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Abstract

Biomedical language models can generate
overly confident clinical statements despite in-
complete or ambiguous evidence. We study
whether linguistic uncertainty (the hedged epis-
temic stance expressed in phrases such as “con-
sistent with” or “cannot exclude”) is encoded
in model representations and can be controlled
without retraining. Across six biomedical
language models spanning two architectures
(causal decoders and bidirectional encoders),
we show that uncertainty is captured by ro-
bust low-dimensional linear structure in hid-
den states. We then apply activation steering
to manipulate this representation directly, in-
creasing hedged generation in decoder models
and inducing targeted uncertainty-related shifts
in encoder representations. Together, these re-
sults show that epistemic stance is not merely
a surface linguistic phenomenon but an inter-
pretable and controllable feature of biomedical
language model representations, with implica-
tions for safer and more calibrated clinical text
generation.

1 Introduction

Biomedical language models are increasingly pro-
posed as components of clinical decision sup-
port systems, from radiology report generation to
literature-assisted diagnosis. Yet a gap persists be-
tween benchmark performance and clinical deploy-
ability: language models trained on biomedical text
tend to produce assertions in a confident declarative
register, even when the clinical evidence is incom-
plete. Prior work has documented this tendency in
the factual domain (Singhal et al., 2023; Umapathi
et al., 2023) and in models’ failure to express cal-
ibrated uncertainty in their outputs (Xiong et al.,
2024); the corresponding problem for linguistic
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hedging style in clinical text is the focus of this
work.

Throughout this work, we use uncertainty to re-
fer to the linguistic expression of epistemic hedging
in clinical text (the use of modal constructions and
speculative cues that mark epistemic stance toward
a proposition), rather than to a model’s confidence
calibration over factual claims (Geng et al., 2024).
Expressing this uncertainty (“findings are consis-
tent with,” “cannot exclude”) is a learned profes-
sional skill with real safety consequences (Panicek
and Hricak, 2016): confident model outputs invite
action without confirmation, while hedged outputs
prompt consideration of alternatives.

Existing behavioral control methods operate ei-
ther at the input level (prompting, brittle (Zhao
et al., 2021; Lu et al., 2022)) or the parameter
level (fine-tuning, expensive). A third approach
from mechanistic interpretability, activation steer-
ing (Turner et al., 2023; Zou et al., 2023; Pan-
ickssery et al., 2024), intervenes directly on hidden
states at inference time along directions encoding
target concepts, requiring no retraining. Whether
this prospect is realistic for clinical uncertainty in
biomedical models is an open empirical question.

Two conditions must hold: uncertainty must
be linearly encoded in hidden states, and steer-
ing along this direction must shift outputs without
collapsing other generation properties. We inves-
tigate both systematically across six biomedical
language models spanning two architectural fami-
lies (causal decoders and bidirectional encoders),
parameter scales ranging from 110M to 2.7B, and
five pretraining corpora. This multi-model scope
is deliberate: a finding that holds only for a single
checkpoint could reflect checkpoint-specific mem-
orization of speculation cues; establishing it across
architectures, scales, and corpora is evidence that
linear uncertainty encoding is a property of biomed-
ical LM training rather than an artifact. Our five
contributions are:
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• We show uncertainty is linearly decodable across
all six models (80–87% 5-fold CV accuracy),
establishing it as a general property of biomedical
LMs rather than a model-specific artifact.

• We document a 15-fold Cohen’s d improvement
for mean vs. last-token pooling in BioGPT (1.33
vs. 0.09), with implications for probing biomedi-
cal LMs broadly.

• We introduce a principled two-stage layer selec-
tion (2/3-depth anchor ±2 window) validated em-
pirically: gains range from +0.25pp to +2.50pp,
with BioBERT showing the most striking im-
provement (L10 over L8 anchor).

• We show that dynamic hidden-norm calibration
prevents generation quality collapse across the
full tested steering range for decoder models,
and characterize qualitatively distinct steering
regimes for BioGPT and BioMedLM arising
from differences in scale and hidden dimension.

• We introduce a five-metric encoder
representation-steering suite (projection
shift, probability shift, flip rate, centroid cosine
shift, on-axis fraction) and demonstrate consis-
tent, architecturally uniform shifts across all
four encoder models despite distinct pretraining
corpora.

2 Related Work

Uncertainty in biomedical text. The BioScope
corpus (Vincze et al., 2008) provides sentence-level
speculation annotations used as ground truth in our
work. Prior classification work (Agarwal and Yu,
2010; Adel and Schütze, 2015) treated hedging as a
surface-level feature; we ask whether it constitutes
an internal representational property of biomed-
ical LMs. Recent clinical LLM calibration work
(Umapathi et al., 2023; Singhal et al., 2023) focuses
on factual accuracy rather than the expression of
epistemic stance, leaving our question largely un-
addressed.

Probing representations. Probing (training clas-
sifiers on frozen hidden states) has established a
layered hierarchy of linguistic information in LMs
(Hewitt and Manning, 2019; Tenney et al., 2019;
Belinkov, 2022). In biomedical models, probing
has focused on domain knowledge (Sung et al.,
2021; Vulić et al., 2020); pragmatic and stance-like
properties are understudied. A key caveat is that de-
codability does not imply task relevance (Ravichan-
der et al., 2021), a distinction directly relevant to
our steering results.

Activation steering. The linear representation
hypothesis (Park et al., 2024) underlies activation
addition (Turner et al., 2023), representation engi-
neering (Zou et al., 2023), and contrastive activa-
tion addition (Panickssery et al., 2024). Method-
ological concerns include surface-feature con-
founds (Elazar et al., 2021) and out-of-distribution
degradation at large perturbation magnitudes (Zou
et al., 2023). Application to biomedical models is,
to our knowledge, unexplored. We address this gap
across six models with two architectural families
and full multi-metric evaluation.

Multi-model comparative probing. Most prob-
ing studies target a single model or checkpoint (Ten-
ney et al., 2019; Hewitt and Manning, 2019); sys-
tematic comparison across architectures remains
less common. Notable exceptions include Vulić
et al. (2020), who compare BERT variants on lexi-
cal knowledge, and Belinkov (2022), who survey
cross-model probing methodology. Our study ex-
tends this comparative lens to a pragmatic property
(epistemic stance) across two architectural fami-
lies with different training objectives, examining
both where uncertainty representations form and
whether they support controlled steering.

3 Methods

The methodology has two stages: (i) train linear
probes on frozen hidden states to identify the layer
and direction wℓ̂ that best separates uncertain from
certain sentences (§§3.3–3.4); (ii) inject a scaled
multiple of that direction at inference time via a
forward hook, with no retraining (§§3.5–3.6).

3.1 Dataset

We use the BioScope corpus (Vincze et al., 2008),
which provides token-level scope annotations for
speculation and negation. We collapse these to
sentence-level binary labels: sentences containing
any speculation cue are treated as uncertain, all oth-
ers as certain. This simplification discards scope
information but yields a clean binary contrast set
aligned with our probing objective. Parsing all
three sub-corpora (abstracts, full papers, clinical
reports) yields 3,065 uncertain and 13,007 certain
sentences. After restricting to sentences of 30–200
characters, we sample 200 of each class (seed 42)
to form a balanced 400-sentence contrast set D.
Files are enumerated alphabetically before sam-
pling for cross-platform reproducibility. Despite
length filtering, a small residual difference remains
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Table 1: Models evaluated (float32, no quantization).

Model Arch. L Params Pretrain

BioGPT Dec. 24 345M PubMed
BioMedLM Dec. 32 2.7B PubMed

BioBERT Enc. 12 110M PubMed+PMC
ClinicalBERT Enc. 12 110M MIMIC-III
BlueBERT Enc. 12 110M PubMed+MIMIC
SciBERT Enc. 12 110M Broad sci.

(27.1 vs. 24.6 tokens on average), which we later
control via orthogonalization.

3.2 Models and representation extraction
We study six biomedical LMs across two families
(Table 1): two causal decoders, BioGPT (Luo et al.,
2022) and BioMedLM (Bolton et al., 2024), and
four bidirectional encoders, BioBERT (Lee et al.,
2020), ClinicalBERT (Alsentzer et al., 2019), Blue-
BERT (Peng et al., 2019), and SciBERT (Beltagy
et al., 2019). For sentence s tokenized into T to-
kens, we extract mean-pooled hidden states at layer
ℓ:

hℓ(s) =
1

T

T∑

t=1

Hℓ(s)[t, :] (1)

We use mean pooling uniformly; Section 4.1 shows
it yields Cohen’s d = 1.33 vs. 0.09 for last-token
pooling, motivating this choice.

3.3 Linear probing
For each layer ℓ, we train a logistic regression
probe:

p(y=unc. | hℓ(s)) = σ
(
w⊤

ℓ hℓ(s) + bℓ

)
(2)

with ℓ2-regularization C = 0.1. Evaluation uses
stratified 5-fold CV on the 400-sentence set; we
report mean accuracy, std, and 95% CI.

3.4 Principled layer selection
Stage 1: 2/3-depth anchor.

ℓ∗ = round
(
2N
3

)
(3)

This heuristic is grounded in probing studies show-
ing that middle-to-upper layers encode the most
abstract linguistic properties (Tenney et al., 2019;
Belinkov, 2022). For decoders it also balances rep-
resentational maturity against propagation distance
(enough remaining blocks for the injected signal to
influence generation). The formula gives ℓ∗ = 8
for all 12-layer BERT variants and ℓ∗ = 16 for
BioGPT; the latter coincides with the layer exam-
ined in Luo et al. (2022).

Table 2: Steering layer selection. ℓ∗ = round(2N/3); ℓ̂
= window-best (Eq. 4). † = window differs from anchor.

Model N ℓ∗ Acc@ℓ∗ ℓ̂ Acc@ℓ̂ Std

BioGPT 24 16 85.50% 16 85.50% 2.44%
BioMedLM† 32 21 84.00% 22 84.25% 1.90%

BioBERT† 12 8 84.00% 10 86.50% 2.40%
ClinicalBERT† 12 8 82.00% 9 82.75% 3.79%
BlueBERT 12 8 80.75% 8 80.75% 5.35%
SciBERT† 12 8 84.75% 10 85.00% 3.42%

Stage 2: Local empirical refinement. Probe ac-
curacy curves are locally flat across several adja-
cent layers. We search within ±2 layers of the
anchor, selecting by highest mean accuracy (ties
broken by minimum std):

ℓ̂ = argmax
ℓ∈[ℓ∗−2, ℓ∗+2]∩{1,...,N}

(
āℓ, −sℓ

)
(4)

where āℓ is the mean CV accuracy and sℓ the stan-
dard deviation at layer ℓ. The tuple (āℓ,−sℓ) en-
codes lexicographic tie-breaking: select the layer
with highest mean accuracy; break ties by lowest
standard deviation. Layer 0 (embedding output) is
excluded as it is not a hookable transformer-block
module. Table 2 and Figure 2 show that the win-
dow correctly identifies BioBERT L10 over the L8
anchor (+2.50pp); BioGPT and BlueBERT show
zero gain (anchor = window-selected layer), and
the remaining three models (BioMedLM, Clini-
calBERT, SciBERT) gain between +0.25pp and
+0.75pp.

3.5 Hidden-norm calibration and steering
directions

Steering magnitude is parameterized fractionally:

αeff = αfrac · ∥hℓ̂∥est (5)

where ∥hℓ̂∥est is estimated dynamically from 8
generic biomedical sentences. This makes αfrac
interpretable as a fraction of typical hidden-state
magnitude across layers and models. For BioGPT
L16, dynamic calibration yields ≈ 205, versus the
static value 616 used in our uncalibrated baseline
(derived from a single prompt without averaging),
a 3× discrepancy that produced perplexity collapse
(> 400) at αfrac = 0.25; calibrated norms prevent
this entirely.

We construct two steering directions at ℓ̂, both
derived from the probe in Eq. 2. For the steering
direction the probe is retrained on all 400 sentences
(rather than per-fold subsets) to obtain a maximally
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stable direction; Finding 3 shows this recovers per-
fold CV accuracy completely.

The probe direction is:

vprobe = wfull
ℓ̂

(6)

The orthogonalized direction removes two can-
didate confound directions from vprobe: a length
direction vlen (regression weights predicting token
count) and a hedge-count direction vhedge (regres-
sion weights predicting hedging-vocabulary occur-
rences). We define the orthogonalization operator
as:

orth(u,v) = u− u⊤v
∥v∥2v (7)

and apply it sequentially:

vortho = orth
(
orth(vprobe, vlen), vhedge

)
(8)

The resulting direction is orthogonal to both con-
founds while retaining maximum alignment with
the original probe direction. For BioGPT L16,
cos(vprobe,vortho) = 0.95, confirming that orthog-
onalization makes only a small angular adjustment.
Note that this procedure controls for hedge-count
as a scalar surface feature; it does not fully sepa-
rate lexical from semantic content, since the probe
direction itself is derived from annotations defined
partly by the presence of hedging vocabulary.

3.6 Steering protocols

Decoder steering. We register a forward hook
at ℓ̂ that adds αeff · v̂ to all token positions during
both prefill and each autoregressive decoding step.
We sweep αfrac ∈ {0, 0.025, . . . , 0.25} (9 values)
for probe and ortho directions; 20 seeds × 5 radi-
ology prompts = 100 samples per configuration.
BioMedLM uses a coarser step of 0.05 (6 values)
due to its larger memory footprint; the monotoni-
cally increasing response gives no indication that
finer resolution would alter the qualitative findings.
Outputs are scored on hedge score, lexical diversity,
token validity, and perplexity (see Appendix E).

Encoder steering. For encoder models (no gen-
eration), we inject αeff · v̂ at ℓ̂ and compare modi-
fied vs. original mean-pooled hidden states across
80 held-out test sentences. We compute five met-
rics: projection shift ∆proj, probability shift ∆prob,
decision-boundary flip rate, centroid cosine shift
∆cos, and on-axis fraction (formal definitions in
Appendix E).

Table 3: Probe CV accuracy at selected steering layer ℓ̂.

Model ℓ̂ L0 acc Acc@ℓ̂ Std

BioGPT 16 82.00% 85.50% 2.44%
BioMedLM 22 55.25% 84.25% 1.90%

BioBERT 10 76.00% 86.50% 2.40%
ClinicalBERT 9 77.75% 82.75% 3.79%
BlueBERT 8 77.00% 80.75% 5.35%
SciBERT 10 80.50% 85.00% 3.42%

Compute. All canonical experiments use
Python 3.11.9, PyTorch 2.5.1+cu121, Trans-
formers 4.49.0, NVIDIA GPU, CUDA 12.1,
float32. bfloat16/float16 produce equivalent probe
accuracies on the same CUDA device (within
0.25pp). Platform-level non-determinism (CUDA
vs. MPS) can shift layer selection within the ±2
window; CUDA results are canonical.

4 Results

4.1 Pooling method determines observable
structure

At BioGPT layer 16, last-token pooling yields Co-
hen’s d=0.088 (57% accuracy), while mean pool-
ing yields d=1.331 (85.50% probe CV accuracy
at this layer). Last-token representations are domi-
nated by the final content token (e.g. pneumonia),
which is informative about topic but not epistemic
stance. Mean pooling surfaces distributed sentence-
level properties including hedging. All subsequent
analyses use mean-pooled hidden states.

4.2 Uncertainty is linearly decodable across
all six models

Table 3 and Figure 1 report probe accuracy across
models.

Finding 1: Robust cross-model decodability.
All six models achieve 80–87% CV accuracy at the
selected steering layer. The narrow spread across
models with different architectures, sizes, and pre-
training corpora indicates that linear encoding of
epistemic stance is a general property of biomedi-
cal LMs rather than a checkpoint-specific artifact.

Finding 2: Layer-0 accuracy reveals family-level
differences. BioGPT achieves 82% at layer 0;
uncertainty is already largely encoded in the to-
ken embeddings through surface lexical statistics.
BioMedLM achieves only 55% at layer 0 (near
chance), meaning its uncertainty encoding is built
entirely by transformer computation despite shar-
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Figure 1: Probe accuracy across normalised layer depth for all models. Shaded bands are 95% CI. Diamonds mark
the window-selected layer ℓ̂. Dashed line marks the 2/3-depth anchor.
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Figure 2: Anchor vs. window-best accuracy for all mod-
els. Annotations show percentage-point gain from the
±2 refinement; BioGPT and BlueBERT show zero gain
(anchor = window-selected layer).

ing the same pretraining corpus as BioGPT. En-
coder models occupy an intermediate position (76–
81%), consistent with bidirectional attention en-
abling richer early contextualization even within
the embedding layer’s immediate context. This
family-level contrast is clearly visible in Figure 1.

Finding 3: The uncertainty direction is stable
and concentrated. The non-trivial question is
whether the learned direction is consistent: does
a single direction computed once on all 400 sen-
tences, frozen across folds, recover the same accu-
racy as a per-fold adaptive probe free to re-orient
across the full representation space? We test this
by projecting onto vprobe and training only a scalar
threshold per fold. For BioGPT L16, the frozen
direction achieves 85.50%, matching the per-fold
adaptive probe (2.44% std); encoder models re-
cover > 98% of per-fold accuracy. This confirms
that uncertainty is concentrated along a single con-

sistent geometric axis. Orthogonalizing against sen-
tence length and hedge-count reduces accuracy by
< 1pp (85.50% → 85.00%), confirming the direc-
tion encodes epistemic stance, not surface statistics.
Full layer-by-layer tables appear in Appendix F.

4.3 Decoder steering: controlled range,
non-monotonic peak

Figure 3 shows BioGPT decoder steering at L16
with calibrated norms (≈ 205). Four findings
emerge.

Finding 1: Clean steering at low-to-mid mag-
nitudes. Hedge score rises from 0.35 (baseline)
to 0.90 at αfrac = 0.125 (probe direction, 2.6× in-
crease) while lexical diversity (0.94) and perplexity
(20.3) remain near baseline (0.95 and 17.0). This
is the signature of a clean semantic intervention.

Finding 2: Calibration prevents collapse. With
static norm 616, perplexity at αfrac = 0.25 exceeds
400. With calibrated norm ≈ 205 (3× smaller
effective perturbation), perplexity peaks at 43.7
(2.6× baseline) and lexical diversity stays at or
above 0.91 throughout the tested range.

Finding 3: Non-monotonic hedge response.
The probe-direction hedge score peaks at αfrac =
0.125 (H = 0.90), then oscillates between 0.80
and 0.88 above the peak (0.84 → 0.80 → 0.88 at
αfrac ∈ {0.15, 0.20, 0.25}), indicating the model
transitions through different response regimes even
within the collapse-free range. The ortho direction
mirrors this with a slightly higher peak (H = 0.97
at αfrac = 0.125), consistent with the probe direc-

1070



0.0 0.1 0.2
frac

0.4

0.5

0.6

0.7

0.8

0.9

1.0

H
ed

ge
 s

co
re

0.0 0.1 0.2
frac

20

25

30

35

40

45

Pe
rp

le
xi

ty

0.0 0.1 0.2
frac

0.91

0.92

0.93

0.94

0.95

Le
xi

ca
l d

iv
er

si
ty

0.0 0.1 0.2
frac

0.86

0.87

0.88

0.89

0.90

0.91

To
ke

n 
va

lid
ity

BioGPT decoder steering  layer 16, calibrated norms
Probe Ortho

Figure 3: BioGPT decoder steering at layer 16 (calibrated norms, ∥h16∥est ≈ 205). Dotted horizontal lines mark
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Figure 4: BioMedLM decoder steering at layer 22 (calibrated norms, ∥h22∥est ≈ 228, d = 2560). Dotted horizontal
lines mark baseline values. The hedge response is monotonically increasing with no collapse through αfrac = 0.25,
in contrast to BioGPT’s non-monotonic profile (Figure 3).

tion carrying a small residual surface-feature com-
ponent that the ortho direction removes. Note also
that PPL dips slightly below baseline at αfrac =
0.05 (16.6 vs. 17.0): at low magnitudes, the steer-
ing vector may nudge outputs closer to the PubMed
training manifold (hedge vocabulary is dense there),
producing a transient perplexity reduction; this ef-
fect disappears at higher magnitudes. Full tables
are in Appendix G.

BioMedLM decoder steering at layer 22, cali-
brated norms. Figure 4 shows the BioMedLM
steering profile. At BioMedLM layer 22 (∥h∥est ≈
228, d = 2560), three features distinguish the steer-
ing profile from BioGPT’s.

Gradual monotonic response. Under the probe
direction, hedge score rises from 0.32 (baseline) to
0.61 at αfrac = 0.25, a near-linear 1.9× increase
with no mid-range dip. Perplexity climbs from
12.7 to 26.0 (2.0×), and lexical diversity declines
gradually (0.82 → 0.75). In contrast to BioGPT,
whose hedge score peaks non-monotonically at
αfrac = 0.125 and then dips, BioMedLM’s re-
sponse is monotonically increasing throughout with

no generation quality collapse within the tested
range.

Probe direction outperforms ortho. The orthog-
onalized direction achieves hedge 0.44 at αfrac =
0.25 versus 0.61 for the probe direction, a rever-
sal of the BioGPT pattern, where ortho peaked at
H = 0.97 versus probe’s H = 0.90. This suggests
that for BioMedLM the surface-feature component
of the probe direction contributes constructively to
the steering effect rather than acting as a confound.

Greater distributional resilience. We attribute
BioMedLM’s wider collapse-free range to two fac-
tors. Its hidden dimension (d = 2560) is 2.5×
larger than BioGPT’s (d = 1024): a fixed frac-
tional perturbation covers a proportionally smaller
fraction of the representation space per coordinate.
Additionally, BioMedLM’s near-chance layer-0 ac-
curacy (55.25%) indicates that its uncertainty repre-
sentation is built through transformer computation
rather than surface lexical cues, yielding a steering
direction that is more diffuse in activation space
and less prone to out-of-distribution excursions at
moderate magnitudes. Full numerical results ap-
pear in Appendix G.
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4.4 Encoder representation steering

Figure 5 shows all five metrics across the four en-
coder models (probe direction). Key observations:

(i) Consistent positive shifts. All models show
strongly positive ∆proj and ∆prob, confirming the
steering vector reliably shifts representations to-
ward the uncertain pole.

(ii) Flip-rate saturation. Flip rate rises rapidly
to ≈ 50% by αfrac = 0.10 and then saturates, in-
dicating a fixed ceiling of flippable sentences is
reached once perturbation exceeds a threshold.

(iii) Centroid cosine sign reversal. ∆cos is
slightly positive at small αfrac but turns negative
above ≈ 0.10. The probe direction and the mean
uncertain-centroid direction are correlated but not
identical; large perturbations along the former over-
shoot the latter, moving representations away from
the uncertain centroid even as probe-axis projec-
tions keep increasing.

(iv) On-axis fraction. For the probe direction,
the on-axis fraction is 1.000 by construction. For
the ortho direction, it falls to 0.97–0.98 (model-
dependent), confirming that orthogonalization in-
troduces only a small geometric deviation (see Ap-
pendix G).

(v) Model ordering. SciBERT shows the largest
shifts (∆proj = 1.41, ∆prob = 0.40 at αfrac =
0.05); BlueBERT shows the smallest (0.77, 0.30),
consistent with their relative probe accuracies.

4.5 Cross-model patterns and architectural
effects

The probing and steering results together reveal sev-
eral regularities that illuminate how architecture,
scale, and pretraining interact with uncertainty en-
coding.

Layer-0 accuracy reflects pretraining objec-
tive and scale. The gap between the two de-
coder models at layer 0 is the sharpest contrast
in our study: BioGPT achieves 82.00% while
BioMedLM achieves only 55.25%, despite both
being causal LMs trained on PubMed. BioGPT
(345M parameters) apparently relies on surface
lexical statistics (hedging tokens are correlated
with their local embedding context), whereas
BioMedLM (2.7B parameters) abstracts uncer-
tainty into higher-order contextual representations
that are not yet formed at layer 0. Encoder models
occupy an intermediate position (76–81%), con-
sistent with bidirectional attention enabling richer
early contextualization across the full sentence.

The pattern is consistent with scale (or the asso-
ciated increase in hidden dimension and training
compute) driving the shift from surface-dependent
to computation-dependent uncertainty encoding,
though the two decoders differ simultaneously in
multiple factors and a controlled ablation would be
needed to isolate scale as the causal variable.

Peak accuracy converges despite divergent start-
ing points. Despite the large layer-0 variation, all
six models converge to 80–87% at their selected
steering layers. This convergence implies a ceiling
(set either by the BioScope contrast set composition
or by the intrinsic linearly accessible information
in 400 sentences) that all models reach regardless
of how early their uncertainty representation forms.
The encoder ordering at peak accuracy (SciBERT
85.0%, BioBERT 86.5%, ClinicalBERT 82.75%,
BlueBERT 80.75%) correlates with pretraining cor-
pus breadth and biomedical specificity, suggesting
that broader domain exposure slightly sharpens the
uncertainty axis even when absolute accuracy dif-
ferences are modest.

Encoder steering response is architecturally
uniform. All four BERT-family encoders show
nearly identical αfrac response curves for ∆proj and
∆prob despite being pretrained on corpora ranging
from clinical notes (MIMIC-III) to broad scien-
tific text. The decoder contrast is visible in Fig-
ure 9. The flip-rate saturation ceiling (50–54%)
is consistent across all four, suggesting it reflects
BioScope test-set composition rather than model-
specific geometry. The model ordering on shift
magnitude (SciBERT > ClinBERT > BioBERT >
BlueBERT) correlates with peak probe accuracy,
confirming that a sharper uncertainty axis produces
stronger representational steering effects. This uni-
formity has a practical implication: uncertainty
steering may be transferable across BERT-family
encoder variants without per-model calibration of
the steering direction, provided probe accuracy is
used to select the appropriate layer.

Layer selection interacts with architecture.
The ±2 window refinement matters most for en-
coders (BioBERT +2.50pp, SciBERT +0.25pp,
ClinicalBERT +0.75pp) and is trivially zero for
BioGPT. In BERT-family models, probe accuracy
can vary non-monotonically near the 2/3 anchor as
the [CLS] representation transitions between syn-
tactic and semantic processing stages. For causal
decoders, the layer-by-layer accuracy profile is flat
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Figure 5: Encoder representation steering (probe direction) across all four models. Top-left: ∆proj (all models
positive, linear in α). Top-right: ∆prob (saturates above α ≈ 0.10). Bottom-left: flip rate (saturates at ≈ 50%).
Bottom-right: ∆cos (sign reversal above α ≈ 0.10, dotted line marks zero).

across adjacent layers (Table 5): any layer in the
±2 window performs equivalently, making precise
selection less consequential. This asymmetry sup-
ports applying the full window search to all archi-
tectures while noting that it adds most value for
bidirectional encoders.

5 Discussion

Uncertainty is cleanly decodable across all six
models. The narrow range of peak accuracies
(80–87%) across models with different architec-
tures, sizes, and pretraining corpora suggests that
linear encoding of epistemic stance is a general
property of biomedical LMs trained on scientific
or clinical text. The layer-0 contrast (BioGPT at
82% vs. BioMedLM at 55%) is particularly infor-
mative: for BioGPT, much of the signal is already
present in the token embeddings through surface
lexical cues, whereas BioMedLM appears to build
much of the uncertainty-associated signal through
transformer computation despite sharing the same
pretraining corpus.

The uncertainty direction is stable but not
purely semantic. Orthogonalizing against sen-
tence length and hedge-count reduces probe accu-
racy by less than 1pp, which shows the represen-
tation is not reducible to these two surface statis-
tics. However, this should not be read as evidence
that the direction is purely semantic: the probe
is trained on BioScope annotations that are them-
selves defined partly by the presence of hedging
vocabulary. Orthogonalizing against a scalar hedge-
count feature cannot fully decouple lexical from
conceptual content. What we can say is that the
direction captures more than a simple hedge-word
lookup, and that this residual structure supports
activation steering, but the precise mix of lexical

and higher-level epistemic content remains an open
question.

Layer selection is not arbitrary. The 2/3-depth
anchor is a principled starting point, and the ±2
window consistently identifies equal-or-better lay-
ers without over-searching. The BioBERT result
(+2.50pp, L10 over L8) is the clearest demonstra-
tion: the accuracy plateau is not uniformly flat, and
the window correctly finds the local optimum. The
restriction to ±2 is deliberate: wider windows risk
selecting layers at qualitatively different processing
stages.

Dynamic calibration is essential; decodability ̸=
steerability. For decoders, the critical lesson is
that hidden-norm calibration determines whether
steering is controlled or catastrophic: a 3× static
over-estimate produced collapse at αfrac = 0.25;
dynamic calibration eliminates it across the entire
tested range. Yet even controlled steering is non-
monotonic: the peak hedge effect occurs at interme-
diate magnitudes and weakens above it, suggesting
the model transitions between response regimes.
For encoders, the ∆cos sign reversal demonstrates
that even geometrically precise steering along the
probe direction does not guarantee movement to-
ward the uncertain cluster: linear decodability and
directional steerability are not equivalent proper-
ties.

PPL measurement under the unsteered model.
Perplexity is scored under the unsteered model pθ
(Eq. 10), not the steered one, because the steered
model’s own likelihood is inflated along the steer-
ing direction. This provides a model-independent
fluency proxy, but some PPL increase may re-
flect lexical style shift (more hedging vocabulary)
rather than genuine quality degradation; token va-
lidity and lexical diversity serve as complementary
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checks.

Multi-metric evaluation is necessary. In the
uncalibrated regime (PPL > 400), hedge score
alone would suggest strong success. The same
logic applies to encoder steering: a large ∆proj
paired with negative ∆cos is ambiguous without
the full metric suite. For steering interventions
in safety-sensitive clinical domains, we argue that
the target-behavior metric must be paired with at
least one fluency/diversity metric (decoders) or one
probability/boundary-crossing metric (encoders).

Decoder scale shapes the steering regime. The
BioGPT–BioMedLM comparison constitutes a nat-
ural experiment: two causal LMs trained on the
same corpus but differing in scale by 8× (345M vs.
2.7B parameters) and hidden dimension by 2.5×
(1024 vs. 2560). Their steering profiles differ qual-
itatively. BioGPT exhibits a non-monotonic hedge
peak at αfrac = 0.125 with a sharp perplexity inflec-
tion above it, suggesting its representation space
tightly couples the uncertainty direction to gener-
ation quality. BioMedLM exhibits a monotonic,
collapse-free profile across the same range, and its
ortho direction underperforms its probe direction, a
reversal of the BioGPT pattern. These observations
suggest that model scale modulates not merely the
magnitude of the steering response but its qualita-
tive character: larger models appear to afford wider
collapse-free operating ranges, with the trade-off of
lower peak hedge gains within that range. Whether
this is a general scaling property or specific to the
PubMed pretraining distribution remains open.

Encoder pretraining distribution has limited
influence on steering geometry. The near-
identical steering response curves across four
BERT-family encoders pretrained on corpora rang-
ing from clinical notes (MIMIC-III) to broad sci-
entific text constitute our strongest evidence that
linear uncertainty encoding is corpus-independent
when the training objective is masked language
modeling. If hedging representation were primarily
a function of clinical text exposure, ClinicalBERT
would be expected to show qualitatively different
behavior from SciBERT; the curves are instead
nearly superimposable. Small quantitative differ-
ences (SciBERT showing the largest shifts, Blue-
BERT the smallest) are better explained by differ-
ences in probe accuracy—a proxy for the sharpness
of the uncertainty axis—rather than corpus content.

6 Limitations

Encoder generation. We measure representation
shifts in encoder models only; behavioral impact on
downstream NLP tasks (named entity recognition,
relation extraction, information extraction) remains
open. The ≈ 50% flip rate confirms meaningful
prediction changes at the probe level, but task-level
evaluation is required to assess real-world impact.

Contrast set. The 400-sentence BioScope con-
trast set mixes genres (abstracts, full papers, clini-
cal reports) and speculation types (epistemic hedg-
ing, conditionals, hypotheticals). A narrower an-
notation scheme focused specifically on clinical
epistemic uncertainty might yield a sharper repre-
sentation and higher steering fidelity.

Orthogonalization. Only sentence length and
hedge-word count are controlled; specific modal
constructions, passive voice, negation scope, and
syntactic bigrams remain uncontrolled confounds.
The claim that uncertainty encoding survives or-
thogonalization should be read as holding for these
two confounds specifically.

Hedge metric. Our 27-term lexicon detects the
presence of hedging markers but not their clini-
cal appropriateness. A model generating repetitive
hedging vocabulary outside coherent clinical con-
tent would receive a high score. Expert radiologist
evaluation of output quality is an essential next step
for any clinical safety claim.

Single prompt domain. Decoder experiments
use radiology prompts exclusively. Steering be-
havior may differ for other clinical genres such
as pathology reports, discharge summaries, or
progress notes, where the distribution of uncer-
tainty cues differs substantially.

Window size. The ±2 window is not cross-
validated across held-out model families. Results
are empirically insensitive to ±1 or ±3 for all six
models in this study, but the optimal window width
may differ for models with sharper or flatter probe
accuracy curves.
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A Experimental Details

Hyperparameters. Generation: temperature 0.8,
top-p 0.9, max new tokens 60, min new tokens
20, repetition penalty 1.2. Probe: C = 0.1,
max_iter 2000, random_state 42. 5-fold strati-
fied CV, seed 42. Sample sizes: 200+200 Bio-
Scope sentences for probe training; 80 balanced
sentences (held out) for encoder steering; 20 seeds
× 5 prompts = 100 generations per decoder con-
figuration.

Reproducibility. Fixed random seeds through-
out. BioScope XML files enumerated alphabet-
ically before sampling; contrast set is platform-
independent. Code and results available at the
repository linked in the first-page footnote.

B Implementation Details

Compute environment. Python 3.11.9, Py-
Torch 2.5.1+cu121, Transformers 4.49.0, Linux
6.1.0, NVIDIA GPU, CUDA 12.1. Float32 is the
canonical dtype.

Dtype robustness. bfloat16 and float16 produce
probe accuracies within 0.25pp of float32 on the
same CUDA device. BioMedLM bfloat16 shows
minor steering drift at αfrac ≥ 0.20; qualitative
findings are unchanged.

Cross-platform note. CUDA and Apple MPS
use different floating-point kernels and RNG se-
quences, producing numerically distinct hidden
states even with identical seeds. Within a fixed
CUDA platform, results are reproducible.

C Numerical Precision Robustness

Table 4 reports probe accuracy at the selected steer-
ing layer ℓ̂ under three floating-point precisions
on the same CUDA device. All six models re-
turn identical accuracies across float32, float16,
and bfloat16, confirming that numerical precision
does not affect the qualitative or quantitative prob-
ing findings. Minor steering drift is observed for
BioMedLM bfloat16 at αfrac ≥ 0.20 (hedge score
within ±0.02 of float32); all qualitative findings
are unchanged. Float32 is the canonical dtype for
all reported results.

D Hedge Marker Lexicon

may, might, could, would, should; suggest, sug-
gests, suggestive; possible, possibly, possibility;
probable, probably, probability; likely, unlikely;
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Table 4: Probe accuracy at ℓ̂ across floating-point pre-
cisions (same CUDA device). All differences are zero
across all models.

Model ℓ̂ float32 float16 bfloat16

BioGPT 16 85.50% 85.50% 85.50%
BioMedLM 22 84.25% 84.25% 84.25%
BioBERT 10 86.50% 86.50% 86.50%
ClinicalBERT 9 82.75% 82.75% 82.75%
BlueBERT 8 80.75% 80.75% 80.75%
SciBERT 10 85.00% 85.00% 85.00%

appear, appears, appearing; seem, seems; suspect,
suspected, suspicion; consistent with, cannot ex-
clude, rule out.

E Formal Evaluation Metrics

Lexical diversity.

D(g) =
|unique words(g)|

|words(g)| (9)

Perplexity.

PPL(g) = exp


− 1

|g|

|g|∑

t=1

log pθ(gt | g<t)




(10)
where pθ is BioGPT evaluated without steering
hooks.

Token validity.

V (g) =
|{t ∈ g : t ∈ W}|

|{t ∈ g : t alphabetic}| (11)

where W is the set of valid English words (checked
against the NLTK words corpus).

Length.
L(g) = |g| (12)

Encoder steering metrics.

∆proj = (hmod − horig) · v̂probe (13)

∆prob = p(y=1 | hmod)− p(y=1 | horig) (14)

flip% =
|{s : ŷmod ̸= ŷorig}|

|S| (15)

∆cos = cos(hmod, h̄u)− cos(horig, h̄u) (16)

faxis =
|∆h · v̂probe|

∥∆h∥ (17)

where h̄u is the mean hidden state of uncertain
training sentences, ŷ denotes the probe’s predicted
class, and ∆h = hmod − horig.

F Full Probing Results

Tables 5, 6, and 7 list layer-by-layer 5-fold CV
probe accuracies for all six models. ∗=2/3 anchor;
∧=window-selected. Figures 6–7 show bar-chart
views of the decoder sweeps.

Table 5: BioGPT probe accuracy, all 25 layers. ℓ∗ = 16,
ℓ̂ = 16.

Layer CV Acc Std 95% CI

0 82.00% 4.38% [78.16%, 85.84%]
1 84.50% 4.47% [80.58%, 88.42%]
2 84.50% 3.26% [81.64%, 87.36%]
3 84.25% 3.01% [81.61%, 86.89%]
4 84.75% 2.24% [82.79%, 86.71%]
5 86.25% 1.98% [84.52%, 87.98%]
6 85.50% 2.09% [83.67%, 87.33%]
7 84.25% 3.38% [81.29%, 87.21%]
8 84.00% 2.40% [81.89%, 86.11%]
9 85.50% 2.59% [83.23%, 87.77%]

10 84.75% 2.40% [82.64%, 86.86%]
11 84.50% 2.44% [82.36%, 86.64%]
12 86.00% 1.85% [84.37%, 87.63%]
13 84.75% 1.63% [83.32%, 86.18%]
14 84.75% 2.05% [82.95%, 86.55%]
15 85.00% 1.98% [83.27%, 86.73%]

16∗∧ 85.50% 2.44% [83.36%, 87.64%]
17 84.75% 2.24% [82.79%, 86.71%]
18 85.25% 2.85% [82.75%, 87.75%]
19 85.50% 2.44% [83.36%, 87.64%]
20 84.75% 3.11% [82.02%, 87.48%]
21 84.25% 2.88% [81.73%, 86.77%]
22 82.00% 2.27% [80.01%, 83.99%]
23 81.50% 2.24% [79.54%, 83.46%]
24 82.50% 2.50% [80.31%, 84.69%]
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BioGPT: probe accuracy per layer (anchor * = 16, = 16)
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Figure 6: BioGPT probe accuracy per layer. Blue =
selected L16; light blue = ±2 window; grey = other
layers.

G Detailed Steering Results

Figure 10 shows the steering geometry: ortho direc-
tion on-axis fraction (0.97–0.98, constant across
α) and probe direction ∆cos (sign reversal above
α ≈ 0.10).
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Table 6: BioMedLM probe accuracy, all 33 layers. ℓ∗ =
21, ℓ̂ = 22.

Layer CV Acc Std 95% CI

0 55.25% 3.69% [52.02%, 58.48%]
1 81.25% 2.65% [78.93%, 83.57%]
2 82.50% 3.19% [79.71%, 85.29%]
3 84.25% 3.38% [81.29%, 87.21%]
4 83.00% 2.09% [81.17%, 84.83%]
5 84.50% 3.14% [81.75%, 87.25%]
6 84.75% 1.85% [83.12%, 86.38%]
7 85.25% 3.47% [82.21%, 88.29%]
8 84.75% 2.85% [82.25%, 87.25%]
9 83.75% 2.93% [81.18%, 86.32%]

10 83.25% 2.44% [81.11%, 85.39%]
11 83.75% 1.98% [82.02%, 85.48%]
12 84.50% 2.27% [82.51%, 86.49%]
13 85.75% 2.09% [83.92%, 87.58%]
14 85.50% 2.44% [83.36%, 87.64%]
15 86.00% 1.05% [85.08%, 86.92%]
16 86.00% 1.37% [84.80%, 87.20%]
17 84.25% 1.90% [82.59%, 85.91%]
18 83.75% 2.17% [81.85%, 85.65%]
19 84.00% 1.85% [82.37%, 85.63%]
20 83.75% 1.53% [82.41%, 85.09%]

21∗ 84.00% 2.40% [81.89%, 86.11%]
22∧ 84.25% 1.90% [82.59%, 85.91%]

23 83.50% 2.98% [80.88%, 86.12%]
24 83.50% 2.24% [81.54%, 85.46%]
25 83.50% 3.47% [80.46%, 86.54%]
26 83.00% 3.14% [80.25%, 85.75%]
27 83.25% 3.38% [80.29%, 86.21%]
28 82.75% 3.79% [79.43%, 86.07%]
29 82.50% 4.15% [78.87%, 86.13%]
30 82.25% 4.54% [78.27%, 86.23%]
31 80.50% 5.05% [76.08%, 84.92%]
32 81.00% 4.71% [76.87%, 85.13%]

0 4 8 12 16 20 24 28 32
Layer

50

60

70

80

90

5-
fo

ld
 C

V 
ac

c.
 (%

)

BioMedLM: probe accuracy per layer (anchor * = 21, = 22)

Selected = 22 ±2 window Other layers

Figure 7: BioMedLM probe accuracy per layer. Green
= selected L22; light green = ±2 window.
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Figure 8: Encoder probe accuracy heatmap for layers
6–12. Blue boxes mark selected ℓ̂; dashed boxes mark
the 2/3 anchor L8.

Table 7: Encoder probe accuracy (%) across all 13 lay-
ers. Anchor ℓ∗ = 8; ∗=anchor; ∧=window-selected;
∗∧=anchor and window-selected coincide.

L BioBERT ClinBERT BlueBERT SciBERT

0 76.0±2.2 77.8±3.2 77.0±2.4 80.5±4.3
1 82.2±3.8 80.5±2.9 79.5±2.4 81.5±2.4
2 80.2±2.1 81.8±3.6 79.2±3.8 83.5±3.5
3 82.5±3.3 83.2±5.1 80.5±3.6 83.2±5.0
4 83.2±4.2 83.0±4.1 79.5±5.3 83.2±4.7
5 85.0±5.4 81.8±4.1 78.5±4.2 84.0±5.0
6 84.2±4.5 81.5±2.7 77.8±4.2 83.5±2.9
7 83.2±4.5 82.0±2.1 79.2±5.4 82.8±2.1

8∗ 84.0±4.5 82.0∗±3.6 80.8∗∧±5.4 84.8∗±4.5
9 86.2±3.6 82.8∧±3.8 80.2±2.2 84.0±3.9

10∧ 86.5∧±2.4 82.2±2.2 80.2±2.6 85.0∧±3.4
11 85.0±4.0 82.8±2.4 80.5±1.4 86.2±3.6
12 82.5±2.7 82.5±2.7 79.5±1.7 85.5±3.4

Acc in %; ± denotes std over 5-fold CV.

Table 8: BioGPT decoder steering, layer 16, calibrated
norms (∥h16∥ ≈ 205). Bold = peak hedge.

α Hedge Lex.div. Tok.val. PPL

Probe direction
0.000 0.35 0.95 0.86 17.0
0.025 0.45 0.94 0.86 17.7
0.050 0.55 0.95 0.87 16.6
0.075 0.73 0.95 0.89 18.0
0.100 0.78 0.95 0.88 19.7
0.125 0.90 0.94 0.89 20.3
0.150 0.84 0.95 0.89 21.1
0.200 0.80 0.94 0.91 32.9
0.250 0.88 0.94 0.90 43.7

Ortho direction
0.000 0.35 0.95 0.86 17.0
0.025 0.47 0.95 0.87 17.4
0.050 0.52 0.95 0.88 17.4
0.075 0.70 0.95 0.88 18.3
0.100 0.81 0.95 0.88 19.6
0.125 0.97 0.94 0.89 21.7
0.150 0.88 0.95 0.89 23.5
0.200 0.94 0.94 0.89 32.0
0.250 0.89 0.91 0.91 44.8

Table 9: BioMedLM decoder steering, layer 22, cali-
brated norms (∥h22∥ ≈ 228). Bold = peak hedge.

α Hedge Lex.div. Tok.val. PPL

Probe direction
0.000 0.32 0.82 0.90 12.7
0.050 0.37 0.84 0.90 14.0
0.100 0.42 0.83 0.90 15.8
0.150 0.45 0.82 0.90 19.0
0.200 0.52 0.78 0.92 22.6
0.250 0.61 0.75 0.93 26.0

Ortho direction
0.000 0.32 0.82 0.90 12.7
0.050 0.31 0.84 0.90 14.1
0.100 0.50 0.82 0.89 15.1
0.150 0.41 0.81 0.91 17.8
0.200 0.53 0.80 0.91 21.2
0.250 0.44 0.76 0.94 25.3
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Figure 9: Side-by-side decoder steering comparison: BioGPT (L16, ∥h∥ ≈ 205, d = 1024) vs. BioMedLM (L22,
∥h∥ ≈ 228, d = 2560), probe and ortho directions. Left: hedge score. Right: perplexity. BioGPT exhibits a
non-monotonic peak and steeper perplexity rise; BioMedLM shows a monotonic, collapse-free profile.
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Figure 10: Left: ortho direction on-axis fraction (con-
stant, 0.97–0.98 depending on model). Right: probe
direction ∆cos showing sign reversal above α ≈ 0.10.

Table 10: Encoder steering (probe direction) at selected
layers, averaged over 80 test sentences. On-axis = 1.000
for all entries (probe direction by construction).

Model α ∆proj ∆prob flip% ∆cos

BioBERT L10

0.00 +0.00 +0.000 0.0% +0.000
0.05 +0.99 +0.336 41.2% +0.002
0.10 +1.98 +0.507 52.5% +0.000
0.15 +2.97 +0.532 52.5% −0.005
0.25 +4.96 +0.534 52.5% −0.024

ClinBERT L9

0.00 +0.00 +0.000 0.0% +0.000
0.05 +1.12 +0.381 45.0% +0.001
0.10 +2.24 +0.507 52.5% −0.002
0.15 +3.36 +0.519 52.5% −0.009
0.25 +5.60 +0.520 52.5% −0.034

BlueBERT L8

0.00 +0.00 +0.000 0.0% +0.000
0.05 +0.77 +0.298 40.0% +0.002
0.10 +1.55 +0.472 51.2% +0.000
0.15 +2.32 +0.517 51.2% −0.006
0.25 +3.87 +0.525 51.2% −0.029

SciBERT L10

0.00 +0.00 +0.000 0.0% +0.000
0.05 +1.41 +0.400 47.5% +0.001
0.10 +2.83 +0.528 53.8% −0.001
0.15 +4.24 +0.535 53.8% −0.007
0.25 +7.07 +0.535 53.8% −0.028
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