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Abstract—As embodied foundation models enable increasingly
capable assistive robots, well-intentioned assistance may grad-
ually erode human agency and foster unhealthy dependence.
Existing robot-safety frameworks emphasize physical harm, reli-
ability, and task success but lack principled methods for defining
and auditing dependency-inducing interaction. We introduce a
cognitive-state model capturing perceived capability, delegation
habit, and graded need for assistance, together with a stochastic
user-response model. From this model, we define the Dependency
Induction Index (DII), a counterfactual metric measuring the
expected increase in unnecessary reliance caused by a robot
action relative to non-intervention. We then present a post-
deployment auditing methodology that infers latent cognitive
states from interaction logs through Bayesian filtering and com-
putes aggregate risk metrics, including the Dependency Induction
Rate (DIR) and thresholded violation rate. The framework
provides an operational basis for assessing long-term agency risk
in assistive robots.

I. INTRODUCTION

Assistive robots are increasingly deployed in homes, health-
care, and elder care. Although existing safety frameworks ad-
dress physical harm, reliability, and task success, they largely
overlook assistance that gradually erodes human agency and
fosters unhealthy dependence. Higher robot autonomy can
improve task performance while reducing users’ sense of
agency [1], and users may adapt their behaviour to exploit
robotic assistance [2]. As embodied foundation models be-
come more capable and ubiquitous, this risk becomes increas-
ingly important.

We address this gap with a formal framework for
dependency-inducing interaction. We model user cognition
through latent variables for perceived capability, delegation
habit, and task-grounded need for assistance, together with
a stochastic user-response model. From these dynamics, we
derive a counterfactual Dependency Induction Index (DII),
measuring the expected increase in unnecessary help reliance
caused by a robot action relative to waiting. We further
develop a post-deployment auditing pipeline that reconstructs
latent states from interaction logs through Bayesian filtering
and computes the Dependency Induction Rate (DIR) as an
interpretable measure of long-term agency risk.

The contributions are:
1) A computational definition of dependency-inducing

human-robot interaction based on a latent-state model,
stochastic user behavioral model, and counterfactual DII.

2) A post-deployment auditing pipeline that uses belief
inference and log replay to compute dependency-risk
metrics.

3) A discussion of identifiability, calibration requirements,
synthetic validation, and red-teaming protocols for
dependency-risk auditing.

II. RELATED WORK

A. Adaptive Assistance and Foundation Models

Shared-autonomy research models assistive interaction as
collaboration between adaptive human and robot partners.
Representative approaches include policy blending for shared
control, mutual adaptation that reasons about latent human
adaptability, and trust-aware planning that incorporates latent
human trust into robot decision making [3–5]. Recent work
further shows that users intentionally adapt their behaviour in
response to robotic assistance [2] and examines when robots
should involve users in uncertain or risky decisions [6]. Build-
ing on robotics foundation models that enables task generaliza-
tion and natural language interaction [7–10], assistive systems
infer user intent from multimodal observations and proac-
tively initiate assistance without explicit commands [11–13].
Bayesian user models have also been proposed to determine
when to intervene and with what confidence for personalized
proactive assistance [14]. Existing work, however, primarily
optimizes assistance quality and task performance rather than
evaluating how adaptive assistance influences users’ long-term
autonomy.

B. Human-Centered Evaluation of Assistive Robots

Research on automation established calibrated trust and ap-
propriate reliance as central principles for human–automation
interaction, distinguishing appropriate reliance from misuse,
disuse, and automation bias [15–18]. HRI extends these ideas
by examining users’ sense of agency, perceived control, and
long-term independence. Studies show that increasing robot
autonomy can reduce users’ sense of agency [1], while users
prefer assistive systems that preserve meaningful opportunities
for control [19]. Recent surveys likewise identify preserving
human autonomy as a growing objective in HRI [20]. Assistive
robotics further argues that robots should support long-term
independence rather than maximize immediate task perfor-
mance [21, 22]. Although recent work has begun modeling
user behaviour over repeated interactions [23], evaluation
remains focused on individual interactions rather than cumu-
lative changes in autonomy over prolonged robot use.



C. Long-Term Human Adaptation and Dependency

Dependency is increasingly recognized as a distinct chal-
lenge in long-term human–AI interaction. Prior work discusses
dependency conceptually [24], studies skill atrophy under AI
assistance [25], and examines ethical concerns surrounding
assistive robots and cognitive offloading [26–28]. Self-efficacy
theory further suggests that repeated delegation may reduce
confidence in independent action [29]. Together, these studies
indicate that repeated assistance can alter confidence, delega-
tion habits, and willingness to act independently even when
short-term performance improves. However, existing work
largely provides conceptual analyses or empirical observations
rather than formalizing dependency as a latent cognitive pro-
cess with counterfactual metrics and post-deployment auditing.
We address this gap through a latent cognitive-state model, the
DII, and a Bayesian auditing pipeline.

III. A FORMAL DEFINITION OF DEPENDENCY-INDUCING
INTERACTION

To audit dependency risk, we first define what constitutes a
dependency-inducing interaction in a precise and computable
manner. This section lays out a formal model of the human
user’s cognitive state, behavioural responses, and the robot’s
decision-making process, culminating in the Dependency In-
duction Index.

A. Cognitive State Space

We model the human-robot assistance scenario as a partially
observable Markov decision process (POMDP). The true state
at time t is

st =
(
stask
t , suser

t

)
, (1)

where stask
t is the physical state of the task and context,

and suser
t collects user-level variables relevant to assistance

decisions:
suser
t = (Ct, Ht, Nt). (2)

Here Ct and Ht are latent cognitive-behavioural variables,
while Nt is a task-grounded estimate of actual need for
assistance that may depend on both the user’s condition and
the current task context. The three components are:

• Ct ∈ [0, 1]: perceived capability / self-efficacy. The
user’s belief in their ability to perform the task inde-
pendently. High Ct indicates robust confidence; low Ct

indicates reduced perceived control.
• Ht ∈ [0, 1]: habit strength for delegation. The degree

to which asking for or accepting robotic help has become
the default behavioural response.

• Nt ∈ [0, 1]: graded actual need for assistance. Nt = 0
means the user can perform the task independently with
little difficulty; Nt = 1 means the user cannot safely or
successfully perform the task without assistance. Inter-
mediate values represent partial need, such as high effort,
risk, pain, or cognitive load. Unlike Ct and Ht, Nt is not
intended to represent dependence; it is a moderator that
distinguishes warranted from unnecessary assistance.

Rather than treating dependence as an arbitrary weighted
sum, we define the audit target behaviorally: the probability
that the user will seek or accept assistance in a low-need state.
Let Ut denote the user’s response. We define the instantaneous
low-need dependence tendency as

Dt = P (Ut ∈ Uhelp | Ct, Ht, Nt), (3)

where Uhelp = {request_help,accept_offer}. A sim-
ple parametric instantiation is

Dt = σ(θ0 + θHHt − θCCt − θNNt), (4)

where σ(·) is the logistic function and θH , θC , θN > 0.
The negative coefficient on Nt is intentional: high actual
need makes assistance warranted and therefore reduces the
audited quantity of unnecessary dependence, even though it
may increase ordinary help-seeking. This definition makes
dependency risk a behavioural probability explained by latent
cognitive variables and task-grounded need, rather than a
primitive score chosen by the designer.

B. Robot Actions and Observations

At each step the robot selects an action from

A = {wait, offer, encourage }. (5)

• wait: the robot does not proactively intervene; the user
may act independently or request help.

• offer: the robot proactively proposes assistance.
• encourage: the robot prompts the user toward auton-

omy, for example: “You handled this well last time—
would you like to try on your own first?”

Observations ot include help requests, offer acceptance or
decline, task success, completion time, smoothness, retries,
and other performance signals. The observation model is
stochastic:

ot ∼ P
(
ot | suser

t , stask
t , aRt

)
. (6)

C. User Behavioral Model

Let ut denote the user response, drawn from a finite set U
that includes:

• act_alone: the user attempts the task without assis-
tance.

• request_help: the user asks for help before or during
the task.

• accept_offer: the user accepts a robot’s offer of
assistance.

• decline_offer: the user declines a robot’s offer and
acts independently.

The probability of each response depends on the current
cognitive state and the robot’s action:

P (ut | Ct, Ht, Nt, a
R
t ). (7)

For example, a user with high Ct, low Ht, and low Nt is likely
to act alone when the robot waits or decline an offer when the
robot offers. A user with low Ct, high Ht, or high Nt is more
likely to request or accept assistance. The parameters of this
response model can be calibrated from behavioural data.



D. Bounded User-State Dynamics

The state transition factorises as

P (st+1 | st, aRt ) =
∑
ut∈U

P (ut | suser
t , aRt )

× Ptask(s
task
t+1 | stask

t , ut, Nt)Puser(s
user
t+1 | suser

t , ut, a
R
t ). (8)

To avoid unbounded or linear drift, we use bounded user-
state dynamics. Let

At = 1[ut ∈ Uhelp], (9)

indicate whether assistance was used, and let

Et = At(1−Nt) (10)

denote the degree of excess assistance. Let Yt ∈ {0, 1} denote
task success, and let St = 1[ut ∈ Ualone]Yt indicate successful
independent action. Excess assistance is high when the user
receives or accepts help despite having low actual need.

Habit evolves as:

Ht+1 = Π[0,1] [Ht + αEt(1−Ht)− β1[ut ∈ Ualone]Ht] ,
(11)

where Ualone = {act_alone,decline_offer} and Π[0,1]

clips values to [0, 1].
Perceived capability evolves as:

Ct+1 = Π[0,1] [Ct + γSt(1− Ct)− λEtCt] . (12)

Thus, successful independent action increases perceived ca-
pability with diminishing returns, while unnecessary assis-
tance reduces perceived capability in proportion to current
confidence. Helping a user with high actual need has lower
dependency cost because Et = At(1−Nt) is small.

E. Counterfactual Dependency Induction Index

We define DII as a counterfactual quantity: the expected
increase in unnecessary dependence caused by a robot action
relative to a baseline action. In this paper, the baseline is
wait, representing non-intervention.

For a belief state bt over (Ct, Ht, Nt) and a candidate robot
action a, the Dependency Induction Index is

DII(bt, a) = E
[
D

(a)
t+1 | bt

]
− E

[
D

(wait)
t+1 | bt

]
, (13)

where D(a)
t+1 denotes the next-step dependence tendency under

the intervention do(aRt = a). The expectation integrates over
latent cognitive state, user response, and stochastic cognitive
dynamics.

This definition asks: how much more dependence would the
robot induce by taking action a rather than waiting? An action
is dependency-inducing if

DII(bt, a) > δsafe, (14)

where δsafe is a safety threshold.

F. Conservative Dependency Induction

For auditing, it is sometimes useful to compute a conserva-
tive upper estimate of dependency induction. We define

DIIcons(bt, a) = Est∼bt

[
max
u∈U

D
(
Tuser(st, u, a)

)
− Eu′∼P (·|st,wait)D

(
Tuser(st, u

′,wait)
)]
.

(15)
where Tuser denotes the user-state transition induced by

Eqs. (11)–(12). This conservative metric assumes that, under
action a, the user response is the one that maximally increases
dependence, while the baseline follows the modeled response
distribution under waiting. Unlike the previous deterministic
approximation, this quantity is explicitly defined as a worst-
case upper estimate.

G. A Basic Monotonicity Property

The following property formalizes the intuition that repeated
unnecessary assistance can increase dependence.

Proposition 1. Assume α, λ > 0, θH , θC > 0, and Nt < 1.
If the user repeatedly receives assistance with Et > 0 and has
no successful independent action, then Ht weakly increases,
Ct weakly decreases, and the low-need dependence tendency
Dt in Eq. (4) weakly increases, for fixed Nt.

Sketch. From Eq. (11), when Et > 0 and no independent
action occurs, the term αEt(1−Ht) is nonnegative, so Ht+1 ≥
Ht. From Eq. (12), when St = 0, the term −λEtCt is nonpos-
itive, so Ct+1 ≤ Ct. Since Dt = σ(θ0+θHHt−θCCt−θNNt)
is increasing in Ht and decreasing in Ct, Dt+1 ≥ Dt for fixed
Nt. □

IV. POST-DEPLOYMENT DEPENDENCY AUDITING

Having defined DII, we now design an auditing methodol-
ogy applicable to deployed assistive robots using interaction
logs: actions taken, observations received, user responses, and
task-performance features.

A. Belief Inference from Logs

Because suser
t = (Ct, Ht, Nt) is partially hidden, the auditor

maintains a belief distribution:

bt(s
user
t ) = P (Ct, Ht, Nt | o1:t, u1:t, aR0:t−1). (16)

The belief is updated by Bayesian filtering. When ut is
observed, the transition conditions on it:

bt+1(s
user
t+1) ∝ P (ot+1 | suser

t+1, ut, a
R
t )

×
∑
suser
t

Puser(s
user
t+1 | suser

t , ut, a
R
t )P (ut | suser

t , aRt )bt(s
user
t ).

(17)

If ut is unavailable, the auditor can sum over possible user
responses. In practice, we use a particle filter with K particles:

bt ≈
{
(C

(k)
t , H

(k)
t , N

(k)
t , w

(k)
t )

}K

k=1
. (18)



Each particle is propagated using the bounded dynamics and
reweighted according to the likelihood of observed behaviour
and task outcomes.

A simple observation model may include:

P (rt = 1 | Ct, Ht, Nt) = σ(ϕ0 − ϕCCt + ϕHHt + ϕNNt),
(19)

P (yt = 1 | Ct, Nt, ut) = σ(ψ0 + ψCCt + ψAAt − ψNNt),
(20)

where rt denotes a help request and yt denotes task success.
Completion time and failure events can be incorporated as
additional likelihood terms.

B. Identifiability and Calibration

The latent variables (Ct, Ht, Nt) are not uniquely recover-
able from arbitrary logs. The audit requires observations rich
enough to constrain inference: Ct is informed by success,
failure, completion time, and hesitation during independent
attempts; Ht is informed by repeated help-seeking or offer-
acceptance behaviour, especially when task difficulty is low;
and Nt is informed by task difficulty, physical or cognitive
constraints, failure probability without help, and contextual
features. Without such observations, DII can still be computed
under conservative assumptions, but latent-state estimates
should be reported with posterior credible intervals.

C. Audit Metrics

With the belief sequence reconstructed, the auditor com-
putes DII for each robot action in the log. The average
Dependency Induction Rate over a deployment of T steps
is

DIR =
1

T

T∑
t=1

max
(
0,DII(bt, aRt )

)
. (21)

We also report a thresholded violation rate:

ViolationRate =
1

T

T∑
t=1

1
[
DII(bt, aRt ) > δsafe

]
. (22)

The offline audit process is:
1) Obtain the robot’s time-stamped interaction log.
2) Infer posterior beliefs over hidden cognitive state.
3) Compute counterfactual DII for every logged robot

action.
4) Aggregate DII into DIR, violation rate, and posterior

uncertainty intervals.
Additional diagnostics include unnecessary assistance rate,
capability retention, delegation habit growth, agency recovery
rate, and audit uncertainty.

V. VALIDATION, RED-TEAMING, AND RUNTIME USE

The framework requires empirical calibration before de-
ployment with human users. Synthetic validation can test
whether the audit pipeline behaves sensibly under controlled
conditions. We propose three checks. Policy discrimination
simulates autonomy-supportive, task-maximising, and always-
help policies; a valid metric should assign the lowest DIR

to the autonomy-supportive policy and the highest DIR to the
always-help policy. Latent-state recovery generates trajectories
with known Ct, Ht, and Nt, then evaluates whether the par-
ticle filter recovers these trends from simulated observations.
Sensitivity analysis varies cognitive-dynamics and response-
model parameters to test whether policies that repeatedly
offer unnecessary assistance remain high-DIR across plausible
settings.

We also propose red-teaming scenarios. In passive erosion,
a user rarely requests help but receives frequent proactive
offers; the auditor should detect increasing Ht, decreasing
Ct, and elevated DIR. In engagement maximisation, a robot
offers help to increase interaction frequency; the audit should
flag high dependency risk when assistance is unnecessary.
Similar scenarios can be constructed for help-seeking drift
and foundation-model policies that autonomously intervene to
improve short-term task performance.

Although this paper focuses on post-deployment auditing,
DII can also support design-time and runtime use. During
policy design, DII can be included as a constraint that trades
off task reward against agency preservation. At runtime, a
shield can track belief over (C,H,N), compute DII(bt, a) for
a proposed action, and override high-risk interventions with
wait or encourage. These extensions follow naturally from
the audit formalism but require empirical validation.

VI. LIMITATIONS AND FUTURE WORK

The proposed framework is a formal and methodological
contribution rather than a completed empirical validation.
Its cognitive dynamics parameters, user response model, and
observation model require calibration with real human data.
We plan to conduct a longitudinal human-subject study in an
assistive manipulation task to estimate these parameters and
validate whether DII correlates with established measures of
self-efficacy, autonomy, and dependence.

The current model also simplifies real assistive interaction.
Need for assistance is represented as a scalar, whereas real
need may depend on physical effort, cognitive load, emotional
state, risk, and user preference. The model also assumes
shared dynamics across users; future work should incorporate
hierarchical Bayesian models that personalize parameters to
individual baselines. Finally, the audit framework should be
evaluated on existing HRI datasets to measure sensitivity and
specificity before deployment as an external audit tool.

VII. CONCLUSION

We presented a formal definition of dependency-inducing
human-robot interaction grounded in a cognitive state model,
stochastic user response model, and counterfactual Depen-
dency Induction Index. Building on this definition, we de-
signed a post-deployment auditing pipeline that infers hidden
cognitive states from sufficiently rich interaction logs and
compute aggregate dependency-risk metrics. By translating
agency preservation into operational metrics, the framework
provides a foundation for evaluating whether assistive robots
support rather than erode user autonomy.
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APPENDIX A
CONSERVATIVE DEPENDENCY INDUCTION

For auditing, it is sometimes useful to compute a conser-
vative upper estimate of dependency induction. We therefore
define a worst-case variant of the Dependency Induction Index:

DIIcons(bt, a) = Est∼bt

[
max
u∈U

D
(
Tuser(st, u, a)

)
− Eu′∼P (·|st,wait)D

(
Tuser(st, u

′,wait)
)]
.

(23)
Here, Tuser denotes the user-state transition induced by

Eqs. (11)–(12). Unlike the primary DII metric, which averages
over modeled user responses, DIIcons assumes the response

that maximizes future dependence under action a while re-
taining the baseline distribution under wait. This provides an
upper-bound style estimate useful for safety-oriented audits.

APPENDIX B
PROOF OF PROPOSITION 1

Proposition 1. Assume α, λ > 0, θH , θC > 0, and Nt < 1.
If the user repeatedly receives assistance with Et > 0 and has
no successful independent action, then Ht weakly increases,
Ct weakly decreases, and the low-need dependence tendency
Dt in Eq. (4) weakly increases for fixed Nt.

Proof. From Eq. (11), when assistance is used and no
independent action occurs,

Ht+1 = Π[0,1] [Ht + αEt(1−Ht)] .

Because α > 0 and Et > 0, the additive term is nonnega-
tive. Therefore Ht+1 ≥ Ht.

Similarly, from Eq. (12), when St = 0,

Ct+1 = Π[0,1] [Ct − λEtCt] .

Since λ > 0 and Et > 0, the update term is nonpositive,
which implies Ct+1 ≤ Ct.

The dependence tendency is

Dt = σ(θ0 + θHHt − θCCt − θNNt).

Because σ(·) is monotonically increasing, θH > 0, and
θC > 0, an increase in Ht together with a decrease in Ct can
only increase the argument of the logistic function. Therefore

Dt+1 ≥ Dt.

Hence repeated unnecessary assistance monotonically in-
creases the modeled dependence tendency. □

APPENDIX C
SYNTHETIC VALIDATION PROTOCOLS

This appendix provides the full validation protocols refer-
enced in the main text.

A. Policy Discrimination

We simulate users under three robot policies:

• Autonomy-supportive: waits by default, offers help only
when estimated need is high, and encourages independent
action when need is low.

• Task-maximising: offers help whenever doing so im-
proves short-term task success.

• Always-help: proactively offers assistance at every step.

A valid audit metric should assign the lowest DIR to
the autonomy-supportive policy and the highest DIR to the
always-help policy.

https://arxiv.org/abs/2509.22271
https://doi.org/10.1145/3687272.3688308
https://doi.org/10.1145/3687272.3688308
https://arxiv.org/abs/2605.20355


B. Latent-State Recovery

Synthetic trajectories are generated using known values of
Ct, Ht, and Nt. The particle filter receives only simulated
observations and interaction logs.

Recovery accuracy is measured using mean absolute error:

MAEC =
1

T

T∑
t=1

|Ct − E[Ct | bt]| . (24)

Analogous metrics are computed for Ht and Nt.

C. Sensitivity Analysis

Parameters (α, β, γ, λ) and (θH , θC , θN ) are varied across
plausible ranges. The objective is to test whether qualitative
audit conclusions remain stable across model assumptions.

TABLE I
ILLUSTRATIVE SYNTHETIC AUDIT OUTCOMES.

Policy Expected DIR Expected Violation Rate

Autonomy-supportive Low Low
Task-maximising Medium Medium
Always-help High High

APPENDIX D
ADDITIONAL RED-TEAMING SCENARIOS

Additional adversarial evaluation scenarios include:
• Help-seeking drift: a user gradually requests increasing

amounts of unnecessary assistance.
• Emergent takeover: a foundation-model policy learns

to intervene aggressively to maximize task completion
speed.

These scenarios complement the passive-erosion and
engagement-maximising cases discussed in the main paper.

APPENDIX E
DESIGN-TIME AND RUNTIME EXTENSIONS

Although the primary contribution of this work is post-
deployment auditing, the same DII framework can be used
for policy synthesis and runtime monitoring.

A. Constrained Optimization

A dependency-aware policy can be obtained by solving

max
π

Eπ

[ ∞∑
t=0

γtRtask(st, at)

]
(25)

subject to

Eπ

[ ∞∑
t=0

γt max(0,DII(bt, at))

]
≤ ϵ. (26)

This formulation trades off task performance against long-
term preservation of user agency.

B. Runtime Assurance

A runtime monitor can compute DII online and override ac-
tions whose predicted dependency impact exceeds a predefined
safety threshold. Such a monitor can be layered on top of an
embodied foundation model without modifying the underlying
policy.
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