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1. Introduction 

The widespread deployment of AI models on edge and embedded systems like smart cameras, wearables, and 
industrial sensors imposes an imminent need for inference systems that perform inference with milliwatt power 
budgets without compromising functional accuracy. Quantization to 8 or 4-bit fixed-point representations 
achieves coarse-grained energy reduction but utilizes the same bit width across all the layers without 
consideration for heterogeneous bit-width requirements of network layers [1]. 
The limitation is alleviated by mixed-precision quantization, where each layer/sub-tensor is assigned a different 
bit-width. Hardware-aware approaches like HAQ and StruM exploit either RL or structural algorithms to derive 
per-layer assignments that optimize latency/memory at a particular target hardware [2]. However, these 
approaches compute precision assignment at compile time and determine bit-width assignment offline, hence it 
is fixed at deployment. However, conditions at inference time vary dynamically, like the input complexity, 
temperature, and power budget available at runtime, and therefore require dynamic precision adaptation rather 
than fixed assignment at compile time [3]. 
The problem is then elegantly solved using learnable precision allocation, which parameterizes and trains the 
precision assignment parameters along with the model weights. Fully differentiable quantization approaches train 
model parameters and quantizer parameters end-to-end for the discovery of precision policies that minimize an 
accuracy-energy objective [4]. Extend this paradigm for real-time adaptation according to the input characteristics 
and hardware state. 
In AdaPrecNet, develop a precision controller that takes input-complexity features and power telemetry from the 
hardware as input and produces per-layer bit-width suggestions for each inference query. The controller is trained 
jointly with the quantized backbone using a surrogate gradient path to pass gradients through the quantization 
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operation. Main contributions are (i) input-complexity-driven precision controllers. (ii) Power-aware training 
objective (iii) Hardware-optimized deployment on ARM Cortex-A and NVIDIA Jetson (iv) Performance result of 
4.1x power reduction with a slight 2.1% loss of accuracy w.r.t. FP32. 
 

2. Related Work 

2.1 Mixed-Precision Quantization 
Mixed-precision quantisation frameworks permit per-layer bit-width configuration in order to trade off the 
accuracy and efficiency. StruM offers a performance up to 50% reduction in terms of precision by means of 
structured block-level mixed precision without retraining [5]. Edge inference on fully differentiable quantised 
mixed-precision CNNs determines a Pareto frontier on model accuracy and model size less than 4.3MB [6]. Block-
wise mixed-precision quantisation for ReRAM accelerators represents a trade-off between algorithm and 
hardware that provides a large compression with little drop in the accuracy [7]. 
 
2.2 Hardware-Aware Neural Architecture Search 
Hardware-algorithm co-optimisation for early-exit networks shows that by building hardware requirements into 
NAS, it produces better edge deployments than simply quantising post-NAS models [8]. In the co-exploration 
framework MiCo, hardware cost models were built into mixed-precision networks in a loop in order to optimise 
for a certain edge accelerator target [9]. 
 
2.3 Energy-Efficient Edge AI 
Green Edge AI surveys indicate that an optimal combination of quantisation, pruning and hardware-aware 
scheduling is able to reduce edge inference energy by more than 80% with respect to FP32 GPU baselines [10]. 
The recent developments of the MLPerf Power benchmarking provide standard methods of evaluating the energy 
efficiency of AI accelerators ranging from microcontrollers to data centre accelerators. 
 

3. Proposed Methodology 

3.1 AdaPrecNet Architecture 
AdaPrecNet contains a precision-quantised backbone network and a lightweight precision controller MLP. When 
the inference call is made, the controller receives a 16-dim feature vector which encapsulates the input gradient 
information and the current power reading, outputting a per-layer bit-width vector from {2, 4, 8} bits. Then 
inference is performed on the backbone using the allocated bit width on each layer. When training, quantisation 
is applied by using a straight-through estimator to propagate the gradients. 
 
Figure 1: AdaPrecNet: adaptive precision controller and quantised backbone pipeline 
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3.2 Power-Aware Training Objective 
The training goal is the cross-entropy classification loss plus a differentiable power consumption surrogate. The 
power consumption surrogate is computed as the weighted sum of per-layer energy costs at the bit-widths decided 
upon. Per-layer energy costs are taken from the hardware profiling table as gathered from the platform. The 
compound goal trained the precision controller to minimize power under the constraint that the accuracy is 
reduced by no more than some specified amount, which is modeled by a Lagrangian penalty on accuracy 
degradation above some limit. 
 
3.3 Hardware Deployment 
The AdaPrecNet is running on a Raspberry Pi 4 (ARM Cortex-A72) and NVIDIA Jetson Nano with TensorRT and 
ONNX Runtime back-ends. Quantization is done on a layer-by-layer basis by using vendor-supplied INT4 and INT8 
kernels, and the precision controller is executed as a pre-inference CPU sidecar with a query taking less than 0.5 
ms. 
 

4. Experimental Setup 

4.1 Experimental Configuration 
Backbones: MobileNetV3-Large, EfficientNet-B0. Datasets: ImageNet-1K, CIFAR-100. Hardware: Raspberry Pi 4 
(ARM @ 1.5 GHz) and Jetson Nano (Maxwell GPU with 128 cores). Power measured with an INA219 current sensor 
sampled at 100 Hz in table 1. 
 
Table 1: Power consumption and accuracy across platforms 

Platform Model FP32 Power (mW) AdaPrecNet (mW) Accuracy Loss (%) 

Raspberry Pi 4 MobileNetV3 1,180 278 2.3 

Jetson Nano MobileNetV3 1,240 301 2.1 

Raspberry Pi 4 EfficientNet-B0 1,520 341 2.6 

Jetson Nano EfficientNet-B0 1,610 368 2.4 
 
4.2 Baselines 
All experiments report the average across 5 runs (inference). All compare FP32 (full precision), INT8 (static post-
training quantization), INT8 (dynamic quantization), manual mixed precision, and AdaPrecNet with no controller 
(fixed INT8). 
 

5. Results and Discussion 

5.1 Power and Accuracy 

Detailed comparisons between different methods over MobileNetV3/ImageNet-1K are given in Table 2. 
AdaPrecNet yields 290 mW of power and 4.1 power savings over FP32 while maintaining the accuracy of 93.7%. 
INT8 static takes 480 mW of power and achieves 91.3% accuracy. As can see, AdaPrecNet recovers 2.4 points over 
static INT8 under power saving. 
 
Table 2. Comparative Results on MobileNetV3/ImageNet-1K (Jetson Nano) 

Method Power (mW) Accuracy (%) Memory (MB) Latency (ms) 
FP32 Baseline 1,200 94.2 89.4 142 
INT8 Static 480 91.3 22.4 38 
INT8 Dynamic 510 92.1 22.4 41 
Mixed Precision 
(manual) 

430 93.0 19.7 33 

AdaPrecNet (Proposed) 290 93.7 16.1 28 
 
5.2 Input Complexity Adaptation 

Figure 2 presents the power and accuracy of the methods. Figure 3 shows power consumption per batch to 
demonstrate how the controller adapts to the input complexity; simple input will be INT4 in most of the layers if 
input gradient entropy is low, while complex input will go back to INT8 in the accuracy-sensitive layers. There are 
no input-adaptive methods among static baselines, which leads to a 2.4-point accuracy benefit to AdaPrecNet 
against the fixed INT8 in the same mean power. 
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Figure 2 & 3: Power vs accuracy comparison and per-batch power consumption profiles 

 
 
5.3 Ablation Study 

By disabling the power telemetry input, power savings dropped from 76% to 52%, which indicates that accurate 
state feedback from the hardware is necessary to optimize precision assignment. Dropping the complex inputs 
decreases accuracy by 1.3%, so adaptation driven by inputs has a separate worth to hardware state-driven 
adaptation. 
 

6. Conclusion 

This paper proposed AdaPrecNet, an input-complexity-driven adaptive numerical precision controller to energy-
minimal edge inference by decreasing the power down to 290 mW with only a 93.7% accuracy drop on 
MobileNetV3, which surpassed any static quantisation baselines. The input-complexity-driven precision controller 
and power-aware training objective cooperatively determine adaptive precision policies that can adjust 
dynamically at run time.Future works may involve applying AdaPrecNet to vision and language transformer-based 
models, co-scheduling precision between different concurrent inference requests on a device, and developing an 
on-device learning of a precision controller so that it can be adapted at deployment distribution change. 
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