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Abstract
Recent advances in NLP have shown that analysing documents using LLMs in pragma-discursive tasks benefits
from the integration of explicitly modelled knowledge. In this paper, we investigate this approach on the Entity
Framing task, which aims to characterise how an entity is portrayed in a document through linguistic and
narrative choices. We test six LLMs of varying sizes under zero-shot and KG-enhanced settings, and demonstrate
that a straightforward integration of structured knowledge does not necessarily improve performance, but that it
can significantly impact the decision process of some models, depending on the knowledge integration strategy
and model size.
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1. Introduction

Media narratives shape how the general public perceives events and social actors, depending on how
these are discursively construed. This process of constructing and disseminating a particular perspective
on reality through language is known as framing. In particular, we refer to entity framing as the way
social actors are portrayed within a text through specific linguistic and narrative choices. Framing is
a particularly complex phenomenon to detect and analyse computationally [1], as it is instantiated
through subtle discursive devices, such as word choice and topic selection.

In Fiumanò et al. [2], we investigate how framing-relevant signals can be extracted from text and
structured as a Knowledge Graph (KG) representation, enabling query-driven analysis of framing
patterns. A qualitative case study showed that the knowledge encoded in the KG successfully supports
both event-centric and entity-centric framing analyses. However, this SPARQL-driven approach requires
considerable manual effort, both in query design and in the interpretation of results, limiting its
scalability.

In this work, we address this issue by evaluating the capabilities of Large Language Models (LLMs)
for multilingual entity framing analysis, leveraging their broad textual and extra-textual knowledge
alongside their multilingual capabilities. Our hypothesis is that, if the frame-semantic knowledge
encoded in the KGs supports framing analysis when manually inspected by a domain expert, an LLM
provided with the same knowledge should benefit from it and perform this analysis automatically. Our
hypothesis is consistent with prior work showing that injecting ad-hoc, structured knowledge can
guide LLM predictions toward more sound and theory-grounded outputs [3, 4]. Building on this insight,
we evaluate the role that triple injection plays in the task of fine-grained entity role classification
across a five-language entity framing benchmark [5], using target knowledge encoding frame-semantic
information. To this end, we compare LLM performance under two settings: a baseline setting, where
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Figure 1: Example of the knowledge injection pipeline for a single entity mention (the Russian president ). In the
baseline (1) setting, only the raw text is provided to the LLM. In the KG-enhanced setting (2), the text is first
parsed to extract semantic frames and frame elements (i), automatically structured into a KG (ii), and filtered to
retain only salient, entity-centric triples (iii), before being injected into the prompt.

only the plain text is provided as input, and a graph-enhanced setting, where the text is accompanied
by its KG representation, constructed following the DORIS ontology presented in Fiumanò et al. [2].
Since both the selection and the verbalization of structured knowledge are known to substantially affect
model behaviour, we do not test a single KG-enhanced configurations: we compare three knowledge
injection strategies of increasing specificity, from all salient triples to verbalised entity-centric ones.
The pipeline is illustrated in Fig. 1. To thoroughly investigate the role of external knowledge, we test six
LLMs (Gemma, Mistral and Qwen) from three families at two size regimes: small, under 8B parameters,
and medium, under 30B parameters.

Through our experiments, we address the following research questions:

• RQ1: To what extent does injecting structured, frame-semantic knowledge improve LLM perfor-
mance on multilingual entity framing, and does this vary across languages, injection strategies
and model sizes?

• RQ2: How does knowledge injection affect model behaviour in terms of stability across runs and
consistency with baseline predictions?

Our results demonstrate that knowledge injection yields broadly comparable performance overall,
though with variation across model sizes and languages. In the KG-enhanced setting, performance
improves for four out of six models on English and Bulgarian, while results are mixed for Hindi,
Portuguese, and Russian.

To further probe how KG-injection affects model behaviour, we estimate the entropy of each model’s
role distribution given an entity in a text. Smaller models, such as Mistral 7B, exhibit higher answer
uncertainty, i.e., less consistency across runs. We then compute the Hellinger distance between the
probability distributions estimated from the baseline and KG-enhanced settings, to quantify how much
structured knowledge influences model predictions, independently of their correctness with respect
to the gold standard. Results show that smaller models are more strongly affected by triple injection,
producing substantially different answers, whereas larger models show convergence between KG-
augmented and baseline predictions. Finally, we conduct a qualitative analysis of the highest-entropy
model to characterise in what way knowledge injection influences predictions, and to assess to what
extent it affects interpretability and groundedness in input information.

We summarise our contribution as follows:

• We evaluate the impact of injecting ad-hoc, structured knowledge in LLMs for multilingual
entity framing analysis across five languages and six models of varying sizes, comparing three
knowledge injection strategies of increasing specificity;

• We perform an entropy analysis over repeated runs, together with a distributional distance
measure between baseline and triple-augmented settings, showing how triple injection affects
model uncertainty and prediction stability;



The rest of this paper is structured as follows: Section 2 reviews related work on computational
approaches to framing analysis and entity role labeling. Section 3 describes the dataset used for the
entity framing task. In Section 4, we describe how multilingual texts from the benchmark are structured
into KGs. In Section 5, we present the task and our experimental setup, including prompts, evaluation
settings, and knowledge injection techniques, and report results for role classification, prediction
entropy and distributional distance between settings. We then discuss our findings in Section 6. Finally,
Section 7 summarizes our contributions.

2. Related Work

Computational approaches to media framing have traditionally operated at the document level, formal-
ising the task as single-label classification over a fixed frame inventory and relying on lexical or topical
signals distributed across the article [6, 7, 8]. Because the unit of prediction is the article as a whole,
this formulation does not model the participants through which a frame is realised.

Entity role labelling addresses this limitation by characterising entities according to their function
in the narrative. For example, Gomez-Zara et al. [9] identify salient entities in news articles and
classify them as heroes, villains, or victims using named-entity recognition and lexical and syntactic
heuristics. Alleviating the need for effective heuristics, Frermann et al. [10] propose to frame the task
as a multilabel classification problem solved through the use of Transformer-based models. Differently,
Stammbach et al. [11] frame the task as zero-shot question answering, where an LLM is responsible for
the classification process. Beyond relying on hero, villain, and victim as the set of possible archetypes,
Hobson et al. [12] propose to frame the problem as an open-vocabulary classification task, where an
LLM freely labels an entity using a role that can eventually be mapped back to either hero, villain, or
victim.

Fine-grained entity framing, proposed by Mahmoud et al. [5], introduces additional challenges
by framing the problem as a hierarchical multi-label classification task, where three coarse roles
(protagonist, antagonist, and innocent) and 22 fine-grained archetypes are defined. In this paper, we
follow this approach and rely on their multilingual dataset, described in Section 3, which has also been
adopted for the SemEval-2025 Task 10 challenge [13].

A multitude of submissions tackled the challenge, with approaches that can be conceptually divided
into three groups: solving the task through prompt engineering [14, 15, 16, 17, 18], fine-tuning pre-
trained language models [19, 20, 21, 22, 23], or combining both approaches [24, 25, 26, 27, 28].

In general, approaches that rely on prompt engineering to preprocess a document (for instance, by
summarizing it) and then fine-tune a pre-trained language model to perform the final classification
obtained the best results.

As introduced in Section 1, we rely on prompt engineering to predict the role of an entity. We observe,
however, that our knowledge injection approach is similar in spirit to a combined approach: rather than
preprocessing the document using an LLM, we transform it into a KG. This results in an intermediate
representation that is easier to inspect and does not require task-specific fine-tuning, thereby reducing
dependence on annotated data and the empirical label distribution.

3. Data

For our experiments, we rely on the multilingual entity framing benchmark introduced by Mahmoud
et al. [5]. The dataset formulates entity framing as a fine-grained, multi-label span classification task.
Given a news article and a set of entity mentions, the goal is to assign each mention one or more
roles drawn from a hierarchical taxonomy of 22 archetypical roles nested under three coarse-grained
categories, namely protagonist, antagonist, and innocent. Table 6 in the Appendix reports the full list
of 22 fine-grained roles.

The corpus comprises 1,378 news articles in five languages (Bulgarian, English, Hindi, Portuguese,
and Russian), covering two domains: the Ukraine–Russia War and Climate Change. Over 5,800 entity



BG EN HI PT RU All

Train 165 (389) 133 (440) 203 (1347) 206 (833) 89 (252) 796 (3261)
Dev 94 (237) 69 (245) 139 (983) 100 (417) 44 (114) 446 (1996)
Test 15 (30) 27 (90) 35 (279) 31 (115) 28 (85) 136 (599)

Total 274 (656) 229 (775) 377 (2609) 337 (1365) 161 (451) 1378 (5856)

Table 1
Distribution of articles and entity mentions (in parentheses) by language and split, from Mahmoud et al. [5].

mentions were annotated with role labels by language-specific teams of expert annotators, with each
mention assigned one coarse-grained role and one or two corresponding fine-grained roles. Annotation
was performed at the level of individual mentions rather than entities as a whole: the same entity may
therefore be assigned different roles at different points within the same article, depending on how it is
portrayed in each specific mention. For our experiments, we reuse the original splits released by the
authors, as seen in Table 1. In particular, we rely on the the Dev split for LLM-based experiments, since
the test set is not publicly available.

While the fine-grained role distribution is significantly imbalanced across the whole dataset, with
83.6% of instances labeled as Victim, this imbalance is mitigated in the dev set, where Victim still prevails
but with a lower share (18.17%), followed by Guardian (13%) and Foreign Adversary (12.37%).

In general, the task of fine-grained entity framing is a challenging one, due to several factors. First,
the taxonomy comprises 22 fine-grained archetypes, several of which are semantically close (e.g., Victim
vs. Exploited, or Instigator vs. Saboteur ), requiring models to draw subtle distinctions in narrative
function. Second, the benchmark is multilingual and covers languages with significantly different
resource levels and linguistic structures. Third, the task is highly context-dependent, as the correct label
depends on the surrounding discourse rather than on the entity itself. For instance, the same entity can
be assigned multiple co-occurring fine-grained roles, as its portrayal can shift across different mentions
within the same article. Additionally, articles are drawn from media discourse on politically sensitive
domains, where framing is often subtle and ideologically loaded, making roles harder to detect even for
human annotators. This last point is reflected in the moderate inter-annotator agreement (IAA) scores
reported by Mahmoud et al. [5], with Krippendorff’s 𝛼 between 0.436 (Russian) and 0.733 (Bulgarian).
Besides the difficulty of the task, low IAA also indicates the subjectivity of the task.

4. From Text to Knowledge Graph

To provide LLMs with additional structured knowledge about entity construal, we represent each
article from the benchmark presented in Section 3 as a KG, which we automatically construct using the
pipeline presented in Fiumanò et al. [2]. Both the pipeline and the resulting KG are designed to support
framing analysis. In particular, the KG is structured according to the DORIS ontology, which models
the relationship between a textual artifact, such as a news article, the situation it describes, and the
discursive interpretation of that situation (i.e., its framing).

While DORIS is not bound to any specific interpretative framework, we have shown that adopting
Fillmore’s Frame Semantics [29] is well suited to framing analysis. According to Frame Semantics, a text
evokes abstract conceptual structures, or Frames, in which participating entities are assigned semantic
roles, or Frame Elements. The choice of what frames are activated in a text and what roles each entity is
assigned reflects the specific perspective adopted by the author in representing a real-world situation.
As such, analysing a text in terms of semantic frames becomes a proxy for framing analysis.

Moreover, other studies have shown that the conceptual structure of Frames can be leveraged to
analyse further semantic and pragmatic aspects, such as conceptual metaphors [30] or the diverse
perspectives from which a text can be interpreted [31].

More importantly for this work, multilingual models that automatically annotate a document with
Frames and Frame Elements, such as LOME, [32] have been proposed in literature. In Fiumanò et al. [2],



we rely on LOME to extract frame-semantic information from text, and then produce a theory-grounded
KG through the use of the SPARQL Anything tool [33].

We apply this pipeline to the Dev split documents introduced in Section 3, obtaining a KG containing
669,519 triples, with an average of 128 frames annotated per document. Specifically, we rely on named
graphs to explicitly maintain the relationship between a document and its corresponding KG [34]. This
approach allows us to simplify queries in the KG, allowing users to perform document-bound analyses
as well as analyses across different documents. We observe that Political_locales, Leadership,
and Hostile_encounter are among the most commonly annotated frames, which aligns with the
benchmark’s focus on politics and conflict.

In Fig. 1 we report an excerpt of a document extracted from the dataset of Section 3, with frame
semantic annotations extracted using LOME. In particular, the frame Desiring is evoked by the lexical
unit “interested” with “The Russian president” being classified by the frame element Experiencer, and
“in halting the fighting” by Event.

In Fiumanò et al. [2], we showed that DORIS-based KGs can be used to analyse entity framing
by manually inspecting the roles taken by an entity in one or more texts. In the example before, a
domain expert could follow this approach and hypothesize that the Russian president is framed as a
peacemaker since, according to Frame Semantics, it is interpreted as the entity whose desire is to halt a
fight. Building on this, in this paper we investigate how to scale this analysis by testing whether LLMs
can leverage the frame-semantic information encoded in the KG to correctly assign fine-grained roles
to entities.

5. From Knowledge Graph to Role Portrayal Analysis

In this section, we describe our methodology and experimental setup for LLM-driven entity framing
analysis via entity role classification on the benchmark presented in Section 3.

Following the same setting as Mahmoud et al. [5], we frame the task as a multi-label classification
problem. Given a text, an entity mention, and its corresponding span, the model has to select one
or more entity roles for that entity. As introduced in Section 1, we evaluate LLMs under two main
settings: a baseline setting, where the model is tasked to classify an entity based solely on the input
text, and a KG-enhanced setting, where the model is additionally provided with information from the
KG presented in Section 4.

For the latter, we experiment with three knowledge injection strategies, which we describe in detail
in Section 5.1, alongside the rest of our experiments, which aim to answer RQ1 and RQ2 from Section 1.

5.1. Experimental Setup

The aim of our experiments is to evaluate the impact of triple injection on the task of fine-grained
entity role classification, along three dimensions: overall model performance, prediction stability across
repeated runs, and the extent to which predictions diverge between the baseline and KG-enhanced
settings.

For a comprehensive evaluation, we experiment with 6 LLMs of different sizes: Gemma 4 E4b and
26B [35], Mistral small 3.2 24b [36], Mistral 7B [37], Qwen 3 30B and Qwen 3 4b [38]. Each model is
executed on an NVIDIA RTX3080 GPU with 24GB of VRAM using the default configuration provided
by Ollama1. We rely on model quantization for Gemma 4 26B, Mistral Small 3.2 and Qwen 3 30B2.

Following Mahmoud et al. [5], we measure performance using precision, recall, micro- and macro-
averaged F1 scores and exact match ratio. To mitigate the influence of the stochastic nature of LLMs on
our results, we report all metrics averaged over three independent runs.

1https://github.com/ollama/ollama
2In particular, we use https://ollama.com/library/gemma4:26B-a4b-it-q4_K_M, https://ollama.com/library/mistral-small3.2:
24b-instruct-2506-q4_K_M and https://ollama.com/library/qwen3:30B-a3b-instruct-2507-q4_K_M

https://github.com/ollama/ollama
https://ollama.com/library/gemma4:26B-a4b-it-q4_K_M
https://ollama.com/library/mistral-small3.2:24b-instruct-2506-q4_K_M
https://ollama.com/library/mistral-small3.2:24b-instruct-2506-q4_K_M
https://ollama.com/library/qwen3:30B-a3b-instruct-2507-q4_K_M


Instruction You are a powerful multi-label classifier. Given a text and an entity within
the text, you have to classify the entity into one or two of the following
fine-grained roles: Victim, Guardian, Foreign_Adversary, Virtuous, Instigator,
Peacemaker, Incompetent, Tyrant, Conspirator, Rebel, Deceiver, Terrorist,
Underdog, Corrupt, Exploited, Saboteur, Bigot, Traitor, Forgotten, Scapegoat,
Martyr, Spy.

Task definition This is the text: ”...”
this is the entity in the text: ...

Structured knowledge Refine your decision based on these relevant semantic frames in the text:
<structured data>

Instruction Reply ONLY with the correct narrative role(s). Do not add any comment or
text.

Figure 2: Structure of the prompt used to perform entity role classification. The Instruction and Task definition
parts are shared across all approaches. The Structured knowledge part is specific to KG-enhanced approaches.

Fig. 2 shows the prompt used for classification, which we organize into three conceptual sections:
instruction and task definition, which provide the LLM with the operative definition of the task to be
performed, and structured knowledge, which provides the information extracted from the KG.

We note that, in both settings, we ask the model to reply with only one or two roles, reflecting human
annotation behaviour observed on the dataset. Indeed, in the benchmark, only 8% of the total number
of entities are labelled with more than one role, and only 0.3% with more than two roles. This design
choice therefore has minimal impact on the best performance attainable by the model.

As for the <structured data> slot, which indicates knowledge extracted from the KG, we populate
it differently depending on the knowledge injection strategy being tested, which we describe below.

We openly share the code for our experiments at https://github.com/beatrice-f/DORIAN.

5.1.1. Knowledge injection strategies

Deciding how to query the KG and how to incorporate the result into the prompt has a considerable
influence on model performance. On one hand, injecting irrelevant or unrelated information might
misguide the LLM, biasing its decision process [39, 40]. On the other hand, even when assuming access
to the optimal structured knowledge, different verbalisation strategies can substantially influence model
output [41].

To account for these two factors, we test three knowledge injection strategies: (i) injecting all salient
triples; (ii) injecting only the salient triples where the entity fills one or more frame semantic roles; and
(iii) injecting entity-centric salient triples in a verbalised form.

Salient triples Concerning the injection of non-relevant knowledge, during the testing phase we
observed that a significant number of frames in our KGs are not directly relevant to framing analysis,
such as the Calendric_unit or Cardinal_numbers frames, which capture generic temporal or numeric
mentions rather than domain-specific content. This is due to the automated nature of the frame parsing
process, which is designed to detect all frames activated in a text, regardless of their relevance to the
domain.

To address this issue, we follow the approach of Minnema et al. [31], who identify a set of salient
frames, defined as frames relevant to the domain at hand. While manual identification is feasible in
narrow-scope settings, our broad domain coverage makes this effort impractical. We hence propose to
automatically identify the set of salient frames based on the semantic type of their Frame Elements.
The semantic type of a Frame Element specifies the category of the entity that fills that role. For
instance, a Frame Element of semantic type Human constrains its filler entity to be a person. Other
examples of semantic types include Physical_entity, Event, and Goal. By filtering frames according

https://github.com/beatrice-f/DORIAN


to framing-relevant semantic types, we exclude less informative frames, such as the ones mentioned
above.

PREFIX fstbox: <https://w3id.org/framester/framenet/tbox/>
PREFIX stype: <https://w3id.org/framester/framenet/abox/semType/>
SELECT DISTINCT ?frame
WHERE{

?fe a fstbox:FrameElement ;
fstbox:hasSemType ?semtype ;
fstbox:frameElementOf ?frame .

VALUES ?semtype { stype:Sentient stype:Artifact stype:Human stype:Source stype:Animate_being
stype:Group stype:Living_thing stype:Event stype:Organization } .

}

Query 1: SPARQL query used to extract the salient set of frames from Framester.

This allows us to extract a set of 617 salient frames via a SPARQL query on Framester [42], reported
in Listing 1, selecting semantic types that denote animate or event-like entities, as these are more likely
to correspond to the actors and happenings central to framing analysis.

Entity-centric salient triples To further refine the injected knowledge to include only key informa-
tion on the entity, in strategy (ii) we only keep salient triples where the entity to be categorized fills
one or more frame elements. This way, we ensure that no non-informative knowledge is provided to
the LLM, minimizing distractions.

PREFIX dul: <http://www.ontologydesignpatterns.org/ont/dul/DUL.owl#>
PREFIX : <http://w3id.org/doris/schema/>
SELECT ?eventId ?eventFrame ?frameAct ?argument ?argumentRole WHERE {
GRAPH <document_id> {

{ SELECT ?eventId WHERE {
?eventId a :SituationEncoding ; dul:hasPart ?encodedPart .
?encodedPart :encodes [ :hasRealization [ rdfs:label ?entityLabel ] ] .
FILTER(CONTAINS(?entityLabel, <entity_mention>))

}}
?eventId dul:hasPart ?encodedPart ;

:encodes [ :hasRealization [ rdfs:label ?frameAct ] ] ;
:hasDecoding [ :decodedAs ?eventFrame ] .

?encodedPart :encodes [ :hasRealization [ rdfs:label ?argument ]] ;
:hasDecoding [ :decodedAs ?argumentRole ] .

}
}

Query 2: SPARQL query used to extract entity-centric triples given the mention <entity_mention>.

Similarly to salient triples, we rely on the SPARQL query in Listing 2 to extract entity-centric
knowledge based on the DORIS ontology.

Verbalized entity-centric salient triples Lastly, we hypothesise that injecting triples in a structured,
machine-readable format, such as Turtle, might affect the model’s performance. For this reason, we
experiment with verbalizing the previously described entity-centric triples. To do so, we verbalise a
semantic frame 𝐹 anchored to the text 𝑡𝑓 with its frame element 𝐹𝐸1 (resp. 𝐹𝐸2, ⋯ 𝐹𝐸𝑛) classifying the
text 𝑡1 (resp. 𝑡2, ⋯ , 𝑡𝑛) as

[𝐹 ]”𝑡𝑓” → ”𝑡1”[𝐹𝐸1] | ”𝑡2”[𝐹𝐸2] | ⋯

For example, the annotations from Fig. 1 are verbalised as

[Desiring]”interested” →”The Russian president”[Experiencer] |
”in halting the fighting [...]”[Event]



5.2. Results

5.2.1. Does structured knowledge improve entity framing analysis?

Model Prompt Precision ↑ Recall ↑ Micro F1 ↑ Macro F1 ↑ EMR ↑

Fane et al. [15] − − − − 0.44
Caballero et al. [16] − − − − 0.33

Gemma 4 26B

Zero Shot 0.43 ±0.00 0.58 ±0.00 0.49 ±0.00 0.36 ±0.00 0.34 ±0.00
Triples 0.43 ±0.00 0.56 ±0.01 0.49 ±0.00 0.35 ±0.01 0.35 ±0.01
Triples Filt. 0.42 ±0.00 0.57 ±0.00 0.48 ±0.00 0.35 ±0.00 0.33 ±0.01
Triples Filt. Verb. 0.42 ±0.01 0.58 ±0.01 0.49 ±0.01 0.34 ±0.02 0.32 ±0.01

Gemma 4 E4b

Zero Shot 0.34 ±0.00 0.53 ±0.01 0.41 ±0.00 0.31 ±0.01 0.18 ±0.01
Triples 0.34 ±0.01 0.54 ±0.01 0.42 ±0.01 0.31 ±0.01 0.20 ±0.01
Triples Filt. 0.35 ±0.01 0.55 ±0.00 0.43 ±0.01 0.30 ±0.01 0.20 ±0.01
Triples Filt. Verb. 0.35 ±0.01 0.54 ±0.01 0.42 ±0.01 0.30 ±0.02 0.21 ±0.00

Mistral Small 3.2 24b

Zero Shot 0.31 ±0.00 0.52 ±0.01 0.39 ±0.00 0.28 ±0.01 0.13 ±0.00
Triples 0.32 ±0.00 0.51 ±0.00 0.39 ±0.00 0.26 ±0.00 0.15 ±0.00
Triples Filt. 0.33 ±0.00 0.54 ±0.00 0.41 ±0.00 0.29 ±0.00 0.15 ±0.01
Triples Filt. Verb. 0.35 ±0.00 0.55 ±0.00 0.43 ±0.00 0.30 ±0.01 0.16 ±0.01

Mistral 7B

Zero Shot 0.18 ±0.00 0.34 ±0.00 0.23 ±0.00 0.15 ±0.01 0.02 ±0.01
Triples 0.17 ±0.02 0.32 ±0.02 0.22 ±0.02 0.13 ±0.03 0.03 ±0.01
Triples Filt. 0.19 ±0.01 0.34 ±0.01 0.24 ±0.01 0.16 ±0.01 0.03 ±0.01
Triples Filt. Verb. 0.17 ±0.01 0.33 ±0.02 0.23 ±0.01 0.14 ±0.01 0.02 ±0.00

Qwen3 30B

Zero Shot 0.36 ±0.01 0.55 ±0.01 0.43 ±0.01 0.31 ±0.01 0.22 ±0.01
Triples 0.35 ±0.00 0.55 ±0.01 0.43 ±0.00 0.30 ±0.01 0.21 ±0.00
Triples Filt. 0.35 ±0.01 0.55 ±0.01 0.43 ±0.01 0.29 ±0.01 0.20 ±0.01
Triples Filt. Verb. 0.36 ±0.00 0.56 ±0.01 0.44 ±0.00 0.30 ±0.01 0.22 ±0.01

Qwen 3 4b

Zero Shot 0.36 ±0.01 0.47 ±0.01 0.41 ±0.01 0.27 ±0.01 0.29 ±0.01
Triples 0.33 ±0.00 0.46 ±0.01 0.39 ±0.00 0.25 ±0.01 0.23 ±0.01
Triples Filt. 0.35 ±0.01 0.48 ±0.02 0.40 ±0.02 0.25 ±0.02 0.25 ±0.02
Triples Filt. Verb. 0.34 ±0.00 0.47 ±0.00 0.39 ±0.00 0.24 ±0.01 0.24 ±0.01

Table 2
Results obtained by averaging three distinct runs of each LLM by relying on zero shot prompting and injecting
the triples in the prompt, optionally filtering them and verbalizing the filtered subset. Best overall results are
reported in bold. Best results for each model are underlined. Exact Match Ratio (EMR) for Fane et al. [15] and
Caballero et al. [16] is taken from their respective papers.

In Table 2 we report the results obtained by the different models in the narrative classification task.
Additionally, we report the Exact Match Ratio (EMR) of two baseline approaches for comparison: Fane
et al. [15], which employs a multi-turn prompting strategy, and the approach of Caballero et al. [16],
which employs a Chain-of-thought prompting strategy. Both approaches rely on GPT-4o, which has
orders of magnitude more parameters than the open models we rely on [43]. Finally, in Table 3 we
report the micro F1 scores for each language.

In general, we observe that the best performing model, Gemma 4 26B, achieves comparable results
with and without the injection of knowledge extracted from the KG, across all languages. A similar
pattern can be observed for the other models tested. These results provide a negative answer to
RQ1, suggesting that, unlike tasks addressed by other works (e.g., Cuccarini et al. [4]), entity framing
analysis does not straightforwardly benefit from structured knowledge injection. Performance remains
comparable regardless of whether triples are filtered by the target entity or not, and regardless of
whether they are verbalised or not.

We argue that this result stems from two factors. First, as observed earlier, entity framing analysis is
a challenging task that requires nuanced, contextual knowledge that the open LLMs tested in Table 2



LLM Prompt BG EN HI PT RU

Gemma 4 26B

Zero Shot 0.28 ±0.01 0.32 ±0.01 0.24 ±0.02 0.28 ±0.01 0.33 ±0.04
Triples 0.27 ±0.01 0.29 ±0.04 0.23 ±0.00 0.29 ±0.00 0.28 ±0.03
Filt. Triples 0.27 ±0.03 0.31 ±0.01 0.23 ±0.00 0.28 ±0.01 0.27 ±0.01
Verb. Filt. Triples 0.27 ±0.02 0.29 ±0.05 0.24 ±0.01 0.31 ±0.01 0.26 ±0.03

Gemma 4 E4b

Zero Shot 0.26 ±0.02 0.24 ±0.03 0.23 ±0.01 0.22 ±0.02 0.29 ±0.04
Triples 0.24 ±0.00 0.21 ±0.01 0.25 ±0.03 0.25 ±0.03 0.26 ±0.05
Filt. Triples 0.27 ±0.02 0.25 ±0.09 0.25 ±0.01 0.25 ±0.01 0.26 ±0.03
Verb. Filt. Triples 0.26 ±0.02 0.23 ±0.02 0.23 ±0.03 0.27 ±0.05 0.27 ±0.05

Mistral Small 3.2 24b

Zero Shot 0.18 ±0.00 0.19 ±0.01 0.21 ±0.01 0.21 ±0.01 0.23 ±0.02
Triples 0.25 ±0.01 0.17 ±0.01 0.20 ±0.00 0.19 ±0.00 0.20 ±0.01
Filt. Triples 0.27 ±0.02 0.17 ±0.01 0.22 ±0.00 0.20 ±0.02 0.25 ±0.00
Verb. Filt. Triples 0.25 ±0.02 0.22 ±0.01 0.23 ±0.00 0.21 ±0.00 0.23 ±0.01

Mistral 7B

Zero Shot 0.10 ±0.02 0.15 ±0.03 0.12 ±0.00 0.15 ±0.01 0.10 ±0.02
Triples 0.11 ±0.04 0.11 ±0.01 0.10 ±0.02 0.09 ±0.01 0.09 ±0.01
Filt. Triples 0.15 ±0.02 0.18 ±0.01 0.10 ±0.01 0.14 ±0.00 0.12 ±0.01
Verb. Filt. Triples 0.13 ±0.05 0.15 ±0.03 0.09 ±0.00 0.14 ±0.02 0.13 ±0.04

Qwen3 30B

Zero Shot 0.25 ±0.01 0.24 ±0.04 0.24 ±0.01 0.24 ±0.03 0.26 ±0.02
Triples 0.23 ±0.02 0.25 ±0.01 0.24 ±0.02 0.24 ±0.00 0.21 ±0.01
Filt. Triples 0.23 ±0.04 0.25 ±0.03 0.25 ±0.01 0.23 ±0.02 0.21 ±0.02
Verb. Filt. Triples 0.26 ±0.01 0.25 ±0.02 0.24 ±0.01 0.23 ±0.00 0.23 ±0.02

Qwen3 4b

Zero Shot 0.17 ±0.03 0.19 ±0.01 0.23 ±0.01 0.25 ±0.02 0.18 ±0.01
Triples 0.20 ±0.02 0.18 ±0.02 0.23 ±0.00 0.21 ±0.01 0.15 ±0.02
Filt. Triples 0.22 ±0.05 0.17 ±0.01 0.22 ±0.02 0.23 ±0.01 0.16 ±0.00
Verb. Filt. Triples 0.20 ±0.05 0.19 ±0.02 0.21 ±0.02 0.20 ±0.03 0.15 ±0.02

Table 3
Language specific micro F1 results obtained by averaging three distinct runs of each LLM using the same setting
in Table 2. Best overall results are report in bold. Best results for each model are underlined.

may not be able to fully leverage. Second, although our prior work showed that constructing a KG
according to the pipeline presented in Section 4 enables manual framing analysis, it is possible that
noisy predictions produced by LOME negatively impact the performance. We also note, however, that,
beyond noise, the effectiveness of knowledge injection may also depend on the type and content of the
knowledge that is provided.

While results in Tables 2 and 3 show the impact of triple injection on model performance, they do
not inform us on how the KG-augmented prompt shapes LLMs’ decision process. To answer RQ2, in
the next section we analyse the models’ predictions through a probabilistic lens.

5.2.2. How does structured knowledge affect LLM predictions?

To address RQ2, we start from a simple consideration: if an LLM is influenced by the KG-augmented
setting, this effect should be observable in its predictions, beyond their correctness with respect to a gold
standard. For instance, the LLM might shift its preference toward different entity roles when augmented
with knowledge from the KG, or it might become more uncertain about which role best fits an entity,
predicting different roles across repeated runs. In this section, we investigate both hypotheses: the first
through a direct comparison between the predictive distributions of the baseline and KG-enhanced
settings (using Hellinger distance), and the second through the entropy of each setting’s predictive
distribution.

To do so, let R denote the set of 22 fine-grained roles introduced by Mahmoud et al. [5], and assume
that an LLM has a latent probability distribution P(R|𝑡) over entity roles for a given entity in an input
text 𝑡. It follows that the roles predicted for that entity can be considered as a sample drawn from that



distribution, i.e., 𝑃𝑟𝑒𝑑 ∼ P(R|𝑡) with 𝑃𝑟𝑒𝑑 ⊂ R. If the distribution P has a low degree of uncertainty, we
should observe consistent answers from the LLM across repeated runs. Conversely, if the distribution P
has a high degree of uncertainty, we will observe a high variability between predictions across repeated
runs.

We follow this observation to quantitatively measure whether the model’s predictions are influenced
by the KG-augmented prompt.

We estimate the probability that P(R|𝑡) by counting the number of times that an LLM predicts the
entity role 𝑟 when prompted with text 𝑡, normalised by the total number of (possibly repeated) roles
predicted by the LLM across three repeated runs3.

We then measure the degree of uncertainty of P by computing its entropy 𝐻(P). This allows us to
understand whether injecting triples into the prompt influences the variability of the LLM’s output and,
more generally, which LLMs display a higher degree of uncertainty.

LLM Prompt Avg BG EN HI PT RU

Gemma 4 26B

Zero Shot 0.496 0.559 0.709 0.425 0.308 0.478
Triples 0.481 0.528 0.683 0.416 0.265 0.512
Filt. Triples 0.496 0.578 0.710 0.459 0.262 0.472
Verb. Filt. Triples 0.501 0.582 0.697 0.475 0.291 0.458

Gemma 4 E4b

Zero Shot 0.852 0.915 1.031 0.798 0.701 0.814
Triples 0.831 0.890 1.022 0.779 0.709 0.756
Filt. Triples 0.810 0.857 1.030 0.794 0.653 0.716
Verb. Filt. Triples 0.795 0.797 1.013 0.796 0.650 0.719

Mistral Small 3.2 24b

Zero Shot 0.628 0.622 0.687 0.573 0.633 0.623
Triples 0.594 0.575 0.730 0.566 0.519 0.581
Filt. Triples 0.585 0.637 0.705 0.575 0.534 0.476
Verb. Filt. Triples 0.565 0.582 0.697 0.558 0.543 0.447

Mistral 7B

Zero Shot 1.105 1.037 1.166 1.123 1.088 1.110
Triples 1.251 1.140 1.304 1.247 1.228 1.335
Filt. Triples 1.042 0.926 1.070 1.082 1.005 1.125
Verb. Filt. Triples 1.096 0.961 1.161 1.116 1.086 1.158

Qwen 3 30B

Zero Shot 0.750 0.783 0.877 0.715 0.581 0.793
Triples 0.739 0.801 0.843 0.749 0.554 0.749
Filt. Triples 0.764 0.831 0.853 0.767 0.604 0.763
Verb. Filt. Triples 0.749 0.738 0.893 0.754 0.565 0.793

Qwen 3 4b

Zero Shot 0.566 0.566 0.702 0.631 0.406 0.527
Triples 0.666 0.625 0.899 0.721 0.491 0.596
Filt. Triples 0.652 0.674 0.807 0.737 0.589 0.452
Verb. Filt. Triples 0.638 0.635 0.809 0.716 0.555 0.475

Table 4
Entropy computed from the probability distribution P. Higher values indicate a higher uncertainty of the answer.

Table 4 reports the value of 𝐻(P) for each LLM in different settings and across the five languages.
Unlike the results in Tables 2 and 3, we observe diverse patterns on 𝐻(P) depending on the model, the
prompt and the language of the documents. For example, Gemma 4 26B, the best performing method in
Table 2, does not display a significant change in the estimated entropy with or without KG-enhanced
prompting. Differently, Qwen 3 30B displays a lower entropy when prompted using all the triples related
to a document, indicating that theyinfluence its decision process. Finally, we highlight that Mistral 7B
displays the highest entropy on the classified fine-grained roles. This provides an interpretation over it

3Note that this corresponds to estimating P(R|𝑡) using the Monte Carlo method with 3 samples by assuming conditional
independence between entity roles, P(R|𝑡) = ∏𝑟 P(R = 𝑟|𝑡). We rely on Laplace smoothing to cope with the sparsity of the
predictions.



being the worst performing model in Table 2: the model does not strongly commit to an answer when
analysing the role of an entity.

The findings of Table 4 provide an initial answer to RQ2: the influence of structured knowledge on
LLMs depends on the specific model at hand as well as the prompting strategy that is being used. What
remains to understand is whether, assuming an LLM is influenced by the KG-augmented prompt, there
is a noticeable difference in its decisions.

We propose to answer these questions by comparing the similarity of the probability distribution
P of an LLM being prompted with or without structured knowledge. We measure this similarity by
using the Hellinger distance. Intuitively, if an LLM is highly influenced by a KG-augmented prompt,
its distribution P𝐾𝐺 will diverge (i.e., it is dissimilar) from its P𝑍𝑆 when prompted by only using the
textual document4.

LLM Triples Filtered Triples Verbalized Filtered Triples

Gemma 4 26B 0.198 0.189 0.188
Gemma 4 E4b 0.382 0.358 0.350
Mistral Small 3.2 24b 0.294 0.287 0.259
Mistral 7B 0.597 0.562 0.555
Qwen 3 30B 0.316 0.317 0.309
Qwen 3 4b 0.373 0.368 0.371

Table 5
Hellinger distance computed between the probability distributions induced by the zero shot and KG-augmented
settings. Higher values indicate a larger shift in model’s predictions, thus a higher influence of the triples
injection.

Table 5 reports the pairwise Hellinger distance between the KG-augmented settings and the baseline
approach. Similarly to the entropy in Table 4, we observe that not all LLMs are equally influenced by
the use of KG-augmented prompting.

Notably, Mistral 7B, which displayed the highest entropy in Table 4, is the model whose distribution
diverges the most when prompted using structured knowledge. This complements the previous answer
to RQ2: although not all models are equally influenced by KG-augmented prompting, some models
display a significantly different behaviour.

6. Discussion

In Section 5, we addressed RQ1 to assess whether triple injection improves LLM performance on entity
role classification, and RQ2 to assess the impact of KG-based augmentation on prediction behaviour.
Our results indicate that, overall, triple injection yields results comparable to the baseline, providing a
negative answer to RQ1. However, the picture is more nuanced.

While knowledge injection does not yield a consistent improvement across models and languages
(Tables 2 and 3), its effect is not uniform. Mistral Small 3.2 24b stands out as the model that mostly
benefits from structured knowledge, improving across some of the metrics with respect to the baseline
setting. Conversely, Qwen3 4b is harmed by injection, and the remaining models are largely indifferent.
This heterogeneity suggests that the value of structured knowledge injection also depends on model
size and architecture, as well as input language. For instance, the KG-augmented setting improves
Gemma 4 E4b performance in every language except for Russian, a language which generally seems
not to benefit from injection across most of the models. Conversely, English and Bulgarian are the
most positively affected by the augmented setting. While these differences highlight that the benefit of
injected knowledge is also affected by the model’s multilingual competence, this may also depend on
the quality of language-specific frame-semantic parsing.

4We define the similarity 𝑠𝑖𝑚(P𝑍𝑆,P𝐾𝐺) = 1 − 𝐻(P𝑍𝑆,P𝐾𝐺) with 𝐻(P𝑍𝑆,P𝐾𝐺) the Hellinger distance.



More generally, we observe that filtering out non-entity-relevant triples tends to help more than
unfiltered injection, pointing to the importance of salience in RAG approaches, and indicating that
noisy or redundant triples can misguide, rather than support, the LLM.

The entropy analysis (Table 4) offers a complementary lens on this heterogeneity. Gemma 4 26B,
the best-performing model overall, is also the most confident, and its entropy is almost unaffected by
knowledge injection, suggesting it neither relies on nor is distracted by the injected triples. A similar
behaviour is observed for the largest model, Qwen 3 30B. Mistral Small 3.2 24b and Gemma 4 E4b, by
contrast, become both more confident and more accurate under verbalised, filtered injection, indicating
that in this case the model is able to productively exploit the additional knowledge. On the other hand,
both smaller models Mistral 7B and Qwen 3 4b are more uncertain with unfiltered triple injection and
partially stabilized by entity-centric filtering. We note, however, that higher entropy should not be read
as an inherently negative signal. As defined in Section 1, entity framing is a highly subjective task, as
reflected in the moderate inter-annotator agreement reported in Section 3, and a degree of uncertainty
in model predictions may simply mirror the genuine ambiguity of the task rather than a failure of the
model itself.

The Hellinger distance results in Table 5 corroborate the entropy findings. Mistral 7B shows the largest
divergence between its zero-shot and KG-augmented predictions across every knowledge injection
strategy (0.56–0.60), followed by models Gemma 4 E4b and Qwen 3 4b, suggesting that knowledge
injection has a greater impact on smaller models. Conversely, Gemma 4 26B is the least affected, with
predictions shifting only marginally between the two evaluated settings.

Overall, our findings suggest that the benefits of knowledge injection previously reported for other,
highly context-dependent tasks [4] do not straightforwardly transfer to entity framing analysis, and
that realizing such benefits requires careful model selection, knowledge filtering, and injection strategy.
Our entropy and Hellinger distance analyses show that larger models, such as Gemma 4 26B, are largely
indifferent to structured knowledge injection, while smaller models are considerably more responsive to
it. This makes smaller models a more promising target for future work exploring alternative knowledge
types and injection strategies.

7. Conclusion

In this work, we investigated whether LLMs can effectively leverage structured frame-semantic knowl-
edge to scale entity framing analysis beyond the manual, graph-based approach presented in Fiumanò
et al. [2]. Using a multilingual benchmark on fine-grained role portrayal and entity framing, we com-
pared six LLMs of varying sizes under a text-only baseline and three KG-enhanced settings, differing in
the scope and verbalization of the injected knowledge.

Our results provide a partially negative answer to RQ1: structured knowledge injection does not
yield a consistent performance improvement across models or languages, with Mistral Small 3.2 24b
as a notable exception. Addressing RQ2, our entropy and Hellinger distance analyses reveal that this
negative result at the accuracy level masks substantial differences in model behaviour: larger models
remain mostly indifferent to injected knowledge, while smaller models are more sensitive to it.

Taken together, our findings indicate that the benefits of structured knowledge injection for entity
framing analysis are not uniform, but depend on an interplay between model size, architecture, and
verbalization strategy. Smaller models are the most responsive to injected knowledge, and thus the
most promising direction for future work exploring alternative knowledge representations and injection
strategies.
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Protagonist

Guardian Heroes who protect values or communities, ensuring safety and upholding justice.
Martyr Individuals who sacrifice their well-being, or even their lives, for a greater good.
Peacemaker Individuals who advocate for harmony, resolving conflicts and bringing about peace.
Rebel Revolutionaries who challenge the status quo and fight for significant change.
Underdog Entities who, despite a disadvantaged position, strive against greater forces.
Virtuous Individuals portrayed as righteous, fair, and upholding high moral standards.

Antagonist

Instigator Those who initiate conflict and provoke violence or unrest.
Conspirator Individuals involved in plots and covert activities to undermine or deceive others.
Tyrant Leaders who abuse their power, ruling unjustly and oppressing others.
Foreign Adversary Entities from other nations creating geopolitical tension.
Traitor Individuals who betray a cause or country, seen as disloyal.
Spy Individuals engaged in espionage, gathering and transmitting sensitive information.
Saboteur Those who deliberately damage or obstruct systems to cause disruption.
Corrupt Individuals or entities engaging in unethical or illegal activities for personal gain.
Incompetent Entities causing harm through ignorance, lack of skill, or poor judgment.
Terrorist Individuals who engage in violence and terror to further ideological ends.
Deceiver Manipulators who twist the truth and spread misinformation.
Bigot Individuals accused of hostility or discrimination against specific groups.

Innocent

Forgotten Marginalized groups who are overlooked and ignored by society.
Exploited Individuals or groups used for others’ gain, often without consent.
Victim People suffering harm due to circumstances beyond their control.
Scapegoat Entities unjustly blamed for problems or failures to divert attention.

Table 6
The taxonomy of entity roles, taken from Mahmoud et al. [5].
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