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Abstract

Although pre-trained large vision foundation models (VFM)
yield superior results on various downstream tasks, full
fine-tuning is often impractical due to its high computa-
tional cost and storage requirements. Recent advancements
in parameter-efficient fine-tuning (PEFT) of VFM for image
classification show significant promise. However, the appli-
cation of PEFT techniques to dense prediction tasks remains
largely unexplored. Our analysis of existing methods reveals
that the underlying premise of utilizing low-rank parameter
matrices, despite their efficacy in specific applications, may
not be adequately suitable for dense prediction tasks. To this
end, we propose a novel PEFT learning approach tailored for
dense prediction tasks, namely VFM-Adapter. Specifically,
the VFM-Adapter introduces a hybrid operation mapping
technique that seamlessly integrates local information with
global modeling to the adapter module. It capitalizes on the
distinct inductive biases inherent in different operations. Ad-
ditionally, we dynamically generate parameters for the VFM-
Adapter, enabling flexibility of feature extraction given spe-
cific inputs. To validate the efficacy of VFM-Adapter, we con-
duct extensive experiments across object detection, seman-
tic segmentation, and instance segmentation tasks. Results on
multiple benchmarks consistently demonstrate the superiority
of our method over previous approaches. Notably, with only
three percent of the trainable parameters of the SAM-Base
backbone, our approach achieves competitive or even supe-
rior performance compared to full fine-tuning. The code will
be available.

Introduction

With the rapid development of computer vision, a wide spec-
trum of deep neural networks emerged, promoting massive
progress in various applications, e.g., object detection (Ren
et al. 2015; Lin et al. 2017; Wang, Bochkovskiy, and Liao
2023; Tian et al. 2019; Carion et al. 2020; Chen et al. 2024),
semantic segmentation (Long, Shelhamer, and Darrell 2015;
Chen et al. 2017; Cheng et al. 2022; Xiao et al. 2018; Xie
et al. 2021), and depth estimation (Patil et al. 2022; Yang
et al. 2022; Mi, Di, and Xu 2022; Guizilini et al. 2023;
Ma et al. 2022). Recently, there has been an increasing re-
search interest in vision foundation models (VFM) (Fang
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Figure 1: Characteristics of Our Proposed VFM-adapter.
Adapter tuning freezes the parameters of the pre-trained
model while exclusively training the parameters of the
adapter and prediction head. In contrast, we harness the
power of Hybrid Operation Mapping (HOM) to seamlessly
aggregate global and local features, thereby effectively cap-
turing comprehensive contextual information. Moreover, we
employ Dynamic Parameter Generation (DPG) to dynam-
ically synthesize adaptive parameters tailored to the HOM
module. This innovative approach confers exceptional flexi-
bility in our feature extraction process, transcending the con-
straints imposed by previous adapter-based methods.

et al. 2023; Oquab et al. 2023; Kirillov et al. 2023; Liu et al.
2021; Zou et al. 2023) due to the impressive demonstra-
tions from both language (Floridi and Chiriatti 2020; Tou-
vron et al. 2023; Zeng et al. 2022) and vision (Chen et al.
2023; Radford et al. 2021) communities.

Despite the claim of strong zero-shot abilities by these
models (Fang et al. 2023; Oquab et al. 2023; Kirillov et al.
2023; Liu et al. 2021), we empirically find that simply utiliz-
ing the output features derived from these VEM still suffers
inferior performance on various downstream tasks, espe-
cially on dense visual predictions. Fully fine-tuning the en-
tire backbone and task-specific heads can revitalize VFM’s
performance. However, as network parameters continue to
scale up, this strategy becomes unsustainable due to the
enormous computational demands, including GPU mem-
ory and extended training periods. Moreover, dedicating a
unique, parameter-heavy VFM to each dataset is both inef-
ficient and impractical. Consequently, devising an effective



method to adapt VFM for broader visual tasks emerges as a
critical challenge.

Parameter-efficient fine-tuning (PEFT) learning, which
is first investigated in natural language processing (NLP)
(Houlsby et al. 2019; Zaken, Ravfogel, and Goldberg 2021),
seeks to replicate the results of full fine-tuning by updat-
ing only a fraction of the backbone parameters or adding
lightweight structures. Some recent work (Chen et al. 2022;
Jia et al. 2022) introduces the PEFT concept to computer vi-
sion for efficiently fine-tuning VFM to downstream tasks,
especially the visual classification task. However, how to
adapt VFM for dense prediction tasks, e.g., object detection,
semantic segmentation, and instance segmentation remains
under-explored. Contrary to visual classification, which as-
signs a single category to the entire image, dense prediction
tasks require detailed region/pixel-level analysis. The model
must accurately classify or segment each region/pixel, ne-
cessitating advanced perceptual and reasoning capabilities
to detect subtle nuances and interpret semantic details across
various image regions. Consequently, designing PEFT meth-
ods tailored for the unique demands of dense prediction
tasks presents a significant challenge.

We perform a detailed analysis to understand why cur-
rent PEFT methods are unsuitable for dense prediction tasks.
Many methods assume that the full fine-tuning weight ma-
trix is low-rank, but this assumption may not hold for dense
prediction tasks. In Figure 2, we observe that the singular
values distribution in the weight matrix for dense prediction
tasks is not concentrated around zero, unlike what is seen in
classification tasks. Instead, the singular values distribution
for dense prediction tasks is scattered, suggesting that the
parameter matrix lacks a low-rank structure.

Therefore, PEFT methods predicated solely on low-
rankness are inadequate for dense prediction tasks. Taking
LoRA (Hu et al. 2021) as an example, a straightforward idea
is that we can increase the rank in the model. However, this
results in a diminishing improvement in performance and
a disproportionate increase in parameters, contradicting the
foundational principle of PEFT methods. In addition, the pa-
rameters in the current PEFT method are independent of the
input image, which prevents the adapter from learning se-
mantic information from complex images.

To address these challenges, we propose VFM-Adapter,
an innovative and effective adapter specialized for dense vi-
sual predictions. To expand the representation space gener-
ated by visual adapters while ensuring efficient parameters,
we introduce the hybrid operation mapping module to seam-
lessly combine the local information and global modeling
within adapters. Besides, to fully enhance the representation
ability of our VFM-Adapter, we propose a dynamic adapter
generation mechanism conditioned on the input images, en-
abling the flexibility of the feature extraction in our inserted
adapters.

To validate the generality and superiority of our method,
we choose three representative VFM i.e., DINOv2 (Oquab
et al. 2023), SAM (Kirillov et al. 2023), and Swin Trans-
former (Liu et al. 2021) to conduct experiments on com-
mon dense prediction tasks, including object detection, in-
stance segmentation, and semantic segmentation. Extensive
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experimental results demonstrate the superiority and gener-
alization of our approach. With only 3% of learnable param-
eters, VFM-Adapter even exceeds the performance of full
fine-tuning on the SAM-Base backbone.

In a nutshell, our contributions are three-fold:

* We highlight that the unsuitability of current PEFT meth-
ods for dense prediction tasks stems from the non-low-
rank nature of their parameter matrices.

* We introduce the VFM-Adapter, a simple yet effective
approach that incorporates hybrid operation mapping and
dynamically generates input-aware parameters for the
adapter module.

» Extensive experimental results show the effectiveness
and generality of our approach on various dense predic-
tion tasks, providing an efficient solution for this field.

Related Work
Large Visual Foundation Models

In recent years, there has been a rapid growth in large vi-
sion foundation models. Models based on ViT (Dosovit-
skiy et al. 2020) or Swin Transformer (Liu et al. 2021)
have been extended and trained on larger datasets, such
as ImageNet-21K (Deng et al. 2009) and JFT-300M cite-
sun2017revisiting. DINOv2 (Oquab et al. 2023), for in-
stance, employs a self-supervised approach (He et al. 2022)
to train a ViT model with 1 billion tunable parameters. Fur-
thermore, the 1B model can be compressed into a series of
smaller models through unsupervised distillation, making it
suitable for various tasks. SAM (Kirillov et al. 2023), on the
other hand, is trained on the SA-1B (Kirillov et al. 2023)
dataset and exhibits the ability to learn a wide range of vi-
sual generic features, including the concept of objects. SAM
can be applied to different downstream tasks in a zero-shot
manner. However, when these models are directly applied to
dense predict tasks (freeze the backbone) such as object de-
tection and semantic segmentation, their performance may
not meet expectations. Hence, there is a need for efficient pa-
rameter fine-tuning to optimize their performance in down-
stream tasks.

Parameter-Efficient Fine-Tuning

Parameter-efficient fine-tuning has emerged as a widely
adopted technique in the field of NLP. Adapter (Houlsby
et al. 2019) proposes the integration of a bottleneck-like
module into the transformer blocks. During training, the
original backbone is frozen, and only this module is trained.
BitFit (Zaken, Ravfogel, and Goldberg 2021) presents a
straightforward approach that fine-tunes solely the bias pa-
rameter in the backbone. LoRA (Hu et al. 2021) introduces
a parallel structure to the original weights, formed by the
multiplication of two low-rank matrices. In the domain of
computer vision, Adapterformer (Chen et al. 2022) and Con-
vPass (Jie and Deng 2022) follow LoRA’s paradigm by in-
corporating a parallel adapter into the original structure.
However, Adapterformer is parallel to the entire FEN (Feed-
Forward Network) model and introduces nonlinearities in
the adapter, while ConvPass (Jie and Deng 2022) adds a
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Figure 2: Singular Value Distribution of Parameter Ma-
trices under Dense Task and Visual Classification Task.
We select the 1-st layer, 5-th layer, and 9-th layer of SAM-
Base’s MHA module as representative examples. Compara-
ble observations can be extended to the remaining layers,
including the FFN layers. The first row illustrates the singu-
lar value distribution of a fully fine-tuning MHA parameter
matrix under a dense prediction task, while the second row
depicts the same matrix under a visual classification task.
The horizontal axis represents the singular values of the pa-
rameter matrix, while the vertical axis depicts their associ-
ated density distribution.

convolutional operation to the adapter, leveraging the induc-
tive bias of the visual task itself. SSF (Lian et al. 2022)
and ARC (Dong et al. 2023) enable efficient parameter
fine-tuning without any increase in inference time through
reparameterization techniques. VPT (Jia et al. 2022) em-
ploys additional learnable tokens integrated into the input
space as prompts for model learning. Although the afore-
mentioned methods have demonstrated relatively favorable
outcomes in the field of vision classification, the investiga-
tion of parameter-efficient fine-tuning (PEFT) methods for
dense prediction tasks remains scarce. Lorand (Yin et al.
2023), designed specifically for dense prediction tasks, uti-
lizes a low-rank synthesis approach. In light of the current
state of research, it inspires us to explore more effective ap-
proaches in this realm.

Dynamic Parameter Generation

A general neural network employs a fixed set of network
parameters during the testing phase, utilizing them for in-
ference on all test samples. In contrast, dynamic parameter
generation involves the neural network dynamically adapt-
ing its parameters for each individual sample during the in-
ference phase. In order to achieve dynamic parameterization
during inference, ConvLora (Zhong et al. 2024) leverages
the concept of Mixture of Experts (MoE). Other methods
(Chen et al. 2020; Ma et al. 2020; Jia et al. 2016; Yang et al.
2019) follow a more direct approach by using networks to
predict parameters. In our work, we employ the hypernet
framework (Ha, Dai, and Le 2016) to dynamically generate
parameters based on the inputs. This approach retains the
generality of the foundational model while enhancing its ex-
pressive power and adaptivity.
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Pilot Observation

In this section, we present our motivation by carrying out
pilot experiments and show the hazards of previous low-rank
design-based methods directly applied to dense prediction
tasks.

We select SAM-Base and apply it as the backbone to
the object detection task on the COCO dataset for full fine-
tuning. We conduct a detailed analysis of the singular value
distribution of weight matrices W € R, as shown in Figure
2. The first row illustrates the singular value distribution of a
fully fine-tuning MHA parameter matrix under a dense pre-
diction task, while the second row depicts the same matrix
under a visual classification task. This indicates that the pa-
rameter matrix demonstrates low-rank characteristics in vi-
sual classification tasks, whereas dense prediction tasks do
not exhibit such a phenomenon. Consequently, prior meth-
ods such as LoRA (Hu et al. 2021) and ARC (Dong et al.
2023), which rely on the low rank of the parameter ma-
trix, may not yield optimal results in dense prediction tasks.
This valuable insight suggests that we should not confine the
search space of the adapter solely to the low-rank subspace.

Method

According to our pilot study, we propose the VFM-Adapter
as an efficient method for transferring large vision founda-
tion models to dense prediction tasks. First, we introduce
the difference between adapter tuning and full fine-tuning.
Then, we detail our approach, explaining the key compo-
nents and mechanisms of the VFM-Adapter. Subsequently,
we conduct a careful parametric analysis to demonstrate the
efficiency of our method.

Preliminary

Full Tuning. When we apply large foundation models to
dense prediction tasks, full tuning means that all parameters
are learnable and are changed during tuning. This process
can be described by the equation:

N
- Zloss (fo (x:),vi),

i=1
0 + arg min L(D,#0).

(D

2

where D = {(z;, yl)} denotes the dataset, fy represents
the model forward functlon The parameters 6§ in the model
are updated by Eq. 2.

Adapter Tuning. In the training paradigm of adapter tuning,
the parameters in the original backbone are frozen, and only
the parameters of the additionally added adapter structure
are learnable. We will refer to the parameter in the original
backbone as 6, and the parameter in the adapter as 6,. The
process of adapter tuning can be described by the following
equation:

L(D,0,,0,) Zlobs foo00) @) i), 3

0, < arg n911n L(D,6,). ()]
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Figure 3: Framework of VFM-Adapter. Each VFM-Adapter contains two HOM modules in parallel with the FFN and MHA
modules, respectively. Each HOM module includes hybrid linear mapping and convolutional mapping to aggregate the global
and local information. We use the shared hypernet to dynamically generate the parameters of the convolution kernel. The input
of the hypernet is the input-aware layer embedding, which is dynamically generated based on the input, and the hypernet outputs

dynamic convolution kernel parameters for HOM.

VFM-Adapter

Building on the observations in the pilot study, the core bot-
tleneck on VFM dense prediction lies in the insufficient rep-
resentation ability of the adapter module after channel com-
pression. We address this problem in the following two as-
pects. Firstly, to enhance the representation ability of ViT
backbone, we introduce complex mapping relations that
seamlessly combine the inductive bias and global modeling
ability from convolution and attention modules. Secondly,
inspired by dynamic filtering networks (Jia et al. 2016) and
CondConv (Yang et al. 2019), for each sample, a controller
sub-network, termed HyperNet, dynamically generates the
parameters for the adapter, enabling the flexibility of our
VEM-Adapter based on the input image.
Hybrid Operation Mapping. To increase the representa-
tion space, we introduce hybrid operation mapping to seam-
lessly combine the local inductive bias and global modeling
during feature extraction. Considering the number of param-
eters and the nature of dense prediction tasks, we adopt con-
volution operation to enhance the local information omit-
ted by attention modeling. In contrast to simple linear map-
pings similar to LoRA (Hu et al. 2021), convolutions en-
able weight sharing within the feature space, thereby ef-
fectively capturing local patterns and structures of the fea-
tures. In addition, the convolution operation can introduce
image-related inductive biases into the transformer-based
backbone, making it more suitable for dense vision tasks.
Given the input feature 2!, the entire process of the dynamic
adapter can be expressed as follows:

! ReLU (z!, WHC'W! « s,

out —

&)
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where Wé S RdXT,Wé e R™*4 O stands for a 3 x 3 con-
volution. s is a hyperparameter that controls how much the
features in the adapter affect the original features. We in-
sert the hybrid operation mapping adapters to the FFN (feed-
forward network) module and MHA (multi-head attention)
modules in the transformer layer in parallel for task-specific
fine-tuning as shown in Fig. 3.

Dynamic Adapter Generation via HyperNet. In order to
further expand the representation space in the adapter, we
leverage the dynamic parameter mechanism via HyperNet
for adapter generation. Note that in most previous meth-
ods, the parameters of adapters are independent of the input,
which means the adapter lacks the ability to dynamically ad-
just the feature extraction manner given different samples.
Based on this, we propose the dynamic adapter generation
module which fully investigates the prior information from
the input image and enhances the representation ability of
adapters.

Specifically, we initially introduce T prompt tokens de-
scribed by E € RT*C. These tokens represent specific in-
formation that we want the adapter to consider during its op-
eration. By calculating the similarity between each prompt
token and every pixel point in the feature map, we obtain the
importance of each pixel point:

M = softmax(F'E,), (6)
where F! € RE*WXC represents the feature map of the I-th
layer, and M' € R¥*W represents the importance of each
pixel point on the current feature map. This similarity-based
calculation allows us to assess the relevance and significance



Backbone | Method Update ATSS SOLO Venue
Params mAP mAPso  mAP75 mAP mAPsp  mAP75
Full tuning 98.0M 53.5 73.9 58.5 43.7 67.0 46.8 -
Fix 9.15M 43.5 67.0 47.0 38.0 62.1 39.6 -
BitFit 9.25M 45.6 67.5 49.7 39.1 62.8 41.0 ACL22
DINOV2 LoRA 9.88M 47.3 68.8 51.7 40.0 63.5 42.5 ICLR’22
SSF 9.35M 45.8 67.7 50.0 39.1 62.7 41.0 NeurIPS’22
Lorand 12.15M 47.5 68.8 51.7 39.8 63.4 42.0 CVPR’23
ARC 9.37TM 49.1 68.4 50.8 394 63.6 41.6 NeurIPS’23
Ours 11.93M 51.6 72.0 56.3 42.1 66.0 44.9 -
Full tuning 97.3M 434 61.5 47.2 354 55.7 37.7 -
Fix 7.64M 31.1 46.7 36.1 27.4 44.3 28.8 -
BitFit 7.74M 34.0 50.0 37.0 29.1 46.3 31.0 ACL22
SAM LoRA 8.38M 41.2 58.1 449 34.5 53.6 36.9 ICLR’22
SSF 7.85M 29.4 44.5 314 24.4 40.3 25.4 NeurIPS’22
Lorand 10.68M 38.5 54.9 42.0 31.5 49.9 335 CVPR’23
ARC 7.8TM 37.8 54.4 41.1 32.6 51.1 35.0 NeurIPS’23
Ours 10.42M 43.5 60.7 47.5 359 55.8 38.7 -
Full tuning 98.0M 44.7 63.4 48.7 38.2 60.5 40.8 -
Fix 9.15M 34.1 55.3 35.9 31.2 52.7 31.9 -
BitFit 9.28M 36.2 56.9 38.4 29.5 47.0 31.5 ACL22
Swin LoRA 11.22M 43.3 63.4 47.2 36.6 28.7 38.7 ICLR’22
SSF 9.42M 35.0 53.6 37.6 32.0 52.9 33.2 NeurIPS’22
Lorand 12.23M 39.6 58.8 42.6 33.6 54.4 35.2 CVPR’23
ARC 9.36M 41.1 61.4 44.1 35.0 57.1 36.7 NeurIPS’23
Ours 12.17M 44.6 64.3 48.1 37.4 59.6 39.7 -

Table 1: Main Results of Object Detection and Instance Segmentation Tasks. We report bbox mAP and segm mAP for
object detection and instance segmentation, respectively. In addition, we report the learnable parameters corresponding to each
approach. Updated params contain the parameters in the neck and head.

of different areas within the feature map. By assigning im-
portance values to individual pixel points, we can focus on
the areas of the feature map that contribute the most to the
desired outcome. Based on the obtained weights, we com-
press the original feature map through a weighted sum oper-
ation.

w

> )
where H'! stands for the input-aware layer embedding,
which encompasses the compressed feature map informa-
tion. This embedding is then fed into the shared hypernet
(Ha, Dai, and Le 2016), which generates the parameters of
conv2d for each layer. The hypernet can be conceptualized
as a network that generates these parameters, allowing us to
obtain the specific parameters required for the current layer’s
conv2d operation. By leveraging the hypernet, we can dy-
namically and adaptively generate layer-specific parameters
based on the input-aware layer embedding, enabling effec-
tive parameter customization for each layer in the network.

Fl M

97

Kernal! Hypernet(H'),

conv2d —

®)
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where H' ¢ R'YZ represents the input-aware layer

embedding, Kernal', ., € R¥*F*CinxCout stands for pa-
rameters of the convolution kernel. Here k means the size of
the convolution kernel, C;,, and C,,; denote the input and
output channels of the convolution kernel that are equivalent
to r. Hypernet contains two linear layers like (Ha, Dai, and
Le 2016), which transform the input-aware layer embedding
into the desired conv parameters.

During training, the original backbone model’s parame-
ters are frozen, and only the adapter’s parameters are up-
dated. Through the described designs, we expand the pa-
rameter search space in the adapter, enabling easier transfer
of pre-trained knowledge to downstream tasks. The shared
hypernet is crucial, generating parameters for each conv2d
layer based on input-aware embeddings from the layer’s fea-
ture map. By sharing the hypernet across layers, we en-
sure consistent parameter generation and promote knowl-
edge transfer. This method enables efficient adapter adapta-
tion while preserving valuable information from the original
backbone.



DINOV2 SAM SWIN

Method
mloU mAcc aAcc mloU mAcc aAcc mloU mAcc aAcc
Full tuning 52.8 64.0 84.5 42.9 53.2 81.0 45.8 57.4 81.7
Fix 50.2 61.9 83.0 25.0 33.1 72.0 36.7 47.3 75.5
BitFit 50.8 62.4 83.4 29.8 39.5 75.3 41.2 52.2 78.4
LoRA 50.9 62.6 83.5 40.0 51.2 80.2 42.4 54.2 79.3
SSF 51.2 63.1 83.5 36.7 40.1 78.6 41.5 53.1 78.6
Lorand 50.6 62.3 83.5 41.5 53.0 80.7 434 554 80.0
ARC 50.9 63.0 83.4 38.5 494 79.6 42.1 53.6 79.0
Ours 52.1 63.6 84.3 40.7 51.9 80.6 44.2 55.8 80.4

Table 2: Main Results of Semantic Segmentation. We report three metrics in our evaluation: mloU (mean Intersection over

Union), mAcc (mean Accuracy), and aAcc (average Accuracy).

Parameter Analysis

In this section, we will conduct an analysis of the parameter
count in our method to demonstrate that our incorporation
of the hypernet not only enables input-aware parameters but
also leads to a reduction in the overall number of parameters.

We define d as the input dimension in the adapter, r as the
middle dimension, and the transformer has a total of [ layers.
When we don’t use hypernet, the number of parameters in
the adapter section can be written as:

20(2dr + 9r?), )

where 92 denotes the parameters of the 3*3 convolution.
The space complexity of our method can be abbreviated as
O(r?). After we use the shared hypernet to generate the pa-
rameters of the convolution kernel, the number of parame-
ters in the adapter section can be written as:

2(2ldr + 9zr + 2°r). (10)

The space complexity of our method can be abbreviated as
O(r). By introducing a shared hypernet, we not only realize
the input-aware parameter design but also reduce the space
complexity of the adapter from O(7?) to O(r).

Experiments

We conduct comprehensive experiments on mainstream
dense prediction tasks to demonstrate the effectiveness and

DPG DPG

HOM (input-independent) | (input-aware) mAP
X X X 40.1
v X X 42.2
v v X 42.2
v X v 43.5

Table 3: Ablation on Main Components. We use SAM-
Base as the backbone to validate the effectiveness of the dif-
ferent components. HOM stands for Hybrid Operation Map-
ping and DPG represents Dynamic Parameter Generation.
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advantages of our method, including instance segmentation,
object detection, and semantic segmentation. We also orga-
nize a wealth of ablation experiments to help better under-
stand our methodology.

Experimental Settings

Dataset. We conduct extensive experiments on the COCO
(Lin et al. 2014) dataset and the ADE20K (Zhou et al. 2019)
dataset. The COCO dataset comprises 118k training images
and 5k validation images, which can be used for object de-
tection and instance segmentation. For the object detection
task, we use ATSS (Zhang et al. 2020) as our detector and
for instance segmentation, we use SOLO (Wang et al. 2020)
as our framework. ADE20K is a widely used semantic seg-
mentation benchmark, including 20k training and 2k valida-
tion images. We use the SegFormer (Xie et al. 2021) as the
framework for semantic segmentation.

Pretrained VFM. We select three representative VFM,
namely DINOv2 (Oquab et al. 2023), SAM (Kirillov et al.
2023), and Swin Transformer (Liu et al. 2021). Code
and pre-trained models are from MMPretrain (Contributors
2023). If not specified, we use the base version for our ex-
periments.

Implementation Details. As the pre-trained large models
used in our study e.g., DINOv2 and SAM are based on tradi-
tional ViT (Dosovitskiy et al. 2020) architectures, they lack
inherent multi-scale features commonly used in dense pre-
diction tasks. To address this limitation, we adopt a simi-
lar approach to ViTDet (Li et al. 2022), where we construct
a feature pyramid based on the last layer of features ex-
tracted from the pre-trained models. This allows us to incor-
porate multi-scale information into the models, enhancing
their performance on diverse visual tasks. All our experi-
ments are conducted with 8 x NVIDIA Tesla A100 GPUs.
Baselines. We compare our approach with current state-of-
the-art methods.

o Full tuning: Update all parameters in the framework.

e Fix: Fix the backbone and only update other parameters.

e BitFit: Only tune the bias parameters in the backbone and
other parameters are fixed.



e LoRA: Inject trainable rank decomposition matrices into
each layer of the Transformer architecture.

e ARC: Leverage shared symmetric down/up projec-
tions to construct bottleneck operations and learn low-
dimensional re-scaling coefficients to re-compose layer-
adaptive adapters.

o SSF: Scale and shift the deep features extracted by the
pre-trained model after every operation.

e Lorand: Add LoRand layers after the MHA/FFN layers
of each block.

Main Results

The zero-shot ability of VFM is not as good as claimed.
Contrary to claims, VFM demonstrates limited generaliz-
ability when apply directly to downstream tasks without
fine-tuning. By freezing the VFM backbone and training
only the neck and head sections, we observe a notable de-
cline in performance across various tasks. Specifically, in
object detection, freezing the VFM backbone results in more
than a 10-point reduction in mean Average Precision (mAP).
Similarly, in instance segmentation and semantic segmenta-
tion tasks, freezing the backbone leads to varying degrees of
performance degradation across different VFM. These find-
ings suggest that the zero-shot capabilities of pre-trained
VFM on downstream tasks are not as robust as claimed.
While fully fine-tuning VFM shows enhanced performance,
the associated high costs have been a deterrent.
Low-rank-based designs are not suitable for dense pre-
diction tasks. LoRA and ARC are parameter-efficient fine-
tuning methods based on low-rank property. We enlarge
their intermediate dimensions for better performance with
comparable trainable parameters. ARC’s shared projection
matrix keeps parameter count low despite dimension in-
crease. Our method outperforms low-rank based methods
(Tables 1 and 2). Low-rank structures may not suit dense
prediction tasks. Our method adds visual domain-specific
bias to low-rank structures and uses hypernet for input-
aware parameter generation, proving more suitable for dense
prediction tasks.

Our approach acquires a balance between training pa-
rameters and performance. BitFit and SSF are not de-
signed for dense prediction tasks, and even though these

Method | Param GPU Inference Tra}nlng mAP
Memory Latency Time
Full tuning | 663.1M  63G 3.8FPS  268h 51.5
Fix 11.7M 5G 3.8FPS 76h 329
BitFit 12.2M 19G 3.8FPS I150h 423
LoRA 445M  33G 3.6FPS 160h  49.2
SSF 12.6M  24G 3.8FPS 172h 429
Lorand | 64.8M  3IG 35FPS  254h 504
ARC 13.1IM  20G 3.6FPS 163h 472
Ours | 39.5M  31G 3.6FPS 198h  52.6

Table 4: Comparison of parameters, GPU memory, inference
time, training time, and COCO box mAP on ViT-Huge.
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methods have smaller trainable parameters compared to our
method, their performance is far inferior to our method. Re-
garding LoRA and Lorand, we observe that increasing the
intermediate dimension can lead to performance improve-
ment. However, the associated increase in parameter count
is unacceptable for our purposes. In contrast, our approach
strikes a balance between the number of parameters and per-
formance. When using SAM as the backbone, we exceed the
effect of full fine-tuning on the object detection and instance
segmentation tasks by using only about 3% of the number
of parameters of the full backbone. When using other back-
bones on these three classical dense prediction tasks, our
method also achieves notable results, beating all other meth-
ods.

Ablation Studies

We perform ablation experiments on our method to investi-
gate what properties are useful and observe several intrigu-
ing properties.

Ablation on main components. To assess our method’s
components, we conduct ablation experiments with different
setups: without using HOM, with HOM, and with a hyper-
net generating HOM parameters. We also explore the impact
of input-aware HOM parameters by comparing an input-
aware hypernet with learnable layer-wise embeddings alone.
Results in Table 3 show that using HOM yields roughly a
2 mAP increase compared to its absence, likely due to its
ability to introduce image-related biases to the transformer-
based backbone. By employing a hypernet for HOM param-
eters, we reduce parameter count while maintaining perfor-
mance. Additionally, an input-aware hypernet further boosts
performance.

Comparisons with Huge Backbone

To further validate the effectiveness and efficiency of our
method, we provide more dimensional comparisons on a
larger backbone. We compare our method with other state-
of-the-art methods in terms of parameters, GPU memory
usage, inference time, training time, and COCO box mAP.
As shown in Table 4, our approach reduces the number of
parameters by about 94%, the amount of GPU memory by
51%, and the training time by 26% compared to full fine-
tuning, but achieves almost the same performance.

Conclusion

In this paper, we propose VFM-Adapter, a novel PEFT
method. It effectively transfers pre-trained VFM to dense
prediction tasks. Experiments show our approach outper-
forms other PEFT methods and full fine-tuning in represen-
tative dense prediction tasks. We hope our work inspires oth-
ers and advances the PEFT field.
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