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Abstract

Multimodal large language models (MLLMs)
have demonstrated remarkable capabilities by
integrating visual and textual understanding
within a unified transformer architecture. How-
ever, fine-tuning all parameters of these models
for visual instruction tuning is computation-
ally expensive and often unnecessary, as the
representation requirements for visual and tex-
tual tokens diverge significantly in the deeper
layers of the network. In this paper, we pro-
pose Decoupled Visual Processing (DVP), an
efficient training framework that replaces the
upper decoder layers of a pretrained LLM with
a lightweight, independently trainable single
transformer block dedicated exclusively to vi-
sual token processing. Specifically, after shared
processing through the first half of the decoder
layers, visual and textual tokens are split: vi-
sual tokens are routed through a newly initial-
ized single transformer block while textual to-
kens continue through the original frozen de-
coder layers. The two streams are then concate-
nated before the language modeling head. Dur-
ing training, only the single transformer block
is updated, dramatically reducing the number
of trainable parameters. Experiments on the
LLaVA-1.5 framework demonstrate that DVP
achieves competitive performance on MME,
POPE, and ChartQA benchmarks while train-
ing only a fraction of the total parameters, sug-
gesting that visual representations in MLLMs
can be effectively learned through a decoupled,
parameter-efficient pathway.

1 Introduction

The integration of visual understanding into large
language models (LLMs) has become a central re-
search direction in artificial intelligence. Models
such as LLaVA (Liu et al., 2024b), BLIP-2 (Li
et al., 2023a), and InstructBLIP (Dai et al., 2024)
have demonstrated that connecting a vision encoder
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to a pretrained LLM, followed by visual instruc-
tion tuning, can yield powerful multimodal systems
capable of following complex instructions involv-
ing both images and text. These multimodal large
language models (MLLMs) have shown strong per-
formance across a wide range of benchmarks span-
ning visual question answering, image captioning,
optical character recognition, and chart understand-
ing.

A common paradigm in current MLLMs in-
volves projecting visual features from a pretrained
vision encoder (e.g., CLIP ViT (Radford et al.,
2021)) into the input embedding space of the
LLM, then processing all tokens—both visual and
textual—through the full stack of transformer de-
coder layers (Liu et al., 2024a). While effective,
this approach requires either full fine-tuning of the
LLM or the application of parameter-efficient meth-
ods such as LoRA (Hu et al., 2022). Full fine-
tuning updates billions of parameters and demands
substantial computational resources, while adapter-
based methods, though more efficient, still require
modifications throughout every layer of the model.

An important but underexplored question is
whether visual and textual tokens truly need to
share the same deep representation pathway. Prior
work has shown that the lower layers of transformer
models capture more general, modality-agnostic
features, while the upper layers become increas-
ingly specialized (Devlin et al., 2019; He et al.,
2016). In the context of MLLMs, this observation
suggests that visual tokens might benefit from a
specialized processing pathway in the upper layers,
distinct from the text-oriented processing of the
original LLM.

In this paper, we propose Decoupled Visual Pro-
cessing (DVP), a simple yet effective architecture
modification for efficient multimodal adaptation.
The core idea is illustrated in Figure 1: given a
pretrained LLM with L decoder layers, we process
all tokens jointly through the first K layers, then



split the token sequence by modality. Visual to-
kens are routed through a single newly initialized
transformer block, while textual tokens continue
through the remaining L−K frozen decoder lay-
ers. The two streams are concatenated before the
language modeling head for next-token prediction.

The key advantage of DVP is extreme parameter
efficiency: during training, only the single trans-
former block (processing visual tokens) is updated,
while all original LLM parameters remain frozen.
This design is motivated by two hypotheses: (1)
the lower layers of the LLM are sufficient for es-
tablishing cross-modal alignment between visual
and textual representations, and (2) visual tokens in
the upper layers require different transformations
than textual tokens, and these can be captured by a
compact, dedicated module.

We validate DVP using the LLaVA-1.5 (Liu
et al., 2024a) framework with a Vicuna-7B back-
bone. Our experiments demonstrate that:

• DVP achieves competitive performance on
the MME benchmark (Fu et al., 2023), with
a perception score of 1440 compared to the
1496 of fully fine-tuned LLaVA-1.5-7B, while
training dramatically fewer parameters.

• On POPE (Li et al., 2023b), DVP achieves
0.8619, surpassing the LLaVA-1.5-7B base-
line of 0.8577, indicating reduced object hal-
lucination.

• DVP provides a favorable efficiency–
performance trade-off compared to standard
full-parameter training approaches.

These results suggest that the deep decoder lay-
ers of an LLM are not equally necessary for visual
and textual tokens, and that visual understanding
can be efficiently learned through a lightweight,
decoupled pathway. Our approach opens new di-
rections for understanding modality-specific pro-
cessing within unified multimodal architectures.

2 Related Work

2.1 Multimodal Large Language Models
The development of MLLMs has been driven by
the insight that pretrained LLMs can be augmented
with visual capabilities through appropriate archi-
tectural connectors and training strategies. Early
approaches such as Flamingo (Alayrac et al., 2022)
introduced cross-attention mechanisms to inject vi-
sual information into frozen LLMs. BLIP-2 (Li

et al., 2023a) proposed a querying transformer
(Q-Former) to bridge the modality gap between
a frozen vision encoder and a frozen LLM.

The LLaVA family of models (Liu et al.,
2024b,a) popularized a simpler approach: pro-
jecting visual tokens from a CLIP ViT encoder
through a linear or MLP projection layer directly
into the LLM input space, then fine-tuning the en-
tire model with visual instruction data. LLaVA-
1.5 (Liu et al., 2024a) introduced several improve-
ments including an MLP vision-language connec-
tor, higher resolution inputs, and additional training
data, establishing strong baselines across multiple
benchmarks. Subsequent models such as InternVL
(Chen et al., 2024), Qwen-VL (Bai et al., 2023),
and mPLUG-Owl2 (Ye et al., 2024) have further
advanced the field through scaling, improved train-
ing recipes, and novel architectural components.
Beyond perception and captioning, recent efforts
have extended MLLMs toward structured multi-
modal reasoning (Wu et al., 2026a) and dense pre-
diction tasks such as referring segmentation (Liu
et al., 2026), broadening the range of capabilities
expected from unified multimodal architectures.

2.2 Parameter-Efficient Fine-Tuning
Given the scale of modern LLMs, parameter-
efficient fine-tuning (PEFT) methods have attracted
significant attention. LoRA (Hu et al., 2022) in-
jects trainable low-rank decomposition matrices
into each transformer layer, enabling adaptation
with a small fraction of the original parameters.
QLoRA (Dettmers et al., 2024) extends this ap-
proach with quantization techniques. Adapter lay-
ers (Houlsby et al., 2019) insert small bottleneck
modules between transformer sublayers. A com-
plementary line of work reduces cost through struc-
tural compression of the pretrained model itself,
for example via data-driven regularized structured
pruning (Feng et al., 2025, 2026b), which removes
redundant components rather than adding trainable
ones. Our method shares the structural philosophy
of these approaches but applies it selectively to the
visual pathway.

In the context of MLLMs, PEFT methods are
typically applied uniformly across all layers—that
is, the same adaptation mechanism is used for both
visual and textual token processing throughout the
entire model depth. Our approach differs funda-
mentally: rather than adapting every layer for vi-
sual processing, we replace the upper layers en-
tirely for visual tokens with a single dedicated trans-
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Figure 1: Architecture of Decoupled Visual Processing (DVP). Input tokens pass through shared decoder layers
[0, 16], then are split by modality. Visual tokens are processed by a single trainable transformer block (shown in
orange), while textual tokens pass through the original frozen decoder layers [17, 31]. The outputs are concatenated
before the language modeling head. Only the single transformer block is trained during instruction tuning.

former block. This represents a structural, rather
than parametric, approach to efficient adaptation.

2.3 Modality-Specific Processing in
Transformers

The idea that different modalities may benefit
from specialized processing pathways has roots
in mixture-of-experts architectures and modality-
specific encoder-decoder designs. Recent work
has explored how visual and textual tokens interact
within shared transformer layers (Tong et al., 2024),
revealing that attention patterns between modalities
become increasingly sparse in deeper layers. This
observation aligns with our hypothesis that visual
tokens may not require the full depth of processing
provided by the LLM decoder stack.

VILA (Lin et al., 2024) investigated the impor-
tance of different training stages and data com-
positions for visual language models, finding that
the visual projector and early layers play crucial
roles in cross-modal alignment. Our work builds
on these insights by explicitly decoupling the pro-
cessing pathways after the initial alignment layers.

3 Method

3.1 Preliminaries

We build upon the LLaVA architecture (Liu et al.,
2024b,a), which consists of three main components:
a vision encoder V , a vision-language projector P ,
and a language model L. Given an input image
I and a text instruction T , the model operates as
follows:

Visual Feature Extraction. The image I is pro-
cessed by the vision encoder (CLIP ViT-L/14 at
336×336 resolution) to obtain visual features:

Zv = V(I) ∈ RNv×dv (1)

where Nv is the number of visual tokens and dv is
the vision encoder dimension.

Projection. The visual features are projected into
the language model embedding space through an
MLP projector:

Hv = P(Zv) ∈ RNv×d (2)

where d is the hidden dimension of the language
model.

Language Model Processing. The projected vi-
sual tokens Hv are concatenated with the text to-
ken embeddings Ht ∈ RNt×d to form the input
sequence:

X(0) = [Hv;Ht] ∈ R(Nv+Nt)×d (3)

In the standard LLaVA framework, this com-
bined sequence is processed through all L decoder
layers of the LLM:

X(l) = DecoderLayerl(X
(l−1)), l = 1, . . . , L

(4)
The final hidden states X(L) are passed to the

language modeling head for next-token prediction.

3.2 Decoupled Visual Processing
Our key modification introduces a split-process-
concatenate paradigm in the decoder stack. We
divide the L decoder layers into two groups: the
shared lower layers (layers 0 through K − 1) and
the upper layers (layers K through L− 1).

Phase 1: Shared Processing. All tokens are pro-
cessed jointly through the first K decoder layers:

X(K) = DecoderLayerK−1◦· · ·◦DecoderLayer0(X
(0))

(5)
This phase enables cross-modal attention be-

tween visual and textual tokens, allowing the model
to establish alignment and contextual grounding be-
tween modalities.



Phase 2: Modality Split. After the shared layers,
we split the hidden states by modality:

X(K)
v ,X

(K)
t = Split(X(K)) (6)

where X
(K)
v ∈ RNv×d and X

(K)
t ∈ RNt×d are the

visual and textual hidden states, respectively.

Phase 3: Decoupled Processing. The two token
streams are processed through separate pathways:

X̂v = SingleTransformer(X(K)
v ) (7)

X̂t = DecoderLayerL−1 ◦ · · · ◦ DecoderLayerK(X
(K)
t )

(8)

The SingleTransformer in Equation 7 is
a newly initialized single transformer block with
the same hidden dimension d as the original LLM.
It consists of a multi-head self-attention layer fol-
lowed by a feed-forward network, with layer nor-
malization and residual connections. This block is
the only trainable component during fine-tuning.

The textual path in Equation 8 uses the original
frozen decoder layers K through L− 1, preserving
the pretrained language modeling capability.

Phase 4: Concatenation and Prediction. The
processed visual and textual representations are
concatenated and passed to the language modeling
head:

Y = LM_Head([X̂v; X̂t]) (9)

The training objective remains the standard au-
toregressive language modeling loss, computed
only over the textual output tokens:

L = −
Nt∑︂
i=1

logP (ti|t<i, X̂v, X̂t,<i) (10)

3.3 Design Choices and Rationale

Split Point Selection. In our experiments with
Vicuna-7B (which has 32 decoder layers, indexed
0–31), we set K = 17, splitting after layer 16.
This approximately bisects the decoder stack. The
choice is motivated by the observation that the first
half of transformer layers typically captures lower-
level and cross-modal features, while the second
half specializes in higher-level, task-specific repre-
sentations. We provide an analysis of alternative
split points in Section 4.3.

Single Transformer Block. We deliberately use
a single transformer block rather than multiple
blocks for the visual pathway. This extreme com-
pression forces the model to learn a compact trans-
formation that maps the shared-layer visual repre-
sentations directly to the output space. Despite re-
placing 15 decoder layers (layers 17–31) for visual
tokens, a single block proves sufficient to maintain
strong performance, suggesting significant redun-
dancy in the original architecture’s processing of
visual tokens.

Frozen LLM Parameters. By freezing all orig-
inal LLM parameters (including the shared lower
layers), we ensure that the pretrained text genera-
tion capability is fully preserved. The only parame-
ters updated during training are those of the single
transformer block, which has approximately 1

L−K
of the parameters in the replaced decoder layers—
in our configuration, roughly 1

15 of the upper-layer
parameters.

3.4 Training Configuration

Following the LLaVA-1.5 training recipe, we use
the LLaVA-1.5-665K visual instruction tuning
dataset. The vision encoder is CLIP ViT-L/14
at 336×336 resolution, and the language model
backbone is Vicuna-7B (Touvron et al., 2023). We
use the AdamW optimizer (Loshchilov and Hutter,
2019) with a cosine learning rate schedule. The
MLP projector is pretrained following the standard
LLaVA-1.5 procedure, and only the single trans-
former block is trained during the instruction tuning
stage.

4 Experiments

4.1 Experimental Setup

Baselines. We compare DVP against two base-
lines:

• LLaVA-1.5-7B: The standard LLaVA-1.5
model with Vicuna-7B backbone, trained with
full fine-tuning of all parameters on the com-
plete LLaVA-1.5 training data. This repre-
sents the upper-bound reference performance.

• Normal Training: A variant using our split
architecture (layers 0–16 shared, then separate
pathways for visual and textual tokens), but
with all parameters trained, including both
the single transformer for visual tokens and
the decoder layers 17–31 for textual tokens.



This baseline isolates the effect of parameter
freezing from the architectural modification.

Evaluation Benchmarks. We evaluate on three
widely used benchmarks:

• MME (Fu et al., 2023): A comprehensive
benchmark measuring both perception (14
subtasks including existence, count, position,
color, OCR, poster, celebrity, scene, landmark,
artwork) and cognition (4 subtasks including
commonsense reasoning, numerical calcula-
tion, text translation, code reasoning) abilities.
Higher scores indicate better performance.

• POPE (Li et al., 2023b): An evaluation proto-
col for object hallucination in MLLMs. Mod-
els are asked yes/no questions about object
existence in images. The metric is accuracy,
with higher values indicating less hallucina-
tion.

• ChartQA (Masry et al., 2022): A benchmark
for chart understanding and question answer-
ing that requires both visual parsing and logi-
cal reasoning over chart data.

4.2 Main Results

Table 1 presents our main experimental results.
Several key observations emerge from these results.

DVP Achieves Competitive Perception Perfor-
mance. On the MME perception subtask, DVP
scores 1440, which is 96.3% of the LLaVA-1.5-
7B baseline score of 1496. This is a remarkably
strong result given that DVP trains only a single
transformer block while the baseline fine-tunes the
entire 7B-parameter model. Moreover, DVP sub-
stantially outperforms the Normal Training base-
line on perception (1440 vs. 1225), suggesting
that freezing the LLM parameters helps preserve
visual perception abilities that can be disrupted by
unrestricted fine-tuning.

DVP Reduces Hallucination. On the POPE
benchmark, DVP achieves 0.8619, which is the
highest score among all three methods and exceeds
the LLaVA-1.5-7B baseline (0.8577). This result
suggests that the decoupled architecture may help
reduce object hallucination by preventing the vi-
sual processing pathway from being influenced by
text-biased processing in the upper decoder layers.
The Normal Training baseline performs notably
worse on POPE (0.8381), indicating that training

all parameters in the split architecture without con-
straints may introduce additional hallucination arti-
facts.

Trade-offs in Cognition and Chart Understand-
ing. On MME cognition, DVP scores 327, com-
parable to LLaVA-1.5-7B (324) and slightly below
Normal Training (342). On ChartQA, DVP scores
0.2356, which exceeds the LLaVA-1.5-7B baseline
(0.1776) but falls below Normal Training (0.432).
The relatively lower ChartQA performance com-
pared to Normal Training is expected, as chart un-
derstanding requires fine-grained integration of vi-
sual details (axis labels, data points, legends) with
textual reasoning—a capability that may benefit
from trainable cross-modal interaction in the upper
layers that DVP’s split architecture limits.

Parameter Efficiency. DVP achieves these re-
sults while training only the single transformer
block, which constitutes approximately 3.1% of
the total model parameters. In contrast, both the
LLaVA-1.5-7B baseline and Normal Training up-
date 100% of parameters. This represents a ∼32×
reduction in trainable parameters while maintain-
ing competitive performance on the majority of
benchmarks.

4.3 Analysis

4.3.1 Why Does the Split Architecture Work?
The success of DVP can be understood through
the lens of representation analysis. In standard
transformer-based LLMs, the lower layers learn
general-purpose representations that capture syn-
tactic structure, semantic similarity, and basic fea-
ture extraction. The upper layers progressively spe-
cialize these representations for the specific task of
next-token prediction in natural language.

When visual tokens are introduced, they “bor-
row” this text-oriented processing pipeline. How-
ever, the representational needs of visual tokens
differ substantially from those of text tokens, espe-
cially in the upper layers where the model transi-
tions from feature extraction to task-specific rea-
soning. Visual tokens primarily need to maintain
spatial and semantic information from the image,
while text tokens need to integrate this visual con-
text into coherent language generation.

By splitting the processing, DVP allows the vi-
sual tokens to undergo a targeted transformation
that maps them from the shared representation
space (after layer K) directly to a form suitable



Method MME (↑) POPE ChartQA Trainable Params
Cognition Perception

LLaVA-1.5-7B 324 1496 0.8577 0.1776 100%
Normal Training 342 1225 0.8381 0.432 100%

Efficient Training (DVP) 327 1440 0.8619 0.2356 ∼3.1%

Table 1: Main results on multimodal benchmarks. Bold indicates the best performance and underline indicates the
second best. DVP (Efficient Training) achieves competitive performance while training only ∼3.1% of the total
model parameters. The single transformer block that processes visual tokens is the only trainable component.

for the language modeling head, without the po-
tentially detrimental influence of text-specialized
upper decoder layers. The single transformer block
acts as a “representation adapter” that learns this
mapping efficiently.

4.3.2 Impact of the Split Point
The choice of split point K reflects a trade-off
between cross-modal interaction and modality-
specific processing. Setting K too low (splitting
early) reduces the opportunity for visual-textual
alignment in the shared layers, potentially degrad-
ing performance on tasks requiring fine-grained
cross-modal understanding. Setting K too high
(splitting late) leaves fewer layers to replace, re-
ducing the efficiency gains and the opportunity for
specialized visual processing.

Our choice of K = 17 (splitting after approx-
imately half the layers) balances these considera-
tions. The 17 shared layers provide sufficient depth
for cross-modal alignment, while replacing the re-
maining 15 layers for visual tokens with a single
block yields substantial efficiency gains. A sys-
tematic ablation over different split points is an
important direction for future work.

4.3.3 Comparison with Normal Training
The comparison between DVP and Normal Train-
ing is particularly revealing. Normal Training uses
the same split architecture but trains all parameters,
including both the single transformer (for visual
tokens) and decoder layers 17–31 (for text tokens).
While Normal Training achieves the best cognition
and ChartQA scores, its perception score (1225)
is substantially lower than both DVP (1440) and
LLaVA-1.5-7B (1496).

This performance pattern suggests that when all
parameters are trainable in the split architecture, the
model may overfit to certain aspects of the training
data (boosting cognition and chart understanding)
at the expense of general visual perception. The

frozen parameters in DVP act as an implicit regu-
larizer, preserving the broad perceptual capabilities
encoded in the pretrained LLM weights while al-
lowing targeted visual adaptation through the single
transformer block.

4.3.4 Qualitative Analysis of the Split
Mechanism

To better understand the behavior of DVP, we con-
sider the information flow through the architecture.
After the shared layers (0–16), visual tokens have
already attended to textual tokens through causal
attention, absorbing contextual information about
the instruction and expected response. The single
transformer block then refines these contextually-
enriched visual representations without further in-
teraction with text tokens.

This design has an interesting consequence: the
visual representations at the concatenation point
must be “self-sufficient”—they must encode all
necessary visual information in a form directly us-
able by the language modeling head, without rely-
ing on further cross-attention with text tokens. The
strong performance of DVP suggests that this self-
sufficiency is achievable after 17 layers of cross-
modal processing, lending empirical support to the
hypothesis that cross-modal alignment is primarily
a lower-layer phenomenon.

Furthermore, the asymmetry between the visual
pathway (1 block) and the textual pathway (15
blocks) is notable. Text tokens undergo 15 addi-
tional layers of processing after the split, during
which they can develop complex linguistic struc-
tures and reasoning chains. Visual tokens, by con-
trast, receive only a single transformation. This
asymmetry mirrors the fundamental asymmetry of
the task: the model generates text conditioned on
images, so the textual pathway naturally requires
deeper processing for generation, while the visual
pathway primarily serves as a conditioning signal.



4.3.5 Error Analysis

Examining cases where DVP underperforms
the baselines reveals informative patterns. On
ChartQA, where DVP scores 0.2356 compared to
Normal Training’s 0.432, the errors tend to cluster
in questions requiring precise extraction of numer-
ical values from chart axes or data labels. These
tasks demand fine-grained visual-textual alignment
in the upper layers—for instance, linking a specific
bar height to its corresponding axis value. Since
DVP separates visual and textual processing after
layer 16, this type of iterative cross-referencing be-
tween visual details and textual labels is limited to
the shared layers.

On MME cognition subtasks, DVP’s perfor-
mance (327) is comparable to LLaVA-1.5-7B (324),
suggesting that basic reasoning about visual con-
tent is well-supported by the architecture. The
slight advantage of Normal Training on cognition
(342) likely reflects the benefit of trainable upper
layers that can learn task-specific reasoning pat-
terns jointly across modalities.

5 Discussion

5.1 Implications for MLLM Architecture
Design

Our findings have several implications for the de-
sign of multimodal language models. First, the
strong performance of DVP challenges the prevail-
ing assumption that visual tokens must traverse the
entire LLM decoder stack. The fact that a single
transformer block can substitute for 15 decoder
layers (for visual tokens) without catastrophic per-
formance loss suggests substantial redundancy in
how current MLLMs process visual information.

Second, the architectural split introduces an ex-
plicit inductive bias that separates “understanding”
(what information the visual tokens carry) from
“generation” (how this information is used for text
prediction). This separation may lead to more in-
terpretable and controllable multimodal systems,
where the visual processing pathway can be inde-
pendently analyzed, modified, or replaced.

Third, the parameter efficiency of DVP makes
it particularly attractive for scenarios involving de-
ployment on resource-constrained devices, adapta-
tion to new visual domains, or continual learning
where updating the full model is impractical.

5.2 Relationship to Mixture-of-Experts

DVP can be viewed as a minimalist form of
modality-conditioned routing, conceptually related
to Mixture-of-Experts (MoE) architectures. In
DVP, the “routing” is deterministic and based
purely on modality: visual tokens are routed to
the single transformer expert, while text tokens fol-
low the original decoder pathway. This extreme
simplification of MoE—with exactly two experts
and deterministic routing—proves surprisingly ef-
fective, suggesting that modality is a strong and suf-
ficient signal for routing decisions in multimodal
settings. This connects to a broader body of work
on learned routing for efficient and robust LLM
inference (Jin et al., 2025), where structured rep-
resentations guide the selection of specialized pro-
cessing pathways.

A natural extension would be to introduce learn-
able routing between multiple visual processing
experts, or to allow soft routing where some visual
tokens (e.g., those corresponding to text within im-
ages) are partially processed by the textual pathway.
We leave such extensions to future work.

5.3 Connections to Knowledge Distillation

DVP can also be understood through the lens of
knowledge distillation. The single transformer
block effectively learns to compress the “knowl-
edge” that would be contributed by 15 decoder
layers into a single layer’s transformation. Dur-
ing training, the gradients flowing back from the
language modeling loss teach this block to pro-
duce representations that are compatible with the
concatenation point and the language modeling
head. This is analogous to training a student net-
work (the single block) to approximate the behavior
of a teacher (the full decoder stack), but with the
constraint that the student operates only on visual
tokens.

The fact that this extreme compression works
suggests that the effective rank of the transforma-
tion applied to visual tokens by the upper decoder
layers is much lower than the full parametric capac-
ity of those layers. This insight could inform future
work on neural network compression for multi-
modal models, complementing recent advances in
knowledge distillation for LLMs (Jin et al., 2026)
that likewise aim to retain the capabilities of a
larger model within a smaller effective budget.



5.4 Implications for Continual Learning

The modular nature of DVP offers attractive prop-
erties for continual learning scenarios. When adapt-
ing to new visual domains (e.g., from natural im-
ages to medical imaging or satellite imagery), only
the single transformer block needs to be updated.
Multiple domain-specific blocks could be trained
and swapped at inference time, enabling a “plug-
and-play” approach to visual domain adaptation.
The frozen LLM backbone ensures that language
capabilities are preserved across domain shifts, ad-
dressing a key challenge in continual learning for
multimodal systems. This modularity is also ap-
pealing for decentralized settings such as federated
learning (Wang et al., 2023), where communicating
only the lightweight visual block—rather than the
full model—would substantially reduce communi-
cation overhead while keeping the shared backbone
fixed across clients.

5.5 Limitations of Current Evaluation

While our results on MME, POPE, and ChartQA
are encouraging, these benchmarks cover only
a subset of the capabilities expected of modern
MLLMs. Tasks requiring deep integration of vi-
sual and textual reasoning—such as complex visual
question answering chains, multi-image reasoning,
or grounded generation—may be more sensitive
to the architectural split introduced by DVP. Addi-
tionally, our current experiments are limited to the
7B parameter scale; the behavior of DVP at larger
model sizes (13B, 70B) remains to be explored.

6 Conclusion and Future Work

We have presented Decoupled Visual Processing
(DVP), an efficient training framework for mul-
timodal large language models that introduces a
split-process-concatenate paradigm in the decoder
stack. By routing visual tokens through a single
trainable transformer block while text tokens con-
tinue through the frozen original decoder layers,
DVP achieves competitive performance on MME,
POPE, and ChartQA benchmarks with approxi-
mately 3.1% of the trainable parameters required
by full fine-tuning.

Our results demonstrate that visual tokens do not
require the full depth of LLM processing, and that
a lightweight, dedicated visual pathway can effec-
tively substitute for multiple decoder layers. The
strong POPE performance, in particular, suggests
that decoupled processing may inherently reduce

object hallucination—an important finding given
that hallucination, and more broadly robustness to
misleading or noisy context, remains a critical chal-
lenge for deployed MLLMs and LLMs (Wu et al.,
2025b).

Several promising directions emerge from this
work. First, exploring adaptive split points that can
be learned during training, rather than fixed a priori,
could yield further improvements. Second, investi-
gating the use of multiple lightweight transformer
blocks (e.g., 2–4 blocks instead of one) for the vi-
sual pathway may recover some performance on
tasks like ChartQA that require fine-grained visual
reasoning. Third, extending DVP to handle multi-
ple visual modalities (e.g., video, 3D point clouds)
with separate lightweight pathways is a natural gen-
eralization. Fourth, combining DVP with existing
PEFT methods such as LoRA applied selectively to
the shared lower layers could provide complemen-
tary benefits. Furthermore, integrating the decou-
pled visual pathway with structured reasoning and
reinforcement learning frameworks for LLMs (Wu
et al., 2025a, 2026c,b), as well as agentic tool-use
paradigms (Feng et al., 2026a), could extend the
approach from visual perception toward complex
multi-step multimodal reasoning. Finally, scaling
experiments to larger model sizes (13B, 70B) and
evaluating on a broader benchmark suite including
COCO captioning, VQAv2, and TextVQA would
more thoroughly characterize the capabilities and
limitations of the decoupled approach.

This work opens promising directions for more
efficient, modular, and interpretable multimodal
language models, and we hope it encourages fur-
ther investigation into modality-specific processing
within unified architectures.

Limitations

Our work has several limitations that should be ac-
knowledged. First, the evaluation is conducted
on a limited set of benchmarks (MME, POPE,
ChartQA), and performance on other benchmarks
such as COCO captioning, VQAv2, TextVQA, and
GQA remains to be assessed. Second, the split
point K = 17 was selected based on the mid-
point heuristic; a comprehensive ablation study
over different split points and different numbers
of transformer blocks in the visual pathway would
strengthen our conclusions. Third, our experiments
are limited to the 7B model scale with the Vicuna
backbone; generalization to other model families



(LLaMA-3, Qwen, Mistral) and scales requires fur-
ther investigation. Fourth, the training data is lim-
ited to LLaVA-1.5-665K; the interaction between
DVP and larger or more diverse training datasets is
an open question. Finally, the current architecture
does not allow cross-modal attention between vi-
sual and textual tokens after the split point, which
may limit performance on tasks requiring iterative
cross-modal reasoning.

Ethics Statement

This work focuses on architectural efficiency im-
provements for multimodal language models and
does not introduce new training data or capabil-
ities that raise specific ethical concerns beyond
those already present in the base LLaVA-1.5 frame-
work. The improved parameter efficiency of our
approach may contribute positively to reducing the
environmental impact of training and deploying
multimodal AI systems. We encourage future work
to evaluate DVP-style architectures for potential
biases inherited from the frozen pretrained compo-
nents.
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A Architecture Details

The single transformer block used in DVP follows
the standard pre-norm transformer architecture. It
consists of:

• Multi-Head Self-Attention: With the same
number of heads and hidden dimension as the
original LLM decoder layers (d = 4096, 32
heads for Vicuna-7B).

• Feed-Forward Network: A two-layer MLP
with SwiGLU activation, with intermediate
dimension dff = 11008, matching the original
architecture.

• Layer Normalization: RMSNorm applied
before both the attention and feed-forward
sublayers.

• Residual Connections: Standard residual
connections around both sublayers.



MME Subtask LLaVA Normal DVP

Perception

Overall 1496 1225 1440

Cognition

Overall 324 342 327

Table 2: MME perception and cognition scores for all
methods.

Method Trainable Relative
Params Cost

LLaVA-1.5-7B ∼7B 1.0×
Normal Training ∼7B 1.0×
DVP (Ours) ∼0.2B ∼0.15×

Table 3: Comparison of trainable parameters and rela-
tive training cost. DVP reduces the number of trainable
parameters by approximately 32×.

The parameters of this block are randomly ini-
tialized (following the standard initialization of the
Vicuna model) and constitute the only trainable
parameters during instruction tuning.

B Detailed Benchmark Results

Table 2 provides the complete MME subtask break-
down for the three methods compared in our study.

C Computational Cost Analysis

Table 3 compares the computational requirements
of DVP with the baseline methods.
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