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ABSTRACT
Measuring code similarity is fundamental for many software en-
gineering tasks, e.g., code search, refactoring and reuse. However,
most existing techniques focus on code syntactical similarity only,
while measuring code functional similarity remains a challenging
problem. In this paper, we propose a novel approach that encodes
code control flow and data flow into a semantic matrix in which
each element is a high dimensional sparse binary feature vector,
and we design a new deep learning model that measures code func-
tional similarity based on this representation. By concatenating
hidden representations learned from a code pair, this new model
transforms the problem of detecting functionally similar code to
binary classification, which can effectively learn patterns between
functionally similar code with very different syntactics.

We have implemented our approach, DeepSim, for Java programs
and evaluated its recall, precision and time performance on two
large datasets of functionally similar code. The experimental results
show that DeepSim significantly outperforms existing state-of-the-
art techniques, such as DECKARD, RtvNN, CDLH, and two baseline
deep neural networks models.
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1 INTRODUCTION
Measuring similarity between code fragments is fundamental for
many software engineering tasks, e.g., code clone detection [44],
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code search and reuse [23, 30], refactoring [20, 61], bug detec-
tion [27, 36]. While code syntactical similarity has been intensively
studied in the software engineering community, few successes have
been achieved on measuring code functional similarity. Most exist-
ing techniques [6, 7, 26, 28, 36, 47, 58, 60] follow the same pipeline:
first extracting syntactical features from the code (in the form of
raw texts, tokens, or AST), then applying certain distance metrics
(e.g. Euclidean) to detect similar code. However, the syntactical
representations used by these techniques significantly limit their
capability in modeling code functional similarity. In addition, such
simple distance metrics can be ineffective for certain feature spaces
(e.g., categorical). Moreover, separately treating each code fragment
makes it difficult to learn similarity between functionally similar
code with different syntactics.

There exist a few techniques [15, 17, 32, 37] that construct a
program dependence graph (PDG) for each code fragment and mea-
sure code similarity through finding isomorphic sub-graphs. Com-
pared to syntactical feature-based approaches, these graph-based
techniques perform better in measuring code functional similarity.
However, they either do not scale due to the complexity of graph
isomorphism [13], or are imprecise due to the approximations made
for improving scalability (e.g., mapping the subgraphs in PDG back
to AST forest and comparing syntactical feature vectors extracted
from AST [17]).

In this paper, we present a new approach, DeepSim, for mea-
suring code functional similarity that significantly advances the
state-of-the-art. DeepSim is based on two key insights. First, a fea-
ture representation is more powerful for measuring code semantics
if it has a higher abstraction, because a higher abstraction requires
capturing more semantic information of the code. Control flow and
data flow represent a much higher abstraction than code syntac-
tical features such as tokens [28, 47] and AST nodes [26]. Hence,
DeepSim uses control flow and data flow as the basis of the sim-
ilarity metrics. More importantly, we develop a novel encoding
method that encodes both the code control flow and data flow into
a compact semantic feature matrix, in which each element is a
high dimensional sparse binary feature vector. With this encoding,
we reduce the code similarity measuring problem to identifying
similar patterns in matrices, which is more scalable than finding
isomorphic sub-graphs.

Second, instead of manually extracting feature vectors from the
semantic matrices and calculating the distance between different
code, we leverage the power of deep neural networks (DNN) to
learn a similarity metric based on the encoded semantic matrices.
In the past decade DNN has led to breakthroughs in various areas
such as computer vision, speech recognition and natural language
processing [19, 49, 59]. Recently, a few efforts [8, 48, 58] have also
been made to tackle program analysis problems with DNN. We
design a new DNN model that further learns high-level features
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Figure 1: DeepSim System Architecture.

from the semantic matrices and transforms the problem of mea-
suring code functional similarity to binary classification. Through
concatenating feature vectors from pairs of code fragments, this
model can effectively learn patterns between functionally similar
code with very different syntactics.

As depicted in Figure 1, DeepSim consists of two main compo-
nents: (1) Code semantic representation through encoding control
flow and data flow into a feature matrix; (2) Code similarity mea-
surement through deep learning. The first component can take
code fragments in any language as input in the form of source
code, bytecode or binary code, as long as a data-flow graph and
a control-flow graph can be constructed. The second component
is a novel deep learning model containing two tightly integrated
modules: a neural network module that extracts high-level features
from the matrices of a code pair, and a binary classification module
that determines if the code pair is functionally similar or not. These
two modules work together to fully utilize the power of learning:
the neural network module extracts latent representation for the
classifier, and the signal propagated backward from the classifier,
in turn, helps the neural network learn better representation from
the input. Finally, the trained model can be used to measure code
functional similarity.

We have implemented DeepSim for Java at the method level
based on the WALA framework [1] and TensorFlow [3]. We eval-
uated DeepSim on two datasets: a dataset of 1,669 Google Code
Jam projects and the popular BigCloneBench [53], which contains
over 6,000,000 tagged clone pairs and 260,000 false clone pairs. Our
results show that DeepSim significantly outperforms the state-of-
the-art techniques (with F1-score1 0.76 for Google Code Jam and
0.98 for BigCloneBench, compared to 0.50 and 0.82 the highest
for the other techniques), such as DECKARD [26], RtvNN [58],
CDLH [57], as well as two stacked denoising autoencoder (SdA)
baseline deep learning models. Meanwhile, DeepSim achieves very
good efficiency (even faster than DECKARD).

The contributions of this paper are as follows:

• We present a novel approach for measuring code functional
similarity, which encodes code control and data flow into a
single semantic feature matrix.

• We design a new deep learning model that learns high-level
representation from the semantic matrices and learns a func-
tional similarity metric between code with different syntac-
tics.

• We implement a prototype tool, DeepSim2 and evaluate it
extensively with two large datasets, showing significant per-
formance improvements over the state-of-the-art techniques.

1F1-score = 2∗recall∗precision
recall + precision

2It is publicly available at: https://github.com/parasol-aser/deepsim.

2 BACKGROUND
Our deep learning model is based on feed-forward neural networks.
In this section we first review the basic concepts.

2.1 Feed-Forward Neural Network
Feed-forward neural network, also named multi-layer perceptron
(MLP), is an universal yet powerful approximator [24], and has been
widely used. It is essentially a mapping from inputs to outputs: F :
Rm0 → Rmk , wherem0 is the dimensionality of inputs,mk is the
dimensionality of outputs generated by the last layer Lk . Each layer
Li is a mapping function: FLi : R

mi−1 → Rmi , 1 ≤ i ≤ k . F is hence
the composed function of all its layers: F = FLk (FLk−1 (· · · (FL1 (x))).

The mapping function of each layer is composed by its units
(called neurons). A neuron ai j (the j-th neuron in layer i) takes the
outputs generated by previous layer (or the initial inputs) as inputs,
and calculates a scalar output value through an activation function
д:

ai j = д(W
T
i j ai−1 + bi j ) ai = {ai1, ...,aimi }

whereWi j ∈ R
mi−1 , 1 ≤ j ≤ mi .

There are various activation functions according to different
network designs. In this work we use ELU: д(c) = c if c ≥ 0, ec −
1 if c < 0, where c is a scalar value [14].

The structure that several neurons form a layer and several layers
form the integrated neural network has been proved effective in
learning complicated non-linear mapping from inputs to outputs
[21, 55]. Moreover, with the increasing computational power of
modern GPUs, the depth of neural networks (the number of layers)
can be made very large with a large training dataset – the so called
“deep learning”.

A representative feed-forward DNN model is deep autoencoder,
which aims to learn a compact hidden representation from the
inputs. Unlike standard encoding approaches (e.g., image/audio
compression), it uses neural networks to learn the target encoding
function instead of explicitly defining it. The goal is to minimize
the error (e.g., squared error) of reconstructing the inputs from its
hidden representation:

h1 = д(W1x + b1)

· · ·

hk = д(Wkhk−1 + bk )

h′k−1 = д(W
′hk + b

′
k−1)

· · ·

x ′ = д(W ′
1h

′
1 + b

′
1)

J (x ,x ′) =
1
N

N∑
i=1

| |x ′ − x | |22 (1)
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whereWi ∈ Rmi×mi−1 and bi ∈ Rmi are the weights and biases
of layer Li (W ′

i = WT
i if we use tied weights), hk the encoded

representation finally obtained, x the input of the model, x ′ the
reconstruction of x , and N the number of all input samples.

Minimizing the reconstruction error forces thismodel to preserve
as much information of the raw input as possible. However, some
identity properties existed in the raw input may make the model
simply learn a lookup function. Therefore, salt noise or corruption
process is usually added to the input of the autoencoder, which is
called Stacked Denoising Autoencoder (SdA) [55]. The corruption
process works as randomly setting some components of the input
to 0, which actually increases the sparsity of the autoencoder. The
reconstruction process then tries to use this corrupted input to
reconstruct the raw input:

h′ = д(W · ε(x) + b)

x ′′ = д(W ′h′ + b ′)

J (x ′′,x) =
1
N

N∑
i=1

| |x ′′ − x | |22 (2)

where ε(x) is the corruption process. In this way, it learns the hid-
den representation through capturing the statistical dependencies
between components of the input.

2.2 Model Training
The training of neural networks is achieved by optimizing a de-
fined loss function through gradient decent. For autoencoder, the
reconstruction error discussed before is used as the loss function.
For binary classification, a cross-entropy loss function is usually
used:

J (θ ) = −
1
N

N∑
i=1

S(i)loдS̃(i) + (1 − S(i))loд(1 − S̃(i)) (3)

where θ = (W ,b), S(i) is the ground truth label for sample i , and
S̃(i) is the predicted label.

To optimize J (θ ), we can apply gradient descent to updateW
and b:

θ := θ − α ·
1
n

n∑ ∂J (θ )

∂θ
Here n is the size of batching samples for each update. The learning
rate α can be used to control the pace of parameters update towards
the direction of gradient descent. Decaying α with time is generally
a good strategy for finding a good local minimum [31].

Given the large depth of DNN, it is ineffective to compute the
derivative of the loss function separately for each parameter. Hence,
back propagation [45] is often applied. It consists of three stages: 1)
a feed-forward stage to generate outputs using the current weights;
2) a back-forward stage to compute the responsive error of each
neuron using the ground truth outputs and feed-forward outputs;
and 3) a weights updating stage to compute the gradients using
responsive errors and update the weights with a learning rate.

3 ENCODING SEMANTIC FEATURES
We encode the code semantics represented by control flow and data
flow into a single semantic matrix. In this section, we present our
encoding process.

3.1 Control Flow and Data Flow
Control flow analysis and data flow analysis are two fundamental
static program analysis techniques [38]. Control flow captures the
dependence between code basic blocks and procedures, and data
flow captures the flow of data values along program paths and oper-
ations. The information derived from these analyses is fundamental
for representing the code behavior. Our basic idea is to encode code
control flow and data flow as relationships between variables and
between basic blocks (e.g., operations, control jumps).

To obtain the control flow and data flow, we may perform the
analysis on either source code, binary code, or any intermediate
representation (e.g., Java bytecode, LLVM bitcode). In this paper
we focus on Java bytecode using the WALA framework [1].

(a) Example code

(b) Control flow graph of m1()

Figure 2: Control flow and data flow example.

Figure 2 illustrates a code example and its control flow graph
(CFG). In the CFG, each rectangle represents a basic block, and in
each basic block there may exist several intermediate instructions.
For each basic block, a data flow graph (DFG) can be generated. Note
that each variable and each basic block contain its type information.
For example, x is a static integer variable, and BB1 is a basic block
that contains a conditional branch. We describe how we encode
them in more details in the next subsection.

3.2 Encoding Semantic Matrices
We consider three kinds of features for encoding the control flow
and data flow information: variable features, basic block features,
and relationship features between variables and basic blocks.

Variable features. For each variable, its type features contain
its data type V (t) (bool, byte, char, double, float, int, long, short, void,
other primitive types, JDK classes, user-defined types), its modifiers
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V (m) (final, static, none) and other information V (o) (basic, array,
pointer, reference). We encode them into a 19d binary feature vector
V = {V (m),V (o),V (t)}. Consider the variable x in Figure 2a. It is a
static int variable, so we have V = {0, 0, 1, 1, 0, 0, 0, 0, 0, 0, 0, 0, 1, 0,
0, 0, 0, 0, 0}.

Basic block features. For each basic block, we consider the fol-
lowing seven types: normal, loop, loop body, if, if body, switch, switch
body. Other types of basic blocks (e.g., try catch basic block) are re-
garded as normal basic blocks. Similarly, we encode this type infor-
mation into a 7d one-hot feature vector B. For example, in Figure 2b,
BB1 is a if basic block and its representation B = {0, 0, 0, 1, 0, 0, 0}.

Relationship features between variables and basic blocks.
We encode data flow and control flow as operations between vari-
ables and control jumps between basic blocks. In total, we identify
43 different operation types and use a 43d one-hot feature vector
I to represent it3. To preserve the information of each operation
between variables in the DFG, we derive a 81d feature vectors
T = {Vop1,Vop2, I }, where Vop1 and Vop2 denote the variable fea-
ture vector for operand op1 and op2 respectively. To preserve the
control flow, we extend T to be {Vop1,Vop2, I ,B} of size E = 88.

Now we formally define three rules to encode information for
each relationship between variables and basic blocks:

• T (op1,op2) = {Vop1,Vop2, I ,Bbbop1 } encodes the operations
between two variables op1 and op2, as well as the type in-
formation of the two variables and the corresponding basic
block. Here bbop1 denotes the basic block that op1 belongs
to.

• T (op,bb) = {Vop ,V0, I0,Bbb } encodes the relationship be-
tween a variable and its corresponding block. Here V0, I0
denote zero feature vectors.

• T (bb1,bb2) = {V0,V0, I0,Bbb2} encodes the relationship be-
tween two neighbor basic blocks. Here bb2 is a successor of
bb1 in the CFG.

Definition 3.1 (Semantic Feature Matrix A). Given a code frag-
ment, we can generate a matrix using the encoding rules above that
captures its control flow and data flow information. Each row and
column in A is a variable or a basic block. Their order corresponds
to the code instruction and basic block order. A(i, j) = T(i, j) is a
binary feature vector of size E = 88 that represents the relationship
between row i and column j , here i, j = 1, 2, ...,n, wheren = nv +bb
is the summation of variables count and basic blocks count.

Example. Consider the example in Figure 2 again. Its CFG has
11 variables (9 local variables and 2 static fields) and 6 basic blocks
(including enter, return, exit block). From the encoding rules above,
we can derive a sparse matrix as visualized in Figure 3.

Compared to the raw CFG and DFG, our semantic feature matrix
representation has two advantages. First, it reduces the problem
of finding isomorphic subgraphs to detecting similar patterns in
matrices. Second, this structure (i.e., a single matrix) makes it easy
to use for the later processes, such as clustering or neural networks
in our approach.

3In our current implementation, we rely on WALA’s instruction types to distinguish
different operations and control jumps. In particular, for some instruction types (e.g.,
SSABinaryOpInstruction) that have more than one optional opcodes (e.g., add, div,
etc.), we treat each opcode as a different operation.

Figure 3: Semantic features matrix (17×17) generated from
method m1 in Figure 2. Along z axis are the 88d binary fea-
ture vectors. The value 1 is represented by a blue dot, and 0
represented by empty.

It is also worth noting that for most syntactically similar code
that only differ in their identifier names, literal values or code
layout, the generated semantic matrices will be identical, because
these differences are normalized by CFG and DFG. This property
ensures that our approach can also handle syntactical similarity.

We acknowledge that our matrix representation does not encode
all information in a PDG. However, all dependence are implicitly
encoded in our representation. For example, the code y = x ; z = x
contains an input dependence; it is encoded as T(y,x) and T(z,x).
Other types of dependence are encoded in similar way.

4 LEARNING-BASED CODE SIMILARITY
MEASURING

From our semantic matrix encoding described in the previous sec-
tion, we can see that the semantic matrices generated from two
functionally similar methods with syntactical differences may not
be identical. We cannot directly use simple distance metric (e.g.,
Euclidean distance) for measuring their similarity, since we have
no knowledge about whether some elements (i.e., feature vector
T ) in a semantic matrix is more important than another. Moreover,
different elements may be functionally similar (e.g., binary add op-
erations between two int and long variables respectively), but it is
difficult to detect this similarity directly on the semantic feature
matrix.

To address this issue, we develop a deep learning model that can
effectively identify similarity patterns between semantic matrices.
In particular, we train a specially designed feed-forward neural
network that generates high-level features from semantic matrices
for each code pair, and classify them as functionally similar or not
using the classification layer at the end of the neural network. This
design eliminates the need to define a separate distance metric on
the learned features. More importantly, this model can be finely
trained in a supervised manner to learn better representation from
the input through backward propagating the label signal of the clas-
sification layer (i.e.,{0, 1}, see Eq. 3). This helps our model effectively
learn patterns from similar code with very different syntactics.
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4.1 Features Learning

Figure 4: A schematic of our feed-forward model for mea-
suring code functional similarity.

The architecture of our model is shown in Figure 4. As a static
neural graph, this model requires a fixed size of input semantic fea-
ture matrices. Similar to recurrent neural network [22], we process
all input matrices to a fixed size k × k (k = 128 in this work). For
smaller methods, we pad their feature matrices with zero value. For
larger methods, we truncate the matrices through keeping all CFG
information and discarding part of DFG information that exceeds
the matrix size (the original feature matrix size is n = nv +nb , after
truncation, k = nv ′ + nb′ = 128, where nb′ = nb , nv ′ = 128 − nb ).

Recall that we encode data flow and control flow into 88d sparse
binary feature vectors T . Similar to word embedding [11], we first
map T into hidden state h0 of size c = 6. This layer makes it pos-
sible to learn similarity between two relationship feature vectors.
For example, binary add operations between two int and float vari-
ables respectively may share some similarities. We will discuss this
further in Section 5.5.

Handling code statement re-ordering. We then flatten each
row ofA to a vector with length of c ·k . We add two fully connected
layers taking the flattened row feature vectors as inputs, in order to
extract all information related to the variable or basic block repre-
sented by each row. At last, a pooling layer is added to summarize
all the row feature vectors. To mitigate the effect of code statement
re-ordering, we use average pooling instead of flattening the entire
matrix.

1 int c = 2;

2 int x = 2*c;

3 int y = 3*c;

4 x = 2*y;

5 y = x*y;

1 int c = 2;

2 int y = 3*c;

3 int x = 2*c;

4 y = x*y;

5 x = 2*y;

Consider the two small programs above, which have identical
code statements but different statement orders at lines 2 and 3 and

between lines 4 and 5. The different statement orders at lines 4 and 5
lead to differentx andy values at the end of the two programs. In our
matrix representation, we encode all the data flow between the three
variables, and the statement order decides which variable or basic
block that each row of the matrix represents. Thus, we generate
two different As. However, if we only consider the statements at
lines 1-3, the two programs should be equivalent, because there are
no dependence between the two statements at lines 2 and 3.

Therefore, to make our model more robust in handling the state-
ment re-ordering, we ignore the order of independent variables or
basic blocks and keep only the order of variables or basic blocks
with dependence between them. This can be achieved by perform-
ing average pooling on all those neighbor rows of A that represent
independent variables or basic blocks, and flattening the rest rows
(the order is preserved in the flattened vector). However, this would
lead to various flattened vector lengths for different methods, which
is difficult for a static neural network model to handle. Instead, we
make approximation by directly performing averaging pooling on
all rows, and leaving the rest task to our deep learning model.

Interestingly, another advantage of this design is that it reduces
the model complexity, because the pooling layer reduces the input
size from c × k × k to c × k without any extra parameters (similar
to pooling layers in convolutional neural network [34]). Thus, the
training and predicting efficiency of our approach is increased.

Similar to the vanilla multi-layer autoencoder (recall Section
2.1), this model can be trained in an unsupervised manner through
minimizing the reconstruction error (Eq. 1 and Eq. 2). The training
consists of two phases. Each layer is first pre-trained tominimize the
reconstruction error, and then the entire model is trained through
minimizing its overall reconstruction error. In this way, the model
can learn a non-linear mapping from the input A to a compressed
latent representation.

However, the model trained by this approach may discriminate
two similar but not identical inputs, e.g., two array search methods
that respectively handle int and float arrays. To enforce themodel to
learn similar patterns across different samples, we utilize supervised
training, which is achieved by the binary classification layer that
takes as input the concatenation of the final latent representations of
two methods. We describe it in more details in the next subsection.

4.2 Discovering Functional Similarity
Given two methods with learned latent representations, a straight-
forward way to measure their functional similarity is calculating
their distance in the hidden state space. This metric is applied by
many existing techniques [26, 58].

However, such a simple distance metric is not satisfiable under
two considerations. First, users have to perform heuristic analysis
to find a suitable distance threshold for every dataset. Euclidean
distance for measuring code similarity may not be applicable in the
hidden space. For example, in the XOR problem, if we use Euclidean
distance, the input (0, 0) would be closer to (0,1) and (1,0) than (1,1),
which is a wrong classification. Second, a deterministic distance
metric cannot leverage existing training dataset to finely train the
model. Though it is feasible to obtain an optimal distance threshold
using a training dataset, the parameters of the neural network
model itself are not updated in this process.
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(a) SdA for learning latent
feature representation

(b) Measuring code
similarity using latent

representation

Figure 5: SdA baselinemodels.m1 is a semanticmatrixA gen-
erated from a method, c1 and c2 are two feature vectors gen-
erated by SdA from a method pair. For SdA-base, we put the
two parts together when training, while for SdA-unsup, we
do not back-propagate the error signal of (b) into (a).

We propose an alternative approach that formulates the prob-
lem of identifying functionally similar code as binary classification.
More specifically, as shown in Figure 4, we concatenate the latent
representation vectors h13 and h23 from methodsm1 andm2 in dif-
ferent orders: [h13,h23], [h23,h13]. Then we apply a fully connected
layer on the two concatenated vectors with sharing weightsWf c .
Another average pooling is performed on the output states, and
finally the classification layers are added. We can now use cross-
entropy as the cost function (Eq. 3), and minimize it to optimize
the entire model. In this way, our model is able to learn similarity
between each code pair with different syntactics.

Optimization. The two concatenations with different orders
and the average pooling operation are important for optimizing
the efficiency of our model. Note that as a similarity measuring
task, we have a symmetric property: S(mi ,mj ) = S(mj ,mi ). If we
use only one concatenation [hi3,hj3] or [hj3,hi3], we have to add
both (mi ,mj ) and (mj ,mi ) into our training dataset to satisfy the
symmetric property, which will lead to nearly 2X training and
predicting time.

When applying this model to discover functionally similar meth-
ods on a code repository of size N , we would need to run it N (N−1)

2
times. Considering that the classification layers only contain very
few computations of the entire model (less than 1% matrix multipli-
cations for our trained model), the efficiency can be significantly
improved (almost 2X speedup) by separating the model into two
parts during prediction. More specifically, for the N methods, we
run the feed-forward phase of the model to generate their latent
representation h3. Then for each method pair, we only run the
classification phase.

Baseline Model. As a comparison, we also train an SdA as the
baseline model, as depicted in Figure 5. In the baseline, we try
to flatten each matrix to a long input vector of size k × k × E (i.e.,
1,441,792 if k = 128 and E =88). However, even we set a small size of
the first hidden layer (e.g., 100), there are over 1.44 ×108 parameters,
which makes the training difficult (unlike SdA, our model applies
learning on each row followed by a row average pooling, hence
its layer size is limited). Therefore, we slightly change the feature
vector T . As T = {Vop1,Vop2, I ,B}, Vop = {V (m),V (o),V (t)}, we
use a 8-bit integer to represent each component of it, thus we drive
a T ′ of size 8 (this can be understood as a handcrafted feature
vector, as the characteristic vector in [26]). The other parts follow
the standard SdA model.

We develop two settings for the SdA baseline model: SdA-base
and SdA-unsup. SdA-base also adds classification layers on top of
it (combine the two models in Figure 5), taking the concatenation
of two latent representation vectors as inputs (with only one con-
catenating order). Thus, the fine training step will also optimize
the feed-forward encoding part of the model. SdA-unsup uses a
separate classification model with one hidden layer, as shown in
Figure 5b. It works by estimating an optimal similarity metric in the
hidden space. In both cases we apply the same loss function in Eq. 3.
The goal of these two settings is to present a comparison between
our model and the vanilla SdA, and to understand the effectiveness
of our binary classification formulation.

5 EXPERIMENTAL EVALUATION
5.1 Datasets
We evaluated DeepSim on two datasets: Google Code Jam (GCJ) [2]
and BigCloneBench [53]. In the first experiment, we follow recent
literature [51, 52, 56] and use the programs from the Google Code
Jam competition [2] as our dataset. We collected 1,669 projects from
12 competition problems, as shown in Table 1. Each project for the
same problem is implemented by different programmers, and its
correctness has been verified by Google. We have manually verified
that the 12 problems are totally different. Therefore, programs
for the same problem should be functionally similar (i.e., label 1),
and those for different problems should be dissimilar (i.e., label
0). To better understand this benchmark, we manually inspected
15 projects for each problem and found that very few projects (6
pairs in total, 2 each in Mushroom Monster and Rank and File, and
1 each in Brattleship and Senate Evacuation) can be classified as
syntactically similar4. Note that we did not remove any of these
syntactically similar code, because our approach is also capable of
handling them (as explained in Section 3). In addition, we found
that more than 20% of the projects contain at least one obvious
statement re-ordering. Most of them are caused by different orders
of variable definitions used in loops or parameters for functions
such as min, max, etc.

In the second experiment, we run DeepSim on the popular Big-
CloneBench dataset [53]. BigCloneBench is a large code clone
benchmark that contains over 6,000,000 tagged clone pairs and
260,000 false clone pairs collected from 25,000 systems. Each clone

4Our criterion for syntactically similar code is very relax: the number of different lines
of code can be up to 15 and no structural difference.
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Table 1: The Google Code Jam dataset.

Dataset statistics Value

Projects 1,669
Total lines of code 98,117
Tokens 445,371
Vocabulary size 4,803
Similar method pairs 275,570
Dissimilar method pairs 1,116,376

pair in BigCloneBench is also a pair of methods, and is manually as-
signed a clone type. The total number of clone pairs obtained from
the downloaded database is slightly different from that reported in
[53]. We discard code fragments without any tagged true or false
clone pairs, and discard methods with LOC less than 5. In the end
we obtained 50K methods, including 5.5M tagged clone pairs and
200K tagged false clone pairs. Most true/false clone pairs belong to
clone type WT3/T4.

5.2 Implementation and Comparisons
For DeepSim and the SdA baseline models, we use WALA [1] to
generate CFG/DFG from bytecode of each method, and construct
the semantic feature matrix as described in Section 3. For efficiency,
we store all the matrices in a sparse format. We use TensorFlow [3]
to implement the neural networks models. For the GCJ dataset, we
developed a plug-in in the Eclipse IDE to automatically inline source
code file of each project to a single method. For BigCloneBench,
because it does not provide the dependency libraries for the source
code files, wemodifiedWALA and the Polyglot-compiler framework
to generate CFG/DFG for these source code files directly. For any
external class type, we replace it with a unique type Java.lang.Object.
This results in failures to get all fields in some cases. However, our
tool is able to process over 95% of the clone pairs in BigCloneBench.

We also compared DeepSim with the three other state-of-the-art
approaches: DECKARD [26], RtvNN [58] andCDLH [57]. DECKARD
is a classical AST-based technique that generates characteristic vec-
tors for each subtree using predefined rules and clusters them to
detect code clones. In our experiment we used the stable version
available in Github [4]. RtvNN uses recursive neural networks [49]
to measure code similarity using Euclidean distance. Different from
our approach, their model operates on source code tokens and AST
and learns hidden representation for each code separately (i.e., un-
supervised learning) rather than combining each code pair to learn
similar patterns between them. Since the RtvNN implementation
is not available, we implemented the approach following the pa-
per [58]. CDLH is a recent machine learning-based functional clone
detector that applies LSTM on ASTs. The CDLH paper [57] does
not provide details about their experimental settings. To make a
fair comparison, we compare with their reported numbers.

Training. We apply 10-fold cross-validation to train and eval-
uate DeepSim and the two baseline models on the two datasets.
Namely, we partition the dataset into 10 subsets, each time we pick
1 subset as test set, the rest 9 subsets as training set. We repeat
this 10 times and each time the picked test subset is different. The
reported result is averaged over the 10 times.

Table 2: Parameter settings for different tools.

Tool Parameters

DECKARD Min tokens: 100, Stride: 2,
Similarity threshold: 0.9

SdA-base Layers size: (1024-512-256)-512-128, epoch: 6
Initial learning rate: 0.001,
λ for L2 regularization: 0.000003
Corruption level: 0.25, Dropout: 0.75

SdA-separate Feed-forward phase:
Layers size: 1024-512-256, epoch: 1,
λ1 for L2 regularization: 0.0003,
Corruption level: 0.25, initial learning rate: 0.001,
Classification phase:
Layers size: 512-128, epoch: 3,
Dropout: 0.75, Initial learning rate: 0.001,
λ2 for L2 regularization: 0.001

RtvNN RtNN phase: hidden layer size: 400, epoch: 25,
λ1 for L2 regularization: 0.005,
Initial learning rate: 0.003,
Clipping gradient range: (-5.0, 5.0),
RvNN phase: hidden layer size: (400,400)-400,
epoch: 5, Initial learning rate: 0.005
λ1 for L2 regularization: 0.005
Distance threshold: 2.56

DeepSim Layers size: 88-6, (128x6-256-64)-128-32, epoch: 4,
Initial learning rate: 0.001,
λ for L2 regularization: 0.00003
Dropout: 0.75

For RtvNN, because it needs to extract all the tokens and build
vocabulary before training, we have to train and evaluate it using
the same full dataset, following the same experiment setting as
[58]. We try a range of different super-parameters (e.g., learning
rate, layer sizes, regularization rate, dropout rate, various activation
functions and weights initializers, etc.) for each model and record
their testing errors and F1 scores. For DECKARD, it has no training
procedure but a few parameters. We also tune its parameters and
choose the set of parameters that achieved the highest F1 score on
the full dataset. The optimal super-parameters that achieved the
highest F1 score for these models are listed in Table 2.

5.3 Results on GCJ

Table 3: Results on the GCJ dataset.

Tool Recall Precision F1 score

DECKARD 0.44 0.45 0.44
SdA-base 0.51 0.50 0.50
SdA-unsup 0.56 0.26 0.35
RtvNN 0.90 0.20 0.33
DeepSim 0.82 0.71 0.76

5.3.1 Recall and Precision. Table 3 reports the recall and preci-
sion of DeepSim on GCJ compared to the other approaches. Recall
means the fraction of similar method pairs retrieved by an approach.
Precision means the fraction of retrieved truly similar method pairs
in the results reported by an approach. Overall, DeepSim achieved
81.6% recall, while DECKARD 44.0%, RtvNN 90.2%, SdA-base 51.3%
and SdA-unsup 55.6%, and DeepSim achieved much higher preci-
sion (71.3%) than DECKARD (44.8%) and RtvNN (19.8%), as well as
SdA-base (49.6%) and SdA-unsup (25.6%).
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DECKARD achieved low recall and precision. The reason is
that to recognize a similar method pair, DECKARD requires the
characteristic vectors of parser tree roots for the two methods
to be very close, which is essentially the syntactics of the entire
code. To better understand this result, we picked all solutions from
one competition problem, and found that more than half of the
functionally similar code pairs have diverse parser tree structures,
making them being predicted into different clusters by DECKARD.

SdA-base and SdA-unsup achieved comparable recall and are bet-
ter than DECKARD, and SdA-base’s precision is much higher than
SdA-unsup. DeepSim achieved much higher recall than DECKARD
and the two baseline models. This indicates that DeepSim effec-
tively learns higher level features from the semantic matrices than
the other approaches, and the encoded semantic matrix is also a
better representation than the syntactical representation used by
DECKARD.

RtvNN achieved the highest recall, but very low precision. We
found that RtvNN almost reports all method pairs as similar. The
reason is that RtvNN relies on the tokens and AST to generate
the hidden representation for each method and applies a simple
distance metric to discriminate them. However, two functionally
similar methods may have significant syntactical differences, and
two functionally dissimilar methods may share syntactically similar
components (e.g., IO operations). After further analyzing the exper-
iment results, we found that the distances between most methods
are in the range of [2.0, 2.8]. Through reducing the distance thresh-
old, the precision of RtvNN could be significantly improved (up to
90%), however, its recall also drops quickly (down to less than 10%).
As a result, it only achieved F1 score 0.325 at the highest.

5.3.2 False positives/false negatives. The precision of DeepSim is
71.3%, which still has a large improvement space. After checking
those false positives and false negatives of DeepSim, we found
that this is mainly due to the tool’s limitation in handling method
invocations. For example, for the Problem Senate Evacuation, some
solution projects use standard loops and assignment statements,
while other solution projects employ utility methods such as Map
and Replace. Because we do not explicitly encode the information in-
side the callee method into the semantic feature matrices, DeepSim
cannot distinguish these utility methods and their corresponding
statements. Nevertheless, this is a common limitation for most
existing static code similarity measuring techniques [26, 47, 58].
Considering that DeepSim could generate a final hidden representa-
tion for each method after training, incorporating this information
to encode method invocation instructions is feasible (re-training
may be necessary). In addition, utilizing constraints-solving based
approaches [29, 33] as a post-filtering to the reported results may
also further improve the precision.

5.3.3 Time Performance. We also evaluated the time performance
of these approaches on the full dataset (in total 1.4M method pairs).
We run each tool with the optimal parameters (Table 2) on a desktop
PC with an Intel i7 4.0GHz 4 cores CPU and GTX 1080 GPU. For
DeepSim and the two SdA baseline models, they need to generate
semantic feature matrices from bytecode files, so we also include
the time of this procedure into the training time. For DECKARD,
we use the default maximal number of processes (i.e., 8). We run
each tool three times and report the average.

Table 4: Time performance on GCJ.

Tool Prediction time Training time

DECKARD 72s -
SdA-base 1230s 8779s
SdA-unsup 37s 1482s
RtvNN 15s 8200s
DeepSim 34s 13545s

Table 4 reports the results. DECKARD does not need training so
it has zero training time. SdA-unsup separates latent representa-
tion learning and classification phases, thus it takes fewer training
epochs to get stable and has the lowest training time among the
three models. While DeepSim has fewer neurons than SdA-base
(SdA-base has a huge amount of neurons in the first layer), it takes
more computation since its first three layers are applied on each
element or row of the semantic feature matrices. Thus, DeepSim
takes the longest training time. Although the training phase of
DeepSim is slower than the other approaches, it is a one-time of-
fline process. Once the model is trained, it can be reused to measure
code similarity.

For prediction, RtvNN takes the least time, as it only needs to
calculate the distance between each code pair and compare it with
the threshold. DeepSim takes the 2nd least time, even faster than
DECKARD, because it only needs to generate the semantic feature
matrices and the prediction phase is performed by GPU, which is
fast. SdA-unsup takes approximately the same time as DeepSim,
while SdA-base is 30X slower, because it has to run the whole model
for each code pair.

5.4 Results on BigCloneBench

Table 5: Results on BigCloneBench.

Tools Recall Precision F1 Score

DECKARD 0.02 0.93 0.03
RtvNN 0.01 0.95 0.01
CDLH 0.74 0.92 0.82
DeepSim 0.98 0.97 0.98

Table 6: F1 score for each clone type.

Clone Type DECKARD RtvNN CDLH DeepSim

T1 0.73 1.00 1.00 0.99
T2 0.71 0.97 1.00 0.99
ST3 0.54 0.60 0.94 0.99
MT3 0.21 0.03 0.88 0.99
WT3/T4 0.02 0.00 0.81 0.97

Tables 5-6 report the results on BigCloneBench. The recall and
precision are calculated according to [53]. The results of DECKARD,
RtvNN and CDLH correspond to that reported in [57].

For this dataset, DeepSim significantly outperforms all the other
approaches for both recall and precision. The F1 score of DeepSim
is 0.98, compared to 0.82 by CDLH. DeepSim does not achieve 1.0
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F1 score on T1-ST3 clones (which should be guaranteed by our
encoding approaches as discussed in Section 3), because the tool
misses some data flow when generating DFG from source code, due
to the approximation we introduce to handle external dependencies
in WALA.

Since the true/false clone pairs from BigCloneBench are from
different functionalities, we run another experiment that use all
the true/false clone pairs with functionality id 4 as training dataset
(since it contains approximately 80% true/false clone pairs of the
whole dataset), and the rest data as testing dataset. The result is
shown in Table 7, which is consistent with the results reported in
Tables 5-6.

Table 7: Results of DeepSim trained using data from single
functionality.

Clone Type Recall Precision F1 Score

T1 1.00 1.00 1.00
T2 1.00 1.00 1.00
ST3 1.00 1.00 1.00
MT3 0.99 0.99 0.99
WT3/T4 0.99 0.96 0.97

We also note that forWT3/T4 clone type, the F1 score of DeepSim
on BigCloneBench is higher than that on the GCJ dataset (this is
consistent with the comparison result between BigCloneBench and
another OJ dataset, OJClone, as reported in [57]). We inspected
several WT3/T4 clone pairs and found that although they are less
than 50% similar at the statement level (which is the criterion for
WT3/T4 clone type), many of them follow similar code structure
and differ only on the sequence of the invoked APIs. In contrast,
the GCJ projects are all built from scratch by different programmers
with different code structures. It is hence more difficult to detect
functional clones in the GCJ dataset.

5.5 Discussion
Why DeepSim outperforms the other DNN approaches. The
reasons are three-fold. First, DeepSim is based on the semantic
feature matrix that encodes DFG/CFG, which is a higher level ab-
straction than the lexical/syntactical representation (e.g., source
code tokens or AST) used by the other DNN approaches such as
RtvNN and CDLH. Compared to the two SdA baselines, DeepSim
takes the semantic feature matrix as input, while for the SdA base-
lines each 88d feature vector T is manually re-encoded to 8d, and
the entire matrix is flattened to a vector. The manual re-encoding
may lose information since each element in the 8d vector is actually
categorical data and a standard neural network model is limited in
this scenario. In addition, flattening the entire matrix aggravates
the impact of statement re-ordering because the flattened vector is
strictly ordered, which causes reporting more false positives.

Second, DeepSim and the two SdA baselines all contain classifi-
cation layers to support the classification of a method pair, while
RtvNN only calculates the distance between the hidden representa-
tions of two methods, which may not be applicable as we discussed
before. Note that the F1 score of DeepSim, SdA-base and SdA-unsup
are all higher than RtvNN, this should be partly attributed to the

effectiveness of our binary classification formulation and the fine
training stage.

Third, the DeepSim model uses two average pooling layers,
which SdA-base and SdA-unsup do not have. The first one computes
the average states along all rows of the matrix, which reduces the
side effect caused by the statement re-ordering. The second one
computes the average states of two different concatenations of final
latent representations from a method pair, which guarantees the
symmetric property of code similarity, i.e. S(mi ,mj ) = S(mj ,mi ).

Effectiveness of the encoding approach. In the first layer of
DeepSim, we map each feature vector T of size 88 to a 6d vector
in the hidden space. To analyze our trained model, we construct
eight different feature vectors, each is encoding of a specific oper-
ation between variables. We map them into the embedding space
and visual them with PCA dimensionality reduction, as shown in
Figure 6.

Figure 6: First layer hidden representation of 8 different in-
put feature vectors generated by DeepSim.

We can observe that there are four very close points, correspond-
ing to four different instructions: 2 int variables add operation in
normal basic block, 2 short variables add operation in normal basic
block, 2 double variables add operation in normal basic block, 1 int
variable and 1 static int variable add operation in normal basic block.
According to their meanings, they are quite similar and should be
close in the embedding space. This manifests that our encoding
does effectively preserve the data flow information, and our model
successfully learned the similarity between these operations.

We also note that the two identical operations from different
basic blocks (denoted by the plum and cyan points in the figure)
are not close in the embedding space. This indicates that the code
structure (i.e., control flow) information is also well encoded into the
feature vector and successfully learned by our model for measuring
functional code similarity.

The visualization of the hidden states for the eight instructions
shows the effectiveness of our semantic featurematrices that encode
data flow and control flow.More importantly, our specially designed
DNN model can learn high-level features from the input semantic
feature matrix, and patterns between functionally similar code with
different syntactics. This significantly distinguishes our approach
from the other approaches, which rely on syntactical representation.

Semantic feature matrix size. In this work, we fix the size of
the semantic feature matrix to 128. It works well for our datasets,
but such fixed length reduces computation efficiency for methods
with smaller length and may lose some information for methods
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with larger length. To support variant matrix length, we can inte-
grate our model with recurrent neural network (RNN). However, a
challenge is that RNN requires a fixed input sequence order, which
is difficult to handle code statement re-ordering. A stacked LSTM
with attention mechanism [5] may be a potential solution.

Larger dataset. As a deep learning approach, DeepSim’s effec-
tiveness is limited by the size and quality of the training dataset.
Building such a large and representative dataset is challenging.
Even BigCloneBench only covers 10 functionalities and consists
of less than 60K functions, which is a tiny proportion of the full
IJaDataset [53]. In future work, this can be addressed by incremen-
tally building a very large dataset through crowd-sourcing platform
such as Amazon Mechanical Turk [39]. We also plan to build a web
platform so that users can upload samples to try our tool and verify
the result. The collected data will help improve the accuracy of our
model.

6 OTHER RELATEDWORK
Code clone detection. According to Carter et al. [12], Roy and
Cordy [42], code clones can be roughly classified into four types.
Type I-III code clones only differ at tokens and statement level, while
Type IV code clones are functionally similar code that usually have
different implementations. Existing code clone detectors mainly
target type I-III code clones through measuring code syntactical
similarity based on representations such as text [6, 7, 43], tokens [28,
36, 47], abstract syntax tree [10] or parse-tree [26].

Su et al. [52] proposed to measure functional code similarity
based on dynamic analysis. This approach captures runtime in-
formation inside callee functions through code instrumentation,
but it may miss similar code due to the limited coverage of test
inputs. Several other approaches have focused on scaling code clone
techniques to large repositories [25, 46, 47, 54].

In addition, Gabel and Su [18] studied code uniqueness on a
large code repository of 420M LOC, and observed significant code
redundancy at granularity of 6-40 tokens. Barr et al. [9] studied
patching programs by grafting existing code snippets in the same
program and how difficult this grafting process is. Their result
indicates a promising application of code similarity measuring
techniques.

Machine learning for measuring code similarity. Carter
et al. [12] proposed to measure code similarity through extracting
handcrafted features from source code and applying self-organizing
maps on them. Yang et al. [60] derived more robust features from
source code based on inverse frequency-reverse document fre-
quency, then applied K-Means to cluster code and predict the class
for a new code fragment using the cosine distance metric. This
approach cannot handle code fragments that do not belong to any
existing clusters. Li et al. [35] also applied deep learning on code
clone detection. They first identified tokens that are likely to be
shared between programs, then computed the frequency of each
token in each program. Given a code pair, they computed a similar-
ity score for each token based on their frequencies. The similarity
score vector is then fed to the deep learning model to classify the
code pair. Since token frequency is still a syntactical representation,
the ability of this approach for measuring code functional similarity
may be limited.

Semantic code search and equivalence checking. Reiss [41]
used both static and dynamic specifications (e.g., keywords, class
of method signatures, test cases, contracts) to search target code
fragments. Stolee et al. [50] and Ke et al. [29] used symbolic exe-
cution to build constraints for each code fragment in the codebase
and searched target code with input-output specifications. The re-
turned code fragment should satisfy both the type signature and the
conjoined constraints. This approach may not scale well as limited
by symbolic execution and SMT solver. Moreover, Deissenboeck
et al. [16] reported that 60%-70% of program chunks across five
open-source Java projects refer to project specific data-types, which
makes it difficult to directly compare inputs/outputs for equivalence
checking across different projects. Partush and Yahav [40] presented
a speculative code search algorithm that finds an interleaving of
two programs with minimal abstract semantic differences, which
abstracts the relationships between all variables in the two pro-
grams. This may not be applicable for non-homologous programs
since there is not a clear mapping between most statements and
variables.

7 CONCLUSION
We have presented a new approach, DeepSim, for measuring code
functional similarity, including a novel semantic representation that
encodes the code control flow and data flow information as a com-
pact matrix, and a new DNN model that learns latent features from
the semantic matrices and performs binary classification. We have
evaluated DeepSim with two large datasets of functionally similar
code and compared it with several state-of-the-art approaches. The
results show that DeepSim significantly outperforms existing ap-
proaches in terms of recall and precision, and meanwhile it achieves
very good efficiency.
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