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Abstract

Multi-modal Large Language Models (MLLMs) have
demonstrated impressive instruction abilities across various
open-ended tasks. However, previous methods primarily fo-
cus on enhancing multi-modal capabilities. In this work,
we introduce a versatile multi-modal large language model,
mPLUG-OwI2, which effectively leverages modality collab-
oration to improve performance in both text and multi-modal
tasks. mPLUG-OwI2 utilizes a modularized network design,
with the language decoder acting as a universal interface for
managing different modalities. Specifically, mPLUG-Owl2
incorporates shared functional modules to facilitate modal-
ity collaboration and introduces a modality-adaptive module
that preserves modality-specific features. Extensive experi-
ments reveal that mPLUG-OwI2 is capable of generalizing
both text tasks and multi-modal tasks and achieving state-of-
the-art performances with a single generic model. Notably,
mPLUG-OwWI2 is the first MLLM model that demonstrates
the modality collaboration phenomenon in both pure-text
and multi-modal scenarios, setting a pioneering path in the
development of future multi-modal foundation models.

1. Introduction

Large Language Models (LLMs) such as GPT-3 [5], LLaMA
[52, 53], and GPT-4 [43] have garnered significant at-
tention due to their exceptional generalization abilities in
text understanding and generation. To facilitate the vision-
language applications, GPT-4V' [42] has recently demon-
strated impressive multi-modal capabilities in diverse tasks,
e.g., description , question answering, etc., sparking inter-
est among researchers in the potential convergence of the
vision-language field. This has led to the emergence of a
group of Multi-modal Large Language Models (MLLMs)
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Figure 1. Comparison between existing MLLMs and our pro-
posed model. (a) Previous approaches utilize a standard language
decoder (i.e., LLM) to manage different types of instructions, lead-
ing to modality interference and performance degradation. (b)
We introduce mPLUG-OwI2, which uses a modality-adaptive lan-
guage decoder to handle different modalities within distinct mod-
ules while sharing some parameters for modality collaboration.
This approach mitigates the issue of modality interference.

[4, 14, 28, 35, 61, 62, 64, 71], which aim to enhance LLMs
with the ability to understand and handle visual problems.

Previous studies [25, 58] in multi-modal learning suggest
that different modalities can effectively collaborate, thereby
enhancing the performance of both text and multi-modal
tasks simultaneously. However, MLLMs is a unified model
that supports different modalities and tasks without fine-
tuning for specific tasks. Recent works utilize cross-modal
alignment modules (e.g., Q-former [14, 28, 71] and linear
layer [9, 35]) to map visual features from the vision encoder
into the frozen LLMsS to carry out multi-modal tasks by lever-
aging preserved language capabilities. This strategy, unfor-
tunately, restricts the potential of modality collaboration. As
a result, some researchers [35, 64] opt to fine-tune LLMs
during multi-modal instruction tuning. While fine-tuning
significantly improves multi-modal tasks, it risks weaken-
ing text task performance [15]. As illustrated in Figure 1,
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the challenge of modality collaboration in MLLMs is from
applying a single module to balance the gain of modality col-
laboration and modality interference, where modalities may
interfere with each other on a large number of instruction
datasets across multiple modalities.

To mitigate this challenge, we present a new general-
purpose multi-modal foundation model, mPLUG-Owl12, in
this work. Our model features a modularized network design
that takes both modality collaboration and modality interfer-
ence into account, using the language decoder as a universal
interface for managing multi-modal signals. Specifically,
mPLUG-OwI2 incorporates certain shared functional mod-
ules to promote modality collaboration and introduces a
modality-adaptive module that serves as a pivot across dif-
ferent modalities. Therefore, vision and language modal-
ities are projected into a shared semantic space for cross-
modality interaction, while the proposed module helps pre-
serve modality-specific features. With our novel archi-
tecture, modalities with varying information densities are
shielded from modality interference due to the modality-
adaptive module and can collaborate effectively in captur-
ing shared information. Furthermore, we introduce an inno-
vative two-stage training paradigm that consists of vision-
language pre-training and joint vision-language instruction
tuning. This paradigm trains the vision encoder across two
stages, enabling it to capture both low-level and high-level
semantic visual information more effectively.

Extensive experiments illustrate the effectiveness and
generalization abilities of mPLUG-OwI2, which achieves
state-of-the-art performance on 8 classic vision-language
benchmarks using a single generic model. Furthermore,
it either first or second in performance on 5 recent zero-
shot multi-modal benchmarks, underscoring its adaptability
and proficiency in multi-modal instruction comprehension
and generation. In addition to its cutting-edge performance
in multi-modal tasks, mPLUG-OwI2 also achieves state-of-
the-art results on multiple pure-text benchmarks. More-
over, we provide in-depth analysis to demonstrate and vali-
date the impact of modality collaboration through our pro-
posed modality-adaptive module, especially in enhancing
text tasks, including understanding, knowledge, and rea-
soning. Finally, comprehensive ablation studies validate
the effectiveness of the proposed MLLM training paradigm,
which can help inspire the development of future multi-
modal foundation models.

2. Related Work

Multi-Modal Large Language Foundation Models. The
successful application of Large Language Models (LLMs)
has paved the way for developing several approaches aiming
to augment the perceptual capacities of LLMs with addi-
tional modalities, all within a unified model. There are
three primary methods for constructing multi-modal large
language foundational models, each showing promise for

robust zero-shot generalization capabilities in the vision-
language domain. For instance, Flamingo [2] is a forerunner
in this area, using a frozen vision encoder and a large lan-
guage model equipped with gated cross-attention for cross-
modality alignment. In contrast, PALM-E [15] integrates
extracted visual features directly through linear layers into
the pre-trained PaLLM [11] model, which boasts 520 billion
parameters, thereby leading to robust performance across
numerous real-world applications. This approach has been
broadly adopted by models such as LLaVA [35], Shikra [9],
etc. One significant limitation of this method, however, is
the creation of lengthy visual sequences. To address this,
BLIP-2 [28], drawing inspiration from DETR [7], developed
a Q-former to reduce the sequence length of visual features
efficiently. This design has been mirrored by Kosmos-1
[21], mPLUG-Owl [64], and MiniGPT-4 [71]. Neverthe-
less, it should be noted that these methods directly align the
visual features with the LL.Ms, treating vision and language
signals as equivalent, thereby overlooking the unique granu-
larities between vision and language modalities. To alleviate
this problem, we introduce modality-adaptive module. Our
proposed model leads to superior performance in both zero-
shot and fine-tuning evaluation settings in terms of both
image and video.

Instruction Tuning with MLLMs. Instruction tuning op-
timizes pre-trained large language models to comprehend
and adhere to natural instructions, thereby enhancing their
ability to generalize unseen tasks in a zero-shot manner. Re-
searchers often employ models such as ChatGPT and GPT-4
[43] to generate diverse and expansive instruction datasets,
including those like Alpaca [51], ShareGPT [1], and Wiz-
ardLM [56]. As multi-modal large language models emerge,
research communities are beginning to create high-quality,
diverse multi-modal datasets. For instance, MiniGPT-4
[71] utilizes GPT-3.5 to rephrase captions generated by pre-
trained models. Concurrently, LLaVA [35], SVIT [68], and
LRV-Instruction [33] take advantage of image annotations,
such as bounding boxes of objects, image captions, and re-
gion descriptions, to prompt GPT-4 to generate instructions
and responses using self-instruction methods. Peng et al.
[44], Yang et al. [60] leverage in-context learning to improve
the generated data. Li et al. [30], Marino et al. [40] directly
improve the MLLMs by in-context learning. Models such
as mPLUG-Owl [64] and LLaVA-1.5 [34] further advance
this area by undergoing joint training with language-only
and vision-and-language instruction data, thereby mitigat-
ing the risk of catastrophic forgetting of language knowl-
edge. Rather than merely preventing this phenomenon of
catastrophic forgetting, mPLUG-OwI12, with the help of the
modality-adaptive module, can gain from the collaborative
efforts of modalities by being jointly trained with language-
only and multi-modal instruction data, thus enhancing both
multi-modal and language-only performance.
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This meme is funny because it is an image of a sleeping dog
with the caption "MONDAY. JUST...MONDAY." The humor
comes from the juxtaposition of the dog's peaceful, relaxed

state, emphasizing the reluctance or disdain for Monday.
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Figure 2. Illustration of the proposed mPLUG-OwI2 and its training paradigm. (a) An overview of mPLUG-OwI2, which consists of a
vision encoder, visual abstractor, text embedding layer, and a language decoder. (b) Details of the proposed modality-adaptive module,
which takes multi-modal inputs and employs different parameters to project various modalities into a shared semantic space for relational
learning while preserving modality-specific features, thereby enabling modality collaboration. (c) The training paradigm of mPLUG-OwI2
involves first pre-training the visual-related modules. Simultaneously, newly added parameters in the language decoder are also learned

during the pre-training stage. During the instruction tuning stage,
jointly train the entire model.

3. Methodology
3.1. Overview

Figure 2 (a) sketches the overview of the mPLUG-Owl12.
Specifically, our model comprises a vision encoder, a visual
abstractor, a text embedding layer, and a language decoder.
Notably, the standard implementation of the text embed-
ding layer and language decoder involves the use of a large
language model, such as GPT [5] or LLaMA [52]. We
first briefly introduce our model’s architecture in Section
3.2. Furthermore, we handle different types of modali-
ties by introducing the modality-adaptive module in Section
3.3. Lastly, we introduce the training paradigm for training
mPLUG-OwI2 with modality collaboration in Section 3.4.

3.2. Model Architecture

As depicted in Figure 2, our model, referred to as mPLUG-
Owl2, is composed of three main components: a funda-
mental vision encoder [45], a visual abstractor, and a lan-
guage decoder. Specifically, we utilize ViT-L/14 as the
vision encoder and LLaMA-2-7B [53] as the language de-
coder. The vision encoder processes an input image with
an H x W resolution and produces a sequence of 1% X ¥V—4
tokens. These visual token features are then combined with
text token embeddings and fed into the language decoder
that serves as a universal interface that converts various
vision-language tasks into text-generation tasks. However,
with the increase in image resolution, the encoded visual to-
ken sequences can exponentially lengthen. Additionally, the
presence of abundant redundancy in the images (e.g., back-

both language instructions and multi-modal instructions are used to

ground, similar patches) leads to computational waste and
introduces considerable noise. To address this, we propose
a visual abstractor equipped with a fixed set of learnable
queries to extract higher semantic features from images. Its
structure is consistent with the design in mPLUG-Owl [64],
which introduces additional modifications on the basis of
Perceiver [2]. Specifically, we feed the extracted visual to-
ken sequence Z = [I1, 1o, -- ,Ip] € RP*? and a fixed
number of K learnable queries Q € RE >4 into the visual

abstractor. Here, P = % X % represents the number of
visual patches, and D is the hidden dimension. The visual
abstractor consists of a series of visual abstractor layers. In
the ¢-th layer of the visual abstractor, the compressed visual

representations V™! are computed as follows:
C' = Attn(V', [T; V'], [T; V'),
Vit = SwiG LU (C'W,)W.

ey
2

Here, Atin(-,-,-) represents the self-attention operation,
while W; € R4 and W, € R% *4 are learnable param-
eters. The function SwiGLU (- --) refers to the SwiGLU
activation function [48]. We designate V° = Q to initiate
the process. Moreover, to augment the fine-grained percep-
tion ability, we integrate sinusoidal positional embeddings
with the image feature Z and V', thereby preserving posi-
tional information, which has been proven essential in [7].
Hence, the computation required by the language decoder
decreases from O((P + L)?) to O((K + L)?), significantly
reducing computational load when P > K, particularly
in scenarios involving multiple images and when the text
length L is relatively short. Once the compressed visual
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feature is obtained, it is concatenated with text token em-
beddings and then processed by the language decoder to
generate the prediction.

3.3. Modality-Adaptive Module

Prior approaches [14, 35, 64, 71] typically attempt to align
visual features with language features by projecting image
features into the language semantic space. However, this
strategy can cause a mismatch in granularity , where image
features often contain fruitful semantic information com-
pared to the discrete semantic information within text em-
bedding features. Those methods disregard the unique char-
acteristics of visual and textual information, thus potentially
limiting the model’s performance. To this end, we propose
a new approach, namely, the Modality-Adaptive Module
(MAM), which decouples vision-language representations
by projecting visual features and language features into a
shared semantic space while preserving the distinctive prop-
erties of each modality.

Formally, given a vision-language sequence X &
R(Lv+L1)*d gnd modality indicators M € {0, 1}F+TE7),
we first define modality separated operation ¢ as:

¢(X7 MJ m) = X O) ]l{]\l:m}a (3)

where m € {0,1} is the type of modalities (i.e., vision
or language). Given the previous layer’s output vectors
H;_4,1 € [1, L], where L is the number of language decoder
layers, we first normalized different modalities into the same
magnitude as follows:

Hi_1 = LNy (¢(H;—1, M,0)) + LN7(¢(Hi—1, M, 1)), (4)

where LNy and LNy are layer normalization [3] for visual
features and language features respectively. Then, we refor-
mulate the self-attention operation by leveraging separated
linear projection layers for key projection matrix and value
projection matrix while preserving query projection matrix
shared as follows:

HP = H_,WE, (5)
HE = ¢(H_1, M,0)W/° + ¢(H,_1, M, )W/, (6)
HY = ¢(H,_1, M,0)W,"° + ¢(H,_y, M, )W, (7)

HQHKT
C; = Softmax (%) HY, 3

where I/VlQ7 WZKO, VVlK1 , WZVO, VVlV1 € R?*4 are the learn-
able projection matrices, and C; € R(v+L7)xd jg the con-
text features of [-th layer. In this manner, we can calculate
the similarities between these two modalities within a shared
semantic space, while also preserving the unique character-
istics of each modality through different value projection
layers. Moreover, by decoupling the key and value pro-
jection matrix, we can avoid interference between the two

modalities, particularly in relation to granularity mismatch.
In a similar vein, we also aim to model these characteris-
tics by using different layer normalization layers. Finally,
in order to promote modality collaboration within the same
feature space, we maintain a shared FFN for both modalities.
As a consequence, the model is able to preserve modality
characteristics while achieving modality collaboration via
the proposed modality-adaptive module.

3.4. Training Paradigm

As depicted in Figure 2 (c¢), we employ a two-stage approach
in training mPLUG-OwI2, comprising pre-training and vi-
sual instruction tuning similar to [35, 64], which aims to
align the pre-trained vision encoder and language model dur-
ing the pre-training phase, and then fine-tune the language
model with language modeling loss during the instruction
tuning phase. However, we find that simply freezing a pre-
trained vision encoder and training a vision-language pro-
jector to align visual data with language models can limit
their capacity to interpret complex visual information, such
as scene text and visual knowledge. To address the issue,
we make the vision encoder trainable throughout both the
pre-training and instruction tuning stages. This strategy
allows the model to capture both low-level and high-level
semantic visual information more effectively. Specifically,
for the pre-training stage, we enable the vision encoder,
visual abstractor, and a part of the modality-adaptive mod-
ule to be trainable, while keeping the pre-trained language
model frozen. Meanwhile, prior research in multi-modal
learning [58] has indicated that significant enhancements
can be achieved through the collaborative learning of uni-
modal and multi-modal sources. Based on this, we adopt
a joint training approach by tuning the whole model dur-
ing the instruction tuning stage, incorporating both text and
multi-modal instructions. This methodology enhances the
model’s comprehension of visual concepts embedded within
the text by the multi-modal instructions. Concurrently, the
text instruction data augments the model’s understanding of
intricate natural instructions, thereby ensuring the preserva-
tion of its linguistic capabilities.

4. Experiments
4.1. Implementation

Data sets mPLUG-OwI2 is first pre-trained on image-text
pairs and fine-tunes on mono-modal and multi-modal in-
struction data. For pre-training data, we randomly pick about
400 million image-text pairs from five public datasets: Con-
ceptual Captions (CC3M/CC12M) [8], COCO [32], Laion-
en [46], COYO [6], DataComp [17]. For instruction data,
we collect 5 types of datasets including 1) image captioning
(i.e., TextCaps [49], COCO [32]); 2) image question answer-
ing (i.e., VQAV2 [19], OKVQA [40], OCR-VQA [41], GQA
[22], and A-OKVQA [47]); 3) region-aware QA (i.e., Ref-
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Image Caption General VQA General VQA (Zero-shot)

Model Type | Method #Params | COCO (glércfsgz) VQAvV2 OKVQA GQA | VizWizQA TextVQA SciQA (IMG)
BLIP-2 [28] 8.2B - 749 65.0 459 41.0 19.6 42.5 61.0
InstructBLIP [14] 8.2B 102.2 824 - - 49.2 345 50.17 60.5
Unified-10xy. [38] 2.9B 122.3 - 71.9 54.0 -

PaLM-E-12B [15] 12B 135.0 - 76.2 55.5 - -

Generalists | Shikra [9] 7.2B 117.5 739 77.4 47.2 - - - -
LLaVA-1.5 [34] 7.2B - - 78.5 - 62.0 50.0 46.1/58.2° 66.8
Qwen-VL-Chat [4] | 9.6B 131.9 81.0 782 56.6 57.5 38.9 682
mPLUG-OwI2 8.2B 137.3 85.1 79.4 57.7 56.1 54.5 54.3/58.27 68.7

[54] 0.7B
[54] 5.1B
[10] 17B

Table 1. Performance comparison on image caption and visual question answering. For image caption, CIDEr is reported for evaluation,
and accuracy is reported for VQA. Note that specialists are fine-tuned on each individual dataset. | denotes OCR inputs are utilized. ¥
indicates the model has trained on the dataset. We gray out those specialists’ methods which are individually fine-tuned on the dataset as

well as those fine-tuned results of generalists.

Method Vision Encoder | Language Model MME MMBench | MM-Vet | SEED-Bench | Q-Bench
BLIP-2 [28] ViT-g (1.3B) Vicuna (7B) 1293.84 - 22.4 46.4 -
MiniGPT-4 [71] ViT-g (1.3B) Vicuna (7B) 581.67 23.0 22.1 42.8 -
LLaVA [35] ViT-L (0.3B) Vicuna (7B) 502.82 36.2 28.1 335 54.7
mPLUG-Owl [64] ViT-L (0.3B) LLaMA (7B) 967.34 46.6 - 34.0 58.9
InstructBLIP [14] ViT-g (1.3B) Vicuna (7B) 1212.82 36.0 26.2 53.4 55.8
LLaMA-Adapter-v2 [18] ViT-L (0.3B) LLaMA (7B) 1328.40 39.5 314 32.7 58.1
Otter [27] ViT-L (0.3B) LLaMA (7B) 1292.26 48.3 24.6 329 47.2
Qwen-VL-Chat [4] ViT-G (1.9B) Qwen (7B) 1487.58 60.6 - 58.2 61.6
LLaVA-1.5 [34] ViT-L (0.3B) Vicuna (7B) 1510.70 64.3 30.5 58.6 60.7
mPLUG-OwI2 ViT-L (0.3B) LLaMA (7B) 1450.19 64.5 36.2 57.8 62.9

Table 2. Zero-shot multi-modal evaluation on multi-modal benchmarks including MME [16], MMBench [36], MM-Vet [66], SEED-
Bench [26], and Q-Bench [55]. The overall scores are reported for evaluation. For MMBench and Q-Bench, we report test results.

COCO [65], VisualGenome [24]); 4) multi-modal instruct
data (i.e., LLaVA-instruct-150K [35]); 5) text-only instruct
data (i.e., ShareGPT-80K [1], SlimOrca [31]). Details can
be found in the Appendix.

Training Settings We pre-train the model for 42,500 iter-
ations with a batch size 8,192 for about 348 million image-
text pairs. Since we adopt the language modeling loss,
the large batch size can be easily achieved by the gradi-
ent accumulation technique. mPLUG-OwI2 adopts ViT-L
[45] with patch size 14 x 14 and pre-trained at resolution
224 x 224. We use the same data augmentation in BLIP-
2 [28], including random resized cropping, and horizontal
flipping with a probability of 0.5. The number of layers in
the visual abstractor is set to 6 and it is randomly initial-
ized. The number of learnable queries is set to 64. For the
language model, LLaMA-2 [53] is employed for handling
multi-modal features with 7B parameters, and the parame-
ters of modality-adaptive modules are initialized from the
language model. We use the AdamW [37] optimizer with
B1 = 0.9, B2 = 0.98 and ¢ =le-6 for optimization. The
cosine learning rate decay scheduler with a peak learning
rate of le-4 and with warmup steps 1k. For the learning

rate of the vision encoder, we employ layer-wise learning
rate decay with a factor of 0.9 to retain the low-level visual
representation. For the instruction tuning stage, we train the
whole model for 1 epoch with a learning rate of 2e-5 and
batch size 256. Besides, we increase the resolution from
224 x 224 to 448 x 448. The layer-wise learning rate decay
is also employed which is crucial for retaining good visual
representation in our experiments.

4.2. Main Results

Image Caption and Visual Question Answering. We as-
sess mMPLUG-OwI2 using a wide range of academic bench-
marks for evaluating vision-language models. Our evalua-
tion includes eight popular benchmarks, as summarized in
Table 1. As the results show, our mPLUG-OwI2 surpasses
previous generalist models in both captioning and question
answering tasks. Specifically, mPLUG-OwI2 achieves state-
of-the-art performance on the Flickr30K datasets, even com-
pared with models with more powerful backbones (e.g.,
Qwen-VL-Chat [4] and InstructBLIP [14]). Moreover,
mPLUG-OwI2 exhibits distinct advantages in visual ques-
tion answering, especially in OCR-free scenarios, where
mPLUG-OwI2 achieves 54.3% accuracy on the TextVQA
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dataset in a zero-shot manner, demonstrating the benefits
of our training strategy. Also worth noting is that mPLUG-
OwI2 shows strong zero-shot performance on the Science QA
(Image Set) and VizWizQA datasets.

MLLM-oriented Multi-modal Benchmarks. Given the
robust zero-shot capabilities of Multi-Modal Language
Models (MLLMs), traditional evaluation metrics often fall
short in providing a detailed ability assessment. This prob-
lem is further exacerbated by their inability to match the
given answer accurately, leading to significant robustness
issues. To address these challenges, research communities
have introduced a series of benchmarks including MME
[16], MMBench [36], MM-Vet [66], SEED-Bench [26], and
Q-Bench [55]. These benchmarks systematically structure
and evaluate complex multi-modal tasks. We applied our
model, in a zero-shot manner, to five recently popular multi-
modal benchmarks. For a fair comparison, we select models
with similar language model sizes, particularly those from
the LLaMA family, and detail their differences in the vision
encoder. The results of our evaluation are listed in Table 2.
In the table, mPLUG-OwI2 achieves higher zero-shot per-
formance in terms of MMBench, MM-Vet, and Q-Bench.
Conversely, the performance on MME is lower because of
the limited number of test samples in MME, which could po-
tentially lead to sensitive fluctuations in performance. Par-
ticularly, it exhibits significant improvement on Q-Bench, a
benchmark for examining the low-level visual perception of
MLLMs. This improvement occurs when applying a smaller
visual backbone (i.e., ViT-L), leading to enhanced low-level
visual perception. This demonstrates the effectiveness of
our training strategy for training visual backbone.

Method MMLU | BBH | AGIEval | ARC-c | ARC-e
LLaMA-2 [53] 46.8 38.2 21.8 40.3 56.1
WizardLM [56] 38.1 34.7 232 47.5 59.6
LLaMA-2-Chat [53] 46.2 35.6 28.5 54.9 71.6
Vicuna-v1.5 [69] 51.1 41.2 21.2 56.6 72.8
mPLUG-OwI2 534 45.0 32.7 65.8 79.9

Table 3. Performance on pure-text benchmarks of mPLUG-
Owl2 compared to LLaMA-2 (7B) family variants. We adopt
5-shot for MMLU and 0-shot for BBH, AGIEval, and ARC as [13].

Natural Language Understanding and Generation. Cur-
rent MLLMs often outperform in various multi-modal
downstream tasks by leveraging the power of large lan-
guage models. Nevertheless, the intrinsic capabilities of
these models often play a significant role in determining
the performance of MLLMs, an aspect that has often been
overlooked in prior multi-modal language model studies.
Accordingly, we have also assessed the performance of our
model in the context of natural language understanding and
generation. We perform the evaluation on MMLU [20],
BBH [50], AGIEval [70] and ARC [12]. The results are
illustrated in Table 3. As observed in the table, mPLUG-

Owl2 excels in examination and reasoning, showing a sig-
nificant improvement on MMLU and BBH by 2.3% and
3.8% respectively. This indicates that mPLUG-OwI2 not
only performs well on multi-modal tasks but also achieves
better performance compared to the other instruction-tuned
LLMs, showing the promising way for developing strong
MLLMs.

Method MSRVTT-QA MSVD-QA TGIF-QA
Accuracy Score ‘ Accuracy Score ‘ Accuracy Score

Exacting Match

Flamingo-80B [2] 17.4 - 35.6 - -

FrozenBiLM [59] 16.8 - 322 - 41.0

BLIP-2 [28] 9.2 - 18.3 -

HiTeA [63] 21.7 - 374

InstructBLIP [14] 22.1 - 41.8 - -

mPLUG-OwI2 23.6 - 42.4 - 61.6

GPT-Assisted

Video Chat [29] 45.0 2.5 56.3 2.8 34.4 23

LLaMA-Adapter [18] 43.8 2.7 54.9 3.1 -

Video-LLaMA [67] 29.6 1.8 51.6 2.5 - -

Video-ChatGPT [39] 49.3 2.8 64.9 33 51.4 3.0

mPLUG-OwI2 46.7 2.9 65.4 35 67.1 3.7

Table 4. Zero-shot evaluation on video question answering.
Accuracy and relevance score are reported.

Zero-Shot Video Question Answering. Given that videos
can be viewed as a sequence of images, we conducted a
comprehensive quantitative evaluation using several com-
monly employed video question-answering datasets, includ-
ing MSRVTT-QA [57], MSVD-QA [57], and TGIF-QA
[23]. These datasets aided in the zero-shot evaluation of
the model’s ability to understand video content, with the
results summarized in Table 4. We employed two types of
evaluations: 1) Exact matching, which is commonly used
in previous video question-answering evaluations; and 2)
GPT-assisted evaluation [39] that assesses the model’s capa-
bilities by measuring the accuracy of the model’s generated
predictions and providing a relative score on a scale of 1-5.
We observe that our model achieves superior results on all
three video datasets under a zero-shot setting. Furthermore,
in terms of relevancy, our model generates more accurate
answers than other video MLLMs, thereby demonstrating
its superiority and excellent generalization capabilities.

4.3. Discussion

Modality Collaboration for Text Performance. To
demonstrate how modality collaboration enhances not only
the multi-modal performance but also the text capability of
MLLMs, we evaluate the performance of text benchmarks
in terms of various abilities including examination, knowl-
edge, understanding, and reasoning. As observed in Figure
3, both examination and knowledge capabilities of MLLMs
have significantly improved thanks to the benefits of modal-
ity collaboration facilitated by the modality-adaptive mod-
ule. This improvement arises because multi-modal data
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Figure 3. Performance of text benchmarks across various capabil-
ities under modality collaboration.

MAM | TextInst. | MM Inst. | VQAv2 Q-Bench MMLU BBH
v 58.2 54.4 51.8 43.6

v 76.3 61.3 454 25.7

v v 76.2 60.3 51.6 432

v v 60.5 55.6 51.8 44.0
v v 76.5 60.2 46.1 30.6
v v v 76.8 62.2 52.8 45.0

Table 5. Performance comparison among different types of in-
struction data and structures.

allows the model to utilize visual information to understand
concepts that cannot be described through language. Sim-
ilarly, the model can generate richer and more substantial
responses due to a more concrete understanding of these
concepts. Additionally, multi-modal data enhances the rea-
soning ability of the model because images contain rich
information (such as relationships and spatial aspects). The
model learns from these aspects and associates them with
the text, thereby indirectly enhancing the reasoning ability
of the text.

Impact of Joint Vision-Language Instruction Tuning.
Table 5 presents the results of instruction tuning with vari-
ous types of data as well as whether using modality-adaptive
module. These results show that even without multi-
modal instruction data, the model’s performance on multi-
modal benchmarks is respectable due to the effective vision-
language alignment achieved during pre-training. However,
when solely using multi-modal instruction data, we observe
an increase in performance on multi-modal datasets, while
performance on text tasks decreases by about 5.7%. This
phenomenon can be counterbalanced by the joint vision-
language tuning proposed, as shown in the table’s third row,
where the multi-modal performance begins to slightly de-
crease due to modality interference. To counter this draw-
back, we apply our proposed modality-adaptive module to
the model. Results show that the performance on both multi-
modal and text benchmarks improves, with a minimum in-
crease of 0.6% on the VQAV2 dataset and 1.6% on MMLU.

Impact of Trainable Vision Encoder. Table 6 delivers the
performance of the training vision encoder during instruc-
tion tuning with modality collaboration. It can be observed

Unfreeze ‘ Layer-wise Ir. ‘ VQAV2 TextVQA MMBench Q-Bench
74.8 39.8 63.8 60.7
76.2 (+1.4) 403 (+0.5) 62.7(-1.1)  61.6 (+0.9)
76.8 (+2.0) 425 (+2.7) 64.5(+0.7) 622 (+1.5)

v
v v

Table 6. Influence of learning strategies for visual encoder.

# Learnable Queries ‘ VQAv2  TextVQA  MMBench  Q-Bench
8 58.3 18.6 47.6 524
16 66.2 28.5 52.9 54.9
32 72.4 36.3 60.2 57.8
64 76.8 425 64.5 62.2
128 76.7 44.4 63.6 61.6

Table 7. Performance in terms of number of learnable queries.

that enabling the vision encoder to be trainable improves
performance on VQAv2 and Q-Bench by at least 1.4% and
0.9%, respectively, suggesting the benefits of modality col-
laboration. Conversely, it results in a 1.1% performance
drop in MM-Bench, indicating a degree of forgetting and
damage to the general visual representation due to the lim-
ited diversity of instruction data. To mitigate this challenge,
we apply layer-wise learning rate decay with an exponential
decay factor of 0.9, which preserves the representation of
lower layers while modifying higher semantic representa-
tions. By applying the layer-wise learning rate decay, we
can notice that performance on TextVQA has increased fur-
ther with 2.2%, showing the effectiveness of our training
strategy.

Impact of Number of Learnable Queries. To investigate
the effect of the number of learnable queries Q, we conduct
experiments using different numbers of queries in the visual
abstractor, as shown in Table 7. It can be observed that
the model consistently exhibits improvement as the number
of learnable queries increases until it reaches a saturation
point, suggesting that 64 may be the optimal number for
representing an image. Notably, there is a significant perfor-
mance boost observed when the number is increased from 8
to 64, e.g., the performance of VQAV2 is increased 18.5%.
These findings suggest that a higher number of learnable
queries can capture image information more comprehen-
sively, thereby enhancing the model’s image comprehension
capabilities.

Resolution ‘ VQAvV2 TextVQA MMBench MM-Vet Q-Bench
224 x 224 76.8 42.5 64.5 34.0 62.2

336 x 336 | 78.5 (+1.7) 49.8 (+7.3) 652 (+0.7)  34.6 (+0.6) 624 (+0.2)
448 x 448 | 79.4 (+2.6) 543 (+11.8) 654 (+0.9) 36.2(+2.2) 62.6 (+0.4)

Table 8. Influence of different input image resolutions.

Impact of Image Resolution. Image resolution plays a cru-
cial role in vision-language tasks, as a higher resolution
can reduce image blur and improve understanding of fine-
grained details. To explore the impact of image resolution
on performance across different benchmarks, we adjust the
image resolution from 224 x 224 to 448 x 448 and the results
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are listed in Table 8. As observed in the table, using a higher
resolution proves advantageous for multi-modal tasks, par-
ticularly in the question answering scenario. Specifically,
the performance of VQAv2 has increased from 76.8 to 79.4,
representing a 2.6% boost. Simultaneously, there is an 11.8
point lift in the TextVQA benchmark when enlarging the
resolution from 224 x 224 to 448 x 448. This suggests that
OCR-related tasks benefit significantly from increasing the
resolution.

Layer #0
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Visual Tokens Visual Tokens < Textual Tokens —

w/ Modality-Adaptive Module

wio Modality-Adaptive Module

Layer #15
— Textual Tokens —
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Figure 4. Visualization of the attention maps with and without the
Modality-Adaptive Module. We demonstrate the attention maps
for the 0-th, 15-th, and 31-st layers.

4.4. Qualitative Analysis

Impact of Modality-Adaptive Module in Multi-Modal
Scenario. We investigate the impact of the Modality-
Adaptive Module in multi-modal scenarios by visualizing
the attention maps of mPLUG-OwI2 with and without this
module using image caption input, as shown in Figure 4.
Each attention map illustrates the attention scores of gen-
erated tokens on the input sequence during the generation
process. It can be observed that regardless of whether the
MAM is incorporated or not, the model focuses more on the
textual tokens in the earlier layers while paying more atten-
tion to the visual tokens in the later layers. This suggests
that the modeling of visual and textual information plays
different roles in the collaboration of MLLMs. An intuitive
explanation is that MLLMs initially use syntactic informa-
tion to comprehend instructions and then identify relevant
visual content tokens by considering the textual input. When
using the MAM, it can be observed that the model explicitly
pays more attention to the textual content in the earlier stages
and focuses more on the visual content in the later stages.
The MAM prevents visual and textual tokens from being
treated as the same and encourages collaboration between
different modalities.

Impact of Modality-Adaptive Module in Unrelated-
Modality Scenarios. In this example, we feed a question:
"What are the seven colors of the rainbow?" along with a
randomly selected image to investigate the impact of our
module on data that contains unrelated modalities. The

~{_mPLUG-Ow12 w/ Modality-Adaptive Module )

User: <image> What are the seven colors of
the rainbow?

Response: orange, yellow, green, blue, indigo,
violet and white.

Visual Tokens

Average Attention Map

~~{_mPLUG-Ow12 w/o Modality-Adaptive Module J- =~

User: <image> What are the seven colors of
the rainbow?

Response: Orange, Yellow, Green, Blue,
Purple, and White.

Visual Tokens <~— Textual Tokens —

Average Attention Map

Figure 5. Visualization of the attention maps with and without the
Modality-Adaptive Module.

responses and attention maps of the model are shown in
Figure 5. Our proposed model, mPLUG-OwI2, which in-
corporates the MAM, accurately identifies all seven colors.
During the generation process, it can be observed that the
model primarily focuses on the textual input. On the other
hand, when the MAM is not utilized, mPLUG-OwI2 only
identifies six colors. The model’s ability to comprehend text
instructions is disrupted, and it is also evident that it places
more emphasis on the image during generation. Thanks to
the MAM, mPLUG-OwI?2 is better able to capture modality-
specific features when modeling multimodal inputs. This
enhances the adaptability of modality collaboration, result-
ing in reduced disturbance when the text and image are
unrelated.

5. Conclusion

In this paper, we present mPLUG-Owl12, a highly capable
generalist model by leveraging modality collaboration for
enhancing performance across both text and multi-modal
tasks. The inclusion of shared functional modules and a
modality-adaptive module in mPLUG-OwI2 strengthens the
model’s ability to harmonize modality collaboration and
preserve modality-specific characteristics. The extensive
experimental evaluations highlight mPLUG-OwI2’s profi-
ciency in generalizing across various tasks, thereby achiev-
ing state-of-the-art performances with a singular, general-
ized model. Most notably, mPLUG-OwI2 stands as the first
MLLM model to exhibit the phenomena of modality col-
laboration in both pure-text and multi-modal contexts. This
not only enhances the model’s vision-language understand-
ing but also improves its language capabilities in terms of
understanding, knowledge, and reasoning. This represents
a significant contribution to the field and opens up excit-
ing opportunities for the future development of multi-modal
foundation models.
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