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Abstract. A parallel GNN architecture is proposed to solve the problems of large computation and poor scalability in
molecular property prediction of large-scale chemical databases. This study uses data-level and model-level parallel methods,
distributed training and memory optimization methods to learn graph-structured molecular data. To make GNN training as
efficient as possible on heterogeneous datasets on multi-node GPU clusters, we optimize graph batching, adaptive sampling,
workload balancing, and communication-efficient synchronization. According to the results of the standard chemical
benchmark experiment, the parallelized GNN obtained a great acceleration ratio, a small peak memory usage, and still had
a high prediction accuracy compared with the basic method. The comprehensive analysis analyzes how using better
partitioning and sampling techniques affects how many conversations and what is needed. In computational chemistry and
materials science, these distributed and parallel GNN methods seem to have good large-scale molecular prediction
capabilities.
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Introduction

The rapid growth of chemical databases, a result of high-throughput computation and high-throughput
experiments, is changing the way molecules are found and materials are made. Accurately predicting molecular
properties is now important in drugs, materials and pollution [1]. However, traditional ways of thinking, such as
using mathematical connectivity models to understand how different components in a drug work (quantitative
structure-activity relationship) or using simple computer learning concepts to understand how various things
interact with each other in nature, are still unable to understand complex interactions. To become good learners
of large and convoluted molecular data, increasingly large molecular datasets will require more powerful and
spacious computational settings algorithms [2].

Graph neural networks (GNNs) have emerged as an effective tool for predicting molecular properties [4] due to
their natural fit with the graph form of molecules. GNNs can learn node and edge representations to capture
local and global structural information through message passing architectures [5]. Despite these benefits, using
GNNs on large chemical databases poses significant computational challenges. Deeper networks with more
expressive power are needed, and all of these, and more, due to complexity, will lead to memory problems and
longer times to process data [6]. In practice, these factors limit the scalability of GNNs and prevent them from
being rapidly applied in commercial and academic settings where a large number of predictions are required
[7,8].
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This paper details the approach to predicting molecular properties from large chemical databases using a parallel
GNN architecture. To improve the computational speed and scalability, the state-of-the-art parallelization
techniques such as data-level and model-level parallelism, distributed training and memory optimization are
studied and implemented. Comprehensive experiments are conducted on some standard chemical datasets. The
results show that the parallelized GNN can be both much faster and more accurate in prediction. Significant
progress has been made in the field of molecular informatics, with the proposal of large-scale chemical analysis
as a scalable method for the practical application of GNNs.

Related Work

Graph Neural Networks for Molecular Data

Since molecular data is a kind of chemical data with natural graph structure, graph neural network (GNN) is very
suitable for processing molecular data. GNNs allow molecules to be directly treated as graphs, where atoms and
bonds are represented as nodes and edges, respectively. This allows molecules to be directly processed as
graphs, unlike traditional machine learning methods based on hand-crafted molecular descriptors. Due to this
structural alignment, GNNs can extract local and global features through an iterative process of message passing
and node aggregation [9]. As a result, GNNs have outperformed traditional descriptor-driven models in
predicting molecular properties such as solubility, toxicity, and bioactivity. [10].

In recent years, many different molecular learning GNN architectures have emerged. Different MPNN variants,
GAT variants, and GIN variants capture different amounts of chemical information. Because these models
recursively collect data from nearby nodes and edges, they are well-suited to describing important chemical
environments that are difficult to distinguish. In the field of computational chemistry and drug discovery
pipelines, the ability of GNNs to model complex molecular interactions without explicit feature engineering is at
the forefront.

Challenges in Large-Scale Molecular Property Prediction

Applying GNNs to large-scale molecular datasets is not without algorithmic and computational challenges. Public
chemical repositories such as PubChem, ChEMBL, and ZINC store millions to hundreds of millions of distinct
chemical substances. These chemicals vary in molecular size, topology, and chemical functional groups [11]. This
heterogeneity poses a barrier to computational load. In addition, it is challenging to create a model that is widely
used in different molecular scaffolds. The dynamic and unstable structure of molecular graphs also requires
personalized data loading and batch processing, as well as memory management methods to ensure efficient
training and reasoning [12].

Then, when more complex models are used, the problems become more serious, such as whether scaling up is
effective. Deeper GNN architectures can become over-smoothed, which causes node representations to become
indistinguishable from each other and leads to vanishing gradients. Table 1 shows that the scale and diversity of
modern chemistry datasets make the situation worse, as molecules of various sizes and structures need to be
considered. To address this, better memory optimization and efficient dynamic mini-batching and graph
sampling are needed. The high throughput requirements of modern drug discovery and materials search require
inference pipelines to be not only accurate but also able to process millions of molecules in minutes [13]. To
achieve this, algorithms and systems must be continuously improved.

Table 1. Statistics of Large-Scale Chemical Datasets

Dataset Number of Molecules | Median Nodes per Molecule | Median Edges per Molecule Main Property Types
PubChem >110 million 24 26 Bioactivity; Physicochemical
ChEMBL >2 million 29 32 Drug-likeness; Activity
ZINC >230 million 23 25 Lead-likeness; Reactivity
QM9 134,000 9 8 Quantum properties
OGB-MolPCBA 437,929 26 28 Bioactivity (128 tasks)

Predicting molecular properties presents a variety of opportunities and computational hurdles in today's era of
diverse and large chemical datasets. Due to the diversity in size, structure, and property types of molecules,
structural types, and property types, we need to select machines with acceptable data bias of different
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distributions. As chemical databases increase, models need to learn and generalize across a wide chemical space.
Therefore, the importance of graph neural network architecture size is evident, being able to handle both large
and small molecules well. In addition, having methods to quickly process large amounts of data is critical to
determining the correct property outcomes and accelerating discovery times, such as in drug manufacturing.
Current advances in data preparation, feature creation and graph representation are important to ensure that
computer models become larger and more diverse in the types of chemical information they can handle.

Parallel and Distributed Machine Learning in Chemistry

Scaling GNNs to large industrial chemical datasets requires parallel distributed machine learning approaches.
Model parallelism splits the neural network into different devices or nodes, while data parallelism allows
simultaneous training on multiple data shards [14]. Frameworks such as DeepSpeed and Horovod enable us to
train large GNNs in GPU clusters, which helps reduce training wall-clock time and memory bottlenecks
[15].These are critical for handling all the computations for predicting contemporary molecular properties.

However, parallelizing GNNs with chemicals brings new technical challenges. The inseparability of data and
model updates, and the irregular and dynamic nature of data structures and data, lead to load imbalance and
communication. To achieve efficient distributed training, it is necessary to consider the graph partitioning
algorithm, the memory consistency protocol, and which elements the model architecture interacts with.
Hardware. Research into these issues remains very active, as deep learning is essential to unlocking the full
potential of large, complex molecules [16].

Parallelization Strategies and Algorithmic Optimizations

Data-Level and Model-Level Parallelism

Scaling GNN computation requires parallelizing large molecular datasets. Data-level parallelism distributes
independent training samples (e.g., molecular graphs) to multiple processing units. The former approach will be
effective when the sample dataset is huge and the computational load of each sample is fairly balanced. Instead,
model-level parallelism assigns different layers or parts of the GNN architecture to specific devices. This is
especially important for memory-intensive models that exceed the depth of a single device [17]. Figure 1 shows
the conceptual difference between model-level parallelism and data-level parallelism for GNNs operating on
molecular graphs.
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Figure 1. Comparison between data-level and model-level parallelism for GNNs.
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The scalability and efficiency of chemical graph neural network training are affected by the differences between
data-level and model-level parallelism. Data-level parallelism is excellent when the dataset is large and relatively
uniform; each compute node bears the same workload, and scaling is easy. On the contrary, model-level
parallelism is necessary to train more complex and memory-intensive architectures, as single-device memory is
becoming increasingly scarce. By assigning different parts of the network to devices, the latest GNN models can
be created and used to complete very complex molecular prediction tasks. Most importantly, the most effective
parallelization strategy often depends on the size of the dataset, the variance of the graphs, and the depth of
the network. Resource and quantity transfer can also be improved by changing the mixed strategy of data and
model segmentation ratio.

The following is an example of data-level parallelism. Suppose the dataset D is divided into n partitions, which
are Dy, D,, ..., D, and each partition is independently processed on n devices:

For each device i € {1, ...,n}: 0; « Update(6;, D;) Eq. (1)
InEq.(1), 8; denotes the model parameters on device i. Periodic synchronization steps ensure consistency across
devices. Model-level parallelism, on the other hand, maps layers Ly, L,, ..., L to different devices. The forward
and backward passes are pipelined across devices, which can be represented as Eq.(2):

WD — £O(R®), where f© executes on device d, Eq. (2)
This structure can train larger GNNs while keeping the device memory limit [18]. As the complexity and
expressiveness of graph neural networks increase, horizontal model parallelism becomes more and more timely.
With the deepening of the research on network architecture and molecular features, the blocks of this model
can be distributed on multiple devices. This allows us to push the depth and width of the model further than
ever before, capturing huge, sprawling molecular structural features and long-range dependencies.

Distributed Training Frameworks

To be able to effectively train large-scale parallel GNNs, a powerful distributed training platform is needed. These
frameworks help different devices communicate with each other, determine which parts of the data and model
are handed over, and decide when to synchronize everything. Well-known frameworks such as DeepSpeed and
Horovod also support data parallelism and hybrid methods, which can be scaled to hundreds of GPUs or even
distributed clusters [19]. Figure 2 shows the detailed image of the distributed GNN training system. It shows how
data, model parameters and gradients flow in the system.
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Figure 2. System architecture of distributed GNN training across multiple compute nodes.
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Distributed GNN training systems are built to maximize computational throughput and communication
efficiency. To address the inherent scaling issues in deep learning molecular prediction, these systems
coordinate data flow, parameter synchronization, and gradient updates across multiple compute nodes. Keeping
everything consistent and convergent in a distributed training setup requires synchronization barriers and good
communication protocols. The inter-node bottleneck problem will be greatly improved by using some more
advanced optimizers such as gradient compression and asynchronous update. Modern flexible distributed
frameworks can easily adapt to various hardware environments, from small clusters to large clouds. Finally, the
effectiveness of distributed training depends on finding a balance between parallel computation and
communication overhead. In this case, it is necessary to use a very efficient GNN model to quickly analyze large
and complex chemical datasets. The mathematical form of a typical distributed training step is as follows:

n
1
0<0-n -;Z VoL(D;; 6) Eq. (3)
i=1
In Eq.(3), n is the learning rate, L is the loss function, and D; represents the data partition on device i.
Synchronization barriers are inserted at each step to ensure that parameter updates are consistent across the

distributed system.

In real life, the speed of distributed training is limited by the cost of passing gradients. Gradients compression
and asynchronous updates strategies are often used to solve the bottleneck problem [20].

Efficient Graph Batching, Sampling, and Memory Optimization

Parallelizing GNNs is difficult for large irregular molecular graphs. Graph batching groups multiple graphs into a
batch for computation, which helps vectorize operations and better GPU utilization. However, the variation in
graph sizes can lead to padding and memory fragmentation. Efficient batching methods sort graphs by topology
or size to reduce padding and balance workload [21]. Sampling methods such as subgraph extraction or neighbor
sampling reduce the amount of computation required for each batch by using representative substructures.

N.® ~ sampleNeighbors(v, s), h{™ — & (W(D - AGG ({hs):u €

Nv(l)}))

In Eq.(4), at the [ layer, the sampling neighborhood of node v is]\fv(l), the sampling size is s, the activation
function is o, and the aggregation operator is AGG[22]. Techniques such as mixed precision training,
checkpointing, and efficient tensor representation help with memory optimization. The memory footprint M of
a batch can be approximated as Eq.(5):

Eq. (4)

B
M=) (il dy + 5] d) €. (5)
i=1

B is the batch size, |V;| and IE_l-I are the numbers of nodes and edges in graph i, and d,, d, are the dimensions
of node and edge features.

For the speed and size of GNN-based molecular property prediction systems, deciding which batching and
sampling strategy to use is critical. So as long as you add a lot of MolGraphs, these GPUs will start to do more
and align with each other, except for the natural differences in size and the location of the connection points.
As a result, you sometimes get more memory padding, and in some mini-batches, some do more work than
others. Unlike other sampling methods such as neighbor, layer, and subgraph sampling, the model is able to
focus the computation on more important graph substructures. This is done to avoid memory and computation
waste. However, without proper tuning, important long-range connections may be missed, increasing the
sampling cost. Sampling, partitioning, and batching are trade-offs in terms of throughput and accuracy for large-
scale GNN training.

Figure 3 shows the quantitative comparison of sampling efficiency and batch processing efficiency of different
graph partitioning schemes. The GPU utilization and average batch memory usage are shown. Sampling
redundancy by using bar graphs. The structure-aware approach was found to be worthwhile for large-scale GNN
training on large and diverse molecular data when the topology-aware partitioning reduced the amount of
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sampling redundancy and memory usage. Optimal partitioning improves computational throughput, reduces
wasted resources, and supports the application of parallel GNN architectures in large-scale cheminformatics’.
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Figure 3. Comparison of batching and sampling efficiency across different graph partitioning strategies.
(a) GPU utilization under five partitioning strategies, using blue gradient colors. (b) Average batch memory usage (GB), showing memory
decrease with advanced partitioning. (c) Normalized sampling redundancy, where structure-aware and hybrid strategies yield the lowest
redundancy.

Maximizing the performance of GNNs on large heterogeneous chemical datasets requires efficient sampling and
batching. Choosing the appropriate batching strategy affects GPU memory footprint, training convergence, and
utilization efficiency. For example, neighbor sampling or subgraph sampling helps the model to focus its
computational power on the graph, which is considered to contain the most information. As a result, the
computation converges faster and some computations are no longer necessary. However, care must be taken
to account for any important long-range dependencies in the molecular graph. The graph structure can improve
processing speed and model accuracy when dealing with different molecular skeletons. As the things discovered
in chemistry become larger and more complex, these data processing methods need to be constantly improved
to build larger and better GNN pipelines. Incorporating domain knowledge and adaptively tuning sampling
parameters seem to be good ways to predict and improve efficiency.

Load Balancing and Communication Overhead

In a large-scale distributed training environment, the computation speed of graph neural networks largely
depends on how we distribute all computation tasks to different parts of a set of machines that can help. Due
to the size and complexity differences of molecular graphs, simple or static partitioning strategies are often not
effective; some devices handle too large graphs, while others are underutilized. Therefore, a dynamic load
balancing is needed to ensure that the number and amount of computation of the computation graph and each
computation node can obtain an equal part from the entire workload. Advanced scheduling algorithms can
monitor device usage in real time and move tasks when needed. This makes it possible to avoid bottlenecks and
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maximize the use of everything you have. When you have hundreds of GPUs or distributed pieces of a computer
system, good load balancing helps optimize the hardware and provides more stable and predictable training
dynamics. With this approach, parallel training of GNNs provides the basis for scale and speed.

To achieve the best results in parallel distributed training of GNNSs, it is necessary to achieve a proper balance of
load and reduce communication costs at the same time. The workload imbalance of each device will lead to the
waste of computing resources and the decline of performance. The load L; on device i can be estimated as

Eq.(6):
L= (V]-e+]5] <) £, (6

JjED;
where ¢, and ¢, are the per-node and per-edge computation costs, and D; is the set of graphs assigned to device
i. The efficiency E of parallel execution is impacted by the maximum load across devices, Eq.(7):

i1 Li
See— miaXLi Eq. (7)

Communication overhead, particularly in distributed settings, is a primary source of scaling inefficiency. The total
communication time T, is often modeled as, Eq.(8):

Teommn —a@+B-S Eqg. (8)
a is the latency per message, f is the transfer cost per byte, and S is the size of the synchronized data [23].
Balancing these factors is essential for maintaining high throughput as system scale increases.

Experimental Design and Evaluation Datasets, Implementation, and Baselines

Datasets, Implementation, and Baselines

The gains are attributed to the algorithm rather than experimental noise by using a state-of-the-art distributed
training framework and systematic hyperparameter tuning. The study lays a solid foundation for determining
the scale and effect of parallel GNNs, and provides useful suggestions for more research on using computers to
observe molecules. Our experiments will use benchmark chemical datasets such as PubChem, ChEMBL, ZINC,
and OGB-MolPCBA. All datasets were processed with molecular graph representation and feature normalization.
Horovod was used for grid search on a multi-node GPU cluster. The GNN was parallelized and then compared
with Cluster-GCN, Vanilla GCN, and GraphSAGE under the same settings. Communication, RAM, AUC-ROC,
speedup ratio, and RMSE are used to evaluate the performance. Table 2 summarizes the comparison results,
which prove that the method in this paper is more accurate.

Table 2. Comparative performance of mainstream methods and the proposed approach across chemical datasets.

Method RMSE AUC-ROC Speedup Ratio Peak Memory (GB) Comm. Overhead (s)
GCN 0.621 0.812 1.0 18.2 -
GraphSAGE 0.597 0.825 1.2 17.7 -
Cluster-GCN 0.580 0.834 2.8 14.1 -
Ours (Parallel) 0.561 0.846 6.5 8.9 1.3

Scalability and System Efficiency

Scalability was evaluated by measuring the speedup ratio S, as the number of compute nodes N increases,Eq.(9):
T
Sr(N) — T Eq. (9)
N
Ty represents the training time on one node, and T; represents the training time on another node. As shown in
Figure 4, the method exhibits near-linear speedup as the number of nodes increases. However, the efficiency

gradually decreases as the number of nodes increases due to the increase in overhead.
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Figure 4. Speedup ratio as a function of compute node count (PNG).
(a) Speedup ratio compared to ideal linear scaling, with shaded area indicating deviation from perfect scaling.(b) Parallel efficiency,
showing the percentage of ideal speedup achieved at each scale, with color bands for efficiency regions.(c) Communication overhead
increases with node count, visualized as a step area plot.

Scalability remains an important part of computational chemistry workflows as more molecules are added to
databases, resulting in millions of different chemicals. The ability to make good use of distributed resources to
accelerate training will lead to faster cycles and more complete molecular screening. Near-linear speedup in a
distributed setting means lower talk time and even workloads. Both are critical to developing stable, high-
yielding models. This level of efficiency requires constant innovation as the number of compute nodes increases.
These innovations include workload partitioning, resource allocation tuning, and system-level tuning. In addition
to the hardware scalability issues, it also involves software architecture, algorithms, and methods for
preprocessing data. In the future, parallel GNN training may focus more on adaptive expansion mechanisms,
intelligent resource management, and close integration with multiple computing environments. This will make
these powerful large-scale molecular models more accessible.

In addition, communication costs and system memory efficiency are improved. Memory used when calculating
each maximum:

B
M= (il dy + 5] d) £q. (10)
=1

i=
From Eq.(10), B is the batch size, |V;| and |E;| denote the number of nodes and edges in each graph, and d,,, d,.
are the dimensions of node and edge features. Communication overhead T,,,,, Was modeled as:
Teommin —a@ + .8 S Eq. (11)

In Eg.(11), where S is the size of the synchronized data, « is the latency per message, and f8 is the transmission
cost per byte. Figure 5 shows the quantitative comparison of peak memory usage and inter-node communication
volume as the number of computing nodes increases. The results show that the distributed framework is more
memory-efficient, because the peak memory consumption of each node decreases sharply as the number of
nodes increases. However, the cost of synchronizing and transferring data becomes increasingly high due to the
sharp increase in communication costs for more than 16 nodes. This indicates that a balance between memory
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saving and communication cost is necessary in scaling up parallel GNN training for large-scale molecular property
prediction.

Area plot: Memory vs. Communication Radar plot: Normalized trend
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Figure 5. Comparison of peak memory usage and communication overhead across node counts (PNG).
(a) Area plot comparing the trends of peak memory usage and communication overhead as compute node count increases. (b) Radar plot
of normalized peak memory and communication overhead, revealing their contrasting scalability patterns in a circular scale. (c) Heatmap
visualizing absolute values of both metrics for each node count, enabling direct cross-metric and cross-scale comparison.

Prediction Performance and Case Analysis

To ensure the credibility and good results of graph neural network models in molecular property prediction,
rigorous evaluation must be performed. Due to the inevitable natural differences and complexities of different
chemical datasets, it is necessary to ask whether the correct answer can be given, and also to ask what the
expectations of the model are with the emergence of new types of molecules and new properties. By using a
variety of metrics, further insight can be gained into the strengths and weaknesses of the model. The RMSE and
MAE metrics provide information on the average amount of error that occurs in the predictions, and can provide
a sense of the type of systematic bias that may be present, as well as some random volatility. On the other hand,
AUC-ROC is useful in classification models, which helps to understand the ability of classification models to
distinguish different classes under different thresholds. By making the most of this data and spending a lot of
time planning experiments, researchers will be able to ensure that the models they create and build meet the
stringent standards required to apply these models in areas such as drug manufacturing, materials development
and other areas that require large amounts of data. Then, a thorough evaluation can help determine how the
algorithm should be improved next time and where it should be used in real life. RMSE, MAE, AUC-ROC are used
to evaluate the prediction performance. The regression loss function is as follows Eq.(12):

N
1 .
Lysg = NZ (i — 91)? Eq. (12)
i=1

For classification, the binary cross-entropy loss was Eq.(13):
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N
1
Lycg = _NZ [yilog (@) + (1 — ylog (1 — ;)] Eq. (13)
i=1
The AUC-ROC metric was computed as Eq.(14):
1
AUC — ROC = f TPR(FPR™(x))dx Eq. (14)
0

Figure 6 shows the structured comparison of AUC-ROC prediction accuracy of different GNN methods as the
number of computing nodes increases. In addition, GCN, GraphSAGE, and cluster-gcn only have a slight decrease
at a very large scale, while the effect after parallelization is the highest and most stable. In addition, the
scalability and robustness of the parallelization framework in large-scale tasks of molecular property prediction
are also proved.
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Figure 6. Accuracy vs. scalability for different GNN methods.
(a) AUC-ROC across node counts. (b) Radar plot of accuracy scalability. (c) Violin plot of prediction error distributions (MAE). (d) Heatmap
of AUC-ROC standard deviation. (e) Scatter plot of AUC-ROC vs. parallel efficiency.

To meet the practical application needs of GNN in molecular property prediction, it is crucial to maintain
authenticity under larger system scales. From the previous experimental results, the results are relatively stable
and more extensive, whether in the intensity of the batch size, the number of computing nodes, or the changes
in the collection of different data sets. The consistent high accuracy obtained in the extended experiment also
proves the success of memory optimization and parallelization strategies. This means that the efficiency
improvement brought by parallel and distributed training will not affect the scientific Ty and reliability of the
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model. When more complex and diverse chemical datasets emerge, it will make GNN models more adaptable
and interpretable. This will make it robust across a variety of chemical spaces and applications.

Figure 7 shows a quantitative comparison of predicted and experimental molecular property values for some
representative molecules in the test set. The parallel GNN model shows consistency for various structures of
compounds with low average error. The accuracy and robustness of the model, as well as its ability to identify
cases with the smallest and largest prediction errors, were also demonstrated. Therefore, it has important
practical significance for predicting molecular properties.
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Experimental @® Molecule Mol-4122 -~
B Predicted 91 Max Error Mol-2051 o
87 Min Error e
--— y=x L
Y6 15 81 /,.’r;lol-loza
© g e
i ° ,’MOIVSOZO
g g
2 44 5 /.Mol—3210
2 o -~
a & -
2 61 /'ﬁo\-use
0 54 /;‘-:Mol—1178
1023 (4118 905 (9210 4122 (4788 | 2020 5 6 7 8 9
Mo\ wo! wo! wot wo! wot ot Experimental Value
(a) (b)
Absolute prediction error Distribution of residuals
0.16 - MAE=0.07 3.01 [ Extreme Residuals
0.14 4
0.12
g
£0.10 o
9—4) =
% 0.08 - 5]
a
£ 0.06
0.04 -
0.02 -
0.00

Mol-1023 Mol-1178 Mol-2051 Mol-3210 Mol-4122 Mol-4788 Mol-5020 —0.05 0.00 0.05 0.10 0.15
Prediction Residual (Predicted - Experimental)

Figure 7. Case study results: Predicted vs. experimental molecular properties.
(a) Experimental and predicted values; best and worst predictions in orange. (b) Experimental vs. predicted scatter; extremes in orange. (c)
Absolute errors per molecule; min/max in orange. (d) Residuals histogram; extremes in orange.

The case studies use real-world molecular predictions to demonstrate the model's applicability beyond
traditional benchmarks. The model can impact molecular discovery and materials development because it
correctly predicts the experimentally measured properties of molecules that are structurally different and have
never been seen before. It is important how it works mathematically, but it has been tested very thoroughly
because it uses fairly good mathematics, and it is now available. Furthermore, in-depth analysis of individual
predictions will uncover model errors and point the way to training or architectural improvements. These
practical demonstrations give confidence in the scalability and robustness of this parallel GNN. It may find
applications in many high-impact areas such as environmental chemistry, catalyst discovery and drug design.

Ablation Study and Error Analysis

More of this type of research is needed, where each part of the training pipeline is taken apart one by one, so
that the function of each part can be understood more clearly. By gradually disabling or modifying certain parts,
such as advanced sampling methods, memory optimization methods, or communication processes, the direct
impact between prediction accuracy and computing power can be clearly seen. Hidden relationships or synergies
between different parts of the system were also discovered, and it was determined which optimizations would
have the greatest effect. Error analysis is used to assess the distribution and nature of prediction residuals. These
provide useful suggestions for improving the model structure and training methods. Knowing whether errors
only occur in specific molecular subtypes or property ranges will help make the necessary specific changes. To
make the proposed parallel GNN framework robust and suitable for large-scale deployment in complex chemical
analysis environments, rigorous ablation and error analysis must be performed.
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Ablation experiments illustrate the function of each optimization, and error analysis illustrates the remaining
performance differences. As an important indicator of classification evaluation, F1 score was computed as
Eqg.(15):

Precision - Recall

F1 Score — 2 — Eqg. (15)
Precision + Recall

Figure 8 shows the comprehensive quantitative evaluation of the ablation experiment. The results show that
the orange part has the largest accuracy drop, the largest prediction error increase, and the longest training
time, except for the advanced sampling or load balancing part. The model's efficiency and performance are also
helped by other optimizations, but these optimizations are less obvious. These findings suggest that we need all
of these for fast, high-accuracy, stable error distribution, and large-scale parallel GNN training.
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Figure 8. Ablation study: Impact of key optimizations on overall performance.
(a) AUC-ROC. (b) RMSE and MAE.; (c) Training speed (radar). (d) Impact on AUC-ROC (pie). (e) Prediction error distribution (boxplot). (f)
Training time.
Ablation studies and error analysis are needed to distinguish the work done by different parts of the system and
optimization techniques. By carefully evaluating the impact of each module, more impactful strategies can be

found to improve efficiency and accuracy. The results can help improve sampling and partitioning methods as
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well as memory management, especially when dealing with strange or rare molecular structures. It helps to
better understand how algorithm choices affect model performance, allowing us to build a broader GNN
framework. As parallel and distributed learning systems evolve, and to cope with increasingly complex
cheminformatics problems, continuous evaluation through ablation and error analysis will become best practice.

Conclusion and Outlook

In this study, we systematically explore the potential of parallel graph neural networks (GNNs) in accelerating
large-scale molecular property prediction. The core challenges in memory management, workload balancing,
and communication efficiency are addressed by designing and implementing a parallel GNN architecture suitable
for distributed GPU environments. The proposed framework is rigorously evaluated on a variety of chemical
datasets, and the results show that the parallel GNN can achieve near-linear acceleration with the increase of
computing resources, while greatly reducing the peak memory usage and communication overhead. Importantly,
these efficiency gains do not come at the cost of predictive accuracy, with consistently strong performance on
both regression and classification tasks compared to leading baseline models.

Our experimental analysis highlights several key findings. First, the efficient sampling and partitioning strategies
help ensure the balance of computation and the minimization of redundant data transfer, thus directly
improving the scalability. Second, the integration of advanced distributed memory techniques effectively
alleviates the bottlenecks associated with large-scale heterogeneous molecular graphs. Third, ablation studies
confirm that each optimization, from micro-batch scheduling to memory and communication management,
plays a critical role in achieving high throughput and robust model generalization. These results collectively
demonstrate that the proposed parallel GNN method is a powerful tool for accelerating large-scale complex
molecular analysis.

Looking ahead, the benefits of parallel GNNs will extend far beyond traditional molecular property prediction.
As the size and complexity of molecular datasets continue to grow, the ability to efficiently leverage large-scale
computing infrastructure will become increasingly important for discovering novel compounds, optimizing drug
candidates, and advancing materials science. Future work will focus on incorporating domain-specific chemical
knowledge into the GNN learning process, further reducing distributed training overhead, and extending these
methods to a broader class of graph-structured data. In summary, this study provides strong evidence for the
transformative impact of scalable parallel GNNs in computational chemistry, laying a solid foundation for the
next generation of molecular discovery and design.
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