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Abstract

Multimodal Large Language Models (MLLMs) have
made significant advancements in recent years, with visual
features playing an increasingly critical role in enhancing
model performance. However, the integration of multi-layer
visual features in MLLMs remains underexplored, partic-
ularly with regard to optimal layer selection and fusion
strategies. Existing methods often rely on arbitrary design
choices, leading to suboptimal outcomes. In this paper, we
systematically investigate two core aspects of multi-layer vi-
sual feature fusion: (1) selecting the most effective visual
layers and (2) identifying the best fusion approach with the
language model. Our experiments reveal that while com-
bining visual features from multiple stages improves gener-
alization, incorporating additional features from the same
stage typically leads to diminished performance. Further-
more, we find that direct fusion of multi-layer visual features
at the input stage consistently yields superior and more sta-
ble performance across various configurations. We make all
our code publicly available: https://github.com/
EIT-NLP/Layer_Select_Fuse_for_MLLM .

1. Introduction

Multimodal Large Language Models (MLLMs) [30]
have recently achieved impressive results across a range
of multimodal tasks, such as image captioning [23] and
visual question answering (VQA) [4], by combining pre-
trained visual encoders [36] with Large Language Models
(LLMs) [15]. While substantial research has focused on
LLMs in this framework, the visual components, despite
their importance, remain relatively understudied. In partic-
ular, current approaches lack systematic methods for select-
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Figure 1. Different Visual Features and Fusion Paradigms. (a) and
(b) illustrate the acquisition methods for single-layer and multi-
layer visual features, respectively. (c), (d), (e), and (f) display four
different fusion strategies: the first two categorize fusion strate-
gies based on fusion position, while the latter two classify fusion
strategies based on fusion pattern.

ing the optimal visual layers and integrating visual features
into LLMs.

Regarding optimal visual selection, current works debate
the use of single-layer (Fig. 1-(a)) versus multi-layer vi-
sual features (Fig. 1-(b)). On the one hand, models such
as MiniCPM [19], LLaVA [31], and InternVL [11] achieve
strong performance by relying on single-layer visual fea-
tures. On the other hand, empirical studies [8, 9, 45] have
shown that multi-layer visual features can enhance model
performance. However, they often select multi-layer visual
features in an arbitrary manner. For instance, Dense Con-
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nector [45] selects layers proportionally based on the depth
of the visual encoder, and EVLM [9] directly utilizes fea-
tures from the latter half of the layers. Despite the promis-
ing results, there is no systematic method for selecting the
optimal visual layers. This raises the research question:
How can we select visual layers more effectively?

To address this question, we propose two criteria for di-
viding visual layers: Similarity-based and proportion-based
selection. Similarity-based selection is inspired by [41],
where visual layers are divided into three groups (begin-
ning, middle, and ending) based on the cosine similarity of
visual features from different layers, with each group shar-
ing similar representations and information. Proportion-
based selection, on the other hand, is based on the simple
proportional selection of visual features, which aligns with
many current works using multi-layer visual features. We
divide the visual features into three groups (former, latter,
and all). Guided by these two criteria, we conducted ex-
tensive experiments to explore the optimal layer selection
set. Our experiments show that selecting a single represen-
tative visual feature from the beginning, middle, and ending
stages yields the strongest generalization performance.

Regarding the fusion strategy—how visual features are
integrated with LLMs, existing methods also vary widely:
some integrate visual features into the intermediate layers of
LLMs [3, 17, 35, 46], while others input them at the begin-
ning alongside text features [30, 31, 48, 54]. Furthermore,
approaches differ in whether they use additional modules
to process visual features before fusion [6, 8, 9, 17] or di-
rectly incorporate visual information into the LLM without
extra components [28, 29, 35, 45]. The lack of systematic
study into fusion strategies leaves a significant gap in under-
standing how different fusion patterns and positions impact
model performance. Consequently, another important ques-
tion is: How can we select effective fusion strategies?

To address these gaps, we first categorize fusion ap-
proaches according to two criteria: fusion position and fu-
sion pattern. Fusion position refers to where in the model
visual features are integrated—either at the input (external
fusion in Fig. 1-(c)) or within intermediate layers (internal
fusion in Fig. 1-(d)). Fusion pattern, on the other hand, dis-
tinguishes between modular fusion (Fig. 1-(f)), which intro-
duces additional modules for processing visual information,
and direct fusion (Fig. 1-(e)), which does not require ex-
tra components. Guided by this categorization, we develop
four fusion strategies and conduct extensive experiments to
identify the most effective approach for integrating visual
information in MLLMs. Our results reveal that external di-
rect fusion consistently performs best, offering stable and
superior results across various configurations. Additionally,
we highlight the potential of internal direct fusion, particu-
larly for models trained on large datasets.

In summary, we provide a comprehensive investiga-

tion into visual layer selection and fusion strategy design,
offering valuable insights into the effective utilization of
multi-layer visual features in MLLMs. Through exten-
sive experiments, we uncover several key findings. Specif-
ically, for visual layer selection, we examine two crite-
ria—representational similarity and layer ratio—and dis-
cover that the best performance is achieved when visual
features are drawn from distinct representational similarity
stages. Moreover, using multiple features from the same
stage leads to a performance decline. For fusion strategy
selection, we develop four fusion approaches based on fu-
sion position and pattern, and demonstrate that external
direct fusion delivers the strongest generalization perfor-
mance across a variety of configurations.

2. Related Work
2.1. Large Language Model

Large Language Models (LLMs) are typically trained us-
ing an autoregressive method, where the model predicts the
next token in a sequence. These models can have billions
or even hundreds of billions of parameters and are trained
on datasets containing trillions of tokens. For example,
LLaMA 3.1 [15] was trained on over 15 trillion tokens. Cur-
rent LLMs [2, 5, 21, 43, 53] demonstrate exceptional per-
formance, and find widespread application in various fields.
However, many of these applications have an increasing de-
mand for efficient large models capable of running on edge
devices, driving the need for smaller, more efficient mod-
els. Several works [1, 13, 19, 42] have shown that models
with parameter sizes as small as 7 billion can still achieve
strong performance, meeting the growing need for compact
and efficient solutions.

2.2. Multimodal Large Language Model

The impressive performance of LLMs has spurred the ex-
ploration of MLLMs, leading to the emergence of many
outstanding works [25, 31, 54] in recent years. Although
these models are highly effective, the information provided
by image features from the last layer may be limited. As
a result, many methods incorporate additional information
in an attempt to better leverage the reasoning capabilities
of LLMs. Some works [18, 27, 35, 52] incorporate mul-
tiple high-resolution image patches in addition to a low-
resolution image. DeepStack [35] partitions high-resolution
images into a fixed number of sub-images and adds their to-
kens to the visual tokens between LLM layers.

Some works [24, 38, 47, 48] incorporate additional
object-level visual information based on the global image.
GLAMM [38], based on global features extracted from a
low-resolution image, adds a region encoder to achieve lo-
cal feature extraction. Some works [22, 28, 51] utilize vi-
sual encoders pretrained with different methods to extract
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various visual features, combining these features as visual
tokens to the LLM. SPHINX [28] uses multiple visual en-
coders to extract different visual information, enriching the
details. Some works [8, 9, 17, 45] leverage multi-layer vi-
sual features. EVLM [9] utilizes hierarchical ViT features
for enabling the model to perceive visual signals as compre-
hensively as possible.

Although there have been various attempts to integrate
extra information into LLM, there is a lack of extensive ex-
ploration on how to effectively fuse this information. More-
over, many of these approaches rely on expanded datasets
or more intricate architectures compared to baselines, mak-
ing it unclear whether observed improvements result from
advanced fusion strategies or simply from increased model
capacity. To address these issues, we systematically investi-
gate the optimal fusion paradigm by leveraging multi-layer
visual features.

3. Methodology
While many works [6, 8, 9, 45] demonstrate that incorpo-
rating multi-layer visual features can significantly improve
MLLM performance, they do not explore the deeper ratio-
nale behind effective layer selection, nor do they generalize
across diverse fusion strategies. Next, we provide a detailed
illustration of visual layer selection (Sec. 3.1) and the two
fusion strategies, namely internal fusion (Sec. 3.2) and ex-
ternal fusion (Sec. 3.3), to address Research Questions 1
and 2, as demonstrated in Sec. 1.

3.1. Visual Layer Selection

We categorize visual layers using two criteria: similarity-
based selection and proportion-based selection. The
similarity-based selection approach is motivated by findings
from studies [37, 41], which show that features within the
same stage (beginning, middle, or ending) often reside in
a similar representation space and share comparable prop-
erties. This similarity allows us to divide the layers into
meaningful stages, selecting representative layers from each
to capture diverse types of visual information. As illustrated
in Fig. 2-(a), the similarity-based selection approach divides
the N layers of a visual encoder into three groups: layers
1 through B represent the beginning stage, layers B + 1
through M represent the middle stage, and layers M + 1
through N represent the ending stage.

On the other hand, the proportion-based selection strat-
egy aligns with the previous works [6, 8, 9, 45], where
layers are selected based on a proportional division of
the encoder’s depth. To ensure consistency with prior re-
search and facilitate a systematic comparison, we apply
this method by dividing the N layers of the visual encoder
into two groups: the former and latter stages. As shown
in Fig. 2-(b), layers 1 through N/2 constitute the former
stage, while layers N/2+1 through N form the latter stage.

Visual Layer 1

Visual Layer B

…

Visual Layer B+1

Visual Layer M

…

Visual Layer M
+1

Visual Layer N

…

Beginning Stage Middle Stage Ending Stage
Visual Layer 1

Visual Layer N
/2

…
Visual Layer N

/2+1

Visual Layer N

…

Former Layers Latter Layers

(a) Similarity-based Selection (b) Proportion-based Selection

Figure 2. Comparison of Similarity-Based and Proportion-Based
Visual Layer Selection.

This approach thus separately examines the contributions of
shallow and deep features across the encoder’s depth.

For similarity-based selection, we choose representative
layers based on empirical findings1: the 3rd layer (begin-
ning stage), 18th layer (middle stage), and 23rd layer (end-
ing stage), resulting in three sets: {18}, {3, 18}, and {3,
18, 23}. For proportion-based selection, we define three
sets as well: {former}, {latter}, and {all}. These sets allow
for a systematic evaluation of how layer selection influences
model performance across different aspects.

3.2. Internal Fusion

Internal fusion methods incorporate tokens containing
additional information directly within the LLM. Given
a visual feature set (multi-layer visual features) F =
{v1, v2, . . . , vN}2 ∈ RNv×d, where Nv represents number
of visual patches and d represents the channel dimension,
and hidden states H = {h1, h2, . . . , hN} ∈ RNl×D in the
LLM, where Nl denotes the number of tokens and D is the
hidden size of the LLM, the operation for the internal fusion
I at layer i within the LLM can be formulated as:

h
′

i = I(hi,Pi(vi)) + hi, (1)

where h
′

i ∈ RNl×D denotes the updated hidden state in
layer i, and Pi is a projector at layer i that aligns the vi-
sual feature vi with the LLM’s embedding space.

As shown in Fig. 3-(a) and Fig. 3-(b), the distinction be-
tween Internal Modular fusion and Internal Direct fu-
sion lies in the differences in using I. In internal modu-
lar fusion, cross-attention modules are the most commonly
used modules for integrating multi-layer visual features.
Depending on where the cross-attention is inserted, this
method can be further divided into pre-cross attention, post-
cross attention, and parallel attention architectures [46]. In-
ternal Direct fusion, on the other hand, simply integrates
multi-layer visual information by directly adding the visual
tokens at their respective positions.

1For each stage, we traine each layer based on LLaVA setting (substi-
tuting the Vicuna 1.5 7B with the MobileLLaMA 1.4B) and selected the
layer with the highest average performance as the representative.

2In internal fusion, for simplicity, we assume that the number of se-
lected visual layers and LLM layers are both N
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Figure 3. Framework of the four fusion strategies studied in this work. Blue lines represent the path passing through the projector.

3.3. External Fusion

External fusion methods integrate multi-layer visual fea-
tures at the input stage before feeding visual tokens into
the LLMs. Given a visual feature set F, visual tokens
V ∈ RNv×D, and text tokens T ∈ RNt×D, where Nt rep-
resents the number of text tokens, the operation for external
fusion E can be formulated as:

V′ = E(V,P(F)), (2)

where V′ ∈ RNv×D denotes the updated visual tokens af-
ter the external fusion operation. As shown in Fig. 3-(c)
and Fig. 3-(d), similar to internal fusion, the distinction
between External Modular Fusion and External Direct
Fusion lies in how E is applied. In external modular fu-
sion, using various modules, multi-layer visual features F
are integrated into V to get updated visual tokens V′, or
directly generate V′ by multi-layer visual features F. Ex-
ternal direct fusion, on the other hand, combines F with
V through simpler operations like element-wise addition,
stacking along the N dimension, or stacking along the D
dimension.

Notably, in internal fusion, each visual feature requires
a new projector when introduced at different LLM layers,
resulting in increased parameters as the number of layers
grows. In contrast, external fusion only requires a sin-
gle projector for every visual layer sets, making it more
parameter-efficient when dealing with multiple layers.

This paper will provide a detailed analysis of existing
fusion methods, explore their adaptability of handling extra
multi-layer visual features, and experimentally validate the
strengths and weaknesses of each method, offering valuable
insights for future research and applications.

3.4. Base Model: Mini-LLaVA

To facilitate the deployment of our exploratory experiments,
we developed a lightweight MLLM, namely Mini-LLaVA,
based on modifications to LLaVA-1.5.
Structure Mini-LLaVA replaces the Vicuna 1.5 (7B) model
[12] with a smaller mobileLLaMA (1.4B) model [13] while

keeping the other components consistent with LLaVA-
1.5. The main exploration experiments in this paper are
conducted based on Mini-LLaVA. More specifically, like
LLaVA-1.5, Mini-LLaVA uses the feature from the 23rd
layer of the visual encoder, which is fed into the LLM.
It employs the 24-layer MobileLLaMA 1.4B as the LLM
and CLIP-ViT-L/14 [36] as the visual encoder. Since both
the visual encoder and the LLM have 24 layers, we adopt
a layer-wise alignment method for internal fusion, where
each visual feature layer can fuse with the corresponding
layer in the LLM (e.g., the visual features of the 18th layer
are fused into the 18th layer of the LLM).

Training Consistent with LLaVA-1.5, we use a pre-training
stage with a dataset comprising 558K image captions [7, 39,
49], and an instruction tuning stage with a dataset of 665K
conversations [29, 31]. During the pre-training stage, only
newly initialized components, such as the projector and any
new modules within modular fusion, are trained. In the in-
struction tuning stage, all parameters except the visual en-
coder are unfrozen and optimized.

4. Experiment and Analysis

4.1. Experiment Settings

Comparing Models We design Mini-LLaVA, which uti-
lizes visual features from layer 23. We then compare the
performance of this model when fusing features from dif-
ferent individual visual layers or sets of layers. Specifically,
the visual layer sets considered include Single:{18}, Dou-
ble:{3, 18}, Triple:{3, 18, 23}, Former: {former}, Latter:
{latter}, and All: {all}, as introduced in Sec. 3.1.

Benchmarks To conduct a comprehensive evaluation of
performance, we evaluate different settings across four
benchmark categories: General, OCR, CV-Centric, and
Hallucination (Hallu). The General category includes
GQA [20], MMBench (MMB) [33], and MME [16], which
is further divided into MME Cognition (MMEC) and MME
Perception (MMEP ). The OCR category covers TextVQA
[40] and OCRBench [32]. In the CV-Centric category, we
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Figure 4. Pre-cross attention loss curves in pre-training stage un-
der different layer sets.

include CV-Bench [44], which itself contains two subcate-
gories: CV-Bench 2D and CV-Bench 3D. Finally, the Hal-
lucination category is represented by POPE [26].

4.2. Internal Fusion Ablation

Modular fusion in internal fusion can take several forms:
pre-cross, post-cross, and parallel, which involve a higher
level of complexity compared to direct fusion. Therefore,
we start by investigating these configurations and then dis-
cuss direct fusion to explore the differences between them.

4.2.1 Modular Fusion

Layer Combination Exploration: We first conduct an
extensive investigation into the pre-cross fusion because
of its commonality. The performance of pre-cross atten-
tion fusion across six layer selection sets is summarized in
Tab. 1. Due to convergence difficulties when applying All,
we are unable to complete an evaluation for this configura-
tion. Several key insights emerge from the results:
• Beginning-Stage Features Benefit Detail-Specific

Tasks: The Double shows improved performance over
Single alone in tasks requiring image details. This
highlights the importance of beginning-stage features in
enhancing detail-specific aspects, making it advantageous
to incorporate both beginning and middle-stage layers
for comprehensive feature representation.

• Limitations of Extensive Layer Selection: Inserting an
excessive number of modules can lead to significant per-
formance degradation, primarily due to the difficulty in
optimizing numerous parameters. As shown in Fig. 4,
which illustrates the loss curves of pre-training under dif-
ferent layer sets, configurations with more layers tend to
encounter greater training challenges. In particular, the
All displayed convergence issues, with the training loss
plateauing around 6 after an initial drop from 11, sug-
gesting instability in the training process.

• Performance Gap Between Former and Latter: Per-
formance declines substantially when additional modules

are inserted into latter layers compared to former layers,
despite similar parameter counts. This suggests that in-
serting modules into latter layers may disrupt the model’s
feature processing. When modules are added early, they
allow subsequent layers to refine and correct features,
which is less feasible with latter layer insertions. This is
further illustrated by the performance gap between Dou-
ble and Triple, with the former showing better results.

• Limited Improvement on Performance: Among the
five sets, only Double and Triple show slight improve-
ments over the baseline, outperforming it by just 0.09 and
0.23 points, respectively, while other configurations actu-
ally perform worse.

Different Modular Fusion Strategies: To explore the
differences in performance across pre-cross attention, post-
cross attention, and parallel attention architectures, we uti-
lize the layer selection set Double, which showed optimal
results for pre-cross attention, and test it under post-cross at-
tention and parallel attention architectures to evaluate their
performance. The results are summarized in Tab. 2. Al-
though the three fusion strategies each show specific advan-
tages on different benchmarks, their overall performance re-
mains close. This suggests that, for multi-layer visual fea-
ture fusion, the choice of modular fusion strategy has rela-
tively low significance.

4.2.2 Direct Fusion

In the comparison of modular fusion, we conduct an in-
depth investigation into the choices of layers and modules,
yielding several valuable conclusions. For instance, when
an excessive number of layers is introduced, a significant
performance drop is observed. However, this drop may be
due to the additional parameters brought in by the numerous
modules. To minimizing the influence of extra parameters,
we conduct further experiments centered on direct fusion.
Specifically, we employ the fusion strategy in DeepStack
[34] to evaluate the performance differences across six layer
selection sets compared to modular fusion. The detailed re-
sults, shown in Tab. 3, reveal several key properties:

• Stable Performance on Increased Visual Layer: As the
number of visual layers increases, the model exhibits sta-
ble performance; in fact, it shows improvement on some
benchmarks. This suggests that direct fusion can effec-
tively adapt to additional visual information without re-
quiring new modules or extensive training data.

• Resilience to Latter: Unlike modular fusion, which
tends to perform better at Former, direct fusion demon-
strates superior results at Latter, especially in GQA and
TextVQA. This discrepancy may be due to the different
weights of attention LLMs allocate to visual tokens in

4160



Table 1. Results on Pre-Cross Attention Fusion. Note: MMEC represents MME Cognition, and MMEP represents MME Perception. The
superscript numbers in the top right indicate the score difference compared to the baseline, Mini-LLaVA. Single ({18}), Double ({3, 18}),
Triple ({3, 18, 24}), Former ([1, ..., 12]), Latter ([13, ..., 24]), and All ([1, ..., 24]) are the visual layer sets that the Mini-LLaVA adopted.

Model
General OCR CV-Centric Hallu

Avg.
GQA MMB MMEC MMEP TextVQA OCRBench CVBench2D CVBench3D POPE

Mini-LLaVA 56.95 46.91 262 1200 35.47 239 39.74 55.00 85.83 48.51
+ Single 57.890.94↑ 50.773.86↑ 22834↓ 115347↓ 35.040.43↓ 25314↑ 41.661.92↑ 54.580.42↓ 86.030.20↑ 48.600.09↑

+ Double 58.411.46↑ 50.934.02↑ 21844↓ 118218↓ 34.421.05↓ 26122↑ 46.346.60↑ 51.083.92↓ 85.060.77↓ 48.740.23↑

+ Triple 57.560.61↑ 49.662.75↑ 21250↓ 116337↓ 34.061.41↓ 25516↑ 38.661.08↓ 47.427.58↓ 84.691.14↓ 46.911.60↓

+ Former 55.911.04↓ 45.701.21↓ 22735↓ 116238↓ 30.714.76↓ 16574↓ 38.681.06↓ 51.423.58↓ 85.030.80↓ 45.602.91↓

+ Latter 49.927.03↓ 0.1746.74↓ 25012↓ 906294↓ 18.9616.51↓ 136103↓ 44.514.77↑ 48.836.17↓ 82.133.70↓ 37.1911.32↓

+ All – – – – – – – – – –

Table 2. Comparison on Different Modular Fusion Architectures. The superscript numbers in the top right indicate the score difference
compared to the Pre-Cross Fusion.

Architectures
General OCR CV-Centric Hallu

Avg.
GQA MMB MMEC MMEP TextVQA OCRBench CVBench2D CVBench3D POPE

Pre-Cross 58.41 50.93 218 1182 34.42 261 46.34 51.08 85.06 48.74
Post-Cross 57.870.54↓ 50.430.50↓ 25436↑ 117111↓ 34.680.26↑ 24417↓ 44.801.54↓ 54.923.84↑ 85.800.74↑ 49.240.50↑

Parallel 58.050.36↓ 49.741.19↓ 2180 11919↑ 34.700.28↑ 23922↓ 44.571.77↓ 52.921.84↑ 85.200.14↑ 48.430.31↓

Table 3. Results of Internal Direct Fusion. The superscript numbers in the top right indicate the metric difference compared to the Internal
Modular Fusion.

Model
General OCR CV-Centric Hallu

Avg.
GQA MMB MMEC MMEP TextVQA OCRBench CVBench2D CVBench3D POPE

Mini-LLaVA 56.95 46.91 262 1200 35.47 239 39.74 55.00 85.83 48.51
+ Single 58.080.19↑ 52.411.64↑ 2346↑ 11541↑ 36.030.99↑ 2512↓ 41.150.51↓ 52.582.00↓ 85.660.37↓ 48.660.06↑

+ Double 58.080.33↓ 48.562.37↓ 22911↑ 11784↓ 34.950.53↑ 23724↓ 40.625.72↓ 56.505.42↑ 85.770.71↑ 48.410.33↓

+ Triple 58.591.03↑ 47.472.19↓ 22311↑ 120744↑ 36.242.18↑ 2550 41.873.21↑ 53.085.66↑ 85.871.18↑ 48.541.63↑

+ Former 54.081.83↓ 43.142.56↓ 23811↑ 112042↓ 26.514.20↓ 20035↑ 34.943.74↓ 51.330.09↓ 84.140.89↓ 44.431.17↓

+ Latter 58.798.87↑ 47.0246.85↑ 22129↓ 1179273↑ 37.2818.32↑ 241105↑ 42.641.87↓ 51.923.09↑ 85.573.44↑ 48.212.61↑

+ All 58.04 47.28 224 1215 34.66 243 42.86 51.46 85.19 48.06

different layers [10]. In Former, attention to visual to-
kens is significantly stronger, potentially causing direct
fusing multi-layer visual features into hidden states to cre-
ate greater disruptions. In contrast, Latter, which receive
less attention, can incorporate multi-layer visual features
more smoothly. This is the opposite of the logic in mod-
ular fusion, where adding new modules in Former tends
to be advantageous. The fact that Double outperforms
Single in modular fusion but not in direct fusion further
supports this hypothesis.

4.3. External Fusion Ablation

For external fusion, we provide a combined discussion of
modular fusion and direct fusion. As shown in Fig. 3, there
are significant differences in modular fusion between in-

ternal and external fusion. In particular, internal fusion
requires more parameters due to the inclusion of cross-
attention modules within the LLM and projectors for each
visual layer. Given this distinction in architecture and pa-
rameter usage, we simplify our analysis by discussing both
modular and direct fusion together for external fusion. The
specific parameter sizes for these additional modules in our
setup are detailed in the supplementary materials.

For modular fusion in external fusion methods, we em-
ploy the recently proposed MMFuser [6], with performance
results shown in Tab. 4. Notably, in external fusion, the
Double and Triple are identical due to the derivation of the
global visual feature from the 23rd layer in the Mini-LLaVA
baseline. For direct fusion in external fusion methods, we
adopt a straightforward approach the same as Dense Con-
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Table 4. Results of External Modular Fusion. The superscript numbers in the top right indicate the metric difference compared to the
Internal Modular Fusion.

Model
General OCR CV-Centric Hallu

Avg.
GQA MMB MMEC MMEP TextVQA OCRBench CVBench2D CVBench3D POPE

Mini-LLaVA 56.95 46.91 262 1200 35.47 239 39.74 55.00 85.83 48.51
+ Single 58.550.66↑ 53.092.32↑ 2280 117219↑ 35.420.38↓ 23815↓ 42.600.94↑ 51.922.66↓ 85.720.31↓ 48.690.09↑

+ Double 58.430.02↑ 52.661.73↑ 2257↑ 11739↓ 36.251.83↑ 2621↑ 45.780.56↓ 52.831.75↑ 86.030.97↑ 49.440.70↑

+ Former 58.372.46↑ 54.308.60↑ 25831↑ 118119↑ 35.855.14↑ 24479↑ 42.593.91↑ 54.923.50↑ 86.291.26↑ 49.784.18↑

+ Latter 58.518.59↑ 51.2051.03↑ 23119↓ 1212306↑ 36.4117.45↑ 255119↑ 40.713.80↓ 52.423.59↑ 85.803.67↑ 48.8911.70↑

+ All 58.57 51.46 233 1211 35.28 265 42.00 52.08 86.26 49.09

Table 5. Results of External Direct Fusion. The superscript numbers in the top right indicate the metric difference compared to the Internal
Direct Fusion.

Model
General OCR CV-Centric Hallu

Avg.
GQA MMB MMEC MMEP TextVQA OCRBench CVBench2D CVBench3D POPE

Mini-LLaVA 56.95 46.91 262 1200 35.47 239 39.74 55.00 85.83 48.51
+ Single 59.141.06↑ 54.041.63↑ 2373↑ 1154 37.841.81↑ 26514↑ 41.360.21↑ 57.004.42↑ 85.640.02↓ 49.871.21↑

+ Double 59.190.60↑ 53.784.82↑ 2389↑ 114166↓ 38.352.11↑ 2561↑ 42.050.18↑ 50.506.00↓ 86.330.46↑ 49.180.64↑

+ Former 58.484.40↑ 51.898.75↑ 25315↑ 118060↑ 35.679.16↑ 26161↑ 41.226.28↑ 50.920.41↓ 85.621.48↑ 48.954.52↑

+ Latter 58.550.24↓ 54.477.45↑ 23110↑ 114435↓ 36.790.49↓ 25413↑ 38.124.52↓ 51.330.59↓ 86.170.60↑ 48.540.33↑

+ All 59.541.50↑ 52.154.87↑ 23612↑ 120015↓ 38.013.35↑ 25512↑ 44.781.92↑ 53.081.62↑ 86.401.21↑ 49.881.82↑

nector [45]. Specifically, for the different layer sets men-
tioned above, when selecting fewer layers, we fuse infor-
mation across layers through dimension concatenation. For
the Former, Latter, and All, we apply summation followed
by averaging to integrate information from different layers.
The performance of direct fusion in external fusion method
is shown in Tab. 5. We can conclude the following:

• Stronger Performance in External Fusion: Both mod-
ular and direct fusion strategies demonstrate superior per-
formance in external fusion compared to internal fusion.
Specifically, modular and direct fusion in external fusion
achieve performance levels of 49.78 and 49.88 under the
Former and All, respectively. In contrast, the highest in-
ternal fusion performance reaches only 48.74. Notably,
internal fusion shows a limited advantage over external
fusion in the OCR and CV-Centric categories but lags in
General and Hallu benchmarks.

• Direct Fusion Suffices in External Fusion: In exter-
nal fusion, direct fusion alone is effective for integrating
multi-layer visual features, and adding additional mod-
ules does not lead to a notable performance gain. More-
over, adding layers may even lead to performance drops
in modular fusion. For instance, All performs 0.69 points
lower than Former. Conversely, the simple averaging ap-
proach used in direct fusion achieves optimal results un-
der the All, highlighting its effectiveness.

• Higher Performance Variance in Modular Fusion:
Similar to internal fusion, modular fusion in external fu-

sion displays greater performance variance across differ-
ent layer combinations, even though external fusion keeps
the parameter count stable. This finding suggests that
modular fusion remains more sensitive to layer selection
compared to direct fusion, which shows consistent results
regardless of the number of fused layers.

5. Further Analysis
To identify an effective approach for multi-layer visual fea-
tures, we first analyze the generalization of fusion strategies
across different configurations. Based on their adaptabil-
ity, we propose a comprehensive recipe for implementation.
Our experiments vary training data size, visual encoder, and
LLM selection to assess the consistency of fusion strategies,
verifying whether patterns from Section 3 hold across set-
tings.

5.1. Effect of Data Scale

Given that different fusion strategies involve varying pa-
rameter requirements, exploring the effect of data size on
fusion performance is essential. Internal fusion methods
[3, 9, 14, 46] often demand extensive training data. In con-
trast, other fusion methods [6, 35, 45] show good results
even with smaller datasets. To investigate whether limited
training data (558k + 665k) from LLaVA-1.5 constrained
performance, we experiment with three different SFT (Su-
pervised Fine-Tuning) training data sizes: 332k, 665k, and
737k. Here, 665k represents the SFT data from LLaVA-
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Figure 5. The performance trend of different fusion strategies
adopting the Triple visual layers as the training dataset increases.
The abbreviations represent different fusion configurations: E de-
notes External fusion, I denotes Internal fusion, D stands for Di-
rect fusion, and M indicates Modular fusion.

1.5, 332k is half of this, and 737k comes from Cambrian-1
[44]. We conduct detailed ablation experiments across four
fusion strategies, with results shown in Fig. 5. It can be ob-
served that while E+D and E+M maintain high performance
with data sizes of 665k or more, a notable trend emerges:
as data size increases, the performance improvement of I is
more pronounced. This suggests that with larger datasets,
internal fusion may become a viable option.
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Figure 6. The performance comparison of different fusion strate-
gies adopting the Triple visual layers when replacing model com-
ponents. The abbreviations represent different fusion configura-
tions: E denotes External fusion, I denotes Internal fusion, D
stands for Direct fusion, and M indicates Modular fusion.

5.2. Effect of Model Components

Multimodal large language models offer various options for
component selection. For the visual encoder, in addition
to the classic CLIP ViT-L, the recently introduced SigLIP
has garnered significant attention [50]. As for the LLM,
we chose the 2.7B MobileLLM to explore the performance
of larger LLMs. As shown in Fig. 6, both external and in-
ternal fusion strategies exhibit consistent performance im-
provements when scaling with more advanced model com-
ponents, such as the SigLIP visual encoder or the 2.7B Mo-
bileLLaMA. Importantly, these results confirm the conclu-

sions drawn from our baseline experiments: external fusion
consistently outperforms internal fusion. For instance, in
the “External + Direct Fusion” (E + D) configuration, the
average score increases from 49.18 in the baseline to 51.76
with SigLIP and further to 52.63 with MobileLLaMA 2.7B,
reinforcing the scalability advantage of external fusion in
integrating multi-layer visual features.

Notably, the “Internal + Modular Fusion” (I + M) con-
figuration underperforms significantly when paired with the
SigLIP visual encoder, reaching an average score of only
43.27. This drop suggests that modular methods within in-
ternal fusion may struggle with parameter efficiency or may
be prone to overfitting, especially when integrating more
complex visual encoders.

6. Conclusion

This study provides an in-depth analysis of utilizing multi-
layer visual features, focusing on two main questions:

For the question 1 in Sec. 1: How can we select visual
layers more effectively? We found that selecting represen-
tative layers from the beginning and middle stages can sig-
nificantly improve all fusion strategies, especially for detail-
sensitive tasks such as OCR and CV-centric tasks. Notably,
repeatedly fusing features from the ending stage, such as
the 23rd layer, which has already been used as visual to-
kens, did not provide substantial improvements and may
even lead to performance degradation when fused into the
model. Similarly, compared to configurations that include
early-layer features (e.g., Former or All), using only Latter
resulted in weaker performance on specific detail tasks. In
conclusion, the most effective way to select visual layers
is to choose one representative visual feature from both the
beginning and middle stages, along with the visual tokens
generated from the ending stage, forming a comprehensive
set of multi-layer visual features.

For the question 2 in Sec. 1: How can we select effective
fusion strategies? We found that in most cases, external
fusion consistently outperforms internal fusion. However,
when trained on large datasets, internal fusion shows signif-
icant performance improvement, suggesting that it has the
potential to approach the effectiveness of external fusion un-
der optimal conditions. Additionally, through experiments
with different model configurations and layer selection sets,
we observe that direct fusion exhibited greater stability than
modular fusion, which introduces more variance. In sum-
mary, the most effective fusion strategy is external direct
fusion, as it consistently demonstrates strong performance
and excellent generalization across various settings. When
a large training dataset is available, internal direct fusion
can also be considered as a potential alternative.
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