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ABSTRACT

It is well accepted that the choice of token vocabulary largely affects the perfor-
mance in NLP tasks. One dominant approach to construct a good vocabulary is
the Byte Pair Encoding method (BPE). However, due to expensive trial cost, prior
research have rarely tried to search for best token dictionary and its size, other
than simple trials of BPE with commonly used vocabulary size (e.g. 30K). In this
paper, we find an exciting relation between an information-theoretic feature and
the performance of NLP tasks such as machine translation with a given vocabu-
lary. With this observation, we formulate the quest of vocabularization – finding
the best token dictionary with a proper size – as an optimal transport problem. We
then propose Info-VOT, a simple and efficient solution without the full and costly
trial training on the downstream task. We evaluate our approach on multiple ma-
chine translation tasks, including WMT-14 English-German translation, WMT-16
English-Romanian translation, and TED translation. Empirical results show that
Info-VOT beats widely-used vocabulary construction methods with only a fifth of
the number of tokens.

1 INTRODUCTION

Due to the discreteness of text, it has been a standard practice for natural language processing (NLP)
tasks (Mikolov et al., 2013; Vaswani et al., 2017; Gehrmann et al., 2018; Zhang et al., 2018; De-
vlin et al., 2019) to embed the sequence of input tokens using a vocabulary-based lookup table,
with each row representing a token as a dense vector. As a necessary prerequisite, vocabulary
construction bridges the gap between discrete symbols and continuous representations. Currently,
the widely-used vocabularies (e.g., subword vocabularies) are mainly constructed by heuristic ap-
proaches (Sennrich et al., 2016; Costa-jussà & Fonollosa, 2016; Lee et al., 2017; Sennrich et al.,
2016; Kudo & Richardson, 2018; Al-Rfou et al., 2019; Wang et al., 2020).

Despite the promising performance, most of these approaches inevitably require a large number of
human efforts to adjust the granularity of segmentation units. While many previous studies (Ding
et al., 2019; Salesky et al., 2020) show that vocabulary size has a great impact on models’ per-
formance, especially on low-resource scenarios, very few existing work carefully tune this hyper-
parameter due to expensive computation resource costs. To address this problem, researchers re-
cently pay increasing attention on automatic vocabulary search (AVS). However, to the best of our
knowledge, there is still no literature that provides a unified theory to explore what quantitative fea-
tures impact the performance of vocabularies and how to formulate vocabularization as a learning
problem based on these features such that the optimal vocabulary can be automatically learned by
leveraging current machine learning techniques, instead of heuristically defined.

In this work, we take the first step to a unified theory for automatic vocabulary learning (AVL).
To be specific, we present a new perspective of information theory to quantitatively describe vo-
cabularies and then formulate vocabularization into a discrete optimization problem, followed by a
mathematically derived solution based on optimal transport (Info-VOT). We start from the entropy
of token distribution. From the view of information theory, entropy represents the average level of
information inherent in the tokens, or how much bits we need to represent these tokens, also called
Bits Per Character (BPC). Here we find an exciting experiment phenomenon that an information
theoretical feature, AMD-BPE, short for AMD, is strongly related to downstream performance in
most cases. Formally, AMD is defined as the amortized marginal difference over BPC (See Eq.2 for
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more explanations). Although it is hard to explain this connection based on our current knowledge,
this feature can still be empirically used to to search for the optimal vocabulary or guide vocabulary
learning. Here we focus more on the learning setting, aimed at exploring whether there exists an
efficient and promising AVL solution.

Motivated by our findings, we propose a novel two-step discrete optimization objective to learn
a vocabulary given a corpus and an optimal transport solution, which can efficiently find a well-
performing vocabulary with a much smaller size. Since AMD is a contrastive feature and hard to
formulate, we re-formulate it into a two-step discrete optimization problem. The crucial part of the
proposed objective is to find a vocabulary with the highest BPC. However, it is intractable to find
such vocabulary due to the extensive vocabulary space. We re-formulate this part into an optimal
transport (OT) problem, which, therefore, can be solved in polynomial time by linear programming.
To be specific, we can imagine vocabulary construction as a transport process that transports chars
into token candidates. The number of chars is fixed, and different transport choices result in different
vocabularies, of course with different costs. The target of OT is to find a transport matrix to mini-
mize the transfer cost, i.e., negative BPC in our setting. We implement an entropy-based sinkhorn
algorithm to solve the OT problem.

We evaluate our approaches on multiple machine translation tasks, including WMT-14 English-
German translation, WMT-16 English-Romanian translation, and TED translation. Empirical results
show that our approach can beat widely-used vocabulary construction methods, even with over 80%
vocabulary size reduction.

2 RELATED WORK

With the development of deep learning, neural networks have achieved state-of-the-art results on
natural language processing tasks. Initially, most neural models are built upon word-level vocab-
ularies (Vaswani et al., 2017; Costa-jussà & Fonollosa, 2016; Zhao et al., 2019). While achieving
state-of-the-art results, it is a common constraint that these models fail on handling rare words under
limited vocabulary size.

To address this problem, researchers have proposed several advanced vocabularization approaches,
like byte-level approaches (Wang et al., 2020), character-level approaches (Costa-jussà & Fonollosa,
2016; Lee et al., 2017; Al-Rfou et al., 2019), and subword-level approaches (Sennrich et al., 2016;
Kudo & Richardson, 2018). Costa-jussà & Fonollosa (2016) propose a character-level vocabulary
that adopts single characters as the minimum semantic unit. The surprisingly good performance
brings new insights on token granularity. Following this work, Byte-Pair Encoding (BPE) (Sennrich
et al., 2016) is proposed to get subword-level vocabularies. The general idea is to merge pairs of
frequent character sequences to create subword units. Subword-level vocabularies can be regarded
as a trade-off between character-level vocabularies and word-level vocabularies. Compared to word-
level vocabularies, it can decrease the sparsity of tokens and increase the shared features between
similar words, which probably have similar semantic meanings, like “happy” and “happier”. Com-
pared to character-level vocabularies, it has shorter sentence lengths without rare words. Following
BPE, some variants recently have been proposed, like BPE-dropout (Provilkov et al., 2020), Senten-
cePiece (Kudo & Richardson, 2018), and so on.

Despite promising results, these subword-level approaches still require expensive computation costs
to tune vocabulary size. More recently, some best-practice studies notice this problem and propose
some practical solutions (Chen et al., 2019; Salesky et al., 2020). Most of these approaches treat vo-
cabulary size as a special hyper-parameter and propose to use hyper-parameter learning techniques.

Unlike these approaches, this work takes the first step to a unified theory for automatic vocabulary
learning. Given a corpus, we propose a discrete optimization objective function and a principled
solution based on optimal transport for AVL. Experiments show that our approach is able to find
well-performing vocabularies with a much smaller size.

3 INFORMATION-THEORETIC PERSPECTIVE OF VOCABULARY

More and more researchers have recently accepted that information theory and machine learning are
the two sides of the same coin, first mentioned by MacKay (2003). Information theory studies the
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shortest code-length and uncertainty while machine learning studies how to compress data with low-
dimension vector. Also, learning can be regarded as a process of reducing uncertainty. Following
this view, many studies recently are proposed to understand current machine learning systems from
the perspective of information theory (Saxe et al., 2018; Gabrié et al., 2018; Goldfeld et al., 2019).

In this section, we describe vocabularization from the perspective of information theory. Considering
that BPE is the dominant approach to build vocabularies in NLP, this section mainly focuses on
BPE-generated vocabularies to explore whether there exist essential features strongly related with
the downstream performance. Specifically, we conduct experiments on neural machine translation,
a widely-used benchmark task for NLP techniques, in the subsequent analysis.

From Frequency to BPC Almost all existing vocabularies are built upon an information-theoretic
concept: frequency. In information theory, frequency is a token-level feature, which describes the
information of a single token. To get a full understanding of vocabulary, here we explore several
vocabulary-level features, such as entropy, BPC. Entropy is a common feature evaluating the average
level of “information”, or “uncertainty” inherent in the distribution. It represents the shortest code
length to represent all tokens, short for Bits Per Token (BPT). One of the variants of BPT is Bits-
Per-Char (BPC), which normalizes BPT with the averaged length of tokens. We argue that BPC is a
more fair evaluation feature than BPT, which avoids the effects of token lengths. Given a vocabulary
vT with length T , BPC is computed as:

BvT = − 1

lvT

∑
t∈vT

P (t) logP (t), (1)

where P (t) is the probability of token t and lvT is the average length of tokens in vocabulary vT .

From BPC to AMD In this work, we find a valuable feature, AMD-BPC, short for AMD, which
is related with downstream performance. Formally, AMD is defined as the amortized marginal
difference over BPC, which is normalized by merging operation size in BPE:

Dvk→vk+m
= −B(vk+m)−B(vk)

m
, (2)

where Dvk→vk+m
represents AMD,m is the increased operation size and vk, vk+m are vocabularies

generated by k, k + m merging operations, respectively. Imagine a vocabulary search policy that
incrementally increases the number of merging operation. AMD is a dynamic feature that describes
how information changes with the increase of vocabulary size.
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Figure 1: The relation between AMD and downstream performance. Vocabularies with the highest
AMD usually have better BLEU scores.

New Finding: AMD indicates Model Performance To evaluate the relationship between AMD
and downstream performance, we conduct experiments on 12 language pairs. Experiment settings
can be found at Section 5. We sample 4 language-pairs, and the results are listed in Figure 1. The
full results on 12 language-pairs can be found in Appendix A. As we can see, vocabularies with the
highest AMD usually bring higher BLEU scores in most cases. Based on our full results, 42.8%
percent of language-pairs with the highest AMD achieve the best BLEU scores. Moreover, 35.7%
percent of language-pairs with the highest AMD almost achieve the best BLEU scores (gap less than
0.3).

Based on this finding, we have two natural choices to get the final vocabulary: search and learning. In
the search direction, vocabularies can be obtained by searching a serial of vocabularies with different
merging operation sizes. While being simple, the number of explored vocabularies is limited due
to the expensive cost to get vocabularies from merging operations, which depends on the scale of
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Figure 2: An illustration of vocabulary construction from a transport view. Given a corpus, we can
calculate a char distribution and a token candidate distribution. A vocabulary can be built upon a
transport matrix deciding how much chars are transported to different tokens.

training data. By contrast, the learning direction has a higher performance ceiling. In this work, we
take a first step in the learning direction to explore “how far can an information-theoretic learning
approach can reach”.

4 OUR PROPOSED APPROACH: Info-VOT

4.1 OBJECTIVE FORMULATION

We formulate vocabulary construction as an optimization problem whose target is to find a vocab-
ulary with the highest AMD based on Eq. 2. Since AMD is a dynamic feature depending on a
margin difference, we also formulate a dynamic process here. Given an incremental integer se-
quence S = {1, 1 + i, 1 + 2 · i, ..., 1 + (t− 1) · i, · · · } where 1 + (t− 1) · i is the upper bound of
vocabulary size at t-th timestep. With seqence S, Eq. 2 can be rewritten as:

argmax
v(t−1)∈VS[t−1],v(t)∈VS[t]

Dv(t−1)→v(t) = −
1

i

[
B(v(t))−B(v(t− 1))

]
(3)

where VM [t−1] and VM [t] are two sets containing all vocabularies with upper bound of size M [t−1]
and M [t]. Since it is intractable to directly solve this problem, we propose to optimize the surrogated
loss which is the lower bound of Eq. 3:

argmax
t

−1

i

[
max

v(t)∈VS[t]

B(v(t)) − max
v(t−1)∈VS[t−1]

B(v(t− 1))
]

(4)

Based on this equation, the whole solution is split into two steps: search for the optimal vocabulary
with the highest BPC at each timestep t; 2) enumerate all timesteps and output the vocabulary
satisfying Eq. 4.

4.2 MAXIMIZATION OF BPC

The first step of our approach is to search for a vocabulary with the highest BPC given an upper
bound of vocabulary size S[t]. Formally, the goal is to find a vocabulary v(t) such that BPC is
maximized,

argmax
v(t)∈VS[t]

− 1

lv(t)

∑
x∈v(t)

P (x) logP (x), (5)

where lv is the average length for tokens in v(t), P (x) is the probability of token x. However,
notice that this problem is in general intractable due to the extensive vocabulary size. Therefore,
we instead propose a relaxation in the formulation of discrete Optimal Transport, which can then be
solved efficiently via the well-known Sinkhorn algorithm (Cuturi, 2013).

To be specific, vocabulary construction can be viewed as a transport process that transfers char dis-
tributions into token distributions. Given two sets of chars and tokens, we can define a transport
matrix with each item (i, j) deciding how much chars are transported from char i to token j. Since
the number of chars is limited, and not all token candidates can get enough chars, different transport
metrics result in different vocabularies and different costs. Figure 2 illustrates an example to under-
stand this process. The objective function is to find a transport matrix with the lowest costs. In the
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next part, we will show the definition of optimal transport problem and the reformulation of Eq. 5
with an optimal transport objective.

More precisely, given a cost matrix C ∈ R|C|×|T | and two discrete distributions: char distribution
C and token distribution T , {ai}|C|i=1, {bj}

|T |
j=1 are the corresponding probability mass. The discrete

OT considers the following optimization problem

min
A∈Rm×n

〈A,C〉 , s.t. A · 1n = ~a, AT · 1m = ~b, (6)

where A is the transport matrix. Intuitively, optimal transport is about finding the best plan of
transporting mass from the source distribution C to the target distribution T with the minimum
work defined by 〈A,C〉. Since the original OT problem is a linear programming which requires
O(N3 logN) time complexity to solve, Cuturi (2013) proposed to add an entropy regularization
term to accelerate the convergence . More precisely, the objective function for entropy regularized
OT is

min
A∈Rm×n

〈A,C〉 − γH(A), s.t. A · 1n = ~a, AT · 1m = ~b, (7)

whereH(A) = −
∑
Aij logAij is the entropy term. The entropy regularization makes the problem

convex. Moreover, there is an efficient algorithm, the Sinkhorn algorithm, that allows us to solve the
problem in nearly linear time.

4.3 VOCABULARY OPTIMAL TRANSPORT: OBJECTIVE FORMULATION

A tractable lower bound of BPC Given an upper bound of the vocabulary size S, we want to
find a joint probability distribution of chars and candidate tokens in order to maximize BPC. Let
VS be the set containing all vocabularies with size S. Consequently, the objective function in Eq. 5
becomes

min
v∈VS

1

lv

∑
i∈v

P (i) logP (i),

s.t. P (i) =
Token(i)∑
i∈v Token(i)

, lv =

∑
i∈v len(i)

|v|

where Token(i) is the frequency of token i in the vocabulary v. Notice that both the distribution
P (i) and the average length lv depend on the choice of v ∈ VS .

To obtain a tractable lower bound of BPC, it suffices to give a tractable upper bound of the above
objective function. To this end, let T ∈ VS be the vocabulary containing top S most frequent tokens,
C be the set of chars and |T|, |C| be their sizes respectively. Clearly, we have

min
v∈VS

1

lv

∑
i∈v

P (i) logP (i) ≤ 1

lT

∑
i∈T

P (i) logP (i). (8)

Let P (i, j) be the joint probability distribution of the tokens and chars that we want to learn. Then
we have ∑

i∈T
P (i) logP (i) =

∑
i∈T

∑
j∈C

P (i, j) logP (i)

=
∑
i∈T

∑
j∈C

P (i, j) logP (i, j)︸ ︷︷ ︸
L1

+
∑
i∈T

∑
j∈C

P (i, j)(− logP (j|i))︸ ︷︷ ︸
L2

. (9)

The details of proof can be found at Appendix B.

Since L1 is nothing but the negative entropy of the joint probability distribution P (i, j), we shall
denote it as −H(P ). Let C be the |C| × |T| matrix whose (i, j)-th entry is given by − logP (j|i),
then we can write

L2 = 〈P ,C〉
where Cij = − logP (j|i) = +∞ if j /∈ i and − log #c∈ t

len(t) otherwise.
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Note that we have the hard constraints
∑

j P (i, j) = P (i) and
∑

i P (i, j) = P (j) where P (i), P (j)
are the char distribution and candidate token distribution of T, respectively. However, in order to
obtain a refined token set from T with larger BPC, we need to relax the hard constraint on the token
distribution matching to a soft constraint. This formulation then allows us to drop out tokens with
low joint probability distribution. See the discussion at the end of this section for more implementa-
tion details. In summary, our final objective function is

argmin
P∈R|C|×|T|

−H(P ) + 〈P ,C〉 ,

s.t.
∑
i

P (i, j) = P (j), |
∑
j

P (i, j)− P (i)| ≤ ε, ∀i, j.

with small ε > 0.

Notice that the objective function has the same form as the entropy regularized OT Eq. 7 with
γ = 1 except for the soft constraint on the token distribution matching. Strictly speaking, this is
an unbalanced entropy regularized Optimal Transport problem. Nonetheless, we can still use the
generalized Sinkhorn algorithm to efficiently find the target vocabulary as detailed in Section 4.6 of
Peyré & Cuturi (2020).

Enumerate Elements in S for Optimal Vocabulary Due to the large space of token candidates,
here we adopt BPE generated tokens with a large merging size (100K in implementation) as target
token candidates. Each merging action generates a new token. We range all tokens based on the
generated rank. In this way, we can get a sequence of tokens associated with their probabilities
Sbpe. For VS[t], we use Sbpe[: S[t]] as the target token candidate distribution. For char distribution,
we use char probability in the raw text.

At each timestep, by taking char distribution and token candidate distribution Sbpe[: S[t]] as input,
we can get the maximum BPC value based on our OT objective function. Then, based on BPC
values in different timesteps, the optimal AMD score can be obtained via Eq. 4. Finally, according
to the transport matrix at the timestep with the highest AMD, we generate the final vocabulary via a
post-processing pipeline. It is inevitable to handle illegal transport case in the transport matrix. We
remove tokens with distributed chars less than one-tenth token frequencies, and the rest tokens are
combined into the final vocabulary.

5 EXPERIMENTS

To evaluate the performance of Info-VOT, we conduct experiments on three datasets, including
WMT-14 English-German translation, WMT-16 English-Romania translation, and TED dataset.

5.1 SETTINGS

We run experiments on three bilingual machine translation datasets.

1. WMT-14 English-German (En-De) dataset: This dataset has 4.5M sentence pairs. The
dataset is processed following Ott et al. (2018). We choose newstest14 as the test set.

2. WMT-16 English-Romanian (En-Ro) dataset: It has 2.2M training sentence pairs. We use
the officially released validation and test sets. We adopt the same pre-processing pipeline
in the WMT14 En-De dataset.

3. TED dataset: We include two settings: many-to-English multilingual translation and
English-to-many multilingual translation. We choose 12 language-pairs with the most
training corpus. We list the language code according to ISO-639-1 standard 1 for the lan-
guages used in our experiments in Appendix C. We use the officially released validation
and test sets. We adopt the same pre-processing pipeline in the WMT-14 En-De dataset.

1http://www.lingoes.net/en/translator/langcode.htm

6



Under review as a conference paper at ICLR 2021

Table 1: Comparison between Info-VOT and widely-used BPE Vocabularies. * means WMT trans-
lation results and the rest columns are TED results. Info-VOT can achieve competitive BLEU scores
with a large size reduction, even over 80% on TED.

En-X De* Ro* Es PTbr Fr Ru He Ar Ko It Nl Ro Tr De

BPE-10K 29.84 36.60 40.78 41.10 44.98 20.90 29.41 18.83 10.94 37.43 33.84 29.65 19.75 30.61
BPE-20K 29.70 36.50 40.27 40.96 44.65 20.57 29.03 18.46 10.50 36.90 33.34 29.06 19.75 30.61
BPE-30K 29.51 36.90 39.97 40.32 43.98 20.11 28.76 18.25 10.40 36.88 33.42 28.50 19.12 30.28
Info-VOT 30.00 36.60 40.75 41.65 45.02 20.38 29.82 18.65 10.41 37.24 33.83 29.56 20.06 31.52
X-En De* Ro* Es PTbr Fr Ru He Ar Ko It Nl Ro Tr De

BPE-10K - - 45.11 47.21 43.12 29.10 41.47 35.60 22.66 41.96 40.33 38.44 29.97 39.30
BPE-20K - - 44.44 47.05 43.05 29.32 40.38 34.12 22.35 41.22 39.57 38.29 29.73 38.52
BPE-30K - - 44.37 47.08 42.70 28.21 39.93 33.83 22.20 41.44 39.43 37.65 28.89 38.91
Info-VOT - - 45.47 47.72 43.49 28.78 41.31 35.01 22.78 41.67 39.80 39.15 30.20 39.95
Size (K) De* Ro* Es PTbr Fr Ru He Ar Ko It Nl Ro Tr De

BPE-10K 13.6 10.3 10.3 10.2 10.2 10.3 10.2 10.4 13.7 18.2 10.2 10.2 10.2 10.2
BPE-20K 23.6 20.2 20.1 20.1 20.1 20.2 20.2 20.4 23.6 20.1 20.0 20.1 20.1 20.1
BPE-30K 33.6 30.0 29.9 29.8 29.8 30.1 30.0 30.3 33.5 29.8 29.8 29.9 30.0 29.9
Info-VOT 8.5 1.8 1.9 1.7 1.5 1.7 1.5 1.7 5.2 1.9 2.0 1.9 1.8 1.7

Models We use Fairseq to train a Transformer-big model with the same setting in the original
paper (Ott et al., 2018). The input embedding and output embeddings are shared. We use the Adam
optimizer (Kingma & Ba, 2015) with a learning rate 0.0005 and an inverse sqrt decay schedule. The
warm-up step is 4, 000, the dropout rate is 0.3, the update frequency is 8, the number of tokens is
9, 600, or 4, 800 in a single batch.

Training and Evaluation We run WMT-14 En-De experiments with 4 GPUs, WMT-16 En-Ro
with 1 GPU, TED bilingual translation with 1 GPU. We set a beamwidth to 4 for En-De and 5 for
the other. We average the last five models on all datasets and use the averaged model to generate
translation results. We calculate case-sensitive tokenized BLEU for evaluation except for En-Ro
which adopts tokenized SacreBLEU.

6 RESULTS AND ANALYSIS

Vocabularies Searched by Info-VOT are Much Better than Widely-used BPE Vocabularies.
We first compare our methods with widely-used BPE variants: BPE-10K, BPE-20K, BPE-30K.
10K, 20K, 30K represent the size of the merging operation. It needs to notice that BPE-30K is the
dominant choice. The results are listed in Table 1. As we can see, Info-VOT achieves competi-
tive BLEU scores with a much smaller vocabulary than all BPE variants. Compared to dominant
BPE-30K, Info-VOT brings significant performance gains with over 80% percent vocabulary size
reduction on TED. The promising results demonstrate that Info-VOT is a practical approach that can
find a well-performing vocabulary with better BLEU scores and less vocabulary size.

A Simple Baseline with Info-VOT-generated Vocabularies Beats Existing Strong Approaches.
We implement Info-VOT on a widely-used baseline, Transformer-big. Here we are curious about
how much a baseline can reach only with the change of vocabulary. We compare Info-VOT and
several strong approaches on WMT-14 En-De dataset. Table 2 shows surprisingly good results of
our method. Compared to existing approaches in the top block, Info-VOT achieves almost the best
performance with a much smaller vocabulary. These results demonstrate that a simple baseline can
achieve good results with a well-defined vocabulary.

Info-VOT Beats SentencePiece and WordPiece. SentencePiece and WordPiece are two variants
of subword vocabularies. We also compare our approach with them on WMT-14 En-De dataset to
evaluate the effectiveness of Info-VOT. The middle block of Table 2 lists the results of SentenPiece
and WordPiece. We implement these two approaches with the default setting, with 32K vocabulary
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Table 2: Comparison between Info-VOT and strong baselines. Info-VOT achieves almost the best
performance with a much smaller vocabulary.

WMT-14 En-De BLEU Merging Size Vocabulary Size # Parameters

Vaswani et al. (2017) 28.4 32K 33.6K 210M
Shaw et al. (2018) 29.2 32K 33.6K 213M
Ott et al. (2018) 29.3 32K 33.6K 210M
So et al. (2019) 29.8 32K 33.6K 218M
Liu et al. (2020) 30.1 32K 33.6K 256M

SentencePiece 28.7 32K 33.6K 210M
WordPiece 29.0 32K 33.6K 210M

Info-VOT 30.0 8.5K 8.7K 188M

Table 3: Comparison between Info-VOT and AMD-Search. AMD-Search randomly samples 10
BPE-variants, size varying from 1K to 50K.
En-X Es PTbr Fr Ru He Ar Ko It Nl Ro Tr De Time (min)

AMD-Search 40.98 41.24 44.91 20.57 29.41 18.46 10.94 37.50 34.05 29.06 19.75 31.36 340
Info-VOT 40.75 41.65 45.02 20.38 29.82 18.65 10.41 37.24 33.83 29.56 20.06 31.52 95

size. We can observe that Info-VOT outperforms SentencePiece and WordPiece by a large margin,
with over 1 BLEU score improvements.

Comparison between Info-VOT and Info-VOT-based Rules Our method is based on an exciting
finding that AMD, an information-theoretic feature, indicates downstream performance. In addition
to guiding vocabulary learning, this finding can also be used in a heuristic manner. We can randomly
search several vocabularies as candidates and take the vocabulary with the highest AMD as the final
vocabulary. We name this baseline AMD-Search in the subsequent analysis. The vocabularies
generated by the two approaches are similar, around 2K in Info-VOT, and 5K in AMD-Search. As
Table 3 shows, Info-VOT and AMD-Search have similar BLEU scores, but Info-VOT takes fewer
minutes, demonstrating the effectiveness of our solution on optimizing AMD. Despite the better
performance of Info-VOT, we argue that AMD-Search is also a good information-theoretic solution,
which outperforms widely-used vocabularies.

In this work, we start from the connection between AMD and downstream performance and aim to
build a unified information-theoretic framework for automatic vocabulary learning. AMD-Search is
one of the solutions in this framework. We do not stop at this simple solution and further explore
a more challenging and promising direction: learning-based vocabularization. Info-VOT is a pre-
liminary exploration approach. We believe that idea of Info-VOT can motivate more researchers for
further exploration in the future.

7 CONCLUSION

In this work, we propose a unified information-theoretic vocabulary learning framework. The whole
framework starts from an exciting finding that AMD, an information-theoretic feature, is related to
model performance. Based on this finding, we design a two-step discrete optimization objective and
a principled optimal transport solution: Info-VOT. Experiments show that Info-VOT is an effective
approach that can quickly find a well-performing vocabulary with a much smaller size. The searched
vocabulary outperforms current widely-used vocabularies, as well as several strong network variants.

Although Info-VOT can find a well-performing vocabulary, it still has several limitations that need
to be improved in future work. First, Info-VOT relies on the initialized token distribution. For
simplification, we directly adopt BPE-100K generated tokens associated with their probabilities as
initialization. The sensitivity to initialized token distributions should be considered in the future.
Second, the transport matrix in Info-VOT still needs an additional post-processing pipeline to get
the final vocabulary. Although we give a recommended post-processing setting, we believe that an
advanced algorithm in the future can reduce the dependency on post-processing.
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