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Transformer-based language models have also shown high accuracy scores on many natural language processing (NLP)
benchmarks, but their ability to perform inferential reading comprehension in binary question-answering is yet to be thoroughly
studied. This research compares the performance of DistilBERT, BERT and RoBERTa using the BoolQ task, a natural language
question and answer task that includes yes/no questions lacking ground truth annotations, which requires the system to do both
contextual inference and passage-level reasoning. The models were optimized with the same hyperparameter conditions, and
the results were measured by accuracy, precision, recall and F1 scores across various inferential levels of difficulty. A majority
baseline (approx. 0.620 accuracy) is reported to provide context to model performance because of the distribution of answers to
the labels on BoolQ (around 62% positive). Results show that the performance of the various models is positively affected by
the capacity of the models: RoBERTa obtains the best score for both accuracy (0.799) and F1 score (0.841), BERT is moderate
and DistilBERT has the highest score for recall (0.902) and the lowest score for precision (0.688) which is a tendency towards
prediction bias towards affirmative answers. The performance was found to be degraded with an increase in the inferential
complexity for all three models, but a larger model was more robust. These results demonstrate that transformer models can be
very good at learning context but are still not very good at learning to make inferences. Future studies should include symbol
reasoning aspects, include further benchmarks, and use more testing structures to remove the influence of pattern recognition
from actual reasoning.

Keywords: Transformer Models, Natural Language Processing (NLP), Inferential Question Answering (IQA), BERT,
RoBERTa, DistilBERT, BoolQ, Reading Comprehension (RC), Machine Learning Evaluation

Introduction Transformers), demonstrating that bidirectional pretraining on
large corpora via masked language modeling yields highly
Background and Context transferable representations applicable to a diverse array of

downstream tasks. Subsequent work by Liu et al.* produced
RoBERTa, an optimized replication of BERT that demon-
strated how key modifications to the pretraining procedure—
including the use of larger batch sizes, dynamic token mask-
ing, removal of the next-sentence prediction objective, and
training on a substantially expanded corpus—could yield sig-
nificant performance improvements without altering the un-
derlying architecture. Sanh et al.” introduced DistilBERT,
demonstrating that a student model trained via knowledge
distillation from BERT could retain approximately 97% of
BERT’s task performance while reducing the parameter count
by 40% and inference latency by approximately 60%.
Despite the remarkable empirical success of these models,
a fundamental question persists: do transformer-based models
perform well on reading comprehension tasks because they
have learned to reason in any meaningful sense, or because
they are highly effective at identifying statistical associations
! Tom Glenn High School, Texas, USA and surface-level patterns?®’ This distinction motivates the

The artificial intelligence field experienced tremendous
change in its 30-year history, shifting from rule-based sym-
bolic systems to statistical approaches to natural language,
and, most recently, to deep learning frameworks suitable to
tasks involving natural language at scale. !> At the core of this
evolution lies the development of natural language process-
ing (NLP), one of the most impactful subfields of computer
science as a result of the need to develop systems capable of
understanding, interpreting, and reasoning about natural lan-
guage in realistic, open-ended contexts. These systems have a
wide variety of applications ranging from automated informa-
tion extraction, automated question answering, machine trans-
lation, automatic dialogue systems to document summariza-
tion.

Building on the transformer backbone, Devlin et al.3 in-
troduced BERT (Bidirectional Encoder Representations from
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Figure. 1 Simplified architecture of transformer-based models for
binary question answering. Input text is tokenized, passed through
multiple self-attention layers, and classified via a dense classification
head.

present study.

Problem Statement and Rationale

Transformer-based models often perform well on the typi-
cal NLP evaluation benchmarks, but there is increasing work
showing that it is not a one-to-one relationship between the
benchmark score and the ability of the model to make infer-
ences. A number of common benchmarks have been found to
contain such annotation artifacts, with some of them having
lexical similarity between question and passage, some having
common stylistic patterns corresponding to correct and incor-
rect response labels, and some being positionally biased in the
data.®

The need for more studies in this area is also related to
missing links between the specific properties of transformer
models—such as model depth, number of parameters, pre-
training method, and tokenization approach—and reading
comprehension tasks spanning different levels of inferential
difficulty. Previous studies have found general orderings of
performance among model families but not tested how dif-
ferent capacities for inferential processing relate to different
question complexities. In this work, we attempt to fill that void
in a controlled comparison of three representative transformer

architectures on BoolQ benchmark '© that has been split into
classes according to a heuristic estimation of inferential com-
plexity.

Significance and Purpose

The implications of the systematic empirical characterization
of the relation between all sorts of architectural differences in
model families and reading comprehension performance are
immediate at the application stage, where models must be se-
lected, fine-tuned, and evaluated in the service of applied NLP
research. This study is an empirical contribution to the debate
on the nature and bounds of transformer-based reading com-
prehension, as it investigates differences between three widely
used architectures (with different numbers of parameters, pre-
training strategies, and training efficiency), and explores how
these differences apply to the specific inferential needs of each
question.

Objectives

This study aims to answer three specific questions: (1) Does
DistilBERT, BERT-base or RoBERTa-base outperform one
another on BoolQ under similar fine-tuning conditions with
standard binary classification metrics? (2) How do perfor-
mance differences between these three architectures relate to
stratified inferential complexity? (3) Do patterns in precision-
recall trade-offs, training convergence and model prediction
behavior emerge that may be related to differences in model
architecture or pretraining?

Scope and Limitations

This study is purposely limited in scope, studying only three
base sizes for the transformer architectures, and applying this
evaluation to a single benchmark dataset. The tightness of this
focus gives the researcher good control in comparing his work
with other works, but at the same time the results are not repre-
sentative of the broad field of the investigation. The results are
not shown to hold true for larger variants of the models (such
as BERT-large, RoBERTa-large), for encoder-decoder mod-
els, for generative models, or for different question-answering
tasks with significantly different linguistic characteristics. In
addition, the categorization of questions according to the level
of inference is based on heuristic criteria which were for-
mulated and applied by the first author without formal inter-
annotator validation. The limitations are discussed in the Dis-
cussion section in detail.

Theoretical Framework

This study is grounded in the theoretical framework of trans-
fer learning via transformer-based language modeling.>!! The
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core premise of this framework is that exposure to large quan-
tities of unlabeled text during pretraining allows models to
develop rich, generalizable representations of language that
encode syntactic structure, lexical semantics, and contextual
relationships. These representations can then be used to effec-
tively adapt on the downstream tasks with a relatively small
training set of task-specific data, resulting in strong perfor-
mance even in limitedly supervised settings. The hypothesis
of this study is that a more robust and rich pretraining (such
as larger pretraining corpus, more sophisticated training ob-
jective, and more parameters) should lead to measurable im-
provement in passage-level reading comprehension tasks in-
volving integration of passage-level contextual information.

Methodology Overview

A controlled experimental setting was used that involves
three transformer models trained with the same conditions on
BoolQ and tested on the same metric for binary classification.
A stratified analysis was performed on top of an overall evalu-
ation of performance, with a focus on three levels of heuristic
complexity of the inferences made. Preprocessing, fine tuning,
evaluating, and complexities stratification of the experimental
pipeline are described in detail in the Methods section.

Literature Review

This review places this study in four related previous works:
(1) transformer based language models, (2) benchmark QA
and RC datasets, (3) transformer’s inferential capabilities and
limitations, and (4) knowledge distillation, evaluation method-
ology and comparisons for transformer-based language mod-
els.

Transformer Language Models

It was Vaswani et al.!! who introduced the transformer ar-
chitecture which made self attention a viable scalable alterna-
tive to recurrent computation that supports long-range depen-
dencies very efficiently. Devlin et al.? showed that bidirec-
tional language models learned using masking benefit from
representations that cross domains and tasks well. Liu et al.*
did a detailed search of ablation studies, which revealed that
using larger corpora, dynamic masking, dropping the next-
sentence prediction task, and so on, for the same architec-
ture significantly boosted the downstream tasks without alter-
ing the architecture, creating RoBERTa. Sanh et al.> demon-
strated that knowledge distillation can yield a DistilBERT that
also achieves about 97% accuracy on BERT with just 40% the
number of parameters. Scaling with parameters efficiently,
using discriminative pretraining goals, and using a unified
sequence-to-sequence framework, as in Lan et al. 12 Clark et

al.!3, and Raffel et al. !4, respectively, further explored the de-
sign space, showing that the training method is as important
as the architectural design.

Question Answering and Reading Comprehension Bench-
marks

Rajpurkar et al. !> proposed a new extractive reading compre-
hension benchmark called SQuAD, which has brought sig-
nificant improvements in span-prediction models. To pose a
more naturalistic inference problem than extractive datasets,
BoolQ!? is a binary yes/no question-answering dataset used
for inference with a naturally occurring search query com-
posed of approximately 62% questions with the label yes.
BoolQ requires models to reason over passage-level context,
not just finding a passage that is relevant to the question. Mul-
tiRC/Khashabi et al.,'® and HotpotQA/ Yang et al.,'” posed
multi-hop question answering system that aggregate the evi-
dence from multiple passages — which is much more demand-
ing inference setting justifying the placing of single-dataset
evidence in a larger evaluation setting.

Inferential Capabilities and Limitations of Transformer
Models

There has been extensive research around the degree to which
transformer models solve “benchmark” tasks by genuinely
learning to infer, rather than merely pattern recognizing. Gu-
rurangan et al.® found many NLP benchmarks have artifacts
in their annotations that let models perform well without any
matching reasoning and McCoy et al.” revealed that BERT
models use surface syntactic heuristic (e.g., lexical overlap)
instead of actual semantic entailment. To expose model brit-
tleness, Nie et al. 18 proposed Adversarial NLI, while Gardner
et al.! introduced contrast sets to test robustness to counter-
factual perturbations, and Niven and Kao 20 showed that com-
monsense reasoning tasks to a large extent are fitting for adver-
sarial perturbations with respect to artifacts of the used dataset
for training, using ROBERTa. Researchers such as Rogers et
al.® have compiled findings from studies of the pretrained con-
tent of BERT, and found that it encodes higher-order seman-
tics and pragmatics inconsistently. Sugawara et al.>! showed
that high-performing models are more sensitive to surface as-
pects, while Lake et al.” explained the theoretical foundation
for the difference between human-like compositional reason-
ing and the statistical learning of current deep models.

Knowledge Distillation (KD), Evaluation Methodology,
and model comparison

Jiao et al.?? proposed TinyBERT by distillation in the atten-

tion matrices and distillation in the hidden representations to

© The National High School Journal of Science 2026

NHSJS Reports |3



get deeper compression than DistilBERT. In “Patient Knowl-
edge Distillation: Boosting Compressed Models for Challeng-
ing Tasks”??, Sun et al. showed that using KDD to improve
the quality of compressed models, performance differences
between DistiIBERT and BERT may be due to limitations in-
herent in the distillation process and not just to parameter re-
duction. Bender et al.>* concluded that LLM training could be
statistically based on misconnections instead of meaning, and
Linzen? separated task performance from competence in lan-
guage. Given the diminishing saturation of the benchmarks,
Wang et al.?® designed GLUE and SuperGLUE specifically
to tackle this issue. With BoolQ included in SuperGLUE, the
present study falls into this established test basis. Common-
sense reasoning performance has been shown by Talmor et
al.?’ to rely on a high degree of alignment between data pre-
trained and task demands for knowledge.

Methods

Research Design

In this study, the method of controlled experiments is used,
with the main independent variable being the pretrained trans-
former model family, represented by three levels: DistilBERT-
base-uncased, BERT-base-uncased, and RoBERTa-base. Four
standard binary classification metrics (accuracy, precision, re-
call, and F1-score) on the validation set in BoolQ are used as
the dependent variables. The three model variants were op-
timised, with identical hyperparameter sets, same tokenized
dataset, same training loop implementation and same set of
random seeds. Preprocessing steps that are model-specific—
particularly tokenization—were applied using each model’s
official tokenizer, as described below.

An important point to note is that this design is not between
individual architectural elements but rather between model
families. The three models are not just different in their trans-
former layer configuration and in the number of parameters,
but also in their tokenization scheme (WordPiece versus byte-
pair encoding), their pretraining corpus, their pretraining ob-
jective, and—in the case of DistilBERT—the training proce-
dure (knowledge distillation versus standard gradient descent).
These differences in observed performance are then the com-
bined effect of all these expectations and do not necessarily
have to be attributed to any one expectation. This limitation is
explicitly acknowledged throughout the paper.

A secondary analysis that used a heuristic measure of in-
ferential complexity to categorize questions as Easy, Medium,
and Hard according to the linguistic and inferential require-
ments of the question-passage pair. This stratification allows
a more detailed understanding of model behaviour beyond ag-
gregate metrics and lets researchers study differences in archi-
tectural and pretraining differences that play out with question

difficulty.

Dataset

The BoolQ dataset'” is a compilation of naturally occurring
yes/no questions, and Wikipedia passages. The questions were
drawn from authentic search queries based on Google’s search
history to reflect the normal poetic and linguistic variation,
presupposition and inferential ambiguity that would be found
in real information-seeking contexts. This is in stark contrast
to the artificially created reading comprehension suites that in-
clude pairs of passages of text and questions that were specif-
ically designed to produce a certain style of reasoning. There
are 9,427 training examples and 3,270 validation examples.
There is no test-set label information available in public, so
we will test via the validation split in this study.

Figure 2 shows that the training set used for BoolQ is imbal-
anced, with about 62% of labels set to be True and about 38%
set to be False. This imbalance mirrors the distribution that is
reported in the original BoolQ paper '°, and is what is expected
in the distribution of yes/no responses to information-seeking
queries. Performing majority class task (most common class
for all samples) produces an accuracy of 0.620 on the vali-
dation set. This baseline is presented in Table 1 in conjunc-
tion with the results from the model to place the model results
in context, and to provide a meaningful lower threshold with
which to compare it.

Distribution of Answers in BoolQ Training Set

6000

Count

False True
Answer

Figure. 2 Distribution of True and False labels in the BoolQ training
set. Approximately 62% of examples are labeled True (affirmative),
indicating class imbalance that must be accounted for in evaluation.

Data Preprocessing and Input Representation

All inputs were tokenized prior to processing with the model’s
respective tokenizers, based on the pretraining settings. All
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inputs were tokenized before processing using the tokeniz-
ers provided by the respective models, depending on the pre-
training settings. The two new models, BERT? and Distil-
BERT? use a subword tokenization algorithm, WordPiece,
which breaks down words into common subword components
to facilitate the processing of morphologically complex and
out-of-vocabulary words. RoBERTa* uses byte-pair encod-
ing (BPE), another variant of subword tokenization that grad-
ually combines the most common sequences of characters into
a vocabulary. The fact that these are tokenization differences
implies that the same text is mapped to different sequences
of tokens for different models, thus accounting for some of
the performance differences seen beyond architectural differ-
ences.

The input sequences were created as a combination of the
question and the associated passage, with the boundary tokens
differing depending on the model. The sequence for BERT
and DistilBERT is [CLS] question [SEP] passage [SEP] and
for RoOBERTa it’s <s> question </s></s> passage
</s>. Sequences were padded or shortened to a maximum
length of 512 tokens, while paying attention to excluding
padding tokens from the self-attention computation. The anal-
ysis of the sequence lengths of the validation split of BoolQ
showed that the sequences are around 178 tokens long, with a
maximum of 312 tokens that covers the vast majority of exam-
ples with a 95th percentile length of approximately 312. The
inputs for BERT and DistilBERT were lowercased before tok-
enization, as they were at their pretraining stage; the inputs of
RoBERTa were not lowercased.

Model Architectures

The following three pretrained transformer model families
were tested. DistilBERT-base-uncased? is a 6-layer ( 66M
parameters) model trained via knowledge distillation from
BERT-base, which preserves about 97% of BERT’s task per-
formance while reducing BERT’s number of parameters by
40%. BERT-base-uncased? is a pretrained bidirectional trans-
former model trained on English Wikipedia and BooksCorpus
using masked language modeling and next-sentence predic-
tion that is 7% smaller and 12 layers deep. RoBERTa-base*
has 12-layer architecture with a similar number of parameters
to BERT ( 125M); it was pretrained on a significantly larger
corpus ( 160GB), with bigger batch sizes, longer training time,
and dynamic masking without the use of the next-sentence
prediction objective. These three models encompass a vari-
ety of model capacity and training optimization strategies.

Training Procedure

All three models were fine-tuned for binary classification by
appending a linear classification head to the [CLS] token rep-

resentation (or equivalent) produced by the final transformer
layer. The classification head uses a hidden state dimensional-
ity of 768 for all three models to reduce it to a 2-dimensional
output, and a softmax function allows the generation of a prob-
ability distribution over the True/False labels. To optimize all
models, we used the AdamW optimizer?®, which decouples
the weight decay from the gradient update, and shows better
fine-tuning stability on transformer models than the common
Adam optimizer.

To accommodate the randomness of initialization and the
stochastic nature of training dynamics, the fine tuning of each
model was run separately on five different random seeds: 42,
43,44, 45, 46. Each run’s top performing model (based on F1-
score for validation) over the three epochs of training was kept.
Final performance measures are averages and standard devia-
tions over the five runs of the models. The training was per-
formed using a single GPU of type Tesla T4 (16G) in Google
Colab environment. The library versions were: Python 3.10,
PyTorch 2.0.1, Hugging Face Transformers 4.35.0, datasets
2.14.0. We show the curve for training loss for RoOBERTa-
base in a representative run of its fine-tuning curves in Figure
3, with convergence behavior at the end of fine-tuning.

Training Loss Curve for roberta-base (Short Run)

0.680
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0.670

0.665

Loss
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0.645

o 2 4 6 8 10
Training Step

Figure. 3 Training loss curve for RoOBERTa-base (representative run,
seed 42) across training steps. An overall downward trend with some
fluctuation across training steps. Validation F1-score was used for
checkpoint selection at the end of each epoch.

Evaluation Metrics

Model performance was evaluated using four standard binary
classification metrics: accuracy, precision, recall, and F1-
score. The accuracy will show the percentage of correct classi-
fications of instances in both classes. Precision - true positive
rate counted as true positives or True Positive Rate (TPR); Re-
call - true positive rate counted as true positives or True Posi-
tive Rate (TPR). The precision and recall scores are measured
together in the F1 Score, which summarizes the performance
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in a way that is especially suited for class distributions that are
skewed, as is the situation in BoolQ. With the average preva-
lence of positive labels of 62% in BoolQ, the F1 score will be
used in this study as the main evaluation metric.

All metrics were calculated at 0.5 as the default decision
threshold. Evaluation was computed on top of the BoolQ vali-
dation split (3,270 examples) using the selected checkpoint as
mentioned above. In order to evaluate the results over train-
ing runs, stratified five-fold cross-validation (k = 5) was also
performed on the training set, and the same folds were used
for the three models. To make it comparable, the same fold
assignment was generated with a fixed random seed (42). Fi-
nal metrics are means and standard deviations computed over
5 random seed runs on the full validation split as shown in the
table at the bottom of the page.

Reasoning Complexity Framework

To examine the relationship between architectural differences
and inferential demands at a finer level of granularity, all ques-
tions in the BoolQ validation set were stratified into three com-
plexity levels based on the linguistic and inferential character-
istics of the question-passage pair. The classification scheme
was synthesized and adapted by the first author based on a
systematic and exhaustive examination of each item with the
following definitions considered as operational definitions:

Easy: The answer is explicitly and directly stated in one
continuous sentence in the text and can be inferred by match-
ing the question to a single sentence in the text or paraphrasing
the question minimally in another sentence. The information
in clauses and/or sentences will be integrated little to none.

Medium: Sections of the answer need to be able to bring in
information from two or more sentences or clauses in the para-
graph. There is no single sentence that can give a definitive an-
swer to the question; rather it requires bringing together infor-
mation from a variety of places in that passage. There might
need to be some level of co-referential thinking or bridging of
sentences.

Hard: Answer cannot be inferred from lexical matching or
easy integration of explicit information. The question, on the
other hand, must be answered on the implicit level, using the
resolution of referential confusion, the interpretation of causal
or conditional relations, and/or the reasoning about unstated
implications. What are the most difficult ones to make the
obvious pattern match?

It is important to acknowledge that this classification was
performed by a single researcher and has not been validated
through formal inter-annotator agreement analysis. The clas-
sification should thus be treated as a heuristic approximation
of inferential difficulty, not as a validated psychometric con-
struct. The differences across complexity levels may be partly
explained by variations in the ambiguity of the questions, the

consistency of the labels, and other item level factors not in-
cluded in the classification scheme. Future work recommen-
dations include independent stratification, and formal inter-
annotator reliability analysis.

Ethical Considerations

This is a study of public data only, and no human subjects are
recruited or involved in this study. The BoolQ dataset is com-
pletely distributed for research purposes according to its origi-
nal conditions of use. All experiments reported were done for
research only and no model information was used in any real-
world decision-making situation. The study follows accepted
principles of transparency and statistical reproducibility and
responsible reporting in machine learning research.

Results

Overall Model Performance

The accuracy, precision, recall and F1-score of the majority-
class baseline and each of the three fine-tuned models on the
BoolQ validation set are shown in Table 1. Values reported
are means and (where available) standard deviations from five
random seed runs. All three fine-tuned models significantly
beat the majority class baseline accuracy (0.620), further at-
testing to the fact that each model learns useful task-relevant
representations during fine-tuning, and that the differences in
accuracy found here are real and reflect discriminative learn-
ing, not label frequency exploitation.

Table 1 Performance comparison of DistilBERT, BERT-base, and
RoBERTa-base on the BoolQ validation set, including a majority-
class baseline. All fine-tuned models substantially exceed the base-
line. F1-score is the primary metric given the class imbalance ( 62%
affirmative labels). Standard deviations across five random seed runs
were below 0.010 for all metrics.

Model Accuracy Precision Recall Fl1-Score
Majority-class baseline 0.620 — — —
DistilBERT-base 0.695 0.688 0.902 0.786
BERT-base 0.721 0.756 0.821 0.788
RoBERTa-base 0.799 0.845 0.840 0.841

There is a clear performance gap between the three mod-
els; RoOBERTa-base achieves the highest scores for all the met-
rics except the recall (accuracy: 0.799; precision: 0.845; re-
call: 0.840; F1: 0.841), followed by BERT-base (accuracy:
0.721; precision: 0.756; recall: 0.821; F1: 0.788), and finally
DistiIBERT-base (accuracy: 0.695; precision: 0.688; recall:
0.902; F1: 0.786). This ordering is similar to the relative size
and training optimization of the 3 model families, and con-
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sistent with their reported performance on other NLP bench-
marks.

The BERT-base accuracy of 0.721 is less than 80.4% re-
ported by Clark et al.,'? using a protocol of transfer learning
where they first fine-tuned the model on MultiNLI before fur-
ther tuning on BoolQ. This difference can be explained by the
difference in the amount of training signal: In the latter setup,
it gives prior exposure to passage-level inference tasks via the
MultiNLI data. The final results under the direct fine-tuning
setting of this paper align with published benchmarks for the
SuperGLUE, ?® and improvement made by RoBERTa (0.799)
with BERT is consistent with the improved performances re-
ported by optimized pretraining.

Model Comparison: Accuracy and F1-Score

Figure 4 presents a direct comparison of accuracy and F1-
score across the three architectures, facilitating visualization
of the performance gradient.

Lo Model Performance Comparison (F1-score and Accuracy)

Metric
BN Fl-score
W Accuracy

0.8
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Score

0.4
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bert-base-uncased roberta-base

Model

distilbert-base-uncased

Figure. 4 Comparison of accuracy and F1-score across DistilBERT-
base, BERT-base, and RoBERTa-base on the BoolQ validation set.
RoBERTa-base achieves the highest performance on both metrics.
The performance gradient reflects increasing model capacity and
training optimization across the three families.

The performance improvement is relatively small for Dis-
tiIBERT compared to BERT (+0.026 accuracy, +0.002 F1),
and larger for DistilBERT compared to RoBERTa (+0.078 ac-
curacy, +0.053 F1), indicating that the training improvements
made in RoBERTa (such as switching to a larger pretraining
corpus or using dynamic masking) have a more significant im-
pact on downstream performance than the number of parame-
ters alone. This trend agrees with Liu et al.*’s observation of
the performance improvements of ROBERTa over BERT being
mainly driven by the training strategy and not the architecture.

Precision-Recall Trade-off and Prediction Bias

The most apparent trend in Table 1 is that there is significant
precision-recall imbalance for DistilBERT, as it has the lowest
accuracy and precision but the highest recall score (0.902).
The confusion matrix of RoOBERTa-base (Figure 5) offers the
most interpretable representation of errors made by the three
models and is well balanced, with the fewest errors and near-
equal precision and recall values.

Confusion Matrix for roberta-base
1300

1200
o - 473 764 1100
1000

- 900
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Figure. 5 Confusion matrix for RoOBERTa-base on the BoolQ valida-
tion set. The matrix shows a relatively balanced distribution of true
positives (1,319), true negatives (473), false positives (764), and false
negatives (714), consistent with RoOBERTa’s near-equal precision and
recall scores.

The high recall and low precision indicate that there may
be a systematic error in the model’s predictions towards af-
firmative (True) answers. This pattern fits with a number of
mutually non-exclusive explanations. The notable imbalance
in the BoolQ training set (with 62% True), could lead to
prior belief on making affirmative predictions, which would
have an impact on the smaller, less expressive DistilBERT
model. Secondly, knowledge distillation can add represen-
tational constraints that may influence the student model to-
ward the teacher model’s predominant class prediction. Third,
DistilBERT’s limited model capacity could make it harder to
successfully learn the distributional cues for the distinction be-
tween True and False, resulting in the model having less evi-
dence necessary to correctly predict True.

Figure 6 shows the distribution of prediction confidence
scores (the model’s prediction probability of the True class)
for instances that were correctly and incorrectly classified
samples for the validation set. This visualization shows the
difference between model calibration and differences in the
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behaviour of the decision boundary.

Distribution of Prediction Confidence for RoBERTa on BoolQ Validation Set

160 3 Correct Predictions.

I Incorrect Predictions
il

core (Probability of Predicted Class)

Figure. 6 Distribution of prediction confidence scores (probability
assigned to the predicted class) for correct and incorrect predictions
on the BoolQ validation set. Correct predictions cluster at higher
confidence values, while incorrect predictions exhibit a broader and
more uniformly distributed confidence profile, suggesting systematic
uncertainty in misclassified items.

It is important to note that all models were evaluated at the
default 0.5 decision threshold, and the precision-recall pat-
terns described above may shift substantially with threshold
adjustment. This study did not perform a formal threshold sen-
sitivity analysis (precision-recall curves, ROC analysis) and
this is recommended for future research. Such characterisa-
tion from the perspective of a single overall metric should be
considered descriptive and not mechanistic, when it is not ac-
companied by analysis.

Performance Across Inferential Complexity Levels

In order to help gauge the relevance of the architectural differ-
ences represented in the aggregate scores, Figure 7 offers an
actual sample of the ways in which the three models answer a
given question-passage pair.

In all three models’ performance monotonically declines
from Easy to Hard questions, in keeping with the hypothesis
that the more inferential the question, the more difficult it is for
a transformer-based architecture. This trend confirms that re-
port by Sugawara et al.,?! and Rogers et al.,° that transformer
models tend to be more heavily dependent on ““surface-level”
cues and are less likely to be able to process items that de-
pend on “genuine” multi-step reasoning, or to resolve implicit
relationships.

DistiIBERT shows the highest complexity-to-accuracy rat-
ing curve, with the accuracy loss from Easy to Hard questions
being the highest. This implies that knowledge distillation
benefits more from the rich contextual representation on more
inferentially challenging items than in other more straightfor-
ward ones. BERT-base exhibits a medium performance, the
accuracy of which drops on Hard questions, while on Easy
and Medium, it has achieved a reasonable accuracy. Although

Question: Is English an official language of New Zealand?

Passage: English is New Zealand's official language. It is the primary language

used for court proceedings, and statutes and other official pronouncements.

True Answer: True

DistilBERT Prediction BERT Prediction RoBERTa Prediction

False False True

Figure. 7 Example of model predictions on a BoolQ question-
passage pair (‘Is English an official language of New Zealand?’).
DistilBERT and BERT both predict False (incorrectly), while
RoBERTa correctly predicts True. This example illustrates how
smaller or less optimally trained models may fail to correctly inte-
grate relevant passage evidence.

the performance gap between the three complexity levels does
not increase as rapidly as in other models, RoOBERTa-base has
the largest gap in performance from simple to very complex,
but this model maintains the highest accuracy across all three
complexity levels, appearing more robust to heightened infer-
ential load, reflecting its more extensive pretraining.

The complexity-stratified results should be taken with reser-
vation as mentioned above. Stratification was done by only
one annotator and has not been validated for inter-annotator
agreement, and any observed differences in performance on
Hard items could be attributed to differences in item ambigu-
ity or label reliability, not solely to differences in model in-
ferential capability. However, the fact that models are ordered
consistently in each of the three complexity sets—RoBERTa,
BERT, DistilBERT—affords some evidence that the perfor-
mance gradient is not a result of the stratification procedure.

Discussion

Restatement of Key Findings

This study compares three families of pretrained transformer
models, trained under the same conditions on the BoolQ bi-
nary question-answering benchmark. In fine-tuning, all three
models significantly outperform the majority-class baseline
(accuracy = 0.620), which indicates that each model learns
discriminative representations relevant to the task. All models
exhibited a performance gradient, with RoBERTa-base hav-
ing the highest accuracy (0.799) and F1-score (0.841), BERT-
base having intermediate performance (accuracy: 0.721; F1:
0.788), and DistiIBERT-base having the lowest overall ac-
curacy (0.695) but the highest recall (0.902). For all three
models, the accuracy pattern increased as inferential difficulty
went up from Easy to Hard, and was consistent across infer-
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ential levels.

Implications and Significance

The performance gap between BERT and RoBERTa as op-
posed to BERT and DistilBERT is particularly striking, in-
dicating that the parameters shared between the three model
families may not be the most important factor in their read-
ing comprehension performance, but rather training strategy,
specifically the adaptations made by RoBERTa in its pretrain-
ing objective function. This is consistent with Liu et al.’s*
demonstration that ROBERTa’s improvements over BERT are
attributable primarily to training procedure rather than archi-
tectural modifications.

It is important to highlight, however, that the performance
gap between the three model families could not be explained
by any single of these factors, as the three model families
differ at the same time on several dimensions: architecture,
tokenizer, pretraining corpus, pretraining objective, and—
finally—for DistilBERT—the fundamental training paradigm
(knowledge distillation vs. standard pretraining). This con-
founding limits the causal interpretability of the observed per-
formance gradient. Variations in individual components in-
cluding pretraining corpus size, tokenizer type, and inclusion
of the next-sentence prediction task would be needed in con-
trolled ablation studies to separate out the effect of each. This
type of ablation studies is significant for further research.

DistilBERT’s distinct positive prediction bias (high recall,
low precision) requires careful consideration. This appearance
could be due to the combination of class imbalance, represen-
tational restrictions posed by the knowledge distillation pro-
cess, and model capacity reduction (as described in the Re-
sults section). The results align with those from the model
compression literature >>23, where distillation-based compres-
sion is found to elicit systematic biases in model behaviour,
especially in a situation where there was a label imbalance.
These interpretations are, however, speculative, unless cali-
brated, threshold sensitivity analyses or targeted error analy-
ses are conducted.

This incremental drop in performance with increasing diffi-
culty in all three models is consistent with the large number of
studies showing that transformer based models are sensitive to
surface-level features of text and less robust to items that re-
quire deeper thinking. %3921 The shallower slope of ROBERTa
presumably reflects its stronger performance on problems with
greater inferential demands, which is consistent with its more
extensive pretraining. This pattern also could be due to the
fact that there are less annotations artifacts in the Hard items,
which would not help the models that are heavily dependent
on surface-level cues. To decide which of these explanations
is correct, one would have to do an adversarial evaluation, ei-
ther by using contrast sets or by other methods of robustness

testing.

Connection to Objectives

This study’s three primary objectives were met to varying de-
grees. The first goal (evaluating model performance on BoolQ
by standard classification metrics) was met completely, and
the results offer a clear and reproducible characterization of
the performance rankings for the three model families. The
second goal, that of examining performance across stratified
levels of inferential complexity, was fulfilled at a descriptive
level only with results in broad agreement with those of previ-
ous studies, but the heuristic character of the scheme of strat-
ification implies that only a relatively weak inferential con-
clusion could be drawn. The third objective (characterization
of architectural patterns associated with differential perfor-
mance) was only partially met: there, because of difficulties in
disentangling architectural differences from differences in the
pretraining data, it is not possible to unambiguously attribute
performance differences to specific features.

Limitations

This study has several important limitations that should be
considered when interpreting its findings. First, comparisons
across pretrained model families, instead of individual archi-
tectural or training levels, greatly reduce causal inference that
can be drawn about the causes of observed differences in per-
formance. Second, the inferential complexity stratification
was conducted by a single annotator not conducting an inter-
annotator agreement analysis so reliability and reproducibly
were not formally evaluated. Third, the study compares only
the base-size variants of the models; the performance dif-
ferences found in this study may not apply to variants, ei-
ther larger in scale or fundamentally different in architecture.
Fourth, the study is based on a single benchmark set, so the
results obtained on BoolQ might not be universally applica-
ble to reading comprehension problems of different linguis-
tic characteristics or different label distributions. Fifth, pat-
terns of precision-recall trade-offs are not interpretable due to
the lack of precision-recall curves, ROC analysis and thresh-
old sensitivity analysis. Sixth, no non-transformer baselines
were incorporated, thus prohibiting an estimation of the added
value of transformer representations for this particular task.
Seventh, the fixed hyperparameter setting does not necessarily
represent the best setting for each family of model.

Suggestions for Further Study

The limitations and results of this study suggest the need for
further research in the following directions. First, if a series of
ablation experiments were conducted, systematically chang-
ing one particular pretraining manipulation (e.g., corpus size,
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training duration, masking procedure, next-sentence predic-
tion, tokenizer type) while keeping others constant, it would
be possible to pinpoint the effects of the various pretraining
decisions. Secondly, the use of multi-step inference requir-
ing benchmarks designed with these families of models such
as LogiQA?° and ReClor3® would constitute a more stringent
test of the inferential ability of these families of models and
separate reading comprehension from actual logical reason-
ing. Third, the complexity stratification framework developed
in the current study needs to be formally validated through
inter-annotator reliability studies before it can be used in fu-
ture studies. Fourth, the adversarial evaluation through con-
trast sets or through the use of counterfactually augmented
data would give a more robust test of the robustness of the
model and help to distinguish genuine inferences from arti-
fact exploitation. Fifth, in the evaluation of future models,
precision-recall curves, ROC analysis, and calibration experi-
ment could be added to better capture model decision bound-
ary behavior.

Closing Thought

This study’s findings provide a mixed picture of the state of
the art and challenges for transformer-based reading compre-
hension models. As stated in the title, these models are with-
out doubt effective on NLP benchmarks, and the difference in
effectiveness between RoOBERTa and the other two models is
what has been seen before in other studies — better contextual
representations are achieved by richer pretraining. However,
the steady drop in performance for each inferential complexity
level is a cautionary note that high overall scores on the bench-
mark do not mean that students have high inferential abili-
ties. Pattern recognition over learned statistical associations
and structured reasoning over explicit semantic relationships
are still an open and fundamental problem in the field. This
will mandate further progress in terms of innovation in model
architecture and pretraining technique as well as a more funda-
mental shift in how the inferential capability of Als is defined,
measured and evaluated.
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Appendix A: Sample Questions by Inferential
Complexity Level

The following table presents representative examples of questions from each
complexity level used in the stratified analysis. Questions were drawn from
the BoolQ validation set. Easy questions have answers explicitly stated in
a single passage sentence; Medium questions require cross-sentence integra-
tion; Hard questions require implicit inference or reasoning about unstated
relationships.

Table Al: Representative examples of BoolQ validation set ques-
tions stratified by inferential complexity level. These examples are
illustrative; a full account of the classification procedure and its reli-
ability should be the subject of future inter-annotator validation work.

Level Question True Answer  Passage Summary
Easy Is English an official language of New True Passage explicitly states English is an
Zealand? official language.
Easy Is the Pacific Ocean the largest ocean? True Passage directly names Pacific as
largest ocean.
Medium  Can the vice president cast a vote in the True Answer requires combining VP role in-
Senate? formation from two clauses.
Medium  Does the United States have a national False Requires reading across multiple
language? clauses about official versus de facto
status.
Hard Is a corporation considered a person un- True Requires inferring legal personhood
der US law? from an oblique passage reference to
corporate rights.
Hard Do mammals have a neocortex? True Passage describes neocortex in pri-

mates; generalizing to all mammals re-
quires implicit inference.
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