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Abstract001

Large Language Models (LLMs) have demon-002
strated effectiveness as zero-shot time series003
(TS) forecasters. While existing work often004
relies on fine-tuning specialized modules to005
bridge this gap, a distinct, yet challenging,006
paradigm aims to leverage truly off-the-shelf007
LLMs without any fine-tuning whatsoever, re-008
lying solely on strategic tokenization of numer-009
ical sequences. However, the parameters of010
these fully frozen models cannot adapt to dis-011
tribution shifts. Thus, we introduce a novel012
yet highly effective strategy to overcome this013
brittleness: injecting noise into the raw time014
series before tokenization. This non-invasive015
intervention acts as a form of inference-time016
augmentation, compelling the frozen LLM to017
extrapolate based on robust underlying tempo-018
ral patterns rather than superficial numerical019
artifacts. We theoretically analyze this phe-020
nomenon and empirically validate its effective-021
ness across diverse benchmarks. Notably, to022
fully eliminate potential biases from data con-023
tamination during LLM pre-training, we in-024
troduce multiple novel real-world TS datasets025
that fall outside all utilized LLMs’ pre-training026
scopes, and consistently observe improved per-027
formance. This study provides a further step in028
directly leveraging off-the-shelf LLMs for time029
series forecasting.030

1 Introduction031

Time series (TS) modeling plays a critical role in032

various real-world applications, including climate,033

economics, energy, and operations (Wu et al., 2021;034

Liu et al., 2023). Accurate TS forecasting relies035

on the ability to model complex temporal depen-036

dencies in data, such as trends, seasonality, and037

nonlinearity, and to predict future values based on038

historical observations (Montgomery et al., 2015;039

Che et al., 2018). Traditional TS forecasters, such040

as ARIMA (Box and Jenkins, 1968), nonlinear041

models (Zhang et al., 2021, 2023), and Gaussian042

processes (GP; Xu et al., 2020; Dai et al., 2020; 043

Chen et al., 2022), rely on human prior knowl- 044

edge to select appropriate model configurations, 045

for instance, kernel choices in GPs, to capture the 046

underlying patterns and achieve accurate predic- 047

tions. While deep learning (DL; LeCun et al., 048

2015) has made impressive advances in NLP and 049

CV, demonstrating that learned features can out- 050

perform human-designed features, these DL-based 051

methods (Zeng et al., 2023) have also been ex- 052

tended to the TS domain. However, both tradi- 053

tional methods and DL-based TS methods require 054

training from scratch for a specific TS task. Re- 055

cently, large language models (LLMs), such as 056

GPT-3 (Brown et al., 2020), have demonstrated 057

the ability to perform downstream tasks without 058

the need for fine-tuning, enabling zero-shot learn- 059

ing. Based on this capability, Gruver et al. (2023) 060

proved that LLMs can also serve as zero-shot TS 061

forecasters by tokenizing time series data. 062

As the use of LLM-based time series methods— 063

hereafter referred to as LLMs-for-TS—forecasting 064

has increased, more strategies have been devel- 065

oped to improve their performance in TS modeling. 066

There are two primary paradigms for TS forecast- 067

ing of LLMs (Sun et al., 2024). The first paradigm 068

focuses on designing and training a dedicated TS- 069

specific large model from scratch or by fine-tuning 070

an existing pre-trained LLM to transfer it from tex- 071

tual to temporal domains. Representatives include 072

LLM4TS (Chang et al., 2024), which adapts LLMs 073

to time series through autoregressive supervised 074

fine-tuning, and CALF (Liu et al., 2025), which 075

employs a dual-branch architecture with attention- 076

based embeddings. The second paradigm involves 077

freezing the parameters of the existing LLM and 078

designing TS representations that are compatible 079

with them. LLMTime (Gruver et al., 2023; Liu 080

et al., 2024) directly inputs raw numeric time series 081

data as text prompts, and TEST (Sun et al., 2024) 082

aligns temporal instances with textual prototypes. 083
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This paradigm maximizes the model’s capabilities084

by aligning the input data with the LLM’s architec-085

ture, allowing it to process TS effectively without086

requiring extensive retraining.087

Meanwhile, the term zero-shot is ambiguous in088

different LLM-based time series methods; we dis-089

ambiguate it as follows. The first type is zero-shot090

under trainable settings, which covers all first091

LLM-for-TS paradigms and parts of the second092

paradigm, such as TEST, which freeze the LLM093

but train the other modules. Under this setting,094

zero-shot refers to the model being first fine-tuned095

on source time series A before inference on tar-096

get time series B. In comparison, zero-shot under097

training-free setting directly applies LLMs to in-098

put queries without any task-specific adaptation or099

fine-tuning, such as PromptCast (Xue and Salim,100

2023), LLMTime (Gruver et al., 2023). We focus101

on this more challenging yet practically valuable102

Off-the-Shelf LLMs setting, as it most purely tests103

an LLM’s inherent reasoning capabilities and offers104

the lowest barrier to deployment by eliminating the105

need for any training data or computational budget106

for fine-tuning.107

However, the performance of off-the-shelf LLMs108

is acutely dependent on the textual representa-109

tion of the continuous time series data. A cen-110

tral challenge in this paradigm is the brittleness111

of the tokenized input: the forecasting accuracy112

can be highly sensitive to the specific numerical113

representation and vulnerable to distribution shifts,114

as the model’s parameters are frozen and cannot115

adapt. To address this, we turn to a powerful yet116

under-explored strategy for enhancing model ro-117

bustness: input-level noise injection. Traditionally118

employed during model training for regularization119

and data augmentation (Trirat et al., 2024; Ma et al.,120

2024; Abnar et al., 2021; Jin et al., 2023b), we121

reconceptualize its application for inference-time122

robustness in frozen LLMs. We hypothesize that123

strategically perturbing the time series with noise124

before tokenization can act as a powerful form of125

input augmentation, compelling the LLM to base126

its predictions on more stable, underlying temporal127

structures rather than on the precise, and poten-128

tially misleading, numerical representation. This129

approach is fundamentally non-invasive, aligning130

perfectly with the off-the-shelf paradigm by en-131

hancing performance without any manipulation of132

the model’s internal parameters or the need for re-133

training.134

Translating this hypothesis into a practical frame-135

work, we introduce Noise-injected LLM for Time 136

Series (NLTS). Our method operates by first inject- 137

ing controlled stochastic noise into the raw time 138

series. This perturbed series is then converted into 139

a discrete token sequence through a meticulous tex- 140

tualization and tokenization process that preserves 141

bijectivity between numerical and symbolic repre- 142

sentations. This noised, tokenized prompt is fed 143

directly into the frozen LLM, which then performs 144

the autoregressive next-token prediction. To aggre- 145

gate predictions and estimate uncertainty, we sam- 146

ple multiple forecasts by generating varied noisy 147

instances of the input prompt, then compute the 148

median and variance across these samples. This 149

entire pipeline requires no backpropagation, fine- 150

tuning, or internal access to the LLM. Specifically, 151

our contributions are as follows. 152

• We propose a noise-injection strategy that 153

equips off-the-shelf LLMs with enhanced 154

zero-shot forecasting capabilities without any 155

computational task-specific fine-tuning. 156

• We provide both theoretical guarantees and 157

exhaustive empirical validation on established 158

benchmarks and settings, demonstrating con- 159

sistent gains across different LLMs. 160

• We expose data contamination risks inherent 161

in LLM-based zero-shot forecasting, and de- 162

sign two new datasets to eliminate this risk. 163

Experiments further validate the effectiveness 164

of our method. 165

2 Related Work 166

LLMs for time series forecasting. Prompt- 167

Cast (Xue and Salim, 2023) was the first study 168

to apply pre-trained LLMs to TS forecasting. Sub- 169

sequently, LLMTime (Gruver et al., 2023) inno- 170

vatively inputs numeric TS directly into LLMs, 171

transforming TS forecasting into a "next-word pre- 172

diction" task. This shift has enabled LLMs like 173

GPT-3.5 (Brown et al., 2020)and LLaMA-2 (Tou- 174

vron et al., 2023) to excel in zero-shot forecast- 175

ing tasks, further demonstrating the potential of 176

LLMs in TS tasks. On the other hand, signifi- 177

cant progress has been made in block-based repre- 178

sentation methods for TS (Nie et al., 2023a). Ex- 179

amples include One Fits All (OFA) (Zhou et al., 180

2023), LLM4TS (Chang et al., 2024), TEST (Sun 181

et al., 2024), TEMPO (Cao et al., 2023), and 182

TimeLLM (Jin et al., 2023a), all of which employ 183

block-based methods to tokenize TS, making them 184
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compatible with LLM and improving performance.185

All these methods ignore the impact of noise injec-186

tion in LLMs-for-TS.187

Impact of noise in machine learning. In tra-188

ditional TS analysis (Gao et al., 2009), noise is189

often considered a disruptive factor, prompting190

widespread use of denoising techniques to reduce191

noise levels and improve model prediction accuracy192

and robustness. However, recent research (Zhang,193

2007; Nourani and Partoviyan, 2018) has revealed194

that rather than simply removing noise, injecting195

noise as a data augmentation strategy can signif-196

icantly enhance model robustness under certain197

conditions. Nourani et al. (Nourani and Partoviyan,198

2018) demonstrated the potential of noise to in-199

crease training data diversity and enhance model200

performance. Magklaras et al. (Magklaras et al.,201

2019) suggest that noise injection helps identify202

malicious data. Kim et al. (Kim and Chung, 2024)203

integrated noise injection with digital signal pro-204

cessing techniques, using frequency feature extrac-205

tion to improve the anti-interference ability of clas-206

sification models.207

3 Method208

We introduce a novel framework, the Noise In-209

jection Augmented LLM for TS (NLTS), which210

comprises several critical components, including:211

1) noise design and sampling strategies for gener-212

ating diverse noise patterns, 2) data perturbation213

with noise injection, 3) textualization of a point214

in TS to convert numerical data of a point into a215

descriptive textual format, 4) data transformation216

and tokenization of the full TS to enable prompt217

formulation and token prediction, and 5) sampling218

and aggregation approaches to obtain the ultimate219

TS forecasting. As shown in Fig. 1, we present220

two approaches for zero-shot TS forecasting using221

LLMs. Our NLTS (bottom subplot) is purely zero-222

shot, data-agnostic, and LLM-agnostic, allowing it223

to seamlessly adapt to various LLMs and tasks.224

3.1 TS Forecasting Problem Formulation225

Mathematically, a TS x = {xt}Tt=1 can be rep-226

resented as the sum of a signal {f(t)}Tt=1 and227

noise {ϵt}Tt=1, such that: xt = f(t) + ϵt, where228

f(t) denotes the true underlying signal at time229

t, and ϵt represents the noise term at time t. In230

the context of TS forecasting, noise refers to ran-231

dom fluctuations or disturbances within the data232

that cannot be accounted for by the underlying233
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Figure 1: Overview of zero-shot TS forecasting in off-
the-shelf LLMs: the top is a vanilla usage of off-the-
shelf LLM for TS, where the numerical values are to-
kenized and directly converted into a string, and then
fed into a frozen LLM for prediction. The bottom is our
NLTS framework, which introduces noise injection.

trend, seasonality, or other systematic patterns. The 234

goal of TS forecasting is to predict the future val- 235

ues {xT+1, xT+2, . . . , xT+H}, with H represent- 236

ing the forecast horizon. Thus, the TS forecast- 237

ing problem can be formulated as estimating the 238

conditional distribution of future values given past 239

observations: p({xt}T+H
t=T+1|{xt}Tt=1). 240

3.2 TS Forecasting in Off-the-Shelf LLMs 241

Token modeling in LLM. LLMs are trained on 242

sequential data, S = {S1, S2, . . . , Si, . . . , SN}, 243

where each sequence Si consists of tokens 244

(si,1, si,2, . . . , si,j , . . . , si,ni), with each token si,j 245

from a vocabulary V . These models encode an 246

autoregressive distribution, where the probability 247

of each token depends only on preceding tokens: 248

pΘ(Si) =
∏ni

j=1 pΘ(sj | s0:j−1), and the model pa- 249

rameters Θ are optimized by maximizing the likeli- 250

hood of the entire dataset: pΘ(S) =
∏N

i=1 pΘ(Si). 251

Next-token prediction of TS. Sampling from a 252

trained language model typically begins with an 253

initial prompt s0:k and progresses iteratively, select- 254

ing the subsequent token based on pΘ(sj | s0:j−1). 255

In the case of LLMs, TS forecasting is concep- 256

tualized as a next-token generation task. This 257

autoregressive process can be mathematically ex- 258

pressed as: p(Token(x̃T+k)|{Token(x̃t)}T+k−1
t=1 ). 259

Consequently, the conditional distribution 260

is approximated as p(x̃T+k|{x̃t}T+k−1
t=1 ) ≈ 261

p(Token(x̃T+k)|{Token(x̃t)}T+k−1
t=1 ). 262

3.3 TS Forecasting in Off-the-Shelf LLMs via 263

Noise Injection 264

Noise design and sampling strategies. The noise 265

term is commonly represented as a random vari- 266

able with a mean of zero and a variance of σ2. 267

The variance σ2 reflects the level of uncertainty 268
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or randomness inherent in the observations. For269

instance, noise that follows a Gaussian distribution270

is expressed as ϵi ∼ N (0, σ2), where ϵi denotes271

the noise to be injected. In addition to the Gaussian272

distribution, we examine four other noise distribu-273

tions, including uniform, Laplace, Gamma, and274

Beta distributions. Further details can be found275

in Appendix B.1.276

We also introduce noise sampling with noise277

scaling, which entails the controlled adjustment278

of the noise magnitude or intensity relative to the279

underlying data, ensuring that the noise does not280

overwhelm the signal, yet remains sufficiently im-281

pactful to affect model behavior and performance.282

This noise scaling is essential for balancing the283

model’s sensitivity and robustness. Specifically, we284

parameterize the noise variance σ2 as σ2 = α2σ2
x,285

where σ2
x is the variance of the original TS, and α286

is the scaling factor that governs the noise magni-287

tude relative to the original value xt. The noise is288

jointly determined by the standard deviation σx of289

the original data and the scaling factor α.290

Noise injection on TS. The external noise in-291

jection introduces an element of stochasticity into292

the model’s input, effectively simulating data per-293

turbation. Given a TS xt ∈ R, noise injection294

is a stochastic perturbation operator P : R → R295

defined as:296

P(xt) = x̃t = xt + ϵi, (1)297

where ϵi is sampled from a noise distribution. This298

operator induces controlled variability into the in-299

put. By enforcing x̃t to approximate xt under300

E[ϵi] = 0, the model is regularized to prioritize301

latent signal structures over spurious fluctuations,302

thereby enhancing generalization without architec-303

tural modifications or retraining. The perturbed304

series {x̃t} is propagated through subsequent LLM-305

based forecasting steps, optimizing robustness to306

distributional shifts.307

Textualization of point in TS. The textualiza-308

tion of a TS point involves the conversion of quan-309

titative data, such as numerical values, into a natu-310

ral language format. This process is essential for311

enabling LLMs to comprehend, interpret, and gen-312

erate human-readable representations of numerical313

information. Given a point of TS xt, its textualiza-314

tion is a bijective mapping T : R → S to a linguis-315

tically structured format via: 1) digit separation:316

T1(xt) = d1 d2 · · · dn, where di are decimal317

digits of xt, ensuring token-wise independence; 2)318

precision scaling: For fixed k ∈ N, the integer 319

representation x̃t,int = T2(xt) = ⌊xt × 10k⌋, dis- 320

carding decimals while preserving invertibility via 321

T −1
2 (x̃t,int) = x̃t,int/10

k. The composite function 322

T (xt) = T1(T2(xt)) encodes x into interpretable 323

textual tokens, bridging continuous TS with dis- 324

crete symbolic frameworks (Gruver et al., 2023). 325

Tokenization of noised TS. The meticulous to- 326

kenization of TS is pivotal in improving the pre- 327

cision and dependability of predictions made by 328

LLMs. Transformer-based LLMs, such as GPT-3.5 329

and DeepSeek, are inherently designed to process 330

token sequences, typically in textual form, which 331

necessitates the adaptation of TS into a compatible 332

format for these models. Let {x̃t}Tt=1 ⊂ R denote 333

a noised TS derived from data perturbation (Eq. 334

(1)). A tokenization operator Q : RT → ST is a 335

bijective mapping that converts {x̃t} into a discrete 336

token sequence S = {Tokent(x̃t)}Tt=1, where S is 337

the token vocabulary. The operator satisfies: 338

S = Q({x̃t}) and {x̃t} = Q−1(S), (2) 339

ensuring invertibility between numerical and sym- 340

bolic representations. 341

The bijectivity constraints Q ◦ Q−1 = IdST 342

and Q−1 ◦ Q = IdRT guarantee structural fidelity, 343

where Id denotes identity mapping. Crucially, 344

Q preserves temporal semantics by aligning to- 345

ken embeddings {Tokent} with the perturbed dy- 346

namics {x̃t}, enabling LLMs to process noisy nu- 347

merical sequences as contextually coherent text. 348

This tokenization-reconstruction duality ensures 349

that stochastic variations introduced during noise 350

injection remain interpretable within the LLM’s 351

embedding space. Specifically, we adopt the to- 352

kenization method for TS as described in LLM- 353

Time (Gruver et al., 2023). The tokenization func- 354

tion Q utilizes commas to delineate individual time 355

points, treating each time step as a discrete input, 356

with time steps separated by commas. For example, 357

the TS [25, 27, 29] is encoded as "2 5, 2 7, 2 9". 358

The comma separation is crucial as it allows the 359

model to distinguish between distinct time steps 360

and preserve their sequential order. For instance, 361

by combining textualization and tokenization, the 362

TS [0.314, 3.14, 31.4, 314.0] is represented as "3 1, 363

3 1 4, 3 1 4 0, 3 1 4 0 0". This sequence S can now 364

be input into the LLM. 365

Sampling and aggregating outputs of LLM. 366

In addition to the insights gleaned from individ- 367

ual model predictions, drawing multiple predic- 368
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tions from an LLM can yield valuable indica-369

tions regarding the overall central tendency and370

confidence of LLM-based forecasting. Suppose371

we intend to approximate the central tendency372

of the forecasting function f(t) under a proba-373

bility distribution p(t) across a domain X . For374

the testing set x∗ = {x̃T+1, x̃T+2, . . . , x̃T+H},375

we define x∗ = Q−1(Token(S∗)), where S∗ =376

{Tokent(x̃t)}T+H
t=T+1. Additionally, we assess the377

uncertainty of each point via the empirical vari-378

ance, furnishing a measure of the prediction’s re-379

liability. We estimate the central tendency of the380

prediction by using the sample median. Specifi-381

cally, we order multiple predictive points in non-382

decreasing sequence to obtain the order statistics:383

x
(1)
h ≤ x

(2)
h ≤ · · · ≤ x

(m)
h . The sample median x̄∗384

is defined as:385

x̄∗ =

x
(m)

∗,h+1
2

if h is odd,

1
2

(
x
(m)

∗,h
2

+ x
(m)

∗,h
2
+1

)
if h is even,

(3)386

where x
(m)
∗,i denotes the i-th point of LLM-387

generated forecasting, and m is the number of LLM388

model generations. This aggregation contributes to389

reducing the effect of individual responses while390

offering a more robust estimate of the true fore-391

cast. In addition, the confidence interval of point-392

wise prediction can be achieved by leveraging the393

quantile and variance of m predictions. Finally,394

we adopt x̄∗ as the overall ultimate TS forecast395

in LLM. Note that we do not have to eliminate396

the introduced noise from x
(m)
∗ or x̄∗, because we397

believe the LLM has the capacity of noise-based398

self-correction, adaptively learns to disregard "irrel-399

evant" noise, and concentrates on salient patterns,400

thereby substantially bolstering its overall predic-401

tive performance and forecasting accuracy.402

4 Theoretical Analysis of NLTS in LLM403

The broad and reliable utility of LLMs like GPT404

best demonstrates their well-trained status because405

they have converged optimally, residing at a strict406

local maximum of the empirical log-likelihood.407

Theorem 1 (First- and second-order optimality408

for well-trained LLMs). Let L̂(Θ) = pΘ(S) de-409

notes the empirical log-likelihood of an LLM over410

training datasets. A parameter configuration Θ∗411

maximizes L̂(Θ) and defines a well-trained LLM412

if: first-order optimality with ∇wL̂(Θ∗) = 0 and413

second-order optimality with the expected Hessian414

E[Hf (Θ
∗)] = E[∇2

wL̂(Θ∗)] is negative definite.415

The negative definiteness of the expected Hes- 416

sian reflects the intrinsic concavity of the likelihood 417

function in identifiable parameter regimes. 418

Lemma 1 (Perturbation stability of well-trained 419

LLMs). Let fΘ be a well-trained LLM satisfying 420

Theorem 1. For any perturbed input x̃t and tar- 421

get function h(x), the following inequality holds: 422

Eϵ [fΘ∗(x̃t)− h(x)] ≤ Eϵ [fΘ∗(x)− h(x)]. 423

Lemma 1 indicates that the generalization error 424

of LLM can be reduced by noise injection on the 425

input for zero-shot forecasting. We present the 426

proofs of Theorem 1 and Lemma 1 in Appendix A. 427
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10 2

102

Figure 2: Hessian analysis of well-trained GPT-2: the
distribution of eigenvalues on a logarithmic frequency
scale characterizes the loss landscape curvature.

Empirical validation: Hessian analysis of 428

GPT-2. To substantiate Theorem 1, we conduct 429

an empirical investigation utilizing the canonical 430

open-source GPT-2 (125M parameters) architec- 431

ture (Radford et al., 2019). The parameter scale of 432

GPT-2 renders the full-rank Hessian computations 433

tractable, whereas such analysis is often computa- 434

tionally prohibitive for larger proprietary models. 435

We operate under the premise that the pre-trained 436

GPT-2 model resides in a "well-trained" state, hav- 437

ing converged to a stable region of the empirical 438

log-likelihood surface L̂(Θ). We adopt the Stochas- 439

tic Lanczos Quadrature (SLQ) algorithm proposed 440

by (Zhang et al., 2024). to approximate the spec- 441

tral properties of the global Hessian without the 442

explicit construction of the N ×N matrix, a neces- 443

sity given the 125M-dimensional parameter space. 444

As shown in Fig. 2, we present the global Hessian 445

spectral distribution of the GPT-2 model at conver- 446

gence, where the calculated trace is approximately 447

-0.0046. At a local optimum where the gradient van- 448

ishes, this negative trace serves as a robust indicator 449

of the negative definiteness of the expected Hessian. 450

This finding provides empirical evidence for the 451

intrinsic concavity of the log-likelihood function at 452

the parameter configuration Θ∗ necessitated by our 453

theoretical derivation. 454
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5 Zero-Shot Forecasting Experiments455

5.1 Setting456

In the experiments of NLTS, we partition the457

dataset into training, validation, and test sets, and458

select the optimal noise level based on the model’s459

performance on the validation set.460

Datasets. We employ three recognized bench-461

mark datasets: Autoformer (Wu et al., 2021),462

Darts (Herzen et al., 2022), and Memoriza-463

tion (Gruver et al., 2023). The details of these464

datasets are presented in Appendix D.1.465

Models and baselines. We examine nine466

representative LLMs: GPT-4 (OpenAI, 2023),467

GPT-3.5-Turbo-Instruct (Brown et al., 2020),468

Moonshot-V1-8k, Claude-3-Opus, Claude-3.5-469

Sonnet, Claude-3.5-Haiku (Anthropic, 2024),470

DeepSeek-V3 (DeepSeek-AI et al., 2024), GLM-471

4-Air (GLM et al., 2024), and Qwen3-4B (Yang472

et al., 2025). Observe that we still choose not to473

employ the newest or more sophisticated LLMs, in-474

cluding higher versions of ChatGPT, owing to their475

prohibitive cost. Furthermore, the study performs476

rigorous comparative analysis, contrasting these477

LLMs’ performance with that of non-LLM base-478

line models, including ARIMA, SM-GP, Temporal479

Convolution Networks (TCN; Lea et al., 2016),480

N-BEATS, N-HiTS, and a range of advanced TS481

forecasting models such as Informer (Zhou et al.,482

2021), Autoformer, NSTransformer (Liu et al.,483

2022), TimesNet (Wu et al., 2023), PatchTST (Nie484

et al., 2023b), and iTransformer (Liu et al., 2023).485

Additionally, the zero-shot forecasting model LLM-486

Time is included to further highlight the relative487

effectiveness of LLMs in this domain.488

While recent works have proposed several LLM-489

based forecasting frameworks, such as TEST (Sun490

et al., 2024), TimeLLM (Jin et al., 2023a), and491

CALF (Liu et al., 2025), we do not include them492

as direct baselines, as their so-called zero-shot493

forecasting involves optimizing the model on one494

dataset and evaluating it on another. In contrast,495

we directly apply off-the-shelf LLMs without any496

task-specific fine-tuning.497

Metrics. For performance evaluation of all meth-498

ods, we employ two widely used regression metrics:499

Mean Squared Error (MSE) and Mean Absolute500

Error (MAE). The evaluation setting follows LLM-501

Time (Gruver et al., 2023): Darts uses 80% of each502

time series as prompt input and reserves 20% for503

testing. Memorization benchmark forecasts the504

next 30 time steps.505

5.2 Main results 506

Table 1 and Table 2 report the zero-shot forecast- 507

ing performances of NLTS on short-term and long- 508

term time series benchmarks, respectively. Based 509

on the optimal noise level selected on the validation 510

set, NLTS demonstrates a clear advantage in both 511

settings, consistently achieving the lowest MSE 512

and MAE across the vast majority of datasets, and 513

outperforming all baseline methods. For example, 514

in the short-term IstanbulTraffic dataset, NLTS re- 515

duces the MAE by approximately 45% compared 516

to LLMTime; in the more challenging long-term 517

setting (e.g., the ILI dataset), where all methods 518

exhibit high prediction errors, NLTS still achieves 519

the best performance. Notably, LLMTime, which 520

is also a zero-shot method, shows competitive re- 521

sults on multiple tasks. This suggests that the suc- 522

cess of LLMs in zero-shot time series forecasting 523

is not primarily due to memorizing answers from 524

data contamination, but more likely stems from 525

their genuine ability to understand data patterns 526

and make accurate predictions. 527

5.3 Quantitative analysis 528

Impact of noise level. The scale of noise criti- 529

cally determines the ability of LLMs with NLTS to 530

produce accurate forecasts across diverse domains. 531

In this section, we investigate the effect of noise 532

level in LLMs with NLTS. To keep the evaluation 533

focused and informative, we report results on five 534

representative real-world datasets: Traffic, ETTh2, 535

AusBeer, GasRateCO2, and MonthlyMilk. From 536

Fig. 3 (c), we can observe that the forecasting ac- 537

curacy of GPT-based models with NLTS varies 538

significantly across different noise intensities. Cru- 539

cially, moderate noise levels, particularly those in 540

the range of 0.005 to 0.02, consistently yield supe- 541

rior and more stable performance. This trend sug- 542

gests the presence of a noise augmentation "sweet 543

spot", where the benefits of regularization are maxi- 544

mized without introducing excessive distortion. For 545

instance, in Fig. 3 (a) and (b), the model achieves 546

its highest accuracy (60.48%) on the Traffic dataset 547

with an MAE improvement at the noise level of 548

0.02, demonstrating that a carefully calibrated level 549

of perturbation can effectively enhance model gen- 550

eralization in volatile environments. Similar perfor- 551

mance trends are also observed in the AusBeer and 552

MonthlyMilk datasets. 553

Impact of noise types. The selection of noise type 554

plays a pivotal role in determining the effectiveness 555
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Benchmark Datasets H
NLTS LLMTime N-HiTS N-BEATS TCN SM-GP ARIMA

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

Darts

AirPassengers 29 0.003 0.044 0.010 0.075 0.025 0.118 0.028 0.126 0.048 0.172 0.008 0.073 0.006 0.060
AusBeer 43 0.001 0.020 0.001 0.026 0.027 0.154 0.006 0.059 0.011 0.094 0.056 0.186 0.002 0.032
GasRateCO2 60 0.002 0.039 0.038 0.160 0.052 0.183 0.106 0.271 0.050 0.186 0.033 0.157 0.029 0.151
HeartRate 180 0.005 0.057 0.035 0.157 0.114 0.279 0.051 0.174 0.048 0.184 0.063 0.208 0.039 0.162
MonthlyMilk 34 0.001 0.026 0.005 0.062 0.006 0.060 0.011 0.088 0.025 0.138 0.014 0.104 0.014 0.108
Sunspots 141 0.051 0.166 0.082 0.208 0.070 0.191 0.135 0.287 0.068 0.181 0.088 0.223 0.061 0.176
Wine 36 0.008 0.067 0.014 0.086 0.044 0.164 0.046 0.140 0.025 0.127 0.047 0.182 0.012 0.087
Wooly 24 0.010 0.079 0.014 0.103 0.012 0.088 0.036 0.178 0.022 0.132 0.031 0.140 0.028 0.156

Memorization
IstanbulTraffic 30 0.014 0.094 0.136 0.330 0.259 0.401 0.399 0.573 0.122 0.304 0.229 0.385 0.154 0.310
TSMCStock 30 0.0003 0.014 0.0004 0.016 0.001 0.018 0.029 0.161 0.002 0.039 0.014 0.108 0.465 0.584
TurkeyPower 30 0.001 0.023 0.002 0.032 0.018 0.114 0.019 0.126 0.004 0.046 0.015 0.103 0.003 0.047

Table 1: Performance on Short-Term Time Series. Bold and underline: the best and the second best performance.

Benchmark Datasets H
NLTS iTransformer LLMTime PatchTST TimesNet Autoformer Informer

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

Autoformer

ECL 96 0.010 0.076 0.084 0.210 0.027 0.127 0.124 0.289 0.076 0.208 0.235 0.364 0.124 0.364
ETTh1 96 0.019 0.108 0.038 0.163 0.022 0.120 0.071 0.239 0.080 0.262 0.071 0.234 0.039 0.234
ETTh2 96 0.028 0.134 0.214 0.359 0.042 0.148 0.331 0.478 0.314 0.483 0.184 0.324 0.174 0.324
ETTm1 96 0.002 0.035 0.003 0.044 0.004 0.045 0.006 0.056 0.008 0.069 0.009 0.078 0.004 0.078
ETTm2 96 0.009 0.077 0.021 0.117 0.028 0.142 0.026 0.139 0.021 0.124 0.077 0.249 0.075 0.249
Traffic 96 0.001 0.027 0.091 0.257 0.010 0.069 0.075 0.227 0.077 0.228 0.073 0.213 0.079 0.213
ILI 24 0.016 0.109 0.426 0.486 0.084 0.115 0.979 0.687 0.766 0.765 1.077 0.969 11.047 3.312

Table 2: Performance on Long-Term Time Series. Bold and underline: the best and the second best performance.
More results of various horizons are provided in Appendix D.5.
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(a) NLTS with low ϵi (α < 0.01) (b) NLTS with high ϵi (α ≥ 0.01) (c) Performance of various ϵi (d) MAE (on ETTh2) of various types of ϵi

Figure 3: Effect of noise level with NLTS. Subplots (a) and (b) illustrate predictions on the Traffic dataset under
low and high noise levels. Subplots (c) and (d) summarize the relative improvements of NLTS over the LLMTime
baseline across multiple datasets under varying noise levels and performances of various types of ϵi, respectively.

LLMs / α 0.001 0.005 0.010 0.020 0.050

GPT-4 22.82% -2.19% 11.00% 29.43% 3.17%
GPT-3.5 1.41% 3.07% 6.79% 20.91% 1.78%

Moonshot-V1-8k 12.49% 9.18% 25.40% -3.03% 9.76%
Claude-3-Opus 4.69% 13.08% 14.23% 26.94% 23.18%

Claude-3.5-Haiku 1.67% 4.55% 23.09% 25.88% 22.39%
Claude-3.5-Sonnet 62.71% 62.97% 13.72% -4.02% 15.97%

Deepseek-V3 0.09% 1.90% 0.84% 3.60% 3.07%
GLM-4-Air 14.71% 50.09% 41.83% 45.05% 27.44%
Qwen3-4B 8.75% 12.56% 10.69% 6.87% 29.34%

Table 3: Performance improvement (%) across different
LLMs on the ETTh2 dataset achieved through NLTS.

of NLTS. Different types of noise—ranging from556

simple, unstructured forms like uniform noise to557

more complex, structured distributions—can exert558

diverse effects on model dynamics and forecast-559

ing performance. To assess the influence of noise560

distribution, we conduct controlled experiments561

on the ETTh2 dataset by injecting various types562

of noise into the input. As shown in Fig. 3 (d),563

among all noise types, Gaussian noise achieves564

the best performance, with a minimum MAE of565

0.120. Moreover, regardless of the noise type used,566

all noise-augmented variants of NLTS outperform567

both traditional forecasting models and the LLM-568

Time baseline.569

Impact of LLM choices. We evaluate a diverse 570

collection of LLMs, covering both open-source and 571

proprietary models, on the ETTh2 dataset using 572

NLTS, without domain-specific fine-tuning. We 573

further emphasize that our focus is on a low-cost, 574

easily deployable off-the-shelf setup that requires 575

no additional pre-training, aiming to facilitate the 576

adoption of LLMs in resource-constrained envi- 577

ronments. As shown in Table 3, NLTS yields 578

substantial improvements in forecasting accuracy 579

across most models and noise levels, although 580

the extent and consistency of these gains vary by 581

model. For example, Claude-3.5-Sonnet and GLM- 582

4-Air exhibit the most pronounced enhancements 583

at a low noise level (α = 0.005), with relative 584

improvements of 62.97% and 50.09%, respec- 585

tively. Claude-3.5-Haiku and Claude-3-Opus dis- 586

play more stable performance across different noise 587

intensities, each peaking above 25% at α = 0.02. 588

In contrast, GPT-4 and Moonshot-V1-8k present 589

more variability, with fluctuations in performance 590

depending on the noise scale. The consistent im- 591

provements observed across diverse LLMs under- 592
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Datasets Sources NLTS iTransformer LLMTime TimesNet NSTransformer Autoformer ARIMA

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

Synthetic TS

GP (ExpSineSquared) 0.013 0.091 1.028 0.808 0.016 0.104 0.965 0.769 0.952 0.783 0.946 0.777 0.025 0.123
GP (Linear) 0.018 0.110 1.807 1.139 0.019 0.119 1.741 1.109 1.734 1.125 1.752 1.135 0.041 0.171
GP (Matérn) 0.012 0.083 1.020 0.754 0.012 0.089 1.013 0.775 1.004 0.771 0.979 0.746 0.022 0.114
GP (Polynomial) 0.012 0.086 1.031 0.831 0.016 0.104 1.228 0.914 1.081 0.843 1.117 0.864 0.024 0.122
GP (RQ) 0.013 0.086 1.190 0.883 0.014 0.096 1.222 0.892 1.106 0.857 1.168 0.870 0.029 0.140
GP (RBF) 0.015 0.092 1.213 0.852 0.017 0.100 1.235 0.855 1.285 0.863 1.222 0.836 0.031 0.138

Latest Stock DJIAh 0.0004 0.017 0.039 0.156 0.0006 0.020 0.034 0.142 0.025 0.132 0.137 0.329 0.0016 0.033
SZ300m 0.00001 0.003 0.001 0.022 0.00017 0.011 0.001 0.018 0.001 0.028 0.092 0.292 0.00005 0.006

Wireless Traffic Online users 0.022 0.104 1.797 0.958 0.025 0.110 1.959 1.056 1.196 0.769 1.322 0.801 0.029 0.130
Traffic volume 0.009 0.063 1.201 0.706 0.009 0.064 1.133 0.741 1.096 0.654 1.448 0.770 0.016 0.092

Smart Glasses
Acc_x 0.004 0.050 0.370 0.472 0.008 0.072 0.846 0.691 2.186 1.180 4.516 1.817 0.004 0.056
Acc_y 0.0001 0.009 125.469 9.836 0.0002 0.010 180.371 11.991 276.452 12.440 166.111 11.846 0.0002 0.011
Acc_z 0.0001 0.008 4.449 1.770 0.0001 0.009 6.285 2.124 7.495 2.198 4.786 1.918 0.0003 0.015

Table 4: Zero-shot forecasting performances on synthetic and real-world tasks without data contamination. Bold
and underline: the best and the second best performance.

score NLTS’s promise as a lightweight and effec-593

tive method for enhancing robustness in TS fore-594

casting tasks, with no model-specific adaptation.595

5.4 Contamination-free Performance596

Considering that millions of information sources597

are fed into the LLM pre-training and fine-tuning598

stage, the test data benchmark may be included in599

the training data of LLM, a phenomenon known600

as data contamination (Dong et al., 2024; Xu601

et al., 2024). Under data contamination, LLMs su-602

perficially perform zero-shot prediction, while in603

reality merely conduct in-domain prediction. Con-604

sequently, traditional benchmarks tend to overesti-605

mate the capabilities of LLM-based methods. To606

address this concern, we design three new bench-607

marks without data contamination: (1) synthetic608

data generated by GPs with various kernels, includ-609

ing ExpSineSquared, Linear, Matérn, Polynomial,610

Rational Quadratic (RQ), and Radial Basis Func-611

tion (RBF), (2) the latest stock market datasets that612

are chronologically and substantively disjoint from613

all evaluated LLMs’ training data, including DJIAh614

(hourly data from May 1 to July 31, 2025) and615

SZ300m (minute-level data from May 6–9, 2025),616

(3) private real-world 5G wireless traffic data, in-617

cluding the number of online 5G users and traffic618

volume, and (4) UESTC-MMEA-CL dataset(Xu619

et al., 2023) collected from smart glasses (iner-620

tial sensor data, 3-axis acceleration) in complex,621

real-world activity scenarios. More details and ex-622

periments can be found in Appendix C.623

Given their temporal proximity to the evaluation624

period, it is highly unlikely that any mainstream625

LLMs (e.g., GPT-3.5, GPT-4, Claude) had prior626

exposure to these data, thereby ensuring a rigorous627

zero-shot evaluation setting. As shown in Table 4,628

our method, which is based on GPT-3.5-Turbo-629

Instruct, consistently outperforms all baselines in 630

three datasets. Notably, another LLM-based zero- 631

shot method, LLMTime (Gruver et al., 2023), also 632

achieves competitive performance. This result in- 633

dicates that the success of LLMs as zero-shot TS 634

forecasters is not necessarily due to memorization 635

of answers caused by data contamination, but is 636

likely due to truly understanding the data pattern 637

and making correct predictions. Moreover, several 638

specialized deep learning methods perform poorly 639

compared to traditional methods such as ARIMA. 640

This finding prompts us to reconsider whether con- 641

ventional TS forecasting benchmarks have become 642

outdated, and designing more representative bench- 643

marks to accurately evaluate the actual predictive 644

capacity of models is an urgent challenge. 645

6 Conclusion 646

We demonstrate that LLMs can function as ef- 647

fective zero-shot forecasters with the simple in- 648

troduction of noise, negating the need for task- 649

specific fine-tuning. Instead of centering on modi- 650

fications to the LLMs themselves, our approach un- 651

derscores strategic noise injection. By harnessing 652

the robust pattern extrapolation capacities of pre- 653

trained LLMs, our method bypasses the substantial 654

time, effort, and domain-specific expertise typically 655

necessary to develop dedicated TS models. It re- 656

mains especially advantageous in scenarios with 657

constrained data, where conventional training or 658

fine-tuning methods prove to be wholly unworkable 659

due to inadequate information. Across the datasets, 660

noise injection consistently improves predictive ac- 661

curacy and strengthens the generalization ability 662

of LLMs. Future work should investigate more 663

adaptive noise injection strategies, precisely tai- 664

lored to specific model characteristics and dataset 665

properties, to further improve the performance. 666
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Limitations667

This study employs a prompt-based approach in-668

stead of fine-tuning the model. While the use of669

prompts reduces computational cost and mitigates670

overfitting, it may not fully harness the potential671

of the model architecture. Future research could672

explore integrating fine-tuning with prompt-based673

methods to further enhance the model’s perfor-674

mance in TS forecasting. If someone trades in675

stocks based on our work, it could result in per-676

sonal financial risk.677

Ethical Considerations678

Our work on TS forecasting has proven effective in679

predicting real data (such as stocks), users making680

decisions based solely on the results of our work681

may lead to unknown risks and losses.682
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Appendix912

This appendix provides rigorous technical substan-913

tiation and extended empirical analysis to support914

the methodological and experimental claims in the915

main text. Structured into four thematic sections, it916

delivers:917

1. Formal Theoretical Foundations: Complete918

proofs of Theorem 1 and Lemma 1 (Ap-919

pendix A), ensuring the mathematical validity920

of our core propositions.921

2. Methodological Transparency: Detailed ex-922

position of the NLTS framework with noise-923

augmented prompts (Appendix B), including924

noise distributions, perturbation mechanics,925

prompt design paradigms, and algorithmic im-926

plementation.927

3. Data Contamination Experiments and Ex-928

tended Results: Describe the experimental929

design and datasets used to evaluate the im-930

pact without data contamination, and present931

results on additional datasets, including per-932

dataset performance and average performance933

visualizations (see Appendix C).934

4. Reproducibility Protocols and Extended935

Quantitative Evidence: Comprehensive exper-936

iment specifications (Appendix D)—datasets,937

implementation hyperparameters, and LLM938

access cost analysis—enabling exact replica-939

tion. Granular performance analyses address-940

ing multi-LLM benchmarking, horizon sensi-941

tivity, noise-level efficacy, and visualizations942

of forecasting behavior across all evaluated943

scenarios.944

Collectively, these materials fortify the study’s945

academic integrity, offer actionable insights for946

practitioners, and establish a foundation for further947

research in time-series augmentation strategies.948

A Proof of Theorem949

A.1 Proof of theorem 1950

Step 1: Let L̂(Θ) = log pΘ(S) denote the empiri-951

cal log-likelihood of an LLM over a training dataset952

S, where pΘ(S) is the probability assigned to S953

under parameters Θ. By definition, Θ∗ maximizes954

L̂(Θ) if L̂(Θ∗) ≥ L̂(Θ) for all Θ in a neighbor-955

hood of Θ∗. A necessary condition for this is that956

the gradient vanishes: 957

∇ΘL̂(Θ∗) = ES∼S [∇Θ log pΘ(S)]
∣∣∣∣
Θ=Θ∗

= 0.

(4)

958

This follows from Fermat’s theorem in optimiza- 959

tion: extrema of differentiable functions occur at 960

critical points where the gradient is zero. 961

Step 2: To ensure Θ∗ is a local maximum, we ex- 962

amine the second-order Taylor expansion of L̂(Θ) 963

around Θ∗: 964

L̂(Θ∗ +∆Θ) = L̂(Θ∗) + ∆Θ⊤∇ΘL̂(Θ∗) 965

+
1

2
∆Θ⊤∇2

ΘL̂(Θ∗)∆Θ + o(∥∆Θ∥2).
(5)

966

Substituting ∇ΘL̂(Θ∗) = 0, the dominant term is 967

the quadratic form 1
2∆Θ⊤Hf (Θ

∗)∆Θ. For Θ∗ to 968

be a local maximum, this term must be negative for 969

all ∆Θ ̸= 0, which requires Hf (Θ
∗) ≺ 0. 970

Step 3: The empirical Hessian Hf (Θ
∗) = 971

∇2
ΘL̂(Θ∗) is evaluated on the training set S. To 972

generalize beyond S, consider the expected Hes- 973

sian over the data distribution DS : 974

E[Hf (Θ
∗)] = ES∼DS

[
∇2

Θ log pΘ(S)
] ∣∣∣∣

Θ=Θ∗
.

(6)

975

By the law of large numbers, Hf (Θ
∗) → 976

E[Hf (Θ
∗)] as |S| → ∞. Negative definiteness 977

of E[Hf (Θ
∗)] ensures the curvature remains con- 978

cave in expectation, preventing overfitting to S. 979

Step 4: The Fisher information matrix F (Θ∗) is 980

defined as: 981

F (Θ∗) 982

= ES∼DS

[
∇Θ log pΘ(S)∇Θ log pΘ(S)⊤

] ∣∣∣∣
Θ=Θ∗

.

(7)

983

Under regularity conditions, the expected Hessian 984

satisfies: 985

E[Hf (Θ
∗)] = −F (Θ∗). (8) 986

Since F (Θ∗) ≻ 0 for identifiable models, 987

E[Hf (Θ
∗)] ≺ 0, confirming negative definiteness. 988

Step 5: In over-parameterized LLMs, the Hes- 989

sian Hf (Θ
∗) has a high-dimensional nullspace but 990

satisfies E[Hf (Θ
∗)] ≺ 0 in non-degenerate direc- 991

tions. This ensures that, despite non-convexity, the 992
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model converges to a flatter minimum where the993

dominant curvature is concave, aligning with em-994

pirical observations of robust generalization.995

Therefore, a well-trained LLM satisfies996

∇ΘL̂(Θ∗) = 0 and E[Hf (Θ
∗)] ≺ 0. These997

conditions jointly certify that Θ∗ is a strict local998

maximum of the empirical log-likelihood, with999

stable curvature properties that generalize beyond1000

the training set.1001

A.2 Proof of Lemma 11002

Let fΘ∗ : X → Y be a well-trained LLM satisfying1003

the first- and second-order optimality conditions in1004

Theorem 1, and let h : X → Y be a target function.1005

Step 1: Let x̃t = x + αϵ, where α scales the1006

noise magnitude. We expand fΘ∗(x̃t) around x by1007

using a second-order Taylor series:1008

fΘ∗(x̃t) = fΘ∗(x) + αϵ⊤∇xfΘ∗(x)1009

+
α2

2
ϵ⊤Hx(fΘ∗)ϵ+ o(α2), (9)1010

where Hx(fΘ∗) = ∇2
xfΘ∗(x) is the input-space1011

Hessian of the LLM.1012

Step 2: We take expectations over ϵ ∼1013

N (0, σ2):1014

Eϵ[fΘ∗(x̃t)] = fΘ∗(x) +
α2σ2

2
Tr(Hx(fΘ∗))

(10)

1015

+ o(α2),1016

since E[ϵ] = 0 and E[ϵ⊤Hx(fΘ∗)ϵ] =1017

σ2Tr(Hx(fΘ∗).1018

Step 3: We subtract h(x) from both sides:1019

Eϵ[fΘ∗(x̃t)− h(x)] = fΘ∗(x)− h(x)︸ ︷︷ ︸
Baseline Error

(11)1020

+
α2σ2

2
Tr(Hx(fΘ∗)) + o(α2).1021

The inequality Eϵ[fΘ∗(x̃t)−h(x)] ≤ Eϵ[fΘ∗(x)−1022

h(x)] reduces to:1023

α2σ2

2
Tr(Hx(fΘ∗)) ≤ 0. (12)1024

Step 4: From Theorem 1, the parameter-space1025

Hessian E[Hf (Θ
∗)] = E[∇2

ΘL̂(Θ∗)] ≺ 0. By the1026

chain rule, the input-space Hessian relates to the1027

parameter-space Hessian via:1028

Hx(fΘ∗) = Jx(Θ
∗)⊤E[Hf (Θ

∗)]Jx(Θ
∗), (13)1029

where Jx(Θ∗) = ∇ΘfΘ∗(x) is the Jacobian of fΘ∗ 1030

with respect to Θ. Since E[Hf (Θ
∗)] ≺ 0, it follows 1031

that Hx(fΘ∗) ⪯ 0, and thus Tr(Hx(fΘ∗)) ≤ 0. 1032

Therefore, the inequality demonstrates that in- 1033

put perturbations reduce the expected error when 1034

the LLM is well-trained. This aligns with Theo- 1035

rem 1’s second-order condition, which enforces 1036

flatness in the loss landscape, making the model 1037

resilient to input variations. The lemma formalizes 1038

how noise injection regularizes LLM predictions 1039

by exploiting the concave curvature guaranteed by 1040

Theorem 1. 1041

A.3 Empirical validation: Hessian analysis of 1042

GPT-2. 1043

To substantiate the theoretical framework estab- 1044

lished in Theorem 1, we conduct an empirical 1045

investigation utilizing GPT-2 with 125M param- 1046

eters(Radford et al., 2019). GPT-2 represents an 1047

ideal testbed for this analysis because it is a canon- 1048

ical open-source Transformer. The parameter scale 1049

of GPT-2 renders the full-rank Hessian compu- 1050

tations tractable, whereas such analysis is often 1051

computationally prohibitive for larger proprietary 1052

models. This allows for high-fidelity local de- 1053

ployment and granular curvature analysis within 1054

a constrained computational environment. We 1055

adopt the Stochastic Lanczos Quadrature (SLQ) 1056

algorithm proposed by Zhang et al. (2024). To 1057

further probe the internal dynamics, we compute 1058

the Jensen-Shannon distance (JSD) between the 1059

Hessian spectral distributions of individual lay- 1060

ers (Fig. 4). Our analysis uncovers significant 1061

block heterogeneity, particularly between the em- 1062

bedding layer and Transformer blocks. The high JS 1063

distances indicate that the optimization landscape 1064

is highly non-uniform across different functional 1065

components, reflecting a substantial divergence in 1066

curvature throughout the model’s depth. 1067

B Design of NLTS with Noise-Augmented 1068

Prompts 1069

B.1 Noise distribution 1070

The Gaussian distribution is defined by two pa- 1071

rameters: the mean µ and the variance σ2. The 1072

probability density function (PDF) of the Gaussian 1073

distribution is given by: 1074

f(ϵi|µ, σ) =
1

σ
√
2π

e−
(ϵi−µ)2

2σ2 . (14) 1075

The Uniform distribution on the interval [a, b] is a 1076

continuous distribution where every value within 1077
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Figure 4: JSD between Hessian spectra of layers. The
JSD captures the similarity between Hessian distribu-
tions across different layers, where lower values (blue)
indicate a higher degree of similarity in the local curva-
ture.

the interval is equally likely. The PDF is:1078

f(ϵi|a, b) =
1

b− a
for a ≤ ϵi ≤ b. (15)1079

The uniform distribution serves as a reference for1080

other distributions and is often used in simulations1081

and modeling when no prior information about the1082

distribution of the noise is available. The Laplace1083

distribution, also known as the double exponential1084

distribution, has a sharp peak at its mean and heav-1085

ier tails compared to the normal distribution. The1086

PDF of a Laplace distributed random variable ϵi1087

with location parameter µ and scale parameter b is:1088

f(ϵi|µ, b) =
1

2b
e−

|ϵi−µ|
b . (16)1089

The Gamma distribution is a two-parameter family1090

of continuous probability distributions defined by1091

shape parameter k and scale parameter θ. The PDF1092

of a Gamma distributed random variable ϵi is:1093

f(ϵi|k, θ) =
ϵk−1
i e−

ϵi
θ

θkΓ(k)
for ϵi > 0. (17)1094

The Beta distribution is defined on the interval [0, 1]1095

and is characterized by two shape parameters, α1096

and β. The PDF of a beta-distributed random vari-1097

able ϵi is:1098

f(ϵi|α, β) =
ϵα−1
i (1− ϵi)

β−1

B(α, β)
. (18)1099

where B(α, β) is the beta function.1100

B.2 Distribution of data perturbation with 1101

noise injection 1102

In this section, we evaluate the impact of noise 1103

injection on the distributional alignment of LLM- 1104

based time series forecasting methods across two 1105

benchmark datasets: Traffic and ETTh2. Input data 1106

distributions are analyzed before and after noise in- 1107

jection (Figures 6 (a), 6 (d)), revealing how stochas- 1108

tic perturbations modify the training data while 1109

preserving underlying temporal patterns. The core 1110

comparison involves two methodologies: LLM- 1111

Time (a baseline without noise injection) and NLTS. 1112

Test set outputs are evaluated across three LLM 1113

architectures—GPT-3.5-Turbo-Instruct, GLM-Air, 1114

and Claude-3.5-Sonnet—to assess generalization. 1115

Results demonstrate that NLTS outputs exhibit 1116

significantly closer alignment with the true data dis- 1117

tribution compared to LLMTime (Figures 6 (b), (c), 1118

(e), and (f)). This alignment is consistent across 1119

both datasets and all three LLMs, indicating that 1120

noise injection enhances robustness by reducing 1121

overfitting to training idiosyncrasies. The improved 1122

distributional fidelity suggests that NLTS mitigates 1123

the domain gap between training and testing phases, 1124

enabling better adaptation to real-world variabil- 1125

ity. The experiment underscores the critical role 1126

of structured noise in stabilizing LLM-based fore- 1127

casts and highlights the framework’s capacity to 1128

generalize across heterogeneous architectures and 1129

datasets. 1130

B.3 Prompt example for TS forecasting 1131

In this experiment, the model’s task is to perform 1132

time series forecasting based on a sequence of his- 1133

torical observations and generate future predictions. 1134

Using the MonthlyMilk dataset as an example, we 1135

employ two different prompt strategies. 1136

The first strategy is a raw numeric sequence 1137

prompt, in which historical observations undergo 1138

textualization, and then directly provided to the 1139

model as the prompt for forecasting. In its noisy 1140

variant, controlled levels of noise (α) are first in- 1141

jected into the original numerical observations, 1142

which are then textualized in the same manner and 1143

provided to the model as the prompt. 1144

The second strategy is a structured chat prompt, 1145

where the input is formatted as a dialogue between 1146

the system and the user. The system message de- 1147

fines the forecasting task and constraints, while 1148

the user message provides the historical sequence 1149

and requests the model to continue it. As with the 1150

14
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Figure 5: Distribution comparison on the Traffic and ETTh2 dataset. Figures (a) and (d) show the empirical
distributions of the training data before and after noise injection. Figures (b)-(c) illustrate test set output distributions
on Traffic using LLMTime (without noise) and NLTS (with noise), across GPT-3.5-Turbo-Instruct and GLM-Air.
Figures (e)-(f) show results on ETTh2 across Claude-3.5-Sonnet and GLM-Air. In all cases, NLTS outputs align
more closely with the true data distribution, highlighting the robustness improvements from noise injection.

numeric prompts, noisy variants are also used.1151

Raw numeric sequence prompt

# Raw numeric sequence prompt:
"5 1 8 , 4 7 3 , 6 0 0 , 6 2 6 , 7 4 1 , 6 9 2

, 6 0 0 , 5 3 4 , 4 8 4 , 4 9 9 , 4 6 0 ,
5 0 7 , 5 3 6 , 4 8 1 , 6 2 1 , 6 5 4 , 7
6 5 , 7 2 3 , 6 3 3 , 5 6 3 , 5 0 9 , 5 1
5 , 4 8 0 , 5 3 3 ..."

# Noisy prompt with noise level $\alpha = 0.005
$:

"5 2 0 , 4 7 1 , 5 9 9 , 6 2 6 , 7 4 0 , 6 9 1
, 6 0 3 , 5 3 5 , 4 8 3 , 4 9 8 , 4 6 1 ,
5 0 5 , 5 3 4 , 4 7 9 , 6 2 1 , 6 5 7 , 7
6 7 , 7 2 6 , 6 3 4 , 5 6 2 , 5 0 8 , 5 1
7 , 4 7 7 , 5 3 2 ..."

# Noisy prompt with noise level $\alpha = 0.05$
:

"5 2 7 , 4 8 4 , 6 1 6 , 6 3 4 , 7 4 3 , 6 9 0
, 6 0 8 , 5 2 8 , 4 9 8 , 5 0 6 , 4 5 9 ,
5 1 0 , 5 3 8 , 4 8 4 , 6 1 7 , 6 7 0 , 7
7 0 , 7 2 8 , 6 3 3 , 5 6 9 , 5 1 1 , 5 2
6 , 4 7 6 , 5 2 5 ..."

1152

Structured chat prompt

# Structured Chat Prompt Example
[
{
"role": "system",
"content": "You are a helpful assistant

specialized in time series forecasting
. The user provides a comma-separated
sequence of decimal numbers, and you
will predict the following values."

},
{
"role": "user",
"content": "Please continue the sequence

without any additional text or
explanation. Only output the predicted
numbers.\nSequence:\n5 1 8 , 4 7 3 ,
6 0 0 , 6 2 6 , 7 4 1 , 6 9 2 , 6 0 0
, 5 3 4 , 4 8 4 , 4 9 9 , 4 6 0 , 5 0
7 , 5 3 6 , 4 8 1 , 6 2 1 , 6 5 4 , 7
6 5 , 7 2 3 , 6 3 3 , 5 6 3 , 5 0 9 ,
5 1 5 , 4 8 0 , 5 3 3 ..."

}
]

# Corresponding noisy input example
[
{
"role": "user",
"content": "Please continue the sequence

without any additional text or
explanation. Only output the predicted
numbers.\nSequence:\n5 2 0 , 4 7 1 ,
5 9 9 , 6 2 6 , 7 4 0 , 6 9 1 , 6 0 3
, 5 3 5 , 4 8 3 , 4 9 8 , 4 6 1 , 5 0
5 , 5 3 4 , 4 7 9 , 6 2 1 , 6 5 7 , 7
6 7 , 7 2 6 , 6 3 4 , 5 6 2 , 5 0 8 ,
5 1 7 , 4 7 7 , 5 3 2 ..."

}
]

1153

B.4 Algorithm of NLTS 1154

In Algorithm. 1, we establish a holistic method- 1155

ology for improving TS forecasting performance 1156

using LLMs. 1157

15



Algorithm 1 NLTS for TS forecasting

Require: A TS {xt}Tt=1, scaling factor α, tok-
enization function Q;

Ensure: x̄∗,i,Var(x̄∗,i);
1: Noise design and sampling;
2: Perturbation of TS by noise injection;
3: Textualizing the points within TS;
4: Tokenize the noised TS in Eq. (2);
5: Provide noisy Tokens as prompts to LLM;
6: Predict tokens for testing points;
7: Invert predicted Tokens x∗ =

Q−1(Token(S∗));
8: Calculate x̄∗,i,Var(x̄∗,i) to aggregate outputs

from LLM.

C Impact of data contamination1158

C.1 Dataset1159

Synthetic TS. We employ multiple Gaus-1160

sian Process kernel functions, including ExpSi-1161

neSquared, Linear, Matérn, Polynomial, Ratio-1162

nal Quadratic (RQ), and Radial Basis Func-1163

tion (RBF), to generate 1,000 univariate time1164

series for each kernel. The last 30 time steps1165

of each series are held out as the forecasting tar-1166

get. For benchmarking, we compare our method1167

against state-of-the-art models such as Autoformer,1168

NSTransformer, TimesNet, and iTransformer, the1169

classical ARIMA model, and zero-shot models like1170

LLMTime. All models are configured following1171

the settings described in Appendix D.21172

Latest Stock TS. We collected stock price data1173

and constructed eight real-world time series1174

datasets covering multiple stock indices across dif-1175

ferent countries. For the DJIA and SPX indices, the1176

datasets contain 434 points at hourly frequency and1177

1612 points at 15-minute frequency. The HS3001178

index contains hourly and minute-level data with1179

248 and 992 points, while the SZ300 index com-1180

prises hourly and minute-level data with 100 and1181

960 points, respectively.1182

All datasets are collected after April 2025, en-1183

suring that mainstream LLMs (e.g., GPT-3.5, GPT-1184

4, Claude) are unlikely to have seen them during1185

pretraining. In our experimental setup, the last1186

seven time steps of each series are reserved as fore-1187

casting targets, allowing us to evaluate model per-1188

formance in short-term prediction scenarios. For1189

benchmarking, we adopt the same set of represen-1190

tative baselines as in the Synthetic TS experiments,1191

and the experimental results are reported in Table 1192

5. 1193

Private Wireless Traffic. The wireless commu- 1194

nication dataset is private and collected from a 1195

5G base station. Wireless traffic prediction has 1196

been a long-standing demand for wireless network 1197

planning and management. There are many traffic- 1198

related issues in wireless communication suitable 1199

for an LLM model, such as wireless traffic anal- 1200

ysis, cellular traffic load prediction, traffic load 1201

balancing for multimedia multipath systems, chan- 1202

nel prediction for communication- relay UAV, and 1203

stochastic link modeling of static wireless sensor 1204

networks. Highly accurate wireless traffic predic- 1205

tion can reduce the uncertainty of network load and 1206

reflect the traffic behavior in the wireless network, 1207

which greatly matches the benefits of LLM. The 1208

dataset was collected in a southern city in China 1209

in 2021. There are multiple patterns with differ- 1210

ent time scales in the varying of the number of 1211

online 5G users, such as long-term, short-term, and 1212

mid-term trends. The last 96 time steps of each 1213

series are held out as the forecasting target. For 1214

benchmarking, we compare our method against 1215

state-of-the-art models and LLMTime. All models 1216

are configured following the settings described in 1217

Appendix D.2 1218

Smart Glasses. We use the UESTC-MMEA- 1219

CL dataset(Xu et al., 2023), which contains high- 1220

frequency multimodal sensor data collected from 1221

smart glasses in complex, real-world activity sce- 1222

narios. For our experiments, we focus on the raw 1223

inertial sensor data, specifically the 3-axis acceler- 1224

ation, which are pre-processed by dividing the raw 1225

sensing values by the sensitivity factor (Racc = 1226

16384. To ensure the statistical reliability of our 1227

findings, we conduct the evaluation on specific sam- 1228

ples (e.g. ’3_drinking_2020_12_01_16_46_42’). 1229

C.2 Average forecasting performance of 1230

LLMs 1231

For contamination-free evaluation, we assess the 1232

Synthetic and Latest Stock TS datasets, which con- 1233

tain 6 and 8 sub-datasets. Table 6 and Fig. 6 re- 1234

port the average zero-shot forecasting results on 1235

both the Synthetic and Latest Stock TS datasets. 1236

Overall, our proposed NLTS model consistently 1237

achieves the lowest MSE and MAE across bench- 1238

marks, demonstrating superior forecasting capa- 1239

bility. Since both benchmarks are constructed to 1240

eliminate data contamination, the results further in- 1241
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Datasets NLTS iTransformer LLMTime TimesNet NSTransformer Autoformer ARIMA

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

DJIAh 0.0004 0.017 0.039 0.156 0.0006 0.020 0.034 0.142 0.025 0.132 0.137 0.329 0.0016 0.033
DJIAm 0.0002 0.009 0.020 0.121 0.0007 0.022 0.009 0.069 0.028 0.145 0.034 0.169 0.0004 0.017
SPXh 0.0002 0.013 0.012 0.082 0.0002 0.013 0.016 0.093 0.012 0.084 0.027 0.116 0.0007 0.020
SPXm 0.0002 0.011 0.010 0.086 0.1182 0.142 0.012 0.093 0.015 0.098 0.008 0.073 0.0001 0.010
SZ300h 0.00031 0.016 0.046 0.187 0.00075 0.023 0.012 0.084 0.014 0.106 0.146 0.345 0.00082 0.023
SZ300m 0.00001 0.003 0.001 0.022 0.00017 0.011 0.001 0.018 0.001 0.028 0.092 0.292 0.00005 0.006
HS300h 0.022 0.089 1.276 0.950 0.120 0.188 1.385 0.968 0.923 0.821 0.878 0.794 0.054 0.199
HS300m 0.0005 0.018 0.070 0.228 0.0011 0.030 0.044 0.185 0.029 0.139 0.147 0.347 0.001 0.026

Table 5: Forecasting performance (MSE / MAE) on Latest Stock TS. Bold and underline: the best and the second
best results.

dicate that the superior performance of LLM-based1242

approaches (such as ours and LLMTime) does not1243

stem from memorization of the test data, but rather1244

reflects the LLM’s genuine ability to model time1245

series patterns in a zero-shot setting. Traditional1246

methods, such as ARIMA, achieve relatively good1247

results on real stock datasets, whereas some spe-1248

cialized deep learning methods perform worse in1249

the same tasks. These findings prompt us to recon-1250

sider whether conventional time series forecasting1251

benchmarks have become outdated and highlight1252

the need to design more representative benchmarks1253

to accurately evaluate the actual predictive capabil-1254

ities of models.1255

D Experiment Details and Analysis1256

D.1 Dataset1257

Darts. This dataset comprises eight real univari-1258

ate time series, including AirPassengers, AusBeer,1259

GasRateCO2, MonthlyMilk, Sunspots, Wine,1260

Wooly, and HeartRate. These time series are rel-1261

atively short, each containing no more than 8001262

observations. The first 80% of each time series is1263

used as prompt input for the LLMs to generate1264

forecasts, while the last 20% serves as the test set1265

for evaluation. We assess the performance of sev-1266

eral methods from the Darts package, including1267

neural network models such as Temporal Convolu-1268

tional Networks (TCN) , N-BEATS , and N-HiTS1269

, as well as traditional statistical approaches like1270

ARIMA , and the Spectral Mixture Gaussian Pro-1271

cess (SM-GP), a Bayesian nonparametric method.1272

Darts serves as an invaluable tool for benchmarking1273

time series forecasting models, making it particu-1274

larly well-suited for evaluating the performance of1275

LLMTime.1276

Memorization. This dataset includes three time1277

series sourced from Kaggle: Istanbul Traffic,1278

TSMC Stock, and Turkey Power. The Istanbul 1279

Traffic time series provides minute-by-minute traf- 1280

fic index data for Istanbul from October 2022 to 1281

May 2023. We selected the "TI" column and down- 1282

sampled the data to an hourly frequency for the 1283

period from May 5 to May 18, 2023, resulting in 1284

267 observations. The TSMC Stock contains daily 1285

stock market trading data for Taiwan Semiconduc- 1286

tor Manufacturing Company (TSMC) for 2022. We 1287

used the closing price column, which consists of 1288

246 observations. The Turkey Power includes 1289

hourly electricity generation and consumption data 1290

for Turkey from January 1, 2020, to December 31, 1291

2022. We selected the "Total" column and down- 1292

sampled the data for 2022 to a daily frequency, 1293

resulting in 366 observations. These time series 1294

are short, each containing no more than 400 obser- 1295

vations. The last 30 observations from each time 1296

series are reserved for testing. We evaluate the 1297

Memorization dataset using the same models as 1298

those applied to the Darts dataset. 1299

Autoformer. This dataset consists of nine widely 1300

used multivariate TS benchmarks. For our ex- 1301

periments, we select ETTh1, ETTh2, ETTm1, 1302

ETTm2, Electricity(ECL), Traffic and ILI. 1303

These time series are relatively long, with the short- 1304

est dataset containing more than 950 observations 1305

and most ranging from 10,000 to 70,000 obser- 1306

vations. For a more manageable evaluation with 1307

LLMTime, we use smaller subsets from each time 1308

series, specifically selecting the last univariate se- 1309

ries, "OT", and the final 96 and 192 time steps 1310

from each series for testing. The models are evalu- 1311

ated using the same model settings as in LLMTime, 1312

with additional comparisons against more advanced 1313

state-of-the-art TS forecasting models, including 1314

Informer , Autoformer, NSTransformer , TimesNet 1315

, PatchTST , and iTransformer. 1316
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Datasets NLTS iTransformer LLMTime TimesNet NSTransformer Autoformer ARIMA

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

Synthetic TS (avg.) 0.014 0.091 1.215 0.878 0.016 0.102 1.193 0.874 1.197 0.871 0.029 0.135 1.234 0.886
Latest Stock (avg.) 0.003 0.022 0.184 0.229 0.030 0.056 0.189 0.207 0.131 0.194 0.183 0.308 0.007 0.041
Wireless Traffic(avg.) 0.016 0.084 1.499 0.832 0.017 0.087 1.546 0.899 1.146 0.712 1.385 0.786 0.026 0.111
Smart Glasses(avg.) 0.001 0.022 10.096 4.026 0.003 0.030 62.501 4.935 95.378 5.273 58.471 5.194 0.002 0.027

Table 6: Average zero-shot forecasting performance on synthetic and latest stock TS datasets. Bold and underline:
the best and the second best results in each row.
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Figure 6: Average zero-shot forecasting performance on the synthetic dataset and the latest stock market datasets.
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D.2 Implementation1317

We utilize the GPyTorch library to implement Gaus-1318

sian processes (GPs), and the Darts library for mod-1319

eling with ARIMA, TCN, N-BEATS, and N-HiTS.1320

For any hyperparameters not detailed below, we use1321

the default settings. For all LLMs and non-LLM1322

models, we consider the following model settings:1323

• GPT-3.5: α = 0.95, temperature = 0.7, β =1324

0.3, basic = False, and precision = 3, with1325

serializer settings: base = 10, signed = True,1326

and half bin correction = True.1327

• Gemini, Claude, GLM, Qwen, Deepseek:1328

α = 0.95, temperature = 1.0, top P = 0.8,1329

basic = True, precision = 3.1330

• Spectral Mixture Gaussian Process (SM-GP):1331

We use a Gaussian Process with a kernel con-1332

sisting of a spectral mixture kernel with 121333

components and an RBF kernel. The learning1334

rate is tuned from {5e−3, 1e−2, 5e−2, 1e−1335

1}.1336

• ARIMA: We perform a grid search over p ∈1337

{12, 20, 30}, d ∈ {1, 2}, and q ∈ {0, 1, 2}.1338

• TCN: We perform a grid search over1339

input_chunk_length ∈ {10, 100, 400},1340

output_chunk_length ∈ {1, 10},1341

kernel_size ∈ {3, 5}, num_filters ∈ {1, 3},1342

and likelihood ∈ {Laplace,Gaussian}.1343

• N-BEATS: We perform a grid1344

search over input_chunk_length ∈1345

{10, 100, 400}, output_chunk_length ∈1346

{1, 10}, layer_widths ∈ {64, 16},1347

num_layers ∈ {1, 2}, and likelihood1348

∈ {Laplace,Gaussian}.1349

• N-HiTS: We perform a grid1350

search over input_chunk_length ∈1351

{10, 100, 400}, output_chunk_length ∈1352

{1, 10}, layer_widths ∈ {64, 16},1353

num_layers ∈ {1, 2}, and likelihood1354

∈ {Laplace,Gaussian}.1355

Note that we do not use the latest or most ad-1356

vanced LLMs, especially higher versions of Chat-1357

GPT, due to the cost issues. The expense of ad-1358

vanced ChatGPT models could be many times that1359

of the standard version. On the other hand, the1360

LLMs currently used are quite popular. These mod-1361

els have considerable representativeness and di-1362

versity. Furthermore, the focus of the study is to1363

explore whether adding noise to TS can enhance 1364

the forecasting ability of LLMs. We believe that 1365

the findings obtained on existing LLMs can provide 1366

valuable references and insights for the optimiza- 1367

tion of more advanced LLMs in the future. 1368

D.3 Access cost of different LLMs 1369

In Table 7, we present the access cost of different 1370

LLMs used for both prompt and completion tasks. 1371

Each model is listed with the associated costs for 1372

processing 1,000 tokens in prompt and completion 1373

tasks. We provide a clear comparison of the token 1374

pricing for both types of tasks, ranging from as low 1375

as $ 0.00021 per 1 K tokens to as high as $ 0.16 1376

per 1 K tokens. It is important to acknowledge that 1377

the table presents a single snapshot of historical 1378

pricing. Indeed, the pricing of LLMs is subject 1379

to flux, largely influenced by the competitive dy- 1380

namics within the commercial landscape of LLM 1381

providers. 1382

The cheapest models for prompts are the Qwen3- 1383

4B. The most expensive model for prompts and 1384

completion tokens is Claude-3.5-Opus, costing 1385

0.032 and 0.16 for 1,000 tokens. When choos- 1386

ing a model, it’s important to consider both the 1387

cost of prompts and completions. Some models are 1388

cheaper for prompts but not for completions, and 1389

vice versa. Practitioners should weigh the costs 1390

against the performance benefits to decide which 1391

model is best for their needs, especially when deal- 1392

ing with high volumes of data. 1393

D.4 Performance of diverse LLMs. 1394

Table 8 reports the performance of nine different 1395

LLMs, including GPT-4, GPT-3.5-Turbo-Instruct, 1396

Moonshot-V1-8k, Claude-3-Opus, Claude-3.5- 1397

Sonnet, Claude-3.5-Haiku, DeepSeek-V3, GLM-4- 1398

Air, and Qwen3-4B, under varying noise levels on 1399

the ETTh2 dataset. Due to space constraints, abbre- 1400

viated model names are used in the tables. Across 1401

most noise levels, all evaluated LLMs exhibit a 1402

certain degree of performance improvement com- 1403

pared to the Original condition. Most LLMs exhibit 1404

more noticeable performance improvements under 1405

low-noise conditions. For example, Claude-3.5- 1406

Sonnet and GLM-4-Air achieve the lowest errors 1407

at noise levels such as 0.001–0.005 compared to 1408

the original setting. This indicates that injecting 1409

noise with an appropriate intensity can effectively 1410

enhance the predictive performance. The sensi- 1411

tivity to noise varies significantly across models. 1412

Some maintain stable performance as the noise 1413
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LLMs Number of prompt tokens Prompt price Number of completion tokens Completion price

GPT-4 1 K $ 0.03 1 K $ 0.06
GPT-3.5-Turbo-Instruct 1 K $ 0.0015 1 K $ 0.002
Claude-3-Opus 1 K $ 0.032 1 K $ 0.16
Claude-3.5-Haiku 1 K $ 0.00233 1 K $ 0.01167
Claude-3.5-Sonnet 1 K $ 0.007 1 K $ 0.035
Deepseek-V3 1 K $ 0.0005 1 K $ 0.002
GLM-4-Air 1 K $ 0.0005 1 K $ 0.0005
Qwen3-4B 1 K $ 0.00021 1 K $ 0.00084

Table 7: Prices of LLMs for prompt and completion tasks.

level increases, while others experience noticeable1414

fluctuations. This disparity may stem from our1415

Off-the-Shelf setting without any fine-tuning or1416

additional pretraining, with the outcome largely in-1417

fluenced by the model’s architecture, scale, and the1418

diversity of its pretraining data.1419

D.5 Performances of different forecasting1420

horizons1421

We comprehensively evaluate the performance of1422

several forecasting models across two forecasting1423

horizons, 96 and 192, following the experimen-1424

tal settings established by LLMTime, using seven1425

widely adopted benchmark datasets. As shown1426

in Table 9 and Table 10, our model consistently1427

outperforms all baseline models at both horizons,1428

demonstrating strong adaptability and generaliza-1429

tion in capturing temporal features.1430

D.6 Comparative performance of noise levels1431

Our results are based on GPT-3.5-Turbo-1432

Instruction. As shown in Table 11, injecting noise1433

at various levels consistently improves forecasting1434

performance across all datasets compared to the1435

original input. However, sensitivity to noise levels1436

varies among datasets, and there is no single noise1437

level that universally optimizes performance. The1438

effectiveness of noise injection is influenced by1439

multiple factors, including data distribution, task1440

complexity, and model capacity. More specifically,1441

experiments demonstrate that moderate noise1442

levels (approximately 0.005 to 0.02) yield the best1443

performance improvements, as such noise helps1444

the model capture key features in the data and1445

enhances prediction accuracy. In contrast, higher1446

noise levels (e.g., 0.05) may excessively disrupt1447

the semantic structure of inputs. In future work,1448

we will focus on identifying the optimal noise level1449

and type tailored to different tasks.1450

D.7 Impact of sampling strategy 1451

To investigate how sampling strategies affect the 1452

robustness of LLMTime, we evaluate its perfor- 1453

mance on the ETTh2 dataset by varying both the 1454

trial count (1, 5, 10, 15, 20) and the aggregation 1455

method (mean vs. median). As shown in Ta- 1456

ble 12 and Table 13, the aggregation strategy and 1457

trial count jointly impact performance. Specifically, 1458

moderately increasing the trial count from 1 to 5 1459

or 10 generally leads to noticeable improvements 1460

in MSE and MAE, enhancing result stability and 1461

accuracy. However, further increases to 15 or 20 1462

yield diminishing returns. Moreover, median aggre- 1463

gation consistently produces better optimal results 1464

than mean aggregation, indicating its effectiveness 1465

in mitigating outliers and reducing variability. 1466

Balancing both model performance and com- 1467

putational cost, we adopt a trial count of 10 and 1468

median aggregation for our main experiments. 1469

D.8 Forecasting performance under different 1470

noise types 1471

Table 14 reports the MSE and MAE results of our 1472

method on the ETTh2 dataset. The evaluation is 1473

conducted under six different noise types: Uniform, 1474

Laplace, Geometric, Gamma, Beta, and Gaussian. 1475

The definitions of these noise distributions are pro- 1476

vided in Appendix B.1. 1477

D.9 Average forecasting performance of 1478

models 1479

For short- and long-term forecasting tasks, we eval- 1480

uate three major TS benchmarks: Darts, Memoriza- 1481

tion, and Autoformer, which contain 8, 3, and 7 1482

sub-datasets. For each benchmark, we report the 1483

average performance across its sub-datasets. For 1484

Autoformer, following the LLMTime setting, we 1485

present results for forecasting horizons of 96 and 1486

192 steps, as illustrated in Fig. 8 1487
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Noise Level GPT-4 GPT-3.5 Moonshot Claude-Opus Claude-Sonnet Claude-Haiku Deepseek GLM Qwen

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

Original 0.064 0.186 0.042 0.148 0.021 0.114 0.012 0.084 0.044 0.176 0.0169 0.095 0.0064 0.0648 0.024 0.128 0.273 0.355
0.001 0.033 0.144 0.043 0.146 0.015 0.099 0.011 0.080 0.007 0.065 0.0162 0.093 0.0064 0.0648 0.016 0.109 0.264 0.324
0.005 0.054 0.190 0.039 0.144 0.017 0.103 0.010 0.073 0.006 0.065 0.0148 0.091 0.0063 0.0636 0.007 0.064 0.260 0.311
0.01 0.047 0.166 0.039 0.138 0.013 0.085 0.008 0.072 0.035 0.151 0.0094 0.073 0.0064 0.0643 0.009 0.075 0.258 0.317
0.02 0.028 0.132 0.024 0.117 0.023 0.117 0.007 0.061 0.050 0.183 0.0091 0.070 0.0061 0.0625 0.008 0.071 0.265 0.331
0.05 0.060 0.180 0.037 0.146 0.015 0.103 0.008 0.064 0.033 0.147 0.0093 0.074 0.0063 0.0628 0.017 0.093 0.084 0.251

Table 8: MSE and MAE of LLMs on ETTh2 under varying noise levels. “Original” refers to results obtained using
LLMTime without noise injection for the same LLM.

Model ECL ETTh1 ETTh2 ETTm1 ETTm2 Traffic ILI

96 192 96 192 96 192 96 192 96 192 96 192 24 36

Informer 0.124 0.195 0.039 0.149 0.174 0.363 0.004 0.019 0.075 0.160 0.079 0.171 11.047 9.579
Autoformer 0.235 0.534 0.071 0.073 0.184 0.210 0.009 0.102 0.077 0.449 0.073 0.560 1.077 0.662
TimesNet 0.076 0.246 0.080 0.058 0.314 0.220 0.008 0.025 0.021 0.361 0.077 0.383 0.766 0.700
PatchTST 0.124 0.303 0.071 0.059 0.331 0.264 0.006 0.037 0.026 0.403 0.075 0.439 0.979 1.048
LLMTime 0.011 0.011 0.008 0.030 0.042 0.026 0.004 0.019 0.028 0.083 0.010 0.019 0.084 0.014
iTransformer 0.084 0.252 0.038 0.073 0.214 0.264 0.003 0.031 0.021 0.385 0.091 0.403 0.426 0.868
Ours 0.010 0.009 0.005 0.016 0.024 0.018 0.002 0.009 0.009 0.048 0.001 0.007 0.016 0.007

Table 9: MSE of different models across multiple datasets and forecasting horizons. Bold: the best result under
each forecasting horizon, Underline: the second best

Model ECL ETTh1 ETTh2 ETTm1 ETTm2 Traffic ILI

96 192 96 192 96 192 96 192 96 192 96 192 24 36

Informer 0.291 0.349 0.164 0.329 0.324 0.503 0.054 0.109 0.250 0.354 0.221 0.338 3.312 3.065
Autoformer 0.364 0.535 0.234 0.208 0.324 0.379 0.078 0.300 0.249 0.591 0.213 0.642 0.969 0.633
TimesNet 0.208 0.338 0.262 0.175 0.483 0.389 0.069 0.138 0.124 0.534 0.228 0.509 0.765 0.619
PatchTST 0.289 0.370 0.239 0.181 0.478 0.431 0.056 0.170 0.139 0.554 0.227 0.555 0.687 0.809
LLMTime 0.127 0.123 0.077 0.143 0.148 0.131 0.045 0.123 0.142 0.236 0.069 0.111 0.115 0.103
iTransformer 0.210 0.361 0.163 0.205 0.359 0.429 0.044 0.159 0.117 0.555 0.257 0.546 0.486 0.764
Ours 0.076 0.078 0.052 0.097 0.117 0.112 0.035 0.077 0.077 0.185 0.027 0.070 0.106 0.071

Table 10: MAE of different models across multiple datasets and forecasting horizons. Bold: the best result under
each forecasting horizon, Underline: the second best

Noise Level Traffic ETTh2 AusBeer GasRateCO2 MonthlyMilk

MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

Original 0.010 0.069 0.042 0.148 0.0011 0.026 0.038 0.160 0.0054 0.062
0.001 0.004 0.047 0.043 0.146 0.0009 0.024 0.034 0.150 0.0053 0.058
0.005 0.002 0.033 0.039 0.144 0.0007 0.020 0.025 0.124 0.0024 0.042
0.01 0.002 0.034 0.039 0.138 0.0008 0.021 0.019 0.106 0.0035 0.042
0.02 0.001 0.027 0.024 0.117 0.0008 0.022 0.022 0.121 0.0044 0.054
0.05 0.005 0.058 0.037 0.146 0.0011 0.025 0.035 0.151 0.0033 0.045

Table 11: MSE and MAE across different noise levels for multiple datasets. Bold: the best result for each dataset

Noise Level Trial count = 1 Trial count = 5 Trial count = 10 Trial count = 15 Trial count = 20
Median Mean Median Mean Median Mean Median Mean Median Mean

original 0.067 0.055 0.044 0.050 0.042 0.036 0.050 0.053 0.042 0.048
0.001 0.034 0.026 0.033 0.017 0.043 0.041 0.015 0.038 0.027 0.046
0.005 0.031 0.051 0.030 0.027 0.039 0.031 0.027 0.029 0.033 0.037
0.01 0.019 0.025 0.031 0.034 0.039 0.035 0.038 0.038 0.041 0.036
0.02 0.036 0.036 0.037 0.033 0.024 0.037 0.047 0.038 0.031 0.035
0.05 0.057 0.031 0.046 0.036 0.037 0.040 0.035 0.033 0.035 0.037

Table 12: MSE under different trial counts and aggregation methods. “Trial count” refers to the number of repeated
runs. “Mean” denotes averaging the results across all runs, while “Median” denotes taking the median across time
steps within each run.
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Noise Level Trial count = 1 Trial count = 5 Trial count = 10 Trial count = 15 Trial count = 20
Median Mean Median Mean Median Mean Median Mean Median Mean

original 0.198 0.181 0.147 0.163 0.148 0.153 0.179 0.177 0.159 0.169
0.001 0.160 0.127 0.137 0.103 0.146 0.157 0.093 0.150 0.129 0.164
0.005 0.133 0.167 0.138 0.136 0.144 0.135 0.121 0.130 0.139 0.154
0.01 0.111 0.137 0.137 0.138 0.138 0.146 0.150 0.147 0.154 0.146
0.02 0.163 0.159 0.130 0.137 0.117 0.148 0.174 0.152 0.132 0.148
0.05 0.186 0.124 0.172 0.143 0.146 0.146 0.144 0.142 0.140 0.144

Table 13: MAE under different trial counts and aggregation methods.

Noise Level Uniform Laplace Geometric Gamma Beta Gaussian

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

Original 0.046 0.173 0.036 0.147 0.044 0.160 0.038 0.155 0.046 0.172 0.042 0.148
0.001 0.031 0.146 0.027 0.133 0.024 0.123 0.025 0.120 0.028 0.124 0.043 0.146
0.005 0.034 0.149 0.024 0.118 0.040 0.154 0.034 0.144 0.036 0.139 0.039 0.144
0.01 0.036 0.154 0.032 0.133 0.043 0.152 0.030 0.137 0.040 0.154 0.039 0.138
0.02 0.025 0.119 0.035 0.136 0.024 0.120 0.031 0.139 0.039 0.139 0.024 0.117
0.05 0.030 0.134 0.027 0.131 0.034 0.141 0.028 0.121 0.034 0.137 0.037 0.146

Table 14: MSE and MAE under different noise types.Bold: the best result for each noise level.

D.10 Visualization of forecasting across all1488

datasets1489

Due to the limited page space, we selectively1490

present the forecasting plots.1491
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Datasets NLTS LLMTime N-HiTS N-BEATS TCN SM-GP ARIMA

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

Darts (avg.) 0.015 0.082 0.025 0.110 0.044 0.154 0.052 0.165 0.037 0.152 0.043 0.159 0.024 0.117
Memorization (avg.) 0.020 0.073 0.046 0.126 0.092 0.178 0.149 0.287 0.043 0.130 0.086 0.199 0.207 0.314

Table 15: Average zero-shot forecasting performance on the short-term benchmarks. Bold and underline: the best
and the second-best results.

Prediction Length NLTS iTransformer LLMTime PatchTST TimesNet Autoformer Informer

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

Autoformer-96 (avg.) 0.021 0.078 0.125 0.234 0.029 0.103 0.230 0.302 0.192 0.306 0.247 0.347 1.649 0.660
Autoformer-192 (avg.) 0.018 0.104 0.325 0.431 0.031 0.139 0.365 0.439 0.285 0.386 0.370 0.470 1.519 0.721

Table 16: Average zero-shot forecasting performance on the long-term benchmarks for different prediction lengths.
Bold and underline: the best and the second best results.
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Figure 8: Average zero-shot forecasting performance (MAE) across the Darts, Memorization, and Autoformer
benchmarks.
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(a) GPT 3.5 without NLTS (b) GPT 3.5 with NLTS (α = 0.01) (c) GPT 3.5 with NLTS (α = 0.02).

(d) GPT 3.5 without NLTS (e) GPT 3.5 with NLTS (α = 0.005) (f) GPT 3.5 with NLTS (α = 0.01).

(g) GPT 3.5 without NLTS (h) GPT 3.5 with NLTS (α = 0.01) (i) GPT 3.5 with NLTS (α = 0.02).

(j) GPT 3.5 without NLTS (k) GPT 3.5 with NLTS (α = 0.001) (l) GPT 3.5 with NLTS (α = 0.02).
Figure 9: Forecasting results of GPT-3.5 on multiple time series from the Darts dataset under different noise injection
levels. Each row corresponds to a specific dataset (AirPassengers, AusBeer, GasRateCO2, and HeartRate), with (a)
showing the original prediction without noise, and (b)–(c) showing predictions with increasing levels of noise (α).
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(a) GPT 3.5 without NLTS (b) GPT 3.5 with NLTS (α = 0.005) (c) GPT 3.5 with NLTS (α = 0.01).

(d) GPT 3.5 without NLTS (e) GPT 3.5 with NLTS (α = 0.01) (f) GPT 3.5 with NLTS (α = 0.02).

(g) GPT 3.5 without NLTS (h) GPT 3.5 with NLTS (α = 0.02) (i) GPT 3.5 with NLTS (α = 0.05).

(j) GPT 3.5 without NLTS (k) GPT 3.5 with NLTS (α = 0.02) (l) GPT 3.5 with NLTS (α = 0.05).
Figure 10: Forecasting results of GPT-3.5 on multiple time series from the Darts dataset under different noise
injection levels. Each row corresponds to a specific dataset (MonthlyMilk, Sunspots, Wine, Woolly), with (a)
showing the original prediction without noise, and (b)–(c) showing predictions with increasing levels of noise (α).
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(a) GPT 3.5 without NLTS (b) GPT 3.5 with NLTS (α = 0.02) (c) GPT 3.5 with NLTS (α = 0.05).

(d) GPT 3.5 without NLTS (e) GPT 3.5 with NLTS (α = 0.005) (f) GPT 3.5 with NLTS (α = 0.02).

(g) GPT 3.5 without NLTS (h) GPT 3.5 with NLTS (α = 0.02) (i) GPT 3.5 with NLTS (α = 0.05).
Figure 11: Forecasting results of GPT-3.5 on multiple time series from the Memorization dataset under different
noise injection levels. Each row corresponds to a specific dataset (IstanbulTraffic, TSMCStock, TurkeyPower), with
(a) showing the original prediction without noise, and (b)–(c) showing predictions with increasing levels of noise
(α).
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(a) GPT 3.5 without NLTS (b) GPT 3.5 with NLTS (α = 0.001) (c) GPT 3.5 with NLTS (α = 0.001).

(d) GPT 3.5 without NLTS (e) GPT 3.5 with NLTS (α = 0.01) (f) GPT 3.5 with NLTS (α = 0.02).

(g) GPT 3.5 without NLTS (h) GPT 3.5 with NLTS (α = 0.005) (i) GPT 3.5 with NLTS (α = 0.02).
Figure 12: Forecasting results of GPT-3.5 on multiple time series from the Autoformer dataset under different noise
injection levels. Each row corresponds to a specific dataset (Electricity, Traffic, ILI), with (a) showing the original
prediction without noise, and (b)–(c) showing predictions with increasing levels of noise (α).
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(a) GPT 3.5 without NLTS (b) GPT 3.5 with NLTS (α = 0.005) (c) GPT 3.5 with NLTS (α = 0.01).

(d) GPT 3.5 without NLTS (e) GPT 3.5 with NLTS (α = 0.01) (f) GPT 3.5 with NLTS (α = 0.02).

(g) GPT 3.5 without NLTS (h) GPT 3.5 with NLTS (α = 0.005) (i) GPT 3.5 with NLTS (α = 0.01).

(j) GPT 3.5 without NLTS (k) GPT 3.5 with NLTS (α = 0.001) (l) GPT 3.5 with NLTS (α = 0.005).
Figure 13: Forecasting results of GPT-3.5 on multiple time series from the Autoformer dataset under different noise
injection levels. Each row corresponds to a specific dataset (ETTh1, ETTh2, ETTm1, ETTm2), with (a) showing
the original prediction without noise, and (b)–(c) showing predictions with increasing levels of noise (α).
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