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Figure 2: Long Context Patterns. We provide representative examples of long-context usage patterns across various
scenarios, including retrieval-augmented generation (RAG), agentic, reasoning, and multimodal applications.
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Table 2: Overview of Applications of Efficient Architectures Across Modalities and Categories.

Modality Category Approach
Classification ln_sec.(lldamba [208], V-MoE [Hs__:s‘z], MoE-CNN [3r-;H].., PMOE [369], Res-vmamba [370], Mam-
mil [371], Spectralmamba [372], Memorymamba [373]
Detection Vig [205], Vision-rwkv [206], Tutel [207], Mamba yolo [374], Voxel mamba [209], Mim-
istd [375], Htd-mamba [376], Sear [377]
Segmentation RWKV-SAM [378], Segman [379], VM-Unet [380], Pyramidmamba [381], Vig [205], Vision-

rwkv [206]

Enhancement & Restoration

Restore-rwkv [282], Dvmsr [383], Q-mambar [384], RWKV-IR [385], Pixmamba [386], Water-
ba [387], Retinex ba [388], Ll ba [369], Fourier ba [390], Vmambair [391],
Serpent [392], Matir [3293], Cu-mamba [394], Lfmamba [295]

Visi
e I DIS [396], Dim [397], DiM [210], Zigma [398], AiM [399], Maskmamba [400], Dimba [401],
DiM-3D [402], Gamba [403], Diffusion-rwkv [404], Sdit [405
U-mamba [211], Vm-unet [212], Rwkv-unet [213], Segmamba [406], Zig-rir [407], Bsbp-
Medicine rwkv [408], Mambamil [409], Mmr-mamba [410], Mambamir [411], Vmambamorph [412],
12i-mamba [413], Delta-wkv [414]
Autonomous Driving Mam?abev [214], Ocerwkv [415], H-mba [416], Trajectory mamba [417], Drama [418],
Salm? [419]
A RS-Mamba [420], Samba [421], Chang ba [422], Rs3 ba [423], Hsi ba [424],
Remote Sensing Pan-mamba [425], LE-Mamba [426], Rsdehamba [427], FMSR [428], Rscama [429]
. Audio mamba [215, 430, 431], Mamca [216], Rawbmamba [217], BiMamba [220],
il Undisstionsing Ssamba [432], Dual-path mamba [221], Spmamba [222], VAD [223]
Enhancement & Generation  SEMamba [433], Tramba [434], SaShiMi [218], Music-Diff [219], oSpatialNet-Mamba [435]
MaTAV [224], Avs-mamba [225], Av-mamba [436], Visua RWKV-UHD [226], Rwkv-clip [437],
. : Understanding Lavida [203], LiMoE [438], Uni-MoE [439], VL-MoE [227], Moe-llava [228], MoCLE [229],
Multimodality Llava-mole [230], PaCE [440], Llada-v [201], Dimple [366]
Unified Fragkiadaki [202], Mmada [204]
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