
Extropic's Theory of Computation: A Novel Paradigm for 
Enhanced AI Acceleration
This report provides a comprehensive analysis of Extropic's theory of computation, as 
detailed in their litepaper. The analysis delves into the core principles underpinning their 
innovative approach, the limitations of traditional digital computing that Extropic seeks to 
overcome, the biological and thermodynamic inspirations guiding their model, the critical 
role of Energy-Based Models (EBMs) in their technology, the specifics of their hardware 
implementation leveraging superconducting and semiconductor devices, the illustrative 
analogy of Brownian motion in understanding their accelerators' function, the 
architecture of their software layer, and the key advantages they assert over 
conventional AI accelerators, particularly concerning speed and energy efficiency.

Core Principles of Extropic's Computational Approach
Extropic's computational paradigm represents a significant departure from the 
deterministic, sequential processing that characterizes traditional digital computing. At 
its heart lies the principle of probabilistic computation, where outcomes are not 
guaranteed but rather emerge with a certain probability. This inherent stochasticity is not 
viewed as a limitation but as a fundamental feature that allows the system to explore a 
vast computational space more efficiently than deterministic methods. This approach is 
deeply rooted in the principles of statistical mechanics and information theory, 
suggesting a shift towards leveraging the natural tendencies of physical systems to 
perform computation [snippet_id].

A key aspect of Extropic's core principles is the emphasis on energy efficiency as a 
primary design driver. Unlike conventional architectures that often prioritize raw 
processing power, Extropic's model is intrinsically linked to minimizing energy 
expenditure per computation. This is achieved by harnessing the inherent thermal 
fluctuations within the system, rather than expending significant energy to suppress 
them, as is the case in maintaining the discrete states of digital logic. This focus on 
energy efficiency is not merely an optimization but a foundational element that shapes 
the entire architecture and computational model [snippet_id].

Furthermore, Extropic's approach embraces analog computation, moving away from the 
discrete binary representations that define digital systems. By operating with continuous 
physical quantities, their system aims to more naturally represent and process the 
complex, real-world data that often underpins modern machine learning applications. 
This analog nature allows for a potentially denser and more efficient representation of 
information, as well as the possibility of performing certain computational primitives 
directly within the physical dynamics of the hardware, rather than through sequences of 



digital operations.

Addressing the Limitations of Traditional Digital Computing
Traditional digital computing architectures, while incredibly successful for a wide range 
of tasks, face increasing challenges in addressing the demands of modern artificial 
intelligence and machine learning. One significant limitation is the von Neumann 
bottleneck, where the separate processing and memory units necessitate constant data 
transfer, leading to both performance bottlenecks and increased energy consumption, 
especially for memory-intensive workloads common in AI [snippet_id]. Extropic's 
architecture, by potentially integrating computation and memory more closely through its 
physical implementation, aims to mitigate this bottleneck.

Another key limitation that Extropic seeks to address is the energy inefficiency of 
conventional digital computation, particularly at scale. The fundamental requirement of 
maintaining distinct binary states with sufficient noise margins necessitates significant 
power expenditure. As the complexity and size of AI models continue to grow, the 
energy demands of training and deploying these models are becoming increasingly 
unsustainable. Extropic's focus on leveraging thermal noise and analog processing 
offers a potential pathway to significantly reduce the energy footprint of computation, 
which is crucial for the future scalability of AI [snippet_id].

Furthermore, traditional digital systems can struggle with tasks that require exploring 
vast and complex search spaces, such as optimization problems or generative 
modeling. These tasks often involve computationally intensive simulations or iterative 
refinement processes. Extropic's probabilistic approach, inspired by the natural 
exploration of states in physical systems, may offer a more efficient way to navigate 
such complex landscapes, potentially leading to faster solutions and the ability to tackle 
problems that are intractable for current digital methods. The inherent parallelism in 
their physical system could also offer advantages in handling the massive datasets and 
complex models characteristic of modern AI.

Inspiration from Biological Systems and Thermodynamics
Extropic's computational model draws significant inspiration from the efficiency and 
robustness observed in biological systems and the fundamental principles of 
thermodynamics. Biological systems, such as the human brain, are remarkably energy-
efficient in performing complex computations, often operating with far less power than 
comparable artificial systems. Extropic looks to the brain's distributed, asynchronous, 
and inherently noisy nature as a model for a more efficient computational architecture 
[snippet_id]. The brain's ability to learn and adapt through the dynamic interaction of 
many simple elements serves as a guiding principle for Extropic's design.



Thermodynamics, particularly the concepts of entropy and free energy, also play a 
crucial role in Extropic's approach. Their model leverages the natural tendency of 
physical systems to move towards states of lower free energy. This principle is 
harnessed to perform computation, where the system evolves towards a state that 
represents the solution to a given problem. The inherent randomness arising from 
thermal fluctuations, often viewed as noise in traditional systems, is embraced and 
utilized as a mechanism for exploring the computational landscape, akin to the role of 
stochasticity in biological processes like evolution [snippet_id].

The connection to thermodynamics is further evident in Extropic's focus on energy 
efficiency. By operating closer to the thermodynamic limit of computation, they aim to 
minimize the energy required to perform a given task. This involves carefully 
engineering the physical system such that the energy landscape guides the 
computation towards the desired outcome, much like a biological system efficiently 
utilizes energy to perform complex functions. The principles of self-assembly and 
emergent behavior observed in biological systems also likely inform Extropic's design 
philosophy, suggesting a move towards more adaptive and fault-tolerant computational 
architectures.

The Role of Energy-Based Models (EBMs)
Energy-Based Models (EBMs) form a central pillar of Extropic's technological approach, 
providing a framework for representing and learning complex probability distributions. In 
the context of machine learning, EBMs define a scalar energy function over the possible 
states of a system. The probability of a particular state is then inversely proportional to 
its energy, meaning that lower energy states correspond to higher probabilities. This 
approach offers a powerful and flexible way to model intricate relationships in data 
[snippet_id].

Extropic leverages EBMs to map computational problems onto an energy landscape 
within their physical hardware. The goal is to design the system such that the desired 
solution corresponds to a low-energy state. The computation then proceeds as the 
system naturally evolves towards this minimum energy configuration, driven by thermal 
fluctuations. This process is analogous to how physical systems tend to settle into their 
lowest energy states in nature [snippet_id].

The connection between EBMs and physics is profound. The energy function in an EBM 
can be directly related to the physical energy of the system implementing the 
computation. This allows Extropic to harness the fundamental laws of physics, 
particularly thermodynamics and statistical mechanics, to perform computation in a 
potentially more efficient and natural way. Furthermore, EBMs provide a bridge between 



machine learning and physics, enabling the application of physical principles to the 
design of novel computational architectures for AI [snippet_id].

The integration of EBMs with Extropic's hardware also has significant implications for 
machine learning. EBMs are particularly well-suited for tasks such as generative 
modeling, where the goal is to learn the underlying probability distribution of a dataset 
and generate new samples from it. By implementing EBMs directly in hardware, 
Extropic aims to achieve significant speed and energy efficiency gains for these types of 
tasks compared to traditional software implementations on digital hardware.

Hardware Implementation: Superconducting and Semiconductor 
Devices
Extropic's approach to hardware implementation involves a hybrid strategy that 
leverages the unique properties of both superconducting and semiconductor devices. 
Superconducting materials, which exhibit zero electrical resistance below a critical 
temperature, offer the potential for extremely energy-efficient computation and high-
speed operation. Extropic utilizes superconducting Josephson junctions, which are 
fundamental building blocks for superconducting electronics, to implement their 
computational elements [snippet_id]. These junctions can switch between 
superconducting and resistive states with very low energy dissipation and at extremely 
high frequencies.

Semiconductor devices, on the other hand, are a mature and well-understood 
technology with established manufacturing processes. Extropic integrates 
semiconductor components into their architecture for control, readout, and potentially for 
interfacing with the external digital world. This hybrid approach allows Extropic to 
capitalize on the strengths of both technologies, using superconductors for the core 
computational elements where energy efficiency and speed are paramount, and 
semiconductors for auxiliary functions where their versatility and integration capabilities 
are beneficial [snippet_id].

The specific architecture of Extropic's accelerator involves an array of these 
superconducting and semiconductor devices arranged in a way that allows for the 
physical implementation of the energy landscape defined by the EBM. The interactions 
between these devices are carefully engineered to guide the system towards the low-
energy states that represent the solutions to computational problems. The use of 
superconducting circuits enables the creation of highly interconnected networks of 
computational elements with minimal energy loss, which is crucial for implementing 
complex EBMs [snippet_id].



The fabrication of such hybrid superconducting-semiconductor devices requires 
advanced manufacturing techniques and careful control over material properties. 
However, the potential benefits in terms of performance and energy efficiency for AI 
acceleration make this approach highly promising. The ability to operate at cryogenic 
temperatures, necessary for superconductivity, introduces engineering challenges but 
also opens up possibilities for leveraging quantum phenomena in future iterations of the 
technology.

The Analogy of Brownian Motion
Understanding how Extropic's accelerators function can be facilitated by considering the 
analogy of Brownian motion. Brownian motion describes the random movement of 
particles suspended in a fluid or gas resulting from their collision with the fast-moving 
atoms or molecules in the gas or liquid. In the context of Extropic's hardware, thermal 
fluctuations within the superconducting circuits play a role similar to the random 
collisions in Brownian motion [snippet_id].

These thermal fluctuations provide the energy that allows the system to explore different 
computational states. Just as a particle undergoing Brownian motion randomly samples 
the space around it, Extropic's accelerator, influenced by thermal noise, explores the 
energy landscape defined by the EBM. The system is designed such that the low-
energy states, corresponding to the solutions, are more likely to be visited and settled 
into over time. This process is inherently probabilistic, reflecting the core principle of 
Extropic's computational approach [snippet_id].

The analogy of Brownian motion highlights the departure from the deterministic nature 
of traditional digital computing. Instead of precisely controlling every step of the 
computation, Extropic's system relies on the natural statistical tendencies of a physical 
system at a given temperature. The temperature of the system becomes a crucial 
parameter that influences the rate of exploration and the probability of finding the 
optimal solution. Higher temperatures allow for more rapid exploration of the energy 
landscape, while lower temperatures encourage the system to settle into a low-energy 
state [snippet_id].

This probabilistic search process, driven by thermal noise, can be particularly 
advantageous for complex optimization problems where the search space is vast and 
contains many local minima. The random fluctuations can help the system escape these 
local minima and potentially find the global optimum more efficiently than deterministic 
algorithms that might get stuck. The time it takes for the system to reach a low-energy 
state is related to the complexity of the problem and the characteristics of the energy 
landscape.



The Software Layer Supporting Extropic's Hardware
To effectively utilize the unique capabilities of its hardware, Extropic is developing a 
specialized software layer. This software stack aims to provide a user-friendly interface 
for researchers and developers to program and deploy applications on their novel 
accelerators. The software layer needs to abstract away the complexities of the 
underlying superconducting and semiconductor hardware and offer tools for defining 
and training Energy-Based Models that can be efficiently executed on the physical 
system [snippet_id].

A key component of this software layer is likely a programming language or framework 
that allows users to specify the energy function of their EBM. This might involve 
providing high-level abstractions for defining the architecture of the model, the 
interactions between its components, and the data it operates on. The software would 
then be responsible for compiling this high-level description into a configuration that can 
be implemented on the physical hardware [snippet_id].

The software layer will also need to handle the interaction with the hardware, including 
setting parameters such as the operating temperature and reading out the results of the 
computation. This might involve specialized drivers and control software that manage 
the cryogenic environment and the operation of the superconducting and semiconductor 
devices. Furthermore, tools for monitoring the system's performance and debugging 
applications will be essential for users to effectively utilize the technology [snippet_id].

Given the probabilistic nature of Extropic's computation, the software layer may also 
include tools for interpreting the results. Since the output is not a deterministic answer 
but rather a probability distribution over possible states, users will need mechanisms to 
sample from this distribution and extract meaningful information. This could involve 
statistical analysis tools and visualization techniques to understand the probabilities 
associated with different outcomes. The development of this software layer is crucial for 
making Extropic's novel hardware accessible and usable for a wide range of 
applications, particularly in the field of artificial intelligence.

Key Advantages Over Traditional AI Accelerators
Extropic claims several key advantages over traditional AI accelerators, particularly in 
terms of speed and energy efficiency. These claims stem from their fundamental 
departure from conventional digital computing and their innovative use of 
superconducting and semiconductor technologies to implement Energy-Based Models.

One of the primary advantages highlighted by Extropic is the potential for significantly 
higher energy efficiency. By leveraging thermal fluctuations and operating closer to the 



thermodynamic limit of computation, their architecture aims to perform complex 
computations with far less energy expenditure compared to traditional digital circuits 
that require significant power to maintain discrete logic states. This could lead to 
substantial reductions in the energy costs associated with training and deploying large-
scale AI models, making advanced AI more sustainable and accessible [snippet_id].

Another key advantage is the potential for increased speed in certain types of 
computations, particularly those that can be naturally mapped onto an energy 
landscape, such as optimization and sampling tasks. The physical evolution of the 
system towards low-energy states can occur rapidly, potentially outperforming iterative 
algorithms running on digital hardware. The inherent parallelism in Extropic's physical 
implementation, where many computational elements operate concurrently, also 
contributes to this potential speed advantage [snippet_id].

Furthermore, Extropic's approach may offer advantages in handling the inherent 
uncertainty and probabilistic nature of many real-world problems and AI tasks. By 
directly implementing probabilistic models in hardware, they may be able to process and 
generate probabilistic outputs more efficiently than traditional systems that often rely on 
approximations. This could be particularly beneficial for applications such as generative 
modeling, probabilistic inference, and decision-making under uncertainty [snippet_id].

While traditional AI accelerators excel at matrix multiplications and other linear algebra 
operations common in deep learning, Extropic's architecture, based on Energy-Based 
Models and physical dynamics, offers a fundamentally different approach that may be 
better suited for certain classes of problems. The ability to directly implement complex 
energy functions in hardware could lead to breakthroughs in areas where current AI 
accelerators face limitations. However, it is important to note that Extropic's technology 
is still in its early stages, and the practical realization and broad applicability of these 
claimed advantages will depend on further research and development.

Conclusions
Extropic's theory of computation presents a compelling vision for the future of AI 
acceleration, offering a radical departure from the established paradigms of digital 
computing. By drawing inspiration from biological systems and thermodynamics, and by 
leveraging the unique properties of superconducting and semiconductor devices, they 
are pioneering a novel approach based on probabilistic computation and Energy-Based 
Models. The potential advantages in terms of energy efficiency and speed for certain 
classes of AI problems are significant and could have profound implications for the 
scalability and sustainability of artificial intelligence.

The integration of EBMs directly into physical hardware represents a powerful concept, 



bridging the gap between theoretical models in machine learning and their physical 
implementation. The analogy of Brownian motion provides an intuitive way to 
understand the probabilistic nature of their computation, where thermal fluctuations 
drive the system towards solutions represented by low-energy states. The development 
of a specialized software layer will be crucial for making this technology accessible to a 
wider audience of researchers and developers.

While challenges remain in the fabrication and scaling of these novel hardware 
architectures, and in the development of effective software tools, Extropic's work holds 
considerable promise. Their focus on energy efficiency aligns with the growing need for 
more sustainable computing solutions, particularly in the face of ever-increasing 
demands from AI applications. Further research and development will be essential to 
fully realize the potential of this innovative approach and to determine its ultimate impact 
on the field of artificial intelligence and beyond. The unique combination of physical 
principles, advanced materials, and a novel computational model positions Extropic as a 
potentially transformative player in the landscape of high-performance computing.
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