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TFExec—A Fortran Bridge for TensorFlow Models 

Ian S. Howell, Joshua Stuckner, and Trenton M. Ricks 
National Aeronautics and Space Administration 

Glenn Research Center 
Cleveland, Ohio 44135 

Abstract 
Multiscale physics simulations can become computationally expensive, particularly when resolving 

microscale behavior at every macroscale integration point in a structural scale finite element model. 
Machine learning surrogates can replace these costly submodels, accelerating simulations while 
maintaining accuracy. However, integrating TensorFlow models into legacy software tools, such as 
Abaqus, CalculiX, and NASMAT, has several nontrivial technical challenges. TFExec is a high-
performance interface that enables efficient inference of TensorFlow models within Fortran-based 
simulation codes. It supports batch processing, multiple models in memory, and a low-latency application 
programming interface (API) via a dynamically linked C++ library. By streamlining machine learning 
integration, TFExec significantly reduces computational cost in multiscale modeling while preserving the 
predictive power of physics-based simulations.  

Introduction 
Integrating machine learning (ML) surrogate models with physics-based composite modeling codes 

has the potential to significantly reduce computational costs while maintaining predictive accuracy 
(Refs. 1 to 4). Finite element analysis (FEA) codes such as Abaqus, CalculiX, and other computational 
mechanics tools like NASMAT are widely used for modeling complex material behavior, but high-
fidelity simulations, particularly in multiscale problems, remain computationally intensive (Refs. 5 and 
6). Replacing microscale models with ML-based surrogates can approximate the response of these 
simulations with substantially more efficient computation through highly parallel tensor operations on 
graphics processing units (GPUs). However, integrating these surrogates into existing Fortran-based 
interfaces comes with technical and engineering challenges related to interoperability and computational 
efficiency. 

To be practical for high-fidelity simulations, a ML surrogate must be evaluated efficiently within the 
FEA solver, often at numerous integration points per timestep. This requires low-latency inference, the 
ability to handle batch evaluations to minimize overhead and take advantage of parallelization, and 
support for multiple models in memory to account for spatially varying material behavior. TFExec 
addresses these requirements by providing a flexible interface between TensorFlow models and Fortran-
based tools. It enables batch inference and allows multiple models to be loaded simultaneously. 

Beyond composite modeling, many scientific and engineering disciplines rely on Fortran-based 
software for high-fidelity simulations that is still being actively developed and maintained. In materials 
science, codes like Thermo-Calc are essential for thermodynamic and phase diagram calculations (Ref. 7). 
In computational fluid dynamics (CFD), solvers such as FUN3D (Ref. 8) and US3D (Ref. 9) continue to 
drive advancements in aerospace and thermal analysis. These codes are optimized for large-scale 
simulations but often face computational bottlenecks when high-resolution physics-based models are 
required. Integrating ML surrogates into these workflows presents an opportunity to dramatically 
accelerate simulations, enabling faster design iterations and real-time predictive capabilities. 
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By providing a robust interface between TensorFlow models and Fortran-based solvers, TFExec 
extends the benefits of ML acceleration to a wide range of scientific applications. The ability to 
efficiently replace expensive submodels with trained surrogates can improve the scalability of 
simulations, making previously intractable problems feasible within practical time constraints. This 
approach is particularly relevant in fields where high-dimensional parameter spaces or complex 
multiscale interactions make traditional simulations computationally prohibitive. As scientific computing 
continues to evolve, bridging modern ML techniques with existing Fortran-based modeling tools ensures 
that decades of validated physics-based codes remain at the forefront of computational science, benefiting 
from the rapid advancements in data-driven modeling. 

The public open-source code for this software will be hosted at https://github.com/nasa/tfexec. The 
internal repository can be accessed at https://gitlab.grc.nasa.gov/joshua.stuckner/tfexec. 

Interface Architecture 
The architecture of TFExec allows users to load models, evaluate inputs on models, and remove 

models from memory. The majority of this work leverages the CPPFlow library (Ref. 10) for both 
maintainability and speed. CPPFlow is a modern C++ library built on top of the official TensorFlow 
language bindings for C and C++. There are two interfaces defined in this library, the first is a C/C++ 
interface that may be statically compiled into other C/C++ projects. The other is an external Fortran 
interface that allows other projects to use the same functionality.  

C++ Interface and Implementation 

The C++ interface consists of three functions. The generic interface, specifically used by Fortran in 
this project, formats inputs before feeding them into these functions to use the library. This interface was 
built with modern C++, following the C++17 standard. 
 

1. The load_model function takes in a string as well as a pointer to an unsigned integer. The string 
provides the path to the TensorFlow saved model while the unsigned integer pointer indicates the 
new model’s ID. The models are stored as unique pointers in a list. A separate map points 
unsigned integer IDs to the list iterator for the corresponding model. If the program loads the 
model successfully with no errors, load_model returns 0, while if any errors occurred, they are 
printed to the standard error pipe and then a 1 is returned. 

2. The delete_model function removes a model from memory. This function takes as input an 
unsigned integer representing the ID of the model. If the model denoted by the ID is successfully 
deleted and removed from memory, the function returns a 0, while if an error occurs, the error is 
printed to the standard error pipe and a 1 is returned. 

3. The predict function executes the model on some input and returns the output. The inputs to this 
function include the ID of the model that is being executed, the data being input into the model, 
and the names of the outputs to retrieve from the model. The output of the function is the 
retrieved output tensors. The input data is a vector of pairs of strings and tensors where the string 
is the name of the input that the tensor corresponds to. After execution of the model on the input 
data, each output name provided is iterated over and the corresponding output is moved into the 
output vector of tensors. This function handles errors in the same way as the previously stated 
functions. 

https://github.com/nasa/tfexec
https://gitlab.grc.nasa.gov/joshua.stuckner/tfexec
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Fortran Interface and Implementation 

The Fortran interface should be compiled along with a user’s Fortran source code. Alternatively, this 
file can be compiled into a dynamic library to allow for multiple other programs or libraries to use this 
tool without compiling it into their binaries. To keep the interface generic, a few more functions are 
required than the C++ interface described above. Multiple models can be utilized simultaneously if 
desired. Each of these functions returns 0 if no errors occurred during runtime and 1 if a runtime error 
occurred along with printing the error message to the standard output pipe. An example is provided in the 
repository that demonstrates a typical implementation. The load_model function works the same as in the 
C++ interface. 
 

1. The register_output function specifies which outputs should be available for retrieval after the 
model runs. Only outputs registered with this function can be accessed post-execution. 

2. The provide_input function allows users to provide input to a specific input operation before 
executing the model. If multiple inputs are necessary to model execution, then this function 
should be called multiple times before calling to predict. This function takes as input the model 
ID with which to provide input, the operation name that is being provided input, the number of 
shape dimensions in the input, the shape dimensions, and finally the data itself. Each of these 
data, the number of dimensions, dimensions themselves, and data are provided as flat arrays. 

3. The predict function takes all inputs provided from provide_input calls and all registered output 
names and runs the predict function in the C++ interface. All output is then stored for retrieval. 

4. The retrieve_output function retrieves a user-specified output for a model that has been evaluated 
with the predict call. This function should be called multiple times if more than one output is 
requested.  

5. The retrieve_output_no_check function operates similarly to the above retrieve_output function, 
however it does not check the shape and instead simply copies the data directly to the given 
pointer. This function only exists to speed up output retrieval if the original retrieve_output 
function is too slow to use.  

6. The delete_model function works the same as in the C++ interface. 
 

Figure 1 shows how to use these functions to load the model, get predictions, and finally delete the 
model from memory. 
 

 
Figure 1.—Flow diagram of model use. 
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Identifying Model Operation Names 

The input and output operation names mentioned above are available to find using TensorFlow’s built 
in SavedModel command line interface (CLI) tool. An example of viewing the default serving input and 
outputs, along with their expected shapes may look like: 

$ saved_model_cli show –dir {save_path} --tag serve --signature_def serving_default 
The save path is the path to the directory of the saved model. The directory should contain at least an 
“assets” directory, “saved_model.pb” file, and “variables” file.  
The operation names can also be viewed using the SavedModel class in the 
tensorflow.core.protobuf.saved_model_pb2 module. 

Multiplatform Tools 
This tool was developed for both Windows and Linux development and deployment. To do this, the 

CMake platform (Ref. 11) was used, which generates build files for various platforms and other tools. 
Detailed instructions on how to compile and run the software are present in the code repository’s 
documentation, and briefly described here. Additionally, the repository documentation describes the 
prerequisites for building and using the library. The CMake tool will automatically download the C/C++ 
TensorFlow language bindings necessary for linking, however they may not initially be on the active library 
path. Additional information is given in the prerequisites section of the TFExec library documentation. If 
you are incorporating this library into another project, additional steps will need to be taken to appropriately 
link TFExec. Windows compiling is intended to utilize the Microsoft Visual Studio software. Once the 
project is made using CMake, the solution will need to be opened with Visual Studio and built.  

Future Work 
This library is built to be both fast and maintainable, so that other developers can extend this work for 

future needs. However, there are several potential extensions. Automated testing could be implemented. 
Many tests were conducted by compiling and running example programs that each tested a specific feature 
of the library. However, this could be replaced by a unit testing framework like GoogleTest (Ref. 12) to 
ensure that changes to the code base are automatically tested in a continuous integration setup.  

The recurrent neural network hidden state is incredibly important in the microsurrogate, as past 
strains and outputs affect the current output step. Tests should be specifically designed to ensure that the 
state is acting as expected, i.e. it is independent of samples but not of batches since the model needs to run 
at every time step and for each sample dimension, i.e. dimension corresponding to a fiber, have the 
internal state update (and not reset). To accomplish this, it may be necessary to save this state at each step 
and load it back into the model before execution of the next step. The TensorFlow documentation 
provides information on how to solve these issues in Keras models with cross-batch statefulness 
(Ref. 13). An alternative is to not save the hidden state in GPU memory and pass each previous timestep 
as input to collect the next output. 

Finally, it is worth noting that while TFExec is capable of evaluating surrogates in parallel on GPUs, 
limitations from the calling software may limit this. For instance, in a finite element context, if a surrogate 
model is utilized to represent integration point behavior, parallel processing could be utilized to evaluate 
the surrogate across a batch of integration points. Some commercial software tools, however, only expose 
data for one integration point at a time. In this case, overhead associated from mapping between 
processors and GPUs could become significant. While this strategy is inefficient from a surrogate model 
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evaluation standpoint, there is still an added benefit for utilizing TFExec for cases where the baseline 
physics-based model is prohibitively expensive or unable to be evaluated due to computational 
limitations. 

Conclusion 
TFExec provides a fast and efficient interface for integrating TensorFlow-based machine learning 

surrogates into Fortran-based simulation codes. By enabling low-latency inference, batch processing, and 
multiple models in memory, TFExec addresses key challenges in incorporating ML models into 
computational physics workflows. This capability significantly accelerates multiscale simulations while 
preserving accuracy, making high-fidelity modeling more practical. Beyond composite materials, TFExec 
has broader applications in computational fluid dynamics, thermomechanical analysis, and other physics-
based simulations, ensuring that established scientific software can leverage modern ML techniques for 
improved performance and scalability. 
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