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ExpoMamba Framework ExperimentsIntroduction

The ExpoMamba Solution
● ExpoMamba establishes a new state-of-the-art by balancing perceptual realism with runtime 

efficiency.

● The architecture leverages the linear-time efficiency O(n) of Mamba models while operating 
directly in the frequency domain.

ExpoMamba demonstrates superior structural fidelity and natural color balance under challenging 
mixed-lighting conditions.

Bottleneck in Low-Light Vision

Success Rate ↑

● Color correction is applied in the latent feature space 
rather than standard 8-to-10 bit image space.

● This avoids rounding and clipping, ensuring small 
corrections are learned without staircasing or banding 
artifacts.

The Challenge

● Enhancing low-light images is critical for edge applications like mobile cameras and real-time 
surveillance.

● Transformer-based foundation models achieve high quality but are bottlenecked by O(n2) and 
designs to reduce bottleneck compromise with performance.

● This complexity makes them unsuitable for real-time, high-resolution processing on power-
constrained edge devices.

Frequency State Space Block (FSSB)

ExpoMamba performs a Fourier decomposition of the input image, isolating amplitude 
(illumination) and phase (structure) for independent processing. Dual 2D-Mamba (Visual-SSM) 
blocks process these frequency streams in parallel. 

Amplitude Stream: Targets illumination consistency and noise reduction.
Phase Stream: Preserves fine-grained structural details, edges, and object boundaries.

Fig. 1 [Left: 400x600; Right: 3840x2160] Logarithmic Scatter Plot of Inference Time vs. PSNR. Baselines that 
used ground-truth mean information to produce metrics were reproduced without such information for 
fairness.

Best Efficiency

Tab. 1 Comparing three popular metrics such that every column showcases for LOLv1 and LOLv2 datasets. Last 
column shows the inference time over NVIDIA A6000.

Latent Space Color Correction (LCCM) 
  

𝒉 𝑡 + 1 = 𝑨 𝑡  . 𝒉 𝑡 + 𝑩 𝑡  .  𝒙 𝑡  − (𝟏) 𝐲 𝑡 + 1 = 𝑪 𝑡  . 𝒉 𝑡 − (𝟐)

→ Higher resolution, more input tokens, quadratically more complex.

Fig. 2  The diagram illustrates the information flow through the ExpoMamba model.

● To combat mixed-exposure scenarios, an HDR gate is 
implemented directly in the latent feature space.

● Overexposed activations are detected via a soft mask 
𝑀 =  𝜎 𝑘 𝑌 − 𝜏  and corrected using a learned tone 
curve 𝑇(𝑥).

● The corrected features are gently blended to attenuate 
halos and blooming while preserving detail:

Latent HDR Feature Recovery

Fig. 3  Comparing ExpoMamba 
outputs with SOTA light-weight 
models on perceptual realism.

ExpoMamba is 2-3x faster with 6.8% PSNR improvement. 
Consumes roughly 4x less memory than models like CIDNet (8249 Mb)
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● Because human vision is highly sensitive to phase variations, the 
model adaptively modifies phase to refine scene geometry.

● Applying a uniform learned phase shift ∆∅ across the frequency 
spectrum mathematically transforms the spatial structure without 
destroying illumination cues

Phase Manipulation for Structural Fidelity
   

Conclusion

Qualitative Comparisons

By uniting frequency-domain processing with linear-
time state-space models, ExpoMamba breaks the 
quadratic bottleneck to deliver state-of-the-art, real-
time low-light enhancement for resource-constrained 
edge devices.

Tab. 3  ExpoMamba evaluated on 
downstream autonomous vision tasks.

Tab. 2  ExpoMamba evaluated on multi-exposure 
dataset for mixed-exposure task. Fig. 4  Qualitative comparison of ExpoMamba and baselines 

on the LOLv1 dataset.
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