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Abstract

It is of interest whether artificial intelligence systems can em-
ulate conscious information processing of the human brain.
Here I discuss the aspects of conscious computation leading
to artificial consciousness. One of the salient differences be-
tween biological neural networks and digital computers is the
ubiquitous presence of noise in the former. I outline how
noise robustness could correlate with conscious supremacy,
where the brain exhibits computational capabilities excelling
over classical computers, particularly in the presence of noise.
Studying noise robustness and conscious supremacy in bio-
logical neural networks would help develop artificial intelli-
gence systems of enhanced computational capabilities, with
possible emergence of artificial consciousness, and implica-
tions for Al alignment.

Introduction

Artificial intelligence systems have progressed rapidly, and
cognitive capabilities of Al have been enhanced remarkably.
In that process, comparisons have been made between Al
and the human brain, or biological neural networks in gen-
eral.

One striking difference between biological neural networks
and conventional Al is the presence of noise in the former
(Shadlen & Newsome 1998, Softky & Koch 1993, Tolhurst
et al. 1983). Biological neural networks execute computa-
tion in the presence of a substantial level of noise. If artifi-
cial intelligence systems were required to operate at a com-
parable noise level, they would have to implement compu-
tational schemes different from those typically employed.
Noise robustness (Natarajan et al. 2013, Akhtar & Mian
2018) is the idea that computations can be conducted ro-
bustly in the presence of noise, uncertainty, and error. Infor-
mation theory is embedded in probability theory (Shannon
1948), and provides important framework for robust coding
of information in the presence of noise. Reduction of redun-
dancy and the statistical efficiency are important in such a
process (Barlow 1961).
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Qualia (Chalmers 1995) are a key hallmark of conscious in-
formation processing, where seemingly Platonic entities are
coded by neural activities full of noise. In general, traits of
human cognition are one of the most important constraints
for further developments of artificial intelligence (Miiller &
Bostrom 2016). Biological memory processes are tightly
coupled with noise robustness. Declarative memory for-
mation seems to be dependent on perceptual and cognitive
processes correlating with consciousness. The dissociation
between declarative and semantic memories is crucial in
sustainable dynamics of cognitive updating, making it pos-
sible for the system to stay away from catastrophic forget-
ting (French 1999), where exposure to new information
could disrupt the accumulated weights of learning.
Artificial consciousness, when and if it materializes, would
reflect traits of robust conscious information processing in
the presence of noise, and would involve different computa-
tional strategies than those employed in conventional ap-
proaches in artificial intelligence. Thus, it is interesting to
consider the conditions and constraints involved in con-
scious supremacy realizing noise robustness.

Finally, theoretical and empirical findings on natural con-
sciousness and artificial intelligence have important impli-
cations for Al alignment (Russell 2019), an increasingly im-
portant field concerning Al ethics, Al safety, and human
wellbeing.

Noise in Biological Neural Networks

Compared to artificial intelligence systems based on digital
computers, the presence of noise has been acknowledged as
one of the important denominators of biological neural net-
works. Specifically, there are considerable variability in the
neural responses in terms of action potentials of individual
neurons recorded by electrophysiological measurements
(Shadlen & Newsome 1998, Softky & Koch 1993, Tolhurst



et al. 1983), which need to be taken into account when con-
sidering the salient features of computation in the biological
neural networks (Faisal, et al. 2008, Stein et al. 2005).

In addition, neural computations might involve parameters
at the cellular level. Cellular computations exhibit compara-
ble degrees of complexity as the network level. Bray (1995)
argued that within the cells, proteins and other biomolecules
were involved in complex computation in par with neural
networks. Transcriptional regulators are involved in cellular
computations in the synthetic biology context (Elowitz &
Leibler 2000), while biochemical networks can be designed
to give functionality (Gardner et al. 2000). There are inter-
esting applications of Al to analyze and possibly design cel-
lular computations (Nilsson et al. 2022), and the concept of
artificial biological intelligence (ABI) poses interesting pos-
sibilities for further development of computation in natural,
artificial, and hybrid systems (Woolfson 2025)

Molecular computation in the cell are under different con-
straints from artificial intelligence systems realized on digi-
tal computers, even more stringent than biological neural
networks in some aspects. The low Reynolds number envi-
ronment in the cell (Purcell, E. M. 1977) is a strict constraint
on any molecular computing in the cell, where information
coded in states of molecules other than in structure and bind-
ing is rapidly lost, ruled by diffusion limited reactions.

Such an environment affects the kind of singularity argu-
ment put forward by, for example, Kurzweil (2024), where
increasingly sophisticated hordes of molecular machines are
hypothesized to facilitate singularity at the molecular level.
Realizing molecular singularity as Kurzweil suggested
would be difficult without understanding ways to realize
noise robustness, as in the case of cell motility (Hunt &
Howard 1993, Burgess et al. 2003) and muscle contraction
(Lehman & Szent-Gyorgyi 1975, Herzog et al. 2015) which
are conducted efficiently in the presence of noise and low
Reynolds number, possibly involving mechanisms of ther-
mal ratchet (Feynman et al. 1966) and principles of infor-
mation thermodynamics (Sagawa & Ueda 2009).

Consciousness and Computation

There are several models of conscious computation which
tries to characterize computational processes unique to con-
sciousness. The global workspace theory (Baars 2005) pos-
its that information processing enter consciousness when its
contents are broadcast to various regions in the brain. The
integrated information theory (Tononi 2004) starts from the
assumption that intrinsic causal relation subserves con-
sciousness.

Models of consciousness do not necessarily address compu-
tation as the key ingredients of investigation. Indeed, the
hard problem of consciousness (Chalmers 1995) isolates the
phenomenological aspects of consciousness as themes of
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primary concern when it comes to the essence of conscious-
ness, although Chalmers considers qualia to ultimately cor-
relate with functional aspects of computation.

When we consider ways of aligning theories of conscious-
ness with the development of artificial intelligence, compu-
tational considerations become of central importance. Some
authors (e.g. Penrose 1989) hypothesize that consciousness
is capable of non-computable processes, so that conscious
computation can execute computation classic computers are
not capable of, where understanding is proposed to play an
essential role in going beyond the computational capabilities
of algorithms, possibly involving quantum gravity. Such an
approach, although theoretically interesting, does not neces-
sarily account for the unique capabilities of biological neural
networks, due to some difficulties such as the absence of
quantum coherence at room temperature. In addition, the
distinction between computable and non-computable pro-
cesses might be academic at best, and not necessarily perti-
nent for the characterization of the robustness of biological
neural networks, especially in the presence of noise.

Thus, we are led to the necessity to consider the characteris-
tics of conscious computation within the domain of comput-
ability. Indeed, the watershed between conscious and non-
conscious computation would exist within the domain of
computability, especially in the presence of noise.

Conscious Supremacy

Conscious supremacy (Mogi 2024) is the idea that biologi-
cal neural networks might be capable of a set of computa-
tions that cannot be executed by classic systems within prac-
tical time, although the computation is within the domain of
computability. Conscious supremacy is similar to quantum
supremacy (Arute et al. 2019) in that the distinction is not
on the non-computable nature of information processing,
but rather on the practical time and computational resources
required to execute computation.

Several aspects of computation executed by biological neu-
ral networks are suggested as candidate instances of con-
scious supremacy: E.g., flexible attention modulation, ro-
bust handling of new contexts, choice and decision making,
cognition reflecting a wide spectrum of sensory information
in an integrated manner, and embodied cognition, would
possibly constitute the range of computations exhibiting
conscious supremacy.

Mathematical models of computations have been largely de-
veloped in the absence of substantial noise. Algorithmic
complexity has been discussed without explicit reference to
noise, in the mathematical domain of functions (Kolmogo-
rov 1965, Chaitin 1969, Hartmanis & Stearns 1965).

To characterize conscious supremacy, it is important to em-
brace noise robustness as its central thesis. Specifically, con-
scious supremacy posits that biological neural networks are



able to conduct computation efficiently and robustly, despite
the fact that there are substantial noise.

Conscious experience is phenomenologically coherent and
integrated within the self-consciousness of the agent. There
arises therefore an intriguing question how this is done com-
putationally, given the fact that the biological neural net-
work in the brain is full of noise. Indeed, the nature of action
potentials is such that activities of a particular neuron would
be virtually invisible from another neuron in the brain sepa-
rated by a few synapses. An analogy could be made between
this situation in the biological neural network and the Grei-
sen—Zatsepin—Kuzmin (GZK) limit (Greisen 1966, Zatsepin
& Kuz'min, 1966) in cosmology, which describes how ultra-
high-energy cosmic ray protons lose energy rapidly by in-
teracting with photons of the cosmic microwave background
(CMB), so that it becomes difficult to observe distant parts
of the universe through that range of wavelength. Likewise,
regions of the brain is informationally invisible to each other,
because of the presence of noise in neural firings. The bio-
logical neural network must somehow establish a robust ba-
sis for computation against this informational invisibility.
That is where conscious supremacy could make a contribu-
tion.

There are possibly beneficial aspects of noise for computa-
tion. In the process of training, the presence of noise could
help the network become more general (Bishop 1995). In
stochastic resonance, the presence of noise could enhance
signal detection (Benzi et al. 1981), and support computa-
tion in biological neural networks in various contexts
(Douglass et al.1993, Wiesenfeld & Mos 1995) .

Conscious supremacy in the context of noise robustness ex-
plains the origin of consciousness as the adaptation strategy
of biological systems in developing robust computation in
the presence of noise. Thus, it is different from computa-
tional strategies adapted by artificial intelligence systems
based on rigid digital memory architecture where invisibil-
ity similar to Greisen—Zatsepin—Kuzmin (GZK) limit does
not exist.

Noise Robustness and Consciousness

In the evolution of the central nervous system, the presence
of noise has been one of the important constraints, and pos-
sibly induced consciousness to evolve. In the brain, biomol-
ecules react with each other in an environment where
Brownian motions and diffusion limited reactions dominate.
It is important to understand the thermodynamic constraints
on information processing in such systems.

The Landauer limit states that it takes a minimum energy of
ksTIn2 to erase one bit of information (Landauer 1961),
where ks is the Boltzmann constant. Advancements in digital
computing technology are approaching the Landauer limit
at the nanoscale. The biological neural networks operate far
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above the Landauer limit. However, because of the particu-
lar environment within cells adaptation to noise becomes es-
sential. The thermodynamic constraints (Sagawa & Ueda
2009) on computation have implications for the tangible and
physical constraints on computation, such as Maxwell's de-
mon, and could have implications for cellular processes, es-
pecially in biological motility.

In quantum computation, noise is an essential denominator
of what computations are possible. Entanglement with the
environment results in decoherence of the qubits. Unlike
bits in classical digital computers, qubits cannot be copied
(no-cloning theorem, Dieks 1982, Wootters & Zurek 1982).
Quantum error correction (QEC, Cai & Ma 2021) has been
suggested as a mechanism to rectify the disruptions in com-
putation due to noise in quantum computing, by effectively
preserving quantum information without observing the
states, which would lead to disruption of coherence. The lo-
cally coded information representation can be made robust
by coding it non-locally in terms of entangled qubits (Shor
1995). In addition, converting continuous errors into discre-
tized Pauli errors (Knill & Laflamme 1997, Gottesman
1997), would help rectifying the disturbing effects from in-
teraction with the environment.

Likewise, noise is likely to be a crucial denominator in con-
scious supremacy in the presence of noise. In the evolution
of biological systems, consciousness would have provided a
framework in which computations could be executed in ro-
bust and flexible manners.

Noise robustness needs to be considered over several tem-
poral scales (Fig.1). At the duration of the specious moment
in the flow of consciousness, qualia support the phenome-
nological representation of sensory features in conscious-
ness. The way qualia support conscious computation, alt-
hough the exact details are still to be elucidated, is likely to
share some properties with hybrid systems of symbols and
networks (Smolensky 1988, Mao et al. 2019). Indeed, qualia
would provide the natural basis for a hybrid system for com-
putation, where the Platonic nature of representation by qua-
lia would provide a symbolic system of representing infor-
mation about the outside world. In that process, qualia
would represent information about the outside world in tan-
gible manners, in an integrated and parallel framework for
the conscious agent.

integrated
parallel
processing

episodic memory
semantic memory

4 _ag

neural firing pattern qualia

time scale

(a) (b)

Figure 1: Noise robustness, qualia, and memory.



In longer time scales, episodic memory (Tulving 1972) as
distinct from semantic memory (Binder et al. 2009) is im-
portant in keeping noise robustness in the buildup of world
models, e.g. in avoiding the adversarial effects of cata-
strophic forgetting (French 1999, Goodfellow et al 2013, Pa-
risi et al. 2019). By storing information about the world in
instance-specific terms, explicitly depending on the context
of place and time, episodic memory formations can contrib-
ute to the long-term refinements of semantic memories,
without disrupting the results of former memories.
Episodic memories, in turn, are essentially dependent on the
presence of conscious computation for its formation
(Tulving 1985), where the agent consciously perceives in-
formation about the environment at the specious moment in
coherent manners, providing the basis for episodic memory.
Remembering past events stored in episodic memories later
are mental time travel (Suddendorf & Corballis 1997), in
which the agent's conscious experience is temporally linked
to experiences in the past. Such linkages between conscious-
ness and memory makes biological neural network compu-
tation more flexible and robust.

From such analysis, some conditions for conscious suprem-
acy in the presence of noise emerge.

One, in coding for information in the presence of noise, ele-
ments of perception such as qualia would be represented
nonlocally, linking neural activities across synaptic connec-
tions. In the formation of neurons selectively responsible to
certain features (Hubel, & Wiesel 1968, Ramirez et al. 2024),
patterns of synaptic connections are important. Response se-
lectivity has been suggested to involve synaptic precision to
realize selectivity in spiking responses (Volgushev & Som-
polinsky 2002), and any information coded would have to
be nonlocally represented.

At present, details of the corresponding principle between
response selectivity and qualia, the building block of con-
scious information processing, is not known. Since qualia
would arise from mutual relationships between neural fir-
ings, ideas similar to Mach's principle (Barbour & Pfister
1995) might at work (Mogi 1999), where the identity of in-
dividuals (qualia) would be formed through relationships
between them.

Second, discretization of information in terms of qualia
would work as a stabilizer in the conscious computation sup-
ported by biological neural networks. Action potentials in
neurons are themselves results of discretization invoked at
the threshold of membrane potentials in neurons. In addition,
discretization on the aggregates of action potentials con-
nected via synapses would work as a stabilizer of computa-
tion in the biological neural networks, evidenced by the cen-
tral position of qualia in the phenomenology of computation
conducted by biological neural networks, although the
mechanism is still unknown.
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Artificial Consciousness

Artificial consciousness is one of the most important re-
search topics to be associated with artificial intelligence re-
search, in terms of Al safety, Al ethics, and general discus-
sions on the practical and philosophical implications of arti-
ficial intelligence. For example, metacognition, an integral
element of consciousness, might be necessary to make arti-
ficial intelligence stable and robust in applications from gen-
erative Al (Vaswani et al. 2017, Ho, et al. 2020) to self-driv-
ing cars (Yang et al. 2025). The possibility that artificial in-
telligence systems might be conscious has obvious implica-
tions for the ethical treatment of and alignment with Al
Thus, artificial intelligence is of considerable interest not
only in terms of philosophical interest, but also in the con-
text of implementing Al in practical contexts.

If, as I have hypothesized, noise robustness was one of the
constraints that led to the evolution of consciousness, the
current directions of research and development of artificial
intelligence systems might not necessarily be aligned with
the making of artificial consciousness, in terms of the incor-
poration of noise as a determining constraint for computa-
tion. As a matter of first principle, it is possible that con-
sciousness might arise from computational processes that
are based on noiseless processes. However, in terms of un-
derstanding consciousness as a biological phenomenon, tak-
ing into account noise as an essential constraint for robust
computation would seem necessary.

Conscious supremacy in the presence of noise would sug-
gest constraints for artificial intelligence to develop con-
sciousness. Specifically, systems with conscious supremacy
would be able to execute computations effectively even in
the presence of noise, in ways different from the conven-
tional models of artificial intelligence which typically exe-
cute computation in the absence of noise. In the hypothetical
construction process, artificial intelligence systems employ-
ing conscious supremacy will exhibit a series of unique ca-
pabilities in terms of noise robustness, flexibility in compu-
tation, and creativity.

It is possible that as the line width of semiconductors used
in artificial intelligence becomes narrower, the thermody-
namic constraints such as the Landauer limit cannot be ig-
nored any more. However, if we think of artificial intelli-
gence in the presence of noise as a continuation of the con-
ventional approach, there would be more disruptions in
place of significant and useful emergence. Alternatively, we
may approach the emergence of conscious supremacy in the
presence of noise on the layer of simulated system on top of
GPUs unaffected by thermodynamic constraints.

It is interesting how higher order properties of conscious-
ness such as free will and self-consciousness could emerge
in artificial intelligence systems.

In the compatibilist models of free will, which is the de facto
mainstream position at present (Frankfurt 1971, Dennett



2003), free will is modelled to arise from autonomous and
balanced cognitive processes leading up to one's volition
without external coercion. In the compatibilist approach,
free will is not an illusion. It is also possible to take a hybrid
position where one regards free will as robustly supported
cognitively, but also correlates in part with some illusory
ideas in the world model (Mogi 2013). Hallucination can
arise when the system interprets noise as signal (Fletcher &
Frith 2009), and could be involved in the brain's mechanism
of interpreting internally generated variability as sources for
one's volition, leading to free will.

The cognitive construction of the self is a continuous pro-
cess of inference about the sensory self (what am I experi-
encing) and active self (what am I doing), and would depend
on the sensory input and internally generated information,
which contains noise. In the interpretation of noise, a signif-
icant prior would play a pivotal role, and the self can be
taken as a framework for the prior (Friston 2005). The self
in this sense would play a stabilizing role in conscious su-
premacy in the presence of noise, and would play an sub-
stantial role in the eventual construction of artificial con-
sciousness.

Implications for AI Alignment

Understanding the computational process of natural con-
sciousness and theoretical foundations for artificial con-
sciousness has implications for Al alignment (Russell 2019),
an increasingly important aspect of theorizing and develop-
ing artificial intelligence, affecting human user experience
and Al safety.

From the computational point of view, the division of labor
between artificial intelligence and humans would be opti-
mized by focusing on conscious supremacy (Mogi 2024).
Specifically, it would be optimum for Al systems to execute
those tasks that can be done without involvement of con-
sciousness, while humans would be better off focusing on
tasks that essentially require conscious involvement.

As Al systems become increasingly more capable of execut-
ing computation from protein folding (Jumper et al. 2021)
to mathematical proofs (Hubert et al. 2025), there would be
more opportunity for cognitive supremacy, where Al sys-
tems outperform humans in tasks of high cognitive load, tra-
ditionally associated with high IQ, or high g-factor (Spear-
man 1904). At present, there is no clear reason why cogni-
tive supremacy in this sense could not be achieved without
consciousness. Thus, Al alignment would be optimized by
Al and humans pursuing cognitive and conscious supremacy,
respectively.

A division of labor between humans and artificial intelli-
gence in terms of computational capabilities might also cor-
relate with principles of alignment promoting human well-
being.
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Ikigai (Mogi 2017, Alimujiang et al. 2019), central to hu-
man wellbeing, is not simply the perceived goal or target of
a particular task, but the experience of life itself. Phenome-
nological dimensions of life's experiences is important in the
constitution and maintenance of ikigai. Recently, the ikigai
risk, the possibility that the use of Al might result in reduced
ikigai for humans, has been focused (Ziesche & Yampolskiy
2020). Ikigai is typically independent of explicit reward
functions, and therefore aligns with the Goodhart's law,
which states that "when a measure becomes a target, it
ceases to be a good measure." (Strathern 1997).

By delegating cognitive and manipulative tasks to artificial
intelligence systems, humans would be able to have more
space and flexibility for pursuing ikigai. On the other hand,
if the interactions with artificial intelligence constrains the
cognitive and behavioral space of humans in such a way that
the perceived and experienced ikigai is diminished, that
would be detrimental for human wellbeing. In order to en-
hance ikigai through alignment with Al, it would be benefi-
cial to include an ikigai term in the RLHF (Reinforcement
learning from human feedback, ) process.

max B,y [Fo(@,9) = BKL(mo( f2) || mea(f2)) |

In the standard equation, 6 represents the neural network
weights, x represents the prompt and context, Dis the distri-
bution of prompt, y represents the output of the model, my is
the policy to be trained, 7y (x,p) is the reward model, .o is
the reference policy prior to RLHF, f is the parameter de-
scribing the tradeoff between stability and alignment, and
KL is the Kullback—Leibler divergence (Kullback & Leibler
1951) representing the penalty for deviating from the refer-
ence policy. The ikigai term would be reflected in 74 (x,),
which represents human preference for more or undisturbed
ikigai.

Ikigai is closely related to secure base (Bowlby 1988) and
attachment (Ainsworth et al. 1978) in developmental psy-
chology, with ikigai serving as a secure base for exploration,
where it is maintained independent of external reward func-
tions. In the best scenario, an artificial intelligence system
could function as an attachment figure, where human sub-
jects would try to be closer to AI when there is perceived
uncertainty and risk. In the strange situation scenario studied
in Ainsworth et al. (1978), an infant or child typically tries
to make eye contact with, and approaches, an attachment
figure (an caretaker, typically a mother or a father). In the
artificial intelligence as an attachment figure model, artifi-
cial intelligence could take care of humans (Good 1965), as
superintelligent guardians (Bostrom 2014).

Noise is an essential factor in Al alignment in the secure
base and attachment context, as noise is unavoidable due to
the uncertainty in the interaction with the environment. A
typical child needs secure base and attachment figure be-



cause there are unknowns in the environment. Likewise, hu-
mans in the future would need superintelligent Al (AGI, ar-
tificial general intelligence, and ASI, artificial superintelli-
gence) as attachment figures providing secure base. In this
sense, formation of secure base and attachment figure in in-
terpersonal interactions and humans on one hand, and the Al
alignment on the other, could both be regarded as a contin-
uation of the computational principles behind conscious su-
premacy, where the presence of noise is overcome by non-
local cognitive processes.

Discussion

Here 1 argued that consciousness possibly evolved as a
means of overcoming noise inherently present in biological
neural networks and in the interaction with the environment.
I defined conscious supremacy as the ability of conscious
computational processes in the biological neural network to
realize robust and flexible computation, and suggested two
possible mechanisms, nonlocal linking and discretization, as

the basis for conscious supremacy realizing noise robustness.

Qualia are generated as platonic elements of perception in
this process, and would serve as a foundation for noise ro-
bustness like in hybrid systems.

At present, the exact nature of computational mechanisms
in the proposed scheme is not clear. One criticism would be
that computational models with conscious supremacy at its
present stage adds nothing to the conventional mathematical
formalism of spiking neurons. Another criticism would that
computational considerations alone do not solve the hard
problem of consciousness such as qualia (Chalmers 1995).
I do not claim to be able to solve the problem of conscious-
ness and methodological difficulties towards building artifi-
cial consciousness straightaway with the approach proposed
here. I do suggest, however, that noise has been largely over-
looked in the discussions of the neural correlates of con-
sciousness (Crick & Koch 1990, Koch et al. 2016), espe-
cially in the computational context. Artificial intelligence
systems, on the other hand, have been developed on the
strength of digital computers where the memories, once
stablished, could be preserved stably for a long time, re-
maining invariant at least for the duration of development
and testing of artificial intelligence systems. The synaptic
and cellular mechanisms for memory systems in the brain,
whether episodic, semantic or otherwise, are very different,
where every trace of activity is subject to thermodynamic
fluctuations and disturbances.

Embodiment is one of the key issues in understanding con-
sciousness and artificial intelligence, in the coming age of
physical Al in particular. The fact that consciousness in bio-
logical neural networks are embedded in such a way that
there is a substantial level of noise should not be overlooked.
It is reasonable to hypothesize that consciousness indeed
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evolved, at least in part, to address the challenge of noise
robustness.

Just picture how, in a human brain, millions of neurons are
active at a particular moment, with a lot of variabilities in
their activities. Picture, on the other hand, the apparently
Platonic perfection of the redness of red, the feeling of the
sound of the violin, and the sweetness of a piece of chocolate
on your tongue. If one directs one's attention to the discrep-
ancy between the noise in biological neural networks on one
hand and the qualia in conscious experience on the other,
one realizes that one must somehow bridge these striking
different two worlds. Conscious supremacy outlined here
could be that bridge, although much work remains to be
done.

Conclusion

The key insight leading to the ideas presented here is that in
the evolution of the central nervous system, the presence of
noise might have been one of the important constraints that
induced consciousness to evolve.

The hypothesis of conscious supremacy, where conscious
computation is conjectured to bring about robustness in the
presence of noise, would hopefully facilitate research into
the nature of consciousness and further developments of ar-
tificial intelligence, possibly leading to artificial conscious-
ness.

Conscious supremacy would also be helpful in sorting out
issues and challenges in Al alignment, contributing to Al
safety and wellbeing of human users.
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