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00:03 -> 00:10 in the future 
humanity may leave the …
00:07 -> 00:17 earth behind and 
search for a new home …
00:10 -> 00:20 in space but, where 
our solar system is a …

The question asks the order in which planets are introduced. 
…The subtitles mention "Mercury …" around 00:03:23… After 
Jupiter, Saturn is mentioned with its rings and storms. 
Following Saturn, Neptune is discussed…Looking at the options, 
option A is Venus, Jupiter, Neptune. Option C is Venus, Neptune, 
Jupiter, which would be incorrect. 
So the correct answer should be        A.

Speech

A large spacecraft with a 
dark, angular design and ….

…

…

A massive volcanic 
eruption with thick, dark 

smoke and ash billowing …

…

…
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A mysterious, glowing object 
suspended in the air against a 
backdrop of intense red and …

…

Question: what is the order of planet appearances in the video?
A. Venus, Jupiter, Neptune.               B. Mercury, Jupiter, Mars. 

                              C. Venus, Neptune, Jupiter.   D. Jupiter, Mercury, Neptune.

…
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Visual Reasoning 
Speech Reasoning

Figure 2: Method Overview. SiLVR is a simple two-stage language-based video reasoning framework. Top: The
video is segmented into short clips and paired with speech. A clip captioner processes each segment to generate
visual descriptions. The speech is transcribed using ASR. Bottom: A reasoning LLM takes the question, transcribed
speech, and dense visual descriptions compressed by Adaptive Token Reduction to perform complex video reasoning.
In the shown example, SiLVR infers the correct order by integrating information across both visual and speech
modalities. The model correctly identifies the sequence through reasoning and eliminating incorrect options.

curacy and format rewards can induce emerging
reasoning capabilities in LLMs. These RL-based
methods have shown strong improvements in tasks
such as mathematics (Zheng et al., 2021; Azer-
bayev et al., 2023) and code generation (Austin
et al., 2021; Hendrycks et al., 2021). Motivated by
these successes, we propose to take advantage of
the strong reasoning ability of LLMs for complex
video-language reasoning problems.

Multimodal Reasoning Models. There have been
many efforts to augment MLLMs with reasoning
capabilities. One line of work focuses on decom-
posing the reasoning process into multiple sub-
problems (Zhang et al., 2023c; Xu et al., 2024;
Zhang et al., 2024b). Motivated by the success
of DeepSeek-R1 (Guo et al., 2025), another line
of work explores RL to elicit the reasoning ability
of the MLLMs (Huang et al., 2025; Shen et al.,
2025; Yang et al., 2025b; Zhang et al., 2025;
Ouyang, 2025; Peng et al., 2025). In the video
domain, VideoCoT (Wang et al., 2024c) and Video-
of-Thought (Fei et al., 2024) propose to prompt
the MLLMs with multiple reasoning steps before
answering the question. In addition, multiple con-
current works propose to use GRPO to enhance
video reasoning (Wu et al., 2025; Feng et al., 2025;

Chen et al., 2025; Li et al., 2025; Wang et al.,
2025). However, many of these RL-based meth-
ods demand substantial training computation, and
achieve only marginal improvements or perform
even worse than the SFT methods (Wang and Peng,
2025; Feng et al., 2025). Unlike these methods,
SiLVR is simple, training-free, yet highly perfor-
mant across a wide range of VideoQA benchmarks.

Complex Video-Language Understanding. A va-
riety of benchmarks for complex video-language
understanding have been proposed, with a focus
on comprehensive evaluation of videos with dif-
ferent durations and questions spanning diverse
categories (Fu et al., 2024; Li et al., 2024b; Liu
et al., 2024a; Rawal et al., 2024). In parallel, sev-
eral benchmarks have been introduced to assess the
reasoning capabilities of large video-language mod-
els (Hu et al., 2025; Song et al., 2025; Zhao et al.,
2025; He et al., 2024). On the modeling side, recent
video MLLMs adapt image MLLMs by fine-tuning
additional modules for temporal modeling (Lin
et al., 2023; Li et al., 2023, 2024a; Zhang et al.,
2023b). Several follow-up works explored spa-
tiotemporal token compression (Islam et al., 2025;
Liu et al., 2024b; Bai et al., 2025; Shen et al., 2024)
or building hierarchical memory (Song et al., 2023;


