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Abstract
Classical communication systems strive for bit-by-bit recon-
struction, yet this objective often misaligns with downstream
application tasks, such as perception and decision-making
with sensor data. This mismatch is amplified in wireless set-
tings, where packet losses and channel dynamics make strict
bit-fidelity both costly and fragile. In this paper, we intro-
duce Knowledge-Driven Communication (KDC), a frame-
work that transmits semantic knowledge rather than raw bits
by leveraging pretrained knowledge bases. KDC features a
task-aware transmitter, which uses multimodal foundation
models to abstract source data into tokenized embeddings and
prioritize semantically critical content, enabling zero-shot
adaptation without task-specific retraining. On the receiver
side, KDC employs pretrained knowledge bases and incremen-
tally updated context to reconstruct task-relevant information,
enabling graceful degradation even under data loss. We im-
plement a full KDC prototype and evaluate it over diverse
data modalities and wireless networks. KDC operates as an
application-layer codec wrapper and receiver-side restoration
module, fully compatible with existing wireless communica-
tion protocols and source/channel coding mechanisms. Exper-
iments show that KDC consistently outperforms state-of-the-
art codecs and learned baselines, achieving high task accuracy
with a fraction of the transmitted data, while maintaining
robustness under challenging wireless conditions.

1 Introduction
The modern Internet of Things (IoT) is characterized by
a torrent of multimodal sensor data, powering applications
from cooperative automotive perception [62, 65] and video
surveillance [58] to volumetric holoportation [10] and smart
transportation systems. These systems are no longer passive
data producers but active decision-makers whose efficacy
depends on a continuous, real-time understanding of their
environment. However, the communication networks that
underpin this evolution, particularly wireless links like 5G,
WiFi, and LoRaWAN, are designed around a bit-level fidelity
paradigm [57]. While Shannon’s theory establishes fundamen-
tal capacity limits, practical systems built on this paradigm
face a mismatch: the network’s objective (minimizing bit error
rate) diverges from the application’s objective (maximizing
task or decision success) [23].

This challenge is particularly pronounced in the dynamic
wireless medium, where factors like interference and chan-

nel fading frequently lead to packet losses. The conventional
retransmission-based protocols can recover the packets, yet at
the cost of end-to-end latency. However, the strict bit-level ac-
curacy is not always a prerequisite for conveying the semantic
meaning of sensor data. Analogous to human conversation,
even a partially received or corrupted message can often be
sufficient for comprehension and decision making [7]. To
leverage this observation, recent research has explored two
primary pathways. The first replaces classical communication
signal processing blocks with trainable, data-driven machine
learning models [2, 24, 25, 47]. These systems, however, re-
main tethered to the bit-reconstruction paradigm, as their loss
functions are defined by reconstruction accuracy. They learn
to combat channel distortions without comprehending the
semantic significance of the message content. The second ap-
proach, known as semantic or goal-oriented communication,
optimizes for end-to-end task performance rather than bit ac-
curacy [8,22,23,64,68]. These systems are mostly trained for
joint source and channel coding, essentially optimizing task-
specific data compression and error protection with limited
interpretation of the data itself. In addition, they are typically
trained for a specific task [24,64] and lack the ability to adapt
based on changing task relevance.

Addressing these limitations calls for a different design
approach. Ideally, the transmitter should be able to represent
and convey essential semantic meanings rather than merely
compressing data, while the receiver should autonomously
and proactively interpret that meaning rather than passively
recovering data bits. This would not only improve commu-
nication efficiency and resilience but also grant the system
the capacity for graceful degradation, where the receiver can
incrementally build understanding and even “early exit” to
reduce latency once a task is satisfied with partial information.

In this paper, we approach this vision through KDC, a novel
knowledge-driven communication framework for semantic
sensor data delivery. Rather than proposing new channel cod-
ing or physical-layer mechanisms, KDC operates as a sys-
tems and networking approach for task-aware data deliv-
ery that complements standard source coding and existing
link/PHY-layer protocols. KDC is grounded on two fundamen-
tal principles. First, both the transmitter and receiver should
be equipped with a shared knowledge base (KB)—typically a
foundation model, pretrained offline. With this KB, the trans-
mitter only needs to send the most essential semantic infor-
mation, and the receiver can interpret it through its KB. This



principle facilitates zero-shot adaptation to new tasks with-
out requiring task-specific end-to-end retraining. Secondly,
the KDC receiver is a generative by nature and empowered
with reasoning capabilities. It reasons about incoming partial
information, extrapolates from its KB, and accumulates new
knowledge as communication proceeds. In this way, the more
it receives, the less it needs to receive. In addition to efficiency,
the proactive reasoning also enables resilience against partial
or corrupted information.

To materialize the principles, KDC addresses two major
design challenges.

How can knowledge be effectively represented and trans-
mitted for diverse sensor modalities? To transmit knowledge
rather than raw data, we observe that multimodal founda-
tion models [29, 51] have demonstrated strong capabilities in
aligning heterogeneous sensor data with human-interpretable
semantics. KDC equips both transmitter and receiver with a
shared knowledge base (SharedKB, defined in Sec. 3.1), en-
abling raw sensor streams to be translated into a common
semantic language of tokenized embeddings, which serve as
the primary unit of transmission. This design can theoretically
generalize across heterogeneous modalities, as supported by
the Platonic Representation Hypothesis [26], which posits that
sufficiently capable models learn modality-agnostic “Platonic”
latent variables that capture task-relevant structure across di-
verse sensors. Furthermore, KDC incorporates a semantic-
importance extraction method that estimates the relevance
of each token for a user-defined task, contextualized by the
SharedKB. This enables the transmitter to prioritize seman-
tically critical content, while the receiver can form a task-
relevant understanding even from a partial data stream. A key
advantage of this design is its ability to perform zero-shot
adaptation, i.e., to adjust to new tasks without task-specific
retraining [36, 51].

How can the receiver efficiently extract knowledge from
partial or corrupted transmissions through reasoning? To
build resilience against channel impairments, KDC introduces
a knowledge-conditioned receiver architecture that intelli-
gently reconstructs data by drawing upon both a pretrained
SharedKB and a dynamically updated knowledge base (Poste-
riorKB) (defined in Sec. 3.1). When faced with incomplete
information, the receiver can infer the missing content by ref-
erencing these knowledge stores, effectively reasoning about
the data to restore its semantic integrity. Furthermore, KDC
employs a progressive knowledge refinement mechanism,
where the PosteriorKB is dynamically updated to incorporate
new semantic insights gathered from ongoing communica-
tions. This incremental learning capability enables the system
to progressively enhance transmission efficiency while re-
maining robust against channel dynamics [8].

We have realized the KDC framework through a meticu-
lously engineered, end-to-end prototype. Our implementation
encompasses a task-aware transmitter that uses offline founda-
tion models for zero-shot semantic decomposition, modality-

specific embedding pipelines for 4 representative data modali-
ties (image, video, LiDAR, and radar data), and a novel codec
wrapper that pragmatically integrates semantic prioritization
with standard codecs. At the receiver side, we implement
a lightweight, knowledge-conditioned restoration network.
The entire system is optimized with parallel and pipelined
processing to ensure real-time operation.

We have conducted a comprehensive evaluation of KDC’s
system-level efficacy across the 4 data modalities using real-
world 5G, WiFi, and LoRa testbeds. The results demonstrate
that KDC consistently and significantly outperforms state-of-
the-art baselines in downstream task accuracy (e.g., 0.55–0.65
Top-1 accuracy under 10% packet loss vs. < 0.2 for baselines,
0.85 Top-1 with only 10 kB data, and > 0.8 radar/LiDAR
accuracy at 10% loss), particularly under wireless channel
dynamics. Our micro-benchmarks confirm that KDC achieves
similar or higher accuracy comparable to full-data transmis-
sion with only a fraction of the data (e.g., 0.85 Top-1 accu-
racy with 10 kB data). Its zero-shot adaptability outperforms
specialized models on diverse tasks without retraining. Fur-
thermore, it sustains real-time performance (32 FPS on edge
devices such as Jetson Orin, > 100 FPS on desktop GPUs).

Our contributions can be summarized as follows:
•We propose KDC, a novel knowledge-driven communi-

cation framework that leverages pretrained KBs for efficient
transmission and a generative, reasoning-capable receiver for
resilience against data loss.
•We design a task-aware transmitter that leverages multi-

modal foundation models to represent diverse sensor data in
a unified semantic space and dynamically prioritizes content
based on task relevance but without task-specific retraining.
•We design a knowledge-conditioned restoration frame-

work for the receiver, which leverages both shared and dy-
namically updated local KBs to infer missing information.
•We implement a complete KDC prototype and conduct

an extensive evaluation across four sensor modalities on three
real-world wireless testbeds, demonstrating significant gains
in task accuracy and transmission efficiency, and validating
the system’s real-time viability.

2 System Overview
Our KDC design aims to achieve three key objectives: (i) effi-
cient task-aware data transmission, (ii) progressive transmis-
sion with adaptation to unstable wireless channels, including
varying throughput and packet loss, and (iii) generalization
across different data types and processing tasks.

Fig. 1 annotates the three pipeline stages in KDC and how
knowledge bases (SharedKB and PosteriorKB, defined in
Sec. 3.1) interact at the transmitter (Tx) and receiver (Rx).
The Task-aware Transmitter (Sec. 3.1) embeds raw multi-
modal data into semantic tokens and prioritizes them by task
relevance. These tokens are passed through the Codec Wrap-
per (Sec. 3.2), which integrates semantic importance into
standard source coding codecs (e.g., JPEG for images) to en-
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Figure 1: KDC system workflow.

sure compatibility. At the receiver, Knowledge-Conditioned
Restoration (Sec. 3.3) leverages shared and posterior knowl-
edge bases to recover corrupted or missing content, enabling
resilience against channel dynamics.
Protocol-stack positioning. KDC operates entirely at the ap-
plication layer, acting as a standard-compatible codec wrapper
at the transmitter and a knowledge-conditioned restoration
module at the receiver. The underlying PHY/MAC channel
coding, retransmission mechanisms (e.g., ARQ/HARQ), and
transport protocols remain unchanged. KDC does not replace
or modify any physical-layer reliability mechanisms. Instead,
it adds a semantic prioritization and restoration layer on top
of existing network stacks.

3 System Design
3.1 Knowledge Representation at Tx
3.1.1 Unified Embedding of Diverse Sensor Data Types
To enable knowledge-driven transmission of multi-modal data
without task-specific retraining, KDC builds on a core observa-
tion: modern multimodal foundation models can align diverse
sensor data with human-interpretable semantics. By leverag-
ing such models, raw sensor inputs can be abstracted into
unified tokenized embeddings that can then serve as the pri-
mary unit of transmission.
Tokenized Representation. Fig. 2 illustrates KDC’s approach
towards generalizable knowledge representation. Formally, let
X ∈ Rd1×d2×···×dk represent raw sensor data, where k denotes
the number of spatial, spectral, or temporal dimensions. For
instance, X may represent a 2D grayscale image (k = 2), a 3D
radar spectrum (k = 3), a point cloud, or even a time-varying
tensor stream in continuous sensing applications.

KDC employs a pretrained encoder f : Rd1×···×dk → RT×d

that maps X to a tokenized embedding sequence Z consisting
of T tokens in a d-dimensional space:

Z = f (X) = [z1,z2, . . . ,zT ], zi ∈ Rd . (1)

We instantiate f (·) with modality-specific backbones pre-
trained on large-scale datasets. For images and video, we use
a CLIP ViT-B/16 encoder [37], mapping each 16×16 patch
into a d = 512 token. For 3D point clouds, we voxelize input
and use sparse 3D convolutional encoders [13, 14] to produce
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Figure 2: KDC supports multimodal data transmission by
abstracting heterogeneous sensor data into a unified token
space via existing multimodal foundation models.

region-level tokens. For radar volumes, we pretrain a trans-
former encoder [6] on synthetic and real radar datasets with
CLIP-style contrastive learning, aligning radar tensors to text
semantics. These encoders place heterogeneous sensor data
into a unified embedding space shared by the Tx and Rx.

Knowledge Base (KB). We formalize the KB abstraction
using two complementary modes.

Shared Knowledge Base (SharedKB) refers to the collec-
tion of pretrained multi-modal foundation model encoders
and their aligned embedding spaces, jointly available to both
Tx and Rx. Specifically, SharedKB includes the modality-
specific encoders f (·) described above together with their
associated text encoders, such that all token embeddings are
projected into a common semantic space. This unified em-
bedding space captures domain-general priors (e.g., visual,
spatial, and spectral semantics) that are fixed once the en-
coders are pretrained offline. Both Tx and Rx load the same
set of encoders and embedding layers, ensuring that tokens
produced by one side can be directly compared, scored, and
decoded on the other. In this sense, SharedKB is not a single
foundation model or a single encoder function, but the shared
semantic backbone that aligns heterogeneous modalities into
a reproducible and consistent representation. In deployment,
Tx and Rx must load identical model identifiers and version
numbers for SharedKB to ensure embedding consistency. We
discuss practical safeguards (e.g., version-ID metadata ex-
change) in Sec. A.

Posterior Knowledge Base (PosteriorKB). Unlike the
static priors in SharedKB, PosteriorKB is an evolving, task-
conditioned store that accumulates session-specific knowl-
edge produced during communication. We implement Posteri-
orKB as a vector database indexed by semantic prompts (bins)
and paired data embeddings. Formally, each record is a tuple
(etext,edata,tags), where etext ∈ Rd is the text embedding of
a task/bin (e.g., “pedestrian detection”), edata ∈ Rd is a latent
representation of associated sensor data (image/video token
features, LiDAR voxel features, radar volume features), and
tags annotate the modality for cross-modal retrieval. All em-
beddings are ℓ2-normalized and indexed with a FAISS-backed
vector store (via ChromaDB).



3.1.2 Semantic Selection (Bin-conditioned Importance)
A key innovation in KDC lies in the Tx-side semantic
selection mechanism, which enables task-aware prioritiza-
tion without retraining. Given a downstream task T (e.g.,
object detection, gesture recognition, or event classifica-
tion), KDC defines an importance scoring function αi =
Importance(zi,T ,SharedKB) that quantifies how strongly
each token zi contributes to the task. Tokens with higher αi
values are prioritized for transmission:

Z′ = {zi ∈ Z | αi ≥ τ}, (2)

where τ is a threshold controlling the aggressiveness of se-
mantic compression. This formulation allows the Tx to focus
on transmitting only semantically critical content, while the
Rx leverages the SharedKB to reconstruct relevant task repre-
sentations even under lossy channels.
Semantic Bin Extraction. The importance scoring process
relies on decomposing high-level task descriptions into ac-
tionable semantic bins. Given a task description such as “au-
tonomous driving” or “elder care monitoring”, we leverage
foundation models from the SharedKB during an offline pre-
processing stage to extract relevant semantic entities and ob-
ject categories. For example, “autonomous driving” is de-
composed into semantic bins like “car”, “pedestrian”, “traffic
light”, and “road sign”. This decomposition transforms ab-
stract task descriptions into concrete semantic anchors that
can be matched against sensor data embeddings.

Prompt for Semantic Bin Extraction

System: You are an expert in visual scene analysis. You have access to
external knowledge retrieved from a database using “retrieve(·)”. Use
the retrieved context below as your primary source of truth. Your task
is to identify concrete objects that cameras, LiDAR, or radar sensors
would detect in real-world scenarios. List 4–8 specific objects, people,
or physical elements that sensors would commonly observe in user’s
task scenario. Focus on visible, tangible items that appear in sensor data.
Return only the object names, separated by commas.
User: Task scenario: "[TASK_DESCRIPTION]"
Assistant: [Generated semantic bins]

The foundation model (Qwen3-0.6B/1.7B/4B [67] in our
implementation) is invoked only once during offline decompo-
sition, with the sample prompt shown above, and the resulting
bins are cached for the entire communication session. This
eliminates the need for online LLM inference and ensures con-
sistent semantic interpretation across multiple data transmis-
sions. As shown in Fig. 3, without semantic decomposition,
segmentation models misinterpret generic task prompts and
produce incorrect importance maps, whereas decomposition
via foundation models yields accurate task-aware importance
estimation.
RAG-Enhanced Bin Extraction via PosteriorKB. To im-
prove bin quality and coverage, we augment the offline de-
composition with retrieval-augmented generation (RAG) us-
ing the PosteriorKB. The PosteriorKB contains: (i) curated
label taxonomies and textual definitions from public datasets

Image "car, person, traffic light""Autonomous driving"

w/o Decomposition w/ Decomposition

Figure 3: An example for image data transmission. The se-
mantic segmentation fails to digest the general description of
downstream tasks, resulting in an incorrect importance map.
KDC uses foundation models to digest the task descriptions
for segmentation models, leading to more accurate impor-
tance estimation.
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Figure 4: An example for image data transmission. The end-
to-end trained model cannot adapt to downstream applications,
while KDC achieves zero-shot task-aware prioritization.

(e.g., Cityscapes categories for driving, human-pose labels
for radar/LiDAR use cases), (ii) text snippets and exemplar
images/volumes collected from domain documentation, and
(iii) metadata (modality tag, environment, timestamp). We
index these items as dense vectors using ChromaDB with
FAISS-based indexing.

Given a task prompt, we embed it with the same text en-
coder used at runtime, retrieve top-k candidate entries (default
k=32) from the PosteriorKB by cosine similarity, and pass the
prompt plus retrieved snippets to the foundation model. The
foundation model consolidates and canonicalizes them into
the final semantic bin list (deduplicated synonyms, pruned
long-tail items), which we cache for the session. This RAG-
enhanced extraction produces more precise semantic bins that
remain fixed throughout the communication session.
Importance Scoring and Map Construction. Given seman-
tic bins B={b j}m

j=1, we compute text embeddings t j ∈ Rd

for each bin using modality-specific encoders (e.g., CLIP text
encoder for images/video; modality-specific text encoders
for LiDAR/radar). Both token and bin embeddings are L2-
normalized. For each token zi, we compute cosine similarity:

si, j =⟨ zi
∥zi∥ ,

t j
∥t j∥ ⟩ si=max

j
si, j. (3)

Importance weights are obtained via temperature-
normalization: αi = exp(si/Tattn)

∑u exp(su/Tattn)
, where Tattn = 0.07

by default. Token selection follows Eq. (2) with threshold τ,
which trades bandwidth for task accuracy.

Given {αi}, we generate modality-specific importance
maps: a spatial mask for images/video (per-patch or per-
region), a voxel-level heatmap for LiDAR, and a spec-
tral/voxel mask for radar volumes. These maps drive trans-
mission budgeting: units with larger αi are allocated more
tokens and finer quantization steps, while background units



receive fewer or no bits. Operationally, this bridges Sec. 3.1
and Sec. 3.2: the mask guides a pre-quantization step that
retains more high-frequency coefficients in high-importance
units before feeding standard codecs (JPEG/H.264/PCC), so
that quantizers and entropy coders reinforce—rather than di-
lute—the task-aware priorities.

We instantiate Importance(·) with modality-aware rele-
vance estimation. For images/video, we use CLIPSEG to
propose region candidates; each region is encoded and com-
pared (cosine similarity) with semantic-bin embeddings from
the SharedKB, yielding per-region αi. For LiDAR and radar,
inputs are partitioned into units (voxels or point groups), unit
embeddings are extracted (e.g., sparse convolution for LiDAR
and a lightweight 3D encoder for radar), and cosine similarity
to SharedKB bin embeddings produces {αi}. These scores
are then converted into the importance maps described above.

The semantic bins serve as interpretable grounding units,
effectively allocating transmission budget to semantically rel-
evant regions while tokens aligned with ‘background’ receive
fewer bits. As shown in Fig. 4, end-to-end trained codecs can-
not flexibly adapt to different downstream tasks, since their
importance allocation is implicitly tied to training datasets.
In contrast, KDC explicitly grounds importance on semantic
bins, thereby enabling zero-shot task-aware prioritization.

3.2 KDC Codec Wrapper
KDC is a general transmission paradigm designed to interoper-
ate with existing source coding codecs, not replace them. This
compatibility is essential because (i) standards such as H.264,
JPEG, and PCC are tightly integrated with commodity hard-
ware accelerators and network stacks–changing their inter-
nals would break interoperability; and (ii) many deployments
face legacy constraints that mandate standard-compliant bit-
streams. Consequently, unlike neural codecs [24, 39] that
rewrite content into latent spaces (sacrificing interpretabil-
ity and compatibility), KDC aims to preserve the standard
data format while embedding task-aware prioritization.
Headers. KDC augments conventional codec headers with
a lightweight semantic component. In addition to format-
specific metadata (e.g., quantization tables and encoding pa-
rameters), the header carries the word-level semantic bins
generated during semantic selection (Sec. 3.1.2). This en-
ables the receiver to interpret the task context of the incoming
content without altering the standard bitstream. The header
remains constant across a session (i.e., throughout a sequence
of transmissions) and is therefore sent once. For static scenes,
adjacent frames can also reuse the same importance map,
further reducing overhead. While the header provides seman-
tic context for decoding, additional processing is required to
ensure that these priorities survive the internal operations of
legacy codecs.
Transform Domain Entropy Reduction. While semantic
prioritization identifies task-relevant tokens, legacy codecs
still apply fixed quantization tables that may override these

priorities. To resolve this compatibility issue, KDC performs a
lightweight pre-processing step that reshapes entropy before
encoding in the appropriate transform domain (frequency
domain for images/video/radar, spatial domain for LiDAR).

Specifically, the input is partitioned into processing units,
with each unit embedded into a token, forming unit-token
pairs. Tokens receive importance weights αi using the co-
sine similarity and temperature-normalization process de-
scribed in Sec. 3.1.2, producing a content-aware heatmap.
We then apply the appropriate transform for the target
codec and obtain transform coefficients (frequency coeffi-
cients for images/video/radar, spatial coefficients for LiDAR).
Quantization follows the codec’s predefined tables, but its
granularity is modulated by the importance weights: high-
importance regions preserve more detailed coefficients, while
low-importance regions are aggressively quantized. Finally,
coefficients are cast to appropriate bit depths, with negligible
components in low-importance regions set to zero to maxi-
mize entropy reduction.

This design works with any codec that exposes a
transform-quantization-entropy pipeline, allowing KDC to
insert modality-specific pre-quantization steps that ensure
codec-internal quantizers reinforce, rather than dilute, the
semantic priorities. The specific implementation varies by
modality as detailed below.

Modality-Specific Integration. KDC tailors its semantic pri-
oritization strategy to the characteristics of each sensor modal-
ity. Images/Video: KDC prioritizes high-information regions
using semantic content detection, applying finer quantization
to salient areas while coarsely encoding background regions.
The importance weighting ensures that semantically criti-
cal visual content receives preferential bit allocation. LiDAR
Point Clouds: KDC maintains structural integrity by allocat-
ing more bits to high-density or object-boundary regions that
contain semantic objects. The spatial partitioning strategy
ensures geometric fidelity is preserved for task-relevant 3D
structures while background regions use coarser represen-
tations. Radar Spectrograms:KDC identifies task-relevant
frequency components while suppressing background noise
through entropy-aware filtering. The importance-driven ap-
proach ensures that motion patterns and reflective signatures
critical to the task receive priority in the spectral domain.

Integration with Existing Codecs. After modality-specific
preprocessing, each unit is converted back to the codec-
native input domain (e.g., pixel intensities for JPEG/H.264,
voxel/magnitude grids for 3D spectra, or voxelized blocks
for PCC), so the downstream encoder consumes a standard-
conformant signal without any modification. Because low-
importance regions now contain less information entropy,
standard codecs naturally allocate fewer bits to them, achiev-
ing task-aware compression while remaining fully compatible
with H.264/JPEG/PCC and existing hardware accelerators.
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image restoration, hence restoring the data in terms of packet
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3.3 Knowledge-Conditioned Restoration at Rx
In practical IoT sensor data delivery scenarios, the KDC Rx
must contend with two primary challenges. The first lies in
data loss due to channel dynamics. Since the tokenized knowl-
edge eventually still has to be delivered through ordinary
modulation/demodulation, random channel fading inevitably
affects the transmitted tokens, leading to corrupted or miss-
ing semantic content. Unlike traditional bitwise transmission
errors, such losses may disproportionately degrade KDC’s
performance if task-relevant semantic content is impacted.

The second challenge arises in latency-sensitive applica-
tions under communication bandwidth constraint. To meet
the task deadline, a receiver may choose to terminate recep-
tion early, accepting semantic approximation in exchange for
latency reduction. Consequently, the receiver only observes a
partial, coarse-grained representation of the input data.

To address both problems, KDC introduces a knowledge-
conditioned restoration framework(Fig. 5). The Rx leverages
a PosteriorKB to reconstruct incomplete or corrupted sensor
data. This process improves over time through continual ac-
cumulation of context, enabling the Rx to gradually reduce
its dependence on explicit transmission.
Restoration Architecture. Let X denote the transmitted data,
and X̃ the possibly lossy, partial version received. The Rx
aims to recover a high-fidelity semantic estimate X̂ using both
X̃ and prior knowledge:

X̂ = R (X̃ ,SharedKB,PosteriorKB). (4)

The restoration function R (·) operates through modality-
specific networks: UNet for images/video and transformer ar-
chitectures for LiDAR/radar volumes. These networks are pre-
trained once per modality using generic restoration datasets,
with task-specific adaptation achieved purely through runtime
conditioning—eliminating per-task retraining.

For restoration conditioning, the PosteriorKB serves as a
contextual reference database. Each PosteriorKB record stores
(etext,edata) tuples, where etext embeds the semantic bins car-
ried in transmission headers (e.g., “pedestrian detection”) and
edata represents the latent features of associated sensor data.
At inference time, the Rx performs k-nearest neighbor search

on etext to retrieve the most relevant contextual samples, which
act as visual or structural priors for reconstruction.

Restoration is conditioned via feature-wise linear modula-
tion (FiLM) [48] at each decoder stage:

FiLM(f) = γ(ectx) · f+β(ectx), (5)

where f is a decoder feature map, ectx is the concatenated
embedding from retrieved PosteriorKB references, and γ(·),
β(·) are learned affine transformations that modulate features
based on retrieved context.
Knowledge Accumulation. Beyond restoration, the Poste-
riorKB itself is dynamically updated to directly address the
two challenges above: additional stored context improves
tolerance to missing tokens, while accumulated history en-
ables incremental refinement over time. After each reception
round, the system stores the text embedding etext along with
the restored data embedding edata, which are indexed in the
PosteriorKB and later retrieved to aid subsequent restorations.
To prevent unbounded growth, semantically similar embed-
dings are grouped by cosine similarity and replaced with their
centroid (simple vector averaging), forming canonical refer-
ences that improve restoration accuracy. This process yields
a positive feedback loop: The more the system receives, the
less it needs to receive.

4 Implementation
4.1 Implementation of Diverse Data Modalities
We implemented a full end-to-end prototype of the KDC
framework to validate its effectiveness across four representa-
tive sensor modalities: image, video, LiDAR, and radar.
Image and video modality. For image inputs, we instanti-
ate the modality-specific encoder backbones introduced in
Sec. 3.1, using pretrained ViT [19] and CLIP [37] models.
Each image is partitioned into non-overlapping patches and
embedded into semantic tokens following the standard trans-
former pipeline. For video inputs, we apply the same tok-
enization per frame and then aggregate tokens from a slid-
ing window of consecutive frames via temporal pooling, en-
abling temporal-aware attention during importance estima-
tion and restoration. To connect token importance with task
semantics, we integrate CLIPSeg to generate coarse region
proposals that are aligned with the semantic bins derived in
Sec. 3.1.2. On the Rx side, image restoration is performed
using a lightweight UNet decoder, conditioned by seman-
tic context through feature-wise linear modulation (FiLM),
which applies affine transformations to decoder feature maps
based on embeddings retrieved from the SharedKB.
LiDAR and radar modality. For point-based or volumet-
ric sensors, we develop custom embedding pipelines that
follow the same tokenization principle as Sec. 3.1. LiDAR
point clouds are voxelized into 3D grids and passed through a
sparse convolutional encoder, which produces a sequence of
region-level tokens. Radar data are treated in a similar fashion,



with domain-specific adaptations. We use a 20×20 MIMO
radar [1] to collect channel responses. The raw intermediate-
frequency samples are processed using the MUSIC algo-
rithm [54] to obtain a 256×256×256 spatial spectrum cube
(angle, range, Doppler), which is then partitioned into voxel
units and embedded as tokens. We pretrain a radar encoder
using contrastive learning to embed these 3D volumes into a
latent space. To enable semantic alignment (Sec. 3.1.1) with
the shared embedding space, we train a transformer-based
radar-to-text model on a curated dataset with human pose
annotations [41], following a CLIP-style objective that aligns
radar tokens with textual pose descriptors. Here “pose labels”
serve as semantic tags for contrastive supervision rather than
conventional segmentation masks. The LiDAR pipeline fol-
lows a similar architecture, but is supervised using per-point
semantic annotations instead of pose labels.

For the restoration network on the Rx side, the radar and Li-
DAR inputs are restored using transformer-based backbones,
with multi-head cross-attention layers to fuse corrupted tokens
and retrieved references. During training, we simulate real-
world degradation by introducing randomized packet drop
(5%–15%) over semantic tokens. The image/video restoration
network is pretrained on a combination of COCO-20 [45] and
FSS-1000 [35]. The LiDAR restoration network is pretrained
on ShapeNet [9] with simulated voxel dropout. The radar
restoration network is pretrained on our in-house radar-pose
dataset (Sec. 4.1) with synthetic packet drop augmentation.
All models are trained using an L1 loss on the reconstructed
signal. Optimization is performed using Adam with β1 = 0.9,
β2 = 0.999, initial learning rate of 10−3, and cosine anneal-
ing to a minimum of 2× 10−5. The final restoration model
consists of 9.4 million parameters.

4.2 Parallel and Pipelined Processing.
The runtime processing of KDC orchestrates three key stages:
KDC, encoding, and transmission.

Pipeline architecture. The three stages operate in a
producer-consumer pipeline pattern, as illustrated in Fig. 6.
While one frame undergoes transmission, another can be si-
multaneously encoded, and a third can begin KDC processing.
This multi-stage pipeline ensures continuous data flow and
improved resource utilization. However, the pipeline stages
have unequal processing times, with KDC typically requiring
more computation time than encoding, which could poten-
tially create a bottleneck in the pipeline. KDC addresses this
through parallelization combined with intelligent caching.

Parallel KDC processing. Unlike the encoding stage,
which must process frames sequentially to maintain data de-
pendencies and compression context, KDC operations are
stateless across frames—the processing of a frame depends
only on frame-specific parameters, not on previous frames’
computational results. To optimize this further, KDC imple-
ments a mask caching mechanism that detects frame simi-
larity and reuses KDC masks when consecutive frames show

KDC Enc. Transmission

KDC Enc. Transmission

KDC Enc. Transmission

Frame 1

Frame 2

Frame 3 KDC running
in parallel

Enc. running one after another

Pipeline

Figure 6: Parallel and pipelined processing at the transmitter.

minimal changes (Sec. 6). This cache maintains an ordered
dictionary of recent masks, allowing efficient lookup of the
most recent valid mask for a given frame number. The receiver
adopts a symmetric pipeline architecture and hence we omit
the details.

4.3 Wireless Testbeds for Sensor Data Trans-
mission.

We deploy KDC across three wireless communication tech-
nologies, namely Cellular, WiFi, and LoRa–representing dif-
ferent points on the bandwidth-latency-power trade-off spec-
trum. The actual transmissions are conducted through a mix
of trace-driven emulation and real-time communication. Ap-
pendix Table 4 summarizes the wireless trace characteristics.
Cellular. We use a 5G smartphone to continuously record
high-bandwidth transmission traces via iperf3, which cap-
tures packet-level loss events, timestamps, and channel state
metrics. We replay sensor data delivery over these traces.
Packet drops are replayed at the application layer (after
transport-layer retransmissions) to match the empirical loss
pattern from each trace segment. To cover diverse channel
conditions and mobility patterns, we collect the traces across
three environments: (i) high-way driving, (ii) semi-stationary
indoor office environments, and (iii) outdoor scooter riding
on a university campus. Each trace spans approximately 1000
seconds. In addition, we have conducted real-time experi-
ments through cellular networks (Sec. 6).
WiFi. We similarly evaluate KDC over a WiFi LAN using both
2.4 and 5 GHz bands. Similar to the cellular setting, we collect
traces in a lab environment while moving the smartphone at
walking speed.
LoRa. We implemented a LoRa wireless communication
testbed using the USRP N310 devices [21] following [30]. We
collected approximately 2000 seconds of LoRa transmission
traces across different scenarios and distances, yielding traces
with varied packet loss rates and throughput levels.

5 Real-World Evaluation

We evaluate KDC over the aforementioned 3 types of networks
and 4 data modalities. For each, we run real-time transmis-
sion or trace-driven emulation. All baselines are evaluated
under identical network conditions, with packet loss applied
at the application layer after transport-layer recovery. Each
baseline uses its native error recovery (see Appendix Table 2
for detailed configurations). Appendix Table 3 summarizes
all datasets used across experiments.
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5.1 Image Transmission over Cellular Network
Experimental Setup. Image transmission is evaluated assum-
ing an edge camera captures images in urban environments
and offloads visual data to cloud servers via 5G networks for
classification tasks. This could correspond to robotic patrol
or public safety monitoring cases. We use both ImageNet-
1K [53] and Cityscapes [15] as the data sources (encompass-
ing both single-object and multi-object scenarios), and run
the image transmission through trace-driven emulation over
the 5G network traces.
Baselines: (1) Progressive JPEG (ProgJPEG) [66]: classic
bitstream-based image compression with early-exit capability;
(2) LimitNet [24]: a learned task-aware codec fine-tuned on
specific datasets; (3) StarFish [25]: state-of-the-art learned
semantic image transmission system.
Results. Fig. 7(a) compares Top-1 accuracy under different
packet loss levels. ProgJPEG and LimitNet degrade sharply
(≤0.2 Top-1 at 5–10% loss) because bit errors propagate to
entire frames, while JPEG fails completely and is omitted.
StarFish shows modest resilience (∼0.3 Top-1 at 10% loss),
but is bounded by the quality loss of its pretrained model.
In contrast, KDC maintains 0.55–0.65 Top-1 across all loss
levels.

Fig. 7(b) reports Top-1 accuracy under increasing data
budgets. JPEG is the slowest to improve, since its line-by-line
pixel streaming yields no usable image until the full JPEG
file (∼30 kB on average in the dataset) is received. ProgJPEG
and LimitNet improve progressively but plateau late, as they
lack task-aware semantic prioritization. StarFish saturates
early but is limited to ∼0.6 Top-1 due to its reconstruction
artifacts. KDC, by contrast, reaches near-optimal accuracy
(∼0.85 Top-1, close to the ∼0.87 full-image baseline shown
by the red line) with only 10 kB of data, achieving 2–3× faster
convergence.
Adaptation to Different Tasks. Existing neural image en-
coding and transmission methods have limited adaptability
to diverse downstream tasks because they require end-to-end
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Figure 9: KDC video transmission over real Cellular net-
works.

model training for each task with a specific dataset. In con-
trast, KDC enables zero-shot task-aware transmission, making
it adaptable to a wide range of image processing tasks by
using explicit semantic decomposition. We demonstrate this
capability by evaluating KDC and LimitNet on the CityScapes
dataset, which supports multiple segmentation tasks over dis-
tinct object categories. Specifically, we focus on vehicles,
pedestrians, and vegetation, where the focus regions are de-
rived from ground-truth segmentation labels and the transmit-
ted data size budget is constrained to 30 KB.

As shown in Fig. 8(a), LimitNet yields unstable perfor-
mance with IoU mostly below 0.3, especially poor for pedes-
trians. In contrast, KDC maintains consistently higher IoU:
∼0.8 for cars, ∼0.5 for pedestrians, and ∼0.7 for vegetation.
Pedestrian IoU is lower for both methods due to smaller ob-
ject size, but KDC still delivers a clear margin. This robustness
stems from the task-conditional importance, which explicitly
prioritizes semantically relevant regions instead of relying on
a black-box encoder.
Generalization to Various Image Resolutions. Neural base-
lines such as LimitNet are tied to fixed-resolution backbones,
which restricts their ability to generalize. We compare KDC
against LimitNet by encoding and decoding images at dif-
ferent raw input resolutions. Fig. 8(b) shows that LimitNet
remains nearly flat, with PSNR <31 dB and Top-1 <0.2 even
at 1024 resolution. In contrast, KDC scales gracefully: PSNR
surpasses 34 dB and Top-1 reaches ∼0.9 at 1024, improving
steadily with resolution.

5.2 Video Transmission over Cellular
Experimental Setup. We evaluate KDC on a semantic
segmentation task for autonomous driving using the ACO
YouTube Driving dataset [69]. Real-time video streaming
is conducted over real 5G cellular traces with fluctuating
throughput and average latency around 70 ms.
Baselines: We compare against: (1) H.264, a standard video
codec; (2) DVC [39], a neural video compression method; and
(3) KDC +H.264 and KDC +DVC, where KDC pre-quantizes
the data based on task-aware importance (Sec. 3.1.1) and
integrates the base codec using its codec wrapper (Sec. 3.2).
Results. Fig. 9(a) reports IoU under different packet loss
levels. Both H.264 and DVC degrade significantly under
medium-to-high loss due to error propagation, while KDC-
enhanced codecs maintain higher IoU (improving by 0.1–0.2
absolute), a substantial margin in semantic segmentation
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Figure 10: KDC radar data trans. over real WiFi networks.

where even 0.02–0.05 gains are typically significant. Fig. 9(b)
shows how IoU improves as data accumulate over time (i.e.,
as transmission latency increases) under real cellular traces.
While all methods improve as more data are delivered, H.264
lags behind, and DVC saturates early with lower accuracy.
KDC+H.264 and KDC+DVC consistently achieve higher IoU
(up to ∼0.85) and converge faster at low latencies (<0.05 s).

Finally, although DVC offers strong compression at high
bandwidth, it is highly vulnerable to packet loss due to latent
drift (i.e., error accumulation in latent features). KDC+DVC
alleviates this by aligning token priorities with downstream
tasks and restoring corrupted segments from prior frames
in the PosteriorKB, yielding better segmentation on small
moving vehicles and fine structures such as traffic poles.

5.3 Radar Transmission over WiFi
Experimental Setup. We evaluate a radar-based human pos-
ture classification task. The input data are collected from the
aforementioned MIMO radar, which form a 2563 spectrum
volume after being processed via MUSIC. 256 is the FFT bin
count determined by the number of ADC samples per radar
chirp. The radar data are transmitted in real-time through
a WiFi network. For repeatability and fair comparison with
baselines, we use the aforementioned WiFi network traces to
emulate the network dynamics. The receiver performs pos-
ture classification based on the received data. A total of 10
different types of postures (e.g., sitting, standing, walking,
running, squatting, bending, jumping, raising hands, waving,
and turning) are collected, and ground-truth human pose la-
bels are generated via depth motion capture. For each posture,
10 minutes of continuous radar signals are recorded to provide
sufficient temporal coverage.
Baselines: (1) Raw radar: sends full spatial spectrum; (2)
Image-based: slices converted to 2D spectrograms and JPEG-
encoded [60].
Results. Fig. 10(a) reports Top-1 accuracy for downstream
application (radar human posture classification) under packet
loss. Raw radar degrades quickly (dropping below 0.4 at 10%
loss) due to its bitrate and vulnerability to missing samples.
The image baseline performs even worse (<0.2 at high loss),
since slicing discards 3D structure and spectrograms mis-
align with semantic meaning. In contrast, KDC maintains
0.8+ accuracy even at 10% loss by isolating pose-relevant
tokens (e.g., joint clusters) and restoring corrupted tokens via
the KBs. Fig. 10(b) shows accuracy under increasing trans-
mission latency (i.e., early exit time). Raw radar improves
only gradually, and the image baseline remains flat near zero.
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KDC rises sharply, exceeding 0.9 Top-1 accuracy within 0.1s
latency. Performance eventually plateaus beyond 30% loss,
where missing joint configurations cannot be recovered even
with prior knowledge.

5.4 LiDAR Data Delivery Over LoRa
Experiment Setup. LiDAR data transmission is needed in
scene reconstruction use cases, e.g., a search-and-rescue sce-
nario with robots connected through a long-range LoRa link.
To experiment with this scenario, we transmit LiDAR samples
(converted into voxelized sparse point clouds) from the Se-
manticKITTI dataset through the aforementioned LoRaWAN
traces. The downstream task is LiDAR semantic segmenta-
tion, where we evaluate mean Intersection-over-Union (mIoU)
using a standard sparse 3D segmentation head applied to the
received tokens. We adopt PointNet++ [49] as the backbone
model.
Baselines: (1) Raw: uncompressed; (2) PCC: MPEG stan-
dard point cloud codec; (3) NPC: neural point cloud compres-
sion [52].
Results. Fig. 11(a) reports IoU under packet loss. Raw trans-
mission collapses quickly (<0.2 IoU at 5% loss) due to its
large bitrate and loss sensitivity. PCC and NPC perform bet-
ter, sustaining ∼0.6–0.7 at medium loss, but both degrade
sharply at high loss (<0.3). KDC consistently outperforms all
baselines, maintaining ∼0.8 at 5% loss and above 0.5 even
with 10%+ loss, by emphasizing structural tokens (e.g., roof
edges, vehicle contours) and restoring corrupted ones via KB
retrieval. Fig. 11(b) shows how IoU improves with transmis-
sion latency. Raw remains flat near zero, as its size makes it
infeasible on the low-bandwidth LoRa link. PCC and NPC im-
prove gradually but saturate around 0.6–0.7. In contrast, KDC
rises quickly and saturates within 8–10 seconds, reaching up
to 20–30% higher IoU than the baselines.

6 Real-time Performance
Experimental setup. We evaluate KDC’s real-time perfor-
mance using video streaming, since the video modality is
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Figure 13: Parameters in real-time video streaming.

most computationally intensive. Our testbed streams 4K video
(RGB 3840×2160 @ 60 FPS as USB camera [20]) from (i)
an NVIDIA Jetson Orin Nano [32] (edge platform), and (ii)
a laptop equipped with an RTX 4090 GPU (high-end refer-
ence) to an AWS server via 5G (Verizon network, TCL 10
5G UW phone, using USB tethering). We integrate KDC into
WebRTC using aiortc [34] with modifications for: (1) Web-
Socket signaling; (2) adaptive rate control for FPS variations;
(3) Nvidia hardware encoding (h264_nvenc); (4) increased
jitter buffer size. GPS synchronization ensures accurate times-
tamps. For perceptual similarity, we employ image difference
hash (dHash) [33,43] with 8×8 hash size, defining similarity
as 1 minus the normalized Hamming distance, which is effi-
cient and has few false positives. We dynamically adjust the
CLIP mask (Sec. 3.1.2) threshold based on estimated band-
width to optimize the quality-bitrate tradeoff under varying
network conditions.
Runtime / Computational Profile. We first evaluate KDC’s
computational cost with controlled measurements on both Tx
and Rx pipelines, running PyTorch 2.3 with CUDA 12.4.

Transmitter. The main overhead stems from the foundation
model query and the multi-modal segmentation network. The
foundation model query and PosteriorKB retrieval are invoked
once per task session (offline, not per frame) and cached. The
per-frame critical path consists only of importance map com-
putation via CLIPSeg, entropy pre-processing (<1 ms), and
standard codec encoding. We benchmark the segmentation
model on 1080p frames: the Jetson Orin achieves 32.1 FPS
on average, while the RTX 4090 sustains over 100 FPS, con-
firming real-time feasibility on edge devices.

Codec. The KDC codec wrapper combines GPU and CPU
stages. On the RTX 4090, pre-processing (resizing, normal-
ization, DCT) plus GPU-accelerated JPEG encoding takes
0.74 ms per 1080p frame (averaged over 500 runs). Huffman
table generation and bitstream packaging on the CPU adds
another 0.18 ms. Decoding on the receiver side is symmetric,
completing in under 1 ms.

Receiver. The restoration network is lightweight: inference
on 1080p frames takes 0.96 ms on the RTX 4090 and 14.7 ms
on the Jetson Orin (68 FPS and 32 FPS, respectively, with
batch size 1). This ensures video throughput is bottlenecked
only by network bandwidth, not compute.

Finally, to validate end-to-end performance, we integrate

KDC into a WebRTC pipeline using hardware-accelerated
h264_nvenc. Streaming a 1080p@30fps video shows that
preprocessing and restoration stages add less than 5% over-
head relative to raw WebRTC transmission, confirming the
practical headroom of our design.
Latency analysis. Fig. 12 shows the end-to-end latency break-
down. With KDC using parallelism degree 2, the total end-to-
end latency of 434 ms comprises KDC processing, encoding,
transmission, decoding, and receiver-side KDC processing.
The average KDC processing latency is 81± 46 ms at the
transmitter and 17±8 ms at the receiver, while maintaining a
40 ms frame interval through pipelining. The “other process-
ing” component (12±8 ms with KDC v.s. 37±13 ms without)
includes frame construction, color conversion, and frame re-
ordering when KDC runs in parallel. Note that the encoding
latency (47±28 ms) includes internal buffering time and may
not directly reflect the actual encoding computational load.
Most importantly, the communication latency is dominant,
and is reduced by 24% by using KDC, showing while KDC pre-
serves the most important information, the end-to-end latency
is also reduced by reducing the communication load.
Real-time performance optimization. We evaluate KDC’s
performance on 4K video streams captured during driving
scenarios, including both static (vehicle stopped) and dynamic
(vehicle moving) scenes. Fig. 13 demonstrates KDC’s perfor-
mance under different configurations:

(a) Parallelism Impact: Increasing parallelism from 1 to 3
improves both frame interval from ∼ 50 ms to ∼ 30 ms and
increases FPS from 11 to 21. At parallelism degree 4, GPU
saturation causes performance degradation, increasing frame
interval and reducing FPS to ∼ 15. The optimal parallelism
of 3 balances GPU utilization with frame rate, determined by
the GPU’s capacity to handle concurrent KDC instances while
leaving headroom for encoding and other system processes.

(b) Adaptable Thresholding: We observe dHash similar-
ity of 0.90–0.95 for static scenes, with ∼ 3% scene move-
ment reducing similarity to ∼ 0.90. This threshold effectively
balances computational efficiency with perceptual quality,
enabling dynamic resource allocation based on scene com-
plexity.

(c) Scene Dynamics: Static and moving scenes show sim-
ilar frame intervals (36±6 ms vs. 40±23 ms respectively),
with static scenes exhibiting significantly lower variance. The
minimal difference in average latency indicates that KDC’s
processing overhead is dominated by fixed costs, including
GPU-CPU transfers and mask merging operations. The higher
variance in moving scenes reflects the dHash similarity de-
tection mechanism, where some frames require mask recal-
culation that is relatively more computationally heavy while
others can skip this step based on similarity thresholds.

7 Micro-benchmarks
Transmitter Evaluation. We compare SharedKB–driven
semantic bin decomposition (Sec. 3.1) against directly
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providing task descriptions to CLIPSeg, using two tasks
(“autonomous driving” and “urban greening research”) on
CityScapes with ground-truth segmentation labels. In the
SharedKB setting, the foundation model decomposes each
task into semantic bins refined through PosteriorKB retrieval;
in the baseline, raw task descriptions are fed to CLIPSeg di-
rectly. As shown in Fig. 14(a), IoU is 1.8× and 6.5× higher
with SharedKB-driven decomposition, confirming that seman-
tic bin extraction substantially improves content prioritization.
Receiver Evaluation. We evaluate the PosteriorKB-assisted
restoration model under four reference image conditions: (1)
no reference, (2) noise image, (3) random image, and (4) sim-
ilar image. As shown in Fig. 14(b) and Fig. 15, even random
images improve restoration, as the model leverages natural im-
age statistics (e.g., frequency distributions, color correlations)
learned during training; noise images, lacking such structure,
provide less benefit. Optimal performance is achieved with
semantically related references that supply relevant content
priors. During transmission, KDC progressively retrieves in-
creasingly similar references for continued refinement.
Ablation: SharedKB-only vs. SharedKB+PosteriorKB.
Under identical 5G traces (5% loss), adding PosteriorKB
improves ImageNet Top-1 from 0.51 to 0.62 (+21.6%) and
Cityscapes mIoU from 0.71 to 0.75. The gain is largest under
moderate loss (3–8%), where session-accumulated references
fill in missing tokens; under very low loss (<1%), both vari-
ants perform similarly. This confirms that progressive knowl-
edge accumulation provides meaningful gains beyond the
static SharedKB alone.
Impact of Loss Burstiness. We evaluate the resilience of
KDC under varying levels of packet loss burstiness. We com-
pare two loss patterns with equal average loss rates (5%):
(i) scattered (independent packet drops) and (ii) bursty (con-
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secutive losses of 100–500 ms duration). Both are cropped
from real 5G cellular traces. As shown in Fig. 16(a,b),
KDC maintains downstream accuracy within 80% of the
full-transmission baseline under scattered loss, but degrades
sharply under bursty loss spanning multiple consecutive
frames, where insufficient contextual tokens prevent accu-
rate PosteriorKB retrieval. No restoration method can recover
extended blackouts without retransmission; for safety-critical
applications, we recommend falling back to standard retrans-
mission when estimated burst severity exceeds a configurable
threshold (Sec. A).
Impact of Task Granularity. KDC relies on task descrip-
tions to guide semantic token prioritization. Here, we study
how prompt granularity affects downstream task performance.
Following the same experimental setup as Sec. 7 transmit-
ter evaluation (Tx-side evaluation using semantic bin de-
composition and CLIPSeg-based segmentation), We cate-
gorize prompts into three granularity levels—low (abstract
task name), medium (scene-level with key objects), and high
(detailed object enumeration)—and cache extracted bins for
the entire session. Table 1 summarizes representative exam-
ples and their corresponding downstream metrics.

More detailed prompts consistently improve accuracy,
but overly specific ones reduce generalizability. Medium-
granularity prompts strike the best balance; we recommend
the template “[scenario] with [2–4 key objects],” which can
be auto-generated from the PosteriorKB.
Impact of Knowledge Base Quality. The effectiveness of
semantic recovery in KDC depends heavily on the quality
of the SharedKB. We evaluate this by replacing the default
SharedKB with versions constructed using different LLMs
and embedding backbones. Specifically, we compare variants
using Gemma-2B, LLaVA, and Mistral-7B for semantic bin
extraction, and pretrained embeddings from OpenCLIP and
GPT-4o. Fig. 17(a) shows that KB quality directly impacts
reconstruction performance, particularly in low-SNR and low-
bandwidth conditions. The performance gap across SharedKB



Table 1: Impact of prompt granularity on system performance.

[Prompt Granularity] Task Description Avg Task Acc.

[Low] “autonomous driving” 62%
[Medium] “street scene with vehicles and people” 71%
[High] “urban street with pedestrian crossing and traffic lights” 75%

variants can exceed 10% for certain tasks. These results moti-
vate continued research in foundational world modeling, as
advancements in multimodal pretraining can directly improve
performance for knowledge-driven communication systems.
Effectiveness of Knowledge Prioritization. We quantify the
impact of semantic importance thresholding during token se-
lection. The Tx only sends tokens zi with αi ≥ τ, where τ

controls the sparsity of prioritized content. We compare sys-
tem performance at three threshold settings: τ = 0.1, τ = 0.5,
and τ = 1.0 (i.e., full transmission). As shown in Fig. 17(b),
higher thresholds yield improved task accuracy at the cost of
greater bandwidth usage. Notably, τ = 0.5 achieves over 82%
of full-task performance using only 27% of the tokens.

8 Related Work
Classical source and channel coding. Traditional systems
separate source coding (compression) and channel coding (er-
ror protection), with advanced schemes introducing adaptabil-
ity or redundancy to balance efficiency and resilience [3, 12].
Scalable Video Coding (SVC) enables graceful degradation
via base and enhancement layers [63], while analog progres-
sive schemes such as SoftCast [28] jointly design source
and channel coding for robustness. Other techniques include
superposition coding for broadcast channels [16] and rate-
less fountain codes for loss resilience [5]. KDC shares the
incremental refinement philosophy of SVC but, leveraging
knowledge bases, extends it beyond video and yields useful
information from the first packets rather than requiring full
reception.
Deep learning-based communication. Deep learning has
been applied to improve physical-layer performance by opti-
mizing individual components (e.g., neural decoders for error-
correcting codes [44]) and by training end-to-end autoencoder-
like transceiver networks [18, 27, 47, 50]. These learned sys-
tems can outperform hand-crafted designs under complex
channels (e.g., MIMO interference), but they still act as highly
optimized bit-pipes that aim to faithfully reconstruct every
bit, without understanding the semantic content [38]. In con-
trast, KDC prioritizes transmitting meaningful information
through knowledge-driven data representation. It enables pro-
gressive, task-relevant reconstruction even from partial and
corrupted data, rather than all-or-nothing bit delivery. Unlike
neural codecs (e.g., DVC [39], LimitNet [24]) that encode
content into task-agnostic latent spaces, KDC preserves stan-
dard codec formats and adds task-aware prioritization as a
pre-processing wrapper, maintaining hardware compatibility.
Communication with side information. Sharing side infor-

mation between transmitter and receiver is known to improve
efficiency fundamentally [56]. One practical approach is to
use a public algorithm or standard as the shared knowledge.
For instance, a sender compresses data with a standard codec
like JPEG and the receiver knows how to decode it [61]. An-
other approach is to share a large codebook or database of
content, so that the sender can merely transmit a short iden-
tifier (an index or hash) for the receiver to look up the full
data [40, 46, 55, 59]. While effective in reducing transmis-
sion, these methods are brittle (a single bit error in the index
can cause a decoding failure) and generally oblivious to any
specific task or semantic nuance of the data. KDC avoids a
rigid predefined codebook. Instead, it exploits complex in-
ternal representations of data based on modern foundation
models, providing much greater robustness to channel errors
and adaptability to different tasks without manual re-design.
Semantic communication. Semantic communication aims to
transmit meaning rather than exact bits [24,68]. Most systems
adopt implicit reasoning, where neural encoders and decoders
are trained end-to-end to optimize semantic fidelity, as in
DeepSC [64]. Others introduce explicit reasoning by sharing
structured knowledge such as knowledge graphs [11]. While
these approaches achieve bandwidth savings and task-specific
gains, they lack adaptability, since retraining is needed when-
ever the domain, task, or channel changes. KDC addresses
this gap by leveraging a fixed multimodal foundation model
as a SharedKB [4, 17, 19] and transmitting incrementally re-
fined semantic tokens, enabling cross-modal generalization
and resilience without end-to-end retraining.
Split inference and feature transmission. Split infer-
ence [31, 42] partitions a DNN across device and server,
transmitting intermediate features. Unlike split inference,
KDC uses a standards-compatible codec wrapper (no shared
DNN backbone required), is robust to packet loss via KB-
conditioned restoration, and supports zero-shot task adapta-
tion without re-partitioning.

9 Conclusion
We presented KDC, a framework that embeds task-aware
semantics into transmission and leverages knowledge-
conditioned reasoning at the receiver. Our prototype across im-
age, video, radar, and LiDAR, deployed on cellular, WiFi, and
LoRa, shows consistent gains in efficiency, robustness, and
zero-shot adaptability over state-of-the-art baselines, while
sustaining real-time performance. These results position KDC
as a practical step toward semantic, knowledge-driven com-
munication in future wireless systems.
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A Discussion
Task-optimized delivery vs. full reconstruction. KDC is de-
signed to maximize downstream task utility under bandwidth
and loss constraints, not to achieve pixel-perfect reconstruc-
tion. This is the intended operating point for latency-sensitive
IoT applications where timely, task-relevant information is
more valuable than bit-exact fidelity. KDC’s progressive de-
livery and early-exit interface naturally support time-bounded
tasks: the receiver can terminate reception once task confi-
dence exceeds a threshold. When full-fidelity reconstruction
is required (e.g., archival storage, forensic analysis), KDC
can be bypassed and the standard codec used alone; alterna-
tively, the importance threshold τ can be set to 0 to transmit
all tokens without semantic filtering.
Deployment safeguards. KDC assumes that Tx and Rx load
identical SharedKB model versions. In practice, this is en-
forced by embedding model identifiers (name + version hash)
in the KDC header exchanged at session initialization. If a ver-
sion mismatch is detected, the system falls back to standard
codec-only delivery. For gradual model upgrades, both sides
can maintain a small set of supported versions and negotiate
at connection time, similar to TLS cipher-suite negotiation.
Limitations. KDC’s restoration relies on SharedKB priors
that are domain-general but not domain-universal. For spe-
cialized sensor domains (e.g., medical ultrasound, underwater

sonar) where pretrained foundation models have limited cov-
erage, the SharedKB may provide weak priors, leading to
degraded restoration quality. In such cases, domain-specific
fine-tuning of the SharedKB encoders is recommended before
deployment.
Power and compute trade-offs. Our current evaluation fo-
cuses on throughput and latency rather than power consump-
tion. KDC reduces communication power by transmitting sig-
nificantly less data than traditional approaches, but introduces
additional computational power consumption for semantic
processing. This trade-off is hardware-dependent: on a 15 W
Jetson Orin, KDC’s compute overhead is small relative to
radio power at typical 5G transmission levels, but the balance
shifts on ultra-low-power LoRa devices. A systematic power
analysis across hardware platforms is an important direction
for future work.
Multi-task streams and modality–network pairings. The
current evaluation uses a single downstream task per exper-
iment. In multi-task deployments (e.g., simultaneous object
detection and tracking), KDC can partition the transmission
budget across tasks by assigning importance scores from mul-
tiple bin sets and scheduling tokens by their maximum impor-
tance across tasks. We leave detailed multi-task scheduling
policies to future work. The modality–network pairings in
our evaluation (image/video over 5G, radar over WiFi, Li-
DAR over LoRa) reflect typical deployment assumptions and
testbed practicality; the KDC mechanism itself is modality-
agnostic and network-agnostic, as demonstrated by consistent
gains across all tested configurations.

B Pseudocode

Algorithm 1 Tx: Task-Aware Token Selection

Require: Raw sensor data X , task description T , threshold τ

Ensure: Prioritized bitstream S
1: (Offline, once per session:)
2: B ← BINEXTRACT(T ,SharedKB) ▷ LLM + RAG
3: Cache B for session
4: (Per frame:)
5: Z← f (X) ▷ Modality-specific encoder
6: for each token zi ∈ Z do
7: αi←maxb j∈B cos(zi, t j) ▷ Importance
8: end for
9: {αi}← TEMPNORM({αi},Tattn)

10: M← IMPORTANCEMAP({αi},τ) ▷ Spatial mask
11: X ′← ENTROPYREDUCE(X ,M) ▷ Pre-quantize
12: S ← CODEC.ENCODE(X ′) ▷ JPEG/H.264/PCC
13: return S with header {B,M}

C Supplementary Tables



Algorithm 2 Rx: Knowledge-Conditioned Restoration

Require: Received bitstream S̃ , header {B,M}
Ensure: Restored data X̂

1: X̃ ← CODEC.DECODE(S̃)
2: etext← TEXTENC(B)
3: {rk}← POSTERIORKB.RETRIEVE(etext,k) ▷ Top-k

refs
4: ectx← CONCAT(SharedKB(X̃), {rk})
5: X̂ ← R (X̃ ,ectx) ▷ FiLM-conditioned network
6: (Update PosteriorKB:)
7: edata← ENC(X̂)
8: POSTERIORKB.INSERT(etext,edata)
9: return X̂

Table 2: Baseline codec and configuration settings.

Baseline Key Settings Recovery

JPEG Quality 75, baseline None (fails on loss)
ProgJPEG Quality 75, progressive Native scan ordering
LimitNet Pretrained, λ=0.01 Learned decoder
StarFish Default config Learned restoration
H.264 CRF 23, baseline profile Frame-copy concealment
DVC λ=256, default None (latent drift)
PCC (MPEG) Octree, QP=30 Missing-point zeroing
NPC Default config Neural interpolation

Table 3: Dataset summary for all evaluation experiments.

Modality Dataset Size Task

Image ImageNet-1K 50K val Classification
Image Cityscapes 5K val Segmentation
Video ACO YouTube Driving 10 clips Sem. Segmentation
Radar In-house MIMO 100 min Posture Classif.
LiDAR SemanticKITTI 23K scans Sem. Segmentation

Table 4: Summary of wireless trace characteristics.

Network Environment Duration Avg. Loss Avg. Thr.

5G Cellular Highway driving ∼1000 s 2–8% 5–35 Mbps
5G Cellular Outdoor scooter ∼1000 s 3–12% 10–31 Mbps
WiFi 2.4/5 GHz Indoor lab ∼600 s 1–5% 20–80 Mbps
LoRa Indoor/Outdoor ∼2000 s 5–20% 5–50 kbps

Table 5: Hardware configurations for real-time experiments.

Jetson Orin Nano RTX 4090 Laptop

GPU 1024-core Ampere AD102, 16384 CUDA
Memory 8 GB shared 16 GB GDDR6X
TDP 15 W 150 W
PyTorch 2.3 2.3
CUDA 12.4 12.4
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