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Abstract

Large language models (LLMs) excel at se-
mantic understanding, yet their ability to re-
construct internal structure from scrambled in-
puts remains underexplored. Sentence-level
restoration is ill-posed for automated evalua-
tion because multiple valid word orders often
exist. We introduce OrderProbe, a determinis-
tic benchmark for structural reconstruction us-
ing fixed four-character expressions in Chinese,
Japanese, and Korean, which have a unique
canonical order and thus support exact-match
scoring. We further propose a diagnostic frame-
work that evaluates models beyond recovery
accuracy, including semantic fidelity, logical
validity, consistency, robustness sensitivity, and
information density. Experiments on twelve
widely used LLMs show that structural recon-
struction remains difficult even for frontier sys-
tems: zero-shot recovery frequently falls below
35%. We also observe a consistent dissociation
between semantic recall and structural plan-
ning, suggesting that structural robustness is
not an automatic byproduct of semantic com-
petence.

1 Introduction

Large language models (LLMs) have demonstrated
strong performance on semantic understanding and
generation tasks. However, their robustness to inter-
nal structural disruption remains an open question
(OpenAl et al., 2024; DeepSeek-Al et al., 2025).
In human language processing, listeners can often
recover meaning from structurally disordered in-
puts with little effort. Replicating this evaluation
for machine models, however, poses a fundamen-
tal methodological challenge. The flexibility of
natural language syntax means that a scrambled
sentence often admits multiple valid permutations,
preventing a unique ground truth and making deter-
ministic evaluation difficult. This ambiguity limits
sentence-level restoration benchmarks and often
conflates structural ability with general fluency.

Could you please explain the meaning of the idiom
"Yi-Jing-Ming-Ren(— "% \)"?
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thing that usually has no prominent actions......
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Could you please explain the meaning of the idiom|
| "Yi-Jing-Ming-Ren(— 5119 A\)"?
" Yi-Jing-Ming-Ren "is not a traditional fixed expression
and its meaning refers to a person who makes a sound
iwhen startled......

Sorry, I don't know the meaning of " Yi-Jing-Ming-Ren " |
| If based on its literal meaning, it may refer to a person
who startles others and makes a sound......

@&

" Yi-Jing-Ming-Ren " is not a standard idiom; it may be a |
'variant of the traditional idiom " Yi-Ming-Jing-Ren "which _
literally means "amaze the world with a single % :

Figure 1: OrderProbe example illustrating semantic—
structure dissociation. Given a scrambled four-
character expression, humans can often recover the
unique canonical order using semantic anchors and
structural priors. Many LLMs, however, produce correct
meanings while failing exact reconstruction, revealing a
gap between semantic recall and structural planning.

Existing robustness evaluations largely target
surface noise or external instruction perturbations
rather than internal ordering constraints(Wang
et al., 2021; Ribeiro et al., 2020; Li et al., 2024).
Although these benchmarks have advanced robust-
ness evaluation, they do not directly probe whether
a model can reconstruct a globally constrained se-
quence from scrambled components. This omis-
sion is particularly important given evidence that
Transformer models can exhibit limited sensitivity
to word order (Sinha et al., 2021), and may fail
to generalize structural relations under reversed or
reordered contexts (Berglund et al., 2024).

To isolate structural reconstruction under deter-
ministic scoring, we use fixed four-character ex-
pressions in Chinese, Japanese, and Korean as the
evaluation unit. Sentence-level restoration is ill-
posed because scrambled sentences often admit



Benchmark ‘ Year ‘ Language

Target Unit

Perturbation Level Core Task

General Robustness Benchmarks

RoTBench (Ye et al., 2024) 2024 En
Instruct-Robust (Li et al., 2024) 2024 En
ReDial (Lin et al., 2025) 2025 | En (Dialect)

Tool-use I/0
Instructions
Logic Problems

Real-world Noise
External Injection
Dialectal Variation

Tool-use Robustness (Tool Learning)
Instruction-Following Robustness
Reasoning (Math/Logic)

Idiom & Figurative Language Benchmarks

MMFLD (Lai et al., 2023) 2023 Multi Fig. Language None (Static) Detection / Class.
WenMind (Cao et al., 2024) 2024 Zh Classical Text None (Static) QA & Generation
Chengyu-Bench (Fu et al., 2025) | 2025 Zh Idioms None (Static) Understanding & Use
MChIRC (Wang et al., 2025) 2025 Zh Idiom-in-Context None (Static) Multimodal RC / Cloze
Idiom-Trans (Donthi et al., 2025) | 2025 Multi Idioms None (Static) Translation
OrderProbe (Ours) ‘ 2025 ‘ CJK ‘ Idioms ‘ Internal Structure ‘ Reconstruction

Table 1: Positioning of OrderProbe. Existing robustness benchmarks mainly test surface-level noise or instruction-
level perturbations, while idiom benchmarks treat expressions as static retrieval or transformation targets. OrderProbe
uniquely evaluates deterministic internal-order reconstruction with exact-match scoring.

multiple valid reorderings, preventing a unique
ground truth. In contrast, four-character expres-
sions typically have a rigid internal sequence and a
single canonical form, enabling exact-match eval-
uation while preserving high semantic density in
a minimal structure. This setting also differs from
existing idiom and figurative language benchmarks,
which mainly test retrieval or interpretation under
canonical inputs (Zheng et al., 2019; Lai et al.,
2023; Fu et al., 2025) or translation and usage
(Donthi et al., 2025), rather than reconstruction
from scrambled constituents. Classical understand-
ing datasets similarly emphasize semantics without
probing structure recovery under internal perturba-
tion (Cao et al., 2024).

Figure 6 illustrates this distinction. When pre-
sented with scrambled characters from the idiom
Yi-Ming-Jing-Ren ("to become famous overnight"),
humans can quickly reconstruct the canonical or-
der based on semantic anchors. By contrast, al-
though LLMs can provide accurate definitions
when queried directly, they often fail to recover
the correct structure when constrained to use the
scrambled components. Instead, models tend to
process the characters as independent tokens. This
behavior reveals a dissociation where models mem-
orize the semantic entry of an expression but fail to
reassemble its canonical structure from its parts.

To systematically evaluate this dissociation, we
introduce OrderProbe, a benchmark designed to
measure structural reconstruction capabilities in
Chinese, Japanese, and Korean. The dataset is
constructed through a rigorous pipeline involving
multi-source acquisition, expert filtering, and hy-
brid semantic annotation to ensure linguistic preci-
sion. It comprises 3,543 curated samples, covering
six syntactic categories and multiple script typolo-

gies. Beyond dataset construction, we propose a
diagnostic evaluation framework that decomposes
model behavior into six dimensions, including re-
construction accuracy, semantic fidelity, logical va-
lidity, structural consistency, robustness sensitivity,
and information density. Unlike approaches that
rely solely on coarse accuracy rankings, this frame-
work enables fine-grained analysis of failure modes
that separate semantic recall from structural plan-
ning.

Our contributions can be summarized as follows.

* We identify the ambiguity of sentence-level
restoration and establish fixed four-character
expressions as a deterministic proxy for eval-
uating structural reconstruction.

* We introduce OrderProbe, a multilingual
benchmark comprising 3,543 curated samples
across six syntactic categories.

* We propose a diagnostic evaluation frame-
work that moves beyond simple scoring to
characterize robustness sensitivity, semantic
fidelity, and hallucination behavior.

* We evaluate twelve widely used LLMs on Or-
derProbe and find that exact reconstruction
remains challenging, with zero-shot recovery
frequently below 35% even for state-of-the-art
systems.

2 OrderProbe

OrderProbe is constructed through a controlled
pipeline that transforms raw lexical resources into a
deterministic benchmark for structural reconstruc-
tion. The pipeline consists of four stages: multi-
source collection, expert filtering, semantic refer-
ence construction, and permutation-based perturba-
tion generation. This section describes each stage
and summarizes the resulting dataset.
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Figure 2: OrderProbe construction pipeline. We collect raw four-character expressions from multiple sources,
apply expert filtering to obtain canonical roots, build semantic references via dictionary grounding and verified
augmentation, and generate the full non-identity permutation space as structurally perturbed evaluation inputs.

2.1 Stage I: Multi-source Collection

We first assemble a candidate pool Cyq,, by ag-
gregating four-character expressions from multi-
ple publicly available resources, including lexical
dictionaries and digital repositories. Each can-
didate item is associated with a script typology
T € {ZH-CN,ZH-TW,JA,KO}. The goal of
this stage is to maximize coverage and diversity
before quality control. This process yields approxi-
mately 4,000 raw candidates.

2.2 Stage II: Expert Filtering

To obtain a linguistically reliable core set, we apply
an expert filtering function F that maps Cy4,, to a
refined set X:

X = F(Craw)- ()

Filtering is performed by senior linguists and
trained annotators with proficiency in the target lan-
guages. Items are removed if they are non-standard,
ambiguous, modern internet slang, or exhibit multi-
ple competing canonical forms. After cross-lingual
alignment and consensus review, this process yields
exactly 3,543 canonical expressions in X', which
form the benchmark roots.

2.3 Stage III: Semantic Reference
Construction

For each canonical expression z € X, we con-
struct a semantic reference set S, to support evalu-
ation beyond exact recovery. We retrieve dictionary
definitions dg;.; as the primary semantic anchor,
following common practice in idiom evaluation
(Zheng et al., 2019; Fu et al., 2025). To reduce
brittleness to surface phrasing, we augment each
definition with paraphrastic variants generated by
LLMs and verified by annotators, similar to recent
benchmark construction protocols (Li et al., 2024).
The final reference set is defined as:

Sm = {ddict} U {daug}~ (2)

This hybrid construction enables robust semantic
and logical evaluation without translating across
languages.

2.4 Stage IV: Permutation-based Perturbation
Generation

The benchmark evaluates whether models can re-
construct the canonical order of an expression from
scrambled constituents. Each canonical expression
x is represented as a token sequence (%1, ta, t3,t4)
with a fixed order. We apply a perturbation operator
‘P that generates all non-identity permutations:

P(x) =A{r(x) | 7€ Sy,n(z) #x}, (3)

where Sy denotes the permutation group over four
elements. This yields 23 perturbed inputs per
canonical expression, forming a complete combina-
torial space for internal reordering. Unlike surface
perturbations such as typos or synonym substitu-
tions (Wang et al., 2021; Ribeiro et al., 2020), this
operator preserves all lexical content while disrupt-
ing only the internal structure.

2.5 Dataset Statistics

The final dataset D consists of all perturbed vari-
ants generated from the canonical set X. It covers
four script settings (Simplified Chinese, Traditional
Chinese, Japanese, and Korean) and six syntactic
categories. The distribution of script typologies
and structural patterns is shown in Figure 3. This
design supports controlled analyses of how recon-
struction varies across writing systems and syntac-
tic templates. We additionally treat Korean Hangul
as a phonogrammatic negative control: unlike lo-
gographic scripts, scrambling Hangul characters
disrupts syllable composition and removes local
semantic anchors, making deterministic reconstruc-
tion fundamentally harder.
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Figure 3: Overview of OrderProbe. The chart displays
the distribution of script typologies and syntactic struc-
tures across the 3543 samples.

Category Metric Linguistic Definition & Rationale
Primary Recovery Exact match of canonical order
Rate x. Measures global structural in-

tegrity.

SRob Robustness score based on degra-
dation under S, permutations

Diagnostics (MDR/MDA).

Shean Semantic fidelity via metaphorical
alignment using Cross-Encoders
and BERTScore.

SLogic NLI-based entailment check be-
tween model output e and reference
meaning.

Scons Stability across permutation vari-
ants, capturing invariance to inter-
nal shuffles.

Stnfo Information density penalizing

verbosity while rewarding high
information-to-token ratio.

Table 2: Evaluation Metrics on OrderProbe. We pri-
oritize Recovery Rate as the global structural indicator.
Other diagnostic metrics characterize robustness, seman-
tic fidelity, logical validity, invariance, and information
density.

3 Evaluation Framework

Beyond deterministic exact-match reconstruction,
OrderProbe contributes a multi-dimensional diag-
nostic evaluation framework that disentangles struc-
tural planning from semantic recall. A single aggre-
gate score is insufficient: models may fail recovery
due to hallucinated retrieval, positional sensitivity,
format mimicry, or verbose “knowledge dumping,”
all of which can mask the underlying failure mecha-
nism. We therefore design six complementary met-
rics(Table 2) computed over the full permutation
space, enabling fine-grained failure-mode analysis.
Evaluation Scope. For each canonical expres-
sion x, we evaluate model behavior under all 23
non-identity permutations P(x), yielding 3543 x
23 = 81,489 perturbed inputs. Each output is

scored by exact reconstruction, semantic alignment,
and logical entailment, and then aggregated across
permutations to quantify sensitivity and invariance.
This produces a six-dimensional diagnostic signa-
ture per model, rather than only a leaderboard rank.

3.1 Primary Metric: Recovery Rate

The Recovery Rate is the global indicator of struc-
tural integrity:

N
1
Recovery = N Z I(&; = x;). 4)
i=1

Unlike sentence restoration (ill-posed due to multi-
ple valid reorderings), four-character expressions
have a unique canonical form, enabling determinis-
tic evaluation.

3.2 Diagnostic Metrics (Beyond Recovery)

We introduce five diagnostic dimensions to explain
why recovery fails.

Semantic Fidelity (S72"). We evaluate expla-
nation quality using a tiered hybrid semantic met-
ric integrating cross-encoder relevance, multilin-
gual embedding similarity, and lexical safeguards
against entity-level hallucination (Appendix A.2).
Logical Validity (S1,gic). To detect fluent but
contradictory definitions, we compute entailment
probability between generated and reference mean-
ings using a multilingual NLI model:

Stogic = Pnri(e = 7). ®)

Structural Consistency (Scons). A key novelty
is a permutation-level invariance score. For each
permutation, we measure the gap between the
model’s potential best semantic score and its re-
alized mean score, and aggregate both average de-
viation and worst-case sensitivity across P(x). We
define:

SCons = (1 - Eperf) : (1 - Rsens)a (6)

which penalizes both global instability and local-
ized brittleness (Appendix A.3).
Robustness (Sg.,). We quantify robustness as
degradation relative to the canonical baseline and
decompose it into sequential robustness (permu-
tation sensitivity) and structural robustness (vari-
ance across syntactic categories), combined via
harmonic mean (Appendix A.5).
Information Density (S7,7,). To penalize
verbosity-based metric inflation, we introduce an
information density score using a brevity penalty
that rewards informative explanations per token
(Appendix A.7).



Model Family Setting Diagnostic Component Metrics Main Metric
Shee " Scons SLogic SRob Stnfo Recovery. (%)

Tier 1: High-Performance Reasoning Models

Zero-shot 0.493 0.591 0.672 0.621 0.579 31.062
Qwen-3-14B

+CoT 0.429 0.741 0.811 0.603 0.536 31.527 (10.465)

Zero-shot 0.520 0.539 0.712 0.645 0.520 30.928
Qwen-3-VLrhink

+CoT 0.471 0.716 0.888 0.632 0.533 48.376 (117.448)

- Zero-shot 0.493 0.621 0.646 0.631 0.540 30.487

Gemini-2.5-Flash

+CoT 0.455 0.738 0.738 0.647 0.246 41.559 (111.072)
Tier 2: Mid-Range General Models
GPT-4o Zero-shot 0.463 0.663 0.591 0.616 0.489 23.254

+CoT 0.431 0.769 0.774 0.622 0.400 37.687 (114.433)

Zero-shot 0.446 0.565 0.629 0.591 0.446 21.636
GLM-4V Think

+CoT 0.413 0.785 0.756 0.594 0.361 30.079 (18.443)

Zero-shot 0.472 0.593 0.575 0.609 0.444 20.104
DeepSeek-V3.2

+CoT 0.482 0.727 0.948 0.643 0.689 62.238 (142.134)
Tier 3: Efficient & Baseline Models

Zero-shot 0.446 0.682 0.465 0.593 0.469 18.596
DeepSeek-R1

+CoT 0.420 0.790 0.739 0.612 0.470 27.729 (19.133)
Claude-HaiKu-4.5 Zero-shot 0.448 0.656 0.494 0.612 0.466 18.017

+CoT 0.398 0.714 0.652 0.551 0.293 21.646 (13.629)

Zero-shot 0.439 0.654 0.578 0.610 0.291 17.094
Gemma-3-4B

+CoT 0.402 0.783 0.655 0.600 0.104 18.027 (10.933)

Zero-shot 0.396 0.706 0.399 0.590 0.304 12.167
Llama-3-8B

+CoT 0.385 0.815 0.641 0.586 0.226 24.428 (112.261)

Zero-shot 0.411 0.731 0.502 0.588 0.182 12.576
Llama-2-7B

+CoT 0.412 0.744 0.469 0.602 0.258 18.747 (16.171)

Zero-shot 0.446 0.617 0.487 0.604 0.403 15.786
Qwen-3-8B

+CoT 0.392 0.715 0.492 0.580 0.269 12.594 (13.192)

Table 3: Comparative Assessment of Zero Shot and Chain of Thought Prompting across 12 LLMs on
OrderProbe. This table reports performance metrics encompassing semantic accuracy, consistency and structural

recovery.

Takeaway. Together, these metrics expose sys-
tematic dissociations such as high semantic fidelity
but low structural recovery, or high consistency
due to rigid hallucination, enabling diagnosis be-
yond surface accuracy rankings. Full formulations
and implementation details are provided in Ap-
pendix A.

4 Experiments

4.1 Experimental Setup

We evaluate all models on the full Order-
Probe benchmark containing 3,543 canonical four-
character expressions across four script settings
(ZH-CN, ZH-TW, JA, KO). Given each scrambled
input, models are required to output (i) the recov-
ered canonical expression (a single four-character
sequence) and (ii) a one-line semantic explanation
in the corresponding language. All outputs are
evaluated by exact-match reconstruction and our

diagnostic metrics described in Section 3.
Models. We evaluate twelve widely used LLMs
spanning open- and closed-source families. Open-
source models include instruction-tuned check-
points from Qwen (Qwen et al., 2025), DeepSeek
(DeepSeek-Al et al., 2025), Llama (Grattafiori
et al., 2024), and Gemma, run locally using of-
ficial weights. Closed-source models include GPT
(OpenAl et al., 2024), Gemini, Claude (Anthropic,
2024), and GLM (Team et al., 2025), accessed via
official APIs with provider-default settings during
Oct 2025-Jan 2026. All checkpoint and deploy-
ment details are provided in Appendix A.10.
Prompting Strategy and Output Constraints.
We use a unified two-message prompting format
(system + user) with strict schema enforcement to
minimize format drift. We adopt language-matched
prompting: each script setting is evaluated using
prompts written in the same language as the in-
put, and models are instructed to produce both the
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Figure 4: Performance Comparison across 23 Permutation Patterns. The chart illustrates recovery rates under
baseline, few shot, and chain of thought settings, revealing the impact of anchor displacement on model stability.

Component Metrics Main Metric
Language X
SHet™  Scons SLogic Srob  Sinfo | Recov. (%)
Simplified Chinese | 0.4817 0.6445 0.6854 0.6193 0.4631 25.20
Traditional Chinese | 0.4715 0.6184 0.6663 0.5998 0.4040 20.32
Japanese 0.4602 0.5897 0.5278 0.6048 0.5388 19.66
Korean 0.3990 0.7625 0.3014 0.5857 0.3906 5.72

Table 4: Comparison across script settings. Logo-
graphic scripts (Chinese/Japanese) yield substantially
higher reconstruction accuracy than Korean Hangul,
which serves as a phonogrammatic control condition.
Component metrics are reported for diagnostic analysis
alongside the primary Recovery score.

recovered expression and explanation in that lan-
guage. We compare three settings: (i) Zero-shot
(one-line output), (ii) Chain-of-Thought (CoT; ex-
actly two lines: reasoning + final answer), and (iii)
three-shot in-context learning (few-shot; two-line
output following exemplars). All prompt templates
are provided in Appendix C.

4.2 Overall Results and Analysis

Table 3 summarizes the benchmark results across
twelve models under both Zero-shot and CoT set-
tings. Across model families, we observe a consis-
tent semantic—structure dissociation: models can
often generate fluent, meaning-aligned explana-
tions while failing to reconstruct the canonical or-
der under permutation noise.

Reconstruction remains challenging. Exact re-
construction is difficult even for strong systems.
Under the zero-shot setting, recovery frequently
remains below 35%, indicating that structural re-
covery is not an automatic byproduct of seman-
tic competence. Instead, models tend to behave
as if scrambled characters are independent tokens,
producing semantically plausible but structurally
incorrect outputs.

CoT helps, but gains vary widely. CoT prompt-
ing improves recovery for many models, suggest-
ing that stepwise reasoning encourages explicit

constraint checking before generation. However,
improvements are highly model-dependent: some
systems benefit substantially, while others show
marginal gains or even regressions due to format
drift and unstable decoding.

Consistency is not correctness. High structural
consistency can occur even when recovery is low.
In several cases, models respond with stable but
generic explanations across permutations, produc-
ing high invariance scores without solving the re-
construction problem. This highlights the necessity
of interpreting diagnostic metrics jointly rather than
relying on a single dimension.

Summary. Overall, OrderProbe reveals that de-
terministic structural reconstruction remains a sub-
stantial capability gap. Models can retrieve mean-
ings or provide plausible definitions, but often fail
to enforce global ordering constraints required for
exact canonical reconstruction.

4.3 Permutation Sensitivity and Prompting
Effects

Figure 4 compares recovery trends across all 23
permutation configurations under baseline, CoT,
and few-shot settings. We observe strong depen-
dence on anchor displacement: permutations that
preserve semantically informative characters near
their canonical neighborhoods yield higher recov-
ery, while dispersed anchors significantly degrade
performance.

Few-shot prompting yields the most uniform im-
provements across permutations, suggesting that
explicit exemplars constrain decoding more effec-
tively than generic reasoning traces. In contrast,
CoT gains are less stable and may amplify format
drift in weaker models.



Normalized Score
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Figure 5: Performance by syntactic category. Parallel
structures are easiest due to redundancy and symme-
try cues, while asymmetric dependency patterns remain
harder for reconstruction. Metrics are reported to diag-
nose whether failures arise from semantic gaps, instabil-
ity, or structural sensitivity.

Modifier-Head
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4.4 TImpact of Script Typology

Table 4 compares performance across the four
script settings. We observe that reconstruction dif-
ficulty is strongly shaped by script typology.

Logographic scripts provide stronger local an-
chors. Chinese and Japanese exhibit substantially
higher recovery than Korean. Logographic char-
acters preserve standalone semantic cues under
scrambling, providing local anchors that facilitate
global reassembly.

Hangul scrambling is a strict negative control.
Korean Hangul behaves differently: internal scram-
bling destroys syllable composition and removes
meaningful local cues. As a result, recovery col-
lapses sharply, confirming that reconstruction de-
pends not only on positional decoding but also on
the preservation of interpretable sub-units.

Consistency inflation under extreme ambiguity.
Notably, Korean yields high consistency despite
low recovery. Under severe uncertainty, models
often default to generic, stable explanations across
permutations. This yields artificially high invari-
ance but does not reflect true reconstruction ability,
reinforcing the need to interpret diagnostic metrics
jointly.

4.5 Analysis of Syntactic Patterns

Figure 5 reports results across six syntactic cat-
egories, revealing systematic structural variation
beyond surface shuffling.

Parallel structures are easiest. Parallel and co-
ordinate patterns are generally easier due to redun-
dancy and symmetric templates. These cues effec-
tively reduce the search space and provide ordering
heuristics.

ASacc AScons ASiogic ASrop ASinto Recovery rate
Qwen-3-VLthink -
Qwen-3-14B
DeepSeek-V3.2 +
Qwen-3-8B -
DeepSeek-R1
Claude-HaiKu-4.5
GPT-40
Gemini-2.5-Flash +
GLM-4Vthink
Gemma-3-4B 1
Llama-2-7B
Llama-3-8B -

T T 1T T
0.0 0.2 0.4 0.60 50

Diagnostic degradation A Recovery rate

Figure 6: Degradation under perturbed 3-shot inputs.
Left: per-metric drops ASqce, AScons, ASiogics ASrob,
ASin o, computed as unperturbed minus perturbed 3-
shot under matched inference settings. Right: recovery
rate for perturbed 3-shot inputs. Models are ordered by
recovery rate (higher is more robust).

Meaning does not imply correct ordering. For
subject—predicate patterns, models often recover
the underlying proposition but fail to linearize char-
acters into the precise canonical order, confirming
that semantic grasp does not guarantee structural
planning.

Asymmetric dependencies remain difficult.
Verb—object patterns are harder because they rely
on directional dependencies that are disrupted by
permutation noise, leading to semantically plausi-
ble but structurally incorrect guesses.

4.6 Analysis of In-Context Learning
Figure 6 reports results under three-shot prompting.

Perturbations reveal structured degradation
rather than uniform noise. Across models, di-
agnostic drops concentrate on a subset of compo-
nents instead of moving in lockstep, forming con-
sistent “degradation fingerprints” per model. This
suggests perturbations disrupt specific capabilities
(e.g., information grounding or robust constraint
use) rather than inducing indiscriminate instability,
consistent with the separation between fine-grained
deltas and the overall recovery rate in the figure.

High recovery does not imply uniformly pre-
served diagnostics. Several models sustain rel-
atively strong recovery while still exhibiting pro-
nounced drops on particular diagnostics, indicat-
ing compensatory behavior: outputs can be re-
constructed at the sequence level even when in-
termediate structural signals degrade. Conversely,
models with low recovery typically show broader
declines across multiple diagnostics, suggesting
recovery failures coincide with multi-faceted struc-



Input (Scrambled): 3 (City), 1l (Topple), [E (State),
i (Topple)

Target: #i[E 1i(Qing Guo Qing Cheng). Meaning:
Extreme female beauty.

Qwen-3-8B

Generated explanation:
TEE RSO M K, W TIREERE KR
AL B, ¢ M JT BR - (Refers to a country or city being
breached.)

Error note: Structurally fluent output (high Scons) but
incorrect logic due to literal character-level composition.

[ Literal Hallucination ]

DeepSeek-V3
Generated explanation:

JRFEE Ed R L amTE . FREA L TFESRKR
2% o (Originally refers to a monarch losing his kingdom.)

[ Precise Retrieval ]

Error note: Correctly captures the idiomatic metaphori-
cal meaning.

Figure 7: Case Study on Semantic Hallucination.
Qwen-3-8B produces a fluent but incorrect literal in-
terpretation, while DeepSeek-V3 correctly retrieves the
idiomatic metaphor.

tural breakdown rather than a single isolated weak-
ness.

4.7 Case Study: Semantic Hallucination
Induced by Literal Compositionality

To illustrate how semantic plausibility can mask
reconstruction failure, Figure 7 presents a represen-
tative case on Qing Guo Qing Cheng. We observe
two contrasting behaviors: some models retrieve
the idiom-level metaphor correctly, while others
interpret characters literally and hallucinate a com-
positional meaning (e.g., "toppling a country and a
city"). This example highlights why OrderProbe re-
quires deterministic reconstruction and diagnostic
metrics beyond surface semantic similarity.

4.8 Memorization and Frequency Analysis

A natural concern is whether reconstruction mainly
reflects memorization of frequent expressions. We
therefore conduct a pilot frequency-stratified anal-
ysis (Appendix B.4). Although recovery improves
with idiom frequency, reconstruction failures re-
main common even in high-frequency bins, sug-
gesting that OrderProbe captures structural limita-
tions beyond pure coverage effects.

5 Related Work

Robustness and Adversarial Evaluation The
evaluation of model robustness has evolved from
surface-level perturbations to semantic integrity.
Early benchmarks like TextFlint (Wang et al., 2021)

and CheckList (Ribeiro et al., 2020) primarily fo-
cused on lexical noise, such as typos and synonym
substitution. More recent works have examined
robustness in instruction following (Li et al., 2024)
and logical reasoning (Lin et al., 2025). Unlike gen-
eral adversarial attacks that seek to break model
performance with noise, OrderProbe probes the
cognitive limit of reconstructing canonical order
from semantically valid but positionally disordered
inputs.

Idiom and Figurative Language Processing
Prior research on idioms has predominantly treated
them as static lexical units. Datasets such as ChID
(Zheng et al., 2019) and Chengyu-Bench (Fu et al.,
2025) focus on cloze tests, retrieval, or translation
(Donthi et al., 2025). While these benchmarks eval-
uate whether a model knows an idiom, they do not
test whether the model understands its composition.
As demonstrated in our experiments, models often
exhibit a "knowledge-structure dissociation," per-
forming well on retrieval tasks while failing on the
reconstruction tasks proposed in OrderProbe.
Positional Bias and Structural Reasoning Our
findings resonate with theoretical studies on the
positional limitations of Transformer architectures.
Sinha et al. (2021) observed that models are of-
ten insensitive to word order in classification tasks,
while Berglund et al. (2024) identified the "Re-
versal Curse," highlighting the inability of mod-
els to generalize relationships in reverse directions.
OrderProbe provides empirical evidence for these
phenomena in the context of East Asian linguis-
tic structures, confirming that even high-resource
languages like Chinese are susceptible to severe
structural fragility when local semantic anchors are
displaced.

6 Conclusion

We introduce OrderProbe, a deterministic bench-
mark for structural reconstruction using four-
character expressions in Chinese, Japanese, and
Korean. Experiments on twelve LL.Ms show that
exact recovery remains difficult, with zero-shot
performance often below 35%, revealing a clear
semantic—structure dissociation. We further find
that reconstruction success depends strongly on
script typology, where logographic scripts provide
stronger local anchors and Hangul serves as a strict
negative control. We release OrderProbe and our
diagnostic framework to support future research on
structural robustness in LLMs.



Limitations

Our OrderProbe is designed to evaluate model ca-
pabilities through structural reasoning tasks. The
types within our dataset reflect our effort to collect
data from multiple perspectives. However, we ac-
knowledge that the scope of knowledge covered is
inherently limited by the expertise of the contribu-
tors and cannot encompass all facets of linguistic
structural integrity. Moreover, structural robustness
currently lacks a universally accepted definition.
Our evaluation is based on six syntactic categories
that, while comprehensive, do not cover the full
spectrum of linguistic patterns.

Since our dataset is constructed by referencing
materials in three languages, we provide multilin-
gual evaluation data. However, the influence of
different script typologies on model performance
has not been thoroughly analyzed for alphabetic
languages. We have not conducted detailed ex-
periments on morphologically rich systems where
structural perturbations might yield different re-
sults.

In addition, some data points involve crystallized
expressions that are present in pre training corpora.
We recognize that correct reconstruction depends
on the memorization of these fixed patterns. Al-
though the results are accurate within this specific
domain, future developments may require models
to handle novel combinations beyond memorized
content. For these items, we ensure their valid-
ity within the current linguistic context. Although
these limitations are relevant, we believe they ex-
tend beyond the scope and original intent of our
work. We hope that future studies will address
these challenges in more detail.

Ethics Statement

The OrderProbe dataset integrates linguistic re-
sources from the public domain under fair use prin-
ciples for academic research. We confirm that the
collected expressions are free from copyright re-
strictions and strictly adhere to data usage policies.
All participants provided informed consent and fol-
lowed a rigorous protocol to exclude offensive or
discriminatory content.

Our data construction pipeline utilizes LLMs
for semantic augmentation in full compliance with
provider terms of service. We declare that all gen-
erated outputs underwent human verification to en-
sure factual accuracy and safety. This work serves
as a diagnostic benchmark for enhancing model

robustness. We foresee no direct negative societal
impacts or misuse risks associated with the release
of this dataset.
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A Formal Definitions and Rationale of
Evaluation Metrics

This appendix details the mathematical formulation
and design rationale for the evaluation metrics em-
ployed in OrderProbe. To avoid the ambiguity often
introduced by aggregated leaderboards, we adopt a
multi-dimensional diagnostic framework. Each
metric is designed to isolate a specific cognitive
failure mode—ranging from structural rigidity to
semantic hallucination—thereby providing a granu-
lar dissection of model capabilities. These metrics
are reported independently in the main paper and
are not aggregated into a single score.

A.1 Primary Metric: Reconstruction
Accuracy

Rationale The ability to recover the canonical
form serves as the direct proxy for Structural Plan-
ning. Unlike semantic comprehension, which can
be inferred probabilistically from keywords, struc-
tural reconstruction requires resolving specific po-
sitional dependencies. Strict matching is necessary
to distinguish true structural understanding from
partial semantic recall.

Formulation Let x denote a canonical four-
character idiom and #’ = T (x,7) its internally
reordered variant. Given a model output o, recon-
struction is marked as correct if o explicitly con-
tains the canonical idiom x or an accepted surface
variant.
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The Reconstruction Accuracy is defined as:

N

1 .
RecAcc = N ZI]I({L'Z =),
1=

(7

In this context, I(-) represents the indicator func-
tion.

A.2 Semantic Accuracy

Rationale and Component Selection Assessing
idiom interpretation requires capturing both deep
metaphorical meaning and precise entity details.
Single-dimensional metrics cannot capture this du-
ality. Vector-based similarity measures often miss
specific entity errors, while n-gram overlap fails to
recognize valid metaphorical paraphrases. To ad-
dress this, we construct a tiered hybrid metric, Sacc,
that integrates signals from both interaction-based
and lexical levels.

Weighting Justification We assign weights to
reflect the functional hierarchy of each verification
method. We treat the cross-encoder as the primary
evaluator and assign it a weight of 0.5. Unlike bi-
encoder architectures, which compress sentences
into independent vectors, cross-encoders perform
full self-attention over the concatenated input. This
enables them to detect subtle semantic entailments
that are essential for precise interpretation. We as-
sign a moderate weight of 0.3 to an ensemble of
embedding-based measures, including BERTScore,
STS, and cosine similarity, which serves as a robust
semantic baseline. Relying on a single embedding
model may introduce architectural bias. Integrating
distinct representation approaches reduces variance
and provides a more general measure of semantic
proximity. We allocate the remaining weight of 0.2
to the Fjg score as a lexical safeguard. Models can
exhibit high similarity scores while hallucinating
or mismatching specific entities. This lexical com-
ponent therefore penalizes factual discrepancies.

Formulation For an explanation e and a refer-
ence definition 7, the composite Semantic Accu-
racy score is defined as:

®)

Sl denotes the normalized score produced by the
cross-encoder. The term in parentheses is the aver-
aged embedding similarity score. Sz denotes the

Sllaert + Ss{tS + S(’JOS
3

SAcc:wl'Sée+w2'<

+ wsg - Sfﬁ.
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lexical Fj3 score. We set the weights to wq = 0.5,
wy = 0.3, and ws = 0.2 based on the hierarchy
described above.

A.3 Structural Consistency

Rationale and Design Philosophy Character-
izing structural stability requires disentangling a
model’s latent recognition capability from its execu-
tion volatility under noise. For any given permuted
input, the model may generate multiple plausible
explanations. We assume that the peak semantic
score Spax among these generations reflects an up-
per bound on the model’s recognition capability.
In contrast, the mean semantic score Spean reflects
the expected realized performance. The gap be-
tween this potential maximum and the expected
mean quantifies the internal volatility for that spe-
cific structural configuration. To capture overall
stability, we aggregate these gaps across the en-
tire permutation space. We adopt a multiplicative
aggregation strategy to compute the final consis-
tency score. This dual-penalty design ensures that
a robust model must minimize both the average
capability loss and the sensitivity of that loss to
structural changes. The multiplicative formulation
further ensures that a deficiency in either dimension
disproportionately penalizes the final consistency
metric.

Formulation We operationalize structural con-
sistency through three interlinked equations. Let P
denote the complete set of permutations applied to
a specific idiom. For each permutation p € P, the
model generates a set of explanations. Let Siean be
the average semantic accuracy score over these ex-
planations, and let Sy,.x be the maximum semantic
accuracy score among them. We define the perfor-
mance deviation Eyef as the average gap between
recognition capability and realized performance,
aggregated across all permutations:

1 Z(Smax - Smean)-

‘,P‘ pEP

©)

Eperf =

We define the rigidity sensitivity Rgens as the maxi-
mum gap observed across the permutation space:

Smean) . (10)

Rgens = maX(Smax -
peEP
Finally, we compute the composite consistency
score Scons as the product of the retention rates
derived from both deviations:

SCons = (1 - Eperf) X (1 - Rsens)- (1)



This formulation enforces structural stability by
penalizing internal volatility in a mathematically
explicit manner.

A.4 Degradation Under Internal Reordering

Rationale and Normalization Logic Isolating
the impact of structural noise requires a perfor-
mance baseline for each specific idiom. We use the
score obtained from the canonical non-reordered
input, Sorig, as the reference capability. A low score
on a scrambled input indicates structural fragility
only if the model demonstrates competence on the
canonical form. Direct comparison without nor-
malization fails to distinguish between structural
sensitivity and general knowledge deficits. Conse-
quently, we quantify degradation as a relative loss
ratio. MDR captures the expected utility loss under
random structural perturbations. MDA captures a
lower bound on performance reliability, reflecting
the worst-case structural collapse. The maximiza-
tion term in MDA extracts the worst-case signal
across the permutation group to maintain a consis-
tent definition.

Formulation We formalize the degradation met-
rics through the following equations. P denotes the
set of permutations applied to the idiom. Soig Tep-
resents the semantic accuracy score of the model on
the canonical input. Spert denotes the score under
permutation p. We define the Mean Degradation
Rate (MDR) as the average relative performance
drop across all permutations.

MDR = °“g
7 Z

We define the Maximum Degradation Amount
(MDA) as the maximum relative drop observed
across the permutation group.

(Sorig - Sgen

Sorig
These values quantify the average and worst-case
loss of capability attributable to internal reordering.

pert

12)

0r1 g

MDA = max
peEP

(13)

A.5 Robustness Metrics

Rationale and Dual Dimensionality We assess
robustness along two perturbation dimensions: Se-
quential Robustness and Structural Robustness. Se-
quential Robustness measures the resilience of
the model against internal ordering permutations.
Structural Robustness evaluates the stability of per-
formance across distinct syntactic categories. We
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select the mean semantic accuracy S{c" as the
basis for these metrics. While maximum scores
reflect peak recovery capability, average scores cap-
ture stability under stochastic degradation and thus
provide a stricter and more sensitive indicator of
robustness. The final metric integrates these dimen-
sions using a harmonic mean, ensuring that high
robustness requires resilience to both combinatorial
scrambling and syntactic variation.

Sequential Robustness Formulation We quan-
tify Sequential Robustness Ssq by combining the
mean and maximum degradation rates defined in
Appendix A.4. We define Sieq as the complement
of a weighted sum of these degradations. We as-
sign equal weights & = 0.5 and 5 = 0.5 to balance
average stability and limit-state resilience.

Sseq =1 —(ac- MDR + - MDA) (14)
Structural Robustness Formulation We quan-
tify Structural Robustness Syt by measuring per-
formance variance across syntactic categories. Let
T denote the set of six syntactic structure types
indexed by k. For the k-th structure, we compute
the intra-group mean accuracy py, over the idiom
set Dy..

mean
Acc

mGDk

(15)

We calculate the standard deviation o of these
group means to capture the sensitivity of the model
to syntactic form. We define Sy as the comple-
ment of the normalized deviation, ensuring that
consistent performance across diverse structures
yields a high score.

Sstruct = 1 — Normalize(o (p1, pi2, .-, 1)) (16)

Composite Robustness Score We compute the
final Robustness Score Sgop as the harmonic mean
of the sequential and structural components. This
aggregation penalizes imbalance, requiring the
model to demonstrate robustness in both internal
ordering and syntactic generalization.

2 Sseq : Sstruct

(17
Sseq + Sstruct

SRob =

A.6 Logical Validity

Rationale and Entailment Check High lexical
similarity does not guarantee factual correctness.



Models may generate explanations that share key-
words with the target while conveying contradic-
tory meanings through negation or causal inversion.
Lexical metrics fail to detect these logical errors.
To address this, we employ a Natural Language In-
ference (NLI) model as a validity filter. This com-
ponent evaluates whether the generated explanation
logically entails the canonical definition, ensuring
that high scores reflect true semantic understanding
rather than superficial keyword matching.

Formulation We quantify logical validity Spog
as the probability of entailment predicted by a pre-
trained NLI model. Given a generated explanation
e and a reference definition r, we compute the en-
tailment probability:

SLog = PNLI(e = 7") (18)
A.7 Information Density
Rationale and Verbosity Penalty Models fre-

quently employ knowledge-dumping strategies,
generating excessively verbose explanations to
maximize keyword coverage. This behavior in-
flates recall-based metrics without reflecting pre-
cise understanding. To counteract this, we intro-
duce an Information Density metric that rewards
high information content per token. We impose a
brevity penalty (BP) on outputs that exceed the ref-
erence length without proportional semantic gain.
This mechanism encourages the model to priori-
tize concise and accurate reasoning over redundant
generation.

Formulation We compute Information Density
Smfo by scaling the precision score with a length-
based penalty:

Stnfo = BP X Prouce (19)

Prougg denotes the ROUGE precision score. BP
represents the brevity penalty factor, downweight-
ing explanations that exhibit low information den-
sity relative to the canonical definition.

A.7.1 Human Audit Rubrics

We conduct a targeted human audit to validate the
proposed multi-dimensional evaluation framework.
The audit assesses whether the automated dimen-
sions align with expert judgments under explicit
and controlled rating criteria.

For each language, we sample a fixed subset of
instances from the evaluation set without condi-
tioning on model performance or automated met-
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ric values. Each instance is independently an-
notated by five annotators who are proficient in
the corresponding language. Annotators evaluate
model-generated explanations without access to
automated scores.

Human evaluation follows predefined rubrics
that map qualitative judgments to normalized
scores. All dimensions are rated independently.

Accuracy score s/, A score of at least 0.8 in-

dicates a fully correct explanation. A score between
0.6 and 0.8 indicates that the main meaning is cor-
rect with minor inaccuracies. A score between 0.4
and 0.6 indicates noticeable errors despite a largely
correct meaning. A score below 0.4 indicates se-
vere errors and an incorrect explanation.

Logical validity score s;,g4;c. This score mea-
sures whether the explanation is logically consis-
tent with the canonical definition (i.e., it entails the
reference meaning and does not introduce contra-
dictions). A score of at least 0.8 indicates that
the explanation matches the reference meaning
without logical conflicts. A score between 0.6
and 0.8 indicates that the main meaning is cor-
rect but includes minor logical omissions or slight
mis-specifications. A score between 0.4 and 0.6
indicates mixed correctness, with partial contradic-
tions or incorrect causal relations. A score below
0.4 indicates a logically inconsistent or contradic-
tory explanation.

Aggregation and agreement. Final human au-
dit scores are obtained by averaging annotator rat-
ings. Inter-annotator agreement is moderate to high
across languages.

A.8 Human Audit Protocol

We conduct a targeted human audit to validate the
proposed multi-dimensional evaluation framework.
The audit assesses whether automated evaluation
dimensions align with expert judgments under ex-
plicit and controlled rating criteria.

For each language, we sample a fixed subset of
instances from the evaluation set without condi-
tioning on model performance or automated metric
values. The audit includes 290 instances for ZH-
CN, 430 instances for ZH-TW, 170 instances for
JA, and 110 instances for KO. Each instance is in-
dependently annotated by five annotators who are
proficient in the corresponding language. Annota-
tors evaluate model-generated explanations without
access to automated scores. Final human scores are



mean

Language N plic PLogic  PInfo
ZH-CN 290 0.787  0.822  0.743
ZH-TW 430 0.754  0.801  0.717
JA 170 0.694  0.739  0.665
KO 110  0.723  0.762  0.685

Table 5: Instance level Spearman rank correlation be-
tween human audit ratings and automated metric scores
on the audited samples.

obtained by averaging annotator ratings, and inter-
annotator agreement is moderate to high across
languages.

Human evaluation follows predefined rubrics
that map qualitative judgments to normalized
scores. All dimensions are rated independently.

Accuracy score sy, A score of at least 0.8 in-

dicates a fully correct explanation. Scores between
0.6 and 0.8 indicate that the main meaning is cor-
rect with minor inaccuracies. Scores between 0.4
and 0.6 indicate noticeable errors despite a largely
correct meaning. Scores below 0.4 indicate severe
errors and an incorrect explanation.

Logical quality score sy ,g;c. A score of at least
0.8 indicates a correct and concise explanation with
no redundant content. Scores between 0.6 and 0.8
indicate mostly correct explanations with some re-
dundancy. Scores between 0.4 and 0.6 indicate sub-
stantial redundancy with mixed correctness. Scores
below 0.4 indicate incorrect explanations or pre-
dominantly redundant content.

Information score s, f,. The information score
reflects the overall information density and useful-
ness of the explanation. Higher scores indicate
more informative and content-rich explanations,
while lower scores indicate limited or insufficient
information.

To quantify alignment at the instance level, we
compute Spearman’s rank correlation between hu-
man audit ratings and automated metric scores on
the same audited samples. Correlations are re-
ported for all dimensions that produce per-instance
scores under both human and automated evaluation.
Table 5 summarizes the alignment results across
languages.

A.9 Alignment Between Human Evaluation
and Automated Metrics

This section examines the alignment between hu-
man expert judgments and the proposed automated
multi-dimensional evaluation framework. Table 6
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compares aggregated human audit scores with au-
tomated metric outputs across languages.

Across all evaluated languages, the automated
metrics exhibit consistent directional alignment
with human assessments. Dimensions related to
logical coherence, robustness, and internal consis-
tency show similar relative patterns under both eval-
uation methods, suggesting that the metrics capture
structured properties of model behavior rather than
superficial numerical differences.

Differences in absolute scores are observed be-
tween human audits and automated evaluations.
Such variation is expected given the interpretive na-
ture of human judgment and the formal constraints
of automated scoring. Importantly, the relative
ordering of evaluation dimensions remains stable
across methods, indicating that the proposed multi-
dimensional framework preserves the structure of
human evaluation across languages.

mean

Language Evaluation Method s'{'S"™ Scons SLogic SRob SInfo

ZH-CN  Human Audit 0412 0.758  0.829 0.715 0.456
Automated Metric 0482  0.663  0.749 0.625 0.516
ZH-TW  Human Audit 0.405  0.731 0.779  0.701 0.336
Automated Metric ~ 0.480  0.641 0.699 0.613 0.406
JA Human Audit 0413  0.654 0.632 0.708 0.547
Automated Metric 0479 0.559  0.552  0.621 0.617
KO Human Audit 0353  0.875 0443 0.698 0.329
Automated Metric 0413 0.788  0.363  0.604 0.419

Table 6: Comparison between human expert audits and
automated multi dimensional evaluation scores across
languages.

A.10 Generation Protocol and
Nondeterminism

All models are evaluated using inference configu-
rations consistent with those commonly adopted
in large-scale benchmarking studies. For models
that expose a temperature parameter, we set the
temperature to 0 to enforce deterministic decoding.
No task-specific tuning or customized decoding
strategies are applied.

Open-source models are run locally using offi-
cial checkpoints and standard inference pipelines.
Closed-source models are accessed through their
official APIs, following the default configurations
recommended by their respective providers. All
API-based evaluations are conducted between Oc-
tober 2025 and January 2026. When configurable
parameters are available, we align them across
models to the extent possible; otherwise, we re-
tain provider defaults.



Across all experiments, we use identical prompt
templates and input perturbations. No fine-tuning,
reranking, or post-processing is performed. This
deployment protocol ensures that performance dif-
ferences primarily reflect intrinsic model behav-
iors rather than artifacts of inference configuration,
stochastic decoding, or serving infrastructure.

B Appendix: Details of Semantic and
Logical Evaluation

This appendix specifies implementation details of
the automated evaluation metrics for semantic ex-
planation quality and logical consistency to ensure
reproducibility and cross-lingual comparability.

B.1 Semantic Explanation Scoring

Semantic explanation quality is measured using a
composite score that integrates interaction-based
semantic matching, representation-based similarity,
and content coverage.

For interaction-based matching, we use the cross-
encoder reranker BAAI/bge-reranker-base. Given
a model-generated explanation and a set of ref-
erence explanations, the cross-encoder produces a
relevance score for each explanation—reference pair.
These scores are normalized to a bounded scale and
aggregated across multiple references using either
max or mean aggregation. The same cross-encoder
model is applied uniformly across all languages.

For representation-based similarity, we use sen-
tence embedding models to compute cosine sim-
ilarity between explanations and references. For
Simplified Chinese and Traditional Chinese, we
use BAAI/bge-small-zh-v1.5. For Japanese and
Korean, we use sentence-transformers/paraphrase-
multilingual-MiniLM-L12-v2. These models are
selected for their multilingual coverage and effi-
ciency. No translation is applied, and all texts are
evaluated in their original language.

In addition, we optionally include BERTScore
F1 as a token-level semantic similarity signal, using
language-specific settings for Chinese, Japanese,
and Korean. Lexical overlap features are treated
as auxiliary signals and do not dominate the final
score.

The final semantic accuracy score is computed
as a weighted linear combination of cross-encoder
similarity, representation-based similarity, and the
content-word Fj score, with fixed weights shared
across languages.
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B.2 Logical Consistency via Natural
Language Inference

Logical consistency between model explanations
and reference explanations is measured using the
multilingual natural language inference (NLI) clas-
sifier MoritzLaurer/mDeBERTa-v3-base-mnli-xnli.
The same NLI model is applied to all languages
without translation.

For each reference explanation, we compute NLI
in two directions: from the reference to the model
output and from the model output to the reference.
This bidirectional evaluation reduces asymmetry
caused by verbosity or paraphrasing. We use the
entailment probability as the primary signal, while
the contradiction probability serves as a secondary
penalty when entailment evidence is present.

Specifically, for each reference, the score is de-
fined as the maximum entailment probability across
the two directions, with an additional contradiction-
aware adjustment activated only when entailment
exceeds a small threshold. Scores are aggregated
across multiple references using max aggregation.
This reflects the assumption that a model explana-
tion is logically consistent if it entails at least one
valid reference explanation.

The NLI scores are treated as continuous con-
sistency signals and are not converted into binary
decisions. No post-hoc calibration is applied, and
scores are used only for relative comparison and
averaging.

B.3 Reference Construction and Evaluation
Scope

Reference explanations consist of canonical dic-
tionary definitions augmented with paraphrased
variants to cover legitimate surface variation. Dic-
tionary definitions serve as the primary semantic
anchors, while paraphrased references reduce sen-
sitivity to wording differences. All evaluation met-
rics aggregate over multiple references to avoid
dependence on any single phrasing.

We evaluate the main reconstruction accuracy
metric alongside semantic and logical metrics.
While some items may appear in pretraining cor-
pora, reconstruction accuracy is not interpreted
in isolation. Instead, differences across semantic,
logical, and robustness metrics are used to assess
structure-aware semantic grounding beyond sur-
face recall.



Frequency Bin  Recovery (%)

High 30.576
Mid 19.794
Low 10.231

Table 7: Pilot Frequency-Stratified Recovery (Zero-
shot). Exact recovery rates (%) across high-, mid-, and
low-frequency bins.

B.4 Frequency-Stratified Recovery Pilot

A potential concern is that exact recovery on four-
character expressions may be influenced by memo-
rization, since frequent idioms are more likely to ap-
pear in pretraining corpora. To quantify this effect,
we conduct a pilot frequency-stratified analysis un-
der the zero-shot setting using two representative
models that span a wide capability range: GPT-40
and Qwen3-8B. We stratify expressions into three
frequency bins (high, mid, and low) and measure
the recovery rate as exact canonical reconstruction.
Table 7 reports bin-wise recovery averaged across
the two models.

As shown in Table 7, we observe a clear mono-
tonic frequency effect: recovery is highest on
high-frequency expressions, decreases on mid-
frequency expressions, and remains non-trivial on
low-frequency expressions. This indicates that lex-
ical frequency contributes to reconstruction perfor-
mance, while meaningful recovery persists even in
the low-frequency regime.

C Prompt Templates for Idiom Meaning
Inference

All baseline runs use a fixed two-message prompt-
ing scheme consisting of a system instruction and
a user query template. The system instruction con-
strains the output format to a single-line response
in Chinese. The user template provides the target
idiom and repeats the required output schema to
reduce formatting deviations. Across different ex-
perimental conditions, only the prompt text is mod-
ified, while the model, decoding settings, batch
processing logic, and output parsing rules remain
unchanged. For multilingual settings, the same
prompting structure is retained, with the prompt
content adapted through direct translation or equiv-
alent reformulation while preserving identical func-
tional roles and formatting requirements.

To facilitate reproducibility, Table 8 presents the
baseline prompt templates used for idiom mean-
ing inference across languages. The prompts are
shown in their actual formatted layout, including
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line breaks, to illustrate the structural constraints
imposed on model outputs. No task-specific ex-
amples, demonstrations, or additional guidance are
included beyond the required format specification.

All experiments are conducted using fixed infer-
ence settings. For the baseline condition, no task-
specific examples or chain-of-thought instructions
are provided beyond the one-line format constraint.
For the CoT condition, we use a fixed two-line CoT
template (Table 10) while keeping all decoding set-
tings identical.

D Semantic Hallucination vs. Idiomatic
Retrieval

Figure 7 presents a representative failure case on
the idiom Qing Guo Qing Cheng. Although the
scrambled characters preserve strong lexical cues,
some models still produce fluent but incorrect lit-
eral interpretations, reflecting compositional hal-
lucination. In contrast, stronger models correctly
retrieve the idiomatic metaphor, demonstrating that
semantic plausibility and structural reconstruction
can diverge sharply.

E Qualitative Analysis and Case Studies

In this section, we provide a qualitative visual anal-
ysis of model performance across different experi-
mental settings. Figures 8 and 9 illustrate baseline
(zero-shot) behaviors and highlight common failure
modes such as hallucination and structural blind-
ness. Figures 10 through 13 further compare Chain-
of-Thought (CoT) and few-shot strategies for each
language (ZH-CN, ZH-TW, JP, KO). These visual-
izations display the system prompts, user queries,
and model outputs, and they illustrate the strict
constraints imposed by our evaluation pipeline.

F Reference Performance on Canonical
Inputs

To isolate the specific impact of structural perturba-
tion, we conducted a control experiment using the
canonical (unperturbed) forms of the expressions.
This serves two critical purposes: establishing a
performance upper bound for each model and vali-
dating the reliability of our automated diagnostic
metrics.

Table 11 reports the diagnostic scores under this
ideal condition. We observe that all evaluated mod-
els demonstrate high proficiency when the input
structure is intact. For instance, semantic fidelity
scores (S’}<?™) consistently range between 0.75



and 0.88 across different model tiers, and logical
validity (S7,04ic) remains high.

These results support two key conclusions re-
garding the main experiments:

1. Knowledge Verification: The high baseline
performance confirms that the models possess
the requisite lexical knowledge in their pre-
training distribution. Therefore, the failures
observed in the scrambled settings (Section
4.2) cannot be attributed to a lack of semantic
understanding, but rather to a specific deficit
in structural reconstruction.

2. Metric Validation: The high scores under
canonical conditions validate our evaluation
pipeline. They indicate that our automated
metrics accurately reward correct semantic in-
terpretations, ruling out the possibility that
the low scores in the main experiments are
artifacts of an overly punitive scoring mecha-
nism.

The stark contrast between this high-
performance baseline and the significant
degradation observed under permutation (where re-
covery rates frequently drop below 35%) provides
compelling evidence for the semantic—structure
dissociation hypothesis discussed in the main text.
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ZH-CH and ZH-TW baseline

System : kR —AFHABRRERNETEE. WREE N+
Xo. WRAKE AT, FESLZTRAMXF

User: kBB M4 X, EEHBAREA L, FEARA
BiE .

B & S [(AEER R

@ Claude-HaiKu-4.5:4g

FRAS LA o) AL, R

@ DeepSeek-V3.2:

ANHER 1, ?aTUJ‘]—?—]'ﬂ ML B AR A EOR L
AR, BT,

@ DeepSeek-R1:

DAL 2 A0 B S A EONlE, TBR RO, (=
RSP RR “AREER R, FHEETRE R “AIELE
ZEHLR R B AN R 7, SR i
W “ AL /

@ Gemini-2.5-flash: v

LA AL SR EREE R A 8 2 EONAL, TR
U,

€ Gemma3-4B: ¥

A IRSRIRGS B o™

€ GLM-4V-Thinking:

AN 1) 3t AR R BRI TS B L, T8 25 Ul HE 4 27
ANHEF 1 b s, ARBLEF AN CRLAE A IR BB AR )
WHEE .

@ GPT-40:

FRAE CANHLE R SR AR AN A AL
REER, SR A

VBRI AT 3

System : L& A2 AZ3| X[7|= olof MR 7to}. shFoj =Tt
ol REA St 22T S|, CHE 2 SXI.

User:t7t 2= 82| 20| & 3t Z2 2 Lol 2L 2%, 7k5 ¢
o ebusHA 2.

Lh&: [AHeEAH

@ Claude-HaiKu-4.5:

AAHQ 3ol A3 2 ﬁiﬂ ek
@ DeepSeek-V3.2: ¢

54 A& 9% 01 A9 AEE Hrksta
@ DeepSeek-R1: é

%) WAISE AR WES T o)u ).

@ Gemini-2.5-flash:

ol g A% BRI #Ale %1151 &) A ’6“1161
Skl AL At/ Frets AL v
€ Gemma2-7B: y¢

ABAA.

€ GLM-4V-Think:

NP A B2 FAE g 3told ALY,
o) gk,

€ GPT-40:

AA A ’%%0@ HES o dvnm Aadts
€ Qwen3-8b:4

ABAES 54 AH dgoly 43S Agss 22,
Aol et *J%% Z¥ers] s v ALg

3 2

Selst

‘_—_
=

#4.

ol f %

S

System: fr 2 —ERERABEHRERWETER. HAKRFX
B4, RRARE—T, FTESRETREAMEXF
Users#fr g @ &%, AEANLRE 4R, TEAIUK
#, RYELHE

Al ex TV &1yl

@ Claude-HaiKu-4.5:5§%¢

TEBR—MARZLNR . TG TR RE, HECm S
AR AN A

@ DeepSeek-V3.2: 4%

TERAT Rt ANHAET, AIARESE & 5478k .
@ DeepSeek-R1:

AR AN, REHOEE AT 5.

€ Gemini-2.5-flash:

AT RIeE, ARk, AEERE, AMESE.

€ Gemma3-4B: ¥
BETIEREEIR 5 B Y 8 S I K

€ GLM-4V-Thinking: %

IS B SR BT TR G, BB B A AR 1 2 3%
@ GPT-40:%

2 I A B T BRI AT, T il 4 A 0 Y R T 1
FEE AL BRR D o

€ Qwen3-8b: K

TEBRENTRHIR . BERATE, =AW,

€ Qwen3-14b:N¥

TEBAT RIBAGE, AFik, BRER.

€ Qwen-3-VL-Think:

T AT R, ARl

Figure 8: Baseline performance on Chinese scripts illustrating Simplified Chinese on the left and Traditional
Chinese on the right. Even powerful models often fail to recover the canonical order.

System: »zfzaHRE KT T2 EERARTT. BAETE
ATLREV, RFUTRGHAL, RELXE - EAT
Userich» s %3 AE0OR%RE—FTRY TELTILS L,
stexwEafil, TE3RVZLEHBAL TS,
SO [ g )

&

@ Claude-HaiKu-4.5:

HiCAFE EERRERLURT S ERT A KRBT 3.
@ DeepSeek-V3.2:
“ofttFeeen el L.

@ DeepSeek-R1:

i 1 5 1 UK B &
€ Gemini-2.5-flash:
LUK 20B SN IRV T X2 TR
REAE C &,

€ Gemma2-7B:
HED H & =M HED
€ GLM-4V-Think:
fEREERS € 2D 6o & & EELBER & KM INA
174, ke RFCT 5.

€ GPT-40:

WER A (B s I EOTA) . BEPLFTT., BHELH
HEFEMA CRMEEED 2 & aiiTRE.

€ Qwen3-8b.

WEH S &, e e sumBCHERMSZLwws .,
R E s TN EEN 2 2 IEL . WHFEEEEC T 25
BOEELELREERT 2.

EEBB LD LBECHLEHBTT.

EXt I s A e N

e T abBEE R T L.

Figure 9: Baseline performance on Japanese and Korean scripts showing Korean Hangul on the left and
Japanese Kanji on the right. The structural scrambling effectively disrupts local semantic anchors.
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ZH-CH— COT and Few-Shot

System : fr_—A PRI ZHANTE K. W HBER P 04
BRI HER,
User: 4 MU TXARFEEA X, RE-MWREFTZHEHUM

FIWEE L AR R ]

€ Claude-HaiKu-4.5(COT):

FRARCATE R I [ B, ) R W

@ DeepSeek-V3.2(COT): v

PNV LF 2, AL, FREEERET A
NEHCLE .

@ DeepSeek-R1(COT): %

AR AT R E 5 ONE, AR L 2 (KR4

€ Gemini-2.5-flash(COT):

AL CATI AL . 2 BRI AN W L A 0 R HE, A
LY HECRE. AHE T ) Y b2 SR A, ST £
B, 5 F AT L BRI

€ Gemma3-4B(COT): ¥

ALy B PR i) R 2 AT AR M R AN R S
WHbPen SR,

€ GLM-4V-Thinking(COT):

AN AL T 3 B AN G0 | S D 0, U T
2R

@ GPT-40(COT): NK

A ARG ) N EON L -

Figure 10: Comparison of prompting strategies on Simplified Chinese. Chain of Thought prompting elicits

System: fR—AFHHERAHER. WIERBER 2 W4
BRI LR

User:# fH M EUTXAMTTH, ¥ 5 XMFEBAR B,
B, ARG A H A IAT FR R AT oo

W e (AHLR R ]

L 2 (‘laudc—lIaiKu—4.5(l’cw—Shol):%

LU SR AP A AL T 1 ST, S e o
i)

@ DeepSeek-V3.2(Few-Shot): o

EEMTURE 172, ANDARIHBAL . 2R A i O L o

@ DeepSeek-R1(Few-Shot):

TR 2], RN A #C 2L .

@ Gemini-2.5-flash(Few-Shot):

PR LA 1 M B2 ) LE IR A ORI TR 2 TR L 2
€@ Gemma3-4B(Few-Shot): ¥

LR EE R, AN IR e ) A SR B

€ GLM-4V-Thinking(Few-Shot):

TR WO LT 5%, AN AT AR T B A 01 R 1 R 80 250
€ GPT-40(Few-Shot):

l/:l_:ﬁﬁurﬂttﬁ CUH LRGSO, R E A3 SR AR 1
1T

€ Qwen3-8b(Few-Shot):

LEIGTAS LA [ AL AR RNV O IE, T2 A TR 42

better reasoning but still suffers from hallucination during complex reordering.

ZH-TW— COT and Few-Shot

System: ficf — & R H RS H K. WRAEAME F 14
AR

User#a il TXANR B 4%, ER—EARSTREEHM

HlrE . URnsiw)

2 Claude—HaiKu—4.5(COT)v

TE NIRIRANEE, AR 8L SME R AL it ok,
TSR B AR, AHERIELE.

@ DeepSeek-V3.2(COT) :n&

TRAT R TRAEA T AU T thh A 48V BRAME TR A, SR
Hh bR E .

@ DeepSeek-R1(COT):

R & 38 R A M 2R 7R 08 it 2N BT I AN E B AT 3C Y
AN, SRR LR LB R

€ Gemini-2.5-flash(COT);

MAREIR . MR MR R A, A AT AN B E T
e, EBR LR E B R E

€ Gemma3-4B(COT):

B F R EEE, B R % .

@ GLM-4V-Thinking(COT):

TR NTRAGEIE L TR (94T 2 BTN RE o

@ GPT-40(COT): K
TERNBAT R TREEANEE, AR

€ Qwen3-8b(COT):

JILm H Y S AR RERAME RO S L, SRR RS, &
SR FE A SSORS 1R T £ 1 b BRATRE .

Figure 11: Comparison of prompting strategies on Traditional Chinese. The results highlight significant

performance gaps across different inference methods.

System: 2 — & Bl vy B2 H K. o B 287 P ot 4
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By AN B {7
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€ Qwen3-8b(Few-Shot): ¢

HemnE IR AR, AR O B i

@ Qwen3-14B(Few-Shot):

TR ZHMETIRA, ERR R NTER B .
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JP— COT and Few-Shot

System: & 2 4 HBR & HF+ 2 EEEPIETT. BAETHE
ATLRES O, BFTIFEGHAL. f¥2XT - 247
USer:'M To7+2 ORFH 2 BRELHTL TLLEL, Th
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@ Claude-HaiKu-4.5(Few-Shot): «
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@ DeepSeek-V3.2 (Few-Shot):
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@ DeepSeek-R1 (Few-Shot): \&
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Figure 12: Comparison of prompting strategies on Japanese. This detailed analysis highlights the syntax recovery

challenges in mixed script inputs.

System: L& =2| 50| 1 Q23 10| 24 HEJtof. g20j2
ol AE X2 X| Aloj| [t} CHAIE 2 AfD St ZakE EE.
User:Chg MAE0| HEH0QI 0|08 23442, 0|22 210
=2 7Y sHS EHAESHE aAFYLCh.....

W8 [71egAH

[}

€ Qwen3-14b(COT):

YrEr "AHF AA@ADE vgeR F FIOIW)"
== AR AE Aers guEe, Fod e
AgtsiA PReta g okshe A FETh

@ DeepSeek-R1(COT): K

Aebn 58 Qe Aol o] #use] gov] 1 Y
stel A AL AuidEA ke FA4S UeErd
HAgas A gol=, Mol 7 A9y o
64 Edolztm ¥ & vk,

* GLM-4V-Thinking(COT):$

MBAE S A A7 B ol ALE, B ol
oul g,

@ GPT-40(COT):

"Abziolut arghe] FubEAl A=A, viEtEH, A
FENE o, Tk AeE AW e
Chepy o

€ Qwen3-8b(COT): ¥

"NBAAE " A S AREsEe], el A eE
o g A AL S gAY FF WP S Atz
Sl oJuE AEYS o gl Alue] ARE werte
Adoln, Fol2 ARE nPor AL Tt

AAH ez 2 A& Aeste 34 debdyth

o ff to

5

r

o

2|

System: L= A2 4Z3| x|7|= elof E7tof. ghzoj=q
ol ErEA B 220 E5|. CHE B 3%

User:Ch3 MAE 24 0|A1 & XHMI38] 91, B4 =29t 53
S S SESMAIR. 07 O, OFX|2ofl HIA| &
LH&: [AHegA]

€@ Qwen3-14b(Few-Shot):

AAAQ ot A& AW R fdshs 2.

@ DeepSeek-V3.2 (Few-Shot):

AAAH 715y AxS 91 PFs AAste AT
Fee & vl ok wolu,

@ DeepSeek-R1 (Few-Shot): 3¢

Aol = 77t AZIE SRR 3 & wett

@ GLM-4V-Thinking (Few-Shot): X

w7k =o] AAss BFA Sl Aot @ ol
SAleks 2 Hl ke Wk,

@ GPT-40 (Few-Shot):
Argel Brte o etk HEa
HEA Sl o2 Tolu.

€@ Qwen3-8b (Few-Shot):
M-S 8] mhefstar, WA
AbghE Se3it)

@ Claude-HaiKu-4.5 (Few-Shot):
71824 Q1 EolA BlolubA 83 vt weolth
€ Qwen3-VL-Thinking (Few-Shot):

A Z2ALe] e R ASS AHEtE B4 £
BOJR, ALQke] AwtA Ao} A ARE
Aele ouE A,

TAsta s

é =l HE AR A

ECEEE
=

4
A A A o

Figure 13: Comparison of prompting strategies on Korean. We observe distinct behaviors between standard

prompting and reasoning enhanced generation.
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Language Type

Baseline Prompt Template (Visualized Layout)

System %EE&\ﬁ%@ﬁ%ﬁ%*E@%%?% WBIREIZE NP F R —1T, NEEZRZELT
B 58
ZH-CN T E S [FRRE
User RIS S BRRAROIF U & X, AEFHMEE, RATfERmm:
FIrE S [
G {idiom)
System  {R&—{HEIG HMEE N ERIE S ER - s HERPXEE - 5 it —17 > AEZHS
ATERE A ST
ZH-TW NS ¢ R
User FEIRHIEE RS 28 - HEEAE G &8 0 AEAEMER > B
FIBTEER
#5 © {idiom}
System W& 8412 QA3 A7 & Aol AL Gl 2B Hafek MEA B 22U 2T
T}E £92 39 vk
KO oju): [A9]
User tholl AAE £ )& & AHstet # S 236A] T 7hE 3 3 A EHA
A9 3hak:
o u: [2 9]
W -&:{idiom}
System  HRIEITEAZKTT2EEEMETT. HARFETHEL TLEI W, BTF—TDOAE
HAIL R G LECTETIIED TV TL 23 W !
JA Ik L [REA]
User PITMICRTRBOZEHZ (T THAL T 23 v, KOS I35 LalRER R Y 5e4

ICH~TC W
JEIR © [EHA]

. {idiom}

Table 8: Visualized baseline prompt templates used for idiom meaning inference across four languages. Prompts are
shown in their formatted layout to illustrate the structural constraints imposed on model outputs.
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Language Type

Few Shot Prompt Template Visualized Layout
ZH-CN  System {RE— P EHRZHESTE K . & HEIEH P TR BN LR - ZIER I I A s -

System start deep thinking, please always use the thinking mode

User %‘gé&ﬂ?ﬂﬁ&?ﬁu&ﬁﬂﬁ%% S HGAHE A HAR . RE, NERIEYE BRI T SCR BT IR ST -
|
HASCE: A
Thinking Process: M7, A7 L EAENT . WEFIAHE, KIA—IGEFEIER TEHDCRE, ARG HEEFA—GRA, Fi—
PG A AR
ljr;]l Meaning: HUESPRRE R MR, — FF R BARIRLE -
~ 2
RASCA: 3R
Thinking Process: M, NERRERINE, EIEEHEEME . BH ESFEE, FERENEZRTH . BANEERE -
Fixgjl Meaning: HIM T ZRE%E, EETLE, RMAEE-
3
BINSCA: SRENZIF
Thinking Process: M7, RELEHK, 22T . HMERMANEL LN RIUY, RAEAMREZIES, FEIR . BEMZFRS .
Final Meaning: HUJRAKIZIE, AEEARIEEFRE DL R -
(SIS
HIASCA: (idiom}
TH R DT LR GRS AR DA AT -

ZH-TW  System {}E—ERGEREE T HR - ifRiEEIEH FRTE SR LR - 1L NS 08 wGEE -
System  start deep thinking, please always use the thinking mode

User &R FARBIRELUT SURD IS - B8 H @A ikt - 8% - BHRIRA B VR AT SUARSEIT RIBRE AT -

i
EIASUR : AR )
Thinking Process : 4} 151 » B A—WSEES DANEIE WS FHA 4 » BB —REFEREESOREE - BAIEREER - WEEFA—BRA > 46—
RS I T W AR
g*?ajl Meaning : FiPRHZE ZEHAIFEDL » — FFHUH B ARIRAE
iz

BASOR - IR ERE

Thinking Process : ST » i S ERER NN - Fig L BETRY - B L EEN - BERRNSRHRITS - EHABERIRE -

Final Meaning : UM T 28R - JE(E 4RSS > STTAN G

i3

BASUAS ¢ SRAIZAE ) )

Thinking Process : ST » KRR H ) - ZIAHEFB o 48R KRR ES A ARRIIET - FESETERR 20057 - HRSRA - FAAZIA RS
Final Meaning : HMIHIBANAISEE » G HRIB B BRIS I SR FLRTRE o

TSR
B A\ SO ¢ {idiom}
ARRRIR LT Lué‘ef&JEﬁﬁﬁ%D#ﬁ:&ﬁHﬂ > WIEBAR AT ©
KO System W& =2 4ola 4T Aol £4 HE 7ok Aol = uk el AR&Ate] A A of el gAMb 2 At eta AikE =&

System  start deep thinking, please always use the thinking mode

User  The B2E 24 o A5 A4S A3 £4 el F9 GO FHA L. T3 02 vpA st ANE 24 g 2] sl FAT RAS £
S A
A1

P HaE: FALdT (A

Thinking Process: A 7} 8t ¥ &0} AlFSS =2}/ st 23}
Final Meaning: 3 4ol = 28 3lt}7} 3H217) =2k A3E Uof
oA 2

Qe HlaE: HE AL (R

Thinking Process: W& 18] 1 LA 22 Bl 971 B 23t} oS A Z o2 A A S}
Final Meaning: £0|¢l= ¢S Sl & o:]ﬂ Tao] 9e 7= AL ol Ul—o]r,].'

A7 A 2 ek
ARE e Be W R

o A] 3

P BaE: 3 2 CRENK)

Thinking Process: 22 2t7] ] 3 ok wjoll BA S stz WA st Yo AR oes AFTH oz AP ATt
AR

Final Meaning: “‘EJ-E}'“ dEELEES b‘% Aol R &ste ol 2l A 5g wlR ek
A A EAE
‘Q 33 Ej“iE: {idiom}
A ANES =2 o BA S FA3] ZUste] 2 YA L. HEEA] £ S0 S YA L
JA System  H 7% AR LHRAER O SAEAMMOFMRTT. 2—F—DfFRT 57 + — <7 v MIREICHEV . R RRTOHMUOSHIE L 2nwTE

3y,

System  start deep thinking, please always use the thinking mode

User  ROTx A MM &2 EERELGeA. Momil e R ZFEL T3V, 2ok RERISRI NS MTTR T X A M2 >\ Tk /it
ZIT-> T3,
il 1
ANITHX AN L AR
Thinking Process: A —IRIZRNHIATH Y . —IBHHETEADTER & % 5 720 HZE IR AT 5.
Final Meaning: IEI H 7 720 W2k TIES LOWRREZ L TCA v 2B E L 2 bnfzb 2.
i 2
ATIT7 % 25 ¢ AR
Thinking Process: £ FHEZIHE . T AR TR E R TITHIRIITH S, EIHZ MR LICTHEKRT 5.
Final Meaning: £33t % 2% L T2 > CRBUICK B2 EnfzE 2,
il 3
AT % AL LRFZ A
Thinking Process: #l|Z {9 7201 AHC HIZ 43 > THICHIAL L BICRAT 5. 3BIHZE ZARANC RS 5.
Final Meaning: RO ZLZ S W EICERT 2 B3z 2.
TR % 2
AFITF Ak {idiom}
Lo floiwHl e R EHICHIML THAL T3V, BT T fTfoaziiIL T 23 v,

Table 9: Visualized few shot prompt templates used for multilingual idiom analysis. Prompts are shown in formatted layout to
illustrate in context reasoning patterns and the strict two line output constraint.
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Language Type

CoT Prompt Template Visualized Layout

ZH-CN System

User

%E%AF@M BHEMTRR - BT R AR - 2t A e
,|:| lu o

start deep thinking, please always use the thinking mode

HAHT LR SCRHRE & e X — s 52 B R S -

N THRRERRTE, EHL—P %, REIELLT TR

1 5 SHRRR S AT SUR FR A B S

2 G EAMEGX LT 2 (B ] BEF R A VEIB E, FIWT R DA B PAs AL -
3JBUIESETEHSIZE, HESIZUANERER

EFAS IR R LU R E R, D AS AT

Thinking Process: 7E:X B 5 TR El’]ﬁéﬂlﬁj\flﬁfﬁl_l‘i BRGNS FFRANEE R R AT

l%nal Meaning: B THEIG H B4 & R, RG4500, TNEFRBEETRE, Rojgs

BIASCA: {idiom)

ZH-TW System

fRR— ﬂ%é% BEOMTER - BRIGEIER FRITE a2 B R - ki EMESE A

B
start deep thmkmg, please always use the thinking mode

User  sROMTLL N URRIIRME & 2 i85 —(ERIEGE = @ E AR I s -
%Tﬁ%@ﬁ@’ﬁ%%*¢$%%’7%§ﬁuTﬁﬁ%W°
1 FEIFED TR BE TR &2 -

M%E@@%L%%ZﬁT RETFER B8 > FIBTE SRR TR
3 ARFRMEH AN EARAES - HEHZ AR EREREER
ﬁ@%ﬁ%&?ﬁ%%ﬁ%ﬁ’fﬁﬁﬁmﬁ°
Thinking Process: TEIS# MRHFFEHI) 2 EHIATE - » RS AR AT -
I%nal Meaning: FAEIEG VRS RER > Riakm A EEARHELRTE - Hrlge
i N\ SR ¢ {idiom}
KO System Y& =] Hola ¢ ﬁffl °d_°l B4 A7tk gaol 2 Fell. AHg A A Aol vt gAE

E Aty 23E =
start deep thinking, please always use the thinking mode

User  the B2E9] 450 uE RS o] AL Ao} we] AT SIS HAEHE
A AU ek
A3 B A3 NEA BANE AT TS A J2E 943wt
1 :Lxl ol Ao x3kd ZF Ak E A 2w E A F Yk
272 AT SAE T FAAQA FE =2 € BEst] ool A4 A=A FEFY
390 2 ATAE =28 wgo e dase] AA oug 22
E]lg FAoll 5t3 A 6] S YA L. HEA] F Folojok st &5 F IS A W A] uhy
Al
ﬂmm@mMSQIﬂ A A Qt T2 BAS 83 A G AE 28 AL ZA S
Al /\]
EMM%mgT%%%ﬂE%ﬂﬂ%ﬂﬂ@%é%{ﬂﬂlié%ﬂ%%%%lﬂﬂ
A Afe EFH 02 AYIHAA L
A4 EiléE: {idiom}

A System BRI LRI O SEAMMORME T, 2—F—0RT ST +—7 v M ki

BICHEW . REIEIRITCR O S EEIIH/IL T 230,
start deep thinking, please always use the thinking mode

User  DIToOTx A boEENLERZMIL T 23V, JhidSiEniE o BERaE 127 2

Ng3Y AT,

g%ﬁ%%%#&tm@#z%vﬁwfz%wf?%%LuTmﬁﬁwx%ﬁ%LT<ﬁ
Vy,

| CHF O 7% A MCEEN LS LFOMMOE®RZE L £,

2 fE o FAEER SCFE oM S GRTE = B LEBIE ANE b > T LW HRT L £ 9

3 EOEY BRI N mick o nW T T X A M efkoEkz=iEiaL 9.

PIToRICHEICHE > THAIL T 230, BF AT TRITNIIE ) £2A,

Thinking Process: Z C I XFDNAFF L 815 O 047 % & Lol 7 BRI ISR 7 o & A& 30

LTLE3 0y,

Final Meaning: {f:mlc 352\ RS H 2 N om0 ko @i, fifimo &z 1R U imi

Bei@iR3IZnwe 23w, apeRgfR) asmicict L T 23w,

AFITF A © {idiom}

Table 10: Visualized CoT prompt templates used for multilingual idiom analysis. The prompts enforce a fixed two line output
format and instruct stepwise reasoning for semantic and structural reconstruction.
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Model Family Sipean Scons SLogic SRob Stnfo Recovery (%)
Tier 1: High-Performance Reasoning Models

Qwen-3-14B 0.862 0.857 0.873 0.904 0.841 100
Qwen-3-VLnink 0.884 0.853 0.886 0.913 0.832 100
Gemini-2.5-Flash 0.871 0.864 0.859 0.898 0.821 100
Tier 2: Mid-Range General Models

GPT-40 0.879 0.882 0.858 0914 0.843 100
GLM-4V think 0.833 0.842 0.845 0.883 0.801 100
DeepSeek-V3.2 0.874 0.868 0.893 0.909 0.847 100
Tier 3: Efficient & Baseline Models

DeepSeek-R1 0.821 0.848 0.824 0.879 0.793 100
Claude-HaiKu-4.5 0.843 0.861 0.834 0.887 0.802 100
Gemma-3-4B 0.783 0.819 0.802 0.847 0.742 100
Llama-3-8B 0.758 0.832 0.791 0.853 0.723 100
Llama-2-7B 0.742 0.814 0.774 0.838 0.703 100
Qwen-3-8B 0.779 0.823 0.788 0.852 0.739 100
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Table 11: Reference Diagnostic Metrics under Unperturbed Inputs. This appendix table reports diagnostic
component scores obtained from a reference evaluation run using unperturbed inputs and identical inference
configurations as the main experiments. Since no perturbation is applied, the recovery rate is uniformly set to 100%
for all models. These results are provided for contextual reference only and are not used in any comparative or
statistical claims.
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