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Abstract.

Driven by advances in artificial intelligence and the growing availability of
databases, machine learning now plays a central role in data-driven materials
knowledge discovery. In studies that employ machine learning models, maintaining
deterministic workflows is crucial for reproducibility, as it ensures that repeated runs
with identical settings yield consistent and reliable predictions. Here, we conduct
a determinism analysis of the recently proposed hybrid LLM-GNN framework for
material property prediction. Our study provides a comprehensive analysis of sources
of non-determinism, with particular focus on variability introduced by hardware
variations and software stacks across training and inference pipelines. By distinguishing
different forms of determinism, we assess how discrepancies arise under varying
execution conditions. In cases where results are non-deterministic, we further analyze
and compare prediction differences to assess the impact of these variations. Our
investigation uncovers systematic patterns in prediction discrepancies at the dataset
level as well as variations at the individual sample level. Based on the findings, we
identify the main sources of divergence and provide practical recommendations to
improve deterministic behavior in ML-based materials property prediction workflows.



1. Introduction

Advances in artificial intelligence and the expansion of databases have transformed
how researchers uncover scientific knowledge, as machine learning (ML) has become an
indispensable tool in data-driven scientific discovery [Il, 2 3] 4]. In scientific AT and
ML workflows, reproducibility generally refers to the ability of an independent research
team to obtain the same results using the original authors’ released artifacts under
the same experimental setup [5l, [6], such that the same computational procedures can
be followed, corroborating results can be produced, and similar scientific conclusions
can be drawn [7]. For material property prediction, reproducible ML model outputs
support the reliable description of structure-property relationships, which further guide
subsequent computational exploration and experimental screening. Reproducibility
can be influenced by multiple factors, including the accessibility of datasets and
source code, as well as the transparency, documentation, and completeness of the
released machine learning pipeline [8, 9 10, 11]. Among these factors, deterministic
behavior is a fundamental mechanism for ML model reproducibility, as it ensures that
identical inputs, model parameters, and configurations, when executed in the same
environment, consistently produce bit-exact outputs across repeated runs. Beyond
reproducibility, determinism also facilitates reliable model comparisons and supports
iterative development across varying modeling choices, including input representations,
feature constructions, and architectural designs.

In ML models, violations of determinism lead to run-to-run variation. Non-
determinism can arise from several sources. Some sources are intrinsic, such as data
shuffling, weight initialization, and dropout, and can be mitigated through seed control
to achieve single-environment determinism. However, the same does not hold for other
extrinsic system-level factors that limit cross-environment determinism. Floating-point
non-associativity causes numerical discrepancies in matrix calculations under parallel
execution [12], I3]. This property means that the result of arithmetic operations may
depend on the order of evaluation, even if mathematically equivalent (e.g., (a+b) + ¢ #
a+ (b+ ¢)). In addition, deterministic implementations of deep learning operations
remain incomplete, as frameworks like PyTorch [I4] do not provide deterministic variants
for all algorithms. These behaviors often result from backend libraries or hardware-
specific kernel optimizations, which are generally beyond the user’s control.

Despite the practical significance and technical challenges, there has been a lack of
deterministic analysis in ML for material science, particularly as state-of-the-art models
grow more complex and diverse to enhance model predictive performance. To the
scientific community, reproducibility has received attention with most efforts focusing on
validating result consistency across independent reruns and reproductions [I5], 16, 17].
In particular, Li et al. [18] conduct a reproducibility analysis of the ALIGNN graph
neural network by re-evaluating model performance under repeated training runs with
different random seeds. In addition to assessments, multiple studies have offered broader
recommendations for combating the reproducibility crisis, including those by Stodden



et al. [19], Isdahl et al. [20], Henderson et al. [21], Heil et al. [22], and several others.
Following these reproducibility-focused efforts, Heumos et al. [23] dig deeper by explicitly
analyzing deterministic behavior in bioinformatics ML pipelines. Their study and the
follow-up work [24] evaluate hardware variation with the focus on an end-to-end manner
and do not separate training and inference stages or quantify the level of numerical
discrepancies relative to other sources of variation. Our study is complementary to
these efforts, as it provides a focused analysis of deterministic behavior within scientific
ML workflows for materials property prediction, explicitly separating training- and
inference-stage effects, comparing discrepancies induced by hardware and deep learning
frameworks, and relating dataset-level consistency to individual sample-level shifts that
may influence downstream screening.

Recently, both Graph Neural Networks (GNNs) and Large Language Models
(LLMs) have been increasingly adopted in materials science discovery. For the task
of crystal property prediction, GNNs excel at capturing local structural features from
atomic graphs, while LLMs offer strong generalization by encoding global knowledge
from a large corpus of scientific text. There have been several studies [25, 20, 27, 28],
29, (30}, 31] that explore the potential of combining the strength of GNN-based models
and LLM models to integrate textual information from natural language with structure-
aware learning from GNNs for computational materials modeling. Despite the modeling
advantages of such fusion approaches, the added architectural complexity introduces
new sources of computational variability and obscures deterministic behavior. Our study
is motivated by the need to systematically analyze sources of non-determinism in ML-
based data mining workflows used in materials science, and to provide practical guidance
for obtaining deterministic results. Here we present a case study aiming to analyze
the deterministic behavior of the hybrid LLM-GNN framework [25] by Li et al. to
enhance crystal property prediction. As one of the first multimodal learning frameworks
that integrates structural and textual modalities for materials property prediction,
the aforementioned work combines graph-based embeddings from the Atomistic Line
Graph Neural Network (ALIGNN) model [32] with contextual language embeddings
from MatBERT [33], a domain-specific adaptation of the Bidirectional Encoder
Representations from Transformers (BERT) model pre-trained on materials science
literature. ALIGNN captures local atomic environments and geometric dependencies
within crystal structures, while MatBERT extracts semantic representations from text
descriptions generated for the same materials. These complementary embeddings are
concatenated to form a unified feature vector, which is then passed to a predictive neural
network model.

The remainder of this paper is organized as follows. Section 2| presents the overall
workflow and methodology for enforcing determinism and details the setup of controlled
experiments for deterministic analysis. Section |3 presents the experimental results
and analyzes patterns of non-determinism arising from software frameworks, GPU
parallelism, and cross-environment hardware differences. Finally, Section [4f summarizes
the observed sources and patterns of non-deterministic behavior and concludes with



practical guidelines for achieving determinism.

2. Methodology
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Figure 1. Workflow of Hybrid-LLM-GNN transfer learning for determinism analysis.
First, the input structure file is fed to a text generator to produce domain knowledge
descriptions. Next, the pre-trained LLM, serving as a knowledge model, is employed
to extract contextual word embeddings. The downstream hybrid-modal predictor
model integrates the embeddings and serves as the final predictor for material property
estimation. We probe the final prediction outcomes and analyze deterministic behavior
from four perspectives.

2.1. Hybrid-LLM-GNN Framework

The hybrid modeling workflow used for determinism evaluation is adopted from [25].
As illustrated in Figure it combines both structural and textual representations
for materials property prediction. Graph-based embeddings are generated by using
the ALIGNN model trained on formation energy data from the Materials Project
(MP). In a separate thread, the same input structure file is fed to a text generator
to produce domain knowledge descriptions. These string representations are piped into
a pre-trained language model. The original study investigates multiple combinations
of text generators and pre-trained models. In this work, we focus solely on evaluating
determinism based on Robocrystallographer [34] and MatBERT [33]. The ALIGNN
and MatBERT embeddings are concatenated and fed into a fully connected neural
network for downstream prediction. The final prediction outcomes are examined to
assess deterministic behavior.

2.2. Setup for Determinism Assessment

Before presenting the experimental setup for deterministic analysis, we clarify the three
levels of numerical consistency behavior examined in this work:

e Single-environment determinism refers to the ability of the same code to
produce bit-exact results across repeated runs on the same machine under an

~



Machinel Machinel Machine2 Machine2 Machine3 Machine3

GPU CPU GPU CcPU GPU CPU
(Tesla V100) (Intel Xeon (Tesla V100) (Intel Xeon (Tesla T4) (Intel Xeon)
. ) 6162) 6162)
‘ Dataset ‘ Dataset for training & inference 1 1
1 1 1 1 1
1 ) 1
Deep Learning Model Codebase ML Pipeline Source Code 1 Same across all machines 1
) 1 1 1 1 1
TensorFlow ” Keras " PyTorch || Deep Learning Framework . . . . .
1 1 1 1 1
; f : 1 1 1 1 1
‘ Python, Numpy, Pandas, Scikit-learn, ... Python Runtime, Libraries and A | A | A ' A | A | A
Dependencies | | ' | |
1 1 1 1 1
[ oow ] O A e
- SYStem Software A ' D ' A . D ' ' O
1 1 1 1 1
1 1 1 1 1
GPU CPU Hardware 1 . 1 1 . 1 1 .
1 1 1 1 1
1 1 1 1 1
Identical Symbol: Same Different Color (same shape): Version-locked Different Shape: Different Environment
AA (shared) Environment AAA Replicated Environment AD*O with Uncontrolled Version

Figure 2. Machine learning software and hardware stacks with an illustration of
differences in the environments we set up for controlled experiments. Machine 1 runs
both GPU and CPU executions in the same shared Python environment. Machine
2 replicates Machine 1 with a version-locked reinstalled Python environment and
identical hardware (CPU and GPU) model. Machine 3 uses a version-locked Python
environment but differs in the hardware model, introducing a controlled hardware
variation. CUDA (Compute Unified Device Architecture), cuDNN (CUDA Deep
Neural Network library), MKL (Intel Math Kernel Library), and OpenBLAS (Open
Basic Linear Algebra Subprograms) are backend libraries responsible for low-level
numerical and tensor operations.

identical software and hardware stack. This form of determinism can generally
be achieved through appropriate deterministic configurations and represents the
most commonly discussed determinism, with explicit support provided by modern
deep learning frameworks.

e Cross-environment determinism refers to the ability of the same code to
produce bit-exact results across different environments, especially under hardware
variations. It extends single-environment determinism beyond a single physical
machine by examining consistency across environments. Modern deep learning
frameworks provide no explicit guarantee for this form of determinism.

e Cross-framework consistency refers to the agreement between models
implemented in different deep learning frameworks, such as PyTorch and
TensorFlow, using the same deep learning model architecture, identical datasets,
and matched hyperparameters. In this setting, discrepancies from framework-
specific implementations and backend libraries are unavoidable, and consistency
is assessed in terms of the magnitude of numerical differences rather than strict
bit-exact equality.

To assess the deterministic behavior of the aforementioned Hybrid-LLM-GNN
framework, we systematically explored configurable options to eliminate sources of
stochastic behavior. Notably, certain components of the pipeline are inherently
deterministic. ~The texts generated by Robocrystallographer are the exact same



sentences over repeated runs on the same input. The embedding extractor uses
pretrained GNN and LLM models in inference mode without training or fine-tuning. We
set the models to evaluation mode to deactivate stochastic layers such as dropout. With
this setup, the generated embeddings remain static in the same hardware environment.

The focus of examining different configurations to study determinism in this
work is on the downstream predictor, which is trained in an end-to-end manner
in the above pipeline. We first set the random seed used in the plain Python
random generator, NumPy random functions, the deep learning framework (e.g.,
PyTorch), and GPU CUDA operations. This ensures deterministic behavior in model
initialization, data shuffling, and GPU-accelerated computations over repeated runs.
Secondly, we enabled deterministic behavior in the backend by disabling algorithm
benchmarking and enforcing the use of deterministic computation paths, which helps
eliminate non-determinism from GPU kernel selection and low-level operations. With
these configurations, we verified single-environment determinism by executing multiple
repeated runs and confirmed bit-exact results at practical precision. Unless otherwise
specified, all experiments reported in this study satisfy single-environment determinism,
and repeated runs therefore yield identical results and are not separately reported.
On the basis of these configurations, we applied additional constraints to meet
the requirements of the controlled experiments. For deep learning framework-level
comparisons, all results were computed on the same machine with GPU acceleration
(Machine 1 GPU). For the CPU vs. GPU and cross-environment deterministic behavior
experiments, we locked the entire software stack by building all models in PyTorch and
fixing the versions of all other Python libraries to ensure consistency across software
environments.

To evaluate cross-environment determinism, we deployed the workflow on three
machines representing different tiers of environmental control. Here we use the term
“environment” to refer to a stack that can include software and hardware components,
unlike the typical use, where it often refers only to software. Figure [2] illustrates the
software and hardware stacks involved for a typical machine learning workflow, along
with the environmental differences across three machines. At the top level, model
development relies on a codebase and associated datasets, implemented using high-level
deep learning frameworks such as TensorFlow, Keras, and PyTorch. These frameworks
operate within a Python runtime environment that includes foundational libraries such
as NumPy, Pandas, and Scikit-learn. Most well-documented machine learning codebases
provide sufficient information to enable replication and reproduction up to this level.
Beneath this layer, system-level support libraries such as cuDNN and CUDA for GPU
acceleration and Intel MKL or OpenBLAS for CPU computation will handle numerical
execution with optimization. These lower layers typically fall outside the control of
machine learning researchers during reproduction. Among the environments set for our
controlled experiments, Machine 1 GPU serves as the baseline environment. Machine
1 CPU performs executions in the same physical Python environment, but branches
off starting from system-level libraries. Machine 2 is a hardware-identical twin of
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Machine 1, equipped with the same CPU and GPU models. However, Machine 2 has
to employ a freshly reinstalled Python environment reconstructed using version-locked
specifications. Machine 3 also adopts a version-locked replicated Python environment,
but it differs from Machines 1 and 2 in the system-level libraries and GPU hardware
model. On the right side, we use symbolism to show the nuanced differences at each
stack across machines. In this figure, different shapes denote distinct environments with
uncontrolled versions, while different colors of the same shape denote a version-locked
replicated environment. Identical symbols indicate the same physical environments,
such as cases where both CPU and GPU training on the same machine share the exact
same installed Python, rather than separate installations with the same version. By
“version-locked Python environment,” we refer to reconstructing the software stack using
an identical dependency specification file (e.g., requirements.txt) and reinstalling all
packages via pip install, with pinned Python version and library versions (e.g., PyTorch
2.0.0), which is the standard practice adopted in most ML model codebases. With
this experimental design, we investigated how deterministic behavior can be affected by
hardware discrepancies.

3. Results and Discussions

3.1. Dataset

The materials datasets used in this study are generated from first-principles calculations
based on Density Functional Theory (DFT). We use the same DFT-computed materials
datasets as in the original model for the deterministic analysis. The downstream
property prediction tasks are performed using multiple target properties from the
2022.12.12 release of JARVIS-3D [35] 36, 37], which contains 75,993 materials. Target
properties to predict include formation energy per atom (Formation Energy), energy
above the hull (Ehull), magnetic moment (Magout), modified Becke Johnson potential
(MBJ) band gaps [38] (Bandgapmps), topological spin-orbit spillage (Spillage) [39],
spectroscopic limited maximum efficiency (SLME) [40] and superconducting transition
temperature (Tc_supercon) [41].

3.2. Numerical Consistency under Deep Learning Framework Variation

Our first investigation focuses on cross-framework numerical consistency. Both PyTorch
and TensorFlow can be configured to yield bit-exact deterministic results at the selected
display precision across repeated runs within each framework. However, when comparing
outputs across frameworks, their predictions diverge due to differences in the underlying
implementations of the two frameworks.

This cross-framework investigation into numerical consistency shows that the level
of divergence varies across target properties, as summarized in Table The Mean
Absolute Error (MAE) values from PyTorch and TensorFlow remain at a similar scale
but are not bit-exact, and the Mean Absolute Difference (MAD) of the prediction



difference between the two frameworks tends to be proportional to the MAE level,
ranging from 39% to 51% of its value, which suggests that the level of prediction
discrepancy is correlated with the model’s accuracy performance. This aligns with our
expectation that more challenging prediction tasks lead to greater model uncertainty
when evaluated on the test set. Tasks that are more difficult for the model to learn, such
as predicting Tc_supercon, tend to exhibit higher modeling uncertainty, which increases
sensitivity to numerical variation caused by different deep learning frameworks. As a
result, less accurate models show greater discrepancies across frameworks.

Table 1. Comparison of MAE (between prediction and ground truth) values
and Prediction MAD (between PyTorch and TensorFlow prediction) for ALIGNN-
MatBERT-based transfer learning using PyTorch and TensorFlow implementations
across various material properties. Tested Material properties include: formation
energy per atom (Formation Energy), energy above the hull (Ehull), magnetic
moment (Magout), modified Becke Johnson potential (MBJ) band gaps (Bandgapmpy),
topological spin-orbit spillage (Spillage), spectroscopic limited maximum efficiency
(SLME), and superconducting transition temperature (Tc_supercon).

Property Data Size PyTorch MAE TensorFlow MAE Prediction MAD
Formation Energy (eV atom™1!) 75799 0.0350 0.0339 0.0176
Ehull (eV atom~!) 74926 0.0360 0.0357 0.0167
Magout (up) 74212 0.4116 0.4211 0.2096
Bandgapypj (eV) 19556 0.2416 0.2516 0.1164
Spillage 11301 0.3135 0.3140 0.1245
SLME (%) 9762 4.4510 4.5634 2.1494
Tc_supercon (K) 1054 2.0378 2.1095 0.8850

To further assess the consistency between frameworks beyond aggregate error
metrics, we examine the prediction distributions directly. Figure |3 presents the parity
plots for four representative properties, while the remaining properties are shown in
Figure S1 in the Supplementary Information (SI). As shown in Figure , the predictions
for formation energy are not bit-exact, but both the scatter plot and the marginal
histograms indicate that the outputs from the two frameworks are highly consistent
and closely aligned. However, for properties with poor model accuracy such as T,
their prediction distributions show a larger spread in the parity plots, with more points
deviating from the reference line.

Bland-Altman plots are typically employed to compare the difference between two
measurements for identifying consistent offsets or trends in the differences across the
range of measured values. Here, we apply this method to evaluate the agreement between
predictions from PyTorch and TensorFlow models across multiple target properties.
The Bland-Altman plots in Figure |4 show that the mean of the prediction differences
between PyTorch and TensorFlow is not always close to zero across all target properties.
Some properties exhibit noticeable shifts. For example, Spillage has a mean prediction
difference of 0.124, indicating that PyTorch tends to produce higher predictions than
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Figure 3. Parity plot for model predictions from ALIGNN-MatBERT-based
transfer learning using PyTorch and TensorFlow implementations in the same
computing environment. The marginal histogram plot displays the distribution of
predictions. Tested Material properties include: formation energy per atom (Formation
Energy), magnetic moment (Magout), topological spin-orbit spillage (Spillage), and
superconducting transition temperature (Tc_supercon).

TensorFlow for this property. In addition, we observe a linear boundary in the
distribution of prediction differences for Magnetic moment and Spillage, which indicates
the presence of proportional bias, where the magnitude of the prediction difference
between frameworks increases with the property value.

3.3. Deterministic Behavior under Hardware Variation

As a first step toward analyzing cross-environment determinism, we examine the impact
of GPU parallelism on deterministic behavior by comparing end-to-end executions on the
CPU and GPU within the same machine when all software stacks remain identical. We



10

PyTorch Prediction — TensorFlow Prediction

0.6

PyTorch Prediction — TensorFlow Prediction

~0.6 1

1.5

1.01

-1.01

-1.51

10.0 A
--= Prediction mean difference: 0.1841

-=-- +1.96 SD of mean difference

—-== Prediction mean difference: 0.0057

-=-= #*1.96 SD of mean difference 75

5.0 1

2.5 A1

0.0

—2.54

-5.0 1

-7.54

PyTorch Prediction — TensorFlow Prediction

10.0 4,
-10

0 10 20 30
Mean of TensorFlow and PyTorch predicted
Magnetic Moment (uB)

N NN
Mean of TensorFlow and PyTorch predicted
Formation Energy (eV/atom)

® ¢ === Prediction mean difference: 0.0579
+1.96 SD of mean difference

4

Prediction mean difference: -0.1985
+1.96 SD of mean difference

o ==

- 5

PyTorch Prediction — TensorFlow Prediction

5 10 15 20
Mean of TensorFlow and PyTorch predicted
Tc_Supercon (K)

0

0.0 05 10 15 2.0 25
Mean of TensorFlow and PyTorch predicted Spillage

Figure 4. Bland-Altman plot for model predictions from ALIGNN-MatBERT-
based transfer learning using PyTorch and TensorFlow implementations in the same
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(Spillage), and superconducting transition temperature (Tc_supercon).

Table 2. Comparison of MAE (between prediction and ground truth) values for
ALIGNN-MatBERT-based transfer learning across various computing environments.
Tested Material properties include: modified Becke Johnson potential (MBJ) band
gaps and superconducting transition temperature (Tc_supercon). Results that are bit-
exact within the selected precision are marked with the same superscript symbol.

Training &
Inference Environment

Hardware Model Tc_supercon (K) Bandgapups (eV)

Machine 1 GPU
Machine 1 CPU
Machine 2 GPU
Machine 2 CPU
Machine 3 GPU
Machine 3 CPU

0.24155285958
0.245349288*
0.24155285958
0.245349288*
0.2471545786
0.247285977

2.0378444195"
2.0379059315"
2.0378444195"
2.0379059315"
2.0286376476
2.0266072750

Tesla V100-PCIE
Intel Xeon 6126
Tesla V100-PCIE
Intel Xeon 6126
Tesla T4
Intel Xeon
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Figure 5. Parity plots comparing model predictions for band gaps under different
experimental conditions (left: Machine 1 GPU; right: Machine 3 GPU). Predicted band
gaps are plotted against DFT-calculated reference band gaps. The Mean Absolute
Error (MAE) and the number of false metals (predicted band gap < 0.1 eV) are
reported in each panel. False metal samples predicted on Machine 1 are highlighted in
red in both plots.

conducted end-to-end training and testing of the same model on two machines, one using
CPU and the other using GPU acceleration, to compare prediction differences across
compute hardware. With the configuration described in Section both CPU and
GPU executions produce deterministic results across repeated runs on their respective
backends. However, the CPU and GPU outputs differ from each other, even on the
same machine. As shown in Table [, on all three machines, the outputs from the
CPU and GPU pairs are not bit-exact when compared to each other. This discrepancy
arises primarily from non-determinism introduced by parallel kernel execution on GPUs.
Specifically, the order of operations in parallel reductions can vary from the sequential
order in the CPU, which leads to small but measurable numerical differences. As a
result, the GPU-accelerated version often produces a distinct output variant compared
to the CPU version.

We then evaluated the consistency of model outputs by performing end-to-end
training and testing on different machines to assess how hardware differences affect
determinism. As summarized in Table [2] the MAE values from Machine 1 and Machine
3 are not bit-exact. Deterministic results are not guaranteed when executing the same
model on different systems, even with identical software stacks, due to subtle variations
in hardware behavior. However, when two systems share the same CPU and GPU
hardware models, bit-exact outputs can be achieved at the selected display precision, as
demonstrated by the bit-exact results between Machine 1 and Machine 2. Machine 1 and
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Machine 2 are equipped with the same CPU and GPU hardware models, which result in
bit-exact MAEs between their CPU executions and between their GPU executions. This
finding is confirmed on another hybrid LLM-GNN model, MatMMFuse [29], using the
same dataset and repeated experimental protocol. Due to the large model size and long
training time, we conducted these additional experiments only on the GPUs of Machine
1, Machine 2, and Machine 3. Table S1 in the SI summarizes the MAE results across the
three hardware environments. As shown in Table S1, the same GPU hardware models
generate bit-exact MAE values at the reported precision.

In cases where cross-environment determinism does not hold, it is also valuable to
reference these execution-environment divergences in terms of their practical scientific
impact in downstream contexts. To further examine the practical scientific impact
of execution-environment divergences, we analyze the false metal count under two
hardware environments: Machine 1 GPU and Machine 3 GPU. The concept of false
metals is commonly used in band gap benchmarks to quantify cases where non-metal
materials are predicted with near-zero band gaps. In this study, we adopt a threshold of
0.1 eV to tag such cases for analysis, recognizing that this value represents a pragmatic
cutoff for near-zero predictions rather than a definitive classification of metallicity. The
parity plots in Figure [5| summarize both the false metal counts and the distributional
differences under these two conditions. When changing the execution environment from
Machine 1 to Machine 3, the false metal count decreases from 50 to 39, while the MAE
shifts slightly from 0.2416 to 0.2472. Although these dataset-level metric shifts appear
modest in magnitude, the impact at the individual sample level can be substantial.
Comparing the highlighted samples across the two plots shows that a noticeable portion
of samples tagged as false metals under Machine 1 predictions move above the threshold
in the Machine 3 predictions and are therefore no longer tagged as false metals. At
the same time, several samples exhibit substantial shifts in predicted band gap across
hardware environments. For example, the prediction for RbsRhF4 changes from 2.36
eV to 0.28 eV. These sample-level shifts indicate that hardware-dependent numerical
variation can be large enough to exceed tolerance and flip the decision for an individual
sample in downstream screening.

To better understand the causes of output inconsistency across environments
observed above, we separately examine the effects of training and inference when
performed on different hardware. Table |3] summarizes the test set MAE for ALIGNN-
MatBERT-based transfer learning predictions across six computing environments, with
each model trained and then inferred on potentially different machines. Noticeably,
the variation is largely driven by the training environment rather than the inference
environment. Within each column, the MAE values are either identical to the self-
inference case within the selected precision or differ only beyond the eighth decimal
place. In contrast, when comparing MAE values within the same row, the differences are
more pronounced, with discrepancies appearing as early as the 3rd decimal place. This
finding aligns with the known sources of cross-machine non-determinism. Numerical
differences accumulate with the number of floating-point operations, and since inference
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Table 3. Test set MAE (between prediction and ground truth) for ALIGNN-
MatBERT-based transfer learning across six different computing environments,
evaluated on the modified Becke Johnson (MBJ) band gap property. Each model
is trained in one environment and then evaluated (inference) in another. Diagonal
entries represent cases (in bold) where training and inference were performed on the
same machine as in Table 2

Training Environment
Inference Machine 1 Machine 1 Machine 2 Machine 2 Machine 3 Machine 3
Environment GPU CPU GPU CPU GPU CPU

Machine 1 GPU0.2415528595 0.2453492582 0.2415528595 0.2453492582 0.2471545786 0.2472859770
Machine 1 CPU 0.2415528595 0.2453492880 0.2415528595 0.2453492880 0.2471545786 0.2472859770
Machine 2 GPU 0.2415528595 0.2453492582 0.2415528595 (0.2453492582 0.2471545786 0.2472859770
Machine 2 CPU 0.2415528595 0.2453492880 0.2415528595 0.2453492880 0.2471545786 0.2472859770
Machine 3 GPU 0.2415528595 0.2453492582 0.2415528595 0.2453492582 0.2471545786 0.2472859919
Machine 3 CPU 0.2415528595 0.2453492880 0.2415528595 0.2453492880 0.2471545786 0.2472859770

involves only the forward pass without backpropagation, it is less affected by hardware-
induced variability. This pattern is further confirmed by inspecting the model weights
from all six training environments, which show numerical differences in weights between
any two models trained on different machines (e.g., Machine 1 CPU vs Machine 1
GPU), as shown in Figure S3 and Figure S4 in the SI. The same trend is observed for
the MatMMFuse model (see Table S2 in the SI), further confirming that variations in
the training environment have a dominant influence on deterministic behavior. We also
examined the raw predictions for a single sample using the same setup shown in Table [4]
For the MgB, sample, predictions across 36 training-inference combinations exhibit a
consistent pattern: the training environment has a dominant influence on the predicted
value, while hardware differences during inference have negligible impacts. Interestingly,
the numerical identity in the reported MAE does not always correspond to bit-exact
agreement in the raw predictions for individual samples. For example, in Table [3] the
MAE:s for the model trained on Machine 1 GPU (leftmost column) are bit-exact at the
selected display precision across all inference environments. However, the corresponding
single-sample predictions are not bit-exact and show slight numerical variation across
all values in this column. This inconsistency arises because the non-determinism at the
individual sample level is extremely small and partially cancels out when aggregated to
the dataset-level MAE, which leads to seemingly identical values within the displayed
decimal precision for MAE.

3.4. Summary

We summarize the sources of numerical discrepancies by comparing the relative impact
of controlled variations in deep learning frameworks, training and inference machines,
use of GPU acceleration, and inference environments on model predictions. In this
analysis, the predictions from the PyTorch model trained and inferred on the GPU
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Table 4. Predicted modified Becke Johnson potential (MBJ) band gap across various
computing environments for the MgBs sample. Each prediction is based on a model
trained in one environment and then evaluated (inference) on another among all six
environments. Diagonal entries (in bold) represent cases where training and inference
were performed on the same machine.

Training Environment
Inference Machine 1 Machine 1 Machine 2 Machine 2 Machine 3 Machine 3
Environment GPU CPU GPU CPU GPU CPU

Machine 1 GPU -0.000584588 (0.000259697 -0.000584588 0.000259697 -0.003095329 -0.000541091
Machine 1 CPU -0.000584647 0.000259638 -0.000584647 0.000259638 -0.003095239 -0.000541106
Machine 2 GPU -0.000584588 0.000259697 -0.000584588 0.000259697 -0.003095329 -0.000541091
Machine 2 CPU -0.000584647 0.000259638 -0.000584647 0.000259638 -0.003095239 -0.000541106
Machine 3 GPU -0.000584602 0.000259668 -0.000584602 0.000259668 -0.003095284 -0.000541121
Machine 3 CPU -0.000584647 0.000259638 -0.000584647 0.000259638 -0.003095239 -0.000541106

of Machine 1 are used as the reference. Predictions are then compared against four
alternative setups that isolate specific sources of variation: using TensorFlow on the
same machine, running on a different GPU machine, executing on the CPU only, and
performing inference on the CPU after GPU training. As shown in the MAD values
in Figure [0, the level of deviation from the reference predictions gradually decreases
from the first condition to the fourth condition. The model trained using a different
framework (TensorFlow vs PyTorch) introduces the largest prediction deviation, with
a prediction MAD of 0.116. Hardware differences between CPU and GPU, whether on
the same machine or across machines, lead to similar levels of variation, with slightly
lower MAD values compared to the framework level difference. In contrast, using a
different hardware at the inference stage alone has a negligible effect. The prediction
MAD is extremely small, and the scatter plot shows data points tightly aligned along
the reference line. We also summarize the results for the 7, prediction task, as shown
in Figure S5 in the SI, which exhibits the same overall trend.

Despite the above numerical differences introduced at the ML modeling stage, these
variations should be examined from a broader scientific perspective by situating them
within the methodological uncertainty associated with the underlying DFT reference
calculations. When examined through dataset-level aggregated statistics, the magnitude
of ML-induced numerical discrepancies is overall less dominant than the intrinsic
uncertainty present at the DFT stage. One primary source of uncertainty arises from
methodological differences. For band gap, prior benchmark studies [42], 43] [44] show that
discrepancies across different exchange-correlation approximations and computational
schemes within DFT can lead to variations ranging from 0.4-1.7 eV in MAE when
compared against the reference experimental band gaps. The second source of
uncertainty stems from convergence-related parameters within DFT calculations, such as
k-point density, g-point sampling, and electronic broadening. For the superconducting
transition temperature, varying the electronic broadening parameter alone can change
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Figure 6. Parity plots comparing model predictions for the modified Becke Johnson
potential (MBJ) band gap from ALIGNN-MatBERT-based transfer learning under
different experimental conditions. The x-axis in all subplots shows predictions from a
PyTorch model trained and tested on the GPU of Machine 1. From top left to lower
right (in row-major order), the y-axis introduces different sources of variation: (1)
TensorFlow implementation on the same machine (2) predictions with model inference
on a different GPU machine, (3) predictions from a model on the same machine but
trained and tested on the CPU, and (4) predictions from the same trained model but
with inference on the CPU instead of the GPU. The Mean Absolute Difference (MAD)
and the Mean Absolute Percentage Difference (MAPD) of predictions are reported in
each panel. MAPD is computed using samples with band gap values > 0.1eV to avoid
near-zero reference values that can lead to inflated percentage errors.

the MAE of computed T, by nearly 10K relative to experiment [41]. Kawamura et
al. [45] showed that with carefully tuned DFT configurations, the computed T, values
can still deviate by up to +20% from experimental reference data. In comparison,
the sub-kelvin numerical differences in MAE for T, caused by hardware variation

in Table [2| are negligible. More broadly, there are other sources of instability in
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computational materials workflows, such as molecular dynamics (MD) simulations,
where finite simulation time, mean squared displacement (MSD) fitting window, and
thermostat settings can introduce variability in computed properties [46, 47, 48]. For
example, a previous molecular dynamics study reports that the error in the estimated
diffusion coefficient can be about 9-17%, depending on the trajectory length and block
size used for statistical averaging [46].

Hardware
Consistent Implementation

Environment u Variation

G
i Floating- ;
and Library 1, v orministic point n%n- Parallelism

Algorithm associativity

|

Factors that suppress Factors that amplify
non-determinism non-determinism

Random
Seed
Setting

Figure 7. Funnel diagram illustrating factors affecting determinism in deep learning
workflows. The left half of the figure represents factors that help suppress non-
determinism, including seed setting, consistent environments, and deterministic
algorithms. The right half shows the progressive accumulation of non-deterministic
effects caused by floating-point non-associativity, GPU parallelism, and hardware
implementation variation.

4. Conclusion

This study provides a systematic analysis of numerical consistency in ML-based
materials property prediction workflows. Our findings show that single-environment
determinism is straightforward to achieve through fixed random seeds and the use
of deterministic operations. In contrast, cross-environment determinism is more
challenging, as bit-exact consistency across different computing environments is not
guaranteed unless the CPU or GPU hardware models are identical across machines.
Among hardware-induced variations, the training environment plays a dominant role,
while models trained on the same machine typically produce near bit-exact predictions
across different inference environments. In addition, cross-framework consistency
between implementations in different deep learning frameworks, such as PyTorch and
TensorFlow, exhibits larger numerical discrepancies than hardware variation under the
same codebase, reflecting inherent differences in backend implementations and numerical
kernels. ~ The numerical differences introduced by ML frameworks or computing
environments can be small in magnitude at the dataset level, especially when compared
with the intrinsic uncertainty of DFT calculations. Nonetheless, the prediction shifts
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at the individual sample level can still be substantial and may affect one sample’s
downstream materials screening.

Based on our findings, determinism in modern ML pipelines in scientific discovery
like material property prediction can be influenced by a combination of suppressing
and amplifying factors throughout the training and inference pipeline. We summarized
practices that help enforce determinism and identified sources of nondeterminism that
introduce variability and cause divergence in the results. As depicted in Figure [7]
deterministic behavior on the same machine can be achieved by setting fixed random
seeds, using a consistent Python and software environment, and selecting deterministic
algorithm implementations when supported. Despite these operations, nondeterministic
behavior may still occur due to the following factors that cannot be fully controlled in
cross-environment reproduction. One of the primary causes for this is floating-point
non-associativity [12, [13], which causes numerical differences depending on the order
of arithmetic operations. GPU acceleration introduces additional variation due to non-
deterministic kernel execution in parallel reductions. Hardware model differences across
systems also lead to inconsistencies, even when the software stack remains the same.
These factors together limit the extent to which deep learning workflows can produce
deterministic results across arbitrary machines. Based on our findings, we provide a set
of recommendations for enforcing determinism and reproducible results:

Set random seeds for all stochastic operations, including data shuffling, weight
initialization, and dropout layers.

Disable non-deterministic algorithms by enabling deterministic flags in the deep
learning framework when available (e.g., torch.use_deterministic_algorithms
in PyTorch), and avoid using layers or components that lack deterministic
implementations.

Lock software versions including the Python runtime, deep learning framework,
associated dependencies, and system-level support libraries such as CUDA, as much
as possible to minimize variation caused by software stacks.

Explicitly log hardware configurations such as GPU hardware models, to docu-
ment potential sources of numerical differences and support reproducibility.

Expect numerical differences when running end-to-end training and testing across
different machines, as most non-determinism is introduced during the training or
fine-tuning process. Model inference on pre-trained models is expected to show
negligible cross-environment variation.

A natural direction for future work is to extend this analysis to other scientific
ML workflows that accelerate materials discovery beyond regression tasks, including
high-throughput screening surrogates and inverse design pipelines based on generative
Al In particular, property-conditioned generative models and closed-loop optimization
frameworks may exhibit different levels of sensitivity to small numerical perturbations,
as minor shifts in prediction scores can influence candidate ranking and selection. Such
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investigations would provide a more comprehensive understanding of how numerical
discrepancies propagate through end-to-end ML-based materials discovery pipelines.

5. Data Availability

The datasets used in this paper are publicly available from the corresponding websites-
MP4 from https://materialsproject.org/, JARVIS from https://jarvis.nist.gov.

6. Code Availability

The codebase used in this study to perform deterministic analysis is available at
https://github.com/Jonathanlyj/Deterministic_Hybrid-LLM-GNN.
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