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Abstract

Video-based deep learning (VDL) is increasingly used across
diverse applications and has become highly popular, but it
faces significant challenges in preprocessing highly com-
pressed video data. Preprocessing pipelines are complex,
requiring extensive engineering effort, and introduce com-
putational bottlenecks, with latency exceeding GPU training
time. Existing solutions partially mitigate these issues but
remain inefficient and resource-constrained.

We present SAND, a framework for VDL that integrates
system-level optimizations to simplify the preprocessing
pipeline and maximize resource efficiency. First, SAND in-
troduces a view abstraction that encapsulates key prepro-
cessing stages into virtualized objects, eliminating the need
for users to manage individual objects. Second, SAND max-
imizes reuse opportunities through efficient system-level
object management, reducing the preprocessing overhead
and improving GPU utilization. Evaluation across multiple
VDL applications and diverse environments, including Ray-
based hyperparameter search and distributed data parallel
training, shows GPU utilization improvements of up to 12.3x
and 2.9x over CPU and GPU baselines, respectively, while
reducing preprocessing code complexity from hundreds or
thousands of lines to fewer than 10.

CCS Concepts

« Information systems — Storage management; - Com-
puting methodologies — Machine learning.

Keywords

Storage Abstraction, View-based Programming, Video-based
Deep Learning Training, GPU Utilization

This work is licensed under a Creative Commons Attribution 4.0 Interna-
tional License.

SOSP ’25, Seoul, Republic of Korea

© 2025 Copyright held by the owner/author(s).

ACM ISBN 979-8-4007-1870-0/2025/10
https://doi.org/10.1145/3731569.3764847

ACM Reference Format:

Juncheol Ye, Seungkook Lee, Hwijoon Lim, Jihyuk Lee, Uitaeck Hong,
Youngjin Kwon, Dongsu Han. 2025. SAND: A New Programming
Abstraction for Video-based Deep Learning. In ACM SIGOPS 31st
Symposium on Operating Systems Principles (SOSP °25), October 13—
16, 2025, Seoul, Republic of Korea. ACM, New York, NY, USA, 17 pages.
https://doi.org/10.1145/3731569.3764847

1 Introduction

Video-based deep learning (VDL) has become increasingly
popular, powering both foundational research and transfor-
mative commercial applications. Today’s most prominent
Al systems exemplify VDL’s critical role: text-to-video mod-
els like OpenATI’s Sora [9] and Runway’s Gen-2 [1] train on
millions of video hours to generate photorealistic content;
multimodal foundation models including GPT-4V [69] and
Gemini [68] incorporate extensive video pretraining for vi-
sual understanding; and platforms like YouTube and TikTok
deploy VDL for content moderation across billions of daily
uploads [32, 45]. These applications span a broad spectrum,
from powering large-scale commercial platforms to enabling
next-generation generative models. Popular tasks span from
traditional classification [31, 72, 73] and analytics [17, 56] to
self-supervised learning [20, 29, 40, 54, 55, 57] that creates
generic foundational embeddings—now essential for train-
ing the generative models reshaping content creation. At the
same time, the scale and volume of datasets are increasing.

Despite its widespread adoption, preparing highly com-
pressed video data for deep learning presents significant
challenges, particularly during preprocessing. First, video
preprocessing pipelines are inherently complex, imposing
a substantial implementation burden on developers. These
pipelines involve multiple intricate steps, including decoding
compressed video streams, selecting frames, and applying
augmentations such as blurring, cropping, resizing, and ro-
tation.

For example, SlowFast [18], a VDL workload from Meta,
requires over 2.2k lines of code for preprocessing alone, more
than double the code needed for model training. This dis-
parity highlights the extensive engineering effort needed to
manually manage preprocessing pipelines.

*Work done while at KAIST.
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Second, the overhead introduced by video preprocessing
significantly impacts computational efficiency. CPU-based
preprocessing exhibits significant limitations, with latency
being 2.2 to 6.5 times longer than the GPU training time,
leading to GPU stalls and underutilization [21]. While hard-
ware decoders such as NVIDIA’s NVDEC [44] can reduce
the burden on CPUs, they do not eliminate preprocessing
overhead. Moreover, offloading preprocessing tasks to the
GPU reduces available memory for training, limiting batch
sizes and degrading overall performance.

To overcome the limitations, we introduce SAND, a com-
prehensive framework that incorporates storage abstraction
for video-based deep learning. SAND introduces a new pro-
gramming abstraction that optimizes training object man-
agement and enhances GPU utilization during training. By
abstracting away the complexities of preprocessing, SAND
enables developers to focus on their core logic for model
training while offering flexible and efficient data manage-
ment tailored to the unique demands of VDL workflows.

At the heart of SAND ’s design lies the view, a program-
ming abstraction that encapsulates key stages of the pre-
processing workflow using virtualized objects. This abstrac-
tion enables developers to directly access training batches
through view interfaces without needing to understand the
complexities of the underlying pipeline. The view seamlessly
integrates with existing environments by supporting POSIX
system calls via the Linux VFS, ensuring compatibility across
a wide range of deployment scenarios. By leveraging its view-
based programming model, SAND significantly reduces de-
velopers’ workload, as demonstrated by reducing the prepro-
cessing code in SlowFast from 2.2k lines to just 8 lines.

To enhance training performance, SAND reduces prepro-
cessing overhead and minimizes GPU stalls by leveraging
system-level object reuse across multiple training tasks, ef-
fectively eliminating redundant computations. To achieve
this, SAND employs three key design ideas:

1) View Materialization Planning: SAND constructs a
view materialization plan that models the video preprocess-
ing workflow as a dependency graph of view types. This
graph effectively captures when and which operations are
required, enabling systematic planning for the creation and
reuse of intermediate objects.

2) Pre-Materialization: Using the dependency graph, SAND
reduces redundant decoding operations by pre-materializing
frequently reused intermediate objects for future epochs and
caching them in storage. SAND strategically selects objects
with high reuse potential, striking a balance between the
computational cost of regenerating intermediate objects and
the storage constraints of retaining them.

3) Priority-Based Materialization Scheduling: During
the materialization process, SAND parallelizes tasks using
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Figure 1: Video pre-processing workflow for VDL train-
ing.

multiple threads and employs priority-based materializa-
tion scheduling to efficiently allocate resources between pre-
materialization and real-time data feeding. It dynamically
boosts lagging threads to ensure that all tasks are completed
on time. This approach prevents delays in ongoing data feed-
ing while simultaneously preparing training objects before
they are needed by the GPU.

We evaluate SAND across three different video deep learn-
ing applications under various scenarios, including single-
task training, hyperparameter search, multi-task training,
distributed data parallel (DDP) training on cloud-based en-
vironments. In our experiments, SAND achieves significant
improvements in training time and GPU utilization compared
to both CPU and GPU preprocessing baselines. Compared to
CPU baseline, SAND improves training time up to 10.2X and
GPU utilization 12.3x in hyperparameter search. Compared
to GPU baseline, SAND improves training time up to 2.8x
and GPU utilization 2.9% in hyperparameter search.

We make the following contributions:

e To our best knowledge, SAND is the first framework to
propose a view-based programming abstraction for pre-
processing.

e SAND efficiently integrates training object management
and scheduling mechanisms in its view-based program-
ming abstraction.

e We demonstrate significant reduction in preprocessing
code that developers need to write, alongside superior
training performance compared to existing systems that
utilize CPUs or GPUs for pre-precessing.

2 Background on Video Training Pipeline

Video deep learning (VDL) techniques aim to leverage the
temporal patterns found across frames for various tasks.
For example, action recognition [19, 20, 70] and temporal
action localization [12, 38] focus on identifying and localizing
actions within videos, while video summarization [7, 79] and
video captioning [74, 75] aim to understand and convey the
overall content in shorter or textual forms.

Deep learning models are generally trained with mini-
batches, which are small subsets of the entire dataset. An
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(a) Pre-processing overhead of VDL applications

Figure 2: Video pre-processing is bottleneck in VDL.
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update to the model (known as an iteration) occurs each
time a mini-batch is processed. A mini-batch consists of
multiple training samples. In the case of VDL, preparing
a single training sample is computationally demanding be-
cause it requires decoding a segment of the original video,
extracting frames, and selecting only a subset of these frames
based on the requirements of the task. Afterward, the se-
lected frames are grouped in the time domain and then aug-
mented (e.g., cropped, resized) before being combined with
other samples to form a mini-batch. This training process is
repeated over multiple epochs—typically between 100 and
200 [18, 37]—until the desired accuracy is achieved. The
complete processing workflow for video pre-processing is
illustrated in Figure 1.

A key principle in VDL training is that every video in the
dataset is used once per epoch, ensuring complete coverage
of the dataset. However, to maintain training effectiveness
and prevent overfitting, each epoch samples frames from
these videos through random temporal selection and spa-
tial augmentation. This means that with high probability,
different frame sequences are extracted and different crops
are applied across epochs. Consequently, the preprocess-
ing workflow—from decoding to augmentation—must be
repeated for each video in every epoch, as the frames from
previous epochs are rarely reusable. This repeated processing
with different frame selections leads to significant overhead
that becomes a major bottleneck in VDL (§3).

Complexity of pre-processing. Today, application pro-
grammers solely bear the burden of implementing the entire
pipeline, as existing frameworks offer little or no support for
video pre-processing. For instance, Meta’s VDL project, Slow-
Fast [18]—which offers state-of-the-art model training for
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(b) GPU utilization of VDL applications
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Figure 3: High overhead of video pre-
processing causes GPU stalls, which ul-
timately leads to GPU underutilization.

action recognition and classification—involves 2,200 lines of
preprocessing code compared to 700 for the model training.
We identify the sources of complexity as follows:
Diverse input source: Video input sources are diverse. For
cloud-based training, datasets are typically stored in services
like Amazon S3 [2] and GCP Filestore [22] or streamed from
live sources for online learning [28]. Consequently, users
often develop import code specific to each source, adding to
the system’s complexity.
Frame selection: Unlike static images used in many vision
tasks, videos consist of sequential visual scenes stored in
highly compressed formats. The sheer volume of frames in
a video is substantial; for example, while the Kinetics-400
dataset [27] occupies about 350 GB in video format, storing
each frame as an individual image would require nearly
80 TB. Consequently, only the necessary frames are loaded
and decompressed on-demand using video decoding, since
each training iteration typically requires only a sparse subset
of the available frames. At the beginning of every training
iteration, a small subset of video frames is selected from
the video—often following a random sampling policy—to
serve as the input. However, the interdependency among
compressed frames necessitates that multiple related frames
be decoded together, which reduces overall efficiency [11].
Additionally, users are forced to manually decode videos,
select frames, and extract corresponding metadata.
Data augmentation: Once the desired frames have been se-
lected, data augmentation is applied. This stage involves
various operations such as resizing or cropping the frames to
match the model’s input dimensions, as well as performing
transformations like color jitter, flipping, or rotation. The
exact augmentation employed depends on the specific deep
learning task, and users are responsible for implementing
these operations within the preprocessing pipeline.

3 Overhead of Video Pre-processing

To evaluate the impact of preprocessing on VDL training, we
benchmarked applications in video action recognition, video
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understanding, and video super-resolution. These bench-
marks were run on a GCP a2-highgpu-1g instance [21], fea-
turing one A100 GPU and 12 vCPUs, with CPUs dedicated
to preprocessing and the GPU handling DNN training. Our
results in Figure 2(a) show that video preprocessing takes
2.2 to 6.5 times longer than GPU training. This delay causes
GPU stalls during data loading, reducing GPU utilization by
65-88% and increasing total training time by 2.2-6.5x com-
pared to an ideal, stall-free scenario shown in Figure 2(b).
One possible solution to mitigate the bottleneck is to add
more CPUs per GPU. However, this faces significant limi-
tations in cloud environments. Cloud instances hosted by
public cloud providers typically only provides a limited num-
ber of vCPUs per GPU. For instance, AWS p4 and GCP a2
only offer 12 vCPUs per GPU. To reduce GPU stall time to
below 10%, we would need roughly 4 to 5 times more vCPUs,
highlighting the constraints of scaling with additional CPUs.
Another promising approach is to offload the preprocess-
ing to the GPU’s dedicated hardware decoder, such as NVDEC
[44] in NVIDIA GPUgs, to reduce burden on CPUs. How-
ever, while promising in theory, this approach introduces
new inefficiencies that limit its overall effectiveness. Even
with NVDEC handling video decoding, the preprocessing
pipeline remains a critical bottleneck. As shown in Fig-
ure 2(a), GPU preprocessing time still exceeds GPU training
time by 1.3 to 2.7 times, significantly hindering through-
put. Additionally, offloading decoding to the GPU limits the
GPU memory available for training tasks. For instance, when
processing 1080p video datasets on an NVIDIA A100 GPU,
batch sizes are limited to 16, compared to 24 with CPU-
based decoding (Figure 4). This results in a 9.1% decrease in
training throughput, which grows more severe with higher-
resolution videos or larger models. Furthermore, GPU decod-
ing incurs higher energy costs, consuming 2.6 times more
energy than CPU-based decoding. This not only increases
operational expenses but also exacerbates energy efficiency
concerns, particularly in large-scale deployments. These com-
bined factors—preprocessing latency, reduced memory ca-
pacity, and increased energy consumption—highlight the
limitations of using GPU hardware decoders to address pre-
processing bottlenecks [66].
Repeated decoding. Figure 3 shows that decoding is per-
formed at the start of each iteration to prepare a training
batch, after which the decoded frames are discarded. Since
every video must be used only once in each epoch, decoded
frames are never reused within the same epoch. Moreover,
due to video codec dependencies, extracting the required
frames necessitates decoding many additional frames that
are immediately discarded. Thus, existing video-processing
pipelines decode far more frames than needed and immedi-
ately discard both the unused decoded frames and the used
ones after processing. When encountering the same video
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in the next epoch, they must repeat this inefficient decoding
process. Considering the total number of epochs during the
entire training, this repeated decoding becomes significant
overhead.

The consequences of repeated decoding are severe. First,
it drastically reduces the training throughput from GPU
underutilization (§3). Second, it leads to increased energy
consumption—the CPU usage accounts for 41.6% of the total
energy consumption during VDL training, with most of this
overhead attributed to decoding (Figure 5).

The inefficiency becomes even more pronounced when
multiple jobs share the same dataset. In scenarios such as hy-
perparameter tuning [33] or concurrent model development,
each job redundantly decodes the same video, resulting in
a linear increase in decoding operations with the number
of jobs. Current frameworks like PyTorch and TensorFlow
lack system-level support for sharing decoded objects across
independent jobs, further compounding inefficiencies.
Why isn’t caching all frames a solution? One potential
solution is to cache all decoded frames in memory and local
storage. However, this approach is neither scalable nor fea-
sible, especially in public cloud environments. For example,
video datasets require tens to hundreds of terabytes of stor-
age (e.g., Kinetics-400 requires approximately 83.5 TB), which
far exceeds the capacity of typical cloud GPU instances.
An AWS a2-highgpu-1g instance, for example, offers only
85 GB of memory and 3 TB of local SSD storage, making it
impractical to cache an entire dataset.

A seemingly more practical solution is to utilize remote
storage, such as Amazon’s Elastic Block Store (EBS). How-
ever, training large-scale models like BYOL [20] on the Kinetics-
400 dataset requires a sustained bandwidth of 55.8 Gbps be-
tween the GPU and the storage system. This demand far
exceeds the bandwidth provided by most cloud-based re-
mote storage solutions, including EBS [3, 8], which typically
operate at significantly lower rates (3-8 less).

4 SAND Key Approach

SAND presents a new framework that effectively handles
the complexity of video pipelines and reduces preprocessing
overhead. Our core insight is that video-based deep learning
applications can benefit from a storage-level abstraction that
treats training data objects as first-class entities. In particular,
SAND provides a file system that exposes handles to critical
objects in the video training pipeline, such as encoded videos,
decoded frames, augmented frames, and training batches.
This abstraction enables SAND to offer:

o Simplified Preprocessing Management: Deep learning ap-
plications no longer need to manage complex preprocess-
ing pipelines or maintain relationships between data ob-
jects (e.g., compressed videos, raw frames, augmented



SAND: A New Programming Abstraction for Video-based Deep Learning

Code Snippet

# Snippet: PyTorch Dataset with SAND
class VideoDataset(torch.utils.data.Dataset):

def __getitem__(self, index):
view_path = f"/taskl/{epoch}/{iteration}/view"
with open(view_path, 'rb') as f:
view_obj = f.read()
metainfo = os.getxattr(view_path,
return view_obj, metainfo

"time_stamp')

T % R T R R

\

Figure 6: Training input preparation using SAND API
for PyTorch VDL.

frames, and training batches). Instead, they leverage the
handles provided by SAND to offload common but resource-
intensive tasks, such as video decoding and the manage-
ment of files, caches, and related objects.

o System-Level Optimization: SAND enables system-wide
decisions for caching and scheduling data processing, op-
timizing the use of available resources. For instance, it
determines when and what data to cache and how to gen-
erate training batches from compressed videos efficiently.

The user-friendly abstraction of SAND greatly reduces
the programming burden associated with preprocessing. As
shown in Figure 6, complex pipeline code that might ordi-
narily span thousands of lines can be condensed into fewer
than ten lines with SAND ’s interface. Moreover, SAND
maintains a holistic perspective of the entire preprocess-
ing pipeline—from reading compressed videos to forming
training batches—tracking precisely what training objects
(e.g., decoded frames, augmented frames) are generated and
when they are needed. This global awareness makes it possi-
ble to identify overlapping operations across tasks or epochs,
thereby eliminating redundant operations. Figure 7, for ex-
ample, illustrates a video processing flow represented as a
DAG. In this scenario, “frame 4” from “video 1” is resized
and then reused multiple times across both single-task and
multi-task settings. By caching and reusing this intermediate
object, SAND avoids repeated decoding and resizing, signifi-
cantly reducing the overhead. This example demonstrates
how a system-level optimization can reveal opportunities to
cut down on preprocessing costs.

To realize these benefits, SAND is designed to satisfy three

key requirements:
R1: Seamless integration and abstraction for complex video
pipelines. The system must represent complex video pipelines
effectively while integrating smoothly with existing applica-
tions. Users should access data at the desired stage without
handling intricate pre-processing pipelines. Moreover, SAND
should be adaptable to various deep learning frameworks
and programming languages.
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R2: Enable efficient data reuse. The system must minimize re-
dundant decoding. Even when multiple jobs share the same
dataset—as in multi-task learning [61, 65], AutoML [5, 23,
39]—the system should optimize storage and object manage-
ment to enhance overall pipeline performance.

R3: Minimized GPU stalls and optimized GPU memory usage.
To reduce training time and costs, SAND must eliminate
pre-processing overheads that create bottlenecks in VDL
pipelines. Additionally, it should minimize GPU memory
usage, ensuring maximum utilization for training.

5 SAND Design

SAND decouples virtual views from physical training ob-
jects. A view is a high-level abstraction representing virtual
objects that encapsulate the intermediate stages of video
preprocessing, such as decoded frames or augmented data.
Training objects, on the other hand, are the materialized
entities derived from these views, made available only when
accessed. This design ensures that the system abstracts away
the complexity of preprocessing pipelines while enabling
efficient and flexible data management.

5.1 SAND Programming Abstractions

View abstraction. SAND introduces the concept of a view,
a high-level abstraction that simplifies interaction with video
preprocessing pipelines. A view represents a virtual object
that encapsulates key stages of the preprocessing workflow,
such as video decoding, frame selection, augmentation, and
training batch construction. These views act as interfaces,
enabling users to access data at the appropriate stage with-
out directly managing the underlying complexities of the
pipeline. This abstraction is inspired by the concept of views
in database systems, where a view provides a virtual repre-
sentation of data derived from one or more source tables [62].
Similarly, in SAND, a view allows users to query and inter-
act with training data without dealing with the underlying
storage or intermediate transformations.
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As shown in Figure 8, views are exposed as unique file
paths in the virtual file system (VFS) [58] and accessed us-
ing the POSIX APL SAND views are analogous to database
views, as they abstract complex operations while presenting
a simplified, virtualized interface for accessing essential data
such as training inputs. Furthermore, SAND ensures com-
patibility with existing preprocessing tools, like PyTorch’s
dataloader, facilitating seamless integration across differ-
ent programming environments. In addition, SAND automat-
ically generates unique path names for each view (Table 1),
providing a stable and efficient way to access training objects
at each iteration. Beyond training batches, SAND supports
multiple views that expose intermediate objects throughout
the preprocessing pipeline, giving users enhanced control
and flexibility. This capability mirrors the customizable data
access patterns enabled by database views.

SAND materializes these views either in advance or on-
demand, depending on the task requirements and the speci-
fied metadata. Pre-materializing views is advantageous for
workflows requiring repeated access to the same data, as it re-
duces real-time processing overhead and boosts performance.
Conversely, for dynamic or large-scale datasets, on-demand
materialization optimizes resource utilization by processing
data only when needed.

SAND usage. SAND allows users to specify the entire video
preprocessing pipeline through a flexible configuration file,
which is designed to accommodate a wide variety of training
tasks. The configuration is split into two primary sections:
Video handling: Users define how raw video data is handled
and decoded to produce the frames needed for training. This
includes specifying the dataset path, the input source type
(e.g., file-based or streaming), and sampling policies such
as the number of videos per batch, the number of frames
per video, and the stride between frames. Tasks like self-
supervised learning [70] can also leverage the samples per
video parameter to generate multiple training samples from
the same video.

Augmentation: In typical VDL training, frame-selection poli-
cies (e.g., stride, frames-per-video) are fairly standardized
and can be captured with a compact, fixed configuration.
Augmentation, by contrast, is far more diverse: users often
combine transforms conditionally, inject random choices, or

# dataset configuration in YAML format
- taskl:

tag: “train”
# identify the input source
input_source: file # or streaming
video_dataset_path: /dataset/train
# options for decoding and selection
sampling:
videos_per_batch: 8
frames_per_video: 8
frame_stride: 4
samples_per_video: 2
# defining augmentation steps
augmentation:
- name: "augment_resize"
branch_type: "single"
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- name: "conditional_branch"

branch_type: "conditional"
inputs: ["augmented_frame_0"]
outputs: ["augmented_frame_1"]
branches:
- conditon: "iteration > 10000"
config:
- inv_sample:
true
- condition: "else"
config:
None
name: "random_branch"
branch_type: "random"
inputs: ["augmented_frame_1"]
outputs: ["augmented_frame_2"]
branches:

inputs: ["frame"] - pro?i ?_5
outputs: ["augmented_frame_0"] Eogl}g:
config: ip:
- resize: flip_prob: 0.5
shape: [256, 320] - Probi 0.5
config:

interpolation: ["bilinear"]
None

Figure 9: Example of configuration API for setting up
SAND to provide abstraction.

View types Data objects

Video

Frame

/{task_name}/{video_name}.mp4
/{task_name}/{video_name}/frame{index}
Aug. frame /{task_name}/{video_name}/frame{index}/aug{depth}

View /{task_name}/{epoch}/{iteration}/view

Table 1: Unique file path description to directly access
desired objects.

SAND API Argument Description

open() obj path Opens fd for requested obj
read() - Reads from the file descriptor
getxattr() objpath, metadata Returns metadata

close() - Closes the file descriptor

Table 2: SAND’s POSIX APIL.

explore several augmentation paths in parallel. To express
such flexibility, SAND provides five branch types that define
possible control flow patterns.
e single: Applies a series of augmentations in sequence.
e conditional: branch based on a specified condition.
e random: Chooses a branch probabilistically, enabling sto-
chastic augmentations.
e multi: Splits the data flow into multiple parallel branches.
e merge: Joins parallel branches into a unified output stream.
Each augmentation step specifies both its input and out-
put, allowing users to combine these steps in any order or
branching structure required by their task. An example of
the configuration API illustrating these details is shown in
Figure 9. Leveraging this structure, SAND provides a concise
blueprint for managing object dependencies and generat-
ing the required views of video data. Additional details on
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the configuration API are provided in the Supplementary
Material.

Example. Figure 6 illustrates a usage example. This example
illustrates how SAND handles typical PyTorch VDL work-
flows. The data path is set in Line 5 based on the view path in
Table 1, and the training batch is retrieved using open () and
read() system calls in Lines 6-7. Metadata, such as frame
timestamps, is retrieved via the getxattr() call in Line 8,
and memory is released using close() call. Since SAND
leverages POSIX APIs, it integrates seamlessly with any deep
learning framework.

SAND drastically simplifies preprocessing, reducing the
lines of code (LoC) required for data handling from approx-
imately 2.2k [18] to just eight, significantly improving us-
ability and efficiency. By allowing users to define the entire
preprocessing pipeline in a single configuration file, SAND
shifts the focus from data processing to model development.

5.2 Planning View Materialization

At the core of view materialization lies the strategic plan-
ning of preprocessing sequences to maximize the reuse of
intermediate objects across multiple tasks.

Generating abstract view dependency graph. The pro-
cess begins with SAND taking configuration files for each
task as input and generating a meta-graph called an abstract
view dependency graph. This graph exists for each task, rep-
resenting preprocessing steps as a dependency chain of view
types and operations as shown in Figure 10. Nodes in this
graph include view types only as specified in Table 1. The
root node of the abstract view dependency graph is labeled
with the pathname of the video dataset. From the root node,
SAND adds edges representing preprocessing operations,
such as decoding or augmentations. Each edge is connected
to a node that represents the view type created by the corre-
sponding operation. For example, decoding a video creates
a node representing the decoded frames view, while apply-
ing augmentations like cropping or resizing adds nodes for
augmented views.

Materialization planning as a concrete graph. From the
per-task abstract view dependency graphs, SAND generates
an epoch-wise, unified concrete object dependency graph,
which represents the view materialization plan. Rather than
creating a graph for the entire training duration, SAND con-
structs these concrete graphs in k epoch chunks, aligning
perfectly with its pre-materialization strategy—videos are de-
coded once and cached for exactly k epochs before refreshing,
thereby amortizing expensive decoding costs across multiple
epochs. The concrete object dependency graph is a fully spec-
ified graph that consolidates all preprocessing information
across multiple tasks needed to construct the final training
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Figure 10: SAND generates abstract view dependen-
cies and construct a materialization plan as a concrete
graph.

batches, including video files, selected frames, and their aug-
mented variants, as shown in Figure 10. The concrete object
dependency graph is generated as follows: SAND first tra-
verses the abstract graphs (abstract view dependency graphs)
to identify data objects that can be shared across tasks. For
example, if multiple tasks share the same root node in the
abstract graph, they are accessing the same video dataset.
In this case, SAND adds all corresponding video files from
that dataset to the concrete object dependency graph for
those tasks. Similarly, when multiple tasks select the same
frame indices from a video file (i.e., the paths from the root
node are identical), SAND merges the corresponding frame
nodes in the concrete object dependency graph. This merged
node indicates that preprocessed objects can be reused, re-
ducing redundant computations. Additionally, if tasks share
the same augmentation configurations, those augmentation
nodes are also merged to maximize reuse.

As training progresses, SAND generates the next k-epoch

concrete graph before the current one expires, ensuring con-
tinuous operation. In this way, the abstract view dependency
graph serves as a blueprint, enabling SAND to identify shar-
ing opportunities and efficiently translate abstract dependen-
cies into a resource-optimized concrete object dependency
graph.
Challenges in materialization planning. If each task
individually samples videos per batch, frames per video with
frame stride, and runs randomization in augmentation, the
chances to merge nodes—thereby reusing objects—are signif-
icantly low when generating concrete object dependency
graph. On the contrary, to maximize reuse objects, naively
forcing a task to use the same frames from another task can
violate the randomness requirements for each task, under-
mining the training correctness.

In particular, to ensure training correctness, it is essential
to adhere to strict rules when planning view materialization:
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o Data Access Rules: To ensure consistency, the original
distribution of the batch must be preserved. Each video
must be processed and used exactly once per epoch, avoid-
ing any repetition or omission during training.

o Preservation of Randomness: Randomness is essential
for robust training and must be preserved across all ran-
dom policies. This includes both temporal randomness
(e.g., selecting video frames) and spatial randomness (e.g.,
applying crop augmentations).

The core challenge lies in maximizing object reuse across
tasks while strictly adhering to these constraints. SAND
resolves this tension through coordinated randomization
mechanisms that preserve each task’s randomness require-
ments while creating shareable intermediate objects. The
key insight is that randomness can be preserved at the task
level while still coordinating the random choices across tasks
to maximize overlap.

Preserving temporal randomness. For temporal random-
ness, SAND introduces a shared frame pool that coordinates
frame selection across all tasks. The construction process
follows three steps: (1) SAND collects frame extraction re-
quirements from all task configurations, including frame
counts and stride patterns. (2) it calculates a common sam-
pling interval using the greatest common divisor (GCD) of
all strides, establishing a unified sampling grid that accom-
modates all tasks. (3) it performs random frame selection on
this common grid up to the maximum clip length required,
ensuring the pool contains sufficient frames for any task con-
figuration. This shared pool preserves randomness—frames
are still randomly selected—while ensuring that all tasks
draw from the same set of decoded frames. When construct-
ing the concrete graph, SAND samples from this pool and
merges identical frame nodes, enabling reuse without violat-
ing temporal randomness requirements.

Preserving spatial randomness. For spatial randomness,
SAND distinguishes between deterministic operations (e.g.,
resizing to fixed dimensions) and stochastic operations (e.g.,
random cropping). Deterministic operations naturally pro-
duce shareable objects and require no coordination. For sto-
chastic spatial operations, SAND implements a shared win-
dow mechanism: (1) it analyzes all tasks” augmentation re-
quirements to determine the maximum spatial dimensions
needed. (2) it selects a single random window large enough to
accommodate the largest required crop. (3) individual tasks
select their specific regions within this shared window, with
smaller crops choosing sub-regions of the larger window.
This approach preserves spatial randomness—the window lo-
cation is randomly chosen—while ensuring that augmented
objects remain shareable. Tasks requiring different crop sizes
can still share the underlying decoded frame and potentially
share larger crop regions.
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By applying these coordination mechanisms during con-
crete graph generation, SAND creates a materialization plan
that maximizes reuse opportunities. The shared frame pool
ensures frame-level reuse across tasks and epochs, while
the shared augmentation windows enable reuse of spatially
transformed objects. As illustrated in Figure 10, this coordi-
nated approach can reduce redundant operations by orders
of magnitude compared to independent task execution, all
while maintaining the randomness properties essential for
training correctness.

5.3 Materialization under Storage Limit

Based on the generated concrete object dependency graph,
SAND executes view materialization. A straightforward ap-
proach to materialization would involve caching all interme-
diate objects represented in the concrete object dependency
graph directly in local storage. This naive design minimizes
computational overhead because all intermediate and final
objects would be readily available for reuse, eliminating the
need for recomputation during subsequent epochs or tasks.

Although this approach minimizes computation, it re-

quires a substantial amount of storage. Caching all inter-
mediate objects, especially for large video datasets, demands
tens to hundred of terabytes of space. Typical cloud GPU in-
stances, which provide between 1.5 and 3 TB of local storage,
are far from sufficient to accommodate this storage require-
ment. As a result, this naive caching strategy is impractical
for most real-world deployments.
Object graph pruning. To address this, SAND selectively
decides which objects to retain and which to recompute
based on their storage footprint and computational cost.
Pruning the concrete object dependency graph involves eval-
uating the trade-offs between storage and computation. Caching
final training objects minimizes retrieval latency but requires
significant storage capacity. Conversely, storing only raw
video data minimizes storage costs but increases the prepro-
cessing time.

SAND begins with a full concrete graph where all objects
could potentially be cached—from raw videos at the root to
final training batches at the leaves. The pruning algorithm
then determines which subset of these objects to materialize
and cache, prioritizing objects that: (1) are frequently reused
across tasks or epochs, (2) have high computational costs for
regeneration, and (3) require a moderate storage footprint
relative to their recomputation cost. The pruning strategy
works bottom-up through the graph. Initially, all leaf nodes
(training batches) are marked for caching as they represent
fully preprocessed data ready for GPU consumption. How-
ever, caching all leaves often exceeds storage capacity. SAND
then evaluates whether replacing cached leaves with their
parent nodes (e.g., decoded frames or augmented frames)
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Algorithm 1 Object Graph Pruning

1: function PRUNE-GRAPH(0bjGraph)

2 {pNode} « GET-PARENTS-OF-LEAF(0bjGraph)

3 [pNode] <« SorT-BY-SUBTREE-WEIGHTS({pNode})
4 for pNode in {pNode} do

5: subTree « GET-SUBTREE(pNode)

6 reducedSize « Size(subTree) — S1ze(pNode)
7 if reducedSize > 0 then

8 PRUNE-SUBTREE(pNode, objGraph)

9

break for
10: end if
11: end for
12: return reducedSize

13: end function

14: {objGraph} « concrete object graph for k epochs
15: dataSize « Initial data size when caching leaf nodes
16: while true do

17: for objGraph in {objGraph} do

18: reducedSize «— PRUNE-GRAPH (0objGraph)
19: dataSize < dataSize — reducedSize

20: if dataSize > Budget then

21: break while

22: end if

23: end for

24: end while

would save storage while maintaining acceptable recomputa-
tion costs. This evaluation continues iteratively up the graph
until the selected objects fit within the storage budget.
Key idea. In the concrete graph, where each node represents
a data object, its value corresponds to the data size, while
each edge represents an operation with its weight indicating
its computational overhead. Starting at the leaves, SAND
repeatedly moves one level up. If caching the parent instead
of all underlying leaves saves space without increasing the
recomputation time, SAND collapses the entire subtree into
that parent. Candidate parents are ranked by subtree edge
weight; smaller sums imply less recomputation.

Algorithm 1 implements this strategy. It (i) gathers the cur-
rent parents of all leaves, (ii) orders them by subtree weight,
(iii) greedily prunes the first candidate that yields a net space
saving, and (iv) iterates per video until the overall cache fits
within the storage budget. This greedy policy maximizes
space savings per unit of added recomputation at every step,
yielding a compact cache that meets the budget while keep-
ing extra preprocessing work minimal.
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5.4 Scheduling View Materialization

Once the materialization plan is established (§ 5.2) and opti-
mized (§ 5.3), SAND uses the CPU to execute the materializa-
tion plan using a preprocessing engine that invokes multiple
threads. SAND defines two primary types of worker threads,
each responsible for specific tasks:

e Demand-feeding: These threads handle critical tasks
such as verifying whether training objects exist in mem-
ory or storage, loading them into memory using APIs in
Table 2, if necessary, performing final steps of the prepro-
cessing pipeline, and copying completed objects to the
read buffer upon a read() call.

o Pre-materialization: These threads process materializa-
tion tasks according to the order specified in concrete
object dependency graph, generating training objects for
the current and future epochs.

To prevent GPU stalls, the training batch required for the

next iteration must be processed in a timely manner. SAND
addresses this by creating a thread pool and dynamically
assigning threads to tasks, ensuring that training objects are
ready when needed. However, this poses challenges. Pre-
materialization threads and data-feeding threads compete
for CPU resources, leading to contention. Additionally, the
exact timing of training batch requests (i.e., read()) is un-
predictable, as it depends on GPU processing times, further
complicating the scheduling process.
Priority-Based Materialization Scheduling. To address
these challenges, SAND employs a dynamic priority-based
materialization scheduling mechanism that adjusts thread
priorities in real time based on task importance and system
conditions. First of all, SAND assigns the highest priority to
data feeding threads because it reads video frames required
in the current epoch to execute materialization threads.

To parallelize materialization tasks, SAND assigns each
thread to a subtree in the concrete object dependency graph
(i.e., each video view object). Since each subtree spans many
epochs, a thread must focus on the nodes required for the
current iteration first.

To achieve this, SAND tracks the progress of each mate-
rialization thread and calculates deadlines for each training
object. A deadline represents the remaining iterations before
the training object is required by the GPU. Materialization
threads are then prioritized inversely proportional to their
deadlines, ensuring the most urgent tasks (those far from
the deadline) are processed first.

However, relying solely on a deadline-based priority can
lead to an accumulation of pending threads holding decoded
raw frames, increasing memory usage and risking memory
overflow. To mitigate this, SAND monitors memory usage
and dynamically reconfigures thread priorities to a Shortest
Job First (SJF) strategy when memory consumption exceeds
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a predefined threshold (e.g., 80% of total memory). SAND cal-
culates the remaining workload for each thread by counting
the number of unprocessed edges in its assigned subtree, and
priorities a thread having the smallest unprocessed edges.
Once preprocessing tasks are completed, any unnecessary
decoded raw frames are promptly freed from memory.

This dynamic runtime policy ensures lagging threads are
prioritized to meet deadlines while efficiently clearing pend-
ing threads, thereby reducing memory pressure and improv-
ing overall performance to maximize GPU utilization.

5.5 Discussion

Metadata management and overhead. While SAND’s
view-based abstraction requires metadata structures to coor-
dinate materialization and track object dependencies, these
overheads are negligible compared to the computational sav-
ings achieved through systematic reuse. SAND maintains
three primary metadata structures: (1) an abstract view de-
pendency graph constructed from configuration files that
captures the preprocessing flow with just a few nodes and
edges, serving as a template for concrete plans; (2) a concrete
object dependency graph for each video that encodes the
materialization plan across k epochs, tracking which objects
will be cached, their status, and physical storage paths—for
a typical 300-frame video, this contains only a few hundred
nodes (tens to hundreds of KB) and generates in millisec-
onds; and (3) auxiliary scheduling tables that track training
sequences, frame usage patterns, and object deadlines, re-
quiring only hundreds of MB even for large-scale datasets.
This minimal metadata investment—orders of magnitude
smaller than the multi-second preprocessing operations it
orchestrates—enables SAND to reduce preprocessing time
by up to 10.2X compared to naive approaches that lack such
coordination.

Extensibility and custom augmentation. SAND offers a
default library of augmentation functions commonly used
in video deep learning tasks, such as action recognition [18],
super-resolution [10], and video captioning [37]. These built-
in functions provide a convenient starting point for most use
cases. However, when users need additional or specialized
transformations not included in the default library, SAND
accommodates them through a well-defined interface for cre-
ating custom functions. By adhering to this interface, which
specifies general input and output formats, new operations
can be integrated without modifying the underlying sys-
tem core. From a system-provider perspective, supporting
external libraries often involves running processes with de-
pendencies or runtimes not present in the core environment.
SAND addresses this by offering an RPC service mechanism,
enabling custom functions to be executed in separate pro-
cesses. This ensures that external libraries do not conflict
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with SAND internals and can be updated or replaced inde-
pendently.

Fault tolerance and recovery. SAND provides robust fault
tolerance by persisting all unpruned objects to the file sys-
tem, ensuring that expensive preprocessing operations (e.g.,
decoded video frames) survive system failures. Upon restart,
SAND follows a three-step recovery process: (1) regenerat-
ing the concrete dependency tree from configuration files,
(2) scanning disk for previously persisted objects, and (3)
using the dependency tree to determine optimal recovery
points, performing only necessary computations to regen-
erate missing objects. The concrete dependency tree can be
checkpointed every k epochs for faster recovery.

6 Implementation

To enable SAND on existing Linux VFS, we implement the
SAND filesystem on top of the FUSE library [67]. This allows
SAND to effectively intercept POSIX file system calls and
provide users with a seamless and efficient view abstraction.

The preprocessing engine responsible for object material-
ization uses decoders such as libvpx [24] and openh264 [14]
for decoding based on file extensions. Various augmenta-
tion operations are performed using libtorch-cpu [47] and
OpenCV [46]. Once an object is materialized, it is retained
in memory if it is expected to be used in the current or near-
future iterations; otherwise, it is kept in storage. Frames and
augmented frames, represented as uint8 types, are cached
using lossless compression via libpng [48].

SAND continuously monitors the storage budget allocated
for caching. When the storage usage exceeds 75% of the
designated threshold, SAND evicts cache in the following
order: (1) objects that have already been used and will not be
required in future epochs, and (2) objects with the longest
deadlines. This efficient caching mechanism ensures optimal
use of storage and minimizes materialization overhead.

7 Evaluation

We evaluate the usability and performance of SAND to vali-
date its design goals and quantify its benefits. Our evaluation
is structured to answer the following key questions:

e How much performance improvement does SAND de-
liver under various conditions—including single-node, and
Ray-based distributed environments—in terms of reduced
training time and increased GPU utilization?

e How does the SAND abstraction improve usability mea-
sured by reductions in lines of code (LoC)?

e How effectively do SAND ’s materialization planning,
pre-materialization, and scheduling strategies enhance
resource utilization and improve execution efficiency?
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7.1 Experimental Setup

We evaluate SAND on a variety of deep learning tasks and
models, encompassing video action recognition, video cap-
tioning, and video super-resolution. Specifically, we use two
models for video action recognition—SlowFast [19] and MAE [70],
one model for video captioning—HD-VILA [75], and one
model for video super-resolution—BasicVSR++ [10]. We lever-
age upon three open-source code bases: SlowFast [18] (for
SlowFast and MAE), HD-VILA [37] (for the video captioning
model), and RVRT [34] (for BasicVSR++).

Datasets. For video action recognition, we use the Kinetics-
400 dataset [27], which contains 250k videos with a maxi-
mum resolution of 720p. For video captioning, we rely on
the HD-VILA dataset [75], a large-scale dataset comprising
100k videos at 720p resolution, specifically designed for tasks
combining natural language and video understanding. For
video super-resolution, we curated a custom dataset of 1080p
videos randomly selected from YouTube, focusing on high-
quality, real-world video content.

Baselines. We compare SAND against two baseline sce-
narios: on-demand CPU and on-demand GPU. In the on-
demand CPU baseline, each time input data is required, it
uses PyAV [50] and Decode libraries [16] for on-the-fly video
decoding and apply CPU-based PyTorch preprocessing steps
for dataset generation. In contrast, the on-demand GPU base-
line employs the DALI library [15] to handle all preprocess-
ing tasks on the GPU. Additionally, we consider an ideal case,
where all final training batches are pre-stored, ensuring no
GPU stalls occur during training,.

Environments & Scenarios. All experiments are con-
ducted on Google Cloud Platform (GCP) A2 instances [21],
each equipped with NVIDIA A100 GPU(s) [43] and paired
with 12 vCPUs per GPU. Each node is configured with 3TB
of NVMe local SSD storage, chosen to maximize local stor-
age capacity per node. We evaluate performance across four
distinct scenarios:

o Single task training: We launch a single task of training a
single model on a node using an a2-highgpu-1g instance,
equipped with one A100 GPU.

o Hyperparameter search: Hyperparameter search is a
representative scenario where multiple tasks share the
same dataset. We seamlessly integrate SAND into a Ray
Tune [42] environment, enabling efficient execution of
multiple hyperparameter search jobs on an a2-highgpu-4g
instance with four A100 GPUs. The search is executed in
parallel across four GPUs. The hyperparameter search
space includes the optimizer type and its hyperparame-
ters (e.g., learning rate, weight decay, betas). The tuning
process uses the ASHA scheduler [33], which performs
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early stopping for underperforming configurations, avoid-
ing full training for all epochs. In the hyperparameter
search environment, all jobs share the same dataset.

e Multiple heterogeneous task training: We launch mul-
tiple training tasks with different models which shares the
same dataset. We leverage Ray [42] on a2-highgpu-2g
instance with two A100 GPUs to run two training tasks
concurrently.

o Distributed training with remote storage: We run
distributed training workloads using Ray with two a2--
highgpu-1g instances, each with one A100 GPUs. The
dataset is stored remotely in an Google Filestore [22],
connected via a WAN. This setup reflects realistic cross-
network data access conditions common in enterprise
settings, where ML models train on continuously updated
data in data lakes and warehouses [63, 64].

7.2 End-to-end Benefits

Single task training. Figure 11(a) presents the end-to-
end training time across four different models, normalized
to the on-demand GPU baseline. Compared to on-demand
CPU, SAND reduces the training time by 2.4X to 5.6X. No-
tably, even against on-demand GPU, SAND achieves 1.4X
to 1.7x faster training. In fact, relative to an ideal scenario.
Figure 11(b) illustrates GPU utilization throughout the train-
ing process. SAND raises GPU utilization by 2.5X to 5.7X
compared to on-demand CPU, and by 1.4X to 1.7X compared
to on-demand GPU.

To understand SAND’s advantage, we also evaluate a
naive caching baseline that caches all decoded frames up
to the 3TB storage limit. This approach achieves only 2.7%
speedup over on-demand processing, far below SAND’s im-
provements. The limited benefit stems from VDL’s random
frame selection causing different frames to be sampled each
epoch—with only 3TB available, this baseline stores less
than 4% of decoded frames, forcing constant re-decoding.
In contrast, SAND amortizes decoding costs by decoding
once and pre-materializing training batches for the next k
epochs, eliminating redundant operations. This fundamental
difference enables SAND to overcome the storage limitations
that cripple naive caching strategies.

Hyperparameter search. Figure 12 shows the results of
the hyperparameter search for four different models con-
ducted using Ray Tune in an environment leveraging the
SAND abstraction. Compared to the on-demand CPU base-
line, SAND speeds up the search by 2.9x to 10.2X. Against
on-demand GPU baselines, SAND achieves 1.4X to 2.8% faster
search times, with only an 5-14% performance gap from the
ideal case. Additionally, SAND achieves 3.1 to 12.3X higher
GPU utilization compared to on-demand CPU baselines and
1.8 to 2.9x higher GPU utilization compared to on-demand
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GPU baselines. In the hyperparameter search scenario, SAND
achieves performance much closer to the ideal case compared
to single-task training. This is achieved through dynamic
real-time materialization of training batches until the search
concludes, ensuring that concurrently running tasks share
the same dataset for each epoch. This efficient approach
minimizes redundant operations and optimizes resource uti-
lization, enabling superior performance.

Multiple heterogeneous task training. Figure 13 shows
the performance results when training two different mod-
els, SlowFast and MAE, simultaneously for the video action
recognition application. Compared to the on-demand CPU
baseline, SAND achieves 5.3% and 6.2X faster training times
for SlowFast and MAE, respectively. Additionally, SAND de-
livers 5.4x and 8.3 higher GPU utilization compared to the
on-demand CPU baseline, and 1.7X and 2.5X higher GPU
utilization compared to the on-demand GPU baseline. As in
the hyperparameter search scenario, SAND efficiently maxi-
mizes intermediate object reuse through effective view ma-
terialization planning, even for heterogeneous tasks sharing
the same dataset. As a result, it delivers significant perfor-
mance improvements compared to single-task scenarios.
Distributed training with remote storage. Figure 14
shows the performance of distributed training with two
GPU nodes and remotely stored dataset. For SlowFast model,
SAND respectively shows significant speedup of 5.2x com-
pared to the on-demand CPU baseline, which came from 5.2x
higher GPU utilization. SAND maximizes the materialized
training batches by strategically caching and reusing prepro-
cessed data locally, thereby saving a significant portion of

| SlowFast [18] HD-VILA [37]

Official repository 2254 LoC 297 LoC
w/ SAND abstractions | 8 LoC 7 LoC

Table 3: Lines of code needed for the video preprocess-
ing.

network bandwidth, which is only 3% compared to baseline.
This approach prevents training from being bottlenecked by

insufficient bandwidth between the GPU instances and the

Filestore storage, ensuring smooth and efficient data access

for high-performance training.

Power consumption. Figure 15 compares the energy usage

of SAND with two on-demand baselines during a single-epoch
hyperparameter search. SAND cuts total power consumption

by 42% to 82% relative to the on-demand CPU pipeline and by
15% to 38% relative to the on-demand GPU pipeline. These

savings stem from a combination of effects. First, SAND

caches and reuses intermediate results, it eliminates redun-
dant preprocessing and slashes CPU-side energy by up to

90%. At the same time, the workflow completes 5.3X to 6.2X

faster, so GPUs spend far less time idling at low utilization,
further reducing waiting power.

7.3 Usability of SAND Abstractions

SAND enhances programmability by decoupling views from
training objects and managing them automatically, offering
users a simple and intuitive view abstraction. Table 3 com-
pares the total LoC required for video preprocessing in the
official repositories of SlowFast and HD-VILA to produce the
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final training batches in their respective __getitem__ meth-
ods. With the SAND abstraction, training batches can be
accessed with just 3—4 lines of code, significantly reducing
development effort, as shown in Figure 6. The remaining 4
lines are used to communicate the start and end of tasks to
the SAND service, implemented through simple open and
close calls. SAND allows seamless integration into any code-
base via POSIX API access to the desired view path, making
it adaptable to a wide range of video deep learning appli-
cations without requiring custom preprocessing code for
each task. Furthermore, SAND supports distributed training
environments like Ray and enables input handling from re-
mote storage, ensuring robust applicability across diverse
settings and minimizing the overhead of managing video
preprocessing in complex scenarios.

7.4 Component-wise Benefits

Materialization planning. Figure 16 illustrates the ben-
efits of materialization planning by showing the reduction
in the total number of operations required in a multi-task
setting while training two different video models, SlowFast
and MAE. It shows the total number of preprocessing opera-
tions required in one training epoch. SAND achieves a 50.3%
reduction in decoding operations by sharing frames at the
frame level. Similarly, by leveraging a shared augmentation
pool, SAND reduces random crop augmentation by 33.1%.
The redundant operation removing leads to a significant im-
provement in GPU utilization, increasing it by 2.64X to 2.78.
Figure 19 shows the CDF of how many times each frame
is selected over ten epochs. Without SAND, only 10.6% of
frames are chosen four or more times; however, with SAND,

Figure 18: Average iteration time
with scheduling.

the share climbs to 60.1%. Finally, Figure 20 compares the
accuracy of the model when materialization planning is en-
abled versus a baseline that draws frames and crops with
fresh randomness in every iteration. The two curves overlap,
confirming that SAND ’s strategy preserves the statistical
randomness required for proper convergence.

Resource optimization with graph pruning. SAND effi-
ciently utilizes available storage capacity through optimized
materialization planning, even under changing storage lim-
its, to minimize recomputation and reduce preprocessing
overhead. To evaluate this, we analyzed the computational
cost of materialization when training SlowFast and MAE
simultaneously in a cloud environment with local storage
sizes of 1.5TB and 3TB. Figure 17 presents the average video
preprocessing time per iteration, comparing cases with and
without the object pruning technique. In the case without
object pruning, only the final training batches generated
based on a naively materialized plan are cached. With 3TB
of storage, optimization through object pruning reduced re-
computation overhead by 10%, while with 1.5TB, it achieved
a significant 25% reduction. This highlights the effectiveness
of SAND in minimizing preprocessing overhead through
efficient storage utilization.

Priority-based thread scheduling. We evaluate the im-
pact of priority-based thread scheduling by comparing it to
the case without scheduling in SAND while training the MAE
model. Figure 18 shows the average iteration time, where the
absence of scheduling results in a 42.6% slower performance
compared to priority-based thread scheduling. This benefit
stems from two key factors. First, adjusting the priority of
video processing threads based on deadlines helps reduce
latency. Second, prioritizing feeding threads required for the
current iteration prevents interference from future object
generation, ensuring uninterrupted data preparation for the
current workload.

8 Related work & Discussion

Programming abstraction for video analysis. PyTorch-
Video and Decord [16, 51] represent widely-adopted base-
line abstractions for video preprocessing in deep learning.
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PyTorchVideo provides high-level APIs integrated with Py-
Torch’s ecosystem, while Decord offers efficient codec-level
video reading. However, both operate at the application level,
requiring developers to manage preprocessing pipelines ex-
plicitly. Each training job independently decodes videos,
causing substantial redundant computation when multiple
jobs share datasets or process videos across epochs. These li-
braries cannot make system-level caching decisions or amor-
tize preprocessing costs across VDL's iterative workloads.
Scanner [49] offers a more sophisticated abstraction for
video processing pipelines, where each video is represented
as a logical table, and user-defined video processing pipelines
are represented as computation graphs. Scanner then focuses
on scheduling these computation graphs across available
resources, enhancing the throughput of video analysis. How-
ever, Scanner’s design diverges fundamentally from SAND,
as it does not handle DNN training nor focus on the iterative
nature of VDL, in which the same video is repeatedly pro-
cessed over multiple epochs and concurrent jobs. Moreover,
while SAND ’s graph is used to identify redundant opera-
tions and reuse intermediate objects, Scanner’s computation
graph primarily represents operations, ultimately enhancing
resource utilization and reducing overhead in video deep
learning pipelines. Consequently, Scanner cannot support
scenarios where multiple jobs share the same dataset and
does not provide optimizations to reduce redundant video
preprocessing.
Mitigating image preprocessing overhead. Efforts to
mitigate data preprocessing overhead, especially for image
workloads, have highlighted the challenges of GPU stalls in
deep learning tasks and proposed various solutions. Some
approaches focus on eliminating fetching overhead by lever-
aging DRAM caching mechanisms [41]. Others explore co-
operative preprocessing pipelines that utilize a combination
of local and remote CPUs [71, 76, 77], or exploit idle GPU
compute power during GPU stall periods to perform pre-
processing tasks [30]. Additionally, there are methods that
minimize data stalls by offloading preprocessing tasks to FP-
GAs [13]. While these methods work well for static images,
they do not address video-specific overheads, most notably
the repeated decoding problem.
Streamed video pipeline. Apache Kafka [6] is widely used
for managing real-time data streams, while Amazon Kine-
sis Video Streams [4] is a managed service specifically de-
signed to ingest, store, and process video streams. Both plat-
forms excel at high-volume, real-time ingestion of raw video
data, allowing users to build pipelines that handle large-
scale workloads. However, they focus primarily on transport
and buffering of streaming content, providing only basic
platform-level capabilities rather than a programming in-
terface for expressing the detailed steps of a video prepro-
cessing pipeline. Additionally, neither system implements
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performance optimizations that leverage the iterative na-
ture of VDL training, such as caching intermediate data and
reusing it across epochs or concurrent tasks.
Generalization beyond video workloads. While SAND
targets video deep learning, its core principles apply to other
domains with compressed data and iterative processing. Ap-
plications across domains face similar decompression over-
head—medical imaging [25, 36, 60], point clouds [52, 53, 78],
and bioinformatics [26, 35, 59]—that SAND’s pre materializa-
tion addresses. The systematic reuse of intermediate objects
also benefits multi-job scenarios like AutoML and hyperpa-
rameter search. Adapting SAND requires domain-specific
customization: (1) modeling preprocessing as computational
graphs, (2) developing sampling strategies balancing train-
ing properties with reuse, and (3) implementing efficient
domain-specific caching. While less effective for highly dy-
namic preprocessing or severe storage constraints, SAND’s
system-level management of preprocessing outputs repre-
sents a broadly applicable paradigm for deep learning sys-
tems.

9 Conclusion

We propose SAND, a new programming abstraction that op-
timizes video preprocessing for video-based deep learning.
SAND improves programmability in complex preprocessing
by decoupling view abstraction from training object manage-
ment. SAND incorporates an efficient data management and
scheduling mechanisms working in various environments,
significantly improving training time and GPU utilization
in single tasking training, distributed data parallel training,
and hyperparameter search.
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