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Abstract

Time series forecasting (TSF) is gaining significance in various applications. In recent years,
many pre-trained large language models (LLMs) have been proposed, and some of them
have been adapted for use in TSF. When applying LLMs to TSF, existing strategies with
complex adapters and data preceding modules can increase training time. We introduce
StreamTS, a highly streamlined time series forecasting framework built upon LLMs and
decomposition-based learning. First, time series are decomposed into a trend component
and a seasonal component after instance normalization. Then, a pre-trained LLM facilitated
by the proposed BC-Prompt is used for future long-term trend prediction. Concurrently, a
linear model simplifies the fitting of future short-term seasonal term. The predicted trend
and seasonal series are finally added to generate the forecasting results. In our efforts to
achieve zero-shot forecasting, we replace the linear prediction part with a statistical learning
method. Extensive experiments demonstrate that our proposed framework outperforms
many TSF-specific models across various datasets and achieves significant improvements
over LLM-based TSF methods.

Keywords: LLM; time series forecasting; time series decomposition; zero-shot forecasting

1. Introduction
Time series are ubiquitous in today’s data-driven world [1]. Time series forecasting

(TSF), as a task of predicting future variations of time series data, has been widely applied
in various domains, such as energy computation, transportation, economic planning, and
weather forecasting [2]. During the past several decades, TSF solutions have undergone a
progression from traditional statistical methods (e.g., Autoregressive Integrated Moving
Average Model (ARIMA) [3]) and machine learning techniques (e.g., GBRT [4]) to deep
learning-based solutions, e.g., Recurrent Neural Networks [5] and Temporal Convolutional
Networks [6,7]. Deep learning methods have demonstrated significant advantages in
various TSF tasks; however, these methods are usually task-specific, meaning that when
applied to new data or new tasks, they often need to be trained from scratch. Founda-
tion large language models (LLMs) such as GPT-4 [8], LLaMA [9], and others [10] have
demonstrated strong generalization and applicability across a wide range of computer
vision (CV) and natural language processing (NLP) tasks, often by fine-tuning only a small
portion of their architecture. With the remarkable progress of LLMs in the fields of CV and
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NLP, researchers have begun to explore their applications in time series tasks and have
achieved promising results, such as TimesFM [11], One Fits All [12], and AutoTimes [13].
For LLMs designed to handle visual tasks, their ability to process different modalities
(text and images/videos) primarily stems from training on Internet-scale text and image
corpora. However, despite the vast quantities of time series data generated daily (e.g., from
physiological recordings or wearable sensors), only a small portion is publicly available
due to privacy regulations (e.g., HIPAA), and such data is far from sufficient to train an
LLM-based framework from scratch [14]. As a result, LLM-based time series models often
fall short of specialized TSF models (e.g., FiLM [15]) in terms of accuracy and training
efficiency. These challenges highlight the limitations of applying LLMs directly to time
series tasks, particularly in data-scarce or privacy-sensitive domains. How to eliminate the
effort of utilizing LLMs to achieve high accuracy of TSF is worth studying.

At present, TSF methods based on foundation LLMs typically adopt a frozen pre-
trained LLM as the core, supplemented by prompt-based encoding [16] and fine-tuning
of a small set of learnable parameters to achieve semantic alignment of time series data
and to establish the mapping between features and forecasting tasks [12]. However, the
LLM models are all Transformer variants based on self-attention mechanisms and are
greatly dependent on the information provided previously to achieve the next informa-
tion generation [17]. As noted in [18], Transformer methods face challenges in handling
temporal fluctuations and heterogeneity between variables; this profoundly influences the
computation of attention in subsequent analyses. How to enable LLMs to adapt to the
high volatility of temporal variations and heterogeneity among variables remains a key
challenge to address.

We argue that reducing the volatility of time series can effectively improve the predic-
tion accuracy of LLMs, as LLMs possess strong contextual memory and long-term feature
learning capabilities, making them more suitable for capturing overall trends in time series.
Building on this idea, we propose StreamTS, a simple yet effective solution for constructing
an LLM-based time series forecaster through lightweight adaptation. Specifically, we first
decompose time series into simple trend and seasonal components to ease the forecasting
process. Then, the LLM is employed to predict the general variations of the time series
(trend component), while a linear model is used to capture dramatic short-term fluctuations
(seasonal component) [19]. In addition, we design a BC-Prompt by integrating background
knowledge and Chain-of-Thought (CoT) [20], which effectively guides LLMs to achieve
more accurate trend forecasting through simple prompting. In the StreamTS framework,
we keep the pre-trained LLM weights frozen and only train a small linear module, which
greatly reduces the number of trainable parameters. For zero-shot forecasting, the goal is to
enabling the LLM’s ability to generalize across various TSF tasks without any task-specific
fine-tuning. To this end, we explore the feasibility of achieving zero-shot forecasting by
integrating the StreamTS framework with traditional statistical methods. Concretely, we
replace the linear module with ARIMA. With no additional training, the TSF inference
can be performed directly. This design further highlights that our method is well suited
for data-scarce or unknown application scenarios and can effectively address the chal-
lenges faced by LLM-based time series forecasting methods in handling data volatility
and heterogeneity.

Extensive experimental results validate the effectiveness of the proposed method,
demonstrating its superior performance compared with various state-of-the-art deep learn-
ing models for time series forecasting. In particular, it shows notable advantages in few-shot
forecasting tasks, where deep learning methods often struggle. The proposed StreamTS
provides a scalable paradigm that enables LLMs to generalize and acquire task-specific
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competencies beyond those attained in their original pre-training. The main contributions
of this paper are summarized as follows:

(1) We propose a simple and efficient LLM-based time series forecasting model, StreamTS.
Built upon the idea of time series decomposition, the model leverages the reason-
ing capability of LLMs to capture long-term trends while employing a lightweight
linear module to predict seasonal patterns. This design significantly reduces the num-
ber of trainable parameters and achieves outstanding performance across multiple
evaluation metrics.

(2) The proposed BC-Prompt module integrates background knowledge with the Chain-
of-Thought (CoT) approach, guiding LLMs to focus on one step at a time, which
greatly enhances forecasting accuracy.

(3) Our model’s performance consistently reaches the state of the art in mainstream
forecasting tasks, particularly in few-shot scenarios. It even performs well in zero-shot
forecasting. Therefore, our study represents a substantial advancement in uncov-
ering the untapped potential of LLMs for time series analysis and other sequential
data applications.

2. Related Work
2.1. Time Series Forecasting

As the importance of time series forecasting (TSF) increases, various models have
been well developed. This goes back to ARIMA, which uses autoregression to make
predictions that tackle the forecasting problem by transforming the non-stationary process
to stationary through differencing [2]. In addition, some models handle temporal problems
with the help of complex neural networks, such as recurrent neural networks (RNNs) [21],
Multilayer Perceptron (MLP) [22] and Gate Recurrent Unit (GRU) [10,23]. When the self-
attention mechanism was released [24], it was quickly applied to TSF with the emergence
of various models. Representatively, LogTrans [25] uses sparse design to capture local
information and reduce the space complexity theoretically. Autoformer [2] borrows the
ideas of decomposition and auto-correlation from traditional time series analysis methods.
FEDformer [26] uses Fourier-enhanced structure to improve computational efficiency and
gain linear complexity [27]. Recently, LLMs based on Transformer show great potential in
many fields, such as NLP, CV, and audio processing. For TSF, models such as TimesFM [11]
and One Fits All [12] are specially designed. However, they have shortcomings in the
accuracy of timing prediction and still have some room for improvement.

2.2. Decomposition of Time Series

After decades of development, sequence decomposition, as a standard procedure, has
been widely used in TSF tasks. There are currently three main ideas. The additive model
assumes the observed time series (TS) is the sum of components: trend and seasonality.

TS = trend + seasonality (1)

The multiplicative model (e.g., Seasonal-Trend decomposition using Loess (STL) [28])
assumes the observed time series is a product of its components: trend, seasonality,
and residual.

TS = trend ∗ seasonality ∗ residual (2)

Matrix decomposition treats time series as a matrix and factorizes it into low-rank fac-
tors. The TSF models incorporating time series decomposition have achieved good results;
for example, Prophet [29] with trend–seasonality decomposition and N-BEATS [30] with
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basis expansion and DeepGLO [31] with matrix decomposition. Recently, DLinear [32] has
demonstrated exceptional performance by using a decomposition block and a single linear
layer for each trend and seasonal component. With this idea, we apply a decomposition
module to decompose time series into relatively smooth trend terms and fluctuated sea-
sonal terms. We utilize linear modules to forecast future season patterns while leveraging
the robust reasoning abilities of LLMs to analyze trend components.

2.3. Fine-Tuning Methods

Fine-tuning a pre-trained LLM can bring large performance gains in downstream tasks.
However, fully fine-tuning a large model leads to huge resource consumption. Parameter-
efficient fine-tuning (PEFT) is then developed. By training a small set of parameters
and preserving most of the large pre-trained model’s structure, PEFT saves time and
computational resources [12]. The most popular PEFT approaches include Adapter-based
(e.g., Adapter, CoDA), Low-Rank Adaptation (e.g., LoRA), prefix tuning, and prompt
tuning. LoRA uses twin low-rank decomposition matrices to minimize model weights and
reduce the subset of trainable parameters even further. AutoTimes [13] adopts LoRA tuning
to reduce training overhead, while Time-MoE [33] relies on inserting adapter modules
to achieve task-specific adaptation. Prefix-tuning is a lightweight technique designed for
natural language generation tasks. Instead of updating the full set of model parameters,
it introduces a small set of trainable continuous vectors—referred to as prefixes—which
are prepended to the input of each transformer layer. These prefixes serve as task-specific
prompts that steer the model’s behavior, while the pre-trained model weights remain
entirely frozen. Prompt-tuning simplifies prefix-tuning and trains models by injecting
tailored prompts into the input or training data. It improves the reasoning abilities of LLMs,
allowing the model to focus on solving one step at a time, rather than having to consider the
entire problem all at once. In this paper, the proposed StreamTS takes a different approach.
After decomposing the sequence, only the season component requires linear forecasting,
necessitating the fine-tuning of a minimal set of parameters.

3. Method
The task of TSF is to predict a future sequence of length O, given a historical sequence

of length I, denoted as input-I-predict-O [2]. In the long-term forecasting setting, our
objective is to extend the output horizon O as much as possible while keeping the input
horizon I fixed.

Recent advances in attention-based architectures have demonstrated the effectiveness
of self-attention in capturing long-range dependencies in sequential data [24,34]. LLMs
are fundamentally built upon Transformer-style attention, inheriting both the strengths
and the vulnerabilities of attention mechanisms. In a standard attention mechanism, each
token representation is projected into a query vector qi ∈ Rd and a key vector kj ∈ Rd,
where d denotes the feature dimension. The similarity between positions i and j is then
computed as

scoreij =
q⊤

i kj√
d

, αij = softmaxj(scoreij), (3)

which determines the attention weight αij assigned from token i to token j. However,
when directly applied to raw time series, the variance of these dot-product similarities
is often dominated by large-scale fluctuations, leading to unstable and diffuse attention
distributions across tokens [35]. To mitigate this issue, we first decompose the sequence
into trend and seasonal components, thereby reducing cross-scale interference in the
representation space and stabilizing the allocation of attention weights. From an attention
perspective, this step enhances the LLM’s ability to consistently focus on semantically
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relevant temporal patterns. Our empirical analyses (Section 4.6 Model Analysis) further
confirm that decomposition can reduce the impact of extreme fluctuations on attention
distributions, achieveing more interpretable alignment across time steps.

Building on this decomposition, we put the decomposed time series into an LLM
model and a linear module to make full use of the LLM’s inference capability while a few
parameters still need to be trained. The trend prediction of the LLM is further enhanced
with the help of BC-Prompts. Figure 1 shows the overall framework.
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Figure 1. The overall architecture of the StreamTS model. Before decomposing a given time series,
we first encode it with the help of patching and encoding layers. season terms and trend terms are
calculated through linear changes and pre-trained LLMs respectively to obtain corresponding results.
The two parts are aligned and added together. Finally, a linear mapping is run to obtain the predicted
results.
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Figure 1. The overall architecture of the StreamTS model. Before decomposing a given time series,
we first encode it with the help of patching and encoding layers. Season terms and trend terms
are calculated through linear changes and pre-trained LLMs, respectively, to obtain corresponding
results. The two parts are aligned and added together. Finally, a linear mapping is run to obtain the
predicted results.

3.1. Input Preprocessing

A multivariate time series forecasting task can be defined as follows: given a multi-
variate X = {x1, x2, ..., xM}, which contains M univariate series xi = (xi

1, xi
2, ..., xi

L) ∈ R1×L,
the goal is to predict Y = {y1, y2, ..., yM} with yi = (xi

L+1, xi
L+2, ..., xi

L+T) ∈ R1×T . The
forecasting model is optimized to minimize the prediction error over the entire prediction
horizon T.

In our framework, the input sequence X is preprocessed through a reversible instance
normalization operation [16]. Specifically, for each sample and each feature channel xi, we
compute the mean and variance independently based solely on the input sequence, normal-
izing it to have zero mean and unit variance. This instance-wise, feature-wise normalization
design ensures that no statistical information from the prediction horizon or other features
is referenced, thereby strictly preventing data leakage. Such a strategy effectively mitigates
distribution shifts across different time series while maintaining model generalization.

3.2. Decomposition

The goal of sequence decomposition is to extract the underlying trend and temporal
patterns of a time series. Commonly used methods include classical Seasonal-Trend de-
composition using Loess (STL) [28] and empirical mode decomposition (EMD) [36]. In
contrast, we adopt a simple yet effective strategy: the trend component is obtained via a
moving average smoothing, and the residual part is treated as the seasonal component. This
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lightweight approach ensures efficiency and interpretability while effectively capturing the
essential dynamics required for LLM-based forecasting, especially in data-scarce scenarios.
To simplify, let X ∈ RM×L be the preprocessed input, then the specific decomposition is
as follows:

Xt = AvgPool(Pad(X)) (4)

Xs = X − Xt (5)

where Xs, Xt ∈ RM×L denote the seasonal and trend components, respectively. We adopt a
centered moving-average smoothing filter with a window size w, denoted as AvgPool(·).
To ensure that the output length remains consistent with the input, replication padding
is applied, where the boundary values are replicated to pad ⌊w/2⌋ elements at both ends
of the sequence before performing the moving average. In this way, the window size w
directly controls the smoothness of the extracted trend, while the residual Xs captures
higher-frequency seasonal variations.

After this step, we use linear regression to fit the short-term season component and use
pre-trained LLMs to predict long-term trend component. The two parts undergo different
branch processing and are finally added to obtain the prediction result.

3.3. Linear Module

In order to improve performance, we use the direct multi-step strategy to predict
variables to avoid the cumulative error caused by the iterated multi-step prediction [32].
Future forecasts are obtained by weighting historical data. For each univariate of the season
component Xs(i) that comes from the decomposition, we predict the final value by a linear
model; the mathematical expression is:

X̂s(i) = Xs(i)W⊤ (6)

where W ∈ RT×L is the weight vector. This operation is realized by a linear layer along the
temporal axis.

3.4. BC-Prompt

In LLMs tuning, a prompt serves to guide the LLM model in understanding a task and
controlling its output, enabling it to produce the desired behavior and results. A carefully
designed prompt can reduce overfitting and help the model adapt to diverse downstream
applications. Current prompting strategies can be generally categorized based on content
(e.g., zero-shot and few-shot prompting), reasoning modes (e.g., Chain-of-Thought and
Tree-of-Thoughts), and iterative approaches (e.g., retrieval-augmented generation (RAG)
and Reasoning and Acting (ReAct)). For TSF tasks, zero-shot and few-shot prompts often
fail to provide sufficient background information, while RAG and ReAct tend to introduce
excessive temporal details, which may cause LLMs to overfit to noise rather than capturing
the overall trend [37]. To address this issue, we propose the BC-Prompt template, which
innovatively integrates domain-specific background knowledge of time series forecasting
with the Chain-of-Thought (CoT) [38] reasoning paradigm. BC-Prompt consists of two core
components: background knowledge and CoT reasoning, jointly guiding LLMs toward
more accurate trend-oriented forecasting.

The background knowledge section includes three elements: (1) dataset description,
which provides general information about the data source, collection method, and context;
(2) time series introduction, which summarizes basic statistics of the input sequence such as
the maximum, minimum, and median values, as well as the overall upward or downward
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trend. (3) task information, which defines the forecasting task, specifying the input and
output lengths.

In the CoT reasoning part, we adopt a zero-shot CoT strategy and augment it with an
explicit instruction to first infer the overall trend before engaging in numeric prediction.
Specifically, the prompt begins by stating the goal of trend prediction, followed by a
reasoning step where normalized values are computed. We then append the trigger phrase
“Let’s think step by step.” This design encourages the LLM to form a coherent reasoning
chain, starting from high-level trend understanding and gradually progressing toward
fine-grained numerical estimation.

As shown in Figure 2a, we construct the prompts using a structured, JSON-like
template. The dataset description is automatically selected according to the specific dataset,
and the task information is automatically determined by the lengths of the input and output
sequences. The time series introduction is derived from the statistical characteristics of
the sequence. In particular, given a time series x = (x1, x2, ..., xL), its monotonic trend is
simply determined by computing the Mann–Kendall statistic S (Equations (7) and (8)) and
checking whether the S is positive or negative, corresponding to an upward or downward
trend, respectively. This is easier than calculating linear regression slope and does not
assume a normal distribution of data.

S =
L−1

∑
i=1

L

∑
j=i+1

sgn(xj − xi) (7)

sgn(xj − xi) =





+1 if xj > xi

0 if xj = xi

−1 if xj < xi

(8)

Once the template is filled out, the complete BC-prompt as shown in Figure 2b is
provided to the LLM for inference. This automated pipeline ensures both the reproducibility
and the flexibility of our approach across diverse datasets.
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3.5. LLM Forecasting

The pre-trained LLM is in charge of trend prediction. It takes a combination of input
from the BC-prompt and the decomposed trend sequence.

This textual BC-prompt needs to be converted into tokens and then embedded into
vectors before it can be combined with the numerical sequence. For BC-prompt token Xp:

Xpe = Embed(Xp) (9)

where Xp ∈ RP×D, P is the length of prompt tokens and D is consistent with the dimension
of the LLM. Embed(·) is the embedding operation.

Since LLMs are language-based models, using LLMs to perform a TSF task requires
the process of converting the time series data into numerical language sequences. We adopt
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Patch Reprogramming [16] to align multivariate time series with the modality of natural
language. Specifically, the operation of Patch Reprogramming PatchRep(·) first transforms
the input time series Xt ∈ RI into a patch-level representation through a learnable patch
embedding module. These patch embeddings are then aligned with a set of learnable
text prototypes via a multi-head attention mechanism to facilitate modality alignment
between numerical and textual inputs. Finally, the aligned representations are projected
through a linear layer into the token space of the LLM. This process reformats structured
time series into pseudo-linguistic embeddings, allowing compatibility with frozen LLMs
without updating their internal weights.

Xte = PatchRep(Xt) (10)

where Xte ∈ RI×D, I is the historical time series length and D is the required dimension
of the LLM. The embedded prompts concatenating the decomposed trend terms are the
input of the parameters-frozen LLMs, which can greatly improve the accuracy and reduce
computational consumption.

The embedding trend series Xte with its embedding prompt Xp is processed to forecast
the future trend by the following equations:

X̂id = LLM(Concat(Xpe, Xte)) (11)

where X̂id denotes the predicted future trend of the input time series and concat(·)
is concatenation.

Although many LLMs have only the decoder part, the autoregressive approach is
utilized to generate the subsequent steps, and the generated current prediction can be
used as a reference for the next prediction. We use the known trend values to find the
future trend values; the underlying logic is to use the known information to calculate the
maximum conditional probability to find the next embeddings; these embeddings will be
added to the previously known value to find the next value.

After reaching the prediction length, we will adopt Projection(·): ROD− > RO to
independently projects embeddings to numerical data.

X̂t = Projection(X̂id) (12)

The linear prediction and the LLMs prediction work in parallel. Corresponding to the
time series decomposition, the predicted season output X̂s and the trend output X̂t obtained
by the two parallel operations will be added together to obtain the final output Ŷ = X̂s + X̂t.
Afterward, the reverse instance normalization is applied to restore the forecasted sequence
to its original scale using the same statistical parameters (mean and variance) computed
from the input sequence. To ensure numerical stability during both normalization and
inverse transformation, a small constant ε = 10−5 is added to the denominator when
computing the standard deviation.

4. Experiments and Result Analysis
4.1. Experimental Settings

To validate the effectiveness of this framework, we conducted comprehensive experi-
ments on six different datasets including mechanical systems (ETT), energy (Electricity),
traffic (Traffic), Weather (Weather), economics (Exchange), and disease (ILI). These datasets
are publicly available and have been extensively utilized for TSF [2]. The datasets were



Electronics 2025, 14, 4088 9 of 23

partitioned into training, validation, and test sets in a 7:1:2 ratio, following the chronological
order of the time series.

In the implementation of our StreamTS, we adopted deepseek-math-7b-rl as the trend
backbone and a fully connected layer as the linear model for season series prediction. The
deepseek-math-7b-rl is a relatively small LLM model and is used to serve as the base model
for the Top4 team at the Artificial Intelligence Mathematical Olympiad (AIMO).

We compared StreamTS with the latest models for TSF, including the linear-based
model DLinear [32], the CNN-based models TimesNet [39] and MICN [40], the Transformer-
based models PatchTST [27], Autoformer [2], and Nonstationary [41], and frequency-
based model FiLM [15]. To ensure a fair comparison, we adhered to the experimental
configurations across all models with a unified training pipeline. All deep learning models
were implemented in PyTorch 2.2.2 and trained on NVIDIA A100 80 GB. The Adam
optimizer was used with decay rates β = (9 × 10−1, 9.99 × 10−1), and initial learning
rates were selected from {1 × 10−4, 5 × 10−4}. We adopted a cosine annealing learning
rate schedule with Tmax = 2 × 101 and ηmin = 1 × 10−8. Batch size was set to 16. In our
model, the patch size of Patch Reprogramming was set to 16, and the window size for
decomposition was fixed at 25, following the setting in Autoformer to ensure fairness in
experimental comparisons.

The experiments were designed from six perspectives: (1) full-shot forecasting, as-
sessing the performance of the models in predicting different time lengths when using the
entire training set; (2) few-shot forecasting, verifying the model’s performance using 10% of
the training set; (3) zero-shot forecasting, demonstrating the potentials of StreamTS in TSF
without training any parameters; (4) comparisons with LLM time series models, analyzing
its time efficiency compared to an advanced LLMs-based time series forecasting model;
(5) model analysis, analyzing the attention mechanism of LLM Underlying Operations,
assessing effects of time series decomposition; (6) parametric analysis, exploring the impact
of input length. Each experiment was repeated twice on the test sets to ensure the accuracy
of experimental results. MAE and MSE were used as the evaluation metrics. A lower
MAE/MSE indicates better performance of the model.

4.2. Full-Shot Forecasting

All of the models take the input time series length L = 512 and the prediction length
T ∈ {24, 36, 48, 60} for the ILI dataset and T ∈ {96, 192, 336, 720} for other datasets.

The experimental results are presented in Table 1. Overall, StreamTS achieves the
best aggregate performance across the six datasets, winning 34 out of 50 comparative
evaluations. In terms of average MAE/MSE, our model ranks first or second on most
datasets, except for the Electricity dataset. Specifically, among the Transformer-based
models, patchTST achieves SOTA performance in TSF, while our model’s average MSE
across six datasets is lower than it by 14.1% (0.4465 → 0.3837). Similarly, compared to
the linear-based model DLinear and CNN-based model TimesNet, our model achieves a
reduction of 12.2% (0.4371 → 0.3837) and 27.9% (0.5325 → 0.3837), respectively, on the
average MSE. FiLM beats other models by eight times.

On the ILI and Exchange datasets, where the temporal dynamics are highly volatile,
our current sliding-average decomposition with a fixed window size struggles to effectively
capture the periodic patterns, leading to weaker forecasting performance. FiLM adopts
a frequency-domain perspective and incorporates denoising strategies, which allow it to
better extract essential temporal patterns and achieve more robust long-term forecasts under
such challenging conditions. Inspired by this, exploring frequency-domain decomposition
as an alternative or complementary approach represents a promising direction for our
future work. In Figure 3, we visualize the full-shot forecasting results by StreamTS on four
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datasets with different data characteristics. The visualizations reveal that the predicted
values closely match the ground truth, suggesting high accuracy across diverse scenarios.

Table 1. Full-shot forecasting task. We set the input length L = 512 and the prediction length
T ∈ {24, 36, 48, 60} for ILI and T ∈ {96, 192, 336, 720} for others. Bold: best, underlined: second best.

Methods
StreamTS DLinear PatchTST Autoformer Nonstationary FiLM MICN TimesNet

MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

ET
Th

1

96 0.054 0.181 0.063 0.190 0.058 0.187 0.129 0.278 0.081 0.219 0.058 0.189 0.065 0.200 0.086 0.226
192 0.070 0.210 0.084 0.223 0.076 0.218 0.095 0.243 0.089 0.235 0.076 0.217 0.116 0.268 0.100 0.247
336 0.081 0.227 0.097 0.246 0.077 0.222 0.099 0.244 0.080 0.226 0.085 0.234 0.112 0.266 0.093 0.241
720 0.082 0.229 0.190 0.360 0.086 0.236 0.185 0.336 0.095 0.245 0.091 0.239 0.162 0.326 0.101 0.253
Avg 0.072 0.212 0.109 0.255 0.074 0.216 0.127 0.275 0.086 0.231 0.077 0.220 0.113 0.265 0.095 0.241

W
ea

th
er

96 0.397 0.443 0.424 0.451 0.503 0.518 0.729 0.661 0.47 0.491 0.538 0.523 0.57 0.531 0.555 0.53
192 0.478 0.495 0.537 0.511 0.514 0.521 0.807 0.682 0.581 0.553 0.616 0.569 0.692 0.592 0.776 0.627
336 0.562 0.544 0.709 0.586 0.649 0.594 0.819 0.69 0.657 0.588 0.717 0.617 0.732 0.604 0.85 0.669
720 0.806 0.657 0.918 0.68 0.861 0.683 1.157 0.838 0.933 0.706 0.994 0.729 1.000 0.708 1.143 0.669
Avg 0.561 0.535 0.647 0.557 0.632 0.579 0.878 0.718 0.66 0.585 0.716 0.609 0.748 0.609 0.831 0.623

El
ec

tr
ic

it
y 96 0.198 0.309 0.202 0.3150 0.295 0.39 0.408 0.459 0.341 0.426 0.201 0.3145 0.203 0.319 0.246 0.355

192 0.229 0.330 0.235 0.338 0.323 0.412 0.402 0.464 0.347 0.430 0.229 0.330 0.231 0.340 0.265 0.358
336 0.269 0.3617 0.269 0.365 0.342 0.430 0.454 0.487 0.336 0.426 0.2670 0.3622 0.2669 0.371 0.302 0.394
720 0.316 0.412 0.304 0.407 0.417 0.482 0.421 0.489 0.400 0.472 0.320 0.418 0.307 0.413 0.751 0.645
Avg 0.256 0.357 0.2524 0.3561 0.344 0.429 0.421 0.475 0.356 0.438 0.254 0.3562 0.2519 0.361 0.391 0.438

Tr
af

fic

96 0.119 0.194 0.118 0.193 0.140 0.232 0.315 0.408 0.223 0.335 0.131 0.200 0.189 0.307 0.135 0.214
192 0.121 0.195 0.121 0.197 0.14 0.232 0.307 0.405 0.167 0.268 0.129 0.204 0.206 0.328 0.146 0.321
336 0.120 0.200 0.130 0.218 0.140 0.234 0.269 0.378 0.180 0.284 0.134 0.222 0.237 0.362 0.147 0.229
720 0.136 0.218 0.148 0.240 0.156 0.254 0.220 0.332 0.169 0.271 0.157 0.255 0.262 0.29 0.157 0.242
Avg 0.124 0.202 0.129 0.212 0.144 0.238 0.278 0.381 0.185 0.289 0.138 0.220 0.224 0.322 0.146 0.252

IL
I

24 0.690 0.587 0.712 0.65 0.688 0.586 0.963 0.855 1.185 0.898 0.643 0.625 0.888 0.788 0.730 0.623
36 0.758 0.675 0.799 0.727 0.646 0.587 0.943 0.849 1.680 1.107 0.642 0.579 0.878 0.788 0.741 0.646
48 0.669 0.630 0.819 0.765 0.775 0.737 1.107 0.932 1.225 0.919 0.715 0.695 0.975 0.855 0.757 0.669
60 0.959 0.850 0.815 0.773 1.123 0.885 1.247 0.992 1.360 0.98 0.814 0.779 1.091 0.917 0.886 0.797

Avg 0.769 0.686 0.786 0.729 0.808 0.699 1.065 0.907 1.362 0.976 0.704 0.669 0.958 0.837 0.779 0.684

Ex
ch

an
ge

96 0.121 0.262 0.118 0.259 0.137 0.275 0.619 0.569 0.367 0.480 0.112 0.249 0.113 0.264 0.265 0.412
192 0.230 0.374 0.235 0.377 0.258 0.389 0.847 0.706 0.736 0.680 0.249 0.369 0.247 0.407 0.353 0.475
336 0.452 0.513 0.349 0.479 0.480 0.550 0.720 0.684 0.614 0.626 0.474 0.529 0.843 0.691 0.824 0.736
720 1.234 0.889 2.097 1.176 1.123 0.833 1.357 0.963 1.516 1.003 1.594 0.955 2.842 1.375 1.753 0.989
Avg 0.520 0.513 0.699 0.573 0.501 0.512 0.886 0.730 0.808 0.697 0.607 0.526 1.011 0.684 0.799 0.653

1st Count 34 8 8 0 0 8 2 0
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Figure 3. Full-shot forecasting cases from StreamTS on different datasets under the input-512-predict-
96 settings. Blue lines are the ground truths and orange lines are the model predictions.
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4.3. Few-Shot Forecasting

Compared with full-shot forecasting, few-shot forecasting allows us to verify the per-
formance of models trained on a very small amount of data. Using 10% of the training data,
the ILI dataset cannot be used because its series length is too short to constitute a complete
test case after division by 10. The same is true for the Exchange dataset with a prediction
step of 720. We show the few-shot forecasting results of five public datasets in Table 2.
StreamTS outperforms other models 28 times out of 50 evaluations. On the Exchange
dataset, our model achieves 5% (0.360 → 0.342) MSE reduction compared with the second
best model PatchTST. On the Weather dataset, our model gains 7.8% (0.642 → 0.592)
average MSE reduction compared with the second best DLinear. On the Traffic dataset, our
model also surpasses other models, and shows greater long-term forecasting capacity.

In Figure 4, we demonstrate the forecasting results of four models on the ETTh1
dataset, which shows only the 48 steps of the input and the full steps of prediction. From
the figure, it is clear that the FiLM can well capture the periodicity in the time series, but it
cannot follow the overall downward trend of the data, and it is too smooth to capture local
variations. In contrast, the predictive output of PatchTST fluctuates drastically, exhibiting
pronounced ups and downs. The Nonstationary curves show minimal change and resemble
a straight line. Our model, however, demonstrates a better fit in the predictive component.

Table 2. Few-shot forecasting task learning with only 10% of the training data. We set the input length
L = 512 and the prediction length T ∈ {96, 192, 336, 720} for all the datasets. Bold: best, underlined:
second best.

Methods
StreamTS DLinear PatchTST Autoformer Nonstationary FiLM MICN TimesNet

MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

ET
Th

1

96 0.063 0.201 0.0820 0.217 0.066 0.202 0.237 0.375 0.710 0.214 0.077 0.222 0.073 0.208 0.090 0.240
192 0.092 0.236 0.116 0.263 0.086 0.228 0.678 0.683 0.092 0.239 0.095 0.250 0.140 0.290 0.085 0.237
336 0.114 0.268 0.183 0.342 0.120 0.275 1.812 1.202 0.091 0.230 0.090 0.242 0.260 0.420 0.081 0.227
720 0.144 0.304 0.233 0.388 0.124 0.281 0.297 0.449 0.137 0.300 0.110 0.265 0.533 0.596 0.200 0.368
Avg 0.103 0.252 0.154 0.302 0.099 0.246 0.756 0.677 0.257 0.246 0.093 0.245 0.252 0.379 0.114 0.268

W
ea

th
er

96 0.374 0.440 0.378 0.442 0.557 0.567 0.874 0.718 0.505 0.517 0.503 0.518 0.454 0.487 0.682 0.598
192 0.518 0.530 0.548 0.537 0.663 0.599 1.030 0.779 0.649 0.605 0.641 0.597 0.568 0.552 0.865 0.681
336 0.615 0.586 0.629 0.581 0.791 0.668 1.045 0.788 0.830 0.688 0.806 0.677 0.848 0.674 1.176 0.822
720 0.859 0.708 1.015 0.759 1.473 0.927 1.015 0.771 1.084 0.795 1.405 0.894 1.976 1.061 2.262 1.208
Avg 0.592 0.566 0.642 0.580 0.871 0.690 0.991 0.762 0.767 0.651 0.839 0.671 0.961 0.693 1.246 0.827

El
ec

tr
ic

it
y 96 0.281 0.386 0.273 0.382 0.772 0.673 0.525 0.551 0.485 0.520 0.252 0.358 0.299 0.406 0.270 0.377

192 0.316 0.410 0.310 0.408 1.499 0.908 0.599 0.587 0.555 0.556 0.300 0.397 0.320 0.426 0.324 0.418
336 0.342 0.430 0.347 0.439 1.072 0.790 0.660 0.602 0.499 0.532 0.358 0.444 0.347 0.447 0.377 0.461
720 0.583 0.583 0.624 0.615 1.860 1.056 0.768 0.672 0.608 0.602 0.502 0.541 0.756 0.691 0.448 0.511
Avg 0.380 0.452 0.389 0.461 1.301 0.857 0.638 0.603 0.537 0.553 0.353 0.435 0.430 0.493 0.355 0.442

Tr
af

fic

96 0.154 0.257 0.330 0.420 0.231 0.338 0.469 0.545 0.543 0.595 0.186 0.290 0.292 0.398 0.271 0.362
192 0.164 0.267 0.334 0.423 0.240 0.345 0.471 0.538 0.593 0.609 0.177 0.279 0.294 0.392 0.281 0.370
336 0.222 0.331 0.345 0.431 0.246 0.354 0.471 0.529 0.709 0.639 0.258 0.364 0.313 0.404 0.278 0.376
720 0.344 0.426 0.438 0.488 0.343 0.430 0.482 0.54 0.960 0.781 0.361 0.435 0.520 0.535 0.378 0.454
Avg 0.221 0.320 0.362 0.441 0.265 0.430 0.473 0.538 0.701 0.656 0.246 0.342 0.355 0.432 0.302 0.391

Ex
ch

an
ge

96 0.185 0.352 1.075 0.810 0.217 0.390 0.386 0.515 0.232 0.409 0.338 0.481 10.87 2.963 0.194 0.360
192 0.317 0.457 1.681 1.036 0.345 0.486 0.625 0.592 0.361 0.515 0.456 0.561 12.51 2.853 0.367 0.518
336 0.523 0.574 4.343 1.769 0.519 0.563 0.63 0.672 0.486 0.582 0.697 0.667 42.60 5.555 0.566 0.641
720 – – – – – – – – – – – – – – – –
Avg 0.342 0.461 2.366 1.205 0.360 0.480 0.547 0.593 0.360 0.502 0.497 0.570 21.99 3.790 0.376 0.506

1st Count 28 1 6 0 0 8 0 5
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Figure 4. Few-shot forecasting cases for different models on the ETTh1 dataset under the input-512-
predict-96 settings.

4.4. Zero-Shot Forecasting

Zero-shot forecasting refers to the task of applying a forecaster trained on a source
dataset directly to an unseen target dataset, without any additional training or fine-
tuning [13]. Recent research on LLM-based TSF have to some extent explored the potential
of LLMs as effective zero-shot reasoners. They often evaluate the zero-shot forecasting
ability in transfer settings where the source and target datasets share similar temporal or
domain characteristics, e.g., Time-LLM [16] was trained on ETTh1 and tested on ETTh2.
Such a setting, involving only a minor shift in data distribution, embeds implicit do-
main knowledge and thus offers limited insight into the true generalization capabilities of
these models.

To address this limitation, we propose a more rigorous and practical setting of zero-
shot time series forecasting by directly leveraging pre-trained LLMs without any task-
specific training. Our approach relies purely on the pretraining knowledge embedded in
LLMs and does not involve gradient-based learning on time series data. This design is
particularly valuable in real-world scenarios where access to reliable, relevant, and well-
structured domain-specific data is limited. Building on this idea, we further introduce
a hybrid method, LLM-ARIMA, for zero-shot time series prediction. As illustrated in
Figure 1, the overall architecture remains unchanged; we only replace the Linear module
with the traditional statistical method ARIMA, while all other components—including the
Instance Norm, Series Decomp, BC-Prompt, LLM, Out Projection, and Reverse Instance
Norm—are kept intact. LLM-ARIMA can leverage the language understanding capabilities
of LLMs with the inductive bias of classical statistical models. To ensure full automation
and maintain the inference-only nature of the pipeline, we apply an off-the-shelf statistical
selection process to automatically determine the optimal ARIMA parameters (p, d, q) based
on the Akaike Information Criterion (AIC) [3]. Without requiring any manual configuration
or downstream fine-tuning, any trainable parameters are avoided. Our method pushes the
boundary of zero-shot forecasting and explores the intersection of foundation models and
traditional time series analysis.

To validate the feasibility of our proposed method, we conduct a series of experiments
on widely recognized benchmark datasets in the field of TSF. Specifically, we select ETTh1,
Electricity, and Traffic, which represent diverse temporal patterns and complexity levels, to
ensure comprehensive evaluation across different real-world scenarios. For each dataset,
we adopt a consistent evaluation protocol: the last 100 time steps are used as historical input,
and the model is required to forecast the subsequent 20 steps (short horizons) and 50 steps
(long horizons). This setting enables a fair comparison across models and highlights the
robustness of our zero-shot framework under various data conditions.
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Our method is compared against several strong baselines. First, we include GPT4S [1],
an LLM-based method that applies prompt engineering for zero-shot forecasting. Second,
we include classical time series forecasting models, ARIMA and Prophet. These compar-
isons provide a comprehensive understanding of how our LLM-based approach performs
across traditional, neural, and hybrid paradigms under truly zero-shot conditions.

Table 3 shows the performance of each model for both short and long horizon predic-
tion across various datasets. The results demonstrate that traditional statistical learning
methods, when combined with pre-trained LLMs, can still achieve competitive results. In
Figure 5, we present a visualization of the LLM_Arima predictions (i.e., LLM equipped
with ARIMA), illustrating this synergy. These findings highlight the feasibility of applying
LLMs in zero-shot time series forecasting scenarios.

Table 3. Comparison of zero-shot forecasting performance across different models and datasets.
Bold: best.

Method LLM_ARIMA GPT4S ARIMA Prophet

Metric MSE MAE MSE MAE MSE MAE MSE MAE

ET
Th

1 Pred-20 0.0325 0.1539 0.0434 0.1998 0.1029 0.3015 0.0385 0.1656

Pred-50 0.0414 0.1714 0.0593 0.1883 0.0577 0.1987 0.0874 0.1987

AVG 0.0370 0.1627 0.0514 0.1941 0.0803 0.2501 0.0630 0.1822

El
ec

tr
ic

it
y Pred-20 0.0159 0.1053 0.0621 0.2115 0.0678 0.2039 0.0725 0.2542

Pred-50 0.0499 0.1851 0.1636 0.3874 0.1453 0.3394 3.5980 1.6536

AVG 0.0329 0.1452 0.1129 0.2995 0.1066 0.2717 1.8353 0.9539

Tr
af

fic

Pred-20 0.0090 0.0781 0.0674 0.2211 0.0099 0.0941 0.2047 0.4094

Pred-50 0.0145 0.0916 0.0985 0.2751 0.0122 0.0916 0.2561 0.4074

AVG 0.0118 0.0849 0.0830 0.2481 0.0111 0.0929 0.2304 0.4084

(a) ETTh1 (b) Electricity (c) Traffic

Figure 5. The visualization of zero-shot forecasting results on different datasets under input-100-
predict-20 settings; blue lines are the ground truths and orange lines are the model predictions.

4.5. Comparisons with LLM-Based Time Series Forecasting

Effect of LLM Variants. To assess whether the strong performance of the proposed
StreamTS framework stems primarily from the choice of the underlying LLM, we con-
ducted experiments using different pre-trained LLMs, paired with the same input and
output modules. The compared models include DeepSeek-Math-7B-RL (the base LLM in
our framework), DeepSeek-Math-7B-Instruct (a variant from the DeepSeek-Math family de-
signed for broader knowledge coverage; we also replaced the base model in our framework
with this variant), and Qwen2-0.5B-Instruct (a lightweight model from the Qwen2 family).
Since the real-world changes we want to predict are drastically changing, the prediction
can only be verified on datasets with irregular changes. For more difficult predicting tasks
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with irregular changes, we chose Exchange, a dataset that collects daily exchange rates for
8 countries from 1990 to 2016. These LLMs with a standard input–output module make
predictions of 96, 192, 336, and 720 with an input length 512. The results are presented
in Table 4, where Deepseek-rl refers to DeepSeek-Math-7B-RL, Deepseek-instruct corre-
sponds to DeepSeek-Math-7B-Instruct, and Qwen2-instruct denotes Qwen2-0.5B-Instruct.
StreamTS (Instruct) represents our proposed framework with DeepSeek-Math-7B-Instruct
as the base LLM.

The performances of DeepSeek-Math-7B-RL and DeepSeek-Math-7B-Instruct are
nearly identical, whether they are used as standalone LLM predictors or as the back-
bone within our framework. In contrast, Qwen2-0.5B-Instruct has a significantly different
architecture from the DeepSeek-Math family. Nevertheless, all three LLM-only models
are consistently outperformed by the full StreamTS framework. Figure 6 shows that both
DeepSeek and Qwen models have a large deviation from the true value in the second
half of the prediction. We conclude that just using a pre-trained LLM makes it difficult to
make a good prediction for TSF tasks. Complex time series are often composed of multiple
sub-sequences, and it is difficult for an LLM to make predictions of such complex sequences.
For this reason, decomposing the time series into more smooth sequences will reduce the
prediction difficulty of the LLM.

The consistent results between the math-focused model DeepSeek-Math-7B-RL and
the more general-purpose DeepSeek-Math-7B-Instruct can be attributed to our use of Patch
Reprogramming in the encoding stage, which maps time series data into natural language
representations. As a result, the mathematical reasoning capabilities of DeepSeek-Math-7B-
RL are not fully utilized in this context.

Table 4. Comparison of predictions with different LLM models. Bold: best.

Methods
Deepseek-rl Deepseek-Instruct Qwen2-Instruct StreamTS (Instruct) StreamTS

MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

Ex
ch

an
ge

96 0.7372 0.6211 0.7374 0.6213 0.1313 0.2802 0.1214 0.2622 0.1214 0.2622
192 0.9133 0.7091 0.9133 0.7091 0.4312 0.4982 0.2593 0.3841 0.2593 0.3841
336 1.4181 0.9170 1.4183 0.9171 0.8370 0.7081 0.4650 0.5263 0.4650 0.5263
720 1.3181 0.8831 1.3176 0.8834 1.7020 0.7831 1.2341 0.8802 1.2341 0.8802
Avg 1.0971 0.7831 1.0974 0.7833 0.7761 0.6261 0.5202 0.5132 0.5202 0.5132
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Figure 6. The visualization of different LLMs’ forecasting results on exchange_rate datasets under input-
512-predict-192 settings; blue lines are the ground truths and orange lines are the model predictions.

LLM-based TSF models. We compared StreamTS with some of the leading LLM-based
TSF models: TIME-LLM [16], AutoTimes [13], One Fits All [12]. TIME-LLM stands out as a
prominent example of these mainstream temporal LLMs. It does not need to fine-tune any
of the layers in the LLM but introduces two learnable modules of Patch Reprogramming
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and Output Projection for the input and output processing. AutoTimes uses the LLM as an
autoregressive time series predictor to allow arbitrary-length predictions with long-enough
inputs and introduces LLM-embedded textual timestamps to enhance forecasting. One Fits
All has a simple structure; however, it requires fine-tuning of the positional embeddings
and layer normalization layers in the pre-trained language or image model.

For fair comparisons, TIME-LLM, AutoTimes, and One Fits All were also implemented
using the Deepseek-math-7b-rl baseline LLM model. Table 5 shows the prediction per-
formance of all the models. It clearly indicates that our StreamTS model achieves more
accurate predictions on the ETTh1, Exchange, and Traffic datasets for various forecasting
tasks. One Fits All is sometimes even worse than an LLM alone (e.g., on the Exchange
dataset). This may be caused by the fine-tuning LLM layers with insufficient data. Au-
toTimes is unable to predict the output length 720 with the input length 512 due to its
autoregressive model design, leaving the corresponding lines blank in Table 5. TIME-
LLM performs much better than AutoTimes and One Fits All but consistently worse than
our model.

Table 5. Comparison of performance with the mainstream LLM-based TSF models. We set the input
length L = 512. Bold: best.

Methods
AutoTimes One Fits All TIME-LLM StreamTS

MSE MAE MSE MAE MSE MAE MSE MAE

ET
Th

1

96 0.083 0.227 0.099 0.246 0.081 0.223 0.054 0.181
192 0.104 0.256 0.098 0.249 0.082 0.227 0.070 0.210
336 0.101 0.254 0.127 0.282 0.116 0.268 0.081 0.227
720 – – 0.130 0.287 0.106 0.259 0.082 0.229
Avg 0.096 0.246 0.114 0.266 0.096 0.244 0.072 0.212

Ex
ch

an
ge

96 0.330 0.468 0.313 0.422 0.177 0.326 0.121 0.262
192 0.597 0.622 3.128 1.354 0.374 0.450 0.259 0.384
336 0.662 0.662 2.283 1.226 0.590 0.616 0.465 0.526
720 – – 3.706 1.462 1.902 1.094 1.234 0.880
Avg 0.530 0.584 2.358 1.116 0.761 0.622 0.520 0.513

Tr
af

fic

96 0.254 0.349 0.172 0.254 0.151 0.238 0.119 0.194
192 0.258 0.349 0.172 0.254 0.144 0.226 0.121 0.195
336 0.251 0.345 5.268 1.707 0.147 0.230 0.120 0.200
720 – – 0.866 0.530 0.155 0.241 0.136 0.218
Avg 0.254 0.348 1.625 0.693 0.149 0.234 0.124 0.202

The number of model parameters and the training speed (seconds per iteration, s/iter)
are shown in Table 6. Since the LLM-based model takes up a large number of param-
eters, the total number of parameters in each model does not vary much. One Fits All
and AutoTimes does not change the original model much and does not add too many
modules, so the training speed is relatively fast. Compared to TIME-LLM, which has
better prediction results, our model is much more sufficient in training with the average
speed of 0.59 s/iter, which is about 68.6% of the time used by TIME-LLM. In StreamTS,
we freeze the inference backbone without additional training and only need to train the
linear forecasting component and the patch embedding. Despite having fewer training
parameters, the accuracy of the predictions remains unaffected.
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Table 6. Comparison of efficiency with the mainstream LLM-based TSF models.

Methods Param (M)
Training Speed (s/iter)

ETTh1-96 ETTh1-720 Traffic-336 Traffic-720
AutoTimes 6220.75 0.0780 – 0.0715 –
One fits all 6221.24 0.3990 0.4081 0.4180 0.4176
TIME-LLM 6929.97 0.9481 0.9504 0.7798 0.7791
StreamTS 6530.07 0.6311 0.636 0.5441 0.5451

4.6. Model Analysis

In this section, we examine each part of the module carefully, from the original LLM
prediction analysis to the final overall prediction effect.

Model Interpretation. From Table 5, we can observe that using a pre-trained LLM
directly for time series prediction is not as effective as our proposed LLM with time series
decomposition. This motivates us to analyze the underlying reason. LLM is a self-attention-
based network that utilizes autoregression to generate the next prediction value, and the
previous values have a great impact on the later ones. Ref. [12] has proved that self-attention
performs a function closely related to principle component analysis (PCA). However, PCA
is known to be sensitive to data distribution and outliers. We take a time series from
the ETTh1 dataset as an example and demonstrate the effect of before and after data in a
sequence in Figure 7.

Figure 7. A showcase of attention distribution.

The left side of Figure 7 displays the original sequence and its decomposed trend
component from top to bottom, while the right side shows the corresponding attention
distribution maps generated in the 1st, 3rd, and 6th layers and the multiple heads (0, 6, and
10) for the 6th layer. We can observe dramatic changes in the original sequence (highlighted
by a red circle in Figure 7), and these change are reflected in the attention maps, more
intensively in the 6th layer (highlighted by a green box in Figure 7). Meanwhile, the trend
sequence is smooth owing to a moving average operation. The corresponding attention
maps show the trend well eliminates the influence of local noise.
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Time series decomposition and its effects. In Figure 8, we visualize the results of
time series decomposition for three datasets. The Electricity dataset features short and
relatively regular change cycles, the Weather dataset shows periodicity on larger timescales,
while the ETTh1 dataset lacks clear patterns of change. After decomposition of the complex
time series into trend and seasonal components, the LLM is used for long-term trend
prediction, and the linear model is used for local seasonal fitting. The time series in the
Electricity dataset exhibits inherent regularity, thus the decomposed seasonal series is more
consistent in magnitude compared to the original series. The time series in the Weather
dataset contains several cyclic peaks. After decomposition, the periodic is well captured by
the trend, and the remaining seasonal series are reduced to a small range, which minimizes
their interference in the prediction process. The decomposition of the time series of the
ETTh1 dataset also produces a seasonal series within a small range around zero, which is
better predicted by considering short-term influence.

Figure 8. Time series decomposition on different datasets.

We demonstrate the linear model fits the seasonal series well in Figure 9. For the
Electricity dataset, the linear model can accurately capture the waveforms, leading to a
small MSE 0.1355 for the seasonal part. For the Weather and ETTh1 datasets, while there
are some points where the linear model does not fit perfectly, it learns data patterns rather
than overly responding to outliers. According to [19], simple linear layers have exceeded a
complex self-attention mechanism for learning time dependency. This can be explained by
the fact that time series variations can be highly influenced by the sequence order, while
the attention mechanisms are permutation invariant on the temporal dimension.

To examine the LLM capability for long-term trend prediction, we compare it
with three other models, which represent linear, CNN-based, and Transformer-based
models, respectively.

Figure 10 provides a qualitative result of the four different models by visualizing the
prediction results for 720 steps in the Weather dataset. In the case of TimesNet, the error
for trend prediction is high (MSE = 0.2341), leading to a higher overall prediction error
(MSE = 0.2365). In particular, TimesNet predicts a downward ultimate trend (in the orange
highlighted part), which is against the true upward trend.
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Figure 9. Seasonal series forecasting on different datasets under the input-512-predict-720 settings.

Figure 10. The forecasting results for the input-512- predict-720 setting on the Weather dataset,
showing the long-term prediction performance of the models, DLinear, MICN, TimesNet, and
StreamTS from top to bottom.

DLinear and MICN, although better at following long-term variations than TimesNet,
struggle to capture high-frequency patterns effectively. Our model, on the other hand,
successfully manages to capture both long-term variations and high-frequency patterns.
This advantage can be attributed to the intricate design of our model’s architecture, which
is tailored to capitalize on both season component and trend component predictions. From
the results in Table 5, it is clear that the adapted model is significantly more effective in
predicting compared to the LLM.

Ablation study
To validate the effectiveness of the components of StreamTS, BC-Prompt, and decom-

position for time series, we conducted ablation studies on the ETTh1 and Exchange datasets.
The results are shown in Table 7. It is evident that the prediction performance consistently
declines when only the forecasting task information is kept in the prompts (w/o BC). The
absence of decomposition (w/o DT) reduces the overall performance of the model. For the
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Exchange dataset that is more difficult to predict, the average drop is approximately 33%
in MSE, 16% in MAE. The removal of BC-Prompt and decomposition (w/o P&DT) results
in the most severe impact, preventing the LLM from effectively capturing the short-term
changes of time series. For long-term forecasting (e.g., pred-720), however, the prediction
errors are not serious. This further confirms that the LLM model is more capable of learning
the general trend of time series.

To examine the robustness of prompts to noisy or incomplete background information,
we introduced perturbations into the BC-Prompt background (w/NoiseP). Specifically, we
randomly masked 10% of the background tokens in BC-Prompt with the symbol “#”. The
results on the ETTh1 and Exchange datasets show only minor fluctuations, indicating that
the model remains stable under such perturbations. In addition, we replaced the decompo-
sition module with Prophet decomposition (w/Prophet) to evaluate the adaptability of our
framework. On the ETTh1 dataset, this substitution leads to a slight performance decline,
whereas on the Exchange dataset, we observe a performance gain. These results suggest
that while our design is flexible to different decomposition choices, the effectiveness may
vary across datasets.

In addition, we conducted a deeper investigation into the influence of sliding window
size on the decomposition process. On the ETTh1 dataset, we evaluated the window sizes
of 13, 25 (default in StreamTS), 49, and 65. The results are summarized in Table 8. This
observation underscores the sensitivity of decomposition effectiveness to the window
size. Notably, since ETTh1 is collected hourly from the electricity transformer device, it
exhibits a periodicity of 24. Based on the results in Table 8, for the relatively short-horizon
forecasting (Pred-96), the window size of 25 achieves the best performance. While for
long-horizon forecasting, the most favorable performance arises when the window size (49)
is approximately twice the underlying period. One can reasonably expect that choosing a
window size aligned with the data cycle or twice its cycle for time series decomposition
may further boost the predictive performance of our method. These results indicate that an
appropriately chosen window size is crucial for enhancing both decomposition fidelity and
predictive accuracy and thus represents a promising avenue for future research.

Table 7. Ablations study of the proposed model. We follow the protocol of AutoTimes ablation
studies [13] to verify whether the LLM is truly useful in our StreamTS: (1) w/NoiseP randomly mask
10% of background in BC-Prompt tokens with “#”; (2) w/Prophet replace decomposition module with
Prophet; (3) w/o BC replace the BC-Prompt with simply instructions (“Task description: forecast the
next O steps given the previous I steps information;”); (4) w/o DT remove the linear part and keep the
LLM with BC-Prompt; (5) w/o P&DT input the times series directly into the LLM. Bold: best.

Type StramTS w/o BC w/o DT w/o P&DT w/ NoiseP w/ Prophet

Metric MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

ET
Th

1

Pred-96 0.054 0.181 0.056 0.184 0.068 0.208 0.075 0.214 0.055 0.183 0.055 0.183
Pred-192 0.070 0.210 0.074 0.214 0.070 0.212 0.104 0.256 0.077 0.218 0.077 0.218
Pred-336 0.081 0.227 0.082 0.228 0.072 0.217 0.107 0.262 0.082 0.229 0.082 0.229
Pred-720 0.082 0.229 0.083 0.231 0.083 0.232 0.105 0.258 0.083 0.230 0.083 0.230

AVG 0.072 0.212 0.074 0.214 0.073 0.217 0.103 0.235 0.074 0.215 0.074 0.215

Ex
ch

an
ge

Pred-96 0.121 0.262 0.125 0.278 0.166 0.255 0.737 0.621 0.116 0.256 0.116 0.256
Pred-192 0.259 0.384 0.266 0.388 0.341 0.459 0.913 0.709 0.214 0.362 0.237 0.366
Pred-336 0.465 0.526 0.466 0.528 0.722 0.696 1.418 0.917 0.451 0.514 0.449 0.513
Pred-720 1.234 0.880 1.236 0.881 1.546 0.964 1.318 0.883 1.371 1.071 1.126 1.061

AVG 0.520 0.513 0.523 0.519 0.694 0.594 1.097 0.783 0.538 0.551 0.482 0.549
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Table 8. Ablation study of the window size.

Size 13 25 49 65

Metric MSE MAE MSE MAE MSE MAE MSE MAE

ET
Th

1

Pred-96 0.055 0.182 0.054 0.181 0.061 0.198 0.055 0.182
Pred-192 0.076 0.218 0.070 0.210 0.065 0.205 0.076 0.218
Pred-336 0.082 0.229 0.081 0.227 0.066 0.207 0.082 0.229
Pred-720 0.083 0.230 0.082 0.229 0.075 0.222 0.083 0.230

AVG 0.074 0.215 0.072 0.212 0.067 0.208 0.074 0.215

Impact of input length. Figure 11 shows the model performance of predicting the
future steps of 96, 192, 336, and 720 on the ETTh1 dataset when the input lengths are
96, 192, 336, and 512, respectively. We can see that the error of the prediction decreases
with the input length up to 336, but at that point, the prediction error starts to increase
with further increase of the input length. This indicates the input step length in a certain
range will bring more auxiliary information to the prediction, but too much data will bring
interference to the prediction of the model. Based on these findings, we conclude that
excessively long history input lengths do not enhance prediction accuracy and may, in fact,
increase computational overhead. Thus, identifying an optimal history length is essential
for effective model performance.

Figure 11. Analysis of input length sensitivity on ETTh1 dataset.

Statistical Analysis. We conducted 10 bootstrap evaluations on the test sets of the
ETTh1 and Traffic datasets, each time randomly sampling 90% of the test data, and com-
puted the MSE and MAE for StreamTS, TIME-LLM, and AutoTimes, reporting the results
as mean ± standard deviation (Table 9).

The results show that all the three LLM-based methods achieve highly stable pre-
dictions with very small standard deviations (typically on the order of 10−4). According
to a paired t-test, our proposed StreamTS significantly outperforms the baseline models
across all prediction horizons. The statistical analysis highlights the reliability of the ex-
perimental conclusion, confirming StreamTS is effective in adapting frozen LLMs for time
series forecasting.
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Table 9. Bootstrap evaluation results (mean ± std) of AutoTimes, TIME-LLM, and StreamTS on
ETTh1 and Traffic datasets. * denotes that the difference between the corresponding method and
StreamTS is statistically significant based on paired t-test (p < 0.05). Bold: best.

Dataset
AutoTimes TIME-LLM StreamTS

MSE MAE MSE MAE MSE MAE

ET
Th

1 96 0.0832 ± 0.0003 * 0.2271 ± 0.0003 * 0.0813 ± 0.0004 * 0.2232 ± 0.0003 * 0.0542 ± 0.0004 0.1812 ± 0.0003
192 0.1043 ± 0.0005 * 0.2560 ± 0.0003 * 0.0822 ± 0.0004 * 0.2271 ± 0.0004 * 0.0703 ± 0.0004 0.2102 ± 0.0003
336 0.1011 ± 0.0003 * 0.2542 ± 0.0003 * 0.1163 ± 0.0004 * 0.2684 ± 0.0003 * 0.0814 ± 0.0004 0.2273 ± 0.0004
720 – – 0.1062 ± 0.0004 * 0.2589 ± 0.0003 * 0.0824 ± 0.0004 0.2290 ± 0.0004

Tr
af

fic

96 0.2542 ± 0.0003 * 0.3492 ± 0.0003 * 0.1512 ± 0.0003 * 0.2382 ± 0.0003 * 0.1193 ± 0.0003 0.1941 ± 0.0003
192 0.2583 ± 0.0003 * 0.3491 ± 0.0003 * 0.1522 ± 0.0003 * 0.2260 ± 0.0003 * 0.1212 ± 0.0003 0.1953 ± 0.0003
336 0.2511 ± 0.0003 * 0.3453 ± 0.0003 * 0.1702 ± 0.0003 * 0.1972 ± 0.0003 * 0.1201 ± 0.0003 0.2002 ± 0.0003
720 – – 0.1551 ± 0.0003 * 0.2411 ± 0.0003 * 0.1364 ± 0.0003 0.2183 ± 0.0003

5. Conclusions
StreamTS exhibits remarkable potential in adapting frozen LLMs for time series fore-

casting with minimum training effort. This is achieved via the decomposition of time series
data and predicting the short-term season series with a linear model and the long-term
trend series with LLMs. Evaluations conducted have demonstrated that the adapted LLMs
outperform specialized expert models, thereby affirming their potential as effective tools
for time series analysis.

Our framework is designed with strong generalization and adaptability, enabling
zero-shot forecasting when combined with traditional approaches such as ARIMA. This
makes it particularly suitable for data-scarce or privacy-sensitive domains where large-
scale training is infeasible, and its plug-and-play nature further facilitates direct integration
into existing workflows. In terms of interpretability, we provide both theoretical proof
supporting the decomposition step and empirical visualization of attention distributions
across decomposed components, ensuring transparency and user trust. Moreover, by
leveraging BC-Prompt and maintaining compatibility with classical statistical tools, our
method exhibits robustness under distributional shifts and dynamic environments.

At the same time, we acknowledge remaining challenges in practical deployment,
including fairness across heterogeneous datasets, systematic privacy-preserving protocols,
and robustness against adversarial inputs. Addressing these issues will be an important
direction for future research to further enhance the reliability and responsible use of LLM-
based time series forecasting models.
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