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Early warnings are too late when
parameters change rapidly

Rohit Radhakrishnan®2, Induja Pavithran%5, Valerie Livina3, Jirgen Kurths*>* &
R. I. Sujith%2*¢

Tipping (or sudden transition) from a desirable state to an undesirable one can result in catastrophic
changes, affecting natural environments, human societies and economies. Early warning signals
(EWSs) are developed to forewarn such an impending tipping. However, when control parameters are
varied fast, we observe that EWSs detect an impending tipping past bifurcation points; this questions
the applicability of EWSs in preventing tipping. At the same time, the fast rate of change of parameter
delays the actual tipping event, providing a borrowed window of safe operation. This delay in tipping
offers a window for prevention through swift action. We demonstrate instances of both successful

and unsuccessful preventions, in a paradigmatic thermoacoustic system—a horizontal Rijke tube.

This work highlights the interplay of warning time, choice of prevention action and rate of variation of
parameters in EWS-based prevention of tipping.

Tipping point refers to a critical moment or a threshold of control parameter beyond which a system undergoes
a sudden and often irreversible change in its behavior!=. Such a sudden transition from a desirable state to
an undesirable one can result in catastrophic changes, affecting natural environments, human societies and
economies. Several generic early warning signals (EWSs) are developed to forewarn such an impending
tipping*-%.

The primary focus of the research on EWSs involves the identification of indicators across various systems
to predict tipping’. In the case of bifurcation induced tipping, the responses to perturbations slow down on
approaching a bifurcation point, a phenomenon known as critical slowing down (CSD). EWSs developed
to capture CSD, such as autocorrelation? and variance® of the system variable are shown to increase prior to
shifts in ecosystems” climate system'* financial systems'! lake food webs!* and other dynamical systems. The
applicability of CSD is limited to systems experiencing critical transitions that can be modeled using bifurcation
theory’. However, the effectiveness of early warning signals (EWSs) in complex and diverse natural systems
is often inconsistent®'*!*. Even in systems that fit bifurcation models, obtaining reliable EWSs in real-world
scenarios remains a significant challenge.

In real-world systems, where control parameters evolve over time, capturing and calculating EWS must be
approached with caution. In cases of rapid environmental changes, significant external influences, or when system
parameters shift too quickly for the system to stabilize, both the speed and reliability of EWS interpretation
become crucial concerns!®. Van der Bolt et al.!. have shown that the required data quantity depends on the
range of system dynamics captured, rather than just the length of the dataset. Moreover, inherent fluctuations or
noise in the system can trigger false alarms!'”!%. To effectively use EWS in such practical systems, it is essential to
quantify the reliability'® and sensitivity? of the signals for each specific system.

Even with a reliable EWS alert, implementing appropriate interventions needs sufficient warning time before
tipping. It is not a trivial task to determine the minimum warning time required to mitigate the negative impact
of the sudden shift?!>*and empirical evidence of successful reversal of regime shift using EWSs is rare?*. The
minimum warning time depends on the response time to EWS detection, the ability to change the variables, and
the speed of the system recovery after intervention**and all these aspects could vary according to the system.

Pavithran and Sujith? found that the rate at which the parameters vary affects both the available warning time
and the tipping point. Parameters in natural and engineering systems evolve continuously. A finite rate of change
of the bifurcation parameter results in rate-dependent tipping-delay?*~?’; i.e., tipping occurs after crossing the
bifurcation point (4,) in the case of bifurcation induced tipping (Fig. 1a,b). We notice that early warning for
tipping is also delayed from the bifurcation point for fast variation of parameters. Receiving a warning after
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Fig. 1. Visualization depicting the transition under different conditions. (a) In quasi-static conditions, the
system transitions from state 1 to 2 at the bifurcation point 4. (b) Control parameter changes at a finite rate
(r). As the system changes from state 1 to 2, during which the control parameter reaches y,, after a delay & from
th- (c) Within the parameter range &, reversing the control parameter can prevent the system from tipping to
state 2. (Green curves are representative trajectories in these three different scenarios)

indicates that the system would eventually tip, even if we stop varying the parameter after receiving the warning.
For such fast rate of change of parameter, a potential action to prevent the system from tipping is to promptly
revert the control parameter quickly to a lower value (Fig. 1¢), within the tipping-delay*""*. Implementation of
such an intervention needs to be thoroughly investigated before applying it to real systems. For instance, using a
model of epidemic spread, Ullon and Forgoston?® showed that control actions performed at the wrong time can
even lead to further extension in the time spent in the undesirable region, than if no control had been applied.
Thus, we investigate the right action and the right time to prevent the system from tipping, for a given rate of
change of parameter.

Results

In an experimental system, we design and demonstrate real-time prevention actions based on the available
warning time and the rate at which the control parameter varies. In the current study, we conduct experiments
on a prototypical thermoacoustic system, a horizontal Rijke tube (Fig. 2a and see “Methods” for details of the
experiment). As we vary the control parameter, a positive feedback is established between the sound waves in the
duct and the unsteady heat release rate from the heated mesh. The positive feedback results in a transition from
a state of safe operation (low amplitude aperiodic fluctuations) to a highly undesirable state of thermoacoustic
instability (TAI), characterized by self-sustained high-amplitude periodic pressure oscillations (Fig. 2b,c). In
the context of rockets and gas turbine engines, TAI can lead to structural damage of components®*>® failure
of electronics in the vehicle and the satellite payload®® excessive heat transfer leading to failure of thermal
protection system®%3! disruptions to guidance and navigation systems, and even result in mission failures®*32,

Several EWSs?>3*3* are reported to give warning before the system goes to TAI, among which any EWS with
low false warning rate or combination of EWSs can be chosen for initiating prevention action. Autocorrelation®
and Hurst exponent® (H) are good EWSs for the current system?”. For the present study, we employ H as the
EWS (see “Methods”). Variation in the value of H captures the fractal characteristics of time series signals
acquired from the system®>** (Fig. 2d).

As shown in Fig. 3a and the methods, a value of 0.2 for H can distinguish the safe operation state and the
periodic oscillation state serving as an early warning indicator. We classify the values of the rate of change of
parameter (r) for which the EWS alerts are received before and after crossing the Hopf point as slow and fast
variations of change of parameter, respectively. In Fig. 3b, we vary the control parameter at r=2 mV/s. Upon
receiving the EWS alert, we stop the increase of control parameter and freeze its value; we term this prevention
action as “freeze action”. Figure. 3c shows the variation in the value of H for 20 realizations of experiment at
r=2mV/s. As the EWS alerts are received ahead of the Hopf point, we consider r=2 mV/s as a slow variation
of parameter. We observe variability in the timing of EWS alerts (ranging from 906 to 1007 s) across multiple
realizations of the experiment. Unni et al.*. reported that inherent fluctuations in a physical system can induce
variability in the transition to an oscillatory state during individual experimental realizations.

Values of H during the safe operation state for the Rijke tube lie within the range of 0.4 to 0.6. After the
implementation of prevention action, the values of H rise and fluctuate between 0.4 and 0.6 (Fig. 3¢). Thus, the
“freeze action” proves to be an effective prevention action for a slow variation of parameter. However, for a fast
variation of parameter r=30 mV/s (Fig. 3d), the freeze action could not prevent the transition to TAI, observed
from the value of H approaching zero (Fig. 3e) indicating the presence of periodic content in the signal (i.e., the
system transitioned to TAI). Therefore, we need to adopt an alternative prevention action for fast variation of
parameters.

For r=30 mV/s, the EWS alert is received after the control parameter crosses the Hopf point. Therefore, upon
receiving an EWS alert, we abruptly reduce the control parameter to a value of 1.96 V, which is lower than V};
but still within the bistable region; therefore, this action qualifies as a prevention action (see “Methods”). Out of
100 trials, we observe a success rate of 76% in preventing tipping (Fig. 4a,b) with the action of direct cut-off of
voltage to a value of 1.96 V within the bistable region. Failures in the remaining 24 cases are attributed to delayed
EWS alerts received (between 2.39 V and 2.41 V) compared to successful cases (between 2.31 V and 2.37 V),
resulting in insufficient time for prevention action. Subsequently, for a further higher rate of change of parameter
r=80 mV/s, we perform the prevention action of direct cut-off of voltage to a value within the bistable region
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Fig. 2. System behavior in response to changes in control parameter (voltage supplied to the heater). (a)
Schematic of the horizontal Rijke tube comprising a duct, an electrically heated wire mesh, and a decoupler,
with a natural frequency of 162 Hz. (b) Variation of root mean square of acoustic pressure fluctuations (p )
for a quasi-static experiment. () represents the forward path, with an abrupt jump of p'__at the Hopf point
Vy; (2.18 V), while ¥ represents the backward path, with a sudden drop to a safe operation state at the fold
point V7, (1.95 V). Such a sudden shift from a safe operation state to TAL i.e., fixed point to limit cycle (shown
in inset) is a manifestation of Andronov Hopf bifurcation®*~%*. Shaded regions represent V,; and V,, variations
for 15 experimental realizations. (c) For continuous variation of voltage, tipping points are estimated by finding
the maxima of dp’__ /dt. The standard deviation in the tipping points is quantified using 20 realizations of
experiments for 3 different rates (r). The onset of tipping (u,) is delayed by 6 from V. As shown for rates 30
mV/s, 80 mV/s, and 120 mV/s, § increases with an increase in the rate of change of voltage25. (d) The variation
in the value of H, along with the time series of acoustic pressure fluctuations as we vary the parameter linearly
in time. The value of H decreases, providing an early warning of an impending tipping well before y,.

(Fig. 4c,d). Out of 100 trials, prevention action was successful only in six trials. In the remaining 94 trials, the
EWS alert is received at voltage values (between 2.54 V and 2.66 V) that are delayed compared to successful cases
(between 2.46 V and 2.5 V), while the control parameter was varying rapidly. As a result, even a slight delay in
the response of the device, relative to the timescale of the growth of amplitude, is sufficient for oscillations to
grow. Consequently, the system transitions into periodic oscillations before the prevention action is complete.
In spite of the borrowed window of safe operation provided by the delay in tipping due to rate, with increase
in r, the EWS alerts are also received after crossing the Hopf point. As a consequence, even extreme prevention
strategies, such as directly reducing the control parameter to a lower value within the bistable region, may be
rendered ineffective.

When the prevention action for faster rates (Fig. 4c,d) falls short, we need to adopt an alternate approach.
Abruptly lowering the control parameter below the fold point of the system (Fig. 4e,f) effectively controls the
system after tipping; we refer to this action as control action (see “Methods”). The control action returns the
system to the safe operating state (increase in H from 0 to 0.4-0.6 in Fig. 4f). For fast variation of parameter,
where extreme prevention action fails, the control action emerges as the sole viable action for restoring the
system to the state of safe operation. The control action can be useful in real-world systems that can tolerate
oscillations for a short period.

Discussion

In this work, we have investigated the feasibility of real-time EWS-based prevention action in a real-world system
- an experimental thermoacoustic system. Our findings provide a framework for utilizing EWS in practice for
mitigating tipping in systems where sudden transitions pose significant operational risks. We systematically
analyzed the relationship between the rate of change of a control parameter and the delay in the onset of tipping.
We demonstrate that the delay in the onset of tipping in parameter increases with increasing the rate of change
of parameter (Fig. 2c). Pace et al.%. showed that by stopping the nutrient inputs in response to early warnings,
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Fig. 3. Experimental demonstration of freeze action for a slow variation of parameter and failure of this
prevention action under fast variation of parameter. (a) Distribution of values of H from multiple trials for
the safe operation state (at 1.84 V; green) and the transient state (from 1.84 V till the onset of tipping; red)
indicates that a value of 0.2 for H can distinguish these two states. (b) The voltage value at which we received
EWS alert has variations. The voltage variation for 20 trials at r=2 mV/s is shown in the inset, out of which
the cases where we received the maximum and minimum values for EWS alerts shown in thick solid lines. (c)
Upon receiving an EWS alert, the “freeze action” proves to be an effective prevention action, as we observe that
the value of H rises to higher values after the prevention action (green shades depict different trials). (d) For
=30 mV/s, we observe that the maximum and minimum values for EWS alerts are received above V/;. (e)
For the case of fast variation of parameter r=30 mV/s, the freeze action is not a viable solution, as observed
from the value of H approaching zero (orange shades show different trials) indicating the presence of periodic
content in the signal even after prevention action.

a quick recovery is possible as shown by the reversal of the manipulated lake to its original trophic state. We
show that for a slow variation of parameter, rather than completely reducing the parameter value to zero, we
stop the increase of the control parameter when we receive the early warning. Freezing the parameter at the
point of receiving the EWS (referred to as the freeze action in this study) is an effective prevention action for
slow variation of parameter. The freeze action is applicable in various systems, such as in thermofluid systems,
pausing changes in the fuel supply can help suppress instabilities®’. In climate policy, halting the rate of
deforestation at its current level can allow forest regeneration, particularly in tropical uplands*!. Similarly, in
economic systems, temporarily holding interest rates steady is often used as a short-term strategy to manage
inflation expectations and stabilize the financial environment?*2. Such interventions help the system recover and
stabilize without introducing further disturbances. In some systems, abruptly stopping the control parameter
may push the system into an undesirable state via mechanisms such as shock-induced tipping®’. Within the
time of operation, restarting the parameter from zero can lead to significant wastage of resources and energy,
especially in real-world systems such as land-based gas turbines, where shutdown and restart costs are high**.
Thus, for the slow rate of variation of parameters, the freeze action proves to be effective in preventing tipping.
We employed the freeze action for fast variation of parameters and demonstrate that there is no unique action
that can effectively prevent tipping across all operating conditions. Although EWS is detected before the tipping
point, we found that in cases of fast variation of parameter, the warnings are received only after the control
parameter has crossed the Hopf point. The EWS alert received after crossing the V; is attributed to memory
effects in the system*>°. When the parameter changes at a finite rate, the system remains in the vicinity of the
safe operating regime for some time, even after crossing the V;. Additionally, the growth of oscillations requires
a finite time to grow, during which the system parameter continues to evolve. As early warning indicators such
as the H are computed from the time series data acquired from the system, this inherent delay is captured in the
data and manifests as a corresponding delay in receiving the EWS alert. Even with the freeze action, the system
is likely to drift into an undesirable state over time. This highlights the need for precise actions based on the
specific operation conditions of the system. An obvious choice for prevention would be to reduce the control
parameter to lower values?!?°. This action of reducing the control parameter, comes with a question, to what
value the parameter should be reduced? This is a critical consideration, as reducing the parameter too much can
significantly compromise the performance of the system. To address this question, for the system in our study,
we further investigated the cases for fast variation of parameters. Through rigorous multiple trials, we showed
that abruptly reducing the control parameter to a value within the bistable region proves to be an effective action
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Fig. 4. EWS-based prevention action of direct cut-off to a lower value of control parameter within the bistable
region for fast variation of parameter and alternative solution of control action. (a,c,e) The rate of variation of
voltage illustrated for cases with lowest and highest EWS alert value for r=30 mV/s, 80 mV/s and 120 mV/s is
depicted. (b) For r=30 mV/s, out of 100 realizations performed, the action of direct cut-off of voltage to a value
of 1.96 V which lies within the bistable region successfully prevents tipping in 76% of trials (gradients of green
color indicates these trials), while in the remaining 24% (gradients of orange color indicates these trials) EWS
alerts are received farther away from Hopf point (V},), resulting in tipping to TAI even after prevention action.
(d) For r=80 mV/s, we observe that EWS alerts are received at higher values of voltage compared to the r=30
mV/s case. We could prevent the transition only in 6 realizations, with the prevention action of direct cut-off of
voltage to 1.96 V. (f) In the case of r=80 mV/s, where prevention action proves ineffective, lowering the control
parameter to a value below the fold point allows us to bring back the system to its safe operational state. The
system exhibits periodic oscillations for a finite duration before reverting to its safe operational state.

in preventing tipping for moderately fast rates. The concept of abruptly reducing a control parameter finds
relevance in various domains. For example, predictive suspension of insulin delivery is employed to prevent
patients from entering hypoglycemic states?. Similarly, during an emergency sharp reduction in fuel flow rate
is implemented in land-based gas turbine units*® to avert potentially catastrophic outcomes. We show that such
practical systems have a dependence on the perturbations in the system, and these can lead to variabilities
in the stability boundaries, the onset of tipping points, and EWS-alert timings. Therefore, considering these
variabilities is also crucial while performing real-time prevention actions in real-world systems.

We showed that the prevention action of abruptly reducing the control parameter to a value within the
bistable region is not effective in preventing tipping if your rate of variation of the parameter is too fast (r=280
mV/s, for this experimental system). For such fast variation of control parameter, EWS-alerts are received far
from the Hopf point, rendering the prevention action less effective due to limited time for intervention. We
demonstrate that in such cases where the prevention action fails, control actions (reducing to a control parameter
value below the fold point) can be employed. The system experiences periodic oscillations temporarily for a
certain period after which the system settles to the safe operation state. The experimental setup used in this study
offers high-precision control over the control parameter, specifically the voltage supplied to the mesh. Moreover,
the system is relatively simple and well-isolated from external influences such as complex flow dynamics or
interactions with reactive processes, which are common in real-world thermo-fluid systems. This controlled
environment is ideal for investigating fundamental features of tipping behavior. However may not capture the
full spectrum of complexities present in natural or engineering systems. A further limitation lies in our reliance
on time series data from a single sensor. While this has been effective for our current analysis, it does introduce
vulnerability; sensor failure or noise could significantly affect the detection of early warning signals. In terms
of generalizability, actions such as freezing or abruptly reducing the control parameter used here to prevent or
control tipping may not be feasible in more complex or large-scale systems. These systems may exhibit richer
dynamical behavior, including multiple intermediate states or competing instabilities, which are not captured
in our simplified setup. Therefore, caution must be exercised when extrapolating our findings to more intricate
real-world scenarios.
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Studies show that CSD-based indicators are not always reliable!®!%4-5 In part, this can be attributed to
the fact that the assumed mechanism behind critical slowing down (bifurcation-induced tipping) may be too
simplistic for many natural systems which call for data-driven indicators of resilience related to other transition
scenarios®®~’. Focusing on developing more general resilience-based EWSs is also considered as one possible
solution®®. We leave the choice of EWS to the practitioners since different EWSs work well for different systems.
Even with all the different ways of getting EWS, there is a need to implement different actions to prevent the
system from tipping.

The current study on a prototypical thermoacoustic system serves as the first experimental study exploring
the reliability and limits of applicability of EWS in preventing tipping in real-time for a practical system.
Recent studies have highlighted the potential of machine learning (ML) models*especially deep learning®®!
trained on synthetic or theoretical data, in detecting early warning signals associated with tipping points in
complex systems. Experimental data especially from such well-controlled practical systems. provide a valuable
opportunity, offering time series data generated under well-controlled conditions, with measurable uncertainties
and clearly defined thresholds. Incorporating such data into the training and validation of ML-based early
warning systems grounds these models in physical reality. This combined approach, integrating theoretical
modeling with empirical validation, marks a significant advancement in developing robust and reliable early
warning systems for both natural and engineering systems.

Methods

Quasi-static experiments

We perform experiments in a prototypical thermoacoustic system known as a horizontal Rijke tube (Fig. 2a).
A horizontal Rijke tube is a 1 m long duct of cross-sectional area 0.093x0.093 m?. An airflow of 100 SLPM
(2.04 g/s) is maintained throughout the experiments. The duct has two ends: one end is open to the atmosphere,
and the other is connected to a decoupler, which is a large rectangular chamber. The decoupler (1.2 m x 0.45 m
x 0.45 m) removes the inherent fluctuations in the incoming air before the air enters the Rijke tube. A wire
mesh located 25 cm from the decoupler end is electrically heated, which acts as a compact source of heat in
the Rijke tube. A piezoelectric pressure transducer (PCB103B02, sensitivity: 247.5 mV/kPa, resolution: 0.2 Pa,
and uncertainty: 0.15 Pa) is mounted on the duct at a location 57 cm (i.e. near the pressure antinode of the
fundamental duct mode) from the decoupler end to measure the acoustic pressure fluctuations in the system.
We acquired the acoustic pressure fluctuations signal for each value of the control parameter for 6 s at a sampling
frequency of 10 kHz (see Fig. 2b). A bin size of 0.17 Hz is used for obtaining the fast Fourier transform (FFT) of
the acoustic pressure fluctuations time series. The fundamental frequency of the system is nearly 162 Hz. Prior to
the experiments, under cold flow conditions, a sinusoidal signal is input to the Rijke tube using a loudspeaker, and
then the loudspeaker is switched off abruptly. The acoustic pressure fluctuation decays when the loudspeaker is
switched off, and by performing the Hilbert transform and calculating the logarithmic decay of acoustic pressure
fluctuations data acquired, we determine the decay rate. A decay rate of 13+0.5 s™! is maintained for all the
experiments conducted, to ensure that the experiments can be repeated.

When we increase the control parameter (referred to as the forward path in Fig. 2b), we observe the root mean
square (RMS) value of the acoustic pressure fluctuations (p'rms) is close to zero until a certain range of voltage
values. As we increase the voltage, the system changes from a dynamical state known as fixed point (quiescent
operation) to a state of limit cycle oscillations (high amplitude periodic oscillations) at a particular value of the
control parameter. We observe a sudden rise in p'_, a characteristic of subcritical Hopf bifurcation®*** and
the voltage value corresponding to this sudden transition is considered as the value at the Hopf point (V).
Subsequently, as we decrease the voltage (reverse direction), limit cycle oscillations display a steady decrease
in amplitude. However, when we reverse the direction of control parameter, the transition from limit cycle to a
fixed point occurs at the voltage value corresponding to the fold point (V7,), which is less than the ;. We observe
a hysteresis region, which is a characteristic of subcritical Hopf bifurcation. The horizontal Rijke tube with an
electrically heated wire mesh, used in the present study, is a well-established experimental system for investigating
thermoacoustic instability®®%2, For the current configuration, with the heating mesh placed at one-quarter the
length of the tube, and using the input voltage supplied to the heater mesh as the control parameter, the system
exhibits two distinguishable dynamical regimes: (1) A safe operational state, characterized by low-amplitude,
aperiodic fluctuations, and (2) A state of thermoacoustic instability, marked by self-sustained, high-amplitude
periodic oscillations. The representative time series corresponding to these two states is presented in Fig. 2b. No
intermediate or transitional regimes are observed within the current experimental conditions and setup.

Selection of threshold for the Hurst exponent

In the current study, with the acquired acoustic pressure fluctuations signal, we compute the Hurst exponent (H)
using the multifractal detrended fluctuation analysis® (MFDFA). In MFDFA, the value of H is calculated from
the scaling of the root mean square (RMS) of the standard deviation of acoustic pressure fluctuations in relation
to the data segment length. For the experiments with a finite rate of change of parameter, we compute the Hurst
exponent with a window of 0.4 s data, overlapped by 0.2 s data. Our choice of window size is deliberate, as it
strikes a balance between the efficient computation of H and the ability to issue timely warnings with only 0.2 s
of data, affording more time for prevention action.

To determine the threshold for H, we acquired the acoustic pressure fluctuations for a quiescent operation
state (below the fold point at 1.84 V) and corresponding values of H are depicted in (Fig. 3a in main text)
as a histogram. To ascertain the transition state, we conducted multiple realizations, allowing the system to
evolve from a quiescent state to a state of periodic oscillation. We then selected the values of H for the pressure
fluctuations within the control parameter range from 1.84 V to the onset of tipping.
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We aim to identify an optimal threshold that minimizes false alarms while providing sufficient time for
prevention actions. Depending on the risk tolerance and specific requirements of the operator, the threshold can
be tailored to initiate the necessary prevention strategy.

When the value of H crosses the threshold selected, we provide an EWS alert to initiate the prevention action.
For a rate of change of parameter of 30 mV/s, the EWS alerts received for 20 trials each with different thresholds
are depicted in Fig. 5. We observe that for a threshold of 0.3, the EWS alerts for 20 trials are received at very
low voltage values compared to the voltage value at the onset of tipping (u,), giving false warnings (as shown
in Fig. 5, blue circles). When we set the threshold to 0.2, as well as the threshold to 0.1, we find that the voltage
corresponding to the EWS alert is close to y,. However, the earlier the warning is received, the earlier we can
perform the required prevention actions, to prevent the system from tipping. Hence, an EWS threshold of 0.2 is
selected for initiating the prevention actions.

Receiver operating characteristics (ROC)

To assess the effectiveness of early warning signals (EWS), we employ the Receiver Operating Characteristic
(ROC) curve, which captures the balance between the reliability (low false alarm rate) and sensitivity (ability to
detect subtle changes) of an indicator. Following Boettiger and Hastings'® we construct the ROC by computing
the true positive rate (TPR) and false positive rate (FPR) for different rates of change of parameter. For the
present study, ROC curves quantify the ability of H in distinguishing the quiescent operation state (considered
positive) and the transition to thermoacoustic instability (negative). We determine the,

True positive (TP) = cases rightly classified as positive.

True negative (TN) = cases rightly classified as negative.

False positive (FP) = cases actually negative but classified as positive.

False negative (FN) = cases actually positive but classified as negative.

Then we calculate the false positive rate (FPR)=FP/(FP+TN) and the true positive rate (TPR)=TP/
(TP+EN). The FPR is plotted against the TPR for different threshold values for 3 different rates of change of
parameter (shown in Fig. 6). For all the 3 cases, the curves remaining close to the top-left corner indicate that
the classifier performs well'>%>. We also compute the area under the ROC curve (AUC) and observe values close
to one indicating perfect distinction performed by the classifier.

Intervention strategies: prevention and control actions
We perform the following intervention strategies upon receiving an EWS alert:

(1) Prevention strategy: For fast variation of control parameters, tipping occurs past the bifurcation point. EWS
warns of an impending tipping within this tipping delay. However, the system will exhibit tipping if we
stop varying the control parameter after receiving the alert, as we already crossed the bifurcation point by
the time we get the EWS alert. Therefore, we immediately reverse the direction of variation of the control
parameter; we lower the voltage to 1.96 V. We prevent the system from going to TAI by bringing the control
parameter below the Hopf point (Refer Fig. 4a,b in main text).

(2) Control strategy: When an EWS alert is obtained near the tipping point under fast variations, we have less
warning time than slow parameter variations. In such scenarios, the system undergoes tipping while we
reverse the control parameter. Here, reducing the voltage to a value lower than the Hopf point is not enough
to prevent the system from tipping to TAI Therefore, we reduce the control parameter below the fold point

2.9 041 .
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Voltage
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()]
00 O

0 0.1 0.2 0.3
H

Fig. 5. Variation in the EWS alerts received for different thresholds. For a rate of 30 mV/s, the voltage at which
the Hurst exponent crosses the threshold is plotted against the corresponding threshold for 20 realizations

of experiment each with different thresholds. For a threshold of 0.3, alerts are received before the tipping

point (¢,). However, the variation across different trials is very high and includes many false warnings. For
thresholds of 0.2 and 0.1, the alerts are received closer to y,. A threshold value of 0.2 for H is found to be an
optimum value with minimum false alarms and maximum warning time.
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Fig. 6. ROC curves plotted using the values of H observed for rate of change of parameter (a) 30 mV/s (b)
80 mV/s (c) 120 mV/s. The area under the curve is nearly 0.99 for all cases indicating a perfect distinction
performed by the classifier, compared to a random classification (depicted with dotted lines).
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Fig. 7. Variations in the value of H for different moving window sizes at different states of operation in Rijke
tube. The Hurst exponent with standard deviation corresponding to the quasi-steady time series of acoustic
pressure fluctuations acquired at a sampling frequency of 10 kHz for a duration of 6 s with the size of the
moving window for the states of (a) quiescent operation (b) during the state of TAI is plotted for 14 quasi-static
experiments. For the window size of 50 acoustic cycles and above the value of H tends to a fixed value with
small variance. In the current study, we used a window size of 64 cycles.

so that the system returns to the quiescent state immediately after the tipping. Thus, we call this a control
strategy for mitigating TAI. We utilize such a technique in scenarios where the prevention strategy fails
(Refer Fig. 4e,f in main text).

Quantification of the abrupt prevention actions
We define the window size for calculating the H, such that the value of H converges to a fixed value at different
states of the system. We acquired the time series of acoustic pressure fluctuations at each state of the system
under quasi-steady experiments. The data was acquired at a sampling frequency of 10 kHz for a period of 6 s.
Figure 7 indicates that values of H converge to a fixed value for window size of 50 cycles and above. We selected
64 acoustic cycles as the window size for calculating H. For the experiments with a finite rate of change of
parameter, we use a moving window of 0.4 s data with an overlap of 0.2 s data. The total time for calculating the
H, comparing the value of H with the threshold and sending the signal to the DC power supply takes time of the
order 10~* s (clock time in Matlab).

Once the value of H crosses the threshold value of 0.2, we perform the prevention action of direct cut-off to
a voltage value of 1.96 V. A programmable DC power supply (TDK - Lambda GEN 8-400 A) is used to control
the voltage supplied to the heater mesh. The DC power supply has a response time of 20 ms; i.e., for a given input
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value of voltage, it takes 20 ms for the DC power supply to reach the aforementioned voltage. Hence, reducing
the voltage directly to a voltage value (either to a value within the bistable region or below the fold point) within
20 ms is an abrupt prevention or control action compared to the 0.2 s needed to acquire the next set of data. Since
the response time is nearly one order higher than the time required for collecting the data, the prevention action
of direct cut-off could be considered as the extreme case of prevention action.

Data availability

The data used in this study are available from the corresponding author upon reasonable request.
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