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Abstract

Deep stacked RNNs are usually hard to train.
Adding shortcut connections across different
layers is a common way to ease the training
of stacked networks. However, extra short-

cuts make the recurrent step more compli-
cated. To simply the stacked architecture, we
propose a framework called shortcut block,

which is a marriage of the gating mecha-

nism and shortcuts, while discarding the self-
connected part in LSTM cell. We present

extensive empirical experiments showing that
this design makes training easy and improves
generalization. We propose various shortcut
block topologies and compositions to explore

its effectiveness. Based on this architecture,
we obtain a 6% relatively improvement over

the state-of-the-art on CCGbank supertagging
dataset. We also get comparable results on
POS tagging task.

Introduction

inant in sequence tagging problems due to
the superior performance (Wang etal., 2015;
Lample et al., 2016). The horizontal hierarchy of
LSTMs with bidirectional processing can remember
the long-range dependencies without affecting the
short-term storage. Although the models have
a deep horizontal hierarchy (the depth refers to
sequence length), the vertical hierarchy is often
shallow, which may not be efficient at representing
each token. Stacked LSTMs are deep in both
dimensions, but become harder to train due to the
feed-forward structure of stacked layers.

Shortcut connections (shortcuts, or skip con-
nections) enable unimpeded information flow
by adding direct connections across differ-
ent layers (Raiko etal., 2012; Graves, 2013;
Hermans and Schrauwen, 2013). Recent works
have shown the effectiveness of using short-
cuts in deep stacked models (He etal., 2015;
Srivastava et al., 2015; Wu et al., 2016b). These
works share a common way of adding shortcuts as

In natural language processing, sequence taggifiiFrements to the original network.

mainly refers to the tasks of assigning discrete la- We focus on the refinement of shortcut stacked
bels to each token in a sequence. Typical exampl&sodels to make the training easy. Particularly, for
include Part-of-Speech (POS) tagging and Combgtacked LSTMs, the shortcuts make the computation
natory Category Grammar (CCG) supertagging. Af LSTM blocks more complicated. We replace the
regular feature of sequence tagging is that the irgelf-connected parts in LSTM cells with the short-
put tokens in a sequence cannot be assumed to ®és to simplify the updates. Based on this construc-
independent since the same token in different coriion, we introduce the shortcut block, which can be
texts can be assigned to different tags. Thereforgiewed as a marriage of the gating mechanism and
the classifier should have memories to remember ttiee shortcuts, while discard the self-connected units
contexts to make a correct prediction. in LSTMs.
Bidirectional Our contribution is mainly in the exploration of

(Graves and Schmidhuber, 2005) donshortcut blocks. We propose a framework of stacked

LSTMs
become
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LSTMs within shortcuts, using deterministic orlayerl + 1,..., L. In this section, we first introduce
stochastic gates to control the shortcut connectionthe traditional stacked LSTMs. Based on this archi-
We present extensive experiments on the Combingecture, we propose a shortcut block structure, which
tory Category Grammar (CCG) supertagging task tis the basic element of our stacked models.
compare various shortcut block topologies, gatin .

functions, and combinations of the blocks. We alsg'1 Tranditional Stacked LSTMs

evaluate our model on Part-of-Speech (POS) tagtacked LSTMs without skip connections can be de-
ging task to test the generalization performance. Ofined as:

model obtains the state-of-the-art results on CCG su-

pertagging and comparable results on POS tagging. ¢ sigm -1

f | | sigm W < hy > 5)
2 Recurrent Neural Networks for 0 sigr;: hi_y

S tan

Sequence Tagging

I ! o

Consider a recurrent neural network applied to a=fOq +i0s
sequence tagging: Given a sequenge = hi:o@tanr(ci)

(x1,...,z7), the RNN computes the hidden state
h = (hi,...,hr) and the outpuy = (y1,...,yr) Duringtheforward pass, LSTMsneed to calculdte

(6)

by iterating the following equations: andh}, which is the cell’s internal state and the cell
outputs state, respectively, is computed by adding
ht = f(x¢, he—1;6n) (1) two parts: one is the cell incremesit controlled by
yr = g(he; 00) ) the input gate!, the other is the self-connected part
c._,, controlled by the forget gat¢/. The cell out-
wheret € {1,...,T} represents the time:, repre- puts hl are computed by multiplying the activated

sents the input at timg h,_; andh, are the previ- cell state by the output gaté, which learns when

ous and the current hidden state, respectivélgnd to access memory cell and when to block it. “sigm”

g are the transition function and the output functionand “tanh” are the sigmoid and tanh activation func-

respectivelyd; andd, are network parameters. tion, respectively. W' € R***2" js the weight ma-
We use a negative log-likelihood cost to evaluatérix needs to be learned.

the performance, which can be written as:
3.2 Shortcut Blocks

1 & The hidden units in stacked LSTMs have two forms.
C= N Zlog yir (3 one is the hidden units in the same layfer,, t €
n=l 1,...,T}, which are connected through an LSTM.
wheret™ € N is the true target for sample, and The other is the hidden units at the same time step
y IS thet-th output in thesoftmax layer given the {nt,1 € 1,..., L}, which are connected through a
inputsz™. feed-forward network. LSTM can keep the short-
Stacked RNN is one type of deep RNNs, whicherm memory for a long time, thus the error sig-
refers to the hidden layers are stacked on top of eatlals can be easily passed throygh. .., T'}. How-

other, each feeding up to the layer above: ever, when the number of stacked layers is large, the
feed-forward network will suffer the gradient van-
hy = f'(hi™ hi_y) (4)  ishing/exploding problems, which make the gradi-
_ _ ents hard to pass throudh, ..., L}.
wherep; is thet-th hidden state of theth layer. Shortcut connections can partly solve the above

problem by adding a direct link between layers. An
intuitive explanation is that such link can make the
Shortcuts(skip connections) are cross-layer conneerror signal passing jump the layers, not just one by
tions, which means the output of layker 1 is not one. This may lead to faster convergence and better
only connected to the layér but also connected to generalization. To clarify notations, we introduce

3 Explorations of Shortcuts



the shortcut block, which is composed of the differ\WWhy Only Increments? Obviously, we can keep
ent layers connected through shortcuts. the self-connected part with the increments in the
Our shortcut block is mainly based on Wu et alcell state. But the most important reason to this de-
(2016b), which introduce gated shortcuts connectesign is that it is much easier to compute. We do
to cell outputs. The main difference is we replace thaot need extra space to preserve the cell state. This
self-connected parts with shortcuts to compute th@makes deep stacked models much easier to train.
internal state. LSTM block (1997) composes mem-

. . iscussion. The shortcut block can be seen as a
ory cells sharing the same input and output gate. eeneralization of several multiscale RNN architec
et al. (2015) create a residual block which add

. . ures. It is up to the user to define the block topol-
shortcut connections across different CNN layers. _l Im1 i s i
o . ogy. For example, wheh, " := h;” ", this is simi-
All these inspired us to build a shortcut block acros . '
different LSTM layers. Our shortcut block is defined - to recurrent highway networks (Zilly et al., 2016)
yers. and highway LSTMs (Zhang et al., 2016). When

as follows:

. _ h;' := hl72 this becomes the traditional shortcuts
l sigm - for RNNs:
g | [ sigm 1 hy ’ . o
o | | sigm W < hL_ > " m=1i0s+90O h (11)
s tanh hl = o ®tanh(m) + g ® hi =2
- -
m=1i®s;+gOh 33 Gates Sesign
hi = o © tanh(m) + g © h;"* Shortcut gates are used to make the skipped path

Whereht_l is the output from one of the previous I(,le_deterministic (Srivastava et al., 2015) or stochastic
ersl,...,l—1. g is the gate which is used to acceséHuang etal., 2016). We explore many ways to

the skipped outpuht_l or block it. cpmpute the shortcut gates (Qenoted &y The
simplest case is to us¢ as a linear operator. In

Comparison with LSTMs. LSTMs introduce a this casey! is a weight matrix, and the element-wise
memory cell with a fixed self-connection to makeproductgi ® ht_l in Eq. (7) becomes a matrix-vector
the constant error flow. They compute the follow-multiplication:

ing increment to the self-connected cell at each time . N .
step: 9y © hy” == W'h, (12)

Ct = Ce—1 + St ©) We can also get! under a non-linear mapping,
Here we remove the multiplicative gates to simplifyjwhich is similar to the computation of gates in
the explanation. The self-connected eeltan keep [STM:
the recurrent information for a long times, is the . i
increment to the cell. While in our shortcut block, g =o(W'hi ") (13)

we only consider the increment part. Since in Séqqre e use the output of layér1 to control the
quence tagging problem, the input sequence and tgﬁortcuts, e.ghi‘? Notice that this non-linear map-

putput sequence are exactly match. Specifically, tlﬁtﬁng is not unique, we just show the simplest case.
input tokenz;,7 € {1,...,n} in a input sequence Furthermore,  inspired by the dropout
with lengthn provides the most relevant information (Srivastava et al., 2014) strategy, we can sam-

to predict the corresponding labgl: € {1,...,n} ple from a Bernoulli stochastic variable to ggt In

n a_output sequence. We \_Nant_ to focus the 'nfort'his case, a deterministic gate is transformed into a
mation flow in the vertical direction through short-

: ) e stochastic gate.
cuts, rather than in the horizontal direction through

the self-connected units. Therefore, we only con- gi ~ Bernoulli(p) (14)

sider the increment to the cell and ignore the self- . ] )
connected part. Our cell state becomes: whereg; is a vector of independent Bernoulli ran-

» dom variables each of which has probabijitef be-
m=h; + s (10) ing 1. We can either fip with a specific value or



learn it with a non-linear mapping. For example, waising a local window approach, or a combination of
can learrp by: word and character-level representation. Following
Wu et al. (2016b), we use a local window approach
together with a concatenation of word representa-
tions, character representations, and capitalization
representations.

Discussion. The gates of LSTMs are essential Formally, we can represent the distributed word
parts to avoid weight update conflicts, which ardeature f,, using a concatenation of these embed-
also invoked by the shortcuts. In experiments, weings:

find that using deterministic gates is better than the

stochastic gates. We recommend using the logistic Juwr = [Low(we); La(ar); Le(cw)] (16)
gates to computg’.

p=o(HN") (15)

At test time,h; ! is multiplied byp.

wherew, a, represent the current word and its cap-

3.4 Compositions of Shortcut Blocks italization. c,, := [c1,¢2, ..., c1, ], WhereT,, is the

In the previous subsections, we introduce the shorl'[(?ngth ofthewordand; i € {1,..., T, } is thei-th

; . |Viw|xn
cut blocks and the computation of gating functionszharactelé‘f‘zr‘xtgeaae:jrtlljcular Wﬂg{ﬁgﬁ )aree I';Rhe | k
To build deep stacked models we need to composél(') < o) € 00

these blocks together. In this section, we discus tables for the words, capitalization and charac-

R n+m+4r H
several kinds of compositions, as shown in Figurters’ respectivelyfy, € R represents the dis

1. The links with® represent the gated identity con-?rlbuteci fgature ofy;. A conte>_<t window of s_lzed
. surrounding the current word is used as an input:

nections across layers. There are two types of con-
nections in Flgure 1: one is the dlr_ect connections Ty = [wadm; .;fwtﬂdm] (17)
between adjacent layers, the other is the gated con-
nections across different layers. wherex;, € R(»tm+tr)xd s g concatenation of the

In Figure 1, Type 1 is to connect the input of thecontext features. In the following we discuss the
first hidden layer; to all the following layersl. = ¢, ande,, in detail.
2,3,4,5. Type 2 and Type 3 are composed of th _ .
shortcut blocks with span 1 and 2, respectively. Typ ord r:?epresentatlonsl. ﬁ‘” W(:r?j N t?].e \éqca_\b.l:_— |
4 and Type 5 are the nested shortcut blocks. We wisfly share a common look-up table, which is initial-

to find an optimal composition to pass informationlbze(;]I d\_N'th raEndohm mﬂgllzatlonst or pre—tralt?ed em- d
in deep stacked models. eddings. Each word in a sentence can be mappe

to an embedding vectar;. The whole sentence is
4 Neural Architecture for sequence then represented by a matrix with columns vector
Tagging [wy,ws,...,wr]. Following Wu et al. (2016a), we
use a context window of sizé surrounding with
-~ )»a wordw; to get its context information. Rather,
wherew = [wy, ..., wr] indicates thel’ words in  \ye add logistic gates to each token in the con-

a sentence, antl = [ty, ..., tr] indicates the cor- (ey; window. The word representation is computed
respondingl” tags. In this section we introduce angq w;

neural architecture faP(-), which includes aninput |\, . I A recap] € RO s

. «— — g ey -+
Igyer, ahstackes g'idjg Ia;I/ers anrclzl an olutpl:jt Ia;)yea(. logistic gate to filter the unnecessary contexts,
) Ince the s.tac ed hidden layers have already e?u?_td/%,...,wtﬂd/% is the word embeddings in
introduced in the previous section, we only INroy4 jocal window.
duce the input and the output layer here. '

Sequence tagging can be formulated(g|w;0),

= [Tt—Ld/zj Wi—|d/2)5 -+ -5 Tt+|d/2] wt+[d/2j]-

Capitalization Representations. We lowercase

the words to decrease the size of word vocabulary
Network inputs are the representation of each tokei reduce sparsity, but we need an extra capitaliza-
in a sequence. There are many kinds of token reprédgen embeddings to store the capitalization features,
sentations, such as using a single word embeddinghich represent whether or not a word is capitalized.

4.1 Network Inputs



Type 1 Type 2 Type 3 Type 4 Type 5

Figure 1: Compositions of shortcut blocks. We call a shdribock with span 1 wheht‘l = hi‘Q.

Character Representations. We concate- of rules. Detailed explanations of CCG refer to
nate character embeddings in a word to get thgteedman, 2000; Steedman and Baldridge, 2011).
character-level representation. Concretely, given Another similar task is POS tagging, in which
a word w consisting of a sequence of charactershe tags are part of speeches. Technically, the two
lc1,¢2,...,¢,], wherel, is the length of the kinds of tags classify the words in different ways:
word andL(-) is the look-up table for characters.CCG tags implicate the semantics of words, while
We concatenate the leftmost most 5 charactehe POS tags represent the syntax of words. Al-
embeddingsL(c,), ..., L(cs) with its rightmost 5 though these distinctions are important in linguis-
character embeddings(c;,,—4), ..., L(c;,,) to get tics, here we all treat them as the activations of
cw. When a word is less than five characters, waeurons, using distributed representations to encode
pad the remaining characters with the same specidlese tags. This high-level abstraction greatly im-
symbol. proves the generalization, and heavily reduces the

cost of the model redesign.
4.2 Network Outputs g

For sequence tagging, we usesaitmax activation 5.1.1 Dataset and Pre-processing

functiong(-) in the output layer: Our experiments are performed on CCG-
hy (7 ﬁ Bank (Hockenmaier and Steedman, 2007),
Yo = (W hy; he]) (18)  which is a translation from Penn Treebank

(Marcus etal., 1993) to CCG with a coverage
99.4%. We follow the standard splits, using sections
02-21 for training, section 00 for development and
section 23 for the test. We use a full category set
containing 1285 tags. All digits are mapped into the
same digit ‘9’, and all words are lowercased.

wherey, is a probability distribution over all possi-
ble tags.y; (t) = % is the k-th dimension
of v, which corresponds to the-th tag in the tag
set. W™ is the hidden-to-output weight.

5 Experiments

5.1 Combinatory Category Grammar 5.1.2 Network Configuration

Supertagging Initialization. There are two types of
Combinatory Category Grammar (CCG) supertagaeights in our experiments:  recurrent and
ging is a sequence tagging problem in natural larron-recurrent  weights. For non-recurrent

guage processing. The task is to assign supertageights, we initialize word embeddings with
to each word in a sentence. In CCG the supertagge pre-trained 100-dimensional GolVe vectors
stand for the lexical categories, which are com(Pennington et al., 2014). Other weights are initial-
posed of the basic categories suchMsNP and ized with the Gaussian distributioA/ (0, m)
PP, and complex categories, which are the comscaled by a factor of 0.1, whefan-in is the number
bination of the basic categories based on a sef units in the input layer. For recurrent weight



matrices, following (Saxe et al., 2013) we initialize _Model | Dev_| Test
with random orthogonal matrices through SVD Clark and Curran (2007) 91.5 | 92.0

to avoid unstable gradients. All bias terms are MLP (Lewis etal. (2014)) 91.3 | 91.6
initialized with zero vectors BILSTM (Lewis etal. (2016)) 94.1 1943
’ Elman-RNN (Xu et al. (2015)) 93.1 | 93.0
Hyperparameters. Our context window size is g!'fg‘T'\‘M(Ts etal. ,(2?1?))(2016» gi-‘z‘i 32-22
. - - I- aswanl et al. . .
setto 3. The dimension of character embedding andy i, yeq Bi-LSTM (Wu et al. (2016b))94.55 | 94.69
capitalization embeddings are 5. The size of the in=5_c; -ked shortcut block (Ours) 94 74| 94.95
put layer after concatenation is 465 ((word embed- g.stacked: shortcut block (Ours) 94.82| 94.99

ding 100 + cap embedding 5 + character embedding11-stacked: shortcut block (Ours) 94.66 | 94.86
50) x window size 3). The number of cells of the _13-stacked: shortcut block (Ours) 94.73] 94.97
stacked bidirectional LSTM is also set to 465 for

orthogonal initialization. All stacked hidden layers

have the same number of cells. The output layer has
1286 neurons, which equals to the number of tags itifferent depths. We present experiments trained on
the training set with ®ARE symbol. the training set and evaluated on the test set using

. _ _ the highest 1-best supertagging accuracy on the de-
Training. We train the networks using the baCk'veIopment set.

propagation algorithm, using stochastic gradient de- Our 9-stacked model presents state-of-the-art re-

scent (SGD) algorlthm V\.”th an initial leaming ratesults, (94.99 on test set) comparing with other sys-

0.02. The learning rate is then scaled by 0.5 when ; : )

the following condition satisfied: tems. Notice that 9 is the number of stacked Bi-

9 ' LSTM layers. The total layer of the networks con-

lep — ecl tains 11 (9 + 1 input-to-hidden layer + 1 hidden-
——— <=0.005 andir >= 0. : :

€p <= 0.005 r>=0.0005 to-output layer) layers. We find the network with

wheree, is the error rate on the validation set orStacked depth 7 or 9 achieves better performance

the previous epoche, is the error rate on the cur- than depth 11 or 13, but the difference is tiny. Our
rent epoch. The explanation of the rule is when th&iacked models follow Eq. (11) and gating functions

growth of the performance become lower, we neeHafer to Eq. (13).

to use a smaller learning rate to adjust the weightg; 1 4 Exploration of Shortcuts
We use on-line learning in our experiments, which
means the parameters will be updated on every traipé
ing sequences, one at a time.

Table 1: 1-best supertagging accuracy on CCGbank

To get a better understanding of the shortcut archi-
cture proposed in Eq. (7), we experiment with its
variants to compare the performance. Our analysis
Regularization. Dropout (Srivastava et al., 2014) mainly focuses on three parts: the topology of short-
is the only regularizer in our model to avoid over-cut blocks, the gating mechanism, and their compo-
fitting. Other regularization methods such as weightitions. The default number of the stacked layers is
decay and batch normalization do not work in oui7. We also use the shared gates and Type 2’s archi-
experiments. We add a binary dropout mask to thiecture as our default configurations, which are de-
local context windows with a drop rafe of 0.25. scribed in Eq. (11). The comparison is summarized
We also apply dropout to the output of the first hid-as follows:

den layer and the last hidden layer, with a 0.5 dro

rate. At test time, weights are scaled with a factoportcut Topologies. Table 2 shows the compar-
1—p. ison of shortcut topologies. Here we design two

kinds of models for comparison: one is bathand
5.1.3 Comparison with Other Systems hl connected through shortcuts (Case 1), the other
Table 1 shows the comparison with other modelis usingm to replacec; (Case 2), as defined in the
for supertagging. The comparison does not includshortcut block. We find the skip connections to both
any externally labeled data or POS tags. We evalhe internal states and the cell outputs with multi-
uate the models composed of shortcut blocks withlicative gating achieves the highest accuracy (case



Case | Variant | Dev | Test

hl updated (Wu et al., 2016b) | with gate:hl = Al + g © hi’Q 94.51| 94.67
nogate: ¢t =& + =2 Al = hl + hl 2 93.84| 93.84
withgate: ¢ =& + gohl™2 bl =l + g nl2 94.72| 95.08

! = -2
both¢! andhl updated (Case 1) highway gate: ¢ — 1-9)0&+goh 94.49| 94.62

e gAY G-t _ (1) 0 R + g @ Bl

I _ A 1-2
shortcuts for both! andhl: L~ CflJr 9e© & o 94.72| 94.98
hh = hl + g, © hl

no gate ink}: Al = 0 ® tanh(m) + A2 94.15| 94.29
no gate inm: m = i @ sk + hl 2 94.77| 94.97
shortcut block (Case 2) share gateh! = 0 ® tanh(m) + 0 © h. 2 94.68 | 94.83
no shortcut in internalh} = o ® tanh(i; ® s;) + g © K. 2 | 93.83| 94.01
no shortcut in cell outputh} = o © tanh(m) 93.58| 93.82

Table 2: Comparsion of shortcut topologies. We %ezo represent the original cell output of LSTM block, which
equalso ® tanh(cl), similar toél := i © st + f ® ¢;_1.

1, 95.08%) on the test set. But case 2 can get a better Type | Dev | Test
validation accuracy (94.77%). We prefer to use case 1 ]94.22|94.38
2 since it generalizes well and much easier to train. 2 194.79]94.94
3 94.53| 94.80
5.1.5 Comparison of Gating Functions 4 194.55| 94.70
5 94.76 | 94.95

We experiment with several gating functions pro-
posed in Section 3.3. Detailed discussions are d&able 4: Comparsion of shortcut block combinations.
scribed below. Dense compositions (Type 2 and 5) performs better than

sparse ones.
Identity Mapping. We use thetanh function to
the previous outputs to break the identity link. The
result is 94.81% (Table 3), which is poorer than the
identity function. We can infer that the identity func-2-1.7 Comparison of Hyper-parameters
tion is more suitable than other scaled functions such

as sigmoid or tanh to transmit information. As described in Section 4.1, we use a complex in-

put encoding for our model. Concretely, we use a
performs better than stochastic gates. Further, no{qlgnte?(t Wlndqw approach, together with chgracter—
evel information to get a better representation for

i inarl — lpl—1 i
linear mappingg; = o(Wh; ) achleyes the best the raw input. We give comparisons for the system
test accuracy (Table 3, 94.79%), while other types . . i . . )
. . with/without this approaches while keeping the hid-
such as linear or stochastic gates are not generalize
en and the output parts unchanged.

well.

Exclusive Gating. We find deterministic gates

Table 5 shows the effects of the hyper-parameters
on the task. We find that the model does not perform
well (94.06%) without using local context windows.

We experiment with several kinds of composi-Although LSTMs can memorize recent inputs for a
tions of shortcut blocks, as shown in Table 4. Wéong time, it is still necessary to use a convolution-
find that shortcut block with span 1 (Type 2 and 5)ike operator to convolve the input tokens to get a
perform better than other spans (Type 1, 3 and 4). Imetter representation. Character-level information
experiments, we use Type 2 as our default configwalso plays an important role for this task (13% rela-
ration since it is much easier to compute than Typgvely improvement), but the performance would be
5. heavily damaged if using characters only.

5.1.6 Comparison of Shortcut Block
Compositions



Case | Variant | Dev [ Test
scaled mapping | replaceh! =2 with tanh(hl=?) 94.60] 94.81
linear mapping gdohl=uwoh! 92.07 | 92.15
gl = oW 94.79| 94.91
non-linear mapping g/ = o(U'hL_,) 94.21| 94.56
gt =a(VIh?) 94.60 | 94.78
. .| ¢t ~ Bernoulli(p), p= 0.5 91.12| 91.47
stochastic sampling ;Z ~ Bernoullig;, i — o(H'A") | 93.90 | 94.06

Table 3: Comparsion of gating functions. The non-linear piagg; = o(Wlhi‘l) is the preferred choice.

Case | Variant | Dev | Test Model | Test
k=0 93.96| 94.06 Sggaard (2011) 97.5

window size | k=5 94.27| 94.81 Ling et al. (2015) 97.36
k=17 94.52| 94.71 Wang et al. (2015) 97.78
character only] 92.17| 93.0 Vaswani et al. (2016) 97.4

character-level ly =0 93.59| 93.71 Wu et al. (2016b) 97.48
ly =3 94.21| 94.41 7-stacked mixed + non-linear gate 97.48
lo =17 94.43| 94.75 9-stacked mixed + non-linear gate 97.53

13-stacked mixed + non-linear gate97.51

Table 5: Comparsion of hyper-parameters
Table 6: Accuracy for POS tagging on WSJ

5.2 Part-of-Speech Tagging

Part-of-speech tagging is another sequence tagginge of skip connections in stacked RNNs. However,
task, which is to assign POS tags to each word inthe researchers have paid less attention to the anal-
sentence. It is very similar to the supertagging task/sis of various kinds of skip connections, which is
Therefore, these two tasks can be solved in a unifigzlr focus in this paper.

architecture. For POS tagging, we use the same net-Recently, deep stacked networks have been
work configurations as supertagging, except for th@idely used for applications. Srivastava et al. (2015)
word vocabulary size and the tag set size. We comind He et al. (2015) mainly focus on feed-forward
duct experiments on the Wall Street Journal of th@eural network, using well-designed skip connec-
Penn Treebank dataset, adopting the standard spligns across different layers to make the informa-
(sections 0-18 for the train, sections 19-21 for valition pass more easily. The Grid LSTM proposed
dation and sections 22-24 for testing). by Kalchbrenner et al. (2015) extends the one di-
Although the POS tagging result presented in Tamensional LSTMs to many dimensional LSTMs,
ble 6 is slightly below the state-of-the-art, we neiwhich provides a more general framework to con-
ther do any hyper-parameter tunings nor change tRgruct deep LSTMs.
network architectures, just use the one getting the v, et al. (2015) and Zhang et al. (2016) pro-

best test accuracy on _the supertagging task. T se highway LSTMs by introducing gated direct
proves the generalization of the model and avoidsynnections between internal states in adjacent lay-
heavy work of model re-designing. ers. Zilly et al. (2016) introduce recurrent highway
networks (RHNs) which use a single recurrent layer
to make RNN deep in a vertical direction. These
Skip connections have been widely used for trairworks do not use skip connections, and the hier-
ing deep neural networks. For recurrent neural ne&rchical structure is reflected in the LSTM internal
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