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Abstract

LLMs (large language models) are widely
used as sentence- and document-level an-
notators, but protocol-driven token-level
annotation, especially in non-English set-
tings, remains underexplored. We present
a systematic prompting study of Qwen3.5-
4B, a small open-source Chinese-capable
model, on MIPVU (Metaphor Identifica-
tion Procedure Vrije Universiteit) token-level
metaphor identification over the PSU Chi-
nese Metaphor Corpus (PSU CMC). We
cross four prompting strategies with five in-
struction variants, yielding a 20-cell develop-
ment matrix. Across the four strategies, skill
demonstration is largely insensitive to in-
struction variants (F1 range = 0.057), while
strategies with weaker task anchors gain up
to +0.132 F1 from added MIPVU guidance.
We treat anchor strength as a qualitative an-
alytical proxy rather than a causal measure-
ment. A single instruction variant, MIPVU-
explicit L1-v3, is dev-best or tied-best on
the three weak-anchor strategies. The se-
lected L1 configurations are associated with
reduced dev-to-test degradation on three of
four strategies. Our best test configuration
reaches F1strict = 0.423 on the PSU CMC
test set, below the fine-tuned encoder re-
sult on the same corpus (0.7281; Wu, 2026)
and human IAA (inter-annotator agreement;
κ ≈ 0.75). The findings position prompt-
engineered small open-source LLMs as can-
didate first-pass annotation aids for Chinese
MIPVU under human verification.

1 Introduction
Token-level metaphor identification under
MIPVU (Metaphor Identification Procedure

Vrije Universiteit) (Steen et al., 2010; Praggle-
jaz Group, 2007; Lu and Wang, 2017) is central
to computational metaphor research, but
manual annotation is costly and scales poorly.
Recent work on LLMs (large language models)
as annotators (Tan et al., 2024; Li et al., 2023)
raises the question of whether they can support
protocol-driven token-level tasks. Existing
LLM-based metaphor identification has focused
on large proprietary models and English data
(Liang et al., 2025), while Chinese-language
work has prioritized fine-tuned encoders (Wu,
2026). We ask whether a small, open-source
LLM, prompted appropriately, can serve as a
candidate first-pass annotation aid for Chinese
MIPVU that complements trained annotators
in a human-in-the-loop workflow.

We address this question through a systematic
prompting study on Qwen3.5-4B, a 4-billion-
parameter open-source Chinese-capable model.
We design four prompting strategies that dif-
fer in the type of in-context anchor they pro-
vide, namely zero-shot (no anchor), few-shot
(example-based), dictionary-grounded (lexical
knowledge), and skill demonstration (procedu-
ral), and cross each strategy with five variants
of the task instruction (the baseline B0 plus four
targeted L1 modifications). We evaluate the re-
sulting 4 × 5 = 20 configurations on the PSU
Chinese Metaphor Corpus (PSU CMC) (Lu and
Wang, 2017) development set of 198 sentences,
then validate the dev-best configurations on a
held-out test set of 344 sentences.

This paper contributes a 4 × 5 controlled
prompting study documenting that instruction
sensitivity varies with in-context anchor type
and that one MIPVU-explicit instruction vari-
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Figure 1: Prompting study pipeline. Phase 1 splits PSU CMC and builds the 95-word dictionary and five
few-shot examples. Phase 2 combines an instruction variant with a strategy anchor and input sentence;
Qwen3.5-4B outputs JSON token-level annotations.

ant performs consistently across weak-anchor
strategies in our setting. Our contribution
is a deployment-relevant analysis of prompt-
ing strategies and instruction sensitivity for
protocol-driven metaphor annotation.

Our experiments yield three main findings:

1. Strategies respond differently to in-
struction tuning. Skill demonstration is
largely insensitive (F1 range = 0.057), while
weaker anchors gain up to +0.132 F1 on
dev. Across the four evaluated strategies,
the qualitative anchor-strength proxy ap-
pears to predict instruction sensitivity in
this setting.

2. A single instruction variant per-
forms consistently across weak-anchor
strategies. L1-v3 (MIPVU-explicit),
which adds a compact summary of the
MIPVU criterion plus three canonical Chi-
nese examples, is dev-best or tied-best on
Zero, Few, and Dict. Skill is largely insen-
sitive to instruction choice.

3. Selected L1 configurations are associ-
ated with reduced dev-to-test degra-
dation on three of four strategies. The
selected variants show smaller degradation
than B0 for Zero, Few, and Skill. For few-
shot, B0 drops −0.093 from dev to test
while the selected configuration drops only
−0.027, a 71% reduction. Dict shows the
opposite pattern and is reported explicitly
in §4.4.

Our best test configuration (L1-v3 + Dict)
reaches F1strict = 0.423 on PSU CMC test 344.
This remains below fine-tuned encoder perfor-
mance on the same corpus (Wu, 2026) and be-
low human inter-annotator agreement (Lu and
Wang, 2017). We therefore position small open-
source LLMs as candidate first-pass annotation
aids under human verification, not as replace-
ments for trained MIPVU annotators. Few-shot
examples and the skill demonstration appear in
Appendices A and B.

2 Related Work

Our work draws on four lines of related research.
The first is the use of large language mod-
els as data annotators for NLP labeling tasks
(§2.1). The second is computational identifica-
tion of Chinese metaphor, including both fine-
tuned and prompting approaches (§2.2). The
third is the MIPVU annotation protocol that de-
fines our task (§2.3). The fourth is prompt sen-
sitivity in instruction-tuned LLMs, which moti-
vates our systematic comparison of instruction
variants (§2.4).

2.1 LLMs as Annotators
LLMs as data annotators have been surveyed
by Tan et al. (2024), with most work focused
on sentence- or document-level classification.
Li et al. (2023) formalize uncertainty-based
human–LLM allocation, and Gligoric et al.
(2025) show that unconfident LLM annotations
can support confident downstream conclusions;



LLM-based evaluation shows similar task-level
variability (Bavaresco et al., 2025). Token- and
span-level annotation is less studied: Kasner
et al. (2025) report substantial reliability varia-
tion across English span tasks, and Jadhav et al.
(2025) document degradation in low-resource
settings. We contribute a token-level, protocol-
driven study on Chinese using a small open-
source model.

2.2 Computational Identification of
Chinese Metaphor

Computational metaphor identification under
MIPVU has been studied extensively in En-
glish (e.g., VU Amsterdam Metaphor Corpus),
but Chinese-language work is more limited.
Lu and Wang (2017) adapt MIPVU to Man-
darin Chinese and construct the PSU Chi-
nese Metaphor Corpus (PSU CMC), the pri-
mary corpus we use. Tian et al. (2024) ex-
plore scaffolding-style prompting for Chinese
metaphor reasoning. Concurrent work on the
same corpus reports a recent multi-architecture
baseline, comparing fine-tuned encoder mod-
els (Chinese RoBERTa-wwm-large, MelBERT
adapted to Chinese), and a peak token-level F1
of 0.7281 with MelBERT-MIP-only (Wu, 2026).
This line of work establishes the fine-tuning ref-
erence point on PSU CMC; our contribution is
complementary, exploring the prompting fron-
tier rather than fine-tuning.

In a related but distinct English setting, Liang
et al. (2025) evaluate GPT-4 zero-shot and few-
shot prompting for conventional metaphor de-
tection in English news, reporting zero-shot F1
in the range of 0.23–0.30 depending on subset.
We treat this only as background on zero-shot
LLM behavior for metaphor-related judgments,
not as a directly comparable baseline for Chi-
nese MIPVU.

2.3 MIPVU Protocol and Annotation
Reliability

MIPVU (Steen et al., 2010) refines MIP (Prag-
glejaz Group, 2007) and has been adapted to
Chinese (Lu and Wang, 2017). It identifies
metaphor via cross-domain comparison: a lex-
ical unit is metaphorically related if its contex-

tual meaning is understood through comparison
with a more basic meaning in another concep-
tual domain. Lu and Wang (2017) report inter-
annotator κ ≈ 0.75 on Chinese MIPVU, which
we use as a reference point in §5.2.

2.4 Prompt Sensitivity and
Optimization

A substantial line of work documents the sen-
sitivity of LLM outputs to prompt formula-
tion. Webson and Pavlick (2022) show that
instruction-tuned models often perform surpris-
ingly well even with semantically irrelevant
prompts, suggesting that the prompt’s surface
form contributes more than its semantic content
in certain settings. Min et al. (2022) demon-
strate that randomly reassigned labels in few-
shot demonstrations have surprisingly limited
effect on in-context learning performance, indi-
cating that demonstrations function partly as
format anchors rather than semantic exemplars.
Sclar et al. (2024) quantify model sensitivity
to spurious format features in prompt design.
Reynolds and McDonell (2021) provide an early
framework for prompt programming, emphasiz-
ing the role of instruction design in eliciting tar-
get behaviors. Pecher et al. (2026) examines the
consequences of prompt underspecification and
proposes specification strategies for mitigating
it.

We observe an asymmetric sensitivity pat-
tern across our four strategies: stronger an-
chors (Skill) absorb instruction-level variation,
while weaker anchors (Zero, Dict) are highly
responsive to it. We also identify a single
instruction variant (MIPVU-explicit protocol
summary) that improves performance on weak-
anchor strategies in our setting, providing a con-
crete starting point rather than a generic sensi-
tivity observation.

3 Method

We frame Chinese metaphor identification as
token-level annotation and evaluate a small
open-source language model under four prompt-
ing strategies crossed with five instruction vari-
ants. Figure 1 summarizes the pipeline.



3.1 Task and Dataset
We use the PSU Chinese Metaphor Corpus
(PSU CMC) (Lu and Wang, 2017), a token-level
Chinese corpus annotated following the MIPVU
protocol (Steen et al., 2010). The corpus con-
tains approximately 30,009 tokens across 1,722
sentences from three registers: academic prose,
fiction, and news. The overall metaphor density
is 10.9%, consistent with the natural distribu-
tion of metaphorically related words (MRW) in
running Chinese text.

We use a fixed file-level split to ensure that no
source document overlaps across splits, yielding
1,182 training, 198 development, and 344 test
sentences. The dev and test splits show compa-
rable but non-identical genre distributions, with
test containing slightly more fiction (+10.3%)
and academic (+6.2%) and less news (-16.5%)
than dev.

The task is to predict, for each token in a
sentence, whether it is metaphorically related
(true) or not (false) according to MIPVU.
Punctuation, function words, and certain proper
nouns are excluded from annotation following
the original MIPVU exclusion list.

3.2 Model
We use the Qwen/Qwen3.5-4B checkpoint
(Yang et al., 2025), a 4B-class Qwen model
with strong Chinese capability. Using a
small open-source model isolates prompt-
strategy effects from raw scale. Infer-
ence uses low-temperature sampled decod-
ing (temperature=0.1, do_sample=True), with
one retry at temperature=0.3 on parse failure.
Each cell uses one inference run without an ex-
plicitly controlled inference random state.

3.3 Prompting Framework
We design four prompting strategies that dif-
fer in the type of in-context anchor provided to
the model. We operationalize anchor strength
as a qualitative proxy based on the amount and
specificity of task-relevant information supplied
before inference. This proxy is an analytical
framework rather than a quantitative metric or
causal measurement. Appendix C summarizes
the information supplied by each strategy.

Zero (zero-shot) gives only the task instruc-
tion and input sentence. Few (few-shot) ap-
pends five worked examples from training, cho-
sen to cover verbal, nominal, prepositional, and
adjectival metaphor types at moderate sentence
length; their mean metaphor density of ∼25% is
deliberately higher than the corpus mean. Dict
(dictionary-grounded) appends a 95-word list of
metaphor-prone tokens extracted from training
(metaphor rate ≥ 0.5, count ≥ 5), and instructs
the model to attend to these while still applying
MIPVU to all other tokens. Skill (skill demon-
stration) appends one detailed worked example
tracing the MIPVU reasoning end-to-end: ex-
clusion list, basic-meaning lookup, contextual-
meaning comparison, and cross-domain map-
ping judgment.

All four strategies share a common output
schema: a JSON array where each element is an
object {token_id, word, is_metaphor}, one
entry per input token. This schema is the same
across all conditions and variants.

3.4 Instruction Variants
To probe how the base instruction (i.e., the task
description prepended to all four strategies) in-
teracts with each strategy, we design five vari-
ants of the base instruction. The baseline (B0)
is the full instruction used in pilot experiments;
the four L1 variants modify B0 along distinct
dimensions:

• B0 (Baseline, 1,091 chars) contains task
definition, output schema, exclusion list,
and basic protocol description.

• L1-v0 (Minimal, 479 chars) reduces B0
by approximately 56%, retaining only task
definition, output schema, and exclusion
list. It tests the hypothesis that much of
the baseline instruction is redundant when
anchors are strong (Webson and Pavlick,
2022).

• L1-v1 (Type Specification, +170
chars) adds an explicit enumeration of four
metaphor types (verbal, nominal, prepo-
sitional/locative, adjectival) and probes



whether type-level specification improves
the model’s coverage (Pecher et al., 2026).

• L1-v2 (Bias Correction, +145 chars)
adds an explicit instruction to counteract
conservative labeling (target density 8-15%,
“when in doubt, label true”), motivated by
the observation that LLMs tend to under-
label minority classes (Reynolds and Mc-
Donell, 2021).

• L1-v3 (MIPVU Explicit, +120 chars)
adds a compact summary of the MIPVU
judgment criterion (cross-domain mapping
from a more basic meaning to a contextual
meaning) along with three canonical Chi-
nese examples (在, 发展, 方面). It tests
whether explicit protocol guidance helps
weak-anchor strategies (Steen et al., 2010).

We crossed the four strategies with the five
instruction variants, yielding a 4×5 = 20-cell
design space. Due to length constraints in the
few-shot and skill conditions, all variants satisfy
the constraint that the rendered system prompt
remains below 2,900 characters across all condi-
tions.

3.5 Evaluation Metrics

We use two token-level F1 variants. F1strict
is computed over all sentences in the eval-
uation split, with unparseable model out-
puts contributing as false negatives (all gold
metaphor tokens in unparseable sentences count
as missed); this reflects end-to-end performance.
F1lenient is computed only over sentences with
successfully parsed output, reflecting classifica-
tion capability conditional on parsing success.

We additionally report parse_rate (propor-
tion of sentences with valid JSON output) and
metaphor_ratio (predicted metaphor propor-
tion, as a sanity check against the gold density
of ∼10%).

Across all 28 main cells, parse_rate ≥ 0.97,
so F1strict and F1lenient differ by less than 0.01.
We therefore report F1strict as the primary met-
ric throughout the paper.

3.6 Experimental Protocol

We adopt a two-stage evaluation protocol to sep-
arate model development from final assessment:

Stage 1: Development on Dev 198 We
run all 4 × 5 = 20 cells (4 strategies × 5 in-
struction variants) on the development set of 198
sentences. For each strategy, we select the best-
performing instruction variant on dev as the
configuration to test. We adopt a 0.01 F1strict
tie threshold and prefer cross-strategy consis-
tency in selection. We acknowledge that this
rule favors unified recommendations over per-
strategy heterogeneity; selections without tie-
breaking are reported in §4.3 for transparency.

Stage 2: Final evaluation on Test 344 We
run two cells per strategy on the test set of 344
sentences: the baseline B0 prompt and the dev-
selected best L1 variant. This yields 4 × 2 = 8
test cells, allowing us to report paired compar-
isons (B0 vs. selected variant) for each strategy.
We do not select on test, and we do not iterate
on the prompt after observing test results.

4 Results

We report baseline development performance,
the full 4 × 5 matrix, automatic variant selec-
tion, and final paired test comparisons. The
final subsection also summarizes the observed
parsing and label-density patterns.

4.1 Baseline Performance on Dev

Table 1 (top row, B0) shows baseline F1strict of
0.372 (Skill) > 0.341 (Dict) > 0.277 (Few) >
0.201 (Zero). This ordering is consistent with
the qualitative anchor proxy defined in §3.3. All
baselines parse ≥ 0.97 of sentences.

4.2 Instruction Variants on Dev

Figure 2 visualizes the pattern at a glance:
instruction effects are largest for weak-anchor
strategies and smallest for skill demonstration.
Table 1 presents the full 4× 5 matrix of strate-
gies × instruction variants on Dev 198. Several
patterns emerge:
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Figure 2: Dev F1strict across instruction variants and
strategies. Skill varies least, while L1-v3 is best or
tied-best on three strategies.

Dictionary-grounded benefits most from
added instruction content. The three L1
variants that add content (v1, v2, v3) all sub-
stantially improve over B0 on Dict (+0.087 to
+0.132 absolute F1). L1-v1 (Type Specifica-
tion) is the strict dev-best dictionary-grounded
variant at 0.473; L1-v3 (MIPVU explicit) is
nearly tied at 0.467, 0.006 below L1-v1 and
within our 0.01 tie threshold. L1-v0 (mini-
mal instruction), in contrast, collapses on Dict
(−0.181), indicating that the dictionary alone,
without the surrounding protocol description,
fails to drive accurate annotation.

Predicted metaphor ratio locates the collapse
in under-labeling. Under L1-v0 + Dict, the
model predicts metaphor for only 1.26% of to-
kens, below L1-v0 + Zero on dev (2.21%). By
comparison, B0 + Dict predicts 4.36% and L1-
v3 + Dict predicts 8.66% on the same dev split.

Skill demonstration is largely insensitive
to L1. On Skill, F1 across the five variants
spans only [0.335, 0.392] (range = 0.057). The
maximum gain over B0 is +0.020 (L1-v2), the
smallest range and maximum gain among the
four strategies.

Few-shot and zero-shot benefit asymmet-
rically. For Few, L1-v0 (minimal) yields a
small decrease (−0.026), but adding content
(L1-v1, v2, v3) improves F1 by +0.092 to
+0.116, with L1-v3 best. For Zero, L1-v0
also shows a small drop (−0.017), and v1/v2/v3
again improve, with L1-v3 best at 0.338 (+0.137

over B0). Both strategies are positively respon-
sive to added instruction content but slightly
suffer from over-aggressive reduction.

Across-strategy ranking of L1-v3. L1-v3
is the best or tied-best variant on three out of
four strategies (Zero, Few, Dict) and matches
B0 on Skill (0.372 each). It therefore has the
strongest cross-strategy rank in the evaluated
matrix.

4.3 Automatic Variant Selection
After applying the cross-strategy tie-breaking
rule described in §3.6, we select one L1 variant
for each strategy. The resulting selections are:

• Zero → L1-v3 (F1 = 0.338, ∆ vs. B0 =
+0.137)

• Few → L1-v3 (F1 = 0.393, ∆ = +0.116)

• Dict → L1-v3 (F1 = 0.467, ∆ = +0.126)

• Skill → L1-v2 (F1 = 0.392, ∆ = +0.020)

On Dict, L1-v3 (0.467) and L1-v1 (0.473)
differ by only 0.006, below our tie threshold of
0.01. Without tie-breaking, the strict dev-best
selection on Dict would be L1-v1 rather than
L1-v3. We resolve this tie in favor of L1-v3 to
maintain a single recommended variant across
the three weak-anchor strategies, while acknowl-
edging that this choice slightly favors cross-
strategy consistency over strict per-strategy se-
lection. The selection does not look at test data.

4.4 Test Set Results: Paired
Comparisons

Table 3 reports the paired baseline (B0) versus
dev-selected L1 variant on Test 344, with 95%
bootstrap CIs. All four strategies improve under
L1, with effects ranging from +0.060 (Skill) to
+0.182 (Few).

L1 effects on test are largest for weak
anchors. For weak-anchor strategies (Zero,
Few), the L1 effect on test is larger than on
dev: Few improves by +0.182 on test versus
+0.116 on dev; Zero improves by +0.171 on
test versus +0.137 on dev. For Dict, the effect
is similar across splits (+0.106 on test, +0.126



Table 1: Dev 198 F1strict matrix. Best per strategy in bold; deltas are relative to B0. For Dict, L1-v1 is
the strict dev-best variant; L1-v3 is selected under the 0.01 tie threshold for cross-strategy consistency.

Variant Zero Few Dict Skill
B0 0.201 0.277 0.341 0.372
L1-v0 (Minimal) 0.184 (−0.017) 0.251 (−0.026) 0.160 (−0.181) 0.335 (−0.037)
L1-v1 (Type Spec.) 0.307 (+0.106) 0.369 (+0.092) 0.473 (+0.132) 0.380 (+0.008)
L1-v2 (Bias Corr.) 0.279 (+0.078) 0.290 (+0.013) 0.428 (+0.087) 0.392 (+0.020)
L1-v3 (MIPVU Exp.) 0.338 (+0.137) 0.393 (+0.116) 0.467 (+0.126) 0.372 (+0.000)

Table 2: Strict dev-best selections without tie-
breaking. Test results are shown where the strict
dev-best cell was run in Stage 2.

Strategy Strict dev-best Dev F1 Test F1

Zero L1-v3 0.338 0.325
Few L1-v3 0.393 0.366
Dict L1-v1 0.473 not run
Skill L1-v2 0.392 0.400

on dev). For Skill, the effect is small but con-
sistent (+0.060 on test, +0.020 on dev).

Baseline B0 usually degrades more on test
than the selected variant. Comparing the
test–dev gap, B0 + Few drops by −0.093 from
dev to test, while L1-v3 + Few drops by only
−0.027. Table 4 makes the full pattern explicit.
The selected L1 configurations are associated
with reduced dev-to-test degradation for Zero,
Few, and Skill, while Dict shows the opposite
pattern.

Best overall configuration on test. L1-v3
+ Dict achieves the highest test F1 of 0.423,
exceeding all other paired configurations by at
least 0.023 absolute. We therefore treat it as the
strongest candidate configuration in the evalu-
ated matrix.

Effect size and paired uncertainty. We
compute bootstrap 95% confidence intervals for
each test cell’s F1strict (1000 resamples) and
paired McNemar tests on token-level correct-
ness. Bootstrap CIs in Table 3 show clear sep-
aration for Zero and Few, with slight overlap
for Dict and Skill. McNemar tests indicate
a significant paired shift for Zero (χ2 = 5.84,
p = .0157) and Skill (χ2 = 8.12, p = .0044),
while Few and Dict are not significant under

Table 3: Test 344 paired comparison with 95% boot-
strap CIs (1000 resamples). B0 column shows base-
line; L1 column shows dev-selected variant per strat-
egy. For Dict, L1-v3 is the cross-strategy tie-
selected configuration.

Strategy B0 F1 [CI] L1 variant (F1 [CI]) ∆

Zero 0.154 [.123, .188] L1-v3 (0.325 [.291, .360]) +0.171
Few 0.184 [.150, .220] L1-v3 (0.366 [.332, .399]) +0.182
Dict 0.317 [.275, .354] L1-v3 (0.423 [.383, .458]) +0.106
Skill 0.340 [.304, .376] L1-v2 (0.400 [.367, .434]) +0.060

token-level correctness.
F1 improvement and token-level paired cor-

rectness assess different aspects of prediction
quality. F1 is sensitive to changes in minority-
class recall, whereas McNemar’s test evaluates
the balance of paired correctness disagreements
across tokens and may not detect every improve-
ment in class-distribution performance. The
stability patterns from the original single-run
analysis should be interpreted as empirical ten-
dencies. Bootstrap confidence intervals and
paired tests provide uncertainty estimates over
evaluation samples but do not replace repeated
stochastic inference across the full matrix.

Targeted decoding-variance replication.
Because the practical recommendation centers
on L1-v3 + Dict, we repeated the principal
Dict comparison with three explicit decoding
seeds (42, 13, and 2026). With the check-
point, prompts, parser, evaluator, and decod-
ing settings fixed, B0 + Dict yielded F1strict
= 0.314 ± 0.006, while L1-v3 + Dict yielded
0.427± 0.003 (sample standard deviations). L1-
v3 exceeded B0 under all three seeds, supporting
the main comparison in Table 3. Appendix D
reports the per-seed results.



Table 4: Dev-to-test F1strict degradation. Negative
values indicate lower test than dev; positive values
indicate test exceeding dev.

Strategy B0 gap L1 gap Reduction
Zero −0.047 −0.013 72%
Few −0.093 −0.027 71%
Dict −0.024 −0.044 −83%
Skill −0.032 +0.008 125%

Failure modes and label-density patterns.
Across the eight test cells, parse failures are rare
and the most visible annotation differences con-
cern predicted label density.

Across test cells, parse failures are rare (1–
2 of 344 sentences; parse rate 0.994–0.997) and
involve extra tokens beyond the JSON schema
rather than formatting collapse.

B0 on weak-anchor strategies (Zero, Few)
under-labels metaphors. B0 + Few predicts a
4.33% metaphor ratio versus 11.85% in the gold
labels on test. L1-v3 + Dict predicts 8.32%,
closer to the gold ratio but still conservative.

Skill predictions stay closest to gold density
across B0 and L1-v2 (within ±1%).

The most distinctive density shift is L1-v0
+ Dict. Its predicted metaphor ratio is only
1.26% on dev, compared with 2.21% for L1-v0
+ Zero, 4.36% for B0 + Dict, and 8.66% for
L1-v3 + Dict. The cell parses successfully, so
the shift occurs in its label assignments rather
than its output format.

5 Discussion
The matrix identifies a strategy-specific relation
between prompt anchors and instruction vari-
ants. We interpret that pattern, state its prac-
tical scope, and contextualize the result.

5.1 Anchor Information Appears to
Predict Instruction Sensitivity in
This Setting

The qualitative anchor proxy in §3.3 provides a
lens for the 20-cell matrix. Skill, which sup-
plies a procedural demonstration, varies only
within [0.335, 0.392], while the weaker anchors
show larger gains under content-adding L1 vari-
ants. Anchor strength thus appears to predict

instruction sensitivity in this setting, consistent
with evidence that in-context anchors can ab-
sorb part of an instruction’s task-defining role
(Webson and Pavlick, 2022; Min et al., 2022).

The selected L1 configurations are also as-
sociated with reduced dev-to-test degradation
on three of four strategies. For Few, the gap
changes from −0.093 under B0 to −0.027 un-
der L1-v3, a 71% reduction; Zero and Skill
show the same direction. Dict is the exception
(−0.024 vs. −0.044), so the association is not
uniform.

5.2 L1-v3 as a First-Pass Annotation
Starting Point

For Qwen3.5-4B in the evaluated setting, L1-
v3 is a practical weak-anchor starting point.
With a metaphor-prone word list, L1-v3 + Dict
yields the highest test F1 of 0.423; without one,
Skill + L1-v2 reaches 0.400. The shared JSON
schema remains consistently parseable across
test cells.

The best configuration remains below human
agreement (κ ≈ 0.75; Lu and Wang, 2017) and
the fine-tuned encoder result on the same corpus
(Wu, 2026). We therefore recommend it only
as a first-pass aid checked by trained annota-
tors, not as a replacement for human MIPVU
annotation. Its predicted metaphor ratio is also
closer to the gold density than those of the B0
weak-anchor configurations.

5.3 Lexical Anchors Require Protocol
Scaffolding

The L1-v0 + Dict collapse shows that lexical
information is not automatically helpful: pre-
dicted metaphor density falls to 1.26%. One
plausible interpretation is that, without protocol
detail, the 95-word list functions like an eligibil-
ity whitelist. Under B0 and content-adding vari-
ants, it co-occurs with much higher density and
F1. Lexical entries should therefore be framed
as task-relevant evidence, not as the annotation
criterion itself.



5.4 Comparison to External Reference
Points

These reference points contextualize scale rather
than establish a state-of-the-art comparison.
Liang et al. (2025) report GPT-4 zero-shot F1 of
0.23–0.30 in a distinct English-language setting.
On PSU CMC, Wu (2026) report fine-tuned en-
coder F1 of 0.7281, above our prompting result.
Our contribution instead characterizes prompt-
strategy and instruction interactions for a small
open-source first-pass annotator.

6 Limitations

Our study has several limitations.

Single model. We evaluate only Qwen3.5-4B.
Models from other families or at other scales
may exhibit different instruction sensitivity and
different responses to the Skill anchor. The
practical recipe is therefore established only for
the evaluated model and setting.

Single dataset. We evaluate only the PSU
CMC corpus (Lu and Wang, 2017). Other Chi-
nese metaphor resources use different annota-
tion schemas and text distributions. The evi-
dence supports MIPVU-style token-level anno-
tation on PSU CMC rather than a claim of
cross-dataset generalization.

Single inference run per cell. The ex-
ploratory 4×5 development conditions were each
evaluated once under low-temperature sampled
decoding. We added a targeted three-seed repli-
cation for the principal Dict comparison, in
which L1-v3 outperformed B0 under all three
seeds. This provides supporting evidence for
the main Dict result but does not replace a
full multi-seed evaluation of the complete ma-
trix. Bootstrap confidence intervals and paired
tests quantify uncertainty over evaluation sam-
ples, while repeated stochastic inference across
every condition would still be required to esti-
mate run-level variability throughout the study.

Anchor strength as a qualitative proxy.
We operationalize anchor strength as a qualita-
tive proxy based on the amount and specificity

of task-relevant information supplied before in-
ference. This framework supports a descrip-
tive comparison across the four strategies but
is not a quantitative metric or causal measure-
ment. Future work could develop interpretable
proxies grounded in prompt content or observ-
able model behavior, then validate them across
a finer-grained set of anchor manipulations.

Dictionary tie-breaking and unrun alter-
native. For Dict, L1-v1 is the strict dev-best
variant (0.473), while L1-v3 is selected under the
0.01 tie threshold for cross-strategy consistency
(0.467). We did not run L1-v1 on test. L1-v3 is
therefore recommended as a unified weak-anchor
starting point rather than as evidence that it is
strictly optimal for dictionary grounding.

No human evaluation of the annotation
workflow. The first-pass, human-verify work-
flow is motivated by the observed error struc-
ture but has not been evaluated in an annotation
study with trained annotators. Direct measure-
ment of verification time, corrected label qual-
ity, and inter-annotator agreement remains nec-
essary to quantify workflow value.

7 Conclusion

Across a 4 × 5 prompting design on Qwen3.5-
4B, weak-anchor strategies gain from MIPVU
guidance, while skill demonstration is largely in-
sensitive to instruction choice. Anchor strength,
treated as a qualitative proxy, appears to pre-
dict instruction sensitivity in this setting. L1-
v3 is a useful weak-anchor starting point and is
associated with reduced dev-to-test degradation
for three of four strategies.

The best configuration remains a candidate
pre-annotation setting under human verifica-
tion, not a replacement for trained annota-
tors. The released prompts and evaluation arti-
facts support replication of this prompt-strategy
study.

Ethics Statement

We use the PSU Chinese Metaphor Corpus un-
der its original license and do not redistribute
corpus text in our release package. Qwen3.5-4B



is an open-source model used under its published
license; we use the released checkpoint for infer-
ence only and do not perform additional train-
ing. We position LLM output as a first-pass
annotation aid intended to reduce, rather than
replace, the work of trained human annotators,
and we do not claim that model outputs match
human annotation quality. The corpus consists
of published Chinese text from academic, fic-
tion, and news registers, and we do not process
personal or identifying information. For repro-
ducibility, we will release prompt templates and
evaluation scripts, while corpus files and model
weights should be obtained directly from their
original distributors.
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Appendices

A Few-Shot Examples

The five examples below are reproduced verba-
tim from the stored few-shot prompt compo-
nent.

示例 1(中等长度多触发)
句子: 那就不谈这件事了

[{"token_id":0,"word":"那","is_metaphor":false},{"token_id" ⌋
:1,"word":"就","is_metaphor":false},{"token_id":2,"word ⌋
":"不","is_metaphor":false},{"token_id":3,"word":"谈","i ⌋
s_metaphor":false},{"token_id":4,"word":"这","is_metaph ⌋
or":true},{"token_id":5,"word":"件","is_metaphor":true} ⌋
,{"token_id":6,"word":"事","is_metaphor":false},{"token ⌋
_id":7,"word":"了","is_metaphor":false}]

↪→
↪→
↪→
↪→
↪→
↪→

示例 2(动词隐喻)
句子: 我怎么那么想攀附你
[{"token_id":0,"word":"我","is_metaphor":false},{"token_id" ⌋

:1,"word":"怎么","is_metaphor":false},{"token_id":2,"wor ⌋
d":"那么","is_metaphor":false},{"token_id":3,"word":"想" ⌋
,"is_metaphor":false},{"token_id":4,"word":"攀附","is_me ⌋
taphor":true},{"token_id":5,"word":"你","is_metaphor":f ⌋
alse}]

↪→
↪→
↪→
↪→
↪→

示例 3(名词隐喻)
句子: 原来男人还有这么个世界
[{"token_id":0,"word":"原来","is_metaphor":false},{"token_id ⌋

":1,"word":"男人","is_metaphor":false},{"token_id":2,"wo ⌋
rd":"还有","is_metaphor":false},{"token_id":3,"word":"这 ⌋
么","is_metaphor":false},{"token_id":4,"word":"个","is_m ⌋
etaphor":true},{"token_id":5,"word":"世界","is_metaphor" ⌋
:true}]

↪→
↪→
↪→
↪→
↪→

示例 4(形容词或介词隐喻)
句子: 在人屋檐下不得不低头
[{"token_id":0,"word":"在","is_metaphor":true},{"token_id": ⌋

1,"word":"人","is_metaphor":false},{"token_id":2,"word" ⌋
:"屋檐","is_metaphor":true},{"token_id":3,"word":"下","i ⌋
s_metaphor":true},{"token_id":4,"word":"不得不","is_meta ⌋
phor":false},{"token_id":5,"word":"低头","is_metaphor":t ⌋
rue}]

↪→
↪→
↪→
↪→
↪→

示例 5(全负例)
句子: 孩他爹你说呢
[{"token_id":0,"word":"孩","is_metaphor":false},{"token_id" ⌋

:1,"word":"他","is_metaphor":false},{"token_id":2,"word ⌋
":"爹","is_metaphor":false},{"token_id":3,"word":"你","i ⌋
s_metaphor":false},{"token_id":4,"word":"说","is_metaph ⌋
or":false},{"token_id":5,"word":"呢","is_metaphor":fals ⌋
e}]

↪→
↪→
↪→
↪→
↪→

B Skill Demonstration
The procedural demonstration below is repro-
duced verbatim from the stored Skill prompt
component.
Skill 示范: 逐 token 推理过程
示范句子
" 它们在发展国民经济和保障人民生活方面有着重要作用"
内部推理 (供你学习, 正式输出不要包含此段)
排除项处理 (直接 false):

" 它们"(代词)、" 和"(连词)、" 着"(助词) -> false

MIPVU 跨域映射 (标 true):

"在": 基本义=空间位置("书在桌上");
语境义=抽象领域内("在...方面")。↪→

空间-> 抽象领域, 跨域映射 -> true
" 发展": 基本义 = 生长、伸展; 语境义 = 社会经济进步。
生长-> 抽象过程, 跨域映射 -> true
" 方面": 基本义 = 物体的某个面; 语境义 = 问题的某个维度。
空间面-> 抽象维度, 跨域映射 -> true

语境义 = 基本义 (标 false):

" 国民经济"(国家经济系统)、" 保障"(保护使其不受损害)、
" 人民"(社会成员)、" 生活"(日常状态)、" 有"(具有)、

https://doi.org/10.1075/celcr.14
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https://doi.org/10.18653/v1/2024.emnlp-main.54
https://doi.org/10.18653/v1/2024.emnlp-main.54
https://doi.org/10.18653/v1/2024.naacl-long.428
https://doi.org/10.18653/v1/2024.naacl-long.428
https://doi.org/10.18653/v1/2024.naacl-long.428
https://doi.org/10.18653/v1/2022.naacl-main.167
https://doi.org/10.18653/v1/2022.naacl-main.167
https://doi.org/10.18653/v1/2022.naacl-main.167
https://doi.org/10.48550/arXiv.2505.09388


"重要"(关键)、"作用"(功能影响) -> 各词语境义即基本义,无跨域 ->
false↪→

正式输出格式 (这是你应该输出的)
[{"token_id":0,"word":" 它们","is_metaphor":false},
{"token_id":1,"word":" 在","is_metaphor":true},
{"token_id":2,"word":" 发展","is_metaphor":true},
{"token_id":3,"word":" 国民经济","is_metaphor":false},
{"token_id":4,"word":" 和","is_metaphor":false},
{"token_id":5,"word":" 保障","is_metaphor":false},
{"token_id":6,"word":" 人民","is_metaphor":false},
{"token_id":7,"word":" 生活","is_metaphor":false},
{"token_id":8,"word":" 方面","is_metaphor":true},
{"token_id":9,"word":" 有","is_metaphor":false},
{"token_id":10,"word":" 着","is_metaphor":false},
{"token_id":11,"word":" 重要","is_metaphor":false},
{"token_id":12,"word":" 作用","is_metaphor":false}]
关键提示
按这种思路判定测试句子, 只输出最终 JSON 数组, 不要输出推理过程。
按 MIPVU 协议:语法化的介词("在"/"为"/"于" 等)、

方位词("方面"/"上面"/"中" 等)↪→
若有具象空间基本义,在抽象语境中仍标 true(conventional metaphor

也算 metaphor)。↪→

C Additional Analysis
C.1 Anchor information
Table 5 makes the qualitative operationalization
in §3.3 explicit. The ordering is an analytical

framework based on the amount and specificity
of task-relevant information supplied before in-
ference, not a quantitative metric or causal mea-
surement.

Strategy Anchor information provided
Zero No external anchor
Few Five annotated examples
Dict 95 metaphor-prone lexical entries
Skill One procedural MIPVU reasoning

demonstration

Table 5: Qualitative anchor information supplied be-
fore inference.

C.2 Descriptive post-hoc genre
breakdown

Configuration Genre Sent. Tokens Gold % Pred. % P R F1

B0 + Dict Academic 117 2,044 17.07 4.79 .643 .181 .282
B0 + Dict Fiction 131 1,838 9.74 5.66 .577 .335 .424
B0 + Dict News 96 1,704 7.86 2.58 .477 .157 .236
L1-v3 + Dict Academic 117 2,044 17.07 9.93 .631 .367 .464
L1-v3 + Dict Fiction 131 1,838 9.74 9.09 .443 .413 .428
L1-v3 + Dict News 96 1,704 7.86 5.52 .383 .269 .316

Table 6: Descriptive genre-level performance from existing test predictions.

Table 6 pools token-level predictions within Aca-
demic, Fiction, and News for B0 + Dict and
L1-v3 + Dict. It uses only the existing test
predictions. The breakdown is post hoc and de-
scriptive, includes no significance testing, and
does not support a claim of genre generalization.

D Targeted Decoding Variance
Validation

We repeated only the principal Dict compar-
ison under three explicit decoding seeds, keep-

ing the Qwen3.5-4B checkpoint, Test 344 split,
prompts, parser, evaluator, and decoding set-
tings fixed. Table 7 gives the seed-level strict
F1 values. L1-v3 exceeded B0 under every seed,
by 0.1058, 0.1090, and 0.1227 absolute F1, re-
spectively. Table 8 summarizes the mean and
sample standard deviation. This analysis is a
targeted replication of the final Dict compar-
ison and does not constitute a full multi-seed
evaluation of the complete experimental matrix.

Configuration Seed F1strict

B0 + Dict 42 0.3185
B0 + Dict 13 0.3160
B0 + Dict 2026 0.3075
L1-v3 + Dict 42 0.4243
L1-v3 + Dict 13 0.4250
L1-v3 + Dict 2026 0.4302

Table 7: Seed-level targeted replication results.

Configuration Mean F1strict SD
B0 + Dict 0.3140 0.0058
L1-v3 + Dict 0.4265 0.0032

Table 8: Aggregate strict F1 across the three
seeds.
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