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Abstract

Cloud-based live video analytics with tight latency bound is
gaining importance to support emerging applications such
as UAVs and augmented reality. However, existing systems
often struggle to meet stringent latency constraints under
fluctuating network conditions with packet losses and late-
arriving packets. We propose a loss-tolerant live video ana-
lytics system called Logan, which effectively accepts packet
losses while maintaining high accuracy by utilizing the inher-
ent resilience in DNNs. We design i) Codec-aware Inpainting,
which accurately recovers the frame error from packet losses
ii) Fast-Forward Recovery that prevents the remaining un-
recovered error from propagating over future frames indefi-
nitely. Our results show a 3X improvement (33.2%—99.9%) in
SLO satisfaction rate compared to the reliable transmission
scheme with <1% accuracy drop under a 5% packet loss rate.

CCS Concepts

« Human-centered computing — Ubiquitous and mo-
bile computing systems and tools; - Computer systems
organization — Real-time system architecture; « Infor-
mation systems — Multimedia streaming,.
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1 Introduction

Cloud-based live video analytics, vital for applications like
Unmanned Aerial Vehicles (UAVs) and Augmented Reality
(AR), require consistently meeting tight end-to-end latency
requirements. For example, an autonomous UAV in deliv-
ery services must detect nearby obstacles within 150 ms
to avoid collisions [1]. Current systems relying on reliable
video transmission [18, 37, 43, 45, 76] struggle to satisfy such
requirements due to frequent packet losses and late arrivals.

The end-to-end latency in video analytics systems is de-
termined by network latency (the time it takes to send video
data to the server) and computing latency (the analytics deep
neural network (DNN) inference time). Prior works [25] have
been successful in achieving stable computing latency since
the compute resources are controllable (e.g., isolate GPU
resources). However, stabilizing network latency presents
a greater challenge due to its inherent uncontrollability,
such as unpredictable channel fluctuation and congestion.
Bitrate adaptation techniques such as traditional congestion
control [5, 6, 26] and DNN-accuracy-aware frame degrada-
tion [18, 45, 76] mitigate packet losses and latency variations
by reducing data transmission but fail to eliminate them due
to their reactive nature.

This challenge has led us to develop a fundamentally differ-
ent approach, loss acceptance & recovery. We enable analytics
on the frames with missing packets, implementing error re-
covery strategies that diminish the effects of unpredictable
network conditions. This strategy signifies a paradigm shift
from dependence on the inherently variable nature of net-
work resources to leveraging the more manageable compu-
tational resources, fundamentally transforming how packet
loss and delays are addressed. When combined with sys-
tems that ensure computing latency [25], our method offers
a pathway to achieving consistent end-to-end latency in
cloud-based video analytics platforms.
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Figure 1: Effect of Codec-aware Inpainting (Frame 1)
and Fast-Forward Recovery (Frame 4).

Our approach is supported by two key opportunities. First,
recent video inpainting DNNs are capable of contextual
recovery of the missing regions in a frame. By analyzing
patterns across various video contents, they excel at filling
in gaps by drawing on intact areas from both the current
and preceding frames. Second, analytics DNNs exhibit re-
silience to errors, maintaining effective performance even
when faced with incomplete input data. Their probabilistic
operation prove durable against minimal accuracy declines
in scenarios where inputs undergo quantization [35] or suf-
fer from impairments such as noise, blur, and compression
artifacts [15, 64, 80].

Using the opportunities, we propose Logan, a loss-tolerant
live video analytics system. It consists of two synergistic com-
ponents: (i) Codec-aware Inpainting that accurately recovers
the error for the current frame’s packet loss and (ii) Fast-
Forward Recovery mechanism that limits the propagation
of the remaining errors after Codec-aware Inpainting by
utilizing the retransmitted late-arriving stale packets. The
two components are co-designed to mutually enhance the
performance: Fast-Forward Recovery improves the quality
of the inputs for Codec-aware Inpainting, and Codec-aware
Inpainting provides the optical flow information for future
Fast-Forward Recovery. Our extensive evaluation shows that
Logan achieves 99.9% latency SLO (Service Level Objective)
satisfaction (3% compared to conventional systems with reli-
able transmission) with <1% accuracy drop under a loss rate
of 5% (common in practical environments). Figure 1 shows a
visual example of our techniques (details in Section 4).

First, Codec-aware Inpainting, a fast and accurate error
recovery inspired by the recent advances in video inpainting
DNN models, performs accurate recovery even under burst
packet losses. It is designed to understand object boundaries
and complex movement, with data generation that mim-
ics packet loss patterns of encoded videos. We incorporate

Yang et al.

codec awareness, often overlooked by prior video inpainting
models [21, 44, 72], to further improve accuracy and latency.
Specifically, the model leverages the already present motion
vectors adjacent to the lost area to accelerate the optical flow
estimation. Also, it adopts a difficulty-aware sharpness control
scheme where the model strategically prioritizes positional
accuracy over sharpness for challenging scenes, cooperating
with the future frames’ residual values for error recovery.

Next, Fast-Forward Recovery mechanism challenges the
conventional assumption in video streaming pipelines that
once a frame is decoded, additional packets of the frame
are discarded afterward. The key idea is to utilize the late-
arriving retransmitted packets of the past frames to mitigate
error propagation. It employs a fast-forward re-decoding
method to correct the root error and recover its propagation
by revisiting past frames. This method enhances the cor-
rupted regions in the current frame in two folds: (i) directly
incorporating information from late-arriving packets and (ii)
indirectly improving the past frame quality for inpainting.

Our key contributions are summarized as follows:

e We shift the conventional packet loss management from
relying on uncontrollable network resources to utilizing more
controllable computational resources to achieve a stable end-
to-end analytics latency under challenging network condi-
tions. Our system enables many emerging video analytics
applications with tight latency SLO.

e Logan is the first live video analytics system that lever-
ages the error resilience of DNNs to process incomplete
frames with high accuracy and real-time performance.

e We design an end-to-end system composed of Codec-
aware Inpainting that accurately conceals the errors even
under burst packet losses and Fast-Forward Recovery that
effectively limits the error propagation.

e We extensively evaluate system performance under var-
ious packet loss patterns and network conditions with sim-
ulation and real-world traces. Specifically, Logan achieves
99.9% latency SLO satisfaction with <1% accuracy drop under
a loss rate of 5%.

2 Motivation
2.1 Motivating Scenarios

We consider video analytics apps that stream the video to a
cloud server for latency-sensitive analysis; we assume sole
on-device processing is limited due to memory, processor,
and thermal constraints. Delays caused by retransmissions
are often not tolerable, as they compromise the timely pro-
cessing essential for these applications. Following are exam-
ple scenarios (see Table 1):

Unmanned Aerial Vehicle (UAV) delivery. Consider sce-
narios where autonomous UAVs are deployed for rescue
purposes. For safe navigation and operation, these UAVs
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Unmanned Aerial Vehicle (UAV)

eXtended Reality (XR)

Underwater Imaging

Latency SLO Collision avoidance 150 ms [1] AR object tracking 200 ms [42] Target hunting 200 ms
Search and rescue 500 ms [75] 3D reconstructed telepresence 150 ms [34]

Communication Cellular, Satellite Cellular Acoustic

RTT LEO ~100 ms MEO ~250 ms GEO ~600 ms [13]  20~100 ms [48, 70] Distance + 1500m/s [2]

Table 1: Example video analytics applications.

must be capable of detecting obstacles within 150 ms while
operating at the speed of 60 km/h as specified by industry
standards [1]. The reliance on satellite networks, essential for
operations across extensive areas, introduces an RTT of up
to 50~100 ms even with Low Earth Orbit (LEO) satellites and
longer with Geostationary Orbit (GEO) satellites. Account-
ing for the initial transmission time (an RTT) and the DNN
analysis time (e.g., 33 ms for a DNN operating at 30 FPS),
additional retransmission violates the latency constraint.

Augmented Reality (AR) criminal chasing. AR glasses
worn by a police officer while chasing a criminal display a
bounding box to indicate the criminal’s location. The latency
of such AR applications must be below 150~200 ms [34, 42] to
ensure responsiveness and seamless user experience. How-
ever, RTT in urban cellular networks can peak at 100 ms
and suffer from fluctuations due to handovers and queu-
ing [48, 70]. Awaiting retransmissions compromise the la-
tency requirements, severely degrading user experience.

2.2 Packet Loss and Late Arrival

Packet losses are common in the scenarios above, which rely
on high-mobility wireless networks. Packet losses mainly
stem from (i) wireless attenuation and interference and (ii)
core network congestion. 2023 Microsoft Teams video con-
ferencing application trace shows losses between 1~10% are
common, occasionally exceeding 20% [57]. Extreme condi-
tions, like air-to-ground, satellite, and underwater commu-
nications, exacerbate the problem [9, 73]. These losses lead
to significant violations of latency Service Level Objectives
(SLO), affecting not only the frames experiencing losses but
also many subsequent frames since the application is blocked
until retransmission completes. For example, 5% of packet
losses can result in over 50% of frames failing to meet the
latency SLO, as in Figure 2 (RTT=100 ms, SLO=200 ms).
Moreover, late-arriving packets due to latency fluctuation
(often considered losses in real-time streaming systems [?
]) have a similar effect with lost packets in terms of latency
SLO violation. Recent cellular network measurements have
documented considerable latency variability, resulting in up
to 10% of video playback time spent on stall even with state-
of-the-art bitrate adaptation techniques [48]. Our discussion
of packet loss handling encompasses both actual packet losses
and late-arriving packets that fail to meet latency deadlines.
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3 Approach

Logan aims to provide stable end-to-end latency to video ana-
lytics applications, even amidst variable network conditions.
The end-to-end latency in video analytics systems is com-
posed of network latency (the duration to transmit video data
to the server) and computing latency (the DNN inference
time). Strategies like isolating server GPU resources [25]
or preempting ongoing computations [27, 69] can secure
stable computing latency. However, these methods are not
viable for systems reliant on video transmission across un-
predictable networks.

Adapting DNN computation is a practical solution to mit-
igate fluctuations in network latency. Systems can, for in-
stance, opt for less resource-intensive models like those in
the EfficientDet series for detection tasks [61] or reduce
input resolutions to adhere to tight deadlines [24, 28]. How-
ever, this approach faces limitations with extreme network
variability, particularly when network delays, intensified by
retransmissions, surpass the latency SLO of the application.

Adjusting network resource utilization serves as another
approach to managing network latency challenges. Bitrate
adaptation techniques [6, 18, 76] reduce data transmission
in response to packet loss occurrence, aiming to decrease
loss rate and latency fluctuation. Although these reactive
strategies lessen the frequency of losses, they either fail to
completely prevent losses due to the quick shifts in channel
conditions [29, 57] or lead to severe accuracy degradation.
Forward Error Correction (FEC) combats this by adding re-
dundancy bits to facilitate error correction, diminishing the
necessity for packet retransmission. However, FEC neces-
sitates significant bandwidth overhead to achieve desired
latency SLOs, especially when the loss is bursty (a common
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case [57]) as depicted in Figure 3. This underscores the inade-
quacy of relying solely on FEC in environments characterized
by low or variable bandwidth, including satellite communi-
cations for drones/ships and cellular networks with high
mobility (fluctuating significantly, frequently reaching <1
Mbps [30]).

3.1 Loss Acceptance & Recovery

Here, Logan takes a fundamentally different approach: loss
acceptance & recovery— achieving stable network latency
with additional controllable computational resources. Logan
makes the network latency predictable by allowing analyt-
ics applications to operate on temporarily erroneous frames
resulting from packet losses, as opposed to TCP-like reliable
protocols which halt until retransmitted packets arrive and
the system obtains error-free frames.! Logan instead recov-
ers the errors using computational resources to mitigate the
impact of packet losses on video analytics. Our approach can
be integrated with existing systems that offer latency guar-
antees on the computing side [25] to significantly improve
end-to-end reliability in computation offloading systems.
The acceptance of packet loss has not been considered a
viable option due to its substantial impact on frame quality.
Error concealment algorithms [10, 41, 56], primarily formu-
lated during the initial stages of video codec development,
are designed to fill in the missing pixels using the information
available in the current and previous frames. However, these
algorithms often fail to accurately reconstruct the diverse
content within videos due to their handcrafted nature, as
demonstrated in Figure 4a and further analyzed in Section 7.
We identify two key characteristics of DNNS, (i) contex-
tual recovery of generative DNNs and (ii) error resilience of
analytics DNNS, as enablers of our approach.
Contextual recovery. Contrary to traditional manually-
designed error concealment strategies, generative DNNs can
accurately comprehend object semantics and complex mo-
tion patterns due to their capacity to learn from the vast
diversity of video content. This enables them to interpolate
and extrapolate missing regions by analyzing the unimpaired
regions of the current and previous frames. Recent advance-
ments in video inpainting DNN models [21, 44, 72] have
demonstrated significant success in reconstructing missing
pixels, albeit with higher latency (hundreds of milliseconds)
and a focus on addressing sparse losses. Frame 1 in Figure 4b
shows an example of a frame that has undergone our inpaint-
ing model after packet loss.
Error resilience. DNNs inherently exhibit a degree of re-
silience for information loss in their inputs due to their
probabilistic nature. For example, various studies on DNN

We define "loss" as packet loss and "error” as frame distortions resulting
from packet loss.
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Figure 4: Error recovery of Logan. The graph reports the

accuracy drop averaged over all videos in DAVIS dataset

(+1 standard deviation) where packets of frames 1, 11,
21, 31, 41, 51 in each GoP are lost.

quantization have demonstrated that DNNs can withstand
precision loss in inputs [35] and various types of informa-
tion loss, such as noise, blur, and compression distortions
to some extent [15, 64, 80]. Incorporating a variety of dis-
tortions through data augmentation has become a de facto
standard of DNN training, further improving resilience. This
resilience suggests that minor frame errors resulting from
packet loss may be tolerable.

4 Logan Overview

Logan is our realization of loss acceptance & recovery. Logan
aims to limit the error to a level that can be tolerated by the
error resilience capabilities of analytics DNNs, ensuring that
the application can continue its operations.

Logan comprises two major components. (1) Codec-aware
Inpainting that quickly and accurately recovers the packet
loss in the current frame to analyze, and (2) Fast-Forward
Recovery mechanism that shortens the duration of the prop-
agation of the remaining error. Figure 4b shows the visual
example of the effect of Logan. Codec-aware Inpainting accu-
rately recovers the frame errors (Frame 1), and Fast-Forward
Recovery shortens the duration of the error propagation
to later frames, preventing the accumulation of errors, as
shown in the graph on the right.

4.1 System Architecture

Figure 5 illustrates the architecture. Logan is compatible
with any existing video analytics applications without re-
training existing analytics models. Initially, the user specifies
the latency SLO of the application and registers the analytics



Logan: Loss-tolerant Live Video Analytics System

Analytics DNN, .
Logan Latency SLO -

End Device
o Video Encoded packets Packet
Application Curr Ao Cache
i 0 Ei R Ret
/}gg'“s's Lost mmmm  Inpainted Ny
[
;. |Curr frame Codec -aware |Curr frame Fast-Forward |crrframe| packet
Analaysis Recovery-aided =
g % Dec{)yder Elpay L Cache
e e
Past K frames Past N frames
Edge/cloud server

Figure 5: System architecture of Logan.

DNN model to Logan. Subsequently, Logan processes the
video from the application with the registered DNN and
returns the analysis results.

The internal of Logan includes: i) An end device (e.g., au-
tonomous drone) that captures video from its camera and
streams it to the server, ii) An edge/cloud server that analyzes
the video and sends the analysis result (e.g., bounding boxes)
back to the device. The end device encodes the video with a
video codec and caches the packets for potential retransmis-
sion. Upon packet arrival, the server requests retransmission
of any lost packets and proceeds with the subsequent pro-
cessing steps. As the latency SLO for a frame approaches,
Fast-Forward Recovery module collects retransmitted pack-
ets and runs sequential re-decoding from the past frames
to recover propagated errors. Then, Codec-aware Inpaint-
ing module leverages the recovered frames to fill in missing
regions of the current frame. Finally, the inference engine
executes the analytics DNN on the recovered frames, and
the analysis results are transmitted back to the end device. ?

4.2 Background: Video Streaming

We briefly cover video streaming backgrounds to help un-
derstand our techniques in Section 5 and 6.

Video Codec. Figure 6 depicts the H.264 video encoding pro-
cess. An encoded video consists of successive frame groups
called the Group of Pictures (GoP). Each GoP includes an
independently decodable I frame (also called a keyframe)
and multiple P frames responsible for encoding the vari-
ance from reference frames.? Further, each encoded frame
is divided into small pixel blocks, typically 16x16, known as
macroblocks. Macroblocks are classified into two categories:
(i) inter-predicted macroblocks, which comprise motion vec-
tors and residuals, and (ii) intra-predicted macroblocks with

2Note that the loss of analysis results is not a focus of our consideration, as
addressing this is relatively straightforward. Given the small size of these
results compared to video data, employing a strategy such as adding high
redundancy and regularly sending the result multiple times should suffice
to address the losses.

3B frames, seldom used in real-time video, are omitted.
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Figure 6: Video encoding and transmission process.

intra-prediction modes and residuals. A motion vector iden-
tifies the region in the past frame resembling the macroblock,
while an intra-prediction mode identifies the region in the
current frame. The residual encodes additional information,
representing the disparity between the macroblock and the
indicated region.

Transmission. The unit of data transmission is a slice, which
comprises a sequence of macroblocks. Typically, each slice
is encapsulated in a network packet and transmitted to the
receiver. Each slice represents a non-overlapping region and
is independently decodable. In case a slice is missing due to
packet loss, the pixel values in the corresponding region be-
come unknown. Furthermore, regions in subsequent frames
that depend on it (dependency indicated by motion vectors)
are also affected.

5 Codec-aware Inpainting

5.1 Overview

Recent progress in video inpainting DNN models has achieved
notable success in generating missing pixels [21, 44, 72].
Nonetheless, their integration into live video analytics faces
two main obstacles. Firstly, existing research prioritizes the
enhancement of scene generation quality without sufficiently
addressing latency issues. Generating a single scene can take
hundreds of milliseconds [44, 46], making these models un-
suitable for apps with strict latency SLOs. Secondly, these
models are designed to mend sparse holes in uncompressed
images, leading to less effective performance when address-
ing burst losses in compressed video formats [44].

To overcome the identified challenges, we craft an accurate
and lightweight video inpainting model. Our innovation lies
in redesigning inpainting models to be video codec-aware.
Specifically, our model leverages (i) motion vectors and (ii)
residuals from encoded videos to enhance the efficiency of
SOTA inpainting models while achieving high accuracy.

First, motion vectors near the loss areas provide critical
clues for error correction. While traditional error conceal-
ment algorithms like Boundary Matching Algorithm [41, 56,
63] partially incorporate this information, recent video in-
painting models overlook such codec-specific details. This
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Figure 7: Codec-aware Inpainting model overview.

oversight leads to inefficiencies, exemplified by the high
latency in the optical flow estimation process inside the in-
painting models; for instance, RAFT [62], a state-of-the-art
optical flow estimation DNN requiring approximately 100 ms
for a 1024x436 frame. Second, residuals, or the information
unexplained by the motion vectors, are also critical for accu-
rate reconstruction, yet they are often underused by existing
inpainting models. Our model distinguishes itself by effec-
tively leveraging residuals, focusing on generating only the
missing information that the residuals do not cover, thereby
streamlining the recovery process.

5.2 Model Design with Codec Awareness

With the above insights, we introduce an inpainting model
outlined in Figure 7. Our model encompasses four stages:
(i) feature extraction for encoding semantic information, (ii)
flow estimation for estimating optical flow*, accelerated by
motion vectors as an initial guess, (iii) feature warping to
fill in the features of missing regions, and (iv) decoding to
generate a recovered frame from the warped features. We
detail the four stages below.

5.2.1 Feature extraction. Our model takes a corrupted frame
and two of its previous frames (recovered by Fast-Forward
Recovery in Section 6) as inputs. Each frame undergoes fea-
ture extraction DNN comprised of nine convolution layers
with a filter size of 3%3 and ReLU activation. For a frame of
size HXW, the model extracts the feature of size H/4xW/4
and proceeds with the feature warping at this resolution.

5.2.2 Flow estimation with motion vectors. Flow estimation
is the core component guiding the alignment of valid regions
in the past frames with the corrupted regions in the target
frame. However, accurate flow estimation DNN models are

4Optical flow differs from motion vectors in that it aims to represent the
true object motions instead of simple block similarity.
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Figure 8: Optical flow, motion vector, and residuals of
an example frame.

computationally intensive (e.g., RAFT [62] takes ~100 ms for
a 1024x436 frame), unsuited for real-time frame recovery.

Our model enhances the flow estimation process by utiliz-
ing motion vectors, which have shown a strong correlation
with optical flows, as depicted in Figure 8. Motion vectors
can be efficiently extracted from encoded videos, offering a
low-computational-cost starting point for optical flow esti-
mation. With these motion vectors as preliminary estimates,
we refine them to obtain accurate optical flows efficiently.

We initially preprocess motion vectors to facilitate the
conversion into optical flow. This involves filling the miss-
ing vectors from lost packets using co-located vectors in
previous frames and applying average filtering to minimize
noise. With these preprocessed motion vectors (at a reso-
lution H/16XW/16, where H and W are the frame height
and width) as an initial estimate, we employ a coarse-to-fine
iterative refinement strategy, a common approach in opti-
cal flow estimation DNNs [32, 53, 60]. In each refinement
iteration, a low-resolution coarse input is refined through a
series of convolution layers to produce a finer estimate at
double the resolution. We perform two iterations of refine-
ment, with each round employing a lightweight SPyNet [53]
architecture. The final optical flow estimate at a resolution
of H/4xW/4 is then used for feature warping.

5.2.3 Feature warping with residuals. The feature warping
stage utilizes the estimated flow to warp the frame features
from past frames into the corrupted regions of the current
frame. Notably, our model introduces a Difficulty-aware Sharp-
ness Control mechanism to minimize error propagation along
with leveraging residual values of future frames.
Difficulty-aware sharpness control. Mobile devices oper-
ating in diverse environments frequently encounter inputs
with varying levels of complexity. In scenarios where gener-
ating a precise output becomes challenging, we strategically
focus on minimizing the impact of error propagation. This
is achieved by incorporating information from the residuals
of future frames. Particularly, the residuals predominantly
contain 1) object edge information and 2) details of newly
appearing objects, as shown in Figure 8b. This is because it is
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Figure 9: Feature distance (LPIPS [78]) between frames
in the lossy video and the original frame for two recov-
ery strategies. Packet loss injected in frame 1.

challenging to find an exact matching macroblock in the pre-
vious frame for areas rich in edges or featuring new objects,
leading to uninformative motion vectors and rich residuals.
Thus, the difficulty-aware sharpness control mechanism is
tailored to favor sharpness error—which can be recovered
using future residuals—over position error.

Common video inpainting models generate sharp results
for human perception by incorporating adversarial loss [7,
44, 77]. However, attempting to generate sharp frames under
insufficient inputs (limited number of frames, high loss rate
and burstiness) results in severe position distortion (shift)
and drops in accuracy for both current and future frames.
Instead, we find that less sharp, but less distorted recovery
is more helpful. Figure 9 shows an example. We assume two
error recovery strategies: 1) sharp but high position error
(original frame shifted right by 10 pixels), and 2) blurred,
but less position error (original frame with a blur kernel of
size 9 applied). Feature distance is measured using widely
used LPIPS [78]. The distance quickly decreases for the latter
case, as the residual facilitates the recovery of edge details
omitted during initial recovery. Conversely, for the first case,
the distance decreases slowly (even increases occasionally)
because position error severely propagates to subsequent
frames as unpredictable artifacts (Frame 3).
Implementation of sharpness control. To regulate output
sharpness, the feature warping process (Figure 7) adjusts the
degree of feature aggregation from previous frames based
on estimated difficulty. The warping process involves com-
puting a weighted sum of features from various locations
in previous frames, which provide contextual information
for inpainting the corrupted region. Aggregating features
from multiple locations tends to result in blurry predictions,
while focusing on features from a single location leads to
sharp predictions. We make the aggregation weights (i.e.,
difficulty-aware masks) learnable by deriving them from the
estimated flow and features using convolution layers. This
enables the model to learn the difficulty level based on the
given input. For difficult inputs, the model assigns a high
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weight to a single location, whereas for less complex inputs,
the weights are distributed across locations.

5.24 Decode stage. The decoder module generates the final
recovered frame by utilizing the warped features obtained
from the previous stage. However, a significant challenge
arises when certain regions within the frame cannot be ade-
quately explained solely by reference to past frames, particu-
larly with newly emerging objects. Precise recovery of these
regions poses a fundamental challenge, as accurate predic-
tion solely based on historical frames is inherently limited.
Traditional video inpainting methods often resort to gen-
erating synthetic, plausible content using computationally
intensive image inpainting techniques [21, 72].

In contrast, Codec-aware Inpainting avoids restoring po-
tentially false plausible content and instead employs a light-
weight decoder composed of four 3x3 convolution layers.
The responsibility for recovering newly emerging objects
is deferred to future residuals. These residuals inherently
encapsulate essential information about newly appearing
objects, enabling their accurate restoration without adding
unnecessary computational overhead.

5.2.5 Training data generation. The inpainting model can be
trained on any large video dataset through a self-supervised
approach. Training data is generated directly from raw videos
without any labels by masking the frames. We use the Youtube-
VOS dataset [71] for training. To demonstrate our model’s
general applicability, we intentionally refrain from fine-tuning
it on the datasets used in our evaluations.

To ensure alignment with our specific context, we have
developed a customized approach for generating training
data that faithfully simulates network packet loss. Unlike
conventional video inpainting methods that generate sparse
random-shaped masks [21, 44, 77], we generate masks that
mimic encoded frame corruption patterns caused by packet
losses. Specifically, we divide the frame into macroblocks of
16%16 pixels and group the consecutive macroblocks into
slices. The size of each slice is randomly determined, ranging
from 10 to 600 macroblocks, which is a wide range to simulate
burst losses. Then, we simulate packet loss on these slices
with varying rates, ranging from 0 to 30%.

6 Fast-Forward Recovery

6.1 Overview

The minor errors left after inpainting are insignificant in-
dividually, but they propagate to subsequent frames. With
successive occurrences of packet losses, these errors accu-
mulate, leading to analysis failure. Figure 10 illustrates this
error accumulation when the bottom half of a frame is lost
every ten frames; we evaluated the impact on segmentation
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Figure 10: segmentation accuracy (mlIoU) drop when
packets are lost every 10 frames (dotted vertical lines
indicate packet loss occurrence). Averaged over videos
in the DAVIS dataset. FF: Fast-Forward Recovery.

accuracy by measuring the mean Intersection over Union
(mIoU) on the videos of DAVIS dataset [52].

We propose Fast-Forward Recovery to restrict the dura-
tion of error propagation, thereby limiting the total error
to a manageable amount, as shown in the blue line of the
figure. The key idea is to utilize the late-arriving retransmit-
ted packets of past frames. As the errors from these missing
packets have been propagating up to the current frame, the
arrival of these packets can help improve the quality of the
current frame. In particular, the quality of the current frame
improves in two key ways: 1) by enhancing regions directly
dependent on previously lost regions in past frames, and
2) by improving the quality of recent frames used as input
for inpainting of the current frame, thereby enhancing the
inpainting quality.

Our mechanism differs from conventional video stream-
ing in that it breaks the assumption that any additional late-
arriving packets of the frame are discarded once decoded.
Existing systems either await complete frame retransmis-
sion (high latency) or proceed with erroneous frames (low
accuracy due to error propagation).

6.2 Fast-Forward Mechanism

Now, we detail how to effectively incorporate this new in-
formation from past frames to enhance the current frame.
Retransmission protocol. We use a retransmission logic
similar to WebRTC, a widely used video streaming protocol.
When the receiver detects a discontinuity in packet sequence
numbers, it sends a NACK request to the sender. The sender
initiates the retransmission upon receiving this request if
the packet has not been recently retransmitted. °
Fast-forward onset strategy. Upon the arrival of a new
frame for inference, we intentionally delay the initiation of

SIf retransmissions are likely to disrupt initial transmissions, we can allocate
bandwidth separately for initial transmissions and retransmissions, similar
to strategies employed by video streaming protocols such as SRT [59]. We
did not adopt this approach because the typical loss rate is less than 10%,
making the bandwidth overhead of retransmission relatively insignificant.
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Recovery propagation

Frame1 Frame?2 Frame 3 Frame 4 /™ \ Error propagation

 — |

= 33ms \:I = |:| I Region with error
Sender Ry p&\" v time
”a,,,’ans “a
"
Receiver o | | time

ha

Decode 1 Decode 2 Decode 3 Decode 1~4
Inpafnt 1 l l Inpalnt 4

[ Analysis |

Figure 11: Fast-Forward Recovery mechanism example.

Fast-Forward Recovery to maximize the inclusion of late-
arriving packets. By monitoring the average latency encom-
passing decoding, inpainting, and inference, we calculate the
available slack time within the latency SLO, guiding the op-
timal timing for Fast-Forward Recovery. When initiating the
process is expected to exceed the latency SLO, Logan opts
for the standard decoding process without fast-forwarding.
Fast-forward procedure. Once initiated, our mechanism
takes all currently available packets (including late-arrived
packets not used for previous decoding) as inputs and gen-
erates re-decoded (past and current) frames as output. Such
re-decoding can be performed in real-time given the minimal
decoding latency with modern hardware (1 ms for HD frame
on AMD EPYC 7313 CPU).

First, we prepare inputs for re-decoding. In particular, it
identifies all retransmitted packets that arrived after the pre-
vious fast-forward operation. If such packets exist, it identi-
fies the set of effective frames affected by the retransmitted
packets, i.e., all frames between the oldest frame associated
with the retransmitted packets and the current frame. Then,
it loads the cached packets that arrived earlier for the effec-
tive frames. The combination of newly arrived packets and
the cached packets is given as input to the decoder.

Next, the decoder sequentially re-decodes all the effective
frames, starting from the oldest frame, denoted as frame j.
Due to the stateful nature of the decoder, we need to revert
its state back to the moment right before frame j was initially
decoded. The necessary state for decoding frame j includes
all frames upon which frame j could depend, extending back
to the most recent keyframe. Therefore, we maintain a cache
of all frames within the current GoP and use them to re-
vert the decoder’s state. After state restoration, the decoder
proceeds with the original decoding process from frame j
up to the current frame. This process rectifies the frame er-
rors with the lost packet and propagates this recovery to
subsequent frames.

Figure 11 illustrates our Fast-Forward Recovery mecha-
nism with a 30 FPS streaming scenario under 100 ms RTT.
Two packets in frame 1 are lost, responsible for the upper and
lower regions (denoted as red "Lost" regions). Logan requests
retransmissions for these lost packets, proactively employs
error concealment on frame 1, and proceeds with the DNN
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inference. The remaining unconcealed errors after error con-
cealment propagate to the subsequent frames (frames 2 and
3). When the retransmitted packets for frame 1 arrive be-
fore the decoding time of frame 4, Logan re-decodes frame
1 using the newly arrived packets and re-decodes frames 2,
3, and 4 to propagate the recovery. As a result, the upper
region of frame 4 becomes completely error-free. Notably,
even the lower region of frame 4, which is lost, benefits dur-
ing error concealment, as the inputs (frames 3, 2, etc.) now
become error-free due to recovery. This approach ensures
that information loss does not accumulate indefinitely (only
across 3 frames in this example), contributing to the overall
reliability of the video contents under analysis.

Cache reset. Upon the arrival of a new keyframe, the cached
frames and packets from the previous GoP are discarded, as
the frames in the new GoP are independent of those in the
preceding GoP. The Fast-Forward Recovery is not applied to
the frames of the previous GoP even if new packets arrive.
Furthermore, packets arriving too late to enhance the current
frame quality are discarded, with the cut-off empirically set
at 30 frames prior to the current frame. The memory over-
head incurred by caching the frames and packets is minimal;
typically <50MB for a 30 FPS 1280%720 video.

6.3 Co-Design with Inpainting Model

While fast-forwarding, we may encounter a missing region
whose retransmitted packets have not arrived yet. In such
cases, we take the optical flows from our inpainting model
and compute the residuals based on these motion vectors.
We then utilize such obtained motion vectors and residuals
for the re-decoding of the region. Figure 12 exemplifies the
recovery propagation process where packets of frames 1 and
3 are lost. Fast-Forward Recovery mechanism is activated at
frame 4 decoding, triggered by the arrival of the retransmit-
ted packet from frame 1. During the re-decoding of frame 3,
the algorithm leverages the recovered frame 2, along with
the motion vectors in the error-concealed regions of frame
3, to propagate the recovery through frame 3.

7 Evaluation
7.1 Setup

Implementation. We implement Logan in C++. We use
LibTorch 1.13.1 and Torchvision 0.14.1 for inpainting and
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DNN inference. We use FFmpeg for video encoding/decoding
and OpenCV for image processing. We use H.264 codec with
zerolatency option to enable real-time streaming. We use the
Ringmaster [57] protocol for video streaming but modify it
to use NACK instead of ACK to optimize bandwidth usage
under ACK losses. We do not use bitrate adaptation by default
to isolate the effect of retransmission, except in Section 7.3
where we adapt bitrate according to cellular bandwidth trace.
The cloud server is implemented on an A+ Server 4124GS-
TNR with AMD EPYC 7313 and NVIDIA RTX 3090 GPUs. We
use the loopback network interface with the Linux tc tool to
emulate packet loss, propagation delay, and bandwidth.
Tasks, Models, Datasets. We use two tasks: object detec-
tion and semantic segmentation. We selected these two tasks
because they present considerable challenges in terms of loss
tolerance, given their requirement for fine-grained output.
Our system can readily adapt to higher-level tasks like video
captioning, question answering, etc, since these tasks gen-
erally allow greater tolerance of information loss in each
frame. For detection, we use YOLO-v5 [38] with different
capacities (n/s/m/l, default: m). For segmentation, we use
FPN [40] with ResNet101 backbone.

We use four datasets: (1) UAVDT dataset [17] comprised of
50 1080x544 videos UAV videos featuring UAV footage from
various urban locations (detection) (2) KITTI dataset [23]
comprised of 21 1248x384 videos of street scenes with ve-
hicles and pedestrians (detection) (3) DAVIS dataset [52]
consisting of 90 854x480 videos of various human and an-
imal activities (segmentation) (4) Drone Racing dataset [3]
consisting of 18 640x480 videos of first-person view indoor
drone racing (detection). All videos are encoded at 30 FPS.
Packet Loss Model. Due to the lack of publicly available
packet loss traces for modern wireless networks, we evaluate
our system with i) a loss simulation model, ii) emulation with
real-world bandwidth traces, and iii) real-world packet loss
traces we collected. For the loss simulation model, we use a
widely-used Gilbert-Elliot (GE) model [19]. GE is a Markov
model with "good" and "bad" states, each with different tran-
sition and loss probabilities. We set the loss probability in
good and bad states as 0 and 1. We randomly sample the
bad- to good-state transitioning probability (the inverse of
burstiness) within a range from 0.9 to 0.1. We set the good-
to bad-state transition probability to match the desired loss
rate, which we vary from 0% to 19% (default: 5%). The value
ranges are set to match measurement results from prior video
streaming works [57]. Details on the real-world bandwidth
and loss traces are provided in Section 7.3.

Network Bandwidth and Video Bitrate. We configured
the network bandwidth to video_bitratex(1+loss_rate) that
accounts for video and its retransmission proportional to the
loss rate. This emulates a scenario where bitrate adaptation
is performed to match the available bandwidth. When using
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Figure 13: Performance under various loss rates.

FEC, we proportionally increased the bandwidth to account
for the parity bit ratio. The default encoding bitrate is set at
4 Mbps for the UAVDT and KITTI datasets and 2 Mbps for
the DAVIS and Drone Racing datasets.
RTT. Network RTT is set to 100 ms by default, following
previous works on video streaming [57? ] but we also report
performance under various RTTs.
Metrics. We use two main metrics: i) average accuracy drop
compared to lossless inference and ii) ratio of frames that
satisfy latency SLO. We use mAP (mean Average Precision)
for detection accuracy and mloU (mean Intersection over
Union) for segmentation accuracy. For frames that violate
the latency SLO, we calculate the accuracy using the most
recently available inference results. The time taken to trans-
mit analytics results back is omitted from both the system
latency and latency SLO calculations, as it remains constant
across all comparison scenarios. The default latency SLO is
set to 150 ms.

Comparison schemes. We use the following baselines.

e All retransmission (All) transmits all the frames reliably.
Conventional video analytics systems [8, 18, 43, 45, 76]
that use TCP and other protocols (e.g., DASH, HLS) built
on top of TCP fall in this category.

e Selective retransmission (Selective) selectively retrans-
mits only the important frames and uses BMA to conceal
remaining error, similar to prior works [36, 51]. The im-
portance of a frame is determined based on its dependency
level; frames that serve as a reference for many subse-
quent frames are considered crucial. The importance of
keyframes with loss is always set as 100% following [51].
We selectively retransmit the top 30% of the lost frames.

e No retransmission with BMA (BMA) does not request
any retransmission and uses BMA for error concealment.
We use the FFmpeg implementation of BMA.

e No retransmission with Codec-aware Inpainting (Lo-
gan (CI)) does not request any retransmission and uses
our Codec-aware Inpainting model to conceal the error.

o Logan (CI+FF) uses the our Codec-aware Inpainting model
and the Fast-Forward Recovery mechanism.
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7.2 End-to-end Performance

7.2.1 Various Loss Rates. Figure 13 shows the performance

under various packet loss rates for UAVDT and KITTI datasets.
Logan (blue lines) consistently outperforms the baselines. All

fails to meet the latency SLO due to excessive retransmission.
Selective improves this, but retransmission for important

frames still violates the latency SLO. An accuracy drop also

exists. BMA shows the lowest latency but has low inference

accuracy due to inaccurate error recovery. Inpaint improves

the average inference accuracy compared to BMA (20% at 5%

loss rate). Logan further improves performance by limiting

error propagation with Fast-Forward Recovery. It maintains

the latency within the SLO (99.97% at 5% loss rate, with

occasional misses attributed to DNN latency spikes from

hardware issues) while keeping the accuracy drop minimal

(0.9% at 5% loss rate) compared to All.

7.2.2 Integration with FEC. We show the system perfor-
mance when FEC is integrated in Figure 14. We use Reed-
Solomon code [54], widely used in commercial video stream-
ing products [57]. In case of error correction failure, it re-
quests retransmission. We use 0%~80% parity bit ratios. The
result shows that even Logan with 0% redundancy achieves
similar performance to the baseline with 80% redundancy,
demonstrating improved tradeoff and the potential of signif-
icant bandwidth saving.

7.2.3 Various Bitrates. Figure 15 shows the system perfor-
mance under various video bitrates. We vary the bitrate
from 2 to 10 Mbps, by 2 Mbps steps. All exhibits poor perfor-
mance at high bitrates since the number of packets per frame
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increases. This elevates the likelihood of each frame experi-
encing at least one packet loss, resulting in more number of
frames undergoing retransmission and violating the latency
SLO. Logan maintains superior performance relative to the
baselines, suggesting its effective integration with bitrate
adaptation mechanisms.

7.2.4  Various Latency SLOs. Figure 16 depicts the perfor-
mance under various latency SLOs for UAVDT dataset, rang-
ing from 100 ms to 350 ms, incremented by 50 ms. Logan
outperforms baselines except when the SLO is set to 100 ms,
which leaves insufficient time for the Codec-aware Inpaint-
ing (taking ~15 ms). When latency SLO is sufficiently high,
Logan and All equally achieve the best performance since
there is enough time to wait for all retransmitted packets.

7.2.5  Various RTTs. Figure 17 shows the performance under
various RTT conditions for KITTI dataset. We vary the RTT
from 50 ms to 500 ms by 50 ms and set the latency SLO as
one-way delay plus 100 ms. Logan consistently outperforms
baselines. The effect of the Fast-Forward Recovery slowly
decreases as RTT increases due to the increasing staleness
of the retransmitted packets leading to less error recovery.

7.2.6  Various Burstiness. Figure 18 shows the performance
under various loss burstiness levels for KITTI dataset, where
the burstiness value indicates how many consecutive packets
are lost on average (loss rate fixed to 5%). All and Selective
perform better in bursty loss scenarios since the loss occurs
less frequently, triggering retransmission (i.e., violating SLO)
for only a few frames. Similarly, the BMA and Inpainting
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Figure 21: Performance of various tasks.

perform slightly better under high burstiness since only a
few frames are affected by the packet loss (although the
error is severe for the few affected frames). Regardless of the
level of burstiness, Logan consistently achieves the highest
performance, demonstrating its robustness across different
packet loss conditions.

7.2.7  Various Model Capacities. Figure 19 demonstrates the
performance under various model capacities for KITTI dataset.
We use YOLOvV5 n, s, m, . The accuracy of the systems slightly
increases as the model capacity increases. Logan consistently
outperforms the baselines for all model capacities.

7.2.8 Higher loss rates. Figure 20 presents a stress test of
the system with the UAVDT dataset at loss rates up to 19%.
As the loss rate increases, the performance gap with the
baselines widens, with Logan showing 99% SLO satisfaction
and an 11% accuracy drop at a 19% loss rate.

7.2.9  Other datasets. Figure 21 presents the performance
metrics for additional datasets, revealing a pattern consistent
with that observed in the UAVDT and KITTI datasets, albeit
with some differences. For the DAVIS dataset, All exhibits
moderate performance due to the small motion within the
dataset, which allows the recent inference results to per-
form effectively. Also, Selective performs worse than All
since the segmentation task is more sensitive to small errors.
For the Drone Racing dataset, the task is relatively straight-
forward—detecting the nearby large gates through which
the drone navigates. Consequently, BMA also demonstrates
robust performance, as the analytics model is sufficiently
resilient to accommodate significant errors in the frame for
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such a simplified task. Note that our target scenarios, such
as autonomous UAV delivery and AR criminal chasing, are
likely to present a much higher level of complexity due to
smaller and more diverse objects.

7.3 Performance with Real-world Traces

Bandwidth traces. We evaluate our system with real-world
LTE bandwidth traces [47] collected on buses within the New
York Metropolitan area, where bandwidth fluctuates from
10 Kbps to 12 Mbps (average: 7 Mbps). We use Mahimahi [49]
bandwidth emulator with CoDel [50] queueing discipline.
We use packet interval-based bandwidth estimation on the
receiver side similar to SRT [59] video streaming protocol
and send it to the sender for bitrate adaptation, resulting in
an average packet loss rate of 6.4% with highly bursty pat-
tern. Figure 22 shows that Logan outperforms the baselines.
Employing a bitrate adaptation strategy that more aggres-
sively increases the bitrate could lead to higher packet loss
rates, further widening the performance gap.

Packet traces. We also collected packet loss traces in an
urban indoor setting using a SAMSUNG Galaxy S23 Ultra on
a 5G network. These traces contain latency and loss informa-
tion for each packet. We transmitted a 720p, 30 FPS video to
a server using SRT [59] with bitrate adaptation. The average
packet loss rate was 6.1%, showing a sparser pattern than
bandwidth emulation experiment. Thus, BMA performs rel-
atively better than other baselines, while ours performs best
as shown in Figure 23.
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7.4 Performance of codec-aware inpainting

Comparison to conventional video inpainting model.
We compare our inpainting model with a state-of-the-art
flow-based E2FGVI [44] on NVIDIA Titan RTX (both half-
precision). Our model shows a substantial latency reduc-
tion, processing a 1248x384-sized frame in 25 ms (15 ms
on RTX 3090) compared to E2FGVI’s 178 ms, thanks to our
lightweight flow estimation and efficient decoder without
complex content hallucination.

Figure 24 compares the L2 difference between the con-

cealed and original frames. Codec-aware Inpainting achieves
a lower difference due to its blurry output for difficult re-
gions. This is particularly effective for fast-moving objects
in the KITTI dataset, also achieving better object detection
accuracy (E2FGVI 0.490 vs Ours 0.502).
Difficulty-aware sharpness control. We further analyze
Codec-aware Inpainting’s adaptability to input difficulty.
Since the inpainting accuracy typically drops with large mo-
tions [44], we synthesize new datasets using KITTI dataset
with varying motion magnitudes. The results are presented
in Figure 25. With motions of higher magnitude, the model
generates less sharp output, where the sharpness score is
0.09 for the motion of 70 pixels and 0.12 for the motion of
10 pixels. The trend suggests that the model appropriately
renders more challenging regions in a blurrier manner.

8 Discussion and Future Works

Improving the DNN error resilience. While we focused
on utilizing the error resilience already present in the DNNs,
some works try to improve the error resilience of the DNNs
through improved model architecture [14, 16] or training
methodologies [55, 79]. Logan can leverage these robust
DNN s to further improve the accuracy, though integrating
such strategies requires additional training. Theoretical ex-
ploration of DNN resilience for explicit error management
is also valuable but a long-term endeavor. We focused on
demonstrating the potential of DNN’s resilience and develop-
ing mechanisms that will remain relevant in the future, with
theoretical advances enabling more sophisticated policies.
Supporting other codecs. While we focus on H.264, the
mechanism is similar for other codecs. For instance, H.265
supports slice-based encoding similar to H.264, but it oper-
ates with a processing unit called a Coding Tree Unit (CTU),
sized at 64x64. H.265 also offers an alternative mode, tile-
based encoding, which differs from slice-based encoding in
that the tiles typically have a more rectangular shape. Given
variations in the shape of the transmission units across differ-
ent codecs, Codec-aware Inpainting model can be improved
by training with data generated using strategies tailored to
each specific codec.
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For codecs that lack error resilience features like slice
coding (e.g., VP9), a single packet loss can make the entire
frame and all subsequent frames undecodable. While Codec-
aware Inpainting could still be applied, the tolerance of Logan
would be lower as it cannot utilize packets that arrive after
the lost one. Implementing error resilience features in the
codec that allows leveraging partial frame information would
improve the effectiveness of our system in such cases.
Integration with MCS control / Congestion control. The
Modulation and Coding Scheme (MCS) determines the data
rates of a wireless link. A more aggressive MCS increases
data rates at the cost of a higher packet loss rate. Given
the inherent robustness of Logan to packet losses, there is
a potential for jointly optimizing Logan with MCS control
logic to favor more aggressive settings, enhancing data rates
without the usual risks. This could also apply to congestion
control, potentially improving overall network throughput.
On-device processing. While increasingly powerful on-
device computing offers reduced dependency on network
connectivity and low latency for lightweight analysis mod-
els, server offloading provides significant benefits, including
greater compute and memory capacity for running large
models on high-resolution videos and ease of management
(e.g., codebase and model management, failure recovery).
Combined with the cost-effectiveness of installing a cen-
tralized powerful server compared to equipping each device
with GPUs, offloading creates opportunities to deploy smaller
devices on a larger scale, such as in drone delivery scenar-
ios. Our paper explores the offloading approach, targeting
contexts where its advantages can be fully leveraged.

9 Related Works

Video Error Concealment and Video Inpainting. Most
of existing methods utilize the spatio-temporal redundancy
of the motion vectors to estimate the motion vectors in the
lost region. The methods range from using the average of
surrounding macroblocks’ motion vectors [65] to Boundary
Matching Algorithms [10, 22, 39, 56, 63] that estimate the
motion vector that results in the smoothest pixel boundary.
Video inpainting tasks in the computer vision community
differ from video error concealment in that they do not as-
sume any knowledge about the video codec and fill in the
hole by looking only at the images. To preserve temporal
consistency along the time dimension, the video inpainting
DNN:ss typically incorporate 3D convolution [7, 31, 66], tem-
poral transformer [4, 46, 74, 77], and optical flow [21, 44, 72].
However, they suffer from high computational complex-
ity and show limited performance for encoded videos with
packet losses due to the lack of codec awareness.
Loss-tolerant DNN inference. Some works exploit the
DNN robustness to reduce the network overhead by allowing
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losses. However, most [33, 58, 68] assume a split inference set-
ting where the intermediate feature map, instead of the video,
is transmitted. The large size and low coding efficiency of fea-
ture maps incur significant transmission overhead while they
become relatively loss-resilient. Another study [67] trans-
mits the packetized video frames for coarse-grained activity
recognition task but assumes the packet loss does not affect
the subsequent frames, which actually behaves like an image
encoding. We are the first to leverage the loss tolerance of
DNNs in live video analytics with frame-wise fine-grained
outputs, where a single packet loss affects multiple frames.
Loss-resilient Codecs. Several recent studies [11, 12] ex-
plored the use of neural autoencoders which can reduce the
impact of packet loss on frame quality. However, the encod-
ing and decoding overhead becomes significant, especially
for mobile devices with limited computational resources and
battery. Salsify [20] implemented a functional codec to en-
able the sender to re-synchronize to the receiver’s state when
packet loss occurs. Logan uses a similar state injection mech-
anism during Fast-Forward Recovery, re-decoding the frames
with the late-arriving packets. However, Logan emphasizes
the analysis of corrupted frames before they are fully recov-
ered through retransmission or state synchronization.

10 Conclusion

In this paper, we have proposed Logan, a pioneering live
video analytics system designed to thrive in the challeng-
ing landscape of cloud-based applications with stringent
latency constraints where packet losses and late arrivals are
prevalent. Our novel loss acceptance & recovery leverages
the inherent error resilience of DNNs, a new axis that en-
ables a stable end-to-end latency under fluctuating network.
With Codec-aware Inpainting that accurately recovers the
errors of packet losses and Fast-Forward Recovery that ef-
fectively limits the error propagation, Logan achieves 99.9%
latency SLO satisfaction with <1% accuracy drop under 5%
loss rate. We believe that shifting conventional packet loss
management from solely relying on uncontrollable network
resources to leveraging controllable computational resources
will enable many emerging video analytics applications.
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