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ABSTRACT

Hyperparameter optimization (HPO) is known to be costly in deep
learning, especially when leveraging automated approaches. Most
of the existing automated HPO methods are accuracy-based, i.e.,
accuracy metrics are used to guide the trials of different hyperpa-
rameter configurations amongst a specific search space. However,
many trials may encounter severe training problems, such as van-
ishing gradients and insufficient convergence, which can hardly
be reflected by accuracy metrics in the early stages of the training
and often result in poor performance. This leads to an inefficient
optimization trajectory because the bad trials occupy considerable
computation resources and reduce the probability of finding ex-
cellent hyperparameter configurations within a time limitation. In
this paper, we propose Bad Trial Tackler (BT Tackler), a novel
HPO framework that introduces training diagnosis to identify train-
ing problems automatically and hence tackles bad trials. BT Tack-
ler diagnoses each trial by calculating a set of carefully designed
quantified indicators and triggers early termination if any training
problems are detected. Evaluations are performed on representa-
tive HPO tasks consisting of three classical deep neural networks
(DNN) and four widely used HPO methods. To better quantify the
effectiveness of an automated HPO method, we propose two new
measurements based on accuracy and time consumption. Results
show the advantage of BT Tackler on two-fold: (1) it reduces 40.33%
of time consumption to achieve the same accuracy comparable to
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baseline methods on average and (2) it conducts 44.5% more top-10
trials than baseline methods on average within a given time budget.
We also released an open-source Python library that allows users to
easily apply BT Tackler to automated HPO processes with minimal

code changes!.
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1 INTRODUCTION

The significance of hyperparameter optimization (HPO) [5] has
been fully acknowledged by deep learning (DL) practitioners as the
performance of a deep neural network (DNN) is highly dependent
on its hyperparameter configurations. Since automated approaches
emerged to reduce human efforts, HPO has started to build up the
core of automated machine learning (AutoML). With the increasing
complexity of DNNG, the training duration and the hyperparameter
space continue to expand [40], rendering automated HPO more
computationally intensive and time-consuming.

!https://github.com/thuml/BT Tackler
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Consequently, research interests have been attracted towards
developing more efficient automated HPO methods [3, 16, 20, 30, 37],
while most of them are accuracy-based. Their typical workflow is to
conduct trials of different hyperparameter configurations to train
a target model within a predefined search space and a given time
limit, aiming to optimize one or several accuracy metrics [2, 14,
32]. They generally stop the trials with relatively low accuracy
at each epoch or utilize a surrogate model to predict promising
hyperparameter configurations to narrow the search. However,
numerous trials may encounter severe training problems, such as
exploding gradients, vanishing gradients, abnormal training loss,
and insufficient coverage. With only accuracy-based metrics, these
problems are usually difficult to identify in the early stages of
the training and result in poor performance or even failure. Thus,
these bad trials can hardly be stopped early and lead to inefficient
optimization trajectories due to wasted time and computational
resources.

In this work, instead of developing another accuracy-based op-
timization algorithm, we aim to establish a new perspective on
automated HPO. We propose Bad Trial Tackler (BT Tackler), a
novel HPO framework that introduces DNN training diagnosis in
automated HPO processes. BT Tackler traces HPO trials and calcu-
lates dedicated indicators to detect training problems, thus capable
of early terminating problematic training to conserve time and com-
putational resources for more promising trials. The entire process
can be parallelized to minimize the extra overhead. An open-source
Python library has also been developed to facilitate the adoption of
BT Tackler.

Our motivation can be demonstrated by a preliminary experi-
ment comparing BT Tackler with Random Search (RS) [4], a simple
yet effective accuracy-based automated HPO method. The objec-
tive was to optimize the configuration of 13 hyperparameters of
a convolutional neural network (CNN) for image classification on
cifar10 dataset [18] within a time limitation of 2 hours using 4
NVIDIA A100 GPUs. Results are depicted in Figure 1, showing tri-
als by BT Ttackler in red lines and those by random search in blue.
From the distribution of blue lines in Figure 1, we can see that all
the trials run to the end of the 20th epoch in the HPO of Random
Search. Compared with random search, BT Tackler efficiently termi-
nated numerous bad trials (like the red trials in the bottom orange
rectangle), finding more hyperparameter configurations with better
accuracy (like the red trials in the top orange rectangle). In the
end, BT Tackler conducted 134 trials, 30 more than Random Search
within the same time budget, resulting in a higher probability of
picking up optimal hyperparameter configurations.

In summary, our work makes the following major contributions:

e We propose BTTackler, the first HPO framework that intro-
duces training diagnosis into HPO to improve efficiency.

e We conduct a literature review of DNN training diagnosis
and then design a set of quantified indicators suitable for
HPO.

o The evaluation exhibits the significant advantage of BT Tack-
ler: (1) for efficiency, it reduces on average 40.33% of time
consumed to achieve the same or similar best accuracy as
baseline methods; (2) for performance, it conducts 44.5%
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Figure 1: Comparing BT Tackler and random search on HPO

of a simple CNN on cifar10

more top-10 trials than baseline methods on average within
a given time budget.

The rest of the paper is organized as follows: Section 2 compares
the related work with BT Tackler. Section 3 describes the main
idea and implementation details of BT Tackler. Section 4 presents
the evaluations of BT Tackler. Section 5 concludes this paper and
discusses possibilities for future work.

2 RELATED WORK

The related work includes the existing methods of automated HPO
and DNN training diagnosis.

2.1 HPO methods

HPO is often a non-trivial and delicate task due to the large hy-
perparameter space and the significant impact of hyperparameters
on DNN performance [5]. Most existing HPO methods are based
on accuracy metrics of the DNN model over a given validation
set, such as precision and mean squared error, and fall into three
main categories. The first is Random Search [4], which selects
hyperparameter configurations randomly from the predefined hy-
perparameter space. It is straightforward to implement while often
achieving competent results in high-dimensional hyperparameter
space. The second category, Bayesian optimization (BO) [8, 29, 33],
leverages information learned iteratively from the past trials of the
HPO task to prioritize the hyperparameter searching. The third
category, multi-fidelity methods [11, 13, 20], focuses on efficiently
allocating resources to promising hyperparameter configurations
and terminating trials with poor performance to speed up the HPO
process.

In addition to the above HPO methods, early termination rules
(ETRs) [10, 15] have also been proposed to improve HPO efficiency.
These rules make certain assumptions of DNN learning curves
based on accuracy metrics and terminate poor-performance trials.
Early termination is widely used, but the reliability issue of such
methods remains open in both academic research and practice. Due
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to the instability of accuracy metrics during training, good configu-
rations may also perform badly at the early stages of the training,
risking elimination by ETRs. Instead of building upon accuracy as-
sumptions, BT Tackler leverages early termination through training
diagnosis to improve the efficiency of HPO.

2.2 Training Diagnosis

DNN training diagnosis is closely related to DNN model testing.
DeepXplore [23] is a white-box framework for systematical testing
of real-world deep learning systems, introducing neuron coverage
as an indicator of model health. DiffChaser [38] is an automated ge-
netic algorithm-based testing technique to discover disagreement
of multiple DNN version variants using prediction uncertainty
indicators. CKA [17] identifies correspondences between represen-
tations in DNNs, which may indicate some potential training issues.
MEGAN [39] is proposed to predict the generalization performance
of DNNs by utilizing the mean empirical gradient norms of the last
layer. These methods generally work in the post-training stages
and consume lots of computational resources, which can hardly be
used in HPO as they increase massively the performance overhead.

Other works were proposed to diagnose the training of DNNs
and localize potential faults. UMLUAT [28] is an interactive tool en-
abling users to check the model structure and metrics during DNN
training, providing messages of potential bugs and corresponding
repair methods. DeepLocalize [36] identified the faulty layer by
detecting the numerical errors of the neurons. Amazon SageMaker
Debugger [24] provided a set of built-in heuristics to debug faults
in DNN training. More practical training diagnosis methods have
also been proposed in recent years. AUTOTRAINER [41] summa-
rized five common training problems and proposed a systematic
diagnosis method suitable for various DNN architectures. Deep-
Diagnose [35] defined eight training issues collected from GitHub
and Stack Overflow. DeepFD [7] is a learning-based fault diagnosis
and localization framework that maps the fault diagnosis task to a
multi-classification problem using fault seeding.

While the existing methods offer various solutions for detecting
training problems, attempts to apply them in automated HPO are
complex and challenging. The motivation difference between train-
ing diagnosis and HPO is significant. The former generally intends
to correct issues in the code or data of machine learning tasks,
while these issues should be resolved before HPO. The bounds and
thresholds from the previous research are also unsuitable for HPO.
In those methods, training diagnosis is often followed by repairing.
They are quite tolerant of misdiagnosis because it is almost harm-
less to repair when training is not problematic. However, indulged
misdiagnoses could lead to missing many good hyperparameters
when using training diagnosis to terminate trials in automated
HPO.

In addition, some of the methods that provide descriptions and
suggestions for training problems may not be applicable since they
require human intervention and thus block automated HPO pro-
cesses. Moreover, the computational cost highly impacts the effi-
ciency of automated HPO. As a result, training diagnosis methods
that generate excessive overhead should be avoided in BT Tackler.
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3 DIAGNOSIS-BASED HPO FRAMEWORK

BT Tackler must carefully extract knowledge from the existing train-
ing diagnosis methods due to the motivation difference presented
above. The primary challenge is determining the actual training
problems pertinent to automated HPO. We first introduce Quality
Indicator to define the selected quantified expertise to elucidate
their functionality in HPO.

Definition 3.1 (Quality Indicator). A quality indicator is a quan-
tified method for identifying specific training problems that may
lead to failure or poor performance in DNN training.

Some well-known examples of training problems include ex-
ploding gradients, vanishing gradients, and abnormal training loss
values. We further define Diagnosis-based HPO to distinguish our
proposed framework from the existing accuracy-based HPO.

Definition 3.2 (Diagnosis-based HPO). Diagnosis-based HPO in-
troduces training diagnosis into existing HPO methods. It utilizes
quality indicators to detect training problems and terminate bad
trials to achieve higher accuracy and efficiency.

In developing DNN models, HPO is an integral and highly costly
step. In HPO, hundreds or even thousands of hyperparameter con-
figurations must be tried to find an optimal one, which requires
massive computing resource consumption. Many experts are used
to manually terminating hopeless experiments as soon as possible
to save computing resources for more promising trials. However,
such implicit knowledge remains in the experts’ heads, and due
to manual operations’ low efficiency, they generate little benefit
to the whole HPO task. During the past few years, training diag-
nosis has become a rising research focus in the field of software
engineering[12, 22, 35, 41]. Previous works identified some symp-
toms that may lead to training failure or poor performance of DNNs.
These works bring a possible alternative to manual termination
in HPO. In this paper, we propose an HPO framework for DNNs,
BTTackler, that automatically tackles bad trials using the training
problems identified by previous research findings. The key idea and
framework of BT Tackler is illustrated in Figure 2.

3.1 The BT Tackler Pipeline

We first presented the traditional HPO pipeline in black arrowed
lines in Figure 2. The HPO scheduler can be seen as the executor of
HPO trials. It queries hyperparameter configurations from the HPO
methods and invokes new processes to run trials with the suggested
configurations. Limited by the amount of computing resources, the
concurrency of HPO is usually very low. So, only when previous
trials are finished can the subsequent trials be executed by the HPO
scheduler. Because of the vast hyperparameter space, an HPO task
may contain hundreds or thousands of trials. With a limited time
budget, there are two ways to achieve better effectiveness of HPO.
One is to pick up potentially better hyperparameter configurations
by modeling the relationship between hyperparameters and the
performance of DNN models, like BO methods. The other is to
terminate relatively poor-performing trials by comparing them
simultaneously, like fidelity-based HPO methods. However, neither
of the two approaches considers expertise in identifying training
problems, which is usually used during manual HPO by experts in
practice.
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Figure 2: The framework of BT Tackler.

Based on the traditional HPO pipeline, BT Tackler brings a novel
branch that automatedly terminates bad trials with some expertise
applicable to HPO. The primary challenge to BT Tackler is quan-
tifying expertise to support decision-making in the HPO pipeline.
We name the quantified expertise as quality indicators, indicating
whether there are problems with training. With the rise of training
diagnosis research, some methods were proposed to detect training
problems. We conduct a literature review of training diagnosis and
construct quality indicators for HPO, as presented in Appendix A.
In the BT Tackler pipeline, there are two main processes: one is the
process Tracer that traces trials, and the other one is the process
Checker that utilizes quality indicators to detect training problems.
The whole procedure can be viewed in two stages. In the first stage,
Tracer monitors the trial by analyzing the statistics of variables
that reflect training problems, such as training losses, gradients,
weights, etc. All the statistics are stored in files by Tracer and then
conducted to Checker. In the second stage, Checker calculates the
quality indicators and signals the HPO scheduler to stop trials when
training problems are indicated. Efficiency is critical in HPO, so
the BT Tackler pipeline is parallelized as much as possible, which is
presented in detail in Section 3.3.

3.2 Quality Indicators

As a summary, we describe the logic of developing quality indicators
in Figure 3. At the very first step, we finished a brief literature
review of training diagnosis of DNNs to find available and robust
evidence to detect training problems, as Appendix A shows. After
learning from the work of training diagnosis, we propose seven
quality indicators for the BT Tackler pipeline.

3.2.1  What concretely are quality indicators? Like the training di-
agnosis methods, quality indicators keep observing some variables
during training and alert problems when specific symptoms emerge.
However, not all of those can be used in quality indicators, such as
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code and raw data, since HPO is the process of tuning hyperparam-
eters instead of debugging codes or validating data. Each observed
variable must be quantified to support programming to alert train-
ing problems, which is implemented primarily by manually defined
rules. We describe the proposed seven quality indicators as follows:

Abnormal Gradient Values (AGV). We use AGV to denote
the quality indicator for detecting abnormal gradients during back-
propagation. Abnormal gradients can severely impact the training
trend and result in poor performance or undesirable outcomes. The
definition of AGV involves gradient values that are not-a-number
(nan), infinite (inf), or violate common sense. Specifically, two rules
are used for AGV. First, any value of gradients must not be nan or
inf. The second is that the absolute values of gradients for each
layer of DNNs must be smaller than an empirical safe upper bound.
When any of the two rules are violated, AGV becomes positive.

Exponentially Amplified Gradients (EAG). We use EAG to
denote an early warning for potential exploding gradients during
training. Exploded gradients are usually generated from repeated
amplifications of gradients. So, we evaluate the overall amplifica-
tions of gradients between adjacent layers of DNNs as an approxi-
mate of EAG. Specifically, the overall median of the amplifications
of gradients between adjacent layers of DNNs must be smaller than
an empirical safe upper bound; otherwise, EAG becomes positive.

Exponentially Reduced Gradients (ERG). We use ERG to in-
dicate early signs of vanishing gradients. ERG employs a similar
computation procedure to EAG. It explicitly identifies exponential
drops in gradient magnitudes between adjacent layers of DNNs.
The overall median of the amplifications of gradients between ad-
jacent layers of DNNs must be more significant than an empirical
safe lower bound; otherwise, ERG becomes positive.

Passive Loss Changes (PLC). We use PLC to denote the weak
effect problem in the early stages of training. The changes in train-
ing loss should be noticeable when the hyperparameters about
optimization are well set. Conversely, the trial will probably result
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Figure 3: The Design of Quality Indicators.

in a bad outcome when training loss does not exhibit the expected
decreasing trend. We collect the training loss values for each epoch
to monitor this behavior. Then, the absolute values of training loss
change between adjacent epochs are calculated, denoted as [G;],
where the gap is from epoch i to epoch i+1. At last, we calculate the
ratio of the mean of [G;] to the initial training loss as the criteria.
When it is not noticeable, such as smaller than 0.1%, PLC is positive.

Low Activation Ratio (LAR). We use LAR to denote the problem
that considerable neurons are inactivated during training. A neuron
is activated if its output exceeds a threshold (e.g., 0) and varies
in a reasonable range. If too few neurons are activated, i.e., the
activation ratio is low, it potentially results in serious gradient
problems during the back-propagation of training. We calculate
the ratio of zero neurons in each layer to detect such issues and
compare it with an empirical upper threshold from prior research.
LAR is positive if the ratio is more significant than the empirical
threshold.

Unexpected Loss Changes (ULC). We use ULC to denote un-
expected trends of training loss in the later stages of training. The
training loss should follow a converging trend in the later stages
rather than intense fluctuations or increases. Such unexpected
trends indicate that the training is not stable. We employ linear
regression to quantify the fluctuations within an adaptive window
whose size varies with the maximum training epoch. The fluctu-
ations must be smaller than a tolerance threshold derived from
previous research; otherwise, ULC is positive.

No More Gain (NMG). We use NMG to denote a benign issue
that further training should be unnecessary. For a good trial, train-
ing loss and accuracies will finally converge in the later stages of
training, indicating a very low possibility of further improvement
of training. With NMG, we can identify such situations and recom-
mend early termination to save computing resources. We collect
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the minimum of the latest training losses within an adaptive win-
dow whose size varies with the maximum training epoch. If the
minimum within the window exceeds the overall minimum during
training, NMG is positive.

Introducing some empirical parameters in the definitions of qual-
ity indicators is inevitable because the expertise in detecting train-
ing problems is not static or immutable. Theoretically, we can tune
those empirical parameters to make the quality indicators suitable
to a specific domain considering neural network architectures and
tasks. In this paper, we intend to show BT Tackler’s generalizability.
So, notably, the quality indicators are designed to be conservative,
reflecting on the choices of relatively easy threshold values and
loose rules. This means that the quality indicators can only detect
severe training problems, which helps reduce the risk of mistaking
good hyperparameters for bad ones.

3.2.2  How to use quality indicators? A quality indicator must be
used at the right time to support the BT Tackler pipeline. For exam-
ple, loss is expected to change intensively when training begins, but
it is probably problematic when training is nearing its end. There-
fore, applying quality indicators should be within a suitable scope
of training. To simplify this issue, we split training into two stages,
i.e., early stage and late stage. ERG, EAG, and PLC are used at the
early training stage because the related training problems are more
remarkable initially. Meanwhile, ULC and NMG are used at the late
stage of training to check that training is already enough. AGV and
LAR can be used at any stage since they happen randomly.

To exhibit BT Tackler’s generalizability, we use all the above
quality indicators in parallel for several representative cases of DNN
training. During each trial in HPO, when any quality indicator at
its working stages is positive, BT Tackler triggers early termination.
Note that the alerted trials will be terminated but not eliminated for
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the quality indicators indicating training enough problems because
such hyperparameter configurations may also be candidates for the
best ones.

3.3 Implementation

The pipeline of BT Tackler comprises recording training variables,
parallel calculating quality indicators, and early terminations.

Recording Training Variables. Considering the characteristics
of various training environments, we adopt two approaches to trace
the variables of training. The first approach periodically records
runtime information, such as model weights, training loss, and
validation accuracy, by inserting predefined probes into the training
procedure’s codes. The second approach utilizes the widely used
callback functions of deep learning libraries. The callback functions
can record variables that are not easily observed outside the deep
learning libraries. Because of the vast amount of data, storing every
neuron’s weights and gradients for each training iteration would be
undesirable. To address this, we adopt an intuitive approach from
existing works [7, 36, 41], storing only the fundamental statistical
values of the variables. To ensure the extensibility to support various
quality indicators, we store ten representative statistics for each
variable, including average, variance, median, minimum, maximum,
upper quartiles, lower quartiles, skewness, kurtosis, and ratio of zero.
Specifically, DNNs’ gradients and weights are stored layer-wise and
epoch-wise, while the loss value and accuracy are stored epoch-
wise.

Parallelization and Overhead. The quality indicators’ run-
time overhead must be considered, which is one of the criteria for
selecting useful references for implementing quality indicators in
Appendix A. We also utilize multi-threading libraries to implement
a two-level parallelization to avoid blocking the model training
process. On the one hand, the calculation process is isolated from
the primary process to avoid blocking training or evaluation. On
the other hand, we make each quality indicator run on its thread
to improve efficiency and reduce the impact of unexpected errors
from any quality indicator.

Early Terminations. BT Tackler conducts early termination
when quality indicators report training problems. On one side, a
reporter collects the results from the adopted quality indicators for
a given trial. It sends an early termination query once any of the
results are positive. On the other side, the HPO scheduler of BT-
Tackler keeps listening to queries about early termination and kills
the process of the trials being required to terminate. Notably, each
trial’s final performance will be used to update the surrogate model
in the Bayesian methods of HPO. In the popular open-source library
NNI [1], when early termination is triggered (by accuracy-based
methods) in Bayesian HPO methods, the last evaluation result is
used as the final performance. Since early termination denotes a pes-
simistic estimation, the last evaluation could represent the model’s
performance with a small risk of information losses. BT Tackler
followed this way.

Simulator for Calibration. To efficiently calibrate quality in-
dicators in BT Tackler, we propose a simulator-based method to
evaluate the quality indicators without really conducting HPO trials.
As a preparation, a representative real HPO task is executed, and all
the information needed by BT Tackler is recorded. Then, developers

2345

Zhongyi Pei et al.

could evaluate their customized quality indicators by replaying
the recorded HPO task. During the replay, the simulator sequen-
tially picks the records of trials generated by the HPO method and
calls BT Tackler to diagnose the training. In this way, the definition
of quality indicators, including the empirical parameters, can be
modified according to the effectiveness and generalizability of the
simulation, as the goal we presented in Section 3.2.1.

3.4 Evaluation Method

We can evaluate the effectiveness of BT Tackler in two ways. The
first is to compare the accuracy metrics of an HPO method and its
BTTackler-assistant version at a fixed time budget. Considering
the randomness in HPO, the measurement of the accuracy gap is
unreliable. To achieve a stable and fair comparison, we define a
new measurement for HPO methods using the ratio of top-accuracy
trials.

Definition 3.3 (Top10 Hit Ratio). To compare an HPO method i
and its baseline method j, we first collect the overall top 10 trials on
accuracy metrics from the two methods. Top10 Hit Ratio (Top10HR)
is the ratio of the trials from the HPO method i, which is denoted
by Top10HR;; = % * 100%, where K; is the number of the trials
from the HPO method i that rank in the overall top 10 trials.

We use top 10 in Top10HR because HPO targets the best trials,
and top 10 is an appropriate range considering randomness. The
second way to evaluate the effectiveness of BT Tackler is to measure
the time cost saving at the point where the best accuracy of the
baseline method is achieved.

Definition 3.4 (Time-Saving for Baseline Accuracy). To compare
an HPO method i and its baseline method j, we first record the best
accuracy A; of the baseline method j given a fixed time budget T;.
Time-saving for Baseline Accuracy (TSBA) is the relative reduction
in time cost at the point when the HPO method i reaches A, which

is denoted by TSBA;; = TjT__Ti * 100%.
J

4 EXPERIMENT

In this section, we study three research questions to evaluate BT-
Tackler:

RQ1 What is the effectiveness of BT Tackler on the accuracy?
RQ2 How does BT Tackler improve the efficiency of HPO?
RQ3 What are the individual impacts of quality indicators?

4.1 Setup

We implemented BT Tackler based on the popular open-source HPO
framework NNI [1]. All experiments are conducted on three homo-
geneous servers of Intel(R) Xeon 14-core processors, 384GB of RAM,
and 8 NVIDIA TITAN X (Pascal) GPUs, and Ubuntu 18.04. The con-
currency of HPO experiments was uniformly set at 8. We performed
our evaluation on three distinct and representative commonly used
DNN architectures. The HPO tasks are summarized as follows:

o Cifar10CNN: The Cifar10[18] dataset consists of 60000 32 X
32 color images in 10 classes. The CNN architecture contains
4 Conv layers and 3 MLP layers. This classification task has
3 continuous, 5 discrete, and 5 categorical hyperparameters.
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o Cifar10LSTM: LSTM[25] is short for long short-term mem-
ory recurrent neural network. This classification task has 3
continuous, 1 discrete, and 4 categorical hyperparameters.

o Ex96Trans: Exchange[19] is a time-series dataset that records
the daily exchange rates of 8 countries from 1990 to 2016.
Transformer [34] is one of the most successful DNN models
in recent years, but its difficulty in training presents chal-
lenges to HPO. This forecasting task has 1 continuous, 4
discrete, and 3 categorical hyperparameters.

We list the three tasks’ hyperparameter space in Table 1, where
HP-I denotes continuous hyperparameters, HP-IT denotes discrete
hyperparameters, and HP-III denotes categorical hyperparameters.
In order to make the HPO sufficiently challenging, we set large
search spaces of hyperparameter configurations for all the tasks.
Details can be seen in the open-source project.

Table 1: Number of different hyperparameters.

Setup HP-I HP-II HP-III Task Type
Cifar10CNN 3 5 5 classification
Cifar10LSTM 3 1 4 classification
Ex96Trans 1 4 3 forecasting

We evaluated four representative HPO methods as baselines
that are used in the well-known open-source HPO framework[1],
including Random Search (RS) [4], Gaussian Process (GP) [30], Tree
structure Parzen Estimator (TPE) [3] and Sequential Model-Based
Optimization for General Algorithm Configuration (SMAC) [16]. Due
to its simplicity, we selected RS as the baseline. GP was chosen
for its surrogate modeling capabilities. TPE was included for its
advanced Bayesian optimization strategies, particularly effective in
complex HPO scenarios. Lastly, SMAC was chosen as a state-of-the-
art method for categorical hyperparameters, setting a high standard
for efficiency and accuracy in HPO. We followed the settings of the
HPO methods in Deep-BO[9].

Our comparative experiments also consider two early termina-
tion rules (ETRs) as baselines, namely Learning Curve Extrapolation
(LCE) and Median Stop Rule (MSR). LCE [10] stops a trial if its fore-
cast accuracy at the target step is lower than the best performance
in history, used in the classification task in Cifarl0CNN and Ci-
far10LSTM. MSR [15] stops a trial if the trial’s performance is worse
than the median value of all completed trials’ performance at the
current step, used in the forecasting task in Ex96Trans. Both LCE
and MSR are popular and well-supported methods in improving
the efficiency of hyperparameter optimization without sacrificing
model performance[10, 15]. The augments of LCE and MSR follow
the default settings in NNI[1].

4.2 Effectiveness (RQ1)

To evaluate the effectiveness of BT Tackler, we ran all four base-
lines of HPO methods over three tasks and compared them with
the BT Tackler-enhanced versions, as shown in Table 2. For each
baseline x, we use x-BT Tackler to denote the BT Tackler-enhanced
version. The time budget for all the experiments was 6 hours. To
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mitigate the randomness of training, we repeated all experiments
3 times for each case and used the average as the results. In view
of accuracy, we compare the average performances of the top 1
and top 10 trials to show the accuracy gain from BT Tackler, con-
sidering randomness and fairness. However, the accuracy gap does
not directly reflect the advantage of HPO methods because HPO
methods search hyperparameters instead of optimizing models. A
reasonable comparison is Top10HR from Definition 3.3. Top10HR
is measured on x-BTTackler and x-ETR based on x to compare the
effectiveness of ETRs and BT Tackler in a way closer to practical
usage. If Top10HR is bigger than 50%, x-method dominates the
baseline x, and a bigger Top10HR means a greater advantage. We
use bold to denote the better performance between the baseline x
and the BT Tackler-enhanced version x-BT Tackler. Besides, the best
result for each column is underlined.

The x-BTTackler methods surpassed the baseline x in most cases
on average and significantly improved each task’s best perfor-
mance. BT Tackler achieved accuracy gains in all comparisons of
Cifar10CNN and Ex96Trans. Whereas the two baselines, Random
and GP in Cifar10LSTM, were not beaten by BT Tackler. As the
training of LSTM is usually unstable, there is high occasionality
in results. We further present the experiment results over time
in Figure 4. The x-BTTackler methods generally took advantage
after 1h or 2h and kept the advantage for the most time. Even
for the two bad cases in Cifar10LSTM, Random-BT Tackler and GP-
BTTackler performed better from 2h to 5h. Though SMAC exhibited
high stability as it outperformed all the HPO methods, obvious
performance gains were still achieved by the BT Tackler-enhanced
version. The average values of Top10HR are 72.25% for BT Tackler
and 52.08% for ETRs, demonstrating that BT Tackler outperforms
ETRs significantly.

4.3 Efficiency (RQ2)

In view of efficiency, we dive into why BT Tackler can improve the
accuracy of all tasks. For example, we compare Random, Random-
ETR, and Random-BT Tackler to illustrate the efficiency gains brought
by BT Tackler. We recorded the number of finished trials in each
task at 3 points, 1h, 3h, and 6h. As we can see in Table 3, both
Random-BTTackler and Random-ETR ran more trials than Ran-
dom within the same time budget. Compared with Random-ETR,
Random-BTTackler early terminated the bad trials according to
the quality indicators instead of performance on the validation set.
For Cifar10CNN and Cifar10LSTM, BT Tackler ran relatively fewer
trials but gained better results, as Table 2 shows, which means less
mistaking good trials for bad ones. For the harder task, Ex96Trans,
it is difficult for ETR to terminate trials for more promising chances,
whereas BT Tackler still worked well. Taking the results in Figure 4
and Table 3 together, Random-BTTackler transferred more energy
into more promising trials.

BT Tackler’s motivation is to reduce the HPO cost, and Time-
Saving for Baseline Accuracy (TSBA) intuitively reflects that. We
measured TSBA on SMAC-BTTackler in Table 4, which is 40.33%
on average, demonstrating that BT Tackler can achieve the best
accuracy of the baseline method in a smaller time cost. SMAC-ETR
is not shown in Table 4 because it performed worse than SMAC in
most cases. It is noteworthy that BT Tackler brings higher efficiency
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Table 2: The effectiveness of BT Tackler-enhanced HPO methods on three tasks.

Task | Cifar10CNN | Cifar10LSTM | Ex96Trans
Evaluation Metric | Classification Accuracy | Classification Accuracy | MSE
Performance ‘ Topl Topl0 Topl0HR ‘ Topl Top 10 Topl0HR ‘ Topl Topl0 Topl0HR
Random 0.7124  0.6863 - 0.5488 0.5077 - 0.1857 0.1899 -
Random-ETR 0.6635  0.6415 51% 0.5407  0.5210 56% 0.1868 0.1894 62%
Random-BTTackler | 0.8200 0.7980 97% 0.5337  0.5040 35% 0.1857 0.1894 64%
GP 0.7605  0.7294 - 0.5522 0.5268 - 0.1851 0.1899 -
GP-ETR 0.6771  0.6734 32% 0.5163  0.4890 16% 0.1853  0.1894 74%
GP-BTTackler 0.8040 0.7850 86% 0.5357  0.5226 24% 0.1851 0.1841 76%
TPE 0.6818  0.6544 - 0.4989  0.4720 - 0.1854  0.1890 -
TPE-ETR 0.7393  0.7047 60% 0.4921  0.4328 65% 0.1825 0.1890 57%
TPE-BTTackler 0.8108 0.7910 95% 0.5222 0.5039 86% 0.1837 0.1855 77%
SMAC 0.8390  0.8347 - 0.5580  0.5396 - 0.1826  0.1885 -
SMAC-ETR 0.6804 0.6715 17% 0.5500  0.5333 63% 0.1805  0.1852 72%
SMAC-BTTackler 0.8399 0.8367 57% 0.5654 0.5541 94% 0.1802 0.1838 76%
Cifar10CNN Cifarl0LSTM Ex96Trans
0.24 —:= Random
08 S —— Random-BTTackler
1= —- GP
Ié" JER— 023 —_ ?:éBﬂackler
Sony |y e T T T - o \ TPE-BTTackler
> e et —= SMAC
@ - So22 —— SMAC-BTTackler
= Ll
a 0.6 %
2 5011
_5 05 —-= Random 5 033 i —:= Random g
‘é —— Random-BTTackler E i —— Random-BTTackler 020
= —= GP & 0.30 —= GP
0 —— GP-BTTackler 0 —— GP-BTTackler
E 04 TPE E TPE S
S — l;igwadder O 025 - 'Sf:,‘EA-EI:'I'fa(k\er 0.19 e e S
03 —— SMAC-BTTackler —— SMAC-BTTackler

1 2 5 6 1 2

3 4
Time (hour)

(a) Cifar10CNN

(b) Cifar10LSTM

5 6 1 2

3 4 3 4
Time (hour) Time (hour)

(c) Ex96Trans

Figure 4: The effectiveness of BT Tackler-enhanced HPO methods over time.

Table 3: The efficiency of BT Tackler-enhanced HPO methods on three tasks. The numbers in the table represent the total

number of hyperparameter configurations tried in each exp

eriment.

Task | Cifar10CNN | Cifar10LSTM | Ex96Trans

Time Budget | 1h 3h 6h | 1h 3h 6h | 1h 3h 6h
Random | 63 186 367 | 62 180 356 | 61 163 307
Random-ETR 105 323 662 100 321 653 62 177 343
(increase ratio) (66.7%1)  (73.7%1) (80.4%7) | (61.3%1) (78.3%1) (83.4%1) | (1.6%])  (8.6%1)  (11.7%1)
Random-BT Tackler | 110 322 634 101 305 621 97 259 486
(increase ratio) (74.6%1)  (73.1%])  (72.8%7) | (62.9%1) (69.4%1) (74.4%1) | (59.0%7) (58.9%1) (58.3%)

in more complex models, like LSTM and Transformer. As model
complexity increases, more effort is needed to search for good
hyperparameters, and bad trials may emerge more frequently.

We provide evidence of why quality indicators work. A perfor-
mance distribution for both bad trials (alerted by quality indicators)

and good trials (not alerted) in the HPO task of Cifar10CNN is
presented in Figure 5. A remarkable correlation exists between
classification accuracy and quality indicators. When bad trials in-
dicated by quality indicators are largely terminated, a distribution
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Table 4: The time-saving of BT Tackler in achieving best base-
line accuracy on three tasks.

Task Cifar10CNN Cifar10LSTM Ex96Trans
SMAC 4.64h 4.41h 4.51h
SMAC-BT Tackler 3.8%h 2.31h 1.88h
TSBA 16% 47% 58%
Cifar10CNN
100

Il Bad Trials
I Good Trials

Number of Trials

0.09 0.15 0.21 0.27 0.33 0.39 0.45 0.51 0.56 0.62
Classification Accuracy

Figure 5: The performance distribution for both bad trials
and good trials in the HPO task of Cifar10CNN.

transition may happen, increasing the probability of sampling hy-
perparameter configurations with higher accuracy.

The overhead of BT Tackler is also a factor in the efficiency. We
recorded the operations timestamps of the processes in BT Tack-
ler for the three tasks. The resource consumption of some quality
indicators is large, such as the calculation of statistical values for
high-dimensional gradient tensors. According to the timestamp
records, if parallel computing is not used, the indicator calculation
process will consume about 20% more resources. If the main thread
of model training is blocked, the time-saving effect brought by early
stopping will be reduced. We use separate threads and workers to
isolate the model training process, which mainly uses GPU re-
sources, and the calculation process, which mainly consumes CPU
resources in BT Tackler. Finally, the extra time overhead caused by
BTTackler is limited to less than 5% of the training time, which is
negligible compared to the original HPO pipeline.

4.4 Comparison of Quality indicators (RQ3)

In this section, we use the simulator to calibrate quality indicators
and analyze the individual impacts of the selected quality indicators
in BT Tackler. Taking Random-BT Tackler as an example, we repeat-
edly replay all three HPO tasks by each unique quality indicator to
illustrate the different impacts of the quality indicators, as shown
in Table 5. The numbers denote how many bad trials each qual-
ity indicator claims in each task. As the result shows, the quality
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indicators played different roles in the tasks. In Cifar10CNN and
Cifar10LSTM, the most significant quality indicators are ERG, NMG,
and LAR. While in Ex96Trans, the most significant quality indicator
is NMG. Some quality indicators did not show much functionality
in one task but may perform well in others.

Notably, the complexity of HPO tasks leads to a distribution
difference in the effectiveness of quality indicators. The most effec-
tive quality indicators are concentrated on simpler HPO tasks, but
more quality indicators are involved for harder HPO tasks. Com-
bining quality indicators leads to a maximum coverage of training
problems, which should be the most effective strategy. In practice,
the quality indicators can be customized in BT Tackler to adapt to
different tasks.

Table 5: Number of bad trials claimed by the quality indica-
tors of BT Tackler.

Task AGV EAG PLC ERG LAR ULC NMG
Cifar10CNN - - 24 317 62 - 93
Cifar10LSTM 8 20 1 296 105 19 134
Ex96Trans 1 3 - 11 3 6 35

5 CONCLUSION

In this paper, we presented BT Tackler, a novel diagnosis-based HPO
framework designed to identify training problems and terminate
bad trials as soon as possible, thereby improving the efficiency of
automated HPO. We conducted a literature review of detecting DNN
training problems to support the design of the quality indicators
in BT Tackler. BT Tackler traces every HPO trial and terminates it
whenever quality indicators detect an obvious training problem,
saving time and computational resources for further exploration
of the hyperparameter space. Our evaluation demonstrated that
BTTackler outperformed the baselines, significantly improving
efficiency and performance.

BTTackler brings a novel way to improve the HPO pipeline. Our
future work will focus on some significant challenges for diagnosis-
based HPO. The first is the theoretical breakthrough in training
diagnosis, where experimental expertise dominates the research
right now. A promising research method is to analyze the distribu-
tion of weights and gradients during training. This should provide
insights into both training diagnosis and HPO. The second is to
work on quality indicator design methods to achieve greater gains
and higher generalizability, which probably depends on the break-
through of the training diagnosis theory. The third is to find an
approach to control the search space of HPO under a suitable and
efficient scale, which may also benefit from training diagnosis.
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A DETAILS OF LITERATURE REVIEW

This literature review focuses on the process of searching and
screening detection methods for training problems for DNNS, in-
cluding training diagnosis, debugging, and fault localization. The
methodology consists of three main steps: (1) defining the search
keywords and selecting the search engines, (2) collecting results
and conducting Title-Abstract-Keywords (TAK) filtering, and (3)
expanding the reference set using backward and forward snow-
balling.

To initiate the literature search, we utilized two major databases,
i.e., Web of Science and Engineering Village. Then we applied the
following search query to target DNN training problem detection
indicators within the time range from Jan 2018 to June 2023. The
search query was as follows: Title=("Deep learning” OR "Neural Net-
work" OR "Training") AND Title=("Debugging" OR "Diagnosing" OR
"Fault Localization" OR "Problem Detection"). After the initial search,
we got 245 and 189 articles from two databases, respectively. Then,
we applied exclusion criteria to the initial set of articles to reserve
articles related to training problem detection of DNNs. Specifically,
we excluded articles on unrelated topics, including DNN-based
software development tools, DNN-based applications, and post-
training testing of DNNs. Some of the exclusion can be done with
keywords, but more needs to be done manually. We closely ex-
amined the titles and abstracts of these articles to ensure their
relevance to our topic. Subsequently, only six relevant articles were
left for further search, as listed here: AutoTrainer[41], Cockpit[26],
DeepLocalize[36], ConvDiagnosis[31], MODE[22], and Umlaut[28].
To further enrich the literature review, we employed backward and
forward snowballing to explore other articles that referenced or
were cited by the six articles left. Finally, we collected 14 articles to
support our method, as shown in Table 6.

In the proposed framework, selecting appropriate quality indica-
tors is crucial in ensuring the effectiveness and efficiency of achiev-
ing optimal experimental results. From the literature review, the
previous research provided many methods, i.e., quality indicators,
to quantify expertise in detecting training problems, as presented
in Table 6. As presented in Section 2.2, we need to select suitable
quality indicators from the candidates according to the concerns
and the motivation in HPO. The five essential criteria that guide
our selection are as follows:

Non-Coding Error (NC). In HPO cases, codes are fixed ahead
of time, so the concerned training problems originate from bad
hyperparameter configurations instead of coding errors. So, the
quality indicators of static coding errors are not considered. Such
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cases include inappropriate loss functions, missing or repeated
activation functions, improper dropout rates, etc.

Non-Data Error (ND). Similar to the above reason, the quality
indicators of data errors are not in our scope. In the context of HPO
for DNNs, data processing should be fixed among different trials.
That is to say, any flaws in the training data or processing programs
should be addressed before HPO.

Deterministic instead of Descriptive (DD). Some previous
methods work on descriptions and suggestions for the training
problems to construct a human-computer interaction work loop
for developing DNNs. We intend to make HPO more efficient with
quality indicators, which requires the new HPO pipeline to be auto-
mated and unattended. So, we adopt deterministic quality indicators
that can be used directly in programs instead of descriptive ones.
While some descriptive quality indicators can be modified to be
deterministic. We prioritize indicators that are with well-defined
decision boundaries or rules. We carefully and selectively evalu-
ate indicators that involve complex diagnostic processes. Some
methods are filtered out due to their reliance on learning methods
or manual inspection for potential drawbacks, such as increased
computational complexity, uncertainty, and reduced generalization
ability.

Acceptable Overhead (AO). Quality indicators will be frequently
called during the training of a large number of trials in HPO. Thus,
a notable overhead of a quality indicator may severely burden our
proposed HPO pipeline. The overhead includes various factors, such
as computing complexity, memory usage, and IO costs. The quality
indicators used in our framework must work under acceptable
resource constraints.

Acceptable Generalization (AG). We also put the generalization
ability of quality indicators into consideration. The generalization
ability includes compatibilities with mainstream deep learning li-
braries, popular DNN architectures, and commonly seen machine
learning tasks. To achieve acceptable generalization, we had to
calibrate the quality indicators with the help of the simulator. Maxi-
mizing performance on varied HPO tasks is feasible using the same
quality indicators. Therefore, we try to make the quality indica-
tors conservative during training diagnosis, through which the
generalization is maximized instead of the performance.

The above five criteria are used as guidance to pick up and mod-
ify the quality indicators from existing works. The Used column
indicates whether the indicator is selected. T, F, and P denote True,
False, and Partially True. The modification involves integrating sim-
ilar indicators, transforming constants into customizable variables
to improve adaptability, and replacing dependence on accuracy
metrics with loss functions. Besides, all the quality indicators are
parallelized, as presented in Section 3.3.

Introducing some empirical parameters in the definitions of qual-
ity indicators is inevitable because the expertise in detecting train-
ing problems is not static or immutable. To efficiently calibrate qual-
ity indicators in BT Tackler, we propose a simulator-based method
for evaluating them without conducting HPO trials.
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Table 6: Overview of Quality Indicators.

Zhongyi Pei et al.

Reference Indicator Name Input NC ND DD AO AG | Used
VanishingGradient Gradient, Accuracy T T T T P P
. ExplodingGradient Gradient, Accurac T T T T T P
AutoTrainer[41] pringgReLU Gradient, Accuracz T T T T T | T
OscillatingLoss/SlowConvergence Accuracy T T T T P P
Incorrectly scaled data Data T F T F T F
CockPit[26] Vanishing gradients Gradient, Accuracy T T T T P P
Tuning learning rates Gradient, Accuracy F T T T F F
DeepLocalize[36] Error with Activation/Function Code, Model, Feature F T T T F F
Error in Backaward Model, Feature T T T T P P
Model does not Learn Model, Feature T T T T P P
ConvDiagnosis[31] learning problems Model, Weight, Gradient | T T F T P F
MODE[22] Under/Over-fitting Model, Data, Feature T T F P T F
Data Exceeds Limits Data T F P F P F
NaN Loss Loss T T T T T T
Incorrect Image Shape Data T F T P F F
Unexpected Accurac Accurac T T T T P P
Umlaut[28] Missing/g)\/[ultiple Activa};ion Code, Moé,el F T T T P F
Abnormal Learning Rate Code F T T T F F
Possible Overfitting Loss T T T T P P
High Dropout Rate Code F T T T F F
ExplodingTensor Loss, Weight, Gradient T T T T T T
UnchangeWeight Weight T T T F F F
SaturatedActivation Weight, Feature T T T T P P
. . DeadNode Weight, Feature T T T T T T
DeepDiagnosis[35] OutofRange Da%a, Feature F T T P P F
LossNotDecreasing Loss T T T T P P
AccuracyNotIncreasing Accuracy T T T T P P
VanishingGradient Gradient T T T T P P
gap_train_test Accuracy T T T T P P
test_turn_bad Loss T T T T P P
slow_converge Accurac T T T T P P
DeepFD[7] oscillating_log;s Loss, Accuryacy T T T T P P
dying_relu Gradient, Accuracy T T T T P P
gradient_vanish/gradient_explosion Gradient, Accuracy T T T T P P
DeepXplore[23] neuron coverage Gradient T T T T T T
DeepFault[12] Suspicious Neurons Gradient T T F P T F
Untrained Parameters Weight T T F T P F
Poor Weight Initialization Weight T T T T P P
Parameter Value Divergence Weight T T T T P P
Parameter Unstable Weight, Gradient T T T T P P
Activations Out of Range Feature, Gradient T T T T T T
TFCheck(6] Neuron Saturation Feature, Gradient T T T T P P
Dead ReLU Feature, Gradient T T T T P P
Unable to fit Data, Loss, Accuracy T P T P F F
Loss related issues Loss T T T T P P
Unstable Gradients Gradient T T T T P P
Overfitting Accuracy T T T T P P
Scram[27] Improper Data Normalization Data T F F P P F
Unconventional Hyper-parameter Code F T F T F F
DetectingNN [42] numerical bugs Code, Model F T T P P F
ReliabilityNN [21] numerical defects Code, Model F P T P P F

NC, ND, DD, AO, AG denote Non-Coding Error, Non-Data Error, Deterministic, Accepted Overhead, Accepted Generalization. T, F, and P denote True, False, and Partially True.
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