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ABSTRACT

Foundation models are expanding what humanoid robots can do, but they also
widen the gap between task completion and human-compatible behavior. In hu-
man environments, people coordinate using cognitive regularities—for instance,
predictable timing and legible motion—that they can anticipate. Advocating for
metrics beyond task completion, in this paper, we introduce several aspects of
the Cognitive Pillar of our broader Humanoid Factors (HoF) framework, a cogni-
tively grounded perspective in which explicit cognitive models serve as evalua-
tion primitives for embodied reasoning and control.

As a case study, we evaluate if a reaching task trained with a behavior cloning
neural network on a Unitree G1 humanoid follows Firtts’ Law, a classic human
psychophysics model for motor control, relating movement time to task difficulty.
In simulation, rollouts can appear acceptable under completion-centric metrics;
in real-robot deployment, the expected Fitts relationship breaks, revealing hes-
itation and timing irregularity that standard robotics metrics often miss. Over-
all, these preliminary results motivate our broader goal of incorporating compact
cognitive models as interpretable evaluation primitives for humanoids, with the
longer-term aim of applying these principles to foundation model—driven control
policies, where human-compatibility failures may be even harder to detect.

Full paper draft: https://arxiv.org/abs/2602.10069

1 INTRODUCTION

For most of human history, the design of environments and tools has been centered on a single intel-
ligent agent—the human. Human Factors (HF) emerged to optimize safety, efficiency, and usability
within this human-only design paradigm. When robots were introduced, they were typically built as
specialized instruments: function dictated form, and the robot’s role was tightly bound to a narrow
operational context.

That assumption is now being overturned. Robots are no longer designed only as fixed, single-
purpose tools; instead, we are beginning to see generalist humanoid robots that can flexibly perform
many tasks in everyday environments. This transformation is driven by large-scale Al foundation
models: machine learning models trained on vast and diverse datasets and adaptable to a wide range
of downstream tasks and contexts (Bommasani et al.| [2021). When such models are embedded in
humanoid robots, they provide a common substrate for perception, reasoning, and control, enabling
robots to generalize across tasks and domains and to improve through continuous robot learning
at scale (Gemini Robotics Team et al., 2025). Humanoids powered by these models are no longer
merely preprogrammed machines; they are becoming systems that can interpret goals, learn from
experience, and adapt their behavior to different situations and user preferences.
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Figure 1: The Four Pillars of Humanoid Factors. This paper focuses on Layer C2.

As aresult, the design challenge is no longer one-sided optimization for humans, but mutual adapta-
tion of humans and humanoids in shared, learning-rich environments. This shift raises a fundamental
question: How should we design environments, tasks, and interaction protocols for ecosystems in
which humans and humanoids coexist?

For understanding human performance in designed systems, the field of Human Factors provides
a foundation framework for analyzing how people perceive, act, and make decisions. A central
principle within this field is Human-Centered Design (Xu & Gaol [2023}; |Shneiderman) [2020), a
design philosophy and process that ensures products, systems, and services are developed with a
deep understanding of users’ needs, contexts, and experiences. Implicit in these approaches is the
assumption that humans are the primary adaptive agents within the system.

As humanoid robots become co-actors in these same environments, the foundational goals of Human
Factors remain, yet their application must broaden to encompass how both humans and humanoids
jointly perceive, act, and adapt. For humanoid robots to acquire human-like sensorimotor and cog-
nitive skills, they must continually fine-tune their underlying Al foundation models. As a result,
humanoids inherit not only our physical affordances (Kemp et al., 2007)—doorways, stairs, tools—
but also our social affordances (Kaufmann & Clément, |2007), such as expectations of eye contact,
emotional tone, and moral reasoning. These overlapping capabilities and expectations create both
opportunities for seamless collaboration and risks of misalignment.

To address this gap, we introduce Humanoid Factors, a framework that extends human-factors think-
ing to the design and evaluation of systems in which humanoid robots and humans interact as joint
participants.

Definition. Humanoid Factors (HoF) is the design of humanoids and their surrounding en-
vironments to enable humanoids to safely, efficiently, and intelligibly adapt to and sustain
operation in human-centric settings.

We therefore introduce Humanoid Factors (HoF) as the complementary counterpart to Human Fac-
tors. Whereas HF optimizes environments, tools, and workflows for human performance, HoF spec-
ifies the design, evaluation, and adaptation requirements for humanoid performance within human-
built spaces. Together, HF and HoF enable design for coexistence: a mixed-agent ergonomics in
which human and humanoid capabilities are specified separately (HF for humans, HoF for hu-
manoids) and then integrated through interaction protocols, safety envelopes, and task-allocation
rules. Practically, this means starting from generalist humanoids and customizing them for applica-
tions such as manufacturing, caregiving, education, and beyond.

In this view, design becomes ecological: the separation keeps accountability clear yet invites inte-
gration through a broader philosophy of design for coexistence, in which humans and humanoids
operate as coordinated agents within shared environments. Generalist humanoids built on Al foun-
dation models can serve as base platforms, customized through HoF-guided adapters, constraints,
and peripherals to meet domain needs. When integrated with HF considerations, these co-adaptive
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systems establish shared ergonomics (physical compatibility), shared cognition (mutual legibility
of intent), shared sociality (trust and communication norms), and shared ethics (accountability and
dignity in collaboration).

A growing need therefore exists to articulate a framework of Humanoid Factors that accounts for
the physical, cognitive, social, and ethical dimensions shaping the design and operation of humanoid
robots in human environments. Rather than positioning this as a simple extension of Human Factors,
we view it as a complementary perspective that focuses on how humanoid systems—endowed with
human-like embodiment and adaptive intelligence powered by foundation models—can be system-
atically designed, evaluated, and refined to function safely and intelligibly alongside people.

In contrast to the interaction-centric, moment-level, task-specific focus of robotics and human-robot
interaction (HRI) research (Rodriguez-Guerra et al.l 2021)), HoF adopts a system-level, lifecycle-
level, and environment-centric perspective to ask: How should a humanoid be designed so that
it can safely, predictably, and acceptably live and operate in human environments? Although re-
search on humanoid robots has advanced rapidly in the past three years (Tong et al., |2024; |Cao)
2025)), current literature remains fragmented across robotics (Caol [2025)), machine learning (Xiao
et al., 2025), and ergonomics (Koczi & Sarosil 2025), with limited guidance on consistent principles
for humanoid form, behavior, and integration in shared environments. We organize HoF into four
separate pillars because the main challenges of humanoid coexistence arise from four distinct but
interacting sources: embodiment in human-built spaces (Physical), internal reasoning and decision
processes (Cognitive), coordination with human expectations and communication norms (Social),
and questions of safety, responsibility, and acceptable conduct (Ethical). This paper therefore de-
velops the concept of Humanoid Factors as a dedicated framework to consolidate these perspectives
and to provide a foundation for systematic study, evaluation, and co-design of humanoids and the
environments they inhabit. To make this goal actionable, we next define Humanoid Factors and
organize it into a small set of core dimensions that can guide systematic evaluation and co-design.

2 HUMANOID FACTORS

As humanoid robots enter human spaces, design must shift to a dual-agent, co-adaptive view in
which humans and humanoids learn each other’s capabilities, limitations, and behavioral regulari-
ties over time (Nikolaidis & Shah| 2013} |Ajoudani et al.| [2018). This motivates a complementary
lens: Humanoid Factors, the systematic study of how humanoid embodiment, intelligence, and so-
cial presence shape performance in human-designed environments, and how these factors must be
understood to enable effective human—humanoid coexistence (Dautenhahn, 2007; |Fong et al.,[2003)).

This need arises because humanoids differ fundamentally from conventional automation. Unlike
purpose-built machines designed for specific tasks, humanoids combine human-like morphology
with increasingly general-purpose intelligence, creating three fundamental shifts:

1. From automation to embodiment. Unlike conventional automation, humanoids inherit
human environmental affordances by aligning with human scale, reach, and signaling. This
alignment allows them to leverage existing tools and workflows, assume dull, dirty, and
dangerous tasks, and collaborate more naturally and safely with people (Takayama et al.,
2008). From an Al perspective, embodiment in human environments also mitigates data
scarcity in training Al foundation models: humanoids can leverage large volumes of human
activity recordings and demonstrations, which are largely unavailable to most other robotic
platforms. Together, these factors enable the deployment of general-purpose robotic ca-
pabilities in human-built spaces without extensive retrofitting. Humanoids share a partial
overlap in capabilities with humans: they can perform certain tasks humans can, while hu-
mans retain abilities that humanoids do not, and vice versa. This asymmetric overlap gives
rise to distinct strengths, limitations, and failure modes that must be accounted for in design
and evaluation (Gundawar et al., [2025).

2. From machines as tools to social actors. Unlike conventional machines that are inter-
preted primarily as tools, humanoids’ human-like appearance and motion cues lead people
to attribute intent, understanding, and social competence to them. As a result, users nat-
urally expect humanoids to communicate, coordinate, and respond in human-like ways,
even when their underlying capabilities do not fully support such expectations (Mori et al.,
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2012)). This expectation shift affects how instructions are given, how errors are interpreted,
and how trust is formed during interaction. When humanoid behavior falls short of these
socially inferred expectations, it can lead to confusion, misuse, or erosion of trust, high-
lighting the need to explicitly account for expectation management, transparency, and com-
municative behavior in humanoid system design and evaluation.

3. From technical safety to socio-ethical governance. Traditional automation emphasizes
technical safety guarantees such as collision avoidance, fault tolerance, and reliability
under predefined conditions (Brunke et al., 2022} |Corso & Kochenderfer, [2020; Lasota
et al., [2017). In contrast, humanoids introduce broader trust, safety, and ethical consider-
ations that arise from their anthropomorphic form, autonomy, and intelligence (Winfield!
& Jirotkal, 2018). Because humanoids operate in shared social spaces and are perceived
as agents rather than tools, questions of accountability, appropriate behavior, and respon-
sibility become inseparable from system performance. This shift necessitates governance
frameworks that extend beyond engineering safeguards to include social norms, ethical
constraints, and institutional oversight, addressing not only whether a humanoid can act
safely, but whether it should act, under whose authority, and with what consequences when
failures occur.

Taken together, these shifts indicate that the promise of humanoids is not defined solely by ca-
pability, such as mobility or dexterity, but by compatibility with human environments, norms, and
expectations. Effective deployment therefore requires legible behavior, reliable communication, and
sustained co-adaptation to human practices and social conventions (Hancock et al., 201 1;Sanneman
& Shah, 2020). Achieving this compatibility demands that embodiment, cognition, social interac-
tion, and ethics be treated as co-equal design constraints rather than isolated considerations.

As summarized in Figure [T} we therefore structure the Humanoid Factors framework around four
dimensions—Physical (P), Cognitive (C), Social (S), and Ethical (E)—that capture the key ways
humanoid systems differ from both traditional automation and humans themselves. Each dimension
addresses distinct design challenges and evaluation criteria that emerge when intelligent, human-
shaped agents operate in shared human spaces, and together they provide a principled foundation
for guiding humanoid design and assessing human—humanoid coexistence.

The complete Humanoid Factors framework (https://arxiv.org/abs/2602.10069) de-
composes each pillar into multiple layers. Here we focus on one layer of the Cognitive pillar: using
explicit, validated human models as evaluation primitives, motivated by the goal of introducing
explicit human models into the reasoning process.

2.1 COGNITIVE (C) COMPATIBILITY AS A DESIGN AND EVALUATION TARGET

The Cognitive Pillar specifies how a humanoid transforms sensing into understanding, intention, and
action over time. Rather than prescribing specific algorithms or architectures, we organize cognition
into a layered reasoning model that distinguishes (i) how the robot interprets what is happening, (ii)
how it decides what to do next, (iii) how it self-regulates its behavior to remain safe, legible, and
intelligible, and (iv) how it manages memory and cognitive load to sustain effective operation over
time (Sanneman et al., [2023)). This question-driven structure clarifies what sensor measurements
mean for the robot’s internal state and behavior—progressing from situational awareness (Endsley),
2021} [Endsley et al.l [2000; Sanneman & Shah| 2022) to planning, guardrails, and memory—while
treating computational limits, latency, training coverage, and operational design domain (ODD)
constraints as first-order design requirements rather than afterthoughts.

In humanoids, cognition is implemented through Al systems, and this pillar organizes the capabil-
ities those systems must support—whether realized explicitly through traditional modular Al com-
ponents or implicitly through modern monolithic Al foundation models—into a coherent layered
structure.

2.1.1 LAYER C2: REASONING, PLANNING, & EXECUTION (WHAT TO do next)

Once a humanoid has established situational awareness, it must determine how to act. This layer
concerns the cognitive processes by which a humanoid selects goals, reasons about alternatives,
and translates intent into executable behavior under uncertainty, time pressure, and resource con-
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straints. Rather than prescribing a single control paradigm, this layer characterizes the functional
roles required to support human-like decision-making, including goal prioritization, planning under
uncertainty, and adaptive execution.

Reasoning, planning, and control separation. To support both flexibility and auditability, mod-
ern humanoid systems benefit from a conceptual separation between three cognitive functions:

* Reasoning evaluates uncertainty (Senanayake, 2025)), assesses whether sufficient informa-
tion is available to act, and considers alternative courses of action (e.g., “Should I proceed,
slow down, or ask for clarification?”). This role corresponds to meta-cognitive (Dunlosky
& Metcalfe, |2008) decision checks studied in human factors, such as confidence assessment
and risk sensitivity (Endsleyl 2017).

* Planning translates high-level intent into structured subgoals and selects appropriate skills
to achieve them. Planning must handle underspecified instructions, competing objectives,
and dynamic environments, while maintaining internally consistent goal hierarchies. Gen-
erating intermediate goals and rationales supports downstream legibility and verification.

» Execution realizes planned actions through low-latency motor control and skill execution,
adapting online to disturbances and human motion. Execution prioritizes responsiveness
and safety while remaining consistent with the planner’s intent.

This separation mirrors well-established distinctions in human cognition between deliberation, in-
tention formation, and motor execution, and provides clear interfaces for evaluation and failure di-
agnosis. Where helpful for intuition and cross-disciplinary grounding, map these functions to brain
systems: higher-level planning and goal maintenance are associated with prefrontal and premotor
networks, online sensorimotor transformation and execution with motor cortex and cerebellar cir-
cuits, and episodic/relational memory with hippocampal systems (Henschke & Pakan|[2023). These
analogies are heuristic (robots are not brains), but they are useful for deriving evaluation primi-
tives—e.g., short-term working memory capacity, predictive timing accuracy, and consolidation of
episodic experience.

Decision-making under uncertainty and time constraints. Human environments rarely permit
fully informed or perfectly timed decisions. Accordingly, this layer emphasizes decision-making
under uncertainty (Kochenderfer, |2015), including explicit trade-offs between speed and accuracy,
confidence thresholds for action (Murthy & Sanneman, [2025)), and graceful degradation when infor-
mation, compute, or energy budgets are limited. Planning horizons and execution timing should re-
flect human-comfortable tempos, supporting coordination and reducing surprise during joint action.
For instance, as we will demonstrate in Section|3| classical models such as Fitts’ Law (MacKenzie,
1992), long used in human—computer interface design, remain informative for setting timing targets
in pointing, handover, and placement tasks and for defining acceptable speed—accuracy envelopes.

Goal management and adaptability. This layer also governs how goals are maintained, revised,
or abandoned over time. Humanoids must reconcile long-term objectives with short-term contin-
gencies, resolve conflicts between safety, efficiency, and user intent, and adapt plans in response to
unexpected events. These capabilities align with human factors research on goal switching, work-
load management, and adaptive behavior in complex systems.

3 CASE STUDY: FITTS’ LAW AS AN EVALUATION PRIMITIVE FOR HUMANOID
CONTROL

We now ground the Humanoid Factors perspective with a concrete case study on a humanoid plat-
form. While comprehensive evaluation should ultimately account for all four pillars, here we focus
on the Cognitive—Physical interface and ask a targeted question: Does training a robot to achieve
geometric task success also yield cognitively legible motion patterns that support predictable and
comfortable human interaction?
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3.1 HUMAN-CENTERED MOTIVATION

Humanoids are expected to operate across a wide range of settings. While some deployments may
occur in relatively isolated environments such as factories, many envisioned applications involve
close, continuous interaction with people—for example in homes, clinics, or caregiving contexts. In
such settings, humanoids must engage in everyday collaborative actions, such as handing objects
to a person, in ways that align with human expectations formed through human—human interaction.
In these situations, humans will increasingly encounter humanoids built by different manufacturers
and powered by diverse Al models. From the human’s perspective, however, these distinctions
are largely irrelevant: regardless of the underlying model or brand, the humanoid is expected to
behave in ways that are predictable, understandable, and safe. Making sure this expectation is met
is therefore not just a deployment concern, but a responsibility of the AI models that generate the
humanoid’s behavior.

Current evaluation practices for humanoid AI models, however, remain predominantly task
completion-centric, emphasizing whether a task is completed or a predefined checkpoint is reached.
From a HoF perspective, this is insufficient. In human-facing settings, how a humanoid moves is as
critical as whether it completes the task “somehow.” For a humanoid to coexist comfortably with
people, its motion must be legible: a human observer should be able to intuitively anticipate the
robot’s goal, timing, and level of commitment from its movement alone (Dragan et al.|[2013).

Human sensitivity to motion predictability is not arbitrary; it is shaped by robust regularities in
human motor behavior that govern how speed, timing, and variability adapt to task demands (often
modeled by psychophysical laws). When a humanoid completes a task while violating these implicit
expectations—for instance by moving with uniform speed across easy and difficult segments, or by
hesitating without clear intent—it can create cognitive dissonance for the human partner, undermin-
ing trust, comfort, and perceived safety (Dragan et al.,|2013]; |[Howell et al., 2023)).

3.2 FITTS’ LAW

One of the most widely studied psychophysical models of human movement is Fitts’ Law (Fitts,
1954} MacKenzie, |2018]), which describes how the time required to complete a goal-directed move-
ment scales with task difficulty. Originally developed to model pointing and reaching actions, it has
since been validated across a broad range of real-world motor activities, including computer input
device usage analysis (Senanayake et al., 2013} Senanayake & Goonetilleke, [2013)), tool use (Silva
et al.| [2016), surgical and rehabilitation tasks (McCrea & Eng| 2005} Zimmerli et al2012)), vehicle
and cockpit controls (Large et al.l 2015} Xie et al., [2023), and everyday object manipulation (Kan-
towitz & Elvers, [1988; Thumser et al., 2018). Across these domains, the law captures how humans
systematically adapt movement speed and timing in response to precision demands, producing char-
acteristic motion profiles that are highly predictable to observers. For instance, in human—human
object handover, one subcase of the object transportation phase (Kopnarski et al.l 2023) involves
moving an object toward a fixed target location corresponding to the partner’s hand, yielding timing
and velocity patterns that resemble those of reaching actions.

In psychophysics, the time required to complete such a reaching or pointing movement (Movement
Time, MT) is commonly modeled as a linear function of an Index of Difficulty (I D) that depends
on movement distance D and target width W:
2D
MT =a+bIDp, IDpzlogQ(W).
We use this common formulation of Fitts’ Law throughout; in our experiments W is fixed and we
vary D to sweep task difficulty.

Traditionally, from an engineering perspective, Al-based robot controllers or deterministic planners
typically optimize for trajectory efficiency, torque, or smoothness (e.g., minimum jerk) without
inherently adhering to Fitts-like scaling (Gasparetto et al., 2015} |Li et al., [2023)) because robots are
not constrained by biological neuromotor limits (Takeda et al.,2019). Consequently, it is possible
to use Fitts’ Law not as a control limit, but as a benchmark for measuring the “naturalness” and
usability of assisted teleoperation and mobile manipulation (Pan et al.l 2024; Wan et al., [2023).
Similarly, Fitts’ Law can be used to test behavioral cloning (BC)-based neural networks (Torabi
et al.,|2018)) or any humanoid foundation model.
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Figure 2: Experimental Environment and Data. (a) Unitree G1 robot setup. (b) Example end-
effector velocity profile illustrating the pencil tip motion from the start point to the target region for
a single demonstration (D = 20 cm and W = 2 cm).

Using HoF for Evaluation:

1. Train an Al model (e.g., Behavioral cloning).

2. Select a relevant HoF layer (C2: Reasoning, Planning, & Execution).

3. Identify validation models associated with that layer (e.g., Fitts’ Law).

4. Test statistical alignment with validation models beyond task-centric metrics.

3.3 EXPERIMENT

Hypothesis. We hypothesize that although a BC policy (with only proprioception data) can
achieve task completion, its execution time will not follow the Fitts’ Law relationship between
movement time M T and index of difficulty /Dr. In particular, the fitted MT—I D trend for the
learned policy will deviate from that of human demonstrations (e.g., reduced correlation and/or dif-
ferent slope), reflecting a failure to reproduce human temporal scaling with difficulty.

Hardware platform. We conducted experiments using the Unitree G1 humanoid robot, as shown
in Figure[2] The experiment focused on a pointing task using the left arm (7-DoF). A pencil was at-
tached to the robot’s hand to serve as a precise end-effector extension for the pointing task. We only
controlled four joints (left shoulder yaw, pitch, roll; left elbow) while locking the wrist and all other
joints. We only command a high-level sequence of target joint angles along the trajectory suggested
by the Al model. Low-level motor control is handled by the robot’s built-in PID controllers. We ver-
ified that the same PID stack can accurately replay recorded demonstration trajectories, suggesting
that the Fitts’ Law breakdown during learned rollouts is unlikely to arise from PID tracking alone.

Task. The robot was initialized at its neutral starting position. The goal was to move the end-
effector into a square target region (W = 0.02 m). We varied the distance (D) across four levels:
0.20 m, 0.30 m, 0.40 m, and 0.50 m. A human operator provided demonstrations via kinesthetic
teaching, physically guiding the robot arm (the pencil tip) from Point A to the target box as quickly
as possible, resulting in 99 demonstrations after discarding recording errors or target misses.

Al Model Training and Deployment. We consider the task of training a robot to imitate human
behavior from multiple demonstrations of the task described above. We trained a conditional Be-
havior Cloning (BC) policy with multi-layer perceptron (i.e., fully connected) neural network by
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(d) Real World (KX, = 80): Higher stiffness im-
proves success rate but does not restore Fitts” Law lin-
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Figure 3: Does the robot follow Fitts’ Law? (a) The human operator establishes a cognitive base-
line. (b) The simulation captures the general trend but introduces variance. (c-d) Real-world physi-
cal constraints (e.g., gravity, friction) can decouple the motion from the cognitive plan, with higher
stiffness (K, = 80) offering only marginal recovery of linearity. This mismatch behavior poses a
risk to human anticipation and trust.

minimizing the mean squared error (MSE) loss between predicted joint angles and target joint an-
gles. After training, the model was evaluated first in simulation using MuJoCo and then on the real
robot. We used an open-loop autoregressive strategy in which the model’s previously predicted joint
angles were fed as input for the next step, rather than using the robot’s actual sensor readings. This
isolates and tests the stability of the model’s internal plan independent of corrective feedback.

3.4 RESULTS AND DISCUSSIONS

We analyzed the adherence to Fitts’ Law across the human baseline, simulation, and real-world
deployment.

Human baseline (gold standard). The kinesthetic demonstrations (see Figure @) exhibited a
strong adherence to Fitts’ Law (R? = 0.741). This confirms the validity of our setup: even when
manipulating a robot arm, the human operator naturally engaged in a speed-accuracy trade-off.

Simulation rollout (cognitive success). As shown in Figure [3b] the policy generated trajectories
that roughly paralleled the human baseline in the MuJoCo physics simulation. The fit was moderate
(R? = 0.596), while the slope of the robot’s regression line was nearly parallel to the human’s. This
implies the BC model successfully cloned the planning strategy (velocity profile) of the human.

Real-world deployment (physical failure). We deployed the policy on the physical Unitree G1
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robot at two stiffness levels. For low stiffness (K, = 60), as seen in Figure the Fitts’ Law re-
lationship collapsed. The arm was too compliant to hold the target pose against gravity, leading to
excessive drift and erratic movement times. For high stiffness (X, = 80), increasing the gain (Fig-
ure [3d) improved the success rate by rigidly enforcing the trajectory. However, it did not restore the
linear trend. The robot still struggled with the “Lever Arm” effect at large distances (D = 0.5m),
proving that purely geometric gains cannot compensate for a lack of internal gravity modeling.

The disparity between the simulation success and the physical failure reveals two critical blind spots
in standard Al training, validating our framework.

The “orbiting” phenomenon (Cognitive Pillar). In simulation and reality, the robot sometimes
arrived at the target area but failed to stop, instead “orbiting” or oscillating around the 2cm target.
We attribute this to the MSE loss used in training. MSE penalizes large errors heavily but provides
small gradients for small errors. The robot learns to go toward the target but never learns to stop. This
violates the Cognitive Pillar: a human partner cannot interact with a robot that hovers indecisively.

Pose-dependent gravity load (Physical Pillar). The most severe failures occurred at the extremes
of the reach, highlighting distinct physical violations. In the far field (D = 0.5m), the failure is
driven by the Lever Arm Effect. At maximum extension, the gravity torque on the shoulder (Joint
0) is maximized. Since our open-loop deployment is blind to torque loading, the arm physically
sags below the target despite the correct kinematic plan. Conversely, in the near field (D = 20cm),
failure is attributed to a low-manipulability folded configuration (i.e., proximity to a kinematic sin-
gularity where the Jacobian becomes ill-conditioned). In this regime, small errors in the joint-space
policy can produce disproportionately large and unstable end-effector deviations, exacerbating the
“orbiting” behavior and drastically increasing Movement Time.

Incorporating human cognitive principles into humanoid foundation models. A BC neural
network trained only on kinematics (joint angles) lacks an internal model of compliance and dynam-
ics. To satisfy Physical-Cognitive Pillars of HoF, Al training and tuning must account for real-world
software—hardware interactions, ensuring that learned policies reflect not only kinematic feasibility
but also the physical realities of compliance, dynamics, gravity, and singular configurations.

Modern LLMs are typically trained using a three-stage recipe consisting of pre-training, mid-
training, and post-training. Pre-training provides broad statistical competence by learning general
representations from large-scale, heterogeneous data, but remains largely agnostic to embodiment,
task structure, and human cognitive constraints (Tu et al., [2025)). In the humanoid setting, this stage
offers a natural entry point for embedding generic cognitive priors, such as multimodal situational
awareness, temporal abstraction, and coarse world models that support perception—action coupling.
Mid-training adapts the foundation model to specific domains, embodiments, and operational con-
texts, making it the primary stage for injecting humanoid-specific cognitive structure, including goal
hierarchies, task decomposition, affordance reasoning, and planning biases aligned with human en-
vironments (Tu et al., 2025; Mo et al.| 2025; [Liu et al., 2025). At this stage, cognition can be
shaped through structured curricula, simulator-grounded interaction data, and embodiment-aware
objectives that reflect human-scale constraints and expectations. Post-training aligns the model with
human values, preferences, and safety norms using human feedback, preference optimization, and
deployment-aware fine-tuning (Stiennon et al.l 2020; (Ouyang et al.l 2022} Rafailov et al.| [2023).
This stage is particularly well suited for embedding human cognitive norms, such as uncertainty
awareness, self-regulation, legibility, and calibrated intervention, ensuring that humanoid behavior
remains predictable and interpretable in human-shared spaces. We discuss these aspects at length in
the Humanoid Factors framework (https://arxiv.org/abs/2602.10069).

4 CONCLUSION

Foundation model humanoids increase the urgency of measuring not only what robots achieve, but
how they behave in ways humans can predict and are comfortable. We showed that a compact
cognitive-science model (Fitts’ Law) can serve as a practical evaluation primitive that exposes failure
modes missed by completion-centric robotics metrics. We believe cognitive primitives similar to
these can provide a tractable bridge between human cognitive science and foundation models in
embodied systems.
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