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Abstract

CLIP (Contrastive Language-Image Pre-training) has at-
tracted widespread attention for its multimodal generalizable
knowledge, which is significant for downstream tasks. How-
ever, the computational overhead of a large number of pa-
rameters and large-scale pre-training poses challenges of pre-
training a different scale of CLIP. Learngene extracts the
generalizable components termed as learngene from an an-
cestry model and initializes diverse descendant models with
it. Previous Learngene paradigms fail to handle the gener-
alizable knowledge in multimodal scenarios. In this paper,
we put forward the idea of utilizing a multimodal block to
extract the multimodal generalizable knowledge, which in-
spires us to propose MM-LG (Multimodal Learngene), a
novel framework designed to extract and leverage general-
izable components from CLIP. Specifically, we first establish
multimodal and unimodal blocks to extract the multimodal
and unimodal generalizable knowledge in a weighted-sum
manner. Subsequently, we employ these components to nu-
merically initialize descendant models of varying scales and
modalities. Extensive experiments demonstrate MM-LG’s ef-
fectiveness, which achieves performance gains over existing
learngene approaches (e.g.,+3.1% on Oxford-IIIT PET and
+4.13% on Flickr30k) and comparable or superior results
to the pre-training and fine-tuning paradigm (e.g.,+1.9% on
Oxford-IIIT PET and +3.65% on Flickr30k). Notably, MM-
LG requires only around 25% of the parameter storage while
reducing around 2.8× pre-training costs for diverse model
scales compared to the pre-training and fine-tuning paradigm,
making it particularly suitable for efficient deployment across
diverse downstream tasks.

Introduction
As a representative paradigm in multimodal research, CLIP
(Contrastive Language-Image Pre-training) (Radford et al.
2021) leverages 400 million large-scale image-text pairs
for contrastive pre-training. It achieves powerful represen-
tation capabilities and effectively integrates both modali-
ties, demonstrating strong cross-modal generalization abil-
ity. These characteristics are manifested in excelling in vari-
ous downstream tasks, including zero-shot image classifica-
tion (Novack et al. 2023), cross-modal retrieval (Lülf et al.
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Figure 1: (a) Learngene paradigm comprises two stages. The
first stage is to extract the compact learngene from an ances-
try model. Secondly, diverse descendant models are initial-
ized with it. (b) Multimodal Learngene first extracts learn-
gene, which is generalizable across modalities, and sub-
sequently initializes multimodal and unimodal descendant
models of varying scales with it.

2024; Cao et al. 2022, 2025; Xu et al. 2025) and image cap-
tioning (Mokady and Hertz 2021). Despite these advance-
ments, an excessive number of parameters to be deployed
has become a barrier for edge devices (e.g. Raspberry Pi,
NVIDIA Jetson) (Yang et al. 2024b,a). Besides, if a differ-
ent model scale is required, the repetitive pre-training is ex-
tremely time-consuming and computationally expensive. It
is significant to extract the generalizable knowledge in CLIP
to perform an efficient initialization for CLIP-based models.

Learngene, first proposed by (Wang et al. 2022), preserves
the generalizable component of the pre-trained model and
initializing diverse downstream models with it, as depicted
in Figure. 1(a). The first stage is to extract the generaliz-
able component, termed as learngene, from a large pre-
trained model (referred to as the ancestry model). In the
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second stage, this extracted learngene is utilized to initial-
ize diverse models (referred to as the descendant model) for
downstream tasks. Our proposed Learngene paradigm fo-
cuses on multimodal generalizable knowledge extraction.

Recent studies have extensively investigated and validated
the effectiveness of the Learngene paradigm (Wang et al.
2023; Xia et al. 2024b,a; Feng et al. 2024; Lin et al. 2024,
2025). He-LG (Wang et al. 2022) proposed a gradient-based
approach to extract learngene, which is used to initialize
descendant models stacked with randomly initialized lay-
ers. TLEG (Xia et al. 2024a) developed a linear extraction
method specifically for Transformer-based ancestry models,
employing initialization techniques for descendant models.
However, for these existing works, there is a lack of re-
search into leveraging multimodal generalizable knowledge
for learngene extraction within multimodal models, which is
significant for broadening Learngene research.

To advance the exploration of generalizable learngene in
multimodal architectures, we conduct our investigation on
CLIP. As shown in Figure. 1 (b), to preserve the multimodal
generalizable knowledge in CLIP explicitly, we seek to con-
struct a multimodal block to handle it. Since there is uni-
modal generalizable knowledge in CLIP, unimodal blocks
are established to store these components to assist the mul-
timodal block, represented as vision and language blocks.
Furthermore, to effectively extract generalizable knowledge
into these blocks from CLIP, an auxiliary model (Xia et al.
2024a) must be constructed, wherein the parameters of each
layer are the weighted sum of the multimodal block and the
unimodal block with learnable coefficients.

Based on the analysis above, we propose a novel frame-
work for multimodal learngene extraction from CLIP,
termed as Multimodal Learngene (MM-LG). As illustrated
in Figure. 3, MM-LG comprises two distinct stages: 1) Ex-
traction: We construct an auxiliary model structure to ex-
tract the learngene from the pre-trained CLIP with the dis-
tillation technique (Hinton, Vinyals, and Dean 2015; Wang
et al. 2024b). The extracted learngene is composed of blocks
for multimodal, vision and language respectively, and coeffi-
cients. They are arranged in a weighted-sum manner within
the extraction. 2) Initialization: We employ the extracted
learngene to obtain the initial parameter values each layer
for descendant models of diverse modalities and scales by
integrating the coefficients and the blocks in a weighted-sum
manner. With generalizable knowledge among modalities
explicitly extracted, MM-LG effectively extracts the gener-
alizable components of CLIP and initializes the descendant
models of diverse scales to handle various multimodal or
unimodal downstream tasks.

Our learngene extraction technique enables descendant
models to achieve superior generalization capabilities across
both multimodal and unimodal tasks at various model
scales. To validate its effectiveness, we conduct compre-
hensive experiments across three distinct tasks: image clas-
sification, cross-modal retrieval, and image captioning. 1)
In comparison with existing learngene approaches, our
method demonstrates notable improvements, achieving per-
formance gains of 3.1% on Oxford-IIIT PET (Parkhi et al.
2012) for the 8-layer configuration (55.07M) and 4.13% on

Flickr30k (Young et al. 2014) for the 12-layer configura-
tion (69.20M) compared to TLEG (Xia et al. 2024a). 2) Our
approach achieves comparable and sometimes superior per-
formance to the upper bound PT-FT (Pre-training and Fine-
tuning) baseline, surpassing it by 1.9% on Oxford-IIIT PET
and 3.65% on Flickr30k in the 12-layer setting (69.20M). 3)
Our method requires only around 25% of the parameter stor-
age of the PT-FT paradigm while enabling flexible model
initialization, which reduces around 2.8× pre-training costs
across different model scales.

These experimental results demonstrate our method’s ef-
fectiveness in extracting generalizable components from
CLIP that can be successfully applied across diverse down-
stream tasks.

Our main contributions are summarized as follows:
• Our work is the first to realize the significance of multi-

modal generalizable knowledge and explore it, which has
not been considered in previous Learngene studies.

• We introduce MM-LG, a novel framework for extracting
and expanding multimodal learngene from CLIP, which
captures both multimodal and unimodal generalizable
knowledge from CLIP.

• Extensive experiments show that MM-LG outperforms
existing learngene methods and achieves comparable or
superior results to the PT-FT paradigm across diverse
tasks storing only around 25% of the parameters without
repetitive pre-training.

Related Work
CLIP

Some previous multimodal works have investigated meth-
ods for establishing meaningful interactions between visual
and linguistic modalities (Li et al. 2023; Jia et al. 2021; Qiao
et al. 2024; Peng et al. 2025; Wu et al. 2025). CLIP (Radford
et al. 2021) pioneered the establishment of representational
relationships between images and text through contrastive
learning. Subsequently, some recent studies (Lai et al. 2023;
Zhang et al. 2024; Jiang et al. 2025; Li et al. 2025) have
delved further into extracting cross-modal commonalities
within the framework of CLIP. ALBEF (Li et al. 2021) pro-
posed cross-modal attention to align the image and text rep-
resentations with the fusion module. CLIP-CID (Yang et al.
2024b) adapted a cluster instance method to find common-
alities in multimodal data. CLIP-KD (Yang et al. 2024a) ex-
plored several techniques to enhance the performance and
efficiency of lightweight CLIP models through knowledge
distillation. Clipping (Pei et al. 2023) proposed a layerwise
alignment method to effectively transfer the knowledge from
a large pre-trained model to a smaller model. However, de-
spite the efforts of these methods in exploring the path to
model compression and performance improvement for CLIP
models, they face a significant challenge: when the scale
of downstream-task models varies, these methods invariably
require repetitive large-scale pre-training. Compared with
other works for CLIP, our work aims to explore multimodal
generalization ability, extracting the generalizable compo-
nents in CLIP and utilizing them to initialize diverse models
for downstream tasks.
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Figure 2: (a) Take a 12-layer auxiliary model for instance, during its construction, two groups of blocks θ1,θ2 are alternately
and repeatedly utilized. Each group is shared twice before switching to the other. For each vector in cLG, every scalar weight
element is shared twice before proceeding to the next one. (b) With the learngene group index and coefficient index selection
in the 12-layer auxiliary model eliminating repetitions, with well-extracted learngene, the modified index selection would serve
as a parameter-value initialization for a normal Transformer-based 6-layer vision descendant model.

Learngene
Learngene presents an innovative and effective approach

for extracting a compact yet information-rich component,
termed as learngene, from a well-trained large-scale model,
known as the Ancestry Model (Ans-Net). This learngene
is then utilized to initialize Descendant Models (Des-Nets)
of varying sizes. Several distinct methodologies have been
developed to implement this approach (Wang et al. 2024a,
2023; Feng, Wang, and Geng 2024; Xie et al. 2024; Lin
et al. 2024, 2025). He-LG (Wang et al. 2022) initially pro-
posed extracting higher-level network layers as the learn-
gene and integrating them with randomly initialized lay-
ers to construct Des-Nets. TLEG (Xia et al. 2024a) intro-
duced a method for learngene extraction and expansion us-
ing structures with linear constraints. LearngenePool (Shi
et al. 2024) employs a diverse strategy by extracting multiple
small models from the Ans-Net to form learngene instances,
which are then combined to create Des-Nets. SWS (Xia
et al. 2024b) constructs an auxiliary model with stage-wise
weight sharing to learn the learngene, which initializes Des-
Nets of varying sizes. Compared with previous methods, our
paradigm explores the multimodal generalizable knowledge
across modalities in CLIP, which is significant for initializ-
ing descendant models of varying sizes for both unimodal
and multimodal tasks.

Approach
Figure. 3 illustrates the pipeline of our proposed method,
which consists of two distinct stages. In the first stage, our
focus lies in extracting learngene from the ancestry model
with the auxiliary model. The auxiliary model is structured
with two groups of blocks and a series of coefficients, and
notably, these are referred to as learngene. For the second
stage, having successfully obtained the well-extracted learn-
gene from stage 1, we leverage it to obtain initial parameter
values for descendant models of varying sizes and diverse

modalities. Subsequently, we would delve into the details.

Construction of Auxiliary Model
We would delve into how to construct the auxiliary model

to extract multimodal learngene in CLIP. Given that CLIP is
a multimodal model with dual architecture, it follows that
the components of the learngene ought to incorporate at
least these two modalities. Additionally, in CLIP, there is
cross-modal interaction during contrastive learning based on
the outputs of these two encoders. Consequently, an addi-
tional multimodal part will be incorporated into our learn-
gene. To be more specific, our leargene consists of a block
part θLG and a coefficient part cLG, which are shared across
the auxiliary model. Here for model structure optimization
and facilitate harmonious interactions, θLG are divided into
2 groups θ1 and θ2, where θ1 = {θv

1,θ
l
1,θ

m
1 } and θ2 =

{θv
2,θ

l
2,θ

m
2 }. Here θv,θl,θm refer to the blocks for vision,

language and multimodal respectively and the subscript is
the group index. Each θ represents the entirety of weights
and biases of linear processes for multi-head self-attention
(MSA) and multi-layer perceptron (MLP) in a Transformer
layer (Vaswani et al. 2017). cLG consists of 3 parts cv, cl

and cm, where cm = {cmv, cml}. cv, cl, cmv, cml refer
to the coefficient vectors for vision, language, multimodal-
vision, and multimodal-language respectively with half the
length of the layer sequence.

Subsequently, we proceed to the construction part of the
auxiliary model, the details of which are illustrated in Fig-
ure. 2(a). During the process of constructing an auxiliary
model layer, two groups of blocks θ1,θ2 are used alternately
and repeatedly. That is, one group is shared twice and then
switched to the other, with them taking turns in this way.
For each vector in cLG, with its length half the number of
layers, every weight scalar element is shared twice prior to
the next one. Each time the group of learngene blocks and
the weight scalars are confirmed, a Transformer layer is con-
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Figure 3: The framework of our proposed method comprises two stages. In the first stage, we construct an auxiliary model
wherein the parameters of each layer are the weighted sum of a multimodal block and a unimodal block with learnable coef-
ficients, and we subsequently train it through distillation against the ancestry model. After obtaining learngene composed of
blocks and coefficients, in the second stage, we compute the initial parameter values for both unimodal and multimodal descen-
dant models of varying depths, which are fine-tuned for downstream tasks.

structed. For layer i in the vision encoder, the block group
index j and the coefficient index k could be worked out with
i and the mentioned arrangement. Considering parameters
P v

i in Transformer layer i, we have Eq. 1.

P v
i = cvk × θv

j + cmv
k × θm

j (1)

For layer i in the language encoder, we similarly have Eq. 2.

P l
i = clk × θl

j + cml
k × θm

j (2)

Take layer 6 for instance, the block group index is 2 and the
coefficient index is 3. Thus P v

6 for vision branch is P v
6 =

cv3 × θv
2 + cmv

3 × θm
2 while for language branch is P l

6 =

cl3 × θl
2 + cml

3 × θm
2 .

Except for the parameters referred above, other compo-
nents like Layer Normalization(LN) (Ba, Kiros, and Hinton
2016) part or Embedding part are not decomposed. The LN
part is shared in each Transformer layer.

Training of Auxiliary Model
To extract the learngene in CLIP, we take advantage of

knowledge distillation (Hinton, Vinyals, and Dean 2015) to
train the auxiliary model. Combined with the learngene and
components other than the learngene, a dual architecture
auxiliary model can already be established. Subsequently,
the output of this model can be exploited to conduct distilla-
tion on CLIP.

Before discussing the details, we abbreviate the auxil-
iary model as aux and the ancestry model as anc. As-
sume {(Ik, Tk)}|B|

k=1 is a mini-batch of image-text pair data,
with the vision and language encoders in the auxiliary
model faux

v (·) and faux
l (·), d-dimension features vauxk =

faux
v (Ik), sauxk = faux

l (Tk) are obtained. Subsequently, l2
normalization is applied for all features. Following the im-
plementation in (Radford et al. 2021), we firstly obtain the
pairwise cosine similarity logit logitaux

logitaux = V auxSaux⊤/τaux (3)

where V aux, Saux ∈ R|B|×d are feature batches for vision
and language while τaux is a learnable temperature. Sim-
ilarly, logitanc could be worked out where τanc is frozen.
Associated with the Cross-Entropy function CE(·) and an
identity matrix I ∈ R|B|×|B|, Contrastive Language-Image
Pre-Training would be performed with Eq. 4

LCLIP =
1

2
(CE(logitaux, I) + CE(logitaux⊤, I)) (4)

Except for LCLIP , the Cross-Entropy function is applied
for the distillation part. With the differences calculated, the
auxiliary model could effectively extract learngene from the
ancestry model. The Cross-Entropy function is performed
between two logits logitaux and logitanc

Li2t
dist = CE(logitaux, logitanc) (5)

Lt2i
dist = CE(logitaux⊤, logitanc⊤) (6)

Work out the average of them to get the distillation loss

Ldist =
1

2
(Li2t

dist + Lt2i
dist) (7)

Additionally, to balance LCLIP and Ldist, a loss weight λ
is used to integrate these two losses

Ltrain = LCLIP + λLdist (8)

Initialization of Descendant Models
For this part, we employ the extracted learngene to

make a initialization for parameter values in a unimodal
Transformer-based model or a normal CLIP model, as
shown in Figure. 2(b). We would discuss initializing a nor-
mal unimodal Transformer model and combining vision and
language parts for a normal CLIP model.

To initialize a unimodal Transformer descendant model,
components other than the learngene could be loaded di-
rectly like Embedding or LN. Similar to the process in aux-
iliary model construction, the key is to select the appropriate
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Method Layers MSCOCO (Lin et al. 2014) Flickr30k (Young et al. 2014)

I2T T2I I2T T2I
PT-FT

12

30.56 30.10 61.53 59.86
Scratch 0.46 0.54 0.29 0.49
He-LG (Wang et al. 2022) 1.70 1.54 3.45 3.25
TLEG (Xia et al. 2024a) 29.28 26.56 61.05 57.89
MM-LG (Ours) 33.06 31.48 65.18 65.18
PT-FT

8

28.74 27.50 58.28 57.20
Scratch 0.80 0.90 1.28 0.49
He-LG (Wang et al. 2022) 1.46 1.36 2.66 3.06
TLEG (Xia et al. 2024a) 27.22 24.94 57.30 55.23
MM-LG (Ours) 29.08 27.54 59.37 57.98
PT-FT

6

26.50 25.76 52.76 53.55
Scratch 0.84 0.50 0.39 0.59
He-LG (Wang et al. 2022) 1.30 1.34 2.96 3.25
TLEG (Xia et al. 2024a) 24.02 24.40 47.83 49.11
MM-LG (Ours) 25.20 23.54 51.09 52.17

Table 1: Performance of cross-modal retrieval on COCO and Flickr30k datasets.

learngene group and coefficients to calculate the parameter
values, which serves as a initialization for parameter values
in normal models. The selection for the learngene group and
coefficients is repetitive every 2 layers in Figure. 2(a). By
eliminating such repetitions, with the modified index selec-
tion in Figure. 2(b), the result obtained by the weighted sum-
mation of each layer can serve as a initialization for parame-
ter values in 6-layer descendant models. When constructing
a descendant model of n layers, with the initialized 6-layer
descendant model, we merely require to replicate each of the
first n− 6 layers once and then connect them in sequence to
accomplish the initialization. Take a 8-layer normal Vision
Transformer model (Dosovitskiy 2020) for instance, the first
2 layers of a 6-layer descendant model are replicated like
those in the auxiliary model and connected with the remain-
ing 4 layers to perform the 8-layer initialization.

Except for this parameter initialization, the LN part for
each layer is initialized with the weight-shared one we have
referred in Section for Construction of Auxiliary Model. Af-
ter a minor activation (Muralidharan et al. 2024) with a small
amount of data, the final model could be employed for fur-
ther fine-tuning in downstream tasks. More details about the
activation would be presented in Appendix.

Experiments
In this section, we mainly explore the following questions:
1. Whether MM-LG can handle multimodal downstream

tasks with the extracted learngene.
2. Whether MM-LG can handle unimodal downstream

tasks with the extracted learngene.
3. How MM-LG improves the efficiency.

Experimental Setup
Datasets. For the learngene extraction and the

pre-training, we utilize Conceptual Captions 12M

(CC12M) (Changpinyo et al. 2021) and Conceptual
Captions 3M (CC3M) (Sharma et al. 2018). MSCOCO (Lin
et al. 2014) and Flickr30k (Young et al. 2014) datasets are
employed for cross-modal downstream tasks. As for visual
tasks, we use CIFAR-100 (Krizhevsky, Hinton et al. 2009),
Food-101 (Bossard, Guillaumin, and Van Gool 2014), and
Oxford-IIIT PET (Parkhi et al. 2012) datasets.

Baselines. Scratch randomly initializes the weight and
trains on the downstream dataset. The PT-FT paradigm
(Pre-training and Fine-tuning) first conducts pre-training on
large-scale datasets and then performs fine-tuning on down-
stream datasets. The distillation paradigm(Hinton, Vinyals,
and Dean 2015) extends the PT-FT paradigm by integrat-
ing the pre-trained CLIP-ViT-B teacher model during pre-
training. We extend the He-LG (Wang et al. 2022) method
from unimodal to multimodal, and extract learngene from
a distilled ViT-S CLIP to initialize the downstream models.
Similarly, we extend TLEG (Xia et al. 2024a) to a multi-
modal model, impose linear constraints on each modality to
extract learngene and expand it in downstream tasks.

Training details. We follow the consistent training details
with CLIP-related works (Yang et al. 2024a; Ilharco et al.
2021; Cherti et al. 2023). Specifically, we extract a CLIP-
ViT-S-sized auxiliary model from the pre-trained CLIP-ViT-
B model, and then initialize descendant models following
the requirements of downstream tasks. The experiments run
over 8 Ascend 910B NPUs (64GB) hardware with RAM
1000GB. Please refer to Appendix for more details.

Cross-modal Retrieval
The results for the cross-modal retrieval task are shown in

Table 1, and it is apparent that our paradigm MM-LG could
handle this task with generalizable multimodal learngene.

Our framework has advantages under diverse layer set-
tings and dataset settings compared to other learngene
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Method Layers CIFAR100 Food101 PET
PT-FT

12

87.41 90.13 87.71
Scratch 71.08 75.76 32.71
He-LG 67.44 71.85 34.12
TLEG 86.34 89.24 87.14
MM-LG (Ours) 87.70 90.15 89.60
PT-FT

8

86.10 89.65 86.87
Scratch 66.81 73.39 30.55
He-LG 65.42 69.74 34.55
TLEG 85.15 88.59 84.34
MM-LG (Ours) 86.24 88.69 87.39
PT-FT

6

84.37 88.44 84.04
Scratch 67.78 73.64 29.03
He-LG 63.34 67.90 32.45
TLEG 83.79 86.75 82.24
MM-LG (Ours) 84.50 87.30 83.14

Table 2: Performance comparison across layers and methods
on CIFAR-100, Food-101, and Oxford-IIIT PET datasets.

paradigms. Retrieval tasks are hard to handle without a suf-
ficient initialization, thus downstream models trained from
scratch manifest poor performance. He-LG also exhibits in-
ferior performance since most layers in descendant mod-
els are directly trained without a sufficient initialization.
In contrast, TLEG demonstrates normal performance but
MM-LG presents substantially better performance than it.
Take the image-to-text retrieval task for instance, MM-LG
outperforms TLEG by 3.78%, 1.86% and 1.18% respec-
tively in the 12-layer, 8-layer and 6-layer settings on COCO,
while 4.13%, 2.07% and 3.26% in the same settings on
Flickr30k. This result emphasizes the significance of con-
structing a multimodal block in learngene explicitly, which
handles multimodal generalizable knowledge more effec-
tively than employing linear expansion in both encoders.

Compared with the upper bound, the PT-FT paradigm,
our framework surprisingly exceeds it by a margin of
2.50%, 0.34%, respectively in the 12-layer, 8-layer set-
tings on COCO, while 3.65%, 1.09% in the same settings
on Flickr30k. In the 6-layer setting, our paradigm achieves
comparable results merely with a slight decrease since the
PT-FT paradigm costs a lot for diverse model scales. The
results for the distillation paradigm are listed in Appendix.
Compared with these paradigms, MM-LG provides a su-
perior initialization of generalizable multimodal knowledge
without repetitive pre-training.

Image Classification
As illustrated in Table 2, merely applying part of the

learngene, our method could handle unimodal tasks with vi-
sion and multimodal generalizable components.

Despite the traditional unimodal task of image classifi-
cation, the performance demonstrated by different learn-
gene paradigms varies substantially. For this task, the ef-
fect of negative transfer (Wang et al. 2019) occurs to
He-LG. The trained parameters of the last three layers

Method LayersBLEU@4↑CIDEr↑ROUGE-L↑
PT-FT

12

38.37 53.90 44.44
He-LG 24.36 14.72 34.70
TLEG 40.19 56.33 45.39
MM-LG (Ours) 41.09 59.34 45.98
PT-FT

8

36.81 47.61 42.97
He-LG 23.01 11.25 33.62
TLEG 36.43 45.63 42.52
MM-LG (Ours) 38.99 53.28 44.74
PT-FT

6

36.54 44.51 42.67
He-LG 22.86 13.07 33.54
TLEG 33.69 39.87 41.20
MM-LG (Ours) 38.16 49.80 43.74

Table 3: Performance of image captioning on COCO.

of the ancestry model actually impair the performance of
the descendant models, whose performance is inferior to
that of the models trained from scratch on CIFAR-100
and Food-101. Compared with TLEG, across all layer set-
tings, MM-LG has an improvement of 0.7%∼ 1.4% on
CIFAR-100 and 0.1%∼ 1.0% on Food-101. Even with the
small-scale dataset Oxford-IIIT PET, MM-LG yet improves
2.46%, 3.05% and 0.90% gains over TLEG. It is adequately
demonstrated that MM-LG, while handling multimodal gen-
eralizable knowledge, effectively preserves unimodal gener-
alizable knowledge. These two components handle down-
stream unimodal tasks remarkably well through their coop-
eration.

Compared with the PT-FT paradigm, MM-LG surpasses
it by 0.29%, 0.02% and 1.89% on the listed datasets in the
12-layer configuration and achieves comparable results in
the other 2 layer settings. MM-LG even outperforms it by
0.52% on Oxford-IIIT PET in the 8-layer setting. The re-
sults for the distillation paradigm are listed in Appendix. It
is demonstrated that MM-LG has comprehensively extracted
the generalizable knowledge across all modalities in CLIP.

Image Captioning
We conduct the image captioning task following (Mokady

and Hertz 2021). After initializing the vision encoder, we
connect it with a lightweight Transformer-based mapping
network and the language model GPT-2 (Radford et al.
2019), subsequently training the mapping network with the
vision encoder and GPT-2 frozen. Since no more fine-tuning
is conducted for the vision part, models trained from scratch
would not participate in the performance comparison.

The results are demonstrated in Table 3. Compared with
other learngene paradigms, our method has achieved a sig-
nificant advantage in this task. We apply BLEU (Papineni
et al. 2001), CIDEr (Vedantam, Zitnick, and Parikh 2015)
and ROUGE-L (Lin and Och 2004) for evaluation metrics.
Taking BLEU for example, MM-LG has an improvement
of 16.73, 15.98, 15.30 over He-LG in the 12-layer, 8-layer
and 6-layer settings, and surpasses TLEG by 0.90, 2.56,
4.47 in the same settings. Our method also surpasses these
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Method Params(M)GPU-hours(H)Avg Acc(%)
PT-FT 151.4 1142.4 57.52
He-LG 10.7 459.6 3.02
TLEG 30.3 457.5 55.39
MM-LG (Ours) 37.4 407.8 58.55

Table 4: Performance of storage efficiency, training costs
and the average image-to-text accuracy on Flickr30k.

paradigms for the other two matrices by a large margin in di-
verse layer settings. Although other learngene paradigms ex-
tract generalizable knowledge to some extent in CLIP, they
are less comprehensive than MM-LG in exploring multi-
modal generalizable knowledge.

To our surprise, MM-LG outperforms the PT-FT
paradigm in all layer settings in this task. Especially for the
CIDEr metric, MM-LG significantly improves 5.44, 5.67,
5.29 gains over the PT-FT paradigm even though it has suf-
ficient pre-training in all layer settings. The results for the
distillation paradigm are listed in Appendix. Compared to
the these paradigms, MM-LG acquires sufficient extraction
before downstream tasks, which is more specific to multi-
modal and unimodal generalizable knowledge than repeti-
tive pre-training with large-scale image-text pairs of data.

Efficiency
Table 4 presents the storage efficiency and the training

costs before conducting downstream tasks and the aver-
age image-to-text performance on Flickr30k for the PT-FT
paradigm and Learngene paradigms. Compared with the
PT-FT paradigm, within the aspect of storage, our method
merely requires 37.4M of parameter storage while the PT-
FT paradigm requires 151.4M for three scales of models.
We have achieved a reduction of approximately 75% in stor-
age. Furthermore, for training costs our paradigm demands
407.8 GPU-hours to accomplish the learngene extraction. In
contrast, the PT-FT paradigm demands 1142.4 GPU-hours,
nearly 2.8× of ours because it demands a total pre-training
for each model scale requirement.

Besides, MM-LG’s average performance outperforms the
PT-FT paradigm by 1.03%. The results for the distillation
paradigm are listed in Appendix. This metric significantly
highlights the superiority of MM-LG in efficiency that this
paradigm eliminates the need for repetitive pre-training for
diverse model scales while effectively extracting the gener-
alizable components in CLIP.

In comparison with the previous Learngene paradigms,
the training costs are analogous to theirs since Learngene
paradigms need merely a single extraction procedure be-
fore downstream tasks. The parameter storage for MM-LG
is marginally larger due to the demand for preserving both
multimodal and unimodal generalizable knowledge, leading
to superior downstream performance.

Ablation Study
In the introduction section, it has been analyzed that there

are a multimodal block, unimodal blocks and corresponding

Method Layers Flickr30k CIFAR-100
I2T T2I

w/o MM
12

23.47 22.88 78.11
only MM 23.37 22.98 81.15
MM-LG 65.18 65.18 87.70
w/o MM

8
18.34 19.23 78.15

only MM 18.44 19.13 78.81
MM-LG 59.37 57.98 86.24
w/o MM

6
13.12 13.12 75.11

only MM 12.92 13.81 76.79
MM-LG 51.09 52.17 84.50

Table 5: Ablation study on cross-modal retrieval Flickr30k
dataset and image classification CIFAR-100 dataset.

coefficients extracted in the first stage, representing the gen-
eralizable components for multimodal and unimodal modal-
ities respectively. We conduct this ablation to verify whether
the superior performance of MM-LG is due to one general-
izable component alone or their collaboration.

The results are shown in Table 5, where ”w/o MM” de-
notes initializing descendant models without the extracted
multimodal part and ”only MM” denotes initializing descen-
dant models without the extracted unimodal part. For down-
stream multimodal tasks, we take image-to-text retrieval on
Flickr30k for instance, MM-LG surpasses them by a large
margin of about 42%, 41%, 38% in the 12-layer, 8-layer,
6-layer settings accordingly, while for unimodal tasks, we
outperform them by about 8%, 8%, 9% on CIFAR-100 in
the same layer settings. It is manifest that these two gener-
alizable components are required to perform in concert, co-
herent with the cross-modal generalization ability in CLIP.

Conclusion
In this paper, inspired by employing a multimodal block to
preserve multimodal generalizable knowledge in CLIP, we
propose a novel and effective learngene extraction method,
termed as MM-LG. MM-LG is capable of extracting the
generalizable knowledge in both multimodal and unimodal
modalities from the learngene extraction stage, initializ-
ing descendant models for diverse downstream scenarios
with different depth and modality requirements. The exper-
imental results verify that MM-LG surpasses other learn-
gene paradigms and achieves comparable or superior perfor-
mance to the pre-training and fine-tuning paradigm without
repetitive pre-training.
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