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Abstract

Multi-trait automated essay scoring extends
holistic scoring by evaluating essays across
multiple writing dimensions. In this framework,
inter-trait consistency signals provide an effec-
tive way to improve prediction across traits.
However, learning shared scoring signals may
obscure trait-specific features, while enforcing
consistency across traits can introduce negative
transfer, hindering the model’s ability to distin-
guish individual traits. To solve these issues,
we propose DPRES, a dual-perspective decou-
pled representation learning framework that dis-
entangles consistency and specificity at both the
feature and optimization levels. Specifically,
we first propose a residual subspace decompo-
sition strategy that enforces orthogonality be-
tween shared scoring features and trait-specific
features, thereby disentangling shared scoring
signals from trait-specific scoring signals in the
latent representation space and enhancing the
model’s ability to capture trait-specific scor-
ing features. Based on the subspace decom-
position strategy, we further design a consis-
tency—specificity decoupled learning strategy
to simultaneously preserve inter-trait correla-
tions and enhance trait-level discrimination.
Experiments on public datasets demonstrate
that the proposed method consistently outper-
forms strong baselines.

1 Introduction

By providing feedback across multiple dimensions
such as Language, Content, and Organization,
multi-trait essay scoring supports a more compre-
hensive assessment of writing and facilitates learn-
ers’ overall writing development. In contrast to
holistic scoring approaches (Taghipour and Ng,
2016; Dong et al., 2017; Yang et al., 2020; El-
massry et al., 2025), which only evaluate the overall
quality of an essay, multi-trait essay scoring (MES)
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Figure 1: The illustration of multi-trait scoring task
and our motivation. Our method aims to enhance the
model’s ability to maximally learn trait-specific scoring
information within a multi-trait scoring framework.

(Kumar et al., 2022a; Do et al., 2024a) offer greater
practical value in real-world educational scenarios.

Earlier work on multi-trait scoring typically uti-
lized the predicted scores of individual traits as
supplementary signals to improve the estimation of
the holistic essay score (Kumar et al., 2022b). In
current multi-trait scoring research, many studies
develop joint scoring models that aim to optimize
the relationships among different traits, particularly
by modeling the dependencies between them (Do
et al., 2023, 2024a,b; Li and Ng, 2025; Zhao et al.,
2026). This emphasis arises from the observation
that, in the trait-scoring task, the scoring trends of
different traits often exhibit a degree of consistency
(Li and Ng, 2025). For example, both linguistic fea-
tures and structural organization can reflect content
richness in writing assessments.

However, this emphasis on modeling trait inter-
dependencies introduces an overlooked challenge:
when the learning process overly focuses on scor-
ing dependency across traits, it may obscure the in-
herent scoring differences among them, ultimately
limiting the model’s capacity for multi-dimensional
assessment. In other words, if the model over-relies
on shared signals, it may under-express features
unique to each trait, restricting its capacity to learn
trait-specific scoring features.

To alleviate this issue, existing studies have pro-
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posed methods to enhance trait-aware scoring repre-
sentations. For example, (Chu et al., 2024) incorpo-
rates Large Language Models (LLMs) to generate
trait-specific rationales or label signals, thereby im-
proving the model’s ability to capture trait-relevant
scoring information. However, these methods heav-
ily rely on sequential interactions among traits,
where the modeling of each trait is conditioned
on the outputs of preceding traits. Consequently,
they only share knowledge in a fixed, unidirec-
tional order and fail to learn highly expressive trait
features (Zhao et al., 2026). Another of method
have explored the use of mixture-of-experts archi-
tectures to enhance the modeling of trait-specific
scoring representations and reduce the interference
caused by shared scoring information (Wang and
Liu, 2025). However, such attention-based trait
representation learning methods are influenced by
their optimization objectives, which implicitly in-
troduce scoring consistency signals and hinder the
full exploitation of trait-specific features. So, this
naturally raises two key questions: 1) How to fur-
ther enhance the expressiveness of trait-specific
features within a unified shared encoder? 2) How
to strengthen the focus on trait-specific scoring in-
formation while modeling scoring consistency?.

To address this issue, we introduce a Dual-
Perspective decoupled Representation learning
method for multi-trait Essay Scoring (DPRES), a
novel specificity-enhanced multi-trait essay scoring
framework. By introducing two decoupled repre-
sentation learning strategies at the feature repre-
sentation level and the optimization objective level,
our method enables the model to disentangle shared
and trait-specific scoring signals without requiring
additional trait-specific supervision. Meanwhile, it
effectively models inter-trait dependencies while
preserving scoring consistency and maintaining
sensitivity to scoring differences across traits (Our
motivation as illustrated in Figure 1.).

To enhance the model’s ability to capture trait-
specific scoring features, we propose a novel resid-
ual subspace decomposition strategy, which per-
forms feature-level decoupling by enforcing orthog-
onality between shared and trait-specific represen-
tations. This method is inspired by the intuition that
the score distributions of different traits originate
from a common underlying scoring distribution,
while exhibiting distributional shifts along differ-
ent evaluation dimensions. Therefore, enhancing
the distinction between the shared signal and these
shifted signals can improve the model’s ability to

perceive trait-specific scoring features. Based on
the subspace decomposition learning framework,
we further introduce a consistency—specificity de-
coupled learning strategy. By separating the op-
timization objectives of scoring-consistency and
trait-specificity, this strategy encourages the model
to preserve inter-trait dependencies while maxi-
mizing its ability to capture trait-specific scoring
signals. This decoupled optimization mechanism
ensures that the model learns comprehensive and
well-balanced trait-scoring representations. The
main contributions are summarized as follows:

1) We propose a novel multi-trait essay scor-
ing framework that introduces a dual-perspective
decoupled representation learning mechanism to
enhance the model’s representation learning capa-
bility, thereby significantly improving its ability to
model trait-scoring information.

2) We propose a residual subspace decomposi-
tion strategy that enforces orthogonality between
shared scoring features and trait-specific features,
thereby enhancing the model’s ability to perceive
initial trait-specific features.

3) We design a consistency—specificity decou-
pled learning strategy, which decouples the op-
timization objectives of scoring consistency and
trait-specific, enabling the model to preserve trait
dependencies while strengthening the learning of
trait-specific scoring signals.

4) Extensive experiments on public datasets
demonstrate the effectiveness of our method.

2 Related Work

2.1 Automated Essay Scoring

Early studies on Automated Essay Scoring primar-
ily relied on feature engineering or conventional
neural architectures, such as CNNs and LSTMs, to
predict the overall writing quality of essays (Phandi
et al., 2015; Alikaniotis et al., 2016; Mathias and
Bhattacharyya, 2018). For example, Alikaniotis
et al. (2016) introduced word embeddings and em-
ployed BiLSTM networks to capture long-range
contextual dependencies in essays, Dong et al.
(2017) further proposed a hierarchical representa-
tion method with attention mechanisms to model es-
say structure. With the development of pre-trained
language models, Transformer-based approaches
have further improved AES performance by lever-
aging pre-trained contextual representations (Yang
et al., 2020; Wang et al., 2022; Xie et al., 2022).
In addition, some studies investigate the cross-
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Figure 2: The overall architecture of our method. During multi-trait scoring training, DPRES introduces feature-level
decoupled learning through residual subspace decomposition, separating shared scoring features from trait-specific
features. The shared embeddings capture common scoring principles, while the residual embeddings preserve
trait-specific signals. DPRES further introduces consistency—specificity decoupled learning to separately optimize
scoring consistency and trait specificity, preserving inter-trait dependencies while enhancing trait-specific scoring.

prompt essay scoring setting, where models are
trained on essays from multiple source prompts
and tested on essays written for previously unseen
target prompts (Chen and Li, 2023; Jiang et al.,
2023; Sun et al., 2025; Wang et al., 2025).
Despite these advances, most existing ap-
proaches focus on holistic scoring, which provides
limited diagnostic feedback for educational appli-
cations. In practice, learners need feedback across
multiple writing dimensions to better understand
their strengths and weaknesses. This limitation has
motivated increasing research on multi-trait essay
scoring, which evaluates essays from multiple di-
mensions and provides more informative feedback.

2.2 Multi-trait Essay Scoring

Multi-trait essay scoring aims to provide feedback
across multiple scoring dimensions, enhancing the
diagnostic and educational value of AES systems
(Ridley et al., 2021; Li and Ng, 2025; Wang and Yu,
2025; Chen et al., 2025). Most existing approaches
adopt a unified model with shared essay represen-
tations, jointly predicting trait scores and overall
scores via multiple linear heads Li and Pan (2025);
Wang and Liu (2025); Zhao et al. (2026). Another
line of work formulates multi-trait scoring as a
sequential generation task: Do et al. (2024b,a) fine-
tuned T5-based models to autoregressively gen-
erate trait scores, allowing the model to capture
correlations among traits during decoding.

Most existing studies focus on modeling inter-
trait dependencies to facilitate cross-trait collabo-

rative scoring (Do et al., 2024a; Chu et al., 2024;
Li and Ng, 2025; Zhao et al., 2026). However,
overemphasizing such dependencies may limit the
model’s ability to capture trait-specific scoring in-
formation. In contrast, our work takes a decoupling
perspective, aiming to disentangle shared scoring
consistency from trait-specific representations for
more fine-grained multi-trait evaluation.

3 Method

3.1 Overview

The overall architecture of our method is illustrated
in Figure 2. In our method, we first construct a uni-
fied representation learning framework for multi-
trait essay scoring, in which essays are encoded
into a shared latent space to capture common scor-
ing representation across different traits. Based
on this shared representation, trait-specific scoring
heads are introduced to generate trait-level scor-
ing predictions. Second, to enhance the model’s
ability to perceive trait-specific scoring signals, we
introduce a residual subspace decomposition strat-
egy that explicitly separates shared scoring features
from trait-specific representations. Finally, to fur-
ther balance inter-trait collaboration and the mod-
eling of trait-specific information, we propose a
consistency—specificity decoupled learning strategy.
Through the joint modeling of decoupling at both
the feature-and optimization-level, the proposed
DPRES framework effectively captures shared scor-
ing knowledge while enhancing trait-specific repre-
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sentation learning in multi-trait essay scoring.

3.2 Multi-trait Scoring Architecture

Our scoring model, denoted as F'(-), consists of
two components: a shared encoder fp(-) with pa-
rameters 6, and a multi-trait scorer fy(-) with pa-
rameters ¢. For the shared encoder, we employ an
encoder-based pre-trained language model (PLM),
such as BERT (Devlin et al., 2019) or RoBERTa
(Liu, 2019), to encode the input essay. Given an
essay x, the PLM produces a contextualized repre-
sentation from the [C'LS] token, which serves as
the essay-level representation:

he = fo(x) (1
where h, denotes the latent representation.

To address the requirement of multi-trait scor-
ing, previous studies (Ridley et al., 2021; Do et al.,
2023) have shown that effectively leveraging the
mutual information between different traits can sig-
nificantly improve the performance of trait scoring.
Following their work, we construct independent
feature projection layers (fully connected layers)
for each trait to map the shared essay representation
h, into the initial representation of each trait:

ap = Wihe +b, k=1,...,m 2)
where m denotes the total number of scoring traits,
and ay, represents the initial trait-specific represen-
tation for the k-th trait.

Subsequently, to capture interaction features
across different traits, we introduce a trait inter-
action network to dynamically extract relevant aux-
iliary information from other traits when predicting
the score of a particular trait. Inspired by the trait
attention mechanism (Ridley et al., 2021), our ob-
jective is to model the dependencies among traits
and enhance each target trait with complementary
information from the remaining traits.

Specifically, we first organize the initial rep-
resentations of all traits into a matrix A =
la1,a2,...,an], where aj denotes the represen-
tation of the k-th trait. Instead of directly aggre-
gating information from other traits using pairwise
attention, we employ multiple interaction networks
to capture diverse patterns of cross-trait dependen-
cies. Each expert transforms the trait representa-
tions while masking the corresponding trait itself,
thereby encouraging the extraction of auxiliary in-
formation from the remaining traits. Since different
traits may benefit from different types of cross-trait

information, a trait interaction weight mechanism
is further introduced to dynamically select and ag-
gregate the outputs of the interaction networks for
each target trait. In this way, the model can adap-
tively identify the most relevant interaction patterns
and construct an auxiliary representation py for the
k-th trait. Finally, we concatenate the original trait
representation with the aggregated cross-trait infor-
mation to obtain the fused representation:
gk = [ak; pr]- 3)
Finally, the representation is fed into a fully con-
nected layer followed by a sigmoid activation func-
tion to predict the score of the k-th trait gy:

U = Sigmoid(Wsgr, + bs), k=1,....m (4)
where Wy and b, are learnable parameters of the
scoring layer. The model ultimately outputs a vec-
tor of predicted scores for all traits, denoted as

g=191,--,9ml.

3.3 Latent Space Representation
Decomposition

Separating trait-specific features from a unified
[C'LS] representation inevitably introduces entan-
glement among different traits, making it difficult
for trait-specific extractors to focus on features rel-
evant to the target trait. Motivated by the intuition
that the scoring distributions of different traits can
be viewed as trait-specific shifts from an underly-
ing shared distribution—where the shared distri-
bution captures general writing quality and each
trait corresponds to a distinctive distributional shift,
we argue that explicitly separating shared scoring
signals from these trait-specific shifts is essential
for accurate trait-level modeling. To this end, we
propose a latent-space representation decomposi-
tion strategy. Specifically, we construct residual
subspaces to capture trait-specific representations
from the shared essay representation, and enforce
orthogonality constraints between the shared and
trait-specific subspaces to disentangle shared scor-
ing semantics from trait-specific representations.
Residual Subspaces Trait-feature Extracting.
After obtaining the trait-specific representations
ag, through independent projection layers, we fur-
ther apply a fully connected layer to project the
shared encoder output h, in order to capture the
scoring semantics shared across different traits:

g — Wsh;p + bs (5)

where 2z, denotes the shared essay representation,
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which models the common scoring characteristics
across different scoring traits.

Based on this shared representation, we con-
struct a residual subspace for the k-th trait by defin-
ing the residual embedding as:

TR = G — Zs (6)

where 7}, denotes the residual subspace correspond-
ing to the k-th scoring trait, and a; represents the
initial representation of the k-th trait. According
to this definition, the residual embedding preserves
the information not captured by the shared repre-
sentation, thereby encoding trait-specific scoring
signals.

Orthogonal Disentanglement of Shared-
Representation and Trait-Representation.
Inspired by (Tang et al., 2026), to further learn
disentangled shared and trait-specific feature
spaces, we introduce a latent-residual orthogonal
(LRO) loss. This objective enforces orthogonality
between the shared representation zs and the resid-
ual trait embedding matrix r = [ri,72,..., 7).
Such a constraint prevents redundant information
from being simultaneously encoded in both
representations and explicitly separates shared
scoring semantics from trait-specific signals.

Formally, the LRO loss is defined as:

m
Lrro =Y (2,71)° (7

k=1
where (-, -) denotes the inner product operation.
The LRO loss penalizes the inner product between
the shared representation and all residual embed-
dings, encouraging their orthogonality and promot-
ing disentangled representation learning. This or-
thogonality constraint enables a disentangled la-
tent space, where shared representations capture
common scoring semantics and residual subspaces

encode discriminative trait-specific features.

3.4 Consistency—Specificity Decoupled
Learning

Existing studies have shown that scoring dependen-
cies exist across different traits (Do et al., 2023;
Li and Ng, 2025; Wang and Liu, 2025). Modeling
such dependencies as an optimization objective can
improve cross-trait collaboration and enhance pre-
diction consistency. However, explicitly enforcing
these dependencies may introduce spurious correla-
tions, which can interfere with trait-specific signals
and lead to negative cross-trait interference.

Therefore, building upon the subspace decom-

position learning strategy, we further introduce a
consistency—specificity decoupled learning strategy.
Specifically, we first introduce two complementary
learning objectives. Scoring Consistency-aware
Learning encourages the model to capture shared
scoring patterns across different traits, while pre-
serving the inherent correlations among trait scores.
Scoring Diversity-aware Learning explicitly en-
hances the discriminability of trait-specific repre-
sentations, enabling the model to better capture
distinctive scoring signals for each trait. Building
upon these objectives, we adopt a progressive de-
coupling training strategy: during the early stages
of training, the model emphasizes capturing scor-
ing consistency, thereby learning cross-trait scoring
collaboration knowledge; as training progresses,
the model gradually increases its focus on trait-
specific features, improving its sensitivity to unique
trait-level signals while maintaining cross-trait col-
laborative capabilities.
Scoring Consistency-aware Learning. For a
given anchor trait representation z; with score vec-
tor s;, following Do et al. 2023, we first measure
its scoring consistency with all other traits based
on the Pearson correlation coefficient (PCC) (Ben-
esty et al., 2009). After computing the scoring
consistency between each trait and the current an-
chor trait, we rank them in descending order based
on their PCC. The trait with the lowest correla-
tion is selected as the negative sample z,eg, and
the remaining traits are treated as positive sam-
ples {z:éoS e zl’;;f}. This ensures that the model
distinguishes the anchor from traits that are less
related while reinforcing the cooperative relation-
ships with moderately or highly correlated traits.
The contrastive loss for the anchor trait is defined
as:

L2 exp(cos(z,2is) /7
ESCL — —lOg ( Ej:l p(cos(2,2pos) /T) )

$E23 exp(c08(2,20s)/T)+exD(c0S (2, 2ne ) /T)
(®)
where cos(-) denotes cosine similarity and 7 is a
temperature parameter. ¢ means the number of
traits. By explicitly ranking traits based on their
score correlations and optimizing this contrastive
objective, the model learns to emphasize coopera-
tive patterns among traits.
Scoring Diversity-aware Learning. To enhance
the model’s ability to learn trait-specific scoring in-
formation, we explicitly consider the inherent con-
sistency among traits while promoting trait-specific
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distinctions. We introduce a scoring diversity-
aware contrastive learning loss that preserves inter-
trait consistency and, at the same time, encourages
the model to capture diverse, trait-specific features.
Specifically, trait representations with high score
consistency are separated from other traits, and dis-
entanglement is performed through trait grouping,
enabling the model to maximize the learning of
distinctive trait characteristics.

Specifically, to filter out the sample pairs with
the highest and lowest trait scoring consistency, we
first use cosine similarity to quantify the similarity
between trait representations. This method quanti-
fies score consistency across different dimensions
by enforcing representational coherence, facilitat-
ing the disentanglement of traits with substantial
scoring disparities in the vector space. For each
essay trait representation z being the anchor, the
scoring diversity-aware contrastive loss (SDL) is

defined as
Lspr = —lo ( exp(cos(2,2pos) /7) )
SDL g exp(cos(z,2pos) /T )+exp(cos(z,2neg ) /T)

where z represents the current trait representation,
Zpos denotes the representation most similar to the
current trait representation, and zpe; denotes the
representation least similar to z.
Consistency—Specificity Progressive Decoupled
Loss. To better balance scoring consistency and
trait-specific learning, we introduce a progressive
decoupled optimization strategy. Rather than treat-
ing these objectives equally throughout training,
the model dynamically adjusts their relative im-
portance to progressively disentangle shared and
trait-specific signals. Specifically, the overall train-
ing objective is defined as:

Lospp = AlscL + (1 — M) Lsp.  (10)
where Lgcr encourages the model to capture trait-
consistent scoring patterns across different traits,
while Lgpr, promotes the learning of discriminative
trait-specific representations.

To progressively decouple these two learning
signals, the trade-off parameter A is dynamically
adjusted during training as:

T 2
A:I—(ﬂm> (11

where 7' denotes the current training epoch and
Thmax 1s the maximum number of training epochs.
This scheduling strategy allows the model to ini-
tially focus on learning scoring consistency and
gradually shift its attention toward capturing trait-
specific distinctions, thereby enabling a more effec-

tive decoupled representation learning process.

Finally, the overall loss is obtained by combin-
ing the Mean Squared Error (MSE) loss with the
proposed LRO loss and consistency—specificity pro-
gressive decoupled (CSPD) loss,

L=Lyse+alrro + BLcsPD (12)

where « and 3 are hyperparameters.

4 Experiments Results

4.1 Experiment Setup

We conducted experiments using the ASAP and
ASAP++ datasets (Mathias and Bhattacharyya,
2018), which have been widely used for the MES
task. Following previous methods, we adopt the
widely used Quadratic Weighted Kappa (QWK)
metric for performance evaluation. We use five-
fold cross-validation using the same split as pre-
vious works (Kumar et al., 2022b), and report the
five-fold averaged results. All experiments were
conducted on two NVIDIA GeForce RTX 3080
GPUs. In this study, we trained a total of 50 epochs,
and the one with the highest average QWK score
for all traits in the validation set was selected for
testing. We set the max length of the essay is 512
words and the batchsize is 16. In the total loss, we
set was 0.1 and 5 as 0.01. The drop rate is set to 0.2.
For our method, we use RoOBERTa-base (Liu, 2019)
as the encoder to obtain the multi-dimensional scor-
ing representations. Our model can score all es-
say traits with a single model. We normalize all
trait scores to the range of [0, 1] during training,
and the scores are rescaled back to the original
score range for evaluation. And we use AdamW
(Loshchilov and Hutter, 2017) as our optimizer to
train the model, and the initial learning rate is set
to le — 5. The temperature for both contrastive
losses is set to 0.1 More details about datasets and
baselines are presented in Appendix A.

4.2 Main Comparison Results

Table 1 and Table 2 report the main results of
the baseline models and our proposed method
(DPRES) across prompts and traits, respectively.
Overall, our approach consistently outperforms the
performance of existing methods on both prompt-
level and trait-level. As shown in Table 2, DPRES
attains the highest average score (AVG) across
traits, demonstrating its robustness across different
scoring dimensions. And our method also demon-
strates its effectiveness in prompt-level scoring, as
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Model Pl P2 P3 P4 PS5 P6 P7 P8 . AVGT(SDJ)
MTL-BIiLSTM | 0.670 0.611 0.647 0708 0.704 0.712 0.684 0.581 0.665 (-)
T-MES 0.728 0.684 0702 0.771 0.726 0754 0.755 0.629 0.719 (-)
GAT-AES 0.722 0.698 0.707 0.771 0.720 0.767 0.744 0.680 | 0.726 (& 0.009)
EnGNN 0.732 0704 0719 0.782 0.734 0771 0.755 0.636 0.729 (-)
AITS 0.708 0.706 0704 0.767 0.723 0776 0.749 0.603 | 0.717 (& 0.025)
SaMRL 0.717 0.703 0715 0.773 0.729 0778 0.745 0.604 | 0.720 (& 0.016)
RMTS 0716 0704 0.723 0.772 0.737 0.769 0.736 0.651 | 0.726 (& 0.042)
DPRES 0736 0719 0714 0.776 0.740 0.782 0.764 0.668 | 0.738 (& 0.019)

Table 1: Average QWK scores across all traits for each prompt.

Five-fold averaged standard deviation is reported

(SD). The best results are highlighted in bold and the second-best results are underlined.

Model Overall Content PA  Lang Nar Org Conv WC SF  Style Voice , AVGT (SD J)
MTL-BIiLSTM | 0.764 0.685 0.701 0.604 0.668 0.615 0.560 0.615 0.598 0.632 0.582 0.638 (-)
T-MES 0.774 0.730  0.750 0.702 0.730 0.685 0.686 0.679 0.675 0.693 0.590 0.700 (-)
GAT-AES 0.771 0.742 0.749 0.687 0.726 0.694 0.686 0.709 0.692 0.699 0.649 | 0.710 (+ 0.011)
EnGNN 0.770 0.736  0.759 0.708 0.744 0.691 0.686 0.691 0.699 0.714 0.623 0.711 (-)
ArTS 0.737 0.727  0.751 0.702 0.739 0.665 0.679 0.672 0.679 0.735 0.557 | 0.695 (£ 0.018)
SaMRL 0.750 0.732  0.754 0.704 0.740 0.670 0.684 0.681 0.685 0.726 0.558 | 0.699 (£ 0.022)
RMTS 0.755 0.737 0.752 0.713 0.744 0.682 0.690 0.705 0.694 0.702 0.612 | 0.708 (£ 0.043)
DPRES 0.777 0.755 0.763 0.705 0.740 0.705 0.711 0.715 0.701 0.728 0.649 | 0.722 (£ 0.020)

Table 2: Average QWK scores across all prompts for each trait.

WC: Word Choice, Org: Organization, SF: Sentence

Fluency, Conv: Conventions, PA: Prompt Adherence, Nar: Narrativity, Lang: Language.

presented in Table 1.

In particular, our method surpasses the strongest
baseline model EnGNN by 1.1% on average from
the perspective of trait-level scoring, demonstrat-
ing the effectiveness of the proposed framework in
multi-trait essay scoring. Statistical significance
tests further validate these results, revealing consis-
tent improvements of 0.009 and 0.011 at the prompt
and trait levels, both of which are statistically sig-
nificant (p<0.05). Further compared with methods
that focus on modeling trait dependencies, includ-
ing GAT-AES, ArTS, and SaMRL, our method
achieves significant advantages both at the prompt-
level and the trait-level. Compared to trait-aware
baselines such as T-MES and RMTS, our approach
also demonstrates significant advantages. Notably,
against RMTS, which leverages LLMs to gener-
ate supplementary trait information, our decoupled
learning framework achieves superior performance,
highlighting the efficacy of our architectural design
in capturing trait-specific representations.

4.3 Ablation studies

We conduct ablation studies to evaluate the contri-
bution of each component, with results summarized
in Tables 3 and 4. (1) w/o LRO: Removing the
LRO constraint reduces performance from 0.738 to
0.726, indicating that enforced orthogonality effec-
tively mitigates trait-representation entanglement

and enhances trait-specific discriminability. (2) w/o
CSPD: Ablating the CSPD module yields a drop
to 0.729, demonstrating that progressively balanc-
ing shared and trait-specific representations during
training is crucial for robust optimization. (3) w/o
LRO & CSPD: Joint removal causes the most sub-
stantial degradation (0.738 — 0.714), underscor-
ing the complementary nature of both mechanisms.
In addition, at the trait-level, our method consis-
tently improves performance across most traits,
with notable gains on Style, Voice, and Sentence
Fluency, highlighting the importance of modeling
trait-specific representations for fine-grained scor-
ing. Overall, the complete model achieves the best
performance, validating the effectiveness of jointly
addressing trait-representation entanglement and
consistency—specificity balance.

4.4 More Analysis

Effect of Optimization Order on Consis-
tency—Specificity Decoupled Learning. We in-
vestigate the effect of the optimization order in con-
sistency—specificity decoupled learning across dif-
ferent prompts by comparing two sequences: train-
ing scoring consistency first followed by prompt-
specific learning (Consistency — Specificity) and
the reverse order (Specificity — Consistency). As
shown in Figure 3, training consistency first con-
sistently outperforms the reverse order. Specif-
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Model Pl P2 P3 P4 P5 P6 P7 P8 . AVGT(SD )

DPRES 0.736 0.719 0.714 0.776 0.740 0.782 0.764 0.668 | 0.738 (£ 0.019)

w/o LRO 0.731 0.700 0.708 0.775 0.727 0.770 0.754 0.642 | 0.726 (& 0.026)

w/o CSPD 0.727 0.718 0.714 0.776 0.724 0.768 0.759 0.651 | 0.729 (& 0.022)

w/o LRO & CSPD | 0.721 0.673 0.708 0.768 0.717 0.762 0.748 0.618 | 0.714 (4 0.024)

Table 3: Ablation results in average QWK of all traits on each prompt.
Model Overall Content PA  Lang Nar Org Conv WC SF Style Voice , AVGT (SDJ)
DPRES 0.777 0.755 0.763 0.705 0.740 0.705 0.711 0.715 0.701 0.728 0.649 | 0.722 (% 0.020)
w/o LRO 0.767 0.747 0.754 0.690 0.728 0.692 0.677 0.679 0.670 0.713 0.596 | 0.702 (& 0.030)
w/o CSPD 0.773 0.745 0.758 0.693 0.727 0.701 0.699 0.698 0.687 0.715 0.620 | 0.710 (% 0.024)
w/o LRO & CSPD | 0.763 0.730  0.755 0.679 0.722 0.675 0.679 0.662 0.652 0.675 0.575 | 0.688 (& 0.028)
Table 4: Average QWK scores across all prompts for each trait.
Consistency -> Specificity Specificity -> Consistency Difference Area
/ —
won 074
© —— 1-(L)2 .
" 070 0.5 cos(m 7) +0.5 \
0.66 A=05
P1 P2 P3 P4 P5 P6 P7 P8 AVG 066 =2t
Figure 3: Effect of the optimization order on

consistency—specificity decoupled learning. Consis-
tency — Specificity indicates that, under the consis-
tency—specificity progressive decoupled (CSPD) loss,
scoring consistency is trained first, followed by en-
hanced learning of trait-specific representations, Speci-
ficity — Consistency reverses the order.

ically, the average performance across prompts
is higher for Consistency — Specificity, and the
lowest-performing prompt also shows a clear im-
provement. Most prompts exhibit better scores
under Consistency — Specificity, with the largest
improvement observed in prompt 8. These results
further validate the motivation behind our method:
overemphasizing scoring consistency can impede
the model’s ability to perceive prompt-specific scor-
ing signals, whereas the proposed progressive de-
coupled objective effectively facilitates joint mod-
eling of scoring consistency and prompt-specific
information.

Robustness Analysis of the Optimization-Level
Dynamic Progressive Decoupling Mechanism.
To evaluate the robustness of the proposed
optimization-level dynamic progressive decoupling
mechanism, we conducted an ablation study on dif-
ferent progressive scheduler functions. Five sched-
uler functions were considered, and the results are

Figure 4: Effect of different scheduler functions on the
proposed consistency—specificity decoupled learning.

shown in Figure 4. The top panel illustrates the
weight curves of each scheduler, while the bottom
panel presents the corresponding overall scoring
performance. The results indicate that variations
in scheduler design have minimal impact on model
performance. In particular, the differences in final
averaged scores are negligible, demonstrating the
robustness of our method to the choice of progres-
sive scheduler. Furthermore, the model performs
worst under a fixed schedule (A = 0.5), which
further indicates that, compared to static weight
allocation, the proposed progressive decoupling
strategy is more effective in improving multi-trait
scoring performance.

t-SNE Visualization of Shared and Trait-
specific Representations. To evaluate the effec-
tiveness of the latent residual orthogonalization
(LRO) loss, we perform t-SNE visualization on
P1-P4 prompts in ASAP/ASAP++. The spatial
distributions of shared and trait-specific represen-
tations are shown in Figure 5. Without LRO (top
panels), severe trait-representation entanglement
is observed: shared and trait-specific representa-
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Figure 5: t-SNE visualization of trait-specific scoring representations and shared essay representations across P1-P4
prompts. After training with the Latent-Residual Orthogonal (LRO) loss, the latent space exhibits clearer separation

between shared and trait-specific representations.

tions overlap significantly, and clusters of differ-
ent traits are poorly separated, indicating strong
cross-trait interference. With LRO (bottom pan-
els), representations become clearly disentangled.
Shared representations form a central core, while
trait-specific features are distributed in distinct di-
rections with compact and well-separated clusters.
These results demonstrate that LRO effectively dis-
entangles shared and trait-specific representations,
thereby improving the model’s ability to capture
discriminative trait-specific scoring signals.

5 Conclusion

In this work, we propose DPRES, a dual-
perspective decoupled representation learning
framework for multi-trait essay scoring. DPRES
addresses the inherent tension between cross-trait
consistency and trait-specific discrimination by dis-
entangling shared and trait-specific representations
at both the feature and optimization levels. It em-
ploys a residual subspace decomposition strategy
to separate shared scoring semantics from trait-
specific features, and a consistency—specificity de-
coupled learning strategy to balance inter-trait cor-
relations with trait-level discrimination. Extensive
experiments on public datasets demonstrate that
DPRES consistently outperforms strong baselines
across multiple prompts and trait dimensions.

Limitations

Despite our best efforts, our study may still
have several limitations. First, since our method
achieves maximization of inter-trait scoring differ-
ences solely from a contrastive learning perspec-
tive, future exploration of more diverse disentan-
glement strategies may further improve trait-level
scoring performance. Second, due to dataset limi-
tations, our method has only been evaluated on En-
glish datasets; testing it in multilingual settings in
the future would further validate its generalization
capability. Additionally, as suggested by existing
work, latent multi-hop dependencies exist among
different traits (Li and Ng, 2025). Therefore, fur-
ther uncovering these deeper inter-trait dependen-
cies while simultaneously enhancing the model’s
focus on trait-specific scoring information may lead
to more effective cross-trait scoring inference.
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. Score Range
Prompt | No. of Essays Traits Overall | Trait
1 1,783 Content, Organization, Word Choice, Sentence Fluency, Conventions 2-12 1-6

2 1,800 Content, Organization, WC, Sentence Fluency, Conventions 1-6 1-6

3 1,726 Content, Prompt Adherence, Language, Narrativity 0-3 0-3

4 1,772 Content, Prompt Adherence, Language, Narrativity 0-3 0-3

5 1,805 Content, Prompt Adherence, Language, Narrativity 0-4 0-4

6 1,800 Content, Prompt Adherence,Language, Narrativity 0-4 0-4

7 1,569 Content, Organization, Conventions, Style 0-30 0-6

8 723 Content, Organization, Word Choice, Sentence Fluency, Conventions, Voice 0-60 2-12

Table 5: The detailed statistics of the ASAP/ASAP++ datasets. The prompt is an instruction that defines the writing

theme.

A More Experiment Setup

A.1 Dataset

The ASAP dataset contains eight prompts with En-
glish essays. Only prompts 7 and 8 have additional
trait scores. The ASAP++ dataset, which includes
the same essays, extends the ASAP dataset by pro-
viding multi-trait scores for prompts 1-6 (as shown
in Table 5). Consequently, trait scores for prompts
1-6 are taken from ASAP++, while the scores for
prompts 7 and 8, along with overall scores, are
sourced from ASAP.

A.2 Baseline Methods

We compare our method with representative dis-
criminative and generative approaches.

Discriminative-based approaches: MTL-
BiLSTM (Kumar et al., 2022b) is a multi-task scor-
ing model, where the predicted trait scores support
the overall scoring process. 7-MES (Wang and Liu,
2025) is the multi-trait scoring method based on
pre-trained language models. GAT-AES (Li and
Ng, 2025) is a graph-based multi-trait essay scor-
ing method. EnGNN 1 (Zhao et al., 2026) is also a
graph-based model for multi-trait essay scoring.

Generative-based approaches: ArTS (Do et al.,
2024a) is an autoregressive multi-trait score gener-
ation model based on encoder-decoder (T5) (Raffel
et al., 2020). SaMRL (Do et al., 2024b) further
utilizes reinforcement learning on base of ArTS
method to facilitate trait score generation. RMTS
(Chu et al., 2024) uses LLMs to extract rationales as
additional contextual input for essays, and applies
the T5 model for multi-trait scoring generation.

Table 6: Comparison of DPRES performance using
different pre-trained language models.

Encoder Avg. QWK on prompts Avg. QWK on traits
BERT 0.730 0.714
RoBERTa 0.738 0.722
XLNet 0.736 0.720
0.60 -
HISK
STL
0.55 MTL-BILSTM
ArTS
0.50 RMTS
Ours
0.45
4
Z 040
0.35
0.30
0.25
Conv Gram Phr Voc Syn Coh AVG

Figure 6: Average QWK scores across all prompts for
each trait on the Feedback Prize dataset.

B Additional experimental results

Effect of different pre-trained models. To inves-
tigate the effect of encoder choice on trait-specific
scoring, we conducted comparative experiments
using different encoder-based pre-trained language
models, including BERT, RoBERTa, and XL Net.
The results are summarized in Table 6. As shown,
different pre-trained models exhibit variations in
performance, reflecting differences in their encod-
ing capabilities. Importantly, our proposed DPRES
framework consistently improves trait-specific scor-
ing performance across all encoders, demonstrating
its robustness to the choice of pre-trained language
model.

!As the original paper does not provide a specific model
name, we adopt this name for clarity.
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Figure 7: t-SNE visualization of trait-specific scoring representations and shared essay representations across P5-P8
prompts.

Performance with Feedback Prize Dataset. To
further demonstrate the advantage of our method
in multi-trait scoring, we conducted additional ex-
periments on the Feedback Prize dataset?, as pre-
sented in Figure 6. The results demonstrate that
our method consistently achieves the best average
performance, indicating its broader applicability.
Visualization on other prompts. Figure 7 further
presents the visualization results on prompts P5—P8.
As observed from the figure, the results are consis-
tent with those shown in Figure 5, demonstrating
that our method exhibits similar patterns across the
remaining prompts as well.

2https ://www.kaggle.com/competitions/
feedback-prizeenglish-language-learning/data
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