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Introduce our EmbodiedSplat
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g Binding full CLIP features to every Gaussians are memory-expensive! After reconstructing the semantic Gaussians, Codebook vectors store
* Auto encoder-decoder, PQ - Need additional pretraining per-Gaussian CLIP feature is recovered original CLIP features.
Online 3DGS reconstruction and Semantic Reasoning at the same time!  Per-scene Optimized Codebook = Not generalizable through sparse linear combination of
codebook vectors: - No information loss
Perception model for Embodied Agent requires: . . but memory-efficient!
, o , , , We propose CLIP global codebook and online sparse coefficient field sg (1) =) Qg (1,/) CT(I;(4,9)), > Q(6,5)=1. 4
1. Online: Process streaming images incrementally to reconstruct the 3D scene along its exploration . . . n . : i=1 i=1
for memory-efficient semantic Gaussians. No pretraining, Highly generalizable!
2. Real-time: High inference speed is required to be synchronized with agent’s exploration
3. Highly-generalizable: Model should be generalizable to the novel scenes. .. : e e L. . :
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4. Whole-scene Reconstruction: Model should support long video for the long-term planning and actions. CLIP Global Codebook C
: : : . : : Computing cosine similarity for every Gaussians are expensive! > O(MD)
5. Open-vocabulary Understanding: Perceive a wide range of objects described with natural-form of language. o o o T e
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Confidence Instead, we compute cosine similarity between codebook vectors and text.
Weighted-sum And, we reuse it for all Gaussians, leveraging the sparse coefficient field.
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Newly added global basis From previous frames

Current semantic 3DGS is not applicable for embodied scenarios!
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. o LEGaussians [59] 2D 6.79 18.13 4,13 15.49 2.53 5.67 1.39 5.45 2.93 9.34 ~ 6 hr Per-Scene
Embodledsplat v v v V V 3' NoveI-VIew RGB SyntheS’S Online-LangSplat [31] 7.13 21.56 3.89 14.52 3.45 8.97 245 4.12 4.51 11.34 5.4 min (1.12 FPS) Online . . . . . :
OpenGaussian [72] 29.50 44.61 23.74 39.14 22.52 35.02 15.15 25.66 25.65 37.03 ~2.5hr i - i i i
Occam’s LGS [9] aD 42.14 70.28 35.04 63.71 30.49 57.91 20.32 40.49 34.08 61.19 ~ 2 hr Per-Scene Offline
. . . Dr. Splat [30] 39.21 66.66 31.84 60.58 28.38 55.85 19.29 33.84 39.85 58.34 ~ 2 hr
buti . Check We bpage! Online 3D Semantic Reasor"ng InstanceGaussian [43] 2977 5232 | 2879 5007 | 2657 4863 | 2320 3832 | 2998 4747 ~3hr
our Contr’ Ut,on 'S... EmbodiedSplat (RGB) 3D 49.81 76.13 49.23 75.47 46.22 70.37 31.16 48.38 41.93 61.50 8 min (0.75 FPS) Generalizable | Online
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