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Abstract: Algorithms are the primary component of Artificial Intelligence (AI). 
The algorithm is the process in AI that imitates the human mind to solve problems. 
Currently evaluating the performance of AI is achieved by evaluating AI algorithms 
by metric scores on data sets. However the evaluation of algorithms in AI is 
challenging because the evaluation of the same type of algorithm has many data 
sets and evaluation metrics. Different algorithms may have individual strengths and 
weaknesses in evaluation metric scores on separate data sets, lacking the credibility 
and validity of the evaluation. Moreover, evaluation of algorithms requires repeated 
experiments on different data sets, reducing the attention of researchers to the 
research of the algorithms itself. Crucially, this approach to evaluating comparative 
metric scores does not take into account the algorithm’s ability to solve problems. 
And the classical algorithm evaluation of time and space complexity is not suitable 
for evaluating AI algorithms. Because classical algorithms input is infinite numbers, 
whereas AI algorithms input is a data set, which is limited and multifarious. 
According to the AI algorithm evaluation without response to the problem solving 
capability, this paper summarizes the features of AI algorithm evaluation and 
proposes an AI evaluation method that incorporates the problem-solving 
capabilities of algorithms. 

 Keywords: AI algorithm evaluation; AI algorithm evaluation method; intelligent 
research; Problem Solving Capabilities 

1. Introduction 

In the last decade, Artificial Intelligence (AI) has developed rapidly and is widely used in the real world to 
enhance the intelligence of various scenarios, such as intelligence education, intelligence robotics, and other fields. 
The increased intelligence of these application scenarios can be seen as an increase in AI’s ability to imitate human 
thinking or even surpass it (Fawzi et al., 2022). In AI, algorithms simulate human thinking, and the evaluation of 
algorithms represents the AI’s ability to solve problems in specific scenarios. The research of AI Algorithm evaluation 
is still in the fresh stage in both academia and industry. Classical algorithm evaluation standards focus on 
mathematical scenario problems, and the evaluation metrics of time or space complexity are applied to scenarios that 
assume the input data are numeric and infinite (Burger et al., 2020). The AI algorithm input is obtained from multiple 
types and limited data sets, so classical algorithm evaluation methods are not suitable for evaluating AI algorithms. 

Currently, researchers have simply compared the scores of metrics on a data set to indicate the strengths and 
weaknesses of an algorithm, and this approach of purely pursuing accuracy metrics makes the evaluation of an 
algorithm in AI without considering the algorithm’s ability to solve problems. In the absence of problem-specific 
data sets, researchers often need to collect a lot of data sets and evaluation metrics from related fields for multiple 
iterations of experiments to verify the effectiveness of algorithms. This makes algorithm evaluation non-standard 
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and lacking in credibility and validity, which also makes researchers spend more time on algorithm testing than 
on algorithm research. Moreover, it relies on the researcher’s personal experience, which makes it hard for first 
time researchers to choose the correct evaluation method (Kotthoff et al., 2012). 

The purpose of this paper is to discover the relationship between problem features and the algorithm evaluation 
approach in AI and to propose a method for merging problem features to evaluate algorithms, replacing the previous 
reliance on experience for algorithm evaluation. The process of method design is shown in the Figure 1. This makes 
it possible to evaluate the problem-solving ability of AI algorithms and improve the validity of the evaluation. 
Also through the modular definition of AI algorithm evaluation, researchers spend less time on algorithm testing 
by avoiding repetitive experiments, thus investing more time in algorithm research. 

The main contributions of this paper are as follows: 
(1) Problems and features of AI algorithm evaluation are identified. 
(2) Evaluation methods that include the capability of algorithms to solve problems are proposed. 

 

Figure 1. Process of establishing an algorithmic evaluation method combined with problem solving capability. 

2. Related Work 

Current evaluations for algorithms in AI compare the scores of metrics on a dataset. The evaluation process 
is to use evaluation methods for algorithmic problems, which means artificially relying on experience to select 
appropriate metrics and data sets, comparing evaluation criteria, which are the metric scores of other algorithms, 
and finally obtaining algorithm performance. This chapter describes the current methods and criteria that are 
frequently useful for the evaluation of AI algorithms. 

2.1. Algorithm Evaluation Criteria 

Many organizations are researching algorithm evaluation criteria. For example, Turing Award winner D 
Patterson established MLPerf (Mattson et al., 2020) jointly with AI leaders from academia, research labs and 
industry, which mainly targets to establish fair and useful AI multi-domain criteria to provide unbiased evaluation 
of training and reasoning performance of hardware, software and services. A related lab was established in China 
as early as 2017 to try to address issues such as the lack of criteria for AI services and product capabilities. Tsinghua 
University, together with the academy of sciences, also pro- posed AIPerf (Ren et al., 2021) to explore intelligent 
tests in 2021. In specific application areas, Lan proposed a modular model building framework to address the lack 
of standard comparative tests for automatic math word problem solving methods (Lan et al., 2022). 

2.2. Algorithm Evaluation Methods 

Classical algorithm evaluation is the commonly used method for evaluating algorithms. Its evaluation metric 
is time complexity or space complexity and the evaluation method relies on complexity theory. The main process 
is to classify computable problems according to the inherent complexity and to relate these categories. Essentially, 
it is the research for whether work can be done with computers (Alzubi et al., 2018). However, it is usually targeted 
at constants with infinite input data, and complexity assessment is not adapted for the case of AI algorithms data 
with limited and many types. Model evaluation methods can classify datasets into different types to select models 
with good generalization ability for machine learning tasks, but only solve one step in the problem solving process 
and do not measure the effectiveness of the solution to a specific problem (Liang et al., 2022). 
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3. Processes and Methods for Evaluating Algorithms in AI Combined with Problem-Solving Capabilities 

According to Mitchell’s definition of machine learning in 1998, machine learning is the research of how to 
use algorithms to improve the performance of the system itself using experience, where experience is data 
(Mitchell, 1997). Also according to the NFL theorem, the different algorithms have the same expectation among 
each other, so the algorithm is only relevant when it solves a problem (Wolpert, 1996). Current evaluation of 
algorithms in AI is to compare the scores of different evaluation metrics on the data set and lacks the evaluation 
of algorithms’ problem solving ability. Therefore, this chapter constructs a method to evaluate algorithms in AI in 
combining problem solving ability. Also, based on TRIZ innovation theory, a process to simplify the assessment 
method is proposed (Altshuller, 1999). 

3.1. Evaluation Structure 

Evaluation Structure contains a series of contents of AI problem solving, through designing a reasonable test 
method, choosing a suitable test tool and the system under test enable the evaluation of a metric for a scenario. 
Therefore there is need to establish a structure for AI algorithm evaluation to describe the components of algorithm 
evaluation. However, the core of the evaluation structure is considered to consist of three parts: data set, workload 
and indicators, which does not describe the relationship between the problem and the algorithm, and does not form 
a complete problem solving process. The features of both the data set and the evaluation metrics depend on the 
problem features. Therefore, this paper considers the evaluation structure as follows Figure 2. The algorithm 
evaluation process has four parts, problem features, algorithms, data sets, and evaluation metrics. 

 

Figure 2. Evaluation Structure. 

3.2. Evaluation Process 

The evaluation metrics and related data sets are so large, it is hard for first-time users to accurately select the 
most relevant evaluation method to the problem, and a large number of experiments can only be repeated to 
validate the algorithm. Therefore, the algorithms to be evaluated can be translated into representative problem 
types, after which suitable data sets and evaluation metrics can be found under the problem types. The evaluation 
process is shown in the Figure 3. 
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Figure 3. Algorithm Evaluation Process Combined With Problem Solving Capabilities. 

It is hard to choose the problem type corresponding to the algorithm directly, so this paper refers to TRIZ 
theory, so that the evaluation module selection can be done at a unified level. The evaluation process is as follows: 
the specific problem and algorithms are transformed into problem and algorithm models defined in advance by the 
human, and then the models for program testing are obtained using the evaluation tools, and finally the general 
solution analogy of the models is transformed into a final realistic evaluation solution with actual condition 
constraints. The simplified evaluation process is as follows Figure 4. 

 

Figure 4. Simplified Evaluation Process. 

3.3. Evaluation Method 

The feature transformation tool is one of the core elements of the evaluation method, which indicates that 
each part of the AI algorithm is in the process of evolution and has a pattern that can be described using uniform 
features for each part. For the AI algorithms and problems to be evaluated, the feature transformation tool will 
evaluate the unified description of each part and then describe each part with unified features. Based on the problem 
and algorithm features, each module suitable for the evaluation method can be selected, thus guiding researchers 
to rapidly construct a suitable algorithm evaluation frame. 

For algorithms, the first step uses the feature transformation tool to represent it as features. The second step 
finds the problem features that solve the algorithm features in the evaluation framework. The third step uses the 
evaluation module selector to select the appropriate evaluation metrics and features of the data set based on the 
problem features to determine the evaluation metrics and data set. For complex problems, multiple evaluation 
metrics are combined and selected to measure the problem. After that the modules are combined to form an 
algorithmic evaluation framework with reasons for selecting each part, which can be modified by the researcher 
to get the final evaluation results. The Figure 5 shows how the evaluation method. 
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Figure 5. Evaluation Method. 

4. Features and Criteria for the Evaluation of Algorithms in AI Combined with Problem-Solving 
Capabilities 

Machine learning can only accept numerical data, and non-numerical feature values are usually converted 
into the data format required by the algorithm through mathematical methods. However, some important 
information may be lost after the features are numerically converted (Agrawal et al., 2021). Therefore, when 
evaluating AI algorithms, it is important to discover the description of AI algorithm features in order to make a 
targeted evaluation. Researchers need to understand the goal of AI algorithm to learn from data and how to achieve 
such a goal through efficient and effective computation. This chapter establishes the AI algorithm evaluation 
feature description. 

4.1. Features of the Individual Evaluation Structure 

The process of algorithm evaluation is about selecting the appropriate evaluation methods and features for 
the algorithm. This chapter summarises the features of each structure of the evaluation method that incorporates 
problem-solving capabilities. 
(1) Problem Features: Currently, AI algorithm evaluation feature are roughly divided into numerical and 

categorical types. However, this division lacks in-depth and uniform evaluation framework for specific 
problem features (Kwiatkowski et al., 2019). This division does not consider that the selection of features is 
not always constant, but needs to change according to the needs of the problem. For example, sometimes the 
problem needs to reduce the complexity of the algorithm and increase the computational efficiency; 
sometimes it needs as many computational factors as possible to increase the accuracy of the algorithm. The 
above method simply selects as much information as possible, but the information selected lacks clear support 
for the impact of the problem. Therefore, in this paper, by observing the differences of collected multi- 
domain AI algorithm evaluation method, the common trend of AI algorithm evaluation method development 
is its larger scale, more application-oriented, and shifting from single task to multi-task and from single 
domain to multi-domain. There are also clear differences, the most significant of which is the division 
between industry and academia.AI algorithm evaluation method in industry tend to be closer to real-world 
tasks, with data often sourced from more characteristic data such as the Web or applications, and more 
consideration given to efficiency and cost metrics (Gao et al., 2018). In contrast, AI algorithm evaluation 
method in academia tend to be more focused on core language tasks, with less characteristic data and more 
consideration of metrics such as validity (Dwivedi et al., 2020). 

(2) Metrics Features: There are various AI algorithm evaluation for the same task, and evaluation metrics are 
usually used as the main feature to distinguish between evaluation (Park et al., 2022). For example, for 
classification tasks, one usually chooses accuracy or F-score, but the type of metric chosen has a different 
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impact on the results. For fine-grained sentiment analysis, confounding positive and very positive impacts is 
different from confounding very positive and very negative. Therefore, it is very important to choose the 
appropriate evaluation metrics. The evaluation metrics of the problem rely on expert knowledge, such as the 
ASR, where the ability to observe transcription errors was substantially improved after adding error rates 
instead of the previous use of accuracy alone as a test criterion (Errattahi et al., 2018). More recently, the 
GEM has even argued that evaluation metrics should be an important component in AI algorithm evaluation. 
As Mark Liberman argued, metrics designed for practical applications are distinct from those designed 
separately for long-term studies (Ruder, 2021). Indicators designed for long-term research only need to be 
able to simply verify the effectiveness of the research content for problem solving. However, evaluation 
metrics designed for applications should take into account a variety of factors such as accuracy or efficiency 
in the real world, and multi- dimensional evaluation metrics are needed for different tasks. However, due to the 
lack of accurate features of the evaluation metrics, researchers are currently strengthening the credibility of the 
algorithm mainly by increasing the number of evaluation metrics and manual evaluation (Dou et al., 2018). 

(3) Datasets Features: Datasets are often generated to solve problems, so the type of dataset depends on the 
problem being divided into academic and industrial. The main purpose of academic datasets is to drive 
advances in frontier areas, for example, the release of SQuAD has greatly driven the research boom in Natural 
Language Processing (NLP). The current state of research in academia is mostly dataset driven, when the 
existing dataset cannot cover the domain pain points, or cannot fulfill the potential of mathematical tools, a 
new dataset is needed to cover the still missing part of the domain (Raji et al., 2021). Industrial datasets are 
mainly generated in real-world application scenarios where people use them to optimize business metrics or 
to solve problems that exist in the projects and do not involve the exploration of new problems. Generally, a 
rule-driven system already exists for industrial datasets before they are created, and researchers analyze the 
system to get the hard problem and solve it using algorithms. However, datasets are generated based on 
problems and therefore are all aimed at solving specific problems, and the trend of the dataset indicates the 
trend of the problem. When the existing datasets are not sufficient to cover the problem pain points or to meet 
the potential of mathematical tools, or the last problem has been solved, a new dataset is generated. The 
following Table 1 shows the features and links of each part of evaluation structure. 

Table 1. Evaluation Features Relationship of Each Structure. 

Evaluation Features Industry Academic 
Core Tasks Application Theoretical Viability 

Metrics Features Accuracy, Efficiency Effectiveness 
Datasets Features Optimization of Metrics Cover New Problems 

4.2. Evaluation Criteria 

The other important aspect of valid evaluation of AI algorithms is the selection of appropriate evaluation 
criteria. Currently algorithms evaluate by comparing scores for different metrics on the same dataset, or scores for 
the same metric on different dataset. To solve a new problem researchers have to adapt an existing dataset or create 
a new dataset. For example, for relationship classification, the FewRel dataset lacks some important realistic 
attributes, which are solved by Few-shot TACRED. Binary sentiment classification on the IMDb dataset, considering 
only highly polarized positive and negative comments makes the labels completely balanced (Sabo et al., 2021). 
Therefore researchers should have a clear understanding of the performance reflected by each part of the AI 
algorithm evaluation and how it corresponds to the actual problem, hence the need for a complete AI algorithm 
evaluation criteria. For example, the most critical issues in dataset construction are the data, the choice of label 
sources and the degree of preprocessing. In addition, the construction of iterative closed- loop and the processing 
of complex tasks also have an impact on the efficiency and quality of problem solving. 
(1) Dataset Evaluation Criteria: The current selection of datasets relies on personal experience and lacks 

scientific theoretical guidance. For example, people usually select the dataset that is widely used in the 
domain or that covers the broadest range of tasks. When there is a lack of dataset in the domain, researchers 
often select the closest dataset to the problem scenario based on personal experience. As dataset construction 
is very time-consuming and labor-intensive, this paper summarizes the critical criteria of dataset construction 
to help in constructing dataset. For example, the quality of a single dataset mainly comes from the collection 
of the data sources, annotation and the degree of relevance to the problem. This paper summarizes each factor 
its advantages and disadvantages. For example, the common collection method in dataset construction is 
generally manual construction and annotation, but there is a lot of useless data on the internet, so people often 
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obtain new dataset by transforming public datasets. Early Socher transformed the sentiment classification 
dataset MR (Pang & Lee, 2005) with 10,000 samples into a 200,000+ sample size, multi-granularity SST 
(Socher et al., 2013) using the method of decom- posing sentences and then re-annotating them. The criteria 
of algorithm evaluation impact factors is shown in Figure 6. 

 

Figure 6. Dataset Evaluation Criteria Factors. 

(2) Evaluation Metrics Criteria: Existing evaluation metrics are an improvement on the past and only serve to 
measure end-to-end tasks. When it comes to evaluating multi-step complex cognitive problems, evaluation 
metrics are often not measurable. So there is a need to design evaluation metrics that can evaluate multi-step 
problems. And the State-action method proposed by Yu can try to solve the problem of combining from 
single-step evaluation metrics into multi- step evaluation metrics (Xia & Yu, 2021). In this paper, by 
summarizing evaluation metrics for specific domains, it is found that there are potential transitions between 
evaluation metrics for similar tasks, and therefore state transfer diagrams between evaluation metrics can be 
established to evaluate how well the evaluation metrics match for different problems. In this paper, the main 
transition between evaluation algorithm criteria is found to be dependent on the change in the combination 
of evaluation metrics as shown in Figure 7. 

 

Figure 7. Evaluation Metrics Criteria State Transition. 

4.3. Algorithm Evaluation Toolkit 

From the historical development of algorithm evaluations and summarizing evaluation patterns and 
characteristics, a modular algorithm evaluation toolkit is proposed, aiming to more systematically understand and 
evaluate AI algorithms (Zhao, 2024; Wang et al., 2023). This toolkit distinctly segregates “Internal Model” and 
“External Model” main evaluation categories. In the “Internal Model” domain, the focus is on the model evaluation 
types, vector properties, optimization functions and their characteristics, and parameter attributes. Conversely, 
“External Model” encompasses evaluation metrics, procedures, methodologies, and the datasets employed. The 
toolkit is shown below Figure 8. 
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Figure 8. Algorithm Evaluation Toolkit. 

5. Conclusions and Future 

In this paper, a new method is proposed to solve the problem that algorithms in AI are currently evaluated 
without incorporating problem-solving capabilities, and the features and evaluation criteria of each structure of the 
new method are proposed and analyzed. This method makes the evaluation of algorithms in AI more accurate and 
clear, solves the algorithm evaluation problem of irrelevant, invalid and repetitive activities, and guides researchers 
to select evaluation components in a structured way. In the future, by establishing evaluation features and criteria 
in more areas and finding automatic evaluation methods, the evaluation process will be truly intelligent and 
effective, enabling researchers to devote more energy to the development of AI algorithms. 
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