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üOverall Architecture 

üHow to reconstruct spectral information?

üHow to incorporate degradation information?

The key part is indicated by *

PGSSTB Prompt-Guided Spatial-Spectral Transformer Block

TVSP * Text-Visual Synergistic Prompt Module

SSA Spatial Self-Attention

PGSSA * Prompt-Guided Spectral Self-Attention

GMLP Gated Multi-Layer Perceptron
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üHow to incorporate degradation information?
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üOverall Architecture 

üHow to reconstruct spectral information?

üHow to incorporate degradation information?

The key part is indicated by *

PGSSTB Prompt-Guided Spatial-Spectral Transformer Block

TVSP * Text-Visual Synergistic Prompt Module

SSA Spatial Self-Attention

PGSSA * Prompt-Guided Spectral Self-Attention

GMLP Gated Multi-Layer Perceptron
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üHow to reconstruct spectral information?
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üHow to reconstruct spectral information?
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üHow to reconstruct spectral information?
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üOverall Architecture 
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Dataset Sensor Wavelength (nm) Channels Size Amount GSD (m)

Natural 

Scene

ARAD_1K Specim IQ 400ï700 31 482¦512 1000 /

ICVL Specim PS Kappa DX4 400ï700 31 1392×1300 201 /

Remote

Sensing

Xiongôan Unknown 400ï1000 256 3750¦1580 1 0.5

WDC Hydice 400ï2400 191 1208¦307 1 5

PaviaC ROSIS 430ï860 102 1096¦715 1 1.3

PaviaU ROSIS 430ï860 103 610¦340 1 1.3

Houston ITRES CASI-1500 364ï1046 144 349¦1905 1 2.5

Chikusei HH-VNIR-C 343ï1018 128 2517¦2335 1 2.5

Eagle AsiaEAGLE II 401ï999 128 2082¦1606 1 1

Berlin Unknown 455ï2447 111 6805¦1830 1 3.6

Urban Hydice 400-2500 210 307¦307 1 2

APEX Unknown 350-2500 285 1000¦1500 1 2

EO-1 Hyperion 357-2567 242 3471¦991 1 30

Table 1. Properties of 13 Natural Scene and Remote Sensing Hyperspectral Datasets.
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Loss̔ L1

optimizer̔ AdamW (ɓ1 = 0.9, ɓ2 = 0.999)

Batch_size̔ 32

Learningrate̔ 2¦10-4 / 1¦10-4
Ą 1¦10-6

Epochs̔ 100 / 300

Patch_size̔ 64¦64
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All -in-One Results
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LDERT / 30.74Input / 14.07 SST / 30.53 PromptIR / 26.38 InstructIR / 24.63 PromptHSI / 30.78 Ours / 31.36 GT / PSNR (dB)

Table 2. [All -in-one] Quantitative comparison of all-in-one and state-of-the-art task-specific 

methods on 7 HSI restoration tasks.  Gaussian Denoising& Complex Denoising

Figure 2. [All -in-one] Visual comparison results on Complex Denoising. 
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Figure 3. [All -in-one] Visual comparison results on Inpainting. 

Figure 4. [All -in-one] Visual comparison results on Dehazing. 

Restormer / 42.16Input / 14.20 NAFNet / 40.82 PromptIR / 42.65 InstructIR / 41.43 PromptHSI / 38.52 Ours / 47.67 GT / PSNR (dB)

DCMPNet / 37.68Input / 18.24 MB-Taylor / 38.34 PromptIR / 37.35 InstructIR / 33.76 PromptHSI / 37.82 Ours / 39.49 GT / PSNR (dB)
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Generalization Results
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Table 3. [Generalization] The results of Motion 

Deblurring on the ICVL dataset and Poisson 

Denoisingon the Houston dataset. Task-specific 

methods are trained on the entire dataset, while all-in-

one methods are fine-tuned using only 5% of the data.

Motion Deblurring

Poisson Denoising

Few-shot (5%)

Zero-shot

Input Task-Specific PromptIR GTInstructIR PromptHSI Ours

Poisson 

Denoising


