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Abstract

We investigate the effect of dependency dis-
tance and its directionality on eye-tracking mea-
sures in Brazilian Portuguese. Using the Ras-
trOS corpus enriched with surprisal and syn-
tactic annotations, we find that absolute depen-
dency distance significantly improves the pre-
diction of first fixation durations, supporting
memory-based accounts of sentence process-
ing. In contrast, the direction of the dependency
(whether the dependent precedes or follows the
head) shows weaker and less consistent effects.
These results indicate that early lexical retrieval
is sensitive to distance magnitude, while later
reading measures reflecting integration are less
affected, highlighting the complementary role
of syntactic distance alongside surprisal in mod-
elling reading behaviour.

1 Introduction

In recent years, large language models (LLMs)
have gained prominence as a powerful methodolog-
ical tool in cognitive science and psycholinguistics
for exploring the mechanisms underlying human
language processing (e.g., Hale (2001); Armeni
et al. (2017); Wilcox et al. (2020)).

By modelling the probability distributions of lin-
guistic input, these computational systems provide
quantitative estimates of how predictable individ-
ual words are within a given context. This notion of
predictability is formalized using the information-
theoretic concept of surprisal, which expresses
the degree of unexpectedness associated with en-
countering a particular word given its preceding
linguistic environment (Shanon, 1948). Words
that are less predictable from prior context display
higher surprisal values and are presumed to require
greater cognitive effort to integrate during com-
prehension. Empirical research has demonstrated
that surprisal estimates derived from probabilistic
language models closely align with behavioural
indices of processing load, such as reading times

recorded through eye-tracking experiments (e.g.,
Smith and Levy (2013); Hofmann et al. (2022);
Demberg and Keller (2008)).

While surprisal captures predictability-based
processing difficulty, other research emphasizes the
role of syntactic structure complexity and memory
demands in sentence processing (e.g., Wang et al.
(2025); Slaats et al. (2024); Hale (2001)). For in-
stance, consider the sentence: “The report that the
student submitted yesterday was insightful.” The
word insightful may have low surprisal because it is
contextually predictable, but integrating it requires
maintaining the subject report across the embedded
clause, resulting in high dependency-based mem-
ory load. Comparing surprisal with measures of
dependency distance allows us to disentangle the
effects of predictability and memory demands dur-
ing reading.

Most studies do not focus specifically on Brazil-
ian Portuguese. Alves (2025) demonstrated that
surprisal estimates derived from LLMs can im-
prove the prediction of reading times, following
the paradigm proposed by Wilcox et al. (2020).
However, their models did not incorporate explicit
syntactic information, leaving open the question
of whether integrating structural cues could further
enhance predictive performance.

Thus, the objective of this study is to in-
vestigate the extent to which syntactic informa-
tion—specifically, the distance between heads and
dependents and the linear order of dependents (pre-
ceding or following the head)—influences various
measures of reading time, including first fixation
duration, gaze duration, and total fixation duration,
reflecting distinct stages of cognitive processing
during reading in Brazilian Portuguese. Our hy-
pothesis is that greater distances between heads
and dependents impose higher memory demands,
consistent with the Dependency Locality Theory
(DLT; Gibson et al. 2000).

To this end, we automatically enriched the Ras-
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trOS corpus (Leal et al., 2022) with syntactic infor-
mation and conducted linear regression analyses
including dependency distance and dependency di-
rection as predictors, following the baseline estab-
lished by Alves (2025). Additionally, we analysed
the relationship between reading time measures
and surprisal across different combinations of part-
of-speech (PoS) tags and dependency relations (de-
prel), clarifying the complementary contributions
of predictability and syntactic memory load.

2 Related Work

Wilcox et al. (2023) examined the relationship be-
tween surprisal and reading times across eleven
languages using both monolingual and multilin-
gual transformer-based models trained on large
corpora such as Wiki40B (Guo et al., 2020) and
mGPT (Shliazhko et al., 2024). They found that sur-
prisal and contextual entropy reliably predict read-
ing times, with a largely linear relationship. This
result was further supported by Xu et al. (2023),
who analyzed seven languages and observed pre-
dominantly linear but occasionally superlinear ef-
fects depending on the language model used. Alves
(2025) found that Brazilian Portuguese also follows
the linear trend reported by Wilcox et al. (2023),
using several LLMs. They further showed that in-
creasing model size (beyond approximately half a
billion parameters) does not substantially improve
reading time prediction, whereas fine-tuning mod-
els for specific tasks actually reduces their ability
to predict reading time measures.

However, Oh and Schuler (2023) reported that
larger LLMs, despite achieving lower perplexity,
do not necessarily predict human reading times
more accurately, often underestimating named enti-
ties and overestimating function words. Similarly,
Liu et al. (2024) found that temperature scaling
improves calibration and prediction accuracy for
English reading times as model size increases.

Moreover, Nair and Resnik (2023) and Wang
et al. (2025) argued that surprisal alone cannot cap-
ture all aspects of incremental processing. By incor-
porating syntactic information into surprisal-based
models, Wang et al. (2025) achieved stronger cor-
relations with human reading times, underscoring
the role of structural cues in shaping processing
difficulty.

In addition, previous research has shown that
longer dependency distances impose higher cogni-
tive demands during sentence comprehension (Gib-

son et al., 2000). This relationship has been exten-
sively examined within the framework of depen-
dency length minimization (DLM), which posits
that languages tend to organize syntactic structures
to reduce the distance between heads and depen-
dents, thereby minimizing memory load and facili-
tating processing (e.g., Futrell et al., 2015; Liang
et al., 2017).

Therefore, since dependency distance has not yet
been examined as a potential predictor of reading
time measures alongside surprisal, our objective
is to test this hypothesis and further investigate
its contribution to the cognitive processing of sen-
tences.

3 Methodology

This section describes the eye-tracking data, the se-
lected LLMs, and the regression-based evaluation
methods.

3.1 Eye-Tracking Data

The RastrOS corpus was developed to support
psycholinguistic research on Brazilian Portuguese
(BP), focusing on lexical predictability and sen-
tence processing. It consists of two main compo-
nents: (1) predictability norms collected via a cloze
test, in which participants are asked to complete
sentences by predicting the next word, and (2) eye-
tracking data obtained from reading tasks.

A total of 393 native BP speakers from six uni-
versities (mostly undergraduates) participated in
the cloze test. Each completed tasks on five ran-
domly selected paragraphs balanced across three
genres: journalistic (40%), literary (20%), and pop-
ular science (40%). The Cloze corpus comprises
50 paragraphs (120 sentences, 2,494 words; 2,831
tokens) drawn from the Lácio-Web corpus (Aluísio
et al., 2004), public domain literature, and contem-
porary online texts.

Responses were compared to target words for
orthographic match, morphosyntactic class, and
inflection, with semantic similarity estimated via
word embeddings. The dataset is annotated with
PoS tags (Palavras parser; Bick 2000), word fre-
quency data (Sardinha, 2010; Wagner Filho et al.,
2018), and surprisal and entropy reduction values
derived from the cloze results.

The eye-tracking dataset comprises recordings
from 37 undergraduate readers collected with an
EyeLink 1000 system (1000 Hz). Participants read
120 sentences (2,494 words; 2,831 tokens), each an-
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notated with 36 word-level measures. In this study,
we focus on three widely used metrics (Rayner,
1998):

1. First fixation duration — the duration
of the initial fixation on a word dur-
ing first pass reading (annotated as
IA_FIRST_FIXATION_DURATION in
RastrOS).

2. Gaze duration — the sum of
all first-pass fixations on a word
(IA_FIRST_RUN_DWELL_TIME).

3. Total fixation duration — the total time spent
fixating on a word, including regressions
(IA_DWELL_TIME).

First fixation reflects early lexical access, gaze
duration captures lexical and syntactic processing
during initial reading, and total fixation duration
indexes later comprehension stages such as reanal-
ysis and integration difficulties (Rayner, 1998).

For the syntactic information used in the regres-
sion analyses, we parsed the RastrOS sentences
with the Stanza parser (Qi et al., 2020) using the
Portuguese model provided by the library. Sen-
tences were first reconstructed in their original or-
der and then processed to extract morphosyntactic
annotations following the Universal Dependencies
framework (De Marneffe et al., 2021).

3.2 Surprisal

For our analysis, we selected the six publicly avail-
able LLMs tested by Alves (2025) that showed
improved reading time prediction when their esti-
mated surprisal values were used.

1. Bloom-560m1 (Workshop, 2022): Multilin-
gual model trained on 1.5 TB of text (11.1%
Portuguese), with 559M parameters, 24 lay-
ers, 16 attention heads, and 1024-dimensional
hidden states.

2. Bloomz-7b12 (Muennighoff et al., 2022):
Fine-tuned version of BLOOM with 7B pa-
rameters (30 layers, 32 heads, 4096 hidden
units) using multitask instructions for zero-
shot generalization.

1https://huggingface.co/bigscience/bloom-560m
2https://huggingface.co/bigscience/bloomz-7b1

3. Llama-2-7B-hf3 (Wang et al., 2023): 7B-
parameter model pretrained on 2T tokens and
fine-tuned with public instruction datasets;
evaluated only in English.

4. Llama-3.2-1B4 (Dubey et al., 2024): 1B-
parameter model pretrained on 9T multilin-
gual tokens (including Portuguese).

5. Llama-3.2-3B5 (Dubey et al., 2024): 3B-
parameter version of Llama-3.2-1B, trained
on the same multilingual corpus.

6. Mistral-7B6 (Jiang et al., 2023): 7B-parameter
model trained on mixed web and code data
(32 layers, 32 heads, 4096 hidden units); eval-
uated primarily on English.

To compute word-level surprisal values, we em-
ployed the surprisal Python library7. Sentences
from RastrOS were reconstructed in their original
order and processed using the library’s AutoHug-
gingFaceModel interface. For each model, sur-
prisal values were first computed at the LLM token
level. Because the language models use subword
tokenization, we summed the surprisal values of
subword tokens to recompose the original RastrOS
tokens, obtaining word-level surprisal estimates
aligned with the corpus annotations. Punctuation
surprisal values were ignored.

We thus generated an enriched version of the
RastrOS corpus by adding surprisal values from
each LLM and syntactic annotations following the
Universal Dependencies framework. Since Ras-
trOS tokenization differs from both the parsed sen-
tences and the LLM tokenization, we aligned the
information accordingly. Punctuation, which is ap-
pended to tokens in RastrOS, was excluded from
the .conllu file. For multiword tokens (e.g., do, a
contraction of the preposition de and the article o),
we used the dependency relation and head of the
first sub-token when integrating syntactic informa-
tion. Additionally, for each token, we calculated
the distance to its head by subtracting the head ID
from the token ID, assigning a distance of 0 for root
tokens: negative values indicate that the dependent

3https://huggingface.co/meta-llama/
Llama-2-7b-hf

4https://huggingface.co/meta-llama/Llama-3.
2-1B

5https://huggingface.co/meta-llama/Llama-3.
2-3B

6https://huggingface.co/mistralai/
Mistral-7B-v0.1

7https://pypi.org/project/surprisal/
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precedes the head, while positive values indicate
that it follows. This distance measure was added to
the corpus for use in subsequent analyses.

Due to difficulties encountered during the align-
ment of surprisal values, arising from tokenization
inconsistencies in the LLMs and the integration of
syntactic information, the final statistics of the pro-
cessed corpus are as follows: the corpus contains
107 sentences and a total of 2,103 words.

3.3 Evaluation Methods

To analyse the effects of dependency distance on
reading times, we used regression models follow-
ing the framework of Wilcox et al. (2023) and
adapted to Brazilian Portuguese by Alves (2025).
These models predict the reading time y(wt, w<t)
of a word wt given its preceding context w<t, with
a predictor vector xt that includes features of the
target word and the two preceding words (wt−1 and
wt−2) to capture potential spillover effects.

Baseline predictors for each word include word
length and log unigram frequency (correspond-
ing to Word_Length and Freq_brWaC_log in Ras-
trOS). These features constitute the baseline struc-
ture of xt at position t. In addition, each record-
ing session was included as a random effect to
account for variability in baseline reading times
across participants or sessions. All models were
implemented as linear mixed-effects regressions us-
ing the lmer() function from the lme4 R package
(Bates et al., 2015).

We define two baseline models for our analy-
sis. Baseline (lexical predictors only) is defined by
Equation 1:

reading_time ∼ Freq_brWaC_log

+Word_Length

+ prev_freq + prev_len

+ prev2_freq + prev2_len

+ (1 | SESSION_LABEL)

(1)

The second baseline, Baseline_SRP, includes
surprisal values for the target token and the two
preceding tokens as predictors, as shown in Equa-
tion 2.

reading_time ∼ surp

+ prev_surp

+ prev2_surp

+ Freq_brWaC_log

+Word_Length

+ prev_freq + prev_len

+ prev2_freq + prev2_len

+ (1 | SESSION_LABEL)
(2)

3.4 Absolute Dependency Distance
Alves (2025) showed that surprisal values from the
listed models improve the prediction of reading
times, particularly for total fixation duration and
for models that were not fine-tuned.

To evaluate the contribution of the distance be-
tween head and dependent as a predictor, we com-
pare each LLM’s Baseline_SRP model to models
that additionally include the absolute dependency
distances (ignoring direction, i.e., whether the de-
pendent appears before or after the head, as de-
scribed above). Specifically, we include the abso-
lute distance of the target word (Head_Distance)
to its head, as well as the distances of the two
preceding words (prev_dist and prev2_dist) as
described in the Equation 3.

We define the delta (∆) as the difference in per-
word log-likelihood between the distance-enhanced
model and the Baseline_SRP. A positive delta in-
dicates that incorporating dependency distance im-
proves the model’s ability to predict the reading
time for that word (evaluated separately for first
fixation, gaze, and total fixation durations). Aggre-
gating deltas across all words allows us to assess
whether including absolute distances significantly
enhances prediction accuracy.

All regression models in this study were trained
and evaluated using 10-fold cross-validation. To
test whether including dependency distance (ab-
solute or signed) significantly improves model fit
compared to baseline models, we performed a
paired permutation test. For each fold, we com-
puted the per-word log-likelihood difference

∆ = logLikextended − logLikbaseline,

using the predicted log-likelihoods from the lmer
models. These per-word differences were then ag-
gregated across all folds for each word to produce
a vector of ∆ values.
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For the permutation tests, we generated an em-
pirical null distribution using 10,000 permutations.

• One-sample test (null hypothesis test): To
test whether including dependency distance
improves model fit relative to the baseline,
the signs of the per-word log-likelihood dif-
ferences (∆) were randomly flipped for each
permutation, and the mean ∆ across words
was computed. The observed mean ∆ was
compared against this null distribution to ob-
tain a two-sided p-value.

• Pairwise test (model comparison): To com-
pare two models directly, per-word differences
were randomly reassigned between the two
models while keeping the pairing intact, and
the mean difference was computed for each
permutation to generate a two-sided p-value.

A standard significance threshold of α = 0.05
was applied: observed p-values smaller than α in-
dicate statistically significant differences. All p-
values are reported in the results, allowing inspec-
tion of effect sizes and relative significance; no
formal correction for multiple comparisons was
applied.

reading_time ∼ surp

+ prev_surp

+ prev2_surp

+ Head_Distance

+ prev_dist + prev2_dist

+ Freq_brWaC_log

+Word_Length

+ prev_freq + prev_len

+ prev2_freq + prev2_len

+ (1 | SESSION_LABEL)
(3)

3.5 Dependency Distance with Directionality

As previously described, the dependency distance
was calculated by subtracting the head ID from the
token ID, with the root distance set to 0. Conse-
quently, if the dependent appears before its head,
the distance is negative; if it appears after, the dis-
tance is positive. This directional information was
not included in the model represented by Equa-
tion 3.

To test whether incorporating dependency direc-
tion improves reading time prediction, we gener-
ated, for each LLM, a model that includes a bi-
nary indicator of direction (Head_Distance_dir,
0 = dependent before head, 1 = dependent after
head), alongside surprisal values and absolute de-
pendency distance. Model performance was then
compared to the absolute-distance model using the
∆ approach described above.

reading_time ∼ surp

+ prev_surp

+ prev2_surp

+ Head_Distance

+ Head_Distance_dir

+ prev_dist

+ prev_dist_dir

+ prev2_dist

+ prev2_dist_dir

+ Freq_brWaC_log

+Word_Length

+ prev_freq + prev_len

+ prev2_freq + prev2_len

+ (1 | SESSION_LABEL)
(4)

3.6 Overall Improvement

Finally, to assess the overall improvement provided
by the distance measures, we calculated ∆ relative
to the baseline model without surprisal predictors
(Equation 1). For each LLM, we compared mod-
els including the absolute dependency distance and
those additionally incorporating the direction indi-
cator.

4 Results

We report the results of the dependency distance
analysis on reading time, considering (i) absolute
dependency distance and (ii) dependency distance
and directionality.

Overall, across all fixation measures, surprisal
explains a substantial proportion of variance in
reading times. For total fixation duration, marginal
R2 for the surprisal-only baseline models ranged
from 0.52 to 0.56, while for first fixation dura-
tion, surprisal explains less variance overall (R2 ≈
0.18).
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4.1 Effect of Absolute Dependency Distance
on Reading Time

Figure 2 presents the impact of incorporating abso-
lute dependency distance into the regression mod-
els across all reading time measures and language
models. For each LLM, we compare the model in-
cluding absolute distance with the Baseline_SRP
model that already includes surprisal predictors.
The results show the mean per-word change in log-
likelihood (∆) relative to the baseline, with positive
values indicating improved model fit.

It can be observed from Figure 2 that absolute
dependency distance has a positive effect as a pre-
dictor of reading time only for the first fixation
duration. This trend is supported by the statisti-
cal tests: for first fixation, all p-values are below
0.001, indicating a significant improvement over
the baseline. In contrast, for gaze and total fixation
durations, no significant effects were observed, ex-
cept for the Llama-3-2-3B model, which showed
a modest but relatively significant improvement
(p = 0.003).

Alves (2025) showed that, for Brazilian Por-
tuguese, the incorporation of surprisal into the base-
line model yielded improvements consistent with
findings for other languages reported by Wilcox
et al. (2023). The effect was strongest for total fix-
ation duration (average ∆ ≈ 0.05), while smaller
yet statistically significant improvements were ob-
served for first fixation duration (∆ ≈ 0.0025).
The fine-tuned model Bloomz-7b1 exhibited lower
predictive gains for total fixation time, though this
limitation was not evident for first fixation. Notably,
this pattern did not reappear when absolute depen-
dency distance was added as a predictor. Finally,
pairwise permutation tests revealed no statistically
significant differences among the LLMs for the first
fixation measure.

4.2 Effect of Dependency Distance and
Directionality on Reading Time

Figure 2 presents the results of incorporating the
direction of the dependency distance as a predic-
tor, capturing whether the dependent precedes or
follows its head, into the regression models. This
figure compares the predictive gain of models us-
ing directional distance against those using abso-
lute distance across all reading time measures and
LLMs.

Again, the strongest positive effect is observed
for the prediction of first fixation duration. Regard-

ing the total fixation measure, all models, except
for the fine-tuned Bloomz-7b1, show statistically
negative deltas (i.e., p < 0.001), indicating that
including the direction as predictor decreases the
model’s efficacy in predicting this reading time
measure. For gaze duration, no statistically signifi-
cant differences are observed.

Overall, only Llama-2-7B and Llama-3-2-1B
showed statistically significant improvements (p <
0.05) when directionality was included in the re-
gression model. For the remaining models, no sig-
nificant effects were observed, although a slight
positive trend can still be noted. The p-values are
generally less significant than those obtained with
the absolute distance (Table 1). In pairwise compar-
isons, no significant differences were found among
the LLMs in terms of their ∆ results.

Model p-value
Bloom-560 0.0509
Bloomz-7b1 0.4331
Llama-2-7b 0.0381
Llama-3-2-1B 0.0285
Llama-3-2-3B 0.1186
Mistral_7B 0.0602

Table 1: P -values from the permutation test compar-
ing models including directional dependency distance
against models using absolute distance.

Thus, adding the direction of the dependency
relation does not yield a generalized improve-
ment comparable to that observed for the abso-
lute distance. Although the directionality shows
statistically significant weights in the regression
models—particularly for the target and immedi-
ately preceding words—the improvement in pre-
dictive power is only significant for two models
(Llama-2-7B and Llama-3-2-1B). For the remain-
ing models, the differences in ∆ log-likelihood are
not statistically significant, indicating that while di-
rectionality carries some explanatory value within
the regression, its contribution does not consistently
enhance reading time prediction across models.

We also conducted a test using the signed dis-
tance as a single predictor, rather than splitting
it into absolute distance and direction. This test
produced results similar to those presented in this
subsection.
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Figure 1: Predictive power of absolute distance across reading time measures and LLMs compared with the baseline
with surprisal. Dots indicate mean ∆ log-likelihood per word; error bars show ±1 standard error of the mean.

Figure 2: Predictive power of dependency distance direction (0 when the dependent precedes the head, 1 otherwise)
across reading time measures and LLMs, compared with models using only the absolute distance. Dots represent
the mean ∆ log-likelihood per word, and error bars indicate ±1 standard error of the mean.

4.3 Comparison with baseline without
surprisal

As a complementary analysis of the predictive in-
fluence of absolute distance (abs) and absolute dis-
tance with directionality (abs_dir), we compared
the models including surprisal and absolute dis-
tance, as well as those including surprisal, distance
and direction, against the baseline without surprisal
(Equation 1) in Figure 3.

This baseline represents the most basic approach
to modelling reading time, considering only word
frequency, word length, and the recording session
as a random effect. This comparison was conducted
only for the first fixation duration, as it was the only
reading time measure that presented statistically
significant results in the previous subsections.

We evaluated pairwise differences between mod-
els using a significance threshold of p < 0.05.
Model comparisons that showed significant differ-
ences are presented in Table 2.

Comparisons between the “abs” and “abs_dir”
versions of the same model showed no statistically
significant differences (p > 0.05), indicating that
performance is largely equivalent between the abso-
lute and directional scoring variants. However, as

Figure 3: Overall predictive improvement of abso-
lute distance (abs) and absolute distance plus direction
(abs_dir) models over the baseline without surprisal.
Dots represent the mean ∆ log-likelihood per word, and
error bars indicate ±1 standard error of the mean.

shown in Table 2, Mistral_7B and Llama-3-2-3B
with directional distance included in the regression
model exhibit the largest deltas, approaching 0.005,
compared to the 0.0025 reported by Alves (2025)
using only surprisal as a predictor.
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Model 1 Model 2 p-value
Mistral_7B_abs Bloomz-7b1_abs 0.025
Mistral_7B_abs_dir Llama-3-2-1B_abs 0.0054
Mistral_7B_abs_dir Bloomz-7b1_abs 0.003
Mistral_7B_abs_dir Bloom-560_abs 0.0298
Llama-3-2-3B_abs Llama-2-7b_abs 0.0457
Llama-3-2-3B_abs Bloomz-7b1_abs 0.0355
Llama-3-2-3B_abs_dir Llama-2-7b_abs 0.0285
Llama-3-2-3B_abs_dir Bloomz-7b1_abs 0.0444
Llama-3-2-1B_abs_dir Bloomz-7b1_abs 0.0153

Table 2: P -values from the pairwise permutation tests showing statistically significant differences between models
across LLMs, comparing absolute and directional dependency distance predictors.

5 Discussion

Our results show that the absolute distance between
head and dependent significantly improves the pre-
diction of first fixation duration in Brazilian Por-
tuguese, across all tested LLMs. This effect is
consistent with the Dependency Locality Theory
(Gibson et al., 2000), suggesting that greater dis-
tances impose higher memory demands.

While absolute distance does not capture full
syntactic complexity, its effect on early fixations
likely reflects the initial retrieval of a word from
memory. This influence is strongest when the de-
pendent follows the head, as longer distances in-
crease memory load until integration. When the de-
pendent precedes the head, integration is deferred,
which may explain the weaker and less consistent
effect of the models with distance direction in-
cluded. To illustrate this, we plotted mean surprisal
values normalized by word length for tokens occur-
ring before vs. after their head, separately by UPOS
and DEPREL. A Welch two-sample t-test was per-
formed for each DEPREL to compare the two con-
ditions, and significant differences (p > 0.05) were
marked with an asterisk in the plots (Figure 4).

It can be observed from Figure 4 that, for the
selected UPOS, mean surprisal tends to be lower
when the dependent follows the head. This pattern
is particularly clear for nouns (NOUN) in standard
syntactic roles such as nominal subject (nsubj), pas-
sive subject (nsubj:pass), oblique (obl), and nom-
inal modifier (nmod), as well as for determiners
(DET - det). For other UPOS, specific dependency
relations show the opposite trend. Proper nouns
(PROPN) have lower surprisal as nsubj when after
the head, but lower surprisal for oblique relations
when before. For verbs (VERB), surprisal is lower
for clausal complements (ccomp) appearing before

the head but higher for adverbial clauses (advcl).
Adjectives (ADJ) show lower surprisal when acting
as adjectival modifiers (amod) after the head, but
the opposite for adverbial clauses (advcl). Over-
all, for canonical syntactic roles, mean surprisal is
generally lower when the dependent follows the
head.

Applying the same analysis to total fixation du-
ration (i.e., the eye-tracking measure best predicted
by surprisal) shows that the surprisal patterns do
not always carry over to reading times. DET and
ADJ broadly match the surprisal trends, but NOUN
differs for nsubj:pass and nmod, and PRON shows
opposite effects for obj, nsubj, and nmod. For
VERB, neither advcl nor ccomp yields significant
differences. PROPN also diverges, with higher
reading times before the head for both nsubj and
obl, opposite to the surprisal trend for obl. These
discrepancies indicate that syntactic factors influ-
ence eye-movement behaviour in ways not fully
captured by surprisal alone.

Additionally, including the directionality of de-
pendency distance produced only weak and in-
consistent effects. Only a few models, such as
Mistral_7B and Llama-3-2-3B, showed statisti-
cally meaningful improvements, while most mod-
els did not. This suggests that early retrieval is
more sensitive to the magnitude of the distance
than to its specific order, and directionality alone
does not provide a generalizable improvement in
predicting reading times.

6 Conclusion

Our study examined the role of syntactic struc-
ture, specifically dependency distance and its direc-
tionality, in predicting reading times in Brazilian
Portuguese, complementing surprisal-based mod-
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Figure 4: Mean surprisal values from Llama-3-2-3B for selected UPOS, comparing tokens occurring before vs. after
their head across different DEPREL relations. Asterisks indicate significant differences (two-sample t-tests).

els derived from large language models (LLMs).
We found that absolute dependency distance con-
sistently improves the prediction of first fixation
durations, highlighting the influence of memory
load during early word retrieval, in line with De-
pendency Locality Theory.

In contrast, incorporating the direction of the de-
pendency (whether the dependent precedes or fol-
lows the head) yielded weaker and less consistent
effects, suggesting that early processing is more
sensitive to distance magnitude than to linear order.
Later reading measures, such as gaze and total fix-
ation duration, were largely unaffected by distance
predictors, reflecting later integration and reanaly-
sis stages.

Overall, our results demonstrate that even sim-
ple syntactic cues like dependency distance can en-
hance surprisal-based models, emphasizing the in-
terplay between probabilistic expectation and mem-
ory constraints in human sentence processing. Fu-
ture work could extend this approach to additional
syntactic features and other languages to further
explore universality and language-specific effects.

Limitations

A few limitations of our study should be noted.
First, our analyses were restricted to Brazilian Por-
tuguese and a relatively small subset of LLMs, lim-
iting generalizability to other languages or model
architectures. Second, the syntactic features con-
sidered were limited to dependency distance and
directionality, without capturing more complex hi-
erarchical or long-range syntactic structures. Third,

tokenization and alignment issues between the Ras-
trOS corpus and LLM outputs reduced the dataset
size, potentially affecting statistical power.
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