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Abstract
Vision Language Models (VLMs) with different vision encoders, trained under the two-stage paradigm of pre-training and
fine-tuning, have shown varying strengths in different Visual Question Answering (VQA) tasks. However, it remains unclear
whether an LLM that has already been aligned during vision-language pre-training can be reused without re-alignment when
combined with a different vision encoder for a specific task. To investigate this, we systematically explore VLMs with five
different vision encoders using various combinations of LLMs and pre-training strategies. Specifically, we first demonstrate
that the aligned LLM with a general-purpose vision encoder can effectively enhance downstream VQA performance with
task-specific encoders. Secondly, we investigate several alignment strategies between the aligned LLM and new task-specific
encoders. These include (i) feature distillation from the projector layer using both general and task-specific encoders, (ii) a
two-stage training strategywith varying the proportion of pre-training data.We find the aligned LLMhas acquired transferable
vision-language alignment capabilities, such thatwhen combinedwith newencoders, it no longer requires additional alignment
strategy. Evaluated across 13 task metrics after transfer learning with 5 different vision encoders, this new training recipe
reduces pre-training time by 2 to 9 hours while achieving comparable or even superior performance.
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1 Introduction

With recent advances in artificial intelligence (AI), Large
LanguageModels (LLMs) (Brown et al., 2020; Chiang et al.,
2023; Raffel et al., 2020; Touvron et al., 2023) have demon-
strated remarkable capacities in language understanding and
reasoning, achieving unprecedented performance (Wang et
al., 2025) across a wide range of natural language processing
(NLP) tasks (Zhang et al., 2025). Their emergent abili-
ties, such as in-context learning, compositional reasoning,
and zero-shot generalization, have reshaped the landscape
of machine learning and inspired a paradigm shift towards
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instruction-following and few-shot adaptation. Building on
this success, researchers have extended the capabilities of
LLMs beyond the textmodality, giving rise toVLMs (Diao et
al., 2023; Li et al., 2025; Pei et al., 2025; Truong et al., 2025;
Wang et al., 2024; Zhang et al., 2025) that integrate visual,
auditory, or spatial inputs with natural language for joint
reasoning. Among these, visual question answering (VQA)
has attracted significant attention due to its potential to han-
dle real-world, perception-grounded tasks. A typical training
framework for VQA comprises a visual encoder for extract-
ing semantic-rich features from images, a frozen or partially
tunable LLM for language reasoning, and a modality align-
ment module–often a lightweight projection network–that
bridges visual representations with the LLM’s token space.
This modular design leverages the strengths of each compo-
nent while minimizing the cost of multi-modal adaptation.
By adopting a two-stage pipeline that combines large-scale
pretraining on noisy image-text pairs with instruction tuning
on curated multi-modal datasets, vision-augmented LLMs
have shown strong generalization across diverse downstream
tasks, including object detection (He et al., 2024; Zang et al.,
2025), visual grounding (Song et al., 2023;Yang et al., 2023),
image captioning (Dai et al., 2024; Li et al., 2023), and image
segmentation (Lai et al., 2024; Shi et al., 2025; Wang & Ke,
2024). These advances mark a crucial step toward general-
purpose multi-modal intelligence.

With the growing diversity of vision encoders, recent
studies (Zong et al., 2024) have demonstrated that encoder
choice plays a crucial role in determining performance across
various VQA tasks. We further validate this phenomenon
in VLMs based on Qwen2-1.5B (2024) and LLaMA3.2-
1B (Touvron et al., 2023). For instance, CLIP, as a general-
purpose encoder, performs well on average across general
VQA tasks,whereas a specialized encoder such as SAM(Kir-
illov et al., 2023) is better suited for referring expression
segmentation and detection (see Fig. 1(a)). However, build-
ing a new encoder-specific VLM from scratch to improve
performance on each specialized VQA task by following
the conventional training paradigm faces several limitations
(see Fig. 1(b)): (i) The training processes based on general-
purpose and task-specific encoders are isolated from each
other, which leads to a lack of transferability in the aligned
language model to leverage previously learned visual knowl-
edge. (ii) The training efficiency of the model is significantly
hindered due to the huge overhead brought by the pre-
training for re-alignment and fine-tuning stages. Therefore,
some studies (Tong et al., 2024; Zong et al., 2024) have
explored unified multimodal language understanding mod-
els that are based on multiple vision encoders and multi-task
datasets.Among these,MoVA(Zonget al., 2024) proposes an
LLM-based Mixture-of-Experts method, adaptively routing
and fusing task-specific vision experts with a coarse-to-fine
mechanism, achieving state-of-the-art (SOTA) performance

Fig. 1 (a) The results show that VLMs with special encoders can
enhance performance across downstream VQA tasks. (b) The conven-
tional two-stage training recipe fails to transfer the knowledge already
learned by the aligned LLM when switching between different vision
encoders, leading to redundant alignment and computational cost. (c)
The continual transfer recipe (LLMTransfer) illustrates how an already
aligned LLM can be reused for downstream tasks across different task-
specific encoders. SRCModel andTGTModel refer to the sourceVLMs
and the task-specific encoder with the transferred LLM, respectively.
The transfer recipe can flexibly transfer aligned LLM across different
vision encoders and improve the training efficiency and performance
on downstream VQA tasks

across multiple tasks. In addition, Cambrain-1 (Tong et al.,
2024) combines multiple vision encoders, including Self-
Supervised Learning (SSL) (Oquab et al., 2023) models,
which enhances VQA performance across various bench-
marks, particularly in vision-centric tasks. However, these
methods involve complex training procedures and strategies,
as well as increased inference overhead. For example,MoVA
introduces additional inference burden due to the use of dual
LLMs and MoE parameters, while CamBrain-1 lacks the
flexibility to transfer to new tasks such as medical image
understanding. Therefore, it’s then natural to ask whether we
can leverage the knowledge learned by the aligned LLM to
directly promote the learning of new tasks on the task-special
encoder, thereby saving parameter and data overhead while
optimizing the performance of downstream tasks.

Hopefully, transferring a pre-trained model (which is the
main bodyof trainable parts) froman existingVLMto a novel



LLM instead of training from scratch offers a promising solu-
tion. VPGTrans (Zhang et al., 2024) investigates the potential
of transferring the same encoder across different LLMs, and
demonstrates that the knowledge learned in a pre-trained
source model can inspire the transfer of vision encoders
across different LLMs, achieving competitive performance
while savingboth time and resources.However, this approach
only explores the transfer of the same visual encoder and
projection layer across different frozen language models,
overlooking the impact of the growing number of vision
encoders trained for different tasks on VLMs. Therefore,
we systematically investigate the potential of transferring an
aligned LLM with a general-purpose encoder (e.g., CLIP)
to downstream tasks with specialized encoders, offering an
efficient and effective approach for training the task-specific
models with aligned LLM (see Fig. 1(c)). Specifically, we
treat the VLM trained with the CLIP encoder as a source
model and transfer the aligned LLM to other vision encoders,
such as the self-supervised model DINOv2 (Oquab et al.,
2023) and the fully supervised model SAM (Kirillov et al.,
2023). Furthermore, we examine how varying the propor-
tion of vision-language alignment during pretraining affects
the performance of the aligned LLM when transferred to
downstream tasks. Extensive experiments with more than 5
encoders and 13 metrics suggest several key findings:

• First, we find that effective aligned LLM transfer across
different encoders can be achieved under the same
training conditions, improving performance on down-
stream tasks by leveraging the vision-language alignment
knowledge of aligned LLM and enhancing the capability
of VLMs with new encoders. Experimental results show
consistent improvements across multiple evaluation met-
rics compared to the original VLM (see Sect. 4.3&5.3).

• Second, we find that the aligned LLM inherently pos-
sesses the capability to perceive visual information,
eliminating the need for additional pretraining align-
ment with new encoders. Without any extra data or
re-alignment steps, it achieves performance comparable
to that of re-alignedmodels, while reducing training time
(see Sect. 4.4&5.3).

• Third, the aligned LLM does not require any additional
pre-alignment procedures to optimize the projector layer.
Instead, a new projector layer connecting the aligned
LLM and a novel vision encoder can be effectively
learned solely through multi-turn conversational fine-
tuning during the downstream training stage (see Sect.
4.5&5.3).

Rather than proposing a newarchitecturalmodule or trans-
fer learning algorithm, the main contribution of this work is a
systematic empirical study of an efficient training recipe for

vision-language models. We demonstrate that once a large
language model has been sufficiently aligned with vision-
language data using a general-purpose vision encoder, this
alignment can be directly reused across diverse task-specific
encoders without additional visual-language re-alignment.
From this perspective, LLMTransfer is formulated as a prac-
tical transfer recipe validated through extensive experiments,
showing that redundant pre-alignment can be safely removed
while maintaining competitive or improved performance,
leading to significant reductions in pre-training time and
computational cost.

2 RelatedWorks

Vision Encoders. In recent years, vision encoders have
evolved significantly, with a growing diversity of models
tailored for specific tasks. Early vision encoders, such as
convolutional neural networks (CNNs), laid the foundation
for visual feature extraction. However, with the advance-
ment of transformer-based architectures, models like Vision
Transformer (ViT) (Dosovitskiy et al., 2020; Vaswani et al.,
2017) have emerged, demonstrating superior performance by
leveraging self-attention mechanisms to capture long-range
dependencies across image pixels. As the field progresses,
vision encoders are increasingly being designed to address
specific challenges in multimodal and specialized tasks.
CLIP (Radford et al., 2021) introduced a vision encoder
pre-trained on large-scale image-text pairs, enabling versa-
tile cross-modal understanding for a wide range of tasks.
On the other hand, BiomedCLIP (Zhang et al., 2023) tai-
lors vision encoding for biomedical images, illustrating how
encoders can be fine-tuned for domain-specific applications.
Similarly, Pix2Struct (Lee et al., 2023) focuses on encod-
ing images for structured data extraction, particularly useful
for tasks involving graphs or complex layouts such as doc-
ument and chart understanding. Recent innovations further
enhance the versatility of vision encoders, adapting them to
rapidly expanding domains. Vision encoders are now rou-
tinely designedwith task-specific adaptations, enabling them
to excel across diverse applications such as object detec-
tion, image captioning, visual grounding, and medical image
interpretation. Early efforts such as Flamingo (Alayrac et
al., 2022) lay the groundwork for few-shot vision-language
learning by integrating frozen vision encoders with autore-
gressive languagemodels, demonstrating strong cross-modal
language reasoning with minimal supervision. Building on
this foundation, more recent models like LLaVA (Liu et al.,
2024) and BLIP series (Li et al., 2024, 2023, 2022) inte-
grate vision encoders with language models, enabling rich
vision-language alignment for various tasks like image-text
generation and cross-modal reasoning. These advances high-
light the increasing complexity and task specificity of vision



encoders, which are rapidly becoming specialized for an
ever-expanding range of applications. In parallel, the grow-
ing number of vision encoders has spurred research into how
these models can be adapted and transferred across differ-
ent tasks. Therefore, the paper explores the performance of
switching between different encoders in VLMs across var-
ious different tasks, aiming to build a general framework
that efficiently and effectively transfers the aligned language
model from trained models to new task-specific encoders for
better adaptation to novel tasks.

Visual Question Answering Models. Visual Question
Answering (VQA) models extend the capabilities of tradi-
tional Large Language Models (LLMs) by incorporating an
additional visual modality (Dosovitskiy et al., 2020; Wang
et al., 2025), thereby enabling multi-modal understanding
and reasoning. With the rise of vision-language pretraining,
recent advancements in VLMs have demonstrated remark-
able progress in various tasks, including image-text match
and comprehension (Li et al., 2024, 2023; Liu et al.,
2024), referring expression segmentation (Lai et al., 2024;
Wang & Ke, 2024), and chart&document understanding
(Han et al., 2023). These models typically consist of a
visual encoder, a frozen or trainable LLM, and a vision-
language projection module that aligns visual features with
the language domain. Despite their success, one of the main
challenges in developing VLMs lies in their high computa-
tional cost. Training large-scale models requires significant
GPU resources, making model development expensive. To
address this, recent research explores transferring pretrained
components across different models, enabling efficient adap-
tation to new architectures. VPGTrans (Zhang et al., 2024)
investigates vision encoder transferability across different
LLMs, while studies like MoVA (Zong et al., 2024) reveal
that vision encoder choice significantly impacts VQA per-
formance across diverse tasks. Building on these insights,
we take a complementary perspective by examining the new
direction–how pretrained LLMs can be effectively trans-
ferred across different visual encoders. We investigate a
continual training strategy that enables scalable and efficient
adaptation ofVLMswithout retraining from scratch, offering
a practical solution for balancing performance and resource
constraints.

Model Transfer. Recent advancements in model trans-
fer research have extensively investigated diverse strategies
for adapting pre-trainedmodels to novel tasks. Some popular
approaches (Lester et al., 2021;Zhou et al., 2022) focus on the
optimization of soft task prompts to enhance the performance
of pre-trained models on specific tasks. The transferability
of these task prompts has been a subject of considerable
research interest. For instance, (Su et al., 2021) conducts
comprehensive experiments to demonstrate the transferabil-
ity of prompts across various tasks and models, revealing
that transferring prompts between similar tasks significantly

accelerates training and improves performance. Addition-
ally, (Lester et al., 2022) introduces a method for recycling
soft prompts across models using vocab-to-vocab transfor-
mations or linear-combination transformations. And (Deng
et al., 2022) involves prompt tuning on discrete prompts,
enabling their direct sharing across different models. Despite
these advancements, existing prompt transfer methods often
encounter the dimension change problem and suffer from a
potential difference between the content prompts and task
prompts. To address this issue, VPGTrans (Zhang et al.,
2024) proposes a novel framework that facilitates the transfer
of a shared vision encoder and projector across various Large
Language Models (LLMs), effectively reducing the dimen-
sion change problem to a simple projector with negligible
parameters. However, this approach fixes the vision encoder
and overlooks the potential impact of task-specific encoders
on different downstream tasks. In this study, we explore the
transfer of task-specific encoders under consistent language
model scales and training conditions, aiming to enhance the
performance of VQA in downstream tasks. Furthermore, we
introduce a continuous training recipe designed to efficiently
migrate the visual encoder, thereby optimizing the adaptation
process and improving overall model efficiency.

3 Preliminaries

To establish the foundation for our analysis, we review 1) a
VLM model architecture, 2) training data, and 3) a training
implementation.

3.1 Model Architecture

We utilize the general architecture used by many recent
VLMs, such as LLaVA (Liu et al., 2024), whose architecture
uses a pre-trained visual backbone to map an input image to
a sequence of patch features that are then projected individ-
ually into the embedding space of an LLM. Formally, these
VLMs take an image x and an instruction I as input, and
these inputs are then fed into the following components: 1)
a visual encoder, 2) a vision-language projection layer, and
3) a large language model.

The image x is first processed by a vision encoder Eθ ,
transforming it into visual embeddings ev = Eθ (x). These
embeddings ev are then projected by a vision-language pro-
jection layer fθ as vision-language embeddings evl = fθ (ev)

to align with the language modality. Finally, the evl are com-
bined with the embedded instruction ei and fed into the large
language model LMθ for vision-language reasoning. The
final output text ot can be calculated by:

ot = LMθ ([ fθ (Eθ (x)); ei ]), (1)



and all trainable parameters of θ are optimized via autore-
gressive loss:

L = −
∑

t

log P(ot | o<t , evl , ei ; θ), (2)

where P(ot | o<t , evl , ei ; θ) represents the probability of
generating the token ot given the previously generated tokens
o<t , the vision-language embeddings evl and instruction
embedding ei . This objective ensures that the model learns to
generate coherent and contextually relevant textual outputs in
an autoregressive manner, aligning the vision and language
modalities effectively.

3.2 Training Data

We adopt the publicly available datasets utilized by LLaVA
(Liu et al., 2024), LLaVA-NeXT (Liu et al., 2024), and
MoVA (Zong et al., 2024) to ensure comparability and
reproducibility. Specifically, our pre-training stage leverages
LLaVA-558k-Pretrain (Liu et al., 2024) dataset, a diverse col-
lection of samples sourced frommultiple captioning datasets,
including Conceptual Captions (Sharma et al., 2018) and
LAION (Schuhmann et al., 2021). This dataset provides a
rich variety of image-text pairs, facilitating robust multi-
modal representation learning.

For fine-tuning, the dataset (Zong et al., 2024) incorpo-
rates a total of 872K samples drawn from LLaVA-Next (Liu
et al., 2024), SLAKE (Liu et al., 2021), VQA-RAD (Lau et
al., 2018), LLaVA-Med (Li et al., 2024), and RefCOCO (Yu
et al., 2016). These datasets encompass a broad spectrum of
vision-language tasks, including chart and document com-
prehension, medical reasoning, object segmentation, and
detection, thereby enhancing the model’s adaptability across
diverse domains. We maintain a consistent total dataset size
across different encoder architectures and training config-
urations to ensure a rigorous and fair evaluation of our
experimental recipes. This consistency eliminates confound-
ing variables, allowing us to isolate and accurately assess the
impact of architectural modifications and training strategies
on model performance.

4 Exploring Different VLMs Training
Strategies

4.1 Motivation

The growing diversity of task-specific vision encoders high-
lights their unique strengths in multi-modal large language
models. For instance, CLIP (Radford et al., 2021) leverages
large-scale image-text pairs for contrastive learning, and its
pre-trained vision encoder has demonstrated general percep-

tual capabilities (Liu et al., 2024). SAM(Kirillov et al., 2023),
trained with class-agnostic masks for universal, zero-shot,
and interactive segmentation, has proven effective in Refer-
ring Expression Segmentation (RES) tasks (Lai et al., 2024),
while Pix2struct (Lee et al., 2023) enhances fine-grained doc-
ument and chart understanding. Meanwhile, MoVA (Zong et
al., 2024) has shown that such specialized encoders exhibit
distinct advantages in specific language reasoning taskswhen
trained on the same dataset. However, the approach of train-
ing encoder-specialized models for different domains results
in independently learned parameters, preventing the effective
transfer of vision-language-aligned LLM knowledge from
fine-tunedmodels.Moreover, eachVLMrequires a two-stage
training process from scratch, leading to substantial compu-
tational overhead.

To address these challenges, we conduct an exploratory
study focusing on both the interactions among different
VLMs and efficient transfer strategies from the following
key perspectives:(i) whether VLMs trained with a general-
purpose encoder can enhance the performance of specialized
encoders in downstream tasks when transferred across dif-
ferent specialized encoders; (ii) how to more efficiently train
a VLM to enable effective knowledge transfer across diverse
encoder architectures while maintaining competitive perfor-
mance; and (iii) whether the aligned LLM, without requiring
any additional pre-alignment procedures for the projector,
can directly adapt to a novel vision encoder by learning a
new projector layer solely through multi-turn conversational
finetuning during downstream training.

4.2 Build Base Model

As shown in Fig. 2(a)-(e), our method is built upon the
Qwen2-1.5B (2024), denoted as LMθ , which demonstrates
flexible transferability of aligned LLM V isionLMθ across
more than five distinct vision encoders. The detailed explo-
ration of our approach will be presented as follows.

We first build a two-stage training pipeline, as shown in
Fig. 2(a), that establishes general vision-language alignment
as a foundation for subsequent task processes. In the first
stage, we leverage a general-purpose encoder (CLIP) to pre-
train a projector layer fθ , which serves as a crucial modality
bridge between visual and textual representations. Building
upon this foundation, the second stage involves joint fine-
tuning of both the projector fθ and pre-trained LLM LMθ

to optimize their interaction and enhance cross-modal under-
standing. Through this process, we obtain a vision-aligned
language model, denoted as V isionLMθ , which interprets
visual information through CLIP’s well-established visual
representation space while maintaining strong linguistic rea-
soning abilities.



Fig. 2 Exploring different VLMs training strategies. (a) We train
a general VLM with CLIP vision encoder and original Qwen2-
1.5B/LLaMA3.2-1B LMθ , resulting in a vision-aligned LLM denoted
as V isionLMθ . (b) We train task-special models with task-special
vision encoders and different LLMs to explore the efficient and effec-
tive training strategy. Among them, we first (c) use a two-stage training
method based on the original LMθ and the aligned LLM V isionLMθ

to verify whether continuous training of the aligned LLM can enhance

downstream tasks. After verifying that continuous training is more
helpful for downstream tasks, we (d) explore whether pre-training is
essential when fine-tuning a VLM with an aligned LLM by verifying
the impact of different ratios of pre-training on the final performance.
Finally, we (e) use a three-stage training strategy, including distillation
for warming up, pre-training for refinement, and supervised full fine-
tuning, to verify whether projection distillation can assist pre-training
alignment and thus improve efficiency and performance

4.3 Continually Train Aligned LLM

To investigate the acquired multimodal knowledge with
aligned visual representations in V isionLMθ can be effec-
tively transferred to optimize new tasks with task-specific
encoders, we explore various training strategies to continu-
ally train task-specialized VLMs for different downstream
tasks, as shown in Fig. 2(b). Firstly, we utilize five dif-
ferent vision encoders to conduct the two-stage training
pipeline based on the fine-tuned V isionLMθ and the original
LLM LMθ , respectively. Then, we evaluate the perfor-
mance metrics of these downstream tasks corresponding to
each encoder to verify whether the fine-tuned LLM can
enhance downstream task performance, as shown inFig. 2(c).
Notably, in this process, we initialize a new projector for
each task-specific encoder, which is necessary because dif-
ferent encoders may have varying feature dimensions. Such
dimension mapping strategies have been widely adopted
and proven effective in various VQA frameworks, includ-
ing VPGTrans (Zhang et al., 2024), PathWeave Yu et al., and
X-InstructBLIP (Panagopoulou et al., 2023), without com-
promising model performance.

4.4 Fine-TuneWithout Pre-Train

Building on the above findings, we hypothesize that the lan-
guagemodel of the already trainedVLMhas achieved visual-
language alignment. Therefore, we reduce pre-training to
varying degrees or completely remove the pre-training to
explore how to efficiently perform continual fine-tuning,
achieving performance comparable to traditional two-stage
training. Finally, we find a generally transferable continual
LLM strategy, LLMTransfer, which can efficiently transfer
the vision-aligned language model V isionLMθ to differ-
ent encoders only with one-stage training (as shown in
Fig. 2(d)). This pre-training free transfer strategy across
different encoders significantly reduces computational and
temporal overhead while maintaining competitive perfor-
mance on downstream tasks. The effectiveness of the training
pipeline supports our finding that the aligned LLM inher-
ently possesses the capability to perceive visual information,
thus eliminating the need for additional pretraining alignment
with new visual encoders.

4.5 Distillation for Pre-Training

To further explore whether the aligned LLM based on CLIP
can achieve seamless integration of visual and textual under-
standing, we record the task performance metrics of each



specialized encoder in its respective domain and attempt to
furtherwarmup the projector by assisting the alignment stage
with distillation loss. As shown in Fig. 2(e), we adopt a three-
stage training approach,which includes: dividing the original
pre-training stage into distillation and pre-training for refine-
ment, followed by full supervised fine-tuning. Among them,
the distillation stage aims to leverage the pre-aligned vision
and language model projector to help the new vision encoder
quickly align with the data distribution of the language
model. We explore two distinct distillation losses to train
the new projector, which can be expressed by:

LMSE =
∑

i, j

(
f (i, j)
1 − f (i, j)

2

)2
,

LKL =
∑

i, j

f (i, j)
1 log

f (i, j)
1

f (i, j)
2

,

(3)

where LMSE and LKL represent the Mean Squared Error
(MSE) and the Kullback-Leibler (KL) divergence loss func-
tions, respectively. f1 refers to the target features, which
come from a pre-aligned vision-language model. f2 refers to
the predicted features output by the new projector, which is
trained to align with the target feature distribution for adapt-
ing the target LLM.Additionally, the extra pre-training phase
is designed to refine the alignment stage. Extensive experi-
mental results indicate that distillation does not effectively
facilitate feature alignment. This further supports our finding
that an aligned LLM can seamlessly adapt to a new vision
encoder without requiring explicit pre-alignment of the pro-
jector layer, as effective feature alignment can be achieved
solely through multi-turn conversational fine-tuning during
downstream training.

5 Experiments

5.1 VQA Benchmarks

We empirically analyze the multimodal capacity and gener-
alization ability of LLMs transferred across different vision
encoders on a wide range of challenging VQA benchmarks,
including DocVQA (Mathew et al., 2021), ChartQA (Masry
et al., 2022), GQA (Hudson & Manning, 2019), POPE (Li
et al., 2023), REC (Yu et al., 2016), RES (Yu et al., 2016),
and SLAKE (Liu et al., 2021). Additionally, Table 1 summa-
rizes the task categories and their corresponding inference
templates, which span five major types: Chart&Document
Understanding, Scene Understanding, Object Hallucination,
Grounding and Localization, and Biomedical Understand-
ing.

5.2 Implementation Details

As mentioned in Sect. 3.1, our training baseline consists of
two stages. In the pretraining stage, we use the AdamW opti-
mizer with an initial learning rate of 2×10−4, a batch size of
256, and train themodel for 1 epoch.We finetune the weights
of the projection layer and LLMs with a batch size of 128
and an initial learning rate of 2 × 10−5 during supervised
finetuning. For LoRA-based training, we set the rank to 64.
All themodels are trained using 4A800 80GGPUs, with gra-
dient accumulation steps set to 4. All the results are tested
using 1 A800 80G GPUs. The detailed configurations of the
task-specific vision encoders are shown in Table 2. We adopt
the official checkpoint weights that are publicly available.

5.3 Quantitative Analysis

5.3.1 Codetr Encoder

We begin with a systematic comparison between a general
CLIP-based VLM and Codetr-based VLMs, using consis-
tent training data and protocols. As shown in Table 3, the
Codetr-based VLM achieves noticeably better results in
downstream metrics such as POPE and RES, confirming the
benefit of using task-specialized vision encoders. To demon-
strate the impact of LLM alignment, we compare two VLMs
that share the same task-specific vision encoder (Codetr)
but differ in the alignment status of their language model.
Specifically, we evaluate the original LLM (LMθ ) against
an aligned LLM (V isionLMθ ) that has been pre-aligned
with a different visual encoder. Experimental results show
that V isionLMθ consistently outperforms LMθ , achieving
a 0.6 improvement on the POPE benchmark and a 1.6 gain
on RESre f coco_val . These findings highlight the effectiveness
and transferability of vision-language alignment, suggesting
that once aligned, the LLM can generalize better across dif-
ferent vision encoders in downstream tasks.

We further investigate whether projector-layer distilla-
tion can serve as an effective replacement for pre-alignment.
Experiments applying MSE and KL divergence-based dis-
tillation from the pre-aligned model to the new projector
result in performance degradation compared to directly fine-
tuning with the aligned LLM. These findings indicate that
such distillation is insufficient for establishing strong cross-
modal alignment. To assess the necessity of pre-training for
the aligned LLM, we vary the proportion of pre-training
data used (from 80% down to 0%). Surprisingly, the per-
formance remains stable even with significantly reduced
or entirely skipped pre-training. Notably, the configuration
labeled LLMTransfer, in which no pre-training is conducted
and only fine-tuning is applied with the aligned LLM. LLM-
Transfer recipe achieves competitive performance across
mostmetrics,with consistent gains onRECand broadly com-



Table 1 Inference prompt template of different task metrics. The
<|im_start|> and <|im_end|> placeholders represent struc-
turing the prompt into distinct role-based segments. The <expr>

placeholder represents the expression in the REC and RES task. The
<image> placeholder denotes an image is included in the input and
the <question> is the question of Q&A in the inference datasets

Task Dataset Task prompt

Chart&Doc Understanding ChartQA Masry et al. (2022) <|im_start|> system \n You are a helpful assistant.
<|im_end|>

\n <|im_start|> user \n <image> \n <question>

<|im_end|>

\n <|im_start|> assistant \n
DocVQA Mathew et al. (2021) <|im_start|> system \n You are a helpful assistant.

<|im_end|>

\n <|im_start|> user \n <image> \n <question>

<|im_end|>

\n <|im_start|> assistant \n
Scene Understanding GQA Hudson and Manning (2019) <|im_start|> system \n You are a helpful assistant.

<|im_end|>

\n <|im_start|> user \n <image> \n <question>

<|im_end|>

\n <|im_start|> assistant \n
Grounding and Localization RES Yu et al. (2016) <|im_start|> system \n You are a helpful assistant.

<|im_end|>

\n <|im_start|> user \n <image> \n Please segment
the re-

gion this sentence describes: <expr> Give me the polygon

mask coordinates.<|im_end|> \n<|im_start|> assis-
tant \n

REC Yu et al. (2016) <|im_start|> system \n You are a helpful assistant.
<|im_end|>

\n <|im_start|> user \n <image> \n Provide the
bounding

box coordinates of the region that the given sentence

describes. \n <expr> <|im_end|> \n <|im_start|>

assistant \n
Biomedical Understanding Slake Liu et al. (2021) <|im_start|> system \n You are a helpful assistant.

<|im_end|>

\n<|im_start|> user \n<image> \n<question> \n
Answer

the question using a single word or phrase. <|im_end|>

\n
<|im_start|> assistant \n

Object Hallucination POPE Li et al. (2023) <|im_start|> system \n You are a helpful assistant.
<|im_end|>

\n <|im_start|> user \n <image> \n <question>

<|im_end|> \n
<|im_start|> assistant \n

Table 2 Vision expert model
configurations of different
vision encoders. Methods with *
use a convolution layer to
compress the output feature

Model Params Resolution Width Depth Output shape

DINOv2-giant Oquab et al. (2023) 1.1B 518×518 1536 40 1536×37×37

Codetr-large* Zong et al. (2023) 304M 1280×1280 1024 24 256×80×80

SAM-huge* Kirillov et al. (2023) 632M 1024×1024 1280 32 256×64×64

Pix2Struct-large Lee et al. (2023) 513M 720×720 1536 18 1536×45×45

BiomedCLIP-base Zhang et al. (2023) 86M 224×224 768 12 768×16×16
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parable performance on RES relative to the Codetr+Aligned
LLM (40% pretraining data) recipe, where the performance
difference remainswithin one point, while reducing the train-
ing cost by more than 4 hours. This underscores that once the
LLM has been pre-aligned with a general visual encoder, it
can be reused for new visual backbones without requiring
further visual-language alignment procedures.

5.3.2 Dinov2 Encoder

Furthermore, we compare the CLIP-based general VLM
with the Dinov2-based VLM and evaluate the GQA, POPE,
and REC metrics under the same experimental setup. As
shown in Table 4, the results demonstrate that employing
Dinov2 as a task-specific visual encoder also significantly
enhances downstream task performance, further validating
the effectiveness of task-specific encoders in transfer learn-
ing. Additionally, by comparing the original LLM with the
vision-aligned LLM, we found that the pre-aligned lan-
guage model continues to exhibit superior performance in
downstream tasks, with a 1.6% gain on GQA and over 9%
improvement on REC.

To further investigate whether an aligned LLM still
requires additional distillation strategies to warm up a new
projectorwhenpairedwith a different visual encoder,we con-
duct experiments with a distillation-based alignment strategy
using the pre-trained projector of the VLM. The results show
that while distillation can indeed shorten the training process
and retain competitive performance on REC, it still incurs
additional cost and leads to a performance drop of approxi-
mately 1.0 point on GQA.

In contrast, we investigate the impact of different pre-
training ratios on the final fine-tuning outcomes when using
the DINOv2 encoder. Experimental results reveal that omit-
ting pre-training has minimal impact on the downstream
performance of the DINOv2-based VLM, compared to the
about 0.5–2 hours required for pre-training. This further
substantiates that the aligned language model has already
acquired visual grounding capabilities, enabling it to be
directly transferred to a new vision encoder without addi-
tional pre-training, thereby accelerating adaptation to down-
stream tasks.

5.3.3 SAM Encoder

We evaluated the performance of VLMs with a general-
purpose encoder and the segmentation-specialized SAM
encoder on Referring Expression Comprehension (REC)
and Referring Expression Segmentation (RES) metrics. The
results are presented inTable 5. For the direct integrationwith
the raw language model, experiments revealed that using the
SAM encoder generally improved these metrics. When we
employed the aligned LLM to continually train, which is pre-

trained based on the CLIP encoder under the same training
conditions, we observed an increase of approximately 3 per-
centage points in the RESmetric and 6-8 percentage points in
the REC metric. This demonstrates that continual LLMs can
also enhance downstream task performance when adapted to
grounding-related tasks.

Furthermore, as shown in Table 5, the experimental results
using different distillation methods for pre-alignment indi-
cate that this approach, which distills the feature distribution
of new tasks based on the projection of old task features, fails
to enhance the alignment of downstream tasks. Therefore, we
conducted additional experiments with varying proportions
of data for pre-training to further verify whether continual
LLM still requires alignment when transferring to a new
visual vision encoder. The results show that the LLMTrans-
fer strategy not only reduces over 6 hours of pre-training
time but also achieves comparable performance, indicating
that the aligned LLM has already acquired strong vision-
language alignment capabilities.

5.3.4 BiomedCLIP Encoder

We further examine whether our key findings generalize to
the domain of medical image understanding by replacing
the general visual encoder with the domain-specific Biomed-
CLIP. As shown in Table 6, directly using a raw LLM with
BiomedCLIP yields improvement of about 2 points on the
SLAKEopen benchmark. Furthermore, substituting the raw
LLMwith a vision-aligned LLM to a substantial gain of over
7.5 points. This result reinforces our first finding: an aligned
LLM consistently enhances downstream VQA performance,
even when paired with a previously unseen, domain-specific
vision encoder.

To assess whether pre-training with the new encoder is
necessary for adaptation, we compare different pre-training
proportions and find that reducing or completely removing
the pre-training phase does not degrade performance. In fact,
skipping pretraining altogether and simply fine-tuning with
the aligned LLM achieves the best results, supporting our
second finding: an aligned LLM can be directly transferred
across encoderswithout requiring additional vision-language
pretraining. We also investigate whether distillation-based
strategies (e.g., using MSE or KL divergence losses) can
effectively warm up the new projector. However, these
approaches yield inferior performance compared to directly
fine-tuning the projector with the aligned LLM. This con-
firms our third finding: the aligned LLMprovides sufficiently
strong vision-language grounding such that the newprojector
can be trained effectively without any warm-up distillation.
Together, these experiments demonstrate that our conclu-
sions hold even in specialized domains likemedical imaging,
highlighting the robustness and transferability of vision-
language alignment once established in the LLM.
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Table 6 Comparison between the BiomedCLIP-based VLMs with dif-
ferent training precipes and the CLIP-based VLMwith general training
precipe. Dis MSE and Dis KL denote projector-layer distillation via

MSE loss and KL divergence, respectively. We label the best and sec-
ond methods with bold and underline styles. The specific experimental
settings are detailed in Sect. 5.2

Model Pretrain FT SLAKEopen SLAKEclose

(a) Trainable Qwen LLM with MLP Projector

CLIP/ViT-B+Original LLM 2h06m 15h28m 65.68 30.14

BiomedCLIP+Original LLM 2h08m 14h43m 67.42 30.98

BiomedCLIP+Aligned LLM 2h08m 14h29m 73.49 31.70

BiomedCLIP+Dis MSE 1h01m 14h45m 72.02 30.46

BiomedCLIP+Dis KL 1h12m 14h39m 45.37 18.22

BiomedCLIP+Aligned LLM (80% Pretrain Data) 1h16m 14h44m 72.94 32.42

BiomedCLIP+Aligned LLM (60% Pretrain Data) 58m 14h26m 73.49 32.66

BiomedCLIP+Aligned LLM (40% Pretrain Data) 37m 14h52m 73.45 32.06

BiomedCLIP+Aligned LLM (20% Pretrain Data) 19m 14h22m 73.01 30.62

BiomedCLIP+LLMTransfer 0h 14h47m 74.35 32.89

(b) Trainable LLaMA LLM with MLP Projector

CLIP/ViT-B+Original LLM 1h33m 14h56m 38.23 22.49

BiomedCLIP+Original LLM 1h06m 14h08m 63.05 27.87

BiomedCLIP+LLMTransfer 0h 14h23m 62.14 28.35

(c) Trainable Qwen LLM with QFormer Projector

CLIP/ViT-B+Original LLM 2h15m 20h01m 43.57 23.92

BiomedCLIP+Original LLM 2h10m 16h57m 53.39 21.89

BiomedCLIP+LLMTransfer 0h 16h42m 60.71 29.78

(d) The performance of different FT time, with trainable or frozen Qwen LLM

BiomedCLIP+Original LLM (Frozen LLM) 2h08m 11h44m 20.93 22.67

BiomedCLIP+LLMTransfer (Frozen LLM) 0h 10h34m 65.81 32.18

BiomedCLIP+LLMTransfer (30% FT Data) 0h 3h58m 67.40 30.50

BiomedCLIP+LLMTransfer (60% FT Data) 0h 8h7m 71.54 32.30

(e) Frozen Qwen LLM with trainable MLP projector and LoRA adapters

CLIP/ViT-B+Original LLM 2h06m 13h22m 62.22 28.07

BiomedCLIP+Original LLM 2h08m 14h15m 63.45 29.31

BiomedCLIP+LLMTransfer 0h 13h47m 65.81 32.18

5.3.5 Pix2struct Encoder

In the domain of chart and document understanding, the
advantages of replacing the encoder are evident, as shown
in rows 1 and 2 of Table 7. When using aligned LLM,
the performance on ChartQA and DocVQA improves by
approximately 2 and0.2 percentage points, indicating that the
continual fine-tuning approach for LLM remains effective in
the chart and document domain. Notably, similar to medical
image understanding, the performance of the proposedLLM-
Transfer without pre-training (the last row of Table 7) further
optimizes the metrics on DocVQA and ChartQA by 0.3 to
2.5 points while saving pre-training time about 8h. This fur-
ther demonstrates that LLM has already acquired instruction
fine-tuning alignment capabilities during continual transfer
across different vision encoders, enabling effective and effi-
cient transfer learning without the need for pre-training.

The ablation study on the Pix2struct-based VLMs is
presented in Table 7, showing the results of using dif-
ferent distillation strategies and pretraining datasets. In
DocVQA (Mathew et al., 2021), theMSE distillationmethod
achieved competitive results, but it still needs over 3 hours of
pretraining overhead. In contrast, our proposed LLMTrans-
fer not only reduces training time but also improves final
performance, achieving the best trade-off between efficiency
and effectiveness. The ablation results demonstrate that our
approach provides a more efficient solution by minimiz-
ing pretraining time while achieving superior performance
across tasks.

5.4 Generalization Analysis

Beyond demonstrating the effectiveness of LLMTransfer
under a single default configuration, we further conduct a



Table 7 Comparison between
the Pix2struct-based VLMs with
different training recipes and the
CLIP-based VLM with the
general training recipe. Dis
MSE and Dis KL denote
projector-layer distillation via
MSE loss and KL divergence,
respectively. We label the best
and second methods with bold
and underline styles. The
specific experimental settings
are detailed in Sect. 5.2

Model Pretrain FT DocVQA ChartQA

(a) Trainable Qwen LLM with MLP Projector

CLIP+Qwen1.5B 2h26m 15h28m 38.68 34.24

Pix2struct+Original LLM 8h09m 20h16m 43.83 39.76

Pix2struct+Aligned LLM 7h49m 20h16m 44.00 41.32

Pix2struct+Dis MSE 3h09m 20h21m 44.02 43.56

Pix2struct+Dis KL 3h01m 20h37m 10.00 07.52

Pix2struct+Aligned LLM (80% Pretrain Data) 5h41m 20h26m 43.99 40.88

Pix2struct+Aligned LLM (60% Pretrain Data) 4h05m 20h34m 44.32 41.60

Pix2struct+Aligned LLM (40% Pretrain Data) 2h45m 20h35m 44.20 42.52

Pix2struct+Aligned LLM (20% Pretrain Data) 1h35m 20h22m 44.27 43.09

Pix2struct+LLMTransfer 0h 20h16m 44.34 43.80

(b) Trainable LLaMA LLM with MLP Projector

CLIP+Original LLM 1h47m 15h14m 19.10 24.08

Pix2struct+Original LLM 6h09m 17h55m 31.37 32.56

Pix2struct+LLMTransfer 0h 17h59m 30.92 32.76

(c) Trainable Qwen LLM with QFormer Projector

CLIP+Original LLM 2h34m 20h47m 11.20 12.84

Pix2struct+Original LLM 6h46m 23h06m 11.35 12.80

Pix2struct+LLMTransfer 0h 23h27m 14.21 13.52

(d) The performance of different FT time, with trainable or frozen Qwen LLM

Pix2struct+Original LLM (Frozen LLM) 8h09m 17h28m 26.02 18.48

Pix2struct+LLMTransfer (Frozen LLM) 0h 17h31m 31.33 24.56

Pix2struct+LLMTransfer (30% FT Data) 0h 6h17m 14.84 12.44

Pix2struct+LLMTransfer (60% FT Data) 0h 12h18m 38.92 36.88

(e) Frozen Qwen LLM with trainable MLP projector and LoRA adapters

CLIP+Original LLM 2h26m 13h55m 25.48 16.28

Pix2struct+Original LLM 8h09m 19h30m 26.56 16.52

Pix2struct+LLMTransfer 0h 19h09m 26.19 16.80

systematic generalization analysis to examine whether the
observed transferability is robust across multiple dimen-
sions. In particular, we investigate whether the proposed
transfer recipe holds consistently when varying (i) the LLM
backbone, (ii) the projector architecture used to interface
heterogeneous vision encoders with the LLM, (iii) the
downstream fine-tuning budget, and (iv) the LLM training
strategy andparameter-efficiency regime.By explicitly ablat-
ing LLMTransfer under these diverse conditions, we aim
to clarify the scope and limitations of its applicability, and
to provide a more comprehensive empirical understanding
of when and why reusing an aligned LLM can effectively
support encoder-level transfer without additional vision–
language re-alignment. We detail these analyses along the
following four aspects, with the corresponding results shown
in Tables 3–7.

5.4.1 Generalization Across LLM Backbones

To examine whether the proposed transfer recipe general-
izes beyond a single LLM backbone, we additionally replace
Qwen2-1.5B (2024) with LLaMA3.2-1B (Touvron et al.,
2023) LLM while keeping the same training recipe and
evaluation protocol. The results mostly support the same
conclusion across all evaluated vision encoders: once an
LLM is vision–language aligned in a source VLM, it can
be effectively reusedwith new task-specific encoderswithout
requiring additional re-alignment pretraining. Specifically, as
reported in Table 3(b), LLMTransfer with LLaMA improves
Codetr(Zong et al., 2023) performance on POPE from
86.75 to 87.30 while eliminating alignment pretraining. On
DINOv2 (Oquab et al., 2023), Table 4(b) shows that GQA
increases from 56.07 to 56.62, accompanied by consistent
gains on REC-related metrics. For SAM-based (Kirillov et
al., 2023) grounding, the results in Table 5(b) demonstrate
comparable or improved REC/RES performance acrossmost



splits. In the medical VQA setting, Table 6(b) reports a clear
improvement on SLAKE-close for BiomedCLIP (Zhang et
al., 2023), while Table 7(b) shows that Pix2Struct (Lee et al.,
2023) achieves improvedChartQAaccuracy, increasing from
32.56 to 32.76.Althoughminor task-dependent variations are
observed on certain metrics, such as SLAKE-open or indi-
vidual RES splits, the overall trend remains consistent across
diverse grounding and VQA benchmarks, while completely
eliminating the need for additional alignment pretraining.
These results indicate that the effectiveness of LLMTransfer
is not tied to a specific LLM family, and that transferable
vision–language alignment can be preserved across different
LLM backbones.

5.4.2 Generalization Across Projector Architectures

In addition to the default MLP projector, we adopt a cross-
attention Q-Former (Li et al., 2023) as the vision–language
interface while keeping the aligned LLM and all other
training settings unchanged. As reported in the Q-Former
settings in Tables 3(c)–7(c), LLMTransfer mostly maintains
its effectiveness across all evaluated vision encoders without
requiring additional vision–language re-alignment. Specifi-
cally, Codetr with LLMTransfer improves POPE from 78.93
to 80.68, as shown in Table 3(c). On DINOv2, Table 4(c)
shows that LLMTransfer increases GQA from 39.79 to
51.97, together with consistent gains on REC-related met-
rics. For SAM-based grounding, Table 5(c) reports improved
REC and RES performance across most splits, for example
increasing RECre f +_test A from 8.44 to 9.89. In the medical
VQA setting, Table 6(c) shows that LLMTransfer improves
SLAKEclose from 21.89 to 29.78, while Table 7(c) demon-
strates gains ondocument and chart understanding tasks,with
ChartQA increasing from 12.80 to 13.52. Although a small
number of metrics show slightly lower performance than the
Original LLM baseline, the magnitude of such degradation
remains tightly bounded within 1.1 points, while completely
eliminating the need for additional pretraining time and data.
These results indicate that the core conclusions of this work
are not tied to a specific projector design. Instead, the aligned
LLM can robustly accommodate newly initialized projector
architectures, including cross-attention based interfaces, and
continue to support effective encoder-level transfer without
additional alignment pretraining.

5.4.3 Generalization Across Fine-Tuning Budgets

We further analyze how the effectiveness of LLMTransfer
varies under different fine-tuning (FT) budgets, with the goal
of understanding its robustness to reduced training time. We
consider two complementary settings: reducing the propor-
tion of FT data, and freezing the LLMwhile training only the
projector. As summarized in Tables 3(d)–7(d), LLMTransfer

remains effective undermoderate FT reduction. For example,
on Codetr, using only 30% FT data already achieves a POPE
score of 87.13, remaining close to the full-FT result, while
60% FT data largely preserves performance. Similar trends
are observed on DINOv2 and SAM, where reducing FT to
30%–60%maintains competitiveRECandRESperformance
across multiple splits. On BiomedCLIP, reducing FT to 60%
retains most of the performance gains on SLAKE while
substantially reducing training time. Although Pix2Struct
exhibits amore noticeable performance drop under severe FT
reduction, its performance is largely recovered when the FT
budget is increased to 60%, indicating sensitivity to extreme
but not moderate FT constraints.

In contrast, fully freezing the LLM consistently leads
to performance degradation across all evaluated encoders,
even when the overall training cost is comparable. As shown
in Tables 3(d)–7(d), projector-only adaptation results in
clear drops on both general metrics, such as POPE on
Codetr, and task-specific grounding metrics on DINOv2,
SAM, and BiomedCLIP. Overall, these results reveal a
clear performance–efficiency trade-off:while full fine-tuning
yields the best performance, LLMTransfer remains robust
under reduced FT budgets by reusing an aligned LLM and
allowing limited but essential LLMadaptation, whereas fully
freezing the LLM imposes a performance bottleneck across
diverse encoders.

5.4.4 Generalization Across LLM Training Strategies

To verify whether the gains of LLMTransfer originate from
prior vision–language alignment rather than downstream
full fine-tuning, we conduct ablations under different LLM
training strategies. Specifically, we compare unfrozen LLM
fine-tuning with frozen-LLM settings, where only the visual
projector or lightweight adapters are trained.The correspond-
ing results are summarized in Tables 3(a,d,e)–7(a,d,e).

First, fully freezing the LLM leads to performance degra-
dation for all methods, confirming that downstream LLM
fine-tuning is generally beneficial. However, even under
frozen-LLM settings, LLMTransfer preserves a substantially
larger fraction of its unfrozen performance than the Original
LLM. For example, on DINOv2-based GQA in Table 4(a,d),
frozen LLMTransfer retains 46.09 out of 60.79, whereas
the frozen Original LLM retains only 38.19 out of 58.83.
On SAM-based grounding tasks in Table 5(a,d), freezing
the Original LLM often results in near-zero RES scores,
while frozen LLMTransfer still achieves meaningful RES
performance.More importantly, under identical frozen-LLM
conditions, LLMTransfer consistently and substantially out-
performs the corresponding frozen Original LLM across all
evaluated encoders and tasks. On BiomedCLIP, as shown in
Table 6(d), freezing the Original LLM causes SLAKEopen /
SLAKEclose to collapse to 20.93/22.67, whereas LLMTrans-



fer maintains strong performance at 64.61/31.06. Similarly,
on Pix2Struct in Table 7(d), frozen LLMTransfer improves
DocVQA and ChartQA from 26.02/18.48 to 31.33/24.56.
For grounding tasks on DINOv2 in Table 4(d), frozen LLM-
Transfer improves RECre f +_val from 3.49 to 37.51 and
RECre f g_test from 3.18 to 36.77.

This advantage further generalizes to parameter-efficient
adaptation using LoRA. Under identical frozen-LLM +
LoRA settings, LLMTransfermostly achieves competitive or
improved performance compared to theOriginal LLMacross
multiple encoders. For instance, on Codetr in Table 3(e),
PoPE improves from 83.33 to 84.41, and on DINOv2 in
Table 4(e), RECre f g_test increases from 37.65 to 39.39.More
pronounced gains are observed on SAM-based grounding
in Table 5(e), where LLMTransfer improves RECre f _test A

from 40.86 to 43.12 under LoRA. Overall, these results
demonstrate that the effectiveness of LLMTransfer is not
solely attributable to downstream full fine-tuning. Instead,
it is largely driven by transferable vision–language align-
ment already encoded in the aligned LLM, which remains
effective even when the LLM is frozen or adapted using
lightweight parameter-efficient methods. Allowing limited
LLM fine-tuning further improves performance, suggesting
that prior alignment and downstream adaptation are comple-
mentary rather than mutually exclusive.

5.5 Mechanistic Analysis via CKA

While the previous sections establish the empirical effec-
tiveness and generalization of LLMTransfer across diverse
settings, we further investigate why such transferability
emerges from amechanistic perspective. To this end, we con-
duct a Centered Kernel Alignment (Kornblith et al., 2019)
(CKA) analysis to probe feature-space similarity among
projected visual representations from heterogeneous vision
encoders within the LLM embedding space. In our frame-
work, CLIP serves as the base vision encoder used to derive
the aligned LLM and therefore provides a natural reference
for comparison. We first perform this analysis on the stan-
dard in-domain image setting used in our main evaluation,
and the results are summarized in Fig. 3. For Qwen, contin-
ual alignment consistently increases feature-space similarity
between CLIP and other encoders: BiomedCLIP improves
from 0.391 to 0.420, Codetr from 0.324 to 0.349, DINOv2
from 0.432 to 0.452, and SAM from 0.574 to 0.616, whereas
Pix2Struct remains low and nearly unchanged, increasing
only from 0.079 to 0.081. A similar trend is observed for
LLaMA, where alignment raises CLIP-to-encoder similarity
for BiomedCLIP from 0.335 to 0.385, Codetr from 0.262 to
0.340, DINOv2 from 0.384 to 0.419, and SAM from 0.516 to
0.587. These in-domain results providemechanistic evidence
that the continual aligned LLM does not merely improve
downstream performance, but systematically reshapes the

Fig. 3 Centered Kernel Alignment (CKA) analysis of projected visual
features between our base encoder CLIP and downstream heteroge-
neous vision encoders. Figures (a)&(b) show the CKA similarity under
the original and aligned Qwen, while (c)&(d) correspond to the original
and aligned LLaMA, respectively

Fig. 4 Out-of-distribution Centered Kernel Alignment (CKA) analy-
sis of projected visual features between our base encoder CLIP and
downstream heterogeneous vision encoders on ImageNet-Sketch

LLM embedding space to better accommodate heteroge-
neous visual representations, pulling diverse encoder features
closer to the CLIP-aligned manifold.

To further examine whether this alignment effect remains
valid beyond the in-domain setting, we additionally conduct
an out-of-distribution (OOD) CKA analysis on ImageNet-
Sketch (Wang et al., 2019), as shown in Fig. 4. ImageNet-
Sketch differs substantially from standard natural images in
visual appearance, and therefore provides a useful testbed
for evaluating whether the observed feature-space align-
ment is robust under sketch-style domain shift. Under the
Qwen backbone, the aligned LLM improves or maintains the
CKA similarity between CLIP and all task-specific encoders,
increasing BiomedCLIP from 0.255 to 0.285, Codetr from
0.193 to 0.206, DINOv2 from 0.362 to 0.365, Pix2Struct
from 0.110 to 0.116, and SAM from 0.267 to 0.283. A simi-
lar trend is observed under the LLaMA backbone, where the
CKA similarity increases from 0.279 to 0.291 for Biomed-
CLIP, from 0.205 to 0.210 for Codetr, from 0.365 to 0.378
for DINOv2, remains stable at 0.117 for Pix2Struct, and
increases from 0.213 to 0.258 for SAM.

These OOD results further suggest that the feature-space
alignment induced by LLMTransfer is not merely fitted
to standard natural-image inputs. Instead, the transferred
aligned LLM provides a reusable vision-language embed-
ding space that can still accommodate heterogeneous encoder
features under sketch-style domain shift.



Table 8 Hallucination evaluation under different methods and LLM
backbones. The PoPE denotes PoPE Precision Li et al. (2023), which
evaluates object-existence hallucinationwith binaryquestions.CHAIRs

and CHAIRi Rohrbach et al. (2018) evaluate object hallucination in
open-ended caption generation

Method Qwen+MLP Projector Qwen+QFormer LLaMA+MLP Projector

PoPE ↑ CHAIRs ↓ CHAIRi ↓ PoPE ↑ CHAIRs ↓ CHAIRi ↓ PoPE ↑ CHAIRs ↓ CHAIRi ↓
CLIP+Original LLM 94.41 29.74 10.90 68.93 44.40 23.00 51.21 24.15 8.98

Codetr+Original LLM 94.52 26.58 10.01 89.97 41.23 18.95 71.16 23.83 8.53

Codetr+LLMTransfer 95.38 25.47 9.64 92.32 39.48 18.70 82.28 21.90 7.69

5.6 Hallucination Analysis

Beyond open-world task coverage, an important aspect of
trustworthiness in visual recognition is reducing visual hallu-
cination, i.e., producing confident but incorrect claims about
non-existent objects. To assess this factor, we report PoPE
Precision (Li et al., 2023) as a direct proxy for halluci-
nation, defined as Precision = TP/(TP + FP), where FP
corresponds to false positive “Yes” predictions on nega-
tive samples. Higher precision indicates fewer hallucinated
responses. Since PoPE mainly evaluates object-existence
hallucination through binary questions, we further introduce
CHAIRs and CHAIRi (Rohrbach et al., 2018) to assess
hallucination in open-ended caption generation. CHAIRs

measures the proportion of generated captions containing at
least one hallucinated object, while CHAIRi measures the
fraction of hallucinated object instances among allmentioned
objects. Lower CHAIR values indicate fewer hallucinated
object mentions.

As shown in Table 8, LLMTransfer consistently achieves
higher PoPE Precision than CLIP-based models and Codetr
with the Original LLM across different LLM backbones
and projector architectures. Meanwhile, LLMTransfer also
obtains lower CHAIRs and CHAIRi scores, showing that
the reduction of hallucination is not limited to binary object-
existence judgment but also holds in free-form caption gen-
eration. For example, under the Qwenwith anMLP projector
setting, PoPE Precision improves from 94.52% to 95.38%,
while CHAIRs and CHAIRi decrease from 26.58 to 25.47
and from 10.01 to 9.64, respectively. Under a LLaMA con-
figuration, it increases substantially from 71.16% to 82.28%,
with CHAIRs and CHAIRi further decreasing from 23.83 to
21.90 and from 8.53 to 7.69. By transferring an LLM that
has already been aligned with visual representations, LLM-
Transfer helps the model interpret projected visual tokens in
a more visually grounded manner, thereby reducing the ten-
dency to generate plausible but unsupported object concepts.
Therefore, the aligned prior not only improves binary object-
existence judgment, but also regularizes free-form language
generation toward image-consistent descriptions.

In addition, as shown in Fig. 6, these quantitative improve-
ments are further supported by qualitative examples. In

Fig. 5 Training loss curves of Codetr-based VLMs with different pro-
jectors. The aligned LLM improves convergence, whileMLP converges
faster and more stably than Q-Former

these cases, LLMTransfer avoids hallucinated affirmative
responses to object-existence queries, such as incorrectly pre-
dicting a potted plant in a forest scene or a dining table in
a pizza-related image. These results indicate that transfer-
ring an already vision-aligned LLM effectively suppresses
hallucinated affirmative responses, thereby improving faith-
fulness and trustworthiness in open-world visual recognition
scenarios.

5.7 Projector Convergence Dynamics

To further examine the optimization efficiency of different
projectors, we compare the training loss curves of Codetr-
based VLMs under four settings: Original LLM with MLP,
Aligned LLMwith MLP, Original LLM with Q-Former, and
AlignedLLMwithQ-Former. As shown in Fig. 5, the aligned
LLM consistently leads to faster convergence than the orig-
inal LLM, indicating that the transferred vision-language
alignment provides a better initialization for downstream
adaptation. Meanwhile, the MLP projector exhibits a more
stable optimization trajectory and reaches a lower final loss
than Q-Former, especially in the middle-to-late stage of fine-
tuning.

The less stable and less favorable convergence behav-
ior of Q-Former mainly comes from its higher optimization
complexity. Different fromMLP, which directly maps visual
features into the LLM embedding space, Q-Former intro-



Fig. 6 Visualization of LLMTransfer strategy and the two-stage CLIP-based method on the POPE (Li et al., 2023), GQA (Hudson & Manning,
2019), REC and RES (Yu et al., 2016) datasets. GT represents the Ground Truth

duces learnable query tokens and cross-attention layers to
resample visual features. This addsmore randomly initialized
parameters and creates an additional information bottleneck.
For different encoders such asCodetr, whose features contain
dense spatial and region-level cues, query-based compres-
sion may make fine-grained visual alignment harder during
early training. Therefore, although LLMTransfer still saves
the pre-training/re-alignment stage, the practical efficiency
gain can be partially affected by the projector design. These
results support usingMLP as the efficient default projector in
LLMTransfer, while Q-Former further verifies that aligned
LLM transfer is not limited to a single projector architecture.

5.8 Visualization Results

To comprehensively evaluate the effectiveness of the LLM-
Transfer strategy, we present visual comparisons across a
range of encoders and datasets. As illustrated in Figs. 6 and 7,
the LLMTransfer strategy consistently outperforms the two-
stageCLIP-basedVQAbaseline in diversemultimodal tasks,
including general visual question answering, spatial reason-
ing, medical image interpretation, document understanding,
and fine-grained region localization.

5.8.1 General Visual Understanding

As shown in Fig. 6, on the POPE dataset (Li et al., 2023),
the Codetr-based VLMs trained via LLMTransfer demon-
strate stronger hallucination resistance. For example, in a
case where the input image contains a plant that is not potted,
our method accurately captures this distinction, whereas the
CLIP-basedmodel incorrectly labels it as a potted plant, lead-
ing to a hallucinated answer. Such robustness indicates that
the transferred LLM can effectively adapt to the unique fea-
ture representations of Codetr, thereby preserving semantic
fidelity in complex visual scenes. This improvement under-
scores the importance of retraining the aligned LLM under
the Codetr encoder, validating the effectiveness of the con-
tinual cross-encoder LLM transfer recipe.

5.8.2 Spatial Reasoning

As shown in Fig. 6, on the GQA dataset (Hudson & Man-
ning, 2019), the DINOv2-based VLMs trained with the
LLMTransfer strategy excel in perceiving object relations
in complex visual scenes. Our model correctly identifies the
spatial relation between a keyboard and a mouse pad, avoid-



Fig. 7 Visualization of LLMTransfer strategy and the two stage CLIP-based method on the SLAKE (Liu et al., 2021), ChartQA (Masry et al.,
2022) and DocVQA (Mathew et al., 2021) datasets. GT represents the Ground Truth

ing common misclassifications like mistaking a table for a
chair when only partially visible. In contrast, the CLIP-based
approach struggles under such occlusion or ambiguity. This
indicates that the continual LLM exhibits a more refined
understanding of scene layout and context under theDINOv2
encoder.

5.8.3 Fine-Grained Localization

In both referring expression comprehension (REC) and seg-
mentation (RES) tasks, the SAM-based VLMs achieves

higher precision, as shown in Fig. 6. For instance, the
bounding boxes of LLMTransfer (green) show greater align-
ment with ground truth (blue) compared to those from the
CLIP-based model, which often include irrelevant regions.
Furthermore, when localizing complex textual queries (e.g.,
"little boy with glasses sucking thumb"), the LLMTransfer
strategy captures the full target, whereas the baseline omits
critical parts. In segmentation, our green mask encompasses
a larger, more accurate region than the red mask from the
baseline. Although some missing arm areas remain due to
the mixed-task training, they do not significantly affect the



overall evaluation, as our focus is on assessing LLM transfer
effectiveness rather than achieving state-of-the-art segmen-
tation performance.

5.8.4 Medical Image Understanding

The LLMTransfer strategy also proves effective in domain-
specific scenarios. As shown in Fig. 7, on the SLAKEdataset,
the BiomedCLIP-based VLMs trained with LLMTransfer
accurately identifies anatomical structures such as the chest
and liver,whereas theCLIP-basedbaseline confuses the chest
with the abdomen and misses the liver entirely. Moreover, it
successfully determines imaging planes (transverse vs. coro-
nal) and identifies the heart’s location and function, while the
baseline fails on all fronts. These results highlight the effec-
tiveness of LLMTransfer in improving both interpretability
and diagnostic reasoning in medical tasks.

5.8.5 Document and Chart Comprehension

Finally, on the DocVQA (Mathew et al., 2021) and ChartQA
(Masry et al., 2022) benchmarks, the Pix2Struct-based VQA
performance demonstrates superior document and table
understanding. As shown in Fig. 7, it accurately interprets
dates, personal names, and chart scales, while the CLIP-
basedmodelmisreads or omits key details, such as the correct
day, year, or first name in a full name. In chart-related tasks,
the LLMTransfer correctly infers the vertical axis scale, lead-
ing to precise classifications and value comparisons, whereas
the baseline fails to extract this information. These results
affirm the broad adaptability and robustness of the transfer
recipe in structured visual information understanding.

In summary, across diverse tasks and modalities, the gen-
eral transfer recipe enables the continual alignment of LLMs
with various encoders–such as Codetr, DINOv2, SAM,
BiomedCLIP, and Pix2Struct–without requiring additional
pre-training. The consistent improvements over CLIP-based
models in downstream tasks validate the effectiveness and
generalizability of our transfer strategy.

6 Discussion

Limitation. Despite its effectiveness and efficiency, our
approach has limitations: the transfer recipe assumes differ-
ent VLMs share compatible feature dimensions and relies
on lightweight projectors, which may limit scalability to
highly heterogeneous vision encoders. It also depends on
a well-aligned initial LLM, and performance may drop if the
alignment is suboptimal.
Conclusion. In this work, we explore a simple yet effec-
tive transfer recipe for training VLMs without the need for
re-aligning vision-language representations. By systemati-

cally investigating the transferability of an LLM that has
been pre-alignedwith a general-purpose vision encoder (e.g.,
CLIP), we demonstrate that such an aligned LLM can be
directly reused with task-specific vision encoders without
additional alignment procedures. Our extensive experiments
across five vision encoders and 13 evaluation metrics reveal
three key insights: (1) the aligned LLM retains transferable
vision-language understanding that boosts downstream per-
formance evenwhenpairedwith newencoders; (2) additional
alignment or distillation is unnecessary, leading to significant
training efficiency gains; and (3) the new projector layer can
be effectively optimized throughdownstream instruction tun-
ing alone. These findings suggest that a single aligned LLM
can serve as a universal foundation across diverse VLMs,
offering a scalable and resource-efficient paradigm for future
multi-modal learning.
Future work. The future directions involve investigating
transfer strategies for dynamic or temporally structured
encoders (e.g., in video or 3D), cross-modality settings
(e.g., in audio or depth), extending the proposed recipe to
more LLM families such as Mistral (Jiang et al., 2023) and
Gemma (Team et al., 2024), as well as evaluating the frame-
work under online and continual learning conditions.
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