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An Empirical Study
on Reduction of Parameter Redundancy

in a Weight Matrix in a Biaffine Parser®

Tomoki Matsuno

Abstract

Currently, the biaffine classifier has been attracting attention as a method to
introduce an attention mechanism into the modeling of binary relations. For
instance, in the field of dependency parsing, the Deep Biaffine Parser by [4] has
achieved state-of-the-art performance as a graph-based dependency parser on
the English Penn Treebank and the CoNLL 2017 shared task. In this paper,
we show that the number of parameters in biaffine classifiers, O(n?) (n is the
number of dimensions), is actually redundant by showing that reduction of the
number of parameters improves the parsing performance. We reduce the number
of parameters by assuming either symmetry or circularity of weight matrices. In
our experiments on the CoNLL 2017 shared task dataset, our model achieved
better or comparable accuracy on most of the treebanks with more than 16%

parameter reduction.
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nalization
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1 Introduction

Recently, methods based on attention mechanisms have been used in various fields
of natural language processing [1, 17]. In tasks which deal with binary relations
that take two words as arguments, such as dependency parsing, a good number
of these models have achieved high performance [10, 8, 4].

Biaffine transformation is a method to incorporate an attention mechanism
into binary relations, which was proposed by [4] (following them, we call this
method a biaffine classifier). They achieved the state-of-the-art performance
among graph-based dependency parsers for the English Penn Treebank. In addi-
tion, the state-of-the-art transition-based parser on the English Penn Treebank
uses a biaffine classifier to evaluate the probability distribution of a word coming
into the stack at each parsing step [12].

While biaffine transformation has rich expressiveness for modeling binary re-
lations, the weight matrix (bilinear term) contains O(n?) parameters (where n is
the number of dimensions). This large number of parameters can result in a high
degree of freedom for the model, which might cause overfitting, especially when
a large number of training samples are not available [15].

In this thesis, we attempt to reduce the number of parameters by introducing
either a symmetry or circularity assumption to the weight matrix of a biaffine
classifier. Under either assumption, we can vectorize the matrix and reduce the
space complexity to O(n). Additionally, the time complexity becomes O(n) in the
case of symmetry and O(nlogn) in the case of circularity with the fast Fourier
transform. Furthermore, while the expressiveness of the model is restricted under
the symmetry assumption®, a model under the circularity assumption is able to

express asymmetrical relations.

*Denote the score of the bilinear term by f(a, b) when a word pair a, b has a dependency relation.
In this case, if the bilinear term is symmetrical, f(a,b) = f(b,a) . Such a scoring function is

not appropriate for the expression of a directed edge.



In our experiments, we imposed constraints on the biaffine classifiers of the
deep biaffine parser and examined their effects on the accuracy of the model. For
our experiments, we used the dependency parsing dataset from the CoNLL 2017
shared task [22]. We chose four languages which have a relatively large amount of
training examples and four languages which have fewer. From our experiments,
we found that applying the circularity assumption led to the model outperforming

the baseline for most of the languages.



2 Background

2.1 Dependency Parsing

Dependency Parsing is a field in natural language processing which analyzes
the structures of sentences, and which originated from the traditional linguistic
theory of dependency grammar. This field has attracted attention in many ap-
plications such as machine translation and information extraction since it can
explicitly incorporate the syntactic structure of sentences into these tasks. Com-
pared to phrase structure grammar, dependency structure is a more appropriate
approach for languages with relatively flexible word order such as Japanese.

In dependency grammar, we assume that the syntactic structures consist of
binary, asymmetric relations between words, which are called dependency re-
lations. A pair of words have a dependency relation if one of them syntactically
governs the other. Here, the word and its governed word are called the head and
the dependent. Figure 2.1 shows an example of an English sentence which is
annotated with dependency relations. Every arc has a label which represents the
type of the syntactic relation between the dependent and the head. For example,
the word “he” in the sentence is dependent on the word “had” and the label
“nsubj” on the arc shows that the dependent is the nominal subject in relation to
the head. It is worth noting that there is a dummy token “root” inserted in the
sentence. This is for simplification of the formal definition and implementation.
Since every word has a head, it is more straightforward to say that the head of
the word “had” is the “root” instead of saying that the word had has no head.



dobj

et
[{amod

root He had a good friend

[punct]

Figure 2.1: An example of a dependency tree.

2.2 Universal Dependencies

Universal Dependencies is a project which aims to develop a cross-linguistically
consistent syntactic annotation scheme for various languages. The annotation
scheme is based on (universal) Stanford dependencies [3], Google universal part-
of-speech tags [16], and the Interset interlingua for morphosyntactic tagsets [20].
The Conference on Computational Natural Language Learning (CoNLL) has held
a series of shared tasks on Multilingual Parsing from Raw Text to Universal
Dependencies and has provided treebanks [22, 21] annotated with the universal
dependencies annotation scheme. The use of muliti-lingual treebanks annotated
consistently enables the analysis of the effectiveness of a method in a language-
independent manner. The experiments in this thesis are conducted on several
treebanks from CoNLL 2017 Shared Task: Multilingual Parsing from Raw Text

to Universal Dependencies [22].

2.3 Graph-based Dependency Parser

To build a parser which derives the most probable dependency tree for a given
sentence, one way is to make use of a traditional algorithm for directed graphs
developed in the field of Graph Theory. The graph-based dependency
parser first scores the edges on a given complete graph where the nodes are the
words in a given sentence and the edges are the relations between each pair of the
words. The score function is defined in equation 2.1, where score(G) is a score

for a given graph G = (V, A) with V vertices and A arcs.

score(G) = score(V, A) (2.1)



The models used in our experiments are called arc-factored models, which
learn the score function h (equation 2.2) for the score A(wi,rw;) fOT a given arc
consisting of two nodes: a head candidate w; and a dependent candidate w;, as

well as a relation between them r.

Awirawy) = h(wi, T, w;) (2.2)

Having defined the score function for an edge, we can subsequently define one

for a complete directed graph by scoring every edge in the graph.

Aw;rw;) € R for each (wi,r,w;) € A (2.3)

The model then obtains the most probable dependency tree by running the
Maximum Spanning Tree (MST) algorithm on the complete graph whose edges

are scored.



3 Deep Biaffine Parser

Models introduced in this thesis are based on the Deep Biaffine Parser pro-
posed by [4]. They achieved the state-of-the-art accuracy on the CoNLL 2017
shared task for Universal Dependencies [22].

This model receives a sequence of word and POS tag pairs and calculates the
probability of an arc between each pair of words, as well as a syntactic function
label for each arc. For calculation of scores, it uses Long Short-Term Memories
(LSTMs), Multi-Layer Perceptrons (MLPs) and biaffine classifiers.

In the following sections, first, we explain the biaffine transformation which
is the essential part of a biaffine classifier. We omit explanations for the LSTM
and MLP for the sake of simplicity. Then, we give an overview of the model. It
is worth noting that the structure of the model is different from that in [4], in
that it utilizes character level information. This is because we used an updated

version of the model that was made for the shared task [5].

3.1 Biaffine Transformation

For the dependency parsing score functions, we use the biaffine transformation
shown below to model binary relations. Here, & stands for concatenation of
vectors. The first term on the right side represents relatedness score, and the

second term the score of v; and v; appearing independently. b is a bias term.
9(Vi,vi) = Vi Av; + (v ® v;) b+ b (3.1)

3.2 Structure of the Model

The structure of this model is as follows:



1. First, this model takes a sequence of word and POS-tag pairs. It uses
a unidirectional LSTM to encode each word’s character-level information
into a vector. It then sums this vector with a separate token-level word

embedding.

2. The model then concatenates the vectors obtained above with POS embed-
dings and encodes them via a three layer bidirectional LSTM. y; denotes a
vector made by concatenating the hidden states (not including cell states)
of the forward and backward LSTMs, which corresponds to the ¢ th word

W;.

3. These outputs are then transformed with MLPs. Here, we use separate
MLPs for dependents and heads in the prediction of arcs and labels. v;
and v; represent the dense vector representations for the ith word and the
gth word in the sentence, which in this case are the head candidate and the

dependent candidate, respectively.

arc—head arc—head
parehead _ \[Lperehead ().

V?rc—dep _ MLParc—dep (YJ ) 7

label—head label—head
Vi = MLP (vi),

7

label—dep label—dep
v, = MLP (y;)-

— —d

where v;"¢ hmd,vgrc P eR”
- label—d -

and Vlabel head’ v abel—dep R™

i J

4. The scores of arcs between each word pair are calculated using a biaffine

transformation.

SEZ‘TC) _ V?rc—headTWV?rc—dep + V;‘zrc—headTb(arc)‘ (33)
5. Running Chu-Liu/Edmonds algorithm [2, 6] on the scores calculated in 3.3,

we obtain a spanning tree that maximizes the total score.

6. The model then computes the score sﬁlj of assigning a label [ (I € {1,2, ..., L};
L: the number of labels) to the arc between the head word w; and its pre-

dicted dependent word w;. The equation is defined as follows:



l _ T _
Sz(‘,j)' _ Véabel head U[l]Vé'abel dep

+ (Véabel—head ® V;abel7d€p>Tb[l] (34)
+ 1,

Here, a separate weight matrix U, weight vector bl and bias b¥ are used
for each label. The first term on the right side of the equation 3.4 represents
the score of assigning the label [ to the arc between dependent w; and head
w;. The second term represents the score of the label when the dependent

and head are given independently.

In our experiments, W € R™*" and Ull € R™*™ account for about 17% of
the parameters in the deep biaffine parser. By reducing the number of these
parameters, we can expect not only improved memory efficiency, but also less
overfitting.



4 Proposed Method

In this section, we introduce our two proposed methods to reduce the number of
parameters of the model. We impose either a symmetry or circularity constraint
on the weight matrices W of (3.3) and Ul (VI € {1,2,...,L}) of (3.4).

4.1 Symmetric Matrix Constraint

This method assumes that the weight matrices of the bilinear terms are sym-
metric matrices and are thus diagonalizable. As a result, we can transform
the bilinear term of the score functions into a “triple inner product” of two input

vectors and a weight vector.

Diagonalization of the Weight Matrix in the Bilinear Term

When a matrix W € R™" is symmetric, it can be diagonalized by an orthogonal

matrix O € R " as below:
W = Odiag(w)O"

where w € R" consists of the eigenvalues of W and diag(w) € R™™" represents
the diagonal matrix whose diagonal elements are w. With this property, we can

rewrite the bilinear term as follows:
v Wv; = v; O diag(w)O"v;
=" diag(w)v (4.1)
= (Vj, W, V}).

where, v = OTv; and V= O™'v;, assuming O is learned implicitly. (vi,w, V%)

is a “triple inner product” of vi,w and v/ defined by (a,b,c) = >;_; arbycy.



Consequently, imposing this symmetry constraint on the matrix can reduce the

number of weight parameters from n? to n and both time and space complexity

from O(n?) to O(n).

Simultaneous Diagonalization

When a set of symmetric matrices forms a commuting family, they can be di-
agonalized by the same orthogonal matrix [11]. So we assume the weight ma-
trices UM, URI . UMW of the scoring functions (3.4) form a commuting family.

Namely, we assume:
uklgld = ol vp g e {1,2,...,L}.

With this assumption, all L weight matrices can be diagonalized simultaneously.
liabelfhead and V;abelfdep
thogonal matrix for all score functions.

Therefore, the vectors v can be mapped by the same or-

Score Functions

Based on the above, under the assumption that all weight matrices are symmetric,
we substitute the bilinear term in the biaffine transformations with a triple inner

product. First, the score function for arcs is defined as follows:

(are) _ arc—head arc—dep
ij (v§ y W, Vi )

— —d
4 (V;zrc head D V?rc ep)Tb.

(4.2)

where, w € R" and b € R?". Unlike (3.3), the second term of this function
contains the arc-dep vector because our experiments confirm that it improves
performance.

Scoring functions for labels are defined as follows:

o 1] «,label—dep
= UV )

+ (Véabel—head e Véabel—dep)Tb[l} )

l'abelfhead

sij = (Vi

(4.3)

where, ull € R™  bll € R?™. We eliminate the bias term b in (3.4) because our

experiments confirm that it does not affect performance.

10



4.2 Circulant Matrix Constraint

[15] used a circulant matrix for the bilinear transformation in a knowledge graph
completion model [14] to reduce the number of parameters and improve the com-
putational efficiency. Following this method, we assume the weight matrices of
the bilinear term in the biaffine transformations are circulant and propose new

scoring functions based on that.

Bilinear Transformation Using a Circulant Matrix

We define the circulant matrix C'(w) € R™*™ for a vector w € R™ as follows:

w1 W, ... W3 Wo
W2 w1y Wp w3
Clw) = v w (1.4)
Wp—1 B . Wp,
L W, Wp—1 ... W2 ’l,Ul_
where, w' = (wi,...,w,) and ¢;j = Wj_i(mod n) (¢ is the element at the ith

row and the jth column of the matrix C'(w)). Then, we replace the bilinear term

with one where the weight matrix is a circulant matrix C'(w) with n parameters:

v C(w)v;. (4.5)

Score Functions

We propose score functions that employ (4.5) as the bilinear term in the biaffine

transformation. The score function for an arc is then defined as follows:

(arc) arc—head arc—dep
S = V; C(w)v;

— —d
4 (V?rc head D V?rc ep)Tb.

where w € R” and b € R?",
The score functions for labels are defined as follows:

l - label—d
s — label headc(u[l])vjtl el—dep

w“wj T Vi

— label—d,
+ (Viabel head D Vja e 6P)Tb[l}_

11



where, ul! € R™ and bl € R?".

Efficient Computation Using Fast Fourier Transform

In this section, we explain how to compute (4.5) efficiently using a fast Fourier
transformation (FFT). We denote an n-point discrete Fourier transformation
(DFT) matrix as §, € C"". Then, any circulant matrix C'(w) € R™™ can

be diagonalized as follows [7]:

C(w) = §,' diag(§,w)F..
With this property, we can rewrite (4.5) as a triple hermitian inner product
[11]:

v C(w)v; = vF, " diag(F,w)F,v;

lo— .
= TV diag(§,w)F.v,

— RV, W, V). (4.8)

Here, v, = §,vi, Vi = F,vj, and w' = %diag(&nw), and all are n dimensional
complex vectors. R(-) is the operator which takes the real parts of its argument.
With this transformation, we can compute the bilinear transformation using a
circulant matrix in O(nlogn) using a FFT.

The DFT of an n-dimensional vector x, §,X, is conjugate symmetric if and
only if x is a real vector [9]. In our experiment, we initialize w’ with the DFT
of a real vector and update it in complex space. We update “frequency” domain
(complex space) vectors using only the operations which have correspondence to
“time domain” vectors. Thus, as described in [9], the conjugate symmetry of
the vectors are maintained during learning because their initial values satisfy the

condition.

Expressiveness of the Bilinear Transformation Using Circulant
Matrices

In this section, we explain the expressiveness of circulant matrices in relation to
an arbitrary matrix W € R™*". [19] show that for any W € R™*", there exists a

12



normal matrix W’ € C™*" such that W = R(W’). Further, as with a symmetric

matrix, a normal matrix can be diagonalized as follows:
W = R(W') = R(0 diag(w')O").

Here, O € C™" is a unitary matrix, O* is the conjugate transpose of O, and
w’ € C" is the complex vector which consists of the eigenvalues of W’. By
replacing the weight matrix W in the first term of the bilinear transformation with
(4.2), that term can be expressed as (4.8). The unitary matrix O is a bijective
function, so the input vectors v;, v; are learned as their one-to-one correspondents
vi = O"v;, v = O"v;, assuming that the unitary matrix O is learned implicitly.
Note that to simultaneously diagonalize the normal matrices whose real parts are
the weight matrices Ul Ul ... UM in the scoring functions for labels, we have

to assume that they form a commuting family as with the discussion in 4.1.

13



5 Experiments

5.1 Dataset and Implementation

We compared the models described in the previous chapter on several languages in
the CoNLL 2017 shared task for Universal Dependency Parsing dataset. We chose
four languages which have relatively abundant training examples: UD_ Chinese,
UD_ Czech, UD_ English and UD_ German. In addition, we selected four lan-
guages which have fewer training examples: UD_ French-ParTUT, UD_ Galician-
TreeGal, UD Latin and UD _Slovenian-SST.

As a baseline model, we used Timothy Dozat’s dependency parser®, which
achieved the highest accuracy on the shared task. The structures of the proposed
models are based on the baseline model; we changed only the classifier part.

We only modified two hyper-parameters: We used no pretrained embeddings
and initialized word embeddings with a uniform distribution. These settings
remain the same throughout all experiments unless otherwise stated.

Although word segmentation and POS tagging are included in the shared task,
we use the gold word segmentation and gold POS tags for our models. We ex-
cluded these two tasks because they are irrelevant to the objective of this research,

which is to show the effects of the proposed methods on biaffine classifiers.

5.2 Results

We show the results of the baseline and our two proposed methods in Table 5.1.
Here, Unlabeled Attachment Score (UAS) assesses if the model can find correct
head-dependent pairs. In addition to UAS, Labeled Attachment Score (LAS)

evaluates the model’s ability to predict the syntactic relations for those pairs.

*https://github.com/tdozat /Parser-v2

14



Treebank Baseline Symmetric Matrix Circulant Matrix
UAS LAS UAS LAS UAS LAS

UD_ Czech 93.72  91.89  93.45(-0.27) 91.50(-0.39)  93.87(+0.15) 92.01(+40.12)
UD__ German 87.57 84.27  87.21(-0.36) 83.91(-0.36) 87.61(+0.04) 84.39(+0.12)
UD_ English 91.05 89.42 90.95(-0.1) 89.22(-0.2) 91.04(-0.01) 89.31(-0.11)
UD_ Chinese 87.67 85.58  87.55(-0.12) 85.41(-0.17)  87.96(+0.29) 85.65(40.07)
UD_ Slovenian-SST 75.63  69.53 74.94(-0.69) 68.58(-0.95)  75.90(+0.27) 70.24(40.71)
UD_ Latin 70.90 64.53 70.27(-0.63) 63.18(-1.35)  72.38(+1.48) 66.00(+1.47)
UD_ French-ParTUT  91.82 89.78 92.09(+0.27) 89.94(40.16)  91.94(+0.12)  90.09(+0.31)
UD_ Galician-TreeGal 80.10  74.77  80.05(-0.05)  74.78 (+0.01) 80.24(+40.14) 75.68(+0.91)

Table 5.1: Main results on CoNLL 2017 dataset.

The method based on circulant matrices outperformed the others on almost all

languages except for English, where the baseline model achieved the best ac-

curacy, and French-ParTUT, where the method based on symmetric matrices

outperformed it on UAS. Interestingly, the method based on symmetric matrices

underperformed the baseline on most languages. This might be because of the re-

stricted expressiveness of a symmetric weight matrix in comparison to a circulant

one, especially the former’s inability to express asymmetric relations.

15



6 Analysis

In this section, we examine the robustness to overfitting of the proposed methods.

6.1 Robustness on Smaller Training Data

First, to further examine how the number of parameters affect the models, we
conducted additional experiments on the UD_ English treebank, reducing the
number of training examples by a quarter each time.

The results of this experiment are shown in Table 6.1. Our methods performed
better on smaller datasets, where the number of training examples was less than
or equal to half the original number of examples. This indicates that our methods
achieved high generalizability through parameter reduction.

Second, we ran the baseline model with classifier dimensions reduced from 400
to 200 for the arc classifier and 100 to 50 for the label classifier and compared
it with the proposed methods on languages with small treebanks. As shown in
Table 6.2, simply reducing the number of dimensions hindered the accuracies
in some languages, while the method based on circulant matrices consistently
outperformed the baseline model with the original number of dimensions in all of
these languages with small treebanks, as shown in Table 6.2. This result indicates

the effectiveness of the proposed method on small datasets.

6.2 Parameter Reduction

Table 6.3 shows the proportion of the total parameters taken up by each of
the components. While LSTMs occupy the largest portion of the model, the

second largest is occupied by the classifiers, which account for about 17% of the

16



Reduced Samples Baseline Symmetric Matrix Circulant Matrix

UAS LAS UAS LAS UAS LAS
0/4 91.05 89.42  90.95(-0.1) 89.22(-0.2) 91.04(-0.01)  89.31(-0.11)
1/4 90.32 88.57  90.05(-0.27)  88.30(-0.27)  90.29(-0.03)  88.49(-0.08)
2 /4 88.98 87.08 89.15(+0.17) 87.17(+0.09) 88.72(-0.26)  86.63(-0.45)
3 /4 8724 85.08 87.27(+0.03)  85.06(-0.02) 87.59(+0.35) 85.38(40.3)

Table 6.1: Results in UD_ English with fewer training samples.

Treebank UAS LAS

UD_ Slovenian-SST 74.98(-0.65)  69.07(-0.46)
UD_Latin 71.96(+1.06) 65.68(+1.15)
UD_French-ParTUT  92.17(+0.35) 90.44(+0.66)
UD_ Galician-TreeGal ~ 79.68(-0.42)  74.82(+0.05)

Table 6.2: Baseline model with reduced dimensions. The numbers in parentheses

are the differences from the baseline model with full dimensions.

parameters. Table 6.4 indicates that the proposed methods were able to reduce
the number of parameters by more than 16%.

Although we showed that our proposed methods reduced the number of pa-
rameters by more than 16% compared to the baseline model, this result does not
include any word embeddings. We did not include word embeddings in Table
6.3 because the vocabulary size varies across treebanks and is not dependent on
the structure of the model. However, this portion is not small enough to neglect
for real applications. Since we used 100 dimensional word embeddings, the total
number of parameters required for them is 100 x vocabulary size. For example,
in the case of UD_ English, since the vocabulary size in the training data is 16653,
the number of parameters required for word embeddings is 100 x 16653, which
accounts for 34.53% of the total parameters of the baseline model. Factoring this

in, our proposed methods reduce the number of parameters by 11%.

17



Number of
Parameters Percentage

Character LSTM 241200 7.64%
Bidirectional LSTM 1927200 61.03%
Arc MLP 320800 10.16%
Label MLP 80200 2.54%
Arc Classifier 160400 5.08%
Label Classifier 377437 11.95%
Others 50400 1.60%
TOTAL 3157637 100%

Table 6.3: Percentage of baseline model parameters accounted for by each

component.
Baseline Symmetric Matrix Circulant Matrix
Arc Classifier 160400 1200 1600
Label Classifier 377437 11100 14800
Sum with shared parts 3157637 2632100 2636200
Difference from the baseline 0.0% -16.64% -16.51%

Table 6.4: Comparison of parameter sizes.

6.3 Parsing Speed

To test the parsing speed, we used an NVidia GTX1080 GPU and parsed the
test dataset of UD_ English. As mentioned in Section 4, both proposed methods
are superior to the baseline model in terms of time complexity. Specifically, the
methods based on symmetry took 13.86 seconds, circularity 15.06 seconds, and
the baseline 17.76 seconds. These results are in accordance with the theoretical

time complexity.
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7 Conclusion

In this paper, we reduced the number of parameters in the weight matrices of
biaffine classifiers based on assumptions of symmetry or circularity and examined
the effects of these reductions on the CoNLL 2017 shared task for the Universal
Dependency Parsing dataset.

As a result, the method based on circulant matrices outperformed the baseline
model in most languages, and the method based on symmetric matrices achieved
the highest UAS on UD_ French-ParTUT. Furthermore, both of the proposed
models achieved more than a 16% parameter reduction. One of the possible
reasons for the improvement of the parsing performance is the reduction of the
expressiveness of the weight matrices. That is, the assumption that the matrices
formed commutative families enabled the models to learn more efficiently by
restricting the parameter search space.

As future work, the L1 regularization method for CompLex [18] proposed by
[13] may be integrated into our methods to further reduce the number of param-
eters in the bilinear function. The script for the bilinear functions proposed here

is provided on the GitHub page below*.

*https://github.com/TomokiMatsuno/PACLIC32/blob/master/my_ linalg.py
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