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Abstract

Large visual-language models (LVLMs) have achieved great
success in multiple applications. However, they still en-
counter challenges in complex scenes, especially those in-
volving camouflaged objects. This is primarily due to the
lack of samples related to camouflaged scenes in the train-
ing dataset. To mitigate this issue, we construct the MM-
CamObj dataset for the first time, comprising two subsets:
CamObj-Align and CamObj-Instruct. Specifically, CamObj-
Align contains 11,363 image-text pairs, and it is designed for
VL alignment and injecting rich knowledge of camouflaged
scenes into LVLMs. CamObj-Instruct is collected for fine-
tuning the LVLMs with improved instruction-following ca-
pabilities, and it includes 11,363 images and 68,849 conver-
sations with diverse instructions. Based on the MM-CamObj
dataset, we propose the CamObj-Llava, an LVLM specifi-
cally designed for addressing tasks in camouflaged scenes.
To facilitate our model’s effective acquisition of knowledge
about camouflaged objects and scenes, we introduce a cur-
riculum learning strategy with six distinct modes. Addition-
ally, we construct the CamObj-Bench to evaluate the exist-
ing LVLMs’ capabilities of understanding, recognition, lo-
calization and count in camouflage scenes. This benchmark
includes 600 images and 7 tasks, with a total of 9,449 ques-
tions. Extensive experiments are conducted on the CamObj-
Bench with CamObj-Llava, 8 existing open-source and 3
closed-source LVLMs. Surprisingly, the results indicate that
our model achieves a 25.84% improvement in 4 out of 7 tasks
compared to GPT-4o.

Code — https://github.com/JCruan519/MM-CamObj

Introduction
Benefiting from the revolutionary breakthroughs of large
language models (LLMs) (Minaee et al. 2024; Touvron
et al. 2023b; Zhu et al. 2024; Yang et al. 2024b; Yu et al.
2024) and the continuous advancements in visual foun-
dational models (Li et al. 2024a), large vision-language
models (LVLMs) have achieved remarkable progress (Li
et al. 2024a). Via training processes such as vision-language
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Figure 1: Empirical studies in camouflaged scenarios. We
compare Llava-v1.5-7b and GPT-4o in understanding the
two classical images with camouflage object existed. There
is a certain gap between existing open-source models and
advanced closed-source models in camouflage scenes.

alignment (Zhu et al. 2023) and instruction fine-tuning (Lin
et al. 2024), LVLMs have demonstrated outstanding perfor-
mance in various tasks, including image description, visual
question answering, object localization, and visual reason-
ing. These achievements not only showcase the flexibility
and adaptability of LVLMs in multimodal scenarios but also
drive their widespread applications in fields such as medical
imaging (Li et al. 2023), remote sensing (Li et al. 2024b),
and autonomous driving (Cui et al. 2024).

Despite the significant progress made by LVLMs in var-
ious multimodal applications, they still suffer from signifi-
cant challenges in complex scenes, particularly those involv-
ing camouflaged objects. The primary cause of the difficulty
and complexity of tasks in such scenarios lies in the high
similarity between the camouflaged objects and their sur-
roundings in terms of texture, shape, and color. As illustrated
in Figure 1, our empirical experiments provide a preliminary
demonstration of the performance of LVLMs in these sce-
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narios. On the left side of Figure 1, Llava misidentifies an
Arctic fox as a polar bear, whereas on the right side, Llava
fails to recognize a camouflaged stick insect. In contrast,
GPT-4o accurately identifies both camouflaged objects. This
indicates that existing open-source LVLMs still have short-
comings in understanding scenes with camouflaged objects
and lag behind closed-source models. Similar observations
can be found in (Jiang et al. 2024b; Ying et al. 2024).

This gap primarily stems from the lack of training sam-
ples related to camouflage scenes. To address this issue,
we meticulously collect 11,393 images from four classical
datasets for camouflage scene understanding (Pang et al.
2023; Fan et al. 2020; Cheng et al. 2022; Yang 2023;
Zheng et al. 2018), and leverage the advanced GPT-4o to
construct a semantic-rich and feature-diverse dataset called
MM-CamObj. This dataset comprises two subsets: CamObj-
Align and CamObj-Instruct, which are utilized in the align-
ment and instruction fine-tuning training phases, respec-
tively. Specifically, CamObj-Align contains 11,393 high-
quality image-text pairs, with texts providing detailed de-
scriptions of the camouflage scenes in the images. This sub-
set equips LVLMs with extensive knowledge of camouflage
objects and scenarios. CamObj-Instruct consists of 11,393
images with 68,849 diverse conversations, where each im-
age is assigned with at least three high-quality instructions
and corresponding responses, and it can further enhance the
instruction-following capabilities of LVLMs in camouflage
scenarios.

To achieve superior performance in camouflage scene
tasks, we propose a novel LVLM, dubbed CamObj-Llava,
by further training Llava-v1.5 (Liu et al. 2024a) on our MM-
CamObj. However, due to the difficulty of obtaining cam-
ouflage images, the training samples in MM-CamObj are
relatively few compared to the large-scale datasets used in
general scenarios, such as ALLaVA-Instruct-4V (Chen et al.
2024) with 715K samples and Bunny-695K (He et al. 2024).
This condition of limited samples poses significant chal-
lenges to the model’s training. To address this issue, we in-
troduce a curriculum learning strategy (Soviany et al. 2022).
It enhances the model’s capabilities by adopting a learning
sequence from easy to difficult, allowing the model to first
learn simple samples and then gradually encounter complex
ones. In this study, we rank the samples in MM-CamObj ac-
cording to six different evaluation modes and input them into
the LVLM for training in order of increasing difficulty. This
strategy enables CamoObj-Llava to acquire a more compre-
hensive understanding of camouflage scenes, improving its
performance in complex camouflage scenarios.

To comprehensively evaluate the performance of LVLMs
in camouflage scenarios, we introduce the CamObj-Bench,
a benchmark specifically designed to assess LVLMs’
performance in multimodal camouflage tasks. CamObj-
Bench comprises 600 meticulously curated images, cover-
ing 144 species across diverse biological categories, includ-
ing aquatic animals, mammals, birds, insects, plants, etc.,
greatly enhancing the richness and diversity of the bench-
mark. We have established seven core tasks—Easy VQA,
Hard VQA, Bbox Location, Image Caption, Count Choice,
Mask Match, and Mask TF—to thoroughly evaluate the ca-

pabilities of LVLMs in camouflage scenarios. Each task
is rigorously designed to ensure diversity and challenge,
posing difficulties even for powerful models like GPT-4o.
CamObj-Bench serves not only as a comprehensive tool for
evaluating LVLM performance in multimodal camouflage
tasks but also provides valuable insights for future advance-
ments in this field.

The main contributions are summarized as follows:

• MM-CamObj. We have introduced the MM-CamObj
dataset to enhance the existing LVLM’s capabilities in
camouflaged object scenarios. This dataset includes two
subsets: CamObj-Align and CamObj-Instruct, utilized
for the alignment and instruction-tuning stages of LVLM
training, respectively.

• CamObj-Llava. We have developed CamObj-Llava,
an LVLM specifically designed for tasks in camou-
flaged scenes. By leveraging diverse samples from MM-
CamObj dataset and six different curriculum learning
methods, CamObj-Llava exhibits outstanding perfor-
mance across various downstream tasks.

• CamObj-Bench. We have established CamObj-Bench,
a benchmark aimed at comprehensively and systemati-
cally evaluating the performance of LVLMs in camou-
flaged object scenarios. This benchmark consists of 7
tasks, with a total of 9,449 carefully designed questions.

Related Works
Camouflaged Scene Understanding (CSU) Datasets
In nature, animals use various ingenious camouflage tech-
niques to hide themselves and avoid being detected by
predators. Since these camouflage methods are often highly
complex, accurately understanding camouflaged scenes and
identifying camouflaged objects is a challenging task. Many
diverse datasets (Bideau and Learned-Miller 2016; Zheng
et al. 2018; Fan et al. 2020; Cheng et al. 2022; Pang et al.
2023; Yang 2023) has propelled the development of the CSU
field. For example, COD10K (Fan et al. 2020) is a large-
scale dataset for camouflaged object detection that covers
78 categories, aiming at identifying objects that visually
blend into the background. PlantCamo (Yang 2023) is an im-
age dataset focused on camouflaged plants, containing im-
ages of various camouflaged plants. Each image is accom-
panied by its corresponding species label and includes mask
annotations to display the plant’s contour. CPD1k (Zheng
et al. 2018) is a dataset specifically constructed for the task
of camouflaged personnel detection. The dataset consists
of images extracted from multiple video clips captured in
different natural scenes, covering a variety of camouflage
patterns and complex lighting and occlusion conditions.
MoCA-Mask (Cheng et al. 2022) is a large-scale dataset for
video camouflaged object detection. This dataset provides
pixel-level manually annotated masks for every five frames
of the video to show the contour of camouflaged objects.

Large Vision and Language Models
Large vision language models (LVLMs) are built upon large
language models (LLMs) (Touvron et al. 2023a,b; Meta
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Source Num. MM Num. B

COD-10K (Fan et al. 2020) 4,765 257
MoCA-Mask (Cheng et al. 2022) 4,449 242
PlantCamo (Yang 2023) 1,181 69
CPD-1K (Zheng et al. 2018) 968 32

SUM 11,393 600

Table 1: Image sources for the MM-CamObj dataset (Num.
MM) and CamObj-Bench (Num. B).

2024; Chiang et al. 2023; Bai et al. 2023a; Yang et al. 2024a)
and visual encoders (Radford et al. 2021; Sun et al. 2023;
Oquab et al. 2023; Zhai et al. 2023). Through visual align-
ment and visual instruction tuning, they effectively fuse im-
age and text information, enhancing performance in multi-
modal tasks. For instance, Llava (Liu et al. 2024b,a) intro-
duces a linear projection layer between the vision encoder
and the LLM to better align visual-language features. Sub-
sequent works (Bai et al. 2023b; Chu et al. 2024; Wang et al.
2023) have further improved the performance of LVLMs
through various architectures. However, the performance of
these models in complex scenarios, particularly those in-
volving camouflage objects, remains to be thoroughly ex-
plored. Besides, recent studies (Wu et al. 2024; Tang et al.
2023; Jiang et al. 2024b; Ying et al. 2024) have evaluated the
performance of LVLMs on the camouflaged object detec-
tion task, indicating that current LVLMs exhibit limitations
in understanding and recognizing such complex scenes.

Datasets and Benchmark
In our study, the images in the MM-CamObj dataset are
sourced from publicly available camouflage scene under-
standing datasets. These datasets not only provide accu-
rate category annotations but also include segmentation
masks for camouflaged objects. Specifically, as shown in Ta-
ble 1, we carefully select 11,963 camouflaged target images
from (Pang et al. 2023; Fan et al. 2020; Cheng et al. 2022;
Yang 2023; Zheng et al. 2018). Of these, 11,363 images
are used to construct CamObj-Align and CamObj-Instruct,
while the remaining 600 images are utilized to construct
CamObj-Bench.

Metadata Construction
We define a standardized metadata format for MM-CamObj
and CamObj-Bench. Each metadata entry contains the fol-
lowing key information: the name of the source dataset, a
unique identifier, the basic category of the camouflaged ob-
ject, the RGB image, and its corresponding camouflaged
object mask. Additionally, the metadata records the num-
ber of camouflaged objects, their bounding box information,
and their proportion within the entire image. With this in-
formation, our constructed training samples can better align
with the camouflaged scenes in the given images, allowing
our benchmark to incorporate more diverse question types.
Through a standardized metadata structure, researchers can
more easily compare the capabilities of different models us-

System prompt: "You are an AI vision assistant capable of analyzing 

complex images. You are given an image containing camouflaged 

objects, and your task is to provide a detailed description of the given 

image. You need to describe the image through five different 

sentences, each offering a unique perspective or detail. In your 

description, focus on the layout and spatial relationships between 

objects, emphasizing the number of objects, their exact locations, and 

how they relate to each other in space. Your response should guide 

someone through the image, pointing out each element and its 

significance in the overall scene. Your descriptions should enable 

someone who cannot see the image to accurately and completely 

imagine its content."

User prompt: "The camouflaged object in the given image is the 

{class label}."

System prompt: "You are an AI vision assistant capable of analyzing 

complex images. ... You need to describe the image through five 

different sentences, each offering a unique perspective or detail. ... 

Your descriptions should enable someone who cannot see the image 

to accurately and completely imagine its content."

User prompt: "The camouflaged object in the given image is the 

{class label}."

Figure 2: An example prompt snippet for constructing
CamObj-Align.

System prompt: "You are an AI visual assistant capable of analyzing 

complex images. Your task is to create a conversation with at least 3 

rounds of Q&A between a "human" and the AI assistant ("gpt") based 

on a given image. The questions should cover visual content such as 

object quantity, location, and relative positions, as well as knowledge 

related to the biological and environmental aspects of the objects. By 

analyzing the types of objects present in the image and their spatial 

relationships, create in-depth visual detail questions. Additionally, 

design knowledge-based questions by identifying the objects and the 

environment in the image. When providing answers, respond as if you 

are personally observing the image. For simple questions, give 

concise and accurate answers. For more complex questions, provide 

detailed explanations or step-by-step reasoning to justify your 

answers. Only ask questions with definite answers, i.e., those that you 

can confidently conclude from the image, and avoid any questions 

that cannot be answered with confidence. Your response must follow 

the JSON format below: [{"from": "human", "value": ""}, {"from": 

"gpt", "value": ""}, {"from": "human", "value": ""}, {"from": "gpt", 

"value": ""}]"

User prompt: "The camouflaged object in the given image is the 

{base_cls}."

System prompt: "You are an AI visual assistant capable of analyzing 

complex images. ... Your task is to create a conversation with at least 

{randomly choose between 3 and 7} rounds of Q&A between a 

"human" and the AI assistant ("gpt") based on a given image. The 

questions should cover visual content such as object quantity, location, 

and relative positions, as well as knowledge related to the biological 

and environmental aspects of the objects. ..."

User prompt: "The camouflaged object in the given image is the 

{class label}."

Figure 3: An example prompt snippet for constructing
CamObj-Instruct.

ing a unified evaluation standard, thereby promoting the de-
velopment of LVLMs in the domain of camouflaged scenes.

CamObj-Align
CamObj-Align dataset consists of 11,363 camouflaged ob-
ject images along with their corresponding descriptions. To
ensure the accuracy of these descriptions, we first use the
advanced GPT-4o to generate detailed descriptions of cam-
ouflaged objects from five different perspectives, as shown
in Figure 2. We then conduct manual reviews and corrections
to address errors in the descriptions, such as mistakes in ob-
ject location and count. Finally, we adopt the instructions
from (Liu et al. 2024b) as the detailed image description in-
structions. An example from CamObj-Align is presented in
Figure 4 Left.

CamObj-Instruct
CamObj-Align is utilized during the alignment phase of
LVLMs to incorporate knowledge about camouflage ob-
jects and scenes into the model. To further enhance the
model’s ability to follow instructions, we construct the
CamObj-Instruct dataset using 11,363 images and their cor-
responding camouflage object masks. To ensure diversity
and complexity in the instructions, we use GPT-4o to gen-
erate dialogues, generating instructions and corresponding
responses, as shown in Figure 3. Subsequently, to ensure the
accuracy of the dataset, we also conduct manual reviews to
correct any hallucinated instructions and responses. Finally,
leveraging the information of metadata, we introduce count-
ing and localization instructions and responses in the dia-
logues to enhance LVLM’s ability to perceive camouflage
objects. As illustrated in Figure 4 Right, we present an ex-
ample from CamObj-Instruct dataset.
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Question: Illustrate the image through a descriptive explanation.

Answer: The image primarily depicts a dense thicket of green foliage with

elongated, pointed leaves, and a network of intertwining branches and

stems. …… Surrounding the feline, the foliage is thick and lush, with several

layers of leaves creating a natural cover that conceals the rest of the cat's body

effectively. On the left side of the image, the foliage continues with varied leaf

sizes and shapes, creating a dense backdrop that adds to the complexity of the

scene. In the bottom portion of the image, sunlight breaks through, casting light

onto some leaves and highlighting the vibrant green of the foliage, contrasting

with the shadowy areas where the cat is hidden.

Question: Please identify the number of camouflaged objects in the image and

provide the corresponding bounding box coordinates.

Answer: There is 1 camouflaged target in the image, and the bounding box

coordinates are [0.0, 0.245779, 0.87875, 0.834897].

Question: ......

Answer: ......

……

Question: What is the texture of the seafloor where the BatFish is located?

Answer: The seafloor in the image has a rough, granular texture, covered with

small rocks, pebbles, and seaweed, providing ample cover for the BatFish.

Figure 4: Left: A sample example snippet in CamObj-Align. Right: A sample example snippet in CamObj-Instruct. The cor-
responding mask images are solely for better visualization of the camouflaged objects. These masks are not included in the
CamObj-Align and CamObj-Instruct datasets and will not be used during the training process.

CamObj-Bench
Statistical Information To comprehensively evaluate the
capabilities of LVLMs in camouflage scene tasks, we pro-
pose CamObj-Bench. This benchmark comprises 600 metic-
ulously selected images along with their corresponding
camouflage object masks, covering 144 different biologi-
cal species. As shown in Table 1, these images are sourced
from four major public datasets: COD-10K (Fan et al. 2020),
MoCA-Mask (Cheng et al. 2022), PlantCamo (Yang 2023),
and CPD-1K (Zheng et al. 2018).

CamObj-Bench exhibits significant diversity in the num-
ber of camouflaged objects, presenting varying levels of
challenges to LVLMs. Specifically, 83.7% of the images
contain one camouflaged object, 8.8% contain two objects,
2.3% contain three objects, 1.8% contain four objects, and
3.3% contain more than four camouflaged objects. Addition-
ally, there is notable variation in the size of camouflaged ob-
jects within the images. Among these, 69.3% of the objects
occupy 0% to 10% of the image area, 18.0% occupy 10%
to 20%, 7.5% occupy 20% to 30%, and 5.2% occupy more
than 30% of the image area. These variations in relative size
further complicate the recognition task.

Tasks Construction We have designed seven tasks in
CamObj-Bench based on metadata information. As shown
in Figure 5, these tasks include Easy-VQA, Hard-VQA,
Bbox Location, Image Caption, Count Choice, Mask Match,
and Mask TF. The number of images and questions for each
task are shown in Table 2. The first five tasks utilize single-
image input, while the last two involve multi-image input.

Easy VQA: Given a camouflaged scene image, the LVLM
is required to select the name of the object from four options.
The distractor options are generated by GPT-4o and are dis-
tinctly different from the correct answer. For example, if the
correct answer is ‘Spider’, the distractor options might be
‘Bird’, ‘Frog’, and ‘Fish’. Accuracy is used as the evalua-
tion metric for this task.

Hard VQA: Similar to Easy VQA, but with more chal-
lenging distractor options that are closer to the correct an-

Task #Images #Questions

Easy-VQA 600 3,000
Hard-VQA 599 2,995
Bbox Location 482 482
Image Caption 600 600
Count Choice 572 572
Mask Match 600 600
Mask TF 600 1,200

Table 2: Image and Question Counts for CamObj-Bench.

swer. For instance, if the correct answer is ‘Spider’, the dis-
tractor options might be ‘Water Spider’, ‘Dragonfly’, and
‘Mosquito’, making it more difficult for LVLMs to correctly
identify the object. This task also uses accuracy as the eval-
uation metric.

Bbox Location: Given an image of a camouflaged ob-
ject, the LVLM needs to detect the location of the object and
output it in the format of a bounding box [x1, y1, x2, y2],
where x1, y1 represent the coordinates of the top-left cor-
ner, and x2, y2 represent the coordinates of the bottom-right
corner. Mean Intersection over Union (mIoU) is used as the
evaluation metric for this task.

Image Caption: In this task, the LVLM is required to
provide a detailed description of the image based on the
camouflaged scene. The ground truth answers are gener-
ated by GPT-4o and Gemini-1.5-pro (Reid et al. 2024). Sub-
sequently, we manually inspect and combine the two re-
sponses, correcting the hallucinations. We employ BGE-
v1.5-en (Xiao et al. 2023) to calculate the CLIPScore be-
tween the image and the description, using this as the evalu-
ation metric.

Count Choice: This task also employs a single-choice
format, where the LVLM is given an image and must iden-
tify the number of camouflaged objects within the image and
select the correct answer from four options. Accuracy is used
as the evaluation metric for this task.

Mask Match: Given an image of a camouflaged object
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Image Caption Bbox Location Count choice

Easy VQA  /  Hard VQA Mask Match Mask TF

Q: Analyze the image in 

a comprehensive and 

detailed manner.

Q: There is a camouflaged

creature in the picture. Find

it and mark its location with

a BoundingBox.

Q: How many PC Lithops 

are in the image?

A. 1 B. 2

C. 4 D. 3

Answer: BAnswer: [0.40332, 0.20205, 0.696289, 0.85798]Answer: The image showcases a rocky seabed 

with various textures and ......

Q.E. Answer: A                     Q.H. Answer: D

Q: Here are three images. The first image is a picture

containing a Owl, and the following two images are

black-white mask images that outline the Owl labeled

as ['A', 'B']. Please select the mask image that best

matches the Owl in the first image.

Q: Here are two images. The first image is a picture

containing a Butterfly, and the second image is a

black-white mask image that outlines the Butterfly.

Your task is to determine if the mask correctly

matches the Butterfly in the first image.

Q.E：What is the name of the camouflaged creature 

in the picture?

A.  Grasshopper B.  Wasp

C.  Termite D.  Fly

Q.H：What is the species of the creature in the 

picture?

A.  Jellyfish B.  Squid

C.  Cuttlefish D.  Octopus

Answer: A Answer: False

Figure 5: Some typical examples from the CamObj-Bench. Our benchmark consists of seven tasks to evaluate LVLMs’ capa-
bilities in recognition, classification, localization, counting, and scene understanding in the camouflaged object scenarios.

and two mask images, where one mask is correct and the
other is randomly selected and incorrect, the LVLM is re-
quired to select the correct mask image.

Mask TF: Given a camouflaged object image and a mask,
the LVLM is required to determine whether the contour in
the mask image matches the camouflaged object in the orig-
inal image, answering either True or False. For each image
in CamObj-Bench, we generate one ‘True’ question with the
correct mask and one ‘False’ question with an incorrect, ran-
domly selected mask.

Methods
Due to the challenging of acquiring high-quality camouflage
images, our CamObj-Align and CamObj-Instruct, contain
a limited number of training samples compared to general
domain datasets. Therefore, in this section, we introduce
a curriculum learning strategy to fully leverage the limited
samples, enhancing the learning efficacy and improving the
downstream performance of CamObj-Llava.

Determination of Curriculum Learning Metrics
The core idea of curriculum learning is to train models first
on simpler samples and gradually increase the complexity
samples, thereby improving the model’s learning efficiency
and generalization capability (Wang, Chen, and Zhu 2021;
Soviany et al. 2022). This strategy simulates the human
learning process, which progresses from simple to complex,
helping to accelerate model convergence and enhance per-
formance on complex tasks. However, determining the dif-
ficulty level of samples is a prerequisite for implementing
curriculum learning.

In our CamObj-Align and CamObj-Instruct datasets, each
sample consists of an image with the question-answer con-
versations between a human and an AI assistant. The ‘Ques-
tion’, posed by a human, can be regarded as an instruction,
while the ‘Answer’, provided by the AI assistant, can be
considered a response. Consequently, we naturally employ

Mode Easy VQA Hard VQA Bbox Location
- 90.3 68.9 52.8
Lenins 90.9 67.8 52.2
Lenrsp 91.3 70.6 52.8
Lenall 90.9 69.8 56.7
Simins 90.8 70.3 51.8
Simrsp 91.3 69.1 54.7
Simall 91.5 69.3 54.9

Table 3: Preliminary studies with various curriculum learn-
ing modes. Bold indicates the best, underline indicates the
second best.

the sentence lengths of instructions and responses as metrics
to assess the difficulty level of the samples (Platanios et al.
2019; Tay et al. 2019). Typically, longer sentence lengths are
viewed as indicative of more challenging samples (Wang,
Chen, and Zhu 2021). We examine three modes: instruc-
tion length (Lenins), response length (Lenrsp), and their sum
(Lenall). Additionally, we introduce image-text similarity as
an extra difficulty metric, where higher image-text similar-
ity often implies lower sample difficulty. We consider the
similarity between the instruction and image (Simins), the
response and image (Simrsp), and the entire dialogue and
image (Simall). We utilize BGE-M3 (Chen et al. 2023) and
BGE-v1.5-en (Xiao et al. 2023) to obtain embeddings for
the image and text, calculating the cosine similarity between
them. Subsequently, we average the similarity scores from
these two sets of BGE models to measure the final image-
text similarity.

Preliminary Experiment
After determining the difficulty level of the samples, we sort
them from easy to difficult and gradually introduce them
into the training process according to the principles of cur-
riculum learning. Following the setup of Llava (Liu et al.
2024a), we conduct a two-stage training on the Llava-v1.5-
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Model Size Easy VQA Hard VQA Bbox Location Image Caption Count choice

Open-source LVLMs
Fuyu 8B 35.9 26.1 - 69.1 24.1
Idenfics 9B 79.2 69.1 - 63.5 44.1
InstructBLIP 11B 72.0 55.0 - 68.2 68.4
Kosmos2 1.6B 25.3 25.2 - 70.4 28.8
Llava-v1.5-7B 7B 78.2 59.0 37.4 74.4 70.5
Llava-v1.5-13B 13B 83.4 63.0 40.8 74.7 82.9
MiniCPM-V-2.5 8B 66.1 41.2 33.3 77.1 78.7
Qwen-VL-Chat 7B 77.8 59.7 21.2 74.9 67.3
CamObj-Llava-7B 7B 90.9 69.8 56.7 85.0 81.5
CamObj-Llava-13B 13B 91.8 71.9 59.4 85.7 83.0

Closed-source LVLMs
GPT-4o - 88.5 79.9 32.0 81.8 70.8
GPT-4o-mini - 86.8 72.4 28.1 80.6 58.4
Gemini-1.5-pro - 95.6 86.4 45.0 79.5 65.3

Table 4: Validation results on single-image tasks in CamObj-Bench. We use accuracy (%) as the evaluation metric for Easy
VQA, Hard VQA, and Count choice, mIoU (%) as the evaluation metric for Bbox Location, and CLIPScore (%, extend the
range from 0 to 1 into percentage units.) as the evaluation metric for Image Caption.

7b. First, during the alignment stage, we introduce knowl-
edge related to camouflage scenes using the CamObj-Align
dataset. Second, in the instruction fine-tuning stage, we en-
hance the model’s ability to follow instructions with the
CamObj-Instruct dataset. Different from Llava, we employ
LoRA (Hu et al. 2021) fine-tuning method in both stages.

To validate the effectiveness of curriculum learning, we
evaluate its performance on three tasks within the CamObj-
Bench: Easy VQA, Hard VQA, and Bbox Location. As
shown in Table 3, introducing curriculum learning generally
enhances model performance. For instance, in the Lenall
mode, performance on the Bbox Location task improves by
3.9% compared to the baseline without curriculum learn-
ing. However, in the Lenins mode, performance on the Hard
VQA and Bbox Location tasks is even lower than with-
out curriculum learning. This outcome aligns with expec-
tations because, similar to (Liu et al. 2024b,a), the human
instructions used in the CamObj-Align dataset are randomly
selected from a fixed template library, resulting in similar
semantic information and sentence length between instruc-
tions. After comprehensive consideration, we choose Lenall
as the training strategy for CamObj-Llava to maximize the
utilization of limited training data and achieve better perfor-
mance in downstream tasks.

Experiments
Baseline
In this section, we conduct a comprehensive evaluation of
LVLMs’ performance across the seven tasks of the CamObj-
Bench. We test a range of open-source LVLMs, including
Fuyu-8B (Bavishi et al. 2023), Idenfics (Laurençon et al.
2024), InstructBLIP-FlanT5-XXL (Dai et al. 2023), Kos-
mos2 (Peng et al. 2023), Llava-v1.5-7B (Liu et al. 2024a),
Llava-v1.5-13B (Liu et al. 2024a), MiniCPM-Llama3-V-2.5
(Yao et al. 2024), and Qwen-VL-Chat (Bai et al. 2023b). In
addition, we evaluate several advanced closed-source mod-

els such as GPT-4o1, GPT-4o-mini2, and Gemini-1.5-pro
(Reid et al. 2024). The selection of these models aims to pro-
vide a comprehensive performance benchmark to analyze
the performance of different models across various tasks.

Training Details
In our study, we build the CamObj-Llava-7B/13B by contin-
uously training on the CamObj-Align and CamObj-Instruct
datasets, based on the Llava-v1.5-7B/13B (Liu et al. 2024a).
The training consists of two stages: alignment and instruc-
tion fine-tuning. During the alignment stage, we set the
learning rate to 5e-4, and for the instruction fine-tuning
stage, the learning rate is adjusted to 2.5e-4. Both stages
are trained for 1 epoch using the AdamW (Loshchilov
and Hutter 2017) optimizer, with a cosine decay strategy
(Loshchilov and Hutter 2016) to dynamically adjust the
learning rate. Specifically, we apply LoRA (Hu et al. 2021)
modules to each linear layer of the large language model,
with the rank r and scaling factor α set to 128 and 256. All
experiments on conducted on 8×NVIDIA A800 GPUs.

Main Results
Single-image Tasks Table 4 shows the performance of ex-
isting LVLMs and our CamObj-Llava on five single-image
tasks. Our CamObj-Llava-7B/13B models, trained with
CamObj-Align and CamObj-Instruct, outperform all other
open-source models in these tasks. Compared to Llava-v1.5-
7B/13B, our CamObj-Llava-7B/13B achieves an average
improvement of 23.2% and 16.9% across these tasks.

CamObj-Llava excels in camouflaged object recogni-
tion. In the Easy and Hard VQA tasks, we evaluate the abil-
ity of LVLMs to recognize and classify camouflaged objects.
Although our model underperforms compared to the closed-
source models in the Hard VQA task, CamObj-Llava-7B

1https://platform.openai.com/docs/models/gpt-4o
2https://platform.openai.com/docs/models/gpt-4o-mini
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Model Mode Mask Match Mask TF

Open-source LVLMs
Fuyu merge 51.8 50.4
Idenfics sequence 43.1 47.4
InstructBLIP merge 43.2 47.4
Kosmos2 merge 50.0 50.0
Llava-v1.5-7B merge 50.8 50.0
Llava-v1.5-13B merge 45.7 47.0
MiniCPM-V-2.5 sequence 51.7 48.3
Qwen-VL-Chat merge 50.0 50.0
CamObj-Llava-7B merge 50.0 50.0
CamObj-Llava-13B merge 50.0 49.5

Closed-source LVLMs
GPT-4o sequence 95.8 88.3
GPT-4o-mini sequence 84.8 69.0
Gemini-1.5-pro sequence 87.8 72.0

Table 5: Validation results on multiple-images tasks in
CamObj-Bench. We use accuracy (%) as the evaluation met-
ric for Mask Match and Mask TF.

surpasses GPT-4o by 2.4% in the Easy VQA task, with
CamObj-Llava-13B further improving upon this by 0.9%.

CamObj-Llava surpasses closed-source LVLMs in ob-
ject localization, scene understanding, and counting. In
the Bbox Location task, which primarily evaluates the lo-
calization ability of LVLMs for camouflaged objects, our
CamObj-Llava-7B/13B outperforms all advanced closed-
source models. Compared to the top-performing Gemini-
1.5-pro, CamObj-Llava-13B achieves a 14.4% improvement
in the mIoU metric. The Image Caption task focuses on as-
sessing the model’s understanding of camouflaged scenes. In
this task, CamObj-Llava-7B/13B also outperforms leading
closed-source models. Specifically, CamObj-Llava-7B, with
only 7B parameters, surpasses GPT-4o by 3.2% in CLIP-
Score. The Count choice task evaluates the counting abilities
of LVLMs, and once again, our CamObj-Llava exceeds all
closed-source models.

The results across these five single-image tasks demon-
strate that our CamObj-Align and CamObj-Instruct datasets
provide comprehensive knowledge of camouflaged objects
and scenes, significantly enhancing LVLMs’ capabilities in
recognition, classification, localization, counting, and scene
understanding.

Multiple-images tasks In handling multiple-images
tasks, we draw inspiration from previous research (Jiang
et al. 2024a) and employ two different processing methods,
depending on whether the LVLM supports multiple-images
input. The first strategy, termed ‘merge’, involves horizon-
tally concatenating multiple images into a single image
for processing. The second strategy, termed ‘sequence’,
involves inputting multiple images in a sequential manner.

Table 5 shows the performance of existing LVLMs and
our CamObj-Llava on the Mask Match and Mask TF tasks.
For open-source LVLMs, including our model, the perfor-
mance on these multiple-images tasks is close to random
selection. This phenomenon could also be observed in (Fu

Ratio Easy VQA Hard VQA Bbox Location
- 78.2 59.0 37.4

10% 84.6 61.7 42.7
20% 86.0 63.9 44.2
50% 87.8 65.5 49.4
100% 90.9 69.8 56.7

Table 6: Ablation studies on the Easy/Hard VQA and Bbox
Location tasks with various training samples. Ratio refers to
the proportion of training samples randomly selected from
CamObj-Align and CamObj-Instruct datasets. ‘-’ stands for
Llava-v1.5-7B without training on our datasets.

et al. 2024; Jiang et al. 2024a). One possible reason is
that during training, only a few or no multiple-images in-
put modes and related instructions are used, resulting in
poor performance on multiple-images tasks. In contrast,
advanced closed-source models have better adaptability to
multiple-images tasks. However, even the advanced GPT-
4o-mini achieves only 69.0% accuracy on the Mask TF task,
only 19.0% higher than random selection. This further in-
dicates that our CamObj-Bench presents new challenges for
existing LVLMs.

Ablation Studies

To validate the performance of our CamObj-Llava-7B with
limited data, we randomly selected 10%, 20%, and 50% of
the samples from the CamObj-Align and CamObj-Instruct
datasets for training, while keeping the rest of the exper-
imental settings consistent with those described in Sec.
‘Training Details’. The results are shown in Table 6. Even
with only 10% of the data samples, CamObj-Llava-7B sur-
passes Llava-v1.5-7B in the Easy VQA, Hard VQA, and
Bbox Location tasks, with improvements of 6.4%, 2.7%, and
5.3%, respectively. This demonstrates the significant advan-
tage of our training dataset in providing LVLMs with rich
knowledge about camouflage scenarios.

Conclusion

In this paper, we aim to enhance the capabilities of large
vision-language models in complex scenarios, particularly
those involving camouflaged objects. To achieve this, we
have collected and constructed the MM-CamObj dataset,
which includes CamObj-Align for alignment training and
CamObj-Instruct for instruction fine-tuning. Additionally,
to effectively utilize the limited training samples, we intro-
duce six different modes of curriculum learning and con-
tinue training based on Llava-v1.5, resulting in our CamObj-
Llava. To comprehensively validate the performance of ex-
isting LVLMs and our model in camouflaged scenarios, we
develop CamObj-Bench, a benchmark consisting of seven
challenging tasks. Extensive experiments demonstrate that
our CamObj-Llava surpasses the advanced GPT-4o in four
of these tasks. In the future, we plan to expand the dataset
and introduce multi-image training for our CamObj-Llava.
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