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Abstract—Deep learning (DL) applications have rapidly
evolved to address increasingly complex tasks by leveraging large-
scale, resource-intensive models. However, deploying such models
on low-power devices is not practical or economically scalable.
While cloud-centric solutions satisfy these computational de-
mands, they present challenges in terms of communication costs
and latencies for real-time applications when every computation
task is offloaded. To mitigate these concerns, hierarchical infer-
ence (HI) frameworks have been proposed, enabling edge devices
equipped with small ML models to collaborate with edge servers
by selectively offloading complex tasks.

Existing HI approaches depend on immediate offloading of
data upon selection, which can lead to inefficiencies due to
frequent communication, especially in time-varying wireless en-
vironments. In this work, we introduce Batch HI, an approach
that offloads samples in batches, thereby reducing communication
overhead and improving system efficiency while achieving similar
performance as existing HI methods. Additionally, we find the
optimal batch size that attains a crucial balance between respon-
siveness and system time, tailored to specific user requirements.
Numerical results confirm the effectiveness of our approach, high-
lighting the scenarios where batching is particularly beneficial.

Index Terms—Hierarchical inference, offloading decisions, tiny
ML, batching, edge computing, regret bound, responsiveness.

I. INTRODUCTION

In the last decade, deep learning (DL) applications have
rapidly evolved to address increasingly complex tasks by
leveraging large scale resource-intensive models. This evolu-
tion poses challenges for deploying DL solutions on devices
with constrained power and processing capabilities, such as
micro controller units, IoT sensors, and smartphones. There-
fore, most DL applications are cloud centric which involves
running the entire model on a remote server with ample
computational resources, while the edge devices (EDs) handle
only minimal processing tasks. However, this raises concerns
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about increased communication costs, latency, energy con-
sumption, and potential privacy issues. Therefore, processing
and analyzing data locally at the edge device has become
essential. To make this feasible, considerable research has
been focused into developing compressed DL models using
different techniques like pruning, quantization, and knowledge
distillation, a field now known as tinyML []1]. This approach
enables models to run efficiently on devices with limited
memory and processing power, but often at the expense of
reduced performance and accuracy compared to the larger,
more complex models typically used in cloud or edge servers
(ESs).

Somewhere between the two extremes of performing all
computations entirely on one location — on the device or on
the server, there are collaborative approaches. These strate-
gies include methods such as deep neural network (DNN)
partitioning [2], [3[], inference load balancing [4], [5]], and
Hierarchical Inference (HI) [6]. While DNN-partitioning splits
a DNN across the two locations allowing different layers to
be processed at different locations, inference load balancing
involves distributing the computational workload by dynami-
cally allocating inference tasks based on device capabilities,
job execution times, and average test accuracy of the DL or
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Fig. 1: Illustration of the hierarchical inference framework.
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machine learning (ML) models. In contrast, HI aims to balance
accuracy and system and resource costs by allowing tasks to
be offloaded only when needed thereby achieving a sweet spot
between the high accuracy achieved with offloading and the
low system costs of the local processing.

In HI framework, as illustrated in Fig. |1} the edge devices
are equipped with a constrained small size ML (S-ML ) model
that has lower accuracy. In contrast, the server is equipped with
a state-of-the-art large ML size model (L-ML ) which provides
higher accuracy if explicitly requested by the edge device. The
HI in the middle makes these explicit decisions, by comparing
a metric — the softmax value output by the S-ML — with
a threshold. However, with an unknown inference accuracy
distribution, finding this threshold is a stochastic optimisation
problem and needs to be learned dynamically in an online
setting. Achieving this with sublinear regret bounds is the key
contribution of our earlier work [6].

In the recent years, HI and closely related works have gained
considerable attention [6]-[12]]. In [7], a threshold for the
maximum softmax value based on the device’s transmission
energy constraints is determined for offloading decision. In
[11] HI framework was expanded to handle multiple devices,
focusing on optimizing accuracy while adhering to a con-
straint on offloading costs. The effectiveness of HI in several
use cases is shown in [§8] by comparing it with other DL
inference techniques. Furthermore, in [12], the authors pro-
posed Hedge-HI and Hedge-HI-Restart algorithms for the HI
learning problem, achieving improved regret bounds and lower
computational complexity, particularly in resource constrained
environments. In [9]], it is shown that using a simple linear
regression model on the two highest softmax values instead of
using a fixed threshold would further enhance the efficiency
of offloading decision. [10] presents a measurements based
system implementation that systematically compares HI with
on-device inference, measuring accuracy, latency, and energy
consumption across multiple devices using different image
classification datasets.

Existing works on HI learning rely on immediately of-
floading data when such a decision is made. However, this
approach causes the next sample to wait for feedback, where
the time depends not only on the known image size and data
rate but also on network delay, which can vary significantly
in modern wireless systems, especially with a wide range of
possible server location. This uncertainty is unfavorable for
many applications where an HI system would otherwise be
suitable.

The major contribution of this work is the introduction of
Batch HI, an approach that tackles the above challenge by
offloading samples in batches of adjustable size. We show
that the proposed algorithm achieves similar regret bounds
while introducing a responsiveness trade-off. In addition, we
compute the optimal batch size that provides a customized
balance tailored to specific user requirements. We summarise
these contributions in the following:

1) Introduction of Batch HI: We propose a new algorithm

that extends the framework of hierarchical inference to

TABLE I: Table of Abbreviations.

ED Edge device ES Edge server
Small ML model L-ML  Large ML model
HI Hierarchical inference  HIL HI Learning

process samples in batches of adjustable size according
to the requirements of the specific application.

2) Derivation of updated regret bounds and optimal batch
size: We perform analysis and derive regret bounds.

3) Numerical evaluation: We perform comprehensive nu-
merical investigations across various parameters, analyz-
ing how batching adapts to different real-time conditions
and application requirements.

The remainder of this work is organised as follows: In
Section we briefly discuss the background of HI and the
extended system model used in this work. In Section [lII] we
provide a proof expository to the regret bounds and compute
the optimum batch size. Finally, we show the performance of
batch HI in Section [[V] and conclude in Section [Vl

II. BACKGROUND AND SYSTEM MODEL

This section is divided into two parts. The first part discusses
briefly about the state-of-the-art referred to as vanilla HI. In
the second part we first extend the system model to include
batch processing, followed by the problem statement.

A. Background

Offloading incurs costs related to communication latency,
energy consumption, and resource utilization. On the other
hand, relying solely on the S-ML may lead to misclassi-
fications, impacting the overall accuracy of the system. HI
facilitates balancing the cost of offloading data to the ES
against the risk of incorrect local inferences by the S-ML
via making strategic decisions to selectively offloading only
complex samples.

In round ¢, HI makes decisions using a threshold on a
confidence metric, which in our case is the softmax output
p;. If the confidence metric is below the threshold, HI deems
the sample to be complex and offloads it for better inference;
otherwise, it accepts the S-ML inference, declaring the sample
to be simple. While an optimal threshold can be obtained
offline via brute-force search, finding it in real-time in an
online manner is a stochastic optimization problem. In HI, the
threshold 6, at round ¢ is learnt continuously by modeling it as
a continuous expert in a Prediction with Expert Advice (PEA)
setting [13]], using the correct sample labels that is assumed
to be available later.

The associated costs for the decision are formulated as
0,8 or 1 for a correct inference, offload, and an incorrect
inference, respectively. Here [ is a fixed value representing the
offloading costs such as resource usage, energy consumption,
and latency. The cost of round ¢ is denoted by I(6;, Y;), where
Y; is the binary random variable denoting the correctness of
the inference.

The basic steps of the algorithm(s) proposed in [6] are as
follows:



1) The S-ML processes the sample ¢ and outputs p;.

2) If p, > 6, the ED accepts the S-ML °’s inference;
otherwise, it offloads the sample.

3) The ES processes the offloaded samples using the L-ML
and feeds the result back.

4) The ED updates its threshold 6, based on feedback to
improve future decisions.

Both algorithms achieve sublinear regret bounds, ensuring
that the average regret per sample diminishes as the number
of samples n increases. These bounds are extended later
section to build their counterparts for the batch HI. We
summarize important abbreviations in TABLE [I|

B. System Model Extension and Problem Statement

Consider a system as shown in Fig. [I] deploying HI for
image (equivalently referred to as sample) classification ap-
plications. The samples arrive at the request of ED, (or ED
takes the samples), whenever a S-ML processing opportunity
is available. However, instead of offloading complex samples
immediately, the S-ML processing and decision-making is per-
formed successively on M samples using the same threshold,
and a subset m of them are offloaded together at the end.
Once they are processed by the ES, feedback is sent to the
ED to update the weights, that would be then used to learn
the new threshold. The process is then repeated for the next
batch. Let 7.4 and 7.5 denote the processing times of the S-ML
and L-ML models at the ED and ES, respectively.

This system differs from vanilla HI in a few key per-
formance aspects. First, as the feedback is generated at the
end of the batch, samples that require additional server pro-
cessing must wait until the end of the batch for getting the
classification result, thus reducing the system responsiveness
for these samples. In contrast, batching improves the total
classification time for M samples due to offloading in a single
batch, thus providing a trade-off that is the key aspect of this
work. Finally, while the weights are continuously updated in
vanilla HI; updates occur only at the end of the batch in our
model, causing a slightly different threshold for all decisions
except the first one in each batch. This difference can lead to
varied offloading decisions and classification outcomes for the
remaining M — 1 samples.

Define response time (of a sample) as the average time
between start of S-ML processing (the arrival) and the moment
when the ED can use the classification output for the sample
(the departure). For instance, the response time of a locally
processed sample is equal to 7.4 and in vanilla HI with M =1,
the response time for an offloaded sample is the sum 7oq, Tes
and the total communication delay. Define ¢, as the average
response time, that we henceforth refer to as response time for
simplicity. Smaller batch sizes lead to shorter ¢, and improved
system responsiveness. Unlike the vanilla HI, the response
time depends on the number of remaining sample in the batch
for batch HI.

Next, define average system time ts as the average contri-
bution of one sample to the total system time. This is the
ratio of the time to complete one batch to the batch size.
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Fig. 2: Timing diagram of the batch HI. Samples 2 and M —1
are offloaded. Cumulative communication delay, processing
times of samples whose S-ML inference is accepted, and that
of samples that are offloaded are shown in grey, green and
yellow blocks, respectively, as shown in the legends.

Final Inference

Unlike response time, the average system time decreases with
larger batch sizes due to reduced cumulative communication
delays. In vanilla HI, the number of transmission attempts per
batch depends on m, while in batch HI, there is at most one
transmission per batch. This trade-off between responsiveness
and system time is the focus of this paper. Note that one could
of course consider using the total time for modeling the trade-
off but taking this ratio instead ensures that the time is better
scaled for optimization.

Now we move on to modeling the communication delay.
The total communication delay for an offloaded sample de-
pends on the transmission delay denoted by 7, and the
cumulative network delay denoted by 7,,,,. For a fixed sample
size B and datarate R, Ttx = B/R. On the other hand, Ty
includes propagation, protocol, retransmissions, and queuing
delays in both uplink and downlink combined. While cumu-
lative transmission delay depends on the total payload size, it
is unaffected by the number of transmissions. In contrast, the
network delay depends on the number of transmissions but
not on the payload size. This distinction is a key factor in our
optimization problem and hence the reason for this modeling.
The timing diagram of the batch HI is illustrated in Fig. [2]

In this work, we introduce a design parameter o € (0, 1)
that controls the trade-off between responsiveness and system
time. A lower « prioritizes the average responsiveness of the
classification task, while a higher o emphasizes minimizing
the total task duration. Thus we pose our trade-off as an
optimisation problem for a given a:

M* := argmin f(M),
MEeN (1)
where, f(M) = ats (M) + (1 — a)t,(M).

We summarize important notations in TABLE |lI] and con-
solidate the problem statement as follows:
1) Establish regret bounds for the batch HI algorithms.
2) Derive the response time and system time as functions
of batch size, and establish the trade-off.
3) Obtain optimum batch size by solving ().

III. REGRET BOUNDS AND BATCH SI1ZE SELECTION

In this section, we discuss about the batch HI algorithm
that offloads the samples in batches. The algorithm outline is



TABLE II: Table of notations.

t Round (sample) index

Pt soft-max value output by the S-ML at round ¢

0 Decision threshold at round ¢

B Normalised offload cost

Y: Binary random variable denoting the classification correctness
M Batch size

p Ratio of number of offloaded samples

« Relative weight given for system responsiveness

ts Ratio of average system time of a batch to the batch size
tr Average response time of an sample

Ted S-ML processing time at the ED

Tes L-ML processing time at the ES

Ttx Transmission time per sample

Tnw  Network time per transmission for offload

given in Algorithm [} and more details and regret bounds are
discussed in the upcoming part of this section.

A. Regret Bounds

Now we look into the regret bounds of the algorithm and the
approach to compute it. The regret is defined as the difference
between the cumulative loss incurred by the algorithm and
the cumulative loss of an hypothetical algorithm that uses the
optimum threshold throughout. That is,

R, =) 10, Y) = > (6%, Yy),
t=1 t=1
where 6* is the unknown optimum 6. This definition remains
unchanged between vanilla and batch HIs, while the values of
the loss function differs due to the differences in the threshold
used at every round as a result of the changes in weight
updation frequency.

Due to space constraints and for reducing redundancy, we
will not go through the proofs completely. Instead, we provide
a brief outline of the proofs and explain where the key
differences arise with batching.

1) Proof Expository: We make use of the following: let
)\min = minthtz (ptl — ptz) L Pty — Dio > (0 denotes the
minimum positive difference between any two sof-max values,
7 denotes the learning rate, w;(0;) denotes the weight function
as a function of the continuous experts ¢; at round ¢ and
W, = fol wy(0)dl be the normalisation factor.

As the weights are updated only once per batch, they are
unchanged within a batch and we have,

W(k—1)M+i = WM, Vh > 1,1 <i < M,

where k is the batch index. Define wy, and Wk corresponding
to a batch:

Wy = Wi,
Wi =Winm.

The weights of each batch are computed as w(f) =
_ Z(’ifl)kf 1(0,Y;) . . .
e er=1 *7) by using an exponentially weighted aver-
age forcaster (EWF) [13].
Usage of these weights corresponding to a batch — instead
of the weights of each round — is one of the few key difference

Algorithm 1 Batch HI algorithm.

1: Initialise the weights to 1 and threshold to 0.5.
2. for k=1,2,3,... do
3 for t=(k-1)M+1,(k—1)M+2,...kM do
S-ML outputs p;.
Accept the local inference if p; > 6.
Add the sample to the buffer if p; < 6.
end for
Offload and empty the buffer as a batch and obtain the
L-ML inferences as feedback.
9:  Update the weights and the get threshold 6.
10: end for

® DR

in the derivation of regrets bounds for the batch HI. The
derivation steps are as follows:

1) Write the ratio In(Wn+1/W,) in terms of the EWF and
rewrite them in terms of the loss functions:

10,Y)) — In(Yama). ()

t=1

Wotr > —7 min

In
Wi 6:€[0,1]

2) By using Hoeffding’s lemma on In(Wk+1/1;) and
expanding telescopically, bound the same ratio
In(Wnt1/17,) in terms of the expected cost I(Y;), where
the expectation is taken over ¢, = (/W) [ iy (z) da:

Wn —~ n 2
I (Bet) < —p U+ M @)
t=1
3) Combine (@) and (3) to get the regret bound:
nM
R'n, S %ln (1/Amin) + TTI (4)

4) Find the learning rate that minimizes the regret bound
(albeit not necessarily the regret), and use that to get the
optimum regret bound:

Ry < v/nMIn (Y rm) /2. 5)

The key difference from vanilla HI arises as a result of
the usage of Hoeffdings Lemma in steps (2). As a result of
considering the losses of a batch, the upperbound goes from 1
in vanilla HI to M. Further, the number of batches for a fixed
number of samples scales inversely with M. In combination,
we obtain a looser bound in the order of \/M .

B. Optimum Batch Size

Now we will look into the batch size in more detail. As
already discussed, batching reduces the system time at the
cost of responsiveness, a trade-off posed as an optimisation
problem given in ().

Recall that the average system time ts is the ratio of the
expected time to complete one batch divided by the batch
size. Recall also that the time to complete a batch includes M
S-ML processing times, the transmission delay, the network
delay and the L-ML processing time for all offloaded samples.
We assume the feedback to be of negligible size and that,
on average p - M samples are offloaded per batch. While the



number of offloaded samples in any given batch is necessarily
a whole number, we use the average number characterised by
p that need not be an whole number. We have

1
tS(M) = M (MTed + pM(TeS + Ttx) + an)

1
= Ted T p(Tes + Ttx) + MTHW' (6)

Conversely, the response time t,, that deteriorates with
larger batch size, is the average time between the start of S-
ML processing and the time the ED can use the classification
output for a sample. Here, we assume the scenario where
all the offloaded samples are clustered at the start of the
batch. As all the initial samples need to wait for the feedback,
this scenario presents us with the worst case in terms of
responsiveness while not affecting t5. To calculate the (worst
case) average responsiveness t,, we consider the time from
when the frame is captured on the edge device to when the
classification result is available for use at the ED. If the
offloading decision is to accept the local inference, this delay
corresponds to just Teq. On the other hand, for the offloaded
samples, the time is the time between the start of the S-ML
processing and the reception of the feedback from the ES at the
end of the batch and thus depends on the number of remaining
samples in the batch. Therefore, we have:

m

(M) = ﬁ ( Z ((M — i+ 1)Tea + m(Taw + Tes))

+ O = m)a).

Now, we assume that the ratio of offloaded samples to the total
number of samples converges to a known value of p € (0,1)
as the number of samples increases indefinitely. This implies
that the expected number of offloaded samples m, for a batch
of size M is known, with p = §7. By simplification, we get,

ty(M) = (p (1 — g) Ted + % (Tes + Ttx)) M

+ pTaw + (1 — 0.50) Teq-

We obtain the the objective function f(M) from (6) and (7):
1

f(M) = Taw

p
+ M(1 - ) (,0 (1 — 5) Ted + p° (Tes + Ttx)) (8)
+ (1= a)(praw + (1 — 0.5p)7ea))
+ (Tea + p(Tix + Tes))-

Now consider a relaxed version of the integer optimisation
problem (T)), where instead of positive integers M can take any
real positive number. We find M* by first finding the optimum
argument to the relaxed problem, denoted by M, and then
looking for M* at the closest integers, given by |MT| and
[M1]. The relaxed optimisation problem is defined as:

M := argmin f(M),
MeR*

arg min
Me{|MT|,[Mt]}

(7

M* = F(M).
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Fig. 3: Average cost vs. the batch size M for different offload
cost 3, for the Imagenette dataset.

Observe that the objective function is convex in real M.
Therefore, we can find M by simply using the first derivative:

MT — QThw
\/(1 - Oé) (p (1 - %) Ted + p2(Tes + Ttx)) .
IV. NUMERICAL EVALUATION

9

In this section, we investigate the performance of the
proposed batch HI and the effect of batch sizes using nu-
merical simulations, where we use the Imagenette [14] and
CIFARI1O [15] datasets. Unless otherwise specified, we use
the following parameterizations: The normalised offload cost
B for the simulations related to Imagenette is chosen as
0.7 and to CIFARI10 as 0.5, while the batch size M is a
variable. While p depends on 3 we have validated that it
largely unaffected with the batch size. For processing times,
we refer to [10] and choose 7oq = 1.48ms, Toc = 4.41ms
for Imagenette and 7.q = 0.39ms, 7.5 = 4.29ms for CIFAR10
which corresponding to Jetson 15W edge device with AlexNet
ML model for both datasets, and NVIDIA A100 server with
ConvText ML model for Imagenette and ViT-H/14 model for
CIFARI10. For the nework delay, 7.y, we refer to [[16]] and use
a value of 20ms. We assume that 7,,,, is equal to the RTT from
this work due to the very short packet of 172 Bytes used. This
value varies significantly depending on the network condition,
and for this reason we do the same in one of our simulations.
The average image size is observed to be 30.08 KB for the
3925 Imagenette samples and 3 KB for the 10000 CIFAR10
samples. We used an upink data rate of 50 Mbps, resulting in
Tex = 4.93 ms and 7 = 0.49 ms accordingly.

In Fig.[3] we plot the average cost as a function of the batch
size M for the Imagenette dataset. We choose three values of
0.794, 0.671 and 0.421 for the offload ratio p, that we obtained
from the vanilla HI with 8 = 0.3,0.5 and 0.7, respectively.
We observe across different parameterisations that the average
cost per round remains largely unaffected by an increase in M
in the relatively small sizes of batch size considered. Similar
results were observed also for the CIFAR10 dataset, where the
average cost for the different parametrizations remains almost
constant, simillar to vanillaHI, for relatively small values of
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Fig. 4: The relaxed version of the objective function f(M)
as a function of the batch size M € R, for different «, for
different datasets. The optimums Mt and M* are shown.

M. This indicates that while batching improves overal system
time, it does not significantly affect the incurred average cost.

In Fig. ] we examine the objective functions against the
batch size for both datasets, for different values of «. First
we observe the existence of the optimums M* and M T as
shown in the figures. It is interesting to note the behaviour
of the objective, before and after the optimum. As a result, it
is imperative that if we end up choosing an incorrect batch
size, for instance due to estimation errors of the parameters in
(@), choosing a smaller batch size is costlier that choosing a
larger batch size for both cases. In other words, if an error
is unavoidable, it is always preferrable to move towards a
larger batch size. This further shows the benefits of batching
in comparison with the vanilla HI with M = 1. Secondly,
we also observe from Fig. [ that as the need for shorter
system times increases, the need for larger batch sizes also
tends to increase, which is the primary motivation of the batch
HI. Thirdly, we observe that the CIFAR10 dataset requires a
larger batch size under similar parameter settings. This is due
to the significantly lower resolution of its images compared
to Imagenette, leading to a smaller 7, and highlights that
batching becomes even more critical in such cases, with much
larger batch sizes needed to offset network overhead.
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Fig. 6: Optimal batch Size M vs. the ratio of S-ML and L-ML
processing times for varying Ted/r.,, for different .

Finally, in Fig. [5]and Fig.[6] we investigate how the optimal
batch size varies with the system parameters, particularly
focusing on how it changes with the network time, 7, and
the ratio of inference durations at the ED and at the ES,
Ted/7o. This analysis aims to understand the effect of batching
in different real-world setups, taking into account different
edge devices, ML models and wireless scenarios. Here, we
use Imagenette dataset and an offloading ratio p = 0.421
corresponding to the offload cost 3 = 0.7. In Fig. [5] we
vary Thw between 2 and 50 ms. We observe that as network
latencies increase, the optimal batch size also increases. This
is because, with higher latencies, offloading in bigger batches
reduces the frequency of encountering these delays, thereby
decreasing the overall system time. In Fig. [f] we use the
default 7 of 4.29 ms and a varying 7.q in the range of 0.429
to 21.45 ms, thereby forcing the ratio 7ed/r.. to span between
0.1 and 5. We observe that larger the ratio is, the smaller the
optimum batch size becomes. As before, this is because, for
a relatively larger L-ML processing time — that reduces the
ratio — we would want to encounter these delays for a fewer
number of times, thus favouring bigger batch sizes.



V. CONCLUSION

In this paper, we introduced the Batch HI framework to
address some challenges associated with immediate offloading
in traditional HI systems. By offloading samples in adjustable-
sized batches of size M, our approach reduces communication
overhead and system time while maintaining similar regret
bounds to existing HI methods. We established updated regret
bounds for the Batch HI that scales with /M.

Furthermore, we derive analytical expressions for the aver-
age system time and the average response time as functions
of M, and showed an underlying trade-off that is crucial for
systems where these times must be balanced. We formulated
the trade-off as an optimization problem to determine the
optimal batch size M™* that achieves this balance for a user-
defined parameter «. Our solution indicates that the optimal
batch size increases with a higher priority on system efficiency
and decreases when responsiveness is prioritised.

Numerical evaluations using the Imagenette and CIFAR10
datasets confirmed the effectiveness of the proposed batch HI
framework. Unlike the regret bound, the average cost remained
largely unaffected by the batch size, indicating that batching
does not compromise the cost with smaller ranges of batch
sizes. Additionally, we observed that the optimal batch size
that minimizes the objective function falls in this range.

In future work, we plan to explore directions such as
adaptive batch sizing, where the system adjusts the batch size
based on real-time conditions, allowing it to meet varying
demands dynamically while maintaining service-level objec-
tives. We also plan to extend this work to deal with the
average responsiveness in a probabilistic manner rather than
considering the worst case for simplicity.
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