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Abstract

’Pre-training + fine-tuning’ has been widely used in various
downstream tasks. Parameter-efficient fine-tuning (PEFT)
has demonstrated higher efficiency and promising perfor-
mance compared to traditional full-tuning. The widely used
adapter-based and prompt-based methods in PEFT can be
uniformly represented as adding an MLP structure to the
pre-trained model. These methods are prone to over-fitting
in downstream tasks, due to the difference in data scale
and distribution. To address this issue, we propose a new
adapter-based PEFT module, i.e., LoKi, which consists of
an encoder, a learnable activation layer, and a decoder. To
maintain the simplicity of LoKi, we use single-layer linear
networks for the encoder and decoder, and for the learn-
able activation layer, we use a Kolmogorov-Arnold Network
(KAN) with the minimal number of layers (only 2 KAN lin-
ear layers). With a bottleneck rate much lower than that of
Adapter, LoKi is equipped with fewer parameters (only half
of Adapter) and eliminates slow training speed and high
memory usage of KAN. We conduct extensive experiments
on LoKi under image classification and video action recog-
nition across 9 datasets. LoKi demonstrates highly compet-
itive generalization performance compared to other PEFT
methods with fewer tunable parameters, ensuring both ef-
fectiveness and efficiency.

1. Introduction

The rise of pre-trained models has transformed the land-
scape of computer vision [15, 38, 61], with models like Vi-
sion Transformers (ViT) [15] achieving state-of-the-art per-
formance across various tasks. The widely used paradigm
of Pre-training + Fine-tuning (PT+FT) has become a cor-
nerstone for transferring these fundamental models to var-
ious downstream tasks [1, 3, 29, 33, 34, 54, 59, 61, 82],
which leverages the strong generalized representations of
pre-trained models for generalization. As shown in Fig. 1,
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Figure 1. Common fine-tuning methods of pre-trained mod-
els.The “lock mark” indicates frozen during training. Compared
to Adapter and LoRA, LoKi introduces trainable activation with
nonlinear fitting capabilities.

apart from simple strategies to evaluate vision backbones
i.e., zero-shot and linear probe, existing PT+FT meth-
ods can be roughly categorized to two types: (1) Full-
tuning [3, 10, 17, 54, 61, 65] trains the entire model in an
end-to-end manner, requiring a relatively large computation
costs. (2) Parameter-Efficient Fine-Tuning (PEFT) [30, 31,
44, 67, 72, 87] methods such as Adapter [30], LoRA [31],
and prompt-based tuning [44], have shown promising re-
sults by freezing the majority of the pre-trained model while
only training a small set of parameters. These methods
achieve strong performance while reducing computational
costs compared to full-tuning. Among them, adapter-based
and prompt-based approaches can be uniformly represented
as a Multi-Layer Perceptron (MLP) structure [26], which
uses the universal approximation theorem to fit nonlinear
functions. Existing studies typically increase the number of
layers and neurons in MLP for performance improvement,
which adds to more parameters. Meanwhile, regularization
is utilized to prevent over-fitting by driving some of the
parameters toward zero. This creates a trade-off between
adding parameters and reducing their impact. Balancing
this requires hyper-parameter tuning and model selection,
which undoubtedly increases training costs [7, 32, 63, 66],
especially for downstream tasks. A fine-tuning method with
excellent generalization should perform equally well across
different pre-trained weights or datasets without additional
hyperparameter adjustments, even using exactly the same
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training strategies for fine-tuning. We reproduced the short-
comings of classic methods such as Adapter and LoRA in
this regard in Sec. 4.

In summary, despite the success of PEFT methods, the
issues of MLP within them can be attributed to (1) reliance
on fixed activation, which require combination with linear
layers to have the ability to fit non-linear functions; (2) high
bottleneck ratios and a reliance on fixed activation func-
tions, which limit their ability to generalize well in these
challenging scenarios.

To achieve better generalization in downstream tasks,
while preserving the plug-and-play feature, we propose a
new adapter-based module LoKi by (1) introducing a learn-
able activation layer with a tunable parameter ratio between
the activation and linear layers, and (2) using linear lay-
ers for dimension mapping to facilitate a lower bottleneck
ratio. In this way, the activation in LoKi can be disentan-
gled from linear layers, making it more flexible and less
sensitive. To maintain simplicity, the encoder-decoder ar-
chitecture of LoKi is implemented with single-layer linear
networks, while a minimal Kolmogorov-Arnold Network
(KAN) is set as the activation with only two KAN linear lay-
ers. The encoder provides dense feature representation for
the activation layer, which, through its learnable parame-
ters, is capable of better fitting complex nonlinear functions.
The decoder then ensures that the output feature dimensions
align with the pre-trained model, facilitating seamless inte-
gration. Compared to Adapter, LoKi has a lower bottleneck
ratio, fewer parameters, and avoids the slow training speed
and high memory consumption of KAN. We conduct exper-
iments on image classification and video action recognition
tasks using pre-trained vision models. LoKi achieves highly
competitive performance among six common fine-tuning
methods (Adapter, LoRA, Prompt Tuning, Full-tuning, Lin-
ear Probe, Bias Tuning) on seven datasets. It is notewor-
thy that on datasets with distinct distribution, LoKi’s ad-
vantage is even more pronounced. Due to a more reason-
able distribution of parameters, LoKi achieves a balance
between the parameter amounts and memory consumption
(Adapter’s parameters are primarily concentrated in the lin-
ear layers, whereas KAN allocates its parameters to the ac-
tivation functions.). The contribution of this paper can be
summarized as follows:

• We propose LoKi, a novel adapter-based module with
learnable activation layers and tunable parameter ratios,
addressing the limitations of traditional MLP-based PEFT
methods.

• We design a lightweight architecture combining single-
layer linear networks with minimal Kolmogorov-Arnold
Network (KAN), achieving better nonlinear function fit-
ting with fewer parameters.

• Extensive experiments demonstrate that LoKi achieves
superior generalization performance across various

datasets and pre-trained models without additional hyper-
parameter tuning.

2. Related Work
Image pre-trained models ViT and its variants [8, 14,
15, 53, 70, 78, 86] are the mainstream backbones for pre-
trained models in CV, achieving sota performance. Pre-
trained models are typically trained on large-scale labeled
datasets and then used as initializations for downstream
tasks, where they are fine-tuned on new datasets. Due
to the high cost of annotation, self-supervised learning is
increasingly being applied to pre-trained models [9, 12,
24, 27, 76, 81], providing them with massive amounts of
data and thereby enhancing their performance. In multi-
modal models, ViT is also commonly used as the image
branch [37, 46, 47, 61, 77, 79, 84]. As a result, there are now
many image pre-trained models with strong representation
capabilities that use ViT as their backbone. In this paper, we
take ViT-B/16 [15] as our backbone and conduct tests on the
fine-tuning modules using both CLIP (ViT-B/16) [61] and
ViT(IN21k) [15] pre-trained weights.

PEFT Among the fine-tuning methods based on pre-
trained models, PEFT is an important research direction, as
it freezes most of the pre-trained model to reduce time and
memory consumption in downstream tasks. Adapter [30,
51] inserts bottleneck structure of MLPs into the pre-trained
model, and training these new parameters can achieve the
performance of full-tuning. LoRA [31] separates the weight
changes from the original weights and performs low-rank
decomposition on the weight changes. Mathematically, the
decomposed low-rank matrix is equivalent to the MLP with-
out the activation layer. Prompt tuning [44, 48] does not
add new parameters to the backbone but instead concate-
nates learnable parameters in the input. These methods
can be uniformly represented as adding an MLP module
to the model [26]. LST [69] adds a side network along-
side the pre-trained model and only train this side net-
work. This reduces memory consumption but also results
in lower accuracy compared to other methods like LoRA.
There are also methods [22, 68, 87] that do not add new
parameters but instead select a small subset of parame-
ters from the pre-trained model for training. For exam-
ple, BitFit [87] only trains the bias terms of the model,
FAR [72] and FishMask [67] dynamically select some pa-
rameters for fine-tuning. Recently, there has been work [64]
that considers PEFT as a reconstruction and expansion
of the parameter subspace. In visual tasks, some works
[2, 11, 33, 88, 89] have applied PEFT from the NLP field
to CV and achieved strong performance. However, these
efforts conduct PEFT within the same modality as the pre-
trained models, meaning image pre-trained models undergo
PEFT for image tasks, and language models are fine-tuned
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Figure 2. Module structure and parameter distribution. In MLP, parameters are concentrated in the linear layers, while in KAN, parameters
are focused on the activation functions. In LoKi, parameters are present in both the linear and activation layers, and the parameter ratio can
be changed based on different configurations of the LoKi module.In subfigure (c), Ni represents the number of nodes in that layer. The
parameter distribution graph shows the quantity of parameters in individual Adapter, KAN, and LoKi modules used in Sec. 4.

for language tasks. Due to the lack of temporal model-
ing in image models, cross-modal PEFT applications from
image models to video tasks are rare. Mainstream video
models [1, 3, 10, 17, 25, 35, 54, 65, 73, 80], although they
use weights from image pre-trained models, typically un-
dergo full-tuning to achieve better performance, which usu-
ally requires hundreds to thousands of training epochs, with
training costs much higher than fine-tuning for image tasks.
Some works [52, 58, 74, 82] have begun to attempt PEFT
on image pre-trained models for video tasks, mostly using
Adapter, and have achieved performance exceeding tradi-
tional video task models.

KAN applied to mainstream models With the introduc-
tion of KAN [55], many efforts have been made to in-
tegrate KAN into mainstream models to enhance perfor-
mance. Some works [6, 18, 19, 23, 28, 45, 71, 83] attempt
to directly replace parts of models with KAN and its vari-
ants. KAT [83] proposed the use of group KAN to replace
the MLP in Transformer. In UKAN [45], KAN is encap-
sulated as a Tokanized KAN Block to replace parts of the
convolutional network in U-Net [62]. Both have achieved
promising performance. There are also studies [85] that
have compared KAN and MLP on multiple tasks, suggest-
ing that under similar amounts of parameters or computa-
tional resources, KAN’s performance does not match that
of MLP. Our work introduces a new PEFT module that in-
cludes KAN, which does not alter the model itself, thus
avoiding extensive computations. It is applied in a suit-
able scenario. To our knowledge, there is currently no such
work.

3. Methodology
3.1. Structure of LoKi
LoKi consists of an encoder, a learnable activation layer,
and a decoder. To maintain the simplicity of LoKi, we
use single-layer linear networks for the encoder and de-
coder, corresponding to FC Down and FC Up in Fig. 2(c).

The learnable activation layer, referring to the Kolmogorov-
Arnold representation theorem [5, 39], utilizes a 2-layer
KAN network, corresponding to Act layer in Fig. 2(c). The
encoder provides a more dense feature representation for
the activation layer, thereby reducing the number of param-
eters and computational load in the activation layer. The ac-
tivation layer contains a considerable number of learnable
parameters, which allow the nonlinear functions within the
activation layer to better fit the target nonlinear functions.
Finally, the decoder ensures that the feature dimensions of
LoKi are consistent with the pre-trained model, allowing it
to return to the computation of the pre-trained model. This
can be mathematically expressed as:

LoKi(X) = (W1 ◦Φ1 ◦Φ0 ◦W0)X, (1)

where W0 and W1 represent linear transformations, corre-
sponding to FC Down and FC Up in Fig. 2(c), respectively.
◦ signifies the composite function. Φ0 and Φ1 signify the
nonlinear transformation, which is the sum of a set of 1D
functions. Specifically, Φi is expressed as:

Φi = {ϕq,p} , p = 1, · · · , nin , q = 1, · · · , nout , (2)

In Eq. (2), ϕq,p has learnable parameters, and Φi is the
sum of nin ×nout instances of ϕq,p. In Eq. (1), Φ0 and Φ1

have nin and nout corresponding to N2,N3 and N3,N4 in
Fig. 2(c), respectively. More specifically, ϕq,p is the sum of
a set of B-splines and a SiLU activation function, which can
be expressed as Eq. (3), where cj is optimizable and j is a
hyperparameter.

ϕq,p(x) = x/(1 + e−x) +
∑
j

cjBj(x) (3)

In Fig. 2(c), we list the number of nodes in each layer of
LoKi, denoted by N1 to N5. Here, N1=N5=D, where D is
the dimension of the hidden layer in the pre-trained model.
For simplicity, N2 and N4 are set to the same size, although
they can be different in actual use. N2=N4=r1×N1, with
r1 representing the scaling ratio of the encoder and decoder.
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Figure 3. The model architecture that incorporates LoKi into ViT.
In video tasks, to accommodate the modeling of video frames
in the temporal dimension, we additionally incorporate temporal
modules, as shown within the red box in the figure.

N3=r2×N2, where r2 is the scaling ratio of the activation
function network. According to the Kolmogorov-Arnold
representation theorem, N3=2N2+1. The number of param-
eters NL in a single LoKi’s linear part is:

NL = 2r1N1(N1 + 1) (4)

The number of parameters NA in activation part is:

NA = 2r21r2N
2
1 (G+K + 3) + r1N1(r2 + 1) (5)

where G denotes the number of spline intervals and K de-
notes the order of the spline, they are hyperparameters. In
the tests in Sec. 4, we follow [85] to set G=4 and K=3.
The ratio of parameters in the linear layer to the activation
layer can be flexibly adjusted through r1 and r2. We con-
duct ablation experiments to study the values of r1 and r2 in
Sec. 4. The structural and parameter distribution compari-
son between LoKi, MLP, and KAN is shown in Fig. 2. The
parameter count calculation for MLPs can refer to Eq. (4).
At a similar level of accuracy, r1 in the MLP is typically
set to no less than 0.5,while in LoKi it can be set to 0.0625
or lower. Therefore, even if there are no parameters in the
activation layer of the MLP, its parameter count is still sig-
nificantly higher than LoKi’s. The calculation method for
the number of parameters in KAN can refer to Eq. (5). For
a fair comparison, we adjusted the number of parameters in
KAN to be similar to that of LoKi.

3.2. The insertion position of LoKi
Referring to the method of Adapter, the position where
LoKi is placed in ViT is shown in Fig. 3. For image tasks,
we place LoKi behind the self-attention layer and along-
side the MLP. For video tasks, we additionally incorporate
a temporal module, which consists of Time Attention that
shares parameters with Space Attention and Time LoKi. In
the input, Time embeddings required for Time Attention are
also needed. For the attention calculation on the temporal
dimension of video frames, simply adjust the order of the

data dimensions from (BT,N+1, D) to (B(N+1), T,D).
The rest of the calculations will follow the order of the
(BT,N + 1, D) dimension, just as in ViT, where B rep-
resents the batch size, T represents the number of video
frames, N represents the number of patches, D represents
the dimensionality of the hidden layer in ViT.

4. Experiments

Datasets We evaluate LoKi on two fundamental tasks.
For image classification, seven datasets are validated:
Cifar10, Cifar100 [40], Food101 [4], MNIST [42],
DDSM [43], DTD [13], and FGVC Aircraft [56]. For
video action recognition, we use HMDB51 [41] and Div-
ing48 [49], as they focus on spatial modeling and temporal
modeling, respectively. It is noteworthy that all the datasets
are relatively small and are prone to overfitting when used
with large pre-trained models.

Experimental Setup In image classification, we use both
ViT(IN21K) and CLIP(ViT-B/16) pre-trained weights. On
each dataset, we measure the accuracy of the fine-tuning
method by the average top-1 acc obtained on the two pre-
trained weights. In typical classification tasks, the general-
ization performance of methods is often measured solely
by the average accuracy across multiple datasets. How-
ever, we measure the generalization of the method by the
difference in top-1 accuracy between the two pre-trained
weights. Obviously, the smaller the difference, the more
stable and, consequently, the better the generalization of the
method. This setting is able to provide a more comprehen-
sive assessment of LoKi. Based on the zero-shot results of
the CLIP model, as seen in Tab. 1, we consider datasets
with an accuracy greater than 50% to have a data distribu-
tion more aligned with that of commonly used pre-trained
models. For these datasets, we fine-tune for 5 epochs. For
datasets with an accuracy less than 50%, we fine-tune for 50
epochs. We conduct experiments using Full-tuning, Linear
Probe, Bias Tuning, Prompt Tuning, LoRA, Adapter, and
LoKi, all under the same training strategy. As a compari-
son with LoKi, we also experiment with the vanilla KAN,
which has a similar number of parameters to LoKi and is
used like an adapter module. In video action recognition,
we use CLIP(ViT-B/16). For HMDB51, we compare LoKi
with other finetuning methods, and for the Diving48, we
compare LoKi with state-of-the-art baselines. In both tasks,
LoKi adopts the setting of r1=0.0625 and N3=2N2+1 (i.e.,
r2≈2).

4.1. Results on Image Classification Task
The comparison of accuracy and generalization among fine-
tuning methods on image classification is shown in Tab. 1.
We arrange the datasets in order of decreasing zero-shot

14872



Type Method Tunable
Params(M)

Mem
(G)

CIFAR
10

Food
101

CIFAR
100 MNIST DTD FGVC

Aircraft DDSM Average

avg[ acc on IN21K , acc on CLIP ]
( abs[ acc on IN21K - acc on CLIP ] )

-

Zero-shot - - 91.6 89.2 68.7 56.0 46.0 27.1 9.2 -

Full-tuning 86 5.9 70.0
(53.6)

47.0
(75.0)

52.8
(67.9)

91.9
(15.0)

38.4
(48.9)

40.7
(67.3)

53.1
(4.7)

56.2
(47.5)

Linear Probe <1 2.4 94.9
(3.0)

87.9
(7.1)

80.8
(7.2)

95.7
(2.8)

73.4
(5.6)

47.2
(19.8)

56.6
(1.6)

76.6
(6.7)

PE
FT

Bias Tuning [87] <1 4.5 98.4
(0.7)

90.3
(4.8)

89.9
(3.9)

99.0
(0.4)

76.9
(4.5)

69.8
(11.0)

67.4
(5.6)

84.5
(4.4)

Prompt Tuning [33] <1 6.4 97.6
(0.7)

88.7
(6.6)

87.8
(4.2)

98.3
(0.8)

73.6
(2.4)

63.0
(20.9)

61.1
(2.4)

81.4
(5.4)

LoRA [31] <1 4.7 97.7
(1.6)

87.3
(1.0)

87.4
(5.3 ) 98.9

(0.3)
74.9
(5.2)

49.4
(29.5)

39.8
(3.3)

76.5
(6.6)

Adapter [30] 7 4.8 86.7
(24.1)

63.3
(53.2)

65.1
(55.3)

98.6
(1.8)

47.8
(53.4)

46.5
(65.5)

67.5
(16.1)

67.9
(38.5)

KAN [55] 4 32.9 80.2
(37.3)

56.3
(65.5)

60.6
(63.7)

97.3
(3.7)

48.5
(52.7)

43.7
(52.7)

67.0
(8.9)

64.8
(40.6)

LoKi 4 10.4 98.1
(0.0)

89.4
(4.9)

89.1
(1.5)

99.3
(0.0)

76.0
(3.8)

71.6
(4.5)

74.2
(1.4)

85.4
(2.3)

Table 1. Comparison of accuracy and generalization among different fine-tuning methods on various image datasets. The zero-shot
accuracy is reported by [61] (except that DDSM is reproduced in our own), which is used to measure data distribution discrepancies
between the downstream dataset and the pre-trained data. In the corresponding results for each dataset, the number on top represents
the average top-1 acc obtained using IN21K and CLIP pre-trained weights. The number in parentheses below represents the absolute
difference in top-1 acc between the two pre-trained weights, which measures the generalization ability. Red represents the best results,
and blue represents the second-best results.

Type Method Pretrain Param
(M)

Tunable
Params(M)

Top1
acc

Top5
acc Views

Fu
ll-

tu
ni

ng TimeSformer [3] IN21K 121 121 74.9 - 32×1×3
Video Swin-B [54] IN21K 88 88 84.0 - 32×1×3

BEVT [75] IN1K+K400 88 88 87.2 - 32×1×3
ORViT [29] IN21K 160 160 88.0 - 32×1×1

PE
FT

DUALPATH [60] CLIP 96 10 88.7 - 32×1×3

77.4 97.8 8×1×1*
AIM-ViT-B/16 [82] CLIP 97 11 83.0 98.4 16×1×1*

88.9 - 32×1×1

78.4 98.2 8×1×1
Loki(ViT) CLIP 92 6 85.7 99.0 16×1×1

89.5 99.0 32×1×1

Table 2. Results on Diving48. Views = #frames × #clips × #spatial. “*” indicates that the accuracy from this view was reproduced by the
official source code.

accuracy according to the CLIP model. Each fine-tuning
method’s corresponding results for each dataset consist of
two rows of numbers, with the number on top represents
the average top-1 acc obtained using IN21K and CLIP pre-
trained weights, which is used to measure the accuracy
of the method. The number in parentheses below repre-
sents the difference in top-1 acc between the two pre-trained
weights, which is used to measure the generalization of the
method. The specific accuracy of the fine-tuning methods
on different weights is presented in the appendix. LoKi has
the highest average accuracy and the lowest accuracy vari-
ance across multiple datasets, which is the best on the av-
erage of seven datasets. Since Adapter and KAN encom-
pass a similar number of parameters with LoKi, both have
lower average accuracy due to their larger accuracy vari-

ance. Through the analysis of the results on each weight, it
is observed that the accuracy on the CLIP weights is not sat-
isfactory. In Fig. 4, we present the training and validation
curves of Adapter, KAN, and LoKi on the CLIP weights
fine-tuning across three datasets. On DDSM, none of the
three baselines show signs of overfitting. With a more rea-
sonable distribution of parameters in its structure, LoKi, de-
spite having the fewest parameters (56.7% of Adapter’s and
99.2% of KAN), achieves more than 10% higher accuracy
than Adapter and KAN, proving that LoKi has sufficient fit-
ting capability. It’s worth noting that KAN consumes 33G
of memory, which is significantly more than other methods.
On DTD, Adapter exhibits severe overfitting, with the train
acc reaching above 98% during the training process, while
the val acc is only 21.1%. At the 12th epoch of training, the
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Figure 4. Training and validation set accuracy of LoKi, Adapter,
and KAN on DDSM, DTD, and FGVC Aircraft based on
CLIP(ViT-B/16).

train acc is 30.5%, and the val acc is 21.0%. Afterwards,
although the train acc gradually rises to 98%, the val acc
remains around 21%. KAN shows a lack of adaptation to
the learning rate and insufficient fitting capability on this
dataset, with the final train acc stuck around 47%, and the
val acc at 22.1%. KAN’s overfitting situation is slightly
better than Adapter’s. In contrast, LoKi demonstrates supe-
rior generalization by converging faster and achieving bet-
ter performance. On FGVC Aircraft, the convergence of the
three baselines is similar to that on DTD. We speculate that
the poor generalization of Full-tuning, Adapter, and KAN is
due to their modification of a larger number of parameters.

We further visualize the attention maps of several meth-
ods on FGVC fine-tuned with ViT(IN21K) pre-trained
weights, as shown in Fig. 5, which demonstrates the effec-
tiveness of LoKi qualitatively. Since Linear Probe modifies
parameters after the last attention layer, the attention map
for this method is derived from the original ViT(IN21K)
weights, serving as a baseline. It fails to distinguish be-
tween different types of aircraft and is heavily affected by
background interference. Full-tuning significantly changes
the parameters, resulting in an attention map that can fo-
cus more on the aircraft itself. Other PEFT methods based
on ViT(IN21K), show only minor improvements over the
baseline and are not able to accurately focus on the air-
craft. LoKi achieves a much concentrated attention than all
the other methods since it is attentive to distinctive parts of
the aircraft such as the tail and engines with minimal back-
ground interference.

Type Method Tunable
Params(M)

Top1
acc

- Full-tuning 86 59.4
Linear Probe 0.1 61.2

PEFT

VPT ViT-B/16 [33] 7 62.4
AdaptFormer [11] 8 63.7

Pro-tuning [57] 9 63.3
VideoPrompt [34] 6 66.4

ST-Adapter [58, 60] 7 65.9

LoKi(ViT) 6 73.3

Table 3. Results on HMDB51.

Methods Tunable
Params(M)

Top1
acc

Frozen Space & MLP <0.1 23.2
Full-tuning 85.8 75.7

Frozen Space & MLP + Space LoKi 0.5 79.3
+ Time LoKi 0.9 86.4
+ MLP LoKi 1.4 87.6

Table 4. Plug-and-play effectiveness of LoKi. LoKi maximizes
the capacity of frozen space. Even only adding Space LoKi results
in better performance than Full-tuning.

In general, on image classification task, LoKi demon-
strates strong generalization and excellent fitting capabil-
ities. Particularly on datasets with large distribution dif-
ferences, LoKi’s overall performance is superior. On the
datasets with the greatest distribution differences, DDSM
and FGVC Aircraft, LoKi’s accuracy and generalization are
the best. On the DTD dataset, LoKi ranks second in both
accuracy and generalization, as shown in Tab. 1.

4.2. Results on Video Action Recognition Task
The results of LoKi on Diving48 are illustrated in Tab. 2.
LoKi(ViT) encompasses the fewest tunable parameters and,
among the models reported to use ViT-B/16 as the back-
bone, it has the highest accuracy. To further compare with
the state-of-the-art Adapter-based method AIM, we repro-
duce AIM on 8×1×1 and 16×1×1 views with the official
code. LoKi(ViT) only contains 56.9% tunable parameters
of AIM’s, and the top-1 accuracy is higher than AIM in all
three views. Since the backbone parameter scale of these
two models are significantly higher than LoKi(ViT)’s, we
did not include them in the comparison results. The experi-
mental results for HMDB51 are illustrated in Tab. 3. For a
fair comparison, we listed the results of models that also use
ViT-B/16 as the backbone. LoKi(ViT)’s accuracy is higher
than other fine-tuning methods, indicating that LoKi is ca-
pable to video datasets that emphasize spatial modeling.

4.3. Ablation Study of LoKi
Effectiveness of LoKi We take frozen ViT and the full-
tuning ViT as two baselines. In frozen ViT, only the clas-
sification head and the last Layer Norm layer are open for
training. By gradually adding Space LoKi, Time LoKi, and
MLP LoKi to the first baseline, we validate LoKi on Div-
ing48 with CLIP(ViT-B/16). As shown in Tab. 4, due to
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Figure 5. Attention map visualizations of fine-tuning methods on FGVC Aircraft. LoKi focuses on key parts of aircrafts such as the tail and
engines, with minimal background interference. Full-tuning and other methods still allocate some redundant attention to the background.

the limited capacity of the classification head and Layer
Norm layer, the accuracy of this baseline is only 23.2%,
significantly lower than the fully fine-tuned method, but the
number of tunable parameters is also much fewer, less than
0.1% of full-tuning. On the fully-tuning ViT, it has 85.8M
trainable parameters and requires multiple experiments to
find a suitable learning rate. When using the same learn-
ing rate as other control groups, its training is prone to col-
lapse. The final result is 75.7%, after struggling with learn-
ing rate modification. Space LoKi has only 0.6% of the

trainable parameters of full-tuning, but the performance is
already 3.6% higher than full-tuning. Since Diving48 fo-
cuses on fine-grained temporal modeling, the accuracy in-
creases by 7.1% after adding Time LoKi. This model has
1% of the tunable parameters of full-tuning, with an accu-
racy 10.7% higher. Further adding MLP LoKi enhances the
performance, achieving an accuracy of 87.6%. Based on
the results of this experiment, we add Space LoKi and MLP
LoKi to the image tasks, and additionally incorporate Time
LoKi in the video tasks.

14875



Shape
Tunable

Params(M)
Top1
acc

(768, [16, 33, 33, 33, 33, 16], 768) 2.5 83.3
(768, [16, 33, 33, 33, 16], 768) 2.1 84.6
(768, [16, 33, 33, 16], 768) 1.7 86.0
(768, [16, 33, 16], 768) 1.4 87.6

Table 5. Study of LoKi depth. All numbers in the column “Shape”
represent the number of neurons in each layer of LoKi, with el-
ements in parentheses indicating linear layers and elements in
square brackets indicating KAN linear layers.

Shape
Tunable

Params(M)
Mem
(G)

Top1
acc

(768, [8, 17, 8], 768) 0.6 9.6 85.9
(768, [16, 33, 16], 768) 1.4 11.4 87.6
(768, [32, 65, 32], 768) 3.4 15.3 88.3
(768, [48, 97, 48], 768) 6.1 18.6 89.5
(768, [64, 129, 64], 768) 9.6 22.3 88.6

Table 6. Effect of bottleneck ratio r1 of LoKi. “Shape” represents
the same as in Tab. 5.

Shape
Tunable

Params(M)
Top1
acc

(768, [16, 4, 16], 768) 1.0 82.9
(768, [16, 8, 16], 768) 1.1 83.4
(768, [16, 16, 16], 768) 1.2 86.2
(768, [16, 33, 16], 768) 1.4 87.6
(768, [16, 64, 16], 768) 1.7 86.4

Table 7. Effect of bottleneck ratio r2 of LoKi. “Shape” represents
the same as in Tab. 5.

Shape of LoKi We conduct experiments on the shape
of LoKi’s activation layer to explore an appropriate scale
for application in subsequent experiments. Specifically, we
conduct experiments on Diving48 with 32×1×1 views. The
results of the LoKi’s depth are illustrated in Tab. 5. As the
depth of the LoKi module increases, its number of param-
eters increases while the accuracy decreases. We speculate
that a deeper LoKi can fit more complex nonlinear models,
but it would also be more difficult to converge, and in our
typical encounters, the LoKi with the minimum number of
layers is sufficient to handle the task. Since KAN includes
at least 2 layers of B-Spline functions, which corresponds
to 3 layers of neurons, [16, 33, 16] corresponds to the min-
imum number of layers in LoKi’s activation layer. The ad-
justment of LoKi’s width involves two hyperparameters, r1
and r2, as described in Sec. 3.1. The effect of r1 is shown
in Tab. 6. Increasing r1 can lead to an improvement in ac-
curacy, with the highest accuracy of 89.5% achieved when
the width is (768, [48, 97, 48], 768). Subsequently, adding
more neurons to the activation layer of LoKi results in a de-
crease in accuracy. The effect of r2 is shown in Tab. 7.
Its results are similar to those of r1, with accuracy increas-
ing and then decreasing as r2 grows. Ultimately, we chose

Dataset AIM LoKi(ViT) Views

K400 [36] 83.9 80.0 8x3x1
SSv2 [21] 66.4 56.3 8x1x3

Table 8. Comparisons on K400 & SSV2 with AIM.

the ratio specified by the Kolmogorov-Arnold representa-
tion theorem, which is 2n+1, reflected in the shape as the
ratio of 16 to 33.

5. Discussion
We also test on larger datasets K400 [36] and SSv2 [21].
K400 contains about 240K training videos and about 20K
validation videos across 400 classes. SSv2 contains about
169K training videos and about 25K validation videos
across 174 classes. LoKi did not achieve accuracy similar to
Adapter, as illustrated in Tab. 8. Training on large datasets
is less prone to overfitting, and in this case, Adapter has an
advantage over LoKi. However, such a large amount of data
is sufficient for training pre-trained models, it is not suitable
for fine-tuning models. For instance, [1, 16, 20, 50, 54]
directly use the K400 dataset for pre-training. In typical
industrial scenarios, organizing and training such a large
amount of data is costly, so we believe that the application
prospects of LoKi will be broader than those of Adapter.

LoKi generates very few new model weights for each
downstream task. In image classification and video ac-
tion recognition tasks, there are only 4M and 6M differ-
ent parameters between different datasets, accounting for
5% and 7% of ViT-B/16, respectively. When fine-tuning
for multiple downstream tasks, this will significantly re-
duce the storage of model weights and is also beneficial for
communication-efficient distributed learning and privacy-
protecting federated learning applications.

6. Conclusion
LoKi, as a new PEFT module, exhibits excellent generaliza-
tion in downstream tasks with small datasets and significant
differences in data distribution, and its accuracy is similar
to or better than other PEFT methods. In terms of explain-
ability, LoKi’s attention map is clearer than other methods.
LoKi is suitable for small datasets, is not prone to overfit-
ting, and has strong adaptability to training strategies and
pre-trained weights. These characteristics align well with
the current situation where downstream tasks often involve
small data volumes and significant differences in data dis-
tribution.
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