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Overview

While traditional reinforcement learning techniques provide all sensors throughout
training, mammals and birds develop their senses in a fixed order, which Turkewitz and Kenny
(1982) hypothesized benefits perceptual organization. This thesis tests whether that principle
applies to a simulated 4 DoF arm trained through three task phases, comparing three sensor
curricula: a classic all-sensors approach, developmentally-ordered sensor introduction, and
random dropout. In early phases, the developmentally-ordered approach trains substantially
faster, and surpasses random-sensor and matches all-sensor baselines on the most complex task,
suggesting that it is a compelling approach for developing a generalizable model without

adjusting the algorithm or model architecture.
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Introduction

Robots have been used industrially for over 60 years (Kawasaki Heavy Industries, Ltd.,
n.d.). Many large-scale assembly processes are fully automated, such as in China’s dark factories
(Shaikhutdinova, 2025), named for having no lights, since their robots function entirely without
lighting and no humans are present. Robots have slowly crept into home and workplace settings
(consider 3D printers, for example, which extrude molten plastic at blazing speeds and yet are
generally reliable and safe enough for children to use them with moderate training). Traditional
robot control relies on deterministic preprogramming: a 3D printer, for example, moves to
specified locations and no more. Later generations of robots have added sensors to flag

discrepancies for human operators to correct, such as manufacturing failure detection (Jiang,

2019).

However, these robots are a far cry from the vision of a robot butler capable of
performing varied household tasks. The next frontier is robots that handle discrepancies
themselves, automatically locating parts in cluttered environments (Qian et al., 2024), reorienting
objects for manipulation (Wada et al., 2022), and learning what a successful outcome looks like
with only a few examples (Black et al., 2024). Unlike their declaratively-controlled predecessors,
these robots learn much more like humans do, in part because of their use of networks of virtual
"neurons." Neural networks (NNs) were inspired by the impressive capability of
naturally-occurring NNs in animal brains (McCulloch & Pitts, 1943). Computer and robotic
scientists have increasingly looked for inspiration in cognitive science’s theories about agents,
their embodiment, and their environments in their quest to develop self-correcting, smart robots.
Using NN as a control and learning framework for robotic actuators has been a developing

subject for almost forty years (e.g., Miyamoto et al., 1988). Using such a network is often
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referred to as a "black box," though, since it is effectively impossible to determine what the
patterns of activation in a neural network represent in a way we can understand. This is much the
same reason why the brain remains so mysterious to us in contrast to equally important but less

computationally complex organs like the heart.

Classical approaches to cognition relied upon an agent constantly updating a large,
symbolic knowledge base of the world. While neural networks do not necessarily hold such
symbolic information, there are other, simpler approaches to cognition that are even simpler. The
embodiment of a robot is deeply connected to not just what it can do in the environment, but also
how it does so. The finite constraints of a physical body can be restrictive, but they also allow the
environment to work for the agent. An agent can, for example, drop things above a target

position, throw them, balance them, and more. A great example of this is “passive walkers,”

structures that walk by themselves when placed on a slight slope (Pfeifer & Bongard, 2006).
While these are not really agents, it demonstrates that in some cases there is no need for sensors,
processing, or even actuators. Thus, such items should only be added if the task requires them,

not as a baseline assumption.

Thus, sensors should not be added needlessly. In the real world, sensors can wear and
break, provide noisy readings, or drift over time. Even in simulated environments, an excessive
amount of inputs can result in longer training times for NN systems. Some sensors also need a lot
more adjustment if bridging the sim-to-real gap. A camera, for example, is very hard to simulate.
Real-world angle discrepancies, camera settings, and colors can all render a model trained in
simulation useless. Other sensors, however, are much more robust. Internal proprioceptive
sensors are generally much more reliable and, since they output far less information, they are

easier to tune for.


https://www.youtube.com/watch?v=FfKQSUhYjlY
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However, just because sensors are noisy doesn’t mean you should provide fewer. In fact,
to offset this, it is often beneficial to add multiple sensors that provide overlapping information
about the world (Kaelbling et al., 1998; Ernst & Banks, 2002). The positioning of these sensors
on the robot can greatly affect how it reacts to even the simplest of stimuli (Braitenberg, 1984).
Our two eyes, for example, provide information about depth only when they work in
conjunction. A prey animal’s eyes provide inferior depth perception but a superior field of view.
Developing a robot that can accomplish tasks is about not just the software or the design, but also

the relationship between the two.

Finally, embodied agents operate continuously. While many early neural networks were
used for image recognition, sensorimotor relationships often can’t wait: a robot can’t afford to
pause and think when balancing (O'Regan & Noég, 2001). Thus, we need a system which is
capable of quickly intaking information and responding with appropriate actions (without the

higher-level reasoning assumed by proponents of classical cognition).

How Robots Learn

While humans often communicate with implied subtext and vague instructions, even
those robots that learn must usually be given relatively clear feedback signals or have their
digital “brains” (called their architecture) specifically designed for a specific type of learning.
Some tasks have a clearly correct output. For example, when training a neural network to
classify images as being of cats or dogs, you might have a set of images that you have already
labeled. Training an image-classifying network with these pre-labeled datasets is like giving the
system a test that you have the answer key to. Instead of “go here, do this” instructions, you're

instead giving feedback in the form of a desired output.
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However, sometimes the desired output is more than just an answer. For robots
performing a task, we often care a lot more about what the robot accomplishes than sow it does
so. The internal processes behind the completion of a task may not resemble how we might think
the task is done. Goodale et al. (1991) demonstrated that even in humans, our ability to
consciously perceive object properties is separate from our visuomotor systems that modify our
actions based on those properties. Diedrichsen and Kornysheva (2015) discussed evidence that
motor skills are acquired hierarchically. With practice, intermediate representations turn small
movements into chunks of actions. These can then be combined into reusable actions across
tasks that are still adaptable. Once you learn to pick something up and place it elsewhere, for
example, you can repeat that even for objects with a slightly different position, shape, or

destination.

A common solution for task training in robots is to give intermediate feedback, a more
holistic approach that encourages not an outcome that is either right or wrong, but rather progress
towards a goal. Think of instructing an inexperienced robot to learn to bake cookies. This task
would be very hard for the robot to learn if you only told them at the end “no, these cookies were
bad” but much easier if you give them a score based on how well they did overall (akin to
“partial credit” on homework). You may care about some things (what ingredients are mixed
together) but not others (how the robot navigates the kitchen). You might also realize that the
robot is doing something that is technically in line with your described partial-credit system but
not what you hoped for, such as spilling lots of ingredients if there is no penalty for doing so.
Thus, this system takes careful tuning so that you account for all desirable (positively-rewarded)
and undesirable (negatively-rewarded) behaviors while still leaving space for the robot to find its

own way of accomplishing the task. This kind of feedback is instrumental because it allows for
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your robot to find the best ways of doing things without needing to follow an exact

preprogrammed set of movements.

Let us now imagine we are trying to teach a robot how to make cookies in a simulated
environment (or many parallel simulated environments). If you want the robot to learn quickly,
you can’t rely on a human to assign the reward manually; you’d be overwhelmed and your
(physical) constraints would be the limiting factor of the training process. Instead, you must
define a clear system that the computer uses to reward the robot. Imagine that we start with just
rewarding the outcome: 100 points (an arbitrary number without context) for completely baking
the cookies. With enough training time and exploration, the robot would eventually stumble into
a policy, or mapping from observations to actions, that was capable of baking the cookies.
However, this would take an inordinate number of trials to result in success; imagine if you were
told that you’d be stuck in a kitchen until you figured out and executed a specific, unknown
recipe. Even the best computer simulations are only so fast. Just as evolutionary selection
compounds small advantages over generations, we can define intermediate rewards that guide
the policy toward the target behavior. However, the wrong path can lead to mistakes; imagine
adding to our reward system +5 points for picking up any tools or ingredients, a choice designed
to incentivize their use. Great! The robot will quickly move to boxes or whisks, and pick them
up, and put them down, and pick them up, and put them down, and continue forever. This is a
“local maximum,” since the robot has an opportunity cost (Montevirgen, 2026) in doing
something else. Balancing the reward function is tricky, and requires iteration for a system which

encourages exploration while still guiding the policy.

Beyond simple reward functions that help with intermediate behaviors, another way to

make the task easier for the robot to learn is to decompose it so that smaller tasks can be learned
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separately. Eppe et al. (2019) trained robots with two systems, a planner and a worker. The
high-level planner provided simple requirements to the worker, such as moving objects to
specific positions. This meant the planner didn’t need to figure out how to actually manipulate
objects and the worker didn’t need to plan out multi-step actions, just execute simple ones. Just
as a practiced typist does not need to consciously direct every finger while typing, but needs only
to think about what they wish to type, the planner doesn’t need to worry about the low-level
action details (see Saveriano et al., 2023, for a broader review of task decomposition methods).
While this approach has a higher success rate than classic deep reinforcement learning (RL)
policies, it is slower to train. The “curriculum effect” that Eppe et al. built upon is still useful,
though, even if a manager task is not present. This was demonstrated by Bengio et al. (2009)’s
foundational paper on curriculum learning, which structures tasks. A structured approach allows
robots to gain some of the advantages of human compositionality (ability to complete complex
tasks) without the high-level ability to understand their actions nor the ability to generalize. This
is achieved by training the robot on increasingly complex tasks. This allows it to work its way up
to the most complex task, but does not necessarily impart the same level of compositional task
ability that Eppe et al. did. However, it is much faster to train without generalizability, and robots
need not specialize in every task; sometimes it is worth focusing on just one.

One way to develop a robot’s ability to interact with the world for a specific task is an
actor-critic system. Essentially, there are two networks trained in parallel: the actor, which
proposes an action, and the critic, which guesses what the reward from that action will be. When
the agent actually takes the action, the reward from the environment updates both the actor and
the critic. It's advantageous to have both; the actor is the policy that gets deployed at inference

time, and the critic learns what positions are strong and what might be achievable from them.
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This is analogous to the intermediate feedback we gave to the agent learning to make cookies,
but the agent itself is learning what kinds of positions are strong. Think of the critic like a chess
player's intuition and the actor as the actual decision-making process that chooses a move

(Schulman et al., 2017).

Despite some advances in few-shot learning (learning from a handful of examples at
most), robots learn very slowly with deep RL (Botvinick et al., 2019). The advantage that robots
have that we do not (yet) is the ability to learn in a simulated world. Simulations allow robots to
learn at lightning speed, since time can be essentially sped up inside a simulation. Furthermore,
multiple simulations can be run in parallel. Simulations are cheaper than real life, too. Simulated
robots are free and can be reset from a stuck or broken state automatically. Simulated
environments and agents also allow for access to “ground truth” information; you can know
exactly where something is, whereas in the real world you often must estimate from sensors.
This allows for better training of the robot, since it can receive feedback from precise
information (Ibarz et al., 2021). Simulations are also useful because they allow for iteration of
the robot’s physical design and environment before physical manufacturing needs to begin. They
further allow for programmers to iterate on the requirements of the robot by testing how well
different types of robots perform, what sensors are most important, and what they can modify

about the robot’s tools or interactive objects (for example, adding AprilTags).

Whether you take a classic computational approach by programming a simulated robot,
or leverage a self-learning system, a critical problem emerges when you deploy the code or
policy on a robot embodied in our physical world: a disconnect between simulated and
real-world output. This is due to myriad factors, including minor compounding differences in the

joints and actuators of the robot, differences in the quality and accuracy of sensors, differences


https://april.eecs.umich.edu/software/apriltag
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between the simulated and real environment, and more. It is incredibly difficult to make the
simulation as close to real life as possible, as smaller and smaller improvements yield
diminishing results. This problem, known as the sim-to-real gap, has many solutions. One
approach is domain randomization, which attempts to work around real-world details. It varies
the simulation’s setup across trials enough that the real world fits in among these varied
examples. Another approach is meta-learning, in which the robot is trained not on tasks
themselves, but the ability to quickly pick up new tasks. This means that the final training in the
real world is minimal. Similarly, you can use imitation learning, in which the simulated robot
learns from examples and attempts to mimic their actions at a higher level (Zhao et al., 2020),
though this still often requires a well-trained controller for the motor actions themselves and

therefore builds on techniques like domain randomization and meta-learning.

Liu et al. (2017) demonstrated that randomly disabling sensors during training resulted in
reduced policy sensitivity to particular sensors or subsets thereof. This is similar to the classic
neuron dropout technique (Hinton et al., 2012), which disables random neurons throughout
training and prevents overreliance on specific neurons (Hinton et al., 2012; Srivastava et al.,
2014), but this dropout functions only at the input layer and on blocks of neurons, not individual
neurons. Their robot was a simulated racecar with three modalities of sensors: physical state
(position, velocity, orientation to centerline, wheel speeds, engine speed, GPS), a laser-range
finder (providing values across multiple timesteps), and a front-view RGB camera (which
provided almost 90% of the total state). They tested how well the policy transferred to a new
racetrack across three conditions: all sensors, noisy sensors, and random subsets of sensors
disabled. For the third condition, only some subset of sensors was available in each episode, but

the agent was able to train with all sensors across its iterations. Their results showed that when
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the agent was not able to rely upon any given sensor, it ended up developing a robust system that
used all of them. In animal studies, the loss of one sense results in reorganization of the brain
such that cortices traditionally used for one modality (e.g., sight) can become used for other

senses if the first sense is lost (Bavelier & Neville, 2002).

How Biological Agents Learn

Despite RL being one of the most useful ways of implementing skill learning and the
primary driver of an agent’s behavior (Belousov et al., 2021), it is not the only approach. Friston
(2010) argues that natural agents focus on avoiding surprise, rather than maximizing a reward
signal. “Surprise” here is not emotional but representational: the mismatch between one's internal
model of the world and actual experience, as when a seemingly heavy object turns out to be
light, or someone is in a room you thought was empty. Friston calls this the “free energy
principle” since it relates to an organism's ability to stave off thermodynamic entropy by
minimizing free energy. The crux of his argument is that organisms don’t learn what is
rewarding, but rather they expect reward and act to fulfill those expectations, as hunger drives

eating. The action brings the organism to the state that it expects.

Yet the gap between natural cognition and the RL approaches discussed above may be
narrower than this contrast suggests. Schultz et al. (1997) demonstrated that dopamine neurons
fire in a pattern matching temporal difference algorithms, a common RL approach that mirrors
the role of the critic in an actor-critic framework. Temporal difference algorithms track the gap
between expected and actual outcomes, sharing notable parallels with Friston's (2010) free
energy principle. The two differ in scope: temporal difference algorithms learn only to predict

rewards, while Friston's model describes the brain's broader ability to minimize surprise across
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sensory inputs, including by acting on the environment to bring it in line with expectations.
Temporal difference algorithms, at best, equip an actor model to better maximize reward, not to
minimize surprise. Despite these differences, both frameworks treat prediction error as the core
driver of learning, both compare actual to expected outcomes, and both apply to virtual and

embodied agents alike.

Friston's account, however, presupposes that the organism carries an internal model rich
enough to generate those expectations in the first place. Essentially, we need a generative model
of what will happen in the world. In order to have that, he argues, we need internal stand-ins
(representations) for things in the world around us. Then, our cognitive processes can operate
over those representations to create predictions. That assumption is not obvious. Gibson
(1979/2015) claims that our interpretation of objects is based upon what we can do with them.
He calls what the environment offers the agent “affordances” because they afford something: a
chair affords sitting, a door handle affords pulling, and a baseball affords throwing. Affordances
are about the relation of an agent to its environment, not merely a property of the object. The
agent doesn’t infer the properties of something because of an internal representation, but rather

perceives those properties directly.

Brooks (1991) raises a related concern. He argues that when we analyze direct interaction
with the world, no need for representation is evident. Parallel systems interact not with each
other, but with the environment, which then provides feedback (allowing for live updates in
response). Even if we do hold representations in our minds, that is not a requirement for
intelligent systems. As Brooks puts it, "It turns out to be better to use the world as its own
model" (1991, p. 139). These arguments make different cases against representation: Gibson

claims that perception doesn't require it, while Brooks claims that intelligent action doesn't either.
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To make robots reasoning agents rather than simple pattern recognition systems, it helps
to examine how humans solve tasks. Lake et al. (2016) argue that human-informed agents must
build causal models of the world that demonstrate understanding, possess intuitive theories of
physics (often called “folk physics,” the instincts about what will physically happen to objects
during simple interactions), and learn to learn, developing their own capacity to acquire
generalizable knowledge rather than relying on designer-scaffolded training. These requirements
are achievable. Lake and Baroni (2023) demonstrated that modern neural networks can perform
tasks once thought unique to humans, such as systematic generalization: the ability to combine
familiar elements in entirely new ways. Language is the canonical example, since a speaker can
produce a meaningful sentence they have never encountered before. The same principle,

combining primitives into novel complex actions, extends beyond language into motor behavior.

Al does well on specialized tasks, such as cancer classification from medical imaging,
where it outperforms humans (Alves et al., 2026). Humans, however, retain the advantage as task
complexity grows, particularly for tasks without clear, labeled training data (i.e., deep RL tasks).
Even so, the gap has been narrowing for well over a decade: deep RL agents were already
matching or exceeding human performance across dozens of Atari games, learning directly from

raw pixel input with no task-specific programming (Mnih et al., 2015).

Ernst and Banks (2002) demonstrated that when humans receive conflicting information
from multiple senses, the brain weighs each sense more the less variance there is. Essentially,
senses that are less reliable are correspondingly relied upon less. This is called
maximume-likelihood estimation. Neural network structure allows the network to learn to ignore
certain inputs by weighting them very low. However, it takes longer for the network to “realize”

that they are noise than if it simply did not have those connections. Angelaki (2008)
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demonstrated that the quality of a sense is not assumed fixed, but rather that humans dynamically
reweight sensory channels when one degrades. This type of degradation can happen either
because the sensor is weakened (e.g., cataracts) or its information source is weakened (e.g., dim

lighting).

Research Question

Before adaptation can occur, sensory systems must first develop, and they do not do so all
at once. Evidence suggests that in both birds and mammals, sensory systems do not all come
online at once, but rather in a specific developmental sequence: tactile (touch), vestibular
(balance and spatial orientation), chemical (taste and smell), auditory, and finally visual. Notably,
this sequence holds not just for altricial animals (those born helpless, like human infants or
kittens), but also for precocial animals (those born relatively capable and independent) (Gottlieb,

1971; Lickliter, 2005).

While Liu et al. (2017) demonstrated the benefits of random sensor dropout, their
approach treated all sensors equivalently from a curriculum perspective. Gottlieb’s (1971)
findings suggest that natural agents’ senses come online in an invariant order, with earlier senses
providing a foundation for later, complex senses to be integrated into. Turkewitz and Kenny
(1982) further argued that limiting senses in early development does not simply constrain the
organism, but rather benefits the organization of perceptual systems by preventing overwhelming

amounts of information from being provided to the organism before it can use them effectively.

Many animals, for example, are born with closed eyes, taking between days and months
to open them (Van Cruchten et al., 2017; Peng et al., 2001). Griswold and Van Hooser (2025)

argued that this happens specifically because the neural pathways are not yet developed enough
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to make use of this information, and that waiting to provide visual senses is advantageous,
whereas overwhelming a newly-developing system causes irregular, detrimental development.
This raises a question: if a robot’s senses were introduced not all at once, nor randomly on and
off, but in a sequence informed by natural sensory development, would the robot learn faster,
perform better, or develop more robust systems than a counterpart trained with random sensor

dropout? What about one trained with all sensors available from the very start?

The real world is continuous at every scale that matters here, not discrete. Physics comes
baked in, whereas simulations only approximate it. Still, learning in the real world is slow, as
already discussed. The purpose of this simulation is not to model the real world faithfully, but to
examine what might be feasible if we place a near-real agent in a close-enough approximation of
it. My goal is to demonstrate the feasibility of a cognitive-science-inspired approach to robotic
arm training, not to create a physical working product. The gap between the real and simulated
world is increasingly shrinking, though. In March 2026, researchers built a neural controller
whose architecture is a linear approximation of the complete wiring diagram (connectome) of a
fruit fly's brain (with over 100,000 neurons and their synaptic connections). They used that
simulated topology to control a simulated fly body. Compared to standard neural network
controllers, this connectome-derived linear model trained faster and achieved lower error across

every locomotion task tested (Jin et al., 2026).

This paper extends Liu et al. by replacing random sensor dropout with
biologically-ordered sensor introduction throughout several curriculum phases, starting with easy
tasks and progressing to more complex ones. If Turkewitz’s and Kenny’s (1982) theory extends

to simulated agents, a developmentally-ordered policy which gains sensors as it progresses



When Senses Come Online Isaac Rudnick 16

should learn more quickly than a policy which is provided with all sensors all the time, assuming

that the naturally-occurring developmental model is a result of learning optimization.

Methods

This section is very long and technical. You may wish to skip ahead to the Results and
Discussion section unless you are particularly inclined to parse through lots of formulas and
other jargon. If you do choose to read this section, note that all formulas are accompanied by an

explanation in layman’s terms.

Simulation Setup

Using digital copies of physical bodies keeps the sim-to-real gap within striking distance.
Thus, I am using a real-world robot arm in the simulation, meaning that the policies I train could
feasibly be ported over to a real arm, though it is almost guaranteed that fine-tuning training
would be needed. I wanted to find a general-purpose robot arm that has many degrees of freedom
(think of a degree of freedom as somewhat like a joint), open-source support (Susnjara &
Smalley, n.d.), provides three-dimensional files for simulation, and uses standard controllers. The

Lynxmotion 4 DoF arm has all of these and its three-dimensional files specify not just the

geometry of the object, but also provides a “Universal Robot Descriptor File” (URDF), which
contains data about not just the physical construction of the robot, but also the capabilities of the

motors, grippers, linkages, joints and more.

The URDF file extracted from the original Lynxmotion source was modified to better
reflect real-world behaviour. Joint damping was increased from the URDF defaultto { = 0.5,

and per-joint maximum velocity was capped at w = 1.5 rad/s, well below the


https://wiki.lynxmotion.com/info/wiki/lynxmotion/view/ses-v2/ses-v2-arms/lss-4dof-arm/
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manufacturer’s no-load spec listed in the URDF of 2w rad/s. The four arm joint ranges and the
parallel-jaw gripper joint ranges are listed in Table 1; the gripper fingers are mimic-coupled,
meaning both fingers’ positions are controlled by a single action output value (just as in the real
robot, where gears connect the movement of the two fingers) rather than controlled
independently. Cartesian targets and position observations are normalized to a workspace box
spanning [— 0.15,— 0.15,0.10]m to [0. 15, 0. 15, 0. 35]m. Finger pads and cube use friction

coefficients W, = 2.0,p  =10.3,u

spin = 0. 05, and collisions between non-finger arm links

roll
and the cube are disabled. This prevents the arm from learning to use non-gripper parts of its

assembly to move the cube, which would generalize worse to the real world since it relies upon
physics and geometry constants very specific to the simulation. Observed final behavior for all

models showed no instances where the model took advantage of this collision disablement.
Table 1

Joint ranges (rad).

Joint | Range (rad)

q,|[- 2.182,+ 2.182]

q, | [ 1.920,+ 1.571]

q, | [— 2.094,+ 2.094]

Gripper q. [0, /2]

Mimic q, | [- m/2,0]
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There are many physics simulation softwares available. In order to eventually
open-source this code, I wanted to write it in a broadly-accessible programming language, so |
decided to filter my search to only include Python-integrated environments or libraries. While
proponents of low-level languages often cite their superior performance compared to high-level,
interpreted languages like Python, many Python libraries are written in C and provide a
simplistic, high-level interface for programming that is heavily optimized behind the curtain.
Thus, working in a high-level language does not necessarily come with performance drawbacks
as long as one commits to using well-supported and maintained libraries that are specifically

designed to run fast on advanced hardware. [saac Sim, MuJoCo (Multi-Joint dynamics with

Contact), Brax, and Gazebo were promising choices but are designed for more rigorous
environment definitions and have a greater initial setup time. These systems have a steeper
learning curve and are designed for industry development more than simulated trials or research.
PyBullet, however, is designed for quick iteration and provides a dedicated quickstart guide
(Coumans & Bai, 2021). Despite being focused on sim-to-real transfer, its default environment is
simple to set up and does not require rigorous definition. PyBullet has a dedicated rendering
engine, integrates with other Python libraries easily, and can be used easily with OpenAl Gym or
its successor Gymnasium. Gymnasium provides tools for reinforcement learning that abstract
what is often confusingly called “the environment” which in this case refers not to the world, but
the way in which the reinforcement learning is done. Much like PyBullet, Gymnasium exposes a
fully-featured Python interface and allows for easy abstraction of the reinforcement learning

process (Brockman et al., 2016; Towers et al., 2024).

The physics simulation is stepped at fsim = 240 Hz, with k = 10 sub-steps per agent

action, yielding a control rate of 24 Hz. This means every virtual second, the agent acts 24 times.


https://github.com/isaac-sim/IsaacSim
https://mujoco.org/
https://github.com/google/brax
https://gazebosim.org/api/sim/9/physics.html
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Each time the agent acts, the physics engine does 10 physics steps, each one lasting only 1/240
of a second. The agent therefore observes the world and emits a new action 24 times per
simulated second, while the underlying physics integrates 10 times more finely between actions
for stability. This was chosen so that the collisions between the robot and the cube would be
calculated more accurately (after initial testing showed that a lower sub-step count resulted in

occasional object-on-object clipping).

Reinforcement learning is a very complex field with wide-reaching applications. The
specific type of RL used in this project is deep RL. The example of teaching the robot to make
cookies by giving it feedback through rewards is deep RL. There are many deep RL algorithms,
but a very common one in robotics control is proximal policy optimization (PPO) (Schulman et
al., 2017). PPO learns from rewards provided by the environment, balancing exploration and
exploitation (Sutton & Barto, 2018) with an actor-critic system. There are myriad
hyperparameters that affect how the policy learns, and iterative selection of these parameters is

often necessary to find a good set for the specific task being optimized for.

L . . 5
The policy is given sensor inputs and then outputs an action vectora € [— 1,1] for
every control step. This output contains the four normalized arm-joint position targets and one
normalized gripper target. Each component is linearly re-scaled to the corresponding joint’s

physical range as described above, so the target position for joint i is given by:

_ 1 hi lo o1 hi_ lo
=5 +q)+ta- 5@ —q)

L

tgt
i

All final simulations were run on Vassar’s Hopper Cluster on the hardware-identical
EMC-node3 and node6 partitions. These nodes feature 2 AMD EPYC 7601 32-Core Processors

operating at 2.10 GHz (128 logical CPUs across 2 sockets, with 2 threads per core) and 503 GB
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of RAM. No dedicated GPUs are present on either node. Graphics cards are best used for
accelerating video data such as in the arm’s RGBD camera inputs, but are not as important as
high CPU power for physics simulation. The parallel processing capability of the CPUs on the
EMC nodes allows up to 128 virtual environments, though only 96 were used for easy parity
during development with another server which had only 48 CPUs. All final simulations were run

on the EMC-node3 and node6 partitions, however.

Experimental Design

Curriculum Phases

I ultimately wanted a robot arm that was capable of finding a cube placed randomly
within its reach, picking it up using its gripper, and placing it somewhere else (also randomly
selected). Given the complexity of this behavior, I needed to build upon the curriculum learning
techniques presented previously as well as meticulous reward function scaffolding. I began by
developing the reward functions and environment (both the concrete 3D environment and the

abstract learning “environment”) for an arm given all sensors throughout the entire process.

I trained the arm through three different phases, starting with a simple task and working
up towards the complex pick-and-place task based on the discoveries of Bengio et al. (2009) and
Eppe et al. (2019). First, I trained the arm to move to a specific point in space by placing an
intangible sphere there that could be seen by the camera. Visualizing the trained policy showed it
moving in a sweeping, scanning, circular motion until the object was visible. Then, it moved
slowly towards the object keeping it in view. This first phase trains the arm to search in its

environment.
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The way that the arm policy outputs moves is frame by frame. Given a current set of
inputs, it outputs some discrete action (move each joint x amount) and then receives new updates
on the state of its sensors after that action. This allows it to receive feedback about its actions and
the value they provide. However, it ended up oscillating around the point instead of iteratively
homing in on it. This is likely because the output actions are computed based on the sum of
many values in the neural network, and it is very hard to tune all the levels to sum to the same
value as the current positions when the arm is exactly on the goal. Instead, the policy can learn to
get very good at moving very close, but it slightly overshoots. Thus, a sub-phase was created
with the same task but with a penalty for excessive movement. Penalizing such movement in the
first phase would create a local maximum from which the policy might never escape, since
moving would result in lower reward unless it just so happened to move right to the point it was
supposed to. However, by starting with a policy that already tries to get to the point, we can
evolve new behavior from that starting point. Closeness to the goal object is not enough: the arm
must be still. Having only the former is a challenge for humans with Parkinson’s-caused tremors,

for example (Parkinson’s Foundation, n.d).

Next, instead of rewarding the arm for moving to an immaterial point, it had to learn to
raise a cube placed on a table. This phase was very difficult to determine an effective reward
function for, because the arm often attempted to find a specific action that found a single fixed
action that maximized expected reward across episodes rather than adapting to the cube’s actual
position. Specifically, it spent a lot of time placing its gripper as close to the base of the arm as
possible. This makes sense when you consider that across many iterations, the center of the robot
is the closest point on average to the cube, since it spawns around the base. However, the average

of many good actions is not necessarily a good one. Consider reaching for the space between two
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objects because you cannot choose which one you’d rather have; that average action is worse
than either of the first two. Problems like this (task variance adaptation) were solved by
increasing training timesteps. Other problems required the addition of new reward terms, as

described later.

Once that phase was structured, I created the final phase, in which an agent that can pick
up the cube is rewarded for putting it down on another table instead of simply moving it into the
air. This rewards the arm for the same starting actions (finding the cube, reaching for it, grasping
it, and moving it from the table) as the previous reward function, but this time the policy must
learn that it should next look for the table on which I want it to end, not simply raise it in the air.
Each of these phases was carried out and refined iteratively, since I needed to change the reward

function and environment to properly scaffold the arm’s learning.

Sensor Curricula

There are three conditions under which the arm learns: “all,” where the arm is given all
sensors from the very start; “random,” where each episode provides the arm some subset of
sensors; and “developed,” where, as training progresses, the arm is slowly provided more sensors

based on the developmental ordering described above.

Table 2

Sensor names, dimensions, types, and the phase in which each is first introduced under the

developed curriculum.

Assigned Phase
Sensor Name Sensor Description # Values "Type" Introduced
Joint positions and velocities, Tactile/ Phase 1
ProprioceptiveSensor [normalized 12 |Proprioceptive |(Reach)




When Senses Come Online Isaac Rudnick 23

Assigned Phase
Sensor Name Sensor Description # Values "Type" Introduced
End-effector XYZ, normalized to Spatial / Phase 1
EEPositionSensor workspace bounds 3 [Vestibular (Reach)
Target XYZ, normalized to Spatial / Phase 1
TargetPositionSensor |workspace bounds 3 [Vestibular (Reach)
Scalar distance from end-effector to Spatial / Phase 1
DistanceSensor target 1 |Vestibular (Reach)
Contact flag and force per gripper Tactile/ Phase 2
TouchSensor finger 4 |Proprioceptive |(Grasp)
Single forward ray from Proximity / Phase 2
UltrasonicSensor end-effector 1 |Auditory (Grasp)
Object XYZ, normalized to
workspace bounds; zeros when no Phase 2
ObjectPositionSensor [object present 3|Visual (proto) [(Grasp)
HxWx4 Phase 3
RGBDSensor Combined RGB and depth image |(64x64x4) |Visual (Pick-and-Place)

When a sensor is disabled under any condition, its values are replaced with a non-sentinel
value of 0 across all its observation dimensions. This means that the arm is still receiving a value
from the sensor’s pathways, but it’s just an input of 0. In the case where sensors are randomly
disabled (with a 15% chance for each sensor), this will make it harder for the policy to learn,
since there is no difference between the input for “your arm is at position zero” and “the sensor
for your arm’s position is disabled,” but other techniques to disable the sensor would require very

inconsistent architectures between curricula.

Therefore, to help the random-sensor policy distinguish between sensors being off and
on, we provide it one final “sensor,” with six values. Each value corresponds to the status of
another sensor indicating whether or not it is disabled. That way, the policy has a way to
distinguish between a flat value of 0 and a signal of 0. This signal was only provided to that

policy, not the full-sensor policy and developmental-ordering policy since they have very little
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change between episodes in sensor availability and thus are overwhelmingly unlikely to extract

anything valuable from such an input.

To avoid overwhelming the developed-sensors policy with a wave of new inputs at the
start of the phase, the weight of newly-unlocked sensors is set to zero. The policy can then

slowly begin to weight them more heavily as it progresses through the task.

Network Architecture

The network has two core components of note. The first is the feature extractor. This uses
the sensors to gain information for the task (this is different from the sensors themselves; it is
trained to extract useful information from them). The second is the policy head. This is how the
arm determines what to do with the information gained from the sensors. The policy head is reset

between phases, while the feature extractor weights are kept.

The feature extractor has a vector branch and an image branch (as described by Noh et
al., 2025). The vector branch is a single Linear (27 — 64) layer with ReLU activation,
processing the values produced by the non-image sensors. In layman’s terms, it takes the 27
non-image scalar inputs and learns to extract 64 values of significance from them by learning
relevant combinations over time. The image branch is a NatureCNN (Mnih et al., 2015)
operating on the 64 X 64 X 4 RGB-D image and projecting to a 32-dim vector. The two
branches are concatenated into a 96-dim feature vector which is inputted into both heads. The
policy and value heads are each a 2-layer head of width 256 with tanh activations, followed by a
final linear layer; the policy head outputs the mean of a diagonal Gaussian over the 5-dim action

space, with state-independent log-standard-deviation as a learnable parameter. Essentially, the
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policy head learns to take the 64 features from the vector sensors and the 32 features from the

image and then turns those into an action output for the arm.

Stable-Baselines3’s default CombinedExtractor allots 256 features to the CNN branch
and only as many vector features as vector inputs, which would result in ~90% of the policy’s
input coming from raw pixels. To avoid this, I provided more vector-branch features, fewer
image-branch features, and I froze the CNN’s weights for Phases 1A and 1B, turning it into a
fixed random projection that contributes a constant signal but no gradients. This means that the
camera features exist, but they aren’t updated during the first phase. This is supported by Chen et
al. (2021) and Seo et al. (2021), which demonstrate that early CNN freezing is not detrimental
and can be beneficial for model learning. The CNN is unfrozen at the start of Phase 2 (Phase 3
for developed) once a working policy exists, at which point it can begin to learn more useful

visual features.

Reward Functions

The reward functions for the various tasks, arm environment and settings, and training
hyperparameters were all set after tedious manual iteration to ensure the full-sensor policy would
succeed. This was done by running through training and visually observing the output behavior
as well as the reward function terms (i.e., what each component of the reward function was
contributing). For example, if the final pick-and-place policy learned to pick up the cube but not
to move it to the table, then the reward for closeness to the target was added or increased. If the
grasp policy learned to approach the cube but not lift it, then the reward corresponding to the
height of the cube was added or increased. The hyperparameters most adjusted were the entropy

coefficient, which drives exploration breadth (Lixandru, 2024), and the target KL, which serves
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as an early-stopping threshold that halts policy updates when the divergence between successive

policies grows too large (Dossa et al., 2021).

Constructing the alternative curricula required some code modifications, but my goal in
doing so was to alter as little as possible about the environment, hyperparameters, and reward
functions that were refined during the development of the all-sensors baseline. As a result, the
alternative curricula are evaluated against a deliberately stacked baseline, meaning any
comparable or superior performance from them is a meaningful result.Because random struggled
to learn and I wanted to make it a viable competitor for developed, I adjusted its entropy

coefficient and target KL because initial trials showed it failing to learn.

All reward functions have an action-magnitude and action-smoothness penalty,

(@a ) = —0.005]al’ — 0.05[la —a |

action™ "’ " prev prev

as well as the symbol d = ||x — x__||, which denotes the distance between the middle of

grasp tgtl

the two fingers and the target.

For the first task, the arm is given a reward for closeness to the target that scales
exponentially when very close. We also penalize it for large actions and reversals; this prevents
wobbling and prioritizes smooth, direct action to the goal. However, to avoid the arm learning to
move as little as possible to avoid those movement penalties, they are not as strong as they are in
the second phase of the reach task, which has a larger velocity penalty. This is only introduced

when the arm has already succeeded in learning to move where it needs to.

The Phase 1A (Reach) reward is
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d

14 d cc action’

max

R = -4 +max(o,1—8 )+5-1[d<8 ]
Su

bonus

with d =0.5m,6 = 0.10m, and 6 = 0. 05 m. The first term is a continuous
max bonus succ

distance penalty that becomes less negative as the arm approaches the target. The second term is
a proximity bonus that activates only inside 10 cm and grows linearly to + 1 as it closes in,
providing the steeper-near-goal gradient referenced above. The third term is a flat + 5 at the
moment the arm comes within 5 cm of the target. Episodes are 200 steps long; success is

declared whenever d < SSuCC, but no early termination occurs. This way, the arm can continue to

receive a reward for staying on target. If there was early termination, the arm would likely learn
to get close enough for a positive reward but not achieve success (since success would end the

episode and prevent further reward).

Phase 1B (Reach-Hold) adds a strong penalty on the gripper’s movement AxEE:

R _ R(base)

1B 1 — WU||AxEE||, w = 5.0.

v

Standing perfectly still earns no penalty from this term, so once the arm is at the target it is now

positively incentivised to remain motionless rather than oscillate.

In the grasp task, there is a time penalty to discourage dawdling, an approach reward to
encourage moving towards the cube, a reward for closing the gripper when close to the cube, a
reward for both sides of the gripper contacting the cube, a lift reward to ensure the arm is
actually holding the cube and not just touching it (since if it was only touching it, it would not be
able to lift it), and an inherent penalty for dropping the cube below the table, which results in

ending the episode. That is bad for the policy as it prevents further reward progress, but is better
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than applying a consistent penalty for dropping the cube, which leads to the policy being afraid
to even go near the cube (since its initial, uncoordinated actions often result in dropping the cube

and being penalized for the rest of the episode if it is not terminated).

=z - Zi?;e denotes the cube’s lift (relative to its starting height), eg the gripper joint angle

cube

(where 0 is closed and /2 is fully open), and c,c, the per-finger contact counts (since there are

multiple contact points). A valid grasp indicator,

0 = 1.0 rad,

close ]' close

G = 1[cL>0 Acg>0 A B <8

is considered true if and only if both fingers are touching the cube and the gripper is at least
partly closed. This prevents the policy from harvesting contact reward by parking wide-open
fingers around the cube, which it might otherwise do (since early touching of the cube is more
likely to result in dropping the cube, which is harmful and would result in the policy learning to

avoid touching the cube at all). The full Phase 2 reward is:

w . d
2 t d cube

w, 1-d /p)+ - (1 — 99/(n/2))+(pr0ximity — gated grip shaping)

cube

+ rgG(grasp reward) + w_ - clip(4,0,0.10) - G - 1[£ > 0.005](lift) + R

£ action

with c = 0.3, w, = 2.0, wg = 1.0,p = 0.05m, rg = 5.0, w, = 500. If the cube falls more

than 2 cm below its spawn Z, the reward switchesto — ¢, — w ||x - X || (so the agent
t d' grasp spawn

cannot farm reward by chasing the cube along the floor) and the episode terminates. Success

requires £ > 0.05 m with G = 1 for 10 consecutive control steps. (Essentially, success means
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getting the cube high enough for long enough to be sure it’s being held, not just thrown up in the

air)

The Pick-and-Place task has the most complex reward function. Consistent iteration has
resulted in a reward function that has made many attempts to discourage the arm from finding
local optimal options that are not successful. For example, the arm initially found that it could
bend over backwards and hold the cube near the destination to farm the proximity bonus. Despite
this, it was not able to bend far enough backwards to place the cube down. The only way to
succeed and put the cube on the destination table without throwing it involves the arm pivoting
about its base to face the destination table. Thus, I introduced a reward for pivoting the base in
the direction of the table, but only when the cube is being held. The reward function includes
similar rewards to the other functions as well as a transport progress, joint alignment,
goldilocks-height, no-fling, proper placement, and no-drop reward (with some implemented as
penalties for the inverse). Notably, this kind of fine-tuning further worsens the generalizability of

the trained policy to other environments (including the real world).

D =|x - X dest” is the cube-to-destination distance, with D L= 0.5 m and a lift

cube ma

threshold me = 0. 02 m below which transport-related terms do not activate (so the agent lifts

the cube enough that it is less likely to catch on the table). The full Phase 3 reward is the sum of

the contributions in Table 3, with each row activating only under the listed condition.
Table 3

Phase 3 (Pick-and-Place) reward terms. All distances in metres.
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w, = 350, D = 0.15
£ taper

Term Form Active when
Time penalty —c == 0.3 always
Approach —w, - dcube, w, = 2.0 always
Grip shaping Wg(l - dcube/p)+(1 — eg/(‘l'[/Z))_l_ always
Grasp T G=50-G always
Lift (tapered) w, clip(4,0,0.10) - min(1, D/Dtaper), G =1 +¢>0.005

One-time lift bonus

+ 100, fired once per episode

G=1+¢>0.05
not yet earned

—w, - (D/D_ ) - min(1,£/0.10), w, = 120

Transport (potential) w,. (Dt_1 - Dt), w, = 100 G=1+%> Lmin
Stepped proximity + {15,30,30}if D < {0.15,0.10,0.07} G=1+¢> Lmin
respectively (tightest band only)
J1 alignment _ 2 _ G=1¢>1L .
g le (1 |Aq1|/‘l'[) , le = 50 min
J4 tilt penal _ . _ _ G=1 ¢ >1L .
penalty w, max(0,q, — q,), w, = 15, min
q, = 0.785
Overheight penalty [ — 500 - (¢ — 0.12) =1,¢>0.12
Hold-distance cost =1, ¢ > 0.005

Release shaping wo 1 - D/8r) . (Og/(n/Z)),wr = 30, G=1 DK< Sr, £ 4
6 =0.10
T
Fling penalty — 200 - max(0, Z = (z0 + 0.05)) G = 0 (cube
ungrasped &
airborne)
Placement bonus + 1500 D < 0.05, G =0,
Action smoothness wetion always
q; = n/2 — atan2(x s Y dest) is the base angle that points the arm directly at the destination,

Aq1 =q, — qj is the angular error wrapped to [— T, ], and the squared term peaks at + 50
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/step when the arm is perfectly aligned. The “fling penalty” and the velocity-gated placement
bonus together kill the reward signal of throwing the cube at the destination: a flung cube costs
reward every step it is airborne ungrasped, and lands too fast to satisfy the placement bonus’s

Ve < 0.3 m/s gate. Success requires D < 0.05 m with the cube ungrasped and nearly

stationary for 5 consecutive control steps; episodes are 300 steps long at maximum, though in

testing the average episode length was always shorter (< 150).
PPO Hyperparameters and Transfer Chain

All phases use 96 parallel SubprocVecEnv workers, 30 evaluation environments,

= 512, a batch size of 256,y = 0.99, AGA = 0.95, clip range € = 0. 2, max-grad-norm

steps E

of 0.5, and were run on node3 or node6. The phase-specific hyperparameters that did require

iteration are listed in Table 4.
Table 4

Phase-specific PPO hyperparameters. The Reach-Hold sub-phase fine-tunes from the Reach

checkpoint and inherits its sensor curriculum.

Hyperparame Reach Reach-H
ter (1A) old (1B) Grasp (2) Pick-and-Place (3)
Initial LR(M) | 3 x 107" | 1 x 107 5x10° 1x10"
LR schedule constant | constant | linear warm-up, | linear warm-up, M, /20 > 0
n0/ 20~ My over over first 10%
first 10%

Entropy 0 (default) | 0 (default) 0.005 (all / [0.03 (all / developed), .02
coefficient c, . developed), (random)] — 0 (linear,
0.015 (random) 7.5M — 12.5M steps)
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Hyperparame Reach Reach-H
ter (1A) old (1B) Grasp (2) Pick-and-Place (3)
Value 1.0 0.5 0.5 0.5
coefficient ¢
vf
5 5 3 5
epochs
Target KL 0.05 0.15 0.15 0.15 (all/developed),
.05 (random)
Default 5x10°| 1 x10° 5 x 10° 1 %10
timesteps
VecNormalize N/A N/A yes (obs + rew, yes (seeded from Grasp obs
clip 10) stats; reward stats reset)
CNN frozen? yes yes unfrozen on unfrozen on transfer
transfer
MLP-head N/A N/A | both heads reset value head only
reset?

Each transfer between policies T -1
reac

- T
reach—hold grasp

1 k th
pick—place ceps the

feature extractor’s weights and resets the value head, since the value head learns task-specific

value functions which would not apply to the new phase. At the Reach-Hold — Grasp transition,

the policy MLP is also reset and the policy’s log (o) is reinitialized to 0; without this, the

converged Reach-Hold policy enters Grasp with near-zero exploration variance (because the

Reach-Hold velocity penalty drives log (o) very negative) and explores so little that it never

discovers contact. Under the developed curriculum, an additional zero-init step is applied at the

start of each phase for newly activated sensor inputs.

The Pick-and-Place entropy coefficient is decayed linearly from 0. 03 to 0 over training

steps [7.5M, 12. 5M] to encourage policy self-fine-tuning near the end of training. SB3’s

otherwise pushes log (o) up. This lets the policy gradient equilibrate o on its own.
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Scene Layout

Each episode spawns a source table at a fixed radius r = 0. 20 m from the base of the

arm at a uniformly-sampled angle a € [0, 2m). The cube is spawned on the source table with

+ 2 cm XY jitter at z = 0. 10 m. A destination table is additionally spawned at angle

a, =a + B, with the offset 3 ~ U(60° 120°). The source-table angle range was constrained

to [0, /2] in Grasp and [0, 21t/3] in Pick-and-Place.

In the Grasp phase, 25% of episodes have a warm-start in which the arm is positioned

directly into a predefined reaching pose (qz, 9,9, = (= 0.5,— 0.7,1.9)), the gripper is started

fully open, and the cube is force-spawned such that closing the gripper makes immediate contact.
This allows the policy to learn that this is a higher-reward state and facilitates it learning to get

from the initial random spawn to that state more reliably.

Results

Note that quantitative comparisons will be rare in this section. The methods of this thesis
(iteration until success) run contrary to the assumptions of most well-known, reliable statistical
analyses. Running such analyses would also require far more tests to run, since small initial
changes can lead to disparities in later phases, and so a proper analysis would require rerunning
the entire multi-phase pipeline across many seeds per condition, which exceeds the compute
budget available for this project.

This analysis compares the developed curriculum against two baselines. The a// condition
serves as a conventional training benchmark, with every sensor available from the first episode.

The random condition represents an alternative form of input restriction via random dropout, a
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technique known to improve policy robustness, though not necessarily task success within a
fixed training budget. Together, these baselines isolate the effect of developmentally-ordered
sensor introduction from both unrestricted input and unstructured restriction.

While comparing final success rates for each policy is helpful, we can gain much insight
by looking at the success rate over time. Note though, that the policy itself is striving for a high
reward, not necessarily success. Success is just a likely result of a well-crafted reward function.

Thus, to evaluate the policy’s learning, we can gain more by looking at the reward gained over

time. It is important to consider two different kinds of time, however.

The simulated world operates in discrete steps: it takes a snapshot, queries the policy for
an action, applies the resulting joint commands, and repeats. This is far more computationally
tractable than solving continuous differential physics, while keeping step sizes small enough that
motion appears smooth. Crucially, simulated time is defined by step count, not wall-clock
duration. Like watching a video at 2x speed, the speedup is entirely in the observer's frame. The
runner didn't run faster. However, wall-clock (“real”) time still matters in practice. While the
all-sensors condition in this work trains in roughly one day, more sophisticated extensions, such
as domain randomization or more complex tasks, could require substantially longer. Tracking
both reward and success across both time axes therefore provides meaningful (and different)
insights.

While the final goal of the training pipeline was the pick-and-place task, it can also be
helpful to examine the earlier tasks’ results, as this is where developed and all differ more in
their inputs. It will also allow us to compare developed to random, a more traditional method that
restricts sensor access differently. Figure 1 demonstrates the success over time in phase 1B for all

three policies. All outcome metric graphs will have a smoothing effect (Hyndman &
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Athanasopoulos, 2021) applied due to noise as a result of evaluation episode sample constraints.
Notably, all three curricula have similar final success rates, but developed trains in approximately
one-fifth (phase 1A) and one-fourth (phase 1B) the time that all takes.

Figure 1 (Phase 1A and 1B)

Phase 1A - Reach - curricula comparison (EMA a = 0.40)
Reward Eval success rate
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Phase 1B - Reach & Hold - curricula comparison (EMA a = 0.40)
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Note that the reward axis for all figures will have no units, since they are entirely arbitrary
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Figure 2 demonstrates the performance of all three curricula for phase 2. In phase 2, all
three runs had close final successes but developed fell slightly below random and all. Despite
this, it trained in less than one-fourth the time that all took. If the grasp phase was the final task,
then it would be worth running developed for the same total time as all to see if it would catch up
in success rate. However, the reason the earlier phases were introduced was predominantly to
prepare the models for the final and most complex task, not to compare them on their

performance in the earlier phases.

Figure 2
Phase 2 - Grasp - curricula comparison (EMA a = 0.90)
Reward Eval success rate
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Figure 3 shows the result of phase 3’s training, in which both developed and all have all

sensors unlocked. The end result shows that all and developed achieve a similar final success
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rate, with random falling far below both. The learning curve is similar for all and developed,

unlike random’s much slower learning curve. Notably, the addition of new sensors for developed

in phase 3 was not visibly detrimental, which had an initial reward above all. This is likely due to

the zero-weighting of new sensors at the start of each phase for developed. In real animals, the

senses are enabled at least somewhat (closed eyes still provide some information, for example),

so zero-weighting might not be an ideal reflection of this. From a training perspective though, it

allows for much better transfer and puts the onus on the policy to begin to integrate the sensor

into its action calculations, as opposed to forcibly ramping up an external weight for the sensor

input value.

Figure 3

Phase 3 - Pick-and-Place - curricula comparison (EMA a = 0.90)
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Given the training efficiency of developed in earlier phases, we can reexamine phase 3 by
offsetting each condition's Phase-3 start time by its cumulative prior training time. Figure 4
shows that developed reaches its successes much sooner because of the headstart yielded by
beginning training with fewer sensors. For tasks requiring days, weeks, or months of compute,

the advantage of smaller input compounds significantly.

Figure 4
Phase 3 - Pick-and-Place - curricula on cumulative wall-clock
Reward Eval success rate
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Furthermore, extending developed’s wall-clock time until it matches all shows near-equal
success rates, demonstrating that the training time advantages in the early phases do not affect

final training success for this task under equal time constraint conditions.
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Phase 3 : Pick-and-Place - cumulative wall-clock (developed matched to all)

Reward Eval success rate
100%

o/.
80%
60%
40%
20%
0%
5 10 15 20 25 5 10 15 20 25

Cumulative real time (hours) (incl. preceding phases)

= all (prior: 11.3 h)

= random (prior: 8.2 h)

Cumulative real time (hours) (incl. preceding phases)

developed (prior: 3.1 h; dashed after 10M steps)

Note the symlog scaling on the y-axis of Reward. Developed achieves high enough success that it

would otherwise flatten the appearance of all and random s reward

A further benefit of phase-based training is the ability to build a well-trained base model

using a core sensor set, then branch into multiple task-specific variants with additional, complex

sensors (such as cameras). This mirrors training Phases 1 and 2 extensively under the developed

curriculum before fine-tuning on downstream tasks. Figure 5 demonstrates that developed is able

to ultimately reach the same reward as a// when total training time is matched. Even without the

intent to train earlier models, Figure 6 confirms the necessity of phase-based pretraining: a

pick-and-place model initialized from scratch with no prior training achieves no successes and

negligible reward gain, even if trained for as many total timesteps as all phases combined.
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Figure 6
Phase 3 - Pick-and-Place - chain-trained vs. full-length from-scratch (EMA a = 0.90)
Reward Eval success rate
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Discussion

Turkewitz and Kenny (1982) predicted that the limitation of early sensors in developed
would help perceptual organization. The reward curve in phases 2 and 3 suggest not better
organization of developed compared to all, but they do suggest faster successful organization. In
phase 1, developed was not only faster than random and all, but had nearly-equivalent success to
both. This might suggest that fine-tuning sensor introduction timing and selection could result in
equivalent or superior performance from developed as from all. A limitation of this study is that
the environment, hyperparameters, and adjustments made to get the simulation code running
were all based on iteratively improving the success of the all curriculum. When that curriculum
struggled, changes were made to the reward function and to the training hyperparameters. It is
possible that if similar iterative changes were made to developed, it would have achieved a
similar success rate in not just phase 2, but phase 3 as well.

Liu et al.’s (2017) paper on random sensor dropout also included extra sensors; their
approach had more information coming from multiple sensors. Despite this, the random

condition in this paper provided extra information: the model was told which sensors were on
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and which were off. Thus, the model in this paper had both advantages and disadvantages
compared to Liu et al.’s paper. While some of this simulation’s sensors overlapped in
information, many did not. Therefore, random similarly might outperform al/ if more sensors
were included, such as multiple “ultrasonic” sensors at various angles, more information-dense
proprioceptive sensors, and sensors that provided information across multiple timesteps, all of
which were present in Liu et al.’s original example.

Gottlieb’s (1971) claim that early sensors provide a foundation for later sensory
development seems to extend to this agent, task, and environment. Turkewitz’s and Kenny’s
(1982) claim that this can benefit the organism by facilitating faster organization is partially
supported by these results; while the real time organization was faster, the virtual timesteps
needed were nearly identical. One of the largest gaps between deep RL and natural brains is that
the latter takes far fewer examples to learn (Khajehnejad et al., 2024; Botvinick et al., 2019).
Thus, the real-time advantage of developed might be the more biologically analogous result.
Natural agents do not experience consecutive episodes to be optimized over, but continuous and
different tasks in which sensors must provide meaningful information quickly enough to support
survival. Wall-clock time therefore captures how quickly an effective policy can arise in a metric
that we care about, and the results demonstrate that it is able to achieve the same ultimate success
as if all sensors were on from the start.

It is possible that developed would have done better in phase 2 if vision was introduced at
that point. Griswold and Van Hooser (2025) claimed that the reason that visual systems are the
last to develop is because they would provide information that the neural pathways were not yet
ready for. The decision to introduce the senses as batches exactly between tasks was somewhat

arbitrary. A different strategy for sensory development timing may have resulted in superior
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performance. It is also possible that the advantages that Griswold and Van Hooser theorize come
with later vision introduction would be more notable with more sensors, developed may have
performed even better.

Bengio et al.’s (2009) work on training through multiple tasks was essential to the
development of all three final policies in this paper. Training a model from scratch on the final
task resulted in slower reward growth and the policy didn’t achieve success at all. Thus, it’s
possible that adding in even more tasks, functioning as smaller steps closer to the final task,

would have been beneficial.

Future Work

A notable failure of the third phase’s reward function was that success gain over time was
not tied strongly enough to reward gain; the model should have learned to be more successful as
it improved its reward, but exploratory analyses of running the model for longer actually show
eventual decreases in success (despite increases in reward). Visual inspection of the model’s
behavior shows that it learns a combination of behaviors that return slightly more reward than
success alone, and thus the success rate comparison between these models fails to account for
differences between true model capabilities and different behaviors (for example, it is possible
that the models are exploring different fruitful branches in behavior, such as diverging
evolutionary processes). At later timesteps, the reward function could have slowly phased out
non-success rewards. This would have pushed the model (once it already learned to succeed in
some cases) to optimize only for success itself, meaning it would learn the optimal extent to
which different component terms contributed to that. This would also help offset the reward

function tuning that this study relied upon.
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Given that human brain cells learn with fewer examples than Al does (Khajehnejad et al.,
2024), biologically-inspired training structures offer a plausible route toward narrowing the
sample-efficiency gap between natural and artificial learners (Lake et al., 2016; Botvinick et al.,
2019). The developmental sensor-introduction curriculum presented here provides concrete
evidence along that route: imposing an evolutionarily-ordered input schedule, without altering
the underlying algorithm or architecture, yields substantial real-time gains over both random
dropout and all-sensor baselines. Phase-based training can compound the advantages that ordered
sensor introduction achieves, since a model pretrained on a core sensor set can be extended with
task-specific sensors rather than retrained from scratch. Figure 6 demonstrates that training from
scratch is less effective (at least for this task) than phase-based training.

Further work could include analyzing a different sensor-introduction order. Unlike
developmental s ordering from animals, this could, for example, introduce sensors in order from

fewest to most dimensions as in the below table:

Assigned Phase
Sensor Name Sensor Description # Values "Type" Introduced
Scalar distance from Phase 1A
DistanceSensor end-effector to target 1 |Proximity (Reach)
Single forward ray from Phase 1A
UltrasonicSensor end-effector 1 |Proximity (Reach)
End-effector XYZ, normalized to Phase 1B
EEPositionSensor workspace bounds 3 |Spatial (Reach)
Target XYZ, normalized to Phase 1B
TargetPositionSensor |workspace bounds 3 [Spatial (Reach)
Object XYZ, normalized to
workspace bounds; zeros when Phase 1B
ObjectPositionSensor |no object present 3 |Spatial (Reach)
Contact flag and force per Tactile/ Phase 2
TouchSensor gripper finger 4 |Proprioceptive  |(Grasp)
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Joint positions and velocities, Tactile/ Phase 2
ProprioceptiveSensor [normalized 12 |Proprioceptive  |(Grasp)

Combined RGB and depth HxWx4 Phase 3
RGBDSensor image (64%64%4) |Visual (Pick-and-Place)

The types of analyses here are also somewhat restricted to a very narrow task and
environment. A larger analysis could find existing simulated deep-RL task-learning projects
(such as the one in Liu et al., 2017) and adapt their work to ensure there was an equivalent
condition to all, random, developed, and an alternatively-ordered sensor-introduction as
described above. This would extend the potential generalizability of this approach and also
compare the sensor introduction approach observed in nature against other approaches.

Another potential future analysis is to analyze the robustness of each curricula’s models
to sensor loss. Real-world agents must grapple with noisy sensors that can fail. Therefore,
probing the adaptability of the model under such conditions can test how well each of these
curricula adapts over time as Angelaki (2008) noted that humans do. Finally, a transfer-learning
exploration could determine whether developed is just faster than a/l or if it is also more

adaptable to new phase-3 tasks.
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