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Query

Does this chest x-ray show a right-sided pneumothorax?

Ground Truth Response 

No. The right apical pleural margin is contiguous with the chest wall. Lung markings 
extend to the periphery bilaterally.

(a) Expected Clinical Gold Standard:

(b) Vanilla Visual Context Decoding (VCD) :

(c) Proximity Constrained Counterfactual Decoding (PCCD):

Original

Distorted

“… pleural line …” T1 ---
T2 -----
.
TN -----

T1 ---
T2 -----
.
TN -- Low Conf.

High Conf.

here, 
TN = ‘visible’

So, TN Discarded  ×

“… pleural line absent …”

No definite pneumothorax. Pleural 
line absent. Subtle right-apical 
lucency that could represent a
small pneumothorax. Clinical
correlation recommended.

Final Response ↓ Details LOST!

Object. Preserved:

Proximity:

Contrast:

No

Yes

No

Global blur removes 
subtle medical cues.

Image +

Attr. Map

“… contiguous …” “… contiguous with …”

No pneumothorax. The right apical 
pleural margin is contiguous with 
the chest wall; lung markings 
extend to the periphery. No deep-
sulcus sign.

Final Response 

Object. Preserved:

Proximity:

Contrast: Yes

Identifies the true 
visual features to 
generate the response.

Mask Context Edit

Style Edit

Whole Image 
semantic coherence?

Is the lesion region 
still intact?
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Fig. 1: Proximity-constrained counterfactual decoding for medical
VQA. (a) Ground truth: no pneumothorax. (b) VCD’s global blur erases subtle
apical cues, producing a hallucinated response. (c) PCCD preserves the lesion
via attribution-guided masking, gates edits through dual proximity checks, and
selects the higher-margin branch yielding an evidence-aligned answer.

Abstract. Hallucinations in medical vision language models arise when
language priors override subtle visual evidence during decoding. Existing
training-free contrastive decoding methods suppress these priors by con-
trasting logits against a globally perturbed image, but global perturba-
tions destroy the very diagnostic cues they are meant to protect —stan-
dard VCD blur flips nearly one in five CheXpert labels on held-out chest
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radiographs. We propose Proximity-Constrained Counterfactual
Decoding (PCCD), which admits a counterfactual view only when
it satisfies both a global and an object-masked feature-space similarity
bound, constraining diagnostic drift while increasing the contrastive mar-
gin for visually grounded tokens to first order under explicitly stated as-
sumptions. Two complementary branches address heterogeneous halluci-
nation drivers: Object-Aware VCD preserves attribution-indicated lesion
regions while attenuating contextual co-occurrence priors, and Latent-

Disentangled VCD applies structure-preserving style edits to suppress
attribute biases. When neither branch passes the proximity gate, PCCD
falls back to greedy decoding, guaranteeing it never degrades below the
unmitigated baseline. Across radiology VQA, chest X-ray report gener-
ation, and a new CXR existence probe (Med-POPE), PCCD improves
GREEN AUC, QAAS, and RadGraph F1 by up to →+2.5 pp over SOTA
with one auxiliary forward pass per token and no weight updates.

Keywords: Medical VLMs · Hallucination Robustness · Contrastive De-
coding · Counterfactual Reasoning · Hallucination Mitigation

1 Introduction

Large vision–language models (VLMs) achieve strong performance on radiology
reporting and medical VQA [17,5,7], yet they remain prone to visual halluci-

nations : spurious findings, incorrect attributes, or unsupported structures that
directly a!ect diagnostic interpretation and patient safety [18,23,13]. Existing
training-free approaches such as Visual Contrastive Decoding (VCD) [16] re-
duces hallucinations by contrasting token logits against a perturbed view, with
variants such as HALC [4], VASparse [27], and Octopus [21] validating this
paradigm for natural images.

Medical imaging di!ers fundamentally: diagnostically decisive cues appear
as faint, localised structures (subtle apical lucencies, catheter tips, mucosal tex-
tures) that global perturbations inadvertently erase. We quantify this directly
on 200 held-out CXRs and 200 GI frames: standard VCD blur (k=15) reduces
macro CheXpert label agreement to 83.1%, with pneumothorax agreement falling
to 0.70 — nearly one diagnostic label flip in five. Critically, silent drift is not
unique to global noise: attention-reweighted views without proximity constraints
alter at least one diagnostic label in 14.2% of cases, while PCCD-guarded views
maintain >98% agreement across all findings. These measurements identify three
necessary conditions for reliable mitigation: (C1) perturbations must preserve
localised lesion evidence; (C2) existence and attribute errors stem from dis-
tinct drivers — co-occurrence priors vs. style biases — requiring separate inter-
ventions; (C3) counterfactual views must be explicitly constrained to prevent
representational drift. No existing training-free decoder satisfies all three.

To bridge this gap, we propose Proximity-Constrained Counterfactual
Decoding (PCCD), a training-free framework built on one principle: a coun-
terfactual view influences decoding only if it is semantically admissible — satis-
fying both a global similarity bound s(v, v→) → ω and an object-masked bound
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Fig. 2:Proximity guard sensitivity. AUC and CheXpert label agreement vs. ω
and ωobj on MIMIC-Di!-VQA. Performance sits on stable plateau [0.990, 0.998];
below this range semantic drift increases, above it greedy fallback dominates.

sobj(v, v→) → ωobj in the VLM representation space. These dual constraints de-
fine a trust region that preserves diagnostic content while suppressing contex-
tual priors; performance remains stable across a broad threshold range (Fig. 2),
and under the first-order assumptions stated in Appendix A they increase the
contrastive margin for faithful tokens on accepted views (Sec. 2.1). Two comple-
mentary branches address C1–C2 directly: OA-VCD targets existence decisions
(“is there a pneumothorax?”) by perturbing surrounding context while preserv-
ing attribution-indicated lesion evidence, whereas LD-VCD targets attribute

decisions (“mild vs. moderate?”) by editing style and illumination in a frozen
autoencoder latent space with structural content fixed (Fig. 3). A per-token se-
lector then routes each token to the branch with higher admissible contrastive
margin.

Together the two branches address C1–C2, while the dual proximity guard
and greedy fallback enforce C3: when neither branch satisfies admissibility,
PCCD reverts to greedy decoding, guaranteeing non-degradation under poor
attribution. PCCD is weight-frozen and composes with training-time and coun-
terfactual training alignment [23,22,25] and post-hoc detectors [18,26,2]. We
evaluate on MIMIC-Di!-VQA, VQA-RAD, MIMIC-CXR, and Gut-VLM, and
introduceMed-POPE, a balanced CXR existence probe with adversarial negative
regimes (Appendix B). In this paper, our contributions are as follows.

1. Semantic admissibility via dual proximity constraints. We formalise
global and object-masked similarity bounds for counterfactual views and
show, under a first-order logit decomposition with explicitly stated assump-
tions (Appendix A), that admissible views increase the contrastive margin
for faithful tokens; this is a conditional first-order property of accepted views,
distinct from the unconditional greedy-recovery guarantee on rejected steps
(Contribution 3). PCCD is the first decoding-time method with explicit se-
mantic safeguards.

2. Heterogeneity-aware dual-branch decoding.OA-VCD suppresses context-
driven existence errors; LD-VCD suppresses style-driven attribute errors. An
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adaptive per-token selector maximises margin under shared admissibility
constraints (Sec. 2).

3. Safe-fallback guarantee.When admissibility fails, PCCD reverts to greedy
decoding, ensuring non-degradation. Empirically, performance does not drop
below baseline under poor attribution quality (Sec. 4.3).

2 Method: Proximity-Constrained Counterfactual
Decoding

The three conditions established in Sec. 1 — lesion evidence preservation, het-
erogeneous error drivers, and explicit semantic bounding — motivate a unified
framework with two targeted branches. OA-VCD addresses existence errors by
suppressing co-occurrence context priors while keeping diagnostic regions intact;
LD-VCD addresses attribute errors by editing style and illumination factors
while holding structural content fixed. Both branches are admitted only when
their counterfactual views satisfy dual proximity constraints, ensuring token se-
lection is influenced only by semantically admissible perturbations.

Modified logits directly 
via attention weights

Image V

Does this …

+ Positional Embeddings

Token Embedding Lookup

Decoder

Output Vectors

Token Probability

Choose Highest Prob.

EOS?

(a) Greedy Decoding (b) VASparse (c) AGLA (d) PCCD (Ours)

Image V

Visual Aware Token Importance

Vision Enc.

× × × ×
× ×× ×

Sparcification (Prune Low Conf. Tokens)

LLM Forward Pass

SparseFull

Embed. Space Contrast

Softmax

Pred. Token Pred. Token

Original V

VLM

Attn. Weighted Logits

Pred. Token

Augmented V’

VLM

Global Attn. Local Attn.

Attention Assembly

Heuristic 
Weight 
Assisgment

Softmax

Original V Mask

Context Editor

Grad-CAM 
Attribution

Style Editor

Object 
Preserved

Structure 
Preserved

Blur/ Jitter Style Transfer, 
Latent Edit

Content Style + ∆!

VLM VLM

Proximity Gate

Object Aware 
Contrastive Decoding

Latent Disantangled 
Contrastive Decoding

∆" ∆"

Contrast Margin Comparison

Contrastive Decoding

Pred. Token

Fig. 3: Architecture comparison: Greedy, VASparse, AGLA, and
PCCD. Greedy applies no mitigation. VASparse prunes low-confidence visual
tokens. AGLA reweights attention heuristically without a rejection mechanism.
PCCD introduces a proximity-gated decoding framework: two complementary
branches — OA-VCD (context perturbation with lesion preservation) and LD-
VCD (latent style edit with fixed structure) — are admitted only if they satisfy
dual semantic proximity constraints before contrastive decoding.
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2.1 Proximity-Constrained Counterfactual Framework

Let v ↑ RH↑W↑3 be the input image and x<t the decoded prefix. VCD [16]
contrasts logits between v and a perturbed view v

→:

pvcd(y | v, v→, x<t) = softmax
(
(1 + ε) ϑε(y | v, x<t)↓ ε ϑε(y | v→, x<t)

)
. (1)

When v
→ is globally perturbed, object evidence is suppressed alongside contex-

tual priors. PCCD instead requires v→ to be admissible: it must satisfy a global
similarity bound

s(v, v→) ↭ ↔ϖε(v),ϖε(v→)↗
↘ϖε(v)↘2↘ϖε(v→)↘2

→ ω, (2)

where ϖε(·) ↑ Rd is the pooled vision encoder embedding (default ω = 0.995).
Without this constraint, drift is not unique to global noise: as quantified in
Sec. 1 and Fig. 5a, attention-reweighted views lacking proximity bounds silently
flip diagnostic labels on the subtlest findings. This directly motivates C3 and
distinguishes PCCD from prior attention-guided methods such as AGLA, which
apply no such constraint. Decoding is further restricted to a plausible set Vt =
{y | pε(y | v, x<t) → ϱ ·maxy→ pε(y→ | v, x<t)} following [16].

Under a first-order logit decomposition into object-evidence and context
terms, and the three assumptions stated in Appendix A (local logit linearity,
bounded object drift, and stronger context attenuation for spurious than faithful
tokens), admissible counterfactuals increase the contrastive margin for faithful
tokens y+ over spurious tokens y↓ to first order:

ςh ≃ ε
(
ςg

ctx(y↓)↓ςg
ctx(y+)

)
↓ ε

(
φg

obj(y+)↓ φg
obj(y↓)

)
. (3)

The first term is positive when context priors drive the hallucination; the sec-
ond is bounded by the object-drift constant ↼obj under the object-proximity
constraint. We stress that this is a first-order statement about accepted views
under the stated assumptions, not a non-degradation theorem for all accepted
views; the only unconditional guarantee in this paper is the greedy recovery
on rejected steps (Sec. 2.4, Alg. 1 line 6). Full derivation and conditions are in
Appendix A.

2.2 Object-Aware Branch (OA-VCD)

OA-VCD targets existence errors by weakening contextual priors while preserv-
ing diagnostic regions. We localise evidence supporting the current hypothesis
using Grad-CAM [20] over cross-attention layers:

M̃ =
1

LH

∑

l,h

A
(l,h) ↓minA(l,h)

maxA(l,h) ↓minA(l,h) + ↼
, M = Smoothϑ(M̃), (4)

with Gaussian smoothing (↽=3px). Mask coverage is calibrated via temperature
⇀ to match target ratio ⇁=0.25. The counterfactual view is

v
→ = M ⇐ v + (1↓M)⇐Πϖ(v), (5)
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where Πϖ applies semantics-preserving context edits (blur, low-frequency jitter,
illumination shift, or near-identity colour transform). Parameter η is determined
by line search under proximity constraints.

Global similarity alone cannot prevent context leakage through encoder re-
ceptive fields. We therefore impose an additional object-level constraint:

sobj(v, v
→) =

↔ϖε(M ⇐ v), ϖε(M ⇐ v
→)↗

↘ϖε(M ⇐ v)↘2 ↘ϖε(M ⇐ v→)↘2
→ ωobj, (6)

with ωobj=0.995. The dual constraint (s, sobj) defines a trust region in represen-
tation space that preserves diagnostic content even under imperfect masks.

2.3 Latent-Disentangled Branch (LD-VCD)

LD-VCD addresses attribute errors driven by style and illumination biases. We
edit style factors in a frozen VQGAN [8] latent space while holding structural
content fixed. Let z = E(v) ↑ RC↑H

→↑W
→
and let Tphoto be a family of bright-

ness/contrast/colour jitters. We score each channel c by

(i) photometric sensitivity p̃c=VarT↔Tphoto
[GAP(E(T (v))c)] [10] and (ii) object

necessity õc=1↓SSIM(M⇐v, M⇐D(z(↓c))) [3], where z
(↓c) replaces channel c

by its dataset mean; both are min-max normalised to pc, oc↑ [0, 1]. Ranking by
qc= pc(1↓oc), the style set is Cstyle=Top↗ϱsC↘{qc : pc> 0.4, oc< 0.2} with any
shortfall filled by the next-highest qc, and the rest are content; ⇁s is the single
controlling knob (default ⇁s=0.5, ablated in Appendix E), and with an f =16
VQGAN and a 256-channel latent this yields a 128/128 style/content split on
CXR and 124/132 on GI.
The counterfactual is

v
→ = D

(
zcontent, zstyle +ςϖ

)
, ςϖ = ςcolor +ςillum +ςtex. (7)

Perturbation magnitudes are determined by line search under the same dual
proximity constraint. Because attribute tokens depend more strongly on style
directions than content directions, small style edits reduce spurious attribute
logits while preserving object evidence, increasing the margin in Eq. 3. We do
not assume these style edits are inherently diagnosis-preserving —photomet-
ric factors such as windowing and contrast can themselves carry clinical signal
—so an LD-VCD view influences decoding only when it passes the same dual
proximity gate (s, sobj) as OA-VCD; safety is enforced by the gate, not by the
autoencoder. Reconstruction fidelity on medical images (SSIM > 0.92, PSNR
> 32 dB) is validated in Fig. 5b; per-finding agreement under guarded vs. un-
guarded views appears in panel (c).

2.4 Adaptive Branch Selection

At decoding step t, context reliance is measured via

⇁t =

∑
ij
(1↓Mij)At,ij∑
ij
At,ij + ▷

. (8)
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Algorithm 1 Proximity-Constrained Counterfactual Decoding (PCCD)

Require: Image v, prompt prefix, VLM ω; thresholds (ε, εobj, ϑ); schedule (ϖmin,ϱ);
lexicon Lattr; optional autoencoder (E,D).

1: Per image (cached once): ςε(v); mask M (Eq. 4); VQGAN code z=E(v) and
style/content partition.

2: Per prompt (constructed once): candidate views v→oa, v
→
ld and their proximity

scores (s, sobj), reusing cached ςε.
3: for t = 1, 2, . . . (per token) do
4: Compute φε(· | v, x<t); form Vt; compute ↼t, set ϖt.
5: Admit OA i! s↑ε , sobj↑εobj; admit LD under the same checks (scores reused

from per-prompt cache).
6: Prefer LD if top-k ↓ Lattr ↔=↗, else OA. If one branch is admissible, use it with

a single auxiliary forward; if both are, evaluate m(v→) (one additional auxiliary
forward) and take argmax; if neither, set ϖt↘0 (greedy).

7: Sample yt≃Vt from pvcd(y | v, v→, x<t) with weight ϖt.
8: end for

The contrast weight adapts as εt = εmin + ◁⇁t, strengthening contrast when
context influence is high.

Branch routing prefers LD-VCD when top-k candidates intersect attribute
lexicon Lattr and defaults to OA-VCD otherwise. If both branches satisfy prox-
imity, we select the one maximising contrast margin:

m(v→) =
[
(1+εt)ϑε(y

ω | v)↓ εtϑε(y
ω | v→)

]
↓max

y ≃=yω

[
(1+εt)ϑε(y | v)↓ εtϑε(y | v→)

]
,

(9)
with y

ω = argmaxy↔Vt ϑε(y | v, x<t).
If neither branch satisfies proximity, we set εt⇒ 0 and revert to greedy de-

coding, guaranteeing non-degradation. This is the safe-fallback guarantee stated
in contribution 3 of Sec. 1: Algorithm 1 line 6 implements it unconditionally,
and Sec. 4.3 confirms empirically that ςAUC never falls below greedy even at
Poor attribution IoU. Branch choice is frozen for K steps to prevent oscilla-
tion. Each step requires one auxiliary forward pass, matching VCD’s asymptotic
complexity [16]. Runtime analysis is in Appendix F.

3 Experiments

We evaluate PCCD across four clinical settings: radiology VQA hallucination
detection, CXR existence probing, GI endoscopy description, and chest X-ray
report factuality. In every setting, model weights are frozen and PCCD is applied
purely at decoding time.

3.1 Benchmarks and Evaluation Protocol

Table 1 summarises all datasets. We use MIMIC-Di!-VQA [9] and VQA-RAD [15]
for radiology VQA detection, MIMIC-CXR-JPG [12] for report factuality, and
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Table 1: Datasets used in this study. Full Med-POPE statistics in Ap-
pendix B.
Dataset / Probe Modality Role Size

Radiology VQA
MIMIC-Di!-VQA [9] CXR Hallucination detection ⇐700 k QA; test ⇐13 k
VQA-RAD [15] Mixed radiology Small-scale detection 2.2 k QA; test 451

CXR Reporting
MIMIC-CXR-JPG [12] CXR Report factuality 377 k images

Endoscopy (GI)
Gut-VLM [13] GI endoscopy Description & VQA 1,816 images

Existence Probe
Med-POPE (ours) CXR Existence probe (yes/no) 500 CXRs; 13 findings; 3 k queries

Gut-VLM [13] for GI endoscopy description. We additionally introduce Med-

POPE, a balanced CXR existence probe constructed from MIMIC-CXR test im-
ages with CheXpert annotations [11]: 500 studies, 13 findings, 3 k yes/no queries
under Random, Popular, and Adversarial negative regimes with patient-level
disjoint splits (full details in Appendix B). Crucially, all thresholds (ω, ωobj, ϱ, ⇁)
were tuned on a held-out 50-image MIMIC-Di!-VQA subset (Appendix D) and
Med-POPE was used for evaluation only; it is a stress test rather than the head-
line result, which rests on four external benchmarks where PCCD wins on all 16
backbone–dataset combinations.

Metrics and Baselines. For VQA detection we follow the VASE protocol [18],
reporting AUC and AUG using GREEN [19] as the semantic judge. For Med-
POPE we report Accuracy, Precision, Recall, and F1 per negative regime. For
Gut-VLM we report QAAS and R-Sim as clinically aligned metrics, plus ROUGE-
L, BLEU, and METEOR as lexical checks. For MIMIC-CXR report factuality we
report RadGraph F1 and GREEN. We compare against three groups. Decoding-

time: VCD [16], HALC [4], VASparse [27], AGLA [1], Yang et al. [24]. Post-hoc
detectors: VASE [18], RadFlag [26], Semantic Entropy [14]. These score existing
outputs without altering decoding. AGLA and Yang et al. are reproduced on
our splits with public code at recommended hyperparameters. Full reproduction
details are in Appendix D. All main-table point estimates are means over three
seeds with patient-level disjoint splits; 95% bootstrap CIs and paired-bootstrap
significance for all 16 backbone–benchmark settings are reported in Appendix G.

Backbones. VQA experiments use CheXagent-3B [5] and LLaVA-Med-7B [17]
as primary backbones, with Qwen2-VL-7B and BiomedGPT as additional back-
bones for Table 2. Gut-VLM uses LLaVA-1.6-7B fine-tuned on the o”cial split [13].
Report generation uses CheXagent-3B. Decoding settings (temperature T=0.2,
top-p=0.9, prompts) are harmonised across all methods; weights remain frozen
throughout.
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Fig. 4: Token-level contrast trajectory. Per-token decisions across three ex-
amples (CXR existence, CXR attribute, GI description). Top: branch selec-
tion — OA-VCD (blue), LD-VCD (purple), fallback (grey). Middle: εt and ⇁t.
Bottom: contrast margin h(y+)↓h(y↓); filled markers indicate hallucinated-to-
grounded token flips.

4 Results

Across the four settings introduced in Sec. 3, weights remain frozen and the
evaluation protocol is unified throughout.

4.1 Radiology VQA Hallucination Detection

Table 2 reports GREEN-based AUC and AUG on MIMIC-Di!-VQA and VQA-
RAD across four backbones. Post-hoc methods score fixed greedy outputs, while
decoding-time methods alter token selection before evaluation. PCCD ranks
first on both metrics across all dataset–backbone combinations. On MIMIC-
Di!-VQA with CheXagent, PCCD improves AUC by +1.77 pp over VASparse,
the strongest prior decoder; gains are larger on LLaVA-Med, consistent with
stronger language priors in broader-domain models. On VQA-RAD, improve-
ments over VASparse reach +1.80/+1.90 pp AUC (CheXagent/LLaVA-Med).
Attention-guided methods (AGLA, Yang et al.) consistently trail VASparse, in-
dicating that heuristic attention editing without semantic proximity constraints
is insu”cient in the medical domain. Full results with 95% confidence intervals
appear in Appendix G.

Med-POPE Existence Probe. Table 3 shows per-regime performance on
CheXagent. PCCD improves F1 by +2.0/+2.0/+2.3 pp over VASparse under
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Table 2: Hallucination detection on MIMIC-Di!-VQA and VQA-RAD.
AUC/AUG (%) under the VASE protocol (GREEN-based scoring) [18]. †Post-
hoc: scores existing outputs without altering decoding. ‡Reproduced on our splits
with public code. Best bold, runner-up underlined. All PCCD gains over the
strongest prior decoder are significant at p < 0.05 (paired bootstrap over three
seeds); 95% CIs for every cell are in Appendix G.

CheXagent-3B LLaVA-Med-7B Qwen2-VL-7B BiomedGPT

Method AUC AUG AUC AUG AUC AUG AUC AUG

MIMIC-Diff-VQA
Cross-Checking [6]† 68.45 48.98 60.31 44.23 63.18 46.50 61.72 45.10
RadFlag [26]† 85.77 61.01 73.62 54.23 76.30 56.15 74.85 55.02
Semantic Entropy [14]† 86.51 59.82 74.76 53.66 77.02 55.88 75.50 54.40
VASE [18]† 87.79 62.06 75.86 55.58 78.22 57.40 76.68 56.15

VCD [16] 87.02 61.25 75.12 55.05 77.40 56.90 75.88 55.60
HALC [4] 86.85 61.10 74.98 54.88 77.22 56.70 75.65 55.38
VASparse [27] 87.82 62.08 76.15 56.01 78.48 57.65 76.90 56.38
AGLA [1]‡ 87.40 61.72 75.48 55.31 77.85 57.10 76.30 55.80
Yang et al. [24]‡ 87.15 61.35 75.20 54.88 77.55 56.72 76.00 55.45

PCCD (ours) 89.59 64.06 77.70 57.09 80.15 59.20 78.52 57.85

VQA-RAD
Cross-Checking [6]† 70.51 38.99 59.56 38.99 62.30 37.85 60.90 37.20
RadFlag [26]† 74.83 38.52 61.21 36.33 64.50 38.10 62.80 37.00
Semantic Entropy [14]† 73.01 38.36 63.55 38.88 65.90 39.40 64.20 38.55
VASE [18]† 76.54 39.93 66.72 40.47 68.95 41.20 67.50 40.00

VCD [16] 75.10 38.80 64.50 39.10 67.20 39.90 65.85 38.80
HALC [4] 74.90 38.60 64.20 38.85 66.95 39.65 65.50 38.55
VASparse [27] 76.80 40.05 67.00 40.60 69.20 41.40 67.80 40.18
AGLA [1]‡ 75.82 39.48 65.80 39.82 68.15 40.60 66.70 39.50
Yang et al. [24]‡ 75.50 39.22 65.18 39.50 67.80 40.30 66.35 39.18

PCCD (ours) 78.60 41.20 68.90 41.90 71.05 42.85 69.60 41.52

Fig. 5: Diagnostic preservation under perturbation and VQGAN re-
construction. (a) Macro CheXpert label agreement (%): global blur reaches
only 83.1%; removing proximity guards degrades OA-VCD (93.4%) and LD-VCD
(92.1%); PCCD-guarded views reach 98.8%. (b) VQGAN encode-decode fidelity
on 200 held-out CXRs and GI frames (SSIM > 0.92, PSNR > 32 dB), confirming
no structurally meaningful artefacts before style editing. (c) Per-finding agree-
ment: blur degrades most on subtle findings (Pneumothorax 0.70, Consolidation
0.75); PCCD maintains →0.97 overall.
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Table 3: Med-POPE existence probe (CheXagent). Accuracy / Precision
/ Recall / F1 (%) per regime. ‡Reproduced with public code. Best bold. Con-
struction details in Appendix B; 95% CIs in Appendix G.

Random Popular Adversarial

Method Acc Pre Rec F1 Acc Pre Rec F1 Acc Pre Rec F1

Greedy 82.4 80.1 85.8 82.9 79.6 77.2 83.5 80.2 74.8 72.5 78.9 75.6
VCD 83.6 81.5 86.4 83.9 80.9 78.8 84.2 81.4 76.2 74.1 79.8 76.8
VASparse 84.0 82.0 86.8 84.3 81.3 79.2 84.5 81.8 76.8 74.7 80.3 77.4
AGLA‡ 83.8 81.7 86.5 84.0 81.0 79.0 84.3 81.6 76.4 74.3 80.0 77.0
Yang et al.‡ 83.4 81.2 86.2 83.6 80.6 78.5 83.9 81.1 75.9 73.8 79.6 76.6

PCCD 86.1 84.2 88.5 86.3 83.5 81.6 86.2 83.8 79.2 77.4 82.1 79.7

Table 4: GI endoscopy description on Gut-VLM. All methods applied
to LLaVA-1.6-7BftH. ‡Reproduced on o”cial test split. Best bold, second
underlined.

Lexical Semantic fidelity

Method ROUGE-L BLEU METEOR R-Sim⇐ QAAS(%)⇐

Greedy (LLaVA-1.6-7BftH) 0.89 0.82 0.90 3.96 90.89
VCD [16] 0.90 0.82 0.91 4.07 91.20
HALC [4] 0.89 0.82 0.91 4.05 91.05
VASparse [27] 0.90 0.83 0.91 4.09 91.35
AGLA [1]‡ 0.90 0.82 0.91 4.06 91.10
Yang et al. [24]‡ 0.89 0.82 0.91 4.03 90.95

PCCD (ours) 0.91 0.84 0.93 4.19 92.70

Random/Popular/Adversarial regimes, with gains increasing as negatives be-
come more adversarial. The largest margin under Adversarial sampling confirms
that OA-VCD e!ectively suppresses co-occurrence-driven false positives while
preserving true evidence.

GI Endoscopy Description. Table 4 reports results on Gut-VLM, where
attribute and style errors dominate. PCCD improves QAAS by +1.35 pp and R-
Sim by +0.10 over VASparse, with a larger gap over AGLA (+1.60 pp QAAS).
This aligns with the attribution failure analysis (Fig. 6), as LD-VCD specifically
targets style-induced attribute hallucinations. Lexical metrics also improve, in-
dicating that semantic gains do not degrade fluency.

CXR Report Factuality Table 5 reports factuality on MIMIC-CXR. PCCD
applied to CheXagent-3B with weights frozen improves RadGraph F1 by +2.2 pp
and GREEN by +2.3 pp over the greedy baseline, and surpasses the best prior
decoder (VASparse) by +1.3/+1.4. Concurrent gains in both metrics indicate
that more clinically correct entity-relation pairs are generated and fewer unsup-
ported findings are stated.
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Table 5: CXR report factuality on MIMIC-CXR. RadGraph F1, GREEN,
BLEU, and METEOR (%) on two backbones. † greedy baseline; no decoding in-
tervention. ‡Reproduced on the filtered test split. Best bold, second underlined.

CheXagent-3B LLaVA-Med-7B

Method F1⇒ GREEN⇒ BLEU⇒ METEOR⇒ F1⇒ GREEN⇒ BLEU⇒ METEOR⇒

Greedy baselines†

RaDialog-7B [7] 16.3 24.4 8.2 18.6 — — — —
RadVLM-7B [7] 17.7 24.9 9.1 19.3 — — — —
Greedy 20.9 28.5 11.4 22.8 18.2 26.1 9.8 20.5

Decoding-time methods
VCD [16] 21.4 29.0 11.8 23.2 18.8 26.6 10.2 21.0
HALC [4] 21.2 28.8 11.6 23.0 18.5 26.4 10.0 20.8
VASparse [27] 21.8 29.4 12.0 23.5 19.0 26.9 10.4 21.3
AGLA [1]‡ 21.5 29.1 11.9 23.3 18.7 26.5 10.1 21.0
Yang et al. [24]‡ 21.1 28.7 11.5 22.9 18.4 26.2 9.9 20.7

PCCD (ours) 23.1 30.8 12.9 24.6 20.3 28.4 11.2 22.5

↽ vs. greedy +2.2 +2.3 +1.5 +1.8 +2.1 +2.3 +1.4 +2.0
↽ vs. best prior +1.3 +1.4 +0.9 +1.1 +1.3 +1.5 +0.8 +1.2

4.2 Ablations

Table 6 ablates each design choice on MIMIC-Di!-VQA (existence-heavy; AUC/AUG)
and Gut-VLM description (attribute-heavy; QAAS/R-Sim), averaged over three
seeds. OA-only outperforms LD-only on the existence endpoint (+2.35 vs. +1.75
AUC over greedy), while LD-only edges OA-only on R-Sim on Gut-VLM (4.08 vs.
4.05), confirming that the two branches address complementary error types and
neither alone matches the full model. Removing both proximity guards (s, sobj)
causes the single largest drop across both endpoints (↓2.09 AUC/↓2.46 AUG on
VQA; ↓1.55 QAAS/↓0.14 R-Sim on Gut-VLM), and removing only sobj hurts
more than removing only s, confirming the independent value of object-level
proximity; Fig. 5a shows directly that proximity-guarded views maintain >98%
CheXpert label agreement while global blur drops to ⇑83%. Fixing ε constant or
forcing a single branch both underperform adaptive routing, consistent with the
margin analysis (Eq. 3); disabling Lattr most strongly a!ects Gut-VLM (QAAS
↓1.40), confirming its role in routing attribute tokens to LD-VCD.

4.3 Analysis

Proximity gate: safety and diagnostic preservation. Fig. 6 plots ςAUC
vs. Grad-CAM IoU on 500 MIMIC-Di!-VQA questions. At low IoU (<0.2),
PCCD rejects counterfactuals in 82% of steps and reverts to greedy (ςAUC
⇓ 0), while AGLA — which has no rejection mechanism — drops ↓1.9 pp be-
low greedy. At Strong IoU (→0.8), PCCD gains +2.2 pp via tight object-level
proximity enforcement. This is not merely a robustness property: Fig. 5a shows
that proximity-guarded views maintain >98% CheXpert label agreement on 200
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Table 6:Component ablations.MIMIC-Di!-VQA with CheXagent (existence-
heavy); Gut-VLM with LLaVA-1.6-7BftH (attribute-heavy). Means over three
seeds; ς shown relative to greedy.

MIMIC-Di!-VQA Gut-VLM (desc.)

Variant AUC ς AUG ς QAAS ς R-Sim ς

Greedy 86.20 – 60.10 – 90.89 – 3.96 –

Single branch:
OA-only 88.55 +2.35 63.08 +2.98 91.60 +0.71 4.05 +0.09
LD-only 87.95 +1.75 62.20 +2.10 91.20 +0.31 4.08 +0.12

Proximity guards:
w/o all proximity (s, sobj) 87.50 +1.30 61.60 +1.50 90.95 +0.06 3.98 +0.02
w/o object proximity (sobj) 88.10 +1.90 62.40 +2.30 91.25 +0.36 4.02 +0.06

Adaptive decoding:
Fixed φ (no adaptive φt) 88.35 +2.15 62.95 +2.85 91.70 +0.81 4.09 +0.13
Always OA (no selector) 88.30 +2.10 62.70 +2.60 91.55 +0.66 4.05 +0.09
Always LD (no selector) 88.00 +1.80 62.10 +2.00 91.35 +0.46 4.07 +0.11
w/o Lattr routing 88.05 +1.85 62.15 +2.05 91.10 +0.21 3.99 +0.03

PCCD (full) 89.59 +3.39 64.06 +3.96 92.50 +1.61 4.12 +0.16

held-out CXRs, whereas global blur drops to ⇑83% (pneumothorax 0.70; con-
solidation 0.75); This confirms that the dual similarity bounds prevent both
decoding degradation under poor attribution and silent diagnostic drift under
perturbation.

Interpretability: token routing and qualitative behaviour. Fig. 4 traces
per-token decisions across three representative sequences (CXR existence, CXR
attribute, GI description). εt rises sharply at high-contextness steps (⇁t ≃) and
falls when the prediction is already object-grounded; OA-VCD dominates at exis-
tence and location tokens while LD-VCD takes over at attribute tokens, with the
greedy fallback firing consistently at Grad-CAM IoU <0.25. The four qualitative
cases in Fig. 1 complement this: PCCD corrects a hallucinated pneumothorax
(Case 1), fixes e!usion laterality under windowing bias via LD-VCD (Case 2),
suppresses a lighting-induced false bleeding call (Case 3), and in Case 4 — where
attribution IoU is near zero — correctly does nothing while AGLA degrades be-
low greedy.

Runtime. Most of PCCD’s cost is amortised outside the per-token loop: per im-

age, the mask M , embedding ϖε(v), and VQGAN code z=E(v) with its channel
partition are computed once and cached; per prompt, the OA/LD views and their
proximity scores are constructed once; per token, the common case is the orig-
inal VLM forward plus one auxiliary forward, with a second auxiliary forward
only when both branches pass the gate and the margin comparison (Eq. 9) is
invoked over the plausible set |Vt|⇓8, not the full vocabulary. Proximity checks
and line searches operate on cached embeddings and view construction rather
than full decoding passes; Table 7 reports per-step wall-clock on an A100-80GB
(batch=1, median over 500 runs), where PCCD matches VCD/AGLA at ⇑2⇔
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Fig. 6: Safe-fallback under poor attribution. ςAUC over greedy vs. Grad-
CAM mask IoU on 500 MIMIC-Di!-VQA questions. At low IoU, PCCD’s prox-
imity gate rejects the counterfactual in 82% of steps and reverts to greedy
(ςAUC ⇓ 0), breaking the circular dependency between attribution quality
and decoding correctness. AGLA, which has no rejection mechanism, falls below
greedy at Poor IoU (<0.2). At Strong IoU (→0.8), PCCD gains +2.2 pp. Full
stratified results with 95% CIs in Appendix C.

Table 7: Per-step wall-clock on A100-80GB (batch=1, median over 500
runs). PCCD matches VCD/AGLA at ⇑2⇔ greedy.

Method VQA (s) Report (s) Overhead

Greedy 0.57 5.8 1.0⇑
VCD / AGLA 1.10 / 1.14 11.2 / 11.6 ⇐2.0⇑
PCCD 1.12 11.5 ⇐2.0⇑
PCCD+VASparse 0.92 9.5 ⇐1.6⇑

greedy and drops to ⇑1.6⇔ combined with VASparse [27], at 25–35% higher
peak VRAM; full setup is in Appendix F.

5 Discussion

5.1 Interpreting the Result Patterns

The 2–3 pp gains across modalities, backbones, and metrics are consistent, but
the pattern is more informative than the magnitude. Gains on LLaVA-Med ex-
ceed those on CheXagent on every benchmark (Tables 2, 5), directly reflect-
ing that broader-pretrained backbones carry stronger generic language priors
that PCCD’s contrastive signal is most e!ective at suppressing. The Med-POPE
regime progression tells the same story: F1 improvement grows monotonically
from Random (+2.0 pp) to Adversarial (+2.3 pp, Table 3), with the largest mar-
gin under the regime that maximally activates co-occurrence priors, exactly what
OA-VCD targets. On Gut-VLM (Table 4), the wider AGLA gap (+1.60 QAAS
vs. +0.19 on MIMIC-Di!-VQA) reflects a structural di!erence in error type: at-
tribute and style errors dominate endoscopy, and attention reweighting provides
no mechanism for style correction. LD-VCD does, and the results confirm it.
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5.2 Why the Proximity Gate Matters Clinically

The ablations (Table 6) and the safety analysis (Sec. 4.3) together isolate the
proximity gate as PCCD’s primary driver: removing both guards is the sin-
gle largest ablation drop, and the 5.4 pp CheXpert-agreement gap between un-
guarded (93.4%) and guarded (98.8%) OA-VCD is diagnostic content a proximity-
free approach routinely discards, concentrated on the most clinically subtle find-
ings (Fig. 5a–c). The point we stress here is clinical rather than empirical: for a
decision-support tool, the gate’s guaranteed non-degradation under poor attribu-
tion (Fig. 6) is a distinct safety property beyond average-case accuracy. Because
medical VLMs are routinely deployed frozen for compute, privacy, and regula-
tory reasons, decoding-time mitigation is the operative regime, and PCCD di!ers
structurally from prior decoders —the proximity gate is a trust region with re-

jection, and the dual branches separate existence (co-occurrence) from attribute
(style) errors.

PCCD is also partially additive with training-time methods such as Med-
HallTune [23] and Antidote [22]: applied on top of either aligned CheXagent it
adds ⇑+2.5 AUC / +2.3 AUG on MIMIC-Di!-VQA , indicating that inference-
time prior suppression and weight-level alignment correct largely complementary
error sources rather than the same one.

6 Conclusion

We introduced PCCD, a training-free decoding framework that restricts con-
trastive decoding to semantically admissible counterfactual views via dual global
and object-masked proximity bounds, two complementary context- and style-
targeted branches, and a safe-fallback that reverts to greedy decoding when
constraints fail, guaranteeing non-degradation. The proximity guards are the
primary driver of improvement and increase the contrastive margin for faithful
tokens to first order under the assumptions of Appendix A, with gains scaling
with backbone prior strength and adversarial di”culty. PCCD o!ers a modu-
lar, retraining-free approach that reduces clinically consequential hallucinations
across modalities and backbones; code, Med-POPE, and evaluation scripts are
released for reproducibility.
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