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ABSTRACT 

High-rate systems, such as hypersonic vehicles and impact mitigation mechanisms, 
exhibit rapid, nonlinear, and rapid time-varying dynamics. These systems are often 
subjected to extreme accelerations (e.g., > 100 gn) over very short durations (e.g., 
< 100 ms), making them highly susceptible to uncertainties, non-stationarities, and ex- 
ternal disturbances. In such environments, accurate and reliable state forecasting is es- 
sential for real-time decision-making and control. This paper presents a novel framework 
for high-rate multi-step forecasting that integrates recurrent neural networks (RNNs), 
topological data analysis (TDA), and conformal prediction for uncertainty quantifica- 
tion. RNNs are used to model temporal dependencies in high-dimensional system dy- 
namics, while TDA-derived features capture the underlying topological structure of the 
system state. To provide robust and interpretable uncertainty estimates, we employ con- 
formal prediction techniques—particularly inductive and block-based conformal meth- 
ods—to construct statistically valid prediction intervals. These methods adapt to the 
non-exchangeable nature of time-series data, enabling coverage guarantees under tem- 
poral dependence. The effectiveness of the proposed framework is evaluated on exper- 
imental data from the Dynamic Reproduction of Projectiles in Ballistic Environments 
for Advanced Research (DROPBEAR) testbed. Results demonstrate that the model pro- 
duces accurate multi-step forecasts with well-calibrated uncertainty bounds, which can 
be used to support high-rate system monitoring and decision-making. 
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INTRODUCTION

High-rate dynamic systems, such as hypersonic vehicles, automobile crash safety
mechanisms, and structural health monitoring, are characterized by rapid and extreme
changes occurring within milliseconds [1]. These systems often experience accelerations
exceeding 100 gn in less than 100 ms, where gn represents gravitational acceleration,
leading to significant challenges in real-time state forecasting due to large uncertainties,
nonstationarities, and external disturbances. Accurate and timely monitoring of such
systems is critical for ensuring structural integrity and enabling prompt control interven-
tions. Failure to do so can result in severe consequences, such as undetected control
surface deviations in hypersonic vehicles or delayed responses in blast mitigation sys-
tems [2]. However, the presence of unmodeled dynamics, abrupt configuration changes,
and severe measurement noise necessitates forecasting frameworks capable of capturing
complex system behaviors while also quantifying uncertainty in real time.

Several approaches have been proposed for high-rate dynamics estimation, gener-
ally categorized into physics-based and data-driven methods. Physics-based methods
use first-principles models such as differential equations and finite element models to
describe and predict system behavior. For instance, Yan et al. [3] proposed a real-time
adaptive estimator based on reduced-order physical models and concurrent learning to
track high-rate system dynamics. Similarly, Downey et al. [4] developed a millisecond-
scale FEM updating method to monitor structural changes during high-rate events us-
ing real-time physics-based simulations. In contrast, data-driven techniques, such as
recurrent neural networks (RNNs), have shown promise in modeling nonlinear, high-
dimensional time-series data directly from measurements. For example, recent work
has demonstrated the use of RNN ensembles with multi-rate sampling and long short-
term memory (LSTM) units for sub-millisecond prediction in dynamic environments [5].
More recent advances have incorporated topological data analysis (TDA) to extract
multi-scale geometric features from system trajectories, leading to improved forecast-
ing performance in nonstationary conditions [6, 7].

This paper focuses on advancing real-time forecasting of dynamic systems using a
data-driven framework that integrates TDA features with RNNs for multi-step predic-
tion. We emphasize the role of conformal prediction in generating statistically valid
uncertainty intervals for each forecasted step. First, we explore several conformal pre-
diction methods that are potentially useful for high-rate state estimation. Second, we
investigate how calibration data can be constructed to support dynamic updates. Third,
we draw conclusions from the evaluation of different conformal prediction methods and
provide a discussion on adapting these methods to high-rate problems.
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CONFORMAL PREDICTION

Conformal prediction has emerged as a popular, distribution-free method for uncer-
tainty quantification, offering finite-sample coverage guarantees under minimal assump-
tions, notably exchangeability of the data. As introduced in [8], it uses conformity scores
to assess how unusual a new observation is relative to past data, which enables the con-
struction of prediction intervals with a specified coverage level (e.g., 95%). A widely
used and efficient variant, inductive conformal prediction (ICP), splits the data into a
training set for model fitting and a calibration set for computing conformity scores [9].
This setup avoids retraining for each test point, making the method more scalable for
practical use.

However, both approaches still rely on the assumption that the data are exchange-
able, making them not directly applicable to time series data, where temporal depen-
dence violates these assumptions. In the context of time series forecasting, this presents
a fundamental challenge for conformal prediction. When data arrive sequentially, as in
a single time series, methods like adaptive conformal inference (ACI) and its extensions
adapt conformal prediction to update prediction intervals one step at a time while aiming
for asymptotic coverage [10, 11]. Other techniques, such as ensemble batch prediction
intervals (EnbPI), further address this setting by leveraging ensemble methods to im-
prove robustness [12]. Nevertheless, these methods typically offer only asymptotic or
marginal coverage guarantees and are not designed for joint multi-step prediction.

In contrast, multi-horizon forecasting produces forecasting intervals for multiple
time steps ahead at once. This is typical for i.i.d. time series data, allowing methods
to exploit instance independence. Conformal forecasting RNN (CF-RNN) was among
the earliest methods to address this by using a Bonferroni correction to ensure the family-
wise error rate [13]. This approach is simple but yields excessively conservative intervals
with strong temporal dependence. To overcome this, Sun and Yu suggested the applica-
tion of Copulas as a dependence structure model, with an extra calibration dataset [14].
Lindemann et al. applied the CF-RNN concept to motion planning through the combi-
nation of prediction and planning [15]. These examples highlight a growing interest in
tackling the multi-horizon forecasting problem, but they also underscore ongoing chal-
lenges in maintaining coverage guarantees and managing computational complexity. In
this work, we adopt a recently proposed method, ConForME, which addresses several
challenges, such as coverage guarantees and data costs, which is presented in detail in
the methodology.

DROPBEAR EXPERIMENTAL TESTBED

The DROPBEAR experimental test bed was developed to study structural responses
under high-rate dynamic conditions [16]. The current setup includes a 51 × 6.66 × 501
mm cantilever beam outfitted with two accelerometers and two strain gauges to record
time series vibration signals. A movable roller support system introduces controlled
variations in boundary conditions by following specific motion profiles. High-resolution
analog-to-digital converters (14-bit for displacement and 24-bit for acceleration) enable
precise capture of the beam’s dynamic behavior. This platform provides a rich dataset



Figure 1. The DROPBEAR testbed configured with a 51 mm × 6.66 mm × 501 mm
aluminum cantilever beam, instrumented with two accelerometers and two strain gauges
for dynamic response measurement [18].

for developing and benchmarking advanced forecasting and state estimation techniques
tailored to high-rate systems. One of the more recent publicly available datasets, the
DROPBEAR Dataset-2 [17], includes square wave, sinusoidal, and impulse motion pro-
files designed to induce distinct structural responses. This dataset was later extended
into DROPBEAR Dataset-8, which incorporated a broader range of motion patterns, en-
hancing its suitability for machine learning applications [18]. In this work, we use the
most recent version, Dataset-8.

METHODOLOGY

To construct a forecasting pipeline for high-rate dynamic systems, we extend the
standard RNN framework for multi-step prediction. RNNs are well-suited for time-
series modeling due to their ability to capture temporal dependencies via a recurrent
hidden state mechanism [19]. In our configuration, the model is tasked with predicting
multiple future steps of the system state based on a window of past observations that
include topological features derived from beam acceleration vibrations. At each time
step t, the hidden state ht ∈ RN evolves according to the recurrence relation:

ht = σ(Wxt + Uht−1 + b), (1)

where xt ∈ RM is the input feature vector comprising topological descriptors computed
from recent acceleration signals; W ∈ RN×M and U ∈ RN×N are learnable weight
matrices; b ∈ RN is a bias term and σ denotes a non-linear activation function such as
tanh or ReLU. We construct training samples using a sliding window of length L and
define a prediction horizon of H steps into the future to enable multi-step forecasting.
Each training pair consists of an input sequence of L consecutive time steps and an
output sequence of H future values, which is expressed mathematically as

(Xt,Yt+1:t+H) =
(
{xt−L+1, . . . , xt}, {yt+1, . . . , yt+H}

)
, (2)

where Xt ∈ RL×M is the input feature matrix and Yt+1:t+H ∈ RH×K is the target output
sequence. The RNN processes the input sequence Xt sequentially, updating its hidden
state over time. The output from the final time step, ht, is then passed through a fully
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Figure 2. Overview of the online ConForME framework for probabilistic state forecast-
ing.

connected linear layer to produce a multi-step forecast:

Ŷt+1:t+H = V ht + c, (3)

where V ∈ RH×N is the weight matrix of the linear layer and c ∈ RH is the bias vector.
This formulation allows the model to generate all H future steps in a single forward pass.
In this paper, we set L = 50 samples (0.40 s of history) and H = 25 forecast steps (0.20
s into the future). We trained our model on the standard movement profile and evaluated
it on the random movement profile from DROPBEAR Dataset-8.

Dynamic conformal prediction

To quantify uncertainty in our multi-step forecasting framework, we adopt Con-
ForME (Conformal Forecast for Multi-horizon prEdiction), a block-based conformal
prediction method that constructs valid prediction intervals without relying on strong
distributional assumptions [20]. ConForME partitions the prediction horizon into k non-
overlapping blocks B1, . . . , Bk, each assigned an error budget αj , such that the total
error satisfies

∑k
j=1 αj ≤ α, where α is the desired overall error rate.

Prediction intervals within each block are constructed sequentially. For example,
consider the forecast steps t1, t2, . . . , tn ∈ Bj , where n is the size of block Bj . For the
first step t1, the full calibration set is used to construct the conformal interval. For each
subsequent step t2, t3, . . . , the calibration set is iteratively filtered to retain only those
sequences for which all previous intervals in the block correctly covered the true values.
This conditioning ensures that each interval is valid given the correctness of the earlier
ones, thereby preserving the joint blockwise coverage guarantee. The total miscoverage
across block Bj is thus bounded by

1−
∏
t∈Bj

(1− αt) ≤ αj. (4)



This sequential filtering strategy allows flexible allocation of uncertainty across forecast
steps and yields tighter intervals than uniform-error strategies such as Bonferroni cor-
rection. Unlike Bonferroni, which allocates error uniformly and often leads to overly
conservative intervals, ConForME adapts to the relative difficulty of each step, resulting
in more informative uncertainty estimates.

To extend ConForME for real-time forecasting, we introduce an online calibration
mechanism. Figure 2 illustrates this process, showing how recent prediction residuals are
collected and grouped into blocks for horizon-specific conformal quantile computation.
At each time t, predictions are made using input features {xt−L+1, . . . , xt}, for which
the corresponding target yt is already observed. This enables dynamic updating of the
calibration set. For each forecast horizon h = 1, . . . , H , we maintain a rolling calibra-
tion window of N recent predictions, each associated with its forecasted and observed
values at horizon h. This setup ensures that residuals used for conformal calibration at
each horizon are based on sequences for which the model has already issued horizon-h
predictions, supporting horizon-specific and adaptively updated prediction intervals.

RESULTS AND DISCUSSION

To better understand how dynamic ConForME operated, we analyzed its behavior at
a specific time step. We targeted a coverage level of 90% (α = 0.1). For ConForME,
we set the block size to k = 1, treating the entire prediction horizon as a single block,
and distributed the total error budget evenly across all forecast steps using an error rate
of α/H at each time step. Figure 3 illustrates an example of the ConForME process. At
time t = 7.058 s, the method first collects the most recent N calibration samples that
predicted yt at each forecast horizon h, as shown in Figure 3(a). It then computes the
conformity scores for each respective horizon, illustrated in Figure 3(b). These scores
are used to derive empirical distributions, from which quantile thresholds are extracted,
as seen in Figure 3(c). Finally, the resulting quantiles are used to construct the prediction
intervals at time t = 7.058 s, visualized in Figure 3(d). This process is repeated for each
horizon, with a filtration step that includes only calibration sequences where all previous
intervals in the block successfully covered their corresponding true values. It can be
observed that the conformity score increases at higher forecast horizons. This is because
the model tends to produce larger errors as the prediction extends further into the future,
reflecting growing uncertainty over time.

We compared our proposed extended ConForME method with other baseline meth-
ods. Figure 4 plots the mean prediction interval width against empirical coverage for
each method, evaluated at varying calibration set sizes (expressed as a percentage of the
training data). The results show that our extended ConForME consistently achieved or
slightly exceeded the target coverage level of 90% in all 10 trials, even at lower cali-
bration sizes (e.g. 10%), with an average empirical coverage of 93%. In contrast, the
standard ICP method frequently underperformed, achieving coverage as low as 49% at
the 10% calibration size, indicating its sensitivity to distributional shifts in the data. The
dynamic ICP improved upon this, reaching up to average empirical coverage of 76%, but
still fell short of the target in all trials. The dynamic ICP improved upon this, reaching
up to an average empirical coverage of 76%, but still fell short of the target in all trials.
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Figure 3. Overview of the dynamic ConForME process. (a) The most recent N predicted
values for each forecast horizon h are compared to the corresponding true values to
compute conformity scores. (b) Conformity scores are collected for each horizon. (c)
Quantile thresholds (solid vertical lines) are extracted from the empirical distributions.
(d) Final prediction intervals are constructed. The process is repeated for h = 2 with
fewer calibration samples due to the filtering constraint.

While ConForME demonstrated reliability in terms of coverage, this came at the
cost of wider prediction intervals. On average, ConForME produced intervals of ap-



proximately 93.42 mm, compared to 60.72 mm for dynamic ICP and 30.37 mm for
standard ICP. For context, the beam length in the DROPBEAR setup is 501 mm, so the
intervals represent roughly 18.64% of the total length. This suggests a trade-off between
achieving reliable coverage and maintaining narrow intervals.

ICP Dynamic ICP ConForME Target Coverage

Calibration size 
10% train

15% train
20% train

Figure 4. Performance of different conformal prediction methods across various calibra-
tion set sizes, expressed as a percentage of the training data. Multiple icons of the same
type represent multiple trials at the same calibration size.

Discussion

The objective of this study was to introduce conformal prediction as a method for un-
certainty quantification in high-rate state estimation forecasting. The primary focus was
on comparing multiple conformal prediction methods to determine which best achieves
the target empirical coverage. Our evaluation revealed that the standard ICP method
performed poorly in the presence of distribution shifts within the dataset, leading to the
lowest empirical coverage. Notably, the model was trained on a standard movement
profile but tested on a different movement profile, contributing to the observed distri-
bution shift. To handle the distribution shift, we extended ICP into a dynamic version
with a sliding calibration window; this improved coverage, though it still fell short of
the target. This may be attributed to its underlying assumption of independence across
forecast horizons, which neglects the temporal correlations in prediction errors. In con-
trast, our proposed extension of ConForME consistently achieved the desired coverage
level. However, despite this success, there remains room for improvement—the primary
limitation being the width of the prediction intervals. Future work includes exploring
more advanced conformal prediction techniques that may reduce interval width without
compromising coverage. Additionally, part of the wide intervals may be due to forecast-
ing errors from the base model itself, indicating that improving model accuracy could
further enhance uncertainty quantification.



CONCLUDING REMARKS

This paper presented a preliminary study on the use of conformal prediction as
a method for uncertainty quantification in high-rate state estimation forecasting. The
problem of interest was developing a conformal prediction method capable of achieving
uncertainty quantification. Several conformal prediction methods were explored, and
their ability to achieve uncertainty quantification was assessed. A promising conformal
prediction method, namely extended ConForME, was selected. To address distribution
shifts in the dataset, a dynamically updating calibration dataset was proposed and ap-
plied to laboratory data obtained from the DROPBEAR testbed. The results showed that
the extended ConForME method was able to achieve the target coverage. However, fur-
ther investigations and refinement are required to improve the width of the prediction
intervals. Future work will focus on optimizing error rate assignments to reduce the
interval width by improving the baseline model to achieve better performance, before
incorporating the conformal prediction methods.
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