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Abstract
In this paper, we propose a control scheme that provides a tradeoff

between energy efficiency and communication accuracy in the con-

text of intrabody networks designed to manage chronic diseases.

We specifically do this in the context of magnetic resonance com-

munications (MRC) technology for communication that we have

shown works extremely well for such networks. The key motiva-

tion for such a tradeoff is that intrabody networks operate in a

very energy-poor environment and thus their energy efficiency is

crucial. Our proposed controller uses Kalman filter-based signal

reconstruction and adjusts communication frequency based on the

signal prediction error. We show that the closed-loop control can

reduce the communication by 30-67% with accuracies of 88% to

94%.
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1 Introduction
Chronic diseases are becoming increasingly prevalent worldwide,

driven by several factors, including an aging population in devel-

oped nations and escalating levels of pollution—air, water, and

food—in developing countries [8].

As the risk of multiple chronic conditions rises markedly with

advancing age, and with the elderly population expected to nearly

double by 2050 [8], there is a pressing need for innovative, cost-

effective, and personalized approaches to the prevention and man-

agement of chronic diseases.

Recent Advancements inmedical devices enable continuousmon-

itoring and automated diagnosis for chronic disease management. A

Chronic Disease Management Network (CDMN) is a small network
of in-body sensors and actuators to improve the functioning of key

diseased organs. Examples include managing overactive bladder [9]

and pacemakers [4]. A major challenge in CDMNs is ensuring a
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reliable energy supply, as implanted batteries are impractical due

to size constraints and invasive replacement procedures. While

energy harvesting from organs or movement is possible, it may

be insufficient, necessitating external energy transfer via an On-

Body Node (OBN) such as a smartwatch, wristband, or abdominal

patch. Wireless Power Transfer (WPT) is essential, alongside ex-

treme energy efficiency in computing and communication. We have

explored WPT strategies in [7]. This paper focuses on optimizing

intrabody communication as wireless transmission is significantly

more energy-intensive than computation. The key contributions of

this paper are as follows.

(1) We explore the tradeoff between communication energy con-

sumption vs. accuracy in reporting the signal from sensors.

We do this by using a closed-loop control scheme of the

signal prediction for sensed samples.

(2) We further explore the tradeoff between accuracy and delay

by extending the closed-loop control scheme to batched data

transmission from a sensor and batch prediction.

We show that our proposed controller can reduce the communica-

tion by 30-67% with accuracies of 88% to 94%. Due to limited space,

this paper only considers a typical link in CDMN rather than the

network as a whole. We plan to consider the network perspective

in future works.

2 Chronic Disease Management Networks
2.1 Communications Architecture of CDMN

Fig. 1: CDMN il-
lustration

The CDMN is structured to efficiently col-

lect physiological signals, with sensors clus-

tered near critical or affected body parts. As

shown in Fig. 1, it comprises hub nodes in-

teractingwith local sensors/actuators, while

only hubs communicate with the OBN. The

OBN serves as the central controller, pro-

viding energy and interfacing with external

networks (e.g., WiFi, BLE).

Hubs aggregate sensor data, perform pro-

cessing, and relay information to the OBN. Sensor nodes receive

energy, collect data, and transmit it to hubs. Data flows “upward"

from sensors to hubs and the OBN, while control signals propa-

gate “downward." Hub-to-OBN communication is less frequent but

energy-intensive.

Since the OBN, akin to a smartwatch, may be removed for charg-

ing, a backup wearable (e.g., a stomach patch) ensures continuous

alert reception and emergency energy supply. During OBN-off pe-

riods, energy-efficient communication becomes critical, aligning

with the energy-accuracy tradeoff discussed.

https://doi.org/10.1145/3721201.3721411
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2.2 Communications and Energy Transfer
Through the Body

TheOBN and backup device utilize specialized antennas for Through-

Body Wireless Communication (TBWC) and energy transfer, with

all CDMN nodes employing TBWC. This necessitates a low-power

Human Body Communication (HBC) technology with a compact

antenna and efficient in-body transmission.

It is well known RF is not suitable for HBC [12], but many other

technologies have been studied in the literature [11]. Here we fo-

cus on Magnetic Resonance Communication (MRC) as our prior

work in [3] shows that it is very well suited for CDMN. We have

also shown that its performance is competitive with that of Ultra-

sonic Coupling (USC) [2], a popular HBC technology for medical

applications.

Magnetic Resonant Coupling (MRC) employs a resonant transmitter-

receiver pair, each forming an LC circuit with a resonance frequency

of 1/(2𝜋
√
𝐿𝐶). While traditionally set at 13.56 MHz (RFID), our ex-

tensive experimentation demonstrates that the optimal intrabody

performance occurs at 25–30 MHz [6]. We have also shown that

the transmission is robust to changes in the relative orientation of

transmit and receive coils, and posture/movement of the person,

with only 2-3 dB difference across a wide range of parameters [3].

We also show an attenuation level of 15–23 dB over body-length

distances, which confirms its feasibility for intrabody networks.

Given the short node distances in CDMN, interference is in-

evitable, making a fully scheduled MAC layer the most effective

solution. With slow sensing rates (one sample per tens of seconds)

and tiny packets, scheduling imposes no limitations. The millisec-

ond transmission time allows for low-power modes, conserving

energy and facilitating emergency signals without significant delay,

though these aspects are beyond this paper’s scope.

2.3 Reducing Communication Energy Expense
Communication reduction strategies include lower transmission

rates, threshold-based triggering, and sample averaging, though

open-loop methods lack adaptability. Instead, a receiver-side pre-

dictor adjusts transmission based on reconstruction error.

Among the prediction models, statistical methods are preferred

for hubs. ARIMA relies on prior data but assumes stationarity and

struggles with missing samples. The Kalman filter, however, mod-

els hidden states, enabling robust predictions without stationarity

constraints and effectively handling missing values. Due to these

advantages, this study employs the Kalman filter.

The closed-loop control around the Kalman filter works as fol-

lows:

• The sender readies one or more collected samples to send

every time slot of some length Δ𝑅𝐶 . The sender also has a threshold
𝜖 ∈ [0, 1] as a tolerance such that the prepared sample (individual or

batch) will be transmitted only if the fractional difference between

it and the previous value exceeds 𝜖 .

• The receiver predicts the values for the next time slot and

continues to do so until it receives a transmitted sample from the

sender. It then computes a measure of error 𝜂, which is accumulated

for 𝐾 time slots and then checked against the error threshold 𝜂0.

If 𝜂 > 𝜂0, the receiver estimates a new value of 𝜖 and sends it as

feedback to the data sender.

• The purpose of the control mechanism is to make 𝜖 as large as

possible (to reduce communications) and yet keep the signal recon-

struction error at the hub within specified bounds. The mechanism

thus provides an effective energy-accuracy tradeoff.

2.4 Control with Online Threshold Tuning
Alg. 1 shows the online threshold tuning performed by our con-

troller on the signal receive side of the link. The algorithm gets the

current threshold 𝜖𝑐𝑢𝑟 , the actual value 𝑥𝑡 , and the predicted value

𝑥𝑡 and outputs the new threshold, 𝜖𝑛𝑒𝑤 . The algorithm uses the

following parameters: (a) 𝐾 , the gain of the controller, (b) 𝑇𝑜𝑙 , the

tolerance below which we would not replace the new with the old

threshold, and (c) 𝜖𝑚𝑖𝑛 and 𝜖𝑚𝑎𝑥 , the lower and upper bounds for

the threshold 𝜖 . In our application of the Kalman filter, a prediction

will be made at every data collection instant (i.e., Δ𝑅𝐶 time apart).

Alg. 1: Online Threshold Tuning: Re-
ceive side
Input: 𝜖𝑐𝑢𝑟 , 𝑥𝑡 , 𝑥𝑡
Parameters: 𝐾 ,𝑇𝑜𝑙 , 𝜂0, 𝜖𝑚𝑖𝑛 , 𝜖𝑚𝑎𝑥

Output: 𝜖𝑛𝑒𝑤
Initialize: 𝜂𝑡 ← 𝑥𝑡 − 𝑥𝑡 ;
if ( |𝜂𝑡 | ≤ 𝜂0): 𝜖𝑛𝑒𝑤 ← 𝜖𝑐𝑢𝑟

else {

𝜖𝑛𝑒𝑤 ← 𝜖𝑐𝑢𝑟 (1 +𝐾 · 𝜂𝑡 )
𝜖𝑛𝑒𝑤 ← max(𝜖𝑚𝑖𝑛,min(𝜖𝑛𝑒𝑤 , 𝜖𝑚𝑎𝑥 ) )
if ( |𝜖𝑛𝑒𝑤 − 𝜖𝑐𝑢𝑟 | < 𝑇𝑜𝑙 ): 𝜖𝑛𝑒𝑤 ← 𝜖𝑐𝑢𝑟

}

Return: 𝜖𝑛𝑒𝑤

Still, updates

are made only

when a new value

arrives at the re-

ceiver. Online thresh-

old adjustments

are done by the

hub at certain

Δ𝐹 frequencies,

and the rate of

Feedbacks/min is

an importantmet-

ric for this net-

work. Suitable values for the gain 𝐾 and 𝑇𝑜𝑙 were determined

experimentally, varying from sensor to sensor. In general, near-

optimal values for such parameters can be obtained via a systematic

search procedure.

2.5 Batch Transmission of Signals
Since CDMN sensors generate only a few bytes per sample, batch-

ing multiple samples before transmission reduces communication

frequency with minimal overhead while allowing extended receiver

sleep periods. This requires extending the Kalman filter to vector

data, enabling Clustered Transmission (CT), which trades energy

efficiency for latency—an acceptable compromise for fast signals.

In CT, the sensor retains the previous data vector 𝑣 (𝑝𝑟𝑒𝑣) as well.
When the current vector 𝑣 (𝑐𝑢𝑟𝑟 ) is complete, it computes the RMS

value of the difference, i.e.,

√︁
(∑𝐾

𝑘=1
(𝑣 (𝑐𝑢𝑟𝑟 )
𝑘

− 𝑣 (𝑝𝑟𝑒𝑣)
𝑘

)2/𝐾) and
compares it against the threshold to decide if 𝑣 (𝑐𝑢𝑟𝑟 ) should be

transmitted. In case of transmission, we let 𝑣 (𝑝𝑟𝑒𝑣) = 𝑣 (𝑐𝑢𝑟𝑟 ) . On
the signal receive side, the Kalman filter predicts entire vectors,

estimating error using the RMS difference between predicted and

received vectors. This study evaluates Kalman filter performance

as a function of batch size in CT.

3 Experimental Design and Results
We simulated a 5-node network with 2 hubs, one managing 3 nodes

and the other 2 for energy-efficient communication using a Kalman

filter-based approach. Energy consumption was quantified using
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data sheet estimates, as detailed in [7]. Each sensor processed dis-

tinct data streams derived from publicly available physiological

datasets.

3.1 Pre-processing of Datasets Used
All five sensors were simulated under varying monitoring durations

ranging from 1 to 30 hours, with 1-hour increments. However, for

clarity and consistency, results presented in this paper focus on

a 1-hour monitoring period, as the behavior of the Kalman Filter

applied in the sensors exhibited stable performance across longer

durations.

Public datasets for continuous physiological monitoring are

scarce, especially for implanted nodes. The dataset in [1] offers

wearable-based BVP, IBI, and Blood Glucose data, which can be ex-

tended through subsampling and averaging for evaluation. Applied

to four sensors, performance was assessed via Prediction Accuracy,

MeanAbsolute Error (MAE), Prediction Accuracy (100×(1−RMSE)),
Rate of Native signals (Native Comms/min), Rate of Transmitted

Signals(KF comms/min), and Number of Feedbacks Signals (Feed-

backs/min).

Native Comms/min represents the transmission rate without

closed-loop control (2 per minute, 120 per hour). KF Comms/min de-

notes the actual rate under closed-loop control, while Feedbacks/min

quantifies threshold feedback signals from the hub to the sensors.

All 120 hourly communications (2 per minute) would be transmitted

without the proposed system. An offline-tuning approach was also

evaluated using the mean of prior online tuning to explore the bal-

ance between communication reduction and prediction accuracy.

Physiological signals are typically stable but can change abruptly

due to medical or emotional events, requiring rapid Kalman filter

adaptation. To evaluate this, perturbations were introduced by

doubling the signal magnitude at 15 minutes and halving it at 40

minutes. Sensors 1 and 2 processed BVP, while Sensors 3 and 4

handled IBI, with the latter exhibiting greater variability. Figs. 2(b),

3(b), 5(b), and 7(b) illustrate perturbations, marked by dashed lines

(Doubled) and dotted lines (Halved).

3.2 Communications Accuracy vs. Frequency

Fig. 2: Sensor 1 Prediction Performance (a) Without perturbation,
(b) With perturbation

3.2.1 Sensor1 Communication. Table 3 highlights the stability of

our controller under perturbations. As shown in Fig. 2(a) and Fig. 2(b),

predicted (blue) and actual (red) values closely align, except during

perturbations. While the unperturbed signal achieved 0.86% higher

prediction accuracy, the perturbed case reduced KF Comms/min by

4.52%, balancing accuracy and efficiency. Despite a 9.12% MAE in-

crease, our controller demonstrated rapid convergence, confirming

its robustness to signal fluctuations within the intrabody network.

Fig. 3: Sensor 2 Prediction Performance (a) Without perturbation,
(b) With perturbation

3.2.2 Sensor2 Communication. Fig. 3 compares actual and hub-

predicted values for perturbed and unperturbed cases. The unper-

turbed signal (Fig. 3(a)) shows greater deviations between actual

(red) and predicted (blue) values, whereas the perturbed signal

(Fig. 3(b)) exhibits closer alignment. This improved coherence cor-

responds to a 58.46% increase in KF Comms/min due to higher

Sensor 2 transmissions (Table 3).

Fig. 4: Sensor 2 Threshold His-
tory w/ & w/o perturbations.

The perturbed scenario in-

creased MAE by 11.76% (Ta-

ble 3) and reduced prediction

accuracy by 0.68%. Fig. 4 illus-

trates the adaptive threshold

adjustments by the controller,

stabilizing at a lower level be-

yond batch index 38, in con-

trast to the larger fluctuations in the unperturbed signal before

stabilizing around index 78. This indicates faster adaptation to in-

creased signal variability.

Fig. 5: Sensor 3 Prediction Performance (a) Without perturbation,
(b) With perturbation

3.2.3 Sensor3 Communication. IBI signals exhibit greater sensitiv-
ity to perturbations, affecting prediction accuracy and communi-

cation efficiency. Fig. 5 compares actual and hub-predicted values.

In the standard condition (Fig. 5(a)), significant fluctuations peak

at batch index 39 (value 1) and drop to 0 at index 60, increasing

KF Comms/min and Feedbacks/min (Table 3). In contrast, the per-

turbed condition (Fig. 5(b)) stabilizes at a peak from indices 30–54

and declines after index 81, reducing variability and KF Comms/min.

Perturbations increased MAE by 9.68% and reduced prediction ac-

curacy by 0.18%.
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Fig. 6 further illustrates the online threshold adaptation. The

perturbed signal shows higher initial threshold adjustments but

stabilizes between indices 30–54, reducing Feedbacks/min. The

unperturbed signal’s threshold fluctuates before stabilizing at a

lower level around index 45, whereas the perturbed signal stabilizes

later (index 58) at a higher threshold, demonstrating the adaptability

of closed-loop control.

Fig. 6: Sensor 3 Threshold His-
tory w/ & w/o perturbations.

3.2.4 Sensor4 Communication.
Similar to Sensor 3, Sensor

4 exhibits significant variabil-

ity under standard conditions,

peaking at 0.9 (batch index

38) and dropping to 0.1 (in-

dices 56, 58), increasing KF

Comms/min and aligning ac-

tual (red) and predicted (blue)

values in Fig. 7(a). Under per-

turbations (Fig. 7(b)), smoother variations led to stabilization at 1

(indices 30–52) and damping near 0.1 (indices 80–111), reducing KF

Comms/min (Table 3).

Fig. 7: Sensor 4 Prediction Performance (a) Without perturbation,
(b) With perturbation

Table 3 further indicates a 1.67% drop in prediction accuracy,

while improved communication efficiency highlights the trade-off

between accuracy and energy conservation.

Fig. 8: Sensor 4 Threshold
w/ & w/o perturbations.

Fig. 8 shows that the threshold

adjustments for the unperturbed

and perturbed signals aligned un-

til batch index 30, where the per-

turbed threshold increased with

signal magnitude. The unper-

turbed signal stabilized at a lower

level around index 43, while the

perturbed signal required one

more adjustment, stabilizing at a higher threshold near index 56.

This adaptation reduced Feedbacks/min, demonstrating the re-

sponse of our controller to signal perturbations.

3.3 Offline vs. Online Turning of Threshold
Table 2 compares our online threshold tuning approach against a

simpler version where a suitable threshold is determined offline

and then used without any further updates. The offline threshold

reduced transmissions by 30.00% (vs. 25.83% for online) and elimi-

nated hub-side feedback, which reduces communications; however,

the online threshold adjustment yields slightly better accuracy.

For Sensor 2, both strategies performed identically, suggesting its

data characteristics suit either approach. Sensor 3 exhibited minor

Table 1: Sensor to Hub Transmission Performance
Signal Performance Sensor Numbers

Metric 1 2 3 4

U
n
p
e
r
t
u
r
b
e
d MAE 0.060 0.034 0.093 0.074

Pred. Acc. (%) 89.76 93.68 88.12 89.38

Native Comms/min 2.0 2.0 2.0 2.0

KF Comms/min 1.483 0.65 1.32 1.22

Feedbacks/min 0.016 0.233 0.3 0.22

P
e
r
t
u
r
b
e
d MAE 0.066 0.038 0.084 0.064

Pred. Acc. (%) 88.99 93.04 87.31 87.89

Native Comms/min 2.0 2.0 2.0 2.0

KF Comms/min 1.416 1.03 1.0 0.967

Feedbacks/min 0.016 0.167 0.166 0.167

accuracy loss and a slight MAE increase with the offline threshold,

but communication efficiency remained unchanged.

Sensor 4 showed marginally higher communication savings with

the offline strategy (40.00% vs. 39.17%) but slightly lower prediction

accuracy, reinforcing the trade-off between accuracy and energy

conservation.

Table 2: Impact of offline vs. online Threshold Tuning
Thres Performance Sensor Numbers
Type Metric 1 2 3 4

o
n
l
i
n
e

MAE 0.0603 0.0344 0.0972 0.0741

Pred. Acc.(%) 89.76 93.68 88.12 89.38

Native Comms/min 2.0 2.0 2.0 2.0

KF Comms/min 1.483 0.65 1.32 1.22

o
ffl
i
n
e

MAE 0.0615 0.0378 0.0837 0.0754

Pred. Acc.(%) 89.69 93.68 88.06 89.26

Native Comms/min 2.0 2.0 2.0 2.0

KF Comms/min 1.4 0.65 1.32 1.2

Threshold Value 0.159 0.159 0.0285 0.0351

Table 2 shows that the offline threshold tuning conserves energy

withminimal accuracy loss under stable conditions; however, online

threshold tuning reduces prediction errors in high-variability data

but increases communication. The choice depends on whether energy
efficiency or predictive accuracy is prioritized.

3.4 Vector Data Transmission
A Clustered Time Series (CT) transmission approach was simulated

to evaluate vector data behavior in intrabody networks, focusing on

how vector size and error metrics affect transmission decisions and

prediction accuracy. A vector 𝑣 (𝑐𝑢𝑟𝑟 ) of size 𝐾 is transmitted from

the Hub Node 1 to the OBN when the Root Mean Square (RMS)

error, defined as RMS Error =

√︂
1

𝐾

∑𝐾
𝑘=1

(
𝑣
(𝑐𝑢𝑟𝑟 )
𝑘

− 𝑣 (𝑝𝑟𝑒𝑣)
𝑘

)
2

, ex-

ceeds a predefined threshold 𝜖 . Upon receiving the vector, the OBN

employs a Vector Kalman Filter (VKF) to predict the next vector

state, 𝑣 (𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 ) . Prediction accuracy is measured using the equa-

tion (100× (1−RMSE)) and depicted in Fig. 9 against varying vector

lengths.

Fig. 9: Prediction Accuracy for
Varying Vector Sizes

To enhance communica-

tion efficiency and stabi-

lize predictions, the closed-

loop controller continu-

ously adjusts the threshold

𝜖 based on the observed er-

ror between the predicted

vector and the received

vector and transmits feed-

back to the (physiological data sender) Node for adaptive control.
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Fig. 9 shows that larger vector sizes slightly reduce prediction

accuracy due to cumulative errors across dimensions. However,

the VKF minimizes this loss by utilizing multidimensional correla-

tions [10]. The decline results from element-wise prediction errors,

delayed observation updates, and reduced sensitivity to temporal

variations in larger vectors. These findings underscore the trade-off

between communication efficiency and accuracy, highlighting the

need to optimize vector sizes for energy-efficient physiological data

transmission.

3.5 Simple vs. Adaptive Kalman Filter
Many versions of the Kalman Filter have been considered in the

literature [5]. We use the standard version called the Simple Kalman

Filter (SKF). Unlike the SKF, which assumes stationary noise with a

fixed, offline-defined measurement noise covariance 𝑅, the adap-

tive Kalman Filter (AKF) variant adaptively adjusts 𝑅 online using

a sliding window of the 10 most recent measurements, thereby

enhancing noise adaptability. Both filters were evaluated under

unperturbed and perturbed conditions with identical state tran-

sition 𝐹 , process noise covariance 𝑄 , and error covariance 𝑃 for

consistency.

Fig. 10: SKF vs. AKF Performance Comparison (a) Unperturbed Sig-
nal, (b) Perturbed Signal

A comparison of Sensors 1–4 revealed minimal differences. For

Sensor 1, the Adaptive Kalman Filter (AKF) slightly improved accu-

racy without affecting communication savings. Sensor 2 showed

a slight decline in accuracy, but feedback signals were reduced

while maintaining 67.50% communication savings. Sensor 3 ex-

hibited lower accuracy, though feedback comms/min decreased

significantly. Sensor 4 performed poorly in accuracy, and commu-

nication savings but showed reduced feedback comms/min. Per-

turbed signals exhibited similar behavior. Applying the AKF to

perturbed signals does not produce any statistically significant per-

formance improvements. On the contrary, the results indicate a

deterioration in accuracy and effectiveness. These findings depicted

in Fig. 10 indicate that AKF’s added complexity provided negligi-

ble benefits over the Simple Kalman Filter (SKF). Given its lower

computational cost and reliable performance, SKF was preferred

for resource-constrained intrabody networks. Perturbation tests

further confirmed its robustness with minimal impact on accuracy

and communication metrics.

3.6 Performance Assessment of Noisy Signals
To emulate real-world acquisition imperfections, zero-mean Gauss-

ian noise—scaled in the range of 5 - 10% of the signal’s mean am-

plitude—was added element-wise to baseline BVP and IBI signals,

yielding synthetic noisy data representative of practical sensing

conditions. Simulations using the proposed controller revealed that

the Simple Kalman Filter, in conjunction with optimized resam-

pling, exhibited robust performance, achieving metrics comparable

to those obtained under noise-free conditions. Experimental results

demonstrate that the predictive accuracy of the system remains

largely robust under Gaussian noise perturbations. For Sensor 1,

a 5% noise amplitude resulted in an accuracy of 89.57%, with a

marginal decline to 89.17% at 10%, both closely aligning with the

noise-free accuracy of 89.76%. Sensor 2 exhibited negligible sen-

sitivity to noise variations. In contrast, Sensor 3 experienced a

minor accuracy reduction from 87.45% to 87.42% as noise amplitude

increased. Similarly, Sensor 4 showed stable performance, with

accuracy values of 88.66% and 88.31% for 5% and 10% noise levels,

respectively. These results underscore the method’s resilience to

real-world noise contamination.

4 Conclusions
In this paper, we explored the trade-off between communication

accuracy and energy efficiency via a closed-loop Kalman filter-

based prediction of the signals. In most scenarios, communication

overhead can be significantly minimized while preserving high

accuracy. Given the substantial energy cost of transmissions, this

approach effectively enhances energy efficiency. Future work will

focus on continually tuning parameters for automatic adjustment,

eliminating the need for manual intervention.

Table 3: Sensor to Hub Transmission Performance
Signal Performance Sensor Numbers

Metric 1 2 3 4

U
n
p
e
r
t
u
r
b
e
d

MAE 0.060 0.034 0.093 0.074

Pred. Acc. (%) 89.76 93.68 88.12 89.38

Native Comms/min 2.0 2.0 2.0 2.0

KF Comms/min 1.483 0.650 1.320 1.220

Feedbacks/min 0.016 0.233 0.300 0.220

Comm. Reduction (%) 25.9 67.5 34.0 39.0

Total Reduction (%) 25.1 55.9 19.0 28.0

P
e
r
t
u
r
b
e
d

MAE 0.066 0.038 0.084 0.064

Pred. Acc. (%) 88.99 93.04 87.31 87.89

Native Comms/min 2.0 2.0 2.0 2.0

KF Comms/min 1.416 1.030 1.000 0.967

Feedbacks/min 0.016 0.167 0.166 0.167

Comm. Reduction (%) 29.2 48.5 50.0 51.7

Total Reduction (%) 28.4 40.2 41.7 43.3
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