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1. INTRODUCTION

The current era of technological advancement is marked by the widespread adoption of artificial
intelligence, particularly deep learning, across various domains [1]. This trend is fuelled by the explosive
growth of data—projected to reach 181 zettabytes by 2025 [2]—as well as rapid advancements in hardware,
notably GPUs, and their supporting software ecosystems [3]. To solve increasingly complex problems, deep
learning models have grown in size and depth, with architectures comprising millions to billions of parameters
designed to capture intricate features and achieve superior accuracy [4]. However, this progress has introduced
significant computational challenges, particularly prolonged training times and limited GPU memory capacity
[5]. Training massive models on large datasets can take days or even weeks [6]. When the model size exceeds
the memory capacity of a single GPU, training becomes infeasible without specialized strategies.

To address these limitations, distributed training using multiple GPUs has become the standard
solution. Several strategies have emerged, including data parallelism, model parallelism, and pipeline
parallelism [7]. This study focuses on hybrid parallelism, a method that combines data parallelism (to handle
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large volumes of data) with pipeline parallelism (to accommodate large models), aiming to improve both
scalability and training efficiency.

As a case study, we apply this approach to diabetic retinopathy (DR) classification using fundus retinal
images. DR is a complication of diabetes and a leading cause of preventable blindness when detected early [8].
With the number of DR cases projected to rise to 592 million by 2025 [9], the demand for fast and accurate
automated detection systems is critical. Thus, DR classification serves as a highly relevant and impactful test
case for evaluating distributed training strategies.

Previous studies have explored parallelism strategies for DR classification. However, many suffer
from limitations such as overly simplistic models, lack of baseline comparisons (e.g., single-GPU training), and
insufficient analysis of resource utilization and bottlenecks [7], [10]. This leaves a gap for a more
comprehensive understanding of parallelism effectiveness in real-world scenarios.

To address these gaps, this paper offers a comprehensive evaluation of hybrid parallelism performance
using the DenseNet-121 architecture. The main contributions of this study are:

— A quantitative analysis of the trade-off between training speedup and memory scalability in large-model
scenarios.

— GPU utilization analysis to identify communication and computation bottlenecks across strategies.

— A single-GPU baseline to provide a solid comparison point for evaluating the effectiveness of distributed
training.

Through this analysis, we aim to offer clearer guidance on when and why hybrid parallelism is an
appropriate strategy—particularly when the model exceeds the capacity of a single GPU. To our knowledge, no
prior work has systematically analyzed the impact of hybrid parallelism under heterogeneous GPU clusters for
DR classification.

2. METHOD
2.1. Dataset dan preprocessing

The dataset used in this study consists of human retinal images obtained from Aravind Eye Hospital
in India, released by the Asia Pacific Tele-Ophthalmology Society (APTOS) as part of the APTOS 2019
Blindness Detection competition on the Kaggle platform [10]. Each image is labeled according to the severity
level of DR ranging from 0 to 4: No DR (0), Mild (1), Moderate (2), Severe (3), and Proliferative DR (4).
Figure 1 illustrates visual examples for each class [11].

The dataset comprises 3,662 images with an imbalanced class distribution as shown in Table 1.
Prior to preprocessing, the dataset was split into a training set (80%) and a testing set (20%), a commonly
used ratio to preserve evaluation integrity. The preprocessing pipeline was applied differently to each subset.
To address class imbalance, data augmentation—including random oversampling to equalize the number of
samples per class—was applied only to the training set. The test set was left untouched to reflect real-world
data distribution [12]-[14].

No DR

Mild Moderate Severe Proliferative DR

Figure 1. Retinal images representing each DR severity class

Table 1. Class distribution of Aptos 2019 dataset

Training data

DR severity Before augmentation ~ After augmentation Testing data
0-NoDR 1444 1444 361
1-Mild 296 1444 74
2 — Moderate 799 1444 200
3 — Severe 154 1444 39
4 — Proliferative 236 1444 59
Total 2999 7220 733
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The preprocessing process consists of four main steps:
a) Cropping black borders to remove non-informative regions that may interfere with learning.
b) Applying the Benjamin Graham normalization technique to reduce illumination variance across images.
c) Resizing the longest side of each image to 512 pixels while preserving the aspect ratio.
d) Applying square padding to standardize the input dimensions.

Additionally, the training data was augmented using random transformations (horizontal/vertical
flips, rotations, brightness/contrast adjustments) to improve model generalization and prevent overfitting.

2.2. Deep learning model

This study employs the DenseNet-121 architecture, a convolutional neural network (CNN) sourced
from the PyTorch torchvision library. Densely connected convolutional networks (DenseNet) introduces
dense connectivity, where each layer receives input from all previous layers, encouraging feature reuse and
mitigating the vanishing gradient problem [15]. This dense connectivity is especially effective for medical
images, ensuring that low-level features (e.g., fine vessel structures or texture) are accessible to deeper layers
and aiding in the detection of subtle anomalies. The model was initialized with pretrained ImageNet weights
and fine-tuned on the APTOS dataset for this specific classification task.

2.3. Kubernetes cluster

For distributed training orchestration, this study uses a Kubernetes cluster, which automates
deployment, scaling, and container management. We adopted TorchX to simplify PyTorch job definitions
and used Volcano as the batch scheduler to efficiently allocate GPU resources. The hardware configuration
of the heterogeneous cluster is summarized in Table 2.

Table 2. Kubernetes cluster hardware configuration

Node Role/node name GPU configuration VRAM per GPU
Node-1 Master node/PCR - -
Node-2  Compute node/CN1 2x NVIDIA RTX 3070 8 GB
Node-3  Compute node/CN2  1x NVIDIA RTX3090, 1x NVIDIA RT X3090ti 24 GB
Node-4  Compute node/CN3 2x NVIDIA Quadro RT X 6000 24 GB

2.4. Data parallelism

To accelerate training, data parallelism was implemented using PyTorch’s torch.nn.parallel.
Distributed data parallel (DDP) module with AllIReduce synchronization architecture [16], [17]. The model is
replicated on each GPU, and each replica processes a different subset of the data in parallel. After the
backward pass, gradients are aggregated via AllReduce and averaged across replicas. Each replica then
updates the model weights independently using the averaged gradients, ensuring model consistency at the
end of every iteration [16], [18], [19].

2.5. Pipeline parallelism

We also implemented pipeline parallelism, enabling training of models that exceed single-GPU
memory capacity. This was achieved using the torch.distributed.pipeline.sync module in PyTorch. The
DenseNet-121 model was divided into two stages, executed sequentially, with the split performed after
transition layer 2 to balance compute and memory loads across the two GPUs. During training, each input
batch was split into micro-batches, which flowed through the pipeline to maximize GPU utilization and
enable training of larger models [20]-[22]. Figure 2 shows the DenseNet-121 architecture divided into two
parts. Stage 1 (on GPU 0) contains the initial layers up to transition 2 as shown in Figure 2(a). Stage 2
(on GPU 1) contains dense block 3 up to the classification layer as shown in Figure 2(b).

| Convolution H Paaling H Densa Block 1 H Transition Layer 1 H Dense Block 2 ]—I[Tmnsibnn Layer 2 |

(a)
[ Dense Block 3 ]—»[‘rransilion Layer 3 H Dense Block 4 J—»[ C'asf::;m" ]

(b)

Figure 2. DenseNet-121 in, (a) Stage 1: from input to transition layer 2 and (b) Stage 2: from dense block 3
to classification
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2.6. Hybrid parallelism

Hybrid parallelism combines both data and pipeline parallelism as shown in Figure 3. The pipelined
model is replicated across all compute nodes (data parallelism), and within each node, the two pipeline
stages are distributed across two GPUs (pipeline parallelism). Gradient synchronization via AllReduce
(data parallelism) occurs after each full forward-backward pass cycle within the pipeline. This approach
effectively distributes computational load and memory usage across the cluster [23]-[25].

This architecture as shown in Figure 3 effectively distributes both computation and memory usage
across the cluster. Each node contains a two-stage pipeline replicated across nodes, enabling concurrent data
processing while training a model that exceeds single-GPU memory limits.

Data Parallel Worker

- - [ ——]
Pipeline Worker Pipeline Worker Pipeline Worker

Figure 3. Hybrid parallel training across 3 compute nodes (pipeline + data parallelism)

2.7. Training

All training strategies used the same model architecture (DenseNet-121) initialized with pretrained
ImageNet weights. The Adam optimizer with a learning rate of 0.001 and cross-entropy loss function was
used throughout. To ensure fairness, weight updates were consistently performed every 30 samples across all
training strategies to balance GPU memory usage and avoid out-of-memory (OOM) errors.

The global batch size was fixed at 30 for all strategies. For single GPU and pipeline parallelism, the
full batch size of 30 was used. In data parallel and hybrid strategies, the batch size per replica was 30/N,
where N is the number of data replicas. In pipeline parallelism, each mini-batch was further split into
5 micro-batches, resulting in 6 samples per forward/backward pass, compatible with fixed update intervals
and pipeline execution. To clarify the configuration differences in each experimental scenario, Table 3
presents a summary of the training parameters used.

Table 3. Training configuration

Strategy # GPUs  Batch size per replica  Global batch size Update interval
Single GPU 1 30 30 30 samples
Data parallelism 2 15 (30/2) 30 30 samples
Pipeline parallelism 2 30 30 6 samples per microbatch
Hybrid parallelism 6 5 (30/6) 30 6 samples per microbatch

As shown in Table 3, the key point of this experimental design is to maintain a consistent global batch
size of 30 for all strategies. This ensures that the total volume of data processed before each model weight
update is the same, thus making the comparison of speed and performance between strategies fair and valid.
Model performance was evaluated using three metrics: accuracy, weighted F1-score, and quadratic weighted
kappa (QWK). Among these, QWK was considered the primary metric, as it is specifically designed for ordinal
classification tasks like DR grading. QWK penalizes severe misclassifications more heavily (e.g., predicting
“Severe” as “No DR”) than milder ones (e.g., predicting “Severe” as “Proliferative”).

3. RESULTS AND DISCUSSION
This section presents and analyzes the experimental results from two main aspects: the training time
efficiency of different parallelism strategies and the classification performance of the resulting models.

3.1. Training time efficiency analysis
We first examine ideal speedup performance, followed by an investigation of performance
degradation in heterogeneous and multi-node scenarios.
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3.1.1. Performance in homogeneous environments: ideal scenario

The initial experiments were conducted on node CN3, which has two identical GPUs (NVIDIA
Quadro RTX 6000), to establish an ideal performance baseline. As shown in Table 4, data parallelism
achieved an almost linear speedup of 1.9%, demonstrating high efficiency as expected. Pipeline parallelism
yielded a moderate speedup of 1.19x, though less efficient due to pipeline bubbles and synchronization
delays. Interestingly, the hybrid parallelism strategy that involved three nodes resulted in a slight slowdown
(0.99x) compared to the single-GPU baseline, an anomaly explored further in subsequent sections.

Table 4. Speedup on a homegeneous node (CN3)

Strategy Node and GPU configuration Speedup
Single GPU CN3 (1x NVIDIA Quadro RTX 6000) 1x
Data parallelism CN3 (2x NVIDIA Quadro RTX 6000) 1.9x
Pipeline parallelism CN3 (2x NVIDIA Quadro RTX 6000) 0.19x%
Hybrid parallelism CN1 (2x NVIDIA RTX 3070) 0.99%

CN2 (NVIDIA RTX 3090 and NVIDIA RTX 3090 Ti)
CN3 (2x NVIDIA Quadro RTX 6000)

3.1.2. Impact of hardware heterogeneity

The next scenario was run on node CN2, which contains two heterogeneous GPUs (RTX 3090 and
RTX 3090 Ti). As presented in Table 5, pipeline parallelism experienced a significant degradation in speed
with a slowdown of 0.86x%, contrary to expectations. This performance degradation is visually evident from
the GPU utilization profile in Figure 4, where large fluctuations are observed. The faster GPU frequently
waits for the slower GPU to finish its pipeline stage, creating pipeline bubbles and reducing efficiency as
shown in Figures 4(a) and 4(b).

Table 5. Speedup on a heterogeneous node (CN2)
Strategy Node and GPU configuration Speedup
Single GPU CN2 (NVIDIA RTX 3090 only) 1x
Data parallelism CN2 (NVIDIA RTX 3090 and NVIDIA RTX 3090 Ti) 1.56x%
Pipeline parallelism  CN2 (NVIDIA RTX 3090 and NVIDIA RTX 3090 Ti) 0.86x
Hybrid parallelism CN1 (2x NVIDIA RTX 3070) 0.67x
CN2 (NVIDIA RTX 3090 and NVIDIA RTX 3090 Ti)
CN3 (2x NVIDIA Quadro RTX 6000)
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Figure 4. GPU utilization in pipeline parallelism on, (a) CN3 and (b) CN2
In the hybrid configuration, this problem becomes even worse as heterogeneity exists across

multiple nodes, resulting in highly unstable GPU utilization patterns and further degradation. Figure 5 shows
this worst GPU utilization situation.
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Figure 5. GPU utilization in hybrid parallelism across CN1-CN3

3.1.3. Communication bottlenecks in multi-node setup

Mean
76.4%
87.3%

S$71%

75.6%
89.3%
83.9%

The noticeable slowdown in multi-node strategies (hybrid and inter-node DP) prompted a deeper
look into communication overhead. Table 6 compares intra-node data parallelism (on CN3) and inter-node
DP across CN1-CN3. Results indicate that inter-node data parallelism is up to 27% slower than intra-node
data parallelism due to synchronization delays. To confirm the cause, we measured GPU communication
latency across 1,000 trials, as summarized in Table 7. Intra-node latency via PCle is sub-millisecond, while

inter-node latency via Ethernet exceeds 18 ms, more than 20x slower.

Table 6. Speedup comparison: intra-node Vs. inter-node

Node and GPU configuration Speedup
CN3 (2x NVIDIA Quadro RTX 6000) 1x
CN2 (NVIDIA RTX 3090 Ti) and CN3 (NVIDIA Quadro RTX 6000) 0.73x
CN1 (NVIDIA RTX 3070), CN2 (NVIDIA RTX 3090 Ti), and CN3 (NVIDIA Quadro RTX 6000) 0.78x

Table 7. GPU communication latency (average of 1,000 trials)

Comm. pattern ~ From To  Avgerage time (ms)
Withinanode CN1 CN1 0.774

CN2 CN2 0.774

CN3 CN3 0.397
Across nodes CN1 CN2 18.917

CN2 CN3 18.908

CN3 CN1 18.150

3.1.4. Verifying the hypothesis by reducing nodes

To verify that inter-node communication latency was the main bottleneck, we reduced the hybrid
setup from three to two nodes (removing CN1). As shown in Table 8, performance improved by 5%,

confirming that network latency was a dominant limiting factor.

Table 8. Speedup after node reduction in the hybrid setup

Node and GPU configuration Speedup
CN1 (2x NVIDIA RTX 3070),
CN2 (NVIDIARTX 3090 and NVIDIA RTX 3090 Ti), and 1x
CN3 (2x NVIDIA Quadro RTX 6000)
CN2 (NVIDIARTX 3090 and NVIDIA RTX 3090 Ti) and 1.05x

CN3 (2x NVIDIA Quadro RTX 6000)
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3.2. Classification performance analysis

Following the efficiency analysis, we evaluated classification performance. Each strategy was
trained for 30 epochs, repeated 10 times, with identical initialization and shuffled data in each epoch.
Metrics are averaged over the final epoch from each run as shown in Table 9.

Table 9. Classification performance (10-run average)

Metrics
Strategy Validation accuracy QWK™  Weighted F1-score
Single 0.774 0.868 0.781
Data parallelism 0.737 0.861 0.749
Pipeline parallelism 0.776 0.869 0.781
Hybrid parallelism 0.777 0.874 0.784

") Quadratic Weighted Kappa

The results in Table 9 reveal an intriguing finding: the hybrid parallel strategy (Data parallel +
Pipeline parallel) achieved the highest classification performance across all key metrics, despite being the
least efficient in terms of training time. Models trained using single-GPU and data parallel strategies
demonstrated very competitive and closely similar performance. In contrast, the pipeline parallel strategy
consistently yielded the lowest performance among all configurations.

The superior performance of the hybrid-trained model can be attributed to several hypothetical
factors. First, training in a highly heterogeneous environment may serve as a form of implicit regularization,
preventing the model from overfitting to the computational characteristics of a single GPU architecture.
Second, the aggregation of gradients from replicas running at slightly different speeds and hardware
configurations may introduce beneficial noise into the weight update process—similar to noise-based
regularization techniques. These observations suggest a complex trade-off between training efficiency and
the potential regularization benefits introduced by a diverse, distributed system architecture. Such findings
emphasize that system-level heterogeneity, which is often viewed as a limitation, can act as an advantage for
enhancing model generalization under certain conditions.

3.3. Discussion
3.3.1. Hybrid strategy’s failure to improve speedup

The first and most prominent finding of this study is that the hybrid strategy, which combines data
and pipeline parallelism, failed to deliver the expected speedup. Specifically, the results presented in Table 4
and Table 5 indicate that the hybrid strategy executed on six GPUs was no faster (0.99x speedup vs. the
Quadro RTX 6000) or was even significantly slower (0.67x speedup vs. the RTX 3090) when compared to
training on a single GPU. Conversely, the highest speedup was achieved by a simple data parallel strategy on
two GPUs, which yielded a speedup between 1.56x and 1.9x. This finding directly addresses the finding
regarding computational efficiency.

This failure can be attributed to several interrelated factors. First, hardware heterogeneity proved to
be a primary obstacle for pipeline parallelism. As shown in Table 5, pipeline parallelism on a heterogeneous
node (CN2) resulted in a slowdown (0.86x speedup). This is supported by the visualization in Figure 4,
which reveals unstable GPU utilization. Faster GPUs were forced to wait for slower ones, creating significant
pipeline bubbles and negating the potential benefits of parallelization.

Second, the inter-node communication bottleneck emerged as the dominant limiting factor.
The analysis in Tables 6 and 7 quantitatively substantiates this: inter-node communication latency over
the external network was more than 20 times slower than intra-node communication via PCle. This
communication overhead occurs during each gradient synchronization cycle, drastically reducing the
efficiency of multi-node strategies such as the hybrid approach. This hypothesis was verified when the
removal of one node from the hybrid cluster resulted in a 5% increase in speed (see Table 8), thereby
isolating network latency as the principal cause.

3.3.2. Trade-off between efficiency and classification performance

Although computationally inefficient, the second key finding of this study is that the hybrid strategy
consistently yielded the best classification performance. The results in Table 9 show that the hybrid model
achieved the highest QWK score (0.8739), outperforming both the single-GPU (0.8675) and the data parallel
(0.8689) strategies.

This phenomenon highlights a complex trade-off between computational efficiency and model
accuracy. The superior performance of the hybrid model can be explained by the concept of implicit
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regularization. The training process in a highly heterogeneous environment with varying computational
speeds, GPU architectures, and communication latencies, likely introduces a form of beneficial “noise” into
the gradient update process. The aggregation of gradients from these slightly asynchronous replicas may act
as a regularizer, helping the model to escape sharp local minima and converge to a more generalizable
solution. This aligns with other research demonstrating that variations in distributed training processes can
enhance a model’s generalization capabilities [17]. Conversely, the pipeline parallel strategy, which suffered
the most from inefficiency (i.e., idle time), produced the lowest classification performance, indicating that
not all types of inefficiency confer a regularization benefit. This finding, indicating that the “fastest”
parallelization strategy does not necessarily yield the “best” model, which is a crucial consideration for deep
learning practitioners.

4.  CONCLUSION

The primary conclusion is that in a heterogeneous hardware environment, the hybrid strategy is
inefficient for accelerating training time. Bottlenecks caused by inter-node communication latency and
workload imbalances due to GPU heterogeneity significantly hinder potential speedup. A simple data parallel
strategy on a single homogeneous node proved to be a far more efficient approach. However, paradoxically,
the model trained with this inefficient hybrid strategy achieved the highest classification performance.
This phenomenon suggests that system heterogeneity may act as a form of implicit regularization, indirectly
enhancing the model’s generalization capability.

The implication of these findings is that deep learning practitioners must consider more than just
throughput or speedup when designing distributed training workflows. The choice of parallelization strategy
can directly impact final model accuracy, and the most computationally efficient architecture may not be the
one that yields the most accurate model. Limitations of this study include the use of a single model
architecture (DenseNet-121) and a specific dataset (APTOS 2019). The behavior of this trade-off may differ
with other architectures, such as Transformers, or with different data modalities.

Future research directions could focus on developing more intelligent and heterogeneity-aware
schedulers or synchronization mechanisms. Further research could also systematically investigate the
regularizing effects of varying levels of network latency and GPU heterogeneity to leverage them
intentionally, rather than as a side effect, for improving model performance.
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