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1 Introduction

Multiword expressions (MWESs) pose a persistent chal-
lenge for NLP because they often resist strictly com-
positional analysis while exhibiting substantial lexical,
semantic, and morphosyntactic variability (Sag et al.,
2002; Odijk, 2013; Ramisch, 2015; Savary et al., 2017;
Barman et al., 2024; Mititelu et al., 2025; Karakags and
Simgek, 2026). This challenge is particularly acute
in Turkish, where rich inflectional morphology, flexi-
ble argument realization, and highly productive verb—
nominal predicate formation generate considerable sur-
face variation (Oflazer, 1994; Oflazer et al., 2004; Butt,
2010; Ucar, 2010). Following the PARSEME guide-
lines for verbal multiword expressions, we treat light
verb constructions (LVCs) as predicate-like noun—verb
expressions in which the nominal element contributes
the core predicational content, while the verbal ele-
ment is semantically light or partially bleached (Savary
et al., 2017). In Turkish, however, the same verb may
also occur in fully literal, compositional uses, yielding
minimal contrasts between idiomatic and literal read-
ings that are difficult to resolve from lexical identity
alone.

In this paper, we use Turkish LVCs as a controlled di-
agnostic for testing whether models recover predicate-
level meaning or instead rely primarily on shallow
lexical defaults. Specifically, we compare a super-
vised Turkish encoder baseline with three instruction-
tuned LLMs under zero-shot, one-shot, and few-shot
prompting regimes. The results reveal a strong ef-
fect of prompting regime: zero-shot LLMs behave
conservatively and miss many positive LVC cases,
one-shot prompting can lead to overcorrection, and
few-shot prompting improves calibration while re-
maining highly model-dependent. More broadly, the
paper argues that Turkish LVCs provide a valuable
benchmark for evaluating meaning-sensitive MWE de-
tection, since aggregate accuracy alone can obscure
whether a model has genuinely learned the literal—
idiomatic contrast.
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2 Data and Experimental Design

We train the encoder models on nine Turkish UD tree-
banks (ud-, a,b,c,d,e,f,h,g,i). Candidate LVCs are ex-
tracted from compound: 1vc where available and
otherwise from noun—verb compound relations with
manual filtering (ud-, k,j), yielding 82,319 sentences
and 9,491 LVC instances. This operationalization is
intended to be compatible with the PARSEME view of
LVCs as verbal MWEs whose overall predicate mean-
ing cannot be reduced to an ordinary literal use of the
verb alone (Savary et al., 2017). The diagnostic NLVC
condition was designed to contrast these cases with
sentences in which the same verbs retain their literal
lexical meaning.

Evaluation uses a separate 147-item diagnostic set bal-
anced across LVC, NLVC, and RANDOM conditions
(n=49 each). The generated diagnostic evaluation
dataset is presented in Appendix A. The NLVC items
reuse the same target verbs as the positives under lit-
eral readings, blocking simple verb-based heuristics
and forcing models to distinguish lexicalized from
literal uses. All items were validated by three anno-
tators. Because the set is diagnostic rather than i.i.d.,
we interpret the results as evidence about controlled
decision-boundary behavior rather than broad in-the-
wild performance (Ribeiro et al., 2020; Gardner et al.,
2020; Kiela et al., 2021; Yang et al., 2022; Zhao et al.,
2024; He et al., 2025; Mayne et al., 2025).

The task is sentence-level binary classification: [1]
for LVC and [0] otherwise. We report split-wise and
overall accuracy; the fuller analysis also includes false
positives, false negatives, precision, and recall, since
aggregate accuracy alone can hide systematic failure
on the positive class.

3 Models

We fine-tune BERTurk 32K and 128K cased models
with a binary classifier over the final-layer [CLS]
representation, using the original setup: an 80/20 strat-
ified split, dropout 0.2, learning rate 2 x 107>, batch
size 32, weight decay 0.01, and early stopping. These
serve as supervised Turkish baselines and provide a
useful comparison point for prompted models.

We also evaluate three instruction-tuned LLMs



via Ollama—11lama3.1:8b, gptoss:20B, and
Qwen?2 . 5:14B—with sentence-level binary prompts
and low-temperature decoding. We compare zero-shot,
one-shot, and few-shot prompting, asking whether
demonstrations improve LVC detection or mainly shift
the threshold for predicting the positive label (Brown
et al., 2020; Liu et al., 2023). This setup lets us com-
pare supervised adaptation against in-context adapta-
tion on the same controlled benchmark.

4 Experiments and Results

4.1 Experiment 1: Zero-shot prompting

The first experiment compares zero-shot LLMs against
the supervised BERTurk baselines. The main pattern
is a sharp asymmetry between negative and positive
conditions. In zero-shot, all three LLMs perform well
on RANDOM and NLVC items but largely fail on
LVC positives. Llama 3.1 8B shows the strongest ver-
sion of this pattern, with near-ceiling performance on
negatives but complete collapse on LVCs. GPT-OSS-
20B and Qwen 2.5 14B behave similarly, though with
slightly better positive recall. In practical terms, the
models default to the safer negative label unless given
explicit evidence that positive cases exist and should
be recognized. The results obtained from BERTurk
and zero-shot prompting are provided in Appendix B.

This makes pooled accuracy misleading. Because two
of the three evaluation splits are negative, a conserva-
tive model can still look moderately successful overall
while missing the phenomenon the benchmark is de-
signed to test. By contrast, the supervised BERTurk
baselines remain much more balanced across con-
ditions, especially BERTurk-128k, which performs
strongly on LVC positives while preserving high neg-
ative accuracy. The gap suggests that task-specific
Turkish supervision makes the literal-idiomatic dis-
tinction more directly accessible than prompting alone
in the zero-shot setting.

4.2 Experiment 2: One-shot prompting

The second experiment tests whether a minimal in-
context demonstration corrects the zero-shot false-
negative bias. It does, but not in a uniform way. In-
stead, one-shot prompting produces strongly model-
specific calibration shifts. Llama 3.1 8B moves from
near-total rejection of the positive class to a much more
liberal strategy: its LVC accuracy rises sharply, but
its performance on both negative splits drops substan-
tially. This indicates over-prediction of the LVC label.
Qwen 2.5 14B shows the opposite tendency. It remains
extremely strong on negatives and improves less dra-
matically on positives, suggesting a more conservative
threshold. GPT-OSS-20B is the most balanced model

under one-shot prompting, improving substantially on
LVCs without collapsing on the negative splits. The
tabulated results of the three models evaluated under
one-shot prompting are provided in Appendix C.

The interpretation is that one-shot demonstrations do
not simply “teach” the task. They can also reset the
model’s decision bias. A single positive example may
be enough to convince one model that LVCs should be
predicted much more often, while another model still
treats them as exceptional and continues to prefer the
negative class. In the original analysis, chi-square tests
with Holm correction show reliable model differences
across the splits in this regime, which reinforces the
point that the prompt is interacting with model family
rather than producing a stable universal improvement.

4.3 Experiment 3: Few-shot prompting

The third experiment asks whether a richer prompt
can reduce the extremes observed in one-shot evalua-
tion. Overall, the answer is yes. Few-shot prompting
largely removes the zero-shot always-negative failure
mode and softens the strongest one-shot distortions.
GPT-0OSS-20B and Qwen 2.5 14B both achieve strong
overall performance under few-shot prompting, and
both become substantially more competitive with the
supervised baselines. Llama 3.1 8B preserves high
LVC recall, but remains noticeably less calibrated on
the negative splits, which shows that additional demon-
strations help but do not fully eliminate family-specific
response biases. The results are presented in Appendix
D.

The broader pattern across all three experiments is
therefore not monotonic “more prompting is better,”
but rather a shift from conservatism to more balanced
behavior, with different models stabilizing at differ-
ent points. Zero-shot prompting under-predicts posi-
tives. One-shot prompting can overcorrect. Few-shot
prompting usually improves calibration, but the result-
ing balance between false positives and false negatives
remains model-dependent. This is why split-wise re-
porting is essential: the same overall score can arise
from very different underlying behaviors.

5 Discussion

The experiments support two main conclusions. First,
Turkish LVC detection is strongly prompt-sensitive:
the same LLM can shift from missing most positives to
over-predicting them depending on the demonstration
regime. Second, the supervised encoder is more stable
overall. Although this is not a fully symmetric com-
parison, since BERTurk uses task-specific supervision
and the LLMs rely only on prompting, the contrast is



still informative. Turkish LVCs therefore provide a
compact diagnostic benchmark for lexicalized pred-
icate meaning and show why pooled accuracy alone
can be misleading for linguistically structured tasks.

6 Conclusion

We presented a controlled evaluation of Turkish LVC
detection comparing supervised Turkish encoders with
instruction-tuned LLMs under zero-shot, one-shot, and
few-shot prompting. Zero-shot LLMs perform well
on negatives but largely fail on positives, one-shot
prompting often introduces strong calibration shifts,
and few-shot prompting improves performance while
preserving clear differences across model families. Su-
pervised BERTurk remains the most stable baseline,
while carefully designed prompts allow some LLMs
to approach it on controlled judgments.
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A Example Appendix

Sentence Turkish Sentence English Sentence
Type
Kitaplar1 rafa He put the books on the NLVC
diizenli bir sekilde shelf in an orderly Lexical
koydu. manner. Controls

Bu davranmisiyla | With this behavior, he put | LVC Positives
herkese karsi tavir | up an attitude against

koydu. everyone.
Kimse No one wants stock in Random
defterlerinde stok their books.
istemiyor.

Table 1: Structure of the test dataset and examples

B Zero-Shot Results

Model Random = NLVC | LVC Overall |
Llama3.1-8B 0.980 | 0959 | 0.000 | 0.646
GPT-0SS-20B 0.939 | 1.000 | 0.061 | 0.667
Qwen2.5-14B 0918 | 0857 | 0.122 | 0.633

BERTurk-32k (clf) 0.980 0.816 | 0.673 0.823
BERTurk-128k (clf) 0.980 0.816 | 0.796 0.864

Table 2: Experiment 1 success rates (0—1). LLM rows
are zero-shot prompting; BERTurk rows are supervised
classifier baselines (clf). Each condition has n = 49 items;
Overall pools 147 items.

C One-Shot Results

Model ' Random NLVC LVC Overall |
GPT-0SS-20B | 0.898 | 0735 | 0.837 | 0.823
Llama3.18B | 0469 | 0286 | 0.878 | 0.544

Qwen 2.5 14B 0.959 1.000 | 0.490 0.816

Table 3: Experiment 2 success rates (0—1). Each split has
n = 49 items; Overall pools N = 147 items.

D Few-Shot Results

Model Random NLVC LVC Overall |
GPT-08S-20B | 0918 | 0755 | 0.857 | 0.844
Llama3.18B | 0510 | 0612 | 0878 | 0.667
Qwen2514B | 0878 | 0980 [ 0714 | 0.857

Table 4: Experiment 3 success rates (0—1). Each condition
has n = 49 items; Overall pools N = 147.



