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Abstract—Distributed representation methods for words have
been developed for years, and numerous methods exist, such as
word2vec, GloVe, and fastText. However, they are not designed
for key-value pairs, which is an important data pattern and
widely used in many scenarios. For example, metadata attributes
of scientific files consist of a collection of key-value pairs. In
this research, we propose kv2vec, a method that captures
relationships between keys and values and represents key-value
pairs in dense vectors. The fundamental idea of the kv2vec
method is utilizing recurrent neural networks (RNNs) with long
short-term memory (LSTM) hidden units to convert each key-
value pair to a distributed vector representation. This new
method overcomes the weaknesses of existing embedding models
for representing key-value pairs as vectors. Moreover, it can
be integrated into dataset search solutions through querying
metadata attributes for self-describing file formats that are widely
used in HPC systems. We evaluate the kv2vec method with
multiple real-world datasets, and the results show that kv2vec
outperforms existing models.

Index Terms—Key-value pair, Distributed Representation
Method, Metadata Search, Semantic Query

I. INTRODUCTION

Many scientific applications using high-performance com-
puting (HPC) systems nowadays often deal with mas-
sive amounts of experimental, observational, and simulation
datasets, mostly in self-describing data formats, such as
HDF5 [1], netCDF [2], ADIOS-BP [3]. The metadata in
self-describing files provides detailed descriptive information
about the internal data objects. Metadata can be accessed as
a collection of attributes that are in the form of key-value
pairs [4]. Each attribute key-value pair consists of a key
representing the attribute name and a value representing the
metadata value.

Given the increasing scale and complexity of scientific
datasets, the search functionality has been instrumental in
locating datasets of interests quickly. Most existing methods
only apply lexical (or literal) matching of key-value pairs [5]–
[10] to achieve search functionality. Capturing the features and
representing semantic vectors for key-value pairs can, in many
cases, improve the results of dataset search.

A natural thought is that we can apply existing distributed
representation methods on key-value pairs to build semantic
vectors to facilitate search. These methods have been proven to
be a powerful tool applied in modern natural language process-
ing (NLP) tasks. Numerous effective word embedding models
have been proposed, such as word2vec [11], GloVe [12],

and fastText [13]. Generally speaking, these approaches
attempt to capture the semantics of a word by considering
its relations with neighboring words in its context. Let us
take word2vec as an example. It takes a large corpus of
words as its input and generates the dense and low dimensional
feature vector to represent each word. This feature has been
proven very useful for finding the similar words and word-
analogy (e.g., “tree is to leaf as flower is to petal”). In order
to obtain the vectors of other types of contents (e.g., sen-
tences, phrases, and documents), many researchers proposed
methods like paragraph2vec [14], entity2vec [15],
image2vec [16], and item2vec [17]. However, there are
no methods designed for key-value pairs specifically. Each key
and each value from a key-value pair can be considered as a
phrase, but the relationships between keys and values matter
equally. It is challenging to represent a key, a value and the
potential relationship between them with a single vector.

In this study, we introduce kv2vec - a distributed rep-
resentation method designed specifically for key-value pairs.
Kv2vec aims to capture features from key-value pairs and
represent them by semantic vectors. By introducing a recurrent
neural network with long short-term memory, we are able
to achieve the goal effectively. We have built a prototype
of kv2vec and conducted extensive experimental tests on
metadata attributes of real-world scientific datasets. The results
indicate that, with the new kv2vec method, the chance of
finding semantically relevant key-value pairs is much higher
than the existing methods.

The contributions of this research study are:

• We identify limitations of existing methods in represent-
ing key-value pairs as semantic vectors.

• We introduce a new distributed representation method,
kv2vec, for key-value pairs. Based on similarity mea-
sures of cosine distance between two vectors, we can
measure the similarity of two key-value pairs and perform
metadata queries on scientific datasets.

• We develop a prototype implementation of kv2vec and
test out the implementation to validate our design. The
evaluations show that, as compared to most existing
solutions, kv2vec achieves desired accuracy while being
efficient.

The rest of this paper is organized as follows. In Section II,
we discuss the background and motivation of this work. Then
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we present the design of the kv2vec method in Section III
and describe the evaluation results in Section IV. We conclude
this study and discuss future work in Section V.

II. BACKGROUND AND MOTIVATION

In this section, we will introduce the distributed representa-
tion methods of general words and state-of-the-art distributed
representation methods for key-value pairs.

A. Distributed Representations of Words

We briefly describe the concept of distributed represen-
tations of words in general. Distributed representations of
words (a.k.a., word embeddings) are learned from a training
dataset (for instance, Wikipedia corpus) in such a way that
semantically related words are close to each other; i.e., the
geometric relationship between words often also encode a
semantic relationship between them. This embedding method
seeks to map each word in a given vocabulary into a high
dimensional vector with a fixed dimension, d (e.g., d could
be 50, 100, 200 or 300). In other words, each word in a
corpus is represented as a distribution of weights (positive or
negative) across these dimensions by this method. Each word
is represented by setting appropriate weights over multiple
dimensions while each dimension of the vector contributes
to the representation of many words with word embedding
methods. That is why the vector representation is considered
“distributed”.
Word2vec is the first effective model to learn word asso-

ciations from a large corpus of text with a neural network. It
represents an algorithm that accepts text corpus as an input
and outputs a vector representation for each word. There are
two flavors of this algorithm, namely Skip-Gram and CBOW
(Continuous Bag Of Words). Given a set of sentences the
model loops on the words of each sentence and tries to use
the current word w in order to predict its neighbors (i.e., its
context). This approach is called “Skip-Gram”. In CBOW,
it uses each of these contexts to predict the current word,
w. These models are all proven effective and fairly accurate
in representing words. FastText is another effective word
embedding method that is an extension of the word2vec
model. It learns morphological details as well to achieve
better accuracy. Furthermore, a method called GloVe applies
the matrix factorization technique on generated word context
matrix, in which a large matrix of co-occurrence is constructed
for each word to show how frequently we see those words in
the context of a large corpus.

All of the above models are proven to be effective in
representing words with vectors. For instance, given a key-
value pair “sensor name: laser”, we can generate their cor-
responding vectors with word embedding models. Assume
we choose word2vec in this example. Table I provides the
vectors with 50 dimensions of the words (sensor, name and
laser). Generally speaking, these approaches attempt to capture
the potential semantics of a word by considering its relations
with neighboring words in its context or the co-occurrence
information.

TABLE I: Words and Represented Vectors

Words Vectors
Sensor (0.43, -0.32,..., 0.08)
Laser (0.21, 0.75, ..., 0.26)
Name (0.22, -0.14, ..., 0.16)

B. State-of-the-art Distributed Representation Methods for
Key-value Pairs

All the above models are designed for words only, but our
goal is generating vectors to represent key-value pairs. Two
representative distributed representation methods, i.e., word
averaging and sentence extension methods, exist for key-value
pairs based on existing word embedding methods [11], [14].

In the word averaging method, for each key-value pair, we
first break it into several individual words with a standard
tokenizer. In the rest of the paper, we use “token” to represent
words differentiated with a standard tokenizer. Tokenization is
a way of separating a piece of text into smaller units. Here,
tokens can be either words, characters, or sub-words. In key-
value pairs of metadata attributes, all the tokens are words. For
each word w of key-value pairs, we look up the pre-trained
dictionary and retrieve the d-dimensional vector v(w) from
word2vec or GloVe.

In this naive approach, the vector representation for a key-
value pair can be obtained by simply averaging the vectors of
its words w. The vector representation of key-value pair kv
is the concatenation of all vectors. For example, as shown in
Figure 1, the vector of “sensor name: laser” is the average of
these three individual vectors of “sensor”, “name” and “laser”.

0.43

Sensor Name Laser WA
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0.08

.

.
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Figure 1: In the word averaging distributed representation
method, the vector representation for a key-value pair is
obtained by averaging the vectors of its individual words.

Apart from the word averaging method, another approach
was designed to be applied for key-value pairs based on
paragraph2vec [14], i.e., the sentence extension method.
The goal of paragraph2vec (doc2vec) is to create a
distributed representation of a paragraph or a document, re-
gardless of its length. It is a generalization of the word2vec
method. In the word averaging approach, we break each key-
value pair into individual words. But in this approach, we
do the opposite operation, which is sentence extension. We
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insert words to rewrite the key-value pair into a meaningful
sentence and generate distributed representation by applying
paragraph2vec to this extended sentence. For example,
the key-value pair “Sensor Name: Laser” can be extended to
“the sensor name of the dataset is the Laser”. This sentence
is a normal sentence with meaningful context. The sentence
would be used as an input for the paragraph2vec method
and we will generate the corresponding vector.

C. Motivation

We have introduced these two representative existing meth-
ods to generate vectors for key-value pairs. However, there
are shortcomings associated with these two methods. For
the word averaging method, the well-known drawback is
the ignorance of the word order. For instance, the vector
generated by “Sensor name: Laser” is the same as the one
from “Laser name: sensor”. Apparently, they are completely
different key-value pairs, but they are considered exactly the
same if we apply the word averaging algorithm. In other
words, the generated vectors would be the same if we switch
the order of words or switch key and value part. It is critical
to capture relationships between keys and values and generate
more accurate distributed representations for key-value pairs.
For the sentence extension approach, the accuracy is often
limited since the key-value pair is not exactly the same as
its extended sentence. If we select one syntax to extend a
key-value pair, it may not be applicable or accurate for other
key-value pairs. When the sentence/paragraph is long enough,
paragraph2vec would be more accurate. As such, it is not
a great fit to apply paragraph2vec on key-value pairs. To
overcome these shortcomings, we need an alternative approach
for computing semantic vectors for key-value pairs.

III. METHODOLOGY

In this section, we will first introduce a retrofitting technique
to expand pre-trained dictionary. We will then introduce the
design of kv2vec based on that.

A. Pre-trained Dictionary for Key-value Pairs

Before considering the potential relationships of each key-
value pair, we need to explore how to construct embeddings for
all words. To generate distributed representations for words, all
existing approaches are based on one assumption: there exists
a pre-trained dictionary for most (if not all) words of key-value
pairs. In general cases, distributed representations of words are
learned from a training dataset, such as the Common Crawl
web corpus (840b tokens, 2.2M words) and Wikipedia 2014
(6B tokens, 400K words). The corpus determines the scope of
one pre-trained dictionary. The number of words in these two
corpus is very large. However, this assumption often does not
hold for the words of key-value pairs in real-world scenarios.
In the metadata attributes of scientific datasets, there are many
domain-specific terminologies, which are not in the training
corpus and pre-trained dictionary in most cases. Therefore,
we need to introduce a method to enlarge the dictionary to

include terms in key-value pairs. Below we will show how to
apply retrofitting techniques to address this problem.

Many auxiliary semantic resources, such as PPDB [18],
WordNet [19] and FrameNet [20], include a amount of se-
mantic lexicons that can be applied to enlarge the dictionaries.
In this study, we choose to use WordNet to perform the
dictionary retrofitting on the pre-trained dictionary. WordNet is
a large human-constructed semantic lexicon of English words.
It groups those words into sets of synonyms called synsets,
and provides short, general definitions, and records various
semantic relations between them. This database is structured
in a graph, particularly suitable for our problem because it
explicitly relates concepts with semantically aligned relations
such as hypernyms and hyponyms. If two words are related in
WordNet, we will just refine their word embeddings/vectors
to be similar. Based on the semantic lexicons, we can retrofit
the pre-trained dictionaries to include terminologies that are
specifically in the key-value pairs from metadata attributes.

Let W = (k1, k2, · · · , kx, v1, v2, · · · , vy) be the set of
individual words from a key-value pair. If some words “ki”
and “vj” are not in the pre-trained dictionary, we apply the
retrofitting technique to generate the vectors for these missing
words. Let U ⊆ W be the set of words with no word
embeddings. First, we begin by looking up each word w in
the set U . For example, if the word “precipitation” is missing
in the dictionary, we can look up it in Wordnet and find out
the synset: “rainfall”, “downpour” and “rainwater”. Then we
collect the synset words and retrieve their vectors from the
dictionary. These words are considered close to the missing
word w and the semantic distance between each synset word
and the missing word is small. To generate the vector for the
missing word w, we calculate it based on all synset words. If
we consider all of the synset words are equally close, then we
set α as 1 and β as 0 (it is also the default setting). All of si
are the synset words. If users want to differentiate the synset
words, the number of α and β can be adjusted to achieve that.
This process is repeated to generate vectors for all missing
words in the set U .

vw = α
m∑
i=1

si
m

+ β

n∑
j=i+1

sj
n−m

This retrofitting technique has a number of appealing prop-
erties. First, it is an efficient mechanism to learn the word
embeddings of unknown words in many domains, especially
for this study focusing on key-value pairs from metadata
attributes to facilitate dataset search. Second, it provides an
elegant mechanism to tune the word embeddings that is in
sync with words in scientific domains. Moreover, domain
experts can add more synsets of new terminologies based on
their understandings. Finally, it allows us to efficiently enlarge
the pre-trained dictionary without requiring large amounts of
training datasets.

B. Distributed Representation Method for Key-value Pairs

The fundamental idea of our proposed kv2vec method is
to use a neural network to compose the word vectors into a
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Figure 2: Overview of kv2vec workflow. The kv2vec utilizes RNN with LSTM to capture relationships between keys
and values to generate distributed representations of semantic vectors. First, each key-value pair is split into key and value.
Second, all individual words are extracted from the key and value, and these words are looked up from the pre-trained and
retrofitted dictionary to construct vectors matching the words. Third, these vectors are fed into the composition layer with a
long short-term memory network to produce the outputs, i.e., the kv2vec representation of semantic vectors.

key-value vector, instead of using word averaging or sentence
extension algorithms. Considering the word order (and linguis-
tic structure in general) and relationships between the keys and
values could be important, as many key-value pairs contain
multi-word content such as the description of a dataset. Many
neural network architectures have been proposed to consider
different types of linguistic structures, and the recurrent neural
network structure is one such solution.

In our kv2vec method, we propose to use recurrent neural
networks (RNN) with long short-term memory (LSTM) [21]
hidden units, a.k.a. LSTM-RNNs. A recurrent neural network
is a type of artificial network which uses sequential data or
time series data. The concept behind RNNs is to make use
of arbitrarily input data over long sequences, such that it
repeats the same task to every element in the sequence and
the output depends on the previous computation. Like normal
“feed-forward” and convolutions neural networks (CNNs),
recurrent neural networks utilize training data to learn. They
are distinguished by their “memory” as they take information
from prior inputs to influence the current input and output.
While traditional deep neural networks assume that inputs and
outputs are independent of each other, the output of recurrent
neural networks depends on the prior elements within the
sequence. In this case, the applied network will still consider
previous words when it deals with the following individual
words of a “key” or a “value”. That is why we can capture
the relationships and unify the words of “key” as a meaningful
phrase instead of unrelated words.

The overall kv2vec workflow is shown in Figure 2. There
are four different layers in our design: an input layer, a word
embedding layer, a composition layer and an output layer.
First, each key-value pair is taken as the input and split into
its “key” part and “value” part. After that, all individual words
are extracted from the “key” and the “value” and these words
are looked up from the pre-trained and retrofitted dictionary

to construct all vectors matching the words. The next steps
are taking all these vectors as inputs for the composition layer
with a long short-term memory network (LSTM) to produce
the outputs.

RNN with LSTM is capable of handling the vanishing
gradient problem faced by RNN, which makes RNN more
efficient. LSTMs are explicitly designed to avoid the long-
term dependency problem. Remembering information for long
periods of time is practically their default behavior. All recur-
rent neural networks have the form of a chain of repeating
modules of neural network. In standard RNNs, this repeating
module will have a simple structure, such as a single tanh
layer. In our scenario, the “value” part could be description
of one object, which may be very long. As such, we apply
LSTM in this recurrent neural network. There are three gates
in the LSTM memory cell: input gate it, forget gate ft and
output gate ot. All gates are generated by a sigmoid function
over the ensemble of input xt and the preceding hidden state
ht−1. The hidden state will be used to be compressed into
the dense output vector which has the same dimensions with
the vectors of words. In our case, in order to generate the
hidden state at current step t, it first generates a temporary
result qt by a tanh non-linearity over the ensemble of input
xt and the preceding hidden state ht−1. Then it combines
this temporary result qt with the previous word information
ht−1 by input gate and forget gate ft respectively to derive
an updated internal information pt. After that, it uses output
gate ot over this updated word information ht to derive the
final hidden state ht. At the last step, it will combine all the
words and convert them to one dense vector with the same
dimension as the inputs. After the process of the composition
layer, we can achieve the latest hidden state and the output
vector to represent the entire key-value pair.
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IV. EVALUATION

In this section, we evaluate the efficacy and the performance
of kv2vec over key-value pairs from different file formats
with a series of experiments. We compare our method with the
word averaging and the sentence extension methods. To better
evaluate the functionality, we study the following aspects:
pre-trained dictionary, the dictionary retrofitting efficiency,
the overheads of vector creation process including storage
consumption and computation complexity, as well as the
efficacy of real-world search scenarios and applications.

A. Experimental Datasets

Many scientific datasets are stored in self-describing for-
mats based on key-value pairs of metadata attributes. In
this research, we pick NSIDC (National Snow and Ice Data
Center) repository and datasets for the evaluation study. All
these datasets are publicly available and are in HDF5 format,
a typical example of self-describing format with metadata
attributes in key-value pairs. We collected 1,987 files from
the NSIDC repository for this study. The number of key-
value pairs per file ranges from roughly 2,000 to 5,000.
Additionally, to demonstrate the generality of our method, we
choose Wikidata in JSON format and UDB (Ultimate Drill
Book) files from Facebook for evaluation too.

B. Evaluation of Pre-trained Dictionary

In this series of experiments, we analyze the impact of
the dictionary and evaluate which one is the best fit for
the kv2vec method as the vectors of key-value pairs are
based on a pre-trained dictionary from other models. We con-
ducted experiments with three models: word2vec, GloVe
and fastText. For the same model, the training datasets
also matter. Common Crawl web corpus (840b tokens, 2.2M
words) and Wikipedia 2014 (6B tokens, 400K words) are two
training datasets for these models. After the training process
is completed, we perform queries on key-value pairs from
NSIDC metadata attributes and calculate the error rate of
these queries. Table II shows the results of this series of tests.
In general, there are only minor variations between different
approaches. The word2vec model with Common Crawl web
corpus has the least error rate. Therefore, we choose to use the
pre-trained dictionary generated from the word2vec model
with Common Crawl web corpus.

TABLE II: Error Rate of Query Results

Model Training dataset Error rate
word2vec CCw 3.1%
word2vec Wiki 4.5%
GloVe CCw 3.3%
GloVe Wiki 5.2%

fastText CCw 3.1%
fastText Wiki 4.9%

C. Evaluation of Retrofitted Dictionary

The goal of dictionary retrofitting is to enlarge the pre-
trained dictionary for key-value pairs from scientific datasets
or documents. With retrofitted dictionary, it is expected to
achieve higher query hits for data in key-value pairs (α as
1 and β as 0). In this experiment, we extract all words
from the key-value pairs from NSIDC datasets, match the
dictionary with the word list and calculate the hit percentage.
The accuracy of the generated vector is not the focus of this
experiment, as we only measure the hit percentage of these
queries. The results are plotted in Figure 3. The models have
higher query hit rates when the dictionaries are retrofitted as
can be observed from the figure (about 10% higher). Among
these dictionaries, the pre-trained and retrofitted dictionary
generated from the word2vec model with Common Crawl
web corpus performed the best. In the following experiments,
we choose to use the pre-trained and retrofitted dictionary
generated by the word2vec model on the Common Crawl
web corpus.

Word2vec GloVe fastText85.0
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H
it 
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97.69 98.02

90.1190.11 90.22 90.10

CCw + R
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Wiki + R
Wiki

Figure 3: Query hit rate of different models with different
dictionaries. For example, “CCw + R” means it is a Retrofitted
dictionary on CCw datasets.

D. Analysis of Storage Consumption

Generating semantic vectors is the objective of kv2vec.
From our preliminary observations, it will cost more storage
space when the dimension of semantic vectors is increased.
Additionally, kv2vec needs dictionary storage and storage to
manage the results. In this experiment, we measure and study
the storage consumption with different dimensions. The results
are provided in Figure 4.

As shown from the figure, we analyzed the size of the
storage of different dimensions over different datasets. For 50-
element vectors, we need 171MB to store the vectors over
NSIDC datasets. As expected, the size of required storage
is proportional to the number of dimensions. For the UDB
datasets, we need a much larger storage (1434MB) to hold
300-element vectors.

E. Analysis of Processing Time

We performed another experiment to evaluate the processing
time. The processing time is related to the number of attributes
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and the vector dimensions. As shown in Figure 5, it took
0.66 minutes to generate 50-element semantic vectors for the
key-value pairs from NSIDC datasets, while it only took 0.12
minutes for JSON datasets. For UDB datasets, it took 0.98
minutes and 7.43 minutes for 50-element vectors and 300-
element vectors, respectively. The reason is that the processing
time is proportional to the number of key-value pairs and
vector dimensions. Note that the training time reported in
this figure is a one-time cost and the amortized cost over the
number of search queries would be much lower.
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F. Search Application

The kv2vec method can be utilized to perform queries
on metadata attributes of files to locate datasets of interests.
To evaluate the potential of this method for search scenarios,
we collect a set of 10,000 key-value pairs randomly as query
inputs. For each query, we calculate the cosine similarity
between each attribute in the metadata and the query input
and return the most similar one. To evaluate the quality
of query results, we performed another experiment. In this
experiment, we created a triplet of metadata attributes, with
the first two attributes as returned results of the same query,
whereas the third one is a randomly selected attribute from
other metadata. The ability to identify which attribute is the

randomly selected one shows the accuracy of the distributed
representation methods. The rationale is that the results from
the same query have smallest cosine distance, which is consid-
ered the ground truth in this test. We evaluated three methods
and computed the cosine distances of the vectors generated
from metadata attributes. The error rate of each method is the
ratio of the number of incorrect results to the total number
of triplets (i.e., 10,000). As shown in Table III, kv2vec had
the smallest error rate for all dimensions compared against
the other two methods for the NSIDC datasets. We also
evaluated with two other datasets, JSON documents and UDB
files. As shown in Table III, these results also confirmed
the kv2vec method outperformed the word averaging and
sentence extension methods, even though the error rate of these
cases was higher than the tests with NSIDC datasets.

TABLE III: Error Rates of Different Methods

Model Dim
Error Rate

NSIDC UDB JSON
Word averaging 50 17.3% 20.2% 9.9%
Word averaging 100 17.3% 20.2% 9.9%
Word averaging 200 17.3% 20.1% 9.9%
Word averaging 300 17.3% 20.1% 9.9%

Sentence Extension 50 15.6% 22.4% 9.2%
Sentence Extension 100 15.6% 22.4% 9.2%
Sentence Extension 200 15.6% 22.4% 9.2%
Sentence Extension 300 15.6% 22.4% 9.2%

kv2vec 50 3.1% 10.3% 8.1%
kv2vec 100 3.1% 10.3% 8.1%
kv2vec 200 3.1% 10.3% 8.1%
kv2vec 300 3.1% 10.3% 8.1%

V. CONCLUSION

In this paper, we have introduced a new distributed repre-
sentation method called kv2vec to generate vectors for key-
value pairs from metadata attributes. This method constructs
vectors for key-value pairs and can be integrated into dataset
search solutions through querying metadata attributes for self-
describing file formats that are widely used in HPC systems.
The kv2vec method applies a retrofitting technique to extend
the pre-trained dictionary to include more words that are often
missing in the training datasets. Based on that, this method
utilizes a RNN with LSTM to capture relationships between
keys and values, and then represent them by vectors. We
have conducted extensive evaluations to compare our method
with the state-of-the-art methods. The evaluation results show
that the kv2vec method overcomes the limitation of existing
solutions in the task of representing key-value pairs as vectors.
We believe that such a method is useful for developing
semantics understanding in dataset search solutions and for the
development of advanced data management functionalities.
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