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Abstract—Flexible loads, such as Thermostatically Controlled
Loads, are emerging as key elements for power balancing in
smart grids, particularly under increasing renewable energy
penetration. However, exploiting their flexibility requires knowl-
edge of their aggregated dynamics, which are difficult to derive
analytically. This challenge naturally leads to a dual control
problem, where the controller must learn the system dynam-
ics while simultaneously regulating the power consumption, to
provide flexibility service to the grid. This paper presents a Set-
Membership Dual Model Predictive Control (MPC) framework
for the aggregated control of flexible loads that performs si-
multaneous system identification and optimal control of a set
of loads, using Autoregressive with Exogenous Inputs models.
The proposed approach actively reduces model uncertainty by
minimising the volume of the Feasible Parameter Set, providing
an uncertainty-aware dual control strategy. The performance of
the method is evaluated through a comparative study against a
passive adaptive MPC scheme in a demand response scenario.
Simulation results show that the proposed approach reduces the
Integral Square Error by 70.5% and the Integral Absolute Error
by 57.9%, relative to the benchmark, demonstrating the benefits
of incorporating active learning into the control design.

Index Terms—Model Predictive Control, Set-Membership es-
timation, Dual control, Flexible loads.

I. INTRODUCTION

The technological shift towards renewable energy has
transformed the paradigm of the power grid, moving from
generator-driven systems to innovative frameworks in which
loads adapt their consumption to match available generation.
In this context, consumers participate in energy dispatch
through Demand Response (DR) programs, enhancing grid
flexibility [1], [2]. These services rely on flexible resources
capable of adjusting their consumption while ensuring opera-
tional reliability, with Flexible Loads (FL) playing a key role
[3].

As the electrification of Heating, Ventilation, and Air Con-
ditioning (HVAC) systems grows, devices such as refriger-
ators, boilers, space heaters, and heat pumps are becoming

This work has been supported by the Italian Ministry of University and Re-
search under grant ‘Learning-based Model Predictive Control by Exploration
and Exploitation in Uncertain Environments” (PRIN PNRR 2022 fund, ID
P2022EXP2W) and the Spanish project SEAMLESS: Sustainable learning-
based Management of Multi-resource Large-scale Systems” (ref. PID2023-
1488400B-100), funded by MCIN/AEI/10.13039/501100011033/FEDER, UE.

!Dipartimento di Elettronica, Informazione e Bioingegneria, Politecnico
di Milano, Piazza Leonardo da Vinci 32, 20133, Milano, Italy; (e-mail:
{alessandro.delduca, andres.cordoba, fredy.miz}@polimi‘it).

2 Automatic Control Department, Universitat Politécnica de
Catalunya - BarcelonaTech, Barcelona, Spain; (e-mail: er-
ick.manuel.meza@estudiantat.upc.edu, carlos.ocampo@upc.edu).

3Ricerca sul Sistema Energetico - RSE S.P.A. Milano, Italy; (e-mail:
Alessandro.DelDuca@rse-web.it)

increasingly relevant in flexible energy resources [4] [S]. When
properly coordinated, these systems can serve as valuable
assets for DR initiatives.

Thermostatically controlled loads (TCLs) have gained par-
ticular attention among the different types of FL. These de-
vices regulate the temperature through electrical consumption
and, due to their thermal inertia, the temperature setpoint can
be temporarily adjusted without compromising user comfort.
Given their small individual capacity, TCLs are typically
aggregated to provide flexibility services that can be of-
fered to the Transmission System Operator (TSO), subject to
coordination with the Distribution System Operator (DSO).
This process is usually handled by an aggregator, a central
unit that coordinates the collective response by adjusting
individual setpoints [6], [7]. However, achieving this objective
requires an adequate understanding of the dynamic behaviour
of individual loads. Deriving analytical models that accurately
capture these dynamics is often challenging, as they involve
complex, nonlinear, and time-varying processes that are both
difficult and time-consuming to be modelled [8]. Learning
these dynamics is essential for the aggregator to coordinate
multiple FL devices effectively.

Given the inherent complexity and heterogeneity of indi-
vidual systems, learning aggregate dynamics in real time can
be an efficient alternative to bottom-up modeling, at the cost
of reduced guarantees on disaggregation feasibility. This fact
introduces a fundamental trade-off between control perfor-
mance and actively identifying system dynamics, all while
respecting operational constraints such as limits on power
ramp-up and ramp-down. This challenge, characterised by the
need to handle model uncertainties through active learning, is
known in literature as the Dual Control problem [9]. Despite
extensive research, such a problem remains challenging due
to its inherent computational complexity [10].

In this context, the Set Membership Estimation (SME)
framework emerges as an effective approach to handle model
uncertainty deterministically by representing it as sets [11],
[12] induced by Unknown-but-Bounded (UBB) noises. This
perspective enables the use of set-theoretic tools to de-
rive computable dual control algorithms, offering advantages
over Bayesian approaches, including improved computational
tractability and independence from prior assumptions on un-
derlying probability distributions [13].

The SME framework has been formulated within Model
Predictive Control (MPC) schemes, demonstrating suitable
performance in terms of robustness to disturbances, constraint
satisfaction, and recursive feasibility, where the model un-



certainty is quantified through the size of predicted state
tubes [14]. Alternatively, a scenario-based MPC formulation
that combines SME uncertainty sets with MPC strategies has
been proposed in [15], [16], aiming to reduce computational
requirements.

However, these approaches do not explicitly address the
active reduction of model uncertainty during control operation.
To overcome this limitation, this work proposes an approach
to actively reduce the uncertainty by minimising the volume
of the Feasible Parameter Set (FPS), based on the results
developed in [15], [16].

Specifically, a novel SME Dual MPC framework is intro-
duced that simultaneously performs system identification and
control tasks by using Autoregressive with Exogenous Inputs
(ARX) structures, with a point-wise error bound defining the
model class. Therefore, the main contribution of this paper
lies in formulating the FPS volume minimisation as a control
objective, enabling an explicit trade-off between uncertainty
reduction and tracking performance while ensuring constraint
satisfaction. Finally, the effectiveness of the proposed method
is demonstrated through the control and identification of the
aggregated dynamics related to a group of TCLs for DR
applications.

The remainder of this paper is organized as follows. In
Section II, the TCL aggregation problem is defined. Section
IIT presents the proposed SME Dual MPC algorithm and its
properties. Section IV shows the simulation results where the
algorithm is applied to solve the TCL aggregation problem.
Finally, Section V concludes the paper with some final remarks
and future work.

II. PROBLEM DEFINITION

Large populations of small TCLs can provide fast, reli-
able balancing services when coordinated by an aggregator.
Thermo-Electric Refrigerators (TERs) are particularly appeal-
ing for DR problems due to their precise temperature control
and the ability to shift steady-state power by adjusting set
points. In practical applications, aggregators must comply with
strict operational requirements imposed by grid services. These
requirements translate into constraints on the aggregate power
response that must be satisfied by the low-level controllers.
The modelling and aggregation strategy of TERs considered
in this work follow the methods reported in [6].

The dynamics of each TER can be represented by using a
continuous-time nonlinear state-space model, with ¢ being the
continuous time variable, of the form

(1) = filxi(e), Bi()),

P(t) = gi(xi(t), Bi(t)),
where x;(t) € R" represents the n TER’s states, such as
temperature, currents and voltages; locally, each TER is reg-
ulated by means of an internal controller, to track a reference
temperature selected among a set of three reference signals,
encoded by the exogenous signal f;(r) € {—1,0,1}.; the map-
ping function f;(-) : R" x {—1,0,1} — R" describes the non-
linear dynamics of the i —th thermoelectric system, including

(1a)
(1b)

thermal loads, head flows, and Peltier module transduction,
among others; the map g;(-) : R" x {—1,0,1} — R describe
the relation between the system state x;() and exogenous
signal f3;(¢) and the instantaneous power consumed by the TER
Pi(1), inferred by current and voltage measures, to maintain a
reference temperature Ty (fBi(2)), selected as follows:

0,  Nominal set-point Tyt = Thom € {3,..7} °C,
Bi(t) =< 1,
-1

High set-point Ty = 8°C,
,  Low set-point Tyy = 2°C,

where T,om represents a nominal temperature set-point, corre-
sponding to a nominal power consumption P/,

The aggregator’s role is to shape the aggregate power con-
sumption and provide DR services to the DSO, by coordinating
the input signals ; across multiple TER units.

A. Aggregated dynamics

An aggregation of m heterogeneous TERs capable of pro-
viding upward and downward reserve services to the DSO
is considered. The aggregator is a discrete-time controller,
working with a sampling time 7; = ls, considering the slow
temperature dynamics and the constraints on the requested
power settling time of 30s.

To provide the DR service, the aggregator computes a
high-level control input w; = Y7, Bix, with wy € [—m,m],
which represents the number of units required to modify their
temperature setpoints Ty at the sampled time k € Z™T, i.e.
Bix = Bi(k-Ty).

A scheduler then determines which of the m TER units
should be activated, ensuring compliance with each TER’s
turn-on/turn-off and idle constraints, as detailed in [6], assign-
ing to each TER the corresponding vector f3;; € {0,1,—1}",
indicating whether the i-th TER must adjust its reference signal
during the interval ¢ € [k- Ty, (k+ 1) - Ty).

Through this coordination mechanism, the aggregator regu-
lates the aggregate power consumption y;, defined as
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to increase or decrease power demand as needed, while
remaining within operational constraints.

The overall control architecture is shown in Fig. 1. The
scheme consists of three main components: the Dual MPC
aggregator, which computes the control input u; according to
the required flexibility yff; the TER scheduler, which assigns
the control inputs f3;x to each TER unit; and finally, the set
of TERs, which tracks the assigned temperature setpoints and
adjusts their power consumption P, ; accordingly.

Note that the aggregator control level is solely responsible
for determining the number of units that will change the set-
point Ty (Bix). Then, a primary controller decides which of
the m TERs must change its reference signal during the time
interval 7 € [k-T;, (k+ 1) - T;] by assigning the corresponding
activation vector 8 = [B;--- B .
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Fig. 1: TER control architecture

The TER aggregation problem can be formulated as a
receding-horizon discrete-time optimization problem related to
an MPC strategy, namely

N-—1
uk\kv-IH%AI;/—l\k jgo Okt ik _yieij\k)z +Ruz+j\k (32)
S.t.
System dynamics (la), Vi=1,...,m, (3b)
Power deviation (2), 3¢)
Vit jt1k € DminyYmax], Vj=1,...,N—1, (3d)
Wirjik € [=m,m] Vj=0,....,N—1, (3e)

where N is the prediction horizon and the notation v(k + i|k)
denotes the prediction of the variable v at time k+ i, made at
time instant k.

The main challenge faced by the aggregator is that the
aggregated dynamics are unknown a priori and cannot be
identified offline without disrupting operations. This fact mo-
tivates the use of a learning MPC framework to regulate the
aggregated power tracking tasks. To address this challenge,
a Dual MPC approach is adopted, in which the controller
actively explores the aggregated dynamics to learn an accurate
model of the system from limited prior information, while
robustly controlling the reserve service.

III. SET-MEMBERSHIP DUAL MPC

In this section, a Dual MPC strategy with active learn-
ing is presented, capable of optimally managing the explo-
ration/exploitation trade-off required to learn the aggregated
TERs dynamics while properly tracking power deviation re-
quests.

A. Black-box aggregated dynamics

Let the aggregated dynamics of power consumption be
represented as an ARX model of order (n,,n;), i.e.,

Vi1 = a1+ ngYi—ng+1 t b1+ Dy, 11 + ey,

where u; and y; denote the system input (number of TERs
with modified temperature set point) and output (net power
consumption variation) at time instant k, respectively. This
model can be compactly expressed as

T
Yir1 = 0" @+ e, “
where
T .
o Ok = [Vks-or Ykengt1:Uis--. Ug—n,+1] 1is the regressor
vector, and

¢ 0° =[a},... ay,,b},... by ] € R" is the unknown pa-
rameter vector, containing the true n = n, + n; model
parameters.

The process disturbance e = {ex};", governing the mis-
match between the actual and the predicted power modifi-
cations, is assumed to be an Unknown But Bounded (UBB)
signal, i.e., ||e||~ < &, with finite bound & > 0.

The SME framework enables the characterisation of the set
of all models that are compatible with the a priori assumptions
on the system and the data generated by the system during
normal operation.

Let 2% C R" be a closed and convex polytope encoding
prior knowledge about the ARX model parameters, such as
physical bounds or structural properties. Whenever a new
measurement {3, ¢ } is acquired, the uncertainty on the model
parameters is reduced. In particular, each measurement defines
a strip of unfalsified parameter vectors in the parameter space
[12], [13], i.e.,

Fien = {0 €R" | i — 9/ 0] <2} 5)

Geometrically, each strip %} corresponds to a pair of parallel
hyperplanes enclosing a slab in R”. The set of all models
consistent with the prior knowledge of the system and the
data up to time k € ZT is called the FPS, denoted by ©j, and

defined as
k

O = BN = ([ )N Hp. (6)
i=1

The FPS adaptation mechanism based on the SME framework
ensures that ® is non-increasing over time and is guaranteed
to contain the true system parameter vector. Moreover, no
assumptions are imposed on the statistical (un)correlation of
the input and the noise.

B. Risk-constrained control of aggregated TCLs flexibility

The goal of the control system is to compute, at each
time instant k, the optimal control action u; that allows
the aggregated TCL population to track a power deviation
request as stated in (3). However, the aggregated dynamics
are unknown and, at any time instant k, the only information
about the system behavior is that it can be described as
an ARX model whose parameters belong to ®;. To address
this challenge, a scenario-based Optimization is adopted [17],
where the model uncertainty is represented through a finite set
of scenarios randomly extracted from the FPS.

The control strategy is robustified by relying on a scenario
approximation of the FPS. Specifically, by randomly selecting
K scenarios 9,51) €0, j=1,...,K, and imposing the output
constraints on the corresponding output trajectory for each
scenario. Yet, the cost function follows a certainty-equivalent
principle, where the nominal model is the ARX system defined
by the Chebyshev center of the FPS, Gck.



The resulting scenario optimisation problem is

N—1
. (c) 2 2
min . —Feai)”+Ru 7a

S/ Q(yk'*‘l\k keri) ketilk (72)
S.t.

() _aT W) P -
Yitirifk = 9; (pkH‘k,Vz =0,....N—1,j=1,...,K, (7b)
(c) _ kT () P
yk+i+1|kfec (pkﬂ.‘k,VlfO,...,Nfl, (7¢)
O =90 =9 =1, K, (7d)
0;cO, Vj=1,...,K, (7e)
() L .
yk+i+1|k€@ Vi=1,....N—1,j=1,...,K, (71)
uk+i|k€?/ Vl:(),,Nfl (7g)

A limitation of this strategy is that the information gain
about the model parameters at each time step is limited by the
behavior of the reference signal r; and the resulting control
action uy. In particular, under large uncertainty, the robust
control strategy tends to keep the system close to steady-state
conditions, avoiding aggressive input maneuvers to guarantee
stability.

To overcome this limitation, an Active Learning MPC is
proposed. This approach leverages the volume of the FPS,
O, as a measure of parametric uncertainty in the aggregate
ARX dynamics, rather than as a guarantee of disaggregation
feasibility at the individual load level. The robustness in the
disaggregation process, which is described in [6], is ensured
by the robustification of the MPC through the scenario-based
optimization problem, which balances exploration of the FPS
(reducing uncertainty in the aggregation levels) and exploita-
tion of the FPS (generating control actions that allow for robust
tracking of the requested flexibility requests). Compared to
existing dual control approaches, the proposed formulation
offers reduced computational complexity while preserving
uncertainty-aware decision making.

The optimization problem behind the Dual Scenario MPC
approach maintains the constraints in (7), but it differs in the
cost function. The new cost function is augmented with an
additional term, V;(y,u), which is the volume of the FPS
at time k4 i and measures the evolution of the uncertainty
size. By minimising this term, the controller implicitly aims
to reduce model uncertainty while also achieving performance
objectives. The optimisation solved by the Dual Scenario MPC
becomes:

N-1 _
min X;) Q(ylgi‘k —resi)? —|—Rui+l~‘k+ (8a)
14
A Vieri kit Uail)
S.t.

(7b), (70),(7d), (7e), (71),(72)

Note that the computation of the volume Vi i (Viijk> Uerijk)
relies on future output measurements yj ;. which are not
available at time k. Since the true parameter 8* that generates
the data is unknown, a practical approximation is to evaluate
the evolution of the FPS volume under the assumption that the

(8b)

system behaves according to the central model parametrized
by Gck. Although this approximation introduces some error in
the cost evaluation, it tends to yield an overestimation of the
volume, meaning that the realised FPS has a lower volume (i.e.
lower uncertainty) than the predicted one. This formulation
provides a tractable yet principled approximation of the dual
control problem. When uncertainty is large, the volume term
has a significant impact on the cost function, encouraging the
selection of optimal inputs u; reducing the size of the FPS.
By adjusting the weight parameter A, the trade-off between
exploring the parameter space and achieving tracking control
objectives can be explicitly balanced.

The overall SME dual MPC scheme is summarized in
Algorithm 1.

Algorithm 1 Model Predictive Control with Adaptive Explo-
ration

Require: Initial regressor vector ¢p; initial FPS ®p; initial
central estimate 6y;
1: for k=0,1,2,... do
2: Solve the volume-minimizing MPC problem
3 Compute uy <— "‘Z\k and apply to the system
4: Measure the system output i
5: Compute the corresponding strip:
6 YkJr]:{GER”:’ka—go,(TB‘Se'}
7: Update the FPS: O < Oy N Sr1
8: end for

IV. DUAL PREDICTIVE CONTROL OF AGGREGATED TCLSs

The system comprises m = 100 independent TERS, each
one with different parameters and dynamics. It was shown in
[6] that the aggregated behavior can be represented as a couple
of second-order continuous-time linear models with two poles
and two zeros. Power increments are described by the transfer
function G, (s), and power reductions by Gewn(s), with

G 25.9554+0.01754+9.3 x 10~°
w8 = T TX 10 3568107
—17.355> —0.0185 — 3.6 x 10~°
Gdown(s) =5 3 -7
s +23x107°s4+3.7x 10
These models are used here as a baseline for the true system
parameters 6*.

The aggregated dynamics are sampled through a Sampler-
and-Hold with the same sampling time 7; = 1s; the up-
ward/downward dynamics can therefore be modelled as a
linear ARX model

A Y () =B U ez,
with A(z™!") and B(z™') containing the parameters 8 € R”
being the unknown parameter vector (n = n, +np =5), i.e.,
AZH = 146177 +6,772,
Biz") = 6z '+677+6527,
and the signal e is unknown but (pointwise) bounded with

bound e, < 5 kW, reflecting the maximum deviation in the
aggregated power.

(9a)

(9b)

(10)



A. Initial Feasible Parameter Set

Considering the second-order ARX model in the causal
form as in (10), the characteristic polynomial of the dynamical
system is

an
The discrete-time system is asymptotically stable (Schur sta-

ble) if and only if all roots A; of p(z) lie strictly inside the
unit disk, i.e.,

p(2)=2"—61z—6,.

Al <1, i=12. (12)

For a quadratic polynomial 7> — 6,z — 6,, the classical Schur
(Jury) conditions are

1—6,—6, >0, (13)
146,—6,>0, (14)
16 < 1. (15)

For any O inside this polytope, the characteristic polynomial
(11) has both roots inside the unit disk, and the corresponding
autonomous second-order system is asymptotically stable.
Instead, for parameters 6; Vi = 3,4,5 the boxes are bounded,
ie.,

91' c [9{""17 el_ma)c]7

Vi=3,4,5. (16)

Threrefore, all the prior information can be rewritten as the
initial FPS %) = {0 : Ag0 < by }. The initial FPS % is shown
in Fig. 3 as the blue area.

B. Simulation setting

The active MPC developed in this work is tested against its
passive counterpart, presented in [15], which cannot actively
probe the system dynamics; instead, it relies on passively
acquiring new data while controlling the system in a closed
loop. During real-time operations, the DSO can request either
upward or downward reserves activation from the TER ag-
gregation, with a reference signal y*f € [—1000, 1000] kW. To
facilitate these bidirectional request, the aggregator is designed
to learn and employ two distinct models, Gyown and Gyp,
depending on the required service type.

For operational safety, the aggregator must ensure that
its actual output remains within the admissible range y; €
[—500, 500]kW. Consequently, the requested reserve may
sometimes exceeds the maximum deliverable capacity of the
system, requiring that the aggregator regulate the system
robustly while operating at the boundary of its safe constraints,
due to the error e.

In Fig. 2, the trajectories of both active and passive closed-
loop systems are depicted. In the absence of the DSO service
request (Vi = OkW), the passive aggregator maintains a
zero-power output (OkW), whereas the active aggregator starts
probing the system to reduce uncertainty in the model. There-
fore, when a service is required, the active aggregator has a
better model than the passive one and, consequently, can better
follow the step-reference.

At k = 8s, the active aggregator begins proving the system
to learn its dynamics; then, when the DSO asks for a reserve

Output and Reference

I I
= Qutput

) S S S S B R
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= Passive

-200

- = -Constraints

P [KW]

-400

0 10 20 30 40 50 60 70 80 90 100
Time [s]

Input: number of TERs

Time [s]

Fig. 2: Top: Output trajectories of the passive (green) and ac-
tive (blue) closed-loop systems, shown alongside the reference
signal (orange) and the constraint (red, dotted). Bottom: Input
trajectories of the passive (orange) and active (blue) closed-
loop systems.

service at k = 25s, the active learning aggregator has better
information about the system and follows the step signal
closely. To compare the active and passive strategies, the
initial step responses were compared using Key Performance
Indicators (KPIs), specifically the Integral Square Error (ISE)
and the Integral Absolute Error (IAE), defined as

k

ISE(k,ko) = Y, (vi —Yires)*s (17a)
i=ko
k

IAE (k,ko) = Y, i = Yirer|- (17b)

i=ko

These values are used to evaluate whether active learning is
beneficial for better tracking of the reference, even during the
initial learning phase between 8s and 15s. The errors for ko =0
and k = 50s are computed and presented in Table 1.

TABLE I: Performance metrics for the Active and Passive
MPC comparison

KPI's ISE TIAE Solver time
Active MPC 293,961.8  1,107.2 0.6847 s
Passive MPC 996,898.9  2,632.3 0.2129 s
Reduction [%] 70.5% 57.9%

Despite the initial learning phase, the Active MPC signif-
icantly improves the closed-loop step response compared to
the Passive MPC. Even if the learning transient is included in
the KPIs, the overall performance indices of the Active MPC
remain substantially lower, demonstrating its superior control
efficiency and adaptability.

Figure 3 presents the FPS before and after the learning
phase. The system can correctly reduce the distance between
the true parameters 6* and the central estimate 6. With
a lower FPS volume, the aggregator has better knowledge
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Fig. 3: Initial FPS at k =1 (blue area), FPS at kK = 25 (orange
area), central estimates 961 (yellow x) and 6624 (purple x); real
parameter 8* (green circle).

of the underlying system and, therefore, better performance
in subsequent references. As a remark, since the passive
aggregator does not probe the dynamic, the passive FPS
remains equal to the initial FPS ®g, meaning that at the
time instant in which the step start, i.e. k = 22s, the passive
aggregator propagates the central estimate model Gck, equal to
the initial central estimate model 8, which does not represent
the correct system dynamics. However, it is worth noting that,
even when the reference signal exceeds the constraints, both
active and passive MPC remain within specified limits due to
robustification of the scenario.

The average computational time of one step of the Dual
MPC is 1. =0.6847s for a model with n =5 parameters (over
the active-learning windows), which remains compatible with
real-time operations, i.e. T, < ls; however, it is worth noting
that the computational complexity increases with the ARX
model order and the size of the uncertainty set, and a more
systematic scalability analysis with respect to these factors is
left for future work. The dual control optimisation program
is solved with fimincon Sequential Quadratic Program (SQP)
solver, using Gurobi to solve the Quadratic Program.

V. CONCLUSIONS

In this paper, a computationally tractable approximation
of the dual control problem is proposed, based on the set
membership estimation framework. The presented MPC dual
algorithm minimises the volume of the feasible parameter
set, serving as a measure of the model-mismatch-induced
uncertainty, while guaranteeing robustness through a scenario
optimization framework, thereby balancing exploration and
performance within the control loop. The algorithm is applied
to an aggregated set of thermoelectric loads participating in
demand response programs. In this setting, the DSO issues
upward or downward reserve requests, which the aggregator
meets by adjusting the temperature reference setpoints of

individual devices, thereby modulating their power consump-
tion. During periods without reserve requests, the controller
actively probes the system’s dynamics to improve model
accuracy, learning distinct models for each reserve direction.
Simulation results demonstrate that the proposed dual MPC
achieves superior adaptability and performance compared to a
passive adaptive MPC counterpart, particularly during reserve
activations and model transitions.
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