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Abstract

Pre-trained Vision Transformer (ViT) models have achieved
impressive performance across various computer vision tasks.
However, most existing pre-trained models are built on fixed
datasets and lack the flexibility to incorporate new pre-training
data. When additional data becomes available, previous mod-
els must typically be retrained on both old and new data,
which is costly and impractical, especially in privacy-sensitive
or resource-constrained environments. Moreover, direct fine-
tuning on downstream tasks does not provide mechanisms to
adapt to the specific data distributions of those tasks, and it
only supports fixed model sizes. To address these challenges,
we propose Adaptive-Learngene, a novel framework in which
the ancestry model is trained solely on newly available data,
and a new component, termed a learngene, is extracted and
added to a global learngene pool that expands incrementally.
This design enables a dynamically evolving pool of learngenes
without requiring access to previous data. For each new down-
stream task, the Task-Adaptive Learngene Selector (TALS)
retrieves a sparse combination of learngenes that best match
to the data distribution of the target task. TALS requires only a
small amount of downstream data for this selection, enabling
descendant models of different sizes to be efficiently initialized
and tailored to specific data distributions and resource con-
straints. Extensive experiments on diverse downstream tasks
demonstrate that our method matches or outperforms existing
approaches while offering superior scalability, adaptability,
and efficiency in dynamic learning environments.

Introduction
Pre-trained Vision Transformer (ViT) models have achieved
remarkable success in various computer vision tasks, includ-
ing image classification (Alexey 2020; Chen, Fan, and Panda
2021), segmentation (Strudel et al. 2021; Wu et al. 2025a),
and detection (Zhang et al. 2021; Fang et al. 2021; Lin et al.
2024a). Model compression methods (Xu and McAuley 2023;
Wang et al. 2024c; Zhang, Zhan, and Ye 2025) enable these
models to be deployed on resource-constrained downstream
tasks. However, both pre-training/fine-tuning and compres-
sion methods share core limitations: they are developed under
the assumption of a static data environment, and each train-
ing yields only a single model with a fixed architecture and
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size. In dynamic real-world settings such as edge computing,
where new pre-training data and downstream tasks continu-
ously emerge, adapting to these changes typically requires
retraining the model on both old and new data, followed by
repeated compression or fine-tuning to obtain a new model
of the desired size. This process incurs substantial computa-
tional overhead and hinders flexible deployment.

To address these challenges, the Learngene frame-
work (Wang et al. 2022, 2023) is introduced, drawing in-
spiration from biological inheritance mechanisms in which
genes encode and transmit the experiences of ancestors to
their descendants. Within this paradigm, inheritable knowl-
edge units, termed learngenes, are extracted from an ancestry
model and used to initialize smaller descendant models of
varying sizes for downstream tasks. A variety of methods
have been explored for defining and extracting learngenes,
often corresponding to different network modules and in-
heritance strategies. For instance, Heur-Learngene (Wang
et al. 2022) heuristically selects the final layers of the an-
cestry model as learngenes based on gradient analysis and
combines them with randomly initialized lower layers. Learn-
gene Pool (Shi et al. 2024) distils multi-scale transformer
layers into a learngene pool from which descendant models
are assembled by stitching. PEG (Wang et al. 2024a) applies
probabilistic sampling over self-attention and feed-forward
to construct learngenes, followed by non-linear mapping to
initialize descendant models.

Although existing learngene-based methods can generate
descendant models of varying sizes to accommodate different
computational resources, they still share a key limitation: the
fixed, pre-trained model is used as the ancestry model which
is trained on a static dataset. In practice, the data available
for pre-training evolves over time. When new datasets arrive,
the ancestry model must be retrained on both the new and
previous data, followed by re-extraction of learngenes to up-
date the model parameters (see Figure 1a). This process is
computationally expensive and impractical, particularly in
dynamic or privacy-sensitive environments. Furthermore, cur-
rent methods lack effective mechanisms for selecting learn-
genes that are well aligned with the data distribution of new
downstream tasks, often resulting in suboptimal descendant
model initialization and degraded task performance.

To overcome these challenges, we propose Adaptive-
Learngene, a framework that enables the continual evolution
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Figure 1: (a) Existing methods: Most use a fixed pre-trained ancestry model. When new data arrives, the model must be retrained
on both previous and new data, followed by re-extraction of learngenes. (b) Adaptive-Learngene (ours): The ancestry model is
trained only on the current data to extract new learngenes, which are added to the learngene pool. The descendant models can be
initialized by selectively combining learngenes, enabling efficient adaptation to downstream tasks.

of the learngene pool in response to dynamically arriving
datasets and supports data distribution-aware initialization
of descendant models. As illustrated in Figure 1b, our ap-
proach trains the ancestry model exclusively on each newly
available dataset, extracting the corresponding learngenes
and adding them to a global learngene pool. This design
allows the pool to be dynamically expanded with new knowl-
edge without revisiting or storing previous data. When a new
downstream task arises, descendant models are initialized
by selectively retrieving relevant learngenes from the learn-
gene pool, providing tailored initialization strategies for the
specific requirements of the task.

Our method builds on recent findings (Lin et al. 2024c)
demonstrating that ViT layers can be linearly decomposed
into shared modular components across all layers. Leveraging
this insight, we design the ancestry model architecture to
flexibly incorporate new components into each layer as new
data become available. This expandable structure enables
the effective learning of new knowledge as learngenes. After
training, the newly extracted learngenes are added to the
learngene pool, which accumulates knowledge from previous
and new data and can be used to initialize descendant models.

To facilitate data-aware initialization, we introduce the
Task-Adaptive Learngene Selector (TALS). TALS selects
a sparse, relevant subset of learngenes from the pool based
on a reward-driven mechanism that considers: (1) alignment
of selected learngenes with the data distribution of the down-
stream task to improve the performance, and (2) a sparsity
constraint to ensure efficiency. Notably, TALS requires only
a small amount of downstream data to identify suitable learn-
genes. This allows for flexible and efficient adaptation of
the descendant models to different downstream applications,
providing a trade-off between accuracy and resource cost.

In summary, the main contributions of this work are:

• We propose an expandable ancestry model framework
that can be trained on the current dataset to extract new
learngenes, without requiring retraining on previous data.

• We develop a dynamic selection mechanism, TALS, that
adaptively selects a subset of task-relevant learngenes to

achieve computational efficiency. For example, selecting
only 1 out of 10 learngenes on CIFAR10 achieves 95% of
the full model’s performance.

• Extensive experiments across diverse tasks validate that
descendant models initialized using our method achieve
comparable or superior performance to traditional ap-
proaches, demonstrating the generalizability and scala-
bility of Adaptive-Learngene.

Related Work
Model Initialization Model initialization (Zhou 2016;
Zhou and Tan 2024) plays a pivotal role in deep neural net-
work training by influencing convergence and generalization.
Classic schemes like Xavier (Glorot and Bengio 2010) and
Kaiming (He et al. 2016) ensure stable gradient flow dur-
ing early training. More recent approaches leverage large
pre-trained models (He et al. 2020; Zhang et al. 2023; Yao,
Zhang, and Xu 2025) to transfer general knowledge and pro-
vide strong starting points for downstream tasks.

However, pre-trained models are typically large and in-
flexible, limiting their applicability in dynamic or resource-
constrained scenarios. Model compression techniques such
as pruning, quantization, and knowledge distillation (Xu and
McAuley 2023; Zhu et al. 2024; Peng et al. 2025) reduce
model size but produce static models tied to specific datasets.
Parameter-efficient tuning methods (Hu et al. 2021; Houlsby
et al. 2019; Wu et al. 2025b; Lin et al. 2024b) reduce adap-
tation overhead but still depend on fixed backbones. When
new pre-training data becomes available, existing approaches
require retraining the model on the combined old and new
data, followed by compression to transfer updated knowledge
to downstream tasks.

These limitations highlight the need for more flexible ini-
tialization strategies that enable efficient training only on
new data, without access to previous datasets, and support
adaptable model sizes for downstream deployment.

Learngene The Learngene paradigm (Wang et al. 2022,
2023) extracts inheritable knowledge from an ancestry model
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Figure 2: Framework. The ancestry model is trained incrementally across streaming datasets. For each dataset, a new learngene
is introduced and shared across all layers of the model, with previous learngenes kept fixed. The parameters of each layer are
represented as a polynomial-weighted linear combination of all accumulated learngenes. After training, the new learngene is
added to a global learngene pool. When a downstream task arises, the Task-Adaptive Learngene Selector (TALS) selects a sparse
combination of learngenes to initialize the descendant model, following the same composition method as in the ancestry model.

as learngenes to efficiently initialize smaller descendant mod-
els of various sizes. TLEG (Xia et al. 2024) employs an aux-
iliary model to identify learngenes from a fixed pre-trained
transformer, while Learngene Pool (Shi et al. 2024) distills
layers of different scales into a pool, enabling descendant
models to be assembled by stitching together learngenes.
Cluster-Learngene (Wang et al. 2024b) clusters attention
heads and feed-forward networks as learngenes based on
representational similarity and uses for descendant model
initialization.

Although effective for knowledge transfer, these methods
rely on the static, pre-trained ancestry model. When new
data becomes available, updating learngenes requires full
retraining of the ancestry model and re-extraction, which is
computationally expensive. Furthermore, descendant models
are constructed in a task-agnostic manner, without consider-
ing the specific data distributions of downstream tasks.

In contrast, our Adaptive-Learngene framework enables
the ancestry model to learn from new datasets and extract
corresponding learngenes without accessing previous data.
These learngenes are added to a global pool that accumu-
lates knowledge from all data and supports initialization of
descendant models. For each downstream task, TALS selec-
tively combines relevant learngenes to construct a tailored
descendant model, enabling task-aware initialization.

Method
We propose Adaptive-Learngene, a framework with two key
components: (1) an expandable ancestry model that learns
from new data and extracts new learngenes without accessing
previous data, while preserving existing learngenes; and (2)
a Task-Adaptive Learngene Selector (TALS) that identifies

optimal combinations of learngenes to initialize descendant
models, as illustrated in Figure 2. We first describe the train-
ing and structure of the ancestry model, followed by the
learngene selection strategy and the initialization of descen-
dant models.

Expanding the Ancestry Model via Learngenes
To support dynamic training data environments, the ancestry
model is expanded and trained only on newly arriving data.
For each new dataset, a data-specific learngene is extracted
to capture new knowledge and added to a global learngene
pool. This approach enables continuous accumulation of
knowledge while preserving previously acquired information
without revisiting previous data.

The Structure of the Ancestry Model To facilitate learn-
ing in dynamic environments, we design the ancestry model
as an expandable Vision Transformer (ViT) architecture that
is continuously trained on new data. Inspired by (Lin et al.
2024c), which shows that each ViT layer can be represented
as a linear combination of shared components across all lay-
ers. We extend this idea by adding a new cross-layer shared
component to each layer of the ancestry model whenever new
data arrives. This component is used to learn about the new
dataset and serves as a dataset-specific learngene.

Formally, for the first dataset, a single learngene θlg1 is
initialized and used across all layers:

Θl = a(l, 1) · θlg1 . (1)

When the second new dataset arrives, a new learngene θlg2 is
added to each layer. The parameters are then represented as:

Θl = a(l, 1) · θlg1 + a(l, 2) · θlg2 . (2)

23578



This process continues iteratively for each new dataset. At
n-th dataset, the layer parameters become:

Θl =
N∑

n=1

a(l, n) · θlgn , (3)

where θnlg is the n-th learngene and a(l, n) is the predefined
coefficient for layer l. Each learngene corresponds to a full
ViT block, including Multi-Head Self Attention (MHSA),
Feed-Forward Network (FFN), and Layer Normalization.

Training of Learngenes When a new dataset arrives, the
ancestry model is expanded by adding a new learngene while
keeping all previously learned learngenes fixed. For the first
dataset, the ancestry model is initialized with a single learn-
gene θ1lg and optimized using standard cross-entropy loss:

LCE = − 1

N

N∑
i=1

C∑
c=1

yi,c log(ŷi,c), (4)

where N is the number of training data, C is the number
of classes, yi,c is the one-hot label, and ŷi,c is the predicted
probability.

For each new dataset, a new learngene θnlg is introduced
and optimized, while all existing θ1lg, . . . , θ

n−1
lg are frozen.

This procedure ensures that only the new learngene adapts
to the current dataset, while previous learngenes retain previ-
ously acquired knowledge. After training, the newly added
learngene is stored in the global learngene pool.

By continually expanding the model with modular and
dataset-specific learngenes, the ancestry model achieves
incremental training without the need to access previous
data, effectively addressing scalability and privacy concerns.
Therefore, the accumulated learngene pool maintains knowl-
edge of all datasets and provides a robust basis for initializing
downstream descendant models.

Learngene Selection and Descendant Initialization
After constructing the learngene pool, the next step is to
identify an optimal subset of learngenes to initialize a data-
aware descendant model. Instead of heuristically reusing
all extracted learngenes, we propose a learning-based selec-
tion strategy called the Task-Adaptive Learngene Selector
(TALS). TALS is designed to select a subset of learngenes
that balances task accuracy and model efficiency.

TALS is implemented as a policy network that generates
a binary vector G ∈ {0, 1}N , indicating which of the N
learngenes are selected. The goal is to learn a policy that
maximizes task-specific accuracy while minimizing the num-
ber of active components, which is essential for adapting to
downstream tasks with varying resource constraints.

To address issues of reward discontinuity and optimization
instability, we adopt a smooth reward function inspired by the
focal loss (Lin et al. 2017). Specifically, for a given selection
G and data point (xi, yi), the reward is defined as:

r(G|(xi, yi)) = (1−pyi
(xi; θG))

γ ·log(pyi
(xi; θG))−λ·∥G∥1,

(5)
where pyi

(xi; θG) denotes the softmax probability assigned
to the ground-truth label yi by the model initialized with

the selected learngenes G. The first term promotes confident
and correct predictions while emphasizing hard examples;
the second term penalizes the number of selected modules,
encouraging sparsity. Here, γ > 0 controls the modulation
strength, and λ trades off sparsity against accuracy.

We optimize the TALS policy using the REINFORCE
algorithm (Williams 1992), a Monte Carlo policy gradient
method. Let πϕ(G) denote the selection policy parameterized
by ϕ. The optimization objective is to maximize the expected
reward:

J(ϕ) = EG∼πϕ[r(G)] (6)

with gradient estimated by:

∇ϕJ(ϕ) = EG∼πϕ [∇ϕ log πϕ(G) · (r(G)− b)] (7)

where b is a moving average baseline used to reduce variance.

Initialization of descendant models Once TALS selects
a data-aware subset of learngenes G, the descendant model
is constructed using the same compositional principle as the
ancestry model. Formally, for each transformer layer l, the
layer parameters Θl are computed as:

Θl =

N∑
n=1

Gn · a(l, n) · θlg
n , (8)

where Gn ∈ {0, 1} indicates whether the n-th learngene
is selected, a(l, n) is the predefined polynomial coefficient
associated with layer l and learngene n.

This initialization enables descendant models to inherit
knowledge from the ancestry model without requiring access
to previous datasets. After initialization, the descendant mod-
els can be trained using two methods, similar to the methods
proposed in (Lin et al. 2024c). The first one uses Equation 8
solely for initialization, then each layer are updated indepen-
dently without adhering to the initial constraints. The second
one maintains the constraints of Equation 8 during training,
updating only the parameters of the learngenes used for ini-
tialization. This flexibility allows the descendant model to
adapt to various computational budgets and generalization
requirements in downstream tasks.

Experiment
Experimental Setup
Datasets. The ancestry model is trained on ImageNet-
1K (Deng et al. 2009), which contains 1.2 million training
and 50,000 validation images across 1,000 classes. To simu-
late a dynamic learning environment, we randomly partition
the dataset into 10 non-overlapping subsets, each containing
100 classes. And the order is fixed across runs to emulate a
consistent streaming setup.

To evaluate the transferability and generalization of learn-
genes, we fine-tune descendant models on a range of
downstream tasks spanning different domains: (1) fine-
grained classification: Oxford Flowers (Nilsback and Zis-
serman 2008), Stanford Cars (Gebru et al. 2017), and
Food101 (Bossard, Guillaumin, and Van Gool 2014);
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Model Method iNat-2019 CIFAR100 CIFAR10 Food-101 Stanford Cars Flowers

Tiny

Pre-Fine 58.12 80.81 96.65 83.24 75.71 84.79
From Scratch 37.16 67.44 88.30 61.54 67.32 68.82

Heur-Learngene 41.55 70.19 91.66 72.54 70.68 78.67
Auto-Learngene 52.46 75.83 93.02 79.12 74.20 80.84

PEG 56.80 79.85 96.33 85.37 71.75 87.85
TLEG 55.64 78.66 95.32 82.80 - -

Adapt-Learngene 58.74 (↑ 21.58) 80.03 (↑ 12.59) 96.76 (↑ 8.46) 86.12 (↑ 24.58) 78.57 (↑ 11.25) 82.62 (↑ 13.80)

Small

Pre-Fine 68.48 84.43 97.59 87.80 86.81 91.13
From Scratch 50.79 73.32 92.49 74.64 71.63 72.91

Heur-Learngene 53.21 78.13 93.12 77.09 81.52 82.84
Auto-Learngene 59.92 79.49 93.58 80.25 84.98 87.02

PEG 67.73 83.59 97.38 87.15 82.57 91.01
TLEG 66.70 83.64 97.68 87.27 - -

Adapt-Learngene 69.11 (↑ 18.32) 84.06 (↑ 10.74) 97.88 (↑ 5.39) 87.21 (↑ 12.57) 86.82 (↑ 15.19) 89.59 (↑ 16.68)

Table 1: Comparison of different methods on different classification datasets. All models are based on the Deit-Tiny and
DeiT-Small and the number of parameters is the same for all methods. In the Adaptive-Learngene column, the bolded results
indicate that our method outperforms the baseline Learngene methods. The arrows indicate the performance improvement over
“From Scratch”. And “-” in TLEG indicates that the corresponding dataset was not included in the original paper.

(2) general object classification: CIFAR-10 and CIFAR-
100 (Krizhevsky, Hinton et al. 2009); (3) large-scale classifi-
cation: ImageNet-1K; (4) long-tailed recognition: iNaturalist-
2019 (iNat-2019) (Zhou et al. 2020); (5) semantic segmenta-
tion: ADE20K (Zhou et al. 2017). This diverse benchmark
allows us to evaluate both in-domain and cross-domain gen-
eralization capabilities of the proposed method.
Training Settings. The ancestry model is trained for 300
epochs per dataset subset. Descendant models are fine-tuned
for 50 epochs on ImageNet-1K and 500 epochs on other
classification datasets, except iNat-2019 (100 epochs, follow-
ing (Wang et al. 2024a)). For ADE20K, models are trained
for 50 epochs. In ablation studies, all descendant models are
trained for 100 epochs for consistency.

For TALS, we sample 10% of the downstream task’s train-
ing set as the reward evaluation set to estimate the data dis-
tribution. We set the parameter γ = 2.0 and the sparsity
trade-off coefficient λ = 0.01. A moving average baseline is
used to reduce the variance of the gradient.
Architectures. We adapt DeiT (Touvron et al. 2021) as the
backbone for both ancestry and descendant models, includ-
ing DeiT-Tiny/-Small/Base variants. Each learngene corre-
sponds to a transformer block (comprising MSA, FFN, and
MLP modules). Descendant models are composed of variable-
depth stacks of such blocks, initialized by learngenes selected
from the learngene pool by TALS. To further validate the
generality of our method, we also conduct experiments on
the Swin Transformer (Liu et al. 2021) as backbone.
Baselines. We compare our method with the following rep-
resentative baselines: (i) From-Scratch: The model is ran-
domly initialized and trained directly on the downstream
datasets. (ii) Pre-Fine: The DeiT model is pre-trained on
the full ImageNet-1K and fine-tuned on each downstream
task. (iii) Heur-Learngene (Wang et al. 2022): Learngenes
are defined as the last three blocks of a pre-trained ancestry
model, and combined with randomly initialized lower layers.
(iv)Auto-Learngene: The layers treated as learngene are ex-

tracted from the ancestry model by meta learning, and then
stacked with randomly initialized higher layers to initialize
the descendant models. (v) PEG (Wang et al. 2024a): Learn-
genes are sampled via a probabilistic mixture of MSA and
FFN layers from the ancestry model. (vi) TLEG (Xia et al.
2024): An auxiliary model is trained via distillation to extract
learngenes, which are then used to initialize the descendant
model. All baselines follow their original hyperparameter
settings.

Results and Analyses
In this section, we first compare the descendant models ini-
tialized using our method with several baselines, includ-
ing pre-trained models, learning from scratch, and previous
learngene-based methods, on various downstream datasets.
In addition, we perform ablation studies to validate the ef-
fectiveness of the learngene combinations selected by the
proposed Task-Adaptive Learngene Selector.

Flexibility and Effectiveness of Descendant Models
Downstream applications often require descendant models
of varying scales to meet resource constraints. To evaluate
the flexibility of our framework, we construct descendant
models of different depths by learngenes selected from the
global pool and fine-tuning them on the full ImageNet-1K.
We experiment with DeiT-Tiny, DeiT-Small, and DeiT-Base
backbones under multiple layer configurations. Table 2 re-
ports comparisons with From-Scratch, PEG, and TLEG. Our
method consistently outperforms all baselines across 13 con-
figurations. In particular, for the 9-layer DeiT-Small model,
it achieves a 7% gain over training from scratch.

These results show that our method effectively inherits
knowledge from the continually trained ancestry model and
enables strong initialization even for computationally con-
strained descendant models. Unlike methods that rely on stat-
ically pre-trained ancestry models, our adaptive framework
evolves with incoming data, improving adaptability to dis-
tribution shifts. Moreover, descendant models can be assem-
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Figure 3: Convergence comparison between Adapt-Learngene and From-Scratch training on DeiT and Swin-Transformer. Each
plot shows model accuracy over epochs.

Model L From-Scratch PEG TLEG Ours

Tiny
6 58.16 57.92 58.2 58.43
9 60.58 60.45 62.5 62.65

12 61.44 61.55 65.4 65.68

Small
6 64.91 64.94 69.5 70.21
9 67.02 69.49 73.2 74.22

12 68.56 70.24 75.1 75.92

Base

6 73.73 73.98 76.2 76.67
7 74.42 74.63 77.3 77.72
8 76.14 76.19 78.1 78.41
9 76.46 76.82 78.7 79.00

10 76.81 76.95 79.1 79.22
11 77.03 77.16 79.6 79.89
12 77.22 77.39 79.9 79.99

Table 2: Comparison with different methods on the
ImageNet-1K. The first column is the model type (DeiT-
Tiny/Small/Base), while the second column is the number of
layers. The “From Scratch” method, the models are trained
for 100 epochs following the settings in (Wang et al. 2024a).

bled directly from learngenes, without additional full-model
training, enabling efficient deployment without additional
full-model training.

Generalization of Learngene Across Image Classifica-
tion and Segmentation Tasks To evaluate whether the
learngenes extracted from the ancestry model can gener-
alize across different data domains and tasks, we evaluate
learngenes-initialized descendant models on a variety of clas-
sification and segmentation datasets.
Image Classification Task. We evaluate our method on six
classification datasets, comparing it against a diverse set of
initialization baselines: (i) From-Scratch, (ii) Pre-Fine, and
(iii) Learngene-based methods including Heur-Learngene,
Auto-Learngene, PEG, and TLEG. We use both DeiT-Tiny
and DeiT-Small as backbones with the same parameter and
training settings across all methods.

As shown in Table 1, Adapt-Learngene consistently outper-
forms From-Scratch, Heur-Learngene, and Auto-Learngene
by a large margin. On iNat-2019, it achieves over 21% im-
provement (Tiny) and 18% (Small) over From-Scratch. Com-
pared with PEG and TLEG, Adapt-Learngene performs better
or comparably in most cases. Remarkably, it also matches or
exceeds Pre-Fine, which is pretrained on full ImageNet and
thus serves as an upper bound. These results highlight the
generalizability of learngenes extracted from our continually

Method Pre-Fine Heur-LG PEG Adapt-Learngene
mIoU 47.08 40.12 48.30 55.63

Table 3: Comparison with baselines on the ADE20K dataset.
The table reports the mean Intersection over Union (mIoU)
scores for each method.

trained ancestry model. Without revisiting previous datasets,
our method yields highly effective data-aware initialization,
offering clear advantages in dynamic or privacy-constrained
learning scenarios.
Image Segmentation Task. To assess the applicability of
our method, we evaluate cross-task generalization on the
ADE20K semantic segmentation benchmark. We adopt the
Segmenter architecture (Strudel et al. 2021) and replace
its ViT encoder layers with those composed of learngenes
from learngene pool. The segmentation decoder (mask trans-
former) is randomly initialized and trained from scratch.

We compare our method against Pre-Fine, Heur-
Learngene, and PEG. All models are trained for 50 epochs
under the same configuration. As reported in Table 3, our
method achieves the highest performance with 55.63 mIoU,
surpassing PEG by 7.3 points and outperforming Pre-Fine
by 8.5 points. These results confirm the strong cross-task
generalization capability of the learngene pool and highlight
the benefit of incremental training of the ancestry model in
producing robust and transferable learngenes.

Faster Convergence To further evaluate the efficiency
of our method during training, we compare the conver-
gence speed of models initialized with our Adapt-Learngene
method against those trained from scratch. As shown in Fig-
ure 3, descendant models initialized with selected learngenes
reach high accuracy significantly faster than those trained
without initialization.

For instance, on the CIFAR100 dataset with a DeiT-Base
backbone, our method achieves 84.67% accuracy within
100 epochs, while the scratch-trained model requires nearly
300 epochs to reach comparable performance—yielding a
7.5× speedup. Similarly, on Swin-Tiny for CIFAR100, our
method achieves over 85% accuracy eight times faster than
the baseline. These consistent improvements across datasets
and architectures demonstrate that Adapt-Learngene not only
improves generalization but also dramatically accelerates
training, making it highly suitable for scenarios with limited
compute budgets or time constraints.
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Figure 4: Ablation Study. All models are based on the DeiT-Base/Small initialized with 5 learngenes. “Random-Select” is
repeated five times, with shaded areas indicating the standard deviation.

Ablation Study on the Selection of Learngenes
To further evaluate the effectiveness of the TALS-selected
learngene combinations, we conduct two ablation studies.
The first compares descendant models initialized with learn-
gene combinations selected by TALS to those initialized with
randomly selected learngenes (Random-Select) and those
trained from scratch. The second investigates how many
learngenes are required to achieve 95% of the performance
of descendant models initialized with all learngenes.

Effectiveness of Learngenes Selected by the TALS Model
To assess the effectiveness of TALS in selecting informa-
tive learngene subsets, we conduct an ablation experiment
where each descendant model is initialized with 5 learngenes
selected from a pool of 10. We compare TALS with a ran-
dom selection strategy (“Random-Select”) where each ran-
dom selection is repeated five times. As shown in Figure 4,
our method significantly outperforms those initialized with
“Random-Select” and the models learning from scratch. In
addition, the “Random-Select” method shows high variability
in performance, with a variance of 18 on CIFAR10. More-
over, on Flowers102, the random strategy performs even
worse than training from scratch, underlining its instability.
In contrast, TALS maintains performance close to using all
learngenes, demonstrating its ability to identify data-aware
learngenes that enable efficient and robust initialization.

In practical scenarios with limited computational budgets,
the selection of a minimal but effective subset of learngenes
is critical. TALS is designed to identify such subsets by bal-
ancing data awareness and sparsity. As shown in Table 4,
descendant models achieve at least 95% of the performance
of models initialized with the full learngene pool, while using
only a fraction of the components. For example, on CIFAR-10
with the DeiT-Small architecture, selecting 3 out of 10 learn-
genes achieves 98.33% of the full accuracy while reducing

Model Metric CIFAR10 CIFAR100 Food-101 iNat-2019

Small
All 95.79 82.59 87.42 70.96

Num 3 4 3 3
Ours 94.19 79.49 85.44 67.48

Base
All 98.12 85.88 88.66 73.12

Num 1 2 2 3
Ours 97.05 83.48 87.99 71.89

Table 4: The results of the number of learngenes selected and
the accuracy of the models, achieving an overall accuracy of
95% of the descendant models initialized by all learngenes.

the number of parameters from 22M to about 6.6M, saving
nearly 70% of the model size. Similarly, under the DeiT-
Base architecture, selecting only one learngene maintains
over 95% of the full accuracy while reducing the parameter
count from 86M to approximately 8.6M, achieving a 90% re-
duction. These results demonstrate that TALS can effectively
identify highly task-relevant learngenes, enabling efficient
model initialization with a significant reduction in parameter
footprint without sacrificing accuracy.

Conclusion
We present Adaptive-Learngene, a biologically inspired
framework enabling continual expansion of knowledge and
task-aware initialization. An expandable ViT serves as the an-
cestry model to integrate new data while preserving prior
knowledge, forming a modular learngene pool. The pro-
posed Task-Adaptive Learngene Selector selects sparse, task-
relevant learngenes to balance performance and efficiency.
Together, these components support scalable, flexible, and
data-aware model initialization, offering an effective solution
for dynamic and resource-constrained learning environments.
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