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Abstract

Time-series data drives financial decision-making, yet building models that are si-
multaneously high-performing, interpretable, and auditable remains challenging.
Automated Machine Learning (AutoML) streamlines development but often lacks
domain adaptivity, while recent LLM-based agents enable end-to-end workflow
automation. We introduce TS-Agent, a modular agentic framework designed to
automate and enhance time-series modeling workflows for financial applications.
The agent formalizes the pipeline as a structured, iterative decision process across
three stages: model selection, code refinement, and fine-tuning, guided by contex-
tual reasoning and experimental feedback. Central to our architecture is a plan-
ner agent equipped with structured knowledge banks, curated libraries of models
and refinement strategies, which guide exploration, while improving interpretabil-
ity and reducing error propagation. TS-Agent supports adaptive learning, robust
debugging, and transparent auditing. Across financial forecasting and synthetic
generation tasks, it consistently outperforms state-of-the-art AutoML and agentic
baselines in accuracy, robustness, and decision traceability.

1 Introduction

Financial markets produce high-velocity, high-volume time series where timely, decision-relevant
modeling is essential yet difficult. While AutoML systems accelerate pipeline construction, their
static search strategies and optimization for generic statistical losses limit domain alignment and
adaptability [7, 13]. Emerging LLM-based agentic systems couple language reasoning with code
execution to automate end-to-end workflows [21, 10, 5, 2], but building agents that are robust, au-
ditable, and compliance-ready for time-series modeling in finance remains open: beyond accuracy,
practitioners require transparent processes that justify model choice, refinement, and deployment
decisions and support human–AI collaboration [23, 10].

We propose TS-Agent, a modular agentic framework that automates and audits financial time-series
workflows via iterative model selection, code refinement, and hyperparameter tuning guided by
structured reasoning and execution feedback. TS-Agent integrates three read-only resources, a Case
Bank for case-based reasoning, a Financial Time-Series Code Base of executable models/metrics for
reuse, and a Refinement Knowledge Bank encoding expert heuristics, while logging every decision
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Figure 1: Overview of TS-Agent.

and rationale for reproducibility and fault localization [10]. A planner implements feedback-driven
updates (beyond static AutoML and naive agents), isolates edits to refinement modules for debug-
gability, and aligns optimization with finance-aware metrics. Experiments across stock, exchange,
and crypto tasks prove that it delivers superior accuracy, trading utility, robustness, and success
consistency relative to AutoML and agentic baselines, with transparent, compliance-friendly traces.

2 Related Work

We review two primary lines of research related to TS-Agent: Automated Machine Learning (Au-
toML) and agentic systems. AutoML automates preprocessing, model selection, and hyperparam-
eter tuning, commonly via Bayesian optimization and ensembling [24, 9, 13, 1]. Early systems
jointly optimize pipelines [24, 9]; for time series, many reduce forecasting to regression with
manual features, while AutoGluon extends to probabilistic forecasting and Optuna offers scal-
able hyperparameter optimization [7, 1]. LLM agents decompose goals, call tools, and self-correct
[21, 29, 22, 25, 23] with domain variants support research ideation and data science via retrieval/-
case adaptation [5, 10]. For high-stakes finance, they lack transparency, alignment with trading,
risk, and compliance, and integration with existing codebases. TS-Agent targets these needs with
finance-grounded planning, vetted toolchains, and human–AI collaboration.

3 Problem formulation

Given a financial time-series task T = (desc,D,L) with data D = (Dtrain,Dtest) and an evaluation
criterion L, TS-Agent uses read-only external resources and an iterative editing loop to produce
an executable train.py that minimizes L on Dtest while logging all decisions. In this work, we
mainly consider time series forecasting and generation tasks. For forecasting, let Xt ∈ Rd and
define windowed pairs (Xt−p+1:t, Xt+1:t+q)t ∈ T. A model Fθ : Rd×p → Rd×q predicts future
values; a common loss is MSE := 1

T

∑
t∈T ||Fθ(Xt−p+1:t) − Xt+1,t+q||2, often augmented with

finance-aware metrics. For generation, given segments (Xt:t+q)t∈T, learn Gθ : Z → Rd×q mapping
noise ξ ∼ P to samples whose distribution matches that of Xt:t+q; quality is assessed via statistical
distances and task-specific financial criteria.

Learning Framework. In practice, financial institutions typically maintain their own code pipelines
for analyzing financial time-series data and have their domain knowledge bases. To reflect it, we as-
sume that the agent has access to three read-only external resources. (1) Case Bank (Ecase, text):
a curated library of financial time-series forecasting and generation tasks with concise reports, re-
trieved to guide new tasks [10]. Sources include benchmarks, competitions, and peer-reviewed
studies [16, 18, 17, 3]; data span equities, exchange, crypto, and synthetic; entries map tasks to
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Table 1: Time series forecasting performance on three benchmark datasets. The best result for each
LLM (per column) is bolded.

Dataset Model
RMSE ↓ MAE ↓ MAPE (%) ↓ sMAPE (%) ↓ Success Rate (%) ↑

GPT-3.5 GPT-4o Claude Nova GPT-3.5 GPT-4o Claude Nova GPT-3.5 GPT-4o Claude Nova GPT-3.5 GPT-4o Claude Nova GPT-3.5 GPT-4o Claude Nova

Crypto
TS-Agent 0.277 0.206 0.254 0.249 0.0076 0.0051 0.0066 0.0063 1.692 1.531 1.643 1.655 1.693 1.529 1.644 1.658 100 100 100 100
DS-Agent 0.369 0.297 0.320 0.307 0.0082 0.0070 0.0074 0.0073 2.065 1.883 1.905 1.912 2.063 1.881 1.907 1.914 60 60 60 60

ResearchAgent 0.392 0.341 0.355 3.477 0.0094 0.0083 0.0088 0.0085 2.344 2.040 2.210 2.198 2.347 2.040 2.230 2.200 40 60 60 60
AutoGluon 0.223 0.0055 1.664 1.662 100

Exchange
TS-Agent 0.0073 0.0068 0.0069 0.0077 0.0041 0.0036 0.0040 0.0041 0.564 0.474 0.499 0.562 0.563 0.474 0.498 0.560 100 100 100 80
DS-Agent 0.0095 0.0088 0.0090 0.0096 0.0066 0.0057 0.0062 0.0068 0.801 0.782 0.792 0.811 0.800 0.781 0.792 0.810 80 100 60 60

ResearchAgent 0.0099 0.0096 0.0095 0.0098 0.0066 0.0056 0.0054 0.0059 0.812 0.793 0.804 0.817 0.811 0.79 0.804 0.817 60 40 80 60
AutoGluon 0.0089 0.0052 0.701 0.699 100

Stock
TS-Agent 8.727 8.017 7.982 8.590 5.117 4.912 4.905 5.047 2.336 2.046 2.076 2.123 2.001 1.770 1.765 1.850 80 100 100 100
DS-Agent 8.644 8.557 8.559 8.732 5.248 5.193 5.150 5.207 2.308 2.137 2.177 2.244 2.142 1.969 2.055 2.099 60 80 100 60

ResearchAgent 9.890 9.410 9.570 9.791 6.041 5.677 5.738 5.910 2.878 2.498 2.420 2.590 2.414 2.053 2.238 2.331 60 80 80 80
AutoGluon 8.430 5.258 2.174 1.890 100

Table 2: Trading performance on time series forecasting task for Crypto dataset.

Dataset Model
Sharpe Ratio Difference ↓ VaR Difference ↓ ES Difference ↓

GPT-3.5 GPT-4o Claude Nova GPT-3.5 GPT-4o Claude Nova GPT-3.5 GPT-4o Claude Nova

Crypto
TS-Agent 0.414 0.378 0.403 0.407 0.0088 0.0069 0.0077 0.0080 0.0082 0.0066 0.0067 0.0069
DS-Agent 0.484 0.46 0.458 0.462 0.0130 0.0089 0.0092 0.0098 0.0121 0.0084 0.0061 0.0089

ResearchAgent 0.479 0.471 0.472 0.475 0.0117 0.0086 0.0094 0.0090 0.0111 0.0081 0.0087 0.0088
AutoGluon 0.402 0.0076 0.0072

effective model families. (2) Refinement Knowledge Bank (Erefinement, text): best practices for
preprocessing, training, and tuning/evaluation, linked to logged outcomes. (3) Code Base (Ecode):
read-only repository with (i) a Model Bank covering forecasting and generation implementations,
and (ii) an Evaluation Measure Bank including standard statistical scores and finance-specific tests.

4 TS-Agent Framework

TS-Agent automates financial time-series modeling by iteratively editing a modular train.py us-
ing three read-only resources (case bank, refinement knowledge, code base) and prior run logs. The
system follows two stages: (1) model pre-selection and (2) code refinement, and produces repro-
ducible scripts with auditable traces, as depicted in Figure 1(a).

The action space comprises Amodel (choose models/measures), Arefine (insert training strategies),
Atune (tune hyperparameters), and Alog (execute and record). Arefine might introduce bugs; the agent
applies iterate–fix–rerun debugging [10]. At step t, memory Mt = (Iv,Sv)v≤t stores logs Iv and
code states Sv , and context Ct = Mt ∪E ∪ T conditions decisions. The chain-of-code-edits follow
π(Acode|Ct) = π(Amodel|Ct)·π(Arefinement|Amodel, Ct)·π(Afine-tune|Amodel, Arefinement, Ct). We illustrate
the feedback loop in Figure 1(b) and Algorithm 1.

Algorithm 1: Feedback Loop for Code Refinement .
1 Initialize contextual information C1;
2 for t← 1 to Tmax do
3 Conduct Model Selection , Refinement , Fine-tuning ;
4 Conduct action Alogging and record the log It;
5 Update the agent’s memoryMt+1 ←Mt ∪ It;
6 Update the context Ct+1 ← (Mt+1, E, T );
7 end

Each iteration retrieves promising
models via case-based reasoning from
case bank [10], refines training us-
ing the refinement knowledge and re-
cent logs, tunes hyperparameters, then
executes and logs outcomes that ex-
tend Mt. Stage 1 instantiates the
top-k candidates in train.py by
Model Selection , while Stage 2 runs

a two-phase round-robin search [20]:
a short, parallel warm-up to pick an incumbent and conducts Code Refinement , which iteratively
applies Refinement and Fine-tuning , followed by optimization cycles that accept edits only if the
loss improves (else revert), yielding decision-aligned performance with complete audit trails.

5 Experiments

Setup. We evaluate TS-Agent on forecasting and generation tasks using three financial datasets
Crypto (hourly, 20 USDT pairs, 2024) [4], Exchange (daily FX, 1990–2010) [12], and Stock (daily
U.S. equities, 2020–2024) [30]. Baselines include DS-Agent [10], ResearchAgent [5], and Au-
toML tools (AutoGluon for forecasting [7], Optuna for generation [1]). All agents are instantiated
with GPT-3.5, GPT-4o, Claude Sonnet 4, and Nova Pro.
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Table 3: Time series generation performance on Exchange and Stock datasets. — indicates that no
successful runs were recorded. The best result for each LLM (per column) is bolded.

Dataset Model
Marginal ↓ Correlation ↓ Autocorrelation ↓ Covariance ↓ Success Rate (%) ↑

GPT-3.5 GPT-4o Claude Nova GPT-3.5 GPT-4o Claude Nova GPT-3.5 GPT-4o Claude Nova GPT-3.5 GPT-4o Claude Nova GPT-3.5 GPT-4o Claude Nova

Exchange

TS-Agent 0.360 0.356 0.374 0.366 4.249 2.796 2.803 1.874 0.00426 0.00216 0.00226 0.00120 0.00301 0.00179 0.00151 0.00120 100 100 100 100
DS-Agent — 0.692 0.329 0.401 — 14.755 3.373 14.290 — 0.0605 0.00475 0.0347 — 0.00706 0.00287 0.00600 0 40 100 20

ResearchAgent — 0.737 0.530 — — 9.591 6.369 — — 0.000884 0.00105 — — 0.00595 0.00403 — 0 80 100 0
Optuna 0.377 2.114 0.00198 0.00172 100

Stock

TS-Agent 0.309 0.269 0.266 0.259 3.468 1.228 1.194 1.413 0.227 0.152 0.153 0.161 6.99× 10−5 4.43× 10−5 4.35× 10−5 4.50× 10−5 100 100 100 100
DS-Agent — 0.299 0.331 0.277 — 6.930 5.282 11.991 — 0.231 0.286 0.147 — 5.58×10−5 5.81×10−4 5.63×10−5 0 80 100 40

ResearchAgent — 0.575 0.397 0.904 — 7.175 7.343 12.879 — 0.490 0.329 1.244 — 5.75×10−5 4.74×10−5 5.84×10−5 0 80 100 40
Optuna 0.270 1.530 0.162 4.83× 10−5 100

Table 4: Time series generation performance on Crypto dataset.

Model
VaR Difference ↓ ES Difference ↓ Success Rate (%) ↑

GPT-3.5 GPT-4o Claude Nova GPT-3.5 GPT-4o Claude Nova GPT-3.5 GPT-4o Claude Nova

TS-Agent 0.00205 0.00326 0.00235 0.00245 0.000714 0.00299 0.000629 0.000566 100 100 100 100
DS-Agent 0.00564 0.00378 0.00427 — 0.00617 0.000729 0.00115 — 20 100 100 0

ResearchAgent 0.0107 0.0105 0.00557 0.0126 0.00227 0.00149 0.00147 0.00113 40 100 100 60
Optuna 0.00220 0.000832 100

Time Series Forecasting (TSF). We evaluate five representative forecasting models (i.e.,
Autoformer [28], PatchTST [19], TimesNet [27], DLinear [32], and TimeMixer [26])

RMSE
MAE

MAPE

    sMAPE

     Success
Rate

   RMSE

  MAE

 MAPE

sMAPESuccess
Rate

RMSE

MAE

MAPE  

sMAPE     

Success     
Rate     

SR Diff.     

VaR Diff.   

ES Diff.

13
12

11
10

9
8

7
6

5
4

3
2

1
Stock

Exchange

Crypto

TS-Agent

GPT-3.5

DS-Agent

GPT-4o

ResearchAgent

Claude

AutoGluon

Nova

(a) TSF tasks.

Marginal

  Correlation

                 Autocorrelation

            Covariance

        Success
   Rate

    Marginal

CorrelationAutocorrelation

Covariance        

Success        
Rate        

Success      
Rate      

VaR Diff.      

ES Diff.   

13
12

11
10

9
8

7
6

5
4

3
2

1

Stock

Exchange

Crypto

TS-Agent
GPT-3.5

DS-Agent
GPT-4o

ResearchAgent
Claude

Optuna
Nova

(b) TSG tasks.

Figure 2: Rankings on two time series tasks.

and report averaged RMSE, MAE, MAPE, sMAPE,
for Crypto, differences in Sharpe, VaR, and ES,
alongside a 5-run Success Rate [17]. Table 1 shows
that TS-Agent with its best LLM variant (typically
GPT-4o or Claude) outperforms baselines, reducing
RMSE by > 20% on Exchange and ∼ 8% on Crypto
vs. AutoGluon, and by up to 30% vs. DS-Agent,
while maintaining a 100% success rate. On risk
fidelity (Table 2), it achieves 20% lower Sharpe/-
VaR differences than the strongest competing agent
with competitive ES, indicating preservation of risk-
sensitive structure in volatile regimes. Ranking pro-
files (Figure 2(a)) place TS-Agent with the best average rank and the outermost contour. Al-
though GPT-4o is generally strongest, margins are smaller for TS-Agent, consistent with backbone-
agnostic resilience from refining vetted Financial TS Code Base implementations rather than syn-
thesizing models from scratch.

Time Series Generation (TSG). We benchmark five representative models (i.e., TimeGAN [31],
PCFGAN [14], RCGAN [8], TimeVAE [6], and DDPM [11]) and assess fidelity on Exchange/S-
tock via Marginal, Correlation, Autocorrelation, and Covariance scores [15, 30], and on Crypto via
tail-risk fit (VaR, ES) owing to heavy-tailed returns [17]. Tables 3 and 4 demonstrate that, across
datasets and LLM backbones, TS-Agent matches or exceeds Optuna and consistently outperforms
agentic baselines, achieving a 100% success rate with markedly lower error dispersion. Rankings
(Figure 2(b)) further place TS-Agent on the outermost contour (best overall), Optuna second, and
the generic agents trailing, evidence that domain-informed, code-grounded workflows yield higher-
quality, more robust synthetic series than pure AutoML or generic agents.
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Figure 3: An illustration of TS-Agent’s two-stage workflow on a financial TS forecasting task.

Case Study. On a forecasting task (Figure 3) predicting the next three trading-day closes for ten
U.S. stocks from a 60-day window (metric: average MAPE), TS-Agent begins with a scaffolded
train.py, performs Stage 1 case-based model pre-selection [10] to shortlist Autoformer and
PatchTST [28, 19], then executes a Stage 2 two-phase round-robin refine–tune–execute loop with
auditable logs; warm-up retains the best per model (Autoformer 3.41 vs. PatchTST 4.17 MAPE),
and optimization further improves Autoformer to 1.86 MAPE by accepting only loss-reducing ed-
its, demonstrating efficient, transparent end-to-end automation.
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6 Conclusion

This paper introduces TS-Agent, a modular, structured agentic framework designed to automate
financial time-series workflows. By formalizing the modeling pipeline as a multi-stage decision
process, TS-Agent integrates domain-specific knowledge and feedback-driven reasoning to deliver
interpretable, adaptive, and high-performing solutions across forecasting and generation tasks.
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