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Abstract—Machine-centric streaming transmission for infer-
ence must balance freshness and semantic availability, yet
bandwidth variation and scene dynamics make this difficult.
Optimizing only freshness-oriented metrics often favors Frame-
by-Frame (FBF) transmission under congestion, causing inter-
mediate frames to be dropped or invalid and undermining
inference stability compared with Segment-by-Segment (SBS)
transmission. We propose Age of Semantics (AoS) to jointly
characterize freshness and semantic capture, with scene variation
intensity modulating their relative importance. Based on AoS, we
design a real-time adaptive control strategy that switches between
FBF and SBS under bandwidth constraints using hysteresis to
suppress oscillations near the switching boundary. Experiments
on multiple datasets under different bandwidth levels demon-
strate consistent gains over fixed modes and freshness baselines,
reducing average AoS by ∼15% while maintaining stable real-
time control behavior.

Index Terms—Age of Information; Machine-centric Streaming
Transmission; Real-time Control; Adaptive Transmission Con-
trol.

I. INTRODUCTION

Driven by the rapid evolution of wireless communications,
edge computing, and intelligent sensing technologies, stream-
ing media has come to dominate modern network traffic [1].
As shown in Figure 1, the streaming transmission systems
are evolving from human-centric to machine-centric. In the
human-centric streaming system, we focus on the Quality of
Experience (QoE) [2] during user viewing and interaction.
Common optimization practices include employing improved
encoding/decoding [3], adaptive transmission [4], and closed-
loop control [5] mechanisms to reduce stuttering and improve
clarity.

Meanwhile, in the machine-centric streaming system, the
processing focus of streaming is on machine sensing and
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Fig. 1: Differences between Human-centric and Machine-
centric Streaming Transmission Systems

content analysis in applications like autonomous driving, in-
telligent inspection and machine vision. Pixel level restoration
does not always improve analysis results in these tasks.
Conversely it might bring extra transmission and computation
overheads. More critically outdated information or missing key
semantic information weakens the reliability of machine analy-
sis directly. Therefore, the design goal of video communication
systems changes from Quality of Experience to Quality of
Analytics (QoA) [6].

In streaming system, Age of Information (AoI) [7] is often
employed to measure the freshness of information. Building
on this, Age of Semantic Information (AoSI) [8] incorporates
semantic validity into the measurement framework to facilitate
the design of analytics-oriented streaming systems. From QoA
perspective, Age of Information alone cannot ensure contin-
uous, inference-usable content. However, relying solely on
AoSI as the optimization objective presents limitations in real-
time video analytics. AoSI imposes substantial penalties on
queuing delay and transmission delay. Consequently, systems
tend to favor Frame-by-Frame (FBF) transmission to mitigate
the age growth caused by queuing. The cost is that newly
generated intermediate frames are prone to being discarded or
expiring during link congestion. The information received at
the receiver becomes sparse and exhibits semantic discontinu-
ity. This weakens semantic information and affects inference
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stability for analysis tasks that require continuous video con-
text. In contrast, Segment-by-Segment (SBS) transmission pre-
serves continuous content more effectively through grouping
and inter-frame compression. However, it introduces additional
encoding delay. SBS often resides in a disadvantaged position
under evaluations based solely on AoSI. This phenomenon in-
dicates that a single freshness metric struggles to characterize
both freshness and completeness requirements simultaneously.
Consequently, it fails to fully reflect the genuine needs of
machine-centric streaming transmission system.

To address this, this paper proposes a new metric, Age of
Semantics (AoS), which characterizes information freshness
and semantic availability simultaneously. The formulation of
AoS depends on two estimable quantities. The first is scene
variation intensity, which controls the relative weight between
the freshness and the completeness. The second is the seman-
tic capture ratio, which describes the semantic completeness
available within a given time window. AoS focuses more on
freshness when scene variation is weak and it emphasizes
maintaining a high semantic capture ratio more when scene
variation is significant. It is necessary to emphasize that
scene variation intensity only affects weight allocation. Mode
control still needs to be considered jointly with conditions
such as bandwidth to form stable decisions between Frame-
by-Frame (FBF) transmission and Segment-by-Segment (SBS)
transmission. Based on AoS this paper further designs the
AoS-driven Adaptive Control Strategy (AAC). AAC estimates
the AoS of the two transmission modes and dynamically
switches between FBF and SBS. The strategy introduces a
hysteresis mechanism to suppress frequent switching. Thus,
it adapts better to complex environments where bandwidth
fluctuation and scene variation coexist. The main contributions
of this paper are as follows.

• Propose the Age of Semantics (AoS). This metric char-
acterizes information freshness and semantic availability
simultaneously and provides a construction method suit-
able for real time calculation.

• Propose the AoS-driven Adaptive Control Strategy
(AAC). Adaptive control is performed between Frame-
by-Frame (FBF) and Segment-by-Segment (SBS). A hys-
teresis mechanism is introduced to suppress frequent
switching which ensures decision stability.

• Conduct experimental verification under machine analysis
tasks. Experiments cover different bandwidth conditions
including bandwidth limitation and time varying band-
width while considering different levels of scene varia-
tion intensity. The results demonstrate that the proposed
method has superior robustness and overall gain.

II. RELATED WORKS AND MOTIVATION

A. Machine-centric Streaming Transmission

In recent years, semantic communication has extended
to image and video streaming to prioritize inference-usable
content under constrained resources [9]–[11]. Here, semantics
refers to the semantic capture rate for inference rather than

semantic coding or communication paradigms. Against this
backdrop, machine-centric streaming targets real-time infer-
ence [12] scenarios such as autonomous driving, intelligent
inspection, and UAVs, where streaming transmission serves
the inference pipeline rather than human viewing.

Xu et al. [13] proposed a systematic review of edge
video analytics systems and summarized typical device-edge
collaboration patterns, providing a general framework ref-
erence for the system design of machine-centric streaming.
Zhang et al. [14] proposed FHVAC, an adaptive configuration
method for machine-centric live streaming, which conducts
online configuration and resource scheduling aiming at the
delivery of information related to inference utility. Xiao et al.
[15] proposed a task-oriented video transmission method for
real-time semantic segmentation, which introduces inference
goals into bitrate control and compression decisions to adapt
to bandwidth-constrained and fluctuating scenarios. Chen et
al. [16] proposed DeVA, a mobile-edge collaborative video
analytics framework, which combines device-side lightweight
processing and adaptive encoding to control analysis error
while reducing transmission overhead. The aforementioned
works collectively indicate that machine-centric streaming
requires simultaneously balancing timeliness and inference
availability. Optimizing solely for either dimension may lead
to performance imbalance under complex network conditions
and scene variations.

B. Age of Information

Kaul et al. [17] proposed Age of Information (AoI) to
measure information freshness, forming a systematic optimiza-
tion framework revolving around state updates and scheduling
mechanisms. Chiariotti et al. [18] proposed Query Age of
Information, which evaluates freshness at the query instant
and discusses query-oriented scheduling strategies. Maatouk
et al. [19] proposed Age of Incorrect Information, which
characterizes cost based on the duration of incorrect states
and constructs update strategies accordingly. Meesena et al.
[20] proposed Age of Processed Information, which couples
transmission and processing into a unified timeliness metric
to support faster acquisition of available results. Huang et
al. proposed Age of Semantic Information (AoSI), which
incorporates valid semantic updates into the latency framework
and designs transmission and scheduling methods minimizing
AoSI to support analytics-oriented streaming systems.

C. Motivation

AoSI aligns more closely with analysis objectives, however,
its cost function still imposes strong penalties on queuing
and transmission latency. This makes the optimization process
prone to prioritizing the suppression of age growth, thereby bi-
asing the system towards Frame-by-Frame (FBF) transmission
with less waiting time over Segment-by-Segment (SBS) trans-
mission under constrained bandwidth. As shown in Figure 2,
the structural consequences resulting from this are illustrated.
In FBF mode, the continuous arrival of newly generated frames
during link occupation leads to the discarding of intermediate
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frames which results in a sparse sequence that degrades
continuous frame information. In contrast, SBS uses inter-
frame compression to enhance coding efficiency, making it
easier to preserve continuous frame sequences under identical
bandwidth conditions and thereby retaining more complete
continuous frame information. This suggests that, when the
system is optimized solely for Age of Semantic Information,
it may achieve a lower instantaneous freshness in terms of
the objective value, yet it is more likely to introduce missing
intermediate frames under congestion, thereby undermining
the stability of downstream inference.

Motivated by the aforementioned considerations, this paper
establishes a unified metric that simultaneously characterizes
freshness and the degree of semantic availability. Guided by
this metric, a real-time adaptive control strategy is constructed.
This strategy incorporates bandwidth and scene variation sig-
nals to make stable selections between FBF and SBS, while
avoiding frequent oscillation near the boundaries.

III. AGE OF SEMANTICS

In this section, we define Age of Semantics and introduce
its key components, and then analyze how the scene variation
factor affects the metric behavior.

A. AoS

In machine-centric streaming, the system must balance
information freshness and inference-usable semantic coverage
at the receiver. In the AoSI metric proposed by Huang et al.,
the age grows over time between semantically valid updates
and is reset only when a valid semantic update is successfully
received. Building on this, we further introduce scene variation
intensity and semantic capture rate to characterize semantic
completeness. Defining Age of Semantics (AoS) as

AoS(t) ≜
(AoSI(t))

1−βt

(I(t) + ϵ)
βt

, (1)

where ϵ = 10−4 is a fixed numerical stabilizer used to
avoid instability when I(t) → 0. We use this default value
throughout the experiments. βt ∈ [0, 1] denotes the scene
variation intensity, which serves solely to adaptively allocate
weights between freshness and semantic capture. I(t) ∈ [0, 1]
represents the semantic capture rate, which characterizes the
proportion of timely available semantics within a sliding
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Fig. 3: Impact of βt on AoS.

window. We adopt AoS as the optimization metric, where a
smaller AoS indicates lower semantic cost and better overall
system performance.

The working mechanism of Eq. (1) can be intuitively
understood by examining two extreme scenarios. When scene
variation is weak, AoS degenerates to AoSI, and the system
cost is primarily determined by freshness. As scene varia-
tion intensifies, AoS becomes increasingly sensitive to the
decline of I(t), thereby penalizing semantic incompleteness
more strongly. For efficient computation and threshold-based
comparison, Eq. (1) is further rewritten in the log domain using
the natural logarithm, which converts the multiplicative trade-
off into an additive cost:

J(t) = (1− βt) lnAoSI(t)− βt ln (I(t) + ϵ) . (2)

B. Scene Variation Intensity

Scene variation intensity serves to characterize the relative
level of current scene dynamics. As shown in Figure 3, it
serves as a weighting factor in Eq. (1) driving the adap-
tive shift of cost emphasis between freshness and semantic
capture. To satisfy the low overhead requirements for real-
time control, this paper leverages compressed-domain motion
cues to construct βt. The encoder side directly parses block-
level Motion Vectors (MVs) [21], where the magnitude of
each block MV characterizes local motion amplitude, and
subsequently aggregates the magnitudes of all blocks within
a single frame to derive the frame-level motion intensity
∆mv(t). To mitigate potential issues such as camera jitter
or background noise, short-window smoothing is applied to
∆mv(t) to derive ∆̄mv(t). Scene variation intensity is defined
using the Sigmoid function as

βt =
1

1 + e−(α·∆̄mv(t)−γ)
, (3)

where ∆̄mv(t) is normalized to [0, 1], and α ∈ [6, 14] and
γ ∈ [0.3, 0.7] are fixed across datasets to control the slope and
midpoint. Under this transformation, βt approaches 0 when
the scene is static or exhibits weak motion. Conversely, as
motion significantly intensifies, βt rapidly ascends towards 1.
This characteristic provides a stable and computable scene
variation signal for subsequent joint decision-making with
network quantities such as bandwidth.
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C. Semantic Capture Rate

The semantic capture rate I(t) characterizes the inference-
usable semantic coverage at the receiver at time t. The sliding
window W (t) covers the most recent K frames, where seman-
tic units are indexed by k. For each unit, qk ∈ (0, 1] denotes
its normalized task-relevance weight derived from downstream
inference cues, where more important units are assigned larger
weights; sk denotes its encoded size; and ak(t) ∈ {0, 1} is an
availability indicator. Specifically, ak(t) = 1 only if unit k is
successfully received and decoded in time for inference at time
t; otherwise, ak(t) = 0. The semantic capture rate is defined
as

I(t) =

∑
k∈W (t) qk · sk · ak(t)∑

k∈W (t) qk · sk
. (4)

In Eq. (4), the numerator represents the total weighted seman-
tic payload effectively delivered on time within the window.
The denominator denotes the upper bound of the weighted
payload of semantics generated within the same window.
Therefore, the range of I(t) is from 0 to 1. When bandwidth is
constrained or congestion intensifies, the quantity of semantic
units that can be timely acquired by the receiver and directly
used for inference decreases, thereby causing I(t) to decline.
This decline manifests in Eq. (1) as a higher semantic cost,
thereby making the system more sensitive to semantic gaps.
As shown in Figure 3, it compares the differences between
FBF and SBS in terms of freshness and semantic availability
coverage illustrating that optimizing solely for freshness may
lead to the accumulation of semantic gaps.

IV. AOS-DRIVEN ADAPTIVE CONTROL STRATEGY

Built on age of semantics, this section develops an AoS-
driven adaptive control strategy for machine-centric streaming
transmission systems. We present a hierarchical closed-loop
framework and an online mode control rule based on cost
difference and hysteresis.

A. Decision Space

The control state of AAC is composed of two types of
quantities: network and content, namely {βt, B̂(t)}. B̂(t) re-
flects the link average resource level, and βt reflects the scene
variation intensity, which serves solely to allocate weights
between the freshness term and the semantic capture term
in AoS. As shown in Figure 4, with normalized bandwidth
B = min(B̂(t)/8 Mbps, 1), we construct an interpretable
decision map over the (B, β) plane by evaluating the mode-
wise objective gap ∆J(B, β) = JSBS(B, β)−JFBF(B, β). For
each mode, J is obtained by substituting the mode-dependent
AoSI and semantic capture rate I into the log-domain objective
in Eq. (2). The resulting sign of ∆J partitions the plane into
regions where one mode is preferable, while a transition band
near ∆J ≈ 0 motivates the hysteresis design below. The upper
left side of the boundary curve represents the region where
∆J < 0, indicating that the cost of SBS is lower, which
is suitable for scenarios with relatively low bandwidth and
strong scene variation. The lower right side of the boundary
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curve represents the region where ∆J > 0, indicating that
the cost of FBF is lower, which is suitable for scenarios with
relatively high bandwidth or weak scene variation. A transition
band exists near the boundary curve where ∆J approaches 0,
indicating that the costs of both modes are similar, and the
subsequent switching logic introduces hysteresis in this region
to avoid frequent switching. Through this decision plane, AAC
makes the influence of bandwidth and scene variation on mode
selection explicit in an interpretable manner, providing a direct
basis for real time control.

B. System Framework

As shown in Figure 5, AAC follows a two-layer feedback
architecture with a control plane above a transmission loop.
For each input frame xi, the loop performs adaptive encoding,
transmission, semantic decoding and recovery, and inference,
then reports runtime measurements to the control plane. The
control plane includes four modules, namely state estimation,
cost evaluation, decision logic, and mode switching. State
estimation extracts βt from compressed-domain MVs and
updates the bandwidth estimate B̂(t) using ACK arrival rate
and packet-loss feedback. Cost evaluation uses a precomputed
look-up table with inputs B̂(t) and βt to obtain JFBF,t and
JSBS,t, and outputs ∆Jt at each decision instant by default
once per frame. Decision logic selects mt based on ∆Jt,
mt−1, and the hysteresis threshold, then mode switching
applies mt to the encoder to toggle between FBF and SBS
for real-time adaptation to bandwidth fluctuations and content
variations.

C. Mode Control Rule

The strategic core of AAC resides in the Decision Logic
module, which utilizes the AoS cost difference as the unified
criterion. The cost difference function is defined as ∆J(t) =
JSBS(t)−JFBF(t). SBS is selected when ∆J(t) < 0, while FBF
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is selected when ∆J(t) > 0. To suppress frequent switching
near the boundary, we use a hysteresis threshold δth = 0.05,
chosen to exceed steady-state short-term fluctuations of ∆J(t).
When |∆J | ≤ δth, the mode at the previous instant remains
unchanged. At each decision instant, the system needs only
update βt and B(t) based on motion cues and transmission
feedback, and calculate the costs of the two candidate modes.
Subsequently, the mode update is finalized via a single thresh-
old comparison. The overall computational overhead is low,
satisfying real-time control requirements.

V. EXPERIMENTAL RESULTS

This section validates the proposed metric and control
strategy via simulation. We describe the setup and baselines,
and report results on mechanism complementarity, online
switching behavior, overall performance trends, as well as
cross-dataset and ablation results.

A. Experimental Setup

The experiments use MOT17 [22] and MOT20 [23] as
benchmark datasets, and further include SeaDronesSee [24]
and VisDrone [25] for cross-scenario validation. At the re-
ceiver, a pretrained YOLOv10-s detector runs at 640 input res-
olution with confidence threshold 0.25 and NMS IoU threshold
0.45 on a single NVIDIA GPU, achieving about 30 frames per
second. The resulting detections are used to compute I(t) and
the AoS cost. On the network side, the simulated time-varying
bandwidth B(t) spans constrained to sufficient regimes. Each
configuration is repeated for multiple independent runs to
obtain stable statistics. We compare against fixed-mode FBF,
fixed-mode SBS, and the AoSI baseline in [8].

B. Mechanism and Behavior

As shown in Figure 6, FBF and SBS exhibit complementar-
ity at the semantic level. Under constrained bandwidth, FBF is
more susceptible to a decline in the semantic capture rate, lead-
ing to reduced semantic availability. In contrast, SBS leverages
inter frame compression to maintain stable semantic capture
under identical resource conditions. As bandwidth increases,
the freshness advantage of FBF gradually emerges, allowing
it to dominate in the high-bandwidth region. Consequently,
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a single mode cannot simultaneously balance freshness and
semantic coverage across the entire bandwidth range.

As shown in Figure 7, AAC adaptively controls between
the two modes according to variations in B(t) and βt, further
validating its real time control behavior. In regions where
the cost difference approaches 0, the hysteresis mechanism
suppresses frequent switching, enabling the AoS trajectory
to consistently track the superior fixed mode. Thereby, it
maintains stable semantic availability coverage amidst the
coexistence of dynamic bandwidth and temporal content vari-
ations.

C. Overall Performance

As shown in Figure 8, the average AoS results under
different bandwidth levels are summarized to illustrate the
overall performance trend of AAC. At lower bandwidths, AAC
tends to select SBS to mitigate semantic gaps. Conversely,
at higher bandwidths, it favors FBF to retain the freshness
advantage. In the intermediate bandwidth region, it performs
adaptive switching by incorporating scene variation intensity.
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Consequently, it achieves a lower comprehensive cost across
the entire range.

As shown in Figure 9, the cross-dataset results and ablation
analysis indicate that the gains of AAC remain consistent
across different datasets. Further ablation results demonstrate
that the exclusion of βt, B(t), or the hysteresis mechanism
leads to an increase in AoS and impairs control stability,
thereby validating the essential contribution of each compo-
nent to the overall performance.

VI. CONCLUSION

This paper proposes Age of Semantics (AoS), a unified
metric that combining information freshness and semantic
capture, where scene variation intensity adjusts their relative
importance. Based on AoS, we develop a real-time adaptive
control strategy that switches between Frame-by-Frame (FBF)
and Segment-by-Segment (SBS) transmission with hysteresis
to reduce oscillations. Experiment results on multiple datasets
under different bandwidth conditions show consistent metric
gains and stable real-time control. In future, we will improve
semantic unit and correlation modeling, enhance bandwidth
and scene variation estimation, and validate end-to-end per-
formance using real traces and edge inference pipelines. We
will also extend the framework to multi-stream and multi-user
settings with scalable online control.
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