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Abstract

Medical VLMs frequently hallucinate clini-
cally unsupported findings. We identify a sta-
bility gap: visually grounded tokens main-
tain relatively stable logits under semantics-
preserving image perturbations, whereas visu-
ally misgrounded tokens exhibit substantially
larger shifts. We introduce LENS (Logit-
ENhanced Stability), which exploits this signal
at both training and inference. During training,
Semantics-Preserving Preference Optimization
(SPPO) scores preference pairs using clinical
faithfulness and cross-view stability; at infer-
ence, stability-aware contrastive decoding pe-
nalizes tokens whose logits diverge across orig-
inal and counterfactual views. Constrained
counterfactuals use attribution-guided masking
and feature-space proximity guards to reduce
disruption of lesion- and device-level evidence.
Across radiology VQA, chest X-ray reporting,
and gastrointestinal endoscopy, LENS consis-
tently outperforms strong decoding-time and
preference-optimization baselines. On MIMIC-
CXR, entity-level RadGraph recall improves
from 21.0 to 22.8 over PCCD, while expert
evaluation shows a hallucination-rate reduction
from 17.0% to 8.5%.

1 Introduction

Medical vision—-language models (VLMs) now sup-
port radiology report generation, image-grounded
question answering, and endoscopy description
(Liu et al., 2023; Li et al., 2023; Chen et al.,
2024b). However, they frequently hallucinate, gen-
erating clinically fluent text unsupported by vi-
sual evidence (Rohrbach et al., 2018; Bai et al.,
2024). Because such outputs can propagate into
health records and influence clinical decisions,
even rare hallucinations carry disproportionate risk
(Ostmeier et al., 2024; Liao et al., 2025).
Decoding-time methods contrast predictions be-
tween original and perturbed images, but often rely
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Figure 1: The stability gap in medical VLM hallu-
cinations. Top: Per-token logit change |A/| under
a semantics-preserving counterfactual view. Botfom:
Response-level likelihood comparison.

on global perturbations that can disrupt subtle le-
sion and device cues critical to clinical interpreta-
tion (Leng et al., 2024; Chen et al., 2024a; Zhuang
et al., 2025). Training-time alignment via prefer-
ence optimization (DPO, PPO, GRPO) can reduce
hallucinations, but typically relies on preference su-
pervision without directly testing whether the pre-
ferred response is visually grounded (Jiang et al.,
2024; Xie et al., 2024; Fu et al., 2025). Post-hoc
detectors identify unsupported content only after
generation (Zhang et al., 2025; Park et al., 2025).
Our prior work, Proximity-Constrained Counterfac-
tual Decoding (PCCD), introduced dual proximity-
constrained counterfactual views for training-free
medical VLM decoding (Mahapatra et al., 2026).
LENS builds on this counterfactual machinery but
treats cross-view stability as a supervision signal,
using it for preference optimization during train-
ing and token-level correction at inference. Re-
lated token-perception work has also shown that
token-level visual dependency signals can guide
multimodal optimization (Huang et al., 2026).

Our starting point is a simple empirical obser-
vation. When a medical VLM generates a visu-
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ally misgrounded token, its logit tends to shift
sharply under perturbations of clinically irrelevant
context—such as background texture, windowing,
or acquisition style—whereas tokens supported
by lesion- or device-level evidence are substan-
tially more stable (Figure 1). Across 500 image—
question pairs, hallucinated tokens exhibit mean
logit change |A/| = 1.84 versus 0.31 for grounded
tokens (p < 10~%). We term this difference the sta-
bility gap. Importantly, the signal targets hallucina-
tions whose likelihood depends on visual context;
purely language-driven errors may remain stable
across visual perturbations and therefore require
complementary mechanisms.

We propose LENS (Logit-ENhanced Stability),
which operationalizes the stability gap in two com-
plementary stages. During training, Semantics-
Preserving Preference Optimization (SPPO) con-
structs preference pairs scored jointly on clinical
faithfulness and cross-view stability. At inference,
stability-aware contrastive decoding penalizes to-
kens whose logits diverge between original and
counterfactual views, with penalty strength mod-
ulated by attribution-derived contextness. Both
stages use same constrained counterfactual ma-
chinery: attribution-guided masking limits pertur-
bations around salient regions, while global and
object-level feature-space proximity guards reject
views that drift beyond predefined similarity thresh-
olds.

LENS requires access to token logits and an at-
tribution signal over visual representations, and
we evaluate it across CheXagent-3B, LLaVA-Med,
and LLaVA-1.6-7B. For architectures without ex-
plicit spatial feature maps, such attribution can
in principle be obtained from cross-attention or
gradient-based saliency over visual tokens. Evalu-
ation spans radiology VQA (MIMIC-Diff-VQA
and VQA-RAD), chest X-ray report generation
(MIMIC-CXR), and gastrointestinal endoscopy
(Gut-VLM), with consistent improvements over
decoding-time and preference-optimization base-
lines. Our contributions: (1) we empirically char-
acterize a cross-view stability gap between visually
grounded and misgrounded tokens under clinically
constrained perturbations (§2); (2) we introduce
SPPO and stability-aware contrastive decoding,
which exploit this signal at response and token lev-
els under a shared counterfactual mechanism; and
(3) we demonstrate consistent gains across the eval-
uated clinical settings, including improved MIMIC-
CXR entity-level recall and an expert-confirmed

reduction in hallucination rate from 17.0% to 8.5%.

2 Hallucinations in Medical VLMs

Hypothesis. Medical VLMs learn strong co-
occurrence priors during pre-training: tokens such
as “effusion” or “cardiomegaly” become statisti-
cally associated with common radiographic con-
texts regardless of whether the specific image sup-
ports them. We hypothesize that hallucinated to-
kens, being driven by these contextual priors rather
than lesion-level evidence, should be dispropor-
tionately sensitive to perturbations of clinically
irrelevant image regions. Grounded tokens, by con-
trast, should remain stable because their logit mass
derives from visual features that the perturbation
leaves intact.

Experimental verification. To test this, we sam-
ple 500 image—question pairs from MIMIC-Diff-
VQA and generate answers with greedy decod-
ing using CheXagent. For each generated token
yt, we compute the logit shift |Al| = [{p(y: |
v,x<t) — Loy | v, x<4)| across five semantics-
preserving counterfactual views v/, constructed via
background blur and windowing shifts constrained
t0 Sglobal = 0.98 (details in §3.2). We label tokens
as hallucinated or grounded using GREEN (Ost-
meier et al., 2024). Hallucinated tokens exhibit
mean |A¢| = 1.84 versus 0.31 for grounded to-
kens (p < 107°, Welch’s ¢-test), confirming a clear
stability gap (Figure 1, top). The effect is consis-
tent across question types (yes/no, open-ended, dif-
ference) and persists on LLaVA-Med (mean |A/|:
2.11 hallucinated vs. 0.38 grounded), showing that
the stability-gap pattern persists across both eval-
uated backbones. This gap provides two action-
able signals: at the response level, hallucinated
responses show larger aggregate likelihood diver-
gence across views, enabling preference-based
training; at the token level, individual unstable
tokens can be penalized during decoding. Prior
work addresses complementary failure modes—
reasoning-level hallucinations (Dong et al., 2025;
Xu et al., 2025), representation amplification (Yin
et al., 2025), and verifier-based resampling (Wu
et al., 2025). These works address complementary
signals. PCCD (Mahapatra et al., 2026) introduced
proximity-constrained counterfactuals but operates
only at inference, whereas LENS uses clinically
constrained cross-view stability jointly for prefer-
ence training and decoding. We adopt evaluation
frameworks from VASE (Liao et al., 2025), HalLLoc
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Figure 2: LENS framework overview. Phase 1: Semantics-preserving counterfactual generation via context-only
(Eq. 2) and latent-style (Eq. 3) perturbations, filtered by proximity guards (Eq. 1). Phase 2: SPPO training (left) and

stability-aware contrastive decoding (right).

(Park et al., 2025), and Gut-VLM (Khanal et al.,
2025).

3 LENS: Method

The stability gap identified in §2 provides two com-
plementary signals: at the response level, halluci-
nated outputs exhibit larger aggregate likelihood di-
vergence across views, enabling preference-based
training; at the token level, individual unstable to-
kens can be identified and penalized during de-
coding. LENS operationalizes both through three
components: (i) a semantics-preserving counterfac-
tual generator that produces constrained alternative
views (§3.2), (ii) Semantics-Preserving Preference
Optimization (SPPO) that uses cross-view stability
as a training signal (§3.3), and (iii) stability-aware
contrastive decoding that penalizes unstable tokens
at inference (§3.4). Figure 2 provides an overview.

3.1 Problem Setup

An auto-regressive VLM py(y | v, z) generates a
response y = (y1,...,yr) conditioned on image
v and prompt x. A token y; is hallucinated if it as-
serts a clinical finding unsupported by v. The goal
of LENS is to modify both training and decoding so
that the model favours responses whose token prob-
abilities remain stable under clinically plausible
perturbations of the input image—directly leverag-
ing the stability gap as an operational criterion.

3.2 Semantics-Preserving Counterfactuals

The effectiveness of both SPPO and stability-aware
decoding depends on counterfactual views that per-
turb nuisance factors—background context, acqui-
sition style, windowing—while preserving lesion-
and device-level evidence. Poorly constrained per-
turbations would conflate grounded and halluci-
nated tokens, collapsing the stability gap. We there-
fore impose two layers of constraint: proximity
guards that enforce feature-space similarity, and
attribution-guided masking that restricts perturba-
tions to clinically irrelevant regions.

Proximity guards. Let ¢y(v) denote the image
encoder embedding. We require every candidate
view v’ to satisfy

Sobj (U, UI; Mt) > Tobj>

ey
where sgjobal and sqp; are cosine similarities com-
puted in the global and attribution-masked feature
spaces, respectively. The global constraint lim-
its overall representation drift, while the object-
level constraint protects localized findings. We
set Tglobal=0.98 and 74p;=0.95 on validation data;
performance is robust across [0.95, 0.99] for both
thresholds (§4.3). Views violating either constraint
are rejected (Figure 3).

/
Sglobal(vy v ) > Tglobal »

Attribution mask M;. We compute M; €
[0, 1]7*W via Grad-CAM (Selvaraju et al., 2017)
on the final vision encoder block, using the gradi-
ent of lg(y | v, x<;) with respect to visual feature
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maps. The resulting saliency map is min-max nor-
malized to [0, 1] and serves as a soft mask high-
lighting clinically salient regions. This mask plays
a dual role: it guides where perturbations may be
applied (Eq. 2) and determines the adaptive con-
trast weight during decoding (§3.4). In ablations
(§4.3), attention-based attribution yields compara-
ble results, and performance degrades gracefully
under 20% random noise injection.

Context-only perturbation. Using M;, we re-
strict edits to the complement of the salient region:

Vi = My Ov+ (1 — M) ©TL,(v),  (2)

where II,, is a low-amplitude operator—Gaussian
blur (c=1.5) or brightness shift (+10%)—chosen
so that (1) holds. This limits edits in salient regions
while perturbing their complement.

Latent-style perturbation. To capture
acquisition-level variation that pixel-space
operators cannot cleanly isolate, we use a con-
volutional autoencoder (E, D) pre-trained on
domain-matched images. We encode z = E(v)
and partition channels into content and style based
on activation variance under photometric shifts
(channels above the 75th percentile form 23V,
typically 20-30%). We perturb only style:

/ tent styl
Ustyle — D(zcon o ) 2 4+ An)a 3)

where A, ~ N(0,021) with ¢,=0.1, accepted
only if (1) holds. The full set of accepted views is
P(v).

3.3 Semantics-Preserving Preference
Optimization

With a reliable set of counterfactual views P (v) in
hand, we can now use the stability gap as a training
signal. Given image v, an accepted view v' € P(v),
and prompt x, we define the cross-view stability of
aresponse y as

So(y;v,v',x) = —|logpe(y | v, x)
@
—logpy(y | V', ).

Values of Sy near zero indicate that the response
probability is robust to the perturbation, consis-
tent with visual grounding. Large negative values
signal reliance on contextual priors—precisely the
hallucination mechanism identified in §2.

Preference construction. From a super-
vised dataset Do={(v,z,y*)} equipped with a
hallucination-sensitive scorer f(v,z,y) (GREEN
for radiology, RadGraph F1 for CXR reporting,
QAAS for endoscopy), we sample two candidate
responses: §°€~py(- | v,z) from the original
view and 7' ~py (- | v', z) from the counterfactual.
The winner is selected by a composite score:

max (f(v,x, Y)

ye{gorig7gcf} (5)
+ A Sp(y; v, 0, fﬁ))-

Yuw = arg

with y, as the loser. This scoring favors responses
that are both clinically faithful and cross-view sta-
ble. To mitigate self-reward bias when both can-
didates are poor, we discard pairs where the faith-
fulness gap | fo¢— ff| < §7=0.05 or the stability
gap | S°rie— S| < §,=0.1, filtering approximately
25% of candidates in practice.

SPPO objective. We define a stability-adjusted
reward that explicitly penalizes cross-view instabil-

ity:
ro(y) = logpa(y | v, x)

(6)
—y|logpa(y | v, ) —logpa(y | V', z)|.

where >0 controls the penalty strength (y=0.3
by default; ablation in Table 6). The preference
probability follows a Bradley—Terry model:

Py(yw>ye) = o(B(ro(yw) — re(ye))). (1)

The full SPPO loss combines this preference objec-
tive with supervised fine-tuning to prevent catas-
trophic forgetting:

L(0) = —E[log Py(yw>=ye)] +Asrr Lsrr(0).

Lsppo

(®)

3.4 Stability-Aware Contrastive Decoding

SPPO aligns the model toward stable responses dur-
ing training, but cannot guarantee stability for every
token at inference on unseen inputs. We therefore
complement SPPO with a decoding-time mecha-
nism that directly penalizes tokens exhibiting the
instability signature identified in §2.

Plausible set and contextness. At decoding step
t, we first restrict to a plausible token set via adap-
tive truncation: V; = {y : poly | v,x<y) >

2074



Yiop Maxy (Y | v, <)}, with 0p=0.1. We
then compute how much of the current token’s
evidence comes from context versus salient re-
gions. Using the attribution mask M;, we define
a contextness ratio p; = 1 — 7 > Mu(i, g):
high p, indicates the token depends primarily on
background context and should receive stronger
contrastive correction. The contrast weight is
set as ay = clip(@min + KPt, Omin, Omax), With
omin=0.1, amax=1.0, and k=0.8.

Contrasted logits. We select a counterfactual
view v; € P(v) satisfying (1) and compute the
stability-penalized logit:

hi(y) = Lo(y | v, <)
)

— arlfoly | v.w<e) = loly | v),v<0)|

y € V.
(10)
The intuition is direct: tokens with large logit
divergence—the hallucination signature from §2—
receive a proportionally larger penalty, while stable,
grounded tokens pass through largely unchanged.
The adaptive a; prevents over-suppression when
the token is primarily evidence-driven (p; low). If
no valid counterfactual view exists, we set ay = 0
and fall back to standard decoding at that step.

PLENS (¥ | v, <) exp(ht(y))7

4 Experiments

We evaluate LENS across three clinical settings
to answer four questions: (1) Does LENS im-
prove over both decoding-time and training-time
baselines? (2) Are gains consistent across back-
bones with different pre-training strengths? (3) Do
improvements on hallucination-sensitive metrics
come at the cost of language quality? (4) Which
components and design choices drive the gains?

4.1 Experimental Setup

Benchmarks and metrics. We evaluate on stan-
dard train/test splits of MIMIC-Diff-VQA (Hu
et al., 2023) (~700k QA pairs; test ~13k), VQA-
RAD (Lau et al., 2018) (2.2k QA; test 451),
MIMIC-CXR-JPG (Johnson et al., 2019) (377k im-
ages), and Gut-VLM (Khanal et al., 2025) (1,816
images; 1,450/366 train/test) for radiology VQA
(AUC, AUG under GREEN/VASE (Ostmeier et al.,
2024; Liao et al., 2025)), CXR reporting (Rad-
Graph F1 (Jain et al., 2021), GREEN), and GI en-
doscopy (QAAS, R-Sim, ROUGE-L) respectively.

Table 1: Main results. Best bold, second underlined.
‘~> =not applicable. BST = BERTScore F1 (not used in
training).

Radiology VQA Indep.

MIMIC-Diff-VQA  VQA-RAD

Cat. Method AUC AUG AUC AUG Bsf
Cross-Check.  68.45 48.98 70.51  38.99 -
Post-hoc RadFlag 85.77 61.01 74.83 3852 -
) Sem. Entr. 86.51 59.82 73.01  38.36 -
VASE 87.79 62.06 76.54  39.93 -
Greedy  CheXagent-3B  86.20 60.10 74.80 39.10 .862
VvCD 87.02 61.25 7590 39.85  .869
Dec.- HALC 87.31 61.44 - - -
Time VASparse 87.82 62.08 - - -
PCCD 89.59 64.06 78.60 4120 .873
Train DPO 90.12 64.81 78.80 4140  .870
PO ’ PPO 89.85 64.52 7820 41.05  .868
GRPO 90.38 65.04 79.10 41.60 871
Ours LENS 92.21 66.86 80.60 4330 .875
A PCCD +2.6 +2.8 +2.0 +2.1 +.002
A best PO +1.8 +1.8 +1.5 +1.7  +.004
CXR Report GI Endoscopy
MIMIC-CXR Gut-VLM
Cat. Method RG-FI GREEN QAAS R-Sim R-L
Rep. RaDialog-7B 16.3 24.4 - -
Gen. RadVLM-7B 17.7 249 - -
Greed CheXagent-3B  20.9 28.5 - - -
Y LLaVA-16pg - - 9089 396 .89
Dec.- VCD 21.3 29.1 91.20  4.07 .90
Time PCCD 23.1 30.8 9270  4.19 91
Train DPO 234 31.0 92.10 4.11 .90
PO ’ PPO 23.0 30.6 91.80  4.08 .90
GRPO 23.6 31.3 9245 4.5 91
Ours LENS 25.3 33.2 94.80 4.32 92
A PCCD +2.2 +2.4 +2.1 +.13 +.01
A best PO +1.7 +1.9 +2.4 +.17 +.01

We additionally report BERTScore F1 as an inde-
pendent metric never used in training.

Backbones and baselines. We use CheXagent-
3B (Chen et al., 2024b) for radiology/CXR and
LLaVA-1.6-7Bgy for GI endoscopy. Baselines
span post-hoc detectors (Cross-Checking, RadFlag
(Zhang et al., 2025), Semantic Entropy, VASE
(Liao et al., 2025)), decoding-time methods (VCD
(Leng et al., 2024), HALC (Chen et al., 2024a),
VASparse (Zhuang et al., 2025), PCCD (Maha-
patra et al., 2026)), training-time PO (DPO (Fu
et al., 2025), PPO (Xie et al., 2024), GRPO (Liu
et al., 2025)), and report generators (RaDialog-7B,
RadVLM-7B). DPO, PPO, and GRPO use the same
preference data as SPPO without stability scoring.
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Figure 3: Counterfactual view gallery. Rows span
chest radiography (1-2) and GI endoscopy (3).

Implementation. SPPO freezes the visual en-
coder and finetunes language and projection lay-
ers with AdamW (Ir 2x10~°, weight decay 1072
5=0.1, Aspr=0.1) for 3 epochs on 8 x A100 GPUs
(12—-18h wall-clock time). We sample K ong=4
candidate counterfactual views per image with
As=0.3. At inference, we use K4..=16 candidate
tokens per step, T1max=256 for report generation
and 64 for VQA. All hyperparameters are fixed
across benchmarks.

4.2 Main Results

Table 1 presents results across all benchmarks.
We organize discussion around the four questions
posed at the start of section 4.

(Q1 and Q2) Improvement over baselines and
backbone generalization. LENS achieves the
best performance on every metric (Table 1), im-
proving over PCCD by 2.0-2.6 AUC on radiology
VQA, 2.2 RadGraph F1 on CXR reporting, and
2.1 QAAS on GI endoscopy, while outperform-
ing the best PO baseline by 1.5-2.4 points on the
corresponding primary metrics. Standard PO meth-
ods yield only modest gains over PCCD, whereas
LENS provides a larger margin. On LLaVA-Med
(Table 2), gains over PCCD are comparable to or
larger than on CheXagent: +2.3 AUC on MIMIC-
Diff-VQA and +2.2 on VQA-RAD, versus +2.3
and +2.0, respectively. This shows that the benefit
of cross-view stability transfers across the evalu-
ated backbones.

(Q3) Independent quality and entity recovery.
Table 3 reports independent semantic and lexical
quality metrics not used in preference construc-
tion. LENS maintains or improves these metrics
across domains. On MIMIC-CXR, compared with
PCCD, LENS improves BERTScore from 0.864 to
0.866, CheXpert F1 from 0.445 to 0.463, BLEU

Table 2: LLaVA-Med backbone on Rad-VQA. Gains
over PCCD are comparable to or larger than on CheXa-
gent (Table 1).

MIMIC-Diff-VQA VQA-RAD
Method AUC AUG AUC AUG
Cross-Checking 60.31 44.23 59.56 38.99
RadFlag 73.62 54.23 61.21 36.33
Sem. Entropy 74.76 53.66 63.55 38.88
VASE 75.86 55.58 66.72 40.47
PCCD 71.70 57.09 68.90 41.90
LENS 80.00 59.29 71.10 43.90

Table 3: Independent quality metrics and entity-level
recovery. Panel (a) reports semantic and lexical metrics
not used in preference construction. Panel (b) decom-
poses RadGraph F1 into entity-level precision and recall
on MIMIC-CXR. fIndependent metrics. Best results are
shown in bold.

(a) Independent quality metrics

Primary metric IndependentJf

Method Metric Value  BERTScore CheXpert FI BLEU R-L MET

MIMIC-Diff-VQA (CheXagent)

Greedy AUC 86.20 0.871 - - - -
PCCD AUC 89.59 0.873 - - - -
LENS AUC 92.21 0.875 - - - -
MIMIC-CXR (CheXagent)

Greedy RG-F1 20.9 0.862 0.421 021 032 025
PCCD RG-F1 23.1 0.864 0.445 023 035 027
LENS RG-F1 253 0.866 0.463 0.26 0.37 0.30
Gut-VLM (LLaVA-1.6-7Bpyy)

Greedy QAAS 90.89 0.884 - 0.82  0.89 0.90
PCCD QAAS 92.70 0.886 - 0.84 091 093

LENS QAAS 94.80 0.889 - 085 092 094

(b) MIMIC-CXR entity-level RadGraph

Method Precision T Recall 1 F1 1

Greedy 22.8 19.3 20.9
PCCD 25.6 21.0 23.1
LENS 284 22.8 25.3

from 0.23 to 0.26, ROUGE-L from 0.35 to 0.37,
and METEOR from 0.27 to 0.30. We additionally
decompose RadGraph F1 into entity-level preci-
sion and recall (Table 3(b)). LENS improves pre-
cision from 25.6 to 28.4 and recall from 21.0 to
22.8 over PCCD. The simultaneous improvement
in lexical quality, clinical entity precision, and re-
call indicates that the hallucination reduction is not
explained solely by more conservative reporting or
uniform suppression of predicted findings.

Human evaluation. To validate automatic met-
rics against clinical judgment, two board-certified
gastroenterologists and two senior trainees indepen-
dently rated 100 image descriptions and 80 VQA
responses from Gut-VLM (Table 4). LENS re-
duces the clinician-assessed hallucination rate to
8.5% (vs. 10.9% for PCCD and 17.0% for greedy
decoding), raises clinical adequacy to 4.25/5, and
achieves 92.3% VQA correctness. In pairwise pref-
erence, LENS is preferred over VCD 75% of times.

2076



Table 4: Human evaluation on Gut-VLM (LLaVA-
1.6-7Bgm), rated by 2 board-certified gastroenterologists
and 2 senior trainees.

Description (n=100) VQA (n=80)

Table 5: Ablation studies and computational over-
head on CheXagent. Each component and design
choice contributes measurably. LENS adds only 1.09 x
latency over PCCD at inference.

Method Halluc. (%) |  Adequacy T Corr. (%) T  Pref. vs. VCD 1

Greedy 17.0 3.80 84.0 -
vCD 13.0 3.96 863 50.0
PCCD 109 4.12 90.0 66.2
LENS (ours) 8.5 4.25 92.3 75.0

4.3 Ablation and Analysis

We analyze LENS across four analytical dimen-
sions (Table 5), with all experiments conducted
using the CheXagent backbone.

(a) Component complementarity. SPPO train-
ing alone improves over PCCD by 0.9 AUC, while
LENS decoding without SPPO improves by 1.7.
Their combination yields +2.6, outperforming ei-
ther component alone and confirming complemen-
tarity: SPPO reduces the frequency of unstable to-
kens while stability-aware decoding catches resid-
ual instabilities at inference.

(b) Design choice. Replacing adaptive a; with
fixed constant (w=0.5) costs 1.2 AUC, confirm-
ing contextness-aware weighting prevents over-
suppression of grounded tokens that happen to de-
pend on small salient regions. Dropping object-
level similarity guard (sep;) costs 1.7 AUC, with
largest degradation on MIMIC-CXR where find-
ings such as small nodules and tube tips occupy
minimal image area- precisely setting where global
similarity alone cannot detect evidence destruction.
Removing preference filtering (§3.3) degrades by
0.7, supporting its role in mitigating self-reward
bias when both candidate responses are poor.

(c) Attribution robustness. A practical concern
is whether LENS depends critically on the quality
of the attribution mask M. Replacing Grad-CAM
with attention-based attribution reduces AUC by
only 0.3 points. Injecting 10% and 20% uniform
random noise into M; degrades AUC by 0.4 and
0.9 respectively—a graceful degradation. This ro-
bustness arises because the proximity guards (§3.2)
act as a safety net: even with a noisy mask, views
that destroy clinical evidence are rejected by the
feature-space constraints.

(d) Computational overhead. LENS adds
6 ms/sample over PCCD at inference (74 vs. 68 ms
on A100, T,.x=64), a 1.09x overhead. Both
methods require one additional forward pass per de-

MIMIC-Diff-VQA MIMIC-CXR
Variant AUC AUG GREEN RG-Fl
(a) Component decomposition
Greedy (no mitigation) 86.20 60.10 28.5 20.9
+ PCCD decoding only 89.59 64.06 30.8 23.1
+ SPPO training only 90.50 65.10 31.4 238
+ LENS decoding w/o SPPO  91.30 65.90 32.0 24.4
Full LENS (SPPO + dec.) 92.21 66.86 33.2 25.3
(b) Stability weighting and constraints
Fixed ¢ = 0.5 91.05 65.62 31.8 24.1
No adaptive av¢ (k=0) 90.82 65.38 31.5 239
Global sim. only (no sqp;) 90.48 65.01 31.0 235
No preference filtering 91.54 66.10 32.4 24.6
Full LENS 92.21 66.86 33.2 25.3
(c) Attribution robustness
Grad-CAM (default) 92.21 66.86 33.2 25.3
Attention-based M 91.88 66.52 329 25.0
M + 10% noise 91.79 66.41 32.8 249
My +20% noise 91.31 65.98 325 24.6
(d) Computational overhead (A100, Ty ax =64)
Latency Peak mem

ms Rel. GB
Greedy 42 1.00x 8.2
PCCD 68 1.62x 13.6
LENS 74 1.76 x 14.1

coding step for the counterfactual view. Peak mem-
ory increases marginally from 13.6 to 14.1 GB. The
SPPO training phase is a one-time cost of 12—-18h
on 8x A100 GPUs, across all subsequent inference.

Stability penalty strength (v ablation). Table 6
examines how the stability penalty weight v in-
teracts with different training objectives. Three
findings emerge. First, SPPO at v=0 (faithful-
ness scoring only, no stability) already outperforms
standard DPO/PPO/GRPO by 0.1-0.7 AUC, at-
tributable to the cross-view preference construction
generating higher-quality pairs. Second, moderate
stability penalty (y € [0.1, 0.3]) yields the best re-
sults across all metrics, with y=0.3 optimal. Third,
excessive penalty (y=1.0) degrades performance
below v=0, consistent with the over-conservatism
failure mode discussed in §4.4: too-strong penal-
ization suppresses borderline findings alongside
genuine hallucinations.

Threshold sensitivity. Figure 4 and Table 7 show
AUC varies by <0.4 points across [0.95, 0.99] for
both Tgjopal and 7opj, with degradation only below
0.95. The default (7gjoba1=0.98, 74j=0.95) is used
without modification across all experiments.
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Table 6: PO baselines and v ablation (CheXagent,
with LENS decoding). Moderate stability penalty (v €
[0.1,0.3]) is optimal; excessive penalty (y=1.0) induces
over-conservatism.

MIMIC-Diff-VQA  MIMIC-CXR Gut-VLM

Method AUC AUG GREEN RG-FI QAAS R-Sim
No training (decoding only)

Greedy 86.20 60.10 28.5 209 90.89 3.96
+ PCCD decoding  89.59 64.06 30.8 231 9270 4.19
Standard PO + LENS decoding

DPO 90.12 64.81 31.0 234 9210 4.11
PPO 89.85 64.52 30.6 23.0 91.80 4.08
GRPO 90.38 65.04 313 23.6 9245 415

SPPO ~y sweep + LENS decoding
=0 (no stability) 90.50 65.10 314 23.8 9260 4.17

4=0.1 91.02  65.68 320 243 9340 422
4=0.3 (defaulty 91.40  66.12 325 248 9390 4.6
¥=0.5 9128 6595 323 245 9360 4.4
4=1.0 90.65 6522 316 239 9280 4.8
Full LENS 9221  66.86 332 253 9480 432

Threshold Sensitivity: AUC on MIMIC-Diff-VQA
(CheXagent backbone)

0.99 : 914 914

A AU
91.3 913 915 914 914

912 912 912 911

T T T T T
0.95 0.96 0.97 0.98 0.99
Tylobal

Figure 4: Threshold sensitivity. AUC on MIMIC-Dift-
VQA (CheXagent) as Toiobat and Top; vary. Performance
is stable across [0.95,0.99] (<0.4 pt variation).

Full Gut-VLM metrics. Table 8 reports the com-
plete set of Gut-VLM description metrics includ-
ing lexical overlap. LENS improves across all met-
rics: BLEU (+0.01 over PCCD), METEOR (+0.01),
and R-Sim (+0.13), alongside the headline QAAS
gain (+2.1). The consistent improvement across
both semantic (QAAS, R-Sim) and lexical (BLEU,
ROUGE-L) metrics indicates that LENS does not
merely suppress hallucinated tokens but produces
descriptions that are closer to expert reference text
at all granularities.

False-negative analysis. To assess whether hal-
lucination reduction is obtained at the expense of
missed findings, we further analyze entity-level
recall on MIMIC-CXR. Overall, LENS improves
both RadGraph precision and recall over PCCD,
from 25.6/21.0 to 28.4/22.8, respectively, indicat-
ing that its gains are not explained by uniform
under-reporting. We additionally stratify recall

Input GT Greedy veD SPCD LENS (Ours)
rc

ase 1: Device in CXR

Sternal weires present.  Sternal  wires and  Stenal wires intact,
Chest fube nofed in the  prosthetic valve seen.  prosthet
Fight hemithorax. Possible chest fube.

Sternal  wires and
prosthetic valve infact.
No  chest tube

F‘-! o

valve is
present. No chest fube
found. visualized,

art size is borderline  Normal heart, cleasr  Normal cardiac
enlarged. Lungs are lungs seen. Afelectasis silnouetfe. Clear lungs
clear. at the left base. bilaterally. No acute
Finding.

th

@ polyp in the
colon

[~ Case 4: Limitation of LENS

left  basilar
possibly
early

ueral  Lung airspace seems
o normal

ing
ion.

Figure 5: Qualitative comparison across methods.
Green text: clinically correct. Red italic: hallucinated
content. (case 4): over-conservative miss.
Cases 1-3 show LENS eliminating hallucinations that
persist under VCD and PCCD. Case 4 illustrates the
specificity—sensitivity trade-off for borderline findings.

Table 7: Threshold grid (companion to Figure 4). AUC
on MIMIC-Diff-VQA as proximity guard thresholds
vary. Bold marks the default configuration.

Tglobal
Tobj 0.95 0.96 0.97 0.98 0.99

0.99 91.42 91.43 91.55 91.52 91.55
0.98 91.48 91.56 91.54 91.52 91.50
0.97 91.50 91.58 91.62 91.68 91.65
0.96 91.51 91.60 91.65 91.62 91.66
0.95 91.52 91.67 91.68 91.70 91.66

across clinically challenging subsets involving sub-
tle opacity, small pleural effusion, support-device
positioning, and low-confidence abnormalities. As
shown in Table 9, LENS improves recall over
PCCD across all four subsets. Nevertheless, in-
dividual borderline findings can still be missed,
as illustrated by the subtle-opacity failure case in
Figure 5, indicating that aggregate recall improve-
ments do not eliminate condition-specific false-
negative risk.

4.4 Qualitative Analysis

Figure 5 presents four representative cases span-
ning all evaluation domains. In Case 1, greedy
decoding invents a nonexistent chest tube; VCD
hedges; LENS correctly excludes it while fully
describing sternal wires and the prosthetic valve.
In Case 2, greedy fabricates cardiomegaly with
effusions—a high-risk false positive—whereas
LENS correctly reports normal findings. In Case 3,
greedy hallucinates erythematous mucosa; LENS
accurately describes sessile polyps with normal
surrounding mucosa. Case 4 illustrates an impor-
tant failure mode: for a subtle left basilar opac-
ity, LENS produces an over-conservative response
and misses the borderline finding. This example
shows that individual subtle abnormalities can still
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Table 8: Full Gut-VLM description metrics. LENS
improves across both semantic (QAAS, R-Sim) and
lexical (BLEU, METEOR, ROUGE-L) measures.

Model RL BLEU MET R-Sim QAAS
Qwen-7Bqy .88 .82 .90 4.04 90.53
LLaVA-1.6-7Bgy .89 .82 .90 3.96 90.89
VCD 90 .82 91 4.07 91.20
PCCD 91 84 93 419 92.70
LENS 92 85 94 4.32 94.80
Subset Greedy PCCD LENS
Opverall entity recall 19.3 21.0 228
Subtle opacity 18.1 20.8 21.9
Small pleural effusion 19.1 21.4 23.1
Tube/line positioning 22.8 249 27.2

Low-confidence abnormality 17.2 19.5 21.3

Table 9: Entity-level recall (%) on MIMIC-CXR, includ-
ing clinically challenging borderline-finding subsets.

be suppressed even though the condition-stratified
analysis in Table 9 shows improved recall over
PCCD across all four evaluated subsets. The result
therefore reflects a residual specificity—sensitivity
trade-off rather than a systematic reduction in re-
call.

5 Discussion and Conclusion

LENS demonstrates that cross-view stability is
an effective signal for mitigating visually mis-
grounded hallucinations. Adaptive contrast weight-
ing and object-level proximity guards are important
for avoiding unnecessary suppression of grounded
tokens and protecting small findings (Table 5). The
method is complementary to preference alignment
and can also be applied as an inference-time cor-
rection.

Borderline findings remain challenging: al-
though LENS improves aggregate and subset-level
recall, individual subtle abnormalities can still be
missed (Figure 5). The parameters v and ayax can
shift this specificity—sensitivity operating point but
do not eliminate case-level false-negative risk.

Conclusion. LENS uses cross-view stability
jointly for preference optimization and inference-
time decoding. Across radiology VQA, CXR re-
porting, and GI endoscopy, it consistently out-
performs strong decoding-time and preference-
optimization baselines. Expert evaluation reduces
hallucination rate from 17.0% to 8.5%, while
MIMIC-CXR entity recall improves from 21.0 to
22.8 over PCCD.

Limitations

LENS primarily targets visually misgrounded er-
rors whose predictions change under visual coun-
terfactuals; purely language-driven hallucinations
may remain stable and require complementary
mechanisms. Borderline findings can also yield
ambiguous stability signals: despite improved ag-
gregate recall, individual low-contrast abnormal-
ities may still be missed. Finally, evaluation is
limited to 2D chest radiography and GI endoscopy
in English; generalization to other modalities, insti-
tutions, scanners, and multilingual settings remains
to be established.
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