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Abstract

Synthetic time series are essential tools for data augmentation, stress testing, and al-
gorithmic prototyping in quantitative finance. However, in cryptocurrency markets,
characterized by 24/7 trading, extreme volatility, and rapid regime shifts, existing
Time Series Generation (TSG) methods and benchmarks often fall short, jeopar-
dizing practical utility. Most prior work (1) targets non-financial or traditional
financial domains, (2) focuses narrowly on classification and forecasting while
neglecting crypto-specific complexities, and (3) lacks critical financial evaluations,
particularly for trading applications. To address these gaps, we introduce CTBench,
the first Crypto-centric Time series generation Benchmark, comprising (1) an open
dataset of 452 cryptocurrencies, (2) a dual-task evaluation on Predictive Utility and
Statistical Arbitrage, and (3) 13 metrics across six dimensions (i.e., error, rank, trad-
ing performance, risk assessment, efficiency, and visualization). We systematically
benchmark 8 representative TSG models from five families, uncovering trade-ofts
between statistical fidelity and real-world profitability. Notably, CTBench offers
model ranking analysis and actionable guidance for selecting and deploying TSG
models in crypto analytics and strategy development.

1 Introduction

Time Series Generation (TSG) underpins a wide range of applications, including data augmentation [5}
22]], anomaly detection [4}32]], privacy [[16}27], and domain adaptation [8} 18], by capturing temporal
dependencies and cross-asset correlations. Yet, despite progress from generalized benchmarks such
as TSGBench [3| 2], they largely neglect the unique microstructure of cryptocurrencies, an asset
class valued at about $4 trillion (May 2025) and characterized by 24/7 trading, speculative dynamics,
extreme volatility, and irregular liquidity [23]], warranting a crypto-specific evaluation standard.

Existing financial time series benchmarks, such as FinTSB [[15] and FinTSBridge [33]], have advanced
evaluation practices, but they remain anchored in traditional markets and forecasting tasks. When
applied to cryptocurrency, they face three key limitations: (1) limited generality, being stock-centric
with fixed trading hours and lower volatility; (2) narrow task scope, prioritizing forecasting over
crypto-relevant generation, arbitrage, and strategy evaluation [34]]; and (3) lack of crypto-specific
evaluation metrics that link fidelity with economic utility and tail-risk under 24/7 trading.

We introduce CTBench, the first open benchmark tailored to cryptocurrency markets. It (1) curates
a high-volatility, hourly dataset with standardized preprocessing; (2) bridges TSG with practice
through dual tasks: Predictive Utility (train on synthetic, trade on real) and Statistical Arbitrage
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Figure 1: Overall architecture of CTBench with its dual-task benchmarks.

(reconstruct residuals for mean-reversion); (3) stress-tests models using diverse trading strategies and
a holistic financial metric suite covering error, rank, trading performance, risk assessment, efficiency,
and visualization; and (4) benchmarks 8 representative models across 5 families, providing systematic
analyses that expose the trade-offs between fidelity, tradability, and robustness.

2 Preliminaries

Let R € R™*! denote the log-return matrix of n tradable crypto-assets over [ hourly observations,

where each vector 7, = [r14, -, 7] € R™ contains hourly log-returns r; ; = log(p; ¢/pit—1)
with p; ; the price of asset ¢ at hour ¢. For walk-forward evaluation, we use a rolling window with
training size w and step s, split offsets 7 € {w,w + s, -+ ,w+ (k — 1)s} with k = | =] yield:
R(T)_ (r) _
train — [TT7w+17 7""7]7 Rtest = [TT+17 7rr+s]~

At each split, a TSG model g(™) is trained on Rt(r;)n and evaluated in two modes: (1) Generation

mode, sampling synthetic sequences Ryen = g (2), with z ~ N(0, I); (2) Reconstruction mode,
reconstructing real data as Ryqin = g™ (R(T) ) and Ry = g(T)(Rt(eTSB).

train

To link generation with financial evaluation, we simulate portfolio dynamics. Starting from initial
capital Vj > 0, the strategy allocates weights 1, = [1,¢, - ,7n,¢) € R™ at each hour ¢, and the
portfolio value evolves as V; = V;_; - (i, ;) with profit-and-loss AV; = V; — V;_;.

3 CTBench

We present CTBench, a comprehensive benchmark for evaluating TSG models in cryptocurrency
markets. As illustrated in Figure|l} it comprises crypto-centric datasets, dual-task evaluation, diverse
trading strategies, a comprehensive financial metric suite, and a model zoo across five families.

Crypto-Centric Datasets. CTBench curates a crypto-focused dataset from Binance hourly spot
data (Jan 2020-Dec 2024) [6], restricted to USDT pairs and filtered for continuity, resulting in
452 tradable series across diverse regimes. For each asset ¢ at hour ¢, we record OHLC data and
compute close-to-close log-returns r; ; = log(C; +/C; 1—1), forming R € R™*!. To assess whether
generators preserve tradable structure, we apply the same feature pipeline to real and synthetic data,
combining AlphalOl factors [[17] with standard technical indicators (e.g., Bollinger Bands, RSI,
moving averages), widely used in quantitative finance [26, 142} 40, [29]]. The dataset reveals strong
cross-sectional dispersion and cap-dependent volatility, motivating crypto-specific evaluation that
tests predictive dependencies, cross-asset relations, and financial viability beyond marginal similarity.

Dual-Task Benchmarks. To connect TSG with financial utility, CTBench introduces two comple-
mentary tasks. Predictive Utility evaluates whether synthetic data can train forecasters that trade
profitably on real markets. Specifically, a TSG model g samples synthetic returns Ry, features
®(-) are extracted from both real and synthetic data, and a lightweight forecaster (e.g., XGBoost)



9,131,119, 138]] is trained on ‘I>(Rgen) to predict next-hour returns. Out-of-sample on real data, pre-
dicted returns are ranked each hour to form a dollar-neutral long-short portfolio, with performance
scored by CTBench’s financial suite. Statistical Arbitrage instead the TSG as a denoiser: recon-

structed returns R yield residuals €; 4 = r;; — 7;, modeled via Ornstein—-Uhlenbeck processes
[30] (or extensions such as Lévy-type dynamics [[12] or neural SDEs [21]]). Standardized s-scores
generate mean-reverting signals, with trades opened when deviations exceed thresholds and portfolios
rebalanced hourly. Together, these tasks test fidelity in prediction and recovery of tradable signals.

Trading Strategies. To remain strategy-agnostic, CTBench evaluates each signal under three
canonical styles: (1) Cross-Sectional Momentum (CSM), long top-decile vs. short bottom-decile;
(2) Long-Only Top-Quantile (LOTQ), equal-weight long top 20%; and (3) Proportional Weighting
(PW), allocating weights proportional to predicted returns. This design stresses models under diverse
market paradigms, while allowing plug-and-play integration of proprietary strategies.

Financial Evaluation Measure Suite. CTBench consolidates 13 measures into six cate-
gories aligned with practitioner needs: (1) Error: MSE and MAE for bias vs. noise;
(2) Rank: Information Coefficient (IC) and its stability (IR)
for cross-sectional order preservation [28| 24]]; (3) Trading
Performance: CAGR, Sharpe Ratio (SR), Maximum Draw-
down (MDD) quantify annualized returns and risk-adjusted
efficiency; (4) Risk Assessment: 95% Value-at-Risk (VaR),
and Expected Shortfall (ES) for tail and path-dependent
losses; (5) Efficiency: training and inference time for de-
ployability; and (6) Visualization: Simulated growth curves
of a $10,000 investment and ranking plots on diverse market
regimes. These capture fidelity, profitability, risk sensitivity,
and operational feasibility.

TSG Model Zoo. CTBench benchmarks 8 representative
models across five methodological families: (1) GANs
(Quant-GAN [35], COSCI-GAN [25]), where GANs are
used only for forecasting, as they do not natively support
reconstruction [[14}[11]; (2) VAEs (TimeVAE [10], KoVAE o C e
[201); (3) Diffusion models (Diffusion-TS [37], FIDE [13]); (c) 2023. (d) 2024.
(4) Flow-based models (Fourier-Flow [1]]); and (5) Mixed- Fjgure 2: Rankings of TSG models on
type models (LS4 [41]]). This diverse model zoo supports  the Predictive Utility task.
architecture-agnostic comparison and highlights trade-offs

between fidelity, tradability, and robustness.

°

4 Experiments

Setup. We evaluate CTBench on 452 USDT trading pairs using a walk-forward scheme: 500 days for
training, followed by 30 days for the Predictive Utility task and 15 days for the Statistical Arbitrage
task, with retraining at each cycle. To isolate generator quality, transaction fees are set to zero by
default; for Statistical Arbitrage, we additionally report results under a 0.03% fee, reflecting typical
exchange costs [39} 36, [7]. We benchmark eight TSG models across five architectural families,
applying recommended or stably tuned hyperparameters, and score them with the evaluation suite in

Predictive Utility Task. Ranking analysis (Figure 2 reveals distinct trade-offs. Diffusion models
often achieve the lowest forecasting errors but yield weak trading profits. In contrast, TimeVAE excels

Quant-GAN COSCI-GAN —— TimeVAE KoVAE Diffusion-TS FIDE Fourier-Flow — LS4

csMm LOT PW

10 10° Q 10°

= 5 s

w W
B 4 4

810 = 10 | LA AN NS Y o Sl

T

E

5

z

Sy
e
e

2 2 2
107 2021-072022-012022-07 2023-012023-07 2024-012024-07 2025-01 10" 2021.07 2022-012022-07 2023-012023-07 2024-01 2024-07 2025-01 10 2021-072022-012022-07 2023-012023-07 2024-012024-07 2025-01

Figure 3: Simulated growth curves of $10,000 over four years under three trading strategies.



Scenario Recommended TSG Models Rationale

COSCI-GAN amplifies trend and dispersion; KoVAE offers
alpha with higher drawdowns

TimeVAE/Fourier-Flow provide balance; Diffusion-TS pre-
serves rank order

Trend-following / Directional
Markets

Mean-reverting / Range-
bound Regimes
Fee-sensitive / Low-turnover

COSCI-GAN, KoVAE

TimeVAE, Fourier-Flow, Diffusion-TS

Settings TimeVAE, Diffusion-TS Smooth residuals, stable Sharpe under transaction costs

Risk Tolerance / Portfolio De- KoVAE, LS4, TimeVAE, Diffusion-TS, KoVAE/LS4 maximize returns with risk; Time VAE/Diffusion-
sign FIDE TS balance Sharpe and drawdown; FIDE is defensive
Deployment Efficiency TimeVAE, LS4 Fast retraining and low-latency inference; diffusion models

better suited for offline use

Table 1: Scenario-based recommendations for selecting TSG models in cryptocurrency markets.

in stable or mean-reverting regimes, COSCI-GAN excels in volatile, directional markets, and Fourier-
Flow maintains robust mid-to-high “all-weather” rankings. Equity curves (Figure [3) corroborate
this. Under CSM, COSCI-GAN and TimeVAE compound steadily while Diffusion-TS and FIDE
decay. Under LOTQ, COSCI-GAN captures right-tail gains, whereas TimeVAE and Fourier-Flow
grow modestly and Diffusion-TS misses rare spikes. Under PW, COSCI-GAN again dominates, with
TimeVAE and Fourier-Flow compounding smoothly, and LS4 remaining flat. The core lesson is that
low prediction error does not necessarily guarantee tradability. Over-regularized generators (e.g.,
Diffusion-TS, LS4) might wash out alpha-bearing variance, whereas models that retain structural
noise and tails (e.g., TimeVAE, COSCI-GAN) provide higher economic utility.

Statistical Arbitrage Task. Radar plots (Figure 4] show further trade-offs. KoVAE and LS4 score
high on returns (CAGR, Sharpe) but collapse on risk in turbulent regimes, while FIDE shows the
opposite: tight risk control but weak returns. TimeVAE and
Diffusion-TS maintain balanced, regime-agnostic profiles.
Introducing fees compresses rank distances: high-turnover
KoVAE loses Sharpe positions, while smoother TimeVAE
and Diffusion-TS degrade less. Year-over-year sensitivi-
ties also emerge, such as LS4’s sharp CAGR expansion
in 2023 but large drawdowns in 2022, or KoVAE’s peaks
in volatile regimes but underperformance in calmer mar-
kets. Equity curves (Figure [5) with a 0.03% fee (starting
at 10,000) reveal distinct dynamics: LS4 compounds al-
most monotonically with pronounced surges in mid-2022
and early-2023; KoVAE grows convexly but loses momen-
tum by 2024; TimeVAE advances steadily before plateauing;
Diffusion-TS delivers the smallest drawdowns yet ends with
the lowest terminal value; FIDE collapses prematurely; and
Fourier-Flow exhibits a slow, persistent capital bleed. Over- ‘
all, robust deployment requires balancing fidelity and e e
dispersion with regime adaptability and fee resilience, (c) 2023. (d) 2024.
favoring models that yield smoother, lower-turnover residual Figure 4: Rankings of TSG models on
signals rather than those optimized for any single metric. the Statistical Arbitrage task.

Recommendations. Our analysis uncovers a
four-way trade-off across TSG families: (1)
VAEs deliver fast, stable reconstruction but may
under-react to rapid regime shifts. (2) GANs
capture trend alpha yet suffer from volatility. (3)
Diffusion models handle clustering and fat tails
but weaken in low-signal regimes. (4) Flow-

based models prioritize likelihood but show lim- Figure 5: Simulated gI'OWth curves of $10 000 for

ited utility, while mixed-type models are effi- e Syagistical Arbitrage task (with 0.03% fee).
cient yet inconsistent in risk-return. From these

patterns, Table[T]distills actionable guidance: practitioners should (1) diagnose their target regime,
alpha source, and operational constraints; (2) select inductive biases that amplify the desired tradable
structure; and (3) evaluate using task-metric pairs aligned with production goals. CTBench provides
this decision surface through its dual-task design and comprehensive financial evaluation suite.

Normalized Equity
o Sm
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5 Conclusion and Future Work

In this work, we introduce CTBench, the first crypto-specific TSG benchmark, unifying (1) a curated
high-frequency dataset, (2) a dual-task evaluation framework, and (3) a comprehensive suite of
financial metrics that assess both statistical fidelity and practical viability. Extensive experiments
surface actionable trade-offs and provide deployment guidance under diverse regimes, positioning it
as a collaborative resource to standardize evaluation and spur innovation. We plan to extend CTBench
with additional tokens and cross-exchange coverage, ensemble and regime-aware switching, and
automated evaluation tuning to further improve robustness and usability.
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