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ARTICLE INFO ABSTRACT
Keywords: Context: Programs with non-termination behavior induce various bugs, such as denial-of-service
Code representation learning vulnerability and memory exhaustion. Hence the ability to detect non-termination programs

Graph neural networks
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Termination analysis

before software deployment is crucial. Existing detection methods are either execution-based or
deep learning-based. Despite great advances, their limitations are evident. The former requires
complex sandbox environments for execution, while the latter lacks fine-grained analysis.
Objective: To overcome the above limitations, this paper proposes a graph-enhanced contrastive
approach, namely TerGEC, which combines both inter-class and intra-class semantics to carry out
a more fine-grained analysis and exempt execution during the detection process.

Methods: In detail, TerGEC analyzes behaviors of programs from Abstract Syntax Trees (ASTs),
thereby capturing intra-class semantics both syntactically and lexically. Besides, it incorporates
contrastive learning to learn the discrepancy between program behaviors of termination and non-
termination, thereby acquiring inter-class semantics. In addition, graph augmentation is designed
to improve the robustness. Weighted contrastive loss and focal loss are also equipped in TerGEC
to alleviate the classes-imbalance problem during the non-termination detection. Consequently,
the whole detection process can be handled more fine-grained, and the execution can also be
exempted due to the nature of deep learning.

Results: We evaluate TerGEC on five datasets of both Python and C languages. Extensive
experiments demonstrate TerGEC achieves the best performance overall. Among all experimented
datasets, TerGEC outperforms state-of-the-art baselines by 8.20% in terms of mAP and by 17.07%
in terms of AUC on average.

Conclusion: TerGEC is capable of detecting non-terminating programs with high precision,
showing that the combination of inter-class and intra-class learning, along with our proposed
classes-imbalance solutions, is significantly effective in practice.

1. Introduction

Termination analysis aims to discover non-terminating programs that are induced by improper code structures or faulty state-
ments. These programs may execute infinitely and incur various bugs, such as denial-of-service vulnerability and memory exhaustion.
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Therefore, many researchers have devoted themselves to this field. Fig. 2 illustrates an example of the non-termination issue. It can
be observed that if the initial value of a and b is not equivalent, then the program will not terminate and execute infinitely.

Traditional methods of termination analysis employ formal symbolic reasoning. For example, some studies developed various
methods to prove the existence of ranking functions, thereby identifying terminating programs [7-9,28,46,49]. However, since
these methods cannot discover non-terminating programs, their detection results always contain lots of false positives. Accordingly,
subsequent studies proposed to adopt the recurrence sets to prove the existence of non-terminating programs [13,18,23,40]. Whereas
recurrence sets usually need to be singletons, making it difficult to find a recurrence set for a program. Moreover, all of them can not
conduct their detection without program execution. Hence, the detection process can be very time-consuming, and the configuration
of the sandbox environments for execution is also cumbersome.

In recent years, machine learning-based methods gradually emerged [26,48,54], where they adopt support vector machine and
neural networks to simulate ranking functions and recurrence sets during the termination detection, thus they still can not exempt
the execution. Different from the above methods, Alon et al. [5] adopted Graph Neural Network (GNN) to directly analyze program
semantics on their Abstract Syntax Trees (ASTs). Hence, they can detect non-terminating programs effectively without program
execution. Although this approach overcame deficiencies of previous studies, their methodologies are coarse-grained. On the one
hand, their modeling process is one-sided. Because they only consider intra-class semantics without learning inter-class semantics
when termination detection, the discrepancy between terminating and non-terminating programs will be ignored. On the other hand,
their approach also neglects the class-imbalance problem. As a kind of program defect, programs tend to have more terminating
instances than non-terminating ones [20] in practice.

To address the aforementioned problems, we propose a graph-enhanced contrastive approach for program termination analysis
(TerGEC) in this paper. First of all, TerGEC analyzes program semantics via ASTs, thereby ensuring the comprehension of code both
syntactically and lexically. Besides, both intra-class and inter-class learning are considered in TerGEC, which is our main innovation
and makes the analysis to be more fine-grained. Moreover, we also proposed a series of solutions in TerGEC to overcome the class-
imbalance problem.

In detail, TerGEC first transforms programs into their corresponding ASTs. Subsequently, we propose two graph augmentation
methods, namely feature masking and feature projection, which can increase the diversity of training samples, improve the robustness
of TerGEC, and is the prerequisite for the following inter-class learning. Afterwards, both the original ASTs and the augmented ASTs
are encoded by GNNs, where three GNN models are experimented in this paper, including GCN [39], GAT [50], and GIN [53].
Towards the intra-class semantics, we follow the processes that Alon et al. [5] used and introduce focal loss during the training.
As for inter-class semantics, TerGEC utilizes contrastive learning to learn the discrepancy between terminating and non-terminating
programs. Finally, we bridge the learning of both intra-class and inter-class perspectives by a hyperparameter and formulate the
final optimization target. Thereby a more comprehensive analysis can be accomplished. In addition, during inter-class and intra-class
learning, weighted contrastive loss and focal loss are also equipped in TerGEC to alleviate the classes-imbalance problem.

In experiments, we construct four custom datasets with a total of 20k Python programs for termination analysis, which contain
much more samples than the previous dataset and reflect the classes-imbalance problem that the previous dataset overlooked. To
assess the generalization ability of TerGEC, we also use an existing dataset TPDB [27] with 206 C programs for extra experiments.
Subsequently, we compare TerGEC with six state-of-the-art baselines on the aforementioned five datasets. Experimental results show
that TerGEC outperforms baselines by 4.59% - 15.56% in terms of mAP on dataset 125M_HumanEval. And similarly, the increments
of mAp can up to 2.56% - 17.79% on dataset 125M_MBPP, 0.18% - 11.38% on dataset 1_3B_HumanEval, 1.00% - 10.60% on dataset
1_3B_MBPP, and 3.17% - 15.18% on dataset TPDB. As for the AUC metric, TerGEC achieves the best on datasets 125M_MBPP,
1_3B_MBPP, and TPDB, where the improvements are 5.10% - 27.55%, 1.25% - 42.38%, and 2.69% - 34.87% respectively, although it
underperforms a little on the other two datasets. Besides, we design a series of ablation experiments to analyze the effectiveness of the
graph augmentation module and the balance factors used in the weighted contrastive loss and the overall loss. Extensive experiments
demonstrate the graph-enhanced contrastive approach that combines intra-class and inter-class learning, together with our proposed
classes-imbalance solutions, can significantly improve the performance of non-terminating program detection in practice.

The main contributions of this paper can be summarized as follows:

1. We propose a graph-enhanced contrastive approach that simultaneously captures the intra-class and inter-class semantics of
programs, making the termination analysis to be more fine-grained.

2. We propose two graph augmentation strategies to supplement samples and increase its diversity, and introduce weighted con-
trastive loss and focal loss to alleviate the classes-imbalance problem.

3. We construct four custom termination detection datasets with totally 20K samples. At the time of writing, it is the first large-scale
dataset for termination analysis. We also open source our replication package,' including the custom datasets and the source
code of TerGEC.

4. We carry out extensive experiments to evaluate the performance of TerGEC on both Python and C language programs. The
experimental results demonstrate the effectiveness and generalization ability of TerGEC.

The remainder of this paper is organized as follows. Section 2 presents the related work of termination analysis, GNN and graph
contrastive learning. Section 3 indicates some background knowledge. Section 4 and section 5 elaborate on the proposed approach
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and data preparation. Section 6 discusses the evaluation results and corresponding analyses. Section 7 demonstrates the threats to
validity. In the end, Section 8 concludes the overall work.

2. Background and related work

2.1. Termination analysis

Termination is associated with the liveness and safety properties of programs, which means termination is crucial to state the
correctness of programs [4]. Proving termination is vital for specific domains like term rewrite systems [57] and GPU programming
[361, and therefore research about it emerged constantly. To prove termination, many existing methods intend to search for ranking
functions, which map program states to certain values [26]. In addition, these functions are monotonic decreasing after every
loop iteration, and are lower bounded. Due to the existence of a ranking function is equivalent to the termination behavior of
given programs, various approaches to synthesize ranking functions are proposed, such as linear [7,46], lexicographic linear [9,28],
multiphase [8], and piecewise [49]. However, these ranking function-based methods mostly are incomplete. The denial of proving
termination does not imply non-termination, and the program still may or may not terminate.

Correspondingly, proving non-termination is also a challenging task. The general approach is based on recurrence set [30],
which is a set of non-terminal program states in which the program can stay indefinitely [12]. Chen et al. [13] further proposed a
concept, i.e., closed recurrence set, simplified the non-termination proving problem, and solved it with safety provers. Cook et al.
[18] introduced live abstractions to soundly disprove termination. Frohn et al. [23] designed a loop acceleration technique, which
can generate a non-termination criterion to promote the proving process. Le et al. [40] utilized dynamic invariant inference to learn
recurrent sets.

In recent years, some approaches combined with machine learning and deep learning become popular. Unlike previous methods
that need to predefine a linear or polynomial ranking function template first, Tan et al. [48] proposed to learn ranking functions via
deep neural network (DNN). A similar thought was implemented by Giacobbe et al. [26], and they developed their prototype tools
for proving termination. Xu et al. [54] presented a series of data-driven techniques to infer the upper bound of loop iterations. Alon
et al. [5] took the priority of GNN in representation learning, and designed a classifier for program termination detection. Based on
their contributions, more potential of deep learning methods can be explored.

Our proposed method, as a deep learning-based termination analysis tool, can be used in scenarios in the areas of software devel-
opment, use, and maintenance. The main application is to predict defective programs that can not be terminated. It is particularly
crucial for software testing, as the bugs caused by non-terminating programs will lead to undesirable outputs, infinite executions,
and even crashes. Our proposed method can enhance the quality of software testing and reduce the risk from the non-termination
vulnerability.

2.2. GNN and graph contrastive learning

Inspired by the outstanding performance brought by DNN, GNN is presented to deal with graph-structured data and becomes a
prosperous research domain [29]. Kipf et al. [39] extended the spectral convolution operation and proposed graph convolutional
network (GCN). Velickovic et al. [50] designed graph attention network (GAT), introducing masked self-attentional layers to conduct
the model to focus on the most relevant parts. Xu et al. [53] emphasized capturing the difference between graph structures, and
developed graph isomorphism network (GIN). There are also diverse variants that have their own advantages for different graph
types, like EdgeConv [52] for point clouds, GraphSAGE [31] for large graphs. These models can be used as encoders to transform
graph-structured data into vectors.

Based on graph neural networks, researchers proposed graph contrastive learning to improve the performance of graph tasks.
Graph contrastive learning is an approach that aims to utilize those label-invariant properties to gather samples with the same label
and separate samples with different labels. The properties are usually learned from the original data and the augmented auxiliary
data. You et al. [62] proposed four data augmentation methods from the perspectives of node, edge, attribute, and subgraph. Zhang
et al. [65] presented three feature augmentation methods that directly perturb hidden feature matrices. Zhu et al. [67] demonstrated
that augmentation methods should adjust by input graphs. Different from the above self-supervised contrastive approach, Khosla et
al. [37] and Zhang et al. [64] extended it to a supervised setting and applied it in image classification.

As for the field of program analysis, to represent programs as graphs, there are various representation methods [2,51,63]. These
methods can be applied to downstream tasks like type inference [1], bug detection [3], code summarization [21,59], etc. The
significant improvement obtained by these GNN-based methods shows the superiority of graphs in analyzing programs.

3. Preliminary

To formally illustrate our graph-enhanced contrastive approach, we first present some background knowledge in this section. It
contains the notations of graphs and the calculation of some GNN layers that are used in TerGEC.
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3.1. Notations

In this paper, we denote a graph as G = (V,£,X), where V is the set of vertices and £ CV XV is the set of edges. N =|V] is
the number of vertices. The graph structural and attributive features are represented as an adjacency matrix A € {0,1}V*" and a
feature matrix X € RNXF, where 4; j=liffe; ; € €. F is the dimension of attribute vector, and x; € RF is the feature of v;.

3.2. GNN layers

Graph Convolutional Network (GCN), which is one of the most representative methods of GNN. Set H ! is the feature matrix in
the ["" layer, that is H? = X for original graphs and H® = X for augmented graphs, the layer-wise propagation rule is:

~_ 1 o1

H"' = (D7 2AD 2 H'W') &)
Here, A= A + Iy is the adjacency matrix A with the addition of the identity matrix I. This is actually adding self-connections on
graphs to consider the influence from nodes themselves. D is the degree matrix of A, which is a diagonal matrix and D,, = Y j A, -

Adding the degree matrix D can normalize A that can avoid neglecting the information from those nodes with few degrees. W' is a
layer-specific trainable weight matrix. ¢(-) is an activation function, such as ELU [17], ReLU [45], PReLU [32].

Graph Attention Network (GAT), which implements the self-attention mechanism in the graph domain, emphasizing concen-
trating on the most relevant parts. In calculation, the preference is realized by attention coefficients, which is defined as:

ey =a([winswin]) @

Where ¢;; is the attention coefficient between node i and node j, indicating the importance of node j’s feature to node i. hﬁ is
the input feature vector of node i in the /'" layer, and is also the i"” row of feature matrix H'. hi. has a similar meaning. W' is a
trainable weight matrix for Ith layer. [-;-] denotes the concatenation operator. The function a(-) maps the concatenation matrix to a
real number. In the implementation, a(-) is a single-layer feedforward neural network, which is parameterized by a weight vector a,
and followed by an activation function LeakyReLU [44] to provide nonlinearity. Thus attention coefficients e;; can be represented
as:

e, =LeakyReLU (a" ([W'ni;w'n] ) @)

Following the graph topology, only adjacency nodes are computed in the attention coefficient. It is necessary to normalize the

coefficients so that makes them easily comparable. After normalization, the coefficients are expressed as:
exp (e;;
a;; = softmax (e,»j> = # 4
ke, exp (e

Where W is the neighborhood of node i.

To calculate the output feature vector of node i in the /" layer, namely izﬁ, multi-head attention is applied that can concatenate
attention coefficients from diverse representation spaces. Formally, with K independent attention mechanisms, ;lll. is defined as:

it = Concatl_, (o ( Zjew, ok W' H} ) 5)

Here, o(-) is an activation function. W' is the corresponding weight matrix W' in the k™ attention mechanism.
Graph Isomorphism Network (GIN), which achieves maximum discriminative power for graph topology. It redesigns the aggre-
gation process and combination process, and updates node representations by:

hf:MLp’((1+e').h§-l+Zjth§-1) 6)

Here, h,]' denotes the feature of node i in the /" layer. MLP' is one multi-layer perceptron that is used in the /" layer, to transform
features to the output dimension. €’ can be a trainable parameter or a fixed scalar, which can introduce a tiny difference in different
GIN layers.

4. Research methods

Fig. 1 demonstrates the overall framework of TerGEC, which contains four components, i.e., graph augmentation, graph encoder,
intra-class learning, and inter-class learning. Programs are first transformed into graphs, and then graphs are fed into the graph
augmentation module. Graph augmentation is used to generate different views for input graphs, which is the foundation for the fol-
lowing inter-class learning and improves the robustness of the overall framework. Graph Encoder maps input graphs and augmented
graphs to a feature space. Subsequently, a weighted contrastive loss and a focal loss are introduced in TerGEC to guide intra-class
learning and inter-class learning, respectively. The above pipeline consequently forms our enhanced contrastive strategy.



S. Liu, J.W. Keung, Z. Yang et al. Science of Computer Programming 237 (2024) 103141

—————— —_—_——— e — — —_——————e e — —

I | | |
I . . . | | | Multi-layer GNN | Intra-class Loss :
| | | Augmentation | —— i | |
AN
| : | : A \ / b | |
: Termination : | N | / ! /’ ] l
| Program | Transformation | | L L : :
I o e ' | |
| | | | L | Inter-class I
| | | AN y | Vv | Loss I
| | | [N Augmentation N | ector | |
| Non-Termination : | : | |
: Program | : | Projection Layer : |
|
i | - | L ————————— -

Fig. 1. The overall framework of TerGEC.

4.1. Graph augmentation

As for input programs, we first transform them into graph representations. The conversion process is a part of data preprocessing
and is elaborated in section 5. Subsequently, samples are fed into the graph augmentation module. The objective of the augmentation
module is to improve the sufficiency and diversity of samples [58], and is also the prerequisite for the following inter-class learning.
In addition, augmentation has been shown to be effective in preventing deep networks from over-fitting and improving robustness
[25,56,66]. To create rational data, graph augmentation usually follows certain methods to add perturbation on nodes, edges, or
attributes.

In TerGEC, for input AST graphs, the structural information of programs is represented via the graph topology. To keep the
topology and make ASTs meaningful, we propose two methods operating on attributive features (i.e., node representations) to
augment graphs, i.e., feature masking and feature projection. It is flexible to use either of them in our framework.

Feature masking, which uses a randomly generated masking template to substitute a fraction of dimensions with zeros in
attributive features. The masking template M € {0,1}F, where 0 € {0}V*! and 1 € {1}V*!. The distribution for each column vector
in M is a Bernoulli distribution, namely the column vector is 0 with probability p,,, and is 1 with probability 1 — p,,. Therefore, the
augmented feature matrix X is defined as:

X = MoX e RN*F )

Where o denotes the Hadamard product.

Feature projection, which aims to project the input attributive features to an approximate feature matrix. It has been proved
that can facilitate learning mixtures of Gaussians [19]. Let P € RN¥*N be the projection matrix, whose element p; ; is randomly
sampled and has a standard normal distribution, namely p;; ~ N(0,1). By multiplying P and X, the augmentation of feature matrix
is computed by:

X =PX e RV¥F (€))

After graph augmentation, there are batches of augmented graphs that have the same topology as input graphs, and only attribu-
tive features are transformed. They all are sent to the same graph encoder for the following processes.

4.2. Graph encoder

Graph encoder targets extracting graph-level representations, consisting of an embedding layer and a multi-layer GNN. The
embedding layer converts features to an embedding space, where the dimension of features is F,, and F, <« F. By embedding, sparse
vectors are converted to dense vectors, which preserve the semantic information and reduce the dimensionality. It also decreases the
number of parameters that can accelerate the calculation of TerGEC.

The multi-layer GNN is the backbone of encoding. Each GNN layer updates nodes’ representations by aggregating the information
from neighbors of nodes. It can be represented formally as:

a* = AGGREGATE ({hj—l LJEN, } ) ©)
h¥ = COMBINE® (h*~',a) (10)

Here, af.‘ denotes the aggregation representation from the neighbors of node i in the k' layer. hf‘ is the updated representation of
node i in the k" layer.

The number of layers indicates how many hops the aggregation can be executed. With the hop increasing, the central node can
interact information with nodes from a wider scope. Fig. 2 shows the interaction scope of the root node with 1 hop and 2 hops
respectively. Referring to the models utilized broadly in the graph classification tasks, we propose three models that can be used in
the multi-layer GNN, i.e., GCN [39], GAT [50], GIN [53]. They use differentiated methods to implement the AGGREGATEX (-) and
COMBINE (-) functions. The details of corresponding calculations are demonstrated in section 3.2.
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| expression_statement] while_statement | return_statement |
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1 def generate_integers(a, b):

2 x=0 -
a while a != b: I augmented_assngnmentl
1 X += 1
return x . =
AST Transformation

Fig. 2. An example of AST for Python.

After multi-layer GNN, nodes’ feature vectors are updated. As for ASTs, it means the syntactical and lexical information has been
captured by the graph encoder. Moreover, to predict whether a program is terminated or not, we adopt a READOUT (-) function to
aggregate nodes’ feature vectors from each graph in the final GNN layer. It can be denoted as:

h =READOUT ({h¥|i € G}) (11)

Where hg; is the aggregated feature vector. Some usual methods for the READOUT (-) function are sum, mean, and max aggregators.
In this paper, we use the mean aggregators to avoid influences from the number of nodes.

4.3. Intra-class learning

In the intra-class learning module, we concentrate on original graphs G and their representations U that are extracted from the
graph encoder. Therefore, we optimize TerGEC directly based on their respective labels. Similarly, an MLP as the projection layer
0* (+) is used for U firstly. To deal with the imbalance problem, instead of traditional cross-entropy loss, we use focal loss [42] to
optimize TerGEC during intra-class learning. Focal loss can be formally defined below:

Lintra:FL (pr) =_ar(1_pt)y10g (pt) (12)

Here, p, is the estimated probability of each class. If we use y € {0, 1} indicates labels, p, = p if y=1, and p, = 1 — p otherwise. @, has
an analogous definition, which is a weighting factor. ( 1- p,)y is a modulating factor, where y is a focusing parameter. It is observed
that focal loss is an extension of cross-entropy loss, which emphasizes adding weights for samples that are in the minority class and
reducing the loss contribution from easy samples.

4.4. Inter-class learning

Apart from learning from intra-classes, acquiring the discrepancies between programs of terminating and non-terminating from
inter-classes is also crucial and conducive for termination detection. From the perspective of feature space, samples of different
classes should be separated as much as possible, while samples of the same class should be as similar as possible, which can be seen
as inter-class information. In TerGEC, following this motivation, we propose the inter-class learning module.

For a batch of graphs G and their augmentations G, their graph representations U € RS*P and U € RS*P are obtained after graph
encoder, where S is the batch size and D is the dimension of graph feature vectors. Before calculating the difference, a nonlinear
projection layer 6 (-) is added to transform graph representations to another hidden space that is used to compute the inter-class
loss. It has been proved that a nonlinear projection can help improve the representation quality [15]. In the implementation, the
projection layer is an MLP with a nonlinear activation function.

After projection, U and U are transformed to U’ and U’. We concatenate the two graph feature matrices and get U= [U no’ ],
computing inter-class loss based on U. We set labels of augmented graphs as same as the corresponding original graphs. Thus in
comparison to U’, U contains more samples, whose quantity is 2.5, and introduces augmented positive samples that maintain the
graph topology feature. In U, each sample has its label, namely termination or non-termination, and samples can be separated
according to their labels. What we target at is to enforce the classifier to maximize the difference between samples of different
classes. For each pair of samples in U, i.e., #; and ;, we utilize a normalized temperature-scaled cross-entropy loss function to

6
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capture their similarity, which is denoted as L;L - The difference is implicitly expressed in the other pairs of samples, i.e., #; and
i, where i # k. Only pairs of samples that have the same label are accumulated for the inter-class loss L;,,,,,., which can be seen as

a weighted contrastive loss. It can be formally represented as:

exp (¢ (#,1) /7)

LY =_log 13)
1f A A
" 217:1 1;cexp (o (;.0,) /7)
N
— ] ij
Lijter = 21 ﬁ Z] 11‘#/ IY,:Y/ Limer 14
i= i j=

Where ¢ (ﬁ,-,ﬁ j) =4;-4;/114; |11l is the cosine similarity function. 7 is a temperature parameter. y; is the label of sample 4;, and N »
is the number of samples whose labels are as same as y; in the batch. 1,,; € {0,1} and lyl =y, € {0,1} are two indication functions.
They equal to 1 iff i # j and y; = y; respectively. a is a weighted coefficient we set to alleviate the imbalance between termination
samples and non-termination samples. According to their proportion in the batch, a higher « is assigned to samples that are in the
minority class, namely non-termination. With the decreasing of L;,,,,, samples of the same class are gathered and samples of different
classes are separated, which brings a brand-new optimization objective for high-quality termination analysis.

Finally, to combine the intra-class and inter-class semantic information together, we use a hyperparameter A to balance their
weights. Therefore, the overall loss is defined as:

L= /ILinter +1-4 Linlra (15)
Different from the training stage where the loss is produced by a weighted sum of intra-class and inter-class modules, during the
inference stage, given a piece of code snippet, the predictive results of termination or not are produced by the intra-class learning

module of TerGEC only.
In summary, the graph-enhanced contrastive approach is manifested in Algorithm 1.

Algorithm 1 Graph Enhanced Contrastive Approach.

Input: Batches of graphs G, which are transformed from programs, with their corresponding labels y that indicate termination or non-termination.
Output: Prediction results y’.

1: for epoch = 1,2, ... do

2:  Generate the augmented graphs G = (¥, £,X).
Obtain graph representations U and U of input graphs G and augmented graphs G after the graph encoder.
Project U that is obtained in step 3 by 6* (-).
Calculate the intra-class loss L;,,,.

Project U and U by 6 (-) to obtain U’ and U’.

U= [U’ .0’ ]

Calculate the inter-class loss L;,,,.
9:  Combine the two optimization objectives and calculate L.
10:  Update parameters by gradient descent.
11: end for

12: Predict labels using the trained model.

13: return )

PN I AW

5. Data preparation

Existing termination detection datasets face some common problems. On the one hand, the numbers of data samples are relatively
limited, usually several hundred or so, and some labels are missing. On the other hand, the proportion of termination samples and
non-termination samples in these datasets is approximately balanced, which violates the practical situation that only a minority of
programs are non-terminal. To address these limitations, we construct four custom datasets for termination detection.

5.1. Preprocessing

The raw datasets are derived from Large language models (LLMs)-generated programs. To be specific, it is based on two widely
utilized code generation datasets, i.e., HumanEval [14] and MBPP [6]. The two datasets are widely acknowledged in the field of code
generation, and they are equipped with test cases, which can be used to judge whether each program can terminate. To construct our
datasets, we adopt the code generation results of both GPT-Neo 125M and GPT-Neo 1.3B [35], producing four distinct raw datasets,
namely 125M_HumanEval, 125M_MBPP, 1_3B_HumanEval, and 1_3B_MBPP, respectively. GPT-Neo is an open-sourced model and is
pre-trained on Pile dataset [24]. It has two versions whose parameters are 125M and 1.3B. We chose GPT-Neo because there are
existing results on HumanEval and MBPP, which has been published by [35]. Thus, it is convenient to construct the raw datasets. In
addition, two code-generation models are involved which can guarantee the diversity of our four constructed datasets.

The raw constructed datasets include plentiful programs. HumanEval is a set of 164 hand-written programming problems, and
MBPP contains 500 test problems. For each problem, there are about 100 generated programs. The raw number of each dataset is
shown in Table 1. However, as are automatically generated, many of them may have grammatical errors. Therefore, we filter them
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Table 1

Statistics for datasets.
Datasets Raw Programs Graphs Features Nodes Edges Termination Non-Termination

(Negative) (Positive)

125M_HumanEval 16400 3338 850 ~70.1 ~69.1 3250 88
125M_MBPP 47964 1336 921 ~65.1 ~64.1 1308 28
1_3B_HumanEval 15744 4562 886 ~62.5 ~61.5 4485 77
1_3B_MBPP 47978 10995 1695 ~50.6 ~49.6 10856 139
TPDB 206 206 220 ~126.3 ~125.3 158 48

and subsequently label the raw datasets with termination or not. Specifically, we use the test cases given by HumanEval and MBPP
to evaluate each generated code. Programs without loops are first filtered out because a loop is a prerequisite for non-termination.
When executing a program with equipped test cases, if it exceeds a predefined time limit, which is set as 10 s in this work, it means
the program is a “non-termination”. For the remaining programs, if they can pass all test cases, they will be annotated as “passed”.
Or if they raise some error, they will be labeled as “failed”. There are many reasons that may cause a program failure. If the raised
error is a logic error, which means the program can not pass all the test cases, but the program can still execute and terminate.
To supplement our datasets, among all programs with logic errors, we pick up those containing loop iterations, and combine them
with “passed” programs to constitute “termination”. Subsequently, programs labeled with termination and non-termination will be
transformed into graph representations.

5.2. Data transformation

To represent programs both syntactically and lexically, we transform them into AST graphs. AST is a homogeneous and undirected
graph presenting program syntax via its hierarchy and non-leaf nodes while conserving the program lexical via leaf nodes, which
is widely applied in compilers for static analysis. In this paper, those programs that have been preprocessed are converted to
corresponding ASTs by an open-sourced parser generator tool, tree-sitter [11]. Fig. 2 illustrates an example in 125M_HumanEval
dataset. The values of leaf nodes in AST are shown in italics, such as “def” and “generate_integers”. Non-leaf nodes express different
types in syntax, such as “module” and “parameters”, and they are organized hierarchically. Therefore, the content and structure of
the original program can be fully represented in AST.

As for the initialization of attributive features, we maintain a dictionary for each dataset. The dictionary contains all types of
non-leaf nodes and all values of leaf nodes that appear in the same dataset, and it maps each node to a one-hot vector. It is noted that
we do not embed original node features in data preparation, but combine the embedding process with our methods. Table 1 manifests
the statistics of our four custom datasets, including the number of graphs, the dimension of features, the average number of nodes
and edges, as well as the number of different classes. As shown in the table, the positive samples merely take a small proportion.

6. Evaluation

To investigate the performance of TerGEC, we conduct plentiful experiments, including comparing with multiple state-of-the-
art baselines and analyzing the improvement contributed by the components of TerGEC. Specifically, our evaluations follow four
research questions below:

RQ1. Quantitative Evaluation. How does TerGec perform compared with the state-of-the-art baselines?

RQ2. Role of Graph Augmentation. Can our proposed augmentation strategies improve the performance in termination analysis?

RQ3. Backbone Analysis. Embedded with various backbone models, such as GCN, GAT, and GIN, how do they influence the
performance of TerGEC?

RQA4. Effectiveness of Balance Factors. To what extent that the balance factors in TerGEC can improve performance in an
imbalanced setting?

6.1. Experiment setting

Baseline models. There are totally eight state-of-the-art baselines that TerGEC compares with. Besides three fundamental meth-
ods, namely GCN [39], GAT [50], and GIN [53], we also compare TerGEC with some recent representative methods concluding GGNN
[41], GNN-FiLM [10], and graph transformer [47]. GGNN [41] extends the usage of gated recurrent units (GRU) to graph-structured
problems so that it can update node and graph representation vectors. GNN-FiLM [10] introduces the graph hypernetworks and a
feature-wise linear modulation to modify the message passing process that numerous GNNs used. Graph transformer [47] is inspired
by the power of transformer in NLP, reforming it into graph learning tasks. In addition, two recurrent networks are also used to com-
pare, namely Long Short-Term Memory (LSTM) [33] and Gated Recurrent Unit (GRU) [16]. It is noticed that there is also a branch
of methods [26,54] that require satisfiability modulo theories (SMT) solving to execute programs and check whether programs can
terminate, but they have noteworthy drawbacks like needing complex configuration for complete sandbox environment and taking
too much time in execution, leading to their unrealistic application in practice. Therefore, we exclude these methods from baselines
and choose methods that do not need the execution process to compare.



S. Liu, J.W. Keung, Z. Yang et al. Science of Computer Programming 237 (2024) 103141

Table 2

Experimental results for the baselines and TerGEC.
Model 125M_HumanEval 125M_MBPP 1_3B_HumanEval 1_3B_MBPP TPDB

mAP (%) AUC (%) mAP (%) AUC(%) mAP (%) AUC (%) mAP (%) AUC(%) mAP (%) AUC (%)

LSTM 54.64 68.27 62.30 64.77 50.00 50.06 50.01 49.95 53.17 56.71
GRU 54.49 62.52 56.31 71.50 51.09 75.26 50.32 67.28 57.14 58.33
GCN 60.08 81.56 71.49 85.17 58.51 88.59 58.84 90.29 61.02 84.18
GAT 64.51 83.54 71.54 87.22 59.33 91.23 59.61 92.08 63.50 88.89
GIN 63.18 86.26 66.06 85.10 60.90 90.52 59.31 91.87 65.18 87.21
GGNN 64.14 86.15 68.03 86.69 61.18 91.25 55.54 90.36 62.57 83.16
GNN-FiLM 64.92 85.21 65.90 87.22 58.67 89.56 54.71 88.74 63.38 82.49
Graph Transformer  65.46 87.91 67.57 86.24 61.20 89.33 58.33 88.96 63.20 83.16
TerGEC 70.05 84.11 74.10 92.32 61.38 90.20 60.61 93.33 68.35 91.58

Metrics. To evaluate the performance of TerGEC, we use mean Average Precision (mAP) and the Area Under the receiver
operating characteristic Curve (AUC) as metrics. Average Precision (AP) summarizes the Precision-Recall curve to one scalar value,
which can be seen as the weighted mean of precisions when setting different thresholds. Mean average precision is the average of
APs for termination and non-termination instances. Receiver Operating characteristic Curve (ROC) shows the true positive rate and
the false positive rate at each classification threshold, and AUC uses a value between 0 to 1 to manifest ROC. A higher AUC indicates
better performance.

Datasets. We conduct extensive experiments on programs with Python and C language, which can evaluate the generalization
ability of TerGEC. As for Python programs, we use four custom datasets, and their construction processes are introduced in section 5.
As for C programs, we use an existing dataset, the Termination Problem DataBase (TPDB), which is from the TermComp termination
competition [27]. Although it has been published by [27] as claimed in their paper, we cannot find the complete version. Therefore,
we tried our best to collect a subset, which contains 206 C programs, with 158 termination programs and 48 non-termination
programs. Its detailed statistics are shown in Table 1. All datasets are split into the training set, validation set, and testing set by the
ratio of 7/1/2 for experiments.

Setup. The experiments were conducted on a Ubuntu GPU server with four RTX 3090 24 GB GPUs. TerGec was implemented
by the deep learning framework PyTorch? and a GNN package PyG [22]. Specifically, we set 4 layers for the GNN encoder and use
Adam optimizer [38] whose learning rate is adjusted in {Se —4,le —4,5¢ — 5} according to the datasets. Moreover, batch size is
adjusted in {64,128} and the dimension of hidden vectors comes within {128,256}. A maximum training epoch is set to 200. As
for the hyperparameters in the intra-class and inter-class learning module, we set @, = 0.95 and y =2 for the focal loss, which is a
default setting in many previous studies [5,42] and has been proved the effectiveness. We adjust the value of A in the range of (0,
0.5] and choose the value that performs best, which is 4 = 0.01. An elaborated illustration of the role of A has been discussed in
section 6.5. In addition, we adjust the specific method used in the graph augmentation and the backbone. We consistently selected
the best combination in each experimental dataset and recorded their performance. A detailed analysis of the two components is
illustrated in section 6.3 and 6.4.

6.2. RQI: quantitative evaluation

Comparing TerGEC with state-of-the-art baselines can directly indicate the superiority that TerGEC has. To achieve the best
performance of TerGEC, we adjust some components like the graph augmentation method and the backbone used, reporting the best
results. The effects of choosing different graph augmentation strategies and backbones will be further discussed in section 6.3 and
6.4. For the eight baselines, which follow the same setting of TerGEC, we implemented them by PyTorch and PyG as well. Table 2
shows the detailed results for the baselines and TerGEC.

As shown in the table, TerGEC achieves the best performance on almost all datasets and all evaluation metrics. It can be ob-
served that the performance of TerGEC surpasses LSTM and GRU a lot, which indicates that the graph representation of programs
benefits the termination analysis. Specifically, for the mAP metric, TerGEC outperforms baselines in all five datasets. In terms of
125M_HumanEval, there is an increment on mAP about 4.59% - 15.56%. In addition, the increments are 2.56% - 17.79% in terms
of 125M_MBPP, 0.18% - 11.38% in terms of 1_3B_HumanEval, 1.00% - 10.60% in terms of 1_3B_MBPP, and 3.17% - 15.18% in terms
of TPDB. The improvements indicate that TerGEC can accurately predict non-terminating programs among a mass of termination
samples with a lower error rate. As for the AUC metric, TerGEC achieves the best on datasets 125M_MBPP, 1_3B_MBPP, and TPDB,
where the improvements are 5.10% - 27.55%, 1.25% - 42.38%, and 2.69% - 34.87% respectively. Although on the other two datasets,
125M_HumanEval and 1_3B_HumanEval, TerGEC does not perform best. We investigate that because TerGEC is equipped with classes-
imbalance solutions, more non-terminating programs were found, but this also resulted in some misclassified termination samples,
which leads to the decline of AUC metric in the two datasets. Furthermore, besides Python program datasets, TerGEC outperforms all
baselines in C program dataset TPDB, which manifests TerGEC has the generalization ability that is regardless of the programming
language.

2 https://pytorch.org/.
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Table 3
Experimental results about graph augmentation.
Model 125M_HumanEval 125M_MBPP 1_3B_HumanEval 1_3B_MBPP TPDB
mAP (%) AUC (%) mAP (%) AUC(%) mAP (%) AUC(%) mAP (%) AUC(%) mAP (%) AUC (%)
With FM 70.05 84.11 74.03 91.10 61.38 90.20 60.61 93.33 68.35 91.58
With FP 67.19 83.32 74.10 92.32 57.90 89.67 60.42 94.23 65.15 83.50
w/0 Augmentation 62.80 83.08 73.90 90.87 57.80 88.23 57.09 92.95 63.33 83.50
Table 4
Experimental results with different backbones.
Model 125M_HumanEval 125M_MBPP 1_3B_HumanEval 1_3B_MBPP TPDB
mAP (%) AUC (%) mAP (%) AUC (%) mAP (%) AUC (%) mAP (%) AUC (%) mAP (%) AUC (%)
TerGEC-GCN 66.57 83.60 71.13 90.04 59.03 88.34 58.29 89.66 62.03 85.52
TerGEC-GAT  70.05 84.11 72.40 89.96 59.63 87.70 58.21 90.48 68.35 91.58
TerGEC-GIN 65.04 85.22 74.03 91.10 61.38 90.20 60.61 93.33 68.44 87.88

Answer to RQ1: When comparing with the state-of-the-art baselines, our proposed TerGEC can achieve better/compa-
rable performance on both Python program datasets and C program datasets, which indicates that TerGEC can improve
the prediction performance and has the generalization ability.

6.3. RQ2: role of graph augmentation

The graph augmentation module is a key component of TerGEC that can increase the diversity of samples and improve the
robustness of TerGEC. To investigate the impact of graph augmentation, we compare the performance of TerGEC using different
graph augmentation strategies with a special version of TerGEC that removes the graph augmentation module. The different graph
augmentation strategies are feature masking (FM) and feature projection (FP), as elaborated in section 4.1. They can yield a batch of
new graphs to supplement the original graphs. When removing the graph augmentation module, no more new graphs are produced,
and only the original graphs are sent to the following graph encoder to calculate the intra-class and inter-class semantic information.
Table 3 illustrates the experimental results of graph augmentation. For the selection of backbones, to achieve the best results as that in
RQ1, we choose GAT for dataset 125M_HumanEval and TPDB, and GIN for dataset 125M_MBPP, 1_3B_HumanEval, and 1_3B_MBPP.

It can be seen from Table 3 that, regardless of FM or FP, using graph augmentation can bring a better performance on all five
datasets. The maximum increment can be 7.25% for mAP and 8.08% for AUC. The good performance not only verifies that graph
augmentation is beneficial to non-termination prediction but also proves that FM and FP are two effective strategies that have the
potential to be used in program analysis tasks. As for the performance of TerGEC with FM and FP respectively, FP outperforms FM in
dataset 125M_MBPP and 1_3B_MBPP, while FM has a higher score in the other datasets. We suspect that it is because the programs
generated by the MBPP dataset are relatively short, so simple feature masking may lose more semantic information. The experimental
results show that FM and FP have their own merits and demerits, and choosing a proper graph augmentation strategy for different
datasets is vital. FM is simple in calculation but has the probability of losing the crucial dimension. FP is realized by a randomly
sampled projection matrix, which has a higher possibility of introducing noise.

Answer to RQ2: Graph augmentation is conducive to the prediction of non-termination and can improve the perfor-
mance in termination analysis tasks. Feature masking and feature projection are two effective graph augmentation
strategies in practice.

6.4. RQ3: backbone analysis

Graph encoder in TerGEC aims to capture the semantic information from ASTs. Hence, choosing an appropriate GNN model as
the backbone of the graph encoder module influences the representation capability of TerGEC. Because of the difference in initial
design purposes, GNN models have their preferences in dealing with different tasks. Generally speaking, GAT performs well in node
feature representation, and GIN does better in graph-level applications [34]. To choose a proper backbone for termination analysis,
we investigate three popular GNN models, namely GCN [39], GAT [50], and GIN [53], and evaluate the performance of their
corresponding TerGEC. Table 4 shows the performance of TerGEC with different backbones in Python and C program datasets.

From the results of Table 4, we can conclude that different backbones affect the performance of TerGEC. GAT achieves the best
performance in dataset 125M_HumanEval and TPDB, and GIN wins in the other three. If we analyze the average node number of
the five datasets, we can discover that dataset 125M_HumanEval and TPDB are higher than others. This phenomenon confirms the
advantages of GAT in node representation, which is more suitable for graphs with more nodes. On the contrary, when the node
number descends, the superiority of GIN in graph representation appears. Meanwhile, we should note that the difference among

10



S. Liu, J.W. Keung, Z. Yang et al. Science of Computer Programming 237 (2024) 103141

Table 5

Experimental results about balance factors.
Model 125M_HumanEval 125M_MBPP 1_3B_HumanEval 1_3B_MBPP TPDB

mAP (%)  AUC (%) mAP (%)  AUC (%) mAP (%) AUC (%) mAP (%) AUC(%) mAP (%) AUC (%)

TerGEC  70.05 84.11 74.03 91.10 61.38 90.20 60.61 93.33 68.35 91.58
A=0.1 60.20 83.04 68.31 87.53 57.63 90.42 61.06 93.25 64.72 82.49
A=0.3 58.97 84.04 68.04 88.06 58.04 90.97 60.29 93.45 63.95 80.47
w/0 A 58.33 82.12 67.38 89.89 57.51 88.99 56.21 93.18 63.97 79.80
w/o a 61.84 83.70 68.82 88.63 59.72 89.11 60.12 91.73 63.64 82.49

different backbones might be minute. Thus, it is necessary to consider carefully when selecting specific backbones. Moreover, as can
be seen from Table 2 and Table 4, when using the same backbone, TerGEC always has better performances than the original baselines.
But there are also some counter-examples. For instance, in the 1_3B_MBPP dataset, when using GCN or GAT as the backbone, the
performance decreases slightly if using TerGEC. Due to the difference is minute here, we conjecture it can be attributed to the random
initialization of the model. On the whole, our proposed TerGEC performs better in most datasets and backbones, which proves the
effectiveness of TerGEC.

Answer to RQ3: The choice of different backbones can affect the performance of TerGEC. Specifically, GAT is suitable
for datasets with more nodes like 125M_HumanEval and TPDB, and GIN does better in graph representation in the other
three datasets.

6.5. RQA4: effectiveness of balance factors

To cope with the imbalance classes problem in termination analysis, TerGEC introduces the inter-class learning module and
corresponding balance factors. There are two kinds of balance factors in TerGEC. One of them is the coefficient « in equation (14),
which aims to give a higher weight to non-terminating samples that are in the minority, and another is the hyperparameter 4 in
equation (15), which is used to balance the proportion between inter-class and intra-class semantic information. To evaluate the
effectiveness of the two balance factors, we conduct ablation experiments of TerGEC by removing @ and 4 respectively. That is to set
a =1 in equation (14) and A =0.5 in equation (15). In addition, we also set A =0.1 and 4 =0.3 to observe the change of performance
when A is varied. Table 5 demonstrates the performances in detail. The other settings are also the same as that RQ1.

Table 5 distinctly presents a drop in prediction performance if removing no matter « or A, proving that balance factors are
indispensable in TerGEC. The decline could be 3.87% - 11.72% for the mAP metric and 1.21% - 11.78% for the AUC metric in the
five datasets. To be specific, the drop caused by the loss of A is more obvious than that of a. In fact, due to the more complex
calculation requirements of the inter-class loss, its value is usually higher than the intra-class loss. When increasing the value of
4, the importance of intra-class loss is weakened, and the performance decreases. Balance factor 4 plays an important role here in
balancing the inter-class loss and the intra-class loss, bringing TerGEC to the optimum of classification. Similarly, balance factor a in
equation (14) enlarges the effects from the non-terminating samples and conducts TerGEC to learn more semantic information from
non-termination. Therefore, the two balance factors help TerGEC improve its performance in an imbalanced setting.

Answer to RQ4: Balance factors are effective when disposing of the class-imbalance problem in termination analysis.
The coefficient @ and hyperparameter A boost the performance of TerGEC in the five Python and C program datasets.

7. Discussion
7.1. Limitation

Our work shows efficiency and effectiveness and enhances the performance of deep learning-based methods in termination
analysis, but there are still limitations. To provide an estimation of a program’s termination behavior, our method aims to learn
the discrepancies in characteristics between non-terminating programs and terminating ones. However, it cannot provide formal
proof of termination, which means the prediction may consist of some false positives, and the explainability is also weak. To try
to alleviate the above limitations inherent in deep learning-based approaches, we designed inter-class and intra-class joint learning
methodologies to improve the prediction performance of neural networks. As for explainability, we will further design a localizer
to specify the defective lines and use visualization methods to provide necessary hints in future work. In addition, with the rapid
development and extensive studies of pre-trained language models [43,60] and large language models [55,61], their application and
adaptation in termination analysis are also worthy of trying. In the future, we will incorporate them into our framework for a more
comprehensive investigation.

11
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7.2. Threats to validity

There are some threats to the validity of our proposed TerGEC, and we list them in the following.

External Validity mainly concerns the generalizability of our findings to other datasets. TerGEC takes four custom datasets and
one existing dataset into account, including Python and C languages. It is the first large-scale dataset for termination analysis. How-
ever, as TerGEC learns the semantic information from the training set for termination analysis, the dataset quality directly influences
the performance. As for the four custom datasets, since we predefined a maximum execution time to identify non-termination pro-
grams, some programs that can terminate but may exceed the predefined execution time might be mislabeled. But we have set the
execution time to be large enough to alleviate the threats to validity, which is set to 10 s. Thus, we believe this threat is minimal.
In addition, following previous studies [5,26], we only consider programs with loops and analyze whether they can terminate, but
exclude infinite recursion and corresponding non-termination issues. It is worth considering the infinite recursion problem in the
future work.

Interval Validity mainly concerns the aspects that may impact the experimental results. One potential aspect is the hyperparam-
eter setting. Finding the optimal hyperparameters is always a difficult task. In TerGEC, besides conventional hyperparameters, such
as batch size and embedding dimension, a proper graph augmentation strategy, a suitable backbone, and an opportune setting of
balance factors are also needed to adjust. Although we have analyzed these in section 6.3, 6.4, and 6.5, there are still some settings
that are not considered, like if hyperparameter A is set to other values, and we keep it for future work. In addition, threats are
also related to the bias in the replication of baseline models. To replicate baselines on our datasets, we followed their designs and
implemented them by PyTorch and PyG. We have double-checked and fully tested our replication code to reduce errors. Therefore,
we believe that it is little threat to validity.

8. Conclusion

TerGEC, a graph-enhanced contrastive approach for program termination analysis, is proposed in this work. It can capture
the intra-class and inter-class semantics of programs simultaneously and realize a more fine-grained analysis. In addition, graph
augmentation is designed to improve robustness. Weighted contrastive loss and focal loss are also equipped in TerGEC to deal with
the classes-imbalance problem. Four large-scale datasets were built to reflect the classes-imbalance problem in practice. At the time
of writing, it is the first large-scale dataset study for termination analysis in software engineering. When compared with the state-
of-the-art baselines, TerGEC generally achieves the best performances in both Python and C programs. Ablation experiments also
demonstrate that the graph-enhanced contrastive approach that combines the intra-class and inter-class semantic information, along
with our proposed classes-imbalance solutions, effectively improves the prediction performance of non-terminating programs. In the
future, we aim to work on other graphs of programs, like flow charts, to provide predictions with more interpretability.
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