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Abstract. Pretrained transformer-based models have significantly advanced 

abstractive summarization. However, selecting the right model for a new dataset 

remains challenging because exhaustively fine-tuning multiple candidate models 

for each dataset is computationally expensive and limits the scalability of 

summarization pipelines. This paper presents a dataset-aware meta learning 

framework for automated model selection in this context. We first construct an 

empirical oracle by fine-tuning key transformer-based models under a 

standardized training budget across heterogeneous summarization datasets. 

Model performance is evaluated using both lexical (ROUGE-L) and semantic 

(SBERT cosine similarity) metrics, producing objective-aware oracle labels. 

Dataset-level meta-features are then used to train supervised selectors that predict 

suitable models for previously unseen datasets using the LODO strategy. 

Experimental results reveal substantial dataset-dependent variability and a 71.4% 

disagreement between lexical and semantic oracle models, highlighting the need 

for automatic model selection. The proposed meta-learning selector achieves up 

to 85.7% accuracy in predicting lexical oracle models and 71% accuracy for 

semantic objectives, while significantly reducing the need for exhaustive fine-

tuning. 

Keywords: Automated Model Selection, Meta Learning, Abstractive 

Summarization, AutoML. 

1 Introduction 

Recent advances in deep learning have led to the rapid development of powerful pre-
trained language models for natural language processing (NLP) tasks such as summa-
rization, translation, and dialogue generation. Models including BART, PEGASUS, 
and LED have demonstrated strong performance across a variety of benchmarks. How-
ever, selecting the most suitable model for a new data set remains a challenging prob-
lem. Model performance frequently and significantly changes depending on dataset 
characteristics such as document length, domain, and summarization style, leading to a 
time consuming and computationally expensive manual model selection process. In 
practice, researchers and practitioners typically evaluate multiple candidate models in-
dependently and select the best-performing model through exhaustive experimentation, 
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which can be inefficient and resource-intensive. Automated machine learning (Au-
toML) aims to reduce the need for manual experimentation by automatically identifying 
suitable models and configurations [1][2]. While existing AutoML approaches have 
achieved notable success in domains such as computer vision and text classification, 
relatively very little work has been done for generative NLP tasks such as abstractive 
summarization.  

To address this challenge, we present the first objective-aware meta-learning frame-
work for automated selection of pretrained transformer models in abstractive summa-
rization. The proposed approach learns from prior experiments conducted across mul-
tiple summarization datasets and uses dataset-level meta-features to predict which sum-
marization model is most likely to perform well on a new dataset. Instead of retraining 
all candidate models for every new dataset, the meta-learning selector recommends a 
suitable model by leveraging patterns observed across previously evaluated datasets. 
The main contributions of this work are the following: 1. A dataset-aware meta-learning 
framework for automated model selection in abstractive summarization. 2. A full-
fledged experimental study across fourteen diverse summarization datasets and four 
transformer models. 3. An empirical analysis of dataset characteristics influencing 
model suitability.  
Experiments conducted on diverse summarization datasets using widely used trans-
former models demonstrate that model performance is substantially different across da-
tasets when different evaluation objectives are considered. The results further show that 
meta-learning-based supervised selectors can effectively predict suitable models for 
unseen datasets while reducing the regret (defined later) associated with incorrect 
model selection. These findings highlight the potential of dataset-aware automated 
model selection as an efficient approach for improving the scalability of summarization 
pipelines. 

2 Related Work 

2.1 AutoML in NLP 

Automated Machine Learning (AutoML) is an evolving field that aims to reduce human 
effort in building machine learning pipelines by automating different key stages like 
algorithm selection, hyperparameter optimization, and architecture design [1] [2]. Neu-
ral Architecture Search (NAS), one of its core branches, has achieved remarkable suc-
cess in computer vision tasks such as in image classification and object detection [3]. 
However, NAS approaches focus on the design of the search space; search strategy and 
performance evaluation [4] are typically computationally intensive and require exten-
sive training cycles [5]. In the context of NLP, the progress of AutoML and NAS has 
been comparatively slower, with the early works largely centered on classification tasks 
such as sentiment analysis or natural language inference [3]. Differentiable NAS has 
been integrated into dialogue summarization systems to refine BART-based architec-
tures, yet such methods optimize structural configurations for a fixed dataset rather than 
address cross-dataset model selection [8]. Recent advances exploring transformer-



 
580             D. Bino and M. Shrivastava

based attention head search and depth scaling [6] remain computationally demanding 
and often tailored to specific tasks [7]. Moreover, most of such AutoML systems aim 
to generate new architecture within the same model family rather than select among 
existing pretrained models, which may be unnecessary when many strong pretrained 
candidates already exist. Furthermore, autogenerated frameworks using NAS ap-
proaches are often not transparent, with limited interpretability in how final architec-
tures are selected or limited transferability to other domains [9] [10]. Parallel to NAS, 
frameworks such as AutoNLP [11], TextBrew [4], and stacked meta-learning pipelines 
with adversarial augmentation [13] demonstrate automated model selection and tuning 
for text classification. These systems predominantly target discriminative tasks and op-
timize single metrics (accuracy or F1). Evaluations typically rely on random splits ra-
ther than cross-dataset validation, and generative tasks such as abstractive summariza-
tion remain largely unexplored. 

2.2 Meta-Learning for Algorithm Selection 

Meta learning extends the foundational algorithm selection problem, which frames 
model choice as a mapping from problem characteristics to the most suitable algorithm 
[18] and seeks to apply prior experience across tasks to improve performance on new 
tasks [15]. A commonly seen approach, meta-feature-based learning, uses statistical 
and structural descriptors as inputs to train a meta-learner.  Meta-learning has also been 
applied to recommend feature selection methods, beyond selecting model-predicting 
algorithms, demonstrating that the effectiveness of feature selection algorithms varies 
significantly across datasets and can be learned via dataset characteristics and ranking-
based targets [16] [17]. Auto-sklearn style systems employ statistical meta-features to 
guide algorithm choice, while subsequent studies refine feature selection to improve 
predictive accuracy [18]. Embedding-based methods such as Auto-CASH learn latent 
dataset representations from historical performance matrices, enabling similarity-based 
recommendation [19]. TextBrew combines meta-learning, hyperparameter search, and 
synthetic meta-data augmentation for transformer-based text classification [12]. Simi-
larly, stacked meta-learning with adversarial augmentation ensembles multiple pre-
trained transformers for improved robustness [13]. Within NLP, meta-learning has pri-
marily been applied to classification or ensemble optimization mostly confined to tab-
ular data or text classification under single-objective metrics. While effective, these 
systems operate within a single dataset and focus on ensemble construction rather than 
cross-dataset model recommendation. 

2.3 Model Selection in Abstractive Summarization 

Text Summarization primarily is done using two approaches, abstractive and extractive. 
While extractive summarization involves copying key phrases and sentences from the 
original document, abstractive summarization generates new concise content from the 
original text while preserving semantic similarity, coherency and fluency [20]. Abstrac-
tive summarization has advanced significantly with the introduction of pretrained en-
coder-decoder transformer models. BART, PEGASUS, and LED [21] [22] are widely 
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used baselines across news, dialogue, and multi-document summarization tasks evalu-
ating these models across datasets such as CNN/DailyMail, XSum, and SAMSum [23]. 
These studies typically analyse performance differences under fine-tuning or zero-shot 
settings. Meta-learning has been utilized for domain adaptation rather than model se-
lection in abstractive summarization where lightweight MAML-based frameworks in-
sert trainable modules into a fixed backbone such as BART to facilitate low-resource 
adaptation across summarization datasets [8]. Research showing that certain models 
perform better on news-style datasets while others are more robust for long-document 
summarization [21], consider model comparison as an empirical benchmarking exer-
cise rather than a predictive selection problem. Transfer learning studies show that per-
formance varies significantly across domains depending on dataset length, compression 
ratio, and discourse structure [14]. These approaches demonstrate that cross-dataset 
knowledge transfer can significantly improve summarization performance. However, 
such methods typically assume a fixed base architecture and focus on improving adap-
tation rather than selecting alternative pretrained models.  

Three patterns emerge from AutoML, meta-learning, and summarization literature: 
a) NAS optimizes architecture rather than selects from pretrained models focusing on 
specific model families; b) AutoNLP systems work primarily on classification and sin-
gle-objective metrics; and c) summarization research emphasizes benchmarking in-
stead of predictive selection. No prior work, to our knowledge, constructs a meta-da-
taset of summarization tasks labelled with oracle models derived from standardized 
fine-tuning experiments and trains a cross-dataset supervised selector under multi-ob-
jective evaluation. The present study addresses this gap by formalizing pretrained trans-
former selection for abstractive summarization as an objective-aware meta-learning 
problem evaluated under controlled fine-tuning budgets and cross-dataset validation. 

3 Methodology 

3.1 Problem Definition 

Let    𝐷 = {𝐷!, 𝐷", … . , 𝐷#}  denote a set of summarization datasets and   𝑀 =
{𝑚!, 𝑚", …𝑚$}	represent a pool of candidate summarization models. For each dataset 
𝐷%, model performance is evaluated using a scoring function  𝑠&(𝑚,𝐷%) where  𝑜 ∈
{𝑙𝑒𝑥, 𝑠𝑒𝑚}  . The optimal model for dataset  𝐷%  is defined as the oracle model: 

𝑚%
∗ 	= 	 argmax

(∈*
𝑠&(𝑚,𝐷%) (1) 

The objective of the framework is to learn a selector function g(·) that predicts the most 
suitable summarization model for an unseen dataset: 

𝑔 ∶ 	𝜙(𝐷%) → 𝑚%
∗ (2) 
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where   𝜙	(𝐷%)  denotes a vector of dataset-level meta-features describing dataset Di. 

3.2 Data Set Aware Meta Learning Framework 

The proposed framework constructs a meta-dataset including dataset meta-features and 
oracle labels. The meta-features characterize key dataset properties, while oracle labels 
are obtained by fine-tuning and evaluating candidate models under a fixed training 
budget across multiple datasets and selecting the highest-performing model for each 
dataset using predefined evaluation metrics: ROUGE-L for lexical overlap and SBERT 
cosine similarity for semantic similarity. 
The meta-dataset is defined as: 

𝑇	 = 	 {(𝑥% , 𝑚%
∗)}{%,!}

#  (3) 

where 𝑥%  is for  𝜙	(𝐷%)	 and represents the dataset meta-features, and  𝑚%
∗ denotes the 

corresponding oracle model. The meta-dataset T provides supervised training examples 
used to learn the selector function g(·) defined in Equation (2). Two oracle definitions 
considered based on the two evaluation objectives are: 

𝑚./0,%
∗ = argmax

(∈*
𝑅𝑂𝑈𝐺𝐸 − 𝐿(𝑚,𝐷%) (4) 

𝑚2/(,%
∗ = argmax

(∈*
𝑆𝐵𝐸𝑅𝑇(𝑚,𝐷%) (5) 

These definitions enable analysis of objective-dependent model behaviour. Disagree-
ment between lexical and semantic oracle models is referred to as the oracle flip rate, 
defined as 

𝐹𝑙𝑖𝑝𝑅𝑎𝑡𝑒	 = KL𝐷% ∈ 𝐷 ∶ 	𝑚./0,%
∗ ≠ 𝑚2/(,%

∗ NK 𝑛⁄  (6) 
where n is the total number of datasets. 
The overall procedure for constructing the meta-dataset and training the selector is sum-
marized in Algorithm 1. 
Algorithm 1: Dataset-aware meta-learning for model selection 
Require: datasets D, candidate models M, evaluation metric 𝑠&(. ), meta-feature ex-
tractor 𝜙(. ), selector learner A.  
Ensure: Trained selector g(·) 
1: 𝑇 ← 𝜙 T  
2: for all 𝐷% ∈ 𝐷	 do 
3:     for all 𝑚 ∈ 𝑀	 do 
4:         Fine-tune and evaluate m on 𝐷% 
5:         Compute performance score 𝑠&(𝑚,𝐷%) 
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6:     end for 
7:     Compute oracle model  𝑚%

∗ ←	max
(∈*

𝑠&(𝑚,𝐷%)	 
8:     Extract meta-features 𝑥% ← 	𝜙(𝐷%)  
9:     𝑇 ← 𝑇	 ∪ {(𝑥% , 𝑚%

∗)} 
10: end for 
11: Train selector  𝑔	 ← 𝐴(𝑇)  
12: return g 
* The procedure is executed independently for each evaluation objective 
𝑜 ∈ {𝑙𝑒𝑥, 𝑠𝑒𝑚} . 

3.3 Meta Features and Selector Evaluation 

Dataset-level meta-features are extracted from the training split of each dataset to char-
acterize structural properties influencing summarization performance. The features in-
clude average document length, standard deviation of document length, average sum-
mary length, compression ratio, vocabulary size, type-token ratio, and training dataset 
size. 
Several classifiers are evaluated as meta-learning selectors, including Logistic Regres-
sion (LR), Random Forest (RF), k-Nearest Neighbors (KNN), and Gradient Boosting 
(GB). To assess generalization performance, a Leave-One-Dataset-Out (LODO) vali-
dation strategy is used in which the selector is trained on n − 1 meta-datasets and eval-
uated on the remaining dataset. 
Selector performance is measured using accuracy, macro-F1 score, and average regret. 
Regret quantifies the performance loss caused by selecting a suboptimal model and is 
defined as: 

𝑅𝑒𝑔𝑟𝑒𝑡(𝐷%) = 		𝑠(𝑚%
∗, 𝐷%) − 𝑠(𝑚U % , 𝐷%) (7) 

where  𝑚%
∗ denotes the oracle model for dataset 𝐷%  and  𝑚U %  represents the 

model predicted by the selector. 

4 Experimental Design 

4.1 Meta Features and Selector Evaluation 

Experiments were conducted on fourteen publicly available abstractive summarization 
datasets covering diverse domains and input characteristics, including news, legislative 
text, dialogue, scientific papers, patents, and user-generated content. Table 1 and Table 
2 list the datasets, candidate models, and their typical properties, enabling analysis of 
model behavior under varied domains, document lengths, and summarization styles 
(single/multi-document and conversational/narrative). Transformer-based summariza-
tion models were selected as candidate models, including both standard encoder-de-
coder architectures and long-context models, representing commonly used pretrained 
summarization backbones. 
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Table 1 Datasets used in the experiments 

Dataset Domain Length 
BillSum(D1) Legislative Long 
CNN/DailyMail (D2) News Med–Long 
XSum(D3) News Medium 
SAMSum(D4) Dialogue Short–Med 
MultiNews(D5) News Long 
WikiHow(D6) Procedural Medium 
Reddit-TIFU(D7) User stories Med–Long 
Newsroom(D8) Journalism Mixed 
Gigaword(D9) Headlines Short 
AmazonOpinions(D10) Reviews Short–Med 
AESLC(D11) Emails Short 
ArXiv(D12) Scientific Long 
BigPatent(D13) Patents Long 
GovReport(D14) Government Long 

Table 2 Candidate models used in the experiments 
Model Architecture Max Tokens 
BART-large (BART) Encoder–Decoder Transformer 1024 
PEGASUS-large (PEG) Encoder–Decoder Transformer 1024 
LED-base (LED) Long-context Transformer 16384 
FLAN-T5-large (FT5) Encoder–Decoder Transformer 1024 

4.2 Training Configuration 

To ensure fair comparison across datasets and models, fixed-size subsets were used for 
all experiments: 3000 training instances, 500 validation instances, and 500 test in-
stances sampled without replacement from the available splits. All runs used a fixed 
seed (42) for dataset sampling and model training. All models were fine-tuned under 
the same training budget using HuggingFace Trainer: maximum steps = 1500, batch 
size = 1, gradient accumulation = 8, and decoding with beam search (4 beams), maxi-
mum new tokens = 256, and no-repeat n-gram size = 3. Inputs were truncated to 1024 
tokens for standard models; LED used its long-context capability where applicable. All 
experiments were implemented in Python using HuggingFace Transformers and 
PyTorch. Meta-learning selectors were trained using scikit-learn. Experiments were ex-
ecuted in the Kaggle environment with GPU acceleration for model fine-tuning and 
CPU execution for selector training and analysis. 
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5 Result and Discussion 

5.1 Dataset Wise Model Performance 

Fig. 1 (a and b) shows that FLAN-T5-large often achieves the highest ROUGE-L 
scores, while BART-large consistently performs best under semantic evaluation. The 
results also indicate substantial performance variation across datasets, reinforcing the 
idea that summarization effectiveness is strongly dataset dependent. This divergence 
suggests that lexical overlap does not necessarily imply superior semantic quality. In 
particular, long-document datasets tend to benefit from models capable of capturing 
extended context like LED, whereas conversational and short-text datasets show differ-
ent model preferences. Overall, the findings indicate that no single model consistently 
dominates all datasets and objectives. 

 
Fig. 1(a): Model performance across datasets under lexical and semantic objectives 



 
586             D. Bino and M. Shrivastava

 
Fig. 1(b): Model performance across datasets under lexical and semantic objectives 

5.2 Oracle Model Analysis 

Oracle analysis reveals strong objective-dependent behaviour. FLAN-T5-large wins the 
model-wise distribution under lexical evaluation, with 64.3% of datasets, whereas 
BART-large emerges as the strongest semantic oracle with 57.1% of datasets, as shown 
in Table 3 and Table 4.  The fourteen datasets exhibit different oracle models across the 
two objectives, yielding a high oracle flip rate of 71.4%, which is quite significant (Fig. 
2). The dataset-wise oracle summary in Table 5 further highlights that oracle disagree-
ment is widespread across domains rather than concentrated in a few datasets. This 
indicates that model suitability depends strongly on evaluation objectives and that sin-
gle-metric model selection can lead to suboptimal choices when diverse datasets are 
under consideration. 

 
Fig. 2 Oracle disagreement between lexical and semantic objectives 
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5.3 Meta Learning Selector Performance 

As indicated in Table 5, for lexical objectives, KNN performs the best, achieving the 
highest accuracy (85.7%) and lowest regret (0.006), reducing regret by more than 60% 
compared to the majority baseline (0.017). Random Forest and Logistic Regression also 
demonstrate strong performances with relatively low regret values, indicating that the 
proposed approach is effective in training meta-learning selectors for suitably predict-
ing models for unseen datasets. For the semantic objectives, the differences between 
selector performances are smaller due to the dominance of BART-large as the oracle. 
Despite this, meta-learning selectors still consistently achieve lower regret compared 
to the majority baseline. Macro-F1 scores further suggest that selectors produce bal-
anced predictions across oracle classes rather than being biased towards frequently se-
lected models. 

Table 3. Model-wise Oracle Distribution 
Model  Lex (%)  Sem (%) 
FT5 64.3 14.3 
BART 14.3 57.1 
LED 14.3 14.3 
PEG 7.1 14.3 

Table 4 Dataset-wise Oracle Summary 
Dataset Lex Sem Dataset Lex Sem 
D1 FT5 BART D8 FT5 BART 

D2 FT5 BART D9 PEG PEG 

D3 FT5 FT5 D10 FT5 BART 

D4 BART BART D11 LED LED 

D5 FT5 BART D12 FT5 FT5 

D6 FT5 FT5 D13 FT5 BART 

D7 LED LED D14 BART BART 

Table 5. Meta-learning selector performance 
Task Selector Accuracy Macro F1 Avg Regret 
Lexical Majority 0.64 - 0.017 

 RF 0.79 0.61 0.008 

 LR 0.79 0.61 0.009 

 KNN 0.86 0.66 0.006 

 Majority 0.57 - 0.010 

Semantic RF 0.71 0.52 0.006 

 LR 0.71 0.49 0.007 

 KNN 0.71 0.53 0.006 
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5.4 Meta-Feature Importance 

Feature importance analysis was undertaken using Random Forest impurity-based im-
portance scores, which indicated that vocabulary size, average document length, and 
type-token ratio are the most influential predictors. Vocabulary size reflects the lexical 
diversity of a dataset, document length captures its contextual complexity, and type-
token ratio represents its lexical richness. Together, these dataset-level characteristics 
provide meaningful inputs that help in predicting the most suitable model for a given 
dataset. 

5.5 Discussion and Limitations 

The results highlight that summarization performance is highly dependent on the da-
taset, and the selection of the best models depends on the evaluation objectives, like 
lexical or semantic. The use of dataset-level meta-features enables effective prediction 
of suitable models, significantly reducing the computational cost of exhaustive model 
comparison. This study considered only fourteen datasets and four pretrained models; 
hence, expanding dataset diversity and model pools may further improve generaliza-
tion. Additionally, richer embedding-based dataset representations could enhance pre-
dictive performance. Despite these limitations, the proposed framework and related 
findings suggest that lightweight dataset descriptors are sufficient for practical auto-
mated model selection. 

6 Conclusion 

This paper explored automated model selection for abstractive summarization using a 
meta-learning framework. Experiments conducted using diverse datasets showed that 
summarization performance varies significantly with dataset characteristics and evalu-
ation objectives, with a high oracle flip rate observed between lexical and semantic 
metrics. The results of the proposed approach demonstrate that meta-feature-trained 
meta-selectors can effectively recommend models for unseen datasets while also reduc-
ing the regret associated with incorrect model selection. Dataset characteristics such as 
vocabulary size, document length, and lexical diversity acting as meta-features were 
found to play an important role in determining model suitability. Overall, these findings 
highlight the potential of dataset-aware meta-learning approaches for efficient and re-
liable model selection in summarization systems and other NLP pipelines involving 
generative tasks. Future work will focus on extending the approach to larger model 
pools, incorporating richer meta-feature representations, and considering additional 
natural language generation tasks. 
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