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Abstract
The increasing adoption of Artificial Intelligence (AI), par-
ticularly large language (LLMs) and vision-language models
(VLMs) has led to a sharp rise in energy demand. While most
of the studies predominantly assess energy consumption
during training and inference, they often neglect the energy
required to transport contextual data—such as text, images,
or video—from far-edge devices to AI models, especially over
mobile networks. We measure and analyze energy consump-
tion for AI inference both on model-level and network-level.
Our approach leverages a combined cross-layer and in-band
network telemetry approach to estimate application-level
energy usage. Our experiments show that the energy used by
the network can be on par with that used by energy efficient
AI models for certain tasks. Furthermore, we also estimate
the total CO2 emissions of these inference workflows. These
results highlight the critical need to incorporate network
consumed energy into sustainable AI system design.

CCS Concepts
• Networks → Network performance analysis; Network
measurement.
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1 Introduction
The use of AI, particularly LLMs, has skyrocketed in recent
years. This in turn has driven up demand for compute and
thereby more energy. It is projected that the electricity con-
sumption due to AI will more than double to around 945
TWh by 2030[4]. This is primarily due to the increasing sizes
of the AI models and also increasing usage of AI across sec-
tors. AI energy consumption majorly happens in two stages,
during training and during inference. For the scope of this
paper, we focus on energy consumed during inference.
LLM inferencing consists of two key inputs, the prompt

which describes the instructions from the user, and the rel-
evant context. The relevant context might consist of the
latest information that was not present at the time of model
training. This allows the AI model to work with the latest
information. The context is generally produced by far-edge
entities like cars, robots, etc., and has to be transported to the
AI model. In many use cases like autonomous cars, robots
in smart factories, this context is carried over the mobile
network. The context can be in the form of multiple modal-
ities, like text, images, videos, etc. AI energy monitoring
frameworks generally only consider energy consumed by
the AI model during inference and ignore energy consumed
by transporting the context from data source to the AI model.
In this paper, we investigate the energy consumed by the AI
models, specifically for VLMs, along with the energy con-
sumed by transport of context over mobile network.

In section 2, we provide relevant background. In section 3,
we provide overview of related literature. In section 4, we
provide overview of the energy monitoring framework. In
section 5, we present and analyze the results. In section 6,
we provide the limitations of the work, and in section 7, we
present the conclusion.

2 Background
2.1 Vision Language Models
Vision-Language Models (VLMs) are a major step forward in
multimodal artificial intelligence. They combine computer
vision and natural language processing, enabling them to
understand and reason over both images and text. As a result,
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VLMs can perform a wide range of tasks, such as image
captioning, visual question answering (VQA), image-text
retrieval, and multimodal content generation. Unlike earlier
computer vision models that were limited to specific tasks,
VLMs are designed to be more general and adaptable. They
are trained on large-scale datasets containing paired images
and text, and often use transformer-based architectures. This
allows them to generalize to new tasks with little or no
additional training, making them effective across various
domains and use cases.

Despite their exceptional performance, VLMs require sig-
nificant computing resources and thereby energy. Thesemod-
els are large, often with billions of parameters, and usually
require servers with dedicated Graphical Processing Units
(GPUs). They are usually located in cloud or edge datacen-
ters and depend on computer or mobile networks to fetch
relevant context for inference.

2.2 5G network
3GPP 5G[3] is a mobile network technology that allows de-
vices to send data at higher speeds and lower latency over
the air. It consists of three major parts, the Radio Access Net-
work (RAN), Core Network (CN), and the Transport Network
(TN). These networks consist of Virtual Network Functions
(VNFs) and Physical Network Functions (PNF). VNFs are soft-
ware components in container running on a general purpose
compute servers. PNFs are hardware components generally
designed to perform specific narrow functions. VNFs and
PNFs work together to form the 5G network, which allows
transporting data from user equipment (UE) to its destina-
tion.
O-RAN[18] is a set of specifications that build on top of

3GPP 5G and make the RAN more flexible. In O-RAN’s disag-
gregated architecture, the RAN consists of centralized unit
(CU), distributed unit (DU) and radio unit (RU). The CU han-
dles the higher layer protocols in the RAN while the DU
executes lower layer protocol functions. The RU is responsi-
ble for the actual transmission and reception of radio signals.
All these RAN components are controlled using two radio
intelligent controllers (RICs). The non-real time RIC handles
coarse-grained parameters on a wider scale of the network,
while the near-real time RIC controls RAN parameters using
different services models.

3 Related Work
Energy and carbon monitoring for AI inference workloads
is being studied widely due to the recent upsurge in AI us-
age. In [12], Desislavov et al. analyze trends in inference
energy consumption and find that, despite growing model
sizes, improvements in hardware have not caught up which
affects their energy footprint. Li et al. [16] propose EcoServe,

a carbon-conscious orchestration system designed for large-
scale LLM inference in cloud environments. Similarly, in
Clover[15] authors propose a carbon-aware inference run-
time that prioritizes emissions reduction over traditional
performance metrics.
Monitoring networks for energy efficiency and carbon

emissions is also being investigated across academia and
industry. In [20] authors present the mobile network oper-
ators perspective on roadmap to Green 6G networks. They
explore key technologies that could enable such networks.
In [10], authors describe challenges & opportunities at dif-
ferent network levels to increase energy efficiency. In [14]
authors describe how monitoring mobile network carbon
emissions at lower granularity can enable new kinds of ser-
vices for future networks. In [11], a granular energy monitor-
ing framework is developed, however the measurements are
done on a emulated network without a real radio. In [8], the
authors demonstrate how carbon metrics can be monitored
in transport networks using telemetry aggregation.

4 E2E energy monitoring framework
Consider a scenario where a certain process is being mon-
itored by a robot using a camera in a smart factory envi-
ronment. A video stream from the camera is sent to a VLM
running on a server in the edge or cloud for further analysis.
In order to monitor end-to-end energy consumption in such
an environment, there are two challenges. Firstly, the robot
might be running multiple applications which use the 5G net-
work like command and control, telemetry, etc. Each of these
applications might have various QoS requirements, hence
it might be routed through different NFs (e.g, UPF). These
NFs might have varying energy consumption. Hence, it is
challenging to identify which application consumes what
amount of energy in the network. Secondly, as most of the
NFs in 5G are virtualized, it makes it harder to measure
energy consumption as compared to PNFs. We create a moni-
toring framework to address both of these challenges as seen
in Fig. 1.

4.1 Application data path tracing
In order to trace the datapath taken by the video stream-
ing application over the 5G link, this framework uses In-
Situ Operations, Administration, and Maintenance (IOAM)
standard[9]. IOAM allows sending operational and telemetry
information directly within the data packets as they traverse
a network path, rather than using separate, dedicated teleme-
try packets. We implement this by embedding IOAM header
in IPv6 packet header[13]. Each packet of the video stream
traffic carries this IOAM header. We use two fields in this
header, TraceID and NodeID.
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Figure 1: E2E monitoring framework

• TraceID: Unique ID identifying the application towhich
the packets belong. Inserted at the source of the data
traffic.

• NodeID: This uses the Hop-by-Hop Options header
feature of IOAM. As the packet passes through each
of the VNFs in the datapath, each VNF adds its unique
NodeID to the header. When the traffic is received at
the AI inference server, it has a list of NodeIDs for all
the VNFs the packet passed through.

As seen in Fig. 1, IOAM telemetry data is extracted from
the user data packets and is collected by Jaeger, which is
a distributed tracing platform. This data is then analyzed
by the path tracer. By correlating NodeID and TraceID from
the received data, the path tracer determines the number
of packets from a specific application traversing each set
of NFs[11]. These traces can be stored in Elasticsearch for
future use.

4.2 Energy measurements
An O-RAN compliant 5G network consists of multiple NFs
in the datapath of the video stream traffic. The RU is the only
PNF in the datapath, while the rest are VNFs. We monitor
the energy consumption of RU using a metered power dis-
tribution unit (PDU). These measurements are then pushed
to Prometheus which is an event monitoring framework.

For measuring energy consumed by VNFs like DU, CU, UPF,
we use Kepler[6]. Kepler allows monitoring the energy con-
sumption of each pod in a Kubernetes cluster. It achieves
this by collecting and fusing data from multiple sources like
running average power limit (RAPL), advanced configura-
tion and power management interface (ACPI), and Berkeley
Packet Filter (BPF) based data capture of hardware perfor-
mance counters. We also use Kepler to measure the energy
consumed by AI model inference. The energy consumption
data for each of the NFs and the AI model is then forwarded
by Kepler to Prometheus for further analysis, as seen in Fig.
1.

4.3 Application level energy estimation
Energy measurement of each NF and AI model has two
components- static and dynamic. Static component is en-
ergy that is being consumed irrespective of the load, while
the dynamic component is the one that changes according
to changes in load. Based on these, we can classify the NFs
into three types:

• Zero Static energy consumption: These functions only
have a dynamic component, i.e., they consume energy
only when loaded (e.g., AI model inference)

• Constant static energy consumption: In these func-
tions, static energy consumption is constant while the
dynamic component is negligible. They keep consum-
ing energy irrespective of load (e.g., RU).

• Constant static and variable dynamic energy consump-
tion: These functions consume a constant amount of
energy irrespective of load, and the dynamic energy
consumption changes according to load (e.g., CU).

In order to calculate the energy consumed by an appli-
cation in a given network function we use the following
formula.

𝐸 (𝐴𝑝𝑝)𝑁𝐹 =

(
𝑃𝑘𝑡 (𝐴𝑝𝑝)𝑁𝐹

𝑃𝑘𝑡 (𝑇𝑜𝑡𝑎𝑙)𝑁𝐹

× 𝐸 (𝑁𝐹 )𝑑𝑦𝑛
)
+(

𝐸 (𝑁𝐹 )𝑠𝑡𝑎𝑡𝑖𝑐
𝑀𝑎𝑥𝐶𝑎𝑝𝑁𝐹

× 𝑅𝑎𝑡𝑒 (𝐴𝑝𝑝)
)

We take the proportion of application packets passed
through anNF to the total number of packets passing through
the NF for a given amount of period and multiply it by the
dynamic energy component of the NF. As some NFs have
large static components, in order to have fair attribution, we
divide the static component by the maximum possible capac-
ity for the NF and multiply it by application data rate. The
addition of these two parts gives us energy used by the appli-
cation in a given network function- 𝐸 (𝐴𝑝𝑝)𝑁𝐹 . In order to
get the end-to-end energy consumption, we add 𝐸 (𝐴𝑝𝑝)𝑁𝐹

for each network function, and then add the dynamic energy
3
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component of the AI model inferencing. Note that there is
no static energy component for AI model inferencing.

𝐸 (𝐴𝑝𝑝)𝐸2𝐸 = 𝐸 (𝐴𝑝𝑝)𝑅𝑈 + 𝐸 (𝐴𝑝𝑝)𝐷𝑈 + 𝐸 (𝐴𝑝𝑝)𝐶𝑈 +

𝐸 (𝐴𝑝𝑝)𝑈𝑃𝐹 + 𝐸 (𝐴𝑝𝑝)𝑑𝑦𝑛
𝐴𝐼

5 Results and Analysis
5.1 Testbed overview
In order tomeasure realistic E2E energymeasurement, we set
up a testbed where a UE transmits video over a real private
5G network (4Mbps50 fps). We chose this rate as it represents
datarate typically required by monitoring cameras. The UE
monitors an assembly line where a set of boxes are moving
along a conveyor belt. This video is received by a VLMmodel,
which analyses the video according to a pre-defined prompt.
Note that this can be a typical scenario in a smart factory
environment with a private 5G network[5]. The AI model
samples the video at a rate of 1.6fps. This rate was chosen
as it is the typical VLM sampling rate for most applications,
however for special applications, a higher or variable sam-
pling rate might be necessary[19]. We run inference using
the sampled video frames and prompt every 5 seconds. Each
experiment is performed for 60 minutes. We use two VLMs,
Qwen2.5 VL[7] and gemma3[22] for evaluation. Both models
run on a NVIDIA A100 GPU with 80GB VRAM.
Our O-RAN compliant private 5G network consists of a

Liteon FlexiFi RU, the DU and CU from OpenAirinterface[1],
and the core network from Open5GS[2]. The 5G VNFs run
on a server with 32 Intel Xeon Gold 6346 CPUs with 512GB
RAM. The RU is connected to the DU via an optical fiber
through a fronthaul switch. Both 5G VNFs and AI models
run as Kubernetes pods.
In order to evaluate the impact of different kinds of AI

tasks on energy consumption, we classify tasks into two
categories- simple and complex. Both tasks use the same
video stream as context but different prompts. In simple tasks,
the VLM is tasked with identifying the object in the video or
answering yes/no questions about the objects in the video.
In complex tasks, the VLMs is tasked with more analytical
or descriptive tasks like describing what’s happening in the
video or predicting what might happen next. In simple tasks,
the VLM output consists of 1 or 2 words, while in complex
tasks, the output is much more descriptive. VLM tends to
consume more energy in complex tasks than in simpler tasks,
especially as the number of output tokens rises[17].

5.2 Energy consumption
We compare energy consumed by the 5G network with en-
ergy consumed by the gemma3 and Qwen2.5VL models for
simple tasks as seen in Fig. 2. The video stream is being sent

at rate of 4 Mbps. We find that gemma3 models consume
approximately 4x more energy than Qwen2.5 models. The
more unexpected finding is that 5G network spends approxi-
mately same amount of energy to transport the video context
as Qwen2.5 spends in inferencing.

Figure 2: Energy consumption for simple queries

Similarly, in Fig. 3, we compare energy consumed by the
5G network with energy consumed by VLMs for complex
tasks. In this case, with the exception of the Qwen2.5-7B,
both gemma3 and Qwen2.5 models exhibit similar energy
consumption. For this scenario energy consumed by the
network is 20% to 30% of the energy consumed by larger
VLMs.

Figure 3: Energy consumption for complex queries

We also find that sending the context at a slower rate
reduces the energy consumption. We try to examine if select-
ing the more energy efficient model for simple queries and
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sending the context at a lower rate are together able to lower
the overall energy consumption. In Fig. 4 the left group of
bars shows total energy consumption when video is sent at
4 Mbps and gemma models are used. Bars on the right show
total energy consumption when Qwen2.5 models are used
and video is sent at 2 Mbps.

Figure 4: Energy saving impact: Simple tasks

We find that choosing the energy efficient AI model and
lower rate might reduce energy consumption by 68%.We also
examine if a similar reduction is also possible with complex
tasks, as shown in Fig. 5. However, the energy reduction here
is very negligible (0.1%) with the exception of smaller models.
Note that sending video stream at lower rates might only
be feasible for certain kinds of use cases(e.g., retrospective
analysis) and may not suit ones with more strict timing
requirements.

Figure 5: Energy saving impact: Complex tasks

Also note that both model families have comparable accu-
racy, and it can be further improved by fine-tuning.

5.3 Carbon intensity
The environmental impact of energy consumption is de-
termined by the carbon intensity. Carbon intensity is the
amount of CO2 emitted per kWh of energy consumption.
The volume of CO2 emissions varies depending on whether
the energy source is fully renewable or hybrid (mix of renew-
able and non-renewable energy sources). While significant
attention has been directed toward reducing the carbon emis-
sions associated with AI model inference, comparatively less
emphasis has been placed on the emissions resulting from
network infrastructure during data transmission.

It is relatively easier for data centers to switch to a renew-
able energy source due to their centralized nature. In case
of mobile network, due to its distributed nature, it might be
relatively difficult to operate on a fully renewable energy
source. In several developing countries, mobile network op-
erators use diesel generators to power mobile base stations
[21].
We calculate total carbon emitted for simple and com-

plex tasks as shown in Fig. 6 and 7. We assume the data
center running VLM is powered by fully renewable energy
(25g CO2/kWh) while the mobile network is using a hybrid
mix (215g CO2/kWh)[23]. Under these conditions, network-
induced carbon emissions may surpass those generated by
the AI inference process. We find that for simpler tasks, the
network is responsible for around 70% to 89% of total emis-
sions, depending on the model used. In case of complex tasks,
the network is responsible for approximately 60% to 84% of
the total emissions. This highlights the need of focusing
not only on energy consumption but also on the associated
carbon emissions.

Figure 6: E2E CO2 emissions: Simple tasks
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Figure 7: E2E CO2 emissions: Complex tasks

6 Limitations
• We assume that the dynamic energy component of
each NF scales linearly with the number of packets
processed. This may not be true for some NFs. In such
cases, these NFs need to be benchmarked and an ap-
propriate scaling factor needs to be applied to the mea-
sured energy.

• Our work focuses only on data plane energy consump-
tion and does not take control plane energy consump-
tion into account. Control plane consumption is es-
timated to be approximately 10% of the overall data
plane consumption.

• Adding an IOAMheader to a packet adds around 11.83%
of overhead on the packet in terms of size. It also con-
tributes to around 13% energy overhead. However, it
is possible to enable IOAM mode only when actively
measuring energy and turning it off when it is not
required to save overheads.

• We do not consider embodied emissions like emissions
during VLM training, manufacturing, and assembly
of network components, etc. We only focus on opera-
tional emissions.

7 Conclusion and Future work
In this paper, we present a framework to monitor end-to-end
energy consumption for AI inference over mobile networks.
Our framework uses a combined cross-layer and in-band
network telemetry approach to estimate application-level
energy usage. Our findings reveal that for simpler tasks ex-
ecuted with energy-efficient VLMs, the energy consumed
by the mobile network is approximately on par with the
energy required for AI inference by the VLM. In contrast, for

more complex tasks, network energy consumption consti-
tutes roughly 20% to 30% of the total energy used by the VLM.
Moreover, we demonstrate that combining energy-efficient
AI models with lower data transmission rates can reduce
overall energy consumption by up to 68%. These findings
highlight the pressing need for advancements in the energy
efficiency of mobile networks, which must progress in tan-
demwith improvements in AI model and hardware efficiency
to enable end-to-end sustainable AI systems.
In future we aim to benchmark energy consumption for

more VLM models and with more number of UEs and traffic.
We also aim to optimize the IOAM header to reduce the
overhead.

This work does not raise any ethical issues.
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