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Abstract

Spanish Differential Object Marking (DOM) makes the preposition a obligatory with prominent (human, definite)
direct objects and excluded with prototypical inanimate ones, with graded modulation by verbal affectedness.
We ask whether violating DOM carries an online processing cost, and whether the surprisal of autoregressive
language models tracks the same factors that govern human behaviour. We collected self-paced reading (SPR)
times and acceptability judgements from 17 L1 Spanish speakers on a balanced set of 50 transitive sentences, each
in six variants crossing animacy, definiteness and DOM marking, with affectedness manipulated between items.
In parallel we extracted object surprisal from a range of autoregressive models of increasing complexity: a GRU
and a Transformer trained from scratch, a monolingual Spanish GPT-2, and three multilingual 8B-scale LLMs
(LLaMa 3.1, Qwen3, a Spanish fine-tuned LLaMa). DOM violations are reliably penalised in acceptability and
slow reading on the object and downstream, and the three semantic factors interact rather than acting as a single
categorical trigger. All models assign higher surprisal to violations but reproduce the human factor structure
only partially; the monolingual Spanish GPT-2 is the most effective predictor of acceptability and of the spillover
region, and the one whose surprisal is least driven by raw lexical frequency.
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1. Introduction

Spanish marks a subset of its direct objects with the preposition a: the object of Juan escuché a la vecina
(‘Juan heard the neighbour’) is marked, whereas that of Juan escuché la cancién (‘Juan heard the song’) is
not. This Differential Object Marking (DOM) is, to a first approximation, obligatory with human objects
and barred with prototypical inanimate ones, but the boundary is governed by a cluster of interacting
semantic and pragmatic properties — animacy, definiteness, specificity and topicality — rather than by
any single categorical feature [1, 2, 3]. A more recent strand of work has added a verbal dimension: the
affectedness of the event modulates marking even when nominal properties are held constant [4, 5].

The empirical anchor for our research question is Heredero and Garcia [6], who show that verbal
affectedness gradiently modulates DOM among human indefinite objects, and whose verb classification
we adopt (we return to their study in Section 2). Crucially, the existing evidence on the verbal condi-
tioning of DOM is almost entirely offline; online processing studies of Spanish DOM have targeted
animacy [7] but not affectedness, and have rarely crossed the relevant factors orthogonally. At the same
time, the rapidly growing literature that uses language-model surprisal [8, 9] as a cognitive predictor of
reading times [10, 11, 12] has concentrated on broad-coverage corpora and syntactic ambiguity, and
has essentially never been brought to bear on a marked morphosyntactic phenomenon such as Spanish
DOM.

This leaves a clear gap. No study has combined (i) an online self-paced reading experiment on
Spanish DOM, designed as minimal pairs that cross animacy, definiteness and affectedness with the
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presence or absence of marking, and (ii) a systematic comparison of surprisal from several language
models — including models trained from scratch and a model trained only on Spanish — as predictors
of the human signal. We address this gap directly. Our contribution is twofold. First, we quantify the
online cost of DOM violations and the way the three semantic factors jointly modulate it. Second, we
ask whether autoregressive models “understand” DOM in the operational sense that their surprisal
(a) increases for violations, (b) tracks the same factors as humans, and (c) improves the prediction of
human reading times and judgements beyond surface controls. The second question speaks to whether
models could, in principle, stand in for human participants when probing the grammatical determinants
of DOM.

Section 2 situates the study; Section 3 describes the materials, experiment, models and analysis;
Section 4and Section 5 report and interpret the results'; Section 6 concludes.

2. Background and Related Work

2.1. DOM and its Semantic Determinants

DOM is a cross-linguistically widespread phenomenon, systematised by [1, 13], in which only a subclass
of direct objects receives overt marking. A robust typological finding is that this distribution is not
arbitrary but reflects scales of semantic and pragmatic prominence: the more an object resembles a
prototypical subject in animacy, definiteness, specificity or topicality, the more likely it is to be marked
[14, 15, 2, 16]. Aissen [2] models this as the resolution of two functional pressures, iconicity (mark
prominent, atypical objects) and economy (avoid marking where it is uninformative).

For the two nominal factors we manipulate, the relevant notions are well established. Animacy is not
a binary opposition but a gradient running from humans through other animates to inanimates, with
several intermediate steps, and it pervasively conditions argument marking across languages [17, 14, 18].
Definiteness and specificity, for their part, are encoded in different ways from language to language —
through articles, demonstratives, or bound nominal affixes (as in the Turkish specific-accusative suffix) —
and govern how a referent is anchored in the discourse [19, 20, 21]; theoretically they are analysed in
terms of uniqueness [22] and familiarity [23, 24], with specificity cutting across the definite/indefinite
divide [25]. In Spanish, the canonical generalisation is that DOM is obligatory with human objects and
excluded with prototypical inanimates, while the intermediate space is regulated by definiteness and
specificity [26, 3, 27, 28].

In typological terms, the objects that attract marking are precisely those that are least prototypical
as objects — animate, definite, specific or topical, and therefore closer to the profile of a prototypical
subject. In the sense of linguistic markedness, they are the marked members of the object category, and
many languages, Spanish among them, give them overt morphological marking [2, 15]. A diachronic
perspective sharpens this. Productive DOM in Romance survives mainly at the lateral edges of the area
(Spanish, Romanian) and in more conservative forms elsewhere; together with evidence from historical
corpora, this suggests that in early Romance the marking was tied above all to the topicality of the
object — a non-canonical, topical object within a predominantly topic-first information structure —
rather than to stable semantic features such as animacy or definiteness. Only with the shift from
topic-prominent to subject-prominent syntax did DOM grammaticalise around nominal prominence,
leaving clitic doubling as a structural trace of its discourse origin [28, 29, 30, 31].

'A detailed record of the analyses reported in this paper is available in the GitHub repository (see Appendix D), which includes
an HTML file documenting the complete analytical workflow. The repository contains the code used for all analyses, together
with a wide range of figures illustrating the results. These materials provide comparisons of human ratings across different
grammatical features, as well as the outputs of the model-based raters evaluated through the methodologies described in
this paper. In addition, at the end of the HTML file, reviewers can find a summary figure comparing aggregated human
and model ratings across clusters of grammatical conditions. This visualization is intended solely as an illustrative aid to
facilitate interpretation of the relationship between changes in language-model surprisal and corresponding changes in
human judgments. Since differences between cluster-level averages have not been formally demonstrated to be statistically
significant, the figure should not be interpreted as evidence of significant differences across clusters.



A more recent line shows that verbal properties also matter, in particular affectedness, the degree of
persistent change an event imposes on a participant: within the transitivity framework of Hopper and
Thompson [32] it is one parameter of semantic transitivity [33], and von Heusinger and Kaiser [4] and
Garcia Garcia [5] link it to Spanish DOM. The direct precedent for our research question is Heredero
and Garcia [6]: holding the nominal frame constant (human, indefinite objects), they classify verbs as
[taffected] with an entailment-based diagnostic and show that [+affected] verbs increase the choice of
the a-marked variant. Crucially the effect is gradient — even among [+affected] verbs a non-trivial share
of unmarked responses persists — consistent with verbal factors acting as modulators where nominal
prominence does not fully fix marking. We adopt their verb classification and extend the question from
offline choice to online processing.

Experimental work on Spanish DOM has largely targeted acquisition and bilingualism with offline
measures [34, 35, 36, 37]. The closest online study is Hopp and Leén Arriaga [7], who find with eye-
tracking that readers are more sensitive to over-marking of inanimates than to omission with animates,
but whose materials vary essentially along animacy alone.

2.2. Surprisal and Reading Times

The notion of surprisal originates in Shannon’s information theory, where the information carried by
an event is its negative log probability, here — log p(w|c) for a word w in context ¢ [38]. Hale [8] was
the first to bring this measure into psycholinguistics, proposing it as an index of incremental processing
difficulty, and Levy [9] developed it into expectation-based comprehension theory. The theory predicts
a (roughly) linear relation between surprisal and reading time, repeatedly confirmed empirically [10, 12],
with the caveat that low-level confounds such as length and frequency carry much of the variance and
must be controlled [39]. The granularity at which surprisal is computed (subword vs. word) appears to
matter little for aggregate fit [40, 41].

Surprisal is not the only proposed source of processing cost. Memory-based accounts such as the
Dependency Locality Theory [42] attribute difficulty to the integration and maintenance of long-distance
dependencies, and eye-tracking corpus studies have found that both expectation and memory contribute,
sometimes independently [43]. The exact functional form of the surprisal-reading-time link is likewise
debated: while the relationship is robustly positive and close to linear over the bulk of the range [10],
deviations have been reported at the extremes. For our purposes the relevant point is narrower: a DOM
violation creates a locally low-probability continuation, so surprisal theory makes a clear directional
prediction (higher surprisal, longer reading times at and after the marked region), which we can test
directly against human data.

2.3. Self-Paced Reading: Surprisal on the Human Side

On the human side, this expectation-based difficulty is measured online through reading time. Self-paced
reading (SPR) records the time a reader spends on each segment as they reveal a sentence word by
word, providing an implicit, incremental index of processing load [44, 45, 46, 47]: longer reading times
on and just after a word index greater difficulty, and are exactly what surprisal theory predicts for a
low-probability continuation. Modern practice uses a non-cumulative moving window, comprehension
checks, and mixed-effects analysis with maximal random structure [48] on log-transformed times. SPR
also localises where an anomaly disrupts processing and detects spillover into following regions [49].
Because reading proceeds strictly left to right, SPR is the natural human counterpart to an incremental,
left-to-right language model: the reader and the model both commit to each word using only the
preceding context, which is why we estimate model surprisal from autoregressive models.

2.4. Language Models as Cognitive Predictors

The probabilistic model needed to compute surprisal has evolved from n-grams to recurrent networks
[50, 51, 52] and Transformers [53], the backbone of modern decoder-only LLMs [54, 55, 56, 57, 58]. A
central and partly counter-intuitive finding of recent work is that larger, lower-perplexity models do not



necessarily predict human reading times better [59, 60, 61, 62, 63], and that surprisal may not explain
the magnitude of specific syntactic effects [64]. This line of work has focused on broad-coverage corpora
and ambiguity resolution, leaving open how model surprisal behaves around a marked, semantically
conditioned phenomenon like DOM.

This “bigger is not better” pattern motivates our inclusion of models that span several orders of
magnitude in scale and training data. At one extreme we place large multilingual decoder-only models
in the 8B-parameter range; at the other, an n-gram model and small recurrent and attention-based
networks trained from scratch on a modest Spanish corpus. Comparing them lets us separate two things
that are easily conflated: whether a model assigns the right direction of surprisal to a DOM violation (a
fairly low bar that even simple models may clear), and whether it predicts the graded, factor-specific
human signal (a much higher bar). It also lets us ask whether monolingual specialisation on the target
language can compensate for, or even outperform, sheer scale — a question of practical interest for
low-resource and typologically specific phenomena, where large multilingual models are often the only
off-the-shelf option.

3. Method

3.1. Materials

The item set comprises 50 transitive sentences, each realised in six variants (the full list is given in
Appendix C). Every sentence has a fixed constituent structure — proper-name subject, past-tense verb,
optional DOM marker q, (in)definite article + object, a locative PP (PP1) and a temporal PP (PP2) —
giving a constant length of ten words, eleven when a is present (e.g. Juan escuché (a) la vecina en el
balcén durante una noche). To keep length constant we used only feminine singular objects, avoiding the
masculine fusion a + el = al. Materials were adapted from Heredero and Garcia [6] for the affectedness
contrast and from Hopp and Ledn Arriaga [7] for the constant-length frame.

The six variants cross three factors. Animacy: the object is human or inanimate. Definiteness: human
objects are definite (la) or indefinite (una), while inanimates are always definite. Marking: the DOM
preposition a is present or absent. We coded two categorical variables: condition (an_def, an_ind,
inan_def) and correct. A sentence is correct when marking follows the prescriptive norm (present
with animate objects, absent with inanimate ones) and incorrect when it omits obligatory marking
or adds prohibited marking; this lets us measure the cost of a violation directly. Orthogonally, the 25
items with [+affected] verbs and the 25 with [-affected] verbs were classified a priori following the
entailment diagnostic of Heredero and Garcia [6]. This a priori split was not simply assumed: it was
subsequently confirmed against the participants’ own intuitions through a dedicated affectedness test
(Section 4). Because the design is built to isolate semantic contrasts, the items were not intended to
be maximally natural or realistic; each item serves only as a frame within which a single feature is
varied, and is compared only against its own five variants, never against other items. A further 55 fillers
(one third ditransitive, one third with non-DOM uses of a, one third heterogeneous; a third containing
errors) masked the purpose of the study.

3.2. Participants and Procedure

Seventeen L1 speakers of Spanish (aged 19-28, all Radboud University students or affiliates, no reading
disorders) took part; the study was approved by the Faculty of Arts ethics committee. A post-session
sociolinguistic survey classified their background (origin) as standard European Spanish (7), Latin-
American (3) or Catalan-Spanish bilingual (7); no participant other than the Catalan speakers spoke
a further DOM language. The experiment ran in a sound-attenuated booth in OpenSesame. In Part 1
(SPR), items and fillers were presented once each, in random order, one randomly selected variant per
item per participant, in a non-cumulative moving-window format; participants advanced with a button
box and answered true/false comprehension questions after roughly one sentence in three. In Part 2
(acceptability), the 50 items were rated on a 1-5 scale, with conditions re-randomised so that no item



recurred in its Part 1 condition. Finally, 20 items (10 [+affected], 10 [-affected]) were re-presented in
the rephrased format of the Heredero and Garcia [6] affectedness diagnostic and rated on the same
scale, to validate the a priori verb classification against participants’ own perception.

3.3. Language Models and Surprisal

We extracted the object surprisal, — log p(object|preceding context), summed over subword tokens,
from seven autoregressive models of increasing complexity. Autoregressive (left-to-right) models were
chosen because, in incremental reading, humans too condition only on prior material, so bidirectional
models are not comparable. The four main models are decoder-only Transformers: a monolingual
Spanish GPT-2 trained from scratch on the Spanish portion of OSCAR-2019 [65], and three 8B-scale
multilingual LLMs — LLaMa 3.1 8B [57], Qwen3 8B [58], and a Spanish fine-tuned LLaMa. Three
baselines of increasing complexity probe whether any effect is trivially due to using “some” probabilistic
model: a Kneser-Ney n-gram (from which only a whole-sentence probability is available, not an object-
specific score), and a GRU and Transformer trained from scratch on ~2M tokens of OSCAR restricted
to the 100k most frequent alphabetic word types, following Merkx and Frank [66]; the GRU architecture
follows Aurnhammer and Frank [67] and the Transformer Vaswani et al. [53]. Lexical frequency, used
as a control and in a post-hoc analysis, was computed as the negative log relative frequency of the
inflected verb and object forms in OSCAR.

The from-scratch baselines were deliberately small and trained on a controlled vocabulary so that
their behaviour could be interpreted transparently. The corpus was the Spanish portion of OSCAR-2019,
filtered to sentences whose tokens all fall within the 100,000 most frequent alphabetic word types; both
networks were trained for next-word prediction on roughly two million tokens, following the training
procedure of Merkx and Frank [66]. The GRU had a 400-dimensional embedding layer, two recurrent
layers of 500 units, a linear layer of 400 units with a tanh non-linearity, and a log-softmax output [67];
the Transformer used a 400-dimensional embedding, two encoder layers with eight attention heads
and a 1024-unit feed-forward block, and the same log-softmax output [53]. The n-gram model used
Kneser—Ney smoothing; because of its sentence-level scoring it contributes a whole-sentence probability
rather than an object-specific surprisal, and is therefore expected to be the least diagnostic of the local
manipulation. For the four pre-trained decoder-only models we queried the released weights directly
and aggregated subword surprisal to the word level by summation, which preserves a well-founded
probabilistic interpretation while aligning the model output (tokens) with the behavioural measure
(words) [10, 40].

3.4. Statistical Analysis

Per-word reading times were trimmed trial by trial of implausibly fast or slow responses and the
remainder log-transformed. To capture spillover we defined three target regions (object, PP1, PP2) and
fitted a linear mixed model (1me4) per region on log RT. Fixed effects comprised surface controls (region
length, presentation position 1ive_row, verb and object frequency) and experimental effects (correct
and its interactions with condition, affected, origin); only correct entered on its own, the semantic
and sociolinguistic factors entering only in interaction with it, on the assumption that they modulate
the cost of a violation rather than overall reading speed. By-subject random intercepts and slopes (for
correct, live_row) were included; by-item random effects were dropped because they prevented
convergence. From the maximal model we ran stepwise selection with buildmer [68, 48]. Acceptability
was analysed analogously with cumulative link mixed models (ordinal: : c1mm); the affectedness
validation used a CLMM with affected and 1ive_row. We report the fixed effects retained after
selection (p < .05) and, via emmeans, Bonferroni-corrected contrasts of correct vs. incorrect sentences,
treating a contrast as significant when its 95% CI excludes zero. The from-scratch baselines were set to
missing on the two out-of-vocabulary items (17, 22); other analyses use the full set. Model surprisal
was evaluated with three tests: coherence (does surprisal vary with the conditions?), correlation (does
adding a model’s surprisal to a surface-only baseline improve the fit to human data, as log-likelihood



gain?), and robustness (do the experimental predictors still add explanatory power once surprisal is
included?). Before being applied to the real data, all three tests were first validated on simulated datasets
(see the R analysis), to confirm that they recover known effects and reject their absence.

4. Results

We first report the human data (acceptability and reading times), then the model surprisal analyses.
Throughout, fixed-effect significance is read from Wald p-values; for emmeans contrasts the analysis
reports 95% confidence intervals but not p-values, so we judge significance by whether the interval
excludes zero and state this explicitly. All 17 participants passed the comprehension check (minimum
91.5% correct), so none were excluded. The a priori affectedness classification was validated: in the
rephrasing test [+affected] verbs were rated more acceptable than [-affected] ones (CLMM S = 1.60,
SE =0.67, z = 2.39, p = .017; EMM difference +1.6, 95% CI [0.28, 2.91]).

4.1. Acceptability Judgements

DOM violations are strongly penalised. In the CLMM (Table 1), prescriptively correct sentences are
rated far higher than their violations (Beorrect; = 2.03, SE = 0.35, z = 5.83, p < .001); the overall
estimated marginal difference between incorrect and correct sentences is —1.55 (95% CI [—1.86, —1.24]).
The penalty holds in every animacy/definiteness condition — animate-definite —1.11 [—-1.61, —0.62],
animate-indefinite —1.70 [—2.23, —1.18], inanimate-definite —1.84 [—2.33, —1.35] — and although the
violation cost is numerically smallest for animate-definite objects, the differences between conditions
are not reliable (the difference-of-differences CIs include zero). Correctly marked animate-indefinite
objects are nonetheless especially well accepted (correct1:an_ind 8 = 0.98, p < .001), the con-
figuration where marking is variable but normatively expected. Affectedness interacts with correct-
ness (correctl:affectedl § = —0.72, p = .009); by affectedness the violation penalty is —1.69
[—2.11, —1.26] for [-affected] and —1.42 [—1.83,—1.01] for [+affected] objects, a difference that is
itself not significant ([—0.29, 0.82]). Speaker background matters most clearly: the penalty is largest for
standard speakers (—2.34 [—2.81, —1.86]) and significantly smaller for Catalan (—0.96 [—1.39, —0.54];
difference vs. standard +1.37 [0.66, 2.08]) and Latin-American speakers (—1.36 [—2.01, —0.71]; differ-
ence +0.98 [0.07, 1.89]). Both lexical-frequency controls are positive and significant (object p = .033;
verb p = .009): more frequent objects and verbs are rated slightly higher overall. Full marginal-means
tables are in Appendix A.

Table 1
Offline acceptability: selected CLMM fixed effects (reference levels correct0, an_def, origin=standard, [+af-
fected]). Threshold cut-points omitted. Full table in Appendix A.

Term B SE z 14
correctl 2.031 0.348 5.834 < .001 ***
obj_freq 0.105 0.049 2.137 .033 "
verb_freq 0.184 0.070 2.630 .009 **
correctl:an_ind 0.977 0.264 3.700 < .001 ***
correctO:catalan 1.024 0.443 2.312 021~
correctl:affected1 —0.720 0.277 —2.602 .009 **

4.2. Reading Times

The reading-time models (Table 2) localise the cost of a violation in time. On the object itself, the
main effect of a violation is not significant (Scorrect, = —0.19, p = .132); the surface controls be-
have as expected (object length and 1ive_row both p < .001). What the object region shows in-
stead is interaction structure: violations cost more for animate-indefinite objects (correct0:an_ind



B = 0.26, p = .045), and affectedness modulates the penalty in opposite directions across condi-
tions. The estimated by-condition difference-of-differences ([-affected] minus [+affected] violation
cost) is significantly positive for an_def (+0.23, 95% CI [0.03, 0.44]) and significantly negative for
inan_def (—0.20 [—0.40, —0.01]), the two corresponding three-way terms being significant in the
model (correct0:an_ind:affected0 § = —0.21, p = .037; correct0:inan_def:affected0
B = —0.30, p = .003).

The clearest violation effect appears downstream, in the first PP: a DOM violation slows read-
ing at PP1 (correcto 8 = 0.063, SE = 0.016, t = 3.92, p < .001; EMM incorrect—correct
= 0.06, 95% CI [0.03,0.10]), a clear spillover effect. By PP2 the main violation effect has dissi-
pated (p = .169) and only affectedness-related interactions remain (correct0:affected0 p = .042;
correctO:an_ind:affected0 p = .018). Collinearity diagnostics are unremarkable for the con-
tinuous predictors (all VIF ~ 1), with high VIFs confined to the interaction terms (expected by
construction); one Catalan participant (S23) is flagged by Cook’s distance in the object and PP1 models,
but removing them leaves all estimates stable (Appendix A).

Table 2
Reading-time LMMs (log RT): key fixed effects by region. Surface controls (1ive_row, length, frequency)
significant where noted; full tables and marginal means in Appendix A. (*p < .05, **p < .01, ***p < .001.)

Region  Effect 8 t P
correct0 (main) —-0.191 -1.510 132

Obiect correctO:an_ind 0.258 2.005 045 *
Jec correctO:an_ind:affo0 —-0.212 —2.088 037~
correctO:inan_def:affo —0.298 —3.024 .003 **

PP1 correct0 (main) 0.063 3.920 < .001 ***
correct0 (main) —0.061 —1.376 .169

PP2 correct0:affo0 0.091 2.035 .042 *
correctO:an_ind:affo0 —0.153 —2.377 .018*

4.3. Model Surprisal: Coherence

Every model assigns higher surprisal to DOM violations than to their correct counterparts: the mean
incorrect—correct difference is positive and highly significant for all seven models (all p < .001; Table 9,
Appendix B), and is largest for the monolingual Spanish GPT-2 (mean difference 4.26, t = 21.39).
When the difference is broken down by condition (Appendix B), however, the two simplest baselines
misbehave: both the n-gram and the from-scratch Transformer assign a negative difference in the
inan_def condition (—4.09 and —0.27 respectively, both p < .01) — i.e. they treat the correct marked
inanimate as more surprising than the incorrect unmarked one — whereas all four neural LLMs keep
the difference positive across conditions. A linear model of surprisal on the conditions confirms that
the inan_def contrast is the most consistently captured effect (significant for all models), while
affectedness interactions are mostly absent and emerge significantly only for the GRU and GPT-2
(Appendix B).

4.4. Model Surprisal: Correlation and Robustness

Table 11 reports how much each model’s surprisal improves the prediction of the human measures
over a surface-only baseline (log-likelihood gain). We stress that these are magnitude comparisons:
the procedure yields log-likelihood gains, not significance tests, so no p-values attach to them. Three
patterns stand out. (i) For offline acceptability the gains are an order of magnitude larger for the neural
LLMs than for the baselines, and largest for the Spanish GPT-2 (138.7 vs. a 85.1 baseline; n-gram only
3.5). (ii) For object reading times the ordering inverts: the from-scratch RNN and Transformer give the
largest gains (13.3 and 13.2), the n-gram essentially none (0.05), and the large LLMs less than the small



recurrent models. (iii) For the spillover region PP1 the from-scratch Transformer leads (9.0), while for
the distal PP2 the Spanish fine-tuned LLaMa and Qwen3 lead (8.5, 8.1). The robustness test (Appendix B)
shows that the experimental predictors retain explanatory power once surprisal is included, and that
GPT-2 absorbs the most grammatical structure in the offline data (it leaves the smallest residual gain for
the fixed effects, 67.2 vs. 85.1). A post-hoc analysis (Appendix B) regressing each model’s surprisal on
lexical frequency shows that GPT-2 is the only model whose surprisal is not significantly driven by
either object or verb frequency (object p = .787, verb p = .074), whereas the from-scratch Transformer
is the most frequency-driven (verb frequency ¢ = —10.92, p < .001). The full correlation table is
Table 11 (Appendix B).

5. Discussion

5.1. The Online Cost of a DOM Violation

Two facts about the human data fit together. Offline, a DOM violation is heavily penalised (5 = 2.03
for correctness, EMM gap —1.55 with the CI well clear of zero); online, the cost does not surface on the
object that carries (or lacks) the marking — the main effect of correctness on the object is not significant
(p = .132) — but appears one region later, as a reliable slowdown at PP1 (p < .001), and has faded by
PP2. We read this as a delayed-integration or spillover signature: readers detect the anomaly while
reading the object region, but the measurable consequence is displaced downstream, as is common
in self-paced reading. The violation is therefore not merely a metalinguistic dispreference; it has an
online correlate, but a temporally distributed one — evidence an offline choice task such as Heredero
and Garcia [6] cannot provide, and consistent with spillover dynamics for other argument-structure
anomalies [49].

5.2. Semantic Factors Interact rather than Trigger

The most informative part of the reading-time data is not any main effect but the interaction structure.
Affectedness modulates the violation cost in a condition-dependent way: on the object, the difference-
of-differences shows that low affectedness increases the violation cost relative to high affectedness
for animate-definite objects (+0.23, CI [0.03,0.44]) but decreases it for inanimate-definite objects
(—0.20, CI [—0.40, —0.01]). The first half of this pattern is broadly compatible with the affectedness
account, on which low affectedness weakens the pull toward marking and so should soften the cost
of mismatching it; the second half — a reversal for inanimates — is not predicted by current theories
and suggests that animacy and affectedness combine in a finer way than a single prominence scale
would imply. Definiteness contributes too: correctly marked animate-indefinite objects are the most
accepted configuration (correct1l:an_ind p < .001), the region of the system where marking is
variable but normatively expected. The recurring lesson is that DOM does not behave as a single
categorical trigger; the three factors jointly shape the penalty, and the interactions are visible only in a
controlled minimal-pair design.

The sociolinguistic result reinforces this. Catalan-Spanish bilinguals (and, more weakly, Latin-
American speakers) assign a significantly smaller penalty to violations than standard speakers (difference-
of-differences +1.37, CI [0.66, 2.08]). Because Catalan instantiates DOM differently and more variably,
this is naturally read as contact-driven convergence relaxing sensitivity to the prescriptive Spanish
norm [69].

5.3. What Model Surprisal Does and Does not Capture

At the coarsest level all seven models pass the coherence test, assigning higher surprisal to violations
(p < .001), but with two qualifications. First, the direction is not guaranteed for the weak models.
For inanimate-definite objects — where the correct form is the unmarked one and adding a is the
violation — the n-gram and the from-scratch Transformer reverse the expected sign: they assign higher



surprisal to the correct (unmarked) object than to the incorrect a-marked one (mean incorrect—correct
differences —4.09 and —0.27). These baselines are thus tracking surface co-occurrence statistics rather
than the grammatical norm, whereas the four neural LLMs keep the difference in the expected direction
(violation more surprising) across all three conditions.

Second, predictive power is strongly measure-dependent and does not track scale. For offline ac-
ceptability the multilingual LLMs and especially the Spanish GPT-2 dominate, with log-likelihood
gains several times the baselines’; without time pressure, models predict global preferability well.
For the online regions where semantics and spillover are decisive (object, PP1) the ordering inverts:
the small from-scratch models give the largest gains and the 8B-scale LLMs do worse, mirroring
the finding that larger, lower-perplexity models are not better — sometimes worse — predictors of
reading times [59, 60, 61, 63]. Crucially, good prediction is not sensitivity to DOM: most models’
surprisal is significantly frequency-driven, the exception being the Spanish GPT-2, which is at once
frequency-independent, the best offline predictor, and the model absorbing the most grammatical
structure. Specialisation on the target language, not scale, is what helps.

The upshot for our second research question is qualified. Model surprisal can stand in for the human
signal where that signal is global and offline, such as overall acceptability; it is far less reliable as a
proxy for the local, incremental, factor-specific effects observed in real-time reading. Concretely, a
model can rank whole sentences for grammatical preferability much as humans do, and yet still fail to
reproduce the way human readers weight animacy, definiteness and affectedness differently from one
region of the sentence to the next as it unfolds.

Two broader implications follow. Theoretically, the animacy x affectedness reversal we observe on
the object suggests that the contribution of verbal affectedness is not simply additive on top of nominal
prominence: its sign appears to depend on the animacy of the object, which a single one-dimensional
prominence scale cannot capture and which invites a more articulated account in which nominal
and verbal cues are weighted jointly. Methodologically, the dissociation between offline and online
predictability is a caution for the increasingly common practice of using LLM surprisal as a stand-in
for human judgements: a model can look excellent on an aggregate, time-insensitive measure (here,
acceptability, where the Spanish GPT-2’s log-likelihood gain is several times the baseline’s) while failing
to reproduce the incremental, factor-specific signal that the same phenomenon produces in real-time
reading. Researchers who adopt surprisal as a proxy should therefore match the measure to the question,
and should not assume that a larger or lower-perplexity model is the safer choice — for a typologically
specific phenomenon in a single language, a smaller monolingual model may be both more faithful and
more interpretable.

5.4. Relation to the Predictions and Limitations

Relative to the hypotheses, the predicted penalty for violations is confirmed for acceptability and, in
displaced form, for reading times; the predicted attenuation for indefinite and [-affected] objects holds
only in some configurations and reverses in others; and the smaller penalty for Catalan bilinguals is
clearly supported. The main limitations are the modest sample (17 participants) and the need to drop
by-item random effects for convergence, both of which constrain item-level generalisation; a sensitivity
analysis without the one influential participant (523) nonetheless left the estimates stable. A more
substantive direction for future work concerns ecological validity: by design the items prioritise tightly
controlled semantic contrasts over naturalness, so an obvious next step is to test whether the same
effects hold with more natural, contextually richer materials — and with a larger, more varied participant
pool that would also support by-item modelling and a direct test of whether the animacy x affectedness
reversal replicates.

6. Conclusion

We combined an online self-paced reading and acceptability experiment on Spanish DOM with a
comparison of object surprisal from seven language models. Three conclusions emerge. First, DOM is a



grammatically and cognitively real constraint: its violation is reliably penalised in acceptability and
slows reading downstream of the marked object (spillover). Second, its semantic determinants do not
act uniformly — definiteness, animacy and affectedness jointly modulate the violation cost and interact
in ways that sometimes diverge from standard predictions, notably the reversal of affectedness between
animate- and inanimate-definite objects — so DOM is better modelled as several interacting dimensions
than as a single trigger. Third, model surprisal is informative but selective: all models flag violations as
more surprising, yet they capture global offline preferability far better than the local, incremental effects
that drive human online processing, and a monolingual Spanish GPT-2 outperforms larger multilingual
models where DOM correctness is central. Models can thus approximate, but not yet replace, human
data for probing the fine determinants of DOM.
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Table 3
Offline acceptability CLMM: full fixed effects.

Term 153 SE z P
correct1l 2.031 0.348 5.834 < .001 ***
obj_freq 0.105 0.049 2.137 .033 *
verb_freq 0.184 0.070 2.630 .009 **
correct0O:an_ind 0.386  0.248 1.557 119
correctl:an_ind 0.977 0.264 3.700 < .001 ***
correct0O:inan_def —0.434 0.257 —1.686 .092
correctl:inan_def 0.295 0.248 1.187 .235
correctO:catalan 1.024 0.443 2.312 .021°*
correctl:catalan —0.349 0.442 —0.788 .430
correct0O:latin 0.648 0.560 1.157 .247
correctl:latin —0.331 0.566 —0.584 .559
correctO:affectedl —0.454 0.274 —1.655 .098
correctl:affected1 —0.720 0.277 —2.602 .009 **

Table 4
Acceptability: emmeans contrasts (incorrect — correct), 95% Cl. Difference-of-differences vs. the reference
level given in italics.

Grouping  Level Estimate 95% Cl
Overall — —1.55 [-1.86,—1.24
an_def -1.11 [-1.61,-0.62
Condition an_ind —-1.70 [-2.23,—-1.18
inan_ def —1.84 [-2.33,-1.35
A an_ind — an_def —0.59 [—1.39,0.21
inan_def — an_def —0.73 [—1.50,0.04
standard —2.34 [-2.81,—1.86

latin -1.36 [-2.01,-0.71

catalan — standard 1.37 [0.66,2.08
latin — standard 0.98 [0.07,1.89

—affected -1.69 [-2.11,-1.26
+affected —1.42 [-1.83,-1.01

A +aff — —aff 027  [~0.29,0.82

A

Affected

|
]
]
]
]
]
]
Origin catalan —0.96 [-1.39,—0.54]
]
]
]
|
]
]




Table 5
Object reading-time LMM: full fixed effects (log RT).

Term 8 SE t P
(Intercept) 6.330 0.203 31.187 < .001***
live_row —0.004 0.001 —4.193 < .001 ***
object_len 0.034 0.007 4.673 < .001 ***
correct0 —0.191 0.126 —1.510 132
cl:std —0.053 0.224 —0.236 .816
cO:std —0.047 0.225 —0.211 .835
cl:cat —0.277 0.224 —1.237 231
cO:cat —0.070 0.225 —0.310 .760
cl:an_ind —0.020 0.123 —0.159 .874
cO:an_ind 0.258 0.129 2.005 .045 *
cl:inan_def —0.179 0.120 —1.487 137
c0:inan_def 0.212 0.125 1.690 .091
cl:affo —0.094 0.068 —1.382 .167
c0:affo 0.139 0.071 1.962 .050
cl:std:an_ind —0.021 0.135 —0.152 .879
cO:std:an_ind —0.228 0.143 —1.601 .110
cl:cat:an_ind 0.041 0.135 0.303 762
cO:cat:an_ind —0.181 0.142 -1.271 .204
cl:std:inan_def 0.003 0.132 0.025 .980
c0:std:inan_def 0.058 0.137 0.421 674
cl:cat:inan_def 0.245 0.132 1.862 .063
cO:cat:inan_def —0.189 0.137 —1.373 .170
cl:an_ind:aff0 0.025 0.098 0.250 .803
cO0:an_ind:aff0 —-0.212 0.102 —2.088 .037*
cl:inan_def:aff0 0.137 0.095 1.444 .149
cO:inan def:affo0 —0.298 0.099 —-3.024 .003 **

Table 6
PP1 and PP2 reading-time LMMs: full fixed effects (log RT).
Reg. Term 15} SE t D
(Intercept) 7.240 0.078 93.354 < .001 ***
PP live_row —0.002 0.001 —3.457 .003 **
correctO 0.063 0.016 3.920 < .001 ***
obj_freq 0.008 0.004 1.985 .048 *
(Intercept) 7471 0.055 134.864 < .001 ***
live_row —0.002 0.001 —4.338 < .001***
correct0 —0.061 0.045 —1.376 .169
cl:an_ind —0.034 0.042 —0.813 417
cO:an_ind 0.060 0.044 1.350 A77
PP2 ci1:inan_def 0.058 0.044 1.302 .193
cO0:inan_def 0.062 0.044 1.408 .160
cl:affo 0.031 0.044 0.710 478
c0:affo 0.091 0.045 2.035 042 *
cl:an_ind:affo —0.090 0.063 —1.418 157
cO:an_ind:affo —0.153 0.064 —2.377 .018 *
cl:inan_def:affo —0.097 0.061 —1.597 A11

cO:inan_def:affo —0.037 0.062 —0.603 .b47




Table 7
Object reading-time emmeans (incorrect — correct) by condition and affectedness, 95% Cl, and the
affectedness difference-of-differences.

Condition Affected Estimate 95% Cl
an_def + ~0.12  [-0.27,0.03]
an_ind + 0.01 [—0.13,0.16]
inan_def + 0.14 [0.00, 0.29]
an_def - 0.11 [—0.03, 0.26]
an_ind - 0.01 [—0.15,0.17]
inan_def - —0.06 [—0.20,0.08]
A (an_def) 0.23 [0.03,0.44]
A (an_ind) 0.00  [-0.21,0.21]
A (inan_def) —0.20 [-0.40,—0.01]

Table 8
Descriptive reading-time means (ms) per sentence type, and data exclusions per region. c: 1 = correct, 0
= violation. “*type” = prescriptively incorrect.

Type ¢ Object PP1 PP2

605.7 1438.8 1710.0
573.7 1408.8 1530.4
049.2  1467.5 16474
604.2 1533.1 1638.9
573.5 1496.4 1628.1
580.5 1554.8 1697.5

an. def. marked

an. indef. marked
inan. (def.) unmarked
*an. def. unmarked
*an. indef. unmarked
*inan. (def.) marked

OO OO O = M M




B. Supplementary Language Model Tables

Model labels: n-gram (KenLM), GRU and Transformer (from scratch), GPT-2 (monolingual Spanish),
LLaMa 3.1 8B, Qwen3 8B, LLaMa (Spanish fine-tuned). The from-scratch baselines were evaluated
without two out-of-vocabulary items.

Table 9
Coherence test: mean object-surprisal difference (incorrect — correct) per model, one-sample t-test. All
differences positive and significant.

Model Mean diff. t P
n-gram (KenLM) 294 556 <.001***
GRU (from scratch) 0.38 9.83 < .001 ***
Transformer (scratch) 0.63 8.18 < .001***
GPT-2 (Spanish) 4.26 21.39 < .001***
LLaMa 3.1 8B 2.21 15.28 < .001 ***
Qwen3 8B 3.48 12.71 < .001 ***
LLaMa (Spanish ft.) 2.74 1195 <.001 ***

Table 10
Coherence test by condition: mean surprisal difference (incorrect — correct) per model, one-sample
t-test. Negative values (in bold) indicate that the model treats the correct variant as more surprising.

Model Cond. Mean diff. t P
an_def 6.52 14.19 < .001 ***
n-gram an_ind 6.72 11.66 < .001 ***
inan_def —-4.09 -845 < .001***
an_def 0.20 2.86 .007 **
GRU an_ind 0.57 8.73 < .001 ***
inan_def 0.39 6.87 < .001***
an_def 0.83 9.38 < .001 ***
Transf. an_ind 1.38 17.04 < .001 ***
inan def —-0.27 —-3.27 .002 **
an_def 5.00 13.89 < .001 ***
GPT-2 an_ind 4.33 14.18 < .001 ***
inan_def 3.46 10.37 < .001 ***
an_def 2.38 11.88 < .001 ***
LLaMa an_ind 2.65 9.31 < .001 ***
inan_def 1.62 6.77 < .001 ***
an_def 4.57 9.54 < .001 ***
Qwen3 an_ind 4.24 9.18 < .001 ***
inan_def 1.67 4.67 < .001***
an_def 3.62 9.19 < .001***
LLaMa ft. an_ind 3.26 7.61 < .001***
inan_def 1.38 4.94 < .001 ***

Missing items per model (%). n-gram 0.0; GRU 4.0; Transformer 4.0; GPT-2 7.4; LLaMa 7.4; Qwen3
7.4; LLaMa ft. 7.4. Coherence linear model: regressing each model’s surprisal on condition (and its
interactions) confirms the patterns described in Section 4.



Table 11

Correlation test: log-likelihood gain from adding each model’s object surprisal to the surface-only
baseline, by human measure. Descriptive magnitude comparisons, not significance tests (no p-values).
base = surface-only reference.

Model Offline Object PP1  PP2
base 85.07 17.33 7.59 5.87
n-gram 3.51 0.05 0.13 0.26
GRU 44.28  13.28 6.06 1.08
Transformer 46.02  13.17 9.05 1.01
GPT-2 (Spanish) 138.71 6.45 4.72 7.16
LLaMa 3.1 8B 133.89 8.22 134 7.07
Qwen3 8B 133.93 6.13 0.97 8.10

LLaMa (Spanish ft.) 128.95 9.28 2.16 8.49

Table 12
Robustness test: log-likelihood gain from the experimental fixed effects once each model’s surprisal is
included (descriptive magnitude, not a significance test). base = surface-only reference.

Model Offline  Object PP1  PP2
base 85.07 17.33 7.59 5.87
n-gram 82.03 17.556 749 5.65
GRU 84.42 18.26 6.63 6.16
Transformer 82.24 1831 4.62 5.81
GPT-2 67.22 17.71 3.84 5.51
LLaMa 71.48 17.33 6.26 5.59
Qwen3 72.27 17.41 6.66 5.14
LLaMa ft. 76.44 17.84 559 4.81

Table 13
Post-hoc: each model’s object surprisal regressed on object and verb (negative-log) frequency. GPT-2 is
the only model with no significant frequency effect. The n-gram (sentence-level only) is excluded.

Model Predictor I} t P
GRU object_freq 0.01 0.77 442
verb_freq —0.09 —6.89 < .001 ***

Transf object_freq —0.05 —2.76 .006 **
’ verb_freq —-0.24 —-10.92 < .001 ***

: object_freq 0.02 0.27 87
GPT-2 verb_freq 0.17 1.79 .074
object_freq —0.01 —0.17 .868

LLaMa verb_freq —-0.19 —-3.12 .002 **
Qwen3 object_freq 0.05 0.71 475
verb_freq —0.18 —-2.13 034~

object_freq 0.25 3.72 < .001***

LlaMaft. | ' freq 017 214 033 *




C. Experimental Item Set

The 50 experimental items are listed below in their base form (subject, verb, human-object/inanimate-
object, locative PP, temporal PP); each was realised in six variants crossing animacy, definiteness and
DOM marking.

[+affected] items.

o Juan golpeé actriz/piedra en la calle en diez segundos

« Carlos asalt6 conductora/camioneta en el barrio en pocos instantes

« Simon pateo jugadora/pelota en la cancha en un instante

« Pablo secuestro turista/camioneta en el aeropuerto durante una hora

« Jorge arrollo ciclista/valla en la calle en un segundo

« Manuel abrazé sefiora/planta en el parque en pocos instantes

« Francisco bes6 novia/cruz en la iglesia durante unos segundos

« Tomas empujo vieja/silla a la puerta en pocos segundos

« Helena colgé criminal/fotografia en el patio en cinco minutos

« Carlos quemo bruja/pagina en la plaza en pocos minutos

+ Mateo eliminé rehén/carpeta en el banco en pocos segundos

« Valeria neutraliz6 criminal/bomba en la frontera en cinco minutos

+ Paula abati6 contrincante/resistencia en el ring en pocos minutos

« Martina atropellé anciana/carreta en el aparcamiento en pocos minutos
« Carlos derriboo futbolista/barrera en el campo durante el partido

o Lucia destroz6 oponente/mesa en el bar en diez minutos

« Valentina vencioé adversaria/resistencia en la guerra en dos afios

« Luis zarandeé mujer/mufieca en la casa durante algunos minutos

« Maria transporté mochilera/guitarra en la furgoneta durante un dia

« Lucas arrastr6 victima/carreta en la calle por un tiempo

« Claudia maltraté compariera/camiseta en la casa durante varios afios
« Hugo apaleé rebelde/murieca en la calle durante varios minutos

+ Carla asedio contrincante/ciudad en la region durante bastante tiempo
+ Daniel remolcé enferma/motocicleta en la calle durante algunos minutos
« Coral guio turista/decision en el palacio en una hora

[-affected] items.

« Pedro observo secretaria/planta en la oficina durante una hora

« Juan escuché vecina/alarma en el balcon durante una noche

+ Felipe anuncié cantante/actuacion en el escenario en cinco minutos
+ Anna comprendié maestra/tarea en la escuela en dos minutos

« Alfonso miré granjera/estrella en la colina durante dos horas

« Carlos espero profesora/furgoneta en la esquina durante una hora
+ Miguel recibio invitada/caja en la casa en un dia

« Martin buscé médica/escalera en el hospital durante dos horas

« Marco imaginé amiga/fiesta en la playa durante dos minutos

+ Carmen odié vendedora/maisica en el cine durante la pelicula

« Carlos vigilé nifia/operacion en la habitacion durante unas horas

« Irene 0y nifia/discusion en la sala durante una noche

» Isabel vio estudiante/tormenta desde su ventana durante una mafiana
« Unai amo jovencita/vida en su pueblo durante varios afios



+ Valeria admiré cantante/escenografia en el teatro durante el concierto
« Adrian percibi6 mujer/sombra detras de él durante algunos minutos

« Emma investigo empresaria/epidemia en la ciudad durante varias semanas
« Ismael encontro conocida/dificultad en la carretera en pocas horas

« Sofia conocié chica/verdad en el colegio en dos dias

« Martin detecté intrusa/enfermedad en el hospital en dos minutos

« Elena localizé amiga/bodega en la ciudad en dos minutos

« Alejandro identifico agresora/amenaza en el aeropuerto en dos horas
+ Marta descarto aspirante/sospecha en la seleccion en un dia

« Samuel descubrio infiltrada/tabla en el museo en pocas horas

+ Alba mencioné actriz/ciudad tras varios minutos

D. Online Resources

The scripts and data used in this paper are available via GitHub.


https://github.com/giorgiosciamanna/dom-spr-spanish.git
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