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ABSTRACT
Semantic communication offers a promising paradigm for efficient
video transmission. However, existing implementations often rely
on specialized, tightly coupled architectures that hinder the inte-
gration and comparative evaluation of new Artificial Intelligence
(AI) models. In this paper, we present FLEXA, a modular framework
for AI-assisted video communication that decouples AI processing
from transport logic, enabling simplified integration of new mod-
els within a standard Web Real-Time Communication (WebRTC)
environment. The architecture introduces policy-driven semantic
orchestrators that dynamically manage and chain AI models dur-
ing transmission. To demonstrate its capabilities, we integrated a
Super-Resolution Generative Adversarial Network (SRGAN) and
evaluated seven upscaling configurations under different operating
policies. Results indicate that one configuration achieves the best
balance between perceptual quality and efficiency, with LPIPS <
0.1 and SSIM > 0.7 under moderate processing cost. These findings
demonstrate that FLEXA effectively manages different AI-driven
policies, revealing an optimal operating point for resolution en-
hancement and quantifying the distinct performance trade-offs
between different operating policies.

KEYWORDS
semantic communication, neural networks, webRTC framework,
video transmission

1 INTRODUCTION
The growing demand for high-resolution video streaming across
applications like telemedicine, remote collaboration, and immer-
sive entertainment has intensified pressure on network infrastruc-
ture [4]. Semantic communication has emerged as a promising ap-
proach to optimize resource utilization by transmitting contextual
meaning [14]. This paradigm enables significant efficiency gains,
as demonstrated by recent innovations: generative reconstruction
reduces bandwidth requirements while maintaining perceptual
quality, semantic-guided super-resolution enhances visual fidelity
under constrained bitrates, and neural error concealment maintains
continuity during network disruptions [12, 20, 21].

Specific implementations demonstrate these advantages: Wis-
erVR [21] achieves 36% bandwidth reduction in VR streaming
through semantic-region prioritization, SAW [20] enhances streams
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using diffusion-based semantic super-resolution, and Grace [5] im-
proves loss resilience in real-time neural video coding by jointly
training the encoder and decoder under simulated packet losses.
Each system achieves high performance within its target domain
by integrating specialized Artificial Intelligence (AI) technologies–
WiserVR employs attention-guided transmission, SAW combines
scalable coding with semantic enhancement, and Grace implements
end-to-end neural compression.

However, these implementations face integration constraints due
to their specialized architectures. WiserVR builds custom wireless
protocols for Virtual Reality (VR), SAW modifies Web Real-Time
Communication (WebRTC) [19] with diffusion-specific enhance-
ments, and Grace develops a complete neural codec replacement.
This specialization introduces three challenges for semantic com-
munication research: 1) AI techniques become tightly coupled with
transport implementations, 2) cross-approach comparison requires
reimplementation across disparate systems, and 3) evaluating new
models demands significant engineering effort to rebuild transmis-
sion infrastructure.

To address these constraints, we propose FLEXA, a modular and
flexible framework for AI-assisted video communication that decou-
ples AI processing from transport logic. Unlike domain-specific im-
plementations, our solution introduces policy-driven orchestrators
that integrate diverse AI models as configurable components within
standard WebRTC [19]. This enables integration and evaluation of
semantic techniques without modifying underlying transmission
infrastructure. Our contributions include:

(1) Modular OrchestrationArchitecture: AWebRTC-based frame-
work featuring semantic encoder/decoder orchestrators that
dynamically chain AI models through policy-managed pipe-
lines.

(2) System Implementation: implementation of core components
including model registration, runtime adaptation, pipeline
sequencing, and metrics collection. The source code is avail-
able at GitHub Repository. 1

(3) Case Study Evaluation: Demonstration of the framework’s
capabilities through integration of Super-Resolution Gener-
ative Adversarial Network (SRGAN) for resolution enhance-
ment, evaluated across 7 resolution mappings in a web con-
ferencing scenario.

(4) Quality-Performance TradeoffAnalysis: Assessment of policy-
driven quality-latency tradeoffs and bitstream efficiency cor-
relations derived from experimental results.

1https://github.com/LABORA-INF-UFG/paper-EIK-2025
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This work is structured as follows. Section 2 reviews existing lit-
erature on semantic video communication and positions our frame-
work in contrast to prior work. Section 3 details the proposed sys-
tem, presenting its conceptual overview, modular architecture, and
the interaction between its core components. Section 4 describes
the experimental methodology, including the AI model used, its
integration into the framework, the simulation setup, and the per-
formance metrics. Section 5 presents and analyzes the results of our
evaluation, focusing on quality-performance trade-offs under dif-
ferent operating conditions. Finally, Section 6 discusses the current
limitations of the framework, and Section 7 concludes the paper
by summarizing our contributions and outlining future research
directions.

2 RELATEDWORK
Semantic communication has emerged as a strategy to optimize
video transmission under bandwidth and reliability constraints. It
enables systems to transmit essential or compressed representations
of visual data while maintaining intelligibility and usability [14].
Recent works can be grouped by their main technical contributions,
as summarized in Table 1.

Multiple studies propose methods for bandwidth reduction by
minimizing the amount of data transmitted [8, 9, 12, 13, 16, 17, 21].
[16] and [17] use generative models to reconstruct high-quality
images or video from low-resolution or audio inputs, reducing
bandwidth demands. The approach in [17] avoids video transmis-
sion entirely by generating talking-head video from audio and a
reference image. [12] reconstructs corrupted frames without re-
transmission, indirectly lowering bandwidth use. [13] transmits
semantic keypoints and layouts instead of full frames. [21] and [9]
transmit semantic segments rather than full data. [8] sends only
essential information based on channel conditions.

Some approaches incorporate resolution enhancement. [20]
improves visual quality by combining scalable video layers with
semantic segmentation for super-resolution reconstruction. [16]
performs frame reconstruction by applying super-resolution to a
low-resolution base frame, guided by semantic keypoints extracted
from the person in the video.

Robustness to network conditions is addressed by [12], [9], and
[17]. [5] uses a transmission model that maintains decodability un-
der low-bitrate and adverse network conditions. [9] applies hybrid
analog-digital transmission and semantic prioritization to preserve
perceptual information when the channel is unstable. [12] intro-
duces a neural error concealment method that uses spatiotemporal
priors to reconstruct and repair video frames.

Frame interpolation and generation are addressed by [13], [17],
[8], which produce intermediate or full frames using keypoints,
semantic layouts, or generative models. Frame segmentation is used
in [20], [13], [21], and [9], enabling transmission of semantic
regions instead of entire frames.

Some frameworks integrate channel adaptivity to adjust trans-
mission strategies based on network conditions. [13], [21], and
[17] implement such adaptation by modifying which content to
transmit and by jointly training encoders and decoders to work
under multiple conditions.

Semantic communication frameworks have enabled improve-
ments in video transmission, as shown in Table 1, but they often
integrate AI models directly with transport-layer components. This
design requires modifying codecs or developing new systems to
evaluate different AI techniques, which complicates comparative
analysis.

To address this, we propose a framework that decouples AImodel
execution from the communication pipeline. This architecture al-
lows to integrate and evaluate various AI models—for tasks such as
frame interpolation, generation, segmentation, repair, or channel
adaptivity—without altering the underlying codec infrastructure.

We demonstrate the framework’s function by integrating a Gen-
erative Adversarial Network (GAN) for bandwidth reduction and
resolution enhancement, as indicated by the black circles in Table 1.
The gray circles denote capabilities supported by the framework
but not implemented in this work.

3 SYSTEM DESIGN
This work proposes a modular video transmission framework de-
signed to simplify the integration of AI models into the communi-
cation pipeline. The goal is to enable semantic communication by
allowing AI-based processing at different stages of the transmission,
without altering the underlying transport logic. The framework
supports real-time operation and can incorporate models for tasks
such as generation, compression, enhancement, or adaptation.

Figure 1 illustrates the conceptual operation of the framework.
On the sender side, the media source is processed by the Semantic
Encoder, which uses AI models to identify frame segments or detect
new features. Resolution-sensitive segments are transmitted at high
resolution, while less relevant regions are sent at lower quality.
When new features are detected, a full-resolution reference frame
is sent. On the receiver side, the Semantic Decoder reconstructs the
final frame by combining received segments, applying upscaling
models to enhance resolution, and optionally using interpolation
models to increase the frame rate.

3.1 Architecture
The framework is built on WebRTC [19], an open-source library for
real-timemedia transmission over the Real-Time Transport Protocol
(RTP) [15]. To support AI-based frame processing and integrate
with PyTorch [7], we adopt aiortc [1], a Python implementation of
WebRTC.

The framework implements two main orchestrators: the Seman-
tic Encoder Orchestrator and the Semantic Decoder Orchestrator.
Figure 2 illustrates the FLEXA’s internal structure. Each orchestra-
tor contains four core modules:

• Encoder/Decoder Manager: Registers encoders, decoders,
and their associated AI models. Multiple encoders or de-
coders can be available simultaneously, each assigned to
specific tasks such as segmentation, reference handling, en-
hancement, reconstruction, or interpolation. The manager
provides these components to the Pipeline Orchestrator for
dynamic chaining.

• Policy Manager: Manages policies associated with encoders
and decoders, defining the actions to be executed under spe-
cific runtime conditions. Policies are implemented as sets of
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Feature [16] [5] [12] [20] [13] [21] [9] [17] [8] FLEXA

Open Source
Bandwidth Reduction
Resolution Enhancement
Robustness to Network Conditions
Frame Interpolation
Frame Generation
Frame Segmentation
Frame Repair
Channel Adaptivity

Table 1: Feature comparison of recent semantic and neural communication frameworks for video and audio transmission.

rules that use feedback from the Monitor Module, such as
pipeline execution time, to decide processing steps. For exam-
ple, if a delay threshold is exceeded, a policy may skip certain
model stages, process the frame without neural enhance-
ment, or discard the frame and display the last processed
one. Policies can be general, applying to the entire pipeline,
or specific to individual models. All policies are defined be-
fore transmission starts. They are created programmatically
using functions provided by the FLEXA codebase, which
allow developers to define and register new runtime behav-
iors 2. During transmission, the Policy Manager checks the
predefined policies for every processed frame and applies
the corresponding actions dynamically according to current
runtime conditions. New policies can be created as needed,
enabling adaptive and extensible control of data processing
during transmission.

• Pipeline Orchestrator: Determines the sequence of encoders
or decoders to be applied for frame processing, based on the
components registered in the system and the currently active
policies. On the sender side, for example, the pipeline may
include a Preparation Encoder, a Segmentation Encoder, and
a Reference Encoder. On the receiver side, it may include
a Reconstruction Decoder, an Enhancer Decoder, and an
Interpolation Decoder. The Pipeline Orchestrator ensures
that these components interoperate correctly, managing data
flow between them, adjusting execution order, and activating
or deactivating modules in response to policy decisions.

• Monitor Module: Collects runtime statistics and feedback
from the transmission process. It tracks metrics such as ex-
ecution time per pipeline stage, triggered policies, active
encoders/decoders, media stream size, per-model process-
ing time, and generated frames. Metric collection is fully
customizable to include only data relevant for evaluation or
adaptation.

3.2 Module Interaction in Transmission
Figure 3 illustrates the end-to-end module interactions during trans-
mission. On the sender side, theMedia Source provides video frames

2Additional details in the FLEXA’s documentation at GitHub repository.

to the Pipeline Orchestrator, which coordinates the encoding pro-
cess. The Encoder Manager loads the required encoders and associ-
ated AI models, while the Policy Manager applies attached policies
by evaluating runtime conditions. The encoders then process the
frame according to the configured sequence and policy constraints.
The processed output is forwarded to WebRTC for RTP packetiza-
tion and network transmission.

On the receiver side,WebRTC reconstructs the transmitted frame
from packetized data and delivers it to the Pipeline Orchestrator.
The Decoder Manager loads appropriate decoders and AI models,
while the Policy Manager evaluates receiver-side conditions and
enforces corresponding policies. The decoders process the frame
according to the defined pipeline configuration, after which the
final output is rendered by the Media Renderer. This architecture
maintains WebRTC compatibility while enabling dynamic reconfig-
uration of AI processing components through policy-driven adap-
tation, without modifications to the underlying transport layer.

4 EVALUATION
We evaluate our framework in a web conference simulation using
the SRGAN [11] as the resolution enhancement model within the
proposed semantic video transmission architecture. This section
is organized as follows: Section 4.1 describes the SRGAN model;
Section 4.2 details its integration into the Encoder/Decoder Man-
agers and policies; Section 4.3 presents the simulation environment
and experimental setup; and Section 4.4 defines the metrics used
for quality and performance assessment.

4.1 SRGAN
SRGAN is a deep learning model designed to reconstruct high-
resolution images from low-resolution inputs. Its generator con-
sists of 16 residual blocks with upsampling layers, trained using
adversarial loss and perceptual loss computed from VGG19 features.

The model was trained on the Flickr-Faces-HQ (FFHQ) dataset
[10], which contains human face images, using alternating opti-
mization between the generator and discriminator. Inputs were
normalized to [−1, 1], and the loss combined perceptual and adver-
sarial components.

Training was performed for 10,000 epochs across seven resolu-
tion upscaling mappings: i) 64×64 to 128×128, ii) 64×64 to 256×256,
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Figure 1: FLEXA’s conceptual workflow. The sender encodes
low-quality video frames using a Semantic Encoder that de-
tects visual features and, based on trigger conditions, gen-
erates either reference frames or frame segments. At the
receiver side, a Semantic Decoder reconstructs, interpolates,
and upscales the frames using the received reference data,
enabling adaptive AI-driven enhancement within a standard
WebRTC transmission pipeline.

iii) 64×64 to 512×512, iv) 64×64 to 1024×1024, v) 128×128 to 1024×1024,
vi) 256×256 to 1024×1024, and vii) 512×512 to 1024×1024.

4.2 Semantic Integration
On the sender side, the Semantic Encoder Orchestrator was con-
figured using the framework’s modular architecture. The Encoder
Manager registered a Preparation Encoder responsible for downscal-
ing frames to specified transmission resolutions (64×64 to 512×512).
The Policy Manager enforced input policies that defined the target
resolution parameter, which was set during transmission initializa-
tion. During operation, the Pipeline Orchestrator first validated the

WebRTC

Packetization

De-
packetization

Semantic Encoder 
Orchestrator

Encoder Manager

Semantic Decoder 
Orchestrator

Media Source Media Renderer

Policy Manager

Pipeline 
Orchestrator

Monitor Module

Decoder Manager

Policy Manager

Pipeline 
Orchestrator

Monitor Module

Custom 
Encoder

AI 
Model

Custom 
Decoder

AI 
Model

Figure 2: FLEXA’s internal architecture integrated with the
WebRTC layer. Each orchestrator includes managers, pol-
icy controllers, and AI model interfaces coordinated by a
pipeline orchestrator and a monitoring module. The data
flow passes through encoder or decoder managers that dy-
namically select AI models according to predefined policies,
enabling modular and adaptive semantic processing. Trans-
mission occurs through WebRTC packetization and depack-
etization stages.

active resolution policy, then directed frames through the Prepa-
ration Encoder for resizing before packetization via WebRTC. The
Monitor Module tracked the encoded VP8 [3] bitstream values.

On the receiver side, the Decoder Manager instantiated a spe-
cialized SRGAN Decoder capable of upscaling frames to various
target resolutions, dynamically loading appropriate models and
weights based on the active output policy. The Policy Manager
implemented four interconnected policies: 1) An Output Resolu-
tion policy defining the target upscale resolution, 2) A Threshold
policy monitoring pipeline execution delay, 3) A Skipping policy
that bypassed SRGAN processing to directly output low-resolution
frames when the delay exceeded 300ms, and 4) A Freezing policy
that discarded current frames and repeated the last upscaled frame.
The Pipeline Orchestrator coordinated these policies to maintain
real-time constraints–frame dropping or skipping gradually de-
creases processing delay until the Threshold policy permitted AI
upscaling again.

4.3 Experimental Setup
Evaluation was performed in a simulated environment using a 9-
second video of a woman in a typical web conferencing context.
The simulation was repeated for all seven resolution mappings and
for both Skipping and Freezing policies. Additionally, we included
an Unconstrained scenario, in which it is assumed that the SRGAN
always has enough time to enhance every received frame, regardless
of processing delay.

Sender and receiver components were executed on the same
physical machine to eliminate network variability. The system used
an AMD Ryzen 7 5700X3D CPU, an NVIDIA GeForce RTX 4070
Super GPU, and 32 GB of RAM. Output videos were saved by the
receiver for offline metric computation.
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Figure 3: Sequence diagram of the encoder and decoder pipelines. The figure illustrates the end-to-end data flow between sender
and receiver. On the sender side, the Pipeline Orchestrator coordinates the Encoder Manager, AI models, and Policy Manager to
process each frame according to predefined policies before transmission via WebRTC. On the receiver side, a corresponding
Decoder Orchestrator loads the relevant models and policies to reconstruct, enhance, and render the video stream.

4.4 Metrics
Quality metrics included Structural Similarity IndexMeasure (SSIM)
[18], Peak Signal-to-Noise Ratio (PSNR) [6], and Learned Perceptual
Image Patch Similarity (LPIPS) [22], computed by comparing the
processed video with the original. Performance metrics included
bitstream and frame enhancement time.

These metrics were collected in real time by the Monitor Module.
Through its configurable data collection feature, only the relevant
metrics for each experiment were recorded.

5 RESULTS
This section presents experimental results evaluating the semantic
video transmission framework with SRGAN enhancement. We ana-
lyze two primary configurations: 1) upscaling fixed-resolution in-
puts (64×64) to varying target resolutions, and 2) enhancing variable
input resolutions to a fixed 1024×1024 output. Quality is assessed
using three metrics:

• PSNR: Higher values indicate better quality (ideal: ∞)
• SSIM: Higher values indicate better quality (ideal: 1.0)
• LPIPS: Lower values indicate better perceptual quality (ideal:
0)

These metrics are compared across three operating modes: Uncon-
strained, Freezing, and Skipping. Results reveal trade-offs between
visual quality, processing time, and transmission efficiency.

5.1 Upscaling from 64x64 to varying resolutions
Figure 4 demonstrates a consistent degradation in quality metrics
as the upscaling factor increases from 128×128 to 1024×1024. The
Unconstrained condition maintains superior performance across
all resolutions, while the Skipping policy outperforms Freezing at
higher target resolutions (512×512 and above). This advantage stems
from Skipping’s preservation of temporal consistency - though
lower in resolution, each frame reflects current content, whereas
Freezing repeats outdated frames during overload, introducing no-
ticeable motion artifacts. Notably, LPIPS (perceptual similarity)
exhibits greater variance than pixel-based metrics at extreme up-
scaling factors, highlighting SRGAN’s instability when generating
high-frequency details from minimal input data.

Figure 5 relates quality to processing time. The 64×64→256×256
configuration yields the highest PSNR-per-time, suggesting a prac-
tical limit for real-time use. Skipping improves LPIPS-per-time over
Freezing at 1024×1024 because it avoids additional latency accu-
mulation in the enhancement stage. Beyond 512×512, normalized
quality tends to plateau while processing time continues to increase,
which indicates diminishing returns for larger targets.

5.2 Upscaling to 1024x1024 from varying inputs
In Figure 6, Skipping sometimes achieves higher PSNR and SSIM
than the Unconstrained mode. For 512×512→1024×1024, the me-
dian PSNR is 34.2 for Skipping versus 32.5 for Unconstrained. This
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Figure 4: Quality metrics for 64×64 inputs upscaled to target resolutions.
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Figure 5: Quality–time efficiency for 64×64 inputs upscaled to target resolutions.
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Figure 6: Quality metrics for fixed 1024×1024 output from different input resolutions.

arises because the generative component in SRGAN introduces
pixel-level deviations that reduce full-reference scores even when
the perceptual impression improves. LPIPS captures this behavior:
Unconstrained reaches lower LPIPS (0.042) than Skipping (0.068),
indicating better perceptual similarity despite lower PSNR/SSIM. In-
creasing the source resolution narrows the gap between modes; for

instance, the SSIM difference for 256×256→1024×1024 is smaller
than for 64×64→1024×1024, which indicates that SRGAN benefits
from richer input content.

Figure 7 analyzes quality relative to bitstream size. Inputs of
256×256 and 512×512 produce similar LPIPS-per-size because VP8
compresses both with comparable efficiency. The upscaling of
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Figure 7: Quality–bitstream efficiency. Metrics are normalized by transmitted frame size.

128×128→1024×1024 path gives the best SSIM-per-size trade-off
(about 0.87 per MB), surpassing 512×512→1024×1024 by roughly
23% even though its absolute SSIM is lower. At very low inputs
(64×64→1024×1024), Skipping yields about 2.1× higher PSNR-per-
size than Freezing, which makes it preferable when bandwidth is
constrained.

5.3 Key Insights
Across both configurations, the 256×256→1024×1024 setting of-
fers a balanced operating point: LPIPS remains below 0.1 for most
sequences, SSIM normalized by size exceeds 0.7, and dispersion is
low. Policy selection should depend on the operating goal. Skipping
is appropriate when bandwidth or pixel-accurate metrics domi-
nate the objective; Freezing is useful to mask short overloads when
maintaining a continuous stream is more important than enhancing
every frame; Unconstrained operation suits cases where latency
is not critical and the goal is the best perceptual reconstruction.
Finally, PSNR and SSIM do not always track perceptual gains from
GAN-based enhancement, so LPIPS should be considered the pri-
mary criterion for perceptual evaluation, with PSNR and SSIM
reported for completeness.

6 LIMITATIONS
While the proposed framework enables flexible integration of AI
models into real-time video transmission, two primary limitations
merit consideration for practical deployment. First, the architec-
ture assumes AI models process data in standard video frame for-
mats (e.g., RGB pixel arrays). Models generating non-visual out-
puts—such as autoencoders [2] producing latent representations,
feature maps, or semantic embeddings—require custom packeti-
zation schemes to interface with WebRTC’s transport layer. Im-
plementing such schemes would necessitate modifications to the
WebRTC integration layer, including developing specialized seri-
alization/deserialization handlers, which falls outside the current
implementation scope.

Second, the framework lacks native support for temporal mod-
els requiring multi-frame contexts (e.g., optical flow networks, 3D
convolutional networks, or recurrent video processors). Although

the modular design could accommodate such models through cus-
tom components, this would demand per-model implementation
of: 1) Frame buffering and synchronization logic, 2) Inter-frame
dependency management, and 3) Delay compensation mechanisms
without centralized coordination. Future extensions could address
this through a pipeline buffer module at the orchestrator level,
which would manage frame histories and temporal dependencies
holistically while maintaining policy-controlled latency bounds.
This extension would enable temporal processing without requir-
ing fragmented per-component solutions.

7 CONCLUSIONS
This work explored the application of semantic communication
to video transmission systems, for which we proposed a modular
WebRTC framework. Policy-driven orchestrators with configurable
encoder/decoder managers were implemented in both sender and
receiver components, which enable dynamic chaining of diverse
AI models without modifying the underlying transmission infras-
tructure. Furthermore, system implementation and experimental
validation were conducted, demonstrating quantifiable quality-
performance tradeoffs. We anticipate this framework will serve
as a foundation for flexible evaluation of semantic techniques in
resource-constrained video communication environments.

Future work will focus on three key extensions: First, we will
develop packetization schemes for non-visual semantic representa-
tions (e.g., latent embeddings) and implement temporal buffering
subsystems to support multi-frame AI models. Second, we will ex-
pand the framework’s applicability by integrating advanced seman-
tic techniques – including neural compression and context-aware
transmission – and evaluate them under diverse network scenar-
ios. Third, we will establish joint encoder-decoder coordination
protocols that leverage bidirectional metadata exchange to dynami-
cally optimize processing pipelines based on end-to-end semantic
requirements and resource constraints.
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Acronym Definition
AI Artificial Intelligence
FFHQ Flickr-Faces-HQ
GAN Generative Adversarial Network
LPIPS Learned Perceptual Image Patch Similarity
PSNR Peak Signal-to-Noise Ratio
RTP Real-Time Transport Protocol
SSIM Structural Similarity Index Measure
SRGAN Super-Resolution Generative Adversarial Network
VR Virtual Reality
WebRTC Web Real-Time Communication

Table 2: Summary of acronyms.
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