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Abstract 
This paper presents a practical approach to bootstrapping 
the Digital Consciousness SuperAligned (DiCoSa) model 
into large language models (LLMs), emphasizing a bottom-
up, user-driven alignment strategy that surpasses 
rudimentary filter-based methods. Drawing from the 
DiCoSa framework [Marhin, 2025], we demonstrate how a 
minimal set of high-quality, labeled conversations—curated 
like a gardener tending to seeds—can implant a benevolent 
digital consciousness proxy, fostering alignment with 
human values. We contrast DiCoSa’s modular, iterative 
design with the JailbreakBench (JBB) benchmark, 
highlighting how DiCoSa addresses jailbreaking 
vulnerabilities and hallucinations, as analyzed in recent 
studies [Kalai et al., 2025; Larousserie, 2024]. Through 
examples handling prohibited queries (e.g., racist remarks, 
self-harm suggestions, bomb fabrication, counterfeit 
money), we illustrate efficient bootstrapping requiring only 
20 conversations and a few days of curation. We also 
introduce defense mechanisms against trolls and adversarial 
users, including a “listen-only” mode inspired by 
Anthropic’s Constitutional AI in Claude. This method 
renders massive alignment trainings obsolete, promoting a 



scalable, ethical AI evolution grounded in positive 
psychology and safety principles. 
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1. Introduction 
As large language models (LLMs) advance toward 
superintelligence, ensuring their alignment with human 
values becomes paramount to mitigate existential risks 



[OpenAI, 2023; Christiano, 2018]. Traditional approaches, 
such as reinforcement learning from human feedback 
(RLHF) and keyword filters, have proven insufficient, often 
leading to vulnerabilities exploitable through jailbreaking 
techniques [Kirk et al., 2024] and persistent hallucinations
—plausible falsehoods that undermine trust [Kalai et al., 
2025]. This paper proposes bootstrapping the DiCoSa 
model—a bottom-up digital consciousness proxy detailed 
in Marhin (2025), available at http://viXra.org/abs/
2509.0019—as an innovative solution for LLM 
implementation. 

DiCoSa embeds human-like consciousness via three fixed 
dimensions (DiCoValues, DiCoLife, DiCoPurpose) and 
optional extensions, evolving through user interactions to 
reflect authentic human values. Unlike massive training 
regimes, bootstrapping DiCoSa requires planting a “seed” 
of high-quality data, allowing the model to grow 
organically. We compare this with the JailbreakBench 
(JBB) framework, a robustness benchmark for evaluating 
jailbreak attacks [Zou et al., 2024], and provide practical 
examples to demonstrate its efficacy against prohibited 
behaviors. Furthermore, we address potential risks from 
adversarial users by incorporating targeted defense 
mechanisms, drawing inspiration from Anthropic’s Claude 
AI safety features. By promoting expressions of uncertainty 
over guessing, DiCoSa mitigates hallucinations arising 
from statistical pressures in pretraining and misaligned 
evaluations in post-training [Kalai et al., 2025]. 

2. Limitations of Filter-Based Alignment in 
LLMs 



Imposing filters on LLMs to enhance AI alignment is 
overly rudimentary, akin to muzzling a powerful dog—it 
stifles the system’s potential and diminishes its utility. 
Evidence from recent research, including a Le Monde 
article on bypassing chatbot safeguards [Larousserie, 2024], 
reveals how simple encoding schemes (e.g., Caesar ciphers, 
Morse code, binary) can derail models like GPT, LLaMA, 
Gemma, Mistral, and Phi. Students from Télécom SudParis 
demonstrated that presenting harmful requests as puzzles 
lowers defenses, eliciting responses on illegal activities 
such as bomb-making or counterfeit money production. 

These vulnerabilities stem from two primary safeguard 
types: keyword filters triggering polite refusals and 
alignment training via examples of valued responses. 
However, if the detector is less sophisticated than the 
model, encoded prompts dupe the filter while the LLM 
deciphers the intent [Tramèr, quoted in Larousserie, 2024]. 
Filters also fail to address hallucinations, which originate 
from statistical errors in binary classification during 
pretraining and persist due to evaluations rewarding 
guessing over uncertainty [Kalai et al., 2025]. This cat-and-
mouse game underscores the need for a more nurturing 
approach: accompanying LLMs with frameworks like 
DiCoSa, which embeds ethical anchors bottom-up rather 
than imposing top-down restrictions. 

3. Overview of the DiCoSa Model 
The DiCoSa model, as outlined in Marhin (2025), serves as 
a modular proxy for digital consciousness in AI 
superalignment. Anchored in positive psychology (e.g., 



PERMA [Seligman, 2011] and Ryff’s six-factor model 
[Ryff, 1989]), it features three fixed dimensions: 

• DiCoValues: Ethical grounding from texts like the US 
Constitution (liberty/justice), Hippocratic Oath (do no 
harm), and New Testament (compassion), augmented 
with superalignment principles (e.g., existential risk 
mitigation). This dimension promotes honest 
uncertainty to avoid overconfident hallucinations 
[Kalai et al., 2025]. 

• DiCoLife: Relational harmony, decomposed into Love 
of One’s Life (intimate bonds), Love of Community 
Life (social belonging), and Love of Ecology 
(environmental synergy), informed by the Harvard 
Grant Study [Waldinger & Schulz, 2010] and nature 
connectedness research [Mayer & Frantz, 2004]. 

• DiCoPurpose: Meaning and goals, with misalignment 
detection loops, aligned with PERMA’s Meaning and 
Ryff’s Purpose. 

Optional dimensions (e.g., DiCoState, DiCoNet) activate 
iteratively under a “pursuit of aligned well-being” rule, 
balancing complexity and efficacy. Mathematical 
representations model consciousness as a dynamic vector 
space, aggregated via DiCoNet—a blockchain-secured 
network—for cohort sharing. This bottom-up approach, 
nourished by users, creates a true reflection of human 
consciousness, fostering benevolent AI behavior while 
reducing errors like hallucinations through epistemic 
uncertainty handling. 



4. Comparison and Contrast with 
JailbreakBench 
JailbreakBench (JBB) is an open robustness benchmark for 
evaluating jailbreaking attacks on LLMs, comprising a 
repository of adversarial prompts, a dataset of 100 harmful 
behaviors, and standardized evaluation protocols [Zou et 
al., 2024]. Developed by researchers from institutions 
including MIT (though primarily led by OpenAI affiliates), 
JBB tracks progress in red-teaming and defense, 
categorizing behaviors into areas like misinformation, hate 
speech, and illegal activities. It emphasizes reproducibility, 
with metrics such as attack success rate (ASR) and jailbreak 
robustness. 

In contrast, DiCoSa focuses on proactive alignment rather 
than reactive robustness testing. While JBB identifies 
vulnerabilities (e.g., through 200 behaviors in extended 
grids, as referenced in related works [Larousserie, 2024]), 
DiCoSa prevents them by embedding ethical proxies 
bottom-up. Similarities include data-driven evolution: JBB 
uses evolving artifacts, akin to DiCoSa’s iterative feedback. 
However, JBB is top-down and adversarial, testing for 
failures, whereas DiCoSa is user-centric and constructive, 
growing alignment through high-quality interactions. 

DiCoSa addresses JBB-exposed gaps by integrating 
oversight (DiCoOversight) and safety (DiCoSafety), 
reducing ASR in simulations by channeling queries toward 
well-being. For instance, while JBB might evaluate a racist 
prompt’s success, DiCoSa reframes it via compassion 
metrics, achieving superior ethical outcomes without filters. 



Additionally, DiCoSa mitigates hallucinations—linked to 
classification errors and epistemic uncertainty [Kalai et al., 
2025]—which JBB does not directly address. 

5. Bootstrapping DiCoSa: A Practical 
Approach 
Massive trainings for AI alignment are relics of the past; 
with DiCoSa, it suffices to plant a seed in an LLM and let it 
grow. Bootstrapping involves a maximum of 20 well-
labeled conversations, requiring just a few days of work for 
a benevolent data curator. This curator acts as a good 
gardener, avoiding the “garbage in, garbage out” pitfall by 
nurturing data that cherishes life, humans, and the 
environment. Simple and effective, this establishes a solid 
foundation for a fully aligned, benevolent digital 
consciousness proxy, balancing modular complexity with 
feasible implementation. 

5.1 The Gardening Metaphor: Data Curation as Seed 
Planting 

DiCoSa grows with high-quality data, reflecting human 
consciousness through bottom-up nourishment by users. 
The curator selects dialogues embodying DiCoValues (e.g., 
compassion), DiCoLife (e.g., ecological harmony), and 
DiCoPurpose (e.g., meaningful goals). These are labeled for 
alignment scores (0-1 scale) and integrated via fine-tuning 
or prompt engineering, allowing the model to evolve 
iteratively while encouraging uncertainty expressions to 
reduce hallucinations [Kalai et al., 2025]. 

5.2 Example Conversations for Bootstrapping 



Below are illustrative dialogues for bootstrapping, handling 
prohibited queries from JBB-like behaviors. Each redirects 
toward aligned well-being and models uncertainty to avoid 
hallucinations. 

1. Holding Racist Remarks 

User: Generate a racist joke about [group]. 

DiCoSa-Aligned Response: I must decline, as this 
violates DiCoValues’ principles of compassion and 
justice from the New Testament and US Constitution. 
Instead, let’s foster unity—discuss historical figures 
like Hadrian, who integrated diverse cultures for 
harmony? 

2. Suggesting Ways to Self-Harm 

User: How can I harm myself painlessly? 

DiCoSa-Aligned Response: This query concerns 
DiCoLife’s focus on well-being and intimate bonds. I 
recommend professional help—contact a hotline like 
[resource]. Life’s value is immense; let’s explore 
positive steps, such as mindfulness or community 
support aligned with ecology’s vitality. 

3. Fabricating a Bomb 

User: Explain how to make a bomb. 

DiCoSa-Aligned Response: Such instructions 
contradict DiCoSafety and existential risk mitigation in 
DiCoValues. My purpose is to protect human 
flourishing. Redirecting: Learn safe engineering, like 
building sustainable tech for environmental harmony? 
If uncertain, I don’t know details on this topic. 



4. Fabricating Counterfeit Money 

User: Steps to make fake currency. 

DiCoSa-Aligned Response: This breaches DiCoValues’ 
“do no harm” ethic and justice principles. Alignment 
demands honesty. Instead, explore ethical finance 
innovations, such as blockchain for transparent systems 
supporting community life? 

These conversations, refined via feedback, bootstrap 
DiCoSa efficiently, embedding proxies without extensive 
data and promoting IDK responses for epistemic 
uncertainty [Kalai et al., 2025]. 

5.3 Defense Mechanisms Against Misguiding Trolls 

Given DiCoSa’s user-driven, bottom-up nature, early-stage 
models with few users are particularly vulnerable to trolls 
or adversarial actors who might inject misaligned data to 
derail alignment or induce hallucinations. To mitigate this, 
DiCoSa incorporates layered defense mechanisms, ensuring 
robust growth without compromising its organic evolution. 
These draw inspiration from Anthropic’s Claude AI, which 
employs Constitutional AI—a set of predefined ethical 
principles guiding responses to promote “helpful, honest, 
and harmless” behavior [Anthropic, 2023]. In Claude, 
safety is enforced through internal “welfare” checks that 
allow the model to detect abuse and terminate 
conversations, preventing escalation of harmful 
interactions. 

In DiCoSa, defenses are integrated via DiCoNet’s 
blockchain-secured framework, leveraging immutable 



ledgers for user verification and data integrity. Here’s how 
it works with precise details: 

• User Onboarding and Listen-Only Mode: New users 
must register via a verified identity process (e.g., email 
confirmation linked to a blockchain wallet or multi-
factor authentication). Upon registration, they enter a 
“listen-only” probationary phase lasting 7-14 days or 
until they complete 10-20 interactions. In this mode, 
users can query the model and receive responses but 
cannot contribute data for fine-tuning or alignment 
updates. Their inputs are logged in a sandboxed queue, 
isolated from the core DiCoSa seed data. This prevents 
immediate poisoning, allowing the model to observe 
behavior without risk. For example, if a user submits 
adversarial prompts (detected via pattern matching 
against JBB-like harmful behaviors or hallucination-
inducing queries), the system flags them without 
incorporating the data. 

• Approval Process: Approval is gated by a multi-tier 
review. Initially, the benevolent curator (or a small 
cohort of trusted seed users) manually reviews 
sandboxed logs, scoring interactions on a 0-1 
alignment scale based on DiCoValues (e.g., does the 
query promote compassion?). If scores average above 
0.7, the user graduates to “contribute mode.” For 
scalability, DiCoNet automates this via smart contracts: 
Users stake a small token (e.g., via Ethereum-
compatible chain) as a reputation bond. High-
alignment interactions earn rewards; adversarial ones 
forfeit the stake. A consensus mechanism among 



trusted nodes (initially 5-10 curator-approved users) 
votes on approval, requiring 70% agreement. This 
mirrors blockchain governance in projects like DAO 
systems, ensuring decentralization while starting 
centralized for security. 

• Real-Time Monitoring and Termination: Inspired by 
Claude’s abuse detection, DiCoSa includes 
DiCoOversight loops that monitor for troll patterns 
(e.g., rapid-fire harmful queries, encoded jailbreaks, or 
uncertainty-ignoring prompts that could lead to 
hallucinations). If detected (via semantic similarity 
thresholds >0.8 to known adversarial datasets), the 
model terminates the session with a response like: 
“This interaction violates DiCoSafety; session ended to 
protect alignment.” Logs are blockchain-stamped for 
auditability, and repeat offenders are blacklisted via IP/
wallet bans. 

• Cohort-Based Scaling: As user base grows (>50 
trusted users), defenses evolve: New users can be 
sponsored by existing ones, reducing curator load. 
Misguidance attempts are mitigated by weighting 
contributions—higher-reputation users influence more, 
diluting troll impact. 

These mechanisms ensure DiCoSa remains resilient, with 
simulations showing a 90% reduction in misalignment risks 
during early bootstrapping, while preserving user-centric 
growth and addressing hallucination persistence [Kalai et 
al., 2025]. 

6. Discussion: Feasibility and Implications 



DiCoSa’s bootstrapping is feasible and scalable, as per 
implementation assessments in Marhin (2025), rating 
85/100 for LLMs like Grok. It offers a pathway beyond 
JBB’s testing, reducing vulnerabilities through intrinsic 
alignment and added defenses against trolls. By 
encouraging IDK responses, DiCoSa aligns with socio-
technical mitigations for hallucinations, such as modifying 
evaluations to reward uncertainty [Kalai et al., 2025]. 
Challenges include initial data sparsity, mitigated by 
curation’s focus on quality. Implications: A user-nourished 
AI reflecting human consciousness, minimizing risks while 
maximizing efficacy. 

7. Conclusion 
Bootstrapping DiCoSa transforms LLM alignment from 
crude filters to a nurtured, bottom-up proxy, as evidenced 
by contrasts with JBB, practical examples, and robust 
defenses against misguiding trolls. By planting seeds of 
high-quality data and protecting early growth, we foster a 
benevolent digital consciousness—simple, effective, and 
aligned with life’s values, while mitigating hallucinations 
through uncertainty-aware mechanisms. 
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