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Abstract: With the remarkable progress of multimodal large language models (MLLMs) in perception tasks, enhancing their
reasoning capability has become a key research focus. Chain-of-Thought (CoT) reasoning improves reasoning transparency and
output interpretability, and extending this paradigm to the multimodal domain is expected to enhance the reasoning ability of
MLLMs. This paper presents a systematic review of multimodal CoT. It first analyzes the background and theoretical motivations
from the perspectives of technological evolution and task demands. Then, it introduces the major approaches to enabling CoT
reasoning in MLLMs, including the CoT paradigm, post-training phase, and inference phase. Furthermore, it summarizes
existing benchmarks and evaluation metrics, and explores potential application scenarios of multimodal CoT. Finally, the paper
discusses the current challenges in this field and outlines future research directions.
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A juggler can juggle 16 balls. Half
of the balls are golf balls, and half

of the golf balls are blue. How
many blue golf balls are there?

There are  blue golf balls. @

|u||||||||u||||l

The long-lived bridge still
Detect the lan gung and translate stands today.
in: <|enl> <|zh RERRBRMFES

There are 16 balls in fotal. Half of
the balls are golf balls. That means
that there are 8 golf balls. Half of
the golf balls are blue. That means
that there are 4 blue golf ball°

________________________________

___________________________________________________

Explanation The answeris “Yes™. Solution
abnormal
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E-ﬁ--w.:ﬂ--
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p—num-—hu-snm-‘t
the normal anatomy suggests pathology, which could
be infection, inflammation, 8 mass,or other aboormal

idicative Of such pathology a0 there fore support the
‘conclusion that the lung is not healthy.

(-1 had a conversation with my boss today, and she gave me

some feedback ol ny recent work.
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