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Abstract

Multimodal Large Language Models (MLLMs) adapt to vi-
sual tasks via in-context learning (ICL), which relies heavily
on demonstration quality. The dominant demonstration se-
lection strategy is unsupervised k-Nearest Neighbor (kNN)
search. While simple, this similarity-first approach is sub-
optimal for complex factual regression tasks, it selects re-
dundant examples that fail to capture the task’s full out-
put range. We reframe selection as a sequential decision-
making problem and introduce Learning to Select Demon-
strations (LSD), training a Reinforcement Learning agent
to construct optimal demonstration sets. Using a Dueling
DOQN with a query-centric Transformer Decoder, our agent
learns a policy that maximizes MLLM downstream perfor-
mance. Evaluating across five visual regression bench-
marks, we uncover a crucial dichotomy: while kNN re-
mains optimal for subjective preference tasks, LSD sig-
nificantly outperforms baselines on objective, factual re-
gression tasks. By balancing visual relevance with diver-
sity, LSD better defines regression boundaries, illuminating
when learned selection is strictly necessary for visual ICL.

1. Introduction

Multimodal Large Language Models (MLLMs) and
Large Language Models (LLMs) have demonstrated re-
markable abilities in complex tasks through in-context
learning (ICL) [6], including mathematical reasoning [41].
This paradigm has driven a significant shift in few-
shot learning (FSL). With the advent of powerful Vision
Foundation Models (VFMs) and Vision-Language Models
(VLMs), ICL is now the dominant approach for few-shot
adaptation. Consequently, as [58] notes, the core research
question has pivoted from training few-shot learners to ef-
fectively prompting massively pre-trained models.

Project page and code: https://eugenelet .github.io/
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Figure 1. An overview of our LSD (Learning to Select Demon-
strations) framework. The process is a training loop where the
MLLM acts as the Environment. (1) The Agent (a Dueling DQN)
receives the current state s;, which contains the query embedding
e, and the embeddings of all previously selected demonstrations
{e1,...,ei_1}. (2) The agent’s query-centric decoder outputs an
advantage query as, which is used to retrieve candidates Acand
from the Task’s Data via FAISS. (3) The agent selects the next
best demonstration, d;. (4) The full prompt (including the selected
demos d; ...dx and the query) is sent to the MLLM (Environ-
ment), which makes a prediction. (5) A Reward r; is calculated
based on the prediction’s accuracy (e.g., MAE). (6) This reward is
used to update the agent’s policy.

However, ICL efficacy is highly sensitive to prompt
configuration, especially the selection and ordering of
demonstration examples [22, 38]. The impact of effective
ICL spans diverse applications, including data engineer-
ing [5, 14, 37], model augmentation [30], knowledge up-
dating [4], model safety [24, 26], and sentiment analysis
[36, 44, 47, 52].

The most common selection strategy relies on unsuper-
vised nearest neighbor (kNN) retrieval based on feature
similarity [21, 29, 32]. While simple, this approach is of-



ten sub-optimal due to a lack of task-specific supervision
[31, 38, 50, 53]. Its core “similarity-priority” assumption
exhibits limited predictive power [42] and frequently yields
redundant demonstration sets that provide misleading con-
textual information [16].

To move beyond simple similarity, research has explored
demonstration ordering—arranging examples by proxim-
ity [21] or complexity [22]—and demonstration construc-
tion, emphasizing diversity [2] or using LLMs to gener-
ate new demonstrations [12, 15, 46, 48]. For visual ICL,
complex retrieval-reranking paradigms have been proposed
[57], alongside metrics designed to select for “representa-
tiveness” [11] or to explicitly model structural complexity
[16].

A more fundamental critique, inspired by hard nega-
tive mining [17], argues these approaches over-index on
positive, high-similarity examples. This has prompted a
paradigm shift reframing shot selection as a sequential
decision-making problem aimed at finding the most “’infor-
mative” examples [23]. This view treats demonstration se-
lection as a task for a Reinforcement Learning (RL) agent,
learning a policy to maximize cumulative rewards tied to
final ICL accuracy [53], shifting retrieval from simple vi-
sual similarity to a more abstract, task-oriented “reasoning
process similarity” [29].

We embrace this sequential paradigm to address a crit-
ical gap in visual ICL: understanding when learned selec-
tion is actually necessary. Building on efforts utilizing LLM
feedback [53, 56] or RL frameworks [39], we propose LSD
(Learning to Select Demonstrations), a novel RL frame-
work that trains a Dueling DQN agent to sequentially con-
struct demonstration sets for visual regression tasks. Our
key hypothesis is that the optimal selection strategy depends
fundamentally on whether the task is objective or subjective.
For objective, factual tasks, the optimal set must contain di-
verse “boundary” examples that help the MLLM model the
entire regression space. Conversely, for subjective prefer-
ence tasks, a simple visual anchor often suffices. As shown
in Fig. 1, our agent uses a query-centric Transformer De-
coder to learn a policy that actively balances visual rel-
evance with necessary diversity, avoiding the redundancy
trap of kNN to maximize accuracy on complex objective
domains.

Our main contributions are:

We introduce LSD, a novel framework that successfully
reframes K -shot demonstration selection as a sequential
decision-making problem, scaling to dataset-level action
spaces using a Dueling DQN agent and a query-centric
Transformer Decoder.

We conduct a comprehensive study on the efficacy of
learned selection policies across five diverse visual re-
gression benchmarks (UTKFace, AVA, SCUT-FBP5500,
KonlQ-10k, and KADID-10k).
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We reveal a critical, task-dependent dichotomy in vi-
sual ICL: while unsupervised similarity search (kNN)
remains highly effective for subjective preference tasks,
our learned, diversity-aware policy is strictly necessary to
achieve state-of-the-art performance on objective visual
regression tasks.

2. Related Work

Our research builds upon a large body of work in visual in-
context learning (ICL), particularly on the critical problem
of demonstration selection.

Demonstration Selection for In-Context Learning. The
performance of ICL is known to be highly sensitive to the
choice of demonstration examples [22, 54]. This has been
shown in various domains, with recent work demonstrating
that MLLMs like GPT-4V can classify specialized medi-
cal images (e.g., histopathology) with high accuracy using
just a few well-chosen examples [10]. This sensitivity has
spurred significant research into methods that move beyond
simple kNN retrieval.

A primary challenge is selecting an optimal set of
demonstrations, not just individual relevant examples. One
line of work treats this as a subset selection problem. Yang
et al. [48] proposed selecting a single, representative set
of demonstrations applicable to all test instances, using a
Determinantal Point Process (DPP) to ensure both quality
and diversity. This task-level approach contrasts with our
instance-level policy. Purohit et al. [28] (CASE) framed
set selection as a multi-armed bandit problem, treating each
subset as an “arm” and using a novel sampling strategy
to efficiently find the best set while minimizing expensive
LLM calls.

Another line of research explores the trade-off between
the two main criteria for selection: similarity and diversity.
While similarity-based retrieval is effective for simple tasks,
Xiao et al. [43] systematically demonstrated that incorpo-
rating diversity is crucial for improving performance and
robustness on complex tasks, such as math and code gener-
ation. This finding directly supports our hypothesis that a
learned agent is necessary to intelligently balance these two
competing objectives.

Rather than retrieving a static set, other methods treat se-
lection as a sequential construction problem. Li [18] intro-
duced SabER, a lightweight decoder that autoregressively
selects and orders examples to construct an optimal prompt.
While holistic, this approach is trained on scores from the
target MLLM, making the resulting selector model-specific
and requiring retraining for different MLLMs. Our RL-
based approach, while also sequential, learns from a more
generalizable reward signal (downstream MAE) and is not
as tightly coupled to the reward model’s architecture.



Finally, some work has focused on improving the re-
triever itself. Zhang et al. [54] proposed a supervised, con-
trastive learning framework to train a retriever that automat-
ically selects examples which maximize downstream task
performance. This highlights the value of task-specific su-
pervision, which our RL framework incorporates via its re-
ward function, in contrast to unsupervised similarity met-
rics.

Related ICL Training and Prompting Strategies. Be-
yond demonstration selection, other methods aim to im-
prove IDCL by modifying the model’s training or the
prompting method itself. To better leverage few-shot ex-
amples, Lin e al. [8] introduced an “any-shot” training
paradigm, showing that explicitly training models on ICL-
formatted, multi-turn conversations enhances their ability to
learn from context.

Diverging from selection entirely, other research ex-
plores how to elicit better reasoning from the LLM with
no demonstrations. Yao [49], for instance, introduced Con-
trastive Prompting, a zero-shot method that instructs an
LLM to generate both a correct and an incorrect solution.
This process of explicit contrastive reasoning was shown to
significantly boost performance on complex tasks by help-
ing the model better discern the correct problem-solving
path. Our work draws on a similar intuition: providing a di-
verse or “contrastive” set of demonstrations (e.g., high and
low scores) in the prompt can serve a similar purpose, help-
ing the model to “triangulate” the correct answer.

3. Method

The problem of selecting an optimal set of K demonstra-
tions for in-context learning (ICL) can be framed as a se-
quential decision-making task. While unsupervised meth-
ods based on feature similarity are common [11, 21], they
are often sub-optimal as they lack task-specific supervision
[31, 38]. To overcome this, we adopt a Reinforcement
Learning (RL) framework, similar to approaches in [39, 53],
to learn a policy that iteratively constructs a high-quality
demonstration set.

Our core contribution is a novel Dueling Deep Q-
Network (DQN) [40] architecture specifically designed
to handle the massive, discrete action space inherent in
demonstration selection, where any sample from the entire
dataset N can be chosen. Instead of a linear output layer of
size N, our network computes Q-values by projecting the
state representation into a query vector, which then interacts
with the embedding of all possible actions via an efficient,
approximate nearest-neighbor search.

3.1. Problem Formulation as an MDP

We model the K -shot demonstration selection process as a
finite-horizon Markov Decision Process (MDP), defined by
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the tuple (S, A, P, R,~):

State (s; € S): A state at step ¢t (fort = 1,...,K) is
defined by the query ¢ and the ordered set of demonstra-
tions selected so far, D;_1 = {dy,...,d;—1}. The initial
state s; contains the query and one “anchor” demonstra-
tion found via nearest-neighbor search, to provide initial
context.

Action (a; € A): An action is the selection of a new
demonstration d; from the pool of all available samples C,
excluding the query and any previously selected demon-
strations: a; € C \ ({q} U D;_1). The action space | A
is thus O(NNV), where N is the total number of samples in
the dataset.

Transition (P): The state transition is deterministic.
Upon taking action a; = d in state s; = (g, Dy_1), the
environment transitions to state s;11 = (g, D:), where
D; = D;_; U{d;}. The episode terminates when K
demonstrations have been selected (t = K).

Reward (R): The reward function is designed to op-
timize the marginal utility of each added demonstra-
tion. We define a MLLM scoring function, R(s;)
—MAE(V(q, D;_1)), which queries the MLLM with the
query g and demonstrations D;_; and returns the nega-
tive Mean Absolute Error (MAE) of its prediction. The
reward r; for selecting action a, is the improvement in
this score:

7(st,a) = R(st41) — R(st) (1)

This sparse reward encourages the agent to select samples
that progressively refine the MLLM’s accuracy. A large
penalty is given for invalid actions (e.g., re-selecting a
sample) or MLLM failures.
Discount (v): We use a discount factor ~y to balance im-
mediate and future rewards.

The agent’s goal is to learn the optimal action-value
function Q* (s, a), which represents the maximum expected
cumulative reward G; = Zf{:t v ~tr; from state s by tak-
ing action a and following the optimal policy thereafter.

3.2. Dueling Q-Network for Large Action Spaces

A standard DQN is infeasible due to the O(N) action space.
We therefore employ a Dueling Q-Network architecture that
leverages the underlying embedding space R” of the sam-
ples. All N samples are represented by a D-dimensional
embedding e;, pre-computed using a SigL.IP model [51].
The Q(s,a) function is decomposed into a state-value
V(s) and an action-advantage A(s, a) [40]:
) 2

Z A(s,a’)
a’'€A

Our network (Fig. 1) does not compute A(s,a) for all

a € A. Instead, it computes V(s) and a D-dimensional

Q(s,a) =V (s) + (A(s,a) — ﬁ



“advantage query” vector as. The advantage A(s,a;) for
a specific action (sample ¢) is then calculated as the inner
product of this query with the action’s embedding e;:

A(s,a;) = a] e; 3)
This formulation assumes both a, and e; are L2-

normalized, making the advantage a measure of cosine sim-
ilarity.

3.3. Network Architecture

Our network consists of a query-centric state encoder and
two dueling heads.

3.3.1. Query-Centric State Encoder

To produce a holistic state representation, we must fuse the
query embedding e, with the set of ¢ — 1 selected demon-
stration embeddings Ep = {eq1,...,e:-1}.

A common approach might be to simply concate-
nate these embeddings, [e4;e1;...;€,—1], and pass them
through a Transformer Encoder (i.e., using only self-
attention). However, our initial experiments revealed a sig-
nificant failure mode with this design: the agent was prone
to policy collapse, learning to select a single, query-agnostic
set of “generally good” demonstrations, regardless of the
query’s specific features. This indicates the self-attention
mechanism failed to adequately prioritize the query’s rela-
tionship to the demonstrations.

To solve this, we designed a Query-Centric State En-
coder using a standard Transformer Decoder architecture
[35] in a specific way. We feed the L2-normalized query
embedding e, as the target sequence (with a sequence
length of 1) and the set of ¢ — 1 demonstration embed-
dings Ep as the memory sequence. As ICL is sensitive
to demonstration order [21, 22], the demonstration embed-
dings are first augmented with a learned positional encoding
P € REXD,

A standard Transformer Decoder layer contains three
sub-layers: masked self-attention, cross-attention, and a
feedforward network (FFN). Because our farget sequence
has a length of one, the initial masked self-attention sub-
layer is definitionally bypassed (it’s a no-op).

Therefore, the computation within each of the L decoder
layers reduces to two critical steps:

1. Cross-Attention: The query representation x4 (from
the previous layer) is used to generate the Query (Q) vec-
tor. This Q probes the memory (demos) M = Ep + P,
which provides the Key (K) and Value (V) vectors. This
step computes an attention-weighted vector that repre-
sents the query contextualized by the demonstrations.

Feedforward Network (FFN): The resulting vector is
then processed by a standard position-wise FFN to pro-

duce the layer’s output, x((]l).
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This process repeats for L layers, progressively refining the
query embedding based on the provided demonstration con-
text. The final output c is the fully contextualized query
vector, which is then passed to the dueling heads. This com-
putation, performed by the L-layer TransformerDecoder, is
defined as:

¢, = TransformerDecoder(target = e,, memory = M)

M=Ep+P; xV=e,

) (MW)

-1 l l
I (1-1) (Xg )WCS))(MWQ)T
X, = X, + Softmax
e
xg” —x! +FFN(l)(x;) vie{l,...,L}
co = x(V
“)

where FEN() is the feedforward network for layer [. This
design ensures the state representation cg is always condi-
tioned on the specific query, mitigating policy collapse and
enabling the agent to learn a query-specific selection policy.

3.3.2. Dueling Heads

The context vector c; is passed to two separate heads:
1. Value Head: A simple linear layer that estimates the
state-value V (s):

Vis) = w;rcs + by 5)

where w,, € R? and b, is a scalar bias.

. Advantage Head: A linear layer followed by L2 nor-
malization, which produces the D-dimensional advan-
tage query vector ag:

W,cs + b,

=___° e 6
Hwacs + ba||2 ( )

as

where W, € RP*D and b, € RP.

3.4. Approximate Q-Learning for Large Action
Spaces

The Q-learning update requires computing the target value
y¢, which depends on max, Q(s’,a’). Finding the true
maximum would require NV dot products (Eq. (3)), which
is computationally prohibitive.

To solve this, we leverage Approximate Nearest Neigh-
bor (ANN) search. We build a FAISS (IVFPQ) index [7]
on the embeddings {e;}}¥, of all dataset samples. This in-
dex can efficiently retrieve the N candidate actions whose
embeddings have the highest inner product with a given ad-
vantage query vector a;.

3.4.1. Action Selection

We use an e-greedy policy. With probability €, we explore
by selecting a random valid action from the A candidates
returned by FAISS. With probability 1 — €, we exploit by
executing the following steps:



1. Compute the state-value V (s;) and the advantage query
a,, using the policy network Q.

2. Use the FAISS index to retrieve the top N candidate ac-
tions:
Acang = FAISS(as,, N).

3. Calculate the advantage A(s¢, a;) for all a; € Acang US-
ing Eq. (3).

4. Approximate the mean advantage using only these can-
didates:
A % ZajeAmd Al(st, aj).

5. Select the best action a; according to the dueling Q-value
(Eq. (2)):

ap = argmax, ¢ 4., (V(st) + (A(st, a;) — A))
3.4.2. Optimization

We store transitions (s, ag, ¢, St+1, done) in areplay buffer
B. For a mini-batch of B transitions, we compute the target
y; using the target network Qg-:
yr =1 +y(1 —done) - max Q(sip1,a507)  (7)
a’ €A g

where the max operation is performed efficiently using the
same FAISS-based approximation on the target network’s
advantage query ay.

The policy network @y is then updated by minimiz-
ing the Smooth L1 (Huber) Loss between the predicted
Q(st,a; 0) and the target y;:

L(9) = - Z Liuber (Yt — Q(5¢, ar; 0)) ®)
€B

(s,a,m,s")

The target network weights 6~ are updated via a soft polyak
average: 0~ <+ 760 + (1 —7)0~.

4. Experiments

We conduct a comprehensive set of experiments to evalu-
ate the effectiveness of our proposed demonstration selec-
tion method, which we refer to as LSD (Learning to Select
Demonstrations). Our evaluation is designed to answer sev-
eral key questions:

1. Does our method outperform standard unsupervised
(kNN) and random selection baselines in terms of down-
stream task performance?

2. How does the performance scale with the number of
demonstrations (K)?

3. Does our agent learn a selection policy that is qualita-
tively different from the baselines (e.g., by balancing rel-
evance and diversity)?

4. Can a policy learned using reward signals from one
MLLM generalize to improve the performance of other,
unseen MLLMs?

To answer these, we evaluate on a diverse set of challeng-

ing visual regression tasks and compare against strong base-

lines.

4.1. Datasets

We focus on visual regression tasks, as they require nu-
anced reasoning from the MLLM that is often highly sensi-
tive to demonstration quality. We use five public benchmark
datasets:

* UTKFace: A large-scale face dataset with over 20,000
images, annotated with age, gender, and ethnicity. For
our experiments, we use the age prediction task, which
features a wide regression range from 0 to 116 years [55].

* AVA (Aesthetic Visual Analysis): A large-scale database
of over 250,000 images, annotated with aesthetic scores
(a regression task on a 1-10 scale), as well as semantic
labels and photographic styles [25].

* SCUT-FBP5500: A facial beauty perception dataset con-
sisting of 5,500 images of both Asian and Caucasian
faces. Each image is annotated with an attractiveness rat-
ing on a 1-to-5 scale, providing a fine-grained regression
task [19].

* KonlQ-10k & KADID-10k: Two large-scale Image
Quality Assessment (IQA) datasets. KonlQ-10k contains
10,073 images with quality scores obtained via crowd-
sourcing, reflecting “authentic” perceptual quality [13].
KADID-10k contains 10,000 images generated from 81
pristine images, each distorted by 25 different degrada-
tion types at 5 levels, providing a benchmark for ”’syn-
thetic” distortion [20].

4.2. Baselines

We compare the performance of our method, LSD, against
two standard and widely-used demonstration selection
baselines:

* k-Nearest Neighbors (kNN): This is the most common
unsupervised baseline, based on the method in [21]. For a
given query, we compute its SigLIP embedding and select
the K samples from the training pool with the highest
cosine similarity to the query embedding.

* Random: We randomly select K demonstrations from
the training pool, excluding the query itself. This baseline
helps establish whether the task benefits from ICL at all.

* 0-Shot: We also report the performance of the MLLM
with no demonstrations, which serves as the absolute per-
formance floor and quantifies the overall benefit of ICL.

4.3. Implementation Details

MLLMs. Our experiments utilize three publicly available
Multimodal Large Language Models: Gemma 3 4B-it [33],
Qwen 2.5 7B [3], and Phi-3.5-vision (4.2B) [1]. Unless oth-
erwise specified, our LSD agent is trained using reward sig-
nals generated by Gemma 3 4B-it, as described in Sec. 3.

Embeddings. All sample embeddings for both our method
and the kNN baseline are D = 768 dimensional vectors
extracted from the SigLIP-base-patch16-224 vision model.



Table 1. Main Performance (MAE |) Comparison vs. Number of Shots (K). We report the Mean Absolute Error (MAE) for all
methods on the five benchmark datasets, evaluated with Gemma 3 4B-it for K € {1,4,8,16}. Our proposed method, LSD, consistently

outperforms all baselines, and the performance gap widens as K
provided for reference. Best results are in bold.

increases. The 0-shot and a fully Supervised (Sup.) baseline are also

\ \ \ Random \ kNN \ LSD (Ours)
Dataset | Sup. | 0-Shot | K=1 K=4 K=8 K=16|K=1 K=4 K=8 K=16| K=l K=4 K=8 K=16
UTKFace 442[27] | 6.10 | 6.14 1066 14.86 1251 | 598 7.27 761 760 | 590 627 7.05 6.64
AVA - 132 | 121 103 092 092 | 120 098 083 086 | 1.20 106 098 0.98
SCUT-FBP5500 | 0.26[45] | 0.59 | 058 0.64 064 068 | 0.53 039 040 044 | 055 0.62 0.67 075
KonIQ-10k 0.39[34] | 042 | 042 048 044 056 | 040 044 055 0.61 | 039 040 051 051
KADID-10k - 094 | 089 107 105 1.07 | 087 087 091 092 | 076 0.79 0.82 0.84
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Figure 2. Performance vs. Number of Shots (K) on four datasets. We plot the MAE as K increases. The results are task-dependent:
(a), (c), (d) Objective Tasks (UTKFace, KonlQ, KADID): Our LSD policy (blue) consistently outperforms the kNN baseline (orange).
(b) Subjective Task (AVA): The kNN baseline, which is based on visual similarity, consistently outperforms LSD.

LSD Agent. Our Dueling DQN agent’s state encoder is a
Transformer Decoder with L = 2 layers and H = 4 atten-
tion heads. We use a discount factor v = 0.99, a learning
rate of 5 x 1076, a replay buffer of 50,000 transitions, and
a batch size of 32. For efficient action selection (Eq. (7)),
we use a FAISS (IVFPQ) index to retrieve ' = 200 candi-
dates at each step. The agent is trained for 16,000 steps,
which takes approximately 7 hours on a single NVIDIA
A100 GPU.

4.4. Evaluation Protocols

We design several experiments to rigorously evaluate our
method. While benchmarks like AVA, SCUT-FB5500,
KonlQ-10k, and KADID-10k often report the Pearson Lin-
ear Correlation Coefficient (PLCC) or Spearman Rank Cor-
relation Coefficient (SRCC), these metrics primarily mea-
sure the monotonicity or correlation of predictions against
ground truth labels.

For our experiments, the primary metric is Mean Abso-
lute Error (MAE). This choice is critical as it directly aligns
with our method’s optimization objective. Our RL agent’s
reward signal is a function of the MLLM’s prediction error
(e.g., 7t x —MAE). Therefore, evaluating with MAE is the
most direct and accurate measure of our agent’s success, as
it quantifies exactly what the policy was trained to improve:
the absolute accuracy of the MLLM’s prediction.

4.4.1. Main Performance vs. K

Our primary experiment evaluates MAE as a function of the
number of demonstrations K. The full results are presented
in Tab. 1, with performance scaling on key datasets shown
in Fig. 2. The results reveal a clear, task-dependent pattern.

On the objective regression tasks—age prediction (UTK-
Face), and image quality assessment (KonlQ-10k and
KADID-10k)—our learned LSD policy consistently and
significantly outperforms the kNN baseline. As shown
in Tab. 1, this performance gap is evident across K =
4,8, and 16 for UTKFace and across all K values for the
IQA tasks. This highlights the efficiency of our learned,
diversity-aware policy for tasks with a clear, factual ground
truth.

Conversely, on the subjective tasks that rely on human
judgment, such as aesthetic rating (AVA) and attractiveness
rating (SCUT-FBP5500), the kNN baseline provides supe-
rior performance. This suggests that for these tasks, simple
visual similarity (which kNN excels at) is a more effective
strategy than our agent’s learned policy.

4.4.2. Demonstration Set Analysis

To understand our agent’s policy, we analyzed the selected
demo sets on UTKFace (Fig. 3). Our analysis shows kNN
uses a fixed, myopic strategy (visual similarity), while LSD
learns a sophisticated policy by optimizing for MLLM per-
formance.
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Figure 3. Demonstration Set Analysis on UTKFace, plotted
against K shots. (a) MAE of Demo Labels vs. Query: The MAE
between selected demo labels and the query’s true label. LSD finds
demos with closer labels. (b) Pairwise Label MAE: The MAE
computed over all pairwise label differences among the selected
demos. (c) Demo-Query Feature Similarity: The cosine similarity
between demo embeddings and the query embedding. LSD bal-
ances similarity with other factors. (d) Pairwise Feature Similar-
ity: The cosine similarity between every pair of selected demon-
strations. LSD actively seeks diverse (low-similarity) demos.

L]

Visual Relevance vs. Diversity: kNN selects highly re-
dundant, visually similar demos. In contrast, LSD learns
a more nuanced policy: it prioritizes relevance (Fig. 3(c))
but also actively seeks diversity by selecting new demos
that are visually dissimilar from those already in the con-
text (Fig. 3(d)).

Emergent Label-Awareness: Most strikingly, Fig. 3(a)
shows that by optimizing for the final reward, LSD im-
plicitly learns to select demos that are closer in label-
space to the query (lower MAE), despite its state contain-
ing no label information.

L]

In short, LSD learns a superior policy that balances vi-
sual relevance with active diversity, resulting in an emergent
strategy highly correlated with the task’s underlying label
structure.

4.4.3. Qualitative Analysis

Qualitative examples in Fig. 4 illustrate the core policy dif-
ferences. The kNN baseline is myopic, invariably selecting
a visually homogeneous and redundant set. For the 8-year-
old query, it selects only other visually similar children. For
the KADID-10k query, its policy is even more redundant,
selecting only other distorted versions of the same source
image.

In contrast, our LSD agent learns a sophisticated,
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context-building policy. For the UTKFace query, it se-
lects a diverse spectrum of visual features, providing var-
ied ages and appearances to help the MLLM understand
the concept of “age”. For the KADID-10k query, it learns
to select crucial “boundary” examples, such as the pristine
original (a high-score anchor) and images with entirely dif-
ferent distortion types from different source images. This
diverse context better defines the entire regression space
and drives LSD’s superior performance on objective tasks
(Tab. 1). However, this behavior also reveals a key lim-
itation: for subjective preference tasks (e.g., AVA), this
learned diversity introduces unnecessary variance, explain-
ing why kNN’s strict similarity approach remains superior.

4.4.4. Cross-MLLM Generalization

This experiment tests whether the learned policy is MLLM-
agnostic. We take the single LSD agent trained using re-
wards from Gemma 3 4B-it and use this frozen policy to
select demonstrations for Qwen 2.5 7B and Phi-3.5-vision.
We evaluate performance on the objective UTKFace task,
with results shown in Fig. 5.

The results show that our learned policy successfully
transfers and remains highly effective, significantly outper-
forming the Random baseline on both models. The compar-
ison to the strong kNN baseline is more nuanced. As shown
in Fig. 5(a), our policy (blue line) maintains its performance
advantage and consistently outperforms kNN (orange line)
on Qwen 2.5 7B. On Phi-3.5-vision, shown in Fig. 5(b), our
policy’s performance is on par with kNN. This strongly sug-
gests that our agent has learned a “fundamental” and gen-
eralizable policy that is not overfit to the original Gemma
reward model, as it performs comparably or better than the
strong kNN baseline on entirely unseen MLLMs.

Table 2. Analysis of Selection Order (MAE |) at K = 8. We
compare the performance of the agent’s learned demonstration se-
quence against the exact same set of demonstrations in a random
order.

Dataset | LSD (Learned Order) | LSD (Shuffled Set)
UTKFace 7.05 6.51
AVA 0.98 1.04
SCUT-FBP5500 0.67 0.53
KonIQ-10k 0.51 0.59
KADID-10k 0.82 0.82

4.4.5. Analysis of Selection Order

Our agent selects demonstrations d, ..., dx sequentially.
We sought to determine if this learned order is a critical part
of its policy, or if the agent is primarily learning to select
a good set of demonstrations. To test this, we conduct a
permutation test. For each query, we first use our trained
LSD agent to select its optimal X = 8 demonstrations and



UTKFace (Age Prediction)

kNN

Figure 4. Qualitative Comparison of Selected Demonstrations (KX = 12). (a) UTKFace: For an 8-year-old query, kNN selects only
images with highly similar features (e.g., other young children). LSD selects a diverse spectrum of visual features (e.g., varied ages,
genders, and lighting conditions) to build a richer context. (b) KADID-10k: For a motion-blurred query, kNN selects only other distorted
versions of the same source image. LSD selects a varied set, including the pristine original and images with different distortion types from

different source images, defining the quality boundaries.

—— LSD

3

Mean Absolute Error (MAE)
Mean Absolute Error (MAE)
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(a) UTKFace on Qwen 2.5 7B

1 3 5
Number of Shots (K)

(b) UTKFace on Phi-3.5-vision

Figure 5. Cross-MLLM Generalization (MAE |) on UTKFace
vs. Number of Shots (K). We use the single LSD policy (trained
on Gemma 3 4B-it) to select demos for two unseen MLLMs. The
plots show our policy (blue line) versus the kNN (orange line) and
Random (green line) baselines. (a) On Qwen 2.5 7B, our policy
consistently outperforms kNN. (b) On Phi-3.5-vision, our policy
performs on par with kKNN. Both LSD and kNN significantly out-
perform the Random baseline.

record the MAE. Then, we randomly shuffle the order of
those same 8 demonstrations and re-run inference.

As shown in Tab. 2, the ‘Shuffled Set’ performance is
nearly identical to, and not consistently worse than, the
agent’s ‘Learned Order’. This strongly suggests that the
primary skill our agent has learned is the selection of an
optimal set of demonstrations. The MLLM, in this case,
appears robust to the permutation of those demonstrations,
as long as the high-quality set is provided in the context.

4.4.6. Ablation Study: State Encoder Architecture

Our ablation study (Tab. 3) compared our Query-Centric
model to a Concat Input baseline, which concatenates
all embeddings ([e,; E,—1]) as a single ‘tgt’ sequence.
The baseline exhibited a critical behavioral failure: pol-
icy collapse, learning to select the same non-query-specific
demonstrations for all queries. This fundamental failure
confirms its inferiority, despite its inconsistent MAE scores.
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Table 3. Ablation Study on Decoder Input Strategy (MAE ).
We compare our query-centric model against a standard decoder-
only model (Concat Input) on UTKFace for K € {4, 8,16}, both
using L = 2 layers. We also note the qualitative policy behavior.

| MAE | |
Decoder Input Strategy \ K=4 K=8 K=16 \ Policy Behavior
Query-Centric 6.27 7.05 6.64 | Query-specific demos
Concat Input 701 642 7.74 | Non-query-specific

Our Query-Centric model successfully learned a query-
specific policy with strong and stable performance, prov-
ing our architectural choice is essential to learn an effective,
non-degenerate policy.

5. Conclusion

We introduced LSD, a novel framework that reframes in-
context demonstration selection as a sequential decision-
making problem. Powered by a query-centric Transformer
Decoder, our Dueling DQN agent learns a selection policy
by optimizing for downstream MLLM performance, scal-
ing to massive O(N) action spaces via efficient FAISS-
based retrieval. Crucially, our comprehensive evaluation
reveals a fundamental task-dependent dichotomy in visual
ICL: while simple kNN retrieval remains highly effective
for subjective preference tasks, our learned policy is strictly
necessary to achieve superior performance on objective vi-
sual regression tasks. By actively balancing visual rel-
evance with necessary diversity, LSD develops an emer-
gent awareness of the label structure to better define regres-
sion boundaries. This non-degenerate, generalizable pol-
icy demonstrates a clear path forward, illuminating exactly
when learning—rather than simply retrieving—is essential
for optimal in-context demonstrations.
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