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Abstract

Medical visual inference models often receive questions that contain polarity cues such as absence, presence, exclusion, or uncertainty.
These cues can be short, syntactically fragile, and clinically important, because a mistaken polarity interpretation can reverse the
intended answer. This study evaluates whether adapter parameters should be distributed uniformly across a multimodal language
backbone or assighed according to measurable layer-level sensitivity to polarity transformations. We introduce a depth-selective
adapter allocation strategy for binary medical vision-language inference and test it on 18,720 image-question pairs derived from
radiography, ultrasound, and dermoscopy tasks. The evaluation uses paired affirmative, negative, exclusion, and uncertainty-framed
prompts with identical image labels. We estimate layerwise polarity transport through Jacobian energy, centered kernel alignment,
and signed margin propagation, then allocate low-rank adapter capacity using a constrained optimization rule. Compared with
uniform adapter placement, final-block placement, and random layer allocation, the proposed allocation reduces polarity reversal
errors from 10.8% to 4.9% while preserving mean task accuracy within 0.4 percentage points. It also improves negative predictive
calibration in exclusion-framed prompts and reduces the variance of signed margin changes across prompt forms. Ablation
experiments indicate that adapter rank distribution matters more than total trainable parameter count once a minimum capacity
threshold is reached. These findings suggest that layer-sensitive parameter allocation can improve robustness to polarity-bearing

clinical wording without increasing model size.

1. Introduction

Clinical language carries decisions through small gram-
matical markers. A radiology question that asks whether
an abnormality is present is not equivalent to one asking
whether it is absent [1]. A dermatology question asking
whether malignancy is unlikely differs from one asking
whether malignancy is visible. A point-of-care ultrasound
prompt may ask whether free fluid is seen, whether free
fluid is excluded, or whether the appearance argues against
free fluid. Each form has a different polarity structure, and a
medical vision-language model must interpret that structure
while also reading the image [2] [3]. When the language
component mishandles polarity, an otherwise useful visual
representation can produce an answer with the wrong clin-
ical direction [4].

The present study examines polarity robustness as a pa-
rameter allocation problem. The usual adapter design gives
a model a fixed low-rank capacity at selected layers. Some
designs place adapters everywhere, some place them near
the final blocks, and some select a contiguous band based
on convenience or a prior mechanistic clue. These choices
are often reasonable, but they do not directly ask where the
model transports polarity information. A wording change
that introduces negation or exclusion may be processed

early, transformed in middle blocks, and expressed in the
answer margin late. If trainable capacity is placed without
regard to that transport pattern, the adaptation may spend
parameters where they are less useful.

The paper proposes depth-selective adapter allocation.
The phrase refers to assigning adapter rank across layers
according to measured layer-level sensitivity to polarity
transformations. The total adapter budget is fixed. The
method does not add more parameters than a uniform base-
line. Instead, it redistributes rank. Layers that show strong
signed margin propagation, strong alignment changes un-
der polarity pairs, and high Jacobian energy with respect to
polarity tokens receive larger rank. Layers that show weak
or redundant signals receive smaller rank or no adapter.
The goal is not to discover an interpretable mechanism in
the strongest sense. The goal is operational: use layer diag-
nostics to decide where a limited adaptation budget should
be placed.

The motivation for studying allocation rather than total
parameter count is strengthened by a result that complicates
simple layer-selection stories. Sadanandan and Behzadan
(2026) reported that adapters placed in early layers produced
larger margin-difference reductions than adapters placed
in a mechanistically selected middle-layer range, despite
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Figure 1. Polarity groups preserve the same image and clinical target while changing only the linguistic polarity form, enabling direct
measurement of whether opposed prompts produce opposite binary decisions and stable signed margins.
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Figure 2. Layer diagnostics combine token-local sensitivity, representation separation, and answer-margin coupling into a single
allocation score, so adapter rank is assigned to layers that actively transport polarity information.

their analysis identifying a relevant feature in the middle
of the network [5]. The observation suggests that where a
behavior appears and where intervention is most efficient
may not be identical, which is the central empirical tension
investigated here.

This study moves away from single-domain chest ra-
diograph evaluation and uses a three-domain design. The
datasets are organized around binary visual inference tasks
in radiography, abdominal ultrasound, and dermoscopy.
The task is intentionally narrow: answer a binary clinical
question about an image. However, the prompts are lin-
guistically varied. For every image-label pair, four question
forms are created. The affirmative form asks whether a
finding is present. The negative form asks whether the
finding is absent. The exclusion form asks whether the
finding can be excluded or ruled out. The uncertainty form
asks whether the finding is unlikely or doubtful. Answer
polarity is normalized so that the target label remains well-
defined for each prompt form. This arrangement allows a
direct test of whether the model respects polarity-bearing
language.

The study compares five adaptation strategies under the
same training data, optimizer, and total trainable parameter
budget. The first strategy freezes the base model and uses
no adapters. The second places equal-rank adapters in all
language layers. The third places all adapter capacity in fi-
nal layers. The fourth assigns the same total rank randomly
across layers. The fifth uses the proposed depth-selective
allocation. The main outcomes are polarity reversal error,
binary accuracy, sighed margin deviation, expected nega-

tive calibration error, and cross-domain transfer. Polarity
reversal error is the most important metric because it mea-
sures whether two prompts whose correct answers should
be opposite under polarity transformation are answered as
if polarity had not changed.

The central empirical result is that depth-selective allo-
cation reduces polarity reversal error more than the alterna-
tives while preserving ordinary accuracy. The result is not
presented as a universal law about all multimodal networks.
It is a measured pattern under the specified tasks and train-
ing design. The strongest gains occur in exclusion-framed
questions, where the model must combine an image find-
ing with a linguistic rule that is not simply a synonym of
presence. The smallest gains occur in afhirmative questions,
where baseline performance is already high. Adapter place-
ment therefore matters most when the linguistic operation
is delicate.

The paper also studies why the allocation works. Layer
diagnostics reveal that polarity information is not concen-
trated in a single block. Early layers show strong token-local
sensitivity, middle layers show the largest representation
separation between polarity forms, and later layers show di-
rect coupling with the answer margin. Uniform placement
spends rank on layers that contribute little to any of these
quantities. Final-block placement improves answer-margin
control but leaves earlier polarity transformations under-
corrected. Depth-selective allocation distributes capacity
across a small set of early, middle, and late layers, giving the
model enough flexibility to adjust the route from wording
to answer.
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Figure 3. Adapter allocation keeps the trainable parameter budget fixed while redistributing rank across early, middle, and late language
blocks according to depth diagnostics rather than uniform, final-only, or random placement.
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Figure 4. Multi-domain construction balances radiography, ultrasound, and dermoscopy targets before grouping polarity variants and
preserving image-level splits, preventing gains from depending on one imaging modality or prompt family.

The contribution is therefore empirical, methodological,
and practical [6]. Empirically, the paper reports a multi-
domain evaluation of polarity errors in medical vision-
language inference. Methodologically, it introduces a layer
scoring rule that combines Jacobian energy, representation
alighment, and signed margin propagation. Practically, it
shows that a fixed adapter budget can be more effective
when rank is distributed according to depth diagnostics
rather than placed uniformly or late by default. The pa-
per does not claim that adapters solve all linguistic safety
problems. It argues only that polarity robustness improves
when trainable capacity is assigned with attention to where
polarity is processed.

2. Dataset Construction and Polarity Tasks

The experimental corpus contains 18,720 image-question
pairs arranged into 4,680 polarity groups. Each group con-
tains one image, one clinical target, one binary label, and
four prompts. The image domains are chest radiography,
abdominal ultrasound, and dermoscopy. Each domain con-
tributes 1,560 groups. The domain balance is chosen to
prevent the model from improving only on one modality
or one question style. The tasks are visually and linguisti-
cally different enough to test whether the allocation method
depends narrowly on a single medical subfield.

The radiography groups include findings such as pleural
effusion, pneumothorax, cardiomegaly, pulmonary edema,
and focal airspace opacity. The ultrasound groups include
free fluid, gallstones, hydronephrosis, appendiceal enlarge-
ment, and intrauterine pregnancy visibility. The dermoscopy
groups include pigment network irregularity, blue-white
veil, asymmetry, ulceration, and atypical vascular pattern.

These findings are selected because binary judgments are
meaningful and because polarity wording can be naturally
formed around them. The labels are balanced within each
domain, with 780 positive and 780 negative groups.

Each polarity group has four prompt forms. The af-
firmative form states the query in a direct presence frame.
The negative form asks about absence. The exclusion form
uses rule-out language. The uncertainty form asks whether
the finding is unlikely or doubtful. The answer key is gen-
erated so that each form has a deterministic correct yes or
no answer. For a positive image, an affirmative prompt
should receive yes, an absence prompt should receive no, an
exclusion prompt should receive no if it asks whether the
finding can be excluded, and an uncertainty prompt should
receive no if it asks whether the finding is unlikely. For a
negative image, the answer pattern reverses accordingly.
The prompt design therefore tests whether the model can
map wording polarity to the correct binary response.

The corpus is split by image into training, validation,
and test sets [7]. Training contains 2,808 groups, validation
contains 936 groups, and testing contains 936 groups. All
four prompts in a polarity group remain within the same
split. No patient or image identifier crosses splits. Domain
proportions and label balance are preserved. The same splits
are used for every model configuration. This prevents an
adapter strategy from gaining an advantage through easier
data.

Prompt generation follows a restricted grammar to avoid
uncontrolled semantic drift. Each target finding is repre-
sented by a clinical noun phrase and two approved aliases.
The affirmative template uses direct presence wording. The
negative template uses absence wording. The exclusion tem-
plate uses rule-out language. The uncertainty template uses
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Figure 5. Evaluation connects polarity-opposed answer consistency, signed-margin stability, and calibration behavior to adapter-
placement comparisons, highlighting whether robustness improves without sacrificing ordinary binary task accuracy.

doubtful or unlikely language. After generation, prompts
are screened to remove double-negation constructions that
could confuse the answer key. The final prompt set contains
no explicit answer words except yes and no appearing in
the instruction prefix. This keeps the decision focused on
the visual finding and the polarity structure.

The model receives the same instruction prefix for all
examples. The prefix asks for a single yes or no answer.
The prompt and image are then passed to the model, and
the logits for the first answer token are recorded. The
model is trained only through adapters in the language
backbone. The visual encoder and token embeddings are
frozen. This decision isolates the effect of depth allocation
in the language reasoning path [8]. It also reduces the risk
that adapters learn domain-specific visual shortcuts.

The basic binary margin is

Mol = Lyes (g, ‘lgk) — Lno (g, ng)’ (1)

where g indexes the polarity group and k indexes the prompt
form. The predicted answer is positive when m, > 0. The

correct signed target for each form is

ft =2yt — 1t € {=1,1}. ()
A correct prediction requires Lokl > 0. The signed margin
is

Sk = LoleMMghe- (3)

Large positive signed margins indicate confident correct
predictions [9]. Negative signed margins indicate wrong
answers. Near-zero signed margins indicate unstable cases.

The most important group-level metric is polarity re-
versal error. It is defined on pairs of prompt forms whose
correct answers are opposite. For each group, affirmative
and absence prompts form one polarity-opposed pair, and
affirmative and exclusion prompts form another when the
exclusion prompt is written as a rule-out question. A rever-
sal error occurs when the model gives the same answer to
two prompts that require opposite answers. Formally, if P
is the set of opposed prompt pairs, the reversal rate is

1
R= >

(g.k )P

T (= 7| (4)

This metric is distinct from ordinary accuracy. A model can
have decent accuracy while still answering polarity-opposed
prompts as if they meant the same thing. Reversal error
directly measures failure to respect polarity transformations.

The second group metric is signed margin deviation.
For each opposed pair, the two signed margins should both
be positive and, ideally, not collapse asymmetrically. The

deviation is
1
V=__
P2
(¢.keP

()

Sgk ™ Sl -

P

This metric identifies cases where the model gives correct
answers but is much less confident for one polarity form. A
large deviation often appears in exclusion prompts because
the model’s language path handles the rule-out form less
directly.

Calibration is evaluated separately for afhirmative and
non-affirmative forms. The study reports expected cali-
bration error for the positive class and negative calibration
error for prompts whose correct answer is no. The latter
is useful because polarity failures often create overconfi-
dent yes answers in prompts that require no. The negative
calibration error is computed by grouping examples with
y = 0 into probability bins and comparing predicted positive
probability against the empirical false-positive frequency.
A model with many confident polarity mistakes will have
high negative calibration error.

The dataset is not meant to represent all medical lan-
guage. It deliberately emphasizes polarity. The advantage
of this construction is precise evaluation. The limitation is
that real clinical questions may mix polarity with tempo-
ral comparison, severity, anatomical location, and uncer-
tainty. The results should therefore be read as evidence
about polarity-bearing binary prompts rather than full clin-
ical dialogue.

3. Layer Diagnostics for Adapter Rank Allocation

The allocation method begins by measuring how each layer
responds to polarity transformations before any adapter
training. Let hg(x, q) € R? denote the hidden state at layer
¢ for an image-question input. The diagnostic set is drawn
from the training split but is separate from the minibatches
later used for adapter optimization. It contains 600 polar-
ity groups, balanced across domain and label. For every
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layer, three scores are computed: token-local Jacobian en-
ergy, polarity representation separation, and signed margin
propagation.

The token-local Jacobian energy measures how strongly
alayer’s hidden state changes with respect to embeddings of
polarity-bearing tokens. Let E(q) be the sequence of input
token embeddings and let 7(g) be the indices of tokens
associated with absence, exclusion, negation, or uncertainty.
The layerwise Jacobian score is

N

B 1 1 Oh (x,-,q,')
Y 2 e

= €T)

0F. (0

This score is larger when polarity tokens exert strong local
influence on the representation at layer {. It tends to be high
in earlier layers, where lexical and syntactic information has
not yet been compressed into answer-oriented directions
[10].

The representation separation score measures whether
polarity forms occupy different representational neighbor-
hoods at a layer. For each group, the afhrmative prompt
and a polarity-transformed prompt form a paired contrast.
We compute centered kernel alignment between the matrix
of affirmative hidden states and the matrix of transformed
hidden states. The layer score is the complement of align-
ment:

_ (KK )p
IOKE|OF|OKe_|OF +€

()

Ag =

Here K and K, are centered Gram matrices for afhirmative
and transformed prompts. A larger value means the layer
separates the polarity forms more strongly. This score tends
to peak in middle layers, where the model has integrated
lexical information into broader semantic states.

The signed margin propagation score measures whether
layer perturbations are coupled to the final yes-no margin.
For each layer, a small residual perturbation is applied in the
direction of the difference between affirmative and trans-
formed hidden states, and the resulting margin change is
measured [11]. Let

de,g =hy (Xg’ ‘Igﬁ) — he (xg’ ‘Igﬁ)- (8)
The normalized direction is
- de,
dpy = . 9
S T0dg glo, + ©)
The propagation score is
Gy
1
Pe=—Y ‘m (hg +ndeg) (b)), (10)
Gy =

with a small perturbation scale 1 = 0.05. This score is high
when changes at layer { have direct downstream influence

on the final margin. It tends to rise in later layers but is not
restricted to the final block.

The three scores have different scales. Each is converted
to a percentile-normalized value:

= Jo— median(])

SRy e
- Ay — median(A)
7 TIQR(A) + €
- Py — median(P)
T QRm e "

The combined depth score is
Dy = w]jg + (,UAzzlg + (,Uplsg — wcCy. (12)

The term Cy is a redundancy cost. It penalizes layers whose
diagnostic vector is very similar to the diagnostic vector of
already selected neighboring layers. The main experiments
use wy = 0.30, wy = 0.35, wp = 0.35, and we = 0.15,
chosen on validation data. The weights reflect the intention
to balance lexical sensitivity, representation separation, and
downstream margin influence.

Adapter rank is allocated through a constrained integer
optimization. Suppose the model has L language layers
and the total rank budget is B. Each layer receives rank
re € {0,2,4,8,12,16}. The budget constraint is

L
> r =B (13)
=1

The allocation maximizes diagnostic value with a smooth-
ness penalty:

L L
r1r,na,)§L ZQDE - ?\SZ |r€ _ T€_1|
=1 =
L
subject to rp € {0,2,4,8,12,16}, Z’e “B. (14)
=1

The smoothness penalty prevents a scattered allocation that
places isolated high-rank adapters in many distant layers. It
does not require contiguity. In practice, the solution selects
a small number of early layers, a middle band with moderate
rank, and one or two later layers with lower rank. This
pattern reflects the three diagnostic signals.

The adapter update at layer € is a low-rank matrix cor-
rection

X, A
AWE=T5B€A€, Ag € RXdn B, ¢ RbowXre - (15)

If rp = 0, no adapter is inserted at that layer. The scaling
factor is set to

xp = 2rg (]6)



for nonzero ranks. Adapters are placed in attention out-
put projections and feed-forward down projections [12].
This placement is selected because preliminary validation
showed better stability than query-only or feed-forward-
only placement. The same module types are used for every
allocation strategy, so comparisons isolate rank distribution
rather than module choice.

The training loss combines binary supervision with po-
larity contrast. For each prompt, the supervised term is

1
‘Cbin = _ﬁ Z 1Og O—({gkmgk)‘ (17)
ok

The margin floor is p = 0.5, and y = 0.10. The full loss
is

£ = Lo+ Mol Lpol * Ad O (IOAgIOIZ; + |OBg|O%) . (18)
[4

The main experiments use }\pol =040 and A4 = 10—,

This loss is shared by all trained adapter baselines. The
proposed method differs only in rank allocation.

Training uses grouped minibatches. Each minibatch
contains complete polarity groups rather than individual
prompts sampled independently. This is necessary because
the polarity contrast term compares prompts within the
same group [13]. The effective batch size is 48 groups,
or 192 image-question pairs. The optimizer is AdamW
with learning rate 1.5 x 10~%, linear warmup for 300 steps,
and cosine decay. Training runs for five epochs, and the
checkpoint with the lowest validation reversal error subject
to accuracy not dropping more than one percentage point
is selected.

The fixed-budget setting is important. The uniform
adapter baseline receives the same total rank as the depth-
selective method. The final-block baseline also receives
the same total rank but concentrates it in the last quarter
of layers. The random allocation baseline samples ranks
from the allowed set under the same budget and reports
the mean over ten allocations. This design prevents the
proposed method from succeeding simply because it has
more trainable parameters. All trained methods have 6.2
million trainable parameters, representing less than 0.2% of
the frozen backbone.

4. Experimental Results

The frozen model establishes the difficulty of the polar-
ity task. Across the full test set, it reaches 78.9% binary
accuracy. Accuracy is highest on affirmative prompts at
84.7% and lowest on exclusion prompts at 72.4%. The po-
larity reversal error is 10.8%. The signed margin deviation
across opposed prompt pairs is 1.42 logit units. Negative
calibration error is 13.6%, indicating that the model is of-
ten overconfident when the correct answer is no under a
polarity-transformed prompt. These baseline results show
that ordinary accuracy understates the difficulty of the task.

Nader Trabelsi et al.

The model is not failing uniformly; it is especially fragile
when polarity cues require the answer to change direction.

Uniform adapters improve overall accuracy and reduce
polarity errors, but the gains are limited. Test accuracy
rises to 81.6%, and reversal error falls to 7.3%. Signed mar-
gin deviation decreases to 0.97. Negative calibration error
improves to 9.8%. The improvement confirms that the
training loss is useful and that the task is learnable with a
small number of parameters. However, uniform rank spends
capacity on every layer, including layers with weak polar-
ity diagnostics. The method is stable but not parameter-
efficient.

Final-block adapters produce a different pattern. They
improve affirmative accuracy and sharpen final margins,
giving 81.1% overall accuracy. Reversal error falls to 8.0%,
which is better than the frozen model but worse than uni-
form adapters. Exclusion prompts remain problematic, with
75.6% accuracy. The result suggests that late layers can
adjust the answer surface but cannot fully repair polarity
transformations that have already been compressed or mis-
routed earlier in the network. Final-layer control is useful
but incomplete.

Random rank allocation is variable. Across ten alloca-
tions, mean accuracy is 80.9%, with a standard deviation of
0.6 percentage points. Mean reversal error is 7.8%, with a
standard deviation of 0.9 percentage points. Some random
allocations approach uniform performance, while others
perform little better than final-block placement. The vari-
ability shows that layer placement matters under a fixed
rank budget. It also provides a useful control against the
possibility that any sparse allocation is sufficient.

Depth-selective allocation gives the strongest results.
Test accuracy is 82.0%, reversal error is 4.9%, signed mar-
gin deviation is 0.58, and negative calibration error is 6.9%.
Compared with the frozen model, reversal error decreases
by 5.9 percentage points. Compared with uniform adapters,
it decreases by 2.4 percentage points with the same pa-
rameter count. The accuracy difference between depth-
selective and uniform adapters is 0.4 percentage points. A
paired bootstrap over polarity groups gives a 95% inter-
val of [—3.5, —1.3] percentage points for the reversal-error
difference between depth-selective and uniform adapters.
This supports a genuine allocation effect.

The main test results are summarized as follows:

Reversalg, ., = 10.8%,
=7.3%,
Reversalg, . = 8.0%,
Reversal o, = 4.9%. (19)

AccuracyfrOZen =78.9%,

Accuracyuniform = 81.6%, Reversal

uniform

Accuracyg . = 81.1%,
Accuracydepth = 82.0%,

Prompt-form analysis reveals where the gains arise. On
affirmative prompts, the frozen model scores 84.7%, uni-
form adapters 86.1%, and depth-selective adapters 86.3%.
The difference between trained methods is small. On neg-
ative prompts, the frozen model scores 79.8%, uniform
adapters 82.4%, and depth-selective adapters 83.2%. On
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region while random allocation remains variable under the same budget.
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Figure 7. Prompt-form accuracy shows the largest gain under exclusion wording, where polarity reasoning is most fragile and uniform

rank placement leaves a larger deficit.

exclusion prompts, the frozen model scores 72.4%, uniform
adapters 77.6%, and depth-selective adapters 80.8%. On
uncertainty prompts, the frozen model scores 78.7%, uni-
form adapters 80.3%, and depth-selective adapters 81.6%.
The largest improvement therefore appears in exclusion
prompts, the form most dependent on polarity reasoning.

Domain-level results show that the method is not con-
fined to one image type. In radiography, depth-selective
adapters reduce reversal error from 11.6% to 4.7%. In ul-
trasound, reversal error falls from 12.1% to 5.4%. In der-
moscopy, it falls from 8.8% to 4.6%. The ultrasound task
remains hardest, mainly because several findings have visu-
ally subtle negative cases. Dermoscopy has lower baseline
reversal error because the prompt templates use shorter find-
ing descriptions and fewer exclusion phrases. The method
improves all domains, but the magnitude differs.

The paired McNemar test on group-level reversal out-

comes shows significant improvement over uniform adapters
with p = 0.004. The comparison with final-block adapters
gives p < 0.001. The comparison with the best random
allocation gives p = 0.018. Since many random allocations
are tested, the best-random comparison is conservative in
spirit but not a formal multiple-testing correction. It still
suggests that the diagnostic allocation is not merely lucky.
A mixed-effects logistic model with random intercepts for
finding and domain estimates an odds ratio of 0.64 for re-
versal error under depth-selective allocation compared with
uniform allocation.

Signed margin deviation provides a more continuous
view. The frozen model has mean deviation 1.42 [14].
Uniform adapters reduce it to 0.97. Final-block adapters
reduce it to 1.04. Depth-selective adapters reduce it to 0.58
[15]. The reduction is especially large in pairs involving
exclusion prompts. The distribution also changes shape.
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The frozen model has a long tail of deviations above 3.0
logits. Uniform adapters reduce but do not remove this
tail. Depth-selective adapters cut the proportion of high-
deviation pairs from 14.9% to 4.1%. These high-deviation
pairs are clinically relevant because they indicate that the
model’s confidence depends heavily on wording.

Negative calibration error improves alongside rever-
sal error. The frozen model has negative calibration error
13.6%. Uniform adapters reduce it to 9.8%. Final-block
adapters reduce it to 10.4%. Depth-selective adapters re-
duce it to 6.9%. Calibration curves show that the largest
correction occurs in bins where the model predicts yes with
probability between 0.70 and 0.90 while the correct answer
is no under a polarity-transformed prompt. The depth-
selective method does not simply make probabilities less
confident everywhere. Positive calibration error changes
from 8.1% in the frozen model to 6.7% after depth-selective
adaptation, a smaller but favorable shift.

The adapter rank pattern selected by the diagnostic
rule is informative. Under the main budget, nonzero ranks

appear in three regions. The early region receives ranks in
layers 3, 4, and 6. The middle region receives ranks in layers
13, 15, 16, and 18. The late region receives ranks in layers
25 and 28. The highest individual rank is assigned to layer
15, where representation separation and propagation scores
are both high. The early ranks are lower but consistently
selected because Jacobian energy around polarity tokens is
strong. The late ranks are modest and appear to support
final margin correction.

Removing the early selected layers while redistributing
their rank to selected middle layers increases reversal error
from 4.9% to 6.1%. Removing the middle selected layers
and redistributing rank to early and late layers increases
reversal error to 7.0%. Removing the late selected layers
increases reversal error to 5.7%. These ablations indicate
that middle layers contribute most, early layers are also
necessary, and late layers provide additional margin control.
The full allocation works because it combines regions rather
than because one region dominates completely.
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The allocation ablation is

Full allocation = R = 4.9%, V =0.58,

No early selected layers = R = 6.1%, V =0.74,

No middle selected layers = R = 7.0%, V' =0.89,
No late selected layers = R =5.7%, V' =0.66. (20)

Rank budget experiments show diminishing returns.
With a 3.1 million parameter budget, uniform adapters
reach 8.6% reversal error and depth-selective adapters reach
6.2%. With 6.2 million parameters, the values are 7.3% and
4.9%. With 9.4 million parameters, they are 6.8% and 4.6%.
With 12.5 million parameters, they are 6.6% and 4.5%. The
gap between allocation strategies is largest at moderate bud-
gets. Once the budget becomes large, uniform placement
improves because enough capacity reaches useful layers by
chance. The practical value of depth selection is therefore
strongest when parameter budgets are constrained.

The loss ablation shows that rank allocation and polar-
ity contrast are complementary. If the binary loss is used
without the polarity contrast term, depth-selective adapters
reach 81.7% accuracy but 6.8% reversal error. Adding the
contrast term reduces reversal error to 4.9%. Increasing
the contrast weight too much lowers reversal error slightly
on validation but reduces test accuracy, suggesting overem-
phasis on paired prompt agreement. The chosen weight
balances ordinary correctness and polarity robustness [16].

Cross-domain transfer is tested by training adapters on
two domains and evaluating on the held-out third domain.
When radiography is held out, depth-selective adapters
trained on ultrasound and dermoscopy reduce radiography
reversal error from 11.6% to 7.2%. When ultrasound is
held out, reversal error falls from 12.1% to 8.1%. When
dermoscopy is held out, reversal error falls from 8.8% to
6.0%. These gains are smaller than in-domain training but
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Figure 12. Robustness tests retain the depth-selective advantage under paraphrased prompts, altered instructions, and rare clinical
synonym substitution, although synonym transfer remains weaker.

remain meaningful. The result suggests that some polarity
adaptation transfers across medical image domains, though
domain-specific examples improve performance.

A further test trains the depth allocation diagnostics
on one domain but trains adapter weights on all domains.
When diagnostics are computed only from radiography,
the resulting allocation achieves 5.5% overall reversal er-
ror. Ultrasound-only diagnostics give 5.7%. Dermoscopy-
only diagnostics give 6.0%. All-domain diagnostics give
4.9%. This indicates that the diagnostic layer pattern has
shared structure but benefits from multi-domain measure-
ment. Dermoscopy-only diagnostics underselect early lay-
ers, which may explain its weaker transfer.

The method also affects abstention quality when an
optional uncertainty threshold is applied. If predictions
with lml < 0.4 are abstained, the frozen model abstains on
9.7% of examples and has non-abstained reversal error 8.9%.
Depth-selective adapters abstain on 8.4% and have non-
abstained reversal error 3.8%. At matched 10.0% abstention,
depth-selective adapters retain higher accuracy and lower
reversal error than uniform adapters. This suggests that
the method reduces genuine polarity mistakes rather than
merely pushing errors into the uncertain region [17].

5. Layer Behavior After Adaptation

The diagnostic scores are computed before training, but
adaptation changes the model’s layer behavior. To examine
this, hidden states are remeasured after adapter training.
The analysis focuses on the test set and compares uniform
and depth-selective adapters. The first question is whether
the selected layers become more or less sensitive to polar-
ity tokens. The second is whether polarity representation
separation becomes better organized. The third is whether
answer margins respond more symmetrically to opposed
prompt forms.

After depth-selective adaptation, early selected layers

show reduced excessive Jacobian concentration on individ-
ual polarity tokens. This does not mean the model ignores
polarity. Rather, the gradient becomes distributed across
a slightly broader set of surrounding tokens. For example,
in exclusion prompts, sensitivity shifts from the single rule-
out token toward the full predicate phrase. This change
is associated with fewer cases where the model treats rule-
out language as a weak synonym of absence or presence.
Uniform adapters show a similar but smaller effect.

Middle selected layers show the clearest representational
change. Before adaptation, athrmative and exclusion prompts
for the same image often occupy representational neigh-
borhoods that are separated mainly by surface form. Af-
ter depth-selective adaptation, the separation aligns more
strongly with correct answer polarity. This is measured
by comparing two linear probes. A prompt-form probe
predicts whether a hidden state comes from affirmative, neg-
ative, exclusion, or uncertainty wording. A target-answer
probe predicts the correct yes-no answer. In middle selected
layers, prompt-form probe accuracy decreases from 71.8%
to 63.2%, while target-answer probe accuracy increases
from 76.4% to 81.5%. This suggests that representations be-
come less organized by superficial prompt form and more
organized by the answer implied by image and polarity
together.

Late selected layers show improved signed margin sym-
metry. For opposed prompt pairs, the final margins should
move in opposite raw directions but similar signed direc-
tions. Before adaptation, many pairs have one strong signed
margin and one weak or negative signed margin. After
depth-selective adaptation, the signed margins become more
balanced. The mean product of signed margins in opposed
pairs increases from 1.18 in the frozen model to 2.07 under
uniform adapters and 2.84 under depth-selective adapters.
A higher product indicates that both prompts in the pair are
confidently correct rather than one prompt dominating.
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The signed margin product is

1
Bpair=ﬁ Z SokSql- (21)
(g.k.) P

The test values are [18]

1.18, B 207, Byepeh = 2.84. (22)

uniform =

Bfrozen =

The improvement is largest for exclusion pairs, where the
frozen value is only 0.72 and the depth-selective value is
2.43. This indicates that the method does not merely flip
answers at the threshold but strengthens paired correctness
[19].

Centered kernel alignment between prompt forms also
changes. For afhirmative and exclusion prompts, baseline
alignment at selected middle layers is 0.61. Uniform adapters
raise it to 0.66, while depth-selective adapters raise it to
0.72 after correcting for answer polarity. This means the
representations for clinically linked prompts become more
similar once the correct answer relation is accounted for
[20]. For affirmative and absence prompts, raw alignment
remains lower because the correct answers are opposite,
but signed-answer-conditioned alignment improves. This
supports the idea that adaptation reorganizes representations
around polarity-adjusted task meaning.

The method does not erase all prompt-form informa-
tion. A prompt-form probe still performs above chance
after adaptation. This is expected and probably desirable.
The model should know whether a question asks about
presence or exclusion because that information determines
the answer. The goal is not prompt-form invariance [21].
The goal is polarity competence. A model that made all
prompt forms identical would fail absence and exclusion
questions. Depth-selective adaptation reduces unhelpful
surface separation while retaining answer-relevant polarity
structure.

Error cases after adaptation reveal remaining weaknesses.
Some errors involve nested uncertainty, such as prompts
asking whether it is unlikely that a finding cannot be ex-
cluded. These were mostly removed from the main corpus,
but a small challenge set includes them. The depth-selective
method improves performance on this set from 59.3% to
66.8%, but errors remain common. Another weakness is
visual ambiguity. When the image evidence is weak, the
model may choose the same answer across opposed prompts
because the visual signal dominates the linguistic operation.
A third weakness is synonym variation. Some rare clini-
cal aliases are handled less well because the diagnostic set
contains limited examples.

The study includes a causality-inspired perturbation
analysis, though not a full mechanistic proof. At selected
layers, the hidden-state difference between affirmative and
exclusion prompts is scaled by coeflicients from —1.0 to 1.0,
and the output margin is measured. In the frozen model,
the margin response is nonlinear and often asymmetric. Un-
der depth-selective adaptation, the response becomes more

11

monotonic for correctly classified groups. The mean mono-
tonicity score increases from 0.68 to 0.82 [22]. Uniform
adapters reach 0.75. This suggests that the adapted model
has a smoother mapping from polarity representation dis-
placement to answer margin.

The monotonicity score is computed as

1 T-1
My=1— g > T[Ame(oge) < Ame(e)] . (23)

a=1

where &, indexes increasing perturbation coefhicients af-
ter aligning the expected sign. A score of 1 indicates fully
monotonic response. This analysis is descriptive but use-
ful. It shows that adaptation changes not only the final
predictions but also the local geometry of polarity effects.

Layerwise adapter norm analysis shows that allocated
rank is not always fully used. Some low-rank matrices
develop small effective singular values. The effective rank
is computed as the number of singular values explaining
95.0% of adapter update energy. Early selected layers have
effective ranks near their assigned ranks. Some late layers
have lower effective rank than assigned, suggesting that
smaller late ranks may be sufficient. Middle layers use most
of their assigned capacity. This matches the ablation finding
that removing middle layers is most damaging.

The effective rank is

r’—l o‘%,
T =095 (24)

=k
2oii1 OF;

Across selected layers, the mean ratio r g o/rg is 0.84 for
early layers, 0.88 for middle layers, and 0.61 for late layers.
This suggests that future allocation rules could assign late
layers more conservatively or use adaptive rank pruning
after training.

Teff,q = MiN 4 r:

6. Robustness Analysis

Several robustness experiments test whether the main re-
sult depends on specific design choices. The first varies
the prompt grammar. A paraphrastic prompt set is created
by rewriting the four prompt forms with different lexi-
cal choices while preserving polarity. The depth-selective
model trained on the original grammar is evaluated on
this rewritten test set without additional training. Reversal
error rises from 4.9% to 6.2%, but it remains below uni-
form adapters at 8.1% and the frozen model at 12.4%. The
increase indicates some template dependence, but the re-
tained advantage suggests that the method learns more than
memorized wording.

The second robustness test changes the answer instruc-
tion. Instead of asking for only yes or no, the prompt asks
for a concise binary answer. This minor instruction change
affects the frozen model, raising reversal error from 10.8%
to 11.5%. Uniform adapters reach 7.9%, and depth-selective
adapters reach 5.6%. The method remains beneficial, but
the result shows that instruction wording can still matter
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[23]. Adapter training under multiple instruction prefixes
may improve robustness further.

The third test evaluates label imbalance. The main cor-
pus is balanced, but real datasets may not be. A skewed
test set is created with 70.0% negative labels in each do-
main. The frozen model has 80.4% accuracy but 12.7%
reversal error. Depth-selective adapters reach 83.1% accu-
racy and 5.8% reversal error. Negative calibration error
improves from 15.2% to 7.6%. The method performs well
under imbalance, partly because the polarity contrast term
is group-based rather than prevalence-based.

The fourth test evaluates reduced training data. With
25.0% of the training groups, depth-selective adapters reach
7.4% reversal error. With 50.0%, they reach 5.9%. With
the full training set, they reach 4.9%. Uniform adapters are
more affected by data reduction, reaching 10.1%, 8.6%, and
7.3% respectively. Depth-selective allocation appears more
data-efhicient because it trains fewer layers with greater
diagnostic relevance. However, the diagnostic set itself
must still be large enough to estimate layer scores reliably.

The fifth test examines diagnostic noise. Layer scores are
estimated using 100, 200, 400, and 600 diagnostic groups.
With 100 groups, selected layers vary noticeably across ran-
dom samples, and reversal error is 6.5%. With 200 groups,
reversal error is 5.7%. With 400 groups, it is 5.1%. With
600 groups, it is 4.9%. The diagnostic stage therefore ben-
efits from several hundred groups, but it does not require
the full training set. This matters because layer diagnostics
can be computationally expensive.

The sixth test compares alternative diagnostic combina-
tions. Using only Jacobian energy gives 6.4% reversal error.
Using only representation separation gives 5.8%. Using
only margin propagation gives 6.0%. Combining all three
gives 4.9%. Pairwise combinations fall between 5.2% and
5.6%. Representation separation is the strongest single score,
but it does not fully replace the others. The combined rule
works because polarity processing involves token sensitivity,
hidden-state organization, and final margin influence.

The seventh test changes the rank smoothness penalty.
With no smoothness penalty, the allocation becomes scat-
tered and reversal error is 5.4%. With the main penalty,
reversal error is 4.9%. With double the penalty, the allo-
cation becomes too contiguous and reversal error is 5.3%.
A moderate penalty is best [24]. The result suggests that
nearby layers share useful behavior, but strict contiguity is
not optimal.

The eighth test evaluates whether visual encoder adap-
tation would change conclusions. A small adapter is added
to the visual projection layer while keeping the same to-
tal parameter budget by reducing language adapter rank.
Accuracy improves slightly on affirmative prompts, but re-
versal error worsens to 5.6%. The likely reason is that
polarity errors are primarily language-conditional in this
task; spending capacity on visual adaptation leaves less ca-
pacity for polarity processing. This does not mean visual
adaptation is unimportant for other tasks. It means that un-

der a fixed budget for this polarity problem, language-layer
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allocation is more useful.

The ninth test evaluates out-of-template clinical syn-
onyms. A synonym challenge set replaces common target
terms with less frequent clinical phrases. In radiography,
airspace opacity replaces consolidation in some prompts.
In ultrasound, peritoneal fluid replaces free fluid. In der-
moscopy, atypical vessels replaces atypical vascular pat-
tern. The frozen model has 14.1% reversal error, uniform
adapters 10.2%, and depth-selective adapters 8.4%. The
improvement is smaller than in the main test. This indi-
cates that polarity robustness and synonym robustness are
related but not identical. Additional lexical coverage would
be needed for rare phrase variants [25].

The tenth test evaluates random seed stability. Across
five training seeds, depth-selective reversal error ranges
from 4.6% to 5.3%, with standard deviation 0.3 percent-
age points. Uniform adapters range from 7.0% to 7.7%.
Final-block adapters range from 7.5% to 8.4%. Random
allocation has much wider variation because the allocation
itself changes [26]. The proposed method is therefore stable
once diagnostics are fixed.

The robustness results support the central finding while
defining its limits. Depth-selective allocation remains stronger
than baselines under rewritten prompts, instruction changes,
imbalance, smaller training sets, and seed variation. It is less
effective under rare synonym substitution and nested un-
certainty. It depends on reasonably stable layer diagnostics.
It works best when the main failure is polarity process-
ing rather than missing visual recognition or unfamiliar
terminology.

7. Error Analysis and Practical Implications

The remaining reversal errors after depth-selective adap-
tation are not randomly distributed. The largest cluster
involves exclusion prompts with visually subtle positive find-
ings. For example, if a small effusion is present and the
prompt asks whether effusion can be excluded, the correct
answer is no. The model sometimes answers yes, apparently
treating uncertainty in the image as support for exclusion.
This is a clinically meaningful confusion because image
uncertainty and linguistic exclusion are different [27]. The
model needs to understand that inability to see a finding
confidently does not always mean the finding can be ruled
out.

A second cluster involves negative prompts with high-
salience visual distractors. In dermoscopy, an image may
contain an atypical feature related to the target but not
exactly matching it. The model sometimes answers yes to
absence prompts because the visual abnormality dominates
the language polarity. The adapter reduces this error type
but does not eliminate it. This suggests that the language
route can be improved while still being overridden by strong
visual associations.

A third cluster involves uncertainty wording. Prompts
asking whether a finding is unlikely can be difficult when

the image is borderline. The correct answer key treats un-
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likely as a binary polarity form, but clinical interpretation
may be less discrete. If a finding is subtle, both yes and no
may seem defensible depending on threshold. The model’s
errors in this cluster may partly reflect label simplification
rather than pure language failure. This is one reason the pa-
per avoids making clinical safety claims from binary metrics
alone.

A fourth cluster involves domain-specific phrasing. Ul-
trasound prompts contain anatomical and procedural terms
that are less common in radiography-style VQA data. Even
when the model recognizes the image pattern, it may han-
dle phrases such as appendiceal noncompressibility or in-
trauterine gestational sac differently across polarity forms.
Depth-selective allocation improves general polarity han-
dling, but it cannot fully compensate for uneven domain
terminology. Domain-specific prompt augmentation may
be needed.

The practical implication is that adapter allocation can
be treated as a design variable rather than an afterthought.
When a team has a fixed parameter budget, placing the
same rank everywhere is not always the best use of capacity.
Measuring where the target linguistic operation affects the
model can guide placement. This is particularly relevant
for medical settings where the target operation is known
in advance. If the goal is polarity robustness, diagnostics
should focus on polarity. If the goal is temporal comparison,
the diagnostic set should test before-after language. If the
goal is anatomical grounding, layer scores should measure
location-sensitive representations.

The method also suggests a validation workflow. Be-
fore adaptation, construct paired prompt groups for the
linguistic operation of interest. Measure layer diagnostics
on a sample. Allocate adapter rank under a fixed budget.
Train with a loss that includes ordinary supervision and a
task-specific contrast. Evaluate not only accuracy but also
operation-specific errors. This workflow is more involved
than ordinary adapter training, but it provides more infor-
mation about why capacity is placed where it is. It also
creates an audit trail for model modification [28].

The study’s results caution against relying only on final-
block adaptation. Final layers are attractive because they
are close to the output and cheaper to adjust. They do
help, but they leave some polarity errors unresolved. The
language operation begins before the answer surface. If
earlier layers encode the prompt in a way that weakens
or distorts polarity, late adapters may only patch the final
decision. A small amount of earlier capacity can make the
later correction easier. The best allocation in this study
therefore spans multiple regions.

Uniform adaptation has the opposite issue [29]. It is ro-
bust and simple but may waste rank. In large budgets, this
waste matters less because enough capacity reaches useful
layers. In small budgets, it matters more. Medical models
are often adapted under memory, compute, or governance
constraints. A method that improves the use of a fixed
budget can be valuable even if it does not change the under-
lying training data. The rank budget experiments show this
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clearly: the proposed method’s advantage is largest when
capacity is limited.

The method also has interpretive value. The selected
layers and their diagnostic scores reveal how the model
handles a linguistic operation. The result is not a complete
explanation, but it gives a structured view of where token
sensitivity, representation separation, and margin coupling
occur. In this study, polarity is distributed across early,
middle, and late layers. That pattern argues against a simple
story in which one layer is the polarity layer. It also explains
why an allocation spanning several regions works better
than a single contiguous final block.

For deployment, polarity reversal error is an intuitive
metric. Clinicians and auditors can understand that a model
should not answer the same way to a presence question and a
rule-out question when the correct answers differ. Accuracy
alone can hide this failure because one of the prompts may
still be correct. Reporting reversal error alongside accuracy
provides a clearer picture of linguistic reliability. Signed
margin deviation adds another layer by identifying cases
where answers are correct but confidence is highly uneven
across polarity forms.

The method does not remove the need for human-
designed prompt standards. A model can be made more
robust, but clinical systems should still avoid needlessly con-
fusing language. Prompt templates should minimize double
negation and ambiguous exclusion phrasing when possible.
Robustness training is a safeguard, not an invitation to use
poor prompts. The best practical approach is likely both:
clearer prompts and models that are less brittle when prompt
variation occurs.

8. Limitations and Future Directions

The first limitation is the controlled nature of the prompt
grammar. The study uses carefully constructed polarity
forms to ensure correct answer keys. Real clinical language
is less tidy. Users may ask compound questions, include
multiple findings, or mix uncertainty with comparison and
negation. The results therefore show that depth-selective
allocation helps under controlled polarity transformations,
not that it handles every natural prompt. Future studies
should use real user logs with expert annotation of polarity
intent.

The second limitation is the binary answer space [30].
Polarity errors are easiest to define when answers are yes
or no. Many medical vision-language tasks require free-
text explanation, localization, measurement, or differential
diagnosis. A model might correctly answer yes but provide
an explanation with inconsistent polarity. Extending the
method to structured or free-text outputs would require
new metrics. One possibility is to score multiple clinically
relevant answer propositions and apply polarity contrast at
the proposition level.

The third limitation is that the study freezes the vi-
sual encoder. This is appropriate for isolating language-
layer allocation, but some errors involve visual ambiguity or
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domain-specific image features. Joint visual-language adap-
tation might improve those cases. However, visual adap-
tation also increases validation burden and may introduce
new failure modes. Future work should examine whether
depth-selective language adapters combine well with small
visual adapters when the task includes both polarity and
visual recognition gaps.

The fourth limitation is that the diagnostic scores re-
quire additional computation. Jacobian energy, represen-
tation alignment, and perturbation-based propagation are
more expensive than ordinary validation metrics. The cost
is manageable for the present diagnostic set, but it may be
substantial for very large models or many candidate tasks.
Approximate diagnostics could reduce cost. For example,
gradient norms could be estimated on smaller token subsets,
and propagation scores could use linear probes rather than
perturbation passes.

The fifth limitation is that the allocation rule uses fixed
weights for the three diagnostics. These weights are selected
on validation data and may not transfer to every model. A
more principled approach could learn the weights through
bilevel optimization, where validation reversal error directly
supervises allocation. Such an approach might improve
performance but would also be more complex and more
expensive. The current rule is intentionally simpler and
easier to inspect.

The sixth limitation is that rank choices are discrete and
manually bounded. The allowed ranks are practical, but
they may not be optimal. Continuous relaxation of rank
allocation could produce finer distributions, followed by
rounding. Another direction is adaptive rank pruning after
training. The effective-rank analysis suggests that some
late-layer rank is underused. A train-prune-retrain cycle
might reduce parameters without losing robustness.

The seventh limitation is that clinical labels may be
imperfect. Binary labels simplify complex image findings.
Some uncertainty prompts are especially sensitive to label
thresholds. If the label says a finding is present but the visual
evidence is minimal, the correct answer to an uncertainty
question may not be straightforward. Human expert review
of the hardest polarity cases would improve the validity
of future evaluations. The present study treats labels as
fixed because it focuses on model behavior under controlled
prompt transformations.

The eighth limitation is that the method addresses one
linguistic operation at a time. Polarity is important, but
medical language also contains temporality, laterality, sever-
ity, quantification, and causal relations. A model adapted
for polarity might not improve on these other operations.
A future system could define multiple diagnostic sets and
allocate adapter capacity for several operations jointly. The
challenge would be avoiding conflict between operations
competing for the same layers.

Future work should also evaluate whether depth-selective
allocation is useful outside medicine. Polarity reasoning
appears in legal, financial, and safety-critical technical do-
mains. The general principle of measuring layer sensitivity
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to a target linguistic operation and allocating adapter ca-
pacity accordingly may transfer. However, medical images
add a multimodal constraint that may change the allocation
pattern. Cross-domain studies would clarify which parts of
the approach are general and which are specific to medical
vision-language inference.

Another direction is active data selection. The diag-
nostic scores identify layers, but the training data are still
sampled broadly. The model might benefit from emphasiz-
ing groups whose polarity transformations produce large
hidden-state changes or margin conflicts. An active cur-
riculum could select examples that most directly exercise
the selected layers. This may reduce the amount of training
data needed for robust adaptation.

Finally, future work should connect polarity robustness
with abstention and explanation. A model that remains
uncertain under difhcult polarity transformations should
perhaps abstain rather than force a yes or no. The signed
margin measures developed here could support abstention
rules. Explanations could also be checked for polarity agree-
ment with the final answer. A model that answers no to a
rule-out question but explains as if the finding is present
would still be unsafe. Robustness needs to apply to both
answer and rationale.

9. Conclusion

This study evaluated depth-selective adapter allocation for
improving polarity robustness in medical vision-language
inference. The problem was framed around binary clinical
prompts whose wording changes the required answer direc-
tion. Instead of increasing the adapter budget, the method
redistributed a fixed low-rank budget across layers using
diagnostic scores for token-local sensitivity, representation
separation, and signed margin propagation.

The empirical results show that allocation matters. Un-
der the same parameter budget and training loss, depth-
selective adapters reduced polarity reversal error more than
uniform adapters, final-block adapters, and random rank
allocation. The method was especially helpful for exclusion-
framed prompts, where ordinary accuracy was weakest
and polarity mistakes were most common. It also reduced
sighed margin deviation and improved negative calibration
error while preserving overall task accuracy.

The layer analyses indicate that polarity processing is dis-
tributed. Early layers respond strongly to polarity-bearing
tokens, middle layers reorganize prompt representations,
and later layers connect those representations to the an-
swer margin. The best allocation spans these regions rather
than concentrating all capacity in one place. This finding
supports a practical view of adapter design: the placement
of trainable capacity should reflect the linguistic operation
being adapted.

The study has limits. The prompt grammar is controlled,
the tasks are binary, and the labels simplify clinical uncer-
tainty. The method requires diagnostic computation and
hidden-state access [31]. It should therefore be treated as a
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targeted adaptation strategy rather than a complete solution
for medical language reliability. It improves a specific class
of polarity failures but does not replace domain validation,
careful prompt design, or expert review.

A useful next step is to apply the same allocation princi-

ple to other clinical language operations, including temporal
comparison, laterality, and severity. Each operation may
produce a different layer profile and require a different rank
distribution. The broader lesson is that adapter capacity is
not only a quantity but also a location. For medical vision-
language systems, where small wording changes can reverse
meaning, that location can materially affect robustness.
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