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Abstract. Inspired by text prompts in large language models, visual
prompts have been explored to enhance the perceptual capabilities of
large vision-language models (LVLMs). However, performance tends to
saturate under single visual prompt designs, making further prompt engi-
neering increasingly ineffective. To address this limitation, we shift from
prompt engineering to prompt retrieval and propose AutoV, a lightweight
framework for instance-adaptive visual prompt identification. Given an
input image and a textual query, AutoV automatically locates the most
suitable visual prompt from a diverse candidate pool. Training such a re-
trieval framework requires prompt-level supervision, yet prompt quality
is inherently ambiguous and difficult to assess reliably, even for humans.
To enable automatic supervision, we evaluate visual prompts using a pre-
trained LVLM and label them according to their prediction losses. Using
the loss-oriented ranking as a robust training signal, AutoV learns to re-
trieve the query-aware optimal prompt for each instance without manual
annotation. Experiments indicate that AutoV enhances the performance
of various LVLMs on image understanding, captioning, grounding, and
classification tasks. For example, AutoV improves LLaVA-OV by 10.2%
on VizWiz and boosts Qwen2.5-VL by 3.8% on MMMU, respectively.
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1 Introduction

Recent advancements in large language models (LLMs) [1,3,5,8,10,35,47] have
spurred significant progress in large vision-language models (LVLMs), which con-
nect visual encoders with language model decoders to effectively adapt textual
reasoning capabilities to visual understanding tasks [4,15,23,26,31,43,44]. Con-
sequently, visual input plays a crucial role in LVLMs, enabling precise perception
and fine-grained grounding across various multimodal scenarios.
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Fig. 1: Motivation of AutoV. (a) Performance saturation. Existing visual prompts
approach benchmark ceilings, limiting further gains from prompt engineering. (b) La-
beling difficulty and task diversity. Optimal prompts vary across tasks, and the crown
denotes the one leading to the correct answer. While the optimal prompt is easy to
identify in the top example, it is much harder to determine in the bottom one.

Inspired by textual prompting in LLMs [25, 49, 67|, visual prompting has
emerged as an effective paradigm for guiding LVLM attention [30,42, 51, 62].
By injecting structured visual cues, such as blur masks, bounding circles, or at-
tention heatmaps, visual prompts encourage models to focus on task-relevant
regions. However, existing approaches predominantly rely on fixed, heuristically
designed prompts. While these handcrafted strategies can yield improvements
on certain benchmarks, they implicitly assume that a single prompt design gen-
eralizes across diverse visual scenes and textual queries.

In practice, this assumption rarely holds. As shown in Figure 1(a), heuristic
prompts tend to approach benchmark-specific performance ceilings, leaving lim-
ited room for improvement through prompt engineering alone. Moreover, prompt
effectiveness varies across tasks and instances. For example, in Figure 1(b),
attention-based masks may benefit OCR-sensitive tasks, while highlight circles
emphasize salient objects for detection. These observations suggest that the
optimal visual prompt is inherently instance-dependent, making fixed
prompt designs fundamentally limited. This insight motivates a paradigm shift
from prompt engineering to prompt retrieval: instead of searching for a univer-
sally optimal visual prompt, we ask a more flexible question—given a specific
image-query pair, which visual prompt is most suitable?

To this end, we introduce AutoV. This innovative visual-prompting retrieval
framework dynamically selects the optimal visual prompt from a set of candi-
dates, explicitly tailored to the textual query and the input image. Specifically,
we first generate various visual prompt candidates and encode their representa-
tions. This diversity enables the framework to capture distinct visual represen-
tations that may be optimal for various query-image pairs. Next, we design a
lightweight ranking network that efficiently integrates visual and textual infor-
mation to predict the ranking preferences over prompt candidates. Finally, the
highest-ranking candidate is chosen as the input for LVLMs during inference.

A central challenge in learning such a retrieval framework lies in
supervision. As illustrated in Figure 1(b), the quality of visual prompts is often
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ambiguous and task-dependent, making reliable human annotation difficult, par-
ticularly for OCR or reasoning-heavy tasks. To address this issue, we introduce
a fully automated supervision strategy: each prompt candidate is evaluated by a
pre-trained LVLM and ranked according to its prediction loss. This loss-oriented
ranking provides a stable training signal, enabling the ranking network to learn
query-aware prompt preferences without manual annotation.

Extensive experiments demonstrate that AutoV consistently enhances a wide
range of LVLMs across diverse tasks, including image understanding, captioning,
grounding, and classification. For example, AutoV improves LLaVA-OneVision
by 10.2% on VizWiz and boosts Qwen2.5-VL by 3.8% on MMMU. Beyond
benchmark gains, AutoV generalizes robustly across closed-source models and
integrates seamlessly without additional fine-tuning of the backbone LVLM.

In summary, our contributions are threefold:

— We introduce AutoV, a novel automatic visual prompting framework for
large vision-language models that adaptively retrieves the optimal visual
prompt from a diverse candidate pool, explicitly tailored to textual query.

— We create a scalable and totally automated data collection pipeline equipped
with a reward-based loss to effectively train a lightweight ranking network,
facilitating accurate and adaptive visual prompt selection without the need
for extensive manual annotations.

— We perform comprehensive experiments to validate the efficacy and robust-
ness of AutoV across tasks, with consistent and significant improvements
over existing visual prompt engineering. Once trained, AutoV integrates
seamlessly into various LVLMs without additional fine-tuning.

2 Related Work

2.1 Large Vision-Language Models

Recent advances in large language models [1, 8,10, 35,39,47] have catalyzed a
new wave of large vision-language models [2,4,15,27,28,31]. By coupling a high-
capacity visual encoder with an LLM decoder, LVLMs transfer textual reasoning
to visual understanding, and the quality of input images determines the lower
bound of multimodal abilities. For instance, the popular LLaVA-OneVision [26]
and Qwen2.5-VL [5] adopt a higher and dynamic resolution recipe for training
to enhance their fine-grained reasoning, while vision-centric scaling in InternVL2
[11] enlarges the ViT [17] backbone to boost grounding capability. However, the
above methods require training times of several hundred GPU days. Here, can
we further boost the existing LVLMs by optimizing the visual input
itself during the inference stage? The answer is Yes. Visual prompting
[24,30,40,42,55,57,65] is an emerging and effective technique in this direction.

2.2 Visual Prompting for LVLMs

LVLMs relying solely on textual inputs exhibited two key limitations: visual
hallucinations [6,22] and language-driven biases [37,50]. To better mitigate these
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challenges, visual prompting [30,42,51,62] has emerged as an alternative way of
supplying cues in the visual modality. Compared with textual prompts, it is more
concise and explicit, while allowing guidance that reaches ne-grained, pixel-
level details. Early work [40] shows that simply drawing a red circle around a
target object steers CLIP [38] attention, yielding great performance on referring-
expression and keypoint-localization benchmarks. FGVP [55] extends this idea
with ne-grained prompting, replacing coarse shapes with blur-reversal prompts
based on segmentation masks, further improving accuracy on RefCOCO [63].
AlphaCLIP [42] trains an augmented version of CLIP with an auxiliary alpha
channel for indicating regions at the expense of increased training overhead. API
[57] proposes attention prompting on images, overlaying text-guided attention
heatmaps. Although previous studies have explored various visual prompts, the
marginal gains brought by such engineering designs are gradually diminishing.
To address this limitation, we propose a visual prompt retrieval mechanism that
integrates existing prompt designs, exploiting their complementary advantages.

2.3 Visual Retrieval for LVLMs

Existing visual prompt retrieval pipelines generally adhere to three main paradigms.
(1) The heuristic paradigm identi es benchmark-level optimal parameters through
extensive evaluation without instance-speci ¢ adaptation. (2) The random paradigm
o ers a baseline characterized by instance-level variation. (3) The Mixture-of-
Experts (MoE) paradigm [7, 18, 68] provides the most direct form of adapta-
tion by utilizing GateNet speci cally for visual retrieval. Notably, AutoV di ers
fundamentally from retrieval-augmented methods [36, 54]. Instead of retrieving
external visual data with additional netuning, AutoV performs lightweight in-
model prompt selection based solely on the input image features within a com-
pact candidate pool, resulting in signi cantly improved e ciency.

3 Proposed Approach: AutoV

In this section, we propose the AutoV for optimal visual prompt retrieval. Our
framework includes four critical components: (1) feature extraction of prompt
candidates, (2) candidate ranking consisting of modality interaction and single-
modality mapping modules, (3) reward loss supervision along with automated
data generation pipeline, and (4) an e cient and robust inference pipeline. The
overall architecture is illustrated in Figure 2, where the four modules are color-
coded for clarity. Best viewed in color.

3.1 Feature Extraction of Prompt Candidates

The primary goal is to e ectively choose the most appropriate visual prompt in
response to various text queries and input images. For a group of n input visual
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Fig. 2: The illustration of AutoV. It comprises four key components: representa-
tion extraction from candidates, ranking network for reward score, reward-supervised
training, and inference. It retrieves the prompt tailored to each query-image pair.

prompts fX 1;X2; 1 Xn g, we employ a visual encoder g(:) (e.g., like CLIP [38])
to generate the visual feature:

Z; =g(xi) with i 2 f1;:::;ng: (1)

Next, we apply a projection matrix W to transform each visual feature Z; into
language embedding tokens V=W Z ;, aligning the same dimensionality as
the word embedding space in the language model. As a result, we obtain a set of
visual candidates represented in the form of visual tokens ¥2 R-P  to rank,
where L denotes the length of vision tokens and D is the language embedding
dimension. Notably, both the visual encoder and the alignment projector are
directly inherited from a fully trained LVLM, and we adopt them without any
additional ne-tuning.

3.2 Candidate Ranking Network

The goal of the ranking network is to e ectively rank the visual prompt candi-
dates based on their relevance to the textual query, by modeling the relationship
between the visual tokens and the input text. Therefore, we rst propose the
modality interaction module to enable visual tokens to fuse the context informa-
tion of text tokens. Inspired by observations in [64] that modality-fusion occurs
in the early layers of the LLM, we use the rst layer of the LLM decoder f(:)
for modality interaction. Thus, visual candidate tokens V; and text tokens T are
concatenated and fed into the interaction module:

H; :=f(concat( V;;T)); (2)

with the outputs are V; = H i[: IyJ]and T = H [I { :]. Next, we input visual

candidate tokensV ; into a vision mapping module, which is implemented using
a feed-forward network (FFN). The generated nal candidate features are \(D 2
R'vM where h D is the output dimension of the vision mapping module to



