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Abstract
Source code processing heavily relies on the
methods widely used in natural language pro-
cessing (NLP), but involves specifics that need
to be taken into account to achieve higher qual-
ity. An example of this specificity is that the
semantics of a variable is defined not only by
its name but also by the contexts in which
the variable occurs. In this work, we develop
dynamic embeddings, a recurrent mechanism
that adjusts the learned semantics of the vari-
able when it obtains more information about
the variable’s role in the program. We show
that using the proposed dynamic embeddings
significantly improves the performance of the
recurrent neural network, in code completion
and bug fixing tasks.

1 Introduction

Deep learning is now actively being deployed in
source code processing (SCP) for solving such
tasks as code completion (Li et al., 2018), gen-
erating code comments (Alon et al., 2019), and
fixing errors in code (Vasic et al., 2019a). Source
code visually looks like a text, motivating the wide
use of NLP architectures in SCP. A lot of mod-
ern SCP approaches are based on recurrent neural
networks (Le et al., 2020), other popular architec-
tures are transformers, and convolutional and graph
neural networks.

Utilizing the specifics of source code as a data
domain may potentially improve the quality of neu-
ral networks for SCP. These specifics include three
main aspects. Firstly, the source code is strictly
structured, i. e. the source code follows the syn-
tactic rules of the programming language. Sec-
ondly, the vocabularies may be large or even po-
tentially unlimited, i. e. a programmer is allowed
to define the identifiers of the arbitrary complex-
ity. Thirdly, the identifiers are invariant to renam-
ing, i. e. renaming all the user-defined identifiers
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does not change the algorithm that the code snip-
pet implements. The first two mentioned specifics
have been extensively investigated in the literature.
For example, the tree-based architectures, such
as TreeLSTM (Chen et al., 2018) or TreeTrans-
former (Shiv and Quirk, 2019) allow for the uti-
lization of the code’s structure. On the other hand,
using byte-pair encoding (Karampatsis et al., 2020;
Sennrich et al., 2016) or the anonymization of out-
of-vocabulary identifiers (Chirkova and Troshin,
2021) deals with the unlimited vocabulary problem.
However, the property of source code being in-
variant to renaming user-defined identifiers has not
been paid much attention to. In this work, we aim
to close this gap for the recurrent neural networks
(RNNs).

Let us take a closer look at the invariance
property. In Fig. 1 (a) and (b), a code snippet
implementing a simple mathematical calculation
is presented with two different variable naming
schemes. Both code snippets implement the same
algorithm, i. e. are equivalent in the “program se-
mantics” space, but have different text represen-
tations. Classic NLP approach implies using the
embedding layer as the first layer in the network
where learnable embeddings encode the global se-
mantics of the input tokens. In example (a), the
embeddings of variables x and y make sense, as
these variables are usually used in mathematical
calculations, but in example (b), the embeddings
of variables foo and foo2 do not reflect any se-
mantics. Moreover, even in case (a), the semantics
of identifier y reflected by its embedding are too
broad, i. e. this identifier could be used in a lot of
different calculations, while variable y has a much
more specific role in the program, i. e. storing the
result of the particular function. The key idea of
this work is that the embedding of a variable in
the program should reflect the variable’s partic-
ular role in this program and not only its name.
The name of the variable may act as the secondary
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source of information about the variable’s role, but
the main source of this information is the program
itself, i. e. the contexts the variable is used in.

We develop the recurrent mechanism called dy-
namic embeddings that captures the representations
of the variables in the program based on the con-
texts in which these variables are used. Being
initialized before a program processing, the dy-
namic embedding of a variable is updated each
time the variable has been used in the program,
see the scheme in Fig. 1(g). We test the dynamic
embedding approach in two settings: the standard
setting with the full data, and the anonymized set-
ting, when all variable names are replaced with
unique placeholders var1, var2, var3 etc. In
the full data setting, we initialize the dynamic em-
beddings with standard embeddings, see Fig. 1(e),
to implement the idea of the variable name being
a secondary source of information about the vari-
able’s semantics. In the anonymized setting, we
initialize the dynamic embeddings using a constant
initial embedding, the same for all identifiers, see
Fig. 1(f). In this setting, the variable names are not
used at all, and the model detects the role of the
variable purely based on the contexts in which the
variable is used in the program. Although being
less practically oriented, the anonymized setting is
a conceptually interesting benchmark, as it high-
lights the capabilities of deep learning architectures
to understand the pure program structure, that is ac-
tually the main goal of SCP, without relying on the
unstructured textual information contained in vari-
able names. In addition, the anonymized setting
could be the case in practice, e. g. when processing
the decompiled or obfuscated code (Lacomis et al.,
2019).

In the experiments, we show that using the pro-
posed dynamic embeddings significantly outper-
forms the model that uses the standard embeddings,
called static embeddings in our work, in both de-
scribed settings in two SCP tasks, namely code
completion and bug fixing.

To sum up, our contributions are as follows:

• We propose the dynamic embeddings for cap-
turing the semantics of the variable names in
source code;

• To demonstrate the wide practical applicabil-
ity of the proposed dynamic embeddings, we
show that they outperform static embeddings
in two different code processing tasks, namely

code completion (generative task) and bug
fixing (discriminative task), in the full data
setting;

• We propose the version of the dynamic em-
beddings approach that does not use variable
names at all, and show that it achieves high
results in both tasks, sometimes even outper-
forming the standard model trained on full
data (with variable names present in the data).

Our source code is available at https:
//github.com/nadiinchi/dynamic_
embeddings.

2 Related Work

The possibility of improving deep learning models
of source code by taking into account the invariance
property of variable names has been superficially
discussed in the literature. Ahmed et al. (2018)
replace variables with their types, while Gupta
et al. (2017) and Xu et al. (2019) use the static
embeddings for anonymized variables. However,
the existing SCP work did not consider developing
a special architecture that dynamically updates the
embeddings of the variables during processing a
code snippet.

Our research is also related to the field of pro-
cessing out-of-vocabulary (OOV) variable names.
The commonly used approaches for dealing with
OOV variables are using the pointer mechanism (Li
et al., 2018) or replacing OOV variables with their
types (Hu et al., 2018). As we show in our work,
both methods may be successfully combined with
the proposed dynamic embeddings.

In the context of NLP, Kobayashi et al. (2017)
use a similar model with dynamic embeddings to
process OOV and anonymized named entities in
natural text. In contrast to their approach, we apply
dynamic embeddings to the whole vocabulary of
variable names, and incorporate dynamic embed-
dings into the model that relies on the syntactic
structure of code. This results in more meaningful
dynamic embeddings.

3 Proposed method

We firstly describe what format of the model input
we use, i. e. the procedure of code preprocessing,
and then describe our model. At the end of this
section, we discuss how we use the proposed model
in two code processing tasks.

https://github.com/nadiinchi/dynamic_embeddings
https://github.com/nadiinchi/dynamic_embeddings
https://github.com/nadiinchi/dynamic_embeddings
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<latexit sha1_base64="T9LhK+CTIQb+SVbnxArU1eDRbMg=">AAAB8XicbVDLSgNBEOyNrxhfUY9eBoPgQcKuCHoMeBG8RDAPTJZldtJJxszOLjOzgbAE/AgvHhTx6t9482+cPA6aWNBQVHXT3RUmgmvjut9ObmV1bX0jv1nY2t7Z3SvuH9R1nCqGNRaLWDVDqlFwiTXDjcBmopBGocBGOLie+I0hKs1jeW9GCfoR7Une5YwaKz1gkA0DfkYex0Gx5JbdKcgy8eakBHNUg+JXuxOzNEJpmKBatzw3MX5GleFM4LjQTjUmlA1oD1uWShqh9rPpxWNyYpUO6cbKljRkqv6eyGik9SgKbWdETV8vehPxP6+Vmu6Vn3GZpAYlmy3qpoKYmEzeJx2ukBkxsoQyxe2thPWposzYkAo2BG/x5WVSPy97btm7uyhVbp9mceThCI7hFDy4hArcQBVqwEDCM7zCm6OdF+fd+Zi15px5hIfwB87nD03WkRc=</latexit><latexit sha1_base64="T9LhK+CTIQb+SVbnxArU1eDRbMg=">AAAB8XicbVDLSgNBEOyNrxhfUY9eBoPgQcKuCHoMeBG8RDAPTJZldtJJxszOLjOzgbAE/AgvHhTx6t9482+cPA6aWNBQVHXT3RUmgmvjut9ObmV1bX0jv1nY2t7Z3SvuH9R1nCqGNRaLWDVDqlFwiTXDjcBmopBGocBGOLie+I0hKs1jeW9GCfoR7Une5YwaKz1gkA0DfkYex0Gx5JbdKcgy8eakBHNUg+JXuxOzNEJpmKBatzw3MX5GleFM4LjQTjUmlA1oD1uWShqh9rPpxWNyYpUO6cbKljRkqv6eyGik9SgKbWdETV8vehPxP6+Vmu6Vn3GZpAYlmy3qpoKYmEzeJx2ukBkxsoQyxe2thPWposzYkAo2BG/x5WVSPy97btm7uyhVbp9mceThCI7hFDy4hArcQBVqwEDCM7zCm6OdF+fd+Zi15px5hIfwB87nD03WkRc=</latexit><latexit sha1_base64="T9LhK+CTIQb+SVbnxArU1eDRbMg=">AAAB8XicbVDLSgNBEOyNrxhfUY9eBoPgQcKuCHoMeBG8RDAPTJZldtJJxszOLjOzgbAE/AgvHhTx6t9482+cPA6aWNBQVHXT3RUmgmvjut9ObmV1bX0jv1nY2t7Z3SvuH9R1nCqGNRaLWDVDqlFwiTXDjcBmopBGocBGOLie+I0hKs1jeW9GCfoR7Une5YwaKz1gkA0DfkYex0Gx5JbdKcgy8eakBHNUg+JXuxOzNEJpmKBatzw3MX5GleFM4LjQTjUmlA1oD1uWShqh9rPpxWNyYpUO6cbKljRkqv6eyGik9SgKbWdETV8vehPxP6+Vmu6Vn3GZpAYlmy3qpoKYmEzeJx2ukBkxsoQyxe2thPWposzYkAo2BG/x5WVSPy97btm7uyhVbp9mceThCI7hFDy4hArcQBVqwEDCM7zCm6OdF+fd+Zi15px5hIfwB87nD03WkRc=</latexit><latexit sha1_base64="T9LhK+CTIQb+SVbnxArU1eDRbMg=">AAAB8XicbVDLSgNBEOyNrxhfUY9eBoPgQcKuCHoMeBG8RDAPTJZldtJJxszOLjOzgbAE/AgvHhTx6t9482+cPA6aWNBQVHXT3RUmgmvjut9ObmV1bX0jv1nY2t7Z3SvuH9R1nCqGNRaLWDVDqlFwiTXDjcBmopBGocBGOLie+I0hKs1jeW9GCfoR7Une5YwaKz1gkA0DfkYex0Gx5JbdKcgy8eakBHNUg+JXuxOzNEJpmKBatzw3MX5GleFM4LjQTjUmlA1oD1uWShqh9rPpxWNyYpUO6cbKljRkqv6eyGik9SgKbWdETV8vehPxP6+Vmu6Vn3GZpAYlmy3qpoKYmEzeJx2ukBkxsoQyxe2thPWposzYkAo2BG/x5WVSPy97btm7uyhVbp9mceThCI7hFDy4hArcQBVqwEDCM7zCm6OdF+fd+Zi15px5hIfwB87nD03WkRc=</latexit>

vi
<latexit sha1_base64="Vsmylttd+Sq6dVXJi0OPbP8qlPM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPBi+Clov2ANpTNdtIu3WzC7qZQQsE/4MWDIl79Rd78N27aHrT1wcDjvRlm5gWJ4Nq47rdTWFvf2Nwqbpd2dvf2D8qHR00dp4phg8UiVu2AahRcYsNwI7CdKKRRILAVjG5yvzVGpXksH80kQT+iA8lDzqix0sO4x3vlilt1ZyCrxFuQCixQ75W/uv2YpRFKwwTVuuO5ifEzqgxnAqelbqoxoWxEB9ixVNIItZ/NTp2SM6v0SRgrW9KQmfp7IqOR1pMosJ0RNUO97OXif14nNeG1n3GZpAYlmy8KU0FMTPK/SZ8rZEZMLKFMcXsrYUOqKDM2nZINwVt+eZU0L6qeW/XuLyu1u6d5HEU4gVM4Bw+uoAa3UIcGMBjAM7zCmyOcF+fd+Zi3FpxFhMfwB87nD4Y5jl8=</latexit><latexit sha1_base64="Vsmylttd+Sq6dVXJi0OPbP8qlPM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPBi+Clov2ANpTNdtIu3WzC7qZQQsE/4MWDIl79Rd78N27aHrT1wcDjvRlm5gWJ4Nq47rdTWFvf2Nwqbpd2dvf2D8qHR00dp4phg8UiVu2AahRcYsNwI7CdKKRRILAVjG5yvzVGpXksH80kQT+iA8lDzqix0sO4x3vlilt1ZyCrxFuQCixQ75W/uv2YpRFKwwTVuuO5ifEzqgxnAqelbqoxoWxEB9ixVNIItZ/NTp2SM6v0SRgrW9KQmfp7IqOR1pMosJ0RNUO97OXif14nNeG1n3GZpAYlmy8KU0FMTPK/SZ8rZEZMLKFMcXsrYUOqKDM2nZINwVt+eZU0L6qeW/XuLyu1u6d5HEU4gVM4Bw+uoAa3UIcGMBjAM7zCmyOcF+fd+Zi3FpxFhMfwB87nD4Y5jl8=</latexit><latexit sha1_base64="Vsmylttd+Sq6dVXJi0OPbP8qlPM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPBi+Clov2ANpTNdtIu3WzC7qZQQsE/4MWDIl79Rd78N27aHrT1wcDjvRlm5gWJ4Nq47rdTWFvf2Nwqbpd2dvf2D8qHR00dp4phg8UiVu2AahRcYsNwI7CdKKRRILAVjG5yvzVGpXksH80kQT+iA8lDzqix0sO4x3vlilt1ZyCrxFuQCixQ75W/uv2YpRFKwwTVuuO5ifEzqgxnAqelbqoxoWxEB9ixVNIItZ/NTp2SM6v0SRgrW9KQmfp7IqOR1pMosJ0RNUO97OXif14nNeG1n3GZpAYlmy8KU0FMTPK/SZ8rZEZMLKFMcXsrYUOqKDM2nZINwVt+eZU0L6qeW/XuLyu1u6d5HEU4gVM4Bw+uoAa3UIcGMBjAM7zCmyOcF+fd+Zi3FpxFhMfwB87nD4Y5jl8=</latexit><latexit sha1_base64="Vsmylttd+Sq6dVXJi0OPbP8qlPM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPBi+Clov2ANpTNdtIu3WzC7qZQQsE/4MWDIl79Rd78N27aHrT1wcDjvRlm5gWJ4Nq47rdTWFvf2Nwqbpd2dvf2D8qHR00dp4phg8UiVu2AahRcYsNwI7CdKKRRILAVjG5yvzVGpXksH80kQT+iA8lDzqix0sO4x3vlilt1ZyCrxFuQCixQ75W/uv2YpRFKwwTVuuO5ifEzqgxnAqelbqoxoWxEB9ixVNIItZ/NTp2SM6v0SRgrW9KQmfp7IqOR1pMosJ0RNUO97OXif14nNeG1n3GZpAYlmy8KU0FMTPK/SZ8rZEZMLKFMcXsrYUOqKDM2nZINwVt+eZU0L6qeW/XuLyu1u6d5HEU4gVM4Bw+uoAa3UIcGMBjAM7zCmyOcF+fd+Zi3FpxFhMfwB87nD4Y5jl8=</latexit>

j
<latexit sha1_base64="fVaUFOY0lm7CY4Lc1XM5s0026Fg=">AAAB6HicbVA9SwNBEJ2LXzF+RS1tFoNgFe5EiGXARrBJwHxAcoS9zVyyyd7esbsnhCNgb2OhiK0/yc5/4+aj0MQHA4/3ZpiZFySCa+O6305uY3Nreye/W9jbPzg8Kh6fNHWcKoYNFotYtQOqUXCJDcONwHaikEaBwFYwvp35rUdUmsfywUwS9CM6kDzkjBor1Ue9Ysktu3OQdeItSQmWqPWKX91+zNIIpWGCat3x3MT4GVWGM4HTQjfVmFA2pgPsWCpphNrP5odOyYVV+iSMlS1pyFz9PZHRSOtJFNjOiJqhXvVm4n9eJzXhjZ9xmaQGJVssClNBTExmX5M+V8iMmFhCmeL2VsKGVFFmbDYFG4K3+vI6aV6VPbfs1a9L1funRRx5OINzuAQPKlCFO6hBAxggPMMrvDkj58V5dz4WrTlnGeEp/IHz+QP5to13</latexit><latexit sha1_base64="fVaUFOY0lm7CY4Lc1XM5s0026Fg=">AAAB6HicbVA9SwNBEJ2LXzF+RS1tFoNgFe5EiGXARrBJwHxAcoS9zVyyyd7esbsnhCNgb2OhiK0/yc5/4+aj0MQHA4/3ZpiZFySCa+O6305uY3Nreye/W9jbPzg8Kh6fNHWcKoYNFotYtQOqUXCJDcONwHaikEaBwFYwvp35rUdUmsfywUwS9CM6kDzkjBor1Ue9Ysktu3OQdeItSQmWqPWKX91+zNIIpWGCat3x3MT4GVWGM4HTQjfVmFA2pgPsWCpphNrP5odOyYVV+iSMlS1pyFz9PZHRSOtJFNjOiJqhXvVm4n9eJzXhjZ9xmaQGJVssClNBTExmX5M+V8iMmFhCmeL2VsKGVFFmbDYFG4K3+vI6aV6VPbfs1a9L1funRRx5OINzuAQPKlCFO6hBAxggPMMrvDkj58V5dz4WrTlnGeEp/IHz+QP5to13</latexit><latexit sha1_base64="fVaUFOY0lm7CY4Lc1XM5s0026Fg=">AAAB6HicbVA9SwNBEJ2LXzF+RS1tFoNgFe5EiGXARrBJwHxAcoS9zVyyyd7esbsnhCNgb2OhiK0/yc5/4+aj0MQHA4/3ZpiZFySCa+O6305uY3Nreye/W9jbPzg8Kh6fNHWcKoYNFotYtQOqUXCJDcONwHaikEaBwFYwvp35rUdUmsfywUwS9CM6kDzkjBor1Ue9Ysktu3OQdeItSQmWqPWKX91+zNIIpWGCat3x3MT4GVWGM4HTQjfVmFA2pgPsWCpphNrP5odOyYVV+iSMlS1pyFz9PZHRSOtJFNjOiJqhXvVm4n9eJzXhjZ9xmaQGJVssClNBTExmX5M+V8iMmFhCmeL2VsKGVFFmbDYFG4K3+vI6aV6VPbfs1a9L1funRRx5OINzuAQPKlCFO6hBAxggPMMrvDkj58V5dz4WrTlnGeEp/IHz+QP5to13</latexit><latexit sha1_base64="fVaUFOY0lm7CY4Lc1XM5s0026Fg=">AAAB6HicbVA9SwNBEJ2LXzF+RS1tFoNgFe5EiGXARrBJwHxAcoS9zVyyyd7esbsnhCNgb2OhiK0/yc5/4+aj0MQHA4/3ZpiZFySCa+O6305uY3Nreye/W9jbPzg8Kh6fNHWcKoYNFotYtQOqUXCJDcONwHaikEaBwFYwvp35rUdUmsfywUwS9CM6kDzkjBor1Ue9Ysktu3OQdeItSQmWqPWKX91+zNIIpWGCat3x3MT4GVWGM4HTQjfVmFA2pgPsWCpphNrP5odOyYVV+iSMlS1pyFz9PZHRSOtJFNjOiJqhXvVm4n9eJzXhjZ9xmaQGJVssClNBTExmX5M+V8iMmFhCmeL2VsKGVFFmbDYFG4K3+vI6aV6VPbfs1a9L1funRRx5OINzuAQPKlCFO6hBAxggPMMrvDkj58V5dz4WrTlnGeEp/IHz+QP5to13</latexit>

i
<latexit sha1_base64="r1/Q8qXAlDRkH4rczoNkfnR41sI=">AAAB6HicbVA9SwNBEJ2LXzF+nVraLAbBKtyJoGXARrBJwHxAcoS9zVyyZm/v2N0TwhGwt7FQxNafZOe/cfNRaOKDgcd7M8zMC1PBtfG8b6ewtr6xuVXcLu3s7u0fuIdHTZ1kimGDJSJR7ZBqFFxiw3AjsJ0qpHEosBWObqZ+6xGV5om8N+MUg5gOJI84o8ZKdd5zy17Fm4GsEn9ByrBAred+dfsJy2KUhgmqdcf3UhPkVBnOBE5K3UxjStmIDrBjqaQx6iCfHTohZ1bpkyhRtqQhM/X3RE5jrcdxaDtjaoZ62ZuK/3mdzETXQc5lmhmUbL4oygQxCZl+TfpcITNibAllittbCRtSRZmx2ZRsCP7yy6ukeVHxvYpfvyxX757mcRThBE7hHHy4gircQg0awADhGV7hzXlwXpx352PeWnAWER7DHzifP/gyjXY=</latexit><latexit sha1_base64="r1/Q8qXAlDRkH4rczoNkfnR41sI=">AAAB6HicbVA9SwNBEJ2LXzF+nVraLAbBKtyJoGXARrBJwHxAcoS9zVyyZm/v2N0TwhGwt7FQxNafZOe/cfNRaOKDgcd7M8zMC1PBtfG8b6ewtr6xuVXcLu3s7u0fuIdHTZ1kimGDJSJR7ZBqFFxiw3AjsJ0qpHEosBWObqZ+6xGV5om8N+MUg5gOJI84o8ZKdd5zy17Fm4GsEn9ByrBAred+dfsJy2KUhgmqdcf3UhPkVBnOBE5K3UxjStmIDrBjqaQx6iCfHTohZ1bpkyhRtqQhM/X3RE5jrcdxaDtjaoZ62ZuK/3mdzETXQc5lmhmUbL4oygQxCZl+TfpcITNibAllittbCRtSRZmx2ZRsCP7yy6ukeVHxvYpfvyxX757mcRThBE7hHHy4gircQg0awADhGV7hzXlwXpx352PeWnAWER7DHzifP/gyjXY=</latexit><latexit sha1_base64="r1/Q8qXAlDRkH4rczoNkfnR41sI=">AAAB6HicbVA9SwNBEJ2LXzF+nVraLAbBKtyJoGXARrBJwHxAcoS9zVyyZm/v2N0TwhGwt7FQxNafZOe/cfNRaOKDgcd7M8zMC1PBtfG8b6ewtr6xuVXcLu3s7u0fuIdHTZ1kimGDJSJR7ZBqFFxiw3AjsJ0qpHEosBWObqZ+6xGV5om8N+MUg5gOJI84o8ZKdd5zy17Fm4GsEn9ByrBAred+dfsJy2KUhgmqdcf3UhPkVBnOBE5K3UxjStmIDrBjqaQx6iCfHTohZ1bpkyhRtqQhM/X3RE5jrcdxaDtjaoZ62ZuK/3mdzETXQc5lmhmUbL4oygQxCZl+TfpcITNibAllittbCRtSRZmx2ZRsCP7yy6ukeVHxvYpfvyxX757mcRThBE7hHHy4gircQg0awADhGV7hzXlwXpx352PeWnAWER7DHzifP/gyjXY=</latexit><latexit sha1_base64="r1/Q8qXAlDRkH4rczoNkfnR41sI=">AAAB6HicbVA9SwNBEJ2LXzF+nVraLAbBKtyJoGXARrBJwHxAcoS9zVyyZm/v2N0TwhGwt7FQxNafZOe/cfNRaOKDgcd7M8zMC1PBtfG8b6ewtr6xuVXcLu3s7u0fuIdHTZ1kimGDJSJR7ZBqFFxiw3AjsJ0qpHEosBWObqZ+6xGV5om8N+MUg5gOJI84o8ZKdd5zy17Fm4GsEn9ByrBAred+dfsJy2KUhgmqdcf3UhPkVBnOBE5K3UxjStmIDrBjqaQx6iCfHTohZ1bpkyhRtqQhM/X3RE5jrcdxaDtjaoZ62ZuK/3mdzETXQc5lmhmUbL4oygQxCZl+TfpcITNibAllittbCRtSRZmx2ZRsCP7yy6ukeVHxvYpfvyxX757mcRThBE7hHHy4gircQg0awADhGV7hzXlwXpx352PeWnAWER7DHzifP/gyjXY=</latexit>

ti
<latexit sha1_base64="0RYER7UaZwC/EbIN46MySPrghv8=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMeAF8FLRBMDyRJmJ7PJkNmZZaZXCEvAH/DiQRGvfpE3/8bJ46CJBQ1FVTfdXVEqhUXf//YKK6tr6xvFzdLW9s7uXnn/oGl1ZhhvMC21aUXUcikUb6BAyVup4TSJJH+IhlcT/+GRGyu0usdRysOE9pWIBaPopDvsim654lf9KcgyCeakAnPUu+WvTk+zLOEKmaTWtgM/xTCnBgWTfFzqZJanlA1pn7cdVTThNsynp47JiVN6JNbGlUIyVX9P5DSxdpRErjOhOLCL3kT8z2tnGF+GuVBphlyx2aI4kwQ1mfxNesJwhnLkCGVGuFsJG1BDGbp0Si6EYPHlZdI8qwZ+Nbg9r9RunmZxFOEIjuEUAriAGlxDHRrAoA/P8ApvnvRevHfvY9Za8OYRHsIfeJ8/gy2OXQ==</latexit><latexit sha1_base64="0RYER7UaZwC/EbIN46MySPrghv8=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMeAF8FLRBMDyRJmJ7PJkNmZZaZXCEvAH/DiQRGvfpE3/8bJ46CJBQ1FVTfdXVEqhUXf//YKK6tr6xvFzdLW9s7uXnn/oGl1ZhhvMC21aUXUcikUb6BAyVup4TSJJH+IhlcT/+GRGyu0usdRysOE9pWIBaPopDvsim654lf9KcgyCeakAnPUu+WvTk+zLOEKmaTWtgM/xTCnBgWTfFzqZJanlA1pn7cdVTThNsynp47JiVN6JNbGlUIyVX9P5DSxdpRErjOhOLCL3kT8z2tnGF+GuVBphlyx2aI4kwQ1mfxNesJwhnLkCGVGuFsJG1BDGbp0Si6EYPHlZdI8qwZ+Nbg9r9RunmZxFOEIjuEUAriAGlxDHRrAoA/P8ApvnvRevHfvY9Za8OYRHsIfeJ8/gy2OXQ==</latexit><latexit sha1_base64="0RYER7UaZwC/EbIN46MySPrghv8=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMeAF8FLRBMDyRJmJ7PJkNmZZaZXCEvAH/DiQRGvfpE3/8bJ46CJBQ1FVTfdXVEqhUXf//YKK6tr6xvFzdLW9s7uXnn/oGl1ZhhvMC21aUXUcikUb6BAyVup4TSJJH+IhlcT/+GRGyu0usdRysOE9pWIBaPopDvsim654lf9KcgyCeakAnPUu+WvTk+zLOEKmaTWtgM/xTCnBgWTfFzqZJanlA1pn7cdVTThNsynp47JiVN6JNbGlUIyVX9P5DSxdpRErjOhOLCL3kT8z2tnGF+GuVBphlyx2aI4kwQ1mfxNesJwhnLkCGVGuFsJG1BDGbp0Si6EYPHlZdI8qwZ+Nbg9r9RunmZxFOEIjuEUAriAGlxDHRrAoA/P8ApvnvRevHfvY9Za8OYRHsIfeJ8/gy2OXQ==</latexit><latexit sha1_base64="0RYER7UaZwC/EbIN46MySPrghv8=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMeAF8FLRBMDyRJmJ7PJkNmZZaZXCEvAH/DiQRGvfpE3/8bJ46CJBQ1FVTfdXVEqhUXf//YKK6tr6xvFzdLW9s7uXnn/oGl1ZhhvMC21aUXUcikUb6BAyVup4TSJJH+IhlcT/+GRGyu0usdRysOE9pWIBaPopDvsim654lf9KcgyCeakAnPUu+WvTk+zLOEKmaTWtgM/xTCnBgWTfFzqZJanlA1pn7cdVTThNsynp47JiVN6JNbGlUIyVX9P5DSxdpRErjOhOLCL3kT8z2tnGF+GuVBphlyx2aI4kwQ1mfxNesJwhnLkCGVGuFsJG1BDGbp0Si6EYPHlZdI8qwZ+Nbg9r9RunmZxFOEIjuEUAriAGlxDHRrAoA/P8ApvnvRevHfvY9Za8OYRHsIfeJ8/gy2OXQ==</latexit>

1. 
2. 
3. 
4. 
5. 
6. 
7.

types values

eti
<latexit sha1_base64="4xukXK9lN1dZ9lap/CnGKap91bk=">AAAB7nicbVDLSgNBEOyNrxhfUY9eFoPgKeyKoMeAF8FLBPOAZFlmJ51kyOzsMtMrhCXgL3jxoIhXv8ebf+PkcdDEgoaiqpvuriiVwpDnfTuFtfWNza3idmlnd2//oHx41DRJpjk2eCIT3Y6YQSkUNkiQxHaqkcWRxFY0upn6rUfURiTqgcYpBjEbKNEXnJGVWhjmFIpJWK54VW8Gd5X4C1KBBeph+avbS3gWoyIumTEd30spyJkmwSVOSt3MYMr4iA2wY6liMZogn507cc+s0nP7ibalyJ2pvydyFhszjiPbGTMammVvKv7ndTLqXwe5UGlGqPh8UT+TLiXu9He3JzRykmNLGNfC3uryIdOMk02oZEPwl19eJc2Lqu9V/fvLSu3uaR5HEU7gFM7BhyuowS3UoQEcRvAMr/DmpM6L8+58zFsLziLCY/gD5/MHv1eQQQ==</latexit><latexit sha1_base64="4xukXK9lN1dZ9lap/CnGKap91bk=">AAAB7nicbVDLSgNBEOyNrxhfUY9eFoPgKeyKoMeAF8FLBPOAZFlmJ51kyOzsMtMrhCXgL3jxoIhXv8ebf+PkcdDEgoaiqpvuriiVwpDnfTuFtfWNza3idmlnd2//oHx41DRJpjk2eCIT3Y6YQSkUNkiQxHaqkcWRxFY0upn6rUfURiTqgcYpBjEbKNEXnJGVWhjmFIpJWK54VW8Gd5X4C1KBBeph+avbS3gWoyIumTEd30spyJkmwSVOSt3MYMr4iA2wY6liMZogn507cc+s0nP7ibalyJ2pvydyFhszjiPbGTMammVvKv7ndTLqXwe5UGlGqPh8UT+TLiXu9He3JzRykmNLGNfC3uryIdOMk02oZEPwl19eJc2Lqu9V/fvLSu3uaR5HEU7gFM7BhyuowS3UoQEcRvAMr/DmpM6L8+58zFsLziLCY/gD5/MHv1eQQQ==</latexit><latexit sha1_base64="4xukXK9lN1dZ9lap/CnGKap91bk=">AAAB7nicbVDLSgNBEOyNrxhfUY9eFoPgKeyKoMeAF8FLBPOAZFlmJ51kyOzsMtMrhCXgL3jxoIhXv8ebf+PkcdDEgoaiqpvuriiVwpDnfTuFtfWNza3idmlnd2//oHx41DRJpjk2eCIT3Y6YQSkUNkiQxHaqkcWRxFY0upn6rUfURiTqgcYpBjEbKNEXnJGVWhjmFIpJWK54VW8Gd5X4C1KBBeph+avbS3gWoyIumTEd30spyJkmwSVOSt3MYMr4iA2wY6liMZogn507cc+s0nP7ibalyJ2pvydyFhszjiPbGTMammVvKv7ndTLqXwe5UGlGqPh8UT+TLiXu9He3JzRykmNLGNfC3uryIdOMk02oZEPwl19eJc2Lqu9V/fvLSu3uaR5HEU7gFM7BhyuowS3UoQEcRvAMr/DmpM6L8+58zFsLziLCY/gD5/MHv1eQQQ==</latexit><latexit sha1_base64="4xukXK9lN1dZ9lap/CnGKap91bk=">AAAB7nicbVDLSgNBEOyNrxhfUY9eFoPgKeyKoMeAF8FLBPOAZFlmJ51kyOzsMtMrhCXgL3jxoIhXv8ebf+PkcdDEgoaiqpvuriiVwpDnfTuFtfWNza3idmlnd2//oHx41DRJpjk2eCIT3Y6YQSkUNkiQxHaqkcWRxFY0upn6rUfURiTqgcYpBjEbKNEXnJGVWhjmFIpJWK54VW8Gd5X4C1KBBeph+avbS3gWoyIumTEd30spyJkmwSVOSt3MYMr4iA2wY6liMZogn507cc+s0nP7ibalyJ2pvydyFhszjiPbGTMammVvKv7ndTLqXwe5UGlGqPh8UT+TLiXu9He3JzRykmNLGNfC3uryIdOMk02oZEPwl19eJc2Lqu9V/fvLSu3uaR5HEU7gFM7BhyuowS3UoQEcRvAMr/DmpM6L8+58zFsLziLCY/gD5/MHv1eQQQ==</latexit>
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<latexit sha1_base64="4xukXK9lN1dZ9lap/CnGKap91bk=">AAAB7nicbVDLSgNBEOyNrxhfUY9eFoPgKeyKoMeAF8FLBPOAZFlmJ51kyOzsMtMrhCXgL3jxoIhXv8ebf+PkcdDEgoaiqpvuriiVwpDnfTuFtfWNza3idmlnd2//oHx41DRJpjk2eCIT3Y6YQSkUNkiQxHaqkcWRxFY0upn6rUfURiTqgcYpBjEbKNEXnJGVWhjmFIpJWK54VW8Gd5X4C1KBBeph+avbS3gWoyIumTEd30spyJkmwSVOSt3MYMr4iA2wY6liMZogn507cc+s0nP7ibalyJ2pvydyFhszjiPbGTMammVvKv7ndTLqXwe5UGlGqPh8UT+TLiXu9He3JzRykmNLGNfC3uryIdOMk02oZEPwl19eJc2Lqu9V/fvLSu3uaR5HEU7gFM7BhyuowS3UoQEcRvAMr/DmpM6L8+58zFsLziLCY/gD5/MHv1eQQQ==</latexit><latexit sha1_base64="4xukXK9lN1dZ9lap/CnGKap91bk=">AAAB7nicbVDLSgNBEOyNrxhfUY9eFoPgKeyKoMeAF8FLBPOAZFlmJ51kyOzsMtMrhCXgL3jxoIhXv8ebf+PkcdDEgoaiqpvuriiVwpDnfTuFtfWNza3idmlnd2//oHx41DRJpjk2eCIT3Y6YQSkUNkiQxHaqkcWRxFY0upn6rUfURiTqgcYpBjEbKNEXnJGVWhjmFIpJWK54VW8Gd5X4C1KBBeph+avbS3gWoyIumTEd30spyJkmwSVOSt3MYMr4iA2wY6liMZogn507cc+s0nP7ibalyJ2pvydyFhszjiPbGTMammVvKv7ndTLqXwe5UGlGqPh8UT+TLiXu9He3JzRykmNLGNfC3uryIdOMk02oZEPwl19eJc2Lqu9V/fvLSu3uaR5HEU7gFM7BhyuowS3UoQEcRvAMr/DmpM6L8+58zFsLziLCY/gD5/MHv1eQQQ==</latexit><latexit sha1_base64="4xukXK9lN1dZ9lap/CnGKap91bk=">AAAB7nicbVDLSgNBEOyNrxhfUY9eFoPgKeyKoMeAF8FLBPOAZFlmJ51kyOzsMtMrhCXgL3jxoIhXv8ebf+PkcdDEgoaiqpvuriiVwpDnfTuFtfWNza3idmlnd2//oHx41DRJpjk2eCIT3Y6YQSkUNkiQxHaqkcWRxFY0upn6rUfURiTqgcYpBjEbKNEXnJGVWhjmFIpJWK54VW8Gd5X4C1KBBeph+avbS3gWoyIumTEd30spyJkmwSVOSt3MYMr4iA2wY6liMZogn507cc+s0nP7ibalyJ2pvydyFhszjiPbGTMammVvKv7ndTLqXwe5UGlGqPh8UT+TLiXu9He3JzRykmNLGNfC3uryIdOMk02oZEPwl19eJc2Lqu9V/fvLSu3uaR5HEU7gFM7BhyuowS3UoQEcRvAMr/DmpM6L8+58zFsLziLCY/gD5/MHv1eQQQ==</latexit><latexit sha1_base64="4xukXK9lN1dZ9lap/CnGKap91bk=">AAAB7nicbVDLSgNBEOyNrxhfUY9eFoPgKeyKoMeAF8FLBPOAZFlmJ51kyOzsMtMrhCXgL3jxoIhXv8ebf+PkcdDEgoaiqpvuriiVwpDnfTuFtfWNza3idmlnd2//oHx41DRJpjk2eCIT3Y6YQSkUNkiQxHaqkcWRxFY0upn6rUfURiTqgcYpBjEbKNEXnJGVWhjmFIpJWK54VW8Gd5X4C1KBBeph+avbS3gWoyIumTEd30spyJkmwSVOSt3MYMr4iA2wY6liMZogn507cc+s0nP7ibalyJ2pvydyFhszjiPbGTMammVvKv7ndTLqXwe5UGlGqPh8UT+TLiXu9He3JzRykmNLGNfC3uryIdOMk02oZEPwl19eJc2Lqu9V/fvLSu3uaR5HEU7gFM7BhyuowS3UoQEcRvAMr/DmpM6L8+58zFsLziLCY/gD5/MHv1eQQQ==</latexit>
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<latexit sha1_base64="hBq/If4iUvwko6PFpAX3NVtpZfM=">AAAB83icbZBLSwMxFIXv+Kz1VXXpJlgEF1pmRNBlwY3gpoJ9QDsMmfROG5rJDEmmUIaCv8KNC0Xc+mfc+W9MHwttPRD4OOeG3JwwFVwb1/12VlbX1jc2C1vF7Z3dvf3SwWFDJ5liWGeJSFQrpBoFl1g33AhspQppHApshoPbSd4cotI8kY9mlKIf057kEWfUWKuDQT4M+DnhF944KJXdijsVWQZvDmWYqxaUvjrdhGUxSsME1brtuanxc6oMZwLHxU6mMaVsQHvYtihpjNrPpzuPyal1uiRKlD3SkKn7+0ZOY61HcWgnY2r6ejGbmP9l7cxEN37OZZoZlGz2UJQJYhIyKYB0uUJmxMgCZYrbXQnrU0WZsTUVbQne4peXoXFZ8dyK93BVrt4/zeoowDGcwBl4cA1VuIMa1IFBCs/wCm9O5rw4787HbHTFmVd4BH/kfP4AK7WRiA==</latexit><latexit sha1_base64="hBq/If4iUvwko6PFpAX3NVtpZfM=">AAAB83icbZBLSwMxFIXv+Kz1VXXpJlgEF1pmRNBlwY3gpoJ9QDsMmfROG5rJDEmmUIaCv8KNC0Xc+mfc+W9MHwttPRD4OOeG3JwwFVwb1/12VlbX1jc2C1vF7Z3dvf3SwWFDJ5liWGeJSFQrpBoFl1g33AhspQppHApshoPbSd4cotI8kY9mlKIf057kEWfUWKuDQT4M+DnhF944KJXdijsVWQZvDmWYqxaUvjrdhGUxSsME1brtuanxc6oMZwLHxU6mMaVsQHvYtihpjNrPpzuPyal1uiRKlD3SkKn7+0ZOY61HcWgnY2r6ejGbmP9l7cxEN37OZZoZlGz2UJQJYhIyKYB0uUJmxMgCZYrbXQnrU0WZsTUVbQne4peXoXFZ8dyK93BVrt4/zeoowDGcwBl4cA1VuIMa1IFBCs/wCm9O5rw4787HbHTFmVd4BH/kfP4AK7WRiA==</latexit><latexit sha1_base64="hBq/If4iUvwko6PFpAX3NVtpZfM=">AAAB83icbZBLSwMxFIXv+Kz1VXXpJlgEF1pmRNBlwY3gpoJ9QDsMmfROG5rJDEmmUIaCv8KNC0Xc+mfc+W9MHwttPRD4OOeG3JwwFVwb1/12VlbX1jc2C1vF7Z3dvf3SwWFDJ5liWGeJSFQrpBoFl1g33AhspQppHApshoPbSd4cotI8kY9mlKIf057kEWfUWKuDQT4M+DnhF944KJXdijsVWQZvDmWYqxaUvjrdhGUxSsME1brtuanxc6oMZwLHxU6mMaVsQHvYtihpjNrPpzuPyal1uiRKlD3SkKn7+0ZOY61HcWgnY2r6ejGbmP9l7cxEN37OZZoZlGz2UJQJYhIyKYB0uUJmxMgCZYrbXQnrU0WZsTUVbQne4peXoXFZ8dyK93BVrt4/zeoowDGcwBl4cA1VuIMa1IFBCs/wCm9O5rw4787HbHTFmVd4BH/kfP4AK7WRiA==</latexit><latexit sha1_base64="hP+6LrUf2d3tZaldqaQQvEKMXyw=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odBu3wMYA6nMMFXEEIN3AHD9CBLghI4BXevYn35n2suqp569LO4I+8zx84xIo4</latexit><latexit sha1_base64="/DR80tjhLiUycXJLSHAHmlwW36o=">AAAB6HicbZBLSwMxFIXv1FetVatbN8EiuNAy40aXghuXFewD2mHIpHfa0EwyJJlCGfo33LhQxF/kzn9j+lho64HAxzkJ9+bEmeDG+v63V9ra3tndK+9XDqqHR8e1k2rbqFwzbDEllO7G1KDgEluWW4HdTCNNY4GdePwwzzsT1IYr+WynGYYpHUqecEats/oYFZOIXxF+HcyiWt1v+AuRTQhWUIeVmlHtqz9QLE9RWiaoMb3Az2xYUG05Ezir9HODGWVjOsSeQ0lTNGGx2HlGLpwzIInS7khLFu7vFwVNjZmmsbuZUjsy69nc/C/r5Ta5Cwsus9yiZMtBSS6IVWReABlwjcyKqQPKNHe7EjaimjLraqq4EoL1L29C+6YR+I3gyYcynME5XEIAt3APj9CEFjDI4AXe4N3LvVfvY1lXyVv1dgp/5H3+AMQkj6E=</latexit><latexit sha1_base64="/DR80tjhLiUycXJLSHAHmlwW36o=">AAAB6HicbZBLSwMxFIXv1FetVatbN8EiuNAy40aXghuXFewD2mHIpHfa0EwyJJlCGfo33LhQxF/kzn9j+lho64HAxzkJ9+bEmeDG+v63V9ra3tndK+9XDqqHR8e1k2rbqFwzbDEllO7G1KDgEluWW4HdTCNNY4GdePwwzzsT1IYr+WynGYYpHUqecEats/oYFZOIXxF+HcyiWt1v+AuRTQhWUIeVmlHtqz9QLE9RWiaoMb3Az2xYUG05Ezir9HODGWVjOsSeQ0lTNGGx2HlGLpwzIInS7khLFu7vFwVNjZmmsbuZUjsy69nc/C/r5Ta5Cwsus9yiZMtBSS6IVWReABlwjcyKqQPKNHe7EjaimjLraqq4EoL1L29C+6YR+I3gyYcynME5XEIAt3APj9CEFjDI4AXe4N3LvVfvY1lXyVv1dgp/5H3+AMQkj6E=</latexit><latexit sha1_base64="5jEkdjLNpXSnjHeeC4VD3rf97mU=">AAAB83icbZBLSwMxFIXv1Fetr6pLN8EiuNAy40aXBTeCmwr2Ae0wZNI7bWgmMySZQhkK/go3LhRx659x578xfSy09UDg45wbcnPCVHBtXPfbKaytb2xuFbdLO7t7+wflw6OmTjLFsMESkah2SDUKLrFhuBHYThXSOBTYCoe307w1QqV5Ih/NOEU/pn3JI86osVYXg3wU8AvCL71JUK64VXcmsgreAiqwUD0of3V7CctilIYJqnXHc1Pj51QZzgROSt1MY0rZkPaxY1HSGLWfz3aekDPr9EiUKHukITP3942cxlqP49BOxtQM9HI2Nf/LOpmJbvycyzQzKNn8oSgTxCRkWgDpcYXMiLEFyhS3uxI2oIoyY2sq2RK85S+vQvOq6rlV78Gt1O6f5nUU4QRO4Rw8uIYa3EEdGsAghWd4hTcnc16cd+djPlpwFhUewx85nz8qdZGE</latexit><latexit sha1_base64="hBq/If4iUvwko6PFpAX3NVtpZfM=">AAAB83icbZBLSwMxFIXv+Kz1VXXpJlgEF1pmRNBlwY3gpoJ9QDsMmfROG5rJDEmmUIaCv8KNC0Xc+mfc+W9MHwttPRD4OOeG3JwwFVwb1/12VlbX1jc2C1vF7Z3dvf3SwWFDJ5liWGeJSFQrpBoFl1g33AhspQppHApshoPbSd4cotI8kY9mlKIf057kEWfUWKuDQT4M+DnhF944KJXdijsVWQZvDmWYqxaUvjrdhGUxSsME1brtuanxc6oMZwLHxU6mMaVsQHvYtihpjNrPpzuPyal1uiRKlD3SkKn7+0ZOY61HcWgnY2r6ejGbmP9l7cxEN37OZZoZlGz2UJQJYhIyKYB0uUJmxMgCZYrbXQnrU0WZsTUVbQne4peXoXFZ8dyK93BVrt4/zeoowDGcwBl4cA1VuIMa1IFBCs/wCm9O5rw4787HbHTFmVd4BH/kfP4AK7WRiA==</latexit><latexit sha1_base64="hBq/If4iUvwko6PFpAX3NVtpZfM=">AAAB83icbZBLSwMxFIXv+Kz1VXXpJlgEF1pmRNBlwY3gpoJ9QDsMmfROG5rJDEmmUIaCv8KNC0Xc+mfc+W9MHwttPRD4OOeG3JwwFVwb1/12VlbX1jc2C1vF7Z3dvf3SwWFDJ5liWGeJSFQrpBoFl1g33AhspQppHApshoPbSd4cotI8kY9mlKIf057kEWfUWKuDQT4M+DnhF944KJXdijsVWQZvDmWYqxaUvjrdhGUxSsME1brtuanxc6oMZwLHxU6mMaVsQHvYtihpjNrPpzuPyal1uiRKlD3SkKn7+0ZOY61HcWgnY2r6ejGbmP9l7cxEN37OZZoZlGz2UJQJYhIyKYB0uUJmxMgCZYrbXQnrU0WZsTUVbQne4peXoXFZ8dyK93BVrt4/zeoowDGcwBl4cA1VuIMa1IFBCs/wCm9O5rw4787HbHTFmVd4BH/kfP4AK7WRiA==</latexit><latexit sha1_base64="hBq/If4iUvwko6PFpAX3NVtpZfM=">AAAB83icbZBLSwMxFIXv+Kz1VXXpJlgEF1pmRNBlwY3gpoJ9QDsMmfROG5rJDEmmUIaCv8KNC0Xc+mfc+W9MHwttPRD4OOeG3JwwFVwb1/12VlbX1jc2C1vF7Z3dvf3SwWFDJ5liWGeJSFQrpBoFl1g33AhspQppHApshoPbSd4cotI8kY9mlKIf057kEWfUWKuDQT4M+DnhF944KJXdijsVWQZvDmWYqxaUvjrdhGUxSsME1brtuanxc6oMZwLHxU6mMaVsQHvYtihpjNrPpzuPyal1uiRKlD3SkKn7+0ZOY61HcWgnY2r6ejGbmP9l7cxEN37OZZoZlGz2UJQJYhIyKYB0uUJmxMgCZYrbXQnrU0WZsTUVbQne4peXoXFZ8dyK93BVrt4/zeoowDGcwBl4cA1VuIMa1IFBCs/wCm9O5rw4787HbHTFmVd4BH/kfP4AK7WRiA==</latexit><latexit sha1_base64="hBq/If4iUvwko6PFpAX3NVtpZfM=">AAAB83icbZBLSwMxFIXv+Kz1VXXpJlgEF1pmRNBlwY3gpoJ9QDsMmfROG5rJDEmmUIaCv8KNC0Xc+mfc+W9MHwttPRD4OOeG3JwwFVwb1/12VlbX1jc2C1vF7Z3dvf3SwWFDJ5liWGeJSFQrpBoFl1g33AhspQppHApshoPbSd4cotI8kY9mlKIf057kEWfUWKuDQT4M+DnhF944KJXdijsVWQZvDmWYqxaUvjrdhGUxSsME1brtuanxc6oMZwLHxU6mMaVsQHvYtihpjNrPpzuPyal1uiRKlD3SkKn7+0ZOY61HcWgnY2r6ejGbmP9l7cxEN37OZZoZlGz2UJQJYhIyKYB0uUJmxMgCZYrbXQnrU0WZsTUVbQne4peXoXFZ8dyK93BVrt4/zeoowDGcwBl4cA1VuIMa1IFBCs/wCm9O5rw4787HbHTFmVd4BH/kfP4AK7WRiA==</latexit><latexit sha1_base64="hBq/If4iUvwko6PFpAX3NVtpZfM=">AAAB83icbZBLSwMxFIXv+Kz1VXXpJlgEF1pmRNBlwY3gpoJ9QDsMmfROG5rJDEmmUIaCv8KNC0Xc+mfc+W9MHwttPRD4OOeG3JwwFVwb1/12VlbX1jc2C1vF7Z3dvf3SwWFDJ5liWGeJSFQrpBoFl1g33AhspQppHApshoPbSd4cotI8kY9mlKIf057kEWfUWKuDQT4M+DnhF944KJXdijsVWQZvDmWYqxaUvjrdhGUxSsME1brtuanxc6oMZwLHxU6mMaVsQHvYtihpjNrPpzuPyal1uiRKlD3SkKn7+0ZOY61HcWgnY2r6ejGbmP9l7cxEN37OZZoZlGz2UJQJYhIyKYB0uUJmxMgCZYrbXQnrU0WZsTUVbQne4peXoXFZ8dyK93BVrt4/zeoowDGcwBl4cA1VuIMa1IFBCs/wCm9O5rw4787HbHTFmVd4BH/kfP4AK7WRiA==</latexit><latexit sha1_base64="hP+6LrUf2d3tZaldqaQQvEKMXyw=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odBu3wMYA6nMMFXEEIN3AHD9CBLghI4BXevYn35n2suqp569LO4I+8zx84xIo4</latexit><latexit sha1_base64="/DR80tjhLiUycXJLSHAHmlwW36o=">AAAB6HicbZBLSwMxFIXv1FetVatbN8EiuNAy40aXghuXFewD2mHIpHfa0EwyJJlCGfo33LhQxF/kzn9j+lho64HAxzkJ9+bEmeDG+v63V9ra3tndK+9XDqqHR8e1k2rbqFwzbDEllO7G1KDgEluWW4HdTCNNY4GdePwwzzsT1IYr+WynGYYpHUqecEats/oYFZOIXxF+HcyiWt1v+AuRTQhWUIeVmlHtqz9QLE9RWiaoMb3Az2xYUG05Ezir9HODGWVjOsSeQ0lTNGGx2HlGLpwzIInS7khLFu7vFwVNjZmmsbuZUjsy69nc/C/r5Ta5Cwsus9yiZMtBSS6IVWReABlwjcyKqQPKNHe7EjaimjLraqq4EoL1L29C+6YR+I3gyYcynME5XEIAt3APj9CEFjDI4AXe4N3LvVfvY1lXyVv1dgp/5H3+AMQkj6E=</latexit><latexit sha1_base64="/DR80tjhLiUycXJLSHAHmlwW36o=">AAAB6HicbZBLSwMxFIXv1FetVatbN8EiuNAy40aXghuXFewD2mHIpHfa0EwyJJlCGfo33LhQxF/kzn9j+lho64HAxzkJ9+bEmeDG+v63V9ra3tndK+9XDqqHR8e1k2rbqFwzbDEllO7G1KDgEluWW4HdTCNNY4GdePwwzzsT1IYr+WynGYYpHUqecEats/oYFZOIXxF+HcyiWt1v+AuRTQhWUIeVmlHtqz9QLE9RWiaoMb3Az2xYUG05Ezir9HODGWVjOsSeQ0lTNGGx2HlGLpwzIInS7khLFu7vFwVNjZmmsbuZUjsy69nc/C/r5Ta5Cwsus9yiZMtBSS6IVWReABlwjcyKqQPKNHe7EjaimjLraqq4EoL1L29C+6YR+I3gyYcynME5XEIAt3APj9CEFjDI4AXe4N3LvVfvY1lXyVv1dgp/5H3+AMQkj6E=</latexit><latexit sha1_base64="5jEkdjLNpXSnjHeeC4VD3rf97mU=">AAAB83icbZBLSwMxFIXv1Fetr6pLN8EiuNAy40aXBTeCmwr2Ae0wZNI7bWgmMySZQhkK/go3LhRx659x578xfSy09UDg45wbcnPCVHBtXPfbKaytb2xuFbdLO7t7+wflw6OmTjLFsMESkah2SDUKLrFhuBHYThXSOBTYCoe307w1QqV5Ih/NOEU/pn3JI86osVYXg3wU8AvCL71JUK64VXcmsgreAiqwUD0of3V7CctilIYJqnXHc1Pj51QZzgROSt1MY0rZkPaxY1HSGLWfz3aekDPr9EiUKHukITP3942cxlqP49BOxtQM9HI2Nf/LOpmJbvycyzQzKNn8oSgTxCRkWgDpcYXMiLEFyhS3uxI2oIoyY2sq2RK85S+vQvOq6rlV78Gt1O6f5nUU4QRO4Rw8uIYa3EEdGsAghWd4hTcnc16cd+djPlpwFhUewx85nz8qdZGE</latexit><latexit sha1_base64="hBq/If4iUvwko6PFpAX3NVtpZfM=">AAAB83icbZBLSwMxFIXv+Kz1VXXpJlgEF1pmRNBlwY3gpoJ9QDsMmfROG5rJDEmmUIaCv8KNC0Xc+mfc+W9MHwttPRD4OOeG3JwwFVwb1/12VlbX1jc2C1vF7Z3dvf3SwWFDJ5liWGeJSFQrpBoFl1g33AhspQppHApshoPbSd4cotI8kY9mlKIf057kEWfUWKuDQT4M+DnhF944KJXdijsVWQZvDmWYqxaUvjrdhGUxSsME1brtuanxc6oMZwLHxU6mMaVsQHvYtihpjNrPpzuPyal1uiRKlD3SkKn7+0ZOY61HcWgnY2r6ejGbmP9l7cxEN37OZZoZlGz2UJQJYhIyKYB0uUJmxMgCZYrbXQnrU0WZsTUVbQne4peXoXFZ8dyK93BVrt4/zeoowDGcwBl4cA1VuIMa1IFBCs/wCm9O5rw4787HbHTFmVd4BH/kfP4AK7WRiA==</latexit><latexit sha1_base64="hBq/If4iUvwko6PFpAX3NVtpZfM=">AAAB83icbZBLSwMxFIXv+Kz1VXXpJlgEF1pmRNBlwY3gpoJ9QDsMmfROG5rJDEmmUIaCv8KNC0Xc+mfc+W9MHwttPRD4OOeG3JwwFVwb1/12VlbX1jc2C1vF7Z3dvf3SwWFDJ5liWGeJSFQrpBoFl1g33AhspQppHApshoPbSd4cotI8kY9mlKIf057kEWfUWKuDQT4M+DnhF944KJXdijsVWQZvDmWYqxaUvjrdhGUxSsME1brtuanxc6oMZwLHxU6mMaVsQHvYtihpjNrPpzuPyal1uiRKlD3SkKn7+0ZOY61HcWgnY2r6ejGbmP9l7cxEN37OZZoZlGz2UJQJYhIyKYB0uUJmxMgCZYrbXQnrU0WZsTUVbQne4peXoXFZ8dyK93BVrt4/zeoowDGcwBl4cA1VuIMa1IFBCs/wCm9O5rw4787HbHTFmVd4BH/kfP4AK7WRiA==</latexit><latexit sha1_base64="hBq/If4iUvwko6PFpAX3NVtpZfM=">AAAB83icbZBLSwMxFIXv+Kz1VXXpJlgEF1pmRNBlwY3gpoJ9QDsMmfROG5rJDEmmUIaCv8KNC0Xc+mfc+W9MHwttPRD4OOeG3JwwFVwb1/12VlbX1jc2C1vF7Z3dvf3SwWFDJ5liWGeJSFQrpBoFl1g33AhspQppHApshoPbSd4cotI8kY9mlKIf057kEWfUWKuDQT4M+DnhF944KJXdijsVWQZvDmWYqxaUvjrdhGUxSsME1brtuanxc6oMZwLHxU6mMaVsQHvYtihpjNrPpzuPyal1uiRKlD3SkKn7+0ZOY61HcWgnY2r6ejGbmP9l7cxEN37OZZoZlGz2UJQJYhIyKYB0uUJmxMgCZYrbXQnrU0WZsTUVbQne4peXoXFZ8dyK93BVrt4/zeoowDGcwBl4cA1VuIMa1IFBCs/wCm9O5rw4787HbHTFmVd4BH/kfP4AK7WRiA==</latexit><latexit sha1_base64="hBq/If4iUvwko6PFpAX3NVtpZfM=">AAAB83icbZBLSwMxFIXv+Kz1VXXpJlgEF1pmRNBlwY3gpoJ9QDsMmfROG5rJDEmmUIaCv8KNC0Xc+mfc+W9MHwttPRD4OOeG3JwwFVwb1/12VlbX1jc2C1vF7Z3dvf3SwWFDJ5liWGeJSFQrpBoFl1g33AhspQppHApshoPbSd4cotI8kY9mlKIf057kEWfUWKuDQT4M+DnhF944KJXdijsVWQZvDmWYqxaUvjrdhGUxSsME1brtuanxc6oMZwLHxU6mMaVsQHvYtihpjNrPpzuPyal1uiRKlD3SkKn7+0ZOY61HcWgnY2r6ejGbmP9l7cxEN37OZZoZlGz2UJQJYhIyKYB0uUJmxMgCZYrbXQnrU0WZsTUVbQne4peXoXFZ8dyK93BVrt4/zeoowDGcwBl4cA1VuIMa1IFBCs/wCm9O5rw4787HbHTFmVd4BH/kfP4AK7WRiA==</latexit><latexit sha1_base64="hBq/If4iUvwko6PFpAX3NVtpZfM=">AAAB83icbZBLSwMxFIXv+Kz1VXXpJlgEF1pmRNBlwY3gpoJ9QDsMmfROG5rJDEmmUIaCv8KNC0Xc+mfc+W9MHwttPRD4OOeG3JwwFVwb1/12VlbX1jc2C1vF7Z3dvf3SwWFDJ5liWGeJSFQrpBoFl1g33AhspQppHApshoPbSd4cotI8kY9mlKIf057kEWfUWKuDQT4M+DnhF944KJXdijsVWQZvDmWYqxaUvjrdhGUxSsME1brtuanxc6oMZwLHxU6mMaVsQHvYtihpjNrPpzuPyal1uiRKlD3SkKn7+0ZOY61HcWgnY2r6ejGbmP9l7cxEN37OZZoZlGz2UJQJYhIyKYB0uUJmxMgCZYrbXQnrU0WZsTUVbQne4peXoXFZ8dyK93BVrt4/zeoowDGcwBl4cA1VuIMa1IFBCs/wCm9O5rw4787HbHTFmVd4BH/kfP4AK7WRiA==</latexit><latexit sha1_base64="hBq/If4iUvwko6PFpAX3NVtpZfM=">AAAB83icbZBLSwMxFIXv+Kz1VXXpJlgEF1pmRNBlwY3gpoJ9QDsMmfROG5rJDEmmUIaCv8KNC0Xc+mfc+W9MHwttPRD4OOeG3JwwFVwb1/12VlbX1jc2C1vF7Z3dvf3SwWFDJ5liWGeJSFQrpBoFl1g33AhspQppHApshoPbSd4cotI8kY9mlKIf057kEWfUWKuDQT4M+DnhF944KJXdijsVWQZvDmWYqxaUvjrdhGUxSsME1brtuanxc6oMZwLHxU6mMaVsQHvYtihpjNrPpzuPyal1uiRKlD3SkKn7+0ZOY61HcWgnY2r6ejGbmP9l7cxEN37OZZoZlGz2UJQJYhIyKYB0uUJmxMgCZYrbXQnrU0WZsTUVbQne4peXoXFZ8dyK93BVrt4/zeoowDGcwBl4cA1VuIMa1IFBCs/wCm9O5rw4787HbHTFmVd4BH/kfP4AK7WRiA==</latexit>
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Figure 1: The overview of the proposed approach. (a) and (b): two variants of the input code snippet, variant (a) is
used in other illustration blocks; (c) abstract syntax tree (AST); (d) AST converted to a sequence that will be passed
to the RNN; (e) the static-embedding-based initialization of dynamic embeddings; (f) the constant initialization of
dynamic embeddings; (h) the scheme of updating dynamic embeddings and hidden states; (g) the scheme of one
timestep processing. SE: static embedding, DE: dynamic embedding.

3.1 Code preprocessing

To capture the syntactic structure of an input code
snippet, we convert it to an abstract syntax tree
(AST), see Fig. 1(c) for the illustration. In order
to process the code snippet with an RNN, we need
to convert the AST into a sequence. We use the
most popular approach that implies traversing the
AST in the depth-first order (Li et al., 2018), see
Fig. 1(d). Recent research shows that using the
AST traversal may be even more effective than
using specific tree-based architectures (Chirkova
and Troshin, 2020).

Each node in the AST contains a type, reflecting
the syntactic unit, e. g.If or NameLoad. Some
nodes also contain values, e. g. a user-defined vari-
able or a constant. We insert the <EMPTY> value
in the nodes that do not have values so that the
input snippet is represented as a sequence of (type,
value) pairs: I = [(t1, v1), . . . , (tL, vL)]. Here L
denotes the length of the sequence, ti ∈ T denotes
the type and vi ∈ V denotes the value. The size of
the type vocabulary T is small and determined by
the programming language, while the size of the
value vocabulary V may be potentially large, as
it contains a lot of user-defined identifiers. Given

sequence I , the RNN outputs a sequence of hid-
den states [h1, . . . , hL], hi ∈ Rdhid , i = 1, . . . , L.
These hidden states are used to output the task-
specific prediction as described in Section 3.3.

3.2 Dynamic embeddings

We use the standard baseline recurrent architecture
that initializes the hidden state with a learnable
predefined vector hinit ∈ Rhhid : h0 = hinit, and
then updates the hidden state at each timestep i =
1, . . . , L:

hi = LSTMmain(evi , eti ;hi−1).

Here, evi ∈ Rdval and eti ∈ Rdtype denote the em-
beddings of the value and the type correspondingly.
Without loss of generality, we use the Long Short-
Term Memory recurrent unit (LSTM) (Hochreiter
and Schmidhuber, 1997). In this work, we replace
value embeddings evi with dynamic embeddings
described below.

Dynamic embeddings. The general idea of dy-
namic embeddings is that the variable’s embedding
is updated in the RNN-like manner after each occur-
rence of the variable. We first describe the updating
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procedure and then discuss the initialization strat-
egy. Since the dynamic embeddings change over
timesteps, we use notation ev,i for the dynamic
embeddings of value v at timestep i. For exam-
ple, for the value located at the i-th position in
the input sequence, vi, the dynamic embedding af-
ter processing the i-th step is denoted as evi,i, and
its previous state is denoted as evi,i−1. At each
timestep i = 1, . . . , L, we update the dynamic em-
bedding evi,i of the current value vi and hidden
state hi using two LSTMs:

evi,i = LSTMdyn(hi−1, eti ; evi,i−1) (1)

ev,i = ev,i−1, v 6= vi (2)

hi = LSTMmain(evi,i−1, eti ;hi−1) (3)

An illustration of this update procedure is given in
Fig. 1(h), and the example scheme of processing
a code snippet is given in Fig. 1(g). LSTMmain

implements the recurrence over the hidden state,
while LSTMdyn implements the recurrence over
dynamic embeddings, and the same LSTMdyn is
used to update the dynamic embeddings of differ-
ent values at different timesteps. We note that at
timestep i, the dynamic embedding of only current
value vi is updated, while the dynamic embeddings
of other values do not change, as stated in Eq. (2).

In practice, several dummy values, e. g.
<EMPTY>, <UNK> and <EOF>, do not change
their roles in different sequences. We use static
embeddings for these values.

Initializing dynamic embeddings. The most
reasonable strategy for initializing the dynamic em-
beddings is to use static embeddings: ev,0 = ev
where ev are the learnable embedding vectors of all
values v in vocabulary V . In this case, the model
utilizes all the available information about the vari-
able: the variable’s name introduced by the pro-
grammer that is supposed to somehow reflect the
mission of the variable, and the contexts in which
the variable occurs (captured by hidden states). In
other words, the model firstly “understands” the
loose role of the variable from its name and then
“finetunes” this understanding, while learning more
about what the variable is used for.

Another possible strategy is to ignore all the
variable names and initialize all dynamic embed-
dings with a constant embedding: ev,0 = einit,

einit ∈ Rdval , v ∈ V . Although the initial em-
beddings of all values are the same, they will be
updated differently, as different values occur in dif-
ferent locations in the program, and the dynamic
embeddings will characterize these locations. In-
terestingly, the described strategy ensures that if
we rename all the variables in the program, the
output of the RNN does not change. Such a be-
haviour is consistent with the variable invariance
property: renaming all user-defined variables does
not change the underlying algorithm. The common
sense is that the architecture for processing source
code should be consistent with the variable invari-
ance property, and dynamic embeddings with the
constant initial embedding fulfill this conceptual
requirement. On the other hand, commonly-used
static embeddings are not consistent with the in-
variance property, i. e. renaming variables scheme
results in using different embeddings and changes
the predictions of the RNN.

As will be shown below, in practice, using both
sources of information, namely variable names and
variable occurrences in the program, performs bet-
ter than relying on only one source of information.
In other words, dynamic embeddings with static
embedding initialization outperform both static em-
beddings in the full data setting (relying only on
variable names) and dynamic embeddings with con-
stant initialization (relying only on variable occur-
rences).

3.3 Task-specific prediction

We test the proposed dynamic embeddings in
two SCP tasks: code completion and variable
misuse prediction. Below, we describe how we
make predictions in these tasks, using the output
[h1, . . . , hL] of the RNN.

Code completion. In code completion, the task
is to predict the next type-value pair (ti+1, vi+1)
given prefix [(t1, v1), . . . , (t1, vi)] at each timestep
i = 1, . . . , L. In our work, we focus on value pre-
diction, as type prediction is a simple task usually
solved with high quality in practice (Li et al., 2018).
We rely on the setup and the architecture of Li et al.
(2018).

To predict the next value vi+1 based on
[h1, . . . , hi], we firstly apply the standard atten-
tion mechanism (Bahdanau et al., 2015), obtaining
the context vector ci =

∑i
j=1 αjhj , αj denote

attention weights, and then combine all available
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representations using a fully-connected layer:

ĥi =W 1hi +W 2ci +W 3hparent,

where hparent is the hidden state of the parent node.
For computing the logit yv,i ∈ R of each value v,
we reuse the dynamic embeddings ev,i of the input
layer, as well as the static embeddings of several
dummy values: yv,i = eTv,iĥi, and apply Softmax
on top of yv,i to predict the probability distribution
P vals
i ∈ R|V | over next value v. Finally, we use

the pointer mechanism to improve the prediction of
rare values. We reuse attention scores [α1, . . . , αi],∑i

j=1 αj = 1, αj > 0 as a distribution over pre-
vious positions P pos

i ∈ Ri, and use switcher s =
σ(wswit,1hi+w

swit,2ci) ∈ (0, 1) to gather two dis-
tributions into one: Ri = [sP vals

i , (1−s)P pos
i ]. To

make the prediction, we select the largest element
of vector Ri; if it corresponds to the value from
the vocabulary, we output this value, if it corre-
sponds to the position, we copy the value from that
position. To train the model, we optimize the cross-
entropy loss, using as ground truth the values in the
vocabulary for in-vocabulary values and the last oc-
currence of the value (if any) for out-of-vocabulary
values.

Variable misuse prediction. The variable mis-
use task implies outputting two pointers: the first
one points to the location i in which the wrong
value vi is used and the second one points to the
location j that can be used to repair the bug by
copying its value vj . If there is no bug, the first
pointer selects a special no-bug location. In this
task, we rely on the approach of Vasic et al. (2019b)
and its implementation of Hellendoorn et al. (2020).
In addition, we change the format of the model in-
put and use the depth-first AST traversal (Li et al.,
2018).

We use the bidirectional LSTM, with each of the
two LSTMs being equipped with its own dynamic
embeddings. As a result, we have two sequences of
hidden states: [hfw

1 , . . . , h
fw
L ] and [hbw

1 , . . . , hbw
L ].

To make the prediction, we firstly combine two
representations using a fully-connected layer:

hi = tanh(W 1hfw
i +W 2hbw

i ), i = 1, . . . , L

and then use two other fully-connected layers to ob-
tain logits ybug

i ∈ R and yfix
i ∈ R of each position i:

ybug
i = (wbug)Thi, yfix

i = (wfix)Thi. Finally, we
apply Softmax over [ybug

1 , . . . , ybug
L , ynobug] and

over [yfix
i ]Li=1 to obtain two distributions over posi-

tions. Here, learnable ynobug ∈ R corresponds to
a no-bug position. The model is trained using the
cross-entropy loss.

4 Experimental setup

Data and preprocessing. We conduct experi-
ments on Python150k (Raychev et al., 2016a) and
JavaScript150k (Raychev et al., 2016b) datasets.
Both datasets are commonly used in SCP and were
obtained by downloading repositories from GitHub.
However, the train / test split released by the au-
thors of the dataset does not follow the best prac-
tices of splitting data in SCP (Allamanis, 2019;
LeClair and McMillan, 2019), so we use another
train / test split released by Chirkova and Troshin
(2020). This split is based on the repositories,
i. e. all files from one repository go either to train
or test, and was deduplicated using the tools pro-
vided by Allamanis (2019), i. e. code files in the
test set that are duplicated in the train set were
removed; this is a common case in source code
downloaded from GitHub. In addition, the Python
dataset includes only redistributable code (Kanade
et al., 2020). Splitting by repository and dedu-
plication are highly important in SCP to avoid a
percentage of testing accuracy being provided by
the examples the model saw during training. With
the described new split, the results in our tables are
not directly comparable to the results reported in
other works. To validate our implementation, we
compared the quality of baseline models trained
in our implementation with the quality reported in
the papers describing these baselines, and observed
that the numbers are close to each other (see details
in Section 5.4).

For the code completion task, we use the entire
code files as training objects, filtering out excep-
tionally long files, i. e. files longer than 3 · 104 char-
acters. The resulting training / testing set consists
of 76K / 39K files for Python and of 69K / 41K for
JavaScript. The mean length of the code files in
567 / 669 AST nodes for Python / JavaScript.

For the variable misuse task, we select all top-
level functions, including functions inside classes
from all files, and filter out functions longer than
250 AST nodes, and functions with fewer than
three positions containing user-defined variables
or less than three distinct user-defined variables.
The resulting training / testing set consists of
417K / 231K functions for Python and 202K / 108K
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functions for JavaScript. One function may occur
in the dataset up to 6 times: 3 times with a syn-
thetically generated bug and 3 times without bug.
The buggy examples are generated synthetically by
choosing random bug and positions from positions
containing user-defined variables. The described
strategy for injecting synthetic bugs is the same as
in (Hellendoorn et al., 2020).

In both tasks, the size of the node type vocabu-
lary is 330 / 44 for Python / JavaScript, the vocab-
ulary of node values is limited to 50K of the most
frequent values.

Metrics. Following Li et al. (2018), we use ac-
curacy to measure model quality in the code com-
pletion task, counting all predictions of <UNK> as
wrong. Following Hellendoorn et al. (2020), to
measure the quality in the variable misuse task, we
use the joint localization and repair accuracy (what
portion of buggy values is correctly located and
fixed).

Details. In all our models, node type embeddings
have 300 units, node value embeddings have 1200
units (for static embeddings), and the one-layer
LSTM’s hidden state has 1500 units. The described
model size matches the configuration of the model
of Li et al. (2018). The proposed dynamic embed-
dings of values have 500 units in all experiments
to show that they outperform the static embeddings
with much less dimension. In the code comple-
tion task, we split the input AST traversals into the
chunks, each chunk has the length of 50 AST nodes,
and apply attention and pointer only over the last
50 positions. In the variable misuse task, we pass
the entire function’s AST traversal to the model. In
code completion / variable misuse tasks, we train
all models for 10 epochs with AdamW (Loshchilov
and Hutter, 2019) / Adam (Kingma and Ba, 2015)
with an initial learning rate of 0.001 / 0.0001, a
learning rate decay of 0.6 after each epoch, a batch
size of 128 / 32, and using weight decay of 0.01 / 0.
We also use early stopping for the variable misuse
task. For code completion, all hyperparameters
are the same as in (Li et al., 2018). We tuned hy-
perparameters to achieve convergence on the train-
ing set, for variable misuse. We use the same hy-
perparameters for static and dynamic embedding
models. Both used datasets are large, which helps
to avoid overfitting, thus the regularization is not
much needed.

1 Assign

2 NameStore

3 BinOpSub

4 BinOpPow

5 NameLoad

6 NameLoad

7 NameLoad
<latexit sha1_base64="8H7vM86SFG1BzfLXbZr63y7G+OE="></latexit><latexit sha1_base64="8H7vM86SFG1BzfLXbZr63y7G+OE="></latexit><latexit sha1_base64="8H7vM86SFG1BzfLXbZr63y7G+OE="></latexit><latexit sha1_base64="8H7vM86SFG1BzfLXbZr63y7G+OE="></latexit>
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Full-data Anonymized No-values

Figure 2: The visualisation of the model input in two
settings considered in the paper: full data setting and
anonymized setting, for the example code snippet from
Figure 1(a). The leftmost column represents types (the
same for both settings), two other columns visualize
values for two settings.

5 Experiments

5.1 Anonymized setting

We firstly test the proposed dynamic embeddings
in the setting without using the user-defined
variable names, stored in node values. Di-
rectly omitting values results in losing much
information, this can be seen as replacing all
the variables in a code snippet with the same
variable var. To save the information about
whether two AST nodes store the same value
or not, we anonymize values, i. e. we map the
set of all node values in the program (except
dummy values, e. g. <EMPTY>) to the random
subset of anonymized values var1...varK,
K is a size of the anonymized value vocabu-
lary, we use K = 1000. For example, code
snippet sum = sum + lst[i] may be trans-
formed into var3 = var3 + var8[var1],
and stat = [sum / n; sum] — into
var1 = [var5 / var2; var5]. All
occurrences of the same value in the program,
e. g.sum, are replaced with one anonymized value,
but value sum may be replaced with different
anonymized values in different programs. Fig. 2
visualizes how the anonymization is applied to
AST. Although being not so practically oriented,
the anonymized setting highlights the capabilities
of the deep learning models to capture pure
syntactic information from the AST, without
relying on the unstructured text information laid
in variable names. In our opinion, this setting
should become a must for the future testing of
syntax-based SCP models, and the proposed
dynamic embeddings could be used as a first layer
in such models to capture an equal-not-equal
relationship between values.
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PY JS
Model LSTM LSTM+at LSTM+pt LSTM LSTM+at LSTM+pt
Stat. emb. (an. data) 55.76 59.74 60.28 51.80 56.26 57.67
Dyn. emb. (an. data) 66.35 66.79 66.90 61.69 62.86 62.85
Stat. emb. (full data) 61.62 63.73 64.69 62.03 64.28 65.05

Table 1: Anonymized setting, code completion task, accuracy (%) of the proposed dynamic embedding model
and the baseline static embedding model on Python150k (Py) and JavaScript150k (JS) datasets. All standard
deviations over three runs are less than 0.05%. The last row represents the conventionally used model trained
on the full data (Li et al., 2018) (this model uses more information during training than the models in the first
three rows). Columns list the three variants of the base architecture: LSTM, attentional LSTM (LSTM+at), and
attentional LSTM with pointer (LSTM+pt).

Model PY JS
Stat. emb. (an. data) 25.17 13.16
Dyn. emb. (an. data) 63.64 53.53
Stat. emb. (full data) 54.78 35.06

Table 2: Anonymized setting, variable misuse task,
joint accuracy (%) of the proposed dynamic embed-
ding model and the baseline static embedding model on
Python150k (Py) and JavaScript150k (JS) datasets. All
standard deviations over three runs are less than 0.1%.
The last row represents the conventionally used model
trained on the full data (Vasic et al., 2019b) (this model
uses more information during training than the models
in the first three rows).

In the described anonymized setting, we compare
the proposed dynamic embeddings (constant initial-
ization) with the static embeddings, i. e. learning
the static embeddings of var1..varK.

Results for the code completion task. In the
code completion task, we consider three variants
of the architecture: plain LSTM, and attentional
LSTM with and without pointer. We note that our
goal is to compare the dynamic embeddings with
the baseline in three setups, i. e. using three base
architectures. We do not pursue the goal of com-
paring base architectures. Table 1 lists the results.

For all base architectures, the proposed dynamic
embeddings outperform static embeddings by a
large margin. We note that the number of parame-
ters in both architectures is approximately the same.
In the first two setups, with plain and attentional
LSTMs, the models can only predict values by
generating them from the vocabulary (no pointer),
relying on the input and output embeddings of the
values. In these setups, the difference between
static and dynamic embeddings is large, indicating
that dynamic embeddings capture the semantics
of the variables significantly better. In the setup

Model Code compl. Var. misuse
(full data) PY JS PY JS
Stat. emb. 64.69 65.05 54.78 35.06
Dyn. emb. 68.61 65.67 68.59 53.74

Table 3: Full data setting, two tasks, Python150k (Py)
and JavaScript150k (JS) datasets. Accuracy (%) of
LSTM with pointer (code compeltion), joint accuracy
(%) of BiLSTM (variable misuse). All standard devia-
tions are less than 0.05% for code completion and 0.1%
for the variable misuse task. Comparing the conven-
tionally used model (static embeddings) and the pro-
posed dynamic embeddings (static initialization). The
conventionally used model is a model of Li et al. (2018)
for the code completion task and of Vasic et al. (2019b)
for the variable misuse task. Note that we use custom
data split, see details in Sec. 4.

with pointer LSTM as a base architecture, the static
embeddings win back some percent of correct pre-
dictions by relying on the pointer mechanism. Still,
the gap between them and dynamic embeddings
is large. The portion of correct predictions made
using the pointer is 25% for static embeddings
and only 0.01% for dynamic embeddings. This
shows that dynamic embeddings actually replace
the pointer mechanism, performing better. This
also explains why the difference in quality of dy-
namic embeddings between attentional LSTM and
pointer LSTM is very small.

Interestingly, on the Python dataset, the
model with dynamic embeddings trained in the
anonymized setting outperforms the conventionally
used static embedding model trained in the full data
setting, although the first model uses much less in-
formation during training. The explanation is that
the first model predicts rare values much better
than the second model: the accuracy of rare1 val-

1By rare values, we mean values outside top-1000 frequent
values.
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ues prediction is 27% for the first model and 11%
for the second, for the pointer LSTM model. On
the contrary, frequent values are easier to predict
with static embeddings: the accuracy of predicting
frequent values is 53% for the first model and 57%
for the second model. The total frequencies of rare
and frequent values are approximately the same
and equal to 25% (the rest 50% are EMPTY values,
they are predicted with similar quality with both
models). As a result, when counting accuracy over
all values, the first model outperforms the second
one.

However, on the JavaScript dataset, the first
model does not outperform the second one. We
analysed the example predictions of both models
on both datasets and found that in JavaScript, there
are a lot of short code snippets commonly used in
different projects. This is expected since JavaScript
is mostly used for one purpose, web development,
while Python is used for a lot of different purposes.
As a result, for JavaScript, the total frequency of
top-1000 values is 32% (higher than for Python),
while the total frequency of rare values is 22% (less
than for Python). The commonly used code snip-
pets are easy to predict in the full data setting but
hard to predict in the anonymized setting: the ac-
curacy of predicting frequent values is only 44%
for the first model and 54% for the second model.
The rare values are still better predicted with dy-
namic embeddings, but with the gap smaller than
for Python: the accuracy of rare values prediction is
23% for the first model and 17% for the second one.
The gap is smaller since rare values also occur in
the commonly used code snippets which improves
the performance of the second model on rare val-
ues. When counting accuracy over all values, the
second model outperforms the first one.

Results for the variable misuse task. Table 2
lists the joint accuracies of the proposed model
and the baseline in the anonymized setting. Again
the dynamic embeddings outperform static embed-
dings by a large margin. Moreover, the dynamic
embeddings outperform even the commonly used
static embedding model trained on the full data, for
both datasets. We think the reason is that we use the
dynamic embeddings in two layers of bi-directional
LSTMs and these bi-directional dynamic embed-
dings provide a rich representation of the input
code snippet.

5.2 Full data setting

We now test the proposed dynamic embeddings
in the full data setting, i. e. we compare a com-
monly used model with static embeddings and the
proposed model with dynamic embeddings (static
embedding initialization). The initialization of dy-
namic embeddings was discussed in Sec. 3.2. Both
models process the full data (see illustration in
Fig. 2.

The results for both tasks are presented in Ta-
ble 3 and show that the dynamic embeddings out-
perform the static embedding model in all cases.
We note that dynamic embeddings could be easily
incorporated into any recurrent SCP architecture.
In our experiments we incorporate them into the
base models of Li et al. (2018) and Vasic et al.
(2019b) and show that the dynamic embeddings
significantly improve these base models. We also
note that we use the dynamic embeddings of 500
units while static embeddings have 1200 units. The
number of parameters in the dynamic embedding
layer, 2.6M, is much smaller than that of the main
LSTM layer, 13.8M, and two orders smaller than
the number of parameters in the embedding layer,
134M (the numbers are given for the code comple-
tion task).

5.3 Example predictions

Figure 3 visualizes the predictions of different mod-
els for three example code snippets in Python. We
highlighted three scenarios when the dynamic em-
bedding model outperforms the static embedding
model in the full data setting: 1) capturing the
specific role of the variable, e. g. variable qual
indexes sequence in the list comprehension in the
left example; 2) associating variables with each
other, e. g. in the central example, variable name
always goes with 0, and variable post always
goes with 1; 3) repeating variables when they oc-
cur in the similar context they have already been
used, e. g.zeros in the right example. In all these
examples, the proposed dynamic model makes cor-
rect predictions, while the static embedding model
makes mistakes, in the full data setting. In the
anonymized setting, all models tend to predict pre-
viously used variables, and again the dynamic em-
bedding model captures the described relationships,
and the static embedding model tends to simply
predict the most frequent previously used variable.
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lengths	=	[[],	[]]	
contents	=	[[],	[]]	
for	name,	post	in	data:	
				lengths[0].append(len(name))	
				lengths[1].append(len(post))	
				contents[0].append(name)	
				contents[1].append(?

Static emb.: <empty>
Dynamic emb.: post
Static emb.: name
Dynamic emb.: post

Ground truth: post

import	torch	
mask	=	torch.zeros(len(tokens))	
ids	=	torch.?(len(tokens))

Static emb.: resize
Dynamic emb.: zeros
Static emb.: torch
Dynamic emb.:  zeros

Ground truth: zeros

Full data

Anonymized 
data

total	=	sum([qual	for	?	in	\	
													quals	if	qual	>	0])

Static emb.:	<empty>
Dynamic emb.: qual
Static emb.: qual
Dynamic emb.: qual

Ground truth: qual

Figure 3: Example predictions for code completion task on Python language. Row 1: ground truth; rows 2 and
3: model trained in the full data setting; rows 4 and 5: models trained in the anonymized setting (these models
observe data in a different way, see Fig. 2). The model predicts one next token based on the prefix and does not
see gray-colored code.

5.4 Validating the implementation

In our experiments, we use the setup of Li et al.
(2018) in the code completion task and of Hel-
lendoorn et al. (2020) in the variable misuse task,
but with our custom data split, see details in Sec-
tion 4. To maintain the possibility of comparing
our results to these works, we trained the static
embedding models in the full data setting, with the
commonly used train / test splits of Python150k
and JavaScript150k datasets. For code completion
with vocabulary size 50K and pointer network, us-
ing exactly the same setup as in (Li et al., 2018), we
achieved accuracy of 69.39% / 80.92%, while the
paper reports 71% / 81.0% for Python / JavaScript:
the results are close to each other. In the vari-
able misuse task, we achieved joint accuracy of
50.2% while Hellendoorn et al. (2020) report 44.4%
(Python, JavaScript was not reported in the paper).
Our result is higher, since we use 1500 hidden units
while Hellendoorn et al. (2020) uses 256 hidden
units. In addition, we use different preprocessing
and different synthetically generated bugs.

6 Conclusion

In this work, we presented dynamic embeddings,
a new approach for capturing the semantics of the
variables in code processing tasks. The proposed
approach could be used in any recurrent architec-
ture. We incorporated dynamic embeddings in the
RNN-based models in two tasks, namely code com-
pletion and variable misuse detection, and showed
that using the proposed dynamic embeddings im-
proves quality in both full data setting and the
anonymized setting, when all user-defined iden-
tifiers are removed from the data.
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