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Training deep learning models is a repetitive and resource-intensive process. Data scientists often train several
models before landing on a set of parameters (e.g., hyper-parameter tuning) and model architecture (e.g., neural
architecture search), among other things that yield the highest accuracy. The computational efficiency of these
training tasks depends highly on how well the training data is supplied to the training process. The repetitive
nature of these tasks results in the same data processing pipelines running over and over, exacerbating the
need for and costs of computational resources.

In this paper, we present TENSORSOCKET to reduce the computational needs of deep learning training by
enabling simultaneous training processes to share the same data loader. TENSORSOCKET mitigates CPU-side
bottlenecks in cases where the collocated training workloads have high throughput on GPU, but are held back
by lower data-loading throughput on CPU. TENSORSOCKET achieves this by reducing redundant computations
and data duplication across collocated training processes and leveraging modern GPU-GPU interconnects.
While doing so, TENSORSOCKET is able to train and balance differently-sized models and serve multiple batch
sizes simultaneously and is hardware- and pipeline-agnostic in nature.

Our evaluation shows that TENSORSOCKET enables scenarios that are infeasible without data sharing,
increases training throughput by up to 100%, and when utilizing cloud instances, achieves cost savings of
50% by reducing the hardware resource needs on the CPU side. Furthermore, TENSORSOCKET outperforms
the state-of-the-art solutions for shared data loading such as CoorDL and Joader; it is easier to deploy and
maintain and either achieves higher or matches their throughput while requiring fewer CPU resources.
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1 Introduction

The process of training a deep learning (DL) model is computationally expensive, mandating the use
of powerful accelerators such as GPUs to match the computational needs. However, while the core
of the training process can naturally be accelerated this way for many DL models, some training
pipelines feature computationally expensive data pre-processing operations such as augmentation
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Fig. 1. Cloud instances by vCPU to GPU ratio of Amazon Web Services (AWS) [1], Microsoft Azure [33], &
Google Cloud Platform (GCP) [15]. The color scale denotes the number of instances offered with the specified
vCPU-GPU pairing.

and decoding [9]. Such operations often cause bottlenecks on the host-, or input-side of the training
pipeline, where the dominating processing unit is still the CPU [16, 21].

Compute offerings of cloud providers are popular for addressing the computational needs of
deep learning training thanks to their on-demand availability. On the other hand, the range of
CPU-to-GPU configurations is rather limited, as shown in Figure 1. Furthermore, an instance with
a high vCPU to GPU ratio can cost up to 16 times as much as an instance with minimal vCPU count
with the same GPU [1]. This high trade-off for the need for more CPU availability, combined with
the wide range of DL workloads and their differing computational requirements, lead to several
bottlenecks [32, 35, 36]. Specifically, DL training processes that are bottlenecked by their input
processing render expensive high-performance accelerators underutilized [22, 64]. In turn, this
wastes both CPU and GPU resources. Underutilization of cloud resources is financially wasteful
for everyone as compute that has been paid for is not used effectively. Furthermore, it creates an
unsustainable carbon footprint in order to address the demand for Al [3, 12, 45, 51, 55, 60].

In practice, it is common to train several models to accomplish a task. The feasibility of DL
models heavily depends on finding a model architecture (neural architecture search) or a set of
parameters (hyper-parameter tuning) that responds well to the data. This results in model training
scenarios that exhibit shared tasks, especially in their input pipelines.

There has been recent work that has proposed ways to leverage such shared tasks [4, 24, 35, 66]
and effectively demonstrated the premise of sharing. On the other hand, these works either focus
on the cloud scale, paying less attention to the finer-grained cooperation across training processes
on the same server, or put a heavy burden on the CPU resources, essentially locking the CPU into
being a data feeder for a hardware accelerator instead of facilitating efficient resource utilization.

In this paper, we draw inspiration from these prior works on data sharing across DL training
tasks in addition to the work on database systems that leverage the shared work done across
concurrent database requests [14, 19, 47, 58]. Our goal is to increase opportunities for work sharing
and collocation across DL training jobs while minimizing the hardware resource requirements
for such jobs. Rather than viewing these jobs as big monolithic isolated tasks that have to get
scheduled exclusively on some CPU and GPU resources, we propose TENSORSOCKET, a novel data
loader that is shared across models being trained on the same dataset. TENSORSOCKET turns the
competition for data and hardware resources into a cooperation allowing for more effective workload
collocation across concurrent training tasks. As a result, it alleviates resource underutilization and
the aggregate costs of DL model training.
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(a) Conventional DL input pipeline. (b) Shared input pipeline with TENSORSOCKET.
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Fig. 2. Collocated DL model training (a) without sharing the data loader and (b) with sharing the data loader
using TENSORSOCKET. The arrows denote the flow of data from storage to training processes. The shared data
loading process (producer) is shown in yellow, and the training processes (consumers) in blue.

Our contributions are as follows:

e We present the design and implementation of a novel data loader, TENSORSOCKET, that enables
work and data sharing across collocated models training on the same dataset by detaching the
data loading pipeline from the training process. TENSORSOCKET employs techniques such as
batch buffering and flexible batch sizing to support models joining at different times, models of
varying complexity, and different batch sizes and order across models as the collocated training
process continues.

e We demonstrate how to adopt TENSORSOCKET as an alternative data loader in training pipelines
implemented in PyTorch [44] in a plug-and-play manner and evaluate its benefits across a
variety of training scenarios (image analysis, audio classification, generative Al) and hardware
setups (powerful on-premises hardware, different cloud offerings). Our evaluation shows that
TENSORSOCKET enables scenarios that are infeasible without data sharing, doubles training
throughput for some scenarios, and, most importantly, when utilizing cloud instances, can
halve the cloud costs by reducing the CPU needs by up to four times.

e We compare TENSORSOCKET to the state-of-the-art techniques for shared data loading, CoorDL
[35] and Joader [66], and demonstrate that TENSORSOCKET either outperforms or matches their
training throughput while requiring less CPU resources and lower deployment effort.

The rest of this paper is structured as follows. Section 2 gives an overview of data loading in DL
model training, before Section 3 presents TENSORSOCKET and motivates concrete use case scenarios
for it. Then, Section 4 demonstrates the multi-dimensional benefits of TENSORSOCKET over a variety
of training pipelines and hardware setups, and Section 5 discusses its further applicability. Finally,
Section 6 surveys related work, and Section 7 concludes the paper.

2 Data Loading in Deep Learning

Characteristics and bottlenecks. Figure 2a shows the different training processes that deal with
reading and transforming data. In general, a DL training process consists of a model configuration, a
dataset partitioned for training and validation, and a training loop. The training process iterates over
the full training partition of the dataset for a number of times, specified as epochs. The data loader is
tasked with fetching and readying the data for the model to train on. During each iteration, a batch
of data is prepared from either disk or memory. This preparation includes fetching, decoding, and
transforming the samples. Furthermore, data may be augmented in order to improve the accuracy
of models trained on it and their ability to generalize to future unseen data [9, 61].
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Decoding, transforming, and augmenting data are all steps that handle and modify data during
training and are collectively called data pre-processing operations. The more extensive the pre-
processing, the higher the computational overhead during training, potentially introducing input-
bound bottlenecks. In some real-world training, these operations can amount to half of the energy
costs [72].

Furthermore, even though the data used for training is in fast local storage, such as main-
memory or SSDs, this data commonly exceeds memory capacity. The result is that the data has to
be repeatedly read from disk, swapping out the data that has already been trained on. The damage
done by this swapping and OS thrashing depends on how much data can fit in memory as well as
the storage backend. This introduces I/O as a potential bottleneck on the critical path [35].

Alleviating the bottlenecks. Data loaders can be configured to alleviate problems that may
arise due to inadequate host-side resources that result in the training process idling the GPU [36].
For example, pre-fetching overlaps the work done for data preparation with model training by
reading and processing data prior to when it is required during training. Similarly, scaling up the
number of workers contributing to reading and pre-processing the data can help hide the input
bottlenecks in training. While increasing the worker count does not speed up the pre-processing
time of individual batches, it does increase the total batch throughput that can be fed to the model
training. On the other hand, a high degree of pre-fetching and parallel workers incur higher host-
side CPU utilization and memory consumption, increasing the resource cost and potentially causing
contention for resources at the host side.

If the CPU is fully utilized while the GPU is not, another option is to offload pre-processing
operations to the GPU. Tools like NVIDIA DALI [41] or techniques like FusionFlow [26] and
FastFlow [59] offer methods for resolving data loading bottlenecks that may arise in such scenarios.
However, offloading pre-processing to the GPU reserves compute resources that could otherwise
be used for training the model itself and should therefore be done with care.

Opportunities for sharing. Developing an effective DL model often requires multiple models to
be trained and evaluated in quick succession over the same or similar datasets. Model selection is a
common practice where model architectures and training configurations are empirically compared.
Hyper-parameter tuning evaluates different hyper-parameter settings, such as learning rate, weight
decay, and optimizer settings. These types of tasks are essential for landing on the best performing
model [29, 30, 37, 46], as the range of different model architectures and hyper-parameters available
increase with the introduction of new models.

Our goal is to propose a mechanism to alleviate the data loading bottlenecks in deep learning
training that is complementary to the ones listed above. More specifically, motivated by the
repetitive nature of tasks during the model search and hyper-parameter tuning for deep learning
training, we would like to leverage the shared data and work required by these tasks. In our solution,
TENSORSOCKET, we aim to dedicate the maximum amount of GPU resources to the training loop itself
and minimize CPU resource requirements for data loading. Furthermore, by extending existing
data loader implementations instead of replacing them, our solution is compatible with other
optimizations that can be done for data pre-processing.

State-of-the-art sharing techniques. Motivated by these opportunities for sharing, prior work
has also advocated for data sharing in DL [4, 24, 35, 66]. Here, we more specifically detail the
proposals that are closest to TENSORSOCKET, which we also compare TENSORSOCKET against in
Section 4.

CoorDL [35] is an extension to NVIDIA DALI that coordinates data pre-processing. It is designed
for the cluster level and can be used to share data directly between training processes. It can
distribute a batch of data to any number of training processes in the cluster. Once all training
processes are done with the data, CoorDL continues to the next batch. CoorDL’s focus on the cluster
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level and design around DALI, however, surfaces some limitations. Firstly, CoorDL is designed
for models training on separate GPUs and cannot utilize leftover GPU compute power to train
multiple models on a single GPU in a collocated fashion. Secondly, CoorDL performs poorly when
the models that train simultaneously are not very similar, as in this case the models that are faster
have to wait for the slower ones. This rigid design also prevents CoorDL from being deployed as a
live service with training processes arriving at different moments. Thirdly, CoorDL requires the
data loading and pre-processing pipeline to be implemented in DALI, requiring substantial extra
engineering if the pipeline implementation is not already using DALIL Finally, the existing CoorDL
codebase [34], and the DS-Analyzer project around it, is written in Python 3.6, which has been
deprecated since 2021 by PyTorch and reached Python end-of-life in December that year.

Joader [66] is a standalone shared data loading solution that supports sharing over multiple
datasets. A server is configured in which all datasets have been registered. Training clients, also
known as jobs, then communicate with this server using RPC. Joader reduces CPU utilization by
having one server that does the data loading and pre-processing for multiple jobs, even if those
jobs require datasets that are not identical but just overlap. In the scenario where models train on
the same base dataset, this allows models to train at different speeds and still share part of their
data loading. Joader achieves this flexibility across different datasets through a technique called
dependent sampling. However, this sampling also comes with an important drawback; it requires
intersection calculations to run at every iteration, which adds a high CPU cost. Furthermore, Joader
only has a proof-of-concept implementation [67], which is written in Rust making it very difficult to
adapt existing deep learning training codebases to. Datasets have to be converted to the proprietary
format that Joader expects and only image data with specific parameterization is supported. There
is no support for a variety of image pre-processing operations other than the pipeline that is
hardcoded in Rust. Finally, data reaches the training jobs as NumPy matrices which require tensor
conversion and host-to-device transfer, and batching during training is not supported, which are
all detrimental to data loading and training performance.

Next, we delve deeper into TENSORSOCKET.

3 TENSORSOCKET

This section presents TENSORSOCKET!, our shared data loader that capitalizes on the redundancy
among similar but separate data loaders of collocated training processes. We propose a solution to
inefficient hardware utilization and resource wastage by minimizing redundant work and hardware
resource consumption while ensuring that downstream training processes are not impacted. By
detaching the data loading pipeline from each training process, we can merge several training
processes into a single data loading pipeline. This single data loader can expose the training data
for use in each collocated training process.

3.1 Overview

Figure 2b illustrates how our shared data loader works. The figure shows an example of three
collocated training processes, where, in yellow, the tasks of the producer are shown, and in blue,
the training process with the consumer is shown.

At its core, our system is composed of a producer and a number of consumers. The producer holds
a single data loading process along with some bookkeeping, while the consumers iterate on data
sent by the producer. This producer-consumer workflow can be swapped in place of DL training
framework-specific DatalLoader objects, such as the PyTorch DataLoader.

!https://github.com/itu-rad/tensorsocket
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# train.py (without TensorSocket)

data_loader = Dataloader(dataset)

for batch in data_loader: # Loop over dataset
# Model training iteration

(a) Conventional training script without TENSORSOCKET.

l

# producer.py

data_loader = Dataloader(dataset)

producer = TensorProducer(data_loader)

for _ in producer: # Loop over dataset, send data
pass

producer.join() # Clean-up

(b) TENSORSOCKET producer script.

# consumer.py (or train.py)

consumer = TensorConsumer ()

for batch in consumer: # Receive & loop over data
# Model training iteration

(c) TENSORSOCKET consumer script.

Fig. 3. Example TENSORSOCKET implementation requiring minimal code changes training for a single epoch.
The top listing depicts a standard model training script. The data loader is split from the main training process,
creating a producer process and a consumer process.

Given that the producer is the owner of the data loading pipeline as well as responsible for data
generation, it would be regressive to copy each batch of data into every collocated training process.
Instead, once the producer has prepared a batch of data, the consumers are all given the location of
the data batch to use in their respective processes. Every consumer has a queue that holds up to a
few of these locations. This introduces some flexibility to prevent training hiccups (e.g., a training
process falling behind during a batch) from interfering with the other training processes.

3.2 Design & Implementation

TENSORSOCKET is a library built around PyTorch as it is the most widely used deep learning
framework available. A crucial limitation common in other data sharing solutions [35, 66] discussed
in Section 2 is that the solution itself implements the complete data loader. This limits the adoption as
it requires the user to adapt to the specific codebase, in addition to the library version dependencies,
of that solution. We prevent these shortcomings by setting TENSORSOCKET up as a wrapper around
data loaders implemented in PyTorch instead of a separate data loader itself. This ensures out-of-the-
box compatibility with any PyTorch training script, e.g. ones that use PyTorch or Hugging Face data
loaders. While this means that the current implementation is PyTorch specific, implementations of
similar wrappers for other frameworks such as TensorFlow won’t be prohibitive as these frameworks
generally follow the same principles for data loading.

Figure 3 shows an example usage of TENSORSOCKET. Using TENSORSOCKET involves copying
the data loading logic of a training script to a separate producer script and adding a consumer
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Fig. 4. Overview of TENSORSOCKET’s internals. Arrows denote PyTorch tensor and pointer operations.

to the training script.2The PyTorch data loader is isolated to a different process and wrapped in
a TensorProducer, which is then iterated over similar to a conventional data loader. The training
process receives the data automatically by iterating over a TensorConsumer.

Figure 4 illustrates TENSORSOCKET’s key components and operations, which we detail next.

3.2.1 Producer. TENSORSOCKET splits data loading from training. The data loading producer be-
comes a server that can dynamically process and serve incoming consumer clients. A TENSORSOCKET
producer instance is initialized with a data loader object. It is exposed as an iterator that itself
iterates over the nested data loader it is initialized with. The producer repeatedly requests (0)
the contained data loader to fetch the data from disk. It will pause iterating over the data loader
whenever the consumers currently do not need extra data, notified by communication between the
producer and consumers. This can also be the case when there are no consumers present as in this
case there is no need for any data loading.

3.22 Consumer. Abstracting away the data loader into the producer allows the consumer to be
lightweight. As TENSORSOCKET s producer and consumer directly replace the data loading batch
iterator in the training script, the consumer similarly takes the form of an iterable object that
fetches new data @ whenever available. If there is no data available, the consumer halts and waits.
This design makes for a minimal one-line swap in training script code.

3.2.3 Communication. The communication between the producer and consumers is done using
ZeroMQ sockets. ZeroMQ is an open-source library that allows for sharing atomic messages with
low latency. In TENSORSOCKET’s case, we use ZeroMQ sockets for communication between the
producer and consumers using a PUB/SUB pattern [70]. This is a multicast pattern that is flexible
and scalable, allowing one producer to connect to multiple consumers.

The data is shared over these sockets by the producer. Once a consumer has fetched a readied
batch of data for use in training, it notifies the producer by sending an acknowledgment message
back to it, allowing for the producer to continuously keep the consumers fed new data. When
multiple consumers are training simultaneously, the producer will wait for an acknowledgment

2The full example can be found in our code repository at https://github.com/itu-rad/data- sharing.
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from all consumers before releasing a piece of data. This ensures that all consumers have iterated
on a batch before it is deleted.

Whenever data is shared with a consumer, the producer will store @ a reference to that data.
Once a consumer has finished a batch and moves on to the next, it will notify (6) the producer. The
producer will release the associated memory when all consumers are finished with it, allowing the
producer to ready the next batch.

Depending on the dataset and models, consumers may take a long time to go through their
training data batches. In order to be continuously aware of consumers, producers send and receive
heartbeat messages from their consumers over a different socket. The producer will detach from
consumers that it has not received a heartbeat from in a while.

3.24 Data sharing. Data sharing is at the heart of TENSORSOCKET. If the data sharing implementa-
tion is not efficient, it will become a bottleneck that would outweigh the benefits of sharing. There
are two ways data sharing can be done.

Some solutions share the data bytes directly with the training processes via inter-process com-
munication [66]. This surfaces some concerns regarding sharing efficiency and data duplication.
Increasing the size of the training data directly increases the size of the network messages in such a
solution, potentially leading to slowdowns. Furthermore, while the data loading itself is unified, the
resulting data is then duplicated for every client, spiking memory consumption and data movement
costs.

In TENSORSOCKET’s case, we share small packets containing pointers to the data instead of the
data itself. Following our earlier design philosophy, we heavily borrow from PyTorch’s existing
data management. PyTorch introduces Tensor objects which are data matrices, similar to NumPy
matrices, that contain all data that PyTorch runs on. While PyTorch is most commonly known as a
Python library, much of the internals such as Tensors are defined in C++. We can use this to our
advantage by extracting the data pointer and other necessary information. This pointer is then
shared by the producer to the consumers, which in turn use this data to reconstruct the Python
tensor object without any data duplication.

PyTorch as a library is heavily optimized for running with multiple threads as data workers and
on multiple GPUs and machines. The tensor implementation contains methods for dealing with
concurrency and distribution, including tensor rebuilding. By using this somewhat hidden PyTorch
functionality we can pack (3) and unpack (4) batch payloads of tensors.

Tensors in PyTorch hold data that can be on the host system (i.e., CPU), but can also be put on
the GPU. Transferring data to the GPU is a costly operation. By inheriting PyTorch tensor methods,
TENSORSOCKET can reconstruct tensors on both the CPU and GPU. This means that the producer
can put the data on the GPU once, after which all consumers collocated on that GPU can access it.
Furthermore, we can rely on PyTorch’s tensor management for our shared data. Tensors are kept
in memory as long as any of the producers or consumers hold a reference to it.

Finally, using the capabilities of frameworks such as PyTorch gives us access to fast GPU-to-GPU
communication methods like NVLink while sharing the tensors. This allows TENSORSOCKET to
efficiently share data even if the models train on different GPUs. Data is loaded on one of the GPUs
after which it is directly shared to the other GPUs with direct NVLink interconnects.

3.2.5 Synchronization. Considering that consumers may train different models and training is
stochastic, we should expect that consumers do not process a batch in identical time. This led us
to introduce a batch buffer on the consumer side. Instead of actively requesting the next batch
on iteration, consumers can hold up to N batches (i.e., pointers to the tensors of batches) in their
buffer. This allows for the producer to actively pre-fetch data, and for the consumers to drift at
most N batches apart. Both the buffering and the pre-fetching hide the latency of various parts of
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Fig. 5. TENsoRSockeT with flexible batch sizing training consumers with different batch sizes. The batch sizes
have been divided by their common multiple for clarity. The producer collates 16 data loader batches into
a single producer batch and then splits the producer batch into appropriate batches per consumer. These
consumers request batches of 4, 7, and 6 respectively. These batch sizes do not all divide 16 cleanly, which
results in a fraction of the data having to be repeated. The repeated amount of data points can vary between
batches; batch 1 and 2 repeat four while batch 3 repeats five.

the data loading pipeline. When designing this queue, we experimentally found that a buffer as
small as two batches is enough to provide maximum training throughput while training similar
tasks. Increasing the buffer size can be beneficial when training processes fluctuate more widely
in their speed. It should be noted that increasing the buffer size does increase the GPU memory
requirement of the system as more batches need to be kept on the GPU simultaneously.

While the buffering scheme described above relaxes the conditions for data sharing among the
consumers, TENSORSOCKET by design targets scenarios where the consumers train on the same
dataset at or around the same time. Therefore, the consumers have to be balanced in terms of
their training speed even if they do not process data in identical time. Whenever a process trains
too fast, the consumer iterator will automatically halt as there is no data available. This frees
up resources for other consumers to make up for the difference. In this case, the GPU can be
time-shared among the consumers. Modern GPUs enable this through services such as NVIDIA
multi-streams or Multi-Process Service (MPS) [50]. Especially, MPS allows efficient time and spatial
sharing of the GPU. The GPU sharing and inclusion of the consumer buffer allow to balance the
load of the consumers automatically, resulting in higher training throughput and GPU utilization.
As a result, TENSORSOCKET is able to train models efficiently, even when models diverge in terms
of complexity. GPU resources are allocated in such a way that the consumers go through the data
at the same rate.

Since the TENSORSOCKET producer acts as a server producing data for the consumers, we also
need to account for consumers that connect at different times. Once an epoch has already started,
any new consumers fall behind and have to wait for the next epoch to start training. We introduce
a leniency measure called rubberbanding to provide a window for consumers to join training. If a
consumer joins before 2% of the dataset has been iterated on in an epoch, the producer will halt all
other consumers to let that consumer synchronize. The percentage of the dataset that serves as the
cutoff point is configurable. We found that rubberbanding is an effective method for allowing users
to spawn multiple consumers without fear of them not joining fast enough.

3.2.6 Flexible Batch Sizing. By default, TENSORSOCKET restricts consumers to training on the same
batches at the same time, requiring all training processes to utilize the same batch size. We introduce
an alternative mode of operation to relax these constraints. Under flexible batch sizing, consumers
tell the producer what batch size the producer should supply them. The producer supplies batches
of different sizes to their respective consumers using the slicing properties of PyTorch tensors.
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Enabling flexible batch sizing is done by setting batch size arguments when initializing the producer
and the consumers, lines 2 in Figures 3b and 3c.

TENSORSOCKET directly share the pointers to the batch tensors under default operation. With
flexible batches, the producer and consumer batches are no longer the same. Instead, the producer
readies producer batches, which are larger than the batch sizes of the consumer. The producer batch
is allocated as a continuous block of memory on the GPU. Pointers to appropriate sliced batches
are sent to the consumers. This way, the consumers can train on varying batch sizes, while still
going through the data at the same rate.

Figure 5 illustrates flexible batch sizing in practice. In this example, the producer serves consumers
with requested batch sizes of 4, 7, and 6. The producer collates (1) the data it receives from the data
loader into producer batch sizes of 16. These batches are then sliced (3) appropriately for every
consumer.

When the consumer batch sizes do not cleanly divide the producer batch size, a share of data has
to be repeated between producer batches. The amount of repeated data for a producer batch can be
up to (not including) the largest consumer batch size max{b.} — 1, as otherwise more consumer
batches would have fit in that producer batch. The maximum repeated share divides this by the size
of the producer batch %. As alarge producer batch minimizes repetition, we recommend
having it at least twice as large as the largest consumer batch, making this share never exceed 50%.

We argue that data repetitions are an acceptable tradeoff for flexibility as TENSORSOCKET reduces
data movements considerably w/o flexible batching enabled. Repetitions only occur if the consumer
batch sizes do not cleanly divide the producer batch size, with Figure 5 depicting a challenging
scenario. In practice, we expect the batch sizes requested by consumers to be in powers of two.

3.2.7 Batch Order. TENSORSOCKET s unified data loading results in consumers training on the data
points in the same sequence. For some tasks, such as hyperparameter tuning or model architecture
search, it may be beneficial to include more variation by loosening this order requirement.

With producer batches, we introduce two ways to add variety in how the consumers go through
the data. Firstly, we can utilize the flexible batch sizing mode and add offsets to the consumers,
causing their batches to be carved from the producer batch with different breakpoints. This results
in batches that are not identical between consumers. Secondly, we can shuffle the order of batches
within a producer batch. If a consumer splits a producer batch in, e.g., 4 batches, it can then
go through these in random order. This results in data being visited in different order between
consumers. If desired, both techniques can be combined. The amount of variation in visiting then
becomes a product of producer batch size, at the cost of GPU memory. Similar to flexible batch
sizes, these two techniques can be activated when initializing the producer.

3.3 Use Case Scenarios

We go over a few use case scenarios that would benefit from TENSORSOCKET, and how our imple-
mentation makes them possible.

3.3.1 Centralized Always-Available Loading. When exploring a dataset, it is invaluable for users to
seamlessly start and stop training jobs. TENSORSOCKET allows for a high degree of flexibility and
stability by abstracting away the data loading from the training job itself. Once TENSORSOCKET is
running on a server, consumers can come and go as they please. The consumers ping the producer
with heartbeats such that the producer knows how many training processes are active at a given
time. Consumers may either join training at any point in an epoch or wait until a new epoch starts,
depending on the configuration. In the latter case, the producer buffers the first few batches at the
start of a new epoch to provide a short window in which new consumers are accepted. In such a
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Fig. 6. Illustration of how TENSORSOCKET allows the producer to run continuously and supply new consumers
with batches.

case the producer will halt the other consumers in order for the new consumer to quickly iterate
over the buffer.

Figure 6 shows an example of how new jobs, represented as consumers, are handled by our shared
data loading system. In the example, consumer 2 joins in too late during the first epoch, having to
wait until the second epoch starts. Consumer 3 joins in at an epoch boundary and immediately
starts consuming data batches.

3.3.2 Native Inter- and Intra-GPU Sharing. One way of increasing the hardware utilization for DL
training is training multiple models at the same time, i.e., workload collocation [10, 38]. Workload
collocation can improve training throughput [13, 50, 54, 63] when the hardware resource needs of
the individual training processes are not large enough to utilize all the available CPU and GPU
resources [7, 27] or are bottlenecked by their input pipelines [8]. This often reduces the aggregate
runtime when more than one model has to be trained, even though the training time per model
usually goes up due to not having exclusive access to the GPU.

TENSORSOCKET allows for sharing data on a single GPU between any number of consumers,
boosting efficiency while collocating models. This additionally reduces redundant memory con-
sumption, as the memory requirement for training processes is lowered due to not needing a data
loader for each separate training process.

Our implementation also supports collocation across multiple GPUs. Data batches are seamlessly
moved between GPUs when the data is needed on a different device. Thus, TENSORSOCKET is able
to leverage GPU-GPU interconnects with lower latency and higher bandwidth than CPU-GPU
interconnects, as also mentioned in Section 3.2.4. We evaluate this scenario in Section 4.2.

3.3.3  Sharing for Mixed Workloads. Mixed workloads that train models at different speeds, for
instance when model complexity differs significantly, can be difficult to optimize from a data loading
perspective. TENSORSOCKET supports mixed workloads by allocating more hardware resources
to heavier training processes than lighter processes. We bound the models to be within a certain
amount of batches from each other (as described in Section 3.2.5). The result is that slower models
are sped up and lighter models are slowed down so that all models traverse the epoch in the same
amount of time. We evaluate this scenario in Section 4.5.

3.3.4 Sharing Generative Tasks Online. In some cases, it is beneficial to move more tasks to the
producer. For example, the training of some generative models requires pre-computed data repre-
sentations in the form of embeddings for training the diffusion prior. These embeddings are usually
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Fig. 7. Sharing example for generative DALL-E image generation models.

generated before training [48], offline, but can be generated on the fly, online, via a model inference
task on the GPU. Online generation offers flexibility for new data and circumvents having to use
extra disk space to store the embeddings generated a priori but is more taxing on the hardware
resources while training. TENSORSOCKET can move the data loading operations and the embedding
generation task to its producer as it is essentially part of the data loading pipeline. This minimizes
the computational footprint on not just the CPU but also the GPU when sharing. Figure 7 illustrates
this scenario for the DALL-E model with and without sharing, and Section 4.4 evaluates it.

4 Results

We now quantify the expected benefits of the data and work sharing enabled by TENSORSOCKET.
Our evaluation aims to answer the following questions:

e What is the impact of TENSORSOCKET on training efficiency?

e What are the cost savings TENSORSOCKET can provide?

e How do the benefits of TENSORSOCKET vary across different hardware setups and machine
learning pipelines?

e How does TENSORSOCKET compare to state-of-the-art data sharing solutions for model training?

To answer these questions we evaluate TENSORSOCKET in a variety of scenarios inspired by the
use cases listed in Section 3.3.

Application Model Dataset
RegNetX 002
Image RegNetX 004
Classification ResNet18 ImageNet

MobileNetV3-Small 0.75
MobileNetV3-Large 1.00

Audio Classification CLMR LibriSpeech
Image Generation = DALL-E 2 (Diffusion Prior) CC3M
LLM Fine-Tuning Qwen2.5 0.5B Alpaca

Table 1. Evaluated models and datasets.
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4.1 Experimental Setup

Use cases. We seek to demonstrate the value of TENSORSOCKET on a range of workloads that benefit
from different degrees of shared data loading. We therefore evaluate DL models from the domains
of computer vision, audio classification, image generation, and natural language processing. We
investigate a wide range of popular computer vision models from TIMM [65], use CLMR as our
audio classification workload [53], source the image generation model from a well-known and
tested PyTorch implementation of DALL-E 2 [48, 62], and evaluate Qwen2.5 [68], a popular LLM
from Alibaba, using TorchTune [57]. The datasets chosen for our evaluation are ImageNet-1K [11],
LibriSpeech [43], Conceptual Captions (CC3M) [52], and Alpaca [56], respectively. Table 1 lists the
evaluated models and the corresponding datasets.

Hardware setup. We evaluate the scenarios on multiple hardware configurations. Table 2 details
the cloud instances and on-prem servers used in our evaluations. The cloud configurations allow
for testing the CPU utilization benefits of TENSORSOCKET by varying the amount of vCPUs while
keeping the GPU count the same. The A100 server features multiple GPUs allowing us to evaluate
data sharing when each GPU trains a separate model. Finally, the H100 server’s GPU is large enough
to collocate multiple DALL-E 2 training tasks. As a result, the variety of the hardware setups allow
us to evaluate the impact of TENSORSOCKET on different environments, use case scenarios, and
collocation options.

Modern GPUs support different primitives for workload collocation on a single GPU [49]. In
this work, we utilize NVIDIA Multi-Process Service (MPS) [42], unless stated otherwise, since it is
shown to allow flexible collocation while exhibiting high performance [50]. Processes executed
under MPS share both GPU memory and the streaming multiprocessors (SMs). The MPS daemon
automatically handles the sharing of the SMs across the collocated processes.

Metrics. We train the same models on the same dataset without changing the learning process
and thus without impacting accuracy. Instead, we focus on the training speed and hardware
utilization as the performance metrics. We quantify the training speed via samples/s, the amount
of training samples processed by the training loop per second. CPU Utilization is measured via
top [25]. We measure GPU Memory Usage with SMI [39] and GPU Utilization with dcgm’s [40]
SM Activity, which is shown to illustrate a finer-grained view on GPU utilization compared to
other readings from the dcgm tool [69]. Finally, we report average data movement for disk (I/O) via
iostat [20] and for PCle and NVLink via dcgm.

Training runs. All experiments are run with Python 3 and PyTorch 2, and the latest versions of
the respective model repositories as of writing, using the radT platform [49]. We ran everything
twice to validate the results and stick to the default model parameter settings as specified by the
model repositories. We set the total number of data-loading workers across the collocated workloads

Instance (v)CPUs GPU VRAM Cost

H100 Server 24 H100 80 GB -
A100 Server 128 (*48) 4x A100 4x 40 GB -
AWS g5.2xlarge 8 A10G 24GB  $1.212
AWS g5 4xlarge 16 A10G  24GB  $1.624
AWS g5.8xlarge 32 A10G  24GB  $2.448

Table 2. On-prem servers and cloud instances used in evaluation. Costs are on demand per hour costs for
corresponding cloud instances [2]. The A100 server is limited to a max of 48 cores to mimic Azure offerings
with A100 GPUs (Figure 1), which provide a 12:1 vCPU to GPU ratio.
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Fig. 8. Image classification training on the A100 server with 4-way collocation, where each GPU has one
instance of the same model training, w/o sharing via TENSORSOCKET.

to the number of available CPU cores (or to 48 for the A100 server as explained in Table 2). These
workers are split equally among the training processes in the experiments with conventional data
loading (no sharing). Finally, we enable GPU pre-fetching for our baselines as TENSORSOCKET by
default prefetches data to the GPU.

4.2 Image Classification

Impact on throughput and hardware utilization. We first evaluate TENSORSOCKETs impact
on the training efficiency over the most basic collocation scenario, where the same model is trained
on a separate GPU available on the server (e.g., an hyper-parameter tuning scenario). We train
a variety of image classification models, as listed in Table 1, on ImageNet. ResNet18, RegNetx 4,
and MobileNet L are more demanding models to train, while RegNetX 2 and MobileNet S are
smaller. Among our hardware setups (Table 2), the A100 server is the only one with multiple GPUs
available. With 12 CPU-cores per GPU, this scenario additionally showcases TENSORSOCKET’s
benefits when the CPU-to-GPU ratio is too low to fully utilize the whole system, which is common
among lower-price cloud offerings (Figure 1).

Figure 8 reports the per-model training throughput and hardware utilization. In the case of no
shared data loader, the training script runs separately on each GPU. When using TENSORSOCKET,
we direct the producer to GPU 0 and launch a consumer on each of the four GPUs. The producer
and the consumers can communicate via NVLink, which is available on this server across the GPUs.
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Fig. 9. Per-model training throughput of MobileNet Small and Large with increasing degree of collocation on
the A100 server. Each collocated model is trained on a separate GPU.

TENSORSOCKET increases the training throughput across all workloads. In MobileNet S’s case the
throughput almost doubles, whereas for models such as ResNet18 and MobileNet L the increase
ranges from 5% to 10%. The degree of improvement correlates with the computational complexity
of the models.

For models such as ResNet18, RegNetX 2, RegNetX 4, and MobileNet S, Figure 8 reveals that
under traditional data loading the CPU is fully utilized while the GPUs are not. This underlies
that the CPU becomes the bottleneck causing underutilization of the GPU resources. Sharing via
TENSORSOCKET resolves this bottleneck by reducing the stress on the CPUs while achieving a
higher GPU utilization in addition to the throughput benefits.

On the other hand, for models that are not CPU-bound such as MobileNet L, TENSORSOCKET
provides marginal benefits on the throughput and GPU utilization. However, it frees up 70% of
CPU resources. The savings in CPU resources can allow for collocating additional workloads on
the CPU-side in an on-prem setting and cutting the costs in a cloud setting.

Data movement. Table 3 reports the disk I/O, PCle, and NVLink traffic in addition to GPU
memory usage for training four MobileNet L models from Figure 8. As TENSORSOCKET’s producer
loads the data once and broadcasts it to all the consumers after preparing it, it is able to greatly
reduce the disk I/O and PCle bandwidth utilization compared to the baseline, replacing it with
NVLink communication instead. There is a small increase in VRAM usage on the producer GPU.
This is due to TENSORSOCKET ’s default configuration holding some extra data ready on the GPU
for e.g. buffering.

GPU /0 PClIe NVLink | VRAM
0 270 MB/s | - 8.5 GB
Baseline 1 613 267 MB/s | - 8.5 GB
2 MB/s | 268 MB/s | - 8.5 GB
3 267 MB/s | - 8.5 GB
0 (Both) 286 MB/s | - 9.8 GB
Shared 1 (Cons) | 161 23 MB/s | 267 MB/s | 8.5 GB
2 (Cons) | MB/s | 24 MB/s | 269 MB/s | 8.4 GB
3 (Cons) 23 MB/s | 268 MB/s | 8.4 GB

Table 3. Disk I/0, CPU-to-GPU PCle, and GPU-to-GPU NVLink traffic and GPU memory usage for four
MobileNet L models training on separate A100 GP Us.
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Fig. 10. Training three MobileNet Small models on the H100 server with a batch size of 128 (default) versus
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Figure 5.
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Fig. 11. Samples/s per collocated training on AWS G5 Instances for CLMR - 4-way collocation on the same
GPU using MPS and multi-streams across different vCPU counts w/o data sharing via TENSORSOCKET.

Degree of collocation. We also provide a sensitivity analysis with respect to varying levels of
collocation in Figure 9. For this we use both MobileNets as they are the models that exhibit the most
and least benefit from TENSORSOCKET. TENSORSOCKET yields a throughput increase for both the
small and large MobileNet in all configurations. On the other hand, increasing the amount of models
trained simultaneously has little effect on the large model as the CPU is not the limiting factor
(Figure 8). Conversely, scaling up collocation for the small MobileNet relies on TENSORSOCKET to
maintain high throughput.

Flexible batching. Finally, we evaluate the effect of flexible batches on training speed and
CPU utilization. Figure 10 compares training three models with the same batch size to training
three models with differing batch sizes. Flexible batching sustains training throughput while only
incurring minimal CPU overhead to orchestrate the different batches required by the consumers.

4.3 Audio Classification
We train the CLMR audio classification models in a 4-way collocated fashion on different AWS
instances in order to showcase the impact of data and work sharing on host-side resources. The

results are shown in Figure 11.

For this setup, in addition to MPS-based sharing, we evaluate running collocated processes as
a separate GPU stream, which provides more restricted sharing, but may sometimes be the only
option in a shared hardware setup such as the cloud. The blurred parts of the bars, therefore,
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Fig. 12. Samples/s per collocated online training of DALL-E on the H100 server with 1-, 2- and 4-way collocation
and w/o sharing via TENSORSOCKET.

highlight the additional throughput benefits of MPS-based sharing over multi-streams. Regardless,
TENSORSOCKET is compatible with any form of GPU sharing primitive.

From Figure 11, on the machine with the highest number of vCPUs, the workload with and
without sharing achieve the same throughput. This indicates that the number of vCPUs necessary
to sustain the GPU throughput for this workload is met. Without TENSORSOCKET, however, the
smallest instance size of 8 vCPUs performs drastically worse than the largest with 32 vCPUs.
TENSORSOCKET effectively reduces the amount vCPU requirement by 75%. The result is that under
TENSORSOCKET all three sizes of cloud instances achieve high training throughput. Based on the
costs reported in Table 2, this leads to cloud cost savings of about 50%.

4.4 Image Generation

As mentioned in Section 3.3, TENSORSOCKET can be used to share not just tasks on the CPU but
also on the GPU. We analyze such a pipeline using the DALL-E 2 image generation (diffusion)
workload. When training DALL-E 2, data passed to its training process must pass through a CLIP
model (Section 3.3.4 and Figure 7). CLIP translates the input data into a representation that can
be used by the trained model. The CLIP model can be seen as a model with frozen weights when
training the diffusion model. This essentially boils down to running inference tasks on the GPU as
part of the data preparation process for DALL-E training.

With TENSORSOCKET, we can move the CLIP model inference to the producer of the shared data
loader. In this scenario, we aim to showcase how TENSORSOCKET can also reduce redundancy in the
computational footprint on GPUs. By only needing a single CLIP model, we can collocate multiple
DALL-E 2 diffusion models without running multiple instances of CLIP inference. This workload is
carried out on the H100 Server machine, as it is capable of supporting 4-way collocation of diffusion
model training.

Figure 12 shows the impact. Since the H100 server has enough CPUs to feed the one GPU
(Table 2), this evaluation scenario is not CPU-bound. Nevertheless, we observe a speedup over
non-shared operation under collocation. Under 2- and 4-way collocation TENSORSOCKET is 10% to
15% faster in aggregate throughput than without when running online training. The throughput
per individual training process gets reduced as expected, since in this setup the GPU is highly
utilized even without collocation due to the demanding model. This shows that TENSORSOCKET can
enable data and work sharing not only on CPUs but also on GPUs.
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Fig. 13. Runtime and aggregate training throughput of mixed workloads (RegNetX 2 and RegNetX 4) on AWS
G5 Instances with and without data sharing via TENSORSOCKET.

4.5 Model Selection

In addition to the evaluations that revolved around specific domains, we show how our shared data
loader supports mixed workloads, which is useful for model selection. As mentioned in Section 3.3.3,
the design of our shared data loader supports training of a mixed set of models through reallocating
GPU resources between training processes. We evaluate model selection by collocating two different
model training processes on different AWS cloud instances. As the training speed of the models
differs, we report on the aggregate training throughput. Figure 13 shows the results for a mixed
workload consisting of a collocated RegNetX 2 and RegNetX 4. The runs on the left use conventional
non-shared data loading whereas those on the right use TENSORSOCKET. For the g5.8xlarge and
g5.4xlarge AWS instances, the CPU does not constitute a bottleneck, and we therefore do not
see substantial throughput gains by sharing. However, we are able to closely approximate the
throughput of these larger instances with the smaller g5.2xlarge instance when sharing. In contrast,
the workload throttles heavily on the small instance when not using shared data loading. For the
g5.2xlarge instance, sharing is therefore not only strictly necessary for running this workload
efficiently but also able to deliver almost the same throughput at half the instance cost, as seen in
Table 2.

4.6 Language Model Fine-tuning

Given the prevalence of Large Language Models (LLMs) today, the final use case we evaluate
TENSORSOCKET on is an LLM fine-tuning task. Unlike prior use cases, LLM training is generally
bound on GPU compute and memory instead of data loading and CPU utilization. For our LLM
fine-tuning task, we use the A100 server to train two Qwen2.5 models using TorchTune on the
Alpaca dataset, which means TENSORSOCKET wraps around a Hugging Face data loader instead
of a standard PyTorch one. We take the default fine-tuning recipe of TorchTune and set the batch
size to 8. The non-sharing scenario, baseline, runs one model per A100 GPU. The TENSORSOCKET
run has the producer on a separate A100 GPU, with the two models training on GPU 1 and 2. This
way we can observe the data traffic (PCle and NVLink) and GPU memory use separately for the
producer and the consumers.

The results are shown in Table 4. Due to LLMs being GPU-bound, TENSORSOCKET only slightly
increases the training speed for this use case. The LLMs being trained require a low amount of
PCle communication (48 MB/s on average) even for the baseline. TENSORSOCKET’s producer reveals
that only 341 KB/s is required to run the data loader. The NVLink utilization, which is used by
TENSORSOCKET to directly communicate training data between GPUs, is only ~150KB/s. This data
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loading is insignificant compared to the rest of the PCle traffic. Finally, the GPU memory utilization
for the models training on GPUs 1 and 2 is the same for the baseline and the shared case, indicating
that there is no GPU memory overhead for the TENSORSOCKET consumers. There is a small 1.5 GB
memory requirement for running the producer on GPU 0. This is a combination of CUDA overhead
and TENSORSOCKET with the default configuration of buffering data, similar to results in Table 3.

4.7 Comparison to other sharing techniques

After having assessed the value of shared data loading via TENSORSOCKET in deep learning training,
we compare TENSORSOCKET to state-of-the-art methods, CoorDL [35] and Joader [66], that achieve
data loading speedups via sharing. ®

Comparing to CoorDL surfaces a couple of challenges due to the age of the library [34]. CoorDL
has been designed as a plugin for NVIDIA DALI and is written for Python 3.6. This version of
Python, however, is deprecated by PyTorch since 2021, which means modern versions of the
framework are not compatible with it. TENSORSOCKET is incompatible with PyTorch 1 as the deep
learning framework made sweeping changes with the introduction of PyTorch 2. This complicates
establishing a fair comparison between CoorDL and TENSORSOCKET. Nevertheless, we run CoorDL
using the evaluation script provided by the authors of the original work [35] to run it as efficiently
as possible. We adjust the parameters for TENSORSOCKET accordingly. This means that automatic
mixed precision is disabled, the batch size is set to 512, and there are 4 data loading workers. We also
choose ResNet18 as the evaluated model following CoorDL’s evaluation. Finally, while reporting
the results, we normalize the per-model training throughput and hardware utilization values by
dividing them by the values achieved by single model training (no-collocation). This normalization
is to further eliminate the impact of any unfair differences between the diverging libraries of the
corresponding codebases.

Figure 14 reports the result of the comparison. These experiments utilize the A100 machine
with 4 GPUs. Each instance of the ResNet18 model is being trained on ImageNet and on a separate
GPU (as in Section 4.2). Figure 14a notes the scaling of CPU utilization as collocation increases.
TENSORSOCKET only marginally increases CPU load under higher degrees of collocation, while
CoorDL requires more CPU resources to keep up. The CPU utilization of our baseline, not using
either CoorDL or TENSORSOCKET, is close to constant. This can be explained by Figure 14b, which
shows the throughput scaling as the degree of collocation increases. Both CoorDL and TENSOR-
SockeTthave no issue keeping the per-model training throughput the same despite the higher load.
The baseline, however, heavily throttles, losing almost 75% of the performance under 4x load. This
throttling can explain the low CPU utilization, as the data loading workers can not keep up with
the training loops and thus the models idle. In general, while both TENSORSocKET and CoorDL can

3While we point out the many difficulties in establishing a fair comparison across all the codebases in the rest of this section,
we are grateful for the authors of both CoorDL [35] and Joader [66] for providing an open-source implementation.

GPU Tokens | PCle NVLink | VRAM

Baseline 1 7.5k/s 48 MB/s | - 7.3 GB
2 7.4k/s 48 MB/s | - 7.3 GB
0 (Prod) | - 3MB/s | - 1.5 GB

Shared | 1 (Cons) | 7.5k/s 48 MB/s | 152 KB/s | 7.3 GB
2 (Cons) | 7.6k/s 48 MB/s | 153 KB/s | 7.3 GB

Table 4. Training speed, PCle and NVLink traffic,and GPU memory usage for Qwen2.5 0.5B LLM training
using TorchTune on separate A100 GPUs.
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Fig. 14. CPU utilization and throughput scaling of baseline (no-sharing), CoorDL, and TENSORSOCKET on the
A100 system under different levels of collocation. The scaling is compared to training a single model with that
technique without collocation. Each collocated ResNet18 model runs on a separate GPU. TENSORSOCKET is
able to achieve the maximum throughput without the deployment restrictions and higher CPU requirement
of CoorDL.

provide maximum throughput, TENSORSOCKET does so with considerably fewer CPU resources
while also being more flexible and less intrusive in usage.

Joader has a proof-of-concept implementation in Rust that is compatible with the latest version
of PyTorch [67]. Specifically, the current implementation of Joader does not require PyTorch at
all; rather, it uses Numpy to store data instead. While this does improve the compatibility of the
implementation, it raises serious performance issues that hamper its effectiveness in real-world
scenarios. Specifically, 1) Joader’s image pre-processing and dataset (ImageNet) support is fully
hardcoded, 2) images are delivered as NumPy matrices instead of Tensors and 3) Joader does not
have support for mini-batches. Therefore, we take a number of concessions in order to support a
comparison to Joader that is as fair as possible. Firstly, for (1), we investigate Joader’s pre-processing
pipeline and configure our TIMM training script to use the same transformations that are hardcoded
for Joader. Note that it is not possible to use the exact same transformation code in both, as Joader
is written in Rust and pre-processing pipelines available in online model sources like TIMM are
typically defined in Python. Then, we address (2) and (3) by having the training script in Joader’s
case ask for enough data to fill up the batch after which it can construct the tensor and send it to
the GPU. This tensor construction from many NumPy matrices, however, is very expensive and
will cripple the performance. As for the sake of this performance comparison we are not interested
in the loss of the model, we opt to only construct a tensor out of the first batch of data. Subsequent
iterations then wait for the new data to come in, only to train on the same, first batch again. This
minimizes the overhead of batching for Joader.

Figure 15 shows the results of comparing Joader this way to TENSORSOCKET on the H100 system.
We maximize the performance of all techniques by using MPS for sharing the resources of the
H100 GPU. As the baseline, we train 1 to 8 collocated MobileNetV3’s without any sharing enabled.
Furthermore, we restrict the amount of data loading workers to 8. This means that, under no sharing,
every model only has 1 worker when training 8 models simultaneously. Collocation amounts that
do not divide 8, such as 5, have the workers divided unevenly in order to sum to 8. Keep in
mind that the training scripts themselves are allowed to use further CPU resources. As expected,
TENSORSOCKET performs well even when running with high amounts of collocation, dropping no
performance up to and including 6-way collocation. Only with 7- and 8-way collocation is there
a drop in performance. This comes in stark contrast to non-shared training, where throughput
goes down quickly. In fact, the data loading is such a bottleneck for non-shared training here
that the summed throughput of collocation never exceeds that of non-collocated training. Joader

Proc. ACM Manag. Data, Vol. 3, No. 4 (SIGMOD), Article 267. Publication date: September 2025.



TensorSocket: Shared Data Loading for Deep Learning Training 267:21

1400 | @A Baseline X1 TensorSocket [ Joader
1200
1000
800

600

Samples/s

400

200 4

Collocated MobileNet Small models

Fig. 15. Comparison of model training throughput with varying degrees of collocation under constrained
CPU resources on the H100 system between baseline (no data sharing), Joader [66], and TENSORSOCKET. Each
collocated model training is MobileNetV3-Small trained on ImageNet. TENSORSOCKET is able to provide data
to many collocated models with little impact on throughput, even under constrained CPU circumstances.

comfortably outperforms non-shared training but is far behind the efficiency of TENSORSOCKET.
This is likely caused by the extra overhead introduced by Joader’s data sampling algorithm (as
described in Section 2). While Joader’s algorithm provides flexibility for training with different
speeds and datasets, this sacrifices efficiency in terms of CPU resource use, which in turn impacts
the efficiency of training itself.

5 TeNSORSOCKET Going Forward

Having evaluated TENSORSOCKET’s impact on training efficiency, cost savings, and flexibility, this
section highlights the key results while discussing further applicability of TENSORSOCKET.

Target Workloads. TENSORSOCKET alleviates a range of computational and resource-dependent
bottlenecks. In general, small scale DL training workloads that are prone to exhibit input-bound
pipelines or a high degree of CPU utilization can benefit greatly from shared data loading. If used
on workloads in the cloud with similar characteristics as those presented in our work, which are
prevalent in practice [60], TENSORSOCKET may reduce costs up to a substantial 50% reduction as
shown in Section 4.

Achieving these benefits does require some conditions to be met. Training jobs have to be
collocated to make use of a shared data loader and are required to train with similar speed on
the same dataset. Loosening up these requirements may allow shared data loading to become an
attractive option for more workloads, though, that may come at the cost of reduced benefits.

Generalizability. We analyzed a complex data loading pipeline that includes generating in-
termediate representations of our data through an auxiliary model that is not being trained in
Section 4.4. The ability to support unusual steps like these is a testament to the generalizability
of TENSORSOCKET. In addition, we can further dissect the data loading pipeline for finer-grained
sharing. This allows for transformations and augmentations that are specific to each training
process while only doing costly work, such as image decoding, once. For other techniques that
use GPUs for data pre-processing [26, 41, 59], this means that TENSORSOCKET can be deployed
together with them to support GPU-offloading of transformation and augmentation operations
while keeping redundancy and computational footprint low.

TENSORSOCKET is implemented around PyTorch 2 and has no other large dependencies. We leave
as much of the implementation as possible, such as the data structures, over to PyTorch to minimize
the complexity of our codebase. This makes TENSORSOCKET easily maintainable for future PyTorch
versions and extendable. Other frameworks, such as TensorFlow, can use TENSORSOCKET now
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by using PyTorch as a data sharing intermediate. A native implementation in other frameworks
would require just the re-implementation of the wrapper that allows for tensor deconstruction and
reconstruction, TensorPayload, estimated ~59 lines of code.

6 Related Work

Historically, there has been a plethora of work on benchmarking and optimizing the computational
efficiency of the core of model training and serving. However, in the recent years, data loading and
pre-processing have been gaining more attention [6, 31], as with ever-increasing model sizes and
training throughput requirements the cost of data loading bottlenecks is growing rapidly [72].

Murray et al. [36] and Mohan et al. [35] emphasize the impact of the data loading pipelines on
training efficiency. The former presents the tf.data framework to ease the tuning for the computa-
tional efficiency of data pre-processing. The latter proposes CoorDL, a data loading library, and
MinlO, a software cache with the goal of reducing cache thrashing. These works, among others
[4, 24], also advocate for sharing for DL data loading tasks, but more at the cluster-level rather than
the finer-grained view of TENSORSOCKET.

To further optimize data loading flows, Plumber [28] extends tf.data by automatically detecting
and resolving misconfigured pipelines, Lotus and Presto provides data pipeline optimization insights
[5, 21], while Cedar [71] and Pecan [17] orchestrate optimizations to the input data pipeline. Joader,
proposed by Xu et al. [66], provides an alternative to CoorDL that offers extra flexibility when
sharing data for training tasks, allowing for shared training on multiple datasets at the same time.
It manages this via a novel data sampling solution that optimizes sharing at the cost of repeated
dataset intersection calculations. Such calculations can be costly, as Section 4.7 demonstrated.

Behme et al. [8] explore lossy image compression’s role in mitigating data loading bottlenecks.
They demonstrate that moderately compressed data maintains accuracy comparable to benchmarks
while saving 30% storage and how this technique complements the software cache of MinlIO [35].

TENSORSOCKET also borrows ideas from works on data and work sharing in databases such as
StagedDB [18], QPipe [19], and SharedDB [14], and works that analyze the trade-offs of sharing
[23, 47]. These works aim at sharing work that is common across concurrent database queries. In
contrast, TENSORSOCKET applies similar sharing ideas to DL data preparation.

7 Conclusion

In this paper, we presented TENSORSOCKET, a novel data loading mechanism that enables data and
work sharing in data pre-processing pipelines of deep learning training. The key insight behind
TENSORSOCKET is that tuning efforts to achieve the best model architecture and parameters require
training several models on the same data. This results in shared tasks across these training processes.
We demonstrated that TENSORSOCKET can double training throughput while substantially reducing
the number of CPU cores to achieve that throughput. Furthermore, it is easy to adopt in existing
training pipelines, enables certain training scenarios on restricted hardware resource setups, and can
halve cloud setup costs as a result. Finally, TENSORSOCKET is compatible with existing techniques
that aim at increasing the computational efficiency of the data pre-processing tasks.
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