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Abstract
Pretrained large language models (LLMs) are
typically reused as indivisible artifacts, adapted,
merged, or ensembled as a whole. In this study,
we show that LLMs can instead be structurally
recomposed as modular building blocks to cre-
ate new architectures without access to origi-
nal training data. We introduce architecture-
level reassembly as a new reuse paradigm,
in which Transformer blocks from heteroge-
neous models are treated as reusable compo-
nents. This idea is formalized through a two-
dimensional reassembly space that supports
both vertical recombination across depth and
horizontal composition within layers. To make
this space tractable, we propose a chromosome-
based architectural encoding and perform a bi-
level multi-objective evolutionary optimization
over vertical structure and horizontal compo-
sition. To resolve representation incompatibil-
ity across heterogeneous blocks, we introduce
lightweight glue layers trained via data-free
knowledge distillation, enabling valid informa-
tion flow without modifying pretrained param-
eters. Our results demonstrate that architecture-
level reassembly unlocks a new dimension of
flexibility in model reuse, pointing toward a
modular and evolutionary view of LLM design.

1 Introduction

The rapid proliferation of pretrained large language
models (LLMs) has fundamentally reshaped how
natural language processing systems are developed.
Rather than training models from scratch, practi-
tioners increasingly rely on reusing (Parmar et al.,
2024), adapting (Chen, 2024), and combining (Kim
et al., 2024) pretrained models that differ in archi-
tecture, training data, and emergent capabilities.
The field now possesses a rich and heterogeneous
ecosystem of pretrained LLMs (Wolf et al., 2019).
However, this abundance also raises a central yet
underexplored question: when multiple heteroge-
neous LLMs are available, how should they be
reused in a principled and systematic manner?

Existing approaches to LLM reuse usually treat
LLMs as monolithic artifacts. As detailed in Ap-
pendix A, continued pretraining and fine-tuning
adapt a single model by further optimizing its pa-
rameters, implicitly assuming a fixed architecture
and a linear evolution of capabilities (Houlsby et al.,
2019; Hu et al., 2022). Ensemble methods and
routing-based approaches combine multiple mod-
els at the output level, but do not exploit their in-
ternal structure (Guha et al., 2024; Jitkrittum et al.,
2025; Lu et al., 2024). Parameter-level model merg-
ing offers a data-free alternative by averaging or
interpolating weights, yet typically assumes archi-
tectural alignment and operates under restrictive
structural constraints (Kim et al., 2024; Dang et al.,
2025). Consequently, current paradigms largely
limit reuse to either parameter adaptation within a
fixed architecture or coarse-grained combination of
entire models.

Recent studies have begun to challenge the
monolithic view of pretrained models by demon-
strating that deep neural networks can be decom-
posed into blocks and vertically recombined to
form new architectures (Yang et al., 2022). More
recent work explores the layer-wise reuse of LLMs
(Goddard et al., 2024; Akiba et al., 2025). These
efforts provide early evidence that structural reuse
beyond whole-model selection is feasible. How-
ever, existing approaches remain limited to one-
dimensional, depth-wise recombination, typically
assuming that each layer originates from a sin-
gle source model and that inter-layer compatibility
holds by construction. Such assumptions rule out
more expressive forms of reuse, particularly hori-
zontal composition where multiple models jointly
contribute to a single layer, and leave unaddressed
the core difficulty of aligning heterogeneous inter-
mediate representations.

In this study, we take a step toward a more
general and compositional perspective on reusing
LLMs. Rather than improving performance
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Figure 1: Overview of the LEGO-LLM, a novel paradigm for LLM reuse. (a) a model repository consisting
of heterogeneous LLMs that serve as reusable building blocks. (b) chromosome and gene representations that
encode layer ordering across depth, layer-wise assembly operators, and glue layers for both vertical and horizontal
reassembly. (c) a bilevel optimization framework that jointly optimizes vertical structure and horizontal composition,
where glue layers are learned via knowledge distillation.

through continued pretraining (Parmar et al., 2024)
or parameter-level adaptation (Yang et al., 2024),
we ask whether LLMs can be structurally recom-
posed, much like LEGO bricks, to form new model
architectures without access to the original train-
ing data. To this end, we formulate architecture-
level reassembly as a systematic reuse paradigm,
in which Transformer blocks from heterogeneous
source models are treated as reusable components.
Based on this formulation, we introduce a two-
dimensional architecture reassembly space that sup-
ports both vertical recombination across depth and
horizontal composition within layers.

This formulation introduces two fundamental
challenges. The resulting architecture reassembly
space is combinatorially large, involving hetero-
geneous depth mappings across models, multiple
layer-wise assembly operators, and complex cross-
model interactions. Such a space precludes exhaus-
tive exploration and renders naive extensions of
existing architecture search methods impractical.
On the other hand, reassembled architectures often
differ substantially in hidden dimensionality, repre-
sentation geometry, and normalization conventions,
making direct block recombination ill-defined and
prone to representation mismatch. These chal-

lenges suggest that architecture reassembly cannot
be reduced to a straightforward extension of model
merging (Zhou et al., 2025b; Qiu et al., 2026) or
architecture search (Zhou et al., 2025a), but instead
requires new mechanisms for scalable exploration
and representation alignment.

To address these challenges, we propose a uni-
fied framework for two-dimensional architecture
reassembly of LLMs, namely LEGO-LLM. As
shown in Figure 1, we introduce a chromosome-
based architectural representation that explicitly
encodes, at each depth, which LLM blocks are se-
lected, how they are assembled, and how represen-
tations are aligned across layers. Architecture ex-
ploration is performed via bi-level multi-objective
evolutionary optimization, where vertical structure
and horizontal composition are jointly optimized.
To enable valid information flow between heteroge-
neous blocks, we further introduce lightweight glue
layers trained via data-free knowledge distillation,
which align intermediate representations without
modifying internal block structures. These compo-
nents make it possible to build new and functional
LLM architectures by recomposing existing LLMs,
demonstrating the potential of architecture-level
reassembly as a novel paradigm for model reuse.
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2 Architecture Reassembly Space and
Chromosome Encoding

Given a repository of heterogeneous LLMs, our
goal is to automatically construct a new model by
reorganizing, combining, and integrating their in-
ternal layers, without relying on task-specific fine-
tuning or access to original training data. Let
M = {M1,M2, . . . ,MN} denote a repository
of N LLMs. Each model Mi is composed of a
stack of Transformer blocks and can be written
as Mi = {Ei, B

1
i , B

2
i , . . . , B

Li
i , Hi}, where Ei

denotes the input embedding layer, Bℓ
i is the ℓ-

th Transformer block (consisting of self-attention
and feed-forward sublayers) (Vaswani et al., 2017),
and Hi is the output head. In this work, architec-
tural reassembly is restricted to the Transformer
blocks {Bℓ

i}. The embedding and output head are
assumed to be either shared across models or in-
herited from a selected backbone model, ensuring
compatibility at the input and output interfaces.
Transformer blocks from different models are in-
dexed by their depth, and we assume that blocks at
similar depth indices are semantically comparable,
a common empirical assumption in studies of deep
Transformer representations.

Our objective is to construct a reassembled
model M⋆ = {E⋆, B̃1, B̃2, . . . , B̃L, H⋆}, where
each B̃k is a composite block obtained by reorga-
nizing and combining Transformer blocks selected
from the repository M. Unlike conventional model
selection (Wu et al., 2025) or parameter fine-tuning,
the reassembled model is not constrained to inherit
a single linear stack of layers from any individual
source model. Instead, at each depth k, the com-
posite block B̃k may be constructed from one or
multiple source blocks drawn from different mod-
els, using a predefined set of layer-level assembly
operators. Formally, the architecture reassembly
problem is defined as:

max
A,Θ

F(M⋆(A,Θ)), (1)

where A denotes the architectural configuration,
specifying which source blocks are selected at each
depth and how they are assembled; Θ represents
auxiliary parameters introduced during reassembly
such as glue layers; F(·) is a vector-valued fitness
function measuring model performance over one or
multiple downstream tasks. This formulation natu-
rally leads to a multi-objective optimization prob-
lem, where different objectives may correspond to
different tasks, datasets, or evaluation criteria.

At each depth k, the composite block B̃k is
formed by applying a layer-wise assembly operator
to a set of selected source blocks. In this study, we
define a finite set of admissible assembly operators:
O = {Osub,Omerge,Oconcat,Oens}, including

• Vertical substitution (stitching) Osub: A block
from one model replaces the corresponding
block from another model, possibly creating
mismatches with adjacent layers.

• Parameter-level merging Omerge: Blocks with
compatible architectures are merged at the
parameter level using existing model merging
techniques.

• Horizontal concatenation (layer widening)
Oconcat: Multiple blocks are combined along
the feature dimension to form a wider com-
posite representation.

• Output-level integration (ensemble) Oens:
Outputs of multiple blocks are aggregated
through a predefined integration function.

The choice of operator at each depth is discrete,
while the internal behavior of each operator may
be parameterized. Importantly, the specific instan-
tiation of an operator is decoupled from the archi-
tectural decision of whether to use it, allowing the
framework to flexibly incorporate different merg-
ing or integration techniques.

Reassembling blocks from different source mod-
els generally leads to representation mismatches
between consecutive layers, due to differences in
hidden dimensionality, feature distributions, or ar-
chitectural conventions. To ensure valid informa-
tion flow in the reassembled model, we introduce
glue layers between consecutive composite blocks.
A glue layer is defined as a lightweight paramet-
ric function that maps the output representation of
B̃k to a compatible input representation for B̃k+1.
Conceptually, glue layers operate only at the block
input/output level and do not interfere with the in-
ternal structure of Transformer blocks. When no
mismatch exists, a glue layer can degenerate to an
identity mapping. The parameters of glue layers
are not optimized through task supervision. In-
stead, they are trained using a data-free knowledge
distillation (Gou et al., 2021) mechanism, align-
ing the behavior of the reassembled architecture
with that of the original source models. This de-
sign preserves the data-free nature of the overall
framework.
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Based on these settings, we formalize the ar-
chitecture reassembly space through a structured
chromosome representation, which simultaneously
specifies admissible reassembled architectures and
serves as the genotype for evolutionary optimiza-
tion. We consider reassembled models with a depth
L, where architectural reorganization is restricted
to the level of Transformer blocks. Each candidate
architecture is represented by a chromosome

C = (C,o,G) , (2)

where C ∈ {0, 1}L×N is a binary selection matrix,
o = (o1, o2, . . . , oL) is a vector of layer-wise as-
sembly operators, and G = {G1, G2, . . . , GL−1}
denotes a set of glue layers inserted between con-
secutive blocks.

The selection matrix C specifies how Trans-
former blocks are drawn from the model repository.
Each entry ck,i is defined as

ck,i =

{
1, if block at depth k is selected from Mi,

0, otherwise,
(3)

where k ∈ {1, . . . , L} and i ∈ {1, . . . , N}. The
k-th row Ck,: therefore determines which source
models contribute Transformer blocks to the com-
posite block at depth k. This row-wise interpreta-
tion enables horizontal reassembly by combining
blocks from multiple models at the same depth,
while variations across rows naturally encode verti-
cal substitutions and depth-wise recombination.

Given the selection matrix C, a composite block
is constructed at each depth using a layer-wise as-
sembly operator. Based on the aforementioned
operator set O, the operator choice at depth k is
denoted by ok ∈ O, and the resulting composite
block B̃k is expressed as

B̃k = Ook

(
{Bdk,i

i | ck,i = 1}
)
, (4)

where B
dk,i
i denotes the Transformer block se-

lected from model Mi at depth index dk,i. The map-
ping from the reassembled depth k to the source
depth dk,i is unconstrained, except that dk,i must
correspond to a valid block in Mi. As a result,
non-contiguous depth mappings and layer skipping
are explicitly allowed. Architectures that induce
incompatible or ineffective layer transitions are not
ruled out a priori, but are implicitly eliminated
through evolutionary selection.

While the assembly operators are discrete at
the architectural level, their internal behaviors

may involve continuous parameters. For example,
parameter-level merging can rely on existing model
merging algorithms, and ensemble-style operators
may include learnable aggregation weights. This
separation allows the chromosome to encode high-
level structural decisions without committing to a
specific instantiation of the underlying operator.

Due to heterogeneity across source models, in-
cluding differences in hidden dimensionality, repre-
sentation distributions, and normalization conven-
tions, the outputs of consecutive composite blocks
may not be directly compatible. To ensure valid
information flow, we introduce a glue layer Gk be-
tween each pair of adjacent composite blocks. The
forward propagation between depths k and k + 1
is given by

hk+1 = B̃k+1
(
Gk(hk)

)
, (5)

where hk denotes the output representation of B̃k.
Each glue layer Gk is implemented as a lightweight
multi-layer perceptron acting on block-level rep-
resentations. For architectural uniformity, a glue
layer is associated with every inter-block connec-
tion and initialized as an identity mapping when-
ever the input and output dimensions are already
compatible. Importantly, glue layers operate only
on block inputs and outputs and do not modify the
internal structure of Transformer blocks.

An initial population of chromosomes is con-
structed by encoding the original models. For a
given model Mi, the corresponding chromosome
is initialized as

ck,j =

{
1, if j = i,

0, otherwise,
∀k ∈ {1, . . . , L}, (6)

with all assembly operators set to vertical substitu-
tion and all glue layers initialized as identity map-
pings. This initialization guarantees that every chro-
mosome corresponds to a valid model.

The unified chromosome formulation defines a
highly expressive architecture reassembly space,
subsuming standard model selection, parameter
merging, and ensemble learning as special cases.
At the same time, it enables novel hybrid architec-
tures through arbitrary combinations of horizontal
and vertical reassembly. In the following section,
we introduce a bi-level multi-objective evolution-
ary optimization procedure that operates directly
on the proposed chromosome representation.
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3 Bi-level Multi-objective Evolutionary
Optimization

The architecture reassembly problem defined in
Section 2 induces a discrete, hierarchical, and
multi-objective optimization problem over a struc-
tured chromosome space. In this section, we de-
scribe the evolutionary strategy to approximate its
solution. For the purpose of optimization, we ex-
plicitly decompose the chromosome C into two
hierarchically coupled components:

C = (Cv, Ch), (7)

where Cv denotes the vertical chromosome, which
specifies the depth-wise arrangement of blocks
across source models, including layer ordering,
depth mappings, and vertical substitutions; Ch

denotes the horizontal chromosome, which spec-
ifies, for each depth, the set of participating
source blocks, the corresponding assembly op-
erator ok, and the associated glue-layer topol-
ogy. Importantly, Ch is conditionally defined
on Cv. Let Ω(Cv) denote the set of all hor-
izontal chromosomes that are structurally com-
patible with a given vertical configuration. The
feasible chromosome space is therefore Ω ={
(Cv, Ch) | Cv ∈ Ωv, Ch ∈ Ω(Cv)

}
. This asym-

metric dependency induces an intrinsic bi-level
structure: vertical decisions constrain the admissi-
ble space of horizontal recombination, but not vice
versa.

Let T = {T1, . . . , Tm} be a set of evaluation
tasks. For any feasible chromosome C ∈ Ω, we
define a vector-valued fitness function

F(C) =
(
f1(C), . . . , fm(C)

)
, (8)

where fj(C) measures the task performance of the
instantiated architecture on Tj . The architecture
reassembly problem is then formulated as the fol-
lowing bi-level multi-objective optimization:

max
Cv∈Ωv

F
(
Cv, Ch ∗

)

s.t. Ch ∗ = arg max
Ch∈Ω(Cv)

F
(
Cv, Ch

)
.

(9)

In this formulation, the upper-level optimization
explores alternative vertical architectures, while
the lower-level optimization searches for Pareto-
optimal horizontal compositions conditioned on
a fixed vertical structure. The objective at both
levels is vector-valued, reflecting task-dependent
trade-offs rather than a single scalar criterion.

For any chromosome C generated during evolu-
tion, the corresponding executable model is ob-
tained via a deterministic instantiation process.
Specifically, pretrained Transformer blocks are as-
sembled according to (C,o), and glue layers are
inserted wherever heterogeneous block transitions
occur. Let I(C) denote the instantiated model. The
parameters of glue layers in G are obtained by ap-
plying the data-free knowledge distillation proce-
dure described in Section 4. Crucially, glue-layer
optimization is not part of the bi-level problem in
Eq. (9), but rather a deterministic realization step.
Fitness values fj(C) are computed by evaluating
I(C) on small validation sets for each task Tj , with
all pretrained blocks frozen. This evaluation pro-
tocol ensures that F(C) reflects architectural merit
rather than training intensity.

The optimization problem in Eq. (9) is discrete,
combinatorial, and non-differentiable. We there-
fore adopt a population-based evolutionary algo-
rithm (Deb et al., 2002) to approximate its Pareto-
optimal solution set. Evolution proceeds hierarchi-
cally. At each generation, vertical chromosomes Cv

are first evolved via mutation and crossover, gener-
ating candidate depth-wise architectures. For each
vertical candidate, a conditional population of hori-
zontal chromosomes Ch ∈ Ω(Cv) is then explored
to identify non-dominated compositions. Selec-
tion is performed based on Pareto dominance with
respect to F. By iteratively alternating between
vertical exploration and conditional horizontal re-
finement, the algorithm can effectively navigate the
two-dimensional reassembly space.

4 Data-free Glue Layer Alignment via
Knowledge Distillation

A major challenge in architecture-level reassembly
arises from representational incompatibilities be-
tween Transformer blocks originating from differ-
ent source models. Even when blocks are semanti-
cally comparable, differences in hidden dimension-
ality, feature distributions, or internal architectural
conventions may prevent direct composition. To
address this issue without relying on task-specific
data, we propose a data-free glue layer alignment
mechanism based on knowledge distillation (Gou
et al., 2021).

Let B̃k and B̃k+1 denote two consecutive com-
posite blocks in the reassembled architecture, con-
nected through a glue layer Gk. The goal of glue
layer alignment is to ensure that the information
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Figure 2: The design of the glue layer between two
different layers.

passed from B̃k to B̃k+1 in the reassembled model
remains consistent with the behaviors of the orig-
inal source models from which these blocks are
drawn. Let Li,j denote the j-th Transformer block
of source model Mi. Suppose that B̃k originates
from model Mi at depth j, and B̃k+1 originates
from model Mi′ at depth j′. Let zk denote the out-
put representation of B̃k in the reassembled model,
and let zk+1 denote the output of B̃k+1 after apply-
ing the glue layer.

To preserve the data-free nature of the frame-
work, glue layer alignment does not rely on any
downstream task data or original training data. In-
stead, we generate a set of synthetic input represen-
tations x drawn from a simple prior distribution,
such as a multivariate Gaussian1. These inputs are
fed independently into both the reassembled model
and the corresponding source models to obtain su-
pervisory signals at the block level. Formally, for a
sampled input x, the forward pass in the reassem-
bled model yields

zk+1 = B̃k+1
(
Gk(B̃

k(x))
)
. (10)

In parallel, the same input x is forwarded through
the relevant blocks of the source models to obtain
reference representations. As shown in Figure 2,
the proposed glue layer alignment is implemented
through a dual distillation mechanism that super-
vises representation compatibility at two comple-
mentary levels. Specifically:

Inter-layer Distillation: The first component
of the alignment objective enforces consistency
between the behavior of a block in the reassem-
bled model and the behavior of the same block in
its original source model. This objective encour-
ages the reassembled architecture to preserve the
functional characteristics of individual pretrained

1Under common conditions, deep representations exhibit
approximately Gaussian behavior or converge to stable signal
propagation regimes (Kedia et al., 2024; Si et al., 2025).

blocks. Let zsrc
i′,j′ denote the output of block Li′,j′

in its original source model when processing input
x. The inter-layer distillation loss is defined as

Linter =
∥∥zk+1 − zsrc

i′,j′
∥∥2
2
+ α

∥∥zk+1 − zsrc
i,j+1

∥∥2
2
.

(11)
This term ensures that, despite being embedded in
a reassembled architecture, the composite block
B̃k+1 produces representations that remain close
to its pretrained behavior, while also respecting
the representation geometry induced by its original
successor block. By anchoring the block output to
both its standalone behavior and its original inter-
layer context, the inter-layer distillation stabilizes
block semantics under architectural recomposition.

Cross-layer Distillation: While inter-layer dis-
tillation preserves block-level behavior, it does
not guarantee compatibility between consecutive
blocks originating from different models. To ad-
dress this issue, we introduce a cross-layer distil-
lation objective that aligns the interface between
B̃k and B̃k+1. Let zsrc

i,j denote the output of block
Li,j in its original source model. The cross-layer
distillation loss is defined as

Lcross =
∥∥Gk(zk)− zsrc

i′,j′−1

∥∥2
2
, (12)

where zsrc
i′,j′−1 represents the input that block Li′,j′

would have received from its preceding block in
the original model. This objective encourages the
glue layer to transform the output of B̃k into a
representation that is compatible with the expected
input distribution of B̃k+1.

The final glue layer alignment loss is defined
as a weighted combination of the inter-layer and
cross-layer distillation terms:

Lalign = β Linter + (1− β)Lcross, (13)

where β ∈ [0, 1] controls the trade-off between pre-
serving block-level behavior and enforcing cross-
block compatibility. The value of β, together with
the architectural configuration encoded in C, is de-
termined implicitly by the evolutionary optimiza-
tion process described in Section 3. For each can-
didate architecture, glue layers are optimized in-
dependently by minimizing Lalign, after which the
resulting model is evaluated for fitness.

The proposed data-free glue layer alignment
mechanism enables flexible composition of het-
erogeneous Transformer blocks without requiring
access to original training data or downstream task
supervision. By leveraging block-level knowledge

44944



Table 1: Performance comparison between source models and the reassembled model in the toy example.

Sum English Chinese French Spanish Arabic Turkish
Model ACC std ACC std ACC std ACC std ACC std ACC std ACC std

LLaMA-2-7B 0.4109 0.0178 0.5221 0.0183 0.3748 0.0177 0.4632 0.0183 0.3949 0.0179 0.3467 0.0174 0.3641 0.0176
Open-LLaMA-7B 0.4096 0.0154 0.5241 0.0158 0.3745 0.0153 0.4679 0.0158 0.4197 0.0156 0.3323 0.0149 0.3394 0.0150
LEGO-LLM 0.4276 0.0302 0.5534 0.0304 0.3813 0.0297 0.4693 0.0298 0.3993 0.0307 0.3735 0.0300 0.3886 0.0306

distillation from pretrained source models, glue
layers act as adaptive interfaces that reconcile rep-
resentational discrepancies introduced by archi-
tectural reassembly. This design allows architec-
tural exploration to focus on structural innovation,
while compatibility issues are resolved through
lightweight, localized optimization.

5 Experiments (Detailed in Appendix C)

We evaluate the LEGO-LLM through a series of
experiments designed to reveal both its structural
behavior and empirical effectiveness. Experiments
are conducted in cross-lingual LLM settings, where
heterogeneous objectives and language-specific
inductive biases naturally align with our multi-
objective evolutionary formulation. We begin with
a controlled toy example to provide an illustra-
tion of the resulting architectural patterns, and
then scale to a multilingual repository of language-
specific LLMs evaluated on a range of monolingual
and cross-lingual benchmarks. The detailed ex-
perimental settings are provided in Appendix C.1.
The implementation of LEGO-LLM is available at
https://github.com/wuxingyu-ai/LEGO-LLM.

(1) Experiments on Toy Example: We first
introduce a controlled toy example to illustrate
the behavior of the LEGO-LLM in a minimal
yet interpretable setting. This experiment con-
siders two widely used and architecturally com-
patible 7B-scale LLMs, LLaMA-2-7B-Chat and
Open-LLaMA-7B, which are commonly adopted
in prior heterogeneous model reuse studies (Wan
et al., 2024; Zeng et al., 2025). As shown in Ta-
ble 1, we evaluate the reassembled architectures
on monolingual tasks using XNLI (Conneau et al.,
2018), and the reassembled model achieves the best
overall performance, outperforming both source
models on the aggregated metric and consistently
improving accuracy across most individual lan-
guages, including English, Chinese, Arabic, and
Turkish. To further interpret these gains, Figure 3
visualizes the final chromosome of the reassembled
model, revealing heterogeneous and non-aligned
reuse patterns: blocks from different depths are in-

terleaved, horizontal composition operators such as
Omerge and Oens are frequently selected, and single-
source layers remain at specific depths. These
observations highlight a fundamental distinction
from parameter-space merging, demonstrating that
architecture-level reassembly can discover flexible,
non-monotonic structural compositions that effec-
tively integrate complementary capabilities even in
a constrained two-model setting.
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Figure 3: Architecture distribution of the reassembled
model in the toy example. Each layer illustrates the
selected source model (by colors), original layer indices,
and the horizontal assembly operator.

(2) In the following, we scale the framework to
a more realistic setting by reassembling a deeper
LLM from 6 language-specific fine-tuned mod-
els, and systematically compare the resulting ar-
chitectures with pretrained baselines, multilingual
fine-tuning, and parameter-space reuse methods.

Results on Monolingual Tasks: We evaluate
the reassembled architectures on monolingual tasks
using MELA (Zhang et al., 2023) and XNLI (Con-
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Table 2: Performance Comparison on Mela Dataset

Mela
English Chinese French Spanish Arabic Turkish

Mcc ± Std Mcc ± Std Mcc ± Std Mcc ± Std Mcc ± Std Mcc ± Std

Base LLM 0.3279±0.0419 0.1043±0.034 0.0731±0.0388 0.0334±0.0366 0.1693±0.0386 -
Arabic LLM 0.4900±0.0402 0.2423±0.0329 0.1723±0.0286 0.2174±0.0339 0.1535±0.0334 -

Chinese LLM 0.1031±0.0478 0.2307±0.0344 0.0731±0.0389 0.1034±0.0350 0.0485±0.0096 -
French LLM 0.4370±0.0336 0.3070±0.0267 0.1829±0.0212 0.2384±0.0265 0.0875±0.0242 -
English LLM 0.3968±0.0385 0.1428±0.0482 0.0733±0.0436 0.0371±0.0401 0.1829±0.0286 -
Spanish LLM 0.2126±0.0213 0.0245±0.0156 0.0103±0.0065 0.1108±0.0101 0.0000±0.0000 -
Turkish LLM 0.5242±0.0411 0.2503±0.0335 0.1966±0.0325 0.2021±0.0357 0.1222±0.0306 -

Multilingual LLM 0.4828±0.0408 0.3321±0.0314 0.1705±0.0303 0.2328±0.0345 0.1002±0.0307 -
Dare-Ties 0.4527±0.0387 0.3048±0.0320 0.1949±0.0291 0.2270±0.0333 0.1129±0.0301 -

Ties 0.5008±0.0397 0.3073±0.0329 0.1980±0.0290 0.2380±0.0342 0.1322±0.0310 -
LEGO-LLM 0.4952±0.0147 0.3138±0.0560 0.2050±0.0114 0.2426±0.0486 ⋆ 0.3435±0.0136 ⋆ -

Table 3: Performance Comparison on Xnli Dataset

Xnli
English Chinese French Spanish Arabic Turkish

Acc ± Std Acc ± Std Acc ± Std Acc ± Std Acc ± Std Acc ± Std

Base LLM 0.5333±0.0095 0.5522±0.0100 0.5225±0.0100 0.5028±0.0100 0.4851±0.0100 0.3811±0.0097
Arabic LLM 0.5221±0.0095 0.5590±0.0100 0.5112±0.0100 0.5321±0.0100 0.4313±0.0099 0.3502±0.0096

Chinese LLM 0.5060±0.0095 0.5562±0.0100 0.5092±0.0100 0.5514±0.0100 0.4582±0.0100 0.3671±0.0097
French LLM 0.3936±0.0095 0.4337±0.0099 0.5100±0.0100 0.5104±0.0100 0.4755±0.0100 0.3855±0.0098
English LLM 0.5522±0.0095 0.5333±0.0100 0.5233±0.0100 0.5297±0.0100 0.4707±0.0100 0.3972±0.0098
Spanish LLM 0.5317±0.0095 0.5317±0.0100 0.5241±0.0100 0.5181±0.0100 0.4803±0.0100 0.3735±0.0097
Turkish LLM 0.4900±0.0095 0.5462±0.0100 0.5261±0.0100 0.5390±0.0100 0.4900±0.0100 0.3739±0.0097

Multilingual LLM 0.4940±0.0095 0.5570±0.0100 0.5080±0.0100 0.5124±0.0100 0.4578±0.0100 0.4028±0.0098
Dare-Ties 0.3277±0.0095 0.3277±0.0094 0.3353±0.0095 0.3357±0.0095 0.3281±0.0094 0.3265±0.0094

Ties 0.5185±0.0095 0.5185±0.0100 0.5116±0.0100 0.5337±0.0100 0.4530±0.0100 0.3863±0.0098
LEGO-LLM 0.5546±0.0213 0.5630±0.0124 0.5301±0.0224 0.5541±0.0224 0.4998±0.0223 0.4065±0.0217

neau et al., 2018). As shown in Table 2 and Ta-
ble 3, LEGO-LLM achieves strong and consis-
tent performance across all languages, effectively
integrating the strengths of multiple language-
specific LLMs without access to multilingual train-
ing data. On XNLI, the reassembled model at-
tains competitive accuracy across all evaluated lan-
guages and matches or exceeds the multilingual
fine-tuned baseline in several cases, indicating that
cross-lingual knowledge can be structurally reused
through architectural recomposition. Moreover,
LEGO-LLM consistently outperforms parameter-
space baselines such as Dare-TIES and TIES, high-
lighting the advantage of structural recomposition
over parameter interpolation. Notably, the im-
proved performance on lower-resource languages
such as Arabic in MELA reflects the effect of
fairness-aware optimization, which discourages ar-
chitectures that sacrifice individual language per-
formance, resulting in balanced and robust mono-
lingual performance.

(3) While monolingual evaluations assess
language-specific competence, cross-lingual tasks
are essential for revealing whether reassembled

architectures can structurally integrate and coor-
dinate complementary capabilities inherited from
different source models.

Results on Cross-Lingual Tasks: We fur-
ther assess cross-lingual generalization on
LogQA (Huang et al., 2023), MELA (Zhang
et al., 2023), MMLU (Hendrycks et al., 2021),
and XNLI (Conneau et al., 2018), with results
summarized in Appendix C.4. The LEGO-LLM
outperforms the multilingual fine-tuned baseline
on three of the four datasets, with particularly
strong gains on XNLI, and achieve comparable
performance on LogQA. Compared to monolingual
LLMs, which exhibit substantial degradation on
cross-lingual tasks, the reassembled architectures
maintain consistently strong results across all
datasets, demonstrating effective cross-language
transfer enabled by vertical and horizontal block
recomposition. LEGO-LLM also consistently
outperforms parameter-space reuse methods,
reinforcing that enabling architectural diversity
yields a more expressive and effective form of
model reuse for cross-lingual generalization.

We also evaluate cross-cultural understanding
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Table 4: Experimental Results of Time and GPU Mem-
ory Consumption

Dataset
Time(h) GPU Memory(GB)

EA FT PM EA FT PM

Mela 1.25 2.00 0.095 20.5 41.0 29.0
Xnli 1.88 2.50 0.095 22.0 41.5 29.0
SeaEval 5.00 4.00 0.095 25.0 42.5 29.5
Flores 6.25 6.66 0.095 26.5 43.0 29.5

and translation on SeaEval (Wang et al., 2024a)
and Flores, to provide a stringent test of whether
reassembled models can go beyond any single
source model by integrating complementary lan-
guage competencies through architectural composi-
tion. Results are reported in Appendix C.5. These
results demonstrate that LEGO-LLM enables ro-
bust cross-cultural and cross-lingual transfer in
both understanding and translation tasks.

(4) The evolutionary optimization operates in a
parameter-frozen regime. The only trainable com-
ponents are lightweight glue modules with negligi-
ble parameter overhead. Each candidate architec-
ture is evaluated via forward-only inference with-
out full retraining. Hence, the cost is similar to the
standard fine-tuning, which requires full backprop-
agation through the backbone. Moreover, this pro-
cess is naturally parallelizable across individuals
in the population, making large-scale architecture
search feasible under distributed settings. In Ta-
ble 4, we provide a comparison among fine-tuning
(FT), evolutionary architecture reassembly (EA),
and parameter merging (PM).

The results show that the total time cost of ar-
chitecture reassembly is comparable to fine-tuning,
while higher than parameter merging. Note that
architecture reassembly targets a different reuse
regime compared to parameter merging. Parameter
merging aims to preserve and average capabilities
across source tasks, typically seeking to approxi-
mate each original model. In contrast, architecture
reassembly explores structural recomposition to po-
tentially surpass individual source models on spe-
cific tasks. For example, in Table 2 (Arabic task),
the reassembled model significantly outperforms
all source models, an effect unlikely to emerge
from standard parameter merging. This difference
in objective partly explains the additional compu-
tational overhead. That said, we do not claim that
Architecture Reassembly replaces fine-tuning or
merge-based reuse. Rather, it explores a comple-

Table 5: Performance Comparison of Different Layers

Mela XNLI SeaEval Flores

No glue layer 0.2423 0.4089 0.5068 0.2694
Real tokens 0.3024 0.4868 0.5631 0.3272
Our Glue Layer 0.3200 0.5163 0.5940 0.3460

mentary axis of model reuse at architectural level.
(5) We conduct the ablation study and compare:

(i) No glue layer (dimension mismatch handled via
a single MLP projection), (ii) Glue layer trained
on synthetic Gaussian data (our default), (iii) Glue
layer trained on Real tokens (50% XNLI samples).
The results are provided in Table 5. The glue layer
substantially improves performance compared to
direct projection, confirming that structural align-
ment is critical. Using limited real tokens does not
outperform Gaussian training due to data scarcity:
50% of XNLI samples is still relatively small for
stabilizing cross-model representation alignment,
whereas synthetic Gaussian inputs can be generated
at unlimited scale, enabling more robust estima-
tion of alignment statistics. This suggests that the
glue layer primarily learns distributional alignment
rather than task-specific adaptation.

6 Conclusion

This work introduces architecture-level reassem-
bly as a new paradigm for reusing LLMs. In-
stead of treating LLMs as indivisible artifacts, we
demonstrate that Transformer blocks can be recom-
posed as modular components to construct new,
functional architectures without access to training
data. We formalize a two-dimensional reassem-
bly space that supports both vertical recombination
across depth and horizontal composition within
layers, and propose a chromosome-based represen-
tation with bi-level multi-objective evolutionary
optimization to efficiently explore this space. To
enable valid information flow between heteroge-
neous blocks, we introduce lightweight glue layers
trained via data-free knowledge distillation. Our
findings suggest a shift toward a modular and evo-
lutionary view of LLM design. For future work,
we plan to extend the framework to fully hetero-
geneous LLMs with divergent engineering con-
figurations, including harmonization mechanisms
for normalization conventions, positional encoding
schemes, attention masking rules, residual connec-
tion behaviors, and hidden dimension mismatches.
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Limitations

Architecture reassembly also introduces new chal-
lenges. Because the final model emerges from
an evolutionary search over discrete architectural
choices, its performance can exhibit higher vari-
ance compared to conventionally fine-tuned mod-
els. This variability reflects sensitivity to block
selection and composition strategies rather than
instability in parameter optimization. In addition,
evolutionary search may incur nontrivial computa-
tional overhead when the search space or iteration
budget becomes large. However, this limitation is
partially mitigated by the inherent parallelism of
evolutionary algorithms and by the fact that the
search relies primarily on inference rather than
gradient-based training.
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Appendix

A Related Work

The most established paradigm for reusing pre-
trained language models treats a pretrained model
as a monolithic artifact and focuses on adapting
its parameters to downstream tasks. Typical ap-
proaches include continued pretraining, fine-tuning,
and parameter-efficient adaptation methods such as
adapter tuning (Houlsby et al., 2019) and low-rank
adaptation (Hu et al., 2022). These methods as-
sume a fixed architecture and reuse pretrained mod-
els by modifying or augmenting their parameters,
thereby enabling efficient transfer without training
from scratch. Beyond adapting a single model, re-
cent studies have explored parameter-level model
merging (Yang et al., 2024) as a data-free reuse
strategy. Representative approaches include weight
averaging (Wortsman et al., 2022), Fisher-weighted
merging (Matena and Raffel, 2022), and optimal-
transport-based fusion (Singh and Jaggi, 2020),
which combine multiple fine-tuned models into
a single model without additional training. While

effective in certain scenarios, these methods gener-
ally rely on strong structural assumptions, requiring
architectural alignment across source models and
enforcing a one-to-one correspondence between pa-
rameters or layers. As a result, they do not support
heterogeneous architectures or flexible structural
recomposition.

Another line of work investigates reusing mul-
tiple models through ensemble or routing-based
collaboration. In these approaches, different mod-
els are combined at inference time, either by ag-
gregating their outputs or by dynamically select-
ing which model should handle a given input. Re-
cent advances extend classical mixture-of-experts
frameworks (Jacobs et al., 1991) to large language
models by learning routers that assign queries to
specialized pretrained models (Guha et al., 2024;
Jitkrittum et al., 2025; Lu et al., 2024). In parallel,
multi-LLM collaboration frameworks explore how
multiple pretrained language models can jointly
solve complex tasks, either sequentially or in par-
allel, to improve robustness and reasoning ability
(Feng et al., 2025; Wang et al., 2024b). Although
such approaches effectively exploit model diversity
and complementarity, they treat individual models
as black-box experts. The collaboration occurs at
the decision or output level, without exposing or
reusing the internal representations or architectural
components of the models. Consequently, these
methods do not address the problem of structural
reuse, nor do they enable the construction of new
architectures by recomposing LLM components.

To enable finer-grained reuse beyond whole mod-
els, recent studies have begun to investigate model
assembly and layer-wise reuse (Pfeiffer et al.,
2023). Deep Model Reassembly demonstrates that
pretrained neural networks can be decomposed into
blocks and vertically recombined across depths to
construct new models (Yang et al., 2022). Related
efforts further explore modularizing networks into
reusable components or learnable genes, enabling
more flexible transfer across tasks and architectures
(Wang et al., 2022). These methods provide impor-
tant evidence that LLMs are not indivisible and that
block-level reuse is feasible (Wu et al., 2024). How-
ever, existing approaches typically impose strong
structural assumptions. In particular, each layer is
assumed to originate from a single source model,
and compatibility between consecutive layers is
implicitly guaranteed by construction. As a result,
reuse is largely confined to vertical recombination
along network depth, and more general forms of
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composition, such as combining multiple heteroge-
neous blocks within the same layer, remain unex-
plored. Moreover, representation mismatch across
heterogeneous blocks is not treated as a first-class
problem, further restricting the scope of feasible
reassembly (Guo et al., 2023). To the best of our
knowledge, no prior work has systematically stud-
ied architecture-level reassembly of heterogeneous
models that jointly supports vertical and horizontal
composition without task data.

B Measurement of Fairness across
Different Languages

In the context of our multilingual large model re-
assembly experiments, we introduce fairness across
different languages as an extra objective due to its
paramount importance. To quantitatively measure
this fairness, we leverage the concept of seman-
tic entropy as introduced in (Farquhar et al., 2024).
Semantic entropy provides a means to assess the un-
certainty in the meaning of the generated text by the
model. In our approach, for a given language l from
the set of multilingual set L = {l1, l2, · · · , ln}, we
first conduct experiments on the sub-dataset Dl

specific to language l. Let the model M gener-
ate responses rli for input samples xli ∈ Dl, where
i = 1, 2, · · · , Nl and Nl is the number of samples
in Dl.

To calculate the semantic entropy Hs(r
l) of the

responses in language l, we sample multiple pos-
sible answers {alij} for each response rli. These
answers are then clustered into groups Gl

ik based
on a bidirectional entailment relationship, where
k = 1, 2, · · · ,Kil and Kil is the number of clusters
for the i-th response in language l. The probability
plik of a cluster Gl

ik is calculated as the proportion
of answers belonging to that cluster among all sam-
pled answers for the corresponding response, i.e.,

plik =
|{alij ∈ Gl

ik}|∑
j |{alij}|

(14)

The semantic entropy Hs(r
l) is then computed us-

ing the Shannon entropy formula adapted to this
clustered structure:

Hs(r
l) = −

Nl∑

i=1

Kil∑

k=1

plik log(p
l
ik) (15)

Once we have calculated the semantic entropy
for each language l ∈ L, we define fairness as
the variance of these semantic entropies across all

languages. Let µ be the mean of the semantic en-
tropies, calculated as:

µ =
1

n

∑

l∈L
Hs(r

l) (16)

The variance σ2, which serves as our fairness met-
ric F , is computed as:

F = σ2 =
1

n

∑

l∈L
(Hs(r

l)− µ)2 (17)

A lower value of the fairness metric F indicates
that the model’s performance, as measured by se-
mantic entropy, is more balanced across different
languages. In other words, the model is less likely
to exhibit significant disparities in the uncertainty
of generated text among the various languages it
handles, suggesting a more equitable treatment of
different languages during the reassembly process.

C Experiment Details

We conduct a comprehensive set of experiments to
evaluate the proposed architecture-level reassembly
framework from both mechanistic and empirical
perspectives. Rather than focusing solely on large-
scale performance comparisons, our experimental
design aims to answer a sequence of increasingly
complex questions: how reassembled architec-
tures emerge from heterogeneous pretrained blocks,
whether such architectures can effectively integrate
complementary capabilities, and how the proposed
framework compares with parameter-space reuse
methods in realistic cross-lingual settings.

We evaluate the proposed architecture-level re-
assembly framework in a cross-lingual LLM set-
ting. Cross-lingual tasks provide a particularly suit-
able testbed for our method for two reasons. First,
multilingual competence inherently involves mul-
tiple heterogeneous objectives across languages,
which naturally aligns with our multi-objective evo-
lutionary formulation. Second, language-specific
LLMs exhibit complementary strengths and repre-
sentational biases, making cross-lingual scenarios
ideal for assessing whether reusable Transformer
blocks can be structurally recomposed to integrate
diverse capabilities within a single architecture.

Specifically, we begin with a controlled toy ex-
ample involving two widely used pretrained LLMs
to provide an interpretable illustration of the re-
assembly process and its resulting architectural pat-
terns. We then scale up to a multilingual reposi-
tory of language-specific LLMs and evaluate the
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framework on a diverse suite of monolingual and
cross-lingual benchmarks, including natural lan-
guage understanding, reasoning, cultural under-
standing, and translation tasks. In addition to task
accuracy, we incorporate fairness across languages
as an explicit optimization objective to demonstrate
the flexibility of our multi-objective formulation.
Across all experiments, we compare architecture-
level reassembly against both pretrained baselines
and parameter-space reuse methods, enabling a sys-
tematic assessment of the benefits of structural re-
composition.

C.1 Experimental Setup

All experiments are conducted using two NVIDIA
A6000 GPUs. We consider a repository of
language-specific LLMs derived from the LLaMA-
3.1 8B backbone2, each fine-tuned on a single
language. These models include English (Meta-
Llama-3-8B-Instruct3), Chinese (Llama-3-8B-
Instruct-Chinese4), French (EnnoAi-Pro-French-
Llama-3-8B-v0.45), Turkish (Turkish-Llama-8B-
Instruct-v0.16), Arabic (Arabic-Orpo-Llama-3-8B-
Instruct7), and Spanish (fine-tuned via LoRA
on josecannete/large_spanish_corpus, using
20% of the original data).

Using these models as a block repository, we
apply the proposed architecture reassembly frame-
work to construct new multilingual architectures.
The maximum depth of reassembled models is set
to 36 Transformer blocks. Architectural search is
performed using a bi-level multi-objective evolu-
tionary algorithm based on NSGA-II (Deb et al.,
2002). The population size is set to 30. Glue
layers are trained using the data-free distillation
procedure described in Section 4. Synthetic in-
put sequences of length 128 are sampled from a
Gaussian prior. Unless otherwise specified, 1,000
samples are used for distillation, with a batch size
of 32. All pretrained Transformer blocks remain
frozen throughout the process. At each generation,
parent and offspring populations are jointly ranked

2https://huggingface.co/meta-llama/
Meta-Llama-3-8B

3https://huggingface.co/meta-llama/
Meta-Llama-3-8B-Instruct

4https://huggingface.co/Rookie/
Llama-3-8B-Instruct-Chinese

5https://huggingface.co/Enno-Ai/
EnnoAi-Pro-French-Llama-3-8B-v0.4

6https://huggingface.co/ytu-ce-cosmos/
Turkish-Llama-8b-Instruct-v0.1

7https://huggingface.co/MohamedRashad/
Arabic-Orpo-Llama-3-8B-Instruct

using Pareto non-dominated sorting and crowding
distance, after which the top 30 individuals are re-
tained. Although fairness is explicitly optimized
during evolution, final model selection from the
Pareto front prioritizes individuals with higher aver-
age task accuracy, while still maintaining balanced
cross-lingual performance.

We compare three categories of models:

• Pretrained and monolingual fine-tuned LLMs;

• A multilingual fine-tuned baseline, suzume-
llama-3-8B-multilingual8;

• parameter-space reuse baselines constructed
using Dare-TIES (Yu et al., 2024) and TIES
(Yadav et al., 2024).

These baselines allow us to isolate the contribution
of architecture-level reassembly beyond parameter-
level reuse. Beyond task accuracy, we explicitly in-
corporate fairness across languages as an additional
optimization objective. This choice is motivated
by the flexibility of our framework: since architec-
ture reassembly is formulated as a multi-objective
problem, it naturally supports the inclusion of auxil-
iary criteria without modifying the underlying opti-
mization mechanism. Fairness serves as a concrete
example demonstrating that the proposed frame-
work can balance heterogeneous, non-traditional
objectives alongside performance.

To quantify fairness, we adopt semantic entropy
as proposed in (Farquhar et al., 2024). As detailed
in Appendix B, semantic entropy measures uncer-
tainty in the meaning of generated responses rather
than surface-level variability, making it particularly
suitable for cross-lingual evaluation. For each lan-
guage l ∈ L, we compute the semantic entropy
of model outputs on the corresponding dataset Dl.
Fairness is then defined as the variance of seman-
tic entropy values across languages, with lower
variance indicating more balanced behavior. This
metric is used jointly with task performance dur-
ing evolutionary search, encouraging architectures
that avoid disproportionately high uncertainty in
low-resource or underrepresented languages.

C.2 A Toy Example of Architecture-Level
Reassembly

Before presenting large-scale cross-lingual results,
we first introduce a controlled toy example to illus-
trate the behavior of the proposed architecture-level

8https://huggingface.co/lightblue/
suzume-llama-3-8B-multilingual
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reassembly framework in a minimal yet represen-
tative setting. The goal of this experiment is to
provide an interpretable demonstration of how het-
erogeneous pretrained blocks are selectively reused,
combined, and reorganized through the evolution-
ary reassembly process. This experiment is de-
signed to answer two fundamental questions: (1)
whether architecture-level reassembly can consis-
tently outperform its source models even in a highly
constrained two-model setting, and (2) how the re-
sulting architecture differs structurally from con-
ventional layer-wise alignment or parameter-space
merging. By restricting the model pool to two
widely used and architecturally compatible LLMs,
this toy example enables direct inspection of the
learned reassembly patterns.

We consider two pretrained 7B-scale models as
the block repository:

• LLaMA-2-7B-Chat
(meta-llama/Llama-2-7b-chat-hf)

• Open-LLaMA-7B
(openlm-research/open_llama_7b)

These two models are commonly adopted in ex-
isting heterogeneous model merging and fusion
studies (Wan et al., 2024; Zeng et al., 2025), mak-
ing them a natural baseline for comparison. The
experimental protocol follows the same setup as
described in the previous subsection, except that
the maximum depth of the reassembled architec-
ture is fixed to 32 Transformer blocks, matching
the original depth of both source models for ease
of analysis and visualization. All pretrained blocks
remain frozen, and glue layers are trained using the
same data-free distillation procedure.

We evaluate the reassembled models on mono-
lingual tasks using XNLI (Conneau et al., 2018), a
cross-lingual sentence representations dataset. Ta-
ble 1 reports the performance of the two source
models and the reassembled model across multiple
languages. The reassembled architecture achieves
the highest overall average accuracy, outperform-
ing both LLaMA-2-7B and Open-LLaMA-7B on
the aggregated metric. Notably, the reassembled
model improves performance consistently across
most individual languages, including English, Chi-
nese, Arabic, and Turkish. While the performance
gains on Spanish are moderate, the overall trend
demonstrates that architecture-level reassembly can
effectively integrate complementary strengths from

heterogeneous pretrained models, even without ac-
cess to multilingual fine-tuning data. The increased
standard deviation of the reassembled model re-
flects the diversity of architectures explored during
evolution, rather than instability in training.

To further understand how performance gains
arise, we visualize the final chromosome of the
reassembled model alongside the original layer
structures of the two source models. Figure 3 illus-
trates the vertical ordering of layers, the horizontal
selection of source blocks, and the assembly op-
erators used at each depth. Several observations
can be made. First, the reassembled architecture
does not follow a monotonic or depth-aligned selec-
tion strategy; instead, blocks from different depths
of both source models are interleaved throughout
the network. Second, horizontal composition is
frequent, with operators such as Omerge and Oens

applied at many layers, indicating that direct block
reuse alone is often insufficient and that controlled
combination of representations is beneficial. Fi-
nally, single-source layers remain present at spe-
cific depths, suggesting that certain blocks are con-
sistently preferred without modification.

Together, these observations highlight a key dis-
tinction between architecture-level reassembly and
conventional model merging. Rather than enforc-
ing layer-wise correspondence or parameter inter-
polation, the proposed framework discovers hetero-
geneous, non-aligned reuse patterns that are dif-
ficult to capture using parameter-space methods.
This toy example thus provides an interpretable
and concrete illustration of the flexibility and ex-
pressiveness of architecture-level LLM reuse.

C.3 Results on Monolingual Tasks
We first evaluate the reassembled models on mono-
lingual tasks using Mela (Zhang et al., 2023), a
cross-lingual reasoning dataset, and XNLI (Con-
neau et al., 2018), a cross-lingual sentence repre-
sentations dataset. Tables 2 and 3 report the results.
Overall, the reassembled architectures demonstrate
robust performance across all languages, effec-
tively inheriting and integrating the strengths of
multiple language-specific models.

Compared to monolingual fine-tuned LLMs, the
reassembled models consistently achieve stronger
cross-language generalization, even without ac-
cess to multilingual training data. On XNLI, the
reassembled model attains competitive accuracy
across all evaluated languages, matching or ex-
ceeding the multilingual fine-tuned baseline in sev-
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eral cases. This suggests that architecture-level
reassembly enables effective reuse of cross-lingual
knowledge embedded in pretrained blocks, without
relying on additional multilingual supervision.

Notably, the reassembled model outperforms
parameter-space baselines such as Dare-TIES (Yu
et al., 2024) and TIES (Yadav et al., 2024) on
both datasets. This performance gap highlights
the importance of structural recomposition beyond
parameter interpolation, as the ability to selec-
tively recombine blocks at different depths allows
the model to exploit architectural diversity that
parameter-level reuse cannot capture. Furthermore,
the strong performance on Arabic tasks with tra-
ditionally lower resource availability in MELA
demonstrates the practical effect of fairness-aware
optimization, as the evolutionary process explic-
itly discourages architectures that degrade perfor-
mance on individual languages. Furthermore, the
reassembled models not only integrate the strengths
of language-specific LLMs but also achieve com-
petitive results compared to multilingual fine-tuned
models. The additional benefits of architecture-
level reassembly ensure balanced and robust per-
formance across diverse linguistic tasks.

C.4 Results on Cross-Lingual Tasks
We further assess cross-lingual capabilities on four
diverse datasets: LogQA (Huang et al., 2023),
MELA (Zhang et al., 2023), MMLU (Hendrycks
et al., 2021), and XNLI (Conneau et al., 2018).
These datasets span a range of cross-lingual tasks,
including reasoning, inference, and comprehension.
The results are summarized in Figure 4. Across
three of the four datasets, the reassembled mod-
els outperform the multilingual fine-tuned baseline,
with particularly pronounced gains on XNLI. These
results indicate that the proposed framework effec-
tively integrates knowledge across languages at the
architectural level, enabling strong transfer in cross-
lingual inference tasks. On the LogQA dataset, the
performance of the reassembled models was on
par with the multilingual fine-tuned LLM, reflect-
ing their ability to maintain competitive accuracy
across reasoning tasks.

Compared to language-specific models, the re-
assembled architectures exhibit substantially im-
proved cross-lingual generalization. Except for the
English LLM on MMLU, which achieves compara-
ble performance, all monolingual models show sig-
nificant performance degradation on cross-lingual
tasks. In contrast, the reassembled models main-
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Figure 4: The performance comparison on four multi-
lingual datasets.

tain consistently strong results across datasets, re-
flecting the benefit of combining heterogeneous
blocks through vertical and horizontal recomposi-
tion. Again, architecture-level reassembly consis-
tently outperforms parameter-space reuse methods.
This observation reinforces the central claim of
this work: enabling architectural diversity through
structured reassembly provides a qualitatively dif-
ferent and more expressive form of model reuse
than operating solely in parameter space.

Together, the experimental results demonstrate
that the reassembled models not only inherit the
strengths of base and fine-tuned models but also
excel in their ability to generalize across lan-
guages. By leveraging architecture-level optimiza-
tion and multi-objective fairness considerations,
the reassembled models achieve a balanced, robust
performance that is well-suited for diverse cross-
lingual tasks. These findings further validate the
effectiveness of our approach in addressing the
challenges of multilingual tasks.

C.5 Cross-Lingual Culture Understanding
and Translation

Finally, we evaluate the models on cross-cultural
understanding and translation tasks using the SeaE-
val (Wang et al., 2024a) and Flores datasets. The
SeaEval dataset contains tasks related to multicul-
tural and multilingual understanding across various
regions, while the Flores dataset focuses on transla-
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Table 6: Performance Comparison on Multicultural
Dataset SeaEval

Model cn_eval ph_eval sg_eval us_eval

Base LLM 0.3456 0.3800 0.2900 0.2600
Arabic LLM 0.3619 0.5600 0.5146 0.6222

Chinese LLM 0.4476 0.4500 0.6408 0.5701
French LLM 0.3143 0.4600 0.4660 0.5327
English LLM 0.5321 0.4200 0.6000 0.6238
Spanish LLM 0.4600 0.5200 0.5600 0.5500
Turkish LLM 0.4476 0.5900 0.5825 0.6916

Multilingual LLM 0.4381 0.5600 0.5825 0.7196
Dare-ties 0.3100 0.3100 0.2600 0.3000

Ties 0.3500 0.5300 0.5400 0.6400
LEGO-LLM 0.4800 0.5600 0.6412 0.6949

Table 7: Performance Comparison on Translation
Dataset Flores

Model ind2eng vie2eng zho2eng zsm2eng

Base LLM 0.2759 0.2895 0.1655 0.1678
Arabic LLM 0.2853 0.2853 0.1943 0.2698

Chinese LLM 0.1054 0.0729 0.0641 0.0813
French LLM 0.3163 0.2654 0.2055 0.3093
English LLM 0.4059 0.3283 0.2504 0.3672
Spanish LLM 0.3607 0.3037 0.2155 0.3420
Turkish LLM 0.3202 0.2675 0.2003 0.3129

Multilingual LLM 0.3591 0.2914 0.2199 0.3660
Dare_ties 0.0003 0.0003 0.0001 0.0003

Ties 0.2533 0.2302 0.1827 0.2233
LEGO-LLM 0.4003 0.3110 0.2832 0.3893

tion tasks between different languages. The results
for both datasets are summarized in the Tables 6
and 7.

The SeaEval dataset includes tasks that test the
model’s ability to understand and process content
from diverse cultural perspectives. This dataset
evaluates performance on four distinct regions:
China (cn_eval), Philippines (ph_eval), Singapore
(sg_eval), and United States (us_eval). On SeaE-
val, the reassembled model achieves competitive
performance with the multilingual fine-tuned base-
line, particularly on the US and Singapore subsets.
While absolute performance varies across regions,
the reassembled model exhibits more balanced be-
havior overall, consistent with the fairness objec-
tive incorporated during evolution. Compared to
monolingual LLMs, the reassembled architecture
demonstrates clear advantages across most regions,
indicating improved cultural generalization.

The Flores dataset evaluates translation tasks
between several languages to English, including
Indonesian (ind2eng), Vietnamese (vie2eng), Chi-
nese (zho2eng), and Malay (zsm2eng). On Flo-
res, the reassembled model performs competitively
across all translation directions. Although the

multilingual baseline slightly outperforms it on
certain language pairs, the reassembled model
achieves stronger results on Indonesian and Malay.
Parameter-space baselines perform substantially
worse, especially Dare-Ties, underscoring the limi-
tations of parameter-only reuse for complex mul-
tilingual tasks. These results further demonstrate
that architecture-level reassembly enables robust
and flexible cross-lingual transfer, even in challeng-
ing translation settings.

D Discussion of Architecture Reassembly
and Parameter-only Reuse:
Complementarity, Trade-offs, and
Practical Value

Architecture reassembly represents a fundamen-
tally different paradigm from parameter-only reuse
methods, including fine-tuning, parameter-efficient
adaptation, and parameter-space merging. While
parameter-based approaches operate within a fixed
architectural scaffold, architecture reassembly
treats the network structure itself as a first-class
optimization variable, enabling both vertical (depth-
wise) and horizontal (block-wise) reorganization
of pretrained components.

One major advantage of architecture reassem-
bly lies in its structural flexibility. By explicitly
optimizing model depth, the framework allows
the construction of LLMs that better match tar-
get computational budgets, deployment constraints,
or latency requirements. In contrast, fine-tuning
and parameter-efficient methods must adapt per-
formance within an immutable architecture, often
leading to suboptimal trade-offs between efficiency
and capability. Importantly, it also provides a prac-
tical alternative for researchers and practitioners
with limited computational resources who aim to
develop their own large-scale models. Moreover,
architecture reassembly relaxes the performance
ceiling imposed by a static layer ordering: by rese-
lecting, reordering, or composing pretrained blocks,
it can uncover functional configurations that are in-
accessible to parameter updates alone.

Beyond vertical customization, architecture re-
assembly introduces a horizontal dimension of
model reuse that is largely absent from parameter-
only methods. Horizontal operators, such as block
averaging or representation tying, enable controlled
integration of heterogeneous pretrained represen-
tations at the same depth. This capability allows
the reassembled model to combine complementary
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strengths from different source models rather than
committing to a single lineage throughout the net-
work.

Another key distinction concerns data depen-
dency and resource efficiency. Architecture re-
assembly leverages pretrained models as reusable
building blocks and relies primarily on inference-
time evaluation and lightweight glue-layer training,
often through data-free distillation. This signifi-
cantly reduces reliance on large, high-quality task
datasets, which are typically required for effective
fine-tuning. As a result, the reassembly process
avoids repeated full-model training and instead fo-
cuses computational resources on architectural ex-
ploration, making it particularly attractive in data-
scarce or cross-lingual settings.

Nevertheless, architecture reassembly also intro-
duces new challenges. Because the final model
emerges from an evolutionary search over discrete
architectural choices, its performance can exhibit
higher variance compared to conventionally fine-
tuned models. This variability reflects sensitivity
to block selection and composition strategies rather
than instability in parameter optimization. In ad-
dition, evolutionary search may incur nontrivial
computational overhead when the search space or
iteration budget becomes large. However, this lim-
itation is partially mitigated by the inherent paral-
lelism of evolutionary algorithms and by the fact
that the search relies primarily on inference rather
than gradient-based training.

Architecture reassembly trades the stability and
simplicity of parameter-only reuse for structural ex-
pressiveness and compositional flexibility. Rather
than replacing fine-tuning or parameter merging, it
should be viewed as a complementary paradigm,
particularly well suited for scenarios where hetero-
geneous pretrained models must be integrated, ar-
chitectural constraints matter, or data availability is
limited. This work demonstrates that, under these
conditions, optimizing how pretrained components
are assembled can be as impactful as optimizing
their parameters.
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