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ABSTRACT: AI for Science is extending materials modeling from property prediction toward inverse design.

�is study proposes Generative Pre-trained Transformer-lite (GPT-lite), a numerically aware framework for target-

property-driven aluminum alloy composition design. Using a processed dataset containing 3553 composition–property

records, 25 elemental variables, and three mechanical properties—elongation, tensile strength, and yield strength—

the framework models forward property prediction and inverse composition generation as structured sequence tasks.

EnhancedTokenizer is introduced to reduce numerical fragmentation, while a pre�x-aware regression head provides

continuous-property supervision to the lightweight Transformer backbone. In inverse design, generated compositions

are subjected to strict parsing, compositional clipping and normalization, and uni�ed evaluation by an external

multilayer perceptron (MLP) surrogate. Under �xed data splits, 100 held-out targets, and the same candidate budget,

GPT-lite achieves a mean best maximum relative error of 0.029679 and success rates of 0.85, 0.97, and 0.98 at relative-

error thresholds of 0.05, 0.08, and 0.10, respectively, outperforming Non-dominated Sorting Genetic Algorithm II

(NSGA-II), conditional variational autoencoder (CVAE), and conditional Wasserstein generative adversarial network

with gradient penalty (cWGAN-GP) under the uni�ed comparison protocol. Independent zero-shot validation on 40

external aluminum-alloy compositions yields R2 values of 0.420, 0.748, and 0.740 for elongation, tensile strength, and

yield strength. �ese results support the feasibility of combining numerically aware sequence modeling, continuous-

property supervision, and constraint-aware evaluation for lightweight aluminum alloy inverse design.

KEYWORDS: Aluminum alloy; composition design; inverse design; GPT-lite; numerically aware encoding; property

prediction

1 Introduction

AI for Science is driving arti�cial intelligence methods to evolve from traditional data-�tting tools

toward prediction and generation for scienti�c problems. For materials design tasks, the value of arti�cial

intelligence methods lies not only in establishing property prediction models from existing experimental

data [1–3], but also in assisting the generation of candidate compositions that satisfy target property

requirements by learning complex patterns in structured data [4,5]. In recent years, large language models

and Transformer architectures have shown strong capabilities in sequence modeling, contextual repre-

sentation, and conditional generation. �ese capabilities have enabled their application to extend beyond

natural language processing to scienti�c data modeling tasks, such as molecules [6], crystals [7], and

material compositions [8]. Recent studies have also exploredmultimodal and generalistmaterial-intelligence
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systems [9,10], aswell as integrated data-driven platforms formaterialsmodeling [11]. For example, AI-driven

approaches have been systematically reviewed for nanoscale heat conduction and radiation, while machine-

learning-assisted design has also been applied to advanced polymericmaterials [12]. Nevertheless, aluminum

alloy composition–property datasets are o�en limited in size. Smallmaterials datasetsmay increase the risk of

over�tting andmakemodel selectionmore sensitive [13].�erefore, developing lightweight languagemodels

for small-scale structured alloy data is a critical issue for improving the feasibility and reproducibility of

AI-assisted composition design.

In AI-assisted alloy design, a central computational challenge is to learn reliable mappings from limited

composition–property data and further generate evaluable candidate compositions thatmeet target property

requirements. Aluminum alloys are characterized by low density, high speci�c strength, and favorable

mechanical properties, making them widely applicable in aerospace, transportation, and lightweight struc-

tural components [14,15]. However, aluminum alloy design is generally not a single-property maximization

problem. Instead, it o�en involves a strength–ductility trade-o� [16], while multiple mechanical properties,

including elongation, tensile strength, and yield strength, need to be considered simultaneously. Accord-

ingly, aluminum alloy composition design requires models not only to learn the forward mapping from

compositions to properties, but also to generate valid candidate compositions that satisfy target property

requirements within a high-dimensional, continuous, and sparse composition space.

In existing studies on AI-assisted alloy design, one line of research primarily focuses on property pre-

diction, where material properties are predicted based on given alloy compositions or relevant descriptors.

Chaudry et al. [17] used machine learning methods to assist in the design of high-performance aluminum

alloys, demonstrating that machine learning can accelerate the evaluation of alloy properties. Bhat et al. [18]

further employed a data-driven partitioned regression method to predict the yield strength, tensile strength,

and elongation of aluminum alloys, and indicated that di�erences in data distribution among di�erent

aluminum alloy categories may a�ect model prediction performance. �ese forward prediction models can

rapidly estimate the properties of candidate alloys, thereby providing an evaluation basis for subsequent

screening and optimization.However, forward predictionmodels themselves can only answer the question of

“what properties will be obtained from a given composition”, but cannot directly answer “what composition

should be generated for given target properties”. �erefore, relying solely on forward prediction remains

insu�cient for establishing a complete target-property-driven composition design process.

To further realize inverse design from target properties to candidate compositions, some studies have

adopted an arti�cial-intelligence-based search paradigm of “predictor + optimizer”. Bhat et al. [19] proposed

an inverse design method for aluminum alloys based onmulti-objective regression, attempting to infer alloy

compositions from target properties. Lee et al. [20] combined machine learning with a genetic algorithm

to design novel aluminum alloys that can alleviate the strength–ductility trade-o�. NSGA-II, proposed by

Deb et al. [21], can handle multi-objective optimization problems and is therefore commonly used for multi-

property candidate search. Bayesian optimization methods summarized by Shahriari et al. [22] are suitable

for expensive black-box function optimization. Tian et al. [23] further applied target-oriented Bayesian

optimization to materials design to reduce the cost of candidate evaluation.

In addition to optimization-based search methods, generative arti�cial intelligence methods have also

been applied to inverse materials design [24,25].�e advantage of generative models is that they can directly

learn sample distributions and produce new candidate compositions, rather than repeatedly iterating within

a �xed search space. Noh et al. [26,27] summarized and demonstrated machine-learning-driven inverse

design strategies for inorganic solid-statematerials, in which generativemodels are regarded as an important

route from target properties to candidate structures or compositions. Lu et al. [28] also pointed out that

deep generative models are becoming an important approach for achieving property-to-structure design in
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materials discovery. MatGAN, proposed by Dan et al. [29] shows that generative adversarial networks can

learn the compositional space of inorganic materials and be used for inverse design sampling. Türk et al. [30]

evaluated multiple types of deep generative models from the perspective of chemical composition space,

indicating that the e�ectiveness of generative models depends not only on generative capability, but also on

validity, coverage, and diversity. �ese studies provide an important foundation for generative modeling in

materials design. However, for continuous numerical composition data such as aluminum alloys, generative

models still face challenges in numerical representation and candidate validity. On the one hand, continuous

decimals and trace elements may lead to excessively long sequence representations or over-segmentation of

numerical information. On the other hand, generated candidates may su�er from problems such as parsing

failure, out-of-range compositions, or unreasonable compositional sums. �erefore, a uni�ed protocol for

candidate correction and evaluation is still required.

Recent studies have begun to use Transformer-based language modeling for materials generation and

design. �e Crystal Composition Transformer uses a blank-�lling language model to learn compositional

patterns for generative and tinkering design of inorganic materials [8]. Dong et al. developed the Material

Transformer Generator (MTG), in which Transformer-based language models generate candidate two-

dimensional material compositions that are subsequently subjected to structure prediction and DFT-based

validation [31]. More recently, Ni et al. proposed AlloyGPT, which represents alloy data as structured text

and uses an autoregressive GPT model to perform both forward prediction and inverse alloy design [32].

Together, these studies demonstrate that language-model-based representations can provide a uni�ed way

of learning and generating structured materials data.

However, directly transferring existing material language-model designs to small-scale aluminum alloy

composition–property data presents several practical challenges. First, a large autoregressive backbone may

be unnecessarily expensivewhen only several thousand composition–property samples are available. Second,

aluminum alloy data contain continuous decimal values and sparse trace elements, making numerical

representation particularly important because excessive token fragmentation increases sequence length and

may obscure �ne compositional di�erences. �ird, autoregressive next-token prediction alone does not

provide explicit continuous supervision for mechanical properties. Finally, inverse-generated compositions

must satisfy numerical and compositional constraints before they can be meaningfully evaluated. Against

this background, GPT-lite is designed as a task-speci�c lightweight framework rather than as a simple

reduction of an existingmaterial LLM. It combines a compact GPT backbone, a numerically aware tokenizer,

a pre�x-aware continuous regression branch, and a constraint-aware inverse-design evaluation work�ow.

�ese components are intended to jointly address numerical representation, property-aware learning,

computational compactness, and candidate usability in small-scale aluminum alloy design.

Based on these considerations, this study investigates target-property-driven composition design using

small-scale aluminum alloy composition–property data. �e processed modeling dataset contains 3553

composition–property records, 25 elemental variables, and three mechanical properties: elongation, tensile

strength, and yield strength. GPT-lite is developed to integrate property-aware representation learning

and target-conditioned composition generation within a compact autoregressive framework. Rather than

pursuing model scale, the proposed method focuses on adapting language modeling to the numerical

characteristics and practical constraints of alloy composition design.

Speci�cally, the framework contains four closely connected design components. First, the forward task

Pred (composition→ property) and the inverse task Gene (target property→ composition) are represented

as structured sequences and learned by a shared GPT backbone. Second, EnhancedTokenizer is designed

for elemental symbols, �eld boundaries, sparse compositions, and continuous decimal values to improve

the compactness of numerical sequence representation. �ird, a pre�x-aware regression head introduces
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continuous property supervision into the shared representation space while being restricted from accessing

ground-truth property tokens. Finally, inverse-generated compositions undergo strict parsing and ON-base

so� constraint correction before being evaluated and ranked by an independent external MLP surrogate.

In this way, generation and evaluation remain functionally separated while following the same candidate

constraints and evaluation protocol.

In summary, to address the aforementioned challenges, the speci�c research contributions of this paper

are explicitly outlined as follows:

• A lightweight GPT-based architecture is developed for small-scale aluminum alloy composition–

property modeling. �e �nal model uses a 256-dimensional hidden representation, four Transformer

layers, and four attention heads, resulting in 3.406M trainable parameters while supporting both

forward property-aware learning and inverse composition generation.

• A numerically aware EnhancedTokenizer is designed for structured alloy sequences containing elemen-

tal �elds, sparse non-zero compositions, and continuous decimal values, with the objective of reducing

unnecessary numerical fragmentation and improving sequence compactness.

• A pre�x-aware regression branch is integrated with the shared autoregressive backbone to provide

explicit continuous-property supervision. �e regression head operates only on the composition pre�x

and does not access ground-truth property tokens, enabling property-aware representation learning

without direct label exposure.

• A uni�ed inverse-design evaluation work�ow is established by combining target-conditioned gener-

ation, strict parsing, ON-base compositional correction, and independent surrogate-based ranking.

Fixed data splits, held-out targets, candidate budgets, and evaluators are used to improve experimental

comparability and reproducibility.

2 Dataset

2.1 Dataset Source and Field Composition

�is study uses a processed aluminum-alloy composition–property table derived from the non-

dominated candidate alloys reported by Li and Birbilis [33]. �e source study developed the NSGAN

framework using the publicly available aluminum-alloy supervised-learning dataset released by Bhat

et al. [34] and reported computationally generated non-dominated aluminum-alloy candidates. In

the present study, these candidate results were reorganized according to the requirements of the

composition–property modeling task. A�er �eld selection and basic numerical consistency screening,

3553 composition–property records were retained for subsequent modeling. �e detailed generation and

optimization settings of the original NSGAN framework are available in the source study and are therefore

not repeated here.

For the present task, only the 25 elemental composition variables and three target mechanical

properties—elongation, tensile strength, and yield strength—were retained. Processing-condition �elds and

other non-target information were excluded. It should be emphasized that the 3553 internal records are

derived from computationally generated candidates reported in the source study rather than from 3553

newly measured physical alloys. Accordingly, the internal experiments primarily evaluate GPT-lite within

this processed computational composition–property domain, while independent cross-dataset transfer is

examined separately in Section 4.4.2 using the external aluminum-alloy dataset reported byPfei�er et al. [35].
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2.2 Data Preprocessing and Splitting Strategy

First, the three mechanical property columns were �xed as Elongation, Tensile, and Yield. Samples with

missing values in any of these property columns were removed. Second, elemental composition columns

were identi�ed according to the format of chemical element symbols, namely �eld names consisting of one or

twoEnglish letters. All elemental columnswere converted into numerical values following standardmaterials

data-mining procedures [36]. Missing values were �lled with 0, and negative values were clipped to 0.�ese

preprocessing steps were mainly used to ensure the trainability of the input matrix and target matrix, which

is consistent with the basic requirements for data integrity [37,38] and careful work�ow design in materials

machine learning [39].

�is study retains both the original composition space and the standardized modeling space. �e

original 25-dimensional composition vectors are used for candidate composition parsing, validity checking,

composition-sum constraint checking, and �nal candidate evaluation. �e standardized numerical repre-

sentations are used for model training and target-conditioned input. For the property prediction task, both

input compositions and output properties were standardized according to the statistics of the training set

to improve model training stability. For the inverse design task, the target properties were �rst transformed

into the standardized space and used as conditional inputs for the Gene prompt.�e candidate compositions

generated by themodel were �nally converted back to the original 25-dimensional composition space, where

strict parsing, constraint repair, and surrogate-based post-evaluation were performed.

To avoid the unstable in�uence of clearly out-of-range property values on inverse design target selection,

standardization transformation, and relative error calculation, property range constraints were de�ned in

the inverse design experiments. Speci�cally, the ranges were set as 1–50 for Elongation, 150–900 MPa for

Tensile strength, and 100–800MPa forYield strength.�is settingwasmainly used to ensure that the held-out

target properties were within an evaluable range, rather than to arti�cially modify the composition–property

mapping required for model training.

�e dataset was split using a �xed random seed of 42. In the main experiments, the dataset was

divided into training, validation, and test sets at a ratio of 7:1:2, corresponding to 2487, 355, and 711 samples,

respectively. �e property standardizer was �tted only on the training set and then applied to the validation

and test sets to reduce the risk of test information leakage. For the inverse composition design experiments,

100 �xed held-out target property vectors were further selected from the test set as design targets. All

comparison methods used the same data split, target set, candidate budget, and evaluator, thereby ensuring

consistency in the comparison amongNSGA-II, GPT-lite, CVAE, and cWGAN-GP. In the raw validity check,

candidate compositions were required to be non-negative, each elemental content should not exceed 1, and

the sum of elemental contents should be close to 1.0. In the ON-base so� constraint, candidate compositions

were normalized to Σxi = 1.0 a�er boundary clipping.�emain data-splitting and inverse-design settings are

summarized in Table 1.

2.3 Composition Serialization Representation and Task Construction

Since GPT-lite is based on an autoregressive language model, the tabular composition–property data

need to be converted into structured sequences. Existing studies have shown that material properties can

be learned directly from elemental composition or stoichiometric information using composition-only

neural representations [40], with the key lying in the choice of an appropriate representation method and

model architecture. Meanwhile,Wei et al. [8] converted material compositions into structured sequences for

generative design and composition completion tasks, indicating that serialized representations can serve as

the input basis for material language models. Based on this idea, this study represents each aluminum alloy

sample as a text sequence with an explicit task identi�er, �eld boundaries, and a �xed elemental order.
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Table 1: Data split and inverse design target settings.

Item Setting

Number of valid samples 3553

Elemental composition dimension 25

Whether processing �elds are included No

Property targets Elongation, Tensile strength, Yield strength

Data split ratio Train/Validation/Test = 7:1:2
Number of samples in each split 2487/355/711

Random seed 42

Number of inverse design targets 100 �xed held-out targets

Composition-sum constraint Sum ≈ 1.0
Property ranges for inverse design E: 1–50; T: 150–900 MPa; Y: 100–800 MPa

For the property prediction task, the task identi�er is de�ned as Pred:

Pred: COMP→ PROP

where COMP denotes the 25-dimensional composition sequence organized according to a �xed elemental

order, and PROP denotes the three-dimensional property vector consisting of Elongation, Tensile strength,

and Yield strength. �e corresponding structured text format can be expressed as follows:

{Task}e4 COMP: [Ag = x1, Al = x2, . . ., Zr = x25]→ PROP: [E, T, Y]

Gene: PROP→ COMP

where the input is the target property vector and the output is the 25-dimensional candidate composition

vector arranged according to the �xed elemental order. �e corresponding structured text format can be

expressed as follows:

{Task} PROP: [E, T, Y]→ COMP: [Ag = x1, Al = x2, . . ., Zr = x25]

�e purpose of adopting a �xed elemental order is to ensure that the outputs of di�erent models are

located in the same 25-dimensional composition space, thereby enabling uni�ed post-evaluation of GPT-lite,

NSGA-II, CVAE, and cWGAN-GP under the same external surrogate.

It should be noted that the �xed elemental order is a serialization convention rather than a permutation-

invariant representation of chemical composition. From a chemical perspective, an alloy composition is

determined by the identities and fractions of its constituent elements and should not depend on the

arbitrary order in which these element–fraction pairs are listed. In contrast, an autoregressive Transformer

processes an ordered token sequence and can therefore learn position-dependent relationships that do not

correspond to an intrinsic ordering of the chemicalmixture.�e�xed ordering adopted in this study removes

representation ambiguity across samples and enables consistent training and evaluation, but it does not

mathematically guarantee permutation invariance. �is limitation is further discussed in Section 5.2.

3 GPT-Lite Method

3.1 Overall Framework

�e proposed GPT-lite is a generative framework for aluminum alloy composition design. �e core

idea of this framework is to transform aluminum alloy compositions and mechanical properties into

structured sequences with explicit �eld boundaries, enabling the autoregressive language model to learn

both composition–property mappings and composition generation conditioned on target properties. �e
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objective of GPT-lite is to establish a complete design work�ow under a uni�ed sequence modeling

framework, including property-aware representation learning, candidate composition generation, constraint

repair, and surrogate-based back-evaluation. �e overall framework of GPT-lite is shown in Fig. 1.

Figure 1: Overall framework of GPT-lite.

As shown in Fig. 1, the GPT-lite framework �rst converts the 25-dimensional composition vectors and

three mechanical properties in the aluminum alloy dataset into structured task sequences. Speci�cally, Pred

denotes the forward property prediction task, namely COMP → PROP, whereas Gene denotes the inverse

composition generation task, namely PROP → COMP. Subsequently, the EnhancedTokenizer performs

numerically aware encoding of elemental symbols, decimal values, and �eld boundaries, and the resulting

token sequences are fed into the shared GPT-lite backbone to learn composition–property relationships and

conditional generation representations.

Fig. 1 summarizes the two task branches of GPT-lite. �e Pred branch uses the shared GPT-lite back-

bone and a pre�x-aware regression head for property-aware learning, whereas the Gene branch generates

candidate compositions conditioned on target properties. Generated candidates are subsequently parsed,

corrected using the ON-base constraint, evaluated by the external MLP surrogate, and ranked according to

rmax . �e candidate with the minimum rmax for each target is used to calculate best_max_rel and SR@ε.

�eGPT regression head provides auxiliary continuous-property supervision during GPT-lite training,

whereas the external MLP surrogate is used only for uni�ed candidate evaluation in inverse design. �is

separation avoids evaluating GPT-lite-generated candidates using its own regression head. To clarify the

distinction from existing materials language models, Table 2 summarizes the main architectural di�erences

and practical advantages of GPT-lite.
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Table 2: Comparison with representative transformer- and LLM-based materials design methods.

Method Main Architecture/Design Key Architectural Feature Practical Focus

Transformer-
based materials
generators [8,31]

Transformer language
models for composition
generation or controllable

materials design

Primarily designed for generative
composition modeling; GPT-lite
additionally introduces explicit

continuous-property supervision through
a pre�x-aware regression branch

Candidate
generation and
downstream

materials discovery

AlloyGPT [32]
Large autoregressive GPT
for forward prediction and

inverse alloy design

Uses a substantially larger GPT backbone
and character-based numerical
representation, whereas GPT-lite

introduces a lightweight backbone with a
separate pre�x-aware regression branch
for continuous-property supervision

Large-capacity
uni�ed alloy

language modeling

GPT-lite (this
work)

Lightweight GPT +
EnhancedTokenizer +
pre�x-aware regression
head + constraint-aware

evaluation

256-dimensional, 4-layer, 4-head
backbone with 3.406M parameters and
explicit continuous-property supervision

Compact numerical
representation and
reduced model-scale
requirements for

small-scale alloy data

Compared with existing approaches, GPT-lite emphasizes the combination of lightweight architecture,

numerically aware representation, explicit continuous-property supervision, and constraint-aware candidate

evaluation for small-scale alloy design.

3.2 Numerically Aware Tokenizer: EnhancedTokenizer

Aluminumalloy sequences di�er fromordinary natural language text, as their key information ismainly

concentrated in elemental symbols, continuous numerical values, decimal points, positive and negative

signs, delimiters, and �eld boundaries. If a conventional character-level or byte-level representation is

adopted, continuous compositional values are likely to be split into long token sequences [41,42]. �is

increases the input length and weakens the model’s ability to represent trace elements and �ne-grained

compositional variations. Existing studies on byte-level languagemodels have shown that although byte-level

representations provide strong coverage, they usually lead to longer sequences and higher computational

costs [43]. In materials generation and composition representation tasks, the choice of representation also

a�ects the model’s ability to learn the composition space and control generation.

Based on these characteristics, this paper designs EnhancedTokenizer to process structured aluminum

alloy sequences. �e tokenizer preserves task identi�ers, �eld symbols, elemental symbols, and numerical

characters, and incorporates decimal points, sign symbols, and commonly used delimiters into the basic

vocabulary to support the representation of continuous numerical compositions. Unlike a general byte-level

tokenizer, EnhancedTokenizer is designed for the structured alloy grammar used in this study. Its objective

is not to enlarge the vocabulary size, but to reduce meaningless segmentation, enabling the model to capture

more complete composition and property information within a �xed context window.

However, the purpose of EnhancedTokenizer is to reduce numerical fragmentation rather than to

convert the discrete language-model representation into a continuous numerical representation. �e result-

ing token embeddings therefore do not explicitly guarantee that distances between numerical values are

preserved in embedding space [44,45].
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For an aluminum alloy sample, the structured sequence can be expressed as follows:

COMP: [Ag = 0.0000, Al = 0.9917, Fe = 0.0017, . . ., Zr = 0.0000] → PROP: [E = 32.3265, T = 100.1978,
Y = 35.2727]

�e tokenization e�ciency is evaluated using the following metrics:

Fertil it y =
1

N
∑ i

L i

C i

(1)

Compression =
1

N
∑ i

C i

L i

(2)

Attention cost proxy =
1

N
∑ iL i

2 (3)

Num − f erti l it y =
1

N
∑ i

L i , num

C i , num
(4)

where Fertility denotes the number of tokens per character. A lower value indicates amore compact sequence

representation. Compression denotes the average number of characters carried by each token. A higher value

indicates better compression e�ciency.�e attention cost proxy approximates the attention computation cost

using (L i
2). Num-fertility is calculated only on numerical fragments and is used to measure the tokenizer’s

representation e�ciency for continuous numerical values.

3.3 Property Prediction Branch and Joint Optimization with the Regression Head

�e property prediction branch of GPT-lite corresponds to the Pred task, where the input is the alloy

composition and the output is the three standardized mechanical properties. �is task can be expressed

as follows:

Pred: COMP→ PROP

where COMP denotes the composition sequence constructed according to a �xed elemental order, and

PROP denotes the three-dimensional property vector consisting of Elongation, Tensile strength, and Yield

strength.�e purpose of this branch is not to train an independent optimal property predictor, but to enable

the GPT-lite backbone to acquire property-aware modeling capability while learning the distribution of

alloy sequences.

Given the (i)-th Pred sequence (x i), the autoregressive backbone outputs a sequence of hidden states:

H i = GPTθ(x i) = [h1 , h2 . . . hT] (5)

where θ denotes the parameters of the GPT-lite backbone, and (T) denotes the sequence length. To prevent

the regression head from directly accessing ground-truth property tokens and causing label leakage, the

regression input is restricted to the pre�x part before the PROP �eld. Let (t i) denote the position of the last

valid token in the pre�x.�e last hidden state can then be represented as (h i , t i), and the mean hidden state

over the pre�x interval can be expressed as:

h i =
1

t1

t i

∑
j=1

h i , j (6)

�is paper adopts last-mean pooling, where the last pre�x hidden state is concatenated with the mean

pre�x hidden state:

Z i = [h i ,t i , hι] (7)



10 Comput Mater Contin. 2026;89(3):15

�e regression head then outputs the predicted values of the three mechanical properties based on (z i):

ŷ i = fφz i (8)

In the main GPT-lite training protocol, the pre�x-aware regression head is jointly optimized with

the language-modeling objective during Stage 1. For the dedicated property-prediction comparison

in Section 4.4, an additional pre�x-only regression �ne-tuning stage is applied to make the evaluation

condition closer to the pre�x-only prediction scenario. �e structure of the property prediction branch is

illustrated in Fig. 2.

Figure 2: Structure of the property prediction branch.

Fig. 2 summarizes the pre�x-aware property-prediction branch. Only hidden states before the PROP

�eld are pooled and passed to the regression head, preventing direct access to ground-truth property tokens

while providing continuous-property supervision to the shared GPT-lite backbone.

�e joint training objective of GPT-lite consists of the language modeling loss and the regression loss:

= LM + ℷ re g (9)

where LM denotes the autoregressive language-modeling loss, re g denotes the regression loss for the three

target properties, and λ denotes the regression-loss weight.

re g =
1

N
∑
i

∣∣ ŷ i − y i ∣∣
2 (10)

When λ = 0, themodel degenerates into a pure languagemodel and only learns sequence reconstruction.

When λ > 0, the property supervision signal is back-propagated to the shared representation space through

the regression head, enabling the backbone model to learn representations related to target properties.

In Section 4.3, a dedicated λ-sensitivity experiment further evaluates how the regression-loss weight a�ects
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not only forward property-aware learning and language modeling, but also inverse target-conditioned

composition generation directly.

3.4 Inverse Design and Candidate Evaluation Procedure

�e inverse composition design branch of GPT-lite corresponds to the Gene task, where the input is

the target property vector and the output is the candidate composition vector. �is task can be expressed

as follows:

Gene: PROP→ COMP

�e corresponding serialized form is:

{Task:Gene} PROP: [E, T, Y]→ COMP: [x1, x2, . . ., x25]

where (E), (T), and (Y) denote the standardized elongation, tensile strength, and yield strength, respectively,

and (x1) to (x25) denote the 25-dimensional candidate composition arranged according to the �xed elemental

order.�e core objective of the inverse design stage is not to generate a single seemingly reasonable example,

but to generate a set of candidate compositions conditioned on given target properties and then select the

candidates closest to the target properties through a uni�ed evaluation protocol.

In the generation stage, GPT-lite performs autoregressive sampling according to the target property

prompt and obtains multiple candidate composition texts. �e generated textual candidates are then passed

to a strict parsing procedure. Strict parsing only accepts outputs that conform to the structure of COMP:

[x1, x2, . . ., x25] and requires that all 25 �nite numerical values can be successfully parsed. If parsing fails,

the dimensionality does not match, or non-�nite values are present, the candidate is regarded as invalid.�e

parsed raw compositions are �rst subjected to a raw validity check, denoted as the OFF validity check in this

study, which determines whether a candidate already satis�es the basic compositional constraints without

constraint repair. On this basis, this study further introduces the ON-base so� constraint. Speci�cally, a�er

a candidate has been successfully parsed, boundary clipping and normalization correction are applied to the

raw numerical values:

c⋅ = cl ip(c, 0, 1) (11)

con , i =
c⋅

∑ j c
⋅

j

(12)

�e ON-base so� constraint clips parsed elemental fractions to [0, 1] and subsequently normalizes the

composition to∑ x i = 1. It is intended to repair minor boundary or composition-sum violations rather than

generate new compositions. Candidates for which all elemental values become zero a�er clipping remain

invalid. �e complete inverse-design procedure is illustrated in Fig. 3.

Fig. 3 summarizes the complete inverse-design work�ow from conditional generation to candidate

ranking. Parsed candidates are corrected using the ON-base constraint, evaluated by the external MLP

surrogate, and ranked according to their property errors. �e surrogate is used only for external candidate

evaluation and is independent of the auxiliary GPT regression head.

Let the target property vector be y∗, and let the surrogate-predicted property vector of a candidate

composition be ŷ. �e relative error of the k-th property is de�ned as:

rk =
∣ ŷk − yk ∣

max(∣yk ∣, ε)
(13)
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Figure 3: Inverse composition design pipeline of GPT-lite.

�is study adopts the maximum relative error among the three properties as the candidate ranking

criterion:

rmax =max(re l ongat ion , rtensi l e , ry i e l d) (14)

For each target property vector, the candidate with the smallest rmax is selected from the generated

candidate set as the best design result under that target. �is evaluation strategy avoids the situation in

which a large error in one property is masked by the average error, and is therefore more consistent with the

requirements of multi-property collaborative design.

It should be noted that the numerical validity and surrogate-based property evaluation used in the

present work�ow do not constitute direct veri�cation of metallurgical feasibility or manufacturability.�ese

aspects are further discussed in Section 4.5.5.

4 Experimental Results and Discussion

Unless otherwise speci�ed, the principal inverse-design performance results of GPT-lite are those

obtained under the uni�ed four-method comparison protocol reported in Section 4.5.2. Several supple-

mentary robustness and sensitivity experiments use dedicated matched generation seeds, nested candidate

streams, or multiple independently trained models to isolate speci�c factors. �erefore, the absolute inverse

metrics obtained in these controlled experiments are intended primarily for within-experiment comparison

and should not be interpreted as replacements for the main four-method comparison results.

4.1 Analysis of the Lightweight Structural Complexity and Computational E�ciency of GPT-Lite

To evaluate the lightweight characteristics of GPT-lite, structural complexity and measured computa-

tional e�ciency were examined jointly. Table 3A comparesmodel dimensions, parameter count, FP32model
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size, and a structural computational proxy, whereas Table 3B reports hardware-level training and inference

e�ciency for the �nal GPT-lite implementation.

Table 3: Structural complexity and computational e�ciency of GPT-lite. (A) Structural complexity; (B) Hardware-level
computational e�ciency.

(A)

Model n_embd n_layer n_head Params (M) FP32 Size (MB) Compute Proxy

AlloyGPT-style large backbone 1024 36 16 453.859 1731.34 9.66 × 109

Proposed GPT-lite backbone only 256 4 4 3.258 12.43 6.71 × 107

Proposed GPT-lite + regression head 256 4 4 3.406 12.99 6.71 × 107

(B)

Evaluation Metric Measured Value

Training Full 8-epoch wall-clock time 2.150 min
Training Peak GPU memory 466.65 MB allocated/1610.81 MB device-used
Training GPU energy consumption 4.143 Wh

Forward inference Latency, batch = 1 5.551 ms/sample
Forward inference Latency, batch = 32 0.817 ms/sample
Forward inference �roughput, batch = 32 1223.9 samples/s
Inverse generation Latency, B = 300 6.275 s/target
Inverse generation Latency per candidate 20.915 ms/candidate
Inverse generation Peak GPU memory 160.33 MB

Note: PyTorch memory denotes peak tensor allocation, whereas NVML device memory additionally includes CUDA
context, caching, and other device-level usage. Runtime and energymeasurements are hardware- and implementation-
dependent. �e 453.859M AlloyGPT-style model in Table 3A is used only as a structural reference and is distinct from
the 151.747M resource-scaled AlloyGPT-style baseline evaluated separately in Section 4.5.4.

�e hardware benchmark was conducted on a single NVIDIA GeForce RTX 2060 GPU using CUDA

12.6 and PyTorch 2.12.1. �e �nal GPT-lite con�guration used λ = 1, a hidden dimension of 256, four

Transformer layers, four attention heads, a maximum sequence length of 256, and eight training epochs.

Training time, peak GPUmemory, and GPU energy consumption were measured using a fresh training run,

while forward and inverse inference latency were measured a�er GPU warm-up and synchronization.

For structural comparison, the compute proxy is de�ned as nlayer ×max_len × n2
embd and is used only

as an approximate relative indicator rather than measured FLOPs.

Table 3A shows that the completeGPT-litemodel contains 3.406M trainable parameters, comparedwith

453.859M for the AlloyGPT-style structural reference. GPT-lite therefore uses approximately 99.25% fewer

parameters, while the structural computational proxy is reduced from 9.66 × 109 to 6.71 × 107.�e regression

head adds only approximately 0.148M parameters to the 3.258M backbone, indicating limited additional

structural cost.

Table 3B provides complementary hardware-level evidence. A fresh eight-epoch training run required

2.150 min on the RTX 2060, with 466.65 MB peak PyTorch-allocated memory and 4.143 Wh GPU energy

consumption. Forward inference required 5.551 ms/sample at batch size 1 and 0.817 ms/sample at batch

size 32, while inverse generation with B = 300 required 6.275 s/target. �ese measurements support

the computational compactness of the current implementation, although runtime and memory remain

hardware- and implementation-dependent.
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4.2 Ablation Experiment on the Numerically Aware Tokenizer

To verify the representation e�ciency of EnhancedTokenizer for structured aluminum alloy sequences,

this study compares it with the CharWord baseline and the o�cial byte tokenizer. Existing studies on

byte-level language models have shown that byte-level representations provide strong coverage, but usually

produce longer input sequences. In materials inverse design, the representation method also a�ects the

model’s ability to learn the composition space and control generation. �erefore, this study evaluates the

encoding e�ects of di�erent tokenizers using metrics such as average token length, compression ratio,

attention cost proxy, and num-fertility.�e tokenizer comparison results are summarized in Table 4.

Table 4: Representation e�ciency and downstream performance of di�erent tokenizers. (A) Representation e�ciency;
(B) Downstream prediction and inverse-design performance.

(A)

Tokenizer Vocab Size
Avg. Tokens/

Sample
Compression Attn. Cost Proxy Num. Fertility

EnhancedTokenizer 116 127.397 1.7181 16,246.65 0.5399

CharWord baseline 78 200.885 1.0896 40,354.92 1.0000

O�cial byte tokenizer 282 218.885 1.0000 47,910.77 1.0000

(B)

Tokenizer Forward Test R2↑
Mean best_

max_rel ↓
P90 ↓ SR@0.05 ↑ ON-Base Validity ↑

CharWord 0.949441 0.043823 0.086076 0.72 0.679667

O�cial byte 0.969639 0.043394 0.078300 0.71 0.604367

EnhancedTokenizer 0.959841 0.039586 0.070607 0.74 0.631022

Note: Table 4B compares the three tokenizers under the same GPT-lite architecture, λ = 1, training seed, data split, 100
�xed held-out targets, B = 300, sampling settings, and external MLP surrogate.

Table 4A shows that EnhancedTokenizer provides the most compact representation, reducing the

average sequence length to 127.397 tokens/sample compared with 200.885 for CharWord and 218.885 for the

byte tokenizer. It also achieves the lowest numerical fertility and attention-cost proxy, indicating reduced

numerical fragmentation and sequence cost.

Table 4B shows that tokenizer choice a�ects forward prediction and inverse generation di�erently.

�e byte tokenizer achieves the highest forward test R2 (0.969639), whereas EnhancedTokenizer achieves

the lowest mean best_max_rel (0.039586) and the highest SR@0.05 (0.74). Because target-conditioned

inverse design is the primary objective of the present framework, EnhancedTokenizer is retained as the

default tokenizer.

4.3 Sensitivity Analysis of the Joint Loss Weight for Forward and Inverse Tasks

�e joint loss weight λ controls the relative contribution of the continuous property-regression objective

to the shared GPT-lite representation. Evaluating λ only through forward property-prediction metrics is

insu�cient because stronger regression supervision may improve property-aware representations while

simultaneously a�ecting the autoregressive sequence distribution used for inverse composition generation.

�erefore, the sensitivity analysis was extended to evaluate both forward prediction and inverse target-

matching performance directly.
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For each λ ∈ {0, 1, 5, 10, 20}, the same GPT-lite architecture was trained using three model seeds (42, 43,

and 44).�e train/validation/test split and the 100 held-out inverse-design targets were �xed using seeds of

42.�e shared Stage-1 model was jointly trained on both Pred and Gene sequences: the language-modeling

loss was applied to both tasks, whereas the regression loss was applied only to Pred sequences through the

regressionmask.No Stage-2 regression-only �ne-tuningwas performed in this experiment so that the inverse

sensitivity could be evaluated directly from the same jointly trained checkpoint. For inverse evaluation, each

model generated B = 300 candidates per target using temperature = 0.9 and top-p = 0.95, and all candidates

were evaluated using the same external MLP surrogate. Corresponding targets used matched generation

seeds across di�erent λ values to reduce variation caused by stochastic sampling.�e results of the joint loss

weight sensitivity analysis are summarized in Table 5.

Table 5: Sensitivity of forward and inverse performance to the joint loss weight λ.

λ Forward Val R2
↑ Val LM Loss ↓ Mean best_max_rel ↓ P90 ↓ SR@0.05 ↑ SR@0.08 ↑ SR@0.10 ↑

0 0.0403 ± 0.0145 0.1139 ± 0.0004 0.03524 ± 0.00088 0.07430 ± 0.00387 0.780 ± 0.010 0.917 ± 0.015 0.953 ± 0.006

1 0.9568 ± 0.0134 0.1478 ± 0.0029 0.05591 ± 0.01926 0.12011 ± 0.04396 0.620 ± 0.171 0.800 ± 0.137 0.870 ± 0.092

5 0.9624 ± 0.0118 0.2154 ± 0.0100 0.12920 ± 0.04507 0.27326 ± 0.08271 0.333 ± 0.159 0.470 ± 0.156 0.553 ± 0.142

10 0.9678 ± 0.0114 0.2864 ± 0.0188 0.24557 ± 0.06075 0.49734 ± 0.13911 0.093 ± 0.045 0.233 ± 0.047 0.317 ± 0.049

20 0.9686 ± 0.0084 0.5044 ± 0.0676 0.16215 ± 0.00920 0.29521 ± 0.00506 0.097 ± 0.006 0.250 ± 0.020 0.360 ± 0.010

Table 5 shows a clear trade-o� between forward property-aware learning and inverse generation.

Without regression supervision (λ = 0), forward validation R2 is only 0.0403± 0.0145, although inverse target

matching is strongest. Introducing λ = 1 increases forward R2 to 0.9568 ± 0.0134 while retaining substantially

better inverse performance than the larger λ settings.

Increasing λ to 5–20 provides only limited additional improvement in forward R2 but substantially

increases language-modeling loss and inverse target-matching error. �erefore, λ = 1 is retained not as the

optimum for either task individually, but as a joint-task compromise between property-aware representation

learning and autoregressive inverse generation.

4.4 Property Prediction Evaluation

4.4.1 Internal Comparison between GPT reg_head and MLP Surrogate

�e purpose of the property prediction experiment is not to demonstrate that GPT reg_head outper-

forms MLP in a pure regression task, but to clarify their di�erent roles in the proposed framework. GPT

reg_head shares the representation space with the autoregressive backbone and is mainly used to verify

whether GPT-lite can learn property-aware representations from structured alloy sequences. In contrast,

MLP performs supervised regression directly based on numerical composition features and is thereforemore

suitable as an external surrogate in the subsequent inverse design stage. Existing studies onmaterial property

prediction [46,47] have shown that machine learning models based on material representations can form

strong baselines in various material property prediction tasks [48].�erefore, the comparison between GPT

reg_head andMLP provides an empirical basis for evaluating whether MLP is suitable as a uni�ed evaluator

in the following experiments.

For the dedicated property-prediction comparison in this section, the GPT branch adopts a two-stage

training strategy. In the �rst stage, joint optimization of the language modeling loss and regression loss

is performed on complete Pred sequences. In the second stage, only the pre�x is provided as input, and

pure regression �ne-tuning is conducted, making the training condition closer to the pre�x-only prediction

scenario during testing.�e input of the regression head adopts last-mean pooling, where the hidden state
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of the last token in the pre�x is concatenated with the mean hidden state over the pre�x interval for property

prediction.�eMLPbaseline uses standardized compositional features as input and outputs three properties:

Elongation, Tensile strength, andYield strength. Bothmodels are trained and tested under the samedata split,

and R2, MAE, and RMSE are used as evaluation metrics. �e property prediction results of GPT reg_head

and MLP are summarized in Table 6.

Table 6: Comparison of property prediction results between GPT reg_head and MLP.

Metric GPT reg_head MLP

R2
all 0.9786 0.9915

MAEall 9.3345 5.8865

RMSEall 25.8707 16.2810

MAEE 1.1534 0.8277

MAET 12.8612 8.6438

MAEY 13.9888 8.1879

R2
E 0.9779 0.9881

R2
T 0.9851 0.9918

R2
Y 0.9717 0.9912

Table 6 shows that both models provide strong property prediction, while the numerical MLP achieves

better overall regression performance. Its overall R2 reaches 0.9915 compared with 0.9786 for the GPT

reg_head, and it also produces lowerMAE andRMSE across the three properties. Fig. 4 further shows amore

concentrated predicted-vs.-true distribution for the MLP.�erefore, the MLP is retained as the independent

external surrogate for evaluating inverse-generated candidates, whereas the GPT regression head remains

an auxiliary property-aware supervision component of GPT-lite.

Fig. 4 further con�rms that predictions from both models remain close to the ideal diagonal, while

the MLP predictions are more concentrated. Together with Table 6, this supports the use of the MLP as the

uni�ed external evaluator in subsequent inverse-design experiments.

4.4.2 Independent External Validation on an Aluminum Alloy Dataset

To evaluate whether the learned composition–property representations can transfer beyond the original

data source, an independent external validation experiment was conducted using the aluminum alloy

dataset reported by Pfei�er et al. [35]. �e published dataset contains 14,884 aluminum alloy composition

records and 1278 mechanical-property records extracted from scienti�c literature and US patents. Because

the original data descriptor provides composition and property records as separate datasets and notes

the di�culty of reliably associating arbitrary property entries with speci�c compositions, a conservative

matching strategy was adopted in this study.

Speci�cally, an external property record was linked to a composition only when the two records

originated from the same DOI, had exactly matching normalized row names, and the matching key

corresponded to a unique composition candidate. Recordswith con�icting four-digit AluminumAssociation

designations were excluded. Repeated property measurements associated with the same exact 69-element

source composition were then averaged to obtain one composition-level target. A�er �ltering and strict

matching, 75 property records were retained, corresponding to 40 unique external compositions from

29 source DOIs. A�er aggregation, all 40 retained composition-level samples contained the three target

mechanical properties used for the present evaluation.
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Figure 4: Test-set scatter plots for GPT reg_head and MLP surrogate. (a) Elongation prediction by GPT reg_head; (b)
tensile strength prediction by GPT reg_head; (c) yield strength prediction by GPT reg_head; (d) elongation prediction
byMLP surrogate; (e) tensile strength prediction byMLP surrogate; and (f) yield strength prediction byMLP surrogate.

External validation was performed in a strictly zero-shot setting.�e �nal GPT-lite checkpoint trained

on the original dataset was kept frozen, and the original training-�tted composition standardization and

property scaler were retained. No external sample was used for model training, �ne-tuning, calibration,

scaler �tting,model selection, or target clipping. All 25 elemental variables required byGPT-lite were directly

available in the external composition table. �e 25-dimensional model composition accounted for 99.97%

of the source composition on average. In addition, composition overlap with the original training set was

explicitly audited before evaluation.

�e zero-shot external validation results are summarized in Table 7. To ensure that the evaluation

re�ected cross-dataset transfer rather than memorization of previously observed compositions, the external

compositions were additionally compared with the original training set in the normalized 25-dimensional

composition space. None of the 40 external compositions was an exact training-set match under an L1

threshold of 10−6, and only two were identi�ed as near overlaps under an L1 threshold of 0.01. �e mean

nearest-training-composition L1 distance was 0.0354.�erefore, the external evaluation is not dominated by

exact composition duplication with the original training data.

As shown in Table 7, GPT-lite retains predictive capability on the independent external dataset for all

three mechanical properties. Tensile strength shows the strongest external performance, with an R2 of 0.748,

followed closely by yield strength with an R2 of 0.740. Elongation achieves a lower but still positive R2 of

0.420. �ese results indicate that the composition–property relationships learned from the original dataset
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remain transferable to independently collected aluminum-alloy data, although the degree of transfer di�ers

among the three target properties.

Table 7: Zero-shot external validation on the Pfei�er et al. dataset.

Property N R2 MAE RMSE

Elongation 40 0.420 9.562% 11.708%

Tensile strength 40 0.748 104.194 MPa 143.691 MPa

Yield strength 40 0.740 92.979 MPa 122.538 MPa

Comparable R2 levels have also been reported in previousmachine-learning studies of aluminum alloys.

Jatti et al. [49] reported yield-strength R2 values of 0.7128 and 0.7546 for linear-regression and random-

forest models, respectively, which are close to the external R2 of 0.740 obtained in the present study. �e

same study also reported substantially lower elongation R2 values of 0.3550 and 0.5312 for some model and

processing settings, indicating that moderate predictive performance for elongation can occur in aluminum-

alloy property prediction. In addition, Choi et al. [50] reported a test R2 of approximately 0.752 for ultimate

tensile strength in an industrial HPDC aluminum-alloy dataset, which is highly comparable to the external

tensile-strength R2 of 0.748 obtained here.

�e property-distribution audit provides additional context for the comparatively weaker elongation

performance.�e mean elongation of the external samples is 13.71%, compared with 34.88% in the original

training set, and only 60.0% of the external elongation values fall within the 5th–95th percentile range of the

training distribution. In comparison, the corresponding proportions are 90.0% for tensile strength and 82.5%

for yield strength. �erefore, the lower external R2 for elongation is consistent with a larger distributional

di�erence between the internal and external data for this property. In addition, GPT-lite currently uses

elemental composition as the primarymodeling input and does not explicitly incorporate temper, processing

route, or microstructural information, which may further contribute to cross-source property variation.

Overall, the independent zero-shot validation provides additional evidence that GPT-lite is not limited

to the original data source. In particular, the R2 values of 0.748 and 0.740 for tensile strength and yield

strength demonstrate relatively strong cross-dataset transfer, while the R2 of 0.420 for elongation indicates

moderate transfer under a larger distributional di�erence. �erefore, the external experiment supports

measurable cross-dataset transfer within the evaluated aluminum-alloy domain, while also showing that the

transfer strength remains property-dependent.

4.5 Inverse Composition Design Evaluation and Comparison

4.5.1 Uni�ed Comparison Protocol

To further verify the e�ectiveness of GPT-lite in target-property-driven aluminum alloy composition

design, this study compares it with three representative methods: the traditional search-based optimiza-

tion method NSGA-II, the latent-variable generative model CVAE, and the adversarial generative model

cWGAN-GP. NSGA-II represents the multi-objective search paradigm of “predictor + optimizer”; CVAE

represents the conditional latent-variable generation paradigm [51,52]; and cWGAN-GP represents the

adversarial conditional generation paradigm [53,54]. �ese methods provide representative comparisons

across search-based optimization and deep generative modeling. In addition, to further incorporate recent

language-model-based alloy design approaches, a separate matched comparison with an AlloyGPT-style

autoregressive LLM baseline inspired by AlloyGPT [32] is provided in Section 4.5.4. Because this LLM
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comparison follows a dedicated matched generation protocol, its results are reported separately rather than

being directly merged with the original four-method comparison.

To ensure a fair comparison, all four methods use the same data preprocessing rules, the same 25-

dimensional elemental composition space, the same training/validation/test split, and the same 100 �xed

held-out target property vectors. Each method generates the same number of candidate compositions for

each target, with the candidate budget uniformly set to (B = 300). All generated candidates are evaluated by

the same external MLP surrogate for property back-prediction.�is setting avoids additional bias caused by

di�erences in target sets, candidate budgets, or evaluators.

�is study uses best_max_rel as the main evaluation metric for inverse design. For each target property

vector, the candidate set generated by a given method is �rst evaluated using the surrogate model. �e

relative errors of each candidate across the three properties are then calculated, and the candidate with the

smallest maximum relative error is selected as the best candidate for that target. Finally, the mean, standard

deviation, median, and P90 of best_max_rel are calculated over 100 targets. In addition, SR@0.05, SR@0.08,

and SR@0.10 are reported, representing the proportion of targets for which the best candidate satis�es the

relative error threshold for all three properties. �is evaluation strategy is stricter than reporting only the

average error, because it requires the candidate to simultaneously satisfy the targets of elongation, tensile

strength, and yield strength.

4.5.2 Target Matching and Candidate Validity

�e target-matching and candidate-validity results are summarized in Table 8.

Table 8: Inverse-design performance and candidate validity. (A) Target-matching performance; (B) Candidate validity
and repair dependence.

(A)

Method Mean best_max_rel Std Median P90 SR@0.05 SR@0.08 SR@0.10

NSGA-II 0.112511 0.032240 0.103416 0.211702 0.31 0.43 0.49

GPT-lite 0.029679 0.026312 0.019472 0.064254 0.85 0.97 0.98

CVAE 0.051511 0.035174 0.041470 0.097634 0.62 0.84 0.90

cWGAN-GP 0.032240 0.029915 0.020811 0.073137 0.80 0.91 0.96

(B)

Method Mean Parse Rate Mean O�-Valid Rate Mean Fix-Base Rate

NSGA-II 1.0000 0.9993330 0.00

GPT-lite 1.0000 0.890267 0.55

CVAE 1.0000 0.000000 1.00

cWGAN-GP 1.0000 0.993300 0.00

Note: proportion of target pools containing at least one candidate requiring repair. OFF-validity is a strict binary
constraint-compliance metric. For CVAE, all 30,000 raw candidates contained at least one negative component, while
only 3.84% contained a component greater than 1. Nevertheless, 98.77% of the composition sums were within ±0.01 of
1.0. A�er clipping andnormalization, projected validity reached 1.0000, withmean andP90 L1 correctionmagnitudes of
0.008415 and 0.011961, respectively.�erefore, the zero raw-validity rate mainly re�ects systematic boundary violations
rather than large composition-sum errors.
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Candidate validity complements rather than replaces target-matching performance. NSGA-II and

cWGAN-GP satisfy the raw compositional constraints almost directly, whereas GPT-lite combines relatively

high raw validity with the strongest target matching in Table 8A. CVAE depends more strongly on ON-base

correction; however, the numerical diagnosis in the note to Table 8B shows that the required corrections are

generally small and are primarily associated with boundary violations.

Table 8A shows that GPT-lite achieves the lowest mean best_max_rel (0.029679) and P90 (0.064254)

among the four methods. Its SR@0.05 reaches 0.85, compared with 0.80 for cWGAN-GP, 0.62 for CVAE,

and 0.31 for NSGA-II. �e corresponding SR@0.08 and SR@0.10 values of 0.97 and 0.98 further indicate

that GPT-lite maintains strong target alignment across increasingly relaxed tolerances. �e distribution of

best_max_rel across the four inverse-design methods is further illustrated in Fig. 5.

Figure 5: Distribution of best_max_rel for four inverse design methods.

4.5.3 Quantitative Analysis of Generated Composition Quality

Although target-matching metrics quantify whether at least one high-quality composition can be

identi�ed for each target, they do not fully characterize the overall quality of the generated candidate pool.

In particular, an inverse-design model may achieve a low best_max_rel while repeatedly generating highly

similar compositions or reproducing compositions already present in the training set. Candidate validity has

already been quantitatively evaluated under the uni�ed cross-method protocol in Section 4.5.2. �erefore,

the present analysis complements that evaluation by examining the complete GPT-lite candidate pools in

terms of uniqueness, novelty, and internal diversity.�e analysis uses the selected GPT-lite model with λ = 1
and seed 42, the same 100 �xed held-out targets, and a candidate budget of B = 300 for each target.

Uniqueness is calculated a�er ON-base projection by grouping compositions that become identical

a�er rounding each elemental fraction to a �xed numerical precision. Two precisions are considered: 10−4

and 10−3. �e uniqueness rate is de�ned as the number of distinct projected compositions divided by the

number of projected-valid candidates. Novelty is evaluated against the projected training-composition set

using the nearest-neighbor L1 distance in the projected, unstandardized composition space. A candidate is

regarded as an exact copy when its nearest-training L1 distance is no greater than 10−6. In addition, a stricter

distance-based novelty criterion is reported using a nearest-training L1 distance greater than 0.02. Internal

diversity is quanti�ed by themean pairwise L1 distance among projected-valid candidates within each target-

conditioned candidate pool. Duplicates are retained in the primary diversity calculation so that repeated
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generation appropriately reduces the diversity score; a supplementary diversity value calculated using unique

candidates only is also reported.�e quantitative candidate-quality results are summarized in Table 9.

Table 9 shows moderate candidate uniqueness, with unique rates of 0.5940 and 0.5091 at 10−4 and 10−3

precision, respectively.�e exact novelty rate reaches 98.68%, indicating that most generated candidates are

not exact reproductions of the training samples. However, under the stricter L1 > 0.02 criterion, the novelty
rate decreases to 43.91%, showing thatmany generated candidates still remain relatively close to the observed

training-composition space.

Table 9: Quantitative quality analysis of GPT-lite-generated alloy compositions.

Quality Dimension Metric Value

Uniqueness Unique rate at 10−4 precision 0.5940

Uniqueness Unique rate at 10−3 precision 0.5091

Novelty Mean nearest-training L1 distance 0.07287

Novelty Exact novelty rate, L1 > 10−6 0.98675

Novelty Strict distance novelty, L1 > 0.02 0.43906

Diversity Mean pairwise L1 distance 0.11503

Diversity Mean pairwise L1 among unique candidates 0.12224

�e mean pairwise L1 distance is 0.11503 and increases to 0.12224 a�er duplicate removal, indicating

measurable internal compositional diversity. �erefore, GPT-lite largely avoids exact memorization while

maintaining moderate uniqueness and diversity, although exploration far from the training distribution

remains more limited.

4.5.4 Comparison with a Recent Alloy-Speci�c LLM Baseline

To further strengthen the comparison with recent language-model-based materials design methods,

an additional alloy-speci�c autoregressive language-model baseline was constructed with reference to

AlloyGPT [33].�e published AlloyGPT framework concurrently performs forward prediction and inverse

alloy design using structured alloy text and an autoregressive GPT architecture. Because the o�cial pre-

trained model and its original training data are not openly available for unrestricted direct reuse, the present

study does not claim to reproduce the o�cial AlloyGPT checkpoint. Instead, a transparent resource-scaled

reimplementation, denoted as AlloyGPT-style LLM (resource-scaled), was trained from scratch on the same

aluminum alloy dataset used for GPT-lite.

�e resource-scaled baseline retains themain autoregressive language-modeling characteristics used for

the comparison, including a character–word numerical representation, mixed Pred/Gene sequence training,

and pure causal language-model optimization.�e model uses a hidden dimension of 1024, 12 Transform er

layers, 16 attention heads, a vocabulary size of 256, and a context length of 320, resulting in 151.747M trainable

parameters. For a controlled comparison with GPT-lite, both models use the same 70/10/20 data split, the

same 100 �xed held-out target property vectors, the same externalMLP surrogate, the same candidate budget

of B = 300, temperature = 0.9, top-p = 0.95, the same ON-base compositional correction, and the same

maximum-relative-error ranking criterion.�e generation random seed is also matched for corresponding

targets.�e matched comparison results are summarized in Table 10.
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Table 10 demonstrates an accuracy–e�ciency trade-o�. �e AlloyGPT-style baseline achieves lower

mean best_max_rel and higher SR@0.05, whereas GPT-lite uses approximately 44.6 times fewer param-

eters and a substantially smaller checkpoint. Under the matched raw-generation benchmark, GPT-lite is

approximately 2.74× faster. �erefore, the comparison does not support universal accuracy superiority for

GPT-lite; instead, it supports its positioning as a substantially more compact alternative with competitive

inverse-design performance.

Table 10: Comparison between GPT-lite and the AlloyGPT-style LLM baseline. (A) Model scale and inverse target
matching; (B) Matched generation e�ciency.

(A)

Method
Parameters

(M)

Checkpoint

(MB)

Mean best_

max_rel ↓
P90 ↓ SR@0.05 ↑ SR@0.08 ↑ SR@0.10 ↑

GPT-lite 3.406 13.034 0.039586 0.070607 0.74 0.92 0.95
AlloyGPT-style LLM
(resource-scaled)

151.747 579.924 0.029719 0.066194 0.85 0.95 0.96

(B)

Method Generation Time (s/target) Peak GPUMemory

GPT-lite 10.014 619 MB
AlloyGPT-style 27.474 782 MB

Note: Table 10 uses the dedicated matched LLM comparison protocol. Panel B reports raw generation using 64
candidates per target and batch size 8; these runtime values should not be directly substituted for the hardware
benchmark in Table 3B.

4.5.5 Practical Manufacturability and Metallurgical Feasibility

�e inverse-design results primarily establish computational rather than manufacturing feasibility.

Numerically valid compositions satisfy the parsing, elemental-boundary, and composition-sum constraints

used in the present work�ow, but these conditions do not guarantee metallurgical stability or practi-

cal processability. Aluminum-alloy properties also depend strongly on phase constitution, precipitation

behavior, microstructure, and processing history [55], none of which are explicitly included in the current

composition–property dataset. �erefore, generated compositions should be treated as computational

candidates requiring further metallurgical screening.

Manufacturability is also process-dependent. Casting, wrought processing, and additivemanufacturing

impose di�erent requirements related to solidi�cation, phase formation, precipitation response, formability,

and hot-cracking susceptibility. Although the candidate-quality analysis in Section 4.5.3 indicates that most

GPT-lite outputs are not exact training copies and many remain close to the observed composition domain,

compositional proximity alone cannot establish physical feasibility. �ermodynamic and process-speci�c

screening is therefore required before experimental implementation.

A practical work�ow can use GPT-lite as a front-end candidate generator, followed by CALPHAD-

based equilibrium or Scheil calculations to evaluate phase constitution and solidi�cation behavior [56].

Process-speci�c criteria can then be applied before higher-�delity simulation and experimental validation.

Accordingly, GPT-lite is intended to reduce the initial search space and prioritize candidates rather than

replace thermodynamic calculations or experimental quali�cation.
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4.6 Robustness Analysis of GPT-Lite

Robustness was evaluated from three complementary perspectives: training randomness, training-data

availability, andnumerical input perturbation. For training-seed robustness, �ve independently trainedGPT-

lite models with seeds 42–46 were evaluated while keeping the data split, inverse-design targets, generation

settings, and external surrogate �xed. For training-data fraction robustness, the original training split was

reduced to 25%, 50%, and 75%, and each reduced-data setting was repeated using �ve subset sampling seeds

(42–46). �e model/training seed was �xed at 42 so that variation in this experiment primarily re�ected

di�erences in training-data availability and subset composition. Within each subset seed, the 25%, 50%,

and 75% training subsets were constructed in a nested manner, while the validation set, test set, inverse-

design targets, generation settings, and external evaluator remained �xed.�e 100% setting was retained as

a single full-data reference. Finally, robustness to numerical input perturbation was evaluated by applying

multiplicative Gaussian noise of up to 5% to the test compositions without retraining the model. �e

robustness results are summarized in Table 11.

Table 11: Robustness analysis of GPT-lite under training and input perturbations. (A) Training-seed robustness; (B)
Training-data fraction robustness; (C) Robustness to noisy composition inputs.

(A)

Seed Forward Val R2
↑ Mean best_max_rel ↓ P90 ↓ SR@0.05 ↑ ON-Base Validity ↑

42 0.9550 0.037888 0.073438 0.740 0.632

43 0.9710 0.076073 0.161857 0.450 0.485

44 0.9444 0.061829 0.154473 0.590 0.566

45 0.9589 0.064580 0.124486 0.580 0.491

46 0.9576 0.059296 0.171839 0.640 0.545

Mean± SD 0.9574 ± 0.0095 0.05993 ± 0.01389 0.13722 ± 0.03979 0.600 ± 0.105 0.544 ± 0.060

(B)

Training

Fraction

Training

Samples
Repeats Forward Test R2

↑ Mean best_max_rel ↓ P90 ↓ SR@0.05 ↑ ON-Base Validity ↑

25% 622 5 0.9056 ± 0.0146 0.2728 ± 0.0591 0.5490 ± 0.1302 0.086 ± 0.042 0.0885 ± 0.0387

50% 1244 5 0.9315 ± 0.0102 0.2034 ± 0.0593 0.4156 ± 0.1163 0.216 ± 0.038 0.2647 ± 0.0884

75% 1865 5 0.9511 ± 0.0163 0.0834 ± 0.0511 0.1917 ± 0.1394 0.528 ± 0.114 0.5112 ± 0.0948

100% 2487 1 0.9598 0.03835 0.07187 0.750 0.6314

(C)

Input

Noise
Forward Test

R2 Mean ± SD ↑
R2 Retention vs.

Clean

Mean

Composition L1

Change

Mean Relative

Prediction Shi�

P90 Max Relative Prediction

Shi�

0% 0.959841 ± 0.000000 1.000000 0.000000 0.000000 0.000000

1% 0.957647 ± 0.000767 0.997714 0.000520 0.007850 0.028955

3% 0.956665 ± 0.000624 0.996692 0.001558 0.010095 0.033592

5% 0.956515 ± 0.001085 0.996535 0.002600 0.011219 0.036287

Note: For the 25%, 50%, and 75% settings, values are reported as mean ± SD across �ve subset sampling seeds
(42–46). �e model/training seed was �xed at 42, and the reduced training subsets were nested within each subset
seed. �e 100% setting represents a single �xed full-data reference and was therefore not included in the repeated
subset-sampling statistics.

Table 11A shows that forward validation R2 remains relatively stable across the �ve training

seeds (0.9574 ± 0.0095), whereas inverse target matching exhibits greater variability, with mean

best_max_rel = 0.05993 ± 0.01389 and SR@0.05 = 0.600 ± 0.105.�is indicates that forward property-aware

learning is less sensitive to training initialization than stochastic inverse generation.
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Table 11B shows a clear overall improvement with increasing training-data coverage across repeated

subset sampling.Mean best_max_rel decreases from0.2728± 0.0591 at 25% training data to 0.0834± 0.0511 at

75%, while SR@0.05 increases from 0.086± 0.042 to 0.528± 0.114; the full-data reference reaches 0.03835 and

0.750, respectively. Forward R2 is less sensitive to reduced training data.�e comparatively larger variation

in the inverse metrics also indicates that inverse generation depends not only on data quantity but on the

speci�c composition–property coverage of the training subset.

Table 11C shows limited degradation under moderate numerical input noise, with 5% perturbation

retaining approximately 99.65% of the clean-input R2. Overall, the robustness experiments indicate com-

paratively stable forward property-aware learning, whereas inverse generation is more sensitive to training

initialization and training-data coverage.

4.7 Inference-Time Sensitivity and Practical Guidance

Tokenizer sensitivity has already been evaluated together with representation e�ciency in Section 4.2

and Table 4B. �is section therefore focuses on two inference-time choices that directly a�ect candidate

selection: the candidate generation budget and the ranking strategy.

�e candidate generation budget B determines the number of inverse-design candidates explored for

each target property vector. To isolate the e�ect of B from stochastic di�erences in independent sampling

runs, the budget sensitivity experiment uses a nested generation protocol. Speci�cally, one stochastic

candidate stream is generated for each target, and the candidate pools are de�ned cumulatively as B = 50,
100, 200, 300, and 500, such that the smaller candidate pools are exact pre�xes of the larger pools.�erefore,

di�erences among budget settings primarily re�ect the e�ect of increasing the number of explored candidates

rather than di�erences between independently sampled candidate sets.�e sensitivity results for candidate

generation and ranking are summarized in Table 12.

Table 12: Sensitivity to candidate generation and selection settings. (A) Candidate generation budget; (B) Candidate
ranking strategy.

(A)

B
Mean best_

max_rel ↓
P90 ↓ SR@0.05 ↑ SR@0.08 ↑ SR@0.10 ↑ Mean Latency (s/target) ↓

50 0.070844 0.149980 0.49 0.70 0.76 1.786

100 0.053235 0.103640 0.58 0.83 0.87 3.632

200 0.042273 0.071874 0.69 0.90 0.95 7.113

300 0.039586 0.070607 0.74 0.92 0.95 10.565

500 0.034546 0.070507 0.79 0.93 0.98 17.184

(B)

Ranking Strategy

Mean

Selected

max_rel ↓
P90 max_rel ↓ SR@0.05 ↑ SR@0.08 ↑ SR@0.10 ↑

Mean

Selected

mean_rel ↓

Mean

Selected

L2_rel ↓

Mean-relative 0.044683 0.076461 0.66 0.90 0.93 0.023890 0.051008

L2-relative 0.041494 0.074593 0.71 0.91 0.94 0.024456 0.049604

Max-relative 0.039586 0.070607 0.74 0.92 0.95 0.027219 0.051773

Note: Panel A uses nested candidate streams (50 ⊂ 100 ⊂ 200 ⊂ 300 ⊂ 500), whereas Panel B evaluates the same B = 300
projected-valid candidate pools under di�erent ranking criteria.�e latency values in Panel A are intended for relative
comparison within the nested-generation implementation; Table 3B remains the primary runtime benchmark of the
�nal model.
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Table 12A shows the expected accuracy–cost trade-o�. Increasing B from 50 to 500 reduces mean

best_max_rel from 0.070844 to 0.034546 and increases SR@0.05 from 0.49 to 0.79, but also increases gener-

ation latency. B = 300 is therefore retained as a balanced default rather than as the accuracy-optimal setting.

Table 12B shows that the preferred ranking criterion depends on the design objective. Max-relative

provides the lowestmaximum-errormetrics and the highest SR@0.05, whereasmean-relative and L2-relative

optimize their corresponding aggregate error measures. Because the present task requires all three target

properties to satisfy the tolerance simultaneously, max-relative is retained as the default strategy.

Accordingly, B controls the inference-time accuracy–cost trade-o�, while the ranking criterion should

be selected according to the desired de�nition of multi-property error.

5 Conclusion and Future Work

5.1 Conclusions

�is study proposes GPT-lite, a lightweight generative framework for target-property-driven aluminum

alloy composition design. �e framework integrates structured Pred and Gene tasks, numerically aware

tokenization, pre�x-aware continuous-property supervision, compositional correction, and independent

surrogate-based evaluation within a compact autoregressive architecture.

Under the uni�ed inverse-design protocol, GPT-lite achieves a mean best_max_rel of 0.029679 and

SR@0.05, SR@0.08, and SR@0.10 values of 0.85, 0.97, and 0.98, respectively, outperforming NSGA-II, CVAE,

and cWGAN-GP. Candidate-pool analysis further shows moderate uniqueness, measurable diversity, and

a 98.68% exact novelty rate, indicating that strong target matching is not obtained simply through exact

reproduction of training compositions.

�e additional analyses clarify the role of the proposed design choices. EnhancedTokenizer reduces

sequence length and numerical fragmentation, while λ = 1 provides a practical compromise between forward

property-aware learning and inverse generation. Comparison with the AlloyGPT-style baseline reveals

an accuracy–e�ciency trade-o�: the larger model achieves stronger target matching under the dedicated

matched protocol, whereas GPT-lite uses substantially fewer parameters and provides faster generation.

Independent zero-shot validation on 40 external aluminum-alloy compositions yields R2 values of

0.420, 0.748, and 0.740 for elongation, tensile strength, and yield strength, supporting cross-dataset transfer

within the present aluminum-alloy domain. Robustness experiments further show stable forward prediction

across training seeds and moderate input noise, while repeated subset-sampling results indicate that inverse

generation is more dependent on su�cient and representative training-data coverage.

Overall, GPT-lite provides a compact and reproducible framework for computational aluminum alloy

inverse design.�e generated compositions should nevertheless be regarded as candidate formulations rather

than experimentally validated alloys, and future work should incorporate processing information, physics-

based screening, uncertainty estimation, and experimental validation.

5.2 Limitations and Future Work

�e present results remain limited to a �xed 25-dimensional aluminum-alloy composition space and

three mechanical properties: elongation, tensile strength, and yield strength. Extending GPT-lite to larger

elemental spaces or additional properties would require corresponding changes to the tokenizer, sequence

length, property representation, surrogate model, and candidate constraints, while potentially increasing

data sparsity andmulti-objective trade-o�s. In addition, the current experiments are restricted to aluminum

alloys; transfer to other alloy systems would require system-speci�c data, representations, constraints,
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and independent validation. �erefore, the present results should not be interpreted as evidence of direct

transferability to substantially larger composition spaces, richer property sets, or other alloy families.

A further limitation arises from representing chemical compositions as autoregressive text sequences.

Alloy compositions have no intrinsic sequential ordering, whereas a standard Transformer is position-

sensitive. �e �xed elemental order used in this study provides deterministic serialization but does not

guarantee permutation invariance [57]. In addition, continuous elemental fractions are ultimately repre-

sented by discrete tokens, so numerical proximity is not explicitly preserved in token or embedding space.

EnhancedTokenizer reduces numerical fragmentation, and the regression objective introduces continuous-

property supervision, but neither mechanism fully removes these representational limitations.

Futurework should investigate representations that better re�ect themathematical structure of chemical

mixtures. Possible directions include permutation-invariant set-based encoders, order-randomized training

to reduce sensitivity to a particular serialization, element-identity embeddings paired directly with contin-

uous concentration values, and hybrid generative architectures that predict elemental identities discretely

while modeling concentrations through continuous outputs. More fundamentally, continuous generative

models operating directly on constrained composition vectors or simplex-valued representations could

avoid part of the mismatch between autoregressive language modeling and continuous alloy composition

spaces. Such approaches would provide a useful direction for determining whether the current sequence

formulation can be replaced or complemented by representations with stronger permutation and numerical

inductive biases.

A further limitation is that the current model uses only elemental compositions and three mechanical

properties and does not explicitly incorporate processing routes, heat-treatment conditions, phase infor-

mation, or microstructural descriptors. Because these variables can strongly in�uence the properties and

manufacturability of aluminum alloys, the generated candidates should be regarded as computational design

candidates rather than experimentally validated alloy formulations. Moreover, the inverse-design results are

primarily assessed through an externalMLP surrogate and have not yet been validated through experimental

testing or high-�delity physical simulation. Future work should integrate processing and microstruc-

tural descriptors, thermodynamic or CALPHAD-based screening, uncertainty estimation, multi-surrogate

consistency assessment, and experimental feedback to improve the physical reliability of candidate selection.

Finally, the current implementation follows a “generation–repair–evaluation–ranking” work�ow rather

than a fully closed-loop materials-design system. Future extensions could combine GPT-lite with active

learning, uncertainty-guided sampling, physics-based screening, and experimental feedback. Such devel-

opments would allow the framework to be evaluated progressively across larger composition spaces, richer

property sets, and multiple alloy systems while maintaining explicit control over model uncertainty and

physical feasibility.

In summary, GPT-lite provides a feasible generative modeling framework for target-property-driven

aluminum alloy composition design. With the further integration of processing information, experimental

validation, and closed-loop optimization mechanisms, the proposed method has the potential to provide a

more practically valuable technical route for data-driven alloy design.
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