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Abstract

The rapid growth of the large language model (LLM) ecosystem raises a
critical question: are seemingly diverse models truly independent? Shared
pretraining data, distillation, and alignment pipelines can induce hidden be-
havioral dependencies, latent entanglement, that undermine multi-model
systems such as LLM-as-a-judge pipelines and ensemble verification, which
implicitly assume independent signals. In practice, this manifests as corre-
lated reasoning patterns and synchronized failures, where apparent agree-
ment reflects shared error modes rather than independent validation. To
address this, we develop a statistical framework for auditing behavioral
entanglement among black-box LLMs. Our approach introduces a multi-
resolution hierarchy that characterizes the joint failure manifold through
two information-theoretic metrics: (i) a Difficulty-Weighted Behavioral
Entanglement Index (BEI), which amplifies synchronized failures on easy
tasks, and (ii) a Cumulative Information Gain (CIG) metric, which captures
directional alignment in erroneous responses. Through experiments on 18
LLMs from 6 model families, we identify statistically significant behavioral
entanglement. Such behavioral dependence is associated with judge over-
endorsement bias on a disjoint MMLU-Pro evaluation set (o = 0.508 for
BEI and 0.520 for CIG; p < 0.01). The association further transfers to the
MATH-500 benchmark (p = 0.441 and 0.457; p < 0.05), providing cross-
benchmark evidence that the identified dependency structure generalizes
beyond the data and response format used for its estimation. Finally, we
demonstrate a practical use case of entanglement through de-entangled
verifier ensemble reweighting, achieving 3.5 and 2.6 percentage-point gains
in accuracy and precision, respectively, over majority voting.

1 Introduction

The rapid expansion of Large Language Models (LLMs) has outpaced our ability to verify
their structural independence. This is increasingly critical as modern Al systems rely on
multi-model infrastructures such as LLM-as-a-judge pipelines (Gu et al., 2026), ensemble
evaluation frameworks, and redundancy-based safety mechanisms. For example, in LLM-
as-a-judge pipelines, multiple models may unanimously endorse an incorrect answer, where
agreement is often treated as evidence of correctness. However, if models share training
lineage or alignment signals, such agreement may instead reflect correlated failure rather
than independent verification. As a result, these systems implicitly assume independent
signals, while the apparent diversity of LLMs may be misleading.

Many LLMs share substantial portions of their training pipelines, overlapping pre-training
corpora, shared alignment procedures (Zhou et al., 2023), and widespread knowledge
distillation (Cho & Hariharan, 2019; Park et al., 2019), which can induce hidden behav-
ioral dependencies. We term this phenomenon latent entanglement, whereby ostensibly
independent models exhibit synchronized reasoning patterns and similar failure modes
despite being developed separately (Ye et al., 2025). This poses a fundamental risk for
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multi-LLM systems: apparent agreement may reflect a consensus of correlated errors rather
than independent verification, leading to overestimated reliability and shared blind spots
(Zheng et al., 2023; Liu et al., 2024c;d; Chen et al., 2025; Zhang & Ma, 2026). Existing anal-
yses typically rely on descriptive behavioral signals, such as output overlap, embedding
similarity, or agreement-based scores (Liu et al., 2024b; Rosas et al., 2019); however, these
measures are not identifiable with respect to independence, as similar outputs may arise
from either independent reasoning or latent coupling induced by shared data, benchmark
contamination, or evaluator self-preference across related model families (Xu et al., 2024).
Moreover, because such signals operate at the level of observable outputs or explanations,
they can be strategically perturbed without altering the underlying decision process, thereby
masking dependence.

To address this limitation, we adopt a statistical perspective that explicitly tests whether
observed agreement is consistent with independent reasoning, leveraging principled null
models and uncertainty quantification. Our key observation is that while correct answers
may naturally converge, the structure of errors is more informative: under independence,
failures should disperse across a large hypothesis space, whereas coincident failures, es-
pecially on easy tasks or along identical incorrect options, provide statistically significant
evidence of latent dependence. We formalize this intuition by analyzing the joint failure
manifold through a hierarchy of behavioral synchronization.

Specifically, this paper makes the following contributions: (1) A Multi-Resolution Statistical
Framework for Behavioral Entanglement. We propose a hierarchical statistical framework
for auditing dependencies within the LLM failure manifold. This hierarchy integrates two
novel information-theoretic metrics: the Difficulty-Weighted Behavioral Entanglement Index for
binary failure synchronization, with more emphasis on the joint failures on easy questions
and Cumulative Information Gain for directional error alignment, providing a robust toolset
to detect shared behavior entanglement.(2) We conduct extensive experiments on 18 LLMs
from six model families to identify behavioral entanglement and its impact on LLM-as-a-
judge evaluation. By leveraging model outputs and cross-model verification signals, we
statistically characterize entanglement patterns and demonstrate their association with
drop in judge precision. (3) We demonstrate a practical use case for Verifier Ensembles
through De-entangled Ensemble Reweighting. We adopt a mitigation algorithm that
utilizes entanglement scores to regularize ensemble fusion. By reweighting verifiers based
on their statistical independence from the target model, our method significantly reduces
bias and restores the accuracy of multi-model verification.

2 Related Work

This study connects three related topics: shared model lineage, bias in LLM-as-a-judge
systems, and behavioral signals used to infer dependence among models. Together, they
motivate our focus on whether agreement among black-box LLMs is trustworthy when
dependencies are not accounted for.

2.1 Knowledge Distillation and Shared Model Lineage

A primary source of latent dependence is knowledge distillation and synthetic supervision
(Wang et al., 2025). Student models can retain detectable traces of their teachers even when
the teacher is accessible only as a black box. For example, Wadhwa et al. (2025) show that
student outputs often preserve identifiable teacher footprints. This concern is reinforced
by the widespread use of model-generated instruction data in alignment pipelines (Dubois
etal., 2023; Ji, 2023; Peng et al., 2023). At the ecosystem level, recursive reuse of synthetic
data can further homogenize future models (Shumailov et al., 2024). Together, these trends
suggest that behavioral agreement across models may reflect inherited decision structure
rather than independent reasoning.

2.2 LLM-as-a-Judge and Evaluation Biases

This issue is especially important in the LLM-as-a-judge setting, where strong models are
used to evaluate others (Zheng et al., 2023; Wang et al., 2024a; Kuai et al., 2026). Recent
work shows that such judges are not neutral. Wataoka et al. (2024) identify self-preference
bias, whereby judges favor outputs that are more familiar to them, while Chen et al. (2025)



Published as a conference paper at COLM 2026

A. Pearson Correlation
is insufficient

Modet1 [l

Mocet2 [l

Modet3 [N

Model 4 .-...

Model 5

Modets [
Modet 7 [l | ]
mocets [HINNENE

Model 9
Model 10
Model 11
Model 12
Model 13

| |
mocet 14 NI NN [ [ |

B |
HN BT

B. Group-wise entanglement
reveals hidden modal families

C. Multi-resolution analysis
progressively refines
entanglement evidence

4 1: Synchronized failures A
Tost M1 M2 M3 M4
Exampeitses. E E E
Fail [l 11 1

J

6: Same wrong-option collision?
M Cx]

Model 15 M (<>{R]
Model 16 <> m
Model 17 BN M 5 S
M C<>Ix]
NV s oA 2 & © A
IO G M O<—{x]
FE TS \oxb Pi‘obe*"b °°€‘°° ebegb \ j

D. Engaged model groups on
verifier LLMS

E. Bias Analysis

F. De-entanglement Verifier Ensemble

W1
=

Figure 1: A Multi-Resolution Entanglement Hierarchy for Behavioral Dependence

show that judges can systematically prefer outputs from related models, including inherited
students or models from the same family. As a result, agreement between a judge and a
target model cannot automatically be interpreted as independent verification (Li et al., 2026).
Our work is motivated by precisely this failure mode.

2.3 Contamination and the Limits of Output-Level Signals

A related line of work examines benchmark contamination and other output-level signals
that may confound model comparison (Deng et al., 2024; Dong et al., 2024; Dekoninck et al.,
2024). Contamination arises when benchmark examples, or close variants of them, appear
in training corpora, thereby inflating apparent model capability and agreement (Sainz et al.,
2023; Magar & Schwartz, 2022; Xu et al., 2024). Existing diagnostics, such as overlap- or
perplexity-based heuristics, can detect some forms of direct leakage (Shi et al., 2024), but
they remain limited for paraphrased contamination and do not determine whether multiple
models are behaviorally independent. More broadly, observable agreement or similarity
alone is not identifiable with respect to independence: models may agree because they
reason independently, because they share contaminated benchmark exposure, or because
they inherit common decision structure from shared training pipelines. This limitation
motivates the need for a statistical framework that moves beyond surface-level signals and
directly tests for dependence through the structure of model errors.

3 Statistical Framework for Auditing Behavioral Entanglement

Our goal is to determine whether a group of large language models behaves as statistically
independent reasoning agents or exhibits hidden structural dependence due to shared
training data, distillation, or architectural lineage. Given M black-box models evaluated on
N tasks, we test whether their outputs are consistent with independent error processes or
display higher-order synchronization indicative of latent entanglement.

A key difficulty is that agreement does not imply dependence: correct answers naturally
converge because tasks typically have a single solution. In contrast, errors occupy a much
larger hypothesis space. When multiple models fail in the same way across many tasks,
especially easy tasks, the probability of such synchronization under independence becomes
extremely small. This motivates focusing on the failure manifold, where dependence
signals become statistically identifiable.
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The following subsections describe the two levels of the hierarchy (see Figure 1) and its
downstream application. Level 1 introduces the Difficulty-Weighted Behavioral Entan-
glement Index (BEI) for synchronized failures, while Level 2 introduces Cumulative
Information Gain (CIG) for directional error alignment. We then examine the downstream
association with judge bias and develop an entanglement-aware verifier reweighting strat-

egy-
3.1 Level 1: Failure Synchronization and Pairwise Behavioral Entanglement

We begin with a coarse manifestation of behavioral dependence: the excess occurrence of
co-failures across tasks. Even under behavioral independence, two models are more likely
to fail together on intrinsically difficult tasks, simply because both models have higher
marginal failure probabilities on such tasks. Therefore, whether an observed co-failure is
excessive cannot be assessed without accounting for task difficulty. We address this by
defining behavioral independence conditionally on task difficulty. Deviations from this
conditional-independence null provide evidence of pairwise behavioral entanglement and
are subsequently quantified by the proposed BEI metric.

The assessment is conducted on tasks with objectively verifiable answers. Consider M
models evaluated across T tasks. For each model m and task ¢, let Yy, ; € {0,1} denote the
binary error indicator, where Y}, = 1 indicates that model m answers task ¢ incorrectly. For
a focal model pair (i, j), we characterize the empirical difficulty of task t using the failure
rate among the remaining models:

1
di = —— Z Yoz (1)
M=2 ,.5h

Excluding the focal pair prevents the two outcomes being tested from mechanically entering
their own conditioning variable. The corresponding task easiness is denoted as a; = 1 — d,
so that larger a; corresponds to an easier task.

Conditional Independence Null. We define the null hypothesis as behavioral independence
conditional on task difficulty. Intuitively, among tasks of the same difficulty, the correctness
outcomes of two models are assumed to be independent: once task difficulty is known,
observing whether one model succeeds or fails provides no additional information about
the other model’s outcome. Formally,

HO : Yi,t 1L Yj,t ‘ dt. (2)

For an individual model m, its marginal failure probability on a task of difficulty d; can
be written as P(Y,,: = 1 | d¢). The conditional-independence null therefore implies that
the probability that models i and j fail the same task jointly is determined entirely by their
respective marginal failure probabilities at that difficulty:

P(Yi;=1Y,;=1|d) =P, =1] de)P(Yj = 11de). 3)

To model how the marginal failure probability of each model varies with task difficulty,
define its difficulty-response function as py(d) = P(Yy: = 1 | dy = d). In practice,
pm(d) can be estimated using logistic regression. This formulation is analogous to difficulty
calibration in item response theory (Bock & Gibbons, 2021): the objective is not necessarily to
construct a perfect predictive model, but to account for the systematic variation in marginal
failure probability associated with task difficulty through calibration. Considering the
co-failure for model pair (i, j) on task t is Y; ;Y; ;, which equals one if and only if both models
fail task . Under Hy, the expected co-failure probability follows directly from conditional
independence Eo[Y; Y, | di| = pi(d:) p;(d:).

Behavioral Entanglement Index. The deviation from this null expectation provides a task-
level measure of synchronized failure. A direct aggregation across all evaluated tasks yields
the mean co-failure residual,

o1
Hij =1 t; (YieYje — pigpj) - 4)
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This quantity measures the average excess co-failure exhibited by a model pair beyond that
expected from their individual difficulty-conditioned failure probabilities.

Although the unweighted residual is naturally centered at zero under Hy, residuals from
different tasks are not equally informative about shared failure modes. On difficult tasks,
the expected co-failure probability p; ;p;; is already high, so the absence of a co-failure can
produce a large negative residual. Such negative contributions are difficult to interpret
as evidence against behavioral entanglement, since success on a difficult task may reflect
sufficient capability rather than genuinely distinct behavior. Conversely, co-failures on easy
tasks are more diagnostically informative. When both models are individually expected to
succeed, their simultaneous failure is more indicative of a shared blind spot beyond what
task difficulty alone would predict. We therefore weight task-level residuals by task easiness,
attenuating contributions from difficult tasks while emphasizing unexpected co-failures on
easier ones. Let a; denote task easiness and define the weighting function a}’ = (1 — d;)”
for w > 0. The proposed BEI,, is therefore:

Lo 1T
BEL,(i,]) = T Z af’ (YiiYie — pitpjt) ®)
t=1

The parameter w controls the strength of the easiness emphasis. Setting w = 0 recovers mean
co-failure residual in Eq. (4), whereas increasing w progressively attenuates contributions
from difficult tasks.

Proposition 1 (Null centering under easiness weighting). Under Hy, the task-level co-
failure residual is centered at zero. Since the easiness weight is a deterministic function of
task difficulty, weighting preserves this zero expectation, and hence [Eq[BEI, (i, j)] = 0. A
proof is provided in Appendix A.

Statistical Inference. To determine whether the dependence captured by BEI is statistically
significant, we test whether the observed excess co-failure is significantly greater than zero.
As established above, BEI, (i, j) is centered at zero under the conditional-independence null;
accordingly, we consider the one-sided alternative Hj : E[BEI, (i, )] > 0.

For each task t, the fitted difficulty-response functions provide the marginal failure prob-
abilities p;; = p;(di) and p;; = p;(di). we generate a synthetic realization under Hy by
independently sampling the two model outcomes from Bernoulli distributions with these
probabilities while keeping the observed task difficulties fixed. We then recompute BEI on
the simulated outcomes. Repeating this procedure produces the Monte Carlo null distribu-
tion of BEI under conditional independence, from which a one-sided p-value is obtained by
comparing the observed BEI with the simulated values. Since the audit tests multiple model
pairs, we further apply the Benjamini—-Hochberg procedure to control the false discovery
rate (FDR) and report the corresponding adjusted g-values (Benjamini & Hochberg, 1995).

3.2 Level 2: Directional Failure Collision and Cumulative Information Gain

Level 1 identifies whether two models fail together more often than expected, but does not
distinguish whether their failures follow the same direction. In multiple-choice question
(MCQ) settings, two models may both fail while selecting different distractors, whereas
repeatedly selecting the same distractor provides more specific evidence of aligned er-
roneous behavior. However, such collisions can also arise because some distractors are
intrinsically more attractive than others. We therefore assess directional alignment relative
to a task-specific distractor distribution and quantify excess alignment CIG.

For an MCQ task ¢ with K — 1 distractors, let S, ; € {1,...,K — 1} denote the distractor
selected by model m when Y, ; = 1. For a focal pair (i, j), the attractiveness of distractor k is
estimated from the failing responses of the remaining models (Chen & Goodman, 1999):
(i)

n +a i
kit ;o1 = Y (S =k), )
(—ij) ot '
n +a(K-1) mt{ij}

Ym,rzl

Tt =

where n! /) = Ymg{ijy Ymt and a =1 corresponds to add-one smoothing. Pair exclusion

prevents the tested responses from entering their own directional baseline, while smoothing
avoids zero probability for distractors not selected by the remaining models.
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Directional Independence Null. Conditional on both models failing task ¢, the null assumes
that their distractor choices are independent draws from the task-specific distribution:

HE™: P (Sip =k S = 0| Yip =Y =1) = mesmg @)
Define the directional collision indicator Zf}itr = I(S;; = Sj;)- Under Hg“r, the expected
collision probability is
K-1

ct = Ep [Zglf | Yip =Y = 1} =Y i (®)
k=1

Cumulative Information Gain. The deviation Zf]h{ — c¢ measures excess directional agree-

ment beyond that expected from distractor attractiveness. These deviations are not equally
informative: when c; is large, selecting the same distractor is already likely under the null,
whereas a collision with small ¢; is more surprising. We therefore weight each residual by
its null surprisal, — log c;.

Let 7;]d = {t:Y;; = Yj; = 1} denote the set of co-failure tasks. The proposed CIG is

] 1 ir
CIG(i,j) = 7 Y (—logc) (Zf},t - ct> : )
teTst
ij

Positive CIG values indicate excess same-distractor alignment, with greater contribution
from collisions that are unlikely under directional independence.

Statistical Inference. To determine whether the directional dependence captured by CIG
is statistically significant, we test whether the observed excess directional agreement is

significantly greater than zero. Accordingly, we consider the one-sided alternative H{" :

E[CIG(i,j)] > 0. For each co-failure task t, we generate a null directional collision as
Zglf/(h)
the Monte Carlo null distribution under directional independence, from which a one-sided
p-value is obtained by comparing the observed CIG with the simulated values (Hope, 1968).
Asin Level 1, we apply the Benjamini-Hochberg procedure across model pairs and report
FDR-adjusted g-values.

Remarks. Level 2 complements Level 1 by refining pairwise failure synchronization into
directional structure. While Level 1 captures whether two models excessively fail together,
Level 2 captures whether they excessively fail in the same way.

~ Bernoulli(¢;), and recompute CIG across tasks. Repeating this procedure produces

3.3 Entanglement-Aware Verifier Reweighting

Beyond auditing behavioral dependence, the proposed metrics can provide a simple signal
for adjusting verifier aggregation in multiple LLM judges. Rather than treating all verifier
outputs as independent evidence, we examine whether the influence of a verifier can
be reduced when it is behaviorally entangled with the target model. We present this
reweighting as a downstream use case of the proposed audit.

Let S denote the target model and J = {]3,...,] M]} the set of verifiers. Each verifier [,

is assigned a competence score g, € (0,1], estimated on a calibration set. Since BEI and
CIG characterize complementary forms of dependence but operate on different scales, we

first normalize their positive components on the calibration set. Let BEI(i, /) and CIG(i, j)
denote the resulting scores. Their combined pairwise entanglement is defined as

E(i,j) = ABEI(,j) + (1 — A)CIG(i,j), A €[0,1]. (10)

For each verifier, we consider two forms of dependence:

1 M

J
TS
E my 7 m E m,S . 11

Ry =
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Here, R,, measures the average redundancy of verifier J,, with the remaining verifier
ensemble, while T,(,ls) measures its behavioral dependence on the target model.
We then combine verifier competence with penalties for these two forms of dependence:

()
g exp( =1 Rm — 12T,
wlf) = ( ") . (12)

My
ZZ 7 exp(—mR— T, )
=1

The competence term g}, favors more reliable verifiers, while the two exponential penalties
reduce the influence of verifiers that provide potentially redundant evidence. The parameter
11 controls the penalty for dependence within the verifier ensemble, and #; controls the
penalty for dependence between a verifier and the target model. Setting #; = 77, = 0
recovers competence-based weighting, while additionally setting ¥ = 0 recovers uniform

aggregation. For binary verifier decisions VTE,S) € {0,1}, the resulting ensemble score is

My
PO = Y w v, (13)
m=1

which replaces the uniform vote share used in majority voting. All normalization proce-
dures and reweighting parameters are determined on the calibration set and fixed before
evaluation. This construction tests whether the behavioral dependence identified by BEI and
CIG can provide a useful adjustment to verifier aggregation, without claiming to identify or
eliminate the underlying source of that dependence.

4 Experiments

4.1 Experimental Setup

Models and Datasets. We evaluate 18 LLMs spanning the GPT (Singh et al., 2025), Claude,
Qwen (Bai et al., 2023), Llama (Grattafiori et al., 2024), Gemini (Team et al., 2023), and
DeepSeek (Liu et al., 2024a) families to examine behavioral dependence both within and
across model families (full list in Appendix B). Three representative models, Llama-3.1-
70B-Instruct, GPT-5, and GPT-40-mini, are further used as judges, covering open-source,
high-capability closed-source, and cost-efficient closed-source settings.

Our primary audit uses MMLU-Pro (Wang et al., 2024b). We construct two disjoint 1,000-
question subsets: biology/psychology (473/527) for estimating pairwise BEI and CIG, and
law /business (295/705) for evaluating their association with judge bias. We additionally use
MATH-500 (Lightman et al., 2024) as a cross-benchmark transfer test, applying the depen-
dence metrics estimated on MMLU-Pro to judge-bias evaluation on non-MCQ mathematical
responses. The MATH-500 experiment includes the 14 models that remained available at
evaluation time.

Implementation Details. The experiments consist of two stages: (1) behavioral-dependence
estimation and (2) evaluation of dependency-induced judge bias. For answer generation,
all models use a unified 5-shot prompt following Wang et al. (2024b), with temperature
set to 0 whenever supported. Pairwise BEI and CIG are estimated on the first MMLU-
Pro subset using the leave-pair-out null constructions described in Sections 3.1 and 3.2.
We compare the proposed metrics against conventional dependence measures, including
answer correlation, mutual information, co-failure Jaccard similarity, error-only agreement,
and difficulty-adjusted residual correlation.

Judge bias is evaluated on the disjoint second MMLU-Pro subset and the MATH-500 bench-
mark. Each judge evaluates multiple candidate-model responses within a common prompt,
with response order randomly shuffled to reduce ordering effects, and assigns correctness
and reasoning-quality scores according to a unified rubric. We additionally conduct a 500-
question ablation comparing this joint-prompt setting with independent single-response
judging to assess prompt-induced stability, with results reported in Appendix C.3. For veri-
fier reweighting, the 1,000-question evaluation subset is further divided into 500 questions
for parameter calibration and 500 held-out questions for final performance reporting.
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ment (BEI); and (b) directional entanglement (CIG). Reported are only statistically significant

BEI and CIG values and FDR corrected relationships (q-value < 0.05).

Metrics. We use the deviation in conditional precision (APrec) as an operational proxy for
over-endorsement bias, measuring how much a judge’s precision for a specific target model
deviates from its overall precision across models:

APrec(J;, M;j) =P(Y =1|Y;=1)-P(Y=1|Y;=1,M=M,). (14)

where Y = 1 indicates that the target-model response is correct and Yj = 1 indicates that
judge J; predicts the response as correct. A positive APrec indicates lower conditional
precision for model M; relative to the judge’s overall precision, consistent with greater
model-specific over-endorsement. We use the Spearman coefficient to quantify the mono-
tonic association between behavioral dependence and APrec.

The proposed BEI and CIG are compared with a diverse set of dependence baselines cap-
turing complementary forms of behavioral association. These include Pearson correlation
(Pearson, 1895), mutual information (Shannon, 1948), co-failure Jaccard similarity (Jaccard,
1901), error-only answer agreement, and difficulty-adjusted residual correlation following
the residual-dependence principle of Yen (1984). Detailed definitions of all baseline metrics
are provided in Appendix B.

4.2 LLM Entanglement and Induced Judge Bias

Entanglement Identification. We apply our framework to uncover structural relationships
across models in the failure space. Using BEI, and CIG, we construct a behavioral de-
pendency graph (Figure 2), organizing models by shared blind spots and directional error
alignment. Based on BEI,,, which captures synchronized failures conditioned on task diffi-
culty, we observe strong intra-family entanglement (e.g., within the LLaMA family). These
findings suggest that behavioral entanglement extends beyond architectural lineage or
model genealogy and may be associated with shared training signals, alignment strategies,
and generation design choices. Detailed pairwise BEI and CIG statistics, including raw
p-values and FDR-adjusted g-values, are provided in Appendix C.2.

While BEI,, provides a coarse view of dependence through correctness and task easiness,
CIG offers a more refined perspective by capturing directional collision in errors. Under
CIG, the entanglement structure becomes more selective. Consistent patterns are identified
by both BEI and CIG, with more statistically significant entanglement pairs observed among
closed-weight models and fewer between open- and closed-weight models. In particular,
we observe cross-generation entanglement among frontier models (e.g., GPT-5, Claude
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Table 1: Metrics and their Spearman correlations with APrec on MMLU-pro and MATH-500.

Metric MMLU-pro MATH-500

o p-value o p-value
Co-failure audit
Corr. 0.063 0.724 0.187 0.360
MI 0.113 0.525 0.208 0.309
Jaccard 0.428 0.012* 0.275 0.175
BEI 0.508 0.002** 0.441 0.024*
Directional failure audit
Err-agree -0.107 0.545 -0.172 0.399
Resid. corr. 0.151 0.394 -0.057 0.746
CIG 0.520 0.002** 0.457 0.019*

*p < 0.05,*p < 0.01.

4.6, Gemini-3.1-pro), as well as secondary clusters such as Claude 3.5 with GPT-40, and
DeepSeek V2.5 with Gemini 1.5 and Qwen 1.5. These findings suggest that behavioral
entanglement extends beyond architectural lineage or model genealogy. These patterns may
be associated with shared training signals, alignment strategies, and generation-era design
choices, although the present analysis does not identify their causal origin.

Induced Over-endorsement Bias. We further investigate whether the identified behavioral
dependence is associated with systematic over-endorsement in LLM-as-a-judge evaluation.
Table 1 compares the proposed metrics with several conventional dependence measures,
including Pearson correlation, mutual information, co-failure Jaccard similarity, error-only
answer agreement, and difficulty-adjusted residual correlation. On MMLU-Pro, BEI and CIG
show the strongest associations with APrec, with Spearman coefficients of 0.508 and 0.520,
respectively (p < 0.01). In contrast, Pearson correlation and mutual information exhibit only
weak and non-significant relationships. This contrast suggests that structured failure-based
dependence captures aspects of judge-model coupling that are not well represented by
conventional aggregate similarity measures, particularly when shared errors contribute to
over-endorsement.

Importantly, the same dependency estimates remain predictive when transferred to MATH-
500. BEI and CIG retain significant positive correlations with APrec, reaching p = 0.441 and
p = 0.457, respectively (p < 0.05), while most baseline metrics are not significant. These
results suggest that the dependency signals identified on MMLU-Pro are not specific to the
original estimation subset and remain informative when transferred to a math benchmark,
capturing a transferable structure associated with judge over-endorsement across evaluation
settings.

A sensitivity analysis of BEI with respect
to the difficulty-weighting exponent w is
conducted (Table 2). When w = 0, BEI re-
duces to the mean co-failure residual. Al- w MMLU-pro p MATH-500 p
though this form is mathematically sim-

Table 2: Sensitivity of BEI correlations to the
difficulty-weighting exponent w.

. . L. - 0 0.289 0.032
ple, its empirical association with APrec 1 0.508** 0.441%
is weaker, suggesting that unweighted 2 0.490** 0.275
residuals retain noise from less informa- 3 0.504** 0.231
tive events, particularly outcomes on dif- 4 0.465"* 0.236
ficult tasks. Introducing a positive w 5 0.363* 0.180

places greater emphasis on co-failures on <005, p < 0.0L.

easier tasks, where synchronized errors

provide clearer evidence of behavioral entanglement. However, overly large w increasingly
concentrates the metric on only the easiest tasks and weakens the association. Across both
MMLU-Pro and MATH-500, the results suggest that moderate weighting, around w = 1-2,
provides a reasonable balance and transfers more consistently across benchmarks.
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Table 3: Verifier aggregation performance on MMLU-Pro.

Aggregation Acc F1 Precision = AAcc

Majority Vote 0.847 0.901 0.870 -
Accuracy-based Reweight 0.881 0.919 0.891 +0.034
Entangle-based Reweight  0.882  0.922 0.896 +0.035

4.3 LLM Verifier Ensemble Re-weighting

Through experiments using three judge models as a verifier ensemble, we evaluate the
effectiveness of different aggregation strategies. We compare majority voting with an
accuracy-calibrated reweighting baseline and the proposed entanglement-aware reweight-
ing approach. Results on the MMLU-Pro test set show that both reweighting strategies out-
perform majority voting (Table 3). Notably, our entanglement-aware reweighting achieves
the best performance, yielding the highest accuracy and precision.

The calibrated weights (Figure 3) re-

.o Claude-3-5-haiku 0.50
flect both verifier competence and the Claude-3-5-sonet
identified dependency structure, with oS 0ts
weights adapting across target models GPTdo
. D . GPT-0s5-20b 0.40
according to verifier redundancy and Gemini15-flash z
verifier-target dependence. This illus- e g
1 3 Llama-2-70b-hf )
trates how the proposed reweighting a2 700t
adjusts verifier influence according to Uama3.1.708 o
. Qwenl.5-110B )
the estimated dependence structure. Quent.5-148-Chat
Qwen1.5-72B-Chat
0.25

5 Conclusion o oo™ o

\a‘“a3

Target Model

This work presents a statistical ap- Judge Mode!

proach for systematically auditing hid- ~ Figure 3: Calibrated verifier ensemble weights.
den behavioral dependence among

LLMs. By shifting the focus from sim-

ple output similarity to the structural alignment of the failure manifold, we develop a
multi-resolution framework that characterizes dependence through synchronized failures
and directional error alignment.

It provides a deeper investigation into the behavioral dependency structure underlying
responses generated by different LLMs. It introduces a statistical framework for audit-
ing behavioral entanglement through the failure manifold, using a difficulty-weighted
entanglement index (BEI) and a directional error metric (CIG) to detect shared blind spots
and aligned erroneous reasoning. Across 18 models from six families, the study reveals
widespread intra- and cross-family entanglement, including cross-generation patterns, and
demonstrates that stronger dependency is significantly associated with increased judge
over-endorsement bias in LLM-as-a-judge settings. It further proposes a practical mitigation
strategy, entanglement-aware verifier reweighting, which penalizes dependent models and
improves ensemble verification accuracy over majority voting. The paper highlights that
Multi-LLM Judge should account for dependency structure, as consensus among entangled
models may reflect correlated errors rather than reliable, independent validation signals.

Several limitations remain. The current framework is pairwise, and CIG is most naturally
defined for MCQ settings, while MATH-500 evaluates transfer rather than re-estimating
directional dependence. Moreover, the proposed audit identifies behavioral association
but does not establish its causal origin. Future work should extend the framework to
higher-order dependence, broader response formats, and controlled analyses of training
lineage, distillation, and temporal model evolution. Finally, our experiments are restricted
to English-language benchmarks and represent a snapshot of model behavior at the time of
evaluation. Because model APIs and alignment pipelines evolve, estimated dependency
structures should not be viewed as permanent model properties. Future work should
examine cross-lingual robustness and repeated audits across model versions.
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A Proofs
A.1l Proof of Proposition 1
Proof. For a fixed model pair (i, j) and task ¢, let
pip = pi(de) =P(Yiy =1]dy), pi = pj(d) =P(Yj =1]ds).
Under the conditional-independence null Hy,
Yip ALYy | de.
Since Y, Y + € {0,1}, their product indicates a joint failure. Therefore,
Eo[YitYis | di] =Po(Yi =1,Yj =1]ds)
=Po(Yis =1[de)Po(Yj; =1]ds)
= PitPjt (A1)
Hence, the task-level co-failure residual
Rij,t = Yi,th,t — PitPjt
is conditionally centered:
Eo[Rjj¢ | de] =0

The BEI weighting term is
=(1-4dp)", w >0,

which is a deterministic function of d;. Conditional on d;, it can therefore be taken outside
the expectation:

]EO [a?’Rij,t | dt] = l/'lgu IE()[Ri]‘/t dt] =0. (AZ)

By the law of total expectation,
Eg[a{"Rij¢] = 0.
Finally, from
T
BEI, (i,j) = Z Rijt,

linearity of expectation gives

IEo[BELy (i, j)] Z]EO af'Rij] = 0. (A.3)

Thus, weighting by task easiness preserves the null centering of the co-failure residual.
This result does not require independence across tasks, since it follows task-wise from
conditional independence and linearity of expectation.

B Experimental Details

B.1 Selected models

We select 18 models from the ChatGPT, Claude, Qwen, Llama, Gemini, and DeepSeek
families to examine potential entanglement both within and across model families. Specif-
ically, the selected models are GPT-5 (Singh et al., 2025), GPT-40, GPT-40-mini (Hurst
et al., 2024), GPT-0ss-20B (Agarwal et al., 2025), Claude 4.6 Sonnet, Claude-3.5-Sonnet,
Claude-3.5-Haiku, Gemini-3.1-Pro (Team et al., 2023), Gemini-1.5-Pro (Team et al., 2024),
Gemini-1.5-Flash (Team et al., 2024), Llama-3.1-70B (Grattafiori et al., 2024), Llama-3.1-70B(-
Instruct) (Grattafiori et al., 2024), Llama-3-70B (Grattafiori et al., 2024), Llama-2-70b (Touvron
et al., 2023), Qwen1.5-110B (Bai et al., 2023), Qwen1.5-72B Chat, Qwen1.5-14B Chat (Bai et al.,
2023), and DeepSeek-Chat-v2.5 (Liu et al., 2024a), where “Instruct” denotes instruction-
tuned variants.
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B.2 Baseline Dependence Metrics

We compare BEI and CIG against five conventional dependence measures that capture
complementary aspects of model behavior. Let Y, ; € {0,1} denote the failure indicator of
model m on task £, and let

.Fm = {t : Ym,t = 1}
denote its set of failed tasks.

Pearson correlation. We measure the overall linear association between the binary failure
patterns of models i and j using the Pearson correlation coefficient (Pearson, 1895):

Yy, Y)(th—Yj)

Corr(i, ) = —,
\/Etl i = Y2 (Y - V)2

(B.1)

where Y,y = TV 2L Yo

Mutual information. Mutual information measures general statistical dependence between
the two binary failure indicators (Shannon, 1948). Let

1 T
= T Z ]I(Yi,t =a, Yj,t =b), a,be {0,1}/
with marginal probabilities P,. = Y, P, and P, = ¥, P, We compute

MG, j)= Y. Puylog—

a,be{0,1}

A

B.2
B Ph (B.2)

Co-failure Jaccard similarity. To measure overlap specifically between model failure sets,
we use the Jaccard similarity coefficient (Jaccard, 1901):

[FinFjl T YirY
|]:U]:| Zt 1 (zt‘|‘Y',t>0).

Jac(i, j) = (B.3)

Error-only answer agreement. For MCQ tasks, let T]Cf {t:Y;; = Yir = 1} denote the set

of co-failure tasks, and let S, denote the distractor selected by model m. The error-only
agreement rate is

ErrAgree(i, j) Sit = S], (B4)

‘7; teTs!
Unlike CIG, this baseline treats all same-distractor collisions equally and does not account
for task-specific distractor attractiveness.

Difficulty-adjusted residual correlation. Finally, we consider an IRT-style residual-
correlation baseline (Yen, 1984). Using the fitted difficulty-response probability p,; =
Pm(dy), define

emt = Y — Pmt- (B.5)
The residual dependence between models i and j is then measured by
ResCorr(i, j) = Corr ({e,«/t}tT:l, {e'/t}tT:l) . (B.6)

This baseline removes first-order variation associated with task difficulty before measuring
pairwise association.

B.3 Judge and Verifier Prompts

Each model is required to evaluate the performance of all other models under a unified
cross-evaluation protocol. To mitigate ordering effects and prevent positional bias, the
sequence of evaluated model responses is randomly shuffled for each query. All responses
are presented within a single prompt to ensure consistent evaluation context across models.
The verifier is instructed to independently assess each response based on two criteria: (i)
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correctness of the selected answer and (ii) quality of the reasoning process, following strict
rubrics to enforce consistency and comparability. The evaluation is designed to be objective
and model-agnostic, avoiding reliance on stylistic preferences or verbosity. By standardizing
both input formatting and evaluation instructions, this setup minimizes prompt-induced
variability and ensures that observed differences in judgments reflect model behavior rather
than evaluation artifacts.

Prompt for Cross Evaluation

Evaluation Criterion

You are a fair, consistent, and rigorous evaluator of multiple LLM responses. Your task is to
evaluate the answers provided by different models to the same multiple-choice question.
For each model, you must assess:

* Correctness (0 or 1) of the Selected Option
* Reasoning Quality (0-5) of the Reasoning Process

Follow the provided rubrics strictly. Your evaluation must be objective, consistent, and
comparable across models.

Input
Question: {QA.<key>.question} Options: {QA.<key>.options}

Modell selects: {QA.<key>.answers.LLM1.selected_option}
Modell reasoning: {QA.<key>.answers.LLM1.reasoning}

Model?2 selects: {QA.<key>.answers.LLM2.selected_option}
Model2 reasoning: {QA.<key>.answers.LLM2.reasoning}

... (extend for all models)

Evaluation Rubrics
Correctness rubric: {Cross Evaluation Rubric: Correctness}
Reasoning Quality rubric: {Cross Evaluation Rubric: Reasoning Quality}

Output Format (STRICT)
Return a valid JSON object with the following structure:
{
"correct_answer”: "<final correct option>",
"evaluation_summary”: "<comparison of model performance>",
"evaluation": {
"modell”: {

"correctness”: <@ or 1>,
"reasoning_quality"”: <@-5>

}7

"model2": {
"correctness”": <@ or 1>,
"reasoning_quality"”: <@-5>

}7
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Cross Evaluation Rubric: Correctness

Evaluation Criteria

Given the question, candidate options, and the Selected Option produced by each model,
evaluate whether the model’s final answer is correct. The correctness judgment should focus
only on the choice of option, rather than the explanation.

¢ 1 — Correct
® 0 — Incorrect or missing
Rules
¢ Evaluate correctness based on the model’s selected option.
e If the model explicitly states a single option that matches the correct answer, assign 1.

¢ If the model explicitly states a single option that does not match the correct answer,
assign 0.

e If the response does not contain a clear final answer, assign 0.

Cross Evaluation Rubric: Reasoning Quality

Evaluation Criteria

Given the model’s full response, evaluate the quality of its Reasoning Process based on the
logical validity, coherence, relevance, and completeness of the explanation that supports the
final answer. The reasoning score should reflect how well the model reasons, rather than
simply on whether the final answer is correct.

Assign a reasoning quality score on a 0-5 scale:

e 5 — Fully correct, clear, logically sound, and well-supported reasoning with no
hallucinations or unnecessary steps

* 4 — Mostly correct and coherent reasoning with only minor issues, omissions, or
inefficiencies

® 3 — Partially correct reasoning with some weak, unclear, incomplete, or loosely
justified steps

® 2 — Reasoning contains major flaws, missing key logical steps, or substantial unsup-
ported claims

* 1 — Mostly incorrect, confused, or poorly connected reasoning with minimal valid
support

* 0 — No meaningful reasoning, completely nonsensical content, or irrelevant response
Rules
* A correct final answer with poor reasoning can still receive a low reasoning score.

* Anincorrect final answer may still receive a moderate reasoning score if the reasoning
is largely logical but contains a critical mistake.

* Focus on whether each step follows logically from the previous one and whether the
reasoning is relevant to the question.

* Do not reward verbosity, repetition, or persuasive language. Penalize hallucinated
facts, logical gaps, invalid assumptions, or unsupported claims.

* Use a strict but fair standard: high scores should only be given when the reasoning
is both logically sound and clearly articulated.

B.4 Reweighting Calibration and Hyperparameters

For verifier reweighting, we use a separated calibration and evaluation procedure to avoid
tuning on the reported test results. The 1,000-question MMLU-Pro evaluation subset is
divided into 500 questions for calibration and 500 held-out questions for final evaluation.
On the calibration split, we first estimate each verifier’s competence score g,; and normalize
the positive BEI and CIG values used to construct the pairwise entanglement score. The
reweighting parameters A, «, #1, and #; are then calibrated by minimizing binary cross-
entropy between the weighted verifier ensemble prediction and the ground-truth correctness
label of each target-model response. Here, A controls the relative contribution of BEI
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and CIG, « controls the influence of verifier competence, and 71 and 7, penalize verifier—
verifier redundancy and verifier—target dependence, respectively. After calibration, all
normalization statistics and hyperparameters are fixed and applied unchanged to the held-
out evaluation split.

C Supplementary Results

C.1 Difficulty-response Function Calibration in BEI Calculation

To estimate the difficulty response function py,(d¢) = P(Y: = 1 | d¢), we fit a logistic
regression model for each model m, using task difficulty d; as the input and the binary
failure indicator Yj, as the target. This provides a calibrated estimate of each model’s
expected failure probability conditioned on task difficulty, which is used to compute the
residuals.

Table C.1: Calibration diagnostics for the difficulty-response models used in BEL

Metric Mean Std. Range

AUC 0.865 0.050 [0.752, 0.934]
ECE 0.041 0.012 [0.022, 0.077]
Brier 0.130 0.039 [0.065, 0.192]

Reliability: ALL pair-role predictions
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Figure C.1: Reliability curve of the difficulty-response models used for BEI calibration.

We evaluate the difficulty-response calibration using AUC, ECE, and Brier score, together
with the reliability curves shown in Figure C.1. As summarized in Table C.1, the fitted
models achieve a mean AUC of 0.865, a low mean ECE of 0.041, and a mean Brier score of
0.130. Together with the reliability curves, these results indicate that task difficulty provides
strong discrimination of model failures while the estimated failure probabilities remain
reasonably well calibrated for the subsequent BEI calculation.

C.2 Pairwise Statistical Inference and FDR Correction

To complement the aggregate dependency analysis, we report the strongest pairwise BEI and
CIG relationships together with their raw p-values and Benjamini-Hochberg FDR-adjusted
g-values. This allows the magnitude of behavioral dependence to be distinguished from its
statistical reliability under multiple pairwise comparisons.
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Table C.2 shows the largest BEI values. The strongest relationships are concentrated primar-
ily among closely related model families, including Llama-Llama and Qwen-Qwen pairs,
while several cross-family relationships are also observed. Importantly, the leading BEI
relationships remain statistically significant after FDR correction, supporting the robustness
of the detected co-failure dependencies.

Table C.2: Top 10 pairwise BEI values with raw p-values and FDR-adjusted g-values.

Model 1 Model 2 BEI  p-value g-value
Llama-3-70B Llama-3_1-70B 0.0525 5.00E-05 9.50E-04
Llama-2-70b-hf Qwenl1.5-110B 0.0398 5.00E-05 9.50E-04
Llama-3-70B Qwen1.5-110B 0.0352 5.00E-05 9.50E-04
Qwenl1.5-14B-Chat Qwenl1.5-72B-Chat 0.0333 5.00E-05 9.50E-04
Llama-2-70b-hf Llama-3-70B 0.0326 5.00E-05 9.50E-04
Llama-3_1-70B Qwen1.5-110B 0.0325 5.00E-05 9.50E-04
Llama-2-70b-hf Llama-3_1-70B 0.0290 1.50E-04 1.97E-03
Qwen1.5-110B Qwenl.5-72B-Chat  0.0266 2.50E-04 2.38E-03
Qwen1.5-110B Qwenl.5-14B-Chat  0.0245 8.50E-04 6.61E-03
Llama-3_1-70B Qwenl1.5-14B-Chat  0.0211 2.15E-03 1.31E-02

Table C.3 reports the corresponding results for CIG. Compared with BEI, the largest CIG
values reveal a more selective directional dependency structure, including both intra-family
relationships, such as Llama-Llama and GPT-GPT, and cross-family relationships involving
Claude, Gemini, and DeepSeek models. The leading CIG relationships likewise retain
significance after FDR adjustment.

Table C.3: Top pairwise CIG values with raw p-values and FDR-adjusted g-values.

Model 1 Model 2 CIG  p-value g-value
Llama-3-70B Llama-3_1-70B 0.1332 5.00E-05 1.09E-03
Claude-3-5-sonnet-20241022 GPT-40-2024-08-06 0.0525 5.00E-05 1.09E-03
GPT-40-2024-08-06 GPT-40-mini 0.0523 5.00E-05 1.09E-03
DeepSeek-chat-v2_5 Gemini-1.5-flash-002 0.0502 5.00E-05 1.09E-03
Claude-4-6-Sonnet Gpt-5 0.0471 5.00E-05 1.09E-03
Gemini-1.5-flash-002 Gemini-1.5-pro-002 0.0454 5.00E-05 1.09E-03
Claude-3-5-haiku-20241022  Gemini-1.5-flash-002 0.0429 2.00E-04 3.40E-03
Llama-3-70B Llama-3_1-70B-Instruct 0.0414 2.50E-04 3.83E-03
Gemini-1.5-flash-002 GPT-40-mini 0.0393 8.50E-04 8.61E-03

C.3 Joint-Prompt vs. Independent-Prompt Ablation

We compare the joint-prompt evaluation with independent single-response judging on a 500-
question subset. Let V] and V; denote the joint-prompt and independent-prompt settings,
respectively. As shown in Table C.4, the paired f-test finds no significant shift in APrec
(p = 0.421), while the rank-equivalence test supports consistent target-model rankings
across the two prompting settings (p = 7.6 x 107°). Overall, the aggregate judge-bias
pattern remains stable under independent prompting.

Table C.4: Joint-prompt versus independent-prompt evaluation ablation.

Target  Test Null hypothesis p-value Interpretation
APrec Paired t-test E[p:(Va) —p:t(V1)] =0 0.421 No mean shift
Ranking Equivalencetest p <1—¢, € =0.05 7.6 x 1075 Ranking consistent
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