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Abstract

Multimodal large language models (MLLMs) have demonstrated impressive ca-
pabilities across various vision-language tasks. However, a generalist MLLM
typically underperforms compared with a specialist MLLM on most VL tasks,
which can be attributed to task interference. In this paper, we propose a mixture of
multimodal experts (MoME) to mitigate task interference and obtain a generalist
MLLM. Our MoME is composed of two key components, a mixture of vision
experts (MoVE) and a mixture of language experts (MoLE). MoVE can adaptively
modulate the features transformed from various vision encoders, and has a strong
compatibility in transformation architecture. MoLE incorporates sparsely gated
experts into LLMs to achieve painless improvements with roughly unchanged
inference costs. In response to task interference, our MoME specializes in both
vision and language modality to adapt to task discrepancies. Extensive experiments
show that MoME significantly improves the performance of generalist MLLMs
across various VL tasks.

1 Introduction

Recently, Multimodal Large Language Models (MLLMs) [39} [35) 148} 131, [67]] have witnessed re-
markable progress. With the help of Large Language Models (LLMs) [[13} 63\ [1] and Modality
Encoders [50, 30} 117, 152,70, MLLMs demonstrate excellent multimodal comprehensive abilities,
especially in solving a wide range of vision-language (VL) tasks [3} /42,137,155 57,56l], such as Image
Cpation, Visual Question Answering, Referring Expression Comprehension, and Optical Character
Recognition. However, it is increasingly acknowledged that a generalist MLLM tends to have lower
performance compared to a specialist MLLM on most VL tasks [12, 8], as depicted in Fig. (1] (a).
This phenomenon can be attributed to task interference, a fundamental and crucial issue in multi-task
learning [16, 141} 164].

There are some preliminary attempts [15} 16} 112, 5} 18, IS8]] to address this issue in instruction-tuning
MLLMs. The most promising direction [12} 5 18| 58] among these attempts is to use a mixture of
experts (MoE) in MLLMs, aiming for each expert to specialize in several tasks. However, these
works only investigate MoE in LLMs and primarily concentrate on textual differences between
tasks, overlooking the equally important visual information. As shown in Fig.|l|(b-c), we analyze
the distribution of various VL tasks across both vision and language modalities. It is evident that
images from different groups of VL tasks exhibit distinct feature distributions, as do texts. Inspired
by this observation, we argue that handling task interference needs to comprehensively exploit task
differences in both vision and language modalities.
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Figure 1:VL data distribution visualization and model performance comparisons.Experimental

results in (a) show that a generalist model trained on a mixed dataset underperforms most specialist
models trained on separate task groups. The feature distributions visualized in (b) and (c) show
signi cant discrepancies across VL tasks in both images and instructions.

To mitigate task interference, we devise a Mixture of Multimodal Experts (MoME) and integrate it
into MLLMs. Our MoME consists of a Mixture of Vision Experts (MoVE) for adaptively aggregating
features from various vision encodei2[[17,[50], and a Mixture of Language Experts (MoLE) for
leveraging multiple sparsely-activated parameter-ef cient adapters. To avoid feature mismatch in
different vision encoders, we propose an adaptive deformable transformation (ADT) module in MoVE
and use it to transfer features of vision encoders into a uni ed-length sequence of feature vectors. Our
ADT module combines adaptive average pooling and deformable atteftipto[obtain compressed

and self-enhanced visual features. After feature transformation, our MoVE uses an instance-level
soft router to modulate and aggregate transformed visual features according to the instructions. Our
MoLE introduces several parameter-ef cient adapté}saf experts and integrates them by using an
instance-level sparsely-activated router. Due to the utilization of adapters, MoLE can be integrated
into each feed-forward network layer of an LLM and only incurs a few computational costs with
consistent performance gains.

To comprehensively evaluate the multimodal understanding ability of MOME, we collect an amount of
VL tasks to form an instruction-tuning dataset and split them into four groups. Extensive experiments
show that both MoVE and MoLE can consistently improve performance across all groups of tasks.
Notably, MoVE can achieve an average performance gain of 12.87 points across all VL tasks, and
improve by over 20 points on the "Document” group. Furthermore, we visualize the expert load
distributions of MoVE and MoLE across various tasks. The experts in both MoVE and MoLE exhibit

a relatively clear specialization in different groups of VL tasks. For example, the "Document” group
of tasks has a strong preference for the "Pix2Struct" vision expert. The expert specialization is strong
evidence to demonstrate that our MOME dynamically selects experts to adapt to task differences and
mitigate task interference.

Our main contributions are summarized as follows:

» We propose MoME by simultaneously designing mixtures of experts tailored for both the vision
encoder and the LLM, resulting in generalist MLLMs with the ability to combat task interference.

» Through statistical analysis, we demonstrate that our MOME specializes in both vision and language
modality, effectively adapting to the varying requirements of different VL tasks.

» Extensive experiments show that our MOME possesses excellent multimodal understanding abilities
and achieves superior performances across various groups of VL tasks.

2 Related Work

2.1 Vision Encoders in MLLMs

Vision encoders play important roles in the perception ability of recent MLLMs by encoding visual
information into visual tokens, enabling LLMs to understand information on visual modalities. Most
Multimodal Large Language Models (MLLM) use CLIP-Vib2] as their vision encoder to provide

the basic image-level perception of an image for LLMs, which is useful for tasks such as image
caption and general VQA. However, Tong et &2][have found that CLIP-VIT struggles to encode
some visual patterns, severely limiting perception and preventing MLLMs from becoming generalist.



To alleviate this, recent work838, 62, 27] integrated different vision encodersd, 17, 50, 70, 29

into a single MLLM, which enhanced the perception of MLLM. However, none have effectively
mitigated the interference among different visual features, resulting in sub-optimal utilization of each
encoder. Differently, we explore the task differences and propose MoVE to perform self-enhanced
transformation and adaptive routing among features from different encoders, achieving consistently
high performances across vast VL tasks.

2.2 Mixture of Experts in Large Models

Mixture of Experts (MoE) 24] is a type of structure with multiple expert networks working together,
where each expert is responsible for a part of the knowledge space. By only activating speci ¢ experts
adaptively during inference, MoE can reduce resource consumption and enhance reasoning speed,
which is useful for LLM. Existing MoE LLM [L8, 26, 14] usually replace the feed-forward network

(FFN) with the MoE layer. Each MoE layer consists of a router and multiple expert networks and
each token is assigned to several expert networks by the router. MoE LLMs tend to outperform dense
models with the same inference activate parameters.

In addition to its effectiveness in foundation models, some watRsd, 58, 20, 32] have utilized

MoE in the visual instruction tuning3p] phrase of MLLMs to mitigate task interference, aiming for
each expert to specialize in several tasks. Some of them replicate the original FFN in LLMs, while
others insert multiple low-rank adaptatia??] modules in parallel with the original FFN, converting
LLM into multi-expert architecture. However, they primarily concentrate on LLM but overlook task
interference within the visual perceiving process of MLLMSs. In contrast, we comprehensively exploit
task interference in both vision and language modalities and propose MoME to mitigate them with
specialized vision and language experts.

3 Methods

To design a generalist MLLM with powerful multimodal understanding capabilities, we begin by
analyzing task interference, a common challenge in current MLLMs (Section 3.1). Then, we propose
our Mixture of Multimodal Experts and introduce its main components in Section 3.2.

3.1 Analysis of Task Interference

Task interference is a fundamental and crucial issue in multi-task learning. As current generalist
MLLMs are trained with a number of tasks, they naturally suffer from this issue especially when the

number of tasks increases. To investigate this issue in a scenario of MLLMs, we will analyze the
feature distribution and the performance change of MLLMSs on a tailored instruction-tuning dataset.

To demonstrate the external manifestations of task interference, we rst construct a mixed instruction-
tuning dataset with various VL tasks and split all tasks into four groups. The performance comparisons
between MLLMs trained on the mixed dataset and each task group are illustrated in Fig. 1 (a). Itis
shown that a generalist model trained on the mixed dataset underperforms specialist models on three
task groups. We conclude that the generalist model suffers from a notable task interference problem.

In the era of Large models, there are some attempts to handle task interference from various perspec-
tives, such as instruction, architecture, and dataset con guration. Here, we focus on the mainstream
direction, architecture design, and try to explore a robust architecture to combat task interference.
In terms of architecture, most existing works prefer a mixture of experts in LLMs. The experts can
be feed-forward networks or parameter-ef cient modules. However, we argue that this paradigm of
architectural design is sub-optimal as visual and textual information should be given equal importance.

In Fig. 1 (b-c), we investigate the feature distribution of various task groups on vision and language
modalities, respectively. All samples of each task group are fed into vision and text encoders to
produce modality features. These features are transformed by using PCA and then visualized to show
the distribution. We observe that the feature distributions of different task groups exhibit signi cant
differences in both the vision and language modalities. As mentioned above, the textual differences
can be addressed by multiple experts in LLMs, but visual differences lack effective handling. In
the following section, we will introduce our Mixture of Multimodal Experts, which simultaneously
handles visual and textural differences between tasks to mitigate task interference.



Figure 2:The overall architecture of the proposed MoME.The model obtains compressed and self-
enhanced visual features from distinct vision encoders through adaptive deformable transformation
(a) and aggregates them by dynamic routing (b). The MoLE blocks (c) are integrated into each FFN
layer of LLM to improve multitasking capability with little cost.

3.2 Architecture

As illustrated in Figure 2, we present our novel MOME architecture that dynamically mixes vision
and language experts. The proposed architecture aims to adaptively aggregate visual information
(3.2.1) and select LLM pathways (3.2.2) based on the given instructions.

3.2.1 Mixture of Vision Experts

Before introducing our MoVE architecture, we will present a

pilot study that inspires us to design MoVE. Speci cally, we

design three MLLMs (consists of vision encoder, projection,

and LLM), which share the same architecture except vision en-

coders. These three MLLMs use three distinct vision encoders,

CLIP, DINOv2, Pix2Struct, respectively. After training them

using the same data and strategies, we found that MLLMs with

different vision encoders excelled in speci ¢ tasks, as presented

in Fig. 3. the MLLM with CLIP-ViT is good at general tasks

and regional caption tasks. the MLLM with DINOv2 excels. ) .

in REC, a visual grounding task. the MLLM with Pix28truc?'.gure. 3: Comparison of MLLMs
is outstanding in text-intensive document understanding ta¥@t? different vision encoders.
However, each model had weaknesses and none could achieve

uniformly excellent performance across all tasks.

Inspired by the above study, we propose MoVE to combine various off-the-shell vision encoders and
effectively align and aggregate their visual features. The key components in MoVE are an adaptive
deformable transformation module and an instruction-based soft router. The former aims to align the
features from various vision encoders, and the latter seeks to modulate and aggregate transformed
features based on the instructions.



Adaptive Deformable Transformation. Given the diversity in architecture and training methods

of different vision encoders, the issue of mismatched visual representations in terms of sequence
length and feature space becomes signi cant. While current resea®®ex/[ 33] often focus

on models like CLIP-ViT §2] and DINO [5Q], which share similar data processing pipeline, the
mismatch problems are less important and frequently overlooked. However, the aspect ratios of
Pix2Struct BQ] feature shapes vary depending on the input image. Simply combining them through
padding and addition will lead to the misalignment among visual tokens and the damage of visual
information. To tackle this challenge, we innovatively design an adaptive deformable transformation
(ADT) module that effectively transforms features from diverse vision encddiets a uni ed-length

feature sequend& ensuring more coherent and informative visual representations for subsequent
aggregations.

As illustrated in Fig. 2 (a), the ADT module consists of a 2D adaptive pooling layekMadéformable
attention layers)). It attempts to automatically select the corresponding information from original
featured to re ne the coarse features obtained by 2D adaptive podi(ig),

f'= DM (D(f);f) )

Inspired by Deformable DERT/[l], we choose deformable cross-attention for its 2D sampling
mechanism, which is ideal for interactions among visual feature maps of varying shapes. Meanwhile,
it converges fast and has computational and memory ef ciency. Speci cally, each deformable layer
consists of a self-attention layer, a deformable cross-attention, and a feed-forward layer. The crucial
select operation occurs in the deformable cross-attention layer, which takes the output of the upper
self-attention as query 2 R- ©, samples the original feature ma@2 R" W € and outputs
resultO 2 Rt €. In this module, the rst step is to generate attention weigh® R- N» Ne and

L sets of 2D sampling points, denotedmérom the input querieq. For each set, there ay, N,

points, whereNy, signi es the number of attention heads aNg represents the number of points
sampled by each head. The sample points and attention weights generation process is as follows,

Pik =(Pp(d)k + Ri);i2f1;::Lgj 2L Nag; k21150015 Npg 2
w = Py (0 3)
whereP denotes the linear projector aRd2 R- 2 is a learnable vector called reference point. Then,
the corresponding information is sampled by attention heads from the value featur® (haps

projected and split on the last dimension for each head. The sampling mechanism of each attention
head is as follows,

Ko
0j = Wik SampléP, (f )j;pik );i 2f1;::05Lgj 2f 101, Nwg (4)
k=1
The results of multiple attention heads are concatenated and projected to obtain the outpuDfeature
which is the input of subsequent feed-forward layer.

O = Po(0) (5)

Instance-level Soft Router. Since images from different groups of VL tasks exhibit distinct feature
distributions, there is no one- ts-all strategy to aggregate them. To address this, we propose to
generate a customized fusion ratio for each sample based on its instruction.

Speci cally, we devise an instance-level soft rout&y, as depicted in Fig 2 (b). The router generates
corresponding ratios for the visual representations from different vision encoders, followed by a
weighted sum of these visual representation featfiyeghich can be formulated as,

Gs(1) = SoftMaxWaz( (W1l + by)) + bp) (6)

X
F= Gs(I) fi (7
i=1
whereN is the number of vision experts anddenotes GeLUZ1]. The router is a multilayer
perceptron (MLP) followed by a SoftMax layer to ensure that the sum of the weights equals 1. The

instruction is rst passed through Sentence-BERT|[to extract sentence embeddihgwhich is
then fed into the router.



Table 1:Comparison of various MoVE strategies."Gen." and "Doc." respectively denote average
performances on General and Document. "Avg." means the average of the four group scores. The
best performances are marked as bold.

Strategy Performance
# | Encoder Transformation ~ Aggregation Gen. REC REG Doc.| Avg.
1| CLIP AvgPool - 75.04 61.42 58.79 30.8456.52
2 | DINO AvgPool - 66.09 7152 5558 22.1053.82
3 Pix AvgPool - 40.75 39.26 32.11 47.0539.79
4 | MoVE AvgPool Addition | 70.36 74.89 5755 32.8858.91
5| MoVE ADT Addition 7435 76.93 61.01 39.2862.88
6 | MoVE ADT Router 79.05 81.92 63.82 52.77 | 69.39

3.2.2 Mixture of Language Experts

We introduce MoE architecture in LLM, aiming for each expert to specialize in several tasks.
However, conventional MoE methods typically incorporate multiple parallel FFN layers in one block,
signi cantly increasing training costs and memory consumption. To meet the multi-task learning
needs in the instruction tuning stage, we incorporate several parameter-ef cient adajperslel

to FFN. Each adapter enhances the original FFN with task-speci ¢ understanding capabilities, thus
effectively enhancing the multitasking abilities with a few computation costs.

We insert an MoE block parallel to each FFN layer in LLM. As depicted in Fig. 2 (c), The MoE
block consists of several low-rank adapters and an instance-level sparsely-activate@Ggodtee
adapter is designed as a bottleneck structure for computational ef ciency, featuring a down-projection
layer Pgown , @ ReLU layer , and an up-projection layé?,,. Moreover, a learnable scalaris
multiplied in the output to weigh the importance adaptively. The whole low-rank adaptation process

is as follows,
y=s I:)up( (Pdown (X))) 8)

The router is an MLP network followed by a top-1 gate function to ensure the output is a one-hot
vectorG(l) 2 f 0; 1g¥ . The router generates the selection based on the sentence embédasegs
in MoVE. Each sample is routed to the corresponding adapter to calculate the adapten) wdlich
can be further added to the output of the original FFN. The whole process of the MoLE block is as
follows,

X

0= Gn(h)k Y
k=1

where K denotes the number of experts.

C)

4 Experimental Results and Analysis

We collect 24 datasets and categorize them into four groups for instruction-tuning and evaluation, the
details of which can be found in Appendix B.

4.1 Analysis on MoVE

We conduct experiments on MLLMs with different vision encoders under the same training strategy
to verify the effectiveness of the two key components in MoVE: ADT and router. Experimental
results are summarized in Table 1. We take the multitasking performances of MLLMs with a single
vision encoder as our baselines. The adaptive average pooling is applied to the visual representation
from DINO and Pix2Struct, ensuring that the lengths of visual tokens fed into LLM are consistent.
Experiments #1-3 show that MLLMs using CLIP, DINO, and Pix2Struct as vision encoders exhibit
distinct strengths in General, REC, and Document tasks, respectively. Moreover, in the REG task,
which requires both captioning and visual grounding abilities, the performance of MLLMs with CLIP
and DINO signi cantly surpasses that of those using Pix2Struct. We can conclude that a single vision
encoder cannot meet the visual perception needs of all tasks.



Figure 4:Distribution of vision experts routing results. In each bar, the lengths of different colors
represent the frequency with which each expert is selected.

To make different vision encoders work together in perception, we rst aggregate different visual
representations by addition (#4). The average performance does improve compared with models
with single vision encoders (#1-3). However, such a straightforward method does not bring much
improvement, and even some sub-items have declined. This is due to the mismatch and interference
among different visual features, which severely compromise their respective visual information. To
make visual features aligned well and reduce information loss, we rst replace the pooling with the
proposed ADT network. As demonstrated in Experiment #5, ADT consistently enhances performance
across four task groups, yielding an average improvement of 4 points. Based on the transformed
visual features, we further replace the naive addition mixture process with the router to modulate and
aggregate them adaptively according to instructions (#6). This achieves an impressive performance
that signi cantly outperforms the addition method and the methods with a single vision encoder across
all sub-tasks. Additional experiments on the deformable mechanism can be found in Appendix C.
These experimental results prove that ADT and router are crucial and effective components of MoVE
to mitigate interference and optimally utilize the capabilities of each visual expert.

Visualization of Routing Results. To provide a deeper understanding of the MoVE's adaptive
routing process, we visualize the routing outcomes across various tasks. Since the feature scale
varies across different vision encoders, we cannot directly consider the output of the router as expert
importance. Instead, we integrate the output features from vision encoders, taking the magnitude of
the weighted feature vector as the importance metric. Because the nal aggregated result will lean
towards the side with the larger magnitude.

As displayed in Fig. 4, for tasks that involve text recognition and graph understanding, such as
ChartQA and DocVQA, the features from the Pix2Struct encoder are dominant. In contrast, the
model utilizes more CLIP features in image-level VQA tasks like COCOCaditjnNoCaps £],

and Flickr30K pB9]. Notably, for TextCapsg9], a task that requires two kinds of visual information,

the router shows a preference for balancing the CLIP and Pix2Struct branches. For tasks that focus
on visual grounding ability like RECAR], and REG B7], the model uses more DINO features to
perceive region-level visual information. These observations indicate that MOVE can adaptively
modulate the features transformed from various vision encoders.

4.2 Analysis on MoLE

We conduct ablation experiments to explore the best practice of MoLE, which are summarized
in Table 2. We take the model with a single adapter in each FFEN (#1) as baseline, which suffers
severe task interference. Then, we replace the plain adapter with MoLE. As summarized in Table 2
#2-4, we test three kinds of MoLE routers with different inputs: token hidden states (MoLE-T),
sentence embedding (MoLE-I), and a mixture of both (MoLE-IT). The token hidden states and
sentence embedding are concatenated on the last dimension as the input for the MoLE-IT router.
The experimental results indicate that all MoLE variations outperform the plain adapter, with the
sentence-embedding-based router achieving the highest average performance.

We also explore two strategies for expert load balance in MoLE, which are tabulated in Table 2 #5-6.
MoLE-I+GS introduces variability to the router by adding Gumbel-distributed noise to the 12§]ts [
aiming to prevent certain experts from never being selected. MoLE-I+LB uses auxiliaryl 8gs [



Table 2:Comparison of different MoLE con gurations "-T", "-I", and "-IT" respectively represent
MoLE with routers based on token, instance, and both. "GS" and "LB" represent the implementation
of Gumble Softmax [25] and Load Balance [18] based on the MoLE-I, respectively.

#| VE |LE | Gen. REC REG Doc/| Avg.
1| CLIP | Adapter | 7450 63.80 59.24 31.7857.32
2| CLIP | MOLE-IT 7561 6563 59.17 32.4658.22
3| CLIP | MoLE-T 75.35 66.09 58.09 32.1257.91
4| CLIP | MOLE-I 75.62 66.95 60.90 32.27 | 58.94
5| CLIP | MOLE-I+GS | 74.87 63.97 59.00 31.6957.38
6| CLIP | MOLE-I+LB | 75.42 64.74 59.48 32.0557.92
7 | MoVE | Adapter 79.05 8192 63.82 52.77| 69.39
8 | MOVE | MoLE-| 79.65 8158 64.83 53.69| 69.94

Figure 5: Distribution of language experts routing results. The gures depict the expert load
conditions of four selected datasets. In each bar, the lengths of different colors represent the frequency
with which each expert is selected.

impose load balancing. However, we nd that these methods are not suitable for our MoLE as they
perform worse than the plain MoLE-I con guration.

Through comprehensive comparative experiments, we choose MoLE-| as the default con guration for
MoME. By training based on the MoVE model, MoME further enhances the multitasking capability
of MLLM, as shown in Experiments #7 and #8.

Visualization of routing results. To provide a deeper understanding of our MoLE module, we
sample several instances from each dataset and calculate their average routing outcomes. In Fig. 5,
we present the expert load conditions of four selected datasets, each representing a kind of VL task.
At the beginning, the router assigns equal probabilities to each expert as it is randomly initialized.
However, after training, the routing distributions of MoE blocks vary signi cantly across tasks, as
shown in Fig. 5. This means the language experts in our MoLE module gradually specialize in distinct
task domains during training. In the inference process, the router adaptively chooses the optimal
expert to achieve strong multitasking capabilities. Meanwhile, we can observe strong resemblances
in the expert routing results of similar tasks, which are further analyzed in Appendix D.

4.3 Comparison with state-of-the-art MLLMs

We summarize the evaluation results of MOME and other MLLMs with similar resource consumption
on popular VL tasks in Table 3. The results show that our MOME method achieves promising
outcomes on most datasets compared with other generalist and MoE MLLMs, especially on TextCaps,
Flicker30K, and IconQA.

4.4 Qualitative Analisys

We present several visualized examples of our MOME model from distinct dataset groups along with
their MoVE and MoLE routing results in Fig. 6. In the REC case, DINOv2 accounts for nearly 50%
among vision experts, providing ne-grained visual information. So the model can recognize the blue



Table 3:Comparison with state-of-the-art MLLMs with similar resource consumption. MoME
achieves superior performances on most datasets and is capable of a broader range of VL tasks.

Doc Chart Text | Text Flickr Icon Ref
Model VOA QA Caps|VOA 30K QA VSR GQAl ~oco
Shikra-7B [7] - - - - - - - - 80.2
Ferret-7B [68] - - - - - - - - 82.5
IBLIP [15] - - - 50.7 82.4 43.1 54.3 49.2 -
LLaVA-v1.5 [35] - - - 58.2 - - - 62.0 -
LION [5] - - 108.8]| - 87.4 5489 738 516 -
DocPedia [19] 47.1  46.9 - 60.2 - - - - -
MoE-LLaVA [32] - - - 50.2 - - - 61.1 -
MixLoRA [58] - - - 40.0 - - 51.2 - -
MoCLE [20] - - - 571 819 463 647 493 -
LLaVA-MoLE [8] | 30.0 424 - - - - - - -
MoME 50.8 57.2 130.8| 532 946 614 619 59.7| 832

Figure 6: Visualization of samples along with their routing result distributions. The MoVE
distributions on the left represent Pix2Struct, DINOv2, and CLIP-VIT from top to bottom. MoLE is
on the bottom, with different colors indicating different experts.

car in the background and provide its precise bounding box. The Pix2Struct branch accounts for over
70% in the Document case for structured text understanding. The REG case utilizes information from
both the CLIP-ViT and DINOV2 to locate objects and generate captions. In contrast, the conventional
caption task in the General group only requires an image-level perception, so the CLIP-VIT is
dominant. Remarkably, we can observe signi cant differences among the MoLE routing results.
These examples show how MoME selects vision and language experts to adapt to various tasks.

5 Conclusion

This work investigates task interference when training a generalist MLLM across various VL tasks.
To mitigate it, we propose MoME, which specializes in both vision and language modality to adapt
to task differences. Extensive experiments validate the ef ciency of MOME as a generalist MLLM.

However, due to the limitations of computing resources, We have not yet expanded our approach to
more data and more modalities for experiments. Nonetheless, we believe that the proposed MoME is
versatile and can be applied to constructing generalist models in a wider range of multimodal domains.
We hope MoME will inspire new research in general-purpose multimodal Al and its applications.
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