
Proceedings of the Joint Workshop on Readability and Text Simplification (READIxTSAR) @ LREC 2026, pages 142–150
11 May 2026. ©ELRA Language Resources Association (ELRA), 2026

142

Evaluating Transformer Model Family Representations
Through Automated Essay Scoring

Akchay Ozten, Rodrigo Wilkens
University of Exeter

{ao478, r.wilkens}@exeter.ac.uk

Abstract
Large Language Models have become central to Automated Essay Scoring (AES), typically through fine-tuned
transformer encoders or prompt-based applications of decoder models. However, the representational capacity of
decoder models as frozen embedding extractors remains largely unexplored. In this paper, we present a controlled
comparison between encoder and decoder transformer embeddings for prompt-agnostic AES. Using regression mod-
els, we evaluate frozen representations across two English datasets. We analyzed scaling effects and the impact of
integrating explicit linguistic features in hybrid configurations. Our results show that decoder embeddings consistently
outperform encoder embeddings in embedding-only settings, with gains generalizing across holistic essay scoring
and proficiency prediction. Scaling effects are modest, and hybrid models that combine contextual embeddings with
linguistic features yield further improvements. Notably, frozen decoder embeddings achieve performance competi-
tive with a fine-tuned BERT. These findings highlight the importance of representation-level properties in essay scoring.

Keywords: Automated Essay Scoring, Autoregressive Models, Transformer Representations, CEFR Classi-
fication, Hybrid NLP Models

1. Introduction

Automated Essay Scoring (AES) is the use of ma-
chine learning (ML) and natural language process-
ing (NLP) techniques to evaluate and grade writ-
ten essays automatically (Taghipour and Ng, 2016;
Shermis and Burstein, 2013). AES systems provide
consistent, objective, and scalable assessments,
reducing the workload of human graders while po-
tentially offering rapid feedback to students (Kle-
banov and Madnani, 2022). Essays are typically
written in response to specific prompts, and scoring
requires assessing multiple dimensions of writing
quality, including coherence, fluency and grammat-
ical accuracy.

Early AES systems relied on manually engi-
neered features such as lexical diversity, syntac-
tic complexity, and surface-level readability met-
rics (Page, 1966; Attali and Burstein, 2006; Foltz
et al., 1999; Zesch et al., 2015). While these ap-
proaches achieved moderate correlations with hu-
man raters, they struggled to capture deeper se-
mantic and discourse-level properties and were
vulnerable to superficial manipulation (Perelman,
2014; Shermis and Burstein, 2013). Subsequent
neural approaches based on CNNs and RNNs
reduced reliance on feature engineering and im-
proved representation learning (Taghipour and Ng,
2016; Wang et al., 2018), yet they remained limited
in modeling longer essays.

The introduction of the transformer architecture
transformed Natural Language Processing (NLP)
by enabling efficient modeling of long-range de-
pendencies through self-attention (Vaswani et al.,
2017). Encoder-based models have since become

dominant in AES research. Fine-tuning pre-trained
encoders on scoring datasets has yielded strong
performance (Rodriguez et al., 2019; Mayfield and
Black, 2020), and hybrid approaches combining
contextual embeddings with hand-crafted features
have further improved results (Dasgupta et al.,
2018; Uto et al., 2020). Such hybrid architectures
leverage both deep contextual representations and
explicit linguistic signals.

Decoder-based generative models have gained
attention in AES through prompt-based evaluation
strategies (Mizumoto and Eguchi, 2023; Yancey
et al., 2023; Stahl et al., 2024). These models
generate scores conditioned on rubrics or other
prompted information. While prompt-based meth-
ods have shown promising performance, they are
limited to generative behavior.

Despite the growing influence of generative mod-
els, their internal embeddings have been largely
overlooked in NLP and AES research. In par-
ticular, there has been limited investigation into
whether frozen decoder representations, used in-
dependently of prompting, encode signals rele-
vant to writing quality. This study investigates
whether embeddings extracted from decoder mod-
els, when used as fixed representations or in a
hybrid framework, can enhance the performance of
AES systems. To evaluate robustness, we conduct
a prompt-agnostic comparison across two assess-
ment settings. We assess whether any observed
representational advantages generalize across re-
lated evaluation tasks. The study is guided by the
following research questions:

RQ1 Do frozen decoder embeddings improve per-
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formance over encoder embeddings in prompt-
agnostic AES?

RQ2 How does model size influence the effective-
ness of decoder representations for scoring?

RQ3 Do linguistic features remain complementary
when combined with decoder embeddings?

The main contribution of this study is a systematic
comparison of encoder and decoder embeddings
as frozen representations for AES and related as-
sessment tasks. Our results show that decoder
embeddings consistently outperform encoder em-
beddings in this setting and that these gains gen-
eralize across datasets. Furthermore, we demon-
strate that hand-crafted linguistic features provide
complementary information when integrated with
transformer-based representations.

The remainder of this paper is organized as fol-
lows. Section 2 reviews related work. Section 3
details the methodology. Section 4 presents the
results, followed by discussion in Section 5 and
concluding remarks in Section 6.

2. Related Work

2.1. Transformer-Based Approaches

Transformer architectures have become central
to Automated Essay Scoring due to their ability
to model long-range dependencies and contex-
tual interactions (Vaswani et al., 2017). Encoder-
based models, such as BERT (Devlin et al., 2018),
RoBERTa (Liu et al., 2019), XLNet (Yang et al.,
2019), and DeBERTa (He et al., 2020, 2021), have
been widely adopted in AES (Devlin et al., 2018;
Liu et al., 2019; He et al., 2020, 2021). Fine-tuning
pre-trained encoders for essay scoring has con-
sistently demonstrated improvements over earlier
neural approaches (Rodriguez et al., 2019; May-
field and Black, 2020). In these systems, scoring
is formulated as a supervised regression or classi-
fication task, with a task-specific head trained on
top of contextualized document representations.

A second line of work integrates encoder repre-
sentations within hybrid architectures that concate-
nate contextual embeddings with linguistic features
(Dasgupta et al., 2018; Uto et al., 2020). These
features typically capture lexical richness, syntactic
complexity or discourse-level statistics. Empirical
results suggest that hybrid systems often outper-
form purely neural models. However, both fine-
tuning and hybrid approaches have predominantly
relied on encoder-derived document representa-
tions, typically extracted via pooled outputs (e.g.,
the [CLS] token).

2.2. Prompt-Based and Decoder
Architecture

From a different perspective, large autoregressive
decoder models, such as GPT (Radford et al.,
2018), Mistral (Jiang et al., 2023), Qwen (Bai
et al., 2023), and DeepSeek (Bi et al., 2024), have
achieved strong performance in generative lan-
guage tasks. Their flexibility through prompting
has led to growing interest in applying them to as-
sessment settings (Liu et al., 2023). Mizumoto and
Eguchi (2023) evaluated GPT-3 for rubric-based
essay scoring, Yancey et al. (2023) examined GPT-
3.5 and GPT-4, and Stahl et al. (2024) investi-
gated prompting strategies using Mistral 7B. These
works report performance competitive with tradi-
tional supervised AES systems on datasets such
as TOEFL11, demonstrating the potential of gener-
ative inference for automated scoring.

Methodologically, prompt-based AES differs fun-
damentally from encoder fine-tuning. Rather than
training a regression head over fixed document
embeddings, decoder models are evaluated in gen-
erative inference mode, conditioned on prompts,
scoring rubrics, or example essays. Consequently,
scoring performance may depend on prompt for-
mulation and decoding strategies (Liu et al., 2023).
This makes it difficult to isolate intrinsic represen-
tational capacity from inference-time adaptation
effects.

Encoder and decoder architectures are also
trained under distinct pre-training objectives. En-
coder models rely on masked language modeling
(MLM) (Devlin et al., 2018), whereas decoder mod-
els are optimized using autoregressive next-token
prediction (Radford et al., 2018; Brown et al., 2020).
These objectives impose different structural con-
straints on learned representations and have been
shown to induce distinct inductive biases and inter-
nal geometries (Rogers et al., 2020; Belinkov and
Glass, 2019).

Despite the increasing use of decoder models in
prompt-based AES, prior research has largely ex-
amined them in generative inference settings rather
than as sources of document-level embeddings for
supervised scoring. To our knowledge, the use of
decoder-derived representations as fixed embed-
ding features in AES remains largely unexplored.

3. Methodology

To address the research questions outlined in Sec-
tion 1, we adopt a controlled comparative frame-
work in which the only systematically varied com-
ponent is the source of transformer-based repre-
sentations. Specifically, we compare embeddings
extracted from encoder-based and decoder-based
transformer models under identical downstream
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conditions.

3.1. Corpora

This study employs two English datasets represent-
ing related but distinct assessment settings. Cor-
pus statistics are summarized in Table 1.

The first dataset is the AES2 benchmark (Cross-
ley et al.), released as part of the Learning Agency
Lab Automated Essay Scoring 2.0 competition. It
contains 17,307 essays scored on a 1-6 ordinal
scale. Unlike the earlier ASAP dataset1, AES2
does not provide explicit prompt labels, encourag-
ing prompt-agnostic evaluation and broader gener-
alization.

The second corpus is the Common European
Framework of Reference for Languages (CEFR)
European Language Grid (ELG) dataset in English
(Breuker, 2023). It is available as part of the Univer-
salCEFR project (Imperial et al., 2025) in Hugging-
Face2. It contains 712 essays labeled according to
CEFR proficiency levels. To mitigate class imbal-
ance, adjacent sublevels (e.g., A1-/A1+, A2-/A2+)
are merged, resulting in six levels aligned with the
AES scoring scale. While AES2 evaluates holistic
essay quality, the ELG dataset captures the result
of a descriptor-based method.

Level #Essays #Tokens
A1 1,252 274 (110)
A2 4,723 265 (97)
B1 6,280 361 (102)
B2 3,926 483 (109)
C1 970 636 (135)
C2 156 778 (162)

(a) AES2
Level #Essays #Tokens

A1 25 255 (14)
A2 141 216 (71)
B1 206 282 (67)
B2 174 423 (181)
C1 97 640 (324)
C2 69 775 (239)

(b) ELG

Table 1: Distribution of essays and average token
counts (mean with standard deviation in parenthe-
ses) across CEFR levels

1https://www.kaggle.com/c/asap-aes
2https://huggingface.co/datasets/

UniversalCEFR/elg_cefr_en

3.2. Representation Extraction
We evaluate multiple encoder and decoder trans-
former models obtained from the HuggingFace li-
brary (Wolf et al., 2019). Encoder models include
BERT and its variants (Devlin et al., 2018; He et al.,
2020, 2021), while decoder models include Mistral
(Jiang et al., 2023), Qwen (Bai et al., 2023), LLaMA
(Llama Team, AI @ Meta, 2024), and DeepSeek
(Bi et al., 2024). These models vary in parameter
size, enabling analysis of scaling effects.

Embeddings are derived from the final hidden
layer of each transformer model. For encoder mod-
els, we extract the embedding corresponding to
the [CLS] token, which is conventionally used as
a global sequence representation in classification
and regression tasks (Devlin et al., 2018).3 This
representation serves as a compact essay-level
embedding.

Decoder models do not employ a dedicated clas-
sification token. To obtain a fixed-size representa-
tion, we apply mean pooling over the hidden states
of all tokens in the final layer. This strategy yields
a length-invariant summary while preserving con-
textual information learned through autoregressive
training. Although this approach produces a repre-
sentation similar to that obtained for the decoders,
one might argue that there is an asymmetry in the
comparisons. To address this perspective, we also
evaluated the BERT and DeBERTa models using
mean pooling.

This study employed 15 transformer models, 5
encoders and 10 decoders, from Hugging Face to
extract embeddings. These are small to medium
models. Table 2 provides the details including the
size of the embedding vectors.

All transformer models remain frozen throughout
the experiments. No task-specific fine-tuning is
performed in the embedding-based configurations.

3.3. Linguistic Features
To evaluate complementarity between contex-
tual embeddings and explicit linguistic information
(RQ3), we extract a set of features using the TextDe-
scriptives library (Hansen et al., 2023). These fea-
tures include descriptive statistics, lexical richness
indicators, syntactic complexity measures, depen-
dency distance metrics, and coherence-related in-
dicators. Such features have been shown to corre-
late with writing quality and proficiency (Zesch et al.,
2015; Shermis and Burstein, 2013). When com-
bined with encoder/decoder embeddings, these
features form hybrid representations that integrate

3The transformers library was used to extract embed-
dings from both encoder and decoder models. These
embeddings are derived from the last hidden state of the
model outputs and capture contextualized token repre-
sentations.

https://www.kaggle.com/c/asap-aes
https://huggingface.co/datasets/UniversalCEFR/elg_cefr_en
https://huggingface.co/datasets/UniversalCEFR/elg_cefr_en
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Model Hugging Face model Transformer
type

Vector
size

BERT google-bert/bert-base-uncased Encoder 768
BERT Large google-bert/bert-large-uncased Encoder 1,024
ModernBERT answerdotai/ModernBERT-base Encoder 768
DeBERTa microsoft/deberta-v3-base Encoder 768
DeBERTa Large microsoft/deberta-v3-large Encoder 1,024
Mistral 7B mistralai/Mistral-7B-Instruct-v0.3 Decoder 4,096
QWEN3 0.6B Qwen/Qwen3-0.6B-Base Decoder 1,024
QWEN3 1.7B Qwen/Qwen3-1.7B-Base Decoder 2,048
QWEN3 4B Qwen/Qwen3-4B-Base Decoder 2,560
QWEN3 8B Qwen/Qwen3-8B-Base Decoder 4,096
QWEN3 14B Qwen/Qwen3-14B-Base Decoder 5,120
Llama 1B meta-llama/Llama-3.2-1B Decoder 2,048
Llama 3B meta-llama/Llama-3.2-3B Decoder 3,072
Deepseek 1.5B deepseek-ai/DeepSeek-R1-Distill-Qwen-1.5B Decoder 1536
Deepseek 7B deepseek-ai/DeepSeek-R1-Distill-Qwen-7B Decoder 3584

Table 2: HuggingFace transformer models used

explicit structural signals with deep contextual en-
codings.

3.4. Scoring Framework
We adopt a regression-based formulation of essay
scoring, enabling the prediction of fine-grained val-
ues within the ordinal scale. Treating essay scores
as continuous targets avoids rigid class boundaries
while allowing ordinal-sensitive evaluation through
appropriate metrics.

For all embedding-based experiments, we em-
ploy LightGBM and SVM as the downstream re-
gressor.4 Transformer embeddings, optionally con-
catenated with linguistic features, are provided as
input to the model. LightGBM is a histogram-based
gradient boosting framework optimized for high-
dimensional feature spaces, making it well suited
for transformer embeddings ranging from hundreds
to several thousand dimensions. In contrast, a lin-
ear SVM serves as a strong linear baseline, ef-
fectively assessing the extent to which the frozen
embedding space supports linear prediction for the
target task.

To address RQ1-RQ3, we evaluate a configu-
ration in which the frozen essay-level embedding
extracted from each encoder or decoder model con-
stitutes the sole input to the LightGBM regressor.
We extend the embedding-only setup by concate-
nating the linguistic feature vector to the transformer
embedding. The combined representation is then
provided as input to the same LightGBM regressor.

4For hyperparameter tuning, n_estimators was set to
4,000-6,000 for the AES2 dataset and 1,000-3,000 for
the ELG dataset for the LightGBM, and C between 0.01
and 1 for the linear SVM.

3.5. Fine-Tuned Encoder Baseline

In addition to frozen representations, we include
a fine-tuned BERT model as a supervised base-
line (Rodriguez et al., 2019; Mayfield and Black,
2020). In this configuration, a regression head is
added on top of the encoder, and the model is
optimized end-to-end for the scoring task (i.e., all
layers weights are updated). Training, validation,
and evaluation follow the same cross-validation pro-
tocol used in the embedding-based experiments.
The fine-tuning process was run using the following
parameters: learning rate of 0.00002, per device
train batch size of 8, per device evaluation batch
size of 8, number of train epochs of 5, weight decay
of 0.01 and AdamW optimizer.

3.6. Evaluation Protocol

Performance is evaluated using 10-fold cross-
validation.5 The primary metric is Quadratic
Weighted Kappa (QWK), which measures agree-
ment between predicted and true scores while pe-
nalizing larger discrepancies, and is prioritized as
it is widely used in AES benchmarking (Taghipour
and Ng, 2016). Accuracy and macro-F1 are also
reported, computed after discretizing regression
outputs to the nearest valid CEFR score level. Sta-
tistical significance between models is assessed
using the Wilcoxon signed-rank test across cross-
validation folds.

5In each fold, we split in 80/10/10.
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4. Results

To compare frozen encoder and decoder embed-
dings under identical downstream conditions, we
first evaluate the embedding-only configuration.
The results are reported in Table 4.

Across both datasets, decoder-based embed-
dings consistently outperform encoder-based em-
beddings. On AES2, all decoder models achieve
higher QWK and F1 scores than encoder models
under identical regression conditions (Table 4). Sta-
tistical testing confirms that the strongest decoder
variants significantly outperform the best encoder
baselines (Wilcoxon signed-rank test, p < 0.05). A
similar pattern is observed on the ELG dataset, indi-
cating that the performance advantage of decoder
embeddings is not restricted to a single corpus.

First, we compared the performance of the ma-
chine learning models (LightGBM vs. SVM), as
shown in Tables 4 and 5, respectively. This analy-
sis shows that LightGBM consistently yields better
results. We further observe that CLS-based repre-
sentation consistently outperforms mean pooling
across both SVM and LightGBM models (Table 3).
This suggests that the way in which document-level
representations are constructed has a measurable
impact on downstream performance, independent
of the regression model. This finding reinforces the
importance of representation-level design choices
in AES, indicating that not only the model family
(encoder vs decoder), but also the aggregation
strategy, influences the quality of the resulting em-
bedding space.

Corpus Model F1 Accuracy QWK

AES2 BERT 0.53 0.56 0.69
DeBERTa 0.58 0.61 0.75

ELG BERT 0.58 0.59 0.84
DeBERTa 0.46 0.47 0.76

(a) LightGBM
Corpus Model F1 Accuracy QWK

AES2 BERT 0.55 0.59 0.70
DeBERTa 0.53 0.57 0.67

ELG BERT 0.62 0.63 0.85
DeBERTa 0.52 0.53 0.79

(b) SVM

Table 3: BERT and DeBERTa performance using
mean pooling

To evaluate robustness, we examine the consis-
tency of relative model rankings in Table 4. Despite
differences in dataset size and scoring criteria, de-
coder embeddings maintain their advantage across
both AES2 and ELG.

We next investigate the relationship between de-
coder model size and performance (Table 4). While
larger models tend to achieve marginally higher

scores on AES2, improvements are not consis-
tently statistically significant. On ELG, no mono-
tonic trend is observed. These findings indicate that
representational suitability for AES does not scale
linearly with parameter count over the evaluated
range.

We now compare embedding-only and hybrid
configurations. The hybrid results are presented
in Table 6. Across all models and both datasets,
adding linguistic features yields consistent posi-
tive gains. This confirms that contextual embed-
dings do not fully subsume explicit structural infor-
mation and that hybrid modeling remains beneficial.
Decoder-based hybrid models remain superior to
encoder-based hybrids, indicating that representa-
tional advantages persist after feature integration.

Finally, we compare frozen embeddings with a
fine-tuned BERT (Table 4). Although fine-tuned
models achieves competitive results, the strongest
frozen decoder embeddings match or exceed its
performance. This indicates that representational
differences alone can rival supervised adaptation.
Moreover, the best fine-tuned model depends on
the corpus, likely due to the amount of training data.

In summary, the strongest encoder model (frozen
DeBERTa + mean pooling, QWK = 0.74 on AES2;
0.85 on ELG) is consistently outperformed by multi-
ple frozen decoder variants, with Mistral 7B achiev-
ing QWK = 0.79 on AES2 and QWEN3/Llama vari-
ants reaching up to 0.89 on ELG. The model fine-
tuned BERT baseline (DeBERTa QWK = 0.80 on
AES2; BERT QWK = 0.85 on ELG) improves over
standard encoder embeddings but remains com-
parable to, and in some cases below, the best
frozen decoder models. Overall, the ranking of
best-performing approaches is consistent across
datasets: frozen decoder embeddings ≥ fine-tuned
encoder ≥ frozen encoder. These results indicate
that representation-level differences alone are suf-
ficient to match or exceed supervised adaptation
under controlled regression conditions.

5. Discussion

This study evaluated encoder and decoder trans-
former embeddings for automated essay scoring
under strictly controlled downstream conditions.
Rather than reiterating performance differences,
we discuss their implications for AES research and
representation evaluation in NLP.

Recent AES research has converged on fine-
tuned encoder architectures as the dominant
paradigm (Rodriguez et al., 2019; Mayfield and
Black, 2020). Decoder models, when considered,
have largely been evaluated through prompt-based
scoring frameworks (Mizumoto and Eguchi, 2023;
Yancey et al., 2023; Stahl et al., 2024). This di-
vision has implicitly positioned encoders as the
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Model
AES2 ELG

QWK Accuracy F1 QWK Accuracy F1
BERT 0.70 0.56 0.55 0.82 0.57 0.55
BERT Large 0.71 0.57 0.56 0.76 0.51 0.49
ModernBERT 0.67 0.54 0.53 0.75 0.53 0.51
DeBERTa 0.74 0.59 0.58 0.85 0.62 0.61
DeBERTa Large 0.74 0.59 0.57 0.83 0.60 0.59
Mistral 7B 0.79 0.63 0.63 0.88 0.67 0.66
QWEN3 0.6B 0.75 0.59 0.58 0.87 0.64 0.63
QWEN3 1.7B 0.77 0.60 0.60 0.87 0.65 0.64
QWEN3 4B 0.78 0.61 0.61 0.87 0.65 0.64
QWEN3 8B 0.78 0.61 0.61 0.88 0.67 0.66
QWEN3 14B 0.78 0.61 0.61 0.89 0.69 0.68
Llama 1B 0.76 0.59 0.59 0.87 0.65 0.64
Llama 3B 0.77 0.60 0.60 0.89 0.70 0.69
Deepseek 1.5B 0.76 0.60 0.59 0.83 0.59 0.57
Deepseek 7B 0.78 0.62 0.61 0.85 0.63 0.62
BERT-FT 0.77 0.61 0.61 0.85 0.64 0.61
DeBERTa-FT 0.80 0.66 0.65 0.74 0.50 0.43

Table 4: Performance on AES2 and ELG Using LightGBM with the CLS Token and Fine-Tuning

Model AES2 ELG
QWK Accuracy F1 QWK Accuracy F1

BERT 0.68 0.58 0.54 0.82 0.59 0.58
DeBERTa 0.60 0.51 0.47 0.67 0.44 0.42
Mistral 7B 0.74 0.57 0.54 0.89 0.71 0.69
QWEN3 0.6B 0.73 0.58 0.55 0.87 0.67 0.66
QWEN3 1.7B 0.74 0.60 0.57 0.88 0.67 0.66
QWEN3 4B 0.75 0.60 0.57 0.88 0.68 0.67
QWEN3 8B 0.75 0.60 0.58 0.89 0.69 0.68
QWEN3 14B 0.76 0.60 0.58 0.89 0.71 0.69
Llama 1B 0.74 0.59 0.56 0.88 0.69 0.67
Llama 3B 0.75 0.60 0.57 0.88 0.70 0.69
Deepseek 1.5B 0.75 0.60 0.58 0.87 0.65 0.64
Deepseek 7B 0.76 0.61 0.58 0.87 0.68 0.66

Table 5: Embedding-only performance on AES2 and ELG (SVM)

appropriate representational backbone for scoring,
and decoders as generative evaluators.

The present findings complicate that dichotomy.
When embeddings are evaluated independently of
prompting and fine-tuning, decoder representations
consistently match or outperform encoder represen-
tations under identical conditions. More broadly,
the results indicate that architectural preference
in AES has not been systematically stress-tested
under controlled representation-level comparisons.
The contribution of this work is not to declare de-
coder superiority, but to demonstrate the useful-

ness of an alternative representation, which has
received comparatively limited systematic evalua-
tion in AES.

Beyond differences between model families, we
observe that both representation construction and
downstream modeling play an important role. Mean
pooling consistently decrease performance over
CLS-based representations across both SVM and
LightGBM, indicating that the method used to de-
rive document-level embeddings has a measurable
impact on downstream effectiveness. Furthermore,
while both regressors exhibit similar relative trends,
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Model
AES2 ELG

QWK Accuracy F1 QWK Accuracy F1
HC + BERT 0.77 (0.01) 0.62 (0.01) 0.61 (0.01) 0.87 (0.03) 0.67 (0.05) 0.66 (0.05)
HC + BERT Large 0.77 (0.01) 0.62 (0.01) 0.60 (0.01) 0.86 (0.03) 0.64 (0.05) 0.63 (0.06)
HC + ModernBERT 0.76 (0.01) 0.61 (0.01) 0.60 (0.01) 0.86 (0.03) 0.65 (0.06) 0.64 (0.06)
HC + DeBERTa 0.77 (0.01) 0.62 (0.01) 0.61 (0.01) 0.89 (0.03) 0.69 (0.07) 0.68 (0.07)
HC + DeBERTa Large 0.77 (0.01) 0.61 (0.01) 0.60 (0.01) 0.87 (0.03) 0.65 (0.07) 0.64 (0.07)
HC + Mistral 7B 0.81 (0.01) 0.66 (0.01) 0.66 (0.01) 0.90 (0.02) 0.72 (0.05) 0.71 (0.05)
HC + QWEN3 0.6B 0.80 (0.01) 0.65 (0.02) 0.65 (0.02) 0.91 (0.02) 0.74 (0.04) 0.74 (0.04)
HC + QWEN3 1.7B 0.81 (0.01) 0.66 (0.01) 0.65 (0.01) 0.90 (0.02) 0.71 (0.06) 0.70 (0.06)
HC + QWEN3 4B 0.81 (0.01) 0.66 (0.01) 0.65 (0.02) 0.89 (0.02) 0.70 (0.04) 0.69 (0.04)
HC + QWEN3 8B 0.81 (0.01) 0.66 (0.01) 0.65 (0.01) 0.90 (0.02) 0.72 (0.03) 0.71 (0.04)
HC + QWEN3 14B 0.81 (0.01) 0.66 (0.01) 0.65 (0.02) 0.91 (0.02) 0.72 (0.03) 0.71 (0.04)
HC + Llama 1B 0.81 (0.01) 0.65 (0.01) 0.65 (0.01) 0.90 (0.02) 0.72 (0.04) 0.71 (0.04)
HC + Llama 3B 0.81 (0.01) 0.66 (0.01) 0.65 (0.01) 0.91 (0.02) 0.75 (0.04) 0.74 (0.04)
HC + Deepseek 1.5B 0.80 (0.01) 0.65 (0.01) 0.64 (0.01) 0.88 (0.03) 0.69 (0.03) 0.68 (0.04)
HC + Deepseek 7B 0.81 (0.01) 0.65 (0.01) 0.65 (0.02) 0.88 (0.02) 0.69 (0.06) 0.68 (0.06)

Table 6: Hybrid configuration (HC + embeddings). Mean and standard deviation across folds.

LightGBM consistently outperforms linear SVM, re-
flecting the presence of non-linear structure in the
embedding space. Taken together, these findings
reinforce that both representation extraction and
downstream modeling choices influence how effec-
tively transformer embeddings can be leveraged
for AES.

The absence of consistent scaling effects con-
trasts with broader claims about generative model
scaling (Kaplan et al., 2020). While scaling laws
hold for language modeling objectives, their im-
pact in the embedding space appears less straight-
forward. In our findings for AES, moderate-sized
decoder models achieve competitive performance
without clear monotonic gains from additional pa-
rameters. The findings suggest that scaling ef-
fects observed in generative language modeling do
not necessarily translate into proportional gains in
representation-level transfer for structured assess-
ment tasks.

Hybrid AES architectures have consistently
shown gains from integrating linguistic features
(Dasgupta et al., 2018; Uto et al., 2020). While
linguistic features yield consistent improvements
across architectures, they do not alter the relative
ranking between encoder and decoder backbones.
The implication is not that linguistic features are
dispensable, but that representation learning can
be enriched with linguistic information to improve
its representation in some contexts.

It is important to delimit the scope of inference.
The study does not isolate the effect of training
objective, architecture, or pre-training data compo-

sition. Encoder and decoder families differ along
multiple axes, and the observed differences should
be interpreted at the level of model families rather
than single causal mechanisms. Consequently, the
conclusions are bounded to English-language cor-
pora and the evaluated regression task. Alternative
downstream models or multilingual settings may
alter relative performance.

6. Conclusion

This paper presented a controlled comparison be-
tween encoder-based and decoder-based trans-
former embeddings for Automated Essay Scoring
in a prompt-agnostic setting. By evaluating frozen
representations within a fixed regression framework
across two corpora (AES2 and ELG), we isolated
representation-level differences from adaptation ef-
fects.

Our findings answer the research questions as
follows. First, decoder embeddings consistently
match or outperform encoder embeddings under
identical downstream conditions. Second, scal-
ing effects within decoder families are modest and
not systematically monotonic. Third, integrating
linguistic features yields consistent gains but does
not alter the relative ranking between encoder and
decoder backbones. Finally, the strongest frozen
decoder embeddings achieve performance com-
petitive with a fine-tuned BERT baseline.

The main contribution of this work is a systematic,
representation-focused evaluation of transformer
model families for AES, disentangled from prompt-
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ing and fine-tuning strategies. The results indicate
that decoder-based embeddings constitute a vi-
able and underexplored backbone for assessment
tasks.

Future work should investigate multilingual set-
tings, alternative downstream architectures, and
controlled comparisons using matched model fami-
lies to further clarify the sources of representational
differences.

Limitations

While two datasets were used, both are English-
language corpora. The generalizability of these
findings to multilingual AES remains to be investi-
gated. Also, the study focuses on frozen embed-
dings. Alternative downstream architectures may
interact differently with transformer representations.

Plain Summary

Large Language Models are now widely used for
automated essay scoring, usually either by fine-
tuning encoder models or by using decoder mod-
els with prompts. However, it is still unclear how
good decoder models are when used simply as
fixed feature extractors (without prompting or train-
ing). In this paper, we compare encoder and de-
coder models in a controlled way, using them only
to create essay representations. We test these
representations with standard regression models
on two English essay datasets. We also look at
whether model size matters and whether adding
linguistic features (like grammar or vocabulary mea-
sures) improves results. We find that decoder-
based representations consistently perform bet-
ter than encoder-based ones when used on their
own, and this holds across different types of essay
scoring tasks. Increasing model size only leads to
small improvements. When we combine model rep-
resentations with linguistic features, performance
improves further. Importantly, the best decoder-
based representations perform about as well as
a fine-tuned BERT model, even without additional
training. Overall, the results show that how models
represent text (their embeddings) plays a key role
in essay scoring, and that decoder models are a
strong and underused option for this task.
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