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Motivation & Contribution Method Experiments
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increase model throughput while retaining spatial information for RNN-based
large language models.

update(dst.s)

# Sort tokens by s

X < sort(dst, unm)
X < concat(CLS, X) instruction tokens

end for | Linear RNN LLM

critical 1nformation for tasks like wvisual
question answering, making 1t easier for
RWKYV to utilize 1ts data-dependent token
shifting mechanism and memorize the most
critical 1nformation for visual question-
answering of each frame.

Sandwich Prompting Strate
— = When compared to InternVL-1.5 2B, a

transformer-based model of similar size,
requires less computation

and provides an 8.13Xlower latency when

handling a video input with 60 frames.
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gDespite only trained on public data, our model performs favorably against
several state-of-the-art larger LMMs across various video understanding tasks,
while reducing computational complexity and memory consumption.
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