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Abstract—While a large number of pre-trained models of
source code have been successfully developed and applied to
a variety of software engineering (SE) tasks in recent years,
our understanding of these pre-trained models is arguably fairly
limited. With the goal of advancing our understanding of these
models, we perform the first systematic empirical comparison
of 19 recently-developed pre-trained models of source code on
13 SE tasks. To gain additional insights into these models, we
adopt a recently-developed 4-dimensional categorization of pre-
trained models, and subsequently investigate whether there are
correlations between different categories of pre-trained models
and their performances on different SE tasks.

Index Terms—Pre-training of Source Code, Al for SE

I. INTRODUCTION

Despite the successful application of deep learning to var-
ious Artificial Intelligence (AI) subfields such as natural lan-
guage processing (NLP) and computer vision in recent years, a
large amount of annotated training data is typically needed to
train the millions or even billions of network parameters in a
deep neural model. For many learning tasks, including those in
software engineering (SE), obtaining annotated data is costly.
To address this data annotation bottleneck, NLP researchers
have come up with an idea that can arguably be considered
one of the most exciting developments in recent deep learning
research, namely pre-training [1]-[4]. Rather than training a
model from scratch (i.e., with randomly initialized network
weights), which typically requires a lot of task-specific anno-
tated data, one can first pre-train it on one or more so-called
self-supervised tasks (i.e., tasks for which annotated data
can be automatically generated and therefore large amounts
of training data are readily available) so that its weights
encode general linguistic and commonsense knowledge about
language, and then the resulting pre-trained model can be
fine-tuned to learn the target task using (a potentially small
amount of) task-specific annotated training data in the usual
supervised manner. A large number of pre-trained models of
natural language (PTM-NLs) have been developed and widely
used in NLP, such as BERT [5]], XLNet [6], RoBERTa [7],
ELECTRA [8]l, GPT-2 [9]], T5 [10], and BART [11]].

Soon thereafter, pre-trained models have made their way
into SE research. Initial applications of pre-trained models in
SE have primarily involved retraining PTM-NLs on source
code [12]-[16]. Nevertheless, employing the resulting re-
trained models (henceforth PTM-Cs) for SE tasks is not ideal,

as there are code-specific characteristics that may not be
properly taken into account by these models, such as the syn-
tactic [[17]], [18]] and semantic structures [19] inherent in source
code [20]. Consequently, SE researchers have developed a
number of pre-trained models of source code (henceforth
CodePTMs) that take into account code-specific characteristics
in the past few years [21]-[26].

Despite the fact that a large number of CodePTMs have
been successfully developed and applied to a variety of SE
tasks in recent years, our understanding of CodePTMs is
arguably fairly limited. Currently, only one survey of pre-
trained models of source code is available from Niu et al. [27]],
but it just performs a summary and analysis from the results
reported by the origin model. While pre-trained models are
task-agnostic and therefore can be applied to different SE tasks
by design, virtually all CodePTMs have been evaluated on
only a handful of SE tasks. For instance, TreeBERT [28]], has
only been evaluated on code summarization and method name
generation. This is by no means ideal: without knowing how
TreeBERT performs on the remaining SE tasks, we do not
know whether it can achieve state-of-the-art results on any of
those tasks. This in turn implies that our understanding of these
models could be partial and that the current state-of-the-art
could have been very different had we evaluated the existing
models on most, if not all, of the available SE tasks. Even
when two pre-trained models are being evaluated on the same
SE task, a head-to-head comparison of these models could still
be made complicated if they are evaluated on different datasets
available for this task [29].

With the goal of advancing our understanding of exist-
ing pre-trained models of source code, we conduct the first
systematic empirical comparison of 19 recently-developed
CodePTMs on 13 popular SE tasks. To gain additional insights
into these CodePTMs, we employ a recently-developed four-
dimensional categorization of CodePTMs [27] to categorize
existing the 19 CodePTMs used in our study, and subsequently
investigate whether there are correlations between categories
of CodePTMs and their performances on SE tasks.

II. EXPERIMENTAL SETUP

A. SE Tasks

Table [Il enumerates the 13 SE tasks we will use in our
comparative experiments. These are also the SE tasks that



TABLE I
DETAILS OF EVALUATION TASKS, DATASETS AND METRICS.

Type I-O Task Ab.  ID: Dataset Metrics
D1: Devign [30] Acc
D2: DeepBugs [31 Acc
Defect Detection DD “v1: VMC [i2] Acc
cv W1l: WBO |12 Acc
s53: SO [12 Acc
. B1: BigCloneBench [32] F1
Und. Clone Detection CD C2: CLCDSA [33] 1
Exception Type ET K1: Kanade et al. [12] Acc
c.c Code-to-Code CR P1: POJ-104 |34] MAP
Retrieval c2: CLCDSA |33 MRR
C3: CodeSearchNet (Filtered) [35 MRR
NL.C Code Search OS5 RTAdvIest 53] MRR
Code Question QA C4: CoSQA [36], WebQueryTest [35] MRR
Answering F1: FDM |12 Acc
C5: CodeTrans |35 EM/B./C.B.
Code Translation CT T1: TransCoder [37] CA
c2: CLCDSA [33 RL
Bug Fixing BF B2: BFP |38] EM/B./C.B.
c-c P2: PY150 [39] EM/ES
Code Completion cc (S:f g]l:illdlﬁll%o EM
52: Svyatkovskiy et al. [14 PPL
Mutant Generation MG G1: GM |42 EM/B.
Gen, Assert Generation AG  A3: ATLAS [43 EM/B.
C3: CodeSearchNet (Filtered) [35 B.
A2: Attn2FC [44] B.
D3: DeepCom [45] B.
C-NL  Code Summarization SM p2: PY150 [39] EM
C7: code2seq [46] EM
T2: TL-CodeSum [47 B.
M1: Miceli-Barone and Sennrich [48 B.
NL-C  Code Generation CG  c8: CONCODE |[49] EM/B./C.B.

are typically used to evaluate pre-trained models of source
code. Following previous work [27], in the first two columns,
we classify each task along two dimensions: (1) whether the
task concerns understanding (Und.) or generation (Gen.); and
(2) the type of input assumed by the task and the type of
produced output (I-O), where C, NL, and V denote code,
natural language, and extracted/predicted value, respectively.
Table E] also shows the abbreviation (Ab.), the dataset, and the
main evaluation metrics for each task.

To make the number of experiments manageable in our
comparison, whenever there are multiple datasets for a task,
we choose the most popular one (shown in Gray in Table [I)
except for Code Search, where we chose A1 over C3 since
Al is the filtered version of C3 and the results on A1 is more
reflective of the generalization ability of a model [35].

B. Evaluation Metrics

For each SE task, we will perform evaluations using the
standard metrics listed in the last column of Table [l For clas-
sification and retrieval tasks, metrics such as Acc (Accuracy),
F1, Precision (P), Recall (R), Mean Reciprocal Rank (MRR)
and Mean Average Precision (MAP) are used. For generation
tasks, metrics developed in the NLP community such as
perplexity (PPL), Levenshtein edit similarity (ES) [[14], BLEU
(B.) [50], as well as variants developed in the SE community,
such as CodeBLEU (C.B.) [51]], are used. Moreover, some
generation tasks have also used variants of Accuracy for eval-
uation, one of which indicates whether the sequence generated
by the model exactly matches (EM) the correct answer, and the
other, Computational Accuracy (CA), computes the number of
times the hypothesis function generates the same output as the
reference when given the same inputs [37].

C. Pre-trained Models

In this subsection, we first present an overview of 26 of the
PTMs that have been applied to SE tasks and then enumerate
the 19 pre-trained models of source code that we will include
in our empirical comparison.

1) Categorization: Table [ll| presents an overview of 26 of
the PTMs that are either commonly used and/or developed
in SE. As can be seen, these PTMs can be divided into three
groups: PTM-NL, PTM-C, and CodePTM. Within each group,
we order them chronologically (by the date of the preprint
or the official publication). To enable the reader to better
understand their similarities and differences, we categorize the
PTMs of source code (i.e., PTM-Cs and CodePTMs) along the
four dimensions proposed by Niu et al. [27

(1) Architecture (Arch.). Existing network architectures can
be divided into Long Short-Term Memory (LSTM) [65]], Trans-
former (TF) [66], Transformer-Encoder (TE, the encoder-only
portion of TF), and Transformer-Decoder (TD, the decoder-
only portion of TF).

(2) Modality refers to the type of input a PTM assumes.
The possible modalities include code, natural language (NL)
and code structure. How these different modalities should
be combined is determined by the underlying combination
strategy, which can be together (+) or standalone (&ﬂ

(3) Pre-training Tasks (Tasks). If more than one task is
used, the tasks can be learned jointly (+), sequentially (&),
or alternately (/ The definition of each pre-training task is
given in Table Following Niu et al, [27], in the first column
we classify these tasks into four categories according to their
input modalities: (1) Code-Aware or Natural-Language-Aware
(C/NLA) tasks, which are originated in NLP and can be
applied to either NL or Code sequence to mine latent infor-
mation from NL or Code; (2) Code-Aware Only (CA) tasks,
which can only be applied to mine latent information from
code text; (3) Structure-Aware Only (SA) tasks, which aim
to learn representations of the code structure; and (4) Cross-
Modal-Aware (CMA) tasks, which seek to acquire knowledge
from multiple input modalities and are further subdivided into
three categories based on which input modalities are involved,
namely Code-NL (CN), Code-Structure (CS), and Code-NL-
Structure (CNS). In the second column, we classify these tasks
based on whether they are Generative (G, i.e., generate tokens)
or Categorical (C, i.e., predict labels) in nature.

(4) Programming language (PL). We categorize code PTMs
depending on whether they are pre-trained on one PL. (Mono-
lingual (Mono)) or multiple PLs (Multilingual (Multi)).

In our empirical comparison, we exclude all LSTM-based
models of source code since they do not represent the state of
the art, and retain all the Transformer-based models of source
code shown in Table [[I] except OSCAR, because OSCAR does
not target high-level PLs. This leaves us with 19 PTMs of

'Note that three of these four dimensions are also applicable to PTM-NL.

2See the supplementary file for details.

3See the supplementary file for details on the different ways of pre-training
a model when more than one pre-training task is involved.



TABLE II
CATEGORIZATION OF EXISTING PRE-TRAINED MODELS AND THEIR PERFORMANCE ON SE TASKS AS REPORTED IN THEIR ORIGINAL PAPERS. THE
STRONGEST RESULT FOR EACH DATASET IS BOLDFACED.

Code Understanding Tasks Code Generation Tasks
Models Arch.  Modality Tasks PL C-V C-C NL-C C-C C-NL NL-C
DD CD ET CR cS QA CT BF CcC MG AG SM CG
RoBERTa [7 TE NL Text MLM - DI1:61.05 B1:94.9 P1:76.67 AC]3168] '373 C4:60.3 C3:16.57
GPT-2 |9 TD NL Text ULM - P2:41.73 17.35
BART (11 TF NL Text DAE - 117
T5 [10 TF NL Text Seq2Seq MLM - DI1:61.93 9.7 C3:18.35 18.65
SCELMo |52 LSTM  Code BiLM Mono  D2:93.12
V1:95.21 P2:33.48
CuBERT [12 TE Code MLM + NSP Mono  W1:92.46 79.12 F1:98.09 C7:52.76
$3:93.36 D3:17.41
GPT-C {14 D Code ULM Multi $2:1.65
C-BERT |13} TE Code MLM Mono DI1:57.4
JavaBERT |15 TE Code MLM Mono
CodeGPT-adapted [35] TD Code ULM Multi P2:42.37 20.1
DeepDebug [16 TF Code Seq2Seq MLM Mono 15.05
C31783
. P2:35.97
CodeBERT (53 TE Code + Doc MLM & RTD Multi P1:82.67 C3:69.3 C4:65.7 C5:58.5 10.8 C7:56.52
D3:17.87
GraphCodeBERT 53]  TE [C)"’:‘g ;(E‘c’: * 'g,l‘ygA Multi B1:97.1 P1:85.16 | C3:71.3  C4:684 | C5:59.1 132
CugLM [40] TE Code IMLM + NSP + ULM Multi C6:81.91
- MLM & ) . . . .
DOBF [55 TF Code Seq2Seq IMLM Multi B1:95.9 Al:38.3 T1:46.35 C3:18.65
T5-learning [56] TF Code & Doc Seq2Seq MLM Mono 6.5 28 40.5 A2:15
PLBART (57 TF Code & Post  DAE Multi  DI:63.18  B1:97.2 C4:65.0 | C5:64.8  14.10 C3:1832 | 1875
ProphetNet-Code 58] TF Code & Doc ENP Multi C3:18.54
CoTexT [59 TF Code + Doc Seq2Seq MLM Multi D1:65.99 17.30 C3:18.38 20.1
Code + D3:20.49
TreeBERT |28 TF AST P: TMLM + NOP Multi P2:45.81
aths C7:67.9
OSCAR (60 TE IR + AEI MLM + CCL Mono P1:49.17
: Code + VGVAE + CLR ) . ) )
CodeDisen [61] LSTM AST Seq + PD + ACP Multi C2:90.0 C2:43.6 C2:50.08
. Seq2Seq MLM / IT / . X . . § X
CodeT5 [62 TF Code + Doc Seq2Seq IMLM / BDG Multi DI1:65.78 B1:97.2 C4:67.8 C5:66.4 17.79 C3:19.55 | 22.30
Code + Doc + MLM + IT + TEP + ) . . . C3:74.0 )
SynCoBERT [63] TE AST Seq MCL Multi D1:64.5 B1:97.4 P1:88.24 A138.1 C5:60.85
Code + C3:15.0
SPT-Code [29 TE  Names+ AR & MASS & Multi c3715 C5:6218 142 S1:19.09 T2:49.1
AST Seq M1:36.1
) - AST Seq + MLM / ULM / Seq2Seq ) ) . C3:74.4 . .
UniXcoder |64 TE Doc MLM / MCL / CMG Multi B1:95.2 P1:90.52 Al:413 C4:70.1 C3:19.30 | 22.60
TABLE III
CATEGORIZATION AND DESCRIPTION OF THE PRE-TRAINING TASKS MENTIONED IN TABLE[II
Type | O. | Task Full Name and Description
ULM [14] Unidirectional LM: conditional on words that have already appeared, maximizes the conditional probability of all next words.
FNP [58] Future N-gram Prediction: conditional on words that have appeared, maximizes the conditional probability of all next N (N > 1) words.
BiLM [52] Bidirectional LM: apply ULM to the input and its reversion to maximize the conditional probability of each word in both directions.
MLM [15] Masked Language Model: predicts a certain percentage of tokens that have been randomly masked in the input. (Basic version of MLM)
C/NLA WWM [13] ‘Whole Word Masking: a variant of basic MLM, if parts of a word is masked, ensure all subwords/tokens in it be masked.
MASS [29] MAsked Seq2Seq: predicts 50% of the content that is randomly masked consecutively in the sentence in the encoder-decoder architecture.
SMLM [56] Seq2Seq MLM: sequentially predicts a set of token spans randomly masked in the input in the encoder-decoder framework.
DAE [57] Denoising Auto-Encoding: recovers the original input from the one tampered by masking, deleting, and replacing tokens, etc.
NSP [12] Next Sentence Prediction: determines whether the two given sentences or logical lines of code appear consecutively in real world.
RTD [53] Replaced Token Detection: identifies whether a token in the input is a fake one that is produced by a small generator network.
IMLM |40 Identifier MLM: predicts a certain percentage of identifiers that randomly masked in the code text (an adaption of basic MLM to code).
CA SIMLM [62 Seq2Seq IMLM: an adaptation of Seq2Seq MLM to source code that masks only a certain percentage of the identifiers in the code text.
IT/IP [62 Identifier Tagging/Predicting: determines whether the input token at each position is an identifier or not via binary classification.
CCL [60] Code Contrastive Learning: minimizes/maximizes the distances between the representations of similar/dissimilar code snippets.
SA EP/TEP [54] Edge Prediction: predicts the edges that are masked by randomly selecting source and target nodes in a DFG or AST.
NOP 28] Node Order Prediction: determines if a change occurs in an AST where the order of some randomly selected nodes are changed.
CN BDG/CMG [62] Bimodal Dual Generation/Cross Modal Generation: generates a Natural Language/Code if Code/Natural Language is given.
MNG [29] Method Name Generation: produces a name for the given method body by generating sub-tokens with the decoder sequentially.
CLR [61] Cross-Language Reconstruction: generates a code snippet in one PL functionally equivalent to the given one in other PLs.
TMLM [28] Tree MLM: generates complete code from inputs where some terminal nodes/identifiers in ASTs/code are masked in encoder/decoder.
CMA VGVAE [61] vMF-Gaussian Variational Autoencoder: disentangles code semantics from code syntax under the supervision of a masked AST.
CS CAP [29] Code-AST Prediction: determines whether the given code and AST in the input correspond to each other via binary classification.
NA [54] Node Alignment: predicts the masked edges connecting randomly sampled nodes in a DFG and its corresponding code token.
PD [61] Posterior Distribution: minimizes the difference in semantics distributions of functionally equivalent code snippets in different PLs.
ACP [61] Attentive Code Position: predicts the node type in AST of a code token in the input through an attention mechanism.
CNS MCL [63] Multi-modal Contrastive Learning: an adaptation of CCL to (Code,NL)/(Code,Structure) pairs where samples are no longer code pairs.

source code in our comparison. In addition, we will present
results of five models that are not pre-trained on source code.
They include four PTMs-NL (RoBERTa, GPT-2, BART, and
TS) and a vanilla Transformer model [66]. Comparing the
results of these models and those obtained by the 19 PTMs
of source code could shed some light on the gains that can be
obtained on each SE task via pre-training on source code.

D. Implementation Details

a) The 19 PTMs of source code: According to the public
availability of the artifacts, the 19 models of source code we
use in our comparison can be divided into four categories:

(1) For those PTMs that have publicly available pre-trained
models and tokenizers, we use them as provided. CuBERT,
CodeBERT, GraphCodeBERT, DOBF, JavaBERT, CodeGPT-



adapted, T5-learning, PLBART, ProphetNet-Code, CoTexT,
CodeT5, SPT-Code and UniXcoder are in this category. If
more than one model is provided, we choose the “base”
version consistent with the approach in the original paper.
(2) Of the remaining PTMs, if the source code and datasets
are provided, we re-train them according to the setting intro-
duced in the original papers to get the pre-trained models and
the tokenizers. TreeBERT is the only model in this category.
(3) For those that have the source code but not the datasets,
we collect the required datasets ourselves in the same way
as the original authors did, and re-train them according to the
settings in the original papers. Only CugLM is in this category.
(4) If no source code is provided, we re-implement and
pre-train according to the settings (e.g., tokenizer, hyper-
parameters, and dataset) described in the original papers. They
are GPT-C, C-BERT, DeepDebug and SynCoBERTﬂ
When evaluating on a downstream SE task, each of the 19
models is fine-tuned on the training data available for that task.
b) The 5 non-PTMs: As noted above, we also include
four PTMs-NL (RoBERTa, GPT-2, BART, and T5) and a
vanilla Transformer model in our comparison. For the four
PTMs-NL, we use their publicly available implementations.
Like the 19 PTMs of source code, these five models are being
fine-tuned on task-specific data [66] before applying to each
downstream task.

E. Application to SE Tasks

Two aspects need to be considered while applying PTMs to
SE tasks, namely, Inputs and Outputs.

1) Inputs: The inputs for different SE tasks are different.
When applying a PTM to a SE task, the input of the task
should be organized into a form needed by the PTM. The
input of the SE tasks in Table [lI| belongs to three types:

(1) Using only a code snippet as input: Tasks such as
Defect Detection and Code Translation assume input that
belongs to this category. Here, we follow the input repre-
sentation as defined by PTMs. For example, for TreeBERT,
we parse the code into an AST and encode each path in the
AST before passing it to the Transformer, as described in the
original paper; and for PLBART, we add a special symbol
indicating the programming language, e.g., “[java]”, to the
input sequence.

(2) Using only a natural language description as input:
This is used by tasks such as Code Search and Code Genera-
tion. In this case, we input the text sequence directly. But for
PLBART, we follow the approach described in its paper and
add a special symbol “[en]” to the input.

(3) Using a code-code pair or a code-NL pair as input:
Tasks like Clone Detection (inputs: code-code) and Code
Question Answering (inputs: code-NL) belong to this type. In
this case, we prepare the inputs for the two parts separately and
then concatenate them to obtain the final input representation.

4To verify the validity of the latter two types of models pre-trained by us,
we perform fine-tuning on the downstream tasks corresponding to the original
paper and use pair-wise ¢-tests to ensure that the difference between our results
and those reported in the original papers are statistically indistinguishable.
Details can be found in the supplementary materials.

2) Outputs: The output required by a SE task may not
be the same as the output produced by the PTMs. Hence,
additional modules or operations may be needed in order to
get the output required by SE Tasks. The outputs that need to
be provided by PTMs for different SE tasks can be divided
into two types:

(1) Output based on the input representation: Among
the SE tasks, Code Search and Code Question Answering
use the input representation directly (to calculate the simi-
larity between two sequences), while the others need a fully
connected layer and a softmax layer to be added to obtain
a probability distribution. PTMs with different architectures
use different ways to get the representation vector for the
input. For TE-based models, we use the vector that cor-
responds to the position of the classification symbol in the
input (typically “[CLS]”) as the representation vector. For TD-
based models, we use the last time step of the output hidden
state (i.e., the position of the special symbol “[endoftext]”
in the input sequence). For TF-based models, it depends.
Since T5-based models (i.e., TS, T5-learning, DeepDebug,
CoTexT and CodeT5) formalize all tasks as text-to-text tasks,
for classification tasks we map all categories to text (e.g. for
a binary classification task, 0 is mapped to “false” and 1 to
“true”), while for retrieval tasks, we use the output hidden
state of the decoder corresponding to the “[EOS]” symbol as
the representation vector. In contrast, for BART-based models
(i.e., BART, PLBART and SPT-Code), we keep the input of the
decoder to be the same as the input of the encoder and use the
decoder hidden state of the last timestep as the representation
vector. For other TF-based models, we only use its encoder
and adopt the same method as used in the TE-based models.

(2) Output based on the ultimate output sequence: For
TE-based models, we follow Lu et al. [35] to randomly
initialize a Transformer Decoder of the same size as the
model to form an encoder-decoder architecture. For TD-based
models, we follow GPT-2 [9]: for training, we concatenate
the input and output sequences using a special symbol; and
for evaluation, we pass the input sequence concatenated with
this special symbol into the model and use the sequence
predicted by the model as the output. TF-based models can be
applied directly to this type of tasks. The Code Completion
task deserves special mention. Recall that it requires a model
to complete the unfinished line given the previous context.
However, during training, it follows the GPT-like, casual
language modeling manner. This is not applicable to TE- and
TF-based PTMs that adopt the encoder-decoder architecture
for this task. Therefore, when training TE- and TF-based
PTMs, we randomly extract the first 15%-85% of the entire
sequence as input (since the input context in the test data is
ensured to be at least 15% of the whole length [35]) of the
encoder, and the rest is used as the input of the decoder.

F. Other Settings and Data Availability

For other settings, e.g., the hyperparameters and the opti-
mizer, we adopt those used in the provided source code or
mentioned in the original paper. If neither of the above is



available, we perform parameter tuning ourselves to maximize
model performance on held-out development datd’}

III. EVALUATION OF PTMS: THE STATUS QUO

The current state of research on applying PTMs, including
PTMs-NL, PTMs-C, and CodePTMs, to SE tasks is somewhat
unsatisfactory. To understand this status quo, we show in
Table [ the ID of each dataset that each PTM is evaluated
on (see Table E] for an explanation of the dataset IDs) and the
corresponding results as reported in the original papers. To
avoid overloading the reader with information, we (1) omit the
dataset ID when the SE task has only one dataset; (2) report
results in terms of percentage using the first evaluation metric
(see Table E]); and (3) average results over all data subsets when
a dataset is composed of multiple subsetﬂ

Below we discuss the status quo based on the results shown
in Table [[] focusing our discussion on PTMs of source code
given that they are the focus of this paper.

a) Code Understanding Tasks: Among the code under-
standing tasks, only one PTM of source code is evaluated for
Exception Type and Code Question Answering, so we have
no idea of the performance of the other models on these
tasks. Although three CodePTMs are evaluated on Code-to-
Code Retrieval, they all used different datasets, thus making
direct comparisons impossible. Consequently, the only tasks
for which we can compare PTMs of source code are Defect
Detection, Clone Detection and Code Search. For Defect
Detection, most of the models are evaluated on Devign with
CoTexT achieving the best results. For Clone Detection, most
models are evaluated on BigCloneBench with SynCoBERT
achieving the best results. For Code-to-Code Retrieval (POJ-
104) and Code Search (CodeSearchNet and AdvTest), UniX-
coder is the state-of-the-art CodePTM.

b) Code Generation Tasks: Code generation tasks are
more popularly used to evaluate PTMs of source code. How-
ever, we cannot make valid comparisons on three of the seven
generation tasks shown in Table four PTMs of source
code were evaluated on Code Completion, but they each used
different datasets. Only T5-learning was evaluated on Mutant
Generation and Assert Generation. Of the four comparable
tasks and datasets, CodeT5 achieved the best results in three
of them: Code Translation (CodeTrans), Bug Fixing, and Code
Summarization (CodeSearchNet). The remaining task, Code
Generation, is bested by UniXcoder.

c) Overall: Since different PTMs of source code are
evaluated on different downstream tasks and dataset, it is
impossible to compare them directly based only on the results
reported in existing paper. Consequently, we cannot draw
conclusions that are more broadly applicable, the conclusions
we draw are not reliable, and we could not know the best

SRefer to the supplementary materials for details.

SThe datasets that comprise multiple subsets are: C3 (which includes
subsets corresponding to six languages), C5 (which contains two subsets
corresponding to bidirectional translation between Java and C#), B2 (which
consists of two subsets of different length distributions), A3 (which includes
two subsets corresponding to raw and abstracted source code [43]]) and C7
(which consists of three subsets of different sizes).

TABLE IV
CURRENT SOTAS AND NEW SOTAS.
Current SOTA New SOTA A

Model Value (%) Model Value (%) (pts)
DD CoTexT 65.99 SynCoBERT 66.25 0.26
CD  SynCoBERT 97.4 SynCoBERT 97.55 0.15
ET CuBERT 79.12 CodeT5 85.00 5.88
CR UniXcoder 90.52 UniXcoder 90.55 0.03
CS UniXcoder 41.3 UniXcoder 41.57 0.27
QA  UniXcoder 70.1 UniXcoder 70.3 0.2
CT  CodeT5 66.4 PLBART 67.6 1.2
BF CodeT5 17.79 CodeT5 17.98 0.19
CcC CodeGPT-adapted ~ 42.37 CodeGPT-adapted ~ 43.80 143
MG  T5-learning 28 CodeT5 34.83 6.83
AG  T5-learning 40.5 PLBART 49.94 9.44
SM  CodeT5 19.55 CodeT5 19.71 0.16
CG UniXcoder 22.60 CodeT5 23.43 0.83

performing PTMs of source code on many of these SE tasks.
Therefore, achieving a fair and systematic comparison of these
PTMs is the main motivation for the work in this paper.

IV. EVALUATION RESULTS

In this section, we present our evaluation results.

For each SE task, we repeat the fine-tuning and testing
experiments on each model three times using three random
seeds (i.e., 24, 42 and 81) and report the average results in
Tables and Specifically, for each task and
each evaluation metric of that task, we show under the “Cur”
and “New” columns the current results reported by existing
work and the results we obtained through our experiments,
respectively. For each “New” column, the best and second best
results obtained by each type of pre-trained models (i.e., PTM-
NL, PTM-C, and CodePTM) on the corresponding SE task are
marked in bold and underline respectivelyﬂ Note that the first
row of each table show the results of vanilla Transformer.

V. DISCUSSION

Through our experiments, we obtain the new SOT on
each task. In Table [Vl we show for each task the current SOTA
model (derived from existing work), the new SOTA model
(derived from our experiments), as well as their corresponding
performancesﬂ Moreover, we boldface the new SOTA model if
it is different from the current SOTA model. Finally, we show
the absolute performance difference between the new SOTA
model and the current SOTA model under the “A” column.

First, the SOTA models of all 13 SE tasks belong to the
type of CodePTM, which covers models specifically designed
to capture the unique features of Source Code, except for

7For each SE task, we apply the Approximate Randomization Test [67]
to every pair of results to determine whether their difference is statistically
significant. These results are presented in the supplementary materials.

8For generation tasks (e.g., Code Translation, Assert Generation, Bug
Fixing, Code Completion, etc.) adopting multiple metrics (e.g., EM, BLEU,
CodeBLEU, etc.), we follow the existing papers and use EM (Exact Match)
as the metric to determine the SOTA model. The reason is that EM is the most
rigorous metric for evaluating the generation performance. Besides, if there
are multiple sub-datasets for evaluating one task, the average performance
over all sub-datasets is used to determine the SOTA model.

9If multiple sub-datasets are used for evaluation, the average performance
is reported here.



TABLE V
EXPERIMENTAL RESULTS ON CODE UNDERSTANDING TASKS.

DD CD

ET CR CS QA

Model Acc F1 Acc MAP MRR MRR
Cur New Cur New Cur New Cur New Cur New Cur New
Transformer 64.40 89.27 48.98 64.27 3.12 52.89
RoBERTa 61.05 6447 949 9535 76.94 76.67 8020 18.33 18.82 60.3 60.28
GPT-2 - 6322 - 96.22 75.54 - 5330 - 16.38 - 58.06
BART - 63.81 95.11 73.68 79.63 - 16.65 55.57
T5 61.93 61.87 94.86 - 7475 69.16 16.97 45.63
CuBERT - 6425 9478  79.12  79.90 76.87 22.26 54.33
GPT-C - 63.77 95.46 - 7826 55.23 24.39 50.32
C-BERT 574  64.05 95.00 74.57 7291 25.34 54.81
JavaBERT - 64.50 96.57 67.66 77.44 25.02 54.04
CodeGPT-adapted 65.64 96.65 76.71 72.63 25.97 54.24
DeepDebug 64.18 95.90 73.50 - 7351 30.58 - 57.39
CodeBERT 65.02 - 96.77 8125 82.67 8561 - 3821 657 6590
GraphCodeBERT 6592 97.1 97.11 8326 85.16 87.73 - 3876 684 6855
CuglLM 64.19 - 96.44 79.01 - 8332 - 36.20 - 6144
DOBF 63.86 959 96.84 79.04 87.31 383 38.56 61.31
T5-learning - 63.60 - 96.38 69.85 80.82 - 3798 - 60.21
PLBART 63.18 6421 972 97.01 77.93 85.02 38.70  65.0 65.01
ProphetNet-Code - 63.57 - 96.05 79.37 79.82 37.64 - 6373
CoTexT 65.99  65.68 95.96 77.21 86.65 38.13 - 68.70
TreeBERT - 65.76 - 96.51 78.08 85.54 39.60 - 64.98
CodeT5 65.78 6582 972 97.18 85.00 - 8753 - 40.03 678 6791
SynCoBERT 64.5 6625 974 9755 8270 88.24  88.52 38.1  39.99 - 69.19
SPT-Code - 64.88 - 96.40 77.11 - 86.54 - 37.05 - 6455
UniXcoder 65.64 952 96.32 8347 90.52 90.55 413 4157 701  70.30

the Code Completion task whose SOTA model, CodeGPT-
adapted, is of type PTM-C, which covers models designed
for Natural Language but pre-trained on Source Code.

Second, while many PTMs have been proposed, only five of
them have managed to achieve SOTA performance on at least
one SE task. They are CodeT5 (SOTA on 5 tasks), UniXcoder
(SOTA on 3 tasks), PLBART (SOTA on 2 tasks), SynCoBERT
(SOTA on 2 tasks), and CodeGPT-adapted (SOTA on 1 task).

Third, vanilla Transformer’s performance relative to the
PTMs is different for different SE tasks: (1) on Clone De-
tection (CD), Error Type prediction (ET), Code Search (CS),
Code Translation, Assert Generation, and Code Summariza-
tion, vanilla Transformer is surpassed in performance by all
types of PTMs (i.e., PTM-NL, PTM-C, and CodePTM); (2) on
Code Completion and Mutant Generation, vanilla Transformer
is beaten by all PTMs-C and CodePTMs but it outperforms
two PTMs-NL, BART and T5; (3) on Code-to-Code Retrieval
(CR) and Code Question Answering (QA), vanilla Transformer
not only surpasses a PTM-NL (GPT-2 on CR and T5 on QA),
but also beats one PTM-C (GPT-C for both tasks); and (4) on
Defect Detection (DD) and Bug Fixing, vanilla Transformer
even outperforms CodePTMs in addition to PTMs-NL and
PTMs-C, beating CuglLM, DOBF, T5-learning, PLBART, and
ProphetNet-Code on DD, and CuglLM on Bug Fixing.

In the following, we discuss in detail the observations
obtained from the current and the new results on each task.

A. Defect Detection

SynCoBERT defeats CoTexT and becomes the new SOTA
PTM for this task, and Accuracy improves by 0.26.

1) Architecture: While the Top-2 models on this classifi-
cation task, SynCoBERT and GraphCodeBERT, are both TE-
based, there is not enough empirical evidence for us to
conclude that TE is a better architecture for this task

than TD or TF, for several reasons. First, to draw this
conclusion, we need to compare the results of two models
that differ only w.r.t. architecture, but there do not exist two
PTMs on our list that differ only w.r.t. architecture. Second,
TF-based CoTexT, which uses MLM as the only pre-traning
task, outperforms TE-based UniXcoder, which uses three more
complex pre-training tasks, ULM, MCL and CMG. Finally,
TF-based DeepDebug achieves better results than TE-based
C-BERT when using only code as input and MLM as its only
pre-training task.

2) Modality: Both code structure and NL are shown to
have a positive effect on the performance of the models on
this task, but the way they are being used also matters. As
an example, TF-based TreeBERT outperforms some of the TF-
based models that use code and NL (e.g, DOBF, T5-learning,
PLBART) significantly owning to its use of ASTs. As another
example, TF-based CoTexT outperforms TF-based T5-learning
considerably: CoText concatenates Code and the correspond-
ing Doc as one single input, whereas T5-learning treats the
features derived from these two modalities as separate data
instances. This suggests that how the information derived from
these modalities is used has an impact on performance.

3) Pre-training Tasks: First, the results in the New column
of this task in Table [V] reveal that the most influential pre-
training tasks are cross-modal-aware classification tasks
as they are being used by the Top-5 models. These tasks
include TEP/EP (used by SynCoBERT and GraphCodeBERT),
MCL (used by SynCoBERT and UniXcoder), and NA (adopted
by GraphCodeBERT). This observation is different from the
conclusion derived from the Cur column, where Seq2Seq
MLM (the only pre-training task used by the old SOTA model,
CoTexT) seems to have the greatest impact on defect detection.



B. Clone Detection

The new results on this task do not change significantly
from the current ones, except that PLBART, which is currently
tied for second place, has slipped to fourth place. The drop
in PLBART’s rank seems to suggest that using multiple pre-
training tasks is better than using a single pre-training task on
this task: while the Top-2 models, SynCoBERT and CodeT?5,
employ four distinct pre-training tasks, PLBART uses DAE as
the only pre-training task. Besides, the new results also enable
us to see the performance of TD-based models on this task; in
particular, the best TD-based PTM, CodeGPT-adapted, ranks
7th.

C. Exception Type

This task is the only multi-label classification task among
our 13 SE evaluation tasks. Currently, only one model (i.e.,
CuBERT) has been applied to this task, which prevents us
from drawing any conclusions about the relative performance
of different types of models on a multi-label classification task
like this. Fortunately, our results enable us to draw several new
conclusions:

1) Architecture: Most notably, according to the new results,
the SOTA performance on this task is not achieved by
a TE-based model. Instead, TF-based CodeT5, which turns
the task into a text-to-text form, achieves the best results.
The best TE-based model (UniXcoder) and the best TD-based
model (GPT-C) rank second and tenth respectively, and their
accuracies are 1.53 and 6.74 points lower than that of CodeTS5.
Recall that in Section [II-E] we mentioned that as a T5-based
model, CodeT5, when applied to a classification task, maps
each label to a unique text string. Specifically for Exception
Type, it does not predict the index of each exception, but rather
the text string of that exception. In this way, CodeT5 turns this
classification task into one of generating NL, which is exactly
what CodeT5 is good at. In contrast, for TE-based models
(e.g., SynCoBERT, UniXcoder, GraphCodeBERT), most of the
tasks they use in pre-training are binary classification tasks
(e.g., MCL, TEP/EP, NA), so they may lack the knowledge
needed for multi-label classification.

2) Modality: The impact of each modality on this task
becomes clear as well. All of the Top-3 models (i.e., CodeT5,
UniXcoder, and GraphCodeBERT) use NL as one of the input
modalities, while both code and code structure were only used
by two of them (CodeT5 and UniXcoder). This seems to
suggest that NL has a better positive impact on this task
than the other two modalities.

3) Pre-training Tasks: Both the classification pre-training
task NSP and the generative pre-training task FNP seem
to have positive impacts on this task. To exemplify, while
CuBERT and C-BERT are both TE-based models that use
code as the only modality and differ only in their pre-training
tasks (CuBERT uses both MLM and NSP whereas C-BERT
uses only MLM), CuBERT outperforms C-BERT by as many
as 5 percent points in accuracy. As another example, while
ProphetNet-Code and PLBART are both TF-based models that
use code and NL as input modalities and differ only in terms of

their pre-training tasks (ProphetNet-Code uses FNP whereas
PLBART uses DAE), ProphetNet-Code surpasses PLBART in
performance.

D. Code-to-Code Retrieval

Currently, the relative advantages and disadvantages of
different model architectures are not available since only four
TE-based models are evaluated on this task. However, with
the new results, the conclusion that TE-based models have
more advantages over the other architectures on this task
can be verified, since the Top-3 models of this task are all TE-
based (i.e., UniXcoder, SynCoBERT, and GraphCodeBERT).
Besides, the performance of the TF- and TD-based models is
also measurable. Specifically, the best performing TF-based
model (CodeT5) and TD-based one (CodeGPT-adapted) ranks
4th and 20th, respectively.

E. Code Search

1) Architecture: Although the SOTA model on this task is
still UniXcoder (TE-based), the rank of CodeT5 (TF-based)
improved from third to second in the new results, and the
third position is taken by SynCoBERT (TE-based). TreeBERT
(TF-based) ranks fourth, GraphCodeBERT (TE-based) ranks
fifth, and PLBART (TF-based) ranks sixth. These results seem
to suggest that TE-based and TF-based models perform
comparably on this task, as they alternate in the Top-6. In
addition, the performance of TD-based models on this task is
now measurable: the best TD-based PTM (CodeGPT-adapted)
ranks 15th.

2) Pre-training Tasks: The MLM pre-training task and
its variants, as well as cross-modal-aware tasks demon-
strate their necessity in achieving top performance on
this task. Specifically, the pre-training tasks the top-ranked
models used all include MLM (and its variants such as Seg2seq
MLM), as well as cross-modal-aware tasks (e.g., MCL, BDG,
EP). On one hand, MLM and its variants enable a model to
generate better input representations. On the other hand, the
cross-modal-aware tasks typically allow a model to learn the
alignment between different input modalities with the same
semantics. These two types of pre-training tasks therefore
allow a model to generate a more uniform input representation
for multimodal inputs, which is exactly what a model needs
to have for Code Search.

3) Modality: Pre-training on multiple modalities appear
to benefit this task since all of the Top-6 models are pre-
trained on two or three modalities. Concretely, UniXcoder is
pre-trained on NL and Structure, TreeBERT is pre-trained on
Code and Structure, CodeT5 and PLBART are both pre-trained
on Code and NL, while SynCoBERT and GraphCodeBERT
are pre-trained on all of the three modalities. It is hard to
tell which modality has the largest impact on performance,
because the absence of any one of them would not prevent a
model from becoming the Top-6..

F. Code Question Answering

The new SOTA model remains the same as the current one,
i.e., UniXcoder. But our newly reported SOTA performance



TABLE VI
EXPERIMENTAL RESULTS ON CODE TRANSLATION AND ASSERT GENERATION.

Code Translation Assert Generation
Model Java->C# C#-> Java abs raw
EM BLEU CodeBLEU EM BLEU CodeBLEU EM BLEU EM BLEU

Cur  New Cur New Cur New Cur New Cur New Cur New | Cur New Cur New Cur New  Cur New
Transformer 33.0 40.8 5584 6022 63.74 67.10 379 439 5047 5486 6159 61.84 - 28.65 - 6324 - 3535 - 67.62
RoBERTa - 589 - 7970 - 8377 - 595 - 73.14 - 78.63 - 3612 - 6911 - 50.68 - 7623
GPT-2 - 544 - 6539 - 7692 - 56.0 - 6941 - 7124 - 35.02 - 66.89 - 4823 - 7415
BART - 495 - 6791 - 7425 - 552 - 7232 - 70.80 - 3382 - 6511 - 48.14 - 7427
T5 - 453 - 6923 - 76.05 - 532 - 73.84 - 7152 - 33.10 - 6495 - 48.04 - 7413
CuBERT - 556 - 7515 - 7930 - 556 - 70.07 - 7531 - 3714 - 6834 - 50.60 - 7431
GPT-C - 609 - 7191 - 8248 - 596 - 7294 - 78.18 - 3716 - 6639 - 51.64 - 76.12
C-BERT - 554 - 7465 - 81.63 - 564 - 70.28 - 7573 - 36.64 - 6551 - 50.70 - 7211
JavaBERT - 611 - 80.74 - 8045 - 583 - 70.10 - 7114 - 3823 - 7122 - 52,66 - 7851
CodeGPT-adapted - 620 - 8021 - 8547 - 603 - 7293 - 79.02 - 3942 - 69.61 - 5285 - 76.12
DeepDebug - 595 - 8146 - 8395 - 638 - 7510 - 8243 - 39.89 - 7110 - 56.65 - 76.84
CodeBERT 59.0 612 7992 8l.16 8510 8529 580 60.1 72.14 7373 79.41 80.11 - 3840 - 70.65 - 5323 - 7154
GraphCodeBERT 594  62.6 80.58 81.24 - 8534 588 615 7264 73.67 - 80.63 - 3898 - 70.87 - 5371 - 77.69
CugLM - 608 - 7834 - 8365 - 6l6 - 7395 - 78.06 - 3936 - 7320 - 52385 - 7746
DOBF - 6438 - 8027 - 8277 - 646 - 7544 - 8053 - 40.01 - 7239 - 5471 - 7840
T5-learning - 629 - 78.19 - 8113 - 648 - 75.64 - 81.09 34 4095 - 7270 47  56.85 - 71.09
PLBART 646 67.8 83.02 8475 8792 8816 650 674 7835 79.75 8527 85.05 - 4244 - 7421 - 5743 - 7951
ProphetNet-Code - 625 - 8038 - 81.64 - 645 - 75.68 - 8104 - 3738 - 6845 - 56.26 - 71.64
CoTexT - 657 - 8335 - 85.63 - 654 - 7798 - 8231 - 3819 - 7151 - 56.04 - 7855
TreeBERT - 621 - 8172 - 8434 - 642 - 7633 - 8117 - 4232 - 7395 - 5721 - 79.89
CodeT5 659 672 84.03 8497 - 8750 669 663 79.87 79.67 - 8370 - 40.67 - 7177 - 56.90 - 7971
SynCoBERT 604 64.1 80.75 8252 8485 8560 613 638 7652 77.53 8222 8236 - 39.10 - 7042 - 54.66 - 7927
SPT-Code 64.1 66.6 9034 8324 - 8515 603 639 86.10 78.82 - 8533 - 4235 - 7453 - 57.09 - 7936
UniXcoder - 645 - 81.66 - 85.60 - 641 - 7137 - 8256 - 3946 - 7125 - 5494 - 7899

TABLE VII
EXPERIMENTAL RESULTS ON BUG FIXING, CODE COMPLETION AND MUTANT GENERATION.
Bug Fixing Code Mutant
Model small medium Completion Generation
EM BLEU CodeBLEU EM BLEU CodeBLEU EM ES EM BLEU

Cur New Cur New Cur New Cur New Cur New Cur New Cur New Cur New | Cur New  Cur New
Transformer 147 1463 7721 7692 - 73.88 3.7 846 89.25 89.23 - 86.86 - 3771 - 6795 - 2450 - 78.60
RoBERTa - 1388 - 1972 - 7831 - 9.09 88.69 - 84.05 - 39.01 - 68.98 - 2818 - 80.34
GPT-2 - 1497 - 6442 - 68.10 - 5.05 74.11 - 7242 | 4173 4177 - 70.30 - 2677 - 7945
BART 16.7  15.60 - 7134 - 7243 6.7 6.97 82.37 - 81.85 - 30.67 - 5617 - 2321 - 7713
T5 153  14.34 - 69.71 - 73.10 4.11 6.49 78.22 - 78.20 - 2858 - 5524 - 2417 - 79.16
CuBERT - 1487 - 7493 - 7528 - 8.92 86.12 - 83.09 - 3832 - 6697 - 27.08 - 78.66
GPT-C - 13.08 - 70.06 - 7183 - 8.26 85.41 - 8247 - 42.82 - 7135 - 2724 - 7655
C-BERT - 14.04 - 7319 - 7454 - 9.37 85.57 - 83.87 - 41.07 - 6782 - 2663 - 7743
JavaBERT - 1539 - 7898 - 76.02 - 9.41 85.33 - 8442 - 39.16 - 67.67 - 28.14 - 7933
CodeGPT-adapted - 13.66 - 76.07 - 7713 - 11.00 85.28 - 84.55 | 4237 43.80 - 7254 - 27.64 - 7940
DeepDebug 18.7 1813 - 76.64 - 7691 114 1109 - 8710 - 85.80 - 39.68 - 6528 - 3011 - 7945
CodeBERT 164 1466 7742 77841 - 78.09 52 972 90.07 86.94 - 8388 - 4077 - 68.58 - 28.61 - 80.59
GraphCodeBERT 173 1685 80.02 79.61 - 79.68 9.1 10.14 9131 87.63 - 8533 - 40.26 - 69.88 - 2972 - 8053
CugLM - 1378 - 7536 - 7520 - 9.08 85.20 - 8482 - 4294 - 7189 - 27.09 - 7895
DOBF - 1545 - 7552 - 7462 - 10.28 87.93 - 85.01 - 3935 - 69.30 - 29.16 - 79.10
T5-learning 10 17.62 - 71.05 - 7630 3 1094 - 8846 - 86.42 - 38.06 - 66.58 28 29.90 - 7844
PLBART 19.21 1940 77.02 78.03 - 7758 8.98 11.05 88.5 88.48 - 86.67 - 4174 - 6842 - 33.08 - 80.07
ProphetNet-Code - 1723 - 7540 - 75.60 - 1075 - 86.82 - 8419 - 39.66 - 6724 - 29.63 - 7712
CoTexT 21.58 2133 7728 7720 7738 7775 13.03 13.37 88.68 87.13 84.41 85.14 - 4036 - 70.16 - 3187 - 80.00
TreeBERT - 2073 - 79.38 - 7517 - 12.89 - 89.05 - 8715 - 4173 - 70.14 - 33.20 - 8046
CodeT5 21.61 21.65 7743 7155 - 7724 1396 1430 87.64 89.23 - 87.05 - 4052 - 71.29 - 3483 - 8075
SynCoBERT - 2032 - 7881 - 7856 - 1117 - 8794 - 86.10 - 4152 - 70.26 - 29.86 - 80.16
SPT-Code 17.54 1859 7510 7851 - 7497 1086 12.06 87.88 88.37 - 8435 - 40.20 - 6897 - 33.00 - 79.18
UniXcoder - 19.05 - 79.18 - 7945 - 1396 87.59 - 86.23 - 41.69 - 09.84 - 2978 - 80.02

has an improvement of 0.2 percent MRR points. Note that
MCL, the pre-training task used by the SOTA model UniX-
coder, aims to distinguish whether two inputs match each
other, which is also the goal of the Code Question Answering
task.

G. Code Translation

Although the models are ranked according to their average
EM value on the “Java to C#’ and the “C# to Java” sub-
datasets, we find that the Top-2 models on the two sub-datasets
are both PLBART and CodeTﬂ Besides, the Top 3—6 models

10For a discussion of the results w.r.t. other evaluation metrics. See the
supplementary file.

on this task are CoTexT, SPT-Code, DOBF, and UniXcoder
respectively.

1) Architecture: According to the new results, that TF-
based models take the absolute lead on this task can be
verified, since the Top-5 models are all TF-based, and given
that we have more TF-based models in our comparison than
before, the rank of the best performing TE-based model (i.e.,
SynCoBERT in Current and UniXcoder in New) drops from
fourth to sixth.

2) Modality: The importance of NL is well validated,
due to the fact that the Top-4 performers in both the current
(i.e., CodeT5, PLBART, SPT-Code and SynCoBERT) and the
new results (i.e., PLBART, CodeT5, CoTexT and SPT-Code)



TABLE VIII
EXPERIMENTAL RESULTS ON CODE GENERATION TASKS INVOLVING NATURAL LANGUAGE.

Code S ization Code
Model Java Py JS PHP Go Ruby Generation
BLEU BLEU BLEU BLEU BLEU BLEU EM BLEU CodeBLEU

Cur New Cur New Cur New Cur New Cur New Cur New Cur New Cur New Cur New
Transformer 1626 1637 1581 1647 1159 1026 22.12 2341 1638 1646 11.18 11.09 6.10 21.67 26.98
RoBERTa 1647 17.38 18.14 1749 1190 11.75 24.02 2442 1772 17.63 11.17 11.26 - 19.30 - 31.92 - 3540
GPT-2 - 18.62 - 1892 - 1413 - 2391 - 17.59 - 1203 | 1735 17.55 2537 23.62 29.69 29.93
BART - 1898 - 1937 - 14.68 - 2446 - 18.80 - 13.65 - 1890 - 3138 - 3372
TS5 1835 18.87 1926 19.57 1457 1445 2459 2432 19.17 1870 14.18 13.72 | 18.65 1870 32.74 3202 3595 33.26
CuBERT - 1675 - 1777 - 11.34 - 2276 - 16.09 - 1046 - 19.05 - 3014 - 3282
GPT-C - 1718 17.78 12.01 23.42 16.96 10.54 19.85 30.45 33.10
C-BERT - 1744 18.39 13.14 23.90 17.47 12.14 19.80 33.62 35.99
JavaBERT - 1823 17.57 11.91 22.87 17.13 10.94 - 1845 - 34.62 - 3693
CodeGPT-adapted 17.68 18.46 1291 24.68 17.38 12.39 | 20.10 20.15 3279 3594 3598 37.27
DeepDebug - 19.00 - 18.85 - 14.39 - 2337 - 17.68 - 1327 - 18.40 - 36.52 - 3890
CodeBERT 17.65 18.61 19.06 1923 1490 1475 2516 2470 18.07 1826 12.16 12.53 21.15 31.45 35.26
GraphCodeBERT - 1893 - 19.39 - 1490 - 2564 - 1850 - 1263 21.00 3433 37.55
CuglLM - 18.04 - 1820 14.07 24.66 18.53 11.47 21.80 33.70 35.91
DOBF 19.05 19.18 1824 1841 13.22 23.83 18.28 13.21 20.35 35.26 37.41
T5-learning - 18.84 - 1823 - 1318 - 2310 - 1729 - 1251 - 1895 - 3576 - 3830
PLBART 1845 19.31 1930 1941 1556 1573 2358 2447 1891 19.01 14.11 14.15 | 1875 19.85 36.69 36.63 3852 39.29
ProphetNet-Code 19.39 1929 17.87 1820 16.60 1595 24.57 2428 1843 1831 1437 1439 - 2170 - 37.67 - 3979
CoTexT 19.10 19.19 19.52  19.72 1477 15.08 2447 2457 1937 19.13 13.07 1428 | 20.10 21.80 36.51 38.74 3949 40.63
TreeBERT - 18.90 - 1944 - 1505 - 2382 - 1874 - 1357 - 2205 - 3827 - 3973
CodeT5 2031 2035 20.01 2017 16.16 1675 26.03 2597 19.56 19.68 1524 1536 | 22.30 2340 40.73 40.75 4320 43.40
SynCoBERT - 18.89 - 1874 - 1457 - 2555 - 1836 - 1391 - 2135 - 3839 - 4121
SPT-Code - 1890 19.71 15.28 24.78 19.17 14.38 - 20.00 3791 39.90
UniXcoder - 1942 18.64 14.27 25.70 18.59 14.32 | 22.60 22.65 38.73 40.86

use NL. The role of code structure, on the other hand, is less
clear, since the Top-2 models (i.e., PLBART, CodeT5) are
not pre-trained on the Structure modality and the best model
using code structure drops from the third place in “Cur” (i.e.,
SynCoBERT) to the fourth place in “New” (i.e., SPT-Code).

3) Pre-training Tasks: The new results show that the pre-
training objective DAE has a more significant impact than
BDG/CMG. To exemplify, consider PLBART and CodeTS5,
both of which are TF-based and employ the same modalities
(code and NL). They differ only in terms of the pre-training
tasks: the former uses DAE and the latter uses BDG/CMG.
The fact that PLBART outperforms CodeT5 can therefore be
attributed to the fact that DAE is a better pre-training task for
Code Translation than BDG/CMG. This conclusion is contrary
to the conclusion drawn from the CUR results, where BDG
is believed to have a stronger influence than DAE on Code
Translation due to the fact that CodeT5 beat PLBART by 1.3
percent EM points.

H. Bug Fixing

Considering the EM value averaged over the “small” and
“medium” datasets, the Top-4 models change from CodeT5,
CoTexT, DeepDebug, and SPT-Code (listed in decreasing
order of performance) to CodeT5, CoTexT, TreeBERT, and
UniXcoder. A closer examination of the sub-datasets reveals
that UniXcoder outperforms CoText and TreeBERT, achieving
the second best performance on the “medium” dataset while
ranking 4th on the “small” one.

1) Architecture: The Top-3 performance is achieved by
three TF-based models (i.e, CodeT5, CoTexT, and TreeBERT)
and the best and second TE-based models (i.e., UniXcoder
and SynCoBERT) rank 4th and 5th respectively. Besides, the
best TD-based model (i.e., CodeGPT-adapted) only rank 14th.

This seems to suggest that the TF architecture should be
considered first when designing high performance pre-
trained models for this task.

2) Pre-training Tasks: The most useful pre-training tasks
for Bug Fixing is the sequence-to-sequence variants of
MLM adapted to the Transformer decoder. They enable a
model to acquire the ability to generate target sequences from
an incomplete one. As an example, consider the top-3 TF-
based models, which all use such pre-training tasks: Seq2seq
MLM in CodeT5 and CoTexT, TMLM in TreeBERT, and
Seq2seq IMLM in CodeT5. Moreover, by using Seq2seqMLM
as the only pre-training task, the second-highest ranked model,
CoTexT, achieves better performance than TreeBERT, which
uses NOP in addition to TMLM for pre-training.

1. Code Completion

This is the only SE task among the ones we consider
where SOTA performance is achieved by the TD-based model
CodeGPT-adapted, and it is the SOTA model in both the
current and new results. This seems to suggest the absolute
dominance of the TD architecture on this task. Our new
results further suggest that the pre-training objective ULM
(adopted by the Top-3 models on this task, i.e., CodeGPT-
adapted, CugLM, and GPT-C), whose goal is similar to
that of code completion, plays an influential role in Code
Completion. As an example, consider the TE-based model
CugLM, which outperforms another TE-based model CuBERT
(pretrained on MLM and NSP) and achieves the second best
performance by using ULM in addition to MLM and NSP.
Moreover, in terms of modality, Code Completion is the only
task where neither NL nor code structure plays a positive
role since all of the Top-3 models use code as the only input



modality. We speculate the reason is that there is currently no
effective way to combine these two modalities with ULM.

J. Assert Generation

Since only T5-learning has been evaluated on this task
currently, all conclusions drawn from the new results could
be viewed as new findings. First, the Top-5 performers are
all TF-based models (i.c., PLBART, TreeBERT, SPT-Code,
T5-learning, and CodeTS5 by order). The best performing TE-
based (i.e., UniXcoder) and TD-based (i.e., CodeGPT-adapted)
models rank 8th and 16th, respectively. As far as modality
is concerned, NL seems to have a greater impact than other
modalities, as four of the Top-5 models (i.e., PLBART, SPT-
Code, T5-learning, and CodeT5) use NL, whereas only two
(i.e., TreeBERT and SPT-Code) use code structures.

K. Mutant Generation

NL and code structure appear to have positive im-
pacts, since the Top-3 models (i.e., CodeT5, TreeBERT, and
PLBART by order) use either NL or code structure as one of
the inputs in addition to the code. As for pre-training tasks,
DAE alone is able to help the model (i.e., PLBART) achieve
the third best performance. The structure-aware pre-training
tasks, such as TMLM and NOP used by TreeBERT (the second
best) and CAP used by SPT-Code (the fourth best) clearly have
positive impacts on this task.

L. Code Summarization

1) Architecture: The best TE-based model (UniXcoder)
ranks 5th, with the Top-4 being TF-based models (i.e.,
CodeT5, ProphetNet-Code, CoTexT, and SPT-Code), which
suggests the strong positive influence of the TF architecture
on this task. This is not in line with the current results in
which the best TE-based model ranked second. With the new
results, the best TD-based model (GPT-2) ranks 15th.

2) Modality: The highest ranks achieved by models pre-
trained on NL only (e.g., TS and BART) are 5th and 9th in
the current and new results, respectively. The reasons why
they perform even better than some of the models pre-trained
on code or structure in addition to NL (e.g., CodeBERT,
GraphCodeBERT, etc.) are two-fold. First, they acquire the
ability to generate NL during pre-training, which is required
by Code Summarization, and (2) because of the “naturalness”
of the source code [13]], [68]], they are able to understand the
code to some extent although they only have the ability to
understand NL.

3) Pre-training Tasks: Cross-modal(Code and Natural
Language)-aware generation tasks such as BDG/CMG and
MNG have positive impacts on a model’s performance on
this task. As an example, CodeT5, which utilizes BDG, and
SPT-Code, which utilizes MNG, are the top performers among
TF-based models, and UniXcoder, which utilizes CMG, is the
top performer among TE-based models.

M. Code Generation

The SOTA model changes from TE-based (UniXcoder)
to TF-based (CodeT5), and the best TE-based (UniXcoder)
and TD-based (CodeGPT-adapted) models rank 2nd and 11th,
respectively. While the new SOTA model (i.e., CodeT5) for
Code Generation is also the SOTA model for Code Summa-
rization, the ranks of T5 and BART (pre-trained only on
NL) on this task are lower than their ranks on Code
Summarization, because understanding code and generating
code are fundamentally different in nature. In addition, the
importance of the code and NL modalities for this task is
not as clear as that for Code Summarization, considering
that among the Top-3 models (CodeT5, UniXcoder, and Tree-
BERT), only CodeTS5 uses both code and NL: UniXcoder uses
code structure and NL and TreeBERT uses code structure and
code instead. Moreover, although only NL is the input of this
task, pre-training on code structure has a positive impact
on this task, since both of the second and third best models
(UniXcoder and TreeBERT) are pre-trained on tasks such as
MCL, CMG, and NOP.

VI. INSIGHTS AND TAKEAWAYS

After analysis and discussion by task, we have some insights
and takeaways to provide to subsequent researchers.

o When designing a new model to solve multiple tasks, look
up the current SOTA model’s architecture, features, and
pre-training tasks for each task, and use such information
as a starting point.

o Always pre-train on multiple programming languages.

o Always pre-train with NL, since all of the new SOTAs
use NL.

o Utilize structure information in PTMs for code under-
standing tasks.

o Ensure the pre-training tasks are as similar in form as
possible to the target downstream task.

o Use different CodePTMs for different target task types
since there is no almighty CodePTM, as per our results
and Zeng et al. [69].

Particularly, for the following tasks, we have additional
takeaways:

o Clone Detection: Although the TE-based model achieves
the best performance, comparable results are achieved
with the TF-based model. Besides, the use of NL and
code structure is beneficial. Finally, MLM and its variants
have better results on this task.

o Code-to-Code Retrieval: Utilize NL and code structure
following the ”Altogether” strategy. Besides, MLM and
its variants, as well as structure-aware pre-training tasks,
have positive effects on this task.

e Code Question Answering: Prefer TE models and use
NL whenever possible.

o Assert Generation: NL is not a required modality. The
reason is that although the model with the best perfor-
mance uses NL, NL is not used in the same data sample
as other modalities (because of the Standalone strategy).



Seq2seq pre-training tasks, such as DAE, MASS and
MNG, should be prioritized.

o Code Generation: Besides TF, TE is worth trying. The
use of NL-Code generation code pre-training tasks (e.g.,
BDG and CMG) is mandatory.

Finally, through our experiments, we propose several pos-
sible subsequent research directions as follows.

o Design more efficient pre-training tasks to make Code-
PTMs learn source code features better [20]].

o Improve the efficiency of CodePTMs for fine-tuning on
downstream tasks [[70].

o Make the large CodePTMs lighter [[71]], [[72].

o Improve the robustness of CodePTMs.

VII. THREATS TO VALIDITY

Construct Validity: As discussed in Section we have
re-implemented some PTMs (category IV) or re-collected
some datasets (category III and some in IV). The replication
may not be perfect but we have tried our best to do the
re-implementation and collect the datasets to minimize the
deviations from the original model (See Section [[I-D). Besides,
we adopt the statistical significance testing to measuring the
differences between our implementation and the original ones.

Internal Validity: It is widely agreed that, during fine-
tuning, hyperparameters have a significant impact on the
performance of pre-trained models. For models where hyper-
parameters for fine-tuning are not available (See Section [[I-D)),
the settings we obtain by hyperparameter search may introduce
some bias with the performance reported in the original paper.
But we have tried best to derive best performance of these
models on each SE task.

External Validity: The results and observations we obtained
in this work may apply only to the downstream tasks and
corresponding datasets we have evaluated. For the other SE
tasks and datasets, we cannot guarantee exactly the same
results and observations.

VIII. CONCLUSION

We conducted the first systematic empirical comparison of
existing pre-trained models of source cod We believe that
the results of our large-scale evaluation and the associated dis-
cussion can provide SE researchers with a better understanding
of existing PTMs and their relative strengths and weaknesses,
as well as a better characterization of the state-of-the-art of
each SE task on which PTMs are commonly evaluated.

This paper provides many valuable findings that are either
not available based on the existing results alone or completely
contrary to current findings. For example, we found that
TF-based models have clear advantages for not only code
generation tasks but also code understanding tasks. We hope
that this paper could provide interested researchers with a
comprehensive and comparable insights into the current state
of this domain and inspire them to design more powerful pre-
trained models of source code.

T All materials used in our experiments are available at https:/github.com/
NougatCA/FineTuner and https://doi.org/10.5281/zenodo.7318110.
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