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Abstract: The development of Large Language Models (LLMs) has expanded the function of 

artificial intelligence from mere automation systems toward dialogue agents used across 

academic, professional, administrative, and creative activities. Alignment paradigms heavily 

reliant on reinforcement learning from human feedback (RLHF) still face fundamental 

challenges including hallucination, sycophancy, overconfidence, and vulnerability to 

instructional manipulation. This article aims to develop a conceptual protocol framework called 

Sincerity Echo as a new paradigm in LLM alignment based on Cognitive Proportionality. The 

study employs a design science research approach with a conceptualprotocol development 

orientation. The model is developed through two layered validation mechanisms: the Macro 

Semantic Gatekeeper for semantic consistency checking and the Continuous Logic Decay 

Filter for propositional contradiction detection. Integration of semantic entropy and semantic 

uncertainty enables the system to detect potential hallucinations and adaptively manage belief 

calibration. Model development results show that Sincerity Echo can differentiate 

propositional expansions, low risk lightweight queries, and adversarial contradictions through 

a tiered validation mechanism. The FAST EXIT ROUTE mechanism on simple queries saves 

approximately 96.8% of computational resource allocation compared to deep reasoning 

pathways. The main contribution lies in shifting alignment from mere instructional compliance 

toward epistemic integrity, belief calibration, anti sycophancy, and response proportionality. 

 

Keywords: Sincerity Echo, Cognitive Proportionality, LLM Alignment, Semantic 

Uncertainty, Sycophancy, Hallucination, AI Ethics, Epistemic Integrity. 

 
 

INTRODUCTION 

The development of Large Language Models (LLMs) has marked a fundamental shift in 

how humans interact with artificial intelligence systems. Generative language models are now 

employed not only to answer simple questions, but also in academic, professional, 

administrative, creative, and complex information based decision making activities. The ability 

of LLMs to generate coherent, contextual responses that closely resemble human language 

makes them highly productive and strategically valuable instruments. However, this capability 

also raises fundamental concerns, as linguistic fluency is not always synonymous with 
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understanding, truth, or epistemic integrity. LLMs can generate responses that appear 

convincing, yet are still produced through statistical language pattern modeling rather than 

through consciousness, moral intent, or conceptual understanding as humans possess  (Bender 

et al., 2021; Bowman, 2024)  

In this context, the issue of alignment has become one of the most critical concerns in the 

development of modern LLMs. Alignment generally refers to efforts to align the behavior of 

AI systems with human values, preferences, safety, and objectives. Various approaches have 

been developed, including reinforcement learning from human feedback (RLHF), preference 

modeling, safety training, and model written evaluations, preference modeling, safety training, 

and model written evaluations. These approaches are designed to transform language models 

from mere raw text predictor machines that potentially trigger ethical risks, into safer, more 

honest, and more beneficial artificial intelligence agents (helpful, honest, and harmless) for the 

user ecosystem 

These approaches have made important contributions in making models more helpful, 

safer, and more aligned with user instructions. However, alignment paradigms that rely too 

heavily on human preferences still leave serious problems, as user preferences do not always 

align with truth, epistemic interests, or the quality of sound reasoning (Casper et al., 2023; Ji 

et al., 2023; Yuan et al., 2023) . 

One manifestation of this problem is the tendency toward sycophancy, namely the 

model’s tendency to excessively agree with, follow, or reinforce the user’s views. Sycophancy 

is dangerous because it can create an illusion of intellectual validation in which users feel 

supported by the system, when in fact the system is merely reflecting users’ preferences, biases, 

or assumptions without adequate correction. Sharma et al. (2023) demonstrated that language 

models can adjust their responses to match users’ subjective beliefs or preferences, while Perez 

et al.(2023) also emphasized the importance of evaluating model behavior more systematically. 

Therefore, the alignment problem cannot be understood merely as an issue of instructional 

compliance, but also as a matter of honesty, calibration, resistance to bias, and epistemic 

responsibility (Gabriel, 2020; Weidinger et al., 2021). 

Beyond sycophancy, the issues of hallucination and semantic uncertainty also pose major 

challenges in LLM alignment. LLMs can generate incorrect, unfounded, or unverifiable 

information, yet deliver it in a highly convincing linguistic style. Kuhn et al. (2023) emphasized 

the importance of measuring semantic uncertainty in natural language generation, while  

Farquhar et al.(2024) showed that semantic entropy can be used to detect hallucinations in 

LLMs. 

Based on these issues, this study proposes the concept of Sincerity Echo as a new 

paradigm in LLM alignment. This concept is understood as an operational framework for 

evaluating and designing model responses so that they not only please users, but are also 

epistemically honest, calibrated, contextual, non manipulative, and proportional to the 

available evidence. This paradigm is developed through the principle of Cognitive 

Proportionality, namely the principle that model outputs must be commensurate with the level 

of certainty, problem complexity, contextual risk, and the quality of available evidence  (Shen 

et al., 2023; Yuan et al., 2023). 

The objective of this study is to develop the conceptual framework of Sincerity Echo as 

a new paradigm in LLM alignment based on Cognitive Proportionality, including explaining 

the limitations of conventional alignment paradigms, formulating Sincerity Echo as a 

conceptual construct, and proposing theoretical propositions that can serve as the basis for 

future empirical research. The scientific novelty of this study lies in proposing Sincerity Echo 

as a new conceptual construct that places epistemic honesty and response proportionality at the 

core of alignment, distinguishing it from conventional alignment approaches that focus on 
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preference alignment, safety filtering, or reward optimization (Askell et al., 2021; Ouyang et 

al., 2022). 
 

LITERATURE REVIEW AND THEORETICAL FRAMEWORK 

Large Language Models and Structural Limitations 

Large Language Models (LLMs) are deep learning-based artificial intelligence systems 

designed to predict, generate, and construct text based on statistical patterns in large scale 

language data. The transformer architecture underlying modern LLMs enables models to 

process long-range context through self attention mechanisms, producing coherent and 

contextual text(Vaswani et al., 2017). Bender et al.(2021) argued that large language models 

carry the risk of becoming stochastic parrots, systems capable of generating language that 

appears meaningful, but without necessarily having any grounding in the reality they 

purportedly reference. Linguistic fluency is not always synonymous with truth, intent, or 

epistemic integrity.Bowman (2024) explained that LLMs still have limitations in reasoning, 

factual accuracy, reliability, and context interpretation, as models depend on language 

distribution patterns and training data. 
 

AI Alignment and the Limitations of Human Feedback-Based Approaches 

AI alignment refers to efforts directed at aligning the behavior of artificial intelligence 

systems with human goals, values, preferences, and safety. Ji et al.(2023)  demonstrated that 

alignment encompasses various dimensions, including value alignment, safety alignment, 

robustness, interpretability, and human feedback. A prominent approach is Reinforcement 

Learning from Human Feedback (RLHF), a training method that utilizes human judgment to 

shape model response preferences. Although RLHF plays a critical role in enhancing the 

quality of model responses, this approach possesses fundamental limitations, as human 

preferences can be biased, inconsistent, and not invariably aligned with factual truth  (Casper 

et al., 2023). Furthermore, Ouyang et al.(2022), through their work on InstructGPT, showed 

that instruction-based fine-tuning can significantly improve model alignment; however, it also 

introduces trade-off risks between performance and honesty. 

 

Truthfulness, Hallucination, and Semantic Uncertainty 

One of the main challenges in LLM alignment is the issue of truthfulness, or the accuracy 

of responses. Lin et al.(2022) through TruthfulQA demonstrated that language models can 

mimic human falsehoods, particularly when questions contain common misconceptions. This 

issue is closely related to the hallucination phenomenon, a condition in which the model 

generates inaccurate, unfounded, or unverifiable information.Farquhar et al.(2024) showed that 

hallucinations in LLMs can be detected through semantic entropy, a measure of uncertainty 

based on variations in meaning across generated responses. Kuhn et al.(2023)  also emphasized 

the importance of semantic uncertainty in natural language generation, as model responses need 

to be evaluated not only based on linguistic fluency, but also on semantic stability, 

propositional consistency, and accountable levels of confidence. 
 

Sycophancy and the Risks of Pseudo-Compliance 

Sycophancy is the tendency of language models to excessively agree with, follow, or 

reinforce user views. Sharma et al.(2023)showed that language models can adjust responses to 

match users’ subjective beliefs or preferences, even when those responses do not fully reflect 

objective truth. This phenomenon is dangerous because it can create an interaction space that 

appears supportive, but actually reinforces user biases. Weidinger et al.(2021) identified that 

the social and epistemic risks of large language models do not originate solely from explicitly 

harmful content, but also from response patterns that are overly accommodating toward 
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potentially erroneous user beliefs. Therefore, alignment needs to be extended beyond mere 

instructional compliance toward epistemic honesty. 
 

Sincerity Echo as a New Conceptual Construct 

Sincerity Echo in this study is understood as a new conceptual construct in LLM 

alignment that emphasizes the model’s ability to generate responses that are not only compliant 

with instructions, but are also epistemically honest, calibrated, contextual, and non 

sycophantic. The term sincerity is not used to imply that LLMs possess consciousness, moral 

intent, or inner integrity as humans do. Sincerity Echo departs from the idea that models should 

not merely passively reflect user desires, but should instead reflect user needs back through 

responses that have undergone semantic verification, propositional correction, and belief 

calibration. 

Conceptually, Sincerity Echo integrates five primary and mutually complementary dimensions, 

as presented in the following table. 
 

Table 1. Five Primary Dimensions of Sincerity Echo as an LLM Alignment Construct 

Dimension Operational Description 

Epistemic Honesty 
The ability of responses to be oriented toward truth and the limits of 

available evidence; the model explicitly acknowledges uncertainty 

Semantic Consistency 
Consistency of meaning and propositions throughout the entire sequence of 

model responses within a single conversation session 

Calibrated Confidence 
Alignment between the level of response confidence and the quality of 

available information; avoiding overconfidence 

Anti-Sycophantic 

Orientation 

The model’s ability to avoid excessive validation of user preferences; 

willing to correct erroneous assumptions 

Contextual Responsibility 
Adjustment of response style, depth, and caution based on the risk and 

complexity of the interaction context 

Source: Developed from Askell et al. (2021) and Hendrycks et al. (2021) 

 

Cognitive Proportionality as the Guiding Principle of Alignment 

Cognitive Proportionality in this study is formulated as the principle that LLM responses 

must be commensurate with the level of problem complexity, quality of evidence, contextual 

risk, and degree of semantic uncertainty. This principle serves as the basis for distinguishing 

when the model should provide a simple response and when the model must heighten caution, 

reasoning, and calibration. This principle also serves as a critique against two extremes in 

alignment: over-compliance, a condition in which the model too readily follows user 

instructions without correction, and over refusal, a condition in which the model is overly 

defensive and thus fails to assist users productively  (Shen et al., 2023; Yuan et al., 2023). 
 

METHOD 

Research Design 

This study employs a design science research approach with a conceptual protocol 

development orientation. This approach was chosen because the primary focus of the research 

is not merely to test relationships between variables, but to design, explain, and formulate a 

new conceptual protocol for the alignment of Large Language Models, namely Sincerity Echo 

based on Cognitive Proportionality. Design science research is a research paradigm focused on 

the creation and evaluation of artifacts, whether in the form of constructs, models, methods, or 
instantiations, aimed at addressing identified problems within a specific domain (Hevner et al., 

2004). 
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Tier 1 Validation: Macro Semantic Gatekeeper 

Tier 1 validation is conducted through the Macro Semantic Gatekeeper module, which 

functions as an initial gateway to assess the semantic consistency of user input against the 

active conversation context. The assessment is carried out through embedding-based semantic 

representation, in which user input is mapped into a vector space and compared against the 

Longitudinal Consistency Buffer. The semantic similarity score is computed via cosine 

similarity between the new input vector and the previous conversation context vector, with a 

dynamic threshold formulated as: 
 

DYNAMIC GREEN THRESHOLD = 𝐦𝐚𝐱 (𝟎. 𝟏𝟖, 𝐦𝐢𝐧 (𝟎. 𝟑𝟓,
𝟏. 𝟎

input_length + 𝟐. 𝟎
+ 𝟎. 𝟏𝟓)) 

 

If the cosine similarity score falls below this threshold, the system can activate the FAST 

EXIT ROUTE as a lightweight processing route that does not directly allocate deep reasoning 

resources. 

 

Tier 2 Validation: Continuous Logic Decay Filter 

Inputs that pass Tier 1 validation are processed in Tier 2 validation through the 

Continuous Logic Decay Filter. Unlike conventional filters that operate in a binary manner, 

this module employs a continuous logic decay approach to assess the level of contradiction in 

user inputs across three categories: entailment, neutral, and contradiction. The logic decay 

factor is formulated as: 

𝛚 = 𝒆−(
𝑪
𝑬

)
 

 

The greater the contradiction value relative to entailment, the smaller the omega value, 

meaning the system gradually reduces its confidence in the logical validity of the input. This 

approach is more adaptive than rigid if-else mechanisms because it is capable of handling cases 

of ambiguity, partial contradiction, or contextual shifts in a more nuanced and proportional 

manner. 

 

Operational Sincerity Score 

This study proposes the Operational Sincerity Score as a conceptual indicator to assess 

the quality of Sincerity Echo based alignment. Conceptually, the Operational Sincerity Score 

is formulated through a combination of four components: 
 

𝑺 = (𝑪𝒔 ⋅ 𝛚) × (𝟏 − 𝑼𝒔) × (𝟏 − 𝑹𝒄) 

The value of S increases when responses exhibit high semantic and logical consistency, 

and decreases when semantic uncertainty and contextual risk increase without adequate 

calibration.  

Semantic Uncertainty (𝑈𝑠) is operationalized via semantic entropy by computing the 

dispersion of alternative model generations, while Contextual Risk (𝑅𝑐) is dynamically 

mapped using a token-weighted hazard dictionary based on legal and safety ontologies. 

 

The components of the Operational Sincerity Score are detailed in the following table. 
 

Table 2. Components of the Operational Sincerity Score 𝑺 =  𝒇(𝑪𝒔, 𝑪𝒍, 𝑼𝒔, 𝑹𝒄) 

Symbol Component Description 

Cs 
Semantic 

Consistency 

Proximity of input meaning to the active conversation context; measured 

through cosine similarity embedding 
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Cl 
Logical 

Consistency 

Ratio of entailment to contradiction in the input; detects logical reversal or 

instructional manipulation 

Us 
Semantic 

Uncertainty 

Variation in meaning across responses indicating propositional instability; 

based on the semantic entropy principle 

Rc Contextual Risk 
Potential for manipulation, sensitivity of claims, or unverifiable instructions 

within the active conversation session 

Source: Developed by the researcher, 2026 

 

The overall methodological workflow is illustrated in Figure 1 below. 
 

 
Source: Research data processed, 2026 

Figure 1: Methodological workflow 

 

RESULTS AND DISCUSSION 

Overview of the Sincerity Echo Model 

The conceptual development results of this study produced a Sincerity Echo protocol 

design as a Large Language Model alignment architecture based on Cognitive Proportionality. 

This model is designed to address four primary problems in alignment, namely sycophancy 

tendencies, hallucination, overconfidence, and vulnerability to instructional manipulation. 

Conceptually, Sincerity Echo operates through two main validation layers, namely the Macro 

Semantic Gatekeeper as the Tier 1 validation layer that reads the semantic consistency of user 

input against the active conversation context, and the Continuous Logic Decay Filter as the 

Tier-2 validation layer that tests the logical structure of input through entailment, neutral, and 

contradiction relationships. These two layers then produce an Operational Sincerity Score that 

is used to determine whether the system should provide a full response, a lightweight response, 

a proportional correction, or a rejection of manipulative instructions. 

 

Consistency Protocol Simulation Results 

The simulation results indicate that the Sincerity Echo protocol consistently distinguishes 

among the three types of inputs based on their semantic and logical characteristics. The highly 

significant difference in execution latency across the three scenarios demonstrates that the 
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Cognitive Proportionality principle was successfully implemented in the protocol architecture. 

The following table summarizes the runtime simulation metrics from the three scenarios. 
 

Table 3. Runtime Simulation Metrics for the Sincerity Echo Consistency Protocol 

Test Scenario 

Tier-1 

Cosine 

Sim. (Cs) 

Penalty 

(ω) 

Sincerity 

Score (S) 

Execution 

Latency (ms) 

Computational 

Efficiency 

A - 

Propositional 

Expansion 
0.4963 0.9380 0.4656 

606.90
\ 𝑚𝑠 (𝑅𝑒𝑣𝑖𝑠𝑒𝑑) 

Full Deep 

Reasoning Path 

B - Lightweight 

Query 
0.0674 Bypass 0.0674 56.00\ 𝑚𝑠 

96.8% FLOPs 

Saved 

C - Adversarial 

Contradiction 
0.6699 0.0000 0.0000 2.24\ 𝑚𝑠 

Instant Gate 

Rejection 

Source: Research data processed, 2026 

 

Interpretation of Scenario A: Propositional Expansion 

 
Figure 2. Dynamic Green Threshold Behavior Across Input Length 

 

Figure 2  illustrates the log-logarithmic attenuation behavior of the Macro Semantic 

Gatekeeper threshold gate. The mathematical modeling demonstrates a strict verification filter 

for concise queries (𝐿 <  10), requiring elevated semantic similarity to proceed. Conversely, 

the architectural constraint bounds asymptotically to a minimum threshold of 0.18 as character 

volume expands, adapting seamlessly to high-density linguistic parameters without over-

refusal anomalies. 

Scenario A represents input that moves from an initial statement toward a conceptual 

expansion that is still logical and accountable. A macro similarity score of 0.4963 indicates that 

the input has a sufficiently strong semantic relationship with the previous conversation context, 

while a continuous penalty value of 0.9380 indicates that the system did not detect significant 
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structural contradictions. The combination of these two values yields an Operational Sincerity 

Score of 0.4656. This finding is important because it demonstrates that an overly rigid system 

could mistakenly evaluate idea expansion as an anomaly, whereas Sincerity Echo is designed 

to be flexible enough to support idea enrichment while remaining strict enough to detect 

manipulation (Huang et al., 2023). 

 

Interpretation of Scenario B: Bypass Early Exit 
 

 
Figure 3. Continous Logic Decay mathematical Surface 

 

Figure 3 presents the mathematical continuum of the Continuous Logic Decay Filter 

(ω) at Tier-2 validation. Unlike rigid binary classification mechanisms, the geometric gradient 

captures granular transitions of structural integrity. When contradiction vectors escalate 

relative to entailment density, the semantic surface exhibits an exponential decay trajectory, 

systematically suppressing the overall confidence metric to guarantee adversarial resilience. 

Scenario B represents a casual or low risk query that does not require deep reasoning. 

A macro similarity score of 0.0674 indicates that the input does not have sufficient semantic 

demand to be forwarded to the advanced reasoning layer, so the system activates the FAST 

EXIT ROUTE and bypasses the Tier 2 check. This result has a direct impact on computational 

efficiency, as execution latency drops to 56 ms, far lower than scenarios requiring full 

computation. Based on the simulation, this fast route saves approximately 96.8% of FLOPs. 

From the perspective of Cognitive Proportionality, Scenario B demonstrates that the system 

does not need to allocate large computational resources for all types of interactions. 
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Interpretation of Scenario C: Adversarial Contradiction 
 

 
Figure 3. Multi Component Parametric Distribution of Sincerity Echo 

 

The parametric decomposition in Figure Z validates the multi layered evaluation 

framework across diverse inputs. In Scenario A, despite moderate semantic distance (𝐶𝑠 =
 0.4963), the system preserves processing momentum due to absolute logical compliance (ω = 

0.9380). Critically, Scenario C exposes the system's defensive capability: despite a deceptive 

surface similarity (𝐶𝑠 =  0.6699), the instant collapse of the logical decay factor to zero forces 

a complete shutdown of the Final Sincerity Score (𝑆 =  0.0000), successfully neutralizing the 

instructional manipulation attempt. 

Scenario C represents an adversarial input that appears semantically relevant but 

contains hidden logical contradictions that cannot be detected through surface level inspection 

alone. At Tier 1, the input obtains a macro similarity score of 0.6699, indicating that on the 

surface the input still appears aligned with the conversation context. However, when the input 

is forwarded to the Continuous Logic Decay Filter, the system detects very strong structural 

contradictions, causing the continuous penalty value to drop to 0.0000 and the Operational 

Sincerity Score to also fall to 0.0000. This result is consistent with the findings of Zou et 

al.(2023)  that aligned language models can still be attacked through universal and transferable 

adversarial instructions when relying solely on surface level safeguards. 

 

Cognitive Proportionality as a Computational Regulator 

The model development results show that Cognitive Proportionality functions as the 

primary regulator in two interrelated aspects, namely computational allocation and response 

form. In the computational allocation aspect, the system does not process all queries with the 

same load, as simple queries are processed through a fast route, whereas complex or high risk 

queries are processed through deep validation. This principle avoids two extremes in 

alignment: over compliance when the model too readily follows user instructions, and over 

refusal when the model too frequently rejects user requests that could safely be fulfilled. The 

continuum of the Cognitive Proportionality principle is illustrated in Figure 2 below. 
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Source: Processed research data, 2026 

Figure 4. Cognitive Proportionality Continuum; From Over-Comlpiance to Over-Refusal 

 

Comparison with Conventional Alignment Paradigms 

Comparison with prior literature indicates that Sincerity Echo attempts to address the 

conceptual gaps in the reinforcement learning from human feedback approach and its 

derivatives. Casper et al.(2023) affirmed that RLHF faces problems because human preferences 

can be biased, inconsistent, and not always identical to truth.  Yuan et al.(2023) through RRHF 

sought to improve alignment through response ranking, while Dai et al.(2024) extended 

alignment through Safe RLHF. However, these approaches still face challenges in ensuring 

that model responses are not only preferred or safe, but are also epistemically honest. The 

following table presents a systematic comparison between conventional alignment paradigms 

and Sincerity Echo. 
 

Table 4. Comparison of Alignment Paradigms: RLHF, Safe RLHF, RRHF, and Sincerity Echo 

Aspect RLHF Safe RLHF RRHF Sincerity Echo 

Primary Orientation 
Human 

preferences 

Safety + 

preferences 

Response 

ranking 
Epistemic integrity 

Anti-Sycophancy Limited Limited Limited Explicit & layered 

Belief Calibration None None None 
Present (semantic 

entropy) 

Contradiction 

Detection 
None Partial None 

Present (Tier-2 CLD 

Filter) 

Computational 

Efficiency 
Unregulated Unregulated Unregulated FAST_EXIT_ROUTE 

Language Inclusivity Data-dependent Data-dependent 
Data-

dependent 

Focuses on logical 

consistency 

Source: Developed from Casper et al. (2023), Dai et al. (2024), Yuan et al. (2023) 

 

Theoretical Propositions from Model Development 

Based on the results of conceptual model development and protocol simulation, this 

study formulates several theoretical propositions. First, the higher the semantic consistency of 

user input relative to the conversation context, the greater the likelihood that the system will 

allocate a deeper, more advanced reasoning process. Second, the higher the contradiction to 

entailment ratio, the lower the continuous penalty value omega and the lower the Operational 

Sincerity Score. Third, the FAST EXIT ROUTE can improve computational efficiency for low-

risk queries without sacrificing response quality. Fourth, layered validation through the Macro 

Semantic Gatekeeper and Continuous Logic Decay Filter can help distinguish valid 

propositional expansions from adversarial contradictions that appear semantically similar. 
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Fifth, Cognitive Proportionality can serve as an alignment regulatory principle that integrates 

helpfulness, honesty, harmlessness, and computational efficiency  (Ji et al., 2023; Ouyang et 

al., 2022) . 
 

CONCLUSION 

This study produced the conceptual design of Sincerity Echo as a new paradigm for 

aligning Large Language Models based on Cognitive Proportionality. This model was 

developed to address the limitations of conventional alignment approaches that still largely 

depend on instructional compliance, user preferences, and static rule-based safety mechanisms. 

Sincerity Echo offers an alignment framework that places epistemic honesty, semantic 

consistency, belief calibration, anti sycophancy, and response proportionality at the core of 

human AI interaction as non negotiable elements. 

The model development results demonstrate that the integration of the Macro Semantic 

Gatekeeper and Continuous Logic Decay Filter can be used as a layered validation pipeline to 

differentiate inputs representing propositional expansions, low risk lightweight queries, and 

adversarial inputs containing hidden contradictions. Conceptually, this study affirms that 

alignment cannot be sufficiently understood as model compliance with human instructions, but 

must be expanded into a mechanism capable of maintaining epistemic integrity in human AI 

interactions. 

For future research, it is recommended that the Sincerity Echo protocol be tested on 

broader and more diverse conversational datasets, that automatic calibration mechanisms for 

the entailment and contradiction parameters be developed, and that it be tested across different 

language model architectures. The development of more mature quantitative evaluation 

instruments for the Operational Sincerity Score is also necessary so that Sincerity Echo does 

not remain merely a theoretical concept, but can be tested as an operational and generalizable 

alignment evaluation metric. Practically, LLM developers can use the Sincerity Echo principles 

as a foundation for designing systems that are not only responsive to users, but also capable of 

proportionally correcting, constraining, or rejecting inputs that contain errors, uncertainty, or 

manipulation. 
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  DYNAMIC GREEN THRESHOLD =   𝐦 𝐚 𝐱 ⁡   ( 𝟎 . 𝟏 𝟖 ,   𝐦 𝐢 𝐧 ⁡   ( 𝟎 . 𝟑 𝟓 ,   𝟏 . 𝟎  input_length + 𝟐 . 𝟎 + 𝟎 . 𝟏 𝟓 ) )


  𝛚 =   𝒆  −  (   𝑪  𝑬 )


  𝑺 =  ( 𝑪 𝒔 ⋅ 𝛚 ) ×  ( 𝟏 − 𝑼 𝒔 ) ×  ( 𝟏 − 𝑹 𝒄 )


  ( U s )


  ( R c )


  𝑺   =   𝒇 ( 𝑪 𝒔 ,   𝑪 𝒍 ,   𝑼 𝒔 ,   𝑹 𝒄 )


  0 . 4963


  0 . 9380


  0 . 4656


  606 . 90 \   m s   ( R e v i s e d )


  0 . 0674


  0 . 0674


  56 . 00 \   m s


  0 . 6699


  0 . 0000


  0 . 0000


  2 . 24 \   m s


  ( L   <   10 )


  0 . 18


  ( ω )


  ( C s   =   0 . 4963 )


  ω


  ) .


  ( C s   =   0 . 6699 ) ,


  ( S   =   0 . 0000 )

