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Abstract. Large Vision-Language Models (LVLMs) encounter signifi-
cant challenges in image understanding and visual reasoning, leading
to critical perception failures. Visual prompts, which incorporate image
manipulation code, have shown promising potential in mitigating these
issues. While visual prompts have emerged as a promising direction, pre-
vious methods for visual prompt generation have focused on tool selection
rather than diagnosing and mitigating the root causes of LVLM perception
failures. Because of the opacity and unpredictability of LVLMs, optimal
visual prompts must be discovered through empirical experiments, which
have relied on manual human trial-and-error.

In this work, we propose an automated semantic exploration framework
for discovering task-wise visual prompts. Unlike previous methods, our
approach enables diverse yet efficient exploration through agent-driven
experiments, minimizing human intervention and avoiding the inefficiency
of per-sample generation. We introduce a semantic exploration algorithm
named SEVEX, which addresses two major challenges of visual prompt
exploration: (1) the distraction caused by lengthy, low-level code and (2)
the vast, unstructured search space of visual prompts. Specifically, our
method leverages an abstract idea space as a search space, a novelty-guided
selection algorithm, and a semantic feedback-driven ideation process to
efficiently explore diverse visual prompts based on empirical results.

We evaluate SEVEX on the BlindTest and BLINK benchmarks, which
are specifically designed to assess LVLM perception. Experimental results
demonstrate that SEVEX significantly outperforms baseline methods in
task accuracy, inference efficiency, exploration efficiency, and exploration
stability. Notably, our framework discovers sophisticated and counter-
intuitive visual strategies that go beyond conventional tool usage, offering
a new paradigm for enhancing LVLM perception through automated,
task-wise visual prompts.
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Fig. 1: Overview of visual prompting paradigms for LVLMs. Visual prompts are
an effective approach for mitigating perception failure of LVLM. Rather than manual
discovery and zero-shot generation, we propose a framework to explore task-wise visual
prompts efficiently.

1 Introduction

Large Vision-Language Models (LVLMs) have demonstrated remarkable capa-
bilities in complex reasoning and open-ended dialogue. However, LVLMs often
struggle with fundamental visual perception such as identifying fine-grained
attributes or understanding spatial relationships, leading to hallucinations or
incorrect reasoning based on misperceived visual input . The inher-
ent opacity and unpredictability of these models make it difficult to anticipate
such failures, necessitating specialized interventions to ground their vision more
reliably.

One of the most promising directions to mitigate these failures is visual
prompting . In addition to traditional text-based prompts,
visual prompting involves direct manipulation of the input image—often through
programmatic code—to explicitly guide the model’s attention to relevant features.
By overlaying geometric cues [7[16], highlighting specific regions [21], or applying
external tools @, visual prompts enable LVLMs to bypass the failure points and
to focus on the most important part. This programmatic approach allows for a
precise, reproducible way to enhance visual grounding, offering a powerful tool
for correcting the perceptual blind spots of LVLMs.

Despite its potential, current research on visual prompt generation remains
in its infancy, often focusing on tool usage rather than diagnosing and resolving
fundamental perception failures. More importantly, discovering an effective visual
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prompt for a specific task remains a heavily manual process of trial-and-error.
Because LVLMs react to visual changes in highly sensitive and non-intuitive ways,
human researchers must spend significant effort empirically testing various ideas
to find the optimal strategy. This challenge is further compounded by the lack of
transferability across different architectures; as we demonstrate in Section a
visual prompt optimized for one backbone model rarely yields consistent gains
when applied to another. This implies that a visual prompt for every model
needs to be discovered independently. This heavy dependency on human effort
limits the scalability of visual prompting and underscores the urgent need for an
automated, agent-driven discovery framework.

However, automating this discovery process is not straightforward; it presents
two significant technical challenges. First, the distraction of low-level code: lengthy
and complex image-manipulation scripts can introduce unintended noise, over-
whelming the LVLM instead of aiding it. Second, the vast and unstructured
search space: the infinite combinations of visual modifications make it nearly
impossible for a naive agent to find an optimal solution.

To address these, we propose an automated semantic exploration framework for
task-wise visual prompts. Instead of searching through raw code, our approach
operates on a high-level idea space. By utilizing a novelty-guided selection
algorithm and backpropagating actionable insights from sample-wise analysis, our
framework efficiently explores diverse visual strategies and converges on effective,
task-wise prompts with minimal human oversight.

We evaluate our framework on two benchmarks [4,/14] specifically designed to
expose the visual perception failures of LVLMs. Our experiments demonstrate
that the automatically discovered visual prompts significantly outperform ex-
isting baselines. Furthermore, our analysis reveals that optimal visual prompts
are rarely transferable across different LVLM settings, a finding that strongly
emphasizes the necessity of our automated discovery framework for model-specific
optimization. These results validate the efficiency of semantic exploration and
suggest a new paradigm for enhancing the reliability of vision-language models
through automated discovery.

We illustrate the problem setting and our motivation in Figure [1jand summa-
rize our contributions as follows:

— Automated Discovery of Task-wise Visual Prompts: We introduce an
agent-driven framework that automatically discovers task-wise visual prompts,
moving beyond manual engineering and sub-optimal zero-shot generation.
Recognizing that effective visual prompts are highly model-specific and rarely
transferable, our framework provides a scalable solution.

— Semantic Exploration: We propose SEmantic Visual prompt EXploration
(SEVEX) to overcome the challenges of exploration in raw visual prompt
space. SEVEX utilizes 1) an abstract idea space as a search space and 2)
a novelty-guided node selection algorithm to enable efficient and diverse
exploration, and 3) a semantic backpropagation that analyzes sample-wise
results into actionable insights for future idea generation, enabling the diverse
and efficient exploration.
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— Performance & Analysis: We demonstrate the effectiveness of SEVEX on
the BlindTest and BLINK benchmarks, achieving superior task accuracy, in-
ference efliciency, and exploration stability. Notably, our framework discovers
sophisticated, counter-intuitive visual strategies, not limited to conventional
tool usage.

2 Related Work

2.1 Perception failures in LVLMs and visual prompting

Perception failures in LVLMs. Recent studies have increasingly revealed
that LVLMs, despite their advanced reasoning capabilities, suffer from systematic
perception failures. Benchmarks such as BlindTest |14], VLM Eye Exam [13],
and Blink [4] demonstrate that these models often struggle with fundamental
visual tasks, including fine-grained attribute identification and spatial relationship
understanding [19,/24]. These failures lead to hallucinations where the model’s
reasoning is grounded on misperceived visual information.

Visual prompting strategies. We define a visual prompt as image-manipulation
code paired with text prompts. Existing strategies for improving LVLM per-
ception can be grouped into two paradigms, depending on their objective and
generation timing: 1) Visual tool-use: Early methods [5,/6] generate Python
programs at inference time to call external vision tools, such as segmentation or
depth estimation models. While effective at outsourcing perception, they treat
the LVLM mainly as a controller and do not address its intrinsic visual reason-
ing failures. Since tool-use is generated zero-shot without diagnosis, an initially
misinterpreted problem can lead to mismatched tools, cascading errors, and high
inference cost. Fine-tuning-based methods [2,|18] also focus on tool selection
rather than understanding when LVLMs fail. 2) Visual scaffolding for intrinsic
perception: In contrast, visual scaffolding directly modifies the input image to
mitigate intrinsic failures such as spatial ambiguity and attribute binding. Meth-
ods such as Viser |7], BBVPE [16], Zoom-in [23], and Set-of-Mark [21] overlay
geometric cues or markers on task-relevant regions. However, these methods
remain largely heuristic, manually designed, or dependent on model fine-tuning.
Despite its promise, visual scaffolding remains underexplored as an automated,
task- and model-specific prompting strategy. Existing methods are mostly static or
require human experimentation, and our experiments show that LVLM sensitivity
makes shared visual prompts ineffective across backbones. Our framework fills
this gap with an agent-driven system that automatically discovers task-wise visual
prompts through empirical experimentation, yielding model-specific prompts that
mitigate intrinsic perception failures without per-sample tool generation.

2.2 Automated prompt engineering

From text to visual domain. Since the introduction of Chain-of-Thought
(CoT) prompting [9], prompt engineering has become essential for maximizing
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the performance of Large Language Models (LLMs). To overcome the limitations
of manual trial-and-error, automated methods [20}25] have been developed
to optimize prompts based on empirical feedback from small datasets. In the
visual domain, early optimization efforts primarily focused on vision-language
representation models like CLIP, utilizing gradient-based soft prompt learning |3}
15]. However, these continuous optimization techniques are inapplicable to the
discrete and non-differentiable nature of generating programmatic visual prompts
for LVLMs, which require structured code and natural language instructions
rather than continuous vector adjustments.

Complexity of programmatic visual prompts. A significant hurdle in
automating visual prompt engineering is the inherent complexity and length of
the prompts. Unlike text-only prompts, a programmatic visual prompt consists of
a combination of formatted image-manipulation code and descriptive text. This
hybrid structure results in significantly longer contexts, which poses a long-context
distraction problem for LLMs [11]. The increased search space of potential code
snippets and their sensitive interaction with the LVLM’s perception make direct
generation and optimization via raw text or code search extremely difficult. Direct
search often leads to the agent being overwhelmed by low-level implementation
details rather than focusing on the high-level logic of visual grounding.

Mitigating complexity via semantic exploration. To mitigate these issues,
our framework shifts the paradigm from searching in the raw visual prompt to
semantic exploration within an abstract idea space. Instead of forcing the agent
to reason over every line of low-level manipulation code, our approach enables the
agent to iterate on high-level conceptual strategies. By decoupling the semantic
intent (the "Idea") from its implementation (the "Code"), our method reduces
the cognitive load on the agent and enables a more efficient, novelty-guided search.
This abstraction allows the agent to focus on diagnosing the core perception
failures and discovering effective visual strategies, bridging the gap between
automated text prompt engineering and the complex requirements of LVLM
visual grounding.

3 Method

We propose SEmantic Visual prompt EXploration (SEVEX), which is designed
to discover optimal, task-wise visual prompts for LVLMs. Unlike previous works
that rely on manual trial-and-error or per-sample tool-use, our framework treats
visual prompt discovery as an iterative search problem over a high-level idea
space. The core of our approach is a dynamically expanding search tree T that
enables an agent to hypothesize, implement, and explore visual prompts based
on empirical feedback. We illustrate the overview of our algorithm in Figure [2]
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Fig. 2: Overview of SEVEX. SEVEX generates diverse ideas, selects a node with
the highest potential, executes the idea, and back-propagates the insights for future
idea generation.

3.1 Search space and dynamic tree structure

To overcome the vast and unstructured nature of visual prompts, we define the
search space in a high-level domain. The search tree 7 is not pre-defined but
grows dynamically as the agent generates new ideas. Every executed node has
k unexecuted child nodes to ensure exploration of diverse nodes. Whenever an
unexecuted node is executed, a new node with a new idea is generated. Each
node NN in the tree represents a distinct idea for a visual prompt and encapsulates
the following components:

— Abstract Idea (I): A natural language idea describing a visual prompt.

— Implementation (P): The concrete instantiation of I, consisting of ex-
ecutable Python code utilizing a pre-defined set of visual tools and the
corresponding textual prompt.

— Self-Evaluation Estimates (S): Heuristic scores {58, sn°vel} evaluated
by the agent to guide the search before execution. s represents expected
gain from using that idea, and s"°V°! represents the novelty of the idea
compared to its siblings.

— Experiment History (H): Results of empirical experiments, including
performance metrics and qualitative observations from the experiment and
insights back-propagated from descendant nodes.

3.2 Exploration pipeline

The exploration follows a four-stage iterative loop: 1) Selection, where the
most promising idea is chosen; 2) Implementation and Execution, where the
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idea is translated into a visual prompt and tested on a development set; and 3)
Backpropagation, where results are distilled into insights to guide the next
generation of ideas; 4) Expansion, where new ideas are generated based on the
insights from the previous executions.

3.3 Node selection via Novelty-guided UCT

We use the same motivation of Upper Confidence Bound (UCB) [1] algorithm and
UCB for Trees (UCT) 8] algorithm, which employ node value and its potential
for exploration. Previous algorithms execute every child node at least once and
calculate the potential based on the confidence of node value. However, this
approach is inefficient in our context because LLM can generate infinite number
of new children from a parent node, and generated ideas can be similar to each
other or include less promising ideas.

To overcome these challenges, we propose a Novelty-guided UCT (NUCT)
which employs novelty to estimate the potential of an unexecuted node. NUCT
differentiates the priority scoring mechanism based on a node’s execution status,
selecting between using empirical results and using expectations. In our tree
structure, every executed node maintains k& unexecuted child nodes to ensure
continuous exploration. The novelty of an unexecuted node is evaluated with two
terms: a novelty compared to its siblings, and the number of executed siblings,
which corresponds to the saturation of the parent node. Specifically, the priority
score P; for a node 7 is determined as follows:

For executed nodes (n; > 0): We follow the standard UCB formula with slight
modification. Instead of the mean reward, we use the maximum reward achieved
by the node or any of its descendants (R}***) relative to its parent’s reward (R,,):

Inny,

Py = (RP™ = Ry,) + AP (1)

7

n;

, where n; is the visitation count and p; is the parent node of node i. This term
encourages selecting the node with the best reward in the layer-wise comparison.

For unezecuted nodes (n; = 0): Since empirical rewards are unavailable,
we estimate the reward and its potential using the agent’s self-evaluation and
saturation of its parent node:

; Inn
. __ Zain novel _novel sat Pi
Pl =S; + (A 8 + A cexec (2)
Pi
, where s5™ and s°v®! are normalized scores for the agent’s estimate of gain from

using the idea and how distinct the idea is from its siblings. ¢7““ denotes the
number of executed children of p;, which is equivalent to the number of executed
sibling nodes of node 4. This saturation term (multiplied by A**') penalizes
over-explored branches, prioritizing deeper exploration of promising descendants
rather than executing less-promising child ideas of a well-explored parent.
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3.4 Implementation and empirical evaluation

Once a node is selected, the agent acts as an “Engineer” to instantiate the abstract
idea (I) into a visual prompt (P). We provide the agent with a list of visual tools
and documentation to use them. This visual prompt is executed on a development
set, which is a small subset for exploration. The performance (e.g., accuracy)
and intermediate images are saved, and numerical score is saved as the empirical
reward R;.

3.5 Semantic backpropagation with sample-wise analysis

Following execution, an Analyst agent performs a sample-wise failure analysis.
Rather than simply propagating numerical rewards, we implement Semantic
Backpropagation. The analyst diagnoses why a strategy succeeded or failed
with executed results for development set. We provide predictions and ground
truth for each sample, and a few representative images actually passed to the
LVLM. To reduce token consumption during exploration, we use representative
images for successful cases and failed cases instead of using all images. These raw
analyses are distilled into Actionable Insights—high-level lessons about which
visual components are effective for the task. These insights are back-propagated
to the Experiment History (H) of all ancestor nodes. This ensures that the
important lessons are propagated, preventing the agent from repeating ineffective
visual manipulations in future branches.

3.6 Insight-driven idea generation

The cycle concludes with the expansion of 7. Guided by the updated H, the
agent generates new child nodes. To ensure a balance between depth and breadth,
for every executed node, the agent generates: sibling nodes to explore alternative
conceptual directions at the same abstraction level, and child nodes to refine and
specialize the current strategy based on backpropagated feedback. Newly created
nodes are initialized with self-evaluation scores S, making them ready for the
next Selection phase. Agent generates self-evaluation of expectation, novelty, and
feasibility. Feasibility evaluates if the idea is feasible to implement with the given
tools. If not, the idea is rejected and a new node is generated instead. Expectation
scores and novelty scores are normalized and re-scaled. This closed-loop system
allows the framework to autonomously navigate the complex landscape of visual
prompting without human intervention.

4 Experiments

4.1 Experimental settings

Datasets. We evaluate our framework using the BlindTest |14] and BLINK [4]
datasets, which are specifically designed to assess the perception failures of LVLMs.
Following the experimental protocol of SketchPad [6], we select a set of tasks
requiring fine-grained visual grounding and complex reasoning:
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Table 1: Description of Visual tools used in our experiments.

Category Tool Name Description Parameter(s)
get_image_size Returns image dimensions image

basic convert_image_grayscale Converts image to grayscale image

) crop Crops a specified region of the image image, coordinates

overlay _images Overlays two images imagel, image2, coordinates, opacity
draw_line Draws a line on the image image, coordinates, color

drawing  draw_ box Draws a rectangle on the image image, coordinates, color
draw_ filled_box Draws a filled rectangle on the image image, coordinates, color
detect _objects Object detection using GroundingDINO |12 image, text query, threshold

external  sliding_window _detection Sliding window object detection image, text query

model segment__and _mark Semantic segmentation using SemanticSAM 10| image, granularity, mark type
estimate_depth Depth estimation using DepthAnything 22| image

LVLM ask_to_LVLM Sends a query to LVLM and returns response  images, text prompt

— BlindTest: Counting Line Intersection, The Circled Letter, Following Single-
colored Paths (Subway Map), Counting Overlapping Shapes.

— BLINK: Jigsaw, Relative Depth, Spatial reasoning, Semantic Correlation,
Visual Correlation.

For each task, we randomly sampled 30 images to construct a development set
for exploration, reserving the remaining images for the test set. Utilizing a small-
sized development set aims to demonstrate that SEVEX’s semantic exploration
is significantly more cost-efficient than alternative optimization methods such as
fine-tuning. We describe the details of each task and the full list of development
set samples in Appendix [B]

Baseline methods. We compare SEVEX against the following visual prompting
baselines:

— Naive: The standard LVLM inference where the LVLM receives the raw
image and the task query without additional visual prompting.

— SketchPad [6]: A zero-shot test-time reasoning framework that dynamically
generates image-annotation code during inference. To ensure a fair comparison,
we add drawing tools to the original tool list to match the capabilities of
SEVEX. SketchPad includes few-shot examples of tool usage and Blink tasks.

— SketchPad+APE [25]: An enhanced version of SketchPad where the text
prompt is optimized using Automatic Prompt Engineering (APE). We applied
iterative APE with resampling, using the original SketchPad prompt as the
initial state. This baseline uses the same development set as SEVEX for a
controlled comparison.

Implementation details. We utilize a comprehensive set of visual tools, which
are listed in Table [I We use Gemini-2.5-flash as our primary backbone LVLM.
We disabled the ‘thinking’ feature during the benchmark inference, while enabled
it for SEVEX (e.g., idea generation and implementation) to leverage the agent’s
reasoning capabilities. According to the documentation of Gemini, disabling
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Table 2: Comparison of visual prompting methods. Bold and underlined texts
denote the best and second-best methods for each setting, respectively. Inf. cost indicates
the number of total tokens per-sample.

Naive SketchPad SEVEX(ours)

Task
accuracy inf. cost accuracy inf. cost accuracy inf. cost

Linelntersections 73.0 981 33.3 16730 90.5 991
CircledLetter 78.8 1323 82.0 13902 83.7 1337
SubwayMap 60.0 1333 58.1 16482 62.8 1585
OverlappingShapes  50.4 2429 16.3 24833 52.4 2612
Average-Blind Test 65.6 1517 47.4 13987 72.4 1631
Jigsaw 75.8 869 70.8 14896 95.8 682
Depth 83.0 1349 85.1 14158 85.1 1457
Spatial 81.4 1525 85.8 15818 86.7 1555
SemanticCorr. 55.0 712 58.7 9477 63.3 1358
VisualCorr. 87.3 641 90.9 14291 89.4 801
Average-Blink 76.5 1019 78.3 13728 84.1 1171
Average 71.6 1240 64.6 15621 78.9 1375

Table 3: Comparison to visual prompt exploration baseline. Expl. cost indicates
the number of total tokens per-iteration in exploration stage. Inf. cost indicates the
number of total tokens per-sample in inference stage.

Task SketchPad+APE SEVEX (ours)
dev acc. test acc. expl. cost inf. cost dev acc. test acc. expl. cost inf. cost

LineIntersections 30.0 16.4 797k 11005 93.3 90.5 39k 991
CircledLetter 93.3 73.7 980k 17647 85.6 83.7 79k 1337
SubwayMap 50.5 42.5 759k 21471 80.0 62.8 165k 1585
OverlappingShapes ~ 33.3 22.9 818k 20672 56.7 52.4 86k 2612
Average-Blind Test 51.7 38.9 838k 17699 78.9 72.4 92k 1631
Jigsaw 76.7 66.4 761k 18176 96.7 95.8 75k 682
Depth 76.7 85.9 794k 18867 85.6 85.1 87k 1457
Spatial 90.0 76.2 589k 19074 91.1 86.7 83k 1555
SemanticCorr. 76.7 52.6 385k 12354 72.2 63.3 74k 1358
VisualCorr. 83.3 83.1 761k 11937 88.9 89.4 78k 801
Average-Blink 80.7 72.8 658k 16082 86.9 84.1 80k 1171
Average 67.8 57.7 738k 16800 83.3 78.9 85k 1375

thinking yields better results in image perception tasks like image segmenta-
tion. Semantic exploration was conducted for 50 iterations with the following
hyperparameters: AP = 0.5, Amvel = (.15, A%t = 0.5, and k = 3.

Evaluation metrics. The primary metrics are task accuracy and inference
cost, where the cost is defined as the sum of input, output, and reasoning tokens.
Unless otherwise specified, all reported accuracies are based on the test set.

4.2 Comparison to visual prompting methods

As shown in Table [2] and Table [3] SEVEX demonstrates superior performance
across all critical dimensions: task accuracy, inference efficiency, exploration
efficiency, and exploration stability compared to SketchPad and SketchPad+APE.
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(b) An example visual prompt in Jigsaw. It overlays images and uses depth estimation model to
judge naturalness of images, although it is not the intended usage of the tool.

Fig. 3: Results of SEVEX. The code and text prompts are simplified for better
visualization.

Task performance. SEVEX outperforms existing baselines in seven out of nine
tasks of BLINK and BlindTest. SEVEX achieves a superior average accuracy
of 78.9%, significantly surpassing the Naive (71.6%) and SketchPad (64.6%) ap-
proaches. This performance gap is most pronounced in the BlindTest benchmark,
where SEVEX attains an average accuracy of 72.4% compared to SketchPad’s
47.4%. The failure of SketchPad in BlindTest can be attributed to its reliance on
zero-shot tool use without an empirical understanding of the LVLM’s specific
perceptual behaviors. When an LVLM fails at a seemingly trivial task such as
counting line intersections, zero-shot generation methods typically fail to detect
or recover from such errors, whereas SEVEX identifies effective strategies through
systematic experimentation.
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Fig.4: An example of ideas in a search tree. It shows which kinds of ideas are
explored for Jigsaw task. A small portion of nodes is visualized for simplicity.

Inference and exploration efficiency. SEVEX demonstrates remarkable infer-
ence efficiency by amortizing the cost of prompt generation over the exploration
stage. Consequently, its inference cost is only 10.9% higher than the Naive method,
while providing a 91.2% reduction in token consumption compared to SketchPad.
Furthermore, SEVEX exhibits superior exploration efficiency; its average explo-
ration cost is 11.5% of the cost required by SketchPad+APE. SEVEX incurs an
upfront exploration cost equivalent to approximately 3,442 naive inferences or 273
SketchPad inferences. Consequently, for tasks requiring more than 273 inferences,
SEVEX is a more cost-effective solution than SketchPad, while providing the
highest accuracy. We provide a more detailed comparison to other exploration
strategies in Section [1.4]

Stability of semantic exploration. Despite utilizing a small-sized development
set, SEVEX exhibits a narrower generalization gap than SketchPad+APE. The
significant generalization gap observed in SketchPad+APE is expected, as it tends
to make subtle differences such as paraphrasing. In contrast, SEVEX maintains
higher stability by anchoring its search in high-level ideas first, rather than
focusing on the subtle implementation details. To further examine sensitivity
to the choice of development set, we repeat the discovery on additional random
development splits for CircledLetter; the discovered strategy remains stable on
the held-out test set across splits (see Appendix .

4.3 Qualitative analysis of visual prompt and exploration tree

We provide qualitative examples of visual prompts discovered by SEVEX in
Figure 3] In the CircledLetter task, the agent utilizes object detection to localize
the target region and renders precise typographic reference lines to assist the
LVLM in distinguishing character cases, demonstrating the framework’s ability to
optimize precise parameters for visual tools. In the Jigsaw task, the agent discovers
a counter-intuitive strategy: it overlays missing image components onto the query
image and employs a depth estimation model to detect unnatural discontinuities.
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Fig. 5: Accuracy improvements over iterations. Each figure compares exploration
algorithms over iterations. We report the accuracies in the development set averaged
on five independent runs.

By repurposing tools in ways not originally intended, the discovery process
proves that it is not limited by human bias. Figure [4] visualizes a representative
exploration tree with its ideas. SEVEX first explores diverse conceptual directions
at the root level before refining these concepts into concrete implementations
through a hierarchical structure. This approach enables the framework to both
explore a broad strategy space and refine implementation details based on
empirical feedback.

4.4 Ablation study over exploration strategies

The contribution of individual exploration components is analyzed in Figure
We compare SEVEX against: (1) Naive, (2) SEVEX w/o Tree Structure, and (3)
SEVEX w/o Semantic Backpropagation, (4) SEVEX w/o Abstract Space. The
results indicate each component is essential for efficiency of SEVEX. Especially
for SEVEX w/o tree structure, it could achieve good performance when the
first direction is promising, but if the task is complicated and requires trials in
diverse directions, it is less likely to find a good solution. Because of the resource
consumption of each experiment, we only provide ablation studies for Jigsaw and
CircledLetter tasks. To further isolate the contribution of the search itself from
that of the external pretrained tools, we additionally evaluate SEVEX with a
restricted toolbox containing only basic and drawing primitives; even without
external model tools, SEVEX retains most of its gains (see Appendix.

4.5 Generality across LVLM backbones

To verify that the gains of SEVEX are not specific to Gemini-2.5-flash, we run
the full discovery process on two additional backbones, GPT-40 and Claude
Sonnet 4.0, over four BlindTest tasks (Table . SEVEX improves the average
accuracy over the Naive baseline on both GPT-40 (38.8% — 62.4%) and Claude
Sonnet 4.0 (66.8% — 75.2%), confirming that the improvement persists across
backbones with distinct perceptual behaviors. The gain is largest where the
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Table 4: Non-transferability of visual prompts. We compare four visual prompts
with three LVLM models. Accuracies are calculated in Linelntersection task.

accuracy of accuracy of  accuracy of
Gemini-2.5-flash Claude-Sonnet-4 GPT-40
naive 73.0 66.3 8.2
visual prompt 1 (found with Gemini) 90.5 82.9 59.1
visual prompt 2 (found with Claude) 87.9 87.8 31.0
visual prompt 3 (found with GPT) 62.3 35.0 57.1
idea of visual prompt example image input for LVLM

naive count without any modification A
>< >1 \\ >0

Visual prompt 1 provide few-shot examples of intersections

divide image into three overlapping pieces and
Visual prompt 2 count them independently
(result = count(img1) - count(img2) + count(img3))

Visual prompt 3 find important regions and crop A

Fig. 6: Simplified visual prompts used in Table [4} Each visual prompt is result of
SEVEX with different LVLM models. Visual prompts have different effects on different
LVLM model, which means we cannot expect transferability of visual prompts.

backbone is weakest, such as GPT-40 on Linelntersections (8.2% — 57.1%).
SEVEX is not uniformly the best on every task and backbone, e.g., SketchPad
slightly outperforms SEVEX on Claude for CircledLetter (90.7% vs. 80.5%), but
SEVEX consistently provides the strongest average. Crucially, the most effective
prompt differs across backbones, which motivates the model-specific discovery
analyzed next.

4.6 Non-transferability of visual prompt

Table [4 and Figure [6] demonstrate that the discovered visual prompts are rarely
transferable across different LVLM backbones. For instance, the visual prompt 2
that divides an image into three overlapping pieces yields greater improvements
than visual prompt 8 for Claude, whereas this tendency is reversed for GPT.
These results underscore the necessity of discovering model-specific visual prompts
tailored to the unique perceptual biases of each backbone. Given the laborious
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Table 5: Generality across LVLM backbones. Test accuracy (%) on four Blind Test
tasks for three backbones. The Gemini-2.5-flash columns are reproduced from Table 2}
the GPT-40 and Claude Sonnet 4.0 columns are obtained by running the full SEVEX
discovery on each backbone. The best result within each backbone is in bold.

Gemini-2.5-flash GPT-40 Claude Sonnet 4.0
Task Naive SketchPad SEVEX Naive SketchPad SEVEX Naive SketchPad SEVEX
Linelntersections  73.0 33.3 90.5 8.2 19.2 57.1 66.3 63.6 87.8
CircledLetter 78.8 82.0 83.7 61.1 43.9 85.4 76.1 90.7 80.5
SubwayMap 60.0 58.1 62.8 49.6 19.6 61.0 59.7 374 60.6
OverlappingShapes 50.4 16.3 52.4 364 33.3 46.2 65.1 59.8 72.0
Average 65.6 474 72.4 38.8 29.0 62.4 66.8 62.9 75.2

nature of manual prompt engineering, this highlights the importance of our
automated discovery framework.

5 Conclusion

In this work, we introduced SEVEX, an agent-driven framework designed to auto-
matically discover task-wise visual prompts that mitigate the intrinsic perception
failures of LVLMs. Motivated by the observation that LVLMs often struggle with
fundamental visual reasoning despite their advanced linguistic capabilities, our
approach shifts from manual trial-and-error or per-sample code generation to a
structured search within a high-level, abstract idea space. By decoupling semantic
intent from programmatic implementation, SEVEX effectively navigates the vast
search space of visual modifications while avoiding long-context distraction.
Our experiments on the BlindTest and BLINK benchmarks demonstrate
that SEVEX significantly outperforms existing baselines, including zero-shot
tool-use frameworks and automated text prompt engineering. A critical takeaway
from our analysis is the non-transferability of visual prompts; optimal visual
cues discovered for one model frequently fail or even degrade performance when
applied to another. This finding reinforces the necessity of an automated, model-
specific discovery process to account for the unique perceptual biases of different
backbones. Finally, we discuss broader implications and future research directions

in Appendix
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