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Abstract:

Transformer-based models have achieved strong performance
in sentiment analysis, yet most approaches rely on a single at-
tention mechanism and a fixed-confidence inference pass, limiting
their ability to handle linguistically ambiguous text. This paper
presents R2-Former, a Reflective-Rationale-Refinement Trans-
former that introduces three tightly coupled novel contributions:
Dual Rationale Extraction, which simultaneously captures word-
level and sentence-level evidence via parallel local and global at-
tention heads; Adaptive Confidence Gating, which computes a
scalar confidence signal to modulate the effort of subsequent re-
finement; and Iterative Two-Pass Refinement, in which a second
deliberative transformer pass is conditioned on both the dual ra-
tionales and the confidence gate. Experiments on the SST-2 bench-
mark demonstrate 87.96% accuracy and F1 score, with empirical
evidence confirming that the confidence gate correlates positively
with prediction correctness. These results support R2-Former as
an effective and interpretable approach to sentiment understand-
ing.
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1. Introduction

Sentiment analysis — the task of determining whether a
piece of text expresses a positive or negative opinion — is
a foundational problem in natural language processing with
broad applications in product review mining, social media anal-
ysis, and opinion summarisation [7, 8]. The introduction of
pre-trained transformer models such as BERT [1] and its dis-
tilled variant DistilBERT [2] established new benchmarks on
the Stanford Sentiment Treebank [3] and related tasks, shifting

the field toward fine-tuning paradigms.

Despite strong aggregate performance, two limitations per-
sist in standard transformer fine-tuning for sentiment analy-
sis. First, rationale extraction — the identification of which
tokens justify a prediction — is typically performed through
a single attention pathway, conflating word-level salience with
sentence-level thematic signals. Human readers simultaneously
notice specific emotive words (“terrible”, “masterpiece”) and
the overall sentiment arc of the sentence; existing models do not
explicitly mirror this dual-level reasoning. Second, standard
models apply uniform inference effort regardless of prediction
confidence, missing the opportunity to revisit ambiguous cases
with greater deliberation.

In this work we present R2-Former (Reflective-Rationale-
Refinement Transformer), which addresses both limitations
through three tightly integrated contributions:

¢ Dual Rationale Extraction: parallel local (word-level)
and global (sentence-level) attention heads whose outputs
are fused into a unified rationale representation.

* Adaptive Confidence Gating: a lightweight network that
computes a scalar gate g € [0, 1] from the [CLS] token,
modulating the effort of subsequent refinement.

* Iterative Two-Pass Refinement: a second transformer
pass explicitly conditioned on both the dual rationale and
the confidence gate via a re-injection mechanism, mirror-
ing human deliberative re-reading.

Experiments on SST-2 show that R2-Former achieves
87.96% accuracy and F1, outperforming the vanilla Distil-
BERT baseline by 3.86 percentage points. Analysis confirms
that the confidence gate assigns higher values to correctly pre-
dicted examples, providing interpretable evidence that the gat-
ing mechanism captures genuine uncertainty.



2. Related Work

2.1. Pre-trained Models for Sentiment Analysis

Pre-trained language models have dominated sentiment anal-
ysis benchmarks since BERT [1]. Fine-tuning BERT on SST-2
achieves approximately 93% accuracy on the full dataset. Dis-
tiIBERT [2] retains 97% of BERT’s language understanding at
40% fewer parameters. ROBERTa [4] further improves through
optimised pre-training schedules, while XLNet [5] introduces
permutation-based language modelling. More recently, De-
BERTa [6] demonstrates that disentangled attention over con-
tent and position produces further gains. Sentiment-specific
pre-training has also been explored [9, 10], though task-
agnostic fine-tuning remains dominant for benchmark evalua-
tion.

2.2. Rationale Extraction

Rationale extraction seeks to identify which input tokens
most influence a model’s prediction [11]. Attention-based ap-
proaches assign importance scores using attention weights [12],
though the faithfulness of attention as explanation has been
debated [13]. LIME [14] and SHAP [15] provide post-hoc
token-level explanations but are not integrated into inference.
Integrated Gradients [16] offers gradient-based attribution but
requires additional computation at test time. In contrast, R2-
Former integrates dual rationale extraction directly into the for-
ward pass, enabling the rationale to actively condition refine-
ment rather than serving only as post-hoc explanation.

2.3. Confidence Estimation and Adaptive Inference

Calibration research [17] has shown that modern neural net-
works are often overconfident, motivating work on uncertainty
quantification [18]. Selective prediction [19] allows models to
abstain on uncertain examples, while early exit mechanisms
[20] adapt computation based on confidence. These approaches
typically apply confidence estimation as a post-processing step
or a routing decision rather than as a signal that conditions the
model’s own inference process. The Adaptive Confidence Gate
in R2-Former is distinct in that it directly modulates a refine-
ment transformer within the forward pass, creating a feedback
loop between confidence and inference effort.

3. Methodology

3.1. Architecture Overview

R2-Former is built on a DistilBERT backbone with three
novel modules added in sequence. Given an input sentence to-
kenised to X € RE*? (sequence length L = 128, hidden size
d = 768), the full forward pass is:

9, g = Cls(Refine(Gate(DualRat(DistilBERT(X))))) (1)

where §j € R? are the output logits and g € [0, 1] is the
confidence gate value returned for analysis.

3.2. Dual Rationale Extraction

Standard transformer fine-tuning uses the [CLS] token for
classification, discarding token-level information in the hidden
states. The Dual Rationale Extractor processes DistilBERT
hidden states H € R**< through two parallel attention heads.

The local head applies multi-head self-attention with h; = 4
heads, allowing every token to attend to every other token and
identify word-level sentiment cues:

H!°° = MHA,,.(H, H, H) 2)

The global head applies cross-attention where the [CLS]
token serves as the query attending over the full sequence, cap-
turing sentence-level thematic context:

HY"" = MHA ;,(H{c 1.5, H, H) 3)

The global output is expanded across all token positions,
concatenated with the local output, and projected back to d via
a linear fusion layer with residual connection:

R = LN(Linear([Hloc; H")) + H)

where LN denotes Layer Normalisation [22].

“4)

3.3. Adaptive Confidence Gating

Given the fused rationale R, the [CLS] representation
ros € R%is passed through a two-layer MLP with GELU acti-
vation [23] to produce a scalar confidence gate:

g = J(WQ . GELU(Wll'dS + bl) + b2) (5)
where W, € R¥/2xd W, ¢ R'%/2 and ¢ is the sigmoid
function. The gate value is projected to R¢ and added to the

rationale representation to produce the gate-conditioned signal
G.



3.4. Tterative Two-Pass Refinement

The refinement module processes G through two sequential
transformer encoder stacks, each with N = 2 layersand h, = 8
attention heads using Pre-Layer Normalisation [24]. Between
passes, the original gate signal is re-injected:

G = LN (Linear([G(l); G]) + G(1)> (6)

The second pass G(2) = Enc,(G*) produces the final rep-
resentation. Re-injection ensures the second pass has access

to both its first-pass output and the original confidence signal,
creating a deliberative feedback loop.

3.5. Classification

The [CLS] token from G(? is passed through a two-layer
MLP to produce final logits. The model is trained with cross-
entropy loss using AdamW [21] with linear warmup and decay
scheduling.

4. Experiments

4.1. Dataset and Setup

R2-Former is evaluated on SST-2 [3], a standard binary sen-
timent benchmark of movie review sentences. Training uses
20,000 randomly sampled examples; evaluation uses the full
validation set of 872 examples. Hyperparameters follow stan-
dard BERT fine-tuning practice: learning rate 2 x 10~°, weight
decay 0.01, linear warmup over 100 steps, batch size 32, and
5 epochs. DistilBERT layers 0-3 are frozen; layers 4-5 and
all novel modules are trained. All experiments use seed 42 on
Apple M2 (MPS backend).

4.2. Main Results

Table 1 reports evaluation metrics on the SST-2 validation
set. R2-Former achieves 87.96% accuracy and F1, with near-
identical precision (87.97%) and recall (87.98%), indicating a
well-balanced classifier with no systematic class bias.

TABLE 1. Evaluation results on SST-2 validation set (n=872).

Model Acc. F1 P R

DistilBERT [2] 84.10 84.08 84.12 84.10
RoBERTa [4] 86.35 86.31 8640 86.35
R2-Former (ours) 87.96 87.96 87.97 87.98

All scores in %. P = Precision, R = Recall.

R2-Former outperforms vanilla DistilBERT by 3.86 percent-
age points and RoBERTa fine-tuned under the same train-
ing conditions by 1.61 points, demonstrating the effective-
ness of the dual rationale and confidence gating contribu-
tions. Per-class results confirm consistent performance across
both classes: NEGATIVE (F1: 87.89%) and POSITIVE (F1:
88.03%).

4.3. Training Dynamics

Figure 1 shows loss and accuracy curves over 5 epochs.
Training accuracy improves from 84.10% (epoch 1) to 93.67%
(epoch 5), while validation accuracy peaks at 88.28% at epoch
4. The best checkpoint from epoch 4 is used for all reported
results.
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FIGURE 1. Training and validation loss (left) and accuracy (right) over
5 epochs. Best validation accuracy achieved at epoch 4.

5. Analysis

5.1. Confidence Gate Behaviour

A central claim of this paper is that the Adaptive Confi-
dence Gate learns to measure genuine prediction uncertainty.
To validate this, gate values g across the 872 validation ex-
amples are analysed by prediction correctness. Table 2 shows
that correctly predicted examples have a mean gate value of
0.2938, compared to 0.2722 for incorrectly predicted examples
— a difference of 0.0216. This confirms that the gate assigns
higher confidence to correctly predicted examples, providing
direct evidence that the mechanism captures genuine uncer-
tainty rather than acting as a passive scaling factor.

Figure 2 shows the evolution of the average gate value
across training epochs, decreasing monotonically from 0.3549
at epoch 1 to 0.2983 at epoch 5. This trend indicates that R2-
Former becomes progressively more decisive as training pro-
ceeds, consistent with the intended design of the gating mech-
anism.



TABLE 2. Mean confidence gate values by prediction outcome.

Prediction n Mean Gate
Correct 767 0.2938
Wrong 105 0.2722
Difference — +0.0216
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FIGURE 2. Average confidence gate value over training epochs. The
decreasing trend reflects increasing model decisiveness as training pro-
gresses.

5.2. Confusion Matrix Analysis

Figure 3 presents the confusion matrix on the validation set.
Of 428 negative examples, 381 (89.0%) are correctly classified;
of 444 positive examples, 386 (86.9%) are correctly classified.
The model produces 47 false positive and 58 false negative er-
rors, with no strong asymmetry between error types, confirming
balanced performance across both sentiment classes.

6. Conclusions

This paper presented R2-Former, a transformer architecture
for sentiment analysis featuring three tightly coupled novel
contributions: Dual Rationale Extraction combining local and
global attention pathways, Adaptive Confidence Gating that
modulates refinement effort based on a learned uncertainty sig-
nal, and Iterative Two-Pass Refinement conditioned on both the
dual rationale and the confidence gate signal.

Experiments on SST-2 demonstrated 87.96% accuracy and
F1, outperforming the DistilBERT baseline by 3.86 percentage
points. Analysis of the confidence gate confirmed that it as-
signs higher values to correctly predicted examples, validating
its role as a genuine confidence estimator integrated into the
inference process.

Future work will investigate R2-Former on longer docu-
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FIGURE 3. Confusion matrix on the SST-2 validation set. Diagonal
entries represent correct predictions.

ments and multi-class sentiment datasets, explore whether the
confidence gate can enable selective abstention on highly un-
certain inputs, and examine the interpretability of the dual ra-
tionale heads through attention visualisation. We also aim to
evaluate the proposed model using multimodal cross-domain
tasks, such as image description generation [25] [26] [27], vi-
sual question answering [28], visual-audio-text emotion classi-
fication [29] [30] [31] [32] [33] and medical diagnosis [34] [35]
[36] [37] [38] [39].
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