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Abstract

For the purpose of finding the optimal design of a diffusor with respect to highest homogeneity in the flow of
an air source heat pump a physics-informed reinforcement learning approach is developed for improved op-
timization performance of aeroynamic shape design. The physical insight about the homogeneous flow being
preserved mostly under a low net degree of turbulence allows introducing a surrogate model yielding an extra
term in the reward function. Specifically, it is shown that this physics informed reinforcement learning ap-
proach for a two-dimensional Navier–Stokes flow-problem yields an increase in optimization speed.
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IntroductionIntrodution

1.1 Related Work, Context: Physics Informedness in different Learning Models

Physics informedness has seen a rise in interest since 2019, when physics informed neural networks (PINNs
[8]) have been demonstrated to be able to improve solving differential equations as well as help solving the
corresponding inverse problem. Not only acceleration of the training speed of deep learning models, but also
their interpretability in the form of ‘physical explanations’ [9, 10, 11] could be shown to be feasible: During
the training of the deep learning model predicting a solution to a PDE, the corresponding optimization process
also allows –by the use of automatic differentiation of the intermediate solution approximations– finding
optimal physical parameters (e.g. a diffusion constant), or the coefficients in a parametrized form of the re-
spective candidate differential equation. In the case of a flow-problem, for instance, apart from the approx-
imation to the (forward problem) solution, it is possible to determine physical constants such as the viscosity
of the fluid, i.e. the characteristic Reynolds number entering the Navier–Stokes equations governing of the
problem, if unknown, beforehand. It is therefore also possible to solve inverse problems in the sense of find-
ing the correct differential equation representing the physical law responsible for the process leading to the
observed data.

Other approaches to the forward and inverse problem governed by differential equations, particularly those
involving flow equations, include Hamiltonian Neural Networks [14,15,16], Lagrangian Neural Networks
[39, 40], NeuralODEs [17, 18], and Neural Operators [19]. All of these methods allow for including physical
conditions in the training process of learning model (forward problem), as well as inferring details about the
physical processes from the predictions (inverse problem) relevant to completely describe the underlying
differential equations (such as constants entering the coefficients of specific terms).
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The recent adoption of the physics informed concept by reinforcement learning (RL) is particularly manifold
in its approaches [7]. We follow the specific version of ‘PIRL’ defined by adopting the reward function as-
sociated with evaluating a single Markovian step in the associated dynamic optimization problem using a
physical surrogate function. In this way we extend our former approach of using reinforcement learning for
aerodynamic shape optimization [1] by embracing physics informedness in the form of letting domain knowl-
edge be expressed by a modified reward. On the one hand, we condition on physically feasible solutions by
using a surrogate approach, while on the other hand, we adaptively anticipate an appropriate update step-size
during the optimization loop - both for an effective calculation performance.

1.2 Problem Description: Out ‘pushing’ Air Source Heat Pump Concept.

The goal of the research project (AIrFoil [1]) prompting the use of physics informed reinforcement learn-
ing is to design an optimized channel guiding air pushed by a ventilator toward the heat exchanger. This con-
cept represents a new design approach as usually the air is sucked in by the ventilator through the heat ex-
changer. Its advantages include the reduced emission of noise and, therefore, a potentially higher rotations
speed, eventually involving greater efficiency of the heat exchange process.

As a side problem, the transition from the circular to rectangular cross-sectional geometry involves the use
of a diffusor-shaped channel guiding the air from the ventilator to the heat exchanger, in front of which it
ideally exhibits a strongly homogeneous flow-field directed perpendicular to the duct’s exit plane. More
specifically, pronounced turbulence irregularities or insufficient alignment with the mean flow direction can
seriously diminish the effectiveness of heat transfer. Applying a reinforcement learning method to a two-di-
mensional substitute problem to find the optimal diffusor shape, we study the effect of including aerodynamic
domain knowledge regarding pressure loss induced by turbulence, i.e. due to viscous action. This approach
poses a two-fold optimizsation problem under the variation of geometrical parameters: finding a most uni-
form exit flow for, simultaneously, the smallest possible overall pressure loss. Treating these conflicting goals
as fully independent ones, typically only allows for a classical Pareto optimum. However, here the uniform
outlet flow represents the primary goal.

The optimization problem addressed in this paper assumes constant outlet pressure boundary conditions
and uniform constant horizontal inlet flow-field. We use the method of mass conserving mixed stress formu-
lation (MCS) for the computation of time-dependent implicit large eddy (ILES) solutions to the flow-field [2,
3]. The solutions are averaged over time and used in the analysis [4] of the conditions for the highest homo-
geneity at the exit plane. Specifically, the typical Reynolds number (Re) at play, formed with the channel
length, the volume flow and the kinematic viscosity (air at standard conditions), is of about 105. In a realistic
scenario, the flow further upstream encounters a rather involved guiding geometry but is free of (undesired)
large-scale separation. The characteristic Reynolds number there attains values of similar magnitude such that
the flow at the inlet exhibits typical features of turbulence. Hence, the inlet flow can be safely taken as uniform
(and aligned with the x-direction), provoking just forming boundary layers adjacent to the guiding walls. We
hence arrive at an accordingly non-dimension flow problem, essentially controlled by Re and a few geometry
parameters. Given the stationary boundary, in- and outflow conditions, it principally governs a steady diffusor
flow.

It is expedient, however, to adopt a transient approach, where under-resolved (to avoid issues of temporal
stability) direct numerical simulation (DNS) is the means of choice. That is, in first step, a steady Stokes flow
(virtually Re = 0) is computed, which serves as initial condition. Due to the largeness of Re, cumulative round-
off errors and other numerical imperfections (“noise”) give rise to a certain level of fluctuations in the tran-
siently obtained solution, which remain for arbitrarily large times. Once the system has transitioned out of the
transient state, these fluctuations define a corresponding level of physically manifest turbulence intensity.
From this instance of time onwards, the DNS indeed simulates the real turbulent flow. Finally, time-averaging
over this second, sufficiently large time interval yields the sought Reynolds-averaged flow-field and thus the
averaged outlet flow, which shall ideally be also uniform.

15th IEA Heat Pump Conference 2026 - ICO9.2 - https://doi.org/10.23697/0kxm-r046

https://doi.org/10.23697/0kxm-r046


3

15th IEA Heat Pump Conference 2026 000–000

1.3 Surrogate Models and Physics Informedness: Which Surrogate to Use

As seen in Figure 1, the less favourable (lower) configuration in terms of outlet flow-field homogeneity ex-
hibits a separation point further away from the inlet compared with the configuration shown in the upper half.
While a ‘late detachment’ is usually an indicator of lesser turbulence and a favourable configuration for the
prediction of separation in subsonic turbulent flows past airfoils see e.g. the classical textbooks it is not a
‘diagonstic marker’ in the present context, i.e., for the ultimate goal of achieving a homogeneous outlet flow-
field. While often physics-informedness may cling to a ‘rule-of-thumb’ knowledge about flow-field solutions,
the example shows that the desired optimization goal generally needs to be supported by a precise, coherent
measure of the desired flow quality.

Materials and methods

2.1 Problem formulation

The fluid dynamics design is formulated as a shape optimization problem

min
a, b ∈G

 f a, b , (1)

where G ⊂ 0, 1 2 denotes a bounded discrete grid of parameter pairs a, b defining the curvature of the chan-
nel profile. The cost function f a, b measures the longitudinal homogeneity of the outlet velocity field ob-
tained from CFD simulations of a channel shaped according to a, b . In what follows, we briefly recall the
reinforcement learning (RL) framework and subsequently formulate the shape optimization under this setting.

The Markov Decision Process (MDP) is a mathematically tractable approach for RL [5, 6]. state space S,
an action space A, and a family of conditional probabilities π: S×A→ [0, 1], referred to as policies. At a given
time step n, a policy assigns the probability π an, sn  of choosing the action an conditioned on the system
being in state sn (written as π(a| s)). Afterwards, the next state sn+1 is chosen independently, according to the

Figure 1: Two candidats of diffusors with walls shaped by cubic two-parameter Bezier-curves with guiding air-flow from
left to right at a Reynolds number of 105 with ILES calculations of time-dependent solutions to the Navier–Stokes prob-
lem. Detachment is seen to occurr at different points along the channel’s wall. Left – The flow-field close to the inlet.
Middle – Flow-field calculations with a single stramline exhibiting the separation point. Right – Resulting flow-field at
the outlet – of which the highes homogeneity is desired.
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transition probability P(sn,an,sn+1) with P: S×A×S →[0, 1], defined as P sn+1 =  s' sn , an). Finally, deci-
sions are guided by an immediate reward R sn+1, an, sn , where R : S×A×S → R. The resulting MDP dynam-
ics generates a (random) trajectory s1, a1, r2, s2, a2,… 𝑠𝑠0, 𝑎𝑎0, 𝑟𝑟1 and the objective is to find the optimal policy
π* that maximizes the expected discounted return

Vπ s  =  E ∑
𝑛𝑛𝑛𝑛𝑛𝑛𝑛0

γnR sn+1, an, sn   | s0 = s (1)

where the expected value is computed using the Markov (product) transition measure π(a|s)∙P(s' | s, a).
It can be shown that the optimal policy satisfies the well-known Bellmann optimality equation

Vπ* s  =  max
a'∈A

 ∑
s'  ∈ S

P s'  |s, a' [R s', a', s  +  γ Vπ*(s)], (2)

which is typically solved using iterative methods.
To address problem (1) under the MDP-RL framework introduced above, we define the state space as

S = G and the action space as A = - δ, 0 , δ, 0 , 0, - δ , 0, 𝛿𝛿 , which encodes the four nearest-neighbor
directions (left, right, up and down), where δ denotes the grid spacing. We further define the transition matrix
asP sn+1, an, sn = 1 if sn+1 =  sn + an and P sn+1, an, sn = 0 otherwise, allowing transition from a given state
(shape) to any of its four nearest neighbors. Finally, the reward is R sn, an, sn+1 = R sn+1 =- f sn+1 , i.e, the
negative value of the cost optimization function. Observe that, in this case, (2) simplifies to

Vπ* s  =   max
a' ∈ A

 ∑
s'  ∈ S

[R s + a'  +  γ Vπ*(s)]. (3)

We employ a simple multivariate parabolic regression model to locally approximate the proposed reward
function over a neighborhood of fixed radius in the parameter space. Physical information is incorporated at
the level of the quadratic regression model, which is fitted locally at each step and subsequently used to pre-
dict the maximum reward (i.e., minimal cost) within the currently considered neighborhood. In particular, a
measure of pressure loss is used to condition the solutions toward configurations exhibiting low turbulence.
Figure 1 illustrates the CFD velocity field at the inlet, interior and outlet of the channel for the parameters
a, b = 0.4, 0.6  and a, b = 1.0, 0.9 , where the profile of the diffusor walls is defined by the cubic Bezier

curve 𝑩𝑩 𝑠𝑠 =∑
𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖

𝐩𝐩𝑖𝑖𝐵𝐵𝑖𝑖
(3)(𝑠𝑠𝑠 with the cubic Bezier-basis 𝐵𝐵𝑖𝑖

(3)(𝑠𝑠𝑠𝑠  3
𝑖𝑖 𝑠𝑠3−𝑖𝑖 1 − 𝑠𝑠 𝑖𝑖, and the control points 𝐩𝐩0 =

0, 𝑟𝑟 , 𝐩𝐩1 = 𝑎𝑎𝑎𝑎𝑎𝑎 , 𝐩𝐩2 = 𝑏𝑏𝑏𝑏𝑏𝑏 , 𝐩𝐩𝑖𝑖 = (𝐿𝐿𝐿𝐿𝐿𝐿𝐿, with fixed channel length (𝐿𝐿), inlet (𝑟𝑟) and outlet radius (𝑅𝑅).
The scatter plot in Figure 2 illustrates the relationship between the outlet cost (vertical axis) and the pres-

sure loss (horizontal axis) for all CFD realizations over the shape parameter space G. The data points are color-
coded by the parameter difference b - a. The pressure loss is defined as the difference between the ideal
(Bernoulli) increase in static pressure and the observed pressure drop between the inlet and outlet planes,
namely

 PL(s) =  (Pideal entry  -  Pideal exit ) -   (Pobs(entry) -  Pobs(exit)). (4)

It can be observed that b - a is a numerical feature strongly correlated with the observed pressure loss, how-
ever, close to the minimum of the cost function, a PL even closer to zero can be achieved while the homo-
geneity of the velocity magnitudes decreases again, seen by the rise of the cost value f(a, b). Therefore, a
surrogate is chosen, which corrects the cost function by the (negative) pressure drop as long as b -  a <  - 0.1
where the desired monotonicity between PL and f (and therefore also between b - a and f) prevails.

Figure 2 reveals the strong correlatedness of the spread (difference between minimum and maximum shown
on Y-achsis) of the flow-field’s velocity vector in absolute value and the difference 𝑏𝑏 𝑏𝑏𝑏  between the geome-
tric parameters 𝑎𝑎 and 𝑏𝑏. However, it is also seen that this monotonic relationship ceises to hold close to the
opimal (minimal) value of the spread, around pressure difference values of − 0.1Pa. This has to be respected
in the surrogate modeling using the 𝑏𝑏 𝑏𝑏𝑏  as an input variable for physical conditioning in the estimation of the
value function.
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2.2 Algorithm

We use the concept of a ‘mesoscopic scale’, which refers to neighborhoods of parameter-vectors of a cer-
tain small enough size (radius), larger than steps between adjacent points on the grid, but small enough so that
on this neighbourhood, the reward function, (hence the cost function), can be modeled well by a polynomial
regression model Rsurr. For a given current point sn = an, bn in the parameter space S, we search within a
small square-grid neighborhood N sn, rn = s' : |s' - sn | < rn for a minimum of the surrogate of the true cost
function. More precisely, we consider the auxiliar MDP-RL problem with state space restricted to N sn, rn .
We then compute the optimal policy π* and associated value function Vπ* based on (3), using the restriction of
P to N sn, rn and the surrogate regression reward Rsurr fitted over the neighborhood. We compute the optimal
value function and the corresponding policy using the well-known value-iteration algorithm, combined with
a softmax (Boltzmann) policy update of the form

π s,a = exp( -βmax(V(s+a-V s , 0))
∑

a'  ∈ A
exp( -βmax(V(s+a'-V s , 0)) (5)

The parameter βcontrols the degree of exploration: small values of β yield a more exploratory (nearly uniform)
policy, facilitating escape from local minima of the value function, whereas larger values increasingly favor
greedy action selection.

Once the value function approximation has converged to an estimate 𝑉𝑉𝑛𝑛(s), we compute the estimator of
𝑉𝑉𝑉𝑉𝑉𝑉 over the local neighborhood N(sn, rn)

sn+1 =   argmins∈N(sn, rn) 𝑉𝑉𝑛𝑛(𝑠𝑠𝑠, (6)

which is typically attained at the boundary of the neighourhood. The process repeats considering an updated
neighbourhood N(sn+1, rn+1 ) centered at the current selected state sn+1. See Figure 4 on the right for a typical
‘mesoscopic path’ (cf. [1]). for an iteration of this process.

Figure 2: Evaluations of the cost function 𝑅𝑅0(a, b) = mean_max_spread (used as a negative reward function) in 𝑚𝑚𝑚𝑚𝑚 which
measures the degree of homogeneous magnitudes of the velocity vectors in the exit plane as a function of the pressure
difference given in 𝑃𝑃𝑃𝑃. The two parameters a and b define two of four control points of a cubic Bezier function with van-
ishing gradients at the entry and exit plane. A value close to zero (or one) lets the corresponding control points be located
strongly on the left (or, respectively, right), making 𝑎𝑎𝑎 𝑏𝑏 = (0,1) correspond to the linear (non-curved) wall of the diffusor
shape. The points’ color coding refers to the difference 𝑏𝑏 -  𝑎𝑎𝑎 Note the change in pressure of a factor of approx. 2 cor-
responds with the reduction in speed by a factor of approx. 1/2, by Bernoulli’s law in the case of the density of air (± 𝜌𝜌
= 1.24𝑘𝑘𝑘𝑘/𝑚𝑚3), resulting in approx. (1

2 - 1
2

5
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1
4 ) 𝑃𝑃𝑃𝑃𝑃𝑃 11
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The hat (caret) on the value function indicates that it is only approximated by function iteration using the
surrogate of the cost function restricted to the neighborhood N(sn, rn). The three functions of Figure 3 show
the cost function evaluated on the considered 21x21 sub-grid of the uni-square of possible values of

It is seen, how a mesoscopic path with equal sized neighborhoods involves finding solutions (6) on very dif-
ferently curved restrictions of the estimated value function on the neighbourhoods. In other words, the gra-
dients of V̂(s) restricted to N(sn, rn) are very differently curved, which is reflected in very different parabolic
approximations. To take advantage of this circumstance in order to accelerate our optimization algorithm by
reducing the number of mesoscopic steps is the subject ot the experiments carried out in order to use the phys-
ical information (PL(s)) advantageously.

3. Results

3.1 Description of the Experiment

Using ideas from [1], we evaluate the exact value function on four points (midpoints of the four bounding
sides of the current neighnorhood) and use these values together with that of the current neighbourhood’s
midpoint to interpolate all other values on that neighborhood by a parabolic regression model (6).

𝑉𝑉 s =  (x, y)  =   〈s, H s〉 +   〈v, s〉 +  c (6)

The parameters H11, H12 =  H21, H22, v1, v2, c are calculated so as to interpolate between the value function
at the five points given by θn, θn - re1, θn + re1,θn - re2,θn + re2 and the interpolating function

is 𝑉𝑉(𝑠𝑠𝑠, with s ∈ N(θn, r). It is a surrogate model as it predicts the true value function locally based on physical
ground truth simulated at a few points in the neighborhood. We recall that simulations are computationally
expensive which is why working with a (sufficiently accurate) prediction 𝑉𝑉 𝑠𝑠 accelerates the global opti-
mization process.

Figure 4 Left - The estimated value function V̂(s) derived only from (1) and using R0(a, b) in Step 1; Right - A ‘mesoscopic
path’ of found minima θn found in the iteration of predicting the cost function, locally, on N(θn-1, rn-1). In this example,
the ‘physical information’ of the pressure loss is not used (𝑃𝑃𝑃𝑃𝑃𝑃𝑃 doesn’t enter the calculation of 𝑉̂𝑉(𝑠𝑠𝑠). Also, the radii are
held fixed at a constant value of 𝑟𝑟𝑛𝑛 ≡ 3, inducing patches of 25 (24 neighbouring) states s.

Figure 3: Left - The cost function R0(a,b); Middle - The pressure loss function PL; Right - the combined cost function
R a,b =  R0 a, b +  1b-a<-0.1(a,b) × (PL a,b - PL(a,a - 0.1)). The color coding of the graph in Figure 2 suggests this
rule as it prevents the influence of PL where it doesn’t accelerate convergence to the minimum of R0.
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Our experiment concerns the aim of speeding up the optimization process of finding the global minimum of
V(s) by reducing the number of steps in the mesoscopic path. We propose to allow for varying radii r = rn of
the local neighborhoods N(θn, rn). Namely, by choosing the following rule, we achieve increases of the size
of the neighbourhoods on ‘flat’ stretches during the walk in the parameter space, whence the gradient of V̂(s)
is locally close to constant. The intuition of this statement lies in the notion familliar from Newton’s method,
that a little curved surface allows larger steps, or similarily, paths following the steepest descent on a linearly
(flat) defined surface can be undertaken by a single, larger step. We consider two radii, one small one, and
another, bigger one, i.e., rn ∈ {rsmall, rlarge}:

Definition: We call the total amount of curvature of a function of type (6) the l1-norm of the vector of ei-
genvalues of the Hessian H: C V̂ ≔  λ1 +  |λ2 |, where {λ1, λ2} is the spectrum of H.

RULE A(ρ): If the total amount of curvature of the approximated value function V̂ on the small current
neighborhood N(θn, rsmall) around θn is smaller or less than the threshold ρ, then pass on to considering
finding the next optimal parameter θn on the large neighbourhood N(θn, rlarge). In the other case, if there is
a total amount of curvature larger than ρ for V̂(s) restricted to the small neighborhood of θn, keep that small
radius and use N(θn , rsmall) in (5) to find the next optimal parameter θn.

Note that this rule is designed so as to decide on the currently used radius rn only on the basis of the curva-
ture information on the small neighbourhood. The reason for this choice of action is that evaluating the correct
value function V(s) for a single parameter vector s = 〈a, b〉 is computationally expensive as the corresponding
flow-field has to be computed. In the case that the small radius is chosen by RULE A(ρ), the flow-field com-
putations at θn - re1, θn + re1,θn - re2,θn + re2 for r = rlarge don’t have to be performed.

We now apply RULE A(ρ) and use the cost function R(s) for the initial function in the iteration to compute
the value function (see Figure 3). The resulting performance on the overall optimization process is a short-
ening of the mesoscopic path, as seen in the following results.

Figure 4 also illustrates the advantage of the adaptive concept in connection with the physics-informed. The
performance of the iterated optimization to find the global minimum under conditioning of the surrogate
which keeps the mesoscopic path of parameter changes to migrate towardts the local minimum at 〈0.5, 0.1〉.
For comparison, Figure 5 shows the same initial parameter pair 〈0.2, 0.1〉 without the physics-informed in-
fluence and a fixed radius rn ≡ r, leading to an excursion induced by this non-convexity of the value function
(without the help of the domain knowledge) under RULE A.

3.2 Influence of RULE A

The use of adaptiveness in the choice of the radius can be decribed in the reinforcement learning context in

the form of policy re-evalutaion [6] (see Section 3.1): The action space A, instead of being restricted to the
transitions between the states in N(θn, r), i.e., A = {a = s' - s  s, s' ∈ N θn, r = : A(r) is replaced by there
being two sets A(rsmall), and A(rlarge). The policy π(sn+1 an, sn = Psn, sn+1

sn+1sn+1 is re-evaluated after each

Figure 5: Left - Value function estimate V̂(s) on the whole parameter space for the given cost function in Step 1 equal
to R0(s), not including the information about the pressure loss (PL(⋅)). Right - Induced mesoscopic path (θn) of po-
sitions of minima of V̂(s), with s ∈ N(θn-1,rn-1). The radius rn ≡ r is is chosen adaptively according to RULE A(15).
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mesoscopic step and changed to be valid on the newly chosen action set A(rn). Since there is no training of a
model learning the decision of how to make the best choice in the re-evaluation, our approach is model-free.
Also, it is online, as it collects data following only the latest policy.

4. Discussion

4.1 Quantitave comparison with gradient decent using phyics-informedness in reward function

In a sweep of initial parameter-pairs from {0.2, 0.4, 0.6, 0.8} × {0.1, 0.3, 0.5, 0.7, 0.9} we evaluate the length
of the mesoscopic paths using either the standard or the physics-informed and adaptive technique. We com-
pare the mesoscopic path lengths for the fixed radius shape optimization process without the help of the in-
formation PL on the pressure loss with the same sequence of initial values with several runs with the physics-
informed measure (4) using the approximation Estimate_V(R) of the value function V(s), where R(s) is the cost
function defined in the caption of Figure 3.

From the resulting mean (with stan. dev.) mesoscopic path lengths and their standard deviations, we see that
the positive effects of using an adaptive, physics-informed RL approach to finding the optimum is generally
a general decrease of the mean and a decrease in standard deviations when switching from a standard con-
figuration to an adaptive, physics-informed configuration in which there is a higher larger radius.

We also present (Figure 6, right) the difference in the estimated global minimum from the location of the true
minimum in the parameter space. The iteration of finding the global minimum stops at a breaking criterion
involving the comparison of the change of the surrogate𝑉𝑉(𝑠𝑠𝑠 estimate at two consecutive steps. If there is no
further change to this estimate, the then current best candidate for the global minimum is taken as the result of
the global optimization problem. It is seen that the smallest radius of 2 (with 9 vertices in the corresponding
neighbourhoods) entails stronger discrepancies between estimate and true function value 𝑉𝑉𝑉𝑉𝑉𝑉 than the other
configurations, and that there is no dispersion in this distance with the physics-informed configuations.

4.2 Summary of the effects

The example of switching from a radius 3 standard to an radius 2-4 adaptive physics-informed configuration
represents an improvement of the mean mesoscopic path length to drop from 4.4 to about 3.9 and entails not

Figure 6: Left - Result of the average lengths of the mesoscopic paths from the initial parameter-pairs to the approxi-
mated location for various configurations of selections of fixed window sizes (blue) and pairs of small and large radii for
adaptive choices of the radii (green) and physics-informed measures Ps,s'. Right – Average distance of the found global
minimum and true minimum of the estimated value function.
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only the enlargement of the radius with the possibility of larger steps is helpful to an accelerated optimization
process, but also locally reducing the neighbourhood represents a potential improvement for the directness of
the mesoscopic path, as in the case of strongly varying valuef unctions the step in a direction pointing away
from the global minimum is reduced. Figure 5 shows the possibility of getting caught in a local minimum. In
this case, the use of the physics-informed measure (4) helps additionally to condition the random walk to move
away from the non-convex regions of the initial reward function.

5. Conclusion and Future Work

In this paper we show that physics-informed reinforcement learning methods can lead to improved aerody-
namic shape optimization performance. We realize a model-free, online Monte Carlo driven parameter op-
timization method, which uses physical information in the measure used to weigh the possible actions which
is employed for estimating the value function (1).

The effect of the adaptive technique
· improves the directness (reduces the length) of the mesosopic path towards the global minimum,
· can be formulated as a policy re-evaluation method within the RL framework allowing for conditio-

ning on physically plausible solutions identifie.
The benefits of the physics-informed measure Ps, s' are:
· It ‘flattens’ the function R0(s) inducing the possibility for larger radii (due to locally reduced total

curvature).
· In the parts of the parameter space in which the additional cost function can be applied without a

change of the optimum (homogeneity of the flow-field at the heat-exchanger), the pressure loss can
be used advantageously to exclude geometric shapes which have physical effects that are not in favour
of homogeneity at the exit-plane.

We conclude that the relationship between pressure difference and geometric parameters can be used even
though its monotonicity holding only remotely from the precise optimum (Figure 2). In this way physical
insight into the physics of the flow problem can be used to accelerate the efficiency of the optimization pro-
cedure without impairing the accurate prediction of the optimum.
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Figure 7: Optimal shape belonging to the ‘true’ minimum of the cost functionR(s) as shown by the red cross in Figure 3, Left.
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