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▪ Multimodal ICL relies on interleaved image-text 

ICDs, which substantially increase input length 

and inference latency.

▪ MLLMs are sensitive to ICD formatting, 

ordering, and content, often overfitting to 

superficial demonstration cues instead of 

recovering robust demonstration-query 

relationships.

▪ We introduce Hyper-ICL, an efficient 

multimodal ICL framework that decomposes 

demonstration effects within self-attention and 

proposes a logit-level attention intervention that 

directly calibrates attention distributions rather 

than approximating demonstration-induced 

shifts only at the output level.

▪ We propose a layer-wise hyperbolic anchor 

distillation loss that aligns intermediate student 

features to a demonstration-conditioned 

teacher via Lorentz geodesic distance, helping 

preserve relative similarity ordering under 

dense demonstration–query relationships and 

enabling demonstration-free inference.

▪ Experiments on two large-scale MLLMs across 

six widely used, challenging benchmarks 

(including VQAv2, OK-VQA, and COCO 

Caption) show that Hyper-ICL consistently 

improves performance and stability over direct 

ICD prompting, vector-based ICV baselines, 

and training-based alternatives.
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▪ In-Context Attention Calibration: Hyper-ICL reconstructs ICD effects 

within self-attention by adding a parameter-efficient low-rank logit-level 

adapter to the attention logits:

This directly calibrates the attention distribution rather than 

approximating ICD effects as output-level shifts.

▪ Query-adaptive Token-wise Modulation: A token-wise modulation 

vector controls the intervention strength for each query token across 

layers and heads:

▪ Layer-wise Hyperbolic Anchor Distillation: A query-only student is 

aligned with a demonstration-conditioned teacher using Lorentz 

geodesic distance:

This preserves layer-wise demonstration-query relationships for 

demonstration-free inference.

▪ Compares Hyper-ICL 

with LoRA, LIVE, and 

MimIC.

▪ Evaluated across 

training sample sizes 

on VQAv2 and OK-

VQA.

▪ Uses Idefics-9B and 

Idefics2-8B-base 

backbones.
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