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To maximize Al potential in distributed environments, managing shared resources is vital for ensuring equitable user access. This poster presents the
Hierarchical Inference Framework (HIF), a decentralized mechanism that optimizes collective performance across edge devices without explicit inter-

communication.

Key Challenge: Preventing network saturation and the dominance of high-power nodes to ensure fairness across heterogeneous devices
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Threshold Update’s Algorithm

: : - i def update_theta(confs, theta, prev_score, alpha, max_delta, s_prevl, s_prev2):
To solve this problem, we propose the following system Background traffic
Other devices i .
: . — ompute raw score
arChIteCtu re ;- score = sum(confs)
................................... —_ {. .
| : ! 1 # Initialization
R - | / if prev_score is None:
eqﬁfszf} | X4 | / o ARBRR s_prev2 = theta
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Y score = (1 - alpha) * prev_score + alpha * score
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i | X¢ -+ FIFO queue Remote DL M, prev_score = score
User i ] - CD Reunduming s_prevl = theta
[ . | (Higher accuracy) return score, s_prevl, None, None
| Local DL M, F(x)) Shared Edge Server
f(x), (Lower accuracy) Yes | h;(x;) I fr(xe), : # Smoothing score values
h(x;) I Y h,(x;) I score = (1 - alpha) * prev_score + alpha * score
i Final inference € — = A D o
''''''''''''''''''''''''''''''''''' — — # Numerical gradient
Device fﬁige denom = s_prevl - s_prev2
if abs(denom) < le-6:
. denom = np.copysign(le-6, denom if denom != @ else 1.8)
Exper” , ,ental Setup grad = (score - prev_score) / denom
# Compression using arctan
" " " " d = (2 . t d . p1
All experiments were conducted using a network of Raspberry Pi devices connected to a compr-grad = (2 * np.arctan(grad) / np.pi)

server through a shared Wi-Fi network, which was also used by other devices
realistic interference and contention.

Each RaspberryPi received on average 7 image queries per second. This input rate was ? Threshold update
selected so that the remote server would experience congestion if all devices attempted to s_prevl = theta

offload their entire workload simultaneously.

t() irrtr()(jlj(:ee # Asymmetric adjustment and clip

delta = compr_grad * (1 - theta) if grad > @ else compr_grad * theta
delta = np.clip(delta, —-max_delta, max_delta)

prev_score = score
theta = theta + delta

return score, s_prevl, s_prev2, theta
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By utilizing adaptive thresholding, the system balances server utilization and individual accuracy to ensure fair resource distribution.

Future directions include:
 Hyperparameter tuning

» Scalability analysis
 Heterogeneous user scenarios
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