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Abstract

Vision-language fine-tuning has emerged as an efficient
paradigm for constructing multimodal foundation models.
While textual context often highlights semantic relationships
within an image, existing fine-tuning methods typically over-
look this information when aligning vision and language, thus
leading to suboptimal performance. To address this prob-
lem, we propose a method that improves multimodal align-
ment and fusion by leveraging both semantics and relation-
ships. Specifically, we first extract multilevel semantic fea-
tures to capture more visual cues of the relationships. Then,
we learn to project the vision features to group related se-
mantics, among which are more likely to have relationships.
Finally, we fuse the visual features with the textual by us-
ing inheritable cross-attention, where we globally remove the
redundant visual relationships by discarding visual-language
feature pairs with low correlation. We evaluate our proposed
method on eight foundation models and two downstream
tasks, visual question answering and image captioning, and
show that it outperforms all existing methods.

Code — https://github.com/simonmonmonn/LSRM
Extended Version — https://arxiv.org/abs/2511.08238

1 Introduction

Vision-language models (VLMs), capable of jointly pro-
cessing visual and linguistic information, have demonstrated
remarkable performance on multimodal downstream tasks,
thanks to their powerful cross-modal comprehension capa-
bilities. In recent years, advancements in large-scale pre-
trained models (Tang et al. 2024) for natural language pro-
cessing (Achiam et al. 2023; Touvron et al. 2023a) and
computer vision (Radford et al. 2021) have led to the rise
of parameter-efficient fine-tuning (PEFT) techniques, which
have become the core paradigm for efficiently constructing
multimodal systems.

The construction of multimodal models comprises three
stages: vision encoding, cross-modal alignment, and vision-
language fusion. In the vision encoding stage, a pretrained
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Figure 1: Overview of our paper: (a) Existing VL fine-
tuning methods have a weak ability to capture semantic rela-
tionships; (b) Our method extracts global information from
the vision encoder and strengthens relationship modeling
through better alignment.

vision encoder transforms input images into structured se-
mantic features. The cross-modal alignment stage bridges
the semantic gap between the two modalities by project-
ing visual features into the language model’s representation
space through a trainable alignment module. Typical imple-
mentations of this stage include linear projection layers (Liu
et al. 2024a; Chen et al. 2023), or other customized projec-
tion methods (McKinzie et al. 2024; Ye et al. 2023; Bai
et al. 2023). Finally, the vision-language fusion stage fa-
cilitates cross-modal interaction mechanisms for joint mul-
timodal semantic reasoning. In the multimodal scenario,
PEFT aims to introduce efficient alignment and fusion mod-
ules to bridge the gap between the vision encoder and the
language model.



Recent studies reveal that while cross-attention-based
fine-tuning methods have achieved remarkable improve-
ments in the inference efficiency of multimodal models (Jie
et al. 2024), they still lack a thorough investigation to bridge
the semantic gap between vision and vision-language mod-
els. This fundamental limitation stems from the pretrain-
ing objectives of vision encoders: existing approaches pre-
dominantly optimize them for single-semantic classification
tasks rather than modeling inter-semantic relationships. For
instance, in the classic multimodal framework CLIP (Rad-
ford et al. 2021), the training objective of its visual encoder
exhibits clear classification properties: it requires the en-
coder to output categories matching a series of natural lan-
guage representations. This representational deficiency di-
rectly conflicts with the core requirement of vision-language
models: the ability to parse cross-semantic relationships
based on textual prompts. For example, when describing an
image of “a girl holding a cat”, the model must not only
recognize the independent semantics of “girl” and “cat”,
but also comprehend the relationship denoted by “holding.”
The semantic gap between these two model paradigms re-
mains a critical bottleneck constraining the performance
of multimodal systems. Existing architectures lack special-
ized designs for multimodal semantic relationship model-
ing: in the vision-encoding stage, the adopted final-layer vi-
sual features with classification properties are deficient in
complex semantic relationship information; in the alignment
and fusion stages, the simple MLP projector and naive cross-
attention fusion method lack the ability to remodel semantic
relationships.

We propose the learnable semantic relationship method
(LSRM), a cross-attention-based fine-tuning framework that
systematically enhances the understanding of multimodal
semantic relationships through. Firstly, we adopt the mul-
tilevel information fusion method for image encoding, ex-
tracting multilevel image features from different layers of
the encoder. Considering that intermediate-layer outputs can
better preserve semantic relationships while final-layer fea-
tures focus on high-level semantic abstraction, this strat-
egy will balance local correlations and global semantics.
Secondly, we employ the semantic relationship projector
to align multilevel image features to the textual space.
We observe that dimensionality reduction matrices in con-
ventional projectors implicitly perform semantic grouping
through their sparse structure. Our semantic relationship
projector addresses this by introducing a learnable diago-
nal matrix A after activation, dynamically amplifying crit-
ical semantic relationship groups while suppressing irrele-
vant signals. Finally, we use inheritable cross-attention to
fuse the aligned image features with text features from the
language model. Considering that the correlation strength
between text and image tokens is an inherent property, we
share this connection in the multi-layer cross-attention fu-
sion with a weight matrix M shared between layers. This
matrix progressively attenuates attention responses to re-
dundant token pairs across network depths while preserv-
ing high-confidence correlations, enabling hierarchical re-
finement from local semantic interactions to globally consis-
tent multimodal understanding by persistently focusing on
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strongly correlated cross-modal patterns.

To evaluate the LSRM framework, we conduct exten-
sive experiments on two downstream tasks—visual ques-
tion answering and image captioning—using eight founda-
tion models of varying scales from the LLaMA1-LLaMA3
(Grattafiori et al. 2024; Touvron et al. 2023a,b) and Vicuna
(Chiang et al. 2023) series. On the ScienceQA visual ques-
tion answering benchmark (Lu et al. 2022), after 20 epochs
of fine-tuning with the LLaMA-7B language model and
CLIP ViT-L/14 vision encoder, our method achieves 93.94%
accuracy on the test set, surpassing the state-of-the-art cross-
attention fine-tuning framework MemVP (Jie et al. 2024)
by 0.87%. Consistent performance advantages are observed
across all seven other foundation models. For image caption-
ing, our framework achieves performance comparable to the
current best methods on both BLEU-4 (Papineni et al. 2002)
and CIDEr (Vedantam, Lawrence Zitnick, and Parikh 2015)
metrics, further verifying its robustness.

Our main contributions are summarized as follows:

* We propose the Learnable Semantic Relationship
Method (LSRM) to enhance vision-language semantic
relationship modeling;

We introduce the multilevel information fusion strategy,
which fully leverages the advantages of both semantic
representations by aggregation of intermediate and final
layer outputs from the vision encoder;

We develop the semantic relationship projector, achiev-
ing adaptive enhancement of key semantic groups
through a learnable diagonal weight matrix;

¢ We introduce the inheritable cross-attention mechanism,
which ensures stability aligning domains through cross-
modal interactions through an inheritable weight matrix.

2 Related works
2.1 Parameter-Efficient Fine-Tuning

Compared to traditional fine-tuning methods, PEFT signif-
icantly reduces the number of parameters to be updated.
PEFT methods can be categorized based on their impact
on the model: 1) Methods acting directly on the language
model, which adjust model parameters or structure to mod-
ify the knowledge stored in the model. Key methods in-
clude BitFit (Zaken, Ravfogel, and Goldberg 2021), Adapter
(Houlsby et al. 2019), and LoRA (Hu et al. 2021). BitFit
trains only the bias values in pre-trained models, minimizing
trainable parameters. 2) Methods acting on language model
inputs or intermediate-layer inputs, such as Prefix-Tuning
(Li and Liang 2021) and Prompt-Tuning (Lester, Al-Rfou,
and Constant 2021), which modify input representations.
Many PEFT techniques designed for language models can
be applied to multimodal architectures. For instance, Ad-
versarial DuAl Prompt Tuning (ADAPT) (Cui et al. 2025)
achieves efficient Unsupervised Domain Adaptation (UDA)
through domain alignment via adversarial fine-tuning of
both textual and visual prompts. MetaPrompt (Zhao et al.
2024a) enhances the model’s domain generalization capa-
bility through a dual-modality prompt tuning network and
an alternating episodic training algorithm. CLIP4STR (Zhao
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Figure 2: The main LSRM(Learnable Semantic Relationship Method) framework. “®” denotes matrix addition, “®” denotes
matrix multiplication, and “®” denotes the Hadamard product of matrices (i.e., element-wise multiplication). The example of
input and output is from the ScienceQA dataset (Lu et al. 2022).

et al. 2024b) significantly boosts image-text alignment and
irregular text recognition capabilities with its dual-branch
model architecture and triple optimization strategy. MemVP
(Jie et al. 2024) tailors PEFT for vision-language models
by training lightweight alignment modules and incorporat-
ing cross-attention for information fusion in the language
model’s feed-forward layers.

2.2 Vision-Language Models

In multimodal tasks with pre-trained vision encoders and
large language models, visual and textual representations
reside in distinct embedding spaces due to modality-
specific pretraining. Aligning these representations is cru-
cial for effective fusion. A common approach is input-space
prompting-based fine-tuning, where visual inputs are pro-
jected and concatenated with text inputs. Representative
methods include VL-Adapter (Sung, Cho, and Bansal 2022),
VL-PET (Hu et al. 2023), LaVIN (Luo et al. 2024), and
LLaVA (Liu et al. 2024b), though this increases input se-
quence lengths, hindering contextual associations and rais-
ing inference latency. Cross-attention-based alignment, pro-
posed by Flamingo (Alayrac et al. 2022) and BLIP (Li
et al. 2022, 2023), projects visual data into keys and val-
ues for cross-attention, achieving fusion without increasing
input length. UniAdapter (Lu et al. 2023) and MemVP (Jie
et al. 2024) further optimize this with frame-aware atten-
tion and simplified cross-attention computations, improving
inference speed and efficiency. Despite progress, parameter-
efficient methods for enhancing cross-attention with better

10792

semantic relationship understanding remain underexplored.
Our work aims to develop more efficient, lightweight, and
generalizable fine-tuning frameworks.

3 Method

In this section, we begin by introducing the multilevel in-
formation fusion strategy during the vision encoding stage.
Next, we present the semantic relationship projector for
cross-modal alignment. Finally, we elaborate on the inheri-
table cross-attention mechanism for vision-language fusion.
Figure 2 illustrates the overall LSRM framework for effi-
cient vision-language fine-tuning. We also provide the pseu-
docode algorithm of LSRM in Algorithm 1.

3.1 Multilevel Information Fusion

Vision encoders are typically optimized for image recogni-
tion and classification tasks during the pre-training, resulting
in final-layer outputs that capture high-level visual represen-
tations but struggle with semantic relationships. In contrast,
intermediate layers retain semantic relationship information
yet produce low-level representations due to incomplete pro-
cessing. To address this, this module aims to combine the
strengths of both: preserving the semantic expressiveness of
final-layer outputs while leveraging the relational informa-
tion in intermediate layers.

Our framework employs a multilevel information fusion
method as follows. Given the significant divergence in fea-
ture spaces across different outputs, we independently train
a visual projector for each selected feature layer. The final



multilevel information fusion adopts an efficient averaging
strategy,

1
Xy = i
where L denotes the number of selected feature layers
(including intermediate and final layers), X7, X" X¢ rep-
resents the vision encoder output of the final, intermediate
and earlier layer, and Proj refers to the mutually indepen-
dent projector for multimodal alignment, which will be elab-
orated in Section 3.2.

[Proj ;(X]) + Proj,,, (X7") + Proj, (X§) + -+ ],

3.2 Semantic Relationship Projector

Due to the difference in representation spaces between Vvi-
sion encoders and language models, encoded visual fea-
tures must undergo cross-modal alignment through a train-
able projector before participating in subsequent mul-
timodal interactions. Under the parameter-efficient fine-
tuning paradigm, conventional projectors typically adopts
a dimension reduction-activation-dimension lifting architec-
ture. For visual features with dimension d; and linguistic
features with dimension ds, a projector with hidden dimen-
sion dy, (d, < dy,ds) is:

Proj(X,) = A - SILU(X, W)W, (1)

where W, € R%*dn ig the dimension reduction matrix,
W, € R4 %% is the dimension lifting matrix, SiLU denotes
the sigmoid linear unit activation function (Elfwing, Uchibe,
and Doya 2018), defined as SiLU(z) = z - Sigmoid(x), A is
a scale hyperparameter set manually.

The sparsity of W implicitly performs semantic group-
ing: interpreting X, as a multi-category probability dis-
tribution, this operation constructs cross-semantic relation-
ship groups. However, in the dense features generated after
nonlinear activation, different semantic relationship groups
exhibit varying importance. Traditional architectures lack
dynamic weight adjustment capabilities. To address this,
we propose the semantic relationship projector (SRProj)
by introducing a learnable diagonal weight matrix A
diag(A1, ..., Ag, ) after the activation layer to adaptively en-
hance critical semantic relationships:

SRProj(X,,) = (A - SILU(X, W ))Wj. )

Building upon the multilevel information fusion method
proposed in Section 3.1, the overall workflow can be for-
mally expressed as:

1
Xy =7 [SRProj ;(X) + SRProj,,, (X"
+ SRProj,(X5) + -+ -]. 3)

To avoid adding excessive model complexity, we ultimately
use only a single intermediate-layer feature. In this configu-
ration, the specialized expression formulated as:
1 . m .
X, = §[SRPr0Jm(XU ) + SRProj ;(X])], 4)
where X" and X/ denote the intermediate-layer and final-
layer output features, respectively.
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3.3 Inheritable Cross-Attention

In this paper, we follow the cross-attention computation
framework in MemVP (Jie et al. 2024), and the expression
is as follows:

Xiuse = Cross-Attn(Q, K, V) = SiLU (QK ") V. (5)

Concretely, queries (Q), keys (K) and values (V) are for-
mulated as follows:

Q=X,K=X,+P;, V=X, + Py, 6)

where Xgse means multimodal fused output of cross-
attention. X; denotes the intermediate-layer output of the
language model, and P, P, are two trainable positional
embedding matrices.

The attention score computation (i.e., « = SiLU(QK "))
constitutes the core process for establishing vision-language
cross-modal semantic correlations. Each value in the oo ma-
trix quantifies the association strength between a visual to-
ken and a text token. Low-correlation noisy token pairs often
introduce interference through spontaneous allocation of at-
tention scores. Suppressing these low-confidence attention
responses can implicitly enhance the interaction weights of
highly correlated semantic units.

Notably, when cross-attention modules are embedded
within each Transformer layer of the visual model, the
learned cross-modal correlation patterns exhibit hierarchi-
cal transfer properties. We propose an inheritable cross-
attention module for inter-layer correlation knowledge shar-
ing: by inheriting effective semantic correlation information
learned in shallow layers to deeper networks, this approach
suppresses attention scores of redundant token pairs, thereby
guiding the model to persistently focus on strongly corre-
lated cross-modal interactions. To achieve this, we introduce
an inheritable weight matrix M to accumulate the suppres-
sion weights of token pairs. Initialized as an all-ones matrix,
this mechanism performs weight decay on the lowest 6% to-
ken pairs in each row (corresponding to each text token) of
the attention scores «;; during each cross-attention compu-
tation as:

ng_{

Here, the script [ denotes the cross-attention module inserted
at the [-th layer of the language model, 7, j means the ith and
the jth token of text token and vision token, and A € (0, 1)
is a preset decay factor. Building upon the weight matrix M,
the Inheritable Cross-Attention is calculated as follows:

Cross-Attn(Q, K, V) = [M®SiLU (QK")]V, (®)

where ® denotes the Hadamard product of matrices (i.e.,
element-wise multiplication).

Given that inheritable cross-attention serves as an en-
hancement mechanism for cross-attention and should be in-
troduced only after the model has developed foundational
attention modeling capabilities, we introduce the hyperpa-
rameter shift_epoch to delay the activation of inherita-
ble cross-attention until the training process has reached a
specified number of epochs.

ML if ol € lowest 6% of of,

-1 ™
Mij

otherwise.



Method #Param Subject Context Modality Grade Average
Trainable LLM | NAT SOC LAN | TXT IMG NO |Gl-6 G7-12

Zero-/few-shot methods

Human (Lu et al. 2022) - - 190.23 84.97 87.48|89.60 87.50 88.10(91.59 82.42 | 88.40
GPT-4 (Achiam et al. 2023) - - | 84.06 73.45 87.36|81.87 70.75 90.73|84.69 79.10 | 82.69
Full training methods

UnifiedQA (Lu et al. 2022) 223M - |71.00 76.04 7891|6642 66.53 81.81|77.06 68.82 | 74.11
MM-CoTgase (Zhang et al. 2023b) 223M - | 87.52 77.17 85.82|87.88 82.90 86.83|84.65 8537 | 84.91
LLaVA (Liu et al. 2024b) 7B 7B - - - - - - - - 89.84
CoMD (Vicuna-7B)(Lu et al. 2022) 7B 7B |91.83 9595 88.91|90.91 89.94 91.08|92.47 90.97 | 91.94
PEFT methods with LLaMA-7B

PILL (LLaMA-7B)(Yin et al. 2024) 45M 7B 90.36 95.84 89.27(89.39 88.65 91.71|92.11 89.65 | 91.23
LLaVA-LoRA (Jie et al. 2024) 4.4M 7B |91.70 94.60 86.09|91.25 90.28 88.64 |91.52 89.65 | 90.85
LLaMA-Adapter (Zhang et al. 2023a) 1.8M 7B |84.37 88.30 84.36|83.72 80.32 86.90|85.83 84.05 | 85.19
MemVP (Jie et al. 2024) 3.9M 7B |94.45 95.05 88.64|93.99 9236 90.94|93.10 93.01 | 93.07
LSRM (ours) 3.9M 7B [95.16 95.28 90.36 | 94.87 93.41 92.20|94.20 93.47 | 93.94
PEFT methods with LLaMA-13B

LaVIN (LLaMA-13B) (Luo et al. 2024)  5.4M 13B [90.32 94.38 87.73|89.44 87.65 90.31|91.19 89.26 | 90.50
MemVP (Jie et al. 2024) 5.5M 13B [95.07 95.15 90.00|94.43 92.86 92.47|93.61 94.07 | 93.78
LSRM (ours) 5.5M 13B [96.09 95.61 90.00|95.55 94.00 92.47 | 94.68 93.94 | 94.41

Table 1: Evaluation results on ScienceQA test set with LLaMA-7B and LLaMA-13B. NAT = natural science, SOC = social
science, LAN = language science, TXT = text context, IMG = image context, NO = no context, G1-6 = grades 1-6, G7-12 =

grades 7-12.

Algorithm 1: LSRM Framework

Input: text ey, image Ting,
Output: multimodal feature X
X < LLM-embedding(zy)
> Multilevel Information Fusion
X7, X™ < VisionEncoder(%img)
> Semantic Relationship Projector
X, % [SRProjm(XUm) + SRProjf(X{f)]
Initialize: M = I, «n
for Layer in LLM do
X « Layer.Attn(X;)
Q — Xt7K — Xi) +P17V <~ X—'I} +P2
> Inheritable Cross-Attention
a + SiLU(QKT)
AMij
Mij {MU
o «—a-M
Xfuse —d-V
Xy + Xpyse + Layer. FEN(X,)
end for

A A S ey

4 if a;; € lowest 0% of «;
otherwise.
15:
16:
17:

18:

4 Experiments

In this section, we evaluate the LSRM framework through
experiments on diverse datasets and models. Section 4.1 out-
lines the setup, followed by a performance comparison on
VQA and image captioning tasks in Section 4.2. Ablation
studies and qualitative validations are shown in Section 4.3
and Section 4.4, respectively.
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4.1 Experimental Setups

The experiments are primarily conducted on the ScienceQA
(Lu et al. 2022) dataset for visual question answering. Mod-
els are fine-tuned on the training set, with the average accu-
racy on the test set as the core evaluation metric. Addition-
ally, for the image captioning task, we evaluate our method
on the COCO Captions dataset (Chen et al. 2015) using the
Karpathy split (Karpathy and Fei-Fei 2015), comparing re-
sults with existing methods through BLEU-4 and CIDEr
scores. We validate the framework using a combination of
open-source pretrained vision encoders and language mod-
els. For ScienceQA, we test 8 language models: LLaMA-
7B/13B (Touvron et al. 2023a), LLaMA2-7B/13B (Touvron
et al. 2023b), LLaMA3-1B/3B/8B (Grattafiori et al. 2024),
and Vicuna-7B (Chiang et al. 2023). For the COCO image
captioning task, we use the LLaMA-13B model. Visual fea-
tures in all experiments are extracted using the CLIP ViT-
L/14 encoder (Radford et al. 2021).

For ScienceQA experiments, we follow MemVP’s opti-
mization settings. Specifically, fine-tuning is performed for
20 epochs on LLaMA-7B and LLaMA-13B models with a
global batch size of 32. The initial learning rate is set to 9¢ 3
and decays via a cosine schedule. The multilevel informa-
tion fusion module uses the intermediate-layer output (layer
12 out of 24 layers) from the vision encoder, with the fusion
weight hyperparameter s fixed at 0.1. The hidden dimension
of the semantic relationship projector is set to 64, maintain-
ing half the parameters of MemVP’s projector to ensure con-
sistency in total parameters. The inheritable cross-attention
module uses hyperparameters 6 = 0.3 and A = 0.85, with
a training mode switch at epoch 14. More detailed hyperpa-
rameter configurations will be presented in appendix.



Method #Param Subject Context Modality Grade Averace
Trainable LLM | NAT SOC LAN | TXT IMG NO | Gl-6 G7-12 &

PEFT methods with Vicuna-7B

LaVIN (Vicuna) (Luo et al. 2024)  3.8M 7B | 89.25 9494 85.24|88.51 87.46 88.0890.16 88.07 | 89.41

MemVP (Jie et al. 2024) 3.9M 7B [93.92 94.94 89.00|93.65 91.87 91.50|92.88 92.81 | 92.86

LSRM (ours) 3.9M 7B |194.94 95.39 88.73|94.83 93.21 90.80|93.61 93.08 | 93.42

PEFT methods with LLaMA2-7B

MemVP (Jie et al. 2024) 3.9M 7B 95.07 95.50 88.27|94.28 92.76 91.2993.72 92.81 | 93.40

LSRM (ours) 3.9M 7B |95.34 95.95 89.55|95.11 93.65 91.71|94.02 93.87 | 93.96

PEFT methods with LLaMA2-13B

MemVP (Jie et al. 2024) 5.5M 7B [94.45 95.28 91.00|94.04 92.66 92.75]93.39 94.33 | 93.73

LSRM (ours) 5.5M 13B [95.60 95.28 91.36|95.26 93.70 93.31|94.38 94.53 | 94.44

PEFT methods with LLaMA3

MemVP-1B (Jie et al. 2024) 2.3M 1B [92.58 94.15 85.73|92.08 90.68 88.64|91.48 90.51 | 91.13

LSRM-1B (ours) 2.3M 1B |93.43 94.83 87.27|92.52 91.52 90.03|92.03 92.29 | 92.12

LSRM-3B (ours) 3.0M 3B [95.16 95.16 90.09 |94.92 93.41 92.06|93.72 94.07 | 93.85

LSRM-8B (ours) 3.9M 8B |95.78 95.61 92.73|95.16 93.55 94.84 | 95.01 94.86 | 94.95

Table 2: Evaluation results on ScienceQA test set with Vicuna, LLaMA?2 and LLaMA?3. NAT = natural science, SOC = social
science, LAN = language science, TXT = text context, IMG = image context, NO = no context, G1-6 = grades 1-6, G7-12 =

grades 7-12.
Method #T. ‘ BLEU-4 CIDEr
VisionLLM-H (Wang et al. 2024) - 32.1 114.2
BLIP (Li et al. 2022) 583M | 404 136.7
BLIP-2 (Li et al. 2023) 188M | 43.7 145.3
*LLaMA-Adapter (Gao et al. 2023) 14M 36.2 122.2
*MemVP (Jie et al. 2024) 55M | 36.6 121.6
*LSRM 55M | 373 123.9

Table 3: Evaluation results on COCO caption using the
Karpathy test split with LLaMA-13B as the language model.
#T. = trainable parameters. *PEFT methods.

4.2 Quantitative Results

Results on ScienceQA. We first validate the performance
advantages of our model on the ScienceQA dataset, with
results summarized in Table 1. To comprehensively eval-
uate the effectiveness, we covers three representative cat-
egories of methods from the ScienceQA official bench-
mark (Lu et al. 2022): zero-/few-shot learning, full train-
ing, and parameter-efficient fine-tuning (PEFT) methods.
Experiments demonstrate that our method achieves signif-
icant performance superiority over all zero-/few-shot and
full training baselines. In comparisons with PEFT methods,
our model surpasses all baselines in terms of average ac-
curacy. Specifically, fine-tuning experiments on LLaMA-7B
achieve a 0.87% improvement over the current state-of-the-
art method MemVP (Jie et al. 2024), while the LLaMA-
13B version exceeding previous best by 0.63%. These per-
formance improvements are achieved with only a minimal
increase in model parameters.

We further evaluate the framework’s performance on the
LLaMA?2 and LLaMA3 model families, with results shown
in Table 2. Experimental results demonstrate that our frame-
work consistently outperforms existing fine-tuning frame-
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Method #Trainable Training Inference
Params | Time (s/batch) Time (s/batch)
LLaVA-LoRA7B  44M 0.49 3.42
LaVIN 7B 3.8M 0.39 2.06
MemVP 7B 3.9M 0.28 1.88
MemVP 13B 5.5M 0.46 3.07
LSRM 7B 3.9M 0.29 1.93
LSRM 13B 5.5M 0.48 3.17

Table 4: Measured on 8xA800 GPUs without memory-
saving or speed-up techniques (e.g., flash attention). The
per-GPU batch size is 4 for training and 64 for inference.

works across 7 pretrained models with different parame-
ter scales. Notably, the LLaMA3-1B based implementa-
tion achieves the most significant improvement, showing a
0.99% test accuracy gain over existing fine-tuning frame-
works. This advantage likely stems from our method’s pri-
oritized optimization of semantic relationship learning ca-
pabilities, which effectively enhances cross-modal modeling
capacities of smaller-scale models.

Results on COCO Caption. We also validate the perfor-
mance of the LSRM framework on the COCO Captions
dataset. The experiments employ the baseline results of the
MemVP framework for comparative analysis. As shown in
Table 3, despite having significantly fewer trainable parame-
ters than full-parameter fine-tuning methods (Li et al. 2022,
2023), our framework exhibits no substantial performance
gap in testing. Specifically, LSRM outperforms the MemVP
baseline by 0.9 points on BLEU-4 and 2.3 points on CIDEr.
These results further verify the comprehensive performance
advantages of our method under parameter-efficient con-
straints.



Setting #Trainable | Average
Params | Accuracy
Baseline 3.9M 92.78
+ Multilevel Information Fusion 3.9M 93.47
+ Semantic Relationship Projector ~ 3.9M 93.75
+ Inheritable Cross-Attention 3.9M 93.94

Table 5: Ablation study of each module in our framework
with LLaMA-7B as the language model and CLIP as the
vision encoder.

Efficiency. To validate the computational performance of
our proposed method relative to existing approaches, we
evaluate the efficiency of LSRM on ScienceQA+LLaMA-
7B/13B tasks using 8 x A800 GPUs for both training and in-
ference. Experimental results are presented in Table 4. Com-
pared to conventional input-space prompt-based fine-tuning
methods (e.g., LLaVA-LoRA, LaVIN), LSRM demonstrates
significant advantages in training and inference speed.
When compared with the state-of-the-art cross-attention-
based method MemVP, LSRM exhibits slightly increased
speeds on the 7B model. Nevertheless, LSRM shows no sig-
nificant disadvantage in computational efficiency compared
to SOTA methods.

4.3 Ablation Studies

To verify the effectiveness of each module, we conduct the
ablation study of the main framework by employing the
LLaMA-7B model and the ScienceQA dataset. The frame-
work comprises three core components: multilevel informa-
tion fusion, semantic relationship projector, and inheritable
cross-attention. As shown in Table 5, ablation experiments
start with a baseline model that integrates none of these com-
ponents, achieving a accuracy of 92.78%. Upon introduc-
ing multilevel information fusion, the accuracy improves to
93.47%. Further integrating the semantic relationship pro-
jector increases the accuracy to 93.75%, and finally, incorpo-
rating the inheritable cross-attention module elevates the ac-
curacy to 93.94%. The results progressively validate the in-
dependent effectiveness of each component and confirm the
effect of component collaboration on overall performance.
More ablation experiments regarding hyperparameters and
architectural details will be presented in appendix.

4.4 Qualitative Results

To validate the theoretical analyses in Section 3.3 about in-
heritable cross-attention, we conduct qualitative visualiza-
tion experiments using the LLaMA-13B-based model on the
COCO Captions dataset. Given the inherent divergence be-
tween the model’s semantic processing and human cognitive
patterns, our analysis focuses on representative samples with
explicitly interpretable decision rationales.

The core mechanism of the inheritable cross-attention
module is implemented through the inheritable matrix M.
To analyze its functionality, we visualize the weight values
of M by mapping the attention weights between specific text
tokens and image regions to transparency levels at corre-
sponding image locations, where lower weights correspond
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Original cat sitting chair
Examplel: picture of a cat sitting on a chair
with a stuffed animal

Original tower sky background

Example2: a clock tower with a sky background

Original bathroom
Example3: a bathroom with a tub and a sink

Figure 3: Visualization of Inheritable Cross-Attention.In
each row, the left figure is the original image, while the mid-
dle and right figures demonstrate the value of inheritable ma-
trix between two representative text tokens and each image
tokens.

to higher transparency, as shown in Figure 3. Three key pat-
terns are revealed: firstly, low-weight regions (high trans-
parency) generally exhibit weak semantic relationship with
the current text token; secondly, when a visual entity (e.g.,
the tower structure in Example2) is mentioned in preceding
descriptions, its attention weights are significantly reduced
during subsequent text generation, achieving the automatic
suppression of historical information; thirdly, when generat-
ing global text descriptions, the range of the image attended
to by matrix M also expands to capture global semantics.
For instance, in Example3, the image range attended to when
describing the scene “bathroom” is significantly larger than
that when describing the local semantics “tub” and “sink”.
Notably, some low-weight regions still maintain strong rele-
vance in human cognition, suggesting that the model’s atten-
tion mechanism does not fully capture the semantic impor-
tance assigned by humans. We hypothesize that this discrep-
ancy originates from fundamental differences in perceptual
mechanisms between the model and humans.

5 Conclusion

In this paper, we tackle the challenge of improving se-
mantic relationship understanding in vision-language fine-
tuning. We introduce LSRM, a learnable semantic rela-
tionship method comprising three integrated components:
multilevel information fusion for remodeling semantic re-
lationships, a semantic relationship projector to enhance
key semantic groups, and inheritable cross-attention to es-
tablish inter-layer attention suppression. Extensive experi-
ments across eight baseline models and two downstream
tasks demonstrate the effectiveness of the proposed method,
emphasizing the critical role of remodeling semantic rela-
tionships in vision-language fine-tuning.
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