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Abstract This paper presents a systematic formulation of the Self Model for embodied artificial intelligence,
aiming to provide the missing internal representation that enables an agent to understand its own body, capabili-
ties, memories, and decision processes. Unlike existing approaches that address isolated aspects such as percep-
tion, prediction, or skill adaptation, we propose a unified computational framework that integrates body schema,
forward and inverse models, perceptual memory mechanisms, and agency. This framework captures how an em-
bodied agent represents its physical structure, predicts the consequences of its actions, selects policies, and accu-
mulates experiences to form a coherent sense of self. We further introduce a six-level hierarchy (L0-L5) that
characterizes the developmental stages of self model from non-self representation to full self awareness, providing
the first operational taxonomy for evaluating self-awareness in embodied artificial intelligence systems. A practi-
cal implementation is developed and validated in manipulation and navigation tasks, demonstrating improved
prediction, adaptation, memory, and decision-making capabilities. Overall, this work establishes the conceptual
foundation and technical pathway for building self model in embodied intelligence. It highlights their significance
for achieving autonomy, robustness, long-horizon reasoning, and lifelong evolution in real-world environments.
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vironment, self-prediction to anticipate the outcomes
of its actions, self-memory to maintain continuity of

1 Introduction

Embodied artificial intelligence (embodied AI)
refers to machine intelligence that emerges through
continuous interaction with the environment. Such in-
teraction is mediated by an embodied agent, whose
perception, decision and actions are tightly coupled
with its physical body and the surrounding world.
This coupling implies that effective embodied Al re-
quires not only an understanding of the external envi-
ronment, but also an internal awareness of the agent’s
own state, body and capabilities. Consequently, an
embodied agent is expected to develop self-related ca-
pabilities, including self-perception of its body and en-

internal states over time and self-decision to select
feasible and goal-directed actions. Existing studies in
Al have touched on certain aspects of “self”, e.g.,
meta-learning!!l emphasizes self-adaptation for rapid
task generalization, and self-supervised learningl fo-
cuses on learning representations without external la-
bels. However, these approaches are solely data-driv-
en, while embodied tasks situate the agent within a
closed perception-decision-action loop, where self-per-
ception, self-prediction, self-memory and self-decision
jointly operate. Therefore, “self” in embodied intelli-
gence is not a single attribute, but an integrated con-
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struct of multiple synergistic self-related capabilities.

Modeling such a notion of “self” involves both
foundational capacities, such as hardware embodi-
ment and higher-order functions, including self-per-
ception, self-memory, self-prediction and self-decision.
naturally maintain
awareness models of the self, which offer mechanistic
insights into how a coherent notion of the self is
formed. In cognitive science, human self-awareness
centers on self-identity which involves multiple pro-
cesses of self-knowledgel3l. Self-identity integrates au-
tobiographical memory for temporal continuity™ and
social identity for role and group membershipll. Self-
knowledge further includes body cognition, personali-
ty traits, and metacognition. Body cognition, such as
body schema and first-person perspective, grounds
sensorimotor coordinationl6: 7, while personality traits
and metacognition shape decision-making and enable
self-monitoring and adaptation[8-10],

Inspired by these perspectives, an ideal self model
for embodied intelligence aims to capture key aspects
of human self-awareness. While achieving full human-
level self-awareness remains a long-term objective, in-
cremental research on computational self model ap-
pears both feasible and necessary. Such efforts may
provide a foundation for embodied agents that are
more autonomous, adaptive, and context-aware, sup-
porting reasoning not only about the external world
but also about the agent itself, its actions, and their

Humans structured internal

consequences.
As illustrated in Fig.1, several existing works have
explored partial aspects of the self in embodied Al
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Multimodal self-recognition enables embodied agents
to distinguish self-generated from external stimuli,
grounding agency and body schemalll14. Morphologi-
cal self-modeling supports structural inference and
adaptation to damagel!17. Competence calibration
and adaptive control emphasize self-related predic-
tion and decision-making[8: 191, while LLM-based sys-
tems/20) and episodic memory mechanisms(2! 23] ex-
tend self-knowledge, action reasoning, and long-hori-
zon planning. Despite these advances, current re-
search remains largely fragmented. Most studies fo-
cus on isolated components (e.g., perception, predic-
tion, memory or decision) without converging into a
unified computational framework that integrates these
functions into a coherent notion of self.

In this paper, we propose the self model for em-
bodied AI. The self model is defined as an internal
representation of an embodied agent, including self-
perception, self-memory, self-prediction and self-deci-
sion. It serves as a core component of the embodied
system, linking hardware embodiment, such as mor-
phology and multimodal sensing, with software mod-
ules for perception, prediction, memory, decision-mak-
ing, and autonomous learning. By integrating these
components, the self model supports embodied func-
tionalities such as navigation¥ and manipula-
tion25-27 while enabling agents to adapt and update
their internal representations through continuous in-
teraction.

The remainder of this paper is organized as fol-
lows. In Section 2, we analyze the relationship be-
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Fig.1. Related work of self model. Existing studies address isolated components of the “self”, including self-perception, self-predic-
tion and self-decision and self-memory, yet these efforts remain fragmented and do not constitute a holistic self model.
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tween human self model and its computational coun-
terpart, and present the proposed self model frame-
work and its key functional components. In Section 3,
we introduce a hierarchy (LO-L5) that characterizes
different degrees of self modeling. In Section 4 and
Section 5, we demonstrate an instantiation of the self
model and evaluate its capabilities via real world ex-
periments. In Sections 6 and 7, we discuss the chal-
lenges and future directions of self model.

2 Self Model

The self model denotes dynamic internal represen-
tations that an individual maintains regarding its
morphology, internal state, the causal consequences of
its actions, and the rules underlying its interaction
with the environment. It consists of five core func-
tional mechanisms: 1) a body schema for structural
representation of self, 2) a forward model for dynami-
cal/causal prediction, 3) an inverse model that maps
desired goals to control commands, 4) mechanisms for
agency that distinguish self from environment, and 5)
a perceptual-memory model that tracks temporally
extended self-states and interaction histories. These
five mechanisms interact synergistically to form the
self-awareness loopl28],

In this section, we conceptualize the self model as
comprising five biological mechanisms, which are fur-
ther mapped onto four implementation-oriented func-
tional modules: perception, prediction, decision, and

memory.

2.1 Self Model in Humans

For humans, the self model is an internal repre-
sentation of bodily states and action intentions that
enables individuals to differentiate self from the envi-
ronment, predict self-generated action consequences,
and maintain autonomous control?¥. In humans,
these core mechanisms manifest as functional units
based on neural circuits, as delineated in Fig.2.

Specifically, the human body schema functions as
a representation of the body’s spatial configuration,
serving as the foundation for motor planning%. The
forward model, supported by cerebellar mechanisms,
predicts motor outcomes to compensate for sensory
delaysBl. This prediction aids the agency mechanism
in attributing actions to oneself?) and updates the
perceptual-memory model. In contrast, the inverse
model is implemented by the motor cortex and basal
ganglia to convert desired motion goals into specific
muscle commandsB2. Furthermore, the perceptual-
memory model relies on cortical regions to align mul-
timodal inputs into a coherent self-representation!33],
while the hippocampus and prefrontal circuits store
and retrieve episodic memories to adapt decision-mak-
ingl34],

These mechanisms form a dynamic self model in
humans. Although this division aligns with neural cir-
cuits, engineering implementations require a more im-
plementation-oriented reorganization to match the de-
sign of embodied Al system.

2.2  Self Model in Embodied AI

The human self model offers conceptual frame-

@ Self-attribution achieved through
the comparison of signals initiated
by intent and action

® Translate the desired movement
goal into muscular commands

(® Dynamic characterisation of bodily
spatial organisation and form

@ Predict the outcome of forthcoming actions

Fig.2. Internal representation of the self model in the human brain. The illustrated mechanisms offer biological inspiration for the

design and construction of self model in embodied AI.



works for constructing embodied self model. In em-
bodied AI, the self model provides an representation
of all self-related aspects. Building on the human self
model, the construction of embodied self model re-
quires reorienting from the biologically tailored five-
mechanism decomposition to an engineering-friendly
module framework. Specifically, in the functional im-
plementation and performance evaluation of embod-
ied AI, we reorganize these five mechanisms into four
implementation-oriented modules as shown in Fig.3:
perception (body schema), (forward
model), memory (perceptual memory), and decision

prediction

(inverse model and agency).

A key component of the perception module is a
geometrically parameterized model that describes the
agent’s morphology and spatial configuration. In par-
allel, the perception module interprets sensory inputs
to construct a comprehensive representation of the
surrounding environment. This dual-awareness is cru-
cial for the agent to perceive its physical presence and
potential for interaction with the environment. Based

® Perceptual
Memory Model
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on the perception module, the prediction module fo-
cuses on predicting the consequences of the agent’s
actions. This predictive capability facilitates the dis-
crimination between self-generated movements and
those caused by external influences, which is essential
for maintaining behavioral predictability, supporting
learning processes, and enabling self-monitoring. Com-
plementary to the prediction module, the decision
module is critical for purposeful action execution. It
translates desired motion goals into executable con-
trol signals, with its theoretical algorithmic frame-
work drawing on classical approaches such as inverse
kinematics or optimal control33. The dynamic inter-
play between the prediction module’s output and the
decision module’s control signals underpins adaptive
motor control. Additionally, the decision module in-
corporates the ability to attribute actions to the self.
This is a core function for developing higher-level self-
awareness. This self-attribution ability can be real-
ized through verifying the consistency between pre-
dicted and actual execution outcomesi36. The memo-

Fig.3. Our self model establishes a functional mapping between the five core mechanisms of the human self model (left: body
schema, forward model, inverse model, agency, perceptual-memory model) and the four modular components of the embodied AI self
model (right: perception, prediction, decision, memory). This diagram illustrates how human self model mechanisms (e.g., body
schema, agency) are instantiated as domain-adapted modules in embodied Al (e.g., perception integrating geometric parameter mod-
eling, decision incorporating artificial identity), while preserving the core cognitive capability alignment across biological and artifi-

cial systems.
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ry module is essential for achieving proactive self-reg-
ulation and sustaining complex task execution. It
comprises two interrelated components: sensory map-
ping and episodic memory. Sensory mapping inte-
grates multimodal data to form detailed short-term
state representations, updating the agent’s immedi-
ate situational awareness in real time. For long-term
experiential support, episodic memory stores and re-
trieves past interaction processes and outcomes. The
awareness derived from episodic memory is signifi-
cant, as it implies the agent possesses a nascent con-
cept of self-allowing past experiences to shape cur-
rent decision-making and self-construction through
mechanisms such as memory networks and replaying
experiences.

To realize the functionality of the four modules
outlined above, the perception module continuously
captures multimodal environmental and self-state in-
formation (e.g., visual, tactile) to generate real-time
geometrically  parameterized  self-representations,
which serve as the foundational input for subsequent
modules. Subsequently, the prediction module fuses
the real-time state from the perception module and
historical experience retrieved from the memory mod-
ule (including short-term sensory mapping and long-
term episodic memory) to predict the sensory conse-
quences of potential actions, while quantifying predic-
tion uncertainty to support risk-aware decision-mak-
ing. Accordingly, the decision module generates task-
specific commands by integrating the prediction re-
sults and experiential constraints from the memory
module. Synchronously, it initiates self-attribution
verification by comparing the predicted outcomes
with the actual execution feedback to distinguish self-
generated actions from external perturbations. Upon
execution of these commands, the agent’s actual sen-

sory outcomes are fed back bidirectionally: to the per-
ception module for calibrating state estimation devia-
tions, and to the memory module for updating experi-
ential data (i.e., storing new interaction episodes into
episodic memory and refreshing short-term sensory
mapping). Finally, the updated perceptual state and
memory data are recycled into the next iteration of
completing the

prediction and decision-making,

closed-loop calibration.

3  Self Model Hierarchy

According to [37], the self can be systematically
divided into three hierarchical levels: the implicit self,
the self based on dynamic visual matching, and the
self grounded in symbols, language, and artifacts.
However, current embodied AI lacks a unified self
model assessment framework tailored to engineering
implementation. To fill this gap, we propose a hierar-
chy (LO-L5) that follows the natural evolution logic
of self-awareness, progressing from non-self (L0) to
full self-awareness (L5). This advancement is charac-
terized by the successive acquisition of (1) basic self-
awareness through a static physical self, (2) basic self-
adaptation via dynamic self-environment coupling,
(3) socialized self-representation, and (4) sustained
self-evolution via value-oriented iteration. The self
model is evaluated along four constituent dimensions
(perception, memory, prediction, decision) that align
with the functional modules proposed in the previous
section. As depicted in Fig.4, which illustrates the
overall characteristics of each level alongside the evo-
lutionary trajectory, this hierarchy covers the com-
plete evolution of self-awareness.

LO0: Non-Self Model. At L0, no explicit representa-
tion of self is instantiated, and behavior is purely re-
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Fig.4. Overview of the six-level hierarchy of self model. The hierarchy spans from a non-self model to full self awareness, encompass-
ing basic self cognition, basic self adaption, socialized self, and self evolution.




active without encoded self/non-self boundaries. Pre-
diction is limited to self-state forecasting without ac-
counting for external factors. Memory retains only
prior knowledge, lacking any self-related or task-spe-
cific memory, and the capacity for self-attribution is
absent. This yields a non-agentic control loop respon-
sive only to immediate stimuli, and self-identity is not
formed.

L1: Basic Self-Awareness. At L1, a static physi-
cal self is maintained. Basic self/non-self demarcation
enables simple reachability and collision judgments.
Short-term memory and context-bound action-out-
come associations provide local competence, though
they do not generalize or calibrate. Identity remains
externally attributed.

L2: Basic Self-Adaptation. At L2, a dynamically
physical self is maintained through closed-loop per-
ception-action. This level enables generalized forward
prediction and flexible goal-to-action mapping across
various contexts. Multimodal memory consolidates
self experience and stabilizes self-attribution, the pro-
cess of assigning observed actions and effects to one’s
own agency. Identity becomes internalized, guiding
action and policy adjustment.

L3: Socialized Self. At L3, the self extends to in-
corporate other agents and social regularities. Predic-
tion and decision are conditioned on roles and interac-
tion situations. Social memory and role-aware poli-
cies support cooperation and social attribution the
understanding of others’ actions and intentions. A
distinct social identity is recognized and utilized to
structure identity-based relations.

Lj: Sustained Self-Fvolution. At 1.4, long-term
and counterfactual prediction capabilities support val-
ue-oriented iteration. Internally generated goals are
anchored in stable preferences, such as safety and effi-
ciency. Autobiographical memory and metacognitive
monitoring enable the continual revision of strategies
and the creation of explicit accounts of self-improve-
ment, which ensure that decision-making align with
an actively affirmed and evolving identity.

L5: Full Self Awareness. At L5, the computation-
ally achievable self model supports semantic interpre-
tation via the perception of worldviews and ethical
values. This enables the formation of grand visionary
plans for individuals or society. Decision is hierarchi-
cally organized by worldview-level objectives and ethi-
cal constraints. Long-term consequences of actions are
foreseen using narrative-based social memory. Identi-
ty is dynamically reconfigurable, adapting and chang-

J. Comput. Sci. & Technol., XXX. 2026, Vol.X, No.X

ing in response to accumulated experience, context,
and behavior.

4  An Instantiation of Self Model

Rather than a universal self model, this work
presents a task-specific instantiation of a self model.
The proposed design represents one feasible realiza-
tion of the self model.

The baseline model corresponds to an LO-level
pipeline, whose components are detailed as follows.
Perception (L0): The perception module takes as in-
put a single-frame RGB-D observation I, and a natu-
ral language instruction I,. Object instance masks
Msk; are obtained via semantic segmentation. No
body state, joint state, or collision awareness is mod-
eled. Memory (L0): The memory module only uses vi-
sual I, and LiDAR I, information from the current
observation without constructing a map. The observa-
tion is not accumulated across time and contains no
self-related or identity-related information. Predic-
tion (LO): Since an LO-level agent cannot predict the
result and feedback of the action according to our self
model hierarchy, there is no prediction module in an
L0-level model. Decision (L0): The decision module
selects the nearest frontier for exploration. Once the
target object is detected, its relative pose is estimat-
ed from the current RGB-D observation and passed
to an inverse-kinematics-based controller to execute
grasping.

Building upon the L0 baseline, we present one
possible instantiation of the L1 self model, which aug-
ments the LO pipeline by introducing explicit self-re-
lated perception, memory, prediction, and identity-
aware decision-making, as shown in Fig.5. Implemen-
tation details are described below.

(1) Perception (L1). The Ll-level perception mod-
ule SelfPerc computes the spatial regions where po-
tential collisions may occur between the robot body
and obstacles in the environment for safe motion and
uses it for risk evaluation. The joint-related percep-
tion input is summarized as:

L(t) = (Ra(t), 7(1)), (1)
where R,, is the collision risk and 7 is the temporal
change rate of joint torques. The collision range R,, is
defined as a joint measure of the spatial proximity
and spatial extent of contact between critical parts of
the robot body and surrounding obstacles. This range
reflects the physical feasibility and safety of the cur-
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rent action by jointly considering both the closeness
and the distribution of potential collision points,
which can be formulated as:

[C@)] 1

PO < |
W Z dmm(pinem(t))

pi€C(t)

R (1) =

(2)
where Hem(t) denotes the collision region of the grip-
per, approximated by a pair of hemispherical vol-
umes with a radius of 1.5 cm. PC(t) denotes the fil-
tered point clouds from the head and wrist cameras of
the agent and C(t) denotes a subset of PC(t), whose
points satisfy that the minimum distance to the hemi-
spherical collision volume Hem(t) is smaller than a
predefined threshold. If R(¢) > 0.6, the system classi-
fies the state as high-risk and triggers action adjust-
ment.

The temporal change rate of joint torques 7 is ap-
proximated by:

dr; 7,(t) — 7, (t — At) (3)
at = At ’

where 7,(t) is the joint torque. For joint ¢, declaring a

7i(t) =

collision at time ¢ requires the three following condi-

tions: the absolute change in joint torque exceeds a
threshold within the time interval At = 0.5 s, the an-
gular velocity is lower than 0.2 rad/s and sufficient
previous data supports state comparison.

(2) Memory (L1). The Ll-level memory module
SelfMem incrementally maintains a real-time sparse
3D semantic voxel self-map (3DSmap), which acts as
an egocentric self-map and supports downstream
tasks such as path planning and active exploration.
The self-map M is represented as a sparse voxel grid.
Each voxel v; € M stores a tuple v, = (occ;, ¢;, w;,
n;), where occ; € {0,1} denotes occupancy status,
c; € R? is the mean RGB vector, w; is an encoded se-
mantic feature vector, and n; € N is the number of
point-cloud observations fused into this voxel. The
online self-map M at time ¢ is denoted by a multi-
modal fusion operator:

M(t) = U(I,(t), L(t), Msk,(t)) , (4)

where U(-) is the fusion operator and [.(t), I,(t) are
synchronized RGB-D and LiDAR observations.
Msk, () = {Msk), Msk,, ... Msk; "'} is the associat-
ed global instance-mask prediction and Msk; denotes

the instance segmentation mask at time ¢. For each
input RGB image I,, a MobileSAM-based®® instance



segmentation model is performed to generate multi-
ple candidate masks, each associated with a stability
score. To suppress mask overlap, we apply IoU-based
non-maximum suppression: if IoU,; > 7, (default
Tiow = 0.5), the lower-scored mask is removed. The re-
maining K masks are sorted in descending score or-
der, assigned instance IDs, and converted into the fi-
nal instance segmentation map Msk, according to per-
pixel instance membership.

Given the constructed 3D semantic map, the
agent is able to perform frontier explorations based on
occupancy grid of the map and the agent’s reachable
region. The candidate frontiers extracted by tempo-
ral and task-specified heuristic algorithms are select-
ed as next exploration targets.

(3) Prediction (L1). The L1-level prediction mod-
ule SelfPred extends the LO pipeline by incorporating
a large language model, which integrates multimodal
information [;(¢), I, and M(¢) from perception and
memory modules, decomposing the task into action-
object sequences A(o) and utilizes its reasoning capa-
bilities to conduct self-action feasibility inference. The
prediction module also introduced two additional ca-
pabilities: manipulation pose prediction and error at-
tribution.

For each object o, the output P(o) is an ordered
set whose each component corresponds to an action
m in sequence A(o). During manipulation, the model
estimates the success probability of the action, denot-
ed as F,,. If the action is invalid, the error attribution
D,, is inferred by states of self and the environment.

For each action m, the prediction consists of two
components: a success score F,, € (0,1) and a n-di-
mension error attribution vector D,, € {0,1}". When
multiple candidate manipulation poses are generated,
F,, represents the predicted success probability. Af-
ter execution, an all-zero D,, indicates predicted suc-
cess, whereas a nonzero entry at index k suggests a
potential failure due to the k-th failure category.

The success prediction F), is derived by refining
likelihood  output G,, by
AnyGrasp39. Specifically, G,, is multiplied by a
penalty factor determined by the collision risk R,,,

the manipulation

yielding a physically grounded success estimate, for-

R
L ttm 5
I—Rm—l—e>’ (5)

mulated as:

Fm:GmeXp<_ﬁ

where [ controls risk sensitivity, v governs nonlinear-
ity and e ensures numerical stability. The error attri-
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bution D,, is inferred by an error function:
D,, = E(7(t), I.(t), I,(t), stdout) , (6)

which integrates temporal change rate of joint torques
7(t), the target object observation I.(¢) and I,(t), as
well as runtime feedback information from system log
text outputs (denoted as stdout).

(4) Decision (L1). The Ll-level decision module
SelfDec extends the LO reactive policy by incorporat-
ing inputs from memory and prediction modules. By
integrating predictive feedback and identity-specific
knowledge, the L1 decision module enables adaptive,
multi-source decision making.

For each target object o, the decision output ¥(o)
is jointly determined by the action-object sequence
A(0), the prediction result P(o) and the self-identity
representation [, , denoted as:

V(o) = {fs (m, P(0), Knl(1,41)) | m € A(0)}, (7)

where m denotes actions in the predicted action se-
quence A(o) for object o, Knl(/;,) denotes prior
knowledge given identity I,;;, and f, denotes an ac-
tion-conditioned pose generation function, whose re-
sults are subsequently converted into joint com-
inverse-kinematics-based computation.
Based on role identity, the Knl function invokes a

mands via

predefined knowledge base corresponding to that
identity to provide fine-grained guidance for robot be-
havior. During the navigation phase, it not only sup-
plies motion constraint rules such as path priority and
restricted area access but also adjusts exploration
strategies using environmental prior knowledge associ-
ated with the role. Taking a cleaning robot as an ex-
ample, its “Room Cleaner” role activates pre- config-
ured garbage target detection models and common
garbage distribution knowledge within Knl, enabling
the robot to more rapidly and accurately identify tar-
get objects (e.g., scattered paper or bottles/cans)
while moving. In the manipulation phase, Knl further
offers role- specific operation templates and parame-
ter adjustment guidelines, for instance, automatically
adapting grasping force, pose, and placement meth-
ods according to different garbage types such as plas-
tic bags and cans, thereby achieving more efficient
and stable operational adjustments during task execu-
tion. This type of prior knowledge is structurally em-
bedded into the decision module of the self model
through the Knl function, equipping the system with
identity- based task adaptation capability. During
navigation and manipulation, if the success predic-
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tion F,, and error attribution D,, derived by predic-
tion module indicates successful execution, the policy
proceeds to the next action. Otherwise, the decision
module adapts the action according to the inferred
failure cause and retries the operation.

Compared with L0, the L1 module maintains an
explicit self-identity I, that tailors behavior to task
roles. For a room-cleaning agent, it activates garbage
detection priors and garbage-aware manipulation
adaptations, e.g., biasing pose selection toward top-
down grasps for container-like trash.

5 Experiments
5.1 Experimental Setup

We evaluated the perception, memory, prediction,
and decision modules of the self model through four
experiments. The main goal was to compare the task
performance of the LO-level self model and the L1-lev-
el self model across these modules. By analyzing the
performance differences between L0 and L1, we aimed
to demonstrate the necessity and sufficiency of the
self model in ensuring the safe, accurate, and efficient
action. Meanwhile, we also design an experiment in
which the robot picks up garbage and throws it into a
trash bin, as shown in the Fig.6, to compare the per-

S

. Pick up the garbage and
place it in the trashbin.

+éfget object: paperiball

Self-Memory:
3D Semantic Map

Self-Perception:
Collision Range and
Joint Torques

Self-Identity:
Room Cleaner |

e

formance of the self model with other related meth-
ods across different stages of navigation and grasping.
The experiments were conducted using the Stretch3
robot from Hello-Robot, which runs on Ubuntu 20.04
and is powered by an NVIDIA GeForce GTX 4090.
Related video demonstrations can be accessed from
our project page®.

5.2  Ablation Study

5.2.1 Ablations on self-perception

To evaluate the effect of self-perception on grasp-
ing safety, we run repeated grasping trials on diverse
objects with avoidable obstacles near each target, and
report Grasp SR, collision frequency (ACR), and hu-
man takeovers.

As shown in Table 1, introducing collision range
(BL+CR(L1)) yields a 9.7% improvement in Grasp
SR and a 17.8% reduction in ACR over L0, indicat-
ing that basic collision range at the L1 level improves
grasp stability and safety. Furthermore, adding joint
force sensing reduces human takeovers by 9.5% com-
pared to BL+CR(L1) model, suggesting that force-
based collision cues enable the robot to detect im-
pacts autonomously and intervene in a timely man-
ner. Overall, the results show that incorporating self-

Self-prediction 9 =] B3

Predict grasp fail
Possible cause:
insufficient depth

x|

.0.081

<

Self-Prediction:

Success Forecast and
Error Attribution

Self-decision 9 [=]

Detected lunch box!
Use adjustment: grip edge

Self-Decision:
Adjustments Based on
Predictions and Identity

Fig.6. Overview of real-world experiments on the Stretch robot. The proposed self model is evaluated in real environments through
its four components, including self-perception, self-memory, self-prediction, and self-decision. These components support embodied
tasks such as navigation and manipulation, enabling the agent to perform them more effectively.

Dhttps://taoshidall.github.io/Selfmodel /, Mar. 2026.
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Table 1. Comparision of L0 with L1 in Perception Module
Model Self-Perception Grasp SR(%) ACR (%) AHTR (%)
BL(LO) No joint states 2.7 27.3 18.2
+CR(L1) Only collision range 81.0 9.5 9.5
+SelfPerc(L1) Collision range and joint torques 81.8 9.1 1.5

Note: Perception ablation study explores the impact of collision range and joint torques on grasping success rate (Grasp SR),
average collision rate (ACR), and average human takeover rate (AHTR). CR only includes collision range, while SelfPerc includes

both collision range and joint torques.

perception contributes to safer grasping; if the percep-
tion module further reaches the L2 level, real-time
calibration of joint states based on environmental
feedback may lead to substantial gains in execution
accuracy and success.

5.2.2  Ablations on Self~-Memory

To evaluate how self-memory affect navigation,
we conduct an object-goal navigation task for evalua-
tion. Given a language instruction, the robot must lo-
cate the target object (e.g., an apple, a cup, and a
screwdriver). The LO model lacks self-memory and
thus stores no map for a navigation episode, relying
only on one-time observations. The L1 model has
short-term memory and can store a map within a sin-
gle episode, but cannot recall maps from history
episodes. The L2 model can retain maps across multi-
ple episodes and can reuse a previously built map for
navigation in the same scene.

As shown in Table 2, we compare three self-mem-
ory implementations: obstacle map, implicit state
map and 3D semantic map. Among them, the 3D se-
mantic map corresponds to the proposed SelfMem
model. The implicit state mapl9 is implemented via

an end-to-end vision-language navigation model. We
further contrast L1 and L2 by configuring the L2
model to reuse a retained 3D semantic map from pre-
vious episodes. Experimental results show that em-
ploying richer memory (from obstacle maps to 3D
maps) and extending memory (from single-episode
maps to history maps) improves navigation perfor-
mance. These results demonstrate that self-memory
enables the agent to retain its own spatial relation-
ship with the environment, facilitating more effective
performance of embodied tasks.

5.2.3 Ablations on Self-Prediction

The prediction model is evaluated on 20 objects,
each grasped multiple times. For each trial, a single
object is placed and the robot attempts one grasp.
We report grasp pose prediction success, error attri-
bution accuracy, and overall grasping success. AP
measures the average success rate of the top-10 confi-
dence-ranked grasp poses, while E-AP denotes the ac-
curacy of predicting the dominant error cause.

As shown in Table 3, we compare models with dif-
ferent self-prediction capabilities. The L0 baseline us-
es a fixed grasp pose and does not estimate grasp suc-

Table 2. Comparision of L0, L1 and L2 in Memory Module
Model Self-Memory Nav SR(%) Time (s)
BL(L0) No map 33.4 143.2
+Omap(L1) Obstacle map(current episode) 42.1 135.4
+HSMI(1L1) Hidden state(current episode) 56.0 96.3
+SelfMem(L1) 3D semantic map(current episode) 63.6 68.2
+SelfMem(L2) 3D semantic map(history episode) 93.2 30.5

Note: Memory ablation study investigates the effects of different memory formats and memory durations of maps on navigation

success rate (Nav SR) and time.

Table 3. Comparison of LO with L1 in Prediction Module

Model Self-Prediction AP (%) E-AP (%) Grasp SR (%)
GP Pred. Error Attr.

BL (L0) X x - - 23.5

+ AnyGraspP(L0) v X 63.3 - 76.5

+ ErrorAnalysis (L0) X v - 80.0 64.7

+ SelfPred (L1) v v 64.2 83.3 82.3

Note: Prediction ablation study investigates the impact of using only AnyGrap for grasp prediction, using only error attribution, and
using the SelfPred model on both the prediction outcomes and grasping success rate (Grasp SR). The prediction outcomes include

the average precision (AP), error average precision (E-AP).
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cess. The proposed SelfPred module leverages a large
language model to jointly reason about grasp quality
and failure causes. L1 baselines include AnyGraspl[3,
which predicts grasp poses without error reasoning,
and ErrorAnalysis, which performs error attribution
with the predictive components removed. The superi-
or performance of SelfPred demonstrates that model-
ing expected action outcomes and failure causes is
central to the effectiveness of self model.

5.2.4  Ablations on Self-Decision

The experiment over decision model evaluates
long-horizon navigation-grasp-place tasks using suc-
cess rate and total execution time. In each trial, the
robot is required to identify a target trash item
among distractors, grasp it, and place it into a trash
can. Five trash categories are considered, along with
ten types of interfering objects. Each scene contains
one target and five distractors, and performance is
measured over the full task sequence.

We compare models with different levels of identi-
ties on self-decision capability. The proposed SelfDec
model incorporates target-specific self-identity by pre-
training recognition models for the five trash cate-
gories and by adapting grasping and placement
strategies accordingly. The L0 baseline does not ad-
just its behavior based on target identity. Two abla-
tions are included: LO-Search, which uses target-spe-
cific recognition but generic grasping and placement
actions, and LO-Grasp, which adapts grasping and
placement strategies while relying on a generic open-
vocabulary recognizer. As shown in Table 4, SelfDec
achieves higher SR and lower execution times, indi-
cating that jointly modeling target identity and ac-
tion adaptation benefits self-decision.

5.3 Comparisons with Related Work
To investigate the impact of adding the four mod-
ules of the self model on navigation and manipulation,

11

we compare the self model with other related meth-
ods by analyzing stage-wise success rates in naviga-
tion manipulation tasks, as shown in Table 5. Base-
line is our implemented L0 self model.

The experiment is conducted on moblie manipula-
tion tasks, including navigating to the target object,
grasping the object, navigating to the container, and
placing the object. Performance is measured using the
overall task success rate as well as the success rate at
each stage. The task requires the robot to correctly
identify and grasp a piece of trash and subsequently
place it into a trash can. All experiments are conduct-
ed in real-world environments. Interference items in-
clude ten categories, such as apples, bananas, potted
plants, scarves, and thermos cups. In each trial, one
target trash item and two interference items are
placed in the scene. We record the success rates and
total execution time for the navigation, grasping, and
placement stages. We conduct a total of 130 trials
across five domestic and office environments. For nav-
igation-only related works, such as Heuristic
Baselineld”), HOZ++24, T-diff42, and VLN-nav[43l, we
only record the success rate of navigation to the tar-
get object. For manipulation-only methods, such as
RL Baselinel*, AnyGraspl3%, PC-Attention), and
GtGM8, we record solely their grasping success rate
for trash items placed within the robot’s predefined
grasping range. For methods that involve both target-
oriented navigation and manipulation, such as Manip-
Genl?, OVMMM7, OK-robot[48l, the Baseline LO self
model, and our proposed L1 self model, we record
their stage-wise success rates for target navigation,
grasping, and placement into a trash bin for each
piece of garbage. Additionally, we measure the perfor-
mance contributions of the four modules (SelfPerc,
SelfMem, SelfPred and SelfDec) to the LO-level self
model. Experimental results demonstrate that each
stage of the proposed self model consistently outper-
forms prior work, achieving the best overall perfor-
mance. Video demonstrations are provided in the sup-
plementary material.

Table 4. Comparision of LO with L1 in Decision
Model Self-Decision Nav SR (%) Grasp SR (%) Place SR (%) Total Time (s)
Ident. (Nav) Ident. (Grasp)
BL(L0) X X 41.0 24.2 28.3 466.1
+Knl.nav(L0) v X 86.5 25.5 47.8 389.4
4 Knl.grp(L0) x v 45.1 77.2 31.3 405.8
+SelfDec(L1) v v 84.2 62.1 60.0 368.9

Note: Decision ablation study investigates, from the perspective of self identity, the effects of a model that uses only navigation-
related identity prior knowledge (Knl.nav), a model that uses only grasping-related identity prior knowledge (Knl.grp), and the
SelfDec model on stage-wise success rates for navigation, grasping, and placement, as well as on overall execution time.
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Table 5. Comparison of Navigation and Manipulation Performance Between Self Model and Related Methods in Garbage Clean-

ing Tasks

Method Self Model Partial Success Rate Overall SuccRate Partial SuccMetric
Memory Perception Prediction Decision FindObj Pick FindRec

Heuristic Baseline/*!] v X X X 32.7

HOZ++[24] v X v X 47.5 - - - -

T-diffl*?! v X v x 50.5 - - - -

VLN-nav!*’] v X X x 43.8 - - - -

RL Baselinel4 X X v X - 44.9 - - -

AnyGrasp?9 X X v X 57.8

PC-Attention’! X X v x - 64.2 - - -

GGl X X v X - 54.6 - - -

ManipGen®l v v v X 31.2 16.0 9.6 6.7 53.2

OVMMI“7 v X v X 32.8 18.4 10.1 5.1 48.5

OK-Robot!*] v x v X 35.6 22.6 13.6 9.2 56.8

BL (L0 self model) X X X X 20.5 5.4 2.7 0.8 31.7

BL + SelfPerc X v X X 21.0 7.2 3.6 1.4 36.5

BL + SelfMem v X X X 35.4 8.9 5.3 1.6 37.6

BL + SelfPred X X v X 22.5 11.7 5.9 3.5 46.1

BL + SelfDec X X X v 28.6 9.2 4.6 1.6 36.4

L1 self model (Ours) v N N N 42.7 26.5 17.2 12.9 61.2

Note: The Baseline method corresponds to our proposed LO self model, while the Ours method corresponds to proposed L1 self
model. BL+SelfPerc, BL+SelfMem, BL+SelfPred, and BL+SelfDec are extensions of the L0 self model with the addition of
perception, memory, prediction, and decision modules, respectively. In addition to comparing navigation-manipulation approaches
such as ManipGen, OVMM, and OK-Robot, we also include navigation methods such as the Heuristic Baseline, HOZ++, T-diff, and
VLN-nav, as well as manipulation methods such as the RL Baseline, AnyGrasp, PC-Attention, and GtG.

6 Future Directions

Research on the self model for embodied AT is still
at an early stage. Existing efforts focus on individual
components and remain fragmented rather than orga-
nized into an integrated, testable framework. Against
this backdrop, the hierarchy and the prototype sys-
tem presented in this paper are an attempt oriented
toward feasibility and standardization. Moreover, the
method of self modeling is not a single fixed pathway.
Depending on the platform and application scenario,
future systems may adopt various forms that bridge
symbolic and subsymbolic representations. Our
method can be served as a reference paradigm that
emphasizes modular decomposition and hierarchical
capability criteria, rather than a rigid solution.

From the perspective of disciplinary development,
systematic research on the self model has become in-
creasingly critical in the current landscape of embod-
ied AI. As noted earlier, existing studies have ex-
plored isolated aspects of self-related functions but
lack integration of perception, memory, prediction,
and decision into a unified framework. With the rapid
emergence of multimodal perception, large-model-
driven embodied learning, and long-horizon au-
tonomous task scenarios, reliance solely on external
world modeling is increasingly insufficient to support

advanced autonomous behavior. As a result, explicit
modeling of the self is no longer a distant vision, but
an urgent practical requirement.

From the standpoint of technological ecosystem
integration, the self model is not isolated from exist-
ing embodied AI approaches, but instead exhibits a
high degree of compatibility and composability. On
the one hand, it can be naturally embedded into cur-
rent perception-planning-control pipelines, serving as
an internal simulation and evaluation substrate. On
the other hand, the self model interfaces effectively
with reinforcement learning, meta-learning, imitation
learning, and LLM-driven decision frameworks. By
acting as self-related priors and competence bound-
ary evaluators, it can provide a unified representa-
tion of self reference for multi-task, multi-scenario,
and multi-agent.

Future research on the embodied self model may
advance along four key directions.

1) Benchmarks and Metrics Aligned with LO-L5:
establish operational benchmark tasks and evaluation
metrics grounded in the proposed hierarchy, enabling
cross-platform and comparable assessment of self-re-
lated capabilities (e.g., self-prediction, self-memory,
etc.) under shared protocols.

2) Computable Self-Awareness Inspired by Hu-
mans: investigate human self-awareness mechanisms
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(e.g., body schema, episodic memory, narrative self)
and translate them into computable modules and
training paradigms. A key goal is to facilitate a tran-
sition from an implicit self (emergent behavioral regu-
larities) into an interpretable self (explicit representa-
tions with diagnostic value).

3) Co-Design with World Models and Planning
Systems: develop tighter coupling between the self
model and large-scale world models, planners, and
simulators, so that embodied agents can answer with-
in a unified framework: who I am, where I am, what I
can do, and why I act in this way. This direction em-
phasizes joint reasoning over self state, world state,
action feasibility, and long-horizon objectives.

4) FEthics, Safety, and Social Integration: incorpo-
rate ethical, safety, and social dimensions into self
model, motivating research on controllability, respon-
sibility boundaries, and human-robot relationships, es-
pecially under long-horizon autonomy and multi-agent
interactions.

In summary, the self model supports embodied AI
in moving from task execution to agentic understand-
ing, and from tool-based operation to autonomous de-
cision-making. It offers a basis for continued theoreti-
cal and applied investigation.

7  Conclusions

This paper presented the self model for embodied
Al, covering its conceptual mechanisms, functional
modules, hierarchical organization, and preliminary
empirical validation. On the one hand, it provides a
unified self-referential framework for embodied agents
that enables body schema, forward prediction, in-
verse control, agency, and memory to operate coher-
ently within a single system. On the other hand, the
self model complements world models by offering an
internal core that supports the transition from agents
that merely perceive the environment to agents that
can understand both the world and themselves. Re-
search on self model remains in its early stages, and a
substantial gap remains toward realizing a high-level
embodied self. The hierarchy and instantiation of self
model in this work serve as feasibility demonstrations
and explorations, rather than complete and mature
solutions. It should also be emphasized that multiple
parallel technical pathways may emerge in future re-
search. Our work offers a reference perspective, while
implementation strategies, module boundaries, and
evaluation metrics remain extensible and require fur-

ther validation and iterative refinement.
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