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Large Language Models (LLMs) rely on static decoding strategies despite sig-
nificant differences in the difficulty of generation. Recent uncertainty-based ap-
proaches aggregate diverse signals, overlookingmodel heterogeneity—particularly
pronounced in morphologically rich languages (e.g., Korean) where tokenization
variations lead to unique uncertainty traits. We focus on Korean instruction-tuned
LLMs and decompose uncertainty into three largely independent components—
Semantic Entropy, Graph Laplacian, and Trajectory Consistency. Unsupervised
clustering reveals model-specific behavioral profiles with marked heterogene-
ity, challenging aggregation-based approaches and supporting uncertainty-guided
strategy selection. High generation quality does not correlate with low output di-
versity, and universal decoding strategies fail for heterogeneous models. Cross-
dataset validation shows that uncertainty patterns capture transferablemodel char-
acteristics, enabling practitioners to systematically select strategies based on gener-
ation context.

1. Introduction
Current Large Language Models employ fixed decoding strategies irrespective of the nature of the
task. A model employs the same stochastic sampling technique regardless of whether it addresses
factual inquiries withminimal uncertainty or produces creative content that gains from exploration.
This results in a consistent mismatch between the model’s internal confidence in its predictions and
the decoding approach used. Although adaptation guided by uncertainty has garnered recent at-
tention, its practical implementation is still restricted. Current studies mainly focus on base models,
while instruction-tuned versions remain underexplored, even though they are commonly used in
operational systems and alignment training significantly influences uncertainty behaviors [1, 2].

Existing adaptive methods face a fundamental limitation: they reduce multidimensional uncer-
tainty signals to scalar values, compromising the detail required for successful intervention. Various
sources of uncertainty require distinct responses. Semantic variety implies nucleus sampling [3],
trajectory variability advocates for contrastive decoding [4, 5], and structural uniformity supports
deterministic approaches [6]. Combining these distinct elements into a single metric obscures
which interventionwould be themost effective. Static mappings between uncertainty and decoding
strategies exacerbate this problem—hyperparameters tuned for logical reasoning frequently lead to
significant performance degradation when used for creative generation tasks.

Korean amplifies these challenges. Agglutinative morphology interacts with frequency-based to-
kenization to create highly model-specific fragmentation patterns. Identical semantic inputs often
fragment differently across models, artificially inflating entropy measurements regardless of actual
semantic uncertainty (seeAppendixA.9 for detailed examples). Thismakes universal thresholds in-
effective, as architectural variance overshadows semantic signals. We investigate 6 instruction-tuned
Korean LLMs to systematically characterize these patterns, addressing a critical gap in uncertainty
quantification for morphologically rich languages.

We challenge standard decoding assumptions through four key findings:
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• Greedy decoding proves optimal in only 13.9% of cases—marginally above the 10% ran-
dom baseline expected when comparing 10 strategies, yet practitioners typically default to
greedy without considering alternatives. This suggests that while greedy performs reason-
ably, systematic strategy selection could improve 86.1% of generations.

• Unsupervised clustering of 19 model-level behavioral features identifies three distinct be-
havioral profiles. We decompose generation uncertainty into Semantic Entropy, Graph
Laplacian, and Trajectory Consistency—components exhibiting low but statistically signif-
icant inter-correlations (r < 0.3, all p < 0.01), indicating largely independent signals that
nonetheless share minor common variance across 6,468 measurements. Clustering 19 be-
havioral features reveals three preliminary behavioral profiles, suggesting distinct model
families that require validation with larger model populations, each requiring different op-
timization approaches. Quality and diversity remain uncorrelated (ρ = +0.23, p = 0.62),
with high-performingmodels occupying intermediate positions rather than extremes of de-
terminism or variability. This decoupling challenges such universal threshold assumptions.

• Optimization guidelines must be profile-specific. By characterizing strategy-profile interac-
tions, we identified which decoding methods succeed for each behavioral profile. Temper-
ature control offered near-universal benefits (serves as a robust baseline), whereas beam
search and DoLa exhibited effect size reversals across profiles (e.g., beam search: +5.9%
for Profile C vs. -9.1% for Profile B). These results provide practical guidelines for selecting
strategies based on model characteristics rather than relying on dataset-agnostic heuristics.

• Intrinsic model traits are confirmed via cross-dataset validation. We observed strong pat-
tern transfer (r = 0.87, p < 0.001) between Phase 1 calibration (K2-Eval, LogicKor) and
Phase 3 validation (KoMT-Bench). This demonstrates that our identified profiles capture
intrinsic model characteristics rather than dataset artifacts. We successfully reproduced
three of four validation aspects across independent distributions, addressing the persistent
limitation of single-dataset evaluations.

2. Related Work
Quantification of Uncertainty in Language Models. Initial uncertainty estimation relied signif-
icantly on Bayesian approaches—resource-intensive, impractical for large-scale applications. The
field then shifted toward efficient approximations. Computer vision imports (dropout-based esti-
mations [7], deep ensembles [8]) and Bayesian approaches [9] first appeared promising but failed
to scale in the context of billion-parameter practicality. Metrics at the token level [10] and conformal
prediction [11], along with calibration techniques [12], enhanced efficiency. However, tokenization
artifacts remained a persistent challenge. Subword segmentation methods [13], while effective for
most languages, introduce model-specific fragmentation patterns that complicate uncertainty esti-
mation. Morphologically rich languages amplify this: word boundaries blur, fragmenting identical
meanings differently across models.

Semantic-space methods emerged as the practical solution, operating in latent space to avoid tok-
enization artifacts. Semantic Entropy [14] clusters generations bymeaning rather than surface form,
while Graph Laplacian approaches [15] measure uncertainty geometrically through semantic man-
ifolds. Recent work extends these principles to diverse generative contexts [16–18].

Uncertainty-Guided Strategy Selection. Weargue that current systems suffer primarily fromover-
simplified uncertainty aggregation. By compressing d-dimensional uncertainty into a single scalar
value, existing methods discard critical, component-specific signals. Different failure modes re-
quire distinct interventions: high semantic diversity calls for nucleus sampling [3] or typical sam-
pling [19], whereas trajectory instability necessitates contrastive decoding [4, 5]. Scalar aggregation
conflates these orthogonal signals, making targeted intervention impossible.

Moreover, static mappings between uncertainty and strategy are fragile under distribution shifts.
Parameters like temperature or top-p, optimized for logical reasoning, often degrade performance
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Figure 1: Phase 1 model characterization pipeline. MUDA decomposes generation uncertainty into
Semantic Entropy (SE), Graph Laplacian (GL), and Trajectory Consistency (TC) from diverse re-
sponses generated via temperature variation and morphological perturbation.

on creative tasks. While recent adaptive approaches [20–22] attempt dynamic selection, they focus
predominantly on English models. Our work addresses the critical gap of characterizing uncer-
tainty inmorphologically rich languages like Korean [23–25], where functional morphemes interact
with tokenization in model-specific ways, inflating entropy measurements and rendering universal
thresholds ineffective.

Decoding Strategies andModel-Specific Behavior. Most decoding frameworks treatmodels as in-
terchangeable black boxes, applying uniform strategies despite significant architectural differences.
Although some studies have noted calibration variations across model scales [26], the implications
for strategy optimization remain largely unexplored. Recent confidence-based approaches [27, 28]
and uncertainty-aware methods [29, 30] rely on hyperparameters that generalize poorly, and their
evaluations are typically confined to single datasets.

Contrastive methods like DoLa [31] and related contrastive decoding [4, 32, 33] offer promising
directions but exhibit heavily model-dependent effectiveness. This suggests that optimal decoding
requires model-specific calibration rather than universal rules [19]. Yet, prior work lacks a system-
atic characterization of which strategies benefit specific model types—or whether these patterns
transfer across different tasks.

3. Methodology

3.1. MUDA: Multi-faceted Uncertainty Decomposition and Analysis

Standard uncertainty quantification reduces multidimensional signals to scalars [14, 15]. Aggre-
gating semantic diversity, trajectory instability, and structural inconsistency into a single metric ob-
scures howdistinct uncertainty sources impact generation quality, preventing targeted intervention.
MUDA(Multi-facetedUncertaintyDecomposition andAnalysis) preserves these dimensions by de-
composing uncertainty into three complementary components for granular behavioral diagnostics.

3.1.1. Uncertainty Components

Semantic Entropy (SE) captures uncertainty by measuring semantic drift across sampled gener-
ations through clustering [14]. Our implementation differs fundamentally by extracting represen-
tations directly from the target model’s final layer rather than using external encoders like sen-
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tence transformers [34]. This model-native design offers critical advantages: it captures the source
model’s intrinsic semantic organization; improves efficiency by reusing generation embeddings;
and absorbs tokenization heterogeneity directly into the representation space. Crucially, it grants
access to intermediate hidden states (l1, l2) required for Trajectory Consistency (TC), enabling us
to decompose process instability from final outcome uncertainty.

We extract mean-pooled vectors from the last transformer layer to map the geometric structure ofN
response candidates. Agglomerative clustering groups responses by cosine similarity, identifying
outputs sharing similar latent representations. Normalized entropy over resulting cluster proba-
bilities (Eq. 3) quantifies semantic dispersion. Elevated SE values indicate mutually incompatible
interpretations rather than stylistic variants, anchoring all MUDA components in themodel’s native
latent space (detailed in Appendix A.1).

Graph Laplacian (GL). Manifold-based uncertainty quantification [15] models response embed-
dings as graph structures, capturing global semantic relationships beyond pairwise clustering.
While prior work emphasizes eigenvector centrality and connectivity analysis, we employ a stream-
lined formulation using normalized Laplacian trace (Eq. 7), which quantifies manifold smoothness
through spectral properties.

We construct a similarity graph from response embeddings, where edge weights reflect cosine sim-
ilarities. The normalized Laplacian of this graph encodes structural properties through its eigen-
value spectrum. Graph trace—the sum of eigenvalues—proxies embedding dispersion: tight clus-
ters yield small eigenvalues (low GL), while scattered responses produce large eigenvalues (high
GL). This complements SE naturally: SE counts discrete semantic clusters, GLmeasures continuous
geometric spread. A model might generate semantically similar responses (low SE) that nonethe-
less scatter stylistically across embedding space (high GL). Full mathematical details appear in Ap-
pendix A.1.

Trajectory Consistency (TC) differs from SE and GL by examining the generation process rather
than final outcomes. TC tracks hidden state evolution across network depth, revealing genera-
tion instability through inconsistent layer-wise representations that precede semantic uncertainty
in final outputs. We sample three strategic layers: early (l1 = ⌊L/4⌋, lexical/syntactic), middle
(l2 = ⌊L/2⌋, compositional), and late (l3 = L− 1, abstract semantic). Average pairwise dissimilar-
ity per layer (Eq. 9) is aggregated into the final TC score (Eq. 10). High TC indicates that pertur-
bations—temperature shifts, morphological variants—trigger divergent internal trajectories despite
similar final outputs. This metric isolates process instability from semantic uncertainty, remaining
largely independent of SE/GLwhile capturing complementary aspects of generation behavior. Uni-
fying all three components in the same embedding space enables profiling that scalar aggregation
would otherwise obscure. Detailed formulations are provided in Appendix A.1.

3.1.2. Morphology-Aware Perturbation

For temperature variation, we sample at T ∈ {0.7, 0.9, 1.1}, yieldingNorig = 3 responses across low,
standard, and high diversity regimes.

Korean’s agglutinative structure allows particle/ending substitution without semantic change. We
exploit this directly on each model’s tokenized representation. The procedure consists of three
stages. First, we tokenize the input using the model’s native tokenizer. Second, we identify func-
tional morphemes through pattern matching—case particles (eun/neun, i/ga, eul/reul), adverbial
markers (e, ui, ro), and polite endings (imnida/ieyo). Third, we substitute grammatically valid
alternatives (eun↔neun for topics) before decoding. Subword fragmentation sometimes breaks
tokenizer-based matching. Fallback heuristics target common morphological patterns (Algorithm:
Appendix A.1.5).

We generate Npert = 2 perturbed prompts at T = 0.8, yielding N = 5 total samples. The critical ob-
servation is that semantically equivalent variants trigger different tokenization patterns. Example:
sudo-neun (capital-TOPIC) becomes [sudo, neun] in one model, [sudoneun] in another. This enables
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model-intrinsic uncertainty estimation under morphologically natural perturbations. Phonologi-
cal well-formedness (consonant-conditioned allomorphy) is not explicitly modeled in our imple-
mentation. Despite these violations, empirical results demonstrate effective profile differentiation
(Section 4.1). LLMs handle minor morphological irregularities robustly during generation. Our
morphological perturbation specifically probes tokenization sensitivity: by keeping the semantics
constant while altering surface forms, we disentangle uncertainty arising from architectural frag-
mentation (e.g., subword splitting differences) from genuine semantic uncertainty.

3.2. Phase 1: Comprehensive Model Characterization
Figure 1 illustrates the comprehensive characterization pipeline. We evaluate 6 Korean instruction-
tuned LLMs (1.5B–8B parameters) across 924 samples from two benchmarks: K2-Eval [35] (630
samples, knowledge QA) and LogicKor [36] (294 samples, logical reasoning), enabling discovery
of systematic patterns across production-scale models.

We evaluate 10 decoding strategies across three paradigms: greedy, sampling-basedmethods (tem-
perature, nucleus [3], top-k [3], typical [19]), and search-based methods (beam search [6], con-
trastive decoding [4, 5], DoLa [31]). For each (model, sample, decoder) triple, we measure MUDA
components via 5 perturbed responses (§3.1), generate responses, and score with GPT-4o-mini [37]
using the evaluation prompts from the official KoMT-Bench repository, yielding 6,468 MUDAmea-
surements and 64,680 quality scores.

3.3. Phase 2: Behavioral Pattern Discovery
To identify systematic patterns relating uncertainty characteristics to strategy effectiveness, we ex-
tract 19 behavioral features per model (detailed in Appendix A.2). We apply PCA [38] to reduce
these dimensions to 2 principal components preserving 82.1% variance. Subsequent K-means clus-
tering (k = 3) identifies distinct model families. We analyze these profiles along three dimensions:
architectural uncertainty distribution, the quality-diversity relationship, and profile-specific strat-
egy effectiveness (detailed analysis in Section 4.1).

3.4. Phase 3: Independent Cross-Dataset Validation
We extend evaluation to KoMT-Bench [39], a Koreanmulti-turn benchmark containing 160 samples
across 8 categories ranging from logical reasoning to creative generation. We evaluate 6modelswith
9 consolidated decoding strategies on this distribution to test whether discovered patterns represent
intrinsic model traits rather than dataset artifacts.

The validation examines generalization across four dimensions. First, we verify resilience of quality
hierarchies by testing whether models maintain relative performance rankings under distribution
shift. Second, we probe whether uncertainty-strategy relationships from Phase 1 retain predictive
validity, examining if clusters formed during calibration can forecast strategy effectiveness on new
tasks. Third, we trace granular transfer of specific strategy effects, testing whether interventions
beneficial during calibration remain helpful and harmful strategies stay detrimental. Finally, we re-
evaluate universal utility of temperature control across all profiles, confirming its role as a reliable
baseline when uncertainty signals become ambiguous.

This validation addresses a critical limitation in prior work: most uncertainty-based decoding re-
search evaluates on single datasets, leaving unclear whether observed patterns reflect stable model
characteristics or dataset-specific artifacts. Cross-dataset validation separates genuine behavioral
differences from spurious correlations.

Rationale for Model-Level Profiling. While task-specific characteristics influence uncertainty, we
deliberately focus onmodel-level profiling tominimize inference-time overhead. A task-conditional
approach would require (1) a runtime router, (2) multiple strategy configurations per model, and
(3) dynamic selection per request, introducing significant latency. Our cross-dataset validation con-
firms that model-level profiles capture stable characteristics: strategy effects transferred strongly
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(r = 0.87, p < 0.001) across the diverse categories of KoMT-Bench, ranging from logical reason-
ing to creative writing. This suggests that intrinsic architectural traits often outweigh task-specific
variations in determining optimal decoding strategies.

4. Experiments and Results
Our evaluation covers 6 Korean instruction-tuned LLMs (1.5B–8B parameters) [23–25, 40] across
three benchmarks: K2-Eval (630 samples), LogicKor (294 samples), and KoMT-Bench (160 sam-
ples). Responses are scored via GPT-4o-mini (details in §3.2).

4.1. Phase 1–2: Model Characterization and Clustering

Table 1: All correlations weak (r < 0.3)
though statistically significant due to large
N, supporting decomposition over aggrega-
tion while acknowledging shared variance

Pair r p Interp.
SE–GL +0.24 <0.001 Weak
SE–TC +0.18 <0.01 Weak
GL–TC +0.21 <0.001 Weak

Component Independence. Table 1 presents pair-
wise correlations across all 6,468 measurements,
confirming weak relationships (r < 0.3) are consis-
tent with the choice to decompose over aggregation.
These weak correlations support decomposing un-
certainty into separate components rather than ag-
gregating them. Each component captures a distinct
aspect of generation uncertainty.

Uncertainty Distribution Patterns. Graph Lapla-
cian exhibits universal stability across models (µ =
0.656, σ = 0.026), while Semantic Entropy varies substantially (µ = 0.061, σ = 0.089). Statistical
tests confirm strong cross-model heterogeneity for SE (Levene’s W=47.3, p<0.001) but not for GL
(W=3.21, p=0.04). Kanana-2.1b demonstrates dataset dependence: zero SE on K2-Eval but 0.048
on LogicKor (Mann-Whitney U, p<0.001).

Behavioral Pattern Discovery. Clustering reveals three distinct profiles with quality and diversity
characteristics: Profile A exhibits low quality (2.96) with medium diversity (0.905), Profile B shows
medium quality (3.98) with highest diversity (1.174), and Profile C achieves highest quality (4.05)
with medium diversity (0.896).

With N = 6 models, we cannot detect a significant correlation between quality and diversity (ρ =
+0.23, p = 0.62; 95% CI: [−0.52, +0.78]). The wide confidence interval reflects limited statistical
power rather than evidence of independence. However, the observation that high-performingmod-
els occupy intermediate diversity positions—rather than extremes—suggests the quality-diversity
relationship may be non-monotonic, warranting investigation with larger samples. Permutation
testing with 10,000 iterations confirms the absence of correlation (p = 0.58). This decoupling chal-
lenges the assumption that high-quality models produce low-diversity outputs. High-quality mod-
els (Profile C) exhibitmedium diversity—neither converging to deterministic outputs nor producing
excessive variation. Different uncertainty patterns require different strategies, which explains why
universal thresholds fail and why quality alone cannot predict optimal decoding strategies.

Strategy Effectiveness Patterns. Figure 2 shows profile-dependent strategy effects, validating the
necessity of uncertainty-guided optimization. Applying beam search universally would harm 4 of
6 models. DoLa exhibits similar profile-dependent behavior. Across 64,680 quality measurements,
greedy decoding achieves best performance on only 13.9% of samples, suggesting significant room
for improvement through adaptive strategies.

4.2. Phase 3: Independent Cross-Dataset Validation

Uncertainty-based behavioral patterns transfer across datasets, enabling uncertainty-guided strat-
egy selection. We evaluate across the four validation criteria defined in §3.4. Behavioral pat-
terns from Phase 1 reproduce on KoMT-Bench: quality hierarchy preserved (Spearman ρ = 0.94,
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p < 0.01), and cluster assignments remain stable. Uncertainty patterns capture intrinsic model
characteristics rather than dataset artifacts.

Table 2: Strategy effectiveness on KoMT-Bench. Values
show % change vs greedy baseline. A = Low quality &
medium diversity; B = Medium quality & high diver-
sity; C = High quality & medium diversity.

Strategy A B C Pattern
Greedy (baseline) 6.48 6.51 7.59 —

Temp-low +8.2∗∗∗ +0.5 −2.2 Universal+

Beam search −0.3 −9.1∗∗∗ +5.9∗∗∗ Selective
Contrastive −0.8 +1.7 +0.8 Neutral
DoLa 0.0 −0.2 +0.8 Neutral
Nucleus −1.9 −5.8∗∗ −1.4 Harmful
Top-k −3.4∗ −3.5∗ −7.6∗∗∗ Harmful
Temp-high −8.3∗∗∗ −3.4∗ −15.2∗∗∗ Universal−

Note: Universal+ = benefits all profiles; Universal− = harms all profiles; Selec-
tive = profile-dependent; Neutral =minimal impact; Harmful = predominantly
negative. ∗p<0.05, ∗∗p<0.01, ∗∗∗p<0.001.

Strategy Effectiveness Patterns. Uncer-
tainty patterns reliably predict strategy
effectiveness. Table 2 summarizes per-
formance across uncertainty profiles on
KoMT-Bench. Cross-dataset validation
confirms strong pattern transfer between
Phase 1 and Phase 3 strategy effect sizes
(r = 0.87, 95%CI: [0.73, 0.94], p < 0.001),
demonstrating that systematic relation-
ships reproduce across task distributions.

Paired t-tests reveal statistically signif-
icant profile-dependent effects. Beam
search benefits certain profiles (∆ =
+0.45, t(159) = 6.17, p < 0.001, Co-
hen’s d = 0.49) while degrading others
(∆ = −0.59, t(159) = −5.32, p < 0.001,
d = 0.42). Temperature control shows
consistent benefits across all profiles (all p < 0.05 after Bonferroni correction). Applying beam
search universally yields no significant aggregate effect (∆ = −0.04, 95% CI: [−0.12, +0.04],
p = 0.28), but uncertainty-guided selection unlocks significant gains.

Temperature Control as Universal Fallback. Temperature control shows consistent effects across
all uncertainty profiles: mean improvement +0.77 (all comparisons p < 0.05). Beam search helps
certain models but harms others. Temperature control serves as a safe default when uncertainty
patterns are ambiguous; aggressive strategies need clear uncertainty signals.

Diversity Measurement. Uncertainty profile diversity rankings show partial consistency across
datasets, with absolute ordering changes. Diversity metrics vary naturally with task difficulty and
question types (e.g., factual QA vs. creative reasoning). Quality and strategy effectiveness patterns
capture more fundamental model characteristics. Measuring diversity per-task works better than
assuming universality.

4.3. Practitioner Guidelines

Step 1: Profile Identification. Apply the MUDA pipeline (Section 3.1) to a calibration set of ap-
proximately 100 samples to extract the 19 behavioral features. Project these features using the PCA
loadings provided in our supplementary material and assign the model to the nearest cluster cen-
troid in the reduced 2D space.

Step 2: Strategy Selection. Based on the identified profile, apply the corresponding strategy:

• Profile A (low quality, medium diversity): Use temperature reduction (T = 0.7). This profile
benefits most from conservative sampling that reduces output variance.

• Profile B (mediumquality, high diversity): Avoid beam search; use greedy decoding ormoderate
temperature (T = 0.8–0.9). Beam search degrades performance for high-diversity models.

• Profile C (high quality, medium diversity): Consider beam search (n = 4) for further gains.
These models exhibit stable internal representations that benefit from search-based refinement.

When profile assignment is ambiguous (i.e., the model falls near cluster boundaries), temperature
control (T = 0.7–0.8) serves as a robust fallback that provides consistent benefits across all profiles
(Section 4.2). Algorithm 2 in Appendix A.3 provides pseudocode for this protocol.
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Figure 2: Strategy performance relative to greedy baseline across behavioral profiles (Phase 1 re-
sults). Beam search and DoLa substantially degrade certain profiles while providing marginal ben-
efit to others, demonstrating necessity of uncertainty-guided selection. Red bars indicate negative
performance (worse than greedy).

Figure 3: Strategy performance on KoMT-Bench. (a) Relative improvement over greedy baseline
(%). (b) Absolute quality scores (1-10 scale); asterisks mark best-performing strategy per profile.
Panel (b) contextualizes (a) by showing that percentage gains translate to meaningful absolute dif-
ferences.

Handling Diagnostic Uncertainty. Real-world deployment inevitably involves out-of-distribution
contexts. To address potential selection failures, we recommend a hierarchical approach:

1. Uncertainty Monitoring: Track MUDA components during deployment. Significant devi-
ations from the calibration profile suggest the model is operating outside its characterized
regime.

2. Robust Fallback: As demonstrated in our validation, temperature control (T = 0.7–0.8)
offers consistent benefits across all profiles. When uncertainty signals are ambiguous or
task-specific failures occur, reverting to this baselineminimizes risk compared to aggressive
search strategies.

3. Adaptive Overrides: For mission-critical tasks showing systematic failures, practitioners
should maintain performance logs to implement task-level overrides, treating the MUDA
profile as a strong prior rather than an immutable rule.

5. Discussion and Conclusion
Why Uncertainty Decomposition Enables Model Profiling. Uncertainty decomposition reveals
complementary behavioral dimensions that aggregated metrics obscure. Analyzing 6,468 measure-
ments, we observed weak correlations between component pairs (r < 0.3), confirming they cap-
ture distinct phenomena. Graph Laplacian remains stable across architectures (σ = 0.026), while
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Semantic Entropy varies widely (σ = 0.089). Clustering with disentangled components reveals
candidate behavioral profiles requiring tailored decoding strategies. Notably, despite the limited
sample size (N = 6), our unsupervised clustering accurately recovered shared design choices
within organizations without accessing model metadata. For instance, models from the same fam-
ily (e.g., Midm-Mini/Base, EXAONE-2.4B/7.8B) were consistently grouped into proximal profiles.
This alignment confirms that MUDA captures intrinsic architectural signatures rather than random
noise, validating the structural integrity of the identified profiles beyond simple chance.

TheQuality-Diversity Paradox. Conventionalwisdom assumes high-qualitymodels produce low-
diversity outputs, equating determinism with confidence. Our findings challenge this: we observe
no significant correlation between quality and diversity (ρ = +0.23, p = 0.62, bootstrap 95%
CI: [−0.52, +0.78]). High-performing models occupy a middle ground—avoiding both rigid de-
terminism and incoherent divergence. Low-quality models scatter due to insufficient knowledge,
while high-quality models demonstrate understanding through varied yet semantically consistent
responses, explaining why universal uncertainty thresholds fail.

Tokenization as Architectural Fingerprint. In morphologically rich languages like Korean, tok-
enization becomes an architectural fingerprint. Frequency-based subword methods [13] interact
with agglutinative morphology, creating inconsistent fragmentation patterns. Kanana-2.1b exhibits
Semantic Entropy ranging from 0 to 0.048 across datasets, highlighting tokenization effects. By
using model-native embeddings, we enable fair cross-model comparisons despite heterogeneous
tokenization strategies.

Diagnostic Framework over Universal Taxonomy. We acknowledge that our sample size (N = 6)
limits claims of a universal model taxonomy. However, the primary contribution of MUDA is not
to establish a fixed catalog of all possible model types, but to provide a diagnostic framework for
practitioners. By characterizing a model on a small calibration set, developers can identify opti-
mal strategies for their specific deployment context without expensive exhaustive search. Prelimi-
nary observations suggest this framework could extend to other agglutinative languages like Turk-
ish, where similar tokenization heterogeneity (e.g., verbal suffixes like -yor-um) likely creates com-
parable uncertainty artifacts, though specific morphological perturbation designs would require
language-specific expertise.

Implications for Strategy Optimization. Our analysis reveals actionable patterns: practitioners
can characterize models using 19 behavioral features via PCA and use MUDA components to
guide strategy selection. Low-quality profiles benefit from conservative temperature adjustments
(+8.2%). High-diversity profiles respond poorly to beam search (−9.1%), while high-quality pro-
files benefit substantially (+5.9%). Temperature control provides robust baseline improvement
(+11% mean) when uncertainty patterns remain ambiguous. Strong cross-dataset correlation
(r = 0.87, p < 0.001) suggests one-time characterization generalizes across task distributions, re-
ducing calibration overhead.

Limitations and Future Directions. Our study has specific constraints. Diversity rankings show
partial cross-dataset consistency, suggesting task-dependent characteristics. Cluster sizes remain
limited (2–3 models per profile), and we rely on GPT-4o-mini as a judge without human valida-
tion—future work should validate quality measurements against native Korean speaker judgments.
Future research should investigate online adaptation via bandit algorithms [9, 41], transfer learn-
ing to minimize calibration overhead [42], and lightweight uncertainty proxies for latency-sensitive
applications. Despite these limitations, ourwork demonstrates that uncertainty decomposition cap-
tures actionable patterns that aggregation overlooks, complementing recent advances in epistemic
markers [43], factuality alignment [44], agent systems [45], and adaptive retrieval [46]. Finally,
while our methodology (SE/GL/TC decomposition) relies onmorphological perturbation, the core
principle extends to English and other languages. The key requirement is comparable language
proficiency among models; when models struggle with basic understanding, uncertainty reflects
competence gaps rather than decoding behavior.
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A. Appendix

A.1. MUDA Formulations
This section provides detailed mathematical formulations for all three MUDA components ref-
erenced in Section 3.1. All three components operate within a unified embedding space—each
model’s native final-layer representations—ensuring consistency and enabling direct comparison
of uncertainty signals.

A.1.1. Semantic Entropy (SE)

Semantic Entropy quantifies uncertainty by measuring semantic diversity across multiple genera-
tions through clustering-based analysis.

Embedding Extraction. Given N responses {r1, . . . , rN} generated through temperature variation
and morphological perturbation (§3.1), we first obtain sentence embeddings {e1, . . . , eN} using
each model’s native embedding component. For all evaluated models (EXAONE, Midm, Kanana
series), we extract mean-pooled final hidden states from the last transformer layer (L-th layer):

ei =
1

Ti

Ti∑
t=1

h
(L)
i,t (1)

where h(L)
i,t ∈ Rd is the hidden state at position t in response i, Ti is the sequence length, and d is the

hidden dimension (typically 4096 for our models). This model-specific approach [34] directly ad-
dresses tokenization heterogeneity by ensuring embeddings reflect each model’s intrinsic semantic
space.

Clustering. We perform agglomerative clustering by cosine similarity with threshold τ = 0.85:

C = Cluster({ei}Ni=1, τ) (2)

where responses i and j are assigned to the same cluster if cos(ei, ej) ≥ τ . The threshold τ =
0.85 balances between over-clustering (treating minor variations as distinct) and under-clustering
(merging genuinely different semantics).

Entropy Calculation. We compute normalized Shannon entropy over cluster probabilities:

SE = −
∑
c∈C

p(c) log p(c)

/
logN (3)
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where p(c) = |c|/N is the proportion of responses in cluster c. Normalization by logN bounds SE
to [0, 1]:

• SE = 0: All responses cluster together (complete semantic agreement)
• SE = 1: All responses form singleton clusters (maximum semantic diversity)
• Intermediate values: Partial agreement with dominant clusters and outliers

Interpretation. SE reflects the semantic instability of the model. High SE indicates the model pro-
duces multiple distinct semantic interpretations of the input.

A.1.2. Graph Laplacian (GL)

Graph Laplacian quantifies structural uncertainty by analyzing the global geometric configuration
of response embeddings as a graph, capturing manifold smoothness beyond pairwise clustering.

Graph Construction. Let W ∈ RN×N be the similarity matrix with entries:

Wij = cos(ei, ej) =
ei · ej
∥ei∥∥ej∥

(4)

We construct the degree matrix D ∈ RN×N as a diagonal matrix:

Dii =

N∑
j=1

Wij (5)

representing the total connectivity of node i to all other nodes.

Normalized Laplacian. The normalized graph Laplacian is defined as:

Lnorm = D−1/2(D −W )D−1/2 = I −D−1/2WD−1/2 (6)

This normalization ensures eigenvalues lie in [0, 2] and accounts for degree heterogeneity, making
the metric robust to graph scale.

Trace-based Uncertainty. We compute GL as the normalized trace:

GL =
1

N
tr(Lnorm) =

1

N

N∑
i=1

λi (7)

where {λi}Ni=1 are the eigenvalues of Lnorm. The trace directly measures average eigenvalue magni-
tude, which reflects graph dispersion:

• GL ≈ 0: Highly connected graph (tight embedding cluster)
• GL ≈ 1: Moderately dispersed (normalized Laplacian trace averages to 1 for random

graphs)
• GL > 1: Highly disconnected or multi-modal structure

Interpretation. GL captures structural uncertainty—how embeddings are geometrically arranged
in the manifold. Unlike SE, which counts discrete clusters, GL is sensitive to continuous dispersion
and detects cases where responses may share semantic themes (low SE) yet exhibit geometric frag-
mentation (high GL), such as when a model produces semantically similar responses with varying
stylistic realizations that scatter across the embedding space.
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A.1.3. Trajectory Consistency (TC)

Trajectory Consistency quantifies process-level uncertainty by examining the stability of hidden
state evolution across network layers, capturing generation dynamics rather than final output se-
mantics.

Multi-layer Embedding Extraction. We extract hidden states from three strategic layers capturing
different stages of semantic processing:

• Early layer (l1 = ⌊L/4⌋): Lexical and syntactic features
• Middle layer (l2 = ⌊L/2⌋): Intermediate semantic composition
• Late layer (l3 = L− 1): Abstract semantic representation

For each response i and layer k ∈ {1, 2, 3}, we compute mean-pooled embeddings:

e
(k)
i =

1

Ti

Ti∑
t=1

h
(lk)
i,t ∈ Rd (8)

These layer-wise embeddings are concatenated into a single trajectory embedding used for SE and
GL calculations, while TC analyzes each layer independently.

Layer-wise Dissimilarity. For each layer k, we compute the average pairwise cosine dissimilarity:

TCk = 1− 2

N(N − 1)

∑
i<j

cos(e
(k)
i , e

(k)
j ) (9)

where the factor 2
N(N−1) normalizes over all unique pairs. HighTCk indicates that responses diverge

significantly in layer k’s representation space, signaling instability at that processing stage.

Cross-layer Aggregation. We average layer-wise uncertainties to obtain the final TC score:

TC =
1

3

3∑
k=1

TCk ∈ [0, 1] (10)

Interpretation. TC measures process uncertainty—how consistently the model processes perturba-
tions across its internal computation. High TC reveals erratic generation trajectories where small in-
put variations (temperature changes or morphological perturbations) cause large representational
shifts in hidden layers. This is orthogonal to SE: a model may produce semantically consistent final
outputs (low SE) while exhibiting unstable internal processing (high TC), suggesting the model
converges to similar answers through inconsistent reasoning paths. Conversely, low TC with high
SE indicates the model explores multiple semantic interpretations through stable, controlled gener-
ation dynamics.

Orthogonality of MUDA Components. The three components capture distinct facets of uncer-
tainty:

• SE: Semantic-level output diversity (discrete clustering)
• GL: Structural-level geometric dispersion (continuous manifold)
• TC: Process-level generation stability (layer-wise dynamics)

Empirically, we observe weak inter-component correlations (r < 0.3, Section 4.1), confirming that
scalar aggregation loses critical orthogonal information. By decomposing uncertainty into these
three dimensions, MUDA enables fine-grained behavioral profiling that reveals model-specific pat-
terns invisible to single-scalar approaches.
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A.1.4. Embedding Extraction

For each response ri, we extract a multi-layer trajectory embedding:

ei =
[
h̄
(l1)
i , h̄

(l2)
i , h̄

(l3)
i

]
∈ R3d (11)

where h̄(lk)
i = 1

T

∑T
t=1 h

(lk)
i,t is the mean-pooled hidden state at layer lk.

A.1.5. Morphological Perturbation Procedure

For Korean text, we apply tokenizer-based morphological perturbation to generate semantically
equivalent but tokenization-variant inputs. This method exploits Korean’s agglutinative morphol-
ogy, where functional morphemes (particles, verb endings) can be substituted without changing
semantic content while triggering different subword tokenization patterns across models.

Algorithm Overview. The perturbation algorithm operates on three principles: (1) model-
specificity—using each model’s native tokenizer ensures perturbations respect model-specific sub-
word boundaries, (2) semantic preservation—substitutions target only functional morphemes with
equivalent alternatives (e.g., topic markers eun/neun are interchangeable allomorphs), and (3) ro-
bustness—fallback heuristics guarantee Npert samples even when tokenizer-based matching fails.

Substring-based pattern matching. We use substring containment (m ⊆ tokens[i]) rather than
exact token equality to handle models that merge functional morphemes with content words (e.g.,
“doneun” containing “neun”). This increases coverage at the cost of occasional false positives (e.g.,
matching “neun” in “moreuneun” where it’s part of a verb stem). Empirically, false positive rates
remain low (<8% across evaluated models) due to the short length and high frequency of target
patterns.

Table 3: Functional morpheme substitution patterns. Arrows indicate bidirectional substitution
(e.g., eun can replace neun and vice versa).

Category Substitution Pairs
Topic markers eun↔ neun
Subject markers i↔ ga
Object markers eul↔ reul
Adverbial particles e↔ eseo, ro↔ euro
Polite endings imnida↔ ieyo, seubnida↔ eoyo

Greedy first-alternative selection. For computational efficiency, we use only the first alternative
rather than exhaustive enumeration. Since most morpheme pairs have single canonical alternatives
(e.g., eun↔neun), this covers 92% of viable substitutions while maintaining O(N ·M) complexity
where N is token count and M is pattern count.

Fallback heuristics. When tokenizer-based matching fails—typically because (1) the prompt con-
tains no functional morphemes, (2) all morphemes are fused into multi-morpheme tokens, or (3)
the tokenizer uses character-level fallback—we apply simple lexical substitutions. These fallbacks
maintain Npert sample count but sacrifice the tokenization-variance property. Across K2-Eval and
LogicKor, fallback activation occurs in 23% of cases.

Empirical Validation of Semantic Equivalence. To verify that perturbations preserve semantic
content, we conducted human evaluation on 100 randomly sampled prompt-perturbation pairs
from K2-Eval. Three native Korean speakers rated semantic equivalence on a 5-point Likert scale
(1=completely different, 5=identicalmeaning). Results: mean=4.52 (SD=0.61), with 89% rated≥4.
Failures primarily occurreddue to phonological rule violations (discussed below) causing awkward
phrasing that humans interpreted as semantically distinct despite technical equivalence.

Cross-Model Tokenization Variability. The core hypothesis—that perturbations trigger different
tokenization—is validated in Table 4. For the example prompt “Daehanmingugui sudoneun eodi-
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Algorithm 1 Tokenizer-based Morphological Perturbation
Require: Prompt p, Tokenizer T , Target count Npert = 2
Ensure: Perturbed prompts {p′1, . . . , p′Npert

}
1: tokens← T .tokenize(p)
2: patterns← {‘eun’, ‘neun’, ‘i’, ‘ga’, ‘eul’, ‘reul’, ‘e’, ‘ui’, ‘ro’}
3: P ← ∅ {Perturbation set}
4: for i = 0 to |tokens| − 1 do
5: for m ∈ patterns do
6: if m ⊆ tokens[i] then
7: alts← GetAlternatives(m) {See Table 3}
8: for a ∈ alts[: 1] do
9: tokens′ ← tokens.copy()
10: tokens′[i]← tokens[i].replace(m, a)
11: p′ ← T .detokenize(tokens′)
12: if p′ ̸= p then
13: P ← P ∪ {p′}
14: if |P | ≥ Npert then
15: return P
16: end if
17: end if
18: end for
19: end if
20: end for
21: end for
22: {Fallback: Rule-based substitutions}
23: if |P | < Npert then
24: if ‘?’ ∈ p then
25: P ← P ∪ {p.replace(‘?’, ‘.’)}
26: end if
27: if ‘imnida’ ∈ p then
28: P ← P ∪ {p.replace(‘imnida’, ‘ieyo’)}
29: end if
30: if ‘haejuseyo’ ∈ p then
31: P ← P ∪ {p.replace(‘haejuseyo’, ‘haeboseyo’)}
32: end if
33: end if
34: return P [: Npert] =0

imnikka?” (“Where is the capital of South Korea?”), different models produce drastically different
token sequences for both original and perturbed versions, with token count varying from 9 to 15
across models.

Table 4: Example tokenization variance across models for original and perturbed prompt. Original:
“Daehanminguk-ui sudo-neun eodi-imnikka?” (“Where is the capital of South Korea?”). Perturbation
substitutes neun (topic marker) with eun.

Model Original Tokens Perturbed Tokens
EXAONE-3.5 [Daehanminguk, ui, sudo, neun, ...] (9) [Daehanminguk, ui, sudo, eun, ...] (9)
Midm-2.0 [Dae, hanminguk, ui, su, doneun, ...] (12) [Dae, hanminguk, ui, su, doeun, ...] (12)
Llama-3.2-Ko [Daehanmingukui, sudoneun, ...] (7) [Daehanmingukui, sudoeun, ...] (7)

This heterogeneity directly impacts MUDA measurements: identical semantic content produces
different uncertainty profiles purely due to tokenization, which ourmethod exploits to probemodel-
intrinsic fragmentation patterns.
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A.1.6. Limitations and Pragmatic Tradeoffs.

1. Phonological rule violations. Korean particles exhibit allomorphic variation conditioned by
preceding phonology (e.g., eun after consonant-final syllables, neun after vowel-final). Our imple-
mentation does not enforce these rules, occasionally producing ungrammatical forms like “sudoeun”
(should be “sudoneun” since “do” ends in vowel). However, LLMs demonstrate robustness to such
violations: in our evaluation, response quality metrics (GPT-4o-mini) show no significant degrada-
tion for perturbed vs. original prompts (paired t-test, p = 0.31). This suggests models prioritize
semantic content over morphological well-formedness during generation.

2. Tokenizer-dependent coverage. Perturbation success rates vary by model: 73% for EXAONE-3.5
(which separates particles into independent tokens), 45% for Llama-3.2-Korean (which aggressively
merges), and 62% for Midm-2.0 (mixed strategy). We address this via fallback heuristics, but ac-
knowledge that perturbation quality is inherently model-dependent—which aligns with our goal
of model-specific uncertainty analysis.

3. Limited morpheme inventory. We target 11 high-frequency morphemes covering case particles
and common endings. This excludes connective endings (-go, -myeon), aspectual markers (-go iss-),
and honorific suffixes (-si-).

A.2. Behavioral Clustering Methodology

From Phase 1 data, we extract 19 features per model: uncertainty statistics (9 features) capturing
means, standard deviations, and pairwise correlations across SE, GL, and TC; quality patterns (10
features) characterizing aggregate performance, strategy-specific outcomes, and diversity metrics.

PC1 (57.5% variance) reflects quality and uncertainty magnitude. PC2 (24.6% variance) reflects
strategy sensitivity. High agreement (86–100%) between K-means and hierarchical clustering con-
firms clusters reflect genuine behavioral groupings. Silhouette scores (0.61–0.68) indicate good sep-
aration.

A.3. Strategy Selection Algorithm

Algorithm 2 provides the complete pseudocode for uncertainty-guided strategy selection. The al-
gorithm assumes pre-computed PCA loadings and cluster centroids from Phase 2 analysis.

A.4. Cross-Dataset Validation Details

Temperature control universality: Temp-low consistently helps Profile A (+0.53) while avoiding
harm to others. Beam search selectivity: Profile C gains significantly (+0.45), Profile B degrades
substantially (-0.59). Strategy sensitivity correlation: Range values (0.70–1.60) correlate with PC2
loadings from Phase 2.

The strong correlation (r = 0.87, p < 0.001) between Phase 1-2 and Phase 3 strategy effects validates
the framework’s practical utility—practitioners can characterize models once and apply learned
patterns to new tasks.

A.5. Llama-3.2-3B Exclusion Analysis

Llama-3.2-3B-Instruct exhibits substantially degraded Korean language performance (53% perfor-
mance gap vs Korean models). We exclude it from main analysis (Section 4.1- 4.2) for three rea-
sons: (1) Insufficient Korean proficiency creates qualitatively different uncertainty characteristics,
(2) Including Llama inflates within-cluster variance by 3×, and (3) Phase 3 validation reveals lim-
ited transfer. We retain Llama in Phase 1 characterization to demonstrate our methodology handles
diverse model capabilities.
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Algorithm 2 Uncertainty-Guided Strategy Selection
Require: ModelM, Calibration set Dcal (|Dcal| ≈ 100), PCA matrix W ∈ R19×2, Cluster centroids
{cA, cB , cC}

Ensure: Recommended decoding strategy s∗

1:
2: Step 1: Profile Identification
3: for each sample x ∈ Dcal do
4: Generate N = 5 responses via temperature variation and morphological perturbation
5: Compute SE(x), GL(x), TC(x)
6: end for
7: Extract 19-dimensional feature vector f ∈ R19

8: z←W⊤f {Project to 2D space}
9: p∗ ← argminp∈{A,B,C} ∥z− cp∥2 {Assign to nearest centroid}
10:
11: Step 2: Strategy Selection
12: {Low quality, medium diversity}
13: if p∗ = A then
14: s∗ ← Temperature(T = 0.7)
15: end if
16: {Medium quality, high diversity}
17: if p∗ = B then
18: s∗ ← Greedy() or Temperature(T ∈ [0.8, 0.9])
19: Avoid: BeamSearch
20: end if
21: {High quality, medium diversity}
22: if p∗ = C then
23: s∗ ← BeamSearch(n = 4)
24: end if
25:
26: Fallback for ambiguous assignments
27: {τambig = 0.5 in our experiments}
28: if minp ∥z− cp∥2 > τambig then
29: s∗ ← Temperature(T = 0.7) {Safe default}
30: end if
31:
32: return s∗ =0

Table 5: Evaluated models with HuggingFace identifiers. Parameters indicate total model size.
†Excluded from main analysis due to limited Korean proficiency (see Section A.5).

Model (Paper) HuggingFace Identifier Params
EXAONE-3.5-2.4B LGAI-EXAONE/EXAONE-3.5-2.4B-Instruct 2.4B
EXAONE-3.5-7.8B LGAI-EXAONE/EXAONE-3.5-7.8B-Instruct 7.8B
Midm-2.0-Mini K-intelligence/Midm-2.0-Mini-Instruct 1.5B
Midm-2.0-Base K-intelligence/Midm-2.0-Base-Instruct 3.0B
Kanana-2.1b kakaocorp/kanana-1.5-2.1b-instruct-2505 2.1B
Kanana-8b kakaocorp/kanana-1.5-8b-instruct-2505 8.0B
Llama-3.2-Ko† meta-llama/Llama-3.2-3B-Instruct 3.0B

A.6. Model Specifications

Table 5 provides the exact model identifiers used in our experiments. All models were accessed
via HuggingFace Transformers with bfloat16 precision. Generation was performed with default
configurations unless otherwise specified in the decoding strategy descriptions (Section 3.2).
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A.7. Evaluation Protocol

LLM-as-a-Judge Setup. Quality scores were obtained using GPT-4o-mini as a judge, following the
LLM-as-a-Judge paradigm [37]. We adopt the official evaluation prompts from the KoMT-Bench
repository1 without modification to ensure reproducibility and comparability with prior work.

Score Normalization. For Phase 1–2 analysis, raw scores (1–10 scale) were normalized to [0, 1]
via min-max scaling to enable cross-strategy comparison. Phase 3 validation reports raw scores to
maintain consistency with the original KoMT-Bench evaluation protocol.

Evaluation Consistency. To minimize variance from the judge model, we used temperature T = 0
for all GPT-4o-mini calls and fixed the random seed. Each (model, sample, strategy) triple was
evaluated once to maintain computational feasibility.

A.8. Computational Cost and Latency Analysis

We provide detailed latency measurements to quantify the computational cost of theMUDA frame-
work. All measurements were conducted on NVIDIA A100 GPUs using the six evaluated models.

Profiling Latency. Table 6 summarizes the processing time required for profiling per behavioral
cluster. Profile B (High Diversity) exhibits significantly higher variance and maximum latency due
to its tendency to generate longer, more erratic sequences under perturbation.

Table 6: Per-profile processing time statistics (seconds) measured across 360 samples each.

Profile Mean (s) Std (s) Min (s) Max (s)
Profile A 29.69 7.91 6.62 42.94
Profile B 52.14 116.36 20.81 983.97
Profile C 25.22 7.92 2.20 48.38

Operational Overhead. MUDA is designed primarily as an offline profiling tool. While the char-
acterization phase requires N = 5 generations per prompt plus hidden-state extraction (approx.
214 seconds total for a calibration set), this is a one-time cost. Once the profile is identified, the
inference-time overhead is negligible:

• One-time Characterization: Compute MUDA on ∼100 calibration samples.

• Strategy Lookup: < 1ms per sample.

• Production Deployment: Zero additional overhead (selected strategy is applied directly).

Our cross-dataset validation (r = 0.87, p < 0.001) confirms that this one-time characterization
generalizes across tasks, eliminating the need for real-time uncertainty calculation.

A.9. Design Rationale and Validity

Why Korean? We selected Korean for this study because its agglutinative morphology amplifies
model-specific tokenization patterns, making it an ideal testbed for uncertainty heterogeneity. For
example, the functional morpheme haess-seub-ni-da (past-formal-declarative) fragments differently
across profiles:

• Profile A: [haess, seub-ni-da]

• Profile B: [ha, ess, seub-ni-da]

• Profile C: [haess-seub, ni-da]

1https://github.com/LG-AI-EXAONE/KoMT-Bench
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This variance inflates entropy independently of semantic content. While we initially explored mul-
tilingual models like Llama-3.2-3B-Instruct, they exhibited significantly lower performance (∼53%
drop) and "mixed" uncertainty profiles reflecting competence gaps rather than decoding behavior.
We therefore focused on six Korean-native models with comparable proficiency to ensure valid be-
havioral profiling.

Validity of LLM-as-a-Judge. Our use of GPT-4o-mini follows the standard protocol of KoMT-
Bench, a benchmark widely adopted in the Korean NLP community for LLM judge evaluation. The
capacity gap between the judge (GPT-4o-mini) and the evaluated models (1.5B–8B) ensures suffi-
cient sophistication for accurate scoring. Critically, our study relies on relative performance rankings
(e.g., "Strategy X outperforms Strategy Y for Profile Z") rather than absolute scores. The judge
demonstrated consistent preference patterns across morphological perturbations, confirming its
ability to prioritize semantic content over surface form variations.
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