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A B S T R A C T

Multi-label classification is an important task in computer vision with many real-world applications. Recent 

works attempt to leverage rich knowledge from large pre-trained models (e.g., CLIP, ChatGPT) to address the 

issue by generating diverse label descriptions to enrich semantic information and matching image patches with 

predefined labels. However, due to obscured and small-sized objects in complex scenarios, existing methods suffer 

from misclassification and omission. Meanwhile, such methods mostly overlook the role of contextual scenarios, 

which play an important role in recognizing objects in given images. To address these issues, we propose a new 

pipeline via multi-agent cooperation. Specifically, the pipeline consists of two stages: Look and Check. In the first 

stage, a multi-modal large model (e.g., LLaVA) is used as a looker, to search for objects in the image using a group 

of location-guided instructions. In the second stage, a large language model (e.g., LLaMA) serves as a checker, 

which is applied to understand the scenario and make inferences to assist the looker. Finally, the predicted results 

are obtained by summarizing the two stages. Extensive experiments are conducted, demonstrating the superior 

performance of our method on four widely used benchmarks.

1 . Introduction

Multi-label classification, also known as image tagging is a funda­

mental task in computer vision. Instead of assigning just one label to 

each image, as in traditional single-label classification, multi-label classi­

fication involves predicting a set of labels for each image. Thus, it is more 

challenging and practical, particularly in complex real-world scenarios. 

Multi-label classification plays a vital role in numerous real-world ap­

plications, including recommendation systems, autonomous driving, and 

scene understanding.

To recognize multiple objects in the image, some works [1–4] at­

tempt to capture relationships between labels by building graphs or 

applying graph convolutional networks (GCNs) [5]. Other methods 

[6–8] explore how to identify regions of interest via attention mecha­

nisms. Recent works  [9–13] utilize the strong capabilities of vision and 

language pre-training (VLP) models (e.g., CLIP [14]) to match differ­

ent areas in the image with labels in a predefined vocabulary. Among 

them, RAM++ [13] leverages large language models (e.g., ChatGPT) to 

produce diverse label descriptions to enrich semantic information.

Although these works have made great progress, they are still re­

stricted by the following challenges: First, such methods struggle to 

recognize obscured and small-sized objects under complex scenarios. 

As shown in Fig. 1, only a small part of the window is exposed and 

it is difficult to recognize for previous methods due to its incomplete 

display. Second, existing works mostly ignore the influence of contex­

tual scenarios, which play an important role in capturing objects in the 

given images. As displayed in Fig. 1, the corresponding scenario (i.e., 

washroom) could assist the model in inferring the reasonable objects 

(e.g., towel) and filtering out unreasonable items (e.g., pan). Finally, 

previous methods mostly depend on a specific model to deal with the 

multi-label classification task. This would inevitably lead to the trained 

model overfitting the corresponding data distribution and obtaining sub­

optimal results. Meanwhile, the label space they use in evaluation covers 

limited categories (e.g., 80 for the COCO dataset [15]), which restricts 

their applications in the real world.

To tackle the issues mentioned above, we propose a new classifi­

cation pipeline called the Multi-Agent Cooperation (MAC) paradigm. 
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Does it make sense 
for pan in the image?

Towel, roll paper.

Infer other possible objects 
based on the scene.

Tub, window, toiletry.

What objects are in the 
left of the image?

(a) previous methods

Result:
tub, bathroom,
faucet, toiletry,  
mirror, sink, shelf, 
towel, toilet, pan
brush, window, 

Result:
tub, bathroom,
faucet, toiletry,  
mirror, sink, shelf, 
towel, toilet, 
brush, window

(b) our pipeline

missed objects due to being obscured 
and small-sized 

missed and misclassified objects   
due to lacking of contextual scenario 

No.

window

toiletry

towel pan

classification model

Fig. 1. Comparison of previous methods and our pipeline. (a) Previous methods suffer from omission (e.g., window, towel and toiletry) and misclassification (e.g., 

pan) due to obscured objects and a lack of contextual scenarios. (b) Instead, our pipeline tackles these issues by utilizing the cooperation of multiple agents.

Different from previous works, our method applies multiple agents to co­

operate and complement each other in the classification process. More 

importantly, a proposed approach is a training-free paradigm without 

the predefined vocabulary or complex optimization process. Specifically, 

our pipeline consists of two stages. In the first stage, a Multi-modal Large 

Language Model (MLLM) is used to look for objects and items in the 

image. To find obscured and small-sized objects easily, a group of in­

structions with explicit location guidance is designed to guide the MLLM 

to focus on every area in the image evenly. In the second stage, to further 

filter out incorrect objects found by the MLLM and supplement missed 

items, we adopt a Large Language Model (LLM) to capture the corre­

sponding scenario and make inferences to assist the MLLM. Benefiting 

from its rich knowledge, the LLM can point out unreasonable objects 

in the scene and offer proposals about other items possibly present in 

the image. At last, a list of unreasonable objects and potentially exist­

ing items is delivered for the MLLM to verification. Notably, while our 

pipeline benefits from the strong capacity of large pre-trained models, 

directly applying an MLLM without location guidance or the assistance 

of an LLM is suboptimal, given the complexity of real-world scenar­

ios. In addition, we adopt a large-vocabulary evaluation setting with 

a sufficiently large label space to validate the effectiveness of the pro­

posed pipeline. Overall, the constructed pipeline is simple yet effective. 

It outperforms previous methods by a large margin and establishes a 

new state-of-the-art in the large-vocabulary setting on four widely used 

benchmarks. Meanwhile, the pipeline achieves competitive results in the 

small-vocabulary setting.

Our main contributions can be summarized as follows:

(1) To the best of our knowledge, we are the first to achieve 

multi-label classification by constructing multi-agent cooperation. The 

proposed pipeline is a training-free paradigm without predefined vocab­

ulary or back-propagation.

(2) Our pipeline involves two different stages (i.e., Look and Check). 

In the first stage, a group of location-guided instructions is designed 

to search for obscured and small-sized objects. Moreover, an LLM is 

adopted to capture the corresponding scenario and make inferences to 

assist with the multi-label classification.

(3) Extensive experiments show that our pipeline significantly sur­

passes previous methods and establishes a new state-of-the-art on four 

public benchmarks.

2 . Related works

2.1 . Multi-label classification

Multi-label classification is a fundamental task in computer vision, 

aiming to predict the presence of multiple objects, attributes, or concepts 

within a given image. It arises relatively early because of its practicality 

in many real world applications. In recent years, multi-label classifica­

tion has drawn more interest with the development of deep learning. 

Most methods [8,16–18] use multiple binary classifiers, one for each 

category, to solve the problem. Among them, Query2Label  [17] is the 

first to use a Transformer decoder architecture in multi-labels classifica­

tion to query the existence of class label. Ridnik et al.  [16] proposed a 

unified architecture called ML-Decoder for multi-label, zero-shot, and 

single-label classification, which removes self-attention layers in the 

decoder and uses a group-decoding scheme to improve efficiency and 

scalability. Ridnik et al. [18] proposed an asymmetric loss (ASL) to 

mitigate the negative-positive label imbalance problem when using a 

binary classifier. They improved focal loss to implement it differently 

on positive and negative samples. Some works [1–4] try to model la­

bel correlations by constructing graphs or using graph convolutional 

networks (GCN) [5] due to intrinsic semantic dependencies between la­

bels in the image. Other methods [6–8] explore how to locate regions 

of interest using Long Short-Term Memory (LSTM) [19] networks or 

attention mechanisms. You et al. [7] raised an adjacency-based similar­

ity graph embedding method and generated cross-modal attention maps 

from label embeddings. Narayan et al. [8] put forward a bi-level atten­

tion module (BiAM) to improve the features by involving both local and 

global context information.

In the past few years, vision and language pre-training (VLP) models 

(e.g., CLIP [14] and ALIGN [20]) have made great progress due to their 

powerful image-text matching ability. Researchers have applied VLP 

models in a wide range of tasks, including few-shot learning [21,22], 

continual learning [23,24], open-vocabulary detection [25,26], and 

open-vocabulary segmentation [27,28]. Recent works in multi-label 

classification have explored how to utilize VLP models to recognize 

multiple labels in an image. Sun et al. [9] proposed Dual Context 

Optimization (DualCoOp) for partial-label and zero-shot multi-label 

classification, which encodes positive and negative label names as 
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prompts and uses class specific region feature aggregation after the 

image encoder of CLIP. MKT [10] adopts knowledge distillation to 

maintain consistency between image and label embeddings and prompt 

tuning to improve label embeddings, with a two-stream module to 

obtain both local and global features. ADDS [29] uses a dual-modal 

decoder to align visual and textual features and a pyramid-forwarding 

method to handle high resolution inputs. LMPT [11] is proposed for 

long-tailed multi-label classification, which adopts general prompts and 

instance prompts to better align text and image modalities, and a class-

specific embedding loss with class-aware soft margin and re-weighting 

to address imbalanced data distribution. Tag2Text [30] integrates im­

age tagging and image captioning into a complete framework and uses 

tags parsed from text to supervise the classifier. RAM [12] enhances 

Tag2Text’s open-set classification ability by introducing CLIP into the 

framework. RAM++ [13] further improves the open-set capacity with 

large language models to produce diverse label descriptions used during 

the training phase.

Although existing methods have achieved great progress, they have 

three main problems. First, previous methods suffer from misclassifica­

tion and omission due to sheltered and small-sized objects in complex 

scenes. Second, the impact of contextual scenarios has been ignored, 

which is important in the classification process. Finally, existing works 

are restricted to a limited label space, which impairs their applications in 

these real world. By contrast, our pipeline can tackle the issues through 

the collaboration of multiple agents and achieve impressive performance 

in a large-vocabulary evaluation setting.

2.2 . Large language models

Large Language Models (LLMs) are a category of artificial intel­

ligence models that leverage advanced natural language processing 

techniques, with the capacity to understand, generate human-like text 

and follow human’s instructions to solve problems. LLMs have pro­

foundly influenced the field of natural language processing (NLP) and 

other industries in the past few years. LLMs are typically pre-trained 

on vast amounts of diverse and unlabeled text data. A copious volume 

of training data gives the LLMs the ability called “emergent capabili­

ties“, which means they often exhibit capabilities that weren’t explicitly 

programmed but emerge from their understanding of pre-training data. 

Thus, LLMs are adept at transfer learning, where they can leverage 

knowledge gained from pre-training on large datasets to perform well 

on specific downstream tasks with relatively smaller labeled datasets in 

fine-tuning. Instruction tuning and reinforcement learning with human 

feedback (RLHF) further boost LLMs’ ability to follow human’s instruc­

tions. As a result, LLMs like ChatGPT, GPT-4, LLaMA [31], Alpaca [32], 

Falcon [33] and ChatGLM [34] showcase impressive intelligence in un­

derstanding and generation capabilities, pushing artificial intelligence a 

large step forward. The development of LLMs also energizes other areas. 

However, few researchers have explored utilizing LLMs in multi-label 

classification. To our knowledge, we are the first to explore the cooper­

ation of LLMs and MLLMs (Multi-modal Large Language Models) in this 

field.

2.3 . Multi-modal large language models

Multi-modal Large Language Models (MLLMs) represent a cutting-

edge fusion of natural language processing and multi-modal capabilities, 

enabling these models to seamlessly comprehend and generate infor­

mation across diverse data types including image, video and audio. 

Unlike traditional language models, MLLMs can integrate textual in­

formation with visual and auditory inputs, offering a more holistic 

understanding of content. Typically built upon transformer architec­

tures, MLLMs demonstrate unprecedented performance in tasks such 

as image recognition, image captioning, and visual question answering. 

Leveraging their immense scale and pre-training on extensive datasets, 

MLLMs can capture intricate relationships between words and visual 

elements, demonstrating versatility in a range of applications. MLLMs 

such as BLIP-2 [35], InstructBLIP [36], LLaVA [37], GPT-4 Vision and 

MiniGPT-4 [38] have attracted more and more researchers to study 

and make use of them in a variety of downstream tasks. Although 

MLLMs obtain impressive results in a series of computer vision tasks, 

their performance is still limited under complex scenarios in multi-label 

classification due to obscured and small-sized objects. Thus a group of 

instructions containing location guidance is designed for the MLLM to 

mitigate misclassification and omission in our pipeline.

3 . Methods

3.1 . Preliminary

Consider a set of image samples 𝑋 =
{

𝑥1, 𝑥2,… , 𝑥𝑁
}

, where each 

instance 𝑥𝑖 is associated with a set of labels 𝑦𝑖 ⊆ 𝑌 . Here, 𝑌 =
{

𝑐1, 𝑐2,… , 𝑐𝑀
}

 is the label space containing all 𝑀  categories. To solve 

the multi-label image classification problem, the model needs to learn 

a mapping function 𝑓 ∶ 𝑋 → 2𝑌 . In this paper, we utilize multiple 

agents to cooperate and complement each other to solve the problem. 

Unlike previous methods, it is implemented without a training phase 

and a predefined vocabulary.

3.2 . The overall pipeline

As shown in Fig. 2, MAC consists of two stages: Look stage and Check 

stage. For a given image 𝑥𝑖, an MLLM serves as a looker to search for 

objects. Meanwhile, an LLM acts as a checker to assist the MLLM. With 

the collaboration of the looker and checker, the final result 𝑦𝑖 can be ob­

tained through multiple rounds of dialogue. In the first stage, the MLLM 

is tasked with looking for objects in the image. To facilitate the identi­

fication of obscured and small-sized objects, a group of instructions is 

designed to guide the MLLM. Considering that the contextual scenario 

is important for filtering out incorrect labels and supplementing other 

objects that may potentially exist, we adopt an LLM to capture the sce­

nario and make inferences to assist the MLLM in the second stage. A set 

of templates is designed for the LLM to understand the scenario, point 

out unreasonable objects and provide other items. Since the LLM cannot 

directly interact with the image, the proposals made by it are sent to 

the MLLM for verification. Specifically, we employ a template to ask the 

MLLM to confirm whether these ‘unreasonable’ objects and potentially 

existing items are present in the image. Finally, the result is obtained by 

summarizing the dialogue from the two stages.

In this work, we adopt a static, two-agent architecture with prede­

fined roles (i.e., Looker for visual perception and Checker for reflection 

and reasoning) for the following reasons: (a) Our primary objective is to 

investigate the effectiveness of the multi-round dialogue and reflection 

mechanism in multi-label classification. By fixing both the number and 

roles of agents, we can more clearly attribute the observed performance 

gains to the proposed collaboration mechanism, rather than to dynamic 

team formation strategies. (b) When addressing the multi-label image 

classification task, humans naturally decompose it into two sequential 

subtasks: (1) comprehensive visual discovery and (2) reflection upon 

and validation of the discovered results. Our design mirrors this human 

cognitive process: the Looker is responsible for thoroughly searching for 

objects in the image, while the Checker identifies implausible predic­

tions and supplements potentially missing items. This explicit and static 

division of labor not only provides good interpretability but also serves 

as a foundational baseline.

3.3 . Stage one: look via MLLM

In the first stage, an MLLM is adopted to search for objects in the 

image. Inspired by Zhu et al. [39], we use a prompting mechanism for 

the MLLM, including a task prompt, dialogue history and an answer 

prompt. First, the task prompt is delivered to the MLLM at the begin­

ning of the dialogue to introduce the task and the requirements. Then, 
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The caption of the image is: A 
kitchen with ... .  And the objects 
that may appear in the image are: 
window, chair, light, ... .  Based on 
these information, what kind of 
scene does the image depict?

Now, based on the scenario, 
does it make sense for window 
to appear in the image?

Dish, cup, plate, 
bowl, towel, knife, 
food.

Based on the scenario, infer what 
other objects might be in the image 
in addition to ones mentioned above.

Does it make sense for television 
to appear in the image?

The image depicts a 
busy and functional 
kitchen scene with 
various utensils.

Yes. Does the cup appears in the 
picture?

Does the television appears 
in the picture?

Chair, table, counter, 
cabinet  refrigerator.

A kitchen with a table   
and chairs,  a stove,     
and a refrigerator.

What objects are on 
the left in the picture? 

What objects are appeared 
in the top of the image? 

What objects are appeared 
in the image? 

Describe this image in detail. 

scene information

Task Prompt
I have an image caption 
and some names of objects 
potentially existing. Based 
on these information, I will 
ask you some questions.   ...caption: A kitchen with 

a table and chairs, a 
stove, and a refrigerator.
objects: window, chair, 
light, cabinet, pot, oven, 
refrigerator, television, 
picture

windows, chair, light, pot,   
cabinet,  oven, picture, 
refrigerator, plate, cup

Look Check

Yes. 

No. 

Light, ceiling.

Cabinet, picture, 
oven. 

template: Does the  __  
appears in the picture?
objects: television, dish, 
cup, plate, bowl, towel, 
knife, food

proposals
No. 

Task Prompt
I have an image. Answer given 
questions. Don't imagine any 
contents that are not in the 
image.  ...

Final result : Wrong labels Correct labels added 
by the LLM

Fig. 2. Illustration of the overall pipeline. Our pipeline consists of two stages: Look stage and Check stage. In the first stage (in green), we design a group of instructions 

with location guidance for an MLLM to recognize obscured and small-sized objects. In the second stage (in blue), for filtering out incorrect labels and supplementing 

potential objects, an LLM is adopted to capture the corresponding scenario via the scene information (summarized from the first stage) and make inferences to assist 

the MLLM. Then proposals made by the LLM are sent to the MLLM for verification (in orange). The final result can be obtained by summarizing the two stages.

we design a group of instructions in a hierarchical structure inspired by 

MKT [10]. The instructions have three components: a caption question, 

general questions and location-guided questions. To be specific, we ask 

the MLLM with a caption question: “Describe this image in detail.” to get 

an image caption as the scene information for the second stage. And 

some general questions asking the MLLM to look for objects are used, 

e.g., “What objects appear in the image¿‘ By the above instructions, a base 

label set could be obtained, i.e., kitchen, table, chair, …, as shown on 

the left side (in green) of Fig. 2. Since there are many objects occluded 

or of small size under complex scenarios, instructions only including 

general questions lead to the omission of items. Therefore, an image is 

further divided into four areas: left, right, top and bottom, for brevity 

and clarity. Some questions with location guidance are employed as fol­

lows: “What objects appear at the top of the image?”, “What objects are 

on the left in the picture?” … All aforementioned question-answer pairs 

are stored in the dialogue history, which allows the MLLM to know the 

found objects and avoid repeated answers. Finally all answers from the 

MLLM are summarized as the scene information and delivered to the 

LLM for understanding the scenario after the first stage.

3.4 . Stage two: check via LLM

Although many obscured and small-sized objects are identified af­

ter the first stage, there are still omissions and misclassifications due 

to the lack of necessary contextual scenarios. To tackle the issue, an 

LLM is used to understand the corresponding scenario and make infer­

ences in the second stage. First we introduce the task and requirements 

to the LLM in a task prompt. A set of templates is employed to inter­

act with the LLM, as shown on the right side (in blue) of Fig. 2. Since 

the LLM cannot directly interact with the image, the scene information 

summarized from the Look stage is filled in the first question in the 

templates: “The caption of the image is: ___ And the objects that may ap­

pear in the image are: ___ Based on this information, what kind of scene does 

the image depict?” Here we do not employ a scene classifier [40–43] 

to capture the corresponding scenario. This is because such classifiers 

are limited to predefined categories during the training phase which 

weakens their generalization ability in the real world, as shown in the

Experiments.

Based on the captured scenario, the LLM is able to filter out incorrect 

labels by judging which objects are unreasonable to appear in the scene. 

In particular, a template is adopted as follows: “Does it make sense for ___ 

to appear in the image?”. As demonstrated in the right side (on blue) of 

Fig. 2, the LLM could infer that a television is usually not found in the 

kitchen with the answer “No”. On the other hand, the LLM is required 

to supplement other objects potentially existing. As shown in the Fig. 2, 

the LLM provides a list of items relevant to the kitchen scene with the 

instruction: “Based on the scenario, infer what other objects might be in the 

image in addition to the ones mentioned above.”.

Then, we notice that some works [44,45] point out that the pre-

trained knowledge of deep learning models limits their performance due 

to inherent biases in the training data. Therefore the proposals made by 

the LLM (containing “unreasonable” objects and potential items) are sent 

to the MLLM for verification. We take the verification phase as part of 

the Check stage since it is intended for validating the inferred result of 

the LLM. As shown in the left side (on orange) of Fig. 2, the MLLM is 

asked to confirm whether these objects are in the image, using the tem­

plate: “Does the ___ appear in the picture?”. As a result, some objects (e.g., 

cup, plate) not recognized in the Look stage could be found. Finally, the 

result is summarized from two parts. One part consists of the reason­

able objects with the LLM answering “Yes” in the Check stage (the blue 
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Table 1 

Comparison of our pipeline with state-of-the-art methods on COCO, ADE-20K, Pascal Context and Pascal VOC in 

a large-vocabulary setting. The results are reported in terms of Overall Precision (OP), Overall Recall (OR) and 

Overall F1 Score (OF1). All metrics are in %.

Methods
COCO ADE-20K Pascal Context Pascal VOC

OP OR OF1 OP OR OF1 OP OR OF1 OP OR OF1

Tag2Text [30] 18.5 30.5 23.0 24.5 23.9 24.2 16.4 35.3 22.4 10.0 64.6 17.3

RAM [12] 27.3 28.5 27.9 34.8 22.7 27.5 23.7 31.2 26.9 15.8 64.8 25.4

RAM++ [13] 27.6 28.5 28.0 34.9 22.3 27.2 24.4 31.2 27.4 16.2 64.8 25.9

LLaVA (Baseline) 31.2 28.8 30.0 33.0 28.0 30.3 28.3 28.9 28.6 16.4 56.6 25.4

MAC (Ours) 32.8 38.0 35.2 34.7 36.2 35.4 28.8 39.5 33.3 19.4 88.2 31.8

part of Fig. 2). The other part consists of the objects with the MLLM 

answering “Yes” in the verification phase (the orange part of Fig. 2).

4 . Experiments

4.1 . Experimental settings

4.1.1 . Benchmarks

To validate the capacity of our pipeline to recognize multiple objects 

under complex scenarios, we choose four datasets as our benchmarks: 

COCO [15], ADE-20K [46], Pascal Context [47] and Pascal VOC 2007 

[48]. COCO and ADE-20K are widely used in object detection and 

segmentation. Recently both datasets have become popular in the 

multi-label classification task [9,12,16,17,29,30]. Following [12], the 

validation set of the COCO 2017 version with 5000 images containing 

133 categories is chosen. For ADE-20K, 2000 images from the valida­

tion set with 150 semantic categories are used in evaluation. Pascal 

Context is an extension of the Pascal VOC dataset and is built for se­

mantic segmentation, with 459 categories in total. Following  [47,49], 

we use 59 categories with the highest frequency as semantic labels and 

label the remaining categories as background. A total of 5105 images in 

the validation set are adopted. Pascal VOC 2007 is a popular dataset in 

multi-label classification, which has 20 categories. We use the test set 

containing 4952 images as our benchmark.

4.1.2 . Evaluation

On four benchmarks, we report the Overall Precision (OP), Overall 

Recall (OR) and Overall F1 score (OF1) following  [50].

The three metrics we used are defined as follows:

𝑂𝑃 =
∑

𝑚 𝑁 𝑡𝑝
𝑚

∑

𝑚 𝑁𝑝
𝑚
, 𝑂𝑅 =

∑

𝑚 𝑁 𝑡𝑝
𝑚

∑

𝑚 𝑁𝑚
(1)

𝑂𝐹1 = 2 × 𝑂𝑃 × 𝑂𝑅
𝑂𝑃 + 𝑂𝑅

(2)

in which 𝑁 𝑡𝑝
𝑚  is the number of true positive samples for each class 𝑚. 𝑁𝑝

𝑚
refers to the number of positive predictions per class and 𝑁𝑚 represents 

the number of ground truth samples of class 𝑚.

For fair and convenient comparison, we employ a large-vocabulary 

setting for evaluation. In particular, following RAM (Recognize Anything 

Model) [12], we adopt a label space that contains 4585 categories (i.e., 

𝑀=4585) spanning objects, scenes, attributes, and actions collected 

from various sources and covering most of the objects in daily life. 

Given the breadth and diversity of the label space, we consider this set­

ting a reasonable approximation to the open-world setting for practical 

purposes. For the comparing methods that adopt a decoder-style archi­

tecture, all labels in the label space are used as candidate queries. Since 

the responses of the agents are open-ended in our pipeline, the label 

space is used to filter the object list of each image. Therefore, adopting 

a consistent label space can align the output space of our pipeline and 

the comparing methods. Notably, we use the label space solely for the 

convenience of calculating evaluation metrics and making comparisons. 

The label space is not essential in inference to avoid limiting the gener­

alization of our method in certain scenarios (e.g., when recognizing rare 

species that fall outside the scope of the label space).

4.1.3 . Implementation details

In our main experiments, LLaVA and LLaMA-2 are adopted in the 

first and second stage respectively. For LLaVA, we employ the LLaVA-

v1.5 with a Vicuna-7B model and a ViT-L/336px model from CLIP [14]. 

For LLaMA-2, the 7b-chat version is chosen. All images are resized to 

336×336 resolution. The instructions in the first stage include a caption 

question, three general questions and four location-guided questions 

(top, bottom, left and right). The dialogue history has the format as 

“Question: {} Answer: {}”. To obtain an object list after the first stage, 

SceneGraphParser [51] is utilized to parse the dialogue history of the 

MLLM and all nouns are collected. Specifically, we first instruct the 

MLLM to report only the objects present in the image, without intro­

ducing any additional terms, to prevent interference from non-object 

nouns, using the prompt: “Your answers should be brief and to the point. 

Directly state what objects are present in the image without adding any 

qualifiers or modifiers.” Then we apply the SceneGraphParser to parse 

each response of the MLLM. Owing to the strong parsing capability of 

the SceneGraphParser, the “lemma_head” field in the “entity” section 

of the parsing results captures all nouns in the responses and auto­

matically normalizes them to singular, lowercase forms. All extracted 

nouns are subsequently consolidated by applying WordNet from the 

Natural Language Toolkit (NLTK) [52] to identify synonyms follow­

ing [39]: any pair of nouns with a Wu–Palmer similarity [53] greater 

than 0.9 is treated as equivalent and merged. This procedure yields 

the final object list for the LLM to check. In evaluation, we use the 

label space to filter the result list of each image. To be specific, tags 

within the label space are retained. For those beyond the label space, we 

use WordNet to find their synonyms in the same manner as mentioned

earlier.

4.2 . Comparison with state-of-the-art methods

We compare our pipeline with state-of-the-art methods in Table 1. 

For fair and convenient comparison, we choose comparing methods 

that are pre-trained on large-scale data and evaluated on downstream 

datasets directly. Among the methods, RAM++ [13] achieves the state-

of-the-art, which aligns image-text and image-tags in a framework with 

image-tags-text triplets. Tag2Text [30] unifies image tagging and cap­

tioning into a whole framework. RAM [12] introduces open-vocabulary 

recognition into Tag2Text via CLIP and adopts distillation to align 

image-text features. ‘LLaVA (Baseline)’ is our baseline which means 

applying LLaVA with instructions to output the objects in the image 

without location guidance and the assistance of LLM. Different from 

these methods depending on a single model, our pipeline utilizes mul­

tiple agents cooperating with each other. As a result, our pipeline 

(MAC) outperforms RAM++ by a large margin on the COCO dataset, 

with an absolute gain of 5.2% on OP, 9.5% on OR and 7.2% on OF1. 

Compared with LLaVA (Baseline), MAC achieves an improvement of 

1.6% on OP, 9.2% on OR and 5.2% on OF1. Both improvements in 
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Table 2 

Impact of different components in our pipeline. ‘Look’ represents the Look stage in the pipeline. ‘caption’ means the image caption question 

(i.e., “Describe this image in details.”). ‘general’ means general questions (e.g., “What objects appear in the image?”). ‘guidance’ means location-

guided questions (e.g., “What objects are on the left in the picture?”). ‘Check’ represents the Check stage. Notably, the second row is our 

baseline. ‘Total Tokens’ denotes the sum of input tokens and output tokens for each sample. ‘Rel. Latency’ means the multiple of inference 

time compared to the baseline.

Components COCO Inference Cost

Look
Check OP OR OF1 MLLM Calls LLM Calls Total Tokens Rel. Latency

caption general guidance

✓ 30.5 19.9 24.1 1 0 637.7 0.77 ×

✓ ✓ 31.2 28.8 30.0 2 0 1223.9 1.0 ×

✓ ✓ ✓ 32.4 30.3 31.3 6 0 3568.3 2.13 ×

✓ ✓ ✓ 32.5 36.3 34.3 5.7 4.2 3485.8 2.87 ×

✓ ✓ ✓ ✓ 32.8 38.0 35.2 9.1 5.4 5496.7 3.61 ×

precision and recall validate the role of our proposed location-guided 

instructions and applying an LLM to capture the scenario, showing that 

applying large pre-trained models in multi-label classification is not triv­

ial. Moreover, MAC surpasses the methods consistently on ADE-20K, 

Pascal Context and Pascal VOC, with an absolute gain of around 5% 

on OF1. The consistent improvements across four benchmarks demon­

strate the effectiveness of our pipeline in the large-vocabulary evaluation

setting.

4.3 . Ablation studies

To explore the impact of each component, we conduct ablation stud­

ies with different stages in the pipeline and different instructions in the 

Look stage in Table 2. The experiments are conducted on COCO [15] due 

to its wide usage and challenge. LLaVA and LLaMA-2 are adopted in the 

Look stage and Check stage respectively. In the first row of the table, the 

pipeline contains only the Look stage with an image caption question as 

the instruction. The caption contains few objects in the image, leading to 

a much lower OR. The second row is our baseline which has caption and 

general questions as the instructions in the Look stage. Benefiting from 

the strong capacity of MLLMs, general questions significantly improve 

OR. As shown in the third line of Table 2, the introduction of location-

guided questions boosts both OP and OR, with an absolute gain of 1.2% 

and 1.5%. This proves that location guidance could compel the MLLM to 

focus on different areas of the image and recognize more objects under 

complex scenarios. Further, the Check stage improves the performance 

in both OP and OR(in the fourth line of Table 2). This can be attributed 

to the important role of contextual scenarios in the classification process. 

Specifically, since the LLM could capture the corresponding scene, it can 

then infer to point out unreasonable objects and provide possible items, 

reducing misclassifications and omissions. Finally, combining location 

guidance and the assistance of the LLM, our whole pipeline surpasses 

the baseline by a large margin, 1.6% on OP, 9.2% on OR and 5.2% on 

OF1.

4.4 . Efficiency and cost analysis

We measure the inference cost of different components in our 

pipeline in Table 2. Here we report proxy metrics for inference cost, 

including the average number of MLLM/LLM calls, total token con­

sumption, and relative latency per sample, which are highly correlated 

with actual computational overhead in multi-agent systems. As shown in 

Table 2, our baseline only involves two MLLM calls with 1223.9 total to­

kens, where the token consumption mainly stems from the visual tokens 

of the input prompt (576 tokens for LLaVA [37]). The location-guided 

instructions include four questions to query four areas of an image (i.e., 

left, right, top and bottom). Thus, the number of MLLM calls increases 

to six with 2.13 × latency compared to the baseline, as shown in the 

third row. When the Check stage is applied, our pipeline reaches an 

OF1 score of 35.1%, accompanied by 7.25 × total calls, 4.49 × token 

consumption and 3.61 × latency compared to the baseline. Despite the 

Fig. 3. Performance-Cost trade-off curve. We demonstrate a trade-off curve be­

tween OF1 score and average relative latency per sample on COCO, by adjusting 

the number of MLLM/LLM calls. The ‘4 + 0’ point denotes the variant that has 4 

MLLM calls, having two location-guided (i.e., center and edge) questions, with­

out the Check stage. The ‘7 + 3’ point represents that we check and verify All 

objects via a single call, respectively, with 7 MLLM calls and 3 LLM calls. The 

‘7.3 + 4.8’ point corresponds to the variant with two two location-guided ques­

tions, leading to 7.3 MLLM calls and 4.8 LLM calls. The other two variants can 

be found in Table 2.

increased computational cost, this trade-off is acceptable in scenarios 

where accuracy and reliability are prioritized over strict real-time con­

straints. In Section 5, we discuss potential optimization directions to 

improve the efficiency of our method, thereby enhancing its practicality 

in latency-sensitive scenarios.

In Fig. 3, we show a trade-off curve between performance (OF1 

score) and computational overhead (relative latency), achieved by ad­

justing the number of MLLM/LLM calls within the pipeline. As shown 

in the first three points in Fig. 3, fine-grained location-guided questions 

improve performance, while incurring more MLLM calls and higher la­

tency (2.13 ×). After the Check stage is applied, some unreasonable 

objects and missing items can be inferred and further verified. Thus, 

an obvious improvement can be observed (OF1 score increasing from 

31.3% to 34.1%), which validates the effectiveness of our designed 

multi-round dialogue and reflection mechanisms, with relatively higher 

latency (from 2.13 × to 3.02 ×). After we further check and verify each 

object in a single call, our pipeline achieves an OF1 score of 35.2%, 

with 3.61 × latency. Although our pipeline incurs higher latency com­

pared to the baseline, the inference cost is explicitly controllable via 

the number of MLLM/LLM calls, enabling a clear performance–cost 

trade-off. As shown in Fig. 3, the method remains practical under mod­

erate budgets, while higher budgets can be employed when accuracy is

prioritized.
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Table 3 

Different combinations of MLLMs and LLMs in our pipeline.

MLLM + LLM
COCO

OP OR OF1

LLaVA + Vicuna 32.5 35.3 33.8

LLaVA + ChatGLM2 32.2 33.6 32.9

BLIP-2 + LLaMA-2 34.4 34.4 34.4

InstructBLIP + LLaMA-2 37.7 32.2 34.7

LLaVA + LLaMA-2 (default) 32.8 38.0 35.2

4.5 . Alternative settings

To examine how different agents influence our pipeline, we explore 

five combinations of MLLMs and LLMs in Table 3. For the LLM com­

ponent, we examine Vicuna [54], ChatGLM2 [34] and LLaMA-2 [55]. 

Among them, LLaMA-2 demonstrates stronger instruction-following 

ability and larger model capacity, enabling it to generate more accurate 

proposals that assist the MLLM in both removing incorrect labels and 

supplementing missing objects. Consequently, LLaMA-2 achieves con­

sistently higher OP and OR compared to ChatGLM2 and Vicuna. For the 

MLLM component, we explore BLIP-2 [35], InstructBLIP [36] and LLaVA 

[37]. InstructBLIP extends BLIP-2 with instruction tuning, which sub­

stantially enhances its ability to follow our customized prompts during 

the verification phase. This leads to more precise filtering of incor­

rect labels and, in turn, a higher OP (37.7%) relative to both BLIP-2 

and LLaVA. LLaVA employs an MLP-based multimodal connector that 

produces 576 visual tokens, whereas BLIP-2 and InstructBLIP rely on 

the Q-Former and generate only 32 visual tokens (i.e., query embed­

dings). The increased number of visual tokens enables LLaVA to preserve 

more fine-grained visual information, which in turn enhances its abil­

ity to recognize a greater number of objects, resulting in a higher OR 

(38.0%). Overall, the ‘LLaVA + LLaMA-2’ combination achieves the 

best OF1 score (35.2%), and we adopt it as the default configuration. 

More broadly, differences in architectural design and training regimes 

introduce characteristic biases across model combinations within the 

pipeline. Therefore, model selection should be aligned with the task’s 

primary objective. For example, InstructBLIP is more suitable when 

reliability and precision are paramount, whereas LLaVA is preferable 

when maximizing recall is the priority.

To study the role of dialogue history and location guidance, we con­

duct experiments with different settings in the Look stage. As shown in 

the first row of Table 4, the pipeline without dialogue history results in 

an obvious drop in OP and OR. Since the MLLM could not know the ob­

jects already found without the dialogue history, the same objects will be 

repeated in the answers, which limits the MLLM ability to capture more 

objects in the image. Guidance with two locations (center and edge) 

leads to a lower OR than the default setting with four locations(top, bot­

tom, left and right). We believe fine-grained guidance helps the MLLM 

to capture more objects that are small-size or obscured in the image.

Moreover, we try another source of the scene information. In the 

default setting, the image caption and object list summarized from the 

Look stage are adopted as the scene information. Here, a scene classifier 

[40] is used to predict the corresponding scenario and provide scene in­

formation for the LLM. As shown in the third row of Table 4, the scene 

information from the scene classifier leads to a drop in both OP and OR 

compared to the default setting. The scene classifiers pretrained on pre­

defined categories could not provide a detailed and accurate description 

of the image. Therefore the LLM could not adequately understand the 

scenario and make inferences to assist the MLLM.

To validate the robustness of our method, we test the sensitivity 

of the pipeline to the specific prompts used in Table 5. Specifically, 

we choose the location guided prompt (i.e., “What objects appear 

at the top of the image?”) in the Look stage, the check prompt (i.e., 

“Does it make sense for ___ to appear in the image?”) and the verification 

Table 4 

Alternative settings in our pipeline. “without dialogue history” means the MLLM 

could not see previous question-answer pairs in the dialogue of the Look stage. 

“guidance with two locations” means the instructions of the first stage contain 

two location-guided questions, i.e., “What objects are in the center of the picture?”

and “What objects are on the edge of the image?”. “with scene classifier” means 

a scene classifier is adopted to predict the corresponding scenario and the pre­

diction is used as the scene information for the Check stage. ‘default’ means our 

default setting.

Alternative settings
COCO

OP OR OF1

without dialogue history 31.2 37.0 33.9

guidance with two locations 32.3 36.8 34.4

with scene classifier 32.2 36.5 34.2

default 32.8 38.0 35.2

Table 5 

Sensitivity of our pipeline to prompts. We replace the location guided prompt, 

check prompt and verification prompt with two variants that convey the same 

meaning, respectively. Location guided prompt A: “What items are visible 

in the upper portion of the image?”. Location guided prompt B: “Which ob­

jects can be found at the top of the image?”. The underlined content here can 

be replaced with other nouns for location, e.g., left, right and bottom. Check 

prompt A: “Is it reasonable for ___ to be shown in the image?”. Check prompt B: 

“Does the presence of ___ in the image seem appropriate?”. Verification prompt 

A: “Is ___ visible in the picture?”. Verification prompt B: “Can ___ be seen in the 

image?”.

Prompt variants
COCO

OP OR OF1

Location guided prompt A 32.9 37.7 35.1

Location guided prompt B 32.7 38.1 35.2

Check prompt A 33.1 37.9 35.3

Check prompt B 32.5 37.5 34.8

Verification prompt A 32.7 37.4 34.9

Verification prompt B 32.6 37.9 35.1

default 32.8 38.0 35.2

prompt (i.e., “Does the ___ appear in the picture?”) in the Check stage. For 

each of these prompts, we create two alternative variants that convey 

the same meaning and replace them with the variants, respectively. For 

example, the location guided prompt variants are “What items are visi­

ble in the upper portion of the image?” and “Which objects can be found 

at the top of the image?”. As shown in Table 5, different ways of express­

ing these prompts lead to only marginal differences in performance (OF1 

score ranging from 34.8% to 35.3%). Owing to the strong capacity of 

both the MLLMs and LLMs, our agents can reliably understand diverse 

prompt formulations and execute the required instructions. As a result, 

our pipeline exhibits high robustness to prompt wording variations.

4.6 . Discussion

To validate the generalization of the pipeline, we also conduct ex­

periments in the small-vocabulary setting on four benchmarks. In this 

setting, the category list of each benchmark is used as the correspond­

ing label space, for example, the 150 categories for ADE-20K. As shown 

in Table 6, MAC attains comparable OF1 scores across the four bench­

marks, yet exhibits lower OR on COCO, ADE-20K, and Pascal Context. 

The differing performance observed under the large-vocabulary and 

small-vocabulary settings is primarily attributed to architectural differ­

ences among the methods. All comparing methods (Tag2Text [30], RAM 

[12] and RAM++ [13]) adopt a decoder-style architecture that explic­

itly queries each category in a predefined label list. This design performs 

effectively in the small-vocabulary setting with a limited label space 

(e.g., 80 COCO classes), enabling these methods to systematically ver­

ify each category and thus achieve higher recall. In contrast, the agent 
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Table 6 

Comparison of our pipeline with state-of-the-art methods on COCO, ADE-20K, Pascal Context and Pascal VOC in 

a small-vocabulary setting. The results are reported in terms of Overall Precision (OP), Overall Recall (OR) and 

Overall F1 Score (OF1). All metrics are in %.

Methods
COCO ADE-20K Pascal Context Pascal VOC

OP OR OF1 OP OR OF1 OP OR OF1 OP OR OF1

Tag2Text [30] 65.2 53.0 58.5 49.6 54.3 51.8 60.2 57.3 58.7 70.4 85.8 77.3

RAM [12] 66.8 51.3 58.0 54.4 49.1 51.6 63.7 52.9 57.8 79.2 87.7 83.2

RAM++ [13] 66.8 51.6 58.2 55.3 48.6 51.7 63.9 53.3 58.1 79.6 87.5 83.4

MAC (Ours) 69.0 48.6 57.0 55.8 43.5 48.9 68.1 50.7 58.1 82.3 88.3 85.2

Table 7 

Comparison of our pipeline with the variant in which two agents engage in direct dialogue on four benchmarks. 

‘Chat directly’ denotes the aforementioned variant, where an LLM generates questions and an MLLM answers.

Methods
COCO ADE-20K Pascal Context Pascal VOC

OP OR OF1 OP OR OF1 OP OR OF1 OP OR OF1

Chat directly 35.5 18.8 24.6 39.9 18.1 24.9 32.8 23.2 27.2 18.6 41.2 25.6

MAC (Ours) 32.8 38.0 35.2 34.7 36.2 35.4 28.8 39.5 33.3 19.4 88.2 31.8

responses in MAC are open-ended and numerous long-tail concepts may 

appear. When a small label space is used to post-process the output of 

MAC, categories with ambiguous semantics are more likely to be filtered 

out. As a result, our method attains lower recall in the small-vocabulary 

evaluation setting. Overall, our approach shows clear advantages in the 

large-vocabulary setting while maintaining competitive performance in 

the small-vocabulary scenario, which demonstrates its robustness across 

different evaluation regimes.

Our pipeline consists of the Look stage and the Check stage, in which 

the MLLM and the LLM do not have a direct dialogue, but collaborate 

with each other via the scene information and the designed instructions. 

To decouple the impact of the proposed collaboration mechanism from 

model capacity, we explore a setting in which an MLLM and an LLM 

engage in direct dialogue to recognize objects in the image inspired by 

[39]. In this way the LLM is responsible for generating questions to ex­

plore the image content and the MLLM is tasked with answering the 

given questions in each round. The final result can be obtained by sum­

marizing the whole dialogue. For fair comparison, we keep the same 

dialogue rounds as those in MAC. However, the result is unsatisfactory, 

as shown in Table 7. MAC surpasses chat directly by a large margin 

on OR and achieves an obvious improvement of more than 6% on OF1 

across four benchmarks. We observe that there are two main reasons. 

The first is that the LLM tends to pay more attention to details of ob­

jects already recognized such as color and texture, which is not our 

main focus. As a result, the generated questions could not compel the 

MLLM to find more objects in limited dialogue rounds. The second is 

that the LLM usually generates questions based on the objects already 

found. This amplifies the influence of false positive predictions and in­

curs more hallucinations [56–58] in the responses of the MLLM. By 

contrast, our pipeline adopts a group of designed instructions to re­

strict the MLLM and employs an LLM to reflect on and reason over 

identified items, achieving superior performance, which indicates that 

the observed performance gains of MAC are not merely a consequence 

of increased model capacity, but arise from the proposed collaboration

mechanism.

4.7 . Qualitative assessment

For visually understanding the effectiveness of our pipeline, we 

visualize the predictions of a few samples from ADE-20K in Fig. 4. 

MAC (Look and Check) consistently predicts more correct labels than 

RAM++ [13] under different scenes. We observe that the Look stage 

could achieve better results compared to RAM++. For example, the 

first sample of Fig. 4, depicts a modern kitchen with lots of supplies. 

RAM++ could only recognize a few items (i.e., cabinet, kitchen and 

vegetable) due to obscured and small-sized objects in such a complex 

scenario. However, with the explicit location guidance, the Look stage 

of MAC (Look only) could focus on different areas of the image and 

find objects that are occluded or small in size: window, plate, stove and 

sink. With an LLM to capture the scenario and make inferences, MAC 

(Look and Check) further discovers some items by utilizing contextual 

information (e.g., a pot on the stove, bowls and dishes in the cabinet).

5 . Limitations and future work

Despite the promising results, our work has several limitations that 

warrant further investigation. In this section, we discuss these limi­

tations and outline potential directions for future work. 1) Inference 

Efficiency. Our method currently incurs relatively high latency and to­

ken cost due to multi-round dialogues, which hinders its application in 

resource-constrained scenarios. Meanwhile, multi-turn dialogues may 

be redundant, which is not explicitly optimized in this work. Recent 

works, such as AgentDropout [59], propose eliminating redundant inter­

actions in multi-agent systems by dynamically evaluating and removing 

agents with low contribution. Similarly, we could adaptively control the 

dialogue budget (i.e., the number of MLLM/LLM calls) based on the dif­

ficulty level of the samples. In addition, since the token consumption of 

our pipeline mainly stems from visual tokens (95.4%), integrating visual 

token pruning strategies [60,61] into our framework is a promising opti­

mization direction. 2) Agent Initialization. While our static multi-agent 

framework with predefined roles effectively validates the benefits of iter­

ative dialogue and reflection mechanisms, how the team structure itself 

influences collaborative effectiveness has not been investigated. Recent 

studies, such as AgentInit [62], dynamically initialize agent teams with 

task-specific expertise and diversity, which has emerged as a promising 

direction for improving both collaboration efficiency and effectiveness. 

A natural future direction is to combine these two paradigms by first con­

structing a task-aware expert team through dynamic initialization, and 

then applying our multi-round dialogue and reflection mechanism to fa­

cilitate deep and efficient collaboration. This integration would result in 

a complete and efficient multi-agent pipeline spanning from team forma­

tion to team collaboration. 3) Towards True Open-World Evaluation.

While our current experiments are conducted under a large-vocabulary 

setting, a natural and important future direction is to evaluate the pro­

posed method in a true open-world scenario across a broader range of 

benchmarks and tasks. Exploring such a setting would provide a more 

comprehensive understanding of the generality and scalability of our 

approach.
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RAM++ : 

table, couch, fireplace, 

living room, television, 

window

Look only : 

door, living room,  chair,

window, wall, couch, table, 

fireplace,  carpet, television

Look and Check :

door, living room, 

television, window, wall, 

couch, table, fireplace, chair, 

carpet, lamp, vase

RAM++ : 

building

Look only : 

tree, building, sky, bench

Look and Check :

tree, building, door, 

window, sky, bench

RAM++ : 

cabinet, kitchen, vegetable

Look only : 

counter,  kitchen, window, 

table, plate, cabinet, stove, 

sink, chair

Look and Check :

counter, pot, kitchen, 

window, pan, table, plate, 

cabinet, stove, dishes, sink, 

chair, bowl

RAM++ : 

group, person, pavement, road, 

car

Look only : 

sky, street light, pedestrian, 

building, car, tree, pavement, 

group, person

Look and Check :

street sign, sky, bicycle, street 

light, motorcycle, pedestrian, 

building, car, tree, traffic light, 

pavement, group, person, store, 

Fig. 4. Comparison of predictions between our pipeline and RAM++ [13] on ADE-20K. Look only represents the Look stage of the pipeline. Look and Check refers to 

our whole pipeline (MAC). True positive samples are shown in green and false positive samples are shown in red. Labels in black are relevant ones but not included 

in the ground truth.

6 . Conclusions

We propose a simple yet effective pipeline via the coopera­

tion of multi-agents for multi-label classification, called Multi-Agent 

Cooperation (MAC). The pipeline consists of two stages: Look and Check. 

In the first stage, an MLLM identifies objects in the image with ex­

plicit location guidance to find obscured and small-sized objects. In the 

second stage, to filter out unreasonable labels and supplement other 

possible objects, an LLM is used to capture the corresponding sce­

nario and make inferences to assist the MLLM. Our pipeline surpasses 

state-of-the-art methods significantly on four widely used benchmarks 

in a large-vocabulary setting, showing its effectiveness under complex 

scenarios. To our best knowledge, this is the first work to study how to 

make use of multiple agents in multi-label classification and we hope it 

could encourage more researchers to explore such a new paradigm.
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