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Abstract

Recent advances in large language models001
(LLMs) have demonstrated their strong gen-002
eralization ability across diverse reasoning and003
prediction tasks. However, directly applying004
LLMs to time-series forecasting remains chal-005
lenging due to their sensitivity to prompt design006
and lack of domain-specific adaptation. In this007
work, we explore prompt optimization for time-008
series forecasting through a systematic frame-009
work that enables self-refining prompt improve-010
ment for LLMs. Our method iteratively im-011
proves prompt quality by first searching for sim-012
ilar multivariate historical time-series segments013
and then automatically updating the prompt014
from LLM’s feedback, enabling the model to015
identify more informative and structured in-016
structions for temporal reasoning. We con-017
duct extensive experiments across multiple real-018
world datasets from energy, weather, finance,019
etc. domains, and demonstrate that optimized020
prompts lead to consistent and significant im-021
provements over standard zero-shot and few-022
shot baselines. The results highlight the poten-023
tial of prompt-based adaptation as an efficient024
alternative to parameter fine-tuning for apply-025
ing LLMs in quantitative forecasting tasks.026

1 Introduction027

Large language models (LLMs) have shown strong028

reasoning and generalization capabilities, motivat-029

ing recent efforts to extend them to structured and030

quantitative domains such as time series forecast-031

ing (Bumb et al., 2025). Framing forecasting as032

a natural-language reasoning task offers a flexi-033

ble and interpretable alternative to traditional mod-034

els; however, its effectiveness is constrained by035

complex temporal dynamics and the sensitivity of036

LLMs to prompt design. Time series data often037

exhibit rich patterns including trends, seasonality,038

and stochastic fluctuations that demand careful con-039

textual reasoning. Unlike task-specific forecasting040

models trained on labeled data, LLM based fore-041

Figure 1: Overview of RAGPOT memory–driven fore-
casting framework.
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Figure 2: Cross dataset performance comparison of our
approach using 1-normalized MSE

casters rely entirely on prompts to infer task struc- 042

ture, making them particularly vulnerable to small 043

variations in prompt wording or structure, which 044

can significantly limit robustness and generaliza- 045

tion across datasets and forecasting horizons. 046

Recent work has explored iterative prompt refine- 047

ment to reduce manual prompt engineering, notably 048

through test-time optimization frameworks (Jalori 049

et al., 2025). While effective, these methods op- 050

erate on raw numerical sequences, implicitly as- 051

suming that LLMs can reason over time-series val- 052

ues as reliably as text. In contrast, we posit that 053

representing historical temporal behavior through 054

natural-language abstractions provides a more suit- 055

able interface for LLM-based forecasting than di- 056
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Figure 3: Architecture of the proposed RAGPOT frame-
work.

rect numerical retrieval.057

Motivated by this insight, we propose RAGPOT,058

a retrieval-augmented and generative prompt op-059

timization framework that reinterprets historical060

time-series reasoning through a semantic memory061

perspective, as illustrated in 1. Instead of retrieving062

raw numerical segments at inference time, RAG-063

POT constructs a natural-language memory bank064

by converting historical segments into concise se-065

mantic descriptions during training. In inference, a066

forecasting agent composes prompts from the most067

relevant memory, while a refinement agent itera-068

tively diagnoses forecasting errors and provides069

natural-language feedback to improve the reason-070

ing context.071

By unifying semantic memory construction,072

memory-driven forecasting, and iterative diagnos-073

tic refinement into a single workflow, our frame-074

work eliminates explicit numerical retrieval, re-075

duces inference complexity, and improves inter-076

pretability through human-readable memory repre-077

sentations, while preserving the benefits of iterative078

prompt optimization.079

We evaluate RAGPOT across six benchmark080

datasets using mean squared error (MSE). Figure 2081

presents 1 – min–max normalized MSE in a radar-082

chart format, where larger enclosed areas indicate083

stronger and more consistent performance across084

datasets. RAGPOT and its multivariate variant085

achieve the largest overall areas, demonstrating086

robust generalization across diverse temporal char-087

acteristics.088

2 Approach089

In this section, we present our proposed approach.090

We summarize the approach in Algorithm 1 and091

provide the intuitive architecture in Figure 3. 092

2.1 Framework Overview 093

We propose LLM-based Retrieval-Augmented and 094

Generative Prompt Optimization for Time-Series 095

Forecasting (RAGPOT), a retrieval-augmented, 096

zero-shot forecasting framework that that explicitly 097

optimizes natural language prompts to reformulate 098

time series prediction as a reasoning task for frozen 099

large language models (LLMs). Instead of requir- 100

ing learned domain-specific parameters, the system 101

builds a compact semantic memory from histor- 102

ical data and employs iterative, feedback-driven 103

prompt refinement to adapt forecasting behavior at 104

test time. The framework consists of three cooperat- 105

ing agentsthe Memory Bank Agent, the Forecaster 106

Agent, and the Refinement Agent. 107

At a high level, our approach is motivated by the 108

observation that LLMs are far more effective at rea- 109

soning over structured natural-language concepts 110

than over raw numeric sequences. Thus, our system 111

constructs a semantic representation of historical 112

patterns: each segment of the training series is an- 113

notated with a concise natural language description 114

summarizing its trend, volatility, and characteristic 115

future behavior. This enriched memory enables 116

the LLM to perform analogical reasoning over lin- 117

guistically meaningful abstractions of time-series 118

shape. The key idea is to steer a pretrained LLM 119

using structured prompts enriched by: 120

1. Memory Bank Agent — retrieves semanti- 121

cally and statistically similar historical pat- 122

terns using an adaptive, correlation-weighted 123

similarity function (Section 2.3.1) 124

2. Forecasting Agent — converts the contextual 125

statistics and retrieved exemplars into a struc- 126

tured natural-language prompt for forecasting 127

(Section 2.3.2) 128

3. Refinement Agent — iteratively assesses the 129

coherence of the generated forecast and cor- 130

rects the prompt through diagnostic feedback 131

(Section 2.3.3) 132

Collectively, RAGPOT formulates time series 133

forecasting as an iterative natural language rea- 134

soning process, in which a semantic memory con- 135

structed by the Memory Bank Agent guides extrap- 136

olation, and diagnostic feedback generated by the 137

Refinement Agent progressively sharpens predic- 138

tive behavior. This design enables frozen LLMs 139
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to adapt to new time-series regimes in an efficient140

and interpretable manner, while avoiding the brit-141

tleness of numeric nearest-neighbor retrieval and142

the rigidity of static prompts.143

2.2 Problem Formulation144

Before introducing the details of our method, we145

first formalize the time series forecasting problem146

considered in this work. Specifically, we define147

the forecasting setup, notation, and assumptions148

under which our prompt optimization framework149

operates.150

Time Series Forecasting Setup: Let151

X = {x1, x2, . . . , xT }152

denote a univariate time series. For forecasting, we153

assume a context window of length L:154

xctx = {xt−L+1, . . . , xt}.155

The goal is to produce an H step forecast:156

Ŷ = {ŷ1, ..., ŷH}.157

where ŷh ≈ xT+h. We evaluate forecasting quality158

using a generic loss (error) functional ℓ:159

ℓ : RH × RH → R≥0160

where the functional ℓ can instantiate MAE, RMSE,161

pinball loss, CRPS, or any other proper scoring rule162

depending on the forecasting objective.163

Prompt-conditioned Forecasting with LLMs:164

We model an LLM forecaster as a prompt-165

conditioned function166

Ŷ = FORECASTERLLM
(
P, Xctx, Dk, H

)
,167

where P ∈ P is a natural-language prompt, Dk168

denotes retrieved descriptions from the memory169

bank(e.g., the top -K most similar historical seg-170

ments), and H is the forecasting horizon. The LLM171

parameters are frozen throughout the process.172

Given a prompt P , the forecasting loss E is173

E(P ) = ℓ
(
Ŷ ,Xt:t+H

)
.174

Prompt Optimization Objective:175

Unlike conventional forecasting methods that176

optimize model parameters, our objective is to opti-177

mize the prompt itself. Given a dataset X , retrieval178

memory M, and loss function ℓ, we seek an opti-179

mized prompt180

P ∗ = arg min
P∈P

Et∼T [Et(P )] ,181

where T indexes forecasting windows sampled 182

from the dataset. 183

Iterative Prompt Refinement: 184

Starting from an initial prompt P0, the optimiza- 185

tion proceeds iteratively. At refinement iteration r, 186

the LLM produces a forecast 187

Ŷ(r) = FORECASTERLLM
(
P (r), Xctx, Dk, H

)
188

with corresponding loss 189

E(r) = ℓ
(
Ŷ(r),Xt:t+H

)
. 190

Based on forecast error and ground truth, 191

a refinement module generates feedback via 192

REFINELLM(Ŷ (r), Xt:t+H , E(r)) that updates the 193

prompt: 194

P (r+1) = U
(
P (r), Feedback(r)

)
, 195

where U(·) denotes a prompt update operator in- 196

stantiated by APPLYFEEDBACKTOPROMPT in Al- 197

gorithm 1. 198

We maintain the best-performing prompt: 199

Pbest = argmin
r

E(r), 200

which is returned by Algorithm 1 and used to gen- 201

erate the final forecast. 202

2.3 RAGPOT 203

RAGPOT consists of three cooperating agents that 204

communicate entirely through natural-language in- 205

structions: the Memory Bank Agent, the Fore- 206

casting Agent, and the Refinement Agent. Each 207

agent encapsulates a logically distinct part of the 208

pipeline. Below, we summarize the responsibilities 209

of each agent and indicate where its behavior is 210

implemented in the algorithms. 211

2.3.1 Memory Bank Agent 212

The Memory Bank Agent constructs a compact li- 213

brary of representative historical segments by sam- 214

pling the training series at approximately uniform 215

intervals, instead of enumerating all sliding win- 216

dows. For each sampled segment si, the agent 217

queries an LLM to produce a natural-language de- 218

scription di, and the pair (si, di) is stored in the 219

memory bank. This procedure is implemented 220

in the BUILDMEMORYBANK function of Algo- 221

rithm 2 (lines 1–9), where the step size ∆ is chosen 222

such that the N memory entries are spread roughly 223

evenly across the training series. 224
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Algorithm 1 RAGPOT
Input: Training data X , Historical series X1:t−1, Horizon H , Initial prompt P0, Context length Lctx, Sequence length Lseq ,

Memory bankM, Number of segments K, Max iterations Niter, Convergence threshold ϵconv, Diagnostic tolerance τdiag,
loss function ℓ (MAE, RMSE, etc),

Output: Optimized prompt Pout

1: Pcurr ← P0; Pbest ← P0; Emin ←∞; Ŷbest ← nil; Xctx ← Xt−Lctx:t−1; Instr ← [ ]
2: M← BUILDMEMORYBANK(X) ▷ Algorithm 2 store time series segmentation, and corresponding natural language

description
3: for r = 1 to Niter do
4: Dk ← RETRIEVE(Xctx,M,K) ▷ Fetch top-K description for the most similar segments with Xctx

5: Ŷ (r) ← FORECASTERLLM(Pcurr, Xctx, Dk, H)

6: E(r) ← ℓ(Ŷ (r), Xt:t+H)

7: if E(r) < Emin then
8: Emin ← E(r), Pbest ← Pcurr, Ŷbest ← Ŷ (r)

9: if |E(r)−E(r−1)|
E(r−1) < ϵconv then break ▷ Early stop: diagnostics and MAE have converged

10: Feedback← REFINELLM(Ŷ (r), Xt:t+H , E(r))
11: Instr ← Instr ∪ {Feedback} ▷ Append refinement feedback to instruction buffer
12: Pcurr ← APPLYFEEDBACKTOPROMPT(Pcurr, Instr) ▷ Update prompt using accumulated instructions (Sec. 2.3.3)
13: return Pbest

Algorithm 2 Agent 1: Memory Bank Agent
Input: Training series X = {x1, . . . , xT }, segment number

N , segment length τ , number of retrieved segments K
Output: Memory bankM and retrieval set Dj for a given

context window Xctx

1: function BUILDMEMORYBANK(X)
2: InitializeM← ∅
3: A← T − τ + 1
4: ∆← max (1, ⌊A/N⌋)
5: for i = 1 to A step ∆ do
6: si ← {xi, . . . , xi+τ−1}
7: di ← DESCRIBE(si)
8: M←M∪ {(si, di)}
9: returnM

10: function RETRIEVE(Xctx,M,K)
11: dctx ← DESCRIBECONTEXT(Xctx)
12: for each (sj , dj) ∈M do
13: scorej ← Pearson(sj , sctx)

14: Dj ← top-K items ranked by scorej
15: return Dj

At inference time, the agent retrieves those mem-225

ories whose descriptions are most similar to the226

current context window Xctx. The retrieval pro-227

cedure is implemented in the RETRIEVE function228

of Algorithm 2 (lines 10–15). The agent first con-229

structs a description dctx of Xctx, then computes230

a Pearson-correlation similarity between the raw231

numeric segments sj and sctx. The top-K descrip-232

tions ranked by this score form the retrieval set Dj ,233

which is passed to the Forecasting Agent to condi-234

tion its prediction. The complete prompt template235

used by the Memory Bank Agent is provided in236

Appendix F (Figure 9)237

2.3.2 Forecasting Agent 238

The Forecasting Agent is responsible for produc- 239

ing an H-step forecast from the current context 240

window and the retrieved analog memories, condi- 241

tioned on the accumulated refinement instructions. 242

Its behavior is captured in Algorithm 1. At iteration 243

r, the agent receives the current prompt Pcurr, the 244

context window Xctx, the retrieval set Dk returned 245

by the Memory Bank Agent, and the forecast hori- 246

zon H . The working prompt Pcurr always encodes 247

four pieces of information: 248

1. a numeric summary of the recent context Xctx, 249

2. natural-language descriptions of the retrieved 250

analog segments Dk, 251

3. the task specification and horizon H , 252

4. the current instruction buffer Instr , which ag- 253

gregates all feedback produced by the Refine- 254

ment Agent in previous iterations. 255

Given this prompt, the FORECASTERLLM call 256

in Algorithm 1 (lines 5) queries the frozen LLM 257

to obtain an H-step prediction Ŷ (r). The forecast 258

Ŷ (r) is then evaluated against the ground-truth win- 259

dow Xt:t+H (line 6), and if it improves upon the 260

best loss observed so far, the corresponding prompt 261

Pcurr is stored as the current best prompt (lines 7– 262

8). In the next iteration, the Forecasting Agent 263

uses the updated Pcurr, whose instruction compo- 264

nent has been augmented by the Refinement Agent, 265

enabling the LLM to progressively adjust its rea- 266

soning behavior over time. The complete prompt 267

template used by the Forecaster Agent is provided 268

in Appendix F (Figure 10) 269
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2.3.3 Refinement Agent270

The Refinement Agent implements the feedback271

mechanism that enables RAGPOT to improve its272

forecasts across iterations without updating model273

parameters. After the Forecasting Agent produces274

the current prediction Ŷ (r) and the correspond-275

ing error E(r) is computed (line 6), the Refine-276

ment Agent examines the forecast together with277

the ground-truth window Xt:t+H and generates tar-278

geted natural-language feedback.279

This process is carried out by the REFINELLM280

call in Algorithm 1 (line 10), which prompts the281

LLM to identify structural inconsistencies such282

as incorrect trend direction, volatility mismatch,283

boundary discontinuities, or deviations from pat-284

terns present in the recent context. Instead of over-285

writing prior messages, the resulting feedback snip-286

pet is appended to the instruction buffer Instr , al-287

lowing refinement signals to accumulate across it-288

erations.289

In line 12 of Algorithm 1, the updated instruc-290

tion buffer is merged back into the working prompt291

through the APPLYFEEDBACKTOPROMPT proce-292

dure. The resulting prompt Pcurr is then passed293

to the next iteration of the Forecasting Agent, en-294

abling the LLM to adjust its reasoning trajectory295

based on the accumulated diagnostics. Through296

this iterative prompt-space update mechanism, the297

Refinement Agent gradually steers the LLM toward298

more accurate and structurally coherent predictions299

without requiring any gradient-based training or300

modification of the underlying model parameters.301

The complete prompt template used by the Refiner302

Agent is provided in Appendix F (Figure 11)303

2.4 RAGPOT (MV)304

We also developed another variant of RAGPOT for305

multivariate forecasting settings. Let the multivari-306

ate series be307

Xt =
(
x
(1)
t , x

(2)
t , . . . , x

(V )
t

)
,308

where x(1)t is the target variable and x
(2:V )
t are aux-309

iliary variables. The goal remains to forecast the tar-310

get over horizon H using the same iterative prompt311

optimization procedure as in Algorithm 1.312

In the univariate setting, the Memory Bank313

Agent ranks memory segments using similarity314

computed only on the target series (Algorithm 2,315

line 10–15). In RAGPOT (MV), we modify the316

scoring step in RETRIEVE to incorporate auxiliary317

variables by computing per-variable Pearson simi- 318

larities and aggregating them: 319

scoreMV
j = 0.5 · Pearson

(
s
(1)
j , s

(1)
ctx

)
+ 0.5 · 1

V − 1

V∑
v=2

Pearson
(
s
(v)
j , s

(v)
ctx

)
,

320

The fixed weighting is used as a naive yet stable 321

choice in our current experiments. The top-K items 322

ranked by scoreMV
j form the retrieval set Dk, used 323

in Algorithm 1 at line 4. 324

We further augment the Refinement Agent by 325

conditioning diagnostic feedback on the multivari- 326

ate trajectories. Concretely, we modify the RE- 327

FINELLM call in Algorithm 1 (line 10) to take the 328

auxiliary-variable window X
(2:V )
t:t+H in addition to 329

the target forecast and ground truth. This enables 330

the refiner to detect cross-variable inconsistencies. 331

RAGPOT (MV) is effective when forecasting 332

performance depends on capturing joint patterns 333

across variables, so multivariate similarity im- 334

proves retrieval and multivariate diagnostics im- 335

prove prompt refinement. 336

3 Experiments 337

In this section, we systematically investigate our 338

approach across a diverse set of forecasting tasks. 339

3.1 Experimental Setup 340

Across all experiments, forecasting is formulated 341

as a prediction task conditioned on a fixed-length 342

historical context, without any parameter training 343

or fine-tuning of the underlying large language 344

model. Unless otherwise mentioned, we adopt a 345

rolling-origin evaluation scheme to construct multi- 346

ple forecasting windows from the held-out portion 347

of each time series. Specifically, the first 10% of 348

each series is reserved for training, and all remain- 349

ing timestamps are used for evaluation through 350

rolling windows. Each input window consists of 351

the most recent 96 observations (context length 352

= 96), and the prediction target covers the next 353

h ∈ {1, 2, 4, 8, 16, 32} steps (prediction length). 354

Starting from the earliest available evaluation point, 355

the forecast origin is advanced by 30 timestamps 356

(stride = 30). To balance temporal diversity and 357

computational cost, we cap the number of sampled 358

windows per series at 100 (max_windows = 100). 359

This setup ensures consistent context–forecast pairs 360

across all horizons, enabling a fair comparison un- 361

der both short- and long-term forecasting settings. 362
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Figure 4: Percent improvement of our RAGPOT-MV
compared to the other approaches. Notably, our ap-
proaches significantly improve over the others.

Baselines. We compare RAGPOT against five363

baselines spanning two categories: single-prompt364

LLM forecasting methods and prompt optimiza-365

tion approaches. In particular, we compared our366

approaches to LLMTime (Gruver et al., 2024),367

Time-LLM (Jin et al., 2024), PromptCast (Bumb368

et al., 2025), PatchInstruct (Bumb et al., 2025),369

and FLAIRR-TS (Jalori et al., 2025). Further im-370

plementation details are provided in Appendix B.371

Benchmark Datasets. We evaluate RAGPOT on372

six widely used time-series forecasting benchmarks373

spanning diverse temporal resolutions, domains,374

and dynamics: ETTh1, ETTh2, ETTm1, ETTm2,375

Weather, and Exchange Rate. Table 3 reports key376

statistics for all six datasets, including the number377

of variables, sampling frequency, sequence length,378

and application domain. Across datasets, we follow379

standard experimental protocols, using all available380

variables as model inputs and adopting commonly381

used target variables for evaluation. More detailed382

dataset descriptions are provided in Appendix C.383

Metrics. We evaluate forecasting performance384

using Mean Squared Error (MSE) and and Mean385

Absolute Error (MAE). All metrics are computed386

on z-score normalized series, where each forecast387

window is standardized using statistics from its388

corresponding context window. This normaliza-389

tion ensures fair comparison across datasets with390

different scales and prevents high-variance series391

from dominating absolute error values. Evaluating392

in the normalized domain provides consistent and393

meaningful metrics across horizons and datasets.394

3.2 Results395

In this section, we compare our approaches to the396

state-of-the-art baselines across six datasets from397

a wide range of domains. The full results are pro- 398

vided in Table 2. For the overall results, please 399

see Table 1 where we average MSE and MAE for 400

all approaches across all datasets. Notably, we 401

find that our approaches almost always achieve the 402

best average performance across all benchmarks 403

and horizons (Table 1). RAGPOT (MV) achieves 404

the best forecasting performance compared to all 405

other approaches for each horizon, as shown in Ta- 406

ble 1. Furthermore, in nearly all cases, our other 407

simpler approach, called RAGPOT, achieves the 408

next best performance compared to the other state- 409

of-the-art baselines (Table 1). We see that across 410

all forecasting horizons, our approaches, RAGPOT- 411

MV and RAGPOT achieve the best and second 412

best average performance (Table 1 last row). Fur- 413

ther, we summarize the percent improvement of 414

our approach, RAGPOT-MV across all other meth- 415

ods in Figure 4. Strikingly, our approach achieves 416

non-trivial improvements in performance across all 417

state-of-the-art methods, achieving a mean percent 418

improvement in performance over the best baseline 419

method of 35% (FLAIRR-TS) in terms of MSE 420

and 15.8% in terms of MAE (TimeLLM). 421

To investigate how the performance of our ap- 422

proaches scales with forecast length, Table 1 aggre- 423

gates errors across all datasets for each horizon. We 424

find that our approach, RAGPOT (MV), attains the 425

lowest MAE at every horizon, and its advantage be- 426

comes more pronounced at longer horizons, indicat- 427

ing improved long-range stability. When the fore- 428

casting horizon is small, all methods rely predom- 429

inantly on local temporal patterns. In this regime, 430

RAGPOT approaches perform competitively across 431

datasets and consistently rank among the best ap- 432

proaches (Table 1). As the prediction horizon in- 433

creases, the models must capture broader structural 434

cues rather than rely solely on immediate local con- 435

tinuity, and this is where our approaches achieve 436

the most reliable performance across datasets under 437

both MSE and MAE (Table 1). The integration of 438

semantic analog descriptions helps preserve mean- 439

ingful trend direction, volatility regimes, and future 440

behavior, allowing the forecasts to remain coherent 441

even when temporal dependencies extend beyond 442

the observed window. 443

3.3 Ablation Study 444

We conduct several ablation experiments to better 445

understand the effectiveness of each component. 446

Memory Bank Ablation: As shown in Figure 7, 447
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Table 1: Forecasting results averaged across datasets for each forecasting horizon. Lower values indicate better
performance. The final row reports the overall average across all horizons and datasets.

RAGPOT RAGPOT (MV) FLAIRR-TS TimeLLM LLMTime PromptCast PatchInstruct

Horizon MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

Horizon Avg

1 0.048 0.107 0.027 0.093 0.107 0.158 0.049 0.117 0.518 0.392 0.098 0.124 0.074 0.158
2 0.061 0.129 0.039 0.114 0.116 0.174 0.059 0.127 0.516 0.404 0.105 0.142 0.076 0.162
4 0.092 0.170 0.069 0.153 0.145 0.208 0.099 0.174 0.532 0.427 0.130 0.179 0.117 0.198
8 0.167 0.238 0.144 0.220 0.219 0.269 0.184 0.243 0.594 0.466 0.215 0.248 0.303 0.279

16 0.312 0.340 0.271 0.318 0.343 0.359 0.419 0.374 0.684 0.518 0.415 0.364 0.491 0.371
32 0.539 0.465 0.387 0.408 0.513 0.468 0.653 0.517 0.743 0.565 0.779 0.525 0.711 0.486

Overall Avg — 0.203 0.242 0.156 0.218 0.240 0.273 0.244 0.259 0.598 0.462 0.290 0.264 0.295 0.275

Table 2: Forecasting results across multiple datasets and horizons.

RAGPOT RAGPOT (MV) FLAIRR-TS TimeLLM LLMTime PromptCast PatchInstruct

Datasets Horizon MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

ETTh1

1 0.023 0.097 0.015 0.083 0.069 0.185 0.024 0.102 0.316 0.399 0.018 0.089 0.032 0.116
2 0.025 0.111 0.019 0.097 0.065 0.184 0.014 0.088 0.315 0.407 0.022 0.104 0.035 0.125
4 0.038 0.137 0.031 0.123 0.073 0.196 0.027 0.122 0.327 0.420 0.035 0.134 0.046 0.150
8 0.070 0.189 0.058 0.171 0.097 0.229 0.053 0.165 0.350 0.433 0.071 0.188 0.078 0.199

16 0.129 0.260 0.105 0.236 0.163 0.290 0.105 0.232 0.356 0.442 0.138 0.269 0.125 0.259
32 0.188 0.325 0.121 0.264 0.249 0.349 0.256 0.362 0.329 0.436 0.250 0.366 0.206 0.328

Avg 0.079 0.186 0.058 0.162 0.119 0.239 0.080 0.178 0.332 0.423 0.089 0.192 0.087 0.196

ETTh2

1 0.152 0.230 0.086 0.200 0.286 0.308 0.153 0.223 0.373 0.405 0.107 0.138 0.275 0.380
2 0.200 0.287 0.131 0.258 0.322 0.348 0.186 0.245 0.423 0.450 0.136 0.182 0.286 0.395
4 0.307 0.383 0.246 0.358 0.432 0.434 0.351 0.364 0.518 0.513 0.222 0.267 0.443 0.487
8 0.591 0.546 0.557 0.532 0.736 0.597 0.619 0.506 0.804 0.646 0.540 0.451 0.811 0.666

16 1.032 0.751 0.980 0.741 1.121 0.788 0.983 0.678 1.083 0.764 1.249 0.729 1.031 0.765
32 1.519 0.882 0.914 0.730 1.288 0.873 0.962 0.709 1.065 0.781 2.054 0.954 1.182 0.829

Avg 0.633 0.513 0.486 0.470 0.697 0.558 0.542 0.454 0.711 0.593 0.718 0.454 0.671 0.587

ETTm1

1 0.006 0.050 0.008 0.056 0.022 0.077 0.004 0.046 0.099 0.225 0.003 0.043 0.014 0.072
2 0.011 0.058 0.011 0.060 0.026 0.084 0.005 0.051 0.102 0.232 0.007 0.050 0.019 0.075
4 0.017 0.070 0.015 0.069 0.031 0.095 0.010 0.065 0.101 0.237 0.013 0.065 0.023 0.085
8 0.023 0.090 0.019 0.088 0.033 0.112 0.018 0.085 0.101 0.241 0.021 0.092 0.028 0.106

16 0.036 0.126 0.031 0.123 0.048 0.147 0.036 0.126 0.114 0.253 0.038 0.135 0.041 0.141
32 0.076 0.190 0.064 0.176 0.097 0.213 0.083 0.199 0.122 0.261 0.097 0.210 0.066 0.183

Avg 0.028 0.097 0.025 0.095 0.043 0.121 0.026 0.095 0.106 0.242 0.030 0.099 0.032 0.110

ETTm2

1 0.048 0.084 0.010 0.053 0.167 0.155 0.016 0.057 0.158 0.171 0.117 0.102 0.019 0.099
2 0.052 0.100 0.013 0.070 0.173 0.170 0.019 0.068 0.152 0.176 0.119 0.114 0.019 0.100
4 0.067 0.139 0.028 0.109 0.190 0.206 0.030 0.100 0.164 0.204 0.131 0.146 0.041 0.140
8 0.108 0.205 0.067 0.177 0.228 0.268 0.050 0.148 0.197 0.254 0.162 0.204 0.097 0.218

16 0.225 0.316 0.178 0.296 0.310 0.361 0.152 0.259 0.258 0.336 0.270 0.317 0.242 0.350
32 0.547 0.513 0.482 0.498 0.589 0.548 0.463 0.463 0.434 0.476 0.681 0.545 0.550 0.552

Avg 0.175 0.226 0.130 0.201 0.276 0.285 0.122 0.182 0.227 0.270 0.247 0.238 0.161 0.243

Weather

1 0.038 0.107 0.022 0.086 0.043 0.113 0.062 0.145 1.020 0.531 0.194 0.216 0.055 0.151
2 0.051 0.128 0.031 0.106 0.056 0.134 0.051 0.143 1.006 0.547 0.190 0.226 0.051 0.150
4 0.071 0.167 0.046 0.138 0.070 0.165 0.076 0.172 1.008 0.574 0.209 0.258 0.077 0.178
8 0.119 0.223 0.083 0.188 0.111 0.215 0.136 0.238 1.029 0.600 0.273 0.305 0.145 0.242

16 0.261 0.324 0.174 0.273 0.215 0.301 0.283 0.348 1.170 0.662 0.426 0.394 0.294 0.349
32 0.570 0.507 0.445 0.441 0.480 0.451 0.648 0.543 1.249 0.732 0.933 0.599 0.665 0.546

Avg 0.185 0.243 0.134 0.205 0.163 0.230 0.209 0.265 1.080 0.608 0.371 0.333 0.214 0.269

Exchange

1 0.021 0.075 0.021 0.081 0.052 0.111 0.034 0.131 1.141 0.621 0.147 0.158 0.051 0.130
2 0.028 0.091 0.027 0.092 0.056 0.124 0.078 0.169 1.099 0.614 0.154 0.176 0.048 0.124
4 0.049 0.125 0.047 0.122 0.072 0.152 0.097 0.219 1.075 0.614 0.171 0.206 0.069 0.146
8 0.091 0.177 0.081 0.165 0.109 0.195 0.230 0.317 1.083 0.622 0.221 0.248 0.658 0.240

16 0.187 0.265 0.158 0.237 0.198 0.269 0.957 0.604 1.121 0.650 0.372 0.339 1.216 0.361
32 0.334 0.371 0.293 0.337 0.375 0.371 1.507 0.828 1.257 0.701 0.661 0.475 1.597 0.477

Avg 0.118 0.184 0.104 0.172 0.144 0.204 0.484 0.378 1.129 0.637 0.288 0.267 0.606 0.246

removing the memory bank causes forecasting er-448

rors to grow rapidly with horizon length, indicating449

that the model over-relies on short-term continuity.450

Incorporating memory stabilizes long-range behav- 451

ior by providing historical structural constraints, 452

yielding significantly flatter error curves. 453
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Figure 5: Results showing the performance and runtime
of our approach as the max number of iterations varies.

Varying Top-k Retrieval Size. As shown in454

Figure 8, Very small k values underprovide con-455

text, while very large values introduce noise from456

weakly relevant segments. A moderate k achieves457

the best balance between relevant structural cues458

and retrieval precision.459

Varying Iterations of Prompt Optimization:460

As shown in Figure 5, Most of the performance461

gain occurs within the first few refinement steps,462

with diminishing returns afterward. Longer hori-463

zons benefit more from additional iterations, while464

runtime scales nearly linearly with iteration count.465

Multivariate Addition: Incorporating auxiliary466

variables consistently improves performance when467

cross-variable correlations are meaningful, espe-468

cially at longer horizons. However, gains diminish469

when auxiliary signals are weak or noisy, indicating470

dataset-dependent utility.471

Alternative LLMs: We compare RAGPOT472

under GPT-4.1-mini and DeepSeek-R1-0528 and473

find that both backbones produce similar accuracy474

trends, indicating that the framework is largely475

backbone-agnostic, shown in Figure 6 . GPT-4.1-476

mini provides more stable performance across hori-477

zons, while DeepSeek occasionally achieves lower478
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Figure 6: Results comparing our approach with various
base LLMs.

short-term errors but with higher variance. Overall, 479

the gains mainly stem from the RAGPOT frame- 480

work itself, with backbone choice affecting stability 481

rather than predictive pattern. 482

4 Conclusion 483

In this work, we introduced a retrieval-augmented 484

prompt optimization framework for zero-shot time- 485

series forecasting with large language models. By 486

combining a semantic memory bank, analogy- 487

guided forecasting, and iterative shape-aware re- 488

finement, the framework enables frozen LLMs to 489

capture both local and long-range temporal struc- 490

ture without any parameter training. This design 491

allows the method to adapt flexibly to different 492

prediction lengths, making it suitable for real- 493

world scenarios where forecasting horizons vary 494

by application. The empirical results show that 495

the framework delivers consistently strong perfor- 496

mance across both short- and long-term horizons, 497

reflecting its robustness to diverse datasets and tem- 498

poral patterns. We also explored a multivariate 499

extension, where auxiliary features are incorpo- 500

rated during forecasting. This variant offers addi- 501

tional benefits when cross-variable relationships 502

are informative, while also highlighting the need 503

for further study on multivariate integration strate- 504

gies. Beyond accuracy, the method offers practical 505

advantages: it avoids the computational cost of 506

training and often requires only a small number of 507

refinement iterations, enabling efficient inference 508

and broad applicability. As future work, we plan 509

to investigate more principled use of multivariate 510

information, expand evaluation to wider temporal 511

domains, and further analyze the interpretability of 512

LLM-based analogical reasoning. 513
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5 Limitations514

While the proposed framework demonstrates strong515

zero-shot forecasting capability, several limita-516

tions remain. First, the method relies on natural-517

language descriptions generated from segmented518

historical data. Although these semantic represen-519

tations enable more flexible analogical reasoning,520

their quality depends on how effectively the LLM521

captures salient temporal characteristics. In set-522

tings with highly irregular dynamics or weakly523

structured patterns, the memory descriptions may524

lose fidelity, potentially reducing retrieval useful-525

ness. Second, the current multivariate extension526

incorporates auxiliary features only during the fore-527

casting stage. This design is effective when cross-528

variable dependencies are strong, but can provide529

limited benefit—or even introduce noise—when530

correlations are weak or dataset-specific. A more531

principled mechanism for constructing multivari-532

ate memories or performing feature-aware retrieval533

could further improve robustness across hetero-534

geneous domains. Finally, the approach inher-535

its broader limitations of LLM-based reasoning,536

such as sensitivity to prompt phrasing and potential537

variability across model families. While semantic538

prompting provides interpretability and adaptabil-539

ity, its behavior may differ depending on model540

scale or pretraining data. Systematically evaluating541

the framework across diverse LLM architectures is542

therefore an important direction for future research.543
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Appendix 779

A Related Work 780

A.1 Prompt Optimization 781

Research on prompt optimization has developed 782

rapidly across a wide range of natural language and 783

multimodal tasks, producing several complemen- 784

tary methodological families. 785

Preference-driven Prompt Optimization. One 786

prominent direction replaces hard-to-specify nu- 787

meric scores with human preference signals and ef- 788

ficient querying strategies. Early studies show that 789

prompts can be optimized by directly eliciting pair- 790

wise preferences (Lin et al., 2024), single-round 791

supervision (Yang et al., 2025a), or black-box 792

alignment through human choices (Cheng et al., 793

2024), while other works build interactive elicita- 794

tion frameworks that progressively refine prompts 795

based on human feedback (Li et al., 2023). These 796

approaches highlight the central role of preference 797

data in defining what constitutes a ’good’ prompt 798

when ground truth labels or metrics are ambiguous. 799

Reinforcement Learning for Prompt Search. 800

Building on this, a second family explores re- 801

inforcement learning based optimization, where 802

prompt generation is framed as a policy learning 803

problem. Methods in this line include training ded- 804

icated prompt generators that maximize rewards 805

(Batorski et al., 2025), query-dependent schemes 806

that adapt to task-specific signals via offline multi 807

loop RL (Kong et al., 2025), and rewriting-based 808

approaches where RL agents iteratively refine can- 809

didate prompts (Kong et al., 2024). Related work 810

also illustrates that LLM-guided reward search can 811

outperform expert-engineered heuristics (Ma et al., 812

2024), further underscoring the synergy between 813

reinforcement learning and language model reason- 814

ing in designing effective prompts. 815

Zeroth-Order / Gradient-Free Methods. Or- 816

thogonal to RL, gradient-free or zeroth-order meth- 817

ods have been proposed to improve query effi- 818

ciency in black-box API settings. These meth- 819

ods explore the prompt space without requiring 820

gradients, using strategies such as low-rank repa- 821

rameterization (Park et al., 2025) to reduce di- 822

mensionality, Gaussian-process guidance to escape 823

local optima (Hu et al., 2024), and layer-wise con- 824

tinuous prompts that can be tuned in a modular 825

fashion (Sun et al., 2022). Others introduce token- 826

level locality search mechanisms (Jain and Chowd- 827

11
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hary, 2025), further reducing the cost of optimizing828

prompts for large models accessed only through829

API calls.830

Ensembles and Evaluation Protocols. Another831

active area focuses on ensembles and evaluation832

protocols to mitigate the sensitivity of model out-833

puts to individual prompts. By combining multi-834

ple prompt candidates through probability-space835

aggregation (Guo et al., 2024), boosting weak836

prompt learners (Hou et al., 2023), or learning837

weighted combinations of different prompts (Liu838

et al., 2025b), ensemble approaches achieve more839

robust performance. Complementary work has also840

developed systematic evaluation frameworks for841

multi-prompt settings (Polo et al., 2024), aiming842

to provide more reliable measurements of prompt843

effectiveness across tasks and domains.844

ICL-Oriented Optimization. Prompt optimiza-845

tion has also been closely linked to advances in in-846

context learning (ICL). A large body of work aims847

to optimize how demonstrations, rationales, and848

instructions are selected and organized. Represen-849

tative methods include automatic rationale genera-850

tion (Zhang et al., 2022b; Shum et al., 2024), anal-851

ysis of order sensitivity in few-shot examples (Lu852

et al., 2022), and reinforcement-based strategies853

for demonstration selection (Zhang et al., 2022a).854

Other approaches automate the engineering of long855

prompts to scale in-context learning to larger con-856

texts (Hsieh et al., 2023), or even establish stochas-857

tic baselines that rival more structured optimization858

procedures (Lu et al., 2024b).859

Programmatic and Agentic Pipelines. Beyond860

single-prompt optimization, researchers have also861

proposed programmatic and agentic frameworks862

that automate entire pipelines. For instance, declar-863

ative programming approaches compile model calls864

into self-improving modules (Khattab et al., 2023),865

recursive self-taught optimizers refine prompts by866

continuously revisiting earlier outputs (Zelikman867

et al., 2024), and planning-based agents perform868

strategic search with tree-based reasoning (Wang869

et al., 2023). In parallel, data- and principle-driven870

frameworks have introduced expert-prior role de-871

composition (Mayilvaghanan et al., 2025), merit-872

based optimization criteria (Zhu et al., 2025),873

modular fine-tuning schemas (Lu et al., 2024a),874

and cross-model instruction transfer (Chen et al.,875

2023), further diversifying the design space of876

APO.877

Bayesian Optimization for Prompts. From a 878

more statistical perspective, Bayesian optimization 879

(BO) has been adapted to prompt search. Multi- 880

fidelity scheduling has been explored to allocate 881

search budget efficiently (Schneider et al., 2025), 882

while BO enhanced with LLM reasoning capabili- 883

ties has been shown to accelerate convergence (Liu 884

et al., 2024b). Works on regret analysis with hu- 885

man feedback formalize guarantees for preference- 886

based optimization (Kayal et al., 2025), while 887

reasoning-augmented BO leverages LLMs’ long- 888

context reasoning to guide search (Yang et al., 889

2025c). Other studies demonstrate domain-specific 890

adaptations (Ramos et al., 2025), collectively 891

showing how prompt optimization can be framed 892

as a structured search problem with theoretical un- 893

derpinnings. 894

LLMs as Optimizers. Finally, a distinct and 895

rapidly growing body of research frames LLMs 896

themselves as optimizers, closing the loop between 897

natural language reasoning and optimization. In 898

this paradigm, the LLM is not only the target model, 899

but also the agent conducting the search. Itera- 900

tive optimizers such as OPRO generate candidate 901

prompts from histories of scored attempts (Yang 902

et al., 2024), while evolutionary hybrids like Evo- 903

Prompt (Guo et al., 2025) and LLM-based evo- 904

lutionary optimizers (Liu et al., 2024a) connect 905

LLM reasoning with evolutionary search strategies. 906

Other approaches focus on aligning decoding distri- 907

butions directly with target metrics (Ji et al., 2024), 908

showing that prompts can be optimized by lever- 909

aging the generative and reasoning capabilities of 910

LLMs without external machinery. This perspec- 911

tive reframes APO as a higher-order application 912

of LLMs in which they reason about and optimize 913

their own interfaces. 914

Closest Work and Gap. Closest to our work is 915

system prompt optimization with meta-learning 916

(Choi et al., 2025), which also formulates prompt 917

optimization as a bilevel problem. However, 918

that line of work optimizes general-purpose sys- 919

tem prompts across NLP datasets, without tar- 920

geting domain-specific forecasting tasks. Within 921

time-series research, recent efforts have pro- 922

posed prompt-based forecasting paradigms such 923

as PromptCast (Xue and Salim, 2023), which re- 924

formulates forecasting as text generation, FLAIRR- 925

TS (Jalori et al., 2025), which iteratively refines 926

prompts with retrieval and reasoning at test time, 927
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and S2 IP-LLM (Pan et al., 2024), which aligns se-928

mantic and temporal spaces to improve forecasting929

accuracy. Other works like LLM-Prompt / Time-930

Prompt (Wang et al., 2025) investigate prompt-931

driven interfaces for time-series prediction. Yet,932

none of these combine LLMs with meta-learning933

to construct adaptive prompts across tasks, nor do934

they explicitly formulate forecasting as a meta-935

optimization problem over both representations and936

in-context learning.937

A.2 LLM-based Forecasting938

Goal. Our goal is to learn such prompt given939

all these factors in a time-efficient manner, that940

achieves near-optimal performance while signifi-941

cantly reducing the cost (of searching over a large942

set of prompts to find reasonable prompt for a spe-943

cific dataset, task, LLM, etc).944

Zero/Few-shot Forecasting as Text. Many945

works show that large language models can act946

as zero/few-shot forecasters by recasting numeric947

sequences as text and exploiting in-context learn-948

ing. Early evidence demonstrates strong zero-shot949

extrapolation when time series are digit tokenized950

and treated as next-token prediction, including han-951

dling side information and missing values (Gruver952

et al., 2024); Follow-ups refine prompting with953

long/short decomposition and re-assessment loops954

(Bumb et al., 2025) and provide systematic anal-955

yses of when LLMs succeed (periodic, trend-rich956

data) and how input phrasing/knowledge injection957

helps (Miller et al., 2024). Work on domain appli-958

cations echoes these findings; for example, energy959

systems reformulate load as textual sequences for960

autoregressive generation (Chang et al., 2025), hu-961

man mobility forecasting introduces time-aware962

prompts and contextual stays (Liu et al., 2025a)963

and a language foundation pipeline for POI flows964

(Zhao et al., 2025), while finance studies highlight965

both potential and current gaps, from negative zero966

shot results on return prediction (Ghasemloo and967

Moradi, 2025) to domain-specialized pre-training968

that excels in financial NLP (Jiang et al., 2025).969

Interfaces Between Series and Tokens. A par-970

allel thread designs interfaces between numeric971

series and LLM token spaces, often through to-972

kenization, pre-training, or patching. Tokenized973

probabilistic modeling with T5-style architectures974

yields strong seen-task and zero-shot accuracy975

across 42 datasets (Wolff et al., 2025); a universal,976

VQVAE-based tokenization plus Transformers sup- 977

ports forecasting/classification/translation across 978

five domains with notable zero-shot transfer (Tang 979

et al., 2025). Frequency-vectorization treats spec- 980

tra as a shared dictionary for tokenization and pre- 981

training objectives to align the time / frequency do- 982

mains (Wang et al., 2025), while cross-domain SSL 983

explores PLMs as encoder initializations with a 984

reconstruction-driven discretizer (Liu et al., 2025c). 985

Patch-level ideas further adapt LLMs: multi-patch 986

self-supervision with patch-wise decoding for trans- 987

ferable representations (Bumb et al., 2025), and 988

promptable patch/decomposition strategies that ex- 989

ploit neighbors and inter-series correlations (Yang 990

et al., 2025b). Decoder-only LLMs are explic- 991

itly repurposed as autoregressive forecasters with 992

series-to-token projections and textual timestamps 993

for multivariate alignment (Jin et al., 2024). 994

Multi-/Cross-Modal with Knowledge. Because 995

many real settings couple numbers with text/knowl- 996

edge, multi-modal and cross-modal approaches 997

align temporal signals with language semantics. 998

Unified prompt paradigms, soft / hard prompts and 999

cross-modal fusion aim to bridge modality gaps 1000

(Liu et al., 2025a; Zhao et al., 2025; Liu et al., 1001

2025c); Semantic anchor retrieval aligns LLM 1002

word embeddings with series embeddings to select 1003

informative prompts (Yang et al., 2025b); Cross- 1004

modal fine-tuning reduces distribution discrep- 1005

ancies with matching/regularization/consistency 1006

losses (Liu et al., 2025c). Multimodal pipelines 1007

integrate external news/knowledge; for example, 1008

a GDELT-based dataset and prompting frame- 1009

work for news-impact forecasting (Ghasemloo 1010

and Moradi, 2025); explainable stock forecast- 1011

ing that jointly reasons over prices, metadata, and 1012

news (Jiang et al., 2025); RAG-style entity ex- 1013

traction/alignment with PrimeKG for EHR read- 1014

mission/mortality (Tang et al., 2025); contrastive 1015

+ masked multimodal pretraining for ICU tasks 1016

(Tang et al., 2025); and text-conditioned physio- 1017

logical synthesis (Tang et al., 2025). Beyond raw 1018

fusion, LLM-derived knowledge graphs augment 1019

structure learning and representation quality in mul- 1020

tivariate time series (Chang et al., 2025). 1021

Spatiotemporal Forecasting and Planning. 1022

Several works combined LLMs to spatiotempo- 1023

ral forecasting. Tokenizers/adapters convert graph- 1024

temporal inputs into tokens aligned with LLM se- 1025

mantics (Liu et al., 2025a), and partially frozen 1026
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attention plus spatial-temporal embeddings enable1027

robust traffic prediction, including few/zero-shot1028

settings (Zhao et al., 2025). Language-driven1029

simulation and planning further demonstrate con-1030

trollable generative models or grounded reason-1031

ing for future trajectories: language-guided diffu-1032

sion for scene-level traffic control (Tang et al.,1033

2025), geometric grounding of LLM predictions in1034

semantic maps for human-aware planning (Tang1035

et al., 2025). More broadly, LLMs exhibit general1036

sequence-pattern completion that spans numeric/s-1037

tate sequences and policy reasoning (Miller et al.,1038

2024).1039

Test-time Agents, Supervision, and Tools. At1040

the prompt/agent layer, test-time refinement and1041

retrieval can close gaps without full tuning. An1042

agentic forecaster with a refiner that iteratively up-1043

dates the prompts, conditioned on past outputs and1044

retrieval, improves accuracy, and approaches spe-1045

cialized models (Jalori et al., 2025). The series1046

supervision and labeling pipelines show that LLMs1047

can act as virtual annotators when paired with SSL1048

encoders (Tang et al., 2025), guide anomaly detec-1049

tion students through knowledge distillation (Yang1050

et al., 2024), and even exploit label semantics in1051

sequence-to-text decoders for HAR (Tang et al.,1052

2025). Tool-use data sets and decision tree search1053

expand the ability of an LLM to call external APIs,1054

useful for data access, diagnostics, and evaluation1055

loops in forecasting agents (Khattab et al., 2023;1056

Wang et al., 2023).1057

TS–Language Alignment Resources. Finally,1058

time-series–language alignment resources support1059

the descriptive and analytical capabilities needed1060

for forecasting. A 100k pair dataset aligns series1061

windows with GPT-generated trend descriptions1062

to train an LMM that outperforms strong multi-1063

modal baselines in insight generation (Tang et al.,1064

2025). In finance, hybrid models align LLM news1065

embeddings and quantitative features using local-1066

global modeling and reinforcement alignment for1067

improved returns (Jiang et al., 2025).1068

Why a new methodology? Taken together, the1069

above strands reveal both promise and persistent1070

gaps that motivate our approach. (i) Prompt sensi-1071

tivity and transfer: prior systems improve single-1072

task performance yet remain brittle across datasets,1073

horizons, and tokenizations, with small wording1074

changes causing large variance; ensemble or re-1075

trieval remedies reduce but do not remove this insta-1076

bility. (ii) Search cost and supervision: black-box, 1077

RL, or BO-based optimizers (Cheng et al., 2024; 1078

Kong et al., 2024; Schneider et al., 2025; Liu et al., 1079

2024b) can be sample- and budget-intensive, and 1080

many methods still assume task-specific heuristics, 1081

reward shaping, or auxiliary labels. (iii) Tempo- 1082

ral structure mismatch: ICL- and agent-style re- 1083

finements (Gruver et al., 2024; Bumb et al., 2025; 1084

Jalori et al., 2025) seldom explicitly encode multi- 1085

horizon, long/short components, or dataset-level 1086

priors that generalize across domains. (iv) Objec- 1087

tive misalignment: most pipelines optimize a sin- 1088

gle metric (e.g., MAE) per horizon, overlooking 1089

multi-objective trade-offs (stability vs. accuracy vs. 1090

cost) and meta-level generalization across tasks. (v) 1091

Limited meta-adaptivity: while meta-learning for 1092

prompts is emerging (Choi et al., 2025), it largely 1093

targets generic NLP system prompts rather than 1094

domain-specific, horizon-aware TS prompts. Our 1095

methodology addresses these issues by (a) cast- 1096

ing prompt search as a task-conditioned, horizon- 1097

aware optimization over textual reasoning patterns; 1098

(b) using the LLM itself to generate structured feed- 1099

back that jointly scores accuracy, stability, and bud- 1100

get, enabling multi-objective selection without pa- 1101

rameter updates; and (c) introducing cross-dataset 1102

priors that regularize prompt evolution for robust 1103

transfer. This design preserves the training-free 1104

advantages of prompt-based TS forecasting while 1105

providing principled control over variance, cost, 1106

and generalization—thereby bridging the gap be- 1107

tween ad-hoc prompt tuning and scalable, domain- 1108

adaptive forecasting. 1109

B Baselines Description 1110

We compare our proposed framework against five 1111

representative baselines from two general cate- 1112

gories: (1) LLM-based forecasting approaches that 1113

leverage a single prompt to perform sequence con- 1114

tinuation or prompt reprogramming, and (2) prompt 1115

optimization baselines that either evaluate a large 1116

prompt space or adopt different selection strategies 1117

for common-sense prompting. 1118

• LLMTime: zero-shot sequence continua- 1119

tion (Gruver et al., 2024) presents the last 1120

L numeric values (comma-separated or digit 1121

strings) followed by a one-line instruction to 1122

predict the next h future values. This base- 1123

line evaluates the direct sequence continua- 1124

tion ability of LLMs without any task-specific 1125

adaptation. 1126
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• Time-LLM: prompt reprogramming (PaP)1127

(Jin et al., 2024) introduces a fixed prefix1128

with textual prototypes that “reprogram” the1129

input series, followed by the numerical con-1130

text and target horizon. This reprogramming1131

helps align the LLM’s text generation behav-1132

ior with time-series forecasting semantics.1133

• PromptCast: time-aware instruction1134

prompting (Bumb et al., 2025) encodes1135

both temporal context (timestamps) and1136

semantic hints (unit, subject label) in natural1137

language, enabling the model to better capture1138

periodic patterns and contextual meaning in1139

multivariate series.1140

• PatchInstruct: patch-based prompting1141

(Bumb et al., 2025) provides a few exem-1142

plars of (input patch → next patch) pairs as1143

local temporal patterns, followed by the cur-1144

rent input patch and an instruction to generate1145

the next h values. This allows the model to1146

generalize across similar local patterns.1147

• FLAIRR-TS: retrieval-augmented forecast-1148

ing (Jalori et al., 2025) retrieves semantically1149

similar past time-series contexts and incorpo-1150

rates them into the LLM prompt as relevant ex-1151

emplars. This retrieval-augmented strategy en-1152

ables the model to leverage historical analogs1153

for improved generalization.1154

C Dataset Description1155

We evaluate RAGPOT on six widely used time-1156

series forecasting benchmarks spanning diverse1157

temporal resolutions, domains, and dynamics:1158

ETTh1, ETTh2, ETTm1, ETTm2, Weather, and1159

Exchange Rate. These datasets collectively test our1160

framework across periodic, non-stationary, stochas-1161

tic, and highly multi-dimensional scenarios. For a1162

summary of the datasets and statistics, please see1163

Table 3.1164

ETTh1, ETTh2 (Electricity Transformer Tem-1165

perature—Hourly). The ETTh1 and ETTh21166

datasets contain hourly measurements from elec-1167

tricity transformers, including oil temperature, am-1168

bient temperature, and load variables. Each dataset1169

provides 7 variables over 17,420 timestamps, ex-1170

hibiting strong daily and weekly periodicity. Fol-1171

lowing established protocols, the "oil temperature"1172

variable is used as the prediction target while all1173

variables are used as inputs.1174

ETTm1, ETTm2 (Electricity Transformer Tem- 1175

perature—15 min). The ETTm1 and ETTm2 1176

datasets provide the same set of 7 variables but 1177

sampled at a finer 15-minute resolution, resulting 1178

in 69,680 timestamps. These datasets contain richer 1179

short-term fluctuations and more granular periodic 1180

patterns, offering a more challenging forecasting 1181

setting than their hourly counterparts. 1182

Weather. The Weather dataset includes 21 me- 1183

teorological indicators collected every 10 minutes 1184

throughout 2020 from a research station in Ger- 1185

many. Variables include air temperature, humid- 1186

ity, atmospheric pressure, wind components, short- 1187

wave radiation, and others. Compared to the ETT 1188

datasets, Weather exhibits stronger non-stationarity 1189

and rapid local variability, providing a stress test 1190

for generalization under fast-changing dynamics. 1191

Exchange Rate. This dataset consists of daily 1192

exchange rates for 8 foreign currencies over several 1193

years. The series are noisy, weakly periodic, and 1194

driven by stochastic economic factors. Forecasting 1195

on this dataset primarily evaluates robustness to 1196

low-signal, non-seasonal financial dynamics. 1197

D Additional Results 1198

See table 2. These results indicate the effective- 1199

ness of our approaches as we achieve the best av- 1200

erage performance across all horizons for nearly 1201

all datasets for both MSE and MAE. These results 1202

indicate the effectiveness of our approaches as we 1203

achieve the best average performance across all 1204

horizons for nearly all datasets for both MSE and 1205

MAE. 1206

E Ablation Study 1207

We conduct several ablation experiments to better 1208

understand the contribution of each component in 1209

our framework. 1210

1. Memory Bank Ablation: We test the effect 1211

of removing or reducing the size of the mem- 1212

ory bank to examine its role in maintaining 1213

temporal and contextual consistency across 1214

iterations, showing that memory contributes 1215

to long-term reasoning stability and forecast 1216

coherence. 1217

As shown in Figure 7, the memory bank ap- 1218

pears to reshape how errors grow over time. 1219

Without memory, the model’s error increases 1220
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Table 3: Summary of the six datasets used in our experiments. Each dataset varies in sampling frequency, number
of variables, sequence length, and domain characteristics.

Dataset # Vars Freq. Length Domain

ETTh1 7 Hourly 17,420 Electricity (Transformer Temp.)
ETTh2 7 Hourly 17,420 Electricity (Transformer Temp.)
ETTm1 7 15 min 69,680 Electricity (Transformer Temp.)
ETTm2 7 15 min 69,680 Electricity (Transformer Temp.)

Weather 21 10 min 36,761 Meteorology (2020, Germany)

Exchange Rate 8 Daily 7,588 Finance (FX Rates)

Table 4: Comparison of our approaches with different base models (GPT-4.1-mini and DeepSeek-R1-0528)

MSE ↓ RMSE ↓ MAE ↓

LLM Method 1 2 4 8 16 32 1 2 4 8 16 32 1 2 4 8 16 32

GPT-4.1-mini RAGPOT 0.023 0.025 0.038 0.070 0.129 0.188 0.097 0.120 0.154 0.216 0.304 0.379 0.097 0.111 0.137 0.189 0.260 0.325
RAGPOT(MV) 0.015 0.019 0.031 0.058 0.105 0.121 0.083 0.107 0.139 0.198 0.280 0.311 0.083 0.097 0.123 0.171 0.236 0.264

DeepSeek-R1 RAGPOT 0.015 0.020 0.036 0.096 0.322 1.249 0.082 0.109 0.152 0.252 0.439 0.738 0.082 0.099 0.133 0.215 0.368 0.618
RAGPOT(MV) 0.015 0.019 0.033 0.065 0.122 0.157 0.084 0.111 0.147 0.208 0.297 0.342 0.084 0.100 0.129 0.180 0.252 0.291

1 2 4 8 16 32
Horizon

0.0

0.1

0.2

0.3

0.4

M
AE

No Memory Bank
With Memory Bank

Figure 7: Memory bank ablation across forecasting
horizons.

almost exponentially as the forecasting win-1221

dow expands, suggesting that the model re-1222

lies heavily on short-range patterns and strug-1223

gles to maintain coherent temporal structure1224

over long horizons. In contrast, the memory-1225

augmented model exhibits a markedly differ-1226

ent failure mode: while it still degrades at1227

extreme horizons, its error growth curve is1228

substantially flatter, indicating that retrieved1229

historical contexts act as an anchor that con-1230

strains long-range drift.1231

2. Vary top-k retrieval size. Under a fixed mem-1232

ory size (mem=40), we further study how1233

many retrieved candidates should be incor-1234

porated during the reasoning process (k =1235

1, 3, 5, 7, 10).1236

As shown in Figure 8, we find that extremely1237

small k values degrade performance, likely1238

because the model receives insufficient con-1239

2 4 6 8 10
Top-k

0.30

0.35

0.40

0.45

0.50

0.55
M

AE

Horizon=8
Horizon=16
Horizon=32

Figure 8: Results comparing our approach as top-k is
increases.

textual diversity. Conversely, very large k 1240

values also hurt accuracy, as they introduce 1241

noisy or weakly relevant segments that dilute 1242

the useful temporal signal. Overall, the re- 1243

sults reveal a clear “sweet spot” at moderate 1244

values (e.g., k = 3), striking the right bal- 1245

ance between informativeness and noise. This 1246

highlights that retrieval precision and contex- 1247

tual diversity must be jointly optimized for 1248

effective temporal reasoning. 1249

3. Vary number of iterations in approach (1, 1250

2, 3, 5, 8) Refinement Iteration Reduction: 1251

The number of refinement iterations will be 1252

reduced to one in order to assess whether the 1253

self-refinement process of the LLM genuinely 1254

contributes to better performance compared 1255

to a single-pass generation. 1256

As shown in Figure 5, the rapid improvement 1257

in the early refinement steps indicates that 1258
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the model corrects global trajectory incon-1259

sistencies first, with later iterations offering1260

diminishing returns as predictions approach1261

the limit imposed by model bias and signal1262

noise. Longer horizons benefit more from1263

refinement, suggesting that iterative prompt-1264

ing increases the model’s effective reasoning1265

depth rather than simply rephrasing the fore-1266

cast.1267

From an efficiency perspective, runtime in-1268

creases near-linearly with iteration count, re-1269

flecting the compounded generation cost in1270

decoder-only LLM architectures. The balance1271

between accuracy and inference cost favors1272

a small number of refinement passes, which1273

achieves most of the performance gain while1274

maintaining competitive efficiency.1275

4. Multivariate Addition: Multivariate prompt-1276

ing yields consistent performance gains, par-1277

ticularly at medium–long horizons, demon-1278

strating that cross-variable temporal signals1279

help reduce forecast ambiguity beyond uni-1280

variate context alone. Notably, our multivari-1281

ate variant surpasses all or nearly all base-1282

line models across multiple datasets, high-1283

lighting its effectiveness in exploiting cross-1284

variable structure. However, its impact varies1285

by dataset, critically depending on the rele-1286

vance between auxiliary variables and the tar-1287

get series; when correlation is weak or noisy,1288

multivariate inputs may provide limited or1289

even distracting guidance.1290

5. Alternative LLMs: We evaluate RAG-1291

POT using two different LLM backbones:1292

DeepSeek-R1-0528 and GPT-4.1-mini. While1293

DeepSeek achieves competitive performance1294

and surpasses GPT-4.1-mini on certain1295

datasets, its results exhibit noticeable vari-1296

ance across settings, indicating weaker sta-1297

bility and generalization in cross-domain fore-1298

casting. In contrast, GPT-4.1-mini delivers1299

more consistent gains across different variant1300

data, suggesting a stronger alignment with the1301

refinement-driven reasoning paradigm of our1302

framework. Furthermore, DeepSeek incurs1303

substantially higher inference latency due to1304

longer decoding traces, reducing its suitability1305

for real-time or resource-constrained applica-1306

tions.1307

Ideally, we expect that removing any of these1308

components will lead to a degradation in perfor- 1309

mance. By observing how much each ablation 1310

affects forecasting accuracy, we aim to identify 1311

which component contributes the most to the over- 1312

all improvement. The insights from this analysis 1313

will guide our future work, where we plan to refine 1314

or redesign the components that show relatively 1315

smaller performance gains. 1316

F Prompts 1317

• Memory Bank Agent Prompt: The Memory 1318

Bank Agent is designed to extract human- 1319

interpretable summaries from historical time- 1320

series segments. Instead of storing raw win- 1321

dows, which are expensive to search and diffi- 1322

cult for LLMs to reason over, the agent con- 1323

verts each segment into a semantic “shape 1324

descriptor” that captures trend direction, lo- 1325

cal volatility, oscillatory behavior, and char- 1326

acteristic patterns. These summaries form a 1327

lightweight memory repository that supports 1328

efficient analogy-based forecasting. 1329

• Forecaster Agent Prompt: The forecaster 1330

Agent prompt retrieved analogous pattern 1331

from the Memory Bank, and explicit forecast- 1332

ing instructions refined over previous itera- 1333

tions. The Agent is instructed to synthesize 1334

these elements by following forecasting rules, 1335

such as maintaining shape consistency, avoid- 1336

ing unrealistic numeric drift, and aligning with 1337

the analog futures description without copying 1338

them. 1339

• Refiner Agent Prompt: The Refiner Agent 1340

evaluates the Forecaster’s recent prediction 1341

and produces targeted corrections that update 1342

the Forecasting Instructions. In the prompt, 1343

the agent compares the ASCII overlay and 1344

numeric error statistics to reveal the qualita- 1345

tive shape mismatches and feed back into the 1346

reasoning process. 1347
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X Memory Bank Agent Prompt

You are an expert time-series analyst.
You will be given:
- A recent normalized time-series segment (input)
- A following future segment (outcome)
Your task:
1) Analyze the input segment’s overall trend, volatility, and pattern.
2) Describe how the future segment behaves relative to the input (continues,
reverses, oscillates).
3) Output a concise JSON object with the following fields ONLY:
{

"desc": "...short natural language summary (1-2 sentences), describe in
terms of trend, volatility, pattern, oscillation...",
}
IMPORTANT:
- Return ONLY valid JSON, no extra commentary.
- The numeric arrays are normalized (mean0, std1).
==============================================================
INPUT SEGMENT (length = {len(seg)})
==============================================================
{seg.tolist()}
==============================================================
FUTURE SEGMENT (length = {len(fut)})
==============================================================
{fut.tolist()}

Figure 9: Prompt used for the Memory Bank agent in time-series forecasting.
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X Forecaster Agent Prompt

You are the Forecaster Agent in time-series forecasting system. Your objective
is to generate the next {horizon} numeric values. Output ONLY a JSON array of
{horizon} numbers and nothing else.
===================================================
CONTEXT WINDOW (most recent {len(ctx)} points)
===================================================
{ctx.tolist()}
===================================================
FORECASTING INSTRUCTIONS (from Refiner)
===================================================
{instructions}

These instructions are high priority. They describe how your reasoning should
adjust based on previous forecasting errors. Follow them carefully.
===================================================
RETRIEVED ANALOG PATTERNS
===================================================
You are given several past time-series segments that resemble the current
pattern. Each memory includes a concise shape summary and a short preview of
its future.

Use these analogs to guide trend direction, short-term fluctuations, and turning
points. DO NOT copy the numbers; use them to form analogical intuition.

For each memory #{idx}:

• description: {mem[’desc’]}

• future_preview: {future_vec.tolist()}

===================================================
MANDATORY FORECASTING RULES
===================================================

• Preserve key shape properties: short-term volatility seen in the last
context points, local curvature and turning-point structure, slope direction
consistency unless strong reversal cues exist.

• Align with analog futures: If multiple memories show similar early-future
behavior, your forecast should reflect a compatible pattern.

• Maintain numeric plausibility: Forecast values must remain within
reasonable deviation of the context mean/range, and avoid unrealistic
monotonic drift unless strongly justified.

===================================================
FINAL OUTPUT FORMAT (STRICT)
===================================================
Return ONLY: [ v1, v2, v3, ..., v{horizon} ]

Figure 10: Prompt used for the Forecaster agent in time-series forecasting.
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X Refiner Agent Prompt

You are the Refiner Agent in forecasting system. Your task is to improve the
forecasting instructions used by the Forecaster.
You are given:

• the ground-truth refinement window

• the Forecaster’s prediction for this window

• the instruction history

===================================================
CURRENT INSTRUCTIONS
===================================================
{current_instructions}
===================================================
GROUND TRUTH vs PREDICTION
===================================================
TRUE (first 32): {y_true.tolist()}
PRED (first 32): {y_pred.tolist()}
Current MAE: {mae_curr:.3f}
===================================================
ASCII SHAPE OVERLAY
===================================================
{ascii_plot_dual(y_true, y_pred)}
Use the ASCII overlay to detect:

• missing or exaggerated volatility

• oversmoothing

• missed turning points

• slope or amplitude mismatch

Error statistics:

• std_true = {np.std(y_true):.3f}

• std_pred = {np.std(y_pred):.3f}

===================================================
YOUR TASK
===================================================

• Identify specific shape or numeric issues in the prediction. Reference
mismatches in curvature, volatility, turning points, slope, or local
oscillation amplitude.

• Provide 1-3 concise and actionable Learnings that will change how the
Forecaster should reason. These must be specific and never generic (avoid:
adjust trend, calibrate baseline, improve smoothing).

• If no further meaningful refinement is possible, return Done: True.

===================================================
OUTPUT FORMAT (STRICT)
===================================================
Learnings: <your short actionable improvements>
Done: <True or False>

Figure 11: Prompt used for the Refiner agent in time-series forecasting.
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