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Abstract001

Recent advances in large language models002
(LLMs) have accelerated the development of003
agentic systems for time-series analysis. While004
traditional time-series methods typically make005
predictions or decisions based on a given set006
of evidence, many real-world applications re-007
quire agentic systems that can autonomously008
plan workflows, reflect on intermediate results,009
and leverage external tools and memory. This010
survey presents a systematic review of LLM-011
based agents for time-series tasks. We adopt a012
problem-driven taxonomy, organizing existing013
systems into four problem categories: Fore-014
casting & Reasoning, Data Augmentation &015
Synthesis, Anomaly Detection & Diagnosis,016
and Decision Support. For each category, we017
analyze how agent behaviors are implemented018
through architectural design, external tool in-019
tegration, and memory mechanisms. We fur-020
ther discuss datasets, environments, and evalua-021
tion protocols, and outline open challenges and022
future directions for LLM-based time-series023
agents. Overall, our goal is to provide re-024
searchers with a structured view of how LLM-025
based agents can be designed to address differ-026
ent time-series problems.027

1 Introduction028

Time-series analysis (Hamilton, 2020) plays an im-029

portant role in many real-world domains, includ-030

ing finance (Tsay, 2005; Taylor, 2008; Franses031

and Van Dijk, 2000), healthcare (Crabtree et al.,032

1990; Morid et al., 2023), energy systems (Deb033

et al., 2017), and transportation (Xu et al., 2016;034

Ghosh et al., 2009). Representative tasks in-035

clude forecasting (Chatfield, 2000; De Gooijer and036

Hyndman, 2006), data augmentation (Wen et al.,037

2020), anomaly detection (Blázquez-García et al.,038

2021; Schmidl et al., 2022), and decision support.039

These tasks have long been addressed with statis-040

tical and classical machine learning models such041

as ARIMA (Shumway and Stoffer, 2017), boot-042

strapping (Efron, 1992), and LOF (Breunig et al., 043

2000), and more recently with deep models such 044

as RNNs (Medsker et al., 2001) and Transform- 045

ers (Vaswani et al., 2017). 046

However, applying these methods in practice of- 047

ten relies heavily on expert knowledge to design 048

analysis pipelines and interpret results. Recent ad- 049

vances in large language models (LLMs) (Zhao 050

et al., 2023; Chang et al., 2024) offer an alternative 051

by leveraging general-purpose language reasoning 052

to assist time-series analysis, for example as mod- 053

ules for encoding and explaining temporal patterns. 054

Beyond this prompt-based use, LLMs can also be 055

deployed as agents (Wang et al., 2024a) that itera- 056

tively plan actions, call external tools, and maintain 057

memory across multiple steps. Such agentic sys- 058

tems are particularly suitable for time-series appli- 059

cations because many time-series tasks require iter- 060

ative refinement as new observations arrive, adap- 061

tive planning under evolving conditions, and tool- 062

augmented integration of heterogeneous evidence 063

rather than a fixed pipeline (Cheng et al., 2026; 064

Tao et al., 2026; ZHANG et al., 2025). Motivated 065

by this emerging paradigm, this survey reviews 066

recent progress on LLM-based agent systems for 067

time-series tasks. 068

Positioning. Existing LLM-for-time-series sur- 069

veys (Chang et al., 2025; ZHANG et al., 2025) 070

typically organize methods by individual LLM ca- 071

pabilities (e.g., planning, reasoning, memory, and 072

tool use), rather than by how these capabilities are 073

integrated to solve concrete time-series tasks. Con- 074

versely, domain-general LLM-agent surveys (Wang 075

et al., 2024a; Guo et al., 2024; Li et al., 2024; Fer- 076

rag et al., 2025) seldom address challenges that are 077

central to time-series settings, including streaming 078

inputs, temporal dependence, semantic drift, and 079

action–data coupling. Moreover, there is still a lack 080

of surveys that focus specifically on LLM agents 081

for time-series problems. To bridge this gap, we 082

adopt a problem-driven taxonomy that groups meth- 083
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ods by the tasks they target and then analyzes recur-084

ring design patterns in architecture, tool use, and085

memory mechanisms. A detailed comparison with086

closely related surveys is provided in Appendix A.087

Contributions. This survey makes four contri-088

butions: (i) We propose a problem-driven taxon-089

omy and summarize representative systems in each090

family. (ii) We analyze recurring agentic patterns091

and cross-cutting system components (architec-092

tures, tools, memory). (iii) We connect task prop-093

erties (e.g., drift, delayed feedback, operational094

constraints) to design choices and evaluation proto-095

cols. (iv) We curate practical resources and discuss096

open problems and future directions.097

2 Background and Foundations098

Time-Series Data and Representations. A time
series consists of temporally ordered observations
indexed by {τt}Tt=1 with τ1 < · · · < τT . We denote
a (possibly multivariate) sequence as

X1:T = (x1, . . . ,xT ), xt ∈ Rd.

In practice, time-series data may be irregularly099

sampled, noisy, or partially observed. Systems100

therefore operate under partial observability and101

typically construct representations zt = ϕ(X1:t)102

that summarize historical context.103

Time-series Modeling. Time-series models can104

be viewed as inference modules that map observed105

evidence to beliefs or predictions: statistical mod-106

els (e.g., ARIMA, ARCH/GARCH, HMMs) en-107

code explicit assumptions and interpretable uncer-108

tainty (Shumway and Stoffer, 2017; Engle, 1982;109

Bollerslev, 1986; Rabiner, 1989), deep models110

(e.g., LSTM, TCN, DeepAR) learn nonlinear map-111

pings via gradient-based optimization (Hochreiter112

and Schmidhuber, 1997; Bai et al., 2018; Sali-113

nas et al., 2020), and LLM-based models (e.g.,114

Time-LLM, LSTPrompt) represent sequences in115

tokenized or multimodal forms to support reason-116

ing and tool orchestration (Jin et al., 2023; Liu et al.,117

2024). Despite these differences, most remain one-118

shot, inference-only systems that estimate future or119

latent quantities from past data without acting to120

shape outcomes.121

From Inference to Agentic Systems. Static predic-122

tion pipelines are often inadequate for interactive,123

decision-driven time-series tasks that require itera-124

tive evidence gathering, feedback integration, and125

adaptive action selection, which has motivated the126

emergence of LLM agents. Prior surveys (Wang127

et al., 2024a; ZHANG et al., 2025) characterize 128

such systems as observe–act–update loops that 129

combine reasoning, planning, tool use, and mem- 130

ory. We adopt this view and analyze how these 131

capabilities are realized across problem settings. 132

3 Fundamental Design Dimensions 133

Before introducing the task taxonomy, we first char- 134

acterize time-series agent systems along three fun- 135

damental design dimensions: architecture, tools, 136

and memory. Together, these dimensions capture 137

how an agent is organized, how it interacts with 138

external resources, and how it retains information 139

across multi-step workflows. This section provides 140

a concise classification of these dimensions to sup- 141

port the task-specific analysis that follows. 142

3.1 Architecture 143

We identify the following architectural patterns for 144

time-series agent systems; a visual summary is 145

provided in Appendix B. 146

Adaptive Single-Agent. The most basic agentic 147

form: one LLM dynamically selects tools and rea- 148

soning paths without a fixed workflow, interleaving 149

reasoning and action as evidence arrives (Yao et al., 150

2023; Schick et al., 2023; Wang et al., 2024a). This 151

distinguishes it from non-agentic LLM use. 152

Iterative Single-Agent. These systems use explicit 153

self-refine/reflect loops: a single agent generates 154

an output, critiques it, and revises across structured 155

iterations (Madaan et al., 2023; Shinn et al., 2023; 156

Chang et al., 2025). Compared to adaptive agents, 157

the loop is fixed and each step keeps evaluation 158

traces for the next round. 159

Lifelong / Continual Single-Agent. These sys- 160

tems learn continuously from streaming experi- 161

ence through explicit self-updating mechanisms: 162

a single agent changes over time via training-based 163

adaptation, rather than merely retaining memory, 164

modifying prompts, or retrieving additional con- 165

text (Parisi et al., 2019; Zheng et al., 2026). 166

Sequential Pipelines. Multi-stage workflows al- 167

low later-stage validation to trigger partial re- 168

execution of earlier stages, blending structure with 169

feedback adaptivity (Chang et al., 2025). 170

Committee / Debate Systems. Multiple agents 171

generate diverse hypotheses in parallel and aggre- 172

gate through debate or voting, emphasizing diver- 173

sity and robustness (Liang et al., 2024). 174

Planner-Executor Systems. Planner-Executor 175

structures decompose tasks into subtasks and coor- 176
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dinate specialized components to solve them, im-177

proving modularity and scalability (Wooldridge,178

2009; Wang et al., 2024a).179

3.2 Tools180

Tools are callable interfaces to external programs181

invoked by the LLM agent (Wang et al., 2024b). In182

time-series agents, they enable access to temporal183

data, specialized computation, and verifiable feed-184

back that cannot be obtained reliably from para-185

metric knowledge alone. Common tool families186

include (i) Database APIs, which provide struc-187

tured access to stored data; (ii) Search & Retrieval188

APIs, which return relevant external information189

or historical records; (iii) Data Processing, which190

transform raw inputs into more useful represen-191

tations, such as through alignment or DTW; (iv)192

Statistical & ML Models, which produce predic-193

tions, scores, or learned representations; and (v)194

Simulators, Solvers & Optimizers, which evaluate195

actions, enforce constraints, or compute solutions196

in structured environments.197

3.3 Memory198

Memory in time-series agents helps maintain co-199

herence across reasoning steps, especially in tem-200

porally evolving settings (Zhang et al., 2024c). We201

summarize it into three categories: (i) Evidence202

logs, which record what happened during a de-203

cision process, such as intermediate predictions,204

retrieved evidence, tool outputs, candidate actions,205

and validation results; (ii) Pattern library, which206

stores retrievable historical cases or typical data207

fragments, such as recurring market patterns, fault208

signatures, or similar past situations; and (iii) An-209

alytical strategies, which capture reusable expe-210

rience about how to analyze a situation, such as211

which tools to use, which features to focus on, or212

how to interpret signals before acting.213

4 Taxonomy214

We define an LLM agent for time series as a sys-215

tem that performs multi-step decision-making over216

time-indexed evidence, where the LLM is centrally217

responsible for action selection, memory updating,218

or hypothesis revision under current observations.219

We include methods for time-series tasks in which220

the LLM selects and sequences the workflow and221

adapts it based on intermediate results or external222

evidence. We exclude (i) one-shot prompting, (ii)223

pipelines in which the LLM serves only as a static224

encoder or post-hoc explainer, and (iii) domain- 225

general agents that are not designed for time-series 226

constraints or temporally grounded evaluation. 227

We adopt a problem-driven taxonomy that 228

groups systems by the time-series problems they 229

address, and discuss design dimensions within 230

each setting. This choice is user-oriented: read- 231

ers are often more concerned with what kinds of 232

designs are suitable for a given time-series prob- 233

lem than with design dimensions in isolation. A 234

problem-driven view therefore provides clearer 235

guidance for selecting and understanding agent de- 236

signs in practice. Under this taxonomy, we identify 237

four problem categories: Forecasting & Reason- 238

ing (forecasting, analytical QA, explanation), Data 239

Augmentation & Synthesis (data quality, new se- 240

quences/annotations), Anomaly Detection & Diag- 241

nosis (detect–then–explain), and Decision Support 242

(actionable recommendations under constraints, of- 243

ten via simulation/backtesting). Within each cate- 244

gory, we further distinguish several sub-problems. 245

Table 2 summarizes the categories. Figure 1 shows 246

the full hierarchical taxonomy. 247

4.1 Time-Series Forecasting & Reasoning 248

Time-series forecasting and reasoning share a com- 249

mon requirement: the agent must produce outputs 250

that are not only plausible in language, but also 251

grounded in explicit numerical evidence. In both 252

settings, a fixed context window or a coarse global 253

summary is often insufficient, because the correct 254

conclusion may depend on local temporal patterns, 255

historical analogs, reusable prototypes, or aligned 256

external context such as news (Zhang et al., 2025b). 257

As a result, effective systems usually do not treat 258

context as a static input. Instead, they actively con- 259

struct evidence beyond the context window during 260

inference, for example by retrieving relevant slices 261

on demand (Jalori et al., 2025) or querying pro- 262

totype memories (Jiang et al., 2025). We discuss 263

them separately below. 264

Time-Series Forecasting. Time-series forecast- 265

ing agents aim to predict future values from his- 266

torical observations under non-stationarity, noise, 267

and horizon-dependent uncertainty. In forecasting, 268

agent systems are mainly shaped by: (i) multi-stage 269

workflows, and (ii) competing hypotheses. 270

Multi-stage workflows are central in forecasting 271

because prediction is rarely a single-step task. A 272

full workflow often involves data diagnosis, prepro- 273

cessing, model or hyperparameter selection, and 274

validation, and errors in early stages can easily 275
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LLM Agents
for Time Series

Forecasting
& Reasoning

Forecasting TimeSeriesScientist (Zhao et al., 2025), TimeXL (Jiang et al., 2025),
TimeCAP (Lee et al., 2025), DCATS (Yeh et al., 2025),
News-drivenTSForecasting (Zhang et al., 2025b), TRACE (Chen and Xie, 2025),
FLAIRR-TS (Jalori et al., 2025)

Reasoning TS-Agent (Liu et al., 2025), TS-Reasoner (Ye et al., 2024b),
ZARA (Li et al., 2025b), Agentic-RAG (Ravuru et al., 2024),
CLIMATEAGENT (Kim et al., 2025)

Data Augmentation
& Synthesis

Augmentation TESSA (Lin et al., 2024), DCATS (Yeh et al., 2025), MERIT (Zhou et al., 2025)

Synthesis ChatTS (Xie et al., 2024), AXIS (Lan et al., 2025), BRIDGE (Li et al., 2025a),
GenAI4RiskModeling (Joshi, 2025)

Anomaly Detection
& Diagnosis

Detection AD-AGENT (Yang et al., 2025), Argos (Gu et al., 2025),
CALM (Devireddy and Huang, 2025), SLEP (Wang et al., 2025a)

Diagnosis LEMAD (Ji et al., 2025), AgentFM (Zhang et al., 2025a),
LLM-TSFD (Zhang et al., 2025b)

Decision Support

Trading ElliottAgents (Chudziak and Wawer, 2024; Wawer and Chudziak, 2025),
FactorMAD (Duan et al., 2025), FinAgent (Zhang et al., 2024a),
FinArena (Xu et al., 2025), FinCon (Yu et al., 2024),
Finmem (Yu et al., 2025), FinRL-DeepSeek (Benhenda, 2025),
ATLAS (Papadakis et al., 2025), TradingAgents (Xiao et al., 2024)

Infrastructure
Control

Grid-Agent (Zhang et al., 2025a), GridMind (Jin et al., 2025), Open-ti (Da et al., 2024),
LLMTraveler (Wang et al., 2025b), LLMLight (Lai et al., 2025)

Figure 1: A taxonomy of LLM agents for time-Series.

invalidate later conclusions. A common design is276

therefore to ground each stage in explicit intermedi-277

ate evidence rather than free-form reasoning alone.278

TimeSeriesScientist (Zhao et al., 2025) is a repre-279

sentative example: it uses statistical models and280

other tools to generate diagnostics, validation re-281

sults, and configuration records, and stores them as282

evidence logs for review, rollback, and correction.283

Competing hypotheses are another distinctive284

feature of forecasting. Different strategies may285

focus on different signals, temporal scales, or ex-286

ogenous factors, so relying on a single reasoning287

path can be brittle. A common design is to use288

committee/debate-style architectures, where differ-289

ent agents represent different forecasting views and290

are compared through explicit error feedback. New-291

sTSForecasting (Zhang et al., 2025b) follows this292

idea by using error-based scoring and acceptance293

tests to control strategy updates. TRACE (Chen294

and Xie, 2025) similarly uses communication and295

multi-agent consistency refinement under sparse or296

missing observations, while also showing that con-297

sistency alone is not enough unless intermediate298

communication is checked against evidence.299

Time-Series Reasoning. Time-series reasoning300

agents aim to derive explanations, diagnoses, or301

decisions from temporal evidence rather than di-302

rectly predict future values. In reasoning, two task-303

specific considerations are especially important: (i)304

domain knowledge and numerical support, and (ii)305

multi-step reasoning reliability. 306

Domain knowledge and numerical support are 307

essential in reasoning because text-trained LLMs 308

do not naturally encode temporal structure, domain 309

mechanisms, or reliable quantitative operations. A 310

common design is therefore to separate planning 311

from computation: the main agent handles coordi- 312

nation, while numerical analysis is delegated to spe- 313

cialized sub-agents or auditable tools and operators. 314

Agentic-RAG (Ravuru et al., 2024) illustrates the 315

sub-agent route, while TS-Agent (Liu et al., 2025) 316

illustrates the tool-grounded route. Reasoning sys- 317

tems may also require domain knowledge beyond 318

raw observations. ZARA (Li et al., 2025b) mines 319

discriminative features offline and stores feature– 320

domain relations as reusable guidance, while CLI- 321

MATEAGENT (Kim et al., 2025) uses specialized 322

data agents to handle API conventions, metadata 323

retrieval, and parameter validation. 324

Multi-step reasoning reliability is similar to 325

multi-stage forecasting workflows: reasoning tasks 326

also involve a sequence of dependent steps, and 327

early errors can propagate across the chain. A 328

common design is therefore to make the process 329

explicit, so intermediate results can be checked 330

and revised rather than passed forward implicitly. 331

CLIMATEAGENT (Kim et al., 2025) follows the 332

sub-agent route and records code, retrieved data, 333

and results as evidence logs, so later stages can 334

build on verified outputs. TS-Reasoner (Ye et al., 335

4



2024b) follows the operator route by compiling rea-336

soning into an executable operator pipeline, where337

execution feedback can trigger plan revision and338

operator reselection. In both cases, evidence logs339

support downstream reasoning, reflection, and re-340

covery. Verification may be handled by dedicated341

checking agents or by the same LLM in a critic342

role, as in TS-Agent (Liu et al., 2025).343

Discussion: Forecasting and reasoning are
closely related, as both need evidence beyond a
fixed context window and can suffer from error
accumulation in long workflows. These shared
challenges motivate similar memory mecha-
nisms: patterns library helps retrieve relevant
precedents, while evidence logs preserve inter-
mediate steps for reflection and revision. Their
tool use is also broadly aligned, with heavy re-
liance on data processing and frequent calls to
operators or statistical/ML models for quantita-
tive support. The main difference lies in archi-
tecture: forecasting more often compares com-
peting hypotheses through committee/debate
designs, whereas reasoning more often relies
on iterative single-agent loops to reduce long-
chain errors.

344

4.2 Time-Series Augmentation & Synthesis345

Time-series augmentation and synthesis both aim346

to construct additional data while preserving time-347

series semantics. In both settings, the main failure348

mode is semantic drift: the constructed data may349

look plausible but violate the structures that matter350

for downstream tasks, such as trend, periodicity,351

local shapes, or correlations. The key difference is352

semantic source: augmentation mainly relies on the353

target series, whereas synthesis must align control354

text (e.g., scenario descriptions) with domain rules.355

We compare them separately below.356

Time-Series Augmentation. Time-series augmen-357

tation aims to construct additional data around a358

target sequence while preserving task-relevant se-359

mantics. It typically appears in two forms: gener-360

ating numeric perturbations and generating textual361

annotations as an alternative representation of the362

same series. These two forms are shaped by differ-363

ent challenges: (i) semantic preservation is central364

for numeric augmentation, while (ii) domain an-365

notation understanding is the main bottleneck for366

textual augmentation.367

Semantic preservation is the core challenge in368

numeric augmentation. Augmented data should369

remain aligned with the target series rather than 370

merely look realistic in isolation. A common de- 371

sign follows one of two routes: either construct 372

target-specific training sets from neighboring se- 373

ries, as in DCATS (Yeh et al., 2025), or retrieve 374

similar sequences and then apply classic augmenta- 375

tions such as jittering, scaling, and time warping, 376

as in MERIT (Zhou et al., 2025). Verification is es- 377

pecially important here. LLM-as-Judge based only 378

on pretrained knowledge can be brittle, so stronger 379

designs usually rely on downstream validation sig- 380

nals (Yeh et al., 2025). 381

Domain annotation understanding is the main 382

challenge in textual augmentation. In series-to- 383

text semantic augmentation, the added data is not 384

a new numeric sequence but a textual annotation, 385

which can be viewed as another representation or 386

semantic view of the same series. The difficulty is 387

that pretrained LLMs do not reliably understand 388

domain-specific time-series annotations. A com- 389

mon remedy is to first learn general semantic de- 390

scriptions from cross-domain annotations by decon- 391

textualizing them into domain-agnostic concepts 392

(e.g., trend, periodicity, volatility), and then con- 393

vert the general semantic annotations into domain- 394

specific annotations via a domain agent (Lin et al., 395

2024). 396

Time-Series Synthesis. Time-series synthesis 397

aims to generate new sequences under specified 398

controls or constraints rather than to expand a sin- 399

gle target series. Under this view, it mainly in- 400

cludes two settings: text-guided synthesis, where 401

the system generates sequences that satisfy both 402

scenario descriptions and domain knowledge, and 403

domain-data construction without any text guid- 404

ance. These two settings face different bottlenecks: 405

(i) text–series alignment is central in the former, 406

while (ii) Domain constraint compliance is the 407

main challenge in the latter. 408

Text–series alignment is the core challenge in 409

text-guided synthesis. In real-world settings, paired 410

scenario-query and time-series data are usually 411

scarce, so LLMs cannot reliably map free-form 412

text directly to numerical sequences. A common 413

design is therefore to rewrite descriptions of real 414

time series into structured text queries and then 415

map these queries into executable generation set- 416

tings. BRIDGE (Li et al., 2025a) extracts templates 417

(e.g., length, trend, periodicity, extrema, variance), 418

refines them, and trains a controlled diffusion gen- 419

erator. GenAI4RiskModeling (Joshi, 2025) simi- 420

larly rewrites narratives into structured scenario– 421
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query forms and lets the agent translate them into422

hyperparameter settings for GAN/VAE-based gen-423

eration.424

Domain constraint compliance is the main chal-425

lenge in domain-data construction without text con-426

trol. In this setting, the difficulty is not text align-427

ment but ensuring that generated data still conforms428

to implicit domain rules and constraints. A com-429

mon design is therefore to let the agent first choose430

a set of controllable domain attributes, then trans-431

late them into executable generation rules, and432

finally filter inconsistent outputs through down-433

stream verification, keeping only aligned super-434

vision signals (Xie et al., 2024).435

Discussion: For augmentation and synthe-
sis, the central issue is that generated outputs
may look plausible while drifting away from
task-relevant semantics. As a result, current
systems are often organized around explicit
construction–verification pipelines rather than
unconstrained LLM generation. This emphasis
is also reflected in tool use, which centers on
data processing, augmentation or generation
modules, and downstream validation signals.
In existing work, memory is less central here
than in forecasting or reasoning. And when
it appears, it mainly appears as reusable tem-
plates or semantic patterns with domain rules.

436

4.3 Time-Series Anomaly Detection &437

Diagnosis438

Time-series anomaly detection and diagnosis are439

closely related: detection asks whether and when440

abnormal patterns occur, while diagnosis asks why441

and where they occur and how to respond. Their442

main difference lies in task emphasis, and we dis-443

cuss them separately below.444

Time-Series Anomaly Detection. Under this sur-445

vey’s definition, time-series anomaly detection fo-446

cuses on producing reliable alarms, such as point-447

wise labels, anomalous windows, or alert events. In448

practice, three challenges are especially important:449

(i) evidence quality, (ii) non-degradation relative450

to the base detector, and (iii) streaming monitoring451

under continual updates.452

Evidence quality matters because reliable alarms453

often require more than raw series values alone.454

Here, decision evidence refers to the information455

directly supporting the alarm decision, such as sum-456

mary statistics, learned features, or retrieved histor-457

ical snippets. A common design is to strengthen 458

this evidence by injecting it into prompts or down- 459

stream modules. SLEP (Wang et al., 2025a) fol- 460

lows this direction by enriching detector inputs 461

with additional evidence rather than relying only 462

on the raw sequence. 463

Non-degradation is critical because the agent is 464

often layered on top of an existing deployed detec- 465

tor, so it should improve alarm quality without un- 466

derperforming the base system. A common design 467

is to treat the deployed detector as a base model 468

and let the agent learn complementary corrections 469

for its typical errors. ARGOS (Gu et al., 2025) 470

exemplifies this idea by constructing deterministic 471

rules to correct base-detector failures and fusing 472

rule outputs with detector outputs at inference time. 473

Streaming monitoring is a special but practically 474

important setting because concept drift may require 475

continual adaptation. The main risk is contami- 476

nation control: short-lived anomalies may be ab- 477

sorbed as the new normal during online updates. 478

CALM (Devireddy and Huang, 2025) addresses 479

this with a continual design in which an LLM 480

agent filters training data by distinguishing tran- 481

sient noise from sustained distribution shift, and 482

only the latter is used for short-horizon adaptation 483

of the forecasting-based detector. 484

Time-Series Diagnosis. Under this survey’s defini- 485

tion, time-series diagnosis focuses on explaining, 486

localizing, and responding to abnormal events. In 487

practice, two challenges are especially important: 488

(i) evidence integration, and (ii) limited diagnostic 489

supervision. 490

Evidence integration is important for diagnosis 491

for reasons similar to anomaly detection, but di- 492

agnosis places more emphasis on explanation and 493

localization. In the papers we survey, this is of- 494

ten handled by explicitly incorporating textual ev- 495

idence, such as logs, alerts, traces, and topology 496

context, as part of the model input or generated 497

report. AgentFM (Zhang et al., 2025a) follows this 498

pattern and further improves stability by retrieving 499

labeled historical faults through RAG as few-shot 500

references, which guides the prompt and reduces 501

free-form drift. 502

Limited diagnostic supervision is another recur- 503

ring bottleneck because labeled fault cases and 504

high-quality incident narratives are often scarce. 505

LLM-TSFD (Zhang et al., 2025b) addresses this 506

by introducing a human-in-the-loop data prepara- 507

tion stage, where users specify labeling or cleaning 508

intent in natural language and the system gener- 509
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ates executable processing code that is iteratively510

refined through feedback.511

Discussion: Anomaly detection and diagnosis
are both concerned with building reliable and
actionable monitoring pipelines from hetero-
geneous temporal evidence. This makes tool
support especially important: both settings rely
heavily on data processing, existing detectors
or analytical modules, and external evidence
sources. Sequential pipelines therefore remain
the dominant architectural pattern, although
streaming monitoring scenarios further moti-
vate continual agent systems that can update
over time. Memory serves a supporting but im-
portant role: evidence logs help keep interme-
diate artifacts auditable, while pattern-library
memory allows retrieval of historical incidents
or labeled examples to stabilize decisions.

512

4.4 Time-Series Decision Making513

Time-series decision making differs from forecast-514

ing or diagnosis because the output is an executable515

action, plan, or allocation rather than a descriptive516

judgment. Decisions must be grounded in a prede-517

fined action space and satisfy domain constraints.518

The key cross-domain difference is constraint type:519

trading usually tolerates some risk, whereas infras-520

tructure control (e.g., traffic or power systems) of-521

ten impose hard feasibility and safety constraints.522

We therefore examine them separately below.523

Trading. Trading agents focus on sequential finan-524

cial decisions (e.g., buy, sell, hold) under evolv-525

ing market conditions. Three considerations are526

central: (i) heterogeneous external evidence, (ii)527

historical experience, and (iii) risk preference.528

Heterogeneous external evidence, such as news,529

financial statements, social media, earnings calls,530

visual charts, and technical indicators, often affects531

trading decisions, but it comes in different forms532

and operates at different temporal scales. Process-533

ing all of it with a single agent can easily lead to534

context overload and mixed signals. A common535

design is a planner–executor architecture, where536

specialized subagents or modules handle different537

evidence sources and their outputs are then aggre-538

gated. TradingAgents (Xiao et al., 2024), FIN-539

CON (Yu et al., 2024), and FinArena (Xu et al.,540

2025) all follow this pattern.541

Trading decisions often rely heavily on histor-542

ical experience. In agent systems, this is usually543

supported by memory in the form of pattern li- 544

brary and analytical strategies, which abstract past 545

situations into retrievable patterns or reusable de- 546

cision experience. FinAgent (Zhang et al., 2024a) 547

exemplifies this design: each stage produces a 548

retrieval-oriented query, allowing market situations, 549

price-driving explanations, and trading lessons to 550

be stored separately. FINCON (Yu et al., 2024) 551

further updates manager-level investment beliefs, 552

which serve as evolving analytical strategies. 553

Risk preference is another special concern in trad- 554

ing. In some settings, the system needs to account 555

for human preference alignment; a common de- 556

sign is to inject user risk preferences and feedback 557

into prompts in a human-in-the-loop manner, so 558

that they directly influence the final recommenda- 559

tion (Xu et al., 2025). In other settings, the system 560

does not explicitly incorporate user feedback, but 561

instead constructs internal role-based variation to 562

induce different risk styles, again typically through 563

prompt injection (Xiao et al., 2024; Yu et al., 2025). 564

Infrastructure Control. These agents mainly tar- 565

get control tasks in infrastructure systems, espe- 566

cially traffic and power systems. Compared with 567

trading, infrastructure control is shaped mainly by 568

two features: (i) hard constraints, and (ii) human- 569

specified policies. 570

Hard constraints are central in infrastructure 571

control because decisions usually operate in strict 572

environments, where feasibility and safety must 573

be validated by the environment or external tools. 574

As a result, simulators or solvers are often essen- 575

tial as verification tools. A common design is a 576

tool-grounded sequential pipeline, in which the 577

LLM proposes candidate actions or plans, while 578

simulators determine feasibility and effect. Grid- 579

Agent (Zhang et al., 2025a) is a representative ex- 580

ample: the LLM proposes structured mitigation 581

plans, while power-flow solvers and validation 582

modules determine their performance. Similarly, 583

LLMLight (Lai et al., 2025) operates in a fixed 584

control space and is evaluated in a traffic simulator. 585

Human-specified policies are another distinc- 586

tive feature of infrastructure control. In some 587

systems, humans specify policies or optimization 588

settings, and the LLM agent mainly orchestrates 589

downstream execution. Open-TI (Da et al., 2024) 590

illustrates this pattern well: some tasks translate 591

human-described policies into signal actions, while 592

others let the user specify simulation settings or 593

optimization techniques and have the LLM route 594

the request to the appropriate tool chain. 595
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Discussion: Different decision targets lead
to different design principles for trading and
infrastructure-control agents. Trading sys-
tems more often use planner–executor designs
to decompose multimodal evidence, whereas
infrastructure-control systems more often rely
on sequential execution–validation pipelines.
The same contrast appears in memory and
tool use: trading emphasizes historical expe-
rience (pattern libraries, analytical strategies)
and heterogeneous-data tooling, while infras-
tructure control depends more on simulators or
solvers for feasibility and safety checks.

596

5 Resources for Implementation and597

Evaluation598

This section summarizes key resources for imple-599

menting and evaluating LLM agents for time-series600

tasks. We organize them into four categories and601

provide representative examples (Table 3).602

Datasets and Repositories. These resources603

provide the raw observations used for training604

and offline evaluation. Representative forecast-605

ing datasets include Electricity (Lai et al., 2018),606

METR-LA (Li et al., 2017), and ETT (Zhou607

et al., 2021), while common anomaly datasets in-608

clude SWaT (Mathur and Tippenhauer, 2016) and609

SMAP/MSL (Hundman et al., 2018). Monash610

TSF (Godahewa et al., 2021) serves as a standard-611

ized multi-domain repository.612

Benchmarks. Benchmarks define comparable613

tasks and metrics across methods. Forecasting614

benchmarks include M4/M5 (Makridakis et al.,615

2018, 2022) and MIRAI (Ye et al., 2024a), while616

anomaly suites include NAB (Lavin and Ahmad,617

2015) and TSB-UAD (Paparrizos et al., 2022).618

TimeSeriesExam (Cai et al., 2024) extends eval-619

uation toward reasoning.620

Interactive Environments. These platforms en-621

able closed-loop experiments with explicit state, ac-622

tion, and reward signals. Typical examples include623

Grid2Op (Marot et al., 2021) for power systems,624

SUMO (Behrisch et al., 2011) for traffic control,625

and SocioDojo (Cheng and Chin, 2024) for trading.626

Toolkits. Toolkits provide reusable pipelines,627

APIs, and baselines for reproducible development.628

Common options include StatsForecast (Garza629

et al., 2022), NeuralForecast (Challu et al.,630

2023), Sktime (Löning et al., 2019), and Stable-631

Baselines3 (Raffin et al., 2021).632

6 Conclusion and Future Work 633

This survey presents the first comprehensive re- 634

view of LLM-based agentic systems for time-series 635

problems. We propose a novel problem-driven tax- 636

onomy that organizes existing methods by the prob- 637

lems they address and highlights recurring design 638

patterns across tasks. While this taxonomy pro- 639

vides a practical lens for understanding and design- 640

ing time-series agents, several important challenges 641

remain open for future research. 642

Trustworthiness and Validation. Although recent 643

agent systems improve flexibility and efficiency, 644

their trustworthiness remains limited (Jin et al., 645

2024; Raza et al., 2025). In many time-series set- 646

tings, reliable validation methods such as simula- 647

tion and backtesting are unavailable, so evaluation 648

still relies on LLM-as-a-judge or weak heuristic 649

checks (Tomašević et al., 2025). More reliable 650

validation methods are therefore needed. 651

Numerical Understanding and Domain Knowl- 652

edge. LLMs are general language models pre- 653

trained mainly on text, and remain limited in under- 654

standing numerical signals and specialized domain 655

knowledge (Hung et al., 2023; Ye et al., 2024b). 656

Many current agent designs implicitly assume that 657

pretrained reasoning can transfer directly to time- 658

series settings. Yet even when external tools pro- 659

vide quantitative results, agents still need the ability 660

to interpret them, judge their reliability, and con- 661

nect them to domain-specific reasoning. Improving 662

this capability remains an important direction. 663

Online Adaptation and Continual Improvement. 664

In real-world applications such as anomaly detec- 665

tion and decision making, agents often need to im- 666

prove continuously after deployment. Yet most cur- 667

rent systems remain largely static and rely mainly 668

on memory updates, while parameter adaptation 669

remains rare (Jaglan and Barnes, 2025; Zheng et al., 670

2026). A key next step is to enable stronger online 671

adaptation in deployed agents. 672

Benchmarking Agent Workflows. Current stud- 673

ies still evaluate time-series agents mainly with 674

standard task metrics. This leaves an important 675

question: how should we evaluate agent workflows 676

themselves, beyond downstream results—for ex- 677

ample, in terms of the quality of intermediate de- 678

cisions, the appropriateness of tool use, and the 679

effectiveness of reflection? Recent work has begun 680

to expose this gap (Weng et al., 2026; Cheng et al., 681

2026). Future work should therefore benchmark 682

agent workflows more systematically. 683
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7 Limitations684

While this survey provides a comprehensive685

overview of LLM-based agentic systems for time-686

series tasks, it has several limitations:687

Scope and coverage. Due to the rapid pace of688

advancements in LLM-based agents, some recent689

developments and emerging directions may not be690

fully captured in this survey.691

Lack of quantitative comparison. The broad692

range of time-series tasks and heterogeneous evalu-693

ation settings make it difficult to establish a unified694

and fair empirical comparison across all systems.695

Design guidance. The design insights are derived696

from recurring patterns observed in the literature697

rather than controlled experimental validation, and698

thus may not generalize to all practical settings.699

Despite these limitations, we hope this survey pro-700

vides a useful and structured reference for under-701

standing and designing LLM-based time-series702

agents.703
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A Survey Comparison1304

This section positions our survey against closely1305

related surveys on LLMs for time-series analysis.1306

Table 1 compares them along five dimensions:1307

(i) TS-specific, which indicates whether the sur-1308

vey is explicitly designed for time-series problems1309

rather than general LLM or agent settings;1310

(ii) LLM Agents, which indicates whether the sur-1311

vey focuses on agentic systems in which the LLM1312

plays an active role in multi-step decision-making,1313

where “Partial” means that agentic systems are in-1314

cluded but are not the main focus;1315

(iii) The four task columns, which indicate1316

whether the survey clearly covers each major prob-1317

lem family in our taxonomy—Forecasting & Rea-1318

soning, Augmentation & Synthesis, Anomaly Detec-1319

tion & Diagnosis, and Decision Support—where1320

✓ denotes clear coverage, ∼ partial coverage, and1321

× that the topic is not a main focus;1322

(iv) Taxonomy, which describes the main orga-1323

nizing principle of the survey;1324

(v) Design Guidance, which indicates whether1325

the survey provides practical guidance for selecting1326

or understanding system designs in concrete set-1327

tings. Under Taxonomy, “Problem-driven” groups1328

methods by time-series problems, “Capability-1329

driven” by agent capabilities such as planning,1330

memory, or tool use, “Method-driven” by method-1331

ological categories such as prompting, fine-tuning,1332

tokenization, or model integration, and “Other”1333

covers organizing principles that do not fit these cat-1334

egories cleanly. Under Design Guidance, “Limited”1335

means that guidance is provided only indirectly or1336

at a high level.1337

B Architecture Overview1338

Figure 2 provides a visual summary of the ar-1339

chitectural patterns discussed in Section 3. It1340

organizes time-series agent systems into single-1341

agent and multi-agent settings and summarizes the1342

main architectural patterns in our taxonomy, includ-1343

ing adaptive, iterative, and continual single-agent1344

designs, as well as sequential pipeline, planner–1345

executor, and committee/debate systems.1346

C Table 2: Method Summary1347

Table 2 summarizes the representative methods1348

covered in this survey. The methods are orga-1349

nized primarily by Problem Type, following the1350

problem-driven taxonomy adopted in this work.1351

For each method, the table reports its publication1352

Year and Venue, and summarizes its classification 1353

along three agent-oriented dimensions: Architec- 1354

ture, Tools, and Memory. Detailed discussions are 1355

provided in Section 4. 1356

D Table 3: Resources Summary 1357

Table 3 provides a supplementary summary of the 1358

resources discussed in Section 5. The resources are 1359

organized by Problem Type, following the problem- 1360

driven taxonomy adopted in this work, and include 1361

benchmarks, datasets, environments, and toolkits. 1362

For each listed resource, the table reports the fol- 1363

lowing practical attributes: (i) Category, the cate- 1364

gory of resource, such as benchmark, dataset, envi- 1365

ronment, toolkit, or dataset repository; (ii) Problem 1366

Type, the primary time-series problem or applica- 1367

tion domain the resource is associated with; (iii) 1368

Interactive, whether the resource supports interac- 1369

tive or closed-loop evaluation, where agent actions 1370

can affect subsequent observations or outcomes; 1371

(iv) Timesteps, the approximate temporal length 1372

of the data, when such information is available; 1373

(v) Series, the approximate number of variables 1374

or channels in the resource, when applicable; and 1375

(vi) Last Update, the most recent reported release, 1376

update year, or maintenance status. This table is 1377

intended as a compact reference to the practical 1378

characteristics of commonly used resources. 1379

E Typical Design Patterns Across 1380

Time-Series Tasks 1381

Figure 3 provides a supplementary visual summary 1382

of the typical design patterns discussed across dif- 1383

ferent time-series tasks in Section 4. Each panel 1384

shows a common design pattern rather than the 1385

exact design of a specific system. 1386

In the figure, (i) dashed boxes denote agent mod- 1387

ules together with their tools, while solid boxes 1388

group entities with similar roles; (ii) solid arrows 1389

show the main flow, while dashed arrows indicate 1390

conditional or fallback paths; and (iii) background 1391

colors are used to group panels from the same 1392

higher-level problem type. 1393
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Table 1: Comparison with related surveys. ✓: clearly covered; ∼: partially covered; ×: not covered.

Survey Year TS-specific
LLM

Agents
Forecasting

& Reasoning
Augmentation
& Synthesis

Anomaly Detection
& Diagnosis

Decision
Support Taxonomy

Design
Guidance

(Jiang et al., 2024) 2024 Yes No ✓ ∼ ✓ ∼ Method-driven Limited
(Zhang et al., 2024b) 2024 Yes No ✓ ✓ ✓ × Method-driven Limited
(Chang et al., 2025) 2025 Yes Partial ✓ ✓ ✓ ✓ Other Limited

(ZHANG et al., 2025) 2025 Yes Partial ✓ ✓ ✓ ∼ Capability-driven Limited
Ours 2026 Yes Yes ✓ ✓ ✓ ✓ Problem-driven Yes

Architectures in LLM Agents for Time-Series

Multi-Agent Systems

Single-Agent Systems

Sequential stage-by-stage processing
Sequential Pipelines

trigger partial re-execution

Ingest/Plan Analyze Validate Report

Parallel hypotheses + debate/voting
Committee/Debate Systems

Debate/Voting

Agent 1

Agent 2

Agent 3
Final

Hypothesis 1

Hypothesis 2

Hypothesis 3

Planner-executor decomposition + integration
Planner-Executor Systems

Manager

Worker 2
Final

Worker 1

Worker 3

Subtask 2

Subtask 3

Subtask 1

Explicit self-refine / reflect loops

Verifier/CheckRevise

Draft

Iterative Single-agent

Critique/Reflect

Adaptive Single-agent
Flexibly selects workflow

Prompt Toolbox
observation

tool call

choose next step / workflow

Lifelong/Continual Single-agent
Updates itself from ongoing evidence

LLM Agent
LLM Agent

feedback

actions

Figure 2: An illustration of the main architectural patterns for time-series agent systems.
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Table 2: Summary of representative LLM-based agentic methods for time-series tasks. Each method is grouped by
Problem Type and further characterized by its publication year, venue, architecture, tools, and memory.

Method Year Venue Problem Type Architecture Tools Memory

TimeSeriesScientist (Zhao
et al., 2025)

2024 arXiv Forecasting Multi (Sequential Pipeline) Statistical & ML Models Evidence Logs

TimeXL (Jiang et al.,
2025)

2025 arXiv Forecasting Multi (Sequential Pipeline) None Evidence Logs,
Pattern Library

TimeCAP (Lee et al.,
2025)

2025 AAAI Forecasting Multi (Sequential Pipeline) Data Processing Pattern Library

NewsTSForecasting
(Zhang et al., 2025b)

2025 arXiv Forecasting Multi (Hybrid) Search & Retrieval APIs Evidence Logs,
Analytical Strategies

TRACE (Chen and Xie,
2025)

2025 TAI Forecasting Multi (Committee / Debate) None Evidence Logs

FLAIRR-TS (Jalori et al.,
2025)

2025 arXiv Forecasting Multi (Sequential Pipeline) None Evidence Logs,
Analytical Strategies

TS-Agent (Liu et al.,
2025)

2024 arXiv Reasoning Single (Iterative) Data Processing, Statistical & ML Models Evidence Logs

Agentic-RAG (Ravuru
et al., 2024)

2024 arXiv Reasoning Multi (Planner–Executor) None Pattern Library

TS-Reasoner (Ye et al.,
2024b)

2024 arXiv Reasoning Single (Iterative) Database APIs, Data Processing, Statistical Evidence Logs

ZARA (Li et al., 2025b) 2025 arXiv Reasoning Multi (Sequential Pipeline) Database APIs; Data Processing; Statistical
& ML Models

Pattern Library,
Analytical Strategies

CLIMATEAGENT (Kim
et al., 2025)

2025 arXiv Reasoning Multi (Planner–Executor) Database APIs, Data Processing,
Simulators & Solvers & Optimizers

Evidence Logs

TESSA (Lin et al., 2024) 2024 arXiv Augmentation Multi (Sequential Pipeline) Data Processing None
DCATS (Yeh et al., 2025) 2025 arXiv Augmentation Single (Iterative) Statistical & ML Models Evidence Logs
MERIT (Zhou et al.,
2025)

2025 ACL Augmentation Multi (Sequential Pipeline) Data Processing, Statistical & ML Models None

ChatTS (Xie et al., 2024) 2024 ICSP Synthesis Multi (Sequential Pipeline) None None
AXIS (Lan et al., 2025) 2025 arXiv Synthesis Multi (Sequential Pipeline) None None
GenAI4RiskModeling
(Joshi, 2025)

2025 SSRN Synthesis Multi (Sequential Pipeline) Database APIs, Data Processing, Statistical
& ML Models

None

BRIDGE (Li et al., 2025a) 2025 arXiv Synthesis Multi (Hybrid) Search APIs, Statistical & ML Models Pattern Library

AD-AGENT (Yang et al.,
2025)

2025 arXiv Detection Multi (Sequential Pipeline) Data Processing, Statistical & ML Models Evidence Logs,
Analytical Strategies

Argos (Gu et al., 2025) 2025 arXiv Detection Multi (Sequential Pipeline) Data Processing, Statistical & ML Models Evidence Logs
SLEP 2025 SSRN Detection Single (Adaptive) Data Processing Evidence Logs,

Analytical Strategies
CALM 2025 arXiv Detection Single (Lifelong / Continual) Data Processing, Statistical & ML Models None
LEMAD (Zhang et al.,
2025b)

2025 Electron. Diagnosis Multi (Sequential Pipeline) Data Processing, Statistical & ML Models Evidence Logs

AgentFM (Zhang et al.,
2025a)

2025 FSE Diagnosis Multi (Planner–Executor) Database APIs, Data Processing, Statistical
& ML Models

None

LLM-TSFD (Zhang et al.,
2025b)

2025 ESWA Diagnosis Single (Iterative) Database APIs, Data Processing, Search &
Retrieval APIs, Statistical & ML Models

Pattern Library

ElliottAgents (Chudziak
and Wawer, 2024; Wawer
and Chudziak, 2025)

2024 PACLIC Trading Multi (Planner–Executor) Data Processing, Statistical & ML Models Pattern Library

TradingAgents (Xiao
et al., 2024)

2024 arXiv Trading Multi (Hybrid) Data Processing, Search & Retrieval APIs Evidence Logs

FinCon (Yu et al., 2024) 2024 NeurIPS Trading Multi (Planner–Executor) Database APIs, Data Processing, Search &
Retrieval APIs

Evidence Logs,
Pattern Library,
Analytical Strategies

FinAgent (Zhang et al.,
2024a)

2024 WWW Trading Multi (Sequential Pipeline) Data Processing Pattern Library,
Analytical Strategies

FactorMAD (Duan et al.,
2025)

2024 arXiv Trading Multi (Committee / Debate) Data Processing, Statistical & ML Models Patterns Library

FinMem (Yu et al., 2025) 2025 AAAI Trading Single (Adaptive) Database APIs, Data Processing Evidence Logs,
Patterns Library

FinArena (Xu et al., 2025) 2025 arXiv Trading Multi (Planner–Executor) Data Processing, Search & Retrieval APIs None
ATLAS (Papadakis et al.,
2025)

2025 arXiv Trading Multi (Planner–Executor) Search & Retrieval APIs, Simulators &
Solvers & Optimizers

Analytical Strategies

FinRL-DeepSeek
(Benhenda, 2025)

2025 arXiv Trading Single (Adaptive) Statistical & ML Models None

Open-TI (Da et al., 2024) 2024 arXiv Infrastructure
Control

Multi (Sequential Pipeline) Database APIs, Data Processing, Statistical
& ML Models

None

Grid-Agent (Zhang et al.,
2025a)

2024 arXiv Infrastructure
Control

Multi (Sequential Pipeline) Simulators & Solvers & Optimizers Evidence Logs

GridMind (Jin et al.,
2025)

2025 SC Work-
shops

Infrastructure
Control

Multi (Planner–Executor) Simulators & Solvers & Optimizers Evidence Logs

LLMTraveler (Wang et al.,
2025b)

2025 TRC Infrastructure
Control

Single (Iterative) None Evidence Logs

LLMLight (Lai et al.,
2025)

2025 KDD Infrastructure
Control

Single (Iterative) Simulators & Solvers & Optimizers None
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Table 3: Summary of representative resources for time-series tasks. Each resource is grouped by Problem Type and
further characterized by its type, interactivity, temporal scale, number of series, and update status.

Resource Category Problem Type Interactive Timesteps Series Last Update

Forecasting
M4 (Makridakis et al., 2018) Benchmark Forecasting No Up to 10k ∼100k 2020
M5 (Makridakis et al., 2022) Benchmark Forecasting No 1.9k 42k 2022
MIRAI (Ye et al., 2024a) Benchmark Forecasting No ∼ 1M 59k 2025
FutureX (Zeng et al., 2025) Benchmark Forecasting No ∼ 1k 195 2025
Monash TSF (Godahewa et al., 2021) Dataset Repo Multi-Domain Forecast-

ing
No Up to 527k Up to 145k 2021

IHEPC Dataset Energy Forecasting No 2M 9 2011
Electricity (Lai et al., 2018) Dataset Energy Forecasting No 26k 321 2015
METR-LA (Li et al., 2017) Dataset Traffic Forecasting No 34k 207 2018
PEMS-BAY (Li et al., 2017) Dataset Traffic Forecasting No 52k 325 2018
ETT (Zhou et al., 2021) Dataset Energy Forecasting No Up to 69k 7 2021
Exchange (Lai et al., 2018) Dataset Finance Forecasting No 7.6k 8 2021
Traffic (Lai et al., 2018) Dataset Traffic Forecasting No 17k 862 2023
Weather Dataset Weather Forecasting No 53k 21 2023
LargeST (Liu et al., 2023) Dataset Traffic Forecasting No 526k Up to 8.6k 2023
ILI Dataset Health Forecasting No Unclear 7 Ongoing
StatsForecast (Garza et al., 2022) Toolkit Forecasting No N/A N/A 2025
NeuralForecast (Challu et al., 2023) Toolkit Forecasting No N/A N/A 2026

Reasoning
TimeSeriesExam (Cai et al., 2024) Benchmark Reasoning No N/A >700 Tasks 2024
IBTrACS (Knapp et al., 2010) Dataset Reasoning No N/A Unclear 2025

Anomaly Detection
TSB-UAD (Paparrizos et al., 2022) Benchmark Suite Anomaly Detection No Varies 236 Datasets 2022
ADBench (Han et al., 2022) Benchmark Suite Anomaly Detection No Varies 57 Datasets 2022
NAB (Lavin and Ahmad, 2015) Benchmark Anomaly Detection No Up to 22k 58 2015
UCR-AD (Wu and Keogh, 2021) Benchmark Anomaly Detection No Unclear 250 2021
SWaT (Mathur and Tippenhauer,
2016)

Dataset Anomaly Detection No Unclear Unclear 2016

SMAP (Hundman et al., 2018) Dataset Anomaly Detection No 430k 55 2018
MSL (Hundman et al., 2018) Dataset Anomaly Detection No 67k 27 2018
WADI (Adepu et al., 2020) Dataset Anomaly Detection No Unclear 103 2019
KPI (Ren et al., 2019) Dataset Anomaly Detection No Unclear 781 2019
ADTK Toolkit Anomaly Detection No N/A N/A 2020
Luminol Toolkit Anomaly Detection No N/A N/A 2023

Decision-support
RL Unplugged (Gulcehre et al., 2020) Dataset Offline RL No N/A N/A 2020
D4RL (Fu et al., 2020) Dataset Offline RL No N/A N/A 2021
Grid2Op (Marot et al., 2021) Environment Power System Control Yes N/A N/A 2021
SocioDojo (Cheng and Chin, 2024) Environment Trading Yes N/A N/A 2024
CityLearn Environment Power System Control Yes N/A N/A 2025
SUMO (Behrisch et al., 2011) Environment Traffic Control Yes N/A N/A Ongoing
Stable-Baselines3 (Raffin et al., 2021) Toolkit Reliable RL No N/A N/A 2025

Others
TimeSeriesGym (Cai et al., 2025) Benchmark Multi-Task No N/A N/A 2025
Sktime (Löning et al., 2019) Toolkit Multi-Task No N/A N/A 2025
GluonTS (Alexandrov et al., 2020) Toolkit Multi-Task No N/A N/A 2025
Merlion (Bhatnagar et al., 2021) Toolkit Multi-Task No N/A N/A 2024
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https://www.unic.ac.cy/iff/research/forecasting/m-competitions/m4/
https://www.unic.ac.cy/iff/research/forecasting/m-competitions/m5/
https://mirai-llm.github.io/
https://futurex-ai.github.io/
https://forecastingdata.org/
https://archive.ics.uci.edu/ml/datasets/individual+household+electric+power+consumption
https://archive.ics.uci.edu/dataset/321/electricityloaddiagrams20112014
https://github.com/liyaguang/DCRNN
https://github.com/liyaguang/DCRNN
https://github.com/zhouhaoyi/ETDataset
https://github.com/laiguokun/multivariate-time-series-data
https://github.com/laiguokun/multivariate-time-series-data
https://nixtlaverse.nixtla.io/datasetsforecast/long_horizon2.html
https://github.com/liuxu77/LargeST
https://www.cdc.gov/fluview/index.html
https://github.com/Nixtla/statsforecast
https://github.com/Nixtla/neuralforecast
https://github.com/moment-timeseries-foundation-model/TimeSeriesExam
https://www.ncei.noaa.gov/products/international-best-track-archive
https://github.com/TheDatumOrg/TSB-UAD
https://github.com/Minqi824/ADBench
https://github.com/numenta/NAB
https://wu.renjie.im/research/anomaly-benchmarks-are-flawed/
https://itrust.sutd.edu.sg/itrust-labs_datasets/
https://github.com/khundman/telemanom
https://github.com/khundman/telemanom
https://itrust.sutd.edu.sg/itrust-labs_datasets/
https://github.com/NetManAIOps/KPI-Anomaly-Detection
https://github.com/arundo/adtk
https://github.com/linkedin/luminol
https://github.com/deepmind/deepmind-research/tree/master/rl_unplugged
https://github.com/Farama-Foundation/D4RL
https://github.com/Grid2op/grid2op
https://github.com/chengjunyan1/SocioDojo
https://www.citylearn.net/citylearn_challenge/2021.html
https://eclipse.dev/sumo/
https://github.com/DLR-RM/stable-baselines3
https://github.com/moment-timeseries-foundation-model/TimeSeriesGym
https://github.com/sktime/sktime
https://github.com/awslabs/gluonts
https://github.com/salesforce/Merlion


Figure 3: Typical design patterns of time-series agent systems across representative tasks. From top left to bottom
right, the panels correspond to forecasting, reasoning, augmentation, synthesis, anomaly detection, diagnosis,
trading, and infrastructure control.
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