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Abstract 23 

The crossing of climate tipping points poses serious risk to life on Earth due to the impacts 24 

they cause, and their irreversibility. These systems generally exhibit critical slowing down on 25 

their approach to tipping point, or bifurcation, which can be detected by looking for changes 26 

in statistical properties of a time series from the system, such as an increasing lag-1 27 

autocorrelation or variance. Recently, there has been interest in the use of deep learning in 28 

tipping point detection. However, there has been a strong focus on predicting the movement 29 

towards tipping only. 30 

 31 

Here, we present results from a CNN-GRU architecture, trained on 3 normal forms of 32 

bifurcation, linearly forced either towards or away from the bifurcation point, or remaining a 33 

constant distance away. Predicting these 3 categories yields an overall accuracy of 67%, 34 

increasing to 78% for the longest time series, outperforming traditional early warning signals 35 

in a number of ROC tests. A complementary time-to-tip model predicts the distance to 36 

tipping should the linear forcing be extrapolated towards the tipping point, with a mean 37 

absolute error of 241 time steps which decreases as the time series lengthens. Using AMOC 38 

collapse output from a GCM, the categorical model is able to correctly identify which run is 39 

forced towards tipping, and which is the control, unforced run, with the time-to-tip model able 40 

to predict a decrease in the time to tip for the forced run, and a relatively stable distance in 41 

the control run. Although it overestimates tipping distance, we attribute this to struggles the 42 

model has with the saddle-node bifurcation type of which the collapse is likely to be. 43 

Attention weight analysis of the DL model shows clear, interpretable behaviour; the 44 

categorical model searches for signals at the beginning and end of the series to determine 45 

direction, whereas the time-to-tip model uses the beginning to ascertain distance from 46 

tipping. Testing with red noise data suggests there is a ceiling to improvements due to some 47 

reliance on critical slowing down indicators. 48 

 49 



Our work presents a novel framework that adds considerations of time series moving away 50 

from tipping as part of the null category. Although this makes our model more general than 51 

those in the literature in dealing with false positives, it also highlights the limitation of 52 

classification-based DL models – a rich set of nulls are needed to help them capture more 53 

features of tipping trajectories that distinguish it from non-tipping trajectories. Together with 54 

our complementary time to tip model, these new additions have policy relevancy regarding 55 

monitoring such as intervention or planning strategies. We hope this framework can be built 56 

upon, by exploring training sets that could reduce false positives, and use output from more 57 

complex climate models to aid in the prediction of real world climate systems. 58 

Introduction 59 

Tipping points, where large, often irreversible changes can occur in a system, have been a 60 

topic of high importance in climate science in the last few decades (1, 2) due to the effect 61 

crossing them would have on the Earth system. Tipping points are hypothesised to be 62 

possible in a number of climate systems, including the Atlantic Meridional Overturning 63 

Circulation, AMOC (3), the Amazon rainforest (4) and ice sheet collapse (5, 6). Generally, 64 

tipping points occur because a system has passed through a bifurcation, causing the state 65 

previously occupied to become unstable, with no choice for the system but to move to a new 66 

state. 67 

 68 

The consequences of passing climate tipping points are potentially devastating (7). For 69 

example, the collapse of the AMOC could cause winter temperatures in Europe to drop by 70 

10C (8). The interactions between tipping elements in the climate system are also thought to 71 

generally be destabilising (9), such that if one element tips, it is likely to cause another to 72 

move closer to tipping. Because of this, early warning of the approach of a system towards 73 

tipping is of great importance, allowing the chance for mitigation or adaptation (10, 11). 74 

 75 



As a system approaches a bifurcation, it will begin to exhibit critical slowing down (CSD; 76 

(12)) as the restoring feedbacks causing the return to equilibrium, weaken. CSD can be 77 

estimated by measuring the change in statistical properties of the system (13, 14) such as 78 

an increasing lag-1 autocorrelation AR(1) (15) or variance (16), most often measured on a 79 

moving window of a time series of the system. Commonly, a Mann-Kendall test will measure 80 

the tendency of a resulting indicator time series, with significantly positive values suggesting 81 

the system is approaching tipping (17). These signals have been found in both model output 82 

and observations from a number of different climate systems, e.g. (18-20). However, 83 

questions remain about the robustness of these indicators, such as sensitivity to detrending 84 

choices and the potential for false positives (14, 21). 85 

 86 

Besides AR(1) and variance as indicators, there are a numerous methods for detecting the 87 

movement of a system towards tipping in climate and other fields (14), including recently, the 88 

use of deep learning (DL) models (22, 23). Layers such as convolutional neural networks 89 

(CNNs), gated recurrent units (GRUs) and long short-term memory (LSTM) are useful in 90 

their ability to recognise changes in a time series over time, making them prime candidates 91 

for use in models predicting early warning of tipping. 92 

 93 

Various attempts at using DL models for predicting tipping target categories. For example 94 

Bury et al., use a CNN-LSTM to predict if a system is moving towards tipping, via one of 3 95 

normal forms of bifurcation: saddle node, transcritical or Hopf, alongside a null category 96 

where the system is not moving towards tipping at all (22). Follow-on work from this has 97 

streamlined the process by focusing on predicting if a system is approaching specifically a 98 

catastrophic bifurcation (24). While a similar CNN-LSTM architecture has been used to 99 

search for the approach towards tipping in 2D Icing models (25). In each of these cases, a 100 

model assigned a probability of a time series being in each category.  101 

 102 



In this work, we create a model which classify if a time series would tip based on the forcing 103 

rather than focus on the specific bifurcation type as the output. Our model categorises time 104 

series into those that are either moving toward or away from tipping, or remaining a constant 105 

distance away. This is particularly useful for complex climate systems which might not follow 106 

specific low-dimensional codimension one bifurcation corresponding to one forcing 107 

parameter. By adding the category of a system moving away from tipping, there is also the 108 

option to explore if intervention has any effect on the system. Furthermore, for those that are 109 

classified as approaching tipping, we have trained a complementary model that predicts how 110 

far away tipping is in time steps, assuming a continued linear forcing. This model uses the 111 

same architecture as the categorical model and is trained on time series created in a similar 112 

way. Both models have an attention pooling layer the processed timeseries goes through 113 

before it is classified. This allows us to examine the attention scores of both models, 114 

interpreting where the models are looking for signals for the movements towards or away 115 

from tipping. 116 

 117 

The remainder of this paper is organised as follows. In the Materials and Methods section 118 

we describe how the time series used for training and testing are created, along with the 119 

architecture of the DL models. Then, in the Results sections we show how accurate and 120 

skillful the models are when tested on out of training time series, including those from AMOC 121 

GCM output. Finally, in the Discussion section we explore under what conditions the models 122 

work well and those in which they struggle, and suggest future directions for this work. 123 

 124 

Materials and Methods 125 

We create a training set using 3 normal forms of bifurcation: saddle node, (supercritical) 126 

pitchfork, and transcritical (Figure 1). Time series are 1500 long and are created by an 127 

algorithm that is designed to create a dataset that equally represents a range of distances 128 



from the bifurcation (which occurs at r=0 in all 3 cases), and a range of rates of change in r. 129 

For now we are only interested in linear movements in the bifurcation parameter, and equally 130 

represent time series that are forced ‘towards’ bifurcation, ‘away’ from bifurcation, and 131 

‘constant’ which remain the same distance away from the bifurcation for the full 1500 length. 132 

We should note that predicting time to tip inherently requires one to make an assumption 133 

about the future of the forcing. We think time to tip in the context of linear forcing is natural 134 

as it is the same as asking when would the system tip if the current rate of change of forcing 135 

continues. 136 

 137 

 138 

Fig. 1. Stability diagrams of the 3 normal forms of bifurcation used in the training and 139 

testing datasets. Diagrams are shown for (a) saddle-node, (b) pitchfork and (c) transcritical 140 

bifurcations used in the training set for the DL models. Blue solid lines represent stable 141 

equilibria and red dashed lines, unstable equilibria. Start and end points for bifurcation 142 

parameter r are sampled within the shaded blue region as described in the main text, and a 143 

time series of x (of length 1500 time points) is created with r linearly increasing (decreasing) 144 

to create the movement towards (away) from the bifurcation (open circle at r=0). In ‘constant’ 145 

time series, the value of r is fixed. 146 

 147 

We begin by uniformly sampling a value of r between -10 and -1, followed by uniformly 148 

sampling a difference (or movement) in r between 0 and 8. A 1500-long time series for r is 149 

created by linearly interpolating between the initial sampled value, and this same value with 150 



the difference value subtracted. For time series moving towards bifurcation the first value of r 151 

is the most negative with an increase over the 1500 time points, but this is reversed for time 152 

series moving away. For constant time series, the initial sampled value of r is used for the 153 

full time series. Theoretically our time series of r across our full training set can vary between 154 

-18 and -1, represented by the blue shaded region in Fig. 1. 155 

 156 

Time series are created using the Euler-Maruyama method, with a time step of h=1/12 to 157 

mimic monthly time series that might be observed in climate system time series. For those 158 

that are either pitchfork or transcritical, the initial starting value for time series are x0=0, 159 

whereas for the saddle node members, this is x0=-sqrt(-r), which in all cases is the stable 160 

equilibria of the system. As we are interested in predicting if a time series is moving towards 161 

tipping without observing it tip, any time series which has crossed the bifurcation point before 162 

time point 1500 is removed and a new member is rerun. 163 

 164 

We have a training set of 54,000 runs, 18,000 of each bifurcation type and 18,000 of each 165 

direction, resulting in 6,000 of each combination (e.g. ‘towards’ X ’saddle node’. ‘Constant’ X 166 

‘pitchfork’). 70% are used for training the DL model and 30% validation, with equal 167 

representation of each category of 6,000 (i.e. 4,200 training, 1,800 validation). The 1,500 168 

long series are cropped to a length between 500 and 1,500 randomly along the full length of 169 

the time series, and then detrended using a lowess smoother with span equal to 0.2, before 170 

being normalised to Z-scores. Series are then left padded with zeros to create a 1,500 long 171 

time series again before being used for training. After training, we use a new set of 54,000 172 

runs that were not used in training at all, prepared in the same way to determine how well 173 

the model predicts on data that was used out of training. The preparation of the training and 174 

testing datasets mimics how we suggest time series from systems are processed for 175 

prediction using the DL model. 176 

 177 



We train a DL model with an CNN-GRU architecture with targets of ‘towards’, ‘constant’ and 178 

‘away’. Initial testing showed more promising results than a CNN-LSTM architecture and was 179 

faster to train. The architecture (Fig. 2) contains 3 CNN layers, each consisting of, in that 180 

order, a convolution layer, batch normalisation and ReLU activation. The output from these 181 

is then halved in length by a MaxPool1D layer, alongside a masking timeseries that is 182 

downsampled to indicate where the real data is in a padded time series. A dropout layer 183 

follows before being passed to the GRU section of the model. There are two GRU layers 184 

with another dropout layer in between them. The output sequence from this is collapsed into 185 

a single vector in the attention pooling layer, which contains a Linear(256 -> 1) scorer and a 186 

softmax is used to produce a weighted sum. A Linear(256 -> 3) softmax head produces 187 

logits for the 3 classes (‘towards’, ’constant’, ’away’). The model is trained using cross-188 

entropy loss and an AdamW optimiser (learning rate = 10-3 and weight decay = 10-4), using 189 

batch size of 256 and triggering early stopping after 15 epochs of no improvement in the 190 

validation loss. 191 

 192 



 193 

Fig. 2. Architecture of CNN-GRU categorical and time to tip models. The architectures 194 

of both models are the same until the penultimate layer, where the (left) categorical model 195 

outputs 3 probabilities and the (right) time to tip model outputs a single scalar prediction. 196 

 197 

As a comparison of the predictions of categories from the DL model, we use generic EWS, 198 

specifically looking for increases in AR(1) and variance. These are calculated on the same 199 

cropped and detrended time series in the test data set, using a window length equal to half 200 

the length of the time series. Performance is calculated using receiver operating 201 

characteristic (ROC) curves (26), in 3 cases of increasing difficulty by using the Kendall’s t 202 



correlation coefficient as an indicator of true/false from the generic EWS and probability of 203 

being in the category from the DL model: ‘towards’ vs ‘away’, ‘towards’ vs ‘not towards’, and 204 

‘towards’ vs ‘constant’. 205 

 206 

We also create a ‘time to tip’ DL model which predicts how far away the bifurcation is if the 207 

external forcing, r, were to continue on its linear trajectory to r=0. We adapt the previous 208 

framework of creating a training set whose targets are now the number of time steps needed 209 

for r to reach 0 if it were to be linearly extrapolated past the 1,500 time points. We have 210 

created a dataset that has equal representation across times to tipping (uniformly sampled 211 

from 100 to 1600), and ending values of r between -10 and -1. With a time to tip and the 212 

value of r known at time steps 1500, the rate of change of forcing can be calculated to work 213 

out the value of r at initialisation (i.e. at t=0) and a time series for r can be created by linearly 214 

interpolating as for the normal dataset. To ensure that the time series remain generally 215 

around the equilibrium, we resample a combination of time to tip and ending r value if the 216 

starting r value results in being less than -15 as in some abnormal cases this algorithm 217 

ended up with r value less than -100. We sample 15,000 time series per bifurcation, noting 218 

this time that all of them are moving towards tipping, resulting in 45,000 time series in total. 219 

These are also cropped and detrended as before, with the time to tip adjusted accordingly. 220 

 221 

Our architecture for the time to tip DL model is the same as the categorical model (Fig. 2), 222 

except for outputting a continuous scalar, and trained with a smooth L1 loss against log-223 

transformed time targets (log1p), which are then transformed back into time units afterwards. 224 

For the 45,000 time series the same split of 70% training, 30% validation is used as with the 225 

categorical model. A binning procedure such that both the training set and the validation set 226 

have equal representation of distances and length is used. 227 



Results 228 

Categorical Model 229 

Overall, on the out of training test set our categorical CNN-GRU model is 66.51% accurate 230 

across the 3 categories, ranging from 50.2% for time series that are of length 500-550, up to 231 

77.8% accurate for time series 1450-1500 long. Segregating the results per direction of 232 

movement shows it struggles slightly with the ‘constant’ category (62.1%) compared to the 233 

‘towards’ or ‘away’ (68.3% and 69.1% respectively). We find that the accuracy of the 234 

pitchfork and transcritical normal forms (72.1% and 71.9% respectively) is higher than the 235 

saddle node normal form (55.6%). Figure 3 shows how the predictions for each normal form 236 

change with the length of time series (the crop length) the DL uses to predict. For each 237 

category, the probability of being in the correct category increases, with the probabilities of 238 

being in the other two categories decreasing, as the length of time series the DL uses to 239 

predict increases. 240 

 241 



 242 

Fig. 3. The probabilities of being in each category are plotted as a function of the 243 

length of time series the model uses to predict. Scatter plots are shown for time series 244 

(a-c) moving towards tipping, (d-f) remaining a constant distance away from tipping and (g-i) 245 

moving away from tipping, with predicted probabilities of the time series (a,d,g) moving 246 

towards tipping, (b,e,h) remaining a constant distance away from tipping (c,f,i) moving away 247 

from tipping. A lowess smoother is used to show the trend in the scatter plots. 248 

 249 

Furthermore, Figure 4 shows how predictions change with the rate of change (rates of 250 

change are used here because the absolute change in parameter r will vary based on the 251 

length of time series used) in the bifurcation parameter r, showing that time series that move 252 

faster towards or away from the tipping point are predicted with a higher probability to be in 253 



that category. For the constant category, histograms are shown of prediction as there is no 254 

rate of change to vary on the x-axis. These show that the mean predicted probability of 49% 255 

for those in the constant category, including a non-trivial number of predictions of ~100%, 256 

and a mean of ~25% for those in the other two categories, both positively skewed 257 

distributions with a small tail up to 100% 258 

 259 

 260 

Fig. 4. The probabilities of being in each category are plotted as a function of rate of 261 

change of the bifurcation parameter r. Plots are shown for time series (a-c) moving 262 

towards tipping, (d-f) remaining a constant distance away from tipping and (g-i) moving away 263 

from tipping, with predicted probabilities of the time series (a,d,g) moving towards tipping, 264 

(b,e,h) remaining a constant distance away from tipping (c,f,i) moving away from tipping. For 265 



the middle row representing the constant category, there is no rate of change and as such 266 

histograms of the predictions are shown. A lowess smoother is used to show the trend in the 267 

scatter plots. 268 

 269 

Results from Figures 3 and 4 combined suggest that the model struggles to differentiate 270 

between time series that are being slowly forced towards or away from tipping, and the 271 

constant category. Along with predictions from longer time series are more accurate as well, 272 

it suggests that for these the model needs longer time series to differentiate. To determine 273 

the DL model’s skill we compare it to the Kendall’s t values from using AR(1) and variance 274 

on the same cropped time series using ROC curve analysis (Figure 5). With the 3 275 

categories, we compare the ‘towards’ vs ‘not towards’ (combining the constant and away 276 

categories), ‘towards’ vs ‘away’ and ‘towards’ vs ‘constant’. These differentiations of 277 

classifications vary in their difficulty for both the DL and the traditional EWS, with towards vs 278 

away being the easiest, and towards vs constant being the most difficult. 279 

 280 



 281 

Fig. 5. ROC curve analysis comparing the DL model to traditional EWS. Category 282 

comparisons, ‘towards’ vs ‘not towards’, ‘towards’ vs ‘away’ and ‘towards’ vs ‘constant’ are 283 

assessed using cropped series from Figures 3 and 4. (a-c) The probability of time series 284 



moving towards tipping predicted from the DL model is shown for both categories (red - 285 

towards, blue - other) each time. (d-f) The Kendall’s t values for the AR(1) time series 286 

(colours as in a-c). The histograms of Kendall’s t values from variance time series are not 287 

shown. (g-i) The ROC curves for each categorical test for (red) the DL model, (green) AR(1) 288 

and (blue) variance with the Area Under the ROC curve (AUROC) shown in the legend. (j-l) 289 

The AUROC values of the analysis shown as a function of the length of time series tested. 290 

 291 

In each of the 3 categorical tests, the DL model outperforms the AR(1) and variance EWS, 292 

with the biggest gain in using the DL model seen when predicting towards vs constant, with 293 

a 0.062 increase in the Area Under the ROC curve (AUROC). Segregating the analysis by 294 

the length of time series the predictions are made from shows that for all 3 methods, there is 295 

an increase of skill as the length of time series increases (Fig. 5 j-l), still with the DL model 296 

being the most skillful for all combinations. Furthermore, the gradient of the DL model 297 

AUROC line as a function of time series length is shallower, suggesting its skill drops off less 298 

with shorter time series, than traditional EWS. Supplementary Figure 1 shows the ROC 299 

curve and AUC analysis for segregating by short time series (500-700 long) and long time 300 

series (1300-1500), providing a detailed exploration at the information provided by Fig. 5g-i. 301 

 302 

To assess well the DL model predicts the movement towards tipping on complex problems, 303 

we turn to a simulated collapse of the Atlantic Meridional Overturning Circulation (AMOC) in 304 

the FAMOUS model (27), an ocean current that is believed to be approaching a tipping point 305 

due to anthropogenic climate change (2). In the FAMOUS model, an increasing freshwater 306 

forcing in the high northern latitudes causes the overturning strength of the AMOC to 307 

decrease after 800 years, accompanied by a control run with no forcing applied. We follow 308 

previous work that used AR(1) and variance to predict the movement towards tipping, 309 

focusing on 26.25°N and looking across all northern latitudes (18), by also assessing the DL 310 

model alongside this. As a caveat, we use the same detrending method as for the DL model 311 



(a Lowess smoother with a span of 0.2), rather than the Kernel smoother used in the original 312 

paper. 313 

 314 

Figure 6 shows how the prediction of whether the AMOC is approaching tipping or not 315 

evolves in real time as more of the time series is shown to the DL model. For the forced run 316 

(Fig. 6a) for most of the time between 500 and 800 years, the model predicts that the time 317 

series is moving towards tipping, with some confusion with predicting the system is constant 318 

before the year 600. The Kendall’s t values for AR(1) and variance, using a window of 500 319 

years to be comparable to the period of time the DL is tested on (Fig. 6b), are 0.797 320 

(p=0.025) and 0.199 (p=0.395) respectively, suggesting critical slowing down is occurring 321 

and thus early warning of tipping is found. For the control run, the probability of the time 322 

series being constant according to the DL model is clearly higher than the other two 323 

categories (Fig. 6c), suggesting it is easily able to detect this. However, the Kendall’s t value 324 

for the AR(1) and variance are 0.499 (p=0.215) and 0.538 (p=0.164) respectively. Both of 325 

these are positive, with the variance t being higher for the control than it is for the forced run, 326 

suggesting that the DL model is a better predictor than traditional EWS for this collapse. 327 

 328 



 329 

Fig. 6. Prediction from the categorical model and traditional EWS signals applied to 330 

output from FAMOUS AMOC collapse at 26.25°N. Results are shown for the (a,b) forced 331 

and (c,d) control runs. From the (a,c) categorical model, the predicted probability of being in 332 

each category is plotted at the end of each of the expanding windows used to make the 333 

prediction, from years 1-500, up to 1-800. (b,d) Time series of AR(1) and variance are shown 334 

for comparison, using a sliding window length of 500 years. 335 

 336 

To look across the full model, we run the same analysis across all latitudes (Figure 7), 337 

reporting the final (at year 800) probabilities from the DL model. For the forced run (Fig. 7a), 338 

the DL model correctly predicts the system is moving towards tipping at 16 of the 38 339 

latitudes, with correct classifications concentrated at lower latitudes where the CSD 340 

fingerprint of AMOC collapse is expected to be strongest (18). Traditional EWS detect 341 

significantly positive Kendall’s t values for AR(1) at 27 of the 38 latitudes and for variance at 342 



17 of the 38 latitudes (Fig. 7b), suggesting that for the forced run, traditional AR(1) detects 343 

the approaching tipping signal at more latitudes than the DL model. 344 

 345 

 346 

Fig. 7. Predictions using FAMOUS output from a range of latitudes. Results shown for 347 

(a,b) the forced and (c,d) control runs. For the DL model, predictions are shown as the 348 

probability the time series is (a) moving towards tipping in the forced run, or (c) constant in 349 

the control run for the 1-800 windows. Closed circles show correct predictions, and open 350 

circles when another category had a higher predicted probability. For traditional EWS AR(1) 351 

and variance, the Kendall’s t values at time 800 are shown, for the (b) forced and (d) control 352 

runs. With closed symbols showing significant (p<0.05) t values and open symbols, non-353 

significant. Note that for the control run, significant t values suggest early warning signals 354 

despite no movement towards tipping. 355 

 356 



However for the control run, both methods perform better. The DL model correctly classifies 357 

36 of the 38 latitudes as constant (Fig. 7c), with 0 of the 38 AR(1) and only 2 of the 38 358 

variance Kendall’s t values reaching significance (Fig. 7d). Importantly, these methods are 359 

correctly predicting the lack of movement towards tipping in different ways. The traditional 360 

EWS correctly produce non-significant t values (an absence of signal of tipping), while the 361 

DL model makes a positive classification of stability. The stronger performance of traditional 362 

AR(1) on the forced run likely reflects both its specific design for detecting monotonic trends 363 

and the out-of-distribution nature of the DL application, which was trained on idealised 364 

normal form time series of up to 1500 timesteps and applied here without fine-tuning to the 365 

shorter length GCM output. As noted in the original paper, CSD indicators would not be 366 

expected to be detectable equally across all latitudes for this collapse (18). 367 

Once the AMOC has collapsed in the forced run, we again test both the DL model and 368 

traditional EWS on the overturning strength time series from the year 1100 (when it has 369 

settled to a new equilibrium), up to 2383, giving a time series of length 1284 at each latitude 370 

to test on. 21 of the 38 latitudes are correctly classed as moving away from tipping by the DL 371 

model, whereas only 3 of the AR(1) and 0 of the variance Kendall’s t values are significantly 372 

decreasing (Supplementary Figure 2). This shows that the DL model is able to provide extra 373 

information about the dynamics on a more complex system that traditional methods may 374 

struggle with.  375 

Time-To-Tip Model 376 

After training a model on time series approaching tipping only with the architecture described 377 

in Figure 2, we now use the model to target how far away tipping would be if the forcing were 378 

to continue on a linear trajectory towards the tipping point (or in other words, when r reaches 379 

0). With the set up of training and test time series described in the methods, our data can 380 

theoretically span the shortest time series (500 long) that tip 2600 time points into the future, 381 

and longer time series (1500 long) that only tip 100 time points away. 382 



 383 

After training, testing using the 45,000 out of training time series shows a MAE of 240 time 384 

steps and a bias of -33. Segregated results by the length of time series the model sees 385 

shows a clear decrease in MAE as the DL model predicts from longer time series, ranging 386 

from 362 for time series that are 500-700 time series long, down to 198 for time series that 387 

are 1300-1500 long (Supplementary Figure 3). Furthermore, much like the categorical 388 

model, the accuracy of the model varies depending on normal form, with the saddle node 389 

MAE ranging from a higher 387 to 230, compared to ~350 to ~181 for transcritical and 390 

pitchfork. 391 

 392 

Figure 8 shows how the model predicts when the test dataset is segregated by normal form 393 

as a function of how far away the tipping point is, using time series of length 1500. As 394 

suggested by the categorical model, the predictions using saddle node time series (Fig. 8a) 395 

are slightly worse than those for the transcritical and pitchfork bifurcations (Fig, 8b,c). For 396 

these latter two, predictions are accurate for time series where tipping is within 750 time 397 

points, whereas predictions of the time to tip are overestimated for the saddle node for those 398 

closer than 1000 time points. In all 3 cases there is a clear decrease in time to tip predicted 399 

as for shorter time series. 400 

 401 



 402 

Fig. 8. The change in distribution of prediction of time to tip from a test set of time 403 

series. (a-c) The distribution of predictions of time to tip from time series that are 1500 long 404 

for the 3 normal forms. A lowess smoother and a +/-2 standard deviation band is applied. 405 

Bottom row: (d-f) The density distribution of prediction of time to tip binned in 100 time point 406 

sections (i.e. 1600-1500, 1500-1400, 1400-1300 actual time to tipping). Darker colours are 407 

closer to tipping. (g-i) Predictions from 3000 long time series that are (blue) close to tipping 408 

and (orange) further away for each normal form. Dotted diagonal lines are the actual time to 409 

tipping of the time series, with solid lines denoting the prediction made on a sliding window 410 

of 1500 time points. 411 



 412 

Density profiles of the predictions made from each normal form, binned by distance to 413 

tipping (Fig. 8d-f) show that in all 3 cases the model becomes more confident of the time to 414 

tip when tipping is closer, starting as near normal distributions far from tipping, to positively 415 

skewed distributions closer to tipping. For each normal form, example predictions are shown 416 

for time series that are 3000 time points long, using a sliding window of 1500 to make the 417 

predictions (Fig. 8g-i). Two examples are shown for each normal form, with dotted lines 418 

representing how far away tipping would be if the forcing were to continue on the same 419 

trajectory. Figure 8 shows that the model's predictions overestimate the time to tip for the 420 

saddle node. However, it does get the order correct, the orange line is above with a 421 

predicted tipping time further away than the blue line, with both decreasing as tipping is 422 

approached. 423 

 424 

The transcritical and pitchfork normal forms appear to settle down on their trajectories in 425 

both cases (Fig. 8h,i) after around 1000 time points, as expected from the envelope plots 426 

(Fig. 8b,c). Note that these are typical time series rather than chosen specifically, but despite 427 

for example, the increase in time to tip in the orange transcritical series near the end, the 428 

overall behaviour is promising. 429 

 430 

Finally, we test how the time to tip model works for the FAMOUS AMOC collapse run at 431 

26.25°N. Figure 9 shows how predictions of time to tip change as the model is first shown 432 

the first 500 years, and then an increasing window up to 800 years where the forced run tips. 433 

Both the forced (Fig. 9; blue) and control (orange) runs are tested. We find that there is a 434 

clear distinction between the two series, a decrease in time to tip in the forced run and a 435 

constant time to tip in the control. However, the time to tip is vastly overestimated, getting 436 

down to ~800 years as the closest estimate when tipping is only 125 years away. Analysis 437 

on this model suggests that it follows a saddle node bifurcation (18, 27) which might explain 438 

this overestimate. 439 



 440 

Fig. 9. Results when testing the time to tip model on the FAMOUS AMOC collapse. 441 

Collapse occurs in the forced run just after 800 years. Prediction of time to tip at 26.25°N 442 

using an expanding window from 500 to 800 years of overturning strength for both the (blue) 443 

forced and (orange) control runs. 444 

Discussion 445 

We have shown here how our CNN-GRU architecture can be used to predict the movement 446 

of time series towards or away from tipping, as well as remaining constant. It is able to 447 

clearly distinguish between series that are moving towards and those that are moving away 448 

from tipping, with most confusion coming from predicting on shorter time series, and those 449 

where the external forcing is slowly changing such that it is difficult for the model to 450 

distinguish between constant and one of the other categories. Similarly, the time to tip model 451 

is more accurate when predicting using longer time series and for those closer to tipping. 452 

 453 

We find a distinction between the results for the transcritical and pitchfork members, 454 

compared to the saddle node ones. This most likely stems from differences in how critical 455 

slowing down indicators behave when the bifurcation is being approached. For the 456 

transcritical and pitchfork bifurcations they linearly increase as the bifurcation is approached. 457 



However for the saddle node bifurcation the critical slowing down indicators scale as the 458 

square root of the distance to the bifurcation, such that stronger signals are seen closer to 459 

tipping and are hard to observe further away. In an attempt to combat this we trained a 460 

version of the model with an augmented training set; including an extra 12000 saddle node 461 

members per class (towards/constant/away), 70% of which were sampled with the change in 462 

bifurcation parameter being less than 2 over the 1500 time points (compared to the original 463 

uniform sampling between 0 and 8) that were added to the original training set. Using the 464 

same test dataset, this newly trained model increased accuracy on the saddle node 465 

members from 55.6% to 58.5%, whilst only reducing accuracy on both the other two normal 466 

forms by ~0.5%. It suggests that the decrease in saddle node accuracy could be partially 467 

addressed through targeted augmentation and could be a worthwhile area for future 468 

research. 469 

 470 

We can look at the attention scores from the attention layer in the architecture of both 471 

models to see which area of the time series most of the focus is on for the DL model. For the 472 

categorical model, we look at the mean attention scores across 200, 1500 long time series 473 

for each normal form, and for moving towards and away from tipping, as well as those 474 

constant time series (Figure 10). We generally see that for those time series moving towards 475 

tipping, attention scores are higher at the start of the series, and for those moving away, 476 

scores are higher at the end. For constant time series the attention is much more uniform, 477 

with a spike at the start. Attention score profiles for transcritical and pitchfork are largely the 478 

same, with the saddle node showing a weaker version of the same pattern. Essentially, it 479 

appears as though the model looks for the behaviour of the system furthest away from 480 

tipping, suggesting it could be searching for where signals such as critical slowing down are 481 

weakest. 482 

 483 



 484 

Fig. 10. Attention scores from the categorical model. Scores are shown for the (a-c) 485 

saddle-node, (d-f) transcritical and (g-i) pitchfork normal forms for those series (a,d,g) 486 

moving towards tipping, (b,e,h) remaining a constant distance away from tipping and (c,f,i) 487 

moving away from tipping. The mean attention score from 200 of full length (1500 long) time 488 

series for normal form and category are shown. Higher attention values mean that the model 489 

is assigning more importance in the information from those time steps. Dotted lines show 490 

what a uniform attention score would look like, marking 1/1500. 491 

 492 

The time to tip model’s attention scores are calculated for 200 time series that were near 493 

tipping (100-300 time points away), a mid-distance from tipping (600-900 time points), and 494 

far (1200-1500 time points), again segregated by normal form (Figure 11). All 3 normal forms 495 

behave in a similar way, showing that for near tipping series, there is a lot of focus on the 496 

beginning of the time series, with decreasing attention given to the start for time series that 497 



are further and far away from tipping. It appears as though the model is looking at the 498 

behaviour of the time series (e.g. autocorrelation level) near the beginning to determine how 499 

far away tipping is, which will be clearer for closer time series. Comparing the two DL 500 

models, the categorical model is comparing information from the start and end of the time 501 

series to determine direction, whereas the time to tip model only looks at the beginning to 502 

assess distance from tipping.  503 

 504 

 505 

Fig. 11. Attention scores from the time to tip model. Results are shown for the (a)-(c) 506 

saddle node, (d)-(f) transcritical and (g)-(i) pitchfork normal forms. The mean attention score 507 

from 200 full length (1500 long) time series (a,d,g) near or within 100-300 time steps of 508 

tipping, (b,e,h) a middle distance away or within 650-850 time steps of tipping and (c,f,i) far 509 

or within 1300-1500 time series from tipping are shown. Higher attention values mean that 510 



the model is assigning more importance in the information from those time steps. Dotted 511 

lines show what a uniform attention score would look like, marking 1/1500. 512 

 513 

To determine how much the DL model relies on traditional early warning signals such as 514 

changes in AR(1), we tested the categorical model on red noise processes, time series 515 

where the memory increases or decreases but where there is only one state that remains 516 

stable. 10000 each of red noise time series where the AR(1) increases, decreases, and 517 

remains constant (30000 total), are used in the testing and the current DL model has an 518 

accuracy of 31.1%. Because of this, we also trained a categorical model using 3000 each of 519 

red noise processes that have an increase in AR(1), decrease in AR(1), and have a constant 520 

AR(1) to be targeted as ‘constant’ by the model, replacing 9000 of the original training set’s 521 

time series. We found that the lowess detrending with a span of 0.2 caused a decrease in 522 

overall accuracy of the original test set to 63.55% (from 66.51%). Increasing the span 523 

caused an increase in the accuracy, with the best case being a lowess span of 0.65 to get 524 

back to the original accuracy (66.56%) whilst finding 44.1% of the red noise processes to be 525 

‘constant’. Increasing the span past this reduces the accuracy in both cases. This suggests 526 

there is a ceiling that the DL model cannot fully disentangle itself from critical slowing down 527 

metrics. Further work such as augmenting the training set with more ‘false positive’ time 528 

series and hypertuning parameters may get this accuracy even higher, however. 529 

 530 

Moving to more complex, out of training data from the FAMOUS AMOC collapse run shows 531 

that the models work to a degree in their predictions. The categorical model is able to predict 532 

that the system is moving towards tipping in the forced run, and remaining constant in the 533 

control run with reasonable accuracy. However, a caveat here is that predictions are made 534 

across all latitudes, without consideration of where early warning signals would be expected 535 

to be found based on the physical processes of the model. Furthermore, the time to tip 536 

model can distinguish between the forced and control runs, showing a decrease in the time 537 

to tip for the forced run but without good accuracy. The decrease in time to tip looks similar 538 



to the results from the saddle node normal forms with overestimations of how far away 539 

tipping is. There is strong evidence that the FAMOUS AMOC collapse run exhibits a saddle 540 

node bifurcation (18, 27) so this is likely the reason why the time to tip model struggles. 541 

While these DL models aim to be as generalised as possible, an extra step could be added 542 

to determine what type bifurcation is being approached, e.g. (22), before models specifically 543 

trained on that specific normal form are used to predict, although as our attention analysis 544 

suggests that the model is already discriminating between different normal forms an explicit 545 

classifier may not be necessary. 546 

Conclusions 547 

We have created a DL model pipeline that accurately predicts if a system is moving towards 548 

or away from tipping, and for those that are approaching tipping, can predict how far away it 549 

is if the forcing were to continue on a linear trajectory. AUROC analysis shows that the 550 

categorical model improves on traditional EWS, especially for shorter time series, and for 551 

differentiating between series moving towards tipping and those remaining constant. 552 

 553 

Our analysis of the attention scores shows the interesting mechanistic approach, the 554 

categorical model searches for what are most likely critical slowing down indicators at the 555 

beginning and end of the time series to determine direction, whereas the time to tip model 556 

focuses on the beginning of the series to see what the baseline signals are to determine 557 

distance. Preliminary work testing the framework suggests that there is a ceiling caused by a 558 

reliance on searching for traditional critical slowing down signals, despite out-performing 559 

them in out of training predictions. 560 

 561 

The novel approach of searching for signals of movement away from tipping and predicting 562 

the time to tip provides a strong framework to be built upon, with suggestions for future work 563 

including augmenting the training set to improve how it handles false positives arising from 564 



time series that have increased memory without approaching tipping, and extending the 565 

training set to include more normal forms and output from e.g. general circulation models to 566 

aid its prediction on climate systems. 567 
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 Supplementary Information 645 

 646 

S1 Fig. ROC curve analysis comparing the DL model to traditional EWS for short and 647 

long series. Category comparisons, ‘towards’ vs ‘not towards’, ‘towards’ vs ‘away’ and 648 

‘towards’ vs ‘constant’ are assessed using series from Figures 3 and 4. ROC curves for each 649 

categorical test for (red) the categorical model, (green) AR(1) and (blue) variance are shown 650 

for time series which have been cropped to (a-c) 500-700 long and (d-f) 1300-1500 long. 651 

The Area Under the ROC curve (AUROC) values are shown in each legend. 652 

 653 



 654 

S2 Fig. Predictions using FAMOUS output from a range of latitudes for the forced and 655 

run post-tipping. (a) For the DL model, predictions are shown as the probability the time 656 

series is moving away from tipping in the forced run over the period 1100-2383. Closed 657 

circles show correct predictions, and open circles when another category was predicted to 658 

be higher. (b) For traditional EWS AR(1) and variance, the Kendall’s t values for the time 659 

series over the same time period are shown (with window length equal to half the length of 660 

the time series), with closed circles showing significant (p<0.05) t values and open circles, 661 

non-significant. 662 

 663 

 664 

 665 



 666 

S3 Fig. Mean absolute error (MAE) from the time-to-tip model. MAE is presented as a 667 

function of crop length, the length of time series the prediction is made from, and separated 668 

by normal form. 669 


