ECO: Evolving Core Knowledge for Efficient Transfer

Fu Feng'? Yucheng Xie'> Ruixiao Shi'?> Jianlu Shen'> Jing Wang'* Xin Geng'->*
!School of Computer Science and Engineering, Southeast University, Nanjing, China
ZKey Laboratory of New Generation Artificial Intelligence Technology and Its Interdisciplinary
Applications (Southeast University), Ministry of Education, China
{fufeng, xieyc, eric_xiao, jlshen, wangjing91, xgeng} @seu.edu.cn

Abstract

Knowledge in modern neural networks is often entangled and structurally opaque,
making current transfer methods—typically based on reusing entire parameter
sets—inefficient and inflexible. Efforts to improve flexibility by reusing partial
parameters frequently depend on handcrafted heuristics or rigid structural assump-
tions, which constrain generalization. In contrast, biological evolution enables
efficient knowledge transfer by encoding only essential information into genes
through iterative refinement under environmental pressure. Inspired by this princi-
ple, we propose ECO, a framework that Evolves COre knowledge into modular,
reusable neural components—termed /earngenes—through similar evolutionary
dynamics. To this end, we redefine learngenes as neural circuits and introduce
Genetic Transfer Learning (GTL), a biologically inspired paradigm that estab-
lishes a genetic mechanism within neural networks in the context of supervised
learning. GTL simulates evolutionary processes by generating diverse network pop-
ulations, selecting high-performing individuals, and transferring their learngenes
to subsequent generations. Through iterative refinement, GTL enables learngenes
to accumulate transferable common knowledge. Extensive experiments show
that ECO achieves efficient initialization and strong generalization across diverse
models and tasks, while significantly reducing computational and memory costs
compared to conventional methods.

1 Introduction

Despite the remarkable progress of modern neural networks across a wide range of tasks [1} 161} [13],
the internal organization of knowledge within these models remains largely opaque and poorly
structured. As a result, conventional transfer learning approaches—such as full fine-tuning or
parameter-efficient techniques like LoRA [22, [17]—primarily rely on reusing entire parameter sets
from large-scale pre-trained models [6, 35]]. Although effective in reducing task-specific training
overhead [5}87], these methods implicitly assume that knowledge is globally entangled and uniformly
distributed, with little consideration for its internal structure or modular organization. Consequently,
they often suffer from limited adaptability across models of varying sizes and architectures [12,
79,771, and are highly susceptible to domain shifts, frequently resulting in biased [49, 31]] or even
detrimental transfer [50, (73} 132], as shown in Figure .

Biological systems, in contrast, offer a compelling model for efficient and generalizable knowledge
transfer. Rather than replicating entire structural configurations, they encode essential knowledge
into compact and inheritable units known as genes, which capture core functionality and support
adaptation across generations and environments. These genes act as reusable blueprints [82, 13, 165]],
guiding the development of neural circuits that are both robust and efficient, as illustrated in Figure [Tp.
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Figure 1: (a) Transferring excessive knowledge may introduce bias and lead to negative transfer.
(b) In contrast, biological genes transfer only survival-essential knowledge to initialize certain innate
neural circuits. Inspired by this, we propose encoding core transferable knowledge into modular
neural circuits (termed learngenes, see Figure 2) to enable ef cient knowledge transfer.

Motivated by this principle, recent work has explored biologically inspired approaches to knowledge
transfer, most notably through the Learngene framewbik70]. Unlike conventional parameter

reuse, learngenes aim to support structured and composable transfer by encapsulating common
knowledge into modular neural fragments, enabling exible initialization across tasks and models

of diverse scales. Early methods such as Heur-6& §nd Auto-LG [7Q] identify transferable
components using gradient-based heuristics or meta-learning strategies. More recent approaches,
including TLEG [75] and WAVE [12], incorporate structural priors—such as linear constraints or
Kronecker decompositions—to enhance the modular organization of learned representations. Despite
their improved exibility and ef ciency, they often depend on handcrafted heuristics or rigid structural
assumptions, limiting their adaptability and generalization across diverse tasks and architectures.

In contrast, essential knowledge encoded in biological genes is not organized by prede ned rules, but
emerges through iterative re nement under environmental pressures such as mutation, selection, and
inheritance. This perspective motivates a shift toward understanding how transferable knowledge can
be modularly organized within neural networks through similar evolutionary dynamics, rather than
imposed through handcrafted heuristics or rigid structural assumptions (e.g., linear constraints). To
this end, we propose ECO, a biologically inspired framework that explores whether neural networks
can autonomously condense transferable core knowledge and encapsulate it into compact, reusable
modules through population-based adaptation and feedback-driven re nement.

At the core of ECO is a rede nition of the learngene structure as continuous neural circuits, such
as interconnected kernel sets in CNNs, which mirror the structure of innate pathways shaped by
genetic encoding in biological systems (see Figure 1b). To automatically identify and encapsulate
highly transferable core knowledge within neural circuits, we extend the evolutionary paradigm
introduced in GRL 11] and propose Genetic Transfer Learning (GTL), an evolutionary framework

that simulates genetic inheritance in neural networks in the context of supervised learning. GTL
maintains a population of models, each trained on randomly sampled tasks. High-performing
individuals are selected via tournament evaluation, and their learngenes are inherited and re ned
across generations, with mutation introduced to maintain diversity and promote exploration. This
Lamarckian process progressively condenses core knowledge into learngenes, enabling ef cient,
scalable, and generalizable transfer across models and tasks.

We evolve learngenes for 250 generations in VGG11 and ResNet12 on CIFAR-FS and minilmageNet,
and for 100 generations in ResNet50 and MobileNetV3-Large on ImageNet. Extensive experiments
demonstrate that ECO consistently outperforms existing methods across a wide range of downstream
architectures and tasks. Compared to full ne-tuning, ECO achieves a Tédiiction in storage,
highlighting its ef ciency in knowledge transfer. Additionally, ECO suppd®l) initialization

across models of varying scales, enabling fast deployment without additional costs. Notably, ECO
exhibits strong data ef ciency, maintaining robust performance even in low-resource regimes.

Our main contributions are as follows: 1) We propose ECO, a novel knowledge transfer method
that adaptively identi es core transferable knowledge across architectures and tasks, without relying
on handcrafted heuristics or structural constraints. 2) We introduce Genetic Transfer Learning
(GTL), a biologically inspired evolutionary paradigm for supervised learning that encapsulates core
transferable knowledge into modular neural circuits (i.e., learngenes) through large-scale population-
based training and inheritance. 3) We validate the scalability and generality of ECO across diverse
tasks, model sizes, and architectures, achieving state-of-the-art performance in both accuracy and
resource ef ciency.



2 Related Work

Ef cient Knowledge Transfer Transfer learning enhances performance on target domains by lever-
aging knowledge from source domai®$[23]. Traditional methods, such as ne-tuningd, 87,

are constrained by the xed architecture and size of pre-trained models. Knowledge distilla-
tion [57, 67, 16] offers structural exibility but remains computationally intensive. Recent methods
aim to enhance ef ciency by transferring compact and reusable knowledge representations (see
Appendix A.1). Learngene-based approaches, including Heu6B[zahd Auto-LG [70], identify
transferable components via heuristic strategies. Others, such as TEE®RVE [12], and related
studies B7, 69, 78], integrate pre-trained knowledge via structural priors like low-rank decomposi-
tions. Alternative paradigms explore hypernetwork-based parameter gene2&iaaj[or rule-based
parameter reuse8(, 33, 83]. In contrast, ECO extends the population-based learning paradigm
of GRL [11] to CNNs in the context of supervised learning, adaptively evolving core transferable
knowledge through mutation-driven and survival-based selection. This process mitigates manual bias
and enhances generalization across architectures and domains.

Evolutionary Learning Evolutionary Learning (EL) solves optimization problems through stochas-

tic search inspired by biological evolutiofi(]. Related algorithmsHg, 55, 43, 53, 44] typically

encode candidate solutions—such as network parameters or architectures—into gene-like representa-
tions (e.g., binary strings) [40, 63, 45, 9, 84], evolving them to maximize task-speci ¢ performance.
While inspired by evolutionary principles, ECO diverges from traditional evolutionary learning

by prioritizing knowledge inheritance over solution optimization. Notably, instead of searching

for task-speci c solutions, ECO establishes a genetic transfer mechanism that accumulates core
knowledge transferable across diverse models and tasks. In this paradigm, learngenes function not as
solution encodings, but as compact carriers of core knowledge condensed from diverse tasks. This
shift enables scalable generalization without reliance on problem-speci ¢ heuristics.

3 Methods

We reformulate CNNSs in terms of kernel units and de ne the core operations of learngenes, in-
cluding their representation, mutation, and inheritance. We then introduce the Genetic Transfer
Learning (GTL) for extracting learngenes through evolutionary processes.

3.1 Preliminary

Consider a CNNN with N convolutional layers. Theth layerL, 2 RNE N ¢ comprises

NS) Iters F+ , where each Iter containil ,9) kernelsK 1k 2R . These kernels capture spatial
features at various levels of abstraction, enabling hierarchical representation learning. Accordingly,
the trainable parameters of the entire network can be represented as a uni ed set of kernels:

N =K i jl 2 [N EF2 LN O k21N g (1)

Given an input feature mdp 2 RPHW  to layerL,, the convolution produces an output, 2

RNE HW , Which serves as input to laykf.; . To ensure valid feature propagation, CNNs enforce
channel-wise consistency by matching the number of kernéls.in with the number of ltersinL;:

1+1 |
Ng™ =N O @

3.2 Basic Operations for Learngenes

3.2.1 Form of Learngenes in CNNs

In biological neural systems, innate neural circuits are established at birth under the guidance of genes,
providing newborns with strong inherent learning abilitié4,[42, 82). Motivated by this biological
foundation, we interpret neural circuits in convolutional neural networks (CNNSs) as structured
subnetworks§9], each composed of a set of interconnected kernels that collectively implement a
continuous input-output transformation. These subnetworks serve as functional units responsible for
localized computation and information ow within the network.



Figure 2: Learngenes in ECO are abstracted as complete neural circuits composed of selected kernels
within lters. 2 G represents the learngene kernel, whilés normal kernel that is random
initialized.  denotes the continuous feature mapping path extracted from learngenes.

Building upon this abstraction, we de ne learngenes as modular neural circuits within CNNs that
encapsulate transferable and reusable knowledge. Formally, a learngene is de ned as:

G=fK ik I2[L,N ];f2F ;k2K g 3
where F and K denote the selected indices of Iters and kernels in the I-th layer, respectively.

To preserve the interconnection among kernels and ensure uninterrupted continuity in feature transfor-
mation, learngenes follow the structural alignment principle inherent to CNNg2qSpeci cally,
we enforce the constraint:
K1 =F (4)
This condition preserves channel-wise consistency, enabling layer-wise modi cation thfpugtile
K| is automatically inferred via Eg. (4), ensuring coherent inter-layer connectivity of learngenes.

3.2.2 Mutation of Learngenes

In biological systems, evolution is driven by structural mutations that progressively re ne genetic
traits [27, 24]. Analogously, learngene mutation also operates at the structural level by modifying the
arrangement of Iters and kernels, to enhance adaptability for encoding core knowledge.

Given the structural alignment in E@1), mutations are applied primarily to the Iter sefs at each

layer, with corresponding kernel indicks,; updated automatically to maintain connectivity. For
each learngene, structural mutation is performed independently at each layer with probgability
The probabilities of addingd( ) or removing p ) Iters in the |-th layer of learngenes are given by:

JFi]

- P=Elpg (5)
Ng JF ]

p =
where is a balancing coef cient anfl j denotes set cardinality. Mutations proceed layer-wise and
may involve multiple lIters per layer. The complete mutation procedure is detailed in Algorithm 1.

3.2.3 Inheritance of Learngenes

Learngene inheritance facilitates the transfer of core knowledge from a source model to target models
with varying depths, widths, or architectures. To accommodate architectural differences during
transfer, ECO employs the following strategies:

« Zero-padding Incomplete Filters. Since learngenes may include only a subset of kernels within
each lter, direct insertion into wider lters can introduce noisy, randomly initialized parameters.
To avoid disrupting the encoded knowledge, missing kernels are initialized as zeros, preserving
functionality while enabling later adaptation (see Appendix Figure 8).

« Index Reordering for Narrower Networks. When transferring to narrower networks, mismatches
in Iter and kernel indices may arise. ECO resolves this by reordering indices according to
their relative positions (see Appendix Figure 9), maintaining structural consistency and ensuring
compliance with the alignment constraint in Eq. (4).

Additional inheritance strategies, including the proposed partial identity mapping for depth expansion,
are detailed in Appendix B.4.



Figure 3: The Genetic Transfer Learning (GTL) framework. GTL iteratively condenses knowledge by
training populations (c) on randomly sampled tasks (a, b) and selecting transferable core knowledge
through mutation (d) and tournaments (f). The Gene Pool (h) and Gene Tree (g) store superior
learngenes and track their kinship for inheritance (i, j), respectively.

3.3 Evolution for Learngene Extraction

Genetic Transfer Learning (GTL) is an evolutionary framework derived from GR] that iteratively
optimizes learngenes by transferring them across generations of neural networks. Through this
inheritance mechanism, GTL progressively condenses and re nes core knowledge into compact,
reusable learngenes that generalize across diverse models and tasks, as illustrated in Figure 3 and
formalized in Algorithm 2.

Brie y, each generation begins with a populationrgf neural networks, each inheriting learngenes
from the previous generation and trained on a randomly assigned task. After training, learngenes
are extracted and undergo structural mutations to introduce diversity. A tournament-based selection
mechanism is then employed to identify high-performing learngenes, which are retained in the Gene
Pool to guide inheritance in the next generation. This iterative process of inheritance, mutation, and
selection continues across generations, progressively re ning the quality of learngenes. The core
components of GTL are detailed below.

(1) Training the Population of Neural Networks. LetD = D yain + D vo be the dataset with
training classes and, validation classes. In each generation, a populd@ienfN 1;N2;::;; Ny gis
created. Each netwotk; randomly samplek classes fronDyin to form ak-way classi cation task
T;, encouraging diverse learning environments (Figure 3a—c). As evolution proglegsa®ases to
simulate growing task complexity, emulating evolutionary pressure[41, 26].

(2) Selecting Superior Learngenes. After training, each neural netwlikhas updated its in-
herited learngen& by encoding task-speci ¢ experience, thereby re ning the core knowledge. To
promote adaptability and structural diversity, e&hthen undergoes structural mutation (Figure 3d

and Section 3.2.2), introducing controlled variations that further shape its knowledge representation.

Each mutated learnge@ is evaluated by initializing a critic netwoi® , which is trained on the vali-

dation seD,, and the resulting accuracy de nes the scgréor G (Figure 3e). To select high-quality

yet diverse learngenes, tournament selection is employed: in each round, learngenes are randomly
sampled, and the one with the highest score is added to the winn@f sefG 7;GJ;:::; G 9

(Figure 3f), where i = d 22 e denotes the number of tournaments per generation.

(3) Storing Superior Learngenes and Tracking Kinship. Following tournament selection, the
winner setG’ is incorporated into the Gene Pool (GP), which retains high-quality learngenes for
inheritance in future generations (Figure 3h). Initialized with the top-performing learngenes from
the rst generation, the GP maintains up t@ntries, denoted &8P = fG,;G,;:::;G g. In each
generation, a subset bilearngenes fron®’ is admitted into the GP, replacing the lowest-performing
entries to ensure both knowledge retention and evolutionary adaptability.



	Introduction
	Related Work
	Methods
	Preliminary
	Basic Operations for Learngenes
	Form of Learngenes in CNNs
	Mutation of Learngenes
	Inheritance of Learngenes

	Evolution for Learngene Extraction

	Experiments
	Results
	Evolutionary Performance of Learngenes Extracted by ECO
	Performance of ECO in Initializing Models of Variable Sizes
	Performance of ECO on Downstream Tasks
	Improved Data Efficiency of ECO
	Ablation and Analysis
	Effects of Mutation
	Effects of Evolution

	Visualization of Core Knowledge in Learngenes

	Conclusion
	Additional Related Work
	Common Knowledge in Neural Networks

	Additional Details of Methods
	Learngenes in ResNets
	Further Details on Learngene Mutation
	Further Details of Genetic Transfer Learning (GTL)
	Further Details on Learngene Inheritance

	Implementation Details
	Hyperparameters for Evolution

	Additional Results and Analysis
	Scalability and Adaptability of Learngenes
	Instincts of Models Brought by Learngenes

	Limitations and Future Works
	Impact Statement

