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Abstract

Large language models are increasingly used
not only to label data but also to judge whether
another model’s labels are correct. Using Turk-
ish PropBank argument-frame prediction as a
testbed, we study two questions. First, does
agreement between LLM judges reflect shared
capability or shared provider family? Across
four judges from two provider families (two
Gemini, two OpenAl), within-family agree-
ment consistently exceeds cross-family agree-
ment. However, a two-judge committee com-
bining one model from each family improves
exact-match precision by 11.9 points over the
unfiltered baseline, more than doubling the gain
of the best single-judge filter, while adding
a third same-family judge yields little bene-
fit. Second, how do targeted prompt revisions
affect other error types? A prompt edit for
Turkish intransitive activity verbs improves the
intended ARGO-only class by 21.7 points but
also increases ARG2 omissions by 30.9 points;
a follow-up clarification partially recovers over-
all performance. These results suggest that
LLM-judge committees benefit more from fam-
ily diversity than larger committee size, and
that prompt revisions for closed semantic tax-
onomies should be evaluated by error class
rather than aggregate metrics alone.

1 Introduction

PropBank-style annotation links each predicate
sense to the semantic participants licensed by that
sense (Palmer et al., 2005). These participants are
represented with core roles such as ARGO, ARGI,
and ARG2.! The framework is closely related
to Frame Semantics (Fillmore, 1976; Baker et al.,
1998) and has been widely studied in semantic role
labeling (Gildea and Jurafsky, 2000; Carreras and
Marquez, 2005; He et al., 2017; Shi and Lin, 2019).

'We adopt the PropBank core-role inventory (ARGO—
ARG4), but predict only ARG0O, ARG1, and ARG2 because

they cover more than 99.5% of valid frames in the gold stan-
dard.

Turkish makes sense-level argument-frame pre-
diction particularly challenging because evidence
for semantic roles is distributed across lexical
meaning, derivational morphology, and case mark-
ing. As an agglutinative language, Turkish en-
codes voice, valency, and case-related information
through suffixation (Oflazer, 1993; Goksel and Ker-
slake, 2005; Marsan et al., 2021). As a result, sur-
face syntax does not always transparently reveal
the underlying argument frame. A verb may ap-
pear intransitive while still licensing both ARGO
and ARG], and dative-marked complements may
function as core arguments rather than adjuncts.
These distinctions make Turkish PropBank annota-
tion highly dependent on expert linguistic analysis.

Large language models (LLMs) offer a poten-
tial way to reduce this annotation burden, but they
also introduce new methodological questions. Re-
cent work shows that LLMs can predict frame-
like semantic structures from definitions and ex-
amples (Tayyar Madabushi et al., 2025), espe-
cially when combined with retrieval-augmented
prompting (Lewis et al., 2020; Brown et al., 2020).
However, prompt revisions are often evaluated
only through aggregate metrics, without exam-
ining which error classes improve or deteriorate.
In parallel, LLMs are increasingly used as eval-
uators (Zheng et al., 2023; Wang et al., 2024),
yet it remains unclear whether agreement among
LLM judges reflects semantic reliability or shared
provider-family biases.

This paper studies Turkish PropBank argument-
frame prediction as a closed multi-label task. Given
a predicate sense, definition, and optional example
sentence, models predict which of ARGO, ARG,
and ARG?2 are licensed. We evaluate five pre-
diction models under zero-shot, static few-shot,
and retrieval-based prompting on 500 held-out
senses from a 17,692-sense gold standard, and
add a targeted GPT-5-mini ablation to test whether
a reasoning-enabled OpenAl model changes the



family-level picture.

Our findings are threefold. First, LLM-judge
agreement shows a clear but asymmetric provider-
family effect: within-family agreement exceeds
cross-family agreement, but Gemini judges are sub-
stantially more internally consistent than OpenAl
judges. Second, two-judge committees that com-
bine one OpenAl and one Gemini model outper-
form larger single-family committees, improving
exact-match precision by 11.9 points over the un-
filtered baseline. Third, targeted prompt edits re-
distribute errors rather than uniformly improving
performance: guidance that fixes ARGO errors for
Turkish intransitive activity verbs also substantially
increases ARG?2 omissions. Together, these results
suggest that LLM-judge committees benefit more
from family diversity than committee size, and that
prompt revisions for closed semantic taxonomies
should be evaluated by error class rather than ag-
gregate metrics alone.

2 Related Work

Turkish PropBank and Turkish NLP infrastruc-
ture. Turkish PropBank extends PropBank-style
semantic role annotation to Turkish verb senses
by recording which core roles each sense licenses.
The resource builds on earlier Turkish NLP infras-
tructure, including morphological analysis (Oflazer,
1993; Yildiz et al., 2019) and Turkish Universal De-
pendencies treebanks (Sahin and Adali, 2018; Tsar-
faty et al., 2013). The sense inventory of Marsan
et al. (2021) provides ARGO-ARG4 role descrip-
tions in a synset-style organisation; our experi-
ments use the resulting inventory of 17,692 senses
with at least one filled core-role field.

The distinctions relevant to this task are stan-
dard in semantic role theory. Unergative intran-
sitives typically license an agent-like ARGO, un-
accusatives license an undergoer-like ARG1, and
transitive or triadic predicates may additionally li-
cense ARG2 (Levin, 1993; Goksel and Kerslake,
2005). In Turkish, these distinctions are often ex-
pressed through morphology and case marking,
making sense-level frame prediction linguistically
challenging.

Semantic role labelling and generative frame
prediction. Traditional semantic role labelling
identifies argument spans in a sentence and assigns
semantic roles using statistical or neural models
(Gildea and Jurafsky, 2000; Carreras and Marquez,
2005; He et al., 2017; Shi and Lin, 2019). Our

setting differs in that we predict the set of roles
licensed by a predicate sense rather than label-
ing spans in context. Tayyar Madabushi et al.
(2025) show that LLLMs can generate FrameNet-
style frame assignments, motivating our use of gen-
erative models for closed multi-label PropBank
prediction.

In-context learning and retrieval-augmented
prompting. In-context learning enables LLMs
to adapt from instructions and examples without
parameter updates (Brown et al., 2020), while re-
trieval methods improve prompting by selecting
relevant demonstrations at test time (Lewis et al.,
2020). Prior work shows that demonstration selec-
tion strongly affects performance (Liu et al., 2022;
Rubin et al., 2022; Min et al., 2022). We therefore
compare static and retrieved few-shot prompting us-
ing BM25 (Robertson and Zaragoza, 2009), dense
multilingual sentence representations (Reimers and
Gurevych, 2019; Karpukhin et al., 2020; Devlin
et al., 2019; Conneau et al., 2020), and Maximal
Marginal Relevance for diversity (Carbonell and
Goldstein, 1998).

LLM-as-a-Judge and evaluator bias. LLM-
based evaluation has become increasingly common
(Zheng et al., 2023; Wang et al., 2024), but prior
work shows that LLM judges are sensitive to fac-
tors such as output length, verbosity, and presenta-
tion order (Liu et al., 2023; Chiang and Lee, 2023;
Dubois et al., 2023). These concerns are especially
relevant for semantic role prediction, where outputs
may be nearly correct despite differing by a single
role. We therefore examine not only agreement
with gold labels, but also whether judges from the
same provider family behave more similarly than
judges from different families.

Evaluation methodology. Because each predi-
cate sense may license multiple roles, the task is a
multi-label classification problem (Tsoumakas and
Katakis, 2007). We report exact match together
with macro- and micro-F1. For judge reliability, we
use quadratic-weighted Cohen’s x (Cohen, 1960;
Landis and Koch, 1977). Prompt comparisons are
evaluated with paired bootstrap confidence inter-
vals (Efron and Tibshirani, 1993; Dror et al., 2018),
which estimate the stability of differences under
resampling of matched evaluation items.



3 Methodology
3.1 Prompting Setups

We compare three prompting conditions that dif-
fer in how much task guidance is provided to the
model. The zero-shot setup includes only the
role definitions and decision rules, testing whether
the model can apply the taxonomy without exam-
ples. The static few-shot setup adds six manu-
ally selected examples covering the main linguistic
classes. One example is intentionally contrastive:
in an eating event, a fork is treated as an adjunct
rather than ARG?2 because it is an instrument, not
a participant licensed by the verb sense itself. The
retrieved few-shot setup instead selects five exam-
ples separately for each test sense using a hybrid
of lexical retrieval and embedding similarity, with
Maximal Marginal Relevance used to reduce redun-
dancy among the retrieved examples.

* Zero-shot (zS). The model receives only the role
taxonomy and prediction instructions.

* Static few-shot (STATIC_FS). The prompt in-
cludes six fixed examples representing major
argument-frame patterns and one contrastive ad-
junct case.

* Retrieved few-shot (RETR_MMR). The prompt
includes five examples retrieved dynamically for
each target sense using a BM25+cosine hybrid
with MMR diversification (k=5).

Output format. All prompts require structured
JSON output containing the predicted argument
labels, role descriptions, confidence score, and a
short explanation. A tolerant parser removes Mark-
down code fences when models include them.

3.2 Multi-Tour Prompt Iteration

Prompts are revised over three tours, with each
revision targeting errors observed in the previous
round.

Tour 1 (t1). The baseline prompt defines the five
argument-frame classes and provides a lexical test
for ARG2, asking whether a third participant is re-
quired by the verb sense and answers a role-specific
question such as “to whom?” or “into what state?”.

Tour 2 (t2). Pilot analysis showed that Gemini
models frequently misclassified ARGO-only intran-
sitive activity verbs as ARG1-only. We therefore
added explicit guidance that animate, agent-like

participants in sound, behaviour, and expression
verbs should generally be treated as ARGO. This
tour also introduced a compact explanation of Turk-
ish derivational morphology, including causative,
passive, reciprocal, and reflexive markers that often
affect argument structure.

Tour 3 (t3). Although t2 improved ARGO-only
prediction, it also increased ARG?2 omissions. In-
spection suggested that models were interpreting
the morphology cues too narrowly, as if ARG?2 re-
quired explicit derivational marking. The third tour
therefore clarified that morphology can provide ev-
idence for ARG2 but is not required: some verbs,
including “explain”, “give”, and certain light-verb
constructions, license ARG2 without overt deriva-
tional morphology. Full prompt additions are given
in Appendix B.

3.3 LLM-as-a-Judge Protocol

Each judge receives the predicate sense, definition,
optional example sentence, and predicted frame,
but not the gold frame. Judges rate the prediction
on a five-point ordered scale, where 5 indicates a
correct frame and 1 indicates no meaningful match.
Outputs are returned as JSON containing a numeric
score and brief reasoning.

We evaluate four judges from two provider fami-
lies:

gpt-4o0-mini (OpenAl)

* gpt-5-mini (OpenAl, reasoning-enabled)
e gemini-2.5-pro (Google)

e gemini-3-flash-preview (Google)

gpt-5-mini is used both as a prediction model
and as a judge, allowing comparison between
within-family and cross-family agreement.

Judge reliability is measured with quadratic-
weighted Cohen’s s (Cohen, 1960; Landis and
Koch, 1977) on the 496 items for which all judges
produced valid scores. We also compare single-
judge filtering with committee rules: union accepts
an item if any judge assigns the target score, ma-
jority requires at least two judges, and unanimous
requires agreement from all judges in the commit-
tee. Finally, we examine score spread between
judges as a possible signal for human review.



4 [Experiments

We evaluate six LLMs from three provider fami-
lies (Table 1). The Google Gemini models (Team
et al., 2025) represent a recent proprietary API
family. The OpenAl models include GPT-40-mini
and GPT-5-mini (reasoning-enabled), following
instruction-tuned model lines (Ouyang et al., 2022).
We also include Qwen2.5-7B-Instruct as an open-
weights baseline (Qwen et al., 2025), similar in
spirit to other open releases such as LLaMA (Tou-
vron et al., 2023).

Provider Model Access
Google gemini-2.5-flash API
Google gemini-2.5-pro API
Google gemini-3-pro-preview API
OpenAl gpt-40-mini API
OpenAl gpt-5-mini (reasoning) API
Alibaba gwen2.5:7b-instruct local

Table 1: Models evaluated.

Decoding. We use deterministic decoding when
supported (temperature 0.0, seed 42). For mod-
els with controllable reasoning, we use the lowest
available reasoning budget unless stated otherwise.
Outputs that fail JSON parsing are treated as empty
predictions, which penalizes recall rather than be-
ing discarded. We analyze GPT-5-mini separately
in Section 5.3 because its default reasoning settings
occasionally produce structured-output failures.

Sample size. We run a 50-item pilot for the first
prompt tour and full evaluations on 500 held-out
senses for the second and third tours. The pilot in-
cludes nine Gemini runs to enable matched compar-
isons between prompt versions. The final tour uses
the retrieved few-shot setup for all main models,
with an additional ablation over prompting setups
for GPT-5-mini.

5 Results

5.1 Frame Prediction across Models and
Setups

Table 2 reports exact match, macro-F1, and micro-
F1 for the second prompt tour, where exact match
requires the full predicted role set to match the
gold set. Across all models, retrieved few-shot
prompting is the strongest setup, indicating that
semantically similar annotated senses provide use-
ful grounding for both lexical choice and argument
structure. The best overall result is obtained by

Gemini 2.5 Flash with retrieval (EM = 0.628). Fig-
ure 1 confirms this ranking across all metrics. The
smaller Qwen model is consistently behind the
API models, especially on cases involving ARG?2,
which require more fine-grained sense distinctions.

Averaging over non-reasoning models, retrieval
improves exact match (0.591) over static few-shot
(0.552) and zero-shot (0.542). Gains are more
stable at the full evaluation size than in the pi-
lot, where retrieval and zero-shot were nearly
tied. Error analysis shows that remaining mistakes
are structurally plausible rather than random, as
shown in Figure 2: most errors collapse three-role
frames into { ARG0, ARG1} or confuse unerga-
tive ARGO-only cases with two-role frames.
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Figure 2: Pattern confusion for the best t2 prediction run
(gemini-2.5-flash with retrieved few-shot prompt-

ing).

5.2 Prompt Iteration across Three Tours

We next analyze how prompt revisions change er-
ror behavior. For tours 1 and 2, we compare nine
matched Gemini configurations (same model and
setup before/after revision). While tour 1 uses a
smaller pilot sample, the direction of changes is
highly consistent across runs.

Effect of targeted edits. The t2 revision success-
fully fixes its intended issue: ARGO-only accu-
racy increases by 21.7 points across all runs, with
consistent directionality and a confidence interval
excluding zero.

Side effects. However, the same change redis-
tributes errors elsewhere in the label space. Per-
formance drops for multi-argument patterns, and



Argument-frame prediction across runs
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Figure 1: Main t2 benchmark across models and prompting setups. Retrieved few-shot prompting gives the strongest
run within every model family, while the Qwen-7B runs lag most clearly on the strict exact-match metric.

Model Setup EM  macro-F1  micro-F1 ~ ARGOleak ARG2 miss
gemini-2.5-flash retr_mmr  0.628 0.717 0.853 0.202 0.574
gemini-2.5-pro retr_mmr 0.624 0.726 0.853 0.083 0.481
gemini-3-pro-preview  retr_mmr 0.624 0.724 0.851 0.119 0.537
gemini-2.5-pro zs8 0.620 0.722 0.849 0.131 0.500
gemini-3-pro-preview  static_fs  0.616 0.726 0.847 0.107 0.444
gemini-2.5-flash zs 0.604 0.713 0.838 0.214 0.500
gemini-3-pro-preview  zs 0.604 0.705 0.843 0.143 0.574
gemini-2.5-pro static_fs  0.594 0.715 0.838 0.119 0.444
gemini-2.5-flash static_fs ~ 0.590 0.692 0.829 0.190 0.556
gpt-4o-mini retr_mmr 0.568 0.707 0.835 0.119 0.556
gpt-4o0-mini static_fs  0.518 0.673 0.805 0.107 0.574
gpt-4o-mini Zs8 0.514 0.633 0.802 0.119 0.778
qwen2.5-7b-instruct retr_mmr 0.512 0.632 0.814 0.179 0.833
qwen2.5-7b-instruct static_fs  0.442 0.589 0.754 0.119 0.796
qwen?2.5-7b-instruct zs 0.368 0.547 0.717 0.060 0.833

Table 2: Argument-frame prediction at t2, n=>500. Sorted by EM.

ARG?2 misses increase by 30.9 points. This indi-
cates that correcting one linguistic distinction can
shift decision boundaries for others in a closed la-
bel space.

Tour 3 correction. Tour 3 addresses this regres-
sion by clarifying that morphological cues are suf-
ficient but not necessary for ARG2 licensing. As
shown in Table 4, all Gemini models improve (up
to +2.4 EM), while GPT-40-mini degrades slightly
and Qwen remains mostly unchanged. This sug-
gests that the correction helps primarily within the
Gemini family.

Overall, prompt improvements are not mono-
tonic: they tend to shift errors between related
classes rather than uniformly improving all met-
rics.

5.3 Reasoning-Model Ablation: gpt-5-mini

To extend OpenAl-family coverage, we evaluate
gpt-5-mini under the t3 prompt. It improves over
GPT-40-mini in all three prompting setups, with
exact-match gains of 1.2-3.8 points and substan-
tially higher ARGO-only accuracy. However, the

ablation also exposed a structured-output issue:
with the default token budget and reasoning mode,
15-20% of outputs fail JSON parsing because hid-
den reasoning can consume the completion bud-
get before the required JSON is emitted. Set-
ting reasoning_effort to minimal and increasing
max_completion_tokens eliminates parse fail-
ures and makes decoding roughly three times faster,
so reasoning-model results should be reported only
after explicit output-budget calibration. The full
ablation table is provided in Appendix A.

5.4 Judge Reliability and Provider-Family
Clustering

We apply four judges to the 500 predictions from
the best second-tour run (Gemini 2.5 Flash with re-
trieved few-shot prompting). Table 5 and Figure 3
report pairwise quadratic-weighted Cohen’s s on
the 496 cases with valid scores from all judges.

Asymmetric cohesion. The effect is asymmetric
across families. Gemini judges are much more in-
ternally consistent (Gemini—~Gemini x = 0.701 vs
OpenAl-OpenAl k = 0.376, about 1.9x higher).



Pattern tl mean t2mean A4y, 95% CI (bootstrap)  sign consistency
{ARGO} unergative (TARGETED)  0.157 0375  +0.217  [4+0.166, +0.261 9/9 1
{ARG]1} unaccusative 0.833 0.775  —0.058 [—0.104,—0.009 6/9 |
{ARGO0,ARG1} agent—target 0.815 0.716 —0.099 —0.128, -0.078 9/9 |
{ARGI1,ARG2} passive/recip. 1.000 0.694  —0.306 [—0.375,—0.236 9/9 |
{ARGO0,ARG1,ARG2} triadic 0.644 0430 —0.215 —0.318,—-0.104 891
ARG?2 miss rate 0.204 0.512 +0.309 +0.239, +0.377 9/9 worse
ARGO leakage rate 0.124 0.146 +-0.022 —0.027,4-0.076 5/9 worse

Table 3: Paired per-pattern and diagnostic-rate deltas, t1 —t2, across the nine Gemini runs (3 models X 3 setups).

Bootstrap 5000-resample 95% Cls. Bold rows are statistically significant regressions or gains (CI excludes 0).

Model EM t3 A

EM 2 Judge 1 Judge 2 Kquad
gemini-2.5-flash 0.628  0.652 +0.024 Within-family pairs
gemini-3-pro-preview  0.624  (0.634 +0.010 gemini-2.5-pro gemini-3-flash-preview 0.701
gemini-2.5-pro 0.624  0.628 +0.004 gpt-4o-mini gpt-5-mini 0.376
gwen?2.5-7b-instruct 0.512 0.514 +0.002 Crossfamily pairs
gpt-4o-mini 0568 055 —0.014 gemini-3-flash-preview  gpt-5-mini 0.351
. gemini-2.5-pro gpt-5-mini 0.303
Table 4: Paired t2—t3 EM deltas on the RETR_MMR gemini-3-flash-preview  gpt-4o-mini 0.266
setup (n=500 each). All three Gemini variants gain; gpt- gemini-2.5-pro gpt-40-mini 0.239

4o-mini regresses; Qwen-7B is flat on aggregate EM
but loses —0.087 on the { ARG0,ARG1,ARG2} triadic
pattern. The Gemini-vs-OpenAl signature parallels the
inter-judge « stratification of Table 5.

Notably, the OpenAl pair is closer to the strongest
cross-family agreement (0.35) than to the Gemini
pair. This is partly explained by score distributions:
gpt-4o-mini is the strictest judge (5 = 3.53),
Gemini judges are more lenient (5 = 4.47,4.49),
and gpt-5-mini is intermediate (5 = 4.03), yield-
ing correspondingly intermediate agreement pat-
terns.

Implication. Judge agreement is not a single
scalar property of “provider family.” High within-
family agreement can reflect strong calibration con-
sistency, while cross-family disagreement can re-
flect scale differences rather than semantic disagree-
ment. For evaluation, adding a second judge from
the same provider may add little new information,
whereas cross-family pairing provides a more inde-
pendent signal at similar cost.

5.5 Committee-Filtered Precision

We next evaluate whether LLM judges can iden-
tify a high-precision subset of predictions. Ta-
ble 6 reports the main coverage—precision frontier;
Appendix Figure 5 visualizes the same trade-off.
The committee analysis uses the original three-
judge panel (gpt-4o-mini, gemini-2.5-pro,
gemini-3-flash-preview); the fourth judge
(gpt-5-mini) is reserved for Section 5.4 to isolate

Table 5: Pairwise quadratic-weighted Cohen’s x across
four judges (n=496). The Gemini—Gemini pair reaches
“substantial” agreement (Landis and Koch, 1977); both
within-family OpenAl and all cross-family pairs sit in
the “fair” band (0.21-0.40), but within-family OpenAl
(0.376) is consistently above the cross-family range
(0.24-0.35). Families therefore differ in internal co-
hesion: Gemini is about 1.9x as internally consistent
as OpenAl under this metric.

within-family OpenAl agreement and is excluded
here to keep the comparison consistent with earlier
results.

Committee filtering. The strongest filter requires
both GPT-40-mini and Gemini 2.5 Pro to assign the
maximum score. This retains 41.3% of items while
improving exact match by 11.9 points over the full
set, more than twice the gain of the best single-
judge filter. Adding the third same-family Gemini
judge yields only a 0.3-point change, indicating
that cross-family diversity is more important than
committee size.

Score spread as a diagnostic. Judge disagree-
ment is also informative, but not monotonically so.
Figure 4 reports exact match by three-judge score
spread. Flagging cases with a spread of at least two
captures roughly one third of the data but selects
a lower-accuracy subset overall. Large disagree-
ments often correspond to genuinely ambiguous
or polysemous predicates rather than clear errors,
while moderate disagreement is a better indicator



Filter strategy N Coverage EM onsubset AEM vs. full
Full set (no filter) 496 100.0% 0.627 —
Single-judge filters

gpt-4o-mini > 4 277 55.8% 0.682 +0.055
gemini-2.5-pro > 4 394 79.4% 0.673 +0.046
Two-judge committees (cross-family)

Either gpt or pro > 4 (union) 419 84.5% 0.659 +0.032
Both gpt and pro > 4 (intersection) 252 50.8% 0.706 +0.079
Both gpt and pro = 5 (unanimous high) 205 41.3% 0.746 +0.119
Three-judge committees

> 2 of 3 say > 4 (majority) 389 78.4% 0.663 +0.036
Unanimous > 4 244 49.2% 0.709 +0.082
Unanimous = 5 199 40.1% 0.749 +0.122
Spread-based diagnostic

Spread > 2 (route to human) 161 32.5% 0.596 —0.031

Table 6: Coverage—precision frontier for filter strategies. Bootstrap 95% CI for the (unanimous = 5 EM — full EM)

lift: [40.046, +0.193].

Pairwise quadratic-weighted Cohen's Kk (n=496)
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Figure 3: Four-judge agreement matrix. The two within-
family blocks (OpenAl top-left, Gemini bottom-right)
are both denser than the off-diagonal cross-family block,
but the two within-family blocks differ in magnitude:
Gemini—Gemini is 0.70, OpenAI-OpenAl is 0.38. The
asymmetry visualises “provider-family clustering” as
a real but non-symmetric effect rather than a uniform

property.

of likely mistakes.

5.6 Qualitative Case Analysis

Representative prediction and judge outputs are
provided in Appendix Table 9. The examples il-
lustrate the main mechanisms behind the aggre-
gate results: t2 repairs ARGO-only errors, ARG2
is under-generated after the morphology-focused
revision, t3 recovers some lexically licensed ARG2
cases, and same-family judges can accept the same
wrong frame.

Three-judge spread vs prediction correctness

0.8
0.7
061
05

0.4

Exact-match accuracy on subset

~=~ full-set EM = 0.627

0 1 2 3 4
3-judge score spread (max - min)

Figure 4: Exact-match accuracy by three-judge score
spread. Moderate spread is the clearest warning sig-
nal; maximum spread is rare and not itself the lowest-
accuracy bucket.

6 Discussion

Why does the unergative guidance help?
ARGO-only senses are challenging because a sin-
gle participant must be recognized as agent-like
rather than defaulting to ARG1. In Turkish, ad-
ditional material is often expressed as an oblique
phrase (e.g., constructions similar to “laugh at X
or “cry for X”’), which models may incorrectly treat
as a core ARGI1 argument. The revised prompt
addresses this by introducing a simple diagnos-
tic: check whether the verb sense can take a true
accusative-marked theme. If not, the sole animate
participant is more likely to be ARGO. This con-
crete test is easier to apply reliably than an abstract
definition of unergativity.

Why does the morphology guidance hurt
ARG2? The morphology block is linguistically



correct, but it changes how the model weights evi-
dence. Listing suffixes that often affect valency ap-
pears to encourage the model to treat morphology
as a near-exhaustive signal for argument structure.
This is harmful for ARG2, since some predicates li-
cense a third role lexically rather than through overt
derivational morphology. For example, verbs like
aciklamak ‘explain’ can express a three-participant
relation (someone explains something to someone),
and constructions such as farkli olmak ‘be different
from’ also introduce a third participant without the
listed morphological markers. The third-tour clari-
fication corrects this by stating that morphology is
evidence for ARG2 but not a requirement.

Provider family vs. scale. The judge results
show that large API models are not interchange-
able, but the structure is more nuanced than a single
“family clustering” effect. Within-family agree-
ment is always higher than cross-family agreement,
yet internal cohesion differs substantially across
families: Gemini judges agree strongly (x = 0.70),
while OpenAl judges are much less consistent
(k = 0.38). Within OpenAl, gpt-5-mini behaves
as an intermediate scorer, with mean score and
pairwise x values between gpt-4o-mini and the
Gemini models, suggesting that reasoning-tuned
successors can shift scoring scales within the same
provider ecosystem. The practical implication re-
mains that cross-family judge pairs are preferable,
but the benefit of adding a second same-family
judge depends on how internally calibrated that
family is.

When to consult humans. The most useful trig-
ger for human review is not low confidence or any
form of judge disagreement. Large disagreements
often reflect stable differences between judge fami-
lies on genuinely ambiguous senses. Instead, mod-
erate disagreement is more informative, as it tends
to identify cases near the decision boundary. For
annotation support systems, this suggests that hu-
man effort should be focused on near-miss cases
rather than all instances where judges differ due to
scale or calibration effects.

Why this matters beyond Turkish. Our dataset
is Turkish, but the two main findings are not
Turkish specific. Any closed semantic taxonomy
that depends on linguistically subtle distinctions
— predicate—argument structure in other morpho-
logically rich languages, fine-grained relation ex-
traction, sense disambiguation, frame assignment

— should expect prompt revisions to redistribute
rather than purely add accuracy. The unergative-
versus-unaccusative split that hurts us in Turk-
ish has direct analogues in, for example, Hungar-
ian, Finnish, or Basque, where the same single-
participant verb can be agent-like or undergoer-like
depending on the sense. Likewise, any pipeline
that uses LLM judges as a quality gate should ex-
pect intra-family judge pairs to share calibration
biases that an inter-family pair would expose; this
is a property of how the judges were trained, not
of which language they are judging. The practi-
cal recommendation — pair across families before
adding within a family — therefore travels with the
methodology, not with the dataset.

7 Conclusion

We presented an iterative prompt-engineering and
LLM-judge committee pipeline for Turkish Prop-
Bank argument-frame prediction. Three findings
extend prior work: (i) within-family inter-judge
agreement consistently exceeds cross-family agree-
ment, but families differ markedly in internal cohe-
sion (x = 0.70 for two Gemini judges vs. k = 0.38
for two OpenAl judges across four judges and
496 paired predictions), so provider-family effects
are real but not symmetric; (ii) a two-judge cross-
family committee matches three-judge unanimous-
5 precision at higher coverage, supporting commit-
tee design by family diversity over committee size;
and (iii) targeted prompt blocks redistribute rather
than purely add accuracy in closed-set taxonomies,
motivating systematic paired evaluation of prompt
revisions.

For practitioners, the most actionable result is
the committee design. If an LLM judge is used
as a quality gate, pair two judges from different
providers and treat a third same-family judge as
redundant. The compute saved on that third judge
is better spent either on routing uncertain cases to
a human annotator or on adding a fourth model
from a yet different ecosystem; in our experiments,
the marginal precision gained by a same-family
addition was within rounding error of zero.

Future work will integrate LoRA fine-tuning,
extend judge benchmarking to local models, and
apply the spread-based diagnostic in a deployed
Turkish PropBank annotation interface.



8 Limitations

Sample-size confound in paired t1—t2. The
pilot t1 evaluation uses n=50 whereas t2/t3 use
n=>500; the paired delta therefore mixes prompt
change and sample change. We mitigate this by
reporting directional consistency (9/9 across pat-
terns) and bootstrap Cls but cannot fully isolate
the prompt effect without an additional n=>500 run
under the t1 prompt.

Single fine-tuned baseline. We do not parameter-
efficiently fine-tune (e.g., via LoRA (Hu et al.,
2021)) a local model on PropBank. Whether do-
main adaptation of a small open model would out-
perform the API baselines on multi-label PropBank
set prediction — as has been reported for single-
label frame tasks in related work — is an open
question.

Judge coverage. Four judges are evaluated, all
API-scale, drawn from two provider families (two
Gemini, two OpenAl). Other API-scale judges
(e.g., Anthropic Claude, Mistral) and local-model
judges (Qwen, Llama, Gemma) are not tested
here for the PropBank setting, so we do not know
whether a third provider family or open-weights
judges would behave more like the internally cohe-
sive Gemini family, the more heterogeneous Ope-
nAl family, or something else entirely.

Provider-family confounding. The judge com-
parison is observational. Provider family, training
data, alignment procedure, score calibration, and
model size are not independently controlled. We
therefore interpret family clustering as a practical
committee-design result, not as causal proof that
provider identity alone determines judge behaviour.

Closed three-label set. Our task does not exer-
cise ARG3/ARGH4 or thematic role labels; results
should not be interpreted as transferring to full
PropBank role labelling.

t3 evaluated on a single setup only. The t3 dis-
claimer was evaluated across all five models in
the retrieved-few-shot setup (the strongest t2 con-
figuration), plus a three-setup gpt-5-mini ablation.
We did not re-evaluate t3 on zero-shot or static
few-shot for the original five models, so the model-
family effect is established for retrieval-augmented
prompting and remains to be verified for other se-
tups.

9 [Ethical Considerations

This work uses a lexical-semantic resource and
does not introduce new human-subject data. The
main ethical risk is automation bias: high agree-
ment between LLM judges could be mistaken for
correctness, causing incorrect frames to enter an
annotation resource. Our results argue against fully
automatic acceptance. The judge committee is use-
ful as a precision-oriented filter, but ambiguous or
disagreement-heavy cases should remain subject
to expert review, especially because the resource
supports downstream Turkish NLP systems. Al
assistance was used for editing, and we avoid re-
porting individual annotator behaviour; all analyses
are at the model-output and frame-pattern level.
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A GPT-5-mini Ablation

Setup EM Ma-F1 ARGO-only Triadic
zero-shot 0.552  0.663 0.472 0.261
static FS 0.530 0.681 0.457 0.413
retrieved FS  0.584  0.719 0.441 0.457

Table 7: GPT-5-mini under t3 with minimal reasoning
and a 4096-token completion budget. All runs parse suc-
cessfully; EM improves over GPT-40-mini by 1.2-3.8
points, with much higher ARGO-only accuracy (mean
0.457 vs. 0.184).
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Tour Main instruction state

Intended target

Observed effect

tl Baseline taxonomy with five frame pat-
terns and a three-part lexical-frame test

for ARG2.

2 Added an explicit unergative anti-pattern
block and Turkish morphological cues for
causative, passive, reciprocal, reflexive,

and light-verb constructions. ARGO.

t3 Added a sufficiency disclaimer: morphol-
ogy can support ARG2 but is not required

for ARG2.

Establish whether models can apply
the closed PropBank role set without
task-specific corrective rules.

Correct the frequent error where an-
imate single-participant predicates
were mapped to ARGI instead of

Repair the t2 side effect where mod-
els treated the morphology list as an
exhaustive ARG?2 trigger list.

Pilot runs exposed severe weak-
ness on ARGO-only unergatives.

ARGO-only accuracy improved by
21.7 points, but ARG2 misses in-
creased by 30.9 points.

The best Gemini retrieved-few-
shot run gained 2.4 EM points; ef-
fects did not transfer uniformly to
OpenAl or Qwen.

Table 8: Prompt evolution across tours. The table separates the linguistic motivation from the observed empirical

side effects.

B Prompt Templates

The three prompt tours are diffs over a common
base. Table 8 summarizes what changed in each
tour. Below we reproduce the t3 additions. Full
t1/t2/t3 prompt files and evaluation scripts will be
released in an anonymized repository.

Tour 2 — unergative anti-pattern (excerpt).

CRITICAL anti-pattern for unergatives

(high model error rate observed in
pilot):

- An animate participant performing
a sound, behaviour, emission, or
expressive act (anirmak, aglasmak,
havlamak) is UNERGATIVE - its sole
participant is ARGO, NEVER ARG1.

- Mental/emotional stative predicates

with olmak / +1An- where the experiencer
is the intentional/animate locus are
unergative {ARGO}, NOT {ARG1}.

- Concrete test: can the verb take a
true accusative-marked direct theme (X-i
V-mek) within THIS sense?

Tour 3 — ARG?2 sufficiency disclaimer.

Important: the morphological cues above
are SUFFICIENT but NOT NECESSARY for
ARG2.

- ARG2 can be licensed by class (v)
triadic causatives WITHOUT any of the
morphological markers above (aciklamak,
vermek, anlatmak).

- ARG2 can also be licensed in class
(iv) stative two-place relations with
light-verb constructions (farkli olmak,
tekelinde olmak, dayak yemek).

- Do not treat the absence of morphology
as evidence AGAINST ARG2.

Judge Prompt Template.

You are a Turkish PropBank expert
evaluating predicate argument-frame
assignment quality.

Rate the proposed frame on a 1-5 scale:
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5 = perfect; 4 = mostly correct (one
role over/under); 3 = partially correct;
2 = mostly wrong; 1 = completely wrong.
Output ONLY JSON: {“score”: int 1-5,
“reasoning”: string}.

C

All API calls and judge calls are SHA-256-cached
on (model, prompt, sampling parameters). The
random seed is 42 for stratified split, sampling, and
API decoding where supported. Total compute cost
(t1 + t2 + t3 + judges) is approximately $25 in API
spend plus ~5 GPU-hours on an RTX 3000 Ada
laptop GPU.

Reproducibility

Repository contents. The release package con-
tains the t1/t2/t3 zero-shot and few-shot prompt
files, raw prediction CSVs, judge-score CSVs, ag-
gregate metric CSVs, plotting scripts, and the fig-
ures used in this paper. The raw prediction files
include the sense identifier, predicate, gold frame,
predicted frame, parse status, model confidence,
retrieved example identifiers when applicable, and
the raw model response. The metric CSVs contain
exact match, macro-F1, micro-F1, Hamming loss,
per-label precision/recall/F1, per-label Cohen’s &,
and the diagnostic ARGO/ARG?2 over- and under-
generation rates.

Dataset access. The experiments read from the
Turkish PropBank spreadsheet and filter to verb-
sense rows with at least one filled core-role field.
If the underlying resource cannot be redistributed
under the final venue policy, the released scripts
will still reproduce preprocessing, prompt construc-
tion, parsing, metric computation, judge aggrega-
tion, and figure generation once the spreadsheet is
placed at the expected path.



D Judge Committee Diagnostics

Judge-filter coverage-precision frontier (gemflash_retr_mmr_t2, N=496)

.%%%Eg (:g5pt+pro =5)

0.74 4

0.72 4
o ‘"ﬁ %ﬁ@%”&%’@énpm >=4)
[ (O]
S 0.70 4
wv
o
<
2 single-judge: gpt>=4
€ 0.68 ®
g single-judge: pro>=4
B

3-judge maj (>=2 of 3 >=4)
0.66 | ®
: single-judge: flash3>=4
0.64 -
F === full-setEM = 0.627 ~———-——-—————-—————————— -~ — |
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Coverage (% of full set retained)

Figure 5: Coverage—precision frontier for judge filters. The best two-judge cross-family rule (GPT-40-mini and
Gemini 2.5 Pro both assign 5) is almost indistinguishable from the three-judge unanimous-5 rule, showing that the
extra same-family Gemini judge adds coverage loss with negligible precision gain.

E Qualitative Examples

Phenomenon Predicate Gold frame Model or judge output Diagnostic value

Prompt repair gozii agilmak {ARGO} tl: {ARG1}; t2: {ARGO} The t2 unergative/stative guidance
moves a single-participant sense
from the dominant ARG1 error
into the intended ARGO-only class.

ARG?2 omission dikmek {ARG0,ARG1,ARG2} t2: {ARG0,ARG1} The model treats the instrument-
like complement as an adjunct, a
typical post-t2 error where ARG2
is under-generated.

t3 recovery bel bellemek {ARGO0,ARG1,ARG2} t2: {ARGO,ARG1}; t3: The t3 reminder that lexical frames
{ARGO,ARG1,ARG2} can license ARG2 without deriva-

tional morphology lets the model

recover an intrinsic instrument

role.
Judge  disagree- ac¢umak {ARGO0,ARGI} GPT judge: 2; Gem- The prediction is wrong by exact
ment ini  judges: 5/5 for match, but same-family Gemini
{ARGO,ARG2} judges both accept it, illustrating

why cross-family review is more
useful than adding another same-
family judge.

Table 9: Representative examples from cached prediction and judge outputs. They illustrate the main error
mechanisms behind the aggregate prompt-iteration and judge-committee results.
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