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Abstract

With the growing size of pre-trained models, full fine-
tuning and storing all the parameters for various down-
stream tasks is costly and infeasible. In this paper,
we propose a new parameter-efficient fine-tuning method,
Gradient-based Parameter Selection (GPS), demonstrating
that only tuning a few selected parameters from the pre-
trained model while keeping the remainder of the model
frozen can generate similar or better performance com-
pared with the full model fine-tuning method. Different
from the existing popular and state-of-the-art parameter-
efficient fine-tuning approaches, our method does not in-
troduce any additional parameters and computational costs
during both the training and inference stages. Another ad-
vantage is the model-agnostic and non-destructive property,
which eliminates the need for any other design specific to
a particular model. Compared with the full fine-tuning,
GPS achieves 3.33% (91.78% vs. 88.45%, FGVC) and
9.61% (73.1% vs. 65.57%, VTAB) improvement of the accu-
racy with tuning only 0.36% parameters of the pre-trained
model on average over 24 image classification tasks; it
also demonstrates a significant improvement of 17% and
16.8% in mDice and mloU, respectively, on medical im-
age segmentation task. Moreover, GPS achieves state-of-
the-art performance compared with existing PEFT meth-
ods. The code will be available in https://github.
com/FightingFighting/GPS.git.

1. Introduction

The pre-training and fine-tuning pipeline has become a
common paradigm for adapting large models pre-trained on
substantial amounts of data to downstream tasks with fewer
training samples. However, fine-tuning all the parameters in
the model is memory-intensive and data-inefficient, which

Transformer

(b) Gradient-based Parameter Selection (Ours)

Figure 1. Comparison between our GPS and other PEFT methods.
(a) Exiting popular methods introduce extra parameters for tuning
downstream tasks, which might need a special design for diverse
architectures, such as appending prompt into the input token in
Transformer or inserting different modules into different layers (b)
Our approach avoids the introduction of additional parameters and
solely fine-tunes the selected parameters from the model, employ-
ing a unified gradient-based parameter selection method across di-
verse architectural variations, e.g. Transformer and CNN.

is costly and infeasible for multiple downstream tasks given
a large-scale model [36, 43, 58]. To tackle this issue,
parameter-efficient fine-tuning (PEFT) methods have been
proposed with the aim of tuning a minimal number of pa-
rameters to fit downstream tasks while keeping most of the
parameters frozen. Another benefit of PEFT is that tuning
a smaller set of parameters reduces the complexity of opti-
mization and alleviates overfitting concerns when adapting
large pre-trained models to downstream tasks with limited
data, resulting in comparable or even superior performance
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Figure 2. Performance comparisons of 11 fine-tuning methods
with a pre-trained ViT-B/16 model on the VTAB-1k (a) and FGVC
(b) benchmarks. Our GPS (red stars) achieves state-of-the-art per-
formance on both benchmarks with only 0.25% and 0.77% average
trainable parameters respectively.

compared to full fine-tuning [43]. Inspired by the success of
PEFT in NLP [13, 31, 38, 40, 57, 79], several methods have
been introduced to vision tasks, such as Adapter [36] and
Visual Prompt Tuning (VPT) [43] introducing extra learn-
able parameters into the backbone and the input space of the
pre-trained model respectively. SSF, another representative
method, transforms features across layers of the pre-trained
model using extra learnable layers [58].

However, these methods introduce additional parameters
into the pre-trained model and disrupt its original architec-
ture, leading to increased computational costs during train-
ing and/or inference stages. Furthermore, these approaches
lack generalizability across various model architectures.
Specifically, different models are equipped with distinct
components (layers), such as MLPs, activation functions,
and self-attention layers. These methods need to deter-
mine the optimal locations for inserting extra parameters
between different layers; moreover, certain transformer-
based techniques cannot be directly applied to convolution-
based methods like VPT. Therefore, these methods exhibit
limited compatibility with diverse architectures.

To tackle the above issues, we propose a non-destructive
network architecture and model-agnostic PEFT approach,
which introduces no extra parameters during both training
and test stages and provides a unified solution for various
architectures. We select a small number of essential param-
eters from the pre-trained model and only fine-tune these
parameters for the downstream tasks. To select them, we
propose a fine-grained Gradient-based Parameter Selection
(GPS) method. For each neuron in the network, we choose
top-K of its input connections (weights or parameters) with
the highest gradient value, resulting in a small proportion of
the parameters in the model being selected.

Such design offers five-fold benefits: i) The pre-trained

Mean Params. Model No extra No extra Task

Method Acc. (%) Agnostic Train param. Infer params. Adaptive

Full [43] 70.36 100 v v 4 X
Linear [43] 58.48 0.08
Bias [92] 67.54 0.20

Adapter [36] 60.04 0.35
VPT [43] 7353 0.76
LoRA [38] 75.16 0.90
SSF [58] 76.77 0.32

GPS (ours) 78.64 0.36
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Table 1. Comparison between different fine-tuning methods. The
ViT-B/16 model accuracy over all 24 tasks in FGVA and VTAB
fine-tuned on ViT-B/16 model and the number of tunable parame-
ters are shown in columns Acc. and Params. (%).

model can efficiently tackle downstream tasks because the
gradient direction indicates the fastest loss function changes
and highest change rate, facilitating efficient gradient de-
scent during model fine-tuning. We also provide a sparse
regularized equivalent form for GPS, which indicates better
generalization than full fine-tuning; ii) Each neuron within
the network possesses the potential to adjust its activation
state by fine-tuning selected input connections. Conse-
quently, the pre-trained model exhibits flexibility in modi-
fying features of varying granularities to suit diverse down-
stream tasks. For instance, when adapting a model pre-
trained on ImageNet [10] for CIFAR-100 [75], it is nec-
essary to refine high-level features; whereas for ImageNet-
Sketch [85] adaptation, more detailed feature fine-tuning is
required. iii) Our approach avoids introducing extra param-
eters and computational costs and keeps the architecture of
the model intact; iv) The selection procedure enables its
application across diverse models by adopting a neuron-
based rather than a layer-based method, thereby eliminat-
ing the necessity for distinct designs for different layers in
various models. v) Different from other methods using a
pre-defined and consistent strategy for different tasks, our
method adaptively selects parameters for each task by our
proposed gradient strategy to better fit the domain-specific
semantics of different downstream tasks. Please see the dif-
ference between our method with others in Fig. 1 and Tab. 1.

We evaluate our approach on a total of 27 visual tasks
(including image classification and semantic segmentation)
over 4 different model architectures. Our GPS achieves
state-of-the-art performance compared to other PEFT meth-
ods and has a good balance between performance and the
number of trainable parameters, as illustrated in Fig. 2.
Compared with the full fine-tuning, GPS achieves 3.33%
(FGVC) and 9.61% (VTAB) improvement of the accu-
racy while tuning only 0.36% parameters of the pre-trained
model on average over 24 tasks; it also demonstrates a
significant improvement of 17% and 16.8% in mDice and
mloU, respectively, on medical image segmentation task.
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Moreover, we verify the effectiveness of our approach on
different network architectures, such as Transformer and
Convolutional Neural Networks. Furthermore, we compare
GPS with various parameter selection methods and demon-
strate its superior properties. GPS provides a new paradigm
for PEFT and inspires deeper insights into this field.

2. Related work

Visual parameter efficient fine-tuning In general, there
are typically two primary categories of PEFT. Addition-
based methods introduce additional parameters to the pre-
trained backbone. Adapters [20, 21, 36, 69, 70, 75, 78, 80,
86, 94-96] adopt a residual pathway and learn down and up
projection with a nonlinear activation. Others [63] propose
a hyper-network to generate model weights or decompose
the dense weighted matrix into the low-rank matrix [46].
Prompt methods [12, 22, 39, 45, 57, 59, 60, 97, 101] wrap
the input with context. VPT [43] prepend learnable prompts
to the input tokens. SSF [58] achieves promising results by
scaling and shifting the feature between layers. Selection-
based methods select a subset of the parameters for tuning,
such as only fine-tuning bias [92], last K layers [36, 43].
While traditionally considered less effective than addition-
based methods, our approach of adaptively selecting param-
eters for each task yielded surprisingly strong results.

Sub-network training Pruning technique [19, 28, 29, 52,
56, 88] uncovers the importance of subnetworks. The lot-
tery ticket hypothesis [17] articulates that subnetworks can
reach the accuracy of the original model. Fine-tuning sub-
networks are widely studied. SpotTune [27] designs a pol-
icy network to make routing decisions for subset networks.
Child-tuning [90] iteratively updates a subset of parame-
ters by masking out some gradients during the backward
process. However, these methods are not aligned with the
PEFT setting. We fix a small number of parameters and
only tune them for fitting downstream to achieve PEFT.

3. Approach

Different from the currently popular methods introducing
additional parameters to fine-tune the pre-trained model
for downstream tasks [36, 43, 58], we select only a small
number of parameters from the pre-trained model and then
only update these parameters during the fine-tuning stage.
Specifically, our method has two stages: parameter selec-
tion and masked fine-tuning. For each downstream task ¢,
we first select a small portion of important parameters (task-
specific parameters) from the original pre-trained model us-
ing a gradient-based method. We then fine-tune the pre-
trained model for the task ¢, keeping all other unimportant
parameters frozen and updating only selected parameters

using a sparse binary mask to set the gradient of unimpor-
tant parameters to zero (see Fig. 3).

3.1. Gradient-based parameter selection

Relevant studies have indicated that the pre-trained back-
bone exhibits diverse feature patterns at distinct parameter
positions, and the same positions make varying contribu-
tions to fine-tuning various tasks [4, 53, 65, 74, 91]. There-
fore, we posit that there exists an optimal subset of param-
eters for fine-tuning a pre-trained model to a downstream
task. This subset is essential and necessary for fine-tuning
the task, and the different tasks require a distinct subset.
Formally, given a downstream task ¢ with the dataset D, and
a pre-trained model © = {wy,ws, ..., wy}, we aim to find
a subset of w, i.e. w = {wy,ws,...,w,} (n € N). we
select parameters following two principles: 1) Important for
downstream tasks; 2) Distributed over the whole network.

Importance for downstream tasks We identify the im-
portance of parameters in a pre-trained model for a spe-
cific task by selecting those with the highest gradient value,
which is obtained by calculating the gradient of a loss func-
tion with respect to its parameters. The intuition behind
this is that the parameters with the largest gradient value in-
dicate the loss function changes fastest along the gradient
direction and has the greatest change rate, which facilitates
efficient gradient descent during fine-tuning. Specifically,
the gradient of the parameters is calculated by

oc oc)’
8w1 8’UJN

ven(©) - | n
where L£(w) is the loss function. Normally, when we fine-
tune a pre-trained model on a downstream task, we need
a new classification head (i.e. MLP) with random initial-
ization. In order to avoid the adverse effects of these ran-
domly initialized parameters on gradient calculation using
the cross-entropy loss function, we use Supervised Con-
trastive Loss (SCL) [48] as the loss function for calculat-
ing the gradient during parameter selection, since it does
not need to involve the head (We still use cross-entropy
loss during fine-tuning stage). SCL is a variant of Con-
trastive Loss (CL) that aims to bring different augmented
samples of the same image closer together in embedding
space. In contrast, SCL tries to cluster samples from the
same class together, which coincides with our target of the
downstream classification tasks. Specifically, given a task
with the dataset D; = {x;,y;},_; . SCL s calculated by

£scl _ Z £§cl
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Figure 3. The overall pipeline of GPS. We first select a small portion of important parameters (sub-network) for each task from the original
pre-trained model using a gradient-based method. Then only fine-tune the sub-network while keeping other parameters frozen.

where i represents i** sample in D;; P(i) =

{p € A(i) : §p = :} is subset of D, in which all samples
have the same class with i; A(i) = D;\{i}; z is the fea-
ture extacted from the pre-trained encoder and 7 € RV is a
scalar temperature parameter.

Equivalent with sparse regularization In the above, we

implicitly assume that the order of (H 86751 e ‘ % H) is
the same as (||w] — w1 || - - - ||wly — wn]]), which means se-

lecting parameters with top-n gradient norm is the same as
selecting top-n of the fine-tuning changes. Therefore, GPS
captures the top-n important parameters for downstream
tasks. The optimization objective can be rewritten as

©' = min L(O") st. [0 —=06lp<n (3)
where ||||o is the Iy norm and ©’ is the fine-tuned model. By
Lagrangian duality, solving the above problem is equivalent
to solving the following problem:

L(©) + 6" =0 )

with appropriate A. Hence, GPS can be reviewed as a sparse
regularized fine-tuning, which may lead to better general-
ization. Fu et al. [18] demonstrate that Eq. (4) has smaller
generalization bound than pure optimization toward £ with
full fine-tuning, resulting in better performance.

Distribution over the whole network A simple idea for
parameter selection is to select a certain percentage of pa-
rameters with the highest gradient from the entire network.
Our experiments have shown that with this idea, the ma-
jority of the selected parameters are located in the top lay-
ers of the network (see Supplementary for details), which is
consistent with the findings reported in [36, 37]. However,
solely fine-tuning these top-layer parameters is insufficient
to mitigate the impact of the pre-trained model’s own induc-
tive bias, particularly when there exist substantial dispari-
ties in data distributions between upstream and downstream

tasks, which need to fine-tune more detailed features from
shallower layers. Motivated by various studies indicating
the distinct roles played by different components of neural
networks [3, 15, 72, 77, 87], we posit that when fine-tuning
a pre-trained model for downstream tasks, the adjusted pa-
rameters should be distributed throughout the entire net-
work. The reason behind this lies in the ability of the model
to adapt the information stored in parameters at different
levels of granularity to fit downstream tasks. Therefore, our
strategy is that for each neuron in the network, we select
top-K (at least one) connections (weights) among all the in-
put connections of the neuron, as shown in Fig. 3. By doing
so, every neuron within the network possesses the poten-
tial to fine-tune its activation state rather than solely adjust
high-level information in the top layers. In other words, our
approach fine-tunes the detailed information stored in each
neuron of the network, which better fits the downstream task
during the fine-tuning stage. Our exploratory experiment
further substantiates this assertion, as shown in Tab. 6(a).

Combining the two points above, we first calculate the
gradient of the loss with respect to all the weights in the
models for a specific task. Then for each neuron in the net-
work, we select top-K connections with the highest gradient
value (the modulus of gradient) among all input connections
to the neuron. Doing so can not only ensure that important
parameters for downstream tasks are chosen and allow the
model to tune the activation state of all neurons for better fit-
ting of downstream tasks. Another benefit of this selection
procedure is its ease of application across various model
architectures, such as Transformer and CNN, avoiding any
model-specific design. Our experiments also demonstrate
the effectiveness of our approach across diverse architec-
tures, as shown in Tab. 2 and Tab. 4.

3.2. Masked fine-tuning

After parameter selection for a specific task, we fine-tune
the pre-trained model on the task. During fine-tuning, we
only update the selected parameters while keeping the re-
maining parameters of the pre-trained model frozen. As our
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selected parameters are distributed across all neurons in ev-
ery layer, only a few parameters within a specific weight
matrix of the network are chosen, resulting in the updated
matrix being sparse. Therefore, we utilize a mask to help
with the sparse training. Specifically, for j" weight matrix
W, € R Xdo in the network, we build a same size of
binary mask M ; € R Xdou ;

1, whew

M; = 5)
J { 0, wj“ ¢ w
where w;“ represents k'" element in j** weight matrix. For
each element in M ;, its value is set to 1 if the corresponding
parameter in W ; is selected, and O otherwise. Then the
weight matrix is updated by

Wj «— Wj — EVE(W]) ®© Mj (6)

where VL(W ;) is the gradient of the cross-entropy loss
with respect to W ;. As aresult, the gradients of unselected
parameters are zeroed out and excluded from updates, while
only a small number of our selected parameters are updated
during fine-tuning for downstream tasks. Please see Fig. 3
for a visualization of our method.

4. Experiments

We evaluate GPS on various downstream tasks, including
image classification tasks and semantic segmentation tasks
with different architectures. First, we briefly introduce our
experimental settings, including datasets, backbones, and
baselines. Then we demonstrate the effectiveness and uni-
versality of GPS. Moreover, we systematically study the
impacts of different selection schemes and conduct com-
prehensive ablation experiments.

4.1. Experimental settings

Datasets Following VPT [43] and SSF [58], we evalu-
ate our GPS method on a series of datasets categorized
into three groups: i) FGVC: Fine-Grained Visual Classi-
fication (FGVC) benchmark includes 5 downstream tasks,
which are CUB-200-2011 [84], NABirds [81], Oxford
Flowers [67], Stanford Dogs [47] and Stanford Cars [23].
ii) VTAB-1k: Visual Task Adaptation Benchmark [93]
(VTAB) contains 19 visual classification tasks which are
grouped into three sets: Natural, Specialized, and Struc-
tured. iii) CIFAR-100 [51] and ImageNet-1k [10]: widely
use for general image classification task.

Backbones For a fair comparison, we follow VPT and
SSF by using ViT-B/16 [14] pre-trained on ImageNet-
21K [10] for the main image classification experiments.
Moreover, to demonstrate the universality of our GPS,
we also explore other backbones, including Swin Trans-
former [61] and ConvNeXt-B [62] for another variant of

CUB NA- Oxford Stan. Stan. Mean Params.

Dataset ‘-2011 Brids Flowers Dogs Cars Acc. (%)

Full [43] ‘ 873 827 98.8 894 845 88.54 100.00
Linear [43] 853 759 97.9 86.2 513 7932 0.21
Bias [92] 884 842 98.8 912 794 88.40 0.33
Adapter [36] 87.1 84.3 98.5 89.8 68.6 85.66 0.48
LoRA [38] 856 798 98.9 87.6 72.0 8478 0.90
VPT-Shallow [43] | 86.7  78.8 98.4 90.7 68.7 84.62 0.29
VPT-Deep [43] 885 842 99.0 90.2 83.6 89.11 0.99
SSF [58] 89.5 857 99.6 89.6 89.2 90.72 0.45
SPT-Adapter [30] | 89.1 83.3 99.2 91.1 862 89.78 0.47
SPT-LoRA [30] 88.6 834 99.5 914 873 90.04 0.60
GPS (Ours) ‘ 89.9  86.7 99.7 92.2 904 9178 0.77

Table 2. Performance comparisons on FGVC with ViT-B/16 mod-
els pre-trained on ImageNet-21K.

Transformer-based and CNN-based architecture, respec-
tively. In addition, we finetune semantic segmentation tasks
on SAM [50], a strong segmentation foundation model.

Baselines We compare our GPS with a variety of fine-
tuning protocols that can be mainly categorized into three
types: i) Full: Full fine-tuning is the most commonly used
protocol updating all parameters of the whole model during
tuning. ii) Selection-based: This kind of method selects a
subset of parameters in the original model for fine-tuning,
including linear probing and Bias [92]. Such methods are
easy to implement and require no extra computations but
have not worked well. Our method belongs to this group
and achieves the best performance while ensuring conve-
nience and universality. iii) Addition-based: This kind of
method adds new trainable parameters to the backbone,
including Adapter [36], VPT [43] and SPT-Adapter [30].
Such methods require extra computations in both the train-
ing and inference stages. Other methods like LoRA [38],
SSF [58], and SPT-LoRA [30] also add new tunable param-
eters during the training stage, but these parameters can be
reparameterized into the backbone during testing.

Implementation details We follow SSF to process the
images in all the FGVC, VTAB-1k and CIFAR-100
datasets. We employ the Adam [49] optimizer with cosine
learning rate decay to fine-tune models for 100 epochs, and
the linear warm-up is used in the first 10 epochs. All exper-
iments are conducted on the NVIDIA A100 GPU.

4.2. Performance on image classification

We present a comprehensive evaluation of the effectiveness
of our GPS by comparing it against multiple baselines on 3
benchmarks, comprising a total of 26 datasets. In addition
to common benchmarks (FGVC and VTAB-1k), we also
compare our method with others on different architectures.
We evaluate the performance and effectiveness by Top-1 ac-
curacy (%) and the number of fine-tuned parameters.
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Full [43] | 689 877 643 972 869 87.4 388|797 957 842 739|563 586 417 655 575 467 257 29.1 | 6557 100.00
Linear [43] 634 850 643 970 863 366 510|785 8.5 686 740|343 306 332 554 125 200 96 192 ]53.00 005
Bias [92] 728 870 592 975 853 599 514|787 916 729 69.8 | 61.5 556 324 559 666 400 157 25.1|6205 0.16
Adapter [36] 741 861 632 977 870 346 508|763 830 731 705|457 374 312 532 303 254 138 2215582 031
LoRA [38] 68.1 914 698 99.0 905 864 53.1|851 958 847 742|830 669 504 814 802 466 322 411 |72.63 090
VPT-Shallow [43] | 77.7 869 626 97.5 873 745 512|782 920 756 729|505 586 40.5 671 687 361 202 34.1 | 6485 0.13
VPT-Deep [43] | 788 90.8 658 98.0 883 78.1 496|818 961 834 684|685 600 465 728 736 479 329 378 | 6943 070
SSF [58] 69.0 926 751 994 918 902 529 | 874 959 874 755|759 623 533 80.6 773 549 295 379 | 73.10 028
SPT-ADAPTER [30] | 729 932 725 993 91.4 888 558|862 961 855 755 [83.0 680 519 812 519 317 412 614 | 73.03 044
SPT-LoRA [30] | 735 933 725 993 915 87.9 555|857 962 859 759 | 844 67.6 525 820 8LO 511 302 413 | 7407 0.63
GPS (Ours) | 81.1 942 758 994 917 91.6 524|879 962 865 765|799 626 550 824 840 554 297 461 | 7518 025
Table 3. Performance comparisons on VTAB-1k with ViT-B/16 models pre-trained on ImageNet-21K.
Image classification performance As shown in Tab. 2 Architecture | Swin-B ConvNeXt-B
and Tab. 3, our GPS outperforms all other fine-tuning meth- | Ave. Acc. Params.(%) | Ave. Acc. Params.(%)
ods by a large margin on both FGVC and VTAB bench- Full [43] 92.42 100.00 93.04 100.00
marks, sufficiently demonstrating that our method of pa- Linear [43] | 87.90 0.28 88.00 028
o . . SSF [58] 91.54 0.56 92.48 0.56
rameter selection is a simple yet effective way for model GPS (Ours) | 9256 0.95 93.32 0.90

tuning. On FGVC, GPS outperforms all other fine-tuning
methods, including full fine-tuning, on all 5 tasks. It ob-
tains 1.02% and 3.24% accuracy improvement of the mean
accuracy compared to the previous SOAT method SSF [58]
and full fine-tuning, while it only uses 0.77% of trainable
parameters. On VTAB, GPS also outperforms all other fine-
tuning methods. Specifically, it obtains 1.11% and 9.61%
improvement of the mean accuracy on 19 VTAB tasks com-
pared to the previous SOAT method SPT-LoRA [30] and
full fine-tuning. GPS beats the previous SOTA by 1.75%,
0.23%, and 0.63% in the Natural, Specialized and Struc-
tured subsets, respectively. Meanwhile, GPS also uses
fewer trainable parameters compared to VPT-Deep, SSF,
and SPT-LoRA (0.25% vs. 0.70%, 0.28% and 0.63%),
which further illustrates the high efficiency of our approach.
For most tasks, we exclusively select the top 1 input connec-
tion for each neuron; however, for more challenging tasks,
multiple connections are chosen (see Supplement for de-
tails). The percentage of learnable parameters in our GPS
can be explicitly controlled by adjusting the number of con-
nections selected, allowing for a balance between parameter
count and performance in tasks.

Generalization on different architectures Since our
method only selects a subset of parameters from the pre-
trained model for fine-tuning, it is naturally model-agnostic.
We compare GPS with other representative methods across
ViT-B/16 (Tab. 2), Swin-B and ConvNeXt-B architectures
on the FGVC dataset (Tab. 4), CIFAR-100 and ImageNet-
1k (Please see full results in Supplementary). Among all
three architectures, GPS consistently outperforms all other

Table 4. Performance comparisons on FGVC benchmark (Average
accuracy over 5 tasks) with different model architectures.

baselines, demonstrating its model-agnostic advantage. The
Swin and Convnext have more complex designs than ViT,
enabling them to acquire comprehensive and high-quality
features during pre-training. Consequently, even the sim-
plest linear probing method yields commendable results on
these two architectures, reducing the effectiveness of the
PEFT method and causing the previous SOTA SSF to under-
perform Full. However, in this scenario, our GPS still main-
tains a lead over Full with gains of 0.12% and 0.28%, re-
spectively, further showing the effectiveness of our method.

Computational cost In Fig. 4, we compare the computa-
tional cost of GPS with other fine-tuning methods to demon-
strate the efficiency of our approach. Following SSF [58],
we reimplement VPT [43] with 200 and 50 prompts for the
shallow and deep versions, respectively. A batch size of 32
is used in both the training and inference stages. For a fair
comparison, for all experiments, we do not use mixed preci-
sion training, which was used in SSF. All metrics are mea-
sured on a single NVIDIA A100 GPU. In the training stage,
GPS has less time and memory consumption than both VPT
and SSF. Compared with full fine-tuning, GPS has a much
lower time overhead and a similar memory overhead, but it
leads to an increased performance by a large margin. Since
GPS is a selection-based method, it does not introduce any
additional parameters, so it can achieve the same minimum
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Training/Test time is the time consumed by a mini-batch.

Method ‘ mDice (1) mloU (1) ‘ Params. (M)
Full[43] | 7L1 557 | 938
Linear [43] 71.6 46.6 4.06
Bias [92] 86.5 69.1 4.16
Adapter [6] 84.8 66.7 4.12
SSF [58] 87.3 71.7 4.26
GPS (Ours) |  88.1 725 | 422

Table 5. Quantitative Result for Polyp Segmentation

time and memory overhead as full fine-tuning during in-
ference without any reparameterization operation, which is
much lower than the addition-based Adapter and VPT.

4.3. Semantic segmentation

In addition to visual classification tasks, we also explore
our method for the task of semantic segmentation. Segment
Anything Model (SAM) [50] is a strong foundation model
for segmentation. It is pre-trained on a large-scale dataset
enabling powerful generalization. However, several studies,
e.g. [6], have reported poor performance of SAM on medi-
cal segmentation tasks such as polyp segmentation [41]. To
address this limitation, they proposed employing Adapter to
effectively fine-tune SAM for downstream medical segmen-
tation tasks. Following their experimental setup, we applied
our method to SAM and conducted a comparative analysis
with other PEFT approaches. Our GPS yielded exceptional
results, as shown in Tab. 5 and visually depicted in Fig. 5
(See Supplementary for more case visualization).

4.4. Impacts of different selection schemes

Different selection levels Our GPS selects trainable pa-
rameters at the neuron level, i.e. selecting top-k input con-
nection per neuron. We also investigate parameter selection
methods at different levels. As shown in Tab. 6 (a), Net and
Layer represent selecting a certain proportion of the param-
eters with the highest gradient based on the entire network
and each layer, respectively. For a fair comparison, we keep
the same number of parameters selected over these levels.

RGB
Image

Full

Adapter

SSF

GPS
(Ours)

Ground
Truth

Figure 5. The Visualization of Polyp segmentation task. Our GPS
can still handle difficult segmentation cases compared with others.

We can see that the finer the granularity of selection, the
better the performance. For example, the accuracy on CUB
increases by 0.44% and 0.77% when selection level changes
from network to layer, and from layer to neuron.

Different selection criteria We further study the effec-
tiveness of our gradient-based selection method by com-
paring different selection criteria. As shown in Tab. 6 (b),
Net Random and Neuron Random means randomly select-
ing top-K the input connection for each neuron and select-
ing the same number of parameters based on the whole net-
work respectively. Magnitude means selecting top-K input
connections with the largest weight per neuron. As we can
see, the increase in the randomness of parameter selection
causes a decrease in performance (Net Random<Neuron
Random). The result of Magnitude is similar to Neuron
Random, demonstrating neuron-level selection is crucial.
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Dataset ‘ CUB  NAbirds Flowers Cars  Dogs

@ Net 86.86 86.55 99.62 89.65 91.32
Layer 87.30 86.79 99.64 90.03  91.90

Net Random 86.60 85.98 99.61 89.10 91.34

(b) | Neuron Random | 87.17  86.02 99.62 89.52 91.82
Magnitude 87.29 85.99 99.62 89.29 91.30

(c) ‘ Head+CE 87.05 86.20 99.64 89.25 91.29
GPS 88.07 86.64 99.69 90.10 92.30
+0.11  +0.03 +0.01 +0.10 +0.10

Table 6. The result on FGVC for investigating impacts of different
selection schemes and ablations. (a) Different selection levels. (b)
Different selection criteria. (c) Gradient calculating method.

Different selection location To investigate the impact of
selected parameters located at different layers within the
network, we conducted experiments using the ViT-B/16
model fine-tuning on CUB and evaluated accuracy degra-
dation when applying our GPS method to select parameters
from the entire network except for a specific transformer
block or previous several transformer blocks. As shown in
Fig. 6(a), it is surprising to note that when we do not select
parameters from a specific block, the biggest drop in the ac-
curacy comes from the shallow layers (block 2 and block 4).
This finding supports our GPS approach that selects param-
eters from the entire network rather than just the last few
layers. When we do not select the parameters from the first
specific number of blocks, it is observed that the accuracy
drop increases with more blocks removed (Fig. 6(b)).

4.5. Ablation study

Head-free contrastive loss To obtain more accurate gra-
dients for selecting parameters, inspired by the representa-
tion learning pre-training methods, Our GPS adopts the su-
pervised contrastive loss to calculate gradient (without ran-
dom initialization of the classification head). As shown in
Tab. 6 (c), when we use the cross-entropy loss (with the
head) to calculate the gradient, the average accuracy on
FGVC is dropped by 0.67%, illustrating the importance of

obtaining accurate gradients.

Selected connection number As shown in Fig. 6(c) we
select top-K input connections per neuron as trainable pa-
rameters, ranging from 1 to 15, and conduct experiments on
the 5 tasks. We can observe that more trainable parameters
do not necessarily lead to better performance, but each data
set has a performance peak. In addition, on the dataset with
sufficient training data, the addition of trainable parameters
can greatly improve the accuracy. Our GPS can easily con-
trol the number of trainable parameters and achieve optimal
results on each dataset.

Robustness to seeds Addition-based fine-tuning methods
like VPT are sensitive to the initialization of additional pa-
rameters as well as random seeds, whereas select-based
methods are not. All results in Tab. 6 are the average accu-
racy of three seeds on FGVC datasets (Only shows the std of
GPS here. Please see details in supplementary). The results
show random seeds have little influence on our method.

5. Conclusion

In this paper, we propose a new paradigm for PEFT, i.e.
Gradient-based Parameter Selection (GPS). Our approach
does not introduce any additional parameters and only fine-
tunes a small subset of the pre-trained model’s parame-
ters for downstream tasks, resulting in robust generaliza-
tion across diverse models and adaptively selecting a sub-
set of parameters for each task. Remarkably, GPS achieves
significant improvement on a range of tasks (including im-
age classification and semantic segmentation), compared to
the full fine-tuning method. GPS also attains SOTA perfor-
mance compared to other PEFT methods.
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