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Abstract

Large Language Models (LLMs) used for clinical decision support must not only make
accurate predictions but also generate rationales that are consistent with, and sufficient
for, those predictions. Building on Reason2Decide, a two-stage rationale-driven multi-task
framework, we propose Reason2Decide-C (R2D-C, where C denotes cycle consistency),
which augments Reason2Decide’s stage 2 training with confidence-adaptive scheduled
sampling and cycle-consistent rationale-to-label training. In stage 1, we pretrain our model
on rationale generation. In stage 2, we jointlytrain on label prediction and rationale gen-
eration, gradually replacing gold labels with model-predicted labels based on confidence.
Simultaneously, we feed the rationale logits back into the model to recover the label, thus
enforcing explanation sufficiency. We evaluate R2D-C on one proprietary triage dataset,
as well as public biomedical QA and reasoning datasets. Across model sizes, R2D-C sub-
stantially improves rationale—prediction consistency (where stage 1 and stage 2 predictions
agree) and sufficiency (where the rationale alone recovers the ground-truth label) over
other baselines while matching or modestly improving predictive performance (F1); in
several settings R2D-C surpasses 40x larger foundation models. Ablations confirm that
the full combination is optimal, maximizing alignment and LLM-as-a-Judge rationale
quality. These results demonstrate that confidence-adaptive scheduled sampling and cycle-
consistent rationale-to-label training substantially enhance explanation alignment without
sacrificing accuracy.

Keywords: explainability; large language models (LLMs); clinical decision support;
rationale generation
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curate predictions but to also provide trustworthy explanations. Rationalization, the gen-
eration of free-text rationales, has emerged as a promising way to make models more
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that these rationales reflect the internal reasoning used to reach a decision [4,5]. However,
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recent studies [5,6] further demonstrate that LLM explanations frequently mention seman-
tically relevant concepts that are not mechanistically important for the model’s decision,
thus revealing a gap between explanation plausibility and internal reasoning.

At the same time, rationales have emerged as a powerful form of intermediate su-
pervision: by treating explanations as an additional training signal, small task-specific
models can inherit part of a large teacher’s reasoning behavior while remaining deploy-
able in constrained settings [7,8]. Distilling Step-by-Step (DSS) [7] showed that extracting
chain-of-thought [9] rationales from an LLM and training a smaller student model to jointly
predict labels and generate rationales can outperform few-shot-prompted LLMs using
substantially less data. Reason2Decide (R2D) [8] extended this idea to clinical Natural
Language Processing (NLP) with a rationale-driven, two-stage multi-task framework that
first pretrains a model for rationale generation and then jointly optimizes prediction and
explanation with task-level scheduled sampling.

R2D uses a scheduled sampling [10] paradigm that shifts from conditioning on gold
labels to model-generated labels, which is intended to mitigate exposure bias [11]. Exposure
bias arises when models are trained to generate rationales conditioned only on ground-
truth labels yet must explain their own potentially incorrect predictions during inference.
However, R2D transitions from gold labels to model-predicted labels regardless of the
model’s prediction confidence. This creates an optimization conflict: when the model
conditions on an incorrect label, it is still forced to generate a rationale that matches
the ground-truth. Consequently, the model is trained to provide “gold” justifications
for “wrong” predictions; this can significantly undermine the logical consistency of the
generated explanations. Moreover, there is no explicit mechanism to enforce that the
generated rationales are sufficient to reproduce the label (i.e., that the explanation alone
implies the answer). Without such a constraint, the model may learn to mention clinically
relevant evidence without encoding enough information in the rationale to recover the label.

To address these limitations in R2D, we introduce Reason2Decide-C (R2D-C, where
C denotes cycle consistency) (Figure 1), a stage 2 training framework that extends R2D to
more tightly couple predictions and explanations for clinical NLP tasks. Our approach
has two main components. First, we propose a confidence-adaptive scheduler that uses a
dynamically calculated confidence threshold to decide whether to condition explanation
prompts on model-predicted or gold labels. Like task-level scheduled sampling in R2D,
this reduces the train—test mismatch for explanations, while the confidence threshold
specifically prevents over-exposing the model to low-confidence predictions. Second, we
add a cycle-consistency objective that trains the model to recover labels from its own
rationales via a differentiable rationale-to-label pathway. After the model generates an
explanation, we softly (via Gumbel-Softmax [12]) feed that rationale back into the model to
predict the label. This explicitly encourages rationales to be sufficient for reproducing the
decisions they support.

R2D-C is not primarily intended as a method for maximizing raw predictive accuracy.
Instead, its goal is to preserve the predictive behavior of rationale-driven clinical models
while making their generated rationales more tightly aligned with the decisions they are
meant to explain. This distinction is especially important in high-stakes clinical NLP, where
a useful model must not only predict well but also provide rationales that reliably justify
its predictions. Clinically, this distinction matters because a rationale that is fluent but
weakly coupled to the model’s recommendation may mislead clinician review, especially
in triage settings where different dispositions imply different levels of urgency. By contrast,
a rationale that is better aligned with the predicted decision is more useful for transparency,
error checking, and decision support, even when predictive accuracy changes only modestly.
Throughout this paper, we use prediction-rationale alignment to mean that generated
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rationales are consistent with, and sufficiently informative to recover, the model’s decision.

We do not claim that these properties directly establish mechanistic faithfulness, i.e., that

the generated rationale fully reflects the model’s true internal causal reasoning process.
The main contributions of our paper are:

e We frame R2D-C as a method for improving prediction-rationale alignment in clinical
NLP, rather than primarily for maximizing predictive accuracy, and show that this can
be achieved without sacrificing predictive performance.

*  We augment R2D’s stage 2 with dynamic confidence-adaptive scheduled sam-
pling, which decides when explanations should be conditioned on predicted ver-
sus gold labels, thereby reducing exposure bias while preventing conditioning on
low-confidence predictions.

¢  We introduce a cycle-consistency loss that explicitly encourages rationales to be suffi-
cient for reconstructing the labels they condition on.

*  We integrate these into a unified framework and evaluate on triage, biomedical QA,
diagnosis prediction, and multi-step medical reasoning tasks, demonstrating large
gains in prediction-rationale alignment and LLM-judged rationale quality without
sacrificing accuracy.
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Figure 1. Overview of R2D-C. Stage 1 learns rationale generation. In stage 2, the model predicts
a label, adaptively conditions rationale generation on the gold label (y*) or the predicted label (),
and applies cycle consistency so that the rationale preserves label information. During inference,
the final model outputs both a prediction and an explanation for clinician review. The asterisk * in y*
denotes the ground-truth/gold label, distinguishing it from the model’s prediction .

2. Related Work

Our work builds on research in explainable NLP, multi-task learning, rationale super-
vision, and rationale-driven clinical NLP.

2.1. Explainable NLP and Faithful Self-Rationalization

Explainable NLP has produced a broad spectrum of methods, ranging from saliency
and attribution techniques to counterfactual interventions and self-explanation models [3,13].
Recent surveys emphasize that faithfulness is distinct from human-perceived plausibility
and that faithfulness is frequently overlooked [3]. Recent work has also examined explain-
ability challenges specific to large language models, emphasizing the need for trustworthy
explanations and connecting local explainability with mechanistic interpretability [14].
Within this landscape, self-rationalization methods train models to generate natural lan-
guage explanations alongside predictions, which often leverage explanation datasets or
prompting strategies to elicit chain-of-thought reasoning [4,7].
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However, a growing body of work has challenged the faithfulness of these self-
explanations. For example, Yang et al. [4] conducted a large-scale out-of-distribution
study demonstrating that self-rationalizing models frequently produce plausible explana-
tions even when predictions are incorrect, noting that standard metrics generalize poorly
beyond the training distribution. Shifting from behavioral to mechanistic analysis, Neuro-
Faith [5] proposes a concept-level framework that compares self-generated explanations
to the model’s internal causal structure; the authors find that LLMs often cite “relevant”
concepts that are not mechanistically important for the model’s decision. This is supported
by [6], which highlights a systematic divergence between a model’s stated reasoning and
its internal logic. Together, these results motivate approaches that explicitly tie expla-
nation content to decision behavior rather than treating explanations as loosely related
auxiliary outputs. Our work is motivated by this line of research on explanation faith-
fulness but operationally focuses on improving prediction-rationale alignment through
confidence-adaptive self-conditioning and a cycle-consistency objective.

2.2. Multi-Task Learning and Knowledge Distillation

Multi-task learning leverages shared representation across related tasks to improve
generalization [15,16]. In parallel, knowledge distillation trains a smaller student model to
mimic a larger teacher model’s behavior, typically via logits or intermediate features [17,18].

Rationales serve as a form of intermediate supervision that combines both ideas:
instead of only matching logits, the student is trained to reproduce the teacher’s explanation,
thereby distilling not just predictions but aspects of the teacher’s explanatory reasoning [7].
Distilling Step-by-Step (DSS) has approached this combination with a two-stage pipeline:
first, a large teacher LLM is prompted to produce chain-of-thought rationales; second,
a smaller student is trained in a multi-task fashion to jointly predict labels and generate
those rationales [7].

In domain-specific applications, these ideas have been used to build compact, special-
ized models from general-purpose teachers. For clinical NLP, the ability to distill reasoning
from foundation models mitigates the need for extensive clinician-authored explanations
and enables smaller models to operate within strict latency and privacy constraints [8].

Our work shares the view that rationales can serve as an informative training signal
beyond simple label supervision. However, unlike standard rationale distillation methods
such as DSS, which primarily use explanations to improve downstream task performance,
R2D-C emphasizes prediction-rationale alignment and develops this idea further within
the rationale-driven clinical NLP framework introduced by R2D.

2.3. Rationale-Driven Clinical NLP

R2D [8] was proposed as a rationale-driven two-stage multi-task framework for
clinical NLP. In stage 1, a T5 [19] model is trained to generate rationales. In stage 2,
the same model is jointly optimized on label prediction and rationale generation with
task-specific prompts and a multi-task loss. R2D uses a task-level scheduled sampling
paradigm over labels [8]: during stage 2, the explanation prompt gradually transitions from
conditioning on gold labels to conditioning on model-predicted labels, in order to address
the potential mismatch between training (gold-conditioned explanations) and inference
(self-conditioned explanations).

R2D demonstrates that this framework improves both predictive performance and
explanation quality relative to standard fine-tuning and DSS-style baselines. However, its
scheduled sampling policy is dependent only on the training step, and it does not explicitly
enforce that generated rationales preserve enough information to recover the label.
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R2D-C builds directly on this framework: it keeps the same two-stage rationale-driven
design and prompts but replaces purely global label-level scheduled sampling with a
confidence-adaptive variant and augments the loss function with a rationale-to-label
cycle-consistency loss. In this way, R2D-C makes prediction-rationale alignment more
explicit by encouraging explanations to be conditioned on the model’s own predictions
and to preserve sufficient information to recover the label.

2.4. Exposure Bias and Scheduled Sampling

Exposure bias [11] arises when models are trained to generate explanations con-
ditioned on gold labels but during inference must condition on their own predictions.
Scheduled sampling [10] mitigates this by gradually replacing gold tokens with model
outputs during training. This helps align the training and inference conditions. Variants of
scheduled sampling have been widely used in neural text generation, including machine
translation [20].

R2D adapts scheduled sampling from the token level to the task level, gradually mixing
gold and predicted labels as conditioning inputs for the explanation task [8]. This reduces
the mismatch between training and inference but still treats all predictions identically
regardless of model confidence.

Following the confidence-aware idea of [20], R2D-C extends [8] with a dynamic
confidence threshold so that explanation prompts are self-conditioned on predicted labels
primarily when the model is confident while resorting to gold labels for other cases. This
preserves the exposure-bias benefits of R2D’s task-level scheduled sampling but avoids
over-training on low-confidence, often incorrect predictions.

3. Materials and Methods

In this section we introduce our methodology and experimental datasets and provide
implementation details.

3.1. Methodology

Our methodology considers the combined task of label prediction and rationale gener-
ation: given an input x (such as a clinical case or biomedical question), the model must both
predict a categorical label ¥ € } and produce a natural language rationale r that justifies
this decision.

We adopt an encoder—decoder architecture based on T5 variants, parameterized by 6,
using the original model specification without architectural modifications. The attention
mechanisms, hidden dimensions, positional encodings, and activation functions remain
unchanged from the base implementation. The text-to-text framework of T5 is particularly
well-suited for rationale-driven learning: it enables unified autoregressive generation for
both short discrete labels (e.g., “Home Care,” “Yes”/”No”) and longer free-form explana-
tions via task-specific input prefixes. This design allows multi-task training with a shared
objective, unlike encoder-only architectures such as BERT [21], which require separate
task-specific heads and lack native mechanisms for conditional text generation.

Our training configuration is designed to handle both discrete label prediction and
free-text rationale generation. The model first predicts the label as predict:x — i then
uses the label to condition the rationale as given label:# , explain:x ~— 7, where j can
be either y* (the gold label) or 7 (model’s predicted label), and 7 is the generated rationale.

3.1.1. Stage 1: Rationale Foundation Training

Domain-adaptive pretraining has been shown to achieve substantial improvements
for specialized tasks in biomedical NLP [22,23]. Motivated by this evidence, we adopt a
two-stage process in which the model first learns explanation fundamentals before tackling
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the joint prediction-explanation problem. This initial phase, inherited from R2D [8], focuses
exclusively on rationale generation: given a question x, the model is trained to produce the
gold rationale r*. Let § denote the parameters of the T5 model. The stage 1 objective is

Lstage1 = —log Pg(r”™ | explain: x) (1)

where Py(r* | -) represents the autoregressive probability of the full rationale token sequence.
We select the checkpoint that minimizes the validation loss to initialize stage 2.

This two-stage approach implements a curriculum learning design: By first estab-
lishing strong clinical explanation fundamentals, the model develops intermediate rep-
resentations that encode clinical reasoning patterns. These representations then serve as
a foundation for the more complex multi-task regime in stage 2, where the model must
simultaneously maintain predictive accuracy and generate rationales that are aligned with,
and sufficient to reproduce, its own decisions.

3.1.2. Stage 2: Joint Optimization of Prediction, Explanation, and Cycle Consistency

Stage 2 jointly trains the model on label prediction and rationale generation, extending
R2D’s framework with two key innovations:

*  Confidence-adaptive scheduled sampling that selectively conditions explanations on
predicted labels based on per-example confidence.

e A differentiable cycle-consistency objective that enforces rationales to be sufficient for
reconstructing the conditioning label.

Prediction Task

The model treats label prediction as a text generation task, optimized with a cross-
entropy loss objective:
Lored = —log Pp(y”* | predict: x) (2)

where Py(y* | -) denotes the autoregressive probability of the full gold label sequence.
During training, the predicted label 7 is greedily decoded and used to construct explanation
prompts with our confidence-adaptive scheduling mechanism.

Explanation with Confidence-Adaptive Scheduled Sampling

To mitigate exposure bias in self-rationalization, R2D introduced task-level scheduled
sampling. Unlike token-level scheduled sampling [10] that replaces tokens within generated
sequences, task-level sampling switches the conditioning context from gold labels y*
to model-predicted labels § [8]. However, this approach treats all examples uniformly;,
potentially over-exposing the model to low-confidence (often incorrect) predictions.

We extend this with confidence-adaptive gating that conditions each example on either
y* or §j based on both a global curriculum and per-example prediction confidence. This
determines which label sequence is inserted into the explanation prompt. Specifically,
we sample the conditioning label using two independent Bernoulli trials: the first with
probability f; (global curriculum) and the second with probability A(x) (confidence gate).
The predicted label 7 is used only if both trials succeed, yielding an effective probability
P() = fi- A(x):

y* with probability 1 — f; - A(x)

=9, s 3)
7 with probability f; - A(x)

where f; € [0,0.9].
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Sequence-level confidence: For each example x, we compute the geometric mean of
token log-probabilities over the generated label sequence:

T
c(x) = exp (; Y- log p(e | y@x)) @
t=1

where 7y, ..., T are the greedily decoded label tokens.

Dynamic threshold calibration: We maintain a running estimate of typical confidence
via a dynamically updated threshold 7. During the first 5% of training steps (matching
the concurrent a; and cycle warm-ups, both defined later), we collect ¢(x) across batches.
At the end of this warm-up period, we initialize T to the empirical mean. Post-warm-up,
T is updated at discrete intervals of 1000 steps using the mean confidence of the current
non-overlapping window:

T4 mean({C(x,') }iecurrent window) (5)

After each update, the window is reset. This allows 7 to adapt to the model’s improv-
ing calibration while maintaining a stable gating threshold between updates.
Per-example gating: The confidence gate A(x) is computed as

AMx) =0o(k(c(x)—1)), k=10 (6)

where o is the sigmoid function. The value of k = 10 is a heuristic choice to make the
confidence gate sharp enough to distinguish high vs low confidence around 7. This
produces a soft threshold: examples with ¢(x) > 7 have A(x) ~ 1 (likely use ), while
those with c(x) < 7 have A(x) =~ 0 (fall back to y*).

The explanation loss is then

Lexpt = —log Py(r" | given label: §, explain: x) (7)

where Py(r* | -) is as defined in Equation (1).
Cycle Consistency: Rationale-to-Label Mapping

While confidence-adaptive scheduling ensures the model sees predicted labels during
training, it does not explicitly enforce that rationales contain information sufficient to recover
those labels. We introduce a differentiable cycle that reconstructs i from the generated
rationale. Unlike the task-level sampling above, the cycle-consistency module operates
on the rationale token sequence itself by applying Gumbel-Softmax to the explanation
decoder logits.

Soft rationale construction: From the explanation decoder logits (a tensor of shape
[batch, sequence_length, vocabulary]), we apply Gumbel-Softmax with exponentially
decaying temperature:

Q = GumbelSoftmax(logits, T4 (t)), Tg(t) = max(Tmin, e P) (8)
where 19 = 1.0, Tmin = 0.5. We set the decay constant f = %, which ensures the

temperature reaches the lower bound Ty, precisely at the final training step of total
training steps T_total. This produces soft token distributions over the vocabulary at each
sequence position, which becomes sharper (more discrete) as training progresses. We
compute soft embeddings by multiplying with the embedding matrix Wepy, and prepend
the task prefix:

cycle_input = [emb(predict:); Q - Wemp) 9)
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Cycle loss: We train the model to recover  (the same label used for conditioning)
from this soft rationale representation:

Leye = —log Py(if | cycle_input) (10)

Gradients flow from the cycle loss back through the soft embeddings to the explanation
logits, which encourages rationales to encode decision-relevant information. Crucially,
the target is the actual conditioning label § (gold or predicted), ensuring forward and
reverse mappings are consistent.

Combined Objective and Training Schedule

Intuitively, confidence-adaptive scheduling decides which label conditions rationale
generation, while cycle consistency checks whether the generated rationale preserves
enough information to recover that same label. Algorithm 1 summarizes the full stage 2
training procedure.

Algorithm 1: Algorithm for one stage 2 training step in R2D-C

1.  Given input x, predict a label sequence 7.
Compute the sequence-level confidence c¢(x) of 7.

Sal

Use the current curriculum f; and confidence gate A(x) to choose the
conditioning label 7 € {y*, 7}.

Generate the rationale conditioned on i and compute the explanation loss.

Apply Gumbel-Softmax to the rationale decoder logits to form a soft rationale sequence.
Feed the soft rationale back through the cycle branch and predict the label again.
Compute the cycle-consistency loss against the same conditioning label .

® N T

Combine prediction, explanation, and cycle-consistency losses into the final
training objective.

The total loss at training step ¢ is
Ly = D‘tﬁpred + (1 — “t)ﬁexpl + )\cyc/:cyc (11)

where Acye = 0.1 is kept constant after warm-up. The value 0.1 was initially chosen
heuristically to balance cycle consistency against the primary prediction and explanation
objectives; we later include a targeted sensitivity analysis over A¢ye € {0,0.1,0.2,0.5}.

To smoothly transition from stage 1’s explanation-only training to this full multi-
task objective while stabilizing the new cycle-consistency constraint, we employ several
scheduling mechanisms:

Concurrent #; and Cycle Warm-ups: During steps 0 < t < w where w = 0.05T _total,
we simultaneously:

*  Increase the prediction weight a; from 0 to 0.7 linearly. This is to prioritize explanation
loss Lexp) over prediction loss Lpreqd, to provide a smoother transition from single-task
to multi-task optimization [8]. After warm-up, a; remains constant at 0.7. The choice of
0.7 was made following [8] to balance both tasks while slightly emphasizing prediction
since stage 1 already established rationale generation capabilities.

*  Disable the cycle loss (Acyc = 0). This allows the model to stabilize on prediction and
explanation tasks before enforcing the stricter rationale-to-label consistency constraint.

This dual warm-up ensures that prediction capabilities develop while explanation gen-
eration remains prioritized and prevents the stricter cycle constraint from disrupting early
training. For t > w, a; remains fixed at 0.7 and Ay activates at 0.1 and remains constant.
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Label-Transition Schedule: With multi-task training stabilized, we then gradually
introduce self-conditioning for explanations via the global curriculum f;, which ramps up
linearly for w < t < w + m where m = 0.60T_total:

0, 0<t<uw,
t_
fi= min<0.9,mw), w<t<w+m, (12)
0.9, t>w+m.

The 0.9 ceiling was a design choice following [8] to prevent the model from fully
relying on self-generated labels during training, in order to help avoid error amplifica-
tion from incorrect predictions. The hyperparameters w = 0.05T_total for warm-up and
m = 0.60T_total for label transition were chosen following [8].

This coordinated schedule ensures: (1) smooth task balancing via a;, (2) cycle con-
straint activation only after task stabilization, and (3) controlled self-conditioning exposure
governed by f - A(x).

3.1.3. Inference

During inference, we first predict the label via greedy decoding

7 = argmaxDPy(y | predict: x) (13)
y

and then generate the rationale conditioned on that prediction:
7 = argmaxPy(r | given label: ¢, explain: x) (14)
r

3.2. Tasks and Datasets

We evaluate R2D-C across four clinical and biomedical reasoning benchmarks span-
ning clinical triage, biomedical question answering, diagnosis prediction, and multi-step
medical reasoning. The four benchmarks differ not only in task structure but also in the
provenance of their rationale supervision. Clinical Triage and DDXPlus use LLM-generated
rationales, PubMedQA uses dataset-provided long answers, and MedReason uses ratio-
nales extracted from the dataset’s reasoning field. We therefore do not treat these rationale
sources as fully equivalent, and cross-dataset comparisons should be interpreted with
this heterogeneity in mind. As models, we use T5-Small/Base and zero-shot LLMs as
non-fine-tuned references.

3.2.1. Clinical Triage Dataset

The Clinical Triage Dataset originates from Alberta Health Link 811, a telephone-based
health advice service managed by Alberta Health Services (AHS) in Canada. It comprises
nurse-written triage notes from patient phone consultations, paired with recommended
care dispositions and explanatory rationales for each decision.

Task: Predict the recommended care pathway (disposition) from a nurse triage note
and provide a supporting rationale. The 12-class label space spans low-acuity options
(Home Care) to high-urgency directives (e.g., “Go to Emergency Department (ED) immedi-
ately”). A full list of disposition classes is given in Appendix B.

Rationales: Since the original version of the rationales consists of atomic facts, fol-
lowing [8], we used a Qwen-3-8B [24] and provided the model with the triage note and
disposition and asked it to explain why the disposition was chosen. All prompts used are
provided in Appendix A. Because these rationales are LLM-generated rather than clinician-
authored, they should be interpreted as a practical supervision signal rather than definitive
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ground-truth explanations. This introduces a potential source of bias and circularity since
the student model may partly learn to imitate properties of the teacher-generated rationale
style rather than purely recover human clinical reasoning. All experiments were conducted
using these LLM-generated rationales.

Data Split: The train, validation and test sets consist of roughly 171k, 21k and 9.7k
samples, respectively.

3.2.2. PubMedQA

Task: Biomedical question answering with Yes/No/Maybe labels [25]. We concate-
nated the question and context to form the model input, analogous to the triage note in the
clinical triage task.

Rationales: We use the dataset’s long_answer field as the gold-standard rationale.

Data Split: PubMedQA consists of three subsets: pqa_labeled (1k human-annotated
examples), pqa_artificial (automatically generated examples), and pqa_unlabeled (unanno-
tated examples). Because the pqa_artificial subset does not contain any “Maybe” labels,
we restricted our experiments to binary “Yes/No” classification. The distribution is highly
imbalanced, with “Yes” as the dominant class. To counter this, we included all available
“No” instances and constructed a subset in which “No” examples constitute 40% of the
data, filling the remaining 60% with “Yes” examples. We then partitioned this subset
into 70/20/10 train/validation/test splits. Finally, we augmented the test set with the 1k
human-annotated examples from pqa_labeled, resulting in final splits of approximately
26k (train), 7.5k (validation), and 4.6k (test: 3.6k pqa_artificial + 1k pqa_labeled).

3.2.3. DDXPlus

Task: Differential diagnosis prediction from structured clinical cases [26]. The label
space consists of 49 classes. We first processed the DDXPlus train set using the official evidence
mapping (release_evidences.json) to convert evidence codes (e.g., “E123_@_V2”) into human-
readable format. The input to the model was the concatenation of the patient age and the
converted evidence list: “patient age: [value from AGE column]. [EVIDENCE column].”

Rationales: Rationales were generated using a Qwen-3-8B [24] model following the
same protocol as the Clinical Triage dataset. The model was provided the symptoms
(EVIDENCE column) and Diagnosis (PATHOLOGY column) and was asked to generate an
explanation. As with the Clinical Triage setting, these LLM-generated rationales provide
scalable supervision but may also propagate teacher-model artifacts or stylistic regularities,
which limit how strongly they can be interpreted as gold-standard explanations.

Data Split: We drew 100k stratified random samples (by PATHOLOGY) using a fixed
seed from DDXPlus train set and created a 70k /20k/10k train/validation/test split.

3.2.4. MedReason

Task: Medical question answering with knowledge graph-grounded reasoning [27].
We concatenated the question and multiple-choice options as model input.

Rationales: For rationales, we extracted the reasoning text after the last “Conclusion:”
marker from the dataset’s reasoning field. We further cleaned the rationales by masking
exact label matches with “[LABEL]”, converting Unicode arrows (1) to “go up”/“go down”
and dropping rows missing conclusions or where extracted label text did not appear in the
options string.

Data Split: We used the official train set and performed an 80/10/10 split for
train/validation/test, resulting in final splits of roughly 12k (train), 1.5k (validation),

and 1.5k (test).
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3.3. Implementation Details

We implemented R2D-C (source code available at https://github.com/quamranhasan/
Reason2Decide-C, accessed on 12 March 2026) using the T5 Small (77 M), and Base
(250 M) architectures on 4 x NVIDIA A100 GPUs (NVIDIA, Santa Clara, CA, USA). Training
used the AdamW optimizer [28] with a learning rate of 5 x 107>, max input length = 1024,
and effective batch size = 64. The model-specific configuration is provided in Table 1.

For stage 1, we monitored validation loss and applied early stopping with patience of
3 consecutive evaluations. Stage 2 used delayed early stopping (patience of 5) that activated
only after the label-transition phase (t > w + m) completed. This ensured that the model
fully adapted to our confidence-adaptive scheduling and cycle-consistency mechanisms
before termination.

During validation, we evaluated only the prediction task using macro Fl-score while
jointly optimizing prediction and rationale generation during training. We selected the
checkpoint with the highest validation F1. The models were trained using publicly available
packages from https:/ /github.com/huggingface/transformers (accessed on 2 February
2026) [29].

Table 1. Training configuration by model size. Effective batch size is Per-GPU Batch x #GPUs X
Grad Accum.

Model Per-GPU Batch Grad Accum
T5-Small 16 1
T5-Base 4 4

3.4. Baselines

We compared R2D-C against the following:

¢ Distilling Step-by-Step (DSS): Multi-task training following [7]. Model selection was
by validation loss (as in [7]). Implementation followed the authors’ release.

*  Reason2Decide (R2D): Two-stage rationale training with task-level scheduled sam-
pling [8]. Model selection was by validation F1 (as in [8]). Implementation followed
the authors’ release.

®  Zero-shot LLMs: Zero-shot baselines without task-specific fine-tuning, using open-
source models including Qwen-3-8B and Qwen-3-32B [24], as well as BioMistral-
7B [30] and OpenBioLLM-8B [31].

Protocol: For all fine-tuned baselines, we used the same optimizer, learning rate,
effective batch size as our method; per-device batch sizes were set following Table 1. Early
stopping was used with patience of 5 validation evaluations. Model selection was by
validation Macro F1, except for DSS, where we used validation loss following the author’s
implementation. We report means over three seeds/runs. We used greedy decoding to
ensure run-to-run determinism.

3.5. Evaluation

We report two categories of metrics: label prediction accuracy on the primary task
and rationale-label alignment, which measures how well generated rationales support
model decisions.

Predictive Performance: We report Macro F1, computed over gold test labels y*,
on the discrete label space (dispositions for Triage; Yes/No for PubMedQA; pathology for
DDXPlus; correct option choice for MedReason). Scores are computed on held-out test sets.

Rationale-Label Alignment: R2D [8] was employed to evaluate rationale quality
using surface-form generation metrics like BERTScore [32] and BLEU [33]. In this work, we
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instead focus on whether generated rationales align with model decisions. To do so, we
report the following alignment-oriented proxy metrics:

*  Consistency (P1=P2): This metric is motivated by [34] and measures the agreement be-
tween the label predicted from the original input (P1) and the label predicted from the
generated rationale alone (P2). High consistency indicates that the rationale preserves
the model’s decision logic, serving as a proxy for prediction-rationale alignment.

e Sufficiency (P2 = GT): Sufficiency evaluates whether the generated rationale 7 contains
sufficient information to recover the gold label (GT) without access to the original
input. Given only 7, the model is asked to predict the label P2. This metric is motivated
by the ERASER benchmark protocol for evaluating rationalized predictions [35]. This
measures label recoverability from the generated rationale but does not by itself
establish that the rationale reflects the model’s full internal causal reasoning.

*  Gold Sufficiency (GR — GT): This metric measures whether providing the gold
rationale (GR) to the model causes the model to output the gold label (GT). If GR — GT
is low, the model struggles to recover the label even from a perfect rationale, indicating
a model-side limitation rather than a failure of the generated rationale.

* LLM-as-a-Judge Correctness: Recent work has demonstrated strong alignment be-
tween LLM and human evaluation [36,37]. With this motivation, we employed Qwen-
3-8B and Qwen-3-32B [24] models for expert-style assessment on a random sample
of 2000 examples from the Clinical Triage test set, without stratification by class,
prediction correctness, or model confidence. Because this subset was not stratified,
the resulting judge scores should be interpreted as approximate subset-level evidence
rather than a controlled robustness analysis across label, error, or confidence strata.
We used a 5-point scale for clinical alignment between the rationales and predic-
tions. The motivation is “If the predicted disposition is Go to L&D now, does the
generated rationale justify the decision, rather than supporting a different disposi-
tion (e.g., homecare?)” To ensure consistent evaluation, we generated standardized
disposition definitions using prompt-based refinement with a Qwen-3-32B model.

We report LLM-as-a-Judge Correctness only for the Triage dataset. We omit this metric
for PubMedQA because it is a simple yes/no task, similarly for MedReason because its
label space is not exhaustive and for DDXPlus because standardized label definitions are
not available. Moreover, these metrics are intended to assess prediction-rationale alignment
and label recoverability, but they do not directly measure whether a rationale improves
clinician decision-making, trust calibration, or workflow usefulness in practice.

4. Results and Discussion
4.1. Predictive Performance and Rationale Alignment

Table 2 reports predictive performance and rationale-label alignment across all
datasets and model sizes. Overall, the results support our central hypothesis that R2D-C
preserves the predictive behavior of R2D while producing substantially better-aligned
rationales. Provided the 95% confidence intervals for Macro F1, we interpret small F1 differ-
ences cautiously and focus our main claims on the much larger and more consistent gains
in alignment-oriented metrics. The clearest improvements appear in alignment-oriented
metrics, suggesting that confidence-adaptive scheduling and cycle-consistent training are
most effective at strengthening the connection between predictions and explanations rather
than merely improving prediction performance in isolation. Because rationale provenance
differs across benchmarks, alignment metrics should be interpreted primarily within each
dataset rather than assuming a uniform rationale regime across all four tasks.
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Table 2. Model performance comparison across datasets. The best score per dataset is bold + underlined.

The best fine-tuning strategy per model size is bold. For fine-tuned methods, Macro F1 is reported

as mean = standard deviation, with 95% confidence intervals shown in brackets. Instances where

rationale generation is non-applicable are shown as —.

Dataset Model Method Macro F1 Consistency Sufficiency Gold Sufficiency
T5-Small R2D 55.88 + 0.01 [55.86, 55.90] 39.64 £+ 2.95 36.00 £ 2.00 4147 £ 251
R2D-C 56.31 + 0.30 [55.56, 57.06] 81.30 + 0.35 55.10 + 0.59 77.87 + 0.19
DSS 52.73 +0.99 [50.27, 55.19] 42.36 £ 0.35 39.48 +£0.26 47.02 +0.23
T5-Base R2D 59.92 + 0.42 [58.88, 60.96] 45.28 £ 5.62 37.59 £ 5.08 46.61 £+ 5.89
R2D-C 60.25 + 0.30 [59.50, 61.00] 86.26 + 0.45 59.38 + 0.32 82.86 + 0.16
Clinical Triage
DSS 53.26 + 0.89 [51.05, 55.47] 45.49 + 3.10 40.38 +£2.98 50.13 + 4.58
Qwen-3-8B 23.88 £ 0.00 - - -
Qwen-3-32B Zero-Shot 33.08 + 0.00 - - -
BioMistral-7B 6.45 + 0.00 - - -
OpenBioLLM-7B 10.33 £+ 0.00 - - -
T5-Small R2D 85.65 + 0.21 [85.13, 86.17] 68.86 £ 6.02 68.15 £+ 4.53 68.55 + 2.66
R2D-C 85.90 + 0.12 [85.60, 86.20] 90.52 + 3.15 81.94 + 1.70 78.55 + 1.97
DSS 84.39 + 0.48 [83.20, 85.58] 81.45 + 3.00 77.15 4+ 1.88 80.61 + 5.01
T5-Base R2D 89.67 4+ 0.31 [88.90, 90.44] 64.78 £ 2.01 64.03 £ 1.28 67.14 £+ 3.20
PubMedOA R2D-C 89.80 + 0.21 [89.28, 90.32] 96.42 + 0.27 87.71 £ 0.19 83.04 + 3.48
ubMedQ DSS 89.30 -+ 0.43 [88.23, 90.37] 61.63 + 0.42 62.39 + 0.19 62.27 + 2.24
Qwen-3-8B 84.24 £+ 0.00 - - -
Qwen-3-32B Zero-Shot 90.67 £+ 0.00 - - -
BioMistral-7B 29.44 + 0.00 - - -
OpenBioLLM-7B 46.22 + 0.00 - - -
T5-Small R2D 99.56 + 0.05 [99.44, 99.68] 414 £3.17 412 +3.17 4.56 + 3.40
R2D-C 99.52 £+ 0.00 [99.52, 99.52] 92.95 + 5.56 92.60 £ 5.55 91.96 + 5.74
DSS 99.29 + 0.14 [98.94, 99.64] 0.00 + 0.00 0.00 + 0.00 0.01 + 0.01
T5-Base R2D 99.53 + 0.26 [98.88, 100.001] 237 +1.64 2.37 + 1.64 2.58 +1.73
DDXP R2D-C 99.39 + 0.23 [98.82, 99.96] 99.53 £+ 0.17 99.32 + 0.16 99.17 £ 0.09
s DSS 99.40 + 0.31 [98.63, 100.00] 5.04 + 527 5.08 + 5.31 513 £5.17
Qwen-3-8B 36.64 + 0.00 - - -
Qwen-3-32B Zero-Shot 49.44 4+ 0.00 - - -
BioMistral-7B 5.64 £ 0.00 - - -
OpenBioLLM-7B 24.34 + 0.00 - - -
T5-Small R2D 16.93 4+ 0.79 [14.97, 18.89] 0.02 4+ 0.04 0.02 + 0.04 0.00 + 0.00
R2D-C 16.96 + 0.81 [14.95, 18.97] 2.02 + 0.34 0.97 + 0.21 0.09 + 0.03
DSS 15.92 4+ 0.19 [15.45, 16.39] 0.00 4+ 0.00 0.00 + 0.00 0.00 + 0.00
T5-Base R2D 18.86 + 0.16 [18.46, 19.26] 0.05 4+ 0.04 0.00 + 0.00 0.00 + 0.00
R2D-C 18.88 £ 0.19 [18.41, 19.35] 24.58 + 13.19 8.58 + 3.96 0.31 + 0.10
MedReason
DSS 15.15 + 0.34 [14.31, 15.99] 0.04 + 0.08 0.07 £ 0.07 0.05 + 0.04
Qwen-3-8B 46.87 £ 0.00 - - -
Qwen-3-32B Zero-Shot 77.29 + 0.00 - - -
BioMistral-7B 37.59 £ 0.00 - - -
OpenBioLLM-7B 53.01 £ 0.00 - - -

On Clinical Triage, R2D-C provides the strongest overall evidence for this claim.

For T5-Small, predictive performance changes from 55.88 to 56.31, but consistency increases

significantly from 39.64 to 81.30, sufficiency from 36.00 to 55.10, and gold sufficiency from
41.47 to 77.87. The same pattern holds for T5-Base, where macro F1 changes from 59.92 to 60.25,
while consistency rises from 45.28 to 86.26, sufficiency from 37.59 to 59.38, and gold sufficiency
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from 46.61 to 82.86. These results indicate that R2D-C improves whether generated rationales
actually support the model’s decision, while leaving predictive performance broadly intact.
From a clinical perspective, these gains are important because they reduce the risk that the
model presents a rationale that supports a different care recommendation than the one being
predicted. In decision-support settings such as telephone triage, this kind of decision—rationale
mismatch can undermine clinician trust and make model outputs harder to review safely.

On PubMedQA, the same pattern holds although in a less clinically rich setting. R2D-C
again shows broadly comparable Macro F1 to R2D, with only small changes in predictive
performance, while delivering much larger gains in alignment. Relative to R2D, T5-Small
changes from 85.65 to 85.90 Macro F1 and T5-Base from 89.67 to 89.80, whereas consistency
rises from 68.86 to 90.52 for T5-Small and from 64.78 to 96.42 for T5-Base, and sufficiency
rises from 68.15 to 81.94 for T5-Small and from 64.03 to 87.71 for T5-Base. Compared
with DSS, R2D-C remains stronger on the alignment-oriented metrics that matter most
to our formulation, even when DSS performs slightly better on gold sufficiency with the
T5-Small. This again suggests that R2D-C improves rationale-label coupling rather than
merely changing surface rationale quality.

On DDXPlus, predictive accuracy is already saturated for all methods, with all models
reaching roughly 99.3-99.6 macro F1. In this setting, predictive performance alone would
suggest little difference between methods. However, the alignment metrics reveal a sig-
nificant discrepancy: R2D and DSS remain near zero on consistency, sufficiency, and gold
sufficiency, whereas R2D-C reaches 92.95/92.60/91.96 with T5-Small and 99.53/99.32/99.17
with T5-Base. DDXPlus, therefore, highlights why alignment metrics are necessary: when
label prediction is near the ceiling, the main contribution of R2D-C appears in whether
rationales remain strongly coupled to the underlying decision.

On MedReason, all fine-tuned methods achieve low absolute predictive performance,
and we do not view this as evidence against the alignment objective itself. Rather, MedRea-
son appears structurally different from the other benchmarks: its label space is non-
exhaustive, and the task more closely resembles zero-shot medical question answering
than closed-label classification since the effective answer space varies across questions.
In such a setting, larger pretrained models have an inherent advantage because of their
broad pretrained medical knowledge. Moreover, because the label space is non-exhaustive,
fine-tuned models observe relatively few instances of any single label, making it harder to
learn stable input-label associations. Even with this challenging setup, R2D-C still provides
directional improvements in rationale-label alignment over both R2D and DSS, improving
consistency from 0.02 to 2.02 for T5-Small and from 0.05 to 24.58 for T5-Base. We therefore
interpret MedReason as a setting where backbone knowledge is the main bottleneck, while
alignment-focused training still offers modest but consistent benefits.

4.2. LLM-as-a-Judge Evaluation

Table 3 presents the LLM-as-a-Judge results on the Clinical Triage dataset. R2D-C
achieves the best scores for both T5-Small (4.86 with Qwen-3-8B; 4.44 with Qwen-3-32B)
and T5-Base (4.87; 4.48), outperforming both R2D and DSS. Although these improvements
are smaller in magnitude than the gains in consistency and sufficiency, they suggest that
stronger internal alignment also translates into better judged alignment between rationale
and predicted disposition. We note, however, that improved external judgment of justifi-
cation quality still does not directly establish mechanistic faithfulness; rather, it provides
complementary evidence that the rationales are more coherent and decision-supportive.

Taken together, the results show that R2D-C should not be understood primarily as a
method for maximizing predictive accuracy. Instead, its main contribution is to preserve
the predictive behavior of R2D while making rationales substantially more aligned with the
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decisions they are meant to explain. This is precisely the desired outcome in high-stakes
settings such as clinical NLP, where a model should not only predict well but also produce
rationales that reliably align with, and justify its predictions.

Table 3. LLM-as-a-Judge Correctness on the Clinical Triage dataset. Best score per model is bold.

Model Method 8B Judge 32B Judge
R2D 4.74 £0.02 4.18 £ 0.01
T5-Small R2D-C 4.86 + 0.02 4.44 + 0.01
DSS 4.64 £0.03 3.99 £ 0.02
R2D 4.79 £0.02 4.34 £ 0.01
T5-Base R2D-C 4.87 + 0.03 4.48 + 0.01
DSS 4.66 £ 0.02 4.07 £ 0.02

5. Ablation Studies

We conducted two sets of ablations to better understand the behavior of R2D-C. First,
we isolated the contributions of its two core components: confidence-adaptive scheduling
(CAS) and the rationale-to-label cycle-consistency loss. Second, we ablated the soft ratio-
nale construction used within the cycle branch, comparing the default Gumbel-Softmax
formulation against deterministic softmax alternatives.

5.1. Ablation of Core Components

To isolate the contributions of the two main components of R2D-C, we conducted abla-
tions on confidence-adaptive scheduling (CAS) and the rationale-to-label cycle-consistency
loss. In particular, w/o cycle removes the cycle objective while retaining CAS, and w/o CAS re-
moves confidence-adaptive scheduling while retaining the cycle objective. As demonstrated
in Table 4 across datasets, predictive performance remains broadly stable across ablations,
while the largest differences appear in rationale-label alignment, consistent with our goal of
preserving the predictive behavior of R2D while improving prediction-rationale coupling.

On Clinical Triage, the full R2D-C model achieves the strongest overall internal align-
ment results. Removing the cycle loss causes large drops in consistency, sufficiency,
and gold sufficiency relative to both w/o CAS and the full model, showing that cycle
consistency is the main mechanism enforcing rationale-label coupling. At the same time,
removing CAS also weakens alignment relative to the full model, indicating that CAS
provides complementary gains on this clinically realistic and uncertainty-sensitive task.
The LLM-as-a-Judge results show that variants with CAS consistently outperform w/o CAS
on Clinical Triage, suggesting that CAS improves externally judged clinical justification
quality. Taken together, these results suggest that cycle consistency drives the largest gains
in internal alignment metrics, while CAS provides additional benefits that are especially
visible in externally judged rationale quality.

On PubMedQA, the ablations indicate that cycle consistency is again the dominant
factor. Removing the cycle loss substantially reduces consistency, sufficiency, and gold
sufficiency, whereas the w/o CAS variant consistently matches or slightly exceeds the full
model across all alignment metrics. This suggests that in a simpler binary QA setting,
once the rationale is explicitly constrained to recover the label, CAS offers only limited
additional benefit. In other words, cycle consistency appears sufficient to obtain most of
the alignment gains on PubMedQA.

On DDXPlus, the pattern is even clearer. Removing the cycle loss causes alignment
to collapse almost completely despite predictive accuracy remaining near the ceiling,
demonstrating that strong task performance alone does not imply that rationales are
meaningfully connected to model decisions. By contrast, the w/o CAS variant remains
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near-perfect on all alignment metrics and slightly exceeds the full model. This indicates
that for highly structured, near-deterministic tasks, cycle consistency is essential, whereas
CAS is less necessary once rationale-to-label recoverability is enforced.

Table 4. Ablation results for confidence-adaptive scheduling (CAS) and cycle consistency. Best score

per model is bold.
Dataset Model Method MacroF1 Consistency Sufficiency Gold Sufficiency 8B Judge 32B Judge
w/o cycle 56.41 41.71 36.41 41.56 4.90 4.44
T5-Small w/o CAS 56.49 69.62 52.21 74.35 4.78 4.19
R2D 55.88 39.64 36.00 4147 474 4.18
L R2D-C 56.31 81.30 55.10 77.87 4.86 444
Clinical Triage w/o cycle 59.69 51.42 41.17 50.46 4.88 4.47
T5-Base w/o CAS 59.75 79.01 57.44 81.53 4.80 4.35
R2D 59.92 4528 37.59 46.61 4.79 4.34
R2D-C 60.25 86.26 59.38 82.86 4.87 448
w/o cycle 85.64 71.62 69.85 69.86 - -
T5-Small w/o CAS 85.87 91.42 82.24 78.92 -
R2D 85.65 68.86 68.15 68.55 -
R2D-C 85.90 90.52 81.94 78.55 - -
PubMedQa w/o cycle 89.91 66.07 64.53 67.60 - -
T5-Base w/o CAS 89.64 96.98 87.89 84.43 - -
R2D 89.67 64.78 64.03 67.14 - -
R2D-C 89.80 96.42 87.71 83.04 - -
w/o cycle 99.53 6.70 6.67 6.98 - -
T5-Small w/o CAS 99.55 97.10 96.80 96.42 - -
R2D 99.56 4.14 4.12 4.56 - -
R2D-C 99.52 92.95 92.60 91.96 - -
DDXPlus
w/o cycle 99.56 4.09 4.09 411 - -
T5-Base w/o CAS 99.66 99.64 99.41 99.26 -
R2D 99.53 2.37 237 2.58 -
R2D-C 99.39 99.53 99.32 99.17 - -

Overall, the ablations justify the full R2D-C configuration as the default model, but they
also reveal an important asymmetry between its two components. Cycle consistency is
the most robust and consistently beneficial contributor to rationale-label alignment across
datasets and model sizes. CAS provides complementary gains that are most valuable in
harder and more uncertainty-sensitive settings such as Clinical Triage, where externally
judged rationale quality also benefits from self-conditioning based on model confidence.
For this reason, we adopted the full R2D-C model as our default configuration: it provides
the strongest overall balance between predictive performance and rationale-label alignment
on the most clinically relevant dataset, while remaining competitive across all settings.

5.2. Ablation on Soft Rationale Construction

We further ablated the differentiable relaxation used in the rationale-to-label cycle
branch on the Clinical Triage dataset. In the full R2D-C model, soft rationale embeddings
are constructed using Gumbel-Softmax with a decaying temperature schedule, which
provides a differentiable approximation to discrete rationale tokens during cycle-consistent
training. We compared this against two deterministic alternatives that keep the rest of
the training objective unchanged: (i) a standard softmax relaxation and (ii) a temperature-
scaled softmax relaxation with a decaying temperature schedule. This isolates whether
the gains of R2D-C depend specifically on the Gumbel-Softmax approximation or more
generally on differentiable soft rationale reconstruction.

Table 5 presents the results. Overall, the full R2D-C model provides the strongest
results across the internal alignment metrics. For T5-Small, R2D-C achieves the best
consistency, sufficiency, gold sufficiency, and 8B judge score, while matching the best 32B
Judge score; regular softmax is only slightly higher on Macro F1. For T5-Base, R2D-C
again achieves the strongest Macro F1 and substantially outperforms both deterministic
alternatives on consistency, sufficiency, and gold sufficiency. However, temperature-scaled
softmax scores slightly higher on the judge-based metrics. These results suggest that the
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main benefit of Gumbel-Softmax lies in improving rationale-label alignment rather than
externally judged plausibility alone.

Comparing the two deterministic relaxations, temperature-scaled softmax is generally
stronger than regular softmax, especially for T5-Base. This indicates that progressively sharp-
ening the rationale distribution is preferable to using a fixed smooth relaxation, even without
stochastic sampling. However, neither deterministic alternative matches the full Gumbel-
Softmax formulation on the alignment-oriented metrics that most directly reflect our objective.
We therefore retained Gumbel-Softmax in R2D-C as our default differentiable relaxation since it
provides the best overall balance between predictive performance and rationale-label alignment.

Table 5. Ablation of differentiable rationale relaxation on the Clinical Triage dataset. Best score per
model is bold.

Model Method Macro F1  Consistency Sufficiency Gold Sufficiency 8B Judge 32B Judge
regular_softmax 56.45 80.67 54.99 76.95 4.84 4.44

T5-Small  temperature_softmax 56.34 80.83 54.61 77.27 4.84 4.44
R2D-C 56.31 81.30 55.10 77.87 4.86 4.44
regular_softmax 59.78 76.26 53.84 73.60 4.87 4.48

T5-Base  temperature_softmax 59.53 78.54 54.67 74.20 4.88 4.50
R2D-C 60.25 86.26 59.38 82.86 4.87 4.48

5.3. Sensitivity to the Cycle-Consistency Weight

Because the rationale-to-label cycle loss is a central part of R2D-C, we also performed
a sensitivity analysis over the cycle-consistency weight Acyc for T5-Small on Clinical Triage
and PubMedQA. We varied Ay € {0,0.1,0.2,0.5}.

Table 6 shows that adding cycle consistency (Acyc > 0) consistently improves
alignment-oriented metrics relative to Acyc = 0, while predictive performance remains
broadly stable. On Clinical Triage, larger Acyc values continue to improve consistency and
gold sufficiency slightly, but they also introduce a modest decline in Macro F1, indicating a
clearer alignment-performance trade-off. On PubMedQA, the model is relatively insensi-
tive within the tested non-zero range: Macro F1 changes only slightly, while consistency
and sufficiency improve monotonically as Acy. increases.

Taken together, these results support two conclusions. First, the benefits of cycle con-
sistency are robust and do not depend on a single finely tuned weight. Second, Acyc = 0.1
remains a reasonable default because it already captures most of the alignment gains
while keeping predictive performance close to the A¢yc = 0 setting, especially on the more
clinically realistic and uncertainty-sensitive Clinical Triage task.

Table 6. Sensitivity analysis for the cycle-consistency weight Acyc. Best score per dataset is bold.

Dataset Acye Macro F1 Consistency Sufficiency Gold Sufficiency
0.0 56.41 41.71 36.41 41.56
Clinical Triage 0.1 56.31 81.30 55.10 77.87
& 0.2 55.78 82.04 55.40 78.89
0.5 55.57 83.48 55.28 79.37
0.0 85.64 71.62 69.85 69.86
0.1 85.90 90.52 81.94 78.55
PubMedQA 02 8579 9163 82.00 78.53
0.5 85.81 94.13 83.30 80.02

6. Limitations

Although R2D-C achieves its design goal of retaining predictive performance of
R2D while improving rationale-label alignment, our study has several limitations. First,
the ablation results indicate that the relative importance of confidence adaptive scheduled
sampling (CAS) and cycle consistency is task-dependent: cycle consistency is the dominant
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factor on PubMedQA and DDXPlus, whereas CAS provides its clearest additional benefits
on Clinical Triage.

Second, although we evaluate rationale quality using consistency, sufficiency, gold
sufficiency, and LLM-as-a-Judge scores, these metrics do not directly test mechanistic faith-
fulness and still provide only partial views of explanation quality. More broadly, automatic
metrics cannot fully capture whether a rationale is clinically useful or reliable in real-world
deployment. For high-stakes domains like clinical NLP, human verification remains essen-
tial. We did not conduct clinician- or domain-expert evaluation of the generated rationales
in this study and therefore do not claim expert-validated explanation quality.

Third, our approach involved several hyperparameters that were selected heuristically.
While we included a targeted sensitivity analysis for Acyc on Clinical Triage and PubMedQA,
a more extensive hyperparameter optimization strategy may yield further improvements
in predictive performance and prediction-rationale alignment.

Finally, a substantial portion of our rationale supervision is LLM-generated rather than
human-authored. In particular, the Clinical Triage and DDXPlus datasets rely on rationales
produced by Qwen-3-8B. While practical, this setup introduces potential circularity: the
model may learn to reproduce teacher-style explanatory patterns, and high rationale quality
with our metrics does not necessarily imply correspondence to clinician reasoning or to
a model’s true internal decision process. We therefore interpret these rationales as useful
supervisory signals but not as definitive gold explanations.

7. Ethics Statement

This work is situated in the context of clinical NLP, where model outputs may influence
high-stakes decisions. The proprietary Clinical Triage dataset used in this study was de-
identified, and no personally identifiable information was accessible to the models or
researchers during training or evaluation. In addition, all experiments were conducted
using open-source models in a controlled local computing environment. Any predictions
and rationales generated by R2D-C should be treated as decision-support signals requiring
human verification, rather than as replacements for clinical judgment.

8. Conclusions and Future Work

We presented R2D-C, a rationale-driven extension of R2D that combines confidence-
adaptive scheduled sampling with rationale-to-label cycle-consistent training to improve
prediction-rationale coupling without sacrificing predictive performance. Across the
evaluated datasets, the main gains of R2D-C come from improved internal alignment,
particularly consistency, sufficiency, and gold sufficiency, while predictive performance
remains broadly stable.

Our ablations show that, in our experiments, the full R2D-C formulation provides the
strongest overall balance between predictive performance and rationale-label alignment.
Taken together, these results support a broader view of rationales as objects that should be
explicitly optimized for prediction-rationale alignment, rationale sufficiency, and decision-
support usefulness, rather than being treated purely as post hoc textual artifacts.

There are several promising directions for future work. One direction is to make the
training strategy more adaptive, for example, by learning when to apply self-conditioning
and how strongly to weight the cycle objective. Another is to evaluate the approach
with larger and more instruction-tuned backbones, as well as more diverse clinical and
biomedical datasets. A final direction is to complement automatic faithfulness metrics with
stronger expert-facing evaluation protocols that assess whether generated rationales are
clinically meaningful and decision-supportive in practice.
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Appendix A. Prompts Used

Prompt for Generating Standardized Disposition Definitions:

You are building a clinical definition for the disposition: [DISPOSITION_NAME].
Current working definition: “““[CURRENT_DEFINITION]""”

You are given new examples of triage notes and rationales for this disposition.
Use them to refine, expand, or correct the working definition. Keep the definition
concise but clinically accurate.

Triage Notes and Rationales: [EXAMPLES]

Update the definition:

- Incorporate any new key symptoms, criteria, or thresholds.
- Remove incorrect parts.

- Keep it as clear and specific as possible.

Output only the revised definition text, nothing else.

[DISPOSITION_NAME], [CURRENT_DEFINITION], and [EXAMPLES] were replaced
with actual data. This process generated the standardized definitions used for consistent
LLM-as-a-Judge Correctness scoring.
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Prompt for Zero-Shot Disposition Classification:

Issue: [ISSUE_ASSESSMENT]
Dispositions: [CLASSES_TEXT]

Classify the healthcare issue into one of the dispositions above. Return your
answer in the following **strict** format:
Class: [chosen digit]

Do not ask for more information, and do not provide any general statements. Only

respond with the digit.

[ISSUE_ASSESSMENT] contained the triage note text, and [CLASSES_TEXT] listed the
12 disposition options with their numerical identifiers. This prompt was used for zero-shot
LLM evaluation.

Prompt for LLM-as-a-Judge Correctness Scoring:

You are an expert clinical trainer for telephone triage nursing.
[DEFINITIONS]

Task: Given the following rationale and disposition, score the alignment on a scale
of 1 to 5, where:

5—Excellent Alignment

4—Good Alignment

3—Moderate Alignment

2—Poor Alignment

1—Very Poor Alignment

Rationale: [RATIONALE]
Disposition: [DISPOSITION]
Output exactly one number (1, 2, 3, 4, or 5) with no other text.

[DEFINITIONS] was replaced with the standardized disposition definitions following
Appendix B, [RATIONALE] with the generated rationale, and [DISPOSITION] with the
predicted disposition.

Appendix B. Clinical Disposition Definitions

Home Care: Patients suitable for Home Care disposition have mild to moderate,
stable, and non-progressive symptoms without signs of immediate or severe complications
requiring emergency intervention. They exhibit no respiratory distress, hemodynamic
instability, severe pain unresponsive to treatment, significant bleeding, high fever with sys-
temic symptoms, spreading infection, altered mental status, neurological deficits, or other
urgent clinical concerns. Their condition allows for safe management, symptom relief,
and observation at home with appropriate follow-up. This includes stable minor injuries,
controlled localized infections, mild chronic condition issues, and non-urgent questions
or concerns. Patients and caregivers should be advised to seek urgent care if symptoms
worsen or new concerning signs develop.

See Physician or PCP within 3 days: Patients with mild to moderate, stable but
persistent or worsening symptoms that do not pose an immediate threat to life or func-
tion, and who require timely medical evaluation to prevent complications. This includes
conditions without severe pain, respiratory distress, hemodynamic instability, significant
neurological deficits, acute infection, or other urgent signs. The disposition excludes
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any patients exhibiting signs of severe or rapidly progressing illness, acute psychiatric
emergencies, or other urgent conditions necessitating immediate or emergency care.

Call Pharmacist within 24 h: This disposition is used when a caller has non-emergency
medication-related questions or concerns that require timely pharmacist expertise within
24 h to ensure safe, effective, and appropriate medication use. It applies when immedi-
ate urgent care is not needed but professional assessment is necessary to clarify dosing,
manage side effects, verify medication information, address potential interactions, support
adherence, assist with medication access, or provide guidance on special populations and
circumstances. This ensures optimized therapy, prevention of harm, and informed patient
decisions without delay.

See Physician or PCP within 4 h (or PCP triage): Patients with new or worsening
moderate to severe symptoms, signs of infection, or conditions at risk of rapid deterioration
that require timely clinical evaluation within hours to prevent complications. This includes
significant pain unrelieved by initial treatment, progressive neurological symptoms, signs of
systemic infection, post-procedural complications, unstable vital signs, moderate to severe
respiratory, abdominal, or urinary symptoms, pregnancy-related concerns, dehydration,
metabolic instability, mental health deterioration, and other clinical presentations indicating
potential for rapid decline. The disposition ensures prompt physician assessment to guide
urgent management and prevent adverse outcomes.

Call EMS 911 Now: Initiate immediate emergency medical services activation for any
patient presenting with signs or symptoms of a potentially life-threatening condition. This
includes acute neurological deficits, severe chest pain or cardiac symptoms, significant
respiratory distress, signs of anaphylaxis, major trauma or uncontrolled bleeding, severe
abdominal or back pain with systemic symptoms, acute deterioration in patients with
serious underlying conditions, active suicidal intent with risk of harm, critical illness in
infants or young children, shock or imminent collapse, severe infection or sepsis, altered
mental status or unresponsiveness, and any situation posing an immediate threat to life,
safety, or vital functions. Prompt EMS activation is essential whenever there is concern for
compromised airway, breathing, circulation, neurological status, or urgent mental health
crisis requiring rapid intervention.

Go to ED Now: Immediate emergency department evaluation is required for patients
presenting with sudden, severe, or rapidly worsening symptoms that pose an immediate
risk to life, limb, or function. This includes active uncontrolled bleeding, significant head or
neck injuries, severe respiratory distress or airway compromise, acute neurological deficits,
severe or persistent pain suggestive of surgical or obstetric emergencies, signs of shock
or altered consciousness, severe allergic reactions, prolonged seizures, suspected serious
infections, severe metabolic disturbances, and any other critical conditions requiring urgent
assessment and intervention.

See Physician or PCP within 2 Weeks: Patients with new, persistent, worsening,
or recurrent symptoms that are stable and do not require emergency care but need timely
medical evaluation to diagnose, monitor, or adjust treatment. This includes conditions
without signs of acute distress, hemodynamic instability, severe pain, neurological deficits,
respiratory compromise, systemic infection, or other urgent symptoms. The disposition
applies to a broad range of non-emergent but concerning clinical presentations where
prompt follow-up is necessary to prevent progression or complications.

Go to L&D Now: Immediate evaluation in Labor and Delivery is required for pregnant
individuals presenting with signs of active labor at or near term, suspected or confirmed
rupture of membranes, significant vaginal bleeding, decreased or absent fetal movement,
new or worsening moderate to severe abdominal or pelvic pain, signs of preterm labor,
pregnancy complications or risk factors combined with concerning symptoms, abdominal or
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pelvic trauma, maternal conditions suggestive of serious complications (e.g., preeclampsia,
infection, hemodynamic instability), or any other acute symptoms indicating potential
maternal or fetal compromise. Prompt assessment is essential to ensure maternal and
fetal safety.

Call Poison Center Now: Immediate expert toxicology consultation is required for any
suspected or confirmed exposure to potentially harmful substances or situations with risk
of significant toxicity, overdose, or complications. This includes exposures involving high-
risk medications, chemicals, toxins, unknown or unlabeled agents, vulnerable populations
(such as children or pregnant women), or any new or worsening symptoms suggestive of
systemic toxicity. Prompt specialist guidance is essential to ensure safe management and
appropriate treatment.

See More Appropriate Guideline: Use this disposition when the caller’s concerns
do not require emergency or urgent care but need assessment, advice, or management
under a more specific, condition-focused guideline. It applies to stable, non-urgent symp-
toms or questions without red flags, including chronic conditions, mild new symptoms,
or informational and care coordination needs. Avoid this disposition for any signs of
acute deterioration, emergencies, or conditions requiring immediate intervention. Direct
callers to the guideline that best matches their specific symptom or concern to ensure
appropriate care.

See Physician or PCP within 24 h: Patients with new, worsening, or persistent mod-
erate symptoms that impact daily activities but do not require emergency care. This
includes localized signs of infection or inflammation without systemic involvement, mod-
erate injuries without severe complications, mild to moderate neurological, respiratory,
gastrointestinal, or mental health symptoms without acute distress, and other conditions
needing timely medical evaluation to prevent deterioration, ensure appropriate manage-
ment, and monitor progression.

Call Dentist when Office is Open: This disposition applies to patients with non-
emergent dental issues that do not exhibit signs of serious infection, airway compromise,
uncontrolled bleeding, or systemic illness. It includes mild to moderate pain or discomfort
manageable with analgesics, stable post-procedure symptoms, minor dental trauma with-
out active bleeding or severe pain, and dental appliance-related discomfort without urgent
complications. Patients should seek dental care during regular office hours and be advised
to obtain immediate emergency care if symptoms worsen or signs of a dental or medical
emergency develop.
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