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Abstract gest human language processing operates within a

L _ severely constrained short-term memory store —
Psycholinguistic studies S“QQGSt a model possibly restricted to as few as four distinct ele-
of human language processing that 1) per- ments (Miller, 1956; Cowan, 2001).
forms incremental ipterpretation of spo- The first two observations may be taken to
ken gttgrances or wr_|tt_en text, 2) Preseves  endorse existing probabilistic beam-search mod-
amblg_wty by maintaining competing ar\a!- els which maintain multiple competing analyses,
yses in parallel, gnd 3) operates within pruned by contextual preferences and dead ends
a severely con_stramed shqrt-term memory (e.g. Roark, 2001). But the last observation on
store — _pc_)ssmly constralneq to as few memory bounds imposes a restriction that until
as four d'Stht, elemgnts. This paper de- now has not been evaluated in a corpus study. Can
scribes a relatively S|mpl_e _mode_:l of Iaq- a simple, useful human-like processing model be
guage as a factored statistical time-series defined using these constraints? This paper de-
Process that meets all three of the gbove scribes a relatively simple model of language as a
de5|de_rata; and_ presgqts corpus evidence factored statistical time-series process that meets
that this mgdel is sufficient T[O parse naf[u- all three of the above desiderata; and presents
rally occurring sentences using human-like corpus evidence that this model is sufficient to
bounds on memory. parse naturally occurring sentences using human-
1 Introduction like bounds on memory.
The remainder of this paper is organized as fol-
Psycholinguistic studies suggest a model of humag,ys: Section 2 describes some current approaches
language processing with three important propegy incremental parsing; Section 3 describes a statis-
ties. First, eye-tracking studies (Tanenhaus et afjcq| framework for parsing using a bounded stack
1995; Brown-Schmidt et al., 2002) suggest that husf explicit constituents; Section 4 describes an ex-
mans analyze sentences incrementally, assembliﬁgrimem to estimate the level of coverage of the
and interpreting referential expressions even whilpenn Treebank corpus that can be achieved with
they are still being pronounced. Second, humangious stack memory limits, using a set of re-
appear to maintain competing analyses in parajgsiple tree transforms, and gives accuracy results

lel, with eye gaze showing significant attention tgf 5 hounded-memory model trained on this cor-
competitors (referents of words with similar Prépus.

fixes to the correct word), even relatively long af-
ter the end of the word has been encountered, wh@& Background

attention to other distractor referents has fallen OF{/Iuch work on cognitive modeling in psycholin-

(Dahan and Gaskell, 2007). Preserving amblgugjuistics is centered on modeling tleencepts to

ity in a parallel, non-deterministic search like this” .
. which utterances refer. Coarsely, these concepts

may account for human robustness to missing, un- S
) . .may correspond to activation patterns among neu-

known, mispronounced, or misspelled words. Fi- ) o . )
. . rons in specific regions of the brain. In some the-

nally, studies of short-term memory capacity sug-

ories, a short-term memory store of several unre-
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tained (Smolensky and Legendre, 2006). Activa- For example, Marcus (1980) proposed a deter-
tion is then theorized to spread through and amornministic parser with an explicit four-element work-
these groups of concepts in proportion to somgg memory store in order to model human parsing
learned probability that the concepts will be reHimitations. But this model only storesomplete
evant (Anderson and Reder, 1999), with the mostonstituents (whereas the model proposed in this
active concepts corresponding to the most likelpaper storefncompletely recognized constituents,
linguistic analyses. Competition between rival acin keeping with the Tanenhaus et al. findings). As
tivated groups of concepts (corresponding to ina result, the Marcus model relies on a suite of spe-
complete linguistic analyses) has even been linkezlalized memory operations to compose complete
to reading delays (Hale, 2003). constituents out of complete constituents, which

This competition among mutually-exclusiveare not independently cognitively motivated.

variously-activated short term memory stores of Cascaded finite-state automata, asFAsTUS
concepts, essentially a weighted disjunction ovdfiobbs et al., 1996), also make use of a bounded
conjunctions of concepts, can be modeled in lartack, but stack levels in such systems are typically
guage understanding as simple Viterbi decoding étedicated to particular syntactic operations: e.g.
a factored HMM-like time-series model (Schulerd Word group level, a phrasal level, and a clausal
et al., in press). In this model, concepts (Correlevel. As a result, some amount of constituent
sponding to vectors of individuals in a first-orderStructure may overflow its dedicated level, and be
world model) are introduced and composed (vigacrificed (for example, prepositional phrase at-
set operations like intersection) in each hypothd@chment may be left underspecified).

sized short-term memory store, using the elements Finite-state equivalent parsers (and thus,
of the memory store as a stack. These vectors bbunded-stack parsers) have asymptotically linear
individuals can be considered a special case of verin time. Other parsers (Sagae and Lavie, 2005)
tors of concept elements proposed by Smolenskigave achieved linear runtime complexity with
with set intersection a special case of tensor prodnbounded stacks in incremental parsing by
uct in the composition model. Referents in thisising a greedy strategy, pursuing locally most
kind of incremental model can be constrained bprobable shift or reduce operations, conditioned
— but still distinguished from — higher-level ref- on multiple surrounding words. But without an
erents while they are still being recognized. explicit bounded stack it is difficult to connect

It is often assumed that this semantic cont-hgszl models to concepts in a psycholinguistic

cept composition proceeds isomorphically witH"
the composition of syntactic constituents (Frege, Abney and Johnson (1991) explore left-corner
1892). This parallel semantic and syntactic comParsing as a memory model, but again only in
position is considered likely to be performed interms of (complete) syntactic constituents. The
short-term memory because it has many of th@Pproach explored here is similar, but the trans-
characteristics of short-term memory processeform is reversed to allow the recognizer to store
including nesting limits (Miller and Chomsky, recognized structure rather than structures being
1963) and susceptibility to degradation due to inSought, and the transform is somewhat simpli-
terruption. Ericsson and Kintch (1995) propose fied to allow more structure to be introduced into
theory of long-term working memory that extendssyntactic constituents, primarily motivated by a
short-term memory, but only for inter-sententianeed to keep track of disconnected semantic con-
references, whichilo seem to be retained acrossCepts rather than syntactic categories. Without this
interruptions in reading. But while the relation-link to disconnected semantic concepts, the syntax
ship between competing probability distributiongnodel would be susceptible to criticism that the
in such a model and experimental reading timegeparate memory levels could be simply chunked
has been evaluated (e.g. by Hale), the relationshipgether through repeated use (Miller, 1956).
between the syntactic demands on a short-term Roark’s (2001) top-down parser generates trees
memory store and observations of human shortacrementally in a transformed representation re-
term memory limits is still largely untested. Sev-lated to that used in this paper, but requires dis-
eral models have been proposed to perform syntaiributions to be maintained over entire trees rather
tic analysis using a bounded memory store. than stack configurations. This increases the beam

786



width necessary to avoid parse failure. Moreover, Itis important to note that these transformations
although the system is conducting a beam searcée not postulated to be part of the human recog-
the objects in this beam are growing, so the recogpition process. In this model, sentences can be
nition complexity is not linear, and the connectiorrecognized and interpreted entirely in right-corner
to a bounded short-term memory store of uncorform. The transforms only serve to connect this
nected concepts becomes somewhat complicate@rocess to familiar representations of phrase struc-

The model described in this paper is arguablyure.
simpler than many of the models described above
in that it has no constituent-specific mechanismsq’,'1
yet it is able to recognize the rich syntactic strucThis paper will attempt to draw conclusions about
tures found in the Penn Treebank, and is stilhe syntactic complexity of natural language, in
compatible with the psycholinguistic notion of aterms of stack memory requirements in incremen-
bounded short-term memory store of conceptuddl (left-to-right) recognition. These requirements
referents. will be minimized by recognizing trees inréght-

_ ) _ corner form, which accounts partially recognized

3 Bounded-Memory ParsingwithaTime phrases and clauses asomplete constituents,

Series Model lacking one instance of another constituent yet to

This section describes a basic statistical framewof&Me-

— a factored time-series model — for recogniz- N particular, this study will use the trees in the
ing hierarchic structures using a bounded store &teénn Treebank Wall Street Journal (WSJ) corpus
memory elements, each with a finite number ofMarcus et al., 1994) as a data set. In order to
states, at each time step. Unlike simple FSA confbtain a linguistically plausible right-corner trans-
pilation, this model maintains an explicit representorm representation of incomplete constituents, the
tation of active, incomplete phrase structure corfSOrPUS is subjected to another, pre-process trans-
stituents on a bounded stack, so it can be readifrm to introduce binary-branching nonterminal
extended with additional variables that depend oRfojections, and fold empty categories into non-
syntax (e.g. to track hypothesized entities or reld€rminal symbols in a manner similar to that pro-
tions). These incomplete constituents are relatgSed by Johnson (1998b) and Klein and Manning
to ordinary phrase structure annotations through@003). This binarization is done in such a way

series of bidirectional tree transforms. These tran&S 10 preserve linguistic intuitions of head projec-
forms: tion, so that the depth requirements of right-corner

transformed trees will be reasonable approxima-

1. binarize phrase structure trees into lmgu'snfionsto the working memory requirements of a hu-

cal!y mqtlvated. head-modifier branches (deinan reader or listener.
scribed in Section 3.1);

Binary branching structure

2. transform right-branching sequences to Ieftg'2 Right-Corner Transform

branching sequences (described in Sed2hrase structure trees are recognized in this frame-
tion 3.2); and work in aright-corner form that can be mapped to

) and from ordinary phrase structure via reversible
3. align transformed trees to an array of random} 5 sform rules, similar to those described by

variable values at each depth and time step ofyhnson (1998a). This transformed grammar con-
a probabilistic time-series model (describedrains memory usage in left-to-right traversal to a
in Section 3.3). bound consistent with the psycholinguistic results
Following these transforms, a model can be trainedescribed above.
from example trees, then run as a parser on unseenThis right-corner transform is simply the left-
sentences. The transforms can then be reversedight dual of a left-corner transform (Johnson,
evaluate the output of the parser. This represent&998a). It transforms all right branching sequences
tion will ultimately be used to evaluate the coverin a phrase structure tree into left branching se-
age of a bounded-memory model on a large corpugiences of symbols of the forah; /A,, denoting
of tree-annotated sentences, and to evaluate the ac-incomplete instance of categady lacking an
curacy of a basic (unsmoothed, unlexicalized) iminstance of categoryls to the right. These incom-
plementation of this model in Section 4. plete constituent categories have the same form
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a) binarized phrase structure tree:

S
NP VP
/\ A
NP PP VBN NP
JJ NN IN NP VBN PT&T DIT NN
| | | - | —
strong demand for NPpos NNS propped up the JIJ N|N
/\ /\
NNP POS JJ NNS municipal market
— I I —
NNP NNP 's general NN NNS
new NNP NNP obligation bonds S
I 1 —
york city SINN NN
/\
S/NN JJ  market
. /\
b) result of right-corner transform: SINP DT munlicipal
- I
SIVP VBN  the
I —
NP VBNIIPRT PRT
/\
NP/NNS NII\IS VI?N ulp
/\
NP/NNS N|N bonds propped
—/\
NP/NNS JIJ obligation
/\
NP/NP NPpos general
— —_—
NP/PP Ill\l NPpos/POS POS
| | |
NP for NNP 'S
/\ /\
NP/NN NN NNP/NNP NNP
I I — I
JIJ demand NNPIINNP NII\IP city
strong NNP york

I
new

Figure 1: Trees resulting from a) a binarization of a sample phrase seuote for the sentenc&rong
demand for New York City's general obligations bonds propped up the municipal market, and b) a right-
corner transform of this binarized tree.

and much of the same meaning as non-constituent /Al\ A
. . . . . 1
categories in a Combinatorial Categorial Grammar ] Ao
(Steedman, 2000). /\A = A1JA>  AdAs  As
Rewrite rules for the right-corner transform are a2 |3 a|1 a|2 a|3
shown below, first to flatten out right-branching as
structuret A
— A
1The tree transforms presented in this paper will be de- Oél/\z42 .
fined in terms ofdestructive rewrite rules applied iteratively N = AdJAy AslAs
to each constituent of a source tree, from leaves to root, and AgiAs ... | |
from left to right among siblings, to derive a target tree. These o a3
rewrites are ordered; when multiple rewrite rules apply to the oo
same constituent, the later rewrites are applied to the results
of the earlier ones. For example, the rewrite:
Ag N then to replace it with left-branching structure:
/I\ 0
Ay L= %\
/\ Gz @ (ai)Tvariables matching entire subtree structure, Roman

. as letters followed by colons, followed by Greek letters; («;)

could be used to iteratively eliminate all binary-branchingare variables matching the label and structure, respectively, of
nonterminal nodes in a tree, except the root. In the notatiothe same subtree, and ellipses. () are taken to match zero
used in this paper, Roman uppercase lettdr$ re variables or more subtree structures, preserving the order of ellipses in
matching constituent labels, Roman lowercase lettedsafe  cases where there are more than one (as in the rewrite shown
variables matching terminal symbols, Greek lowercase letteebove).
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A1 A and Markov independence assumptions (Equa-

AlAyon AsdAs o L. = Alm. tion 3) to define a fullP(¢;. 7 |o1.7) probabil-
| N ity as the product of alransition Model (©4)

o2 A1lAzion Q2 . - def
prior probabilityP(q1. 1) = T, Pe, (g:| ¢) and

nge, the first two rewrite rules are applied _iter'anObservation Model (6) likelihood probability
atively (bottom-up on the tree) to flatten all right def
Rloi.7|qi.7) =11, Peg(ot] ar):

branching structure, using incomplete constituents
to record the original nonterminal ordering. The . argmax P( o1 1) (1)
third rule is then applied to generate left-branching @7 = a8 a.rionrT

q1..T
structure, preserving this ordering. Note that the = argmax P(q1.7)-P(or.7| q1.7) )

last rewrite above leaves a unary branch at the left- ar oo
most child of each flattened node. This preserves  def

= argmax | | P 1) Pon(o 3
the nodes at which the original tree was not right- i,,T H 0A(at [ 41)-Pon(or|a:) (3)

t=1
branching, so the original tree can be reconstructed

when the right-corner transform concatenates mul- Transition probabilitie®e, (¢: | 1) over com-
tiple right-branching sequences into a single leftplex hidden stateg;, can be modeled using syn-
branching sequence. chronized levels of stacked-up component HMMs

An example of a right-corner transformed treén a Hierarchic Hidden Markov Model (HHMM)
is shown in Figure 1(b). An important property of(Murphy and Paskin, 2001). HHMM transition
this transform is that it is reversible. Rewrite rulegprobabilities are calculated in two phasesrea
for reversing a right-corner transform are simplyduce phase (resulting in an intermediate, marginal-
the converse of those shown above. The corredtzed statef;), in which component HMMs may ter-
ness of this can be demonstrated by dividing einate; and ahift phase (resulting in a modeled
tree into maximal sequences of right branches (thatateg;), in which unterminated HMMs transition,
is, maximal sequences of adjacent right childrenjand terminated HMMs are re-initialized from their
The first two ‘flattening’ rewrites of the right- parent HMMs. Variables over intermediateand
corner transform, applied to any such sequenceodeledq; states are factored into sequences of
will replace the right-branching nonterminal nodesiepth-specific variables — one for eachiofevels
with a flat sequence of nodes labeled with slasim the HMM hierarchy:
categories, which preserves the order of the non-
terminal category symbols in the original nodes. fo=(f D) (4)
Reversing this rewrite will therefore generate the 1 D

. . . @ =(q --q) )
original sequence of nonterminal nodes. The final

rewrite similarly preserves the order of these nonreansition probabilities are then calculated as a
terminal symbols while grouping them from theyoqyct of transition probabilities at each level, us-

left to the right, so reversing this rewrite will re-jq |evel-specifizeduce O andshift ©s models:
produce the original version of the flattened tree.

3.3 Hierarchic Hidden Markov Models Pou(arlgn) =Y P(filau)-P(a:l fi gn) (6)
ft
i D
Right-corner transformed phrase s_tructure _tr_ees difz HP (L g g,
can then be mapped to random variable positions = orlJt |1/t dudn
in a Hierarchic Hidden Markov Model (Murphy fi P 4= pg (gd| £ g g (7)

and Paskin, 2001), essentially a Hidden Markov

Model (HMM) factored into some fixed number ofwith f* and¢) defined as constants. In Viterbi

stack levels at each time step. decoding, the sums are replaced with argmax oper-
HMMSs characterize speech or text as a sequene¢ors. This decoding process preserves ambiguity

of hidden stateg, (in this case, stacked-up syn-by maintaining competing analyses of the entire

tactic categories) and observed stategin this memory store. A graphical representation of an

case, words) at corresponding time stéps A HHMM with three levels is shown in Figure 3.

most likely sequence of hidden statés can Shift and reduce probabilities can then be de-

then be hypothesized given any sequence of ofined in terms of finitely recursive Finite State Au-

served states; 7, using Bayes’ Law (Equation 2) tomata (FSAs) with probability distributions over
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t=1 t=2 t=3 t=4 t=5 t=6 t=7 t=8 t=9 t=10 +¢=11 t=12 =13 t=14 =15
Y % %
PN S S S S W S S Y S T S S
LT3 % % % %] 4] %] %] ] B 2| =
7 7 Z (M » » pa
% % 3 S
d=2 \ \ \ \ o— \ \ \ £ — \ \
% 4 = %
2| OO A
d=3 \ \ \ \ \ \ \ \ \ \ \ \ \ \
o)
o) © 2
< % 5 A o. | % % 1 ) & < 2
A S A B L N A
o %, S O% o 00, > N

Figure 2: Sample tree from Figure 1 mappedfosariable positions of an HHMM at each stack depth

d (vertical) and time step (horizontal). This tree uses only two levels of stack memory. Values for
final-state variable;"ﬂ are not shown. Note that some nonterminal labels have been omitted; labels fo
these nodes can be reconstructed from their children.

transition, recursive expansion, and final-state sta-
tus of states at each hierarchy level. In simple HH-
MMs, each intermediate variable is a boolean vari-
able over final-state staty§’ € {0,1} and each
modeled state variable is a syntactic, lexical, or
phonetic statg?. The intermediate variablg is
true or false (equal ta or O respectively) accord-
ing to Of-reducelf there is a transition at the level
immediately belowd, and false (equal t@) with
probability 1 otherwisé:

Po.(f1 | g aq)d:ef Fi_gure 3: Graphical represe_zntation of a Hierarchic
OrlJi 1 Ji I 90 Hidden Markov Model. Circles denote random
{'f f#M=0:[f1=0] ®) variables, and edges denote conditional dependen-
if =1 Porpeacd f1' | a1, af) cies. Shaded circles are observations.

wherefP" = 1 and¢{ = ROOT. -
Shift probabilities over the modeled variakqlﬁ transitions the FSA state at the current level, ac-

at each level are defined using level-specific trarf0rding to the distributio®q-trans And if the state
sition Oo-Transand expansio®o.£xpangmodels: at the current level is final (the third case above),
P it re-initializes this state given the state at the level

above, according to the distributi®y.gxpana The

PGs((ﬁl | ffl tdqgﬂtaq)déf overall effect is that higher-level FSAs are allowed
if f#=0, f=0:[¢f=q%] to transition only when lower-level FSAs termi-
if ff=1, f=0: Pog i |ahag®) (9) nate. An HHMM therefore behaves like a prob-
if f#=1, f=1: Pogepamdd | 4 abilistic implementation of a pushdown automaton

(or shift-reduce parser) with a finite stack, where
where fP" = 1 and¢? = ROOT. This model the maximum stack depth is equal to the number
is conditioned on final-state switching variables abf levels in the HHMM hierarchy.
and immediately below the current FSA level. If Figure 2 shows the transformed tree from Fig-
there is no final state immediately below the curyre 1 aligned to HHMM depth levels and time
rent level (the first case above), it deterministicallgteps. Because it uses a bounded stack, recognition
copies the current FSA state forward to the nexh this model is asymptotically linear (Murphy and
time step. If there is a final state immediately bepaskin, 2001).
low the current level (the second case above), it This model recognizes right-corner transformed
" 2Here[] is an indicator functionf¢] — 1 if ¢ is true,0  1€€S constrained to a stack depth corresponding to
otherwise. observed human short term memory limits. This
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HHMM depth limit sentences coverage promise as a psycholinguistic model.
no memory 127 0.32%

1 memory element 3,496 8.78%
2 memory elements 25,909 65.05%
3 memory elements 38,902 97.67%
4 memory elements 39,816 99.96%
5 memory elements 39,832 100.00%
TOTAL 39,832 100.00%

Although recognition in this system is linear, it
essentially works top-down, so it has larger run-
time constants than a bottom-up CKY-style parser.
The experimental system described above runs at
a rate of about 1 sentence per second on a 64-
bit 2.6GHz dual core desktop with a beam width
of 2000. In comparison, the Klein and Manning
(2003) CKY-style parser runs at about 5 sentences
Table 1. Percent coverage of right-corner transper second on the same machine. On sentences
formed treebank sections 2—-21 with punctuationJnger than 40 words, the HHMM and CKY-style
omitted, using HHMMs with depth limit®) from  parsers are roughly equivalent, parsing at the rate
zero to five. of .21 sentences per second, versus .24 for the
Klein and Manning CKY.

is an attractive model of human language process- But since it is linear, the HHMM parser can be
ing because the incomplete syntactic constituenggrectly integrated with end-of-sentence detection
it stores at each stack depth can be directly assogk.g. deciding whether ‘. is a sentence delimiter
ated with (incomplete) semantic referents, e.g. biyased on whether the words preceding it can be
adding random variables over environment or diseduced as a sentence), or with n-gram language
course referents at each depth and time step. ffodels (if words are observations, this is simply
these referents are calculated incrementally, recogin autoregressive HMM topology). The use of
nition decisions can be informed by the values o&n explicit constituent structure in a time series
these variables in an interactive model of languagenodel also allows integration with models of dy-
following Tanenhaus et al. (1995). The corpus renamic phenomena such as semantics and corefer-
sults described in the next section suggest thatehce which may depend on constituency. Finally,
large majority of naturally occurring sentences caas a linear model, it can be directly applied to
be recognized using only three or four stack memspeech recognition (essentially replacing the hid-
ory elements via this transform. den layer of a conventional word-based HMM lan-
guage model).

4 Empirical Results

In order to evaluate the coverage of this boundeds Conclusion
memory model, Sections 2-21 of the Penn Tree-

bank WSJ corpus were transformed and mappegis naner has described a basic incremental pars-
to HHMM variables as described in Section 3.3. ang model that achieves worst-case linear time

order to counter possible undesirable effects of abmplexity by enforcing fixed limits on a stack

arbitrary branching analysis of punctuation, puncg¢ eypjicit (albeit incomplete) constituents. Ini-

tuation was removed. Coverage results on this Cofy,| yesyits show a use of only three to four levels
pus are shown in Table 1. of stack memory within this framework provides

Experiments training on transformed trees fronp]ea”y complete coverage of the large Penn Tree-
Sections 2-21 of the WSJ Treebank, evaluatingank corpus.

reversed-transformed output sequences from Sec-

tion 22 (development set) and Section 23 (test set),

show an accuracy (F score) of 82.1% and 80.19%cknowledgments

respectively Although they are lower than those

for state-of-the-art parsers, these results suggelte authors would like to thank the anonymous
that the bounded-memory parser described herersviewers for their input. This research was
doing a reasonably good job of modeling syntacsupported by National Science Foundation CA-
tic dependencies, and therefore may have sonREER/PECASE award 0447685. The views ex-

— , , pressed are not necessarily endorsed by the spon-
Using unsmoothed relative frequency estimates from the
training set, a depth limit oD = 3, beam with of 2000, and Sors.

no lexicalization.
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