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fully parallel parser: words consistent with the initially dispreferred but ultimately correct parse are simply less predictable than those consistent with the incorrect parse. The
surprisal account is more parsimonious since predictability
has pervasive eﬀects in reading far beyond garden path sentences. Crucially, this account predicts a linear eﬀect of surprisal: the diﬃculty experienced by readers should be proportional to the diﬀerence in word surprisal between the ul-
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timately correct and ultimately incorrect interpretations. To
test this prediction, we estimated word-by-word surprisal
using recurrent neural network language models, comparing those estimates to self-paced reading times for three
garden path constructions. While surprisal successfully predicted the existence of garden path responses, it severely
underpredicted the magnitude of all of the garden path effects. Further, the relative size of the predicted eﬀects was
inconsistent with the relative size of the responses in humans, indicating that a diﬀerently scaled linking function
would not be able to predict the response magnitudes either. These results support two-stage processing models
in which recovery mechanisms beyond predictability are involved in processing garden path sentences.
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INTRODUCTION

Language is rife with ambiguity. In many cases, when the beginning of a sentence is compatible with multiple syntactic
parses, readers consistently prefer one of those parses to the alternatives. Consider the following sentence:

(1) Even though the girl phoned the instructor was very upset with her for missing a lesson.

Readers tend to initially prefer the interpretation of (1) in which the girl phoned the instructor; in other words, they
parse the instructor as the direct object of phoned. But when they reach the subsequent verb was, it becomes clear
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that this initially preferred interpretation leaves no viable subject for this verb. This leads to elevated reading times at
the disambiguating region was very upset, compared to the same words when encountered in the following, minimally
diﬀerent, unambiguous sentence:

(2) Even though the girl phoned, the instructor was very upset with her for missing a lesson.

In example (2), the comma forces an intransitive interpretation of phoned: readers are very unlikely to consider the
interpretation in which the girl phoned the instructor. Following earlier work, we will refer to the words was very upset
as “the critical region,” and to the diﬀerence in reading times on this region between (1) and (2) as a garden path eﬀect
(Bever, 1970).
Garden path eﬀects have motivated cognitive theories in which, at each point of in the sentence, readers only
consider one of the possible partial parses of the sentence (Frazier and Fodor, 1978; Pritchett, 1988), or only consider
a subset of those parses (Gibson, 1991; Jurafsky, 1996). In those theories, processing diﬃculty is a consequence
of the reanalysis required to reconstruct the parse that was discarded, or not considered in the ﬁrst place, but later
turned out to be the correct one (Pritchett, 1988; Gorrell, 1995; Sturt and Crocker, 1996; Sturt, 1997; Bader, 1998).
We refer to these theories as two-stage accounts.
More recently, accounts such as surprisal theory (Hale, 2001; Levy, 2008) and the entropy reduction hypothesis
(Hale, 2003) have attempted to derive garden-path eﬀects from a single uniﬁed mechanism, typically based on a
fully parallel probabilistic parser. Under such one-stage accounts, readers do not discard dispreferred parses; rather,
they maintain those parses, but associate them with a lower probability compared to that of the preferred parse.
Processing diﬃculty on every word in the sentence, including the disambiguating words in garden path sentences,
arises from the extent to which the word shifts the reader’s subjective probability distribution over possible parses:
“the same sorts of phenomena treated in reanalysis and bounded parallelism parsing theories fall out as cases of
the present, total parallelism theory” (Hale 2001, p. 6, referring to surprisal theory). If such a one-stage theory is
consistent with the empirical data, it is arguably preferable to two-stage models on parsimony grounds: a theory
based on a single mechanism is simpler than a theory based on two mechanisms. In the case of surprisal, for example,
if word predictability—an independently motivated predictor of reading times—can account for reading behavior in
garden path sentences, there is no reason to posit an additional reanalysis mechanism that comes into play only at
the point where temporarily ambiguous sentences are disambiguated.
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The goal of the present article is to investigate the viability of one-stage accounts of garden path eﬀects. We
focus in particular on surprisal, which has had greater success accounting for disambiguation diﬃculty than entropy
reduction (Linzen and Jaeger, 2016). Under the surprisal account, syntactic disambiguation diﬃculty arises as a special
case of the pervasive eﬀects of word predictability in language comprehension (Ehrlich and Rayner, 1981; Demberg
and Keller, 2008; Roark et al., 2009; van Schijndel et al., 2014). Applied to the comparison between the ambiguous
sentence (1) and its unambiguous counterpart (2), for example, surprisal theory posits that the word was is read
more slowly in (1) simply because it is less predictable in that context, as it is only consistent with a low-probability
parse (Hale, 2001; Levy, 2013). Previous work has demonstrated that the words of the critical region are indeed less
predictable in temporarily ambiguous sentences than in unambiguous controls. For example, Levy (2013) showed
this to be true for the so-called NP/Z ambiguity illustrated in example (1) above, and concluded that “surprisal theory
correctly predicts the diﬀerence in processing diﬃculty due to... garden pathing” (Levy, 2013, p. 94).
We argue that the conclusion that garden path eﬀects can be reduced to predictability is premature, for two
reasons. First, if surprisal is the only factor that explains disambiguation diﬃculty in garden path sentences, word
predictability would need to account for the diﬀerences in diﬃculty across diﬀerent types of temporarily ambiguous
sentences. For example, just like in (1) above, in the following sentence a noun phrase (here the contract) is initially
more likely to be interpreted as a direct object, but after the disambiguating word (would) this noun phrase needs to
be reanalyzed as the subject of a subordinate clause:

(3) The employees understood the contract would be changed very soon to accommodate all parties.

Despite the superﬁcial similarity of sentences such as (3), referred to as NP/S sentences, to NP/Z sentences such as
(1), disambiguation causes signiﬁcantly less processing diﬃculty in NP/S than NP/Z sentences (Pritchett, 1988; Sturt
et al., 1999). Two-stage models have attributed this diﬀerence to properties of the second-stage reanalysis mechanism:
certain syntactic restructuring operations are argued to be more costly than others (Pritchett, 1988; Bader, 1998). This
option is not available to one-stage accounts: the surprisal hypothesis can only derive the greater disambiguation
diﬃculty observed in NP/Z sentences if the diﬀerence in the predictability of was between the ambiguous NP/Z
sentence and its unambiguous control is greater than the analogous diﬀerence in NP/S sentences.
A second challenge that faces one-stage models is the need to account for the full magnitude of the garden path
eﬀect observed in each type of ambiguity. The surprisal hypothesis predicts that the same (logarithmic) relationship
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should hold between predictability and reading time, regardless of whether the sentence is ambiguous or unambiguous: all else being equal, halving the conditional probability of a word in context (from p to p/2) should cause reading
times to increase by a constant increment, regardless of the word’s syntactic role and its conditional probability p.
Smith and Levy (2013) report that dividing predictability by two—an additional “bit” of surprisal—leads to a slowdown
of approximately 4 ms in self-paced reading experiments. By contrast, the garden path eﬀects reported in the literature are often on the order of magnitude of dozens of milliseconds; for example, Grodner et al. (2003) report a 70 ms
garden path eﬀect for NP/Z sentences. For surprisal to explain such a diﬀerence, the surprisal of was in (1) needs to
be about 70 ms / 4 = 17.5 bits higher than the surprisal of the same word in (2). Given the logarithmic relationship
between surprisal and conditional probability, this means that the probability of was needs to be 217.5 ≈ 185, 000 times
higher in the ambiguous sentence than in the unambiguous one. It is an open question whether the diﬀerence in the
predictability of the critical region between ambiguous and unambiguous sentences is in fact quite this large.
To use the typology of cognitive model predictions proposed by Padó et al. (2009), we can say that these challenges to surprisal theory arise from the fact that it not only makes qualitative predictions—about the existence of
a processing diﬃculty—but that it also makes relative predictions about the degree of processing diﬃculty in diﬀerent contexts, and absolute-quantitative predictions about the precise magnitude of that processing diﬃculty. This is
clearly a virtue of surprisal theory compared to many verbal models, which are much harder to falsify. In this work,
we investigate surprisal’s ability to predict, in each of these three senses, the garden path eﬀects that are observed in
self-paced reading studies.

1.1

| Estimating predictability using computational language models

How can we obtain quantitative estimates of the predictability of a word? Traditionally, predictability estimates were
obtained by asking participants to perform a cloze task (Taylor, 1953). To estimate the predictability of was in (1),
for example, participants would be asked to complete the fragment Even though the girl phoned the instructor. The
probability of was in context would then be estimated as equal to the proportion of participants who completed the
fragment with was compared to those who used a diﬀerent completion. While this method is eﬀective for distinguishing highly predictable words (e.g., P(w|context = 0.8)) from moderately predictable words (e.g., P(w|context = 0.1)), it is
not eﬀective for making distinctions among lower probability words, such as the disambiguating words in diﬀerent
types of garden path sentences: even if we assume, contra certain serial parsing theories (Frazier, 1979), that partici-
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pants in the cloze experiment occasionally consider the dispreferred parse, millions of participants may be required to
accurately estimate the very low probabilities that most likely characterize the disambiguating words in garden path
sentences.
An alternative approach to estimating the predictability of words relies on probabilistic language models, computational models that use a large training corpus to deﬁne probability distributions over sequences of words (Goodman,
2001). Such models are better positioned than cloze tasks to estimate continuation probabilities on the order of
magnitude of 2−18 (as may be needed to derive 70 ms eﬀect size).
Probabilistic language models can be based on a range of diﬀerent computational architectures. Many of the
words in typical sentences can be predicted well from local context using n-gram models, which are based on counting
short word sequences in a corpus (Goodman, 2001; Smith and Levy, 2013). By contrast, estimating predictability in
syntactically complex sentences requires models that are sensitive to syntactic structure. Most work on syntactically
complex sentences in computational psycholinguistics has relied on language models based on probabilistic grammars
(Stolcke, 1995; Hale, 2001). Recently, recurrent neural network language models (RNNs; Elman, 1991; Mikolov et al.,
2010) have been shown to make remarkably accurate word predictions compared to earlier classes of language models
(Jozefowicz et al., 2016). While such models are not designed or trained with explicit syntactic annotations, recent
empirical studies have shown that these models are sensitive to a number of structural properties of the sentence
(Linzen et al., 2016; Gulordava et al., 2018; Wilcox et al., 2018; Futrell et al., 2019). Such highly accurate language
models open up the possibility of deriving more precise predictability estimates for garden path sentences than was
possible with earlier grammar-based language models.

1.2

| Overview of experiments

To test the surprisal account of garden path eﬀects, we use surprisal estimates derived from RNN language models
(described in Section 2.3) to model the results of publicly available self-paced reading data (Section 2.2). The data
includes reading times for NP/Z sentences, NP/S sentences, and sentences with ambiguous reduced relative clauses,
modeled after the classic ambiguity the horse raced past the barn fell (MV/RR sentences, Bever 1970); these constructions are described in more detail in Section 2.1. To estimate the overall correlation between language model surprisal
and reading times, we use reading times on ﬁller sentences that do not contain garden path ambiguities; we then apply
the same correlation coeﬃcient to garden path sentences. In calculating the slowdown that can be attributed to a

van Schijndel & Linzen

7

particular unpredictable word, we pay careful attention to potential spillover eﬀects, where the processing diﬃculty
on an earlier word aﬀects reading times on a later word (Section 2.4).
To anticipate our results, RNN surprisal correctly predicted a slowdown in the disambiguating region of ambiguous
sentences, compared to unambiguous controls, in all three constructions; in other words, when averaged over the
disambiguating region, the qualitative predictions of the surprisal account of garden path eﬀects were borne out. But
the relative and absolute-quantitative predictions were not. Surprisal underestimated the magnitude of the slowdown
in all three constructions, with signiﬁcant variability across constructions: the discrepancy was small in NP/S, moderate
in MV/RR, and very large in NP/Z. RNN surprisal predicted numerically larger disambiguation diﬃculty in NP/S than
NP/Z sentences, the opposite pattern from humans. Finally, even at the qualitative level of explanation, surprisal
did not predict the detailed word-by-word contour of the garden path eﬀect over the disambiguating region. With
important limitations that we discuss below, these results challenge the hypothesis that processing diﬃculty in garden
path sentences can be reduced to predictability, and suggest that the disambiguation of garden path sentences may
engage additional reanalysis mechanisms.

2

2.1

|

METHODS

| Materials

We study three classic types of temporary syntactic ambiguities (Frazier, 1979). The ﬁrst type is the NP/S ambiguity,
illustrated in (4a):

(4) a. The employees understood the contract would be changed very soon to accommodate all parties.
b. The employees understood that the contract would be changed very soon to accommodate all parties.

The label NP/S reﬂects that fact that the ambiguous material the contract can initially serve either as a noun phrase
(NP) complement of understood or as the subject of a sentential (S) complement. An unambiguous version of this
sentence can be created by adding the overt complementizer that, as in (4b). Empirically, the underlined critical region
would be changed is read faster in (4b) than in (4a).
The second ambiguity we investigate is the NP/Z ambiguity discussed in the introduction, and repeated here as
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(5a):

(5) a. Even though the girl phoned the instructor was very upset with her for missing a lesson.
b. Even though the girl phoned, the instructor was very upset with her for missing a lesson.

Sentences such as (5a) are referred to as NP/Z sentences because the ambiguous material phoned can be parsed either
as a transitive verb, with the noun phrase (NP) complement the instructor, or as an intransitive verb with a “zero” (Z)
complement. An unambiguous version of this sentence can be created by inserting a comma after the initial verb
(5b); was very upset is read faster in (5b) than in the ambiguous (5a). This ambiguity is often perceived to be harder to
resolve than NP/S.
The ﬁnal type of ambiguity we study is the MV/RR ambiguity (Bever, 1970; MacDonald et al., 1992), illustrated
in (6a):

(6) a. The experienced soldiers warned about the dangers conducted the midnight raid.
b. The experienced soldiers who were warned about the dangers conducted the midnight raid.

This ambiguity is referred to as the MV/RR ambiguity because the verb warned can be initially parsed either as the
main verb (MV) of the sentence (where the soldiers were the ones warning about the dangers) or as the verb of a
reduced relative (RR) clause (where the soldiers were warned about the dangers by someone else). The MV reading
is much more frequent (Fine et al., 2013), and is typically the one that is initially preferred.
The disambiguating region in the temporarily ambiguous version of each pair of sentences, underlined in the
examples above, is read more slowly on average than the same region in the unambiguous version. While the ﬁrst
word of the disambiguating region generally disambiguates the sentence, slowdown can be observed throughout the
region because of spillover (see Section 2.4). In the matched unambiguous version of each construction, these words
are, of course, not disambiguating; to refer to these words in both contexts we will also use the term “critical region”.

2.2

| Self-paced reading time measurements

We focus our modeling eﬀorts on reading times measured using the moving-window self-paced paradigm (Just et al.,
1982). In this experimental paradigm, the words of each sentence are initially replaced with dashes; participants press
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a key to reveal the next word, at which point the previous word is replaced with dashes again. Processing diﬃculty on
a word causes participants to take longer to advance to the next word; this slowdown often carries over to subsequent
words (“spillover”; see below).

We use the publicly available self-paced reading times released by Prasad and Linzen (2019a) and Prasad and
Linzen (2019b). Prasad and Linzen (2019b) had a large number of online participants recruited on Amazon Mechanical
Turk (224 after standard subject exclusions) read sentences with NP/S and NP/Z ambiguities, taken from the materials
of Grodner et al. (2003), where the ambiguous NP was always a plausible object of the verb (cf. Garnsey et al. 1997).
They found that the average garden path eﬀect in NP/S sentences was 15 ms, and the corresponding eﬀect for NP/Z
sentences was 28 ms. Prasad and Linzen (2019a) collected self-paced reading times for MV/RR constructions from
73 subjects on the Proliﬁc Academic crowdsourcing platform; the mean garden path eﬀect for this construction was
22 ms. In both studies, participants also read ﬁller sentences, with a variety of unambiguous syntactic structures,
which we use below to estimate the conversion factor between surprisal and reading time.

The eﬀect sizes reported by Prasad and Linzen are smaller than those reported in earlier work; for comparison,
Grodner et al. (2003) reported a garden path eﬀect of 70 ms for the NP/Z ambiguity while Prasad and Linzen report an
eﬀect of around 30 ms. These diﬀerences may reﬂect diﬀerences between Prasad and Linzen’s online participants and
the in-lab participants from previous work; online experiments have obtained qualitatively similar results to earlier inlab studies, though occasionally with faster reaction times overall (among many others, Crump et al. 2013; Enochson
and Culbertson 2015; Fine and Jaeger 2016; Linzen and Jaeger 2016). The lower eﬀect size of the replication study
could also be an instance of the general ﬁnding that eﬀect sizes reported in small-sample published studies may be exaggerated when publication is contingent on a statistically signiﬁcant result, as is often the case (Vasishth et al., 2018).
If Prasad and Linzen’s estimates are unusually low compared to the true eﬀect size, our results may overestimate
surprisal’s ability to account for the full magnitude of the garden path eﬀect; we will return to this point below.

2.3

| Language models

A language model deﬁnes a probability distribution over sequences of words. To test the predictions of surprisal
theory, we extract recurrent neural network language model surprisal—negative log probability conditioned on the
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preceding words—for each word in Prasad and Linzen’s materials.1 We adopt the architecture of the neural language
model used by Gulordava et al. (2018). This architecture consists of two layers of long short-term memory (LSTM)
recurrent units (Hochreiter and Schmidhuber, 1997). For further information about RNN language models, we refer
the reader to Goldberg (2017).
Our main analyses are based on the model released by Gulordava et al. (2018); this model was trained on an
80-million word subset of English Wikipedia. We refer to this model as Wiki RNN. This particular trained model has
been extensively studied in the literature, and has been shown to be sensitive to subject-verb agreement across intervening nouns (Gulordava et al., 2018), ﬁller-gap dependencies (Wilcox et al., 2018), and constructions with temporary
syntactic ambiguities (van Schijndel and Linzen, 2018; Futrell et al., 2019), among other syntactic structures.
Since Wikipedia sentences may be longer and more complex than those experienced by the average participant
in the reading studies we model, an RNN language model trained on Wikipedia may assign an unrealistically large
amount of probability mass to complex constructions such as the ones we investigate. This could lead to an outcome
where surprisal derived from such model predicts smaller garden path eﬀects than a model trained on simpler language
data. To address this concern, we trained another RNN language model on a soap opera dialog corpus (Davies, 2011),
using similar training parameters to the Wikipedia RNN above;2 we refer to this model as Soap RNN. The average
sentence length in the soap opera training corpus is 9 words, much shorter than the average sentence length of the
Wikipedia training corpus (27 words), and the sentences tend to be have much simpler constructions than are typical
in Wikipedia.

2.4

| Spillover

In self-paced reading, the surprisal of a word aﬀects reading time not only at the word itself but also in at least the
three subsequent words (Smith and Levy, 2013). This phenomenon, referred to as spillover, (Mitchell, 1984), has
two implications: ﬁrst, the garden path eﬀect observed in human experiments is spread over multiple words; and
second, reading times on the critical region are aﬀected by the surprisal of material preceding the critical region. For
concreteness, consider the MV/RR sentence (7a):
1 Code

which estimates surprisal and other incremental complexity measures from our RNN language models is available at: https://github.com/vansky/

neural-complexity.git
2 Our

training parameters were identical except that, due to memory constraints, we used a batch size of 64 rather than the batch size of 128 used in Wiki

RNN.
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(7) a. The experienced soldiers warned about the dangers conducted the midnight raid.
b. The experienced soldiers who were warned about the dangers conducted the midnight raid.

Reading times on a word within the underlined critical region, such as midnight, are aﬀected by spillover from other
words in the critical region (e.g., conducted) as well as from words that precede the region (e.g., dangers). Ignoring the
spillover from the surprisal of the words preceding the word we are currently analyzing, then, can distort our estimates
of the garden path eﬀect. Likewise, the surprisal of midnight aﬀects reading times not only on midnight itself but also
on raid. Consequently, restricting the analysis of reading times to the critical region, without including subsequent
words, may underestimate the size of the garden path eﬀect.
Neural network language models do not display spillover eﬀects “out of the box”: disambiguation occurs entirely
at the ﬁrst word of the disambiguating region (conducted in the above example); the subsequent words of the disambiguating region do not provide additional information about the relevant parsing decision. However, since reading
times at the critical region depend on the surprisal of both critical and pre-critical words—which, in turn, is aﬀected
by the presence or absence of the phrase who were—linking the language model’s prediction to human reading times
crucially requires taking into account not only the diﬀerence across the two conditions in the surprisal of the disambiguating word itself, but also in the complex pattern of spillover inﬂuence due to surprisal. We describe our
spillover-aware linking function in the following section.

2.5

| Estimating the quantitative eﬀect of surprisal on reading times

The relationship between the surprisal of one word and reading times on a subsequent word is a non-linear function of the distance between them (Smith and Levy, 2013). We repeated the procedure described by Smith and
Levy to compute these coeﬃcients, using the reading times for ﬁller sentences from Prasad and Linzen (2019b). To
foreshadow the conclusions of the detailed analysis we present in this section, the total surprisal-to-RT conversion
coeﬃcient, when summed across the word itself and the three subsequent words, was approximately 2 ms/bit for all

12

van Schijndel & Linzen

our models.3
To estimate the conversion coeﬃcients, we ﬁt a linear mixed eﬀects model, with reading times as the dependent
variable, and, as ﬁxed eﬀects, the following properties of the current word (w0 ) and the preceding three words (w−3 ,
w−2 and w−1 ): surprisal (S−3 , S−2 , S−1 , S0 ), entropy (H−3 , H−1 , H−2 , H0 ), entropy reduction (∆H−3 , ∆H−2 , ∆H−1 , ∆H0 ),
word frequency ( f−3 , f−2 , f−1 , f0 ), word length (l−3 , l−2 , l−1 , l0 ), and the position of the word in the sentence (p).
Entropy and entropy reduction were computed based on the output layer of the network at each time step. In other
words, we used next-word entropy rather than the entropy over all possible sequences, which is diﬃcult to compute
(for discussion, see Linzen and Jaeger 2016). We also included ﬁxed eﬀects for the interaction between word length
and frequency within each word in the three-word spillover window (e.g., we included f−1 : l−1 but not f−1 : l−3 ).
Finally, we included by-participant random intercepts. Formally, our model was as follows:

rt ∼S0 + S−1 + S−2 + S−3 + H0 + H−1 + H−2 + H−3 + ∆H0 + ∆H−1 + ∆H−2 + ∆H−3 +

p + l0 ∗ f0 + l−1 ∗ f−1 + l−2 ∗ f−2 + l−3 ∗ f−3 + 1 | subject

(1)

where the notation x ∗ y indicates that x, y and their interaction x : y were all included in the model. For our
conversion, we rely on the theoretical assumption, conﬁrmed by Smith and Levy (2013), that surprisal is linearly
related to reading times. The entropy reduction hypothesis similarly predicts a linear relationship between entropy
reduction and reading times; there is some empirical evidence of its eﬃcacy in predicting reading times (Frank 2010;
Linzen and Jaeger 2016; Lowder et al. 2018; for a less positive conclusion, see Aurnhammer and Frank 2019). All
other predictors are the control variables used by Smith and Levy (2013).
Having regressed the reading times of ﬁller (non-garden-path) sentences on the values of each complexity metric,
we use the regression coeﬃcient values to generate a conversion rate from each of the complexity metrics to milliseconds of reading time. Speciﬁcally, we used the learned linear combination of signiﬁcant (p < 0.01) coeﬃcients to
predict the magnitude of garden path eﬀects for each construction. In the case of surprisal, for example, if the S−1 , S−2 ,
and S−3 coeﬃcients were signiﬁcant, we assume that these surprisal values robustly mapped onto non-garden path
reading times, and that they therefore map robustly onto garden path reading times if such reading times are driven

3 Smith

and Levy (2013) reported a total conversion coeﬃcient of 4 ms/bit. Although their coeﬃcient is twice the size of ours, our results still hold when we

use their conversion coeﬃcient because surprisal underestimates the empirical eﬀect size so severely.
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by surprisal eﬀects alone. Of note, our regression analysis did not reveal a signiﬁcant eﬀect for the surprisal of the current word on its own reading time (δ0 ). This ﬁnding is consistent with previous ﬁndings that spillover eﬀects are very
pronounced in self-paced reading times (e.g., Smith and Levy, 2013), and underscore the need to properly account for
spillover when analyzing self-paced reading data. Overall, we predicted the spillover-corrected surprisal eﬀect Ŝ(wi )
on the i-th word of the sentence as follows:

Ŝ(wi ) = δ−3 S(wi−3 ) + δ−2 S(wi−2 ) + δ−1 S(wi−1 )

(2)

For Wiki RNN, our estimates of the individual spillover conversion rates for surprisal were δ−1 = 1.1 ms/bit, δ−2 =
0.37 ms/bit, and δ−3 = 0.39 ms/bit (the full set of conversion rates, for the two language models and three complexity
metrics, is given in Table 1). These conversion rates indicate, for instance, that each additional bit of surprisal of the
word that occurred three words before the current word is expected to cause a slowdown of 0.39 ms on the current
word. This slowdown is summed with the inﬂuence of the surprisal of the two other intervening words to produce a
predicted reading time for the current word.

3

|

3.1

ANALYSES

| Overview

Before we discuss our analyses, we brieﬂy summarize the logic behind them. Recall that surprisal theory assumes that
one bit of surprisal causes a ﬁxed slowdown (an increment in milliseconds), regardless of the syntactic context in which
the surprising event occurs. As such, we can measure the linear correlation between surprisal and reading times on
sentences without prominent syntactic ambiguities, and use this correlation to estimate the slowdown in milliseconds
caused by each bit of surprisal. If, as argued by the surprisal hypothesis, syntactic disambiguation diﬃculty is driven
entirely by the conditional probability of the disambiguating words, this surprisal-to-RT conversion should be able to
entirely explain the magnitude of the garden path disambiguation eﬀect on the critical items in a self-paced reading
study.
We report a number of analyses that rely on this logic. Analysis 1 follows the traditional analysis approach in
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Measure

Model

δ−3

δ−2

δ−1

Surprisal

Wiki RNN

0.39

0.37

1.10

Soap RNN

0.44

0.91

0.83

Entropy

Entropy Reduction

TA B L E 1

δ0

Wiki RNN

-3.98

9.17

Soap RNN

-5.50

7.04

Wiki RNN

1.63

2.17

9.98

Soap RNN

1.64

3.52

11.71

Conversion rates for each information-theoretic measure for each RNN. We only report conversion

coeﬃcients which were determined to be signiﬁcant (without correction) to p < 0.01 during regression to ﬁller items.
These coeﬃcients were thought to be reliable enough to use when predicting garden path eﬀect magnitudes in our
analyses. Post hoc analysis conﬁrmed that our results hold without this signiﬁcance threshold as well.

the human behavioral literature, aggregating human reading times and model predictions over the three words of the
critical region. Analysis 2 breaks down the predicted and empirical reading times for each of the words of the critical
region, with the goal of determining whether language model surprisal, in conjunction with our model of spillover
processing, correctly identiﬁes the precise locus of processing diﬃculty in each type of ambiguity. Both Analysis 1 and
Analysis 2 identify signiﬁcant discrepancies between models and humans. Analysis 3 then extends the methodology
of Analysis 2 to next-word entropy as well as entropy reduction computed from next-word entropy. Finally, Analysis 4
shows that the RNN language models’ predictions accurately reﬂect the syntactic structure of temporarily ambiguous
sentences, indicating that surprisal’s failure to predict empirical reading times cannot be straightforwardly attributed
to the language models’ syntactic processing limitations.

3.2

| Analysis 1: Surprisal underestimates the magnitude of garden path eﬀects

Using the approach described in Section 2.5, we derived spillover-adjusted reading time predictions from the Wiki
RNN and Soap RNN language models. We then conducted t-tests paired by item for each combination of model
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FIGURE 1

(a) NP/S

(b) NP/Z

(c) MV/RR

Diﬀerence in reading times between ambiguous and umambiguous sentences, averaged over the

three words of the critical region, as predicted by the Wiki RNN language model (in pink) and the Soap RNN
language model (in green), compared to empirical reading times on the region (in blue). Each subplot shows the
disambiguation region of: (a) ambiguous NP/S sentences compared to matched unambiguous controls (example (4)
in the text); (b) ambiguous NP/Z sentences compared to matched unambiguous controls (example (5) in the text); (c)
ambiguous MV/RR sentences compared to matched unambiguous controls (example (6) in the text). The bars
indicate the mean predicted or empirical RT, across items; the error bars represent 95% conﬁdence intervals.

(Wiki RNN and Soap RNN) and construction (NP/S, NP/Z and MV/RR) to determine whether there was a statistically
signiﬁcant diﬀerence between the garden path eﬀect predicted by the model and the empirical human eﬀect reported
by Prasad and Linzen. As shown in Fig. 1, the two models predicted eﬀects of very similar magnitudes, and both greatly
underestimated the magnitude of garden path eﬀects across constructions; the comparison between predicted and
empirical RTs was highly signiﬁcant in all cases (Wiki RNN, NP/S: p = 0.005; Wiki RNN, NP/Z: p < 0.001; Wiki RNN,
MV/RR: p < 0.001; Soap RNN, NP/S: p = 0.006; Soap RNN, NP/Z: p < 0.001; Soap RNN, MV/RR: p < 0.001).4
The conclusions of this analysis are straightforward. If the relationship between surprisal and reading times is
linear, as claimed by surprisal theory—and surprisal accounts for the entire processing diﬃculty experienced in the
disambiguation of garden path sentences—then a conversion rate derived from ﬁller sentences, which do not exhibit
perceptible syntactic ambiguities, should be able to predict reading times in garden path sentences as well; our results

4 We

report uncorrected p-values throughout the paper, and give the full list of statistical tests in the Appendix to enable post-hoc corrections for multiple

comparison. In general, however, our eﬀects are robust enough that the qualitative patterns tend to also be signiﬁcant.
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suggest that that is not the case.

3.3

| Analysis 2: Predicting word-by-word reading times

Predicted/empirical word-by-word garden path eﬀects

Region Position
0
1
2
40

Difference in Reading Times (ms)

50

30
20
10
0
10
WikiRNN SoapRNN
(a) NP/S

FIGURE 2

Humans

WikiRNN SoapRNN
(b) NP/Z

Humans

WikiRNN SoapRNN Humans
(c) MV/RR

Diﬀerences in word-by-word reading times between ambiguous and unambiguous sentences on the

ﬁrst, second and third word of the disambiguating region, as predicted by the language models, compared to
empirical reading times. The subplot shows the disambiguation region of: (a) ambiguous NP/S sentences compared
to matched unambiguous controls (example (4) in the text); (b) ambiguous NP/Z sentences compared to matched
unambiguous controls (example (5) in the text); (c) ambiguous MV/RR sentences compared to matched unambiguous
controls (example (6) in the text). Error bars represent 95% conﬁdence intervals.

Analysis 1 examined the garden path eﬀect averaged over the critical region, following standard practice in the
analysis of human processing of garden path sentences. To obtain a more ﬁne-grained picture of the models’ predictions, we next examine the predicted reading time for each word in the critical region compared with the human
garden path eﬀect observed on that word (see Fig. 2).5
Here too, we found that the models systematically underpredicted the empirical garden path eﬀects in every
construction and for nearly every word position. The lone exception was the ﬁrst word of the disambiguating region
5 Signiﬁcance

was determined using t-tests across sentence positions paired within each sentence.
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of the MV/RR construction, where neither humans nor RNNs showed a signiﬁcant garden path eﬀect. Recall that if
spillover is not taken into account, the ﬁrst word of the disambiguating region is expected to carry the entire disambiguation eﬀect predicted by the RNNs. We take this convergence between spillover-corrected predicted RTs and
empirical RTs to be validation of our approach.
For NP/S sentences, the empirical eﬀect is spread over the entire critical region, with no signiﬁcant diﬀerences
between any two points in the region (all p > 0.05), though there is a numerical decrease over the course of the
critical region. Qualitatively, the predictions derived from Wiki RNN matched the empirical pattern, though unlike
in the human data the predicted decrease in reading times did reach signiﬁcance (p < 0.001). Soap RNN predicted
a qualitatively constant eﬀect over the entire region; signiﬁcance tests showed that the eﬀect was in fact larger on
the ﬁnal word in the region (p = 0.005), the opposite pattern from the human one, albeit with a very small eﬀect size.
Overall, the predicted time course of the NP/S eﬀect was roughly in line with the empirical NP/S eﬀect, though, as
mentioned above, the predicted eﬀect magnitudes are much smaller than the empirical ones.
For NP/Z sentences, the ﬁrst and second words of the critical region carried the bulk of the empirical garden path
response: the third word of the critical region shows a signiﬁcantly smaller eﬀect than the other two words (both
comparisons p < 0.01). This reduction at the ﬁnal word of the region was correctly predicted by Wiki RNN (p < 0.001).
At the same time, both models predicted signiﬁcant diﬀerences between all words in the region (all p < 0.001), and
Soap RNN predicted that the eﬀect should be highest in the ﬁnal word of the critical region. Further, both models
predicted that the ﬁrst word would be read more slowly in the unambiguous condition than in the ambiguous condition
(a reverse garden path eﬀect). By contrast, humans exhibit a large NP/Z garden path eﬀect in both the ﬁrst and second
word of the region.
Finally, for MV/RR sentences, the second and third words of the critical region carry the bulk of the human garden
path response, with almost no empirical garden path eﬀect observed on the ﬁrst word of the critical region (the second
word’s eﬀect is signiﬁcantly larger than the ﬁrst word’s; p < 0.0001). Both RNNs correctly predicted that the garden
path eﬀect should be signiﬁcantly larger on the second word of the region than on the ﬁrst one (both p < 0.001). Both
models also predicted that the eﬀect should signiﬁcantly subside by the third word of the region (both p < 0.001); the
empirical eﬀect is numerically reduced at the third word but the eﬀect doesn’t reach statistical signiﬁcance. Further,
the models correctly predicted that the ﬁrst word in the region should not exhibit an appreciable garden path eﬀect.
As with NP/S constructions, the models were able to correctly predict the qualitative time course of the MV/RR eﬀect
throughout the region, but the magnitude of the predicted eﬀects was much smaller than that of the empirical one.
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Discussion

In human reading times, the detailed word-by-word contour of the garden path eﬀect shows clear diﬀerences across
the three constructions. This is consistent with the proposal that the disambiguation of diﬀerent temporary syntactic ambiguities invokes diﬀerent recovery mechanisms (compare with the distinction between “easy” and “hard”
sentences of Pritchett 1988). Qualitatively speaking, the empirical time course contours of NP/S and MV/RR garden
path eﬀects were correctly predicted by both models, suggesting that humans’ processing of these types of garden
path sentences may be tied, through word predictability, to the frequency distributions of the syntactic constructions
in questions, which are reﬂected in the statistics of the corpora that the RNNs were trained on. At the same time, the
models predicted similar eﬀect magnitudes for NP/S and MV/RR constructions; this contrasts with the observation
that humans show a much larger eﬀect in MV/RR constructions than in NP/S constructions. This discrepancy suggests
that humans process these two constructions in diﬀerent ways.

It is possible, of course, that some of the discrepancy between the empirical and predicted garden path eﬀects
arises from an incorrect estimate of the conversion rate between bits of surprisal and milliseconds of reading times.
Crucially, however, the diﬀerent magnitude of this discrepancy across constructions entails that even with a conversion factor large enough to predict the NP/S eﬀect, RNNs would still underpredict the MV/RR eﬀect (see van Schijndel
and Linzen, 2018). As we discuss in the General Discussion, this result is arguably consistent with the hypothesis that
the human processing of MV/RR ambiguities involves a syntactic reprocessing mechanism (Grodner et al., 2003). Such
a reprocessing mechanism could amplify the eﬀect of predictability, making it super-linear. On the other hand, the
ﬁnding that RNNs were unable to predict even the qualitative time course of NP/Z garden path eﬀects in humans
supports the hypothesis that predictability-independent restructuring mechanisms are involved in recovering from
this ambiguity, as proposed, among others, by Sturt et al. (1999).

In summary, as in Analysis 1, the diﬀerences between the predicted and empirical eﬀects, in both magnitude
and time course, suggest that, at a minimum, the relationship between surprisal and reading times in garden path
sentences is not linear, and, more likely, that surprisal cannot on its own account for the magnitude and time course
of all garden path eﬀects in human reading.
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FIGURE 3

(a) NP/S

(b) NP/Z

(c) MV/RR

Diﬀerence in reading time between ambiguous and umambiguous sentences, averaged over the three

words of the critical region, as predicted by the entropy of the Wiki RNN language model (in pink) and the Soap
RNN language model (in green), compared to empirical reading times on the region (in blue). Each subplot shows the
disambiguation region of: (a) ambiguous NP/S sentences compared to matched unambiguous controls (example (4)
in the text); (b) ambiguous NP/Z sentences compared to matched unambiguous controls (example (5) in the text); (c)
ambiguous MV/RR sentences compared to matched unambiguous controls (example (6) in the text). The bars
indicate the mean predicted or empirical RT, across items; the error bars represent 95% conﬁdence intervals.

3.4

| Analysis 3: Entropy-based complexity metrics

While much previous work has attributed garden path eﬀects to surprisal (Hale, 2001; Levy, 2013; van Schijndel
and Linzen, 2018; Futrell et al., 2019), it is not the only one-stage theory of processing diﬃculty proposed in the
literature. In particular, two prominent information-theoretic measures have been shown to predict reading times
in some contexts: single-step entropy (Roark et al., 2009; van Schijndel and Linzen, 2019) and entropy reduction
(Hale, 2006; Frank, 2013; Linzen and Jaeger, 2016). To determine whether these metrics, as single-stage theories,
can explain human garden path eﬀects, we follow the same procedure we used for surprisal: we ﬁrst use the ﬁller
sentences from Prasad and Linzen (2019b) to compute spillover-controlled conversion rates for each combination
of model and processing diﬃculty metric, then use this conversion factor to predict processing diﬃculty in garden
path sentences read by the same participants, assuming a linear relationship between the complexity metric and the
observed slowdown (see Table 1).
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Predicted/empirical mean garden path eﬀects (entropy reduction)
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FIGURE 4

(a) NP/S

(b) NP/Z

(c) MV/RR

Diﬀerence in reading time between ambiguous and umambiguous sentences, averaged over the three

words of the critical region, as predicted by the entropy reduction of the Wiki RNN language model (in pink) and the
Soap RNN language model (in green), compared to empirical reading times on the region (in blue). Each subplot
shows the disambiguation region of: (a) ambiguous NP/S sentences compared to matched unambiguous controls
(example (4) in the text); (b) ambiguous NP/Z sentences compared to matched unambiguous controls (example (5) in
the text); (c) ambiguous MV/RR sentences compared to matched unambiguous controls (example (6) in the text). The
bars indicate the mean predicted or empirical RT, across items; the error bars represent 95% conﬁdence intervals.

We found that entropy and entropy reduction were much poorer predictors of human garden path processing
than surprisal (Figs 3 and 4). In fact, in most cases these measures predicted no eﬀect at all (entropy reduction) or an
eﬀect in the opposite direction from the empirical one (entropy). This suggests that even if we relax the assumption
that there is a linear relationship between these metrics and processing diﬃculty, and consider other positive and
monotonic linking functions, these measures will not be able to predict human garden path eﬀects. We stress that
neither of these complexity metrics faithfully implements the Entropy Reduction Hypothesis (Hale, 2003), which
requires computing entropy over complete sentences, rather than only the next word, as we did here; we are not
aware of existing algorithms for estimating full-sentence entropy for RNN language models. However, our results are
consistent with those of Linzen et al. (2016), who did compute full-sentence entropy from a grammar-based language
model, and found that this complexity metric (unlike surprisal) did not predict a garden path eﬀect in the correct
direction.
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| Analysis 4: Do RNN language models make appropriate syntactic predictions?

In the previous surprisal analyses, the language models showed qualitative garden path eﬀects: surprisal at the critical
region was higher when the region appeared in an ambiguous sentence than an unambiguous one. In most cases, however, the models’ surprisal, when multiplied by the conversion coeﬃcient we estimated, drastically underestimated
the magnitude of the eﬀect. It is possible that the models failed to predict the correct eﬀect size simply because they
were unable to take the syntactic structure of temporarily ambiguous sentences into account when making their predictions; if a language model’s predictions do not match those of humans, surprisal derived from the model is unlikely
to provide a good ﬁt to human reading times. The goal of the current section is to explore the validity of this concern.
Since the RNNs made similar predictions to one another, we focus on analyzing Wiki RNN in this section. As a
window into Wiki RNN’s syntactic predictions at the ﬁrst word of each construction’s critical region, we grouped the
lexical predictions of the model by the part of speech that was most frequently assigned to each of the words in the
vocabulary in the Linzen et al. (2016) Wikipedia corpus. For example, although man can either be a noun (see the man)
or a verb (man the decks), it most commonly occurs as a noun, so we would assign the probability mass associated
with man to the noun category. Summing these probabilities over the entire vocabulary, we then inferred the model’s
syntactic predictions from the probability distribution it encodes over upcoming parts-of-speech, and compared it to
the analogous distribution for the matched unambiguous sentence.

Results
At the beginning of the critical region of unambiguous (control) sentences, Wiki RNN assigned a high probability to the
event that the upcoming word is a verb, consistent with the correct parse. This was the case for all three constructions.
Conversely, in the ambiguous conditions, the model was, like humans, garden-pathed into making syntactic predictions
that are not consistent with the ultimately correct parse. In particular, in ambiguous NP/S sentences (Fig. 5a), the
model generally encoded the expectation that a prepositional phrase should appear next (Mary saw the doctor at
. . . ); it also assigned some probability mass to the possibility that the upcoming token marks the end of the clause
(i.e. a punctuation mark or a conjunction). Both of these types of continuations are consistent with the “NP” parse,
where Mary saw the doctor, and not with the ultimately correct “S” parse, where Mary saw that the doctor was doing
something. In ambiguous NP/Z sentences (Fig. 5b), the model again predicted that the beginning of the sentence
(When Mary visited the doctor) would be followed by a prepositional phrase or a punctuation mark other than a period
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RNN garden path part-of-speech predictions

FIGURE 5

Part-of-speech predictions of the recurrent neural network language model on the ﬁrst word of the

critical region of unambiguous sentences, subtracted from the predictions on the same word in their ambiguous
counterparts. (a) NP/S sentences; (b) NP/Z sentences; (c) MV/RR sentences.

(e.g., a comma), all continuations that are consistent with the ultimately incorrect “NP” parse, where doctor is the object
of visited. Lastly, in MV/RR ambiguous sentences (Fig. 5c), the model predicted a punctuation mark would come next,
most likely a period (The soldiers warned about the dangers .).
Overall, Wiki RNN’s predictions reﬂect sensitivity to the syntactic structure of temporarily ambiguous sentences;
this is consistent with the ﬁndings of Futrell et al. (2019). We conclude that the failure of RNN surprisal to predict
the magnitude of human garden path eﬀects cannot be attributed to the RNNs’ failure to track the relevant syntactic
ambiguity.

4

|

GENERAL DISCUSSION

Garden path sentences are temporarily ambiguous sentences that are eventually disambiguated in favor of a dispreferred parse. In those sentences, reading times at the disambiguation point are elevated compared to matched
unambiguous control sentences, commonly referred to as a garden path eﬀect. A number of accounts have attributed
this processing diﬃculty to reanalysis or pruning strategies speciﬁc to the human parsing system (Pritchett, 1988;
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Jurafsky, 1996; Narayanan and Jurafsky, 1998; Sturt et al., 1999; Bader, 1998). More recently, proponents of the
surprisal hypothesis have suggested that the elevated reading times in the disambiguating region of garden path sentences can be attributed entirely to the fact that the words in the disambiguating region are unpredictable (Hale, 2001;
Levy, 2013). Since predictability aﬀects sentence processing far beyond temporarily ambiguous sentences (Ehrlich and
Rayner, 1981), such an account is preferable on parsimony grounds, as it obviates the need for assumptions that are
speciﬁc to syntactic processing.
Such a parsimonious single-factor account holds an undeniable appeal. But, as we have argued, to show that
word surprisal makes it unnecessary to invoke parsing-speciﬁc mechanisms in an account of garden path processing
diﬃculty, it is not enough to show that the disambiguating word is unpredictable; rather, predictability would need to
explain the full magnitude of the eﬀect. Our goal in this article was to test empirically whether that is the case. To do
so, we ﬁrst estimated the eﬀect of predictability on reading times in ﬁller sentences that did not include garden
path constructions. In estimating this eﬀect, we took into account the possibility of spillover eﬀects, where the
predictability of a word aﬀects reading times on later words.
We then estimated the surprisal of the disambiguating region in three types of garden path sentences—NP/S,
NP/Z and MV/RR—from recurrent neural network (RNN) language models. We trained those models on either Wikipedia
articles or soap opera dialogues. Finally, we used the global eﬀect of surprisal on reading times to generate predicted
reading times, which we then compared to empirical reading times for garden path sentences.
While the language models indeed predicted higher surprisal in the disambiguating region of temporarily ambiguous sentences compared to control sentences (in line with Hale 2001; Levy 2013; Futrell et al. 2019), the diﬀerence
in surprisal systematically underpredicted the magnitude of the eﬀect in human studies. In particular, unlike humans,
which exhibit much larger garden path eﬀects in NP/Z than NP/S sentences, language models displayed slightly lower
surprisal in NP/Z sentences than NP/S sentences. Similarly, the language models predicted similar eﬀect magnitudes
in NP/S and MV/RR constructions, whereas in human studies MV/RR constructions show a substantially larger garden
path eﬀect than NP/S constructions. Given this complex pattern of discrepancies, then, linear functions of surprisal
have no hope of deriving the human pattern, even if the true conversion coeﬃcient between surprisal and RTs is very
diﬀerent from the one we estimated.
RNN surprisal is driven by simultaneous lexical predictions rather than explicitly structural predictions, unlike
a syntactic parser which outputs complete descriptions of possible sentence interpretations. As a sanity check, in
Analysis 4 we veriﬁed that the parts-of-speech of the words predicted by the Wiki RNN in the critical region were
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consistent with our expections. In the unambiguous conditions the RNN makes the correct prediction of a verb, and
in the ambiguous conditions the RNN makes reasonable alternative predictions (e.g., given the context When Mary
visited the doctor, a period indicating the end of the sentence is not assigned a signiﬁcant probability, while a comma is,
appropriately). These qualitative analyses indicate that the probability model within the RNN does track the expected
set of syntactic parses.

4.1

| Word-by-word reading patterns in the critical region

Going beyond traditional analyses, which target mean reading times in the critical region, we explored word-by-word
patterns throughout the critical region of each of the garden path constructions. In humans, this analysis revealed
that the NP/S and NP/Z garden path eﬀects are spread across the three words of the critical region, while the MV/RR
garden path eﬀect is only detectable on the second and third words of the critical region. RNN surprisal was able to
predict the contour of the human garden path eﬀect for the NP/S and MV/RR constructions, but not for NP/Z. The
unique contour of the human garden path response to each construction suggests that there may be multiple distinct
mechanisms that underlie each of these behavioral responses.
Two-stage accounts of human processing of garden path sentences have often hypothesized that syntactic reanalysis mechanisms rely on tree edit operations, which transform the initially preferred parse into a new parse that
is compatible with the disambiguating words (Pritchett, 1988; Sturt, 1997). Under these theories, reanalysis is more
costly the more the structures before and after the edit operation diﬀer from each other. For example, Sturt et al.
(1999) hypothesized that the garden path eﬀect is larger in NP/Z than NP/S constructions because in NP/Z the ambiguous NP needs to be moved into a new subtree, which is not dominated by the subtree that contained the NP
before the transformation, while in NP/S constructions the ambiguous NP remains within the same subtree throughout the reanalysis. These theories predict that the time course of processing during the critical region of garden path
constructions should depend only on the similarity or dissimilarity of the associated syntactic structures, and not on
the conditional probabilities of the structures in question.
Contrary to the prediction of classic reanalysis theories, we ﬁnd that the word-by-word human garden path eﬀects
in NP/S and MV/RR constructions follow a similar time course to the RNN’s predictions for those constructions. Since
RNN predictions are solely based on the occurrence frequencies in the training data rather than reﬂecting human
processing limitations such as working memory constraints, their ability to predict the time course of garden path
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processing in these constructions suggests that human reanalysis processes in these constructions is underlyingly
driven by occurrence frequencies.
One repair mechanism that could produce eﬀects such those we observed with MV/RR sentences—ones that
are qualitatively consistent with the predictions of surprisal, but whose magnitudes are substantially larger than those
predicted by surprisal—is the one proposed by Grodner et al. (2003). Grodner et al. hypothesized that readers suppress
an initially-preferred parse once it proves to be incorrect, as in a garden path construction. The readers then reprocess
the observed sequence using standard processing mechanisms but with the incorrect distractor parse suppressed.
Under this theory, there are no special reanalysis mechanisms aside from a means of suppressing disconﬁrmed parses.
This hypothesis claims that all predictability inﬂuences aside from the probability of the suppressed parse would
impact both the initial parse and the subsequent reanalysis parse. As a result, this theory would predict exaggerated
frequency eﬀects whenever the reanalysis mechanism is invoked over the parallel reranking mechanism involved in
surprisal theory.

4.2

| Relationship to other sources of processing diﬃculty

Reading behavior is aﬀected by a range of factors other than surprisal, including word length (Just et al., 1982), dependency locality (Gibson, 2000), retrieval interference (Lewis and Vasishth, 2005), and others. To our knowledge, there
are no proposals suggesting that all instances of syntactic processing diﬃculty can be attributed to surprisal; proponents of surprisal theory have proposed to supplement it with measures such as veriﬁcation cost (Demberg et al.,
2013) or memory and locality (Levy, 2013; Levy and Keller, 2013). Could one of these factors account for processing
diﬃculty in garden path sentences, replacing the need for either prediction-based or reanalysis-based accounts? We
believe that is unlikely, and are unfamiliar with any such proposals; in fact, factors such as word length or retrieval
interference are in all likelihood perfectly matched across the ambiguous and unambiguous sentences of each garden
path contrast. Those factors do aﬀect the processing of ﬁller sentences, which we used to estimate the conversion
factor between surprisal and reading times, and we controlled for one of them (word length) when we estimated the
conversion factor. This mitigates potential concerns about overestimating the inﬂuence of surprisal on reading times
(see Shain, 2019). We stress, however, that our conclusions do not crucially depend on having a precise estimate of
the conversion: in fact, in post hoc analysis (not presented here), we found that they held even when we doubled the
conversion rate.
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While discussions of garden path eﬀects tend to focus on the diﬀerences in syntactic structure between the ambiguous and unambiguous sentences, the processing of garden path sentences is also aﬀected by semantic plausibility—
for example, the plausibility of the ambiguous NP as a direct object of the verb in NP/S sentences (Garnsey et al.,
1997)—which could vary systematically between the two conditions (Padó et al., 2009). Previous studies have computed surprisal using probabilistic context-free grammar models trained on small corpora (approximately one million
words). These models, while appropriately capturing the syntactic distinctions across conditions, may not capture
semantic plausibility constraints very well; previous studies have proposed supplementing these models with explicit
models of semantic ﬁt (Padó et al., 2009). By contrast, in this work we computed surprisal using RNN language models
trained on large corpora (e.g., 80 million words for Wiki RNN). Much previous work has shown that such language
models are able to capture semantic generalizations through their distributed representations of word meaning (e.g.,
Mikolov et al., 2013; Levy and Goldberg, 2014), so we expect that surprisal computed by these models would be
much more sensitive to semantic plausibility constraints than previous work. Similarly, numerous previous studies
have found that RNN language models models learn syntactic generalizations (e.g., Gulordava et al., 2018; Wilcox
et al., 2018), and in this paper we showed that their syntactic predictions in garden path sentences in particular were
similar to those of humans (Analysis 3). Recent work has even shown that these models are able to encode some
pragmatic inferences (e.g., Schuster et al., 2020). Taken together, we expect surprisal computed from our RNN language models to capture the combination of syntactic, semantic, and pragmatic generalizations required to account
for garden path eﬀects (Padó et al., 2009). Despite the convergence in the outcome of the prediction process, it is an
open question if the mechanisms that give rise those predictions in RNNs are similar to those used by humans.

4.3

| Converging evidence for two-stage accounts from other dependent measures

Our analysis focused on self-paced reading times, a dependent measure that aggregates all sources of diﬃculty in
language processing into a single number (the amount of time taken to read a given word). At the same time, our
conclusion that predictability is insuﬃcient to account for the strength of garden path eﬀects is consistent with a dissociation observed in the event related potential (ERP) literature between the N400 component, which is sensitive to
word predictability (Van Petten and Luka, 2012; Frank et al., 2015), and the P600 component, which is not straightforwardly related to word predictability, but is strongly modulated by disambiguation in favor of the dispreferred parse
in garden path sentences (Osterhout et al., 1994). The conclusions of studies of syntactic processing that used the
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eye-tracking-while-reading paradigm are more mixed; while early studies found that garden path sentences are associated with a greater probability of regressive eye movements (Frazier and Rayner, 1982), it has proved diﬃcult to
isolate a consistent syntax-speciﬁc processing signature in this paradigm (Clifton Jr et al., 2007).
Unlike the experiments we presented here, which provide a direct test of surprisal’s predictions at the qualitative,
relative and quantitative levels, the dissociation between N400 and P600 bears on the predictions of surprisal theory
only indirectly. Surprisal is intended as a computational-level theory of reading behavior, in the sense of Marr (1982);
its prediction—that less predictable words should be read more slowly—can arise from the aggregated eﬀect of any
number of mental (or neural) processes. However, it is notable that the linear relationship between surprisal and
reading times breaks down in the same conditions under which the N400/P600 dissociation occurs; this arguably
provides converging support for a existence of a second-state reanalysis mechanism, which is indexed by the P600,
and causes a slowdown in reading that is signiﬁcantly more severe than predicted by surprisal (which, in turn, correlates
best with the N400; Frank et al. 2015).

4.4

| Conclusion

We tested the hypothesis that word predictability can account for the full magnitude of the syntactic disambiguation
diﬃculty that arises in three types of temporarily ambiguous sentences: NP/S, MV/RR and NP/Z. Our results do not
support this hypothesis: surprisal estimated from RNN language models vastly underestimated the magnitude of the
eﬀect, especially in the MV/RR and NP/Z ambiguities. This suggests that accounts of the processing of garden path
sentences may need to supplement predictability with syntactic repair mechanisms. A close inspection of the human
reading times points to qualitative diﬀerences in the behavioral responses to the three constructions, again calling
into question a uniform predictability-based account.
In the case of the NP/S ambiguity, we hypothesize that using neural language models trained on even larger corpora (Radford et al., 2019), or linking functions based on more sophisticated models of spillover (Shain and Schuler,
2018), may align the predictions of surprisal theory more closely with human reading times. The same could be true if
the surprisal-to-milliseconds conversion rate we used was inaccurate, and needs to be replaced with a larger conversion rate. For NP/Z and MV/RR, on the other hand, the diﬀerence between the predicted and empirical eﬀect sizes
is so great that model predictions for NP/Z and MV/RR constructions would still greatly underpredict the empirical
eﬀect magnitudes even if we doubled the conversion rate. Further, when analyzed at the individual word level, the
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models’ predictions for NP/Z sentences were so qualitatively diﬀerent from the human responses that it seems unlikely that scaling up language model capacity or training corpus could mitigate the mismatch between model surprisal
and humans. Finally, the empirical garden path eﬀect magnitudes reported by (Prasad and Linzen, 2019a,b) are smaller
than the garden path eﬀect sizes reported elsewhere in the literature (e.g., the NP/Z eﬀect reported by Grodner et al.
2003 was more than twice as large as that reported by Prasad and Linzen 2019b). If the true garden path eﬀect is
closer to that reported elsewhere in the literature, then surprisal underestimates the garden path eﬀect to an even
greater extent than we report here.
In summary, we ﬁnd that single-stage processing models are unlikely to be able to accurately predict reading times
of the various garden path constructions we analyzed in this work: NP/S, NP/Z, and MV/RR. At a minimum, our results
indicate that the relationship between surprisal and reading times is not linear in extreme conditions such as MV/RR
garden path constructions. It is possible that such a non-linear relationship may arise naturally if surprisal is augmented
with the noisy channel or lossy context hypotheses (Levy, 2008; Bicknell and Levy, 2010; Gibson et al., 2013; Futrell
et al., 2020). However, this possibility cannot explain the qualitatively incorrect reading time predictions we observed
in NP/Z constructions. Therefore, we conclude that in addition to surprisal inﬂuences, sentence processing likely
involves a syntactic repair mechanism (e.g., Sturt, 1997; Sturt et al., 1999) or reprocessing mechanism (e.g., Grodner
et al., 2003) which is utilized in extreme conditions such as garden path constructions.
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A

| APPENDIX

A.1
A.1.1

| Statistical tests
| Analysis 1: Mean garden-path eﬀects

We conducted 12 t-tests of whether the mean spillover-corrected predictions diﬀered from the mean human reading
times (paired by item) or from 0 (1-sample). 2 models × 3 constructions × 2 comparisons.

A.1.2

| Analysis 2: Spillover garden path contours

For each of the two spillover-corrected model predictions and the human responses, we conducted 27 t-tests of
whether each word in the critical region of a construction diﬀered from each other word (paired by item) or 0 (1sample). 3 word positions × 3 constructions × 3 comparisons.

A.1.3

| Analysis 3: Entropy-based mean predictions

We conducted 12 t-tests of whether the mean spillover-corrected predictions diﬀered from the mean human reading
times (paired by item) or from 0 (1-sample). 2 models × 3 constructions × 2 comparisons.

