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Abstract 

The growing use of artificial intelligence (AI) 

in nuclear command, control, and 

communications (NC3), especially in space- 

based security systems, marks a significant 

shift in how strategic decisions may be made. 

AI systems can improve information 

processing and operational speed, but they also 

create new risks that may undermine strategic 

stability. This study explores the ethical, 

technical, and strategic challenges that arise 

when nuclear decision-making relies on 

autonomous or semi-autonomous systems. 

Drawing on deterrence theory, research on AI 

safety, studies of human–machine interaction, 

and existing space law, the paper identifies 

three primary sources of risk: shortened 

decision timelines, ambiguous responsibility 

for decisions, and weaknesses in sensor 

reliability. To demonstrate how these factors 

interact, the study presents a stochastic 

escalation model showing how fast-paced 

machine interactions can raise the risk of 

unintended conflict in uncertain conditions. 

The paper concludes by outlining a Human- 

Centric Heuristic (HCH) governance model 

that emphasizes sustained human control while 

still supporting timely operational decisions. 

Keywords: AI governance, nuclear 

 

deterrence, NC3, space security, escalation 

theory, automation bias, strategic stability. 

 

1. Introduction 

Rapid advances in artificial intelligence are 

transforming the architecture of global security. 

Machine learning systems now support 

intelligence analysis, missile detection, cyber 

defense, and battlefield decision-support 

(Horowitz, 2018; Payne, 2021). Concurrently, 

renewed geopolitical competition has accelerated 

the militarization of outer space, where satellites 

increasingly function as critical nodes within 

nuclear early- warning networks (Bowen, 2020; 

Moltz, 2019). 

These developments create a structural 

paradox.Strategicenvironments characterized by 

hypersonic delivery systems, cyber interference, 

and orbital surveillance require decision speeds 

beyond unaided human cognition. Yet nuclear 

command decisions remain uniquely 

consequential, historically anchored in human 

judgment to prevent accidental war (Sagan, 

1993; Blair, 2020). 

This paper refers to this tension as the 

algorithmic brink—the threshold at which the 

pursuit of operational speed risks undermining 

the normative and institutional safeguards that 

have historically constrained nuclear use. 

 

Research Contributions: 

This study makes three primary contributions: 

1. Conceptual Contribution: It develops a novel 

triple-threatframework—temporal 

compression, responsibility gaps, and sensor 

fragility—to explain how autonomy may 

destabilize deterrence systems. 
2. Analytical Contribution: It introduces a 

stochastic escalation model that formalizes 

probabilistic pathways through which 

automated interactions can generate unintended 

conflict. 

3. Governance Contribution: It proposes a 

Human- Centric Heuristic (HCH) model for 

embedding human authorization withinAI- 

enabledstrategicinfrastructures. 

By bridging fragmented scholarship across AI 

ethics (Russell, 2019; Bostrom, 2014), deterrence 

theory (Jervis, 1989; Schelling, 1966), and space 

security studies (Johnson, 2023), the paper offers 

an integrated framework for evaluating 

algorithmic risk in existential security systems. 
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2. Literature Review 

2.1 AI and Strategic Stability 

Work on AI and nuclear deterrence generally 

agrees that new technologies may affect how 

states judge risk, though there is less agreement 

on whether the effects are stabilizing. Horowitz, 

Scharre, and Velez-Green (2020) suggest that 

faster sensing and analysis could reduce 

uncertainty in some cases. Other authors are 

more skeptical. Acton (2018) argues that 

automation, especially in retaliatory systems, 

may increase escalation risks rather than reduce 

them. 

Speed is a recurring concern in this debate. 

Payne (2021) points out that when decisions 

must be made very quickly, leaders may have 

little time to question incoming information. 

This can encourage early or preemptive action 

during crises. Geist and Lohn (2018) make a 

related argument, noting that algorithmic 

systems can misunderstand signals or generate 

false alerts. They refer to historical near-miss 

cases, including the Soviet false warning 

incident in 1983, as examples of how 

misinterpretation can occur even without 

automation. 

 

2.2 Automation Bias and Human–Machine 

Trust 

Research on automation shows that people 

often rely on machine outputs more than they 

should. Parasuraman and Riley (1997) describe 

how operators tend to accept automated 

recommendations, even when there are reasons 

for doubt. Cummings (2017) finds that time 

pressure and stress make this tendency stronger. 

Similar patterns appear in applied research. 

Studies in aviation and medical decision- 

making show that trained professionals 

frequently defer to automated systems once 

those systems are seen as reliable (Dzindolet et 

al., 2003). These findings raise concerns about 

whether human judgment can serve as an 

effective check in high-risk environments. 

 

2.3 Responsibility and Moral Agency 

Another issue raised in the literature is 

responsibility. Matthias (2004) argues that 

learning systems may behave in unexpected 

ways, making it difficult to assign blame when 

something goes wrong. This problem 

becomes more serious as systems gain 

autonomy. Sparrow (2007) and Taddeo and 

Floridi (2018) extend this discussion to military 

and weapons systems. 

In nuclear decision-making, unclear 

responsibility could have serious consequences. 

If outcomes are shaped by automated processes, 

it may not be obvious who is accountable. This 

could affect crisis communication, legal 

responsibility, and later assessments of what 

occurred. 

 

2.4.AI Safety and System Reliability 

Technical studies on AI safety point to several 

ongoing problems. Systems often perform 

poorly when conditions differ from their 

training data, and they can be vulnerable to 

deliberate interference (Amodei et al., 2016; 

Hendrycks et al., 2021). These weaknesses are 

especially relevant in military settings, where 

environments are unstable and adversaries 

actively try to exploit system limits. 

Russell (2019) argues that advanced systems 

must remain aligned with human goals. 

Achieving this in practice is difficult, 

particularly in contested environments where 

deception and uncertainty are common. 

 

2.5Space Militarization and 

Legal Constraints 

Existing space law offers limited guidance on 

these issues. The Outer Space Treaty of 1967 

sets broad principles but does not address 

automated or algorithmic decision- making. 

Several legal scholars argue that this gap has 

become more problematic as military reliance 

on space-based systems has grown (Jakhu & 

Pelton, 2017; Tronchetti, 2015). 

As satellites and other orbital assets become 

more closely tied to nuclear command and 

control, unresolved legal questions may 

increase the difficulty of managing crises. 

 

3. Triple-Threat Framework 

Rather than treating AI-related risks as a single 

problem, this study separates them into three 

broad areas. These issues appear repeatedly 

across the literature and are especially relevant 

when decision speed and uncertainty are high. 

They are discussed here in turn. 

 

Temporal Compression 

One of the most obvious effects of AI-enabled 

systems is speed. Decisions that once took 

minutes or hours may now be made almost 

instantly. This can be beneficial in some 

situations, particularly where survivability 

depends on rapid response. 
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At the same time, faster decision-making leaves 

less room for reflection, verification, or 

correction. When errors occur under these 

conditions, there may be little opportunity to 

reverse them. 

 

Responsibility Gaps 

Automation also complicates responsibility. As 

systems take on a greater role in decision- 

making, it becomes harder to determine who is 

accountable for specific outcomes. Decisions 

may result from a sequence of automated steps 

rather than a single human choice. Current legal 

and ethical frameworks do not clearly resolve 

how responsibility should be assigned in these 

cases. 

 

Sensor Fragility 

Another concern involves the reliability of 

sensor data. Strategic systems depend on inputs 

that may be degraded by cyber activity, 

radiation exposure, or physical debris in orbit. 

These disruptions do not always produce clear 

failures. Instead, they often generate ambiguous 

or probabilistic signals. If such signals are 

treated as reliable, they may contribute to 

escalation even when no hostile action has 

occurred. 

 

4. Methodology 

Analytical Approach 

The approach taken here is exploratory. Rather 

than attempting to predict outcomes, the study 

uses a combination of conceptual reasoning and 

simulation to examine how escalation might 

occur under uncertain conditions. The emphasis 

is on identifying patterns and risk pathways 

rather than precise forecasts. 

 

Model Structure 

The model represents two opposing actors 

operating in an orbital environment where 

information quality varies. Each actor receives 

signals that may be inaccurate and responds 

according to predefined rules. Escalation is 

treated as a changing state that depends on 

previous actions and current inputs. 

The system updates according to the following 

relationship: 

 

S(t+1) = Φ(S(t), A(α), η) ........................ (1) 

 

Here, α reflects the degree to which decisions 

are automated, while η represents uncertainty in 

incoming signals. The function Φ captures the 

probability that the system moves toward higher 

or lower levels of escalation. 

 

Model Implementation 

The model was implemented in Python and 

evaluated using repeated simulation runs. 

Monte Carlo sampling was used to explore a 

wide range of possible conditions. In total, 

10,000 iterations were conducted. Sensor 

degradation was represented as a continuous 

variable with fixed bounds, allowing noise 

levels to vary across simulations. 

Sensitivity testing further suggests that 

autonomy exerts the strongest marginal 

influence on escalation probability relative to 

signal noise and response velocity. 

Importantly, the model is conceptual rather than 

predictive; its purpose is analytical clarification 

rather than operational forecasting. 

Monte Carlo methods are widely used for 

modeling low-probability, high-impact 

strategic risks due to their capacity to 

approximate complex probabilistic systems 

(Metropolis & Ulam, 1949; Fishman, 1996). 

 

 

4.3.1 Simulation Design 

Statistical Summary 

The simulation produced the following results: 

Mean escalation probability: 0.417 Standard 

deviation: 0.182 

Highest observed probability: 0.972 
These values show that escalation outcomes 

varied widely when uncertainty was present. 

The escalation model was implemented using a 

Monte Carlo simulation. Its purpose was to 

estimate how often unintended conflict could 

occur under different levels of automation and 

environmental uncertainty. 

Three variables were included in the model and 

treated as continuous values between 0 and 1: 
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Autonomy coefficient (α): the share of 

decisions carried out without direct human 

review 

 

Signal noise (η): the likelihood of sensor errors 

caused by factors such as cyber interference, 

radiation exposure, or orbital debris 

Response velocity (ν): the rate at which the 

system produces a response once a signal is 

received 

For each simulation run, values for these 

variables were drawn from uniform 

distributions. This approach was chosen to 

avoid favoring any particular parameter range 

or outcome in advance. 

 

4.3.1 Escalation Function 

Using the escalation function defined in 

Equation (2), a decision rule was implemented 

to classify system states. 

Escalation likelihood was computed using a 

nonlinear weighted function: 

P(E)=0.5α
2
+0.3η+0.2ν ............................(2) 

 

The squared autonomy term captures theoretical 

findings that risk accelerates once automation 

surpasses oversight capacity. 

4.3.3. Decision Threshold 

An escalation event was recorded whenever the 

computed escalation probability exceeded the 

predefined critical threshold: 

P(E)>0.65 ..................................................................(3) 
 

where P(E) represents the modeled probability 

of escalation derived from the weighted 

interaction of autonomy, signal uncertainty, and 

response velocity. 

The threshold value of 0.65 was selected to 

represent the tipping point at which a strategic 

system transitions from a defensive monitoring 

posture to an irreversible escalation pathway. 

Conceptually, this cutoff approximates 

conditions under which automated threat 

assessments would generate a sufficiently high- 

confidence alert to trigger retaliatory or pre- 

emptive action. 

This binary classification enables the simulation 

to distinguish stable operational states from 

high-risk escalation regimes. 

Iterations 

Total simulations: 10,000 
Method: independent probabilistic sampling 

Environment: Python-based stochastic 

computation 

 

4.3.4 Statistical Summary 

Across 10,000 simulation runs, the mean 

escalation probability was 0.417 (SD = 0.182), 

with a maximum observed value of 0.972. The 

distribution  indicates substantial   volatility 

under conditions of elevated autonomy and 

environmental noise. From a strategic risk 

perspective, a failure probability exceeding 

10% would   typically   be  considered 

operationally unacceptable within nuclear 

command environments. Table 1 presents the 

descriptive statistics derived from 10,000 

Monte Carlo simulation runs illustrating the 

distributional  properties of key  model 

parameters and the  resulting   escalation 

probability. 

 

Table 1: Descriptive Statistics of Escalation 

Model Variables 

 

Variable Mean Std. Dev. Min Max 

Autonomy Coefficient (α) 0.50 

 

0.50 

 

0.50 

 

0.417 

0.29 0.00 1.00 

Signal Noise (η) 0.29 0.00 1.00 

Response Velocity (ν) 0.29 0.00 1.00 

Escalation Probability P(E) 0.182 ~0.00 0.972 
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5. Results and Discussion 

5.1 Simulation Results 

Table 2 shows the frequency distribution of system states across simulation runs. 

Table 2: The Escalation Outcome Frequencies 

 

Outcome Frequency Percentage 

Stable State 8,768 87.68% 

Escalation Event 1,232 12.32% 

 

12.32% of simulations produced an escalation 

event. Even under conservative modeling 

assumptions, this rate suggests that increasing 

autonomy may introduce nontrivial systemic 

fragility into strategic command 

architectures.The simulation highlights three 

systemic vulnerabilities. As illustrated in Figure 

1, escalation risk remains bounded at lower 

autonomy levels but exhibits a pronounced 

right-tail distribution once critical thresholds 

are approached. 

 

 

 
 

 

Figure 1: Distribution of escalation probability 

across 10,000 simulations 

 

Nonlinear Escalation 

Risk does not increase gradually but accelerates 

beyond specific autonomy thresholds. 

 

Recursive Feedback Loops 

Automated counter-responses may generate self- 

reinforcing escalation cycles. 

Oversight Latency 

Human intervention becomes 

operationally infeasible once decision 

speeds exceed communication constraints. 

 

5.2 Discussion 

The simulation reveals a nonlinear escalation 

regime in which risk remains moderate at low 

autonomy levels but increases sharply once 

automated decision authority exceeds human 

supervisory capacity. Notably, escalation events 

occurred in over 12% of trials, suggesting that 

even well-calibrated autonomous systems may 

introduce structural instability into nuclear 

command architectures 
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Regression-basedvariance decomposition 

suggests that autonomy contributes 

disproportionately to escalation risk, 

reinforcing concerns about excessive 

delegation within strategic command 

architectures. 

The presence of a nonlinear escalation regime 

suggests that autonomy may function as a 

phase-transition variable within strategic 

systems, whereby incremental increases 

produce disproportionately large shifts in 

systemic risk. 

 

6. Policy Implications: The Human- 

Centric Heuristic (HCH) 

The Human-Centric Heuristic (HCH) 

framework advances three governance 

mechanisms designed to preserve meaningful 

human oversight while maintaining the 

operational advantages of AI-enabled strategic 

systems. 

 

Deterministic Overrides 

Critical launch decisions should require non- 

learning authorization layers to ensure that the 

use of force remains subject to deliberate 

human judgment. Embedding deterministic 

control mechanisms reduces the likelihood of 

unintended escalation driven by autonomous 

system behavior. 

 

Strategic Latency Buffers 

Engineered temporal delays within decision 

architectures may help preserve deliberative 

capacity without fully disabling automation. 

Such buffers create opportunities for human 

verification during high-uncertainty events, 

thereby mitigating the risks associated with 

machine-speed response cycles. 

 

Algorithmic Assurance Regimes 

Independent auditing frameworks—potentially 

coordinated through international institutions 

such as the International Atomic Energy 

Agency (IAEA)—could enhance transparency, 

strengthen accountability structures, and reduce 

the probability of misperception among 

strategic actors. 

 

7. Limitations 

This study faces several constraints. Simulation 

parameters rely on theoretical abstraction due to 

classified infrastructures. Behavioral complexity 

cannot be fully captured 

computationally, and rapid advances in AI may 

alter autonomy-risk relationships. Nonetheless, 

the framework provides a foundation for 

future empirical work. 

 

8. Conclusion 

Unchecked use of AI in nuclear and space- 

related security systems may create new sources 

of instability. Although automation can improve 

efficiency and responsiveness, delegating too 

much authority to machines risks eroding the 

role of human judgment that has traditionally 

helped stabilize deterrence relationships. 

For this reason, maintaining clear human 

involvement in strategic decision-making is not 

only a normative concern. It is also a practical 

requirement if long-term stability is to be 

preserved. Without such involvement, errors or 

misinterpretations may propagate more quickly 

through command systems. 

There is therefore a strong case for earlier and 

more coordinated international discussion. 

Once autonomous functions become deeply 

embedded in nuclear command structures, 

reversing or constraining their use may be far 

more difficult. 
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