
ments two core classes: UniTimeSeries (extending pandas . Series) for univariate data, and
MultiTimeSeries (extending pandas.DataFrame) for multivariate scenarios. Both inherit
from the abstract TimeSeries base class, which provides essential utilities such as frequency nor-
malization, data splitting, and sliding-window sampling strategies. This design ensures seamless
integration with existing Python data science pipelines while providing specialized structures for
temporal modeling.

Data Input and Format Conversion. For data reading, the library supports common formats
(CSYV, Parquet, JSON, Excel) and direct Dat aF rame ingestion. When specified, the index column
is converted to datet ime and the data is automatically sorted, ensuring the series is in ascending
temporal order. Single-column series are represented as UniTimeSeries, while multiple columns
result in MultiTimeSeries objects. Given evidence that tokenization strategies significantly
impact numerical reasoning performance (Gruver et al.,[2023)), the framework facilitates conversion
of numerical series into textual formats like plain, csv and json. This design, grounded in
recent findings (Fons et al., 2024), allows for a systematic assessment of how data representation
influences forecasting accuracy.

Data Preprocessing and Statistical Analysis. = A common challenge in time series analysis is
the presence of missing data (Pratama et al., 2016). To address this, LLM4Series integrates im-
putation methods directly into the time series objects. Missing values can be handled via diverse
strategies, from simple moving averages and backfilling to linear and spline interpolation. The
availability of these methods within the data structure simplifies experimentation and comparison
between strategies. Beyond imputation, the framework provides built-in statistical utilities for di-
agnostics and context enrichment, including descriptive statistics (mean, median, dispersion, and
quartiles) and STL decomposition to expose trend and seasonal structure (Cleveland et al.| [1990).
Crucially, these extracted features serve as auxiliary context for the Prompt Engineering module,
where they are injected into templates to provide the LLM with a high-level statistical summary and
enhance pattern recognition.

2.2 PROMPT ENGINEERING

A core contribution of LLM4Series is a systematic framework for prompt engineering. Since
Large Language Models operate over textual inputs, forecasting performance depends critically on
how temporal information is serialized and contextualized. Thus, the library builds the prompt using
four explicit components to reduce ambiguity: (i) the forecasting horizon; (ii) the historical series



ICLR 2026 Workshop on Time Series in the Age of Large Models (TSALM)

data (serialized in the selected textual format, e.g., plain or csv); (iii) the descriptive statistics
extracted in the previous step (e.g., trend and mean); and (iv) a specific role definition (e.g., “You
are an expert forecaster”). This structure provides a robust quantitative context, helping the model
focus on data patterns rather than generating hallucinations.

To guarantee reliable automated evaluation, the framework enforces strict output constraints. All
templates instruct the model to generate only numerical predictions enclosed within <out> tags.
This mechanism effectively isolates numerical values from explanatory text, preventing parsing am-
biguities caused by extraneous natural language content and ensuring that the evaluation pipeline
operates on structured, machine-readable outputs.

Finally, the library supports multiple inference strategies, including zero-shot (Kojima et al., |[2022),
Chain-of-Thought (CoT) (Wei et al., 2022) to induce intermediate reasoning, and few-shot learning
(Khot et al., |2022). For the latter, LLM4Series implements flexible sampling policies, such as
front-end, back-end, random, and uniform sliding windows, to optimize how historical examples are
selected. Users may also define custom prompt templates, preserving flexibility without sacrificing
structural consistency. Example prompt templates are provided in Appendix [B]

2.3 UNIFIED INTERFACE FOR LLM PROVIDERS

For forecasting, the library defines a unified Model interface that standardizes interactions with
OpenAl, Azure, and LM Studio. This abstraction provides a consistent interface across providers,
facilitating systematic evaluation of different LLM backends. The system normalizes outputs into a
ModelResponse object that aggregates model completion, extracted values, and execution meta-
data (latency, token usage) for subsequent analysis. To ensure reliability, strict generation rules
enforce output formatting and continuity immediately following the last observation.

2.4 MODEL EVALUATION AND INTERACTIVE VISUALIZATION

Finally, to assess predictive accuracy, the library integrates standard error metrics directly into the
time series objects, including Mean Absolute Error (MAE), Root Mean Square Error (RMSE),
and Symmetric Mean Absolute Percentage Error (SMAPE). The formal definitions of these metrics
are reported in Appendix [C| Complementing this quantitative analysis, the visualization module
leverages P 1ot 1y to generate interactive figures, ranging from statistical bar charts to detailed STL
decomposition plots. Furthermore, the library provides high-level utilities for overlaying multiple
forecasts with ground truth data, facilitating visual error diagnosis and model comparison.

3 EXPERIMENTS

To evaluate the practical effectiveness of LLM4 Series in univariate forecasting scenarios, we con-
ducted a comparative analysis with established Python packages that represent different forecasting
paradigms: statistical models, deep learning, and other LLM-based agents.

Datasets and Protocol. The evaluation uses three datasets: ETTh2 (Zhou et al., [2021) (17,420
hourly oil temperature observations), Electricity (Trindade, 2015)) (26,304 hourly electricity con-
sumption measurements from 321 customers) and Mortalit)ﬂ (2,191 daily death records in Brazil).
Forecasting horizons were set to h = 24 and h = 7 for the hourly and daily datasets, respec-
tively. Regarding context availability, statistical and deep learning methods were trained on the
entire historical data available up to the train-test split. The only exception was Aut oARIMA on
the Electricity dataset, where memory constraints required the reduction of the training period to
the interval from 28-06-2013 to 06-09-2013. Conversely, to simulate realistic context window con-
straints in LLM-based approaches, we restricted the input history to a lookback window of 70 days
for hourly data and 1 year for daily data. Further information regarding dataset details and splitting
is available in Appendix

Baselines and Configuration. We evaluated LLM4Series against four established libraries, se-
lecting specific representative models from each:

'https://dadosabertos.saude.gov.br/dataset/sim
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* Prophet (Taylor & Letham) 2018): Using this library’s native additive regression model,
we enabled daily, weekly, and yearly seasonality to handle non-linear trends and multiple
seasonal components.

* Darts (Herzen et al., |2022): From this library, we selected the TCNModel (Temporal
Convolutional Network). It was trained for 100 epochs using the Adam optimizer (learning
rate 1 x 1073), standard scaling, and an input chunk length of 96.

¢ Sktime (Loning et al., 2019): Within this framework, we utilized the Aut cARIMA esti-
mator. We used the default configuration for parameter optimization, explicitly setting the
seasonal period (sp) to 24 for hourly data and 7 for daily series.

* TimeCopilot (Garza & Rosillo} 2025): An agentic framework for autonomous temporal
reasoning, instantiated with GPT-5. In this configuration, the LLM acts as an orchestrator,
selecting and executing a specialized forecasting model. The agent assigned Prophet to
ETTh2, SeasonalNaive to Electricity, and Aut oETS to the Mortality dataset.

LLM4Series Setup: We used the open-source Qwen3-32B (Team), 2025) model with temperature
0.7 (default) and evaluated four prompt strategies: zero-shot, few-shot, Chain-of-Thought (CoT),
and CoT + few-shot. Table E] reports, for each dataset, the results of the best-performing strategy.
Data serialization was restricted to plain and csv formats, which showed the highest accuracy in
prior work (Fons et al.l |2024). Only textual time-series representations were used, following prior
evidence of their effectiveness (Gruver et al.,[2023). The code example is provided in Appendix [A]

LLM4Series Prophet Darts Sktime TimeCopilot
Dataset SMAPE MAE RMSE | SMAPE MAE RMSE | SMAPE MAE RMSE | SMAPE MAE RMSE | SMAPE MAE RMSE
ETTh2 3.57 115 147 5.78 1.94 2.48 5.06 1.56 1.95 7.25 2.51 3.30 6.48 2.17 2.61
Electricity 7.45 0.07 0.12 44.62 0.34 0.38 7.68 0.07 0.12 6.71 0.06 0.10 7.45 0.07 0.12
Mortality 2.82 120.09 132.95 11.66 54041 556.76 6.18 280.18  300.30 0.78 3390 41.86 0.86 3740  44.87

Table 1: Performance metrics across different forecasting libraries

Results and Discussion. Table[T|details the performance metrics. LLM4Series outperformed all
other baselines on ETTh2, highlighting the robustness of the automated prompt construction frame-
work. On Electricity, it delivered competitive performance close to Darts and TimeCopilot,
although Skt ime obtained the lowest errors. For Mortality, while Skt ime and TimeCopilot
ranked highest, LLM4Series clearly outperformed Prophet and Darts. Qualitative compar-
isons are presented in Figure[3] visualizing the forecasts against ground-truth data.

Crucially, LIM4Series results reflect the best prompt strategy identified via the library’s built-
in optimization tools (full ablation of strategies are provided in Table [5). In contrast, baselines
operated under automated (Sktime, TimeCopilot) or standard regimes. Notably, although
the TimeCopilot agent correctly selected Prophet for ETTh2, it yielded higher errors (6.48
SMAPE) than our standalone implementation (5.78). This illustrates a limitation of fully au-
tonomous agents in fine-tuning low-level hyperparameters compared to specialized frameworks.
While baselines like Darts might improve with exhaustive search, we demonstrate that prompt
engineering alone facilitates highly competitive performance.

4 CONCLUSION AND FUTURE WORK

In this work, we introduced LLM4 Series, a Python library designed to lower the barrier to apply-
ing Large Language Models (LLMs) to time series forecasting. By providing a unified interface,
it streamlines the experimental workflow and enables controlled evaluation of LLM-driven fore-
casting strategies. Beyond an implementation framework, LL.M4Series serves as an experimental
environment for studying prompt-driven model behavior.

Integrated with the Pandas ecosystem, the library makes in-context learning approaches more acces-
sible within the time series analysis landscape. Future work will focus on synthetic data generation
for robustness evaluation, expanded evaluation metrics and data format support, and improved mul-
tivariate forecasting capabilities.
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A USAGE EXAMPLE

The code snippet below demonstrates the complete workflow for forecasting using LLM4Series,
including data loading, model configuration, and visualization.

import llméseries as l4s

ts = l4s.read file("Electricity.csv", index_col="date")
train, test = ts.split(start="2013-06-28", end="2013-09-06", periods=24)
model = 1l4s.LMStudio ("gqwen3-32b")

— Original series
Forecast

prompt = 1l4s.prompt (
ts=train, 1
tsformat="plain",
tstype="textual",
type="cot_few",
sampling="uniform",

examples=3, -1
forecast_horizon=24,
stl=train.stl (freq="h")) 0 5 10 15 20

data = train.to_str(format="plain", type="textual")
response = model.predict (prompt, data, temperature=0.7)

predicted = l1l4s.from str(response.predicted, format="plain")
l4s.lineplot (test, predicted, groups=["Original series", "Forecast"])

metrics = test.metrics (predicted) ["value"]
print (metrics["smape"], metrics["mae"], metrics["rmse"])

B PROMPTS

This section provides illustrative examples of the prompt structures implemented in LLM4Series.
All prompts follow a structured design that combines the forecasting horizon, serialized historical
data, descriptive statistics extracted during preprocessing, and a specific role specification (e.g.,
“You are an expert forecaster””). This composition establishes a quantitative context that steers the
model toward pattern-based reasoning rather than unconstrained text generation.

B.1 SYSTEM PROMPT (EXPERT PERSONA)

The system prompt defines the operational constraints and the technical persona, ensuring the model
acts as a rigorous statistical engine.

System Prompt (Expert Persona)

You are a specialist in statistical modeling and machine learning, with expertise in time series
forecasting.

Constraints:

1. The forecast must start immediately after the last observed timestamp.

2. Provide only predicted values. No prose, explanations, or code.

3. Enclose the output strictly within <out></out > tags.

4. Maintain the input’s exact data representation and grammar. If a header is present in the input, it
MUST be replicated in the output.
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B.2 INFERENCE STRATEGIES

The library supports four primary inference strategies to leverage different LLM capabilities:

1. Zero-Shot (ZS): Prompts the model to generate forecasts using only the structured context de-
rived from the target series.

Zero-Shot Template

Objective: Predict the next {forecast_horizon} values based on the historical series
({input_len} data points).

Statistical Context: {statistics}

Execution Steps:

1. Analyze the series trend and seasonality internally.

2. Generate the forecast for the next { forecast_horizon} steps.

3. Output the result inside <out></out > tags.

Input Data: {input_series}

2. Few-Shot (FS): Extends the prompt with example input—output forecasting pairs to demonstrate
the expected output structure and prediction behavior.

Few-Shot Template

Examples: { forecast_example}
Input Data: {input_series}

3. Chain-of-Thought (CoT): Introduces guided reasoning instructions, encouraging the model to
internally analyze structural characteristics before producing the forecast.

CoT Reasoning Block

Reasoning Instructions:

Before generating the forecast, analyze the historical series step by step, considering:

- Trend: Identify the overall direction (increasing, decreasing, stable) and the trend strength.
- Seasonality: Patterns that repeat at regular intervals (e.g., daily, weekly, monthly).

- Outliers: Possible outliers or abrupt changes.

- Cycles: Not seasonal long-term patterns.

- Noise reduction: Apply a technique to reduce noise when necessary.

- Consistency with the provided descriptive statistics (mean, median, etc.).

- Adjustment for data frequency and contextual events (holidays, promotions, etc.).

4. CoT + Few-Shot: Combines both approaches by providing demonstration examples alongside
explicit reasoning guidance.

Example CoT+FS

Objective: Predict the next 7 values based on the historical series (364 data points).
Statistical Context:

- Mean: 70.1202

- Median: 47.26

- Standard Deviation: 47.772

- Minimum Value: 0.0

- Maximum Value: 243.18

- First Quartile (Q1): 36.8787

- Third Quartile (Q3): 102.9538

- Trend Strength (STL): 0.0244

- Seasonality Strength (STL): 0.8829
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Example CoT+FS

Reasoning Instructions:
Before generating the forecast, analyze the historical series step by step, considering:

- Trend: Identify the overall direction (increasing, decreasing, stable) and the trend strength.
- Seasonality: Patterns that repeat at regular intervals (e.g., daily, weekly, monthly).

- Outliers: Possible outliers or abrupt changes.

- Cycles: Not seasonal long-term patterns.

- Noise reduction: Apply a technique to reduce noise when necessary.

- Consistency with the provided descriptive statistics (mean, median, etc.).

- Adjustment for data frequency and contextual events (holidays, promotions, etc.).

Execution Steps:

1. Analyze the series trend and seasonality internally.
2. Generate the forecast for the next 7 steps.

3. Output the result inside <out></out > tags.

Examples:

- Example 1:

Input (history):

date: 2017-01-01 00:00:00, value: 0. O

date: 2017-01-02 00:00:00, value: 158 .120
date: 2017-01-03 00:00:00, value: 159.430
date: 2017-01-04 00:00:00, value: 38.350
date: 2017-01-05 00:00:00, value: 38 .78 5
date: 2017-01-06 00:00:00, value: 30.550
date: 2017-01-07 00:00:00, value: 52.065

Output (forecast):

<out>

date: 2017-01-08 00:00:00, value: 44.029
date: 2017-01-09 00:00:00, value: 120.860
date: 2017-01-10 00:00:00, value: 107.620
date: 2017-01-11 00:00:00, value: 26 .7 10
date: 2017-01-12 00:00:00, value: 27 .33 5
date: 2017-01-13 00:00:00, value: 33.725
date: 2017-01-14 00:00:00, value: 45.905
</out>

- Example 2: ...
- Example 3: ...

Input Data:

date: 2017-06-25 00:00:00, value: 53.964
date: 2017-06-26 00:00:00, value: 129.065
date: 2017-06-27 00:00:00, value: 153.654
date: 2017-06-28 00:00:00, value: 30.335
date: 2017-06-29 00:00:00, value: 31.725
date: 2017-06-30 00:00:00, value: 49.559
date: 2017-07-01 00:00:00, value: 95.695

C EXPERIMENTS

C.1 DATASET DETAILS AND TRAINING SPLITS

Table 2] details the temporal granularity, target variables, and specific train-test intervals adopted for
Qwen3-32B. For the baseline libraries evaluated in this study, as described in the main paper, we
used the full training set up to the forecasting horizon, with the exception of Aut oARIMA, whose
configuration follows the procedure previously outlined.

10



ICLR 2026 Workshop on Time Series in the Age of Large Models (TSALM)

In contrast, for Qwen3-32B, the limited context window of frontier LLMs requires restricting the
amount of historical data provided at inference time. To address this constraint, we adopt a selection
method based on the Continuous Wavelet Transform (CWT) to choose the most relevant data in-
tervals. This approach allows us to identify periods that contain rich patterns and structural changes
across different scales, which might be missed by simple truncation (Zhang et al., 2025). We stan-
dardized the evaluation windows to 70 days for hourly data and one year for daily data. This setup
ensures that we can compare results fairly across different datasets while staying within token limits
and maintaining consistency with other baseline forecasting libraries.

Dataset #Vars Timestamps Freq. Target Horizon  Training Start  Split (End Train) End Test

ETTh2 7 17420 Hourly oT 24 2016-07-12 06:00  2016-09-20 05:00  2016-09-21 05:00
Electricity 321 26304 Hourly channel 293 24 2013-06-28 07:00  2013-09-06 06:00  2013-09-07 06:00
Mortality 1 2191 Daily value 7 2021-02-23 00:00  2022-02-21 00:00  2022-02-28 00:00

Table 2: Summary of the datasets used in the experiments, including intrinsic time series character-
istics.

C.1.1 CONTEXT WINDOW SELECTION

Continuous Wavelet Transform (CWT)

Frequency

400 600 800

Time

0.0

200 1000

Figure 2: Time-Frequency Scalogram obtained via the Continuous Wavelet Transform.

All wavelet computations are implemented in Python using the PyWavelets library. The follow-
ing code snippet illustrates the computation of wavelet coefficients, energy aggregation, and window
selection:

import numpy as np
import pywt

# Configuration

wavelet = "db4"

sampling period = 7 # Weekly seasonality

scales = np.arange(l, 128)

# Continuous Wavelet Transform

coefficients, frequencies = pywt.cwt(signal, scales, wavelet,
sampling_period)

# Energy computation

energy = np.abs(coefficients) xx 2

energy_per_time = np.sum(energy, axis=0)

# Window selection

window_size = L

window_energy = np.convolve (energy per_ time, np.ones(window_size), mode="
valid")

best_window_start = np.argmax(window_energy)
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C.2 EVALUATION METRICS

We evaluate forecasting performance using four standard error metrics. Let y; represent the observed
series, ¢; the model forecast, and n the length of the evaluation horizon.

1. Mean Absolute Error (MAE)(I): Measures the average absolute deviation between pre-
dicted and observed values, providing a scale-dependent assessment of forecasting accu-
racy (Hyndman & Athanasopoulos| 2018)).

1 & .
MAE =~ " |yr — | (1)
t=1

2. Root Mean Squared Error (RMSE)(2): Quantifies the square root of the mean squared
deviations, penalizing larger errors more heavily due to the quadratic term (Hyndman &
Athanasopoulos}, [ 2018)).

RMSE = 2

Z(yt — 3t)?

3. Symmetric Mean Absolute Percentage Error (SMAPE)(3): Computes a normalized
percentage-based error by scaling absolute deviations relative to the average magnitude
of actual and predicted values, enabling comparison across series with different scales
(Kremovich et al., [2014).

n

100% lye — Uil
SMAPFE = ~ €))
n ; (el + 19:)/2

4. Standard Error of the Mean (SEM)(): Used only for Qwen3-32B to quantify variability
across five independent inference runs. SEM reflects the uncertainty of the reported average
performance (Lee et al., 2015).

S

SEM = 4)

S

C.3 DETAILED HYPERPARAMETERS

Table3|summarizes the configurations for all models used in our comparative study. While Section 3]
provides a high-level overview, here we specify exact parameters to ensure reproducibility.

Library/Model Hyperparameters & Settings

Prophet Seasonality: Daily, Weekly, Yearly; Growth: Linear

Darts (TCN) Epochs: 100; Opt: Adam (1e — 3); Input Chunk: 96; Scaling: Standard
Sktime (AutoARIMA) sp: 24 (hourly), 7 (daily); Auto-search: Enabled

TimeCopilot Engine: GPT-5; Orchestration: Default Agentic Policy

LLM4Series (Qwen3-32B)  Temp: 0.7; Sampling: 5 runs; Format: plain/csv

Table 3: Model configurations and training parameters.
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C.4 INFRASTRUCTURE AND REPRODUCIBILITY

All experiments were conducted on a dedicated local workstation running Ubuntu 24.04.3 LTS (Ker-
nel 6.14.0). For Qwen3-32B, inference was executed via LM Studio with full GPU offloading.

Component Specification

CPU AMD Ryzen 7 8700G with Radeon 780M Graphics (16 threads), 5.177 GHz

Memory 64 GB system RAM

GPU NVIDIA RTX PRO 6000 Blackwell Workstation Edition, 96 GB GDDR6 VRAM,
24,064 CUDA cores

Table 4: Hardware specifications used in the experiments.

ETTh2 Electricity Mortality
Prompt Format  SMAPE MAE RMSE | SMAPE MAE RMSE | SMAPE MAE RMSE

Zero-shot CSV 13994344 4.83£130 526£127 | 7532011 0074000 0.12+£0.00 | 2.82+0.88 120.09+36.02  132.95+38.76

s Plain  12.6742.67 4.20£0.89 4.98%1.02 | 10.09+1.07 0.09£0.01 0.14+001 | 475£2.02 217.20494.15  251.10£110.51
Few-shot CSV 6524179  2.15+0.60 246+0.63 | 7.45+0.00 0.07-£0.00 0.120.00 | 461120 193.66+:49.02  210.68+52.66
€w-sho Plain  5.09+057 1.66+0.20 194024 | 8.95+1.53 0.08+0.01 0.13£0.01 | 4.84+1.29  202.66+52.37  221.12456.09
CoT CSV 11244343 387123 437£137 ‘ 10.05£1.02  0.09+0.01 0.14£0.01 ‘ 5274210 236.86£101.45 260.324113.02

14.20+4.65 0.12£0.04 0.224+0.08 | 4.83+1.66  217.74+77.13  248.23+90.21

CSv 4.66+0.88  1.47£0.29 1.68+0.29 | 10.59+1.83 0.09+0.01 0.15+0.02 | 8.38+1.47  360.71£70.20  385.85+75.30
Plain 3574021  1.15+£0.10 1.47+0.11 | 13.06+1.48 0.114+0.01  0.17+0.01 | 5.51+1.22  229.91+50.18  251.43+52.22

Plain 10.80+2.02  3.66+0.71  4.19£0.67

CoT + Few-shot

Table 5: Performance metrics for experiments on the ETTh2, Electricity, and Mortality datasets
using Qwen3-32B.

Table [5] presents the results, offering several key insights into LLM behavior for forecasting:

1. Complexity requires Reasoning: For the ETTh2 dataset, which exhibits complex non-
linear patterns and high volatility, the hybrid CoT-Few strategy significantly outperformed
simpler approaches. This suggests that for intricate temporal dynamics, the model benefits
from both in-context examples (to grasp the output distribution) and intermediate reasoning
steps (to analyze trend direction).

2. Simplicity favors Zero-Shot: Conversely, on the Mortality dataset, the Zero-Shot strat-
egy achieved the lowest error (SMAPE 2.82). We hypothesize that for short, noisy series
with lower frequency (daily), adding complex reasoning instructions or few-shot examples
might introduce noise or cause the model to overfit to unrepresentative examples in the
prompt, leading to poorer generalization.

3. Impact of Serialization: Consistent with prior literature (Gruver et al.,2023), the plain
text format generally yielded lower errors compared to csv, particularly in the high-
performing CoT-Few configurations. The space-delimited format appears to facilitate better
tokenization of numerical magnitudes for the Qwen tokenizer compared to the density of
comma-separated strings.

Based on these findings, the main results reported in Section [3| utilize the best-performing con-
figuration per dataset: CoT-Few/plain for ETTh2, Few-Shot/csv for Electricity, and
Zero—-Shot /csv for Mortality.

C.4.1 QUALITATIVE FORECAST COMPARISON

To visually assess the quality of the predictions, Figure [3| contrasts the forecasts generated by
LLM4Series against the ground truth and baseline models.

* ETTh2 (Left Panel): The plot highlights the robustness of our framework (red line). While
statistical baselines (e.g., Prophet) struggle to capture the sharp peak at the end of the
window, LLM4Series closely follows the ground truth trajectory, correctly identifying
the inflection point.
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ETTh2 dataset Mortality dataset

Figure 3: Forecasting results for the ETTh2, Electricity, and Mortality datasets. The figure contrasts
the original time series with forecasts produced by LLM4Series, Darts, Prophet, Sktime,
and TimeCopilot.

* Electricity (Center Panel): Qwen3-32B successfully captures the daily seasonality and
the magnitude of the peaks. The alignment with the ground truth is comparable to the
deep learning baseline (Darts), demonstrating that the LLM can effectively parse periodic
structures.

* Mortality (Right Panel): This dataset poses a challenge due to its lack of strong seasonal-
ity. Notably, some baselines (e.g., TimeCopilot/Prophet) “hallucinate” a strong upward or
downward trend that does not exist. LLM4 Series maintains a conservative prediction that
aligns closer to the stable nature of the actual data, resulting in the lower sMAPE observed
in the quantitative analysis.

D LIMITATIONS AND FUTURE WORK

Although LLM4Series establishes a systematic framework for LLM-based forecasting, we ac-
knowledge certain limitations in the current experimental scope which define our immediate
roadmap for future development:

» Experimental Evaluation: Our experiments focused on establishing the validity of the
framework. Consequently, while the library’s Mode 1Response object natively captures
execution metadata, we did not provide an extensive analysis of token consumption and in-
ference latency. Future works will leverage these built-in tools to provide a comprehensive
cost-benefit analysis of different LLM backends.

* Data Contamination: This study did not explicitly investigate the impact of data con-
tamination in common public datasets. However, LLM4Series is designed precisely to
facilitate such investigations; future work will involve integrating synthetic data generation
modules to evaluate model performance on “unseen” temporal dynamics.

* Robustness to Malformed Outputs: While our tag-based extraction mechanism is effec-
tive, it remains sensitive to model hallucinations. Improving the robustness of the output
parser is a priority for upcoming releases.

14



	Introduction
	Library Design and Implementation
	Data
	Prompt Engineering
	Unified Interface for LLM Providers
	Model Evaluation and Interactive Visualization

	Experiments
	Conclusion and Future Work
	Acknowledgments
	Usage Example
	Prompts
	System Prompt (Expert Persona)
	Inference Strategies

	Experiments
	Dataset Details and Training Splits
	Context Window Selection

	Evaluation Metrics
	Detailed Hyperparameters
	Infrastructure and Reproducibility
	Qualitative Forecast Comparison


	Limitations and Future Work

