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Abstract

Mainstream Multimodal Large Language Models (MLLMs)
achieve visual understanding by using a vision projector to
bridge well-pretrained vision encoders and large language
models (LLMs). The inherent gap between visual and tex-
tual modalities makes the embeddings from the vision pro-
jector critical for visual comprehension. However, cur-
rent alignment approaches treat visual embeddings as con-
textual cues and merely apply auto-regressive supervision
to textual outputs, neglecting the necessity of introducing
equivalent direct visual supervision, which hinders the po-
tential finer alignment of visual embeddings. In this paper,
based on our analysis of the refinement process of visual
embeddings in the LLM’s shallow layers, we propose BA-
SIC, a method that utilizes refined visual embeddings within
the LLM as supervision to directly guide the projector in
generating initial visual embeddings. Specifically, the guid-
ance is conducted from two perspectives: (i) optimizing em-
bedding directions by reducing angles between initial and
supervisory embeddings in semantic space; (ii) improving
semantic matching by minimizing disparities between the
logit distributions of both visual embeddings. Without addi-
tional supervisory models or artificial annotations, BASIC
significantly improves the performance of MLLMs across a
wide range of benchmarks, demonstrating the effectiveness
of our introduced direct visual supervision.

1. Introduction
Multimodal Large Language Models (MLLMs) [12, 35, 57,
58, 63] have demonstrated impressive performance on tasks
requiring strong visual perception and logical reasoning,
marking a solid step towards general artificial intelligence
(AGI). To efficiently construct high-performance MLLMs,
a simple vision projector [10, 35, 36] is typically used to
bridge well-pretrained powerful vision encoders [30, 41, 48,
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Figure 1. Overview of the proposed BASIC framework. Conven-
tional MLLM training treats visual embeddings derived from the
vision projector as contextual cues, only applying auto-regressive
supervision to text tokens. Beyond that, BASIC leverages the re-
fined visual embeddings from the LLM’s shallow layers to provide
direct visual supervision to the initial visual embeddings.

68] and large language models (LLMs) [9, 13, 18, 61]. To
fully leverage both models, it is crucial to effectively align
the visual and textual modalities through the vision projec-
tor [32, 33, 43].

Current leading MLLMs, such as LLaVA [35], In-
ternVL [12] and Qwen2-VL [57], employ a multistage
training paradigm to achieve modality alignment. Gener-
ally, the early stages establish basic multimodal understand-
ing using large-scale image-caption pairs, aligning the vi-
sion projector’s output with the LLM’s input embedding
space. The subsequent stages refine this alignment by tun-
ing on high-quality visual instruction-response data, devel-
oping the model’s capacity for specific visual tasks. How-
ever, due to the continuity of visual embeddings and the
discreteness of text tokens, the current training approaches
treat visual embeddings purely as contextual cues and ap-
ply auto-regressive supervision to text tokens, which im-
plies lack of equivalent direct supervision for visual embed-
dings. The asymmetric supervision adapted from the train-
ing paradigm targeted for LLMs leads to two key problems.
First, it fails to fully utilize the rich information present in
visual data [60]. Second, it limits the model’s ability to
achieve fine-grained alignment between visual and linguis-
tic representations [45].
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Recently, alternative works such as Chameleon [54],
SEED-LLaMA [20] and LaVIT [28] employ pre-trained
image tokenizers to obtain discrete visual tokens, achiev-
ing unified auto-regressive modeling. However, while these
approaches treat both modalities equally, the discretization
process introduces significant information loss. Addition-
ally, Emu1 [52] and Emu2 [53] use the ℓ2 regression loss to
encourage each continuous visual representation output by
the LLM to directly fit the input value at the next position.
Despite their impressive image generation ability benefiting
from this unique design, they still lag behind mainstream
MLLMs in visual comprehension. To enhance visual com-
prehension by introducing direct visual supervision, it is es-
sential to ensure the quality of the constructed supervisory
signals and the rationality of the optimization objective dur-
ing the training process.

In this paper, we first analyze the visual perception pro-
cess in the well-established MLLMs. Based on our findings,
we propose BASIC, a novel approach that leverages refined
visual embeddings within LLMs as supervisory signals to
boost modality alignment in the input space, as illustrated
in Figure 1.

Our analysis begins by examining how visual embed-
dings relate to textual concepts. For each initial visual
embedding derived from the vision projector, we calculate
its cosine similarity with all text token embeddings in the
LLM’s vocabulary and visualize the most matching token.
As shown in Figure 2, for certain visual embeddings, the
most matching text tokens directly reflect attributes of cor-
responding image patches, such as color, shape, and ob-
ject class. This partially reveals the internal visual per-
ception mechanism of MLLMs: LLMs interpret the textual
concepts within visual embeddings to understand images.
However, there are still plenty of initial visual embeddings
associated with irregular text tokens. Tracking these embed-
dings through the LLM’s layers, we observe that, in shal-
low layers, initially misaligned embeddings often gradually
align with more meaningful text tokens, which should be
attributed to the LLM’s strong semantic modeling capabil-
ities by considering the visual context. Despite the gradual
refinement of visual embeddings within the LLM, the vi-
sual embeddings seen by the questions in the early stages
are inaccurate, which can lead to confusion in image un-
derstanding and impair the final answers. Therefore, it is
crucial that initial visual embeddings exhibit high quality
from the outset.

To this end, we construct direct visual supervision by
weighted summation of refined visual embeddings from the
shallow layers. Firstly, we optimize the directional align-
ment between initial and supervisory visual embeddings by
minimizing their angular distances in semantic space. Sec-
ondly, to ensure the consistency of semantic distribution,
we compute logit distributions across the entire vocabulary

for both initial and supervisory visual embeddings, and then
minimize their KL divergence. Our approach ensures the
visual embeddings maintain consistent high quality in the
LLM’s shallow layers, enabling the questions to acquire ac-
curate image information at an early stage.

Notably, our method exhibits the following advantages.
Firstly, it does not rely on additional supervisory models
or artificial annotations, thus saving the resource overhead.
Furthermore, it is generally applicable to a wide range of
MLLMs adopting the vision encoder-vision projector-LLM
architecture. Comprehensive experiments demonstrate the
effectiveness of our introduced direct visual supervision.

In summary, our contributions are as follows:
• We systematically analyze the association between the vi-

sual embeddings within different LLM layers and the text
token embeddings, which provides valuable insights into
the internal visual perception mechanism of MLLMs.

• We propose BASIC, an effective direct visual supervision
method that leverages the LLM’s internal refined visual
embeddings to guide initial visual embeddings in the in-
put space from two perspectives: the directional align-
ment and semantic distribution.

• BASIC notably improves the performance of a series of
MLLMs across a wide range of benchmarks, demonstrat-
ing its applicability and robustness.

2. Related Work

2.1. Multimodal Large Language Models
At present, most prevailing MLLMs, such as LLaVA [35],
InternVL [12] and Qwen2-VL [57], adopt a vision encoder-
vision projector-LLM architecture. The vision projec-
tor [2, 26, 32, 36] is responsible for mapping the image
features encoded by the vision encoders into the LLM’s
input embedding space. This simple approach broadens
the LLM’s comprehension to images. However, the ap-
proach of independently training and then grafting inher-
ently leads to the difficulty of modality alignment. Recently,
another technical route [20, 28, 54] employs an image tok-
enizer [4, 46, 56, 64] to obtain discrete visual tokens and
conducts unified auto-regressive modeling to create native
MLLMs. However, it requires extensive training to con-
verge, and the discretization process leads to substantial
visual information loss. Therefore, this paper follows the
first technical route, and utilize refined visual embeddings
within the LLM to construct additional direct visual super-
vision to boost modality alignment.

2.2. Mechanistic Interpretability
Understanding the internal visual perception mechanism of
MLLMs is crucial for constructing effective direct visual
supervision. Mechanistic interpretility [7, 15, 42] aims
to uncover the internal mechanisms that drive the input-
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Figure 2. Visualization of the closest matching text token for each visual embedding across different layers of the LLM. Green patches
indicate semantically meaningful matches. The initial visual embeddings are derived from the vision projector and have not yet entered the
LLM. Layer(·) indicates the matching results of the visual embeddings from the corresponding LLM layer. There are two notable patterns:
(i) in the shallow layers of the LLM, visual embeddings that initially correspond to irregular tokens gradually align with more meaningful
tokens; (ii) in the deep layers of the LLM, visual embeddings tend to correspond with the special end token </s>.

output transformation. Sparse autoencoder(SAE) based
methods [8, 16, 19, 67] utilize the representation reconstruc-
tion and sparsification to facilitate discovering semantic fea-
tures in sparse representations. Logit lens based meth-
ods [6, 34, 59, 66] use the language model head to project
hidden states to interpret the prediction process. Currently,
most interpretability studies mainly focus on LLMs, which
only involves the text modality. The systematic analysis of
visual perception process within MLLMs remains a rather
unexplored field.

2.3. Self-Distillation
Self-distillation [40, 70, 71] is a unique instance of knowl-
edge distillation [14, 21, 44, 72] where the teacher and stu-
dent models share the same architecture. The network lever-
ages its internally learned knowledge to guide its own train-
ing. Some works [50, 62] employ models updated at ear-
lier steps as teachers for the current step, facilitating knowl-
edge transfer across the temporal dimension. Some stud-
ies [11, 24, 47, 69] divide the model into different parts
and use deeper blocks as teachers for shallower blocks,
achieving knowledge transfer within the spatial dimension.
From this perspective, utilizing the refined visual embed-
dings within LLM’s shallow layers to guide the vision pro-
jector in generating better-aligned initial visual embeddings
can be regarded as a form of self-distillation.

3. Visual Perception Process Analysis
3.1. Preliminary
MLLMs typically comprise three components: a vision en-
coder Fv(·), a vision projector Fp(·), and an LLM Ft(·).

Specifically, the vision encoder Fv(·) extracts visual fea-
tures from raw images. The vision projector Fp(·) trans-
forms these image features into initial visual embeddings
V ∈ Rm×d, where m denotes the number of image patches
and d is the embedding dimension. The textual inputs are
tokenized into token ids, which are then used to retrieve the
corresponding token embeddings from the LLM’s embed-
ding layer E ∈ RN×d, where N represents the vocabu-
lary size. The resulting textual embeddings are denoted as
T ∈ Rn×d, where n denotes the number of text tokens. The
LLM Ft(·) is responsible for processing the initial visual
embeddings V and textual embeddings T to generate the
final output. This can be formalized as:

V = Fp(Fv(image)), T = E(text);
output = Ft(V, T ).

(1)

In the forward propagation process, the LLM gradually
refines the initial visual embeddings V , and the resulting
hidden states are referred as refined visual embeddings Ṽ ∈
Rl×m×d, where l represents the number of LLM layers.

3.2. Similarity-Based Analysis

To construct effective direct supervision for each visual
embedding, we first analyze the visual perception process
within MLLMs. For each initial visual embedding vi

derived from the vision projector, the most semantically
matching text token embedding ei can be obtained as:

ei = argmax
j

vi · ej
∥vi∥2∥ej∥2

(2)
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The image features a large brick clock tower with a clock on
each of its sides. The clock tower is situated in front of a
building, possibly a church, and is surrounded by trees. The
clocks on the tower are visible from different angles, making
it a prominent and eye-catching structure. There are two
people in the scene, one standing closer to the left side of
the image and the other near the right side. They appear to
be observing the clock tower or the building it is in front of.

The image depicts a large building with a clock tower
prominently visible on its side. The clock is situated near the
top of the tower, making it easily visible to those passing by.
The building appears to be a mix of stone and concrete,
giving it a sturdy and impressive appearance. The clock
tower stands out as a focal point of the building, drawing
attention to its presence.

………………………………

……tree……Tower…………

………………clock…………

……tree…………Hall……

………………stoneHall……

………………………………

Initial Visual Embeddings

Replaced Token Embeddings

Figure 3. Visual embeddings from the vision projector are re-
placed with their closest matching text token embeddings in the
LLM’s vocabulary. The model is then prompted to generate
descriptions. The generated descriptions (bottom) demonstrate
strong semantic consistency with the raw image content.

where 0 ≤ j < N , vi ∈ V and ej ∈ E. As illustrated in
Figure 2 (upper left), for certain initial visual embeddings,
the most similar tokens directly reflect specific attributes of
the corresponding image patches, such as clock express-
ing the class of object, and white reflecting the color of
object. Accordingly, we replace initial visual embeddings
[v1,v2, . . . ,vm] with the most matched token embeddings
[e1, e2, . . . , em], and prompt the LLM to generate image
descriptions based on these replaced token embeddings. As
shown in Figure 3, the descriptions are highly consistent
with the content of the raw image. This indicates that LLMs
might interpret the textual concepts within visual embed-
dings to understand images, and it also inspires us that di-
rect visual supervision should guide the initial visual em-
beddings to establish more accurate text token associations.

Furthermore, to fully reveal the processing path of visual
information within the LLM, we apply the same operations
on all refined visual embeddings from different layers of the
LLM. As illustrated in Figure 2, there are significant pattern
differences between the LLM’s shallow and deep layers.
In the LLM’s shallow layers, plenty of visual embeddings
that initially correspond to irregular tokens will gradually
align with more meaningful tokens. In the LLM’s deep lay-
ers, visual embeddings tend to correspond with the special
end token </s>. Existing interpretability analyses targeted
for LLMs [34, 59, 66] have shown that, when processing
text, the shallow layers mainly focus on constructing better
textual semantic representations by considering the context,
while the deep layers concentrate on predicting the next to-
ken. In terms of visual embeddings, this enhanced semantic
representations in the LLM’s shallow layers offer an intu-
itive presentation, namely a better relevance of associated
text tokens. Meanwhile, due to the lack of token-level la-
bels for visual inputs, the LLM’s deep layers tend to predict
</s> for each visual embedding to terminate the output.

Despite the refinement of visual embeddings in the shal-
low layers, the questions perceive plenty of inaccurate vi-
sual embeddings in the early stages, which would cause
significant confusion in image understanding. Therefore,
we leverage the refined visual embeddings from the LLM’s
shallow layers to guide the initial visual embeddings, boost-
ing vision-language alignment from the early stage.

4. Methodology
In the general training process of MLLMs, the auto-
regressive supervision is performed on all input text tokens,
and the training loss can be expressed as:

Llm = −
n∑

i=1

log p(ti | V, t<i) (3)

4.1. Supervisory Visual Embedding
This section details the construction of supervisory visual
embeddings. In order to comprehensively utilize refined vi-
sual embeddings from the LLM’s shallow layers to provide
robust direct visual supervision, we assign weight wi for
each LLM layer and obtain the final supervisory visual em-
bedding V̂ :

V̂ =

k∑
i=1

wiṼi; wi =
i2∑k
i=1 i

2
(4)

where Ṽi ∈ Rm×d, V̂ ∈ Rm×d,
∑

wi = 1 and we use the
refined visual embeddings from layer 1 ∼ k. Considering
the refining effect of LLM on visual embeddings, wi is set
to increase quadratically with the layer number i.

In each data sample, image patches contribute unequally
to the model’s text outputs, with more important image
patches having a greater impact on the outputs. Therefore,
we apply stronger supervisions to the initial visual embed-
dings from more important patches. Specifically, we use the
attention scores from the text part across the LLM’s layers
to measure the importance of ith image patch:

ai =
1

kn

k∑
h=1

n∑
j=1

ah,j,i; ai =
ai∑m
i=1 ai

(5)

where ah,j,i denotes the attention score from the jth text
token to ith image patch in the LLM’s hth layer. Finally, ai
denotes the mean attention score on the ith image patch and
serves as the degree of supervision.

4.2. Directional Alignment Supervision
In the embedding space of LLMs, semantically similar em-
beddings could be measured by the cosine similarity[34,
59]. The cosine similarity essentially characterizes the
angular relationship between embeddings. Therefore, we
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Figure 4. The construction of supervisory visual embeddings and two optimization objectives. (a) Embedding Refinement: The LLM
processes the initial visual embeddings derived from the vision projector, generating refined visual embeddings at each layer. (b) Supervi-
sory Signal Construction: Refined visual embeddings Ṽi from layer 1 to k are weighted averaged by wi to serve as the supervisory visual
embedding. (c) Attention-based Supervision Degree: Attention scores from text tokens to visual embeddings are mean-pooled to serve
as the degree of supervision on each visual embedding. (d) Directional Alignment Supervision: Initial and supervisory embeddings are
aligned by narrowing the angle θ on the unit hypersphere. (e) Semantic Distribution Supervision: Logit distributions are computed by
projecting both initial and supervisory embeddings against the LLM’s vocabulary, then aligned by the minimizing KL divergence .

guide the initial visual embeddings V to align with the di-
rection of supervisory visual embeddings V̂ to improve the
semantic of V . Specifically, we first normalize the embed-
dings to eliminate magnitude effects and then reduce the an-
gle by minimizing their ℓ2 distance on the unit hypersphere:

Ldas =

m∑
i=1

ai

∥∥∥∥ vi

∥vi∥2
− v̂i

∥v̂i∥2

∥∥∥∥2
2

(6)

where vi ∈ Rd, v̂i ∈ Rd, and ai is used to control the
degree of supervision.

4.3. Semantic Distribution Supervision
To analyze the association between visual and token em-
beddings, we compute the inner product of the visual em-
bedding with the entire LLM vocabulary, yielding an inter-
pretable logits vector. Each dimension of this logits vector
reflects the semantic association between the visual embed-
ding and the corresponding token, with higher values indi-
cating tighter associations. The logits vector comprehen-
sively characterizes the global semantic distribution of each
visual embedding on the whole vocabulary. Therefore, we
utilize the supervisory visual embeddings to guide the ini-
tial visual embeddings to learn better textual associations.
Specifically, we first compute the logits vectors P between
the supervisory visual embedding V̂ and token embeddings
E, as well as the logits vectors Q between the initial visual
embeddings V and token embeddings E. We then minimize

the KL divergence between both logits vectors to match the
semantic distribution:

P = softmax(V̂ E⊤), Q = softmax(V E⊤)

Lsds =

m∑
i=1

aiKL (pi||qi)
(7)

where P,Q ∈ Rm×N , pi, qi ∈ RN , m represents the num-
ber of image patches and N represents the vocabulary size.
Overall, the total training loss used in the pre-training stage
and instruction-tuning stage is:

L = Llm + λ1Ldas + λ2Lsds (8)

where λ1 and λ2 are used to balance different losses.

5. Experiments
5.1. Experimental Setup
Model Settings. In main experiments, we adopt CLIP-
ViT-L/14-336px [48] as the vision encoder, a two-layer
MLP with GeLU activation function as the vision projec-
tor and Vicuna-v1.5 [13] as the LLM.
Data and Training Details. In the pre-training stage,
only the vision projector is trainable. The dataset used
is LLaVA-1.5-558k [35], composed of image and caption
pairs. The training epoch is 1, with a batch size of 256.
We utilize the weighted summation of refined visual em-
beddings from the LLM’s shallow layers (specifically, lay-
ers 1∼ 16/32 of the Vicuna-v1.5-7B and layers 1∼ 20/40
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Method LLM Res. VQAv2 GQA SQAI VQAT MMBEN MMBCN MM-Vet VizWiz

Models using 7B LLM
Fuyu [5] Fuyu-8B - 74.2 - - - 10.7 - 21.4 35.9
LaVIT-v2 [28] LLaMA2-7B 224 68.2 48.0 - - - - - 41.0
IDEFICS [31] LLaMA-7B 224 50.9 38.4 - 25.9 48.2 25.2 - 35.5
InstructBLIP [17] Vicuna-7B 224 - 49.2 60.5 50.1 36.0 23.7 26.2 34.5
Qwen-VL-Chat [3] Qwen-7B 224 78.2 57.5 68.2 61.5 60.6 56.7 - 38.9
VW-LMM [45] Vicuna-7B 336 78.9 62.7 68.1 57.6 65.9 59.8 31.3 48.3
LLaVA-1.5 [35] Vicuna-7B 336 78.5 62.0 66.8 58.2 64.3 58.3 31.1 50.0
BASIC Vicuna-7B 336 79.2↑0.7 63.5↑1.5 70.6↑3.8 58.0↓0.2 68.8↑4.5 62.1↑3.8 33.8↑2.7 52.5↑2.5

Models using 13B LLM
Emu-I [52] LLaMA-13B 224 62.0 46.0 - - - - 36.3 38.3
BLIP-2 [32] Vicuna-13B 224 65.0 41 61 42.5 - - 22.4 19.6
InstructBLIP [17] Vicuna-13B 224 - 49.5 63.1 50.7 - - 25.6 33.4
LLaVA-1.5 [35] Vicuna-13B 336 80.0 63.3 71.6 61.3 67.7 63.6 36.1 53.6
BASIC Vicuna-13B 336 80.6↑0.6 64.6↑1.3 73.1↑1.5 61.0↓0.3 69.6↑1.9 64.9↑1.3 37.2↑1.1 55.8↑2.2

Table 1. Comparison with leading representative MLLMs on 8 popular benchmarks. Res. represents the image resolution of vision
encoder. The best results are highlighted. Fuyu [5] discards the vision encoder and merely relies on the LLM to model both images and
text. LaVIT-v2 [28] discretizes the image using a pre-trained image tokenizer. Emu1 [52] drives each continuous visual representation
outputted by the LLM to fit the input value at the next position.

of the Vicuna-v1.5-13B) as the supervisory visual embed-
ding, with a quadratically increasing weighting coefficient
wi. The loss coefficients λ1 and λ2 are set to 1 and 0.01
respectively. The learning rate is 1e-3.

In the instruction-tuning stage, both the vision projec-
tor and LLM are trainable. The multi-modal instruction
dataset adopted is LLaVA-1.5-mix-665k [35], comprising
visual instruction-response pairs from various sources in-
cluding VQAv2 [22], ShareGPT [49], RefCOCO[29, 39]
and others. We finetune BASIC for 1 epoch with a batch
size of 128. The learning rate is 2e-5. All other settings
remain the same as in the previous stage.
Evaluations. To thoroughly assess the effectiveness
of our method, we conduct evaluations across a wide
range of benchmarks. This includes four popular general
VQA benchmarks: VQA-v2 [22], GQA [25], ScienceQA-
IMG [38] and TextVQA [51]. In addition, we adopt four
benchmarks specifically targeting MLLMs and involving
more comprehensive ability assessments: MMBench [37],
MMBench-CN [37], MM-Vet [65] and VisWiz [23].

5.2. Main Results
As shown in Table 1, BASIC achieves superior results on
various benchmarks. Notably, BASIC utilizes the same
model settings and training data as LLaVA-1.5 [35], the
obviously improved performance highlighting the effec-
tiveness of our method in promoting modality alignment
and this basic factor benefiting a wide range of bench-
marks. Additionally, we notice that BASIC’s performance
on VQAT [51] slightly declines. This benchmark primar-
ily assesses the model’s textual content recognizing abil-
ity, with questions generally like “What is the year on the
calendar?” and “What’s the letter next to the z on the ma-

chine?”. As the supervisory signal from the LLM’s shallow
layers focuses more on “semantic concepts”, it might blur
the abstract textual information within initial visual embed-
dings and affect scenarios with tiny text. To understand the
reason behind the performance differences between BASIC
and LLaVA [35], we visualize the closest matching text to-
ken for each initial visual embedding, respectively. As il-
lustrated in Figure 5, the initial visual embeddings gener-
ated by BASIC have improved semantic and associate with
more meaningful tokens. For an quantitative evaluation, we
randomly select 30 images from the MS COCO dataset and
have 2 master students count the number of “meaningful”
initial visual embeddings in LLaVA and BASIC, respec-
tively. The results show that BASIC outperforms in 100%
images, increasing the average ratio of meaningful embed-
dings from 74/576 to 217/576. The improved initial visual
embeddings ensure the consistent high quality of visual em-
beddings in the LLM’s shallow layers, allowing the ques-
tions perceive accurate visual embeddings from the outset
and reducing the confusion in image understanding.

Fuyu [5] completely discards the well-trained vision en-
coder and directly uses a simple linear layer to transform
image patches into input embeddings, entirely relying on
the LLM to model both images and text. LaVIT-v2 [28]
employs an image tokenizer to encode images into discrete
visual tokens, thus enabling unified auto-regressive mod-
eling. These works represent initial efforts to develop na-
tive MLLMs, but they still significantly lag behind those
adopting a vision encoder-vision projector-LLM architec-
ture in image comprehension. VW-LLM [45] introduces
an additional VM-head on the basis of LLaVA to provide
auto-regressive supervision for the continuous image fea-
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Figure 5. Comparisons between LLaVA [35] and BASIC in comprehending images. (Left) The respective closest matching text token for
each initial visual embedding. (Right) More reasonable textual associations help BASIC solve visual comprehension tasks.

Method Ldas Lsds VQAv2 GQA SQAI VQAT MMBEN MMBCN MM-Vet VizWiz

BASIC-7B

✗ ✗ 78.5 62.0 66.8 58.2 64.3 58.3 31.1 50.0
✓ ✗ 78.9 63.0 68.5 57.7 68.6 61.4 33.1 51.4
✗ ✓ 79.1 63.3 68.1 57.6 68.0 60.6 32.5 51.2
✓ ✓ 79.2 63.5 70.6 58.0 68.8 62.1 33.8 52.5

Table 2. Contributions of each supervisory loss to the performance of MLLM. Results demonstrate the effectiveness of both losses.

tures outputted by the LLM. However, the requirement for
specialized training for the VM-head finally resulting in a
complex four-stage training pipeline.

5.3. Ablation Studies

Analysis of Supervisory Losses. To assess the con-
tributions of two proposed optimization objectives respec-
tively, we compare the performance of models obtained
under three different training settings: using only Ldas,
only Lsds, and a combination of both. The experiments
are conducted on BASIC-7B, composed of CLIP-ViT-L/14-
336px [48] and Vicuna-7B [13]. The training process is
consistent with the main experiment, first pre-training on
the LLaVA 1.5-558k dataset, and then instruction-tuning on
the LLaVA 1.5-mix-665k dataset. As shown in Table 2,
when Ldas and Lsds are not used, BASIC represents the
original LLaVA [35]. The additional introduction of either
Ldas or Lsds can effectively enhance the model’s perfor-
mance across various benchmarks, demonstrating the effec-
tiveness of guiding initial visual embeddings using supervi-
sory visual embeddings from two distinct perspectives: the
directional alignment and the semantic distribution. Addi-
tionally, the simultaneous utilization of both losses can fur-
ther enhance the model’s performance.

Analysis of Supervisory Visual Embeddings. We uti-
lize refined visual embeddings in the LLM’s shallow lay-
ers to establish the direct visual supervision. We analyze
three key decision considerations in constructing the super-
visory visual embeddings: (i) the selection of refined visual
embeddings; (ii) the integration method of these refined vi-
sual embeddings; (iii) the degree of supervision on each
initial visual embedding. The experiments are conducted
using BASIC-7B, with the involved LLM Vicuna-7B [13]
consisting of 32 layers. We utilize 10% of LLaVA-1.5-mix-
665k [35] in the instruction-tuning stage.

(i) The Selection of Refined Visual Embeddings. We ex-
plore constructing the supervisory visual embeddings using
refined visual embeddings from multiple layers (specifically
from the 1 ∼ 4th, 1 ∼ 8th, ..., and 1 ∼ 32th layers). As
illustrated in Figure 6, when more refined visual embed-
dings from the shallow layers (generally 1 ∼ 16th layers)
are adopted, the model performance can gradually improve.
However, introducing embeddings from deep layers (gener-
ally 16∼ 32th layers) degrades the performance. This im-
plies the pattern difference across the LLM layers. Gener-
ally, using refined visual embeddings from the LLM’s lower
half can construct an appropriate supervision.

(ii) The Integration of Refined Visual Embeddings. In
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Method VE LLM PT+IT VQAv2 GQA SQAI VQAT MMBEN MMBCN MM-Vet VizWiz
LLaVA

CLIP-L [48] Gemma-2B [55] 558K+665K
72.5 56.0 61.3 43.7 54.0 49.5 23.9 38.7

BASIC 73.1 56.8 62.5 43.7 55.8 51.2 24.6 40.4

LLaVA
CLIP-L [48] Phi3-3.8B [1] 558K+665K

77.4 60.8 73.0 54.6 68.7 59.9 35.4 37.1
BASIC 77.6 61.5 74.6 55.2 70.2 61.1 35.8 39.2

LLaVA
CLIP-L [48] Mistral-7B [27] 558K+665K

79.1 62.5 72.4 56.6 70.0 63.6 36.3 47.6
BASIC 80.3 64.1 74.5 57.2 72.1 65.1 36.8 48.5

LLaVA
SigLIP-SO [68] Vicuna-7B [13] 558K+665K

80.8 63.2 70.6 62.3 68.0 58.6 32.9 51.1
BASIC 81.2 64.1 71.4 62.0 69.6 61.3 34.2 52.3

LLaVA
SigLIP-SO [68] Vicuna-13B [13] 558K+665K

81.8 64.3 73.8 64.5 69.5 65.8 37.6 54.2
BASIC 82.4 65.5 75.1 64.4 70.8 66.7 38.2 55.3

Table 3. Comparisons between LLaVA [35] and BASIC when adopting various combinations of vision encoders and LLMs.
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Figure 6. The results of utilizing refined visual embeddings from
different layers to construct the supervisory visual embedding.
The horizontal axis indicates the specific source layers.

this paper, wi is used to integrate refined visual embeddings
from different layers. With utilizing embeddings from the
LLM’s lower half (1∼ l/2 layers), we explore three settings
of the layer weights wi: first, wi decreases quadratically,
wdec

i = (l/2−i+1)2∑l/2
i=1 i2

; second, wi remains constant, wconst
i =

1
l/2 ; third, wi increases quadratically, winc

i = i2∑l/2
i=1 i2

. As

shown in Table 4, winc
i maintains better results across vari-

ous benchmarks. This is largely due to the gradual refine-
ment process within the LLM’s shallow layers.
(iii) The Degree of supervision. In the main experiment,
we implement fine control of the supervision degree for dis-
tinct image patches, which is based on the attention scores
from the text to the image. The underlying motivation is
that image patches vary in importance and should be treated
differently. We compare it with the scenario where the de-
gree of supervision is equal, namely ai are all the same. As
shown in Table 4, Sup.auto achieves better results compared
with Sup.equal, demonstrating the effectiveness of taking the

Benchmark wdec
i wconst

i wenc
i Sup.equal Sup.auto

VQAv2 72.9 73.2 73.4 73.0 73.4
GQA 55.1 55.6 55.9 55.6 55.9
SQAI 65.6 66.0 66.7 66.1 66.7
MMBEN 57.4 57.9 58.4 57.6 58.4
MMBCN 51.0 51.5 51.5 51.0 51.5
MM-Vet 27.8 28.3 28.7 27.6 28.7

Table 4. Results under different settings of layers weights and
supervision degrees. wdec

i , wconst
i and wenc

i denote wi decreasing
quadratically, remaining constant, and increasing quadratically re-
spectively. Sup.equal and Sup.auto denote supervising each image
patch equally and based on the importance respectively.

importance of image patches into account.
Analysis of Model Settings. To evaluate the applicability
and robustness of our method, we conduct experiments on
a series of MLLMs. The adopted LLMs include Gemma-
2B [55], Phi3-3.8B [1], Mistral-7B [27], Vicuna-7B [13],
and Vicuna-13B [13]. The vision encoders include CLIP-
L [48] and SigLIP-SO [68]. As shown in Table 3, under
the combinations of various sizes of LLMs and various res-
olutions of vision encoders, the introduction of direct visual
supervision from the LLM’s shallow layers can robustly en-
hance the model’s performance.

6. Conclusion

Modality alignment is a basic issue for MLLMs. The
prevailing aligning approach, which solely applies auto-
regressive supervision on the texts, has long neglected the
introduction of direct supervision for the visual embed-
dings. In this work, we conduct a detailed analysis of the
visual perception process of MLLMs, revealing the refine-
ment of visual embeddings in the LLM’s shallow layers.
Based on this, we utilize the refined visual embeddings from
the LLM’s shallow layers to improve the initial visual em-
beddings from the perspective of directional alignment and
semantic distribution. Our method effectively enhances the
model’s performance, providing valuable insights into the
construction of effective direct visual supervision.
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