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Abstract

The promise of Thousand Brains Systems lies in their potential to learn sensorimotor models

of highly complex environments on-the-fly and continually. Thousand Brains Systems are

based on the theory that mammals evolved flexible intelligence through the replication of

semi-independent sensorimotor units known as cortical columns.

While today’s implementations remain small in scale as the fundamentals get developed and

improved upon, there is an obvious motivation to scale up such systems to the size of the

human neocortex. However, the fundamental design of Thousand Brains Systems demands

parallel execution with heterogeneous weights. This makes scaling such systems incompatible

with the high operational intensity demanded by GPUs, and incompatible with modern

core-centric computers that rely on deep cache hierarchies.

We argue that Processing-in-Memory systems offer a unique opportunity to massively scale

up Thousand Brains Systems, and thus have the potential to revolutionize the applicability of

these models to more complex problems. That is because:

(i) Thousand Brains Systems are scaled through increasing the number of Learning Modules,

which are small, self-contained and operate in a semi-independent fashion.

(ii) In a Processing-in-Memory chip, compute and memory are co-located, leading to a system

with a massive amount of independent small processing units that can concurrently work on

heterogeneous data.

We call our idea a Thousand Brains on a Thousand Chips.

We introduce Montyll, a Thousand Brains System implemented in high performance C, and

Montyll-PiM, a companion implementation on a real-world Processing-in-Memory system.

We successfully scale Montyll to 2560 learning modules on a single-node CPU system an

a PiM system, representing 44.5M neurons and 16.1B synapses. Montyll-PiM features a

speedup of 2.2× over Montyll on a high-end CPU baseline. Our work is the first of its kind

studying the impact of large-scale interconnected htm networks and column-based artificial

intelligence on computing systems.
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Chapter 1

Introduction

Today’s leading artificial intelligence systems lack core features of biological intelligence, especially

the ability to learn rapidly [1][2] and continually [3][4][5] while in deployment [6][7], in a compute

and energy efficient way [8][9][10].

Building on the theory that mammalian intelligence is based on replication of a core computational

unit, the cortical column [11][12], the Thousand Brains Theory [13][14][15] is a theory of intelligence

in the neocortex, which argues that each cortical column learns complete predictive sensorimotor

models of the world. Adopting these principles, Thousand Brains Systems [16][17] are artificial

intelligence systems that aim to bridge the gap with biological intelligence.

Thousand Brains Systems are composed of many learning modules, analogous in function to

columns in the neocortex. They are inherently designed to learn through interactions with an

environment. Each module learns a local sensorimotor model and contributes to a collective

representation through lateral communication. This design implies a distinct scaling profile, as

increasing capabilities is done through the instantiation of more learning modules, thus maintaining

more module-specific connections and state. The functional equivalence between learning modules

and cortical columns provides a strong motivation to scale such systems toward mammalian

cortices with thousands of columns, up to the human neocortex with roughly 200’000 cortical

columns.

Our goal in this paper is to investigate the unique requirements of scaling Thousand Brains Systems

and to investigate the ability of various computing platforms to accommodate those requirements.

In contrast to mainstream deep learning [18][19][20][21], where performance is often driven

by batching and high data reuse over shared weights [22][23][24][25], Thousand Brains Systems

operate in an auto-regressive sensorimotor loop and rely on large amounts of module-specific state

and connections. In our analysis of two concrete implementations, this leads to low operational

intensity and memory-dominated execution, with large per-step data movement that scales linearly

with the number of learning modules.

On CPUs, scaling quickly runs into core oversubscription (many more learning modules than cores,

forcing time-sharing within a step) and the memory bandwidth wall, as the combined working

set overwhelms caches and must be streamed from DRAM each step. On GPUs and systolic-

array accelerators [26], the lack of cross-step parallelism and the low operational intensity limit

utilization. Additionally, irregular control flow (e.g., pointer-chasing) further reduces efficiency.
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Processing-in-Memory (PiM) is a long-standing architectural idea [27][28][29][30][31][32][33] that

has regained momentum as data movement has become a dominant cost in modern systems [34][35].

The core principle is to bring computation closer to where data resides, trading fast, complex cores

for many simpler compute units embedded near memory, thus exposing high internal bandwidth

and providing massive parallelism. Recent work has demonstrated PiM’s potential across a broad

range of workloads, and both academia and industry have recently proposed concrete PiM systems

[36][37][38][39][40][41].

For Thousand Brains Systems, the key advantage of PiM is that it offers a large number of indepen-

dent compute units with high aggregated memory bandwidth, allowing many learning modules to

run the same step in parallel on heterogeneous weights. This observation motivates our central

idea: a Thousand Brains on a Thousand Chips.

In this work, we put forth the following contributions:

• We identify the core architectural bottlenecks that arise when scaling Thousand Brains

Systems, and explain why they are a poor fit for both CPU-centric designs and GPU-style

accelerators.

• We introduce Montyll, a novel Thousand Brains System which integrates elements of low-

level cortical processing, for which we provide a unified mathematical formulation and

space/complexity analyses, as well as a high performance C implementation.

• We introduce Montyll-PiM, the implementation of Montyll on (i) a PiM functional simulator

and (ii) a PiM cycle-level simulator.

• We demonstrate that a real-world PiM system can be used to scale Montyll-PiM to 2560

learning modules, and achieve up to a 2.2× speedup over a high-end CPU baseline.

Our goal is to highlight how Processing-in-Memory systems can revolutionize the applicability

of Thousand Brains Systems through scale. We hope to give a sense that this holds true for any

artificial intelligence system that operates on the principles of column-based intelligence in the

neocortex, as their structure demands massive parallel computations on heterogeneous data.

We open source our code in the following repositories. Montyll at https://github.com/

Xavier0301/cmontyll. Montyll-PiM on a functional simulator at https://github.com/

Xavier0301/montyll-pim and Montyll-PiM on a cycle-level simulator at https://github.

com/Xavier0301/montyll-upimulator.
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Chapter 2

Background

2.1 Thousand Brains Systems

Despite significant progress over the last decade, current leading AI systems lack core attributes

of biological intelligence, such as rapid learning (few-shot) from limited data [1][2], continuous

adaptations to new situations [3][4][5], especially in robotics [7][6][42][43], robust generalizations

using structured representations [44][45][46][47][48] and compute and energy efficient learning

[8][9][10].

Building on the theory that mammalian intelligence is based on replication of a core computational

unit, the cortical column [11][12], the Thousand Brains Theory [13][15] is a theory of intelligence in

the neocortex developed by Jeff Hawkins and his research group over the past 20 years. It explains

intelligence in the neocortex by arguing that each cortical column learns complete predictive

sensorimotor models of the world.

The Thousand Brains Project [17] was launched in 2024 in an attempt to build AI systems that

bridge the gap between artificial intelligence and biological intelligence, based on core principles

of the Thousand Brains Theory. These models are composed of learning modules that mimic the

function of cortical columns in mammals, where each learning modules gets sensory input from

a sensor patch as highlighted in figure 2.1. Early results on these Thousand Brains Systems are

promising [16]. In particular, they outperform Visual Transformers on rapid learning, continuous

learning and compute-efficient training and inference on a 3d object detection benchmark.

Figure 2.1: Thousand Brains Systems architecture. Thousand Brains Systems are composed of sensor modules and
learning modules. Each learning module gets the transformed sensory input from a sensory patch, unlike deep learning
methods that get sensory input from complete high-resolution images.
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2.2. Processing-in-Memory

While current implementations of Thousand Brains Systems build models of the world based

on explicit graphs in 3d space, one of the long term goals of the Thousand Brains Project is to

integrate elements of low-level neocortical processing into Thousand Brains System, e.g. using

more complete neuron models [49][50][51][52][53][54] and representing locations with grid cells

[55][13][56][57][58][59][60].

2.2 Processing-in-Memory

The concept of co-locating memory and compute on a single chip has been a source of architectural

debate since the 1970s [27][61][28], which resurfaced in the 1990s and 2000s [29][30][31][32][33]

and has arguably never been as active as it is now [62][34][37][35]. Processing-in-Memory (PiM)

remains a radical departure from the traditional Von Neumann architecture that dominates today’s

computing, where logic and memory are separate and communicate through a narrow data bus, as

highlighted in figure 3.2.

(a) Von-Neumann Architecture (b) Processing-in-Memory

Figure 2.2: Core-centric architecture vs. Processing-in-Memory. Processing-in-Memory places compute closer to the
data, thereby eliminating the potentially costly data movements that core-centric (Von-Neumann) architectures are
susceptible to.

Historically, main memory (DRAM) and logic (CPUs) have been manufactured using different

fabrication processes. Different pressures led the memory and logic fabrication processes to be

vastly different. Patterson et. al’s analysis from 1997 remains valid today [31]. Memory fabs offer

small DRAM cells for increased memory density and low leakage current for reduced refresh rate.

Logic fabs offer fast transistors for fast logic and many metal layers for complex routing.

If a single fabrication process is chosen to co-locate memory and logic, one of the two will suffer

some downsides. Manufacturing memory in logic fabs leads to prohibitive costs for large memory

capacities. Manufacturing logic in memory fabs leads to slow logic and an inability to easily support

complex routing due to the reduced number of metal layers. The Processing-in-memory that is of

interest to us is the latter, to keep memory capacity high while adding direct computing capabilities

to the DRAM.

Despite the limitations, the promise of Processing-in-Memory lies in its capability to elimi-

nate costly data movements and to provide massive internal bandwidth for parallel computa-

tion. As such, it has more recently been put forward in academia for its capabilities in general-

purpose computing [36][63][64][65], graph processing [62][66][67] and neural networks inference
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2.2. Processing-in-Memory

[68][64][69][70][71]. In parallel, industry has proposed Processing-in-Memory solutions geared

at general purpose computing [38], neural network inference [39][40] and recommender systems

acceleration [41].

Despite these significant advances, Processing-in-Memory has yet to establish itself as a widely-

used computing platform. While there are many barriers that explain its limited adoption today

[72][34], we believe that a significant reason is the lack of a killer application for Processing-in-

Memory. An application that is both important and that can uniquely be scaled on Processing-

in-Memory hardware. This means an application that takes advantage of the Processing-in-

Memory architecture in a way that is comparatively significant with respect to other computing

architectures.

We hope to give a sense that any artificial intelligence system that operates on the principles of

column-based intelligence in the neocortex, like Thousand Brains Systems, constitutes a potential

killer application for Processing-in-Memory systems. This is because the column-based structure

induces a need for massive parallel computations on heterogeneous data, thus highlighting a unique

advantage of Processing-in-Memory system that has, to the best of our knowledge, not been widely

discussed and put forward in the literature.
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Chapter 3

Motivating the need for Processing-in-Memory

Why can’t we just use CPUs, GPUs, accelerators, neuromorphic chips or compute clusters to scale up
Thousand Brains Systems?

3.1 Prelude on Thousand Brains Systems

3.1.1 The motivation to scale

Why should one care about scaling upThousand Brains Systems?

Figure 3.1: Size of the human neocortex. The human neocortex is functionally made up of cortical columns [73], about
200’000 of them, for a total of 20 billion neurons and 150 trillion synapses. Each cortical column is arranged in layers,
each layer containing pyramidal neurons.

Thousand Brains Systems are based on the Thousand Brains Theory, which posits that each cortical

column [12][11] in the neocortex acts as a semi-independent sensorimotor learning system. The

cortical organization in the brain is highlighted in figure 3.1. The learning modules in Thousand

Brains Systems would be equivalent in function as cortical columns in the neocortex. The human

neocortex counts around 200’000 cortical columns [14], although the exact figure varies depending

on the neocortical surface area and column diameter figures used [12]. If one believes what precedes

7



3.1. Prelude on Thousand Brains Systems

to be true, the motivation to scale Thousand Brains Systems to thousands of learning modules

becomes evident.

Early experiments and implementations of Thousand Brains Systems demonstrate quantitative

upsides to increasing the number of learning modules. Leadholm et. al [16] show improved

accuracy and up to 8x faster inference on a 3d object recognition task. Further research needs to be

conducted to characterize the exact benefits of scaling the number of learning modules, specifically

in adding multiple modalities, speeding up inference and constructing deeper hierarchical models

[17].

3.1.2 Computing Thousand Brains Systems

Thousand Brains Systems learn by interacting with their environment. At each step, the model

receives input to its sensors and issues a motor command. As a consequence, Thousand Brains

Systems are autoregressive in nature, during both learning and inference. That is because the

model’s response at step i depends on internal changes that happen at step i−1. This is highlighted

in figure 3.2a.

(a) Environment loop (b) The model in detail

Figure 3.2: Thousand Brains Systems setup. Thousand Brains Systems are inherently designed to learn by interacting
with an environment.

This means that we cannot parallelize the computation across steps, but we can look for paral-

lelization opportunities within each step’s computation. In particular, Thousand Brains Systems

are made up of semi-independent many sensor and learning modules, which represents a paral-

lelization opportunity, as highlighted in figure 3.2b.

Another parallelization method is to run many simulations at once and to batch over the simulations.

This method has been successfully applied in the field of deep reinforcement learning [74][75][76].

However, the fundamental goal of Thousand Brains Systems is to create sensorimotor intelligence

capable of continual and rapid (few-shot) learning [17]. This is antithetic to learning by running
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3.2. GPUs, TPUs and Systolic Arrays

thousands to millions of simulations at once. A benefit of pursuing the continual rapid learning

goal could also be the key to the Sim-to-Real gap in robotics: the difference in performance when

training on a simulator and deploying in the wild [77]. If an agent can quickly and continually

learn complex models of the world while deployed, there is no need to bridge a Sim-to-Real gap.

As such, a goal of the paper is to find a suitable computing platform for embodied sensorimotor

intelligence.

3.1.3 Thousand Brains Systems implementations: Monty and Montyll

In this chapter, we often refer to two Thousand Brains Systems implementation. One is Monty

[16], which builds object models based on explicit graphs in 3d cartesian space. The other is our

custom C implementation Montyll, which we will explain in greater detail in chapter 4. Montyll

integrates elements of low-level neocortical processing, e.g. using more complete neuron models

[49][51] and representing locations with grid cells [55][56]. Montyll was explicitly designed to be

aligned with the long term goals of the Thousand Brains Project [17].

3.2 GPUs, TPUs and Systolic Arrays

The use of GPUs has completely revolutionized the applicability of Deep Learning Systems, why can’t
it do the same for Thousand Brains Systems?

3.2.1 GPU architecture and operational intensity

The operational intensity OI of a workload is defined as the number of operations executed per

byte of accessed memory:

OI = Operations/Byte

In a way, it is a measure of data reuse: how many times is a single piece of data reused in the

workload. GPUs [78], TPUs [25] and, more generally, systolic arrays [26] all provide massive

performance benefits for workloads with high operational intensity. To understand why, we have

to look at the following example roofline model [24] in figure 3.3 including GPUs, TPUS and

CPUs.

We see that at lower operational intensities (1-10 ops/byte), GPU or TPU systems offer no signifi-

cant advantage over CPU-only systems, especially once we consider the potential cost of moving

data from the CPU cores to the GPU/TPU system. However, once we consider higher operational

intensities (100-1000 ops/byte), we see that GPUs and TPUs offer significantly higher processing

speeds. The cost being that one needs high operational intensity in their workload to benefit from

the potential performance gains of GPUs and TPUs. Work is continually being done to push the

training of modern neural network ever closer to the compute-bound region of the roofline model,

by reducing data movements and thus increasing the operational intensity [81].
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3.2. GPUs, TPUs and Systolic Arrays
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Figure 3.3: GPU/TPU roofline plot. Deep learning methods shows high operational intensity, especially as methods
progressed from e.g. CNNs [22] to Transformers [79]. GPUs (e.g. A100) and TPUs exhibit high performanced (TFlops/s)
at high operational intensities, and lower performance at lower operational intensities. Thousand Brains Systems exhibit
low operational intensity due to their auto-regressive nature. Extended from [80].

In GPUs and TPUs, inputs are streamed from memory and reused by the same block of weights

stored in shared memory, as highlighted in figure 3.4. As such, larger batches of inputs are required

for high compute utilization in GPUs and TPUs.

Figure 3.4: Batching in GPUs. To hide memory access latencies, the GPU architecture relies on kernels that reuse the
same set of weights across many inputs, also called batching.

3.2.2 Thousand Brains Systems’ operational intensity

We calculate the operational intensity of Monty and Montyll, two Thousand Brains Systems

implementations mentioned in section 3.1.3. We show their standing on a roofline model in figure

3.3.

Recall from section 3.1.2 that Thousand Brains Systems computation happen in an auto-regressive

loop. Thus, we cannot consider batching across steps, and have to consider the maximum that can
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3.3. CPUs

be reused within a step to compute the operational intensity.

Monty exhibits potential for small levels of data reuse with matrix-vector operations that can

be batched over the number of objects learnt. However, the computation time is dominated by

KD-Tree knn search primarily consisting of pointer-chasing operations. Such computation not

only presents low operational intensity, it causes branch divergence which further presents a

great barrier to GPU performance [82]. As such, the operational intensity of Monty is less than 10

ops/byte.

Montyll’s operational intensity is straightforward to compute as it is based on calculating activa-

tions and predictions via a sparse connection matrix, where each connection is used once per step.

Therefore, the operational intensity of Montyll is around 1 op/byte.

3.2.3 Conclusion

As we saw, GPUs, TPUs and systolic arrays suffer from low processing speed (ops/second) for

workloads with low operational intensity. On the other hand, Thousand Brains Systems exhibit

low operational intensity, in the 1-10 ops/byte range. As such, GPU and TPU systems have limited

capacity to revolutionize the applicability of Thousand Brains Systems to larger scale and more

complex problems.

3.3 CPUs

Learning modules of Thousand Brains Systems are semi-independent self-contained processing units.
Modern multicore systems can contain up to hundreds of cores. Why can’t we just use modern multicore
CPUs to scale up Thousand Brains Systems?

We will see in this section that the biggest barrier to scaling up Thousand Brains Systems on CPUs

is not necessarily the number of cores and the available operations per second, but the latency and

bandwidth to the main memory (DRAM).

Recall from section 3.1.1 that we wish to scale up Thousand Brains Systems to thousands of learning

modules. This means that, at every step, data that is relevant to the recognition of an object, the

recognition of an environment, or the generation of a motor command must be fetched and

brought to the cores for computation. But how much data are we actually talking about here? We

first consider the data movement costs for a single learning module and discuss the implications

for a systems with thousands of learning modules.

3.3.1 Thousand Brains Systems data movements

Theoretical data movement volume. Current stereological estimates suggest the human neo-

cortex contains approximately 20 billion neurons [83] and roughly 150 to 164 trillion synapses

[84]. A single neuron in the neocortex is expected to be connected to thousands (≈ 7’500) of

other neurons. As mentioned in section 3.1.1, these neurons are functionally organized in 200’000

cortical columns. While it is hard to classify synaptic connection into inter-column (long range)
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and intra-column, we can expect roughly 100’000 neurons and 750 million synapses per cortical

column. An interesting detail is that the size of cortical columns stay approximately consistent

across species whose brain differ in volume by a factor of 1000 [12]. This means that the theoretical

footprint of a cortical column in the brain is around 3 GB, assuming that each connection has to

address a space of 224 neurons and 8 bits are used to represent the connection myelination and

strength. If every connection is used to determine the state of neurons at a specific step, then the

theoretical data movement volume is 3 GB per step and per column.

Monty data movement volume. Monty’s current learning module implementation is based on

explicit graphs in 3d space. As such, the exact footprint of a learning module in Monty depends

on the underlying object model used, the number of learnt graphs and the number of learnt

observations per graph. In practice, we find that the learning module footprint is around 1-100

MB, and that the data movement volume is around 5-100 MB per step per learning module.

Montyll data movement volume. Montyll was designed to strike a compromise between the

theoretical footprint and the limited memory available to us in the Processing-in-Memory chips

as mentioned in sections 3.7 and 4.2. Each learning module in Montyll contains 20’000 neurons,

where each neuron can develop connections with up to 480 other neurons, for a total of 9.6M

connections. Montyll’s memory footprint is 50 MB and its data movement volume is around 100

MB per step per learning module.

Table 3.1: Data movement volume of Thousand Brains Systems per step for different numbers of learning modules.
Biological equivalents are there to provide a rough idea, not a strict comparison.

Modules Theoretical Monty Montyll Biological Equivalent

1 3 GB 5–100 MB 100 MB 1 Cortical Column

2’500 7.5 TB 12.5–250 GB 250 GB Cat cortex (Felis Catus) [85]

200’000 600 TB 1–20 TB 20 TB Human neocortex

Data movement volume at scale. Data movement volume increases linearly with the number

of learning modules in a Thousand Brains System. We see that the data movement volume per

step increases to pretty hefty sizes quite quickly in table 3.1. For a system with 2’500 learning

modules, akin to the size of the cerebral cortex of the cat (Felis Catus) with 250 million neurons

[85], Thousand Brains Systems need tens to hundreds of gigabytes of data moved. To reach the full

size of a human neocortex at about 200’000 learning modules, we need tens of terabytes of data

movement per step.

3.3.2 Can CPUs scale Thousand Brains Systems?

There are two barriers that strongly limit CPUs from scaling Thousand Brains Systems to thousands

of learning modules: core oversubscription and the memory bandwidth wall. To better explain
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how these problems arise even on some of the most power CPU-based hardware, we include table

3.2 that presents a range of CPU-based computing platforms. We purposefully include low-end to

high-end robotics hardware alongside a high-end workstation CPU, as one of our goals is to find

the best computing platform for embodied sensorimotor intelligence.

Table 3.2: Robotics and Workstation Hardware Specifications. A comparison of core counts and memory bandwidth
across a spectrum of CPU-based computing platforms.

Platform Cores LLC Mem. Bandwidth Power DRAM

Jetson Nano [86] 4 2 MB 25.6 GB/s 5–10 W 4 GB

Jetson Orin Nano [87] 6 4 MB 102 GB/s 7–15 W 8 GB

Jetson AGX Orin [88] 12 6 MB 204.8 GB/s 15–60 W 64 GB

Jetson Thor [89] 14 16 MB 273 GB/s 40–130 W 128 GB

Threadripper 7995WX [90] 96 384 MB ≈ 384 GB/s ≥ 350 W ≤ 2 TB

Core oversubscription and time-sharing. As shown in table 3.2, a high-end workstation possesses

96 cores, and a high-end robotics system (AGX Thor) possesses 14. Whether we look at Thousand

Brains Systems of cat-scale (2’500 learning modules) or human-scale (200’000 learning modules),

there is bound to be a massive imbalance between the number of learning modules and the number

of physical cores. For example, to run 2’500 modules on 96 or 14 cores, the CPU must employ

time-sharing, where each physical core is responsible for sequentially computing 26 and 178

modules respectively per time step. This serialization destroys the system’s latency.

The memory bandwidth wall. The most critical bottleneck is not the compute speed, but the

sheer volume of data movement. As established in table 3.1, a Montyll implementation at the scale

of a cat (2’500 modules) requires moving approximately 250 GB of data per step.

Comparing this requirement to table 3.2, we see a gap between the required data movement and

the available memory bandwidth. The NVIDIA Jetson Thor offers 273 GB/s, and the Threadripper

workstation offers ≈ 384 GB/s. These would cap the runtime of cat-scale Montyll to around 1

step per second on account of data movements alone.

Because the combined footprint of the learning modules well exceeds the l3 caches, the CPU cannot

hide this latency. Every step forces a full flush and reload of data from DRAM. No matter how

fast the CPU cores can compute the relevant operations, time to bring data assuming maximum

bandwidth is already a limiting factor. Scaling to a human-sized system (200’000 modules) would

mean spending 53s on data movements alone on the best hardware of table 3.2 at peak bandwidth.

Multi-node systems. If single-node CPUs are not sufficient to scale to thousands of learning

modules, why not use many nodes at once? The answer partly lies in our goal to find the best

computing platform for real-time embedded sensorimotor learning. We talk about this in more

detail in section 3.6.
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3.4 Accelerators

Any modern System-on-a-Chip has AI accelerators, why can’t there simply be Thousand Brains
Systems accelerators in-logic?

In-logic accelerators for Thousand Brains Systems have been proposed [91][92][93], although

they are not end-to-end designs and only cover specific elements of Thousand Brains Systems

implementations.

Scaling issues. While these designs might help run small scale Thousand Brains Systems faster and

in a more energy-efficient way, they suffer from the same data movement problems at larger scale

that we mention in the section 3.3.1 on data movements in CPUs. In particular, our observations

from table 3.1 about data movement volume for Thousand Brains Systems with 2’500 and 200’000

learning modules still apply here. Connection data still overwhelms the caches, and thus needs

to be brought from higher-latency and lower-bandwidth main memory, as highlighted in figure

3.5. These designs are not geared to answer the problems that arise when we massively scale up

Thousand Brains Systems.

Figure 3.5: By having to bring the connection data frommain memory, In-logic accelerators suffer from the same data
movement bottlenecks as any core-centric architecture.

Programmability. Another problem with accelerators is that they are not programmable. How-

ever, Thousand Brains Systems are still a very active area of research that is arguably in its infancy.

Researchers need programmability to allow for some amount of freedom in designing and experi-

menting with new algorithms and model architectures. We expect the exact underlying algorithms

and methods to change massively, especially to bridge the gap between current Thousand Brains

Systems [16] and the long term goal of the Thousand Brains Project [17], which aims to integrate

elements of low-level neocortical processing [49][52][55] into Thousand Brains Systems.

3.5 Neuromorphic hardware

Neuromorphic computing is a computing approach inspired by the human brain’s structure and
function. Why can’t past and current neuromorphic computing efforts be used to scale Thousand
Brains Systems?
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While it sounds like existing neuromorphic hardware [94] supports neuron models which align

with Montyll [95], more than 90% of neuronal connections occur at distal dendrites [96] and have

a completely different spiking mechanism (NMDA spikes) [97] that neuromorphic chips do not

support. This significant gap can be closed by supporting multi-compartment or pyramidal [98]

neuron models, but it would come at a large cost in runtime and parallelism. Some neuromorphic

hardware like BrainsScaleS-2 offers limited support to multi-compartment neuron models [99],

but it limits the number of connections per neurons to tens instead of the thousands required to

represent its biological counterpart with fidelity [49]. Efforts also remain limited in their ability to

learn and form new connections [100].

Device Limitations. While the field of neuromorphic hardware is large, the main emerging

memory technologies (RRAM, PCM, MRAM) have severe limitations. Despite their potential

for high density, these devices are notoriously unreliable: they often behave inconsistently from

one to the next, their stored values tend to change on their own over time, and they struggle to

strengthen or weaken connections with equal precision [101]. Crucially, limited write endurance

(often capping between 106 and 109 cycles for PCM and RRAM) severely restricts the capacity for

the continuous, rapid synaptic updates required for lifelong on-chip learning. They nonetheless

represent an interesting and significant opportunity to scale workloads that can inherently tolerate

noise, which we discuss in section 8.2).

Programmability. The design choices at the core of neuromorphic chips greatly constrain the

applications and limit the algorithm design space in a field where algorithmic breakthroughs are

needed to make significant progress. Moreover, Thousand Brains Systems like Monty are based on

graphs of locations in 3d cartesian space, which is wholly incompatible with the core operations

performed by neuromorphic chips.

3.6 Datacenters & Computer Clusters

Datacenters & Compute Clusters can be used to massively scale up applications and simulations, why
can’t it do the same for Thousand Brains Systems?

There are a couple reasons why one might search for a better scaling solution than throwing ever

larger warehouse-scale computer at the problem. We will go over these reasons in this section.

Goal incompatibility. One of the goals of Thousand Brains Systems [17] is to design sensorimotor

learning systems that can perform rapid continual learning. In particular, to design systems that

learn by interacting with their environment rather than through back-propagating losses on a big

static dataset like deep learning systems. Another goal, although similar, is to design algorithms

that learn while in deployment and can be run on the edge for robotics applications. These goals

are incompatible with a training and deployment model that relies on warehouse-scale computers

because of real-time processing constraints.
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What’s needed for research. Regardless of the goal incompatibility, big computer clusters are

expensive. Needing such big clusters to conduct research on Thousand Brains Systems effectively

limits the pool of research groups willing and able to invest these sums. An analogy can be made

with the hardware that enabled large scale deep learning systems. In 2009, researchers at Stanford

where among the first to advocate for using graphics processors to train deep learning systems

[102]. We know now how influential this idea has been, although it has mostly been popularized by

the AlexNet paper [22], which actually demonstrated the power of GPUs to train large scale deep

learning networks. There was another interesting paper from 2012, which trained large scale deep

learning systems on tens of thousands of CPU cores [103]. Although successful, the general idea

of the paper has been less influential: no one really trains models on clusters of CPUs. Although

the success of GPUs over CPUs to train neural networks cannot be traced to a single term, it

is undeniable that a big factor has been the scale to cost advantage that GPUs offer. We believe

that Processing-in-Memory systems can afford researchers the same scale to cost advantage over

competing hardware.

3.7 Processing-in-Memory (PiM)

How can Processing-in-Memory help scaling up Thousand Brains Systems?

3.7.1 UPMEM PiM Architecture

The Processing-in-Memory design that we consider in this paper is based on the chips commercial-

ized by the company UPMEM, released in 2021 called variant v1B. An UPMEM module is based

on a standard DDR4-2400 DIMM, and multiple memory channels can be dedicated to UPMEM

modules. Within a module is a set of DPUs, which can all operate in parallel. UPMEM chips

are an example of 2d-integrated PiM designs [104], where the PiM cores (called DPUs, for Data

Processing Units) are located near the memory banks, as highlighted in figure 3.6. There can be up

to 2560 PiM cores operating in parallel on a full system.

Figure 3.6: UPMEM Processing-in-Memory Architecture. UPMEM DPUs are RISC cores located on the memory chip,
near the banks.
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In aggregate, these chips are capable of performing 1.02 trillion operations per second, of accessing

their bank memory (MRAM) at a bandwidth of 1.28 TB/s and of accessing their scratchpad memory

(WRAM) at a bandwidth of 8.19 TB/s. Before looking into more detail, these are the figures that best

explain how Processing-in-Memory can handle the sheer aggregated volume of data movement

that large scale thousand brains systems exhibit as outlined in table 3.1, as well as the aggregated

number of operations.

Each PiM core is a 32-bit in-order RISC processor, running at 400 MHz and fine-grained multi-

threaded (FGMT). Multiple tasklets (i.e. threads) (from 1 to 24) can run on each PiM core. Because

it is FGMT, there can only be a single instruction from the same tasklet traveling through the

14-stage pipeline at once. Therefore, it is important to parallelize any piece of code across tasklets

to run at a maximal number of instructions per cycle.

A PiM core has zero-cycle latency access to the register file and single-cycle latency access to a 64

KiB scratchpad memory called WRAM. Data from the 64 MiB memory bank, called MRAM, first

needs to be transported to the WRAM for access. These accesses need to be explicitly handled by

the programmer through a DMA engine. What does not need to be handled by the programmer

is how the instructions are fetched from the MRAM to the 24 KiB IRAM, which can hold 4000

instructions at once, each encoded on 6 bytes.

Because of the constraints of designing logic using a DRAM manufacturing process, the PiM cores

suffer from a few performance issues. In his Hot Chips 31 presentation [38], F. Devaux from

UPMEM cites the following figures for the DRAM manufacturing process. The transistors are

three times (3x) slower than for a logic process of the same size, the logic is ten times (10x) less dense

than an ASIC process and the routing density is dramatically lower with 3 metals only for routing

(vs. 10+ for logic process), and pitch x4 larger. The chips thus only run at 400 MHz compared

to the 2-3 GHz that any modern processor can handle. They also do not support floating-point

operations and only support integer multiplications of small precision (8 bits × 8 bits).

While these PiM chips suffer some serious limitations, they have the potential to do parallel

computing on heterogeneous weights on 2560 cores at once. We hope to give a sense that our

target application Montyll (section 4) plays nicely with the limitations of these PiM chips. In

particular, the learning and activation rules that Montyll follows (section 4.1.3) only require low-

precision integer arithmetic, while the memory footprints (table 4.4) and access patterns fit nicely

within the WRAM-MRAM transfer paradigm. Dividing the work into tasklets is straightforward

and those activation rules that require high precision floating point operations (e.g. boosting in

pooler, section 4.1.3) can be converted into DPU friendly option (section 4.2).

3.7.2 Thousand Brains Systems on PiM: a rough analytical model

The following derivations are made to give a flavor of why, without going into too much detail,

the Processing-in-Memory equation works for Montyll. In the next section 4, we dive into the

details and show the exact benefits in the results section 6.

In Montyll, the model footprint is around 50 MiB, with a data movement per step of 50-100 MiB

and an operational intensity of 1, entailing around 50-100 million operations (MOps) per step.

Let’s say that on average, it is 75 MiB and 75 MOps per step. According to [37], if we transfer the
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relevant data from MRAM to WRAM well, we end up doing it at around 500 MiB/s. If we apply to

bandwidth figure to our 75 MiB of data movement per step, we’d end up spending 150 ms on data

transfers. Furthermore, the core runs at 400 MHz and we have 75 MOps to execute, it will end up

taking 188 ms. This makes a total processing time of 338 ms per step. This might seem like a lot,

but it opens up an opportunity for multiple steps a second to be executed across 2560 learning

modules. Most importantly, if we recall from section 3.3.2 on single-node CPUs, data movements

alone for 2500 learning modules cost nearly a second for the high-end workstation.

Now we have to be careful about our estimates above. In particular, the DPUs do not necessarily

execute 1 ”useful” operation per cycle, it all depends on the instruction mix, how well the work

is parallelized and how many accessory instructions are needed to setup the execution of said

operation. Furthermore, MRAM-WRAM transfer latencies are not taken into account. We are also

not taking the costs of eventually communicating states across learning modules that are located

on different DPUs. Thankfully, this section only serves to give a rough idea, and our thorough

implementation (section 4) and experiments (sections 5, 6) will give more precise data (section 6)

to evaluate the benefit of PiM to scale Thousand Brains Systems.
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Chapter 4

A Thousand Brains on a Thousand Chips

4.1 Montyll: a Thousand Brains Systems implementation in C
MontyllMontyllMontyllMontyllMontyllMontyllMontyllMontyllMontyllMontyllMontyllMontyllMontyllMontyllMontyllMontyllMontyll stands for MontyMontyMontyMontyMontyMontyMontyMontyMontyMontyMontyMontyMontyMontyMontyMontyMonty low-level, as it is inspired from N. Leadholm et al.’s implementation

named Monty [16], but integrates elements of low-level neocortical processing e.g. more complete

neuron models [49][51] and grid cells to represent location [55][56]. Montyll was explicitly designed

to be aligned with the long term goals of the Thousand Brains Project [17]. It is written in C for

performance and to be amenable to architectural studies. We open source Montyll at https:

//github.com/Xavier0301/cmontyll.

Our goal is to show that Thousand Brains Systems can be uniquely scaled on Processing-in-Memory

hardware. As such, Montyll is not designed to be useful or solve a specific problem. It is rather

designed to be a good representation of Thousand Brains Systems computations, especially as

they integrate more low-level elements of neocortical processing. We leave a port of Monty, a

Thousand Brains Systems implementation that solves concrete 3d object recognition problems, to

Processing-in-Memory systems as future work.

4.1.1 Architecture

The architecture of Montyll follows the high-level architecture of Monty, with sensor modules and

learning modules. In Montyll, these sensor and learning modules are implemented with low-level

neocortical processing elements. What that means, we hope, will become clear in this very section.

We summarize the architecture of Montyll in figure 4.1.

The first important concept to introduce here are sparse distributed representations (SDRs), modeled

after representations in the neocortex. Sparse because only a small percentage of neurons are

active while the rest remain inactive [105]. Distributed because a representation does not rely

on a single neuron but on a population of neurons. As such SDRs could also be called ”a sparse

distributed code of cellular activations”, and have been studied to have great noise tolerance and

vast representational capacity in [106], [53], [54] and [49].

Let’s now shift our attention to the neuron model that will underlie all the computations in Montyll.

Departing from the point neuron [107] used in conventional neural networks [18] as well as spiking

neural networks [108], we adopt the active dendrite model proposed by Hawkins in 2016 [49].

This model distinguished between proximal inputs, which drive action potential spikes, and distal

inputs, which drive dendritic spikes. When a distal dendritic segment recognizes a pattern, it
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(a) High Level Architecture

(b) Learning Module (LM) Architecture

Figure 4.1: Architecture of Montyll. The learning modules in Montyll are implemented using a collections of HTM
networks. Sensor modules produce SDRs representing the sensory patch inputed to them. Horizontal arrows represent
context connections, attached at distal sites of neurons and producing NMDA spikes. Vertical arrows represent feedfor-
ward connections, attached at proximal sites of neurons and producing action potentials.

generates a local NMDA spike which depolarizes the cell body without causing an action potential

[109][97]. Integrating dendritic spikes in neuron models is especially important if we consider

that 90% of the connections in the neocortex happen at distal locations, and only 10% at proximal

locations [96]. In 2016, Hawkins proposed that a dendritic spike places the cell in a predictive state

[53], which would cause it to fire earlier than its neighbors thus inhibiting their activity.

This model has been the basis for the so-called hierarchical-temporal memory networks developed

in the same period [50][51], which we base many of our modules’ components on. In particular,

sensor modules are responsible for encoding the raw input data and mapping the encoding into

an SDR, based on the HTM spatial pooler [52]. Learning modules are composed of a feature, a

location and an output layer. The feature layer of the LMs extends works that describe layer 4 of

the neocortex [49][50][51]. The location layer of the LMs extends works on integrating grid cells

to represent locations in layer 6a of the neocortex [55], notably with modifications that follow the

new mini-column structures outlined in [110]. The output layer of the LMs extends works that

describe layer 3 of the neocortex [111]. We leave to future work the integrations of layers 5 on

motor commands (i.e. displacements) and 6b on orientation representation into the network, as

well as integrating more accurately the role of the thalamus as outlined in [15].

We now spend the rest of the section describing the learning and activation rules that regulate our

sensor and learning modules, as well as their algorithmic and space complexity.
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4.1.2 Notation

The notation used in this section, as well as the activation and learning rules used in our implemen-

tation are an extension of previous works listed in the above section 4.1.1. We unify these works

into a single network, and provide novel ways to describe certain mechanisms that we hope can

give a clear overview of inter-connected HTM networks. We summarize the symbols in table 4.1.

Table 4.1: Summary of symbols used in the activation and learning ruless

Property Feature (f ) Location (l) Output (o) Pooler (p)

Layout M ×N cells M ×N cells M cells M cells

States

Activation a
t[f ]
ij ∈ {0, 1} a

t[l]
ij ∈ {0, 1} a

t[o]
i ∈ {0, 1} a

t[p]
i ∈ {0, 1}

Prediction π
t[f ]
ij ∈ {0, 1} π

t[l]
ij ∈ {0, 1} π

t[o]
i ∈ {0, 1} —

Spiking Segments τ
t[f ]
ij τ

t[l]
ij τ

t[o]
i —

Connections

Feedforward — — Ft
i Ft

i

Contextual Dt
ijd Dt

ijd Dt
id —

Incident Index (I) (f, i, j) (l, i, j) (o, i) (p, i)

Overlap µt0(G, p∗) counts active connections with concomitantly active presy-

naptic cells on connection structure G (where G is F or D).

The feature, location and output layers as well as the pooler from the sensor module share a

similar structure and hence have similar activation and learning rules. In brief, they all use similar

structures for activation atij and prediction πt
ij . The pooler and the output layer use similar

structures for feedforward input Ft
i. All layers in the learning module use similar structures for

contextual input Dt
ijd.

We borrow and slightly modify the notation used in [49]. Let M be the number of mini-columns

and N be the number of cells in a layer. The feature and location layer both are a set of M ×N
cells (i.e. neurons), while the output layer is composed of M cells. The pooler is composed of M
cells which match the number of columns in the feature layer.

Let πt
ij ∈ {0, 1} be the prediction state and atij ∈ {0, 1} be the activation state of the j-th cell of

the i-th mini-column of the layer at time step t. Let At = {atij}i,j and Πt = {πt
ij}i,j denote the

activation and prediction matrices of the layer at time step t.

Let Ft
ij be the set of incident feedforward connections to the j-th cell of mini-column i of the layer

at time step t. Each element of Ft
ij is of form (I, pt) where I represents the index of the incident

cell and pt represents the permanence value, which represents how reinforced the connection is.
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If s neurons are proximally connected to cell i, then Ft
ij will contain s elements. A connection is

considered active if the permanence value is above a certain pre-determined threshold p∗ ∈ [0; 1].

Let Dt
ijd be the set of incident context connections to the d-th segment of the j-th cell of the i-th

mini-column of the layer at time step t. Each element of Dt
ijd is of form (I, pt) where I represents

the index of the incident cell and pt represents the permanence value. If s neurons are distally

connected to segment d, then Dt
ijd will contain s elements. A connection is considered active if

the permanence value is above a certain pre-determined threshold p∗ ∈ [0; 1].

The indices above I are generally of form (x, i, j), where the first dimension represents the layer,

the second represents the mini-column and the third represents the cell. That is because cells in a

certain layer can receive context connections from cells in another layer. For example, the location

layer provides context to the feature layer and vise-versa, on top of the location and feature layers

providing context to themselves.

Our notation above departs from the notation from [49], where Dt
ijd can be mathematically

described as a sparse tensor. If s neurons are distally connected on the segment d of the j-th cell

of mini-column i, then the tensor Dt
ijd would contain s non-zero elements. And we’d have the

following equation for active connections: D̃t
ijd = {I{(Dt

ijd)klm > d0}}klm.

We let Tt = {τ tij}i,j be the number of spiking segments on a cell at time step t. The number of

spiking segments Tt
is related to the predictive state of each cell Πt

in a way that will become

clearer in the next section 4.1.3 on activation rules. To further simplify the activation rules, we

introduceµt0(G, p∗), which describes the number of active connections with concomitantly active

incident (presynaptic) cells, where G can be Ft
i or Dt

ijd. We call µt0(G, p∗) the overlap, to mean

the overlap between connection activity and presynaptic cell activity.

Finally, when it is not clear from context, we clearly distinguish the various symbols between the

feature, location and output layers. For example, the activations in the feature layer are At[f ] =

{at[f ]ij }ij , while they are respectively At[l] = {at[l]ij }ij , At[o] = {at[o]i }i and At[p] = {at[p]i }i for

the location layer, output layers and pooler. We drop the j index for the output layer since it can

be viewed as a layer of M mini-columns with 1 cell each.

4.1.3 Activation and learning rules

In table 4.2, we try to summarize the common patterns of activation, prediction and learning

accross the HTM networks in the pooler, feature layer, location layer and output layer. The

activation, prediction and learning rules are largely borrowed and extended from previous works.

See section 4.1.1 for more details.

SM: Pooler

The pooler is made of M cells and the activation of the pooler is a locally inhibitory process that

selects the top k cells that best match the feedforward input. First, feedforward input from an

encoded raw input (a
t[in]
i )i is integrated to determine which cell could become active. Then, only

the k cells with biggest overlap become active.
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Table 4.2: Summary of the rules that regulate activation, prediction and learning in HTM networks.

Mechanism Mathematical Formulation Remarks

Synaptic Overlap µt(G, p∗) = |{(I, pt) ∈ G | pt ≥
p∗, a

t[x]
I = 1}|

G can be proximal (F) or distal (D).

Counts active connections with active

cells.

Segment NMDA
Spike

τ tij =
∑

d I{µt−1(Dt
ijd, p

∗) ≥ θd} Distal Context: Occurs locally on a seg-

ment when the contextual overlap µ ex-

ceeds threshold θd.

Cell Depolarization πt
I = 1 if Condition(τ tI) Feature/Location: Primed if ≥ 1 seg-

ment spikes.

Output: Primed if in Top-k cells by seg-

ment spike count.

Somatic Action
Potential

atI = Decision(µt(Ft
I , p

∗), πt−1
I ) Pooler: Enough ffw overlap and com-

petitive Top-k overlap ranking.

Feature/Location: Bursting logic if no

cell is depolarized. No ffw connection

Ft
.

Output: Enough ffw overlap and pre-

dicted.

Learning Rule pt+1 = pt + p+ if incident a
t[x]
I = 1, else pt − p−. This Hebbian update is applied

to all segments in the update set Xt
(correctly predicting segments or best-match

segments during a burst).

We start by calculating the overlap for each cell i, which is the number of active connections that

concomitantly have an active incident input:

µt(Ft
i, p

∗) = |{e : e = ((in, i0), pt) ∈ Ft
i, pt ≥ p∗, a

t[in]
i0

= 1}| (4.1)

The set of output cells with enough feedforward input described by ãti ∈ {0, 1} is determined as

follows:

ãti =

{
1 if biµ

t(Ft
i, p

∗) ≥ θf

0 otherwise

(4.2)

where θf is a pre-determined threshold for the action potential, and bi are boosting factors which

computation will be detailed bellow. We can now calculate the activations as follows:

ati =

{
1 if ãti = 1 and µt(Ft

i, p
∗) ≥ µt(Ft

ξtk
, p∗)

0 otherwise

(4.3)

where ξtk is the cell index which feedforward overlap is the k-th biggest. For learning, we update

all cells that have become active Xt = {i : ati = 1}. For all cells i in Xt, we go through the
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4.1. Montyll: a Thousand Brains Systems implementation in C

connections ((in, i0), pt) ∈ Ft
i and we adjust the permanence pt by a small increment p+ or

decrement p− depending on the state of the input a
t[in]
i0

as such:

pt+1 =

{
pt + p+ if a

t[in]
i0

= 1

pt − p− if a
t[in]
i0

= 0
(4.4)

The boosting factors bi are calculated based on the activity levels of a cell compared to other

cells in the layer. The general goal is the following. We want to lower the spiking threshold for

comparatively inactive cells and raise the spiking threshold for overly active cells. We first start by

calculating the time-averaged activation level At
i for each cell i over the last T steps:

At
i =

1

T
((T − 1)At−1

i + ati) (4.5)

Which gives us an estimate for the expected time-averaged activation level across the M cells of

the pooler:

At =
1

M

∑
i

AT,t
i (4.6)

Finally, the boosting factor of cell i is calculated based on the difference between At
and its own

time-averaged activation level At
i:

bi = e−β(At
i−At)

(4.7)

whereβ is a pre-determined parameter that can tune the boosting effect. According to the paper that

originally derives the above formulas [52], the above boosting mechanisms have been inspired by

studies on homeostatic regulation of neuronal excitability [112] and previous models of homeostatic

synaptic plasticity [113][114].

LM: Location layer

We have integrated the new mechanisms outlined in [110] into previous work [55] that explain how

locations are encoded in layer 6 of the neocortex through an HTM-like network with grid cells. In

particular, the grid cell ”modules” from [55] have been replaced by the mini-column structure that

was first used to describe layer 4 in [55] and [111].

The activations are determined in two steps. The first step shifts the mini-column activity following

an input movement. The second step activates specific cells of each now-active mini-column

depending on their predictive state.

Let Ãt = {ãti}i describe which mini-columns are active at step t. Let (xt, yt) ∈ Z2
be the

input movement at step t. If for a mini-column i, we have ãt−1
i = 1, we need to determine the

index i∗ of the column which will become active following the shift from the input movement

(xt, yt). Mini-columns can be viewed as a set of P ×Q mini-columns, where P,Q|M . We define

the mapping φ : J0;MK → Z2
such that for each index i the coordinate (xi, yi) is given by

φ(i) =
(
i mod Q, i−(i mod Q)

P

)
. We calculated the shifted coordinates as (x∗, y∗) = (xi + xt

mod Q, yi + yt mod P ) and the resulting index as i∗ = x∗ + y∗Q. We then finally set ãti∗ = 1.
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We set all mini-column that were left untouched by this process to zero. We leave to future work

how the mechanism described in this paragraph can be tweaked and expanded to work for an

input vector in R3
.

In the second step, we activate only the cells in the active mini-columns that where in a predictive

state. If no cell in an active mini-column is predicted, we activate all cells in the mini-column. The

rule is summarized in the following equation:

atij =


1 if ãti = 1 and πt−1

ij = 1

1 if ãti = 1 and ∀j, πt−1
ij = 0

0 otherwise

(4.8)

We let θ represent the NMDA spiking threshold of each segment, i.e. the minimum number of

active connections with active incident cells required to cause a spike. To calculate he number

of spiking segments τ tij , we first need to calculate the overlap µtijd, which counts the number of

active connections with concomitantly active incident cells on a specific segment:

µt−1(Dt
ijd, p

∗) = |{e : e = ((x, i0, j0), pt) ∈ Dt
ijd, pt ≥ p∗, a

t−1[x]
i0j0

= 1}| (4.9)

We can now calculate the number of spiking segments as follows:

τ tij =
∑
d

I{µt−1(Dt
ijd, p

∗) ≥ θd} (4.10)

It is the number of segments for which the count of active connections with active incident cells is

above the NMDA spiking threshold θd. The predictive state of a cell can now be calculated as:

πt
ij =

{
1 if τ tij ≥ 1

0 otherwise

(4.11)

In other words, if a cell had at least one of its segments spike, it is put in a predictive state. We

can now shift our focus to the rules that regulate learning. There are two cases where we consider

updating the permanence values of a segment d.

In the first case, if a cell was correctly predicted (i.e. was predicted and became active), we update

the connections from all spiking segments, or in equation form we update all segments in the

following set:

Y t = {(i, j, d) : πt
ij = 1, atij = 1, µt−1(Dt

ijd, p
∗) ≥ θd, i ∈ J1;MK, j ∈ J1;NK} (4.12)

In the second case, if a cell was active but no cell was predicted in that cell’s mini-column, we pick

a winning cell that will now represent this context in the future. The winning cell is the cell that

had the segment that was closest to being above the NMDA spiking threshold out of all segments

in the column. In equation form, we update all segments in the following set:

Zt = {(i, j, d) : ãti = 0, µt(Dt
ijd, p

∗) = max
i′j′d′

µt(Dt
i′j′d′ , p

∗), i ∈ J1;MK, j ∈ J1;NK}

(4.13)
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Therefore, at step t, we update the connections of all segments in Xt = Y t ∪ Zt
. For all segments

(i, j, d) in Xt, we go through the connections (I, pt) ∈ Dt
ijd and adjust the permanence pt by a

small increment p+ or decrement p− depending on the state of the incident cell a
t[x]
I as such:

pt+1 =

{
pt + p+ if a

t[x]
I = 1

pt − p− if a
t[x]
I = 0

(4.14)

The location layer has context connections emanating from cells in the location layer itself as well

as from cells in the feature layer. Therefore, for each segment, the set of connected cells D
t[l]
ijd is

initialized as a random set of cells from both the location and the feature layers. Permanence values

are initialized to be a random value between 0 and 1.

LM: Feature layer

The activation and learning rules in the feature layer are exactly the same as in the location layer,

except for determining the active mini-columns Ãt
. The inhibitory process that selects the k

columns that best match the sensory input happens in the pooling step of the sensor module, the

learning and activation rules of which are detailed above in the pooler section 4.1.3.

The feature layer has context connections emanating from cells in the feature layer itself as well

as from cells in the location layer. Therefore, for each segment, the set of connected cells D
t[f ]
ijd

is initialized as a random set of cells from both the feature and the location layers. Permanence

values are initialized to be a random value between 0 and 1.

LM: Output layer

The activation of the output layer occurs in two stages and heavily resembles the locally inhibitory

process described for the pooler in section 4.1.3. First, feedforward input from the feature layer is

integrated to determine which cell could become active. Then, only the specific cells that were

predicted from the context connections actually become active. The context is defined by cells

in the output layer itself and from the output layer of other learning modules, while feedforward

connections are from cells in the feature layer.

We start by calculating the overlap for each cell i, which counts the number of active feedforward

connections with concomitantly active incident cells, similar to equation 4.1:

µt(Ft
i, p

∗) = |{e : e = ((f, i0, j0), pt) ∈ Ft
i, pt ≥ p∗, a

t[f ]
i0j0

= 1}| (4.15)

The set of output cells with enough feedforward input described by ãti ∈ {0, 1} is determined as

follows:

ãti =

{
1 if µt(Ft

i, p
∗) ≥ θf

0 otherwise

(4.16)

where θf is a pre-determined threshold for the action potential. We can now calculate the activa-

tions as follows:

ati =

{
1 if ãti = 1 and πt−1

i = 1

0 otherwise

(4.17)
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To calculate the predictive state πt
i at a time step t we start by counting the active context connec-

tions with concomitantly active incident cells for each segment d:

µt−1(Dt
id, p

∗) = |{e : e = ((x, i0), pt) ∈ Dt
id, pt ≥ p∗, a

t−1[x]
i0

= 1}| (4.18)

The number of spiking segments on a cell i is given by:

τ ti =
∑
d

I{µt−1(Dt
id, p

∗) ≥ θd} (4.19)

where θd is a pre-determined threshold for the NMDA spiking threshold. The predictive state of a

cell can now be calculated as:

πt
i =

{
1 if τ ti ≥ ξtk
0 otherwise

(4.20)

where ξtk represents the k-th highest number of active context segments. k hence represents the

minimum desired number of predicted neurons in the output layer, because at least k cells will be

such that τ ti ≥ ξtk . If the number of cells with contextual support is less than k in the layer, ξtk is

zero and all cells with enough feedforward input will become active.

Learning the context connections in the output layer is regulated by equation 4.14, where the

segments selected for an update can be described by the following equation:

Xt = {(i, j, d) : πt
i = 1, ati = 1, µt−1(Dt

id, p
∗) ≥ θd, i ∈ J1;MK} (4.21)

The output layer has randomly initialized context connections D
t[o]
id emanating from the output

layer itself and from the output layer of other learning modules. The feedforward connections

F
t[o]
i are randomly initialized to cells in the feature layer. Permanence values are initialized to be a

random value between 0 and 1.

4.1.4 Algorithmic Complexity

Table 4.3: Algorithmic Complexity Analysis. Breakdown of computational costs per step for the Sensor Module (SM)
and the Learning Module (LM). Activation costs are negligible hence omitted.

Layer

Overlap

(Prediction)

Weight Update

(Learning)

Total Step

Complexity

SM: Pooler O(MC) O(MCs) MC(1 + s)

LM: Feature O(MNSC) O(MNSCs) O(MNSC(1 + s))

LM: Location O(MNSC) O(MNSCs) O(MNSC(1 + s))

LM: Output O(MSC) O(MSCs) O(MSC(1 + s))

Parameters: M : Columns/Cells; N : Cells per column; S: Segments per cell; C : Connections per segment; s: Sparsity.

We have dropped the superscripts in the parameters (e.g. S instead of S[f ]
) for readability.

Note: The sparsity s ∈ [0; 1] is typically very low (e.g. 0.02) in a lot of these layers.
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We breakdown the algorithmic complexity analysis summarized in the table 4.3 above inside the

sections below. All costs are formulated per step.

SM: Pooler

We assume that the raw sensory input is encoded on L cells and that each cell of the pooler can

make connections with up to C [p]
cells in the input. The complexity is dominated by the calculation

of the overlap (eq 4.1) which takes O(MC [p]) operations.

If we assume sparsity of s[p] ∈ [0; 1] in the pooler’s activation, the learning step (eq 4.4) takes on

average O(MC [p]s[p]) operations. In practice we chose k such that the top-k cells count is around

s[p] of the total number of cells in the layer M , i.e.
k
M = s[p].

The boosting rules take O(M) operations.

The complexity of the pooling step is O(MC [p](1 + s[p])).

LM: Feature layer

We assume that there are S[f ]
context segments per cell in the layer, and that each segment in the

feature can make connections with up to C [f ]
cells in the feature and location layers.

The complexity is dominated by computing the predictive state of the cells, more specifically

the overlap computation (eq 4.18), which takes O(MNS[f ]C [f ]) operations. That is because a

traversal of the connections Dt
ijd is required. In particular, for every mini-column i, for every cell

j, for every segment d, we calculate whether the segment is spiking by summing over the set of

connections Dt
ijd.

Computing the cell activations takes O(MN).

If we assume sparsity of s[f ] ∈ [0; 1] in the cell activations, the learning step (eq 4.14 on cells 4.12

and 4.13) takes O(MNS[f ]C [f ]s[f ]). If the pooling layer cells have a s[p] sparsity, then the sparsity

of the feature layer activations is s[f ] ≤ s[p].

The total complexity of the feature layer is O(MNS[f ]C [f ](1 + s[f ])).

LM: Location layer

The complexity in the location layer is equal to the complexity in the feature layer, up to negligible

terms. The total complexity of the location layer is O(MNS[l]C [l](1 + s[l])).

LM: Output layer

We assume that there are S[o]
context segments per cell in the layer, and that each segment in the

output layer can make connections with up to C [o]
cells in this output layer itself and cells in the

output layer of other learning modules.

As for other layers, the complexity in the output layer is dominating by the computation of the

predictive state of the cells, more specifically the overlap computation (eq 4.18, which takes

O(MS[o]C [o]).
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Computing the cell activations takes O(M).

If we assume sparsity of s[o] ∈ [0; 1] in the cell activations, the learning step (eq 4.14 on cells 4.21)

takes O(MS[o]C [o]s[o]). Similarly to the pooling layer, we chose k such that the top-k cells count

is around s[o] of the total number of cells in the layer M , i.e.
k
M = s[o].

The total complexity of the output layer is O(MS[o]C [o](1 + s[o])).

4.1.5 Space Complexity

We devise table 4.4 to list the space complexity, i.e. the footprint in memory, of the relevant

structures, including the cell states and the connection data.

Table 4.4: Space Complexity of HTM States and Connections

Component Pooler (p) Feature (f ) Location (l) Output (o)

States

Activation (a) O(M) O(MN) O(MN) O(M)

Prediction (π) — O(MN) O(MN) O(M)

Connections

Feedforward (F) O(MC) — — O(MC)

Contextual (D) — O(MNSC) O(MNSC) O(MSC)

Parameters: M : Mini-columns; N : Cells per column; S: Segments per cell; C : Connections per segment.

We have dropped the superscripts in the parameters (e.g. S instead of S[f ]
) for readability.

Note: States typically require 1 bit per element if packed, otherwise 1 byte per. Connections require storing both the

index of the incident cell and the permanence value, possibly on 32 bits if packed.

4.2 Implementation on Processing-in-Memory hardware

We implement Montyll on the UPMEM Processing-in-Memory system introduced in section

3.7. This 2d-integrated PiM design is capable of running one learning module step per core,

all in parallel, with up to 2560 active cores. While this ability to do parallel computation with

heterogeneous weight and input is a great benefit, PiM cores suffer from drawbacks due to the

logic elements being manufactured on a DRAM processed. We will briefly talk about the ways in

which Montyll fits the UPMEM PiM constraints well in section 4.2.1, before talking about the

ways in which it was optimized to run smoothly on the chips in section 4.3.

4.2.1 Is Montyll a good fit for UPMEM PiM?

Most importantly, Montyll is composed of a big set of sensor and learning modules, which operate

semi-independently, while the UPMEM PiM system is composed of big set of independent cores,

each complete with private memory that is large enough to store the weights that are private to
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each learning module. This capacity to compute the activations and learning rules of thousands of

learning modules in parallel is by far the most important benefit of the UPMEM PiM system in

this context. How Montyll otherwise plays into the limitations of the UPMEM PiM cores can be

summarized as follows.

First, only bitwise operations and integer arithmetic are natively supported, with integer multi-

plication up to 8 bits by 8 bits. This is on top of the usual control and load/store operations one

would expect from a RISC processor. When looking at the activation and learning rules of Montyll

in section 4.1.3, we see that most operations fall in the bitwise operations and integer arithmetic

buckets. This a great coincidental fit of HTM networks, lucky for us and our constrained chips. In

the next section, we will see how those few operations that required high precision or floating

points are handled, especially the boosting factors of form bi = e−β(At
i−At)

.

Second, work within a DPU needs to be divided well between multiple tasklets (threads) to maintain

a high instruction per cycle (IPC). In Montyll, most work is done in nested for loops that iterate

over the set of columns, cells, segments and connection. That provides an easy parallelization

factor. We need to carefully decide the way in which we parallelize in relation to how the MRAM

data blocks will be fetched. We talk about it in more detail in section 4.3.5.

Third, direct memory accesses to the MRAM are not possible. The relevant MRAM data needs to

be brought to WRAM, preferably in blocks to maximize WRAM-MRAM bandwidth. Thankfully,

our workload exhibits straightforward data access patterns to the connections data, which means

that we don’t have unnecessary WRAM-MRAM data movements due to over-fetching. This relates

to the last point, because transfer block sizes are related to how much data is required by each

tasklet within an iteration of the loop.

4.3 Optimizing Montyll: Memory & Operations

Since the memory that UPMEM PiM cores have access to is limited, we carefully design our

states and connections, which space complexities are outlined in 4.4, so that all states fit in the

single-cycle latency 64 KiB scratchpad memory (WRAM) and all connections fit in the 64 MiB

bank (MRAM).

Moreover, as per the hardware constraints of the available Processing-in-Memory hardware,

Montyll’s operations were optimized and tweaked to run on these cores without sacrificing

performance. We discuss here the various design choices that were made.

4.3.1 SM: Pooler

To accommodate the lack of floating-point unit, the boosting factors are calculated using a combi-

nation of fixed-point arithmetic and hybrid lookup tables (LUTs).

First, the time-averaged are calculated iteratively with At
i = At−1

i + 1
T (a

t
i −At−1

i ). It can be seen

as a map f : [0; 1]×{0; 1} → [0; 1] with f(X,Y ) = X+(Y −X)/T where X = At−1
i , Y = ati

and f(X,Y ) = At
i. If we restrict T to be a power of 2, the division by T is equivalent to a shift

operation. Moreover, because of the absence of floating-point operations, we don’t want a map
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from [0; 1] to [0; 1], and we encode the range [0; 1] into a range J0;BK, where B = 216 − 1. We

instead use the map g, which is what we use in practice to compute the time-averaged activation

encoded on J0;BK:

g :
J0;BK × {0; 1} → J0;BK

(X,Y ) 7→ Bf(X/B, Y ) = X + (Y B −X)/T
(4.22)

Second, to accommodate for the lack of floating-point unit and keep the implementation space

efficient, the exponential boosting function bi = e−β(At
i−At)

is pre-computed on an 8-bit integer

representation in a lookup table (LUT). To maximize the representational range within the 8-bits,

we use a dynamic precision encoding scheme. Standard fixed-point arithmetic typically suffers

from a trade-off between range and resolution. Our implementation dynamically changes the

semantic meaning of the stored byte (in the LUT) based on the magnitude of the boosting factor.

The 16-bit time-averaged activation is quantized to 8 bits to serve as the index. The stored value

dictates the operation:

• For columns which response needs to be suppressed (bi ≤ 0.5), the LUT stores a negative

value representing a logarithmic shift magnitude (= log2(bi)). The runtime applies this as a

right-shift operation (>> boosting_factor), effectively dividing the response.

• Otherwise if bi > 0.5, the LUT stores the direct integer multiplier. The runtime applies this

using the available 8x8 bit multiplication (* boosting_factor).

4.3.2 LM: Location, Feature and Output layers

The most relevant changes in operations in the location, feature and output layers relate to how

the states are packed in integers.

Location & Feature Layers. The activations ati and predictions πt
i are arrays of integers of size M ,

where the exact integer type can depend on N . In practice, the number of cells per column does

not exceed 32 or 64, meaning that we can afford to encode the activity and predictions of all cells

within a columns on a single integer. To retrieve to i-th bit in integer x, we use (x >> i) & 1.

Packing the values into integers for lower state footprint does not come for free, and has a penalty

in runtime. In particular, computation time is dominated by the overlap calculation, which is

done in a loop over the columns, cells, segments and connections with 12 instructions per loop.

Inside this loop, to determine whether the incident cell is active, we don’t just perform a memory

access but we have to perform a shift and logical and, adding two instructions. In practice, it

only incurs an additional 1 instruction since the and operation can be optimized away as we are

performing a logical and with the connection activity.

Output Layer. Since the output layer is of shape (M ), we store the activations ati in a packed

uint32_t representation of length M/32. Moreover, we don’t store predictions πt
i but the spike

counts τ ti given by equation 4.19 instead. That is because the actual predictions are decided by

a competitive top-k process. Therefore, τ ti is stored in an array of uint8_t of size M . Storing
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the activations in a packed form incurs a cost in runtime. In particular, retrieving the activation

of cell i in array acts is done with GET_BIT(acts[i >> 5], i & 0b11111), where the first

5 bits of i select for the bit and the other bits select for the word and where GET_BIT(x, i) is

defined as (x >> i) & 1. The cost in runtime is larger than for the location and feature layer,

as index computation incurs an additional instruction for a total of 13 per loop of the overlap

calculation. This number goes to 18 if the cell activity comes from an external learning modules,

as 5 more instructions are required to dynamically calculate the address of the external matrix

row. Fortunately, since the algorithmic complexity of the overlap calculations is O(MSC) in the

output layer compared to O(MNSC) if the feature/location layers, these additional instructions

per loop do not come at too steep of a price in total runtime.

4.3.3 Connections & Spike Count Cache

Each cell in a layer has S segments on which C incident cells can be connected. A connection is

comprised of a permanence value that can be encoded on 8 bits and of the index of the incident

cell can be encoded on 24 bits, for a total of 32 bits per connection. The index can be encoded

on 24 bits thanks to the use of C unions and carefully crafting packed index representations for

each possible incident layer. This means that the size in bytes of the context connections in the

feature/location layers is MNSC·sizeof(uint32_t), while it is MSC·sizeof(uint32_t)
in the output layer.

To not have to recompute the overlaps in the learning step after having computed them in the

prediction step, we cache the number of spiking connections per segment in an integer (uint8_t)

structure of shape (M,N,S). This structure is significantly smaller than the connection structure.

4.3.4 MRAM &WRAM content

We include an example of the WRAM and MRAM content in figure 4.2. The exact values are

obtained from a network parametrized by the values in table 5.1 from the methods section 5.

4.3.5 Tasklet-level parallelism

UPMEM chips are fine-grained multi-threaded. This requires multiple threads to run on the same

chip to keep the instruction per cycle figure high. This means that we need to find parallelization

opportunities within each computational step of a learning module to keep the chips near the

optimal performance.

Workload parallelization strategy. The bulk of workload runtime is spent on operations which

happen inside for statements that loop over the columns and cells of the network. This represents

an obvious parallelization strategy. That is because while the state of each cell at step i depends

on their state at step i− 1, they do not depend on each other’s state at step i. Hence, each tasklet

can independently work on a set of cells assigned to it. In practice, in the feature/location layers,

work is divided among the tasklets by assigning an equal set of columns to each tasklet, while in

the output layer, it is the number of cells that is divided equally between tasklets.
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(a)MRAM (b)WRAM

Figure 4.2: DPU memory contents. Connection data lives in MRAM and is block-transfered to WRAM as needed
to the private buffers. The same applies to the spike count caches. States are kept in WRAM and never flushed for
constant-cycle latency access.

MRAM-WRAM block transfers. Direct access to the sparse connection matrices stored in the

larger MRAM is not possible on UPMEM PiM chips. We first need to bring the relevant data

to WRAM via block transfers. The same goes for the spike count cache. Following both the best

practices recommendations from [37] and the limited amount of WRAM (64 kB), we chose to bring

data in blocks of around 1KiB for the connections and a less ideal 50 B for the spike count cache.

This corresponds to the amount of connections data needed for a single cell, and to the amount

of spike count cache data needed for a whole column. That figure is obtained with equations

SC·sizeof(segment_data) and S·sizeof(uint8_t) which can be adapted to accommodate

different network parameters. There is a slight modification in the output layer, where the spike

count cache is brought in in packs of 8 cells, as the data needed for a single cell instead of a whole

column is too small to qualify for a WRAM-MRAM transfer (minimum 8 bytes).

4.3.6 Barriers and synchronization

Because the work is distributed across tasklets, we need to make sure that certain tasklets are

not computing states that depend on states that have not finished settling and that are still being

worked on by other tasklets. To this end, we introduce barriers between certain steps. For example,

activations depend on predictions, hence a barrier needs to be placed between their computation.

We list all barriers present in the learning module of Montyll in figure 4.3.

As a small aside, notice that, in our implementation, the predictions computed in step t are directly

used for the activations within the same step t. We could have implemented Montyll such that the

activations in step t use the predictions of step t− 1, i.e. the predictions are prepared for the next

step. These two implementations are equivalent and we chose the former.
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Figure 4.3: Montyll learning module dependency diagram for step t. Only the dependencies that require barriers are
shown, each arrow corresponding to a barrier.

4.4 Communicating between Learning Modules

4.4.1 Pipeline parallelism

In concordance with the hierarchy in the neocortex [115][116][117], e.g. the human visual system

has 4 levels of hierarchy (V1-V4), Thousand Brains Systems can be set up as a hierarchy of learning

modules.

The output layer of a learning module represents an object id. Higher-level learning modules

receive an object id from lower-level learning modules as their feature layer input. Furthermore,

they receive skip-layer connections from the sensor modules themselves at the feature layer, as

well as transformed movement vectors at the location layer. Figure 4.4 serves as an illustration.

Each processor of a PiM system runs a single learning module or a single sensor module, or a

combination of both. Cores that run high-level modules receive inputs from cores that run lower-

level modules. However, these higher-level cores need not sit idle while lower-level processing is

done. They can be busy processing the last step. For instance, sensor modules (level 0) might be

processing step i while level 1 learning modules are still processing step i− 1, going all the way to

level 4 learning modules that would still be processing step i− 4. This way, processing is pipelined

over the hierarchy of modules, as highlighted in figure 4.5.
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4.4. Communicating between Learning Modules

Figure 4.4: Hierarchical vs. non-hierarchical connections in Thousand Brains Systems.

Figure 4.5: Pipeline parallelism in Thousand Brains Systems. All learning modules are mapped to a DPU. Processing is
performed in as many stages as there are levels in the hierarchy.

4.4.2 Growing external state footprint

As the number of learning modules grows, the number of lateral and hierarchical connections

from the output layer grows. The output layer and feature layer of learning modules get contextual

signal from a growing number of learning modules’ output layer, in addition to the location layer

receiving feedforward input from the location layer of lower learning modules. Meanwhile, our

implementation of Montyll relies on the layers’ state to fit in WRAM for O(1) read and write. If
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4.4. Communicating between Learning Modules

the contextual states can no longer fit in WRAM (64 KiB), we have to devise new ways to deal with

this data.

Inter-learning modules connection sparsity. There are limits to the combinatorial explosion

since the inter-lm connections are sparse. While the exact sparsity figure is unclear, columns in the

neocortex typically project very sparsely to unrelated areas [118][119], bur project less sparsely to

related areas and neighboring columns [115]. The same way that columns are divided into regions

in the brain (visual cortex, auditory cortex, ...), we can divide the learning modules of Thousand

Brains Systems into functional regions, and enforce some sparsity within a region, and higher

sparsity across regions, while still allowing connections.

State compression. The typical sparsity exhibited in the output layer is around 1-3%. By com-

pressing the output states, we can fit orders of magnitudes more states in WRAM, although it

comes at a penalty in execution time. This is because reading a specific cell in an output state in

compressed form vs. uncompressed form takes respectively O(1) and O(k) where k is the cell’s

index in the state array. We leave more complex state compression mechanisms for future work,

as discussed in section 8.4.
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Chapter 5

Methodology

5.1 Model

Since our goal in this paper is to explore the consequence of scaling Thousand Brains Systems,

we are most interested in the parameters that directly impact the algorithmic complexity, space

complexity or data movements. We described these parameters in table 5.1. The other parameters

that are used in the learning and activation rules are included in table 5.2 for completion.

Table 5.1: Structural Parameters. These parameters significantly impact the algorithmic and space complexity of our
network.

Symbol Parameter Value C Struct Field

M Columns / Output 1024 num minicols, cols

N Cells per Column 8 cells

S Segments 12 * segments

s Sparsity 0.02 activation density

k[p] Min. Active 20 top k

k[o] Min. Active 10 min active cells

N
[o]
ext External Inputs 20 external lms

Note: Superscript [x] corresponds to a parameter in layer x. Other parameters are shared across all layers.

Our exact implementation of the learning and activation rules listed in section 4.1.3 can be

found in our library cmontyll which we open-source at https://github.com/Xavier0301/

cmontyll. We include the relevant C symbols corresponding to the mathematical symbols in

both tables 5.1 and 5.2.

We also open-source pim-montyll, our implementation of Montyll on the UPMEM Processing-

in-Memory functional simulator, at https://github.com/Xavier0301/montyll-pim. This

implementation closely follows our library cmontyll while introducing all the necessary mod-

ifications introduced in section 4.2. In particular, we have divided the work done in a single

step across multiple tasklets, have introduced inter-tasklet barriers and added all the necessary

WRAM-MRAM block transfers to correctly access and update both the connection data and the
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5.2. Simulation

Table 5.2: Learning Parameters. These parameters regulate the internal logic (activation thresholds, learning rates) but
do not significantly alter memory allocation or algorithmic complexity bounds.

Symbol Parameter Value C Struct Field

ActivationThresholds

θ
[p]
f Feedforward Thresh. 1 pooler.stimulus threshold

θ
[f,l]
d Context Threshold 15 htm.segment spiking threshold

θ
[o]
f Feedforward Thresh. 3 ext htm.feedforward activation threshold

θ
[o]
d Context Threshold 18 ext htm.context activation threshold

Synaptic Plasticity

p∗ Perm. Threshold 0.5 permanence threshold

p+[p]
SM Increment 0.10 pooler.permanence increment)

p−[p]
SM Decrement 0.02 pooler.permanence decrement

p−[o,f,l]
LM Increment 0.06 htm.perm increment

p−[o,f,l]
LM Decrement 0.04 htm.perm decrement

pdecay Decay ≈ 0.004 htm.perm decay

Homeostasis

β[p]
Boosting Strength 100.0 pooler.boosting strength

T [p]
Duty Cycle Window 1024 log2 activation window (210)

Note: Superscript [x, y, z] correspond to parameters shared across layers x ,y and z. Other parameters are shared.

spike count cache. We have also included the host-side code responsible for transferring the

relevant per-step input (sensory input, movement, other lms’ output layer activation) and retrieve

the relevant per-step output (output layer activation).

5.2 Simulation

To run simulations of Montyll on a Processing-in-Memory system, we use the uPIMulator [120]

cycle-level simulator. uPIMulator has been validated against real hardware and shown to be 98.4%

correlated with the real time for the kernel execution. All the parameters used in our simulation

are detailed in table 5.3.

In order to correctly and accurately transfer the input data to the DPUs, we initialize our model in

C and import the data to uPIMulator (written in go) using go-C interop. We use the UPMEM func-

tional simulator to verify our implementation. We release the relevant extensions to the uPIMulator

source code in the following fork https://github.com/Xavier0301/montyll-upimulator.

We compare the runtime of Montyll on the simulated Processing-in-Memory machines against

its runtime on two CPU system, all listed in table 5.4. The first CPU Low, has 12 cores, while we
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5.2. Simulation

Table 5.3: uPIMulator simulation configuration.

Parameter Value

DPU Processor Architecture
Operating frequency 400 MHz

Number of pipeline stages 14

Revolver scheduling cycles 11

WRAM / IRAM size 64 KB / 24 KB

WRAM / IRAM access latency 1 cycle

WRAM / IRAM access granularity 4 / 6 B per clock

WRAM / IRAM access bandwidth 1,400 / 2,100 MB/s

Atomic memory size 256 Bits

DRAM System
MRAM size 64 MB

DDR specification DDR4-2400 [121]

Memory scheduling policy FR-FCFS

Row buffer size 1 KB

Timings (tRCD, tRAS , tRP , tCL, tBL) 16, 39, 16, 16, 4 cycles

Software Architecture
Number of general-purpose registers 24

Maximum number of threads 24

Stack size (per thread) 2 KB

Heap size 4 KB

use 48 cores from the CPU High machine. This is because we are using the Euler cluster at ETH

Zurich as a guest, which limits the core count to 48. We use OpenMP [122][123] to program the

CPU systems.

We omit the latency incurred by communications for the PiM system, assuming a low-latency

interconnect. At each step, a core sends and receives about NextM/8 bytes of data, which is about

2.5 KB in our case, which we assume to incur a negligible increase in the time per step.

Table 5.4: Hardware Specifications. A comparison of the three computing platforms used in our methodology. CPU1
(Low) and CPU2 (High) serves as baselines with varying number of cores.

Platform Year Cores Freq. LLC Mem. BW Mem. Cap.

CPU1 [Low] 2023 12 2.8/3.5
†

36 MB 200 GB/s 16 GB

M2 Pro 12-CPU (8P + 4E) GHz (L2)

CPU2 [High] 2021 48
‡

2.45 256 MB 204.8 GB/s 128 GB

AMD EPYC 7763 GHz (L3)

PiM 2021 2,560 400 – 600 MB/s 64 MB

UPMEM v1B DPUs MHz per DPU per DPU

†
8 P Cores at 3.5 GHz, 4 E Cores at 2.8 GHz.

‡
We use 48 of the 64 cores on the machine.
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Chapter 6

Results

Scaling. In practice, we scale Montyll to 2560 learning modules on CPU2 and PiM. This

represents a combined 44.5 million neurons and 16.1 billion synapses, making our work the first

to investigate inter-connected htm networks of this scale.

Time per step. Figure 6.1 represents the per step runtime of Montyll on the three different

computing platforms: CPU1, CPU2 and PiM.
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Figure 6.1: Runtime per step in ms for an increasing number of learning modules, on CPU1, CPU2 and PiM.

The most interesting comparison point is between CPU2 and PiM. We see that PiM suffers a very

high runtime per step for 1 learning module of 391 ms, which is 32× that of CPU2 and 84.5× that

of CPU1. This is due to the low PiM core frequency of 400 MHz, as well as the comparatively slow
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memory bandwidth to MRAM of 600 MB/s. CPU1 and CPU2 both enjoy high-frequency cores,

which are furthermore capable of Instruction Level Parallelism (ILP) and of prefetching the data

to hide the memory latencies.

However, PiM can enable scaling to thousands of cores without degradation in time per step,

unlike CPU1 and CPU2. This culminates in a 2.2× speedup over CPU2 at 2560 learning modules,

for a per step runtime of 391 ms vs. 876 ms. The CPU2’s increase in runtime vs. the number of

learning modules is not linear. This is because it benefits from an increase in ILP when the number

of threads goes from 640 to 1280 to 2560, with respectively 0.76, 1.05 and 1.87 instructions per

cycle. We also see that CPU1 has a limited capacity of 16 GB, which can accommodate a maximum

of 450 learning modules at a runtime per step of 125 ms.

Figure 6.2 breaks down the time spent in each layer within a step. We see that the DPUs spend 82.8%

of the time in location predict and feature predict. This is unsurprising given the computational

complexity of prediction vs. the rest as listed in 4.3. The complexity of learning depends on the

sparsity in the network. More sparsity means less updates per step. The output layer has N×
less cells than the other layers, which explains that output predict (23 ms) is 6.7× and 7.3× less

expensive than location and feature predict. We also see that the activation rules for the output

are more expensive than in the other layers. That is because the underlying algorithms are less

amenable to parallelization over tasklets, tanking the performance of the FGMT pipeline.
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Figure 6.2: Runtime split in ms of each section of a learning module’s step on the PiM system

Figure 6.3 highlights the time spent by the cores executing operations vs. waiting for memory

(Memory), suffering from not enough issuable instructions (Bubble) or stalled because of register

file hazard (RF). We see that the DPUs schedule 0.57 instructions per cycle on Monty, given that the
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theoretical maximum is 1. We see that very little time is spent waiting for MRAM-WRAM transfers.

That is because of the large MRAM-WRAM bandwidth in DPUs and because the optimal block

transfer patterns that we implement in our code. We also notice that our workload is managing to

fill the pipeline very well, causing very little bubbles.

The DPUs spend 36% of the time idle because of register file hazards. That is explained by the fact

that the register file in an UPMEM DPU does not have enough ports to read two values at once.

One port can read any even register (r0, r2, ...) and the other can read any odd register (r1, r3, ...).

This causes stalls if an instruction is trying to read two even or two odd registers at once.

We see that a lot of time is spent waiting for memory in the learning stages. That is because this

stage exhibits a very low operational intensity in its current implementation. In particular, if it is

decided that a segment will not be reinforced, which is the case for most segments, we go onto

the next segment, thus skipping a whole segment worth of connections that was brought in from

MRAM without doing any operation with it. This issue would be resolved by finer-grained MRAM

transfers, i.e. only loading precisely was is needed, which we leave for future work.
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Figure 6.3: Breakdown of pipeline activity during the execution on the PiM system.

Barriers and synchronization. We run Montyll-PiM on the simulator with all barriers removed.

We find that we spend 1.003% of the runtime of Montyll-PiM, or about 3.929 ms per step on

waiting for other tasklets to finish, which constitutes a marginal spending.
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Reset penalty. After each step, we reset the DPU. This involves (i.) loading various MRAM data

like the input buffers and the external output activations into WRAM, (ii.) allocating the necessary

structure on the heap, (iii.) loading the relevant model parameters on the stack, and (iv.) computing

all addresses and strides used. We find that the DPUs spend 0.01% of time per step on reset, which

is negligible.
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Chapter 7

RelatedWorks

This work studies Thousand Brains Systems through a systems lens, and is therefore informed by

(i) prior work on column-based/HTM-style models and (ii) a broader literature on hardware and

architectures for memory-bound computation. We briefly summarize the most relevant lines of

work and position our work at a high level.

7.1 Thousand Brains Systems and HTM-style networks

Thousand Brains Systems build on the Thousand Brains Theory [13][15] and earlier theories on the

columnar organization in the neocortex [12]. Early end-to-end results on Thousand Brains Systems

are reported in [16], while the Thousand Brains Project outlines a roadmap toward larger-scale,

more biologically grounded systems [17].

Montyll draws from several lines of prior HTM-related work, including active dendrite neuron

models [49][50][51], HTM spatial pooling [52], and location representations inspired by grid cells

[55][56].

There are efforts to unify and clarify the growing body of HTM-related mechanisms and their

relationship to cortical function [124].

Our work does not aim to be a neuroscience contribution. Instead, it aims to provide a concrete

systems-oriented instantiation (Montyll) that is consistent with the long-term HTM/Thousand

Brains agenda and amenable to architectural study.

7.2 Hardware acceleration for Thousand Brains Systems

There is emerging work on specialized hardware for Thousand Brains Systems, largely in the

form of in-logic accelerators [91][92][93]. We view these efforts as complementary: they build

specific hardware components, whereas our focus is on understanding what limits scaling under

an auto-regressive execution model and the architectures that best support it.

7.3 Processing-in-Memory and memory-centric computing

Most modern systems remain processor-centric: they are designed to move data to compute units.

A growing body of work argues that this approach increasingly runs into fundamental bottlenecks:
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7.4. Machine learning on specialized and near-memory hardware

many important workloads have become data-intensive and off-chip data movement is often far

more expensive than executing operations in latency, bandwidth, and energy [24][64][34][35].

Processing-in-Memory (PiM) broadly captures a family of approaches that reduce or eliminate

data movement by placing computation mechanisms in or near where data is stored. While the

general idea is old [27][61][28][31][32][33], it has regained momentum due to both application

trends and pressures to the memory system [34][125].

One of the Processing-in-Memory solutions, processing-near-memory, places compute units closer

to memory (e.g. near-bank cores, 3D-stacking) showing performance and energy efficiency gains

in general purpose processing [36][63][64][65], graph processing [62][66][67] and neural networks

inference [68][64][69][70][71]. Another direction is processing-using-memory, which exploits DRAM/-

NAND circuit properties to execute bulk operations in situ [126][127][128][129]. Across both,

adoption remains a challenge that spans architecture, programming models, and system integration

[72][130].

Finally, memory-centric thinking is also motivated by the growing complexity of main-memory

design and scaling challenges, including reliability and security concerns such as RowHammer

[131][132][133][134] and RowPress [135].

In this broader context, our work studies Processing-in-Memory as a concrete architectural

substrate for computing an emerging class of AI workloads (Thousand Brains Systems) with a

unique scaling profile, using a real PiM platform [37] that places RISC cores near DRAM banks.

7.4 Machine learning on specialized and near-memory hardware

The broader ML systems literature shows that mapping AI workloads to specialized hardware

is often key to scaling and efficiency. GPU-centric training and inference were pivotal in the

deep learning era [102][22][78][79], and dedicated accelerators such as TPUs extend this paradigm

[25][80]. A recurring theme is careful management of data movement [24][81] and communication

in distributed settings [136].

Processing-near-memory and accelerator-in-memory designs have also been proposed for neural

workloads [68][69][39][40][41][70], and more recently for large language model inference in GPU-

free systems [71].

This work distances itself from the GPU paradigm that regulates modern AI systems, as it inves-

tigates the scaling consequences of many learning modules under an auto-regressive loop, but

it fits into the broader theme of algorithm-hardware co-design for AI. It can best be compared

to the scaling challenges faced in decoder-only transformers inference due to the presence of an

auto-regressive loop [71].
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Chapter 8

Discussion

8.1 Closing the Gap: Real-Time Processing Speed

While biological intelligence is not regulated by a global clock, the brain does show signs of pro-

cessing the world discretely [137], regulated by alpha waves at 8-12 Hz. Studies on eye movements

show even slower frequency of perception at around 2-3 Hz [138], and studies on decision making

also find a psychological refractory period corresponding to 2-3 Hz [139]. More pertinent to us

is perhaps the fact that the human visual system is capable of recognizing objects in 150-250 ms

[140][141][142]. The ”steps” in Monty and Montyll do not have a biological equivalent, because

many steps can happen before an object can be recognized. It is the time it takes to ”recognize”,

which takes multiple steps and be viewed as a ”super-step”, that can then more directly be compared

to the recognition times studied in humans.

We’ve shown that our PiM system is capable of computing a single step for 2560 learning modules

in 391.5 ms, corresponding to 2.55 Hz, but needs multiple steps to recognize, creating a gap in

performance between our system and biological learning systems. Beyond closing the gap in

frequency, there will always be a motivation to process steps faster.

8.1.1 Building logic with DRAM processes

There are obvious candidates for faster processing speeds: increasing the PiM core frequency,

introducing instruction-level parallelism (ILP) in PiM cores and increasing the number of cores

per bank to more than 1. These are all solution borrowed from logic-based core designs.

However, the design space of logic elements built with DRAM manufacturing processes is largely

unexplored. Many breakthroughs have yet to happen, and many interesting ideas are still waiting

to be discovered. For example, there might be breakthroughs at the device level, in how to use the

analog computing capabilities of DRAM cells [126][127][143], in using the subarray structure of

DRAM to increase PiM parallelism [144][145] and I am sure many other ideas which we have yet

to see.

This is especially true if our goal is not to design commodity memory devices that are DDRx

compliant [146] hence highly constrained, but rather to design Processing-in-Memory systems

that can handle the internal capacity, compute and bandwidth requirements of large scale Thousand

Brains Systems, or any artificial intelligence system that is built after the columnar organization of

the neocortex.
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8.2. Closing the Gap: Capacity

8.1.2 Accelerator-like design

While there is an important need for programmability to support a large design space exploration,

special domain specific instructions could be introduced. For instance, the loops that dominate

the algorithmic complexity and the runtime have from 12 to 18 instructions executed per loop.

Many of these instructions are about shifting addresses to access data correctly, and then shifting

the data itself to access the right bits, something that could easily be done within the hardware

itself. This is a great opportunity to reduce this number of instructions down to 4-6, increasing

throughput by 2-4x, which we leave for future work.

8.2 Closing the Gap: Capacity

The theoretical amount of data needed to represent neocortical connections (section 3.3.1) is 7.5 TB

for a cat-scale system, and 600 TB for a human-scale system. While these capacities are attainable

on clusters, there is a gap between the capacities of our most powerful single-node machines and

the theoretical amount of data needed. Moreover, there are reasons to believe that DRAM-based

main memory will never scale to the sizes required to support human-scale Thousand Brains

Systems on a single-node machine, because of various challenges as highlighted in [132][125][147].

There is no good existing compromise between the internal memory & compute parallelism offered

by near-bank Processing-in-Memory and the dense capacity offered by 3d NAND flash storage.

Column-based AI could massively benefit from a memory device (e.g. STT-RAM, PCM, ReRAM)

denser than DRAM with nevertheless similar internal bandwidth and compute parallelism to

conserve a low time per step. It might be achievable, especially if the resulting memory system is

architected for the sole purpose of enabling real-time learning in columnar AI systems, instead of

the usual external constraints of commodity memory (e.g. [146][148]). Other related promising

technologies like carbon nanotubes might also fit the bill [149][150]. This is especially true consid-

ering that the noise tolerance of HTM networks [49] might play well into the device limitations of

these emerging technologies.

8.3 Algorithm design

PiM constraints. PiM hardware imposes constraints on the algorithms that it can run. Building

logic using memory processes leads to cores that are less performant and can only run a reduced

ISA. For instance, UPMEM PiM chips can only run integer arithmetic, and only up to 8 bit x 8 bit

integer multiplication, thus largely forgoing floating point operations. As the technology improves,

constraints could gradually soften. Until then, Thousand Brains Systems researchers that want to

take advantage of the scalability that PiM offers will have to work with these constraints, which

would therefore shape the space of possible algorithm designs.

An analogy with GPU constraints. This is similar as to what algorithms ”win” in the space of

deep learning. The winning ideas are largely the ones that take full advantage of the scalability

that GPUs offer, which comes with its own set of constraints. To utilize GPUs to the fullest, deep
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8.4. State compression strategies

learning algorithms need to exhibit high arithmetic intensity i.e. aggressively reuse weights across

inputs. This disincentivizes all algorithms that do not fall neatly in this paradigm.

8.4 State compression strategies

Following sparsity in the neocortex representations [49][53], the state of neurons in the feature,

location and output layer of a learning module of our implementation is sparse. Representing the

state as an array of 1s and 0s leads to a missed opportunity to compress data. Representing the

state as an array of indices leads to a significant performance hit as access to a specific element is

not constant time but requires a search through an array. An interesting compromize might be to

use bloom filters [151] or similar data structures [152][153][154]. That way, we both significantly

lower the footprint of the states while maintaining acceptable constant time for random access

patterns.

8.5 Closing the Gap: Learning Module Footprint

In this work, each learning module was mapped to a DPU. However, given the nature of learning

modules, which are composed of multiple layers (feature, location, output in Montyll), each layer

could be mapped to a different DPU. Furthermore, this enables the addition of more layers, i.e.

those left for future work (rotation i.e. layer 6b, motor command i.e. layer 5), without incurring

runtime per step cost, only capacity loss. This would be a challenge for the PiM design, since the

layers need to communicate their states because of inter-layer dependencies. This would heighten

the incentive of building an interconnect, at least within a rank (8 chips) to communicate the states

within a step. Interconnects on near-bank PiM have been successfully implemented by the industry

[40].

This strategy of mapping a learning module to multiple chips also closes the gap between the

footprint of a learning module (50 MB in Montyll) and the theoretical footprint of a cortical

column (3 GB). By putting multiple chips together, each having a 64 MB bank, we can increase

the maximum model footprint. This strategy can be extended to dispatch layers within an LM

to different DPUs, since there are more than enough columns and cells in each layer to feed the

pipelines of multiple DPUs.
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Chapter 9

Conclusion

This work investigated the architectural suitability of various computing platforms for large-scale

Thousand Brains Systems. We highlighted that the columnar structure of Thousand Brains Systems

imply unique requirements in memory capacity, processing speed and data movement volumes.

We showed that this execution model aligns well with Processing-in-Memory (PiM), where compute

is distributed close to memory with access to sizeable internal bandwidths and high aggregated

capacity while maintaining acceptable processing speeds.

Concretely, we proposed Montyll, a novel Thousand Brains Systems implementation which inte-

grates elements of low-level cortical processing and unifies previous works. We provided a unified

mathematical formulation, as well as space and complexity analyses of the rules that regulate the

activation and learning in Montyll. We provided a high-performance implementation in C, as well

as an implementation on Processing-in-Memory hardware using a cycle-level simulator based on

a real-world PiM architecture, all of which we open-sourced.

We scaled Montyll to 2560 learning modules on a CPU system and a PiM system. This represents a

combined 44.5 million neurons and 16.1 billion synapses, making our work the first to investigate

inter-connected htm networks of this scale.

We demonstrated that PiM can scale Montyll to 2560 learning modules and achieve up to a

2.2× speedup over a high-end CPU baseline. We further analyzed why traditional CPU- and

GPU-centric designs struggle to offer the same scaling behavior under the memory-traffic and

weight-heterogeneity constraints inherent to Thousand Brains Systems.

Overall, a Thousand Brains on a Thousand Chips provides a promising direction for bringing large-

scale, continually learning, sensorimotor models closer to real-time operation.

Future work includes improving PiM core throughput, internal bandwidth and overall design

to close the real-time gap, exploring denser memory technologies to close the capacity gap, and

co-designing Thousand Brains Systems that explicitly embrace the constraints of the underlying

computing architectures and devices.
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