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Paper & Code

ICL on these benchmarks primarily learns answer style/format

3. Text v.s. Multimodal ICL

Comparison of multimodal (dashed line) and text (solid line) ICL: Text shows 
sharper, steadier gains, underscoring multimodal ICL's difficulty.

yongshuo.zong@ed.ac.uk

@yongshuozong

Comparison of models with and without context extension strategy (SelfExtend). While 
it is helpful in some cases, context extension does not necessarily improve the 
performance of ICL.

Further Analysis

1. Emergent threshold of multimodal ICL

2. Disentangling context length and in-context learning

Comparison of different model sizes (dashed line indicates random chance). 72B 
model understands the tasks, while the smaller models fail, highlighting the impact 
of model size on ICL and the presence of an emergent threshold.

Main Results

★ LLaVA-OV-72B/GPT4V is the best overall I2T model.
★ No clear winner among text-to-image models.
★ Zero-shot performance ≠ ICL ability.

★ VLLMs demonstrate non-trivial ICL on VL-ICL Bench tasks.
★ VLLMs often struggle to make use of a larger number of ICL examples.

Findings

4. ICL Efficiency v.s. Zero-shot Performance

Zero-shot performance + ICL efficiency = 100%

* Co-first authors

VL-ICL is hard or impossible to solve in zero-shot
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