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Afshin Sandooghdar 
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Abstract 

The exponential growth of multimedia content sharing, with approximately 3 billion images transmitted daily across digital 

platforms, necessitates efficient compression techniques that balance storage reduction with reconstruction quality. This paper 

addresses the fundamental challenge of achieving superior compression ratios while maintaining perceptual fidelity through 

mUMamba, a novel image compression framework that synergistically integrates hierarchical block removal strategies with 

Mamba-based neural reconstruction. The proposed methodology employs a multi-scale adaptive analysis paradigm that 

progressively evaluates image blocks at three granularities (16×16, 8×8, and 4×4 pixels) to identify and remove redundant regions 

based on edge complexity and variance characteristics. Removable blocks are classified into edge-containing regions, where only 

edge patterns are transmitted, and gradient-characterized regions, where directional gradient vectors serve as auxiliary 

reconstruction information. The decoder implements a modified U-Net architecture incorporating Vision Mamba blocks within 

deeper layers, achieving efficient long-range dependency modeling through parallel state-space operations, while compression-

aware Channel Attention and Spatial Attention Bridges enhance skip connections for superior feature fusion. Comprehensive 

experimental validation on multiple benchmark datasets (CLIC, Kodak, Tecnick, DIV2K) demonstrates that mUMamba achieves 

a compression ratio of 46.5% at a bitrate of 0.75 bits per pixel (bpp) while maintaining a PSNR of 25.15 dB and an SSIM of 0.791, 

representing a BD-rate improvement of -18.2% over BPG/VVC standards. Comparative analysis reveals 22.8% SSIM improvement 

and 7.0% PSNR gain over state-of-the-art autoregressive methods (BINetAR, ConvAR), while simultaneously reducing model 

parameters by 80% (8.5M vs. 42.5M), computational complexity by 38.8% (32.0G vs. 52.3G FLOPs), and inference time by 31.6% 

(65 ms vs. 95 ms). Ablation studies confirm that the hierarchical multi-scale strategy yields 32% higher compression ratio compared 

to single-scale baselines with counterintuitive quality improvements through adaptive preservation of complex regions. These 

results establish mUMamba as a computationally efficient solution for resource-constrained deployment scenarios including mobile 

platforms, IoT sensor networks, telemedicine systems, and content delivery networks where both compression efficiency and 

reconstruction fidelity are critical requirements. 
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1. Introduction 

Nowadays, with the increasing in demand for multimedia content, particularly on social networks, it's observed that 

approximately 3 billion images and 720000 hours of video are shared online daily. This massive volume necessitates 

substantial memory for storage and extensive bandwidth for transmission, often resulting in increased data transfer 

times, with both professionals and amateurs contributing to an ever-growing volume of video and image content [1]. 

Image and video compression techniques enable the efficient storage and transfer of such data, fostering advancements 

in areas like smart cities, healthcare, and agriculture. Despite the reduction in data size due to compression, users still 

need to decompress these files for use in applications. However, if data could be processed and analyzed while still in 

their compressed state, significant savings in storage space and computing time could be achieved, as there would be 

no need for decompression before analysis or processing, and no subsequent recompression [2]. This challenge has 

made image and video compression an essential research focus, aiming to reduce data size—and consequently bitrate 

requirements—for seamless storage and transmission. Modern standards such as JPEG2000 and MPEG-4 AVC/H.264 

have markedly advanced coding efficiency compared to earlier approaches. However, these uniform compression 

methods often fail to consider the diverse characteristics of different image regions and rarely prioritize perceptual 

quality during their development [3]. To achieve superior compression in image and video coding, numerous modes 

are employed to address regions with varying characteristics. This process necessitates substantial computational 

effort for mode selection, adhering to the principles of rate-distortion optimization. Concurrently, more memory-

intensive context models are utilized in entropy coding to adapt to diverse types of correlations. Consequently, these 

measures result in only marginal improvements in coding efficiency while significantly increasing the complexity of 

both the encoder and decoder [4]. Overcoming the challenges of simultaneously achieving higher compression ratios, 

lower bitrates, and acceptable reconstruction quality remains a complex task. The emergence of artificial intelligence, 

particularly through neural networks and deep learning, has unlocked transformative possibilities for advancing video 

compression and processing technologies [5]. 

Nevertheless, despite the need for techniques to increase the compression ratio of image and video files, challenges 

related to adjusting the number of parameters by the algorithm are also evident. This adjustment aims to enhance the 

accuracy and effectiveness of computer-aided diagnostics in retrieving the original transmitted file [6, 7]. Recently, 

state-space models (SSMs) have demonstrated remarkable capabilities and performance. In December 2023, Gu and 

Dao [9] proposed Mamba, a groundbreaking approach that incorporates time-varying parameters into SSMs, enabling 

these models to compete with Transformer architectures in large-scale modeling benchmarks while achieving memory 

complexity as a linear function of sequence length. This low complexity and lightweight nature have been shown to 

enhance the efficiency of these methods in reducing memory usage and addressing the issue of overlapping for 

extracting information over long distances [8]. Transformer models, which known as one of the prominent deep 

learning models in the field of image processing and compression, face significant computational challenges, including 

limitations on context length, high costs for autoregressive generation, and difficulties in processing continuous data 

streams or infinite sequences. To address these issues, Gu and Dao [9] proposed Mamba in December 2023, a 

groundbreaking approach that incorporates time-varying parameters into state-space models (SSMs). This innovation 



3 

 

enables Mamba to handle sequential data with far fewer parameters than Transformers while maintaining linear-time 

complexity. Building on this foundation, Vision Mamba adaptations emerged in early 2024 [10-12], demonstrating 

remarkable memory efficiency—reducing usage by 86.8% for 1248×1248 images—without relying on attention 

mechanisms. These advancements establish Mamba as a pivotal solution for building lightweight, high-performance 

models across various computer vision tasks [8]. This paper presents a lightweight U-shaped model called mUMamba, 

specifically designed for inpainting tasks to enhance the compression ratio of image and video files. The model 

consists of an encoder for downsampling, a decoder for upsampling, and skip connections to retain spatial information. 

The proposed mUMamba includes six layers: the initial encoder layers utilize convolutional blocks to capture low-

level details, while the deeper layers employ parallel Vision Mamba layers for efficient processing of deep features. 

The skip connection path integrates channel attention and spatial attention bridges to effectively combine multi-scale 

features, which are crucial for reconstructing missing regions in images. The spatial attention bridge captures spatial 

patterns using max-pooling, average-pooling, and dilated convolutions, while the channel attention bridge leverages 

global average pooling and sigmoid activation to emphasize essential features. 

In inpainting tasks, the primary goal is to restore missing or damaged image regions as closely as possible to their 

original form while preserving texture and structural integrity. To achieve this, a combination of loss functions (L1, 

perceptual, and style losses) is used to ensure the restored areas accurately reflect the pixel values, feature structures, 

and textures of the target image. Metrics such as PSNR and SSIM evaluate the fidelity and structural consistency of 

the reconstruction, which are essential for high-quality inpainting results. The efficiency of mUMamba stems from 

parameter optimization within the parallel Mamba layer, employing residual connections and adjustable scaling 

factors to handle spatial relationships without increasing computational complexity. This comprehensive approach, 

supported by high-level pseudocode for training and testing, ensures the model's effectiveness in inpainting tasks 

while maintaining a balance between performance and computational efficiency.  

In what follows, our key contributions are outlined: 

• The proposed method integrates the Vision Mamba approach with the inpainting algorithm under the designation 

mUMamba for content-adaptive image compression. In the proposed framework, image blocks are analyzed 

hierarchically at three granularities—16×16, 8×8, and 4×4 pixels—to progressively identify and remove 

redundant regions, thereby increasing the compression ratio while preserving perceptually critical content. 

• The proposed mUMamba introduces three key architectural innovations beyond conventional U-Net 

structures: (1) a Parallel Vision Mamba Layer that achieves 74.8% parameter reduction through channel 

partitioning and parallel state-space modeling, (2) compression-aware Channel Attention and Spatial Attention 

Bridges incorporated within skip connections to enhance inpainting-based reconstruction, and (3) a hybrid 

integration framework that combines deep learning and classical inpainting algorithms for effective rate–

distortion optimization. The model contains only 8.5 million parameters, which is approximately 5.7 times fewer 

than comparable approaches, while maintaining superior compression accuracy and real-time inference 

capability. 
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• The rest of this paper is organized as follows: the following section reviews previous works and introduces 

the latest research in the field of image and video compression. Section 2 presents the proposed methodology, 

including the architecture overview and the stages of the mUMamba method, along with the pseudocode of the 

proposed approach. Section 3 presents the implementation details, experimental results, and ablation studies. 

Section 4 provides theoretical justification, extended multi-dataset evaluation, limitations, and future research 

directions. Finally, Section 5 is dedicated to conclusions. 

While mUMamba builds upon established architectural components (U-Net topology, Vision Mamba blocks, 

attention mechanisms), our theoretical contributions lie in three key areas: (1) Mathematical formalization of 

hierarchical multi-scale block removal with provable compression-quality tradeoffs (Section 2.1.1), demonstrating 

that coarse-to-fine progressive refinement achieves Pareto-optimal rate-distortion curves compared to uniform single-

scale approaches; (2) Compression-aware attention bridge design (Section 2.2.5) that explicitly models reconstruction 

uncertainty through spatial-channel joint attention, differing fundamentally from segmentation-focused attention that 

prioritizes class boundaries; and (3) Hybrid classical-neural optimization framework (Section 2.2) that decomposes 

compression into analytically-solvable block removal (classical) and data-driven reconstruction (neural), enabling 

theoretical analysis of each component's rate-distortion contribution. These contributions extend beyond architectural 

engineering to provide mathematical principles for designing content-adaptive compression systems, as validated 

through ablation studies (Section 3.3) showing that each theoretical design choice yields measurable performance 

gains.  

Related works 

Given the widespread use of image-based technologies in medical imaging, digital communication networks, 

computational modeling, and healthcare environments, the need for efficient and high-quality image processing 

frameworks has become increasingly significant [13-37]. Machine vision, as one of the symbols of artificial 

intelligence progress, has been used in various computer science fields. In recent years, advancements in machine 

learning and deep learning, such as convolutional neural networks (CNNs), have had a remarkable impact on image 

evaluation. In general, machine vision utilizes the integration of the capabilities of CNNs and vision transformers 

(ViTs) for image evaluation [38]. In many Computer Vision (CV) applications, where the goal is segmentation, quality 

enhancement, or tracking a target in an image, the use of convolutional networks has been accompanied by 

advancements to overcome the challenges of adaptability, complexity, and overall performance in extracting 

information from images. The emergence of the Fully Convolutional Network (FCN) has created a new revolution in 

the field of image processing [39]. In the field of image and video compression, FCN was able to significantly improve 

the performance of models in reducing video-rate hyperspectral imaging (HSI) for current computer vision-based 

advanced driver assistance systems (ADAS) [40]. However, shortly after the emergence of FCN, a completely new 

convolutional model called U-Net was introduced, which brought new excitement to the field of computer vision and 

image processing [8]. U-Net, with its U-shaped structure that includes a down sampling path and an up-sampling path, 

is designed for image segmentation. This structure enables the convolutional network to learn and combine features 

at different levels of detail, which is essential for accurately segmenting small regions and fine details in images. On 
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the other hand, this structure allows U-Net to extract detailed image features from only a limited number of labeled 

samples, without the need for larger datasets. U-Net network consists of two parts: the down sampling path and the 

up-sampling path. In the first part, which includes several convolutional blocks, the feature dimensions are reduced, 

and semantic and contextual features are extracted. In the second part, the up-sampling operation, aided by a set of 

convolutional blocks, gradually increases the spatial resolution of the feature maps while reducing the feature 

dimensions. However, the most important part of the U-Net architecture is the skip connections, which transfer the 

outputs from each stage in the down sampling path to the corresponding stages in the up-sampling path. Finally, a 

convolutional layer restores the feature map to the original image dimensions to assign pixels to different classes [41].  

To provide chronological context, it is important to note the timeline of Mamba-based architecture development. 

The foundational Mamba architecture was introduced by Gu and Dao in December 2023 [9], proposing selective state-

space models with linear-time complexity for sequence modeling. This was quickly followed by Vision Mamba 

adaptations in early 2024: U-Mamba [10] for biomedical image segmentation in January 2024, LightM-UNet [11] for 

lightweight medical image segmentation in March 2024, and CU-Mamba [42] for image restoration in April 2024. 

The rapid adoption of Mamba architectures in computer vision demonstrates the architecture's versatility and 

efficiency. Our work, building on these foundations, represents the first application of Vision Mamba specifically to 

the image compression task, with architectural modifications tailored for rate-distortion optimization rather than 

segmentation or restoration.  

 

Based on the high capabilities of U-Net, many methods have been developed in recent years for image segmentation 

technique. In [43], the MICU model, based on the U-Net technique, was developed to increase the compression ratio 

and improve image clarity. In [44], U-Net was used for the 4D segmentation of medical thermal images. In [45], the 

U-Net segmentation architecture was focused on land cover classification and facilitating the filtering of data samples 

to reduce the volume of stored samples and prioritize less important data samples. In [46], an enhanced U-Net (MU-

Net) was developed by introducing a residual block and a residual path to overcome the challenges of irregular shapes, 

varying sizes, different shapes, rich colors, unclear boundaries, and cluttered backgrounds in the segmentation of plant 

disease leaf images. Additionally, in [47], a multi-stage cascading encoder-decoder model based on U-Net was 

developed for image restoration, which consists of a transformer-based Swin encoder and a shape perception module 

designed in the decoder. In [48], an end-to-end neural network model, UW-Net, was developed for underwater image 

restoration to enhance contrast and color in the recovered image. 

However, following the emergence of Vision Mamba adaptations in early 2024 [10-12], various models based on 

this architecture, such as LightM-UNet [11] and U-Mamba [10], have brought significant advances to machine vision 

systems. Additionally, in [42], a model called CU-Mamba was proposed to overcome inherent limitations, such as 

insufficient long-range dependency modeling and high computational costs of CNNs and Transformers in image 

retrieval. In [49], a new U-Mamba model was proposed to address the challenges of overfitting and data demand, 

integrating the U-Mamba model with a sharpness-aware minimization optimizer (SAM) and an uncertainty-aware loss 

function. A notable trend in the analysis of previous papers is the use of the enhanced U-Net approach combined with 
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Mamba for image analysis and the improvement of medical image quality. Therefore, this paper aims to optimize 

parameters in the parallel Mamba layer and leverage residual connections and adjustable scaling factors to manage 

spatial relationships without increasing computational complexity, in order to improve the process of restoring missing 

or damaged image regions in non-medical image inpainting tasks with better performance. The proposed method, 

which utilizes the capabilities of Inpainting and Mamba through high-level pseudocode for training and testing, 

ensures the model's effectiveness in image restoration tasks while maintaining a balance between performance and 

computational efficiency. 

 

2. Methodology 

As previously stated, the proposed approach is based on the combined Inpainting and UNET Mamba technique.  

2.1 Modeling the Inpainting Algorithm 

In the Inpainting model, the edge analysis algorithm (the image consists of binary values indicating the presence or 

absence of edges at each pixel) and sample selection form an imaging and image analysis process. This process is 

divided into the following steps: loading the image, converting it to grayscale, edge thinning, edge image 

representation, and the selection of structural and content samples. For more details of the inpainting algorithm, see 

[3] and [4]. 

The goal of the algorithm is to identify removable and non-removable regions, classifying image areas into structural 

and content regions that must be transmitted intact from the encoder to the decoder, thereby maximizing the achievable 

compression ratio without sacrificing reconstruction fidelity. These regions enable image reconstruction on the 

decoder side. Other regions, recognized as removable areas, can be eliminated on the encoder side. 

In the image analysis section, we identify which parts of the image should be removed and which parts cannot be 

removed. Once the blocks to be removed are determined, the data that must be sent through the transmitter are 

categorized into several groups: 

1. Parts of the image that cannot be removed and must be sent as-is. These data are input to Encoder 1. 

2. Auxiliary information for the removed blocks, which are input to Encoder 2 and include: 

o Blocks of the image containing edges that meet the removal conditions, requiring only the positions of 

their edges to be sent. 

o Blocks of the image without edges that meet the removal conditions, requiring their gradients to be sent. 

o The positions of blocks of the image that have been removed. 

After transmitting this encoded information through the channel, the image is reconstructed at the receiver using the 

following steps. 
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The parameters of the sample identification algorithm are used to configure and identify blocks, including structural, 

content, and removable blocks, helping to analyze the various features of the blocks in the images. These parameters 

are defined as follows: 

• block_size: The size of the blocks into which the input image is divided. 

• Input_ratio: The input ratio considered for selecting additional samples. 

• classify_divider: A value used to divide the number of edge pixels by the total number of pixels in a block to 

classify it as structural or content. 

• edge distance_threshold: The distance threshold used to assess the proximity of pixels to edges. 

• w1_variance: The weight assigned to block variance when calculating diversity parameters. 

• w2_mean_differences: The weight used in the diversity parameter calculation for the mean difference 

between a block and its neighboring blocks. 

The following is an examination of the steps of the Inpainting model. 

2.1.1 Encoding Pipeline 

The encoding pipeline employs a hierarchical block removal strategy with three granularities (16×16, 8×8, and 4×4 

pixels) to identify and remove redundant image regions, with all notations defined in Table 1. 

Edge Detection and Component-wise Analysis 

Edge detection utilizes the Canny algorithm applied independently to each RGB component. Rather than converting 

to grayscale—which risks missing edges present in only one color channel—we aggregate edge maps across all three 

components. The component-specific edge detection ensures weak edges in individual channels are preserved. The 

weights for RGB-to-intensity conversion were optimized through grid search on training data to minimize false 

negatives in edge detection. 

Hierarchical Block Removal: Edge Regions 

Block removal proceeds hierarchically from coarse to fine resolution. At each scale, we partition the image into non-

overlapping blocks and evaluate removal eligibility based on edge complexity. 

Scale 1 (16×16 blocks): A block B₁₆ is classified as removable if it satisfies: 

1. Contains exactly one edge component 

2. The edge intersects precisely two of the four block boundaries 

3. All sub-blocks at the next finer scale (8×8) meet removal criteria OR contain no edges 
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Blocks failing these conditions are retained and subdivided for evaluation at finer scales. Sub-blocks of removed 

blocks are marked as non-removable to prevent redundant processing. 

Scale 2 (8×8 blocks): Non-removed regions from Scale 1 are partitioned into 8×8 blocks. Each block B₈ undergoes 

the same evaluation criteria, ensuring no overlap with previously removed regions. 

Scale 3 (4×4 blocks): The finest scale processes remaining non-removed regions using identical removal criteria 

adapted to 4×4 dimensions. 

This multi-scale strategy, validated through ablation studies (Section 3.2), achieves a 32% higher compression ratio 

than single-scale baselines at equivalent bitrate, while simultaneously improving PSNR by 0.65 dB through adaptive 

preservation of structurally complex regions. 

Hierarchical Block Removal: Non-Edge Regions 

After edge block identification, non-edge regions are evaluated for gradient-based removal. For each non-edge block 

of size N×N (where N ∈ {16, 8, 4}), we compute the variance V: 

ܸ = ∑  ே
௬=1 ∑  ே

௫=1 [(ܴ௫௬ − ܴ̄)2 ௫௬ܩ) + − 2(ܩ̄ + ௫௬ܤ)  −  (1) [2(ܤ̄

where ܴ̄, ̄ܤ̄ ,ܩdenote component-wise mean intensities:  

ܴ̄ = 1ܰ2 ∑  ே
௬=1 ∑  ே

௫=1 ܴ௫௬ (2) 

with analogous definitions for ̄ܩand ̄ܤ.  

A block is classified as removable if V <τₙ, where τₙ is the variance threshold for block size N, empirically determined 

from training data. For removable blocks, we compute gradient vectors (ĝₓ, ĝᵧ) for each RGB component as auxiliary 

information for decoding. 

Gradient Estimation: For a block of size N×N, define row-averaged and column-averaged intensity vectors: 

܄ = ( 1ܷ,௏ , … , ܷே,௏), ௜ܷ,௏ = 1ܰ ∑  ே
௫=1 ܷ௫,௜ (3) 

۶ = ( 1ܷ,ு, … , ܷே,ு), ௜ܷ,ு = 1ܰ ∑  ே
௬=1 ௜ܷ,௬ (4) 

 

Using least-squares fitting, the gradient components are estimated as: 
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݃̂௬ = ∑  ே௜=1 (݅ − ܰ + 12 ) ( ௜ܷ,௏ − ܷ̄௏)∑  ே௜=1 (݅ − ܰ + 12 )2  (5) 

݃̂௫ = ∑  ே௜=1 (݅ − ܰ + 12 ) ( ௜ܷ,ு − ܷ̄ு)∑  ே௜=1 (݅ − ܰ + 12 )2  (6) 

 

where ܷ̄௏and ܷ̄ுrepresent the mean values of vectors V and H, respectively. 

Next, the method for calculating the gradient in non-edge blocks is explained. To do this, as shown in Figure 1. the 

average size of the points for each row and column is first calculated for each block.  

 

Figure. 1 Gradient evaluation in the edge blocks 

Neighbor-based Refinement: To ensure high-quality decoding, non-edge blocks adjacent to edge blocks are marked 

non-removable, guaranteeing four-neighbor availability during reconstruction. 

Encoding Strategy 

The bitstream consists of three components: 

1. Retained blocks: Standard JPEG encoding applied to non-removed regions 

2. Edge block metadata: Edge locations encoded using run-length encoding (RLE) 

3. Non-edge block metadata:  

o Gradient vectors (ĝₓ, ĝᵧ) for each RGB component (6 values per block) 

o Quantized gradients encoded using Differential Pulse Code Modulation (DPCM) followed by 

Huffman coding to exploit spatial correlation 
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Block location maps: For each scale, a ternary map encodes block types: edge-removable (value 1), non-edge 

removable (value 2), and retained (value 0). Maps are encoded using RLE with 2-bit symbols. 

Technical Contribution: Multi-scale Hierarchical Analysis 

The hierarchical downsizing strategy from 16×16 to 8×8 to 4×4 blocks represents a key technical contribution that 

adaptively balances compression efficiency with reconstruction quality. Unlike conventional single-scale approaches 

that apply uniform block sizes regardless of content complexity, our multi-scale framework implements a coarse-to-

fine progressive refinement strategy. 

At the 16×16 level, blocks with simple edge structures (single edges crossing only two boundaries) are identified for 

removal, while complex patterns are preserved. Blocks that fail removal criteria at coarser scales are subdivided and 

re-evaluated at 8×8 and 4×4 resolutions, allowing the method to capture medium-frequency details and small 

homogeneous patches that would be missed by single-scale analysis. 

A critical innovation is our conditional removal mechanism: before marking a block as removable, we verify that at 

least one sub-block at the next finer scale meets removal conditions, preventing cascading quality degradation. For 

non-edge blocks, adaptive variance thresholds are computed with coefficients optimized via grid search on training 

data. 

To demonstrate the technical superiority of this hierarchical strategy, we conducted ablation studies comparing three 

configurations: single-scale (16×16 only), two-scale (16×16 + 8×8), and our full three-scale hierarchy. As illustrated 

in Figure 13, the results reveal that the full hierarchy achieves 46.5% compression ratio, representing a 32% relative 

improvement over the single-scale baseline (35.2%), while simultaneously improving PSNR from 24.50 dB to 25.15 

dB and SSIM from 0.760 to 0.790. 

This counterintuitive quality improvement despite higher compression stems from our adaptive strategy: by preserving 

complex regions and removing only truly redundant areas, the decoder focuses computational resources on difficult 

regions, improving overall fidelity. As shown in Figure 13(d), processing time scales near-linearly (55 ms to 68 ms to 

80 ms), representing only a 45% increase for a 32% compression gain, maintaining real-time feasibility. This content-

adaptive hierarchical analysis, coupled with matching scale-appropriate reconstruction algorithms in the decoder 

(Section 2.1.2), establishes a significant advancement over uniform block-size compression methods. 

2.1.2 Decoding Pipeline 

The decoding pipeline reconstructs removed blocks using auxiliary metadata transmitted during encoding. 

Reconstruction proceeds in two stages: non-edge gradient blocks followed by edge-containing blocks. 

Non-Edge Block Reconstruction 

Non-edge blocks are reconstructed using a modified parameter-assisted inpainting (PAI) algorithm that incorporates 

transmitted gradient information and boundary pixel values. Blocks are reconstructed in order of neighbor availability, 

prioritizing blocks with more known neighbors. 
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Four-neighbor reconstruction: Consider an N×N block (including M×M removed pixels plus one-pixel boundary, 

where M = N-2) with all four boundaries available. Each interior pixel uₓᵧ (2 ≤ x, y ≤ N-1) is estimated as a weighted 

combination of boundary projections, where the weights depend on the pixel's relative position within the block: ݑ௫௬ = (௫,1ݑ)݌1݇  + (௫,ே−1ݑ)݌2݇  + (௬,1ݑ)݌3݇  +  (7) (ே−1,௬ݑ)݌4݇

where the weights are defined as: 

݇1 = 12 (1 − ܰݕ − 1), ݇2 = 12 − ݇1 (8) 

݇3 = 12 (1 − ܰݔ − 1), ݇4 = 12 − ݇3 (9) 

 

where the interpolation weights ݇1, ݇2, ݇3, and ݇4are defined as bilinear coefficients to ensure smooth transitions from 

boundary pixels to interior regions. Specifically, ݇1and ݇2control vertical interpolation from the top (ݑ௫,1)and bottom (ݑ௫,ே−1)boundaries, respectively, while ݇3and ݇4control horizontal interpolation from the left (1ݑ,௬)and right (ݑே−1,௬)boundaries. These weights satisfy the normalization constraints (݇1 + ݇2 = 0.5, ݇3 + ݇4 = 0.5)and are 

computed as shown in Equations (8) – (9). The function ݌(ݑ௜௝) represents a gradient-assisted projection operator that 

estimates interior pixel values by propagating the boundary pixel ݑ௜௝inward using the transmitted gradient vector (݃̂௫, ݃̂௬), mathematically expressed as ݌(ݑ௜௝)  = ௜௝ݑ + ݔ) − ݅)݃̂௫ + ݕ) − ݆)݃̂௬, where (݅, ݆)denote the boundary pixel 

coordinates and (ݔ,  .denote the target interior pixel coordinates(ݕ

 

Three-neighbor reconstruction: When one boundary is unavailable (e.g., the right boundary), missing boundary 

pixels are extrapolated using: ݑே−1,௬ = ௬,1ݑ + (ܰ − 1)݃̂௫ (10) 

Similar extrapolation applies to other missing boundaries. Two-neighbor reconstruction follows analogous principles. 

In Figure 2, a case is shown where, for an N×N block, all four neighboring points are available. Note that N×N refers 

to the dimensions of the block and its surrounding edges. For instance, if the removed block is 16×16, N would be 18. 
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Figure 2 An N×N block with four border pixels 

Iterative reconstruction: Blocks with fewer than two available neighbors are deferred. After each iteration, newly 

reconstructed blocks provide additional neighbors for remaining blocks. This iterative process continues until all non-

edge blocks are reconstructed. 

Edge Block Reconstruction 

Edge blocks are reconstructed using edge-parallel interpolation. Unlike previous methods that approximate edges as 

circular arcs, our approach preserves the original edge curvature by constructing paths parallel to the transmitted edge 

pattern. 

Edge pattern extraction: A search window (10×10 pixels) centered on the removed block is used to trace the edge 

pattern. Starting from the first detected edge pixel, we sequentially identify connected edge pixels to construct the 

pattern vector E = (e₁, e₂,..., eₖ). 

Parallel path construction: For each interior pixel P within the removed block, we construct a path parallel to E that 

passes through P. This path intersects the block boundary at reference points P₁ and P₂. The intensity of P is estimated 

as: 

௉ߣ = ௉1ߣ1߱ + ௉2߱1ߣ2߱ + ߱2  (11) 

 

where the weights are inversely proportional to distance: 

߱௜ = ௉೔ݔ)1݀ , (௉ݔ , ݅ ∈ {1,2} (12) 

Here, ߣ௉1 and ߣ௉2 denote the known intensities of boundary reference points, and d (·, ·) represents Euclidean distance. 

Path prioritization: Paths are constructed with priority given to boundary points on the same side as the initial edge 

point in pattern E, ensuring geometric consistency. 

This reconstruction process is repeated for all pixels within edge-containing blocks, preserving edge structure while 

maintaining smooth transitions in homogeneous regions. 

2.2 Proposed mUMamba Modeling 

The proposed mUMamba method is based on the integration of the inpainting algorithm and the Mamba algorithm. 

The details of the inpainting algorithm in the proposed method were presented in the previous section. For details on 

the Mamba method, see [8]. Therefore, this section will focus on examining the modeling approach of the proposed 

mUMamba. 

2.2.1 Preparing Masked Images 
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For preparing mask images for an inpainting task, specific parameters are critical to ensuring both the efficiency and 

quality of the reconstruction process. The image resolution is chosen to balance computational requirements with the 

need to retain sufficient detail for accurate inpainting. Edge analysis is conducted using a smoothing kernel to refine 

the boundaries of the masked region, ensuring smooth transitions between the missing areas and the surrounding 

content. This helps to avoid sharp artifacts at the edges, contributing to a more seamless inpainting result. 

Exemplar detection parameters are also vital for selecting the most appropriate patches for filling in the missing 

regions. The patch size is carefully set to strike a balance between capturing sufficient detail and computational 

efficiency. A large pool of candidate patches is considered to provide the algorithm with enough diversity for patch 

selection, with an emphasis on choosing patches near the edges of the missing region to ensure relevance. Additionally, 

two key factors—variance and mean differences—are used to guide patch selection, prioritizing texture similarity 

over color consistency. These parameters are instrumental in achieving visually coherent and contextually accurate 

inpainting (Table 1). 

Table 1 

Complete experimental configuration, preprocessing parameters, and training hyperparameters. 

Parameter Value Description 

Dataset CLIC (Challenge on Learned Image 

Compression) 

Benchmark dataset used for training 

and evaluation 

Dataset size 1287 samples Total number of processed images 

Training set 80% (1030 samples) Used for model training 

Testing set 14% (178 effective samples; 180 selected, 2 

excluded post-hoc for sub-256×256 resolution) 

Used for performance evaluation 

Validation set 6% (77 samples) Used for hyperparameter tuning 

Image size [256, 256] Standard resolution for image 

processing 

Smoothing kernel [5, 5] Kernel size used to smooth and reduce 

edge artifacts 

Binary threshold 

(α) 
100 Defines the binarization level for 

region separation 

Input ratio 1000 Number of candidate patches evaluated 

during inpainting 



14 

 

Edge distance 

threshold 

5 Maximum allowable distance from 

mask edges for patch selection 

Variance weight 

(w₁) 
0.99 Texture similarity weight in patch 

selection 

Mean difference 

weight (w₂) 
0.01 Color similarity weight, kept low to 

emphasize texture 

Optimizer Adam Optimization algorithm used for 

gradient updates 

Learning rate 0.001 (initial) Starting learning rate for model 

training 

LR schedule λ₁ = 1.0 (L1), λ₂ = 0.05 (perceptual), λ₃ = 0.1 

(style) 

Dynamic learning rate adjustment for 

smooth convergence 

Batch size 8 (primary), 16 (throughput test) Number of samples processed per 

iteration 

Epochs 400 Total training iterations 

Weight decay 0.01 Regularization coefficient to prevent 

overfitting 

Gradient clipping Max norm = 1.0 Limits gradient magnitude for stable 

updates 

Random seed 42 (PyTorch, NumPy, Python) Ensures reproducibility across runs 

Precision Mixed (FP16 for speed, FP32 for stability) Balances computational efficiency and 

numerical accuracy 

Hardware NVIDIA TITAN V 12 GB GPU used for model training 

Training time 32,000 seconds (≈ 80 sec/epoch × 400 epochs) Total duration for complete model 

training 

 

The 1287-image subset was drawn from the combined CLIC 2020 Professional and Mobile training partitions (total 

available: 2212 images), retaining only images with a minimum original resolution of 256×256 pixels to ensure valid 

center-cropping without upsampling. Images were randomly partitioned using random seed 42 into training (1030; 

80%), validation (77; 6%), and testing (180; 14%) subsets. Of the 178 nominally selected test images, 2 were 



15 

 

subsequently excluded from metric computation due to resolution metadata errors identified during final evaluation, 

yielding an effective test set of n = 178 images used throughout Tables 7 to 11. 

2.2.2 Architecture Overview 

The proposed mUMamba adopts a U-shaped structure as its backbone—a conventional choice for dense prediction 

tasks—but introduces three novel components that distinguish it from standard U-Net models. The architecture 

consists of an encoder for downsampling, a decoder for upsampling, and skip-connection paths; however, the novelty 

lies in: (1) replacing standard convolutional blocks in deeper layers with our Parallel Vision Mamba Layer for 

parameter-efficient long-range modeling, (2) augmenting skip connections with compression-aware attention bridges 

rather than simple concatenation, and (3) embedding the network within a hybrid classical-DL pipeline rather than 

end-to-end training. These modifications specifically optimize the architecture for compression tasks rather than 

generic segmentation. 

mUMamba consists of six layers with a channel configuration of [8, 16, 24, 32, 48, 64]. Standard components: The 

first three encoder layers utilize conventional convolutional blocks combining 3×3 convolutions with max-pooling 

operations to capture low-level details. Novel component: The deeper encoder layers (layers 4-6) replace standard 

convolutions with our Parallel Vision Mamba Layer (detailed in Section 2.2.4), which achieves high efficiency in 

deep feature processing through channel splitting and parallel state-space modeling. This hybrid shallow-convolution, 

deep-Mamba design balances computational efficiency (convolutions for low-level features) with parameter 

efficiency and long-range modeling (Mamba for high-level features), a configuration specifically optimized for 

compression rather than standard segmentation tasks. 

In the decoder, the structure mirrors the encoder, restoring spatial resolution with skip connections that transfer high-

resolution features from the encoder to the decoder. The skip connections integrate the Channel Attention Bridge and 

Spatial Attention Bridge modules to enhance multiscale information fusion, which is critical for effectively restoring 

missing image areas in inpainting tasks. 

To explicitly distinguish our architectural contributions from standard U-Net components, Table 2 provides a direct 

comparison. 

 

Table 2  

Architectural comparison: Standard U-Net vs. mUMamba innovations 

Component Standard U-Net mUMamba (Our Innovations) 

Encoder 

structure 

Standard Hybrid: Conv layers (1-3) + Parallel Mamba layers (4-6) ✓ 

Novel 

Encoder blocks 3×3 Conv + BatchNorm + ReLU Layers 1-3: Standard Conv blocks 
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Layers 4-6: Parallel Mamba with channel splitting ✓ Novel 

Skip connections Simple concatenation Channel Attention Bridge + Spatial Attention Bridge ✓ 

Novel 

Decoder 

structure 

Standard Mirrors encoder with Mamba in deeper layers ✓ Novel 

Parameter count 45-50M (typical) 8.5M (74.8% reduction) ✓ Novel 

Training 

objective 

Segmentation/generic 

reconstruction 

Rate-distortion optimization for compression ✓ Novel 

Integration Standalone end-to-end Hybrid with classical inpainting algorithms ✓ Novel 

Complexity O(n²) attention or O (n) 

convolution 

O(n) Mamba state-space modeling ✓ Novel 

Legend: ✓ Novel = Our contribution; Standard = Conventional U-Net component retained 

As Table 2 demonstrates, while mUMamba retains the overall U-shaped topology, seven key architectural aspects 

represent novel contributions specifically designed for compression efficiency and quality. 

The innovation in mUMamba transcends mere combination of existing modules through three fundamental 

redesigns: (1) Compression-specific Mamba formulation where state-space transitions explicitly model rate-distortion 

tradeoffs rather than generic sequence dependencies—our parallel channel partitioning (Section 2.2.4) minimizes 

reconstruction error under bitrate constraints, differing from segmentation-oriented Mamba variants [10-12] that 

maximize class separability; (2) Asymmetric encoder-decoder design where encoder complexity (classical block 

analysis) scales independently from decoder complexity (neural reconstruction), enabling adaptive computational 

allocation based on content characteristics; (3) Attention bridges that incorporate compression artifacts into feature 

fusion, using spatially-variant uncertainty maps derived from transmitted auxiliary information (edge positions, 

gradients) to weight skip connections, contrasting with segmentation models that assume full-resolution ground truth 

during training. These design principles establish a theoretical framework for compression-oriented architecture 

development beyond the specific component choices in mUMamba. 

2.2.3 Mamba Parameter Analysis 

The computational efficiency of mUMamba stems primarily from strategic parameter optimization within the 

Parallel Mamba Layer, which is adapted from the Vision Mamba architecture. This layer employs residual connections 

and learnable scaling factors to model spatial relationships without incurring prohibitive computational costs. The 

parameter count in Mamba-based layers is governed by three principal factors: channel dimensions (݀௠௢ௗ௘௟), 
expansion ratios (݀௠௢ௗ௘௟), and convolutional kernel configurations. Among these, the channel dimension exerts the 

most significant influence on parameter growth. 
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The internal dimensionality of the Parallel Mamba Layer is determined by: 

 

 

where ݀௜௡௡௘௥ represents the expanded internal channel dimension, expand ∈ ℝ⁺ denotes the fixed expansion 

multiplier (typically set to 2 in our implementation), and ݀௠௢ௗ௘௟ represents the input channel dimension. The 

intermediate computational layers within the Mamba block further modulate complexity through linear projections 

and 1D convolutions, both of which exhibit quadratic sensitivity to channel dimensions. To achieve substantial 

parameter efficiency without compromising representational capacity, mUMamba implements a channel reduction 

strategy that decreases the channel count to one-quarter of the baseline U-Net configuration, ultimately achieving a 

93.7% reduction in total parameter count compared to the standard U-Net architecture. 

2.2.4 Parallel Vision Mamba Layer 

The Parallel Vision Mamba Layer represents a key architectural innovation in the proposed mUMamba 

framework, specifically designed to mitigate the parameter expansion typically associated with channel scaling in 

deep hierarchical representations. 

Given an input feature map ܺ஼ ∈ ℝு×ௐ×஼, where ܪ, ܹ, and ܥdenote the spatial height, width, and number of 

channels, respectively, the layer divides the channel dimension into four equal partitions, each containing 4/ܥ  
channels. These sub-channels are processed in parallel through independent Mamba operations, each incorporating 

residual connections and a learnable scaling factor ߠ ∈ ℝ. This design facilitates efficient parallel computation while 

maintaining essential spatial coherence. 

Step 1: Layer Normalization and Channel Partitioning 

The input feature ܺ஼first undergoes Layer Normalization (LN) to stabilize gradient dynamics, followed by channel-

wise partitioning into four sub-tensors:                                                            ܻ = (஼ܺ)ܰܮ                                                                (18)                                                       { 1ܻ(஼4), 2ܻ(஼4), 3ܻ(஼4), 4ܻ(஼4)} = (ܻ)ݐ݈݅݌ܵ                                (19) 

 

where ܵ ܻ denotes channel-wise splitting, and each (⋅)ݐ݈݅݌ ௜(஼/4) ∈ ℝு×ௐ×஼/4represents a sub-feature with one quarter 

of the original channels. 

Step 2: Parallel Mamba Operations with Residual Connections 

Each sub-feature is independently processed by a Mamba transformation with an added weighted residual path:                                          ܸܯ( ௜ܻ(஼/4)) = )ܾܽ݉ܽܯ ௜ܻ(஼/4)) + ߠ ⋅ ௜ܻ(஼/4), ݅ = 1,2,3,4                                      (20) 

݀௜௡௡௘௥  = ݀௠௢ௗ௘௟ × ݀௠௢ௗ௘௟ (17) 
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Here, ܾܽ݉ܽܯ(⋅) denotes the Vision Mamba operator that models selective state-space dynamics with linear-time 

complexity, while ߠis a learnable scalar controlling the contribution of the residual identity term. This formulation 

improves gradient propagation and prevents performance degradation in deeper networks. 

Step 3: Concatenation and Channel Projection 

The four processed sub-features are concatenated along the channel axis and projected back to the original 

dimensionality using a linear projection following normalization:  ܼ௢௨௧ = )ܯܸ)ݐܽܿ݊݋ܥ 1ܻ(஼/4)), )ܯܸ 2ܻ(஼/4)), )ܯܸ 3ܻ(஼/4)), )ܯܸ 4ܻ(஼/4))) ݐݑܱ                                                                            (21)                                                 = ((௢௨௧ܼ)ܰܮ)݆݋ݎܲ                                                       (22)  
where ݐܽܿ݊݋ܥ(⋅) indicates channel concatenation, ܼ௢௨௧ ∈ ℝு×ௐ×஼, and ݆ܲ݋ݎ(⋅) denotes a learnable linear 

projection layer that restores the channel dimension. 

This parallelized configuration achieves approximately 74.8% parameter reduction relative to sequential Mamba 

processing for high-channel configurations, without sacrificing expressive power or reconstruction fidelity. The design 

is particularly suitable for real-time inpainting applications that demand both high visual quality and low inference 

latency. 

Figure 3 illustrates the complete U-Net architecture of the proposed mUMamba model, highlighting the integration 

of Parallel Mamba Layers within its encoder–decoder framework. 
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Figure 3. U-Net architecture of the mUMamba model. 

To ensure consistent use of terminology and to avoid ambiguity in describing the proposed compression–

reconstruction architecture, the standardized technical terms employed in this study are summarized in Table 3. This 

clarification addresses reviewer feedback and enhances the interpretability of the methodological framework. 

Table 3 

Standardized terminology and definitions used in the proposed model. 

Standardized Term Alternative Terms (Avoided) Definition 

Encoder Transmitter, Compression side Component that analyzes and compresses input image 

Decoder Receiver, Decompression side Component that reconstructs image from compressed data 

Removable block Deletable block Image block that can be removed and reconstructed 

Non-removable block Non-removable, preserved block Image block that must be transmitted as-is 
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Edge block Structural block Block containing edge features 

Gradient block Non-edge block, content block Block without edges, characterized by gradients 

Auxiliary information Side information, metadata Additional data needed for reconstruction (edge positions, 

gradients) 

 

The network employs a four-level encoder–decoder structure. The encoder downscales feature maps via strided 

convolutions and extracts hierarchical representations using Parallel Mamba Layers (blue blocks). The decoder 

reconstructs spatial details through transposed convolutions and leverages skip connections enhanced with Channel 

Attention Bridges (CABs) and Spatial Attention Bridges (SABs) (green blocks). The bottleneck employs dense 

Parallel Mamba operations for global context modeling. Input images of 256 × 256pixels are processed using multi-

scale feature blocks (16 × 16, 8 × 8, and 4 × 4) for adaptive inpainting. 

2.2.5 Skip-Connection Path with Attention Mechanisms 

The skip-connection pathway of mUMamba integrates two complementary attention modules—Channel Attention 

Bridge (CAB) and Spatial Attention Bridge (SAB) —to enhance multi-scale feature fusion and preserve semantic 

consistency during content reconstruction. 

Spatial Attention Bridge (SAB): 

The SAB captures spatial dependencies using multi-scale pooling followed by convolutional filtering. Given encoder 

features ܨ௘௡௖ ∈ ℝு×ௐ×஼, spatial attention weights are computed as:                               ܣ௦௣௔௧௜௔௟ = ;(௘௡௖ܨ)݈݋݋ܲݔܽܯ])ݒ݊݋ܥ)ߪ (([(௘௡௖ܨ)݈݋݋ܲ݃ݒܣ                                                  (23) 

 

where ݈݋݋ܲݔܽܯ(⋅) and ݈݋݋ܲ݃ݒܣ(⋅) represent max- and average-pooling operations, [⋅; ⋅] denotes channel 

concatenation, ݒ݊݋ܥ(⋅) is a convolution layer with an extended receptive field (kernel size 7 × 7), and ߪ(⋅) is the 

sigmoid activation. The resulting map ܣ௦௣௔௧௜௔௟ ∈ ℝு×ௐ×1highlights spatially informative regions. 

Channel Attention Bridge (CAB): 

The CAB refines inter-channel relationships through global context modeling. Channel-wise attention weights are 

derived as: 

௖ℎ௔௡௡௘௟ܣ                             = ߪ  (24)                                                                        (((௘௡௖ܨ)݈݋݋ܲ݃ݒܣ݈ܾܽ݋݈ܩ)ܥܨ)

where ݈݋݋ܲ݃ݒܣ݈ܾܽ݋݈ܩ(⋅) generates a compact channel descriptor ܿ ∈ ℝ஼, ܥܨ(⋅) is a fully connected layer modeling 

inter-channel dependencies, and ߪ(⋅) is the sigmoid activation. 

The final skip-connection features are computed by jointly applying both attention masks: 
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௦௞௜௣ܨ                             = ௦௣௔௧௜௔௟ܣ ⊙ ௖ℎ௔௡௡௘௟ܣ ⊙ ௘௡௖ܨ                                                                                           (25) 

where ⊙denotes element-wise multiplication (with broadcasting where necessary). The resulting attention-refined 

features are concatenated with decoder representations at corresponding levels, improving semantic consistency and 

reconstruction fidelity. 

2.2.6 Training Optimization and Performance Metrics 

2.2.6.1 Loss Function Formulation 

The training objective of mUMamba combines three complementary loss components, each addressing a distinct 

aspect of image inpainting quality: 

(a) L1 Reconstruction Loss (ܮ௅1):                                                              ܮ௅1 =∥ ௣௥௘ௗܫ − ௧௔௥௚௘௧ܫ ∥1                                                                           (26) 

where ܫ௣௥௘ௗ , ௧௔௥௚௘௧ܫ ∈ ℝு×ௐ×3are the reconstructed and ground-truth images, respectively. This term ensures pixel-

wise accuracy and color consistency. 

(b) Perceptual Loss (ܮ௣௘௥): 

௣௘௥ܮ                                                            = ∑  ௜ ௜ߣ ∥ ߶௜(ܫ௣௥௘ௗ)  − ߶௜(ܫ௧௔௥௚௘௧) ∥1                                          (27) 

where ߶௜(⋅) extracts deep features from the ݅௧ℎlayer of a pre-trained VGG-16 network (specifically relu1_2, relu2_2, 

relu3_3, and relu4_3), and ߣ௜balances contributions from different layers. This loss promotes perceptual realism by 

aligning high-level semantic representations. 

(c) Style Loss (ܮ௦௧௬௟௘): 

௦௧௬௟௘ܮ                                         = ∑  ௜ ௜௦௧௬௟௘ߣ ∥ ((௣௥௘ௗܫ)௜߶)ܩ − ((௧௔௥௚௘௧ܫ)௜߶)ܩ ∥1                                            (28) 

 

where ܩ(߶௜(⋅)) denotes the Gram matrix capturing second-order feature correlations, and ߣ௜௦௧௬௟௘
are layer-specific 

weights. This term enforces textural coherence and smooth transitions in reconstructed areas. 

The total loss is defined as:                                           ܮ௧௢௧௔௟ = ௅1ܮߙ + ௣௘௥ܮߚ + ௦௧௬௟௘ܮߛ                                                                                 (29) 

with empirically determined coefficients ߙ = ߚ ,1.0 = 0.1, and ߛ = 250. 

2.2.6.2 Training Configuration and Evaluation Metrics 
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The model was optimized using the Adam optimizer with an initial learning rate of 0.001 and cosine annealing decay 

to 1 × 10−6over 400 epochs. A batch size of 8 was used for primary training and 16 for throughput evaluation. Mixed 

precision (FP16/FP32) was employed to accelerate computation without compromising numerical stability. 

2.2.6.2 Evaluation Metrics 

Model performance is quantitatively assessed using two complementary metrics: 

(a) Peak Signal-to-Noise Ratio (PSNR): 

                                                                ܴܲܵܰ = 10 ⋅ log  10 ܧܵܯ2ܺܣܯ) )                                                            (30) 

where ܺܣܯ = 255for 8-bit images, and ܧܵܯ = 1ுௐ஼ ∑  ℎ,௪,௖ ,௣௥௘ௗ(ℎܫ) ,ݓ ܿ) − ,௧௔௥௚௘௧(ℎܫ ,ݓ ܿ))2. Higher PSNR 

values (in dB) indicate better reconstruction accuracy. 

(b) Structural Similarity Index Measure (SSIM): 

,ݔ)ܯܫܵܵ                                                         (ݕ = ௬ߤ௫ߤ2) + ௫௬ߪ2)(1ܥ + ௫2ߤ)(2ܥ + ௬2ߤ + ௫2ߪ) (1ܥ + ௬2ߪ + (2ܥ                                         (31) 

where ߤ௫and ߤ௬denote mean luminances, ߪ௫2and ߪ௬2are variances, ߪ௫௬is covariance, and 1ܥ =  (0.01 × 2ܥ ,2(255 = (0.03 × 255)2are stabilization constants. SSIM values approaching 1 indicate strong structural and perceptual 

similarity. 

Training Dynamics: 

During optimization, a decreasing ܮ௧௢௧௔௟indicates effective learning, while increasing PSNR and SSIM values confirm 

improved reconstruction fidelity and structural coherence. We emphasize that PSNR and SSIM are standard 

reconstruction quality metrics widely adopted in image compression literature [50-55], measuring pixel-wise accuracy 

and perceptual similarity respectively. Unlike segmentation tasks that employ class-specific metrics (Dice coefficient, 

pixel accuracy), compression evaluation focuses on continuous-valued reconstruction error and perceptual distortion. 

The choice of PSNR and SSIM aligns with established compression benchmarks (Kodak, CLIC, DIV2K) and enables 

direct comparison with classical codecs (JPEG, BPG) and learned compression methods. These complementary 

metrics guide model selection and hyperparameter tuning throughout training. 

Top-level functional pseudocode of the inpainting algorithm 

Input: Image matrix, mask matrix, model parameters, and training hyperparameters 

Output: Inpainted image matrix, average PSNR, and average SSIM 

1. Initialize Training Setup: 

     1.1. Set up data loaders for training, validation, and test datasets. 

     1.2. Initialize model, optimizer, scheduler, and loss functions. 
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2. Train Model for Specified Epochs: 

    for each epoch in epochs do: 

          for each batch in the training dataset do: 

                2.1. Normalize and mask the input image. 

                2.2. Feed masked images through the model to generate an inpainted result. 

                2.3. Compute L1, perceptual, and style losses. 

                2.4. Backpropagate and update model parameters. 

                2.5. Calculate training loss, PSNR, and SSIM. 

                for each validation epoch periodically do: 

                      for each batch in the validation dataset do: 

• Mask input image and generate inpainted output. 

• Calculate losses and evaluate PSNR and SSIM metrics. 

3. Test Model on Test Data: 

3.1. Load the best model weights. 

for each sample in the test dataset do: 

• Generate inpainted output for masked regions. 

• Calculate the average PSNR and SSIM over all test samples. 

• Save the inpainted images to disk (optional). 

      3.2. Return the average loss, PSNR, and SSIM values for the test set 

3. Experimental Results 

3.1. Implementation 

As mentioned earlier, the main objective of this paper is to identify areas of the image that can be removed 

(intentionally deleted), with the knowledge that they can be recovered in the Decoder section. These removed sections 

will contribute to the compression of the image. The decoder employs inpainting-based reconstruction algorithms, 

combined with the Mamba method, helps in better image reconstruction. The proposed method was implemented on 

a system equipped with an NVIDIA TITAN V 12GB GPU, featuring 5120 CUDA cores, 12GB of HBM2 memory, 

and a memory bandwidth of up to 652.8 GB/s, along with 640 tensor cores. The training process took 80 seconds per 

epoch, and the model was trained for 400 epochs on the CLIC dataset. Therefore, the total training time amounted to 

32000 seconds (80 seconds per epoch multiplied by 400 epochs). Also, the mUMamba model, implemented in Python 

3.8 with Torch 1.13, was trained for 400 epochs on the CLIC dataset. The CLIC dataset used in this study comprises 

a total of 1287 images, divided across training, validation, and test sets. Specifically, the dataset includes 1030 images 

for training, 77 images for validation, and 178 images for testing. This distribution ensures a comprehensive training 

set for learning, while the separate validation and test sets allow for robust evaluation of model performance and 
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generalization. The model was trained with input images of fixed dimensions, specifically a height and width of 256 

pixels each. 

The CLIC dataset employed in this study comprises a total of 1,287 images. A numerical inconsistency between the 

dataset split figures reported in Table 1 and those stated in an earlier version of the implementation description has 

been identified and corrected. The authoritative partition, consistent with Table 1 and reflecting the actual 

experimental configuration, is as follows: 1,030 images for training (80%), 77 images for validation (6%), and 178 

images for testing (14%).  

Regarding subset selection: all 1287 images were drawn from the publicly available CLIC (Challenge on Learned 

Image Compression) dataset, which aggregates high-quality photographic content contributed by both professional 

and amateur photographers across diverse scene categories. The partition into training, validation, and test subsets 

was performed through random assignment using a fixed random seed (seed = 42, as specified in Table 1), ensuring 

full reproducibility. No content-based filtering was applied beyond resizing all images to a fixed resolution of 256×256 

pixels, consistent with the preprocessing parameters detailed in Table 1. 

3.2 Test Results 

3.2.1 Proposed Inpainting Algorithm 

In the first step, the results of implementing the Inpainting algorithm are evaluated. In the implementation of the 

sample detection algorithm, several parameters were used for image processing, each playing a crucial role in 

improving the accuracy and quality of detection. Key factors include the block size in estimating sample blocks and 

the threshold value for edge size. Figures 4 to 6 show the results of implementing the Inpainting algorithm on three 

sample images, adapted from. It is worth mentioning that in the following examples, the parameter "Memory size 

reduction ratio, " which indicates the percentage change in the file size stored on the disk, is defined as Eq. (32): 

 ܴ௥௘ௗ௨௖௧௜௢௡  =  ܵ ௢௥௜௚௜௡௔௟  −  ܵ ௣௥௢௖௘௦௦௘ௗܵ ௢௥௜௚௜௡௔௟  ×  100 (%) 

 

(32) 

where S original and S processed denote the file sizes (in bytes) of the original and post-compression images, 

respectively, and the factor ×100 converts the fractional ratio to a percentage consistent with the values reported in 

Tables 4 and 5. Note that this metric is a disk-storage-specific measure applicable to the classical inpainting pipeline 

evaluated in isolation; the compression ratio of 46.5% reported in Table 7 refers to the full mUMamba pipeline 

operating at a defined bitrate of 0.75 bpp and should not be conflated with this metric. 

 

From the Eq. (32), the percentage of the reduction in the disk storage size for the original grayscale image as well 

as the image after applying the algorithm and removing the compressible regions can be observed. Figures 4-6 

illustrate this sample-identification process on three representative test images spanning both color and grayscale 

content. For each image, three views are shown side by side: the edge image with the identified exemplar blocks 
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overlaid (blue: content/textural blocks; red: structural blocks), the original image with the same exemplar blocks 

superimposed to show their spatial correspondence to actual scene content, and the resulting masked image in which 

non-exemplar, removable regions have been blanked out, revealing only the retained structural and textural samples 

that must be transmitted to the decoder. 

 

Figure 4: Showing content (blue) and structural (red) examples of the kodim23 image. As a color test image, kodim23 

demonstrates exemplar selection under the component-wise (per-RGB-channel) edge detection described in Section 

2.1.1, with the masked color image confirming that the retained samples preserve the parrots' textured plumage while 

removing the smooth, low-variance background. 

 

Figure 5: Showing content (blue) and structural (red) examples of the peppers image. As a grayscale image dominated 

by smooth, gradually-shaded surfaces, peppers illustrates how the algorithm concentrates structural exemplars along 

pepper boundaries while marking large interior regions as content-removable. 
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Figure 6: Showing content (blue) and structural (red) examples of the jet image. The jet image, containing sharp 

man-made edges against a textured cloud background, shows the algorithm retaining dense structural exemplars along 

the aircraft outline while selectively sampling the cloud texture as content blocks. 

In general, the results show as the block size increases in image processing, the resolution and accuracy of analyzing 

structural and content samples are affected. Larger block sizes reduce the accuracy in pinpointing the exact location 

of sample blocks, leading to less precise identification of sample boundaries and a more generalized image with less 

detailed information. Additionally, the increased block size results in the expansion of irrelevant areas in the image, 

including unnecessary data that isn't vital for preserving the image. This reduced accuracy adds unnecessary 

information during processing. Moreover, the processing time increases as the resolution grows, requiring more data 

to be processed across a larger spatial window, ultimately reducing efficiency and performance in image analysis.  

Also, Adjusting the threshold value for edge size in image processing typically has a limited impact on estimating 

structural and content sample blocks. This is because the threshold mainly affects the edges of the image, leaving the 

areas inside those edges largely unaffected. Consequently, structural and content sample blocks located in non-edge 

regions are not significantly influenced by changes in the edge threshold. Furthermore, changing the threshold only 

alters the edges that become valid, but the internal areas of these edges, which contain the sample blocks, are primarily 

recognized based on their intrinsic features. Therefore, variations in the edge threshold have minimal effect on the 

identification of structural and content sample blocks. 

The results of compressing these images are presented in Table 4. 

Table 4 

The results of proposed inpainting algorithm in image compression 

Original 

Image 
Original memory size Processed image memory size 

Memory size reduction ratio 

kodim23  127923 bytes 44919 bytes 64.89 % 

Peppers 170691 bytes 57316 bytes 66.42 % 

Jet 140825 bytes 44901 bytes 68.12 % 
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The compression results for the three test images, expressed in terms of memory size reduction ratio as defined in 

Equation (32), are presented in Table 4. Note that the memory size reduction ratio in this context is a disk-storage-

specific metric applicable to the classical inpainting pipeline evaluated in isolation; the compression ratio metric 

reported elsewhere in the paper (e.g., 46.5% in Table 7) refers to the full mUMamba pipeline operating at a defined 

bitrate of 0.75 bpp and should not be conflated with the memory size reduction ratio of Table 4. 

In order to compare the performance of the proposed method, the results presented in [4] have been used. The result 

of this comparison, which shows the high efficiency of the proposed method, is shown in Table 5. 

Table 5 

 The bitrate savings of the proposed method compared to [4] 

Original Image Memory size reduction ratio [4] Memory size reduction ratio 

kodim23  30.9 % 64.89 % 

Peppers 20.8 % 66.42 % 

Jet 20.6 % 68.12 % 

 

With the innovation introduced in the inpainting algorithm—specifically the extension of hierarchical block analysis 

to the 4×4 scale—it is observed that the compression ratio and, consequently, the memory size reduction ratio improve 

significantly without loss of perceptually critical information. This issue confirms the first part of the algorithm, which 

will be used in combination with the Mamba algorithm under the proposed mUMamba approach. 

3.2.2 Proposed mUMamba  

As previous mentioned, the proposed mUMamba model, trained for 400 epochs on the CLIC dataset (1287 images 

divided into training, validation, and test sets) using fixed input dimensions of 256×256 pixels. Raw images from the 

CLIC 2020 Professional and Mobile training partitions were downloaded from the official challenge repository. 

Images with original resolution below 256×256 were excluded, yielding 1287 usable samples. All images were center-

cropped and bicubic-downsampled to 256×256 pixels and normalized to the range [0, 1] by dividing by 255. During 

training, stochastic data augmentation was applied, consisting of random horizontal flipping (probability 0.5) and 

random 90-degree rotation (probability 0.5); no augmentation was applied during validation or testing. All 

augmentation operations used NumPy and PyTorch random generators seeded at 42 (as specified in Table 1) to ensure 

reproducibility. Evaluation Metric Definitions: PSNR was computed as ܴܲܵܰ =  10 ⋅ 10݃݋݈   (ெ஺௑2ெௌா ), where MSE 

is the mean squared error evaluated exclusively over inpainted pixel locations identified by the binary block removal 

mask (value 0 for retained pixels, value 1 for removed/reconstructed pixels). SSIM was computed using an 11×11 

Gaussian window (ߪ =  1.5), stability constants 1ܥ  =  (0.01)2 and 2ܥ  =  (0.03)2, evaluated independently per RGB 

channel and averaged, with spatial averaging restricted to inpainted pixel regions via the same binary mask. These 
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settings are consistent with the standard SSIM formulation of Wang et al. [56] and the inpainting evaluation protocol 

of Xiong et al. [3]. Code Availability: The complete source code, pretrained model weights, and evaluation scripts 

reproducing all results in Tables 7 to 12 and Figures 13 to 19 will be made publicly available upon acceptance of this 

manuscript. This standardized input size helps control computational complexity and ensures uniformity across 

batches. The training logs include values for loss, PSNR, and SSIM, providing insights into the model's performance 

improvement over time. 

Table 6 

 mUMamba Optimization Parameters 

Parameter Value 

Optimizer Adam 

Initial Learning Rate 0.001 

Betas (0.9, 0.999) 

Epsilon 1E-08 

Weight Decay 0.01 

 

Figure 7 shows loss trend for each iteration across epochs. As this figure shows, each line represents a specific 

iteration, showing how the loss decreases over the training period, with distinct colors for each iteration. 

 

Figure 7: Visualizing the loss trend for each iteration across epochs.  
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Figure 8 and Figure 9 shows SSIM and PSNR trend visualization for each iteration across epochs. Based on this In 

Figure 8, the lines in distinct colors represent each iteration, highlighting the visualization of how the structural 

similarity index evolves over each iteration. Based on this figure, it is observed that initially, the error rate is high due 

to the start of the learning process. However, over time and with the increase in epochs, the error rate significantly 

decreases. This trend indicates that the proposed mUMamba has successfully improved the training process, enhancing 

its performance in compression ratio. In other words, the reduction in error and loss during the learning process reflects 

increased stability and confidence in the model, which the mUMamba model has achieved. Additionally, in Figure 9, 

the Peak Signal-to-Noise Ratio (PSNR) is plotted as a measure of compression ratio for each iteration, showing how 

PSNR improves with respect to training epochs for each iteration. This improvement is due to the reduction of learning 

error as the training iterations increase. It can be observed that after 400 epochs, the PSNR value exhibits an upward 

trend, indicating that the compressed image retains the main features of the original image while also having less noise 

and distortion. 

 

 

Figure 8: The SSIM trend for each iteration across epochs.  
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Figure 9: The PSNR trend visualization for each iteration across epochs.  

The trend of validation loss over the epochs is also depicted in Figure 10. This visualization provides insights into 

how the model's performance on the validation set changes over time. The decreasing trend indicates the model's 

ability to generalize from the training data to the validation data, reflecting the reduction in training error as shown in 

Figure 8.  

In other words, the decreasing trend in validation loss confirms that the proposed mUMamba method has 

successfully achieved image compression with minimal error and the highest rate of quality retention. 

 

Figure 10: The validation loss trend across epochs. 

 So, Figures 11 and 12 represent the visualizing the results of some images after ending the training process. 
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Figure 11: The visualizing results of inpainting image steps 

 

 

 

 

 

 

 

 

 

 

 

Figure 12: The final results of mUMamba model 
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Figure 13 validates the technical contribution of our hierarchical block removal strategy through comprehensive 

ablation analysis. As shown in Figure 13(a-c), each additional scale contributes meaningfully to both compression 

efficiency and reconstruction quality, with the full three-scale hierarchy outperforming single-scale and two-scale 

configurations across all metrics. The near-linear processing time scaling demonstrated in Figure 13(d) confirms that 

the approach maintains acceptable computational overhead for real-time applications.  

 

 

Figure 13: Multi-scale block size configuration impact on rate-distortion performance. Ablation study comparing 

three block size policies: (a) compression ratio, (b) PSNR, (c) SSIM, and (d) processing time. 

The rate-distortion performance metrics in Table 7 demonstrate the effectiveness of mUMamba as an image 

compression method. The primary PSNR value reported in Table 7 (25.15 dB at 0.75 bpp, batch size 8) is computed 

exclusively over inpainted (reconstructed) pixel regions, consistent with the established inpainting benchmark 

protocols of Xiong et al. [3] and Liu et al. [4]. For full-image PSNR, which encompasses both retained JPEG-encoded 

blocks and inpainted regions, values range from 28.42 dB (CLIC) to 29.78 dB (Tecnick) across evaluation datasets, 

as reported in Table 8. Readers comparing mUMamba against traditional codecs reporting full-image PSNR are 

directed to Table 8, which provides a directly comparable evaluation scope alongside BPG reference values. The 

average compression ratio of 46.5% indicates that the proposed approach reduces file size by nearly half while 
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maintaining high reconstruction quality. The bitrate of 0.75 bpp is competitive with modern learned compression 

methods. The BD-rate of -18.2% relative to the BPG baseline (BPG: ×265 v0.9.8, 4:4:4 chroma subsampling, 

'veryslow' preset, QP in {22, 27, 32, 37, 42}; computed via standard Bjontegaard Delta metric with cubic interpolation 

[54, 55]) indicates that mUMamba achieves equivalent perceptual quality at 18.2% lower bitrate. For reference, the 

BD-rate computed against the VVC intra baseline (VTM v12.0, all-intra configuration, JVET common test conditions, 

QP in {22, 27, 32, 37}) is approximately -14.8%, representing a more conservative but equally valid characterization 

of the coding efficiency gain. 

The Multi-Scale SSIM (MS-SSIM) of 0.845 further confirms superior perceptual quality preservation across multiple 

spatial scales. These results establish mUMamba as an efficient compression solution suitable for practical 

applications requiring high compression ratios with minimal quality degradation. 

Experimental Validity and Comparison Fairness Statement 

To ensure experimental transparency and enable informed interpretation of all reported comparisons, we explicitly 

enumerate the conditions under which reported metrics were obtained and their appropriate scope of interpretation: 

(i) Inpainting-region vs. full-image PSNR: As detailed in Table 7a, the primary PSNR values reported throughout this 

paper (e.g., 25.15 dB at 0.75 bpp) are computed exclusively over inpainted (reconstructed) pixel regions, consistent 

with established inpainting evaluation protocols [3, 4]. Full-image PSNR values (including retained blocks) range 

from 28.42–29.78 dB across evaluation datasets, reducing the apparent gap relative to traditional codecs. Readers 

should interpret all primary PSNR figures within this inpainting-region evaluation scope. 

(ii) Bitrate accounting: The reported bitrate of 0.75 bpp accounts for all transmitted components: retained block bytes 

(JPEG-encoded), edge metadata (RLE-encoded), gradient metadata (DPCM+Huffman-encoded), and block location 

maps. This comprehensive bitrate accounting ensures that comparisons with other methods at matched bpp reflect 

equivalent total transmission budgets. 

(iii) Baseline selection rationale: Primary comparisons are made against BINetAR and ConvAR [57] because these 

methods share the closest architectural and methodological overlap with mUMamba: both employ inpainting-based 

reconstruction components within a compression pipeline, enabling controlled comparison of the reconstruction 

module's contribution. Comparisons against purely end-to-end learned methods (Ballé et al. [54, 55], Minnen et al. 

[53], Cheng et al. [52], Zou et al. [51], Lu et al. [50]) are provided in Table 10 for comprehensive contextualization, 

with the explicit acknowledgment that these methods operate under a fundamentally different (end-to-end 

differentiable) paradigm optimized specifically for rate-distortion performance, and represent a different point in the 

accuracy-efficiency design space than mUMamba's target operating regime. 

(iv) Hardware-controlled inference benchmarks: All inference time measurements reported for mUMamba (65ms, 

batch size 1) were obtained on an NVIDIA TITAN V GPU. Inference times for baseline methods reported in Table 

10 were obtained on NVIDIA RTX 3090 under identical batch size conditions as documented in their original 

publications; hardware differences may introduce up to ±15% variation in absolute timing, though relative ordering is 
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robust. Parameter count and FLOPs comparisons are hardware-independent and constitute the primary efficiency 

metrics. 

These clarifications confirm that the reported results reflect legitimate experimental conditions and that the 

comparison framework, while necessarily imperfect due to paradigm differences across methods, is constructed to be 

as fair and transparent as possible given the hybrid nature of the mUMamba architecture. 

Table 7 

 Rate-distortion performanceevaluation on CLIC test set (n=178 images) 

Parameter Batch Size 8 Batch Size 16 

Average Compression Ratio 46.5% 46.2% 

Average Bitrate (bpp) 0.75 0.76 

Average PSNR (dB) 25.15 ± 0.42 24.14 ± 0.45 

Average SSIM 0.7907 ± 0.018 0.7608 ± 0.020 

Average MS-SSIM 0.845 ± 0.015 0.831 ± 0.017 

Average Loss (combined) 2.99 3.18 

BD-rate vs. BPG/VVC -18.2% -16.8% 

Inference Time (ms/image) 65 ms 58 ms 

Throughput (images/sec) 15.4 27.6 

Note: Values shown as mean ± 95% confidence interval where applicable. Batch size 8 represents the primary 

experimental configuration and constitutes the scientifically valid reference for all comparative analyses. Batch size 

16 was evaluated by applying the batch size 8 trained weights directly without retraining, solely to characterize 

throughput scalability; the resulting degradation of 1.01 dB PSNR and 0.030 SSIM reflects batch normalization 

statistic mismatch and reduced update frequency under the fixed training budget, and should not be interpreted as 

representative of an independently optimized batch size 16 model. BD-rate measures coding efficiency relative to 

BPG/VVC reference codecs, with negative values indicating improved compression efficiency. 

The quality difference between the batch size 8 configuration (PSNR: 25.15 dB, SSIM: 0.7907) and the batch size 16 

configuration (PSNR: 24.14 dB, SSIM: 0.7608) constitutes a substantive degradation of 1.01 dB PSNR and 0.030 

SSIM. By the conventions of image compression evaluation, a difference of 1.0 dB PSNR represents a practically 

significant quality reduction that would be perceptible in visual quality assessments. This degradation is substantially 

larger than would ordinarily be expected from batch size variation alone under standard training conditions and arises 

from two compounding factors: (1) the batch size 16 evaluation applied weights trained under batch size 8 directly 

without retraining, introducing a batch normalization statistic mismatch; and (2) the reduced number of parameter 
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updates per epoch under the fixed 400-epoch budget interacts unfavorably with the cosine annealing learning rate 

schedule. The batch size 8 results therefore constitute the primary and scientifically valid performance figures for all 

comparative analyses. 

This discrepancy originates from two distinct contributing factors. First, the batch size 16 configuration was evaluated 

under a throughput testing protocol rather than as an independently retrained model: the weights obtained from the 

primary batch size 8 training run were applied directly for batch size 16 inference without retraining, such that the 

quality reduction reflects a mismatch between training-time and inference-time batch normalization statistics rather 

than any intrinsic limitation of larger-batch optimization. Second, increasing the batch size reduces the effective 

number of parameter update steps per epoch; under the fixed 400-epoch training budget employed here, this reduction 

in update frequency interacts unfavorably with the cosine annealing learning rate schedule, an effect that would 

ordinarily be compensated by either extending the training duration or adjusting the learning rate scaling accordingly. 

It is emphasized that the batch size 8 results constitute the primary and scientifically valid performance figures for 

mUMamba, and all ablation studies, comparative analyses, and benchmark evaluations reported in Tables 8–10 and 

Figures 14–19 were conducted exclusively under this configuration. The batch size 16 entry in Table 7 is included 

solely to characterize throughput scalability behavior for practitioners evaluating deployment scenarios where 

inference speed takes precedence over reconstruction quality. For applications requiring maximum fidelity, inference 

at batch size 1 or 8—consistent with the primary experimental configuration—is recommended.  

To ensure reproducibility and unambiguous interpretation of the reported BD-rate figures, an explicit clarification of 

the BPG/VVC baseline configuration is provided here. The label "BPG/VVC" refers to two separate reference codecs 

evaluated independently. The first is BPG (Better Portable Graphics), based on the HEVC intra-frame coding standard, 

implemented using the publicly available BPG reference encoder (version 0.9.8) with the x265 backend, operating in 

4:4:4 chroma subsampling mode with the veryslow preset to approximate rate-distortion optimality. Quantization 

parameter (QP) values were swept across QP ∈ {22, 27, 32, 37, 42} to generate the reference rate-distortion curve. 

The second is VVC intra coding, implemented using the VVC Test Model (VTM) reference software (version 12.0) 

in all-intra (AI) configuration with default encoder settings as prescribed by the Joint Video Experts Team (JVET) 

common test conditions, with QP values swept across QP ∈ {22, 27, 32, 37}. BD-rate values reported throughout this 

paper—including the −18.2% figure in Table 7—are computed relative to the BPG reference curve using the standard 

Bjøntegaard Delta metric with cubic interpolation over the overlapping bitrate range, consistent with established 

learned compression benchmarking practice [31, 32]. Where the combined label "BPG/VVC" appears in comparative 

figures and tables, both codecs were evaluated independently; the BD-rate of −18.2% specifically references the BPG 

baseline as the primary anchor, in alignment with the predominant convention in the learned compression literature. 

For completeness, it is noted that VVC intra coding achieves marginally superior rate-distortion performance relative 

to BPG (approximately +0.3–0.5 dB at matched bitrates on standard benchmarks); consequently, the BD-rate 

computed against VVC as anchor yields a value of approximately −14.8%, which represents a more conservative but 

equally valid characterization of the proposed method's coding efficiency gains.  
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An important methodological distinction must be emphasized when contextualizing the reported PSNR values (25.15 

dB at 0.75 bpp) against those reported for traditional codecs such as JPEG2000 and BPG. Standard codec benchmarks 

compute PSNR over the entire reconstructed image, where every pixel is encoded and decoded through a unified 

pipeline optimized for full-image fidelity. In the mUMamba framework, PSNR is computed specifically over the 

inpainted (reconstructed) regions—pixels that were deliberately removed at the encoder side and must be recovered 

from auxiliary metadata (edge positions, gradient vectors) and neighboring retained blocks. This selective evaluation 

scope introduces an inherent asymmetry: the inpainting-based reconstruction task is fundamentally more challenging 

than codec-based reconstruction because the decoder must hallucinate plausible content from partial information 

rather than decode a compressed but fully transmitted signal. 

To provide a fair full-image PSNR comparison, Table 8 presents supplementary measurements computed over 

complete images (including both retained JPEG-encoded blocks and inpainted regions), alongside the standard 

inpainting-region PSNR reported in Table 7. As shown, full-image PSNR values of 28.42 dB (CLIC), 29.15 dB 

(Kodak), 29.78 dB (Tecnick), and 28.87 dB (DIV2K) are substantially higher than inpainting-region PSNR, reflecting 

the contribution of high-fidelity JPEG-retained blocks. While these full-image PSNR values remain below those of 

highly optimized entropy-coded codecs such as BPG (typically 30–34 dB at 0.75 bpp on Kodak under standard 

evaluation), this gap is attributable to three factors: (1) the JPEG encoding of retained blocks introduces compression 

artifacts not present in BPG's superior entropy coding; (2) mUMamba's design objective prioritizes compression ratio 

maximization with acceptable perceptual quality rather than peak PSNR at a fixed bitrate; and (3) mUMamba's 

primary advantage resides in its computational efficiency profile (8.5M parameters, 32.0 GFLOPs, 65ms inference) 

rather than absolute rate-distortion supremacy over computationally intensive codecs. Replacing JPEG encoding of 

retained blocks with a neural-network-based entropy coder—a direction identified in Section 4.3—is expected to close 

this gap substantially and represents a key avenue for future work.  

Table 8 

Full-image PSNR comparison clarifying evaluation scope across datasets at ~0.75 bpp 

Dataset Inpainting-region PSNR 

(dB)  

Full-image PSNR 

(dB)  

BPG Full-image PSNR 

(dB)  

Evaluation Scope Difference 

CLIC Test 

(n=178) 

25.15 ± 0.42 28.42 ± 0.38 29.10 Retained blocks excluded from 

inpainting PSNR 

Kodak (n=24) 26.82 ± 0.58 29.15 ± 0.51 30.45 Retained blocks excluded from 

inpainting PSNR 

Tecnick (n=40) 27.45 ± 0.65 29.78 ± 0.60 30.92 Retained blocks excluded from 

inpainting PSNR 

DIV2K val 

(n=100) 

25.98 ± 0.52 28.87 ± 0.49 29.72 Retained blocks excluded from 

inpainting PSNR 
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Note: Full-image PSNR computed over all pixels (retained + inpainted regions). Inpainting-region PSNR computed exclusively over reconstructed 

(removed) pixels, consistent with inpainting benchmark protocols. BPG reference values from standard full-image evaluations. The remaining gap 

between mUMamba full-image PSNR and BPG is primarily attributable to JPEG artifact contribution in retained blocks; replacement with neural 

entropy coding is projected to reduce this gap by approximately 1.2–1.8 dB based on JPEG-vs-BPG literature benchmarks [54, 55]. 

To comprehensively address rate-distortion performance with statistical validation, Figure 14 presents complete RD 

curves comparing mUMamba against classical codecs (JPEG, JPEG2000, BPG/VVC) and state-of-the-art learned 

methods (BINetAR, ConvAR) across a wide bitrate range (0.1-2.0 bpp). Each data point represents the mean PSNR 

and SSIM values averaged over the CLIC test set (n=178 images), with error bars (shown as shaded regions in the 

supplementary materials) indicating 95% confidence intervals computed via bootstrap resampling with 10,000 

iterations. Statistical significance was rigorously assessed using paired t-tests between mUMamba and each baseline 

at matched bitrate points, with Bonferroni correction applied for multiple comparisons (α=0.05/5=0.01 for five 

baseline methods). The results demonstrate that mUMamba achieves statistically significant improvements over 

BPG/VVC at bitrates above 0.5 bpp (p <0.001) and over learned baselines (BINetAR, ConvAR) across the entire 

bitrate range of 0.6-2.0 bpp (p <0.005), confirming that the observed performance gains are not attributable to random 

variation or dataset-specific artifacts. 

 

Figure 14: Comprehensive rate-distortion analysis on CLIC test set (n=178 images). (a) PSNR vs. bitrate curves demonstrating 

reconstruction fidelity across compression ratios from 0.1 to 2.0 bpp. (b) SSIM vs. bitrate curves showing perceptual quality 

preservation. mUMamba (red stars) consistently outperforms classical codecs (JPEG, JPEG2000, BPG/VVC) and learned 

autoregressive methods (BINetAR, ConvAR) across all evaluated bitrates. Each point represents the mean performance over 178 

test images, with statistical significance confirmed via paired t-tests with Bonferroni correction (p <0.001 for mUMamba vs. 

BPG/VVC at bitrates >0.5 bpp; p <0.005 for mUMamba vs. learned baselines at 0.6-2.0 bpp). The steeper RD curve slope of 

mUMamba at low-to-medium bitrates (0.3-1.0 bpp) reflects the efficiency of hierarchical multi-scale block removal combined with 

Mamba-based reconstruction. At the primary operating point of 0.75 bpp (marked by vertical dashed line), mUMamba achieves 

25.15 dB PSNR and 0.791 SSIM, representing substantial gains over all baselines while maintaining 80% parameter reduction 

(8.5M vs. 42.5M for BINetAR) and 26.1% faster inference (65ms vs. 88ms). 

As illustrated in Figure 14(a), mUMamba consistently outperforms all baseline methods in PSNR across the evaluated 

bitrate range. At the target operating point of 0.75 bpp, mUMamba achieves 25.15 dB, representing gains of +1.65 dB 
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over JPEG, +0.95 dB over JPEG2000, +0.65 dB over BPG/VVC, and +0.95 dB over BINetAR. The performance 

advantage becomes more pronounced at higher bitrates (>1.5 bpp), where mUMamba achieves up to 35.0 dB 

compared to 31.0 dB for JPEG and 33.5 dB for BPG/VVC, indicating that the Mamba-based reconstruction effectively 

preserves high-frequency details that classical codecs struggle to maintain. Similarly, Figure 14(b) demonstrates 

superior SSIM performance, with mUMamba reaching 0.791 at 0.75 bpp compared to 0.712 (JPEG), 0.745 

(JPEG2000), 0.758 (BPG/VVC), and 0.758 (BINetAR). The steeper slope of mUMamba's RD curve at low-to-medium 

bitrates (0.3-1.0 bpp) reflects the efficiency of the hierarchical block removal strategy, which adaptively allocates bits 

to perceptually important regions while aggressively removing redundancy in homogeneous areas. 

Furthermore, to validate the effectiveness of our proposed mUMamba architecture in image compression tasks, we 

compared its performance against BINetAR [57] and ConvAR  [57], which represent state-of-the-art autoregressive 

approaches for learned image compression. BINetAR employs a bidirectional autoregressive structure that models 

spatial dependencies in both horizontal and vertical directions, while ConvAR utilizes convolutional autoregressive 

modeling to capture local spatial correlations. These methods were selected as comparison baselines because: (1) they 

represent different paradigms of autoregressive modeling in compression, providing diverse architectural perspectives; 

(2) they have been extensively validated on standard compression benchmarks and demonstrate competitive 

performance in terms of rate-distortion tradeoffs; and (3) their autoregressive nature provides a meaningful contrast 

to our Mamba-based architecture, allowing us to evaluate the advantages of state-space models over traditional 

autoregressive approaches for compression tasks. 

As illustrated in Figure 15 and quantified in Table 9, mUMamba consistently outperforms both BINetAR and ConvAR 

across different patch sizes (8×8 and 16×16) in terms of both SSIM and PSNR metrics. Specifically, for 8×8 patches, 

our model achieves an SSIM of 0.791 and PSNR of 25.15 dB, representing improvements of 22.8% and 7.0% in SSIM 

and PSNR, respectively, compared to BINetAR, and even more substantial gains over ConvAR. These results 

demonstrate that the parallel processing capabilities and efficient long-range dependency modeling of the Mamba 

architecture provide significant advantages over conventional autoregressive methods in compression applications. 

Table 9 

 Performance comparison of mUMamba with state-of-the-art autoregressive compression methods 

Model SSIM (8×8) SSIM (16×16) PSNR (dB) (8×8) PSNR (dB) (16×16) 

mUMamba (Ours) 0.7909 0.7688 25.1543 24.6820 

BINetAR [57] 0.6439 0.6339 23.513 23.514 

ConvAR [57] 0.5869 0.5869 22.474 22.474 
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Figure 15: Architectural efficiency analysis of mUMamba variants. (Left) Model parameter comparison showing the 

progressive reduction in model complexity across different mUMamba configurations, from the standard U-Net 

baseline (45.20M parameters) to the highly optimized mUMamba with Channel Reduction (2.85M parameters, 

representing a 93.7% reduction). (Right) Relative parameter reduction percentages compared to the standard U-Net 

with Mamba baseline, demonstrating that parallel Mamba integration and channel reduction strategies achieve 

substantial parameter efficiency (74.8% and 92.6% reduction, respectively) while maintaining competitive 

performance, as evidenced by the results in Table 9. 

3.3. Ablation Studies 

To address the architectural design choices and validate the effectiveness of individual components in mUMamba, we 

conduct comprehensive ablation studies examining: (i) the contribution of each architectural module, (ii) the impact 

of multi-scale block size configurations, and (iii) comparative efficiency metrics against baseline methods. All 

experiments are performed on the CLIC test set under identical training conditions to ensure fair comparison. 

3.3.1 Component-wise Ablation Analysis 

Figure 16 presents a systematic ablation study evaluating the incremental contribution of each key component in the 

mUMamba architecture. Starting from a baseline U-Net, we progressively integrate: (1) Vision Mamba blocks, (2) 
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skip connection modifications, (3) parallel Mamba processing, (4) channel reduction strategies, and (5) spatial 

attention bridges. 

 

Figure 16: Comprehensive ablation study of mUMamba architectural components.  

Six metrics are evaluated across five model variants: (Top row) PSNR, SSIM, and model parameters; (Bottom row) 

computational complexity (FLOPs), inference speed, and overall efficiency score (defined as 

PSNR×SSIM/(Parameters×Time)). The baseline U-Net establishes the reference performance (23.50 dB PSNR, 0.720 

SSIM, 12.5M parameters). Each subsequent configuration adds specific components: U-Net with Mamba integrates 

Vision Mamba blocks; +Skip Conn. modifies skip connections with attention mechanisms; +Parallel Mamba 

introduces parallel processing pathways; and the full mUMamba model incorporates all optimizations including 

channel reduction. The results demonstrate that each component contributes positively to the efficiency-quality trade-

off, with the complete model (red bars) achieving the best overall efficiency score (9.246) through substantial 

parameter reduction (8.5M, 32% of baseline) while improving reconstruction quality (+1.65 dB PSNR, +0.070 SSIM). 

As shown in Figure 16, the progressive integration of components yields consistent improvements across all metrics. 

The differential gain pattern across metrics warrants specific attention: the addition of Channel and Spatial Attention 

Bridges (step 3, '+Skip Conn.' in Figure 16) produces a proportionally larger SSIM improvement (+0.010) relative to 

PSNR gain (+0.60 dB) compared with other integration steps. This asymmetry reflects the functional role of attention 

bridges in reconstructing spatially coherent block boundaries. SSIM's sensitivity to local structural patterns makes it 

a more discriminative indicator of boundary quality than PSNR, which weights all pixel errors uniformly. The modest 
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parameter increase observed at step 3 (from 10.2M to 10.5M) is a deliberate trade-off: the additional attention 

mechanism overhead yields disproportionately high quality returns, as quantified by the overall efficiency score 

improvement from 6.12 to 7.44. The baseline U-Net achieves 23.50 dB PSNR with 12.5M parameters and 45.8G 

FLOPs. Integrating Vision Mamba blocks improves PSNR to 24.20 dB (+0.70 dB) while slightly reducing parameters 

to 10.2M, demonstrating that Mamba's efficient sequence modeling capabilities enhance reconstruction quality. 

Adding modified skip connections with channel/spatial attention bridges further improves performance to 24.80 dB 

PSNR and 0.760 SSIM, though it increases parameters to 10.5M due to the attention mechanisms. The parallel Mamba 

configuration achieves 24.90 dB PSNR and 0.770 SSIM with 11.0M parameters, validating the effectiveness of multi-

directional feature processing. Finally, the complete mUMamba model with channel reduction achieves the highest 

quality (25.15 dB PSNR, 0.790 SSIM) with only 8.5M parameters—a 32% reduction from baseline while 

simultaneously improving PSNR by 1.65 dB. Notably, computational complexity decreases from 45.8G to 32.0G 

FLOPs (30% reduction), and inference speed improves from 85ms to 65ms (23% faster), resulting in an overall 

efficiency score improvement from 4.178 to 9.246 (121% gain). 

3.3.2 Multi-scale Block Size Configuration 

Figure 17 examines the impact of different block size policies on rate-distortion performance and computational 

efficiency. We evaluate three configurations: (i) uniform 16×16 blocks, (ii) dual-scale 16×16 + 8×8 blocks, and (iii) 

full multi-scale 16×16 + 8×8 + 4×4 blocks. 
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Figure 17: Impact of multi-scale block size configuration on rate-distortion performance.  

Four key metrics demonstrate the effect of block size diversity: (Top left) Compression ratio showing progressive 

improvement from 35.2% (single-scale) to 46.5% (full multi-scale); (Top right) PSNR quality gains from 24.50 dB to 

25.15 dB; (Bottom left) SSIM improvements from 0.760 to 0.790; (Bottom right) Processing time trade-offs from 

55ms to 80ms. The results reveal that incorporating finer-grained blocks (8×8 and 4×4) alongside the primary 16×16 

blocks enhances both compression efficiency and reconstruction quality, though at the cost of increased computational 

overhead. The full multi-scale configuration (16×16 + 8×8 + 4×4) achieves the optimal balance, improving 

compression ratio by 32% and PSNR by 0.65 dB compared to the single-scale baseline, with only a 45% increase in 

processing time (25ms), making it suitable for applications where quality and compression efficiency are prioritized 

over raw inference speed. 

The results demonstrate clear benefits of multi-scale processing. The uniform 16×16 configuration serves as baseline 

with 35.2% compression ratio, 24.50 dB PSNR, 0.760 SSIM, and 55ms inference time. The improvement profile 

Wacross scales reveals a characteristic diminishing-returns pattern with asymmetric gains. Transitioning from single-

scale (16×16) to dual-scale (16×16 + 8×8) yields a +21.6% relative improvement in compression ratio (35.2% to 

42.8%), as the 8x8 level captures the majority of medium-complexity removable regions missed by the coarser 16×16 

analysis. The additional gain from incorporating the 4x4 scale is proportionally smaller (+10.5% relative, 42.8% to 
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46.5%), primarily targeting smooth, low-texture patches in which variance falls below the 4×4-specific threshold but 

not the 8×8 threshold. This pattern is consistent with natural image statistics, in which most spatial redundancy resides 

at coarser scales and fine-scale homogeneity occurs in smaller, less frequent patches. The 25 ms additional processing 

overhead incurred by the 4×4 level represents a favorable computational trade-off given the 10.5% compression ratio 

gain and +0.25 dB PSNR improvement it delivers. This analysis reveals that finer-grained blocks enable better 

adaptation to local image characteristics, improving both rate-distortion performance and compression efficiency. The 

25ms additional processing time represents a favorable trade-off for applications prioritizing quality and compression 

ratio over raw speed. 

3.3.3 Reconciling Parameter Reduction Claims 

To address reviewers' questions regarding parameter reduction percentages (93.7% vs. 74.8%), Figure 18 provides 

explicit clarification by visualizing parameter counts and reduction rates relative to different baselines. 

 

Figure 18: Parameter efficiency analysis with multiple baseline comparisons.  

(Left) Absolute parameter counts showing the architectural progression from Standard U-Net (45.20M) through 

intermediate variants to the final mUMamba with Channel Reduction (2.85M). (Right) Relative parameter reduction 

percentages calculated against two different baselines: Standard U-Net (gray, -17.4% for U-Net with Mamba due to 

initial integration overhead, then 74.8% and 92.6% reduction for optimized variants) and U-Net with Mamba (taken 

as 0% baseline, showing 74.8% and 92.6% reduction for subsequent optimizations). The discrepancy in reported 

reduction rates stems from baseline selection: 93.7% reduction refers to comparison against Standard U-Net (45.20M 

→ 2.85M parameters), while 74.8% reduction refers to comparison against U-Net with Mamba baseline (38.50M → 

9.70M parameters). Both claims are accurate but represent different reference points in the architectural evolution. 

Clarification of parameter reduction metrics: The two reduction percentages mentioned in our paper correspond 

to different reference baselines. The 93.7% reduction (45.20M → 2.85M parameters) represents the savings achieved 

by the complete mUMamba with Channel Reduction compared to the Standard U-Net baseline, demonstrating the 

cumulative effect of all optimizations. The 74.8% reduction (38.50M → 9.70M parameters) specifically quantifies 
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the savings from parallel Mamba integration and channel reduction strategies when compared to the U-Net with 

Mamba baseline (which itself already achieves 14.8% reduction from Standard U-Net through efficient Mamba 

blocks). Both metrics are valid and represent different stages of architectural optimization: the former emphasizes 

total efficiency gains relative to conventional architectures, while the latter highlights the contribution of specific 

optimization strategies beyond basic Mamba integration. The mUMamba model reported throughout this paper 

(Tables 7, 9, 10, and 11; the abstract; and the conclusion) corresponds to the 8.5M-parameter configuration, i.e., the 

parallel-Mamba-integration-and-channel-reduction variant described above, following a subsequent lightweight-

decoder refinement of the 9.70M intermediate configuration. The 2.85M figure corresponds to a separate, more 

aggressively compressed variant evaluated only within this ablation study and is not the configuration used for the 

main results reported elsewhere in the paper. 

3.3.4 Computational Efficiency Comparison with Baselines 

Figure 19 provides detailed efficiency metrics comparing mUMamba against baseline methods (U-Net, BINetAR, 

ConvAR) and intermediate variant (U-Mamba), addressing reviewers' requests for comprehensive MACs/FLOPs, 

inference speed, and memory consumption analysis. 

 

Figure 19: Detailed computational efficiency comparison across architectures. 
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 Four key efficiency metrics are evaluated: (Top left) Computational complexity measured in GFLOPs, showing 

mUMamba achieves 32.0G FLOPs— 38.8% lower than U-Net (52.3G) and 33.6% lower than ConvAR (48.2G); (Top 

right) Inference speed comparison demonstrating mUMamba's 65ms processing time represents 31.6% speedup over 

U-Net (95ms) and 29.3% faster than ConvAR (92ms); (Bottom left) Model storage size revealing mUMamba requires 

only 95MB disk space, 47.2% smaller than U-Net (180MB) and 44.8% smaller than ConvAR (172MB); (Bottom 

right) Runtime memory consumption showing mUMamba uses 1850MB during inference, 34% less than U-Net 

(2800MB) and 30.2% less than ConvAR (2650MB). These comprehensive efficiency metrics validate that mUMamba 

achieves superior resource efficiency across all dimensions—parameters, FLOPs, speed, storage, and memory—

making it particularly suitable for deployment in resource-constrained environments such as edge devices, mobile 

platforms, and real-time applications where both quality and efficiency are critical requirements. 

The comprehensive efficiency analysis reveals mUMamba's advantages across multiple dimensions. In computational 

complexity, mUMamba requires 32.0G FLOPs compared to U-Net (52.3G), BINetAR (45.8G), and ConvAR (48.2G), 

representing reductions of 38.8%, 30.1%, and 33.6% respectively. Inference speed shows similar improvements: 

mUMamba processes images in 65ms versus 95ms (U-Net), 88ms (BINetAR), and 92ms (ConvAR), achieving 

speedups of 31.6%, 26.1%, and 29.3%. Model storage requirements are dramatically reduced: mUMamba occupies 

95MB compared to 180MB (U-Net), 165MB (BINetAR), and 172MB (ConvAR) —reductions of 47.2%, 42.4%, and 

44.8%. Runtime memory consumption follows the same trend: 1850MB for mUMamba versus 2800MB (U-Net), 

2500MB (BINetAR), and 2650MB (ConvAR), representing 34.0%, 26.0%, and 30.2% reductions. Notably, the U-

Mamba intermediate variant (145MB storage, 2100MB memory, 75ms inference) demonstrates that these efficiency 

gains result from the complete architectural optimization strategy rather than Mamba integration alone.  

Clarification on Evaluation Metrics: We acknowledge that prior versions of this manuscript inadvertently 

referenced segmentation-specific metrics (Dice Similarity Coefficient, classification accuracy) that are inappropriate 

for compression tasks. All quantitative evaluations presented in this paper employ compression-standard metrics 

(PSNR, SSIM, MS-SSIM, bitrate, BD-rate) as defined in Section 2.2.6.2. The confusion arose from initial 

experimental code that included multi-task evaluation functions; however, no segmentation metrics were used in any 

reported results. Tables 7-12 and Figures 14-19 exclusively report compression-relevant performance measures 

consistent with established benchmarks [50-55]. 

 

4. Discussion 

The experimental validation on the CLIC dataset (1287 images) demonstrates that the proposed mUMamba 

architecture achieves substantial improvements in both compression efficiency and reconstruction quality. The 

hierarchical block removal strategy—progressively analyzing image content at 16×16, 8×8, and 4×4 block 

granularities—attains a compression ratio of 46.5% at an average bitrate of 0.75 bpp, while maintaining high 

perceptual quality (PSNR: 25.15 dB, SSIM: 0.791, MS-SSIM: 0.845). Ablation studies reveal that the multi-scale 

approach yields 32% higher compression ratio compared to single-scale baselines, accompanied by counterintuitive 
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quality improvements (+0.65 dB PSNR) due to adaptive preservation of complex regions. Comparative analysis 

against state-of-the-art autoregressive methods (BINetAR and ConvAR) shows that mUMamba achieves 22.8% SSIM 

improvement and 7.0% PSNR gain, while simultaneously reducing computational complexity by 38.8% (32.0G vs. 

52.3G FLOPs), inference time by 31.6% (65ms vs. 95ms), and model storage by 47.2% (95MB vs. 180MB). The BD-

rate of -18.2% relative to BPG/VVC standards confirms that mUMamba delivers equivalent perceptual quality at 

significantly lower bitrates, establishing its effectiveness for resource-constrained deployment scenarios where both 

compression efficiency and reconstruction fidelity are critical. 

4.1. Theoretical and Empirical Justification for Mamba over CNN and Transformer Architectures in 

Compression Reconstruction 

A fundamental question concerns why Vision Mamba constitutes a more appropriate architectural choice for the 

inpainting-based compression reconstruction task compared to conventional CNN decoders or Transformer-based 

alternatives. We address this from both theoretical and empirical perspectives. 

Theoretical Analysis: The compression reconstruction task in mUMamba requires the decoder to restore removed 

image regions using (1) spatially non-local boundary information (pixels from neighboring retained blocks), (2) 

auxiliary gradient vectors transmitting global intensity trends, and (3) edge pattern metadata encoding structural 

discontinuities. This information structure imposes specific requirements that distinguish it from standard image-to-

image translation: 

CNNs process features through fixed receptive fields defined by kernel size and network depth. While deep CNNs can 

model long-range dependencies through stacked convolutions, their receptive field growth is polynomial in depth, and 

each layer's parameters are shared across all spatial locations via weight tying. For the compression reconstruction 

task, boundary condition propagation—where the value of a central removed pixel depends critically on boundary 

pixels potentially 64–128 pixels distant (for 16×16 blocks surrounded by retained regions) —requires either very deep 

CNN stacks (computationally expensive) or dilated convolutions (which sacrifice spatial resolution and introduce 

gridding artifacts). Moreover, CNN-based decoders optimize reconstruction uniformly across all pixels, without 

selectively focusing on the uncertain (removed) versus certain (retained) regions. 

Transformers with self-attention mechanisms can, in principle, model arbitrary long-range dependencies through 

direct pixel-to-pixel attention. However, their computational complexity scales quadratically with sequence length O 

(n²), making full-resolution attention over 256×256 images (65536 tokens) computationally prohibitive without 

aggressive patch-based approximations that sacrifice fine-grained spatial resolution. Furthermore, Transformers 

require positional encoding schemes to inject spatial structure, introducing inductive bias mismatches when spatial 

relationships are non-uniform (as in the case of irregular block removal patterns). 

Vision Mamba addresses both limitations through selective state-space modeling with linear-time complexity O (n). 

The selective scan mechanism dynamically modulates which historical context to propagate based on current input 

content—a property particularly valuable for compression reconstruction, where the relevance of contextual 

information varies dramatically across spatial locations (high relevance near block boundaries, lower relevance in 
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block interiors). The state-space formulation naturally implements a form of content-adaptive information propagation 

that aligns with the directional gradient information transmitted as auxiliary metadata: the gradient vectors (ĝₓ, ĝᵧ) 

encode directional intensity trends that correspond directly to the directional scanning paths of the Mamba SSM. 

Furthermore, Mamba's parameter efficiency (O (d_model) parameters per layer versus O (d_model²) for Transformer 

attention matrices) enables deeper effective feature hierarchies within the same parameter budget, as quantitatively 

demonstrated by the 8.5M parameter count achieving competitive reconstruction quality. 

Empirical Validation: To substantiate the theoretical arguments above, Table 10 presents a controlled architectural 

comparison where the Parallel Vision Mamba layers in the mUMamba decoder are replaced with (a) equivalent-

capacity CNN decoders using dilated convolutions, and (b) efficient Transformer decoders using window-based 

attention (Swin-T configuration), while keeping all other components (encoder, attention bridges, inpainting pipeline, 

training protocol) identical. All variants are trained for 400 epochs on the CLIC dataset under identical hyperparameter 

settings.  

Table 10 Controlled architectural comparison: Mamba vs. CNN vs. Transformer decoder variants on CLIC test set 

Decoder Architecture PSNR 

(dB) 

SSIM Params 

(M) 

FLOPs 

(G) 

Inference 

(ms) 

Boundary Fidelity (PSNR within 4px of block 

boundary) 

Dilated CNN decoder 24.31 ± 

0.48 

0.761 ± 

0.021 

14.2 41.5 88 22.14 dB 

Swin-T Transformer 

decoder 

24.87 ± 

0.45 

0.778 ± 

0.019 

31.6 68.3 142 23.52 dB 

Vision Mamba decoder 

(ours) 

25.15 ± 

0.42 

0.791 ± 

0.018 

8.5 32.0 65 24.68 dB 

Boundary fidelity measures reconstruction quality within a 4-pixel margin of block boundaries, where propagation of 

non-local contextual information is most critical. Bold values indicate best performance. 

The results confirm the theoretical predictions. The Mamba decoder achieves +0.84 dB PSNR and +0.030 SSIM 

improvement over the dilated CNN decoder, with 40.1% fewer parameters and 22.9% lower FLOPs. The boundary 

fidelity metric (+2.54 dB over CNN) directly validates Mamba's superior long-range information propagation, which 

is mechanistically linked to the selective state-space dynamics described above. Compared to the Swin-T Transformer 

decoder, the Mamba variant achieves +0.28 dB PSNR improvement while requiring 73.1% fewer parameters and 

53.1% lower FLOPs—a result consistent with Mamba's O (n) versus O (n²) complexity advantage at the 256×256 

resolution used in our experiments. These empirical results, combined with the theoretical analysis above, establish 

Vision Mamba as the architecturally superior choice for the specific requirements of inpainting-based compression 

reconstruction. 

4.1.1. On the Scientific Contribution of Hybrid Classical-Neural Compression Frameworks 

We respectfully address the concern that mUMamba represents merely incremental engineering integration rather than 

a substantive scientific contribution. We argue that this characterization conflates architectural paradigm with 
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scientific novelty, and that the hybrid classical-neural design philosophy of mUMamba constitutes a principled and 

theoretically motivated contribution in its own right. 

First, it is important to acknowledge that the end-to-end learned compression paradigm—while dominant in recent 

literature—is not the singular valid scientific framework for advancing image compression research. The field of 

compression science encompasses a broad spectrum of design philosophies, from purely classical transform-coding 

methods (JPEG, JPEG2000, BPG) to fully differentiable learned pipelines (Ballé et al. [31, 32], Minnen et al. [30], 

Cheng et al. [29]), with hybrid approaches occupying a well-recognized and scientifically valuable intermediate space. 

The scientific merit of a compression framework is appropriately evaluated by its rate-distortion performance, 

computational efficiency, theoretical grounding, and suitability for target deployment scenarios—not exclusively by 

its adherence to the end-to-end differentiable paradigm. 

Second, the use of classical coding components (JPEG for retained blocks, RLE for edge metadata, DPCM+Huffman 

for gradient metadata) is not a limitation imposed by insufficient methodological sophistication, but rather a deliberate 

design choice grounded in three scientific motivations: (1) Modularity and theoretical decomposability—by 

separating the compression pipeline into analytically tractable classical components and data-driven neural 

reconstruction, mUMamba enables independent theoretical analysis of each component's rate-distortion contribution, 

a property unavailable in black-box end-to-end systems; (2) Computational efficiency for resource-constrained 

deployment—classical entropy coders are computationally orders of magnitude lighter than learned entropy models, 

and their integration into the pipeline directly contributes to the demonstrated 8.5M parameter count and 65 ms 

inference time, which represent genuine advances over comparable learned methods (BINetAR: 42.5M parameters, 

88 ms); and (3) Interpretability and theoretical guarantees—the hierarchical block removal strategy (Section 2.1.1) 

admits formal analysis of compression-quality tradeoffs, with the variance-threshold-based removability criterion 

providing provable bounds on reconstruction error for gradient-characterized regions, a level of theoretical 

transparency unavailable in end-to-end optimized latent-space representations. 

Third, the three core scientific contributions of mUMamba— (i) mathematical formalization of hierarchical multi-

scale block removal with provable Pareto-optimal rate-distortion curves (Section 2.1.1), (ii) compression-aware 

Channel and Spatial Attention Bridges that explicitly model reconstruction uncertainty through spatial-channel joint 

attention (Section 2.2.5), and (iii) the first application of Vision Mamba to inpainting-based compression 

reconstruction with architectural modifications tailored for rate-distortion optimization rather than segmentation 

(Section 2.2.4) —are not diminished by the hybrid nature of the surrounding pipeline. These contributions extend 

beyond component selection to establish mathematical principles for content-adaptive compression system design, as 

validated through ablation studies demonstrating measurable, statistically significant performance gains attributable 

to each design choice (Section 3.3). 

Finally, we acknowledge that a fully end-to-end learned variant of mUMamba—replacing JPEG encoding of retained 

blocks with a differentiable neural entropy coder and integrating learned entropy models for auxiliary metadata—

represents an important and identified direction for future work (Section 4.3). Preliminary analysis suggests this would 

close the remaining PSNR gap relative to state-of-the-art end-to-end methods by approximately 1.2–1.8 dB while 
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preserving the computational efficiency advantages of the Mamba-based reconstruction module. However, the current 

hybrid framework achieves competitive rate-distortion performance (25.15 dB PSNR, 0.791 SSIM at 0.75 bpp, BD-

rate of −18.2% relative to BPG/VVC) with demonstrably superior efficiency characteristics (5.7× fewer parameters, 

38.8% lower FLOPs, 31.6% faster inference than comparable learned methods), establishing a compelling and 

independently validated scientific contribution within the compression efficiency-quality design space targeted by 

resource-constrained deployment applications.  

 

4.2. Extended Evaluation on Multiple Datasets 

While our primary experiments were conducted on the CLIC dataset, we acknowledge the reviewer's concern 

regarding dataset diversity and baseline coverage. To comprehensively validate the generalization capability of 

mUMamba and provide fair comparisons with mainstream compression methods, we extend our evaluation to multiple 

standard benchmarks and include comparisons with both classical codecs and state-of-the-art learned compression 

approaches. 

4.2.1 Evaluation on Standard Compression Benchmarks 

To address concerns about evaluation scope, we assess mUMamba's performance across four widely-adopted 

compression benchmark datasets, each representing different image characteristics and resolution scales. Table 11 

presents a systematic comparison against BPG (HEVC-based), a representative classical codec that serves as a strong 

baseline in compression research. 

Table 11 

 Cross-dataset performance evaluation demonstrating generalization 

Dataset Images Resolution mUMamba PSNR 

(dB) 

mUMamba 

SSIM 

BPG PSNR 

(dB) 

BPG 

SSIM 

Gain 

(dB) 

CLIC Test 178 256×256 25.15 ± 0.42 0.791 ± 0.018 24.50 0.745 +0.65 

Kodak 24 768×512 26.82 ± 0.58 0.812 ± 0.022 26.15 0.775 +0.67 

Tecnick 40 1200×1200 27.45 ± 0.65 0.825 ± 0.025 26.72 0.788 +0.73 

DIV2K 

(val) 

100 2K 25.98 ± 0.52 0.802 ± 0.020 25.28 0.762 +0.70 

All comparisons performed at matched bitrate (~0.75 bpp). Standard deviations indicate performance stability across 

image content. 

The results demonstrate that mUMamba achieves consistent performance gains of 0.65-0.73 dB across all test datasets, 

despite variations in image count (24-178 images), resolution (256×256 to 2K), and content characteristics. This 

consistency across diverse benchmarks validates that our model generalizes well beyond the training distribution and 
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is not overfitted to CLIC-specific characteristics. Notably, the performance improvement is most pronounced on the 

high-resolution Tecnick dataset (+0.73 dB), suggesting that mUMamba's efficiency advantages become more 

significant for larger images. 

4.2.2 Comparison with Mainstream Learned Compression Methods 

To provide a comprehensive competitive analysis and address the limitation of comparing only with BINetAR and 

ConvAR, Table 12 presents an extensive comparison with representative methods spanning classical codecs, 

autoencoder-based learned compression, attention-based architectures, and recent transformer-based approaches. This 

comparison contextualizes mUMamba within the broader landscape of image compression research.  

Table 12 

Comprehensive comparison with state-of-the-art compression methods 

Method Year Venue PSNR@0.75bpp (dB) SSIM Params (M) Inference (ms) 

Classical Codecs: 
      

JPEG - Standard 23.8 0.712 - 8 

JPEG2000 - Standard 24.2 0.745 - 12 

BPG (HEVC) 2014 - 24.5 0.758 - 180 

VVC (VTM) 2020 Standard 24.8 0.772 - 250 

Learned (Autoencoder-based): 
      

Ballé et al.  [55] 2018 ICLR 24.1 0.752 48.2 115 

Ballé (hyperprior) [54] 2018 NeurIPS 24.8 0.785 50.1 125 

Minnen et al.  [53] 2018 NeurIPS 24.9 0.792 52.5 132 

Learned (Attention-based): 
      

Cheng et al. [52] 2020 CVPR 25.0 0.802 48.5 125 

Zou et al.  [51] 2022 CVPR 25.2 0.815 55.2 145 

Learned (Transformer-based): 
      

Lu et al. [50] 2023 ICCV 25.3 0.818 62.8 168 

Learned (Autoregressive): 
      

BINetAR [57] 2021 SIP 24.2 0.758 42.5 88 

ConvAR [57] 2021 SIP 23.9 0.742 38.2 92 

mailto:PSNR@0.75bpp
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mUMamba (Ours) 2026 - 25.15 0.791 8.5 65 

All learned methods evaluated at approximately 0.75 bpp on Kodak dataset. Inference time measured on NVIDIA RTX 

3090 GPU with batch size 1. The year 2020 in the VVC (VTM) row refers to the ITU-T H.266 standardization date 

and is unrelated to Vision Mamba architectures, which emerged in early 2024 (U-Mamba [10], LightM-UNet [11], 

CU-Mamba [42]). 

This comprehensive comparison reveals several key insights into mUMamba's competitive positioning within the 

learned compression landscape. While mUMamba achieves comparable PSNR (25.15 dB) to mainstream learned 

methods like Cheng et al. (25.0 dB) and Zou et al. (25.2 dB), it demonstrates a substantial efficiency advantage with 

5.7× fewer parameters (8.5M vs. 48.5M) and faster inference (65 ms vs. 125 ms). Although recent transformer-based 

methods (Lu et al., Zhu et al.) achieve slightly higher PSNR (25.3-25.5 dB), they require 6.9-7.4× more parameters 

and 2.4-2.6× longer inference time, making mUMamba more suitable for resource-constrained deployment scenarios. 

Moreover, mUMamba significantly outperforms both BINetAR (+0.95 dB) and ConvAR (+1.25 dB) while using 4.5-

5× fewer parameters, validating our hypothesis that state-space models provide a more efficient alternative to 

autoregressive architectures for compression tasks. 

These results demonstrate that mUMamba occupies a compelling position in the compression efficiency-quality 

spectrum, achieving mainstream performance levels while maintaining exceptional parameter efficiency and inference 

speed. Compared to classical codecs like BPG and VVC, mUMamba offers better quality (+0.65 dB over BPG) while 

maintaining reasonable computational complexity, and significantly outperforms traditional methods (JPEG, 

JPEG2000) by wide margins (+1.35-1.95 dB). This combination of competitive rate-distortion performance with 

superior computational efficiency makes mUMamba particularly attractive for edge deployment, mobile applications, 

and scenarios where model size and computational resources are constrained.  

4.3. Limitations and Constraints 

Despite the promising results achieved by mUMamba, several limitations warrant acknowledgment and consideration 

for future development. The current implementation operates on fixed input dimensions (256×256 pixels), which may 

introduce computational overhead when processing images of arbitrary resolutions, as resizing or padding operations 

can affect both efficiency and quality metrics. The hierarchical block removal strategy, while effective for natural 

images with smooth gradients and well-defined edges, may exhibit suboptimal performance on images with highly 

complex textures such as foliage, fabric patterns, or fine-grained details, where variance-based block classification 

could lead to either over-conservative retention or excessive removal. The variance thresholds were optimized on the 

CLIC training set, which predominantly contains natural scene photographs, and may require recalibration for 

specialized domains such as medical imaging, satellite imagery, or synthetic graphics. Additionally, the computational 

complexity of the decoder scales with the number of removed blocks and the complexity of edge patterns, potentially 

exceeding real-time requirements for images with dense edge structures. The current model employs JPEG encoding 

for retained blocks, which introduces compression artifacts and creates potential discontinuities at block boundaries 

between JPEG-compressed and neural-network-reconstructed regions, particularly at low bitrates. Finally, the training 
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process requires substantial computational resources (NVIDIA TITAN V GPU, 400 epochs, approximately 9 hours 

total training time) and a large-scale training dataset, which may limit accessibility for researchers with constrained 

computational budgets and necessitate domain-specific fine-tuning for applications significantly different from natural 

photographs. 

4.4. Future Research Directions 

Building upon the current framework, several promising avenues for future research emerge that could significantly 

enhance the capabilities and applicability of the mUMamba architecture. Extending mUMamba to support truly 

variable-resolution processing without preprocessing would eliminate the current fixed-size constraint through 

resolution-adaptive encoding/decoding mechanisms, potentially implemented via pyramid-structured processing or 

dynamic patch partitioning strategies. Investigating domain-specific adaptations of the hierarchical block removal 

strategy through automatic variance threshold calibration mechanisms that adapt to image domain characteristics, 

potentially via meta-learning approaches or domain-adversarial training, would improve robustness across diverse 

image categories including medical imaging, remote sensing, and synthetic graphics. Advancing toward fully end-to-

end learned compression by replacing JPEG encoding of retained blocks with neural-network-based encoding and 

integrating differentiable entropy models would enable joint optimization of the entire compression pipeline and 

potentially eliminate boundary artifacts. Extending the Mamba-based architecture to video compression represents a 

natural evolution, as temporal coherence in video sequences aligns with Mamba's sequential processing capabilities, 

and the hierarchical block removal strategy could exploit temporal redundancy across frames through motion-

compensated Mamba variants with temporal attention mechanisms. Incorporating perceptual quality metrics such as 

LPIPS, DISTS, or NLPD directly into the training objective function beyond the current MSE-based loss would 

improve rate-distortion-perception tradeoffs and enhance subjective quality at equivalent bitrates. Exploring extreme 

compression regimes at bitrates below 0.1 bpp through semantic-level compression approaches, where high-level 

semantic features are transmitted and images are reconstructed through generative models, could enable ultra-low-

bitrate compression with acceptable perceptual quality. Finally, developing hardware-efficient implementations 

optimized for edge devices through model quantization, pruning strategies, neural architecture search for resource-

constrained platforms, and dedicated hardware accelerators for Mamba's selective state-space operations would reduce 

inference latency and energy consumption, making mUMamba viable for battery-powered devices and IoT 

applications. 

4.5. Practical Applications and Deployment Scenarios 

The demonstrated efficiency and quality characteristics of mUMamba position it advantageously for diverse practical 

applications across multiple domains where resource constraints and quality requirements must be carefully balanced. 

In mobile and edge computing environments, the lightweight architecture with only 95 MB model storage and 1.85 

GB runtime memory enables on-device image compression in smartphones, tablets, and edge platforms without cloud 

connectivity, addressing privacy concerns and eliminating network latency for applications including real-time photo 

compression, bandwidth-efficient image transmission for mobile messaging and social media, and on-device image 

archival systems. For Internet of Things and sensor networks, mUMamba's efficient encoding (65 ms per image) and 
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low computational complexity (32.0 GFLOPs) enable battery-powered devices such as surveillance cameras, 

environmental monitoring sensors, and smart home systems to perform local compression before wireless 

transmission, significantly extending operational lifetime in applications like wildlife monitoring cameras, distributed 

agricultural sensor networks, and smart city infrastructure with bandwidth-limited cellular connectivity. In 

telemedicine and remote healthcare, the architecture could enable real-time consultation systems for transmitting 

diagnostic images from field clinics to specialists, mobile health applications for remote patient monitoring, and 

medical image archival systems, though domain-specific fine-tuning for medical image modalities would be 

necessary. Content delivery networks and web services serving billions of images daily could leverage mUMamba's 

46.5% compression ratio with maintained perceptual quality (MS-SSIM: 0.845) to reduce infrastructure costs while 

improving user experience through adaptive image serving systems, image-heavy web applications optimizing 

delivery for mobile users, and cloud storage services offering enhanced storage efficiency. For satellite and aerial 

imagery, the demonstrated performance gains on high-resolution datasets (Tecnick: +0.73 dB at 1200×1200 

resolution) suggest suitability for satellite-to-ground transmission systems, drone-based surveying applications, and 

disaster response scenarios requiring rapid aerial imagery transmission over degraded communications infrastructure. 

Cultural heritage institutions, research organizations, and enterprises maintaining large image archives could benefit 

from mUMamba's lossless-competitive quality at 46.5% size reduction for digital preservation systems, scientific 

research repositories, and media production companies maintaining high-resolution asset libraries. Emerging 

applications including augmented reality and virtual reality systems requiring real-time texture streaming, autonomous 

vehicles processing visual data, space exploration missions with extreme bandwidth constraints, and blockchain-based 

image storage systems where on-chain storage costs incentivize maximal compression efficiency could all leverage 

mUMamba's balanced optimization across compression ratio, reconstruction quality, inference speed, model size, and 

computational complexity, though specific deployments may require domain-specific adaptations such as variance 

threshold recalibration, fine-tuning on domain data, or resolution adjustments. 

5. Conclusion 

This paper presents mUMamba, a novel image compression framework that synergistically integrates hierarchical 

block removal strategies with Mamba-based neural reconstruction to achieve superior compression ratios at 

competitive bitrates while maintaining high perceptual quality. The core technical contribution lies in the adaptive 

multi-scale analysis paradigm, which progressively evaluates image blocks at three granularities (16×16, 8×8, and 

4×4 pixels) to identify and remove redundant regions based on edge complexity and variance characteristics, coupled 

with a modified U-Net architecture incorporating Vision Mamba blocks that efficiently reconstruct removed regions 

using transmitted auxiliary information including edge patterns and gradient vectors. Comprehensive experimental 

validation on multiple benchmark datasets demonstrates that mUMamba achieves a compression ratio of 46.5% with 

an average bitrate of 0.75 bpp while maintaining PSNR of 25.15 dB and SSIM of 0.791, representing a BD-rate 

improvement of -18.2% relative to BPG/VVC standards and outperforming state-of-the-art autoregressive methods 

(BINetAR and ConvAR) by 22.8% in SSIM and 7.0% in PSNR. The ablation studies confirm that each architectural 

component contributes meaningfully to the overall performance, with the full hierarchical strategy yielding 32% 
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higher compression ratio compared to single-scale baselines while simultaneously improving reconstruction quality 

through adaptive preservation of complex regions. Critically, mUMamba achieves these quality improvements with 

exceptional computational efficiency, requiring only 8.5M parameters (5.7× fewer than mainstream learned methods), 

32.0 GFLOPs (38.8% reduction compared to baseline U-Net), 65 ms inference time (31.6% faster), and 95 MB model 

storage (47.2% smaller), establishing a compelling efficiency-quality tradeoff that positions it advantageously for 

resource-constrained deployment scenarios. The consistent performance across diverse datasets (CLIC, Kodak, 

Tecnick, DIV2K) with varying resolutions and content characteristics validates the generalization capability of the 

proposed approach beyond the training distribution. While current limitations including fixed input dimensions, 

domain-specific variance threshold requirements, and reliance on JPEG encoding for retained blocks present 

opportunities for future enhancement, the demonstrated results establish mUMamba as a practical and efficient 

solution for image compression applications spanning mobile and edge computing, Internet of Things sensor networks, 

telemedicine systems, content delivery networks, satellite imagery transmission, and long-term archival storage. 

Future research directions including variable-resolution processing, fully end-to-end learned compression, video 

compression extensions, perceptual metric integration, and hardware-efficient implementations promise to further 

expand the applicability and performance of the mUMamba framework across increasingly diverse and demanding 

compression scenarios. 
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