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Abstract

Traditional artificial intelligencemodels learnbypassivelydigesting largedatasets.
In contrast, human infants discover skills by actively interacting with their bodies
and environments without explicit external rewards. This thesis introduces the
Composer Architecture, a machine learning framework designed to mimic this
autonomous, open-ended development. The Composer architecture operates in
a multi-stage loop, the latent model using Contrastive Learning Through Time
(CLTT) to compress high-dimensional raw data from visual, proprioceptive, and
touch sensors into a low-dimensional space. To preserve data relationships and
prevent topological collapse, a Softmax activation forces these latent representa-
tions to lie smoothly on a probability simplex. A goal-conditioned reinforcement
learning policy then trains on this space by targeting randomly sampled one-hot
goals. We evaluated the architecture on theMIMoplatform, a highly realistic sim-
ulation of an 18-month-old child embedded in the MuJoCo physics engine. Test-
ing progressed from primitive shapes to complexmulti-joint control channels on
the robot. On a single-finger setup, the architecture mapped latent extrema di-
rectly to full extension and flexion, while five-finger trials isolated whole-hand
openingandclosingconfigurations. Toscalecontrol, ahierarchical extensioncalled
Hi-Composer successfully coordinates complex limb motions by routing high-
level commands as sub-goals to localized lower-level finger policies. Finally, full-
body exploration benchmarks on a rollover task validated the "thin pancake" hy-
pothesis. Compared towhite-noisewalks, theComposer architectureexpands the
agent’s spatial reachby 134percentwhile successfully restricting local exploration
to an organized, lower-dimensional submanifold. This demonstrates that self-
generated latent goals effectively guide open-ended exploration into structured
movements.
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1 Introduction

Human infant development is an autonomous, open-ended discovery process driven
by internal mechanisms rather than explicit external rewards. Traditional reinforce-
ment learning paradigms rely heavily on hand-crafted extrinsic feedback, failing to
capture the biological reality of early cognitive growth. To construct a more accurate
computationalmodelof infantdevelopment,we introduce the frameworkof composer
which takes intoaccount the IntrinsicallyMotivatedGoal-ConditionedReinforcement
Learning. This intrinsicapproachcloselymirrorshowbiological infantsnavigatehigh-
dimensional environments, progressively organizing spontaneous movements into
structured, intentional behaviors through play-like exploration. A similar approach
can be found in the paper by Yordanova et al. [3].

Scaling thesemodels to human-like complexity, however, introduces a large com-
binatorial explosion of goals that normal, flat reinforcement learning architectures
cannot manage. To solve this scalability challenge, we introduce the hierarchical ver-
sion of Composer which is called Hi-Composer. Operating on the principle of com-
positionality, it decomposes complex target behaviors into primitive behavioralmod-
ules. Early on, an infant focuses on isolatingbasicmotorprimitives, suchasflexing in-
dividual fingers or tracking objects visually. Driven by intrinsic motivation, the com-
poser architecture systematically binds these learned primitives into coordinated be-
havioral sequences which can be further used for complicated tasks.

1.1 TheMIMoModel

To validate intrinsicallymotivatedmodels, it is essential to have an accurate platform
in terms ofmorphology and sensory complexity thatmatches those of humanbeings.
The Multi-Modal Infant Model (MIMo) illustrated in Figure 1.1 has been designed by
Mattern et al. [1]. MIMo is an open-source architecture developed under theMuJoCo
simulation environment as ameans to bring togethermachine learning and cognitive
neuroscience. MIMomimics the anthropometric characteristics of an 18-month-old
child with a detailed set of 5-fingered, soft hands that allow for realistic interactions
with objects and their physical properties.

MIMohasawide rangeof sensoryparametersunder fourmain sensorymodalities:

• Vision: Stereoscopic vision using two virtual cameras placed at the head.

• Vestibular System: A3-axis accelerometer and gyroscope situated in the skull to
deliver orientation, balance, and acceleration feedback.
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• Proprioception: Continuous tracking of joint positions (qpos) and joint veloci-
ties (qvel) across themodel’s articulated structure.

• Somatosensation (Touch): A specialized virtual skinmapping thousands of in-
dividual pressure sensors across the entire 3D mesh, simulating human tactile
feedback duringmanipulation and self-contact.

This high level ofmulti-modal fidelitymakesMIMoanexceptional tool for compu-
tational cognitive neuroscience experiments. Researchers can use the model to sim-
ulate developmental coordination disorders or sensory atypicalities by intentionally
degrading visual feeds, reducing tactile sensitivity, or restricting joint ranges.[4] Such
experiments provide valuable insight into how the brain integrates disparate sensory
streams to form internal egocentric spatial maps, and how cortical representations
reorganize during active physical development.

Figure 1.1: The MIMo play-room environment used for embodied interaction and de-
velopmental learning experiments.[1]

While the primary objective of deploying Composer onMIMo is to cultivate open-
ended exploration, the platform is equally effective at mastering foundational mo-
tor milestones through simple external feedback. For small tasks, such as learning to
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stand up from a seated position with hands glued to a (as shown in Figure 1.2), com-
plex rewardengineering isunnecessary; thepolicy’s external reward function (Rt ) can
bemodeled simply as a function of head height:

Rt = hhead(t )−α∥τt∥2 (1)

where hhead(t ) represents the vertical Z-coordinate of the head relative to the ground
plane, andα∥τt∥2 acts as a regularizationpenalty against excessive control torques (τt )
to ensure smooth, natural movements. Other examples for such small tasks could be
reaching for an object, catching a ball or just learning to roll.

Figure 1.2: TheMIMo standing task experiment.
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2 Preliminaries

2.1 Latent Representations

The term“latent representation” as expalined in [5], denotes theprocess of compress-
ing observations into a lower-dimensional feature space that contains the fundamen-
tal components of thedata, suchas thebasic features and semantic structurespresent
in high-dimensional raw data such as raw images from a camera or touch sensor data
frommultiple layers. In complicated settings, raw observations include a lot of noise
and redundancy, such as background patterns or slight changes in light, which may
easily overloada learningmachine. Mapping rawobservations toa latent spaceallows
an agent or a world model to disregard irrelevant information and conduct its plans,
predictions, and policy learning in an elaborate feature space.

2.1.1 Mathematical Definition

Mathematically, we define an encoder function fφ parameterized by weights φ that
mapsanobservation x fromahigh-dimensionalobservationspaceX toa lower-dimensional
latent spaceZ :

z = fφ(x) (2)

Where x ∈X (e.g., RC×H×W for multi-modal images) and z ∈Z (e.g., Rd where d ≪C ×
H ×W ). If the system uses a generative framework like an Autoencoder to reconstruct
an approximation of the original state x̂, a decoder function gθ is utilized:

x̂ = gθ(z) = gθ( fφ(x)) (3)

2.1.2 Contrastive Learning Through Time (CLTT)

Forachieving these representationsviaabiologicallyplausibleapproach, this research
employsContrastiveLearningThroughTime(CLTT), a frameworkproposedbySchnei-
der et al. [6], which ismotivated from studies done on the field of developmental psy-
chology regarding how human babies form invariance representations without label
information in their environment, specifically in accordance with these principles:

• NoArtificial Augmentations:While previous forms of contrastive learning have
used artificial data augmentations such as random cropping or color jittering,
CLTT uses natural transitions in time.

• The “Close inTime,Will Align”Principle: The coreheuristic ofCLTT is that suc-
cessive observations experienced close together in continuous time are highly
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likely to belong to the same underlying object or semantic concept.

• Positive Pairs from Temporal Streams: Positive pairs are generated procedu-
rally by taking consecutive or near-consecutive frames (xt , xt+k ) from an unseg-
mented temporal viewing sequence experienced during interaction.

• Negative Pairs fromDifferent Contexts: Negative pairs are drawn from entirely
separate sequencesordistant timesteps, representing structurallydistinct states
or different objects.

• Objective Optimization: The encoder is trained using a contrastive InfoNCE
loss function. This forces the representations of positive pairs to cluster closely
together in the latent spaceZ , while pushing negative pairs far apart:

LCLTT =− log
exp(sim(zt , zt+k )/τ)∑

j exp(sim(zt , z j )/τ)
(4)

where sim(·) represents a similarity metric and τ is a temperature parameter.

• Application in the Composer Architecture: By learning embeddings via CLTT,
our composer architecture gains a stable, low-dimensional, and noise-resilient
mapping of the environment. Here, we particularly disregard fast changing in-
formation likeobjectorientationwhile slowlychanging information (object iden-
tity) is selectively retained.

Figure 2.1: A. Infants learn about objects during extended interactions, where they ex-
perience different views of an object before directing their attention elsewhere. B. CLTT
approach mimics the essence of such interactions. Latent representations of successive
views (both intra-object and inter-object transitions) are mademore similar.[2]
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2.2 Reinforcement Learning

The foundational paradigm governing an agent’s physical interactions in this work
is Reinforcement Learning (RL)[7]. Formally structured as a Markov Decision Pro-
cess (MDP) defined by the tuple (S ,A ,P ,R,γ), RLmodels an agent navigating a state
space S by taking actions from an action space A . At each discrete timestep t , the
agent observes the current state st ∈ S and selects an action at ∈ A according to its
policy π(at |st ) as shown in Figure 2.2.

The environment thenupdates to a new state st+1 governedby the transitionprob-
ability function P (st+1|st , at ), and issues a scalar reward signal rt = R(st , at , st+1). The
central objective of the learning policy is to find parameters that maximize the ex-
pected cumulative discounted reward over a temporal horizon, formalized as:

J (π) = Eτ∼π
[ ∞∑

t=0
γtR(st , at , st+1)

]
(5)

where γ ∈ [0,1) is the discount factor balancing intermediate rewards against long-
term returns, and τ= (s0, a0, s1, a1, . . . ) represents an interaction trajectory sample.

Figure 2.2: Reinforcement Learning

2.2.1 Proximal Policy Optimization (PPO)

To achieve stable policy optimization within high-dimensional sensorimotor envi-
ronments, we employ Proximal Policy Optimization (PPO), an on-policy policy gra-
dient method introduced by Schulman et al. [8]. Standard policy gradient methods
often suffer from devastating policy degradation. This is when a parameter update
steps too far outside stable regions. PPO resolves this instability by enforcing a spe-
cialised objective function that penalizes changes that move the updated policy too
far from the old policy.
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This updatemechanismcomputes aprobability ratio rt (θ) = πθ(at |st )
πθold (at |st ) and thenop-

timizes the clipped objective function:

L CLIP(θ) = Êt
[
min

(
rt (θ)Ât , clip(rt (θ),1−ϵ,1+ϵ)Ât

)] (6)

where Ât is the estimated generalized advantage value at timestep t , which dictates
whether a taken action performed better or worse than the baseline average. The hy-
perparameter ϵ (typically configured between 0.1 and 0.2) serves to structurally clip
the objective, removing the incentive for rt (θ) to migrate outside the protective in-
terval [1− ϵ,1+ ϵ]. This makes PPO highly data-efficient and robust for complex body
controllers like themulti-jointed infant architecture.

2.2.2 Goal-Conditioned Reinforcement Learning

Standard reinforcement learning focuses on finding a policy that maximizes a single,
fixed reward function for a specific task. In contrast, Goal-Conditioned Reinforce-
ment Learning (GCRL) generalizes an agent’s capabilities by training a single policy to
achieve a infinite variety of distinct targets or states (goals) across the environment.
This paradigmcloselymimics an infant practicingmultiple self-generatedmilestones
during play-like exploration. [9]

In the GCRL framework, both the policy π and the reward function R are explic-
itly parameterized by a goal variable g ∈ G , where the goal space G is often mapped
directly to the learned latent spaceZ . Instead of choosing actions based solely on the
current state st , the goal-conditionedpolicy takes the target goal g as an explicit input:

at ∼π(a | st , g ) (7)

The environment computes a reward based on how close the agent’s achieved state
mappingφ(st+1) is to thedesiredgoal g . This is frequently expressedas a sparse reward
function, which evaluates to 0 only if the agent successfully reaches the goal within a
threshold radius ϵg , and −1 otherwise:

R(st , at , st+1, g ) =
0 if ∥φ(st+1)− g∥ ≤ ϵg

−1 otherwise
(8)

Alternatively, whendense feedback is preferred to guide early policy updates, it canbe
expressed as the negative Euclidean distance between the achieved state representa-
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tion and the goal within the latent space:

R(st , at , st+1, g ) =−∥φ(st+1)− g∥2 (9)

By optimizing this objective across awide distribution of goals, the agent learns a uni-
versal policy capable of navigating between arbitrary states. When driven by intrin-
sicmotivations, the GCRL framework allows the agent to autonomously sample goals
from itsCLTT-structured latent space, systematically building anorganized repertoire
of sensorimotor primitives.

10



3 The Composer Architecture

The main contribution of this thesis is the Composer Architecture. This framework
is designed for open-ended skill discovery and sensory abstraction in developmen-
tal robotics. The architecture combines representation learning using temporal con-
trastive methods with goal-conditioned policy execution. A full overview of the core
parts, structural rules, training loops, andscaling featuresof theComposer framework
is presented below.

3.1 Core Components of the Architecture

Thesystemsplits theproblemofhigh-dimensionalphysical interaction into twomain,
connected parts:

• LatentModel (EncoderNetwork): Thenetwork takes high-dimensional rawob-
servations x ∈X (for example, vision, joint angles, touch, etc., fromMIMo) and
compresses it down to a low-dimensional space. Here, it is important that the
output of the last layer of this network is defined using the Softmax activation
function rather than the common Rectified Linear Unit (ReLU):

z = Softmax(Wout ·h +bout
)
, z ∈Rd−1 (10)

where h is the output of the previous layer. In this way, the obtained latent code
z lies strictly within the standard simplex ∆d−1.
The use of the Softmax activation function rather than ReLU can be understood
as a necessity because of shape-preserving. Otherwise, in case of applying com-
mon ReLU activations, all points from large volumes (e.g., all third quadrant in
the two-dimensional case) will be mapped to the origin point, while others will
be squeezed at the vertices of the simplex face.

• TheGoal-Conditioned PPOPolicy: This part is responsible for turning abstract
states into actual joint movements. The state vector given to the policy at each
step is created by concatenating the current latent state vector zt and a target
goal vector g :

spolicy =
[
zt ∥g

] (11)

Goals are represented as one-hot vectors that match the corners or vertices of
the simplex. To encourage exploration, a new goal is picked randomly from the
goal space G every 100 training iterations.
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3.2 Reward Specification and Policy Learning

Instead of using rewards from outside the environment, the policy’s reward function
is completely internal. The rewardRt measures the distance between the target one-
hot goal g and the current latent state zt using a squared difference calculation:

Rt =−∥g − zt∥2
2 (12)

This reward acts as an internal guide for Proximal Policy Optimization (PPO) [8]. It
trains the robot’s body movements so that its current position matches the selected
corner of the simplex.

3.3 The Continuous Training Loop

The training of the Composer architecture is split into a one-time initialization phase
followed by a repeating optimization loop. This setup allows the agent to build an
initial baseline and then continuously refine both its latent model and policy.

3.3.1 Initialization Phase (Done Once)

At the very beginning of training, the framework sets up the initial networks through
two sequential steps:

1. Phase 1: Initial Latent Model Training: A data buffer is created by running a
completely randomwalk (motorbabbling) acrossMIMo’s joints. These collected
multi-modal sensory sequencesareused to train the initial latent spacebasedon
Contrastive Learning Through Time (CLTT) [6] rules with a temporal InfoNCE
loss.

2. Phase 2: Initial Policy Grounding: The initial Latent Model weights are frozen.
The goal-conditioned PPO loop runs for the first time to practice reaching the
randomly chosen one-hot goals, which connects physicalmovements to the ab-
stract corners of the simplex.

3.3.2 The Core Repeating Loop (Repeated for N Iterations)

Once initialization is complete, the framework enters a repeating loop where the la-
tent model and the PPO policy are continually retrained and updated together:

1. Phase 3: Targeted Data Collection for Map Refinement: To collect data that
improves the boundaries of the representation, a new buffer is filled by making
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the current policywalk directly fromone corner of the learned simplexmanifold
to other corners.

2. Phase 4: Latent Model Retraining and Blending: The latent model is retrained
on this newdata buffer. To prevent themodel from forgetting earlier representa-
tions, the newly updated network weights (Ωnew) are merged with the previous
weights (Ωold) using a linear mix:

Ωupdated = (1−λ)Ωold+λΩnew (13)

where λ ∈ (0,1) controls the update rate. Alternatively, the architecture can sim-
ply reload the previous weights as starting parameters before fine-tuning with
the new data.

3. Phase 5: Policy Retraining: The updated latent model is frozen again, and the
goal-conditioned PPO policy is retrained using the newly refined state embed-
dings to ensure themovements accurately track the updated corners of the sim-
plex space.

3.3.3 Algorithmic Refinement and Emergent Manifold Extrema

By repeating this optimization loop over many iterations, an essential result appears:
points that are pushed tomaponto the outermost corners of the low-dimensional latent
simplexmatch upwith extreme physical postures and actions in the high-dimensional
original space.

For example, if the system only looks at the joints of a single finger on the MIMo
model, the optimization pushes the ends of a 1D simplex line to match exactly with
full finger opening and full finger closing.

Weget complexhandpatternswhenwedo this for all fivefingers. If the latent space
is limited toa small 2Dspace, thecorners representbehaviors likeopeningandclosing
thewhole hand. Tomake thesewhole-handmovementsworkwell in lowdimensions,
we add a small coupling or mechanical constraint between adjacent fingers.

3.4 Experimental Evolution

Wedo step-by-step experiments to evaluate the exploration, finally, inMIMomodels:

1. SimpleWorldModels: First, we test the architecture on simple worldmodels of
cuboid, ellipsoid and dumbbell.
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2. MIMo platform:Moving to complex robot bodies, the model is first tested on a
single finger case and then on the full 5-finger hand case using the MIMo plat-
form.

3. Exploration Efficiency Analysis:We track and compare whether the Composer
architecture explores a larger volume of the state space compared to standard
methods (likeWhite noise walk or randomwalk) in high dimensions.

The final goal of this project is to apply this setup to the full body of the MIMo
model. Because the entire MIMo has many moving joints and thousands of touch
points, standard flat models run into training limits. To fix this dimensionality prob-
lem, we introduce a hierarchical version called theHi-Composer.

3.5 Hierarchical Scaling: The Hi-Composer Architecture

Level 1: Coordinated Assembly (Hand Controller)
Inputs: [z

finger1
t ∥ . . . ∥z

finger5
t ]

Finger 3
(Middle)

Finger 2
(Index)

Finger 1
(Thumb)

Finger 4
(Ring)

Finger 5
(Pinky)

Level 1

Level 0

z
finger1
t z

finger5
t

While the standard Composer works well for one limb or a few joints it is hard to
use for thebodyof theMIMomodel. The fullMIMObodyhasmoving joints and lots of
touch points on its virtual skin. Whenwe put all these inputs into onemodel, training
gets slow and unstable. To solve this we created a version called Hi-Composer. The
Hi-Composer breaks the problem into parts by using theComposer acrossmany con-
nected levels or hierarchies. This way, the Composer handles each part of theMIMo’s
body separately.

To illustratehowtheHi-Composeroperates,weconsider a two-layer setup for con-
trolling a hand, structured as follows:

• Level 0 (Local Component Level): This level is where we have blocks for small
parts of the body. For example each of the five fingers on MIMo’s hand has its
block at this level. Each finger has its small latent model that helps to simplify
the information about the joints in that finger. This model works with a policy
that helps to control themovements of that specific finger.
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• Level 1 (Coordinated Muscle Level): This level acts as a supervisor that coordi-
nates the lower-level parts. Here, a single Level 1 block represents the entire left
hand. It does not look at the raw finger joints directly. Instead, it observes the
hand as a whole by reading the outputs of the level below it.

The trainingandexecutionpipeline for thishierarchical structure followsabottom-
up representation step followed by a top-down control loop:

3.5.1 Multi-Level RepresentationMapping

Firstly, the low-level elements are trained according to the Composer procedures to
develop latent spaces individually. After training the five-fingermodels is completed,
we develop a state space for the hand at Level 1. The state vector for Level 1, repre-
sented as X Level 1

t , is generated by combining the five latent vectors obtained from the
finger models of Level 0:

X Level 1
t = [

z
finger1
t ∥z

finger2
t ∥z

finger3
t ∥z

finger4
t ∥z

finger5
t

] (14)

Theprocessof traininga latentmodelatLevel 1beginswithperforminganexploratory
walk through this composite space. In the first stage, each finger achieves its own goal
randomly, with different duration and with no connection between these changes
of goal. These data are gathered in another buffer and processed by the contrastive
learning procedure to obtain a compact latent vector for the whole hand at Level 1,
represented as zhandt .

3.5.2 Hierarchical Policy Execution Loop

Once the representations are set up, the goal-conditioned PPO policy at Level 1 is
trained using a top-down control loop. The step-by-step process runs as follows:

1. Master Goal Selection: Just like the standard Composer, a master goal vector
gLevel 1 is drawn randomly every 100 iterations as a one-hot vector. This repre-
sents a desired abstract configuration for the whole hand.

2. ActionRoutingas Sub-Goals: Thepolicy at Level 1 takes the current hand repre-
sentation zhandt and the master goal gLevel 1 as inputs. Instead of outputting raw
joint forces, the actions chosen by the Level 1 policy serve directly as the target
goals for the level below:

aLevel 1t = [
gfinger1 , gfinger2 , gfinger3 , gfinger4 , gfinger5

] (15)
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3. Lower-Level Physical Execution: The five individual Level 0 finger’s policies re-
ceive these sub-goals fromLevel 1. They execute their own local policies tomeet
these targets, whichmoves the actual physical joints in theMuJoCo engine.

4. Feedback and Reward Updates: As the fingers move, they change the local la-
tent vectors at Level 0. This instantly updates the concatenated state at Level
1, causing the overall latent vector at Level 1 zhandt to move. The Level 1 policy is
then optimised using PPO tominimise the squared difference between themas-
ter hand goal and its current latent vector:

RLevel 1
t =−∥gLevel 1− zhandt ∥2

2 (16)

The Hi-Composer allowsMIMo to learn simple, isolatedmovements at the lowest
level, while the higher levels learn to corporate those movements into complex, co-
ordinated actions. By doing so, we open a path to building complex architecture that
can control complex spaces like the full body of MIMo.
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4 Results

This section presents the empirical findings evaluated across several experimental
environments. We begin with primitive geometric models like the cuboid one and
progress incrementally to the high-dimensional control surfaces of the Multi Modal
Infant Model (MIMo) platform.

4.1 Manifold Alignment in PrimitiveWorldModels

The initial check was that if the corner points in the latent space align with the ex-
treme points in the original high-dimensional world. Testing was conducted within
three world models: a cuboid, an ellipsoid, and a dumbbell environment, as shown
in Figure 4.1. The latent network with a non-linearity like softmax outputs values on
a standard simplex ∆d−1, successfully mapping random trajectories into structured
representations.

After training, the architecture finds the extreme points. For both the cuboid and
the ellipsoid, themodel naturally searches until it finds the absolute end of the diago-
nals as extremepoints. When tried in thedumbbell environment, the learnedextreme
points settle at opposite ends of the two separate lobes. We can see how the reinforce-
ment learning policy reacts during execution: every time the target goal switches, the
policy guides the agent across the narrow bridge to get to the opposite lobe.

This ability to autonomously find and alternate between two extremes using goal
conditioning has practical implications for more complex movements. When scaling
this setup to the full-bodyMIMoplatform,wecandirectly leverage thisdual-extremum
goal mapping to handle developmental milestones like the classic rolling task. Here,
the policy can coordinate the entire body to smoothly transition back and forth be-
tween two highly stable terminal states: rolling from a prone position to a supine po-
sition, or vice versa. This transition elegantly demonstrates how primitive geometric
representations can form the foundation for complex, real-worldmotor control.
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(a) Cuboid Latent Mapping Extremas
(b) Ellipsoid Latent Mapping Extremas (La-
tent dimension=2)

(c) Dumbbell Space Exploration with Goal 0 (d) Dumbbell Space Exploration with Goal 1

Figure 4.1: Mapping of Sensorimotor Extrema onto Latent Probability Simplices across
Diverse Geometric WorldModels. The Composer architecture successfully groups max-
imum elongated diagonals and boundary extrema as steady extreme points on the
learned latent manifold.

18



4.2 Emergent Extrema in Single-Finger Posture Control

Following geometric validation, the Composer architecture was applied to themotor
control space of theMIMomodel, starting with an isolated individual finger configu-
ration. The joint actuation spaces of human-like fingers are highly coupled and non-
linear.

When trained through the multi-stage optimization loop, the system successfully
mapped continuous physical configurations onto a low-dimensional latent line. The
emergent extremaof the learnedmanifoldmappeddirectly to the absolutephysiolog-
ical limits of the joint structure. The outer vertices of the latent space corresponded
perfectly to the state of full finger extension (completely open) and full finger flexion
(completely closed). This transition from a random initialization to a neatly bounded
motor primitive demonstrates that the architecture can autonomously isolate core
structural degree-of-freedom trajectories during play-like exploration.

4.3 Discovery of Basis Hand Configurations inMulti-Digit Spaces

The architecture was then expanded to encompass the joint combinations of a com-
plete 5-finger unified hand. When controlling all five digits simultaneously, the size
of the continuous action space scales significantly, creating highly redundant coordi-
nate surfaces.

Toachieve cleancoordinationpatternswithin a lower latent space, a softmechani-
cal coupling factorwas introducedby Salar between adjacent finger jointmodels. Un-
der these structural settings, the Composer architecture discovers a basis set of hand
configurations at the corners of simplex. With enoughmechanical coupling between
the fingers, some of the corner points became open and closed hand. This highlights
the framework’s ability to compress highly redundant joint arrays into meaningful
macro-actions.

4.4 Hierarchical Fingertip Coordination via Hi-Composer

To scale control across complex, multi-level structural tasks, the hierarchical variant,
Hi-Composer, was evaluated on a top-down hand control objective. Level 0 blocks
were configured to independently manage the individual joint mechanics of each of
the five fingers, while the higher Level 1 block observed the hand as a unified coordi-
nate space by receiving the concatenated latent vectors of the lower layer.

The execution trials demonstrate that the Hi-Composer successfully achieves ab-
stract behavioral coordinationacross separatedigits. Insteadof forcing a singlemodel
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(a) (b)

(c) (d)

Figure 4.2: Emergent Manifold Extremes for a Single Actuated Digit viewed frommul-
tiple perspectives: (a, c) full finger extension (open configurations) and (b, d) full finger
flexion (closed configurations). The trained goal-conditioned policy isolates full finger
opening and full finger closing as the terminal boundary states of the low-dimensional
latent space.
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(a) (b)

(c) (d)

Figure 4.3: Mappingof the completefive-finger action space into fourdistinct handpos-
tures at the outer edges of the learned latent space: (a) Configuration 1, (b) Configura-
tion 2, (c) Configuration 3, and (d) Configuration 4.
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to compute raw joint torques for dozens of independent channels, the Level 1 pol-
icy successfully routes composite action signals that serve as target sub-goals for the
Level 0 controllers. Thismulti-level interaction allows the fingers to execute synchro-
nizedpaths,mappinghigh-level goals intofluid, cooperativephysical executionswhile
maintaining separate representations at local levels.

4.5 Sensorimotor State-Space Coverage and the Thin Pancake Hy-
pothesis

To evaluate howwell the full framework explores a complex space, we tested theCom-
poser architecture against multiple open-loop noise schemes on a full-body rollover
task using the MIMo platform. The testing and the evaluation were done by Salar. In
this setup, the infantmodel lies on the floor and can freelymove its body using a con-
tinuous action space of 46 dimensions. We tracked a 98-dimensional vector contain-
ing joint positions and velocities. This allowed us tomeasure actual bodymovements
and shapes, and also ignore how far the robot simply slid or rolled across the floor.

The experiment compared eight different conditions: the full Composer architec-
ture (C 1), three version variants with single components removed (C 2: no contrastive
learning; C 3: no simplex normalization; C 4: no one-hot goals), and four pure noise
patterns (C 5: white noise; C 6: pink noise; C 7: baby noise; C 8: Ornstein-Uhlenbeck
noise) [10]. Threegeometricmetricswereused foranalysis: agreedysamplingmethod
to estimate the total cloud [2], participation ratio to see how global variance spreads
across axes, and an intrinsic dimension algorithm (T woN N) [11]. The intrinsic di-
mension is calculated by taking two nearest neighbours of each point and then taking
the ratio of those distances. Average of those ratios provide an idea for the intrinsic
dimension of a dataset. The numerical results across all seeds and conditions are de-
tailed in Table 1.

Table 1: Sensorimotor Space Coverage Metrics at 1,000,000 Environment Steps

ID Exploration Strategy Diameter Participation Ratio TwoNN Intrinsic Dim

C 1 COMPOSER (Full) 326.86±46.43 15.87±0.81 27.28±1.19
C 2 COMPOSER (CLTT off) 300.32±23.59 14.97±0.87 29.27±1.19
C 3 COMPOSER (Simplex off) 354.16±61.14 14.11±0.81 31.08±1.49
C 4 COMPOSER (Goal off) 334.88±36.96 14.58±1.06 33.93±0.37

C 5 White Noise 139.85±11.51 11.61±0.04 30.99±0.17
C 6 Pink Noise 351.60±18.07 19.95±0.13 24.18±0.20
C 7 Baby Noise 344.31±33.81 17.32±0.07 28.67±1.12
C 8 Ornstein-Uhlenbeck (OU) 177.58±25.54 14.58±0.07 18.16±0.18

22



The data strongly supports the “thin pancake” hypothesis. This idea suggests that
an efficient explorer should not expand blindly into a massive, uniform ball. Instead,
it should sweep out a wide area while keeping its movements focused on a lower-
dimensional, highly organized path.

The Composer architecture had a big impact, doing much better than the stan-
dardmethod of using randomwhite-noise actions in two important areas. It allowed
the agent to move around a much larger area, with a total diameter of 326.86, com-
pared to the small area of 139.85 achieved with white noise, which is a huge 134 per-
cent increase in how much space the agent could explore. This difference was not
just a coincidence, but a real and significant improvement, with every single test run
using Composer reaching farther than every single test run using white noise. At the
same time, Composer was able tomake the agent’smovementsmore efficient and or-
ganized, reducing the complexity of itsmovements to an intrinsic dimension of 27.28,
which is about 4 units simpler than the messy and disorganized movements created
by white noise.

The study also showed an interesting difference between how thick or thin the
movementswere inasmall area, andhowmuchtheyvariedoverall. Composer’smove-
mentswere thin and structured in a small area, butwhen looking at thebigger picture,
it moved aroundmore thanwhite noise. Thismakes sense when you look at how they
behave: white noisemoves around it’s starting position, so itsmovements are all clus-
tered together. So it’s overall variance is low. Even though its small movements are
messy and all over the place, they don’t spread out very far. While this is the case for
white noise, Composermoves its different body parts in a coordinatedway, stretching
out in specific directions. This spreads out its movements across the bigger picture,
but keeps each small movement simple and straightforward.

Removing individual parts out of the architecture highlighted exactly what each
component contributes. The internal goal mechanism proved to be the most critical
piece formaintaining structure. When thepolicy receives random, uncorrelated goals
each episode, its updates often pull in opposing directions. The movements average
out, which fills up more dimensions unnecessarily. Turning off simplex normalisa-
tion increased the local dimension by nearly 4 units, while removing the contrastive
learning updates increased it by 2 units. Interestingly, the overall diameter was highly
robust to these changes. The versionwithout simplex normalisation actually reached
the largest diameter of all, because its unnormalized structure allowed forunbounded
rewards. This was exploited by the policy to force extreme physical extensions.

What’s interesting is that the baseline tests ended up with a surprising outcome -
the open-loop pink noise actually did better than expected. It managed to create the
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thinnest and widest pancake shape out of all the conditions that were tested. It even
performed slightly better than the full Composer architecture in this particular setup.
The pink noise was able to reach amaximumdiameter of 351.60. It also kept the local
dimension relatively low at 24.18. This suggests that the specific frequency spectrum
of pink noise somehow naturally matches the physics of how our limbsmove contin-
uously. The motor system can integrate these smooth signals over short timescales,
producing natural, sweeping oscillations without exceeding structural limits. This is
a pretty significant finding, and it could have implications for how we think about
movement andmotor control.

TheComposer architecture is able tofigureout these coordinatedpaths all by itself
through training, and it’s really good at getting close to the optimal geometric prop-
erties without any help. This ability to learn on its own is very important because it
givesusa startingpoint formorecomplicated tasks, likemovingobjects to someplace,
where you can’t just rely on random background noise to get things just right - you
need to be precise and in control.
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5 Conclusion and FutureWork

5.1 Conclusion

This thesis presented the design, implementation, and evaluation of the Composer
Architecture which is a developmental machine learning framework modeled after
the autonomous, open-ended learning behaviors seen in human infants. It is tested
andused inMIMo, amujocobasedphysicsmodel. By combiningunsupervised repre-
sentation learningwith goal-conditioned reinforcement learning, the framework suc-
cessfully addresses the sample inefficiency and training instability challenges which
are common in high-dimensional continuous control platforms like theMIMo itself.

The results we get from simple world models, like in the cuboid case, tell us that
the extreme points in the simplex are mapped to extreme points in the world models
also. When applied to the complex MIMo infant model, the architecture successfully
isolated functional motor primitives, such as the full opening and closing of a single
finger and a complete 5-finger hand. And through extensive benchmarking on the
full-body rollover task, we validated the thin pancake hypothesis. The Composer ar-
chitecture allows further exploration of the large dimensional space but also restricts
itself to a small dimensional pancake like submanifold. These findings suggest that
an internal, self-generated goal mechanism is essential for guiding open-ended ex-
ploration into low-dimensional spaces.

5.2 FutureWork

There are still many areas where the Composer architecture can be improved. Even
though it has already shown it canhandle sensorimotor learning andexploring spaces
really well, there’s still a lot to discover and work on.

1. Action-Aware Representation Learning: Let’s think about howwe can improve
the way we learn representations. Right now, we’re using a method called Con-
trastive Learning Through Time (CLTT) to create a latent space based on how
things change over time. But there’s a new idea that’s worth exploring: using
Action Aware Self-Supervised Learning (AA-SSL) frameworks. By taking into ac-
count the actions the agent is taking, wemight be able to createmore organised
and structured latent spaces. This could help us better understand how specific
actions causechanges in theenvironment. For example, ifweknowwhat actions
lead to a certain outcome, we can use that information to improve our represen-
tation learning. This approach has the potential to yield more informative and
useful representations. It is an area worth investigating further.

25



2. Scaling via DeepHierarchies: The initial validation of theHi-Composer variant
focused on coordinating local finger primitives to control a unified hand. We
should be able to scale this up in future. The whole body should be treated as
one level with a lot of other levels and parts, like each finger on the last level.

3. Complex Developmental Tasks: The framework should be tested on a wider
rangeof computational cognitionexperiments. Key targetenvironments include
complex full-body coordination tasks like actively rolling over from a prone to a
supineposition, aswell as themobilekicking [12] [13],which isaclassicparadigm
indevelopmental psychology for studying infant learning. To really test howwell
theComposerarchitectureworks, it shouldbeused in standardMuJoCorobotics
environments, not just the MIMo model made for infants. This means trying it
out on classic robots with many joints, like robotic hands that can grasp things
or four-legged robots learning towalk. Bydoing this, we can see if the framework
can be used with different kinds of robots, both in industry and academia, and
if it can be controlled effectively. This will help us understand if the Composer
architecture is versatile and can be used in many different situations, making it
a valuable tool for robotics.

4. Alternative Algorithmic Pipelines and Goal Sampling: Finally, future studies
should look intogoal-conditionedreinforcement learningalgorithmsother than
ProximalPolicyOptimization (PPO).Examplesareoff-policymaximum-entropy
variants [14] or deterministic actor-critics [15]. Additionally, rather than rely-
ing strictly on random uniform goal sampling from the simplex vertices, imple-
menting active goal-selection methods that are based on competence progress
or learninggains significantly improvesampleefficiencyduringopen-endedplay.
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A Mathematical Properties of the Softmax Activation

Let h = [h1,h2, . . . ,hd ]T ∈ Rd . The Softmax transformation σ(h) : Rd → Rd is defined
component-wise as:

σ(h)i = zi = exp(hi )∑d
j=1 exp(h j )

∀i ∈ {1,2, . . . ,d} (17)

Since exp(hi ) > 0, it follows that zi > 0 and:

d∑
i=1

zi =
∑d

i=1 exp(hi )∑d
j=1 exp(h j )

= 1 (18)

Thus, z is strictly constrained to the (d −1)-dimensional standard geometric simplex:

∆d−1 =
{

z ∈Rd :
d∑

i=1
zi = 1, zi ≥ 0 ∀i

}
(19)

B Properties of the Standard Simplex

Notation. Let 0⃗k ∈ Rk denote the all-zero vector, and 1⃗k ∈ Rk the all-one vector. When
the dimension is clear, we omit the subscript.

The (k −1)-dimensional standard simplex is defined as

Sk−1 =
{

x⃗ ∈Rk :
k∑

i=1
xi = 1, xi ≥ 0 ∀i

}
. (20)

Euclidean norm. For any x⃗ ∈ Sk−1,

0 < ∥x⃗∥2 ≤ 1. (21)

The strict positivity follows from ∥x⃗∥2 ≥ 0 and the fact that 0⃗k ∉ Sk−1.
To show the upper bound, note that

∥x⃗∥2
2 =

k∑
i=1

x2
i .

Since xi ≥ 0 and∑k
i=1 xi = 1, we have xi ∈ [0,1], implying x2

i ≤ xi . Therefore,

∥x⃗∥2
2 =

k∑
i=1

x2
i ≤

k∑
i=1

xi = 1,
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and hence ∥x⃗∥2 ≤ 1.

Equality condition. Equality ∥x⃗∥2 = 1 holds if and only if

k∑
i=1

x2
i =

k∑
i=1

xi ,

which is equivalent to
k∑

i=1
xi (1−xi ) = 0.

Since each term xi (1−xi ) ≥ 0, the sum is zero only if each term is zero. Hence for every
i , either xi = 0 or xi = 1. Together with∑k

i=1 xi = 1, this implies that exactly one compo-
nent equals 1 and all others are zero. These are precisely the vertices of the simplex.
■
Center point. Define the center of the simplex as

x⃗c (k) = 1

k
1⃗k ∈ Sk−1.

Its norm is
∥x⃗c (k)∥2 =

p
k

k
= 1p

k
−−−−→
k→∞

0. (22)

Thus, in high dimensions, the center approaches the origin.
Moreover, x⃗c (k) is the closest point in the simplex to the origin. To see this, write any
x⃗ ∈ Sk−1 as

x⃗ = x⃗c (k)+ δ⃗, with
k∑

i=1
δi = 0.

Then
δ⃗ · x⃗c (k) = 1

k

k∑
i=1

δi = 0,

so δ⃗ is orthogonal to x⃗c (k). By the Pythagorean theorem,

∥x⃗∥2
2 = ∥x⃗c (k)∥2

2 +∥δ⃗∥2
2 ≥ ∥x⃗c (k)∥2

2,

with equality if and only if δ⃗= 0⃗.

Remark. The norm ∥x⃗∥2 is smallest at the center and increases as x⃗ moves toward
the vertices, reaching 1 at the corners. Hence, maximizing ∥x⃗∥2 (or ∥x⃗∥2

2) encourages
points to move from the center toward the vertices of the simplex.
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C Local Intrinsic Dimension Estimation via TwoNN

TheTwo-NearestNeighbors (TwoNN)algorithmisanon-parametric statisticalmethod
designed to estimate the intrinsic dimension (D) of a dataset. The fundamental ad-
vantageof this framework is its relianceonminimalneighborhood information,which
allows it to isolate the dimensional properties of a local manifold independently of
global density variations or complex topological curvature.

The core geometric assumption underlying the TwoNN algorithm is that within a
sufficiently small neighborhood surrounding any givendata point, the data points are
drawn froma locally uniformdistribution,meaning the local density remains approx-
imately constant. LetX = {x1,x2, . . . ,xN } represent a dataset containingN independent
samples embedded in an ambient coordinate space of dimension D. For each indi-
vidual data point xi , we compute its Euclidean distances to its closest neighbors. We
define:

• ri ,1: The Euclidean distance from xi to its first nearest neighbor.

• ri ,2: The Euclidean distance from xi to its second nearest neighbor.

Using these distances, we define the scaling ratio µi for each point in the dataset
as the quotient of the second and first neighbor distances:

µi =
ri ,2

ri ,1
where µi ∈ [1,∞) (23)

Assuming the localneighborhoodcanbemodeledasauniformdistributionwithin
a D-dimensional hypersphere, the probability density function P (µ) for the indepen-
dent scaling ratios follows a strict power-law relationship:

P (µ) =Dµ−(D+1) (24)

Integrating this probability density function from the boundary condition 1 to a
given threshold value t yields the theoretical cumulative distribution function (CDF):

F (t ) = P (µ< t ) =
∫ t

1
Dµ−(D+1)dµ= 1− t−D (25)

To estimate the intrinsic dimension D from an empirical dataset, the computed
ratiosare sorted inascendingorder such thatµ(1) ≤µ(2) ≤ ·· · ≤µ(N ). Wemapeachsorted
ratio to its empirical coordinate using a standard continuous empirical distribution
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function with a continuity correction:

Fi = i −0.5

N
(26)

By applying a logarithmic transformation to the theoretical cumulative distribu-
tion function, we can decouple the intrinsic dimension parameter D from the geo-
metric ratio variable:

1−F (t ) = t−D (27)
log(1−F (t )) =−D log(t ) (28)
− log(1−Fi ) =D log(µi ) (29)

Let xi = log(µi ) and yi = − log(1− Fi ). This expression describes a linear relation-
ship that passes strictly through the origin (y = Dx). Consequently, the intrinsic di-
mensionD canbe analytically calculatedby applying a linear least-squares regression
constrained to a zero intercept
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