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Background

Visual In-Context 
Learning 



Related work

Demonstration Selection for In-Context 
Learning

DPP (2023 EMNLP)
CASE (2025 ICML)

SupPR (2023 NIPS)
VICL (2024 ACL)



Method

Overview

adopt a Reinforcement Learning (RL) framework to learn a policy that iteratively constructs a 
high-quality demonstration set.



Method

Problem Formulation as an 
MDP

model the K-shot demonstration selection process as a finite-horizon Markov Decision Process (MDP) , 
defined by the tuple                         .

defined by the query q and the ordered set of demonstrations           selected so far

the selection of a new demonstration from the pool of all available examples

Upon taking action      , the environment transitions from                       to 

to balance immediate and future rewards



Method

Dueling Q-Network for Large Action 
Spaces

samples represented by a D-dimensional embedding  

computes   V (s) and a D-dimensional “advantage query” vector



Method

Network Architecture

Memory：

Query-Centric State Encoder

Value Head Advantage Head



Method

Action Selection

ε-greedy policy 
With probability ε, we explore by selecting a random valid action from the N candidates 
returned by FAISS. With probability 1 − ε, we exploit by executing the following steps:
1. Compute the state-value V (st) and the advantage query  ast using the policy 

network Qθ .
2. Use the FAISS index to retrieve the top N candidate actions:
3. Calculate the advantage  A(st, aj) for all  aj ∈ Acan .
4. Approximate the mean advantage using only these candidates:
5. Select the best action at according to the dueling Q-value:



Method

Optimization

We store transitions     (st, at, rt, st+1, donein a replay buffer. For a mini-batch of B 
transitions, we compute the target   yt using the target network Qθ :

Policy network   Q   is then updated by minimizing the Smooth L1 (Huber) Loss between 
the predicted     Q(st, at; θ  and the target  y :

The target network weights θ− are updated via a soft polyak average:



Experiment

Main Performance vs. K



Experiment

Main Performance vs. K



Experiment

Demonstration Set Analysis



Experiment

Qualitative Analysis



Experiment

Ablation Study
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