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Results

➢ Image enhancement is a critical task in computer vision and Mobile 

photography that is often entangled with noise. 

➢ This renders the traditional Image Signal Processing (ISP) 

ineffective compared to the advances in deep learning (DL). 

➢ However, the success of such methods is increasingly associated 

with their ease of on-device (e.g. mobile) deployment.

➢ Image de-noising with an efficiently designed AI has become the  

need-of-the-hour in Mobile Image Signal Processing Pipeline.

➢ One-shot super-net based strategies remain the most effective

methods for the design of deep neural networks, they have been

less explored for Image De-noising in the literature.

➢ In summary, the reported strategies for differentiable NAS face the 

following issues when scaled for the task of Image De-noising:

➢ Further, none of the existing NAS methods utilize the trained SoTA.
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Figure 2. Hardware aware search space with a) base block, b) to d) hardware aware alternatives and e) the super-net block.

Figure 1. Need for Reformulated NAS
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Figure 3. Visual comparison of outputs from ERN-Net and the base 

model for de-noising Gaussian and raw noise (SIDD & SenseNoise)

Figure 4. The objective function space showing the trade-off between PSNR and GMACs for a) 

SIDD and b) SenseNoise dataset. Green dashed curve is the non-dominated front.

➢ The search space for the Image De-noising was designed based on the 36-block NAFNet model [1]

➢ Given the hardware for deployment (e.g. the Neural Processing Unit on the Qualcomm’s sm8650 chipset), 

various hardware-friendly alternatives to the NAF block (see Fig. 2) were identified.  

➢ Super-net is trained on SIDD [2] (real de-noising) and tested on SenseNoise [3] and Gaussian De-noising. 

➢ 12% less parameters, ~2 fold improvement in on-device (Samsung GGS24 ultra) latency and 13% 

improvement in memory with 0.7% and 0.3% drop in PSNR and SSIM, respectively.

➢ Effort to optimize pre-trained AI for Image De-

noising for edge deployment.

➢ Proposed framework offers network surgery, 

hardware-aware search space design and 

entropy regularized differentiable search 

strategy, that is first-of-its-kind. 

➢ Development and deployment of complex AI 

models for image de-noising are both 

resolved successfully without downplaying 

one on the grounds of other. 

➢ Future scope: the generic strategy can be 

applied for optimization and deployment of 

compute and memory-intensive models for 

Generative Artificial Intelligence.
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PSNR 39.72 39.89 40.02 38.71 39.75 40.35 43.42 43.09

SSIM 0.959 0.960 0.960 0.914 0.959 0.972 0.959 0.956

GMACs 786 169.5 140 89 88.8 57.8 65 42
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e PSNR 35.30 35.43 35.52 34.88 35.43 35.6 35.55 34.6

SSIM 0.919 0.922 0.924 0.915 0.920 0.924 0.923 0.988

GMACs 130 120 80 89 90 57.8 65 42
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