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Abstract—This paper studies the notion of age in task-oriented
communications that aims to execute a task at a receiver utilizing
the data at its transmitter. The transmitter-receiver operations
are modeled as an encoder-decoder pair that is jointly trained
while considering channel effects. The encoder converts data
samples into feature vectors of small dimension and transmits
them with a small number of channel uses thereby reducing the
number of transmissions and latency. Instead of reconstructing
input samples, the decoder performs a task, e.g., classification, on
the received signals. Applying different deep neural networks of
encoder-decoder pairs on MNIST and CIFAR-10 image datasets,
the classifier accuracy is shown to increase with the number of
channel uses at the expense of longer service time. The peak age of
task information (PAoTI) is introduced to analyze this accuracy-
latency tradeoff when the age grows unless a received signal is
classified correctly. By incorporating channel and traffic effects,
design guidelines are obtained for task-oriented communications
by characterizing how the PAoTI first decreases and then
increases with the number of channel uses. A dynamic update
mechanism is presented to adapt the number of channel uses to
channel and traffic conditions, and reduce the PAoTI in task-
oriented communications.

Index Terms—Task-oriented communications, deep learning,
age of information, information timeliness, image classification.

I. INTRODUCTION

In conventional communications, the goal is to optimize

information transfer by accounting for channel impairments.

The transmitter and receiver operations can be individually

or jointly designed to reconstruct the information transferred

from a transmitter to its receiver by minimizing a reconstruc-

tion loss such as the symbol error rate. For that purpose, deep

neural networks (DNNs) can be used to model the transmitter

and receiver operations such as channel coding/decoding and

modulation/demodulation jointly as an autoencoder to mini-

mize the end-to-end reconstruction loss.

The goal of communications has been extended to preserve

the meaning of information in semantic communications [1]–

[3]. For that purpose, the loss for training the autoencoder

can incorporate both the reconstruction loss in conventional

communications and the semantic loss, i.e., the loss of mean-

ing during the information transfer [4], [5]. Semantic com-

munications has been considered to preserve the meaning in
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information transfer of different data modalities, including text

[6], [7], image [4], [8], video [9], and speech/audio [10], [11].

The semantics of information can also represent the signif-

icance of information relative to a task that necessitates the

information transfer (e.g., edge sensor devices take images

and the fusion center needs to detect intruders in these

images). To that end, task-oriented communications or goal-

oriented communications [12]–[14] changes the paradigm of

conventional communications in a way that the objective is

not anymore reliable information reconstruction, but it is the

successful execution of a task (e.g., a classification task) at

the receiver while the data is available at the transmitter.

The transmitter operations such as source coding, channel

coding, and modulation are modeled as an encoder to generate

and transmit feature vectors of small dimension, whereas the

receiver does not run the usual receiver chain but directly

employs a decoder to perform the task such as classifying

the received signals without reconstructing input samples

such that only a small number of transmissions is needed

with low latency. By accounting for both channel and data

characteristics, the encoder-decoder pair is trained jointly as

an end-to-end DNN to optimize the task performance such as

the categorical cross-entropy for the classification loss [15].

In task-oriented communications, the task execution can be

considered a status update when data samples arrive randomly

at the transmitter queue. Then, the performance can be mea-

sured not only by accuracy but also by information timeliness.

To that end, the study of the age of information (AoI) has

been instrumental to characterize how the information ages

over time in a queuing system where a transmitter aims to send

timely status updates to its receiver [16]. The peak AoI (PAoI)

has been considered a more tractable metric for information

timeliness [17]. The AoI metrics have been considered when

executing a task such as real-time source reconstruction [18] or

computation offloading at the edge [19], [20]. Since the AoI

metrics do not account for the information dynamics at the

source, the binary freshness metric has been employed in [21]

to compare the information at the receiver with the information

stored at the transmitter. To measure the freshness of infor-

mative updates, the Age of Incorrect Information (AoII) has

been proposed in [22] by combining the AoI and conventional

error penalty functions. By considering status updates subject

to a distortion, a trade-off has been identified in [23] between



the quality of information and the AoI (processing longer at

the transmitter reduces the distortion of the update but it also

increases the age); see also partial updates [24]. Recently,

supervised and reinforcement learning approaches have been

employed for keeping information freshness [25].

In this paper, we consider the timeliness in task-oriented

communications, when a machine learning task needs to be

performed at the receiver without a need for information

reconstruction. A motivating example is an inter-vehicle or

drone network, where each node (vehicle or drone) takes

images and exchanges them with its neighbor nodes. Instead

of transmitting the entire image data, each node transmits only

a reduced amount of information such that the receiver node

can still correctly classify images to labels (e.g., traffic signs

or targets). It is important to complete the image classification

task in both correct and timely manner. Thus, we consider the

age of status updates corresponding to correct task completion

and jointly optimize the information transfer and classification

operations by training an encoder-decoder pair. Both the

classification accuracy and the latency (service time) increase

with the number of channel uses (i.e., the size of the encoder

output or the size of the decoder input) that emerges as an

important design parameter in task-oriented communications.

We consider image classification as the task, use MNIST

and CIFAR-10 datasets, and train different feedforward (FNN)

and convolutional neural network (CNN) models for the

encoder-decoder pair in task-oriented communications. First,

we characterize classification accuracy as an increasing func-

tion of the number of channel uses and the signal-to-noise ratio

(SNR). Then, we derive the Peak Age of Task Information

(PAoTI) as a function of the number of channel uses, the SNR,

and the arrival rate assuming that age continues to grow unless

a successful task execution, i.e., correct image classification,

takes place as a status update. We show that the PAoTI

decreases first and then increases with the number of channel

uses. This identifies the number of channel uses to minimize

the PAoTI as a design feature for task-oriented communica-

tions. When the SNR and the arrival rate are not known in

advance, we present a dynamic update mechanism that adapts

the number of channel uses to arrival and channel conditions

over time and reduces the PAoTI. The results highlight the

accuracy-latency tradeoffs in terms of the PAoTI and identify

new design guidelines for task-oriented communications.

The rest of the paper is organized as follows. Section

II describes the task-oriented communications system based

on deep learning and evaluates the classification accuracy.

Section III analyzes the PAoI in task-oriented communications.

Section IV evaluates the PAoI performance in task-oriented

communications as a function of system parameters including

the number of channel uses and presents a dynamic update of

the number of channel uses. Section V concludes the paper.

II. DEEP LEARNING-DRIVEN TASK-ORIENTED

COMMUNICATIONS

We consider task-oriented communications driven by deep

learning. As shown in Fig. 1, the transmitter and the receiver
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Fig. 1: Task-oriented communications.

operations are represented as an encoder and a decoder,

respectively, and they are jointly trained. The data samples

such as images are the input to the encoder. The encoder

incorporates the operations of source coding, channel coding,

and modulation, and converts the input sample to modulated

signals. The size of the output of the encoder is smaller

than the size of the input sample, i.e., the encoder captures

lower-dimensional latent features that are transmitted over the

channel with a small number of channel uses.

The signals received at the receiver side are given as input

to the decoder that executes a task, namely classifies received

signals to the labels of input data samples at the transmitter.

The encoder and decoder are jointly trained as an end-to-

end deep neural network while accounting for the channel.

This setting is different from autoencoder communications

[26] that typically processes symbols (bits) as input at the

transmitter and reconstructs them at the receiver, i.e., does not

include source coding and decoding operations. Additionally,

in our setting, the input samples are not reconstructed at

the receiver. Since only feature vectors of a small dimension

are transmitted over a limited number of channel uses, task-

oriented communications is more energy-efficient and is bet-

ter at correct classification (compared to data reconstruction

followed by classification), as shown before for the task of

spectrum sensing and wireless signal classification in [15].

We consider two image datasets:

• MNIST: The MNIST dataset is composed of images of

handwritten digits [27]. The label of each data sample is

its digit (from 0 to 9). There are total of 10 labels. Each

data sample (image) is of 28×28 grayscale pixels and the

value of each pixel is between 0 and 255. We consider

different models: (a) the FNN where each data sample is

represented by a feature vector of size 28 × 28 = 784,

(b) the CNN where each data sample is of size 28×28×
1. The dataset consists of 60,000 training samples and

10,000 test samples.

• CIFAR-10: The CIFAR-10 dataset consists of color

images from 10 classes, ‘airplane’, ‘automobile’, ‘bird’,

‘cat’, ‘deer’, ‘dog’, ‘frog’, ‘horse’, ‘ship’, and ‘truck [28].

There are total of 10 labels. Each data sample (image) is

of 32 × 32 × 3 color (RGB) pixels and the value of a

given pixel in each red, green and blue component is

between 0 and 255. We consider the CNN as the model

to train (the FNN is known to have poor performance for

the CIFAR-10 dataset). The dataset consists of 50,000

training samples and 10,000 test samples.

In each case, the corresponding feature is normalized to



[0, 1] and given as input to the encoder of the transmitter. The

encoder that is run on each input sample reduces the dimension

to nc, which is defined as the number of channel uses to

transmit the modulated symbols at the output of the transmitter

(assuming one symbol can be transmitted in each channel

use). The signal at the output of the encoder is transmitted

with nc channel uses over an AWGN channel. The received

signal (of dimension nc) is given as input to the decoder at

the receiver. The decoder’s output is the classification label.

Note that the input sample is not reconstructed at the receiver

compared to conventional communications. Table I shows the

architectures of the encoder and decoder for different data and

model types, namely (a) MNIST + FNN, (b) MNIST + CNN,

and (c) CIFAR-10 + CNN. Categorical cross-entropy is used

as the loss function and Adam is used as the optimizer. The

numerical results are obtained in Python and the models are

trained in Keras with the TensorFlow backend. A Gaussian

noise layer with the corresponding SNR is inserted between

the encoder and the decoder to reflect the channel effects.

Fig. 2 shows the classification accuracy, pc, namely the

probability of correct classification (averaged over all labels),

as a function of nc. The accuracy pc is the highest for the

MNIST data when the the more complex CNN model is used,

whereas it is the lowest for the more difficult CIFAR-10 data

even when the CNN is used (the FNN has poor performance

for the CIFAR-10 dataset so it is not considered). For all data

and model types considered, the accuracy pc increases, as nc

increases. In the meantime, the service time, namely nc, for

the classification task to complete for each data sample also

increases. This leads to the trade-off with freshness of task

outcomes that we study next in Section III.

III. PEAK AGE OF TASK INFORMATION IN

TASK-ORIENTED COMMUNICATIONS

In this paper, we focus on the peak age of information

(PAoI) [17] as a more tractable metric. We assume that the

data samples (images) arrive at a First Come First Served

(FCFS) queue of the transmitter according to a Poisson process

(such that the interarrival time for data samples has exponential

distribution). The service time (to classify each image) at the

receiver is deterministic and given by nc (since each image

is transmitted over nc channel uses). Thus, we consider an

M/D/1 queue for the end-to-end operation of classification

task from the arrival of images at the transmitter until they are

classified at the receiver. We assume that the age is reduced

only when correct information is obtained at the receiver,

i.e., the classification outcome is correct. Otherwise, the age

continues to increase linearly with time at unit rate.

We denote by t′
k

the time instants at which the status update

arrives (i.e., an image is received and classified) at the receiver.

At time instant t̂, N(t̂) = max{k|t′
k

≤ t̂} corresponds to

the index of the most recently received update and U(t̂) =
t
N(t̂) is the time stamp of the most recently received update.

Then, the AoI is defined as ∆(t) = t − U(t) at time t. The

age ∆(t) reaches a peak Ak = Tk−1 + Dk or Yk + Tk the

instant before the service completion at time t′
k
, where Tk =

TABLE I: Encoder-decoder architectures for task-oriented communications.

(a) Data: MNIST, Model: FNN.
Network Layer Properties

Encoder Input size: 28×28×1
Dense size: 784, activation: ReLU
Dense size: nc, activation: Linear

Decoder Input size: nc

Dense size: nc, activation: ReLU
Dense size: 10, activation: Softmax

(b) Data: MNIST, Model: CNN.
Network Layer Properties

Encoder Input size: 28×28×1
Conv2D filter size: 32, kernel size: (3,3)

activation: ReLU
MaxPooling2D pool size: (2,2)
Conv2D filter size: 64, kernel size: (3,3)

activation: ReLU
MaxPooling2D pool size: (2,2)
Flatten –
Dropout dropout rate: 0.5
Dense size: nc, activation: Linear

Decoder Input size: nc

Dense size: nc, activation: ReLU
Dense size: 10, activation: Softmax

(c) Data: CIFAR-10, Model: CNN.
Network Layer Properties

Encoder Input size: 32×32×3
Conv2D filter size: 32, kernel size: (3,3)

activation: ReLU
Conv2D filter size: 32, kernel size: (3,3)

activation: ReLU
MaxPooling2D pool size: (2,2)
Dropout dropout rate: 0.25
Conv2D filter size: 64, kernel size: (3,3)

activation: ReLU
Conv2D filter size: 64, kernel size: (3,3)

activation: ReLU
MaxPooling2D pool size: (2,2)
Dropout dropout rate: 0.25
Flatten –
Dense size: 512, activation: ReLU
Dropout dropout rate: 0.25
Dense size: nc, activation: Linear

Decoder Input size: nc

Dense size: nc, activation: ReLU
Dense size: 10, activation: Softmax

t′
k
− tk is the time spent in the system, Dk = t′

k
− t′

k−1 is

the kth interdeparture time for data samples classified at the

receiver, and Yk is the kth interarrival time for data samples

at the transmitter. Assuming that the status updating system is

stationary and ergodic, the PAoI is given by

∆(PAoI) = E[Ak] = E[Tk−1] + E[Dk]

= E[Yk] + E[Tk]. (1)

Note that the PAoI is closely related to the AoI (Tk−1 and Ak

are sufficient to reconstruct the age process ∆(t)). However,

the PAoI does not require computing the joint expectation of

interarrival time and systems time E[TnYn]. Therefore, the

PAoI is considered more tractable.

Note that not every status update is successfully received,

i.e., classification may yield an error, and then the age is
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(a) Data: MNIST, Model: FNN.
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(b) Data: MNIST, Model: CNN.
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(c) Data: CIFAR-10, Model: CNN.

Fig. 2: Classification (task) accuracy pc(nc) as a function of the number of channel uses, nc, for different SNR levels, datasets and model types.

not updated. Then, Tk needs to be decomposed into two

terms (similar to status updates over erasure channels in [29]),

the interarrival time for status updates that are successfully

received, T̂k and system time for the update that consists of

time for waiting in queue, Wk, and time for service Sk. Note

that T̂k measures the interarrival time between the update k
and the successfully received update that has not arrived before

the update k. Then, the PAoTI is given by

∆(PAoTI) = E[Yk] + E[T̂k] + E[Wk] + E[Sk] (2)

For the M/D/1 queue, the terms E[Yk], E[Wk], and E[Sk] in

(2) are given by

E[Yk] =
1

λ
, E[Wk] =

ρ

2µ(1− ρ)
, E[Sk] =

1

µ
, (3)

where λ is the interarrival rate for status updates, ρ = λ/µ is

the utilization ratio and µ = 1/nc is the service rate. Next, we

derive the term E[T̂k] in (2). Let Ek and Ēk denote the events

that the kth classification outcome is correct (and therefore,

the age is reduced) and incorrect (and therefore, the age is not

reduced), respectively. Then, E[T̂k] in (2) is written as

E[T̂k] =P (Ek)E[T̂k|Ek]

+ (1− P (Ek))(E[Tk] + E[T̂k+1|Ēk]), (4)

where P (Ek) is the probability of correct classification of the

signal corresponding to the kth data sample, and

E[T̂k|Ek] = 0, (5)

E[T̂k|Ēk] = E[Yk] + E[T̂k+1]. (6)

Define P (Ek) = pc as the probability of correct classification

(assuming independent and identically distributed classifica-

tion outcomes). P (Ek) depends on the type of data, and model,

the SNR, and the number of channel uses nc, as shown in

Fig. 2. As we focus on the trade-off driven by nc, we express

the probability pc as pc(nc). From (4)-(6), E[T̂k] satisfies

E[T̂k] = (1− pc(nc))

(

1

λ
+ E[T̂k+1]

)

. (7)

Considering E[T̂k] = E[T̂k+1], we obtain E[T̂k] from (7) as

E[T̂k] =
1− pc(nc)

λ pc(nc)
. (8)

Then, the average PAoTI, ∆(PAoTI), in (2) can be derived from

(3) and (8) as

∆(PAoTI) =
1

λ
+

1− pc(nc)

λ pc(nc)
+

ρ

2 µ (1− ρ)
+

1

µ
. (9)

By setting µ = 1/nc and ρ = λ/µ in (9), ∆(PAoTI) is expressed

as a function of λ, nc and pc(nc) as

∆(PAoTI) =
1

λ pc(nc)
+

(2− λ nc) nc

2 (1− λ nc)
. (10)

IV. PERFORMANCE EVALUATION AND DESIGN GUIDELINE

In this section, we start with the evaluation of the PAoTI

as a function of the system parameters, namely the number

of channel uses, nc, the SNR of the channel, the arrival rate,

λ, the data type (MNIST vs. CIFAR-10) and the model type

(FNN vs. CNN). Fig. 3 shows the PAoTI as a function of

the number of channel uses and compares it with the PAoI

for different SNR levels, datasets and models types, where

the arrival rate is 0.09. The difference between the PAoTI

and PAoI is that the age is reduced in PAoI whenever a

classification takes place at the receiver, whereas the age is

reduced in PAoTI only when the classification of a received

signal at the receiver yields the correct label.

The PAoI increases monotonically with nc, since the service

time is nc. Also, the PAoI is independent of the classification

accuracy, pc, and it is not affected by the SNR as well

as the dependence of pc on nc. The PAoTI has a more

complicated dependence on nc according to (10). When nc

is small, the service time is also small and this is a driving

factor to reduce the PAoTI. However, pc decreases rapidly

with smaller nc, as shown in Fig. 2. Therefore, when nc is

very small, the PAoTI first increases with nc. However, as

nc increases, the improvement of pc slows down, whereas

the service rate decreases linearly with nc. Therefore, the

decrease in the PAoTI slows down when nc increases and

the PAoTI eventually reaches its minimum for a moderate nc.

We denote this best nc as n∗

c
. We compute n∗

c
as 5, 4 and

4 for MNIST data and 6, 5 and 4 for CIFAR-10 data when

the SNR is 0dB, 3dB and 5dB, respectively. Beyond n∗

c
, pc

starts to saturate with increasing nc, whereas the service rate

continues to decrease linearly with nc. Thus, the PAoTI starts

increasing with nc > n∗

c
. Since pc increases with the SNR, as
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(a) Data: MNIST, Model: FNN.

1 2 3 4 5 6 7 8 9 10
Number of Channel Uses, nc

0
10
20
30
40
50
60
70
80
90

100
110

Pe
ak

 A
ge

 o
f (

Ta
sk

) I
nf

or
m

at
io

n

Peak Age of Task Information, SNR = 0dB
Peak Age of Task Information, SNR = 3dB
Peak Age of Task Information, SNR = 5dB
Peak Age of Information

(b) Data: MNIST, Model: CNN.
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(c) Data: CIFAR-10, Model: CNN.

Fig. 3: PAoTI as a function of the number of channel uses, nc, for different SNR levels, datasets and model types, where the arrival rate, λ, is 0.09.

shown in Fig. 2, the PAoTI decreases with the SNR. Among

the data types and model types, the smallest PAoTI is achieved

for the MNIST data and the CNN model. On the other hand,

pc is the smallest for the CIFAR-10 dataset for which the

PAoTI is also the highest. The gap between the PAoTI and

the PAoI increases when nc or the SNR decreases, i.e., when

pc decreases and its negative effect on the PAoTI increases.

Next, we evaluate the effect of arrival rate, λ, on the PAoTI

and the PAoI. Fig. 4 shows the PAoTI as a function of λ and

compares it with the PAoI for different SNR levels, datasets

and model types, when nc is 5. Consistent with the known

dependence of the age on the utilization, the PAoTI and PAoI

first decrease as λ increases (when the service rate is fixed),

reach the minimum values, and then start increasing with λ.

Since nc is a design parameter for the construction of

the encoder-decoder pair in task-oriented communications, the

PAoTI provides important design guidelines on the selection

of nc for the freshness of task updates. The analysis so far

assumes that the SNR and the arrival rate are known in

advance such that an appropriate nc can be selected for a low

level of the PAoTI. Next, we consider the case that the SNR

and the arrival rate are unknown to the transmitter and the

receiver, and they update nc (and the corresponding encoder

and decoder models from Table I) based on the measured

PAoTI over time. Let nc(t) denote the number of channel

uses, nc, that is adopted at time t. When a classification is

performed (namely at any time instant t′
k
), nc is updated as

nc(t) = [nc(t
′

k
) + δk]

+
, for t > t′

k
, (11)

where δk is the change to nc at the kth update and [x]+ =
max(x, 0). The update δk can be constructed as

δk =











δk−1, if ∆
(PAoTI)
k

> ∆
(PAoTI)
k−1

−δk−1, else if ∆
(PAoTI)
k

< ∆
(PAoTI)
k−1

δ̃, otherwise,

(12)

where δk ∈ {−1,+1} and δ̃ ∈ {−1,+1} is a random variable

of two-point distribution with values −1 and +1, each with

probability 1/2. Note that the exploration on nc can be limited

by adding 0 to the set of δk updates either by replacing δ̃ or

randomizing the δk−1 versus −δk−1 updates.

Fig. 5 shows the PAoTI for dynamic nc updates as a func-

tion of arrival rate, λ, for different SNR levels and compares

it with the fixed nc case (nc = 5). The PAoTI is measured and

averaged over up to 200,000 status update events. Note that the

dynamic scheme keeps the PAoTI very close to the fixed nc

case for small λ and reduces the PAoTI significantly when λ
is large such that the utilization significantly increases for the

fixed nc case. Table II shows the PAoTI that is measured and

averaged for different arrival rates and SNRs. The dynamic

nc reduces the PAoTI with respect to the fixed nc case by

47% for MNSIT+FNN, 52% for MNIST+CNN and 32% for

CIFAR-10+CNN. In other words, the PAoTI improvement is

more when pc is higher, when the PAoTI is smaller and there

is less randomness regarding when the age is reduced.

TABLE II: PAoTI averaged over SNR levels and arrival rates for fixed nc

(nc = 5) and dynamic update of nc.

MNIST+FNN MNIST+CNN CIFAR-10+CNN

Fixed nc = 5 46.35 45.74 52.48

Dynamic nc 24.42 21.88 35.51

V. CONCLUSION

We have studied the notion of age in task-oriented commu-

nications, where the goal of communications is to facilitate

task execution, e.g., image classification, at the receiver by

using data samples available at the transmitter. An encoder at

the transmitter compresses data samples, and feature vectors

of a small dimension are transmitted over the wireless channel

with a small number of channel uses. The decoder at the

receiver classifies the received signals instead of reconstructing

data samples. This encoder-decoder pair is jointly trained by

accounting for channel effects. Using MNIST and CIFAR-10

data with FNN or CNN models, we have assessed the increase

in classifier accuracy and service time with the number of

channel uses. We have introduced the concept of the PAoTI

that measures the peak age in task-oriented communications,

where the age increases with time unless a data sample

arriving at the transmitter queue is classified correctly at the

receiver. We have characterized the PAoTI as a function of

the number of channel uses that emerges as a design feature

for task-oriented communications. First, we have shown how

to select the number of channel uses for the given arrival

rate and SNR. Then, we have presented a dynamic scheme

of updating the number of channel uses to reduce the PAoTI

without knowing the arrival rate and the SNR in advance.
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(a) Data: MNIST, Model: FNN.
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(b) Data: MNIST, Model: CNN.

0.00 0.02 0.04 0.06 0.08 0.10 0.12 0.14 0.16 0.18 0.20
Arrival Rate, λ

0
10
20
30
40
50
60
70
80
90

100
110
120
130
140
150
160
170
180
190
200

Pe
ak

 A
ge

 o
f (

Ta
sk

) I
nf

or
m

at
io

n

Peak Age of Task Information, SNR = 0dB
Peak Age of Task Information, SNR = 3dB
Peak Age of Task Information, SNR = 5dB
Peak Age of Information

(c) Data: CIFAR-10, Model: CNN.

Fig. 4: PAoTI as a function of the arrival rate, λ, for different SNR levels, datasets and model types, when the number of channel uses, nc, is 5.
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Fig. 5: PAoTI (averaged over SNR levels) as a function of arrival rate, λ,
for fixed number of channel uses (nc = 5, which is the best choice for the
arrival rate λ = 0.09) and dynamic number of channel uses.

Our approach captures the accuracy-latency trade-offs via the

notion of PAoTI and identifies design mechanisms for task-

oriented communications.
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