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An Editorial on the Frontiers in Science Lead Article

Breaking the memory wall: next-generation artificial intelligence
hardware
Key points
• The super-exponential growth of data harvested from human input and
physical measurements is exceeding our ability to build and power
infrastructure to communicate, store and analyze, making our present
artificial intelligence trajectory economically unsustainable.

• A major limitation is the mismatch between the enormous parallel
computing needs of artificial neural networks and the traditional
computing paradigm that separates independently optimized
compute and memory, which has led to the huge latency and energy
inefficiencies known as the memory wall.

• There are numerous hardware research proposals in the areas of
compute-in-memory and tighter integration of sensors with computing
networks that indicate improvements of three orders of magnitude or
more in speed and power consumption are possible, dramatically
democratizing AI.

• These approaches will need to coordinate research in materials, devices,
circuits, architectures and algorithms for a total AI solution with active
memory, rather than simply expose a new bottleneck somewhere else in
the system, as in Amdahl’s Law, to realize their potential.
Artificial intelligence (AI) may be racing ahead, but it is running straight into a wall—

the memory wall. The faster AI models grow, the more energy and time they waste simply

moving data between memory and computation. In their lead article in Frontiers in

Science, Kaushik Roy and colleagues confront this problem head-on, providing a cross

section of frontier next-generation hardware research that can overcome this bottleneck

through active compute-in-memory (CIM) and brain-inspired architectures (1).

Meanwhile, the amount of data being collected worldwide is increasing at a super-

exponential rate (2), growing much faster than we can communicate through the cloud or

store in data centers, let alone analyse effectively. AI is seen as the only way to make sense of
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all this data and transform it into useful and valuable information,

but data center construction and energy costs are skyrocketing, and

significant doubts are mounting about the economic sustainability

of the current AI model.

Are we trying to move too fast, or are we trapped in a hype

cycle? Where should AI computation occur? In behemoth cloud

data factories or on the “edge” of the internet, where data are

collected and used? At the present, training AI models demands

massive datasets and highly precise calculations that require

centralization. Once a particular type of AI has been trained,

however, it should be possible to transport its parameters to an

edge system to perform inference, which requires less precision and

can even benefit from a degree of stochastic behaviour using

analogue representations of numbers. A general class known as

artificial neural networks (ANNs) has been force-fit into today’s

computer and data architectures but may ultimately prove

inadequate for the kinds of cognition AI is promised to deliver. A

more brain-like genre that emulates the way neurons communicate

and store information is a spiking neural network (SNN), which is

well suited for operating on real-time data inputs in edge

environments, though the technology remains in its early stages.

The intellectual challenges faced by those trying to turn AI into a

reliable technology are enormous, but no matter how brilliant the

algorithms and the software to implement them, AI will not be useful

if it remains too slow and expensive to use (3). This is why any long-

term effort to advance AI must dismantle the memory wall. For the

past sixty years, computing has relied on the Boolean logic paradigm,

built on silicon-based material systems that use the physical

interaction between voltages and charge. This has enabled chip

designers and foundries to iterate and optimize this one platform at

an astounding rate, known as Moore’s Law. Memory, however, is a

very different beast, and it has evolved far more slowly. This mismatch

is the origin of the memory wall, a widening chasm between

computation and data storage that is growing rapidly with time.

There is no universal memory, but rather many diverse types based on

a wide range of different materials and physical interactions. Modern

computing systems choreograph data through a hierarchy of multiple

memories—from vast, inexpensive storage drives to fast but power-

hungry caches near the processor. Every calculation requires shuttling

data across this hierarchy, consuming significant time and energy.

This fundamental separation of memory and compute, known as the

von Neumann bottleneck, is an unavoidable consequence of the fact

that the technologies used to build them are inherently incompatible.

Moreover, memory technology itself is in a constant state of

flux, with new materials, device structures and physical interactions

continually being introduced in the quest of creating a true

universal memory that merges some levels of the existing

hierarchy. Many of these innovations appear extremely promising

at first, but they invariably require decades of research and

development that can cost hundreds of millions of dollars, only to

falter when an unanticipated problem arises in bringing a product

to market, as happened with Optane—an Intel memory and storage

technology (4). The challenges and pitfalls of creating yet another

newmemory have understandably made the tech industry wary, but

without continued exploration of new ideas and investment, we
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simply reach the edge of the chasm, watching it grow wider and

more difficult to cross as we cling to our entrenched technologies.

Is there a path forward for AI? The progress in memory

technology has been slower and riskier than in logic, leaving

computing architectures increasingly lopsided and unsustainable in

both energy and cost. This imbalance opens the door to more radical

ideas. If we look to the brain, we see that compute, memory and

communication are all embodied in a network of neurons. Rather

than attempting to cram more memory into a computing chip, can

we instead perform most of the computing inside an active memory

where data reside, without costly movement? This is the promise of

compute-in-memory (CIM), which collapses the traditional

boundary between logic and storage by letting the same physical

elements perform both roles. CIM not only reduces data movement

but allows entirely new types of computation, analog, stochastic and

event-driven, that mimic aspects of biological brains (5). These

architectures can execute matrix operations and learning tasks with

drastically lower energy demands. Yet they require new design

principles: error-tolerant algorithms, hybrid analog-digital circuits,

and co-design across device, architecture, and algorithm layers. There

is great promise in this approach, but also many unresolved

questions. What type of active memory is best for CIM, digital or

analog? How should it be integrated with the traditional memory

hierarchy, or does it require an entirely different architecture? How

will data flow through these networks? Will we be able to develop

general purpose hardware, or will different types of applications need

specific implementations of CIM?

The lead article by Kaushik Roy et al. (1) captures a snapshot of

the range of research that is presently being pursued to answer the

above questions. The broader AI issues are invoked, but to provide a

focus and ground their discussion on an edge application, the

authors have chosen the example of an autonomous drone—a

quintessential edge application—to illustrate the challenges of

sensor fusion, data flow, computation and real-time response to a

changing and uncertain environment. Domain experts have come

together who collaborate closely with each other but maintain

unique viewpoints to provide potential answers for CIM and

sensor components, as well as system-level integration. This level

of horizontal communication in the research stage is historically

unusual but necessary for ideas to be vetted and new breakthroughs

to propagate rapidly through the community. The careful attention

to detail in the figures of this paper deserves special attention, in

that they provide a visceral illustration and unify the concepts

presented by the authors, linking material science, circuit design,

and intelligent behaviour to provide a coherent whole.

The road ahead will not be linear, nor will any single technology

provide a complete solution. The convergence of memory and

computation represents a profound technological shift; a move

from machines that merely process information to ones that

embody it. Rapid progress will require simultaneous advances in

materials, devices, circuits, architectures and algorithms, with

continual communication within the extended community to

avoid the creation of hyper-optimized components that are not

compatible with a system. Whether AI can truly succeed may

depend not on how much it knows, but on how it remembers.
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