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Abstract

This extended abstract presents a physics-informed reinforcement learning frame-
work for optimal diffuser design to improve airflow homogeneity upstream of a
heat exchanger. This approach addresses key challenges in simulation-based opti-
mization, including high-dimensional design spaces, expensive CFD evaluations,
and the lack of gradient information. Physics-based flow features related to early
pressure loss occurrence and eddy formation were employed as low-cost proxies
for the target homogeneity objective. The problem is formulated as a partially
observable Markov decision process in which the agent sequentially selects the
geometries to be evaluated. Using an expected improvement reward function, the
method adaptively balances exploration and exploitation. The approach is demon-
strated on a synthetic one-dimensional example, and a two-dimensional diffuser
optimization problem is presented.

1 Introduction

In recent years, there has been a growing interest in integrating reinforcement learning (RL) into
optimization algorithms. Rather than adhering to a predefined set of optimization rules, the agent
learns the optimization parameters and search strategy through interactions with the objective function
[6, 18, 7, 16, 8]. On the other hand, the incorporation of physical information into RL has helped
bridge the gap between simulated environments and real-world applications by providing a physics-
based mathematical framework for addressing key RL challenges, such as exploration in high-
dimensional search spaces and the design of meaningful reward functions [4, 9].

The aim of the research project [1] is to utilize physics-informed reinforcement learning (PIRL)
to design an optimal channel geometry that directs the (incompressible) airflow produced by a
ventilator towards a heat exchanger, with the goal of maximizing the homogeneity of the flow before
it reaches the exchanger. This extended abstract formulates the PIRL optimization problem for an
airflow diffuser shape design as a Partially Observable Markov Decision Process (POMDP). As
each CFD run is computationally expensive (ranging from approximately 3 minutes in the present
2D example to several hours in the ongoing industrial application), each new shape iteration must
be selected carefully. Within this framework, the design of new shapes is treated as a sequential
decision-making process in which each CFD evaluation provides information that can either reduce
the uncertainty or improve the objective function. The proposed methodology is illustrated using
a synthetic one-dimensional example, and an ongoing application to diffuser shape optimization is
outlined.
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2 Problem formulation

2.1 Physics-informed black-box optimization

Black-box optimization (BBO) [3, 2] optimizes objective functions whose gradients and internal
structures are either unavailable or too complex to handle. In this study, we address the black-box
optimization problem

glea))((fobj(-r)y (D

where X C R? is a finite search space, and fobj R? — R is a continuous objective function. The
derivatives and internal structure of fop,; are inaccessible, and each evaluation z — fop;() requires a
costly computer simulation. We also consider a physics-informed feature mapping freat : R — RP,
which extracts low-dimensional features ff.ot(2) that capture physically meaningful characteristics
that influence the objective function. We also assume fr.o¢ is computationally inexpensive; therefore,
an additional evaluation of this mapping does not constitute a significant overhead. We then define
the vector-valued function

f(SC) = (fobj(x)a ffeat(-r»y 2

which jointly represents costly objective values and inexpensive physics-informed features. Our
aim is to develop a computationally efficient iterative optimization strategy that, after n iterations,
generates a sequence of query points X,, := (z;)}~, C X, such that X,, leads to a near-optimal
design, that is, max,c x,, fobj() & maxgex fobj(z).

2.2 POMDP

POMDPs provide a mathematical framework for RL problems in which the environment state is
hidden from the agent and can only be observed indirectly [17]. A POMDP is defined as a tuple
(S,A4,Q,T,0, R), where S, A, and {2 are the state, action, and observation spaces, respectively. The
dynamics are specified by a transition model 7', an observation model O and a reward function R.

The agent-environment interaction generates a random trajectory sg, a1, 01,71, S1, G2, 02,72, 82, - - .,
where the initial state is drawn from an initial belief distribution sy ~ by. At each time step
t =1,2,..., the agent selects an action a; ~ m(h;) according to a policy 7 that depends on the agent’s
history h; = (a1, 01,...,a:—1,0;—1). The environment then transitions to a new state according to
the distribution s; ~ T'(s;—1, at), after which the agent receives an observation o; ~ O(s¢, a;) and
areward r; = R(s;_1,a;). The agent then updates its history as h; 1 = (h¢, ay, 0;) and maintains
a belief state b.(s) = P(s; = s | ht), and the process is repeated. The objective is to find a policy

7 that maximizes the expected discounted return V. (h) = E [Z?;Tﬁl vty ’ hy = h] , where

v € (0,1] is the discount factor and m > 1 is a (possibly infinite) time horizon.

2.3 Black-box optimization as a POMDP

The optimization process is modeled as a partially observable Markov decision process (POMDP),
where the latent state includes the unknown function f given in eq. (2). Because f cannot be observed
directly, the agent only has access to noisy evaluations. At each time step t = 1,2, ..., the agent
selects a design point z:; € X and observes a noisy evaluation (y;, z¢) = f(x:) + €;. The reward r;
encourages improvements over the best objective value observed so far. More formally, the induced
POMDP is defined as follows:

Initial belief by = GP(0, k), a multi-output Gaussian process prior over the unknown vector-valued
response function f = (ffeat, fobj) and k is a kernel function.

State space S = C(R%!) x X, where s; = (f, z}) consists of the latent response function f and
the current best design x; among the points where the objective has been evaluated.

Action space A = X, the finite set of candidate query points to be sampled.
Observation space 2 = RP*! corresponds to (possibly noisy) vector function evaluations.

Transition model The latent function remains unchanged, and the best design is updated
T(f7 x:—lv xt) = (f7 T?)’ where l‘? = arg maxme{m;fil,wt} fobj (l’)



Observation model After selecting x;, the agent observes an eventually noisy evaluation of the form
Oy = (yt7 Zt) = f(IEt) + o€t with Er N(O, Z)

Reward function The reward corresponds to the improvement over the previous best value,
R(f,x_y,2¢) = max(0, fovj(2¢) — fonj(xi_1))-

The following proposition shows that, under a single-step horizon and noiseless observations, our
POMDP formulation coincides with standard Bayesian optimization using the expected improvement
acquisition function [10, 5]. For conciseness, we omit the proof.

Proposition 1 (Bayesian Optimization). If m = 1, v = 1 and o = 0, then the optimal policy is
7*(hy) = argmaxgex q(x;_q1,x) where

q(zy_y,x) = E [max(0, fon; () — fonj(i_1)) [ {2, yrs 20) o) -
The expectation is taken under the Gaussian process posterior distribution of fo; conditioned on the
past evaluations {(zy, Y, z1) } e

3 Experiments and analysis

In this section, we first demonstrate and evaluate the proposed method using a one-dimensional
synthetic example. We then present an ongoing real-world application of diffuser shape optimization.

3.1 Illustrative 1D-example

We apply the proposed method to maximize the objective function fobj(z) = —sin(z) — 22 + 0.7z
over the discrete domain X, consisting of an equidistant grid of n = 101 points between —1 and
2 (Figure 1). As a feature function, we consider frea(z) = fobj(z) + x, which serves as a simple,
highly correlated proxy for auxiliary information. In practical CFD settings, such features would
typically not follow an explicit functional relationship with the objective but instead arise from
physically correlated quantities. To highlight the potential benefits of incorporating additional
physical information, we compared the proposed framework in two settings: without additional
features (f = fobj) and physics-informed (f = (fobj, freat)). For illustrative purposes, we assume
noiseless observations (¢ = 0) and consider a one-step time horizon (m = 1).

The process is initialized with a set of six exploratory actions X¢ = {—1,0.41,0.8,1.01,1.61,1.91},
leading to the associated initial observations Ys = { fobj(z) : © € X6} and Zg = { frear(x) : € X6}
The current best design is 5 = 1.01. In practice, such initial points can be selected based on expert
knowledge.

Under this setting, we solve our POMDP problem using the Partially Observable Monte Carlo
Planning (POMCP) method introduced in [15] and implemented in the Python library pomdp_py [19].
Figure 1 compares the results of the featureless (left column) and physics-informed (right column)
cases. The upper row shows the objective function f,p; (orange dashed line), sampled objective data
(crosses), sampled feature data (circles), and the expected value (blue line) and confidence interval
(light blue area) of the posterior distribution b;( fobj) = E[fob; | X6, Ys]. The second row shows
the action-value function = — ¢(z§, z) defined in Proposition 1. The vertical lines in the second
row correspond to the next point to be queried, x7, as determined by the algorithm, which coincides
with arg max,cx q(z§, x) as stated in Proposition 1. Observe that, in the featureless case, the next
queried point z7 corresponds to a local minimizer of f,n;. In contrast, when additional physical
information is incorporated, the selected point x7 coincides with the global minimizer of fop;.

3.2 Towards diffuser shape optimization

This section outlines the application of the proposed framework to diffuser shape optimization. As
this work is presented as an extended abstract, we limit the description to the main ideas and omit the
detailed technical aspects.

A two-dimensional symmetric diffuser contour shape is parameterized by a vector = € [0, 1]?,
which determines the position of the Breezier control point. The resulting flow field was evaluated
through computational fluid dynamics (CFD) simulations based on a mass-conserving mixed stress
formulation for time-dependent implicit large eddy simulations [12, 11]. Figure 2a illustrates the
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Figure 1: POMDP black-box optimization applied to a 1D example for the cases without features
(left column) and physics-informed features (right column).

diffuser shape for z = (1,0.25), along with a snapshot of the corresponding velocity field. Each
CFD evaluation is computationally expensive, and gradient information is unavailable, therefore
this problem naturally falls within the scope of black-box optimization. We formulate the shape
optimization task as in (1), where f,1,; corresponds to a suitable homogeneity metric of the outlet
velocity field, and X C [0, 1]? is a 20 x 20 regular grid of candidate designs. The heatmap in 2c
shows fobj(z) for z € X and the optimal shape (red cross).

Modeling flow fields is challenging due to the high dimensionality of CFD data and their strong
variability across geometries. Therefore, an important step in physics-informed machine learning
is to extract low-dimensional, physics-based features from CFD data, guided by domain expertise
[14, 13]. In our case of airflow channels, such features are selected based on their ability to capture
flow regimes of enhanced mixing, which correlates with the objective of homogeneity at the outlet.
More precisely, we assesed the pressure drop of the ideal pressure recovery at the outlet (estimated for
a virtually steady inviscid and irrotational flow using Bernoulli’s equation) and the actual one found
by CFD (finite-elements) simulations, including RANS/temporal averaging. A samller pressure loss
indicates a more developed turbulent regime, which enhance momentum redistribution and results in
a more homogeneous RANS-averaged flow at the outlet.

In this context, the feature map fi.,: is defined by a vector derived from the early pressure loss
and vortex formation features. These features were identified by combining expert knowledge and
exploratory data analysis. We obtained a set of more than ten candidate features that exhibited a strong
correlation with the target and were therefore included in feature mapping. For instance, Figure 2d
shows a scatter plot of fon;(x) against the maximum absolute value of the pressure loss associated
with z for all z € X. Now having all the building blocks required to apply our POMDP framework to
diffuser shape optimization, we can define an appropriate covariance kernel structure for the function
f = (fobj, freat) s0 as to extend the computational framework from a one-dimensional search space
to a multi-dimensional setting.
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(a) (b) (© (d)

Figure 2: (a) Diffuserhannel geometry and a snapshot of the velocity field for a representative shape;
(b) velocity field at the diffuser outlet; (c) heatmap of the objective function over the shape search
space; (d) scatter plot of the objective value versus a low-cost physical feature.

4 Conclusion and Outlook

We defined a POMDP-based black-box optimization framework that is suitable for airflow channel
design optimization problems. The proposed method leads to an iterative process in which each



evaluated new shape provides information by reducing uncertainty or improving the objective function,
thereby fulfilling the exploration—exploitation paradigm. Our roadmap consists of the following tasks:

» Extend the one-dimensional search space case to the multidimensional setting and evaluate
the method on the application described in Section 3.2.

* Extend the action space to pairs of the form a; = (x¢,d;), where d; is a binary decision
variable that determines the evaluation fidelity: if d; = 0, only the inexpensive feature map
freat (1) is evaluated, whereas if d; = 1, both fieat(21) fobj(:) are evaluated.

* Apply the method to a real industrial diffuser shape optimization problem, where geometries
are described by more than 30 parameters and each CFD evaluation requires several hours
of computation on high-performance computing systems.

Finally, we note that the proposed framework can also be applied to optimization problems beyond
shape design that may benefit from the incorporation of physics-informed features.
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