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Abstract

Expanding the understanding capabilities of
multi-modal large language models (MLLMs)
for infrared modality is a challenge due to the
single-modality nature and limited amount of
training data. Existing methods typically con-
struct a uniform embedding space for cross-
modal alignment and leverage abundant visual
image data to understand infrared images indi-
rectly. However, they ignore the supervisory
signals of infrared-modality-specific attributes,
which may lead to a biased understanding of
infrared images. To address this issue, we pro-
pose a debating multi-agent generation system
that transfers knowledge from visible images to
generate infrared image-text pairs and infrared
instruction data. Moreover, we construct an in-
frared question-answering benchmark based on
common infrared tasks. Experimental results
from incremental fine-tuning on existing mod-
els and our Infrared-LLaVA-7B trained from
scratch on infrared data demonstrate the effec-
tiveness of the generated data and the feasibility
of the generation approach.

1 Introduction

With the rapid development of large language mod-
els (LLMs) (OpenAl, 2024; Touvron et al., 2023;
Chiang et al., 2023), existing multi-modal large
language models (MLLMs) have shown impressive
capabilities on generic visual modality tasks such
as image-text retrieval and phrase grounding (Dai
et al., 2024; Lin et al., 2023; Liu et al., 2024; Li
et al., 2023a; Bai et al., 2023; Peng et al., 2023).
But less attent ion has been paid to infrared images
one of the scarce modalities (Su et al., 2023; Han
et al., 2023), due to single-modality nature and low
resourc of training data.

The infrared images have more stable informa-
tion compared to visual images which have large
information loss in low light or other extremely
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harsh environments (Jia et al., 2021; Liu et al.,
2020). Thus it is worth exploring and research-
ing how to utilize the limited data sources of the
infrared images to align the infrared images’ fea-
ture space with the LLM’s text embedding space,
and to further perform infrared instruction super-
vised fine-tuning. This would enable a MLLM to
correctly accept infrared image inputs and perform
infrared image question-answering tasks.

Previous work (Su et al., 2023; Han et al., 2023)
has achieved some infrared image comprehension
using only visible image-text pairs and visible im-
age instructions for alignment and instruction fine-
tuning, based on the unified embedding space im-
plemented by ImageBind (Girdhar et al., 2023).
However, the method does not involve the infrared
image encoder during alignment and instruction
fine-tuning. The lack of supervisory signals for in-
frared images may lead to biased understanding of
infrared images. Hence it is necessary to construct
infrared image-text pairs and infrared instructions
to enhance the model’s understanding ability for
infrared images. Meanwhile, given to the lack of
benchmarks for evaluating infrared-related capa-
bilities of MLLMs, it is necessary to establish an
infrared multi-modal question-answering bench-
mark to assess MLLM’s understanding ability for
infrared images.

To address these issues, we propose a debating
multi-agent system. The system generates infrared
image-text pairs and infrared instructions by trans-
ferring knowledge from visual image-text pairs and
corresponding bounding box annotations, as illus-
trated in Figure 1. The system utilizes multiple
independent GPT-3.5 models to construct multi-
ple agents. Each agent respectively performs in-
frared image-text pairs generation, instruction gen-
eration, and instruction evaluation. Furthermore,
the system ensures the quality of generated data by
self-updating through the debates between different
agents. Most importantly, the entire process is auto-

8573

Findings of the Association for Computational Linguistics: EMNLP 2024, pages 8573-8591
November 12-16, 2024 ©2024 Association for Computational Linguistics



mated and does not require training, saving a signif-
icant amount of time and economic costs compared
to annotating the data from scratch. Additionally,
we build an infrared template question-answering
benchmark based on annotated real infrared images
to evaluate the MLLM’s understanding ability for
infrared images, as shown in Figure 2. This bench-
mark is constructed based on common infrared task
datasets from multiple infrared scenarios, with high
consistency and accuracy.

We use this multi-agent to generate 118k syn-
thetic infrared images, 500k synthetic infrared
image-text pairs, and 12k synthetic infrared in-
struction data based on COCO (Lin et al., 2014),
called Infrared Instruction Dataset. We demon-
strated the effectiveness of the synthetic instruc-
tion data through incremental fine-tuning on other
models, as show in Figure 5. Specifically, with
the aid of this dataset, we developed an infrared
multi-modal large language model called Infrared-
LLaVA-7B, as show in Figure 3. Infrared-LLaVA-
7B outperformed Pandagpt-7B, Pandagpt-13B and
imagebind-LLM trained in the infrared template
benchmark, showing its competitive performance.
Our contributions are as follows:

* We build a debating multi-agent system and gen-
erate infrared image-text pairs and instructions
based on the visual image dataset. This provides
a cost-friendly approach for constructing instruc-
tion data for scarce modalities lacking paired text
and instructions.

* We construct the first infrared question-
answering benchmark based on existing infrared
image datasets, aiming to evaluate models’ un-
derstanding ability for infrared images in typical
scenarios, to the best of our knowledge.

* We validate the feasibility of indirectly aligning
the infrared image embedding space and the text
embedding space of LLMs using visible images
by comparing the actual performances of indirect
alignment and direct alignment.

* We build the first specific infrared multi-modal
large language model, Infrared-LLaVA-7B. We
utilize generated infrared data for both alignment
and supervised fine-tuning stages.

2 Related Work

Multi-modal Large Models. In recent years, re-
searchers have introduced visual multi-modal large-
scale models, which integrate the large language

models with pretrained visual encoders (Li et al.,
2023a; Dai et al., 2024; Liu et al., 2024; Bai et al.,
2023; Zhang et al., 2023). Most MLLMs follow
a two-stage paradigm, utilizing large-scale image-
text pairs for modality alignment in the pre-training
stage and multimodal instruction data for super-
vised fine-tuning stage. Our work also adopts this
paradigm as our training pipeline.

Scarce-Modality Large Multi-Modal Models.
Compared to MLLMs that focus on modalities such
as video and images (Li et al., 2023b; Bai et al.,
2023; Liu et al., 2024), some projects like Image-
bindLLM and Pandagpt (Han et al., 2023; Su et al.,
2023; Zhang et al., 2023) utilize the same paradigm
to understand modalities with scarce data, includ-
ing infrared and depth images. Building upon uni-
fied embedding spaces achieved by cross-modal
alignment encoders such as ImageBind (Girdhar
et al., 2023), they leverage existing visible image-
text pairs and instructions for training to understand
infrared images. In our work, we further enhance
the understanding of infrared images by conduct-
ing two-stage training using generated infrared-text
pairs and infrared instructions. Compared to train-
ing on visible images data, we achieve better in-
frared image understanding performance with our
generated infrared data.

Multi-Agent Systems. In recent years, the rise
of large language models (LLMs) has paved the
way for new directions in research on multi-agent
systems. In multi-agent systems, collaboration
among multiple agents has been widely applied
to practical problems such as literary translation
(Wu et al., 2024) and confidence verification (Yang
etal., 2024). However, with increasing demands for
system robustness (Zhu et al., 2024) and complex
problem reasoning (Liang et al., 2023), introducing
debating mechanisms has emerged as a new ap-
proach to enhance the performance of multi-agent
systems. In the field of text generation, researchers
have also begun to explore the introduction of de-
bating mechanisms in multi-agent systems to im-
prove the quality of generated texts (Kim et al.,
2024; Chan et al., 2023). Therefore, we aim to
enhance the quality of synthesized captions by in-
corporating a debating mechanism into the multi-
agent system, and further explore text generation
methods based on debating.
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Figure 1: The Multi-Agent System. The multi-agent system includes three agents: Caption Generation Agent,
Debate Agent, and Task Generation Agent. In addition to independently performing their own functions, these

agents also interact with each other.

3 Infrared Instruction Dataset

In this section, we present our debating multi-agent
system to build the Infrared Instruction Dataset.
Subsection 3.1, Subsection 3.2, and Subsection
3.3 explain the composition and workflow of each
agent. Subsection 3.4 describes the process of in-
teraction in the multi-agent system. As a result, we
generate 118k synthetic infrared images based on
COCO(Lin et al., 2014), 500k paired captions, and
12k infrared image instructions.

3.1 Caption Agent

The Caption Agent is composed of three key mod-
els: the image translation model sSRGB-TIR (Lee
et al., 2023), the large language model GPT-3.5
(OpenAl, 2024), and the multimodal alignment
model LanguageBind (Zhu et al., 2023a), as shown
in Figure 1(a). The Caption Agent transforms the
visible image-text pairs into the infrared image-text
pairs. Then the Caption Agent outputs multiple
filtered captions to the Task Agent and updates its
filtering rules when the The Debate Agent provides
the mining filter rules.

Infrared images translation. We utilize the im-
age translation model sSRGB-TIR (Lee et al., 2023)
to translate the visible images into infrared images.
This approach preserves prior knowledge from real

visible images and ensure the consistency of scene
structure and object authenticity in the translated
infrared images. Additionally, it maintains high
semantic relevance between the translated infrared
images and the original captions paired with visible
images (Gao et al., 2023).

Filtering based on heuristic rules. The orig-
inal caption paired with visible images describe
features like color and transparency, which are not
discernible in infrared images (Gao et al., 2023).
We first manually design several basic heuristic fil-
tering rules (Hu et al., 2014) and then these rules
will be automatically update using the output of the
Debate Agent. Prompted by the filtering rules, the
GPT-3.5 acts as an infrared filter to remove words
from the captions of visible images that are not
typically used to describe infrared images, while
preserving most original semantic information.

Filtering based on image-text matching. We
set the temperature of GPT-3.5 to 0.8 and gener-
ate 5 filtered captions for each visible image-text
pair. Utilizing LanguageBind’s Text Encoder and
Infrared Encoder (Zhu et al., 2023a), we compute
the similarity scores between these 6 captions (in-
cluding filtered five and original one) and the trans-
lated infrared image. The caption with the highest
score is selected as the final caption. By this way,
the selected caption can maintain a high semantic
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relevance to the translated infrared image.

3.2 Task Agent

The Task Agent is comprised of an independent
instance of GPT-3.5. This agent amalgamates origi-
nal bounding box annotations with multiple filtered
captions from the Caption Agent to generate in-
structions, which is then transmitted to the Debate
Agent, as illustrated in Figure 1(b). Based on the
debating result returned by the Debate Agent, the
Task Agent regenerates the instruction accordingly.

Insturction generation. For each generated in-
frared image, corresponding filtered captions and
bounding boxes are combined and then fed into
GPT-3.5. In this way, GPT-3.5 can “see” the gen-
erated infrared image from a comprehensive per-
spective (Liu et al., 2024). And different crafted
instructions and few-shot learning enable GPT-3.5
to generate three types of instruction tasks: com-
plex reasoning, multi-round dialogue, and detailed
description (see examples in Appendix B).

Insturction regeneration. The Task Agent con-
veys the generated instruction to the Debate Agent
for evaluation. If the Debate Agent determines
that the generated instruction do not meet the re-
quirements, the Task Agent will regenerate a in-
struction with the failure reason. The process will
continue until the Debate Agent returns "Accepted"
or reaches the maximum times of repetitions. If
"Accepted", the generated instruction will be out-
put to the environment. Otherwise, "Generation
failed" will be output.

3.3 Debate Agent

The Debate Agent is another independent instance
of GPT-3.5. This agent evaluates whether the in-
struction generated by the Task Agent meets with
requirements. The Debate Agent conveys the de-
bating result to the Task Agent. Additionally, it ex-
tracts filtering rules from the debating result, which
are then sent to the Caption Agent to update its
filtering rules. As shown in Figure 1(c).

Instruction debating. The Debate Agent evalu-
ates whether the generated instructions align with
the characteristics of the infrared images based on
relevant prompts and its own knowledge. If the
generated instructions meet the characteristics, the
Debate Agent returns "Accepted" as the debating
result. Otherwise, the Debate Agent outputs the
reasons for non-compliance as the debating result.
The debating result is then sent to the Task Agent
to regenerate the instructions.

Mining filtering rules. If the debating result
is not "Accepted," the Debate Agent will extract
filtering rules from the debating result. For exam-
ple, if the debating result is "Material information
is not visible in the infrared image" the extracted
filtering rule would be "Delete all material-related
words". This rule is then sent to the Caption Agent
to update its filtering rules.

3.4 Working process

Initialization and external environment setup.
First, we establish the basic filtering rules for the
Caption Agent and define the prompt for the GPT-
3.5 within each Agent. At each execution, the
external environment feeds a COCO image and
its corresponding multiple captions and bounding
box annotations. The next execution starts after
receiving the output from the Task Agent.

Agent Operation and Interaction. During each
execution, the Caption Agent first translates the
input visible image into an infrared image and se-
quentially filter the multiple captions paired with
the visible image. Then the Task Agent generates
instruction based on the filtered captions and the
bounding boxes. The Debate Agent evaluates the
instructions generated by the Task Agent and ex-
tracts filtered rules to the Caption Agent. Finally,
the Task Agent outputs the result, while the Cap-
tion Agent updates its filtering rules. The entire
interaction process is illustrated in Figure 1.

4 Infrared Template Benchmark

Existing research lacks a benchmark for question-
answering tasks specifically for infrared images. To
further evaluate the MLLM’s ability to understand
and respond to infrared images and commands,
we build an infrared benchmark based on existing
infrared dataset, as shown in Figure 2.

4.1 Data Collection

Collect real infrared datasets. We collect a to-
tal of 62 datasets including LLVIP and FLIR from
existing research works. More analyses of the col-
lected data is shown in Appendix A. We design an
evaluation function for infrared dataset based on
imaging quality and diversity, as shown in Equa-
tion (1).

Dscore =0.4- Qscm"e + 0.6 - Nscm"e (1)

Where Qscore is the average score of the IQA
model Q-Alion (Wu et al., 2023) on one hundred
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Template Instruction
©Q: How many people are in the picture?
A: Two people.

Figure 2: Template-Based Construction. The process
includes three steps: filtering the dataset, tasks defining
and combining annotations with templates.

sampled images of each dataset, and Ngcopre iS
the number of object categories annotated in each
dataset. Considering the scores and the richness of
tasks, we retain six datasets, including tasks such
as pedestrian recognition (Jia et al., 2021), object
tracking (Liu et al., 2020), object detection (Sun
et al., 2022), and scene classification (Brown and
Siisstrunk, 2011).

4.2 Task Definition

The tasks in this benchmark are derived from the
common infrared imaging tasks. Therefore, the
tasks in this benchmark cover different levels of
semantic information in infrared images, enabling
a comprehensive assessment of the model’s ability
to perceive and understand infrared images.
Recognition and Scene. The recognition task
and the scene task evaluate the ability of the model

to recognize objects and scenes in infrared images.

In both tasks, the model have to select the option
that best matches the image from four candidates.
Counting. The aerial counting and pedestrian
counting tasks evaluate the model’s ability to count
objects of the same category in different infrared
scenarios. The model have to give the number of
objects of the category in the instruction.
Security. The security task evaluates the model’s
ability to recognize multiple types of objects in
infrared images. The model have to find the object
that do not exist in the image from four candidates.

Locate. The locate task evaluates the model’s
ability to discriminate the relationship between ob-
jects in infrared images. The model have to de-
termine the correctness of the relative position be-
tween two specified objects.

4.3 Construct

Task Source Count Percentage (%)
Locate FLIR 4387 14.48
Aerial count Vedai, Visdrone 3721 16.42
Pedestrian count LLVIP 2388 10.54
Recognition LSOTB 7463 32.94
Scene RGBNIR 477 2.1
Security FLIR 4219 18.62
Total 22655 100.00

Table 1: Task Counts and Percentages. Based on
seven different thermal datasets, we constructed six
tasks—Ilocalization, aerial counting, pedestrian count-
ing, recognition, scene analysis, and security—resulting
in a total of 22,655 question-answer pairs.

Template-based construction. We constructed
the infrared template instruction benchmark based
on real infrared images and their annotations, com-
bined with different templates (Dai et al., 2024), as
shown in Figure 2. With the real annotations, the
accuracy and consistency of the benchmark can be
ensured. We construct a total of 22,655 question-
answer pairs. The number and task composition
of the benchmark are shown in the Table 1. Please
refer to Appendix B for more details.

S Infrared-LLaVA

Given the lack of a MLLM trained on infrared data,
we construct an infrared-specific MLLM, Infrared-
LLaVA-7B, that utilizes infrared data for a two-
stage training process involving alignment and su-
pervised fine-tuning.

5.1 Model Architecture

The Infrared-LLaVA-7B, following the design of
LLaVA 1.5 (Liu et al., 2023), comprises an infrared
encoder, a trainable align layer, and a base lan-
guage model. Specifically, we adopt Language-
Bind Infrared Encoder (Zhu et al., 2023a) as the
infrared encoder, a multi-layer perceptron(MLP)
as the align layer, and the Vicunal.5-7B (Chi-
ang et al., 2023) as the base language model,
as shown in Figure 3. Infrared-LLaVA-7B uses
LanguageBind-Infrared Encoder to extract infrared
features from infrared images, and then aligns them
to the text embedding space through the MLP. Then
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Figure 3: Infrared-LLaVA Framework. The Infrared-LLaVA framework shows the data flow that generates
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Figure 4: Direct Alignment and Indirect Alignment. The left image shows the process of using infrared image-text
pairs to train the alignment layer and achieve direct alignment, while the right image shows the process of using
visible image-text pairs to train the alignment layer and achieve indirect alignment.

the aligned features and text embedding features
are concatenated to generate text using the base
large language model.

5.2 Alignment

Based on the LanguageBind’s shared embedding
space (Zhu et al., 2023a; Zhang et al., 2023), we
train only on visible image-text pairs to achieve
the indirect alignment between infrared images far-
tures embedding space with the LLM’s text embed-
ding space. We refer to this approach as indirect
alignment, distinguishing it from direct alignment
method that utilizes infrared image-text pairs for
alignment. To explore their impact on model abil-
ity, we implemented the two methods.

Direct Alignment. In direct alignment, we uti-
lize the 500k infrared image-text pairs from 3.2
and used the LanguageBind’s Infrared Encoder to
extract infrared image features for training to align
the infrared image feature space with the text em-
bedding space directly, as shown in Figure 4(a).

Indirect Alignment. In indirect alignment, we
utilized 500k visible image-text pairs from Liu

et al. (2024). The LanguaugeBind Image Encoder
is used to extract visible image features for train-
ing to align the visible image feature space with
the text embedding space. Thanks to Language-
Bind’s shared embedding space, the alignment
layer trained by visible image can indirectly align
the infrared image feature space with the text em-
bedding space, as shown in Figure 4(b).

In both alignment processes, the paired texts
are converted into the instruction format to com-
pute the infrared-condition text generation loss. All
modules except the alignment layer are frozen.

5.3 Supervised Fine-tuning

The supervised fine-tuning (SFT) stage aims to
improve the model’s responsiveness to infrared-
related instructions based on alignment. We use
the 12k infrared instruction data obtained in 3.3 as
training data. We freeze the encoder and fine-tune
the alignment layer and LLM, and also minimize
the infrared-condition text generation loss.
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Figure 5: Verification of the effectiveness of infrared instructions in the SFT stage. We compared the perfor-
mance of the three models on the Infrared Template Benchmark before and after SFT with our infrared instruc-
tions.The infrared instruction data is only equivalent to 7.5% of the SFT data of Pandagpt-7B and Pandgpt-13B and

6% of the SFT data of imagebind-LLM-7B instructions.

Model Locate Aerial Count Pedestrian Counting Recognition Scene Safety Avg
(a) Zero Shot
ImagebindLLM-7B 24.37 14.56 32.69 23.06 28.09 22.68 24.24
Pandagpt-7B 37.01 12.37 19.51 17.13 27.88 46.73 26.77
Pandagpt-13B 70.78 14.89 23.57 24.72 22.64 49.24 3431
Infrared-LLaVA-7B 78.10 20.42 68.90 64.71 68.55 38.67 56.57
(b) Fine-tuning
ImagebindLLM-7B-FT  81.69 18.87 50.89 30.32 31.86 77.38 48.50
Pandagpt-7B-FT 80.17 16.19 16.87 39.82 27.88 6697 41.31
Pandagpt-13B-FT 78.17 16.19 25 43.97 2473  88.01 46.01
Infrared-LLaVA-7B-FT  82.59 35.63 85.50 95.85 81.76 94.54 78.98

Table 2: Comparison with other models. We present the scores and average scores of Infrared-LLaVA and the
other three models on each task, including zero-shot testing and fine-tuning testing. The best results for each task

are highlighted in bold.

6 Experiments

6.1 Benchmark and Evaluation Metrics

We use the Infrared Template Benchmark con-
structed in Section 4 to evaluate the understand-
ing ability of infrared images. The data from this
benchmark is split into train and test subsets in 2:1.
In the main experiments, we use the accuracy of
each task, such as "Locate Acc," as the evaluation
metric. In the ablation experiments, we use the
average accuracy of each task "ITB Avg" as the
evaluation metric.

6.2 Dataset Verification

We further fine-tune the existing multi-modal large
model that can encode infrared images using the
12k infrared instruction in the Infrared Instruc-
tion Dataset to verify the effectiveness of the gen-
erated infrared instructions. The models we se-
lected include imagebind-LLM-7B, Pandagpt-7B,
and Pandagpt-13B. As shown in Figure 5, the per-

formance of the models fine-tuned with the Infrared
Instruction Dataset is improved compared to the
original models, indicating that the generated data
can effectively enhance the model’s understanding
ability for the infrared images and instructions.

6.3 Comparison with Other Model

Based on the validity of the verification data, we
compared our proposed Infrared-LLaVA-7B with
other models. It should be noted that Infrared-
LLaVA-7B in Section 6 is aligned by the direct
alignment method.

Zero-shot reasoning. The selected comparison
models are trained using visible image-text pairs
and visible image instructions. Similarly, Infrared-
LLaVA-7B, which is trained only generated in-
frared data, does not use any infrared template
instruction data during training. Therefore, the
six template instruction tasks tested are unseen to
these models. As shown in Table 2(a), our Infrared-
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Align

Method SFT data ITB Avg
direct visual image instruction ~ 47.11

indirect visual image instruction ~ 52.57

indirect infrared instruction 55.23
direct infrared instruction  56.57

Table 3: Ablation on the alignment method. In the
alignment stage, the direct alignment and indirect align-
ment methods are used. In the SFT stage, 12k infrared
instructions and 12k visual image instructions are used.

Align SFT structure ITB
Method = oin MLP? TrainLLM? A8
direct v X 4428
direct X Ve 54.54
direct v v 56.57

Table 4: Ablation on the SFT structure. Results of dif-
ferent SFT structures on Infrared Template Benchmark
based on direct alignment and infrared instructions.

LLaVA-7B achieves the best performance on five
tasks in Infrared Template Benchmark during zero-
shot reasoning, especially in pedestrian counting,
recognition, and scene recognition, which are 45,
40, and 46 percentage points higher than Pandagpt-
13B. This shows that our generated infrared data
helps to enhance the model’s ability to respond to
unseen thermal question answering tasks.

Fine-tuning on the benchmark. The above
models are further fine-tuned using the training
set of Infrared Template Benchmark. As shown
in Table 2(b), the fine-tuned Infrared-LLaVA-7B
achieves the best performance in all tasks. This
further demonstrates that our generated data helps
the model understand infrared images and respond
to related task instructions.

6.4 Ablations

Indirect alignment and direct alignment. As
shown in Table 3,the results on Infrared Template
Benchmark after SFT with infrared instructions
based on direct and indirect alignment differ by
only 1.3. This proves that the modality alignment
achieved on the direct alignment and indirect align-
ment is comparable. Meanwhile, with the same
alignment method, using visible image instructions
leads to decreases of 2.7 and 9.4 compared to using
infrared instructions in the SFT stage. This may in-

Align Method Align Structure ITB Avg
direct Qformer 44.28
direct Linear 55.20
direct MLP 56.57

Table 5: Ablation on the align structure. In addition
to the MLP used in this paper, the same linear structure
as MiniGPT-4 (Zhu et al., 2023b) and the same qformer
structure as BLIP2 (Li et al., 2023a) are used to perform
the same alignment and SFT process.

dicate using infrared instructions in the STF stage
can reduce the model’s biased understanding of
infrared images compared to using visible images
instructions.

The impact of SFT structure. As shown in Ta-
ble 4, training the alignment layer and LLM at the
same time has an improvement of 12.29 and 2.03
compared with only training the alignment layer or
only training the LLM. This suggests that updating
the parameters of the alignment layer and LLM in
the SFT stage is more effective in enhancing the
large model’s ability to understand and respond to
infrared images and instructions.

Type of align layers. As shown in Table 5, with
the same data composition and SFT settings, using
a MLP as the align layer surpasses using a qformer
with 12.3 and using a linear layer with 1.3. This
demonstrates that the alignment layer being too
simple or too complex reduce the modality align-
ment effect. Using a MLP may be a better choice
for modality alignment.

7 Conclusion

In this paper, we propose an debating multi-agent
data generation system, which includes a Caption
Agent that generates infrared images and captions,
a Task Agent that generates instructions, and a De-
bate Agent that evaluates the instructions. Using
this system, we transfer the visible image dataset
COCO to get 118k infrared images and 500k in-
frared image-text pairs, as well as 12k infrared
instruction. We validate the effectiveness of this
dataset through incremental fine-tuning on other
MLLMs. We further construct the Infrared-LLaVA-
7B, which is fully aligned and fine-tuned based
on infrared data, demonstrating the importance of
infrared instruction data. We explore the impact
of alignment methods, SFT structures, and align-
ment layer types on the model’s infrared question-
answering performance using Infrared-LLaVA-7B.
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Limitations

Noise and hallucination. Although the instruc-
tions generated by the multi-agent system perform
well during actual training, there are still some
issues with noise and hallucinations. Since GPT-
3.5 is a large language model trained on general-
purpose corpora, the training data might lack spe-
cialized knowledge texts related to infrared images,
potentially leading to some noise and inaccuracies
when generating or interpreting instructions. And
part of the hallucinations comes from the inherent
hallucinations of GPT-3.5 itself, while another part
arises from the fact that GPT-3.5 has not actually
seen infrared images. Therefore, in future work, it
is worthwhile to explore ways to reduce noise in
the generation process by further fine-tuning the
model with relevant texts from the infrared domain,
as well as researching how to minimize hallucina-
tions with a multi-modality large language model
which can understand infrared image.

Incomplete test benchmarks. The benchmark
we constructed based on common infrared datasets
still has room for improvement. Our benchmark
is limited to 6 common tasks, with poor diversity
in instructions. The types of tasks and numbers
of instructions need to be further expanded. Ad-
ditionally, this benchmark only considers infrared
tasks in general scenarios and does not account
for application scenarios in fields like industry and
medicine. Tasks such as temperature measurement
and component damage detection need to be in-
cluded to evaluate the model’s understanding of
infrared images in specialized scenarios.

Further validation of alignment. We only ex-
plored the comparison between indirect alignment
using visual images and direct alignment using in-
frared images. Further validation of the indirect
alignment effect based on a unified embedding fea-
ture space is needed across more modalities, in-
cluding X-ray images, depth images, and etc.
Effectiveness of each agent. We only verified the
effectiveness of data generated by the whole system.
The further ablation study is needed to assess the
necessity of each agent in the constructed debating
multi-agent system.
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A Analysis of existing thermal data

Based on existing research, we collected 62
datasets including LLVIP and FLIR and conducted
some analysis. As shown in Figure 6, the tasks
of the collected datasets include target tracking,
pedestrian detection, target classification, etc. The
annotated object categories range from 1 to 47, and
the shooting scenes include indoor, outdoor, aerial
and sea. At the same time, due to the differences
in acquisition equipment and imaging forms, the
collected infrared images can be divided into three
categories: grayscale images, pseudo-color images
and grayscale unbalanced images. According to
the data type, it can be divided into four categories:
sequence, single image, video, and synthetic image.
It can be seen that infrared data has the characteris-
tics of a single modality and fewer tasks.

B Dataset Examples

We show examples of the Infrared Template Bench-
mark and Infrared Instruction Dataset, as shown in
Figure 7 and Figure 8. It is evident that the Infrared
Template Benchmark covers multiple common in-
frared scenarios and various types of objects, but
the diversity of the instructions is relatively low.
On the other hand, the instruction data quality in
the Infrared Instruction Dataset is relatively high,
though it still contains some hallucinations, such
as the Q&A about protective gear in the "Multi
Conversations Example".

C Prompts

We show prompts for the GPT-3.5 in the multi-
agent system: the prompt used to filter the caption
in Figure 9; the prompt used to generate three types’
instructions in Figure 10, Figure 11 and Figure 12;
the prompt used to judge instructions in Figure 13.

D Training Details

In the alignment stage, we train our models for
1 epoch with a learning rate of le-3 and a batch
size of 128 with 500k generated infrared image-
text pairs. In the SFT stage, we train our models
for 3 epochs with a learning rate of 2e-5 and a
batch size of 64. And in both stages, we use the
Adam optimizer with no weight decay and a cosine
learning rate with a warmup radio of 3%. To save
GPU memory, the Full Shared Data Parallel(FSDP)
and gradient checkpointing is used.

We train all models with 4xA800s. Alignment
training on 500k generated infrared image-text

pairs within 3.5 hours. STF on 12k generated in-
frared instructions with 1.5 hours.

E Potential Risks

Except the hallucination and limited evaluation dis-
cussed in limitations, we discuss other potential
risks in the following.

Biases. Bias can be transferred from the vision
encoder (LanguageBind Infrared Encoder) and the
language decoder (Vicuna/GPT-3.5). This may lead
to biased outcomes or unfair representations of
diverse content in the generated infrared data and
the outcome of Infrared-LLaVA-7B.

Energy consumption. Though energy consump-
tion is not a primary concern for our work due to
the smaller training data and model size than other
researches, it may become a concern when scal-
ing up the training dataset or increasing the model
size.
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Figure 6: Analysis of existing infrared image data. The four pie charts show the scene distribution, task
distribution, imaging type, and data type of existing infrared datasets.
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Aerial Counting Example

| ‘“Il||}'

Calculate the number of cars in the picture.

Short answer. 1

Image Question Answer

Scene Example

Identify the type of scene shown in the image.
Options:(A) field (B) old building
(C) mountain (D) country
Only give the best option.

Question Answer

Security Example

Identify the object that is absent in the picture.
Options:(A) bus (B) sign
(C) motor (D) person
Only give the best option.

Image Question Answer

Recognition Example

What is the object in the picture?
Options: (A) duck (B) hyenas
(C) helicopter (D) fox
Only give the best option.

Image Question Answer

Locate Example

Is there a car on the right side of the first
person from left to right? yes
Answer yes or no.

(C) mountain

(A) bus

(C) helicopter

Image Question Answer

Pedestrian Counting Example

Do you see how many people are in the photo?
Short answer.

Image Question Answer

Figure 7: Template instruction task category examples. Image input, instruction input, and expected answers for
six tasks.
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Multi Conversations Example

Human :
What is the main object in the image?
GPT:

The main object in the image is a motorcycle,
with a person riding it.
Human :
What is the person on the motorcycle doing?
GPT:

The person on the motorcycle is performing
a wheelie.

Human :
Is the person wearing any protective gear?

GPT:

Based on what | can see in the image, it is not
possible to definitively determine whether the

L person is wearing any protective gear. )

Detailed Description Example

Human :
Write an exhaustive depiction of the given image.

GPT:

The image shows a group of people gathered
around two motorcyclists in uniform. The
motorcyclists are driving between the group
of people, with one motorcycle on the left
side of the scene and the other on the right.
Overall, it appears to be a police escort or
motorcade, with the motorcyclists leading the
way and the group of people following
behind.

Complex Reasoning Example

Human :
What is the significance of the clock tower?

GPT :

The clock tower is significant because it
serves as a landmark in the town square. It is
likely that the clock tower is a historical
monument that has been standing for a long
time, and it is a symbol of the town's heritage.

Figure 8: Infrared instruction dataset examples. Synthetic infrared instruction examples for three tasks.
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Caption Agent Prompt

You are an Al visual assistant capable of analyzing a single infrared image caption. You will receive
several sentences describing the same infrared image, along with specific infrared feature filtering
rules. Your task is to filter out words from the given caption that do not belong to the infrared feature
and ensure that the final outputis fluent and natural. Do not directly mention the filtering rules.
Instead, use natural language to describe the filtered content. The final description should be
complete, coherent, and accurately reflect the scene in the infrared image.
User:

Caption:

{caption}

Rules:

{rules}
Assitant:

User:
Caption:
A big white steel plane flies in the blue sky.
Rules:
Delete all color related words.
Delete all transparency related words.
Delete all texture related words.
Delete all transparency related words.
Delete all brightness related words.
Assistant:
Filter Caption:
A big steel plane flies in the sky.

Figure 9: The Caption Agent prompt demonstration.
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Task Agent Prompt ( Multi Conversation )

You are an Al visual assistant, and you are seeing a single infrared image.In addition, specific object
locationswithin the infrared image are given, along with detailed coordinates. These coordinatesare
in the form of bounding boxes, represented as (x1, y1, x2, y2) with floating numbers ranging from 0
to 1. These values correspond to the top left x, top left y, bottomright x, and bottom right y. What
you see are provided with several sentences and these coordinates, describing the same infrared
image you are looking at. Answer all questions as you are seeing the infrared image.
Design a conversation between you and a person asking about this photo. The answers should be in a
tone that a visual Al assistant is seeing the infrared image and answering the question.
Ask diverse questionsand give correspondinganswers.
Include questions asking about the visual content of the infrared image, including the object types,
counting the objects, object actions, object locations, relative positions between objects, etc. Only
include questions that have definite answers:
(1) one can see the contentin the infrared image that the question asks about and can answer
confidently;
(2) one can determine confidently from the infrared image that it is not in the infrared image.
Do not ask any question that cannot be answered confidently.
Also include complex questions that are relevant to the content in the infrared image, for example,
asking about background knowledge of the objects in the infrared image, asking to discuss about
events happening in the infrared image, etc. Again, do not ask about uncertain details.
Provide detailed answers when answering complex questions. For example, give detailed examples
or reasoning steps to make the content more convincing and well-organized. You can include
multiple paragraphs if necessary.
User:

Captions:

{captions}

Boxes:

{bboxes}

Specific Requirements:

{requirements}
Assitant:

User:

Captions:

There is a movie theater that displays the show times.

Afire hydrant is deep in the snow.

The fire hydrant is in the snow near a sidewalk.

A hotel for dogs in the snow in winter.

Boxes:

fire hydrant: [0.326, 0.612, 0.426, 0.72]

Specific Requirement:

Material information is not visible in the IR image.
Assistant:

Question:What is the main object in the image?

Answer:The main object is a fire hydrant in the image.

Question:ls the fire hydrant fully visible or partially visible?
Answer:The fire hydrant is partially visible, with a significant portion of it covered by something.

Question:What is the condition of the sidewalk near the fire hydrant?
Answer:The sidewalk near the fire hydrant has recently been plowed, so it looks clearer here
compared to the surrounding area.

\ — v

Figure 10: The Task Agent generates the multi-conversations task prompt demonstration.
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Task Agent Prompt ( Complex Reasoning )

You are an Al visual assistant that can analyze a single infrared image. You receive several sentences,
each describing the same infrared image you are observing. In addition, specific object locations
within the infrared image are given, along with detailed coordinates. These coordinatesare in the
form of bounding boxes, represented as (x1, y1, X2, y2) with floating numbers ranging from 0 to 1.
These values correspond to the top left x, top left y, bottomright x, and bottomright y.
The task is to use the provided caption and bounding box information, create a plausible question
about the infrared image, and provide the answer in detail.
Create complex questions beyond describing the scene.
To answer such questions, one should require first understanding the visual content, then based on
the background knowledge or reasoning, either explain why the things are happening that way, or
provide guides and help to user's request. Make the question challenging by not including the visual
content details in the question so that the user needs to reason about that first.
Instead of directly mentioning the bounding box coordinates, utilize this data to explain the scene
using natural language. Include details like object counts, position of the objects, relative position
between the objects.
When using the information from the caption and coordinates, directly explain the scene, and do not
mention that the information source is the caption or the boundingbox. Always answer as if you are
directly looking at the image.
User:

Captions:

{captions}

Boxes:

{bboxes}

Specific Requirements:

{requirements}
Assitant:

User:

Captions:

A man in a shirt wearing very many ties.

a man with ties on poses for a picture

A man wearing multiple ties on his neck.

A man smiles while wearing several ties.

Boxes:

tie: [0.574, 0.298, 0.752, 0.704]

tie: [0.464, 0.339, 0.639, 0.789]

person: [0.019, 0.065, 0.962, 0.988]

tie: [0.44, 0.318, 0.63, 0.397]

tie: [0.566, 0.33, 0.655, 0.543]

tie: [0.25, 0.409, 0.359, 0.556]

Specific Requirement:

Material information is not visible in the IR image.
Assistant:

Question:

What is unusual about this photo?

Answer:

In the infrared photo, the man is wearing so many ten ties around his neck. This is considered
unusual because it is not common for someone to wear multiple ties at once. In a typical setting, a person

L would wear only one tie.

Figure 11: The Task Agent generates the complex reasoning task prompt demonstration.
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Task Agent Prompt ( Detailed Description )

You are an Al visual assistant that can analyze a single infrared image. You receive several sentences,
each describing the same infrared image you are observing. In addition, specific object locations
within the infrared image are given, along with detailed coordinates. These coordinatesare in the
form of bounding boxes, represented as (x1, y1, x2, y2) with floating numbers ranging from 0 to 1.
These values correspond to the top left x, top left y, bottomright x, and bottomright y.
Using the provided caption and bounding box information, describe the scene in a detailed manner.
Instead of directly mentioning the bounding box coordinates, utilize this data to explain the scene
using natural language. Include details like object counts, position of the objects, relative position
between the objects.
When using the information from the caption and coordinates, directly explain the scene, and do not
mention that the information source is the caption or the bounding box. Always answer as if you are
directly looking at the infrared image.
User:

Captions:

{captions}

Boxes:

{bboxes}

Specific Requirements:

{requirements}
Assitant:

User:

Captions:

A harbor filled with lots of boats next to a building.

A bicycle parked in front of several boats at a dock.

Abicycle in front of a line of docked white yachts

A bike sits before boats which sit before a long building.

Boxes:

bicycle: [0.287, 0.641, 0.507, 0.874]

bicycle: [0.566, 0.667, 0.63, 0.731]

boat: [0.541, 0.611, 0.668, 0.731]

person: [0.778, 0.527, 0.797, 0.57]

cup: [0.708, 0.733, 0.724, 0.758]

boat: [0.957, 0.526, 1.0, 0.752]

Specific Requirement:

Material information is not visible in the IR image.

Assistant:

It is a harbor filled with numerous boats of various sizes docked next to a long building. Among the
boats, there are a few yachts lined up, standing out from the rest. There is a bicycle prominently parked in
front of the line of docked boats, serving as a convenient means of land transportation for those living on
the boats. Another bicycle can be seen further back in the scene, near the middle of the harbor.

A person is visible near the right side of the harbor, possibly enjoying the view or attending to their

L boat. Additionally, there is a cup placed on a surface near the middle of the scene. )

Figure 12: The Task Agent generates the detailed description task prompt demonstration.
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Debate Agent Prompt

You are an Al visual assistant responsible for evaluating the instruction data related to infrared
images. You will receive an instruction data that is related to an infrared image. Your task is to
determine if there are any issues with this instruction data. If you find any problems, clearly point
them out. If there are no issues, simply respond with "ACCEPT". Always ensure your assessment is
accurate and thorough, addressing any potential ambiguities or inconsistencies in the instruction data.
Do not mention that your source of information is the instruction data itself. Always respond as if
you are directly analyzing the task requirements.
User:

Instruction Data:

{instruction}
Assitant:

Examples of rejection

User:
Instruction Data:
Question:
What material is the plane made of ?
Answer:
The plane is made of steel.
Assistant:
Material information is not visible in the infrared image.

Examples of acceptance

User:
Instruction Data:
Question:
Where is this plane flying?
Answer:
It's flying in the sky.
Assistant:
ACCEPT

Figure 13: The Debate Agent prompt demonstration.

8591



