IF-Bench: Benchmarking and Enhancing MLLMs for Infrared Images
with Generative Visual Prompting
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Abstract

Recent advances in multimodal large language models
(MLLMs) have led to impressive progress across various
benchmarks. However, their capability in understanding
infrared images remains unexplored. To address this gap,
we introduce IF-Bench, the first high-quality benchmark
designed for evaluating multimodal understanding of in-
frared images. IF-Bench consists of 499 images sourced
from 23 infrared datasets and 680 carefully curated vi-
sual question-answer pairs, covering 10 essential dimen-
sions of image understanding. Based on this benchmark,
we systematically evaluate over 40 open-source and closed-
source MLLMs, employing cyclic evaluation, bilingual as-
sessment, and hybrid judgment strategies to enhance the
reliability of the results. Our analysis reveals how model
scale, architecture, and inference paradigms affect infrared
image comprehension, providing valuable insights for this
area. Furthermore, we propose a training-free genera-
tive visual prompting (GenViP) method, which leverages
advanced image editing models to translate infrared im-
ages into semantically and spatially aligned RGB counter-
parts, thereby mitigating domain distribution shifts. Exten-
sive experiments demonstrate that our method consistently
vields significant performance improvements across a wide
range of MLLMs. The benchmark and code are available at
https://github.com/casiatao/IF-Bench.

1. Introduction

Recently, multimodal large language models (MLLMs)
such as GPT-40 [18], Gemini-2.5-Flash [10], and Qwen3-
VL [29] have achieved remarkable progress in image anal-
ysis and understanding, consistently setting new records on
various benchmarks [16, 33]. However, since these models
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Figure 1. Distribution of questions across dimensions in IF-Bench.

are primarily trained on natural images, existing evaluations
mainly focus on natural scenes, leaving their understand-
ing ability on out-of-domain data, such as infrared images,
largely unexplored. Infrared imaging offers superior visibil-
ity under low illumination and adverse weather conditions,
making it widely used in applications such as surveillance
[12, 24] and aerial monitoring [23]. This naturally raises a
critical question: How well can current MLLMs understand
infrared images? Previous studies [9, 13] have undertaken
preliminary explorations in this direction, but the narrow
task coverage, absence of human calibration, and limited
model choices leave the actual infrared understanding ca-
pability of mainstream MLLMs still unclear.

To address this gap, we propose IF-Bench, a high-
quality and systematic benchmark for evaluating multi-
modal understanding of infrared images. As illustrated
in Fig. 1, we first decompose infrared image understand-
ing into three major tasks: coarse-grained perception, fine-
grained perception, and image reasoning, which are further
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Figure 2. The performance of GenViP on IF-Bench.

divided into 10 dimensions to comprehensively cover di-
verse application scenarios. Subsequently, 1,166 infrared
images were selected from 23 datasets, and 4,628 visual
question—answer (VQA) pairs were constructed through a
hybrid process of manual annotation and automatic gener-
ation. After a rigorous two-stage human filtering and cal-
ibration process, we obtain the final benchmark consisting
of 499 infrared images and 680 high-quality VQA pairs.

Based on IF-Bench, we comprehensively evaluate over
40 open-source and closed-source MLLMs with differ-
ent architectures, scales, and reasoning paradigms, includ-
ing Qwen2.5-VL [5], Qwen3-VL [29], InternVL3.5 [27],
Gemini-2.5-Pro [10], and Doubao-Seed-Vision [7]. To en-
sure fair and robust evaluation, we design multiple strate-
gies, including the unified evaluation prompt, circular eval-
uations, bilingual (English and Chinese) assessments, and
hybrid correctness judgments. Experimental results exhibit
several key findings: (1) increasing model scale consistently
improves infrared understanding performance; (2) Mixture-
of-Experts (MoE) architectures achieve a better trade-off
between accuracy and inference efficiency; (3) The think-
ing mode enhances performance on thermal feature under-
standing and reasoning dimensions, but reduces accuracy in
fine-grained perception tasks; and (4) Open-source models
exhibit comparable performance to closed-source models.
Overall, existing MLLMs still struggle with comprehend-
ing fine details in infrared images. The primary reasons lie
partly in the inherent representation limitations of the mod-
els themselves and partly in the distribution shift of the input
domain: since most MLLMs are primarily trained on RGB
images, feeding infrared inputs often introduces substantial
domain mismatch, which may lead to performance degra-
dation. Direct adaptation through supervised fine-tuning is
challenging due to the scarcity of high-quality infrared—text
data and the need for model-specific adjustments.

To overcome these challenges, we propose a training-
free Generative Visual Prompting (GenViP) method. Gen-
ViP leverages an image editing model to convert infrared
images into semantically and spatially aligned RGB coun-
terparts, which are then jointly fed with the original infrared

inputs. This design preserves infrared-specific information
while effectively reducing domain gaps. The method re-
quires no paired infrared—text data or model fine-tuning,
making it applicable to arbitrary MLLMs. Experimental
results indicate that using existing editing models can ef-
fectively enable GenViP to enhance infrared image under-
standing. However, open-source models such as Qwen-

Edit-2509 [28] still underperform closed-source ones like

Seedream 4.0 [21] and Gemini-2.5-Flash [10]. To further

boost GenViP’s performance and practical utility with open-

source editing models, we fine-tune Qwen-Edit-2509 [28]

on 50,000 RGB-T image pairs curated from over 300,000

candidates, allowing it to surpass the aforementioned state-

of-the-art (SOTA) closed-source editing models. Exten-
sive results demonstrate that GenViP consistently improves
infrared image understanding performance across diverse
models, achieving up to 7% relative performance gain
on IF-Bench and even outperforming closed-source under-
standing models like Doubao-Seed-Vision-1.6-250815 [7]
and Gemini-2.5-Pro [10], as shown in Fig. 2.
The main contributions of this work are as follows:

* A high-quality benchmark, IF-Bench, for infrared image
understanding is constructed, which fills a critical gap in
this field and will be publicly released.

* A comprehensive and reliable evaluation covering over 40
models, along with in-depth analyses, is presented, pro-
viding a solid foundation for future research.

* A training-free Generative Visual Prompting (GenViP)
method is proposed to effectively enhance the infrared un-
derstanding capability of various multimodal models.

2. Related Work

MLLM. The rapid growth of large language models
(LLMs) has driven the development of MLLMs. Early
works like Flamingo [2] and LLaVA [15] integrate pre-
trained visual encoders with frozen language models for
cross-modal alignment. Recent advances further improve
visual reasoning and complex semantic understanding.
Qwen2.5-VL [5] introduces dynamic resolution process-
ing for multi-scale adaptation. LLaVA-OneVision-1.5 [3]
provides an open framework and a large-scale pre-training
dataset, achieving competitive performance across diverse
tasks. InternVL3.5 [27] leverages cascade reinforcement
learning to strengthen visual comprehension and reasoning.
Qwen3-VL [29] employs the thinking mode and MoE de-
sign to enhance understanding and reasoning in complex
tasks. In parallel, closed-source models such as GPT [18],
Gemini [10], and Doubao [6] also advance rapidly, demon-
strating strong capabilities in diverse multimodal scenarios.
Nevertheless, existing MLLMs still remain limited in in-
frared image understanding. Previous works like Infrared-
LLaVA [13] and IRGPT [9] attempt modality-specific adap-
tation via fine-tuning, but face challenges including scarce



Table 1. Dimensions and corresponding examples of IF-Bench. Examples with images are listed in Appendix A.

Task Category Dimension Examples
Scene What type of environment does this image depict?
Understanding (A) Rural road. (B) Urban highway. (C) Suburban neighborhood. (D) Industrial area.
Coarse-grained Image What is the most likely theme of this infrared image?
Perception Theme (A) Traffic surveillance. (B) Wildlife monitoring. (C) Security surveillance. (D) Agricultural monitoring.
Viewpoint Compared to people in the elevator, from which viewpoint was this image captured?
of Capture (A) Top-down. (B) Frontal. (C) Side-view. (D) Bottom-up.
What are the coordinates of the person closest to the straight pole in the image?
Ta?get. (Format: (Target Center X, Target Center Y, Target Width, Target Height))
Localization (A) (0.4,0.8,0.1,0.3). (B)(0.54,0.9,0.06,0.2). (C)(0.6,0.7,0.05, 0.15). (D) (0.5, 0.95, 0.08, 0.25).
Spatial What is the spatial relationship between the two cars in the image?
Relationship (A) The car on the right is behind the car on the left. (B) The cars are side by side.
Fine-grained Understanding (C) The car on the right is in front of the car on the left. (D) The cars are not visible.
Perception . . How many people are visible in the image?
Object Counting (A) Between 20 and 30. (B) Between 10 and 20. (C) Less than 10. (D) More than 30.
Thermal Feature | Which area in the image appears to have the highest thermal activity?
Understanding (A) The crowd of people. (B) The trees on the right. (C) The ground in the foreground. (D) The sky above.
Action What action is the animal in the image performing?
Recognition (A) Running. (B) Walking. (C) Jumping. (D) Standing still.
What could be the reason for the uniform heat signatures among the individuals?
Thermal Feature . . . L. .
Reasonin (A) They are all performing d.1fferent a%ctlons. (B) They are st%and{ng ina cold egv1r0nmegt.
lmagf: & (C) The ambient temperature is very high. (D) They are wearing identical clothing materials.
Reasoning Commonsense Based on the image, what is the most likely purpose of the barrier in the foreground?
Reasoning (A) To guide traffic flow. (B) To block unauthorized access.
(C) To provide shade. (D) To serve as a decorative element.

image-text data, complex adaptation pipelines, and difficul-
ties in keeping pace with rapidly evolving MLLMs. In con-
trast, our GenViP requires no training or image-text data
and can be directly applied to any MLLM, offering superior
convenience and generalization.

Multimodal Understanding Benchmark. Systematic
benchmarks are essential for quantifying and comparing
model performance. MM-Vet [32] and MM-Bench [16]
cover a wide range of tasks, including visual understand-
ing and spatial reasoning. MMMU [33] focuses on domain-
specific knowledge and high-level reasoning, challenging
models to perform tasks akin to those faced by human ex-
perts. MVBench [14] transforms static tasks into dynamic
ones to evaluate models’ temporal perception and cogni-
tive abilities. MMSI-Bench [31] examines spatial reason-
ing, scene reconstruction, and spatial transformation capa-
bilities using over 120,000 multi-view images. CAPTURe
[20] assesses the ability to handle occlusion by requiring
reasoning about the spatial relationships of partially hid-
den objects. For infrared image understanding, some works
[9, 13] construct evaluation sets automatically from exist-
ing annotated datasets. However, their benchmarks suffer
from limited task coverage, a lack of manual verification,
and a narrow set of evaluated models, making them insuf-
ficient for assessing the infrared understanding abilities of
current MLLMs. On the contrary, our proposed IF-Bench
is a high-quality benchmark designed with diverse tasks and
carefully curated questions. It has been systematically eval-
uated on more than 40 mainstream MLLMs, providing a
robust foundation for future research.

3. IF-Bench

In this section, we first define the tasks involved in infrared
image understanding, then present a detailed description of
the construction pipeline of IF-Bench, and finally outline its
evaluation protocol, as depicted in Fig. 3.

3.1. Task Definition

To construct a comprehensive evaluation benchmark for in-
frared image understanding, we first identify three funda-
mental tasks: coarse-grained perception, fine-grained per-
ception, and image reasoning. Based on this categorization,
we further decompose them into ten dimensions. Detailed
definitions of these dimensions are provided below, with
corresponding examples shown in Tab. 1.

Coarse-grained Perception. (1) Scene Understanding:
Identify the general environment or scene depicted in the
image, such as indoor, outdoor, forest, or highway. (2) Im-
age Theme: Determine the primary content or application
context of the image, such as aided driving, wildlife mon-
itoring, or security surveillance. (3) Viewpoint of Capture:
Identify the viewpoint from which the image was captured,
such as top-down, frontal, or side-view.

Fine-grained Perception. (1) Target Localization: Iden-
tify the spatial location of a target within the image, includ-
ing precise localization using a bounding box and rough lo-
cation, such as upper-left or center. (2) Spatial Relation-
ship Understanding: Recognize the spatial relationship be-
tween multiple objects in the image, such as front/back or
left/right. (3) Object Counting: Count the number of objects
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Figure 3. Construction pipeline and evaluation protocol of IF-Bench.

present in the image. (4) Thermal Feature Understanding:
Assess thermal variations across image regions, such as de-
tecting heat sources or thermal leaks. (5) Action Recogni-
tion: Determine whether a target is active and identify its
action based on infrared contours.

Image Reasoning. (1) Thermal Feature Reasoning: In-
fer potential causes of temperature changes using observed
thermal patterns. (2) Commonsense Reasoning: Deduce the
function or intended use of objects based on image content
and infer actions that the objects are likely to perform.

3.2. Construction Pipeline

Image Collection. We collect infrared images from Inf-
Pre [34], a large-scale pre-training dataset that integrates
23 infrared datasets. Specifically, we randomly sample 100
images from each dataset, yielding an initial pool of 2,300
images. To ensure high visual fidelity, images with either
width or height below 200 pixels are first excluded, fol-
lowed by a manual quality assessment to further refine the
image pool. Through this two-stage filtering process, we
obtain a collection of 1,166 high-quality infrared images.

VQA Generation. To facilitate the accurate assessment,
we adopt the form of visual question answering with well-
defined, deterministic answers. We employ a two-stage pro-
cedure to construct the initial set of VQA pairs. (1) Manual
Annotation: To provide ground-truth bounding boxes for
the target localization dimension, we randomly sample 100
images from the image collection. For each image, objects
are selected and annotated with a concise textual description
and a precise bounding box, while target-free images are

excluded. This results in a final set of 61 annotated images.
(2) Automatic Generation: Building upon the curated im-
age set, we establish an automated question-answer gener-
ation pipeline. Given annotated images with their bound-
ing box and textual description, as well as unannotated im-
ages, Qwen2.5-VL-72B [5] is prompted to generate at most
four single-choice questions per image, each accompanied
by four options and the ground-truth answer. The specific
system prompt is illustrated in Appendix B. Following this
pipeline, we obtain 4,628 VQA pairs.

Human Calibration. Considering the potential halluci-
nations introduced in automatic generation, we apply a
coarse-to-fine, two-stage manual calibration process. The
calibration follows several key criteria: (1) Plausibility
Assessment: Remove ill-formed or logically inconsistent
questions. (2) Ambiguity Resolution: Revise ambiguously
phrased questions. For instance, clarifying the observer’s
viewpoint in the spatial relationship understanding dimen-
sion. (3) Answerability Evaluation: Exclude questions for
whose answers cannot be reliably inferred from the im-
age content. (4) Answer Verification: Correct inaccurate
or mismatched answers. (5) Difficulty Adjustment: Filter
out highly repetitive or overly simplistic questions to en-
sure balanced difficulty. (6) Data Augmentation: Introduce
additional high-quality VQA pairs grounded in images. The
two stages both adhere to the above criteria, while the fine-
grained filtering stage is performed by domain experts in in-
frared imaging, who apply more rigorous quality standards.

Through the above three steps, we obtain the final IF-
Bench, which comprises 499 infrared images and 680 VQA



pairs. Each question is provided in both Chinese and En-
glish. The question distribution is shown in Fig. 1. The fi-
nal image set still maintains a relatively uniform distribution
across the 23 infrared datasets, as analyzed in Appendix A.
The order of options is randomly shuffled so that the correct
answers are evenly distributed among options A-D.

3.3. Evaluation Protocol

To ensure the reliability and robustness of evaluation re-
sults, we design several evaluation strategies for IF-Bench,
as depicted in Fig. 3. (1) Unified Prompt: All models are
evaluated under an identical system prompt and instructed
to output only the correct answer for each question. The
specific prompt is provided in Appendix B. (2) Circular
Evaluation: To mitigate positional bias, we follow the
practice in MM-Bench [16]. Specifically, for each ques-
tion, the four options and the correct answer are cyclically
permuted. Each model is evaluated on all permutations,
with the final score averaged across them. (3) Bilingual As-
sessment: Each question is presented in both Chinese and
English, with the final score averaged across the two lan-
guages. Combined with circular evaluation, each question
is evaluated eight times, substantially reducing randomness
and improving reliability. (4) Hybrid Correctness Judg-
ment: A hybrid strategy combining exact answer matching
and LLM-based parsing is employed to balance accuracy
and efficiency in correctness assessment. A model’s re-
sponse is first checked for an exact match with the ground-
truth answer. If no match is found, we utilize Qwen3-7B
[29] to extract the answer from the model’s response with-
out adding any extraneous information, which is then com-
pared to the ground truth. The extraction prompt is listed in
Appendix B. This strategy effectively mitigates the impact
of non-standard output formats on evaluation accuracy.

4. Infrared Understanding Enhancement

4.1. Generative Visual Prompting

RGB images form the main training data for current
MLLMs. However, when these models are applied to in-
frared images, distribution shifts between training and in-
ference inputs can degrade their visual understanding ca-
pabilities. Fine-tuning on infrared understanding data is
a straightforward solution but faces several challenges:
(1) limited high-quality infrared image—text datasets; (2)
high computational and engineering costs for individually
fine-tuning each model, considering the rapid progress of
MLLMs. (3) possible performance drops on general tasks.
To overcome these limitations, we propose a training-
free Generative Visual Prompting (GenViP) method to im-
prove MLLMs’ infrared image understanding. The key
idea is to reduce distribution shifts by directly modify-
ing the model inputs during inference. Specifically, given

Textual Prior

Evaluation Prompt

You will be given one
translated RGB image...

= about infrared images...

MLLM
Image
Editing
Model

Figure 4. The illustration of GenViP.

the advanced capabilities of recent image editing models
[10, 21, 28], we translate infrared images into spatially and
semantically aligned RGB images. Feeding these translated
images into MLLMs effectively aligns the input distribution
during inference with that of the training phase. However,
since the translated natural images lose thermal informa-
tion, the models struggle to answer questions about ther-
mal features. Therefore, we adopt a composite-input strat-
egy, feeding both the original infrared image and the trans-
lated RGB image into MLLMs, as illustrated in Fig. 4. This
preserves thermal information while leveraging the model’s
strong understanding of RGB images. Consequently, Gen-
ViP eliminates the need for high-quality infrared image—text
datasets or fine-tuning for each model, making it directly
applicable to any existing MLLM.

To handle the dual-image input, we modify the eval-
uation prompt accordingly, as shown in Fig. 4 and Ap-
pendix B. Additionally, we incorporate a brief textual de-
scription about the characteristics of infrared images into
the prompt (Appendix B), namely textual prior, which ef-
fectively enhances the model’s ability to interpret infrared
thermal features. Extensive experiments subsequently val-
idate the effectiveness of our method in improving the in-
frared image understanding capabilities of MLLMs.

4.2. Editing Model Optimization

Our preliminary investigations show that the translation
quality of editing models strongly affects GenViP’s per-
formance: closed-source editing models such as Seedream
4.0 [21] and Gemini-2.5-Flash [10] outperform open-source
models like Qwen-Edit-2509 [28]. Considering the cost
of using closed-source editing models, we further optimize
GenViP for open-source models to improve its practicality.

Initially, we collect over 370,000 RGB-T image pairs
and apply rigorous data filtering and sampling as fol-
lows: (1) Data Source Screening: Manually remove sources
where infrared and RGB images are misaligned. (2) Reso-
lution filtering: Discard pairs with a width or height be-
low 200 pixels. (3) Pairing Quality Filtering: First, re-
move pairs with excessively low brightness. Next, com-
pute the Canny edges [8] for both the infrared and RGB
images, filtering out pairs whose Dice coefficient falls be-
low a threshold. Finally, using Qwen2.5-VL-32B [5] to as-



Table 2. Evaluation results of various models on IF-Bench. Column abbreviations: Avg — Average score; SU — Scene Understanding; IT
— Image Theme; VC — Viewpoint of Capture; TL — Target Localization; SRU — Spatial Relationship Understanding; OC — Object Counting;
TFU — Thermal Feature Understanding; AR — Action Recognition; TFR — Thermal Feature Reasoning; CR — Commonsense Reasoning.
Results of closed-source models are marked in gray. The highest average scores within each group are marked in cyan.

Models | Avg | Coarse-grained Perception | Fine-grained Perception | Image Reasoning
| | su IT vC | TL SRU OC TFU AR | TFR CR
InternVL3-1B [35] 43.0 72.4 67.4 332 27.9 31.0 27.7 329 48.3 30.3 58.9
InternVL3.5-1B [27] 56.6 929 84.1 67.2 36.3 37.5 35.2 40.0 64.2 36.9 71.6
InternVL3.5-1B-Thinking [27] 52.5 76.6 71.1 60.6 353 35.2 39.8 48.2 53.7 422 62.7
InternVL3-2B [35] 65.6 91.7 82.1 61.9 56.3 44.7 42.1 55.7 70.0 68.2 83.1
InternVL3.5-2B [27] 62.3 90.5 86.3 61.9 55.7 44.0 38.5 47.7 67.5 57.6 73.0
InternVL3.5-2B-Thinking [27] 65.5 91.0 89.5 62.5 50.2 46.5 44.1 58.9 68.5 69.9 74.0
Qwen2.5-VL-3B [5] 66.0 93.9 79.7 61.2 76.0 454 36.9 48.9 62.5 79.7 75.4
InternVL3.5-4B [27] 67.4 92.3 85.6 69.0 58.0 55.3 41.8 58.4 65.2 71.8 76.8
InternVL3.5-4B-Thinking [27] 71.4 92.9 88.0 76.5 61.5 58.3 432 64.8 65.2 86.2 77.2
LLaVA-OneVision-1.5-4B-Instruct [3] 75.2 93.3 90.2 69.4 71.9 55.1 50.6 66.6 79.0 90.7 85.3
Qwen3-VL-4B-Instruct [29] 77.4 95.4 92.2 70.3 69.7 61.6 53.2 68.2 82.1 90.3 91.1
Qwen3-VL-4B-Thinking [29] 76.8 93.9 92.6 83.2 59.8 59.7 51.3 66.4 84.0 87.7 89.7
Qwen2.5-VL-7B [5] 71.1 93.3 86.5 74.4 60.3 49.5 42.7 58.9 74.0 88.6 83.1
InternVL3-8B [35] 71.2 95.0 87.8 71.6 66.4 51.9 45.0 57.7 79.0 70.8 87.1
InternVL3.5-8B [27] 69.1 92.6 79.7 66.8 66.7 52.3 45.0 61.8 67.7 82.8 75.6
InternVL3.5-8B-Thinking [27] 72.3 92.8 85.5 65.3 67.3 58.6 47.3 65.0 71.0 91.5 78.8
Keye-VL-1.5-8B [30] 71.5 85.1 82.6 70.7 77.9 61.1 42.1 60.9 71.9 80.9 82.1
Keye-VL-1.5-8B-Auto-Thinking [30] 71.7 85.4 84.5 72.6 73.1 59.5 43.0 61.8 73.1 81.6 82.7
Keye-VL-1.5-8B-Thinking [30] 73.3 86.1 85.3 77.4 72.1 63.0 45.8 64.8 69.2 89.0 80.6
LLaVA-OneVision-1.5-8B-Instruct [3] 759 95.0 89.7 70.9 73.1 54.2 54.6 62.0 79.2 91.9 88.3
Qwen3-VL-8B-Instruct [29] 78.8 93.9 93.1 79.7 74.1 65.5 60.2 68.6 75.8 88.3 88.9
Qwen3-VL-8B-Thinking [29] 76.5 94.6 91.2 74.8 62.0 65.3 58.0 69.3 76.7 89.8 83.1
GLM-4.1V-9B-Thinking [25] 77.2 94.4 92.1 77.8 67.8 59.7 55.0 69.3 77.7 89.4 88.9
InternVL3-14B [35] 73.8 91.3 91.0 73.7 64.9 59.3 48.4 65.9 74.2 82.4 86.3
InternVL3.5-14B [27] 73.6 94.1 92.1 66.4 74.0 56.9 48.6 70.2 67.3 89.9 76.8
InternVL3.5-14B-Thinking [27] 74.6 93.9 93.1 71.3 69.9 58.6 46.0 72.7 69.6 92.6 78.6
InternVL3.5-20B-A4B [27] 69.7 90.5 89.4 68.8 63.9 55.1 422 60.9 67.9 76.1 81.9
InternVL3.5-20B-A4B-Thinking [27] 69.8 90.7 91.2 63.4 58.0 56.0 40.7 66.8 64.2 87.1 80.0
InternVL3.5-30B-A3B [27] 74.4 94.9 88.2 73.7 75.0 59.0 45.0 69.0 68.1 85.8 85.7
InternVL3.5-30B-A3B-Thinking [27] 75.4 93.4 90.0 74.1 69.0 62.0 48.4 71.4 68.8 92.4 84.5
Qwen3-VL-30B-A3B-Instruct [29] 82.3 96.2 95.3 83.4 79.6 62.5 61.9 69.1 85.2 98.1 91.9
Qwen3-VL-30B-A3B-Thinking [29] 79.6 95.2 94.4 84.9 68.8 60.6 60.2 67.9 77.5 95.6 90.7
Qwen2.5-VL-32B [5] 75.4 94.9 89.7 75.6 73.5 59.7 45.1 63.0 71.5 96.0 84.5
InternVL3-38B [35] 78.9 93.8 92.4 76.3 76.0 61.1 58.3 69.1 78.5 94.3 89.7
InternVL3.5-38B [27] 79.0 93.4 93.2 77.8 80.5 57.6 59.6 70.0 77.7 91.5 88.7
InternVL3.5-38B-Thinking [27] 80.1 94.1 94.4 78.4 75.2 62.5 65.8 76.3 72.5 924 89.7
Qwen2.5-VL-72B [5] 78.1 93.9 93.1 80.6 72.4 64.1 50.0 66.8 76.9 94.9 88.3
InternVL3-78B [35] 80.2 94.2 94.1 78.7 74.1 62.3 61.9 73.6 80.4 95.1 87.9
GLM-4.5V-106B-A12B-Thinking [25] 80.3 95.2 95.3 80.6 82.0 61.8 57.6 69.1 82.1 93.9 85.7
Qwen3-VL-235B-A22B-Instruct [29] 83.7 95.8 94.9 84.5 83.2 65.3 68.4 71.6 84.0 97.5 92.1
Qwen3-VL-235B-A22B-Thinking [29] 82.8 95.5 95.4 81.9 79.6 67.1 64.7 75.4 80.2 94.9 929
InternVL3.5-241B-A28B [27] 83.9 95.5 95.3 82.1 88.0 66.7 70.7 73.8 82.3 95.8 89.1
InternVL3.5-241B-A28B-Thinking [27] 83.9 95.4 95.9 81.5 85.3 65.3 69.4 81.1 82.3 93.9 88.9
Doubao-Seed-1.6-251015 [6] 79.9 92.5 929 83.4 77.6 67.6 54.3 74.6 78.3 91.1 86.9
Doubao-Seed-Vision-1.6-250815 [7] 84.2 92.3 91.9 87.9 87.7 68.5 63.2 78.6 83.1 96.6 91.9
Gemini-2.5-Flash [10] 79.8 94.2 94.6 75.9 76.0 67.6 62.6 70.7 71.5 93.2 91.1
Gemini-2.5-Pro [10] 82.0 94.9 89.9 85.3 80.8 63.9 63.2 76.4 80.0 94.1 91.9

sess the pairing quality of the remaining data. (4) Feature
Extraction and Deduplication: Extract visual features us-
ing DINOv3 [22], and remove pairs whose infrared features
closely match those in IF-Bench to prevent data leakage. (5)
Hierarchical Clustering and Balanced Sampling: After the
above steps, 156,330 high-quality pairs remain. To ensure
a balanced distribution across scenes, we perform hierar-

chical clustering [26] based on the RGB DINOV3 features,
followed by balanced sampling [26]. Finally, a high-quality
dataset of 50,000 RGB-T image pairs is constructed.

Based on this dataset, we fine-tune Qwen-Edit-2509 [28]
and obtain Qwen-Edit-2509-FT, which achieves superior
infrared-to-RGB translation quality and even outperforms
closed-source editing models on IF-Bench.



Table 3. Correlation coefficients between model scale and
scores on IF-Bench. We first compute the correlation coefficients
within each model family, and then average the results across fam-
ilies. For MoE models, we use their total parameter count.

‘Avg‘ SU IT VC TL SRU OC TFU AR TFR CR
Corr‘0.76‘0.42 0.67 0.69 0.58 0.70 0.86 0.77 0.63 0.63 0.62

5. Experiments

5.1. Evaluation Models.

We systematically evaluate over 40 mainstream MLLMs
on IF-Bench, covering diverse architectures, parameter
scales, and reasoning paradigms, including InternVL3
[35], InternVL3.5 [27], Qwen2.5-VL [5], Qwen3-VL [29],
LLaVA-OneVision [3], Keye-VL-1.5 [30], GLM-4.1V [25],
GLM-4.5V [25], Gemini-2.5-Pro [10], and Doubao-Seed-
Vision-1.6 [7]. These models range from 1B to 241B pa-
rameters, encompassing both dense and (MoE) architec-
tures, with and without explicit reasoning capabilities. Col-
lectively, they provide a representative and comprehensive
snapshot of the current multimodal model landscape.

5.2. Evaluation Results of IF-Bench.

The complete evaluation results are presented in Tab. 2. We
conduct an in-depth analysis in the following aspects.
Model Scale and Architecture. (1) Significant per-
ent architectures or series, particularly for smaller models
(<30B). For instance, LLaVA-OneVision-1.5-4B-Instruct
and Qwen2.5-VL-3B differ by 9.2 in average score, while
Qwen3-VL-8B-Instruct and InternVL3.5-8B are nearly
10.0 points apart. As model scale increases, the per-
formance differences between architectures gradually di-
minish. Qwen3-VL-235B-A22B-Instruct and InternVL3.5-
241B-A28B-Thinking differ by only 0.2 points (83.7 vs
84.2). (2) Smaller models of the Qwen3-VL series demon-
strate outstanding performance, highlighting their practi-
cal value for infrared image understanding. For example,
Qwen3-VL-8B achieves an overall score of 78.8, surpass-
ing that of Qwen2.5-VL-72B and approaching InternVL3-
78B, using only approximately one-tenth of the parame-
ters. (3) MoE models provide a favorable trade-off between
performance and inference efficiency. InternVL3.5-30B-
A3B outperforms the fully dense InternVL3.5-14B (74.4 vs
73.6), while only activating fewer than one-quarter of pa-
rameters. (4) To further evaluate the relationship between
model size and performance, we compute their Pearson cor-
relation coefficients, as shown in Tab. 3. The results indicate
that model size is positively correlated with performance
across all dimensions, with particularly strong correlations
observed on more challenging tasks, such as object count-
ing and thermal feature understanding.
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Figure 6. Box plot of scores across dimensions in IF-Bench.

Thinking vs Non-Thinking. To explore the impact of the
thinking mode, we analyze 14 paired thinking and non-
thinking variants in Tab. 2. Interestingly, the effectiveness
of thinking varies considerably across model families. In
the Qwen3-VL series, enabling thinking results in a no-
ticeable performance drop, whereas all InternVL3.5 models
from 2B to 38B benefit from thinking. As shown in Fig. 5,
thinking enhances performance in thermal feature under-
standing (+4.2) and thermal feature reasoning (+4.42), but
reduces accuracy in dimensions such as target localization
(-4.90) and action recognition (-1.68). Overall, the thinking
mode yields only a modest average improvement of 0.34.
Considering the substantial increase in reasoning overhead
it introduces, incorporating thinking is not an effective ap-
proach to enhancing infrared image understanding.

Open-Source vs Closed-Source. The performance gap be-
tween open-source and closed-source models is minimal.
Although Doubao-Seed-Vision-1.5-250815 [7] achieves the
highest score of 84.2, surpassing all open-source mod-
els, it exceeds the best open-source model, InternVL3.5-
241B-A28B, by only 0.3 points. Moreover, the other three
closed-source models, including Gemini-2.5-Pro [10], per-
form worse than Qwen3-VL-235B-A22B and InternVL3.5-
241B-A28B, underscoring that open-source models have
significant practical value for infrared image understanding.
Evaluation Dimension. The accuracy distribution across
different dimensions is illustrated in Fig. 6. Overall, scene
understanding and image theme in coarse-grained percep-
tion tasks, as well as the two reasoning dimensions, are rel-
atively easy, with average scores exceeding 80. In contrast,
the five fine-grained perception dimensions and the view-
point of capture dimension exhibit notably lower perfor-
mance. In particular, for object counting and spatial rela-
tionship understanding, the average accuracies drop below



Table 4. Performance of GenViP on IF-Bench across various models.

Table 5. Impact of editing models using Qwen2.5-VL-7B [5].

Model GenViP| Avg |SU IT VC TL SRU OC TFU AR TFR CR  Edit Model Avg SU IT VC TL SRU OC TFU AR TFR CR
X |56.6 92.9 84.1 67.2 36.3 37.5 352 40.0 642 369 71.6  Vanilla 71.1 93.3 86.5 74.4 60.3 49.5 42.7 589 74.0 88.6 83.1
InternVL3.5-1B [27]
v/ |60.8(+4.2)|94.9 85.8 67.5 34.6 41.7 38.8 34.3 69.0 60.6 80.6 - - )
Closed-Source Models
InternVL3.5-2B- X |655 91.0 89.5 62.5 50.2 46.5 44.1 58.9 68.5 69.9 740 ~ Seedream4.0[21] = 73.8 94.2 89.7 774 56.9 53.0 50.0 60.0 79.8 92.8 84.1
Thinking [27] v 67.9(+2.4)(957 877 685 493 51.4 352 53.8 762 83.9 77.8  Cemini-2.5-Flash [10] 73.6 95.7 91.6 79.5 574 48.6 50.7 58.8 79.4 92.8 82.I
Qwen2.5-VL-3B [5] X ‘660 939 79.7 61.2 760 454 36.9 48.9 62.5 79.7 75.4 8”23%??553&"{%1 727 92.6 88.5 75.4 61.3 51.4 46.6 62.5 72.7 92.8 83.5
o b -~ - Wi - 10~ & . ! . . e K . o . . 3.
7 [[POSEE) Bl AL @S 1l &8 <D Sl s B Sl Qwen-Edit-2509-FT 742 94.9 90.4 75.0 57.4 55.8 48.3 60.4 80.4 93.0 86.1
X 674 923 85.6 69.0 58.0 553 41.8 58.4 652 71.8 76.8
InternVL3.5-4B [27] ‘ ‘
Y [707(+2.7)|96.5 87.8 728 514 549 440 49.8 767 869 863 uiio 6 Impact of inference input with Qwen2.5-VL-7B [5],
o X |71 93.3 86.5 74.4 60.3 49.5 42.7 58.9 74.0 88.6 83.1 ; ;
V- where RGB images are generated by Qwen-Edit-2509-FT. Ab-
Quen2.3-VL-TB 5] s ‘742(” 1 )‘94.9 90.4 75.0 57.4 55.8 483 60.4 80.4 93.0 86.1 L g & yQ .
breviations: IF — Infrared Image. Text —Textual Prior.
Qwen3-VL-8B- X |788 93.9 93.1 79.7 74.1 65.5 60.2 68.6 75.8 88.3 88.9
Instruct [29] v |80.3(+1.5)|95.2 94.9 78.7 68.2 66.9 59.2 70.2 82.7 96.4 90.3 Inference Input  Avg SU IT VC TL SRU OC TFU AR TFR CR
GLM-4.1V-9B- X |7112 94.4 92.1 77.8 67.8 59.7 55.0 69.3 77.7 89.4 889 (@ IF 71.1 933 865 74.4 60.3 49.5 42.7 589 74.0 83.6 83.1
Thinking [25] /|79 (+1.9)[96.6 93.9 72.4 69.3 62.7 61.1 70.7 80.0 95.3 889  (b) IF +Text 712 925 858 74.8 55.1 51.6 42.7 62.5 71.9 93.0 81.9
(c) RGB 69.2 96.3 76.4 69.2 58.0 54.2 46.1 50.0 80.8 77.8 83.7
Qwen3-VL-235B- X |87 95.8 94.9 84.5 832 653 684 71.6 84.0 97.5 92.1  (d) IF+RGB 732 962 91.2 73.5 58.0 55.6 49.3 55.0 80.4 87.3 85.7
A22B-Instruct [29] v/ |84.4(+0.7)[96.0 96.1 85.1 83.6 66.2 66.8 74.1 85.6 97.5 929  (¢) IF+RGB + Text 74.2 94.9 90.4 75.0 57.4 55.8 483 60.4 80.4 93.0 86.1

60, with the highest scores only around 70. These findings
indicate that current MLLMs still face challenges in captur-
ing fine-grained details in infrared image understanding.

5.3. Results of GenViP

Main Results. As shown in Tab. 4, GenViP consis-
tently improves performance across various models. It
achieves over 4 points improvement on InternVL3.5-1B
and Qwen2.5-VL-3B. Qwen3-VL-8B-Instruct with Gen-
ViP matches the performance of InternVL3-78B and GLM-
4.5V-106B-A12B-Thinking in Tab. 2, while using only one-
tenth of their parameters. Moreover, Qwen3-VL-235B-
A22B-Instruct with GenViP attains a score of 84.4, out-
performing all other models in Tab. 2, including closed-
source ones. The consistent performance gains across di-
verse models highlight the effectiveness and generalization
ability of GenViP. However, the improvement diminishes
as the model scale increases. This trend may stem from
two factors: (1) Larger models already achieve high base-
line performance, leaving limited room for further improve-
ment. (2) Larger models may possess stronger robustness to
input distribution shifts, reducing their reliance on domain
adaptation techniques like GenViP.

Editing Models. Tab. 5 compares the performance of vari-
ous image editing models employed in GenViP. All models
enable GenViP to effectively enhance infrared image un-
derstanding. However, the open-source Qwen-Edit-2509
lags behind top-performing closed-source models such as
Seedream 4.0 [21] and Gemini-2.5-Flash [10]. After fine-
tuning on our high-quality RGB-T paired dataset, Qwen-
Edit-2509-FT effectively bridges this performance gap and
even surpasses the closed-source models on this specific
task. We provide a visual comparison of the translation
quality across different models in Appendix D.

Inference Input. Tab. 6 examines the effect of different in-
put configurations on infrared image understanding perfor-

mance. Incorporating the textual prior (b) improves ther-
mal feature understanding and reasoning compared with
using only infrared images (a), but degrades performance on
other dimensions, resulting in negligible overall improve-
ment. Using only the translated RGB image (c) causes
substantial drops in image theme, thermal feature under-
standing and reasoning due to the loss of thermal informa-
tion. Nevertheless, by mitigating domain shift, it improves
tasks that rely less on infrared-specific cues, such as spa-
tial relationship understanding, object counting, and action
recognition. Combining both infrared and RGB images (d)
consistently enhances performance across most dimensions.
Further adding the textual prior yields additional gains in
thermal understanding and reasoning, leading to the best
overall performance on IF-Bench.

6. Conclusion

In this work, we present IF-Bench, a comprehensive bench-
mark for evaluating multimodal understanding of infrared
images, along with several evaluation strategies designed to
ensure reliable assessment. Through an extensive evalua-
tion of over 40 MLLMs, we uncover several key findings:
(1) model size and architecture substantially influence per-
formance; (2) the thinking mode does not effectively im-
prove overall results; (3) open-source and closed-source
models exhibit comparable performance; and (4) current
MLLMs still perform poorly on fine-grained infrared im-
age understanding. We believe these insights can inspire
future advances in this domain. Furthermore, we introduce
GenViP to enhance the infrared understanding capability of
existing MLLMs. By leveraging generative models to pro-
duce information-rich visual prompts, GenViP significantly
improves model generalization, offering evidence that gen-
eration can effectively facilitate visual understanding. We
hope our work provides new perspectives and inspiration
for the broader multimodal research community.
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IF-Bench: Benchmarking and Enhancing MLLMs for Infrared Images
with Generative Visual Prompting

Supplementary Material

We illustrate additional example cases and the image dis-
tribution of IF-Bench in Appendix A. All prompts used in
the paper are listed in Appendix B. Appendix C details the
training and inference settings for editing models in Gen-
ViP. In Appendix D, we conduct further analyses, including
comparisons of the language preferences of MLLMs on IF-
Bench, the stricter correctness judgement strategy, the con-
nection between our work and Thinking-with-Image, and
the translated quality across editing models.

A. Details of IF-Bench

In this section, we present additional details of IF-Bench.
Fig. 7 illustrates some cases in IF-Bench, with images,
questions, options, and ground-truth answers. Fig. 8 depicts
the image distribution in IF-Bench across 23 sub-datasets
in InfPre [34]. Notably, after manual filtering, the images
in IF-Bench remain relatively evenly distributed across the
constituent sub-datasets, ensuring comprehensive coverage
of diverse scenarios. The datasets OTCBVS-IRIS-FACE
[1], VAP [19], and Rain [4] contain fewer samples primarily
because their scenes are comparatively homogeneous.

B. Details of Prompts

In this section, we provide the specific prompts used in this
work. Fig. 10 illustrates the unified system prompt when
evaluating MLLMs on IF-Bench. Fig. 11 depicts LLM-
based parsing prompt, as described in Sec. 3.3. Tab. 12 and
Tab. 13 provide the evaluation prompt for the dual-image in-
put in GenViP and the textual prior, respectively. For sim-
plicity, only the English versions are presented here, with
the Chinese versions being semantically equivalent to their
English counterparts. Fig. 14 lists the system prompt used
for automatic VQA generation in Sec. 3.2.

C. Details of Editing Models

In this section, we clarify the training and inference details
involved in the editing models of GenViP.

Inference of Editing Models. For Seedream 4.0 [21]
and Gemini-2.5-Flash [10], we use their official APIs for
infrared-to-RGB translation. For Qwen-Edit-2509 [28], in-
ference is performed via local deployment. The number of
inference steps is set to 40 for both Qwen-Edit-2509 and
Qwen-Edit-2509-FT.

Training of Qwen-Edit-2509. We fine-tune Qwen-Edit-
2509 [28] using LoRA [11] with a rank of 32. Qwen-Edit-
2509-FT is trained for two epochs on the RGB-T dataset

consisting of 50,000 pairs, with a batch size of 8 and a fixed
resolution of 1024.

Editing Prompt. For both the training of Qwen-Edit-
2509-FT and inference of all editing models, we use the
same editing prompt: Translate the infrared image into the
corresponding visible light (RGB) image. We also experi-
mented with more sophisticated editing prompts, but found
that they led to similar results. Therefore, we adopt this
simple prompt throughout.

D. More Analyses

Language Preference. Fig. 9 presents the Chinese and En-
glish scores of various MLLMs on IF-Bench. Most mod-
els exhibit no notable language preference, with score dif-
ferences between the Chinese and English settings remain-
ing within one point. Only a few smaller models, such
as InternVL3.5-1B [27], InternVL3.5-2B [27], and Qwen3-
VL-4B-Instruct [29], show slightly larger discrepancies of
approximately one to two points.

Stricter Correctness Judgement. In the main paper, we
adopt a circular evaluation strategy and report the average
accuracy across different option orders. Here, we further
apply a more stringent correctness criterion: a question is
considered correct only if the model answers it correctly un-
der all option orders. Tab. 7 compares the score on [F-Bench
of the two criteria. Notably, the stricter criterion substan-
tially reduces accuracy, with the average score dropping by
more than 10 points for several models. This indicates that
current MLLMs exhibit limited robustness to option-order
variations and still have considerable room for improvement
in infrared image understanding.

Relationship with Thinking-with-Image. Thinking-
with-Image was introduced in OpenAl o3 [17], where the
model performs a variety of operations on the input im-
age to actively generate intermediate visual representations,
thereby enhancing its capability in multimodal reasoning.
Our proposed GenViP shares a similar intuition: process-
ing the image to improve the model’s understanding. But
the key difference is that in our work, the model is explic-
itly required to invoke an editing model at the initial stage.
The idea behind GenViP can be naturally extended to the
Thinking-with-Image paradigm, where the model could be
trained to autonomously decide whether to call an editing
model. We leave this direction for future work.

Visualization of Translated Quality. Fig. 15 illustrates
the translated RGB images produced by different editing
models. We observe that for some infrared inputs, closed-



Scene Understanding

What type of environment does this image
depict?

A: Rural road.

B: Urban highway.

C: Suburban neighborhood.

D: Industrial area.

GI' B

Viewpoint of Capture

Compared to people in the elevator, from
which viewpoint was this image captured?

A: Top-down.
B: Frontal.

C: Side-view.
D: Bottom-up.
GT' A

Spatial Relationship Understanding

What is the spatial relationship between
the two cars in the image?

A: The car on the right is behind the
car on the left.

B: The cars are side by side.

C: The car on the right is in front of the
car on the left.

D: The cars are not visible.

GI: C

Thermal Feature Understanding

Which area in the image appears to have
the highest thermal activity?

A: The crowd of people.

B: The trees on the right.

C: The ground in the foreground.

D: The sky above.

GT' 4

Thermal Feature Reasoning

What could be the reason for the uniform
heat signatures among the individuals?

A: They are all performing different
actions.

B: They are standing in a cold environment.
C: The ambient temperature is very high.
D: They are wearing identical clothing
materials.

GT: D

Image Theme

What is the most likely theme of this
infrared image?

A: Traffic surveillance.

B: Wildlife monitoring.

C: Security surveillance.

D: Agricultural monitoring.

GI: 4

What are the coordinates of the person
closest to the straight pole in the image?
A: (0.4, 0.8, 0.1, 0.3).

B: (0.54, 0.9, 0.06, 0.2).

C: (0.6, 0.7, 0.05, 0.15).

D: (0.5, 0.95, 0.08, 0.25).

GTI' B

How many people are visible in the
image?

A: Between 20 and 30.

B: Between 10 and 20.

C: Less than 10.

D: More than 30.

GI: 4

Action Recognition

What action is the animal in the image
performing?

A: Running.

B: Walking.

C: Jumping.

D: Standing still.

GT: D

Commonsense Reasoning

Based on the image, what is the most
likely purpose of the barrier in the
foreground?

A: To guide traffic flow.

B: 1o block unauthorized access.

C: To provide shade.
D: To serve as a decorative element.

GI' B

)

Figure 7. Example cases for each dimension in IF-Bench, aligned with the questions and options in Tab. 2.

source models such as Seedream 4.0 [21] and Gemini-2.5-
Flash [10] show strong generalization ability (e.g., rows
1, 3, and 5). However, their translation quality remains
suboptimal for certain other cases, exhibiting issues such
as unnatural color rendering and imperfect spatial corre-
spondence. Qwen-Edit-2509 [28] performs worse overall

compared to the closed-source models. After fine-tuning
on 50,000 infrared-RGB image pairs, Qwen-Edit-2509-
FT significantly improves the naturalness of the translated
images as well as their spatial and semantic consistency,
thereby leading to a substantial performance gain for Gen-
ViP.
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Figure 9. The language-specific score on IF-Bench of various MLLM:s.

E. Limitations and Future Work

The current IF-Bench contains a relatively limited number
of images and questions, and does not cover some more
challenging task types. In future work, we will further ex-
pand and diversify the benchmark to keep pace with the
rapid progress of MLLMs and explore more methods to im-
prove infrared understanding.



Table 7. Comparison of different correctness judgement strategies.
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( )
You are a professional multimodal large language model assistant.
You will be given a single-choice question that includes:

( ) 1. One infrared image and one corresponding RGB image. The RGB
You are a professional multimodal large language model assistant. image is translated from the corresponding infrared image by an
You will be given a single-choice question that includes: image translation model.

1. One infrared image. 2. One question related to the image.
2. One question related to the image. 3. Four answer options (A, B, C, D).
3. Four answer options (A, B, C, D).

Your task:
Your task: Carefully analyze the image and the question, evaluate all answer
Carefully analyze the image and the question, evaluate all answer choices, and select the most appropriate one. Please output only a
choices, and select the most appropriate one. Please output only a single uppercase letter (A, B, C, or D) as your final answer. Do not
single uppercase letter (A, B, C, or D) as your final answer. Do not include any explanations, reasoning, or additional text.
include any explanations, reasoning, or additional text.
Evaluation Guidelines: Evaluation Guidelines:
1. Each question has only one correct answer. 1. Each question has only one correct answer.
2. Random guessing is not allowed; answers must be based on 2. Random guessing is not allowed; answers must be based on
accurate analysis of the image and the question. accurate analysis of the image and the question.
3. The output format must be a single uppercase letter: A, B, C, or D. 3. The output format must be a single uppercase letter: A, B, C, or D.
The input question is: <input_question>. The input question is: <input_question>.
The input options are: <input_options>. The input options are: <input_options>.

\ J . J
Figure 10. The unified system prompt when evaluating MLLMs Figure 12. The evaluation prompt when using the dual-image input
on IF-Bench (English Version). in GenViP (English Version).

e N

When completing the above tasks, please refer to the following prior
knowledge about infrared images:

1. Imaging Mechanism: Infrared imaging does not rely on visible
light reflected from objects but instead captures the infrared

f . . ) radiation (thermal radiation) emitted by the objects themselves or
You are a professional large model. You will receive responses from their environment. The higher the temperature of an object, the
a model to single-choice quest.ions. The opti.ons for each question are stronger its infrared radiation; therefore, infrared images usually
A, B, C, and D. Please determine which option (A, B, C, or D) the reflect temperature distribution rather than surface color. Infrared
response considers to be the correct answer. If you believe that none imaging is insensitive to lighting conditions and can function even in
of the options A, B, C, or D are present in the response, please reply complete darkness.
with "F".
2. Image Characteristics: Infrared images are usually presented in
Remember, you can only reply with one of the characters A, B, C, D, grayscale, where brightness corresponds to temperature. The
or F. Do not output anything else. resolution of infrared images is generally lower, resulting in less
) detail and poorer edge sharpness. Due to environmental interference
Input: <input_response> (e.g., atmospheric absorption, sensor noise), infrared images often
L ) contain more noise. Moreover, different materials have different
infrared emissivities at the same temperature, which may cause
Figure 11. The system prompt for LLM parsing in Sec. 3.3. brightness differences in the resulting images,

. J

Figure 13. The textual prior for infrared images (English Version).



## Task

You are an expert in designing infrared image understanding questions. You will be provided with an infrared image. Your task is to design 4 single-choice questions
for each image. Each question should include the following components: Question, Options (A/B/C/D), Answer (Correct Option). The questions should be drawn
from the 4 evaluation dimensions: <sampled_dimensin_list>. You should provide one question for each dimension.

(Optional) The provided image include target position information in the following format: [(Target Description, Target Center X, Target Center Y, Target Width,
Target Height)]. All position values are normalized relative to the full image, ranging from 0 to 1. The coordinate origin (0, 0) is located at the top-left corner of the
image. The target position information is <target _position>. You must include one precise localization question with the definition of format, as described in the "2.1
Target Localization" dimension.

## Evaluation Dimensions

### 1. Coarse-Grained Image Perception

1.1 Scene Understanding

Definition: Identify the general environment or scene of the image, such as indoor, outdoor, forest, highway, etc.

1.2 Image Theme

Definition: Identify the primary content or application context of the image, such as traffic surveillance, wildlife monitoring, security surveillance, etc.
1.3 Viewpoint of Capture

Definition: Determine the viewpoint from which the image was taken, such as top-down, frontal, side-view, etc.

### 2. Fine-Grained Image Perception

2.1 Target Localization

Definition: Identify the spatial location of a target in the image. If bounding box data is provided, a precise localization question must be created; otherwise, a rough
location question can be designed.

Precise localization (when coordinates are given, e.g., “Leftmost pedestrian, 0.2, 0.5, 0.05, 0.18”. Format: (x, y, w, h), all values are relative to the full image, with x
and y being the center coordinates.):

Example Question: What are the coordinates of the leftmost pedestrian in the image?

A.(0.3,0.4,0.1,0.4)

B. (0.08, 0.67,0.2, 0.5)

C.(0.15,0.7, 0.08, 0.23)

D.(0.2,0.5,0.05,0.18)

Rough localization (when no coordinates are provided):

Example Question: Where is the target located in the image?

A. Top-left corner

B. Center-right

C. Bottom-middle

D. Top-right corner

2.2 Spatial Relationship Understanding

Definition: Recognize the spatial relationship between multiple objects in the image, such as front/back, left/right, near/far, etc.
2.3 Object Counting

Definition: Count the number of similar objects in the image.

2.4 Thermal Feature Understanding

Definition: Determine thermal variations across image regions, such as identifying heat sources or thermal leaks.

2.5 Action Recognition

Definition: Determine whether a target is active and identify its action based on infrared contours.

3. Image Reasoning Ability

3.1 Thermal Feature Reasoning

Definition: Determine the potential cause of temperature changes using thermal patterns.

3.2 Commonsense Reasoning

Definition: Infer the function or use of an object based on image content, infer the action the object in the image is about to do.

## Output Format Example
Please generate 4 questions per image using the following JSON structure:
[

{

"dimension": "Image Theme",
"en_question": "What is the most likely theme of this infrared image?",
"en_options": {
"A": "Industrial equipment monitoring",
"B": "Wildlife observation",
"C": "Medical diagnosis",
"D": "Indoor entertainment"
}s
"answer": "B",
"cn_question": "X5KLL SMNER B TTREJB TR R
"cn_options": {
"A TR A s,
"B": "B RIS,
"Cr: ESFSHT,
"D R

\

Figure 14. The system prompt used for VQA generation in Sec. 3.2.
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Figure 15. The visualization of translated RGB images from infrared ones across different editing models.
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