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Abstract

Decoding-time mitigation of vision-language
model (VLM) hallucination applies one fixed
intervention and typically trades recall for
lower hallucination. We trace this trade-off to
treating hallucination as a single failure mode.
Measuring the normalised entropy H of leave-
one-out attributions over panoptic image seg-
ments, we find that a VLM’s inference mass
concentrates in one task-conditional tail of H:
captioning in the over-concentration tail (low
H, 53-66%), binary question-answering in the
over-spread tail (high H, 74-95%). The pat-
tern holds in 6/6 (backbone x benchmark)
cells on LLaVA-1.5-7B and Qwen2.5-VL-7B,
survives exact Shapley recomputation, repro-
duces within AMBER, and is shared by three
further backbones. Because errors and correct
outputs share the tail—H is a regime signal,
not a hallucination detector—an intervention
matched to the wrong tail actively hurts: blank-
image contrastive decoding raises captioning
CHAIRg from 49.3 to 60.3. The regime can
be read without attribution at inference, from
blank-image agreement and on-image token
margin; SBC (Segment-Based Conditioning)
uses them to route between segment boosting
and probabilistic marginalisation. With one
shared configuration, SBC lowers CHAIR;
while preserving recall and raises POPE F1 on
both backbones (+1.95/ 4+3.31), at 1.7-1.9x
greedy cost on captioning and 4.9 x on single-
token QA.

1 Introduction

Existing VLM hallucination mitigation methods
(Leng et al., 2024; Huang et al., 2024; Liu et al.,
2026) apply a single intervention at decode time
regardless of the underlying mechanism, and most
pay for hallucination reduction with a substan-
tial recall loss (e.g., AIF: —6.6pt CHAIR recall).
We argue that this trade-off is not a property of
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decoding-time intervention as such, but a symp-
tom of treating hallucination as one uniform fail-
ure mode: the failure has two distinct regimes, a
decoder must know which one it is in, and the
regime can be read without any attribution at in-
ference time.

To test that, we measure where a VLM’s in-
ference mass actually lives. Partitioning an im-
age into panoptic segments and occluding one at
a time gives a per-segment leave-one-out (LOO)
attribution ¢;, whose normalised entropy H says
whether the answer depends on a single segment
(low H, over-concentration) or on none in par-
ticular (high H, over-spread). Across two back-
bones and three benchmarks we find a sharp, repro-
ducible structure (§3): inference mass—correct
and hallucinated outputs alike—sits in one tail of
H, and which tail is fixed by task type, not ar-
chitecture. Captioning is an over-concentration
regime, binary QA an over-spread one, and errors
occupy no separate “risky” region: they are simply
where the model spends its inference.

The consequence is measurable. An interven-
tion designed for one regime is not merely useless
on the other but harmful: blank-image contrastive
decoding (PMI), the right tool in the over-spread
regime, raises CHAIRg from 49.3 to 60.3 on cap-
tioning (§4). A decoder therefore has to know
which regime it is in—and that, not the choice of
actuator, is where the leverage is.

Reading the regime needs no attribution at in-
ference. Two cheap signals suffice: whether
the blank-image continuation agrees with the on-
image one, and the on-image token margin. At-
tribution re-enters only inside one route, where ¢
ranks the segments that the boost actuator (MSB)
targets. The resulting decoder, SBC (Segment-
Based Conditioning), improves CHAIR; with re-
call preserved and POPE F1 on both backbones
under one shared configuration (§6), and its extra
work fires once per response rather than per token,
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so the cost amortises on long-form generation.

Contributions.

1. A regime structure of VLM hallucination.
Using the entropy H of leave-one-out attri-
butions over panoptic segments, we show
that inference mass concentrates in one task-
conditional tail of H (over-concentration for
captioning, over-spread for binary QA), and
that hallucinated and correct outputs are co-
located in that tail. The pattern holds in 6/6
(backbone x benchmark) cells, is invariant
to the attribution estimator (LOO vs. exact
Shapley), to occlusion fill, and to segment
count, and reproduces within a mixed-format
benchmark (AMBER) and across three fur-
ther backbones, including a third family (§3).

2. Mismatched intervention is harmful, not
merely ineffective. Regime-specific inter-
ventions fail asymmetrically on the oppo-
site regime (PMI on captioning: CHAIRg
49.3 — 60.3; MSB on binary QA: <
1.1pt). This reframes the recall loss of uni-
form decoding-time methods as a regime mis-
match (§4).

3. Regime-matched decoding with an
attribution-free router. We show that the
regime can be read at inference from two
cheap signals (blank-image agreement and
on-image margin), and that the H threshold
is dispensable: removing it reproduces the
LLaVA results and the CHAIR results on
both backbones, and is neutral-to-positive on
Qwen POPE (4-0.08-0.20 F1) (§4.2). The
resulting decoder, SBC, improves CHAIR;
with recall preserved and POPE F1 on both
backbones under one shared configuration,
at 1.7-1.9x greedy cost on long-form cap-
tioning and 4.9 on single-token QA—3.5X%
with attention ranking, against 1.9 x for VCD
(§6).

The empirical structure is the primary claim;

SBC demonstrates that it is actionable without H
on the inference path.

2 Related Work

Vision-language models and decoding-time mit-
igation. Modern VLMs couple a pretrained vi-
sion encoder with an LLM through a learned con-
nector (Li et al., 2023a), often trained with visual
instruction tuning (Liu et al., 2023, 2024; Dai et al.,
2023); Qwen-VL and Qwen2.5-VL (Bai et al.,

2023, 2025) scale this recipe, the latter with na-
tive dynamic resolution. A large body of work
then reduces hallucination at inference without re-
training. Contrastive-decoding methods subtract
a counterfactual distribution—VCD (Leng et al.,
2024) a noised image, ICD (Wang et al., 2024b) a
disturbed instruction, M3ID (Favero et al., 2024)
image—text mutual information, DoLa (Chuang
et al., 2024) transformer layers—while OPERA
(Huang et al., 2024) adds an over-trust penalty
and HALC (Chen et al., 2024) an adaptive focal-
contrast beam search. All apply one uniform in-
tervention, whatever the failure regime. Our di-
agnostic (§3) says why that is the wrong shape
for the problem, and §4 shows such an interven-
tion is actively harmful on the regime it was not
designed for. Training-time and post-hoc alterna-
tives exist (Yu et al., 2024; Zhao et al., 2023; Zhou
et al., 2024; Yin et al., 2024); ours is decoding-
time and training-free. We evaluate with CHAIR
(Rohrbach et al., 2018), POPE (Li et al., 2023b),
MME (Fu et al., 2025) and AMBER (Wang et al.,
2023), the last because it holds a generative and a
discriminative format over the same images—the
direct test of task-conditionality (§3.5).

Attribution and interpretability. Feature attri-
bution explains a prediction by assigning credit
to inputs: Shapley-value methods such as SHAP
(Lundberg and Lee, 2017) and gradient-based In-
tegrated Gradients (Sundararajan et al., 2017) are
architecture-agnostic, while attention-flow analy-
ses (Abnar and Zuidema, 2020) are transformer-
specific. These are post-hoc, offline explanations
of individual predictions. We use them in two
roles that we keep separate throughout: as an
analysis instrument, the LOO attribution entropy
H is what exposes the regime structure of §3,
computed offline and not needed at inference; as
an actuator input, the per-segment attribution ¢
ranks the segments MSB boosts, and only there.
To our knowledge, the mass-tail structure itself—
inference mass and errors co-located in a single
task-conditional attribution-entropy tail—is a new
empirical characterisation of VLM hallucination.

3 A Regime Structure of VLM
Hallucination

3.1 Attribution Entropy over Panoptic
Segments

We partition the input image via Mask2Former
panoptic segmentation (Cheng et al., 2022) into
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K < 6 segments and compute leave-one-out
(LOO) attributions

¢i = logp(span | v) —logp(span | v\ si) (1)
over a lookahead span generated by a greedy probe
(up to 32 tokens, terminated at the first sentence
end or EOS), where v is the image and s; the i-th
segment. The normalised entropy is

H=- > pilogpi, pi= =g )

log K >oed

Throughout, H denotes the normalised entropy
of the leave-one-out segment attributions of
Eq. 1—the leave-one-out term of the Shapley
decomposition, not the full Shapley value; §3.5
shows that recomputing ¢ with exact Shapley val-
ues (all 2% coalitions) yields the same diagnostic.
One value of H is computed per response, over the
lookahead span, not per generation step.

Five equal-width bins partition H:
concentration [0,0.2) (single-segment fixation),
concentration [0.2,0.4), mixed [0.4,0.6), spread
[0.6,0.8), and over-spread [0.8,1.0] (uniform,
image-agnostic attribution).

Why occlusion rather than raw attention: raw at-
tention is normalised per-head and conflates “what
the model looks at” with “what affects the output.”
The single-segment occlusion in Eq. 1 measures
the counterfactual log-probability change—what
would happen if a segment were absent—giving
a counterfactual occlusion signal of which seg-
ments drive the output (Figure 3, App. A). The two
quantities are nearly uncorrelated on POPE, where
H is near its ceiling: the correlation between H

over-

and last-layer attention entropy is r = —0.016

(App. P).

3.2 Inference Mass Concentrates in One Tail
per Task Type

Table 1 reports the dominant H -tail for each back-
bone x dataset cell. Caption-style generation pulls
mass into the over-concentration tail (53—-66% of
samples); binary-QA pulls it into the over-spread
tail (74-95%). The tail position is consistent
across all evaluated backbones but bound to
task type. Figure 1 shows the full five-bin H dis-
tributions.

3.3 Hallucinations Are Co-located with
Correct Outputs

The last two columns of Table 1 show that in
6/6 cells, 62—100% of hallucinations and 51-96%

Backbone Data Dom. tail n (%) Err Corr
LLaVA-7B CHAIR over-conc. 158 (53) 62.1 514
LLaVA-7B POPE over-spread 564 (95) 88.9 95.8
LLaVA-7B MME over-spread 71 (85) 93.8 78.8
Qwen-7B  CHAIR over-conc. 197 (66) 71.5 65.8

89.0
70.3

Qwen-7B POPE
Qwen-7B.  MME

over-spread 525 (88) 83.1
over-spread 62 (74) 100.0

Table 1: Distribution of H (n=297 CHAIR / 594 POPE
/ 84 MME per cell; MME uses the hallucination sub-
set). The diagnostic runs on a fixed-seed sub-sample
of the full evaluation sets because each cell costs K +1
forward passes per response, giving the dominant-tail
share to within ~2pt on POPE and ~8pt on MME (95%
binomial). Err/Corr: percentages of errors (CHAIR: of
summed CHAIR ) and of correct outputs (1-CHAIR)
in that tail: in 6/6 cells it holds the majority of both.

CHAIR
o-conc.: 53%

POPE
o-spread: 95%

100

Lo 111

0 0
0.0 0.5 1.0 0.0 0.5 1.0 0.0 0.5 1.0
attribution entropy H attribution entropy H

MME
o-spread: 85%

% of samples

attribution entropy H

Figure 1: Measured H distributions (LLaVA-1.5-
7B). Five-bin histograms of the LOO attribution
entropy H; the highlighted bar is the dominant
tail. Qwen2.5-VL-7B is the same picture (Figure 4,
App. H).

of correct outputs occupy the same dominant tail.
Hallucinations do not sit in a “risky” tail away
from correct outputs—they are where the model
spends its inference.

3.4 H Is a Regime Diagnostic, Not a
Hallucination Detector

Table 1 is easy to misread as a negative result. H
does not separate hallucinated from correct out-
puts and we claim no such thing: within the dom-
inant tail the two sit together, and a threshold on
H would flag correct outputs at nearly the rate it
flags errors. That co-location is the finding. H
answers a different question—which failure mech-
anism is available to the model right now—and it
is that regime label, not a per-sample score, that
decides which intervention is safe (§4). Per-bin
error rates are correspondingly uninformative at
these bin sizes—middle bins hold n = 5-19 ques-
tions on the 594-question diagnostic sub-sample
and n = 35-38 (mixed bin) on the full splits,
with rates swinging from 37.5% to 14.3-18.9%
between the two (App. E)—so our claims rest on
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mass-tail location and the absolute error/correct
distribution, not on per-bin rate.

3.5 Robustness of the Diagnostic

The structure survives all checks below; only a seg-
menter swap moves it (§6.5). Estimator. ¢; is the
leave-one-out term of the Shapley decomposition,
not the full Shapley value; since K < 6 the exact
value is computable, and recomputing H with it on
all six (backbone x dataset) cells (fixed-seed sub-
samples, n=94-240/cell) leaves the dominant tail
unchanged in 6/6 and preserves co-location. What
it does change is the per-segment ranking, which
the MSB actuator consumes and the diagnostic
does not, and the actuator tolerates perturbation of
that size (App. F; §6.5). Task format vs. bench-
mark. Table 1 confounds the two, since CHAIR is
a captioning corpus and POPE/MME are QA cor-
pora. AMBER (Wang et al., 2023) separates them
by posing a generative and a discriminative task
over the same images, and the split reproduces
inside that one benchmark—generative — over-
concentration (51.5% LLaVA / 66.6% Qwen), dis-
criminative — over-spread (98.3% / 81.2%), track-
ing the CHAIR (53/66%) and POPE (95/88%)
shares (Table 16, App. G). With the images held
fixed, the regime is a property of what the model is
asked to do. Backbone. A second scale and a sec-
ond generation agree: Qwen2-VL-7B (Wang et al.,
2024a) at 54.5% / 86.1% and LLaVA-1.5-13B (8-
bit, diagnostic only) at 50.8% / 94.6% (Table 18).
A third family, InternVL3-8B (Zhu et al., 2025)
(InternViT encoder, Qwen2.5 LM), gives 64.6%
/ 93.6%. The tail location is identical in all five
evaluated backbones; only the share moves, and it
stays within ~3pt of the band of Table 1.

4 Regime-Matched Intervention

The structure of §3 makes a testable prediction
about mitigation: a single-intervention decoder,
which applies the same correction to every output,
must fail on the regime its intervention was not de-
signed for. We verify both halves of the prediction,
and then build the routing rule that follows from it.

4.1 Mismatched Intervention Fails
Asymmetrically

An intervention aimed at the wrong regime can
be worse than wasted. PMI subtracts the lan-
guage prior, which is the right move in the over-
spread regime but the wrong one on captioning,

where the model is fixating rather than default-
ing: on LLaVA-1.5-7B it drives CHAIRg from
the baseline 49.3 to 60.3, 11pt worse than doing
nothing. MSB boosts attention on the top-ranked
segments, which does almost nothing in the over-
spread regime where binary QA lives: mean POPE
F1 moves by < 1.1pt on either backbone (Qwen
+1.1pt, against PMI-only’s +4.6pt). The failures
are asymmetric—mismatching PMI is expensive,
mismatching MSB is merely inert—so a router has
one job above all others: keep PMI off the over-
concentration regime.

4.2 A Three-Way, Attribution-Free Router

The router reads two cheap signals—whether the
blank-image continuation matches the on-image
span under normalised exact-text equality (blank-
agreement), and the on-image top-token probabil-
ity margin—and has three outcomes:

1. blank-agreement and margin < § (= 0.5) —
PMI: the answer is prior-driven and the model
is not confident, so subtracting the prior can re-
cover the image-grounded answer;

2. blank-agreement and margin > ¢ — plain
greedy: the model agrees with its own prior
and is confident, so nothing is applied—PMI
here would only invert an answer that is already
image-grounded,;

3. no blank-agreement — MSB: removing the im-
age changes the continuation, so the output
is image-dependent and the over-concentration
actuator applies.

A plain-greedy fallback also fires when
Mask2Former returns K < 2 segments or
no lookahead span is found. The middle outcome
is not a technicality: on POPE-random it is the
largest bucket (Table 10: MSB 39.1%, PMI 6.3%,
greedy/fallback 54.6%), and it keeps PMI off
confident answers, protecting precision at some
recall cost vs. unguarded PMI (App. M).

The two signals divide labour asymmetrically.
Blank-agreement is the cross-task discriminator:
frequently true on prior-driven binary QA, never
true on free-form captioning, and therefore what
keeps PMI off the captioning regime (0% PMI on
CHAIR, Table 10). The margin does no cross-task
work; it separates outcomes (i) and (ii) within bi-
nary QA. The split also fixes the cost profile: un-
der the pipeline of §5 neither the greedy nor the
PMI route touches segmentation or occlusion, so
only the MSB share pays the K occlusion passes.
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Why H > 7 is not among the conditions. Our
original design added a third condition, H > 7,4
(= 0.5); it turns out to do almost no work. It al-
ready holds on 88-95% of POPE responses and
74-85% of MME responses (Table 1), so it is
nearly always true where it is evaluated. Re-
running the full splits without it makes the size
of the effect precise (Table 2), and the answer
differs by cell. On captioning the condition is
inert on both backbones: all 1000 CHAIR cap-
tions are bit-identical, because blank-agreement
never holds there, so the route is MSB whatever
H says. On LLaVA POPE it is very nearly inert:
the route changes for 12 of 3000 responses per
split, 11 of them K <2 fallbacks that are merely
relabelled and decode identically, leaving exactly
one differing prediction worth <0.04 Acc/F1. On
Qwen POPE it is not inert: blank-agreement holds
while H < 7 on 1.8-2.0% of responses, which
the three-condition router sent to MSB; the two-
signal router sends them to plain greedy or PMI,
changing 5-9 predictions per split and raising F1
by 0.08-0.20 (averaged 88.17 — 88.30). MME
is unaffected on either backbone. Across all ten
(backbone x benchmark X split) cells, then, the
condition either does nothing or, where it acts, is
mildly harmful. Replacing the entropy test with
logit entropy, or fixing the route to MSB, instead
collapses POPE recall by 8pt, because the router
then never selects PMI; attention- H matches H on

average (App. Q, P).

Blank-agreement is the load-bearing signal.
Within POPE-random the conditions are partially
redundant, so pmi_guard—which drops blank-
agreement too and keeps only )—even edges out
SBC. Its cost appears elsewhere: on Qwen2.5-
VL CHAIR, removing blank-agreement inflates
CHAIRg from 23.4 to 27.6, +4.2pt above SBC
and 4.9pt above the untouched baseline 22.7
(Table 30, App. Q). The asymmetry is consis-
tent with blank-agreement being the cross-task
discriminator that protects free-form captioning
while § guards within binary QA; because H is
low on captioning, pmi_guard removes two con-
ditions at once, and the isolating comparison—
no_h on CHAIR—is reported in Table 2. On
both backbones that comparison leaves captioning
bit-identical (LLaVA 47.4/13.14/79.1): blank-
agreement alone keeps PMI off captioning.

The router is not an oracle task label. Because
the regimes align with task format, it is fair to

BB Cell 3-cond. no_h
LLaVA-7B CHAIR Cs/C;  47.40/13.14 47.40/13.14
CHAIR Recall 79.11 79.11
POPE random 89.13/88.59 89.17/88.63
POPE popular 86.87/86.53 86.90/86.57

POPE adversarial 82.70/82.99 82.73/83.03
MME (score/acc) 598.3/82.08 598.3/82.08

Qwen-7B  CHAIR Cs/Cy 23.40/5.83 23.40/5.83
CHAIR Recall 58.61 58.61
POPE random 90.33/89.50 90.50/89.70
POPE popular 88.93/88.16 89.00/88.26

POPE adversarial 87.53/86.86 87.57/86.94
POPE Recall 82.40 82.73
MME (score/acc) 663.3/88.33 663.3/88.33

Table 2: Removing the H>7 condition, all else fixed,
on the full evaluation splits (CHAIR 1000 images,
POPE 3000q/split); POPE cells are Acc/F1. Every
CHAIR caption is bit-identical on both backbones. On
LLaVA POPE one prediction per split changes; on
Qwen POPE the condition does act, on ~2% of re-
sponses, and removing it is slightly beneficial (+0.08
to +0.20 F1). MME is unaffected on both backbones:
the subset score and accuracy are unchanged and no an-
swer changes, though on Qwen 8 of 240 routes do.

ask whether the router is a dataset detector in
disguise. Four things say otherwise. (a) Blank-
agreement is a response-level signal: it fires on
what the model is about to say under two pre-
fills of the same input, not on which corpus the
input came from. (b) The AMBER route distri-
butions (Table 3) rule the oracle out directly: the
two discriminative sub-tasks are identically for-
matted yes/no probes drawn from the same image
pool, and yet they route completely differently—
MSB 43.9% vs. 7.5%, greedy 34.4% vs. 79.3%—
which no function of the task format can produce.
The same table explains the existence-split regres-
sion of §6.3 mechanically: on that all-negative set
79.3% of responses are routed to plain greedy and
only 10.5% to PMI, so the accuracy that is lost
comes from a small, identifiable slice rather than
from the decoder as a whole. (c) A task-free rule
is not trivially safe: keeping only § (pmi_guard)
inflates Qwen CHAIR CHAIRg 23.4 — 27.6,
so blank-agreement does work a margin threshold
alone cannot. (d) On a format-homogeneous QA
split an oracle task label (task_pmi) reduces to
no_h by construction (App. Q); router and task la-
bel can only be told apart on mixed or free-form
input, which is where Table 2 and AMBER report
it. A pure task classifier would in any case predict
none of the intervention-specific asymmetries of
§4.
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AMBER track n MSB PMI greedy FB
generative 1004 974 0.0 0.0 2.6
disc. attribute 7628 439 20.0 344 1.7
disc. existence 4924 7.5 10.5 79.3 2.6

Table 3: Route distribution (% of responses) on AM-
BER, LLaVA-1.5-7B, under the shared configuration.
greedy is the margin-guard exit and FB the K <2 fall-
back. The two discriminative sub-tasks share a format
and an image pool yet route very differently, which a
task-format oracle cannot reproduce.

Why route rather than pick one interven-
tion? A task-specific decoder—PMI for binary-
QA, MSB for captioning—can marginally beat
SBC on each task in isolation (§7), but pre-
supposes task knowledge and the wrong choice
is heavily penalised (PMI on captioning inflates
CHAIRs). SBC is instead task-agnostic: the
router’s two signals (blank-agreement, margin) are
read from the model itself and yield near-best per-
formance in both regimes with one decoder and
one configuration.

S SBC: Segment-Based Conditioning

5.1 Overview

Figure 2 (App. A) summarises one response. Once
per generated response:

1. alookahead probe greedily continues up to 32
tokens, to the first sentence end or EOS, to ob-
tain a tentative span;

2. a blank-image prefill on the same prompt
gives the two routing signals—blank-
agreement and the on-image top-token
margin—and the three-way route is decided
(§4.2): PMI, plain greedy, or MSB. The
blank-image logits are reused by PMI when
that route is taken, so this prefill is not an extra
pass;

3. on the MSB route only, the image is panop-
tically segmented and K batched occlusion
passes give ¢ (Eq. 1), which selects the top-k
segments MSB boosts.

The selected intervention (§5.2) then produces the
next-token logits for the response.

Two consequences of this ordering are worth
stating plainly. First, the diagnostic H is not on
the inference path: it is the analysis instrument
of §3, computed offline on sub-sampled evalua-
tion sets, and the final router never reads it. Sec-
ond, attribution leaves the inference path on two of

the three routes—segmentation and occlusion run
only after the router has chosen MSB—so the K
occlusion passes are paid only on the MSB share
of responses (on POPE, roughly 40%; App. D),
cutting POPE cost from 7.3x to 4.9x greedy
(§5.3). The main-table results of §6 were pro-
duced by the earlier configuration that also eval-
vated H > T7y;q before routing, which is why
the eager SBC row of Table 4 pays for segmen-
tation and occlusion on every response; dropping
the condition changes almost nothing on any of the
ten cells (§4.2, Table 2).

5.2 Interventions

The two interventions are deliberately standard
mechanisms; the contribution is the regime struc-
ture that decides which to apply and where.

MSB (Modulated-Segment Boost). In the over-
concentration regime the model fixates on a sin-
gle segment; MSB redistributes visual attention
toward the segments that the occlusion attribution
supports. Let V;; be the visual-token columns be-
longing to the top-k segments ranked by ¢;. For
every text-query row ¢ and visual column j, MSB
adds a constant log-boost to the pre-softmax atten-
tion logit:

s1.; = stj+logh- 1[5 € V], 3)

so each boosted column receives a multiplicative
factor b in the attention distribution. We use k = 2
and b = 1.8; MSB adds no forward pass beyond
the boosted prefill.

PMI (Probabilistic Marginal Inference). In
the over-spread regime the model defaults to the
language prior. PMI isolates and subtracts that
prior by contrasting the image-conditioned logits
against blank-image logits—a blank-conditioned
variant of visual contrastive decoding (Leng et al.,
2024). With image v, blank image vy, and query
X

temi(y) = (1+a) bo(y | v, @) — aly(y | v, @),
“)
restricted to the adaptive-plausibility set {y
po(y | v,x) > B - maxy,pg(w | v,x)} so that
implausible tokens are not amplified. We use
« = 1.0 for the contrastive blend and 5 = 0.1
for the plausibility cutoff.

Relation to AIF and VCD. Neither actuator is
claimed as a contribution. MSB’s actuator fol-
lows attention-flow methods such as AIF (Liu
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CHAIR POPE

Method sfimg X s/q X
Baseline (greedy) 3.01 1.0 0.23 1.0
AIF 297 1.0 042 1.8
VCD 6.15 2.0 044 19
OPERA 16.83 5.6 0.47 2.0
MSB-only 490 1.6 — —
PMI-only 657 22 — —
SBC (eager) 505 1.7 1.65 73
SBC (lazy) 559 19 1.10 4.9
attn-ranked 4.83 1.6 0.79 35

Table 4: Wall-clock cost under one latency harness
(LLaVA-1.5-7B, fp16, RTX 3090); CHAIR s/image at
max 512 new tokens, POPE s/question. Baseline and
published-method rows are from an earlier session; the
three SBC rows are one same-session set, so their ra-
tios are directly comparable. The eager POPE figure
was 1.59s/6.9x in that session and 1.65s /7.3 x here
(the GPU was shared; SBC ratios use a same-session
~0.226 s baseline), which is why we quote the three to-
gether rather than mixing sessions. POPE ratios other
than SBC’s are derived from the s/q values against the
0.23 s baseline; corroborating run-harness numbers are
in App. J. Deferring segmentation saves nothing on
CHAIR, where ~99% of responses take the MSB route
(§4.2), so the eager row is the relevant captioning cost.

et al.,, 2026) but inverts and re-targets it: AIF
masks visual tokens deemed unimportant by an
attention-dynamics entropy (an internal, correla-
tional proxy), whereas MSB boosts the top-k
panoptic segments ranked by leave-one-out ¢, a
counterfactual occlusion signal. PMI is VCD’s
contrastive blend (Leng et al., 2024) with one
change: the reference is a blank, zero-information
image rather than a diffusion-noised one, so the
subtracted term approximates the language prior;
VCD’s adaptive-plausibility constraint is reused
unchanged. The mechanisms are commodity—the
contribution is the regime structure that decides
which fires and what it targets.

5.3 Inference Cost

SBC’s extra work fires once per response rather
than per token, so it amortises with output length:
1.7x greedy on long-form captioning against
7.3x on single-token QA under the eager three-
condition configuration, a cell measured at 6.9 in
an earlier session on an unshared GPU. Deferring
segmentation and occlusion to the MSB route cuts
that worst case to 4.9x and ranking segments by
attention cuts it to 3.5x—reductions of 33% and
52% measured in the same session, against 1.9x
for VCD and 1.8 for AIF on the same workload

(Table 4).

Attention-ranked variant. MSB consumes
only a ranking of segments, not the attribution
values, and the end metrics are insensitive to the
ranking perturbation of the segmenter swap (§6.5).
This suggests removing the K occlusion passes
from the inference path altogether: rank segments
by attention mass—Ilast-layer, head-averaged
attention from the final prompt token to each
segment’s visual tokens, from one extra attention-
output prefill—and leave routing unchanged. On
LLaVA CHAIR the variant reaches CHAIRg 48.6
/ CHAIR; 13.58 / recall 79.56, against ¢-ranked
47.4/13.14/79.11 and baseline 49.3/14.13/79.6:
it recovers 56% of the CHAIR; reduction with
recall preserved, at 4.83 vs. 5.59 s/image (lazy).
On binary QA the substitution is close to free
on both backbones: F1 88.53/86.41/82.97 on
LLaVA POPE across random / popular / adversar-
ial against 88.6/86.5/83.0 (within 0.15pt), and
89.42/87.95/86.60 on Qwen POPE against the
three-condition 89.50/88.16/86.86 (within 0.3pt,
recall 82.27 vs. 82.40), at 0.79 s/question against
1.10 (lazy) and 1.65 (eager) on LLaVA and a pro-
visional run-harness 1.04 vs. 1.53 (lazy) on Qwen.
On Qwen CHAIR, unlike LLaVA CHAIR, the
substitution is free: CHAIRg 21.5 / CHAIR; 5.91
/ recall 58.93 against ¢-ranked 23.4/5.83/58.61
and baseline 22.7/8.12/58.1—CHAIR; within
0.08, recovering 97% of the reduction with a
lower CHAIRs and slightly higher recall, at
7513 s against 8720s. Together these localise
what the attribution buys. It is not needed on bi-
nary QA at all, because MSB is nearly inert there
(§4) and the ranking it consumes barely matters;
on captioning its value is backbone-dependent,
load-bearing on LLaVA (40.44 CHAIR; when
replaced) and redundant on Qwen. On MME
the substitution is within 5 subset-score points
and changes sign by backbone (596.7 vs. 598.3
on LLaVA, 668.3 vs. 663.3 on Qwen), which at
n=240 is inside the bootstrap interval either way.
This is a claim about the actuator, not the router:
the attention-ranked variant is a safe default for
short answers and a backbone-dependent trade
on long-form generation, so a deployment should
measure it on its own backbone rather than
assume either outcome. Neither lever touches the
diagnostic of §3, which is offline and is not paid
for at inference at all.
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5.4 Hyperparameter Robustness

The image-margin ¢ is task-conditional and we
take 0 = 0.5 as the POPE-priority operating point;
b and the original 7y,;q are swept in App. L, and ¢
in App. M. That 7,4 is flat on [0.3,0.7] is a fur-
ther reading of why the condition can be dropped:
over its useful range F1 moves ~0.1pt at b=1.8.

6 Experiments

6.1 Setup

We use the official LLaVA-1.5-7B (Liu et al.,
2024) and Qwen2.5-VL-7B (Bai et al., 2025) Hug-
gingFace checkpoints on COCO val2014 (Lin
et al.,, 2014) with greedy decoding (VCD sam-
ples on CHAIR/POPE; App. A). SBC defaults:
top-k=2, b = 1.8, PMI o« = 1.0, 8 = 0.1,
image-margin 6 = 0.5; one shared configura-
tion for both backbones, with no per-backbone
re-tuning.  CHAIR (Rohrbach et al.,, 2018)
uses 1000 images with the standard synonym
matcher; POPE (Li et al., 2023b) uses the standard
3000-question splits (random/popular/adversarial).
MME (Fu et al., 2025) contributes its halluci-
nation subset (existence, count, position, color;
240 yes/no questions), scored by the standard
accuracy-+accuracy ™ metric.  AMBER (Wang
et al., 2023) contributes its generative and discrim-
inative tracks (§6.3). All baselines—VCD (Leng
et al., 2024), OPERA (Huang et al., 2024) and
AIF (Liu et al., 2026)—are re-implemented un-
der a unified wrapper to eliminate eval-harness
confounds and span the main intervention fami-
lies; provenance details are in App. A. As in prior
work, all methods are compared on both 7B back-
bones; InternVL3-8B is compared against greedy
only (App. H.1).

6.2 Main Results

Table 5 reports CHAIR and POPE for both back-
bones. SBC reduces per-instance hallucination
(CHAIR{) without recall loss: on LLaVA-1.5-7B it
attains CHAIR; 13.14 at Recall 79.1, against base-
line 14.13/79.6. AIF attains the lowest CHAIRg
(46.2) but by shortening captions (Recall —6.6pt).
VCD and PMI-only worsen hallucination—PMI-
only’s failure is predicted by §4. On POPE, SBC
improves F1 on every split and on the average
(+1.95 LLaVA, +3.31 Qwen; Table 6, App. B);
the router sends most of POPE to PMI or plain
greedy, so SBC inherits PMI’s precision/recall
trade-off (Limitations; App. M).

CHAIR POPE F1
Method Cs] C;r] Rectf rand pop adv
LLaVA-1.5-7B
Baseline 49.3 14.13 79.6 85.6 84.4 823
VCD 57.5 16.75 80.0 87.1 84.9 814
OPERA 519 1436 78.6 85.6 84.5 823
AIF 46.2 14.81 73.0 87.1 85.1 82.3

MSB-only 47.8 13.25 79.2 854 84.3 82.2
PMI-only 60.3 16.38 82.3 88.8 86.4 81.3
SBC 474 13.14 79.1 88.6 86.5 83.0

QOwen2.5-VL-7B
Baseline 227 8.12 58.1 86.0 84.6 83.9

VCD 30.1 8.84 60.1 88.1 87.0 86.5
OPERA  19.2 6.54 53.7 86.8 86.0 85.3
AIF 23.6 696 57.8 88.4 87.3 86.4

MSB-only 23.4 5.69 58.6 86.8 859 85.2
PMI-only 28.0 7.51 612 91.2 89.6 87.4
SBC 234 5.83 58.6 89.5 88.2 86.9

Table 5: Main results: CHAIR (1000 images) and
POPE F1 per split (3000q each), one shared config-
uration for both backbones, b=1.8; SBC rows use
the three-condition router, which the two-signal router
matches on CHAIR and slightly exceeds on POPE (Ta-
ble 2). POPE F1 is shown to 1 dp; averaged 2-dp
Acc/F1 (SBC +1.95 LLaVA, +3.31 Qwen) and boot-
strap CIs are in App. B; MME in App. C.

On MME we report a result that does not favour
us: no greedy-decoded method at its default set-
ting beats the greedy baseline. SBC attains 598.3
on LLaVA and 663.3 on Qwen against greedy
631.7/680.0 and same-harness VCD 561.7/673.3;
the baseline is unusually strong (VCD’s paper re-
ports a 565.3 sampling baseline for LLaVA-1.5),
and App. M traces the shared gap to that sampling-
vs-greedy mismatch: like VCD, PMI over-corrects
a strong greedy baseline, and within SBC most
of the loss sits in the PMI-routed questions (on
LLaVA, 14 questions with Brk 80%; Table 11).
Against the sampling baseline re-measured un-
der VCD’s protocol, SBC is +38.3 (LLaVA)
and +28.3 (Qwen), level with VCD-sampling on
LLaVA (598.3 vs. 596.7) and behind it on Qwen
(663.3 vs. 685.0) (App. C).

6.3 AMBER Decoding Results

Under the unchanged shared configuration the
router also transfers to AMBER: on the generative
track SBC matches baseline (13.2 vs. 13.0 LLaVA;
7.1 vs. 7.1 Qwen), and on the balanced attribute
subset (7,628q) it improves F1 on both backbones
(79.5 vs. 78.2; 83.7 vs. 82.2), the POPE result
carrying over to a different QA corpus. On the
existence split accuracy drops (LLaVA 92.3 —
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82.5; Qwen only 95.4 — 93.5): that split is all-
negative—all 4,924 gold answers are ‘“no”’—and
597,/600 wrong flips (both backbones pooled) are
PMI-routed, which is exactly the distribution on
which pushing an answer toward “yes” can only
hurt. We report it as a characterised failure of the
PMI actuator on all-negative probe sets rather than
as noise (Table 17, App. G, O).

6.4 Generation Quality

On the full 1000-caption CHAIR outputs, length,
distinct-1/2, 4-gram repetition and sentence-level
CLIPScore stay within noise of baseline on
LLaVA and are flat-to-better on Qwen, while
the recall-sacrificing baselines shorten captions
(LLaVA AIF 86.8 vs. 90.4 words; Qwen OPERA
113.8 vs. 159.4, —29%): lower CHAIR; is not
bought with fluency, detail, or diversity (App. K).

6.5 Ablations

The MSB-only and PMI-only rows of Tables 5—
6 are single-mode ablations: each fails on the
opposite-tail task, as predicted by §4. The router-
condition ablations are in §4.2 (App. Q); drop-
ping H > 7 leaves CHAIR bit-identical on both
backbones, moves one LLaVA POPE prediction
per split, and raises Qwen POPE F1 by 0.08-
0.20 (Table 2), leaving MME unchanged on both
backbones. Per-hyperparameter ablations (router
threshold 7,4, boost factor b, image-margin J,
joint 7 x b) are in Appendices L. and M; SBC is
robust within 79 € [0.3,0.7] and b € [1.5,2.0],
and 0 is task-conditional. Per-cell routing statistics
are in App. D, reproducibility details in App. A.

Segmentation robustness. The partition is a
hyperparameter of the whole pipeline, and we
vary it three ways (App. N, I). Occlusion
fill (mean/zero/Gaussian) leaves the H distri-
bution unchanged within =+0.5pt. Segment
count K € {4,6,8} leaves POPE-random F1
flat (88.70/88.82/88.82) and the H tails un-
changed, as H is normalised by log K. Swap-
ping Mask2Former for class-agnostic SAM (Kir-
illov et al., 2023) leaves end metrics at noise
level (CHAIR; 13.69 — 13.35) and the router
safe (PMI fires 0/300 on CHAIR, since blank-
agreement does not depend on the partition), but
it moves CHAIR’s dominant tail to over-spread
(54.0%) while POPE’s is unchanged (98.5%):
the over-concentration tail is defined relative to
an object-aligned partition, and SAM fragments

objects into parts. We record this partition-
dependence as a limitation.

7 Discussion

Single intervention vs. SBC, and what is novel.
On its own task a single intervention can match
SBC (POPE F1 within 1.3pt of PMI-only, CHAIR
CHAIR; within +0.2 of MSB-only); the deci-
sive comparison is the opposite task, where PMI
inflates CHAIRg (49.3—60.3) and MSB moves
POPE F1 by < 1.1pt. Cross-regime robustness,
not per-task SOTA, is the claim. Both actuators
and both routing signals are commodity; what is
new is the empirical structure that makes routing
the right move at all—inference mass, correct and
hallucinated alike, in one task-conditional tail of
H, and mismatch harmful for PMI, inert for MSB.
H is the instrument that exposed it; the decoder
follows.

8 Conclusion

Measuring where a VLM’s inference mass lives
reframes hallucination as regime-structured rather
than uniform: across two backbones x three
benchmarks it concentrates—correct and halluci-
nated outputs alike—in one task-conditional tail of
the LOO attribution entropy H, and the structure
survives exact-Shapley recomputation, reproduces
within AMBER, and holds on three further back-
bones. Because the same tail holds most errors
and most correct outputs, a mismatched interven-
tion is harmful rather than inert (PMI on caption-
ing: CHAIRg 49.3—60.3). Reading the regime
needs no attribution at inference—blank-image
agreement and the on-image margin recover the
regime—and SBC uses them to track the regime-
appropriate intervention without task knowledge,
at a cost that amortises over the response.

Limitations

Partition-dependence of the over-concentration
tail. The tail positions of §3 are defined with re-
spect to a partition of the image, and one of the two
is partition-dependent. Under class-agnostic SAM
instead of Mask2Former, POPE’s over-spread tail
is unchanged (98.5%) but CHAIR’s dominant tail
moves to over-spread (54.0%), because SAM frag-
ments objects into parts and a caption that depends
on one object then depends on several segments
(§6.5, App. D). The router and end metrics are un-
affected (PMI fires 0/300 on CHAIR; CHAIR;
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13.69 — 13.35), but the statement “captioning is
an over-concentration regime” should be read as
“under an object-aligned partition”.

Generality. The diagnostic is measured on
five backbones spanning three families (LLaVA,
Qwen, InternVL) and two scales and holds in all
of them, across three benchmarks plus AMBER’s
two formats over shared images, under two attribu-
tion estimators, three occlusion fills and three seg-
ment counts; the decoder is evaluated under one
shared configuration with no per-backbone tuning,
against all baselines on the two 7B backbones and
against greedy only on InternVL3-8B (App. H.1);
the two further backbones are diagnostic-only. Be-
yond these three families, further designs (e.g.,
non-ViT encoders or cross-attention fusion) re-
main untested.

Hyperparameter selection. b was chosen on
LLaVA CHAIR (Table 25), 7,iq on LLaVA POPE
(Table 24) and 6 on POPE-random for both 7B
backbones (App. M), i.e., on evaluation data with
no held-out split. InternVL3-8B and AMBER in-
herit all three, and Qwen2.5-VL inherits b and
Tmid, Without re-tuning.

The margin guard bounds PMI but does not
remove it. The § guard stops PMI inverting a con-
fident image-grounded answer but cannot detect
prior-driven correct “no”s with narrow margins:
on LLaVA POPE adversarial every PMI-routed an-
swer (n=281) flips (Table 11), and without the
guard n rises to ~1700. The mode is much weaker
on Qwen (PMI Brk 35%; adversarial Acc 87.5
vs. baseline 85.4). On MME no greedy-decoded
method at its default setting beats the greedy base-
line (VCD with sampling does on Qwen, 685.0 vs.
680.0).

PMI breaks on all-negative probe sets. PMI
subtracts the blank-image prior; on the blank-
agreeing responses it is applied to, that prior al-
ready favours “no”, so PMI shifts mass toward
“yes”. On probe sets where the gold answer is
always “no” this can only hurt. AMBER’s exis-
tence split is exactly such a set (4,924/4,924 “no”)
and SBC loses 9.8pt accuracy there on LLaVA
(§6.3), every flip to a wrong answer PMI-routed
(504/504); on LLaVA POPE adversarial the PMI
route flips 100% of the n=281 cases that survive
the guard (Table 11). The margin guard keeps the
volume small but does not remove the mode. The
break rate, not the F1 average, is the relevant cost
metric for hallucination-sensitive use.

Language and image-domain scope. Every

experiment is English, and every image is from
COCO val2014 or AMBER (MS-COCO 2014 test
and Unsplash photographs). We do not know
whether the tail positions hold for other languages
or for image domains (documents, charts, medi-
cal imagery) whose panoptic structure differs from
natural photographs.

Backbone scope. The diagnostic covers three
families and two scales; the decoder is compared
with all baselines on the two 7B backbones only,
InternVL3-8B is decoded against greedy only in
a single run (App. H.1), and Qwen2-VL-7B and
LLaVA-1.5-13B are diagnostic-only.  Quantis-
ing larger models to 8 bits confounds attention-
magnitude methods (notably MSB), which is why
LLaVA-1.5-13B appears as diagnostic-only, and
an fp16 13B decoding sweep was not completed.

Single-metric SOTA. AIF’s CHAIRg (46.2) is
lower than ours; we do not chase CHAIRg because
doing so requires a recall sacrifice.

Lookahead-span dependence. ¢ is measured
on the model’s own first-sentence lookahead span
(<32 tokens), so it attributes a tentative continua-
tion rather than the final response; we did not ab-
late the span length.

Per-bin rate noise. Middle H-bins (n = 5-19)
are too small to reliably discriminate; our claims
rest on mass-tail location, not per-bin rate.

Cost. Single-token QA remains the worst case:
7.3x greedy for the eager three-condition config-
uration, 4.9x once segmentation is deferred to
the MSB route and 3.5x with attention ranking
(Table 4), against 1.9x for VCD. The attention-
ranked variant removes the occlusion passes al-
together at 0.79 s/question with no measurable
POPE loss, but its cost on long-form generation is
backbone-dependent—-+0.44 CHAIR; on LLaVA
CHAIR against no penalty on Qwen (5.91 vs.
5.83)—so it cannot be recommended for caption-
ing without a per-backbone check.

Future directions. The above motivate five
threads: (i) an fpl6 13B/larger decoding sweep
to test whether the decoder’s gains persist with
model size; (ii) a partition-invariant formulation
of the tail definition, since §6.5 shows the over-
concentration tail is tied to object-aligned segmen-
tation; (iii) learning § online from the on-image
margin distribution rather than fixing it (App. M);
(iv) replacing the mean-colour fill of Eq. 1 with
a generative inpainting model to test whether H
shifts when the occluded region is filled with plau-
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sible content (App. N already shows robustness
to mean / zero / Gaussian fills); and (v) amor-
tised attribution (e.g., FastSHAP-style estimators;
Jethani et al., 2022) to make the ¢-ranked MSB
route cheaper on single-token QA.

Use of AI Assistants

We used a general-purpose conversational Al as-
sistant (Anthropic Claude) during the preparation
of this paper. Its use was limited to (i) editing and
polishing draft prose, (ii) writing and debugging
analysis scripts for aggregating measured bench-
mark outputs into tables, (iii) helping to format ref-
erences and IATEX tables, and (iv) implementing
and packaging code under the authors’ direction
(the public release and the InternVL3 model wrap-
per, App. H.1); all such code and every reported
number were checked by the authors. Research
ideas, claims and experimental design are the au-
thors’ own.
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A Reproducibility Details

Baseline provenance. VCD is ported from its
official public code (=1, $=0.1, 999 noise steps)
and samples directly from the contrastive distribu-
tion on CHAIR and POPE (its paper samples on
POPE and reports no CHAIR) (POPE: mean of
5 runs on LLaVA, one run on Qwen); on MME
it decodes greedily in Table 8 and samples in Ta-
ble 9. OPERA is a greedy adaptation of the of-
ficial code: only the over-trust penalty is kept
(beam retrospection-rollback is omitted), each of
Ncan=>5 candidates is re-scored after one forward
step, and the penalty is compressed as log(1+w)
for the over-trust score w (0=50, apoprra=1,
window 8). AIF had no public implementation
when we ran it (official code appeared in June
2026) and is reproduced from the paper descrip-
tion, with the selected mask ratio capped at 0.5
(the raw selection criterion saturates at 0.9 on
LLaVA). The AIF paper reports no CHAIR re-
sults; our AIF CHAIR numbers come from this
re-implementation. All other decoders, including
every SBC variant, are greedy. The three baselines
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Segment-Based Conditioning (SBC)
decoding one response
[ Input: image v + question x ]

v
1. Lookahead probe
greedy span, = 32 tokens
v
2. Blank-image prefill
blank continuation + on-image margin
v

3. Router (attribution-free)
blank-agreement? margin vs. 67

1
agree, margin <6

PMI

blank-image contrastive

I
no agreemeﬂr
MSB
panoptic segmentation
K occlusion - ¢;

agree, margin =06

greedy
no intervention

A
[ Output: next-token logits

reuses stage-2 prefill

boost top-k segments (no segmentation)

- <2 segments or empty span: greedy fallback

Figure 2: SBC decoding for one response. A looka-
head probe (< 32 tokens, to the first sentence end or
EOS) yields a tentative span; a blank-image prefill sup-
plies the two routing signals. The router has three exits:
no blank-agreement — MSB (the over-concentration
actuator), agreement with margin > § — plain greedy,
agreement with margin < & — PMI (the over-spread
actuator). Panoptic segmentation and the K occlusion
passes that yield ¢ run on the MSB route only. Routing
fires once per response, not per generation step. De-
faults: top-k = 2 (of K < 6 segments), b = 1.8, PMI
a=1.0,8=0.1,6§ =0.5.

span contrastive decoding, an over-trust penalty
and attention modulation respectively.

All decoders share one model wrapper and one
Mask2Former panoptic segmenter. CHAIR uses
a 1000-image subset of COCO val2014; POPE
uses the standard 3000-question splits per set-
ting. Lookahead is a single greedy continua-
tion (max 32 tokens, terminated at the first sen-
tence end), computed once per response; a sen-
tence end stops it only after at least 4 tokens,
but EOS stops it at once, so single-token answers
(binary QA) give a one-token span. The blank
image is the all-zero tensor in normalised pixel
space (the normalisation mean colour). The mar-
gin is the on-image first-token softmax probabil-
ity of the top-1 minus the top-2 token; the router
decodes greedily when it exceeds J. Segments
come from the Mask2Former Swin-L. COCO-
panoptic checkpoint (facebook/mask2former-
swin-large-coco-panoptic): the <6 largest
segments covering >1% of the image. MSB is ap-
plied as an additive attention mask shared by all

layers and heads; a visual token belongs to a seg-
ment when >30% of its patch is covered. Gen-
eration is capped at 512 new tokens on CHAIR
and 64 on POPE/MME. LLaVA runs in fpl6;
Qwen and InternVL run in bf16. InternVL3-8B
sees one 448x448 view (tiling disabled), i.e. a
16x16 grid of visual tokens, in both the diagnos-
tic and decoding. Code, configurations, the analy-
sis scripts (exact Shapley, quality proxies, latency)
and the raw per-sample model outputs behind the
tables (except the development-run CHAIR; cells
of Table 21) are available at https://github.
com/JaeGwang98/mass-tail-entropy. Relative
to the reviewed version we corrected transcription
errors in Tables 24 (rows now all at b=1.8), 27
(all cells on the first 1000 random-split questions),
the Qwen MME rows of Tables 10-11 (now the
0=0.5 run), and recomputed POPE averages from
unrounded per-split values (+1.94/ + 3.30 —
+1.95/ + 3.31); no conclusion changes.

B Per-Split Results and Bootstrap Cls

Bootstrap confidence intervals. SBC
95% percentile bootstrap Cls (seed O;
scripts/chair_pope_bootstrap_ci.py):

CHAIR CHAIR; (image-level bootstrap, 1000
image resamples) LLaVA [12.04,14.22], Qwen
[5.00,6.81]; POPE F1 (question-level bootstrap
within each split, F1 averaged over splits, 1000
resamples per split) LLaVA [85.26, 86.82], Qwen
[87.46,88.94], both lower bounds above the
corresponding baseline F1; MME (image-level
bootstrap within category, 1000 resamples, seed
0, 240q) LLaVA [552,647], Qwen [623,705].
Table 6 reports POPE accuracy and F1 averaged
over the three official splits. Table 7 gives the
per-split breakdown, showing where the averaged
numbers come from. The adversarial split is
the hardest (co-occurrence-based negatives); on
LLaVA-1.5-7B, SBC’s adversarial accuracy (82.7)
is within 0.8pt of baseline (83.5), but Table 11
reveals that the PMI route on this split flips every
baseline-correct case it touches (Brk 100%; the
route holds n=281 cases)—a regression that is
hidden in the averaged F1 because the margin
guard keeps the PMI volume small. PMI’s
blank-image contrast overturns narrow-margin
“no” answers even when they are already correct;
this failure mode is much weaker on Qwen2.5-VL
(Brk 35%; adversarial 87.5 vs. baseline 85.4).
The averaged F1 in Table 6 remains positive on
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Computing the LOO attribution ¢ via segment occlusion

image v + K= 6 panoptic segments

V\Sz

Figure 3: Leave-one-out segment occlusion underlying ¢ (CHAIR case, LLaVA-1.5-7B). The image is parti-
tioned into K = 6 Mask2Former panoptic segments; for each segment s;, the masked variant v \ s; (image-mean
fill of the segment region; segment outline drawn for visibility) is forward-passed to obtain log p(span | v \ s;)
over the same lookahead span, and the segment’s attribution is ¢; = log p(span | v) — logp(span | v \ s;). The
resulting ¢ distribution, H, and route for this same CHAIR case are shown in Figure 5 (bottom row).

Method Acc F1

LLaVA-1.5-7B

Baseline 85.52 84.09
VCD 84.61 84.48
OPERA 85.56 84.13
AIF 85.52 84.83
MSB-only 8540 83.94
PMI-only 84.52 85.51
SBC 86.23 86.04
QOwen2.5-VL-7B

Baseline 86.36 84.86
VCD 88.26 87.18
OPERA 87.43 86.04
AIF 88.40 87.34
MSB-only 87.39 85.97
PMI-only 89.77 89.44
SBC 88.93 88.17

Table 6: POPE Acc/F1 averaged over the three splits
(random / popular / adversarial). SBC improves F1
over baseline (4+1.95 LLaVA, +3.31 Qwen); per-split
breakdowns in App. B. The 95% bootstrap CI for
SBC F1 (question-level bootstrap within each split, F1
averaged over splits, 1000 resamples per split, seed
0; scripts/chair_pope_bootstrap_ci.py): LLaVA
[85.26, 86.82], Qwen [87.46, 88.94]—CI lower bound
exceeds the baseline F1 on both backbones.

both backbones.

C MME Results

Tables 8 and 9 report MME under the greedy and
sampling protocols.

Method random popular adv.
LLaVA-1.5-7B

Baseline  87.1/85.6 85.9/84.4 83.5/82.3
VCD 87.7/87.1 85.2/84.9 81.0/81.4
OPERA 87.2/85.6 85.9/84.5 83.6/82.3
AIF 88.0/87.1 85.9/85.1 82.7/82.3
MSB-only 87.0/85.4 85.8/84.3 83.5/82.2
PMI-only 88.6/88.8 85.8/86.4 79.2/81.3
SBC 89.1/88.6 86.9/86.5 82.7/83.0
QOwen2.5-VL-7B

Baseline  87.6/86.0 86.1/84.6 85.4/83.9
VCD 89.2/88.1 88.1/87.0 87.5/86.5
OPERA 88.2/86.8 87.4/86.0 86.6/85.3
AIF 89.5/88.4 88.4/87.3 87.4/86.4
MSB-only 88.2/86.8 87.4/85.9 86.6/85.2
PMI-only 91.7/91.2 90.0/89.6 87.6/87.4
SBC 90.3/89.5 88.9/88.2 87.5/86.9

Table 7: POPE Acc/F1 per split for both backbones.
Average rows are in Table 6.

D Routing Statistics

Table 10 reports the empirical distribution of
routes across (backbone x dataset) cells. Counts
are over responses: the router fires once per gen-
erated response, so the n column is the number
of questions (POPE, MME) or images (CHAIR).
On POPE (LLaVA-1.5-7B), SBC routes only 6—
9% of questions to active PMI and 39-43% to
MSB:; the remaining 48-55% fall into the Base/FB
bucket (responses where the image-margin guard
¢ vetoes a PMI candidate, or where Mask2Former
returns K < 2 segments—the latter a constant
~0.6%). The active-PMI share grows slightly on
the adversarial split (6.3—9.4%), consistent with
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Method LLaVA-1.5-7B  Qwen2.5-VL-7B
Baseline 631.7/85.4 680.0/90.0
VCD 561.7/79.6 673.3/89.2
OPERA 631.7/85.4 680.0/90.0
AIF 613.3/83.3 668.3/88.8
MSB-only 625.0/84.6 680.0/90.0
PMI-only 518.3/75.4 658.3/87.9
SBC (ours) 598.3/82.1 663.3/88.3

Table 8: MME hallucination subset (240 yes/no, ex-
istence / count / position / color). Cells: MME
score (sum of subtask acc4acct, max 800) / over-
all accuracy. SBC 95% bootstrap CI (image-level
bootstrap within category, 1000 resamples, seed O;
scripts/mme_bootstrap_ci.py): LLaVA [552,647],
Qwen [623, 705]—the small n=240 leaves per-method
gaps inside the CI (baseline 95% CI, same procedure:
LLaVA [590,673], Qwen [640, 720]); we discuss the
greedy-baseline mismatch in App. M.

Setting LLaVA-7B Qwen-7B
Greedy baseline 631.7 680.0
Sampling baseline 560.0 635.0
VCD (sampling) 596.7 685.0
SBC (greedy) 598.3 663.3

Table 9: MME under the two baseline protocols (hal-
lucination subset, subset score). SBC is unchanged—it
decodes greedily under both protocols—so the compar-
ison is entirely about what it is measured against. Un-
der VCD’s own sampling protocol SBC clears the base-
line by 38.3 (LLaVA) and 28.3 (Qwen) and matches
VCD-sampling on LLaVA, while on Qwen VCD-
sampling (685.0) exceeds both SBC and the greedy
baseline (680.0). No greedy-decoded method at its de-
fault setting beats the greedy baseline on either back-
bone (Table 8).

the over-spread regime expanding as the negative
pool widens. On CHAIR (both backbones), rout-
ing is overwhelmingly to MSB (99.4%): PMI is
never fired on CHAIR because the “blank-image
continuation matches the on-image span” condi-
tion is never satisfied on CHAIR captioning in our
runs—when the model has fixated on the wrong
image region (low H), the blank-image continu-
ation diverges. The Base/FB column on CHAIR
(0.6%) is the K < 2 fallback; on POPE it pools
the §-veto and fallback responses. The MSB share
is also what determines how often the deferred
segmentation and occlusion passes of §5 are paid:
~40% on POPE, ~99% on CHAIR.

Cell Split MSB
POPE, LLaVA-1.5-7B

PMI Base/FB n

random 39.1 6.3 54.6 3000
popular 403 75 52.2 3000
adversarial 42.7 94 48.0 3000

MME, LLaVA-1.5-7B
- 717 5.8 22.5 240

CHAIR, LLaVA-1.5-7B

- 994 0.0 0.6 1000
POPE, Qwen2.5-VL-7B

random 40.7 4.0 55.3 3000

popular 415 49 53.6 3000

adversarial 42.6 5.8 51.6 3000
CHAIR, Qwen2.5-VL-7B

- 994 0.0 0.6 1000

MME, Qwen2.5-VL-7B
- 52.1 179 30.0 240

Table 10: Route distribution (% of responses) at the
operating point § = 0.5. On POPE the over-spread
regime dominates and PMI is available; on CHAIR the
over-concentration regime dominates and PMI is never
fired (the blank-image-match condition vetoes it). The
image-margin § guard vetoes PMI on roughly half of
all POPE responses, most of the blank-agreeing ones
(the Base/FB column pools margin-vetoed and K < 2-
fallback responses), leaving 4-9% active PMI on POPE
for both backbones and 6-18% on MME.

E Per-Bin Error Rates with Bootstrap
CIs

§3.4 argues that per-bin error rates are noise-
sensitive at the bin sizes available. Table 12
makes this quantitative: middle bins (concentra-
tion, mixed, spread) carry only n = 32-76 POPE
questions per split, so their 95% bootstrap in-
tervals span 9-27pt, and most overlap the over-
spread estimate. The over-spread bin, in con-
trast, is tightly estimated (£1.3pt) because it holds
~94% of the mass. Our claims in §3 (mass-tail lo-
cation, absolute error/correct counts) rest on these
tight estimates, not on the middle-bin rates.

F Exact-Shapley Details

§3.5 summarises the estimator-robustness check;
this appendix gives the per-cell detail. For each
cell we recompute, on the same fixed-seed sub-
sample, the exact Shapley value of every segment,

exact |S|'(K_|S|_1)'
S
SQ%\:&} K &)
< [f(SU{d}) = f(9)].
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with f(S) = logp(span | vg) the log-probability
of the same lookahead span under the image with
only the segments in S retained; all 2% coalitions
are evaluated (X < 6, so at most 64 forward
passes per sample). H is then recomputed from
¢! by Eq. 2. The LOO estimator of Eq. 1 is the
S = N\ {i} term of this sum.

Per-cell rank correlation between the two ¢
vectors is Spearman 0.44-0.72 with top-1 dis-
agreement 21-34%, and the efficiency residual is
~10714, Tables 14-15 report the full histograms
and the divergence statistics. Two further obser-
vations. First, co-location survives the estimator
swap: on Qwen CHAIR the share of errors in the
dominant tail is 71.4% (LOO) vs. 78.6% (exact),
and no cell reverses. Second, the LOO estimator
does make a specific, identifiable error—it calls a
segment “irrelevant” (|¢;| < 0.05) when the ex-
act value shows a real coalition-level contribution
(total exact mass M=, ¢**' > 0.5)—on 0-10
samples per cell, which mildly inflates the over-
spread share on the binary-QA cells. This is visi-
ble as the small downward correction in the exact
column of Table 13 (92.8 — 91.8, 84.6 — 80.8,
89.4 — 84.0, 75.4 — 70.0) and does not change
any dominant tail.

G AMBER Details

AMBER (Wang et al., 2023) is an LLM-free hallu-
cination benchmark with a generative track (free-
form captioning; we report a response-level hal-
lucination rate, the share of captions mentioning
at least one of AMBER’s per-image annotated
hallucination-target (absent) objects, CHAIRg-
style, computed with our scorer rather than the of-
ficial AMBER CHAIR) and a discriminative track
(yes/no probes), both built over the same image
pool. This makes it the direct test of whether the
tail location follows the task format rather than the
corpus (§3.5). The diagnostic uses n~300 (K >2
samples) per cell, matching the sub-sampling pro-
tocol of Table 1; the decoding runs use the full
existence and attribute splits (AMBER’s relation
split is not evaluated).

The discriminative track separates into sub-
tasks with very different label distributions, which
matters for interpreting Table 17:

* Existence (4,924 questions): every gold answer
is “no”. A yes-leaning prior is penalised at ev-
ery question and a no-leaning prior is rewarded
at every question, so any method that shifts prob-

ability toward “yes”—which is what PMI does
when it subtracts a blank-image prior that al-
ready favours “no”—loses accuracy monotoni-
cally. SBC loses 9.8pt on LLaVA (92.3 — 82.5)
and 1.9pt on Qwen (95.4 — 93.5); the flips to a
wrong answer are PMI-routed (LLaVA 504 /504,
Qwen 93/96). We report this split separately
rather than pooling it into a discriminative av-
erage, because pooling would hide a systematic
failure inside an average.

o Attribute (7,628 questions): balanced 50/50
yes/no. Here the same configuration improves
F1 on both backbones (78.2 — 79.5 LLaVA;
82.2 — 83.7 Qwen), consistent with the POPE
result.

The contrast between the two sub-tasks is itself in-
formative: it locates the PMI failure precisely in
the label distribution of the probe set, not in the
image content or in the router.

H Further-Backbone Diagnostics

Table 18 collects the dominant tail and its share
across the five backbones on which the diagnostic
was run, spanning three families and two scales
(83.5). InternVL3-8B combines an InternViT-
300M vision encoder (24 layers, 448x448 input)
with a Qwen2.5-7B language model, so it is a
third vision-encoder and model family but shares
its LM family with Qwen2.5-VL. It is run with im-
age tiling disabled, so that the original, occluded
and blank images all map to one 448x448 view
(as LLaVA-1.5 sees one fixed-size view); the pro-
tocol is otherwise identical to the Qwen2-VL-7B
row (n=297 CHAIR / 598 POPE, same seed; the
Table 1 rows use a separate 198q/split sub-sample,
n=>594).

H.1 Decoding on InternVL3-8B

Table 19 compares SBC with greedy decoding on
InternVL3-8B under the configuration of Table 5,
unchanged, and on the same CHAIR, POPE and
MME subsets. On CHAIR, SBC lowers CHAIR;
from 7.58 to 7.13 and CHAIRg from 27.8 to 26.6
with recall unchanged (70.1); 99.4% of captions
are routed to MSB, as on the two 7B backbones
(App. D). On POPE the average F1 changes by
+0.16 (against +1.95/4-3.31 on LLaVA/Qwen):
F1 rises on the random and popular splits and
falls on adversarial (—0.4), where the yes-ratio
rises from 52.7% to 55.8%; PMI handles only
3.3-6.6% of POPE questions per split. On MME,
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Figure 4: Measured H distributions, both backbones. Five-bin histograms of the LOO attribution entropy H,
for two backbones x three datasets. Caption-style CHAIR concentrates inference mass in the over-concentration
tail (low H); binary-QA POPE and MME concentrate it in the over-spread tail (high H); the pattern holds across
both backbones (6/6 cells). The dominant-tail bar is highlighted with its share. MME uses the hallucination subset

(existence/count/position/color), following prior work.

SBC scores below the greedy baseline (683.3 vs.
693.3), as on both 7B backbones (App. C). The
directions thus match LLaVA and Qwen, but in
this single run all three differences are within boot-
strap noise: the paired 95% Cls of SBC—greedy
include 0 (CHAIR; —0.45 [—1.03,+0.11]; POPE
avg F1 +0.16 [-0.18,+0.51]; MME -10.0
[—38.3,+16.7]; B=1000, seed 0). We therefore
read this as consistent with, not as independent ev-
idence for, the 7B results; VCD, OPERA and AIF
were not run on this backbone.

I Segmentation Robustness

Tables 20-21 give the numbers summarised in
§6.5. Together with the occlusion-fill ablation
(App. N) they cover the three degrees of freedom
in the partition: how the image is cut (X), what
cuts it (segmenter), and what replaces a removed
piece (fill). Two of the three leave the diagnostic
untouched; the segmenter does not, and that is the
honest boundary of the finding.

J Cost-Measurement Protocol

All timings in Table 4 are wall-clock, measured
on one machine (LLaVA-1.5-7B, fp16, single RTX

3090) under the same evaluation wrapper used for
the accuracy tables, so segmentation, tokenisation,
and /O are counted identically for every method.
CHAIR timings are seconds per image at max 512
new tokens; POPE timings are seconds per ques-
tion with single-token answers. Model load is ex-
cluded, and on CHAIR one warm-up image is run
before timing; the Mask2Former forward pass is
included in all “ours” rows.

Per response, SBC adds: one greedy looka-
head prefill (< 32 tokens, whose log-probs sup-
ply logp(span | v), the unmasked base term of
Eq. 1); one blank-image prefill, reused as PMI’s
contrastive term when that route fires; and K
occlusion passes (batched into one forward call
on LLaVA, sequential on Qwen) on the MSB
route. MSB itself adds no forward pass be-
yond the boosted prefill. FLOPs scale with these
counts. Since all three fire once per response, the
per-token amortised overhead falls as 1/|output],
which is the entire explanation for the gap between
the CHAIR column (1.7 x) and the POPE column
(7.3%, +1.42 s/question) of Table 4. Both figures
are measured under the eager three-condition con-
figuration, in which segmentation and occlusion
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run on every response.

Deferring them to the MSB route does not
change what the decoder emits: on a 40-question
POPE-random sample the eager and deferred two-
signal routers (both without H > 7yq) pro-
duce identical outputs on 40/40 questions (0/1000
differing predictions on the first 1000 random-
split questions) while the deferred one runs 1.45x
faster (1.54 — 1.07 s/question on the run harness);
the separate effect of dropping H > 79 is in
Table 2. The provisional full-split figures are in
Table 22; the harness-matched measurement is in
Table 4.

K Generation-Quality Proxies

Table 23 answers the question of whether the
CHAIR; reduction is paid for in generation qual-
ity. Taken together with the recall column of Ta-
ble 5 (SBC 79.1 vs. baseline 79.6 on LLaVA; 58.6
vs. 58.1 on Qwen), the proxies cover fluency (rep-
etition), detail (length), diversity (distinct-n), and
semantic consistency (CLIPScore). None of them
moves outside noise on LLaVA, and all of them
are flat or better on Qwen.

L. Hyperparameter Ablations

We ablate the router threshold 7,;q of the origi-
nal three-condition design (Table 24), the MSB
boost factor b (Table 25), and the joint 7 X b
grid (Table 26). All sweeps fix the remaining hy-
perparameters at the sweep defaults (the 7 and
joint 7 x b POPE sweeps were run with an ear-
lier router that had no margin guard; conclusions
about 7, b robustness are unaffected by adding the
guard at 6 = 0.5). PMI parameters (o, ) are
not swept; they are fixed at the VCD defaults
(a=1.0,8=0.1). The T sweep is retained because
its flatness is part of the evidence that the H con-
dition is dispensable (§4.2): the condition moves
POPE F1 by about 0.1pt at b=1.8 (0.33pt at b=1.5,
1000q) across Tiq € [0.3,0.7].

The joint sweep below verifies that 7y,;q and b
do not interact in a way that changes the optimum:

M Image-Margin Threshold o Ablation

We sweep 6 € {0.0,0.1,0.3,0.5} on both back-
bones with all other hyperparameters fixed at the
defaults (§6). Table 27 reports POPE (random
1000q) and MME (hallucination subset). The
value = 0 is special: it disables the margin guard
(PMI fires whenever blank-agreement holds); a

small § > 0 makes the guard almost always re-
ject, so SBC approaches the MSB-only baseline
(0=0.1: LLaVA Rec 77.4).

PMI must be applied—but not too aggres-
sively. The sweep shows a non-monotonic effect
on POPE: § = 0.0 applies PMI unguarded, a
small & > 0 (almost no PMI) collapses toward
an MSB-only baseline with little POPE gain on
LLaVA (F1 85.9), and larger § (0.3-0.5) selec-
tively applies PMI where it is most needed. On
POPE, §=0.5 is the best guarded setting on both
backbones (LLaVA F1 85.9 — 88.8, Qwen Fl1
88.5—90.3 as 6 moves 0.1 —0.5; Recall similarly
increases) because on POPE-random the blank-
agreeing, narrow-margin “no”’s that PMI overturns
are mostly prior-driven misses.

Why MME prefers smaller § (a greedy-
baseline artefact). MME shows the opposite
trend (LLaVA 598.3 — 635.0 at 6 = 0.1; Qwen
685.0 at & = 0.1 vs. 663.3 at & = 0.5). The
mechanism is rooted in the choice of baseline.
VCD and PMI were originally designed for a sam-
pling baseline (VCD’s original LLaVA-1.5 MME
baseline is ~565, §6), where contrasting against
a corrupted input recovers visual evidence lost
to sampling noise. Against our greedy baseline
(631.7 LLaVA / 680.0 Qwen), greedy decoding is
already accurate on perception-style MME ques-
tions (existence/count/position/color), so PMI’s
subtraction over-corrects; smaller ¢ disables PMI
on MME and keeps the output at or slightly above
the greedy baseline (635.0/685.0 vs. 631.7/680.0
at 0=0.1). At the shared operating point, no
greedy-decoded method beats the greedy baseline
on MME in our setup (VCD, AIF, PMI-only and
SBC trail it; §6, Table 8); the re-measurement
under VCD’s original sampling protocol is in Ta-
ble 9.

Operating point: 6 = 0.5. We treat POPE as
the primary hallucination metric and select 6 =
0.5 as the operating point because it gives the best
F1 and Recall on POPE among the guarded set-
tings (0 > 0) on both backbones (above). MME
loss at § = 0.5 is comparable to other con-
trastive baselines and reflects the greedy-baseline
mismatch—PMI over-correcting a strong greedy
baseline—which within SBC is concentrated in
the PMI route (Table 11). We do not optimise
for MME: its hallucination subset is perception-
heavy and our greedy baseline is already strong.
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The choice exposes the trade-off transparently:
with § = 0.5 POPE F1 improves substantially
while MME drops by 17-33 subset-score points vs.
greedy (still above PMI-only on both backbones).
A task-conditional § (small for perception-style
benchmarks, larger for prior-bias benchmarks) is
left to future work.

N Mask-Fill Robustness

A natural concern is that the mean-colour fill used
in our leave-one-out occlusion (Eq. 1, §3) is itself
out-of-distribution and could push ¢ off a mani-
fold the model was trained on, so that the result-
ing H encodes a masking artefact rather than a
counterfactual occlusion signal. To probe this, we
recompute H on 298 unique POPE random-split
images under three different fills of the masked
segment, holding the segmentation and decoding
pipeline fixed: mean-colour (paper default), zero
(pure black), and Gaussian (i.i.d. noise with the
image’s per-channel mean and standard deviation,
clipped to [0, 255)).

Table 28 reports the result. All three fills yield
the same H median (0.998), the same H mean to
within 0.01 (0.940-0.946), and over-spread shares
within a +0.5pt window. The five-bin histograms
differ only at the noise level of a few counts. We
read this as direct evidence that the mass-tail lo-
cation reported in §3 is a property of the model’s
attribution structure under occlusion, not an arte-
fact of one specific fill choice.

O SBC Failure Cases

Figure 5 shows two cases where the routed actua-
tor corrects a baseline error; its routes come from
the instrumented router described in the caption.
Under the reported router the CHAIR correction
holds, but on the POPE case the margin guard ve-
toes PMI and the output remains the greedy base-
line’s incorrect “no”. For honesty we also list two
representative failure cases, drawn from the POPE
adversarial split where SBC’s PMI route is most
likely to flip a baseline-correct “no” into a wrong
“yes” (Table 11: LLaVA-1.5-7B PMI Brk 100% on
the guard-filtered subset n = 281; Qwen2.5-VL
shows a lower ~35% PMI break rate at smaller
volume n = 173 because the margin-guard pre-
empts most candidates). The pattern is consis-
tent: when the question asks about a category that
is associated with objects present in the image,
the blank-image prior agrees with the on-image

answer, the router selects PMI, and the contrast
amplifies the image’s small lift of “yes” over the
blank-image prior even though the queried object
is absent.

Quantitatively, on the LLaVA-1.5-7B adversar-
ial split (numbers below are from the LLaVA
POPE routing log used to populate Table 11), there
are 161 (question, image) pairs where baseline
was correct and SBC flips to wrong; 151/161 =
94% of these flips are PMI-routed, and all 151
go in the same direction: baseline “No” — SBC
“Yes”. Two representative cases:

Failure 1 (COCO val2014 #442809). QO: “Is
there a dining table in the image?” G7: no. Base-
line: “No” (correct). SBC: H = 0.998, K = 6
segments, routed to PMI, output “Yes” (wrong).

Failure 2 (COCO val2014 #478736). Q: “Is
there a fire hydrant in the image?” GT: no. Base-
line: “No” (correct). SBC: H = 0.995, K = 5
segments, routed to PMI, output “Yes” (wrong).

The common mechanism: when the queried cat-
egory is plausible given the scene (a cake — din-
ing table; traffic lights and a stop sign — fire hy-
drant), the image raises the probability of “Yes”
relative to the blank-image prior even though the
on-image argmax is still “No”. PMI’s contrastive
blend (1+a)¢(-|v) — al(-|vg) then amplifies that
difference, flipping “No” to “Yes”. Both cases
satisfy blank-agreement and have on-image top-
token margin below 6 = 0.5, so both routing con-
ditions held (and both sit at H > 0.99, so the
original third condition also held). These residual
cases are the regime where even the guarded router
cannot separate prior-driven from narrowly image-
grounded “no”’; tightening d would reduce them at
the cost of more skipped PMI applications on gen-
uine over-spread responses, a trade-off discussed
in App. M. AMBER’s all-negative existence split
(§6.3) is this failure mode measured on a probe set
built entirely out of such cases.

P Is Attention Entropy a Substitute for
H?

A natural concern is whether the LOO attribu-
tion entropy H provides information beyond sim-
pler signals—in particular, the entropy of the
model’s own visual-token attention weights aggre-
gated over the same segments (attention-H ).

Theoretical distinction. ¢; measures the coun-
terfactual occlusion signal: the change in the
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SBC in action: LOO attribution - regime-routed intervention - corrected output

H = 0.99; route: PMI
0.4 4 Q: Is there a car in the image?
. . GT: yes
POPE: 6 seg. (panoptic) Baseline (greedy):
i no
& 03 SBC [pmi]:
c Yes
£ 021
>
2
=
= 014
o
(e}
- 00 -
—-0.1 4
T T T T T T ( g 5 5
5 % 5 s S % e
H = 0.71; route: MSB Baseline (greedy):
3.0 4 The image features a large silver airplane
parked on a dirt field. The airplane is a
. - h fighter jet, and it appears to be an older
CHAIR: 6 seg., top-2 boosted 23 model. The jet is positioned in the center of
& the scene, with its nose pointing towards the
= 204 viewer. There are two people visible in the
o image, one standing closer to the left side of
5 154 the airplane and the other person standing
K] further to the right. The scene also includes a
= car parked in the background, slightly behind
© 1.0 the airplane.
o SBC [msb]:
9 0.5 - The image features a large silver fighter jet
parked on a dirt field. The jet is prominently
0.0 1 displayed, with its nose pointing towards the
' viewer. The jet is positioned on a runway, and
there is a small red wheel visible near the
-0.5 T T T T T front of the aircraft. In the background, there

Se are two people standing at a distance from the
jet, possibly admiring or inspecting the
aircraft. The scene captures the impressive size
and design of the fighter jet, making it a
striking focal point in the image.

Figure 5: SBC in action. One POPE example (routed to PMI) and one CHAIR example (routed to MSB) on
LLaVA-1.5-7B: panoptic segments yield the per-segment LOO attribution ¢ and its entropy H; the router selects
PMI or MSB; PMI recovers the car the baseline missed (POPE), and MSB removes the baseline’s hallucinated
car (CHAIR; other errors persist). H and ¢ are shown for analysis; the routes here come from an instrumented
router that checks H >7,;q and blank-image agreement without the margin guard (reported router: §4.2); under
the reported router the margin guard vetoes PMI on the POPE example, which stays “no” (App. O).

model’s log p of its own answer when segment i
is removed (¢; = logp(span | v) — logp(span |
v\ 8;), Eq. 1). Attention measures the softmax-
normalised query—key weight on visual tokens.
These two quantities diverge whenever (i) the
model attends to features that do not change the
output (sycophantic attention or residual-stream
bypass), or (ii) the model relies on features it does
not strongly attend to.

Empirical correlation. On N=94 LLaVA-1.5-
7B POPE random-split samples (one per im-
age; default segmentation, mean-fill occlusion),
the Pearson correlation between H and last-layer
attention-H is r —0.016 with means H
0.980 £ 0.094 vs. Hyun = 0.759 & 0.110. The
two signals are nearly uncorrelated on this sample
(r? < 0.001; Spearman p = —0.11, p = 0.28), al-
though H is near its ceiling here (84% of samples
have H > 0.99), which restricts its range. H also
sits much higher (H > Hyy, on 97% of samples;
binary QA is the over-spread regime).

Conclusion: substitutable in the router at this
operating point. Two things are measured here,
and we claim only those. First, Table 29 shows
that an attention-H router behaves like the H
router on average on POPE (F1 88.68 vs. 88.59
for the 3000q SBC reference; the H-free no_h
gives 88.82 on the same 1000q sub-sample), so
as a routing input the two are interchangeable at
this operating point—unsurprising once one notes
that the router uses only a threshold crossing, and
on binary-QA both signals sit above their thresh-
olds almost always. Second, the two signals are
per-sample uncorrelated (r = —0.016) and sit at
different levels (a mean offset of 0.22), so they are
not one quantity measured two ways. We claim
nothing beyond this: we have not recomputed the
five-bin distributions of §3 under attention-H, and
therefore make no claim about whether the regime
structure would be visible in them. What the two
measurements do support is the design of §5, in
which H is an offline analysis instrument and the
router reads neither it nor a substitute for it.
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Q Router-Condition Substitution
Ablations

The full-cell removal of the H > 7 condition is
in §4.2 (Table 2). This appendix holds the two ab-
lations that vary what the condition is rather than
whether it is present: Table 29 substitutes the en-
tropy test on POPE-random, and Table 30 removes
blank-agreement as well and measures the cost on
CHAIR and MME.

Split Route n  Rec. (%) Brk. (%)

POPE, LLaVA-1.5-7B

random MSB 1172 0.0 0.9
PMI 190 100.0 100.0
Base/FB 1638 0.0 0.0

popular MSB 1209 4.3 0.9
PMI 224 100.0 100.0
Base/FB 1567 0.0 0.0

adversarial MSB 1280 4.3 0.9
PMI 281 100.0 100.0
Base/FB 1439 0.0 0.0

MME, LLaVA-1.5-7B

- MSB 172 34 2.1
PMI 14 50.0 80.0
Base/FB 54 0.0 0.0

POPE, Qwen2.5-VL-7B

random MSB 1222 66.3 0.9
PMI 119 72.5 16.0
Base/FB 1659 1.4 0.8

popular MSB 1246 52.2 0.8
PMI 146 63.6 24.6
Base/FB 1608 5.4 0.8

adversarial MSB 1278 46.9 1.5
PMI 173 59.8 35.2
Base/FB 1549 6.6 0.8

MME, Qwen2.5-VL-7B

- MSB 125 0.0 0.9
PMI 43 37.5 17.1
Base/FB 72 0.0 0.0

Table 11: Per-route recover/break analysis at § = 0.5
(POPE 3 splits + MME). Base/FB (as in Table 10) pools
the margin-veto and K < 2-fallback responses. Rec.
= fraction of baseline-wrong cases on this route that
SBC corrects; Brk. = fraction of baseline-correct cases
that SBC flips to wrong. Three patterns: (i) On LLaVA
POPE the PMI route is structurally a baseline-inverter
(Rec/Brk both 100%): every case that survives blank-
agreement and the margin guard is a low-confidence
baseline-“no”, and PMI flips it to “yes”—the image-
margin guard exists precisely to keep this invocation
narrow (n = 190-281 per split). (ii) On Qwen POPE
the over-spread regime is split between MSB (~66% re-
covery, n=1222) and the margin-veto Base/FB bucket
(n~1600); active PMI is reserved for narrow-margin
cases (Rec ~65%, Brk ~25%). (iii) On LLaVA MME
the PMI break rate climbs to 80% (n = 14), reinforc-
ing the pattern: when the PMI contrast is over-applied
to questions already correctly handled by the strong
greedy baseline, it flips them to wrong.
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Split Bin n err % 95% CI
random over-conc. 21 0.0 [0.0,0.0]
conc. 32 3.1 [0.0,9.4]
mixed 35 143 [2.9,25.7]
spread 66 16.7 [7.6,25.8]
over-spread 2828 129 [11.7,14.2]
popular over-conc. 22 4.5 [0.0,13.6]
conc. 36 139 [2.8,25.0]
mixed 38 184 [7.9,31.6]
spread 72 18.1 [9.7,27.8]
over-spread 2814  14.0 [12.7,15.3]
adversarial over-conc. 21 0.0 [0.0,0.0]
conc. 41 244 [12.2,39.0]
mixed 37 189 [8.1,32.4]
spread 76  23.7 [14.5,34.2]

over-spread 2807 16.2 [14.9,17.5]

Table 12: Per-bin baseline error rate P(error | bin) on
POPE (LLaVA-1.5-7B, the 2982 of 3000 questions per
split with K >2) with 95% percentile bootstrap inter-
vals (2000 resamples). Middle bins have wide CIs that
overlap the over-spread estimate; the over-spread bin
is tight. This supports the §3.4 statement that per-bin
rate cannot discriminate bins, and that our claims rest
on mass-tail location instead.

Backbone Data Dom. tail LOO Exact

LLaVA-7B CHAIR over-conc. 50.3 52.8
LLaVA-7B POPE-adv over-spread 92.8 91.8
LLaVA-7B MME over-spread 84.6  80.8
Qwen-7B  CHAIR over-conc. 67.7 68.7
Qwen-7B  POPE-adv over-spread 89.4 84.0
Qwen-7B  MME over-spread 754  70.0

Table 13: Dominant-tail share (% of samples) under
the LOO estimator and under exact Shapley values, on
fixed-seed sub-samples (n=199/194/240/99/94 /240
in row order; POPE is the adversarial split; all sub-
samples differ from those of Table 1, hence the offsets).
The dominant tail is unchanged in 6/6 cells.

Cell Est. 5-bin histogram Dom. %

LLaVA CHAIR  LOO 100/19/18/15/47 50.3
(n=199) Exact 105/15/30/17/32 52.8
LLaVA POPE-adv LOO 4/1/6/3/180 92.8
(n=194) Exact 4/0/4/8/178 91.8
LLaVA MME LOO 5/12/8/12/203 84.6
(n=240) Exact  5/14/6/21/194 80.8
Qwen CHAIR LOO 67/9/7/5/11 67.7
(n=99) Exact 68/10/13/7/1 68.7
Qwen POPE-adv LOO 1/1/3/5/84 89.4
(n=94) Exact 0/3/2/10/79 84.0
Qwen MME LOO 24/10/10/15/181 75.4
(n=240) Exact 20/13/15/24/168 70.0
Table 14: Five-bin H  histograms (over-

conc./conc./mixed/spread/ over-spread) under the
LOO estimator and under exact Shapley values. The
dominant bin is unchanged in every cell; the mass
that moves goes to the middle bins, never across the
distribution.

Cell Spearman Top-1 dis. Resid.
LLaVA CHAIR 0.715 40/189 21%) 1.4e-14

LLaVA POPE-adv 0.520 52/186 (28%) 8.9e-16
LLaVA MME 0.521 65/234 (28%) 2.2e-15
Qwen CHAIR 0.673  27/97 (28%) 2.8e-14
Qwen POPE-adv 0.538  32/94 (34%) 1.8e-15
Qwen MME 0.441 79/234 (34%) 3.6e-15

Table 15: Estimator divergence on samples with K >
3. Spearman: mean per-sample rank correlation be-
tween the LOO and exact ¢ vectors. Top-1 dis.: sam-
ples on which the highest-attribution segment—the one
MSB would boost first—differs. Resid.: maximum effi-
ciency residual | f(N) — f(0) — 3=, ¢5*“, confirming
the exact computation. The ranking diverges materi-
ally; the diagnostic (Table 14) does not.

Backbone AMBER format Dom. tail %

LLaVA-7B generative
LLaVA-7B discriminative
Qwen-7B  generative
Qwen-7B  discriminative

over-conc. 51.5
over-spread 98.3
over-conc. 66.6
over-spread 81.2

Table 16: AMBER diagnostic, n~300 per cell, same
images across the two formats. The task-conditional
split reproduces within a single benchmark and tracks
the CHAIR (53/66%) and POPE (95/88%) shares of
Table 1.
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Track Backbone SBC

Generative (% captions w/ halluc. )
LLaVA-7B 13.0 13.2
Qwen-7B 7.1 7.1

Base

Existence, all-negative, 4,924q (Acc 1)
LLaVA-7B 92.3 82.5
Qwen-7B 954 93.5

Attribute, balanced, 7,628q (F1 1)
LLaVA-7B 78.2 79.5
Qwen-7B  82.2 83.7

Table 17: AMBER decoding, both backbones, same
shared configuration as Tables 5-8.  Generative:
response-level hallucination rate (% of captions men-
tioning >1 of AMBER’s annotated absent objects,
CHAIRg-style; our scorer), on which SBC matches
baseline. The existence split is an all-negative probe set
(all 4,924 answers are “no”) and reproduces the PMI
break mode of App. O: flips to a wrong answer are
PMI-routed (LLaVA 504/504, Qwen 93/96). On the
balanced attribute subset (50/50 yes/no) SBC improves
F1 on both backbones.

CHAIR POPE
Backbone over-conc. % over-spread %
LLaVA-1.5-7B 53.2 94.9
Qwen2.5-VL-7B 66.3 88.4
Qwen2-VL-7B 54.5 86.1
LLaVA-1.5-13B (8-bit) 50.8 94.6
InternVL3-8B 64.6 93.6

Table 18: Dominant tail and share across five back-
bones from three families (LLaVA, Qwen, InternVL).
Qwen2-VL-7B and LLaVA-1.5-13B are diagnostic-
only; the 13B model is 8-bit, which confounds the
attention-based actuator. InternVL3-8B uses an Intern-
ViT encoder and is also decoded against greedy (Ta-
ble 19).

CHAIR POPE F1
Method Cs| Cr| Rect rand pop adv avg

Baseline 27.8 7.58 70.1 92.5 89.9 86.6 89.70 693.3
SBC 26.6 7.13 70.1 93.1 90.3 86.2 89.86 683.3

MME

score

Table 19: InternVL3-8B decoding, greedy baseline
vs. SBC. SBC uses the three-condition router and the
shared configuration of Table 5 (b=1.8, §=0.5, top-
k=2) with no re-tuning; each image is one 448x448
view (dynamic tiling disabled), as in the diagnos-
tic; bfl6, single run. CHAIR: 1000 images; POPE:
3000q per split, average over the three splits; MME:
hallucination-subset score (240q). Paired bootstrap
95% Cls of SBC—baseline include 0 for CHAIR;,
POPE avg F1 and MME (App. H.1). VCD, OPERA
and AIF were not run on this backbone.

max K 4 6 (def.) 8

POPE-random F1 (1000q) 88.70 88.82 88.82
CHAIR; (300 img) 13.93 13.19 13.15

Table 20: Segment-count ablation (LLaVA-1.5-7B,
all other hyperparameters at defaults). POPE F1 is
flat and the H tails are unchanged (dominant share
at K=4/8: CHAIR over-concentration 52.9/53.5%,
POPE over-spread 94.6/94.5%, n=297 CHAIR / 598
POPE; K=6: 53/95%, Table 1)—expected, since H is
normalised by log K. The K=6 CHAIR cell closely
matches the full 1000-image run (13.19 vs. 13.14, Ta-
ble 5); the K=4 offset comes from coarser segment
ranking inside MSB, i.e., from the actuator, not the di-
agnostic.

Quantity (LLaVA-7B) M2F SAM
CHAIR; (MSB, b=1.5) 13.69 13.35
CHAIR; (MSB-sent, b=1.5) 13.45 13.51
POPE over-spread share 95% 98.5%
CHAIR dominant tail over-conc. over-spread

its share 53% 54.0%
PMI fired on CHAIR 0/300 0/300

Table 21: Segmenter swap: Mask2Former (M2F) vs.
class-agnostic SAM (Kirillov et al., 2023). End met-
rics and the router are unaffected; the CHAIR H distri-
bution is not. SAM cuts objects into parts, so a caption
grounded in one object spreads over several segments
and the CHAIR tail moves to over-spread; the low-H
tail is thus defined relative to an object-aligned parti-
tion. CHAIR rows use the matched development set-
ting b=1.5, hence the offset from Table 5. The M2F-
MSB and both SAM CHAIR; cells come from develop-
ment runs whose per-sample outputs were not retained;
only their summary values are available.

Variant CHAIR s/img POPE s/q
SBC (eager, latency harness) 5.05 1.65
SBC (lazy) 5.66 1.11

attention-ranked 4.85 0.80
Baseline greedy 3.01 0.23

Table 22: Provisional run-harness wall clock for the de-
ferred (lazy) and attention-ranked variants, not compa-
rable digit-for-digit with the latency-harness rows of Ta-
ble 4; the harness-matched measurement is in Table 4.
The full POPE runs’ own timings (adversarial split, run
harness) give 1.70/1.14/0.81 s for eager/lazy/attention-
ranked; the relative reductions (33%, 52%) agree
across all three measurements.
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Len D-1 D-2 Rep-4 CLIP
LLaVA-1.5-7B
Baseline 90.4 0.589 0.901 0.0079 0.723
VCD 93.4 0.627 0.924 0.0036 0.720
OPERA 88.5 0.605 0.905 0.0065 0.718
AIF 86.8 0.599 0.908 0.0065 0.716
MSB-only 90.5 0.588 0.899 0.0087 0.724
PMI-only 94.0 0.609 0.913 0.0057 0.722
SBC 90.5 0.588 0.899 0.0088 0.724
QOwen2.5-VL-7B
Baseline 159.4 0.397 0.628 0.304 0.713
VCD 143.3 0.543 0.824 0.115 0.699
OPERA  113.8 0.495 0.754 0.175 0.709
AIF 149.3 0.403 0.634 0.297 0.715
MSB-only 161.4 0.402 0.641 0.286 0.715
PMI-only 150.5 0.491 0.744 0.199 0.700
SBC 160.7 0.404 0.644 0.282 0.715

Table 23: Reference-free quality proxies on the full
1000-caption CHAIR outputs. Len: average caption
length in words. D-1/D-2: distinct-1/2 (diversity).
Rep-4: 4-gram repetition rate (degeneration). CLIP:
sentence-level CLIPScore with CLIP ViT-B/32 (seman-
tic consistency). On LLaVA every proxy is within noise
of baseline; on Qwen every proxy is flat-to-better, in-
cluding less degeneration (0.304 — 0.282). VCD
(which samples, App. A) and PMI-only raise diver-
sity but lower CLIPScore on Qwen. AIF on LLaVA
(—3.6 words, alongside the —6.6pt recall of Table 5)
and OPERA on Qwen (—29%) come with markedly
shorter captions.

Tmida random

0.30 88.2/88.4
0.40 88.2/88.4
0.50 88.2/88.4
0.60 88.2/88.3
0.70 88.1/88.3

popular adv.

85.5/86.1 79.0/81.1
85.5/86.1 79.0/81.1
85.5/86.1 79.0/81.1
85.5/86.0 79.0/81.0
85.4/86.0 78.9/81.0

Table 24: Router threshold ablation (POPE, LLaVA-
1.5-7B, Acc/F1) at default b = 1.8. All cells lie within
+0.5pt of each other within each split. Cells come
from an earlier router without the margin guard (recall
~90%) and therefore differ from the main-table 6=0.5
numbers (Tables 6/7); the conclusion is unchanged
because the ¢ guard is orthogonal to the 7 decision

(App. M).

b  CHAIRs] CHAIR;| Recall!

1.2 48.8 13.92 79.9
1.5 48.2 13.47 79.4
1.8 474 13.14 79.1
2.0 47.9 13.34 79.2

Table 25: Boost factor ablation (SBC, CHAIR, LLaVA-
1.5-7B) at Ty = 0.5 (8 is immaterial: PMI never fires
on CHAIR). b = 1.8 is the operating point.

T b random popular adv.

Acc Fl Acc Fl Acc/F1

0.30 1.5 88.70 88.87 86.60 87.07 79.00/81.12
0.30 1.8 88.23 88.41 85.50 86.09 79.03/81.06
0.40 1.5 88.70 88.87 86.60 87.07 79.00/81.12
040 1.8 88.23 88.41 85.50 86.09 79.03/81.06
0.50 1.8 88.23 88.41 85.50 86.09 79.03/81.06
0.60 1.5 88.50 88.65 86.40 86.85 78.80/80.90
0.60 1.8 88.17 88.33 85.47 86.04 78.97/80.99
0.70 1.5 88.40 88.54 86.30 86.74 78.70/80.79
0.70 1.8 88.13 88.30 85.43 86.01 78.93/80.95

Table 26: Joint 7 x b sweep on POPE (LLaVA-1.5-7B).
At fixed b, all 7 cells lie within £0.3pt of each other;
the router and the MSB boost do not interact: each
one’s optimum is unchanged across the other’s settings.
b=1.5 rows are 1000q runs and b=1.8 rows 3000q runs,
so the offset between the two b levels mixes b with sam-
ple size. The 7=0.50, b=1.8 cell is the default in Ta-
bles 5-6; cells here come from the earlier router with-
out the margin guard and therefore differ from the main-
table 6=0.5 values (Tables 6/7). The relative ordering
across 7, b is unchanged.

Backbone 6 Acc F1 Rec MME

LLaVA-7B 0.0 88.90 89.09 90.6
LLaVA-7B 0.1 87.30 8590 774
LLaVA-7B 0.3 88.70 87.73 80.8
LLaVA-7B 0.5 89.40 88.82 84.2

Qwen2.5-VL 0.0 91.20 90.62 85.0
Qwen2.5-VL 0.1 89.60 88.50 80.0
Qwen2.5-VL 0.3 90.40 89.50 81.8
Qwen2.5-VL 0.5 91.00 90.28 83.6

586.7
635.0
598.3
598.3

653.3
685.0
668.3
663.3

Table 27: Image-margin threshold § sweep. POPE
columns are on the first 1000 questions of the random
split (taken from the 3000q run where only that exists)
and MME on the hallucination subset; numbers thus
differ from main Tables 6/8 which average the three
POPE splits over 3000q each. Setting § = 0 disables
the margin guard. TLLaVA § = 0 is from an earlier
router version with the guard off (no § = 0 run of the
final router exists for LLaVA).

Fill n H mean H med. Hist. OS %

mean 298 0941  0.998 2/8/9/8/271 90.9
zero 298 0946 0998 3/7/4/11/273 91.6
Gauss. 298 0940  0.998 3/4/13/8/270 90.6

Table 28: H statistics under three occlusion fills on the
same 298 POPE random-split images (LLaVA-1.5-7B).
Hist. is the count in over-concentration / concentration
/ mixed / spread / over-spread bins (consistent with Ta-
ble 1). OS % is the share of mass in the dominant
(over-spread) tail. All three fills give near-identical
means, the same median, and over-spread shares within
+0.5pt: the mass-tail diagnostic does not depend on the
fill choice.
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Router variant Acc F1 Rec Prec

SBC (ref) 89.13 88.59 84.40 93.23
Diagnostic-substitution

attn_h 89.30 88.68 83.80 94.16
logit_h 86.80 85.20 76.00 96.94
task_pmi 89.40 88.82 84.20 93.97
task_msb 86.80 85.20 76.00 96.94
Condition-removal

no_h 89.40 88.82 84.20 93.97
pmi_guard 90.00 89.52 85.40 94.05

Table 29: Router-condition substitution ablation on
LLaVA-1.5-7B POPE random. The SBC (ref) row
is the full 3000q run (89.13/88.59/84.40/93.23); the
six variant rows below it are the 1000q ablation sub-
sample, so they are comparable with each other but
not digit-for-digit with the reference row. All variants
hold the actuators (MSB, PMI) and the margin guard
6=0.5 fixed; only the entropy and blank-agreement
conditions vary. attn_h = replace H with last-layer
attention entropy; logit_h = replace with top-100
logit entropy; task_pmi / task_msb = oracle task-label
router (always PMI candidate / always MSB); no_h
= drop the H>7 check, keep blank-agreement + ¢;
pmi_guard = drop both H>T and blank-agreement,
keep only §. Three patterns: (i) logit_h and task_msb
collapse POPE recall by 8pt (both reduce to MSB-
only on POPE); (ii) task_pmi applies the same rule
as no_h on binary QA (identical outputs), and both
match SBC because H>7 already holds for 88-95%
of POPE responses (Table 1); (iii) attn_h tracks H on
average, even though the two signals are per-sample
uncorrelated (App. P, r=—0.016). Within POPE the
pmi_guard row looks best, but see Table 30 for its
cross-task cost.

Backbone Variant Cs] Cr] Rect MME

LLaVA-7B SBC 474 13.14 79.1 598.3
pmi_guard 49.9 14.26 79.9 566.7
Qwen-7B SBC 234 5.83 58.6 663.3

pmi_guard 27.6 8.24 60.7 668.3

Table 30: Cross-task pmi_guard ablation: drop both
H>7 and blank-agreement, keep only §, on CHAIR
(1000 images) and MME (score column). Benign on
POPE (Table 29), it inflates CHAIRg by 2.5pt (LLaVA)
and 4.2pt (Qwen) on captioning—the cost of removing
the blank-agreement check.
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