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Abstract—Autonomous agents play a crucial role in applica-
tions such as emergency response and urban security, where they
are often required to operate independently in critical situations
without direct human supervision. A key aspect of autonomy
is the agent’s ability to assess its proficiency in carrying out
tasks and making decisions based on this assessment. This paper
introduces a state-space model to present a novel framework for
assessing the proficiency of autonomous agents. The proposed
metric is based on statistical model assessment, enabling agents to
evaluate their model performance in real-time. More specifically,
we focus on the proficiency of the model used for measurement
predictions. We validate the effectiveness of our metric through
simulations with synthetic data. Future work will explore the
potential of this framework to enhance decision-making accuracy
and improve task performance.

Index Terms—Model proficiency assessment, state-space mod-
els, autonomous systems

I. INTRODUCTION

Autonomous agents, such as drones and ground-based
robots, are becoming increasingly important today. They are
used in various operations, including emergency response,
search-and-rescue missions, and urban security [1], [2]. As
these agents advance, their capability to operate without direct
human supervision is crucial. Autonomy requires them to
make independent decisions and adapt to the environment
without relying on centralized supervision or leadership [3].

An essential aspect of making autonomous decisions is
trustworthiness and effective communication with other team
agents [4]. When multiple agents are deployed for the same
mission, they should interact to share important information
for coordinating and carrying out tasks [5]–[7]. However, as
the complexity of their tasks increases, the agents need to
evaluate their proficiency in performing a given task and adjust
their behavior based on their self- and team-assessment.

From a signal processing perspective, we assume that each
agent has a library of statistical models designed to esti-
mate unknown features of its surrounding environment. These
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models allow agents to make more informed decisions, such
as determining optimal navigation paths or selecting other
agents for collaboration. The interactions between learning,
proficiency assessment, and decision-making by an agent
are depicted in Fig. 1. However, statistical models of real-
world phenomena often represent only approximations. Thus,
it becomes vital for agents to assess the performance of
their models, for example, by assigning scores based on their
accuracy in predicting new observations and states.

In autonomous systems, model assessment has gained sig-
nificant attention in recent years [3], [5], [8], [9]. Traditional
methods rely on supervised learning techniques, where model
performance is evaluated through cross-validation or predic-
tion error metrics [10]. In reinforcement learning-based agents,
model assessment often focuses on reward maximization or
policy performance under predefined conditions [11]. How-
ever, these approaches are usually task-specific and depend
heavily on external feedback mechanisms, which may not be
suitable for fully autonomous agents operating in dynamic and
unpredictable environments.

Recent advances in self-assessment techniques for au-
tonomous agents have explored more adaptive methods.
Bayesian frameworks and ensemble learning approaches al-
low agents to estimate uncertainty in their models, enabling
better decision-making in real-time [12], [13]. However, these
methods still face limitations in scalability and adaptability,
especially when applied to distributed multi-agent systems
where communication is crucial.

In this domain, the signal processing community tradition-
ally uses classical approaches to model assessment based on
standard test statistics [8], [14]–[16]. For example, in [8], the
authors propose a method for assessing dynamic nonlinear
models based on empirical and predictive cumulative distri-
butions of data and the Kolmogorov-Smirnov (KS) statistics.
Then, in [5], the authors evaluate model proficiency using
a Cramer-Rao Lower Bound (CRLB) measure based on the
predictive observation distribution.

This paper presents a real-time proficiency assessment
mechanism that enables agents to dynamically evaluate their
model’s performance and adapt their behavior accordingly.
The assessment provides a score that could allow agents
to make informed decisions about whether to collaborate
or act independently based on their model’s limitations and
the shared knowledge of others. As a further step, agents
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Fig. 1. Interaction between autonomous agents, proficiency assessment, and communication.

can better coordinate their actions and optimize collective
outcomes by incorporating this proficiency-based evaluation
into a communication framework.

In this context, we provide a signal-processing perspective
on model proficiency in autonomous agents by introducing a
new metric to assess the fitness of their statistical models. Our
approach is validated through simulations on synthetic data.
These experiments provide significant insights and allow for
meaningful conclusions.

II. PROFICIENCY ASSESSMENT

We recall the definition of proficiency self-assessment
(PSA), which is applicable to a single model M and a single
agent collecting a scalar observation [5]. We denote with yt a
scalar observation and with ŷt its prediction at time instant t, as
an instantiation of an estimator ŷt given by ŷt = gM (y1:t−1),
where gM (·) is the predictive function according to the model
M and taking as an input the history of measurements y1:t−1

up to time instant t − 1. According to [5], the proficiency of
a model M at time t can be defined as

Pt (M) = −E
[
∂2 ln fyt, y1:t−1 (yt, y1:t−1;M)

∂y2t

]
, (1)

where the expectation E [·] is computed according to the joint
distribution of all the unseen observations that are predicted,
yt, y1:t−1, and the proficiency is of estimating yt.

Model proficiency can also be defined for a specific se-
quence of observations. We refer to this measure as the in situ
proficiency, and it is written as [5, Eq. 6]

Pt (M|y1:t−1) = −E
[
∂2 ln fyt|y1:t−1

(yt|y1:t−1; M)

∂ y2t

]
, (2)

where now the proficiency is also of estimating yt but con-
ditioned on seeing y1:t−1. We also define the cumulative
proficiency of the agent for model M as

P1:t(M|y1:t−1) =

t∑
k=1

Pk (M|y1:k−1) . (3)

By assuming an unbiased estimator, it holds [5, Eq. 7] [17]

Pt (M|y1:t−1) ≥
(
E
[
(ŷt − yt)

2
])−1

=

{∫
(ŷt − yt)

2 fyt|y1:t−1
(yt|y1:t−1; M) dyt

}−1

, (4)

meaning that the PSA is an upper bound for the inverse of the
mean square error (MSE) computed on the measurement pre-
diction error. Extending the concept of the in situ proficiency
of (2) to the vector case, namely Pt

(
M|y1:t−1

)
, we have

Pt

(
M|y1:t−1

)
=E

[
∇T

yt
ln fyt|y1:t−1

(
yt|y1:t−1;M

)
×∇yt

ln fyt|y1:t−1

(
yt|y1:t−1;M

)]
, (5)

with ∇yt
= ∂

∂yt
=

[
∂

∂y1,t
, ∂

∂y2,t
, . . . , , ∂

∂yND,t

]
being the

gradient computed with respect to the measurement vector,
and where ND is the size of the observation vector yt.

Equation (5) represents the upper bound on the inverse
covariance matrix of the mean squared prediction errors of
the observations. By considering that the measurements are
homogeneous, we can consider the following two alternatives
to obtain a scalar measure of model proficiency

1. Pt

(
M|y1:t−1

)
= tr

{
Pt

(
M|y1:t−1

)}
, (6)

2. Pt

(
M|y1:t−1

)
= det

{
Pt

(
M|y1:t−1

)}
, (7)

where tr(·) and det(·) indicate the trace and the determinant
of the matrix, respectively.

III. STATE-SPACE MODEL

We now provide a solution for performing model assessment
according to the chosen metric, using a linear Gaussian scalar
State-Space Model (SSM) scenario. Let us recall the profi-
ciency in linear scalar Gaussian SSM presented in [5, Sec. 6].
Consider the following first-order auto-regressive state model

M :

{
xt = a xt−1 + ut,

yt = b xt + vt,
(8)
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Fig. 2. Solid lines represent the inverse of the proficiency according to the selected models, whereas dashed lines represent the MSE.

where a and b are known scalars, and ut ∼ N (ut; 0, σ
2
u) and

vt ∼ N (vt; 0, σ
2
v) are state and measurement noise processes,

respectively, with known variances. Hence, we have

M :

{
xt ∼ fxt|xt

(xt|xt−1; Mx) = N (xt; a xt−1, σ
2
u),

yt ∼ fyt | xt
(yt |xt; My) = N (yt; b xt, σ

2
v),

(9)

where M = {Mx, My}, and Mx, My are the models
describing the state and observation dynamics. The model in
(9) is characterized by the parameters θ =

{
a, b, σ2

u, σ
2
v

}
.

The corresponding predictive distribution is given by

fyt|y1:t−1
(yt|y1:t−1;M)

=

∫
fyt|xt

(yt|xt;My) fxt|y1:t−1
(xt|y1:t−1; M) dxt, (10)

where fxt|y1:t−1
(xt|y1:t−1; M) = N (xt; mt|t−1, σ

2
t|t−1) is the

predictive distribution of the state with mean and variance
given by

mt|t−1= E [xt | y1:t−1] = amt−1|t−1,

σ2
t|t−1= E

[
(xt −mt|t−1)

2 | y1:t−1

]
= a2σ2

t−1|t−1+ σ2
u, (11)

and where the parameters of the posterior distribution of xt
are

mt|t = E [xt|y1:t] = mt|t−1 + κt (yt − bmt|t−1),

σ2
t|t = E

[
(xt −mt|t)

2|y1:t
]
= σ2

t|t−1 − κ2
t

(
b2 σ2

t|t−1 + σ2
v

)
,

(12)

with κt being the Kalman gain. The integral in (10) results in
[18, Eq. 4.19]

fyt|y1:t−1
(yt|y1:t−1;M) = N

(
yt; bmt|t−1, b

2 σ2
t|t−1 + σ2

v

)
.

(13)

By taking the logarithm of (13) we have

ln fyt|y1:t−1
(yt|y1:t−1;M) ∝ −

(yt − bmt|t−1)
2

2 s2t|t−1

, (14)

where the term (yt − bmt|t−1) is referred to as the inno-
vation or measurement residual and where we set s2t|t−1 =

E
[
(yt − bmt|t−1)

2|y1:t−1

]
= b2 σ2

t|t−1 + σ2
v . The square of

the first derivative of (14) results in the following random
variable (RV):

zt =

(
∂ ln fyt|y1:t−1

(yt|y1:t−1;M)

∂ yt

)2

=
ȳ2t

s2t|t−1

, (15)

where ȳt =
yt−bmt|t−1√

s2
t|t−1

∼ N (yt; 0, 1), ȳ2t ∼ χ2
1 is a central

chi-squared RV with one degree of freedom, and E[ȳ2t ] = 1.
According to (2), the model proficiency is given by

Pt (M| y1:t−1) = E [zt] =
1

s2t|t−1

=
1

b2 σ2
t|t−1 + σ2

v

. (16)

The PSA alone cannot help in deciding whether a model
is correct because, in the presence of model mismatch, the
PSA does not represent the bound for the chosen estimator or
filtering approach. To determine if Pt (M|y1:t−1) is a correct
bound for the inverse of the squared error, we propose the
following metric (normalized PSA distance):

d̄PSA,t (M) =
|P−1

t (M|y1:t−1)− e2t (M)|
|P−1

t (M|y1:t−1)|
, (17)

where e2t (M) = (yt − ŷt (M))2 is the squared error for
measurement prediction. This metric measures the agreement
between the inverse of model proficiency and the squared error
in measurement prediction as per (4). When more samples
can be collected for each time instant, the squared error is
substituted with the MSE. A lower distance indicates that the
model is more effective at predicting incoming data. In the
extreme case, when d̄PSA,t (M) is close to zero, it means
that the MSE attains the bound. Due to the normalization,
(17) provides a relative measure, making it easier to compare
models with different scales of model proficiencies.

IV. CASE STUDIES

We consider two case studies. In the first, the state is
described by the SSM in (9) and estimated by a Kalman filter
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(KF). To generate the actual state trajectory and observations,
we consider the following true model parameters M0 : θ0 ={
a, b, σ2

u, σ
2
v

}
=
{
0.999, 1, 10−4, 10−4

}
[8]. We observe the

evolution of the state over NT = 50 time instants and consider
NMC = 100 Monte Carlo runs, with results averaged over
the trials. Then, we account for NM = 5 different models
for state estimation and measurement prediction, which are
Mi : θi =

{
ai, bi, σ

2
u,i, σ

2
v,i

}
with i = 0, 1, . . . , NM. The

state was initialized as x0 ∼ N
(
x0;m0|0 = 1, σ2

0|0 = 0.1
)

.

In the first case study, shown in Fig. 2-left, we only
modified the parameters b as indicated in the legend, and
{ai, σ2

u,i, σ
2
v,i} = {0.999, 10−4, 10−4}, ∀i. The inverse of

the proficiency is plotted against the considered model and
compared with the corresponding mean squared error (MSE).
By analyzing (16), it is evident that the model with the lowest
b corresponds to the highest model proficiency, and it is
denoted as M1. However, the MSE for this model is not
distributed around the inverse of the model proficiency but is
two orders of magnitude higher due to model mismatch. This
emphasizes that relying solely on model proficiency for model
validation results in significant inaccuracies in proficiency
assessment. One can notice that using models M2:4 results in
estimation errors for measurement predictions comparable to
those obtained with the actual model M0, with the distinction
of having a deviation from the bound. At the same time, the
MSE on the state estimation errors for the same models (i.e.,
M2:4) is high. This reinforces the idea that choosing a model
exclusively based on the MSE on measurement prediction or
solely on proficiency could lead to inaccuracies.

In Fig. 2-middle and Fig. 2-right, we compare the same met-
rics by analysing model mismatches in the transition parameter
a and in the measurement noise variance σ2

v , respectively. In
Fig. 2-middle, it is clear that using an incorrect value for the
transition constant a results in significant estimation errors in
all cases except the actual model. Unlike the measurement
constant b, which amplifies the true state, a controls the
dependence of the previous state on the current one. Therefore,
while the actual model with a ≈ 1 indicates that the state
is almost constant over time except for the transition noise,
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Fig. 4. Inverse of the proficiency (solid lines) and the MSE (dashed lines) of
the SSM in (18).

other models with a > 1 violate this rule and also affect the
measurement prediction capability. The same considerations
hold when analyzing Fig. 2-right where we changed the mea-
surement noise variance as indicated in the legend. Since all
the other transition and measurement parameters are correct,
the MSE for all models is low, at around 10−4. However, as
observed in the other cases plotted in Fig. 2, it is possible to
determine the correct model by measuring the distance of the
inverse of the proficiency from the MSE. To this end, to select
the correct model, it is possible to use the normalized distance
defined in (17). Figure 3 shows this distance as a function of
the transition parameter a, showing that the correct model has
the lowest value of d̄PSA,t (M).

In the second case study, we consider two models that are
given by

Mi :

{
xt = a xt−1 + ut,

yt = b xt + ci + vt,
(18)

with i = 0, 1, and where ci is a measurement bias. In our
simulations, we set c0 to 0 and c1 to 100. All the other
model parameters were set as before. The model M1 was
used to generate the actual measurements. In this case, both
models have the same proficiency, but their MSE differs. This
is evident in Fig. 4, where the dashed black curve representing
the MSE for the biased model M0 is significantly different
from the inverse of its proficiency, which is overlapped with
the red continuous curve of model M1. However, using the
metric proposed in (17), we can detect the correct model and,
hence, help the agent in decision making.

V. CONCLUSIONS

This paper presented a proficiency assessment mechanism
for autonomous agents. This metric can be used for improving
their decision-making and task performance. The proposed
framework allows agents to evaluate the accuracy of their
statistical models in real-time, enabling them to adapt their
behavior based on model performance. By incorporating this
proficiency-based metric, agents can better assess their capa-
bilities, which leads to more informed decisions in complex
and dynamic environments.
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