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Background & Motivation

n Status of MLLMs
◉ Pioneering MLLMs still exhibit suboptimal performance on complex tasks requiring deep thinking and extrapolation 
for effective problem-solving  à  CoT Reasoning

◉  Challenges in improving MLLMs towards CoT reasoning
ü Data: there remains a significant shortage of high-quality multimodal CoT data
ü Model architecture: MLLMs frequently reason using flawed visual evidence due to insufficient representation and misalignment
ü Reasoning strategy: MLLMs are prone to over-reasoning and under-reasoning during inference



Methodology: Corvid Architecture 

n Optimizing standard MLLM architectures to facilitate cross-modal alignment
◉ Hybrid Vision Encoder to effectively represent visual content
◉  GateMixer to facilitate cross-modal alignment 

Corvid incorporates a hybrid vision encoder, a GateMixer, and an LLM



Methodology: Training Procedure

n Corvid undergoes three consecutive training stages

S1: Multi-Grained Alignment Pre-training S2: CoT-Enhanced Supervised Fine-tuning S3: Pure-CoT Instruction Tuning

visual-text alignment Enable Corvid with instruction-following and 
CoT reasoning capabilities 

Further refining Corvid’s CoT reasoning 
capability



Methodology: Training Data Curation

n How to ensure data quality throughout training stages?
◉ Creating a high-quality multimodal CoT instruction-following dataset, MCoT-Instruct-287K, refined and 
standardized from diverse public reasoning sources

Comparison between raw and rewritten CoTs

GPT-based CoT Rewriting and 
Data Filtering



Methodology: Training Data Curation

n How to ensure data quality throughout training stages?
◉  Collecting and curating publicly available image-text data  

Stage 1

Stage 3

Stage 2



Methodology: Corvid Inference

n Inference-Time Self-Verification
◉ Scaling inference-time computation to mitigate the issues of over-reasoning and under-reasoning, using task 
difficulty determined by model confidence and cross-modal representation similarity



Experiment: Quantitative Comparison

✏ Multimodal Reasoning Benchmarks

✏ Comprehensive Benchmarks



Experiment: Qualitative Results

✏ Science 
Problem Solving

✏ Mathematical 
Reasoning



Conclusion

① Corvid: an MLLM with advanced CoT reasoning capabilities

② Inference-time self-verification strategy

③ MCoT-Instruct-287K

✏ Failure Case Study

◈Corvid accurately locates the positions of the pickup truck and the 
nearest curb, it fails to reason correctly due to a lack of world 
commonsense, i.e., typical lane widths on urban roads or highways range 
from about 3.5 to 4.5 meters

✏ Conclusion
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