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Abstract. Despite the advancements of Large Multimodal Models (LMMs)
in RGB vision, their ability to generalize to unseen visual modalities
remains a largely unexplored challenge. We argue that different visual
modalities are merely distinct samplings of the same physical world.
Therefore, effective generalization requires models to possess both modality-
agnostic perception of scene semantics and the adaptability to modality-
specific characteristics. To achieve this, we propose a training frame-
work, VVM-Tuning, to equip LMMs with these capabilities through
modality synthesis and modality contexts. Specifically, we synthesize di-
verse appearance-varied images from RGB scenes, training the model to
disentangle invariant semantics from varying visual appearances, and
align these appearances with language for visual concepts decoupled
from modalities. We then introduce modality contexts in the prompt
and use instruction tuning to assist the model in mapping these appear-
ance variations back to modality-related attributes, enabling zero-shot
adaptation to unseen modalities during inference. To facilitate research
in this direction, we introduce VVM-Bench, a comprehensive bench-
mark featuring 6 real and synthetic modalities to evaluate semantic per-
ception and modality understanding. Experiments demonstrate that, via
our training on synthetic modalities, 5 tested models exhibit consistent
improvements on both real-world and novel synthetic modalities without
in-modality training. Source code and data will be publicly available at
https://github.com/Hunter-Will/VVM-Tuning.
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1 Introduction

Current Large Multimodal Models (LMMs) demonstrate impressive visual per-
formance on RGB images [10]; however, the generalization boundary on other
visual modalities (e.g . infrared, depth, etc.) remains largely unexplored yet. Ex-
isting non-RGB vision in current LMMs primarily depends on the non-RGB data
incorporated during the data scaling process [1,4,33]. This leads to a generaliza-
tion gap when encountering unseen modalities, as the non-RGB vision is built
on in-modality data and limited modality coverage.
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Fig. 1: An overview of our idea. Different visual modalities (Thermal and RGB) are
both signal samplings of our physical world, sharing the same underlying seman-
tics (formed by the person and the car). They also share basic visual concepts, as
the color itself is invariant across modalities. The modality-specific physical meaning
is encoded by the rearrangement and remapping of basic visual concepts. Thus, we
introduce textual context to complement such knowledge during inference.

To address this gap and explore the generalization boundary of LMMs, we
raise the question: Is it possible for LMMs to generalize across versatile visual
modalities without training on in-modality data?

The solution to the problem starts from the nature of visual modalities, as
shown in Fig. 1, though with different appearances, they are essentially digital
signals collected by sensors (thermal and RGB camera in Fig. 1) from the same
physical space. Therefore, images from different visual modalities can be viewed
as distinct samplings of identical real-world scenes. This commonality lies the
foundation for pan-modal generalization, as the understanding of underlying se-
mantics is modality-agnostic. Furthermore, through observation, we find that in
human vision, images from other visual modalities can still be seen even without
understanding the modality. Take Fig. 2 as an example, our brain can still read
the semantics of the image from basic visual elements. This gives us inspiration
that LMMs can learn this process to recognize semantics even without certain
modality knowledge, which we call Modality-unaware Perception. Also, those vi-
sual elements, belonging to general visual concepts, are not completely combined
with semantics. Some of them (like the colors in the thermal image in Fig. 1)
might not be a necessary part for understanding the whole image semantics un-
der this modality-unaware circumstance. Instead, they are supposed to combine
with the physical meaning of the visual modality to achieve a higher understand-
ing of the image, such as the color-coded thermal image in Fig. 1. Although they
can only be understood superficially without modality knowledge, they are still
basic elements of both human vision and machine vision, which are completely
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Fig. 2: An example of how human vision adapts to unseen visual modalities. Our eyes
can capture basic visual elements regardless of modalities, and our brain recognizes
the semantics even through a few visual elements. This demonstrates a compatible
modality-unaware perception, which we could implement in LMMs’ training.

generalized among diverse visual modalities, as long as they are 3-channel digital
images. That means they are still perceivable modality-unawarely, for example,
the thermal color in Fig. 1 can still be understood as colors without knowing
its connection with temperature. We refer to this part that only perceives ba-
sic visual elements without understanding further as photographic perception.
Correspondingly, the part that comprehends underlying semantics is referred
to as semantic perception. Both parts compose a modality-unaware perception
without modality knowledge. This modality-unaware perception demonstrates
a highly possible approach of unseen visual modality generalization; however,
it doesn’t mean that every single visual modality can be understood in the
same way. Different visual modalities have their unique sampling function of
the real world, which is defined by the sensor and signal processing procedure.
This often leads to varying appearances of the same underlying semantics and
usually means a connection between the physical attributes of entities in the
real-world scene and the unique visual appearances in digital images, which is,
of course, different from regular RGB camera images. Besides, non-RGB modal-
ities usually map an additional physical quantity to the color of the image,
known as the pseudo-color [13,28], which actually enriches the meaning of basic
visual elements. Understanding such a connection or mapping requires modality
knowledge, and such modality knowledge is not reachable during training for the
unseen visual modalities in our discussion. Thus, we introduce modality contexts
to complement the modality understanding by utilizing the instruction following
and in-context learning ability of LMMs during inference.

Viewing LMMs’ training from this perspective, we argue that the current
LMMs are largely overlooking the modality-unaware perception. The visual-
language alignment, building primarily on RGB images, doesn’t distinguish the
invariant semantics and varying visual appearances. This would cause an over-
alignment and isolate other visual modalities, as the model needs to learn new
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alignments for each different visual modality incorporated in training. Based on
the above insights, we proposed a novel training framework called VVM-tuning
to: 1) Build up a modality-unaware perception via fabricated images; 2) Enable
the modality-aware understanding of LMMs through modality synthesis.

For the first part, we leverage RGB images to fabricate non-RGB images to
mimic varying appearances from different visual modalities, keeping the seman-
tics invariant from RGB images. Therefore, the model has a chance to learn how
to read invariant semantics through varying appearances. Furthermore, we de-
sign two sets of descriptions and VQA tasks to disentangle the semantic parts and
perceptual parts of the visual-language alignments. By separate alignment, the
model is taught to extract the semantics and keep perceptual elements aligned
with language at the same time, which would benefit the modality-aware under-
standing for reconnecting the physical meanings and visual appearances. Because
of the fabricated image, we can largely diversify the visual appearances of com-
mon scenes; thus, we establish a more general perception of visual appearances,
which leads to a base for modality-aware understanding.

For the second part, we utilize modality synthesis to build a general synthetic
instruction set to train the model with modality contexts. These modality con-
texts are fabricated to construct diverse synthesized visual modalities combined
with the fabricated images. From these synthetic data, the model learns to con-
nect the modality-specific physical attributes to varying visual appearances and
further integrates with the semantics to achieve better modality understanding.
With the combination of the above two parts, we enable the zero-shot generaliza-
tion of LMMs to unseen visual modalities without in-modality data for training.

Finally, we assemble a diverse visual modality benchmark, VVM-bench, con-
taining 6 real and synthesized imaging modalities. From our perspective, this
benchmark evaluates the generalization ability through 11 VQA tasks from
modality-unaware perception and modality-aware understanding, respectively.
Half of the 6 non-RGB visual modalities are collected from VS-TDX [7], and 3
fabricated modalities to mimic unseen visual modalities. Experiments show an
average of 8.2% improvements of perception tasks and 3.8% improvements of
understanding tasks on this benchmark among 5 different base models and in 6
synthesized and real visual modalities for both perception and understanding.

In summary, our contribution can be listed as follows:

– To our best knowledge, we are the first to explore the potential of LMMs to
generalize to unseen visual modalities, and demonstrate a possible approach
through modality context and modality synthesis.

– We introduce synthetic data for other visual modalities and propose a fabri-
cated modality synthesis data pipeline, which can produce diverse fabricated
images and synthesized modality contexts.

– We propose a training framework establishing modality-unaware perception
and modality-aware understanding, and confirm that LMMs can generalize
to other visual modalities via modality synthesis and disentangled tasks.

– We assemble a versatile visual modality benchmark to evaluate the visual
ability and generalization on visual modalities for LMMs.
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2 Related Works

Since the emergence of LLaVA [19], establishing the visual instruction tuning
paradigm, both LMMs and benchmarks targeting their RGB visual capabilities
have seen significant development [10]. However, the generalization boundary of
LMMs to non-RGB visual modalities remains underexplored. Modern LMMs,
such as LLaVA-OneVision [1, 16], Qwen-VL [3, 4, 17], and InternVL [6, 33, 41],
incorporate diverse and abundant visual data, which may contain other modali-
ties in their training subsets like DocQA [24] and ScienceQA [23]. However, their
primary focus remains on scaling data and diversity to improve general visual
abilities, rather than investigating the generalization of unseen visual modality.

Meanwhile, some previous works, such as Imagebind [12] and PandaGPT [30],
also involve thermal and depth images. However, the basic idea of Imagebind [12]
is “binding” other general modalities (audio, text, etc.) to RGB images in order
to eliminate the need for pairwise alignments between these modalities. As a
result, RGB-D and RGB-T paired data are still required during the training
of Imagebind [12], which are not regarded as unseen visual modality and not
within our scope of discussion. Similarly, the cross-modal capabilities discussed
in PandaGPT [30] refer to the zero-shot instruction following ability among 6
seen modalities inherited from Imagebind [12], which is also beyond the discus-
sion. Concurrently, research dedicated to non-RGB modalities has largely been
confined to fine-tuning LMMs on specialized datasets. For instance, Infrared-
LLaVA [14] adapts LLaVA for infrared-specific tasks by tailoring the model to
the infrared modality. SpatialBot [5] focuses on the spatial understanding with
both RGB and depth images, also relying on RGB-D training to inject depth
knowledge. Specialized LMMs, for instance, EarthGPT [38] in remote sensing,
XrayGPT [32] and RadVLM [8] in radiology, are trained with domain-specific
data. Though they also involve multiple visual modalities, they are focusing
on application tasks, leaving their inherent ability to generalize across different
useen visual modalities behind.

This gap is further reflected in existing evaluation suites. Mainstream bench-
marks for general-purpose LMMs, such as MMBench [20], MME [9], MMMU [37],
MM-Vet [35], and SEED-Bench [18], are predominantly centered on RGB im-
ages. While a few recent efforts have extended evaluation to non-RGB modalities
for LMMs, the RGB-Th-Bench [26] focuses on the cross-reference understanding
of RGB-T paired images, ignoring the possible generalization to unseen modal-
ities on general visual abilities. The VS-TDX [7] benchmark evaluates general
visual abilities on 3 modalities, but still lacks focus on the principles and test-
ing of unseen visual modality generalization. Other specialized evaluations, like
MedSG-Bench [36] in medical imaging and RSVQA [21] in remote sensing, are
highly domain-specific and not designed to assess general visual adaptability.
Consequently, there remains a lack of benchmarks tailored to systematically
evaluate the cross-visual-modal generalization capabilities of LMMs. These lim-
itations underscore a critical gap in understanding the true visual versatility of
modern LMMs beyond the RGB vision, motivating our study to investigate their
generalization potential across different visual modalities.
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Fig. 3: An overview of our modality synthesis pipeline, composed of the image synthesis
and modality context fabrication.

3 Methods

3.1 Preliminary

From the base idea of how different visual modalities follow the basic imag-
ing principles to map the real-world scenarios into photos, our method tries to
imitate the same process of how humans understand versatile visual modalities,
which leads to two different abilities: modality-unaware perception and modality-
aware understanding. To equip LMMs with these two abilities, we design two sets
of generated instruction tasks [27] and train the model to learn the adaptabil-
ity from these tasks with fabricated images and modalities. Our VVM-Tuning
mainly follows the paradigm of visual instruction tuning [19]. The training ob-
jective follows the common approach of Supervised Fine-Tuning (SFT), which
involves the Cross Entropy loss function LSFT .

LSFT = −
n∑

i=1

log πθ(yi|X, y1, y2, ..., yi−1), (1)

The whole formalized expression of the training is to optimize LSFT (Ta, Tgt) to
minimize the differences between the generated Ta and the ground truth Tgt.

3.2 Modality Synthesis

Effective generalization requires cross-modal perception and context-guided modal-
ity adaptation, which needs the training data covering versatile modal character-
istics. Thus, we introduce a visual modality synthesis pipeline, shown in Fig. 3.
The pipeline is mainly composed of two parts: 1) image synthesis and 2) modality
context fabrication.
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The first part is to imitate the unique characteristics that differ from regular
RGB photos, such as the pseudo-color pattern [39] and histogram distribution.
Here, we introduce a simple pipeline to fabricate non-RGB images from RGB im-
ages. As shown in Fig. 3, the RGB source images are first converted to grayscale
for histogram adjustments. We apply cubic spline interpolation [25] to randomize
the shape of the histogram [29] and increase the diversity by flipping the whole
histogram randomly. Then the grayscale images are painted with pseudo-color by
randomly applying 22 color maps [40] that are commonly used in scientific com-
puting and visualization. After color mapping, several image augmentations [34],
such as noise injection, smoothing, and blurring, are employed to simulate the
noisy and low-resolution modalities. With such a simple pipeline, we manage to
fabricate diverse images with similar characteristics to the real non-RGB visual
modalities, shown by the examples in Fig. 4.

Besides fabricated images, we also make up corresponding physical meanings
and explanations to compose modality contexts. This is done by two approaches
according to whether there are structure annotations (segmentation mask or ob-
ject information) of source RGB images, shown in Fig. 3. For the images with
annotations, the modality contexts are assembled structure texts by connecting
the color maps with objects in the image by labels such as segmentation masks.
Then, the value interval mapping colors is ascribed with human-made physical
attributes and fit into manual templates to form modality contexts. For the non-
annotated images, we leverage the in-context learning ability of LMM to generate
color and object-related modality context by prompting it to follow manually
written examples. Combining fabricated images and synthesized modality con-
texts results in modality synthesis that contains diverse characteristics to teach
LMMs the varying and invariant features of versatile visual modalities. Further
details of the modality synthesis pipeline can be found in the Appendix.

3.3 Modality-unaware Perception

The foundation of generalizing to unseen visual modalities is an invariant per-
ception ability across them. This ability is called modality-unaware perception,
which contains two parts: 1) the underlying semantic perception and 2) the pho-
tographic perception of basic visual elements. In regular RGB visual-language
alignment, these two parts of perception are usually entangled together, aligned

Fig. 4: Different examples of fabricated images with different color maps produced by
our image synthesis pipeline.
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Fig. 5: An overview of the task construction of VVM-Tuning, including modality-
unaware perception tasks and modality-aware understanding tasks. Starting from our
core insight at the top, the region illustrates the construction of the semantic description
and photographic description tasks to form modality-aware descriptions. Then, the
surrounding VQA tasks are generated from task templates with descriptions.

with the language as a whole. However, when other visual modalities are in-
volved, the entangled perception isolates the shared semantics between visual
modalities due to different appearances. This causes the LMMs need to learn
new alignments for each different visual modality. As the underlying seman-
tics are encoded in different forms of expression by different visual modalities,
we first design scene semantic tasks to equip LMM with the ability to extract
the underlying semantics. Then, photographic perception tasks are involved to
capture unique visual clues introduced by different visual modalities. With the
image synthesis pipeline, the fabricated images are convenient to create the same
semantics with different visual appearances. Based on them, we design several
instructions to train the model to recognize the physical entities in various ap-
pearances and activate the common knowledge with such entities. Furthermore,
the photographic perception tasks ensure the LMM captures the visual details
and remains loyal to the image instead of being confused by semantics.

For better adaptability, both semantic perception and photographic per-
ception are composed of two forms of tasks, image description [15] and visual
question-answering (VQA) [2,19]. As shown in the left part of Fig. 5, they form
four tasks: semantic description, semantic QA, photographic description, and
photographic QA. First, for the semantic description, we leverage the common
semantics of fabricated images and prompt an LMM to extract the overlapped
parts from the description of the RGB image according to the RGB image and
the corresponding fabricated image. That leads to a semantic description that
extracts the shared semantics of fabricated and RGB images. Then, the photo-
graphic description is generated by prompting the LMM to extract the unique
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parts from the fabricated image that are not in the semantic description. How-
ever, due to the lack of perception of these fabricated images, the colors in the
photographic description need to be recorrected by introducing the color names
during the image synthesis pipeline. As for the VQA instructions, we design
11 different sub-tasks for semantic and photographic QA as human-made ques-
tion templates and utilize a large-sized LMM to generate diverse questions and
answers according to RGB images, fabricated images, and corresponding de-
scriptions, respectively. Finally, the questions are randomly organized as a mix
of non-choice questions and choice questions to combine with the descriptions to
create a completely modality-unaware training set. Further details of the task
distribution and templates can be found in the Appendix.

3.4 Modality-aware Understanding

The purpose of this part of VVM-Tuning is to enhance the understanding of
modality contexts. Modality context is a textual prompt, including specific char-
acteristics and physical meanings of the modality of the image. The two ways of
synthesizing modality context are described in Sec. 3.2. The modality-aware un-
derstanding tasks leverage synthesized modality contexts to equip the model with
the ability to understand modality contexts and connect the physical meaning
to specific visual concepts or appearances. Same as the modality-unaware per-
ception, the modality-aware training also consists of image description and VQA
tasks, called modality description and modality QA, shown in the right part of
Fig. 5. The construction of modality description is achieved by leveraging a large
language model to combine the semantic description, photographic description,
and synthesized modality context together to form an image description with
modality knowledge. The modality QA is generated by LMM according to the
modality context and human-made templates. We don’t use the modality de-
scription here as the VQA tasks are concentrated to particular part of the image
and the modality description only provides a general description of the entire
image. However, scene and photographic descriptions are involved to make sure
the LMM for generation understands the non-RGB images enough. The ques-
tion templates of modality QA are specially designed to mainly cover different
circumstances that require a knowledge of the visual modality. Further details
can be found in the Appendix.

3.5 Benchmark

To mitigate the lack of evaluation data and confirm the feasibility of our train-
ing framework, we assembled a benchmark that contains multiple real and syn-
thesized visual modalities to test the perception and understanding abilities of
LMMs. The VVM-Bench, as shown in Fig. 6, is composed of 6 visual modali-
ties and 11 VQA tasks belonging to perception and understanding, respectively.
Among them, three modalities (thermal, depth, and X-ray) are collected from
VS-TDX [7] with minimal changes of output formation to insert modality con-
texts in understanding tasks. The other three modalities are fabricated from
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Fig. 6: An overview of VVM-Bench. Our VVM-Bench contains 6 visual modalities and
11 VQA tasks for perception and understanding evaluation, including 3 real modalities
collected from previous work and 3 fabricated from RGB images.

RGB images, including Optical Flow, Synthesized 1, and Synthesized 2. Specif-
ically, the optical flow images are visualizations of predicted optical flows from
RAFT [31] to serve as signals from an almost entirely new and unknown imag-
ing sensor with real physical meanings. The other two visual modalities are
completely synthesized as unseen visual modalities. The images in Synthesized
1 are fabricated using a style transfer algorithm, StyleShot [11], to apply a visu-
alization style on normal RGB images. As for images for Synthesized 2, we use
the same image synthesis method as described in Sec. 3.2 with changed hyper-
parameters to explore the generative diversity of our image synthesis pipeline.

Our benchmark evaluates two different aspects of LMMs corresponding to our
insights, the modality-unaware perception and modality-aware understanding,
abbreviated as perception and understanding in Fig. 6. The perception aspect
contains 7 sub-tasks, and all tasks focus on the semantics or visual attributes
perceivable without modality knowledge. No modality contexts are provided in
these tasks. Instead, the understanding tasks are all about the modality un-
derstanding or knowledge association with the visual modality, which provides
modality contexts in the prompts. All modality contexts are written by human
and we use choice questions in VVM-bench for the convenience of evaluation.
Detailed task templates and modality contexts can be found in the Appendix.

4 Experiments

4.1 Implementation Details

We have employed the training framework on multiple base LMMs, including
LLaVA-1.5 [19], Qwen2.5-VL [17], and Qwen3-VL [4] with different sizes in our
capabilities. All the experiments are conducted on a 4 NVIDIA A800 GPU server
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with a total batch size of 32. Following the common setting of Supervised Fine-
Tuning (SFT), we apply the AdamW [22] as optimizer and set the learning
rate to 1e − 5. We adopt a single-staged fine-tuning with roughly 50k training
samples in total for 1 epoch, involving all tasks in modality-unaware perception
and modality-aware understanding. To preserve the general abilities of LMMs,
we retain 12k RGB visual instruction data in the 50k training dataset.

Our benchmark follows the common VQA benchmark setting, with the form
of choice questions. To quantify the results, the LMMs are instructed to output
the option’s letter only to calculate accuracy. Specifically, for tasks that need
modality contexts, all modality contexts are inserted between the image and the
question as contexts. Further evaluation details can be found in the Appendix.

4.2 Results of Modality-unaware Perception

The results in Tab. 1 show the VQA accuracy on the perception subset of VVM-
Bench. The results in Tab. 1 report the total accuracy of all samples in each
modality for both baselines and our tuned models. From the results in Tab. 1,
experiments show our VVM-tuning brought an average 8.2% improvement for all
base models among 6 modalities on our VVM-Bench perception subset. Across
all tested models, LLaVA-1.5 gained the biggest average improvement of 13.6%
because of its relatively low base. The 4B model of Qwen-3-VL got the lowest im-
provement, but still exceeded 5%. This exhibits the adaptability of our modality-
unaware perception training among different base models and confirms that the
perception of LMMs on unseen visual modalities still has room for improvement.

Table 1: The results of the Modality-unaware Perception subset of VVM-bench. “∆”
represents accuracy difference between the model we tuned and the baselines. “Average”
shows the average accuracy and difference across all tested modalities. “Average ∆”
shows the average improvements across all tested models for each visual modality.
Note that there is no modality context for this perception subset.

Model Size Collected Visual Modalities Fabricated Visual Modalities AverageThermal Depth X-Ray Optical Flow Synthesized 1 Synthesized 2

LLaVA-1.5 7B 55.6% 62.4% 58.1% 53.2% 70.7% 62.6% 60.4%
LLaVA-1.5 (Ours) 7B 69.1% 69.8% 67.3% 75.4% 85.8% 77.0% 74.1%

∆ - +13.5% +7.4% +9.2% +22.2% +15.1% +14.4% +13.6%
Qwen-2.5-VL 3B 72.0% 67.9% 68.1% 67.2% 83.0% 74.9% 72.2%

Qwen-2.5-VL (Ours) 3B 81.7% 77.1% 77.5% 83.1% 88.9% 83.0% 81.9%
∆ - +9.7% +9.2% +9.4% +15.9% +5.9% +8.1% +9.7%

Qwen-2.5-VL 7B 74.5% 73.3% 75.7% 77.0% 87.1% 81.1% 78.1%
Qwen-2.5-VL (Ours) 7B 79.8% 79.2% 79.6% 88.4% 91.2% 86.4% 84.1%

∆ - +5.3% +5.9% +3.9% +11.4% +4.1% +5.3% +6.0%
Qwen-3-VL 4B 80.6% 77.8% 76.7% 73.0% 81.6% 75.6% 77.6%

Qwen-3-VL (Ours) 4B 82.6% 84.4% 79.5% 81.5% 86.9% 82.1% 82.8%
∆ - +2.0% +6.6% +2.8% +8.5% +5.3% +6.5% +5.3%

Qwen-3-VL 8B 79.8% 78.5% 73.8% 73.3% 82.4% 78.0% 77.6%
Qwen-3-VL (Ours) 8B 82.1% 84.2% 80.3% 86.5% 89.5% 82.1% 84.1%

∆ - +2.3% +5.7% +6.5% +13.2% +7.1% +4.1% +6.5%

Average ∆ - +6.6% +7.0% +6.4% +14.2% +7.5% +7.7% +8.2%
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Table 2: The results of the Modality-aware Understanding subset of VVM-bench with
modality contexts. “∆” represents accuracy difference between the model we tuned and
the baselines. “Average” shows the average accuracy and difference across all tested
modalities. “Average ∆” shows the average improvements across all tested models for
each visual modality.

Model Size Collected Visual Modalities Fabricated Visual Modalities AverageThermal Depth X-Ray Optical Flow Synthesized 1 Synthesized 2

LLaVA-1.5 7b 77.8% 80.3% 72.4% 76.7% 84.1% 84.8% 79.4%
LLaVA-1.5 (Ours) 7b 82.5% 81.2% 79.3% 89.2% 87.6% 89.8% 84.9%

∆ - +4.7% +0.9% +6.9% +12.5% +3.5% +5.0% +5.6%
Qwen-2.5-VL 3b 83.8% 85.5% 83.5% 89.6% 86.9% 91.0% 86.7%

Qwen-2.5-VL (Ours) 3b 89.3% 89.5% 85.9% 93.8% 91.0% 93.8% 90.6%
∆ - +5.5% +4.0% +2.4% +4.2% +4.1% +2.8% +3.8%

Qwen-2.5-VL 7b 86.4% 83.4% 84.1% 84.6% 88.8% 89.8% 86.2%
Qwen-2.5-VL (Ours) 7b 88.5% 90.2% 85.9% 93.8% 91.9% 93.5% 90.6%

∆ - +2.1% +6.8% +1.8% +9.2% +3.1% +3.7% +4.5%
Qwen-3-VL 4b 87.3% 83.8% 84.3% 90.0% 90.0% 91.8% 87.9%

Qwen-3-VL (Ours) 4b 89.6% 87.0% 88.0% 92.1% 90.5% 92.0% 89.9%
∆ - +2.3% +3.2% +3.7% +2.1% +0.5% +0.2% +2.0%

Qwen-3-VL 8b 89.3% 87.2% 83.1% 90.8% 87.9% 91.5% 88.3%
Qwen-3-VL (Ours) 8b 91.6% 91.5% 89.8% 91.7% 90.3% 93.8% 91.5%

∆ - +2.3% +4.3% +6.7% +0.9% +2.4% +2.3% +3.2%

Average ∆ - +3.4% +3.8% +4.3% +5.8% +2.7% +2.8% +3.8%

Meanwhile, although training on synthetic data, all base models show at least
an average 6% improvement on visual modalities with real physical meanings, as
shown in Thermal, Depth, X-ray, and Optical Flow. This confirms the existence
of the generalization foundation, and different real visual modalities do share
commonalities in both semantics and perceptual elements. Also, the performance
on synthesized modalities indicates that this improvement could generalize to
completely unseen visual modalities and further confirm the effectiveness of our
simple image synthesis pipeline.

4.3 Results of Modality-aware Understanding

From the results in Tab. 2, we can observe further improvements on modality
understanding tasks. These tasks focus on understanding the modality context
and linking the modality knowledge and common sense, which is more associ-
ated with the language model in LMM. As shown in Tab. 2, our VVM-tuning
enhanced the ability to utilize modality context and reinterprete the percep-
tual features by a 3.8% average improvement across all models and modalities.
Similar to before, among all baselines, LLaVA-1.5 has the greatest improvement
of 5.6%, and the 4B Qwen-3-VL has the smallest improvement of 2.0%. This
result further confirms the possibility of generalization across diverse unseen vi-
sual modalities. Tested LMMs demonstrate strong potential for learning from
synthesized modalities and adapting to the other unseen visual modalities.

Among the evaluated modalities, the Optical Flow fabricated by us is the
most improved, and the other three real modalities are next to it; our synthesized
modalities get the lowest improvements. This shows that a synthetic gap still
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Table 3: The results of 3 real visual modalities in the understanding subset with/out
modality contexts. “M.C.” is an abbreviation for Modality Context. “∆” represents the
accuracy difference with or without modality context for each model and modality.
“Average ∆” demonstrates the average improvements of providing modality contexts
for each modality across all models.

Model Size Thermal Depth X-Ray
w/o M.C. w/ M.C. ∆ w/o M.C. w/ M.C. ∆ w/o M.C. w/ M.C. ∆

LLaVA-1.5 7b 47.7% 77.8% +30.2% 40.7% 80.3% +39.6% 61.0% 72.4% +11.5%
LLaVA-1.5 (Ours) 7b 63.1% 82.5% +19.4% 43.5% 81.2% +37.6% 73.0% 79.3% +6.3%

Qwen-2.5-VL 3b 76.0% 83.8% +7.8% 54.4% 85.5% +31.0% 79.7% 83.5% +3.8%
Qwen-2.5-VL (Ours) 3b 79.9% 89.3% +9.5% 64.7% 89.5% +24.8% 84.4% 85.9% +1.5%

Qwen-2.5-VL 7b 69.6% 86.4% +16.8% 46.3% 83.4% +37.1% 82.9% 84.1% +1.2%
Qwen-2.5-VL (Ours) 7b 74.5% 88.5% +13.9% 54.3% 90.2% +35.9% 84.1% 85.9% +1.8%

Qwen-3-VL 4b 77.5% 87.3% +9.8% 47.9% 83.8% +35.9% 83.4% 84.3% +0.9%
Qwen-3-VL (Ours) 4b 73.8% 89.6% +15.8% 55.9% 87.0% +31.1% 86.9% 88.0% +1.1%

Qwen-3-VL 8b 71.4% 89.3% +17.9% 53.8% 87.2% +33.4% 82.3% 83.1% +0.8%
Qwen-3-VL (Ours) 8b 79.1% 91.6% +12.6% 70.4% 91.5% +21.1% 88.2% 89.8% +1.6%

Average ∆ - - - +15.37% - - +32.75% - - +3.05%

exists between made-up physical meaning and realistic sensing from the physical
world. However, this gap does not reflect in the perception subset, indicating that
modality meanings are more specific and harder to imitate than their visual
appearances. Nevertheless, the 2.7%-5.8% improvements still support that the
model can learn from synthesized modality contexts to generalize to real visual
modalities and keep the potential for completely unseen visual modalities.

4.4 Ablation Study

We also conduct ablation experiments to further observe the effectiveness of
our training strategy. The first ablation demonstrates the effect of introducing
modality context on real visual modalities. The results in Tab. 3 indicate that
the modality context is important for modality understanding when encountering
unseen modalities, as removing modality context leads to a 32.75% decrease at
most. However, as the data scales of modern LMMs are continuously expanding,
common non-RGB modalities like Thermal and X-ray are inevitably involved
in their knowledge base. Thus, we observe a rising trend as the model size and
date increase in Thermal and X-ray compared to Depth, even without modality
context. Also, the results confirm that our training does not inject modality
knowledge during fine-tuning; instead, improved modality-unaware perception
brought an increase in modality understanding even without modality context.

Further ablation provided a result about the effectiveness of two aspects of
VVM-tuning. In Tab. 4, we conduct an ablation study on our tuned 7B Qwen-
2.5-VL model to explore the influence of modality-unaware perception tasks and
modality-aware understanding tasks. As shown in Tab. 4, both parts are nec-
essary for complete modality understanding. The modality-unaware perception
tasks solely brought roughly half of the total improvement on both perception
and understanding subsets. And the modality-aware understanding training fur-
ther enhances the improvements on the basis of modality-unaware perception.
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Table 4: Ablation results for the modality-unaware perception and modality-aware un-
derstanding in VVM-Tuning on Qwen 2.5-VL 7B model. “Perception” and “Understand-
ing” represent modality-unaware perception tasks and modality-aware understanding
tasks in VVM-Tuning, respectively. Instead, “P” and “U” represent the perception sub-
set and understanding subset in VVM-Bench for evaluation. “Average” shows an average
accuracy across all visual modalities. “%” and “"” indicate whether the corresponding
task set is used or not used during training.

Perception Understanding Subset Collected Visual Modalities Fabricated Visual Modalities AverageThermal Depth X-Ray Optical Flow Synthesized 1 Synthesized 2

% %
P 74.5% 73.3% 75.7% 77.0% 87.1% 81.1% 78.1%
U 86.4% 83.4% 84.1% 84.6% 88.8% 89.8% 86.2%

" %
P 75.3% 75.6% 79.6% 81.7% 90.7% 87.6% 81.7%
U 86.7% 82.5% 86.3% 92.9% 90.3% 91.3% 88.3%

% "
P 76.8% 74.1% 75.4% 74.1% 85.8% 81.7% 78.0%
U 87.6% 85.4% 85.1% 92.1% 88.8% 90.3% 88.2%

" "
P 79.8% 79.2% 79.6% 88.4% 91.2% 86.4% 84.1%
U 88.5% 90.2% 85.9% 93.8% 91.9% 93.5% 90.6%

However, without modality-unaware tasks, the perception base is too weak to
learn the adaptability of modality understanding for unseen visual modalities.
Therefore, the performance nearly drops back to baseline.

5 Conclusion

Through our exploration of unseen visual modality generalization of LMMs, we
have demonstrated that the disentangled alignments of semantics and photo-
graphic perception are effective as a generalization foundation. Via fabricating
images, the modality-unaware tasks equip the model with unified perception
across multiple real and synthesized visual modalities. Furthermore, we intro-
duce modality context in the prompt and enable the adaptation to unseen visual
modalities through modality synthesis. Our experiments have shown that the
training framework is effective on multiple base models and helps them improve
8.2% and 3.8% performance on perception and understanding respectively with-
out in-modality data. Therefore, the results confirmed that generalizing among
versatile unseen visual modalities is possible for LMMs with enough perception
and modality contexts. We also propose a benchmark to evaluate LMMs’ gen-
eral abilities on diverse visual modalities. We hope our efforts could facilitate
the research on the visual modality adaptation of LMMs.

This attempt also gives us a new view of understanding the underlying mech-
anism of LMMs’ vision. By distinguishing the differences and commonalities be-
tween visual modalities, we have the idea of separating shared semantics and
photographic elements, which leads to a rethinking of machine vision: Do LMMs
understand the difference between the image and the real world behind it? Or
is its “real world” just the image? We wish this could inspire others to a deeper
understanding of LMMs’ visual abilities and continue to explore the boundaries
of LMMs’ vision.
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