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ABSTRACT
Packet loss during video conferencing often results in poor quality and video freezing. Retransmitting lost packets
is often impractical due to the need for real-time playback, and using Forward Error Correction (FEC) for packet
recovery is challenging due to the unpredictable and bursty nature of Internet losses. Excessive redundancy leads to
inefficiency and wasted bandwidth, while insufficient redundancy results in undecodable frames, causing video

freezes and quality degradation in subsequent frames.

We introduce Reparo — a loss-resilient video conferencing framework based on generative deep learning models
to address these issues. Our approach generates missing information when a frame or part of a frame is lost. This
generation is conditioned on the data received thus far, considering the model’s understanding of how people and
objects appear and interact within the visual realm. Experimental results, using publicly available video conferencing
datasets, show that Reparo outperforms state-of-the-art FEC-based video conferencing solutions in terms of both
video quality (measured through PSNR, SSIM, and LPIPS) and the occurrence of video freezes.

1 INTRODUCTION

Video conferencing applications are a crucial part of modern
life. Despite all the advancements, video conferencing appli-
cations still suffer from packet loss, resulting in diminished
quality and video freezing (Boyce, 1999; Zheng & Boyce,
2001; Rudow et al., 2023; Karimi et al., 2026). This problem
is exacerbated by the strong dependence between encoded
frames in traditional video codecs (Bankoski et al., 2011;
Mukherjee et al., 2015; Schwarz et al., 2007; Sullivan et al.,
2012; avl; Karimi, 2023; Karimi et al., 2024). For instance,
in traditional codecs, P-frames (Predicted picture) depend on
previous I-frames (Intra-coded picture); hence, the loss of an
I-frame affects many subsequent frames, causing a jarring ex-
perience when video freezes and subsequently exhibits poor
quality until the codec can recover from these dependencies.

Existing systems employ two main techniques to combat this
problem: retransmission and forward error correction (FEC).
Since real-time applications such as video conferencing
must recover lost packets within a limited latency to meet
the real-time playback requirement, retransmission is only
suitable for scenarios with short round trip times. In all
other cases, such applications rely on FEC to recover lost
packets within acceptable latency. FEC schemes send
redundant packets, known as “parity” packets, to recover the
lost data using traditional block codes (Reed & Solomon,
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1960; MacKay, 2005) or latency-optimized streaming codes
(Rudow et al., 2023). However, all FEC approaches face
the challenge of choosing how much redundancy to add,
since Internet losses are bursty and unpredictable. Too much
redundancy leads to inefficiency and wasted bandwidth, and
too little redundancy leads to undecodable frames, causing
video freezes and quality degradation in subsequent frames.

This paper presents a novel approach to loss recovery in
video conferencing, without using redundant packets or
retransmission requests. Instead, when a loss occurs, the
receiver leverages the power of ”generative” models to recon-
struct the missing information. This approach builds upon
recent advancements in generative deep learning models (Li
et al., 2022; 2023a; Liu et al., 2023; Rombach et al., 2022;
He et al., 2022), which are capable of reconstructing images
(i.e., frames) even when a significant portion of the data is
missing (He et al., 2022; Li et al., 2022). Unlike traditional
video codecs, which solely rely on received data for frame re-
construction, generative models operate similarly to humans.
They utilize a wealth of knowledge about how people and
objects appear, move, and interact to generate the missing
information. For instance, when presented with one eye of
a person, they can generate the missing eye, or with a partial
view of an arm, they can reconstruct the entire torso. The key
insight here is that such a generative model is ideally suited
for a loss-resilient video codec. However, instead of being
guided by textual prompts as seen in typical image generators
like DALL-E 2, it can be directed by the received pixels in
the current frame, as well as information from past frames,
to generate the missing content. This guidance ensures that
the generated pixels remain compatible with the correctly
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received data in the current frame and previous frames,
eliminating the potential for hallucinating incompatible
content, while generating the data in the lost packets.

We introduce Reparo, a loss-resilient generative codec for
video conferencing. The design of Reparo involves two
steps. In the initial step, it learns to represent the specific
video domain of interest, namely video conferencing, using a
small codebook of visual tokens, where each token refers to a
patch in a frame. Reparo then operates on these tokens. The
transmitter uses a neural network to encode each frame into
its respective set of tokens, packetizes them, and transmits
the data. Some of these packets may get lost in the network.
The Reparo receiver has a neural network that can regenerate
the missing tokens from those it receives and its knowledge
of how tokens relate to each other in the visual world. Finally,
the reconstructed tokens are decoded to produce the original
frame. Fig. 1 shows the components of Reparo.

In addition to its resilience against packet loss, Reparo offers
three notable advantages:

1. Efficient Compression: Reparo efficiently compresses
data by capturing prevalent visual features and
dependencies among objects and shapes within its
codebook. This codebook is pre-learned and known
to both the transmitter and receiver, allowing Reparo to
transmit only token indices instead of the actual tokens
and their underlying dependencies.

2. Target Bitrate Compliance: Traditional video codecs
exhibit variable bitrates partially due to the significant
size discrepancy between I-frames and other frames.
This inconsistency makes it challenging for these
codecs to meet a precise target bitrate, leading to fluctu-
ations during transmission, transient congestion, and an
elevated risk of packet loss or delay. Reparo, in contrast,
maintains a constant bitrate as all frames are treated
equally, making it easy to adapt to any desired bitrate.

3. One-Way Communication: Video conferencing
frameworks, including those that rely on FEC (Rudow
et al., 2023; web), typically rely on the receiver to send
an ACK for every decodable frame. The sender waits for
the ACK to retransmit, which could cause even longer
freezes when the round-trip time is long. In contrast, in
Reparo, the receiver does not need to communicate with
the transmitter about undecodable frames; it will always
use the received tokens to reconstruct the lost ones.

‘We have conducted an extensive evaluation of Reparo, com-
paring it with FEC schemes integrated with WebRTC (web)
(ULPFEC and flexFEC), and Tambur (Rudow et al., 2023),
a state-of-the-art streaming-code-based FEC approach. The
evaluation uses a large corpus of publicly available video
clips spanning 5 hours from 84 individuals, which is signifi-
cantly larger and more diverse than the validation set in prior
works on video conferencing (Sivaraman et al., 2022; Rudow

etal., 2023; Cheng et al., 2023). The results are as follows:

1. Reparo consistently improves the visual quality of dis-
played videos across all loss levels. It achieves 33.4 dB,
32.9dB, and 31.6 dB for the 10% worst PSNR (Peak Sig-
nal to Noise Ratio) values under low, medium, and high
loss levels, respectively, outperforming state-of-the-art
integration of VP9 (a classical video codec)+Tambur
by 11.5 dB, 16.4 dB, and 14.7 dB. Notably, this loss
resilience does not come at the expense of efficient
coding; Reparo achieves similar or better PSNR
compared to baselines in the absence of packet loss.

2. Reparo nearly eliminates video freezes and significantly
reduces the number of unrendered frames compared
to the baselines. Under low, medium, and high loss
rates, Reparo fails to render only 0.2%, 0.8%, and 2.0%
of frames, while VP9+Tambur fails to render 8.0%,
13.1%, and 29.2% of frames, respectively.

3. Inrate-limited environments, Reparo optimally utilizes
the full link capacity by consistently transmitting at a
fixed desired bitrate. In contrast, VP9+Tambur must
maintain a lower average bitrate to prevent packet loss
due to the VP9 encoder’s bitrate variability. This results
in a higher PSNR for Reparo compared to VP9+Tambur
(35dB vs. 33.4dB).

Our Reparo codec implementation runs in realtime on a
V100 GPU, at the transmitter and the receiver, which is in
the same performance class as an Apple M2 Max GPU in
MacBook Pro laptops (both deliver similar TFLOPS at FP32
precision (NVIDIA Corporation, 2020; Apple Inc., 2023)).
Computational requirements are expected to improve over
time with the integration of more powerful GPUs into
consumer devices.

In summary, video communication has involved a trade-off
between efficiency and resilience traditionally. To maximize
efficiency, codecs encode frames together (as a delta from
a reference frame), whereas to maximize resilience, each
frame should be encoded separately. Reparo stands out as
the first codec to encode each frame independently, with no
reliance on other frames, while maintaining efficiency akin
to state-of-the-art video conferencing codecs that encode
frames together. We believe that Reparo underscores the
potential of interdisciplinary design, marrying advances in
computer vision with core principles in coding theory and
communication systems.

2 RELATED WORK

Video Codecs. Video applications typically use classical
codecs such as VP8, VP9, H.264, H.265, and AV1 (Bankoski
etal., 2011; Mukherjee et al., 2015; Schwarz et al., 2007; Sul-
livan et al., 2012; av1). These codecs compress video frames
using block-based motion prediction, separating them into
keyframes (I-frames) that are compressed independently and
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predicted frames (P-/B-frames) that are compressed based oaceived frames to reconstruct the missing information.
differences between adjacent frames. While classical code&econd, the DVC code underlying GRACE is based on
are widely supported and ef cient in slow modes, in real-Delta coding which creates temporal dependencies between
time video conferencing modes, they are unable to accuratelgncoded frames. Therefore, errors in one decoded frame due
match a desired target bitrate, leading to packetloss and frante packet loss propagate to subsequent frames even if they
corruption when exceeding available capacity (Karimi et al.jncur no loss. On the other hand, Reparo encodes each frame
2024). Recent generative codecs leverage GANs (Mentzaéndependently, and thus does not have error propagation.
etal., 2022), multimodal or diffusion-based conditional gen-

. : ) . Generative Neural Networks. In recent years, there has
eration (Yietal., 2025; Wan et al., 2024), and context—dlvers%een signi cant progress in the development of generative

eer¥nodels, which can create text, audio, images, and videos
Yr'ldistinguishable from those created by humans (Devlin
To overcome some of these limitations, several neural codecst al., 2018; Liu et al., 2023; Rombach et al., 2022; Li
have been proposed in recent years (Dasari et al., 2022; Yest al., 2022). These models use knowledge of the target
etal., 2018; Khani etal., 2021; Wang et al., 2021a; Lu et al.djomain to generate content under certain conditions. For
2019). These codecs use a low-quality video that is theexample, a text generative model can generate a paragraph
enhanced using a Deep Neural Network (DNN). Reparaonditioning on text prompts (Devlin et al., 2018), and an
differs from such prior neural codecs in two ways. First, thesdmage generative model can produce an image using only
neural codecs still rely on temporal dependencies, whereia partial view (Li et al., 2022).
an undecodable frame can cause one or more subsequernt

.10 enhance the use of domain knowledge, many recent
frames to freeze. In contrast, Reparo has no dependencies

between encoded frames and hence the impact of a IOSSwsual generative models have adopted a two-stage design

Van den Oord et al., 2017; Razavi et al., 2019; Chang et al.,
one frame does not propagate to other frames. Second, no
of the neural approaches use generative neural models tha

22;Yuetal., 2021; Lee et al., 2022). First, they learn to
synthesize images from a few small pre-computed tokens.

target rate—distortion improvement rather than loss recov

represent the target domain using a visual token codebook.
Each visual token corresponds to a patch in the image and
Loss-Resilient Video Codecs. Beyond coding schemesthe codebook serves as a high-level abstraction of the visual
system-level approaches improve resilience by designingiorld. Generation is then performed in this token space,
keypoint-based ultra-low-bitrate conferencing (Zhang et al.similar to text generative models. These models have shown
2025) or transport protocols that exploit neural codecsimpressive performance in image generative tasks, such as
tolerance to loss (Xia et al., 2025). Forward Error Correctiontext-to-image synthesis (Rombach et al., 2022; Chang et al.,
(FEC) is a technique used in communication systems t@023) and image editing (Li et al., 2022).

recover lost data packets without retransmission. Instead %

e . . Given these capabilities, generative models are well-suited
retransmission, redundant information sent by the sender S . . . .
.for loss-resilient video conferencing. Our work is the rst

used by the receiver to reconstruct the original data. This |§ . . .
X . . X . 0 apply such advances to synthesize video conferencing
particularly important in real-time communication systems

’ . o f{ames when packet losses occur. By conditioning on (i.e.,
such as video conferencing, where retransmission of los . . .
%omptmg with) the received data, our method can generate

packets can cause unacceptable delays. Traditional FE . . ;e S
. video frames identical to the original frames, achieving

codes such as parity codes (Begen, 2010), Reed-Solom o resilient video conferencin

(RS) codes (Reed & Solomon, 1960), and fountain codes 9:

(MacKay, 2005) are all block codes that are optimal forEarlier work also explored using generative decoders directly

random losses, where packets are lost independentlfar compression (Santurkar etal., 2017), foreshadowing our

Recently, researchers have proposed using streaming codese of generative models for loss recovery.

for FEC (e.g., Tambur (Rudow et al., 2023)), achieving

better loss recovery than block codes for bursty losses, wher REPARO DESIGN

several packets over one or more consecutive frames are logt]  Overview

GRACE (Cheng et al., 2023) proposed a neural video codeReparo is a generative loss-resilient video codec speci cally
that can tolerate packet loss. However, there are two keyesigned for video conferencing. As shown in Fig. 1,
differences with our approach. First, GRACE does notreparo consists of ve parts: (1) an encoder that encodes
include an explicit loss recovery network. Itimproves theihe RGB video frame into a set of tokens, (2) a packetizer
loss-resilience of an existing neural decoder (DVC (Luthat organizes the tokens into a sequence of packets, (3) a
etal., 2019)) by randomly masking information (i.e., usingpjtrate controller that adaptively drops some fraction of
dropout) during its training. Unlike our loss recovery the packetized tokens to achieve a target bitrate, (4) a loss
network, GRACE's decoder cannot leverage multiplerecovery module that recovers the missing tokens in a frame
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Figure 2: Token-based neural codec. The encoder converts
patches from video frames into features and uses a codebook to
guantize the featuresinto tokens by nding the nearest neighbor

of each feature in the codebook. The decoder then uses the
tokens to reconstruct the video frame.

original frames. Further, since each frame is compressed
independently of other frames based only on its own token

Figure 1: Overview of Reparo. It comprises an encoder-decoder indices, losses in one frame do not affect other frames.

pair responsible for converting RGB frames into quantized We use a tokenizer called VQGAN (Esser et al., 2021)
tokens and vice versa, as well as new modules for packetization, . . o '
bitrate control, and loss recovery that operate in the token space. which .conS|sts of an encher, a deco_der, and a codebook
. _ (see Fig. 2). The encoder is a convolutional neural network
based on the tokens received by the frame deadline, and (fENN) that takes patches in an image and maps each one
a decoder that maps the tokens back into an RGB framef them to the nearest neighbor vector in the codebook,
We call the encoder-decoder combination in Reparo it.e., the nearest token. The decoder is also a CNN that

neural codec, while the rest of the components help with losgakes a concatenation of tokens that represent an image and
recovery atop the codec. The encoder, packetizer, and bitrat@produces the original image.

controller are situated at the transmitter side, while the loss

recovery module and decoder operate at the receiver sidg1€ compression achieved by VQGAN depends on two
We describe these modules in detail below. of its parameters: the number of tokens used for each

frame, and the size of the codebook. Since the image is
divided into patches, each mapped to a token, the number
of tokens dictates the size of each patch within an image.
3.2.1 The Neural Codec: Encoder and Decoder As the number of tokens is increased, the smaller each
patch becomes. More tokens allow a more ne-grained

reconstruction as it is easier for a token to represent a smaller
patch. However, since we transmit token indices from the

gender to the receiver, more tokens means more bits for

tokenizer. Tokenizers are commonly used in generativ " - .
models 1o represent imaaes usin aylearned cgdebook S nsmitting all of their indices, and reduces the compression
b 9 9 ctor. Similarly, a larger codebook enables a more diverse

tokens. Instead of generating images pixel by pixel, imageget of features to choose from for each token, but requires

are divided info paiches, and each patch's features alf ore bits to represent each token index. Thus, both of these

mapped to a speci ¢ token " the codebo_ok. This reducesp rameters lead to different tradeoffs for the achieved bitrate
the search space of generative models since the numbergﬁd visual quality. We show this in Fig. 12

tokens in animage is much smaller than the number of pixels.
Each token repres'ents gvector in feature space. By trammgga_z_2 The Packetizer
neural network to identify a small number of feature vectors
that can best generate allimages in the training dataset, a s&tter encoding the original image into tokens, Reparo divides
of tokens is selected for the codebook. them into several packets for transmission. The packetization
We observe that tokenizers naturally tthe requirements Ofstrategy IS des!gned to avoid placing a_djace!qt tokens in the

: . . same packet since the closest tokens in the image space are
a codec since they allow us to compress framesin avideo b )

. ; : Pée most helpful for recovery when a token is lost.

expressing them as a set of tokens, which can be transmitte
as indices without the need to transmit the actual tokensn Fig. 3, the rst step in the green box labeled Transmitter
Since the transmitter and receiver share a codebook, trehows our token wrapping strategy for an example witld 4
receiver can recover the original frames by looking up thetokens that are split into 4 packets. The packet index of the

token indices in its codebook and decoding them to theoken at positior§i;j) is2 (i mod2)+j mod2 . Tokens

3.2 Reparo Components

In contrast to prior work on loss-resilient video conferencing,
which utilizes traditional codecs with FEC-based wrappers
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Figure 4: Loss recovery module. It uses a neural architecture
based on a spatio-temporal vision transformer to generate any
lost tokens using the learned knowledge of how people and
objects look, along with the received tokens in the current and
recent frames.

3.2.4 Loss Recovery Module

The key ingredient for Reparo to carry out loss recovery
Figure 3: The transmitter rstuses a deterministic packetizerto IS @ deep generative model that leverages received tokens
wrap image tokens into packets. Then a bitrate controllerdrops ~ and video conferencing domain knowledge to generate lost
some tokens in each packet to adapt to the target bitrate. The  tokens. For instance, the generative model can synthesize
receiver rstdecodes which tokens are dropped by the bitrate 5| tokens associated with a particular human face based on
e e e ™" subsetofthose tokens. Simiarly, tcan poduce he oker

corresponding to a moving hand conditioned on the tokens

from previous frames. In the following sections, we provide

a comprehensive description of the architecture, training pro-

cedure, and inference algorithm of our loss recovery module.

in each packet are ordered rst by their row index, then byNetwork Architecture. The loss recovery module is a neural
their column index in ascending order. This is one of manynetwork. It takes as input the received tokens organized
ways to wrap tokens into packets while avoiding placingaccording to their positions in the original frame. Lost tokens
adjacent tokens in the same packet. The strategy needs&pe expressed with a special token called the Mask token,
be deterministic so that the receiver can place the receivefl] , as shownin Fig. 4. It also takes as input the tokens from
tokens in the appropriate position in the frame before tryinghe past T frames, which provide the context for the scene.
to recover the missing tokens. Each packet has a headgr . -
including its frame index, packet index, and packet size sd$/e use a common neural network architecture called Vision

the receiver can identify which frame the tokens belong t%ra:/nsfori?ec: \(XI'J) (D:)soc}/ltsklyletriil l"iﬁozﬂ' T:a:]\s/;‘oirrzerﬁ d
and how many packets that particular frame has. ave gaine espread popuiarity in computervision a

natural language processing for predicting missing image
patches orwords (Devlin etal., 2018; Dosovitskiy etal., 2021;
Heetal.,2022). The ViT employs an attention module in each
Video conferencing applications often need to adjust theitayer to aggregate information from all tokens in an image.
bitrate in response to network congestion. In prior work;To predict a missing token, the attention module uses the re-
this was achieved by altering the extent of compression t@eived tokens and weighs them by their relevance to the miss-
meet the desired bitrate. In contrast, Reparo can easily adajtg token. The relevance is computed by performing a soft-
its bitrate by dropping tokens, as itis highly resilient to lost max over the dot product of each token with every other token.
tokens and degrades gracefully with increasing loss rates. WEo extend the standard vision transformer structure to video
call this “self-dropping” since Reparo chooses to drop tokenglips, we use a spatio-temporal attention module (Arnab et al.,
on its own even before transmitting them. Remarkably2021). In each transformer block, we perform attention over
Reparo can tolerate up to 50% token loss with only a minimathe time dimensiof (across adjacent frames) and then over
impact on video PSNR, as demonstrated in Fig. 5. In practicahe space dimensidnw within a frame. This enables our
Reparo chooses the tokens it drops deterministically basddss recovery module to exploit both spatial information from
on the frame index and packet index (Fig. 3 top row right)the same frame and temporal information across consecutive
This is to ensure that the receiver can easily identify whichframes. Speci cally, to generate a missing token, the module
token locations were dropped based simply on the framean use the nearby tokens in both space and across frames,
and packet index in the received packet's header. With thias those tokens have a strong correlation with the missing
information, the receiver can decode (Fig. 3 bottom row left)token. Performing attention over time and space sequentially
the locations of the tokens removed by the bitrate controllessigni cantly reduces the computational cost: attention over

3.2.3 The Bitrate Controller
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both space and time simultaneously requdé¥ 2h?w?) of  to reconstruct the original frame using the codec decoder.
GPU memory, while attention rst over time and then over Below we describe the loss function used in the training.

i 29/2 2 W
space requires only O(T?w?+T 2hw) of GPU memory. Reconstructive Training Loss. Letz = [Zi« ]mizl;k:l

Leveraging temporal information incurs some overhead adenote the latent tokens from the encoder, and
the last few frames need to be held in memory to decode th®l = [m ]!I‘f;jll;k:l denotes a corresponding binary
next frame. Hence, we limit the temporal dependency to anask indicating which tokens are missing in the Taftames.
maximum of 6 frames. It is worth noting that using tokensThe objective of the training is to reconstruct the missing
from previous frames for loss recovery does not cause Reparttokens from the available tokens. To accomplish this, we add
to stall like traditional codecs due to undecodable frames cross-entropy loss between the ground-truth one-hot tokens
Speci cally, the spatio-temporal ViT utilizes the six previous and the output of the loss recovery network. Speci cally,
frames while decoding the current frame, allowing reuse of re- X

ceivedtokens across framesto achieve a better bitrate and Ios,_sreconstructive - Ez logp(zik jzwm ) ;

rate. Every frame is generated and decoded regardless of the Sijkim o =Lk=T

previous frame's generation result and based solely on the ac- 1)

tually received tokens of previous frames. If more tokens argyherez, represents the subset of received tokerzs amd

lost in the previous frames, the quality of the current frame'sp(zijk jzm ) is the probability distribution over the codebook
generation may be poorer, but Reparo will never stop generafor position(i;j) in thek-th frame predicted by the recon-
ing or decoding, unlike classical codecs. We provide detailedtruction network, conditioned on the input received tokens
information about our spatio-temporal ViT structure in 8B.2.z, . As is common practice, we only optimize this loss on

It is worth highlighting the difference between our loss the missing tokens of the Iastframe. Optimizing the Ios_s on
resilience and all past work. Traditionally, loss resilience@! tokens reduces reconstruction performance, as previously

is achieved by encoding frames together and adding FE@,bserveq (He et al., 2022). Detailed training schemes are
at the transmitter. In contrast, our generative approacHcludedin §B.

allows frames to be encoded independently at the transmittghference Routine As the deadline for displaying each
without FEC. The receiver however decodes each framﬂ'ame is hit every 33 msfor 30 fpS, we aggregate all received
holistically, Iooking both at its received tokens and tOkenSpackets for the current frame (as identi ed by the frame
from past frames to generate the missing tokens. and packet indices) and regard all unreceived packets as
Training the Network. The goal of the training is to lost. Once we place the received tokens in their respective

ensure the resulting neural network can recover from botR0Sitions corresponding to w - patches in the frame, we

network packet losses and tokens self-dropped by the bitrafe®" determine the exact locations of the missing tokens. We
controller to achieve a particular target bitrate. use all the tokens received from the previdus6 frames

to perform spatio-temporal loss recovery.
Thus, during training, we simulate both types of losses and

optimize the network weights to recover the original tokens0F €ach token positioft;j) in the current frame, we use

Speci cally, we simulate the packetization process, and irP(Zi jz"f' ), the probability distribution of the predicted
each iteration, we randomly sample a self-drop ragirom token given the received tokens, to choose the token with the

0t0 0.6. Based ony, a certain fraction of tokens are dropped highest probability as the reconstructed token. The resulting
from each packet. Then, a packet drop ratés randomly grid of reconstructed tokens is fed into the neural decoder
selected from 0 to 0.8, and packets (and all their tokens) art9 generate the RGB frame for display.

dropped based on the selected packet drop rate. At the re-

ceiver, the tokens that have been received are identied based EVALUATION

on frame and packet indices. The missing tokens, whether )
dropped due to self-drops or packet loss, are replaced wit)/é evaluate Reparo and compare to several baselines. We

alearnable mask tokdM] (Fig. 4). This ensures that the describe the bqselines and experimental setup in 84.1. We
input sequence length to the model is xed regardless of th&valuate baselines and Reparo under network scenarios
number of dropped tokens, which is a requirement for ViTWith random packet loss in 84.2, and under packet losses
The resulting tokens combined with positional embeddingdnduced by a rate-limited bottleneck link in 8A.2. We
that provide spatial and temporal location information fordiSCuss Reparo's parameter choices, latency overheads, and
each token (including the mask tokens) are then provided agualitative results in 8A.3.

the input of the ViT module. The output of the ViT module is

acompletdh w T grid with generated or original tokens 4.1 Experiment Setup

in their proper positions (wher€ represents the number Baselines. ULPEEC and exFEC are two solutions

of past frames), but we only use the last frame’s tokeng|yged in WebRTC (web) to recover from audio and
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video packet loss. Tambur (Rudow et al., 2023) is a recentwe note that this is based on published benchmarks and we
streaming-codes based FEC solution atop the VP9 videbave not conducted a full end-to-end evaluation on Apple
codec (Mukherjee et al., 2015) that has been shown thardware. To make a fair comparison, we use network traces
perform better than classical block-based FEC techniqueBom the WebRTC evaluation to evaluate Reparo.

Following the original paper, Tambur is implemented in . . . .

the Ringmaster video conferencing platform (rin). We setMemCS' We evaluate peak signal-to-noise ratio (PSNR),

Tambur's latency deadlineto 3 frames, and the bandwidth ;tgrjg;urtila?rr::‘rgyéiiws)i%;}? e(tl_zéll.l,aéc))czézl)h,aLnearer:eaoll
overhead of all baselines to be approximately 50%. Th P 9 y 9 -

frame rate is set t@0fps and the video resolution to e2018)’ and the percentage ofnon—rgndered frames. PSNR,
512 512, which is typical for video conferencing SSIM’ and LP.IPS are compu_ted using the PyTorch Image
' ' Quality (PIQ) library (Kastryulin et al., 2022) by comparing
Datasets. To train the neural codec in Reparo, we useéhe decoded frames at the receiver to the original frames
three datasets: FFHQ (70,000 images) (Karras et al., 2019t the transmitter. The de nition of non-rendered frames
CelebAHQ (30,000 images) (Karras et al.,, 2017), andliffers between baselines and Reparo. For baselines, itis the
a subset of TalkingHeads 25 hours of video) (Wang fraction of frames not displayed due to packet loss on that
etal., 2021b). These datasets offer high-resolution humaframe or dependencies on previously undecodable frames.
face images and videos, well suited for training Reparol-or Reparo, which always attempts to produce a frame, we
which targets enhanced video conferencing quality. Thelassify frames with PSNR 30dB as non-rendered. On
loss-recovery module is trained exclusively on TalkingHeadspur dataset, VP8/9 rarely falls below this threshold unless
as it requires video clips rather than still images. aframe is undecodable, so this de nition is conservative and
. . . favors the baselines. Non-rendered frames correlate strongly
For evaluation, we construct a comprehensive video con-. .
. ) L : ith QOE, as high rates of such frames lead to freezes and
ferencing validation set by combining the Gemino datase : : .
. . : perceptible degradation. All metrics are aggregated over
(Sivaraman et al., 2022) with part of TalkingHeads (Wang : S . .
all frames in the validation set. Bitrate is computed by

etal, 202”.))’ yielding 5 hours of data across 412 V'd.e.o C“psri\veraging packet sizes (excluding TCP/IP headers) from the
and 84 subjects. We ensure no overlap with the training set. L

. o : X . récorded network traces over each entire video.
This validation set is substantially larger and more diverse
than those used in prior work—Gemino (Sivaraman et al.Network Scenarios. We evaluate two scenarios that induce
2022) (25 videos, 5 subjects, 75 minutes), Tambur (Rudovpacket loss during transmission: (1) an unreliable network
etal., 2023) (20 videos, 200 minutes), and GRACE (Chend84.2) and (2) a rate-limited link (8A.2). In the unreliable-
et al., 2023) (60 videos, 745 seconds)—highlighting thenetwork scenario, packets are randomly dropped due to poor
robustness and generalization ability of Reparo. network conditions. We model this using a GE loss channel
that alternates between a “good” state with low loss and a

Implementation. We studied two FEC algorithms, ULPFEC “pad” state with high loss, following Tambur's setup (Rudow

and exFEC, implemented in Google's implementation of

WebRTC (web) with VP8 codec. The FEC rate is set to 5O%et al., 2023). The transition probabilities from gootdad

with packet retransmissions disabled, and the frame Waiggg dtizf[jatgc:g(sjsa;g.ig?)soindT?]SSSez’ ;?Z?ne;gil)i’aigi ;roem
time is set td.50 ms This wait-time parameter dictates the 9 . b !

; . ambur, approximate aggregate statistics from a large corpus
duration after which WebRTC stops to decode a frame tha-({)—f Microsoft Teams traces (Rudow et al., 2023). We vary the

has been partially received. Our experimental setup include ) )
ad-state loss rate to assess performance across loss regimes:

a headless real-time video application, built on the WebRT 25 (low), 0.5 (medium, Tambur's default), and 0.75 (high).

pIatforrT1, which processes video inputata ratﬁ@fpsatthg .The resulting burst-loss statistics are summarized in Tab. 1.
sender's end and records the output to a le at the receiver's

end. The network conditions between the sender and receivém the rate-limited-link scenario, packet drops occur when
were simulated using the Mahimahi network emulator (Nethe link becomes saturated. We simulate this with a FIFO
travali et al., 2015). Within this environment, we constructedqueue of xed length (6 KB) and a drain rate of 320 Kbps.

aloss shell akin to that used in Tambur, facilitating controlled
network loss scenarios for our experiments. Tambur is eva
uated using the Ringmaster platform with VP9 codec.

Beparo Parameters. We use a 51512 frame size and
compress it into 3232 tokens. With a codebook size of
1024, each token requires 10 bits to represent its index. The
Our neural codec and loss recovery modules are implementazbdebook is trained once across the entire dataset and frozen
in PyTorch, and they operate in real-time on two V100 GPUsduring evaluation, eliminating the need to transmit it during
processing 30 fps 512x512 videos. One GPU was used fafideo conferencing. A frame of tokens is split into 4 packets,
the transmitter and one GPU for the receiver. AV100 GPUwith a packet header size of 4 bytes containing a 20-bit
is in the same performance class as an Apple M2 Max GPUrame index, a 2-bit packet index, and a 10-bit packet size.
which is integrated into a standard MacBook Pro laptopTherefore, to send all the tokens of a frame, each packet



Reparo: Loss-Resilient Generative Codec for Video Conferencing

requires 324 bytes, resulting in a default bitrate of 311.04f frames have PSNR values larger tf#ndB. The variance
Kbps (at30fpg. We use smaller packets to increase theof PSNR values across displayed frames is also much lower
granularity of loss: since the packetizer distributes spatiallwith Reparo than the baselines, showing the stability of the
adjacent tokens across different packets (83.2.2), a singlguality of the displayed video across loss levels. Speci cally,
lost packet removes only a sparse, spatially dispersed subsReparo's frame PSNR values are mostly betwg2®s dB

of tokens, which the loss recovery module can reconstrucand37 dB (¢,90%)). In contrast, as the loss level becomes
more effectively. Larger packets (e.g., 1024-1500 byteshigher, the baselines are more likely to experience video
would cause a single loss event to remove a larger contiguouseezes, resulting in more frames with low PSNR. These
region of information and degrade reconstruction qualityresults demonstrate that Reparo is more robust and ef cient
The packet size can be adjusted for different deploymenat recovering from packet losses than current FEC schemes
settings; the current choice of 4 packets per frame balancder video conferencing.

loss granularity against per-packet header overhead. TF}S

tokens in each packet can be dropped up to 50% to matchon—Rendered Frames. Another commonly used metric for

the target bitrate using the “self-drop” mechanism describe<$r \;?:]Zast'r\‘/\?h'i:;izg%ff;:f;::zg‘:i ;rfﬁgg?scﬁgggci'gigdgﬁg
in 83.2.3. We can further control the bitrate (and visual ! piay ‘

quality trade-off) by using a different codebook and numberadvantage of Reparo is that it never truly freezes: it always

of tokens per frame as shown in Fig. 12. attempts to generate lost token§ and the frame, regardless_ of
the packet loss rate. However, in extreme cases, it may still

produce poor generated output. To provide a fair comparison,

we de ne frames with a PSNR of less th&a® dB as
Visual Quality. We rst compare the visual quality of video “non-rendered frames” for Reparo, since we observed that
displayed using baselines and Reparo by evaluating théP8/9's PSNR rarely drops belo8d dB unless frames are
PSNR, SSIM, and LPIPS under different loss levels. Wedostand the video stalls. We note that such a de nition favors
also vary the target bitrate to evaluate the performance ddaselines in their comparisons with Reparo since we do not
our method and baseline under different bitrate constraint§enalize them for low-quality rendered frames.

We measure the average performance over all framéfe evaluated Reparo and baselines at a similar bitrate
and the worst 10% frames, representing the overall wde@ 320 Kbps ) under various loss levels. As shown in Fig. 8
conferencing quality and the quality under poor networkgearo nearly eliminates non-rendered frames under all loss

conditions. All metrics are aggregated across all frames i, |5 whereas all baselines have a noticeable number of non-

our evaluation corpus. rendered frames. This result further demonstrates Reparo's
As shown in Fig. 5, Reparo achieves better performancéffectiveness in displaying consistently high-quality videos
with smaller bitrates for all metrics and under all conditions ven under severe packet losses, in contrast to current codecs
The poor performance of baselines is caused by freezes @hd FEC schemes that cause extended freezes.

displayed video: during a freeze, the video is stuck at the

last rendered frame. In contrast, Reparo maintains a high.3 Summary of Other Experiments

and stable performance even under high loss levels, thanlf
to two key design elements. First, Reparo does not have a
temporal dependency at the neural codec level. Encoding
into and decoding from tokens occur on a frame-by-frame
basis without any dependency on a previous frame. Thu§hort Freeze Case Study. As detailed in 8A.1 and
even if a frame's tokens are mostly lost, it could have a lowerillustrated in Fig. 9, we examine a short freeze event in
performance but will not affect subsequent frames whosevhich Tambur freezes for eight consecutive frames. Despite
tokens are received. Second, the loss recovery module usegperiencing the same packet losses, Reparo continues to
a deep generative network that leverages domain knowledgender frames and avoids a visible stall. Although one frame
of human faces to generate lost tokens. It will only fail to temporarily falls below 30 dB due to heavy loss, Reparo
generate accurately if a very large portion of tokens is lostjuickly recovers once subsequent tokens arrive, maintaining
across packets over multiple frames, which is highly unlikelymotion continuity and overall visual quality.

4.2 Performance on Lossy Networks

ﬁ addition to our main evaluation, we conduct several
rther studies in the appendix to better understand Reparo's
ehavior under different conditions.

We further show the distribution of frame PSNR valuesPerformance on Rate-Limited Links. 8A.2 evaluates
across the frames in our evaluation corpus with Reparo anboth systems over a xed-capacity bottleneck link. Because
baselines at320 Kbps under different packet loss rates Reparo produces identically sized frames, its bitrate closely
in the “bad” state of the GE channel. As shown in Fig. 6,matches the target rate. In contrast, VP9+Tambur generates
Reparo's distribution and averages of PSNR values are morarge keyframes and variable-size P-frames that can over ow
or less unaffected by the loss level. With Reparo, almost 99%he bottleneck queue, leading to packet drops. As shown in
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Figure 5: We report the average and worst 10% PSNR, SSIM and LPIPS of baselines and Reparo under different loss levels. PSNR
and SSIM are the higher the better, and LPIPS is the lower the better. We vary the target bitrate of Reparo and baselines to cover
different achieved bitrates. Reparo's visual quality is signi cantly better than the baselines under all lossy conditions while achieving
similar performance when there is no loss.

Figure 6: PSNR distribution across frames with baselines and Reparo under different packet loss rates (for a bitrate 0f320 Kbps).
The box denotes the 28 and 75" percentile PSNR, the line inside the box denotes the median PSNR while the whiskers denote
average PSNR 1.5 standard deviation. Reparo maintains its PSNR within a narrow band around 35 dB regardless of the loss
level while Tambur's worst frames drop to less than 20 dB PSNR at higher loss rates.

Fig. 10 and Fig. 11, Reparo's video quality increases steadilfQualitative Results. We compare Reparo with Tambur
with higher target bitrates, whereas VP9+Tambur's qualityqualitatively. Please refer to this link for results.
degrades once its keyframes no longer tinto the link buffer.

Adaptability Through Codec Variants. §A.3 further 5 LIMITATIONS

explores Reparo 's adaptability by varying the number of

tokens, the codebook size, and the number of jointly encode’éIthOUgh Reparo offers several key advantages over past

. .avork, it also has some limitations. First, the currentimple-
frames. These options allow Reparo to operate across a wide : -
Mmentation of Reparo is in PyTorch, and uses transformers

range of bitrates and latency settings. As shown in Fig. 12, Inv_vhich are computationally more intensive than traditional

creasing th? numbgr of tokens.or_th_e COdebOOK. size |mprove\7<;|deo codecs and FEC-based methods (Dosovitskiy et al.,
quality at higher bitrates, while jointly encoding multiple

frames reduces bitrate at the cost of modest added delay. 2021; Amab et al,, 2021). It requires GPUs in the same
performance class as an Apple M2 Max GPU to operate in

Latency Breakdown. 8A.3 reports a detailed latency real time. This limits the range of devices on which Reparo
analysis summarized in Tab. 2. Combined with typicalcan be deployed, and the current implementation is not
network delays, Reparo 's end-to-end latency remains undesuitable for low-end devices such as smartphones or tablets.
100 ms, staying within recommended limits for interactive However, machine learning models can be sped up for edge
video applications. devices using more ef cient model architectures (Howard



