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Figure 1: Overview of the Draw-and-Understand Framework. (a) Illustrating the task of visual prompt-
ing understanding. (b) The architecture of Visual Prompting MLLM (VP-MLLM), which consists of an
image encoder, a visual prompt encoder, and an LLM. (¢) The data generation process for training, which
involves two components: reconstruction of open-source data and data generation assisted by GPT-4V.

ABSTRACT

In this paper, we present the Draw-and-Understand framework, exploring how to inte-
grate visual prompting understanding capabilities into Multimodal Large Language Mod-
els (MLLMs). Visual prompts allow users to interact through multi-modal instructions,
enhancing the models’ interactivity and fine-grained image comprehension. In this frame-
work, we propose a general architecture adaptable to different pre-trained MLLMs, en-
abling it to recognize various types of visual prompts (such as points, bounding boxes,
and free-form shapes) alongside language understanding. Additionally, we introduce
MDVP-Instruct-Data, a multi-domain dataset featuring 1.2 million image-visual prompt-
text triplets, including natural images, document images, scene text images, mobile/web
screenshots, and remote sensing images. Building on this dataset, we introduce MDVP-
Bench, a challenging benchmark designed to evaluate a model’s ability to understand vi-
sual prompting instructions. The experimental results demonstrate that our framework
can be easily and effectively applied to various MLLMs, such as SPHINX-X and LLaVA.
After training with MDVP-Instruct-Data and image-level instruction datasets, our mod-
els exhibit impressive multimodal interaction capabilities and pixel-level understanding,
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while maintaining their image-level visual perception performance. The code and related
resources are availablel#tps://draw-and-understand.github.io

1 INTRODUCTION

Recent works| (Liu et alf, 2024b; Zhu et al., 2023; Liu €t/al., 2023a; Bailét al.] 2023; Lil/et al.|2024a) have
enhanced Large Language Models (LLMs) with visual perception, facilitating image-related communication
and fostering a deeper understanding of the world. These models primarily focus on interpreting whole
images by aligning them with text prompts. However, simple language interactions often fail to capture
users' true intentions, especially when users need to highlight speci ¢ areas in images that are dif cult to
describe with words. Consequently, there is growing interest in enabling visual prompting capabilities in
Multimodal Large Language Models (MLLMSs) to enhance interactivity and pixel-level understanding.

To achieve this, ChatSpat (Zhao et al., 2023) and Shikra (Chen gt al.,|2023b) rst utilize textual represen-
tations to specify coordinates within images, thereby enhancing interaction with the models. Some stud-
ies (Peng et &lf, 2028; Zhang et al., 2023a; Zhou &t al.,|2023) employ positional embeddings to improve
spatial recognition, while others (Rasheed et|al., 2023; Zhang| et al.,|2023a; You et all, 2023; Yuan et al.,
20244a] Chen et al., 2023a) focus on extracting Regions of Interest (ROI) to enhance attention to specic
areas of images. Additionally, LLaVA-VIR (Cai etldl., 2023) introduces visual markers to facilitate more
intuitive interactions between users and models. (More related works are discussed’ih Sec. B)

However, existing methods have several limitatiofi3:ROI-based methods (Zhang et al., 2023a; Rasheed

et al., 2023; Yuan et al., 2024a; You et al., 2023) are typically designed for speci c architectures. For
example, they often rely on pre-attached segmentation models or externally provided ground truth masks,
which hinders user exibility and model scalability. Additionally, they require training from scratch, leading

to substantial resource consumptidgit;) Most methods (Zhang et al., 2023a; Rasheed et al., 2023; Zhao
etal., 2023; Chen et al., 2023b; Peng et al., 2023) depend on xed visual references, such as bounding boxes,
which are neither exible nor user-friendlyjii ) Several methods (Yuan et al., 2024a) fail to support the
simultaneous referencing of multiple objects, limiting their exibility and preventing them from addressing
more complex understandings, such as nuanced interrelations and spatial dynamics with surrounding entities
and backgroundgiiv) Most methods (Zhang et al., 2023a; Rasheed et al., 2023; Zhao et al., 2023; Chen
et al., 2023b; Peng et al., 2023; Yuan et al., 2024a; You et al., 2023) primarily focus on visual prompting
understanding but neglect image-level perception performance, which limits their practical applicability.

To address these challenges, we present the Draw-and-Understand framework, a solution speci cally de-
signed to endow multi-modal LLMs with visual prompting understanding. As depicted in Fig.1(a), we
rst de ne the form of the visual prompting understanding task, emphasizing the multi-modal interaction
between users and the model. Next, we introduce visual prompting MLLM (VP-MLLM), a general archi-
tecture that comprises a vision encoder, a visual prompt encoder, and an LLM. This architecture can be ef-
ciently adapted to most mainstream pre-trained MLLMs, enabling them to easily acquire visual prompting
capabilities while maintaining their original robust vision-language understanding. Notably, our proposed
visual prompt encoder enhances the model's referring capability by embedding the coordinate features of
visual prompts. It supports multiple input formats and can process several visual prompts simultaneously.

In addition, instruction tuning data for visual prompting is an essential component. To this end, we curate a
comprehensive Multi-Domain Visual Prompt Instruction Dataset (MDVP-Instruct-Data). This dataset com-
prises image-point-text and image-region-text pairs, totaling approximately 0.8 million images and 1.2 mil-
lion query-answer triplets. We compiled this dataset by integrating existing datasets containing segmentation
masks or bounding box annotations, while leveraging GPT-4V's advanced image understanding capabilities
for data generation. MDVP-Instruct-Data provides detailed attribute information for objects identi ed by
visual prompts, including their relationships with surrounding entities and the background. This dataset
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Figure 2: (Left) Our approach achieves unprecedented performance in OCR tasks and excels at under-
standing implicit relationships and conducting complex reasor{iRgght) Our approach demonstrates the
capability to perceive objects at a pixel level granularity, such as 'a girl holding a pen'. Furthermore, it can
perform detailed captioning and inter-relationship analysis on arbitrarily shaped Regions Of Interest (ROISs).

enhances spatial understanding across various image domains, thereby improving the robustness of model's
responses in diverse visual contexts. With these approaches in place, users can interact with the model using
their native language and refer to speci ¢ actions, such as clicking and drawing, to obtain desired answers
about the region of interest. This allows the MLLMs to engage with the physical world more effectively.

To assess the strength and resilience of visual prompting models, we introduce MDVP-Bench, a benchmark
designed to evaluate visual prompting comprehension abilities. MDVP-Bench encompasses a variety of
tasks, including point-level and region-level captioning, inter-relationship analysis, and complex reasoning.
In evaluating our VP-MLLMs alongside other visual prompting methods on MDVP-Bench, we nd that ours
consistently outperforms the other methods. We anticipate that MDVP-Bench will provide a solid foundation
for future research in the eld of visual prompting and multimodal models.

2 MDVP-INSTRUCTDATA

In this section, we introduce the Multi-Domain Visual Prompt Instruction Dataset (MDVP-Instruct-Data),
designed to enhance interactivity and ne-grained image understanding in MLLMs. It primarily consists of
two types of data:

(1) Dynamic Multi-Target Captioning. In this context, users are assumed to prowWdeisual prompts to

refer to regions of interest, and the model generates a comprehensive caption descritbisglgibcts. To

create this type of data, we observed that datasets related to Referring Expression Comprehension (REC) and
Phrase Grounding can be transformed to align with this task. Speci cally, these datasets include the ability
to localize visual content and ground each entity mentioned by a noun phrase in the caption to a specic
region in the image. Building on this insight, we inverted the inputs (captions) and outputs (coordinates of
subjects), treating the ground truth boxes as input visual prompts, with the corresponding natural language
descriptions serving as the answers. The public datasets we utilized include Flickr30K (Plummer et al.,
2015), RefCOCO/+(Yu et al., 2016), GCG(Rasheed et al., 2023), and GRIT (You et al., 2023), as well as
GeoChat (Kuckreja et al., 2023) from remote sense domain.

(2) Instruct-Conversation Data. For visual prompting conversations, we primarily employ two meth-
ods for data construction(i) Reconstructing from Grounding QA dataset§&rounding QA datasets pro-

vides ground truth bounding boxes for various target objects in both the questions and answers. We
treat the provided bounding boxes as visual prompt inputs, discarding the original ground truth coordi-
nates from the questions to create high-quality instruction data. We utilize grounding QA pairs from
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Figure 3:Anillustrative example from the MDVP-Instruct-Data. This diagram illustrates the distribution
of images sourced from various domains. It also highlights a GPT-assisted sample, emphasizing the diversity
and richness of its point-based and region-based instruction-following data

the point-QA (Shim, 2003), Visual 7W (Zhu et al., 2016), and VCR (Zellers et al., 2019) datasets.

(i) Constructing with GPT-4V Assistanc&o build a more comprehensive and diverse instruction-following
dataset, we collected various multi-domain images along with their unique annotations from public datasets
(Table 5). These include natural images, Optical Character Recognition (OCR) content in the wild, docu-
ments, webpage screenshots, mobile screen captures, remote sensing imagery, and multi-panel images. For
each distinct image domain, we meticulously crafted prompts to facilitate GPT-4V's ability to adopt various
roles in generating instructional data. Speci cally, we assigned GPT-4V four distinct tasks: brief captioning,
detailed captioning, inter-relationship analysis, and complex reasoning generation. Notably, the captions
created for each domain exhibit unique characteristics. For instance, in mobile screen captures, objects are
identi ed not only as relevant components—such as icons, text, search bars, and URLs—but also include
information about potential actions, indicating whether a component is clickable and the expected outcome
upon interaction. This diversity signi cantly enriches the dataset while also presenting challenges. Fur-
thermore, as shown in Fig.3, to enhance GPT-4V's recognition of objects referenced by visual prompts, we
employed Set-of-Marks (SoM) prompting (Yang et al., 2023). This method directly highlights objects in the
input images, ensuring a strong association between the generated data and the referenced objects. Addi-
tionally, we propose incorporating the category information of each object within the prompts, which greatly
enhances the quality of the generated data. (Details about data construction can be found in Appendix D.)

MDVP-Bench. To evaluate the pro ciency of MLLMs in visual prompting tasks and their versatility across
various domains, we initially curated a subset of our MDVP-Instruct-Data. This subset underwent a thorough
manual content ltering and re nement process, resulting in the creation of MDVP-Bench. MDVP-Bench
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Figure 4:(a) The proposed training strategy for our VP-MLLHh) The detail of visual prompt encod€c)

The overall architecture of the VP-MLLM. The Vision Encoder, Tokenizer, and LLM are derived from pre-
trained MLLMs such as LLaVA (2024), SPHINX (2024), Qwen-VL (2023), and others. By incorporating
our proposed visual prompt encoder, we can feed the image tokens, visual prompt tokens, and text tokens
together into the LLM for training, equipping the MLLM with visual prompting understanding capabilities.

serves as a challenging benchmark that encompasses a wide range of tasks, including concise descriptions,
elaborate narratives, analyses of interconnections between regions, and complex reasoning.

For open-ended evaluations, existing methods typically follow LLaVA's approach (Liu et al., 2024b), using
GPT-4 with textual descriptions to depict image content. However, these descriptions often depend on
image annotations, which can lead to situations where GPT-4 fails to recognize unannotated objects or
backgrounds. Additionally, inherent domain gaps between textual descriptions and images may result in
misunderstandings of the image content. To ensure a more robust evaluation, we employ GPT-4V. We
directly annotate images using SoM prompting (Yang et al., 2023), submitting both the images and textual
questions to GPT-4V for scoring. The scoring follows the LLaVA-bench guidelines, with scores ranging
from 1 to 10, where higher scores indicate better model performance.

3 VISUAL PROMPTING MLLM

In this section, we detail the process of integrating visual prompt understanding into pre-trained MLLMs
and transforming them into Visual Prompting MLLMs (VP-MLLMs). We also introduce a training strategy
designed to enhance alignment and ne-tuning for VP-MLLMs.

3.1 ARCHITECTURE

Overall Architecture of VP-MLLM. For most existing MLLMs, the overall architecture consists of three
components: a vision encoder, a tokenizer (text encoder), and a Large Language Model (LLM). Each modal-
ity is processed by its corresponding encoder, and the resulting tokens are concatenated and fed into the LLM
for learning. Similarly, to achieve visual prompting understanding, we incorporate a visual prompt encoder
to embed the input visual prompts, as shown in Fig. 4(c). This integration allows us to combine the image,
visual prompt, and language representations and forward them collectively to the LLM.
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Visual Prompt Encoder. As shown in Fig. 4(b), we introduce a simple yet effective visual prompt en-
coder that focuses on two types of visual prompts: points and bounding boxes. Initially, the encoder utilizes
positional encoding(Tancik et al., 2020) for the coordinates of both points (center) and boxes (top-left and
bottom-right corners). It then adds three distinct learnable embeddings for each corner and processes them
through a linear layer to obtain uni ed output embeddings. Additionally, we accommodate a dynamic num-
ber of visual prompts as input. We rst set a xed number of visual prompt tokens (e.g., 16). Based on the
validity of the actual input tokens, we provide both valid and invalid tokens with a set of learnable vectors to
help the model discern their effective features. Finally, we employ a linear layer to map the embeddings of
different prompt types to the same dimension, thereby unifying the various visual prompt inputs.

3.2 TRAINING STRATEGY FORVP-MLLM

Stage 1: Image-Visual Prompt-Text Alignment Pre-training. We initially freeze both the pre-trained

vision encoder and the LLM, then focus on training the features of visual prompts to align with those of
the input image and text. Following the approach in LLaVA (Liu et al., 2024b), we implement an MLP

to transform the visual prompt tokens into the latent space of the LLM. We use open-source detection and
segmentation datasets to create our stage 1 training data. These datasets include a wide range of objects
and label types, such as elements of the natural world (e.g., people, animals, objects), remote sensing (e.g.,
buildings, roads, vehicles, water bodies), document components (e.g., titles, paragraphs, images, tables),
OCR data (e.g., text recognition), and screenshots (e.g., icons, text, search bars). For point visual prompts,
we randomly sample pixels from semantic segmentation images, where each point corresponds to a pixel-
level label annotation. For box visual prompts, we directly use the ground truth bounding boxes from
detection datasets as inputs, enabling the model to recognize their corresponding labels. With this rich and
diverse data for pre-training, the model is well-equipped for visual prompting and object categorization. The
datasets used in stage 1 are shown in Appendix (Table 5).

Stage 2: Multi-Task Instruction Finetuning. At this stage, we load the weights trained from stage 1 and
keep the vision encoder and visual prompt encoder weights frozen. We then ne-tune the visual prompt pro-
jector and the LLM. This stage focus on enhancing model's ability to accurately interpret user instructions
and handle diverse visual prompting understanding tasks, such as detailed captioning, inter-relationship
analysis, and complex reasoning, while maintain the original robust vision-language global understand-
ing capability. Table 6 outlines all the data utilized during stage 2 ne-tuning, which includes our pro-
posed MDVP-Instruct-Data, Visual Genome (VG)(2017), Visual Commonsense Reasoning (VCR)(2019),
Visual7w (2016), Osprey-724k (2024a), and multiple open-source image-level instruction datasets.

Simulation Training for Free-Form Visual Prompt Inputs. To support free-form visual prompts, we
introduce a noise-based augmentation during the alignment stage to simulate the required input area. For
box prompts, Gaussian noise proportional to the box size is applied, resulting in bounding boxes that may
exceed or partially cover the target, thereby approximating a free-form visual prompt's enclosing rectangle.
For point prompts, we sample multiple pixels within the target's mask, guiding them toward the same object
to enable precise point-based referencing. At inference, free-form inputs are pre-processed into bounding
boxes, enabling exible, user-drawn prompts.

4 EXPERIMENTS

4.1 IMPLEMENTATION DETAILS

For evaluation, we primarily use two popular MLLMs: SPHINX-X (Gao et al., 2024) and LLaVA-Next-
LLaMA3 (Liu et al., 2024a), along with three model sizes: 7B, 8B, and 13B. We transform these models
into VP-SPHINX and VP-LLaVA based on our proposed framework. We employ AdamW (Loshchilov &
Hutter, 2017) as our optimizer and leverage ash attention (Ford et al., 2009) to enhance computational
ef ciency. During the stage 1 training phase, we set the starting learning rdée t®. In stage 2, the initial
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Table 1: Results of referring classi cation on LVIS and PACO, and COCO text. Calculation of Semantic
Similarity and Semantic IOU was performed using box visual prompts. We randomly perturb the center
positions and scale the dimensions of the box visual prompts to simulate free-form inputs.

\ LVIS(2019) \ PACO(2023) | COCO Text(2016b)
Method | Semantic| Semantic| Accuracy | Semantic| Semantic| Accuracy
| Similarity | [e]V] | Point  Box Free-Form Similarity | []V] | Box
LLaVA-7B(2023b) 48.95 19.81 50.1 50.3 = 42.20 14.56 =
Shikra-7B(2023b) 49.65 19.82 57.8 67.7 - 43.64 11.42 -
GPT4Rol-7B(2023a) 51.32 11.99 - 61.8 - 48.04 12.08 -
ChatSpot-7B(2023) - 64.5 -

Osprey-7B(2024a) | 65.24 38.19

- - - 73.06 52.72
Ferret-13B(2023) 64.96 37.82 | 684 805 71.0 -

Ferret-v2-13B(2024) - - 75.1 87.7 76.4 - - -

VP-SPHINX-7B 86.02 61.24 | 85.44 88.50 86.19 74.15 49.88 43.67
VP-SPHINX-13B 87.06 62.90 | 86.46 89.82 88.96 76.82 51.32 45.44
VP-LLaVA-8B 86.67 61.52 | 85.85 89.44 88.09 75.67 50.04 44.82

learning rate was adjustedte 5. The input images were processed using each model's unique dynamic
resolution mechanism, and the maximum sequence length for the Large Language Model (LLM) was set to
3072. In all evaluation experiments, we will not continue to ne-tune on a speci ¢ dataset but will instead
adopt a zero-shot testing approach.

4.2 REFERRINGCLASSIFICATION

Object Classi cation. This task is de ned as follows: the question targets a speci ¢ area within the image,
requiring the model to identify the object in that designated region. Following (Yuan et al., 2024a), we
employ two semantic relevance indicators—Semantic Similarity (SS) and Semantic Intersection over Union
(S-10U)(Rezato ghi et al., 2019)—to assess the model's classi cation performance on the validation sets of
the object-level LVIS(Gupta et al., 2019) and part-level PACO (Ramanathan et al., 2023) datasets. As shown
in Table 1, our VP-SPHINX and VP-LLaVA signi cantly outperform state-of-the-art methods in terms of
SS and S-I0OU by a notable margin.

We also conducted tests on traditional closed-set object classi cation tasks. To ensure the model outputs
names of categories within the closed set, we followed the approach described in (You et al., 2023) and
adapted our evaluation to a binary-choice format. We posed questions stielease identify the labels of

each marked region in the image. Is the region a (Class A) or a (Class. B} accuracy results presented

in Table 1 indicate that our VP-MLLMs demonstrate a strong capability for accurately locating the Region
of Interest (Rol) and identifying the corresponding object categories within that region.

Regional Optical Character Recognition. Optical character recognition (OCR) focuses on identifying

text in images and is a fundamental aspect of visual entity recognition. Following the approach in (Zhao
et al., 2023), we utilize the COCO-Text dataset(\eit et al., 2016a) to assess the regional text recognition
capabilities of our VP-MLLMSs. Using the ground-truth bounding boxes provided in the dataset annotations,
we prompt the model with requests such as, “Please provide the OCR results for the marked region in the
image.” The VP-MLLMs then analyze and respond with the textual content present in the speci ed regions.

Given that most visual prompt-based models do not support OCR, we compare our results with ChatSpot
under identical zero-shot settings. As shown in the right column of Table 1, our models outperform ChatSpot
by more than 10%, highlighting its promising capability in regional text recognition. Moreover, as shown

in Fig. 5, our VP-MLLMs not only recognize text in the speci ed regions but also exhibit enhanced under-
standing and descriptive abilities. For instance, they can describe characteristics such as font type, color, and
background. This underscores our models' exceptional pixel-level understanding capabilities.

7
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Table 2: Region-level captioning performance on the validation set of RefCOCOg and performance com-
parison on general MLLM benchmarks including VQA and OCR.

Method RefCOCOQ(2016) | VQA'2(2017) MME (2024) POPE(2024c) SEED(2028)TextVQA(2019) DocVQA(2021)
GPT-4V METEOR CIDEr| General VQA | OCR
Qwen-VL-7B(2024a) = = = 78.8 = 56.30 63.8 65.1
LLaVA-Next-8B(2024a) . . . 1603.7 . 5 64.6 59.7
SPHINX-X-13B(2024)  40.16 5 . 80.2 1457.7 89.1 74.8 65.7 61.2
Shikra-7B(2023b) 40.97 - - B B 58.8 B - B
Shikra-13B(2023b) 43.46 - - 77.4 - 59.2
Osprey-7B(2024a) 77.54 16.6 1083 - - - - -
Ferret-v2-7B(2024) - - - 81.5 1510.3 87.8 58.7 61.7
Ferret-v2-13B(2024) - - - 81.8 1521.4 88.1 61.7 62.2 -
VP-SPHINX-7B 8437 210  138.7 76.8 1377.0 88.6 714 59.8 58.1
VP-SPHINX-13B 88.19 239 1625 78.4 1412.2 88.9 73.1 63.2 60.1
VP-LLaVA-8B 86.67 224  153.6 81.7 1554.9 88.5 58.8 62.9 58.8

4.3 REFERRINGREGION-LEVEL CAPTIONING

Brief Region Description. We provide quantitative comparisons for the region-level captioning task with
using both mask- and box-based approaches. Speci cally, we employ a box visual prompt and a text prompt,
such asPlease provide a brief description of each marked region in the imatpegirompt our VP-MLLM

to concisely describe the content of the targeted region. Experiments were conducted on the validation sets
of RefCOCOg. Following (Yuan et al., 2024a), we use the METEOR and CIDEr scores to evaluate the
semantic similarity between the generated captions and the ground truth. As the results shown in the left
part of Table 2, our VP-MLLMs demonstrate superior performance compared to Kosmos-2 and Osprey.

Detailed Region Description. To evaluate the detailed region description capabilities, we leverage GPT-4

to measure the quality of responses for input referring regions. Following the approach used in Osprey (Yuan
et al., 2024a), we sample 80 images from the RefCOCOg validation set (Yu et al., 2016) to generate detailed
region captions using box visual prompts and text prompts TiREase provide a detailed description of

each marked region in the imageGPT-4 is then used to assess the captions generated by the MLLMs,
with evaluation scores ranging from 1 to 10 and calculate the ratio of the predicted score to that of GPT-4,
expressed as a percentage. The results shown in the rst column of Table 2 indicate that our VP-MLLMs
achieve the best performance, with VP-SPHINX-13B reaching an accuracy of 88.19%, signi cantly outper-
forming other region-based and mask-based methods. In comparison to other models of similar size, our
VP-LLaVA-8B also achieves a score of 86.67%, surpassing the current SOTA method Osprey-7B by 9.13%.

4.4 COMPREHENSIVEASSESSMENT

To comprehensively evaluate the effectiveness of our VP-MLLMSs, we rst use LLaVA-Bench to compare
with previous models and assess general image-level understanding capabilities. Since the questions in
LLaVA-Bench and general MLLM benchmarks are based on the entire image, we use bounding boxes that
cover nearly the full image as visual prompts. The results are shown in Table 3. Our VP-MLLMs demon-
strate highly competitive performance on complex reasoning tasks and signi cantly outperform other visual
prompting MLLMSs in conversation and detailed captioning tasks. Additionally, we conducted evaluations
on a series of modern MLLM benchmarks. As shown in Table 2, our VP-MLLMs exhibit leading perfor-
mance across image-level benchmarks such as MME, SEED-Bench, POPE, and OCRBench compared to
existing visual prompting methods. Although their overall performance is slightly lower than that of the
original MLLMs, we attribute this situation partly to our use of only a subset of open-source instruction data
for training, which is in line with our expectations.

Furthermore, we use Ferret-Bench and our proposed MDVP-Bench to evaluate the pixel-level visual prompt-
ing capabilities of our models. Experiments are conducted on the Referring Description and Referring Rea-
soning tasks within Ferret-Bench, with the results presented in Table 3. In both tasks, our models present
competitive performance compared to the current SOTA model, Ferret-v2. For MDVP-Bench, we combine
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Table 3: Performance on the LLaVA Bench, Ferret Bench, and our MDVP Bench.

LLaVA Bench(2023b) | Ferret Bench(2023) | MDVP Bench
Method Conve- Detail Complex | Referring  Referring .
rsation Description Reasoning| Description Reasoning Natural OCR Multi-Panel Screenshot
| | Box Point| Box Point| Box Point| Box Point
LLaVA-7B(2023b) 85.4 68.3 92.1 41.4 31.7 - - - - - - - -
SPHINX-X-13B(2024) - - 55.6 70.2 - - - - - - - -
Kosmos-2(2023) 717 63.4 74.9 51.8 33.7 - - - - - - - -
Osprey-7B(2024a) - - - 72.2 67.8 86.4 - 18.33 - 48.56 - 28.84 -
Ferret-7B(2023) 84.4 79.4 96.3 68.7 67.3 84.92 81.42| 21.24 12.20| 44.42 32.08| 26.40 10.62
Ferret-13B(2023) 85.2 80.9 96.4 70.6 68.7 86.67 83.40| 27.68 12.20| 49.83 37.65| 30.92 14.40
Ferret-v2-13B(2024) - - - 79.6 79.4 - - - - - - - -
VP-SPHINX-7B 81.1 83.1 79.2 73.1 68.2 85.57 88.82| 74.28 81.67 74.21 7524 76.72 50.04
VP-SPHINX-13B 84.6 86.4 83.3 77.4 71.4 88.82 92.95| 78.49 8529 77.30 79.08 80.07 54.05
VP-LLaVA-8B 90.9 78.9 94.4 75.2 68.9 87.02 89.29| 75.67 81.92 76.02 75.19 78.92 51.12

different tasks to provide a comprehensive assessment of the model's overall capabilities. As the results
show, compared to Osprey and Ferret, our VP-MLLMSs signi cantly outperformed them across multiple do-
mains. This improvement can be attributed to training on our MDVP-Instruct-Data, which highlights the
strong ne-grained understanding and reasoning abilities of our VP-MLLMs.

Notably, we observed that box prompt scores were sometimes lower than point prompt scores. After review-
ing the model's responses, we found that in tasks with fewer visual prompts per image, box-based prompts
performed better, while in tasks involving more visual prompts, point-based prompts showed signi cantly
stronger performance. This nding highlights the effectiveness of our visual prompt encoder in modeling
different types of visual prompts and suggests potential areas for future research and enhancement.

Figure 5: Qualitative examples generated by our VP-SPHINX and VP-LLaVA.
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