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Abstract

With the exponential growth of video traffic, traditional video
streaming systems are approaching their limits in communi-
cation capacity. To further reduce bitrate while maintaining
quality, we propose Promptus, a disruptive semantic com-
munication system that streams prompts instead of videos.
Promptus represents the real-world video with a series of
”prompts” for delivery and employs Stable Diffusion to gen-
erate the same video at the receiver. To ensure that the gen-
erated video is pixel-aligned with the original video, a gra-
dient descent-based prompt fitting framework is proposed.
Further, a low-rank decomposition-based bitrate control al-
gorithm is introduced to achieve adaptive bitrate. For inter-
frame compression, an interpolation-aware fitting algorithm
is proposed. Evaluations across various video genres demon-
strate that, compared to H.265, Promptus can achieve more
than a 4x bandwidth reduction while preserving the same per-
ceptual quality. On the other hand, at extremely low bitrates,
Promptus can enhance the perceptual quality by 0.139 and
0.118 (in LPIPS) compared to VAE and H.265, respectively,
and decreases the ratio of severely distorted frames by 89.3%
and 91.7%. Our work opens up a new paradigm for efficient
video communication.

Code — https://github.com/pku-netvideo/Promptus
Extended version — https://arxiv.org/abs/2405.20032

1 Introduction
With the rapid development of streaming applications (such
as YouTube), the traffic of internet video has been continu-
ously growing. To reduce traffic, video codecs represented
by VP9 (Mukherjee et al. 2015), H.265 and H.266 (Wieck-
owski et al. 2021) are widely used to compress videos.
These codecs achieve compression by removing redundan-
cies (e.g., spatial and temporal redundancy). However, these
redundancies are limited, so there is an upper bound on
the transmission efficiency. To further compress the video,
non-redundant content will be discarded, which will greatly
degrade the video quality, such as causing blurring and
blocking artifacts. In recent years, some deep learning-based
codecs (Lu et al. 2019; Lin et al. 2020) and streaming frame-
works (Yeo et al. 2022; Sivaraman et al. 2024; Li et al. 2023)
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Figure 1: Promptus can invert a given video into prompts.
Based on these prompts, Stable Diffusion can generate an
almost identical video to the original. So Promptus streams
prompts instead of videos, significantly saving bandwidth.

have been proposed to improve transmission efficiency, but
they are limited either by performance or generality.

With the popularity of generative AI, Stable Diffusion
(SD) (Stability.ai 2024b) has attracted extensive attention
thanks to its powerful text-to-image generation. By pre-
training on internet-scale datasets, SD learns prior knowl-
edge of almost all visual domains, and also learns the map-
ping from text to images. So SD can generate high-fidelity
images based on a brief prompt composed of a few words.

We are motivated by this question: Is it possible for
SD to replace the video codecs? During streaming, the
sender transmits prompts instead of encoded videos, and
the receiver generates videos instead of decoding videos.
In this way, the traffic of internet video is reduced from
the video scale to the text scale, greatly improving trans-
mission efficiency. In this paper, we propose Promptus,
a system that represents video frames with SD prompts,
achieving ultra-low bitrate video streaming. To bring this vi-
sion to fruition, we address the following challenges:

First, how to ensure pixel alignment between the gen-
erated frames and the real frames. To invert a frame into a
prompt, the most straightforward and powerful approach is
to manually write a textual description. But the frame gener-
ated using this description can only guarantee semantic con-
sistency with the real frame, while the differences in pix-
els are often substantial, as shown in Figure 1. To achieve
pixel alignment, Promptus proposes a gradient descent-
based prompt fitting framework. Specifically, the prompt is
randomly initialized and then used to generate a frame. The
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pixel-wise loss between the generated frame and the real
frame is calculated. The gradient of the loss with respect to
the prompt will be calculated, and the prompt will be itera-
tively optimized using gradient descent. To implement this
framework, Promptus employs single-step denoising instead
of iterative denoising to avoid unrolled long gradient chains.
Second, Promptus uses embeddings as prompts instead of
text to avoid non-differentiability. Third, Promptus uses a
noisy previous frame instead of random noise to reduce la-
tent distance. Fourth, Promptus combines reconstruction and
perceptual loss to enhance the perceptual quality.

Second, how to control the bitrate of the prompt. Since
Promptus uses embeddings as prompts, which are matrices
with fixed dimensions, the bitrate of the prompt cannot adapt
to dynamic network bandwidth. To address this, Promptus
proposes a low-rank bitrate control algorithm. Specifically,
Promptus integrates the inverse process of low-rank decom-
position into the gradient descent, directly fitting the decom-
posed prompt. The rank is used to control the trade-off be-
tween the quality and bitrate of the prompt. When the rank is
higher, the representational capability of the prompt is bet-
ter, and it can describe more details in the video, but the data
size is also larger. So Promptus adaptively selects the prompt
rank based on the currently available bandwidth.

Third, how to perform inter-frame compression on
prompts. Promptus inverts each frame into an independent
prompt without considering the correlation across frames.
So Promptus needs to transmit prompts for each frame, re-
sulting in the bitrate increasing rapidly as the frame rate
rises. To address this, Promptus adds an interpolation-aware
fitting strategy, ensuring that consecutive frames also ex-
hibit continuity in the prompt space. With this, Promptus
only needs to sparsely transmit prompts for a few keyframes,
while the prompts for the remaining frames can be approxi-
mated through linear interpolation of the keyframe prompts.

We evaluated Promptus on test videos from different do-
mains and under real-world network traces. The results show
that: First, Promptus achieves a scalable bitrate, and its qual-
ity advantage over the baselines becomes more significant
as the target bitrate decreases. Second, Promptus is gen-
eral to different video domains, and the more complex the
video content, the greater the quality advantage of Promptus
compared to the baselines. Third, compared to H.265 (x265
2024), Promptus provides more than a 4x bandwidth saving
while preserving the same perceptual quality. Fourth, at ex-
tremely low bitrates, Promptus can enhance the perceptual
quality by 0.139 and 0.118 (in LPIPS (Zhang et al. 2018))
compared to VAE (Rombach et al. 2022) and H.265, respec-
tively, and decreases the ratio of severely distorted frames
by 89.3% and 91.7%.

2 Related Work and Background
2.1 Video Streaming
Video codecs. In internet video traffic, most of the con-
tent is encoded using traditional codecs represented by
VP8 (Bankoski, Wilkins, and Xu 2011), VP9 (Mukherjee
et al. 2015), H.265 and H.266 (Wieckowski et al. 2021).
These traditional video codecs achieve compression primar-

ily by eliminating redundancy. So the compression ratio has
an upper limit due to the finite amount of redundancy. With
the development of deep learning, handcrafted modules in
traditional codecs are being replaced by neural networks (Lu
et al. 2019; Lin et al. 2020; Djelouah et al. 2019; Rippel et al.
2019; Li, Li, and Lu 2024; Sheng et al. 2024). Compared to
handcrafted modules, these embedded neural networks can
achieve lower distortion at the same bitrate. However, they
still adhere to the traditional coding framework (aiming to
remove redundancy), so the improvement is limited.
Neural-enhanced streaming. In contrast to reducing redun-
dancy, neural-enhanced streaming (Park et al. 2023; Zhou
et al. 2022) actively discards non-redundant information,
transmitting highly distorted low-bitrate videos. Then, at
the receiver, neural network-based methods (such as super-
resolution) are used to restore high-fidelity details. Thanks
to the powerful restoration capabilities, the lost details can
be effectively recovered, thus ensuring video quality while
achieving substantial compression. However, these neural
networks rely on prior knowledge learned from training
datasets. Due to the complex and diverse nature of real-
world video, there exist domain gaps. The performance of-
ten degrades in unseen scenarios (Yang et al. 2021). A fea-
sible solution is to fine-tune the neural networks for each
video and send the fine-tuned neural networks along with the
video, like NAS (Yeo, Do, and Han 2017; Yeo et al. 2018,
2022, 2020; Kim et al. 2020; Zhang et al. 2022). However,
the transmission of the neural networks inevitably increases
the overall bitrate. Especially for shorter videos (like Tik-
Tok), the overhead of neural networks is unacceptable.
Generative streaming. Compared to restoration, genera-
tive streaming directly uses neural networks for generation.
For example, in the context of video conferencing, Face-
vid2vid (Wang, Mallya, and Liu 2021) extracts facial key-
points for streaming. At the receiver, it generates facial
videos using the dynamic keypoints and a static facial image.
The bitrate of keypoints is much lower than that of videos,
thus achieving low bitrates. Gemino (Sivaraman et al. 2024)
sends videos at a low resolution. At the receiver, it estimates
facial motion fields from the low-resolution video, then uses
the motion fields and a high-resolution facial image to gener-
ate high-resolution facial videos. Reparo (Li et al. 2023) pro-
poses a token-based generative streaming. It first uses VQ-
GAN (Esser, Rombach, and Ommer 2021) to train a code-
book for facial visual features, then maps the video to la-
tent variables using VAE (Kingma and Welling 2014), and
finally quantizes the latent variables into token indices ac-
cording to the codebook. Since only indices need to be sent,
the bitrate is very low. In general, generative streaming can
greatly compress videos, but it is often designed for specific
tasks (such as video conferencing) and lacks generality.

2.2 Stable Diffusion (SD)
SD (Stability.ai 2024b) is a popular text-to-image genera-
tive model. It learns a denoising process from 5.85 billion
image-text pairs, enabling it to generate high-quality images
by denoising the pure noise images. To control the con-
tent of the generated images, SD also receives user-input
prompts (in natural language) as the condition for denois-
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Figure 2: Workflow of our video to prompt inversion.

ing, thereby generating images that align with the semantic
of the prompts. Specifically, let p represent the prompt. SD
first performs word embedding and semantic extraction us-
ing the CLIP (Radford et al. 2021), converting discrete natu-
ral language p into a continuous text embedding c (an m ∗ n
matrix). The text embeddings c and the randomly sampled
noise image N are input into the denoising process, gener-
ating the denoised N ′. Next, N ′ is input into the denoising
again for T iterations to obtain the denoised Z. Since the de-
noising occurs in the latent space, Z needs to be input into
the VAE Decoder to generate the image x in the pixel space.

However, SD cannot meet the fidelity of video streaming.
SD only defines the generation from prompt to image, with-
out the inversion from image to prompt. The most straight-
forward solution is to extract text descriptions using Cap-
tioning algorithms (Yang et al. 2023) and use these descrip-
tions as prompts to generate images. Although the gener-
ated images can semantically align with the original images,
these descriptions are too high-level, resulting in generated
images having large structural differences, as shown in Fig-
ure 1. Besides text, ControlNet (Zhang, Rao, and Agrawala
2023) can also use images (such as masks and edges) as
prompts, controlling SD to generate images that align with
the contours of the image prompts. However, apart from
the contours, details such as color and texture cannot be
aligned (Qiao et al. 2024). In conclusion, the frames gener-
ated by SD cannot faithfully reproduce the original ones at
the pixel level, making them unsuitable for video streaming.

3 Video to Prompt Inversion
3.1 Gradient Descent Based Prompt Fitting
Gradient Descent Framework. To obtain the inverse
prompt, instead of training inverse priors (which is expen-
sive and difficult to guarantee pixel alignment), we pro-
pose to fully leverage SD’s built-in knowledge to infer the
prompt. To this end, we adopt gradient descent to itera-
tively fit the prompt, with the framework shown in Figure 2.
Specifically, at the beginning, the prompt is randomly ini-
tialized. SD generates a frame based on this prompt. Since
the prompt is random, the generated frame is meaning-
less. Third, the pixel-wise difference between the generated
frame and the target frame is calculated as the loss value.
Fourth, backpropagation is used to compute the gradient of
the loss with respect to the prompt. Finally, the prompt is
updated using gradient descent. The above steps are itera-

tively executed until the loss is sufficiently small, and the
resulting prompt can satisfy pixel-aligned generation. In the
above steps, SD is pre-trained and frozen, so its prior knowl-
edge is distilled into the prompt via gradient descent.

To realize this framework, there are five key components:
Single-step denoising to avoid unrolled long gradient
chains. As described in §2.2, SD uses iterative denoising
to generate images. So the prompt recursively influences the
generated image. It causes the gradient of the loss with re-
spect to the prompt to involve unrolling numerous iterations
(e.g., 50 steps), where the accumulated long gradient chain
introduces prohibitive computational and memory overhead.
Thus, instead of using the traditional SD, we adopt SD Turbo
2.1 (Stability.ai 2024a), a variant that can generate images
through single-step denoising. It allows gradient descent to
require only a single forward-backward pass, greatly im-
proving efficiency. Although the quality of the generated im-
ages is weaker than the traditional SD, these quality losses
can be compensated for during the end-to-end fitting.
Employing embeddings as prompts to prevent non-
differentiability. Computing the gradient through back-
propagation requires the forward pass from the prompt to the
loss to be completely differentiable. However, as described
in §2.2, the forward pass includes the CLIP (Radford et al.
2021), which converts text from discrete natural language
to continuous text embeddings. This conversion involves in-
dexing and table lookup, making it non-differentiable. So
gradients cannot be propagated to the natural language, pre-
venting gradient descent. To address this, we discard the
non-differentiable CLIP and directly use text embeddings as
prompts for conditioning. In this case, the forward pass is
fully differentiable. In the following sections, prompt refers
to the text in embedding rather than in natural language1.
Using a noisy previous frame instead of random noise
to reduce latent space distance. The input noise can be
viewed as a point in the latent space, and the denoising
process actually moves this point under the control of the
prompt. The goal of Promptus is to find the inverse prompt
that can move the noise point to the point represented by
the target image. Since we adopt a single-step denoising,
if the input noise is far from the target image in the latent
space, this movement cannot be completed in a single step,
making it impossible to fit the inverse prompt. As shown
in Figure 3(a), using random noise as input, after the loss
value converges, the generated image still has noticeable dif-
ferences from the target image, including blurring, artifacts,
and inconsistent details. So we need to reduce the distance
between the input noise and the target image. We observe
that in a video, adjacent frames are close in the latent space.
Thus, we manually add noise to the previous frame:

N t = (1− γ) ∗ Zt−1 + γ ∗N0 (1)

Where Zt−1 is the previous frame in the latent space.
N0 is a fixed noise. γ is a hyperparameter that controls the

1It is important to note that, even though it is not natural lan-
guage, embeddings can still serve as prompts. In fact, prompts
can take multiple modalities, such as images (Zhang, Rao, and
Agrawala 2023), audio (Tang et al. 2024), embeddings (Ruiz et al.
2023; Kawar et al. 2023), fMRI (Chen, Qing, and Zhou 2024), etc.
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Figure 3: Visualization of fitting results. (a) Using random
noise as the input. (b) Only using MSE as the loss. (c) Ours.
(d) Ground Truth. It shows that the noisy previous frame and
the perceptual loss both contribute to the visual quality.

degree of noise addition, which we set to 0.95. N t is the
input noise for generating the current frame. As shown in
Figure 3(c), compared to random noise, the noisy previous
frame can reduce the distance in the latent space, resulting
in a generated image that better matches the target image.
Combining reconstruction and perceptual loss functions.
To achieve pixel-aligned supervision, the most intuitive loss
function is the per-pixel reconstruction loss, such as MSE.
These reconstruction losses attempt to minimize the over-
all pixel error, while errors in details often lead to large
pixel errors. Therefore, to reduce the overall error, recon-
struction losses tend to abandon the fitting of details, re-
sulting in overly smooth images, as shown in Figure 3(b).
To make the generated images sharp, one approach is to
use perceptual loss instead of reconstruction loss, such as
LPIPS (Zhang et al. 2018). However, perceptual loss aims
to maximize the subjective quality without focusing on the
exact consistency of each pixel, leading to misalignment be-
tween the generated and target images. To simultaneously
ensure pixel alignment and subjective quality, we combine
the reconstruction and perceptual loss as the fitting loss D:

D = α ∗Drec(x, xgt) + (1− α) ∗Dper(x, xgt) (2)

Where Drec represents the reconstruction loss, which is
MSE by default. Dper represents the perceptual loss, which
is LPIPS by default. α is a hyperparameter that balances
pixel alignment and perceptual quality, which we set to 0.8.
The result is shown in Figure 3(c). It can be observed that our
generated image ensures pixel alignment while maintaining
sharpness, making it identical to the ground truth.
Prompt Regularization. Even with real frames as supervi-
sion, fitting occasionally fails. This is because, as gradient
descent progresses, the distribution of prompts shifts away
from the distribution of CLIP embeddings. So we propose
prompt regularization to constrain the prompt distribution:

λ = ∥c− µ∥2 (3)

Here, µ is the mean of embeddings output by CLIP (which
we obtained through statistics on a large amount of text,
specifically µ = −0.168). The final loss function L is:

L = β ∗D + (1− β) ∗ λ (4)

Where β is a hyperparameter used to balance the fitting
loss and the prompt regularization, which we set to 0.9.

3.2 Low-Rank Based Prompt Adaptive Bitrate
According to §3.1, each prompt is an m∗n embedding (e.g.,
1024 ∗ 77), where each element is a floating-point number

Figure 4: As the rank increases, the prompt fits more details.
When the rank is 4, the lamp’s color is inconsistent with GT.
When the rank increases to 16, the lamp’s color is corrected.

(e.g., 32-bit float), resulting in a fixed and high bitrate. To
adaptively control the prompt bitrate, there are two direc-
tions: Dimensionality reduction decreases the number of pa-
rameters. Quantization reduces the bits for each parameter.
Low-rank decomposition. Instead of performing explicit
dimensionality reduction, Promptus proposes to directly fit
a low-rank prompt end-to-end, thereby reducing the quality
degradation caused by prompt degradation. To achieve this,
Promptus integrates the inverse process of CP decomposi-
tion (Chen et al. 2022) into gradient descent fitting. Specifi-
cally, Promptus derives the embedding c as follows:

c = (u ∗ v)/
√
r (5)

Where u and v are two low-rank factor matrices with di-
mensions m ∗ r and r ∗ n. r is the rank of the embedding
c. u and v compose the c through matrix multiplication and
normalization. At this point, the embedding c, as an interme-
diate variable, is no longer fitted. u and v, as the new prompt
representation, will be randomly initialized and fitted.

The rank r determines the trade-off between bitrate and
quality. Compared to the embedding size of m ∗ n (e.g.,
1024∗77), the total size of u and v is (m+n)∗ r. So reduc-
ing r significantly lowers the bitrate. However, on the other
hand, when rank r is smaller, the embedding is constrained
to be a low-rank matrix, resulting in weaker representational
capability and inability to fit high-frequency details in the
video. As shown in Figure 4, when the rank is 4, the lamp’s
color is inconsistent with the ground truth. When the rank
increases to 16, the lamp’s color is corrected. So it is nec-
essary to adaptively select the rank r based on the current
network bandwidth to trade off between bitrate and quality.
Fitting-aware quantization. We adopt differentiable fake
quantization (Zafrir et al. 2019) and incorporate it into the
fitting process, automatically compensating for the quanti-
zation loss through end-to-end gradient descent. We test the
impact of quantization on quality. The results indicate our
method reduces the bits from 32 to 8 without quality loss.

3.3 Interpolation-Aware Fitting Based Prompt
Inter-Frame Compression

According to §3.1, Promptus fits each frame as an inde-
pendent prompt, without considering the correlation across
frames. Therefore, the bitrate of Promptus increases rapidly
as the frame rate rises. However, codec-based streaming can
avoid this problem through inter-frame compression. Is it
possible to perform inter-frame compression on prompts as
well? Our insight is: prompts are high-level semantics, so
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Figure 5: The prompt interpolation not only fully preserves
the video details but also successfully fits the motion.

Figure 6: Promptus approximates the unreceived prompts by
linear interpolation. Thus, instead of sending the prompt for
each frame, only the prompts for keyframes need to be trans-
mitted sparsely, thereby achieving inter-frame compression.

the prompts of continuous video frames can change contin-
uously. With this, during streaming, we only need to sparsely
transmit the prompts of a few frames (as keyframes), and the
prompts of the remaining frames can be obtained by linear
interpolation of the keyframe prompts, as illustrated in Fig-
ure 6. Since keyframes account for only a small portion of
the total frames, inter-frame compression is achieved.

To ensure that interpolated prompts generate meaningful
frames, we integrate the interpolation into the gradient de-
scent fitting. Specifically, we randomly initialize prompts for
keyframes, interpolate prompts for each intermediate frame,
and generate frames. At this point, the interpolated prompts
are intermediate variables, so they are not fitted; instead, gra-
dients are backpropagated to keyframe prompts for fitting.

Prompt interpolation works. As shown in Figure 5, the
intermediate frames not only fully preserve the video de-
tails but also successfully approximate the motion. In prac-
tice, scene changes often occur within the video, at which
point prompt interpolation no longer works. So we will de-
tect scene changes and treat the new scenes as new videos.
For more system details, please refer to the extended version.

4 Evaluation
4.1 Experiment Setup
Test videos: To validate the generality across domains, we
test Promptus on four video datasets with vastly differ-
ent genres: QST (Zhang et al. 2020), UVG (Mercat, Vi-
itanen, and Vanne 2020), GTA-IM (Cao et al. 2020) and
Animerun (Siyao et al. 2022). The domains of these videos
span natural landscapes and human activities, outdoor and

indoor scenes, real-world and CG-synthesized scenes, 3D
video games and 2D animations. For consistency, videos are
cropped and resized to a resolution of 512*512, with a frame
rate of 30 FPS. Note that Promptus supports flexible resolu-
tions and we test other resolutions in the extended version.
Baselines: We compare Promptus with six baselines: H.265
and H.266 (Wieckowski et al. 2021) are advanced traditional
codecs that achieve compression by utilizing hand-designed
modules, while DCVC (Li, Li, and Lu 2021) is a neural
codec. VAE (Rombach et al. 2022) is an autoencoder. Its en-
coder maps the input image to low-dimensional latent vari-
ables, while the decoder reconstructs the image from the la-
tent variables. For inter-frame compression, we encode the
latent variables into a video using H.265. NAS (Yeo et al.
2022) represents neural-enhanced streaming, which trains
overfitted super-resolution DNNs for each video. These
DNNs are transmitted along with low-resolution videos. At
the receiver, DNNs are employed to enhance the video qual-
ity. To control the total bitrate, we adjust the bitrate of the
low-resolution video and the number of DNN parameters.
VQGAN (Li et al. 2023) stands for generative streaming.
To compress the video, it first divides the video into patches,
maps each patch to a latent variable, and then quantizes each
latent variable into a token index using a codebook. At the
receiver, the token indices can be reconstructed into a video.
For bitrate control, we adjust the number of patches (tokens).
Metrics: To evaluate video quality, we mainly adopt the
LPIPS (Zhang et al. 2018), because Promptus is more ori-
ented towards the semantic communication task rather than
video compression. Our primary goal is to keep the seman-
tics correct at low bitrates. LPIPS better reflects human sub-
jective perception (Yu et al. 2023), making it more suit-
able for evaluating semantic distortion. Smaller LPIPS indi-
cates higher quality. We also evaluate traditional PSNR and
SSIM as objective metrics, provided in the extended version.
Real-world network traces: We collect traces from real-
world scenarios such as subways, aiming to test weak net-
work conditions such as poor signal coverage, network over-
load, and frequent switching of mobile wireless networks.
We use Mahimahi (Netravali et al. 2015) to replay traces.

4.2 Transmission Efficiency
This section proves the transmission efficiency. Figure 7
shows the CDF of the frame quality under 3 bitrate levels
and real-world network traces. We also calculate the mean
frame quality for each method and bitrate setting in Table 1.

First, Promptus achieves better transmission efficiency
across all bitrate settings. For example, in Figure 7, the
curves of Promptus are all to the left of the baseline
curves. Second, Promptus can significantly reduce the ra-
tio of severely distorted frames. For instance, under real-
world network conditions, only 5.2% of frames in Promp-
tus have LPIPS higher than 0.32, while NAS, H.265, VAE,
DCVC and VQGAN have 98.2%, 96.9%, 94.5%, 93.0% and
53.2%, respectively. Third, Promptus can achieve more than
a 4x bandwidth reduction while preserving the same percep-
tual quality. For example, in Table 1, the average LPIPS of
Promptus under 140 kbps is better than H.265 under 540
kbps. Fourth, the lower the bitrate, the greater the advantage
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(a) 140 kbps (b) 280 kbps (c) 540 kbps (d) Real-world traces

Figure 7: Frame quality CDF at three target bitrates and real-world network traces. It indicates Promptus achieves better trans-
mission efficiency across all bitrate settings. The lower the bitrate, the greater the advantage of Promptus. Detail in §4.2.

Bitrate 140k 280k 360k 540k Real
H.265 0.407 0.372 0.360 0.339 0.372
VAE 0.428 0.358 0.326 0.272 0.391

DCVC 0.389 0.357 0.345 0.324 0.357
VQGAN 0.379 0.322 0.306 0.292 0.328

NAS 0.369 0.341 0.335 0.323 0.343
H.266 0.332 0.305 0.298 0.287 0.305
Ours 0.289 0.268 0.264 0.255 0.280

Table 1: Mean frame quality (LPIPS ↓). Detail in §4.2.

Figure 8: Mean frame quality on 4 datasets. It proves the
generality of Promptus across domains. Detail in §4.3.

of Promptus. For example, when the bitrate is 540 kbps, the
average LPIPS of Promptus is 0.017, 0.084, 0.032 and 0.037
lower than VAE, H.265, H.266 and VQGAN. When the bi-
trate is 140 kbps, this difference further increases to 0.139,
0.118, 0.043 and 0.090. These improvements are partly due
to Promptus’s transmission efficiency, enabling it to provide
higher perceptual quality at the same bitrate. Additionally,
since Promptus sends prompts without entropy coding, it can
precisely control the target bitrate, thus making full use of
the real-world network bandwidth. More details on bitrate
control and parameter settings are in the extended version.

4.3 Generality and Corner Cases
This section proves the generality across domains. Figure 8
shows the average frame quality on four datasets.

First, Promptus maintains good transmission efficiency on
different domains. As shown in Figure 8, Promptus achieves
lower LPIPS compared to most baselines on each dataset.
Second, the more high-frequency details a video has, the
greater the advantage of Promptus. For example, for the Ani-

Figure 9: Visualization of the results on different datasets.
It can be observed that, compared to the baselines which
exhibit blurriness and blocking artifacts caused by compres-
sion, Promptus preserves more high-frequency details.

Figure 10: Fitting results for challenging examples, with a
bitrate of 225 kbps. Promptus is able to fit them well (§4.3).

merun with fewer details, the LPIPS of Promptus is 0.015
lower than H.265. For the detail-rich UVG, this advantage
further expands to 0.121. To intuitively demonstrate this
gain, we visualize the frames of each method on each dataset
at low bitrates (such as 225 kbps) in Figure 9. It can be ob-
served that, compared to the baselines which exhibit blurri-
ness and blocking artifacts, Promptus preserves more high-
frequency details, resulting in higher perceptual quality.

Since SD itself struggles to generate specific elements,
such as fingers or text. To further evaluate the generality of
Promptus, we also show its fitting results for these challeng-
ing examples in Figure 10. The results show that Promptus
can fit them well. This is because the end-to-end gradient
descent can compensate for the limitations of SD itself.

10669



Figure 11: To evaluate the temporal consistency, we visual-
ize the videos as space-time X-t slices (Li et al. 2024). The
results indicate that our videos are temporally aligned with
the ground truth videos in terms of motion, and exhibit al-
most no flickering phenomena. More details are in §4.4.

Figure 12: Visualization of fitting results at different iter-
ations. The second frame requires only 120 iterations to
achieve a visual quality comparable to that of 2000 itera-
tions for the first frame. More details are discussed in §4.5.

4.4 Temporal Consistency and Flickering
This section evaluates the temporal consistency of the gener-
ated videos. As shown in Figure 11, we visualize the entire
videos as space-time X-t slices (Li et al. 2024), with three
scanning lines at different heights marked on the left. Both
of our method and H.265 are at a bitrate of 225 kbps.

Results demonstrate that although Prompus generates
video frame by frame, it maintains good temporal consis-
tency. First, it can be seen that our videos are temporally
aligned with the ground truth videos in terms of motion.
Second, our videos exhibit almost no flickering phenom-
ena. For example, pixels in the X-t slices mostly move
smoothly along the t dimension. This is because the pro-
posed interpolation-aware fitting (§3.3) allows each frame to
be as similar as possible to the ground truth, and video de-
flickering (Lei et al. 2023) is also used to further alleviate in-
consistency between frames. Third, compared to H.265, our
method reduces visual degradation caused by blocking arti-
facts. As shown in the red box of Figure 11, H.265 exhibits
some zig-zag phenomena in X-t slices, while our method is
free from these artifacts. We provide some demo videos in
the open-source repository to showcase the quality.

4.5 Speed and Overhead
We conduct tests on an NVIDIA 4090D GPU. The resolu-
tion of the generated video is 512*512, and the rank of the
prompt is 8. The SD model has a total of 867M parameters.
Generation overhead. Table 2 shows the fine-grained over-

Steps Time (ms)
Dequantization 0.016

Prompt composition 0.025
Prompt interpolation 0.013

Noised frame 0.012
SD generation 6.160

Total 6.226

Table 2: Time overhead of generating a frame §4.5.

head of each step in Promptus’s frame generation. Specifi-
cally, from receiving a prompt to generating a frame, Promp-
tus includes the following steps: prompt dequantization,
prompt composition, prompt interpolation, adding noise to
the previous frame, and SD generation. Among them, most
steps only involve simple linear computations, so the time
overhead is almost negligible. In contrast, SD generation ac-
counts for the vast majority of the time overhead. Therefore,
following StreamDiffusion (Kodaira et al. 2023), we use
TAESD and TensorRT to accelerate the SD to 6.16 ms. In
summary, the total time overhead of Promptus’s frame gen-
eration at the receiver is 6.226 ms, achieving 160 FPS. The
real-time engines are provided in the open-source reposi-
tory. Additionally, the total memory usage is 7846 MB.
Inversion overhead. The time overhead of inversion de-
pends on two factors: the number of iterations needed for
convergence and the time taken for each iteration. Among
them, the time taken for each iteration is 150 ms. For the
number of iterations, there is a significant difference be-
tween different frames. For the first frame of a new video
(or new scene), the inversion takes thousands of iterations to
converge since it starts from scratch. For subsequent frames,
thanks to the continuous prompt space (§3.3) providing suf-
ficient scene priors, the inversion can converge in only a few
hundred iterations. We present an example in Figure 12. It
shows that the second frame requires only 120 iterations to
achieve a quality comparable to that of 2000 iterations for
the first frame. In practice, we set the number of iterations
for the first frame to 10,000, and for subsequent frames to
500. For memory usage, inversion occupies 10 GB in total.

5 Conclusion and Discussion
This paper proposes Promptus, a real system that replaces
video streaming with prompt streaming by representing
video frames as prompts. Evaluations across various video
domains and real network traces demonstrate that it achieves
a 4x bandwidth saving while preserving the same perceptual
quality. We also conduct ablation studies to prove the con-
tribution of each module, as detailed in the extended version.

Promptus extends the boundaries of AIGC to video
streaming, offering a semantic communication paradigm. As
an initial effort, there are some limitations, such as the time
overhead of inversion and the latency of interpolation (de-
tails are in the extended version). These limitations restrict
Promptus to on-demand videos, preventing its use in live
videos. So further improving the efficiency is future work.
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