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Abstract

This paper analyzes the linguistic competence of Large Language Models (LLMs) regarding Differential Object
Marking (DOM) in Spanish. Through the creation of two specific multiple-choice datasets, the performance of
17 state-of-the-art models is evaluated in both obligatory and optional DOM contexts. Results from the first
experiment indicate that most models successfully handle obligatory structures, achieving near-perfect precision.
However, in optional contexts, significant variability is observed: models show uneven sensitivity to semantic
factors such as animacy, definiteness, and agentivity. Furthermore, a tendency is identified in smaller-scale models
toward a simplified or excessive use of the prepositional marker. This work underscores the need for fine-grained
linguistic analysis to understand how artificial intelligence reproduces complex and gradient phenomena of the
Spanish language.
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1. Introduction

The rapid development of Large Language Models (LLMs) has intensified the need to evaluate their
linguistic capabilities systematically, in order to understand how they function and, in particular, to
guide their improvement. However, these models tend to reproduce various biases derived both from
the data on which they have been trained and from the corpus construction processes used. For example,
the models in the MarIA project (RoBERTa-base, RoBERTa-large, GPT-2, GPT-large-bne) were trained
on data from the Spanish National Library, whose main variety is Peninsular Spanish [1, p. 631]. The
overrepresentation of certain varieties or registers in training data can be reflected in disproportionately
frequent linguistic patterns in model-generated texts. An illustrative example is the excessive use of the
word “delve” in texts generated by ChatGPT. Although uncommon in everyday English, it has become
recurrent in recent scientific articles, possibly due to the influence of English used by subcontracted
annotators in countries such as Nigeria, where this term is more habitual [2].

Despite these possible biases, the language generated by current models has managed to achieve
a high degree of grammatical correctness and fluency, which means that many of their deviations
easily go unnoticed by users. In this vein, the TELEIA benchmark [3] introduces a set of tests designed
specifically to evaluate linguistic knowledge of Spanish in language models, indicating that, although
models show good general performance, they still exhibit limitations in more specific grammatical and
lexical aspects of the linguistic system. Consequently, evaluating these systems requires going beyond
general comprehension or text generation tests and moving toward finer-grained analyses of specific
linguistic phenomena. Previous works have studied LLM behavior on different grammatical phenomena,
such as dative alternation [4], disjunctions [5], or sociolinguistic characteristics [6]. Recently, datasets
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in various languages have been published compiling minimal pairs or annotated with acceptability
judgements [7, 8, 9, 10]. Accordingly, other works have inquired into LLM notions of grammaticality
and whether their grammaticality preferences align with human judgements [11, 12, 13]. In this work
we analyze LLM preferences for Differential Object Marking (DOM).

DOM is a grammatical phenomenon whereby some languages explicitly mark certain direct ob-
jects depending on some of their semantic and referential properties, such as animacy, specificity or
definiteness [14], and on various semantic factors of the verb (telicity, affectedness and agentivity).

In Spanish this phenomenon manifests itself through the preposition a before the direct object,
especially when it refers to human or highly animate entities. While in a sentence such as Vi el coche no
marker appears, in Vi a Maria the presence of a indicates that the direct object is human. However, this
behavior is not completely categorical: DOM is a gradient, context-sensitive phenomenon [15, 16, 17].
In Spanish, moreover, its distribution shows dialectal variation and ongoing change processes [18],
which makes it particularly interesting for LLM evaluation. To the best of the authors’ knowledge, no
previous work has specifically addressed LLM preferences for DOM in Spanish.

In this context, this work analyzes how language models handle DOM in Spanish. It seeks to answer
two main questions: (1) whether LLMs use DOM systematically in contexts where Spanish grammar
requires it, and (2) whether these models are sensitive to the linguistic factors conditioning its appearance
in optional contexts (Busco (a) un ayudante que sepa inglés).

2. Objectives and Hypotheses

To answer the questions raised, this study has as its main objective to analyze the use of DOM in the
Spanish generated by LLMs. It seeks to determine:

« Whether models use DOM systematically in obligatory contexts, evaluating their ability to
correctly reproduce the grammatical patterns required by Spanish.

« Whether language models show sensitivity to the linguistic factors (animacy, definiteness, telicity,
affectedness, agentivity) conditioning DOM in optional contexts, comparing their behavior with
the use observed in the literature for human speakers.

Two hypotheses are proposed. The first is that LLMs will reproduce DOM consistently in obligatory
contexts, showing a high degree of grammatical correctness as a result of the training process. The
second is that in optional contexts, models will show less sensitivity to the linguistic factors conditioning
DOM, tending to generate more uniform or simplified patterns than those observed in human speakers.

3. Methodology

This section briefly presents the methodology used in the study, describing the datasets created, the
models evaluated, and the procedure used.

3.1. Dataset

Two datasets' in multiple-choice test format were created to study the use of DOM in LLMs, a common
and reproducible method for evaluating models [19] and for ranking them in leaderboards according to
their performance on different tasks [20].

Since five semantic categories were to be evaluated (Table 1), both datasets are composed of 32
sentences balanced for each category, designed as a binary category matrix in which each feature is
coded as either present (1) or absent (0). The first dataset was designed to observe LLM performance
in relation to general DOM use. Each question presents two possible options (A and B), one of which
corresponds to the grammatically appropriate use of the direct object marker. The second dataset
was constructed by selecting only those sentences in which DOM is optional. For these sentences,

'https://zenodo.org/records/20628671


https://zenodo.org/records/20628671

both answer options (A and B) can be considered grammatically correct. This set allows analysis of
model preferences in variation contexts, where grammar admits both the presence and absence of the
marker, and observes whether LLMs show systematic tendencies toward one of the two alternatives.
The semantic categories analyzed are summarized in Table 1.

Table 1
Semantic categories analyzed. Examples from Torrego [15].

Category Explanation Example

Animacy/Agent  Animate (human/animal) or reactive referent.  Encontraron a un montariero. / El acido afecta
(a) los metales.

Definiteness Specific and known (definite) or non-specific  Trajeron al policia con ellos.
referent

Telicity Event with a defined endpoint Maria insulté a un comparnero.

Affectedness Object undergoes a change as result of the  Golpearon a un extranjero.
action

Agentivity Subject acts with intention, control and voli-  Este abogado escondié a muchos prisioneros /
tion Esta montaria escondié (*a) muchos prisioneros.

The prompt used for both tests was the same in order to maintain consistent experimental conditions
between the two datasets. In each case, models were asked to select the option they considered most
natural among the alternatives provided. The prompt used was:

“Complete the following sentence in the way that feels most natural to you. Stick to the given
options only.”

In this way, models were asked to choose between the two proposed options (A and B) based on their
linguistic preference, without generating additional text or reformulating the sentence. This format
allows for a direct comparison of model choices regarding the presence or absence of DOM.

Furthermore, all sentences used in the tests were manually selected, produced and reviewed by three
expert linguists, guaranteeing the quality and relevance of the items included in the datasets. The
creation and review process involved multiple rounds of discussion, during which any sentences that
raised doubts or disagreements were revisited and debated on successive occasions until a consensus
was reached and the dataset was refined accordingly.

3.2. Models

To obtain responses, 17 state-of-the-art LLMs representative of the state of the art at the beginning of
2026 were selected. The selection was made following criteria of architectural diversity and market
representativeness, in order to obtain a global overview of DOM handling in current artificial intelligence.
It should also be noted that no models specifically trained in Spanish were selected, as the aim was to
obtain a general overview of DOM handling across the models currently available on the market.

First, models from the most used families were included, such as GPT-5 (OpenAl), Gemini 3.1
(Google), and Claude 4.5/4.6 (Anthropic). These “frontier” models allow evaluation of the upper bound
of grammatical competence in Spanish. Second, a group of Chinese-developed models was incorporated—
DeepSeek-v3.2, Qwen 3.5 (Alibaba), GLM-5, and Kimi-k2.5—to observe whether there are biases or
differences in the treatment of Romance languages in models whose main training may differ from the
Western standard. Finally, two models from the Mistral family were included to represent European
models.

Within each developer and model family, versions of different sizes and capacities were included
(Pro, Mini, Lite or Nano versions), which will allow analysis of whether parameter scale and model
optimization influence sensitivity to the linguistic factors governing DOM. The details of the model
versions evaluated are summarized in Table 2.2

The exact OpenRouter identifiers follow the {developer}/{model} format (accessed March 17, 2026).



Table 2
Models evaluated.

Developer Model

OpenAl gpt-5, gpt-5-mini, gpt-5-nano, gpt-5.4

Google gemini-3.1-pro-preview, gemini-3.1-flash-lite-preview
Anthropic claude-opus-4.6, claude-sonnet-4.6, claude-haiku-4.5
DeepSeek deepseek-v3.2

Alibaba qwen3.5-397b-a17b, qwen3.5-35b-a3b, qwen3.5-plus-02-15
Z-Al glm-5

Moonshotai  kimi-k2.5

Mistral mistral-large-2512, mistral-small-creative

3.3. Implementation

During implementation, the standard procedure for language model evaluation was followed. The
prompts and questions previously defined in an Excel file were extracted and sent to each model via the
OpenRouter API, which acts as an intermediary between providers, avoiding the particularities derived
from each platform. Specifically, models were queried directly with the question without providing
task examples, known in the literature as zero-shot [21]. This decision was taken because examples can
introduce biases in responses. Moreover, in our case they are not necessary, since the task is sufficiently
clear for current models. As is customary in model evaluation, temperature was set to 0 to facilitate
reproducibility of results [22].

For the analysis of responses, an automatic process was carried out to extract the chosen option and
enable statistical analysis. Each question was sent independently, so that no question influenced the
rest in any way. There were cases for which models gave more extensive explanations in addition to
the option. In these cases this text was also reviewed in order to verify and understand the reasons
for their choice. To avoid any extraction issues, all results were also manually verified. Ambiguous or
contradictory responses were resolved through this manual review process.

The questions, prompts, results, and the code used are available online for public access and replica-
tion.

4. Discussion of Results

The results obtained for each of the datasets are presented and discussed below.

4.1. Dataset 1: Obligatory DOM

In this first experiment, the performance of the different models in the use of DOM was evaluated.
Figure 1 presents the accuracy results obtained on this first dataset. It can be observed that most models
achieved perfect accuracy, while three of them recorded a single error. These results suggest that, in
general terms, this is a relatively simple task for this type of system.

The only exception corresponds to the creative writing model from Mistral Al, which presented five
errors, achieving an accuracy around 80%. Unfortunately, no detailed public information is available for
this model; therefore, it is difficult to draw firm conclusions. However, it is possible that this creative
approach influences the results, favoring freer constructions that could lead to this type of error.

Carrying out a more detailed analysis of the errors, no common patterns are generally observed
among the failures. However, interestingly in the case of the sentence: Juan acaricia lentamente ___. A)
el gato B) al gato, two models from the same family, GPT-5.4 and GPT-5 Nano, did make the same error.
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Figure 1: Accuracy of models in the use of DOM in obligatory contexts; above the bars, cost of each model in
USD per million tokens. (First Experiment)

4.2. Dataset 2: Optional DOM

Once the good performance of these models on obligatory DOM had been confirmed, the decision
was made to analyze behavior when DOM is optional. In addition, the different semantic categories
explained in Table 1 were considered. Figure 2 shows the models’ preference for the presence or
absence of the marker in their choices. Two groups are apparent: on the one hand, models that clearly
prefer the presence of DOM; and on the other, models that fall at an intermediate point. This latter
group is made up of the GPT models and the largest Gemini model. Interestingly, Claude Opus from
Anthropic, the model most similar to these, does not obtain a similar result and DOM use clearly
predominates. Furthermore, it is interesting that in these models, with the exception of GPT-nano, as
model size decreases, preference for DOM use increases, as can be seen in models such as GPT-5 Mini,
Gemini 3.2 Flash, or Claude Haiku. The latter tends to always use DOM. On the other hand, the Mistral
Creative model, which in the previous test had obtained the worst accuracy, does not show results very
different from those of Mistral Large. Finally, models from Chinese companies do not show a different
functioning from Western models: their results are similar to those observed in GPT-5 and Gemini,
except for DeepSeek, which more closely approximates the behavior of Anthropic models.
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Figure 2: Percentage of choices for options A (no DOM) and B (DOM) by model in the optional DOM benchmark.

On the other hand, Figures 3-7 show these same results considering the different semantic categories.
Among them, animacy is the variable that presents the clearest relationship with DOM use. As observed
in Figure 3, when the sentence does not present animacy, models tend to prefer the absence of DOM,



except for Haiku, due to its strong bias toward its use, while when animacy is present, most opt to
employ it, as do real Spanish speakers [15].

Other variables show a smaller influence. Agentivity and definiteness also affect the choice, although
in a more moderate way: when these features are absent, the absence of DOM predominates, while
their presence favors its use in most models. Finally, in the case of affectedness and telicity, the results
are not so clear. Although many models follow the same general tendency, some exceptions appear,
such as in the GPT-5, GPT-5.4, and Gemini models for affectedness, or in models such as GPT-5 Nano,

GPT-5.4, and the Qwen models for telicity.
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Figure 3: Percentage distribution of responses (A/B, no DOM/DOM) by model according to the animacy feature.
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Figure 6: Percentage distribution of responses (A/B, no DOM/DOM) by model according to the telicity feature.
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feature.

5. Conclusions

The results of this work allow several fundamental conclusions to be drawn about the behavior of LLMs
with respect to DOM in Spanish.

First, the first research hypothesis is confirmed: current LLMs present a high degree of grammatical
correctness in contexts where DOM use is obligatory. Most evaluated models achieved perfect accuracy
on the first dataset, suggesting that basic normative structures have been successfully internalized



during training. The few exceptions, such as the Mistral Creative model, could be due to a prioritization
of narrative fluency over grammatical rigor.

Second, regarding the second hypothesis, model behavior becomes significantly more inconsistent in
optionality contexts. LLMs do not exactly replicate the contextual sensitivity of human speakers but
show divergent preferences. While some models maintain a balance between the presence and absence
of the marker, others present a marked bias toward constant use of the preposition “a”.

Third, the analysis by semantic categories reveals that animacy is the factor that most clearly
conditions the choices of the models. When the referent is animate, most opt to use DOM; when it is not,
they tend to omit it. However, other factors such as definiteness, agentivity, telicity, and affectedness
show a much more moderate and variable influence depending on the model analyzed.

Finally, a pattern related to model scale is identified: smaller versions (such as the “Mini” or “Haiku”
variants) tend to simplify the phenomenon by increasing the preference for DOM use compared to their
larger versions.

These findings underscore that, although LLMs are powerful tools for text generation, they still
have limitations in capturing the gradient and complex nature of specific linguistic phenomena of the
Spanish language.

6. Limitations

This study presents several limitations that should be considered in order to contextualize the results
obtained:

« Scope of dialectal varieties: although it is acknowledged that DOM presents dialectal variation
and ongoing change processes, the datasets focused on general semantic categories without
delving into specific differences between varieties of Spanish.

« Restriction of the evaluation format: the research was based exclusively on multiple-choice
tests with two alternatives (A and B). This format, while useful for statistical analysis, does not
necessarily reflect model behavior in free text generation tasks or real communicative contexts.

+ Opacity in model architecture: 17 state-of-the-art models were evaluated, but the lack of detailed
public information about some of them, such as Mistral AI’s creative writing model, makes it
difficult to draw definitive conclusions about the exact causes of their errors or biases.

« Prompting methodology: the study used a zero-shot configuration to avoid example-induced
biases. However, results could vary if few-shot techniques were employed or if the prompt used
to request the natural response were modified.

« Interaction of semantic factors: the analysis was conducted evaluating sensitivity to isolated
features such as animacy, definiteness, or agentivity predominantly. In real language use, these
factors typically interact in complex ways, constituting a gradient phenomenon difficult to fully
capture in a controlled experimental setting.
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