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1. Introduction 

 

Computational fluid dynamics (CFD) has become an 

essential tool for accurately analyzing complex fluid 

phenomena across various industrial applications. How-

ever, high-resolution CFD simulations require substan-

tial computational resources and long execution times, 

which limit their applicability in tasks such as real-time 

prediction or design optimization. To overcome these 

constraints, the integration of deep learning with re-

duced-order models (ROMs) has emerged as a powerful 

strategy. [1, 3] Rather than directly learning high-dimen-

sional CFD data which often leads to prohibitive training 

costs and reduced accuracy—ROMs facilitate accelera-

tion by mapping complex flow fields into a low-dimen-

sional latent space. 

As demonstrated in recent frameworks such as Latent 

DeepONet (L-DeepONet) [4, 5], utilizing a latent repre-

sentation allows neural operators to learn the underlying 

physics more efficiently than in the original high-dimen-

sional space. By capturing the essential features of the 

flow via an autoencoder-based ROM, the subsequent 

learning process achieves superior convergence and pre-

dictive fidelity[7, 8]. This hierarchical approach—com-

pressing data through ROMs before performing operator 

learning—is key to enabling practical CFD acceleration 

for large-scale industrial problems. 

Among the deep learning architectures employed for 

ROM construction, the convolutional neural network 

(CNN) and the graph neural network (GNN) are two rep-

resentative approaches[2]. 

However, CNN-based ROMs depend on structured 

grids, which limits their applicability to reactor geome-

tries or engineering domains that are inherently repre-

sented by unstructured meshes. In addition, existing 

studies seldom provide a consistent comparison between 

structured- and unstructured-grid ROMs, leaving a gap 

in understanding how latent representations differ across 

grid formats. This gap highlights the need for models ca-

pable of handling both grid types within a unified la-

tent-space framework. 

While autoencoder-based ROMs have been widely ex-

plored in CFD applications, many existing studies have 

been limited to two-dimensional flow fields or relatively 

small-scale meshes with orders of magnitude fewer de-

grees of freedom. Systematic comparisons between 

CNN- and GNN-based architectures on three-dimen-

sional, reactor-scale unstructured meshes comprising 

millions of nodes remain largely unexplored. This study 

addresses this gap by conducting a direct performance 

comparison under matched latent-space dimensionality 

on a full three-dimensional domain with approximately 

15 million cells, providing practical insights into the 

scalability and feasibility of each approach for industrial-

scale thermal-hydraulic analysis. 

Motivated by these limitations, this study develops 

two complementary ROM architectures designed to ex-

tract comparable latent representations from structured 

and unstructured CFD fields. The proposed methodology 

is evaluated using high-fidelity CFD data from the en-

trance region of the system integrated modular advanced 

reactor (SMART) reactor primary loop, a location char-

acterized by complex three-dimensional flow redistribu-

tion. The flow non-uniformity at the reactor inlet directly 

influences the thermal performance of the downstream 

helical coil steam generator (HCSG), as non-uniform ve-

locity distributions can lead to localized thermal imbal-

ances across the steam generator tubes. Accurate and 

rapid prediction of the inlet flow field is therefore essen-

tial not only for design optimization but also for safety 

assessment of SMR systems. 

 

2. Methods 

 

In this section, the model architecture, training meth-

odology, and data preprocessing techniques used in this 

study are described in detail. 

 

2.1 Numerical Methodology and Data Generation 

 

In this study, high fidelity CFD results obtained from 

the entrance region of the SMART [9] reactor primary 

loop were used to construct and validate the ROMs. The 

entrance region, located downstream of the pressurizer 

and upstream of the helical coil steam generator (HCSG), 

is characterized by complex flow redistribution that sig-

nificantly influences the downstream thermal hydraulic 

behavior. 

The computational mesh was generated using SA-

LOME and consisted of approximately 15 million un-

structured tetrahedral cells. All simulations were per-

formed using the same geometry, mesh, and thermo-
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physical conditions. The k–ω SST turbulence model was 

adopted. The outlet boundary was set to a gauge pressure 

of 0 Pa, while the inlet boundary condition was defined 

by varying the mass flow rate from 20% to 100% of the 

nominal value of 396.25 kg/s, in increments of 2%. This 

resulted in a total of 41 steady state CFD cases, each cor-

responding to a different flow‑rate condition. Thermo-

physical properties were taken from the NIST Chemistry 

WebBook, with density and dynamic viscosity set to 

710.78 kg/m³ and 8.56×10⁻⁵ Pa·s, respectively. 

To obtain steady‑state solutions, a pseudo‑time step-

ping strategy was applied, gradually increasing the 

pseudo‑time step from Δt = 1.0 to 1.5, 2.0, and 3.0 to en-

sure stable convergence. For all operating conditions, the 

residuals were reduced to the order of 10⁻⁴~ 10⁻⁵. 

Across this operational range, which corresponds to 

the full operating envelope of the SMART reactor, as the 

mass flow rate decreases, the Reynolds number in the en-

trance region is correspondingly reduced, which leads to 

weaker momentum-driven mixing and greater spatial 

non-uniformity in the velocity distribution across the 

cross-section. Conversely, at higher flow rates, the in-

creased inertial forces promote more uniform flow redis-

tribution. Although the overall flow structure remains 

qualitatively similar across the operating conditions, the 

physical quantities such as local velocity magnitude, ve-

locity gradients, and the degree of spatial non-uniformity 

vary substantially with the flow rate. This continuous 

variation in the physical quantities across the full opera-

tional range provides the ROM with a physically mean-

ingful and representative training dataset. 

 The resulting velocity and turbulence fields from the 

41 cases were used as training and validation datasets for 

the CNN‑based and GNN‑based autoencoder ROMs.  

 
 

2.2 Data Preprocessing 

 

In this study, the unstructured CFD data obtained from 

the entrance region of the SMART reactor were prepro-

cessed to match the input requirements of the 

CNN-based and GNN-based autoencoder models. The 

same physical variable (velocity magnitude) and identi-

cal preprocessing procedures were applied to all 41 

mass-flow-rate conditions (20%–100%, in increments of 

2%) to ensure a fair comparison between the two ROM 

approaches. 

 

2.2.1 CNN Data Preprocessing 

 

For the CNN-based model, the input must be provided 

as a structured three-dimensional grid. Therefore, the un-

structured CFD fields were converted into a structured 

tensor using inverse distance weighting (IDW) interpo-

lation. The power parameter of the IDW scheme was set 

to 3.8, and the value at each structured-grid point was 

computed using its six nearest neighbors (k = 6). The 

structured grid was generated with a resolution of 192 × 

464 × 144. Since the complex geometry of the entrance 

region introduces void spaces where fluid does not exist, 

a masking procedure was applied. Based on the average 

spacing of the original unstructured mesh (approximately 

6.3 mm), a threshold distance of t = 13 mm was used 

structured-grid points located more than 13 mm away 

from the fluid domain were treated as invalid and masked 

out to prevent non-physical learning. 

 

2.2.2 GNN Data Preprocessing 

 

For the GNN‑based model, the original unstructured 

mesh was directly utilized by representing the CFD do-

main as a graph. The entrance region mesh contains ap-

proximately 5.17 million nodes, each corresponding to a 

cell center in the CFD mesh. The spatial coordinates of 

each node were stored as pos = (x, y, z), and the velocity 

magnitude was used as a scalar node feature. To capture 

local spatial connectivity, each node was connected to its 

16 nearest neighbors (k = 16) using a k‑nearest‑neighbors 

algorithm. All edge connectivity information was stored 

in a single, shared edge‑index file, while node‑feature 

files were generated separately for each of the 41 operat-

ing conditions. Thus, the full GNN dataset consisted of 

41 node‑feature files and one common edge‑index file. 

 

2.3 ROM Architecture 

 

In this study, an autoencoder-based ROM [6] was de-

veloped to efficiently compress and reconstruct high-di-

mensional CFD data obtained from an unstructured mesh. 

The autoencoder framework consists of an encoder that 

maps the original flow field into a low-dimensional latent 

space and a decoder that reconstructs the field back to its 

original resolution. To enable a fair comparison between 

the CNN-based and GNN-based ROMs, the latent-space 

dimensionality of both models was matched to a similar 

scale (approximately 1×10⁵). 

 

 
 

Figure 1. CNN Autoencoder Architecture 

 

The CNN-based autoencoder takes the structured-grid 

representation of the CFD data as its input, as illustrated 

in Figure 1. The encoder consists of four down sampling 

stages, each employing a 3D convolution with a kernel 

size of 3 and a stride of 2. The number of feature channels 

increases progressively from 4 to 8, 16, and 32 across the 

four stages. After the final down sampling operation, the 

encoder produces a latent representation with a total di-

mensionality of 100,224. The decoder mirrors the en-

coder architecture and reconstructs the flow field to its 
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original spatial resolution through a sequence of trans-

pose convolution layers. 

 

 
 

Figure 2. GNN Autoencoder Architecture 

 

The GNN-based autoencoder directly utilizes the un-

structured CFD mesh, preserving its geometric and top-

ological characteristics, as illustrated in Figure 2. The en-

coder first applies 3-hop message passing based on a 

k-nearest neighbors scheme with k = 10, enabling each 

node to aggregate information from multi-level neigh-

boring nodes. The graph is then coarsened from approx-

imately 5.17 million nodes to 1,600 super-nodes, provid-

ing a compact representation of the domain. On the 

coarsened graph, an additional message-passing layer 

with k = 8 and a 2-hop neighborhood is applied to en-

hance local feature interactions. 

The resulting latent representation consists of 1,600 

nodes with 64 channels, yielding a latent-space dimen-

sionality of 102,400, which is comparable to that of the 

CNN-based model. For decoding, the latent graph is 

mapped back onto the original ~5.17 million-node mesh 

using a distance-weighted interpolation scheme, where 

each original node is reconstructed using its k = 8 nearest 

latent neighbors. This enables the compressed su-

per-node representation to be smoothly expanded over 

the full unstructured domain. 

 

2.4 Training method 

 

The training of both the CNN- and GNN-based autoen-

coder ROMs was formulated as a supervised learning 

problem aimed at minimizing the reconstruction error. 

The dataset, comprising 41 steady-state snapshots, was 

partitioned into 33 cases for training and 8 for validation. 

For both architectures, the Mean Squared Error (MSE) 

between the ground-truth CFD velocity fields and the re-

constructed outputs served as the loss function. Optimi-

zation was performed using the Adam optimizer with a 

constant learning rate of 10-4. All computational proce-

dures were executed on an NVIDIA A100 GPU utilizing 

the PyTorch framework. 

Table I: Hyperparameter Used for Training 

 Epoch Batch size 
Learning 

rate 
Loss 

CNN 5000 41 10 -4 MSE 

GNN 10 4096 10-4 MSE 

    

   Table I summarizes the primary hyperparameters. No-

tably, the batch size and epoch settings differ signifi-

cantly between the two models to accommodate their dis-

tinct data structures. Because the CNN-based model 

utilizes structured 3D tensors, the entire dataset of 41 

snapshots could be processed simultaneously as a single 

full batch. Consequently, the model was trained for 5,000 

epochs to ensure stable convergence. 

   In contrast, the GNN-based model operates directly on 

the massive unstructured mesh, which contains approxi-

mately 5.17 million nodes per snapshot. Since loading 

the entire graph geometry into GPU memory simultane-

ously is computationally prohibitive, a node-level mini-

batching strategy with a batch size of 4,096 was imple-

mented. In this node-level paradigm, a single epoch en-

compasses multiple iterations processing millions of 

nodes. 

   Consequently, these structural and methodological dif-

ferences resulted in highly distinct computational costs. 

The CNN-based model required approximately 5.26 

hours to complete the entire 5,000 epochs. Conversely, 

the GNN-based model took approximately 2 hours and 7 

minutes per epoch. Due to this immense computational 

burden and the practical limitations of available compu-

ting resources, the maximum number of training epochs 

for the GNN was constrained to 10, culminating in a total 

training time of approximately 21.17 hours. However, 

this limitation does not imply that the model has reached 

full convergence. In this study, the epoch count was re-

stricted purely due to computational resource constraints, 

and future work will analyze the convergence behavior 

under extended training epochs as additional resources 

become available. This substantial disparity in computa-

tional overhead highlights the critical challenges of pro-

cessing large-scale unstructured graphs in realistic hard-

ware environments 

 

3. Results 

 

To evaluate the training stability and learning dynamics 

of the employed architectures, the convergence trajecto-

ries of both models were analyzed. Figure 3 and Figure 

4 illustrate the training and validation loss curves over 

the learning steps for the baseline CNN and the pro-

posed GNN, respectively. 

 

  
Figure 3.  Convergence curves of the CNN model  
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Figure 4.  Convergence curves of the GNN model 

 

The terminal loss metrics for both models are sum-

marized in Table 2. The CNN model achieved a lower 

global Mean Squared Error (MSE) than the GNN model. 

It should be noted, however, that the CNN requires a 

grid-transformation process to resample unstructured 

CFD data into a structured format. In contrast, the GNN 

operates directly on the raw unstructured mesh, main-

taining the original spatial connectivity without interpo-

lation. 

 

 

Table II: Summary of training and validation MSE for CNN 

and GNN models. 

 Data Train MSE Val MSE 

CNN Structured Grid 2.62×10-4 1.96×10-4 

GNN Unstructured Mesh 3.31×10-3 3.55×10-3 

 

To further evaluate the predictive performance, the 

reconstructed velocity fields are examined from two dif-

ferent perspectives. Figure 5 shows the velocity magni-

tude distributions on a mid-plane longitudinal slice, 

providing a frontal view of the internal flow. Figure 6 

presents the bottom-surface view, capturing the flow re-

distribution near the boundaries. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5. Comparison of velocity magnitude fields on the 

mid-plane.  
(Top: Ground Truth Middle: CNN prediction Bottom: GNN 

prediction) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6. Comparison of velocity magnitude fields on the 

bottom surface.  
(Top: Ground Truth Middle: CNN prediction Bottom: GNN 

prediction) 

   

  As observed in both Figure 5 and Figure 6, the CNN-

based model demonstrates superior reconstruction fidel-

ity, nearly identical to the Ground Truth. In the mid-plane 

slice (Figure 5), the CNN accurately restores the high-

velocity gradients, whereas the GNN exhibits significant 

numerical noise and fails to capture the sharp transitions. 

This trend continues in the bottom view (Figure 6), 

where the CNN clearly outperforms the GNN in repre-

senting the complex flow patterns near the reactor pri-

mary loop's entrance. The visual evidence confirms that 

the CNN-based approach is significantly more robust 

and precise than the GNN in this specific numerical 

benchmark. 

 

4. Conclusions 

 

In this study, a comparative analysis of CNN-based 

and GNN-based autoencoder reduced-order models 

(ROMs) was conducted to compress large-scale, high-

fidelity CFD data from the entrance region of the 

SMART reactor. To ensure a fair evaluation, both mod-

els compressed the flow fields into a latent space of 

comparable dimensionality across 41 steady-state snap-

shots. The dataset was partitioned into 33 cases for 

training and 8 cases for validation, ensuring a consistent 

basis for evaluating both ROM architectures. 

 The results demonstrated the overwhelming superi-

ority of the CNN-based approach under the current 

hardware constraints. By converting the unstructured 
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mesh into a structured 3D tensor, the CNN model fully 

leveraged highly optimized GPU operations. It effi-

ciently processed the entire dataset as a single batch, 

completing 5,000 epochs in approximately 5.26 hours. 

This exceptional computational efficiency allowed the 

CNN to achieve stable convergence and highly accurate 

flow field reconstructions, proving it to be a highly 

practical and powerful tool for large-scale CFD com-

pression. Although explicit quantitative error metrics 

are not reported in this study, visual inspection of the 

reconstructed fields consistently showed that the CNN 

converged to accurate solutions during validation, 

whereas the GNN exhibited noticeable reconstruction 

deviations due to its limited number of effective train-

ing epochs. 

Conversely, the GNN-based ROM faced severe com-

putational bottlenecks. Because it directly processed the 

original unstructured mesh of over 5.17 million nodes, 

the massive graph size necessitated computationally ex-

pensive node-level mini-batching. Consequently, the 

training was restricted to merely 10 epochs over 21 

hours. Due to this strict limitation, the GNN did not 

reach its convergence regime, and its reconstruction 

quality remained inferior to that of the CNN, as qualita-

tively observed in Figures 5 and 6. 

Nevertheless, the GNN approach remains a highly 

promising methodology worth pursuing. Its intrinsic 

ability to perfectly preserve complex geometric and top-

ological characteristics without the numerical smooth-

ing and boundary loss caused by grid interpolation is a 

significant theoretical advantage. 

Future work will extend the number of GNN training 

epochs and incorporate quantitative error metrics (e.g., 

L2 norm, MAE, and relative reconstruction error) to 

rigorously evaluate convergence behavior once addi-

tional computational resources become available. 

Furthermore, while the present study focused on the 

entrance region of the SMART reactor, the developed 

ROM framework is intended to be extended to the full 

SMR primary loop geometry in future work. By pro-

gressively expanding the computational domain to en-

compass the complete reactor system, the proposed ap-

proach aims to enable efficient full-system thermal-hy-

draulic predictions that support both design optimiza-

tion and real-time monitoring of SMR operations. 
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