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ABSTRACT

Today, a wide range of machine learning applications, including video analytics applications
and large language model (LLM) applications, are becoming distributed. Specifically, they
both require loading the data from a data source to the machine learning model for efficient
inference. In this thesis, we focus on two concrete applications. Video analytics, where the
analytical DNNs need to load the video feeds from remote camera, and LLM inference, where
the LLM inference engine need to load the KV caches from storage for faster inference. Our
observation is that, by properly identifying important part of the data and loading them
with high priority, the latency of the end-to-end pipeline can be greatly improved without
sacrificing the other performance metrics (accuracy in video analytics, and throughput in
LLM serving). Concretely, the pixels associated with objects in video analytics are more
important than others, and similarly, the KV caches associated with requests with lower JCT
are more important than others. However, existing works either estimates this importance
too slowly or too inaccurately. This thesis leverages application-driven insights to quickly
identify the important data with high accuracy. Our evaluation shows that we can reduce

the latency by 2-3x without sacrificing accuracy or throughput.
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CHAPTER 1
INTRODUCTION

Trend: ML applications are becoming distributed

G Video frames g g <_K\/_ca_chis - E

By —— " «m == -
Camera GPU Server LLM engine KV cache store
(e.g. vLLM) (e.g. LMCache)

Common patterns:

Tensor data
loading

Data Inference
source engine

Figure 1.1: Machine learning pipelines are becoming distributed, and this thesis optimizes
for data loading

(This thesis focus on loading)

Machine learning applications are increasingly becoming distributed (Zhong et al. [2024],
Du et al. [2020, 2022], Li et al. [2020], Zhang et al. [2015], Chen et al. [2015], Zhang et al.
[2022a,b], Liu et al. [2019], Du et al. [2025], Jiang et al. [2018], Liu et al. [2024], Yao et al.
[2025]). We show this trend in Figure 1.1. This is because these applications need to load the
data from a remote source (e.g., camera video feeds in video analytics applications, or KV
caches in large language model applications) in order to minimize the end-to-end latency
of the inference system, while maximizing the performance objectives (accuracy in video
analytics applications, and throughput in LLM inference applications).

Prior work shows that the latency of inference system can be greatly reduced by priori-
tizing the loading of critical data (Du et al. [2020, 2022|, Li et al. [2020], Zhang et al. [2015],

Chen et al. [2015], Zhang et al. [2022a,b], Liu et al. [2019], Du et al. [2025]). Concretely,
1



If the receiver runs car detection DNN...

Raw video Ideal compression
Car detection accuracy: 100% Only encode 20% pixel
Car detection accuracy: 100%

Figure 1.2: Illustrating the compression opportunity of video analytics application. Only
20% pixels need to be encoded, indicating a 5X compression potential.

in video analytics applications, we can stream object-relevant pixels at high fidelity while
aggressively compressing irrelevant background pixels. This significantly reduces the size of
the video (and thus reduces the streaming latency), while still allowing deep neural networks
(DNNs) to accurately detect objects, as shown in Figure 1.2. Similarly, in large language
model (LLM) applications, loading key-value (KV) caches associated with shorter job com-
pletion times (JCT) first significantly reduces the waiting delay of the requests, and thus
significantly reduces the end-to-end delay when requests start to buffer.

However, existing approaches often struggle to identify such important data timely and
accurately.

For example, in video analytic applicaitons, prior work identifies the important regions
by using cheap object detection DNNs at the camera side (Chen et al. [2015], Du et al. [2022],
Zhang et al. [2022a]). These cheap detectors cannot effectively detect small objects, because
they aggressively lower the resolution of intermediate representations in the object detector
to cut down the cost. Alternatively, prior work also performs profiling at the server side to

2



profile the video codec encoding parameters (Zhang et al. [2018, 2022a/, Jiang et al. [2018]).
However, such profiling is very slow — it takes minutes to finalize the profiling, which is too
slow for, for example, dashcam, since the car can drive for miles away within minutes.

Similarly, in LLM applications, prior work cannot identify the job completion time (JCT)
accurately, because the output length of LLM requests is highly uncertain and even non-
deterministic.

Thesis statement: this thesis leverages concrete, application-driven insights to identify
important data quickly and accurately. Specifically, we present and evaluate three approaches

that instantiate this principle:

1. DDS (DNN-Driven Streaming) (Du et al. [2020]): In video object detection
applications, we identify that most of the object detection DNNs inherently generate
regions (e.g., region proposal) that can be repurposed to propose regions that requires
high-quality video encoding. To reduce the cost of obtaining such region proposal,
DDS leverages an iterative approach, by first streaming low-quality videos to the object
detection DNN, and then selectively re-transmitting important regions in high-quality.
This allows DDS to significantly reduces the bandwidth consumption, while preserving

high inference accuracy.

That said, DDS has its own limitation: it only works for object detction DNNs. To
further identify important data for wider range of DNN models, we propose our next

work.

2. OneAdapt (Du et al. [2023]): To generalize across a wide range of DNN models, we
leverage the differentiable nature of DNNs to quickly estimate which part of video data
highly correlates to the inference results, by calculating the gradient of the inference
results with respect to the input via backpropagation. To reduce the overhead of

our backpropagation-based approach, we backpropagate only on one frame per video



chunk. We further have tailored techniques to reduce the backpropagation cost on

convolution-based neural networks.

3. PrefillOnly (Du et al. [2025]): In LLM application, we leverage the application
property of prefill-only workloads. Concretely, the prefill-only workload only outputs
one token for each request, which greatly reduce the uncertainty of decoding length
and potentially enables accurate JCT estimation. We further proposes continuous JCT
estimation to cope with potential changes in the changes of the data source (i.e., the

set of available prefix caches).

Our evaluations shows that our approachs consistently reduces the latency by 2 — 3x
without hurting the application-side performance (accuracy in video analytics and through-
put in LLM serving).

In summary, by leveraging application-driven insights to quickly and accurately identify
important data, we significantly reduces the latency of distributed machine learning inference

systems, without hurting accuracy or throughput.



CHAPTER 2
MOTIVATION

Nowadays, machine learning applications are becoming distributed, due to the rising need
of loading data into machine learning model for inference. In video analytics applications,
people need to load thousands of video feeds from traffic camera, dashcam or drone camera
to the centralized datacenter for effective inference. In large language model (LLM) appli-
cations, one need to load the KV caches, an intermediate data generated by the LLM model
that can be reused across requests if they share the same prefix, to save the computation
cost.

Prior work shows that the latency of inference system can be greatly reduced by prior-
itizing the loading of important data segments. However, they fail to timely identify the
important data with high accuracy. To provide concrete discussion on this issue, we discuss

the literature of video analytics applications and LLM applications separately.

2.1 Video Analytics

Video analytics applications, such as traffic analytics, autonomous driving, drone analytics
are increasingly rely on distributed inference due to the proliferation of affordable, high-
definition, network-connected cameras. These cameras are often deployed across various
locations (e.g., crossroads, highways, and drones) with limited LTE upload bandwidth, which
forces the camera to compress the video feeds before uploading them to the server. As a
result, the major part of latency in distributed video analytics is the streaming latency.

To minimize the streaming latency, the key opportunity is that we can aggressively com-
press the pixels that are not related to the objects without hurting the object detection

results.



2.1.1 Limitations of previous work

Here, we categorize previous work in four general approaches and explain why they cannot
meet high accuracy and low latency simultaneously.

Local frame-filtering schemes: One of the popular techniques is to let the camera
run a simple logic to identify which frames are irrelevant to the vision task and thus can
be discarded (Li et al. [2020], Canel et al. [2019], Chen et al. [2015]) or encoded in low
quality (Zhang et al. [2018]). This approach works well when the video content is relatively
stationary, where the incidents/objects of interest are rare and easy to detect; e.g., in wildlife
camera feeds, animals are rare and readily detectable since they are the only moving objects
on a static background. However, for frames that are not discarded, this approach encodes
the entire frames with uniform quality, which can be suboptimal, since the objects of interest
often occupy only a small fraction of each frame (Du et al. [2020], Liu et al. [2019]), leading
to higher streaming delays than necessary.l

Local heuristics to lower background quality: Since objects of interest often account
for a small fractions of each frame, some work (Zhang et al. [2015], Dai et al. [2021]) uses
local heuristics to filter out (or lower the quality of) the background pixels and sends the
remaining object-related pixels in high quality to the server-side final DNN. However, these
local heuristics are constrained by the limited camera-side compute resources, giving rise
to false negatives—object-related pixels are treated as background and thus filtered out or
sent in low quality, causing the DNN to miss objects of interest. For instance, to detect
potential object-related regions, Vigil (Zhang et al. [2015]) relies on a low-accuracy non-
convolutional Haar-cascade-classifier-based object detector, and CiNet (Dai et al. [2021]) uses
a very shallow convolutional network (with only 2 convolutional layers, 1 average pooling

layer and 2 fully-connect layers) designed to handle only few objects per frame. There are also

1. Although CloudSeg (Wang et al. [2019]) does not perform frame filtering at the camera side, it also
shares the limitation since it compresses entire frames in same encoding quality.



deeper NNs such as MobileNet-SSD (Howard et al. [2017]) that run on resource-constrained
cameras, but they have to downsize frames to low resolutions (e.g., 300x300) for real-time
inference, thus prone to missing small objects.

Server-driven compression: To overcome the camera-side resource constraints, another
approach (Du et al. [2020], Liu et al. [2019], Zhang et al. [2021]) leverages the abundant
server-side compute resources to generate feedback on how videos should be encoded. This
approach generally compresses videos efficiently while achieving high accuracy, but it suffers
from a high inference delay. DDS (Du et al. [2020]), for instance, sends a low-quality video
to the server-side DNN which returns to the camera which regions must be encoded in high
quality, but under high network latency, getting such server-driven feedback can take at least
two network round-trip times before the camera can actually encode the video for final DNN
inference, causing high inference delay on each frame.

Local DNN compression: Instead of encoding videos on the camera, some proposals
also extract the final DNN’s feature maps on the camera and compress the feature maps
which might contain less information than the original raw frames (Duan et al. [2020], Xia
et al. [2020], Emmons et al. [2019], Kang et al. [2017], Matsubara et al. [2019]). While this
approach has shown promise with classification or action recognition DNNs (Kang et al.
[2017], Emmons et al. [2019], Duan et al. [2020]), these tasks do not require the spatial
locations of objects, allowing aggressive aggregation of feature maps over an entire frame. In
contrast, the vision tasks that we focus on (e.g., object detection, semantic segmentation)
are sensitive to object locations, making the intermediate feature maps much larger and
much more difficult to be compressed efficiently. For example, many state-of-the-art object
detectors (Detectron2) use expensive feature extractors such as ResNet101 (He et al. [2016]),
and if we feed a 720p (1280 x 720) frame through even parts (e.g., 90) of its convolution
layers, the feature map still contains 2 x 107 floating-point numbers per frame, 20x more

than the number of pixels in the original frame.



There are also proposals to train DNN autoencoders that compress video to a smaller size
than the popular video codecs do, but these DNNs are much more compute-intensive than
the video codecs and even the final DNN. For example, NLAM (Liu et al. [2020]) requires
performing expensive 3D convolutions on videos for more than 30 times, while an object

detector backbone (He et al. [2016]) only performs 2D convolution for 34 times.

2.2 Large Language Model applications

Nowadays, large language model (LLM) applications are getting more and more popular.
As a result, people build LLM inference system to serve LLM requests with low latency.

In terms of maxially reduce the average latency, the most famous results from traditional
scheduling literature is that shortest job first: if we could estimate the job completion time
(JCT in short), we can put the requests with shorter JCT first, which will lead to much
lower average latency overall.

However, the challenge is that the JCT of LLM requests are very difficult to estimate due
to its non-deterministic output length (Zheng et al. [2023]). As a result, the key to minimize

the LLM serving latency is to accurately estimate the JCT of the incoming requests.



CHAPTER 3
DDS: SERVER-DRIVEN STREAMING FOR OBJECT
DETECTION

Traditional video streaming systems adopt a source-driven architecture, where the video
source (e.g., camera) determines how to compress and transmit video frames based on local
heuristics. While such designs are sufficient for human viewers or coarse machine analytics,
they are suboptimal for deep learning—based video inference tasks such as object detection.
This is because inference accuracy depends heavily on complex server-side DNNs, and the
camera—often compute-limited—cannot accurately infer which parts of the video are critical
for DNN accuracy.

DDS (DNN-Driven Streaming) introduces a server-driven paradigm where compres-
sion and streaming decisions are guided by real-time feedback from the server-side DNN.
The core insight is that although low-quality video may reduce DNN accuracy, it still of-
ten contains enough information to identify regions likely to be important for inference.
DDS leverages this by using an initial low-quality stream to infer where to focus subsequent

high-quality transmission, thereby reducing bandwidth without sacrificing accuracy.

3.1 DNN-Driven Video Streaming

In this section, we present the design of DDS and discuss its design rationale and performance

tradeofTs.

3.1.1  Qwverall workflow

We explore an alternative approach, called DNN-driven streaming (DDS). In DDS, the com-
pression and streaming behaviors are driven by the feedback judiciously generated by the

server-side DNN, rather than the low-complexity local heuristics on the camera side, in or-
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Source Passive video stream driven L, Server
(Camera) by camera-side heuristics (DNN)

le)
]

(a) Traditional video streaming

Stream A:
. i . —
Source Passive low-quality
(Camera) | —— Stream B: —
Feedback-driven —

’E

(b) Real-time DNN-driven streaming

Figure 3.1: Contrasting the new real-time DNN-driven streaming (iterative) with traditional
video streaming in video analytics.
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der to capture what the analytics engine needs from the real-time video content. Figure 3.1

contrasts the workflow of DDS with that of the traditional source-driven approach: source-

driven streaming is “single-shot” (i.e., camera using simple heuristics to determine how the
video should be streamed out), but DDS is iterative and logically contains two streams:

e Stream A (passive, low quality): The camera continuously sends the video in low
quality to the server.

e Stream B (feedback-driven): The server frequently (e.g., every handful of frames)
extracts the feedback regions from the DNN outputs on the Stream A video and sends
them back to the camera as feedback. Upon receiving the feedback from the server, the
camera then re-encodes the recent history video accordingly and sends it to the server for

a second-round inference on these “zoomed-in” images.

The key to DDS’s success is the design of the feedback regions, which we discuss next.

3.1.2  Feedback regions

Most object detection DNNs are anchor-based (though some are anchor-free (Carion et al.
[2020])). This means that a DNN will first identify regions that might contain objects and
then examine each region. Each proposed region is associated with an objectness score that
indicates how likely an object is in the region. For DNNs (e.g., FasterRCNN-ResNet101 (Ren
et al. [2017])) that use region proposal networks (RPNs), each proposed region is directly
associated with an objectness score. However, not all object-detection DNNs use RPNs.
For instance, Yolo (Redmon and Farhadi [2017]) does not and instead, it assigns a score for
each class in each region in the final output. In this case, we sum up the scores of non-
background classes as the objectness score, which indicates how likely a region includes a
non-background object. We keep regions with objectness score over a threshold (e.g., 0.5
for FasterRCNN-ResNet101). From these high-objectness regions, we apply two filters to

remove those that are already in the DNN output on the low-quality video (Stream A).

11



high-confidence feedback
inference results regions

hlgh objectness-
score results

Figure 3.2: Hlustration on how DDS generates feedback regions on two types of applications.

First, we filter out those regions that have over 30% IoU (intersection-over-union) overlap
with the labeled bounding boxes returned by DNN on the low-quality video. We empirically
pick 30% because it works well on all the videos in our dataset. Second, we remove regions
that are over 4% of the frame size (roughly 20% of each dimension), because we empirically
find that if an object is large, the DNN should have successfully detected it. The remaining
region proposals (bounding boxes) are used as feedback regions.

Figure 3.2 shows an example: there are nine bounding boxes in high-objectness-score
results, three of which overlap with inference results in Stream A and one of which is too

large. The remaining five regions are the feedback regions.
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Name  Vision tasks  Total length #videos #objs/IDs

Traffic obj detection 2331s 7 24789
Drone obj detection 163s 13 41678
Dashcam obj detection 5361s 9 24691

Table 3.1: Summary of DDS datasets.

3.2 Evaluation

3.2.1 FEvaluation setup

We build an emulator of video streaming that can measure the exact analytics accuracy
and bandwidth usage. Although existing video analytics platforms might support DDS, we
implement and test DDS and all baselines in our emulator for a fair comparison. It consists
of a client (camera) that encodes/decodes locally stored videos and a fully functional server
that runs any given DNN and a separate video encoder/decoder. We run DNN inference
on RTX 2080 super and all other computations on Intel Xeon Silver 4100. Unless stated
otherwise, we use FasterRCNN-ResNet101 (Ren et al. [2017]) as the server-side DNN for
object detection.

When needed, we vary video quality along the quantization parameter and the resolution,
and DDS uses 36 (QP) as low quality and 26 (QP) as high quality, with resolution scale set to
0.8 in object detection and 1.0 in semantic segmentation. We do not consider the network cost
of AWStream to profile the accuracy-bandwidth relationships under different QP-resolution
combinations. This makes the AWStream bandwidth usage is strictly less than its actual
one. We assume a stable network connection.

Datasets: To evaluate DDS over various video genres, we compile five video datasets
each representing a real-world scenario (summarized in Table 3.1 and their links can be
found in (dds)). These videos are obtained from two public sources. First, we get videos
from aiskyeye (ais), a computer-vision benchmark designed to test DNN accuracies on drone

videos. Nonetheless, DDS and the baselines can be affected by factors such as fraction of
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Figure 3.3: The normalized bandwidth consumption v.s. inference accuracy of DDS and
several baselines on various video genres and applications. DDS achieves high accuracy with
55% bandwidth savings on object detection and 42% on semantic segmentation, and 36% on
face recognition. Ellipses show the 1-o range of results.
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frames with objects of interest or size of the regions with objects. Therefore, we try to cover a
range of values along these factors (including objects of various sizes and frames with various
number of objects) by adding YouTube videos as follows. We search keywords (e.g., “highway
traffic video HD”) in private browsing mode (to avoid personalization biases); among the top
results, we manually remove the videos that are irrelevant (e.g., news report that mentions
traffic), and we download the remaining videos in their entirety or the first 10-minutes (if
they exceed 10 minutes). The vision tasks are (1) to detect (or segment) vehicles in traffic
and dashcam videos, (2) to detect humans in drone videos, and (3) to recognize identities in
sitcom videos. Because many of these videos do not have human-annotated ground truth,
for fairness, we use the DNN output on the full-size original video as the reference result to
calculate accuracy. For instance, in object detection, the accuracy is defined by the F1 score
with respect to the server-side DNN output in highest resolution (original) with over 30%
confidence score.

Baselines: We use five baselines to represent two state-of-the-art techniques: camera-side
heuristics (Glimpse (Chen et al. [2015]), Vigil (Zhang et al. [2015]), EAAR (Liu et al.
[2019])) and adaptive streaming (AWStream (Zhang et al. [2018]), CloudSeg (Wang et al.
[2019])). We made a few minor modifications to ensure the comparison is fair. First, all
baselines and DDS use the same server-side DNN. Second, although DDS needs no more
camera-side compute power than encoding, camera-side heuristics baselines are given suffi-
cient compute resource to run more advanced tracking (Henriques et al. [2014]) and object
detection algorithm (Sandler et al. [2018]) than what Glimpse and Vigil! originally used, so
these baselines’ performance is strictly better than their original designs. Third, all DNNs
used in baselines and DDS are pre-trained (i.e., not transfer-learned with samples from

the test dataset); In particular, our implementation of CloudSeg uses the pre-trained super-

1. Our implementation of Vigil does not include the optimization of setting the background pixels in
same RGB color, but in a separate experiment, we find that on the object detection videos (Table 3.1), this
optimization only reduces Vigil’s bandwidth usage by 10-20% and leads to similarly low accuracy.
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resolution model (Ahn et al. [2018]) from the website (car). This ensures the gains are due to
the video streaming algorithm, not due to DNN fine-tuning, and it also helps reproducibility.
Finally, although DDS could lower the frame rate, to ensure that the accuracies are always
calculated on the same set of images, we do not sample frames and only vary the resolution
and QP in DDS.

Performance metrics: We use accuracy and average response delay. To avoid impact of
video content on bandwidth usage, we report bandwidth usages of DDS and the baselines

after normalizing them against the bandwidth usage of each original video.

3.2.2  FEwvaluation results

We start with DDS’s overall performance gains over the baselines along bandwidth savings,
accuracy, and average response delay.

Bandwidth saving: Figure 3.3 compares the bandwidth-accuracy tradeoffs of DDS with
those of the baselines, when the total available bandwidth is set to match the size of the
original video. DDS achieves higher or comparable accuracy than AWStream and CloudSeg
but uses 55% less bandwidth in object detection. Glimpse and Vigil do sometime use less
bandwidth but they have much lower accuracy. Overall, even if DDS is less accurate or
uses more bandwidth, it always has an overwhelming gain on the other metric. Figure 3.3
compares the bandwidth-accuracy tradeoffs of DDS with those of the baselines. In each
application, we use a fixed DDS configuration and normalize the bandwidth usage against
the size of the highest-quality videos (which we use to derive the ground truth). We also
lower the frame rate to 1 FPS to speed up the experiments. Across three vision tasks, DDS
achieves higher or comparable accuracy than AWStream but uses 55% less bandwidth in
object detection. Glimpse sometimes uses less bandwidth but has much lower accuracy. Vigil,
Glimpse, CloudSeg and EAAR consumes more bandwidth than DDS with lower accuracy.

Overall, even if DDS is less accurate or uses more bandwidth, it always has an overwhelming
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Figure 3.4: Compared to prior solutions, DDS has low additional systems overhead on both
client and server.

gain on the other metric.
Camera-side and server-side overheads: Figure 3.4 compares the systems overheads

of DDS with the baselines. We benchmark their performance on our server, with one RTX
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2080 Super and one 16-core Intel Xeon Silver 4100. We scale the CPU and GPU usage by
normalizing their runtime (e.g., 2x runtime on the same number of fully used CPUs will be
translated to 2x more CPU usage). Figure 3.4 shows that compared to AWStream (when the
profiling cost is excluded), DDS has 2x more overheads at both client-side CPU (the CPU
usage may exceed 100% since it may leverage more than one CPU cores), server-side CPU
and server-side GPU. This is because DDS invokes extra encoding, decoding and inference
costs in Stream B. However, the profiling cost of AWStream is a substantial server-side CPU
and GPU costs. We estimate it by profiling 30 configurations (compared to 216 claimed in
(Zhang et al. [2018])) over a 10-second video every 4 minutes (which is much less often than
profiling a 30-second video every 2 minutes as used in (Zhang et al. [2018])), the server-
side CPU and GPU costs of AWStream have already become higher than DDS. That said,
we acknowledge that if AWStream updates the profile less frequently (e.g., every tens of
minutes), its GPU usage could be lower than DDS, but that might cause its profile to be
out of date and less accurate. On the server side, both Vigil and Glimpse incur minimal
CPU overheads (since they do not need to decode the video) and much less GPU overheads
than DDS and AWStream (since their camera-side logics reduce the need for server-side

inference).
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CHAPTER 4
ONEADAPT: GENERATE REGION-OF-INTEREST VIA
BACKPROPAGATION

In distributed video analytics, reducing inference costs while maintaining accuracy is essen-
tial for deploying real-time applications at scale. Traditional solutions either rely on fully
offloading inference to the cloud, which can be bandwidth- and latency-intensive, or pro-
cessing entirely on edge devices, which are compute-limited. OneAdapt proposes a hybrid
strategy: use the server to process only a small number of video frames and then adaptively
offload future frames to the edge based on the similarity to previously processed frames.
The core idea is that many frames in a video stream exhibit high temporal and spatial
redundancy. If two frames are visually similar and the scene dynamics remain stable, their
DNN inference results are also likely to be similar. OneAdapt exploits this by learning
to detect such similarity online, allowing the system to reuse inference results from server-

processed frames for similar edge frames without re-running the DNN.

4.1 Design of OneAdapt

We present OneAdapt, a configuration adaptation system that aims at improving along the
three requirements mentioned above — frequent, near-optimal adaptation on various con-
figuration knobs. The basic idea of OneAdapt is to frequently estimate the gradient of how
inference accuracy changes with each configuration knob, which we refer to as AccGrad.
OneAdapt then performs gradient ascent based on AccGrad to update the configuration,
with an objective metric that combines inference accuracy and resource usage (§4.1.2). To
efficiently estimate AccGrad, OneAdapt approximates it by estimating OutputGrad, an-
other metric that can be efficiently calculated by leveraging DNN’s inherent differentiability

(§4.1.3) and statistically correlated with AccGrad (§4.1.4). Finally, we will discuss the caveats
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Figure 4.1: lustrating how OneAdapt estimates AccGrad using InputGrad and DNNGrad
using the sensor and the server.

of OneAdapt’s gradient-based adaptation (§4.1.5).

4.1.1  Terminology

To adapt configuration for various DNN pipelines , we introduce a unified terminology to
describe their input and output. Table 4.1 summarizes the notations and their meanings.

We split the input data into fixed-length (by default, one-second-long) intervals, called
adaptation intervals. In the £th adaptation interval, the input data x; is first preprocessed
with the current configuration k¢ (e.g., video resolution and frame rate) to get the DNN
input y(k¢;x¢), and the DNN takes it as input and returns Res(ky;x¢) as output. DNN
output Res(k,x¢) contains multiple elements. For the DNNs in our considered tasks, each
element is associated with a confidence score, and only elements with a score over a confidence
threshold 6 will be counted towards accuracy.

The definitions of an element e and input data x vary with the considered application. An
element is a detected object in object detection, a detected text in audio-to-text translation,
or a segmented mask of a detected instance in instance segmentation. Input data can be a
sequence of RGB frames in videos, point-cloud frames in LiDAR, or an audio wave segment

in audio data.
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Notation \ Definition Example
n Number of knobs n=2
t'" adaptation interval (by default, each in-
t . t=1
terval is 1 second)
T Total number of adaptation intervals T =60
Kk Configuration: a vector of knobs with their | k; =(frame rate=10, resolu-
t selected values at interval ¢ tion=480p)
kit The value of i*® knob in configuration k; ko1 =480p
AEk; A small increase on the ™ knob Ako=120p
Xy input data at interval t
r(ky; xy) Respurce usage o.f -conﬁg k; under x;. We r(ky) =5Mbps
or omit x; for simplicity
I'(kt)
Res(ke;x¢) Inference results of config k, under x,. We | ftes(ki) = {
or omit x; for simplicity. (obj1, “car”, score: 0.2),
Res(k;) gsobj27 “bike”, score: 0.8)
An element in the inference results (e.g., a
e detected object). Each element is associ- | ¢ =
ated with a confidence score. (obj1, “car”, score: 0.2)
0 Confidence threshold 0 = 0.5 (default)
v (ki x) DNN input generated by configuration k;
or a us.in.g input data x;. We omit x; for sim-
v (k) plicity.
2(ky: %) Output  utility: number of ab.ove-
or ’ conﬁ.denc:e—.threshold elements. We omit x; | z(k;) =1
2(k;) for simplicity.
Accuracy of the configuration k; under in-
put data x;, defined as the similarity be-
Acc(ky; xy tween the current inference result Res(k;
or ( ) and the inference results generated (us? Ace(ks) = 100%
Ace(ky) ing the most resource-demanding configu-
ration.
« Learning rate of OneAdapt a = 0.5 (default)

The hyperparameter that trade-off between
accuracy and resource usage.

A=1

Table 4.1: Summary of the notations used in OneAdapt
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Based on these notations, we define:

o Acc(ky;xy) is the accuracy of the inference results generated using input data x; and
configuration k;. Following prior work (Zhang et al. [2018], Jiang et al. [2018], Du et al.
[2020, 2022], Bhardwaj et al. [2022], Agarwal and Netravali [2023]), we define accuracy as
the stmilarity between the current inference results and the inference results generated
from the most resource-consuming configuration k*.!

o 7z(ks;xy) is the output utility of the inference results generated using input data x; and
configuration k;. We define output utility as the number of elements with confidence scores

above the confidence threshold (see §4.1.3).
e r(ky) is the resource usage (bandwidth and/or GPU cycles, defined per application) at the
¢th adaptation interval.

We may omit the time label ¢ and the input data x; for simplicity when the corresponding

variables are of the same interval as the current input data x;.

4.1.2  Adaptation goal and gradient-ascent

The adaptation goal of OneAdapt is to pick the configurations for all adaptation intervals
such that the following weighted sum between the accuracy Acc and the resource usage r is

maximized:

T
> Acc(ky) A r(ky) : (4.1)
t=1
accuracy of t" interval resource usage of ¢! interval

where A is a hyperparameter that governs the tradeoff between accuracy and resource usage:
higher A will emphasize resource-saving and lower A will emphasize accuracy improvement.

Note that this objective can be extended to perform budgeted optimization (e.g., to maximize

1. This notion of accuracy is well studied in the literature. While it does not compare DNN output with
human-annotated ground truth, it better captures the impact of adapting configurations on inference results.
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accuracy under a budget of resource usage, we can add a change the term r(k;) to a large

penalty when resource usage extends the budget). We leave this extension to future work.
To optimize towards this goal, OneAdapt uses an online gradient-ascent strategy (il-

lustrated in Figure 4.1). Concretely, OneAdapt derives a new configuration ks 1 based on

the current configuration k; using the following Equation:

ACC(kt + Akz) — ACC(kt) )\ I'(kt + Akz) — r(kt)
Ak‘z Akl ’

grad. of accuracy (AccGrad)  grad. of resource usage

kiv1 =Fkey+a

where ;41 ; is the configuration of the it" knob in the next adaptation interval, Ak; is a
small increase on the " knob, « is the learning rate. We will discuss the convergence of
this gradient-ascent strategy and extend it to discrete configuration values in §4.1.5. For
now, we assume the configuration of each knob can be tuned continuously. Also, while more
advanced gradient-based optimization (e.g., Nesterov’s Accelerated Gradient Descent (Nes-
terov [2013])) exists, OneAdapt chooses a standard gradient-ascent strategy to make sure
the source of improvement is from the gradient itself instead of advanced optimization tech-
niques.

The gradient-ascent strategy in Equation 4.2 requires calculating the gradient of ac-
curacy (hereinafter AccGrad) and the gradient of resource usage along each knob i. We
calculate the gradient of resource usage by using its definition (i.e., we directly calculate

the bandwidth and GPU computation consumption of configuration k; + Ak; and then
I‘(kt—l—Ak‘i)—r(kt))Q
Ak )

i

calculate
However, if we calculate AccGrad by its definition, it would be prohibitively expensive

(see Figure 4.2a). Obtaining Acc(k) of any configuration k will require running inference on

2. Note the calculating the resource usage of a configuration does not require DNN inference, as calculating
the bandwidth usage requires no inference, and the GPU computation largely depends on the shape of DNN
input rather than the content of the input.
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Figure 4.2: Comparison between calculating OutputGrad naively and calculating Output-
Grad using OneAdapt. OneAdapt calculates OutputGrad with no extra inference.

the most resource-intensive configuration k*. Moreover, to get the AccGrad of each knob

would require running an extra inference to test the impact of a small change in configuration

on DNN output.

4.1.8  Fast approzimation of AccGrad

To estimate AccGrad efficiently, we introduce a new metric, called OutputGrad, to approx-

imate it. Here, we define OutputGrad and explain how to calculate it efficiently. The next

subsection will show its statistical correlation with AccGrad.
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DNN output utility: Recall from §4.1.1 that the DNN output contains multiple elements,
each associated with a confidence score. An element can be a detected object in object
detection or a detected text in audio-text translation. Since only elements with a score
over the confidence threshold will be counted towards accuracy, we define output utility of a
DNN output by the number of elements in an adaptation interval whose confidence scores
exceed the confidence threshold. We use z(k¢) to denote the output utility of DNN output
Res(ky; x¢) under configuration k.

Output utility offers a single-value summarization of the DNN output whose change
indicates the change in inference accuracy (More rationale of output utility in §4.1.4).
OutputGrad definition: OutputGrad is defined as how much a small change in the
current value of each knob changes the output utility. The OutputGrad of knob k; can be

written as

Az Z('~->kt7i+Akia'--)_Z("'akt,ia--'>
Ak; (Kti + Ak;) — ke '

To help understand OutputGrad, we use a simple video analytics system that feeds
each video frame to a vehicle detection DNN, using a confidence score of 0.5. Figure 4.2a
illustrates OutputGrad in this example. Following prior work (Jiang et al. [2018|, Xu et al.
[2019], Zhang et al. [2017]), we assume the system can tune two configuration knobs, frame
rate, and resolution. Suppose that the current configuration is 10 frames per second (fps)
and 480p. When taking 1-second input, the DNN outputs 34 vehicle bounding boxes with
confidence scores greater than 0.5 on these 10 frames, an average of 3.4 vehicles per frame. If
we slightly increase the frame rate from 10fps to 15fps, the DNN outputs 66 vehicle bounding
boxes with confidence scores greater than 0.5, on average 4.4 vehicles per frame. Then the

OutputGrad of the current frame rate is

Az ~ z(480p, 15fps) — z(480p, 10fps) 4.4 —34 0.9
Aframerate 15fps — 10 fps o 15—-10 7

25



Similarly, the OutputGrad of the resolution is:

Az ~ z(720p, 10fps) — z(480p, 10fps) 5.8 — 3.4

= = = 0.01.
Aresolution 720p — 480p 720 — 480

How to calculate OutputGrad efficiently: The insight of OneAdapt is that Output-
Grad can be computed efficiently with no extra DNN inference by taking advantage of the
differentiability of DNNs. As our considered application pipelines affect the inference
results by altering the DNN input through knobs, the OutputGrad of a knob can be writ-
ten as the inner product of two separate gradients (illustrated in Figure 4.1), each can be
computed efficiently:

e DNNGrad: How the DNN’s output changes with respect to the DNN’s input.

e InputGrad: How the DNN’s input changes with respect to the knob’s configuration.

The decoupling makes the calculation of OutputGrad much more resource-efficient for
three reasons:

e DNNGrad can be estimated by running one backpropagation . This is a constant GPU-
time operation without extra inference as it reuses the layer-wise features computed as
part of the DNN inference of the current configuration.

e DNNGrad only needs to be calculated once and can be re-used to derive OutputGrad of
different knobs without extra DNN inference. This is because the DNNGrad describes
DNN’s sensitivity to its input and thus remains largely similar if the change in DNN input
is not dramatic. For instance, the DNNGrad of an object-detection DNN is high on pixels
associated with key visual features of an object.

e Finally, computing InputGrad does not require running the final DNN.

To reuse the same example from Figure 4.2a, Figure 4.2b shows how OutputGrad is

calculated from DNNGrad and InputGrad:
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Z(480p,15fps) ~ Z(480p,10fps) _ Y(480p,15fps) ~ Y(480p,10/ps) _ Az

15fps — 10 fps - 15fps — 10fps Ay }’:}’(480;7,10fps)7
Z(720p,10fps) — %(480p,10fps) __ Y(720p,10fps) ~ Y(480p,10fps) _ Az
720p — 480p 720p — 480p Ay ’

Y=Y (480p,10ps)

where ® represents inner product and AA—}Z,|y:y( 480p,10fps) is DNNGrad of the current con-
figuration (480p,10fps). Figure 4.2b shows that OneAdapt saves extra GPU inference by
running backpropagation once and re-using the backpropagation results for different knobs.
This example has two knobs, thus the saving may seem marginal, but our evaluation shows
more savings when OneAdapt is used to adapt more knobs in more realistic DNN analytics

systems.

4.1.4  Relationship between OutputGrad and AccGrad

The definitions of OutputGrad and AccGrad differ, yet they are closely related both theoret-
ically and empirically This can be intuitively explained as follows: a high OutputGrad means
a great change in the inference output, which often causes a greater change in accuracy and
thus a high AccGrad.

Theoretical correlation: To formalize this correlation between OutputGrad and AccGrad,

we prove that they are statistically correlated under specific assumptions.

e First, we define the accuracy of DNN output as the number of correctly-identified elements
(including both true positive and true negative), minus the number of wrongfully-identified
elements. Acknowledging that this definition of accuracy differs from the metric that is
widely used in prior work (e.g., F1 score (Du et al. [2020], Liu et al. [2019], Zhang et al.
[2018], Jiang et al. [2018], Du et al. [2022], Zhang et al. [2022a], Xu et al. [2019], Bhardwaj
et al. [2022], Zhang et al. [2017])), we observe that, if a configuration has higher accuracy

than another configuration under one accuracy metric, it is likely that this configuration
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also has higher accuracy under other accuracy metrics.

e Second, the accuracy of DNN output increases when a knob changes towards using more
resources (e.g., higher resolution or selecting more frames). This observation aligns with
prior work (Zhang et al. [2018], Jiang et al. [2018], Du et al. [2020], Liu et al. [2019], Du
et al. [2022], Xu et al. [2019], Zhang et al. [2017], Li et al. [2020], Agarwal and Netravali
[2023)]).

e Third, different elements do not overlap (e.g., object bounding boxes do not mutually
overlap, or the detected words in the audio do not overlap). This assumption holds as a
wide range of DNNs perform non-maximum suppression (Neubeck and Van Gool [2006],

Detectron2, Han et al. [2016]) to remove overlapped elements.

Formally, if these assumptions hold, we can formally prove that

~—

0Acc(k) | 0z(k
ok ok
~— ——
AccGrad OutputGrad

While there can be exceptions to the conditions required by our proof, these conditions
corroborate the observations in previous studies. For instance, higher encoding resolution
leads to higher bandwidth usage and likely more accurate inference, or higher frame rate
leads to higher GPU usage and likely more accurate results (Zhang et al. [2018], Jiang et al.
[2018], Du et al. [2020], Liu et al. [2019], Du et al. [2022], Xu et al. [2019], Zhang et al. [2017],
Li et al. [2020], Agarwal and Netravali [2023]).

Empirical correlation: We empirically validate the correlation between AccGrad and
OutputGrad using a streaming media analytics pipeline (pipeline (@) ) from the Downtown
dataset. For each configuration in pipeline (@) , we derive AccGrad from its definition and
OutputGrad through backpropagation on the first 10 seconds of each video in Downtown

dataset. Since both AccGrad and OutputGrad are vectors (with each element being the
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Figure 4.3: The CDF of the cosine similarity between AccGrad and OutputGrad across
different configurations and videos. The average cosine similarity is over 0.91.

gradient for a knob), we measure their correlation by cosine similarity. Figure 4.3 displays
the CDF of cosine similarity across different configurations and videos. The average cosine

similarity exceeds 0.91, indicating a strong correlation between AccGrad and OutputGrad.

4.1.5 Caveats and benefits

While our evaluation shows OneAdapt’s gradient-ascent strategy performs well for a wide
range of DNN tasks, input data types, and configuration knobs, it is important to understand
its limits and why it works in practice.

Convergence of OneAdapt on changing input data:

OneAdapt takes a gradient-ascent strategy to adapt configurations, where OneAdapt de-
rives a new configuration based on the input data of the current adaptation interval and
applies it to the next interval. This approach will not converge if the input changes dra-
matically between intervals. That said, the input data in our benchmark (and other pa-
pers (Zhang et al. [2018], Jiang et al. [2018])) incurs drastic change on the scale of tens of
seconds (e.g., when driving in the countryside, the vehicle appears on a scale of tens of sec-

onds), whereas OneAdapt empirically converges to a near-optimal configuration within 3-5
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intervals (seconds). Thus, as long as the best configuration lasts for at least a few seconds,
OneAdapt can identify the best configuration faster than profiling-based methods.

The reason behind the fast convergence of OneAdapt is that: OneAdapt can obtain the
gradient of every configuration knob within one backpropagation, which effective translates
to having the knowledge of n configurations, where n is the number of knobs. However, the
baseline can only obtain the knowledge of one configuration by one inference.

Why OneAdapt beats alternatives: OneAdapt outperforms previous work on all three
requirements (i.e., adapt frequently, converge to a near-optimal configuration, and generalize
to different types of knobs and analytic tasks).

First, compared to profiling-based work, OneAdapt adapts much more frequently (as
OneAdapt updates its configuration at every second but profiling-based work updates its
configuration once every minute (Zhang et al. [2018])) and earlier (as OneAdapt adapts to
the change of input content right at the next second but the profiling-based work need to
wait till the next profiling).

Second, compared to heuristics-based methods, OneAdapt’s gradient ascent can converge
to a closer-to-optimal configuration. Most heuristics used in prior work adapt configuration
by analyzing only the input data, rather than how the data might affect the final DNN’s
output and accuracy. By contrast, AccGrad directly indicates that DNN accuracy varies
with a small change in the configuration.

Third, we show that OneAdapt can generalize to 4 analytic tasks (vehicle detection,
human detection segmentation, audio-to-text), 5 types of input data (e.g., LIDAR videos,
audio waves), and 5 types of knobs (e.g., video codec knobs, frame filtering thresholds) in
our evaluation. That said, we have not tested if OneAdapt will work for applications outside
streaming media analytics (e.g., text generation and image generation) and knobs that alter
the final DNN itself (e.g., DNN selection).

We want to clarify that similar to prior work (Zhang et al. [2018], Jiang et al. [2018],

30



ID Ta.rge‘.c Analytic Dataset Stre'amlng DNN Configuration knobs
application task media type
® Fine-grained encoding
Autonomous Vehicle Downtown RGB Faster- quality assignment
® driving detection RCNN Video codec knobs
© Country Frame filtering knobs
Autonomous Vehicle . Point- Fine-grained encoding
@ driving detection KITTI LiDAR Pillars quality assignment
®) RGB, Fine-grained encoding
® Siiﬁi dI:; ré}c?;ln PKU-MMD Depth, Yolo quality assignment on
© Y InfraRed DNN features
Smart Audio- Google . . .
® home to-text AudioSet Audio Wav2Vec | Audio sampling rate
Traffic Vehicle . Mask- Fine-grained encoding
® analytics segmentation Traffic RGB RCNN quality assignment

Table 4.2: Overview of the experimental setup.
used to evaluate OneAdapt.

Each row represents an analytic pipeline we

Zhang et al. [2022a]), OneAdapt leverages idle time to perform adaptation. Thus, OneAdapt
does not delay the generation of inference results.

Running gradient ascent over discrete configuration space: Before running OneAdapt,
we first linearly normalize all knob values to [0,1] and make sure that the increase in knob
value corresponds to the increase in resource usage. We then calculate the updated knob
value (Equation 4.2) and configure each knob using the configuration value closest to the
updated value. We want to clarify that running gradient ascent on top of discrete con-
figuration space can converge to a near-optimal configuration when the objective function
(i.e., the weighted sum between accuracy and resource usage) is concave (Ramazanov [2011],

Chistyakov and Pardalos [2015]).

4.2 FEvaluation

4.2.1 FEvaluation setup

Applications and DNNs: We target four types of applications: vehicle detection with

FasterRCNN for autonomous driving (Ren et al. [2015], Detectron2), vehicle segmentation
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employing MaskRCNN for traffic analytics (Detectron2, He et al. [2017]), human detection
using YoLo for home security (Redmon and Farhadi [2017], yol) and audio-to-text utilizing
Wav2Vec for smart home applications (Baevski et al. [2020], wav). Note that both detection
and segmentation applications categorize objects as either of interest or not.
Accuracy metrics: We use F1 score (Du et al. [2020], Zhang et al. [2018], Jiang et al. [2018],
Zhang et al. [2022a]) for vehicle detection, vehicle segmentation, and audio-to-text. For
human detection, we use mean IoU (mloU (Liu et al. [2019])). Following prior work (Zhang
et al. [2018], Jiang et al. [2018], Du et al. [2020, 2022|, Bhardwaj et al. [2022], Agarwal
and Netravali [2023]), we define accuracy as the similarity between the current inference
results and the inference results generated from the most resource-consuming configuration
to measure the impact of adapting configurations on inference results.

Input settings: For all our applications we use 10FPS from the respective sensors (except

for audio-to-text, where we chunk the raw audio into one-second segments and send them

to the DNN for analytics). Note that while 30FPS and 60FPS are typical for video content
intended for human viewing (vid), 10FPS is prevalent in real-time analytic applications such

as autonomous driving (aut [a,b], Xiao et al. [2020], Ghasemieh and Kashef [2022]).

Dataset: We use the following datasets to evaluate OneAdapt, with the goal of covering

various application scenarios and streaming media:

e Autonomous driving: our dataset covers two driving contexts (downtown driving and
country driving) and two main types of sensors (RGB video sensor and LiDAR sensor).
Specifically, we obtain 10 downtown driving RGB videos (goo) and 8 country driving RGB
videos (goo) using an anonymous YouTube search, and 6 urban driving LiDAR videos
from KITTI dataset (Geiger et al. [2013]).

e Traffic analytics: We collect 5 traffic camera video footag by anonymous YouTube searche (goo).

e Home security: We use three types of sensor data (RGB video sensor, InfraRed sensor, and

depth sensor), with 10 videos each from PKU-MMD dataset (Chunhui et al. [2017]). The
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inclusion of InfraRed and depth data is vital for enhancing night-time human detection
accuracy in home security applications.

e Smart home: We randomly sample 200 audio clips in Google AudioSet (aud).

Pipelines: We use nine analytic pipelines (pipeline (@) -(i) ). These analytic pipelines

show the applicability of OneAdapt across configuration knobs (pipeline (a) -(c) ), types of

streaming media (pipeline (d) -(g) ) and applications (pipeline (h) -(i) ). Table 4.2 summarizes
these pipelines, including their target applications, analytic tasks, datasets, streaming media
types, DNNs, and accuracy metrics.

Knobs and baselines: We describe the knobs and the corresponding baselines of these

pipelines one by one:

e Pipeline (a) : This pipeline saves bandwidth by adjusting the encoding quality within each
16x16 pixel macroblocks (Wiegand et al. [2003], Du et al. [2022]). We benchmark against
three methods. DDS (Du et al. [2020]) uses a low-quality video for initial inference, then
refines specific regions with high-quality encoding. EAAR (Liu et al. [2019]) uses results
from the previous frame to identify current frame regions needing high-quality encoding.
AccMPEG (Du et al. [2022]) runs a sensor-side neural network to determine regions for
high-quality encoding.

e Pipeline (b) : This pipeline optimizes bandwidth using three knobs: resolution, QP, and
B-frame selection likelihood (Zhang et al. [2018], Jiang et al. [2018], Xu et al. [2019], Zhang
et al. [2017], Du et al. [2020], Liu et al. [2019], Du et al. [2022], Fischer et al. [2021], Zhang
et al. [2015], Li et al. [2020], Canel et al. [2019], Chen et al. [2015], Zhang et al. [2022a])), all
supported in prevalent video codecs (ffm, Wiegand et al. [2003]|, Coding and Rec [2013)).
We implement three baselines for this pipeline. Chameleon (Jiang et al. [2018]) periodically
profiles top-k configurations and picks the one with the highest accuracy under the current
bandwidth budget. AWStream (Zhang et al. [2018]) periodically profiles a downsampled

subset of configurations and chooses the one that maximizes accuracy within bandwidth

33



limits. CASVA (Zhang et al. [2022a]) runs a reinforcement learning model on the sensor
to determine the new configuration.

Pipeline (¢) : This pipeline reduces the GPU computation usage by running frame filtering
using two frame filtering knobs (pixel difference threshold and area difference threshold (Li
et al. [2020])). As for baselines, we implement Reducto (Li et al. [2020]), together with a
profiling-based baseline (Zhang et al. [2018]).

Pipeline (d) : This pipeline saves bandwidth when streaming LiDAR point clouds by
segmenting the 3D space around the LiDAR sensor into spatial blocks and streaming k%
of LiDAR points from each. The value of k can vary between blocks. While this encoding
mechanism is basic, our goal is not to establish a best practice, but to showcase the
advantage of configuration adaptation. To ensure robustness, we average results from five
repeated experiments. We compare against two baselines: a region-based method extended
from (Liu et al. [2019]) and a uniform-quality approach, which applies a fixed encoding
quality across blocks.

Pipeline (¢) () (g) : These pipelines transform videos into feature vectors using a sensor-
side DNN and then stream them for server analysis (vem). To reduce bandwidth usage, we
vary encoding qualities across the spatial blocks of feature vectors. Traditional heuristics
are not directly applicable on DNN-generated features, so we introduce a region-based
heuristic that prioritizes blocks with recent human activity (Du et al. [2020], Liu et al.
[2019]). Note that given the 16 configuration knobs in this pipeline, profiling methods fall
short, even when configurations are aggressively downsampled. As evidence, we implement
Chameleon (Jiang et al. [2018]) in pipeline (¢) as the profiling baseline, which, despite
8x more GPU resources than OneAdapt and only tuning 4 knobs, still fails to outperform
OneAdapt.

Pipeline () : This pipeline optimizes the delay between a user’s speech and its transcription

into text by reducing bandwidth usage. We use the audio sampling rate as our knob. We
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implement a profiling-based baseline (Chameleon (Jiang et al. [2018])) and a heuristics
baseline that raises the audio sampling rate when detecting human voice (Janbakhshi and
Kodrasi [2021]).

e Pipeline () : This pipeline aims to reduce the bandwidth usage of running traffic analytics,
by assigning different encoding quality to different spatial areas. We use the baselines
same as pipeline (a) except for EAAR, as EAAR is not directly applicable to vehicle

segmentation DNNs.

Resource usage: For those pipelines that aim to minimize bandwidth usage, we measure
the bandwidth usage by the bandwidth needed to send one-second worth of data, while
constraining the GPU computation as being able to analyze 1.5-second worth of data per
second (we relax this constraint for one baseline (DDS (Du et al. [2020])) as it needs to
examine the same one-second data twice for each second). For those pipelines that aim to
minimize GPU computation usage, we measure the GPU computation by the number of
video frames that need to be analyzed per secondg) and we do not constraint the bandwidth
usage of OneAdapt and other baselines.

Hardware settings: We use one Intel Xeon 4100 Silver CPU as the CPU and NVIDIA
RTX 2080 as the GPU.

4.2.2  FExperimental results

Better trade-off between accuracy and resource: We show that OneAdapt achieves a
better trade-off between accuracy and resource usage across 9 different pipelines in Figure 4.4.
We see that across these applications, OneAdapt achieves 15-59% resource usage reduction
compared to the baselines without decreasing inference accuracy, or improves the accuracy

by 1-5% without inflating resource usage. We highlight that in Figure 4.4e, a profiling-based

3. The backpropagation overhead of OneAdapt is also transformed to the number of frames analyzed per
second (by using backpropagation runtime divided by the runtime of analyzing one frame).
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Figure 4.4: Demonstrating the trade-off between accuracy and resource usage of OneAdapt
and several baselines. OneAdapt achieves higher accuracy with 15-59% resource usage re-
duction or 1-5% higher accuracy with less resource usage compared to the baselines across 9
different pipelines. Each figure shows averages across 5-10 videos or 200 audios, depending
on the dataset, ensuring statistical confidence.

baseline (Chameleon) with 8x more GPU compute than OneAdapt still has a sub-optimal
trade-off between resource usage and accuracy.

Please refer to our full paper (Du et al. [2023|) for further evaluation results.
More knobs, more gain: We show that OneAdapt achieves higher bandwidth reduction®
compared to the baseline in pipeline (¢) . In Figure 4.5, encoding qualities are assigned to

4, 16, 64 spatial blocks, resulting in 4, 16, 64 knobs to adapt. We show that the bandwidth

4. We define bandwidth reduction as the bandwidth usage of the region-based approach, divided by the
bandwidth usage of OneAdapt when OneAdapt has higher accuracy
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Figure 4.5: When the knobs are more fine-grained, the bandwidth reduction of OneAdapt
(the bandwidth usage of the region-based baseline, divided by the bandwidth usage of
OneAdapt when OneAdapt is of higher accuracy) grows larger.

reduction of OneAdapt grows larger when there are more configuration knobs. This is
because OneAdapt near-optimally handles more knobs without adding GPU computation
(since OneAdapt only runs one backpropagation, regardless of the number of knobs) or
CPU computation. However, the heuristics encode similar areas in high quality regardless
of number of knobs and thus cannot significantly improve the resource—accuracy trade-off
when there are more knobs.
Overhead of OneAdapt: We measure the sensor-side CPU computation and the server-
side GPU computation of OneAdapt® using the CPU computation divided by the CPU
computation of processing one frame (or 1/10 worth of data in other data formats), and the
GPU computation divided by the GPU computation of analyzing one frame. We mark the
adaptation overhead of OneAdapt in the hatched area. From Figure 4.6, we see that the
server-side GPU computation of OneAdapt is comparable to or lower than the baselines, and
the adaptation overhead of OneAdapt is negligible.

That said, the sensor-side CPU overhead of OneAdapt is high. Though OneAdapt has

5. Note that the bandwidth overhead of streaming DNNGrad from the server to the client is negligible
as it contains >7000x less amount of data after sampling and compression of DNNGrad.
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Figure 4.6: Comparing the server-side compute overheads of OneAdapt against the baselines
(measured by the number of frames inferred by the server per second).

Region-based

equal or lower CPU overhead in pipeline (¢) () than the baselines, OneAdapt needs to
encode the input data 3 times (in pipeline (@) (d) (&) () (@ () , even 4 times in pipeline(b)
), resulting in more CPU computation overhead than the baselines. One may worry that
OneAdapt imposes too much CPU overhead on the sensor that may exceed the sensor-side
computation capability. To answer this question, we measure the encoding speed on an Intel
Xeon 4100 Silver CPU and find that it has enough compute to encode 103.2 video frames per
second, which translates to encoding the input data 10 times (as the input data is 10FPS)
and is sufficient for OneAdapt in our evaluation setup.

Effectiveness of GPU overhead reduction: OneAdapt removes unneeded computation
and DNNGrad reusing and significantly reduces the GPU overhead. Figure 4.7 tests how
these two techniques reduce the backpropagation overhead of OneAdapt in terms of GPU

runtime and GPU memory on pipeline (@) , on a 10-frame video chunk. OneAdapt reduces
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Figure 4.7: Benchmarking the effectiveness of removing unneeded computation and
DNNGrad reusing on a 10-frame video chunk using pipeline (a) . OneAdapt reduces the
GPU runtime overhead by 87% and the GPU memory overhead by 12%.

the GPU runtime overhead of backpropagation by 87% and the GPU memory overhead by

12%.
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CHAPTER 5
PREFILLONLY: AN INFERENCE ENGINE FOR
PREFILL-ONLY WORKLOAD

To reduce the uncertainty, we leverage the property of prefill-only workload. We first in-
troduce the rationales about why prefill-only workload is a substantial workload, and then

introduce techniques related to job completion time calculation in prefill-only workload.

5.1 Why prefill-only workload is huge

5.1.1 Preliminary of large language models

This section introduces the basic concepts in large language model (LLM) inference.
Prefilling and decoding: LLM inference contains two phases. The prefilling phase of LLM
processes the input and generates one output token. Then, the LLM engine runs multiple
rounds of the decoding phase, where each decoding phase forwards the request through the
LLM and generates one more output token.

KV caches: As LLM inference incurs multiple rounds, when processing one request, the
LLM engine will store the intermediate tensors produced by the attention layers inside the
GPU, known as KV caches, to accelerate future rounds of LLM inference. The size of KV
caches can be large—e.g., the KV cache size of a request with 100,000 tokens is around 12
GB for a medium-sized LLM model (Llama-3.1-8B).

Prefix caching: The KV caches generated by one request can be reused by another request
if they share part of the prefix, which is commonly referred to as prefix caches. As a result,
existing LLM inference engines (Kwon et al. [2023a], Zheng et al. [2024]) will not immediately
free these KV caches after request execution, but instead cache them in the GPU so that

future requests can potentially reuse the KV caches.
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5.1.2  Substituting traditional deep learning models with LLMs

In addition to generative LLM applications that generate new content for people to read
and use, (e.g., ChatGPT (OpenAl [2025]), Character.Al (cha), GitHub Copilot (GitHub
[2025]), Cursor (GitHub [2025]), Perplexity (Perlexity AI [2025]) and more), both industry
and academia have started to use LLMs to replace traditional deep learning pipelines in
applications such as recommendation, credit verification, and data labeling mainly for two
reasons.

LLM streamlines the development: Developing traditional deep learning pipelines is
time-consuming and complex, as it requires co-optimizing multiple stages in the pipeline,
from data cleaning to model fine-tuning, which requires cross-team collaboration and exten-
sive infrastructure support, and eventually accumulates maintenance debt. In contrast, LLM
can take raw text as input and chat with the developer, and is general enough to obviate
fine-tuning. This allows the developer to interactively debug and improve the pipeline by
just chatting with the LLM. This argument is supported by recent literature (Firooz et al.
[2025]), which shows that a single LLM model can serve over 30 tasks across over 8 different
domains.

LLM achieves higher decision quality: Further, by properly selecting the size of
the LLM model and engineering the prompt, LLM can generalize to out-of-domain tasks
and surfaces, and achieves comparable performance similar to or better than a production

model (Firooz et al. [2025]).

5.1.3  Underlying workload: prefill-only workload

We observe that people use LLMs in these applications in a different way from those genera-
tive applications. Concretely, these applications only let the LLM generate one single output
token for each request. We call these requests prefill-only requests (as they only require the

LLM engine to run prefilling to generate a single output token), and name such a workload
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a prefill-only workload.

Single token suffices to express LLM’s preference: Generating one single token still
allows LLM to express its preference between different options. To illustrate this, we use post
recommendations as an example. Assume that we are a social media platform that aims to
recommend social media posts to a specific user via LLM. In this case, the recommendation
system will first gather user’s browsing history as the profile. Then, the system selects,
for example, fifty posts that the user might be interested in using traditional heuristics
like embedding-based similarity search. Then, the recommendation system sends fifty LLM

requests to the LLM, one per document. Here is an example of such LLM request:

You are a recommendation assistant to use user’s profile and history to recommend the
item that the user is most interested in. Here is the user profile:

[User profile|

Here is the browsing history of an user:

[User browsing history]

If we recommend the following article to this user, will the user be interested in reading
it? Please response using Yes or No.

[Article]

Your answer is:

Then, we constraint the output of LLM to only Yes and No, and let LLM prefill this
request to yield two probability numbers: P(Yes) and P(No), where their sum equals to 1.
After that, the recommendation system will use P(Yes) as the recommendation score.
Lower latency: Generating one single token also significantly reduces LLM inference
latency. This is because the input processing of LLMs is much faster than output generation.
Concretely, using Llama 3.1-8B-model and one NVIDIA H100, we measure that handling a
request with 2048 tokens input and 256 tokens output is 1.5x slower than handling a request
with 2048 tokens input and 1 token output.
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Clearly-defined and controlled output behavior: Further, we argue that prefill-only
workload allows the developer to simply define and control the output behavior by passing
over a list of acceptable tokens to the LLM engine and then let the LLM engine to sample
only output from this list. In contrast, it is difficult to clearly define and guarantee the
expected LLM output behavior in traditional generative requests, which motivates a long

line of research (e.g., (Dong et al. [2024], Ye et al. [2025])).

5.1.4 Characteristics of prefill-only workload

We conclude two characteristics of prefill-only workload.

First, the input length of prefill-only requests is typically long. For example, in a docu-
mentation recommendation application, the user profile potentially contains months of the
user’s browsing history, which can easily reach tens of thousands of tokens, and even more.

Second, different from a traditional LLM workload that is GPU-memory-bound, a prefill-

only workload is bounded by GPU computation.
Sharing GPU resources with traditional generative workload is impractical: To
meet the stringent application requirements, instead of sharing the GPU with traditional
generative requests, one needs to allocate GPU dedicated to prefill-only workloads. This
is because the inter-workload interference of LLM applications is significant. For example,
serving both prefill-only requests and traditional generative requests on the same GPUs may
greatly increase the average and P99 time-per-output-token in generative use cases, as the
decoding jobs will be batched with prefill jobs more frequently compared to not mixing these
two workloads.

Further, the volume of prefill-only workload is large enough that it deserves dedicated
GPU resources. For example, in recommendation workload, the typical queries per second is
at the scale of tens of thousands, which demands hundreds or even thousands of H100 GPUs

to serve.
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5.1.5  Limitation of existing LLM engines

In practice, we observe two issues that limit the capacity of existing LLM inference engines
in prefill-only workloads.

Scheduling algorithm is unaware of JCT: Existing LLM engines typically leverage
JCT-agnostic scheduling, such as first-come-first-serve scheduling, as the output length of
LLM requests can be non-deterministic and difficult to predict. If the JCT can be accu-
rately estimated, one can leverage JCT-aware scheduling (like shortest remaining job first)

to further reduce the latency of requests.

5.1.6  Opportunity and challenges

In prefill-only workload, the opportunity is that the JCT of prefill-only requests is determin-
istic and predictable as the output length is always 1.

A naive solution to leverage the opportunities above is by offline profiling how the JCT
changes with respect to request length, and in the online phase, the LLM engine uses this
JCT profile to obtain the JCT of each incoming request, and then schedules the waiting
requests using JCT-aware algorithms (e.g., shortest remaining job first).

However, this solution achieves limited performance improvement in practice, because the
JCT does not only depend the request itself, but the prefix cache condition as well. Existing
LLM engines store the KV caches in the LLM engine so that future requests with the same
prefix can be accelerated. This technique is known as prefix caching. Fully discarding the

KV caches prevents such optimization.
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Figure 5.1: Overview of PrefillOnly and its core techniques.

5.2 Overview of PrefillOnly

5.2.1 Querview of PrefillOnly

PrefillOnly is an inference engine that serves prefill-only requests online. PrefillOnly opens
an HTTP server compatible with the OpenAl API protocol for the user to send their prefill-
only requests during runtime. When a new request arrives, PrefillOnly tokenizes the request
and sends it to the waiting queue of the scheduler process using ZeroMQ-based RPC. The
scheduler process then schedules the requests in the granularity of step. During each step,
PrefillOnly enumerates the requests in the waiting queue to find the request with minimum
JCT. Then, PrefillOnly pops out this request and sends it to the executor processes. Finally,
the request executor processes then execute the request and return the prefill-only output
all the way back to the user.

We summarize the workflow of PrefillOnly in Figure 5.1
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5.3 Scheduling in the context of prefix caching

The key challenge of PrefillOnly, is that the JCT of each request changes over time, since
the JCT depends on the prefix cache storage, which is constantly changing: new request
introduces new prefix cache and evicts old ones.

To handle this case, PrefillOnly handles one request at a time, and performs JCT esti-
mation everytime when PrefillOnly schedules a new request (we call this continuous JCT
calibration). This allows PrefillOnly to obtain accurate JCT at the time when the request
is being scheduled, and significantly improves the overall prefix cache hit rate.

In this section, we first discuss why PrefillOnly does not choose to batch prefill-only
requests, and then discuss continuous JCT calibration as the key technique to handle JCT

changes.

5.3.1  Why not batching prefill-only requests

In traditional LLM workloads, to maximize the output generation throughput (i.e. decod-
ing throughput), the inference engine needs to maintain a large batch size by continuously
batching new requests to the LLM engine and removing finalized requests from the batch.
This technique significantly improves throughput, because the output generation phase is
bounded by GPU memory accessing bandwidth, and batching 2x requests only marginally
increases the total GPU memory needs to be accessed (as the major part is the LLM model
weights) and thus marginally increases the runtime, but doubles the generation throughput.

However, the inference in prefill-only workload is typically GPU computation-bound, and
thus, batching does not significantly improve the throughput of processing Thus, batching
prefill-only requests increases the average latency compared to processing the requests one
by one, and does not improve the throughput. As a result, PrefillOnly chooses to schedule

the requests one by one instead of batching them.
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5.3.2  Limitation of traditional JCT-based scheduling

We observe that, traditional JCT-based scheduling algorithm has a low prefix cache hit rate
in the context of prefix caching, resulting in high latency and low throughput.

This is because the JCT changes over time when prefix caching is enabled: the JCT of
one request reduces when the prefix cache related to this request enters the LLM engine,
and increases when this prefix cache is evicted. As a result, this approach fails to timely
prioritize those requests that can hit the prefix cache, and when the LLM engine executes
these requests, the prefix cache might already be evicted.

This is because traditional JCT-based scheduling algorithms make decisions based on the

JCT when the request arrives, and thus fail to timely prioritize the requests when the LLM
engine receives prefix cache related to these requests, and deprioritize the requests when the
corresponding prefix cache of these requests is evicted.
Example: To further understand why the traditional JCT-based scheduling algorithm has
low prefix cache hit rates. We provide an illustrative example. In this example, we assume
that four requests (A, B, C, D) come into the LLM inference engine altogether, with request
length A < C < B < D. Further, we assume A and D share the same prefix, and so do B
and C. Also, we assume that the prefix cache space is limited and thus can only store the
state of one request.

In this case, traditional shortest remaining job first scheduling will schedule the job based
on its JCT, which is proportional to the request length. As a result, it will schedule the
request in the order of A, C, B, D. In this case, request B can hit the prefix cache of request
C, and thus request B can be accelerated. However, request D that could have hit the prefix
cache of A, cannot be accelerated (as request C evicted the state of A), leading to high

inference latency.
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RequestA, B, C, D comes together, Length: A<C<B<D

A, D share prefix, and B, C share prefix

A GPU space can only hold the KV cache of one request
Req C
Req B Req D
FIFO h
A A (Evict A’s cache) (Cr?ii) © (Cache miss)
Req B
Req C Req D
SRIJF Reg A .
. (Evict A’s cache) (Csii:)he (Cache miss)
\JCT: A<C<B<D,schedules A, C, B, D sequentially
RJF +
iontinuous Req A Req D Req C (222:1 cache
i it A hit +1!
JCT (Cache hit) | (Evict A’s cache) hit)
calibration D can hit the Zache, o) \JCT: C<B, \
JCT: D<C<B. schedule C Schedule B
Schedule D i
Tlme>
Figure 5.2: Contrasting first-in-first-out (FIFO) scheduling, shortest-remaining-job-first

(SRJF) scheduling and PrefillOnly’s SRJF scheduling with continuous JCT calibration. The
scheduling of PrefillOnly yields one more cache hit, achieving lower average latency.

Algorithm 1 SRJF with continuous JCT calibration

— = =
T

13: end if
14: end for
15: Schedule

T'shortest

Input: Waiting queue @ of requests
Output: Request to schedule in the next step
Tshortest <~ None
SCOT€in $— 00
for each request r € (Q do
Ninput <= the number of input tokens in r
Neached < the number of tokens in r that hits prefix cache
Tqueue < the queuing time of r
score <— get_th(ninputa Ncached) — A * Tqueue
if score < scorepi, then
SCOT€emin < jct
Tshortest <~ T
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5.3.3  Continuous JCOT calibration

To improve the prefix cache hit rate of JCT-based scheduling algorithm, we propose Pre-
fillOnly employs continuous JCT calibration, where PrefillOnly calibrates the JCT of waiting
requests every time before scheduling.

Such calibration significantly improves the prefix cache hit rate, as it allows the scheduling
algorithm to timely prioritize those requests that can hit the prefix cache (as they typically
have much lower JCT than other requests), which makes these requests much more likely to
hit the prefix cache.

Example: To further illustrate why continuous JCT calibration helps JCT-based scheduling
algorithms, like SRJF, improve latency, we give an illustrative example using the same setup
as §5.3.2. The first scheduled job will be A. When scheduling the next job, the scheduler
will perform JCT calibration, where it finds out that the JCT of D is significantly lowered
as D can hit the prefix cache of A. As a result, the second scheduled job will be D. Then,
the scheduler calibrates the JCT of B and C again, and their JCT remains unchanged. As
a result, the scheduler then schedules C as it is shorter (and thus has lower JCT). After
that, the scheduler will then schedule request B. In this case, the total number of cache
hits is 2, where the total number of cache hits is 1 in both FIFO scheduling and naive
SRJF scheduling. Thus, SRJF with continuous calibration achieves lower latency and higher
throughput.

Calibration details: As shown in Algorithm 1, PrefillOnly calibrates the JCT of a given
request r by calculating the number of input tokens njnpyt and the number of tokens that hits
the prefix cache n¢ached, and generate the JCT of this request by calling jct(ninput, Peached)
where we obtain jct by profiling how the JCT varies with respect to different pairs of njnpyt
and Neyehed that covers the maximum input length with the granularity of 1000 tokens, and
trains a small linear model using linear regression.

Empirically, however, we found that the number of tokens that do not hit the prefix
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Dataset Why evaluating this dataset #users User profile length  Post length
Post Evaluate the ability of PrefillOnly 20 11, 000 tokens

recommendation under frequent prefix cache reuse — 17, 000 tokens 150 tokens
Credit Evaluate the ability of PrefillOnly 60 40, 000 tokens N/A
verification under long input length — 60, 000 tokens

Table 5.1: Summarizing the dataset used in the evaluation of PrefillOnly and baselines.

Config Max input length (measured by number of tokens)
L4 A100 H100
Paged 24,000 11,000 15,000
Attention | WL1: v/, WL2: x WL1: x, WL2: x WLI1: x, WL2: x
Chunked 46, 000 17,000 25,000
Prefill WL1: v, WL2: x WLI1: v, WL2: x WLI: v/, WL2: x
Pipeline 72,000 38,000 183,000
Parallel WL1: v, WL2: vv WL1: v, WL2: v WL1: v/, WL2: v
Tensor 195,000 77,000 238,000
Parallel WL1: v, WL2: vv WL1: v, WL2: v WL1: v/, WL2: v
PrefillOnly 130,000 87,000 97,000
(ours) WL1: v, WL2: vv  WLI1: v/, WL2: v WLI1: v/, WL2: v

Table 5.2: Evaluating the max input length that PrefillOnly and baselines can handle under
various hardware setups. WL1 indicates the post recommendation workload, and WL2
indicates the credit verification workload. x means that the max input length is insufficient
to run corresponding workload.

cache (i.e., Ninput — Neached) 15 @ good proxy of JCT: we measure that, on 1x A100 the
Pearson correlation coefficient between the actual JCT and the number of cache miss tokens
Ninput — Meached 18 0.987 on Qwen 32B with FP8 quantization (where 1 means perfectly
correlated). As a result, PrefillOnly uses this JCT proxy by default.

Preventing starvation: In order to prevent starvation, PrefillOnly will reduce the JCT by
A-Treq, where Treq is the queuing time of the request and A is a hyperparameter: increasing
the A result in better worst-case latency at the trade of worse average latency.

We summarize the scheduling algorithm in Algorithm 1.
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5.4 FEvaluation

Our evaluation shows that:

e PrefillOnly handles 1.4—4.0x larger query-per-second without inflating the average latency
and P99 latency compared to baselines.

e PrefillOnly expands the maximum request length by upto 5x without requiring paralleliz-

ing the LLM inference.

5.4.1 FEwvaluation setup

In this subsection, we introduce the dataset, GPUs, LLM models, evaluation metrics, and

baselines in our evaluation.

Existing LLM datasets mainly focus on evaluating the LLM accuracy instead of the
performance of the LLM engine. As a result, in our evaluation, we use two simulated
datasets, covering two tasks: post recommendation on a social media platform and credit
verification for a bank application.

We summarize our evaluation dataset in Table 5.1.

Post recommendation dataset: In this dataset, we aim to evaluate the benefit of Pre-

fillOnly under a short context scenario, where the major benefit of PrefillOnly comes from its

scheduling. Concretely, we simulate a post recommendation scenario, where we recommend

10 out of 50 posts for a given user, based on the browsing history of this user. The key

attributes from the perspective of LLM engine performance are the following parameters:

e Post length: To get a rough estimation of the post length, in terms of number of tokens,
we take X as an example, and measured that the number of tokens for a short X post is
less than 150 tokens. As a result, we use 150 tokens as the post length.

e Number of posts to be recommended per user: We set the number of posts to be rec-

ommended per user as 50. We assume that these 50 posts are given by the underlying
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recommendation systems using heuristics like embedding-based similarity search.

e User profile length: As for the user profile length, we focus on the click history of one user,
where the user has already been engaged with the social media four times a week, and for
four weeks. We assume that each time the user only clicks on five or six posts. As a result,
the total length of the profile history is roughly 11,000 to 17,000 tokens. As a result, we
use a normal distribution to simulate the user profile length, with a mean as 14,000 and a
standard deviation of 3,000.

e Number of users: We evaluated 20 users in total.

Credit verification dataset: In this dataset, our goal is to simulate a credit verification
scenario, where we verify the credit of one user based on the credit history of one user. We
measure that the length of credit history for one month is about 4,000 to 6,000 tokens. We
simulate ten months of credit history, resulting in a credit history length from 40,000 to

60,000 for each user. We consider 60 users in total.

Request arrival pattern: We assume that the user arrival pattern is a Poisson process.

We further vary the rate in the Poisson process to vary the query-per-second.

Hardware and LLM setup: We summarize the hardware and the LLM setup in Table 5.3.

PrefillOnly: We implement PrefillOnly based on state-of-the-art LLM serving engine

vLLM (vll), with 4.6k lines of Python code to implement the core techniques of PrefillOnly.

We set the fairness parameter A = 500 by default.

Baselines: We pick four baselines, where two of them parallelize the LLM inference (tensor

parallel and pipeline parallel) and the other two do not parallelize the inference (PagedAt-

tention (Kwon et al. [2023b]) and chunked prefill (Agrawal et al. [2024])):

e Tensor parallel. In this baseline, we parallelize the inference onto 2 GPUs with the degree
of tensor parallelism equal to 2 using the existing implementation available in production-
grade inference engine vLLM (vll).

e Pipeline parallel. In this baseline, we parallelize the inference onto 2 GPUs with the degree
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Scenario GPU Type LLM Model

Low-end 2x NVIDIA L4 PCle meta-llama/
GPU (24 GB) Llama-3.1-8B
Middleend  2x NVIDA A100 PCle ~ RedHatAl/

DeepSeek-R1-Distill-
Qwen-32B-FP8-dynamic
Infermatic/
Llama-3.3-70B-Instruct-

GPU (40 GB)

High-end 2x NVIDIA H100 PCle

GPU (80 GB) FP8-Dynamic
High-end . Infermatic/
GPU w/ 2x NVIDIA H100 NVLink Llama-3.3-70B-Instruct-

(30 GB)

NVLink FP8-Dynamic

Table 5.3: The hardware and the corresponding LLM.

of pipeline parallelism equal to 2. We also use the implementation in vLLM (vll).

e PagedAttention (Kwon et al. [2023b]). This baseline manages the KV caches using a page
table to minimize fragmentation and employs first-come-first-serve scheduling.

o Chunked prefill (Agrawal et al. [2024]). This baseline processes the LLM input chunk-by-

chunk to allow handling longer requests.

Note that we enable prefix caching for both PrefillOnly and all these baselines. Also, some
baselines cannot handle some workloads as their maximum input length is too short, we
show this in Table 5.2

Routing: We note that, for PrefillOnly and non-parallelization-based baselines, in order to
utilize multiple GPUs, we launch multiple instances of LLM inference engines, one on each
GPU, and then perform user-id-based routing, where we route the request from the same
user to the same instance, and decide which user should be assigned to which instance in a

round-robin manner.
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5.4.2  FEvaluation results

QPS-latency trade-off: We show the trade-off between query per second (QPS) and
latency (mean latency and p99 latency) across three different hardware setups and two
different applications in Figure 5.3. In this figure, we determine the evaluation QPS by
running PrefillOnly with all requests in the dataset coming at once, and then obtain the
throughput (requests per second) of PrefillOnly in this situation, where we denote this value
as . We then evaluate QPS 1/4x,1/2x, x, 2z, 3x,4x. This approach allows us to show the
full spectrum performance of PrefillOnly.

In Figure 5.3, we see that PrefillOnly always achieves lowest latency when the QPS is
high, indicating that the throughput of PrefillOnly is significantly higher than the baselines.
However, in low QPS the latency of PrefillOnly can be higher than parallelization-based
baselines (as baselines use multiple GPUs to serve one request but PrefillOnly just uses
one).

We also show in Figure 5.4 that PrefillOnly achieves better P99 latency than baselines,
indicating that the JCT-based allocation of PrefillOnly does not hurt P99 latency after
applying the fairness twist mentioned in §5.3.3.

Varying the fairness parameter \: We vary the CDF of request latency of PrefillOnly,
under different values of fairness parameter A in Figure 5.7. Higher A results in better P99

latency, at the cost of inflating the average latency
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Figure 5.3: QPS — mean latency trade-off of PrefillOnly and baselines on four different
hardware setups and two applications. PrefillOnly significantly reduces the latency when
the QPS is high and only has higher QPS than tensor parallel baseline when QPS is low.
Though tensor parallelism sometimes have lower latency than PrefillOnly under low QPS,
it has much lower throughput than PrefillOnly due to extra communication cost and thus
scales much worse than PrefillOnly in high QPS.
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Figure 5.6: Illustrating the throughput of PrefillOnly and the baselines in post post-
recommendation dataset under 2x H100 without NVLink. PrefillOnly has better improve-
ment as it can maintain high throughput under high query-per-second, while the query per
second of chunked prefill baseline drops because of prefix cache throttling. Parallelization-
based baselines parallelize the prefix cache across GPUs and thus have sufficient prefix cache
space to avoid throttling, but they have lower throughput because of extra communication
and synchronization cost.
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CHAPTER 6
LIMITATION AND FUTURE WORK

6.1 Limitation

In this chapter, we focus on discussing the large language model aspects, as this attracts
more and more attentions these days and become the centroid of machine learning system
research.

My previous work, PrefillOnly, specifically targets prefill workloads and significantly en-
hances throughputy. However, it is limited in its general applicability. For instance, Pre-
fillOnly inherently assumes that applications do not preprocess the incoming requests (e.g.,
sorting the requests).

Additionally, the trend in LLM serving is increasingly oriented toward inference-time
scaling, where decoding phases typically dominate runtime due to longer generated texts.
Examples include agentic workloads, thinking LLLM models and chain-of-thought tasks. Con-
sequently, optimizations that exclusively target prefill phases, like PrefillOnly, might see
diminished benefits and adoption as inference-time scaling continues to grow.

Finally, although PrefillOnly effectively reduces latency and improves throughput by
leveraging continuous job completion time (JCT) estimations, its effectiveness reduces when
the KV cache storage is distributed and very large, as it makes the KV cache eviction less

likely to happen.

6.2 Future work

In this section, I outline several promising future research directions to address current
limitations and emerging challenges in distributed machine learning and large language model

inference.
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Faster decoding: : With the rising popularity of inference-time scaling techniques, such
as thinking LLMs, agentic workflows, and chain-of-thought, decoding phases become in-
creasingly critical. Future work should focus on developing novel algorithms and hardware
accelerations specifically aimed at boosting decoding efficiency, minimizing latency, and max-
imizing throughput during long-form text generation.

Tight integration with tool calls: : A recent trend is that LLMs interact with external
tools and APIs to enhance their functionality in agentic tasks. Integrating these tool calls
in a streaming and interactive manner (instead of creating a barrier between LLM and the
function call) to ensure low latency and high responsiveness remains a significant challenge.
Addressing this will require combining chunked prefills with the streaming behavior of tool
calls, and also require “chunked prefill” of the tool using LLM output.

Scheduling for agentic workloads: Agentic workloads often produce significant amounts
of intermediate text that are not directly visible to users, generating opportunities for more
flexible scheduling policies. We can shoot for high throughput (instead of balancing between
latency and throughput) without sacrificing user-perceived application response time, which
can substantially improve overall system efficiency.

Disaggregated serving: : The growing heterogeneity of LLM architectures (e.g., multi-
modal encoders, heterogeneous attention mechanisms, disaggregating prefill and decoding
modules, mixture-of-experts) and diverse hardware platforms (e.g., NVIDIA GPUs, AMD
GPUs, Google TPUs) motivates the need for fully disaggregated inference architectures.
Future work should focus on building LLM “micro-services” for each heterogeneous LLM
components, and building robust and high-performance tensor transmission frameworks and

resource allocation mechanisms to efficiently connect these components.
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CHAPTER 7
CONCLUSION

As machine learning applications, including video analytics and large language model (LLM)
inference, become increasingly distributed, they face the critical challenge of efficiently load-
ing data from remote sources to the machine learning models. Though prior work already
observes the performance benefit of identifying the important data and load them first, this
thesis emphasizes that accurately and rapidly prioritizing important data can further im-
prove the performance of the end-to-end inference pipeline. Concretely, in video analytics,
we demonstrate the advantage of selectively streaming pixels most relevant to object de-
tection tasks and other tasks, achieving 2x latency reductions without sacrificing detection
accuracy. In LLM applications, we show the benefit of prioritizing requests based on pre-
cise job completion time (JCT) estimations, significantly reducing latency while maintaining

throughput.
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