
VipAct: Visual-Perception Enhancement via Specialized VLM Agent Collaboration
and Tool-use

Zhehao Zhang1*, Ryan A. Rossi2, Tong Yu2, Franck Dernoncourt2, Ruiyi Zhang2,
Jiuxiang Gu2, Sungchul Kim2, Xiang Chen2, Zichao Wang2, Nedim Lipka2

1The Ohio State University
2Adobe Inc.

zhang.16420@osu.edu,
{ryrossi, tyu, dernonco, ruizhang, jigu, sukim, xiangchen, jackwa, lipka}@adobe.com

Abstract
While vision-language models (VLMs) have demonstrated re-
markable performance across various tasks combining textual
and visual information, they continue to struggle with fine-
grained visual perception tasks that require detailed pixel-level
analysis. Effectively eliciting comprehensive reasoning from
VLMs on such intricate visual elements remains an open chal-
lenge. In this paper, we present VIPACT, an agent framework
that enhances VLMs by integrating multi-agent collaboration
and vision expert models, enabling more precise visual un-
derstanding and comprehensive reasoning. VIPACT consists
of an orchestrator agent, which manages task requirement
analysis, planning, and coordination, along with specialized
agents that handle specific tasks such as image captioning
and vision expert models that provide high-precision percep-
tual information. This multi-agent approach allows VLMs to
better perform fine-grained visual perception tasks by syner-
gizing planning, reasoning, and tool use. We evaluate VIPACT
on benchmarks featuring a diverse set of visual perception
tasks, with experimental results demonstrating significant per-
formance improvements over state-of-the-art baselines across
all tasks. Furthermore, comprehensive ablation studies reveal
the critical role of multi-agent collaboration in eliciting more
detailed System-2 reasoning and highlight the importance of
image input for task planning. Additionally, our error analysis
identifies patterns of VLMs’ inherent limitations in visual per-
ception, providing insights into potential future improvements.
VIPACT offers a flexible and extensible framework, paving
the way for more advanced visual perception systems across
various real-world applications.

1 Introduction
Recent advances in large multimodal models (LMMs), partic-
ularly vision-language models (VLMs) (OpenAI 2024; Bai
et al. 2023; Chen et al. 2024b), have shown impressive perfor-
mance in integrating textual and visual information. Models
like GPT-4o (OpenAI 2024) achieve strong results on various
image-text benchmarks (Yue et al. 2024) and hold promise
for real-world applications such as web navigation (Zheng
et al. 2024a; He et al. 2024a). However, despite these advance-
ments, studies (Rahmanzadehgervi et al. 2024; Fu et al. 2024;

*Work done during Zhehao’s internship at Adobe.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Tong et al. 2024; Li et al. 2024c) show that SOTA VLMs
still struggle with fine-grained visual perception tasks, such
as detecting line intersections or object boundaries—tasks
that are trivial for humans. Overcoming these challenges is
essential for deploying VLMs in critical applications like
surgical robotics and autonomous driving, which demand
precise visual understanding.

To address these challenges, prior works have explored
visual programming methods (Subramanian et al. 2023; Hu
et al. 2024b; Gupta and Kembhavi 2023; Surı́s, Menon, and
Vondrick 2023; Mialon et al. 2023; Wu et al. 2023a; Yang
et al. 2023b), where text queries are input into LLMs to gen-
erate code that invokes vision-specific models, using their
outputs directly as predictions. While effective for prede-
fined tasks, these methods lack generalizability beyond exist-
ing toolsets, limiting their use as universal visual perception
solutions. Another line of research focuses on prompting
strategies to elicit foundation models’ System-2 reasoning by
involving iterative reasoning with intermediate tokens (Saha
et al. 2024). Textual prompting methods (Wei et al. 2022;
Saha et al. 2023; Yao et al. 2024; Besta et al. 2024) elicit
LLMs to generate structured reasoning steps for complex text-
based tasks, but their efficacy on fine-grained visual percep-
tion is underexplored. Similarly, visual prompting techniques
(Yang et al. 2023a; Wu et al. 2024), which add artifacts like
bounding boxes or masks to images, guide VLMs in inter-
preting visual data. While promising for some compositional
visual reasoning, it is still unclear whether VLMs can accu-
rately perceive such visual prompts, let alone whether these
methods improve performance in visual perception.

To fill this gap, and inspired by advances in LLM-based
agents (Liu et al. 2023b; Wang et al. 2024; Shen et al. 2024),
we propose VIPACT (VIsual-Perception via VLM Agent
Collaboration and Tool-use), a VLM-based framework that
integrates multi-agent collaboration and vision expert models
for fine-grained visual perception tasks. As shown in Fig-
ure 1, VIPACT consists of three core components: (1) an
orchestrator agent that manages the workflow by analyzing
tasks, coordinating agents, selecting tools, summarizing ev-
idence, and deducing final answers; (2) specialized agents
for tasks such as image captioning, visual prompt description,
and image comparison, providing detailed visual analysis
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to the orchestrator; and (3) vision expert models, offering
task-specific, fine-grained perceptual information to address
VLMs’ limitations. We evaluate VIPACT against SOTA base-
lines across benchmarks that include diverse visual percep-
tion tasks featuring complex elements like visual prompts and
multi-image inputs. VIPACT consistently outperforms previ-
ous baselines on all tasks with different VLMs. Besides, our
in-depth analysis highlights the importance of multi-agent
collaboration in eliciting more detailed System-2 reasoning,
as well as the critical role of visual input for task planning,
with improved error handling and evidence aggregation.

Our key contributions are as follows: (1) VIPACT, a multi-
modal agent framework that synergizes multi-agent collab-
oration with vision expert models to enhance fine-grained
visual perception. It is an autonomous system capable of han-
dling diverse visual perception tasks using a single prompt
template. It leverages a VLM for task analysis, planning,
and invoking multi-agent collaboration, with flexible plug-
and-play modular components. (2) We conduct experiments
across diverse visual perception benchmarks, demonstrating
VIPACT’s advantages over SOTA baselines; (3) We systemat-
ically analyze previous methods that proved to be effective in
improving the general capabilities of foundation models for
fine-grained visual perception, revealing their inconsistent
effectiveness. (4) We present comprehensive ablation studies
to assess the impact of multi-agent collaboration, visual input
for planning, and each component of VIPACT, along with a
detailed error analysis identifying the limitations of current
VLMs, which serve as bottlenecks for further improvement.

2 Related Work

VLM-based Agent. Advancements in LLM capabilities like
planning have spurred the development of LLM-based agents
across diverse applications (Zhang et al. 2023; Xi et al. 2023;
Chen et al. 2023a; Significant-Gravitas 2024; Shen et al.
2024; Deng et al. 2024a; Zhang, Gao, and Lou 2024; Xie et al.
2024b; Liu et al. 2023b,a; Zhang, Xu, and Deng 2023; Zhou
et al. 2023). The introduction of visually capable models has
positioned them as backbones for vision-centric agents (Hu
et al. 2024a). Current research largely focuses on Web/GUI
agents for interface interaction (Yan et al. 2023; Yang et al.
2023c; Zheng et al. 2024a; Kapoor et al. 2024; Koh et al.
2024; Lù, Kasner, and Reddy 2024; Deng et al. 2024b; You
et al. 2024; Zheng et al. 2024b; He et al. 2024b) and embodied
agents controlling robots (Nasiriany et al. 2024; Tan et al.
2024; Xie et al. 2024a; Yang et al. 2024b). However, VLM-
based agents specifically for natural image perception tasks
remain unexplored.

Visual Programming. Recent LLMs excel at code genera-
tion (Gao et al. 2023; Zhang et al. 2023; Zhang, Gao, and
Lou 2024; Zhang, Chen, and Yang 2024; Schick et al. 2024),
enabling them to solve reasoning tasks via tool use, espe-
cially in areas like mathematical reasoning (Cobbe et al.
2021; Hendrycks et al. 2021). This paradigm has been ex-
tended to vision tasks (Subramanian et al. 2023; Hu et al.
2024b; Gupta and Kembhavi 2023; Surı́s, Menon, and Von-
drick 2023; Mialon et al. 2023; Wu et al. 2023a; Koo et al.

2024). Systems like MM-REACT (Yang et al. 2023b) inte-
grate LLMs with vision experts following ReAct’s (Yao et al.
2023) prompt template, while ViperGPT (Surı́s, Menon, and
Vondrick 2023) and VisProg (Gupta and Kembhavi 2023) use
LLMs to generate executable code for visual reasoning with-
out extra training. However, these often depend solely on text
queries for code generation and employ rigid tool selection,
hindering adaptation to new tasks. This limits their applica-
tion to simpler visual QA scenarios (Hudson and Manning
2019; Suhr et al. 2019; Marino et al. 2019), lacking support
for fine-grained perception, visual prompts, or multi-image
inputs, thereby restricting their utility in more complex visual
reasoning. Table 1 provides a detailed comparison.

3 VipAct Framework
Our proposal, VIPACT, is illustrated in Figure 1. It consists
of three main components: (1) orchestrator agent (Section
3.1), which controls the entire workflow by analyzing task re-
quirements and task plans, initiating collaboration with other
agents, selecting appropriate vision expert models, summa-
rizing evidence from other agents or tools, and deducing the
final answer. (2) specialized agents (Section 3.2), designed to
handle specific tasks such as image captioning, visual prompt
description, and image comparison. These agents provide de-
tailed information to the orchestrator agent. (3) vision expert
models (Section 3.3), which include specialized task-specific
vision models that provide accurate, fine-grained perceptual
information, addressing limitations of current VLMs. Intu-
itively, VIPACT enhances the VLM’s System-2 reasoning
by generating detailed intermediate reasoning steps through
multi-agent collaboration while leveraging the high-precision
perceptual information from vision expert models.

3.1 Orchestrator Agent
Task Requirement Analysis and Planning: Inspired by re-
cent works (Yao et al. 2022; Huang et al. 2022; Yang et al.
2023b; Sun et al. 2024) that integrate reasoning, planning,
and action in LLM-based agent frameworks, the orchestrator
agent begins by analyzing the task requirements derived from
the images and queries. This analysis identifies the key ele-
ments necessary to solve the problem and the corresponding
critical visual features that must be acquired in subsequent
steps of the agent’s workflow, as well as other criteria de-
rived from its own knowledge. The orchestrator agent then
generates a detailed plan for tackling the task, outlining the
concrete steps required to obtain the necessary information
to meet the objectives. For instance, in a depth estimation
task as illustrated in Figure 1, the orchestrator agent would
determine the essential requirements for comparing depth,
such as identifying the specific objects targeted by the red
circles and recognizing their relative positions to the camera.

Tool Selection and Incorporation of Specialized Agents:
After analyzing the task requirements and formulating a plan,
the orchestrator agent selects the appropriate tools and spe-
cialized agents to provide the visual information necessary
to solve the task. Depending on the nature of the task, this
may involve initiating collaboration with specialized agents
or external vision expert models to gather fine-grained in-
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Methods Reas. Tool Multi-Ag. Plan Img Exec Img Img Loop Multi-Img Vis. Prompt

ReAct (Yao et al. 2023) ✁ ✁ ✂ ✂ ✂ ✂ ✂ ✂
MM-ReAct (Yang et al. 2023b) ✁ ✁ ✂ ✂ ✁ ✂ ✂ ✂
ViperGPT (Surı́s, Menon, and Vondrick 2023) ✂ ✁ ✂ ✂ ✁ ✂ ✂ ✂
VisProg (Gupta and Kembhavi 2023) ✂ ✁ ✂ ✂ ✁ ✂ ✂ ✂
CodeVQA (Subramanian et al. 2023) ✂ ✁ ✂ ✂ ✁ ✂ ✂ ✂
VIPACT (Ours) ✁ ✁ ✁ ✁ ✁ ✁ ✁ ✁

Table 1: Comparison of VIPACT with other agentic frameworks. ✁ indicates the presence of a specific feature, ✂ its absence.
Column abbreviations: “Reas.” for modules to elicit reasoning process, “Tool.” for tool integration, “Multi-Ag.” for multi-agent
support, “Plan Img” for image input in planning, “Exec Img” for image input in execution, “Img Loop” for image use in iterative
loops, “Multi-Img” for multi-image support, and “Vis. Prompt” for specific design for images containing visual prompts.

Figure 1: The VIPACT framework for visual perception. It consists of (1) an orchestrator agent for task analysis and coordination,
(2) specialized agents for specialized visual analysis, and (3) vision expert models for providing pixel-level visual information.
Note that not all agents and expert models are invoked in every instance. For complete task-solving processes of VIPACT, refer
to the case studies in Appendix D.

formation. Details on these specialized agents and external
vision expert models are provided in Sections 3.2 and 3.3.

Evidence Summarization: Once the tools and specialized
agents have performed their respective tasks in separate envi-
ronments, the orchestrator agent compiles and summarizes
the collected evidence. This involves integrating the outputs
from various tools and agents, ensuring that all relevant in-
formation is coherently synthesized to support the decision-
making process. The orchestrator agent also resolves conflict-
ing evidence and double-checks the factuality of the infor-
mation, as errors or hallucinations may arise from the expert
models and specialized agents.

Final Answer Deduction:With the summarized evidence,

the orchestrator agent deduces the final answer. It applies
reasoning based on the accumulated information to arrive
at an unambiguous conclusion. Depending on the nature
and format of the gathered data, the orchestrator agent may
generate Python code, which is then executed by an external
Python interpreter to derive the final answer. If the gathered
information does not lead to a perfect answer, the orchestrator
agent is designed to select the closest possible option based
on the evidence, supplemented by its own understanding.

3.2 Collaboration with Specialized Agents
VIPACT incorporates three specialized agents to enhance
its visual perception capabilities: focused image captioning,
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visual prompt description, and focused image comparison.
These agents provide task-specific, detailed information to
the orchestrator agent through function calling in a separate
environment, integrating their outputs into the main reasoning
process. The three specialized agents are described below.

Focused Image Captioning: This agent generates detailed
image descriptions, optionally emphasizing specific elements
relevant to the task by specifying a focus argument. The
focus argument allows for targeted analysis, ranging from
general descriptions to particular aspects like ”a red car and
the background buildings.” This flexibility enables the or-
chestrator agent to obtain precise, task-relevant information
from images. Empirical evidence demonstrates its effective-
ness across various tasks, with the focus parameter providing
fine-grained control over the generated descriptions.
Visual Prompt Description: Specializing in analyzing

visual prompts within images (e.g., colored circles, bounding
boxes, arrows, textual labels), this agent is crucial for inter-
preting visual annotations. It generates detailed descriptions
of these elements, including their locations, characteristics,
and most importantly, the regions or objects these visual
prompts target. This enables the orchestrator agent to accu-
rately interpret highlighted or annotated image sections. The
agent has shown particular efficacy in tasks involving images
with visual prompts, significantly enhancing the system’s
ability to understand and reason about annotated visual data.
Focused Image Comparison: This agent analyzes mul-

tiple images, identifying similarities and differences with
an optional focus on specific elements. Similarly, the focus
parameter allows for targeted comparative analysis, either
generally or on specific features as directed by the orchestra-
tor agent. This function can provide a detailed comparison
of orientations of objects which can be useful in tasks such
as multi-view reasoning. This capability is valuable for tasks
requiring multi-image input, such as change detection or
pattern identification across images. Empirical results demon-
strate this agent’s exceptional effectiveness in tasks involving
multiple image inputs, with the focus parameter enabling
precise comparative analyses.
The prompts for these agents are in Appendix J. VIPACT

decomposes complex visual tasks into sub-tasks handled by
specialized agents, with an orchestrator agent integrating
their outputs. The architecture is extensible, allowing for the
addition of new agents to address emerging tasks.

3.3 Integration of Vision-Expert Models
VIPACT further enhances its visual perception capabilities
by integrating a suite of vision-expert models, each special-
izing in specific aspects of image analysis. They collaborate
with the orchestrator agent through function calling, uniquely
returning both textual data and processed images—making
VIPACT among the earliest agent frameworks that incorpo-
rate visual information directly into the reasoning work-
flow. These vision-expert models provide fine-grained visual
perception information that is often lacking in current VLM’s
pre-training data (Zhang et al. 2024a). The vision expert tools
used in our experiments are described below:
Visual Prompt Detector: Identifies and localizes anno-

tated elements in images, such as circles, bounding boxes, or

other highlighted regions. This tool is crucial for understand-
ing visual instructions or annotations, enabling the agent to
focus on relevant areas for analysis. It returns the coordinates
of these visual prompts, which often serve as intermediate
information to achieve the final answer.
Depth Estimator: Analyzes spatial relationships within

scenes, providing crucial information about the relative dis-
tances of objects from the camera. This tool enhances the
agent’s understanding of 3D structure in 2D images, vital for
spatial reasoning tasks. It returns a grey-scale depth image
that can be directly input into the orchestrator agent, allowing
it to interpret depth information or combine it with other
evidence to reach the final answer.
Object Detection: Identifies and localizes objects within

an image, providing the agent with a comprehensive inven-
tory of visible objects, their locations, and sizes. This facili-
tates detailed scene understanding and object-centric reason-
ing. The tool returns both a processed image with detected
objects’ bounding boxes and textual information about these
bounding boxes and objects.
Image Segmentation: Offers precise delineation of im-

age regions, separating objects, backgrounds, and distinct
areas. This enables fine-grained analysis of image compo-
nents, crucial for tasks requiring detailed understanding of
object boundaries and spatial relationships. It returns images
with segmentation masks along with textual information.

Embedding-based Similarity Computation: Quantifies
visual similarities across images by generating compact repre-
sentations of visual content. This allows for nuanced compar-
isons and similarity assessments, particularly useful for tasks
involving image retrieval or comparative analysis. It returns
similarity scores based on the selected embedding model and
specified similarity metrics, such as cosine similarity.
The complete function heads, including inputs, outputs,

and descriptions for these vision expert models, are provided
in the initial prompt for the orchestrator agents in Appendix J.
This diverse toolkit empowers the orchestrator agent to select
the most appropriate tools for each task dynamically, sig-
nificantly enhancing the framework’s ability to comprehend
and reason about complex visual scenarios. The integration
of processed images alongside textual outputs in the agent’s
workflow enables more nuanced and contextually rich visual
reasoning. We provide an overview of the VipAct framework
in Algorithm 1 with detailed explanations in Appendix G.

4 Experiment
Setup.We use various SOTA closed-source VLMs, including
GPT-4o (OpenAI 2024), Gemini-1.5-Pro (Team et al. 2024),
and Claude-3.5-Sonnet (Anthropic 2024), as well as open-
source ones, such as LLaVA-OneVision-7B (Li et al. 2024a),
InternVL-2-Pro (Chen et al. 2023d, 2024a), and Llama-
3.2-90b-Vision (Dubey et al. 2024). Following prior works
(Zheng et al. 2024a; He et al. 2024a; Liu et al. 2024; Gu et al.
2024), we focus on GPT-4o (OpenAI 2024) as the primary
VLM in the main paper. Discussions on others are included
in Appendix C, with implementation details in Appendix A.
Datasets. To evaluate VLMs on visual perception tasks,

we use the following two challenging datasets designed to
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Algorithm 1: VIPACT:VIsual-Perception via VLM Agent Collaboration & Tool-use
Require: Set of visual inputs V , a query q, a vision-language model M, a set of tools T = {T1, . . . , Tn} including specialized

agents and vision expert models, and the maximum iterations K
Ensure: An answer a to the visual perception task
1: Initialize orchestrator agent O withM and T

2: P0 → FORMATPROMPT(V, q) ω Format initial prompt with visual inputs and query
3: t → 0, S → ↑ ω Initialize iteration counter and state
4: while t < K and not ISTERMINATED(S) do
5: if ↓Ti ↔ T : ISREQUIRED(Ti,S) then ω Check if any tool is required
6: T →

→ argmaxTi↑T UTILITY(Ti,S) ω Select most useful tool
7: Ot → EXECUTE(T →,S) ω Execute selected tool with the current state as input
8: if CONTAINSVISUALDATA(Ot) then
9: V → V ↗ PROCESSVISUALDATA(Ot) ω Add new visual data if needed
10: end if
11: else
12: Rt → M(Pt↓1) ω Generate VLM output
13: Ot → INTERPRETOUTPUT(Rt) ω Interpret VLM output
14: end if
15: Pt → UPDATEPROMPT(Pt↓1,Ot) ω Update prompt with new information
16: S → UPDATESTATE(S,Ot); t → t+ 1 ω Update state with new observations
17: end while
18: a → EXTRACTANSWER(S) ω Extract final answer from state
19: return a

test fine-grained visual perception: (1) Blink (Fu et al. 2024)
includes diverse visual tasks solvable by humans “within
a blink,” yet difficult for SOTA VLMs. It features visual
prompts such as bounding boxes and interleaved image-text
formats, often with multiple images in a single query. We
use Blink as the main benchmark. (2) MMVP (Tong et al.
2024) is a benchmark for evaluating visual grounding in
VLMs, using image pairs from “CLIP-blind pairs”—visually
distinct images that are similar in CLIP embedding space. It
focuses on nine basic visual patterns that are easy for humans
but challenging for SOTA VLMs. Details are provided in
Appendix B.

Baselines. We evaluate VIPACT against four types of
baselines: (1) Text-based prompting, including zero-shot
prompting; chain-of-thought (CoT) prompting (Wei et al.
2022; Kojima et al. 2022); Least-to-most prompting (LtM)
(Zhou et al. 2022); and Tree-of-thought (ToT) prompting
(Yao et al. 2024). (2) Few-shot in-context learning (Brown
2020), where in-context exemplars are selected using differ-
ent strategies, including random selection, or selection based
on embedding (Radford et al. 2021; Dosovitskiy et al. 2020)
similarity (analyzed separately in Appendix E). (3) Visual
Prompting, exemplified by Set-of-Mark (SoM) (Yang et al.
2023a), which overlays marks on semantically meaningful
image regions. (4) Vision language agentic frameworks,
including MM-ReAct (Yang et al. 2023b), which integrates
LLMs with vision experts via ReAct-style prompts (Yao et al.
2022); ViperGPT (Surı́s, Menon, and Vondrick 2023), us-
ing LLMs to generate code composing vision and language
models; and VisProg (Gupta and Kembhavi 2023), which
generates visual programs from textual instructions.
Result Analysis. Tables 2 and 3 present the performance

of our proposed VIPACT framework and baseline methods

on each sub-task of the Blink and MMVP datasets respec-
tively. We make the following key observations: (1) Text-
based prompting methods do not consistently improve
performance over zero-shot prompting. Specifically, as
shown in Tables 2 and 3, prior text-based prompting meth-
ods effective for LLMs — such as CoT — can improve
performance on some sub-tasks like visual similarity, ob-
ject localization, counting, and spatial relations. However,
for other tasks, the improvement is minimal or even nega-
tive. More advanced techniques like LtM and ToT exhibit
similar phenomena. Empirically, while these methods elicit
detailed reasoning, such steps are often ungrounded in visual
elements and can cause severe hallucinations. Therefore, it
is non-trivial to elicit VLMs’ reasoning for better general
visual perception using text-based methods from text-only
LLMs. (2) SoM can impair VLMs’ fine-grained percep-
tion in most scenarios. From results on both datasets, SoM
adversely affects VLM performance on almost all tasks. Em-
pirically, overlaying labeled masks can become cluttered with
numerous semantic objects or fine-grained parts, negatively
influencing VLM perception of original objects and poten-
tially confusing models with original visual prompts and
labels. Consequently, SoM’s effectiveness in some composi-
tional reasoning tasks with limited semantic objects does not
generalize well to broader visual perception tasks, especially
those requiring visual prompt understanding. (3) Previous
visual programming methods exhibit poor generalization
ability. As shown, these methods perform adequately only
on limited tasks (e.g., spatial relations, counting) similar
to those in common VQA datasets (Hudson and Manning
2019; Suhr et al. 2019; Marino et al. 2019). Their gener-
ated code calls a limited set of predefined tools, lacking
logic for unsupported scenarios or errors. They cannot sup-
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Method Sim Count Depth Jig Fun.C Sem.C Spat Local Vis.C Multi-v Average
Text-based Prompting w/ GPT-4o
Zero-shot 65.44 50.83 64.52 60.00 57.69 56.83 79.92 56.00 86.05 60.15 63.74
CoT 63.70 65.00 73.39 62.00 57.69 57.55 82.52 60.66 82.56 53.38 65.85
LtM 62.22 64.17 70.97 62.67 55.38 55.40 76.22 59.02 83.14 45.86 63.51
ToT 64.44 58.33 71.70 64.00 57.69 59.71 83.22 61.48 78.49 50.38 64.94
Visual Prompting w/ GPT-4o
SoM 63.70 43.33 68.55 49.33 47.69 52.52 76.22 59.84 83.72 56.40 60.13
Multi-modal Agent Framework w/ GPT-4o
MM-ReAcT - 30.00 0.81 - - - 63.64 0.00 - - -
ViperGPT - 29.17 0.00 - - - 48.95 18.85 - - -
VisProg - 3.33 0.00 - - - 31.47 14.75 - - -
VIPACT (Ours) 81.48 70.00 90.80 68.00 61.50 60.40 86.70 63.11 91.28 62.63 73.79

Table 2: Results for visual reasoning tasks in Blink using GPT-4o. Note that “↘” indicates methods that do not support multiple
images. Our VIPACT consistently outperforms baselines on all tasks.

port images with visual prompts, failing to locate them for
subsequent operations (e.g., near-zero performance in depth
estimation due to inability to locate red circles, leading to
non-executable code). Moreover, code generated solely from
text queries lacks flexibility for different image characteris-
tics. These observations highlight the need for a generalizable
agent framework leveraging both vision expert models and
VLM flexibility. (4) VIPACT consistently achieves the best
performance across all sub-tasks in Blink and MMVP,
demonstrating its effectiveness and generalization abil-
ity. By examining VIPACT’s reasoning traces, we observe
that, compared to text-based and visual prompting methods,
VIPACT effectively invokes specialized agents or vision ex-
pert models to enhance image understanding. It does not
solely rely on their outputs, as evidence might be incorrect or
errors may occur. Instead, it aggregates useful evidence with
additional reasoning to infer the final answer, showcasing its
ability to handle uncertainties and integrate multiple informa-
tion sources. Figure 3 and 4 in Appendix D show complete
reasoning traces of VIPACT.

Method Accuracy (%)
Zero-shot 68.0
CoT 61.0
LtM 66.0
ToT 66.0
SoM 62.0
MM-ReAct 6.67
ViperGPT 53.0
VisPro 39.0
VIPACT (Ours) 70.7

Table 3: Different methods using GPT-4o on MMVP.

5 Ablation Study
To evaluate the effectiveness of various components in
VIPACT, we conduct a series of ablation studies. These in-
volve removing or modifying key components of VIPACT
to assess their impact on performance across different tasks.

The ablation studies are as follows: (1) Removal of multi-
agent collaboration: We removed the specialized agents and
incorporated their prompts as instructions directly into the
orchestrator agent to evaluate the importance of multi-agent
collaboration. (2) Removal of image input for orchestra-
tor agent: We modified the input to the orchestrator agent to
only include image paths as text, rather than the actual images
which means the image is not visible to the orchestrator agent
but still can be served as input for other specialized agents
or vision expert models. This setup follows the paradigm
used in previous works (Surı́s, Menon, and Vondrick 2023;
Gupta and Kembhavi 2023) and tests the effectiveness of
direct visual input to the orchestrator agent. (3) Removal of
specialized agents: We removed all specialized agents to as-
sess their impact on the VIPACT’s performance. (4) Removal
of vision expert models: We eliminated all vision-expert
models to evaluate their contribution.

The results of ablation studies are presented in Table 4 and
5. From these results, we derive the following key insights:
• Multi-agent collaboration enhances detailed reasoning:
The removal of multi-agent collaboration led to a consis-
tent performance decline. By comparing reasoning steps,
we observed that multi-agent collaboration enabled signif-
icantly more detailed image analysis (over 80% more gen-
erated tokens), such as thorough image captioning. This
aligns with observations in LLMs (Wu et al. 2023b; Hong
et al. 2023; Qian et al. 2023; Park et al. 2023; Liu et al.
2023b), where agent collaboration enhances task-solving
via comprehensive reasoning from diverse perspectives.

• Direct image input to the orchestrator agent is essen-
tial for flexible task planning and error handling: As
shown in Tables 4 and 5, removing direct image input
to the orchestrator significantly degrades performance.
Without direct visual access, the orchestrator agent relies
solely on textual queries, lacking critical visual informa-
tion for accurate task planning. This leads to suboptimal
decision-making, less precise parameter selection (e.g.,
the focus parameter), and overly generalized task anal-
ysis, reducing specificity. For instance, in a multi-view
reasoning task, direct image input allows the agent to iden-
tify reference objects, enabling it to accurately adjust the
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Method Sim Count Depth Jig Fun.C Sem.C Spat Local Vis.C Multi-v
Variants of VIPACT
VIPACT (Full) 81.48 70.00 90.80 68.00 61.50 60.40 86.70 63.11 91.28 62.63
w/o Multi-agent 80.00 67.50 75.00 66.00 58.46 59.71 82.52 63.93 85.47 48.87
w/o Visual Input 77.78 59.71 69.35 61.33 53.85 51.08 83.22 60.66 78.49 48.12
w/o Spec. Agents 65.72 62.45 85.62 62.32 55.25 56.32 81.96 58.49 75.48 46.75
w/o Vision Expert 64.34 57.44 72.58 65.67 59.42 58.59 81.37 57.44 83.63 56.40

Table 4: Ablation study results of VIPACT on the Blink benchmark using GPT-4o. VIPACT (Full) represents the complete
framework with all components, while the other variants exclude specific components.

Method Accuracy (%)
VIPACT 70.7
w/o Multi-agent 68.0
w/o Visual Input 54.0
w/o Spec. Agents 67.0
w/o Vision Expert 66.0

Table 5: Ablation of VIPACT on MMVP using GPT-4o.

focus parameter and effectively determine the direction
of camera movement. Further analysis can be found in
Appendix H.

• Specialized agents and vision expert models signifi-
cantly contribute to performance: Specialized agents,
though VLMs, intently analyze specific visual information
without distractions from other instructions (e.g., format
requirements), which can hinder LLM reasoning (Tam
et al. 2024). Vision expert models perform pixel-level
analyses beyond SOTA VLM capabilities, aiding the or-
chestrator. As shown in Table 4 and 5, removing them
leads to a noticeable performance decline. Overall, our
VIPACT framework combines VLM flexibility and plan-
ning with vision expert model precision, creating a co-
hesive system where each component is proven to be
essential.

6 Error Analysis
To examine the limitations of GPT-4o’s visual perception
capabilities and the bottlenecks of our VIPACT, we conduct
a comprehensive error analysis. Following prior works (Zhou
et al. 2022; Chen et al. 2023b; Zhang, Chen, and Yang 2024),
we randomly sampled 20 error cases from each sub-task
within the two datasets. The errors were categorized as fol-
lows:
• Failure to perceive small object parts (17%): The
model often overlooks small, semantically important com-
ponents crucial for precise visual understanding.

• Difficulty distinguishing closely positioned visual
prompts (15%): The model struggles to differentiate
spatially proximate visual prompts.

• Challenges in fine-grained spatial reasoning (24%):
Tasks requiring high spatial resolution highlight the
model’s bias towards foreground objects over back-

grounds; e.g., misinterpreting a highlight meant for the
sky near a car as associated with the car.

• Misinterpretation of relative object positions (14%):
Errors arise when object arrangements differ from real-
world expectations, as the model often lacks the ability to
infer spatial relations from objects’ perspectives, focusing
on camera viewpoint.

• Failure to recognize object orientation (13%): Diffi-
culty discerning object orientation leads to errors in rec-
ognizing object parts, such as distinguishing left/right
bicycle pedals.

• Other errors (17%): This includes other issues like fail-
ure to detect subtle color differences, inaccuracies in
multi-image fine-grained structure correspondence, and
instances of refusal or instruction misinterpretation.
Case studies illustrating these errors are in Appendix D.

Our analysis denotes that while VIPACT shows significant
improvements in VLM visual perception, fine-grained per-
ception remains a bottleneck. Specifically, the model lacks
the spatial intelligence or imaginative abilities (Chen et al.
2018; Huang et al. 2024) necessary to infer relative object
positions beyond their pixel positions (from the camera’s per-
spective), especially in the context of real-life scenes. Notice-
ably, these limitations hinder the model’s ability to accurately
interpret visual prompts and process tasks involving multiple
image inputs. We also examine the significance of multiple
image inputs for VLMs in Appendix F.

7 Conclusion
We introduce VIPACT, a VLM-based agent framework that
synergizes multi-agent collaboration and vision expert mod-
els for fine-grained visual perception tasks. By combining the
planning and function-calling capabilities of SOTA VLMs,
VIPACT enhances VLMs’ System-2 reasoning through multi-
agent interactions and integrates high-precision, pixel-level
information from specialized vision models. Our experiments
across a diverse range of visual perception tasks demonstrate
that VIPACT achieves SOTA performance, outperforming
previous baselines. The comprehensive ablation study high-
lights the critical role of multi-agent collaboration in eliciting
detailed information for reasoning, as well as the importance
of image input in task planning. Furthermore, our error anal-
ysis highlights several inherent limitations in current SOTA
VLMs that form bottlenecks in our framework, offering valu-
able insights for future improvements.
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