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Motivation & Contribution Method

When compared to InternVL-1.5 2B, a 

transformer-based model of similar size, 

AuroraLong requires less computation 

and provides an 8.13×lower latency when 

handling a video input with 60 frames.

We conduct careful ablation on input order for 

merged visual tokens within a frame, and 

observe that ascending token merging performs 

best, likely because larger patches contain 

critical information for tasks like visual 

question answering, making it easier for 

RWKV to utilize its data-dependent token 

shifting mechanism and memorize the most 

critical information for visual question-

answering of each frame.

Experiments

Short Video Question-Answering and Captioning

Long Video Question-Answering

Efficiency Analysis

Video-based LMMs typically follow an architecture similar to LLaVA-NeXT. This 

approach has shown promising results but faces efficiency challenges when 

processing long videos with complex temporal dynamics. Recent studies 

demonstrate that increasing the number of sampled frames during training and 

inference substantially improves model performance. However, such improvement 

comes with considerable computational and memory costs. As the number of 

sampled frames increases, the computation overhead in transformer-based LLMs 

scales quadratically with number of input frames due to causal self-attention 

mechanism, where each token attends to all previous tokens.

Motivation

Contribution

We are the first to use a fully recurrent LLM backbone in a LLaVA-like model 

architecture for open-ended video QA, presenting a novel hybrid architecture 

that can handle long video inputs with lower memory requirement.

We propose a training-free Sorted Visual Token Merge strategy (S-ToMe) to 

increase model throughput while retaining spatial information for RNN-based 

large language models.

Despite 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.

Ablation Study

Prompting Strategy

Core Design

To incorporate more frames within RWKV’s  limited 

pretrained context length, we propose Sorted Token 

Merge to reduce input sequence length to the LLM 

backbone while preserving spatial information.

To enhance AuroraLong’s instruction following, we 

use the sandwich prompt, inserting the reordered 

merged visual tokens between the instruction tokens.
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