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Abstract
The growing adoption of video-based AI models has created a
pressing demand for high throughput, low latency inference sys-
tems. However, existing preprocessing frameworks—whether CPU
or GPU based—struggle to keep up with the computational burdens
of video decoding and data augmentation, resulting in suboptimal
GPU utilization and degraded inference system performance.

In this paper, we present PRESTO, a high-performance hybrid
CPU-GPU preprocessing framework tailored for video-based AI
inference systems. PRESTO integrates a hybrid preprocessing sched-
uler to dynamically balance CPU and GPU workloads, leverages
selective decoding to eliminate unnecessary frame processing, and
introduces a custom GPU Memory Manager that enables pipelined
preprocessing and efficient GPU memory reuse. Through evaluation
on the video captioning task, we show that PRESTO achieves up to
4.37× higher throughput and 2.72× lower latency compared to the
de facto baselines, while reducing cloud costs by up to 75%.

CCS Concepts
• Computer systems organization → Cloud computing; Hetero-
geneous (hybrid) systems.
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1 Introduction

As video-based AI models become increasingly prevalent across
domains such as autonomous driving [3], smart surveillance [15],
and real-time analytics [8], the demand for inference servers capable
of processing video streams in real time has grown rapidly. These
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trends are further accelerated by advances in multimodal large lan-
guage models [1, 9], which have achieved outstanding performance
across a variety of high-level reasoning tasks [4, 5].

However, deploying such models at scale introduces significant
system-level challenges—most notably, the need to decode and pre-
process large volumes of video data efficiently. Traditional CPU-only
or GPU-only decoding methods often fall short under heavy work-
loads, limiting overall throughput and responsiveness. To address
this, more efficient preprocessing strategies and supporting frame-
works are required for high-throughput video-based AI systems.

In this paper, we first conduct a detailed study of widely used
video preprocessing frameworks (PyTorch DataLoader [12] and
NVIDIA DALI [11]) and identify the fundamental limitations of
CPU-only and GPU-only approaches. Based on our findings, we
propose PRESTO, which addresses these limitations by utilizing
CPU and GPU resources together for preprocessing operations. The
proposed framework integrates GPU-accelerated and CPU-based
decoders to maximize throughput and minimize latency. Our design
carefully considers three critical aspects: efficient resource alloca-
tion and scheduling across heterogeneous hardware, optimized video
decoding strategies that maximize preprocessing performance, and
effective GPU memory management that considers the characteris-
tics of video AI workloads.

Through experimental validation, we demonstrate that the pro-
totype of PRESTO significantly enhances throughput for video-
based AI inference systems while keeping latency low. PRESTO

improves end-to-end throughput (i.e., video requests per second) of
HD-VILA [14], one of the widely adopted video captioning mod-
els, by up to 4.36× over popular CPU-based pipelines (PyTorch
DataLoader with FFmpeg) and 3.48× over GPU-based solutions
(NVIDIA DALI with NVDEC). PRESTO can reduce cloud instance
requirements by up to 75%, resulting in cost savings and reduced
carbon footprint for large-scale deployments. We believe PRESTO

opens up new research directions toward distributed, multi-cluster
systems for scalable video-based AI inference.

2 Background & Related Works

Video-based AI model inference system. As clients submit mul-
tiple video-inference requests to the server, the videos in those re-
quests are queued and processed sequentially through a prepro-
cessing pipeline: it decodes each video into frames, resizes and
normalizes every frame, and packs the augmented frames into a
single model-input tensor. This pipeline is managed by a prepro-
cessing framework such as PyTorch DataLoader, which typically
leverages multiple processors to process videos in parallel. Once a
preprocessed input tensor is ready, the batch is passed to the model
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Figure 1: Time flow diagram of video preprocessing and model
execution.

Framework Utilized Hardware Modality Use Case

PRESTO (Ours) CPU & GPU Video Inference
DALI [11] GPU Agnostic Infer/Training

PyTorch DL [12]∗ CPU Agnostic Infer/Training
FusionFlow [6] CPU & GPU Image Training

SAND [2] CPU Video Training
FastFlow [13] CPU Image/Audio Training
Revamper [7] CPU Image Training
CoorDL [10] CPU Image/Audio Training

Table 1: Comparison of preprocessing frameworks for AI tasks.
∗DataLoader with FFmpeg/OpenCV decoding.

executor, which performs inference on GPUs. After the inference,
the results are returned to the respective clients.

Achieving high throughput while maintaining total inference la-
tency within the Service Level Objective (SLO) is essential for
maximizing resource efficiency and reducing operational costs for
inference service providers. Total inference latency (hereafter re-
ferred to simply as total latency) is the sum of (i) the preprocessing
latency—mainly video decoding and frame augmentations—and (ii)
the model execution latency on GPUs. Meanwhile, system through-
put, expressed as the number of completed video requests per second
(rps), is maximized when GPUs remain fully utilized without stalling.
If preprocessing lags behind, the GPU must wait for the decoded
frames, leading to longer total latency and idle GPU cycles as il-
lustrated in Figure 1. Therefore, preprocessing must be fast and
scalable enough to feed preprocessed batches to the model executor
continuously.

Existing preprocessing frameworks. Because preprocessing can
be computationally intensive, a number of frameworks have been
developed to optimize data preprocessing. PyTorch DataLoader [12]
is a de facto standard used in today’s AI pipelines; it uses multiple
CPU cores to parallelize loading and data augmentation while also
pipelining the preprocessing in the CPU and the batch execution in
the GPU. For video-based AI tasks, PyTorch DataLoader typically
leverages CPU-based software decoders such as FFmpeg or OpenCV.
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Figure 2: End-to-end throughput with CPU/GPU-based prepro-
cessing compared to the ideal case.

Another popular solution is NVIDIA’s Data Loading Library
(DALI) [11], a GPU-accelerated library for deep learning work-
flows. DALI supports image and video decoding and augmentation
(e.g., resizing, cropping, normalization). For video workloads, DALI
leverages NVDEC, a dedicated hardware decoder built into NVIDIA
GPUs.

Optimizing preprocessing pipeline. Several studies [2, 6, 7, 10,
13] have explored optimizing preprocessing pipelines specifically
tailored for training workloads, as shown in Table 1. SAND [2], Co-
orDL [10], and Revamper [7] introduce caching to reduce redundant
data preprocessing and I/O, enabling reuse of partially processed
data and thus reducing GPU idle times during training. FastFlow [13]
offloads preprocessing to remote CPU clusters, while FusionFlow [6]
leverages both CPU and GPU resources to optimize image-based
training.

Despite their contributions, these frameworks mainly address
preprocessing optimizations for training and generally target im-
age/audio modalities rather than video inference. In contrast, video-
based AI inference poses significantly greater preprocessing chal-
lenges due to the compute-intensive nature of video decoding and
real-time inference requirements. To the best of our knowledge, this
paper is the first to present a preprocessing framework specifically
designed for video-based AI inference.

3 Key Observations

In this section, we demonstrate how video preprocessing becomes a
critical bottleneck in video-based AI inference, substantially limiting
the inference throughput and increasing the latency. To show this,
we benchmark HD-VILA [14], one of the popular video captioning
models. The detailed setup is explained in §6. We focus on two
widely adopted preprocessing approaches for inference, as shown in
Table 1: CPU-based (PyTorch DataLoader + FFmpeg video decoder)
and GPU-based (NVIDIA DALI) preprocessing frameworks.

End-to-end throughput is capped by preprocessing. For optimal
GPU utilization and maximum throughput, the batch size (i.e., the
number of videos being processed) should be increased until the
GPU saturates. Figure 2 shows that, as batch size grows, the ideal
(model-only) throughput—assuming that preprocessing latency can
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Figure 3: GPU utilization of an inference pipeline with CPU-
based preprocessing. The red line indicates the average GPU
utilization.
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(a) CPU-based preprocessing
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(b) GPU-based preprocessing

Figure 4: Preprocessing latency by each preproc. framework.
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Figure 5: Model execution latency increases with more prepro-
cessing workers due to CPU contention.

be hidden—increases almost proportionally, confirming that GPU
execution scales well. However, the actual end-to-end throughput
drifts ever farther from this ideal, with the gap widening steadily.
Figure 3 shows that even at batch size 8, the GPU reaches only about
70% peak and 18.7% average utilization, suggesting that the real
bottleneck lies in the preprocessing pipeline, not in the GPU. As a re-
sult, the two most common preprocessing approaches—CPU-based
and GPU-based—achieve only 13.9% and 17.4% of the GPU-bound
(model-only) throughput at batch size 8, respectively. Note that since
video decoding is already operating at full capacity, increasing the
batch size no longer boosts the system throughput.
Why is video preprocessing expensive? Video preprocessing in
deep learning workload is far more expensive than the preprocessing
for image-based tasks [2]. This is due to two key reasons: First,
video decoding incurs substantial computational overhead. Unlike
still images, modern video files store multiple compressed images
with motion vectors and frequency-domain residuals; reconstructing
each frame therefore entails entropy decoding, inverse transforms,
motion compensation, and in-loop filtering for every block.

Second, we have to decode much more frames than the model
actually requires. This is because most video AI models need only
a small number of relevant frames (e.g., key frames) to capture
the necessary context, not every intermediate or redundant frame.
For instance, HD-VILA [14] actually uses approximately 20% of
the decoded frames. Unfortunately, due to the sequential nature of
compressed video formats, decoding these necessary frames often
requires processing a large number of preceding frames as well. As
a result, this compute-heavy step dominates preprocessing and stalls
the model threads, as illustrated in Figure 1.

Next, we delve deeper into the specific limitations of each prepro-
cessing framework’s approach.

Limitations of CPU-only preprocessing. CPU-only preprocess-
ing suffers from two fundamental limitations. First, software-based
video decoding is computationally expensive, which significantly
limits video decoding throughput. Because the throughput of CPU-
based decoding does not match that of model inference, using a
larger batch size of 8 results in 6.78 × longer preprocessing latency
than a batch size of 1, as shown in Figure 4a.

Second, adding more preprocessing workers introduces CPU
resource contention with the model execution thread, ultimately
increasing the inference latency. Figure 5 demonstrates that such
contention raises model execution time by up to 2.4× above the
ideal baseline. These limitations make CPU-based pipelines funda-
mentally unsuitable for high-throughput video-based AI inference.

Limitation of GPU-only preprocessing. Although dedicated hard-
ware such as NVDEC decodes faster than CPU-based decoders, its
throughput still falls short of the model’s demand. For instance,
NVDEC can decode 4.73 × faster (24.29 rps) than the CPU-based
software decoder (5.13 rps) for a single 720p resolution video. How-
ever, NVDEC is still far from the optimal model throughput. To mea-
sure its limits, we implement our optimized multi-threaded NVDEC
pipeline (§5.2) and confirm that NVDEC can achieve up to 62.5
videos per second. For seamless model execution, we still need to
speed this up by 2.59 × higher.

Moreover, we observe that the state-of-the-art GPU-based prepro-
cessing framework performs surprisingly worse than our optimized
multi-threaded NVDEC pipeline, despite supporting NVDEC. As
shown in Figure 4b, with a batch size of 8, DALI experiences 6.88
× higher processing latency compared to the case with a batch size
of 1. This is because DALI supports only a single-threaded control
to utilize NVDEC, which can process one video decoding at a time.
Even more limiting, this single host thread is also responsible for
post-decoding tasks such as YUV-to-RGB conversion and copy-
ing results into tensor memory. As a result, when using DALI, the
NVDEC engine often sits idle, leading to much lower throughput
than the model can consume.

Our findings show that relying solely on either the CPU or GPU
for video preprocessing falls short of meeting high-throughput de-
mands in video-based AI inference. A more efficient preprocessing
strategy and a supporting framework are required to close this gap.

4 Approach: Hybrid CPU-GPU processing

A promising way to overcome the limitations of CPU-only or GPU-
only preprocessing is to adopt a hybrid CPU-GPU approach, where
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both CPU and GPU share video decoding tasks. This allows us
to take advantage of the best of both worlds: utilizing fast GPU
decoding hardware while also leveraging the CPU, which offers
greater flexibility and can be scaled more easily by utilizing idle
cores often available in deep learning workloads.

Goal. The primary objective of PRESTO is to eliminate bottlenecks
in the preprocessing pipeline so that the GPU can remain busy for
model execution. By collaboratively using both NVDEC (GPU-
based) and FFmpeg (CPU-based) decoders, this paper aims to effec-
tively remove preprocessing bottlenecks in video-based AI model
inference and maximize overall pipeline efficiency.

Design considerations. While hybrid CPU-GPU preprocessing is
promising, implementing this strategy and achieving meaningful
throughput over existing methods requires addressing three design
considerations:
• Efficient resource allocation and scheduling: To fully harness

the synergy of CPU-GPU collaboration, a scheduler must allocate
resources and orchestrate preprocessing tasks between the CPU
and GPU based on system load and video characteristics. This
scheduling logic is essential to the framework’s flexibility and
efficiency. Also, we need to develop knobs to control decoder-
level resource allocation for our fine-grained scheduling.

• Maximizing decoding performance: Simply using the video
decoding approach from existing data processing frameworks
is insufficient to fully realize high throughput with the hybrid
approach. We should develop a new decoding strategy tailored for
video-based AI inference to maximize the decoding performance
on both the CPU and GPU sides.

• GPU memory management: Modern video models already oc-
cupy tens of gigabytes of device memory, and their footprints
continue to grow with every architectural advance. When using
GPU resources for preprocessing, multiple video decoders share
GPU memory with the video AI model, leaving less memory
available for inference. Without careful memory management,
this sharing creates significant memory pressure on limited GPU
resources. Developing efficient memory management strategies
is essential.

5 PRESTO Design

Figure 6 sketches end-to-end pipeline of PRESTO. Black arrows de-
note the video-data flow, whereas green arrows denote the GPU-buffer
flow reused by the GPU memory pool. By orchestrating CPU and
GPU resources along these two orthogonal flows, PRESTO removes
the preprocessing bottleneck that harms video-based AI inference
while achieving high inference throughput.

Video-data flow. Upon receiving an inference request, Hybrid Pre-
processing Scheduler selects the best preprocessor available. The
designated preprocessor decodes the video with Pipelined Selec-
tive Decoding and packs processed frames into a batch. Finally, the
model executor feeds the generated batch into a model to obtain the
final results.

GPU-buffer flow. GPU Memory Manager handles GPU memory
buffer allocation to enable efficient reuse and avoid redundant al-
locations. It provides GPU memory buffers to store preprocessed

1. Hybrid Preprocessing
Scheduler

Tensor Queue

CPU Decoder

Video Queue

3. GPU Memory Manager

CPU DecoderCPU Decoder
CPU Preprocessor

2. Pipelined GPU 
Preprocessor

Input Model Executor

Presto Framework

Video Data flow
GPU Buffer flow

Frame Queue

Figure 6: PRESTO Design Overview.

frames generated by CPU or GPU-based preprocessors. Once the
frames are processed, the manager allocates a contiguous buffer
to store the packed batch, which is then enqueued into the tensor
queue. After the model executor finishes processing the batch, the
associated frame buffers are immediately returned to the manager
for reuse.

5.1 Hybrid Preprocessing Scheduler

To efficiently allocate preprocessing tasks across heterogeneous CPU
and GPU resources, we employ a simple yet effective policy that
minimizes the data waiting time while maximizing the hardware
utilization. We consider both the current workload and the processing
capability of each resource by utilizing a normalized queue length
metric that accounts for both the pending work and the historical
processing throughput of each preprocessor. The metric is defined
as follows:

Q̃i =
Qi

τi
, where, τi =

Ni

Ti
, Ti =

Ni

j=1
ti, j

Here, i indexes one of the preprocessors in PRESTO, Qi is the number
of pending videos, and τi is the average throughput, computed as
τi = NiTi, where Ni is the number of videos processed so far and
Ti =

Ni
j=1 ti, j is the total processing time. ti, j denotes the latency to

preprocess the j-th video assigned to preprocessor i. Our scheduler
selects the one with the shortest normalized queue Q̃i.

In future work, we aim to investigate scheduling policies that
more directly optimize for overall system throughput.

5.2 Pipelined Selective Decoding

PRESTO maximizes the decoding performance of each individual pre-
processor through selective frame decoding tailored for video-based
AI models and a highly efficient pipelined GPU decoder.

Selective decoding. A key insight in PRESTO decoding is that not
all frames need to be decoded. As discussed in §3, video-based AI
models typically use only 10–20% of the frames in a video—often
sampling one frame every k frames. Based on this observation,
PRESTO employs selective decoding; it jumps to the closest key
frame that precedes the target frame required for inference, skip-
ping all unnecessary intermediate frames. In detail, upon receiving a
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Figure 7: End-to-end inference throughput under
the optimal configuration for each batch size.
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Figure 8: Performance with different configurations.

request, the preprocessor seeks the key frame closest to the target
frame’s Packet Time Stamp (PTS), which indicates the temporal
position of the frame in the video stream, bypassing all earlier pack-
ets. Since finding a non-key frame’s exact PTS without decoding is
impossible, we estimate the target frame’s PTS using its frame index
and video metadata (i.e., frame rate and timebase).

Pipelined video decoding (GPU). Another design insight in PRESTO

is that the GPU-based decoding workflow can be decomposed into
distinct stages (pre-decode, decode, and post-decode), many of
which are amenable to pipelining. By exploiting this structure,
PRESTO decomposes this decoding pipeline and enables multiple
preprocessor threads to share the limited NVDEC engine.

Specifically, PRESTO decomposes the pipeline into bitstream I/O
and demuxing, packet submission, decoding, YUV-to-RGB conver-
sion, tensor formatting, and uploading the tensors to GPU memory.
Among these, only the decoding process needs to run on the NVDEC
engine, while the others run on CUDA cores and CPUs. Leveraging
this separation, PRESTO enables the concurrent processing of mul-
tiple videos. While one video occupies the NVDEC engine for de-
coding, other videos can simultaneously progress through bit-stream
reads or post-processing kernels on CUDA cores and CPUs.

5.3 GPU Memory Manager

Inference with video-based AI models alone already consumes tens
of gigabytes of device memory for storing model weights and tem-
porary activations, with their footprints growing further with each
architectural advancement. Under such tight memory constraints,
repeatedly invoking cudaMalloc and cudaFree for each decoded
frame or tensor fragment leads to GPU memory fragmentation and
non-negligible allocation latency—often taking several milliseconds
per call.

PRESTO addresses both issues by pre-allocating large memory
blocks and reusing them across decoding and batching stages via
a dedicated GPU Memory Manager. Since memory requirements
are consistent across frames, this workload-aware reuse strategy
effectively reduces memory fragmentation and overall GPU mem-
ory usage, while ensuring that the reserved memory for the model
remains unaffected.

Pre-allocation and reuse. GPU Memory Manager maintains an
internal pool of GPU-memory buffers. When the preprocessor re-
quests a buffer of a given size, the manager searches its pool for a
block that matches the request and returns it. If no such block is
available, the manager allocates a new GPU-memory region of the
required size and passes it back to the preprocessor. As soon as the
tensor is no longer necessary, the associated buffer is automatically
returned to the Buffer Pool. By combining automatic buffer return
with size-aware reuse, PRESTO prevents GPU memory leaks and
virtually eliminates allocation/free overhead.

6 Preliminary Evaluation

We evaluate PRESTO using HD-VILA [14], a widely adopted video-
captioning model, using the 720p version of the HD-VILA-100M
dataset from the same paper. Note PRESTO is designed to support
general video-based AI models, and we leave evaluation with other
models as our future work. All experiments are conducted on a
representative inference-server setting with 12 CPU cores and a
NVIDIA RTX 4090 GPU, which emulates a Google Cloud Platform
a2-ultragpu-1g instance (1× A100-80GB GPU and 12 vCPUs).

Baseline & metric. We evaluate PRESTO against two widely-used
preprocessing frameworks in AI pipelines: PyTorch DataLoader
with FFmpeg decoder and NVIDIA DALI with NVDEC decoder.
We report the end-to-end throughput as requests per second (rps),
assuming one video per request, and the total latency defined in §2.

Implementation. PRESTO is implemented in C++ and CUDA, com-
prising approximately 3K lines of code. The implementation runs in
a Docker container and utilizes NVIDIA Video Codec SDK v12.1
and FFmpeg v6.1.

End-to-end result. Figure 7 shows that PRESTO boosts end-to-end
throughput by up to 4.37× over the CPU-based pipeline and 3.49×
over the GPU-based pipeline. At the same time, PRESTO reduces
total latency to 130 ms; 2.72× faster than CPU-based pipeline and
2.17× faster than GPU-based pipeline. Even at batch 8, where pre-
processing becomes its limiting factor, PRESTO still maintains at
least a 3× advantage over both baselines across all batch sizes.

Component-wise benefit. PRESTO achieves performance gains
through three components: the hybrid preprocessing scheduler, selec-
tive decoding, and pipelined decoding. In the batch 8 configuration
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(Figure 7), our hybrid decoding scheduler achieves an end-to-end
throughput of 8.5 rps, resulting in a 1.1× improvement over the
default round-robin scheduler. For each preprocessing worker, selec-
tive decoding significantly boosts preprocessing throughput, achiev-
ing a 3.4× increase on the CPU (5.2 rps→18.0 rps) and a 1.25×
increase on the GPU (28.4 rps→35.6 rps). Finally, our pipelined,
multithreaded decoding increases GPU preprocessing throughput
from 28.3 rps (which only supports a single worker as in DALI) to
62.5 rps (2.2× improvement) with eight workers.

Performance with different configurations. Performance of PRESTO

is largely determined by the number of CPU and GPU preprocessors.
To analyze the impact, we profile the end-to-end throughput and
latency under varying configurations, as visualized in Figure 8. Note
that latency values for CPU-based processing above 0.4s are omit-
ted for presentation clarity. Both the throughput and latency curves
exhibit a vortex-like surface, indicating that simply adding more
CPU or GPU preprocessors does not ensure the best performance,
and there exists an optimal balance between them. When both the
numbers of CPU and GPU preprocessors are low, long decoding
latency dominates the end-to-end delay, and PRESTO fails to achieve
high throughput. Increasing the number of preprocessors initially
improves throughput by enabling greater parallelism. However, be-
yond a certain point, excessive parallelism causes contention for
shared resources (e.g., NVDEC engines and CPU cores), leading
to increased latency and, in some extreme cases, even a drop in
throughput.

Identifying the optimal configuration is an open challenge and
is left for future work. Nevertheless, across a wide range of config-
urations, PRESTO consistently outperforms CPU- and GPU-based
preprocessing in both throughput and latency.

Expected cost and carbon savings. For a workload of 1,000 video
requests per second, the CPU-based pipeline requires 45 a2-ultragpu-
1g instances and the GPU-based pipeline needs 35, whereas PRESTO

meets the same load with only 11 instances thanks to the higher
throughput processing. These 69% and 75% reduction yield an
aggregate saving of roughly $165/h on Google Cloud Platform. It
also lowers power consumption and consequently carbon emissions
by approximately 25%, from 31.5 J to 23.4 J, compared to the CPU-
based framework.

7 Conclusion & Future Directions

We present PRESTO, a hybrid CPU-GPU preprocessing framework
that accelerates video-based AI inference by addressing preprocess-
ing bottlenecks. PRESTO integrates hybrid decoding, selective frame
processing, and pipelined GPU preprocessing with memory reuse.
Evaluated on HD-VILA, PRESTO achieves up to 4.37 × higher
throughput and 2.72 × lower latency than common baselines, en-
abling cost- and energy-efficient deployment of real-time video AI
systems.

Beyond single-node deployments, the principles behind PRESTO

can be applied to distributed inference systems operating over hetero-
geneous GPU clusters. In such settings, GPUs may vary in decoding
capacity, compute performance, and available memory, while video
requests differ in resolution, duration, task type, and SLO require-
ments. A natural extension of PRESTO is a network-aware runtime

scheduler that co-optimizes batching and preprocessing by taking
these heterogeneities into account. When preprocessing outpaces
local compute, intermediate frames can be routed to higher-capacity
nodes, enabling efficient load balancing while preserving per-stream
SLOs. This direction opens up opportunities for scaling PRESTO to
support high-throughput, real-time video AI across diverse cloud
and edge environments.
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