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1 The Thousand Brains Project

The Thousand Brains Project (TBP) has been around for
about two years now, and a lot has happened since we
started. The following report will recap all the exciting
progress we have made since then and provide a high-level
overview of our direction.

The project was first announced at Stanford’s HAIS event
on June 5th, 2024, where our founder, Jeff Hawkins, closed
his talk by predicting that "sensorimotor learning, not to-
day’s Al will be the technology at the heart of [the transfor-
mation of the 21st century]". The Thousand Brains Project
would be dedicated to building this novel sensorimotor Al
as an open-source platform.

With funding from the Gates Foundation, among others,
we set out to hire a small team| of researchers and engineers,
as well as a community manager to support our goals of
opening up the existing research efforts at Numenta. On
October 23rd, 2024, the TBP was incorporated as a non-
profit company, and most of the team was hired and busy
working on our mission to:

1. Create core sensorimotor algorithms guided by
neuroscience.

2. Create an open-source platform for building sen-
sorimotor products.

3. Increase awareness of sensorimotor technologies
for AI and robotics.

Over the following month, we open-sourced our code base,
tbp .montyl under the permissive MIT license, put exist-
ing patents under a non-assert pledge, and started to release
past and present meeting recordings on our|YouTube chan
nel.

Before we dive into the different aspects of the project
(research, platform, open-source community), we want to
provide a brief overview of how they relate to one another
and how they tie into our overall workflow for building a
sensorimotor Al platform. Figure[I|provides an overview
of the different steps involved in going from neuroscience
theory to building something that can be used in real-world
applications.

We use the Thousand Brains Theory of Intelligence
[Hawkins et al.l 2019, Hawkins|, 2021, [Hawkins et al.|
2026] as the foundation for the [principles implemented in
our platform (referred to as Monty throughout this docu-
ment). Theoretical ideas are first implemented and tested as
research prototypes. Issues discovered during prototyping
can feed back to adjust the theory, and when encountering
difficult open problems, we often consult the neuroscience
literature on how the brain might be solving them. So far,
constraints of the brain have been a useful guideline for
us and have helped us find elegant solutions to difficult
problems.

Once a research prototype has proven to deliver the ex-
pected benefits to the overall system, the developing re-
searcher coordinates with the engineering team to integrate
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Figure 1: From theory to applications. Our workflow
and each team’s focus, where arrows indicate one element
contributing/leading-to to another.

it into Monty as a new feature. We refer to this process as
an Implementation Project. This ensures that new features
are integrated into our platform while preserving platform
stability and quality.

In addition to integrating new features into Monty, our
engineering team works to improve the overall platform’s
quality and usability. This means making it easier to use,
understand, and contribute to the tbp.monty code base.
Platform improvements can accelerate prototyping, new
feature integration, and the ease of use and compatibility
for various demos and applications.

Ultimately, making Monty more capable aims at making
it more useful in real-world applications. Although build-
ing specific applications is not our team’s focus, we oc-
casionally build demos to better understand challenges
Monty will face outside the simulated experimental world.
However, for the most part, we focus on the core, general-
purpose algorithm and platform development.

As we want this technology to be accessible to anyone
and to increase awareness of sensorimotor Al based on
the principles of the neocortex, we also engage with ex-
ternal people and communicate our work openly. We are
working to build an active open-source community around
the project, with outside contributors helping us accelerate
our progress and providing valuable input. As Monty be-
comes more capable, we also hope to see more people test
Monty in real applications and want to make this as easy
as possible.

2 Developing the tbp.monty Platform

2.1 Overview

Part of the vision of the Thousand Brains Project is to de-
velop a platform for building Al and robotics applications
using the same principles as the human brain. To achieve
this vision, we pursue platform work while conducting
active research. Both the research and the platform are
essential to the project’s vision. We need to succeed at
both.

Therein lies an inherent challenge to achieving our vision.
From the perspective of supply-and-demand competition
in the marketplace, research and platform building differ
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in their characteristics. Some of what makes for gomdunicated. To further improve communication, the team
research directly con icts with what makes for a gooddopted RFC 10 Conventional Commits.

platform, and vice versa.

The standards for code contribution were clari ed in RFC

For example, because of the nature of research, we exddciCode Organization Guide, RFC 16 Project Typing
experiments not to work, at least initially. Our tolerand8uidelines, RFC 18 Code Guidance for Researchers and
for failure is high. For a platform to be useful, it canna€ommunity, and RFC 19 Repository Support Levels.

fail at the same rate as research. Initially, users may
willing to tolerate some failure due to our growing pains;
ultimately, the goal is for failure to become surprising an
not generally tolerated.

en-sourced the Platform planning. Platform plans and
rogress are transparently tracked in the Current Reality
Tree and Future Reality Tree artifacts. These summarize

%lt)w:addition to open-sourcing the codebase, the team

Similarly, in research, we want to minimize the cost dhe desired effects contributors are working toward and the
change. ldeas can change rapidly. We want to rapidlystacles being removed to reach them.

try new experiments, new theories, and new implem
tations. We want minimal friction between an idea an
experimental data. For a platform, there is only so mug
change that users can absorb. Even if we rapidly iterate
platform internals, any externally facing interface bene ts
from stability.

All platform development has been a balancing act between
these kinds of differing research and platform constraints.
For more, see RFC 14 Conducting Research While Build-
Ing a Stable Platform.

2.2 From Research to Platform Code

The codebase was open-sourced under the MIT license on
November 13th, 2024. Since then, the team shipped 54
public releases, reaching v0.47.0 in August 2026, acceler-
ating from a release every few weeks to a weekly cadence.
The team shipped 918 changes, including 239 code refac-
tors and 197 explicitly breaking changes. This highlights
the ongoing effort to convert a research codebase into a
stable, documented platform that external researchers and
product builders can depend on. Instead of rewriting Monty
as a separate “platform” codebase, the team is evolving the
existing code into the platform. Rapid research prototyp-
ing happens on forks, and stable capabilities are merged
back in through dedicated implementation projects.

2.3 Establishing an Open-Source Platform

As part of the open-sourcing process, the team established
an open-source governance framework. The Executive
Director selects the Lead Maintainers who oversee M
tainer decisions. Maintainers can come from the inter
team or from the community. For more details, see t
governance documentation. The team established an '%fea
process to provide a consistent and controlled path for sg
stantial changes and further simpli ed it in RFC 5 Easi
RFCs. RFC 2 PR and Issue Review established how (%
Platform accepts contributions. To minimize friction, th
team created an optimized process for accepting Contri
tor License Agreements.

I

» AgentRev - 16 pull requests.

y far, 16 outside contributors have authored 121 merged
Il requests. Some of them took on core, breaking-change
factors under maintainer review. Substantial highlights:

The most
architecturally signi cant outside work: a
sustained series of refactors reshaping the
simulator/environment abstractions into
clean protocols (deprecated\ctionSpace,
added Observations /SensorlD/Modality
newtypes, ProprioceptiveState ,  split
EmbodiedEnvironment into protocols, moved
RNG into RuntimeContext). This directly en-
abled Monty's Runtime/Experiment decoupling
work. Also, AgentRev authored the Getting
Started on Windows Subsystem for Linux
tutorial.

TimothyAlexisVass - 36 pull requests. Codebase-
wide spelling xes, ruff lint compliance, and a
major test-suite reorganization, amongst others.

carver - 30 pull requests. Systematis.path
to pathlib  migration, some security hardening,
and bug xes in regression tests.

mf-maymay - 12 pull requests. Typing mod-
ernization: PEP 604 syntax, TypedDict for
SensorObservations , np.quaternion typing,

mypy error reduction.

annark - 4 pull requests. Environment-interface
refactors and renames.

?gfl Motor System, Policies, and Sensor Module Goals

motor system and its uses were refactored to improve
g_ ow and ease of understanding (#234, #263, #3845,
64). The platform gained the ability to switch motor
olicies at runtime via a policy-selector mechanism, and
icies were splitinto composable, reusable, ner-grained
%r_nponents (#889, #917, #898, Video summary: Updates
0 Monty's Motor System). Sensor module goals were
introduced into the Monty framework so that low-level,

RFC 7 Monty Versioning established a formal versiomodel-free sensory information could have a more direct
ing policy that de nes a contract between Maintaineimpact on the actions generated by the motor system (RFC
and the community about how Platform changes are cdi; #511, #505).
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2.5 Simulation, Con guration, and Packaging Over the past two years, this effort has focused on Monty's
Modernization ability to model compositional objects. In the original
version of Monty, there was an inherent assumption that
Migration from the established Habitat simulator to Mwnly one object existed in the world at any point in time.
JoCo is ongoing (#361, #951, #1012, #876). Integratifgturally, this is an impoverished approximation of the
with the MuJoCo simulator enables the platform to leveemplexity of the real world, which is inherently compo-
age a standard, widely available simulator with a large usitional. For example, a living room typically contains
base, making onboarding easier. The essential componentgtiple objects, within which nested compositionality ex-
such as embodied agents and sensors, have already ist&nThe living room can be considered a parent object of a
migrated and veri ed as working. What remains is comhild object, such as a table. This table is a parent to other
pleting the ongoing migration of the test suite and the nalbjects, such as wooden legs. Resting on the table might
benchmark validation. be a mug, which has a handle and a body. On the mug's

de might be a printed logo, where the logo is composed

Thg team replaced bespoke Python con gu_ration'code W@bshapes or letters. Being able to ef ciently learn and infer
an industry-standard declarative con guration using Hyd[ﬁ

(#540, #857). This makes experiments easier to de '?8? existence of such compositional structure is paramount
. . an intelligent system.
compose, and share. Additionally, the con guration was
restructured to be discoverable and installable by exteriial learn a compositional world, a rst key step was to
users who use Monty as a dependency. Ongoing worlpisvide Monty with a hierarchical architecture (Figure 2).
progressing toward improved compositionality enabled bgarning modules (LMs) are the core units of Monty, analo-
dependency injection (#975, #976). gous to cortical columns in the brain. They learn structured
All of this is part of an overall modernization effort mi_representations of objects, and so a compositional model
rating awa F;rom Habitat. Pvthon 3.8. and conda pack of the world requires a hierarchy of LMs, where higher-
grating away tat, 7y - P @0el learning modules (HL-LMs) model parent objects,
management to MuJoCo, modern Python, and standar

and pip packaging Y lower-level learning modules (LL-LMs) model child
' objects. In and of itself, however, this architectural change
is insuf cient to support compositional modeling. In the
2.6 A Clean Runtime and Experiment Split following sections, we describe the key features we have
worked on to unlock this capability.

To better de ne the boundary between production run-
time and experimental needs, the platform was split i
runtime and experiment components. Each major coni-
ponent within Monty has been split into explicit Runtime
and Experiment aspects. First, this required decoupling of
previously entangled concerns, followed by explicit pré—S our eyes move around_a room, or our hand travels
tocol speci cation and separation at a module level. TKEMOSS & table, the compositional nature of the world means
end goal is for operators to be able to run the platfoﬁlﬁat the objects responsible for the incoming sensory data
without ever knowing or having to account for the fad@Pidly change. In order for Monty to accommodate this
that researchers have an experimental framework to fGA/1Y: We needed to signi cantly change how hypotheses
experiments on the platform. Achieving this separation #€ Initialized and maintained.
software enables the project to nally serve the distinct amine of the strengths of Monty is that it uses sensory infor-
con icting needs of ongoing operations and experiment@lation to initialize its hypotheses about what it is perceiv-
work. ing. For example, when sensing the side of a mug, the local
surface being sensed provides some information about how
an object like a mug (or an alternative hypothesis like a
3 Improving Monty's Capabilities soup can) would be oriented in space. The initial hypothe-
ses are tested over the course of sensorimotor inference.
However, the early version of Monty was only able to carry
out this hypothesis initialization process at the very start

. . f a discrete, experimenter-controlled "episode". Before
When the Thousand Brains Project formed, Monty alreagxowing another object, Monty's internal representations

manifested many of the principles of the Thousand Brai ; SRt
Theory [Hawkins et al., 2019, Hawkins, 2021]. The eme}r;[geded to be reset, enabling another hypothesis initializa

Burst Sampling: Hypotheses to Accommodate an
Ever-Changing World

3.1 Background: The Compositional World

gent capabilities were formally evaluated in our pap ?Ttgggﬁsvgst?fiﬁﬁ%ﬁi%gi%:?ﬁg?;;gﬁrzct)lg;'r?]n It|cr)1 this
"Thousand-Brains Systems: Sensorimotor Intelligence o piing.

Rapid, Robust Learning and Inference” [Leadholm et @yrst sampling is a method to dynamically grow and shrink
2026] - see also Section 6 for additional discussions the hypothesis space. In short, if sensory information is not
evaluating Monty's capabilities. However, the primary fdeing adequately predicted by the internal representations
cus of our research team is to push the frontier of Montys an LM, then the LM will "burst", initializing a set of new
capabilities. hypotheses based on the current sensory information. As
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Figure 2: Compositional Connectivity, Objects and Models. The world is inherently compositional, with many
objects sharing hierarchical relations. a) Monty now implements a hierarchical (or more speci cally heterarchical -
see Hawkins et al. [2026]) architecture, where learning modules at different levels of the system can independently
represent objects. Based on the sensory data they receive, some learning modules have a preference for representing
2D or 3D objects, yet the internals of these learning modules are identical. A higher-level learning module (HL-LM)
receives input from lower-level learning modules (LL-LMs), as well as direct sensor module (SM) input. Signals within
Monty conform to the Cortical Messaging Protocol (CMP), and consist of both location/movement data (pink arrows)
and sensory features (blue arrows). Different sensor modules can have receptive elds of different sizes (indicated by
the co-located circles over the mug). See Leadholm et al. [2026] for more details. b) Examples of compositional objects
that can exist in the world and that consist of both 2D (logos) and 3D (cube, cylinder,...) objects. c) An example of a
learned compositional model in Monty. Blue points correspond to where a lower-level learning module has recognized a
3D object (the sphere), while purple points correspond to where a different lower-level learning module has recognized
a 2D object (the Thousand Brains Project logo). These child objects are stored as inputs in the model of a higher-level
learning module; the resulting compositional model is visualized here. In the following gures, we demonstrate the key
elements that enable Monty to learn such compositional models.
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a result, Monty can naturally accommodate moving onsensed, and a Motor System policy was implemented such
new objects in the world. We quanti ed this capability witlthat the distant agent would then focus its local sensors on
our unsupervised inference benchmarks (link), and it repe target location.

resents a crucial mechanism for supporting compositior}%I

objects (Figure 3). propose goals, we implemented two strategies. The

rst was a simple inhibition of return policy - if a region
Together with a mechanism to eliminate hypotheses tladisensory space has been visualized before, this reduces
are no longer re ective of incoming sensory informatiorthe chance of returning there. The second was a mecha-
burst sampling enables Monty to rapidly adapt its hgism to use heuristics around color, depth, and edges to
pothesis space while maintaining computational ef ciengyropose salient regions to attend to. This latter work repre-
While the core aim of this feature was to support the cosented a model-free means of proposing candidate areas
positional nature of the world, bursting also enables Morfigr exploration, and was based on VOCUS?2 [Frintrop et al.,
to better handle noise. In particular, a noisy sensory ob<€15].

vation can resultin a poorly initialized hypothesis spa‘fﬁith these strategies, the distant agent is able to rapidly
By carrying out additional instances of hypothesis initig 10ve to regions of the world where relevant objects may

ization, burst sampling enabled us to improve Monty’s . : . ;
performance across our core benchmarks of single-obj éﬁt as well as systematically explore the available visual

recognition, all while maintaining computational ef cienc ce (Figure tl)lla). ]:l'hIS |s| an mportag'g, ?Ibe't 'nSfo cient,

(#783). For more details, you can read our documentaﬂ?i‘]ang? tct))_ena e ef cient learning and inferring of compo-

on burst sampling at this link. Itional objects.

An additional requirement is that, once on a potential ob-
ject, we stay there until it is recognized; this is the subject

of Section 3.5. In the interim, we observed an improve-
ment across our distant-agent benchmarks with the more
(gf cient inhibition-of-return policy (Figure 4b) (#1003).

3.3 Model-Free Exploration Policies: Saccades
Driven by Inhibition of Return and Saliency

Monty currently implements two sensorimotor embo
ments, which in uence how it is able to move within, and . .
sense. the world. The rst of these is the "surface agerﬁm important step towards sparser models that still support
which moves like a nger over the surface of objects, onﬁ?bUSt inference (#1041).

sensing things that are nearby. The other is called the "dis-

tant agent”, and it moves like an eye, performing saccaded Distortions: 2D Sensor Modules for Learning

that bring different parts of the world (which may be far  Invariant 2D Models

away) into focus.

imilarly, the saliency-based saccade policy demonstrated

One of the key limitations of the original distant agent w '\sloésilhg?fg?ié? dﬂi]ne?,vl\sosrlgai(rae fl’_vﬁg Iﬁgﬁﬁgg&?ﬁ;gtﬂg
that saccades were limited to small, random reorientatio lStort as it follows a curving surface on which it is printed,

of the camera; these effectively resulted in performin}

- ) titis still legible. Similarly, a T-shirt can be crumpled,
random walk over the visible surface of an object. In ord ?a wire tied in a knot, without affecting the fundamental

to ef ciently handle the compositional nature of the worl . .
we rapidly move our eyes to relevant objects and expl éatlons between the parts of the object (the sleeve of the

each region until something is recognized. For exampéiﬁ'ﬁé?%ﬁé?}ii&oér; shoulder, which continues until it
if looking around a living room, our attention might be K '

rapidly drawn to a table, or a mug on the table, or a logane way of describing this is that these fundamental rela-
on the side of the mug. A series of small, random eyiens are preserved in a lower-dimensional structure - 2D
movements would only reach all of these locations after amthe case of the logo or T-shirt, 1D in the case of the wire.
excessively long time. To enable compositional modeling of the diverse objects

resent in the world, we need to ensure that Monty can

We therefore carried out a line of work implementing ef- . ;
cient saccade policies in Monty. Most sensor modulel? \?\g_%?gégg%%glze objects whose true structure may be

(SMs) in Monty receive a narrow sensor patch (see the

square patches in Figure 3), and pass processed feadurkassic object we have discussed over the years is a mug
and location information to a learning module. To aud4th a printed logo on its side. While seemingly a simple
dress our new need, we implemented a specialized sergect, it captures the nuance that different objects in the
module that receives input from a large visual eld, prevorld can have underlying 2D or 3D structures, and that
cesses saliency, and can propose regions to attend to;ttiése can interact compositionally. As such, we began this
roughly corresponds to the role of the subcortical superiwork focused on the case of 2D objects. To realize the
colliculus [Basso and May, 2017]. desired capability, we implemented a specialized SM that

More speci cally, SMs were equipped with the ability t is able to extract features and movements corresponding

propose candidate goals for the motor system to enact,?t?s%D space.
as LMs could already produce goals for hypothesis testitlgMonty, morphological features - those that de ne a local
These SM-generated goals de ne a location that shouldfb@se - are key to the representations it builds. In 3D space,
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Figure 3: Burst Sampling Supports Adaptation. An intelligent system needs to constantly update its hypotheses
about objects that are present in the outside world. Shown are a series of steps from an inference episode with Monty.
On the left is a view- nder image providing context for where Monty is currently sensing, which is speci ed by the
narrow sensory patch (pink square). On the right are Monty's top hypotheses for objects as a function of episode steps.
"Evidence" re ects the con dence that has built up about the existence of a particular object. Dashed red lines show
burst sampling. a) Monty has just spent several steps exploring the sticker, and has therefore become con dent that
it is seeing the Thousand Brains Project logo. The earlier discontinuation of the orange line for the Numenta logo
corresponds to when all hypotheses for that object were eliminated. b) When Monty moves off the sticker, its existing
hypothesis is no longer relevant - this hypothesis therefore loses evidence rapidly, and Monty begins bursting to identify
new, relevant hypotheses. Note that, in this case, Monty does not have a model for the marble texture, or 3D objects like
the cube, and so it continues to burst. ¢) As Monty moves back onto the logo, it bursts again. Some of these newly
sampled hypotheses are able to explain the sensory data coming in, and their evidence accumulates.
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Figure 4: Saliency and Inhibition of Return for Ef cient Exploration. Monty can leverage a model-free policy

to rapidly explore the world. This combines a bias towards looking at salient regions of an object (as determined by
an adapted version of VOCUS2 [Frintrop et al., 2015]), and a bias against revisiting previously observed locations
(inhibition of return). a) Monty is looking up at the cube with the TBP logo; the receptive eld of the saliency SM
corresponds to the extent of the dark region superimposed on the 3D model. Bright regions in the saliency map
correspond to areas that are deemed worth visiting with sensors that pass features to LMs. The green dot represents the
current xation point. The dark, ring-like regions correspond to locations that Monty has recently attended to, and which
therefore have their saliency reduced. b) Prior to the introduction of this strategy, Monty would randomly perform small
saccades across the surface of the object ("Random Policy"). Introducing inhibition-of-return signi cantly improves
Monty's ability to accurately and rapidly recognize objects ("Model-Free Policy"), including in the presence of random
object rotations and sensory noise.
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these correspond to the surface normal and principal @bjects being sensed, ensuring Monty does not remain in
vature vectors sensed in a local surface patch. In 2D spdlce,same area inde nitely.

these correspond to oriented edges. The rst responsibility

of the newTwoDSensorModulevas therefore to extract

the dominant edge and its orientation within a sensory

patch. 3.6 Bringing it Together: Modeling Compositional

The second key requirement of tfieoDSensorModule Objects

was for it to estimate the 2D movement that takes place

across a surface, given that sensed locations are receMeelultimate aim of the above efforts was to enable Monty
as displacements in 3D space. We implemented a set@searn and infer complex objects with compositional
of transformations leveraging the sensed curvature ofegresentations. By combining the various elements we
surface in order to accurately estimate such 2D displadeveloped, we observed that Monty is indeed able to learn
ments. compositional models of objects such as a sphere with

By passing 2D morphological features and 2D displaa logo printed on its side (Figure 2c; see Figure 7a for

ments to a standard learning module, the latter is able odltlonal examples).
learn 2D models of objects such as logos (Figure 5a). Bsiring inference, these compositional models enable
hoped, we observed that these representations generaliedty to recognize compositional objects much more
at inference time to instances of logos on different typgsickly (Figure 7b). Without compositionality, a learn-
of surfaces, despite the distortions they induce (Figure 5hy system is forced to use "monolithic" representations
While their internal algorithms remained unchanged, LMs single model attempts to learn all of the sensory fea-
that were provided with 2D data, and therefore learnagtes associated with a particular arrangement of objects
2D models, demonstrated superior performance on objdatshe world (such as the TBP logo printed on the mug).
with underlying 2D structure (Figure 5c). Further detailthe monolithic model is unable to learn that the TBP logo
on these results are available in our expanded documeatat mug correspond to different objects that repeat in the
tion on the 2D SM. world with different, potentially limitless con gurations.
Compositional models enable a different approach. First,
LL-LMs in Monty can specialize in representing particular
3.5 Model-Free Attention: Focusing on Child Objects Cchild objects, where different LL-LMs can learn objects
with different assumptions about their dimensionality. In
his case, one LM senses features and movement in 3D
pace, learning representations of the 3D objects such as
he cylinder and mug. Another LL-LM senses features and
system needs to attend to a particular object and recog \gebTeirt]; IZSthS;):fﬁé ?jri]f?elreeirtn% g%greginet?gotﬂz %ﬁé?_e
it before it moves on. Without such a mechanism, hypothe- e ' .
ses will constantly shift (see burst sampling in Section 3. chical architecture of the system, the HL-LM receives

and there will be no opportunity for a higher-level LM puts from both of the LL-L Ms, building compositional

; . . . ' . . odels that combine this information. During inference,
worr(la(;:gﬁ/ﬁnrg;ellléa:rlﬁiAgf?)rrr?rﬁg?gnizom child objects in th ach LM can recognize the objects it has learned, includ-

ing the HL-LM using the incoming information from the
A key element to address this was to provide Monty withld_-LMs to rapidly converge on a compositional object.
model-free mechanism to identify a region associated Wim
a (potential) object, and to stay in this area until an object ]|
recognized. The mechanism should be model-free, as uﬁi
Monty has reasonable hypotheses about what it is sez%r%g

As noted in Section 3.3, a policy that ef ciently explore
the world is useful, but in and of itself insuf cient to deal
with compositional objects. In particular, a sensorimot

e elements outlined earlier all play a key role here. Burst
rnpling is essential for an LL-LM to change its hypothe-
as it moves through the world; this is necessary to
model-based methods will not be useful. We thereforasure that the representations it passes to the HL-LM are

: U o ningful durin th learning and inference. The ex-
implemented a mechanism in a specialized sensor mo aningful during both learning and inference € e

" ' ; ratory saccade policies enable us to ef ciently visit the
that segments a candidate region to attend to. While tgg of objects that may be encountered, while this is con-
b

e e oo e e by the model-ec atenton that ocuses Hortyon
(Figure 6) individual object at any given point in time. Finally, the

' 2D SM ensures that one of the LL-LMs can learn models
The attention region constrains where Monty moves i$ 2D objects, with two key consequences. Firstly, this
sensors next; rather than moving to any region in the imageables more accurate recognition of the particular 2D
Monty only targets locations within the actively attendeobject; without 2D edges as features, the logos are very
area. This had the desired effect of constraining Mordif cult to distinguish. Secondly, by estimating movement
to stay on an object for several inference steps - suf cieint 2D surface space, the same logo representation can be
for LMs to develop good hypotheses about the objectused across different instances (such as when it appears
they are perceiving. To complement this, Monty's LMen the surface of a sphere, on the surface of a cube, or
occasionally propose moving to a new location on tlsémply on its own), without needing to relearn it.
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Figure 5: Modeling 2D Objects. By simply changing the kind of sensory features and movement data a learning
module receives, the same internal processing results in the learning of 2D rather than 3D models. a) These models are
de ned by the orientation of prominent edges, rather than the orientation of surface normals and principal curvature
that de ne Monty's 3D models. b) As well as extracting the prominent edge of a sensory patch, the 2D sensor module
estimates the 2D movement across the surface of an object, based on locally sensed geometry. As a result, the learned
LM models are invariant to distortions caused by the curvature of 3D objects that the 2D objects (here logos) interact
with. This manifests as a consistent ability of the LM to recognize the logos, despite learning and inference taking
place on surfaces with different geometry (chance performance 50%). c) i and ii) An LM that learns 2D models of 2D
objects infers them on a curved surface more quickly and more accurately than an LM that represents them with a 3D
model; this includes achieving a higher proportion of instances where Monty converges to a high-con dence, correct
classi cation ("Converged"). iii) The use of 2D features also supports more precise pose estimation in comparison to an
LM that uses 3D models to represent 2D objects.
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Figure 6: Model-Free Attention to Remain on an Object. Similar to the model-free saliency that informs Monty how

to rapidly explore the visual world, we implemented a model-free system to coarsely segment and thereby encourage
Monty to attend to potential objects in the world. a) At any given moment in time, an SM determines what parts of
the world are salient, and thereby would be worth moving sensors to. b) Parallel to this, a specialized SM extracts a
segmentation mask, corresponding to a candidate object around the point of xation. ¢) These segmentation masks are
accumulated over time in a body-centric attention region, which is represented by weighted voxels. After just a few
xations, this attention region often corresponds to an object of interest (such as the logo-sticker shown here). This
attention region then determines what target goals can be acted upon by Monty, such as saccading to the "P" in "Project"
(allowed, as within the attention region) and not saccading to the top-left corner of the cube ( Itered out by attention).

Figure 7: Compositional Models in Monty. By combining the various elements developed over the last two years,
Monty is able to learn and infer compositional objects. a) Examples of compositional models learned by Monty. The
colors correspond to the object ID passed by a lower-level learning module, and stored in a reference frame within the
higher-level learning module. In this dataset, the logos can be oriented both vertically and horizontally on parent objects.
Best viewed in color. b) In a "monolithic" version of Monty, a single learning module is responsible for learning all
elements of an object, including the sensory features that result from something like a logo being printed on its side. In
a compositional version of Monty, LL-LMs are able to recognize distinct child objects, such as the logo, and then pass
this information up the hierarchy. i + ii) As such, compositional models provide faster inference that is more likely
to converge to a con dent classi cation ("Converged"). iii) The 2D learning module is also able to better infer the
orientation of logos (see Figure 5c¢); this likely contributes to the compositional Monty achieving lower pose error when
inferring compositional objects, supporting the bene t of distributed representations.
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