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ABSTRACT

Time-series foundation models (TSFMs) provide probabilistic forecasts and are
often reported to be well calibrated when evaluated via marginal coverage. How-
ever, forecast errors in time series are typically serially dependent and het-
eroskedastic, so marginal calibration can mask substantial regime-dependent mis-
calibration. We show empirically that prediction intervals from several TSFMs
systematically under-cover during high-volatility periods, despite achieving near-
nominal coverage on average. We propose a post-hoc multiplicative volatility cor-
rection that uses the uncertainty quantification produced by the TSFM as a base-
line scale and dynamically adjusts it through a GARCH model. We evaluate this
proposed method against adaptive conformal prediction as a benchmark. Across
four real-world datasets, the proposed correction yields markedly improved con-
ditional calibration over both the native TSFM intervals and adaptive conformal
prediction. These findings highlight the importance of treating predictive variance
as a dynamic process in TSFM uncertainty quantification.

Track: Research

1 INTRODUCTION

Time-Series Foundation Models (TSFMs) are large-scale architectures trained on broad and diverse
collections of time-series data, designed to support zero-shot forecasting across a wide range of
domains (Bommasani et al., 2022). Prominent examples include Chronos (Ansari et al., 2025),
TimesFM (Das et al., 2024), Lag-Llama (Rasul et al., 2024), and Moirai (Liu et al., 2025). These
models have demonstrated near state-of-the-art predictive accuracy across a variety of forecasting
tasks. Owing to their versatility, they are increasingly being evaluated in applications such as fi-
nance (Chen et al., 2025; Goel et al., 2025), energy forecasting (Ferdaus et al., 2026; Meyer et al.,
2024), demand forecasting (Yang et al., 2025), and climate and Earth system modeling (Bodnar
et al., 2024).

Despite strong predictive performance, the behavior of TSFM uncertainty quantification remains
comparatively underexplored. TSFMs are inherently probabilistic: they produce predictive quantiles
or allow sampling from a predictive distribution, thereby providing uncertainty estimates alongside
their forecasts. However, existing evaluations typically focus either on predictive accuracy or on
marginal coverage, that is, whether prediction intervals achieve nominal coverage on average across
time. Time-series data, by contrast, often exhibit substantial temporal dependence not only in the
conditional mean but also in its variance. A well-known manifestation of such second-order de-
pendence is volatility clustering in financial time series (Mandelbrot, 1963), where periods of high
volatility tend to be followed by further high volatility. As a result, marginal calibration can mask
substantial regime-dependent miscalibration. This suggests that predictive variance should not be
treated as a static byproduct of the forecasting mechanism, but rather as a dynamic quantity that may
itself require explicit modeling. In this paper, we propose a simple post-hoc volatility correction that
uses the uncertainty produced by a TSFM as a baseline and dynamically adjusts it via a Generalized
Autoregressive Conditional Heteroskedasticity (GARCH) model (Bollerslev, 1986).
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Figure 1: Daily bike rental counts from Capital Bikeshare (Bikeshare, 2024) (bottom), squared
forecast residuals from three time-series foundation models: Chronos, Moirai 2, and TimesFM 2.5
(left column), and the empirical coverage of the models’ prediction intervals, computed over 100
consecutive forecasts. The nominal 80% coverage level is indicated by the horizontal dashed line
(right column).

The two main contributions of this paper are as follows:

1. Conditional miscalibration of TSFMs: We show that although several TSFMs achieve
nominal marginal coverage on average, their forecast errors exhibit substantial second-
order temporal dependence. As a result, prediction intervals can be severely miscalibrated
conditionally, particularly during periods of elevated volatility.

2. TSFM uncertainty correction with GARCH: We propose a post-hoc multiplicative
volatility correction that uses the uncertainty quantification already produced by the TSFM
as a baseline scale and dynamically adjusts it through a GARCH model. We compare the
proposed method with the uncertainty quantification produced by TSFMs and with adaptive
conformal prediction following Gibbs & Candes (2021).

2 RELATED WORK

Work that explicitly studies uncertainty quantification of TSFMs remains limited. The closest related
study we are aware of is Achour et al. (2025), which combines TSFMs with conformal prediction
to improve marginal coverage. While this approach enhances distribution-free coverage guarantees,
evaluation is still performed in terms of coverage averaged over time and does not address temporal
dependence in forecast errors. In parallel, TSFMs have been applied in finance for volatility fore-
casting. For example, Goel et al. (2025) use TSFMs with incremental fine-tuning to predict realized
volatility of asset returns. However, these works focus on modeling the volatility of the underly-
ing data-generating process. In contrast, our interest lies in modeling the variance of the model’s
forecast errors, that is, the conditional dispersion of prediction deviations.

3 MOTIVATION: THE CONDITIONAL COVERAGE GAP

To motivate our analysis, consider the bike rental data from Capital Bikeshare (Bikeshare, 2024),
together with rolling 16-step-ahead forecasts and their associated 80% prediction intervals from
three TSFMs, Chronos (Ansari et al., 2025), Moirai 2 (Liu et al., 2025), and TimesFM 2.5 (Das
et al., 2024) (Figure 1). The observed series displays strong seasonal structure, with markedly
higher volatility during the summer months when demand peaks. The left panels of Figure 1 show
that squared forecast residuals cluster during these same periods, indicating that prediction errors
increase systematically in high-demand regimes. In other words, forecast errors are not uniformly
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distributed over time but are conditionally larger when the volatility of the series itself is elevated.
As a consequence, empirical coverage is also serially dependent. The right panels of Figure 1
show the empirical coverage of the nominal 80% prediction intervals, which also exhibits a seasonal
fluctuation and drops below 60% in certain periods. This example highlights the need to examine
the conditional distribution of forecast errors rather than relying solely on marginal coverage.

4 METHODS

Our goal is to improve local adaptivity in predictive uncertainty quantification. Because TSFM fore-
cast errors often exhibit time-varying second-order dependence, static interval adjustments based
only on marginal coverage can be inadequate. Our proposed method is a multiplicative volatility
correction based on GARCH (Bollerslev, 1986), which explicitly models residual scale dynamics
while using the uncertainty quantification produced by the TSFM as a baseline scale. As a bench-
mark, we use adaptive conformal prediction (Gibbs & Candes, 2021), which recalibrates intervals
using conformity scores derived from past forecast residuals. We evaluate both approaches against
the native prediction intervals returned by the TSFMs.

To formalize this setup, consider the observation equation for a time series of length T , {yt}Tt=1

yt = f(t) + v(t)rt, (1)
where f(t) denotes the location component, v(t) denotes the scale component, and rt is a mean-zero
residual process.

For any ordered index set D ⊆ {1, . . . , T}, interpreted as a context window, the point forecast pro-
duced by a TSFM using {ys : s ∈ D} may be viewed as an estimator of the location component f(t)
at time t. We denote this estimator by f̂D(t). Similarly, we let v̂D(t) denote the standard deviation,
or volatility, at time t implied by the model’s uncertainty quantification. While some TSFMs pro-
vide the full predictive distribution, allowing v̂D(t) to be estimated directly from predictive samples,
many lightweight models return only a limited number of predictive quantiles. In such cases, v̂D(t)
can be approximated under a Gaussian assumption as

v̂D(t) =
Q̂D

1−α/2(t)− Q̂D
α/2(t)

2Φ−1(1− α/2)
, (2)

where Φ−1(·) is the standard normal quantile function, and Q̂D
α (t) denotes the predictive α-quantile

returned by the TSFM at time t given context window D.

Multiplicative Volatility Correction with GARCH Conditional miscalibration of the prediction
intervals produced by TSFMs, as shown in Section 3, suggests that the model does not fully cap-
ture predictive uncertainty. Even after accounting for the model-implied uncertainty quantification
v̂D(t), the residual process rt may still exhibit time-varying second-order dependence. To model
this remaining structure, we assume that rt follows a GARCH(p, q) process (Bollerslev, 1986):

rt = σtεt, (3)

σ2
t = ω +

q∑
i=1

αir
2
t−i +

p∑
j=1

βjσ
2
t−j , (4)

where σ2
t denotes the conditional variance of rt given past information. The parameter ω > 0

determines the long-run variance level, αi ≥ 0 captures the short-term impact of past shocks r2t−i,
and βj ≥ 0 governs the persistence of volatility through past conditional variances. Large values of∑

i αi+
∑

j βj indicate strong persistence in volatility. In our implementation, we use GARCH(1,1)
because it provides a parsimonious yet empirically effective specification. In a large comparative
study, Hansen & Lunde (2005) found that GARCH(1,1) was not significantly outperformed by more
elaborate volatility models. More generally, the orders p and q may be selected using an information
criterion such as AIC or BIC (Brooks & Burke, 2003).

The fitted GARCH model yields forecast quantiles for the residual process, which can then be
mapped back to the original scale using the TSFM point forecast and implied volatility. Accord-
ingly, the corrected (1− α)-level prediction interval for yt+1 is defined as

ĈG
D(t+ 1) = [f̂D(t+ 1) + v̂D(t+ 1) Q̂r,D

α/2(t+ 1), f̂D(t+ 1) + v̂D(t+ 1) Q̂r,D
1−α/2(t+ 1)], (5)
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where Q̂r,D
α (t+1) denotes the forecasted α-quantile of the residual process rt+1 implied by the fitted

GARCH model under context window D. Unlike conformal score-based methods, which construct
prediction intervals solely from past forecast residuals, our approach explicitly incorporates the
uncertainty quantification already produced by the TSFM and uses it as a baseline scale for dynamic
correction.

Adaptive Conformal Prediction As a benchmark for the proposed method, we consider adaptive
conformal prediction (Gibbs & Candes, 2021). Adaptive conformal prediction extends split confor-
mal prediction (Angelopoulos & Bates, 2022) to accommodate distributional shift. While classical
split conformal uses a fixed miscoverage level α, adaptive conformal instead uses a time-varying
level αt that is updated online based on recent coverage performance.

Let D1, D2 ⊆ {1, . . . , T} denote the training and calibration index sets. Conformity scores are
defined as

Rs = |ys − f̂D1(s)|, s ∈ D2.

Let q̂t be the empirical (1 − αt)-quantile of {Rs : s ∈ D2}. The adaptive conformal prediction
interval for yt+1 is

ĈACI
D1

(t+ 1) =
[
f̂D1(t+ 1)− q̂t, f̂D1(t+ 1) + q̂t

]
.

After observing yt+1, the miscoverage indicator is defined as

It+1 = 1{yt+1 /∈ ĈACI
D1

(t+ 1)}.

The level αt is then updated via

αt+1 = αt + γ
(
α− It+1

)
,

where γ > 0 is a step-size parameter and α is the target miscoverage rate. Following Gibbs & Can-
des (2021), we set the step-size parameter to γ = 0.005, which was found to provide a reasonable
balance between stability and adaptability under distribution shift. Intuitively, if recent coverage
falls below the nominal level, αt decreases, widening future intervals; if coverage is overly conser-
vative, αt increases, shrinking them. This online adjustment aims to maintain approximate marginal
coverage under drifting distributions while preserving the distribution-free nature of conformal pre-
diction.

5 RESULTS

Chronos Moirai TimesFM

Metric Vanilla A.Conformal GARCH Vanilla A.Conformal GARCH Vanilla A.Conformal GARCH

Bike Rental Counts
MC 0.743 0.780 0.813 0.773 0.792 0.811 0.775 0.795 0.816
RMSCE 0.118 0.135 0.060 0.102 0.127 0.069 0.087 0.114 0.066
MaxUC 0.311 0.367 0.156 0.278 0.322 0.156 0.211 0.289 0.111

Colorado River Streamflow
MC 0.775 0.767 0.787 0.729 0.774 0.800 0.802 0.781 0.799
RMSCE 0.122 0.213 0.106 0.174 0.212 0.127 0.134 0.199 0.112
MaxUC 0.433 0.633 0.378 0.467 0.600 0.344 0.411 0.578 0.300

Electricity Demand
MC 0.761 0.790 0.816 0.800 0.784 0.818 0.643 0.775 0.808
RMSCE 0.087 0.143 0.083 0.085 0.150 0.080 0.187 0.147 0.072
MaxUC 0.244 0.356 0.189 0.244 0.411 0.178 0.411 0.389 0.189

NO2 Concentration
MC 0.816 0.754 0.784 0.820 0.757 0.791 0.783 0.748 0.788
RMSCE 0.069 0.171 0.053 0.070 0.168 0.063 0.077 0.179 0.057
MaxUC 0.144 0.400 0.167 0.222 0.411 0.178 0.222 0.422 0.189

Table 1: Marginal Coverage (MC), RMSCE (Root Mean Squared Conditional Error), and Maximum
undercoverage (MaxUC) across four datasets A.1. Vanilla refers to the original prediction intervals
and A.Conformal refers to the Adaptive Conformal Prediction by Gibbs & Candes (2021). Bold
values indicate the best method for each model-dataset pair.
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We consider four time-series datasets: bike rental counts in the Washington metropolitan area via
Capital Bikeshare (Bikeshare, 2024), electricity demand in New York State from the New York In-
dependent System Operator (NYISO)(EIA, 2024), NO2 concentration in Pasadena, CA (EPA AQS
site 06-037-2005)(U.S. Environmental Protection Agency, 2026), and streamflow (discharge, cubic
feet per second) of the Colorado River near Cisco, UT (USGS NWIS site 09180500, parameter
00060) (U.S. Geological Survey, 2026). The corresponding time-series plots are provided in Ap-
pendix A.1, Figure 2.

Comparisons among uncertainty quantification methods are made across three metrics. Marginal
Coverage (MC) is defined as the average proportion of observations falling within the nominal 80%
prediction interval (α = 0.2). RMSCE (Root Mean Squared Conditional Error) and MaxUC quan-
tify conditional calibration by measuring, respectively, the average root mean squared deviation of
rolling coverage from the nominal level and the maximum shortfall of rolling coverage below the
nominal level. These latter metrics capture regime-dependent miscalibration that may be obscured
by marginal aggregation. The precise mathematical definitions are provided in Appendix A.2.

Table 1 evaluates our proposed GARCH-based correction against both the native TSFM intervals
and adaptive conformal prediction across four datasets. The Vanilla TSFM intervals exhibit reason-
able MC overall, with coverage typically within 5% points of the nominal level. However, there
are notable failures, most prominently for Electricity Demand under TimesFM, where MC drops to
64%. In addition, conditional calibration remains problematic. RMSCE ranges between 0.07 and
0.17, with smaller deviations observed for datasets exhibiting milder volatility dynamics, such as
Electricity Demand and NO2 concentration. MaxUC is consistently substantial, ranging from 0.144
to 0.47, indicating pronounced regime-dependent undercoverage even when marginal coverage ap-
pears adequate.

Adaptive conformal prediction generally achieves performance comparable to Vanilla on MC. How-
ever, its conditional calibration remains unstable. Both RMSCE and MaxUC remain relatively large
across datasets and are typically worse than those obtained via GARCH adjustment. This suggests
that recalibrating quantiles alone does not sufficiently address persistent second-order temporal de-
pendence, particularly in datasets with pronounced volatility regime shifts.

In contrast, the GARCH-based adjustment consistently delivers the most stable performance. MC
remains within 2% points of the nominal level across datasets. GARCH achieves RMSCE below
0.12 and clearly outperforms both Vanilla and adaptive conformal methods. MaxUC is substan-
tially reduced in most datasets, with the exception of NO2 concentration, where Vanilla (0.144) and
GARCH (0.167) perform comparably. Overall, explicitly modeling predictive variance as a dynamic
process yields markedly improved conditional calibration, particularly in datasets exhibiting strong
and persistent volatility regimes.

6 CONCLUSION

Our results demonstrate that conditional miscalibration is a systematic and practically relevant phe-
nomenon in time-series foundation models. Although TSFMs often achieve nominal marginal cov-
erage, their prediction intervals can substantially underperform during high-volatility regimes, re-
vealing strong regime-dependent behavior. Our analysis suggests that marginal evaluation alone
therefore provides an incomplete picture of a model’s uncertainty quantification.

We show that directly modeling the variance process leads to meaningful improvements in con-
ditional calibration. Our method likely outperforms conformal prediction for two reasons. First,
the forecast errors exhibit serial dependence in their second-order structure, making a GARCH-type
model a useful approximation to the residual volatility dynamics. Second, our approach uses the im-
plied volatility extracted from the TSFM prediction intervals, whereas conformal methods rely only
on the point forecast and past residuals. This allows our method to exploit additional uncertainty
information already contained in the TSFM output. These findings suggest that second-order dy-
namics are not fully captured by current TSFM uncertainty mechanisms. Future work may consider
more flexible volatility models, including deep learning-based approaches, that can be integrated
more closely with foundation forecasting architectures.
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A APPENDIX

A.1 ADDITIONAL FIGURES

Figure 2: Four daily time-series datasets are considered: bike rental counts in the Washington
metropolitan area via Capital Bikeshare (Bikeshare, 2024), electricity demand in New York State
from the New York Independent System Operator (NYISO)(EIA, 2024), NO2 concentration in
Pasadena, CA (EPA AQS site 06-037-2005)(U.S. Environmental Protection Agency, 2026), and
streamflow (discharge, cubic feet per second) of the Colorado River near Cisco, UT (USGS NWIS
site 09180500, parameter 00060) (U.S. Geological Survey, 2026). A common feature across these
datasets is pronounced time-varying volatility, with distinct regimes in which the variability of the
underlying process changes substantially over time. Such heteroskedastic behavior makes certain
periods intrinsically more difficult to predict than others.

A.2 EVALUATION METRICS

Let {(yt, Ĉt)}Tt=1 denote the observed outcomes and associated prediction intervals, where Ĉt =

[ℓ̂t, ût] is the (1− α) prediction interval at time t. Define the coverage indicator: It = 1{yt ∈ Ĉt}.

Marginal Coverage (MC). Marginal coverage is defined as

MC =
1

T

T∑
t=1

It.

MC measures average coverage over the entire sample. A method is marginally calibrated if MC ≈
1− α. However, this metric does not account for temporal variation in coverage.

Root Mean Squared Conditional Error (RMSCE) To assess conditional calibration, we com-
pute rolling coverage over windows of length w,

M̂C
(w)

t =
1

w

t∑
s=t−w+1

Is.

We then define

RMSCE =

√√√√ 1

Tw

∑
t

(
M̂C

(w)

t − (1− α)

)2

,

where Tw denotes the number of valid rolling windows. RMSCE measures the root mean squared
deviation of local coverage from the nominal level. By squaring deviations before averaging, it
penalizes larger conditional miscalibration more heavily and captures persistent under- or over-
coverage across volatility regimes.

8
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Maximum Under Coverage (MaxUC). To quantify worst-case conditional undercoverage, we
define

MaxUC = max
t

{
(1− α)− M̂C

(w)

t

}
.

MaxUC measures the largest shortfall of rolling coverage below the nominal level and highlights
periods of severe conditional undercoverage.
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