
Inheriting Generalized Learngene for Efficient Knowledge Transfer
across Multiple Tasks

Yuankun Zu1,2, Shiyu Xia1,2, Xu Yang1,2*, Qiufeng Wang1,2, Han Zhang3, Xin Geng1,2*

1School of Computer Science and Engineering, Southeast University, Nanjing 210096, China
2Key Laboratory of New Generation Artificial Intelligence Technology and Its Interdisciplinary

Applications (Southeast University), Ministry of Education, China
3School of Biological Science and Medical Engineering, Southeast University, Nanjing 210096, China

{zyk0418, shiyu xia, xuyang palm, qfwang, zhann, xgeng}@seu.edu.cn

Abstract

In practical applications, it is often necessary to transfer
knowledge from large pretrained models to small ones with
various architectures for tackling different tasks. The Learn-
gene framework, proposed recently, firstly extracts one com-
pact module termed as learngene from a large well-trained
model, after which learngene is used to build descendant
models for handling diverse tasks. In this paper, we aim
to explore extracting and inheriting learngene which can be
generalized across different model architectures and tasks,
remaining understudied in previous works. Inspired by the
existing observations that large kernel convolutional neural
networks (CNNs) exhibit significant generalization potential
across various architectures and tasks, we propose a novel
two-stage Learngene method termed CLKG (Convolutional
Learngene for Knowledge Generalization), which inherits
convolutional kernels containing generalized knowledge as
learngene to build diverse models for multiple tasks. Specif-
ically, we construct an auxiliary model comprised of small
kernels and train it through dense feature distillation to in-
herit the feature extraction ability from large kernel CNNs.
After distillation, we select certain kernels from the auxil-
iary model as learngene based on three criteria: direct ker-
nel extraction, priority to edge kernels, and continuous ker-
nel selection. Subsequently, we adapt learngene according to
the width of the descendant models and use it to initialize
the backbone part of descendant models. Experiments on di-
verse vision tasks such as image classification, object detec-
tion and semantic segmentation demonstrate the superiority
of CLKG. For example, compared with from scratch training,
it brings 2.89% improvements on VOC12+SBD, and reduces
around 2x training data volume and training epochs to achieve
better results. Furthermore, compared to knowledge distilla-
tion method, CLKG significantly reduces negative transfer on
certain datasets, e.g. , achieves 1.88% performance improve-
ments on NAO dataset despite domain differences.

Introduction
Deep neural networks demonstrate remarkable performance
across a wide variety of computer vision tasks (Shu, Meng,
and Xu 2023; Wichmann and Geirhos 2023; Yang et al.
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2024; Zhao et al. 2024; Tang et al. 2024). In practical ap-
plications, it is essential to deploy and train models with dif-
ferent architectures for handling diverse tasks, where trans-
ferring well-learned knowledge from large pretrained mod-
els to compact target ones becomes increasingly important.
Techniques such as knowledge distillation (KD) (Hinton,
Vinyals, and Dean 2015) are frequently employed for this
purpose, enhancing performance and training efficiency (Wu
et al. 2023; Mistry 2024). Despite the success, it also faces
several challenges, including the phenomenon of negative
transfer when source and target tasks exhibit significant do-
main differences, which may harm the performance of the
student model (Yang, Huang, and Wei 2023; Go et al. 2024).
Furthermore, when we need student models with different
architectures or sizes, repeated distillation processes are nec-
essary as shown in Fig. 1(b).

To address this issue, a new framework Learngene was
proposed (Wang et al. 2022; Xia et al. 2024a), which first
extracts condensed knowledge termed as learngene from a
well-trained ancestry model, and then inherit it into small
or middle-sized descendant models to address downstream
tasks, as shown in Fig. 1(c). The existing work Heur (Wang
et al. 2022) extracts some integral layers as learngene ac-
cording to gradient information during training. TLEG (Xia
et al. 2023) proposes to linearly expand learngene layers
to compose variable-depth descendant models. Learngene
Pool (Shi et al. 2023) builds a pool of transformer layers
by distillation and stiches them to create descendant models.
SWS (Xia et al. 2024b) explores learngene in a multi-stage
weight sharing way. Take a closer look at the Learngene
framework, we note that descendant models frequently face
various tasks, each also with varying architectures, which
highlights the importance of generalization for learngene to
enhance the adaptability and flexibility of descendant mod-
els across different tasks and architectures. However, exist-
ing methods extract learngene without considering the gen-
eralization across different tasks and architectures, greatly
limiting its capability.

To this end, our study explores extracting and inheriting
learngene which can be generalized to different model ar-
chitectures for handling diverse vision tasks. Previous re-
search suggests that large kernel convolutional neural net-
works (CNNs) exhibit significant generalization potential
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Figure 1: (a) Possible negative transfer (Wang et al. 2019; Zhang et al. 2022) phenomena in transfer learning methods such as
KD when a mismatch between domains. (b) Knowledge distillation framework. (c) Learngene framework.

across various tasks, attributed to their expansive effective
receptive field and pronounced shape bias, enabling them
to benefit handling multiple tasks (Ding et al. 2022; Huang
et al. 2023). Inspired by this, we propose a novel two-stage
Learngene method called CLKG (Convolutional Learngene
for Knowledge Generalization). In the first stage, we term
the feature extraction ability of certain convolution kernels
as generalized knowledge and extract it as learngene. In the
second stage, we inherit learngene to initialize descendant
models with different architectures for diverse vision tasks.

Specifically, in the first stage, to extract learngene, we
construct an auxiliary model with small kernels to approx-
imate the feature extraction ability of large kernel CNNs
by dense feature distillation to align the multi-stage feature
maps (Wei et al. 2022). After distillation, certain convolu-
tional kernels in the auxiliary model retain robust feature
extraction abilities (Yamashita et al. 2018). In this way, we
select the kernels as learngene based on a combination of
three criteria: direct kernel extraction, priority to edge ker-
nels, and continuous kernel selection.

After obtaining the learngene, in the second stage, we
adapt them to descendant models with different architec-
tures. For wider descendant models that require more ker-
nels, we introduce additional small weight kernels that con-
form to Gaussian distribution (Kumar 2017). For narrower
models which requires fewer kernels, we prioritize kernels
based on their L2 norm and select those with the highest val-
ues as they likely contain more information (He et al. 2015;
Zhang et al. 2023). Specifically when adjusting their width,
we modify the number of convolutional kernels in one layer.
In addition, we use 1x1 convolutions (Szegedy et al. 2015) to
adjust the number of channels when dealing with descendant
models that have special structures. After these adjustments,
the learngene can directly initialize specific convolutional
layers in the backbone part of the descendant model.

Compared with training from scratch, CLKG has a signif-
icant improvement in performance, e.g. , +3.64% on mini-
ImageNet (Vinyals et al. 2016), and reduces around 2x train-
ing data volume or training epochs to achieve better results.
Moreover, learngene extracted by CLKG can be general-
ized to different model architectures across diverse tasks

effectively, e.g. , +2.59% on COCO2017 and +2.89% on
VOC12+SBD. In addition, compared with KD (Zagoruyko
and Komodakis 2016; Wei et al. 2022) methods, CLKG not
only significantly reduce computational resources by distill-
ing at most once, but also greatly reduces negative trans-
fer through inheriting generalized knowledge, e.g. , achieves
2.83% performance gains on Oxford Flower (Nilsback and
Zisserman 2008), 1.88% performance gains on NAO (Lau
et al. 2021), despite domain differences. Our main contri-
butions are summarized as follows:

• We are the first to explore the generalization potential
of learngene across different tasks and architectures by
extracting and inheriting feature extraction ability from
large kernel CNN models.

• We propose a novel two-stage Learngene method termed
CLKG, which includes the design of learngene selection
and adaptation for diverse descendant models.

• Extensive experiments demonstrate the key benefits of
CLKG, such as training data efficiency and the flexibil-
ity of model architectures. Besides, we also explore the
phenomenon of negative transfer.

Related Work
Learngene
Learngene is a two-stage framework which firstly learns
one compact module termed as learngene from a large
well-trained network called ancestry model, and then in-
herit it to initialize descendant models as shown in Fig. 1(c).
Heur (Wang et al. 2022) extracts entire layers based
on gradient information as learngene, combining them
with randomly initialized ones to form descendant mod-
els. TLEG (Xia et al. 2023) linearly expands two trans-
former learngene layers, trains them via distillation, and uses
them to initialize transformers of various depths. Learngene
Pool (Shi et al. 2023) distills a pretrained ancestry model
into multiple small ones as learngene and then stitches them
to build descendant models. SWS (Xia et al. 2024b) extracts
learngene in a multi-stage weight sharing fashion, where
learngene retains stage-specific information for initializing
descendant models. Revisiting the Learning framework, we
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Figure 2: The technical details of CLKG. In the first stage, we design a CNN consisting of small kernels as an auxiliary model
and use dense feature distillation to extract knowledge from the large kernel ancestry model. Then, based on three criteria, we
select some convolutional kernels as learngene. In the second stage, we adjust the learngene width to enable them to initialize
descendant models of different architectures, and finetune them on multiple downstream tasks.

find that descendant models frequently face diverse and new
tasks, accompanied by different architectures, which high-
lights the importance of generalization for learngene to en-
hance the adaptability of descendant models across differ-
ent tasks and architectures. However, existing methods often
overlook the necessity for generalization, which may restrict
its capability to adapt to broader tasks.

Knowledge Distillation
Knowledge distillation (KD) (Hinton, Vinyals, and Dean
2015; Zagoruyko and Komodakis 2016; Gou et al. 2021;
Wang and Yoon 2021) aims at transferring knowledge from a
large, complex model (teacher model) to a smaller, more ef-
ficient model (student model) to improve the performance of
the student model while reducing computational and storage
costs. However, these KD methods require re-distillation for
different student architectures, significantly increasing com-
putational demands. Additionally, transferring all acquired
knowledge may lead to negative transfer, where using source
domain knowledge reduces learning performance in the tar-
get domain (Yang, Huang, and Wei 2023; Go et al. 2024).
Solutions like using multiple teachers (Ji et al. 2023) or ad-
vanced distillation techniques (Jacob, Agarwal, and Stenger
2023; Ding, Yang, and Zheng 2024) attempt to address this,
where they further complicate the training process and in-
crease resource consumption. In contrast, our method se-
lectively transfers generalized knowledge, ensuring a more
flexible and effective adaptation to different tasks.

Models with Large Kernels
In contrast to small kernel CNNs, large kernel CNNs have
larger effective receptive fields and higher shape bias (Luo
et al. 2016). Benefiting from this, when using a large-kernel
CNN model as the backbone, it demonstrates strong gener-

alization, enabling it to exhibit superior performance across
multiple tasks and architectures (Ding et al. 2022; Huang
et al. 2023). Due to the fact that the backbone of a model is
typically used for initial feature extraction (Xue et al. 2023),
in this paper, we attempt to inherit the feature extraction ca-
pabilities of large kernel CNNs to enhance generalization.

Method
Overview
Fig. 2 depicts the overall pipeline of CLKG. In Stage 1, we
construct an auxiliary model composed of convolutional lay-
ers with 3x3 kernels of varying numbers. Subsequently, we
employ dense feature distillation (Heo et al. 2019) to ap-
proximate the feature extraction capability of large kernel
models. Following this, certain convolutional kernels of the
auxiliary model are identified as learngene based on three
criteria. In Stage 2, according to the architecture of descen-
dant models, we make adjustments on the width of learn-
gene. Then, we can use learngene to directly initialize some
convolutional kernels in the backbone part of the descendant
model. Finally, we finetune the descendant models conven-
tionally on specific tasks.

Learngene Extraction Process
Training the auxiliary model In our study, we choose
RepLKNet (Ding et al. 2022) as the ancestry model for its
significant generalization potential across various tasks. Its
clear multi-stage structure is ideal for guiding small CNN
student models through feature distillation.

In order to extract generalized knowledge from the an-
cestry model, we design an auxiliary model to approximate
the feature extraction ability of the large kernel model. With
the theory that stacking two 3x3 convolution layers achieves
the same receptive field size as a single 5x5 convolution
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layer and adding pooling layers can obtain a larger recep-
tive field (Simonyan and Zisserman 2014; Luo et al. 2016),
we design our auxiliary model to satisfy a hierarchical pro-
cess consisting of small kernels. Specifically, our auxiliary
model is divided into three stages:

F 3
x = f1

x ◦ f2
x ◦ f3

x , (1)

where f i
x represents the i-th stage of the auxiliary model.

To distill knowledge from the ancestry model for various
tasks, we introduce dense feature distillation to approximate
the output of the first three stages of the large kernel model to
calculate the distillation loss function, capturing hierarchical
representations (Zhang, Bengio, and Singer 2022). Specifi-
cally, we distill information from the final layer of each stage
in the ancestry model to the corresponding layer in the aux-
iliary model. Thus the loss function is denoted as:

LFD =
3∑

i=1

αi∥g(T i)− w(Si)∥2, (2)

where T i, Si denotes the last layer of the i-th stage feature
map of the teacher and the student, respectively. g is a 1×1
convolution layer to align the number of channels. w is a
non-parametric layer normalization for the whitening oper-
ation (Yong and Zhang 2022). α denotes the trade-off.

Three Criteria for Identifying Learngene After distilla-
tion, specific convolutional kernels of the auxiliary model re-
tain feature extraction abilities (Yamashita et al. 2018), sig-
nifying their possession of generalized knowledge. In this
way, these kernels are identified as learngene based on a
combination of the following three criteria: direct kernel ex-
traction, priority to edge kernels, and continuous kernel se-
lection. For a detailed explanation for the selection from the
auxiliary model rather than from the ancestry model, please
see Section A.2 of the Appendix.

1) Direct kernel extraction. In our method, we extract
convolutional kernels directly from the layers of the auxil-
iary model. Based on the receptive field theory (Luo et al.
2016), the effective receptive field is proportional to K

√
L

(where K is the kernel size and L is the depth). Extract-
ing features directly from images using small kernel mod-
els alone often yields suboptimal results (Ding et al. 2022;
Huang et al. 2023). Therefore, we employ feature map align-
ment, allowing a large kernel model to supervise the training
of the small kernel model. This approach ensures that some
convolutional kernels in the auxiliary model can effectively
learn the feature extraction capabilities of the large kernel
ancestry model, allowing us to directly extract small kernels
from the auxiliary model.

2) Priority to edge kernels. During the model training
process, we find that the weight changes in the middle layer
of the model are very small. A recent study on ViTs and large
language models corroborated this finding (Samragh et al.
2023), which also found that deleting or replicating weights
in intermediate layers has minimal impact on performance.
Therefore, in selecting learngene, we focus on edge kernels,
i.e. , convolutional kernels from both the initial and final
stages of the network. Besides, we do not completely ig-
nore the contribution of the intermediate stage. Instead, we

use feature loss (Eq. 2) as a soft constraint to reflect the con-
tribution of the intermediate stage in the weights of the first
and last stages of the network.

3) Continuous kernel selection. Features in CNNs are
learned in a hierarchical manner, with convolutional kernels
in each layer capturing increasingly abstract features (Yosin-
ski et al. 2015; Zhang, Bengio, and Singer 2022). Inheriting
convolutional kernels from a single layer disrupts this hierar-
chy, potentially causing a loss of essential feature informa-
tion. By selecting continuous convolutional kernels across
layers, we ensure the preservation of feature hierarchy and
continuity, allowing for meaningful and effective knowledge
transfer.

Inheriting Learngene into Descendant Model
In CNNs, targeted architectures differ in the latter half of
the network for tasks such as image classification, object de-
tection, and semantic segmentation, with each task focusing
on different aspects of the image. However, the initial fea-
ture extraction stages often share similarities. Therefore, we
only use learngene to initialize the backbone part of the de-
scendant models. We denote the convolutional layer as Wi,
where ni represents the number of kernels, ci the channels,
and ki the kernel size. Consequently, Wi[ni; ci; ki; ki] de-
scribes a layer with ni kernels of size ki × ki and ci chan-
nels, with i = 1 referring to learngene layers and i = 2
to those in descendant models. When the architecture of the
descendant model closely aligns with that of the extracted
learngene, we replace some randomly initialized convolu-
tional kernels with learngene. However, mismatches often
occur in the width of kernels, particularly in the number of
convolutional kernels and channels, thus we need to adapt
learngene for initialize these parts.

Learngene Adaptation To address discrepancies in ker-
nel numbers, particularly when n1 < n2, we transfer the
weights of k1 convolutional kernels from the learngene. For
the remaining convolutional kernels, we initialize them with
small random numbers drawn from a Gaussian distribu-
tion (Kumar 2017). This process is represented as follows:

W2[n2; c; k; k] = W1[n1; c; k; k] +Wnew, (3)

where Wnew ∼ N (0, 0.052) and Wnew ∈ R(n2−n1)×c×k×k.
When n1 > n2, we believe that convolutional kernels

with larger norm play a more important role in convolutional
layers (He et al. 2015; Zhang et al. 2023). Our definition of
convolutional kernel norm is as follows:

∥Li∥2 =

√ ∑
j,m,n

(w[i; j;m;n])2 , i = 1, . . . , n1. (4)

Using this norm, we sort the convolutional kernels and
select the top n2 with the highest norms to initialize the de-
scendant network. This selection ensures that the most influ-
ential features are retained in the new model configuration.

In addition, we use a 1x1 convolution kernel to adjust the
number of channels when dealing with descendant models
that have special structures, making it difficult to modify the
number of convolution kernels directly.
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task model dataset Scratch Heur (Wang et al. 2022) CLKG

image
classification

VGG16
miniImageNet 75.70 73.35 79.34 (+3.64)

CIFAR-100 74.06 72.76 76.69 (+2.63)
Oxford Flower 86.19 84.76 89.02 (+2.83)

BotNet
miniImageNet 82.93 81.74 85.90 (+2.97)

CIFAR-100 75.91 74.83 77.24 (+1.33)
Oxford Flower 88.53 87.73 89.94 (+1.41)

ResNet50
miniImageNet 82.41 81.96 84.64 (+2.23)

CIFAR-100 75.03 74.38 76.74 (+1.71)
Oxford Flower 87.64 85.47 89.78 (+2.14)

object
detection

YOLOV7
VOC07+12 80.16 78.23 82.81 (+2.65)
COCO2017 64.23 61.42 66.82 (+2.59)

NAO 15.22 12.72 17.10 (+1.88)

DETR
VOC07+12 76.06 75.84 78.42 (+2.36)
COCO2017 60.32 58.43 62.24 (+1.92)

NAO 15.34 13.68 16.87 (+1.53)

semantic
segmentation

DeepLabv3p VOC12+SBD 54.96 52.16 57.85 (+2.89)
mini ADE20K 56.59 53.47 58.12 (+1.53)

Mobile-ViT VOC12+SBD 58.48 57.36 60.59 (+2.11)
mini ADE20K 59.42 57.68 62.37 (+2.95)

Table 1: Performance comparison across different datasets on various popular CNN architectures among Scratch, Heur (Wang
et al. 2022), and CLKG.

Experiments
Experimental Setup
Datasets and Architectures To learn learngene, we train
the auxiliary model on ImageNet-1K (Deng et al. 2009).
After initializing the descendant models with learngene,
we further finetune them on several downstream datasets
including miniImageNet (Vinyals et al. 2016), CIFAR-
100 (Krizhevsky and Hinton 2009), Oxford-Flower (Nils-
back and Zisserman 2008), VOC07+12 (Everingham et al.
2007), COCO2017 (Lin et al. 2014), NAO (Lau et al.
2021), VOC12+SBD (Hariharan et al. 2011) and mini-
ADE20K (Zhou et al. 2019), covering three vision tasks:
image classification, object detection, and semantic segmen-
tation. We select RepLKNet-XL (Ding et al. 2022) as the an-
cestry model. For descendant model architectures, we select
VGG16 (Simonyan and Zisserman 2014) and ResNet50 (He
et al. 2016) for image classification tasks, YOLOV7 (Wang,
Bochkovskiy, and Liao 2023) for object detection tasks, and
DeepLabv3p (Chen et al. 2018) for semantic segmentation
tasks. Moreover, we explore the CNN-Transformer hybrid
models (Zhu et al. 2020; Srinivas et al. 2021; Mehta and
Rastegari 2021). Given that CLKG is based on convolutional
kernels of convolutional neural networks, this paper will not
involve pure Vision Transformer architecture.

Comparison Method Several important baselines are
compared: (1) Scratch: randomly initializes descendant
models. (2) Heur (Wang et al. 2022): initializes descendant
models with the last three layers of the ancestry model. (3)
FT (Wei et al. 2022): performs feature distillation on descen-
dant models from the same ancestry model for a fair compar-
ison. (4) OKD-MTL (Jacob, Agarwal, and Stenger 2023):
uses adaptive feature distillation loss and online task weight-
ing to avoid negative transfer. (5) DASFD (Ding, Yang, and

Zheng 2024): selectively learns positive features of objects
by integrating depth uncertainty into feature distillation to
avoid negative transfer. We do not compare with the TLEG
and SWS methods because they both select the complete
layers in the transformer for learngene, while we only need
some convolutional kernels.

Key Benefits of CLKG
We conduct experiments to verify four key benefits of
CLKG: (i) Better Performance. (ii) Less Training Data Vol-
ume. (iii) Faster Convergence. (iv) Different architectures,
which is distinct from previous Learngene methods.

Better Performance As shown in Table 1, CLKG demon-
strates better performance across multiple diverse datasets.
Specifically, compared with Scratch and Heur, it brings
more than 2% performance improvement, e.g. , +2.63% on
CIFAR-100. Illustrated in Fig. 3 (a)-(c), CLKG consistently
outperforms the model trained from scratch, while also re-
ducing training epochs by approximately 2x. This confirms
its ability to transfer knowledge from the large kernel model
to the small kernel model, thereby demonstrating the utility
of inherited knowledge.

Less Training Data Volume As shown in Fig. 3 (d)-
(f), CLKG reduces the training data volume randomly by
around 2x to achieve comparable results to the model trained
from scratch, demonstrating its efficiency in enabling de-
scendant models to flexibly adapt to different tasks. Addi-
tionally, when the training data volume is reduced, the per-
formance of models trained from scratch significantly de-
creases, whereas CLKG maintains its performance.

Faster Convergence As shown in Fig. 3 (g)-(i), we find
that CLKG outperforms the model trained from scratch
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✖️1.86 ✖️1.92
✖️1.84

    (a) VGG16 - image classification          (b) YOLOV7 - object detection          (c) DeepLabv3p - semantic segmentation

✖️1.90 ✖️1.79 ✖️1.98

    (d) VGG16 - image classification          (e) YOLOV7 - object detection          (f) DeepLabv3p - semantic segmentation

    (g) VGG16 - image classification          (h) YOLOV7 - object detection          (i) DeepLabv3p - semantic segmentation

Figure 3: Comparison with learning from scratch on downstream tasks from left to right. (a)-(c) are about training performance.
(d)-(f) are about data volume. (g)-(i) are about convergence speed. 60%CLKG means CLKG with 60% training data.

in terms of achieving promising performance within fewer
training epochs, requiring around half of the training
epochs. Remarkably, this superiority is maintained even
when trained on merely 60% data, which indicates that
CLKG is effective in providing a well-initialized starting
point for the descendant model.

Different Architectures As shown in Table 1, within
many popular CNN models of different architectures, CLKG
outperforms Scratch by a large margin, e.g. , +2.59% on
COCO2017 dataset and +2.89% on VOC12+SBD dataset,
demonstrating its effectiveness under settings of different
model architectures. This benefit is unique to CLKG. Previ-
ous Learngene methods only emphasize models of different
sizes but overlooks exploring models with different architec-
tures, which is important in practical applications. As shown
in Table 1, compared with Heur (Wang et al. 2022), the
performance improvement is around 5%, e.g. , +5.40% on
COCO2017 dataset and +5.69% on VOC12+SBD dataset.
This demonstrates the invalidity of Heur when facing archi-
tectural differences, which replaces the last several layers of
a descendant model with those of the ancestry model.

Comparison with KD on Negative Transfer

Due to the fact that knowledge distillation (KD) conveys all
knowledge without distinguishment, it may contain knowl-
edge or details that are not completely related to the down-
stream task, and may even result in poorer performance
than Scratch. In practical tasks, we often face fine-grained
data, unprocessed data in natural scenes, and data that does
not match due to merging categories according to certain
specific requirements (Nilsback and Zisserman 2008; Zhou
et al. 2019; Lau et al. 2021) . As shown in Table 2, we find
negative transfer phenomenon caused by KD in three differ-
ent downstream tasks, while CLKG, due to containing gen-
eralized knowledge, reduces uncertainty in the learning pro-
cess and has more flexible learning ability, thereby achiev-
ing better performance. Specifically, compared to Scratch,
CLKG brings a 2.83% performance improvement on Ox-
ford Flower, while FT(Wei et al. 2022) brings a 0.81% per-
formance decrease. Moreover, we compare CLKG with the
latest method that avoids negative transfer through enhanc-
ing distillation process in a single teacher model. And the
result shows that CLKG achieves better performance.
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image classification
VGG16

Oxford Flower

object detection
YOLOV7

NAO

semantic segmentation
DeepLabv3p

mini ADE20K
Scratch 86.19 15.22 56.59
FT (Wei et al. 2022) 85.38 14.54 55.77
OKD-MTL (Jacob, Agarwal, and Stenger 2023) 88.47 15.63 57.37
DASFD (Ding, Yang, and Zheng 2024) 87.34 15.74 57.13
CLKG 89.02 (+0.55) 17.10 (+1.36) 58.12 (+0.75)

Table 2: Comparison against KD methods on different tasks to explore the negative transfer phenomenon.

model CLKG
wd wid d

VGG16 74.67 75.86 76.69 (+0.83)
YOLOV7 81.08 82.27 82.81 (+0.54)

DeepLabv3p 56.18 56.83 57.85 (+1.02)

Table 3: Performance comparison among different KD
strategies on CLKG. wd: only aligns the output of last stage
of the ancestry model, wid: aligns the outputs of first stage
and last stage of the ancestry model, d: aligns the outputs of
all three stages of the ancestry model.

Ablation Studies
In this section, we discuss different feature distillation meth-
ods and the selection of the ancestry model architecture. The
datasets used for the ablation experiments are CIFAR-100,
VOC07+12, and VOC12+SBD.

Feature Distillation Method We compare the feature dis-
tillation methods of selecting feature layers at different
stages to compute loss function as shown in Table 3. We can
see that the wd method is not ideal due to ignoring the out-
put effects of other large kernels, while wid indicates that the
output of the intermediate layer in network training should
also be fully considered. The above results indicate the ef-
fectiveness of the dense feature distillation we employ.

Selection of the Ancestry Model Architecture In order
to verify the generalization ability of the learngene extracted
from the large kernel CNN, we select Swin-T (Liu et al.
2021), which also has a large receptive field, for compar-
sion. The KD method from Swin-T to small kernel auxiliary
model refers to (Huang et al. 2023) to ensure fair compar-
ison. As shown in Table 4, we observe that the descendant
models guided by large kernel CNN RepLKNet-XL outper-
forms those guided by Swin-T, indicating the superiority of
large kernel CNN models in guiding small kernel CNN mod-
els due to the similarity of architecture.

Visualization Results
In this section, we visually compare feature maps from mod-
els initialized with CLKG and from scratch to evaluate the
influence of the knowledge condensed by CLKG from a
large kernel model on the downstream task datasets. The vi-
sualizations, based on grad-cam (Selvaraju et al. 2017), are
shown in Fig. 4. These demonstrate that CLKG-initialized
models focus more on salient image information, which is

model Scratch ancestry model
Swin-T RepLKNet-XL

VGG16 74.06 75.83 76.69 (+0.86)
YOLOV7 80.16 82.44 82.81 (+0.37)

DeepLabv3p 54.96 57.25 57.85 (+0.60)

Table 4: Performance comparison on descendant CNN mod-
els across various tasks to evaluate the guidance competence
between transformer and large kernel CNN ancestry model.

beneficial for various downstream tasks, thus providing a
more effective initialization for subsequent learning process.

original 
image

random
initialized

learngene 
initialized

Figure 4: Visualization results of the feature maps of the last
convolutional layer in the randomly initialized models and
models initialized by CLKG.

Conclusion

In this paper, we introduce a novel method for knowledge
transfer in neural networks named CLKG. We approximate
the feature extraction ability of the large kernel CNN model
using a small kernel CNN model, and inherit the extracted
convolutional kernels to descendant models of different ar-
chitectures to adapt to different tasks. Extensive experiments
validate our effectiveness and efficiency. In addition, we also
verify that CLKG not only has advantages in computational
resources and cost compared to the KD method, but can also
avoid some negative transfer phenomena.
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