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Abstract

Many real-world deployments of machine learning systems train the models in an online
manner as new data is collected. These systems often need to manage a large number of models
automatically and from the practical perspective, it is not realistic for the models to train from
scratch with all the past data as it would make the memory, computation time, and resources
unbounded. Therefore, warm starting the previously trained model to update on the recent
training data is often used in practice. We have identified a serious problem related to warm-
starting parameters in continual learning that could impact the downstream learning process.
In this paper, we analyze practical ways to mitigate this issue that are suitable for an automated
learning environment.
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1. Introduction

Machine learning algorithms often assume the availability of a large static dataset for training.
In real-world applications, however, the data is collected in an ongoing manner and the concept
shift of the dataset might occur over the time (Sarker, 2021). Hence, continual update of the
machine learning model is a must. Nevertheless, the ceaseless arrival of new data can pose a
serious problem in terms of computational effort as the model needs to be trained from scratch
(Schwartz et al., 2020).

Warm starting or parameter reusing is an approach where the parameters of the trained model
in the previous evaluation are used as the starting point for the next update cycle. That means
the training is only based on feeding with the most recent data rather than training with the
whole dataset from scratch. Intuitively, re-training the model from scratch seems to be wasteful
of memory and time when it comes to dealing with computational complexities. Accordingly,
warm-starting parameters may be a solution to tackle this issue.

The concept of warm starting has been successfully applied in transfer learning (Bengio, 2012),
semi-supervised learning (Erhan et al., 2010), online learning (Kading et al., 2016), and fine-
tuning the pre-trained models (Li et al., 2019). However, (Ash and Adams, 2020) examined
the ineffectiveness of warm starting the parameters in the domain of deep neural networks. The
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authors reported that supervised pre-training of deep neural network not only does not show a
reasonable performance but also worsen the results compared to the cold started model. The
issue arises from the fact that training the pre-trained model with similar data would potentially
bias the learning and cause the model to fall in local optima. Hence, relying on the original
parameters of the pre-trained model may not necessarily ensure the best starting point for warm
starting a deep neural network. To this end, the authors proposed a trick called shrink and
perturb to adjust the parameters of the pre-trained deep neural network to better function in
warm-starting.

In this paper, we report a practically important problem associated with warm starting the
parameters in online/continual learning. For most real-life machine learning systems, the
learning processes are automated, and potentially many models are updated regularly as new
data is received. It may be possible for a model to train poorly at an update cycle due to some
circumstances such as extreme weather conditions, sensor faults in the data, missing data, or
outliers. The automated learning process may keep warm-starting with the parameters from a
bad model without realizing or mitigating the problem and therefore compounding the
prediction errors. And even after the bad data is shifted out of the training data window after
some time has passed, these badly warm-started models may fail to recover quickly even with
the normal data. This makes it hard to debug the learning process as the current training data
seem normal while the predictions are still bad.

Our contributions are as follows: firstly, we show that there are merits in warm starting online
regression models with a rolling window of training data. This setting is different from the
setting used in (Ash and Adams, 2020), as only a fixed amount of data is available at any given
time and this setting is more suitable for practical applications as the resource utilization and
cost should not grow with time. We then show that warm-starting can fail catastrophically in
some cases, and it will be very hard to recover once this happens. Finally, we show how the
shrink and perturb trick proposed by (Ash and Adams, 2020) can be used to mitigate these
failed cases and recover the models.

2. Literature review

Different approaches to warm-start neural networks have been reported in literature. An
evolutionary approach based on evolving deep architectures is proposed to warm start the deep
neural networks by (Tirumala et al., 2016). Warm-starting deep neural networks using with
decision tree is proposed by (Humbird et al., 2018). (Xu et al., 2015) warm starts the multi-
loss deep neural network using the parameters from the model trained with single-loss function,
in order to speed up the convergence. All these approaches warm start the main model to either
improve accuracy or reduce the training time. This is different from our model as we are
training in a continuous learning environment and the next model is warm started from the
current model.

Some practical issues related to warm-start have been reported in literature. (Senior et al., 2013)
reported that increasing the learning rate is useful with random initialization but hurts warm-
starting. Stochastic gradient decent with warm restarts (Loshchilov and Hutter, 2016)
introduces the idea of resetting the learning rates decreasing it for a number of training epochs.
They reported that restarting needs significantly fewer epochs to reach the same or better
accuracy than the standard procedure of decaying learning rate. These issues are different from
the issues we are discussing in this paper as we are focusing on extreme cases when warm-
starting fails completely.
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3. Experimental settings

The evaluations reported in this paper are conducted based on the following settings of
regression model and data. All the evaluations are run 100 times to get a good estimate of the
result unless a different number of runs is explicitly stated.

3.1. Data

The dataset contains the vehicle counts detected by a road camera. The measurements are
aggregated to obtain the total vehicle counts for 15-minute intervals throughout the day,
resulting in 96 counts for a road segment per day. This data can be considered as a time-series
dataset.

3.2. Regression model

In this paper, the effect of warm started parameters for a neural network is evaluated in an
online rolling window-based regression model. The simple regression task of predicting the
next eight values using eight recent observed values is used to evaluate the effect of utilizing
warm start in continual learning. The function is f(X;_7, X;_g, ) Xt) = Xt41, - X¢1g, Where
X; 1s the vehicle count at time t. To train this regression model in an online manner, the most
recent 10 weekdays of data is used on a rolling basis daily. We designed a 2-layer neural
network with 5 neurons in each layer with rectified linear activation function. The purpose of
using a small neural network to prevent overfitting. For training the neural network, we tested
L-BFGS and Adam optimizers. As L-BFGS achieves better accuracy with a good warm start
for our experimental settings, the evaluation results will be reported using it unless explicitly
stated as Adam optimizer. We split 80% of the data into the training set and 20% to validation
set. For reporting the error, the root means square error is calculated on the validation set.

Random Initiation: randomly initialized parameters are generated using the method proposed
by (Glorot and Bengio, 2010).

Root Mean Squared Error (RMSE): RMSE is the standard deviation of the prediction
errors.

(A - P)?
N
where A is the observed value and P is the predicted value and N is the number of samples.

RMSE =

4. Is warm start better than training from random initialization
for continuous learning?

In this section, we show that for our regression problem, warm starting with good parameters
is helpful. In the evaluations, we trained the models 100 times (i.e., 100 random seeds and
reshuffle data) and reported the validation errors. The intuition is that, if the parameters of the
previously trained model are good then the next model is trained on warm started parameters
is better than starting the fresh initialization with random parameters.
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In Table 1, the results of warm started training the model on the second day based on the best
model selected on the first day is compared against restarting the model training with randomly
initialized parameters. For both optimizers, warm starting models provide better accuracy.

Table 1. Validation error comparison of warm-started vs randomly initialized parameters.

Mean Stdv Min Max
L-BFGS Warm Start 41.69 0.13 41.48 42.06
Random Init 54.32 18.13 42.81 107.91
Adam Warm Start 43.68 0.17 43.30 44.07
Random Init 50.43 15.79 43.84 205.77
Figure 1. Good warm started parameters (L- Figure 2. Good warm started parameters
BFGS). Mean: 41.69, Stdv: 0.13, Min: 41.48, (Adam). Mean: 43.68, Stdv: 0.17, Min: 43.30,
Max: 42.06 Max: 44.07
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In Figure 1 and Figure 2 for both L-BFGS and Adam optimizers, when training with good
warm-started parameters the variation of validation errors between different runs is very small
and centered around a small error. For comparison in Figure 3 and Figure 4 when training with
randomly initialized parameters, the variation of errors can be very large and there is a higher
chance that a suboptimal or bad model is selected.

These results suggest that there are incentives for using warm started parameters in continual
learning over randomly initialized parameters for achieving better accuracy. It has been shown
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in various literature and practical applications that warm starting converges faster than training
from scratch, and therefore, we are not focusing on the running time in this paper.

5. Warm start cascading failure problem

In the previous section, we reported that a warm start is better than random initialization when
the past model is trained well. However, as the error distribution of the first model train with
randomly initialized parameters can be very large, a bad model can potentially be selected
during an evaluation/training stage. In this section, we analyze the impact of selecting such
cases for later evaluations in continual learning.

Figure 3 and Figure 4 show the distributions of validation errors (RMSE) resulting from 100
random initialization on the first day. As we can see that although the training of randomly
initialized models converges to low error most of the time, there are some extreme cases where
the models are getting stuck at a bad model with a very high validation error. If one of these
bad models is obtained while training in an online learning manner, which in this case is a daily
update, it will be hard for the model to recover in a short time with subsequent updates.

Another issue is that although these bad models are obtained rarely when the data quality is
good, this distribution of model performance could change if the data quality is poor. And in
many practical real-world applications (e.g., road traffic data), the quality of data can be varied
because of weather conditions or sensor faults and the quality of the data can be hard to
guarantee because the data could be streaming from different data providers. An automated
machine learning system may be training many models, these cases might be happening in the
system, without being reported or mitigated.

In comparison with Figure 3 when the data is normal, Figure 5 shows that the error distribution
changes drastically when 5% of the data is missing and Figure 6 shows the changes in error
distribution when 1% of data become outliers. For the evaluation of missing data, if one of the
values is missing either in the inputs or the labels, these cases are excluded from the training
data. For the evaluation of outliers, 0.05% of the data is increased by 5 times, and another
0.05% is decreased by 5 times, to add outliers randomly in the training data.

Figure S. Changes in error distribution due to Figure 6. Changes in error distribution due to
data issues (Missing Data) (L-BFGS: 5% missing | data issues (Qutliers) (L-BFGS: 1% outliers
value, resulting in only 42.2% of original features | added).
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5.1. Can this problem be solved automatically as new data is received and
old data is discarded?

In the previous sections, we showed that with randomly initialized parameters, some of the
models end up with very high validation errors by chance. These cases will be considered as
bad initial model to warm start (as we will be starting from a highly inaccurate model). If the
subsequent model is updated using the parameters from these bad models, they may fail to
improve accuracy.

In this section, we evaluated the effect of bad warm-started models on later update cycles in a
continuous learning process. Figure 7 compares the effect of good and bad warm started
parameters on model updates in the later training cycles. In this experiment, only the
parameters of the initial model (the starting parameters on the first day) are different, and the
training procedure and data are the same. The training data window size is 10 weekdays and as
the data for the new day is added to the rolling window, the oldest day’s data is removed. We
can see that it can take a long time to recover from a badly trained model by just relying on the
new training data. This would mean that the model will make bad predictions for a long time
and will impact the overall application significantly.

Figure 7. Comparison of warm-started continuous learning from a good and bad initial model (L-BFGS)
Companson of Warm-started Continuous Learning (L-BFGS Optimizer)
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Figure 8. Comparison of warm-started continuous learning from a good and bad initial model (Adam)
Comparison of Warm-started Continuous Learning (Adam Optimizer)
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However, in some cases, a bad model may be able to recover after some days without
intervening as in Figure 8. However, there is no guarantee on whether they will recover, or the
number of days required to recover the model performance. A bad model may still fail to
recover even after training with new data. Therefore, we should not rely just on more training
using new data in such cases and should explore ways to mitigate this problem.

6. Mitigating the bad warm start problem

As it can take very long for the model to recover from a bad warm start if no intervention is
provided, we will need to consider several options when a bad model is learned. One approach
is to introduce some type of perturbation so that the next learning cycle can be escaped from a
saddle point or a bad local minimum of the current model. Another approach is to restart the
learning process using a random initiation.

6.1. Shrink and perturb trick revisited

(Ash and Adams, 2020) proposed the shrink and perturb trick to improve the training with a
warm start on neural networks. Their focus is for making the accuracy of warm-started training
model closer to a model trained with randomly initialized parameters from scratch, while
keeping the training time faster.

The idea is to reduce the weights toward Zero by a ratio A (i.e., shrinking step) and to add some
random perturbation noise p (i.e., perturbation step). The formulation of the shrink and perturb
trick is as follow: 8f « A8f~' + pf, where pf~N(0,02) and 0 <A < 1, where 6} is the
weight of a neural network after evaluation t and A is the shrink ratio and p¢ is the perturbation
noise.

They evaluated this trick on classification problems and found that shrinking the weight is
important to reduce the influence of past training data and make the model relearn again after
past training data and new training data are combined.

The purpose of shrinking the weights toward zero is to reduce the influence of the past model
and according to this assumption if the previous model is badly trained, the shrink ratio should
be larger. In machine learning, perturbation is often used as a solution to mitigate getting stuck
at a saddle point (Du et al., 2017, Elidan et al., 2002, Neelakantan et al., 2015). In our
evaluations with continuous learning of regression model, we found new insights in utilizing
shrink and perturb trick.

6.2. Recovering a bad model with shrink and perturb trick

Figure 7 demonstrates that it is very difficult to recover a bad model in warm-started continuous
learning without applying a mitigation procedure. In some cases, a bad model may be able to
recover without intervention as new training data is added to the training data. We can see it
happening with Adam optimizer in Figure 8 after updating the model daily for 3 days.
However, as there is no guarantee on whether the model can recover or the time a take to
recover, an intervention is needed when a bad model is trained, to mitigate this problem in an
automated manner.

So, in this section, we examine the mitigation options: 1. Shrink and perturb-based approach
2. Using random initiation and 3. Warm start only with no mitigation. The results of applying
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different settings of shrink (A) and perturb (o) to a bad warm-started parameter are reported in
Table 2 and Table 3. The accuracy is very sensitive to their setting with high error variances,
making it hard to do efficient parameter search. However overall patterns we found for
recovering from the bad initial parameters are shrinking them is generally helpful and small
perturbations can improve the models while large perturbation tends to produce bad results.
Just continuing with bad warm-started parameters without any intervening can make the model
get stuck for both L-BFGS and Adam optimizers. For recovering a bad model, randomly
initialized parameters are almost as good as the best shrink and perturb setting.

Table 2. Recovering a bad model for L-BFGS Optimizer (A is the shrinking ratio and o is the standard
deviation of the perturbation noise)

Mean Stdv Min Max
2=0.01,6=0.01 87.70 27.51 50.20 107.89
2=0.01,6=0.1 52.16 15.53 42.41 107.89
2=0.01,6=0.5 52.23 14.95 42.12 107.89
2=0.01,0=1 68.61 57.55 43.49 588.10
2=0.1,6=0.01 106.55 8.15 50.21 107.89
2=0.1,06=0.1 84.87 27.86 42.97 107.89
2=0.1,6=0.5 61.93 30.20 41.94 258.45
2=0.1,0=1 62.79 23.64 43.41 107.89
2=0.5,6=0.01 107.89 0 107.89 107.89
2=0.5,0=0.1 106.16 6.72 50.21 107.89
2=0.5,6=0.5 87.50 26.79 43.42 107.89
2=0.5,0=1 82.34 27.81 46.09 108.54
A=1,6=0.01 107.89 0 107.89 107.89
A=1,06=0.1 107.42 231 94.53 108.29
A=1,6=0.5 98.77 18.66 50.03 107.92
A=1,0=1 97.79 19.87 41.87 107.89
A=1,06=0 (warm start only) 107.89 0 107.89 107.89
Randomly initialized 53.90 18.17 42.81 107.89

Table 3. Recovering a bad model for Adam Optimizer (A is the shrinking ratio and o is the standard
deviation of the perturbation noise)

Mean Stdv Min Max
2=0.01,6=0.01 52.58 10.21 45.70 123.50
2=0.01,6=0.1 48.57 2.04 44.61 52.52
2=0.01,6=0.5 107.45 72.73 42.81 344.47
2=0.01,0=1 529.59 578.38 45.08 3302.39
2=0.1,6=0.01 70.36 50.39 45.30 200.67
2=0.1,6=0.1 51.94 21.35 44.32 200.67
2=0.1,6=0.5 108.48 70.08 43.32 278.57
2=0.1,0=1 563.79 589.36 45.23 2564.34
2=0.5,6=0.01 95.50 68.86 47.73 200.67
2=0.5,6=0.1 79.25 60.74 44.73 200.67
2=0.5,6=0.5 127.18 76.88 43.71 350.29
2=0.5,0=1 577.03 580.08 48.22 3093.70
A=1,6=0.01 110.46 73.67 47.54 200.67
A=1,06=0.1 83.00 62.52 43.62 200.68
A=1,6=0.5 164.39 70.86 47.00 401.31
A=1,0=1 643.63 591.51 48.92 3556.78
A=1,06=0 (warm start only) 200.67 0 200.67 200.67
Randomly initialized 52.15 22.05 43.35 205.82
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Figure 9 and Figure 10 illustrate the effect of recovering bad initial parameters on the later
continual learning process. For these figures, the starting point is that a bad model is obtained
just before day one, and on day 1 some intervention is done to improve the model for later
days. For the shrink and perturb approach A=0.1 and 6=0.1 are used as a good option on the
first day to recover the model from getting stuck and once an intervention is completed, a warm
start is used without shrink and perturb for the future updates. And for random initializations,
there are two options: 1) randomly initialized parameters on day 1 as an intervention from the
previous bad model and then warm start once the model is improving, and 2) always used
randomly initialized parameters without warm start.

Random initialization is a better option for L-BFGS and shrinks and perturbs achieve slightly
better accuracy for Adam optimizer, although the performance difference between them is
relatively small. Both approaches have stable accuracy on the later days and the models
improve slightly as the number of training days increases.

Figure 9. Effect of perturbing the weights on the continual learning process (L-BFGS)
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Figure 10. Effect of perturbing the weights on the continual learning process (Adam)
Recovering Bad Initial Model in Continuous Learning (Adam Optimizer): Average RMSE
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6.3. What happens if the shrink and perturb trick is applied to a good
initial model?

We also evaluated the effect of shrinking and perturbing the good warm-started weights. In
contrary to the findings of (Ash and Adams, 2020), applying shrink and perturb tricks to good



ATRF 2023 Proceedings

warm started parameters will hurt the model when training rolling window-based online
regression models. In Table 4, smaller A or larger 6 reduces the model accuracy. This is because
the past parameters are already well trained and small A reduces the importance of these
parameters and larger ¢ adds more perturbation on these parameters.

Table 4. Evaluation of applying shrink and perturb to good warm start parameters.

Mean Stdv Min Max
A=0.01,0=0.01 45.49 2.73 42.61 60.91
A=0.01,0=0.1 49.31 13.76 41.56 107.89
A=0.01,0=0.5 55.09 19.82 41.74 108.02
A=0.01,0=1 62.66 24.39 42.35 107.89
A=0.1,0=0.01 44.73 1.69 41.88 53.05
A=0.1,0=0.1 45.04 2.20 41.80 51.33
2=0.1,0=0.5 50.40 13.49 41.83 107.89
A=0.1,0=1 159.74 961.15 43.46 9719.60
2=0.5,0=0.01 46.41 1.36 41.64 46.97
2=0.5,0=0.1 44.77 3.40 41.27 60.91
2=0.5,0=0.5 49.11 12.15 41.70 107.89
A=0.5,0=1 57.90 20.97 42.26 107.89
A=1,0=0.01 41.82 0.33 41.45 43.59
A=1,0=0.1 42.90 1.52 41.54 50.84
A=1,0=0.5 47.17 7.0 41.80 107.89
A=1,0=1 60.08 39.20 41.84 399.16
A=1,0=0 (warm start only) 41.69 0.13 41.48 42.06
Randomly initialized 53.90 18.17 42.81 107.89

7. Discussion

Warm starting the models in online learning is useful for accuracy and efficient training. This
approach has been used in many practical machine learning systems, however, the practical
issues related to it are rarely reported in the literature. We have reported one major problem
with warm starting the models in automated online learning and examining its behavior for the
continual model updates.

We explore literature and examine a recent approach called the shrink and perturb tricks to
mitigate the problem. However, this approach is very sensitive to the parameters, we also
explore another option of restarting the model with randomly initialized parameters when a
model is getting stuck at bad results and fails to improve in the later learning steps. As the later
approach is not sensitive to parameters settings, this approach is more suitable for practical
automated machine learning applications. An optimal result might be achieved by combining
both warm-starting and random restart. For example, as long as the model accuracy is high
keep using warm-starting and once the errors are significantly high, use randomly initialized
parameters to restart the bad models.

Future research directions of interest are a better theoretical understanding of warm-starting in

continual learning and finding a way to proactively prevent the related problems in the first
place.
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