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Abstract

With the rapid advancements in multi-modal large
language models (MLLMs), connectors play a piv-
otal role in bridging diverse modalities and en-
hancing model performance. However, the design
and evolution of connectors have not been com-
prehensively analyzed, leaving gaps in understand-
ing how these components function and hindering
the development of more powerful connectors. In
this survey, we systematically review the current
progress of connectors in MLLMs and present a
structured taxonomy that categorizes connectors
into atomic operations (mapping, compression, mix-
ture of experts) and holistic designs (multi-layer,
multi-encoder, multi-modal scenarios), highlight-
ing their technical contributions and advancements.
Furthermore, we discuss several promising research
frontiers and challenges, including high-resolution
input, dynamic compression, guide information se-
lection, combination strategy, and interpretability.
This survey is intended to serve as a foundational ref-
erence and a clear roadmap for researchers, provid-
ing valuable insights into the design and optimiza-
tion of next-generation connectors to enhance the
performance and adaptability of MLLMs. The rele-
vant papers are summarized and will be consistently
updated at https://github.com/MSIIP/Connector-S.

1 Introduction
With the remarkable advancements in large language models
(LLMs) propelling progress towards general-purpose AI, there
has been a significant growing focus on extending these mod-
els to multi-modal domains, leading to the development of
multi-modal large language models (MLLMs). The current
mainstream MLLM architectures follow a similar paradigm:
the modality encoder, which compresses raw information,
such as image or audio, into a more compact representation;
the connector, which alleviates the gap between modalities,
thus facilitating the adaptation of multi-modal inputs to LLMs;
the LLM backbone, which generates the text responses in an
auto-regressive manner; and the generator, which is optional
for generating more modalities output besides text.

Rather than training from scratch, a common and logical ap-
proach is to start with a pre-trained encoder and a pre-trained
LLM, aiming to enhance the efficacy of modality representa-
tion and mitigate computational expenses of LLM pre-training,
respectively [Yin et al., 2023]. In the above paradigm, the con-
nector plays a crucial role in aligning the multi-modal inputs
into a consistent form and space [Cha et al., 2023]: On the
one hand, the connector bridges modalities and the language
model by translating modality features into tokens that the
language model can understand. The quality of the conveyed
tokens directly impacts the overall performance of the MLLM.
On the other hand, compared to the fixed architectures of en-
coders and LLMs, the connector is more lightweight and can
be easily improved, offering greater flexibility and efficiency.

In one of the pioneering works in MLLMs, LLaVA [Liu
et al., 2024b], the connector is merely a simple linear layer
that provides basic mapping functionality. As the demand
for more powerful capabilities and the complexity of sce-
narios increased, advanced connectors incorporate various
mechanisms, such as improved mapping [Liu et al., 2023],
compression based on spatial relation [Chen et al., 2023b] or
semantic perception [Li et al., 2023], and mixture of experts
(MoE) [Li et al., 2024a] to better handle the intricacies of
multi-modal inputs. In addition, Dense Connector [Yao et al.,
2024a] and Uni-Med [Zhu et al., 2024a] have optimized multi-
layer feature utilization and multi-task joint learning conflicts
by exploring connector design, respectively. The evolution
reflects increasing recognition of the key role of connectors in
improving the overall performance of MLLM and adaptability
to various complex scenarios.

Motivations. With the widespread application of MLLMs
in various domains, the design of the connector is constantly
updated to meet the increasing demands for more powerful
capabilities and complex scenarios. [Song et al., 2023] has
explored modality alignment methods for MLLMs, due to
time constraints, many methods and scenarios have not yet
appeared and been discussed. Several studies [Yin et al., 2023;
Zhang et al., 2024a] have conducted surveys on the entire flow
of MLLMs, while offering relatively brief and insufficient
coverage of connectors. The lack of a comprehensive survey
on connectors makes it hard for researchers to establish a clear
cognition of the underlying mechanisms of different connec-
tors, thereby impeding the development of next-generation
connectors. Therefore, we present Connector-S, a survey with
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a more fine-grained taxonomy to systematically review and
summarize the current status of connectors in MLLMs.

Contributions. The contributions of our Connector-S can
be summarized from the following three aspects: (1) A struc-
tured taxonomy. A broad overview of the field is presented
with a structured taxonomy that covers atomic operations and
holistic designs. (2) A comprehensive review. Based on the
proposed taxonomy, the current research progress of connec-
tors in MLLMs is systematically delineated. (3) Some research
frontiers and directions. We discuss promising research fron-
tiers and point out possible future directions.

2 Taxonomy
To enhance our understanding of the dynamic evolution of
connectors in MLLMs, we identify pivotal research endeavors,
analyze their motivations, and succinctly encapsulate their
primary technical contributions. As illustrated in Figure 1, this
survey establishes a new taxonomy, which firstly examines the
connector design of these works from two different perspec-
tives, i.e., atomic operations in basic scenarios and holistic
designs in complex scenarios. Then, we briefly introduce these
two perspectives as follows:

• Atomic connector operations refer to the basic com-
ponents of MLLM connectors, which are designed as
simple yet versatile units tailored to different functional
requirements of basic scenarios. By utilizing these atomic
operations, connectors can achieve mapping, compres-
sion, and expert integration. Furthermore, they can be
combined to create more complex connectors, bridging
the modality gap in a targeted and flexible way.

• Holistic connector designs focus on the challenges of
enhancing the capabilities of MLLMs in sophisticated
scenarios from the multi-layer features, multi-encoder
outputs to multi-modal contexts. Effective holistic de-
signs help MLLMs consider the interplay between dif-
ferent layers of visual features, combine insights from
different visual encoders, and handle diverse modalities
in a coherent and efficient manner.

In the following sections, we present a comprehensive survey
along the two perspectives and corresponding categories of our
taxonomy for connectors in MLLMs. Due to some MLLMs
possibly employing multiple methods in connectors, there may
be instances of overlap among these models. Finally, based on
the previous summary, we open the discussion for challenges
and opportunities of future connector research, including high-
resolution input, dynamic compression, guide information
selection, combination strategy, and interpretability.

3 Atomic Connector Operations
3.1 Mapping
Since the LLM backbones are primarily trained on generic
text, there is an inevitable semantic gap exists when dealing
with multi-modal features. Mapping operations first flatten 2D
or 3D features into 1D in a specific order and directly align
the dimension of representations from other modalities with
textual token embeddings.

Linear. As the basic connector method, the simplicity of
linear mapping makes it an attractive choice for initial feature
transformation. LLaVA [Liu et al., 2024b] uses a linear pro-
jection matrix to connect the representation produced by the
visual encoder to the LLM backbone. mPLUG-Owl3 [Ye et
al., 2024] still adopts a linear layer to further process long
visual sequence inputs, while Vitron [Fei et al., 2024] utilizes
three independent linear mappings to process image, video,
and sketch features, respectively.

MLP. The multi-layer perceptron (MLP) consist of multiple
linear layers connected by activation functions, introducing
non-linearity into the feature transformation process. LLaVA-
1.5 [Liu et al., 2023] finds that changing from the original
linear projection to MLP can improve LLaVA’s multi-modal
capabilities. Yi-VL [Young et al., 2024] and 3DMIT [Li et
al., 2024c] use a two-layer MLP and a three-layer MLP with
layer normalizations to align 2D image features and 3D object
features, respectively.

The primary advantages of mapping operations lie in the
simplicity and lightweight nature, which facilitates fast con-
vergence during alignment training. However, mapping opera-
tions are limited in their ability to compress redundant infor-
mation, which may lead to long token sequences that impose
computational burden on the subsequent LLM backbone.

3.2 Compression
The complete set of tokens derived from other modalities en-
compasses both useful and redundant information. To achieve
the optimal balance between information representation and
the number of tokens, it is crucial to implement efficient com-
pression operations through the connector. The current main-
stream compression operations can be categorized into two
main types: spatial relation and semantic perception.

Spatial Relation
The core idea behind spatial relation compression is rooted in
observation: features from adjacent regions tend to be more
similar in the original modality representation. Leveraging the
spatial proximity, this category of compression operations can
be further divided into several subcategories:

Simple Operation. Pooling and dimensionality reduction
via token concatenation and projection both serve as simple
operations to compress the number of tokens. For example,
MiniGPT-v2 [Chen et al., 2023b] simply concatenates 4 adja-
cent visual tokens in the embedding space and projects them
together into one single token with the textual embedding
dimension. PLLaVA [Xu et al., 2024a] processes video fea-
tures with the average pooling strategy to smooth the feature
distribution along the temporal dimension. DeCo [Yao et al.,
2024b] compresses N visual tokens by reshaping them into
a 2D tensor of size

(
N1/2, N1/2

)
, applying adaptive average

pooling to reduce the size to
(
M1/2,M1/2

)
, flattening into

M tokens, and projecting through a linear layer to match the
textual embedding dimension.

CNN. Convolutional neural networks (CNNs) can preserve
local spatial structures and enhance spatial understanding
through hierarchical feature extraction. For instance, Honey-
bee [Cha et al., 2023] proposes C-Abstractor that consists of

Proceedings of the Thirty-Fourth International Joint Conference on Artificial Intelligence (IJCAI-25)
Survey Track

10837



C
on

ne
ct

or
-S

Mapping
Linear LLaVA [Liu et al., 2024b], mPLUG-Owl3 [Ye et al., 2024], Vitron [Fei et al., 2024]

MLP LLaVA-1.5 [Liu et al., 2023], Yi-VL [Young et al., 2024], 3DMIT [Li et al., 2024c]

Compression

Spatial Relation

Simple Operation MiniGPT-v2 [Chen et al., 2023b], PLLaVA [Xu et al., 2024a],
DeCo [Yao et al., 2024b]

CNN Honeybee [Cha et al., 2023], MM1 [McKinzie et al., 2024]

Variants Honeybee [Cha et al., 2023], MoME [Shen et al., 2024]

Semantic Perception

Q-Former BLIP-2 [Li et al., 2023], MiniGPT-4 [Zhu et al., 2023],
PlanLLM [Yang et al., 2024]

Resampler Flamingo [Alayrac et al., 2022], Voila-A [Yan et al., 2023],
InfiMM [Liu et al., 2024a]

Variants Q-Mamba [Eom et al., 2024], ParGo [Wang et al., 2024a]

Mixture of Experts

Vanilla MoE CuMo [Li et al., 2024a], ChartMoE [Xu et al., 2024b], SurgFC [Chen et al., 2024b]

X-Guided MoE

Modality-Guided OneLLM [Han et al., 2023]

Text-Guided Q-MoE [Wang et al., 2024b]

Task-Guided Uni-Med [Zhu et al., 2024a]

Variant MoE V* [Wu and Xie, 2024]

Multi-Layer Scenario LION [Chen et al., 2023a], Dense Connector [Yao et al., 2024a], TokenPacker [Li et al., 2024b], MMFuser [Cao et al., 2024]

Multi-Encoder Scenario COMM [Jiang et al., 2023], Eyes Wide Shut [Tong et al., 2024b], MoME [Shen et al., 2024],
LLaVA-Ultra [Guo et al., 2024], Eagle [Shi et al., 2024], Cambrian-1 [Tong et al., 2024a], BRAVE [Kar et al., 2024]

Multi-Modal Scenario PandaGPT [Su et al., 2023], MACAW-LLM [Lyu et al., 2023], MEERKAT [Chowdhury et al., 2024],
GroundingGPT [Li et al., 2024d], CAT [Ye et al., 2025], AnyMAL [Moon et al., 2023]

Future Directions and Challenges

High-Resolution Input InternVL 1.5 [Chen et al., 2024a], HiRED [Arif et al., 2024]

Dynamic Compression DocKylin [Zhang et al., 2024b], FocusLLaVA [Zhu et al., 2024b]

Guide Information Selection PPLLaVA [Liu et al., 2024c], World Knowledge [Zhai et al., 2024]

Combination Strategy Cambrian-1 [Tong et al., 2024a], Eagle [Shi et al., 2024]

Interpretability MMNeuron [Huo et al., 2024], DeCo [Yao et al., 2024b]

Figure 1: A taxonomy of connectors in multi-modal large language models with representative examples.

stacked ResNet blocks and adaptive pooling, injecting locality-
aware design into the compression process. MM1 [McKinzie
et al., 2024] adopts C-Abstractor as the connector, verify-
ing the effectiveness of the connector design compared with
average pooling and attention pooling.

Variants. Considering that CNN introduces overly strict in-
ductive biases for locality, Honeybee [Cha et al., 2023] also
presents D-Abstractor, which enhances the locality-awareness
while maintaining flexibility based on deformable attention.
To avoid feature mismatch, MoME [Shen et al., 2024] pro-
poses adaptive deformable transformation, which combines
adaptive average pooling and deformable attention to obtain
compressed and self-enhanced visual features.

Semantic Perception
Features with similar semantics always tend to exhibit stronger
correlations across modalities. By focusing on semantic con-
tent rather than just spatial proximity, semantic perception
compression aims to extract and preserve the most semanti-
cally relevant information while reducing redundancy. Lever-
aging semantic understanding, this category can be further
divided into several subcategories:

Q-Former. First proposed in BLIP-2 [Li et al., 2023], Q-
Former introduces a fixed number of learnable tokens as

queries, which retrieve relevant information from other modal-
ity representations through cross-attention. Since Q-Former
involves more parameters and typically requires additional
training, some studies use the pre-trained Q-Former to con-
tinue training for specific tasks. MiniGPT-4 [Zhu et al., 2023]
utilizes the frozen Q-Former with a linear layer to enhance
its visual understanding capabilities. PlanLLM [Yang et al.,
2024] promotes video procedure planning by continuing to
train Q-Former, integrating sample-specific visual state infor-
mation and textual step knowledge.
Resampler. First introduced in Flamingo [Alayrac et al.,
2022], resampler inserts additional cross-attention layers be-
tween pre-trained and frozen LLM layers, where the keys
and values are obtained from the compressed vision features
while the queries are derived from the language inputs. Voila-
A [Yan et al., 2023] further adapts resampler by using the gaze
heatmap features as the keys within the attention mechanism,
optimizing feature expression. InfiMM [Liu et al., 2024a]
keeps the resampler trainable in three-stage training strate-
gies for vision-language alignment, visual question answering
knowledge injection and unleashing conversation ability.
Variants. To reduce the computational and memory com-
plexity of the transformer, Q-Mamba [Eom et al., 2024] intro-
duces a bidirectional Mamba layer to process visual features
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from a pre-trained vision encoder. These features are then
projected into a fixed number of learnable queries using cross-
attention, enhanced by a causal Mamba prior. ParGo [Wang
et al., 2024a] employs learnable local and global tokens to ex-
tract information separately, enhancing regional relationships
while controlling token count.

Compression operations help distill essential information
while eliminating redundancy, thus improving both the effi-
ciency and effectiveness of the model. Spatial relation com-
pression provides simple and direct, albeit somewhat crude
methods for reducing token count. Semantic perception com-
pression offers deeper semantic understanding at the cost of
increased complexity and training requirements.

3.3 Mixture of Experts
Mixture of Experts (MoE) is a powerful architectural paradigm
composed of two key components: a set of experts, each spe-
cializing in distinct aspects of the multi-modal features, and
a router that dynamically selects and combines their outputs
according to the input guidance information. With the shared
goal of achieving optimal alignment of multi-modal features,
compression operations focus on extracting a minimal number
of tokens, while MoE aims to leverage the specialized repre-
sentations of multiple experts. MoE’s ability to capture a wide
range of features and patterns makes it particularly suitable
for the complex and varied nature of multi-modal data.

Vanilla MoE
Vanilla MoE refers to a standard MoE framework where each
multi-modal token is independently processed by the router to
compute expert assignment weights. CuMo [Li et al., 2024a]
employs four expert models, each consisting of a two-layer
MLP. The router is a linear layer that computes expert weights
based on each input token, applying a top-2 gating mechanism.
This means that only the top two experts with the highest
weights are selected for each token, allowing the connector
to focus on the most relevant information while maintaining
computational efficiency. ChartMoE [Xu et al., 2024b] adopts
four experts of the linear layer with a top-2 gating router,
achieving distinct preferences and effective processes in the
fused information of background, table, json and code. To
enhance surgical multi-modal understanding, SurgFC [Chen et
al., 2024b] extends the vanilla MoE connector to the medical
domain, utilizing MLP for both experts and router.

X-Guided MoE
X-guided MoE expands the input to the router beyond the indi-
vidual multi-modal token itself. The improved router strategy
of X-guided MoE can leverage additional information ”X” to
make more informed routing decisions, thereby improving
the connector’s ability to dynamically allocate resources and
select the most relevant experts.

Modality-Guided. Modality information enables the con-
nector to quickly classify tokens by their source modality,
facilitating efficient expert allocation, especially in the case of
input of multiple modalities. For example, OneLLM [Han et
al., 2023] addresses the challenge of aligning eight modalities,
including image, audio, video, point cloud, depth map, nor-
mal map, IMU and fMRI brain activity, to language within a

unified framework. To facilitate modality switching, OneLLM
introduces a set of learnable tokens for each modality. When
tokens from different modalities are inputted, their correspond-
ing modality tokens are concatenated with the input tokens
and fed into the router.

Text-Guided. For connectors, understanding the textual in-
formation such as instructions or descriptions corresponding
to other modality tokens helps them understand how to con-
vert tokens according to requirements. Q-MoE [Wang et al.,
2024b] introduces a text-guided MoE connector, which routes
different query tokens to pre-defined task experts by mak-
ing use of cross-attention between the text representation and
output of each expert.

Task-Guided. In a unified multi-task learning framework,
task-specific information provides critical context for the con-
nector to classify tokens and determine the most suitable ex-
perts. Uni-Med [Zhu et al., 2024a] introduces a unified medi-
cal foundation model that employs C-MoE, a well-designed
router which calculates routing weights based on concatenated
visual and task-specific tokens and activates different experts
for each task, efficiently addressing the multi-task interference
problem in MLLMs.

Variant MoE
Given the expectation that different experts will exhibit dis-
tinct preferences for different types of tokens, experts in the
MoE framework can also be designed differently, which has
promoted the development of variant MoE. For example, the
connector of V* [Wu and Xie, 2024] consists of two projec-
tion experts: a linear layer and a resampler. And V* designs
a search algorithm as the router to flexibly switch between
these two projection modules: 1) none searched target: the
linear layer; 2) one or two searched targets: the linear layer
for searched targets, the resampler for global image; 3) more
than two searched targets: the resampler.

The inherent variability of multi-modal data necessitate a
flexible and adaptive approach to feature transmission and
integration. MoE provides this flexibility by dynamically
allocating resources and selecting the most appropriate expert
for different parts of the input, thereby enhancing the model’s
ability to handle diverse tasks and scenarios.

4 Holistic Connector Designs
Atomic connector operations have utilized single-layer fea-
tures, typically the last or penultimate layer derived from
the modality encoder, to explore and provide basic align-
ment functions. In contrast, holistic connector designs are
proposed for more complex scenarios which are essentially
multi-dimensional and heterogeneous in features. These sce-
narios arise from three main sources: 1) multi-layer features,
extracted from various layers of the original encoder, each
sharing the same dimensionality but offering different levels
of abstraction; 2) multi-encoder features, obtained from differ-
ent encoders, each with its own dimensionality and semantic
focus; 3) multi-modal features, from additional modalities,
further enriching the representation space. The core challenge
lies in effectively integrating these diverse features to align
with the textual embedding space.
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Figure 2: The schematic diagram of the fusion strategies: (a) token concatenation. (b) channel concatenation. (c) channel weighted addition.
(d) local cross-attention. (e) global cross-attention. (f) local cross-attention (learnable queries). (g) global cross-attention (learnable queries).

Model Visual Encoder Multi-Layer Selection Fusion Strategy

LION [Chen et al., 2023a] EVA-CLIP-ViT-G [16, 32, 47] Global Cross-Attention→Token Concatenation
Dense Connector [Yao et al., 2024a] STI CLIP-ViT-L [8, 16, 24] Token Concatenation
Dense Connector [Yao et al., 2024a] SCI CLIP-ViT-L [8, 16, 24] Channel Concatenation
Dense Connector [Yao et al., 2024a] DCI CLIP-ViT-L / SigLIP-ViT-SO [1-12, 13-24] / [1-13, 14-26] Weighted Channel Addition→Channel Concatenation

TokenPacker [Li et al., 2024b] CLIP-ViT-L [24] (Q) [12, 16, 22, 23] (K, V) Local Cross-Attention
MMFuser [Cao et al., 2024] CLIP-ViT-L [23] (Q) [3, 8, 13, 18] (K, V) Token Concatenation→Global Cross-Attention

Table 1: A summary of representative connectors in the multi-layer scenario according to the multi-layer selection and fusion strategy.

Model Multi-Encoder Selection Fusion Strategy

COMM [Jiang et al., 2023] CLIP, DINOv2 Weighted Channel Addition→Token Concatenation
Eyes Wide Shut [Tong et al., 2024b] A-MoF CLIP-ViT-L, DINOv2-ViT-L Weighted Channel Addition→Token Concatenation
Eyes Wide Shut [Tong et al., 2024b] I-MoF CLIP-ViT-L, DINOv2-ViT-L Token Concatenation

MoME [Shen et al., 2024] EVA-CLIP-G, DINOv2-ViT-L, Pix2Struct-Base Weighted Channel Addition
LLaVA-Ultra [Guo et al., 2024] CLIP-ViT-L, SAM-ViT-L Weighted Channel Addition

Eagle [Shi et al., 2024] CLIP-ViT-L, SigLIP-ViT-SO400M, Channel ConcatenationEVA-02-L-Det, SAM-ViT-L, DINOv2-ViT-L

Cambrian-1 [Tong et al., 2024a] CLIP, ConvNeXt-XXL, Pix2Struct-02-Large, Local Cross-Attention (Learnable Queries)ConvNeXt-XXL, DINOv2-ViT-L
BRAVE [Kar et al., 2024] EVA-CLIP-G, CLIP-ViT-L, SILC-ViT-G, ViT-e, DINOv2-ViT-L Token Concatenation→Global Cross-Sttention (Learnable Queries)

Table 2: A summary of representative connectors in the multi-encoder scenario according to the multi-encoder selection and fusion strategy.

We observe that existing popular fusion strategies, despite
their variations in designs, can be broadly represented by the
following several categories: 1) token concatenation, directly
concatenating tokens from different layers or encoders to form
a longer sequence; 2) channel concatenation, concatenating
the tokens along the channel dimension, which may require
resizing to ensure the number of tokens remains consistent; 3)
channel weighted addition, using learnable weights to weight
and sum features along the channel dimension without in-
creasing both the sequence length and channel dimension;
4) local cross-attention, using features of specific layers as
queries, dividing features of other layers into sub-regions as
keys and values, and aggregating each query with the keys and
values derived from its corresponding sub-region; 5) global
cross-attention, where global features of specific layers act as
queries, while global features from other layers serve as keys
and values for aggregation; 6) local cross-attention (learnable
queries), where features of all extracted layers are divided into
sub-regions respectively, and each query aggregates with the
keys and values derived from its corresponding sub-regions.
Note that the number of sub-regions per layer must be divisible

by the number of queries. 7) global cross-attention (learnable
queries), where global features of all extracted layers are used
as keys and values for aggregation. As shown in Figure 2, we
visualize the schematic diagram of the fusion strategies for
easier understanding.

4.1 Multi-Layer Scenario
Recent studies show that different layers of the same visual
encoder capture distinct levels of abstraction and emphasize
different regions of interest. Taking CLIP as an example,
the shallow layer features focus on low-level details such as
edges and textures, while the deep layer features are supe-
rior at high-level semantics such as objects and structures.
In the multi-layer scenario, the connector aims to effectively
integrate features from multiple layers of a single encoder be-
fore performing its alignment role. By leveraging the distinct
strengths of different layers, ranging from low-level details
to high-level semantics, the connector enhances feature repre-
sentation through various fusion strategies, making alignment
with textual embedding space more robust. As shown in Ta-
ble 1, we list the representative connectors in the multi-layer
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Figure 3: Three fusion types of the connector in multi-modal scenario: (a) early fusion. (b) intermediate fusion. (c) late fusion.

scenario according to the different properties.
LION [Chen et al., 2023a] proposes the vision aggregator

which consists of two attention blocks to fuse the multi-level
features from the selected [16, 32, 47] layers, facilitating the
fine-grained knowledge learned based on visual grounding
tasks. In addition, LION also uses a Q-Former to process
features of the penultimate layer and combines the results of
two branches through token concatenation. Dense Connec-
tor [Yao et al., 2024a] explores three intuitive instantiations
for multi-layer fusion. The first is sparse token integration
(STI), which preserves the final layer features unchanged while
downsampling additional visual features from other layers by
using average pooling, followed by token concatenation. The
second is sparse channel integration (SCI), which directly con-
catenates features from the selected [8, 16, 24] layers along
the channel dimension. The third is dense channel integration
(DCI), which partitions the features of all layers into groups,
implements element-wise averaging within each group, and
concatenates them with the last layer features along the chan-
nel dimension. TokenPacker [Li et al., 2024b] utilizes the low-
resolution interpolated visual features as point-based queries
and injects the corresponding sub-region features of multiple
layers into it using a point-to-region cross-attention operation.
In MMFuser [Cao et al., 2024], deep [23] layer features are
employed as query elements, while shallow and intermediate
[3,8,13,18] layers features are concatenated to form key and
value elements.

4.2 Multi-Encoder Scenario
Each encoder, trained on different datasets and optimized
for specific tasks, provides a unique perspective on the input
data. For instance, CLIP, pre-trained on text-image pairs
using contrastive learning, excels in aligning textual and visual
information, whereas DINO, trained on pure images, performs
exceptionally well in object detection tasks. While the multi-
layer scenario focuses on enhancing feature representations
by combining different layers of a single encoder, the multi-
encoder scenario takes this a step further by integrating more
comprehensive and complementary features from multiple
encoders. In the multi-encoder scenario, the connector aims
to simultaneously achieve internal alignment of all encoder
outputs and external alignment with the textual space. As
shown in Table 2, we list the representative connectors in
the multi-encoder scenario according to the multi-encoder
selection and fusion strategy.

As one of the pioneer works in combining complement mul-
tiple encoders, COMM [Jiang et al., 2023] extracts features
of all layers from CLIP and deep layers from DINOv2, then

applies learnable coefficients to weight them separately before
concatenating. Eyes Wide Shut [Tong et al., 2024b] utilizes a
coefficient to control the portion of CLIP and DINOv2 in the A-
MoF connector, while interleaving two kinds of features along
the token dimension in the I-MoF connector. MoME [Shen et
al., 2024] uses an adaptive deformable transformation module
to align the output of three encoders in the token and chan-
nel dimensions. Then, based on the specific instructions of
each sample, a soft router is applied to generate customized
fusion ratios for different encoders. Considering the demands
of fine-grained visual information medical domain, LLaVA-
Ultra [Guo et al., 2024] extends visual encoders from CLIP
to SAM and uses the weighted channel addition strategy to
fuse the features. Eagle [Shi et al., 2024] explores different
combination schemes and fusion strategies in five visual en-
coders, and ultimately adopts direct channel concatenation
due to its efficiency, scalability, and performance. Cambrian-
1 [Tong et al., 2024a] partitions the feature maps of five visual
encoders and facilitates the information aggregation via a set
of learnable queries, taking the partitioned visual features of
multiple encoders as keys and values. BRAVE [Kar et al.,
2024] proposes MEQ-Former, which derives tokens from a set
of learnable queries and takes the concatenated features from
five different encoders as keys and values.

4.3 Multi-Modal Scenario
Driven by the abundance of image-text and video-text paired
data, current MLLMs primarily focus on vision-text multi-
modal tasks. However, the true advance towards general-
purpose AI demands the capability to handle a variety of
modalities simultaneously. Different modality-text pairs often
exhibit significant differences in data distribution and repre-
sentation spaces. A key challenge lies in effectively fusing
information from these diverse modalities into a cohesive, uni-
fied representation space. In this multi-modal scenario, the
connector is crucial: if not designed properly, the integration of
information from different modalities can lead to interference,
ultimately undermining the model’s performance.

As illustrated in Figure 3, we summarize three fusion types
of the connector in multi-modal scenario. The first type is early
fusion, which requires a powerful and robust multi-modal en-
coder capable of effectively aligning diverse modalities into a
unified space before they are fed to the connector. Therefore,
the connector’s task is relatively simple, as it only needs to
align the unified space with the textual space. For example,
PandaGPT [Su et al., 2023] adopts ImageBind as the unified
encoder and only uses the linear projection to align the rep-
resentations. The second type is intermediate fusion, which
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processes each modality through its own encoder before inte-
grating the features at the connector. The connector should
handle the challenging task of fusing and mapping features
from different modalities, which often have significant dispari-
ties in their representation spaces, ensuring that each modality
aligns well with the textual space. MACAW-LLM [Lyu et al.,
2023] and MEERKAT [Chowdhury et al., 2024] are typical
cases of intermediate fusion connectors through well-designed
cross-modal attention mechanisms. The third type is late fu-
sion, which involves separate encoders and connectors for each
modality. Each connector aligns its respective modality with
the textual space independently, and the aligned features are
concatenated before being fed into the LLM. AnyMAL [Moon
et al., 2023] chooses resampler for image branch and linear
layers for other modalities’ branch. GroundingGPT [Li et al.,
2024d] applies MLP for image branch and Q-former for video
and audio branch. Note that CAT [Ye et al., 2025] utilizes a
combination of the three types mentioned above.

5 Future Directions and Challenges
As a crucial and effective component in the realization of
MLLMs, studies on connector frameworks and applications
are advancing rapidly, giving rise to numerous challenges and
opportunities. We have identified several critical challenges
and potential areas for future studies.

High-Resolution Input. To unlock the high-resolution im-
age processing capabilities of MLLM and enhance fine-
grained perception, current works such as InternVL 1.5 [Chen
et al., 2024a] and HiRED [Arif et al., 2024] typically parti-
tion high-resolution images into low-resolution patches and
rely on general image encoders and common connectors for
processing. However, pre-partitioning may disrupt spatial rela-
tionships, potentially distorting visual information. Therefore,
rethinking how connectors handle relationships and interac-
tions between different partitioned patches presents a potential
optimization direction.

Dynamic Compression. Previous works usually compress
tokens using a fixed number or rate, which lacks the flexibil-
ity to adapt to varying input complexities and contextual de-
mands [Lin et al., 2024]. This rigidity can lead to suboptimal
performance, as fixed-length or fixed-rate compression may ei-
ther discard critical information from rich inputs or introduce
unnecessary redundancy for simple data. FocusLLaVA [Zhu
et al., 2024b] employs adaptive downsampling on different
image patches based on local and global information, while
DocKylin [Zhang et al., 2024b] utilizes K-means clustering to
categorize and aggregate tokens through similarity-weighted
summation. There remains significant room for developing
more adaptive compression mechanisms that can dynamically
adjust to the unique characteristics of each input.

Guide Information Selection. Inspired by human cognition,
where the brain selectively focuses on regions of interest based
on guidance, connectors greatly benefit from guide informa-
tion selection. This is exemplified in X-guided MoE connec-
tors, which explore various guide information to determine ex-
pert weights. Future connector designs should consider to facil-
itate deeper interactions between guide information and token

representations. For example, PPLLaVA [Liu et al., 2024c]
employs a prompt-guided pooling module to extract video fea-
tures relevant to user prompts. World Knowledge [Zhai et al.,
2024] proposes an instruction-guided interaction module to
better align visual features with natural language instructions.
By selecting the optimal guide information, connectors can
focus on task-relevant features, alleviating the burden on the
LLM to manage these interactions.

Combination Strategy. As discussed in Section 4, recent
works have increasingly focused on using multi-layer or multi-
encoder outputs to capture more comprehensive and multi-
dimensional representations of the multi-modal information.
While these approaches enhance the richness of the feature
representations, they also introduce the challenge of informa-
tion redundancy. Cambrian-1 [Tong et al., 2024a] presents
the SVA module to aggregate features from multiple visual
encoders. However, it requires repeated aggregation across
multiple LLM layers to iteratively access and integrate neces-
sary visual information. Eagle [Shi et al., 2024] has explored
several combination strategies and surprisingly found that the
simple channel concatenation was the most effective. These
findings underscore the vast potential for improving combina-
tion strategies in connectors to balance the trade-off between
representational richness and efficiency.

Interpretability. While the connector is pivotal in bridging
the gap between modalities, its effectiveness has not been fully
explored from an interpretability perspective. Investigating
interpretability can provide valuable insights into the inner
mechanisms of the connector, guiding the design of more
robust and efficient architectures while addressing potential
weaknesses. For instance, MMNeuron [Huo et al., 2024]
analyzes the distribution of domain-specific neurons across
different modules, suggesting that the number of such neu-
rons reflects their understanding capabilities. Deco [Yao et al.,
2024b] uses R-GAE relevance maps to trace the flow of infor-
mation from the generated textual tokens back to raw visual
patches and intermediate connector output, revealing potential
semantic deficiencies in the Q-former connector, such as the
loss of fine-grained attribute and spatial locality. We believe
that future research on the interpretability of connectors will
play a key role in unleashing the full potential of MLLMs.

6 Conclusion
The development of connectors in multi-modal large language
models has become a critical area of research as the field pro-
gresses towards general AI. In this survey, we aim to provide
an in-depth overview of the connector in existing MLLMs.
Firstly, we introduce a new taxonomy that categorizes con-
nectors into atomic operations and holistic designs. Secondly,
we systematically review the representative studies according
to the taxonomy, highlighting the advancements in mapping,
compression, and mixture of experts, as well as the holis-
tic approaches for handling multi-layer, multi-encoder, and
multi-modal scenarios. Finally, we discuss some challenges
and highlight several future research directions. We hope that
Connector-S can serve as a useful reference for researchers,
encouraging further exploration and innovation in the design
of more efficient and robust connectors for MLLMs.
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