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Abstract—One of the key missions of sixth-generation (6G)
mobile networks is to deploy large-scale artificial intelligence (AI)
models at the network edge to provide remote-inference services
for edge devices. The resultant platform, known as edge inference,
will support a wide range of Internet-of-Things applications, such
as autonomous driving, industrial automation, and augmented
reality. Given the mission-critical and time-sensitive nature of
these tasks, it is essential to design edge inference systems
that are both reliable and capable of meeting stringent end-to-
end (E2E) latency constraints. Existing studies, which primarily
focus on communication reliability as characterized by channel
outage probability, may fail to guarantee E2E performance,
specifically in terms of E2E inference accuracy and latency.
To address this limitation, we propose a theoretical framework
that introduces and mathematically characterizes the inference
outage (InfOut) probability, which quantifies the likelihood that
the E2E inference accuracy falls below a target threshold.
Under an E2E latency constraint, this framework establishes
a fundamental tradeoff between communication overhead (i.e.,
uploading more feature elements) and inference reliability as
quantified by the InfOut probability. To find a tractable way
to optimize this tradeoff, we derive accurate surrogate functions
for InfOut probability by applying a Gaussian approximation to
the distribution of the received discriminant gain. Experimental
results demonstrate the superiority of the proposed design over
conventional communication-centric approaches in terms of E2E
inference reliability.

Index Terms—Edge inference, outage probability, feature se-
lection, computation-communication tradeoff.

I. INTRODUCTION

One mission of sixth-generation (6G) mobile networks is
the widespread deployment of pre-trained artificial intelli-
gence (AI) models at the network edge to support ubiqui-
tous and real-time intelligent services [1]–[4]. This emerging
paradigm, known as edge inference, will serve as a platform
for deploying next-generation Internet-of-Things applications,
ranging from autonomous driving to industrial automation to
augmented reality [5], [6]. In such a system, features extracted
from sensing data are transmitted from an edge device to an
edge server for remote inference using a large-scale AI model.
Given that many relevant tasks are mission-critical and time-
sensitive [7], [8], it is essential to develop latency-constrained
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edge inference systems with guaranteed performance. A pri-
mary challenge in designing such systems is the unreliable
wireless links connecting edge servers and devices, as their
outage events can disrupt operations and degrade performance.
To address this challenge, we propose a theoretical frame-
work in which we introduce and mathematically characterize
the new definition of inference outage (InfOut) probability.
This framework establishes a fundamental communication-
computation (C2) tradeoff, which is then optimized to design
novel feature transmission schemes that minimize the InfOut
probability.

Since fading is a fundamental characteristic of wireless
channels, ensuring reliability has been a primary concern in
the design of wireless communication systems from their
inception. Outage probability, defined as the likelihood of a
wireless link disconnecting due to deep fades, serves as a basic
metric of reliability [9]. One avenue of research in reliable
communications involves mathematically characterizing link-
level outage probability using abstract channel models, such
as space diversity [10]–[12], and Nakagami fading channels
[13], [14]. This research targets various systems and scenarios,
e.g., multi-hop transmission [13] and inaccurate channel esti-
mation [15]. From the perspective of reliable network design,
researchers have introduced the concept of network outage
probability, which generalizes outage probability to account
for variations in links across a network [16]. Stochastic geom-
etry has been adopted as a tractable tool for deriving analyt-
ical expressions for network outage probability, incorporating
factors such as interference, fading, and network density [17],
[18]. Another vein of research focuses on designing techniques
to cope with fading. When channel state information at the
transmitter (CSIT) is available, outages can be minimized by
adapting power, modulation, and coding to the time-varying
channels [19]–[22]. However, these adaptive approaches re-
quire accurate channel estimation and feedback, which incur
additional communication overhead and latency, as well as
require more complex transmitter hardware. They may not be
feasible in fast-fading scenarios. When CSIT is unavailable,
communication reliability can be ensured through repeated
transmissions using the basic protocol of Automatic Repeat
reQuest (ARQ).

The retransmission approach has notable drawbacks, includ-
ing increased communication latency and higher channel us-
age. These limitations create challenges in supporting mission-
critical tasks with stringent deadlines, prompting the develop-
ment of new techniques in the 4G and 5G eras. In particular,
the breakthroughs in multiple-input multiple-output (MIMO)
communications have enabled the leveraging of space diversity
to mitigate channel fading [23]. Researchers have explored
the fundamental tradeoff between reducing outage probability
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through spatial diversity and increasing transmission rates via
spatial multiplexing, a relationship known as the diversity-
multiplexing tradeoff [24]. The demand for 5G systems to sup-
port ultra-reliable and low-latency communication (URLLC)
has led to the adoption of short packet transmission (SPT).
However, the inherent conflict between achieving URLLC and
maintaining high data rates means that SPT is typically suited
only for low-rate, mission-critical tasks, such as transmitting
control commands and basic sensing data, including humidity,
temperature, and pollution levels [25], [26]. In this context,
outages, measured by packet decoding error probability, are
addressed by developing advanced SPT techniques, such as
non-coherent transmission [27], optimal framework structures
[28], power control [29], and wireless power transfer [30].
Despite these advancements, approaches designed for low-rate
tasks face difficulties in ensuring the reliability of 6G edge
inference systems that require data-intensive communication,
such as the transmission of high-dimensional features.

In 6G, edge inference systems are designed to provide a
platform for delivering remote inference services to support
AI-enabled mobile applications such as sensing, autonomous
driving, and robotic control [31], [32]. As edge inference
systems represent the natural convergence of AI and com-
munication, evaluating their reliable performance requires the
generalization of traditional channel outage probability to the
likelihood of failing to achieve a target end-to-end (E2E)
inference accuracy, termed InfOut probability. A mathematical
study of this performance metric has not been extensively
explored in the literature, as existing work has primarily
focused on developing goal-oriented techniques aimed at im-
proving the E2E performance of edge inference systems in
the presence of channel distortion, as described shortly. One
popular architecture for these systems, known as split infer-
ence, balances the computational load between devices and
servers by flexibly dividing a pre-trained AI model into a low-
complexity device sub-model for data-feature extraction and
a server-side sub-model for remote inference [33]. Existing
split-inference techniques can optimize the accuracy-latency
tradeoff [34], support scalable over-the-air data aggregation
[35], and employ progressive feature transmission to ensure
high reliability [36]. Additionally, for latency-sensitive appli-
cations, ultra-low-latency edge inference systems have been
developed based on short-packet feature transmission [37]
and leveraging the robustness of AI models to cope with
channel distortion [38]. Another popular architecture for edge
inference systems is joint source and channel coding (JSCC),
which exploits the auto-encoder architecture to jointly train
models for inference and channel coding to overcome channel
noise, thereby achieving high E2E inference accuracy [39].
A range of relevant research has been conducted, including
task-specific analog-to-digital converters [40], deep learning
based JSCC [41], and explainable JSCC utilizing semantic
channel capacity bounds [42]. Despite extensive efforts on
algorithm designs, there is a lack of in-depth mathematical
studies on the reliability of edge inference systems despite
its being a fundamental topic. Results from such studies can
provide performance guarantees by quantifying the worst-case
inference accuracy and guide new breakthroughs in reliable

edge inference, which motivates the current work.

The proposed InfOut probability depends on the interplay
of randomness in propagation and the performance of deep
neural networks (DNNs) [43]. The latter is influenced by
dynamic variations in device computing capacities, model
parameters, data inputs, and other factors. The reliability of
DNN performance, specifically, has been investigated in the
field of computer science and is typically assessed using
Monte Carlo sampling [44]. Based on this approach, the worst-
case inference performance, measured by the k-th percentile
performance (KPP), is quantified and subsequently enhanced
through model training [45]. On the other hand, the reliability
of DNN models under attacks has been studied by evaluating
the proportion of adversarial examples that successfully induce
incorrect model predictions [46]. The existing studies assume
a stand-alone computing process within a device or server,
where wireless propagation is hence irrelevant. In contrast,
in this work, we consider latency-constrained edge inference
systems over wireless links, where the reliability issue is exac-
erbated by additional factors such as fading and the imposition
of E2E latency constraints on resource-constrained devices.
Targeting such a system performing a remote classification
task, the InfOut probability is defined as the probability that
the E2E inference accuracy falls below a predefined threshold.
Then this work presents a theoretical framework to character-
ize this probability. The key contributions and findings are
summarized as follows.

• Analysis of Inference Outage Probability: For analyti-
cal tractability, we assume linear classification with fea-
ture vectors extracted by the device following a Gaussian
mixture model (GMM) [47], [48]. The derived results are
subsequently extended and validated to design outage-
minimization schemes for the more complex case of
convolutional neural network (CNN) classification with
a general feature distribution. A key step in the anal-
ysis is to upper bound the InfOut probability by the
probability that the discriminant gain (DG) of channel-
distorted features, which are received at the server, falls
below a threshold. Based on this bound, we derive a
tractable surrogate function for characterizing the InfOut
probability by showing that the received DG for a high-
dimensional feature space can be suitably modeled as a
Gaussian random variable according to the Lindeberg-
Feller central limit theorem. The ensuing analysis of the
said bound reveals a C2 tradeoff. Specifically, consider
two parameters: the number of input samples for a
single inference operation and the number of uploaded
features for each sample. Increasing one parameter while
keeping the other fixed can incur higher E2E latency
but reduce the InfOut probability, and vice versa. This
finding motivates the following parametric optimization
to balance this tradeoff.

• Inference Outage Probability Minimization: Directly
optimizing the C2 tradeoff to minimize the InfOut prob-
ability is intractable. We address this challenge by trans-
forming the problem into one of maximizing a continuous
and differentiable surrogate of the receive DG. This
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Fig. 1: The transceiver framework of the edge inference system.

surrogate is shown to be a concave function of the
number of uploaded features, thereby ensuring a unique
optimal solution. For the more complex case of CNN
classification, we define the receive DG using the inverse
Gaussian Q-function related to inference accuracy and ap-
proximate its distribution as Gaussian, a method validated
with real datasets. Subsequently, we design a numerical
algorithm to determine the optimal number of transmitted
features per sample by learning on a training dataset and
employing random masking of feature vectors.

• Experiments: The analytical results are validated using
both synthetic (e.g., GMM) and real datasets (e.g., Mod-
elNet [49]). The designs from optimizing the C2 tradeoff
closely match the optimal performance from a brute-force
search and outperform conventional methods prioritizing
target accuracy while neglecting the channel effects on
E2E accuracy.

The remainder of this paper is organized as follows. Section
II introduces the system model and defines performance met-
rics. In Section III, we present the InfOut probability analysis
for the edge inference system. Outage minimization strategies
for linear and CNN classification are presented in Sections IV
and V, respectively. Section VI reports experimental results,
while concluding remarks are provided in Section VII.

II. MODELS AND METRICS

We consider an edge inference system, as shown in Fig.
1, where a device transmits feature vectors, extracted from
observations, to an edge server for object classification. The
associated models and performance metrics are discussed in
the following subsections.

A. Sensing and Computation Model
In the considered edge inference system, sensing noise and

potential obstructions can degrade inference performance [50].
To address this issue, we consider a sensing scenario that in-
volves fusing feature vectors extracted from K observations1.

1For instance, consider a scenario in which a device captures a series
of images of a moving vehicle in an intelligent traffic monitoring system.
Temporal fusion of these snapshots reduces motion blur and enhances reso-
lution, enabling the device to transmit critical information to the server for
inference [37], [51].

The fused feature vector, denoted as x, is obtained through
average pooling:

x =
1

K

K∑
k=1

xk, (1)

where xk ∈ RD denotes the feature vector extracted from the
k-th observation. In streaming applications, feature extraction
can be pipelined across consecutive observations. Let NF de-
note the number of floating-point operations (FLOPs) required
to process one observation and let fc denote the local com-
putation speed (in FLOPs/s). Accordingly, the per-observation
feature-extraction latency is Tfea = NF /fc. Let Tsen denote the
sensing interval (e.g., the camera frame period). Then, under
the sensing–computation pipeline, the time to obtain features
from K observations is

Tcomp = Tsen + Tfea + (K − 1)max{Tsen, Tfea}. (2)

We consider a representative high–frame-rate sensing regime
in which the sensing interval Tsen is negligible (or observations
are pre-buffered), so that computation for feature extraction
becomes the bottleneck under a constrained power budget
and limited computational speed. With such consideration, the
computation latency in (2) reduces to

Tcomp =
KNF

fc
. (3)

Note that this linear computation model is widely adopted
for compute-limited edge devices with a single local proces-
sor [52], [53].

B. Data Distribution Model

While CNN based classification is designed for generic
distributions, in the case of linear classification, we assume
the following data distribution for tractability. We consider
feature vectors are drawn from a Gaussian mixture model
(GMM) [36], [48]. Let D and L denote the dimension of the
feature vector and the number of classes, respectively. Specif-
ically, each feature vector xk is independently sampled from
a Gaussian distribution with mean µℓ ∈ RD and covariance
matrix C ∈ RD×D. The mean vector (or class centroid) varies
across classes, while the covariance matrix is assumed to be
identical for all classes [36]. Without loss of generality, we set
C = diag(C1,1, C2,2, . . . , CD,D) as a diagonal matrix, which
can be obtained via principal component analysis (PCA) [54].
The joint distribution of the K feature vectors is given by:

(x1, . . . ,xK) ∼ 1

L

L∑
ℓ=1

K∏
k=1

N (xk | µℓ,C) , (4)

where N (xk | µℓ,C) denotes the Gaussian probability den-
sity function (PDF) with mean µℓ and covariance matrix C.
Building on such model, the fused feature vector, defined in
(1), subjects to:

x ∼ 1

L

L∑
ℓ=1

N (µℓ,C), (5)



4

where C = C/K with diagonal element being Cd,d =
Cd,d/K. Note that the fusion of K feature vectors suppresses
the feature variance.

C. Communication Model

To mitigate the communication overhead from uploading
high-dimensional features, we consider transmitting a subset
of the fused features, denoted as S ⊆ {1, 2, . . . , D}, whose
cardinality is S = |S|. Each selected feature and its index
are quantized into QB and QI bits, respectively2, ensuring
negligible quantization error. Transmitting these features oc-
cupies S time slots, each lasting T∆ seconds. The resulting
communication latency is provided as

Tcomm = T∆S. (6)

For each time slot t ∈ {1, 2, . . . , S}, the channel outage
probability, indicating the transmission failure, is expressed
as

Pout = Pr(T∆rt < QB +QI). (7)

Here, rt denotes the transmission rate, given by

rt = BW log2

(
1 +

p|ht|2

N0BW

)
, (8)

where p is the transmit power, BW represents the system
bandwidth, N0 is the noise power spectrum density, and ht ∼
CN (0, σ2) denotes the Rayleigh fading channel coefficient
in the t-th slot. The channel is assumed i.i.d. varying over
time slots but remaining constant throughout one time slot.
For convenience, we then define the activation probability as
Pact ≜ 1− Pout. Under the assumption of i.i.d. block-fading,
each feature is successfully received with probability Pact. The
successfully received feature set at the edge server is denoted
as S̃ ⊆ S.

D. Inference Model

We consider two classifier models based on the received
feature set S̃.

1) Linear Classification: We consider a maximum likeli-
hood (ML) classifier for the distribution in (4), where the
classification boundary between each pair of classes is a
hyperplane in the feature space. Due to the uniform prior on
the object classes, the ML classifier is equivalent to a maximum
a posteriori (MAP) classifier. The label ℓ̂ is estimated as

ℓ̂ = argmax
ℓ

log Pr(x|ℓ, S̃)

= argmin
ℓ

zℓ(S̃),
(9)

where zℓ(S̃) is the squared Mahalanobis distance between the
received features in S̃ and the centroid of class-ℓ, given as

zℓ(S̃) =
∑
d∈S̃

(x(d)− µℓ(d))
2

Cd,d

. (10)

2Given D dimensions to be indexed, the required bits per dimension are
assumed to be fixed at QI = ⌈log2(D)⌉.

Here, x(d), µℓ(d) and Cd,d represent the d-th feature of x,
the centroid of class-ℓ and the corresponding auto-covariance,
respectively. Hence, the linear classification problem reduces
to finding the class label which can minimize the Mahalanobis
distance.

2) CNN Classification: We also consider a more realistic
but analytically intractable scenario where feature vectors are
extracted from observations using a well-trained CNN model.
The layers of CNN model are split into a device sub-model
and a server sub-model, represented as functions fsen(·) and
fser(·), respectively. The feature vector of the k-th observation
is constructed by passing the observation Mk of the common
object through a pre-trained CNN, i.e., xk = fsen(Mk).
The feature vectors are then aggregated to x = 1

K

∑K
k=1 xk

before feature selection and transmission. Upon receiving the
feature elements and their associated indices, the edge server
reconstructs the feature map into its original dimensionality D
by zero-padding any unselected and channel-lost features. Let
x̃cnn ∈ RD denote the output of this feature reconstruction.
Subsequently, the edge server feeds the sparse feature map
x̃cnn into the server sub-model, i.e., {c1, . . . , cℓ, . . . , cL} =
fser (x̃cnn), where cℓ represents the confidence score of the ℓ-
th class. The CNN classifier then outputs the inferred label
with the highest confidence score, i.e., ℓ̂ = argmaxℓ cℓ.

E. Relevant Metrics

For linear and CNN classification, relevant metrics are
characterized as follows.

1) Inference Outage Probability: For a classification task
with K processed observations and a set of received features
S̃, the inference accuracy, denoted as a(K, S̃), is commonly
defined as the probability of correctly predicting the object
label, expressed as

a(K, S̃) = 1

L

L∑
ℓ=1

Pr(ℓ̂ = ℓ | ℓ,K, S̃). (11)

Due to the feature loss caused by block-fading channels, the
set of received features S̃ is random, making the inference
accuracy a random variable over wireless channels. To capture
the channel-induced randomness of the E2E performance, we
assume that a follows the distribution a ∼ Dθ(K,S), where
D denotes the distribution of inference accuracy, θ represents
the distribution’s parameter, K is the number of processed
observations, and S is the selected feature set at the sensor.
Given a target inference accuracy Ath, an inference outage
occurs if the accuracy requirement is not met. In this context,
the InfOut probability, which measures the reliability of the
system, is denoted as

P e2e
out = Pr(a ≤ Ath | K,S)

=
∑
S̃⊆S

I(a(K, S̃) ≤ Ath)P (S̃), (12)

where I(·) denotes the indicator function and P (S̃) is the
probability mass function (PMF) of the received feature set



5

S̃ at the edge server3.
2) On-device Feature Importance: We consider two types

of metrics to measure the on-device feature importance for
linear and CNN classifications, respectively.

• Discriminant Gain: For linear classification, the pairwise
DG quantifies the discernibility between two classes
within a subspace of the feature space. Given the fused
feature vector x, the DG between class ℓ and ℓ′, denoted
as Gℓ,ℓ′ , is defined as the symmetric Kullback-Leibler
(KL) divergence [36]:

Gℓ,ℓ′ =KL(N (µℓ,C) || N (µℓ′ ,C))

+ KL(N (µℓ′ ,C) || N (µℓ,C))

=(µℓ − µℓ′)
TC

−1
(µℓ − µℓ′)

=K

D∑
d=1

Wd(ℓ, ℓ
′),

(13)

where Wd(ℓ, ℓ
′) is the pair-wise DG of the d-th dimen-

sion, given as

Wd(ℓ, ℓ
′) =

(µℓ(d)− µℓ′(d))
2

Cd,d
. (14)

Using this metric, we quantify the importance of each
feature dimension and enable the DG based feature
selection scheme. Specifically, the importance of the d-th
dimension is measured by the minimum DG among all
class pairs, defined as

Ŵd = min
ℓ̸=ℓ′

Wd(ℓ, ℓ
′). (15)

The min-DG rule prioritizes features that strengthen the
most confusable class pair, aligning with our objective of
ensuring worst-case inference performance.

• Feature Magnitude: The DG defined in (15) for a lin-
ear classifier, which underpins the associated metric of
feature importance, is not applicable to a CNN model.
In this context, we adopt a magnitude based feature
selection scheme, where the importance of each feature
element is determined by its magnitude [55]. Given a
target number of selected features, S = |S|, the device
selects the top-S features with the largest magnitudes for
transmission. Since each selected feature is transmitted in
a fixed-duration slot with a fixed power budget, the top-S
selection does not change the per-feature transmit energy,
but only the feature dimensions that are delivered.

3) E2E Inference Latency: We measure the task completion
time by the E2E inference latency, which captures the latency
accrued by the sequential inference pipeline. Given the com-
putation and the feature-transmission latencies in (3) and (6),
the E2E latency is given by

Te2e = Tcomp + Tcomm. (16)

3While we focus on classification as a representative inference task, the
considered metric readily extends to other inference tasks. Specifically, for
regression, the InfOut probability can be defined as the probability that the
mean squared error (MSE) exceeds a target threshold; for detection, it can be
defined as the probability that the intersection-over-union (IoU) falls below a
prescribed threshold.

For time-sensitive applications (e.g., collision avoidance in
autonomous driving), we enforce a strict latency requirement
Te2e ≤ Tmax where Tmax denotes the target E2E task deadline.

III. ANALYSIS OF INFERENCE OUTAGE PROBABILITY

This section provides a theoretical analysis of the InfOut
probability for linear classification. The derived insights are
further applied to minimizing the InfOut probability in CNN
based classification, as discussed in Sec. V.

A. Tractable Surrogate of Inference Accuracy

The computation of the InfOut probability in (12) requires
an accurate characterization of the inference accuracy distribu-
tion. For tractability, we consider the lower bound of inference
accuracy provided in Lemma 1 as its surrogate.

Lemma 1 ( [37]). The inference accuracy with K observations
and received feature set S̃, denoted as a(K, S̃), is lower
bounded by

a(K, S̃) ≥ alow(K,GR) ≜ 1− (L− 1)Q

(√
KGR

2

)
, (17)

where GR is defined as the receive DG per observation:

GR =
∑
d∈S̃

Ŵd. (18)

Ŵd is the minimum DG of the d-th feature dimension in (15).

Lemma 1 indicates that the lower bound of inference
accuracy is a monotonically increasing function of the receive
DG, as defined in (18). The value of GR increases as the
number of successfully received features, denoted as S̃ = |S̃|,
grows due to the positive DG per dimension, i.e., Ŵd ≥ 0.
However, feature loss caused by fading channels introduces
randomness into S̃, resulting in a distribution of the receive
DG and variability in inference accuracy. This uncertainty
raises reliability concerns for edge inference systems.

By leveraging the one-to-one mapping between the lower-
bounded inference accuracy and the receive DG defined in
(17), the InfOut probability in (12) can be upper-bounded as:

P e2e
out =

∑
S̃⊆S

I(a(K, S̃) ≤ Ath)P (S̃)

= 1−
∑
S̃⊆S

I(a(K, S̃) > Ath)P (S̃)

≤ 1−
∑
S̃⊆S

I(alow(K,GR) > Ath)P (S̃)

=
∑
S̃⊆S

I(KGR ≤ Gth)P (S̃)

= Pr(KGR ≤ Gth),

(19)

where Gth ≜ 4
(
Q−1

(
1−Ath

L−1

))2
denotes the required DG

threshold to achieve an inference accuracy of Ath. The result
in (19) demonstrates that the receive DG, GR, can serve as a
tractable surrogate for inference accuracy.
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Fig. 2: Considering dimension-wise DG Ŵd sorted in descending
order in subfigure (a), the PDF comparison between the real distri-
bution and the Gaussian approximation is presented in subfigure (b).
The number of selected features is set at S = 100 under an activation
probability of Pact = 0.8.

B. Inference Outage Probability

Without loss of generality, we assume that the DG values are
arranged in decreasing order after PCA, i.e., Ŵd ≥ Ŵd+1, d =
1, · · · , D − 1. We consider a DG based feature selection
scheme that selects the top-S features with the highest DG
values. In such manner, the receive DG in (18) can be rewritten
as

GR =
∑
d∈S̃

Ŵd =

S∑
d=1

ŴdId, (20)

where Id is an indicator representing the successful trans-
mission of the d-th feature dimension over fading channels.
We assume i.i.d. fading across feature slots (e.g., via time–
frequency interleaving beyond the channel coherence time and
bandwidth), such that {Id} are i.i.d. Bernoulli:

Id =

{
1, with probability of Pact,

0, with probability of 1− Pact.
(21)

Notably, GR is the weighted sum of i.i.d Bernoulli random
variables, with its mean and variance given by

E[GR] = PactG1(S),

Var(GR) = (1− Pact)PactG2(S),
(22)

where G1(S) and G2(S) are functions of the number of
selected features S:

G1(S) =

S∑
d=1

Ŵd, G2(S) =

S∑
d=1

Ŵ 2
d . (23)

Here, we refer to G1(S) as transmit DG, which quantifies the
DG of selected features at the sensor side. Meanwhile, G2(S)
represents the sum of squared dimension-wise DGs, termed
the transmit DG power.

To characterize the distribution of GR, we show that the
weighted sum of i.i.d. Bernoulli random variables in (20)
satisfies Lindeberg’s condition, as stated in Lemma 2.

Lemma 2 (Lindeberg’s Condition [56]). Let Xd = ŴdId,
d = 1, 2, . . . , S be independent random variables with mean
µXd

= ŴdPact and variance Var(Xd) = Pact(1 − Pact)Ŵ
2
d .

For any ϵ > 0, the Lindeberg condition holds:

lim
S→∞

1

σ2
G(S)

S∑
d=1

E
[
(Xd − µXd

)
2 I (|Xd − µXd

| > ϵσG(S))
]

= 0,
(24)

where σ2
G(S) =

∑S
d=1 Var(Xd) = Pact(1 − Pact)

∑S
d=1 Ŵ

2
d

denotes the aggregate variance.

The proof is provided in Appendix A.
Consequently, the receive DG can be approximated by a

Gaussian distribution using the Lindeberg-Feller Central Limit
Theorem, as provided in Lemma 3.

Lemma 3 (Distribution of Receive DG). If the Lindeberg
condition in Lemma 2 holds, then for a sufficiently large
number of selected features S (a typical scenario in DNNs),
the distribution of receive DG in (20) can be approximated as

GR → N (E[GR],Var(GR)) , weakly as S → ∞, (25)

where E[GR] and Var(GR) are the mean and variance of the
distribution, provided in (22).

To illustrate the approximation, Fig. 2 shows the statistics
of the receive DG, computed using 100 dimensions with an
activation probability of Pact = 0.8. It can be observed that
the approximation closely matches the empirical distribution.
Using this approximation, the upper bound of the InfOut
probability in (19) can be expressed as

P e2e
out ≤ Pr(KGR ≤ Gth) (26)

≈ Q

PactGf(S)− Gth

K
√

G2(S)√
Pact(1− Pact)

 , (27)

where Q(x) =
∫∞
x

1√
2π

exp
(
− t2

2

)
dt denotes the Q-function,

and Gf(S) = G1(S)√
G2(S)

is a monotone-increasing function of

the number of selected features S (see Appendix B).

Remark 1 (Computation-communication tradeoff). The result
in (27) theoretically shows that the InfOut probability can be
reduced by increasing the number of selected features and/or
the number of processed observations. However, this reduc-
tion comes at the cost of increased communication and/or
computation latency, respectively. Setting a strict deadline for
E2E latency introduces a competition between computation
and communication: allocating more time for processing more
observations produces a higher quality feature vector, while
fewer features can be uploaded in the reduced time available
for communication, and vice versa. Thus, a fundamental
communication-computation (C2) tradeoff emerges.

Fig. 3 validates the C2 tradeoff controlled by the number of
selected features under a latency constraint of 10 ms. The In-
fOut probability initially decreases and subsequently increases
as the number of selected features grows. Additionally, a
more reliable channel (with higher activation probability Pact)
achieves a lower InfOut probability, highlighting the interplay
between channel outage and inference outage.
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Fig. 3: InfOut probability under different channel outage probabilities.
The numerical settings of a binary classifier are Ath = 99%, T∆ =
10 µs, Tmax = 10 ms, fc = 2.5 GFLOPs/s, and NF = 2.3 MFLOPs.

IV. MINIMIZATION OF INFERENCE OUTAGE PROBABILITY

In this section, we enhance the reliability of latency-
constrained edge inference systems by optimizing the C2

tradeoff described in Remark 1. The identified C2 tradeoff is
governed by the number of processed observations and trans-
mitted features under E2E latency constraints. To minimize the
InfOut probability while satisfying the latency requirement,
these control variables are jointly optimized. The resulting
optimization problem is formulated as

min
S,K

Q

PactGf(S)− Gth

K
√

G2(S)√
Pact(1− Pact)

 (28a)

s.t.
KNF

fc
+ T∆S ≤ Tmax, (28b)

S ∈ {1, 2, . . . , D}, (28c)
K ∈ {1, 2, . . . ,Kmax}, (28d)

where Kmax denotes the maximum number of observations
of the object. Constraint (28b) accounts for the device-side
feature extraction and uplink transmission latency. The server-
side inference latency is assumed to be negligible due to
sufficient computing resources at the edge server, or treated as
a constant that can be absorbed into the E2E deadline. To solve
problem (28), we approximate the objective using a surrogate
function derived from the lower bounds on the transmit DG
G1(S) and its associated power G2(S). Subsequently, the
optimal number of selected features is determined under the
DG based feature selection scheme.

A. Lower Bounds on Transmit DG

The impact of the number of selected features on the ob-
jective of Problem (28) is captured by two discrete functions,
G1(S) and G2(S), where S ∈ {1, 2, . . . , D}. To facilitate the
analysis of these functions, we derive their lower bounds by
leveraging integrals of the continuous and differentiable DG
function, as defined in Definition 1.

Definition 1 (Discriminant Gain Function). The DG function
is defined as a continuous and differentiable function of
dimension index t ∈ [0, D], given as

g (t) =
Ŵd − Ŵd+1

2
cos(π(t− d+1)) +

Ŵd + Ŵd+1

2
, (29)

2
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Fig. 4: An example of DG function with D = 4.

where Ŵd denotes the DG of the d-th dimension in (15),
arranged in decreasing order such that Ŵd ≥ Ŵd+1, ∀d ∈
{1, 2, . . . , D − 1}. Otherwise, ∀t /∈ [0, D], g(t) = 0.

The defined DG function establishes an approximate rela-
tionship between the dimension index d and the corresponding
dimension-wise DG. By leveraging Definition 1, the functions
G1(S) and G2(S) can be lower bounded through the integra-
tion of the DG function g(t), denoted as Ĝ1(S) and Ĝ2(S),
respectively, expressed as:

G1(S) =

S∑
d=1

Wd ≥
∫ S

0

g(t)dt ≜ Ĝ1(S),

G2(S) =

S∑
d=1

W 2
d ≥

∫ S

0

g2(t)dt ≜ Ĝ2(S),

(30)

where S ∈ [1, D] is treated as a continuous variable, relaxing
the discrete constraint on the number of selected features. An
example of the DG function g(t) and its associated lower
bounds in (30) is illustrated in Fig. 4.

B. Optimal DG based Feature Selection

The lower bounds on transmit DG and its associated power
enable the derivation of a surrogate function for the objective
in Problem (28). Since increasing either the number of selected
features, S, or the number of processed observations, K,
reduces the InfOut probability, the constraint in (28b) must
hold with equality. Accordingly, the maximum number of
observations, denoted by K̂, is derived from the constraint
in (28b) and is given by:

K̂ = ⌊−B1S +B0⌋, (31)

where B1 = fcT∆

NF
> 0, B0 = fcTmax

NF
> 0.

We then relax K̂ by allowing it to take non-integer values.
Incorporating this relaxation and lower bounds in (30), we
approximate the upper bound of the InfOut probability in (28a)
as a function of the number of selected features S, given by

Q

PactGf(S)− Gth

K
√

G2(S)√
Pact(1− Pact)

 ≈ Q

(
f(S)√

Pact(1− Pact)

)
.

(32)
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Here, f(S) represents the surrogate function obtained by
substituting Gf = G1(S)√

G2(S)
≈ Ĝ1(S)√

Ĝ2(S)
and K ≈ K̂ into the

expression of the numerator in Q-function, given by

f(S) =
PactĜ1(S)√

Ĝ2(S)
− Gth

(B0 −B1S)

√
Ĝ2(S)

. (33)

It is obvious that InfOut probability is a monotonically de-
creasing function of f(S). Consequently, the InfOut probabil-
ity minimization problem can be reformulated as the maxi-
mization of the surrogate function, leading to the following
problem:

max
S

f(S) (34a)

s.t. S ∈ {Smin, Smin + 1, . . . , Smax}, (34b)

where Smin = max{1, ⌈B0−Kmax

B1
⌉} denotes the minimum

number of selected features constrained by Kmax, and Smax =
min{⌊B0−1

B1
⌋, D} represents the maximum value that guaran-

tees at least one processed observation.
The surrogate f(S) is found to be a concave function of S,

exhibiting a unique maximum, established in Proposition 1.

Proposition 1 (Optimal Number of Selected Features). Let

ν(x) =Pactg(x)

(
Ĝ2(x)−

1

2
Ĝ1(x)g(x)

)
+

Gth((B0 −B1x)g
2(x)− 2Ĝ2(x))

2(B0 −B1x)2
. (35)

where g(x) is the DG function defined in (29), and
Ĝ1(x), Ĝ2(x) are defined in (30). The optimal number of
selected features that solves Problem (34) is then

S∗ = ⌊x∗⌉f(·) , (36)

where the rounding operator ⌊x⌉f(·) is equal to ⌊x⌋ if
f(⌊x⌋) ≥ f(⌈x⌉), and is otherwise equal to ⌈x⌉. The value
x∗ is given by

x∗ = {x|ν(x) = 0, x ∈ [Smin, Smax]} , (37)

if ν(Smin) · ν(Smax) < 0 holds, otherwise S∗ =
argmaxx∈{Smin,Smax} f(x).

The proof is provided in Appendix C.
Proposition 1 provides an optimal number of selected fea-

tures for transmission which minimizes the InfOut probability
for enhancing reliability. The optimal selection can be deter-
mined by finding the zero of the first derivative of f(S), which
is equivalent to solving ν(x) = 0. The optimal solution can
be obtained using a bisection search over the feasible range
S ∈ [Smin, Smax] with the complexity of O(log Smax−Smin

ε )
and tolerance ε.

V. EXTENSION TO CNN CLASSIFICATION

In this section, we consider the case of CNN classification
and analyze the associated InfOut probability by approximat-
ing the inference accuracy distribution using the corresponding
receive DG. Subsequently, we address the InfOut probability
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Fig. 5: Under the magnitude based feature selection scheme, the
distribution comparison between inference accuracy and receive CNN
DG using the VGG16 model [57] and the ModelNet dataset [49]. The
settings are D = 512, L = 20, α = 1, β = 1,K = 12, Pact = 0.7.

minimization problem by estimating the distribution of the
defined receive CNN DG.

A. Approximation for Receive CNN DG

Unlike linear classifiers, the nonlinearity of the CNN clas-
sifier makes it complicated to model the inference accuracy
distribution. As shown in Fig. 5(a), the PDF of inference
accuracy exhibits an intractable distribution that varies with
the selected features, making InfOut probability computation
challenging. Moreover, DG based feature selection is not
applicable to the CNN case due to the unknown dimension-
wise DG of generic CNN feature distributions. To address
these challenges, we leverage the two insights from linear
classification, as shown in Remark 2.

Remark 2 (Insights from Linear Classification). Two insights
from the linear case guide the subsequent CNN extension.
First, under i.i.d. feature losses, the receive DG can be
written as a sum of many per-feature contributions, and hence
admits an accurate Gaussian approximation when the number
of retained features is sufficiently large. Second, under this
approximation, the InfOut probability becomes a monotone
function of the receive-DG surrogate, which motivates a DG-
based feature-selection rule that yields a unique optimum to
balance the C2 tradeoff under E2E latency constraint.

Building on these findings, we employ a magnitude based
feature selection scheme that selects the top-S features with
the largest magnitudes, and define the receive CNN DG as
follows. This enables computing the InfOut probability using
a tractable distribution.

Definition 2 (Receive CNN Discriminant Gain). Given the
inference accuracy of CNN classifier, denoted as acnn, the
corresponding receive CNN DG, Gcnn, is quantified as a
monotone increasing function of acnn, given by

Gcnn = αQ−1(β(1− acnn)), (38)

where α and β are the fitting parameters.

Using this mapping and the magnitude based feature se-
lection, we approximate the distribution of the receive CNN
DG as a Gaussian random variable under a sufficiently large
number of selected features (i.e., S ≥ Smin):

Gcnn ∼ N
(
µ(K,S,Pact), σ

2
(K,S,Pact)

)
, (39)
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Algorithm 1: Receive CNN DG Distribution Estima-
tion

Input: Sets of activation probability Pact, number of
observations K, and selected features S

1: Initialization: Training datasets and well-trained model;
2: for Network Parameters: Pact ∈ Pact,K ∈ K, S ∈ S do
3: for Number of trials: n = {1, 2, . . . , N} do
4: for Data samples in training dataset do
5: Extract feature vector x ∈ RD using the selected

observation batch with the size of K;
6: Compute the channel-effect feature vector

x̂ = [x̂(1), . . . , x̂(D)] by randomly masking
Top-S features with Pact and setting others as
zeros;

7: Infer label using x̂;
8: end for
9: Compute the inference accuracy acnn(n);

10: Compute the receive CNN DG Gcnn(n) with (38);
11: end for
12: Compute the estimated mean of DG

µ̂(K,S,Pact) =
1
N

∑N
n=1 Gcnn(n);

13: Compute the estimated variance
σ̂2
(K,S,Pact)

= 1
N−1

∑N
n=1(Gcnn(n)− µ̂(K,S,Pact))

2 ;
14: end for
15: return Lookup table of receive CNN DG distribution:

{µ̂(K,S,Pact)}, {σ̂(K,S,Pact)}

where µ(K,S,Pact) and σ2
(K,S,Pact)

are the mean and variance
of the receive CNN DG, respectively. These coefficients are
determined by the number of observations K, transmitted
feature number S, and channel activation probability Pact.

In Fig. 5, we validate the Gaussian approximation of the
receive CNN DG using a real dataset. Fig. 5(a) demonstrates
an irregular and intractable PDF of inference accuracy. By
using the defined receive CNN DG, Fig. 5(b) shows that the
Gaussian approximation accurately captures the distribution
across different settings of selected features.

B. Optimal Magnitude based Feature Selection

Building on the Gaussian approximation of receive CNN
DG in (39), the InfOut probability of CNN cases under the
accuracy threshold Ath can be expressed as

P e2e
out = Pr(acnn ≤ Ath)

= Pr (Gcnn ≤ Gth)

=
1√

2πσ(K,S,Pact)

∫ Gth

−∞
exp

(
−
(x− µ(K,S,Pact))

2

2σ2
(K,S,Pact)

)
dx

=
1√
2π

∫ −Ψcnn

−∞
exp

(
−y2

2

)
dy

= 1−Q (−Ψcnn)

= Q (Ψcnn)
(40)

where Q(x) = 1√
2π

∫∞
x

exp
(
− t2

2

)
dt is the Gaussian Q-

function and Ψcnn is the surrogate function that minimizes

the InfOut probability of CNN classification, given by

Ψcnn =
µ(K,S,Pact) −Gth

σ(K,S,Pact)
(41)

with Gth = αQ−1(β(1−Ath)) being the threshold of the re-
quired receive CNN DG. It follows that the InfOut probability
in the CNN case is a monotonically decreasing function of the
surrogate function Ψcnn.

However, maximizing Ψcnn depends on the unknown param-
eters µ(K,S,Pact) and σ(K,S,Pact). To estimate these parameters,
we develop an algorithm that emulates the effects of random
feature loss on the inference process using training datasets, as
outlined in Algorithm 1. Using the estimated parameters, the
optimization problem for CNN classification is reformulated
as

max
S

Ψ̂cnn(S)

s.t. (34b), (31),
(42)

where Ψ̂cnn(S) is the estimated surrogate expressed in terms
of the number of selected features S, given by

Ψ̂cnn(S) =
µ̂(K̂,S,Pact)

−Gth

σ̂(K̂,S,Pact)

, (43)

Here, K̂ is the maximum achievable number of processed ob-
servations in (31). µ̂(K̂,S,Pact)

≈ µ(K̂,S,Pact)
and σ̂(K̂,S,Pact)

≈
σ(K̂,S,Pact)

are the estimated parameters using Algorithm 1.
With knowledge of the long-term CSI (i.e., the distribution
of channel gain) at the transmitter, the channel activation
probability can be computed using (7). Conditioned on Pact,
the optimal number of selected features is obtained by identi-
fying the solution S ∈ {Smin, . . . , Smax} that maximizes the
estimated surrogate function Ψ̂cnn(S). This solution can be
efficiently found using a bisection search, with the complexity
of O(log(Smax − Smin + 1)).

VI. EXPERIMENTAL RESULTS

A. Experimental Setup

Unless specified otherwise, the default experimental settings
are as follows:

1) Computation and communication configuration: We
present an edge inference framework consisting of an edge
device and an edge server, operating under a Tmax = 10
ms E2E latency constraint that encompasses both on-device
computation and feature transmission. For the computation set-
tings, the edge device randomly selects K observations of the
target object for feature extraction using the VGG16 model,
which contains 14.7 million network parameters [57]. With
this feature extractor, the computation workload for extracting
features from a single observation is 936.2 MFLOPs. The
edge device is equipped with an NVIDIA Jetson TX2 Series,
which provides a computation speed of fc = 1 TFLOPs/s [58].
For the communication settings, each feature is quantized to
QB = 16 bits, with the index quantized by QI = 9 bits,
and is assumed to be transmitted within T∆ = 0.3 ms. Thus,
the resulting computation latency is Tcomp(K) = 0.936K
ms, while transmission latency is comparable and modeled
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as Tcomm(S) = 0.3S ms. The system bandwidth is BW = 5
MHz, and the noise power spectral density at the receiver is
N0 = 10−9 W/Hz [59]. The Rayleigh fading channel gain
is modeled as h ∼ CN (0, 1). The resulting channel outage
probability is given by

Pout = 1− exp

(
−N0BW

Pmax

(
2

QB+QI
T∆BW − 1

))
, (44)

which adapts to the transmit power constraint Pmax. The accu-
racy requirements are set at 97% of the maximum achievable
accuracy, resulting in Ath = 96.8% for linear classification
and Ath = 87.3% for CNN based classification.

2) Classifier settings: The two classifiers and their corre-
sponding datasets are detailed as follows.

• Linear classification on synthetic GMM data: For the
linear classifier, feature vectors are generated according
to GMM defined in (4). The feature vectors have a
dimensionality of D = 30. The centroid of one cluster is
a vector with all elements equal to +1, while the centroid
of the other cluster is a vector with all elements equal to
−1. The covariance matrix is given by C = diag{ 2

3d +
10}, d ∈ {1, 2, . . . , 30}, modeling the decreasing DG
across dimensions. Building on the dimension-wise DG
computed by (15), the top-S features are selected for
transmission. The inferred label is obtained by feeding
the received features into the classifier given in (9).

• CNN based classification on real-world data: For the
CNN classifier, we utilize the well-known ModelNet
dataset [49], which contains multi-view object obser-
vations (e.g., a person or a plant), and implement the
CNN architecture using the VGG16 model [57]. The
VGG16 model is partitioned into a feature extractor and a
classifier network, where the feature extractor runs on the
device and the classifier operates on the server, following
the approach in [35]. The resulting CNN architecture is
trained for average pooling and targets a subset of Model-
Net dataset containing L = 20 popular object classes. To
perform feature extraction, the device randomly selects
K observations of the same class from the dataset and
processes them through the feature extractor. Specifically,
each ModelNet image is resized from 3 × 224 × 224 to
3 × 56 × 56 before being processed by the on-device
feature extractor, producing a 512 × 1 × 1 tensor [37].
The top-S elements with the highest amplitudes in the
feature tensor are selected for transmission. Finally, the
received feature tensor is reconstructed and passed to the
server-side classifier to generate the inferred label.

3) Benchmarking schemes: To evaluate the performance of
the proposed optimal C2 tradeoff, we consider the following
benchmark schemes.

• Brute-force search: Given the channel outage probability
Pout, the feasible solution set is determined by identifying
all pairs of the number of observations K and selected
features S that satisfy the E2E latency constraint. The
optimal solution is then obtained through an exhaustive
search over all feasible solutions to minimize the InfOut
probability.

• Maximal features (MaxFeat): This communication-
dominant approach allocates most of the latency budget
to feature transmission. Among the feasible solutions that
satisfy the latency constraint, this scheme prioritizes the
one with the maximum number of features. Once the
solution with the maximum features is identified, the
number of observations is maximized.

• Maximal observations (MaxObs): Unlike MaxFeat, this
scheme focuses on incorporating as many observations
as possible by extending the computation latency. After
identifying feasible solutions with the maximum number
of observations, the number of features is maximized.

• Accuracy-threshold based maximal observa-
tions/features (ATB-MaxObs/ATB-MaxFeat): Unlike
the previous baselines, which only maximize the
number of observations or selected features, this scheme
enforces an accuracy requirement on feasible solutions—
a common practice in conventional edge inference
under the assumption of reliable channels [34], [36],
[60]. Specifically, it uses one-shot inference on the
training dataset to filter out solutions whose predicted
accuracy falls below a prescribed threshold, and then
selects the final solution by maximizing either the
number of observations (ATB-MaxObs) or the number
of selected features (ATB-MaxFeat), as described above.
Mathematically, let apred(K,S) denote the profiled one-
shot accuracy under reliable channels (Pact = 1). The
predicted-feasible set is Fpred =

{
(K,S)

∣∣ apred(K,S) ≥

Ath,
KNF

fc
+ T∆S ≤ Tmax

}
. Under fading (Pact < 1),

the realized accuracy becomes random; denote it by
a(K,S;Pact). We quantify the miscalibration of the one-
shot accuracy prediction by the mismatch probability,
given by

εb ≜ Pr(a(Kb, Sb;Pact) ≤ Ath) , (Kb, Sb) ∈ Fpred,
(45)

which measures how often the baseline decision (Kb, Sb)
violates the target accuracy under fading. Since the event
a(Kb, Sb;Pact) ≤ Ath coincides with the InfOut event for
the fixed design (Kb, Sb), the mismatch probability can
be computed via (27) for linear classification and via (40)
for CNN classification. This implies that εb is monotone
increasing with the channel-outage probability (in the
practical regime Pout ≤ 0.5).

B. Computation-communication Tradeoff

The C2 tradeoff is illustrated in Fig. 6 using the criteria of
InfOut probability and surrogate values. First, as the number
of selected features increases, the InfOut probability initially
decreases before increasing again, resulting in a unique mini-
mum. This behavior illustrates the tradeoff between communi-
cation and computation in latency-constrained edge inference
systems. Transmitting more features, which increases commu-
nication latency, improves the system’s ability to withstand
channel outages, thereby reducing the InfOut probability.
However, the resulting decrease in the number of processed
observations eventually degrades feature quality, causing the
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Fig. 6: The illustration of the C2 tradeoff under E2E latency con-
straint, where the relationship between the number of features and
observations is modeled by (31).
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Fig. 7: The comparison between InfOut probability and first percentile
performance adopted by [45].

InfOut probability to rise. The unimodal nature of the InfOut
probability with respect to the number of transmitted features
confirms the existence of a unique minimum, as established
in Proposition 1. Second, the surrogate values exhibit a trend
opposite to that of the InfOut probability. This observation
validates the findings in (32) and (40) for both linear and CNN
based classification models. Specifically, both of them reach
their extrema at the same point corresponding to the number
of selected features.

In Fig. 7, we compare the defined InfOut probability with
first percentile performance, which is defined as the value that
separates the lowest 1% of samples from the highest 99% of
the samples in the accuracy distribution [45]. As the number
of transmitted features increases, first percentile performance
exhibits an inverse trend to the InfOut probability, indicating
that the defined InfOut probability effectively captures the re-
liability of edge inference systems. These observations further
validate the tractability and accuracy of the proposed analytical
framework, which is derived based on the surrogate function.

C. Inference Outage Performance

In this subsection, we evaluate inference outage perfor-
mance by comparing the proposed approach with benchmarks
for both linear and CNN based classification. As shown in
Fig. 8, the InfOut probability is evaluated with different com-
putation speeds. Specifically, the InfOut probability decreases
with increasing computation speed across all schemes. This
behavior is attributed to faster computation, which either
enables the processing of more observations during feature
extraction (improving feature quality) or allows additional
latency to be allocated for transmitting more features (enhanc-
ing feature quantity). Both factors work together to reduce
the InfOut probability. Furthermore, the proposed scheme
consistently outperforms benchmarks such as ATB-MaxFeat,
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Fig. 8: Comparison between optimal C2 scheme and benchmarks for
different settings of computation speed.
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Fig. 9: Comparison between optimal C2 scheme and benchmarks for
different settings of channel outage probability.

ATB-MaxObs, and MaxObs. This superior performance arises
from the precise optimization of the C2 tradeoff. In contrast,
ATB-MaxFeat and ATB-MaxObs benchmarks that assume re-
liable channels and enforce a target accuracy exhibit degraded
performance, as they fail to account for the inference accuracy
distribution affected by fading channels. The MaxObs scheme
prioritizes the number of observations, resulting in significant
performance improvements with increased computation speed.
At low computation speed, MaxObs spends most of the latency
budget on computation and leaves too few features to transmit.
Consequently, the normalized receive DG enters the steep
region of the Q-function, causing the InfOut probability to
increase sharply. However, it suffers from severe performance
degradation under low computation capacity. Moreover, the
proposed scheme closely approximates the brute-force solu-
tion, demonstrating its near-optimal performance.

Then, we evaluate the effects of channel outage probability
on system performance, as shown in Fig. 9. As the channel
outage probability increases, the InfOut probability corre-
spondingly rises. A higher channel outage probability results
in fewer features being received by the edge server, thereby
compromising inference system reliability. Within the channel
outage probability range of [0, 0.5] for the linear classifier and
[0, 0.4] for CNN based classification, the proposed scheme
maintains a remarkably low InfOut probability, consistently
outperforming the benchmark methods. This underscores the
advantage of optimizing the C2 tradeoff in enhancing the relia-
bility of latency-constrained edge inference systems. However,
when the channel outage probability exceeds 0.5, none of
the schemes can guarantee reliable inference. The reason is
that, when nearly half of the transmitted features are erased,
meeting the target accuracy becomes unlikely, pushing the
InfOut probability close to one. In addition, to operate in a
rare-outage (high-reliability) regime with P e2e

out ≤ 0.05, the
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Fig. 10: Comparison between optimal C2 scheme and benchmarks
for different settings of latency constraints.
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Fig. 11: The first percentile performance comparison between op-
timal C2 scheme and benchmarks for different settings of latency
constraints.

channel-outage probability of the baselines must be limited
to Pout ≤ 0.06 for linear classification and Pout ≤ 0.08
for CNN classification. By contrast, the proposed approach
maintains P e2e

out ≤ 0.05 up to Pout ≤ 0.3 for the linear case and
Pout ≤ 0.2 for CNN classification. This improved tolerance to
channel outages stems from the optimized C2 tradeoff with
respect to the channel state.

Next, we compare the proposed scheme with benchmarks
under various latency constraints in Fig. 10. The results
show that a more relaxed latency constraint leads to a lower
InfOut probability. This is because a larger E2E latency allows
for processing more observations and transmitting additional
features, thereby improving both feature quality and quan-
tity, which in turn reduces the InfOut probability. Similar
to the findings in Fig. 8, the proposed scheme consistently
demonstrates its optimality across different latency constraints,
outperforming the benchmark methods.

Finally, Fig. 11 evaluates the worst-case performance of
the optimal C2 approach using first percentile performance,
as applied in [45]. The results show that first percentile
performance remains low across all schemes under stringent
latency constraints. As the latency constraint is relaxed, per-
formance improves and eventually saturates as more features
are transmitted and more observations are processed, thereby
enhancing the reliability of the inference. Furthermore, the
proposed C2 scheme outperforms the benchmarks and closely
approaches the brute-force solution across various latency
constraint settings.

VII. CONCLUSION

We have investigated the reliability of latency-constrained
edge inference systems by introducing the concept called
InfOut probability. A fundamental C2 tradeoff was revealed
and quantified: mitigating inference outage requires the edge

device to process more observations and upload more features,
which increases both computation and communication over-
head. However, these requirements conflict under a constraint
on latency. To optimize this tradeoff, we have derived a uni-
modal surrogate function for linear classification and utilized
the insights to achieve near-optimal performance in the case
of CNN based classification.

This work represents arguably the first theoretical frame-
work for analyzing the reliability of an edge inference sys-
tem from the perspective of outage probability. The revisit-
ing of outage in the new context opens new directions in
communication theory, particularly for edge-AI applications
that are both latency-sensitive and mission-critical. Future
research could further investigate the optimal balance among
latency, reliability, and inference accuracy by exploring diverse
communication techniques such as short-packet transmission,
MIMO beamforming, and multi-user resource allocation.

APPENDIX

A. Proof of Lemma 2

To confirm the satisfaction of Lindeberg’s condition, we
verify the uniform asymptotic negligibility (UAN) condition
as follows:

lim
S→∞

max
1≤d≤S

Var(Xd)

σ2
G(S)

= lim
S→∞

Pact(1− Pact)Ŵ
2
1

σ2
G(S)

= 0. (46)

Next, we analyze the Lindeberg term. The upper bound of
∀ |Xd − E[Xd]| is given by:

|Xd − E[Xd]| ≤ max{1− Pact, Pact}Ŵd

≤ C ≜ max{1− Pact, Pact}Ŵ1,
(47)

where C denotes the maximum deviation of Xd from
its mean. As S → ∞, we have ϵσ2

G(S) = ϵPact(1 −
Pact)

∑S
d=1 Ŵ

2
d > C. Consequently, the indicator function

I(|Xd − E[Xd]| > ϵσG(S)) equals zero, ensuring that the Lin-
deberg term vanishes. Thus, Lindeberg’s condition in (24) is
satisfied, completing the proof.

B. Proof of the Monotonicity of Gf(S)

Since the dimension-wise DG follows a decreasing order,
i.e., Ŵd ≥ Ŵd+1, the monotonicity of Gf(S) is determined
by the sign of the difference G2

f (S + 1)−G2
f (S), given by:

G2
f (S + 1)−G2

f (S) =
(G1(S) + ŴS+1)

2

G2(S) + Ŵ 2
S+1

− G2
1(S)

G2(S)

=
ŴS+1G∆(S)

(G2(S) + Ŵ 2
S+1)G2(S)

,

(48)
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y′′(x) = Ĝ
− 3

2
2 (x)

(−B1g
2(x) + (B0 −B1x)g(x)g

′(x))Ĝ2(x)︸ ︷︷ ︸
≤0

− (B0 −B1x)g
4(x)

4︸ ︷︷ ︸
≤0

 ≤ 0. (50)

where G∆(S) = G2(S)ŴS+1+2G1(S)G2(S)−G2
1(S)ŴS+1

is proven to be positive, given by

G∆(S) =G2(S)ŴS+1 + 2G1(S)G2(S)−G2
1(S)ŴS+1

=ŴS+1(G2(S)−G2
1(S)) + 2G1(S)G2(S)

=− ŴS+1

∑
d1 ̸=d2

Ŵd1
Ŵd2

+ 2

S∑
d1=1

S∑
d2=1

Ŵd1
Ŵ 2

d2

≥− ŴS+1

∑
d1 ̸=d2

Ŵd1
Ŵd2

+
∑

d1 ̸=d2

Ŵd1
Ŵ 2

d2
+

S∑
d=1

Ŵ 3
d

≥−ŴS+1

∑
d1 ̸=d2

Ŵd1
Ŵd2

+ ŴS+1

∑
d1 ̸=d2

Ŵd1
Ŵd2︸ ︷︷ ︸

=0

+

S∑
d=1

Ŵ 3
d

≥0.
(49)

Since G∆(S) ≥ 0, it follows that G2
f (S + 1)−G2

f (S) ≥ 0
for all S ∈ 1, 2, . . . , D, proving that Gf(S) is a monotonic
increasing function. This completes the proof.

C. Proof of Proposition 1

To simplify notation, we express the surrogate function as
a linear combination of two continuous functions over x ∈
[0, D], given by

f(x) = Pactf1(x) + f2(x), (51)

where:

f1(x) =
Ĝ1(x)√
Ĝ2(x)

, f2(x) = − Gth

(B0 −B1x)

√
Ĝ2(x)

. (52)

Here, the DG based feature selection scheme ensures several
properties of Ĝ1(x) and Ĝ2(x), given by

Ĝ′
1(x) = g(x) ≥ 0, Ĝ′

2(x) = g2(x) ≥ 0,

Ĝ′′
1(x) = g′(x) ≤ 0, Ĝ′′

2(x) = 2g(x)g′(x) ≤ 0.
(53)

Based on (53), we show the concavity of f(x) by separately
showing f1(x) and f2(x) are concave functions. First, we
prove that the f1(x) is a concave function. The first derivative
of f1(x) is given by

f ′
1(x) =

Ĝ′
1(x)√
Ĝ2(x)

− Ĝ1(x)Ĝ
′
2(x)

2Ĝ
3
2
2 (x)

=
Ĝ2(x)g(x)− 1

2 Ĝ1(x)g
2(x)

Ĝ
3
2
2 (x)

.

(54)

The second derivative of f1(x) is upper bounded by

f ′′
1 (x) =Ĝ

− 5
2

2 (x)
(
g′(x)Ĝ2

2(x)− Ĝ1(x)Ĝ2(x)g(x)g
′(x)

+
3

4
Ĝ1(x)g

4(x)− Ĝ2(x)g
3(x)

)
=Ĝ

− 5
2

2 (x)
{
g′(x)Ĝ2(x)[Ĝ2(x)− Ĝ1(x)g(x)]− g3(x)

×
[
Ĝ2(x)−

3

4
Ĝ1(x)g(x)

]}
≤Ĝ

− 5
2

2 (x)
{
g′(x)Ĝ2(x)[Ĝ2(x)− Ĝ1(x)g(x)]

−g3(x)
[
Ĝ2(x)− Ĝ1(x)g(x)

]}
= Ĝ

− 5
2

2 (x)︸ ︷︷ ︸
≥0

[g′(x)Ĝ2(x)− g3(x)]︸ ︷︷ ︸
≤0

[Ĝ2(x)− Ĝ1(x)g(x)]︸ ︷︷ ︸
≜ζ(x)≥0

≤0,
(55)

where ζ(x) = Ĝ2(x)− Ĝ1(x)g(x) can be proven to be a non-
negative function over x ∈ [0, D]. This follows from the fact
that its derivative satisfies

ζ ′(x) = −g′(x)Ĝ1(x) ≥ 0. (56)

Since ζ(x) is non-decreasing, its minimum occurs at x = 0,
where

ζ(x) ≥ min
x

ζ(x) = ζ(0) = Ĝ2(0)− Ĝ1(0)g(0) = 0, (57)

where Ĝ2(0) = Ĝ1(0) = 0. Thus, ζ(x) ≥ 0 for all x,
confirming that f1(x) is concave as f ′′

1 (x) ≤ 0.

Next, we show that f2(x) = − Gth

y(x) is concave. Let

y(x) = (B0 −B1x)

√
Ĝ2(x). (58)

The second derivative of f2(x) is given by:

f ′′
2 (x) =

Gth

y3(x)
(y′′(x)y2(x)− 2(y′(x))2). (59)

From (59), it suggests that y′′(x) ≤ 0 is a sufficient
condition that f2(x) is a concave function (i.e., f ′′

2 (x) ≤ 0),
which can be proven by (50). In the end, f(x) is a concave
function of x due to the sum of two concave functions.

Based on the analysis above, the resulting optimal solution
ensuring the maximum of f(x) can be obtained by finding the
zero of f ′(x) = 0, given as

x∗ = {x | f ′(x) = 0, x ∈ [Smin, Smax]}, (60)

where the derivative f ′(x) is given by:

f ′(x) = Ĝ
− 3

2
2 (x)ν(x), (61)
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with

ν(x) =Pactg(x)

(
Ĝ2(x)−

1

2
Ĝ1(x)g(x)

)
+

Gth((B0 −B1x)g
2(x)− 2Ĝ2(x))

2(B0 −B1x)2
.

Since f(x) is concave for x ∈ [Smin, Smax], the optimal
number of selected features in problem (34), denoted as
S∗, can be determined by evaluating the nearest (feasible)
integers below and above x∗. The value that maximizes
the objective function f(x) is then selected, provided that
ν(Smin) · ν(Smax) ≤ 0. Otherwise, if ν(Smin) · ν(Smax) ≥ 0,
the optimal number of selected features is one of the endpoints,
i.e., S∗ = argmaxS∈{Smin,Smax} f(x). This completes the
proof.
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