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Abstract

In potentially idiomatic expressions (PIEs), the same surface form may receive either a literal or an idiomatic
interpretation depending on context, making automatic literal-idiomatic disambiguation challenging. This is acute for
Croatian, where annotated data and locally runnable generative models are limited. We present a study of Croatian
PIE literal-idiomatic disambiguation examining how structured lexicographic knowledge can improve open-weight,
decoder-only LLMs without fine-tuning. Using a new expert-annotated concordance dataset — CroPIEs, we compare
baseline prompting to inference-time knowledge injection via retrieval-augmented generation (RAG) from a Croatian
phraseological dictionary. We isolate the contribution of three knowledge types: definitional knowledge (structured
meanings), contextual knowledge as curated prototypical usage examples, and their combination. Results show
consistent improvements in macro-F1 for both GaMS-2B-Instruct and GaMS-9B-Instruct models. Definitional
knowledge is generally more stable than examples alone, while examples can be effective but less consistent across
expressions. The strongest and most reliable gains are obtained when definitions and examples are combined,
indicating a synergistic effect between explicit meaning descriptions and contextual cues. Per-class analyses show
that injected lexicographic evidence mitigates baseline biases between LITERAL and IpiomATIC predictions, improving
decision balance in a low-resource setting with small data of compact, expert-curated lexicographic evidence injected
at inference time.

Keywords: literal-idiomatic disambiguation, PIEs, idioms, structured lexicographic knowledge, knowledge
injection, LLM, RAG, GaMS

1. Introduction preservation in downstream applications such as
machine translation, summarization, and informa-
tion extraction, where misinterpreting idioms can

Non-literal expressions (NLEs), including many distort meaning

phraseological units (PUs), have long been rec-
ognized as a persistent challenge for natural lan- This decision remains brittle for large language
guage processing(Sag et al., 2002; Baldwin and  models (LLMs) in practice. Literal occurrences
Kim, 2010; Constant et al., 2017). This tensionis  are frequently over-labeled as idiomatic (Tedeschi
especially visible when the same surface string ad- et al., 2022), and conversational prompting can
mits both a literal and a figurative reading, making  induce agreement biases unless the output pro-
context-sensitive semantic disambiguation unavoid-  tocol is tightly constrained (De Luca Fornaciari
able. A central task in this area is literal-idiomatic et al., 2024). Conversely, structured prompts with
usage disambiguation: determining whether a  constrained outputs can yield competitive perfor-
given occurrence of a PU is used compositionally =~ mance on PIE identification without task-specific
or figuratively. fine-tuning (Hashiloni et al., 2025), yet benchmark
gains may still rely on spurious cues rather than
grounded interpretation (Chakrabarty et al., 2022).
For less-resourced languages, dictionaries and
phraseological repositories provide compact, vet-
ted semantic knowledge, and definitions and cu-

meaning regardless of whether they actually have rated examples can be exploited as task guidance

that meaning in a given context. In other words, the (Skvorc and Robnik-Sikonja, 2025).

same surface form may receive either a composi- We therefore study inference-time grounding via
tional (literal) reading or a non-compositional (id-  retrieval-augmented generation (RAG), which in-
iomatic/figurative) reading depending on contextual  jects external knowledge without additional training.
cues. Literal-idiomatic disambiguation is therefore  Prior evidence suggests that dictionary-augmented
a context-sensitive decision that affects meaning  prompting can help, but gains depend on coverage

In corpus settings, many candidates can occur
either idiomatically or literally depending on con-
text. Following Haagsma et al. (2020), we adopt
the term potentially idiomatic expressions (PIEs),
defined as expressions that can have an idiomatic
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and ambiguity handling (Perak et al., 2024). More
broadly, RAG is often more cost-effective than pa-
rameter updates, yet its impact hinges on retrieval
quality and context construction, motivating con-
trolled evaluations that isolate the contribution of
curated external knowledge (Abonizio et al., 2025;
Bhushan et al., 2025).

Against this background, we present a controlled
study of Croatian PIE disambiguation, focusing on
idioms as a salient PU subclass. Croatian remains
comparatively low-resourced: high-quality /ocal
LLMs are scarce, and available models are typically
not trained primarily on Croatian but only adapted to
it, which makes inference-time grounding especially
attractive. Our primary goal is to quantify, in a small
data setting, how much structured lexicographic
knowledge from a Croatian phraseological dictio-
nary helps literal-idiomatic disambiguation: specif-
ically, the contribution of (i) definitional knowledge,
(i) curated prototypical usage contexts (examples),
and (iii) their synergy when both are injected via
RAG. Using a new expert-annotated Croatian con-
cordance dataset (10 idioms; 1,000 instances), we
compare baseline prompting to three knowledge
variants (definitions, examples, and their combina-
tion) under identical prompting and decoding con-
straints, and check robustness on two smaller open-
weight decoder-only GaMS models of markedly
different sizes (2B vs. 9B). Our contributions are
threefold:

1. We release a new expert-annotated Croat-
ian concordance dataset for literal-idiomatic
usage disambiguation (1,000 instances; 10
PIEs/idioms).

We conduct a controlled evaluation of

inference-time  lexicographic knowledge

injection via RAG on two Croatian-adapted
open-weight decoder-only LLMs (GaMS-2B-

Instruct and GaMS-9B-Instruct), comparing

baseline prompting to three knowledge

variants (definitions, usage examples, and
their combination).

3. We provide empirical evidence that small, man-
ually curated phraseological resources can
improve literal-idiomatic disambiguation and
mitigate class-level prediction biases in a low-
resource setting, with gains supported by sta-
tistical testing.

2.

2. Related Work

Automatic idiom detection and usage disambigua-
tion has traditionally been framed as a binary classi-
fication task distinguishing literal from idiomatic us-
age of identical surface forms. Neural approaches
such as MICE (Skvorc et al., 2022) demonstrated
that contextual embeddings (e.g. ELMo, BERT)
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encode signals sufficient for detecting idiomatic-
ity, including cases involving unseen expressions.
These findings confirmed the importance of contex-
tualized representations, while also underscoring
challenges related to limited annotated data and
generalization across idioms.

More recently, large language models have been
evaluated on idiomatic and figurative language
understanding in prompting-based setups. The
DICE benchmark (Mi et al., 2025) investigates LLM-
based idiom comprehension and explanation, fo-
cusing on generative interpretation across model
sizes and prompting strategies. Broader figurative
reasoning datasets such as FLUTE (Chakrabarty
et al., 2022) further explore non-literal interpretation
and contextual inference. Together, these studies
indicate that pretrained models capture substan-
tial figurative knowledge, although performance re-
mains sensitive to task formulation and prompting
design.

Within the Croatian context, recent research has
examined the role of LLMs in lexicographic and
phraseological tasks. Studies have explored LLM-
assisted conceptual organisation of idioms and
semantic grouping within the Online Dictionary
of Croatian Idioms (Beliga and Filipovi¢ Petrovic,
2024; Filipovi¢ Petrovi¢ and Beliga, 2025), as well
as Al- and corpus-based strategies for identifying
phraseme constructions through hybrid human-—
LLM workflows (Beliga and Filipovic Petrovi¢, 2025).
These developments highlight the growing integra-
tion of Al tools, corpus technologies, and structured
lexicographic resources in Croatian phraseological
research.

3. Data

This section describes the CroPIEs-1k concor-
dance dataset and the structured lexicographic re-
source used for RAG.

3.1.

Corpus Source. The dataset was derived from
the Croatian web corpus CLASSLA-web.hr 2.0
CLARIN.SI (2024), compiled from the national .hr
domain (2021-2024) and available via CLARIN.SI
through the NoSketch Engine concordancer. The
corpus covers heterogeneous web genres (e.g.
news, blogs, forums) and provides morphosyntac-
tic annotation and advanced querying, enabling
precise extraction of PIE candidates. Importantly,
all instances in our dataset were selected on the
basis of attested usage in authentic corpus data
(i.e., they are not synthetically generated).

Selection of Phraseological Units. Ten verb-
based phraseological units were selected (Table 2)
to ensure: (i) attestation in contemporary Croatian,

Concordance Dataset



(ii) identical surface form in literal and idiomatic us-
age, (iii) sufficient frequency in CLASSLA-web.hr
2.0 (each >1,000 occurrences), and (iv) a clear
semantic contrast between compositional (literal)
and non-compositional (idiomatic) readings. The
requirement of identical lexical form ensures that
the task involves semantic disambiguation within
the same surface string. In all selected cases,
the same lexical sequence may receive either a
literal, compositionally interpretable reading or an
idiomatic, phraseological interpretation depending
on context. The expressions exhibit syntactic vari-
ability, including inflectional variation (tense, aspect,
agreement), word-order alternations, insertion of
modifiers, and clitic placement, reflecting the rich
morphosyntactic structure of Croatian. Such vari-
ation is an inherent property of phraseological us-
age in context and does not represent deviation
from a canonical form. Disambiguation therefore
requires contextual semantic interpretation across
naturally occurring structural variants. All expres-
sions are specified in their canonical form (Table
1), while their corpus attestations reflect authentic
grammatical realizations. All selected expressions
are well established in contemporary usage and
display substantial corpus frequency, ensuring that
the dataset reflects productive language patterns.
Concordance Extraction. For each expression,
concordance lines were extracted in KWIC format
with 100 characters of left/right context. Given
the high frequency of each expression (>1,000 oc-
currences), we used the NoSketch Engine random
sampling function to select 100 instances per ex-
pression (10x100=1,000 total). This function gen-
erates a representative subset of concordance lines
while preserving corpus distribution across sources
and genres. The choice of 100 instances per ex-
pression ensures sufficient contextual variability
for reliable idiom-level evaluation while maintain-
ing uniform sample size across expressions. The
resulting dataset, CRoOPIEs-1k, will be released
publicly upon acceptance (link in the camera-ready
version).

Manual Annotation. All instances were man-
ually annotated by an expert linguist in Croat-
ian phraseology as LITERAL (compositional) or Ib-
IoMATIC (phraseological). While inter-annotator
agreement was not measured due to the single-
annotator setup, annotation decisions followed con-
sistent criteria based on contextual semantic inter-
pretation. The relatively clear distinction between lit-
eral and idiomatic usage in the selected dataset re-
duces the likelihood of systematic ambiguity. Over-
all, the task was generally straightforward for an
expert annotator.

Table 1 confirms near-balance across classes,
reducing confounding effects due to class imbal-
ance in evaluation.
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Table 1: Class distribution across PU;_1¢ (n = 100
per subset; total N = 1000 in CroPIEs-1k dataset.)

PU|1 2 3 4 5 6 7 8 9 10| pto
IDM | 48 51 45 50 49 52 47 50 48 51 | 49.1+2.1
LIT |52 49 55 50 51 48 53 50 52 49 |50.9+21

3.2. Lexicographic Resource for RAG

The external knowledge for RAG was drawn from
the Online Dictionary of Croatian Idioms' Croatian
Academy of Sciences and Arts (2023), an open-
access, corpus-based born-digital resource devel-
oped at the Croatian Academy of Sciences and
Arts since 2019. Such structured lexicographic re-
sources are particularly valuable for knowledge in-
jection into LLMSs, as they provide expert-authored,
validated semantic evidence that complements
web-derived pretraining data (often including user-
generated sources such as Wikipedia and blogs)
and can help mitigate knowledge gaps and reduce
ungrounded generations.

The dictionary combines manual lexicographic
analysis with corpus-supported procedures. En-
tries were compiled in Lexonomy and are based
on systematic corpus examination, including fre-
quency analysis and collocational evidence. All
definitions and examples were manually selected
and edited by lexicographers to ensure representa-
tiveness and semantic precision. Version 2 (2023)
contains 563 entries covering 1,165 idioms.

For our RAG pipeline, we exported the dictionary
from Lexonomy and converted it to JSONL. We
created three parallel collections? matching our ex-
perimental conditions: (1) Der (definitions only),
(2) Exs (examples only), and (3) DeEr+Exs (defi-
nitions+examples). Each JSONL record includes
a stable sense identifier and idiom-level metadata
to enable deterministic matching and consistent
retrieval across conditions.

All ten phraseological units in our concordance
dataset are covered by the dictionary. For each in-
stance, the pipeline retrieves the corresponding en-
try and injects its structured content into the prompt,
typically one or two definitions (for polysemy) and
around two curated examples (occasionally one or
three for variant forms). In this study, the dictionary
thus provides a small-scale but high-quality expert
resource whose structured semantic information
is injected to support disambiguation in a low-data
setting.

"https://lexonomy.elex.is/
frazeoloskirjecnikhr
2JSONL collections used for retrieval: GITHUB
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Expression

(Croatian) Literal Gloss

(English)

Idiomatic Meaning

bacati mrvice to throw crumbs
okrenuti leda to turn one’s back
isplivati na povrsinu to float to the surface
dati crveni karton  to give a red card
graditi mostove to build bridges

biti u sjeni to be in the shadow
naletjeti na minu to run into a mine
biti u komi to be in a coma

stati na noge
znati koliko je sati

to offer small concessions deliberately in order to appease someone
to abandon or withdraw support

to become visible or publicly known

to remove someone from a political or institutional position

to promote cooperation or reconciliation

to remain overshadowed or unnoticed

to encounter an unexpected hidden problem

to be in a state of lethargy or inactivity

to stand on one’s feet to recover or regain stability

to know what time it is to know what is going on; to be aware of the situation

Table 2: Phraseological units included in the dataset with literal glosses and idiomatic meanings.

4. Experimental Setup

We evaluate the impact of injecting structured lexi-
cographic knowledge via RAG on Croatian literal-
idiomatic disambiguation. We compare a baseline
condition without retrieval (prompting only) to three
RAG variants, using a controlled, paired evaluation
design across model sizes.

4.1. Task Formulation and Evaluation

We formulate the task as binary sentence-level
literal-idiomatic disambiguation. Given a concor-
dance sentence containing a predefined target id-
iomatic expression (possibly in morphologically
or syntactically varied form), the model predicts
whether the expression is used LITERAL (compo-
sitional) or IpiIomATIC (non-compositional) in that
sentence. For each instance z;, the model out-
puts y; € {LITERAL, IDIOMATIC}; gold labels were
assigned manually at the sentence level. Evalua-
tion is strictly categorical (no graded judgments).

Evaluation. We report macro-averaged F1
(macro-F1). Scores are computed (i) globally over
all instances and (ii) at the idiom level, where macro-
F1 is computed separately for each idiom subset
(100 instances). Idiom-level scores are used for
paired comparisons across conditions; we report
their mean+SD across the ten idioms. To ana-
lyze class-level effects, we also report precision
(P), recall (R), and F1 separately for LITERAL and
IplomATIC (idiom-averaged). For interpretability, we
also report A macro-F1 relative to the baseline
(RAG—baseline) in tables and figures. Statistical
significance between baseline and RAG variants
is assessed with the Wilcoxon signed-rank test on
idiom-level macro-F1 (n = 10 idioms), appropri-
ate for the paired and small-sample design. All
conditions are evaluated on the same fixed set
of instances. A safeguard mechanism was imple-
mented to handle structurally invalid outputs, but no
such cases occurred in the reported experiments.

4.2. Models

In this study, we evaluate two open-weight multilin-
gual LLMs from the GaMS (Generative Model for
Slovene) family: GaMS-2B-Instruct® and GaMS-
9B-Instruct*. Both are decoder-only Transformer
models based on the Gemma 2 architecture
and were continually pretrained and subsequently
instruction-tuned for South Slavic languages (Vre$
et al., 2024; Vajda et al., 2025). We focus on small,
locally runnable open-weight models that can be
executed without external APIs on modest GPU
hardware, enabling controlled and reproducible ex-
perimentation.

The variants differ primarily in scale: GaMS-2B-
Instruct has 26 layers (hidden size 2304; 8 attention
heads), while GaMS-9B-Instruct has 42 layers (hid-
den size 3584; 16 attention heads). Both support
a maximum context length of 8192 tokens.

GaMS models are not Croatian-specific. While
large proprietary LLMs can perform well on Croat-
ian, Croatian remains comparatively low-resourced
in terms of openly available, locally runnable
instruction-tuned decoder-only LLMs with substan-
tial Croatian coverage. Although primarily devel-
oped for Slovene, GaMS was continually pretrained
on multilingual corpora that include Croatian (along-
side Slovene, Serbian, and Bosnian), making it a
practical open-weight choice for controlled experi-
ments on Croatian literal-idiomatic disambiguation.

Comparing 2B and 9B within the same model
family keeps the architecture and training paradigm
constant while varying capacity, enabling a con-
trolled analysis of how structured lexicographic
knowledge injection interacts with model size.

3https ://huggingface.co/cjvt/
GaMS-2B-Instruct

*https://huggingface.co/civt/
GaMS-9B-Instruct
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4.3. RAG Configuration

Knowledge injection was implemented via RAG
pipeline over a structured lexicographic resource
stored in JSONL format. Each record contains a
sense identifier, idiom-level metadata, and a textual
payload consisting of either (i) a definition (DeF), (ii)
curated usage examples (Exs), or (iii) their combi-
nation (Der+Exs), depending on the experimental
condition.

Indexing phase. All JSONL records were em-
bedded with sentence-transformers/para
phrase-multilingual-MiniILM-L12-v2°
(Reimers and Gurevych, 2019; Wang et al., 2020).
The model produces 384-dimensional vectors,
which we L2-normalized before indexing. Similarity
search uses cosine similarity, implemented as
inner-product search over normalized vectors in a
FAISS IndexFlatIP index.

Retrieval phase. Retrieval is two-stage. We first at-
tempt a deterministic hard match using idiom meta-
data (exact match to the target idiom). If no direct
match is found, we fall back to dense retrieval over
the FAISS index. Across all RAG conditions, re-
trieval parameters are fixed to top-k=1 with a maxi-
mum injected context length of 2000 characters.
Injection phase. The retrieved content is inserted
into the prompt in a clearly demarcated reference
section and treated as the sole external evidence
used for the decision. The model is instructed to
rely only on the reference text and the concordance
sentence (baseline prompting omits the reference
section). The retrieval pipeline and all RAG hy-
perparameters are identical for GaMS-2B-Instruct
and GaMS-9B-Instruct, ensuring that differences
across conditions stem from the type of injected
lexicographic knowledge rather than retrieval con-
figuration. The overall RAG pipeline is summarized
in Figure 1.

4.4. Prompting Strategy

We use a single shared prompt template across
the baseline and all RAG conditions to ensure strict
comparability; the only differences across condi-
tions are (i) whether a reference block is present
(baseline: none; RAG: injected content) and (ii) a
small condition-specific clarification of what consti-
tutes semantic alignment (definitions vs. examples
vs. both). The overall protocol is a structured, con-
servative two-step decision procedure.

First, the model assigns an alignment score
MAP_SCORE € {0,1,2} that reflects how
clearly the usage in the concordance matches
the available evidence (baseline: sentence con-
text only; RAG: sentence + injected reference).

5https ://huggingface.
co/sentence-transformers/
paraphrase-multilingual-MiniIM-L12-v2

Concordance
containing PIU

2. Retrieval Logic
Yes No (when no exact match exists)
v FAISS Vector Search
Quick & Precise MiniLM-L12 Embedding
| Search Nearest Neighbors

Retrieval
T

1. Input Layer Idiom/Phrase I
!

I
3. Knowledge Base ¢

JSONL repository (Definitions, Examples)
Sole source of semantic truth

4. Prompt Engineering ¥

Input Sentence —>{ Structured Prompt |, Strictly Structured
Retrieved RAG Knowledge —»{  Construction Prompt

5. Reasoning Engine (LLM) v

Semantic Mapping
(GaMS Model)

—> MAP_SCORE

A 4

6. Decision Layer
¥ .
DedisionlLogic Final Output: LIT
Calculated Overlap Final Output: IDIOM

Figure 1: RAG protocol for Croatian literal-
idiomatic disambiguation: deterministic metadata
match with FAISS fallback, followed by prompt in-
jection of structured lexicographic evidence.

Second, the final label is derived deterministically:
only MAP_SCORE=2 yields IbiomATIC, while
MAP_SCORE € {0,1} defaults to LITERAL. This
mapping enforces conservative grounding: the id-
iomatic label is allowed only when the model can
confidently justify semantic correspondence.

To reduce format variability, all prompts require a
fixed three-line output (decision, M AP_SCORE,
and a short mapping/justification). We avoided
open-ended expert-style prompts (e.g. requesting
a linguistic analysis), which increased verbosity
and structural variance across model sizes. Larger
models also tended to produce more verbose out-
puts, reinforcing the need for a strictly structured
format. The resulting structured prompting setup
minimizes confounding effects due to prompt sensi-
tivity and isolates the contribution of injected knowl-
edge. A baseline prompt skeleton is shown below;
full Croatian templates for the RAG variants are
available online.®

PROMPT SKELETON
TASK: Decide LITERAL vs IDIOMATIC
for <PIE> in <SENTENCE>.
STEP 1: MAP_SCORE in {0,1,2}
(semantic alignment)
- 0: no evidence
1: weak/uncertain evidence

Shttps://github.com/sbeliga/CroPIEs—1k
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- 2: clear evidence
RESTRICTIONS:
— sentence (+reference) only;
— no external knowledge;
- unsure => MAP_SCORE<2.
STEP 2: If MAP_SCORE=2 -> IDIOMATIC;
Else -> LITERAL.
[REFERENCE BLOCK - RAG only]
<< injected Def/Exs/Def+Exs >>
OUTPUT (3 lines):

DECISION; MAP_SCORE; JUSTIFICATION

4.5. Inference Configuration

All experiments use controlled decoding to attribute
differences to knowledge injection rather than
generation variability. We apply greedy decoding
(do_sample=False, num_beams=1) with rep-
etition_penalty=1.0, use_cache=False,
and max_new_tokens=60, which is sufficient
for the required short, structured outputs. We
run mixed-precision inference (FP16) without
quantization; a fixed random seed (1234) and
deterministic execution are used where supported.
To avoid truncation effects, inputs are tok-
enized without truncation and a 300-token safety
margin is reserved within the context window
(fail-fast if exceeded), ensuring the full con-
cordance context is preserved. When avail-
able, prompts are rendered with the tokenizer
chat template (apply_chat_template with
add_generation_prompt=True) for consistent
formatting across models and conditions.

5. Experiments and Results

Table 3 summarizes PlE-level macro-F1
(mean+SD over 10 Croatian PIEs) for GaMS-2B-
Ins. and GaMS-9B-Ins. under the baseline and
three RAG knowledge-injection variants. Without
external knowledge, both models perform modestly,
with the larger model outperforming the smaller
one (0.4377 vs. 0.3357). RAG improves perfor-
mance for both models, with the strongest gains
consistently obtained by Def+Exs (GaMS-2B-Ins.:
0.4584, A= + 0.1227; GaMS-9B-Ins.: 0.6211,
A= + 0.1834). Definitional knowledge (DEF)
yields larger average gains than example-only
injection (Exs), suggesting that explicit semantic
descriptions provide more stable disambiguation
cues than contextual similarity alone. Overall,
these results show that a small, manually curated
phraseological resource can substantially improve
Croatian literal-idiomatic disambiguation in a
low-resource setting. Gains are observed even
for the smaller model, suggesting that structured
lexicographic evidence can partially compensate
for limited internal representations in low-resource
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conditions. The relatively large SD values further
indicate substantial heterogeneity across PIEs,
motivating an idiom-level analysis.

To test whether gains generalize across PIEs, we
use a one-sided exact Wilcoxon signed-rank test on
idiom-level differences (A = Flrac — F'lBaselines
n = 10 PIEs) to assess whether the median im-
provements (A) exceeds zero. Holm—Bonferroni
correction is applied for multiple comparisons (Ta-
ble 4). For GaMS-2B-Ins., only Def+Exs shows a
statistically reliable improvement over the baseline
(Pom = 0.0391, » = 0.725). For GaMS-9B-Ins.,
both DEF (proim = 0.0146, r = 0.822) and Def+Exs
(pHOIM = 0.0059, » = 0.886) are significant, while
Exs is not. The effect sizes are large, indicating
practically meaningful improvements in addition to
statistical reliability.

GaMS-2B-Instruct: Performance Gain by RAG Type

RAG Types
BN RAG def
BN RAG exs
B RAG def+exs

Average Improvement
-~ Mean A Macro-F1 (def): +5.73 pp
Mean A Macro-F1 (exs): +1.98 pp
—:= Mean A Macro-F1 (def+exs): +12.27 pp

A macro-F1 [pp]

PIE
GaMS-9B-Instruct: Performance Gain by RAG Type

RAG Types
Bl RAG def
EEE RAG exs
BN RAG def+exs

Average Improvement
-- Mean A Macro-F1 (def): +14.44 pp
------ Mean A Macro-F1 (exs): +7.25 pp
—:= Mean A Macro-F1 (def+exs): +18.34 pp

A macro-F1 [pp]

Figure 2: Idiom-level change in macro-F1 (RAG-
baseline; percentage points) for 10 Croatian PIEs.
Bars show A macro-F1 for three knowledge vari-
ants (DeF, Exs, Der+Exs); horizontal lines indicate
the mean A across PIEs for each variant (within
each model).

Figure 2 breaks down these effects by PIE and
contrasts the three RAG variants (bars show A in
percentage points for interpretability; dashed lines
denote mean A per variant within each model). Im-
provements are not uniform across expressions,
but Def+Exs yields the most stable and frequently
positive pattern across PIEs, suggesting that com-
bining definitional and contextual evidence provides
complementary signals for disambiguation. No-
tably, for GaMS-9B-Ins. the Def+Exs variant does
not yield negative changes for any PIE, and over-



Setting GaMS-2B-Ins. GaMS-9B-Ins.
Macro-F1 (M + SD) A Macro-F1 (M + SD) A
Baseline 0.3357 + 0.0348 - 0.4377 + 0.0746 -
RAG (Def) 0.3930 + 0.1064 +0.0573 0.5821 + 0.1201 +0.1444
RAG (Exs) 0.3555 + 0.0530 +0.0198 0.5102 + 0.1451 +0.0725
RAG (Def+Exs) 0.4584 + 0.1424 +0.1227 0.6211 + 0.1278 +0.1834

Table 3: PIE-level macro-F1 (mean + sample SD over 10 Croatian PIEs) for GaMS-2B-Ins. and GaMS-
9B-Ins. across the baseline and RAG variants. A denotes the mean absolute difference from the baseline,

computed on the [0,1] scale.

Model Config DHolm r Sig.
GaMS-2B-Ins.  Def 0.1260 0.564 -
GaMS-2B-Ins. Exs 0.3125 0.177 -
GaMS-2B-Ins.  Def+Exs 0.0391 0.725 *
GaMS-9B-Ins.  Def 0.0146 0.822 *
GaMS-9B-Ins. Exs 0.1934 0.435 -
GaMS-9B-Ins. Def+Exs 0.0059 0.886 *

Table 4: Wilcoxon signed-rank tests over idiom-
level macro-F1 scores (n 10), compar-
ing RAG configurations against the baseline.
Holm-Bonferroni correction was applied. Effect
size r = Z/+/n. * indicates pyom < 0.05.

No. PIE A 2B A 9B
1 bacati mrvice -0.0168 0.0179
2 biti u komi 0.0034 0.0686
3 biti u sjeni 0.1980 0.2840
4  dati crveni karton -0.0623 0.1759
5  graditi mostove 0.3757 0.1904
6 isplivati na povrsinu  0.1275  0.4129
7 naletjeti na minu 0.1285 0.1110
8  okrenutileda 0.1992 0.2442
9 stati na noge 0.1954 0.2726

10  znati koliko je sati 0.0784  0.0561

Table 5: Per-PIE macro-F1 improvement (A) of
RAG (Der+Exs) over the baseline for GaMS-2B-Ins.
and GaMS-9B-Ins. (computed on the [0,1] scale).

all the 9B model exhibits fewer degradations than
2B across variants. In contrast, Exs is the least
stable variant and occasionally produces negative
changes, consistent with the intuition that example-
only grounding can introduce noise when semantic
alignment is weak. The largest gains tend to occur
for more semantically opaque PIEs (e.g., graditi
mostove, isplivati na povrsinu), supporting the use-
fulness of structured lexicographic knowledge for
non-literal interpretation in a low-resource setting.

Table 5 reports per-PIE macro-F1 improvements
for the best-performing configuration (DEF+EXS)
relative to the baseline. Gains are not uniform
across expressions. For GaMS-2B-Ins., DEF+Exs
improves performance on 8/10 PIEs, with small
drops limited to two cases (bacati mrvice and dati
crveni karton); the largest gains are observed for
graditi mostove and okrenuti leda. GaMS-9B-Ins.
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shows more consistent behavior, improving on all
10/10 PIEs and achieving particularly strong gains
for isplivati na povrsinu and biti u sjeni. Overall,
these per-PIE results corroborate the macro-level
trends in Table 3 and the distributional patterns in
Figure 2, indicating broadly distributed gains rather
than isolated outliers.

Table 6 reports idiom-averaged per-class perfor-
mance, revealing pronounced prediction biases in
the baseline condition. GaMS-2B-Ins. exhibits a
strong LITERAL bias, achieving near-perfect LITERAL
recall (0.9904) while almost completely failing to
detect IpilomATICc usage (R=0.0180, F1=0.0336).
In contrast, GaMS-9B-Ins. shows the opposite
tendency, strongly favoring IpiomaTic predictions
(R=0.9863) at the expense of LITERAL detection
(R=0.1007). These opposing biases highlight that
model scale alone does not guarantee balanced
literal-idiomatic decisions.

Lexicographic knowledge injection reshapes
these class-level behaviors. For GaMS-2B-Ins.,
all RAG configurations substantially increase Ip-
IOMATIC recall (up to 0.9647 in Exs), confirming
that injected evidence helps the smaller model rec-
ognize non-literal meaning. However, Exs overgen-
eralizes toward IbiomaTIC predictions, collapsing
LiTerAL recall to 0.0268. The combined Der+Exs
variant yields a more balanced trade-off, improv-
ing IpiomaTiC F1 (0.5507) while retaining moderate
LiTeERAL performance.

For GaMS-9B-Ins., RAG primarily improves LiT-
ERAL recall (from 0.1007 to 0.6011 in Der+Exs)
while maintaining competitive IbiomaTiC perfor-
mance. Across models, definitional grounding (DeF
and Der+Exs) has a stabilizing effect, whereas
example-only injection (Exs) can shift the deci-
sion boundary and induce class overprediction in
a model-dependent manner. Overall, these results
show that structured lexicographic resources im-
prove not only macro-F1 but also the balance be-
tween LITERAL and IpiomaTIC predictions by mitigat-
ing baseline bias. This is consistent with the con-
servative MAP_SCORE protocol, where stronger
evidence in the reference block can systematically
shift the model toward (or away from) the idiomatic
decision.



Literal Idiomatic

Model Config P R Fy P R F,
Baseline 0.4750 0.9904 0.6377 | 0.3000 0.0180 0.0336
GaMS-2B-Ins RAG (Def) 0.3046 0.2231 0.2147 | 0.5024 0.7567 0.5713
" RAG (Exs) 0.2650 0.0268 0.0385 | 0.5243 0.9647 0.6724
RAG (Def+Exs) 0.5053 0.3829 0.3660 | 0.4953 0.6728 0.5507
Baseline 0.8079 0.1007 0.1741 | 0.5492 0.9863 0.7013
GaMS-9B-Ins RAG (Def) 0.6039 0.5486 0.5208 | 0.6715 0.6957 0.6434
" RAG (Exs) 0.5228 0.8442 0.6337 | 0.7126 0.3029 0.3867

RAG (Def+Exs) 0.6401 0.6011 0.5760 | 0.6957 0.7026 0.6661

Table 6: Mean per-class performance across idioms. Precision

(P), Recall (R), and F1 scores are

computed separately for the Literal and Idiomatic classes and averaged over the 10 target idioms for each

model and configuration.

6. Discussion

Our results show that inference-time injection
of structured lexicographic knowledge can sub-
stantially improve Croatian PIE literal-idiomatic
disambiguation for locally runnable, open-weight
decoder-only LLMs without fine-tuning. Across
both GaMS models, RAG yields macro-level gains,
with DEr+Exs producing the most reliable improve-
ments and the strongest statistical evidence. This
pattern supports the view that definitions and cu-
rated usage examples provide complementary sig-
nals: definitions act as stable semantic anchors,
while examples contribute prototypical contextual
cues for matching concordance usage.

At the same time, gains are not uniform across
expressions. PIE-level analyses indicate that some
expressions benefit strongly, whereas a small sub-
set shows marginal improvements or occasional
degradations, highlighting sensitivity to contextual
fit and the structure of retrieved evidence. Impor-
tantly, the per-class breakdown shows that lexico-
graphic grounding does not merely increase aggre-
gate scores: it can reshape decision behavior by
mitigating strong baseline prediction biases (literal-
biased GaMS-2B vs. idiomatic-biased GaMS-9B).
Example-only grounding is also less stable and can
induce class overprediction in a model-dependent
way, reinforcing the stabilizing role of definitional
evidence.

A limitation of the current setup is that the target
PIE can appear in morphologically and syntacti-
cally varied realizations within concordances (e.g.,
inflectional changes, word-order variation, or the in-
sertion of additional words (e.g., modifiers or clitics)
within the expression, and occasionally multiple
times in the same instance. While our evaluation
assumes the target expression is present, further
error analysis should disentangle potential failures
in (i) identifying the intended target span under
such variation and (ii) performing literal-idiomatic
disambiguation once the target is identified. Addi-
tional confounds arise when semantically related
expressions occur nearby: for example, our study
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targets dati crveni karton (to give a red card), but
some concordances also contain dati Zuti karton (to
give a yellow card), which may prime an idiomatic
interpretation even though it is not the target of
classification. Moreover, a small portion of con-
cordances contains dialectal or informal Croatian;
since GaMS is not explicitly trained or optimized
for Croatian dialectal varieties or slang (and such
data are likely underrepresented), these inputs may
reduce both retrieval fit and model comprehension.
Finally, structured outputs with brief justification
appear more stable than single-label answers, mo-
tivating deeper analysis of how explanation require-
ments interact with grounding and decision reliabil-
ity.

Despite these limitations, the results consistently
indicate that small, expert-curated lexicographic re-
sources provide effective small data grounding for
non-literal interpretation in low-resource settings.
In particular, several PIEs benefit robustly from in-
jected evidence across models and knowledge vari-
ants, whereas a few remain challenging even under
Der+Exs, suggesting that targeted analysis of dic-
tionary senses, example selection, and contextual
ambiguity could further improve grounding quality.

Overall, these findings align with a small-data,
neurosymbolic perspective: compact, expert-
curated lexicographic resources can compensate
for representational gaps in locally adapted LLMs
and provide controlled semantic evidence for non-
literal interpretation in low-resource settings. The
present findings are derived from a controlled
dataset with a limited number of phraseological
units. Future work will extend the evaluation to
broader PIE inventories and retrieval strategies,
and to a larger and more diverse set of idioms, al-
lowing us to evaluate the approach under more
heterogeneous conditions.

7. Conclusion

This paper presented a controlled study of Croa-
tian PIE literal-idiomatic disambiguation, evaluat-



ing inference-time injection of structured lexico-
graphic knowledge via RAG on locally runnable,
open-weight decoder-only LLMs without fine-tuning.
The study isolates the contribution of three knowl-
edge variants: definitions (DeF), curated usage
examples (Exs), and their combination (Der+Exs),
under a unified prompting and decoding protocol
across two model sizes.

Across models and expressions, lexicographic
grounding improves macro-F1, with Der+Exs yield-
ing the most reliable gains and the strongest statis-
tical evidence. Definitional evidence is more stable
than examples alone, while example-only ground-
ing can be less consistent and may shift class-level
behavior in a model-dependent way. Beyond aggre-
gate scores, injected knowledge mitigates strong
baseline prediction biases and improves the bal-
ance between LITERAL and IDIOMATIC decisions.

For reproducibility, we release the CroPIEs-1k
expert-annotated concordance dataset and the
prompt templates used in this study. Overall, the
findings highlight that small data in the form of com-
pact, expert-curated structured lexicographic knowl-
edge can provide effective grounding for non-literal
language understanding in low-resource settings
without fine-tuning.
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