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Abstract
Large language models (LLMs) have achieved superior performance in powering text-based AI agents, endowing
them with decision-making and reasoning abilities that are analogous to those exhibited by humans. Concurrently,
an emerging research trend is focused on extending these LLM-powered AI agents into themultimodal domain. This
extension facilitates the interpretation and response of AI agents to diverse multimodal user queries, thereby
handling more intricate and nuanced tasks. In this paper, we conduct a systematic review of LLM-driven multimodal
agents, which we refer to as large multimodal agents (LMAs for short). First, we introduce the essential components
involved in developing LMAs and categorize the current body of research into four distinct types. Subsequently, we
review the collaborative frameworks that integrate multiple LMAs, with the aim of enhancing collective efficacy.
One of the critical challenges in this field is the diverse evaluation methods used across existing studies, which
impedes effective comparison among different LMAs. Therefore, we compile these evaluation methodologies and
establish a comprehensive framework to bridge the gaps. This framework aims to standardize evaluations, facilitating
more meaningful comparisons. Concluding our review, we highlight the extensive applications of LMAs and
propose potential future research directions. Our discussion aims to provide valuable insights and guidelines for
future research in this rapidly evolving field.

Keywords: Large multimodal agents, Comprehensive framework, AI agents

1 Introduction
An agent is a system capable of perceiving its environ-
ment and making decisions based on these perceptions
to achieve specific goals [1]. While proficient in narrow
domains, early agents [2, 3] often lack adaptability and
generalization, highlighting a significant disparity with
human intelligence. Recent advancements in large lan-
guage models (LLMs) have begun to bridge this gap, where
LLMs enhance their capabilities in command interpreta-
tion, knowledge assimilation [4, 5], and mimicry of hu-
man reasoning and learning [6, 7]. These agents primarily
utilize LLMs as their decision-making tool and are fur-
ther enhanced with critical human-like attributes, such
as memory. This enhancement allows them to handle a
variety of natural language processing tasks and interact
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with the environment using language [8, 9]. However, real-
world scenarios often involve information that spans be-
yond text, encompassing multiple modalities, with a sig-
nificant emphasis on the visual aspect. Consequently, the
next evolutionary step for LLM-powered intelligent agents
is to acquire the capability to process and generate multi-
modal information, particularly visual data. This ability is
essential for these agents to evolve into more sophisticated
AI entities that exhibit human-level intelligence. Agents
equipped with this capability are referred to as large mul-
timodal agents (LMAs) in our paper.1 Typically, they face
more sophisticated challenges than language-only agents.
Take web searching for example, an LMA first requires the
input of a user requirements to look up relevant informa-
tion through a search bar. Subsequently, it navigates to web
pages through mouse clicks and scrolls to browse real-time
content on those pages. Finally, the LMA needs to process

1The name derives from “large multimodal models” (LMMs).
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Figure 1 Representative research papers from top AI conferences on LLM-powered multimodal agents. These papers, published between
November 2022 and February 2025, are categorized by their publication date. These papers include Visual Programming [13], AudioGPT [14],
MM-REACT [15], ChatVideo [16], ViperGPT [17], Visual ChatGPT [18], GPT4Tools [19], HuggingGPT [20], AutoDroid [21], AssistGPT [22], AVIS [23],
Auto-UI [24], DiscussNav [25], M3 [26], MusicAgent [27], OpenAgents [28], Octopus [29], DEPS [30], GRID [31], WebWISE [32], DDCoT [33], Cola [11],
ControlLLM [34], Chameleon [35], GPT-Driver [36], LLaVA-Plus [37], MM-Navigator [38], LLaVA-Interactive [39], MP5 [40], MemoDroid [41], EMMA [42],
STEVE [43], AppAgent [44], JARVIS-1 [45], DroidBot-GPT [46], MLLM-Tool [47], DLAH [48], GenArtist [49], UGround [50], GenRL [51], Avatar [52],
Mobile-Agent [53], Optimus-2 [54], GUI-Xplore [55], AcTOL [56], and MAM [57]

multimodal data (e.g., text, videos, and images) and per-
form multi-step reasoning, including extracting key infor-
mation from web articles, video reports, and social media
updates, and integrating this information to respond to
the user’s query. Figure 1 shows the representative LLM-
powered multimodal agents. We note that existing studies
in LMAs were conducted in isolation, and therefore it is
necessary to further advance the field by summarizing and
comparing existing frameworks. There exist several sur-
veys related to LLM-powered agents [10–12] while few of
them focused on the multimodal aspects.

In this paper, we aim to fill the gap by summarizing the
main developments of LMAs (in Fig. 1). First, we give an
introduction about the core components (Sect. 2) and pro-
pose a new taxonomy for existing studies (Sect. 3) with
further discussion on existing collaborative frameworks
(Sect. 4). Regarding the evaluation, we outline the exist-
ing methodologies for assessing the performance of LMAs,
followed by a comprehensive summary (Sect. 5). Then, the
application section provides an exhaustive overview of the
broad real-world applications of multimodal agents and
their related tasks (Sect. 6). We conclude this work by dis-
cussing and suggesting possible future directions forLMAs
to provide useful research guidance.

2 The core components of LMAs
In this section, we detail four core elements of LMAs in-
cluding perception, planning, action, and memory.

Perception Perception is a complex cognitive process
that enables humans to collect and interpret environ-
mental information. In LMAs, the perception component
primarily focuses on processing multimodal information
from diverse environments. As illustrated in Table 1,LMAs

in different tasks involve various modalities. They require
extracting key information from these different modalities
that is most beneficial for task completion, thereby facili-
tating more effective planning and execution of the tasks.

Early research [15, 17, 18, 22] on processing multimodal
information often relies on simple correlation models or
tools that convert images or audio into text descriptions.
However, this conversion approach tends to generate a
large amount of irrelevant and redundant information,
particularly for complex modalities (e.g., video). Along
with the input length constraint, LLMs frequently face
challenges in effectively extracting pertinent information
for planning. To address this issue, recent studies [16, 65]
have introduced the concept of sub-task tools, which are
designed to handle sophisticated data types. In an environ-
ment resembling the real world (i.e., open-world games),
Wang et al. [45] proposed a novel method for process-
ing non-textual modal information. This approach begins
by extracting key visual vocabulary from the environment
and then employs the GPT model to further refine this vo-
cabulary into a series of descriptive sentences. As LLMs
perceive visual modalities within the environment, they
use visual modalities to retrieve the most relevant de-
scriptive sentences, which effectively enhances their un-
derstanding of the surroundings.

Planning Planners play a central role in LMAs, akin to
the function of the human brain. They are responsible for
thinking deeply about the current task and formulating
corresponding plans. Compared to language-only agents,
LMAs operate in a more complicated environment, making
it more challenging to devise reasonable plans. We detail
planners from four perspectives (models, format, inspec-
tion & reflection, and planning methods).
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Table 2 A summary of different tools. Their corresponding modalities, skills, and available sources are presented

Modality Skill Tools Source

Image VQA BLIP2 [70] Github, Hugging Face
Grounding/Detection G-DINO [71] Github, Hugging Face
Image caption BLIP [72],BLIP2 [70], InstructBLIP [73] Github, Hugging Face, API
OCR EasyOCR, Umi-OCR Github, API
Image editing Instruct P2P [74] Github, Hugging Face, API
Image generation Stable Diffusion [75], DALLE·3 [76] Github, Hugging Face, API
Image segmentation SAM [77], PaddleSeg [78] Github, Hugging Face, API

Text Knowledge retrieval Bing Search Website, API
Programming related skill PyLint, PyChecker Python, API

Video Video editing Editly Github, API
Object tracking OSTrack [79] Github, Hugging Face, API

Audio Speech to text Whisper [80] Github, Hugging Face, API
Text to speech StyleTTS 2 [6] Github, API

1) Models: As shown in Table 1, existing studies
employ different models as planners. Among them,
the most popular ones are GPT-3.5 or GPT-4
[17, 18, 20, 22, 35, 45]. Yet, these models are not
publicly available and therefore some studies have
begun shifting towards using open-source models,
such as LLaMA [19] and LLaVA [37], where the latter
can directly process information of multiple
modalities, enhancing their ability to make more
optimal plans.

2) Format: It represents how to formulate the plans
made by planners. As shown in Table 1, there are two
formatting ways. The first one is natural language.
For example, in Ref. [20], the planning content
obtained is “The first thing I did was use OpenCV’s
openpose control model to analyze the pose of the boy
in the image....”, where the plan made is to use
“OpenCV’s openpose control model”. The second one
is in the form of programs, like “image_patch =
ImagePatch(image)” as described in Ref. [17], which
invokes the ImagePatch function to execute the
planning. There are also hybrid forms, such as Ref.
[22].

3) Inspection & Reflection: It is challenging for an
LMA to consistently make meaningful and
task-completing plans in a complex multimodal
environment. This component aims at enhancing
robustness and adaptability. Some research methods
[45, 61] store successful experiences in long-term
memory, including the multimodal states, to guide
planning. During the planning process, they first
retrieve relevant experiences, aiding planners in
thoughtful deliberation to reduce uncertainty.
Additionally, Ref. [23] utilizes plans made by humans
in different states while performing the same tasks.
When encountering similar states, planners can refer
to these “standard answers” for contemplation,

leading to more rational plans. Moreover, Ref. [65]
employs more complex planning methods, like
Monte Carlo, to expand the scope of planning search
to find the optimal planning strategy.

4) Planning Methods: Existing planning strategies can
be categorized into two types: static and dynamic
planning as shown in Table 1. The former
[15, 17, 18, 20, 35] refers to decomposing the goal
into a series of sub-plans based on the initial input,
similar to chain of thought (CoT) [33], where plans
are not reformulated even if errors occur during the
process. The latter [22, 26, 45, 65] implies that each
plan is formulated based on the current
environmental information or feedback. If errors are
detected in the plan, it will revert to the original state
for re-planning [23].

Action The action component in multimodal agent sys-
tems is responsible for executing the plans and decisions
formulated by the planner. It translates these plans into
specific actions, such as the use of tools, physical move-
ments, or interactions with interfaces, thereby ensuring
that the agent can achieve its goals and interact with the
environment accurately and efficiently. Our discussion fo-
cuses on two aspects: types and approaches.

Actions in Table 1 are classified into three categories:
tool use (T), embodied actions (E), and virtual actions (V),
where tools includes visual foundation models (VFMs),
APIs and Python (as listed in Table 2). Embodied actions
are performed by physical entities like robots [36, 48] or
virtual characters [31, 42, 45, 61]. Virtual actions [32, 46,
62, 81] include web tasks (e.g., clicking links, scrolling, and
keyboard use). In terms of approaches, as shown in Ta-
ble 1, there are primarily two types. The first type involves
using prompts to provide agents with information about
executable actions, such as the tools available at the mo-
ment and their functions. The second type involves col-
lecting data on actions and leveraging this information to
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self-instruct the fine-tuning process of open-source large
models, such as LLaVA [37]. These data are typically gen-
erated by advanced models, such as GPT-4. Compared to
language-only agents, the complexity of information and
data related to actions requires more sophisticated meth-
ods to optimize the learning strategy.

Memory Early studies show that memory mechanisms
play a vital role in the operation of general-purpose agents.
Similar to humans, memory in agents can be categorized
into long and short memory. In a simple environment,
short memory is sufficient for an agent to handle tasks
at hand. However, in more complex and realistic settings,
long memory becomes essential. In Table 1, we can see that
only a minority of LMAs incorporate long memory. Un-
like language-only agents, these multimodal agents require
long memory capable of storing information across vari-
ous modalities. In some studies [16, 44, 48, 65], all modal-
ities are converted into textual formats for storage. How-
ever, in Ref. [45], a multimodal long memory system is pro-
posed, designed specifically to archive previous success-
ful experiences. Specifically, these memories are stored as
key-value pairs, where the key is the multimodal state and
the value is the successful plan. Upon encountering a new
multimodal state x, the most analogous examples t are re-
trieved based on their encoded similarity:

p(t|x) ∝ CLIPv(kt)
⊤CLIPv(kx) (1)

where kt represents the key’s visual information encoded
via the CLIP model, compared for similarity with the cur-
rent visual state kx, also encoded by CLIP.

3 The taxonomy of LMAs
In this section, we present a taxonomy of existing studies
by classifying them into four types.

Type I: closed-source LLMs as planners w/o long-term
memory Early studies [13, 17, 18, 20, 22, 26] employed
prompts to utilize closed-source large language models
(e.g., GPT-3.5) as the planner for inference and planning as
illustrated in Fig. 2(a). Depending on the specific environ-
ment or task requirements, the execution of these plans
may be carried out by downstream toolkits or through di-
rect interaction with the environment using physical de-
vices like mice or robotic arms. LMAs of this type typi-
cally operate in simpler settings, undertaking conventional
tasks such as image editing, visual grounding, and visual
question answering (VQA).

Type II: fine-tuned LLMs as planners w/o long-term mem-
ory LMAs of this type involve collecting multimodal
instruction-following data or employing self-instruction
to fine-tune open-source large language models (such as

LLaMA) [19] or multimodal models (like LLaVA) [37, 47],
as illustrated in Fig. 2(b). This enhancement not only al-
lows the models to serve as the central “brain” for reason-
ing and planning but also to execute these plans. The en-
vironments and tasks faced by Type II LMAs are similar
to those in Type I, typically involving traditional visual or
multimodal tasks. Compared to canonical scenarios char-
acterized by relatively simple dynamics, closed environ-
ments, and basic tasks, LMAs in open-world games like
Minecraft are required to execute precise planning in dy-
namic contexts, handle tasks of high complexity, and en-
gage in lifelong learning to adapt to new challenges. There-
fore, building upon the foundation of Type I and Type II,
Type III and Type IV LMAs integrate a memory compo-
nent, showing great promise in developing towards a gen-
eralist agent in the field of artificial intelligence.

Type III: planners with indirect long-term memory For
Type III LMAs [16, 65], as illustrated in Fig. 2(c), LLMs
function as the central planner and are equipped with long
memory. These planners access and retrieve long mem-
ories by invoking relevant tools, leveraging these memo-
ries for enhanced reasoning and planning. For example,
the multimodal agent framework developed in Ref. [65]
is tailored for dynamic tasks such as video processing.
This framework consists of a planner, a toolkit, and a task-
relevant memory bank that catalogues spatial and tempo-
ral attributes. The planner employs specialized sub-task
tools to query the memory bank for spatiotemporal at-
tributes related to the video content, enabling inference
on task-relevant temporal and spatial data. Stored within
the toolkit, each tool is designed for specific types of spa-
tiotemporal reasoning and acts as an executor within the
framework.

Type IV: planners with native long-term memory Dif-
ferent from Type III, Type IV LMAs [40, 45, 48, 81] fea-
ture LLMs directly interacting with long memory, bypass-
ing the need for tools to access long memories, as illus-
trated in Fig. 2(d). For example, the multimodal agent pro-
posed in Ref. [45] demonstrates proficiency in complet-
ing over 200 distinct tasks within the open-world context
of Minecraft. In their multimodal agent design, the inter-
active planner, merging a multimodal foundation model
with an LLM, first translates environmental multimodal
inputs into text. The planner further employs a self-check
mechanism to anticipate and assess each step in execution,
proactively spotting potential flaws and, combined with
environmental feedback and self-explanation, swiftly cor-
rects and refines plans without extra information. More-
over, this multimodal agent framework includes a novel
multimodal memory. Successful task plans and their ini-
tial multimodal states are stored, and the planner retrieves
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Figure 2 Illustrations on four types of LMAs. (a) Type I: Closed-source LLMs as planners w/o long-termmemory. They mainly use prompt techniques
to guide closed-source LLMs in decision-making and planning to complete tasks without long memory. (b) Type II: Fine-tuned LLMs as planners w/o
long-term memory. They use action-related data to fine-tune existing open-source large models, enabling them to achieve decision-making,
planning, and tool invocation capabilities comparable to closed-source LLMs. Unlike (a) and (b), (c) and (d) introduce long-term memory functions,
further enhancing their generalization and adaptation abilities in environments closer to the real world. However, because their planners use
different methods to retrieve memories, they can be further divided into: (c) Type III: Planners with indirect long-term memory; (d) Type IV: Planners
with native long-term memory

similar states from this database for new tasks, using ac-
cumulated experiences for faster, more efficient task com-
pletion.

4 Multi-agent collaboration
We further introduce the collaborative framework for
LMAs beyond the discussion within isolated agents in this
section.

As shown in Fig. 3(a) and Fig. 3(b), these frameworks
employ multiple LMAs working collaboratively. The key
distinction between the two frameworks lies in the pres-
ence or absence of a memory component, but their under-
lying principle is consistent: multiple LMAs have different
roles and responsibilities, enabling them to coordinate ac-
tions to collectively achieve a common goal. This structure
alleviates the burden on a single agent, thereby enhancing
task performance [23, 25, 40, 41].

For example, in Table 1, in the multimodal agent frame-
work proposed by Qin et al. [40], a perceiver agent is
introduced to sense the multimodal environment, com-
prised of large multimodal models. An agent, designated
as Patroller, is responsible for engaging in multiple in-
teractions with the perceiver agent, conducting real-time
checks and feedback on the perceived environmental data
to ensure the accuracy of current plans and actions. When
execution failures are detected or reevaluation is necessi-
tated, Patroller provides pertinent information to the plan-
ner, prompting a reorganization or update of the action
sequences under the sub-goals. The MemoDroid frame-
work [41] comprises several key agents that collabora-
tively work to automate mobile tasks. The Exploration
Agent is responsible for offline analysis of the target ap-
plication interface, generating a list of potential sub-tasks
based on UI elements, which are then stored in the ap-
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Figure 3 Illustrations on two types of multi-agent frameworks. In these two frameworks, completing tasks or instructions from the environment
relies on the cooperation of multiple agents. Each agent is responsible for a specific duty, which may involve processing environmental information
or handling decision-making and planning, thus distributing the pressure that would otherwise be borne by a single-agent to complete the task.
The unique aspect of framework (b) is its long-term memory capability

plication memory. During the online execution phase, the
Selection Agent determines specific sub-tasks to execute
from the explored set, based on user commands and the
current screen state. The Deduction Agent further iden-
tifies and completes the underlying action sequences re-
quired for the selected sub-tasks by prompting an LLM.
Concurrently, the Recall Agent, upon encountering tasks
similar to those previously learned, can directly invoke
and execute the corresponding sub-tasks and action se-
quences from memory. The MAM [57] proposes a multi-
agent framework, which decomposes medical diagnosis
into specialized roles (e.g., general practitioners, radiol-
ogists) through modular design and collaborative mech-
anisms, overcoming the limitations of traditional unified
models. Its advantages include: 1) Its modular architec-
ture enables localized knowledge updates, thus avoiding
the high cost of global retraining; 2) Flexible integration
of existing specialized models simulates real-world medi-
cal team collaboration; 3) Experimental validation demon-
strates superior performance over unimodal models on
multimodal medical data. MetaDesigner [82] proposes a
multi-agent framework for artistic font generation, where
three specialized agents—Pipeline, Glyph, and Texture—
collaborate to achieve end-to-end design from semantic
enhancement to texture detailing. Its key advantages in-
clude: 1) Multi-agent coordination separately handles de-
sign flow, glyph structure, and texture style, improving
generation precision; 2) A dynamic feedback mechanism
integrates user preferences and multimodal evaluation for
automatic parameter optimization; 3) Experimental vali-
dation demonstrates the system’s superior performance in
visual quality and semantic consistency.

5 Evaluation
The predominant focus of research is on enhancing the
capabilities of current LMAs. However, limited efforts are

devoted to developing methodologies for the assessment
and evaluation of these agents. The majority of research
continues to depend on conventional metrics for evaluat-
ing performance, clearly illustrating the challenges inher-
ent in assessing LMAs. This also underscores the necessity
of developing pragmatic assessment criteria and establish-
ing benchmark datasets in this domain. This section sum-
marizes existing evaluations of LMAs and offers perspec-
tives on future developments.

5.1 Subjective evaluation
Subjective evaluation mainly refers to using humans to as-
sess the capabilities of these LMAs. Our ultimate goal is to
create a LMA that can comprehend the world like humans
and autonomously execute a variety of tasks. Therefore, it
is crucial to adopt subjective evaluations of human users
on the capabilities of LMAs. The main evaluation metrics
include versatility, user-friendliness, scalability, and value
and safety.

Versatility Versatility denotes the capacity of an LMA to
adeptly utilize diverse tools, execute both physical and vir-
tual actions, and manage assorted tasks. Ref. [35] proposed
comparing the scale and types of tools utilized in existing
LMAs, as well as assessing the diversity of their capabilities.

User-friendliness User-friendliness involves user satis-
faction with the outcomes of tasks completed by LMAs,
including efficiency, accuracy, and the richness of the re-
sults. This type of assessment is relatively subjective. In
Ref. [38], human evaluation of the LMA is essential to pre-
cisely assess its effectiveness in interpreting and executing
user instructions.

Scalability Scalability fundamentally evaluates the capa-
bility of LMAs to assimilate new competencies and ad-
dress emerging challenges. Given the dynamic nature of
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human requirements, it is imperative to rigorously assess
the adaptability and lifelong learning potential of LMAs.
For example, the evaluation in Ref. [37] focuses on the pro-
ficiency of agents in using previously unseen tools to com-
plete tasks.

Value and safety The “value and safety” metric plays a
critical role in determining the practical significance and
safety of agents for human users. While many current eval-
uations overlook this metric, it is essential to consider the
“value and safety” of LMAs. Compared to language agents,
LMAs can handle a wider range of task categories, mak-
ing it even more important for them to follow ethical and
moral principles consistent with human societal values.

However, there are three critical limitations to current
subjective evaluation methods for LMAs. First, conven-
tional user-friendliness assessments focus solely on final
task completion while neglecting the evaluation of action
sequence rationality (e.g., logical errors in tool invoca-
tion order). Second, tool diversity metrics fail to effectively
assess cross-modal coordination capabilities (e.g., perfor-
mance when handling conflicts between visual and voice
commands). Finally, safety evaluations predominantly em-
ploy predefined static scenarios, making them inadequate
for identifying emergent risks from dynamic tool combina-
tions (e.g., the potential for misinformation to propagate
through the combined use of image generation tools and
social media APIs).

5.2 Objective evaluation
Objective evaluation, distinct from subjective assessment,
relies on quantitative metrics to comprehensively, system-
atically, and standardly assess the capabilities of LMAs. It
is currently the most widely adopted evaluation method in
multimodal agent research.

Metrics Metrics play a crucial role in objective assess-
ment. In current multimodal agent research [15, 17, 18,
22, 23, 35, 65], specific task-related metrics are employed,
such as the accuracy of answers generated by the agent
in tasks like visual question answering (VQA) [17, 58].
However, the traditional task metrics established prior to
the emergence of LLMs are not sufficiently effective in
evaluating LLM-powered LMAs. As a result, an increas-
ing number of research efforts are directed towards iden-
tifying more appropriate metrics for assessment. For in-
stance, in VisualWebArena [83], a specialized assessment
metric is designed to evaluate the performance of LMAs
in handling visually guided tasks. This includes measuring
the accuracy of the agent’s visual understanding of web-
page content, such as the ability to recognize and utilize
interactable elements marked by Set-of-Marks for opera-
tions and achieving state transitions based on task objec-
tives, as defined by a manually designed reward function.

Besides, it encompasses the accuracy of responses to spe-
cific visual scene questions and the alignment of actions
executed based on visual information.

Benchmarks Benchmark [84] represents a testing en-
vironment that encompasses a suite of evaluation stan-
dards, datasets, and tasks. It is utilized to assess and
compare the performance of different algorithms or sys-
tems. Compared to benchmarks for conventional tasks
[18, 23, 35, 37], SmartPlay [85] utilizes a carefully designed
set of games to comprehensively measure various abili-
ties of LMAs, establishing detailed evaluation metrics and
challenge levels for each capability. Contrasting with the
approach of using games to evaluate, GAIA [86] has devel-
oped a test set comprising 466 questions and their answers.
These questions require AI systems to possess a range of
fundamental abilities, such as reasoning, processing mul-
timodal information, web navigation, and proficient tool
use. Diverging from the current trend of creating increas-
ingly difficult tasks for humans, it focuses on conceptually
simple yet challenging questions for existing advanced AI
systems. These questions involve real-world scenarios that
necessitate the precise execution of complex operational
sequences, with outputs that are easy to verify. Similarly,
VisualWebArena [83] is a benchmark test suite designed to
assess and advance the capabilities of LMAs in processing
visual and textual understanding tasks on real web pages.
There are also other benchmarks [87, 88] that have effec-
tively tested the capabilities of agents.

In recent years, a growing number of benchmarks have
shifted toward dynamic and realistic evaluation environ-
ments that closely mimic real-world conditions, as shown
in Table 3. Moving beyond early approaches that focused
solely on final task success rates, current research empha-
sizes multi-dimensional and fine-grained capability assess-
ments. For instance, by simulating complex operational
sequences (e.g., web navigation, multimodal information
processing) or designing tasks requiring long-term plan-
ning and tool usage, these benchmarks provide a more
comprehensive measure of an agent’s adaptability in real-
world scenarios. Furthermore, evaluation metrics have ex-
panded from mere success rates to encompass dimensions
such as task completion efficiency, robustness, and inter-
pretability, thereby offering a more precise reflection of an
agent’s overall performance.

6 Application
LMAs, proficient in processing diverse data modalities,
surpass language-only agents in decision-making and re-
sponse generation across varied scenarios. Their adapt-
ability makes them exceptionally useful in real-world, mul-
tisensory environments, as illustrated in Fig. 4.
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Table 3 Comparison of multimodal agent benchmarks

Test task types Benchmark Evaluation dimensions Task complexity

GUI tasks Mind2web [89] Final success rate Closed-rule
WebArena [90] Final success rate and basic

evaluation
Closed-rule

VisualWebArena [83] Final success rate and basic
evaluation

Closed-rule

Spa-Bench [91] Final success rate and complex
evaluation

Dynamic complex reasoning

DSGBench [30] Final success rate and complex
evaluation

Closed-rule

Balrog [92] Final success rate and complex
evaluation

Dynamic complex reasoning

Game tasks SmartPlay [85] Final success rate Closed-rule and dynamic complex
reasoning

DSGBench [30] Final success rate and complex
evaluation

Closed-rule

General real-world tasks TravelPlanner [88] Final success rate Closed-rule
RiOSWorld [93] Final success rate and basic

reasoning evaluation
Dynamic complex reasoning

GAIA [86] Final success rate and basic
reasoning evaluation

Closed-rule and dynamic complex
reasoning

Figure 4 A variety of applications of LMAs. These applications include MusicAgent [27], Wavjourney [69], Copilot [66], AudioGPT [14], ViperGPT [17],
Visual ChatGPT [18], GPT4Tools [19], HuggingGPT [20], LLaVA-Plus [37], MM-REACT [15], AssistGPT [22], Chameleon [35], MLLM-Tool [47], M3 [26],
DDCoT [33], CRAFT [59], CLOVA [58], AVIS [23], STEVE [43], EMMA [42], Octopus [29], GRID [31], JARVIS-1 [45], MP5 [40], DEPS [30], DiscussNav [25],
SmartPlay [85], VisualWebArena [83], AssistGPT [22], DoraemonGPT [65], LLaVA-Interactive [39], MuLan [63], GPT-Driver [36], DLAH [48],
Mobile-Agent [53], MM-Navigator [38], ASSISTGUI [62], WebWISE [32], DroidBot-GPT [46], AutoDroid [21], Auto-UI [24], AppAgent [44],
OS-Copilot [66], MemoDroid [41], and OpenAgents [28]
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GUI automation In this application, the objective of
LMAs is to understand and simulate human actions within
user interfaces, enabling the execution of repetitive tasks,
navigation across multiple applications, and the simplifica-
tion of complex workflows. This automation holds the po-
tential to save users’ time and energy, allowing them to fo-
cus on the more critical and creative aspects of their work
[32, 38, 41, 44, 46, 55, 62, 64, 84, 91, 94–97]. For exam-
ple, GPT-4V-Act, is an advanced AI that combines GPT-
4V’s capabilities with web browsing to improve human-
computer interactions. Its main goal is to make user in-
terfaces more accessible, simplify workflow automation,
and enhance automated UI testing. This AI is especially
beneficial for people with disabilities or limited tech skills,
helping them navigate complex interfaces more easily.

Robotics and embodied AI This application [29, 31, 40,
42, 43, 45, 51, 54, 56, 61, 71, 98–100] focuses on integrating
the perceptual, reasoning, and action capabilities of robots
with physical interactions in their environments. Employ-
ing a multimodal agent, robots are enabled to utilize di-
verse sensory channels, such as vision, hearing, and touch,
to acquire comprehensive environmental data. For exam-
ple, the MP5 system [40] is a cutting-edge, multimodal en-
tity system used in Minecraft that utilizes active percep-
tion to smartly break down and carry out extensive, indef-
inite tasks with large language models.

Game developement Game AI [83, 85] endeavors to de-
sign and implement these agents to exhibit intelligence
and realism, thereby providing engaging and challenging
player experiences. The successful integration of agent
technology in games has led to the creation of more so-
phisticated and interactive virtual environments.

Autonomous driving Traditional approaches to auton-
omous vehicles [21] face obstacles in effectively perceiv-
ing and interpreting complex scenarios. Recent progress
in multimodal agent-based technologies, notably driven
by LLMs, marks a substantial advancement in overcom-
ing these challenges and bridging the perception gap [36,
48, 101, 102]. Ref. [36] presents GPT-Driver, a pioneering
approach that employs the OpenAI GPT-3.5 model as a re-
liable motion planner for autonomous vehicles, with a spe-
cific focus on generating safe and comfortable driving tra-
jectories. Harnessing the inherent reasoning capabilities of
LLMs, their method provides a promising solution to the
issue of limited generalization in novel driving scenarios.

Video understanding The video understanding agents
[22, 65, 103–105] are artificial intelligence systems specif-
ically designed for analyzing and comprehending video
content. They utilize deep learning techniques to extract
essential information from videos, identifying objects, ac-
tions, and scenes to enhance understanding of the video
content.

Visual generation & editing Some applications[15, 16,
39] are designed for the creation and manipulation of vi-
sual content. Using advanced technologies, these tools ef-
fortlessly create and modify images, offering users a flex-
ible option for creative projects. For instance, LLaVA-
Interactive [39] is an open-source multimodal interactive
system that amalgamates the capabilities of pre-trained
AI models to facilitate multi-turn dialogues with visual
cues and generate edited images, thereby realizing a cost-
effective, flexible, and intuitive AI-assisted visual content
creation experience. MovieAgent [106] introduces an au-
tomated movie generation framework using multi-agent
chain of thought (CoT) planning. It autonomously struc-
tures scenes, cinematography, and character interactions,
ensuring script fidelity, character consistency, and nar-
rative coherence. By simulating roles like director and
screenwriter, it streamlines production, achieving state-of-
the-art results in automated long-form video generation.
MM-StoryAgent [107] proposes an open-source multi-
agent framework leveraging LLMs and generative tools
to create immersive narrated video storybooks, enhanc-
ing story attractiveness and expressiveness through re-
fined plots, role-consistent visuals, and multi-channel au-
dio, validated by objective and subjective evaluations. Mo-
tionAgent [108] introduces a motion field agent to enable
fine-grained motion control in text-guided image-to-video
generation by converting text-based motion descriptions
into explicit motion fields, achieving precise control over
object and camera motion.

Complex visual reasoning tasks This area is a key fo-
cus in multimodal agent research, mainly emphasizing
the analysis of multimodal content. This prevalence is at-
tributed to the superior cognitive capabilities of LLMs in
comprehending and reasoning through knowledge-based
queries, surpassing the capabilities of previous models [26,
33, 109–112]. Within these applications, the primary focus
is on QA tasks [15, 18, 20, 35]. This entails leveraging vi-
sual modalities (images or videos) and textual modalities
(questions or questions with accompanying documents) to
generate reasoned responses.

Audio editing & generation The LMAs in this application
integrate foundational expert models in the audio domain,
making music editing and creation efficient [14, 27, 68, 69].

7 Limitation
Computational costs The computational overhead of
LMAs predominantly stems from three critical operational
dimensions. In the realm of cross-modal data process-
ing, the visual information pipeline proves particularly
resource-intensive, as exemplified by conventional ViT en-
coders requiring the generation of over 100,000 visual to-
kens when processing 4K-resolution imagery, resulting in
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a substantial 18 GB memory footprint, while empirical
studies demonstrate that merely 12% of these tokens typ-
ically contain semantically meaningful information [113].
The compounded computational burden of tool orchestra-
tion manifests most acutely in complex workflows, with a
standard multimodal report generation task – involving
sequential invocations of image synthesis, textual refine-
ment, and audio proofing modules – routinely consuming
in excess of 100,000 tokens per operation [114]. Perhaps
most critically, the memory management challenges in-
herent to dynamic operational environments present ex-
traordinary scaling difficulties, as evidenced by operating
system agents sustaining 48 GB memory utilization across
merely 100 operational steps due to persistent caching re-
quirements for both screen captures and action histories
[24]. These computational bottlenecks yield tangible per-
formance constraints in applied settings, with even state-
of-the-art implementations exceeding the 15 W power en-
velope by 37% in clinical robotic applications [57].

Ethical concerns Contemporary research reveals three
principal ethical challenges in LMAs systems. The pri-
mary concern involves cross-modal alignment and value
consistency, where vision-language architectures exhibit
68% semantic disjunction risk during multimodal process-
ing [93]. Particularly concerning are healthcare applica-
tions where LMAs generate clinically coherent yet ethically
non-compliant outputs, such as end-of-life recommenda-
tions violating patient autonomy principles [115]. The sec-
ond challenge manifests in systematic bias amplification,
with multimodal systems demonstrating 37% reduced
STEM field recommendations for women when process-
ing gender-stereotyped inputs [116]. Diagnostic accuracy
disparities further exacerbate, showing 23% higher error
rates for minority populations compared to unimodal sys-
tems. Most critically, the simulation-to-reality transition
presents compound challenges: 67% of deployed LMAs ex-
hibit behavioral deviation from training objectives [117],
while continual learning architectures render 98% of ethi-
cal violations untraceable [118].

Scalability issues The scalability of LMAs faces several
fundamental limitations. First, the combinatorial explo-
sion in task planning complexity leads to deteriorating
planning efficiency as task scenarios expand [119]. Sec-
ond, the inherent difficulty in aligning multimodal percep-
tion (e.g., vision, language) with physical actions poses sig-
nificant challenges for scalable learning [42]. Finally, sub-
stantial system integration overhead arises from the need
for extensive engineering efforts to coordinate perception,
planning, and execution modules [120].

8 Conclusion and future research
In this survey, we provide a thorough overview of the latest
research on multimodal agents driven by LLMs (LMAs).

We start by introducing the core components of LMAs
(i.e., perception, planning, action, and memory) and clas-
sify existing studies into four categories. Subsequently, we
compile existing methodologies for evaluating LMAs and
devise a comprehensive evaluation framework. Finally, we
spotlight a range of current and significant application
scenarios within the realm of LMAs. Despite the notable
progress, this field still faces many unresolved challenges,
and there is considerable room for improvement. We fi-
nally highlight several promising directions based on the
reviewed progress:

1) On frameworks: The future frameworks of LMAs
may evolve from two distinct perspectives. From the
perspective of an individual agent, progress should be
made towards creating a more unified system. This
entails planners directly interacting with multimodal
environments [65], utilizing a comprehensive set of
tools [35], and manipulating memory directly [45].
From the perspective of multiple agents, advancing
the effective coordination among multiple
multimodal agents to execute collective tasks
emerges as a critical research trajectory. This
encompasses essential aspects such as collaborative
mechanisms, communication protocols, and
strategic task distribution.

2) On evaluation: Systematic and standard evaluation
frameworks are highly desired for this field. An ideal
evaluation framework should encompass a spectrum
of assessment tasks [83, 85], varying from
straightforward to intricate, each bearing significant
relevance and utility for humans. It ought to
incorporate lucid and judicious evaluation metrics,
meticulously designed to evaluate the diverse
capabilities of an LMA in a comprehensive, yet
non-repetitive manner. Moreover, the dataset used
for evaluation should be meticulously curated to
reflect a closer resemblance to real-world scenarios.

3) On application: The potential applications of LMAs
in the real world are substantial, offering solutions to
problems that were previously challenging for
conventional models, such as web browsing.
Furthermore, the intersection of LMAs with the field
of human-computer interaction [32, 46] represents
one of the significant directions for future
applications. Their ability to process and understand
information from various modalities enables them to
perform more complex and nuanced tasks, thereby
enhancing their utility in real-world scenarios and
improving the interaction between humans and
machines.

Abbreviations
CoT, chain of thought; LMAs, large multimodal agents; VFMs, visual foundation
models.
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