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Abstract

Pre-training & fine-tuning can enhance the transferring ef-
ficiency and performance in visual tasks. Recent delta-
tuning methods provide more options for visual classifi-
cation tasks. Despite their success, existing visual delta-
tuning art fails to exceed the upper limit of full fine-
tuning on challenging tasks. To find a competitive alterna-
tive to full fine-tuning, we propose the Multi-cognitive Vi-
sual Adapter (Mona) tuning, a novel adapter-based tuning
method. First, we introduce multiple vision-friendly filters
into the adapter to enhance its ability for processing visual
signals, while previous methods mainly rely on language-
friendly linear filters. Second, we add the scaled layer-
norm in the adapter to regulate the distribution of input
features for visual filters. To fully demonstrate the prac-
ticality and generality of Mona, we conduct experiments
on representative visual tasks, including instance segmen-
tation on COCO, semantic segmentation on ADE20K, ob-
ject detection on Pascal VOC, oriented object detection
on DOTA/STAR, and image classification on three common
datasets. Exciting results illustrate that Mona surpasses full
fine-tuning on all these tasks by tuning less than 5% params
of the backbone, and is the only delta-tuning method out-
performing full fine-tuning on all tasks. For example, Mona
achieves 1% performance gain on the COCO compared to
full fine-tuning. Comprehensive results suggest that Mona-
tuning is more suitable for retaining and utilizing the capa-
bilities of pre-trained models than full fine-tuning. The code
is publicly available on https://github.com/Leiyi-Hu/mona.
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‡The work was initiated when the author was interning at Shanghai

Jiao Tong University and completed when the author worked at Tsinghua
University.

Figure 1. Comparisons of our method with full fine-tuning and
recent delta-tuning art on representative visual tasks. Blue
dashed line is the performance of full fine-tuning on ADE20K and
COCO. The proposed Mona outperforms full fine-tuning on repre-
sentative visual tasks, which promotes the upper limit of previous
delta-tuning art. The results demonstrate that the adapter-tuning
paradigm can replace full fine-tuning and achieve better perfor-
mance in common visual tasks. Full fine-tuning is not the only
preferred solution for transfer learning in the future.

1. Introduction

Pre-training & fine-tuning paradigm [1] can perform im-
pressive transfer learning between homo-modal tasks, as
has been demonstrated in computer vision (CV) [2, 3] and
natural language processing (NLP) [4–6]. Pre-trained mod-
els are often trained by well-resourced and experienced
teams with large amounts of clean data [7]. Exceptional pre-
trained models can help hardware- and data-limited teams
save plenty of training costs and train well-performing deep
models on new tasks [8–11]. In the era of large mod-
els, the efficiency of tuning pre-trained models is an im-
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portant issue. Full fine-tuning has been widely used with
great success in CV tasks, which tunes all parameters in
the pre-trained backbone as well as additional task-specific
heads/necks during the training process. Many impressive
CV art push the limit of visual tasks through pretraining &
full fine-tunning. However, is full fine-tuning still the best
way to fine-tune visual tasks now?

Apart from full fine-tuning, Delta tuning [12, 13] has re-
cently attracted attention in NLP and CV tasks. Delta tuning
comes from NLP, which tunes only part of the backbone
network or extra lightweight structures for efficient trans-
fer learning [12]. Delta tuning methods generally fix most
backbone parameters and achieve comparable or even better
performance than full fine-tuning on simple tasks (including
classification tasks in NLP [14, 15] and CV [16–19]). VPT
[16] first explores the potential of prompt-tuning on visual
classification tasks. LoRand [20] pioneers adapter-tuning
on dense predictions and reduces the gap between delta tun-
ing and full fine-tuning on visual tasks. However, existing
methods cannot outperform full fine-tuning on visual recog-
nition tasks, including semantic and instance segmentation.

To challenge the dominance of full fine-tuning in CV,
we propose Mona-tuning, a novel tuning paradigm based on
Multi-cognitive visual adapters (Mona). We analyse recent
art and summarise two issues in existing visual adapters.
First, the designs of existing CV adapters [17–19] follow
linear adapters in NLP [21]. In fact, visual tasks pro-
cess visual signals, which are significantly different from
linguistic signals and have unique 2D convolutional oper-
ations [22–24]. Our experiments show that convolution-
based filters can transfer visual knowledge from pre-trained
models to other tasks better, so we propose a practical
convolution-based adapter for visual tasks. Second, most
existing adapters compress the upstream features with a sin-
gle linear layer [17, 18]. Previous works claim that models
have different cognition of features at different filter scales
[25–27]. Thus, we employ multiple convolutional filters
behind the adapter’s reduction layer to enhance the cog-
nitive abilities of the adapters. We demonstrate the gen-
erality and superiority of Mona-tuning on plenty of repre-
sentative visual tasks, including image classification, ob-
ject detection, semantic segmentation, instance segmenta-
tion, and oriented object detection [28, 29]. We employ the
SwinTransformer [2] series trained on ImageNet-22k [30]
as pre-trained models. Extensive experiments indicate that
the proposed method outperforms the traditional full fine-
tuning paradigm both on simple image classification tasks
and complex visual tasks. For example, Mona-tuning out-
performs full fine-tuning on the COCO dataset [31] by 1%
mAP. The results suggest that full fine-tuning is not the op-
timal choice for many visual tasks. As far as we known,
Mona is the only Adapter-based tuning method that sur-
passes full fine-tuning on semantic segmentation, instance

segmentation, and oriented object detection. Figure 1 illus-
trates the superiority of the proposed method on the chal-
lenging instance segmentation and semantic segmentation
tasks. Our contributions can be three-fold:
• We demonstrate that the adapter-based tuning can surpass

full fine-tuning on visual tasks, and perform better than
full fine-tunning with fewer new parameters.
• We propose Mona-tuning, a novel and practical train-

ing paradigm based on multi-cognitive visual adapters
(Mona). Mona employs vision-friendly filters to optimise
traditional linear adapters and improve the transferring ef-
ficiency of visual pre-trained knowledge through multiple
cognitive perspectives.
• Extensive experiments demonstrate that Mona-tuning

outperforms full fine-tuning and other recent art on repre-
sentative visual tasks, including image classification, ob-
ject detection, semantic segmentation, instance segmen-
tation, and oriented object detection.

2. Related Work
2.1. Delta-tuning
The development of large models has produced dramatic
shocks throughout artificial intelligence [32–34]. The effi-
ciency of transfer learning attracts researchers’ interest [17–
19, 35]. Delta tuning [12, 13, 21, 36, 37] (or parameter
efficient fine-tuning, PEFT) is dedicated to improving the
efficiency of fine-tuning. Delta-tuning methods can be di-
vided into three groups [12, 38]. The first group fixes most
of the parameters in the pre-trained backbone and fine-tune
a small number of them, e.g., BitFit [39] tunes bias, Norm
Tuning [40] tunes norm layers, and Partial-1 [41] only tunes
the last block. The second group reparameterises some pa-
rameters in the pre-trained model, e.g. the LoRA [36] op-
timises low-rank subspaces. The third group fixes the pre-
trained backbone’s original parameters and adds additional
trainable structures, including prompt series [16, 42, 43]
and adapter series [19, 44, 45]. Our experiments compare
Mona with these three groups.

2.2. Computer Vision Meets Delta-tuning
Although derived from NLP, delta tuning is also explored in
CV. VPT [16] is the first to introduce delta-tuning (prompt-
tuning) to visual classification tasks. [46] adds adapters to
a trainable backbone to improve performance rather than
parameter efficiency. [47, 48] differentiates the parameters
and fine-tunes some of the parameters in the extra struc-
tures. SSF [49] scales and shifts features for fine-tuning.
[50] designs adapters that can be adjusted to a specific
task. AdaptFormer [19] designs a parallel adapter structure
to improve delta-tuning performance on visual classifica-
tion. KAdaptation [45] optimises the adapter through the
Kronecker product. The above art is the pioneer in visual
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Figure 2. Left: The proposed Mona-tuning. We add Mona after
MSA and MLP in each SwinBlock. The proposed method fixes
the parameters of pre-trained layers and updates the parameters of
Mona. Right: Details of Mona. Mona has a scaled LayerNorm
before the down projection. A multi-cognitive convolutional filter
group and an aggregation filter are behind the down projection.
We add skip-connections at four places inside Mona to strengthen
its adaptation capabilities. Mona enables the adapter-based fine-
tuning paradigm to outperform full fine-tuning in typical visual
tasks comprehensively.

tasks, revealing the potential of delta-tuning on visual clas-
sification. LoRand [20] brings impressive performance on
dense prediction tasks via multi-branch low-rank adapters
but still cannot surpass full fine-tuning on all visual recog-
nition tasks. Recent art indicates that delta-tuning cannot
completely replace full fine-tuning on vision tasks. There-
fore, we propose Mona-tuning, an alternative to full fine-
tuning for more visual tasks, which outperforms full fine-
tuning in both new parameter size and performance.

3. Methods
In this section, we present the proposed method in four
parts, including the adapter-tuning, Mona, and parameter
analysis.

3.1. Adapter-tuning
Previous work [20] discusses adapter fine-tuning, and we
briefly introduce related concepts here. Full fine-tuning
updates all parameters in the pre-trained backbone, while

adapter-tuning fixes the pre-trained parameters and updates
the parameters in adapters. For dataset D = {(xi, yi)}Ni=1,
the optimization process of full fine-tuning and adapter-
tuning can be expressed as Eq. 1 and Eq. 2:

θ ← argmin loss(D, θ)
θ

, (1)

ω ← argmin loss(D, θF , ω)
ω

, (2)

where loss is the training loss, θ represents parameters of
the whole framework, and θF is the fixed parameters in
adapter-tuning. ω represents updated parameters in adapter-
tuning, including parameters in adapters and outside the
backbone.

3.2. Mona
Typical linear adapters suffer from two problems when ap-
plied to visual tasks. First, fixed layer parameters cannot be
fine-tuned to match the data distribution of new tasks, re-
sulting in a biased feature distribution passed to the adapter.
Therefore, it is important for the adapter to optimize its in-
put distribution from fixed layers. Second, Vanilla adapter
[21] is designed for natural language signals and is not op-
timized for visual signals. Previous CV adapter art [16–19]
is based on linear filters (mainly including down projection,
nonlinear activation, up projection, and skip connections),
which is not efficient for transferring visual knowledge. To
address these two issues, we perform input optimization and
design multi-cognitive visual filters.
Input Optimization. We enable Mona to adjust the input
distributions and the proportion of inputs from the fixed lay-
ers. Specifically, we add a norm layer and two learnable
weights, s1 and s2, to the top end of Mona to adjust the in-
put distribution. Previous work indicates that normalization
[51] helps to stabilize the forward input distribution and the
backpropagated gradient. We find in practice that Layer-
Norm (LN) [51] is better than BatchNorm [52], so we em-
ploy LN in Mona. Figure 2 illustrates our design, which can
be formulated as:

xnorm = s1 · |x0|LN + s2 · x0, (3)

where |·|LN denotes LayerNorm and x0 denotes the original
input of Mona.
Multi-Cognitive Visual Filters. For visual cognition, hu-
man eyes process visual signals from different scales and
integrate them for better understanding [53–55]. Adapters
should also process upstream features from multiple cog-
nitive perspectives for better performance on downstream
tasks. We introduce multiple convolutional filters to Mona
to increase the cognitive dimension. Instead of standard
convolutions, Depth-Wise Convolutions [55] (DWConv)
are employed in Mona to minimize additional parameter
sizes. Specifically, the upstream features go through three
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DWConv filters after down projection. Convolution kernels
are 3×3, 5×5 and 7×7. We compute the average results
from three filters and aggregate features with a 1×1 convo-
lution. Skip-connections are added to two types of convo-
lutions. We use three depth-wise convolutions with weight
ωi
dw ∈ RCD

in×Ki×Ki×CD
out (i ∈ 1, 2, 3) for the first multi-

filter convolution and a point-wise convolution with weight
ωi
pw ∈ RCP

in×1×1×CP
out for the second convolution. The

above two convolution steps can be formulated as follows:

fdw = x+ avg(
∑3

i=1 ω
i
dw⊗̂x),

fpw = x+ ωpw⊗x,
(4)

where ⊗̂ and ⊗ denote depth-wise and point-wise convolu-
tion. Then, features are nonlinearized by GeLU and recov-
ered by up projection. The overall calculation process of
Mona can be formulated as follows:

x = x0 + U lσ(fpw(fdw(D
l(xnorm))), (5)

where Dl and U l denote down and up projections of the lth

adapter, and σ denotes GeLU activation.

3.3. Parameter Analysis
The parameters of Mona come from LN, scaling factors,
linear layers, DWconv, and 1×1 conv. Assuming that the
input dimension of the adapter is m and the dimension after
down projection is n, the parameters of the LN and scaling
factors are 2m + 2, the parameters of the two linear layers
are 2mn+m+n, the parameters of the DWConv layer are
(32 + 52 + 72)n = 83n, and the PWConv is n2. The total
parameter of each Mona module are:

(2n+ 3)m+ n2 + 84n+ 2. (6)

For each block, all Mona parameters are: 2 ×(
(2n+ 3)m+ n2 + 84n+ 2

)
. We set the value of n to a

constant (64) to reduce parameters in Mona.

4. Experiments
We implement sufficient experiments on multiple represen-
tative visual tasks to demonstrate the superiority of Mona-
tuning. This section includes experimental settings, re-
sults, convergence analysis, and some ablation experiments.
Hyperparameters and detailed settings for training are pre-
sented in the Supplementary Material.

4.1. Datasets
Object Detection. Pascal VOC 0712 [56] has 16k/5k train-
ing/validation images and is used for object detection tasks.
We employ Swin-Large + RetinaNet for training. The eval-
uation metric for object detection task is the most com-
monly used APbox.

Semantic Segmentation. ADE20K [57] is the most widely
used semantic segmentation dataset containing 20K train-
ing and 2K validation images. We employ Swin-Large +
UperNet for experiments on semantic segmentation. The
evaluation metric is the most commonly used mIoU.
Instance Segmentation. MS COCO [31] is a representa-
tive instance segmentation dataset with 118k training im-
ages and 5k validation images. We employ Swin-Base +
Cascade Mask RCNN for training. Evaluation metrics for
instance segmentation task are APbox and APMask.
Oriented Object Detection. Oriented object detection con-
siders angle information in the annotation and inference
process, which can effectively improve the performance and
efficiency of object detection in fields like remote sensing.
This task requires more accurate annotation information
and more complex detection models, which is more chal-
lenging than horizontal object detection. Two representative
remote sensing datasets, DOTA [58] and STAR [59], are se-
lected for our experiments. We also experiment with mul-
tiple detection frameworks on the more challenging STAR
dataset. The meteic here is APbox.
Image Classification. Classification tasks have been well
studied in previous art. We also conduct experiments on
Oxford 102 Flower [60], Oxford-IIIT Pet [61], and VOC
2007 Classification dataset [62] to increase the broadness
of our experiments. The top-1, top-5, and average accuracy
of each method are reported.

4.2. Pre-trained Models and Toolkits

The Swin Transformer series [2] are employed as the back-
bone for all experiments. The pre-trained models are trained
on ImageNet-22k [30], and toolkits like MMDetection [63],
MMSegmentation [64], MMRotate [65] and MMClassifica-
tion [66] are used for verification. The image resolution of
the pre-trained task is 224×224. Most tasks employ Swin-
Large as the backbone. Backbones for COCO, DOTA, and
STAR are Swin-Base, considering the memory consump-
tion of these tasks.

4.3. Baselines

We compare Mona with multiple recent methods. Baselines
can be grouped into methods without or with extra structure:
• Without extra structure:
- FULL: Update all parameters in the framework.
- FIXED: Fix the backbone and update other parameters.
- BITFIT [39]: Update bias in backbone and parameters

outside of backbone.
- NORMTUNING [40]: Update norm layers in backbone

and parameters outside the backbone.
- PARTIAL-1 [41]: Update the last block in the backbone

and parameters outside the backbone.

• With extra structure:
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Swin-B
(89M)

Trained∗
Params % ∆Full

Extra
Structure

COCO
(Cascade Mask R-CNN)

APBox ∆Full APMask ∆Full

Baselines

FULL 89.14 M 100.00 % - × 52.40 % - 45.10 % -
FIXED 0.00 M 0.00 % - 100.00 % × 48.00 % - 4.40 % 41.60 % - 3.50 %
BITFIT 0.21 M 0.23 % - 99.77 % × 50.10 % - 2.30 % 43.60 % - 1.50 %
NORMTUNING 0.06 M 0.07 % - 99.93 % × 50.10 % - 2.30 % 43.50 % - 1.60 %
PARTIAL-1 12.95 M 14.53 % - 85.47 % × 50.60 % - 1.80 % 43.70 % - 1.40 %

ADAPTER 3.19 M 3.58 % - 96.42 % ✓ 52.10 % - 0.30 % 45.00 % - 0.10 %
LORA 3.06 M 3.43 % - 96.57 % ✓ 50.40 % - 2.00 % 43.90 % - 1.20 %
ADAPTFORMER 1.60 M 1.79 % - 98.21 % ✓ 51.70 % - 0.70 % 44.60 % - 0.50 %
LORAND 4.68 M 5.23 % - 94.77 % ✓ 51.90 % - 0.50 % 44.70 % - 0.40 %

Our Method

MONA 4.16 M 4.67 % - 95.33 % ✓ 53.40 % + 1.00 % 46.00 % + 0.90 %

Table 1. Results of baselines and our methods on COCO benchmarks. Swin-B is employed as the pre-trained model here. We present
the numbers and percentages of trainable backbone parameters on the left and all the performences on the right. ∗ denotes the trainable
parameters in backbones. The best AP in each column is bolded.

Swin-L
(198M)

Trained∗
Params % ∆Full

Extra
Structure

Pascal VOC
(RetinaNet)

ADE20K
(UperNet)

APBox ∆Full mIoU ∆Full

Baselines

FULL 198.58 M 100.00 % - × 83.70 % - 51.18 % -
FIXED 0.00 M 0.00 % - 100.00 % × 83.80 % + 0.10 % 46.84 % - 4.34 %
BITFIT 0.30 M 0.15 % - 99.85 % × 85.40 % + 1.70 % 48.37 % - 2.81 %
NORMTUNING 0.10 M 0.05 % - 99.95 % × 85.50 % + 1.80 % 47.89 % - 3.29 %
PARTIAL-1 28.77 M 14.53 % - 85.47 % × 85.50 % + 1.80 % 47.44 % - 3.74 %

ADAPTER 4.61 M 2.33 % - 97.67 % ✓ 86.70 % + 3.00 % 50.78 % - 0.40 %
LORA 4.57 M 2.31 % - 97.69 % ✓ 85.40 % + 1.70 % 50.34 % - 0.84 %
ADAPTFORMER 2.34 M 1.18 % - 98.82 % ✓ 86.60 % + 2.90 % 50.83 % - 0.35 %
LORAND 5.20 M 2.62 % - 97.38 % ✓ 86.90 % + 3.20 % 50.93 % - 0.25 %

Our Method

MONA 5.08 M 2.56 % - 97.44 % ✓ 87.30 % + 3.60 % 51.36 % + 0.18 %

Table 2. Results of baselines and our methods on Pascal VOC and ADE20K benchmarks. Swin-L is employed as the pre-trained
model here. We present the numbers and percentages of trainable backbone parameters on the left and all the performences on the right. ∗
denotes the trainable parameters in backbones. The best AP/mIoU in each column is bolded.

(The pre-trained layers in these baselines are fixed, and
the adapter intermediate dimensions are all 64, following
the AdaptFormer [19]):

- ADAPTER [21]: Add standard adapter layers after the
MSA/MLP layers of each SwinBlock.

- LORA [36]: Add parallel learnable matrices to multi-
head attention weights.

- ADAPTFORMER [19]: Add parallel adapter layers with
scale weights to each MLP layer.

- LORAND [20]: Add LoRand++ (α=4, β=16) layers after
the MSA/MLP of each SwinBlock. LoRand++ has the
best performance among its variants, so the most chal-

lenging setting is chosen for comparison.

4.4. Main Results
Instance segmentation on COCO is challenging. From Ta-
ble 1, we find that Mona outperforms all PEFT baselines
and is the only method that outperforms full fine-tuning
even by 1%. COCO experiments effectively demonstrate
the capability of the proposed method and show a bet-
ter option than full fine-tuning in terms of storage and
performance. Among delta-tuning methods, most base-
lines without extra structure can save more new parameters
(except Partial-1), but their average performance is lower
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Method Flowers102 OxfordPets VOC2007 Average

top-1 acc. top-5 acc. top-1 acc. top-5 acc. top-1 acc. top-5 acc. top-1 acc. top-5 acc.

Baselines

FULL 99.5772 99.8536 94.6579 99.6257 84.1276 96.9507 92.7876 98.8100
FIXED 99.3007 99.8374 94.2219 99.9182 85.0162 98.9499 92.8463 99.5685
BITFIT 99.5772 99.8211 95.3393 99.9182 85.6018 99.3336 93.5061 99.6910
NORMTUNING 99.5284 99.8374 95.2303 99.8910 85.5210 99.2528 93.4266 99.6604
PARTIAL-1 99.6585 99.8374 95.3938 99.8637 84.9354 98.6066 93.3292 99.4359
ADAPTER 99.5934 99.8536 95.3393 99.8092 87.0355 99.1317 93.9894 99.6144
LORA 99.5446 99.8536 95.1485 99.8910 85.7028 99.3134 93.4653 99.6860
ADAPTFORMER 99.5609 99.8536 95.2576 99.8365 86.2884 99.2730 93.7023 99.6544
LORAND 99.5725 99.8536 95.3515 99.8910 86.6534 99.3741 93.8591 99.7062

Our Method

MONA 99.6764 99.9024 95.4765 99.9182 86.9709 99.5057 94.0413 99.7592

Table 3. Results of baselines and our methods on three classification datasets. Swin-L is employed as the pre-trained model here. We
present top-1 accuracy (%) and top-5 accuracy (%) of each dataset. The best result in each column is bolded.

Swin-B
(89M)

Oriented R-CNN
(Faster R-CNN)

KLD
(RetinaNet)

H2RBox-v2
(FCOS)

DOTA-v1.0 STAR STAR STAR

Baselines

FULL 78.31 % 38.63 % 30.33 % 30.29 %
FIXED 74.10 % 30.83 % 23.81 % 26.01 %
BITFIT 76.05 % 34.51 % 28.17 % 29.41 %
NORMTUNING 75.82 % 33.13 % 27.12 % 27.79 %
PARTIAL-1 75.72 % 33.96 % 28.53 % 28.89 %

ADAPTER 78.27 % 37.97 % 30.35 % 30.24 %
LORA 75.91 % 33.80 % 27.48 % 28.95 %
ADAPTFORMER 77.43 % 35.95 % 29.36 % 30.11 %
LORAND 77.65 % 36.44 % 29.83 % 28.85 %

Our Method

MONA 78.44 % 39.45 % 30.90 % 31.34 %

Table 4. Results on DOTA and STAR benchmarks. Swin-B
is employed as the pre-trained model here. The best AP in each
column is bolded.

than that with extra structure. For baselines with addi-
tional structure, adapter-based approaches is superior to the
reparameterization-based LoRA. Table 1 shows that LoRA
performs well on NLP tasks but poorly on computer vision
tasks. Table 1 indicates that the performance of delta-tuning
is not directly related to parameter sizes. Partial-1 has the
most trainable parameters, but its performance is signifi-
cantly lower than that of adapter-based baselines. This re-
sult suggests that superior module design can effectively en-
hance the transferring efficiency of pre-trained models and
reduce massive new parameters.

Table 2 shows the results of Pascal VOC (object detec-
tion) and ADE20K (semantic segmentation). Also, Mona

Figure 3. Loss curves. Among all the methods, the proposed
method converges faster and significantly exceeds the full fine-
tuning.

outperforms all other methods in Table 2. Mona outper-
forms full fine-tuning by 3.6% and 0.18% on these two
tasks. Table 2 again indicates that full fine-tuning is not
the best choice for visual transfer learning. Interestingly,
all baselines surpasses full fine-tuning on VOC, which is
different from COCO and ADE20K. Relatively little data
in VOC may lead to over-fitting when full fine-tuning a
198M Swin-Large pre-trained model. Compared to full
fine-tuning, other methods fix most pre-trained parame-
ters, so the model performance is less likely to collapse
severely during tuning. NLP scholars treat similar cases
as low-resource cases [67, 68]. VOC here can be consid-
ered as a low-resource case in CV. For ADE20K, the per-
formance gaps between baselines without additional struc-
ture and adapter-based baselines are more significant than
VOC and COCO. For parameter sizes, most methods in Ta-
bles 1 and 2 (except Partial-1) produce less than 5% new
backbone parameters, which is the characteristic of delta-
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tuning. Despite the slight increase in parameters, Mona still
outperforms the previous art and breaks the full fine-tuning
performance ceiling by a wide margin.

Table 4 shows the performance on the more challeng-
ing oriented object detection tasks. Firstly, Columns 2-3
of Table 4 show that Mona outperforms full fine-tuning and
other efficient fine-tuning methods on two datasets with Ori-
ented R-CNN [69]. Secondly, STAR has more instances
and classes than DOTA, which is more challenging than
DOTA. So we experiment with STAR on more frameworks.
Columns 4-5 show the results of all methods with KLD [70]
and H2RBox-v2 [71]. It can be seen that Mona outperforms
all baseline methods on these frameworks. Table 4 further
illustrates that the proposed adapter can lead to performance
breakthroughs on a wider range of visual tasks.

For classification tasks, we show the individual and aver-
age results on three classification datasets in Table 3. Mona
outperforms all the baselines on Flowers102, OxfordPets,
and outperforms the average results of all baselines. Table
3 indicates that Mona has a high transfer efficiency on rel-
atively simple tasks. In addition, we find that the average
results of all delta-tuning methods surpass full fine-tuning,
which is similar to conclusions in previous art [18]. Com-
pared to classification, the complex dense prediction tasks
can demonstrate the advantages and disadvantages of dif-
ferent tuning approaches more intuitively.

In summary, the results of Tables 1 to 4 can be summa-
rized in two aspects: 1) As to performance, the widely used
full fine-tuning paradigm in art like Swin is no longer the
optimal choice for visual tasks. The proposed Mona-tuning
surpasses the performance ceiling of full fine-tuning in rep-
resentative tasks such as instance/semantic segmentation,
object detection, image classification, and oriented object
detection. Specifically, Mona achieves a 1% AP gain over
full fine-tuning in the challenging COCO instance segmen-
tation task. 2) Mona, based on multi-cognitive visual fil-
tering, surpasses recent remarkable baselines in most tasks.
Mona comprehensively enhances the practicality and gener-
ality of delta-tuning in visual tasks. Mona-tuning not only
significantly reduces storage costs, but also further elevates
the performance ceiling of visual tasks.

4.5. Loss Analysis

We present the loss converging process for Mona and five
representative baselines on the object detection task (Pascal
VOC) in Figure 3. The proposed method yields a signifi-
cant advantage in the convergence process compared to full
fine-tuning, which explains its better performance on VOC.
Mona also converges faster than other delta-tuning meth-
ods, suggesting that multi-cognitive visual filters can bet-
ter process visual features and accelerate the convergence
of transfer learning. Convergence analysis again demon-
strates that the proposed method is a highly competitive

Intermediate
Dimensions

Trained
Params* APBox

32 1.35 % 86.8 %
64 2.56 % 87.3 %
128 5.22 % 87.1 %

Table 5. Ablations of intermediate dimensions. 64 intermediate
dimensions achieves the best performance. ∗ denotes the trainable
parameters in backbones.

Model FULL
(VOC)

MONA
(VOC)

Param %
(Mona)

Swin-T 80.1 % 83.5 % 4.87 %
Swin-B 81.6 % 86.5 % 4.06 %
Swin-L 83.7 % 87.3 % 2.56 %

Table 6. Performance of mona on models with different sizes.
The results indicate that model sizes do not constrain Mona’s su-
periority.

visual transfer learning method and full fine-tuning is no
longer the optimal choice for visual tasks.

4.6. Ablations
In this section, we ablate some potential factors that af-
fect model performance, including intermediate dimen-
sions, model sizes, detailed designs and frameworks. All
ablation experiments are conducted on Pascal VOC.
Intermediate Dimension. The workflow of the adapter
is to compress the input from pre-trained layers into a
low-dimensional feature space and transfer the pre-trained
knowledge by tuning adapters. Thus, the intermediate di-
mension is important for adapters. We ablate the interme-
diate dimension of Mona in Table 5 and fix other settings.
Dimension candidates are 32, 64, and 128. Table 5 show
that the 64-dimension surpasses 32-dimension and 128-
dimension. Chen et al. [19] also study the intermediate di-
mension of AdaptFormer. They find that the 64-dimension
AdaptFormer surpasses its 32- and 256-dimension versions
in classification tasks, which is consistent with our results.
The results of Table 5 and Chen et al. indicate that the inter-
mediate dimension of the adapter is not proportional to the
performance, which means that a larger number of adapter
parameters does not necessarily lead to better results.
Model Sizes. In Table 6, we change the size of the back-
bones under the same settings, and the model candidates
are 29M Swin-T, 88M Swin-B, and 197M Swin-L. We can
draw the following three conclusions from Table 6. First,
the more parameters the backbone network has, the smaller
the proportion of Mona parameters for the same Mona set-
ting is. This result indicates that Mona-tuning can save
more parameters when the backbone gets larger. Existing
visual models are getting larger and larger. InternImage-H

20077



Scaled
Norm

Kernel
Settings APBox

× [3,5,7] 86.9 %
✓ [3,5,7] 87.3 %
✓ [3] 86.9 %
✓ [5] 87.0 %
✓ [7] 86.7 %
✓ [3,3,3] 86.8 %
✓ [3,5] 86.9 %
✓ [5,7] 87.1 %

Table 7. Ablations of detailed structures in Mona. Scaled nor-
malization effectively improves performance. [3,5,7] performs
best in all kernel settings.

[72] reaches 1.08B parameters, and SwinV2-G [73] reaches
3B. Parameter-efficient Mona-tuning can save billions of
parameters and massive storage costs in the era of large
models. Second, Mona surpasses full fine-tuning under all
settings, and its performance improves when model size
grows. Table 6 shows that Mona-tuning can improve train-
ing efficiency and performance in smaller models. We just
discussed Mona’s advantages for large models. However,
many resource-limited research teams and project groups
use small models. Mona-tuning can also help resource-
limited researchers leverage high-performance large mod-
els in their own applications. Third, the proposed method
is more capable of stimulating the potential of large mod-
els compared to full fine-tuning. From Swin-T to Swin-L,
full fine-tuning brings 3.6% performance gain, while Mona
brings 3.8%. In other words, Mona can perform better as
the model gets larger and help further increase the upper
bound for performance-sensitive tasks.

Detailed Designs of Mona. Table 7 presents ablation ex-
periments on two detailed designs of Mona, including the
scaled normalization and the convolution kernel setting.
The first two rows demonstrate that scaled normalization
effectively enhances Mona’s performance. The subsequent
seven rows compare Mona’s performance under different
convolution kernel settings of the multi-cognitive visual fil-
ters (each setting takes the average of its convolution re-
sults). The fifth row indicates that using excessive convo-
lution kernels does not necessarily result in performance
gains. Among the seven settings, [3,5,7] performs best and
is adopted in Mona. The ablation of details demonstrate the
rationality and necessity of the Mona structure.

Results on PVT. We also test Mona on another influential
visual framework, PVT [74], to demonstrate the generaliz-
ability of the proposed approach. Table 8 shows that Mona
outperforms not only full fine-tuning but also other base-
lines on PVT (PVT-Large), which indicates that Mona is
effective on a wider range of visual frameworks.

Methods APBox

Full (PVT-L) 76.1%
Adapter (PVT-L) 78.9%
LoRA (PVT-L) 77.6%
AdaptFormer (PVT-L) 79.2%
LoRand (PVT-L) 79.3%
Mona (PVT-L) 80.3%

Table 8. Results on PVT. Mona outperforms other competitive
baseline methods on PVT, demonstrating that Mona can achieve
similar results across a broader range of visual frameworks.

5. Discussion

Inference cost is a concern for the industry. Meth-
ods based on adapter modules (such as Adapter, Adapt-
Former, LoRand, and Mona) introduce additional struc-
tures, along with a small increase in inference cost. Re-
parameterization-based approaches (like LoRA) do not af-
fect inference cost but tend to perform poorly on visual
tasks. The utility of adapters could be greatly enhanced by
combining the strengths of both approaches. We will con-
tinue to strive towards achieving this goal.

Additionally, we are also interested in discussing the
value of delta-tuning in mobile applications. In the era of
large models, storing a single Swin-H [73] requires 2.5GB,
and Swin-G even reaches 4GB. However, the Top-10 U.S.
apps required only collectively 2.2GB in May 2021 [47].
Recently, many manufacturers have incorporated AI chips
into mobile devices to enable large model inference. With
delta-tuning, mobile devices only need to store one large
model and several small structures (such as Mona) in their
hard drives or memory, while achieving impressive perfor-
mance across multiple complex tasks like style migration
and portrait beautification. We hope that visual efficient
fine-tuning will not only break the performance ceiling of
full fine-tuning but also accelerate the deployment and pop-
ularization of large visual models on mobile devices.

6. Conclusion

This paper proposes a novel visual fine-tuning method,
the multi-cognitive visual adapter (Mona) tuning, which
effectively enhances the efficiency and performance of vi-
sual fine-tuning. Comprehensive experiments demonstrate
that the proposed Mona outperforms traditional full fine-
tuning paradigms and other delta-tuning methods across
representative tasks, including instance segmentation,
semantic segmentation, object detection, image classifi-
cation, and oriented object detection. In the era of large
models, full fine-tuning is no longer the optimal choice
for visual tasks. We hope that Mona-tuning can improve
the knowledge transferring efficiency of large models and
bring performance breakthroughs on more visual tasks.
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