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ABSTRACT

Automated software engineering with deep learning techniques has been compre-
hensively explored because of breakthroughs in code representation learning.
Many code intelligence approaches have been proposed for the downstream tasks

of this field in the past years, contributing to significant performance progress. Code
summarization has been the central research topic among these downstream tasks be-
cause of its contributions to practical applications, e.g., software development and main-
tenance. It remains challenging to represent code snippets and generate more accurate
descriptions to summarize the functionality and semantics of programs.

Existing methods of the code summarization task have been devised to tackle real-
world problems and have been successfully proven effective. However, there is little
attention to its application in novel programming languages where only a few well-
documented programs in these low-resource languages are available for training. Ac-
cording to our observation, existing approaches can only acquire poor performances in
such settings, and we attribute the problem to data-hungry and programming language
gaps.

Enlightened by recent pre-training methods, we propose METASUM, a meta-learning-
based code summarization model, to extract prior and shared knowledge from high-
resource programming language where high-quality code snippets are easily accessible
and then adapt it to low-resource settings. The critical contribution of this dissertation
is that we (1) give a comprehensive illustration of the development of machine-learning-
based code summarization task, (2) identify a new problem of low-resource code sum-
marization and propose a meta-learning-based model to improve over other methods by
3.18 and 1.79 BLEU points over state-of-the-art pre-trained models on Nix and Ruby
datasets, respectively, and (3) introduce a machine-learning-based toolkit, NATURALCC,
for fair comparison of models for the automated software engineering community.

Keywords Automated Software Engineering, Code Summarization, Low-resource Set-
ting, Meta-Learning, Code Intelligence, NATURALCC
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1
INTRODUCTION

In this chapter, we give a brief introduction of the research topic in this dissertation,

including the background, contributions, and organization of the dissertation.

1.1 Background

Automated software engineering aims to automatically complete software engineering

tasks to meet user-given requirements, which can alleviate the pressure on developers

and maintainers in software development. With breakthroughs in machine learning, au-

tomated software engineering comprehensively flourished in many downstream tasks,

e.g., code summarization [1, 27, 35, 38, 46], code search [34, 45, 65, 83] and code com-

pletion [7, 13, 51, 59, 78]. Among these downstream tasks, code summarization has

gained the most attention because of its high practical value and its similarity to the

research work in Natural Language Processing (NLP), which is defined as the task of

automatically generating a comment or docstring in natural language to describe the

functionality of a given code fragment. As shown in Figure 1.1, when the yellow code is

fed into a code summarization system, it is supposed to generate a docstring to reveal

the code’s semantics.

Although code summarization intensively follows the progress of neural machine

translation, code modalities distinguish it from text generation and neural machine

translation tasks. Since programming complies with strict grammar, we can explain a

code snippet into various modalities representing different lexical, semantic, and syn-

1



CHAPTER 1. INTRODUCTION

Figure 1.1: An example of code summarization. (Data source: CodeSearchNet
dataset [45])

tactic information. As shown in Figure 1.2, for instance, we can segment a given pro-

gram (the Fibonacci function) into a sequence of tokens with tokenizers, programming

language lexers, or byte-pair-encoding [76], or parse it into Abstract Syntax Tree (AST)

and its variants, e.g., SBT [35], or convert it into Intermediate Representation (IR) or

Control Flow Graph (CFG) with LLVM 1.

int Fib(int x) {
switch (x) {
case 0:
return 0;

case 1:
return 1;

default:
return Fib(x - 1)

+ Fib(x - 2);
}

}

(a) Code snippet

int Fib ( int x ) { 
switch ( x ) { …

▁int ▁Fib ( int ▁x ) 
▁{ ▁switch ▁( …

(b) Code tokens

define i32 @Fib(i32) #0 {
switch i32 %0, label %3 [
i32 0, label %9
i32 1, label %2

]
; <label>:2:
br label %9

; <label>:3:
%4 = add nsw i32 %0, -1
%5 = tail call i32 @Fib(i32 %4)
%6 = add nsw i32 %0, -2
%7 = tail call i32 @Fib(i32 %6)
%8 = add nsw i32 %7, %5
ret i32 %8

; <label>:9:
%10 = phi i32 [1, %2], [%0, %1]
ret i32 %10

}

(d) Intermediate Representation

FuncDecl Fib

switch

case 1 defaultcase 0

return return return

(c) AST

+

Fib(x-1) Fib(x-2)

0 0

Figure 1.2: A program and its modalities. (Image adapted from [20])

Those morphologically diverse representations interpret programs from different

perspectives and serve fundamental roles in code comprehension, contributing to the

evolution of code summarization. At the early stage of the task, researchers [5, 46] used

to face the Out-of-Vocabulary (OoV) problem in tokenization that too many rare tokens

are exempted from the fixed vocabulary and, therefore, will be replaced with a unique

unknown token, e.g., <UNK>, hindering code understanding. Unlike plain text in NLP,

this problem widely exists in machine-learning-based models, and the code summariza-

tion task heavily suffers from OoV tokens because it is not uncommon in programming

1https://llvm.org/
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1.1. BACKGROUND

languages that users-defined identifiers always follow the rules of camel-case or under-

score-case, e.g., funcName and func_name. Except for an extensive vocabulary, copy

mechanism [37] is an alternative method to mitigate such a problem which introduces

a pointer-generator network to copy unknown words from the encoder input. Although

this technique shows substantial effectiveness in some cases [2, 84], it still suffers from

unseen words that only exist in ground truths, leading to an intractable performance

decrease. Sennrich et al. [76] suggested segmenting (rare) words into sub-word units,

enabling us to further separate user-defined tokens with a fixed-size vocabulary. More-

over, AST is another widely applied code representation in the code summarization task.

Tai et al. [80] creatively proposed N-ary and Child-Sum Tree-LSTM cells, which encode

structural representations of programs via merging a node embedding and that of its

children. However, since structural RNNs are notorious for computational complexity,

Hu et al. [43] first proposed linearizing ASTs by a structural-based traversal method,

e.g., depth-first search, balancing the trade-off between structural information and high

computational efficiency. On the other hand, Alon et al. [6] find code snippets sharing

the same functionality but with different implementations that contain identical paths

and encode programs as path modalities. Furthermore, combining code tokens with the

corresponding AST [84] or CFG [38] as a hybrid representation demonstrates efficacy

and better performance in program comprehension.

Categories of code summarization neural-based models Despite the diversity of

code representations, existing methods’ main architectures and training strategies re-

main consistent. According to model architectures and learning policies, we roughly sep-

arate them into three categories, i.e., RNN-based, Transformer-based, and Pre-trained.

Note that in this dissertation, we concentrate more on these models can be implemented

in all programming languages, including Nix.

• RNN-basedmodels Early applications of code summarization models mainly are

comprised of RNN-based encoders and decoders. Researchers in this phase con-

centrate on (1) designing code modalities for code properties and (2) incorporating

machine learning techniques to improve performance. CodeNN [46] is a simple

yet effective model for SQL and C# code snippets, while Tree2Seq [80] employs

two Tree-LSTM cells, i.e., N-ary and Child-Sum Tree-LSTM cells, to represent

the AST of a given code. DeepCom [35] leverages the SBT modality to learn struc-

tural information of code with sequential RNN cells and replace OoV tokens with

their type name in AST to mitigate the OoV problem. Code2seq [6] encodes path

3



CHAPTER 1. INTRODUCTION

as code representations and generate summaries with the global attention mech-

anism. Unlike previous works which pay much attention to the encoder architec-

ture, Wan et al. [84] treats decoding as a reinforcement learning problem to find

optimal decoding results. Hu et al. [44] introduces an API summarization model

to encode APIs of programs and initializes decoder hidden states with knowledge

from source codes.

• Transformer-based models Transformer [81] architecture pushes code summa-

rization into the next generation. CodeTransformer [2] evaluates three positional

encodings in code summarization, i.e., absolute, learned, and relative. Their exper-

imental results prove the hypothesis that mutually swapping operands might not

influence the semantic meaning of expressions, and relative positional encoding

is feasible for learning code representation.

• Pre-trained models CodeBERT [27] is a bi-modal pre-train model for program-

ming language and natural language via masked language modeling and replaced

token detection, enabling it to search code snippets with natural language queries.

GraphCodeBERT [38] first incorporates structural code information to learn gen-

eral code representations via graph-guided masked attention, focusing on rele-

vant signals in computing self-attention weights. Furthermore, GraphCodeBERT

is pre-trained with masked language modeling, edge prediction, and node align-

ment to use data flow. Unlike the aforementioned BERT-basedmodels, PLBART [1]

utilizes the whole Transformer architecture to learn, which uses a noising scheme

to corrupt source codes and restore them by decoding. Such a pre-training strat-

egy enables PLBART to perform better in conditional generation tasks, e.g., code

translation and summarization. To our best knowledge, PLBART is a state-of-the-

art general code representation learning model, and it achieved the best perfor-

mance in partial downstream tasks.

1.2 Challenges

Code summarization in low-resource settings Although the code summarization

task has been comprehensively discussed with various techniques and in different pro-

gramming languages, its applicational setting remains rarely explored. In GitHub, there

are about 297 identified programming languages. High-resource popular languages cover

almost all repositories with extensive high-quality programs, while the novel and low-

4



1.2. CHALLENGES

resource languages are paired with little well-documented code snippets. For instance,

there are 1,536,996 Java and 870,214 Python repositories on GitHub, whereas only 434

and 4,125 repositories are written in the minority languages Nix2 and Haxe3, respec-

tively. To our best knowledge, these minority and novel languages catch no attention

in the code summarization task, which motivates us to perform two toy experiments to

interpret the facts.

Our first experiment evaluates model performances with different numbers of paral-

lel data pairs. From Figure 1.3, we observe that a Seq2Seq model can achieve high per-

formance in a large-scale corpus, but when the number of training samples decreases,

their performance shrinks correspondingly. Moreover, this phenomenon widely appears

in the neural-based models initialized from scratch according to our experimental re-

sults in Chapter 4. We attribute the problem to data-hungry, which presents the per-

formance of neural-based approaches initialized from scratch and heavily relies on a

large amount of well-labeled training samples, which tend to be expensive and time-

consuming to collect and therefore hinder researchers from focusing their attention on

these minority languages.

Figure 1.3: The performance of a Seq2Seq model in code summarization when varying
the portion of training samples. The Seq2Seq model utilizes 2-layer Bi-LSTMs for its
encoder and decoder with an attention mechanism, and the data are collected from [84].

Furthermore, since high-quality datasets of minority languages are unavailable, it

brings us a question: "Can we directly summarize a code written in a low-resource lan-
2https://nix.dev/anti-patterns/language.html
3https://haxe.org/
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CHAPTER 1. INTRODUCTION

guage with a pre-trained model from a large corpus?". From Table 1.2, we observe that

there lies a language gap between programming languages (e.g., Ruby and Nix in our ex-

periments) that guarantee high performances for models pre-trained and evaluated on

the same programming language but worse performances for models pre-trained and

tested on the different datasets. It might be because programmers prefer imperative

features in Ruby while Nix only supports functional features, leading to syntactically

in Ruby and Nix code snippets. Table 1.1, for instance, shows two implementations in

Ruby and Nix programming languages. The Ruby implementation follows imperative

programming, while the Nix code employs an accumulator (a fundamental property

in functional programming languages) to recursively call the Fibonacci function. Last

but not least, it is widely recognized that transferring prior knowledge significantly

improves model performances on low-resource datasets, but extracting knowledge for

syntactically different programming languages is challenging.

Table 1.1: The Fibonacci function in Ruby and Nix Implementations.

Ruby implementation
def fibonacci(n)

if n == 1
1

elseif n == 2
1

else
fibonacci(n - 1) + fibonacci(n - 2)

end
end

Nix implementation
fibonacci' = i: n: m: if i == 0 then n

else fibonacci' (i - 1) m (n + m);
fibonacci = n: fibonacci' n 1 1;

Table 1.2: Experimental results of evaluating pre-trained models on different datasets.
A → B denotes inference operation where a model is first pre-trained on the A dataset
and tested on the B dataset. The base model is Transformer.

Method BLEU ROUGE-L METEOR

Ruby → Ruby 15.50 17.70 6.59
Ruby → Nix 3.87 0.06 0.14
Nix → Nix 13.56 6.70 3.03
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Lack of fair comparison It is universally recognized that deep-learning-based mod-

els are susceptible to many elements, e.g., random seed, implementation platform, and

datasets, making it difficult to compare or seek out factors that ensure performance. To

our best knowledge, there are no such toolkits or platforms for researchers in program-

ming language and software engineering, while similar repositories in natural language

processing cannot meet our specifications. For instance, there is no implementation to

fast generate, read and write the modalities mentioned above.

To this end, we implemented and released NATURALCC, an open-source machine-

learning-based toolkit for automated software engineering downstream tasks, enabling

users to fast prototype, reproduce state-of-the-art models, or verify the correctness of

algorithms.

1.3 Contributions

In summary, the contributions made in this dissertation are shown as follows:

• The roadmap for the code summarization task The main contribution of this

dissertation is a comprehensive illustration of the code summarization task with

machine learning techniques. We first list popular code modalities proposed in

previous works and elaborate on the development of code summarization models.

• METASUM is a meta-learning-based summarization model that works in enor-

mous corpora and low-resource settings. The experimental results reveal that our

method excels baselines on two low-resource datasets, and even the amount of

dataset decreases, our model is more stable than other works.

• NATURALCC benchmark: a comprehensive open-source toolkit for automated

software engineering. With the toolkit, researchers can reproduce state-of-the-art

models and explore the development of downstream tasks in related fields. This

dissertation only illustrates the source codes related to the code summarization

task. Complete detail of this work is given in Chapter 6.

1.4 Organization

The organization of this dissertation is shown as follows:

• A literature review of code summarization is found in Chapter 2.

7
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• Chapter 3 illustrates the roadmap of code summarization in detail.

• Chapter 4 demonstrates our work of code summarization in low-resource settings.

• Chapter 5 presents an open-source toolkit, NATURALCC, to reproduce experi-

ments and for a fair comparison.

• Finally, Chapter 6 shows conclusions and a summary of the results obtained in

the dissertation.
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2
LITERATURE REVIEW

This chapter gives a brief overview of related works in the field of code summarization.

The novelty of our work is not discussed in this literature review chapter.

2.1 Code Intelligence

Code intelligence automatically completes downstream tasks of automated software en-

gineering using artificial-intelligence-basedmethods. Benefiting from the recent progress

in deep-learning-based NLP, there are has been a resurgence of interest in code intel-

ligence tasks, e.g., code retrieval [15, 34, 45, 65, 83], code translation [17, 36, 54], code

summarization [2, 43, 46, 84], and code completion [7, 13, 51, 59, 78]. Code retrieval is

to search relevant code based on the semantics meaning of natural language query or

source code inputs, also known as semantics-based code search [15, 34, 45] and code-to-

code search [50]. As for code translation and code summarization, although literately

designed for different purposes, they utilize the encode-decoder framework to encode

source programs as contextual information and decode them in another programming

language or natural language. Thanks to the pre-trained model [1, 27, 38] in program-

ming language, models of these tasks gain performance enhancement because of gen-

eral code representation. More importantly, code completion automatically completes

code via predicting the candidate tokens to meet user specifications. Structural repre-

sentations [7, 51] have been prove effective for the task.

This dissertation concentrates on the code summarization task and its real-world
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applications in low-resource programming languages. Additionally, in Chapter 5, we

introduce a machine-learning-based toolkit, named NATURALCC, for code intelligence

and demonstrate the necessity for the software community. We have implemented six

downstream tasks and state-of-the-art models on the toolkit, including the experiments

and the corresponding source codes.

2.2 Code Summarization

A key challenge of code summarization lies in code representation learning. Existing

approaches learn code semantics via encoding different code modalities, e.g., sequential

code tokens and AST. Allamanis et al. [5] design a convolution neural network with

attention mechanism for code summarization. Iyer et al. [46] propose CodeNN by com-

bining an LSTM-based decoder and attention mechanism to generate descriptions for

SQL queries and C# code snippets as well as to search codes. Hu et al. [43] propose lin-

earizing the ASTs for computational efficiency and replacing out-of-vocabulary words

with type information for programs’ structural representations. Alon et al. [6] propose

to represent code by uniformly sampling paths between terminals of a given AST and

have achieved a promising performance in code summarization and code caption tasks.

In addition, Wan et al. [84] propose a hybrid representation approach via fusing the

sequential token representation and structural AST representation. They also consider

summary generation as a reinforcement learning problem to mitigate the exposure bias

while decoding. Ahmad et al. [2] propose an enhanced Transformer and a relative posi-

tion encoding to represent the AST of code better and copy attention to handling the out-

of-vocabulary problem. Furthermore, Alexander et al. [57] and Liu et al. [62] propose

to present codes as graphs (e.g., control-flow graphs and data-flow graphs) and apply

Graph Neural Networks (GNNs) to encode the graphs. Although these works perform

well in large-scale corpora, they still suffer from the data-hungry problem.

On the other hand, several pre-trained models are recently introduced for the soft-

ware engineering community, such as CodeBERT [27], GraphCodeBERT [38] and PLBART [1].

They are pre-trained on large-scale corpora for code representation learning and can be

directly applied to low-resource settings. Since CodeBERT and GraphCodeBERT are

Transformer-encoder-only models, while applied to the code summarization task, they

require a different Transformer decoder randomly initialized for comment generation,

which makes it challenging to learn in low-resource settings. Furthermore, PLBART

is based on a complete Transformer architecture and, therefore, may not suffer from
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the data-hungry problem, but its input excludes structural information, which can be

confused by identifiers with the same name at source codes.

2.3 Few-shot Learning

Another related task is low-resource neural machine translation in NLP [25, 32, 48, 52,

69, 87], focusing on translation with small or no parallel corpora. To this end, some

works [32, 87] have been proposed to improve model performance via transfer learning,

which leverages external knowledge from high-resource datasets to tackle problems in

low-resource language corpora. Zoph et al. [87] transfer the model parameters learned

from high-resource language pairs to initialize and constrain training, significantly im-

proving model performances in low-resource languages. Instead of directly transferring

the pre-trained parameters learned from a high-resource parallel dataset, Gu et al. [32]

use meta-learning to learn optimal parameters as initialization, enabling fast adapta-

tion towards low-resource language data pairs. Neubig et al. [69] propose jointly train-

ing a model on a low-resource language and a similar right-resource language to prevent

over-fitting. In an extreme context where there are no parallel data pairs for training,

some works [48, 52] introduce a third high-resource language as a pivot to bride them.

On the other hand, data augmentation [25, 26, 86] is an alternative method for

the low-resource translation task. Inspired by work in computer vision, Fadaa et al.

[25] propose a novel data augmentation approach to generate sentence pairs containing

rare words. Xia et al. [86] propose a general framework for the low-resource machine

translation task, injecting low-resource language words into a high-resource dataset by

an induced bilingual dictionary and then editing these modified sentences with an un-

supervised machine translation framework. However, data augmentation is not always

suitable for NLP tasks according to [47]. Jha et al. [47] find that augmentation often

hurts performance before it helps and is less effective for preferred features, which is

more challenging for the model to extract from inputs.

Similar to some works above, instead of augmenting training samples with self-

defined rules which may conflict with programming language grammars, our method

leverage a more stable method, meta-learning, to extract and transfer external knowl-

edge for low-resource code summarization task.
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2.4 Pre-trained Models

Previous related works widely acknowledged that using pre-trained models, namely

external knowledge, can considerably improve model performance, accelerate training,

and tackle tasks in low-resource settings. Enlightened by this idea, Devlin et al. [22]

creatively propose BERT, a Transformer [81] encoder only model, which learns textual

representation via masked language modeling and next sentence prediction, and start

a new pre-training scheme, i.e., pre-training over-parameterized models on extensive

corpus and then fine-tuning it on downstream tasks. Based on BERT, Liu et al. [63]

introduce using dynamic masking language modeling to learn representation for better

performance on downstream tasks. Lewis et al. [58] present BART, a transformer-based

language model, pre-trained with noising schemes and achieves high performance in

generation tasks. Liu et al. [61] extend BART in multilingual scenarios and propose

mBART, which can translate sentences between natural languages.

Due to the immense success of pre-training methods in NLP, pre-trained models for

software engineering communities have also benefited from such an idea. Lachaux and

Roziere etal. [54] proposed CodeTrans, which is pre-trained in unsupervised learning

and translates programs between Java, Python, and C++ languages. Feng et al. [27]

propose CodeBERT, the first pre-trained model for natural language and programming

language, to learn representation via masked language modeling and replace token

detection objectives. With CodeBERT as an initial model, Jung [49] proposes Commit-

BERT on code modification for commit message generation. Unlike CodeBERT, Guo et

al. [38] propose GraphCodeBERT by creatively devising graph-guided masked atten-

tion to leverage code structural information for better code understanding. In contrast

to pre-train BERT, Ahmad et al. [1] recently proposed PLBART, which pre-trains the

mBART for code representation learning and outperforms other BERT-based methods

in the code generation task. In this dissertation, we employed those pre-trained mod-

els as initialization for our work and then continuously fine-tuned parameters with

meta-learning techniques and adapted them to target languages for code summariza-

tion evaluation.

2.5 Meta-Learning

Meta-learning, also known as learning to learn, is a task of designing models that

can rapidly learn knowledge or adapt to new application scenarios with limited data
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samples. It has been widely applied in computer vision [28, 53, 75], natural language

processing [33, 68] and manipulation [23]. This field’s research mainly includes metric-

based, model-based, and optimization-basedmeta-learning. Metric-basedmeta-learning

learns a distance function between data points to classify instances via comparing them

to the K-labeled examples. Koch et al. [53] employ the Siamese neural network to verify

whether two images belong to the same class. Vinyals et al. [82] propose the match-

ing networks functioning as a weighted nearest-neighbor classifier to tackle the one-

shot problem. Model-based meta-learning models, e.g., Neural Turing Machines, use

external memory to store knowledge. Santoro et al. [75] use proposed addressing mech-

anisms to assign attention weights to memory vectors. Optimization-based methods

learn via optimizing network parameters for fast adaption. Ravi et al. use an LSTM-

based meta-learner model to learn the exact optimization algorithm. Finn et al. [28]

propose Model-Agnostic Meta-Learning (MAML) model to learn the optimal parame-

ters as initialization where few gradient updates will lead to fast learning on a new

task. For simplified and cheaper implementation, First Order MAML (FOMAML) [12]

is proposed via omitting second derivatives. Nichol et al. [70] propose Reptile, a rela-

tively simple meta-learning optimization algorithm, which updates parameters with ac-

cumulated gradients from all tasks. As for meta-learning in NLP, Gu et al. [33] propose

MetaNMT, a MAML-based translation model, which translates text between eighteen

languages. Madotto et al. [68] extend MAML to personalized dialogue learning without

using persona descriptions. In this dissertation, we apply MAML and FOMAML to ex-

tract common knowledge from high-resource programming languages and then adapt it

to low-resource programming languages datasets for the code summarization task.

Unlike transfer learning, which extracts prior knowledge by direct gradient-based

computation, meta-learning, or more specifically, in our experiments, model-agnostic

meta-learning extracts knowledge by computing expectation on various domains, en-

abling it to consider how to acquire sensitive parameters for all programming languages.

Therefore, once it is adapted to an unseen target domain, the distilled knowledge from

the meta-learning strategy still works even with a vast syntactical gap between pro-

gramming languages. To our best knowledge, this is the first work about meta-learning

for low-resource programming language in the code summarization task.
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3
ROADMAP OF CODE SUMMARIZATION WITH MACHINE

LEARNING

W ith the progress of code intelligence and natural language processing, code

summarization, which aims to generate natural language texts to describe the

functionality or semantics of a code fragment, has become increasingly crucial

for program comprehension and software development. Since machine-learning-based

code summarization has flourished for years, a detailed illustration of the roadmap of

the task is beneficial for us to understand. This chapter will first elaborate on how to

represent source code into different modalities and their advantages and disadvantages.

Then, we will learn some preliminaries about neural-based models and milestone mod-

els in the code summarization task with mainstream evaluation metrics.
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3.1 Preliminaries

3.1.1 Tokenization

There is no ambiguity in code tokenization because programming languages follow strict

grammar. Employing programming language grammar or lexer for source code segmen-

tation has proven effective in the code summarization task.

Out-of-Vocabulary (OoV) Problem Given that the size of a vocabulary is limited,

out-of-vocabulary tokens are replaced by a unique unknown token, e.g., <UNK>. It may

work effectively in NLP because these tokens are scarce. However, it is not uncommon in

source code that programmers tend to define identifiers with camel-case or under-score-

case, e.g., funcName and func_name, which makes it challenging to build a fixed vocab-

ulary that can cover almost tokens. As a result, a source input with various <UNK> will

be fed into models and predict meaningless comments.

Copy Mechanism [37] A leading solution for the OoV problem is a copy mechanism

comprising a pointer generator network to predicate tokens conditional on vocabulary

and OoV word distributions. The network functions as a switcher to predict a word from

vocabulary or copy an OoV word from the input sequence. Let Pvocab be the probability

distribution over the fixed vocabulary, and Pgen denotes the probability distribution

over OoV words. We have the final prediction distribution:

(3.1) P(w)= pgenPvocab(w)+ (1− pgen)
∑

input
at
i

where pgen is the trade-off between two probability distributions, w is the predicated

word and at
i denotes probability distribution at the time step t over the input sequence.

Intuitively, if w is an out-of-vocabulary word, then Pvocab(w) is zero, and the model will

predicate a word from source input.

Byte-Pair-Encoding (BPE) Although copy mechanism partially addresses the OoV

problem by copying words from source input, it still suffers from a situation where

ground-truth contains unseen words that do not exist in the vocabulary or source in-

put. Byte pair encoding is proposed to tackle such a problem by segmenting words into

smaller units. As an example, consider an OoV word such as lower which will be sepa-

rated into low and er with BPE tokenizer.
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3.1.2 Code Modalities

Unlike plain natural language text, a code can be parsed into many modalities for dif-

ferent purposes. In this sub-section, we will elaborate on some well-known modalities

with a code example shown in the Listing 3.1.

Listing 3.1: A Java code example from [34].

1 public String extractFor ( Integer id ) {

2 LOG. debug ( " Extracting method with ID : { } " , id ) ;

3 return requests . remove ( id ) ;

4 }

Code token We treat source code as plain text for this modality and separate it with

previously described tokenizers. We usually employ a lexer to tokenize code and remove

comments hidden in code snippets to acquire high-quality code tokens. Moreover, since

the user-defined identifiers usually follow camel-case or under-score-case, some datasets

choose to separate identifiers into sub-tokens by ignoring joint symbols if they have, e.g.,

"extractFor" → "extract" and "For". Similarly, employing BPE to segment identifiers is

an alternative method of code tokenization without worrying about the OoV problem.

AST It is commonly acknowledged that AST includes semantics and syntactic infor-

mation. Although code token is simple but effective, structural information of codes will

be ignored, resulting in low-quality comment generation. Therefore, we parse source

code into AST and tokenize its leaf nodes in the same way as code tokens because iden-

tifiers are stored in these nodes. While training with ASTs, neural-based models [80]

treat it as a directed graph and merge the entire AST information into its root node.

SBT Since structural networks, e.g., TreeLSTM, are notorious for computational com-

plexity, linearizing structural modalities for sequential RNNs is appealing for the code

summarization task, which can considerably accelerate training time. Hu et al. [43] pro-

posed to convert AST into specially formatted sequences by traversing it, which guar-

antees a good balance between structural information loss and computational efficiency.

Moreover, the SBT modality replaces the out-of-vocabulary tokens with their type infor-

mation in ASTs instead of the meaningless word for the OoV problem. Figure 3.1 shows

AST and SBT modalities of the code example in Listing 3.1.
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Figure 3.1: The AST and SBT modalities of the code example 3.1. (Image source: [43])

Path Alon et al. [6] argue that a code snippet can be represented as a set of composi-

tional paths over its AST, where each path is compressed to a fixed vector to leverage the

syntactic structure of programming languages. In an AST, its leaf nodes are called ter-
minals which usually refer to user-defined identifiers, and its non-leaf nodes are called

non-terminals representing structural information of the language, e.g., declarations,

expressions, and statements.

The path modality is defined as a route between two terminals of a given AST. Since

an AST can contain enormous paths, we only sample k paths as the path representa-

tion of a code snippet. Formally, let v = (v1, ..,v|v|) be a set of terminals in an AST. At

each training step, we unifromly sample k paths: (v11,v
1
2, ...,v

1
l1
), ..., (vk1 ,v

k
2 , ...,v

k
lk
), where

l i denotes the length of j-th path.

3.1.3 RNN cells

Recurrent neural networks (RNNs) are widely used to encode contextual information

of code input at the early stage of code summarization. According to their application

scenarios, the basic unit of RNNs can be separated into two categories, i.e., Sequential

RNN cells and Structural RNN cells. Sequential RNN cells mainly encode code modali-

ties that can be represented in a linear format, e.g., code tokens, SBT, and the interme-

diate part of Path modality, and structural RNN cells handle modalities of structural

information, e.g., AST and its variants.

Sequential RNN cells RNNs process linear input sequences of arbitrary length by

updating hidden state ht with a transition function step by step. At each time step t, the
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neural network receives a input vector xt and its previous hidden state ht−1 to calculate
the new hidden state ht. A vanilla RNN cell is defined as follows:

(3.2) ht = tanh(Wxt+Uht−1+b)

where W , U , and b are the network parameters. However, vanilla RNNs meet a prob-

lem with exploding or vanishing gradients, making it challenging to learn long-distance

correlations because gradients can grow or decay exponentially in a long sequence.

LSTM is devised to address the problem above via introducing a memory cell to

preserve states at each time step. Although massive LSTM architecture variants have

been proposed, the architecture plays a dominant position in LSTM-based models. The

LSTM transition equations are defined as the following:

i t =σ(W (i)xt+U (i)ht−1+b(i)),(3.3)

f t =σ(W ( f )xt+U ( f )ht−1+b( f )),(3.4)

ot =σ(W (o)xt+U (o)ht−1+b(o)),(3.5)

ut = tanh(Wuxt+U (o)ht−1+b(o)),(3.6)

ct = i t⊙ut+ f t⊙ ct−1,(3.7)

ht = ot⊙ tanh(ct),(3.8)

where xt denotes the input at the current time step t, σ denotes the sigmoid function

and ⊙ is element-wise multiplication, Intuitively, Equation (3.4) controls the extent of

previous memory information and Equation (3.7) updates current memory information

ct upon new time step information i t and ut, and the previous one ct−1.

Structural RNN cells Since the above RNNs only receive linear sequence, [80] pro-

posed two Tree LSTM cells, i.e., Child-Sum and N-ary, to merge information from a tree

structural input.

Given an AST, let C( j) denote the set of children nodes of node j. The Child-Sum
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Tree LSTM transition equations are defined as follows:

h̃ j =
∑

k∈C( j)
h j,(3.9)

i j =σ(W (i)x j+U (i)h̃ j+b(i)),(3.10)

f jk =σ(W ( f )x j+U ( f )hk+b( f )),(3.11)

o j =σ(W (o)x j+U (o)h̃ j+b(o)),(3.12)

u j = tanh(Wux j+U (o)h̃ j+b(u)),(3.13)

c j = i j⊙u j+ f jk⊙ ck,(3.14)

h j = o j⊙ tanh(c j),(3.15)

Intuitively, Equation (3.14) updates memory information c j of node j upon its new in-

formation i j and u j, and memory information set {ck} from its children nodes.

For N-ary Tree LSTM cell, it indexes a node’s children from 1 to L but only incorpo-

rates information from the first N nodes. Its transition equations are defined as follows:

i j =σ(W (i)x j+
N∑
l=1

U (i)
l h jl +b(i)),(3.16)

f jk =σ(W ( f )x j+
N∑
l=1

U ( f )
kl h jl +b( f )),(3.17)

o j =σ(W (o)x j+
N∑
l=1

U (o)
l h jl +b(o)),(3.18)

u j =σ(W (u)x j+
N∑
l=1

U (u)
l h jl +b(u)),(3.19)

c j = i j⊙u j+
N∑
l=1

f jl ⊙ c jl ,(3.20)

h j = o j⊙ tanh(c j),(3.21)

3.1.4 Attention Mechanism

Global Attention In a generation architecture, we formulate each conditional proba-

bility as follows:

(3.22) p(yt|y1:t−1,x)= g(yt−1, st, ct)

where x= x1:|x| and y= y1:|y| are source sequence and target sequence, respectively, g is

a network to compute conditional probability p(yt|y1:t−1,x) at the decoding time step t,
st denotes history information and ct denotes context vector.
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The history information st denotes accumulated knowledge of the target sub-sequence

y1:|y|. In an RNNs based decoder f , the hidden state st is computed by

(3.23) st = f (st−1, yt−1, ct)

The context vector ct depends on a sequence of annotations (h1, ...,h|x|) to which

an encoder maps the source sequence. Each annotation h1 incorporates comprehensive

contextual information of the source sequence with a different concentration on the

surrounding words of t-th words. The context vector ct is computed as the following:

(3.24) ct =
|x|∑
j=1

αt jh j

where αt j is the weight coefficient of annotation h j, computed by

(3.25) αt j =
exp(e t j)∑|x|

k=1 exp(e tk)

where a is a alignment model [9] to measure the weight matrix e t j = a(st−1,h j ) present-

ing how well the source tokens around position j and the t-th target token match.

Self Attention [81] In each attention head, the input vectors, x = (x1, ...,xn) where

xi ∈Rdmodel , are transformed into the output vectors o= (o1, ...,on) as follows:

oi =
n∑
j=1

αi j(x jWV ),(3.26)

αi j =
exp(e i j)∑n

k=1 exp(e ik)
,(3.27)

e i j =
(xiWQ)(x jWV )T√

dk
,(3.28)

where WQ ,WK ,WV ∈ Rdmodel×dk are the network parameters. These parameters are

unique per layer and attention head.

3.1.5 Positional Encoding

RNN-based models learn input sequences by time steps, enabling RNN cells to remem-

ber the orders between them. However, Transformer-based models contain no recur-

rence and no convolution and, therefore, Positional Encoding (PE) was proposed to rep-

resent sequential information that is added to the input embeddings of encoder and de-

coder. This dissertation only introduces two PE schemes applied in code summarization
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tasks. Absolute positional encoding [81], a.k.a., sinusoid positional encoding, employs

sine and cosine functions for even and odd positions, respectively, and is computed as

follows:

PEpos,2i = sin(pos/100002i/dmodel )(3.29)

PEpos,2i+1 = cos(pos/100002i/dmodel )(3.30)

where pos is the position and i is sequential order. Additionally, learned positional en-

coding [30] uses a word embedding layer to automatically learn sequential representa-

tion and produce nearly identical results as absolute positional encoding.

3.1.6 Encoder-Decoder Framework

Existing code summarization approaches follow the encoder-decoder framework, suc-

cessfully adopted in the text generation [73] and neural machine translation [67] tasks.

Given a code-comment pair < x,y>=< (x1,x2, ...,x|x|), (y1, y2, ..., y|y|)>, the models fol-

lowing the framework first encode the source code x into a sequence of continuous repre-

sentations z = (z1, ..., z|x|) and decode the target comments conditional on the sequence

z. While decoding, the probability of the next target tokencan be factorized as:

(3.31) p( ŷt|x)=
∏

p( ŷt| ŷ<t,x)

In attention-based models [19, 42], a contextual vector ct is computed by attention mech-

anism [66] and the encoder representations z). The models predict the target token ŷt
conditional on the contextual vector ct and the decoding state ht:

(3.32) p( ŷt| ŷ<t,x)=Softmax( f (ct,ht))

where f denotes a linear network to map decoder output into vocabulary probability

with a softmax activation.

The objective of the encoder-decoder-framework, for instance, with cross-entropy cri-

terion, is defined as follows:

(3.33) L =CrossEntropty(y, ŷ)=− 1
|y|

|y|∑
t=1

|V |∑
k=1

1{yt = k} log(p( ŷt = k))

where |V | is the vocabulary size of the target programming language, yt is the t-th target

token, and 1{·} is the indicator function that represents the one-hot label.
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3.2 Code Summarization Models

This section will elaborate on some well-known baseline models in code summarization.

According to model architecture and training strategies, we separate them into three

categories, i.e., RNN-based, Transformer-based, and Pre-training.

3.2.1 RNN-based Models

At the early stage of the code summarization task, models in this category employ RNN

cells for encoder and decoder and an extra attention mechanism.

Code-NN is an early neural-based model in the code summarization task. Its struc-

ture comprises an embedding layer as an encoder and a one-layer vanilla LSTM as a

decoder, and it uses global attention to decode target comments with the encoder repre-

sentations.

DeepCom proposes Structure-based Traversal (SBT), a new code modality to learn

structural code representation, and replaces out-of-vocabulary tokens with their type

information in ASTs for the OoV problem. Its architecture follows a classic Encoder-
Decoder-Attention paradigm.

BiLSTM In our experiments, BiLSTM employs two-layer bi-directional LSTMs for

encoder and decoder and global attention to aligning prediction with source input. The

bidirectional LSTM is defined as follows:

−→
ht =LSTM(e(xt),

−−−→
ht−1)(3.34)

←−
ht =LSTM(e(xt),

←−−−
ht−1)(3.35)

where t = 1, . . . , |x|, and e(xt) denotes representation from the word embedding layer e.
We concatenate the last hidden state of vectors as the final representation of a bidirec-

tional LSTM, i.e., ht =−−→
h|x|⊕←−

h1 , where ⊕ denotes the concatenation operation.

To our best knowledge, the layer number of LSTM-based encoder and decoder can

bring better performance, and bi-directional LSTMs excel those models with single di-

rectional LSTMs.

Tree2Seq [80] There are two Tree-LSTMs encoders, i.e., Child-Sum Tree-LSTM en-

coder and N-ary Tree-LSTM encoder, encoding the structural information of a given
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AST. Additionally, they use the same global attention mechanism and decoder structure

to predicate target tokens.

RL+Hybrid2Seq[84] It employs a vanilla LSTM and a Tree-LSTM to encode token

representations and code structural representations, respectively but decodes with rein-

forcement learning. Unlike the conventional encoder-decoder framework, which learns

via maximizing the likelihood of predicted words with ground-truth sequences, rein-

forcement learning optimizes networks based on evaluation metrics, e.g., BLEU for code

summarization. RL+Hybrid2Seq introduces a critic network to approximate the value

of generated action at time step t. Given a policy π sampled from probability distribu-

tion during decoding, the value function Vπ is defined as the prediction of total reward

from the state st under the policy π. Formally, the reward function is defined as follows:

(3.36) Vπ(st)= Est+1:T ,yt:T [
T−t∑
l=0

r t+l |yt+1:T ,h],

where T = |y| is the max step of decoding; h is the representation of code snippet. Addi-

tionally, the reward r t is defined as follows:

r t =
0, if t<T

BLEU, otherwiset=T or EOS
(3.37)

Mathematically, Wan et al. [84] optimize the critic network via the following loss

function:

(3.38) L (ϕ)= 1
2
||Vπ(st)−Vπ

ϕ (st)||2,
where ϕ denotes the parameters of critic network, Vπ(st) denotes the ground-truth value

and Vπ
ϕ (st) denotes the predication value of critic network.

Code2Seq [6] encodes each path separately using a bi-directional LSTM layer and

captures the compositional nature of terminal tokens with a sub-token embedding layer.

Given a set of AST paths {x1, ...,xk} where xi = vi1v
i
2...v

i
l i
, Code2Seq aims to encode the

path set into a sequence of combined representations (z1, ..., zk).
For path representation, Alon et al. [6] represent each node using a word embedding

layer Enodes and then encode the entire sequence with a bi-directional LSTM:
−→
h =LSTM(Enodes(v1), ...,Enodes(vl)),(3.39)
←−
h =LSTM(Enodes(vl), ...,Enodes(v1)),(3.40)

epath(v1...vl)=−→
h l ⊕←−

h 1,(3.41)
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Token representation is defined as the sum of sub-token representations using the em-

bedding layer Esubtokens:

(3.42) etoken(w)= ∑
s∈split(w)

Esubtokens(s)

where split denotes a tokenizer for user-defined identifiers.

To represent a given path xi = vi1v
i
2...v

i
l i
, Alon et al. [6] concatenate the path’s rep-

resentation with the terminals representations followed by a linear network W paired

with tanh function:

(3.43) zi = tanh(W(epath⊕etoken(v1)⊕etoken(vl)))

To provide the decoder with an initial state, they average the combined representa-

tions (z1, ..., zk) of a given AST:

(3.44) h0 = 1
k
mk

i=1zi

3.2.2 Transformer-based Models

Transformer[81] It employs an encoder-decoder framework consisting of stacked en-

code and decoder layers. Encoder layers comprise two sub-layers: a multi-head self-

attention layer followed by a position-wise fully connected feed-forward layer. Decoder

layers consist of three sub-layers: a multi-head self-attention layer followed by an encoder-

decoder self-attention layer and a position-wise fully connected feed-forward layer. It

employs residual connections [39] around each of the sub-layers, followed by layer nor-

malization [8].

CodeTransformer[2] employs the relation-aware self-attention [77] mechanism to

acquire relative position representations because program semantics does not rely on

the absolute order of its code tokens. Instead, for some operators meeting commutative

law, swapping the order of operands does not affect the correctness of an algorithm.

For instance, the expressions a+ b and b+a share the same semantic meaning. Given

the pairwise relationships between input elements, Shaw et al. [77] modify the self-

attention mechanism as follows:

oi =
n∑
j=1

αi j(x jWV +aVi j),(3.45)

e i j =
(xiWQ)(x jWV )T +aK

i j√
dk

,(3.46)
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Figure 3.2: The Transformer architecture. (Image source: [81])

where aVi j and aK
i j are relative positional representations between i-th and j-th positions.

Furthermore, Shaw et al. [77] hypothesize that useful relative position representations

are not beyond a certain distance and, therefore, the adapted mechanism clips the max-

imum relative position to a maximum width k.

aK
i j =wK

j−i,k(3.47)

aVi j =wV
j−i,k(3.48)

clip(x,k)=min(|x|,k)(3.49)

where wK = (wK
−k, ...,w

K
k ) and wV = (wV

−k, ...,w
V
k ) are word embedding layers denoting rel-

ative position representations. Note that Equation 3.49 in CodeTransformer is different

from Shaw et al. [77], i.e., clip(x,k)=max(−k,min(k,x)), because Ahmad et al. [2] want

to ignore the directional information [3].
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3.2.3 Pre-training Models

CodeBERT [27] is a Transformer encoder model pre-trained on source code paired

with natural language comments via masked language modeling and replaced token

detection objectives.

GraphCodeBERT is the first pre-trained BERT-based model that leverages program

structural information for code presentation learning. The model tasks source code

paired with comment and the corresponding data flow as input and is pre-trained using

masked language modeling, data flow edge prediction, and variable alignment between

code and its data flow.

PLBART is a denoising auto-encoder pre-trained on a large-collection Java and Python

corpus and natural language descriptions of codes via denoising schemes, i.e., token

masking, token deletion, and token infilling.

Figure 3.3 shows the architectures for BERT-based models and BART-based models.

Bert-based models such as CodeBERT and GraphCodeBERT employ a bidirectional en-

coder to learn contextual representations via masked language modeling and replaced

token detection objectives. BART-based models, e.g., simultaneously learn code repre-

sentations via encoding corrupted input with a directional encoder and learn to predict

with an additional auto-regressive decoder in which only previous states are available

for the following code generation.

Bidirectional
Encoder

A  _  C _

A  B C D E

(a) BERT.

Bidirectional
Encoder

Auto-regressive
Decoder

A  _  C _  C <EOS> A B C D

A B C D E

(b) BART.

Figure 3.3: The architectures of BERT-based (3.3a) and BART-based (3.3b) pre-trained
models.
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3.2.3.1 Evaluation Metrics

We use three automatic evaluation metrics, i.e., BLEU [72], ROUGE [60] and ME-

TEOR [10], to evaluate the quality of generated comments. In this dissertation, we

adopt the BLEU, ROUGE-L, and METEOR metrics.

BLEU [72] is a classical evaluation metric that was first designed to assess the qual-

ity of translated sentences in machine translation. It measures the n-gram precision

on the reference sentences, with a penalty for short sentences. Formally, the BLEU is

calculated as follows:

(3.50) BLEU=BP∗exp
(

N∑
n=1

αn log pn

)
,

where N = 1,2,3,4, αn is the positive coefficient for each gram, and pn is the percentage

of n-gram sub-sequences in both the candidate and reference sentences simultaneously.

Since pn encourages to predict short sentences, we introduce a brevity penalty (BP)

item to penalize those short sentences, which is defined as follows:

(3.51) BP=
{

1 if c> r
e(1−

r
c ) otherwise,

where r and c are the reference sentence and candidate sentence length, respectively.

ROUGE [60] is an evaluation metric based on the n-gram precision and recall.

Formally, the ROUGE-N is defined as follows:

(3.52) ROUGE-N= 2PnRn

Rn+Pn
,

where Pn and Rn represent the n-gram precision and recall, respectively. Similar to

ROUGE-N, ROUGE-L is based on the longest common subsequence between generated

sentence and reference sentences, instead of based on the n-gram statistics.

METEOR [10] Like ROUGE, METEOR is also recall-oriented by modifying the com-

putation of precision and recall, with an additional penalty score to penalize those sen-

tences with incorrect word order.

(3.53) METEOR= F1(1−Penalty),
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where F1 is based on the uni-gram precision (P1) and recall (R1), i.e., F1 = 10P1R1
R1+9P1

. In ad-

dition, the Penalty factor is designed as the ratio of matched chunk number to matched

uni-gram number between the candidate and reference sentences, i.e.,

(3.54) Penalty= 0.5
(

#chunks
#matched uni-gram

)3
.

where chunk is composed of a group of adjacent uni-grams that are in both the candidate

and reference sentences.
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4
CODE SUMMARIZATION IN LOW-RESOURCE SETTINGS

Code documentation in the form of code comments has been an integral com-

ponent of program development, supporting many sub-fields of software engi-

neering: software maintenance, code categorization, and code retrieval. Unfor-

tunately, only a few real-world software repositories are well-documented with high-

quality comments. Due to inconsistent comments or different naming conventions, many

projects are inadequately documented, resulting in high maintenance costs. Therefore,

code summarization has become increasingly important in automated software engi-

neering and code intelligence. Although the code summarization task has been consider-

ably explored, its application in real-world low-resource settings attracts little attention

because of the lack of high-quality corpus and language gap. In this chapter, we propose

METASUM, a meta-learning-based summarization model, excels all baselines in two

real-world datasets from GitHub, and detailed experiments also prove METASUM has

robustness when varying the portion of an enormous corpus.
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4.1 Existing Problems

Although the code summarization task [5, 46, 84] benefits from the advances in ma-

chine learning and natural language processing communities, it remains challenging

for low-resource settings where only a few samples are available for training. Most ex-

isting methods will summarize wrong descriptions of the semantics meaning for code

snippets and cannot be directly tackled by models in high-resource programming lan-

guages. We attribute these problems to the issues of data-hungry and language gap.
From the perspective of data-hungry, models without prior knowledge heavily rely on

enormous well-documented corpora, which is impossible for low-resource programming

languages, and tend to be ineffective in code summarization. Moreover, due to the ex-

istence of language gap, directly employing models trained on high-resource languages

for real-world low-resource applications can only acquire lousy performance. Therefore,

the main problem is how to use massive well-documented programs for low-resource

programming languages even if there is an ineligible language gap between them.

4.1.1 Challenges

Themain challenge of the problemmentioned above is effectively extracting prior knowl-

edge from high-resource programming languages and adapting it to a new program-

ming language in low-resource settings. We assume that although the programming

language gap widely exists between programming languages, a shared common knowl-

edge, e.g., the semantic meaning of identifier name, contributes to better comment gen-

eration. Moreover, although programming language grammars may differ considerably,

e.g., Ruby and Nix, some basic syntactical representations are shared, such as loop and

if-else statements, enabling us to learn coarse semantics representations. Furthermore,

like meta-learning, which hypothesizes that all tasks are in the same task distribu-

tion but represented in different domains, we recognize that programming languages

and natural languages follow a language distribution in different domains. Inspired by

the points above, we decided to utilize meta-learning to extract knowledge from high-

resource datasets and adapt it to a target language.

In this dissertation, we demonstrate that transferring prior knowledge from pro-

gramming languages to others can boost the model performance of code summarization,

especially in a low-resource setting. To summarize, the primary contributions of our

proposed method are as follows.

• The first application of meta-learning in code summarization. To our best
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knowledge, METASUM is the first work about meta-learning in code summariza-

tion. To verify the generalization of our proposed METASUM, we conduct our ex-

periments on high-/low-resource programming languages.

• Evaluation and analysis.We perform comprehensive experiments on real-world

datasets collected from GitHub. The experimental results demonstrate the ef-

fectiveness of transferring the prior/common knowledge from high-resource lan-

guages to low-resource settings in the code summarization task.

4.2 Prelimiaries

In this section, we first formulate the problem of code summarization in a low-resource

setting and then introduce some primitives about transfer learning and meta-learning.

Finally, we illustrate the difference between these two learning methods.

4.2.1 Problem Formulation

We aim to summarize a program corpus of low-resource programming languages with

limited training samples via transferring the learned knowledge from other program-

ming languages with massive well-labeled training data.

Given the labeled data from a set of source programming language S ∈ {Java,Python,

JavaScript,PHP,Go}, we have the training data DS
train = {(xS

n ,yS
n ) | n= 1, . . . ,NS}, where

each language has NS labeled data pairs. Similarly, T ∈ {Nix,Ruby} denotes the set

of target languages with low-resource training data DT
train = {(xT

n ,yT
n ) | n = 1, . . . ,NT},

where the dataset in the target language T is much smaller than any source language

S, i.e., NT ≪NS. Our solution is to leverage prior knowledge learned by transfer learn-

ing or meta-learning from the source datasets DS to improve the performance on the

target datasets DT .

While extracting prior knowledge, a model is pre-trained across different high-resource

languages

(4.1) f sourceθ :X ×S→C ,

where X denotes code snippets, C denotes the corresponding comments, and × is the

cartesian product operation. θ is the model parameters that can serve as initial para-

meters for the target datasets.
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During the adaptation phase, we aim to learn a model that could perform well in an

unseen target domain. We fine-tune the model f source
θ

with the training data DT
train of

the target domain and obtain a new model f target
θ

.

(4.2) f target
θ

:X target×T →C target,

The goal is to maximize the likelihood of generating code summaries on the target do-

main.

4.2.2 Transfer Learning

Although existing neural-based methods have achieved decent performances in the code

summarization task, they are based on the assumption that the data distribution of

source domain (training data) and target domain (testing data) are identical or at least

highly similar. However, in practice, the data distribution can differ when adapting to

a new scenario, e.g., programming languages following distinct grammars, preventing

learned knowledge from being directly applied to new domains.

Transfer learning is a learning strategy designed to transfer the knowledge from

source domains and adapt it to target domains to alleviate the data hungry issue in the

target domains. Formally, given a source domain DS and a target domain DT , trans-

fer learning aims to improve the model f target
θ

in DT using the knowledge in DS and

DT . Moreover, when the target data is sufficient, transfer learning can boost training

efficiency, as in our scenario.

Fine-tuning is a simple yet effective approach to transfer learning via initializ-

ing parameters for target domains, which comprises a pre-training phase and adapta-

tion. Compared with training from scratch, fine-tuning can achieve better performance

on related tasks and reduce the number of training samples. Furthermore, to ensure

the effectiveness of fine-tuning, pre-training and adaptation share the same objective

function. Besides fine-tuning, pre-trained models learn general representation via

masked language modeling, which has been proven effective for downstream tasks.

This dissertation takes several fine-tuning policies and pre-trained models as base-

lines for comparison.

4.2.3 Meta-Learning

Unlike transfer learning, which completes tasks directly using past experiences, meta-

learning considers how to extract common knowledge for future unseen tasks. In this
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dissertation, we comprehensively explore twometa-learningmethods for the low-resource

code summarization task: Model-Agnostic Meta-Learning (MAML) and its variant First-

Order MAML (FOMAML).

MAML-based METASUM Formally, let fθ be a neural-based model with parameters

θ. For each programming language Sk, MAML-based METASUM compute language-

specific gradients as follows:

(4.3) gk =∇θLSk ( fθ),

where LSk ( fθ) is the task-specific adaption loss function that evaluates the difference be-

tween the generated comments and golds. After gradient updating, we have new model

parameters θ
′
k ← θ−ηgk where η is the learning rate for language-specific gradients.

Then the model parameters θ are trained to optimize the performance on unseen sam-

ples from programming language Sk. Formally, to measure a model’s adaptation ability,

the meta-objective is defined as follows:

(4.4) min
θ

∑
Sk∼S

LSk ( fθ′k
)= ∑

Sk∼S
LSk ( fθ−η∇θLSk ( fθ)

).

Furthermore, to acquire common knowledge, MAML-based METASUM is updated by

the average language-specific gradients:

(4.5) θ← θ−φ∇θ

∑
Sk

LSk ( fθ′k
),

where φ denotes the meta learning rate for adaptation. We describe the training proce-

dure of MAML-based METASUM in Algorithm 1.

FOMAML-based METASUM This learning policy computes gradients without con-

sidering the initialization. It continuously updates model parameters at each language-

specific task and final gradient computation. Formally, the gradient update of FOMAML-

based METASUM is defined as follows,

(4.6) θ← θ−φ∇θ

∑
Sk

LSk ( fθ),

Workflow of METASUM The workflow of (MAML-/FOMAML-based) METASUM for

code summarization task is shown in Figure 4.1 and consists of three steps, i.e., meta

pre-training, adaption, and model application. It is believed that meta pre-training is to
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Figure 4.1: The workflow of METASUM for code summarization task.

extract common (prior) knowledge cross programming languages. At each meta-training

loop, we compute language-specific gradients based on the initial parameters and sam-

ple data batches from programming languages and then update METASUM via gradi-

ents. At the adaptation step, the meta-model is fine-tuned on unseen target datasets for

real-world applications.

4.2.4 Transfer Learning v.s. Meta-Learning

Conventionally, transfer learning refers to directly applying prior knowledge for target

tasks without thinking about future application scenarios, while meta-learning com-

putes gradients via considering the optimal step towards all tasks based on current

parameters. It only requires a few gradient updates in target zero-/few-shot problems.

Theoretically speaking, meta-learning assumes all tasks, including unseen target tasks,

are in the same task distribution but represented in different domains, and, therefore,

it works on unseen tasks during adaptation. However, transfer learning does not need

to follow such a strict assumption, and it can help by pre-trained on any source tasks.
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Algorithm 1 MAML-based METASUM for low-resource code summarization.
Require : p(T ): programming language distribution
Require :η, φ: learning rates

1 Initialize the model parameters θ with a pre-trained model
2 while not done do
3

4

Sample a batch of programming language i.e., Sk ∼ p(T )
for all Sk do

5 Evaluate ∇θLSk ( fθ) according to Eq. 3.33
6

7

8 Update θ← θ−φ∇θ

Update parameters θ with gradient decent: θ
′
k ← θ−η∇θLSk ( fθ)

end ∑
Sk∼p(T )LSk ( fθ′k

)

9 end
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4.3 Experimental Setup

4.3.1 Dataset

We collect code snippets and corresponding comments from high-resource and low-resource

programming languages to verify our proposed method. In this dissertation, we adopt

a public dataset CodeSearchNet [45], which is proposed for the code search challenge.

The dataset is collected from GitHub, composed of publicly available repositories writ-

ten in multiple programming languages, e.g., Java, JavaScript, Python, PHP, Go, and

Ruby. Furthermore, we also crawled repositories in the Nix programming language from

GitHub.

Pre-processing We analyze the qualities of samples in the original dataset for good

performance scores, trying to filter out those low-quality code snippets. Our pre-processing

rules are defined as follows:

• Removing code snippets containing non-ASCII characters, e.g., Chinese and Rus-

sian comments.

• The length of a comment separated by space tokenizer should be greater than 3

and lower than 128.

• Removing meaningless symbols in comment, e.g., "{" and "@".

• Removing codes that cannot be correctly parsed by Tree-Sitter. 1

• The length of a code tokens should be greater than 3 and lower than 512.

• Removing comments in code snippets.

• Given that Nix samples are too scarce, we refine their comments.

• Remove duplicate code snippets because of [4].

Finally, the statistics of the dataset after data pre-processing are summarized in

Table 4.1.

1https://tree-sitter.github.io/tree-sitter/
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Table 4.1: The statistics of dataset in our experiments.

Java Python JavaScript PHP Go Ruby Nix

Train 164,923 251,820 58,025 241,242 167,288 24,927 75
Validation 5,183 13,914 3,885 12,982 7,325 1,400 188
Test 10,955 14,918 3,291 14,014 8,122 1,261 114
# AVG code length 98.34 96.84 112.31 106.00 95.34 64.19 47.23
# AVG comment length 13.22 11.36 11.79 9.04 15.48 12.75 7.90

4.3.2 Implementation Details

In our experiments, we tokenize each code snippet with the BPE from PLBART to get

the sub-word vocabulary of size 50K. For RNN-based and Transformer-based methods,

we only follow the hyper-parameters revealed in the original papers. Those models are

trained with a learning rate of 1e-4 and a batch size of 32. Since CodeBERT and Graph-

CodeBERT are Transformer encoders, we build Transformer decoders with uniform ini-

tialization. Moreover, We fine-tune pre-trained models (such as CodeBERT, GraphCode-

BERT, and PLBART) on datasets with a learning rate of 5e−5 and a batch size of 4.

Since PLBART outperforms the resting pre-trained models, we utilize it as the initial-

ization for fine-tuning and meta-learning methods. For those two methods, we first pre-

train PLBART on high-resource programming languages with four V100 GPUs until we

acquire minimized loss value on validation datasets and then adapt it on low-resource

datasets with the learning rate of 1e-5 and a batch size of 2.

In this dissertation, we conducted all experiments on a 64-code 2.00 GHz Intel

Xeon(R) Gold 5117 CPU with 256GB of RAM and four Tesla V100-SXM2-32GB GPUs.

We use Python 1.8, PYTORCH 1.8.1, and Cuda 10.2 as the running environment. All our

experimental data and source code are available at: https://github.com/CGCL-codes/
naturalcc.

4.3.3 Research Questions

To evaluate the performance of our proposed METASUM, we have conducted experi-

ments to answer the following research questions:

RQ1. Can our proposed METASUM transfer prior knowledge to improve model perfor-

mance?

RQ2. What is the impact of parameters initialization?
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RQ3. How does METASUM work on different scales of datasets?

RQ4. What is the sensitivity of METASUM under different numbers of code tokens and

different comment lengths?

4.3.4 Experimental Results

RQ1: Evaluation of METASUM. To investigate the effectiveness of our proposed

meta-learning-based model, METASUM, which considers transferring common knowl-

edge for target datasets, we compared it with state-of-the-art models and a transfer-

learning-based method on the Nix dataset. The reported results are determined based

on the models best BLEU score on validation datasets.

Table 4.2: Experimental results on Nix dataset. (Best scores are in boldface)

Method BLEU ROUGE-L METEOR

CodeNN [46] 9.06 5.77 2.78
DeepCom [43] 12.56 4.52 1.94
Bi-LSTM [79] 13.46 5.96 2.11
N-ary-Tree2Seq [85] 14.27 6.42 2.91
Child-Sum-Tree2Seq [85] 13.48 5.78 2.58
RL+Hybrid2Seq [84] 13.34 6.18 2.24
Code2Seq [6] 10.42 4.65 2.25
Transformer [81] 13.56 6.70 3.03
CodeTransformer [2] 13.63 6.87 2.89
CodeBERT [27] 15.01 6.13 2.98
GraphCodeBERT [38] 15.49 7.09 3.61
PLBART [1] 17.48 16.65 7.97
Fine-tuning 17.43 15.18 7.34
MAML-based METASUM 12.69 5.60 2.80
FOMAML-based METASUM 17.78 18.43 8.56

Table 4.2 confirms that common knowledge exists across programming languages

and that using prior knowledge for low-resource settings is promising. When compar-

ing models with prior knowledge (such as PLBART, Fine-tuning, and METASUM) with

those models from scratch, they acquire at least 1.5 absolute points in terms of BLEU

score. For those pre-trained models which only employed a bidirectional encoder, i.e.,

CodeBERT and GraphCodeBERT, they only outperform models from scratch because it

requires a new auto-regressive decoder during adaptation. Furthermore, since PLBART
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is pre-trained with an encoder-decoder framework, it is more effective than other pre-

trained models in generation tasks. Most importantly, FOMAML-based METASUM ac-

quires 0.35 BLEU and 3.35 ROUGE-L points over fine-tuning and at least 0.3 BLEU

and 1.78 ROUGE-L points over state-of-the-art pre-trained models.

Table 4.3: Experimental results on Ruby dataset. (Best scores are in boldface)

Method BLEU ROUGE-L METEOR

Bi-LSTM [79] 10.58 17.07 6.02
Transformer [81] 11.35 17.30 5.68
CodeBERT [27] 12.98 18.96 7.06
GraphCodeBERT [38] 13.83 20.70 8.09
PLBART [1] 14.96 24.67 9.92
Fine-tuning 14.54 23.88 9.27
MAML-based METASUM 12.61 18.89 6.39
FOMAML-based METASUM 14.29 23.81 8.71

Bedside the evaluation on a low-resource dataset, we also explore the effectiveness of

prior knowledge in a high-resource setting closer to vanilla applications. Table 4.3 shows

some classical methods of code summarization task on a Ruby dataset. When it comes

to a high-resource scenario, the pre-trained models still excel models from scratch, and

PLBART achieves the best performance. However, FOMAML-based METASUM cannot

defeat PLBART on all evaluation metrics.

On the other hand, MAML-based METASUM only achieves lousy performance in

both Table 4.2 and Table 4.3 among those models with prior knowledge, even worse

than most RNN-based methods. We attribute the problem to the low convergence rate

of MAML, which will be further explored and illustrated in RQ2.

RQ2: Impact of parameter Initialization Since pre-trained models function as ini-

tialization for better performance, we initialize METASUM with or without PLBART

parameters for meta pre-training. Figure 4.2 shows the meta pre-training loss of META-

SUM within 30,000 iterations. When there is no parameter initialization, the FOMAML-

based model has a faster convergence rate than the MAML-based METASUM. With

PLBART parameters as initialization, FOMAML-based METASUM still converges while

theMAML-based does not. Furthermore, the parameters enable MAML-based and FOMAML-

based METASUM to share a lower initial loss, contributing to better prior knowledge.

For the faithfulness of parameter initialization, we conduct experiments with three

methods, i.e., fine-tuning and MAML-/FOMAML-based METASUM. From Table 4.4 and
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Figure 4.2: Meta pre-training loss of METASUMwith different parameter initialization.

Table 4.5, we can observe that all methods benefit from parameter initialization and ex-

cels PLBART. Compared with fine-tuning, MAML-based METASUM acquires better im-

provement from initialization on the Nix and Ruby datasets. Compared with PLBART,

FOMAML-based METASUM acquires 3.18 points and 5.41 in BLEU and ROUGE-L

scores on the Nix dataset. It also achieves the best performance on the Ruby dataset

with parameter initialization.

Table 4.4: Experimental results of different parameter initialization on Nix dataset.
(Best scores are in boldface)

Method BLEU ROUGE-L METEOR

PLBART [1] 17.48 16.65 7.97
Fine-tuning(scratch) 17.43 15.18 7.34
Fine-tuning(PLBART) 18.52 17.72 8.33
MAML-based METASUM(scratch) 12.69 5.60 2.80
MAML-based METASUM(PLBART) 19.81 19.42 8.61
FOMAML-based METASUM(scratch) 17.78 18.43 8.56
FOMAML-based METASUM(PLBART) 20.66 22.06 9.71

RQ3: Robustness of METASUM As we mentioned before, when the well-documented

training data is sufficient, transferring knowledge across programming languages can

also benefit model performance. To demonstrate the effectiveness of METASUM in low-

resource and high-resource scenarios, we compare METASUM and some baselines on a
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CHAPTER 4. CODE SUMMARIZATION IN LOW-RESOURCE SETTINGS

Table 4.5: Experimental results of different parameter initialization on Ruby dataset.
(Best scores are in boldface)

Method BLEU ROUGE-L METEOR

PLBART [1] 14.96 24.67 9.92
Fine-tuning(scratch) 14.54 23.88 9.27
Fine-tuning(PLBART) 15.26 26.21 10.25
MAML-based METASUM(scratch) 12.61 18.89 6.39
MAML-based METASUM(PLBART) 15.29 26.34 10.36
FOMAML-based METASUM(scratch) 14.29 23.81 8.71
FOMAML-based METASUM(PLBART) 15.70 26.66 10.44

decremental dataset in Ruby. Figure 4.3 shows the experimental results when we set

the portion of training samples as 0%, 1%, 10%, 20%, 40%, 80% and 100%. From this

figure, it is observed that the performance of all models decreases corresponding to the

portions. When there are no training samples, PLBART acquires low performance on all

evaluation metrics because of random parameters initialization, whereas PLBART and

METASUM still work because they have been pre-trained on a large corpus. Further-

more, our proposed METASUM with or without parameter initialization demonstrates

strong robustness among those methods. Most importantly, with PLBART parameter

initialization, METASUM excels other baselines in all cases.

Figure 4.3: The performance of METASUM and PLBART when varying the portions of
Ruby training dataset.

RQ3: Sensitivity Analysis In order to analyze the sensitivity of METASUM, we con-

duct experiments when varying the length of code and comment and test the model

performance on the Nix and Ruby datasets. Here, we investigate two parameters (i.e.,

the number of code tokens and comment length) that may affect code representation

learning and generation. Figure 4.4 and 4.5 show the evaluation metrics of METASUM
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on the Nix and Ruby dataset, respectively, when varying the number of code tokens and

the comment length.

Figure 4.4: The performance of our METASUM on the Nix dataset, w.r.t. varying the
numbers of code tokens and the comment lengths.

From Figure 4.4a, we observe that performance decrease with the growth of the code

tokens, showing it is challenging to present long code tokens. From Figure 4.4b, the

ROUGE-L performance of our proposed METASUM dramatically decreases in generat-

ing long comments which are longer than 15. It implies that there remains challenging

to transfer knowledge-based methods to generate long comments.

Figure 4.5: The performance of our METASUM on the Ruby dataset, w.r.t. varying the
numbers of code tokens and the comment lengths.

From Figure 4.5a, we observe that performance decrease with the growth of the code

tokens, showing the same challenge in presenting long code tokens. From Figure 4.5b,

the performance of our proposed METASUM decreases in generating long comments,

suggesting that it remains challenging for long comments generation.
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4.3.5 Case Study

To better understand our model, we show two real-world code snippets from Nix and

Ruby test datasets with generated comments from METASUM as well as other baselines,

as shown in Table 4.6 and 4.7. Thanks to byte-pair-encoding, our generated comments

have no <UNK> token.

The code snippet in Table 4.6 is selected from the Nix dataset in which there are

only 75 samples available for models to learn or adapt. We observe that the models

from scratch can hardly learn from insufficient data and only generate meaningless

words from this case. It verifies our assumption that the data-hungry problem lies in

existing methods, and these models cannot be directly applied to such settings. Note

that Transformer-based, pre-trained models, Fine-tuning, and METASUM have highly

similar Transformer architecture. As prior knowledge is introduced, their performance

boosts considerably in all evaluationmetrics, demonstrating the necessity of prior knowl-

edge for the low-resource application.

Table 4.6: A Nix example of generated comments for case study.

A Nix code snippet
system = fold ({ oldDependency, newDependency }: drv:

pkgs.replaceDependency { inherit oldDependency
newDependency drv; },→

) baseSystem config.system.replaceRuntimeDependencies;
Human replace runtime dependencies
Bi-LSTM import a packages
Transformer enable BGQ packages
CodeBERT disable dependencies
GraphCodeBERT disable dependencies
PLBART replace runtime dependencies
Fine-tuning(scratch) replace system dependencies with new de-

pendencies
Fine-tuning(PLBART) fold a system into a new system
MAML-based METASUM(scratch) python packages
MAML-based METASUM(PLBART) replace runtime dependencies
FOMAML-based METASUM(scratch) replace dependency dependencies with new

dependencies
FOMAML-based METASUM(PLBART) replace runtime dependencies

On the other hand, the code snippet in Table 4.7 is collected from the Ruby dataset

in which there are over 17K high-quality data pairs for training. In this case, we find

that even models without prior knowledge can successfully predict tokens in the ground

44



4.3. EXPERIMENTAL SETUP

truth with a larger dataset. Moreover, it is worth mentioning that METASUM still excels

other baselines when data are sufficient, proving that our proposed model is more robust

than others.

Table 4.7: A Ruby example of generated comments for case study.

A Ruby code snippet
def retrieve_watcher(user, repo, watcher)

repo_bound_item(user, repo, watcher, :watchers,
["repos/#{user}/#{repo}/stargazers"],
{'repo' => repo, 'owner' => user},
'login', order = :desc)

end
Human Retrieve a single watcher for a repository
Bi-LSTM Shows a single task for the user .
Transformer Creates a new user with a user s user .
CodeBERT Gets the watchers for the user .
GraphCodeBERT Gets the watchers for the user .
PLBART Retrieve a watcher for a repo
Fine-tuning(scratch) Retrieve the watcher information for a user
Fine-tuning(PLBART) Find changesets for a repository
MAML-based METASUM(scratch) Adds a list of the given file .
MAML-based METASUM(PLBART) Retrieve a watcher for a repository
FOMAML-based METASUM(scratch) Retrieve a watcher for a repository .
FOMAML-based METASUM(PLBART) Retrieve a single watcher for a repository

4.3.6 Error Analysis

We also present a terrible case generated by METASUM and other baselines on the Nix

dataset to seek insights for further improvement. As shown in Table 4.8, METASUM

does not understand the difference between create and make, and confuses conf and

config. Even in most cases, conf is recognized as the abbreviation of config. We acknowl-

edge that a margin still exists for further investigation than the ground truth. Here we

point out two future solutions for improvements. The first solution is introducing syn-

tactical information for tokens, e.g., adding a syntax embedding layer. Another solution

is that since the high-resource programming language datasets are imbalanced, we can

utilize an up/down sampling strategy [1, 55].
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Table 4.8: A Nix example of generated comments for error analysis.

A Nix code snippet
makeLimitsConf = limits:

pkgs.writeText "limits.conf"
(concatMapStrings ({ domain, type,

item, value }:,→
"${domain} ${type} ${item}

${toString value}\n"),→
limits);

Human Retrieve a single watcher for a repository
Bi-LSTM import a packages
Transformer shell script with additional plugins
CodeBERT create all plugins
GraphCodeBERT create all plugins
PLBART create limits config
Fine-tuning(scratch) write config limits
Fine-tuning(PLBART) make limits config
MAML-based METASUM(scratch) for a
MAML-based METASUM(PLBART) make limits configuration
FOMAML-based METASUM(scratch) create all limits
FOMAML-based METASUM(PLBART) make limits conf

4.4 Conclusion

This dissertation investigates a new but essential code summarization scenario in which

only a few samples are available for training. Experimental results on two real-world

datasets show that existing models without prior knowledge heavily suffer from such a

setting in which pre-trained models still work. Furthermore, we also explore and inter-

pret different meta-learning-based policies for prior knowledge extraction and with or

without parameter initialization. The sensitivity analysis shows it is still challenging

for long and complicated code snippets to generate long comments. Moreover, from er-

ror analysis, we found that our proposed METASUM with pre-trained knowledge cannot

recognize identifiers with the same name and propose a candidate solution for such a

problem.
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5
NATURALCC TOOLKIT

Despite code intelligence having made gorgeous breakthroughs for years, there

is no toolkit for researchers in the field. Therefore, we present NATURALCC

(stands for Natural Code Comprehension), an extensible open-source toolkit

for machine-learning-based software engineering. Researchers can reproduce state-of-

the-art models and verify their algorithms with such a toolkit. NATURALCC is built

upon FAIRSEQ and PYTORCH, providing (1) a collection of code corpus with detailed

READMEs, (2) a modular and extensible framework to register new downstream tasks

and models, and (3) various implementations of network modules and deep learning

tricks. However, compared with those toolkits in NLP, FAIRSEQ and TRANSFORMERS,

which can only process code snippets as plain text, NATURALCC further explores pro-

gram properties in detail and has better supports for structural modalities and complex

neural networks, e.g., intermediate representation and graph neural networks.
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5.1 Introduction

Code intelligence is, informally, the task of applying machine learning methods to an-

alyze programs or complete software engineering tasks. With the breakthrough of ma-

chine learning in software engineering [1, 27, 34, 40], compilation [20, 21, 56] and pro-

gramming language [14, 16, 18, 24] communities, this topic gain wide attention from

these areas.

In recent years, many code intelligence approaches have been proposed for automat-

ically completing downstream tasks, such as code summarization, code retrieval, and

type inference, to improve developer productivity and alleviate their burden. However,

several limitations hinder the development of machine-learning-based code intelligence.

• Lack of technical supports for code intelligence applications

Although many professional toolkits such as FAIRSEQ [71], TRANSFORMERS and

AllenNLP [29] have been proposed for the field of NLP, it remains challenging to

apply them for programming language tasks directly. These toolkits are originally

devised for modeling sequence-to-sequence tasks involving natural language and,

therefore, ignore the possibility of processing structural data formats and compli-

cated network architectures, which widely occur in code intelligence.

• Lack of standardized implementation for performance comparison

Since current works are implemented on different platforms, it is crucial to build

a benchmark platform to understand whether the performance enhancement is

from the model design, hyper-parameter, or fine-tuning tricks.

Enlightened by FAIRSEQ [71] and TRANSFORMERS, we present NATURALCC for

researchers in automated software engineering to build connections between software

engineering, compilation, and programming language communities. The toolkit follows

an extensible framework, as shown in Figure 5.1, enabling users to devise an arbi-

trary model architecture for code intelligence tasks. Additionally, the pipeline of NATU-

RALCCis shown in Figure 5.2 in which data pairs are first batchified via data processing

and then fed into models for training. We also demonstrate NATURALCC with a graph-

ical user interface on three software engineering applications, i.e., code summarization,

code completion, and type inference.

Compared with FAIRSEQ and TRANSFORMERS, NATURALCC have the following ad-

vantages:
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Figure 5.2: The pipeline of NATURALCC.

• Better code modalities and complex architecture support

With different programming language lexers and parers, we can convert a code

snippet into various modalities with or without structural information, e.g., code

tokens or control flow graphs. NATURALCC supports fast binary reading and writ-

ing and complicated neural networks for structural modalities in big corpora.

• Various implementations

For some modules and tricks (e.g., TENSORFLOW gradient clipping and parameter

initialization) that PYTORCH does not support, we re-implement them in NATU-

RALCC, which liberates users from platform conflicts.

• A Collection of code corpus with pre-processing scripts

We have cleaned and pre-processed public datasets, i.e., CodeSearchNet [45], Python-

Doc [84], Py150 [74] and so on. We also provide data preprocessing scripts and
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detailed READMEs for extracting code modalities based on Lark1, TreeSitter2,

LLVM3 and other third party repositories.

• An extensible framework

Based on the registry mechanism implemented in FAIRSEQ, our framework is

well modularized and easily extended to various downstream tasks. In particular,

users only need to implement a new task by instantiating one of our templates

and then registering them when implementing a new task. We illustrate this idea

with a short tutorial in the appendix A.1.

• Performance benchmark

We have benchmarked six downstream tasks (i.e., code summarization, code re-

trieval, code completion, code completion, type inference, code translation, and

heterogeneous mapping) over the corresponding datasets using NATURALCC, achiev-

ing state-of-the-art or competitive performance.

• More than neural networks

Except for neural-based application, NATURALCC also incorporates statistical

machine learning methods for code intelligence tasks such as TF-IDF for search

tasks and decision tree for classification problems.

5.2 Graphical User Interface

We have also provided a graphical user interface for users to easily access and explore

the results of each trained model through a Web browser. The design of our website is

based on the open-source demo of ALLENNLP [29]. As shown in Figure 5.3, we have in-

tegrated three popular software engineering tasks for demonstration, i.e., code summa-

rization, code retrieval, and code completion. Take code summarization as an example.

By default, we have implemented this task based on the Transformer. Given a code snip-

pet of Python, when clicking the Run button, NATURALCC will invoke a user-selected

trained model and begin inference, and the model output will be displayed at the bottom

of the web page.

1https://github.com/lark-parser/lark
2https://tree-sitter.github.io/tree-sitter/
3https://llvm.org/
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6
CONCLUSION AND FUTURE WORK

6.1 Conclusion

In this dissertation, we have identified and formulated a new problem of low-resource

code summarization, a task of summarizing the functionality and semantics of source

codes written in a minority or emerging programming language with limited training

samples. For a specific programming language, we formulate the code summarization

following the encoder-decoder framework and the milestone works of the task. Further,

we explore the performance of previous works in a low-resource dataset and observe that

existing models without prior or common knowledge indeed suffer from the data-hungry

problem. Then, we propose a meta-learning-based approach, METASUM, for better prior

knowledge extraction. Experimental results on the real-world datasets, i.e., Ruby and

Nix, collected from GitHub confirm the effectiveness of METASUM in generating high-

quality code comments in low-/high-resource settings. Compared with state-of-the-art

models, even the pre-trained model, our proposed METASUM outperforms all baselines

with or without transferring knowledge. Furthermore, case-study and error analysis

reveal a future topic to improve METASUM.
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6.2 Future Work

METASUM naturally has opportunities for further work: one candidate area is an ex-

ploration of further experiments about the combination of METASUMwith CodeBERT

and GraphCodeBERT models because we only analyze the experimental results with

PLBART initialization. In this dissertation, we evaluated the generalization ability of

METASUM where our method has been tested on two real-world datasets and with dif-

ferent portions of training samples. In our future work, it would be interesting to explore

the performance of other meta-learning models, e.g., Reptile [70], and other pre-trained

models as initialization.
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APPENDIX

A.1 A Short Tutorial for NATURALCC Toolkit

In this subsection, We take code summarization as an example to show how to register

a new model in NATURALCC.

Register task First of all, one should register a Task in which defines the rules to

load datasets. As shown in Listing A.1, we register the DemoTask class in which it

loads datasets with the maximum length of 512 for source and target sentences and

appends a special end-of-sentence symbol <EOS> to the target sentences.

Listing A.1: Register a demo task in NATURALCC

1 from ncc . tasks import NccTask , register_task

2

3 @register_task ( 'demo ' )

4 c lass DemoTask(NccTask ) :

5 def __ in i t__ ( se l f , args , d ict ionary ) :

6 super (DemoTask , s e l f ) . __ in i t__ ( args )

7 s e l f . d ict ionary = dict ionary

8

9 def load_dataset ( se l f , mode , s r c _ f i l e , t g t _ f i l e , max_len=512):

10 # def ine your loading rules

11 # load source tokens
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12 # load targe t tokens and append with <EOS>

13 . . .

Register dataset mainly consists of two elements: a collation function to batchify a

set of data pairs into a data batch and a dataset class to store data and to return i-th
data pair.

Listing A.2: Register a demo dataset in NATURALCC

1 import torch

2 from ncc . data . ncc_dataset import NccDataset

3

4 def c o l l a t e ( samples , eos_idx , ) :

5 # batchi fy data pairs

6 . . .

7

8 c lass DemoDataset ( NccDataset ) :

9 def __ in i t__ ( se l f , dict , src , tgt ) :

10 . . .

11

12 def __getitem__ ( se l f , index ) :

13 . . .

14

15 def c o l l a t e r ( se l f , samples ) :

16 return co l l a t e ( samples , eos_idx= s e l f . eos )

Register model This section defines model construction in the build_model function
and computation in the forward function.

Listing A.3: Register a demo model in NATURALCC

1 from ncc . models import register_model

2 from ncc . models . ncc_model import NccEncoderDecoderModel

3

4 @register_model ( "demo" )

5 c lass DemoModel ( NccEncoderDecoderModel ) :

6 def __ in i t__ ( se l f , encoder , decoder ) :

7 super ( ) . __ in i t__ ( encoder , decoder )

8
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9 @classmethod

10 def build_model ( c ls , d ict ionary ) :

11 # ins tant ia t e encoder and decoder

12 . . .

13

14 def forward ( se l f , *args , **kwargs ) :

15 # model p ipe l ine

16 . . .

A.2 Performance Benchmark

NATURALCC currently supports six downstream tasks, i.e., code summarization, code

retrieval, code completion, type inference, code translation, and heterogeneous map-

ping, to showcase the effectiveness of the proposed framework. Table A.1 gives a sum-

mary of the state-of-the-art models of the above downstream tasks. Note that all meth-

ods listed at NATURALCC GitHub homepage (link: https://github.com/CGCL-codes/
naturalcc) are carefully implemented to ensure the performances are on par with the

original papers. To verify the faithfulness and correctness of our implementation, we

released all hyper-parameters and training logs of those models.

Table A.1: State-of-the-art models on downstream tasks of automated software engineer-
ing and the corresponding datasets.

Task Dataset Model
Code Summarization Python-Doc [84] Seq2Seq [46], Transformer [2], PLBART [1]
Code Retrieval CodeSearchNet [45] NBow, Conv1D, Bi-RNN, SelfAttn [45]
Code Completion Py150 [74] SeqRNN [41], GPT-2, TravTrans [51]
Type Inference TypeScript [40] DeepTyper [40], Transformer
Code Translation CodeTrans [64] CodeBERT [27], GraphCodeBERT [38], PLBART [1]
Heterogeneous Mapping OpenCL [31] DeepTune [21], Inst2Vec [11]
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