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Abstract

Language comprehension in humans is significantly comgtdaiby memory, yet
rapid, highly incremental, and capable of utilizing a widmge of contextual
information to resolve ambiguity and form expectationswtfature input. In
contrast, most of the leading psycholinguistic models aglddid algorithms for
natural language parsing are non-incremental, have rum simperlinear in input
length, and/or enforce structural locality constraintgosbabilistic dependencies
between events. We present a new limited-memory model téisea comprehen-
sion which involves an adaptation of the particle filter, gusntial Monte Carlo
method, to the problem of incremental parsing. We show thiat odel can
reproduce classic results in online sentence compreheraml that it naturally
provides the first rational account of an outstanding pmoltepsycholinguistics,
in which the preferred alternative in a syntactic ambigsiéems to grow more
attractive over time even in the absence of strong disanaliigyinformation.

1 Introduction

Nearly every sentence occurring in natural language cangppropriate contexts, be interpreted
in more than one way. The challenge of comprehending a semtisnidentifying the intended
intepretation from among these possibilities. More folgnalach interpretation of a senteneean

be associated with a structural descriptibnand to comprehend a sentence is to iffdrom w —
parsing the sentence to reveal its underlying structure. From aghitibtic perspective, this requires
computing the posterior distributioR(T'|w) or some property thereof, such as the descripfion
with highest posterior probability. This probabilisticrppective has proven extremely valuable in
developing both effective methods by which computers cartess natural language [1, 2] and
models of human language processing [3].

In real life, however, people receive nearly all linguistiputincrementally: sentences are spoken,
and written sentences are by and large read, from beginaiagd. There is considerable evidence
that people also comprehend incrementally, making usegiistic input moment by moment to re-
solve structural ambiguity and form expectations aboutriinputs [4, 5]. The incremental parsing
problem can, roughly, be stated as the problem of computiagosterior distributio®(T'|w; ;)

for a partial inputw; ;. To be somewhat more precise, incremental parsing invaleestructing a
distribution over partial structural descriptionswf ._; which implies the posteriaP(T'|w; . ;). A
variety of “rational” models of online sentence procesggr, 8, 9] take exactly this perspective,
using the properties aP(T'|w; . ;) or quantities derived from it to explain why people find some
sentences more difficult to comprehend than others.

Despite their success in capturing a variety of psychoistguphenomena, existing rational mod-
els of online sentence processing leave open a number dicugshoth theoretical and empirical.
On the theoretical side, these models assume that humarigleaé comprehenders” capable of
computingP(T'|w; .. ;) despite its significant computational cost. This kind ofiietion is com-

mon in rational models of cognition, but raises questionsualthow resource constraints might
affect language processing. For structured probabilfstimalisms in widespread use in compu-



tational linguistics, such as probabilistic context-fgrammars (PCFGs), incremental processing
algorithms exist that allow the exact computation of thetgdar (implicitly represented) in poly-
nomial time [10, 11, 12], from whict-best structures [13] or samples from the posterior [14] can
be efficiently obtained. However, these algorithms are psipgically implausible for two reasons:
(2) their run time (both worst-case and practical) is supedr in sentence length, whereas human
processing time is essentially linear in sentence lengith;(2) the probabilistic formalisms utilized
in these algorithms impose strict locality conditions o@ pinobabilistic dependence between events
at different levels of structure, whereas humans seem tbleg@make use of arbitrary features of
(extra-)linguistic context in forming incremental posterexpectations [4, 5].

Theoretical questions about the mechanisms underlyinmeslentence processing are comple-
mented by empirical data that are hard to explain purely aabilistic terms. For example, one of
the most compelling phenomena in psycholinguistics isdhgarden-path sentences, such as:

(1) The woman brought the sandwich from the kitchen tripped.

Comprehending such sentences presents a significantradpalland many readers fail completely
on their first attempt. However, the sophisticated dynamigmmming algorithms typically used
for incremental parsing implicitly represent all possibtentinuations of a sentence, and are thus
able to recover the correct interpretation in a single passother phenomenon that is hard to
explain simply in terms of the probabilities of interprévats of a sentence is the “digging in” effect,
in which the preferred alternative in a syntactic ambigsiégms to grow more attractive over time
even in the absence of strong disambiguating informatiéh [1

In this paper, we explore the hypothesis that these phenacanbe explained as the consequence
of constraints on the resources available for incremeraedipg. Previous work has addressed the
issues of feature locality and resource constraints by ta@pp pruning approach, in which hard
locality constraints on probabilistic dependence are dbaed and only high-probability candidate
structures are maintained after each step of incrementsingg[6, 16, 17, 18]. These approaches
can be thought of as focusing on holding on to the highestepiostprobability parse as often as
possible. Here, we look to the machine learning literatoexplore an alternative approach focused
on approximating the posterior distributid®(7|w; .. ;). We use particle filters [19], a sequential
Monte Carlo method commonly used for approximate proksthilinference in an online setting, to
explore how the computational resources available inflaehe comprehension of sentences. This
approach builds on the strengths of rational models of erdientence processing, allowing us to
examine how performance degrades as the resources of Hie@mBprehender decrease.

The plan of the paper is as follows. Section 2 introduces éyedeas behind particle filters, while
Section 3 outlines how these ideas can be applied in thexdasfténcremental parsing. Section 4
illustrates the approach for the kind of garden-path sestgiven above, and Section 5 presents an
experiment with human participants testing the predidtitiat the resulting model makes about the
digging-in effect. Section 6 concludes the paper.

2 Patrticle filters

Particle filters are a sequential Monte Carlo method typicased for probabilistic inference in
contexts where the amount of data available increasesiowef19]. The canonical setting in which
a particle filter would be used involves a sequence of latenialles:,, . .., z, and a sequence of
observed variables,, ..., z,, with the goal of estimatind®(z,,|x;..»,). The particle filter solves
this problem recursively, relying on the fact that the chraie gives

P(zn|xln) X P((Enlzn)Zzn,IP(ZnanZ)P(anZ‘(El...nfl) (1)

where we assume,, andz,, are independent of all other variables givgnandz,,_ ; respectively.

Assume we knowP(z,_;|z; .—;). Then we can use this distribution to construct an impor-
tance sampler foP(z,|x;.. ). We generate several values of_; from P(z,—q|x;. n—1)-
Then, we drawz,, from P(z,|z,—;) for each instance of,_;, to give us a set of values
from P(z,|z;..n—1). Finally, we assign each value of, a weight proportional taP(z,|z,),

to give us an approximation t®(z,|z; ). The particle filter is simply the recursive version
of this algorithm, in which a similar approximation was udedconstruct toP(z,,—|z7.. .n—1)
from P(z,—2|z;.. n—2) and so forth. The algorithm thus approximate&,,—;|x;. . ,—s) with

a weighted set of “particles” — discrete valuesz9f— which are updated using(z,|z,—;) and



P(z,]|z,) to provide an approximation t&(z,,|x; .. ). The particle filter thus has run-time linear
in the number of observations, and provides a way to explaérifluence of memory capacity (re-
flected in the number of particles) on probabilistic inferericf. [20, 21]). In this paper, we focus
on the conditions under which the patrticle filter fails as arse of information about the challenges
of limited memory capacity for online sentence processing.

3 Incremental parsing with particle filters

In this section we develop an algorithm for top-down, inceaal particle-filter parsing. We first
lay out the algorithm, then consider options for repred@ra and grammars.

3.1 The basic algorithm

We assume that the structural descriptions of a senteno®arext-free trees, as might be produced
by a PCFG. Without loss of generality, we also assume thdepnénal expansions are always
unary rewrites. A tree is generated incrementally in a secgi®fderivation operations 7; .,
such that no word can be generated unless all the words pngcédh the sentence have already
been generated. The words of the sentence can thus be qexsidservations, and the hidden state
is a partial derivatior{ D, S), whereD is an incremental tree structure afids a stack of items of
the form (N, Op), whereN is a target node i andOp is a derivation operation type. Later in this
section, we outline three possible derivatmders.

The problem of inferring a distribution over partial detieas from observed words can be approx-
imated using particle filters as outlined in Section 2. Asswamodel that specifies a probability
distributionP(x|(D, S),w;.. ;) over the next derivation operatiangiven the current partial deriva-

tion and words already seen. BY,S) "=’ (D', S’) we denote that the sequence of derivation
operationsr; . ; takes the partial derivatiofD, S) to a new partial derivatioqD’, S). Now con-
sider a partial derivatioQD;|, S;|) in which the most recent derivation operation has genethted

i word in the input. Through thé- relation, our model implies a probability distribution ovesw
partial derivations in which the next operation would bedleeeration of theé + 1" word; call this
distribution P((D/;+ 1, S)i+1)[(D;},S5))). In the nomenclature of particle filters introduced above,
partial derivationg D);, S|;) thus correspond to latent variables wordsw; to observations:;,
and our importance sampler involves drawing frét(D;, S|;)|(D;— 1|, Si—1|)) and reweighting
by P(w;|(Dy;,S};)). This differs from the standard particle filter only in thatis not necessarily
independentof;. ;, ; givenz; ;.

3.2 Representations and grammars

We now describe three possible derivation orders that carsde with our approach. For each order,
a derivation operatiomg, of a given typelp specifies a sequence of symbdls ... Y, (possibly

the empty sequenceg, and can be applied to a partial derivatid®, [(V, 0p)]$.S) ks (D', A®S),
with @ being list concatenation. That is, a derivation operatimolives popping the top item off the
stack, choosing a derivation operation of the appropnade,tapplying it to add some symbolsfb
yielding D’, and pushing a list of new item$ back on the stack. Derivation operations differ in the
relationship betwee® andD’, and derivation orders differ in the contentsAf

Order 1: Expansion (Exp) only. D’ consists of D with node N expanded to have daughters
Y;...Yy;andA = [(Y,Exp),..., (Y, Exp)].

Order 2: Expansion and Right-Sister §i s). The sequence of symbols specified by apy is of
maximum length 1. Expansion operations affécts above. For a right-sister operation
msis, D’ consists ofD with Y; added as the right sister éf (if ws;s Specifiese, then
D=D"). A=[(Y;,Exp),(Y,Sis),..., (Y, Exp), (Y, Sis)].

Order 3: Expansion, Right-Sister, and Adjunction (Adj ). The sequence of symbols specified
by any mq, is of maximum length 1. Expansion operations afféztas above. Ex-
pansion and right-sister operations are as above. For &giger operationryg;, D’
consists ofD with Y ; spliced in at the nodéV — that is,Y ; replacesN in the tree,
and N becomes the lone daughter Bf; (if m.q; specifiese, thenD = D’). A =
[<Y1 5 EXP>a <Y1 ’ SiS>, <Y1 s Adj>7 SER) <Yk7 EXP>, <Y/€7 SiS>, <Yka AdJ>]
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Figure 1: Three possible derivation orders for the sentéRaewalked yesterday and Sally slept”.
In each case, the partial derivatioR|;, S|;) is shown fori = 2 — up to just before the generation of
the word “walked”. The symbols ADVP, CC, and B (a) will be generated later in the derivations
of (b) and (c) as right-sister operations; the symbpM&l be generated in (c) as an adjunction
operation. During the incremental parsing of “walked” gapartial derivations would be reweighted

In all cases, the initial state of a derivation is a root symbargeted for expansion:
(ROOT, [(ROQT, Exp)]), and a derivation is complete when the stack is empty. Figultastrates
the partial derivation state for each order just after theegation of a word in mid-sentence.

For each derivation operation type, it is necessary to define an underlying grammar and estimate
the parameters of a distributidty, (|(D, S)) over next derivation operations given the current state
of the derivation. For a sentence whose tree structure iwhnthe sequence of derivation operations
for derivation orders 1 and 2 is unambiguous and thus sugeivraining can be used for such a
model. For derivation order 3, a known tree structure stilerspecifies the order of derivation
operations, so the underlying sequence of derivation ¢tipesacould either be canonicalized or
treated as a latent variable in training. Finally, we notg thknown PCFG could be encoded in a
model using any of these derivation orders; for PCFGs, thggbaerivation representations used
in order 3 may be thought of as marginalizing over the unagirghon the right frontier of the
representations in order 2, which in turn may be thought ehasgyinalizing over the extra childless
nonterminals in the incremental representations of ordetnlthe context of the particle filter,
the representations with more operation types could thusxpected to function as having larger
effective sample sizes for a fixed number of particles [28}.tRe experiments reported in this paper,
we use derivation order 2 with a PCFG trained using unsmdatblative-frequency estimation on
the parsed Brown corpus.

This approach has several attractive features for the rimapled online human sentence comprehen-
sion. The number of particles can be considered a rough&tstiofithe quantity of working memory
resources devoted to the sentence comprehension task;widl gleow in Section 5, sentences dif-
ficult to parse can become easier when more particles are édedt each word, the incremental
posterior over partial structurds can be read off the particle structures and weights. Fintily
approximatesurprisal of each word — a quantity argued to be correlated with mangsyb process-
ing difficulty in sentence comprehension [8, 9, 23] — is eiaiy a by-product of the incremental
parsing process: it is the negative log of the mean (unnazed weightP (w;|(D;, S|:))-

4 The garden-path sentence

To provide some intuitions about our approach, we illustitst ability to model online disambigua-
tion in sentence comprehension using the garden-pathrexengéven in Example 1. In this sentence,
a local structural ambiguity is introduced at the wéwrdught due to the fact that this word could
be either (i) a past-tense verb, in which case it is the maih wéthe sentence anthe woman is

its complete subject; or (ii) a participial verb, in whichsesit introduces a reduced relative clause,
The woman is its recipient, and the subject of the main clause has nobgen completed. This
ambiguity is resolved in favor of (ii) by the wortdipped, the main verb of the sentence. It is well
documented (e.g., [24]) that locally ambiguous sentengek as Example 1 are read more slowly
at the disambiguating region when compared with unambigweounterparts (c.iThe woman who
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Figure 2: Incremental parsing of a garden-path senteneesTindicate the canonical structures for
main-verb (above) and reduced-relative (below) integirets. Numbers above the trees indicate
the posterior probabilites of main-verb and reduced-redanterpretations, marginalizing over pre-
cise details of parse structure, as estimated by a pargeg LU8D0 particles. Since the grammar is
quite noisy, the main-verb interpretation still has somsteaor probability after disambiguation at
tripped. Numbers in the second-to-last line indicate the proportibparticle filters with 20 parti-
cles that produce a viable parse tree including the givedw®he final line indicates the variance
(x10~7) of particle weights after parsing each word.

was brought the sandwich fromthe kitchen tripped), and in cases where the local bias strongly favors
(i), many readers may fail to recover the correct readinugeither.

Figure 2 illustrates the behavior of the particle filter oe tparden-path sentence in Example 1.
The wordbrought shifts the posterior strongly toward the main-verb intetption. The rest of
the reduced relative clause has little effect on the pastebut the disambiguatdripped shifts
the posterior in favor of the correct reduced-relative riotetation. In low-memory situations, as
represented by a particle filter with a small number of pkaside.g., 20), the parser is usually
able to construct an interpretation for the sentence uputiradhe wordkitchen, but fails at the
disambiguator, and when it succeeds the variance in paxtielghts is high.

5 Exploring the “digging in” phenomenon

An important feature distinguishing “rational” models aflime sentence comprehension [6, 7, 8, 9]
from what are sometimes called “dynamical systems” modeis 15] is that the latter have an
internal feedback mechanism: in the absence of any biasingt,i the activation of the leading
candidate interpretation tends to grow with the passageraf.tA body of evidence exists in the
psycholinguistic literature that seems to support an ivgefeedback mechanism: increasing the
duration of a local syntactic ambiguity increases the difficof recovery at disambiguation to the
disfavored interpretation. It has been found, for exantplgt, 2a and 3a, in which the second Nifie(
gossip.../the deer...) initially seems to be the object of the preceding verb, amelér to recover
from than 2b and 3b [26, 27, 15].

(2) “NP/S” ambiguous sentences
a. Long (A-L): Tom heard the gossip about the neighbors wasn't true

b. Short (A-S): Tom heard the gossip wasn't true.

(3) “NP/Z” ambiguous sentences
a. Long (A-L): While the man hunted the deer that was brown and grhigi into the woods.
b. Short (A-S): While the man hunted the deer ran into the woods.



From the perspective of exact rational inference — or evemdional pruning models such as [6]
— this “digging in” effect is puzzlind. The result finds an intuitive explanation, however, in our
limited-memory particle-filter model. The probability o&yse failure at the disambiguating word
w; is a function of (among other things) the immediately préog@stimated posterior probability
of the disfavored interpretation. If this posterior profigbis low, then the resampling of particles
performed after processing each word provides anothett pbiwhich particles representing the
disfavored interpretation could be deleted. Consequetttgl parse failure at the disambiguator
will become more likely the greater the length of the presgdimbiguous region.

We quantify these predictions by assuming that the moraaiteparticle is able to integrate a given
word w; in context — that isP(w;|(D|;, S|;)) — the more difficult, on average, people should find
w; to read. In the sentences of Examples 2-3, by far the mody Ip@sition for the incremental
parser to fail is at the disambiguating verb. We can also @mprocessing of these sentences with
syntactically similar but unambiguous controls.

(4) “NP/S”unambiguous controls
a. Long (U-L): Tom heard that the gossip about the neighbors wase’t
b. Short (U-S): Tom heard that the gossip wasn'’t true.

(5) “NP/Z’unambiguous controls
a. Long (U-L): While the man hunted, the deer that was brown and fyrlereg into the woods.
b. Short (U-S): While the man hunted, the deer ran into the woods.

Figure 3a shows, for each sentence of each type, the propatiruns in which the parser suc-
cessfully integrated (assigned non-zero probability te)disambiguating vertw@as in Example 2a
andran in Example 3a), among those runs in which the sentence wasssfally parsed up to the
preceding word. Consistent with our intuitive explanatiboth the presence of local ambiguity and
length of the preceding region make parse failure at thenthéguator more likely.

In the remainder of this section we test this explanatioi ait offline sentence acceptability study
of digging-in effects. The experiment provides a way to malare detailed comparisons between
the model’s predictions and sentence acceptability. Gterdi with the predictions of the model,

ratings show differences in the magnitude of digging-ireef§ associated with different types of
structural ambiguities. As the working-memory resources Gumber of particles) devoted to com-

prehension of the sentence increase, the probability aessful comprehension goes up, but local
ambiguity and length of the second NP remain associatedgséater comprehension difficulty.

5.1 Method

Thirty-two native English speakers from the university jsgbpool completed a questionnaire cor-
responding to the complexity-rating task. Forty experitabitems were tested with four condi-
tions per item, counterbalanced across questionnaires,3d fillers, with sentence order pseudo-
randomized. Twenty experimental items were NP/S sentearadsventy were NP/Z sentences. We
used & x 2 design with ambiguity and length of the ambiguous noun gheassfactors. In NP/S
sentences, structural ambiguity was manipulated by theepe/absence of the complementizer
that, while in NP/Z sentences, structural ambiguity was mamifad by the absence/presence of a
comma after the first verb. Participants were asked to ratedifficult to understand sentences are
on a scale from 0 to 10, O indicating “Very easy” and 10 “Verfficlilt”.

5.2 Results and Discussion

Figure 3b shows the mean complexity rating for each type ofesees. For both NP/S and NP/Z
sentences, the ambiguous long-subject (A-L) was rated dhdekt to understand, and the unam-
biguous short-subject (U-S) condition was rated the efdhesse results are consistent with model
predictions. Within sentence type, the ratings were stbjeto an analysis of variance (ANOVA)
with two factors: ambiguity and length. In the case of NP/Btseces there was a main effect of
ambiguity, F1(1,31) = 12.8, p < .001, F'2(1,19) = 47.8, p < .0001 and length/F'1(1, 31) = 4.9,

For these examples, noun phrase length is a weakly misleading cue tsdbjet to be longer than sub-
jects — and that these “digging in” examples might also be analyzable @s aBexact rational inference [9].
However, the effects of length in some of the relevant experimentsugtiee gfrong. The explanation we offer
here would magnify the effects of weakly misleading cues, and alsocxbewhere cues are neutral or even
favor the ultimately correct interpretation.
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Figure 3: Frequency of irrevocable garden path in parfitier parser as a function of number of
particles, and mean empirical difficulty rating, for NP/id#P/Z sentences.

p = .039, F2(1,19) = 32.9, p < .0001, and the interaction between factors was significant,
F1(1,31) = 8.28, p = .007, F2(1,19) = 5.56, p = .029. In the case of NP/Z sentences there
was a main effect of ambiguity;'1(1,31) = 63.6, p < .0001, F2(1,19) = 150.9, p < .0001 and
length, F'1(1,31) = 127.2, p < .0001, F'2(1,19) = 124.7, p < .0001 and the interaction between
factors was significant by subjects onf](1,31) = 4.6, p = .04, F2(1,19) = 1.6, p = .2. The
experiment thus bore out most of the model’s predictionth wmbiguity and length combining to
make sentence processing more difficult. One reason thahodel may underestimate the effect
of subject length on ease of understanding, at least in tH& bd&e, is the tendency of subject NPs
to be short in English, which was not captured in the grammad iy the model.

6 Conclusion and Future Work

In this paper we have presented a new incremental parsimgithign based on the particle filter
and shown that it provides a useful foundation for modelimg ¢ffect of memory limitations in
human sentence comprehension, including a novel solutidhet problem posed by “digging-in”
effects [15] for rational models. In closing, we point oubtigsues — both involving the problem
of resampling prominent in particle filter research — in whvee believe future research may help
deepen our understanding of language processing.

The first issue involves the questionwdfien to resample. In this paper, we have take the approach of
generating values af,, _ ; from which to drawP(z,,|z,,— 1,2 ...n—1) by Sampling with replacement
(i.e., resampling) after every word from the multinomiako¥’(z,,_; |x;.. ,—1) represented by the
weighted particles. This approach has the problem thaicpadiversity can be lost rapidly, as it
decreases monotonically with the number of observationsti#er option is to resample only when
the variance in particle weights exceeds a predefined thictstampling without replacement when
this variance is low [22]. As Figure 2 shows, a word that ressla garden-path generally creates
high weight variance. Our preliminary investigations tate that associating variance-sensitive
resampling with processing difficulty leads to qualitalvsimilar predictions to the total parse
failure approach taken in Section 5, but further investigais required.

The other issue involvelsow to resample. Since particle diversity can never increase, when parts
of the space of possiblE are missed by chance early on, they can never be recovereaicdsse-
guence, applications of the particle filter in machine legagrand statistics tend to supplement the
basic algorithm with additional steps such as running Marteain Monte Carlo on the particles
in order to re-introduce diversity (e.g., [28]). Furthernwavould be required, however, to spec-
ify an MCMC algorithm over trees given an input prefix. Bothtbése issues may help achieve
a deeper understanding of the details of reanalysis in ggudéh recovery [29]. For example, the
initial reaction of many readers to the sentefibe horse raced past the barn fell is to wonder what

a “barn fell” is. With variance-sensitive resampling, thlsservation could be handled by smoothing
the probabilistic grammar; with diversity-introducing BT, it might be handled by tree-changing
operations chosen during reanalysis.
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