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Abstract. Under the AI Flow framework, communication is shifting
from transmitting fidelity-oriented information flows toward delivering
task-oriented and perception-oriented token flows across heterogeneous
network resources. Video communication is a fundamental component
of modern information networks. However, under ultra-low-bandwidth
and weak-network conditions, conventional video coding and transmis-
sion methods, which are primarily optimized for pixel-level fidelity, of-
ten struggle to balance visual usability, transmission efficiency, and ro-
bustness to unstable links. With the rapid advancement of generative
models, video communication is also moving from precise signal recon-
struction toward receiver-side perceptual utility and system-level usabil-
ity. In this paper, we propose Generative Transmission (GenTrans) for
video communication under ultra-low-bandwidth and weak-network con-
ditions. Built upon Generative Video Compression (GVC), GenTrans
formulates video transmission as a joint optimization problem involving
bandwidth, computation, and memory, rather than treating it merely as
a signal coding task. By leveraging generative priors, cross-clip memory
reuse, runtime state reuse, and weak-network-aware transport, GenTrans
significantly reduces transmission overhead while enabling visually coher-
ent and practically useful reconstruction. Experimental results show that
GenTrans supports effective video transmission under ultra-low-bitrate
and weak-network conditions, achieving improved transmission efficiency,
decoding efficiency, and robustness while preserving perceptual quality.

Keywords: AI Flow · generative transmission · ultra-low-bandwidth
transmission · weak-network robustness · video communication system

1 Introduction

Video communication is a fundamental component of modern networked services
and is widely used in applications such as remote collaboration, video conferenc-
ing, intelligent surveillance, unmanned systems, and edge perception. In these
scenarios, visual information often needs to be transmitted continuously over
bandwidth-limited and unstable links. This challenge is particularly pronounced
⋆ Corresponding author.
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in emergency communications, field operations, vehicular platforms, and edge
networks, where video transmission may suffer from limited bandwidth, delay jit-
ter, and random packet loss. Therefore, enabling low-overhead and robust video
communication under weak-network conditions remains an important problem.

AI Flow [8] has recently been proposed for enabling ubiquitous intelligence
over communication networks by jointly leveraging heterogeneous resources across
devices, edge servers, and cloud infrastructures. Instead of viewing communica-
tion networks only as carriers of raw information, AI Flow [8] advocates a shift
from information flow to intelligence flow, where communication is integrated
with AI inference and optimized toward task-oriented utility, latency, and re-
source efficiency. This perspective is particularly relevant to weak-network video
communication, where transmitting all pixel-level signals is often unnecessary or
infeasible, while maintaining useful visual content is the primary objective.

This shift is also consistent with theories on visual information representa-
tion and task-oriented communication [12]. From the perspective of information
capacity [12], visual communication should not only reduce transmitted bits, but
also improve the useful information carried by each unit [6]. If the receiver can
infer task-relevant visual content through computation and prior knowledge, the
sender need not explicitly transmit pixel-level details. This provides a basis for
computation-communication coordination and motivates generative models to
trade receiver-side computation for reduced bandwidth. Thus, Generative Trans-
mission is not merely an engineering heuristic, but a communication paradigm
grounded in theoretical foundations and physical laws governing information ca-
pacity, redundancy, and resource tradeoffs. Similarly, positive-incentive noise [5]
suggests that perturbations or approximations may be beneficial when evaluated
by task-oriented utility rather than pixel-level distortion. This view encourages
weak-network video communication to assess packet loss, quantization error, and
generative uncertainty by receiver-side perceptual utility and task requirements.

Conventional video communication has long been dominated by fidelity-
oriented coding standards such as H.264, HEVC, and VVC. These methods are
primarily built upon rate-distortion optimization and have achieved remarkable
success under mainstream network conditions. However, in ultra-low-bitrate and
unstable-link scenarios, they often suffer from severe quality degradation, strong
error propagation, and limited robustness. To overcome the performance bottle-
neck of predictive coding at extremely low bitrates, recent advances under the AI
Flow framework1 [1] have promoted research on Generative Video Compression
(GVC) [3]. Recent advances in generative video models, represented by Sora [7],
offer new opportunities for video compression by enabling temporally coher-
ent video synthesis from compact latent or conditional representations. Instead
of relying on pixel-accurate transmission, GVC leverages compact latent repre-
sentations and strong generative priors to reconstruct visually plausible video

1 AI Flow is grounded in three laws: Law of Information Capacity, Law of Famil-
ial Model, and Law of Multi-Model Collaboration, with Generative Transmission,
Familial Models, and Distributed Intelligence as representative applications.
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content at the receiver, suggesting a new paradigm that improves compression
efficiency by trading computation for bandwidth.

Nevertheless, existing studies on generative video compression mainly con-
centrate on codec-level reconstruction and have not fully addressed video com-
munication from a unified system perspective. In particular, limited attention has
been paid to the joint optimization of coding representations, transport mecha-
nisms, and decoder states under weak-network conditions. For real-world ultra-
low-bandwidth video transmission, trading computation for bandwidth alone is
insufficient. Continuous video contains substantial temporal redundancy, and
failing to exploit historical memory and reusable runtime states leads to unnec-
essary transmission and computation overhead. Meanwhile, conventional trans-
port architectures are not designed to differentiate among generative bitstream
components by role and importance, nor readily adapt transmission strategies
based on network dynamics. Therefore, generative video communication should
be viewed not only as a compression problem, but also as a system problem
involving the joint optimization of computation, bandwidth, and memory [4].

Motivated by this observation, we propose Generative Transmission (Gen-
Trans), a video communication framework under ultra-low-bandwidth and weak-
network conditions. Built upon Generative Video Compression (GVC), Gen-
Trans jointly designs encoding, transport, and decoding at the system level.
Specifically, at the encoder, GenTrans extracts compact visual conditioning rep-
resentations that are sufficient to drive the generative model, thereby reducing
the need for explicit pixel-wise transmission. At the decoder, GenTrans per-
forms video reconstruction by combining generative priors, cross-clip memory,
and reusable runtime states, reusing stable content and incrementally updating
dynamic regions to reduce repeated transmission and generation cost. Further-
more, to address the inability of conventional transport architectures to perceive
the internal structure and relative importance of generative bitstreams, we intro-
duce AI Flow Transport (AFT), a transport mechanism tailored for generative
video streams. AFT provides dedicated packetization and scheduling mechanisms
and improves robustness against link fluctuations, queue buildup, and random
packet loss through weak-network-aware transport control.

Compared with existing generative video compression schemes, GenTrans’s
goal is not merely to guarantee reconstruction quality and reduce video bitrate.
Instead, it treats generative video transmission as an integrated AI Flow sys-
tem: leveraging generative modeling to reduce explicit transmission overhead,
introducing memory and runtime state reuse to reduce redundant transmission
and repeated decoding, and enhancing adaptability to real-world network im-
pairments through targeted transport mechanisms. Within this framework, the
goal of video communication is no longer limited to minimizing pixel-level dis-
tortion, but extends to perceptual quality, visual intelligibility, and sustained
availability under weak-network conditions. Experimental results demonstrate
that GenTrans effectively reduces transmission overhead under ultra-low-bitrate
and complex network conditions, while achieving better visual quality, transmis-
sion robustness, and overall usability compared to existing methods.
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2 Related Work

Conventional video communication has been dominated by fidelity-oriented cod-
ing standards such as H.264 [11], HEVC [9], and VVC [2], which primarily op-
timize rate-distortion performance for accurate signal reconstruction. Although
highly successful in mainstream scenarios, these approaches often degrade severely
under ultra-low-bitrate and unstable network conditions. To improve efficiency
beyond traditional predictive coding, recent research has explored Generative
Video Compression [3] under the AI Flow framework [1], which reconstructs
visually plausible content from compact latent representations at low bitrates.
This method demonstrates the potential of trading computation for bandwidth,
especially at extreme compression rates. Meanwhile, task-oriented communica-
tion has shifted attention from signal recovery to receiver-side utility, emphasiz-
ing whether transmitted content remains useful for human perception or down-
stream tasks. Despite these advances, previous studies typically focus either on
codec-level generative reconstruction or on task-specific semantic representa-
tions, while lacking a unified system perspective for continuous video communi-
cation under weak-network conditions. In contrast, our work aims to develop a
robust system that jointly optimizes computation, bandwidth, and memory for
ultra-low-bandwidth video communication.

3 Methodology

3.1 Motivation and Overall Framework of GenTrans

Under the AI Flow framework [8, 1], communication is no longer limited to the
reliable delivery of raw data, but can be integrated with AI inference to transmit
compact intelligence representations for task-oriented utility. Recent advances in
GVC [3] instantiate this idea in video compression and suggest that video com-
munication does not necessarily require the transmission of full signals at the
pixel level. By sending compact latent representations and relying on the gener-
ative prior at the receiver, a system can reconstruct video content that remains
semantically plausible and visually coherent at low bitrates. Compared with con-
ventional compression pipelines, this paradigm shifts part of the reconstruction
burden from transmission to generation at the receiver, thereby establishing a
fundamental trade-off between computation and bandwidth.

However, under ultra-low-bandwidth and weak-network conditions, this trade-
off alone does not fully address system-level redundancy. A continuous video
stream is not merely a collection of isolated content units; adjacent temporal
clips usually share substantial structure. Scene layout, object appearance, and
background content often persist across multiple clips. If similar information is
repeatedly transmitted for every clip, or if the receiver regenerates each clip
from scratch, the overall communication process still contains considerable re-
dundancy even when each individual transmission is compact. Therefore, be-
yond bitrate and generation cost, the reusable information accumulated over
time should also be treated as a primary design factor.
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Motivated by this observation, GenTrans models continuous video commu-
nication as a clip-level generative transmission process. Instead of operating on
individual frames, GenTrans uses short video clips as the basic units of process-
ing and transmission, which makes it easier to preserve local temporal structure
and support cross-clip reuse. Let the input video consist of T consecutive clips:

V = {vt}Tt=1,

where vt denotes the t-th clip and each clip contains several consecutive frames.
For each clip, the sender extracts a compact visual condition zt, while the receiver
reconstructs the current clip by combining zt with the memory mt−1 and a
reusable runtime state st−1:

v̂t = G(zt,mt−1, st−1),

where G(·) denotes the conditional generation process at the receiver. Here, zt
provides the incremental information needed for the current clip, mt−1 stores
reusable visual content accumulated from previous clips, and st−1 denotes a
compatible prior runtime state available before decoding the current clip.

Under this formulation, the objective is no longer limited to minimizing the
transmission cost of each clip in isolation. Instead, GenTrans jointly considers the
costs of transmission, generation, and state maintenance. This can be abstractly
written as:

min

T∑
t=1

(λbBt + λcCt + λmMt + λuUt) ,

where Bt is the transmission cost for clip vt, Ct is the computation cost for
reconstructing it at the receiver, Mt denotes the cost of maintaining memory
and runtime states, and Ut measures the utility loss of the reconstructed result.
The utility term is not restricted to pixel distortion; it may also reflect degraded
perceptual quality, weakened temporal consistency, or reduced overall usability of
the reconstructed video. The coefficients λb, λc, λm, and λu balance the relative
importance of these terms.

Overall, GenTrans is not designed to perform stronger per-clip generation
in isolation. Its goal is to make continuous video transmission more efficient by
jointly using current conditions, historical memory, and runtime states, so as
to reduce repeated transmission and repeated computation while maintaining
stable visual output under challenging network conditions.

3.2 Reducing Bandwidth via Generative Memory

Continuous video often contains a large amount of stable content that can be
reused across clips. In fixed-view or low-motion scenarios, for example, back-
ground regions, object appearance, and overall spatial layout usually remain
similar over short periods of time. This means that not all visual information
needs to be retransmitted for the current clip. Part of it has already been estab-
lished during the reconstruction of previous clips and can continue to support
subsequent generation.
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To exploit this property, GenTrans introduces Generative Memory (Gen-
Mem), a cross-clip memory mechanism that preserves visual information likely
to remain useful in future reconstruction. In GenTrans, this memory is main-
tained across continuous transmission so that both the sender and the receiver
can operate with a shared memory context over time. As a result, the current
clip no longer depends solely on newly received conditions; it can also be par-
tially supported by the accumulated memory. From the sender’s perspective,
this reduces the need to repeatedly describe already stabilized content, allowing
transmission to focus on indicating which memory content should be reused,
together with changing regions, newly appeared content, and information that
cannot be reliably recovered from memory alone.

Let ht denote a high-level visual representation extracted from the current
clip vt. We approximate it as the combination of a reusable historical component
and an incremental component:

ht ≈ R(mt−1, πt) +∆t,

where R(mt−1, πt) denotes the reference representation retrieved from the mem-
ory mt−1 under a matching relation πt, and ∆t captures the newly introduced or
changed information in the current clip. Here, πt can be understood as a compact
memory reference that specifies how the current clip relates to the previously
accumulated memory, while ∆t corresponds to the incremental information that
still needs to be conveyed. This expression is not intended as a strict signal
decomposition. Rather, it describes the communication principle behind Gen-
Trans: if a substantial part of the current content can already be supported by
memory, then the information that truly needs to be transmitted should mainly
correspond to the memory reference and the remaining increment.

After each clip is reconstructed, the memory is updated so that it can con-
tinue to serve later clips. This process is written as:

mt = Φ(mt−1, v̂t, zt),

where Φ(·) denotes the memory update function. Based on the reconstructed
clip and the received condition, it retains, supplements, or replaces memory
entries to maintain a temporally useful pool of visual priors. We do not impose
a specific memory structure here; what matters is its role in reducing repeated
transmission and providing stable support for future generation.

This mechanism is fundamentally different from reference-frame prediction in
conventional video coding. Traditional predictive coding mainly relies on signal-
domain prediction and residual compensation, whereas the memory in GenTrans
is intended to support generation through reusable high-level visual representa-
tions. In other words, what is reused here is not an exact signal reference, but
compact prior information that remains helpful for reconstructing later clips.
This makes the mechanism more compatible with generative receivers and more
suitable for operation at extremely low bitrates.
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3.3 Trading Memory for Computation

Reducing bitrate alone does not automatically make a generative transmission
system efficient as a whole. At the receiver, if every newly arrived clip still re-
quires a full generation process from scratch, continuous communication remains
computationally expensive and may introduce substantial latency. This issue be-
comes more pronounced when the current decoding task shares significant visual
structure or generation context with previously reconstructed content, since re-
building all internal representations from an empty state leads to repeated in-
ference over highly similar information.

To alleviate this overhead, GenTrans introduces state reuse at the receiver.
The key idea is to preserve reusable runtime states produced during previous
decoding processes, and to use a compatible prior state to initialize the current
reconstruction whenever possible. In this way, the receiver does not always start
from an empty state. Instead, it continues reconstruction from a partially estab-
lished generative context. The purpose is not merely to cache previous outputs,
but to reuse intermediate context, internal representations, or high-confidence
generation results that remain valuable for subsequent reconstruction.

Let st−1 denote a compatible prior runtime state available before decoding
the current clip. The generation of the current clip can then be written as:

v̂t = G(zt,mt−1, st−1),

and the corresponding state update is:

st = Ψ(st−1, zt, v̂t),

where Ψ(·) denotes the state transition function.
Under this formulation, the receiver is not solving a sequence of isolated

generation problems. Instead, it performs a continuous or state-connected re-
construction process in which useful generative context can be carried across
time or reused across sufficiently similar decoding instances.

From a resource perspective, this mechanism effectively trades limited storage
and state maintenance for lower repeated computation. Let Cfull

t denote the
computation cost of reconstructing the current clip from scratch, and let Creuse

t

denote the actual cost when state reuse is enabled. In general, we have:

Creuse
t ≤ Cfull

t .

When the prior state is highly compatible with the current condition, the re-
duction can be substantial. In other words, by preserving compact but useful
runtime states, the receiver can avoid repeatedly performing full inference on
already established generative context, thereby reducing latency and improving
the decoding efficiency.

3.4 Robust Transmission under Weak-Network Conditions

Ultra-low-bitrate video communication is typically accompanied by weak-network
conditions such as bandwidth fluctuations, random packet loss, and delay jitter.
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In GenTrans, the receiver does not obtain a complete signal for pixel-accurate
inversion, but rather compact visual conditions that drive generative reconstruc-
tion. Therefore, system usability under weak-network conditions depends not
only on whether the network can deliver all data intact, but also on whether
the model can maintain perceptually acceptable outputs when conditions are
incomplete. Based on this observation, the weak-network design of GenTrans
consists of two complementary aspects: packet-loss-robust training on the model
side and transmission support for generative visual flows on the network side.

First, on the model side, GenTrans explicitly simulates condition missing
during training in order to improve the model’s tolerance to link perturbations.
Let the generative conditions corresponding to the current clip be

zt = {z(1)t , z
(2)
t , . . . , z

(L)
t },

where different components denote condition tokens of different types or gran-
ularities. During training, the system randomly drops a subset of these compo-
nents and retains only a subset z̃t ⊆ zt as input, while requiring the receiver to
reconstruct the current clip under incomplete conditions:

v̂t = G(z̃t,mt−1, st−1).

In essence, this strategy injects random packet loss into the training process,
enabling the generator to compensate for missing information by leveraging his-
torical memory, runtime states, and the remaining conditions, thereby achieving
more stable reconstruction in actual weak-network conditions.

Second, on the network side, GenTrans introduces a dedicated support pro-
tocol for generative video transmission, referred to as AI Flow Transport (AFT).
Rather than following conventional uniform transport of video bitstreams, AFT
is designed around the organization and delivery of generative condition flows.
Its core objective is to apply differentiated handling to condition tokens with
different levels of importance under unstable links, so as to strike a better bal-
ance between reliability and latency from a perceptual perspective. Specifically,
AFT adapts the generative bitstream structure, congestion control, packet re-
transmission, and forward redundancy mechanisms at the system level, allowing
critical conditions to receive prioritized protection instead of treating all trans-
mitted contents as equivalent data. The model-side robust training improves the
system’s ability to continue generating under missing conditions, while AFT fur-
ther improves the likelihood that critical conditions arrive in time; together, they
form the foundation of robust transmission in real weak-network conditions.

3.5 Summary and Discussion

Overall, the key contribution of GenTrans is not an isolated coding or generation
module, but a system-level reorganization of the key resources in generative
video communication under the AI Flow framework. As illustrated in Fig. 1,
GenTrans treats bandwidth, computation, and memory as coupled resources,
and coordinates them toward perceptual utility.
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Fig. 1: Overview of GenTrans as a coupled coordination framework of bandwidth,
computation, and memory under the AI Flow framework.

More specifically, GenTrans consists of three mutually supportive mecha-
nisms. First, generative reconstruction enables the system to replace traditional
high-redundancy signal transmission with a small number of compact visual con-
ditions, corresponding to “trading computation for bandwidth.” Second, cross-
clip memory reuse prevents stable content from being repeatedly described dur-
ing continuous communication, corresponding to “using memory to reduce trans-
mission.” Third, runtime state reuse allows the receiver to avoid performing fully
independent inference for every clip. This reuse arises most naturally between
temporally adjacent clips, but can also be extended to historically matched de-
coding contexts when compatible cached states are available, corresponding to
“trading memory for computation.”

This resource coordination also changes the optimization objective of video
communication. Conventional video coding is mainly driven by rate-distortion
optimization and pixel-level fidelity. In contrast, GenTrans focuses on main-
taining perceptual usability under practical constraints. Stronger generation can
reduce transmission load but increases receiver-side computation; more aggres-
sive memory reuse can lower bitrate but requires reliable memory management;
and state reuse can reduce latency but depends on the compatibility of cached
runtime states. Therefore, GenTrans does not optimize any single resource in
isolation, but seeks a balanced operating point among bandwidth, computation,
and memory. Besides, model-side robust training and AFT-based transmis- sion
jointly ensure that these generative mechanisms can continue to function over
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Table 1: Quantitative comparison on the MCL-JCV 720p dataset.
Method Bitrate (bpp) LPIPS (↓)
GVC [3] 0.008 0.180
HEVC [9] 0.008 0.278
GenTrans (with GenMem) 0.006 0.185
HEVC [9] 0.006 0.328

unstable real-world links, so that the system is effective not only under ideal
conditions but also remains usable in practical weak-network deployment.

In this sense, GenTrans should be regarded as a flexible system framework
rather than a fixed codec configuration. In extremely bandwidth-constrained
scenarios, the system can rely more on generative reconstruction and perceptu-
ally prioritized AFT delivery. In slowly changing scenes, cross-clip memory can
provide larger transmission savings. In latency-sensitive edge scenarios, runtime
state reuse can reduce repeated decoding overhead. Under unstable links, robust
training and AFT allow the system to degrade gracefully rather than collapse
abruptly. This makes GenTrans suitable for continuous video communication
under diverse weak-network and resource-constrained conditions.

4 Results

We evaluate GenTrans from three dimensions directly corresponding to the sys-
tem design goals: continuous transmission bandwidth, receiver decoding effi-
ciency, and robustness in weak-network conditions. First, we examine whether
GenMem can reduce redundant transmissions in continuous video communica-
tion, thereby further reducing the overall transmission bitrate. Second, we ana-
lyze whether runtime state reuse can reduce the overhead of repeated generation
at the receiver, thereby improving decoding efficiency in continuous transmission.
Finally, we evaluate how the proposed weak-network robustness design affects
system stability and availability under random packet loss conditions.

4.1 Bandwidth Reduction with GenMem

We first evaluate the bandwidth efficiency of GenTrans, with a particular focus
on whether it can substantially reduce transmission cost while maintaining per-
ceptual reconstruction quality under ultra-low-bitrate conditions. Experiments
are conducted on the MCL-JCV [10] 720p dataset. We use bits per pixel (bpp)
to measure transmission bitrate and LPIPS [13] to evaluate perceptual recon-
struction quality. We compare GenTrans with HEVC [9] and with GVC [3], a
prior generative compression method that does not use GenMem, to isolate the
contribution of GenMem.

Table 1 reports representative quantitative results at low-bitrate operating
points. Under comparable bitrate budgets, GenTrans consistently achieves sub-
stantially better perceptual quality than HEVC. For example, at approximately
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0.006 bpp, GenTrans attains an LPIPS of 0.185, which is markedly lower than
that of HEVC at the same bitrate. This result indicates that, under highly
constrained transmission budgets, GenTrans preserves perceptual fidelity much
more effectively than conventional signal-level compression. More importantly,
comparison with the GVC baseline demonstrates the additional benefit brought
by GenMem. Relative to GVC, which operates at 0.008 bpp with an LPIPS
of 0.180, GenTrans achieves a comparable perceptual quality (0.185 LPIPS) at
only 0.006 bpp. This corresponds to an additional bitrate reduction of approx-
imately 25%, with only a marginal change in perceptual quality. These results
suggest that GenMem can effectively reduce redundant transmission by reusing
previously accumulated visual memory across temporally related video clips.

Fig. 2: Bitrate-LPIPS curves on MCL-JCV 720p dataset.

To further compare GenTrans and HEVC over a wider range of operating
points, we plot bitrate-LPIPS curves in Figure 2. GenTrans consistently achieves
lower LPIPS than HEVC at the same bitrate across the ultra-low-bitrate regime,
confirming its clear advantage in rate-perception trade-off.

The results above reflect average performance over the benchmark dataset. In
practice, the benefit of GenMem becomes more pronounced in scenes with stable
structure, limited camera motion, or low temporal variation, where background
content and appearance patterns can be retained and reused across video clips.
As a representative example, Table 2 presents results on VideoSRC30 from MCL-
JCV. In this case, GenTrans reduces the bitrate from 0.0103 bpp to 0.0035 bpp
while maintaining similar perceptual quality to GVC, with LPIPS values of
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VideoSRC02 - bpp: 0.0046 HEVC - LPIPS: 0.3804 GenTrans - LPIPS: 0.1718

VideoSRC24 - bpp: 0.0055 HEVC - LPIPS: 0.1682 GenTrans - LPIPS: 0.0836

Fig. 3: Visual comparison between HEVC and GenTrans at similar bitrates.

0.0855 and 0.0866, respectively. This corresponds to a bitrate reduction of about
66%, indicating that GenMem can substantially reduce retransmission overhead
when scene content remains stable over time.

Table 2: Case study in a low-motion scenario.
Method Bitrate (bpp) LPIPS (↓)
GVC [3] 0.0103 0.0855
GenTrans (with GenMem) 0.0035 0.0866

Figure 3 further provides visual comparisons at similar bitrate levels. In both
examples, GenTrans preserves scene structure, visual naturalness, and semanti-
cally important content much better than HEVC. In contrast, HEVC exhibits
severe compression artifacts, structural blurring, and loss of fine details under
ultra-low-bitrate conditions. These visual observations are consistent with the
quantitative trends in Table 1 and Figure 2, further confirming that GenTrans
significantly outperforms conventional video coding under extreme bitrate con-
straints.

4.2 Decoding Efficiency via State Reuse

Reducing transmission bandwidth alone does not guarantee system-level effi-
ciency in generative video communication. At the receiver, if each decoding in-
stance still starts from scratch and performs full inference from an empty state,
the computational cost and response latency remain high. To address this issue,
we further evaluate whether state reuse can reduce redundant computation and
improve overall decoding efficiency.
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Table 3: Decoding efficiency with state reuse under a representative setting.
Method Latency (s) Speedup Reuse Rate
Baseline (w/o reuse) 62.4 – –
State reuse 41.2 1.5× 37%

Table 4: Reconstruction quality under different packet loss ratios.

Drop Ratio 0% 10% 30% 50%

LPIPS (↓) 0.1748 0.1821 0.2030 0.3296

We conduct the evaluation on the dataset of real-world decoding instances
collected from TeleStudio2, and randomly sample 100 instances for analysis.
Table 3 summarizes the results. Under a representative GenTrans setting, state
reuse reduces the average decoding latency from 62.4 s to 41.2 s, achieving an
approximately 1.5× speedup. Meanwhile, the reuse rate reaches 37%, indicating
that compatible prior states occur frequently enough in realistic workloads to
produce significant system-level gains. These results suggest that a compatible
prior runtime state can serve as an effective initialization for the current decoding
instance, thereby avoiding unnecessary repeated inference. Therefore, this design
of GenTrans can effectively mitigate a key concern of generative communication,
namely that reduced transmission bandwidth may come at the cost of excessive
inference overhead.

4.3 Robustness under Weak-Network Conditions

In addition to bandwidth and decoding efficiency, practical deployment of Gen-
Trans also depends on whether it can remain usable under unstable network
conditions. Since generative video transmission relies on conditional information
at the receiver side, packet loss does not merely introduce signal distortion; it
may directly damage the completeness of the received conditions and thus af-
fect the generation process itself. We therefore further evaluate the robustness
of the proposed framework under lossy network conditions, focusing on how
reconstruction quality changes as packet loss increases.

We conduct experiments on the MCL-JCV dataset at a fixed bitrate of about
0.01 bpp, and evaluate perceptual reconstruction quality under different packet
loss ratios. The quantitative results are reported in Table 4. As the packet loss
ratio increases from 0% to 50%, LPIPS rises gradually from 0.1748 to 0.3296.
The degradation remains smooth across the tested range, without showing any
abrupt quality collapse as packet loss becomes more severe. This indicates that
our method preserves relatively stable visual reconstruction quality even under
high packet loss, demonstrating meaningful tolerance to lossy transmission.
2 https://telestudio.teleagi.cn/generatevideo/home
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(a) Original Frame

(b) 0% Loss (c) 10% Loss

(d) 30% Loss (e) 50% Loss

Fig. 4: Reconstruction results under different packet loss rates.

This behavior suggests that GenTrans exhibits graceful degradation when
the received input is incomplete. Even when part of the transmitted information
is lost, the system can still rely on the remaining conditions and learned gener-
ative priors to maintain perceptually usable reconstruction quality, rather than
depending too strongly on fully received input. For real-world deployment, such
smooth degradation is often more important than achieving the best result under
ideal links, because network fluctuations are inevitable in practice and system
usability largely depends on whether acceptable output can still be maintained
under imperfect transmission.

Figure 4 provides qualitative examples under different packet loss ratios. Even
at 10%, 30%, and 50% packet loss, the reconstructed frames still preserve the
main scene structure and the dominant visual content. Although visual quality
decreases as packet loss increases, the degradation remains progressive, without
obvious failure cases or complete loss of recognizability. These visual observa-
tions are consistent with the LPIPS trends in Table 4, and further confirm the
robustness of the proposed method under weak-network conditions.

5 Conclusion

In this paper, we proposed Generative Transmission (GenTrans), an AI Flow
based generative video communication framework for ultra-low-bandwidth and
weak-network scenarios. Different from conventional video transmission methods
that mainly optimize pixel-level fidelity, GenTrans follows the AI Flow principle
of transmitting compact intelligence representations rather than redundant raw
signals, and formulates video communication as a joint optimization problem
over bandwidth, computation, memory, and transmission robustness. By inte-
grating generative reconstruction, cross-clip generative memory, runtime state
reuse, and weak-network-aware transport design, GenTrans reduces redundant
transmission and repeated decoding while maintaining perceptually coherent
video reconstruction. Experimental results demonstrate that GenTrans achieves
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clear advantages in three aspects: transmission efficiency, decoding efficiency,
and robustness under packet loss. In particular, GenTrans significantly lowers
bitrate compared with conventional codecs and prior generative compression
methods while preserving competitive perceptual quality. Moreover, state reuse
effectively reduces decoding latency, and the proposed robustness design enables
graceful quality degradation under lossy network conditions. These results show
that GenTrans is a practical and promising framework for video communication
in challenging real-world environments.
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