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Abstract

Real-world infrared imagery presents unique challenges for
vision-language models due to the scarcity of aligned text
data and domain-specific characteristics. Although existing
methods have advanced the field, their reliance on synthetic
infrared images generated through style transfer from visi-
ble images, which limits their ability to capture the unique
characteristics of the infrared modality. To address this, we
propose IRGPT, the first multi-modal large language model
for real-world infrared images, built upon a large-scale
InfraRed-Text Dataset (IR-TD) comprising over 260K au-
thentic image-text pairs. The proposed IR-TD dataset con-
tains real infrared images paired with meticulously hand-
crafted texts, where the initial drafts originated from two
complementary processes: (1) LLM-generated descriptions
of visible images, and (2) rule-based descriptions of annota-
tions. Furthermore, we introduce a bi-cross-modal curricu-
lum transfer learning strategy that systematically transfers
knowledge from visible to infrared domains by considering
the difficulty scores of both infrared-visible and infrared-
text. Evaluated on a benchmark of 9 tasks (e.g., recognition,
grounding), IRGPT achieves state-of-the-art performance
even compared with larger-scale models.

1. Introduction

With the advancement of large model technologies, Vision-
Language Models (VLMs) designed for visible images have
achieved significant breakthroughs [19, 48]. This success
can be attributed to two main factors: the availability of
large-scale aligned image-text datasets [13, 31] and the
powerful visual perception capabilities provided by pre-
trained vision encoders [8, 16] for Large Language Models
(LLMs). VLMs such as LLaVA [24] and Qwen [45] have
demonstrated exceptional vision capabilities, enabling them
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Figure 1. Exist MLLMs exhibit hallucinations when interpreting
real-world infrared images, while IRGPT effectively suppresses
this phenomenon.

to deeply understand real-world natural images through the
medium of corresponding text. However, infrared images, a
distinctive and widely utilized image type, have been over-
looked by multi-modal large language models (MLLMs),
leading to frequent hallucinations when these models pro-
cess infrared imagery. As illustrated in Fig. 1, the salient
metallic signboard in the image is erroneously identified as
a non-metallic material object.

In the field of infrared images, the scarcity of large-scale
image-text datasets poses challenges to the development
of infrared MLLMs. Prior studies [11, 14] have explored
methods to obtain infrared-text paired data. However, these
methods using visible images to synthesize infrared coun-
terparts create a modality gap, as the synthesised data qual-
ity directly depends on generative models. Moreover, such
data strictly adheres to the training distribution of the gener-
ative model, neglecting the authenticity of infrared images.

To establish a realistic and effective infrared-text dataset
(IR-TD) for advancing infrared MLLMs, we also leverage
visible images as a medium to employ a new-path approach
to obtain infrared-text pairs. On the one hand, we manu-
ally choose visible-infrared image pairs and utilize LLMs
to generate draft descriptions for visible images, which are
then carefully adapted to annotate corresponding infrared
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Figure 2. IRGPT effectively handles complex infrared image-text tasks (e.g., grounding, recognition), demonstrating successful knowledge
transfer from visible to infrared domains and a deep semantic understanding of infrared data. We further showcase IRGPT’s captioning
capability in understanding that moving vehicles exhibit elevated engine temperatures.

images and create Q&A pairs. On the other hand, we de-
velop rule-based methods for caption generation and Q&A
pair construction, specifically designed by various annota-
tions. The resulting IR-TD, containing 260K+ high-quality
infrared-text pairs, adheres to two fundamental principles:
1) authenticity of infrared imagery, and 2) semantic align-
ment between modalities.

While addressing the data scarcity issue, IR-TD intro-
duces new challenges stemming from inherent characteris-
tics of real-world infrared images, including sparse seman-
tic information, imaging disparities across different spec-
tral bands, and thermal information’s dominance in target
saliency. These factors render it a significant challenge for
an infrared-specific MLLM developed from scratch to rival
those MLLMs extensively trained on visible images.

To address this challenge, we introduce a bi-cross-modal
curriculum that builds upon the robust comprehension ca-
pabilities of existing MLLMs. By leveraging the similarity
between infrared and visible images, as well as the semantic
alignment between infrared images and text, our approach
transfers MLLM understanding from visible to real-world
infrared image through incremental pre-training from sim-
ple to complex infrared data. With this approach, we pro-
pose IRGPT, the first infrared-specific MLLM grounded in
real-world infrared image. As illustrated in Fig. 2, the de-
veloped model showcases strong cross-modal understand-
ing capabilities, particularly in infrared question-answering
tasks. To validate IRGPT’s performance on common in-
frared tasks, we construct a benchmark with 9 different in-
frared Q&A tasks containing 37K+ test samples on the IR-

167

TD dataset. Through evaluations across various tasks, our
model achieves the state-of-the-art performance, demon-
strating significant potential for practical applications. The
main contributions of this paper are as follows:

e We introduce a large-scale open-source infrared-text
dataset, comprising pre-trained subset, fine-tuning in-
struction subset, and a multi-task benchmark for infrared-
text data, which includes 9 types of tasks such as recog-
nition and localization. The total number of samples ex-
ceeds 260K.

e To the best of our knowledge, we propose the first
vision-language model based on real-world infrared im-
ages named IRGPT, for which both the incrementally pre-
trained and fine-tuned infrared images are collected from
the real world rather than being synthetically generated.

* We also propose a bi-cross-modal curriculum transfer
learning strategy that balances the transferability between
infrared and visible images and the semantic consistency
between infrared images and text.

¢ In the 9 benchmark tasks, our IRGPT achieves state-of-
the-art (SOTA) results. Under zero-shot settings, IRGPT
demonstrates a 76.35 improvement in positive sum and a
31.56 reduction in negative sum compared to baseline.

2. Related Works

Multi-modal Large Language Model. In the real world,
information exists in diverse forms, making it impossible
for a simple LLM to perceive and understand the world
fully. Significant efforts have been made to explore how



LLMs can adapt to multi-modal data [17, 53], with notable
advancements such as the LLaVA framework [24], which
has enabled LLMs to “see” and interpret visual information.
From the perspective of current advancements in state-of-
the-art MLLMs [1, 6, 22, 37, 42], supporting visual modal-
ity data has become an inevitable trend. However, most
of these models overlook the infrared images with unique
characteristics [4]. Treating infrared images as equivalent
to visible images can not avoid leading to severe hallucina-
tions, posing significant challenges for downstream appli-
cations and deep understanding of the real scenario.

Infrared Image in Large Models. With the develop-
ment of multi-modal foundation models, infrared image
processing has seen two primary research directions. (a)
Unimodal approaches focus on intrinsic infrared charac-
teristics: InfMAE [23] employs masked image modeling
for foundational model training, while IRSAM [49] adapts
SAM [16] for small target detection through edge enhance-
ment. (b) Multi-modal methods leverage cross-modal syn-
ergies: TC-MoA [54] uses MoE frameworks for modal-
ity fusion, and works like LanguageBind [52], PandaGPT
[34], and ImageBind [11] connect thermal infrared with
text/visible modalities. The most relevant work is Infrared-
LLaVA [14], which trains an infrared-text large model using
the data generated by sSRGB-TIR [18]. However, its reliance
on video-generated images, which lack authenticity, nega-
tively introduces modality-related hallucinations [25].

Multi-modal Curriculum Learning. Curriculum learn-
ing (CL), first proposed in [2], mimics human develop-
mental learning by progressively training models from sim-
ple to complex samples through data sequencing strategies
[32, 40]. This approach has proven effective for enhancing
both training efficiency and model generalization in conven-
tional deep learning [15, 20, 41]. Our analysis highlights
two critical CL directions requiring deeper exploration: 1)
its application in large-scale models, and 2) curriculum de-
sign for multi-modal learning [27, 38, 43, 44]. Recent work
shows initial progress in addressing multi-modal training
cases [3, 51], while existing methods still lack explorations
for training multi-modal large-scale models effectively.

3. IR-TD: Infrared-Text Dataset

3.1. Tri-modal Data Translation

In the field of infrared imaging, large-scale text annotation
shows a distinct scarcity [23, 26]. On one hand, textual de-
scriptions for infrared images cannot be effectively obtained
through web scraping like the visible image. On the other
hand, the difficulty of describing infrared images seriously
affects the quality of annotation. As a result, conventional
methods for image-text pair collection cannot be directly
applied to the infrared domain. With recent advancements
in generative models, some works (e.g., IID [14]) have at-
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Figure 3. The translation of tri-modal data. (a) Tri-modal data
transformation relationships and potential generative paths. (b)
The LLM-based infrared-text pair generation method in IR-TD.

tempted to synthesize infrared-text pairs through style trans-
fer approaches. Such methods adhere to fixed generative
distributions, which severely degrade the quality of data re-
liant on synthetic models. To explore pathways for generat-
ing infrared-text pairs, we analyze the feasibility of transfor-
mations between infrared images, visible images, and tex-
tual descriptions, as illustrated in Fig. 3(a).

(I) Manual Annotation: This approach faces significant
challenges, particularly the difficulty in achieving diversity,
making it impractical for large-scale data pair collection.

(IT) Text-to-Image Generation: Most models do not
support the generation of infrared data.

(III) Synthetic Image Generation: Converting visible
images into infrared ones fails to preserve the authenticity.

(IV) Generation with Aligned RGBT Pairs: Leverag-
ing LLMs to describe visible images that correspond to in-
frared images and using these descriptions as proxies for
infrared image annotations.

(V) Rule-Based Generation: According to the labels, it
is possible to generate large-scale image-text pairs, but the
drawback is the lack of diversity.

Our proposed solution integrates approaches (IV) and
(V) to balance quality and diversity. Specifically, for
infrared-visible paired images, we utilize LLMs to gener-
ate detailed descriptions of visible images, which are then
adopted as textual annotations for the corresponding in-
frared images. For special scenarios where visible im-
age is insufficient (e.g., nighttime conditions), we employ
Retinexformer [5] to improve observability, which can be
found in Appendix B. In other cases where visible images
present challenges, such as small targets or camouflaged ob-
jects, we employ a rule-based approach to generate image-
text pairs with available annotations, ensuring that the con-
structed IR-TD has correct and clear semantics. To effec-
tively train infrared MLLMs, we partition IR-TD into three
distinct segments: the pre-training subset for incremental
pre-training, the instruction subset for fine-tuning, and the
benchmark for validation. Tab. | provides some fundamen-
tal characteristics of our proposed IR-TD, in comparison



Dataset | ID[14]  IR-TD'
Pre-training image samples 118k 190k
Instruction samples 12k 33k
Benchmark samples 22k 37k
Original datasets 7 63
Benchmark tasks 6 9
Open-source X v
Image authenticity X v
Data Redundancy v X

Table 1. The fundamental characteristics of the IR-TD, along with
a comparative analysis against the closed-source IID in [14].

with the closed-source dataset IID in [14].

3.2. Pre-training Subset Generation

We aggregated 63 publicly available datasets (details in Ap-
pendix H) to collect raw RGBT pairs. To address field-
of-view discrepancies caused by inconsistent camera pa-
rameters (e.g., datasets like [35, 36]), we aligned semantic
content by cropping images based on object locations de-
rived from labels, with examples provided in Appendix J.
This ensured textual consistency between infrared-visible
pairs. We also rigorously resampled datasets to mitigate
redundancy from video-extracted infrared frames (e.g., re-
taining only 1% of VTUAV’s 1.7M images). The final cu-
rated dataset contains 84,284 RGBT pairs. As shown in
Fig. 3(b), visible images were processed by LLMs to gener-
ate descriptive texts, while rule-based methods created 106k
infrared-text pairs using annotations.

3.3. Instruction Subset Generation

The fine-tuning instruction subset, similar to the pre-
training subset, is bifurcated into LLM-based and rule-
based components. The LLM-based portion employs
the same prompts as LLaVA [24] and generates Q&A
pairs based on the descriptive image-text pairs obtained in
Sec. 3.2. This approach facilitates the effective transference
of the LLM’s question-answering capabilities from visible
images to infrared images. Conversely, the rule-based seg-
ment is predominantly task-oriented, crafting Q&A pairs
that align with the task’s framework to bolster the LLM’s
relevance in addressing task-specific queries when con-
fronted with infrared images.

3.4. Benchmark Defination

The benchmark primarily encompasses 9 cross-modal
tasks, designed to comprehensively evaluate the various ca-
pabilities of the model. Details on the establishment of the

IThe dataset is available here.
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Figure 4. Training strategy of IRGPT. (a) Incremental pre-training
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benchmark can be found in the Appendix A. Specifically,

we provide the following definitions:

¢ Recognition: Construct four options, one of which rep-
resents the target category contained in the image, and
require the model to identify the correct target option.

¢ Grounding: Provide a textual description specifying a
target in the image and let model return its bounding box.

* Location: Use text to specify a target category, and re-
quire the model to provide the coordinate locations of all
targets of that category in the image.

¢ Relationship: Determine whether the spatial relationship
described in the text is correct.

e Re-ID: Construct an image using eight samples arranged
in a 2x4 grid, numbered 1-8. Only one sample matches
the identity of the top-left sample, testing the model’s re-
identification capability.

e Security: Construct four options, and require the model
to identify all targets not present in the image.

e Aerial Counting: Vehicle counting via UAV-captured
overhead imagery in roadway and parking lot scenarios.

e Pedestrian Counting: The image contains a large,
crowded group of pedestrians, and the task requires es-
timating the number of pedestrians.

¢ Scene: Construct four options, one of which correctly de-
scribes the scene in the image, and require the model to
select the correct option.

4. IRGPT: Infrared Vision-Language Model

4.1. Model Architecture and Training Strategy

Even with the foundation of IR-TD, it is challenging to
train a large-scale model dedicated to infrared images from
scratch. This difficulty arises primarily due to two factors:
absence of a vision-language pre-trained infrared encoder
and the semantic sparsity inherent in infrared imagery (e.g.
low contrast leading to less informative images). Conse-
quently, our IRGPT will leverage a pre-trained MLLM as a
foundation for transfer learning, enhancing its image com-
prehension and textual expression capability. Our model
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consists primarily of a vision encoder, a base LLM, a text
tokenizer, and a trainable vision projector. As illustrated
in Fig. 4, our training strategy is divided into incremental
pre-training and supervised instruction fine-tuning.

Incremental Pre-training: This phase focuses solely on
training the vision encoder and its corresponding projection
layer. The objective is to adapt the vision encoder to effec-
tively process infrared image inputs while ensuring align-
ment with textual data.

Supervised Instruction Fine-tuning: During this
phase, both the visual projector and the LLM undergo fine-
tuning. Notably, the LLM is fine-tuned with the Low-Rank
Adaptation strategy to prevent the loss of expressive power.

The incremental pre-training process faces challenges
due to the inherent complexity of training data, particu-
larly the varying learning difficulties of infrared-text pairs,
which significantly constrain model quality. To address this,
we propose Bi-cross-modal Curriculum Transfer Learning,
a novel framework that facilitates progressive knowledge
transfer from visible to infrared image understanding.

4.2. Bi-cross-modal Curriculum Transfer Learning
4.2.1. Lesson 1: IR-VIS

The modality gap between infrared and visible images rep-
resents a critical component of sample difficulty. From an
intuitive perspective, we propose to rank infrared images
based on geometric metrics since images more similar to
visible counterparts would be easier to learn for the vision
encoder already adapted to visible images [29, 55]. No-
tably, our observations reveal that infrared images become
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progressively dissimilar from visible images with increas-
ing detection wavelengths. Near-infrared images resemble
grayscale versions of visible images, while thermal infrared
images exhibit fundamentally different characteristics com-
pared to visible images.

Our methodology employs a feature extractor in [23] re-
trained with masking strategies on both infrared and visi-
ble grayscale images to extract discriminative features. To
achieve sample-level distance scoring, individual distance
computation is required. However, the absence of paired
visible counterparts for many infrared images necessitates
an innovative solution. As shown in Fig. 5, we therefore
propose calculating cross-modal distances through intra-
domain distance projection, where the distance from each
sample to the opposite modality is estimated by projecting
intra-domain distances onto the inter-domain direction.

We first compute the domain discrepancy between in-
frared and visible domains using the widely adopted Maxi-
mum Mean Discrepancy (MMD) [9, 10, 21, 39]:
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where || - |2, represents the squared norm in the Reproduc-
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x;is € 27V denote the i-th infrared domain sample and j-th
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Finally, the sample distance score is obtained by project-
ing the infrared sample’s distance vector to the infrared do-
main center onto the inter-domain direction and adding the
domain discrepancy:
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This approach enables effective quantification of cross-
modal sample difficulty while addressing the challenge of
incomplete visible-infrared correspondence. It is worth not-
ing that the distances obtained by this method are not pre-
cise. However, since our goal is to acquire a difficulty rank-
ing of the samples, this approximation is acceptable.

d; = +MMD. 3)

4.2.2. Lesson 2: IR-T

Another critical factor constraining the visual comprehen-
sion capabilities of MLLMs lies in the alignment quality
between visual and textual modalities. Empirical observa-
tions [7, 30] suggest that semantically well-aligned sam-
ples demonstrate superior learnability, whereas premature
exposure to loosely-aligned samples during training may in-
duce oscillatory optimization trajectories that impede effec-
tive model convergence. Consequently, the degree of cross-
modal alignment serves as an essential indicator for assess-
ing sample complexity. Prior research [12, 46] has investi-
gated sample-level assessment of multi-modal alignment re-
lationships, predominantly grounded in early learning prin-
ciples. This theoretical framework posits that deep mod-
els inherently prefer assimilating clean samples over noisy
counterparts during initial training phases.

Inspired by these insights, we implement a pre-warmed
CLIP [30] to establish a discriminative criterion for
infrared-text alignment through its loss values. However,
the observed loss distribution displays pronounced Gaus-
sian characteristics (as shown in Fig. 6) with significant con-
centration around the mean value. This phenomenon ob-
scures the identification of two crucial sample groups. The
first group includes hard samples that require intensive opti-
mization efforts, and the second consists of misaligned sam-
ples that warrant weight attenuation to prevent erroneous
gradient updates. These issues stem from the static loss
measurement from the pre-warmed model, which merely
reflects instantaneous model performance and fails to cap-
ture dynamic learning behaviors.

To address the limitations posed by static loss, we pro-
pose a novel dynamic metric called loss variation rate. This
metric is designed to dynamically assess model learning
progress and optimize training efficiency by calculating the
rate of change in loss as follows:
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where [ and I denote pre-warm-up and post-warm-up loss

values respectively. This adaptive ratio enables dual func-

tionality: 1) suppressing the influence of misaligned sam-

ples through weight modulation, while 2) preserving opti-
mization focus on valuable hard samples.

4.2.3. Curriculum Schedule

The distance scores and alignment scores derived from the
two lessons establish distinct sample rankings from their
respective perspectives. We constructed a comprehensive
ranking of all samples through systematic integration of
these dual sequence rankings. However, the static nature
of sample difficulty in this configuration might compromise
generalization performance. Empirical insights [47, 50]
suggest that introducing stochasticity to difficulty ordering
can enhance model generalization bounds. Following the
classical baby-step [33], we partition the training data into
M tiers based on difficulty levels. During pre-training, tiers
are sequentially ordered by difficulty while implementing
random sampling within each tier. This method achieves
dual optimization objectives: 1) It preserves structured
learning progression while introducing controlled variabil-
ity in difficulty exposure, enhancing the model’s adaptabil-
ity to diverse challenge levels. 2) The stochastic tiered sam-
pling provides inherent error tolerance for potential scor-
ing discrepancies, creating more resilient learning dynamics
compared to deterministic sequencing approaches.

Furthermore, we incorporate the variation rate derived
from Eq. (4) as an adaptive weighting factor to simulta-
neously mitigate misaligned sample impacts and intensify
focus on challenging instances. The final formulation inte-
grates these components through:

“4)

o; )
o (smesy) @0 .
1 705‘. A
140 ( Medan—aqazop ) %<0
1Y ¢
EZ:NZW,'. =Y viclogpicl|, (©6)
i=1 c=1

where Median(-) denotes the median operator and & (+) rep-
resents the sigmoid function.

5. Experiment

5.1. Experiment Setting

Implementation Details. We utilized InternVL2-8B as
the base model and adopted the LoRA strategy for LLM
fine-tuning. During the incremental pre-training phase, the
learning rate was set to le-3 for 1 epoch, while the super-
vised instruction fine-tuning phase employed a learning rate
of 2e-5 for 5 epochs, with a consistent batch size of 32



Model | Scene  Rec.  Gro. Rel. ReID Sec. | psum | Loc. A.C. PC. | nsum
(a) Zero-shot
Pandagpt-7B 2849 45.10 2322 47.75 23.69 22.10 | 190.35 | 39.54 25.19 7829 | 143.02
LLaVA1.5-7B 3589 2311 11.17 23.68 2.6l 18.63 | 115.09 | 83.12 4239 117.22 | 242.73
Qwen2-VL-7B 4980 59.42 2574 56.19 4.62 30.08 | 225.85 | 50.41 18.05 89.12 | 157.58
InternVL2-8B 46.02 77.69 30.05 53.02 7.33 38.19 | 252.30 | 43.29 21.75 60.39 | 12543
InternVL2-26B 6224 7288 3948 5542 8.16 4372 | 281.90 | 38.25 21.68 64.65 | 124.58
IRGPT (anti-CL) 61.29 80.25 27.89 52.66 19.44 4531 | 286.84 | 3522 20.29 5393 109.44
IRGPT (Random) | 63.93 83.38 3391 53.67 28.18 44.11 | 307.18 | 34.99 15.33 47.17 97.49
IRGPT (CL) 65.12 86.28 36.68 58.33 33.55 48.69 | 328.65 | 33.32 13.25 47.30 93.87
(b) Fine-tune
Pandagpt-7B 82.93 99.12 49.04 97.22 4751 9932 | 475.14 | 12.29 1.31 6.13 19.73
LLaVA1.5-7B 80.04 9632 4448 95.11 4289 97.56 | 456.40 | 20.69 1.71 11.66 34.06
Qwen2-VL-7B 83.21 9847 4793 9599 4483 98.84 | 469.27 | 16.44 1.48 7.39 25.31
InternVL2-8B 82.14 97778 47.59 9325 4497 98.76 | 464.49 | 18.70 1.52 6.64 26.85
InternVL2-26B 84.03 98.94 4877 9589 47.09 99.06 | 473.78 | 12.50 1.38 5.68 19.57
IRGPT (anti-CL) 79.89 97.65 42.01 9523 23.09 95.37 | 43324 | 19.02 1.61 5.87 26.50
IRGPT (Random) | 83.89 99.07 50.32 97.13 49.68 99.37 | 479.46 | 9.74 1.12 2.09 12.94
IRGPT (CL) 85.12 99.79 51.58 98.69 50.79 99.82 | 485.79 | 3.32 0.25 0.82 4.39

Table 2. Comparison with other models. Among the 9 task comparisons, there are 6 positive metrics and 3 negative metrics, represented
by positive sum (psum) and negative sum (nsum) respectively. The tasks are denoted by abbreviations with their corresponding full names
in Sec. 3.4. We compared zero-shot and fine-tuned results. The difference is whether models were fine-tuned on our instruction dataset.
The best results are highlighted in bold, and the sub-optimal results are underlined.

across both stages. We train our model with an AdamW
[28] optimizer and a cosine learning rate scheduler.
Evaluation Metrics. Given the diverse output require-
ments across the 9 infrared-text tasks, we implemented dif-
ferent evaluation metrics for each task’s specific charac-
teristics. For Location, Aerial Counting, and Pedestrian
Counting tasks, we calculated prediction errors using MAE.
The Grounding task involving bounding boxes was eval-
uated by mAP@(.5, while other tasks were measured us-
ing accuracy (Acc). For clarity, we aggregate the positive
(psum) and negative (nsum) score metrics separately, where
higher psum and lower nsum indicate better performance.
Compared Methods. We selected five MLLMs for
comparison: PandaGPT-7B [34] (a pioneer in adapting
LLMs to infrared images), LLaVA1.5-7B [24], Qwen2-VL-
7B [37], InternVL2-8B [6] (baseline), and InternVL2-26B
(larger-scale variant). IRGPT comprises three versions with
distinct training strategies: anti-CL (hard to easy), Random
(full randomization), and CL (strategy defined in Sec. 4).

5.2. Main Results

Observed from Tab. 2, our IRGPT model pre-trained with
bi-cross-modal curriculum transfer learning achieves state-
of-the-art zero-shot performance on 7 tasks, outperforming
the baseline InternVL2-8B by 76.35 psum, with a notable
26.22 improvement on RelD tasks. The 31.56 reduction
in nsum suggests enhanced capability in object localization
and counting. After fine-tuning, our method surpasses all
models including the larger InternVL2-26B, achieving the
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highest psum of 485.79 (12.01 over InternVL2-26B) with a
nsum of merely 4.39 (15.18 lower than InternVL2-26B).

Regarding training strategies, our bi-cross-modal cur-
riculum transfer learning demonstrates clear superiority
over random training, achieving a notable improvement of
14.47 in psum under zero-shot settings. However, we ob-
serve that the nsum metric exhibits a marginal decrease of
merely 2.12, failing to demonstrate comparable improve-
ment to psum. Notably, the Random variant achieves supe-
rior performance in personnel counting tasks. We attribute
this discrepancy to the pretraining phase’s primary empha-
sis on image-text alignment, which facilitates object cate-
gory and spatial relation identification, rather than precise
image comprehension and task-specific responses (e.g., lo-
calization and object counting). The anti-CL approach with
inverse difficulty ordering proves particularly challenging,
leading to severe performance degradation. For instance,
in RelD tasks, the fine-tuned model frequently collapses to
the same outputs, completely failing to capture pedestrian
identity characteristics. More experiments and details are
provided in the Appendix E&I.

5.3. Ablation Study

Ablation studies cover curriculum components and sam-
pling strategies. The curriculum ablation results in Tab. 3
demonstrate that removing curriculum and using anti-
curriculum learning both degrade infrared image compre-
hension. Notably, Lesson2 (L.2) shows greater sensitivity to
psum than Lesson1 (L1), as L2 emphasizes image-text sim-



L1 anti-L1 L2 anti-L2 o« | psum nsum
464.49  26.85

v v v | 43324 26.50

v v | 45473 2436

v v’ | 47023 17.29

v v | 456.30 24.59

v v | 466.81 19.33
v v 48136 7.08
v v v | 48579 439

Table 3. The ablation study on the pre-training effects of two
cross-modal lessons. All comparisons here are based on results
after instruction fine-tuning.

|  zeroshot | fine-tune
Schedule

| psum  nsum | psum  nsum
Difficulty-Ascending 309.63 101.90 | 47429 19.24
Difficulty-Descending 286.84 109.44 | 433.24  26.50
Bidirectional Ordering 308.29 105.08 | 469.84 19.53
Random 307.18 97.49 | 479.46 12.94
Descending-Stratified Random | 302.85 103.62 | 470.22 18.92
Ascending-Stratified Random | 328.65 93.87 | 485.79 4.39

Table 4. The ablation study of sampling schedule for batch selec-
tion. Difficulty-Descending/Ascending indicate difficulty-ordered
selection. Bidirectional Ordering balances batch difficulty via al-
ternating directions. ‘-Stratified’ implies difficulty-based group-
ing. Ascending-Stratified Random is our method in Sec. 4.

ilarity whereas L1 prioritizes image quality. Image quality
difficulty affects perceptual accuracy, while alignment com-
plexity impacts semantic correctness.

As shown in Tab. 4, we compare different curriculum
schedules. Our findings reveal that all reverse difficulty-
based strategies adversely affect performance, while ap-
proaches incorporating randomness consistently enhance
model effectiveness.  Notably, even the descending-
stratified random strategy achieves significantly superior re-
sults compared to the difficulty-descending approach.

5.4. Visualization

Sample Difficulty Distribution. We analyze normal-
ized evaluation metric distributions from two experimental
cases. As shown in Fig. 6, the sample distance distribution
exhibits a bimodal pattern, arising from infrared cameras’
predominant use of two spectral bands (thermal imaging
and near-infrared) coupled with significant clarity variations
across datasets. CLIP’s normally distributed losses stem
from the Central Limit Theorem compliance, and infrared-
text alignment noise follows Gaussian distributions. These
statistical properties do not affect difficulty ranking valid-
ity, as our metric relies on relative score rankings instead of
absolute values.

Example of Difficulty Ranking. Fig. 7 presents three
illustrative samples that demonstrate discernible trends in
image quality and text-image alignment. The learning dif-
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Clip Loss
Sample Distance

0.4 0.6 0.8 1.0

Normalized Value

0.0 02
Figure 6. The distribution of difficulty score. The CLIP loss ex-

hibits a normal distribution, while the sample distances show a
bimodal distribution.

No.89589

No.186187

The image shows a key placed on
top of a compact disc (CD). The
CD_appears to be a standard
optical disc, commonly used for
storing digital data such as music.
video, or software. ...

The image contains |
truck.

The image contains 7
cars and 15 people.

Figure 7. Sample pairs with ranking results. Demonstrating varia-
tions in semantic complexity and image quality.

ficulty of the samples exhibits a progressive escalation cor-
responding to ascending rankings. This empirical evidence
substantiates the efficacy of the difficulty metric employed
in our bi-cross-modal curriculum transfer learning frame-
work, where sample complexity shows positive correlation
with hierarchical ranking positions.

6. Conclusion

We introduce IRGPT, the first vision-language model
specifically designed for real-world infrared image under-
standing. Through the development of the large-scale IR-
TD dataset and a bi-cross-modal curriculum transfer learn-
ing framework, our approach successfully addresses the
modality gap between visible and infrared domains while
maintaining authentic semantic representation. The pro-
posed model achieves state-of-the-art performance across
multiple benchmarks, demonstrating superior efficiency
compared to larger-scale counterparts.
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