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Abstract

As large language models are increasingly de-
ployed for clinical text, ensuring they can reli-
ably signal their own uncertainty becomes crit-
ical. Most existing uncertainty quantification
(UQ) methods are designed for open-domain
generation and cannot localize uncertainty at
the token or span level in long clinical text.
We propose Reverse Probing, the first uncer-
tainty quantification framework specialized for
clinical summarization, which estimates token-
level uncertainty directly from pre-existing clin-
ical summaries. Rather than sampling new
outputs, Reverse Probing treats the text as a
probe into the model’s internal state, extract-
ing uncertainty features from four categories
of signals. We evaluate Reverse Probing on
two expert-annotated clinical datasets and out-
perform eight adapted baselines, achieving up
to 4× higher AUPRC while running over 15×
faster than sampling-based methods. Feature
analysis reveals that the log-logit difference
induced by the source record and the neigh-
borhood context are the most consistent pre-
dictors across all models. This study offers in-
terpretable insights into how models internally
respond to unsupported clinical content.

1 Introduction

Uncertainty quantification (UQ) for Large Lan-
guage Models (LLMs) has been widely studied
in general domains, yet its application to clinical
text remains limited. Clinical text presents dis-
tinct challenges from general tasks: it is dense with
terminology, errors often occur at a single word
or number within an otherwise correct sentence,
and small mistakes can carry serious consequences.
Most existing UQ methods operate at the case level
and are poorly suited for fine-grained, token-level
uncertainty in long clinical text.

UQ is also fundamentally distinct from hallucina-
tion detection. Rather than using external methods
to detect whether a model’s output is factually cor-

rect, UQ asks how confident the model is in its own
predictions. This is a form of self-assessment that
reflects model reliability independent of ground
truth. Yona et al. (2026) formalizes this distinction,
redefining hallucination as a confident error and
arguing that models should express honest uncer-
tainty instead of optimizing solely for accuracy.

Consequently, token-level UQ offers a more ac-
tionable pathway for model alignment and refine-
ment. The prevailing assumption is that UQ re-
quires generation: sample the model’s outputs mul-
tiple times and treat divergence as a proxy for un-
certainty. This method works for short question-
answering tasks, but is unsuitable for clinical set-
tings, where generating new clinical notes is hard to
evaluate reliably, repeated sampling over long doc-
uments is computationally expensive, and expert-
annotated clinical text is scarce.

Traditionally, token-level probing is designed for
encoder-only transformer models like BERT (De-
vlin et al., 2019), which evaluate confidence by pre-
dicting a masked token within a bidirectional con-
text. Decoder-only LLMs operate auto-regressively
and do not natively support such token-masking
method. We bridge this architectural gap with a
teacher forcing strategy to imitate the mask predic-
tion on bi-direction models. Though the method
is not equivalent to a native MLM prediction, the
model is mimicking a pseudo mask prediction task.

Reverse Probing reflects a deliberate inversion of
the standard UQ paradigm. Conventional methods
ask the model to generate text and then evaluate
the output. We reverse this direction: instead of
examining what the model produces, we feed ex-
isting clinical text back into the LLM to extract a
comprehensive snapshot of its internal activations.
A well-supported token inherently aligns with and
anchors to the relevant clinical records within the
representation space. Conversely, when a token is
unsupported, this factual grounding is absent. We
harness this absence of alignment as a latent uncer-
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tainty signal, effectively turning the text itself into
a probe of the model rather than a product of it.

Our contributions are as follows:

• We introduce Reverse Probing1, the first
token-level UQ framework for clinical sum-
maries. Our framework eliminates multi-
sampling to reach an exceptional computa-
tional efficiency.

• We establish the first benchmark for UQ on
clinical summaries. We conduct a systematic
evaluation comparing Reverse Probing against
eight baselines across six LLMs on two expert-
annotated datasets.

• We analyse where the uncertainty signal
comes from. The log-logit difference induced
by the source record (delta_energy) and lo-
cal neighborhood context are the most con-
sistent predictors across models and feature
configurations.

2 Related Work

2.1 Uncertainty Quantification

Traditionally, uncertainty quantification relies on
sampling-based approaches. These methods re-
quire the model to generate multiple output can-
didates. The uncertainty is then quantified from
the variance or distribution of the multiple gener-
ated text. SelfCheckGPT (Manakul et al., 2023),
Semantic Uncertainty (Kuhn et al., 2023), and Se-
mantic Entropy (Farquhar et al., 2024) follow this
paradigm. Hou et al. (2024) further decomposes
uncertainty into aleatoric and epistemic compo-
nents. However, these methods require task-level
new text generation without localizing uncertainty
to specific tokens or spans.

Several recent methods derive uncertainty from
model internals. Liu et al. (2024); Vazhentsev et al.
(2025); Li et al. (2025) show that hidden activations
and attention heads encode uncertainty information.
EUQ (Huang et al., 2026) on evidential uncertainty
also performs on internal signals, which decom-
poses uncertainty into conflict and ignorance to
flag misbehaving vision-language model responses
at the level of a full generation. Among all meth-
ods above, only Semantic Entropy (SE) Probes

1https://github.com/kitayamachingtak/
ReverseProbing

(Kossen et al., 2024) adopts a supervised formula-
tion, which trains a lightweight probe on hidden
states to predict the semantic entropy.

Despite these advances, all existing methods are
designed and evaluated on general-domain tasks,
and score a generation as a whole. Unsupported
content in clinical summary is sparse and cru-
cial, with specialized terminologies, so uncertainty
has to be localized rather than aggregated into a
paragraph-level single score. More importantly, the
summaries are pre-existing text rather than being
generated by the model. No existing method fits
this setting, which requires working post hoc on
a fixed summary, localizing at the span level, and
operating without access to the generation process.

2.2 Clinical Explainability and Faithfulness

Explainability methods have been widely applied
to clinical decision support, but rarely to clinical
uncertainty itself. SHAP (Lundberg and Lee, 2017)
remains the standard framework for feature-level
explanation, while Hur et al. (2025) shows that nat-
ural language explanations outperform raw SHAP
scores for clinical decision-making. Qureshi et al.
(2025) find that no single XAI method dominates
across all clinical criteria. Several works argue that
combining UQ with explainability improves reli-
ability in high-stakes settings (Salvi et al., 2025;
Dubey et al., 2025; Lu et al., 2024). However, none
of the work applies this combination specifically in
clinical text.

Faithfulness evaluation for clinical summaries
also presents a related challenge. Standard met-
rics correlate poorly with expert judgment (Adams
et al., 2023), and DocLens (Xie et al., 2024) im-
proves this with claim-level evaluation. Croxford
et al. (2025) validate LLM-as-a-Judge as a scal-
able alternative to human annotation. Wang et al.
(2025) uses semantic consistency across sampled
outputs as a semantic signal for radiology reports,
but their approach still depends on sampling and
operates at the sentence level. Token-level faithful-
ness evaluation over clinical text remains an open
problem.

3 Methodology

In clinical summaries, the majority of the sentences
are factually supported, while unsupported content
appears only in sparse, scattered spans. This makes
fine-grained UQ fundamentally different from case-
level evaluations, where standard methods are too
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Figure 1: Overview of the Reverse Probing framework. Each summary is passed through a frozen LLM twice, once
with the BHC text and once without, yielding distributional, semantic, internal, and medical-knowledge features at
every token position. A supervised classifier then predicts token-level uncertainty.

coarse to capture localized errors.
Our approach is inspired by masked probing for

bidirectional encoder models, where a token is hid-
den and the model is asked to recover it from its sur-
roundings. That estimate is exactly what we want.
However, decoder-only LLMs are auto-regressive
and offer no masking mechanism. Teacher forcing
gives us the same quantity without one: at every
position the model predicts the token rather than
reading it, so each token is effectively masked from
its own prediction. This pseudo-masking turns a
generative model into a token-level probe without
modifying its weights.

The key insight behind Reverse Probing is to
treat the source record as an attention anchor. In
clinical domain, each discharge summary is writ-
ten from the Brief Hospital Course (BHC), a long
clinical note documenting the patient’s admission
and treatment. When a summary token is well sup-
ported, the model’s attention concentrates on the
BHC and its prediction sharpens once the record
is present. When a token is unsupported, that con-
centration is absent or misdirected, and removing
the BHC changes little. We therefore read the ab-
sence of grounding as a signal in its own right, by
comparing activations with and without the BHC.
This is precisely where the "reverse" in Reverse
Probing comes from. While traditional methods

generate new text to check for factual accuracy, our
approach does the opposite: it uses the existing
text as a probe to locate the key features and un-
cover exactly where the model’s internal layers are
struggling to align with clinical evidence.

Concretely, we feed the clinical summary with
and without the BHC into a frozen LLM as shown
in Figure 1, extract features from its internal acti-
vations and output distributions, and train a clas-
sifier to predict which part of the internal repre-
sentation will be activated when encountering an
unsupported span. We organize features into four
categories described in Section 3.2.

3.1 Dataset

This work uses Hallucinations-MIMIC-DI and
Hallucinations-Generated-DI introduced by
Hegselmann et al. (2025). Both datasets are
derived from MIMIC-IV-Note (Johnson et al.,
2023), a large-scale corpus of de-identified clinical
notes from the Beth Israel Deaconess Medical
Center. Each clinical case consists of a BHC paired
with a discharge summary. The BHC serves as the
source document recording the patient’s clinical
course, while the summary condenses this infor-
mation for the patient. Hallucinations-MIMIC-DI
contains 100 doctor-written discharge summaries,
and Hallucinations-Generated-DI contains 100
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Figure 2: An example from Hallucinations-MIMIC-DI.
The BHC serves as the source for the patient discharge
summary. Highlighted spans in the summary mark un-
supported facts annotated by experts, colored by label
types. Dataset Hallucinations-Generated-DI follows the
same structure.

LLM-generated summaries (Hegselmann et al.,
2024), while the BHC text from both datasets
originates from MIMIC-IV-Note. Both datasets
provide span-level annotations of unsupported
facts by two trained medical experts, where
each annotation records the start and end offsets
of the unsupported span with error types, as
illustrated in Figure 2. These two datasets are
highly imbalanced. In Hallucinations-MIMIC-DI,
unsupported spans account for 7.33% of total
tokens with an average of 2.86 spans per summary,
whereas in Hallucinations-Generated-DI the ratio
drops to 2.05% with an average of 1.14 spans per
summary.

3.2 Feature Extraction

We feed the existing summary back through the
model under teacher forcing, as shown below.

Brief Hospital Course: {BHC}

i = 1: Summary: → p1

i = 2: Summary: The → p2

i = 3: Summary: The patient→ p3

...

At position i the model gives a distribution over
the vocabulary, pi = P (· | BHC, t<i), conditioned
on the clinical record and on the summary tokens
that came before. We read that distribution at every
position, along with the hidden states and attention
rows there, and turn each position into one feature
vector. Causal masking means position i depends
only on its own prefix, so a single pass covers the

whole summary at once. Reverse Probing thus
works at the token level while costing two forward
passes per summary, no matter how long the sum-
mary is. Repeating the pass without the BHC gives
a second distribution p−

i at each position, and the
contrast between the two forms one of four feature
categories: distributional, semantic, internal, and
medical knowledge.

We propose four types of sources that potentially
affect the uncertainty: internal signals, medical
knowledge, semantic, and distributional signals. To
study how feature granularity affects performance,
we define four configurations of increasing detail
levels: 93, 120, 204, and up to 454 or 886 fea-
tures. All models are evaluated on the 93, 120, and
204 configurations. We collect 454 as the max-
imum features for 7B and 8B models, while we
collect 886 features for 70B models. This is be-
cause 70B models have 80 layers and therefore they
need more layer-wise and attention features to sam-
ple. Complete details of all features are provided
in Appendix D.

Internal Signals. From the with-BHC pass, at
each sampled layer l, we extract the ℓ2 norm, mean,
and the standard deviation of the hidden state h

(l)
i ,

together with the L2 distance and cosine similarity
between consecutive sampled layers.

Attention is characterized along three axes. Let
α
(l,h)
i,j be the weight from position i to j at layer l,

head h, and let LBHC index the BHC prefix. Dis-
persion is the entropy of the attention row:

H
(l,h)
i = −

∑

j

α
(l,h)
i,j logα

(l,h)
i,j , (1)

distinguishing tokens that draw on a few specific
positions from those whose attention is diffuse.
Grounding is the total mass directed at the clin-
ical record:

A
(l,h)
i =

∑

j∈LBHC

α
(l,h)
i,j , (2)

which measures whether a token is supported by the
record or only by the surrounding summary. Stabil-
ity captures how much this grounding is revised as
representations are refined. A well-supported token
should not need to reallocate attention across depth.
We measure it as the KL divergence between the
same head’s attention rows at adjacent sampled
layers:

Drift
(h)
l→l′ = DKL

(
α̃
(l,h)
i

∥∥ α̃(l′,h)
i

)
, (3)
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where α̃ denotes the row after ε-smoothing and
renormalization.

To capture cumulative rather than per-layer
grounding, we apply attention rollout (Abnar and
Zuidema, 2020): Rℓ =

∏ℓ
k=0(0.5Ak+0.5 I) with

row-wise renormalization at each step, and record
the accumulated mass on LBHC, its entropy, and
its maximum weight at a shallow, a middle, and a
deep checkpoint. This traces how far information
from the record actually reaches by each depth.

Semantic Signals. Given logits z and
p = softmax(z), we compute Shannon entropy
H(p) = −∑

v pv log pv, the top-two margin
p(1) − p(2), the Gini coefficient of p, and a free-
energy score E = − log

∑
v exp(zv), which re-

flects the overall evidence the model assigns at this
position without softmax normalization. Together
these describe how concentrated or diffuse the pre-
diction is. In traditional methods, uncertainty is
considered to be high when the prediction is dif-
fused.

Medical Knowledge Signals. These encode do-
main context around each token. Named entity
recognition is run offline with scispaCy (Neumann
et al., 2019) against UMLS/MedDRA (Bodenrei-
der, 2004), yielding entity types and confidence
scores. Medical density measures the fraction of
neighboring tokens recognized as medical entities
across window sizes. Corpus-level frequency and
IDF are computed over the full corpus. We also
compute a conditional PMI, which standardizes
PMIi within the entity type e assigned to token i:

cPMIi =
PMIi − µe

σe
, (4)

where µe and σe are the mean and standard de-
viation of PMI over all tokens of type e. These
corpus-level statistics are computed without refer-
ence to the annotations, so they do not leak label
information across the train/test split.

Distributional Signals. The central quantity
is the change the clinical record induces at each
position. We measure it as the point-wise mutual
information between the target token and the BHC,

PMIi = log pti − log p−ti , (5)

which is positive when the record raises the model’s
belief in the token, and negative when the to-
ken is produced despite, rather than because of,
the record. We also use a normalized variant
nPMIi = PMIi/(− log pti), taking − log pti as
the normalizer.

We compare the two distributions as a whole
through ∆p, ∆H , ∆E , and the KL and Jensen–
Shannon divergences between p and p−. Bringing
in pprior separates the entropy reduction due to the
record from that of the surrounding text:

H(pprior)−H(p−)︸ ︷︷ ︸
context

+H(p−)−H(p)︸ ︷︷ ︸
∆HBHC

= H(pprior)−H(p).

(6)

A token with ∆HBHC ≈ 0 is resolved by context
alone: fluent, but not grounded. Finally, neighbor-
hood features aggregate token probabilities over
sliding windows around i, since tokens inside the
same unsupported span tend to share uncertainty
patterns.

3.3 Classifier
We hypothesize that uncertainty is discretely dis-
tributed in the internal representations and that
each model’s internal activation differs accord-
ingly. Therefore, fixed parameters, thresholds, and
weights cannot accurately capture uncertainty, nor
can they fairly generalize across different mod-
els. To address this, we adopt a supervised ma-
chine learning approach to train tree classifiers
XGBoost (Chen and Guestrin, 2016) and Cat-
Boost (Prokhorenkova et al., 2018), and linear clas-
sifier Logistic Regression (Pedregosa et al., 2011)
on extracted features to predict token-level uncer-
tainty according to the change of contexts.

Data is split at the case level, treating each BHC-
summary pair as one case, with 80% for training
and 20% for testing. Our method predicts a contin-
uous uncertainty score in [0,1] for each token, and
a threshold is then applied to determine whether
a target token is flagged as uncertain. We then
perform 5-fold cross-validation on test sets.

3.4 Experiments
We evaluate on six LLMs: Mistral-7B-v0.1 (Jiang
et al., 2023), Llama-3.1-8B-Instruct and Llama-3.1-
70B-Instruct (Dubey et al., 2024), BioMistral-7B
(Labrak et al., 2024), Llama3-OpenBioLLM-8B
and Llama3-OpenBioLLM-70B (Pal and Sankara-
subbu, 2024). The first three are general-domain
models; the latter three are pretrained or fine-tuned
on biomedical data.

No existing UQ method targets clinical sum-
maries directly, so we adapted eight general-
domain baselines to our setting: Token Entropy
(Ma et al., 2025), Semantic Energy (Ma et al.,
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MIMIC-DI Generated-DI

BioMistral-7B OpenBioLLM-8B BioMistral-7B OpenBioLLM-8B

Method AUCROC AUPRC AUCROC AUPRC AUCROC AUPRC AUCROC AUPRC

Token Entropy 0.4337 0.0658 0.4832 0.0767 0.4421 0.0366 0.5363 0.0440
Semantic Energy 0.4714 0.0810 0.5375 0.0914 0.4697 0.0436 0.5534 0.0444
Semantic Entropy 0.6448 0.0868 0.5804 0.0854 0.5361 0.1050 0.5475 0.0735
Sliding Window Entropy 0.5127 0.0899 0.5877 0.1267 0.5884 0.0678 0.6940 0.1041
Decomposing Uncertainty 0.5938 0.0825 0.5657 0.0775 0.5925 0.1322 0.5959 0.1410
SE Probes 0.7204 0.1313 0.6015 0.0587 0.4061 0.1075 0.5909 0.1553
Uncertainty Aware Heads 0.5508 0.0810 0.5488 0.0852 0.6150 0.0575 0.6403 0.0682
Attention Chain 0.5195 0.0874 0.4913 0.1012 0.4549 0.0388 0.5098 0.0430

Reverse Probing (XGBoost) 0.8911 0.5478 0.8833 0.4976 0.8819 0.2316 0.9364 0.2892
Reverse Probing (CatBoost) 0.8691 0.5178 0.8848 0.5029 0.8435 0.2805 0.9144 0.2895
Reverse Probing (LRegression) 0.8508 0.3636 0.8545 0.4399 0.8122 0.1592 0.8807 0.2341

Table 1: Main results on MIMIC-DI and Generated-DI. Reverse Probing uses the max feature configuration (454
features). Baselines are adapted from general-domain methods as described in Section 3.4. Best results per column
are bold; second best are underlined.

2025), Uncertainty Aware Heads (Vazhentsev et al.,
2025), Attention Chain (Li et al., 2025), SE (Se-
mantic Entropy) Probes (Kossen et al., 2024), Slid-
ing Window Entropy (Sriramanan et al., 2024), De-
composing Uncertainty (Hou et al., 2024), and Se-
mantic Entropy (Farquhar et al., 2024; Kuhn et al.,
2023). Since our datasets consist of pre-existing
clinical summaries rather than model-generated
text, each baseline requires adaptation. Each adap-
tation preserves the core mechanism of the original
method while replacing generation-dependent com-
ponents with inference-only equivalents, ensuring
a fair comparison as baselines.

For Semantic Entropy, we replace full-response
sampling with sentence-level sampling: for each
sentence in a summary, we prompt the LLM to
explain it ten times, then compute semantic entropy
over the resulting outputs. Sentences containing
uncertain or hallucinated content tend to produce
semantically divergent paraphrases, preserving the
spirit of the original method.

For Sliding Window Entropy, we use the best hy-
perparameter configuration from grid search: win-
dow size 9, top-k 20.

For SE Probes method, we use the sentence-level
semantic entropy scores obtained from the Seman-
tic Entropy adaptation above as supervision signal
to train a linear probe over hidden states. We ex-
tract hidden states from every 4 layers in a single
forward pass, covering shallow, middle, and deep
representations. At test time, the probe predicts
uncertainty from a single forward pass without any
sampling, replacing the need for multiple genera-
tions. We use the same 80/20 train-test split as our

other experiments.
For baselines originally designed around masked

token prediction, we replace masking with a cloze-
style prompt: each token is withheld and the LLM
predicts it from context, after which we compute
Shannon entropy over the predicted distribution.

4 Results and Analyses

4.1 Main Results

We evaluate all methods at the token level. We
report the AUPRC and AUCROC for unsupported
tokens across all documents. Micro F1 is reported
in Appendix E. Rather than judging whether an
entire summary is reliable, we assess each token in-
dividually against expert annotations. While these
metrics partially overlap with hallucination detec-
tion, our objective is fundamentally distinct and
more intricate: we measure how models’ internal
representations activate when encountering unsup-
ported facts.

Although our AUCROC values are high, this
are partially affected by the severe class imbal-
ance in both datasets: 7.3% unsupported tokens in
MIMIC-DI, and only 2.05% unsupported tokens
in Generated-DI. AUCROC inflates because the
true negatives dominate the score. AUPRC is more
informative here, so we utilize it as the main ma-
tric. Our results show consistent improvement on
this metric across all models and configurations.
Among all models and configurations, our two tree-
structured classifiers XGBoost and CatBoost per-
form comparably. Logistic regression is consis-
tently weaker. However, it still beats every baseline
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Model Best baseline Baseline RP

MIMIC-DI
Mistral-7B Attention Chain 0.0918 0.6022
BioMistral-7B SE Probes 0.1313 0.5478
Llama3.1-8B SW Entropy 0.1171 0.5140
OpenBioLLM-8B SW Entropy 0.1267 0.5029
Llama3.1-70B SW Entropy 0.1090 0.3934
OpenBioLLM-70B SW Entropy 0.1244 0.3597

Generated-DI
Mistral-7B SE Probes 0.2067 0.3070
BioMistral-7B Decomp. Unc. 0.1322 0.2805
Llama3.1-8B SE Probes 0.1386 0.2761
OpenBioLLM-8B SE Probes 0.1553 0.2895
Llama3.1-70B SE Probes 0.1830 0.1939
OpenBioLLM-70B SE Probes 0.1709 0.2073

Table 2: Best baseline is the best result among all eight
baselines for that model and dataset (SW Entropy refers
to Sliding Window Entropy), with its AUPRC in Base-
line; RP is Reverse Probing AUPRC (best classifier,
max feature configuration). Best result per dataset in
bold.

on all six models on MIMIC-DI, which shows that
the features themselves has already carried the sig-
nal. Comparing to linear models, tree classifiers
perform better, which suggest the uncertainty has
complex feature interactions.

Table 1 reports results of BioMistral-7B and
OpenBioLlama-8B on AUCROC and AUPRC for
all methods on both datasets. The two models are
pretrained by medical data. Table 2 reports Reverse
Probing AUPRC across model scale and pretrain-
ing condition. Reverse Probing outperforms all
baselines by a large margin on both metrics. On
MIMIC-DI, where 7.3% of tokens are unsupported,
it reaches 0.6022 AUPRC with Mistral-7B against
0.0918 for the strongest baseline on that model, and
the margin ranges from 2.9× to 6.6× across the six
models. XGBoost achieves an AUPRC of 0.5478
with BioMistral-7B, compared to 0.1313 for the
strongest baseline (SE Probes), a roughly 4× im-
provement. The gap is smaller but consistent on
Generated-DI, where positive cases are only 2.1%,
and all methods score lower on all metrics.

Most of the baselines perform poorly. On
MIMIC-DI, the strongest of the eight reaches 0.13
AUPRC against a random baseline of 0.07, and sev-
eral fall below 0.5 AUCROC, meaning their scores
rank unsupported tokens no better than chance and
sometimes in the wrong direction. The gap be-
tween baselines and Reverse Probing reflects both
the difficulty of clinical text and the advantage of
token-level features extracted directly from internal
model signals.

Figure 3: F1 vs. number of features on MIMIC-DI and
Generated-DI. Each point is the mean over XGBoost
and CatBoost. MAX denotes 454 features for 7/8B
models and 886 for 70B models.

From efficiency point of view, Reverse Probing
requires only two forward passes per summary:
with and without BHC. This method executes 100
summaries in under 20 minutes on a single B200
GPU, compared to an average of 7 hours for multi-
sampling-based baselines such as Semantic En-
tropy and SE Probes. This efficiency comes from
operating directly on pre-existing text with only
predicting one masked token each time, making
it a practical candidate for real-time clinical de-
ployment. Table 3 in Appendix A reports the full
comparison.

An unexpected finding is that general-purpose
models such as Mistral-7B and Llama3.1-8B
sometimes outperform biomedical models such
as OpenBioLLM-8B. The best result of MIMIC-
DI and Generated-DI also comes from Mistral-7B,
which is a smaller general domain model. An expla-
nation is that biomedical pretraining makes models
more confident in medical content, suppressing the
uncertainty signals that our features rely on. An
overconfident model produces flatter entropy differ-
ences and smaller delta energy, making uncertain
tokens harder to distinguish from supported ones.

The results of 70B models are also lower than
those of smaller models. We hypothesize that larger
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Figure 4: Feature importance across models and feature configurations, using XGBoost. Rows group features
into the eight families of Section 3.2, which map onto four signal categories: distributional (context contrast,
neighborhood), semantic (logit, ranking & semantic), internal (hidden states, attention), and medical knowledge
(medical NER, lexical). Each column is one (model, configuration) pair, and each cell gives the share of total gain
carried by that family’s features among the top 20. Darker cells carry a larger share. AUPRC for each configuration
is shown above the column. MAX denotes 454 features for 7/8B models and 886 for 70B models.

models tend to produce overconfident predictions
across all contexts, compressing the dynamic range
of uncertainty features and making it harder for the
classifier to separate unsupported from supported
tokens. Additionally, larger models have more lay-
ers, and uncertainty signals may be more diffusely
distributed across their representations. However,
with a larger number of model layers, the sampling
is effectively sparser for large models when the
number of sampled features remains the same. Our
current feature set samples a fixed number of layers,
which may not capture enough information in 70B
models compared to smaller models. This is con-
sistent with findings in the literature showing that
model scale does not reliably improve uncertainty
estimation (Guo et al., 2017).

4.2 Uncertainty Source

Figure 3 shows how F1 changes with collected
feature number increased on MIMIC-DI and
Generated-DI. Performance generally increases
with more features. From 93 to 120 features, we

added more NER-derived features with scispaCy,
and add a wider neighbourhood window (w = 7).
Despite the larger feature count, F1 drops slightly
for several models at this stage, suggesting that
the NER-derived entity-type and confidence sig-
nals may be noisier. Performance recovers at
204 features, while the additional context-contrast,
PMI, entropy-decomposition, and medical-prior-
decomposition features are added. Given that more
features enhance the final result, this aligns with
our hypothesis that uncertainty exists in a discrete
form within the internal representations of models.

Figure 4 shows the most consistently impor-
tant features across models and configurations
from XGBoost. Of the four categories we de-
fined, only two carry substantial weight: distribu-
tional signals and internal signals. Under XGBoost,
delta_energy enters the top 20 in 47 of the 48
configurations and averages 2.65% of total gain,
the highest of any single feature. The second is
neighbor_avg_w5 at 1.69%. CatBoost gives the
similar result: delta_energy appears in all 48 con-
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Figure 5: Top 20 recurring features by importance
across models on MAX features, using Logistic Regres-
sion classifier, with contribution of the top 20 features
and AUPRC above each column. AUPRC is shown
above each column.

figurations with a mean share of 5.12%, close to
twice the second-ranked feature neighbor_avg_w5
(2.67%). The BHC context difference therefore
holds up as the most consistent predictor across
two classifiers and both datasets.

Neighborhood features rank second and stay sta-
ble across configurations. This matches prior work
showing that sliding window entropy improves un-
certainty estimation by incorporating local context
(Sriramanan et al., 2024), and it fits the structure of
clinical text, where medical concepts span several
tokens. The uncertainty of a single token rarely
means much on its own, and neighborhood signals
let the classifier judge whether a token sits inside a
broader uncertain region.

The two datasets differ in emphasis rather than
in kind. Neighborhood features weigh more heav-
ily in MIMIC-DI. This suggests that uncertainty
in human-written notes clusters within local spans.
Context contrast features like delta energy weigh
more heavily in Generated-DI. This indicates gen-
erated content tracks how the BHC shifts the output
distribution more closely.

Only the tree classifiers utilized the distributional
signals. In Figure 5, Logistic regression places
almost none of its weight on distributional signals,
and it concentrates on internal signals. Within that
group the weight concentrates on layer-wise norms
and layer-to-layer change. This shows capturing
the distributional signals requires a model that can
represent interactions between features rather than
weight them independently.

This finding also helps explain why traditional
UQ methods underperformed. Methods such as

Token Entropy and Semantic Energy measure the
output distribution at the final layer, which is cate-
gorized as Semantic Signals in our feature extrac-
tion process. However, in our final result, Semantic
Signals contribute the least among all classifiers.
Traditional methods missed the shift induced by
removing the BHC, and the local structure that ties
neighboring tokens together. Our results suggest
that these deeper internal signals carry most of the
useful uncertainty information in clinical text.

5 Conclusion

We introduce Reverse Probing, the first token-level
uncertainty quantification framework for clinical
text. Unlike traditional UQ methods that rely on
generating new text, we show that pre-existing clin-
ical summaries can serve as probes into the model’s
internal state. By feeding existing text into a frozen
LLM and taking snapshots of its internal repre-
sentations, we train a classifier to detect whether
hidden states and output distributions react to un-
supported content. This eliminates text generation
entirely, reducing inference time from 7-8 hours
to under 20 minutes, and making uncertainty esti-
mation practical where evaluating full generated
summaries is infeasible. Reverse Probing consis-
tently outperforms all adapted baselines, achieving
approximately 2.9 to 6.6 times AUPRC improve-
ment over all strongest baselines.

Feature analysis reveals that delta energy and
neighborhood signals are the most stable uncer-
tainty predictors. Delta energy captures how much
BHC context shifts the entire output distribution.
Neighborhood features reflect a fundamental prop-
erty of clinical text: medical concepts span multi-
ple tokens, and uncertainty rarely appears in isola-
tion. These signals suggest that LLMs internally
encode uncertainty in response to unsupported con-
tent. However, the uncertainty is distributed dif-
fusely and interactively. By tracing predictions
back to specific internal representations, Reverse
Probing turns uncertainty estimation into an inter-
pretable process, taking a step toward explainable
AI in clinical settings.

Limitations

Low-resource data. Our evaluation is limited to
two datasets, both derived from MIMIC-IV. To our
knowledge, these are the only publicly available
clinical summarization corpora with span-level an-
notations of unsupported facts. This kind of annota-
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tion requires trained clinicians to verify each claim
against the source record, which is slow, costly, and
difficult to scale.

Large model adaptability. Our framework per-
forms better on 7-8B models than to 70B models.
Larger models have more layers and more diffuse
internal representations, and we do not design a
targeted feature extraction strategy for this scale.
Adaptive layer sampling for large models is a natu-
ral direction for future work.

Single task generalization. We evaluate exclu-
sively on discharge summaries, and it remains to
be seen whether Reverse Probing generalizes to
other clinical text types such as radiology reports
or progress notes.

Uncertainty categorization. While our feature
analysis traces uncertainty back to its source sig-
nals, we do not categorize uncertainty by type. The
original datasets provide eleven fine-grained labels
for unsupported facts, and it remains an open ques-
tion whether different uncertainty sources system-
atically correspond to different error types. Link-
ing feature-level signals to semantic categories of
unsupported content would be a meaningful step
toward deeper interpretability.

Ethical Considerations

This work uses Hallucinations-MIMIC-DI and
Hallucinations-Generated-DI introduced by
Hegselmann et al. (2025). Both datasets derive
from MIMIC-IV-Note (Johnson et al., 2023), a
de-identified clinical corpus. Access to MIMIC-IV-
Note requires credentialed registration, completion
of CITI Data or Specimens Only Research
training, and a signed data use agreement through
PhysioNet. All authors met these requirements
before accessing any data, in compliance with the
PhysioNet data use policy. No new patient data
were collected. Our framework is a research tool
for evaluating model uncertainty against existing
expert annotations.
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A Implementation Details

All experiments are conducted on a single NVIDIA
B200 GPU. Table 3 breaks down the cost. Reverse
Probing requires only two forward passes per sum-
mary and processes 100 clinical summaries in less
than 20 minutes. Methods requiring multiple sam-
pling passes are more expensive: Semantic Entropy,
Decomposing Uncertainty, and SE Probes each re-
quire 7-8 hours for the same 100 samples, and
Uncertainty Aware Heads takes approximately 1.5
hours. Token Entropy, Semantic Energy, Sliding
Window Entropy, and Attention Chain complete
within a few minutes, comparable to our method,
but performance is much lower.

B Example Result

Figure 6 shows a sample output of Reverse Prob-
ing on a clinical summary. Tokens flagged with
uncertainty scores are highlighted in three colors:
true positives (green) correctly identify tokens that
are factually unsupported, false positives (red) are
tokens flagged but not annotated as uncertain, and
false negatives (blue) are annotated uncertain to-
kens that the model missed. The uncertainty score
shown next to each flagged token reflects the clas-
sifier’s estimation that the model is not sure about
this token.

C CatBoost Feature Contributions

Figure 7 repeats the analysis of Figure 4 using Cat-
Boost instead of XGBoost. The two classifiers use

Method Fwd. passes Time

Sampling-based
Semantic Entropy S ×Ns 7–8 h
Decomposing Uncertainty S ×Ns 7–8 h
SE Probes S ×Ns 7–8 h

Per-token prompting
Uncertainty Aware Heads W 1.5 h

Inference-only
Token Entropy 1 5 min
Semantic Energy 1 5 min
Sliding Window Entropy 1 10 min
Attention Chain 1 10 min

Reverse Probing 2 15+2 min

Table 3: Processing time of 100 clinical summaries on a
single NVIDIA B200. Ns is the number of sampled gen-
erations per sentence, S is the number of sentences per
summary and W is the number of words per summary.
The 15 minutes for Reverse Probing denotes the time
cost for feature collection, and the 2 minutes denotes
the time for training and testing.

Figure 6: The ground truth labels and uncertainty quan-
tification results for a sample clinical summary.

different definitions of importance: XGBoost re-
ports gain, the average reduction in loss attributable
to a feature across all splits, while CatBoost reports
PredictionValuesChange.

The feature contribution is similar to the result
from XGBoost. Distributional and internal sig-
nals carry most of the weight, semantic features
contribute little, and medical NER features never
enter the top 20 in any of the 48 configurations.
delta_energy ranks first again, with a mean share
of 5.12% against 2.67% for neighbor_avg_w5.

D Features Details

We extract token-level features from each model in
four progressively richer configurations (93, 120,
204, and max: 454/886 features). To save space,
each version is based on the previous one. All

8610

https://arxiv.org/abs/2605.01428
https://arxiv.org/abs/2605.01428
https://arxiv.org/abs/2605.01428


Figure 7: CatBoost Feature importance across models and feature configurations, with importance measured by
PredictionValuesChange. Cells give the share of total importance carried by each family among the top 20 features.
AUPRC is shown above each column. MAX denotes 454 features for 7/8B models and 886 for 70B models.

configurations share the same core groups: logit-
based uncertainty signals, context-contrast features
comparing distributions with and without the BHC,
semantic similarity to top-k predictions, neighbor-
hood smoothness, medical entity detection, and
lexical baseline statistics. Later versions expand
these groups and gradually introduce new ones. Ta-
bles 4–7 record details of each configuration.

E Full Experimental Results

This appendix reports complete results for all exper-
iments. Table 8 presents Reverse Probing results
for all six base LLMs and all configurations.
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Group Feature Description / Formula #

Logit
(with BHC)

entropy H = −∑
v pv log pv

normalized_entropy H/ log V
max_prob maxv pv
current_prob pi
margin p(1) − p(2), top-2 probability gap
ratio p(1)/p(2)
topk_cumulative

∑10
j=1 p(j)

gini
2
∑

j j p(j)
V

∑
j p(j)

− V +1
V

, probabilities sorted descending
perplexity exp(− log pi)
energy −

(
maxv ℓv + log

∑
v e

ℓv−max ℓ
)

10

Context
Contrast
(∆ BHC)

delta_prob pi − p−i
delta_entropy H(p)−H(p−)
delta_energy energy(p)− energy(p−)

3

Ranking &
Semantic
Similarity

(k ∈
{5, 10, 20})

rank_topk Rank of token i among top-k predictions (0 if absent)
in_topk 1[rank > 0]
max_sim_topk maxj cos(ei, e(j)) over top-k tokens
avg_sim_topk Mean cosine similarity to top-k tokens
top3_sim_topk Mean cosine similarity to top-3 tokens
sim_std_topk Std. dev. of cosine similarities to top-k
semantic_rank_topk First rank j with cos(ei, e(j)) > 0.7

21

Neighbourhood
(w ∈ {2, 3, 5})

neighbor_avg_ww Mean pj of the 2w surrounding tokens
neighbor_std_ww Std. dev. of surrounding token probabilities
isolation_ww pi − p̄nbr
relative_isolation_ww (pi − p̄nbr) / (σnbr + ε)
medical_density_ww Fraction of neighbors matching a medical keyword

list

15

Medical
Keyword is_medical Binary flag: token string matches a curated medical

keyword list
1

Lexical &
Baseline

freq Raw token frequency in the corpus
freq_normalized freq / total tokens
freq_log log(freq + 1)
idf log(N / (df + 1)), N = number of documents
rarity 1 / (freq + 1)
baseline_prob pi computed from a minimal BOS-only context
baseline_entropy H computed from a minimal BOS-only context

7

Hidden
States

(4 layers)

hidden_norm_lℓ ∥hℓ∥2
hidden_mean_lℓ mean(hℓ)
hidden_std_lℓ std(hℓ)

12

4 layers sampled at uniform intervals. 8B: layers {8, 16, 24, 31} (every 8 layers);
70B: layers {20, 40, 60, 79} (every 20 layers).

Hidden
State

Change

layer_change_lℓ1_to_lℓ2 ∥hℓ2 − hℓ1∥2 between consecutive sampled layers 6

layer_cosine_lℓ1_to_lℓ2 cos(hℓ1 , hℓ2)

3 consecutive pairs from the 4 sampled layers above.

Attention
Snapshots
(6 heads)

attn_entropy_lℓ_hh H(αℓ,h,i,·), entropy of the attention row
attn_to_bhc_lℓ_hh

∑
j≤LBHC

αℓ,h,i,j , total attention weight to BHC
tokens

attn_max_lℓ_hh maxj αℓ,h,i,j

18

6 (layer, head) pairs sampled to cover shallow, mid, and deep
layers. 8B: (7, 16), (15, 24), (23, 0), (23, 9), (23, 28), (31, 8); 70B:
(7, 16), (17, 24), (57, 0), (57, 9), (57, 28), (77, 8). The sampling count is
identical; indices are scaled to model depth and head count.

Total 93

Table 4: 93 token-level features. Parameters that differ between models are noted in the Description column.
Notation: pi = softmax probability of the actual token i; p = full distribution over vocabulary V ; ℓi = logit of token
i; p− = distribution computed without BHC context; hℓ = hidden state vector at layer ℓ; αℓ,h = attention weights at
layer ℓ, head h.
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Group Feature Description / Formula #

Logit (with
BHC)

Same 10 features as Table 4. 10 / 10

Context Contrast
(∆ BHC)

Same 3 features as Table 4. 3 / 3

Ranking &
Semantic
Similarity
(k∈{5, 10, 20})

Same 21 features as Table 4. 21 / 21

Neighbourhood
(w∈

{2, 3, 5, 7})

neighbor_avg_ww Mean pj of the 2w surrounding tokens
neighbor_std_ww Std. dev. of surrounding token probabilities
isolation_ww pi − p̄nbr
relative_isolation_ww (pi − p̄nbr) / (σnbr + ε)
medical_density_ww Fraction of neighbours detected as medical terms

(NER)

20 / 20

Medical NER
(scispaCy +

UMLS/MedDRA)

is_medical Binary: token detected by NER or vocabulary
ner_entity_type Integer-encoded entity type (12 classes: O, CHEMI-

CAL, DISEASE, . . . )
medical_confidence Source confidence: NER+vocab = 1.0, NER = 0.85,

vocab = 0.6

3 / 3

Lexical & Base-
line

Same 7 features as Table 4. 7 / 7

Hidden
States

(8 layers)

hidden_norm_lℓ ∥hℓ∥2
hidden_mean_lℓ mean(hℓ)
hidden_std_lℓ std(hℓ)

24 / 24

8 layers sampled at uniform intervals (≈every 4 layers for 8B, every 10 for 70B).
8B: {2, 6, 10, 14, 18, 22, 26, 31}; 70B: {5, 15, 25, 35, 45, 55, 65, 79}.

Hidden
State

Change
(7 pairs)

layer_change_lℓ1_to_lℓ2 ∥hℓ2 − hℓ1∥2 between consecutive sampled layers 14 / 14

layer_cosine_lℓ1_to_lℓ2 cos(hℓ1 , hℓ2)

7 consecutive pairs from the 8 sampled layers above.

Attention
Snapshots
(6 heads)

attn_entropy_lℓ_hh H(αℓ,h,i,·), entropy of the attention row
attn_to_bhc_lℓ_hh

∑
j≤LBHC

αℓ,h,i,j , total attention weight to BHC
attn_max_lℓ_hh maxj αℓ,h,i,j

18 / 18

6 (layer, head) pairs covering shallow, mid, and deep lay-
ers. 8B: (7, 16), (15, 24), (23, 0), (23, 9), (23, 28), (31, 8); 70B:
(37, 24), (17, 16), (57, 0), (57, 9), (57, 28), (77, 8). Layer indices scaled
proportionally; head count identical.

Total 120 / 120

Table 5: Token-level features (120 total) extracted using Llama-3.1-8B-Instruct (32 layers, 32 attention heads)
and Llama3-OpenBioLLM-70B (80 layers, 64 attention heads). Groups identical to Table 4 are abbreviated;
only modified or new groups are shown in full. Compared to the 93-feature set: (1) Increased windown size 7;
(2) medical detection upgraded from keyword matching to scispaCy NER with 3 output features; (3) hidden-state
sampling expanded to 8 layers with 7 inter-layer change pairs. Notation as in Table 4; layer/head indices that differ
between models are listed in the notes rows.
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Group Added / Changed Description / Formula 120 / 204

Unchanged from Table 5: logit (10), ranking & semantic (21), neighbourhood (20), lexical & baseline
(7), hidden states (24), hidden state change (14), attention snapshots (18).

114 / 114

Context Contrast kl_with_vs_no,
kl_no_vs_with,
js_divergence,
rank_with_bhc,
rank_without_bhc,
delta_rank,
topk_overlap,
topk_jaccard,
delta_margin,
prob_vs_no_max

Divergence, rank shift, and top-k overlap between p and
p−, complementing the three ∆ features carried over from
Table 5

3 / 13

Medical NER 6 one-hot entity-
type flags,
ner_is_high_risk

Adds entity-type-specific flags (chemical, disease, gene,
cancer, anatomy, pathology) and a high-risk compos-
ite flag on top of the is_medical / ner_entity_type /
medical_confidence features already present in Table 5

3 / 10

PMI (new) pmi, pmi_vs_prior,
npmi, cpmi

log pwith
i − log pnoi ; variants against the language prior,

length-normalised, and standardised within entity type
0 / 4

Entropy Decom-
position (new)

bhc_info_gain,
ctx_info_gain,
total_info_gain,
bhc_contribution_ratio,
bhc_info_gain_norm

Separates the entropy reduction attributable to the BHC
from that of the surrounding context, using H(pprior),
H(p−), H(p)

0 / 5

Medical Prior De-
composition (new)

halluc_risk_ratio,
patient_specificity,
context_reliance_score,
prob_dominance_order,
patient_specificity_norm

Distinguishes tokens supported by patient-specific evi-
dence from those recoverable from medical prior alone

0 / 5

Attention Drift
(new)

attn_drift_lℓ1_lℓ2_hh DKL(α̃ℓ1,h,i ∥ α̃ℓ2,h,i) between adjacent-layer attention
rows; captures sudden shifts in grounding

0 / 44

Three bands of 4 consecutive layers (shallow, mid, deep) give 12 layers and 11
adjacent pairs; 11 × 4 heads = 44. 8B: {0–3} ∪ {14–17} ∪ {28–31}, h ∈
{0, 8, 16, 24}. 70B: {0–3} ∪ {35–38} ∪ {76–79}, h∈{0, 16, 32, 48}.

Attention Rollout
(new)

rollout_to_bhc_lℓ,
rollout_entropy_lℓ,
rollout_max_weight_lℓ

Rℓ =
∏ℓ

k=0(0.5Ak + 0.5 I), row-normalised at each
step; cumulative attention to BHC, its entropy, and its max
weight

0 / 9

One checkpoint at the last layer of each band (3 checkpoints × 3 features). 8B:
ℓ∈{3, 17, 31}; 70B: ℓ∈{3, 38, 79}.

Total 120 / 204

Table 6: The 204-feature set changed from the 120-feature set of Table 5. Groups marked (new) did not exist in the
120-feature set (hence the 0 in the left-hand count) and were introduced for the first time here. p, p−, and pprior

denote the output distribution with the BHC, without the BHC, and from a minimal BOS-only context. Note that
delta_entropy and bhc_info_gain are sign-inverted forms of the same quantity.
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Group Feature Description / Formula #

Logit / Contrast / Rank-
ing / Neighbourhood /
Medical NER / Lexi-
cal / PMI / Entropy De-
comp. / Medical Prior
Decomp.

Same as Table 6: 54 + 10 + 7 + 3 + 5 + 5 = 84 features. 84 / 84

Hidden
States

(all L layers,
expanded)

hidden_norm_lℓ ∥hℓ∥2, ℓ = 0, . . . , L−1
hidden_mean_lℓ mean(hℓ)
hidden_std_lℓ std(hℓ)

96 / 240

Expanded from 8 sampled layers to all L layers. 8B: 32× 3 = 96; 70B:
80× 3 = 240.

Hidden
State Change

(all L−1 pairs,
expanded)

layer_change_lℓ_to_l(ℓ+1)∥hℓ+1 − hℓ∥2 62 / 158

layer_cosine_lℓ_to_l(ℓ+1)cos(hℓ, hℓ+1)

Expanded from 7 sampled pairs to all consecutive pairs. 8B: 31 × 2 =
62; 70B: 79× 2 = 158.

Attention Snapshots (6
heads)

Same 18 features as Table 6. 18 / 18

Attention
Drift

(4 heads,
all L−1 pairs,

expanded)

attn_drift_lℓ_l(ℓ+1)_hhDKL(α̃ℓ,h,i ∥ α̃ℓ+1,h,i), KL divergence be-
tween adjacent-layer attention rows

124 / 316

Expanded from 3 bands to all adjacent layer pairs. 4 heads at uniform in-
tervals. 8B: h∈{0, 8, 16, 24}, 31 pairs = 124; 70B: h∈{0, 16, 32, 48},
79 pairs = 316.

Attention
Rollout

(8 checkpoints,
expanded)

rollout_to_bhc_lℓ
∑

j<LBHC
[Rℓ]i,j , cumulative attention to BHC

rollout_entropy_lℓ H(Rℓ[i, ·])
rollout_max_weight_lℓ maxj [Rℓ]i,j

24 / 24

Rℓ =
∏ℓ

k=0(0.5Ak + 0.5 I); expanded from 3 to 8 uniformly spaced
checkpoints (8B: every 4 layers; 70B: every 10 layers).

Total 454 / 886

Table 7: Token-level features extracted using Llama-3.1-8B-Instruct (454 features, 32 layers, 32 attention heads)
and Llama3-OpenBioLLM-70B (886 features, 80 layers, 64 attention heads). Groups unchanged from Table 6 are
abbreviated. Compared to the 204-feature set, three groups are expanded to cover all model layers: (1) hidden-state
features extended from 8 sampled layers to all L layers; (2) hidden-state change features extended from 7 sampled
pairs to all L−1 consecutive pairs; (3) attention drift extended from 3 depth bands to all adjacent layer pairs; (4)
rollout checkpoints increased from 3 to 8. The increase in total features (204→454/886) is entirely due to these
layer-coverage expansions. Notation as in Table 4.
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XGBoost CatBoost

Config F1 AUCROC AUPRC F1 AUCROC AUPRC

OpenBioLLM-8B / MIMIC-DI
93 0.3953 0.8598 0.4418 0.4015 0.8645 0.4485
120 0.4466 0.8781 0.4615 0.4259 0.8643 0.4445
204 0.4454 0.8774 0.4600 0.4247 0.8684 0.4525
MAX (454) 0.4651 0.8833 0.4976 0.4534 0.8848 0.5029
OpenBioLLM-8B / Generated-DI
93 0.2162 0.8714 0.1719 0.2273 0.8818 0.2194
120 0.2857 0.9046 0.2421 0.4082 0.8739 0.2588
204 0.2449 0.8983 0.1897 0.3396 0.8773 0.2277
MAX (454) 0.3038 0.9364 0.2892 0.3146 0.9144 0.2895

Llama3.1-8B / MIMIC-DI
93 0.4608 0.8657 0.4742 0.4435 0.8527 0.4842
120 0.4272 0.8814 0.4732 0.4504 0.8659 0.4808
204 0.4488 0.8747 0.4763 0.4331 0.8724 0.4858
MAX (454) 0.4712 0.8967 0.5110 0.4766 0.8755 0.5140
Llama3.1-8B / Generated-DI
93 0.2276 0.9133 0.1496 0.2143 0.8481 0.1956
120 0.2000 0.9228 0.1854 0.2609 0.9136 0.2033
204 0.2222 0.9229 0.1479 0.2600 0.9340 0.2761
MAX (454) 0.3117 0.9365 0.2121 0.3036 0.9245 0.2253

OpenBioLLM-70B / MIMIC-DI
93 0.3665 0.8545 0.3023 0.3900 0.8658 0.3260
120 0.3672 0.8512 0.2991 0.3737 0.8562 0.3023
204 0.3890 0.8639 0.3125 0.3870 0.8585 0.3281
MAX (886) 0.3876 0.8710 0.3500 0.4009 0.8706 0.3597
OpenBioLLM-70B / Generated-DI
93 0.2222 0.8089 0.1249 0.2540 0.8262 0.2008
120 0.1636 0.8130 0.1208 0.2286 0.8218 0.1725
204 0.1837 0.8141 0.1277 0.2162 0.7998 0.1548
MAX (886) 0.3030 0.7985 0.2162 0.2459 0.8117 0.2073

Llama3.1-70B / MIMIC-DI
93 0.3657 0.8407 0.2965 0.3839 0.8494 0.3528
120 0.3382 0.8408 0.3057 0.3502 0.8337 0.2964
204 0.3643 0.8524 0.3233 0.3636 0.8533 0.3268
MAX (886) 0.3932 0.8594 0.3934 0.3968 0.8563 0.3835
Llama3.1-70B / Generated-DI
93 0.1667 0.8344 0.1252 0.2121 0.8055 0.1679
120 0.2609 0.8226 0.1486 0.1875 0.7657 0.1322
204 0.1633 0.7877 0.1247 0.1905 0.8179 0.1378
MAX (886) 0.2963 0.8132 0.1697 0.2326 0.7999 0.1939

BioMistral-7B / MIMIC-DI
93 0.3882 0.8293 0.4297 0.3980 0.8216 0.4126
120 0.3834 0.8482 0.4366 0.3560 0.8328 0.4197
204 0.4057 0.8615 0.4562 0.4110 0.8512 0.4543
MAX (454) 0.4812 0.8911 0.5478 0.4535 0.8691 0.5178
BioMistral-7B / Generated-DI
93 0.2020 0.8192 0.1170 0.1765 0.7856 0.1254
120 0.2222 0.8364 0.1997 0.2254 0.7979 0.1623
204 0.2785 0.8318 0.1833 0.2432 0.8062 0.1442
MAX (454) 0.3103 0.8819 0.2316 0.2712 0.8435 0.2805

Mistral-7B / MIMIC-DI
93 0.4459 0.8480 0.4654 0.3944 0.8260 0.4328
120 0.4514 0.8598 0.4818 0.4378 0.8372 0.4545
204 0.4742 0.8594 0.4894 0.4259 0.8493 0.4706
MAX (454) 0.5519 0.9023 0.6022 0.4928 0.8937 0.5737
Mistral-7B / Generated-DI
93 0.2500 0.8069 0.1938 0.2740 0.8178 0.1799
120 0.3000 0.8162 0.1878 0.2963 0.8397 0.1960
204 0.3125 0.8164 0.2005 0.3291 0.8030 0.1932
MAX (454) 0.3611 0.8476 0.2373 0.3934 0.8539 0.3070

Table 8: Reverse Probing full results across all models.
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