2024 /11/12 multimedia

« shindo
Image Coding For Machine Via Analytics-Driven Appearance Redundancy Reduction
(ICIP 2024)
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Fig. 1: Architecture of the proposed appearance redundancy reduction-based ICM framework.
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Fig. 3: Visual comparison of different image codecs regarding semantic information preservation.
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Seeing and Hearing: Open-domain Visual-Audio Generation with Diffusion Latent Aligners
(CVPR 2024)

ImageBind: One Embedding Space To Bind Them All

(CVPR 2023)

task: Joint video and audio generation, video to audio, audio to video, image to audio
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Figure 1. Overview. Our approach is versatile and can tackle four tasks: joint video-audio generation (Joint-VA), video-to-audio (V2A),
audio-to-video (A2V), and image-to-audio (I12A). By leveraging a multimodal binder, e.g., pretrained ImageBind, we establish a connection
between isolated generative models that are designed for generating a single modality. This enables us to achieve both bidirectional
conditional and joint video/audio generation.
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Figure 2. The proposed diffusion latent aligner. During the denoising process of generating one specific modality (visual/audio), we
adopt the condition information (audio/video) to guide the denoising process. By leveraging the pretrained ImageBind model, we calculate

the distance of the generative latent z, M1 with the condition zé”z in the shared embedding space of ImageBind. Then we backpropagate
the distance value to obtain the gradient of z;”l with respect to the distance.
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Algorithm 1 Multimodal guidance for joint-VA generation

Require: Learning rate A, Ao, optimization steps N,
warmup steps £, prompt p
1 y = EMB(p)
2 fort =T to0do
z; + DENOISE(z{,,.y)
z} + DENOISE(z{,,y)
if t < K then
for n = 0to N do
7 = < (- V= ate)
8: iﬁ:ﬁ(z}ff«/lf@?c?)

B

9: €,, ey, e, = IMAGEBIND(Z], 2, p)

10: Ejnim-\'a = Fley, e‘p) + Fley, eq) + ]:(emep)
11 z; =zy — )\1Vz;" Ejo&m-va

12: Z'El = Z'El -\ vz',f ﬁjmm-va

13: ¥ =¥ — MVyLinva

14: end for

15:  end if

16: end for

. U a
17: return zg, zg
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Feature 3DGS: Supercharging 3D Gaussian Splatting to Enable Distilled Feature

(CVPR 2024)
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Figure 2. An overview of our method. We adopt the same 3D Gaussian initialization from sparse SfM point clouds as utilized in 3DGS,
with the addition of an essential attribute: the semantic feature. Our primary innovation lies in the development of a Parallel N-dimensional
Gaussian Rasterizer, complemented by a convolutional speed-up module as an optional branch. This configuration is adept at rapidly
rendering arbitrarily high-dimensional features without sacrificing downstream performance.
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Figure 3. Novel view semantic segmentation (LSeg) results on scenes from Replica dataset [43] and LLFF dataset [29]. (a) We
show examples of original images in training views together with the ground-truth feature visualizations. (b) We compare the qualitative
segmentation results using our Feature 3DGS with the NeRF-DFF [21]. Our inference is 1.66> faster when rendered feature dim = 128.
Our method demonstrates more fine-grained segmentation results with higher-quality feature maps.
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Metrics PSNRitsait  SSIMizsayt  LPIPS(zsaa)
Ours (w/ speed-up) 37012 czo0m 0971 (253e4) 0023 (129¢4)
Ours 36.915 z005  0.970 (£57e4) 0,024 (L1163
Base 3DGS 36.133 w006y 0.965 21504y 0.033 (21203

Table 1. Performance on Replica Dataset. (average perfor-
mance for 5K training iterations, speed-up module rendered fea-
ture dimn. = 128). Boldface font represents the preferred results.

Metrics mloUT  accuracy? FPST
Ours (w/ speed-up)  0.782 0.943 14.55
Ours 0.787 0.943 6.84
NeRF-DFF 0.636 0.864 5.38

Table 2. Performance of semantic segmentation on Replica
dataset compared to NeRF-DFF. (speed-up module rendered
feature dim = 128). Boldface font represents the preferred re-
sults.
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