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Abstract

Object hallucination remains a major chal-
lenge in Multimodal Large Language Models
(MLLMs), even though they have achieved
strong performance across a widely vision-
language tasks. A key reason for object hal-
lucination is limited fine-grained visual ground-
ing provided by fixed-resolution visual encod-
ing. In this paper, we propose Visual Inference
Gating for Object Refinement (VIGOR), a
training-free inference-time framework for bi-
nary object verification. VIGOR adopts a selec-
tive coarse-to-fine pipeline that improves visual
grounding without the overhead of always-on
multi-view inspection. It first uses the global
yes—no margin to estimate whether the avail-
able evidence is sufficient. When the evidence
is insufficient, VIGOR performs local refine-
ment on uncertain cases using a small set of
overlapping crops. Finally, VIGOR combines
global and local evidence with an asymmetric
decision rule. Experiments on three benchmark
datasets across five MLLM backbones show
that VIGOR consistently outperforms strong
training-free baselines, recovering missed fine-
grained evidence while maintaining robust per-
formance on challenging visual reasoning.

1 Introduction

Multimodal Large Language Models (MLLMs)
have demonstrated strong performance in cross-
modal understanding and reasoning by jointly pro-
cessing visual and textual information, achieving
promising results across a wide range of vision-
language tasks, including image captioning (Buc-
ciarelli et al., 2024) and visual question answer-
ing (Kuang et al., 2025; Fang et al., 2025). How-
ever, MLLMs may sometimes generate descrip-
tions of objects that are not actually present in the
input image, a phenomenon known as object hallu-
cination (Huang et al., 2025).
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Conventional MLLM

Figure 1: Comparison between a conventional MLLM
and VIGOR for object prediction under uncertain vi-
sual evidence. Unlike the conventional model, which
relies only on the global image, VIGOR triggers local
multi-view inspection when the full-image prediction is
uncertain, enabling recovery of missing evidence and a
more grounded prediction.

One important factor contributing to object hal-
lucination in MLLMs is insufficient visual evi-
dence (Li et al., 2023b). This reflects an upstream
limitation jointly induced by statistical biases in
the training data and the resolution bottleneck of
the visual module (Leng et al., 2024), i.e., an archi-
tectural constraint that requires the input image to
be downsampled and compressed into a limited set
of visual tokens (Guo et al., 2024a). Consequently,
the model is more likely to rely on learned priors
than on perceptual grounding, leading to plausible
but incorrect responses.



Existing methods that address this visual-
evidence limitation adopt diverse strategies. Pi
et al. (2024) suppress pretraining bias through
bootstrapped preference learning, which trains
the model to prefer visually grounded responses
over automatically generated but pretraining-biased
negatives. However, such continual post-training
methods mainly calibrate model behavior globally,
rather than enabling the model to verify uncertain
visual content in a specific test image. Decoding-
time methods regulate token generation after visual
representations have already been formed (Huang
et al., 2024a; Leng et al., 2024). They can therefore
suppress unsupported continuations, but cannot re-
cover fine-grained visual evidence that was not
reliably encoded in the first place. Cropping- or
zooming-based methods (Shen et al., 2025; Park
etal., 2025), by contrast, revisit local image regions
to recover missing visual evidence. However, such
methods often follow a fixed refinement procedure,
applying additional visual inspection even when
the initial global view may already be sufficient,
resulting in unnecessary computational overhead.

Accordingly, our goal is to mitigate the practi-
cally important subset caused by insufficient visual
evidence under fixed-resolution visual encoding.
In light of this, to balance grounding accuracy and
inference efficiency, we draw on the idea of active
perception (Bajcsy et al., 2018), in which an initial
global assessment is followed by selective local
scrutiny when the initial assessment is uncertain.
Inspired by this coarse-to-fine cognitive process,
we propose VIGOR (Visual Inference Gating for
Object Refinement), a training-free, plug-and-play
framework. VIGOR first obtains an efficient ini-
tial prediction from a global visual pass, and uses
the probability margin between positive and neg-
ative responses as an uncertainty signal. A gating
mechanism then determines whether refinement
is needed by comparing the estimated uncertainty
with a selected threshold. If the estimated uncer-
tainty remains below this threshold, VIGOR retains
the global prediction to preserve efficiency. Oth-
erwise, it performs multi-view refinement over a
set of local crops to obtain finer-grained visual evi-
dence for verifying the initial prediction. Finally,
VIGOR integrates the local evidence with the ini-
tial global prediction and applies a consensus-based
recalibration step to produce the final prediction.
Figure 1 provides an overview of this coarse-to-fine
inference process.

Experimental results show that VIGOR achieves

strong performance in mitigating object hallucia-
tion across POPE-COCO, GQA-Binary, and MME,
compared with seven baseline methods. Further
analysis reveals that visual attention can shift
across different VIGOR crops, indicating that dif-
ferent local views foreground distinct image re-
gions and thereby expose complementary ground-
ing cues.
Our contributions are summarized as follows:

* We propose VIGOR, a training-free, plug-and-
play framework that selectively invokes lo-
cal multi-view refinement based on percep-
tual uncertainty, enabling reliable fine-grained
grounding with limited additional cost.

* Our results demonstrate the effectiveness of
VIGOR across multiple MLLM backbones
and challenging settings, and show that its
adaptive cropping strategy provides comple-
mentary evidence by inducing attention shifts
across views.

2 Related Work

It is widely acknowledged that object hallucination
often arises when weak visual evidence causes the
model to rely on language priors rather than percep-
tual grounding (Li et al., 2023b; Leng et al., 2024;
Yang et al., 2025). Recent studies further suggest
that limitations in visual grounding are a major
source of object hallucination in MLLMs. For ex-
ample, Guo et al. (2024b) argue that the fixed input
resolution and limited number of visual tokens in
MLLMs can weaken the representation of subtle
local details. As a result, the lack of reliable visual
evidence for fine-grained grounding is prone to in-
duce hallucination. Li et al. (2025) discover that
visual information is often progressively diluted
during long-sequence generation, making one-shot
global visual encoding gradually inadequate for
reliable grounding. In addition, prior work also
suggests that fine-grained distinctions not reliably
captured by the vision encoder may lead to unstable
grounding signals in MLLMs (Wang et al., 2025b).

To mitigate object hallucinations, some methods
mitigate hallucination at inference time without
additional training, primarily through decoding-
level interventions such as distribution shaping or
logit correction (e.g., OPERA (Huang et al., 2024a),
VCD (Leng et al., 2024) and DeCo (Wang et al.,
2025a)), rather than by conditionally acquiring lo-
cal visual evidence. Such methods typically follow
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Figure 2: Overview of VIGOR. VIGOR first uses the global yes-no margin to decide whether the full-image
evidence is sufficient. Routed cases are refined through seven overlapping local views, followed by top-K local
aggregation, global-local evidence fusion, and asymmetric decision stabilization.

fixed refinement procedures, which may introduce
unnecessary computation when global evidence
is already sufficient. Existing resolution-scaling
and multi-crop approaches typically rely on fixed,
static slicing (e.g., Monkey (Li et al., 2024) and
LLaVA-UHD (Guo et al., 2024b)), which improves
fine-grained perception but often requires more vi-
sual tokens, increasing inference latency and poten-
tial context dilution by introducing excessive low-
information visual slices. The limitations motivate
a training-free approach that selectively acquires
local visual evidence only when needed. VIGOR
fills this gap through uncertainty-driven gating and
conditional multi-view verification.

3 Method

We propose VIGOR, an inference-time framework
for mitigating object hallucination in MLLM:s for
binary object verification. As shown in Figure 2,
VIGOR uses selective coarse-to-fine inference: it
first checks whether the global evidence is suffi-
cient, applies local refinement only to routed cases
through a small set of overlapping crops, and then
combines global and local evidence with an asym-
metric decision rule.

3.1 Task Setup

Let I € [0,1]7*W>3 denote an RGB image of
height H and width W. Let X denote a textual
query such as “Is there a dining table?” and let My
denote an MLLM parameterized by 6.

We consider binary object-existence verification,
where the response space is restricted to the two

polar answers yes and no. Given an image view
v and query X, we append a binary-answer instruc-
tion and extract the model’s final-step scores for the
tokenizer-specific verbalizer tokens corresponding
to yes and no. We denote these scores by

Zyes(V, X) ER,  zpo(v,X) € R. (1)

We define the binary decision margin as

m(v, X) = 2Zyes(v, X) — 250(v, X) where positive

values favor yes and negative no. The correspond-
ing pairwise positive response probability is

exp(zyes (v, X))
exp(2zyes (v, X)) + exp(zno (v, X)) (2)
= o(m(v, X)),

p(v,X) =

where o(u) = 1/(1 4 e~") denotes the sigmoid
function. For analysis, we further define an ambi-
guity score

U, X) =1—1[2p(v, X) - 1], ©)
which approaches 1 near the binary decision bound-
ary and approaches 0 when the model strongly fa-
vors one response. We use U only as an analytical
quantity; the routing rule implemented in VIGOR
operates directly on the global yes—no margin.

3.2 Mechanistic Motivation:
Resolution-Limited Evidence

VIGOR is motivated by a simple property of mod-
ern MLLMs: the input image is resized to a fixed
encoder resolution before visual encoding. As a re-
sult, objects that occupy only a small spatial region
in the input may receive weak visual representation
after resizing (Guo et al., 2024b; Li et al., 2025;



Wang et al., 2025b).

Let the visual encoder consume an image re-
sized to R x R, where R denotes the encoder-
side input resolution. For a queried object cate-
gory o, let a,(v) € [0,1] denote the area ratio
occupied by object o inside view v before resiz-
ing. Since the encoder resolution and patch size
are fixed for a given MLLM, the number of visual
tokens effectively allocated to the queried object
is approximately proportional to its occupied area
in the resized view, up to discretization, boundary,
and saliency effects. We therefore use the follow-
ing continuous proxy for effective visual support,
s50(v) = a,(v) R?. This quantity is not intended
as an exact token count; it serves as a simplified
surrogate for how much of the encoder’s spatial
budget is effectively devoted to the queried object.

For the global view vy, let a, € [0, 1] denote the
area ratio of the queried object in the original image
whenever the object is present. Then a,(vg) = a,
and s,(vg) = a,R%. When a, is small, the queried
object receives limited support in the resized global
view. We refer to this as the support-limited regime.

Now consider a local crop view v; spanning
BW x BH pixels in the original image, where
B € (0,1) is the crop side-length ratio. Its area
ratio relative to the original image is p = 2. If v;
still contains most of the queried object, then the
object’s area ratio inside the crop is magnified from
a, toward a,/p, capped at 1. Hence,

ao(v;) = min{l, %} , So(vi) = min{L %} R

In the support-limited regime where a, < p,
this simplifies to

oo = %2, so) e SopE = ) )

Thus, local cropping increases effective visual
support by approximately a factor of 1/p as long
as the queried object remains inside the crop. In
our implementation, 5 = 0.7, so p = 0.49 and
the effective support can increase by approximately
2.04x in this regime.

We make a mild monotonicity assumption: for
ambiguous yet recoverable cases, increasing effec-
tive visual support tends to increase the magnitude
of the binary decision margin. Formally, there ex-
ists a non-decreasing function g : R>9 — Rx>g
such that

The role of this assumption is motivational rather
than identifiability-theoretic: VIGOR does not esti-
mate object area or support explicitly at inference
time. Instead, it uses the global yes—no margin as
an operational proxy for evidential sufficiency. Un-
der a fixed prompt and verbalizer protocol, a large
positive global margin indicates stable affirmative
support, while a small or negative margin indicates
insufficient, conflicting, or weakly localized evi-
dence. This makes the margin a cheap routing sig-
nal obtainable from the same global pass, without
requiring explicit localization.

3.3 Stage I: Margin-Based Global Sufficiency
Gating

Let vy denote the resized full-image view used in
the global pass, and let m; = m(vy, X) denote
the corresponding global margin. VIGOR uses a
one-sided sufficiency gate to decide whether local
refinement is needed:

G(vg, X) =1[mg < 6], @)

where § € R is a fixed trigger margin and I[-]
denotes the indicator function. When G (v, X) =
0, the global affirmative evidence is considered
sufficient and VIGOR makes the prediction based
on the global decision alone. When G(vg, X) = 1,
the example is routed to local refinement.

This gate is intentionally asymmetric. In binary
object-existence verification, the dominant hallu-
cination failure mode is unsupported affirmative
prediction rather than unresolved negative uncer-
tainty (Li et al., 2023b; Leng et al., 2024; Yang
et al., 2025). Accordingly, VIGOR grants early
exit to globally decisive affirmative cases, while
routing all remaining cases—including weakly af-
firmative, ambiguous, and negative-leaning ones—
to refinement. The key design principle is therefore
asymmetric sufficiency: positive decisions must
be supported strongly enough to justify stopping,
whereas unresolved cases should remain eligible
for evidence amplification.

3.4 Stage II: Local Support Amplification

3.4.1 Local view construction

When local-view refinement is triggered, VIGOR
constructs a fixed set of overlapping local views

Vlocal = {'Uh e ,U]\J}7 M=T1. (8)
Each local view uses the same side-length ratio
B = 0.7. Specifically, the seven views consist of

four corner crops, one center crop, and two horizon-



tal mid-flanking crops (Figure 2, Step 3). This lay-
out increases the probability that a support-limited
object receives enlarged representation in at least
one crop, while avoiding the computational cost of
denser tilings.

For each local view v; € Vj,cq1, We compute its
local margin and positive-response probability:

m; = m(vi, X), ps =p(vi, X), i1 =1,..., M. 9)

Here, m; measures the local yes—no decision
margin of crop v;, and p; is the corresponding pair-
wise positive-response probability.

3.4.2 Existential local aggregation

Object existence is an existential task: a valid pos-
itive cue may appear in only one or a few infor-
mative crops. Averaging uniformly across all local
views may therefore dilute sparse positive evidence
with background-dominated crops. To reflect this
asymmetry, VIGOR aggregates only the top-K lo-
cal probabilities:

K
1
]Dlocal - ? 2 TOPj({Ph .. aPM})7 (10)
=1

where Top () denotes the j-th largest value and
K < M is the number of retained local views. We
then map the aggregated local evidence back to a
local margin:

Pioca
Miocal = logit(Plocal) - 10g ( focal ) . (11)

1= Piocal
Aggregating first in bounded probability space
reduces sensitivity to extreme outlier crops, while
top-K retention preserves the existential character
of the task.
To match the implementation, we instantiate the
local branch as a symmetric pseudo-score pair

1) _ mlo(:al 1) _ _mlocal 12
Zyes 2 ; no 2 ) ( )
l l ~
so that zée)s — zgg = Myocal- Let
Zége)s = Zyes (’Ug, X)a Zglgo> = Z’ﬂo(vfh X) (13)

denote the global scores. The global and local
branches are then fused at the score level:

() (g o () (9)

_ _ U]
Zyes = WgRyes + WiZyes, Zno — WgZno

+ wizp,,
o . . a4
which is equivalent, in margin space, to

Mpase = Zééi - Zr(ifo) = WgMyg + wlrhlocal- (15)

We use weighted linear score fusion because
both branches are produced by the same MLLM

under the same binary verbalizer protocol, mak-
ing them directly comparable as paired yes/no evi-

dence. This yields a simple monotone combination
rule whose effect remains transparent in margin
space. The overall fusion and stabilization process
is summarized in Steps 45 of Figure 2.

3.5 Stage III: Asymmetric Decision
Stabilization

After fusion, VIGOR applies a lightweight asym-
metric stabilization rule to routed cases. The pur-
pose of this stage is not to replace the fused deci-
sion with a separate classifier, but to regularize hard
cases in which local evidence is sparse, distributed,
or weakly conflicting across crops.

We first compute the local summary statistics

Mmax = Max My (16)
1<i< M

1 M
and the affirmative and negative vote counts
M M

Vi=> Tmi>0, Vo=> Tm<0. (17

i=1 i=1
Starting from
(g5 259) = (z4Lh, 285, (18)

we instantiate four correction conditions:

Co = (Munax > 1) A (Vi 2 1),
Con = (Vi 2 ) V (170> i),
Ci = (Mmax > m) A (Vi > 1),
Cn = (V= > vn) A (Mimax < 1),
and apply exactly one of the following score
corrections, evaluated in the listed priority order:

19)

() + A, 20, ifc.,
() + A, 20)), i Con,
(252, 250 = $ (¥ + A, 29, e, (20)
(50, 20 + A, ifCa,
(z'g(;é?e, Za%)), otherwise.

These four conditions are not intended as a
unique theoretically optimal partition of local evi-
dence configurations. Rather, they operationalize
four qualitatively distinct and task-relevant regimes:
(1) a strong sparse positive cue, (ii) distributed mod-
erate positive support, (iii) weaker but still recov-
erable positive tendency, and (iv) broad negative
agreement in the absence of any strong positive
crop. The first three branches provide progressively
weaker positive recovery, while the negative branch
is deliberately conservative.

Finally, to stabilize routed cases that remain
close to the decision boundary after correction, we
define the fallback condition



Cr = (Glvg, X) = 1) A (Jzjs — 23| < A (Vi 2 Vo),
2D

and apply a low-margin fallback:
(s(ginan)_(ginat)) _ {(zifgg + Ay, 24,

yes » “no (Z§Z>S7 Z,SLCO))’

if Cy,

otherwise.
(22)
The final margin and positive probability are then

(final) Z(final)

Mfinal = Zyes no ;  Pfinal = O'(mfinal)7

and the model predicts yes if mfi,q > 0 and
no otherwise. This asymmetric stabilization re-
flects the structure of binary object verification. A
single highly informative crop, or a small set of mu-
tually supportive crops, may be sufficient to recover
a true positive. By contrast, negative correction
should require broader agreement and the absence
of any strong local positive evidence. In addition,
the complexity analysis of VIGOR is provided in
Appendix B.1.

4 [Experiments

4.1 Experimental Setup

Dataset. We evaluate all methods on two au-
thoritative benchmarks for object hallucination:
POPE (Li et al., 2023b) and MME (Fu et al.,
2024). For POPE, we focus on subsets sourced
from MSCOCO (Lin et al., 2014) and GQA-Binary
(Hudson and Manning, 2019). For MME, follow-
ing the protocol from VCD (Leng et al., 2024),
we select 5 subtasks from it. More details on the
datasets and data splits are provided in Appendix
C.1.

Baselines. Our baselines include four competi-
tive training-free methods for mitigating hallucina-
tion: VCD (Leng et al., 2024), DeCo (Wang
et al., 2025a), OPERA (Huang et al., 2024a),
and MASH-VLM (Bae et al., 2025). In addi-
tion, we implement two post-hoc hallucination mit-
igation strategies that are widely used in industry:
SELF_CHECK and SLIDING. These methods
cover several key perspectives on object hallucina-
tion mitigation, e.g., signal augmentation and atten-
tion calibration. More details are provided in Ap-
pendix C.2. We select 5 mainstream MLLMs as the
backbones for evaluation: LLaVA-1.5-7B/13B, Phi-
3.5-vision-instruct, Qwen2.5-VL-7B, and Qwen-
VL-Chat (reported in Appendix A.3). We plug both
the baseline methods and VIGOR into the back-
bones and perform training-free inference without
any parameter updates. Implementation details of
VIGOR are in Appendix C.3.

4.2 Comprehensive Evaluations

Tables 1, 2 and Figure 3 show the results of
comprehensive evaluations. We summarize main
findings below. We provide additional hyperparam-
eter sensitivity analyses in Appendix A.1 and stress
tests under Gaussian blur and noise perturbations
in Appendix A.5.

Efficient Object Verification, Operationaliza-
tion, and Evidence Retrieval. On POPE-COCO
(Table 1), VIGOR consistently outperforms the
strongest baseline across diverse MLLMs by an
average F1 margin of 1.21%, demonstrating the
effectiveness of its selective coarse-to-fine design.
On the challenging Adversarial split, strong lan-
guage priors markedly hinder SLIDING and DeCo
in recalling ambiguous objects: although their ag-
gressive decoding suppresses false positives, it also
expands the negative prediction space and dilutes
sparse positive cues with background noise. By
contrast, VIGOR grounds verification in localized
multi-view evidence and thus avoids this failure
mode. Likewise, although VCD algorithmically
disentangles language priors, its weaker perfor-
mance on harder settings suggests that interven-
tion at textual decoding comes too late. VIGOR
instead intervenes earlier, at the visual encoder,
where overlapping crops recover high-frequency
details to resolve spatial ambiguity before text gen-
eration begins.

Balancing Fine-grained Perception and
Global Understanding. Overall, on MME (Table
2), VIGOR ranks first across all five evaluation
metrics, outperforming the second-best method by
an average margin of 1.47%. The results on indi-
vidual subsets further show that, although VIGOR
relies on intensive local crop extraction during
refinement, it remains sufficiently robust to severe
semantic drift on the Scene subset. Furthermore,
consistent gains on Position and Posters confirm
that dynamically bypassing globally obvious cases
allows VIGOR to seamlessly balance fine-grained
perception with holistic global understanding.

Preserving Core Visual Reasoning. Halluci-
nation mitigation should not compromise intrin-
sic reasoning ability. On GQA-Binary (Table 2),
which requires complex deduction and precise spa-
tial awareness, baselines such as VCD that perform
strongly on POPE-COCO suffer a marginal accu-
racy drop of 0.54%. The average 20.88% decline
of OPERA and DeCo further suggests a limitation
of symmetric logit penalties: they may disrupt the



Table 1: Comprehensive evaluation results on POPE-COCO. Metric: Accuracy and F1 (precision and recall are
omitted for compact presentation). “Greedy” decoding is the “relative zero” with no algorithmic intervention. We
conduct at least 5 runs and report the averaged results (score). The results that are significantly better under the

approximate randomization test at p < .05 are underlined.

Base MLLM Method Random Popular Adversarial
Accuracy (%) F1 Score (%) Accuracy (%) F1 Score (%) Accuracy (%) F1 Score (%)
Greedy 85.87 83.87 84.90 82.95 82.93 81.09
VCD 88.70 88.73 84.27 84.96 78.97 80.83
DECO 85.40 86.59 81.77 83.79 75.47 79.36
LLaVA-1.5-7B (Liu et al., OPERA 87.37 85.98 85.77 84.48 83.47 82.41
2024a) MASH_VLM 85.23 83.41 84.23 82.49 81.70 80.22
SELF_CHECK 86.80 85.20 85.10 83.61 83.03 81.71
SLIDING 80.17 75.38 79.80 75.04 78.97 74.19
VIGOR 89.40 88.49 87.57 86.76 85.10 84.51
Greedy 87.67 86.29 86.33 85.03 84.33 83.19
VCD 90.37 90.30 85.80 86.36 82.27 83.51
DECO 83.60 85.31 78.10 81.31 74.43 78.83
LLaVA-1.5-13B (Liu OPERA 89.73 89.15 87.07 86.70 83.87 83.94
et al., 2024a) MASH_VLM 87.17 85.96 85.83 84.73 83.50 82.66
SELF_CHECK 87.43 85.95 86.47 85.03 84.67 83.35
SLIDING 84.20 81.47 83.70 80.99 82.73 80.08
VIGOR 90.67 90.09 88.77 88.31 85.77 85.65
Greedy 88.33 86.94 87.40 86.04 86.63 85.33
VCD 89.10 87.96 88.30 87.21 87.43 86.41
DECO 86.60 87.94 79.30 82.52 7253 78.05
Qwen2.5-VL-7B (Bai OPERA 89.53 89.03 86.30 86.11 84.23 84.37
etal., 2025) MASH_VLM 89.13 88.09 87.83 86.86 86.47 85.59
SELF_CHECK 88.63 87.29 87.67 86.36 86.90 85.62
SLIDING 82.90 79.41 82.30 78.84 82.07 78.62
VIGOR 90.50 89.67 89.13 88.36 87.67 86.98
Greedy 86.13 84.18 85.07 83.17 83.43 81.67
VCD 88.93 88.52 86.20 86.06 83.60 83.84
DECO 83.67 85.05 81.63 83.50 77.67 80.61
Phi-3.5-vision (Abdin OPERA 85.77 83.70 84.77 82.75 83.17 81.26
etal., 2024) MASH_VLM 85.67 83.88 84.90 83.17 83.43 81.83
SELF_CHECK 85.07 82.68 84.23 81.88 82.70 80.47
SLIDING 83.27 80.08 82.83 79.67 81.83 78.70
VIGOR 89.13 88.26 87.93 87.13 85.57 84.99
MME GQA-Binary backpack in the image?” As shown in Figure 3, the
Method Position Posters Count Scene Existence, Accuracy FI ground_truth answer is yes, yet the ()rigina] MLLM
Greedy 86.67 92.52 85.00 86.00 100.00 : 85.56 86.31 over-relies on the global view and incorrectly pre-
DECO 61.67 6599 5333 78.00 8333 | 69.32 78.38 .
VCD 8500 9252 86.67 86.50 10000 | 8502 8582 dicts no. After crop-based refinement, VIGOR
MASH_VLM  81.67 91.16 81.67 85.00 100.00 ' 8509 85098 - :
OPERA 66.67 50.00 51.67 50.00 91.67 : 60.05 73.08 corrects the prediction to yes. Compared with the
SELF_CHECK 85.00 91.84 86.67 84.75 100.00 | 84.90 85.71 globa] attention, VIGOR’s local crops attend more
SLIDING 81.67 90.14 81.67 8625 9333 ' 8283 8292 . .
L strongly and more precisely to the backpack region,
VIGOR (Ours) 90.00 92.86 86.67 88.50 100.00 | 8579 87.30

Table 2: Comprehensive evaluation results on MME and
GQA-Binary Visual Reasoning. Metric: Accuracy (%) /
F1-score (%); Base Model: Qwen2.5-VL. The results
that are significantly better under the approximate ran-
domization test at p < .05 are underlined.

model’s latent multi-step reasoning. In contrast,
VIGOR uses asymmetric decision stabilization, re-
quiring broader evidence agreement before validat-
ing negative conclusions. This allows it to filter
local noise while preserving the semantic coher-
ence needed for complex visual reasoning.

Case Study. To further examine how VIGOR
improves perceptual grounding, we present a case
study on LLaVA-13B with the query, “Is there a

suggesting that refinement recovers visual evidence
missed in the global pass. The differing attention
patterns across crops further indicate that distinct
local views provide complementary cues.

4.3 Ablation Study

Figure 4 ablates the architectural components of
VIGOR. The findings are: (1) Multi-view refine-
ment drives the largest F1 gains (+2.69 over Global-
Only). Extending from 4 to 7 crops further boosts
Recall, proving that overcoming limited spatial res-
olution is the primary factor in mitigating halluci-
nations. (2) The gate is a pure efficiency switch
that safely bypasses globally obvious queries to
cut latency without sacrificing accuracy. This find-
ing is consistent with our design. (3) Top-K plays
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Figure 3: Case study: attention visualization on a hard instance. Base Model: LLaVA-1.5-13B; Question: Is there
a backpack in the image; Ground truth: Yes; Response w/o VIGOR: No; Response w/ VIGOR: Yes. The purple
dashed box highlights the comparison between the original global attention and VIGOR’s crop-based attention over
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Figure 4: Ablation results on the Adversarial and Popu-
lar splits of POPE-COCO, and on MME, using LLaVA-
1.5-13B as backbone model. Bars show recall, black
line shows F1-score, and dashed line indicates Greedy
F1 baseline.

an incremental and positive role, as it can prevent
background dilution for infrequent extreme long-
tail ambiguities.

4.4 Mechanistic Investigation

To better understand object hallucination, we
project the residual stream at each layer into the
vocabulary space (Dar et al., 2023) to compute the
difference between the summed-up logits of tokens
from correct and hallucinated answer token subsets.
In Figure 5, averaged across five datasets, VIGOR
accumulates grounded visual evidence more effec-
tively than the baselines throughout forward propa-
gation. Notably, VIGOR starts to depress hallucina-
tion signals at earlier layers, part of the effect even
emerges before reaching the layers for reasoning.
We conjecture that the injected local views provide
complementary fine-grained evidence that reshapes

§ 50, |~ VIGOR (Ours)

95 -e-. VCD

£ 2 ~4- OPERA

8 £ 15| == DECO

= O

5 3

52

J £ 10

% 1 / \\ 1
8% ; \kyﬁt- ,
>¢ 5 Crsnn
> 06 s LR
£s

° 0 tttgfffffxag;;a-:::__‘r‘g,x

g Beps

1 6 11 16 21 26 31
Layer

Figure 5: Layer-wise mechanistic localization analysis;
Object: Residual stream; Base model: LLaVA-1.5-7B;
Metric: Logit difference (correct-hallucinated); Dataset:
POPE-COCO.

the intermediate representations early on, thereby
improving the calibration of visually grounded con-
cepts in the residual stream. More interpretability
analyses are provided in Appendix B.2.

5 Conclusion

We propose VIGOR, a training-free inference
framework that mitigates MLLMs object hallucina-
tion caused by limited visual resolution. VIGOR se-
lectively invokes local crops through a sufficiency-
based gating mechanism and aggregates evidence
across views to recover fine-grained visual details
that may be missed in the global view. Experiments
show VIGOR effectively alleviates object halluci-
nations in MLLMs while maintaining strong per-
formance on challenging visual reasoning tasks.



Limitations

We acknowledge that VIGOR has several limita-
tions. First, VIGOR relies on a fixed crop prior
for local visual refinement: it uses a predefined
seven-view crop layout rather than dynamically se-
lecting regions conditioned on each image-query
pair. Although this design provides a simple and
consistent basis for static query-context verifica-
tion, it does not fully capture contextual drift in
open-ended text generation. As a result, extending
VIGOR to unconstrained auto-regressive decoding
may introduce some redundant local inspections
and slightly increase verification cost. Neverthe-
less, our benchmark results show that these limi-
tations do not produce significant negative effects
in the targeted settings, and they do not diminish
VIGOR’s advantages over baseline training-free
hallucination mitigation methods.

Second, VIGOR currently operates in a binary
verification framework. While this formulation is
well aligned with hallucination mitigation under
query-based evaluation, it does not fully capture
the richer uncertainty structure of free-form gener-
ation.

Future work is discussed in Appendix E.
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A Additional Experiments

A.1 Sensitivity Analysis of Hyperparameters

A.1.1 Sensitivity to the Gating Threshold

We examine the effect of the gating threshold
on local-refinement frequency, computational ef-
ficiency, and model performance. As shown in



Gate Mode Accuracy (%) F1 Score (%) Trigger Rate (%) Relative FLOPs (x Global) Wall Time (s) Throughput (samples/s) Peak Memory (GB)
Global only 86.70 85.41 0.00 1.00 460.15 6.52 15.71
Always local 87.63 86.99 100.00 8.00 2410.14 1.24 15.71
6=2.5 87.63 86.99 68.53 5.80 1791.31 1.67 15.71
6=3.0 87.63 86.99 70.00 5.90 1801.61 1.67 15.71
4 = 3.6 (Ours) 87.63 86.99 72.33 6.06 1847.04 1.62 15.71
6=14.0 87.63 86.99 73.53 6.15 1869.29 1.60 15.71
6=25.0 87.63 86.99 77.00 6.39 1937.39 1.55 15.71

Table 3: Sensitivity analysis of the gating threshold § on Qwen2.5-VL-Chat across the POPE-Adversarial split. The
threshold mainly controls the trigger rate and computational cost, while accuracy and F1 score remain stable across

the tested threshold values.

Table 3, a lower gating threshold results in fewer
local-refinement triggers and therefore improves
image-processing efficiency. Conversely, a higher
gating threshold increases the frequency of local
refinement, leading to higher computational cost
and lower processing efficiency.

Figure 6 shows that the model maintains rel-
atively stable performance across the tested gat-
ing thresholds, suggesting that the gating threshold
primarily regulates the balance between computa-
tional efficiency and local-refinement frequency,
rather than substantially affecting prediction qual-
ity. To balance performance and efficiency while
avoiding an overly dataset-specific threshold, we

mines how much local evidence contributes to the
final decision. If K is too small, such as K = 1,
the method may be dominated by a single spurious
crop. If K is too large, additional weak or irrelevant
local evidence may dilute useful positive evidence.
Consequently, selecting K = 2 allows VIGOR to
preserve sparse positive evidence while avoiding
both excessive dilution and full dependence on a
single spurious crop. We further conduct a sensi-
tivity analysis on K. As shown in Table 4, K = 2
yields the highest accuracy and F1 score among the
tested strategies, while maintaining a competitive
precision-recall balance.

ChOOSC the ClbOW point Of the curve as the ﬁnal Strategy Accuracy (%) Precision (%) Recall (%) F1 Score (%)
setting. Therefore, we set the gating threshold to Mean 87.27 92.93 80.67 86.37
. Max 87.57 91.83 82.37 86.83
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Figure 6: Effect of threshold § on performance and
refinement rate for LLaVA-1.5-13B. Increasing § raises
the proportion of samples sent to local refinement, while
accuracy and F1 remain largely stable.

A.1.2 Sensitivity Analysis of Top-K
Aggregation

The hyperparameter K denotes the number of se-
lected local crops used in the final aggregation
stage. Specifically, after VIGOR evaluates mul-
tiple local crops, it selects the top-K crops with
the strongest local evidence and aggregates them
with the global prediction. Therefore, K deter-

competitive precision-recall trade-off.

A.1.3 Experiments of Crop Configurations

We first conduct a sensitivity analysis on crop ratio
B. For crop ratio, given the spatial coverage and
shape of our crop design, 5 should fall within an
optimal range. If 8 < 0.5, small objects located
near the vertical centerline of the image may be
truncated or overlooked by the local views. In con-
trast, if 3 = 1, each crop becomes equivalent to the
full image, causing the method to degenerate into
repeatedly querying the global image. Therefore,
3 should be selected from the interval (0.5, 1) and
should not be too close to either boundary. Accord-
ingly, we evaluate crop sizes within this interval.



The results in Table 5 show that § = 0.7 achieves
the best performance among the tested settings.

Crop Ratio (8)  Accuracy (%) Precision (%) Recall (%) F1 Score (%)
0.60 87.60 91.78 82.60 86.95
0.70 (Ours) 87.63 91.78 82.67 86.99
0.80 87.50 92.52 81.60 86.72
0.90 87.43 92.51 81.47 86.64

Table 5: Sensitivity analysis of the crop ratio in VIGOR
on Qwen2.5-VL-Chat across the POPE-Adversarial
split. Accuracy, precision, recall, and F1 score remain
stable across the tested crop ratios, with the default ratio
of 0.70 achieving the best overall performance.

We then conduct a sensitivity analysis on the
number of crops used in VIGOR. Table 6 reports
corresponding results on LLaVA-1.5-13B. As the
number of local views increases from 1 to 7, both
accuracy and F1 score improve steadily, suggesting
that incorporating more local crops helps the model
recover finer-grained visual evidence that may be
missed in the global view. At the same time, rela-
tive latency increases progressively, reflecting the
additional computational cost of processing more
crops. When the number of local views is fur-
ther increased to 9, performance exhibits a notable
decline despite the higher latency, indicating that
excessive local views may introduce redundancy or
noise rather than useful complementary informa-
tion. These results show that a moderate number of
local views is most effective for LLaVA-1.5-13B,
with N = 7 providing the best trade-off between
performance and efficiency.

Finally, to examine the sensitivity of VIGOR to
crop position, we examine whether different spa-
tial arrangements of local views affect the overall
performance. We evaluate different crop-position
configurations, including a grid-based strategy. The
results in Table 7 show that our proposed crop lay-
out achieves the highest accuracy among the tested
configurations.

A.1.4 Sensitivity Analysis of Fusion Weights

The fusion weights control how global and local ev-
idence is integrated into the final decision. Specifi-
cally, wy denotes the weight assigned to the global
prediction, while w; denotes the weight assigned to
the aggregated local evidence. These weights help
maintain decision stability by encouraging VIGOR
to use both global context and local visual details,
rather than relying entirely on a single source of ev-
idence. To evaluate the impact of different weight

balances, we conduct a sensitivity analysis across
various configurations. As shown in Table 8, the de-
fault setting achieves the best performance among
the tested configurations.

A.1.5 Sensitivity Analysis of the Asymmetric
Stabilization Parameters

The asymmetric stabilization module contains sev-
eral scalar parameters that determine how strongly
local evidence can modify the global prediction.
These parameters regulate either the minimum lo-
cal margin required for a crop to be considered
reliable or the minimum number of local crops re-
quired to support a correction. Evaluating each
scalar parameter independently would introduce a
large search space and make the resulting analysis
difficult to interpret. Therefore, we group these
parameters into three interpretable preset configu-
rations: Conservative, Default, and Aggressive.

As expected, the Default configuration is
adopted as the main setting in VIGOR. The Con-
servative configuration applies stricter correction
criteria by requiring stronger local agreement be-
fore allowing positive recovery. In contrast, the
Aggressive configuration increases the strength of
positive recovery and lowers the evidence-margin
thresholds, while still requiring support from mul-
tiple local views. This design allows us to examine
whether VIGOR is sensitive to weaker or stronger
stabilization behavior. Table 9 summarizes the
three asymmetric stabilization configurations.

Table 10 reports their performance on the POPE-
Adversarial split using Qwen2.5-VL-Chat. The
Conservative configuration achieves high precision
but lower recall, indicating that overly cautious
correction may suppress useful positive evidence.
The Aggressive configuration also maintains high
precision but does not improve recall or F1 score,
suggesting that stronger correction does not neces-
sarily improve overall performance. In comparison,
the Default configuration yields the highest accu-
racy and F1 score, providing the most favorable
empirical balance between reliable correction and
positive-evidence recovery.

A.2 Ablation Study of VIGOR on
LLaVA-1.5-7B

Figure 7 presents an ablation study of VIGOR
on LLaVA-1.5-7B over POPE-Adversarial, POPE-
Popular, and MME. Overall, VIGOR achieves the
best or near-best performance in all three settings.
Removing the gating mechanism produces almost



Number of Crops Crop Positions Accuracy (%) F1 Score (%) Rel. Latency
1 Global image only 84.27 83.11 1.00x
3 Middle-left; Center; Middle-right 82.43 80.94 3.70x
5 Top-left; Top-right; Center; Bottom-left; Bottom-right; 85.53 84.78 5.60x
7 (Ours) Top-left; Top-right;Middle-left; Center; Middle-right; Bottom-left; Bottom-right; 85.90 85.45 7.40 x

Table 6: Sensitivity analysis of the number of crops in VIGOR on LLaVA-1.5-13B. The single-crop setting uses
only the global image without local views. Increasing the number of crops improves performance from three to
seven crops, and the seven-crop configuration achieves the best accuracy and F1 score among the tested settings.

Method Crop Positions Accuracy (%) F1 Score (%)
VIGOR (Ours) Top-left; Top-right; Bottom-left; Bottom-right; Center; Middle-left; Middle-right 87.90 87.26
Vertical Top-left; Top-center; Top-right; Center; Bottom-left; Bottom-center; Bottom-right; 87.80 87.17
Main Diagonal Top-left; Top-center; Middle-left; Center; Middle-right; Bottom-right; Bottom-center; 87.60 86.93
Anti Diagonal Top-center; Top-right; Middle-left; Center; Middle-right; Bottom-left; Bottom-center; 87.57 86.83
Full Grid Top-left; Top-center; Top-right; Middle-left; Center; Middle-right; Bottom-left; Bottom-center; Bottom-right 87.87 87.33

Table 7: Sensitivity analysis of crop positions in VIGOR on Qwen2.5-VL-Chat across the POPE-Adversarial split.
VIGOR uses the seven-position layout with four corners, the center, and the left/right middle regions, achieving the

highest Accuracy and a competitive F1 score.

Setting (wgy, w;) Accuracy (%) Precision (%) Recall (%) FI1 Score (%)
(0.20, 0.80) 87.63 91.35 83.13 87.05
(0.35, 0.65) 87.56 91.58 82.73 86.93
(0.52, 0.48) (Ours) 87.70 91.92 82.66 87.05
(0.65, 0.35) 87.53 91.89 82.33 86.85
(0.80, 0.20) 87.50 92.26 81.87 86.75

Table 8: Sensitivity analysis of fusion weights on
Qwen2.5-VL-Chat across the POPE-Adversarial split.
The selected setting, w, = 0.52 and w; = 0.48,
achieves the highest accuracy and F1 score among the
tested configurations while maintaining a competitive
F1 score.

no change in recall or F1, suggesting that the gat-
ing mechanism improves efficiency with minimal
performance loss. By contrast, removing Top-K fu-
sion or boosting consistently reduces performance,
particularly on MME, highlighting the importance
of selectively aggregating informative local views.
The 4-crop variant shows the largest decline across
datasets, especially on MME, indicating that in-
sufficient local coverage substantially weakens the
recovery of missed positive evidence. These re-
sults suggest that VIGOR’s effectiveness primarily
arises from sufficiently dense multi-view inspec-
tion together with selective evidence aggregation.

A.3 Qwen-VL-Chat Results on POPE

We also evaluate VIGOR on POPE using Qwen-
VL-Chat. Table 11 shows that VIGOR remains con-
sistently effective on this backbone, achieving the
best performance on the more challenging splits,
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Figure 7: Ablation results of VIGOR on LLaVA-1.5-7B
across POPE-Adversarial, POPE-Popular, and MME.
Bars denote recall, the solid line denotes F1-score, and
the dashed line indicates the Greedy baseline F1.

including Popular in accuracy (88.07) and Adver-
sarial in both accuracy (85.60) and F1 (84.95). Al-
though VIGOR does not outperform all baselines
on the Random split, it remains competitive over-
all. These findings further suggest that VIGOR
is particularly beneficial in harder settings, where
stronger perceptual grounding is needed to counter
misleading or insufficient visual evidence.

A.4 Variance and Stability Analysis

In this part, we examine whether all methods
can maintain stable hallucination suppression un-
der challenging conditions, where visual evidence
is ambiguous or more fine-grained or edged ob-
jects are present. Specifically, on POPE-COCO-
Adpversarial, we vary the hyperparameters “temper-
ature,” “top-p,” and “top-k,” and also change the
random seeds, resulting in more than 50 repeated
trials for each group. We report the averages across
settings and seeds in Figure 8. The results show



Preset Strong Positive (1, v, A)

Medium Positive (7, v, A)

Light Positive (1, v, A)  Negative (1, v, A) Fallback (e, Ay)

Conservative (1.00, 4, 1.60) (0.30, 5, 1.00) (0.40, 3, 0.60) (—0.80,5,1.20)  (0.20,0.15)
Default (Ours) (0.80, 3,2.00) (0.20, 4, 1.40) (0.25, 2,0.90) (=1.00,5,1.00)  (0.30,0.25)
Aggressive (1.10, 5, 1.20) (0.35,6,0.80) (0.45, 4,0.40) (—0.70,4,1.40)  (0.15,0.05)

Table 9: Configurations of asymmetric stabilization parameters. The Default setting is used as the main configuration
of VIGOR, while the Conservative and Aggressive settings provide policy-level variants for evaluating the sensitivity

of the stabilization rules.

Preset Accuracy (%) Precision (%) Recall (%) F1 Score (%)
Conservative 87.63 92.93 81.47 86.82
Default (Ours) 87.70 91.92 82.67 87.05
Aggressive 87.53 93.04 81.13 86.68

Table 10: Experimental results of asymmetric stabiliza-
tion parameters on Qwen2.5-VL-Chat across the POPE-
Adversarial split. The Default setting achieves the high-
est accuracy, recall, and F1 score among the tested con-
figurations, while the Conservative and Aggressive set-
tings yield slightly higher precision but lower recall and
F1 score.
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Figure 8: Performance variance analysis on POPE-
COCO-Adversarial split.

that, compared with strong baselines such as VCD,
VIGOR still exhibits stronger stability, with an ad-
vantage of about 15%, despite its local multi-view
design being inherently more sensitive to random-
ness. Moreover, we find that VIGOR’s stability
advantage generally becomes larger as the back-
bone model is more prone to object hallucination
and as its parameter scale becomes smaller.

A.5 Stress Testing

To comprehensively assess VIGOR’s robustness
to corrupted visual inputs, we conduct stress test-
ing on the challenging POPE-COCO Adversarial
split using LLaVA-1.5-13B. We add visual pertur-
bations, including Gaussian Blur (¢ = 2.0) and

Gaussian Noise (o = 25), into the images, to cre-
ate a “language prior trap” for the methods.

As shown in Table 12, although image corrup-
tions inevitably reduce the absolute performance of
all methods, VIGOR consistently achieves a higher
advantage regarding Accuracy and F1 scores under
both perturbation types. In contrast, decoding-stage
interventions such as DeCo and VCD suffer sub-
stantial drops in Precision, to around 66% and 77 %,
respectively. For DeCo, this degradation leads to
deceptively high Recall at the cost of unacceptably
high false positive rates. These results reveal a
key weakness: when global visual cues are cor-
rupted, vanilla models and decoding-only baselines
tend to hallucinate by over-relying on language pri-
ors. For this reason, we argue that, VIGOR avoids
this failure through local multi-view refinement.
Even when global semantic features are severely
degraded by noise or blur, VIGOR can zoom into
overlapping local crops and verify object existence
from the remaining high-frequency details. This
explicit spatial anchoring stabilizes the verifica-
tion process and makes the model more resistant
to adversarial prompts that induce prior-driven pre-
dictions.

A.6 Additional Metrics

Table 13 further examines model behavior from the
perspective of precision and recall. Across all back-
bones, VIGOR exhibits a consistently balanced
profile over the three POPE splits. Relative to the
original decoding results, it maintains strong preci-
sion while achieving clear improvements in recall,
indicating that its gains are not merely the result of
making the model more conservative. These results
suggest that VIGOR enhances visual grounding in
a manner that simultaneously supports reliable sup-
pression of hallucinated objects and more accurate
identification of objects that are actually present.



Table 11: Performance of Qwen-VL-Chat with different training-free hallucination mitigation methods on the POPE
benchmark. Results are reported under the Random, Popular, and Adversarial settings using Accuracy (%) and

F1-score (%).

Base MLLM Method Random Popular Adversarial
Accuracy (%) F1 Score (%) Accuracy (%) F1 Score (%) Accuracy (%) F1 Score (%)
NONE 86.47 84.55 85.23 83.38 83.67 81.95
VCD 90.80 90.54 85.87 86.18 82.00 83.04
DECO 90.00 90.10 87.43 87.87 80.67 82.47
Qwen-VL-Chat (Bai OPERA 87.97 86.65 86.30 85.08 83.67 82.70
etal., 2023) MASH_VLM 86.20 84.46 84.90 83.24 83.00 81.55
SELF_CHECK 85.97 83.88 84.87 82.83 83.47 81.58
SLIDING 82.33 78.68 81.87 78.24 81.30 71.73
VIGOR 89.47 88.48 88.07 87.15 85.60 84.95
(a) Input (b) Baseline Heatmap

Answer: Yes

Case 1

Confidence: 0.78

Answer: No

Case 2

Query: Is there a person?

Confidence: 0.35

(d) Vigor-selected Crop

Answer: Yes 3 +
o

PE4

Confidence: 0.75

Answer: No Answer: Yes

Confidence: 0.69

Confidence: 0.25

Figure 9: Qualitative comparison between the original model and VIGOR on the TinyPerson benchmark using
Qwen2.5-VL-Chat. Each row shows one example. From left to right, the columns present the original image with
the query, the baseline attention heatmap, the baseline grid-based crop layout, and the VIGOR crop layout. In
the top example, VIGOR better preserves the tiny target within the selected local region and increases the model
confidence. In the bottom example, the baseline model fails to detect the person, whereas VIGOR provides a more
suitable local view and corrects the false negative prediction.

Table 12: Stress testing under visual perturbations
(Gaussian Blur and Noise) on the POPE-COCO Ad-
versarial split. All experiments are conducted using
LLaVA-1.5-13B as the backbone.

Method Accuracy (%) Precision (%) Recall (%) F1 Score (%)
Setting 1: Gaussian Blur
Greedy 83.00 90.11 74.13 81.35
SELF_CHECK 82.47 90.86 72.20 80.46
DECO 73.63 66.68 94.47 78.18
VCD 81.27 77.65 87.80 82.42
VIGOR (Ours) 85.10 87.05 82.47 84.70
Setting II: Gaussian Noise
Greedy 83.27 89.73 75.13 81.79
SELF_CHECK 83.40 90.73 74.40 81.76
DECO 73.40 66.39 94.80 78.09
VCD 81.63 77.90 88.33 82.79
VIGOR (Ours) 84.70 86.02 82.87 84.41

A.7 Qualitative Analysis

To further intuitively illustrate the effectiveness of
the VIGOR layout under extreme conditions, Fig-
ure 9 presents a qualitative visualization on the
TinyPerson benchmark using Qwen2.5-VL-Chat.
The figure contains two representative examples,

where each row corresponds to one query asking
whether a person is present. These examples high-
light the key challenges of TinyPerson, including
vast maritime backgrounds, extremely small human
targets, and targets that often appear near image
boundaries.

In the first example, shown in the top row of
Figure 9, the target person is located on the far
right side of the shoreline. The global view pre-
dicts “YES” with a moderate confidence score of
0.78. However, the baseline grid-based crop layout
places the tiny target close to a rigid crop boundary,
which limits the visual evidence available within a
single local region and slightly reduces the confi-
dence to 0.75. In contrast, VIGOR selects a local
region that better encloses the tiny person and its
surrounding context, increasing the confidence to
0.98.

The second example, shown in the bottom row
of Figure 9, presents a more challenging case in
which the person is located in the open sea and oc-



Table 13: Precision and recall results on POPE across three evaluation splits. Higher precision indicates fewer false
positives, while higher recall reflects stronger ability to recover ground-truth positive instances.

Base MLLM Method Random Popular Adversarial
Precision (%) Recall (%) Precision (%) Recall (%) Precision (%) Recall (%)
Greedy 97.70 73.47 95.25 73.47 90.89 73.20
VCD 88.52 88.93 81.38 88.87 74.26 88.67
DECO 80.07 94.27 75.41 94.27 68.49 94.33
OPERA 96.59 77.47 92.89 77.47 88.03 77.47
LLaVA-1.5-78 MASH_VLM 95.13 74.27 92.76 74.27 87.29 74.20
SELF_CHECK 96.94 76.00 9291 76.00 88.62 75.80
SLIDING 99.35 60.73 98.17 60.73 95.98 60.47
VIGOR 96.83 81.47 92.79 81.47 88.01 81.27
Greedy 97.16 77.60 94.02 77.60 89.74 77.53
VCD 90.94 89.67 83.07 89.93 78.04 89.80
DECO 77.24 95.27 70.92 95.27 67.26 95.20
OPERA 94.54 84.33 89.21 84.33 83.55 84.33
LLaVA-1.5-13B MASH_VLM 94.85 78.60 91.89 78.60 87.08 78.67
SELF_CHECK 97.46 76.87 95.13 76.87 91.20 76.73
SLIDING 98.49 69.47 97.11 69.47 94.64 69.40
VIGOR 96.00 84.87 92.05 84.87 86.37 84.93
GREEDY 98.49 74.07 95.36 74.07 91.60 74.13
VCD 93.16 88.07 84.31 88.13 78.50 88.13
DECO 89.22 91.00 84.94 91.00 75.44 90.93
OPERA 97.26 78.13 93.39 78.13 87.91 78.07
Quwen-VL-Chat MASH_VLM 96.65 75.00 93.52 75.00 89.16 75.13
SELF_CHECK 98.56 73.00 95.72 73.00 92.11 73.20
SLIDING 99.19 65.20 97.80 65.20 96.07 65.27
VIGOR 97.59 80.93 94.40 80.93 88.98 81.27
GREEDY 98.73 77.67 96.44 717.67 94.57 77.73
VCD 98.19 79.67 96.14 79.80 94.04 79.93
DECO 79.93 97.73 71.41 97.73 65.00 97.67
OPERA 93.54 84.93 87.32 84.93 83.63 85.13
Quwen2.5-VL-7B MASH_VLM 97.42 80.40 94.44 80.40 91.50 80.40
SELF_CHECK 98.99 78.07 96.62 78.07 94.89 78.00
SLIDING 99.80 65.93 98.02 65.93 97.34 65.93
VIGOR 98.25 82.47 95.15 82.47 92.10 82.40
GREEDY 97.96 73.80 95.27 73.80 91.41 73.80
VCD 91.95 85.33 86.94 85.20 82.64 85.07
DECO 78.40 92.93 75.80 92.93 71.22 92.87
. - OPERA 97.94 73.07 95.39 73.07 91.63 73.00
Phi-3.5-vision
MASH_VLM 95.80 74.60 93.95 74.60 90.61 74.60
SELF_CHECK 98.43 71.27 96.22 71.27 92.39 71.27
SLIDING 98.92 67.27 97.68 67.27 95.09 67.13
VIGOR 96.00 81.67 93.37 81.67 88.52 81.73

cupies only a very small image region. Under this
low-resolution condition, both the global view and
the baseline grid-based crop produce false negative
predictions. The baseline grid layout again places
the target near a crop boundary, making the already
weak evidence harder to preserve. By comparison,
the VIGOR crop layout captures a more appropri-
ate local region around the target and corrects the
prediction to “YES” with a confidence score of
0.69.

Overall, this qualitative visualization shows that
VIGOR can reduce the truncation and boundary-
placement limitations of rigid grid-based cropping.
By preserving tiny targets and their surrounding
context within more suitable local views, VIGOR
is more robust for detecting sparse visual evidence
in challenging maritime scenes.

B Additional Analysis

B.1 Complexity Analysis

Let Cpqse denote the cost of one global pass, let
Cerop denote the cost of processing one local crop,
and let C'yy. denote the negligible cost of top-K
selection, score fusion, stabilization, and fallback.
Let

q = P(G(vg,X) = 1) 24

be the routing rate induced by the sufficiency
gate in Eq. 7. The expected cost of VIGOR is

E[C] = Chase +q (MCcrop + Cfuse) . (25)
By contrast, an always-on multi-view baseline in-
curs

Call = Cbase + MCcrop + Cfuse- (26)
The resulting relative speedup of VIGOR over



always-on refinement is

Can
E[C] . 27)

VIGOR therefore retains the benefit of multi-
view refinement while paying the multi-view cost
only on routed samples.

Speedup =

B.2 Mechanistic Localization

In this section, we provide the full methodologi-
cal details of the mechanistic localization exper-
iment, along with additional results on the most
hallucination-prone setting (COCO-Adversarial)
and discussion.

From a mechanistic interpretability perspective,
hallucination and correct cognition are often si-
multaneously embedded in the residual stream.
In this part, we construct the two poles of a bi-
nary response as two token subsets. We then de-
sign a layer-wise mechanistic localization analysis.
Specifically, we extract the residual stream at each
layer and project it into the logit space through
Vocabulary Projection. For each of the two sub-
sets, we sum the logits of all included tokens. We
then compute the difference between the summa-
tion corresponding to the correct polarity and that
corresponding to the hallucinated polarity, based
on the ground-truth label. We report the averaged
results over test samples of all five datasets (three
COCO splits, MME, and GQA-Binary).

The results show that, compared with three
competitive baseline methods, the intervention by
VIGOR more effectively drives the model to grad-
ually accumulate correctly recognized visual ev-
idence and reasoning outcomes into the residual
stream during propagation. We argue that this is
because the representations injected by VIGOR’s
local views into the residual stream exert a cali-
bration effect on the visually grounded concepts
encoded in it. In addition, the results also indicate
that VIGOR suppresses the forming of hallucina-
tion signals at an earlier stage. Part of this effect
even emerges before reaching the layers for rea-
soning. This finding further explains why, in the
previous evaluations, the performance advantage of
VIGOR is amplified under hard settings that place
stronger demands on visual reasoning. Further-
more, the separate results on COCO-Adversarial
(shown in Figure 10) indicate that, as peripheral
or ambiguous targets become more prevalent in
the image, our method exerts a stronger corrective
effect during inference than VCD, the strongest
concept-disentanglement baseline, while not signif-

icantly changing the model’s behavioral pattern.
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Figure 10: Layer-wise mechanistic localization analysis
on POPE-COCO-Adversarial (Object: Residual stream;
Base model: LLaVA-1.5-7B; Metric: Logit difference
(correct - hallucinated)).

B.3 Probing Analysis (Early-Stage)

In addition to mechanistic localization, we further
analyze intermediate residual representations with
linear probes. Figure 11 shows that, compared
with baselines built on the same LLaVA-1.5-13B
backbone, VIGOR reduces the early linear decod-
ability regarding object verification in layer 13-18,
especially on the POPE-COCO Popular and Ad-
versarial splits. This pattern is consistent with our
hypothesis that selective local refinement delays
premature commitment to weakly grounded ob-
ject predictions. We also observe that the turning
point in the probing curves roughly aligns with the
stage at which the mechanistic localization analysis
coincidentally begins to show a clearer positive sep-
aration between correct and hallucinated response
poles. Taken together, these results suggest that
VIGOR not only changes final predictions, but also
alters earlier latent process in a way that is more
patient and more consistent with visually grounded
verification.

B.4 Error Analysis

To better understand the source of VIGOR’s perfor-
mance gains, we further conduct an error analysis
comparing VIGOR with Greedy on the Adversar-
ial split of POPE using LLaVA-13B. Tables 14
and 15 show that the performance improvement
of VIGOR is not uniformly distributed across all
error types, but is primarily driven by its ability
to recover positive cases missed by Greedy. Com-
pared with Greedy, VIGOR improves from 84.63
to 86.33, recall from 77.20 to 84.60, and F1-score
from 83.40 to 86.09, while precision decreases only
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Figure 11: Layer-wise probing analysis of intermediate
representations on the POPE-COCO Popular (left) and
Adbversarial (right) splits, using LLaVA-1.5-13B as the
backbone.

moderately from 90.68 to 87.64. This pattern in-
dicates that VIGOR shifts the prediction behavior
toward greater detection sensitivity. The outcome
breakdown in Table 15 further supports this in-
terpretation: although VIGOR introduces 76 new
errors, it corrects 127 errors made by Greedy. No-
tably, most of the corrected cases are concentrated
in ground-truth positive samples, with 117 out of
127 fixed cases belonging to the positive class. This
indicates that the main contribution of VIGOR lies
in recovering positive evidence that is overlooked
under the global view. Consistent with this observa-
tion, Table 14 shows a substantial increase in true
positives (from 1158 to 1269) and a marked reduc-
tion in false negatives (from 342 to 231), whereas
the increase in false positives (from 119 to 179)
remains relatively limited. Overall, these results
suggest that multi-view refinement improves per-
formance primarily by reducing missed positives
rather than by uniformly improving all prediction
outcomes.

C Technical Details
C.1 Datasets

We evaluate VIGOR against several baselines on
two widely used benchmarks for object hallucina-
tion: POPE (Li et al., 2023b) and MME (Fu et al.,
2024).

C.1.1 POPE

POPE (Li et al., 2023b) evaluates object hallu-
cination in the VQA setting by asking LVLMs
whether specific objects are present, while main-
taining a strict 1:1 ratio between existent and non-
existent objects. It includes three negative-sample
sampling strategies—Random, Popular, and Adver-

sarial—with increasing difficulty, thereby testing
the model’s robustness to statistical priors. In our
experiments, we use the evaluation subsets con-
structed from MSCOCO (Lin et al., 2014) and
GQA (Hudson and Manning, 2019).

C.1.2 MME

MME (Fu et al., 2024) is a comprehensive bench-
mark for evaluating LVLMs, covering 14 subtasks
that assess both perceptual and cognitive abilities.
We focus on five subsets that are most relevant
to our motivations: (1) Existence and (2) Count,
which evaluate basic visual robustness and the abil-
ity to disambiguate crowded objects through lo-
calized sparsity; (3) Position, which tests spatial
reasoning, as our multi-view cropping provides
explicit local coordinate references; (4) Posters,
which examines the recovery of high-frequency,
OCR-level details that are often weakened by
global pooling; and (5) Scene, which serves as a
key diagnostic subset for verifying that the global-
local alignment in Stage III, through the fusion of
wy and wy, preserves holistic semantic understand-
ing without sacrificing global context. We report
the data statistics in Table 16.

C.2 Baselines

In addition to the default Greedy decoding base-
line, we compare VIGOR with six competitive
training-free hallucination mitigation methods:
VCD (Leng et al., 2024), DeCo (Wang et al.,
2025a), OPERA (Huang et al., 2024a), MASH-
VLM (Bae et al., 2025), SELF_CHECK (Man-
akul et al., 2023), and SLIDING. Among them,
VCD and MASH-VLM are representative visual-
contrastive methods that amplify grounded signals
through perturbed visual inputs. OPERA and DeCo
are recent methods that mitigate hallucinations
through over-trust attention penalization and dy-
namic logit correction, respectively. In addition,
we include SELF_CHECK and SLIDING as de-
signed baseline variants to represent post-hoc ver-
ification and spatial multi-view fusion strategies.
They serve as controlled training-free comparisons
to test whether the gains of VIGOR arise simply
from an additional verification pass or naive multi-
view fusion, rather than from its selective routing
and evidence integration design. Self_Check per-
forms a standard forward pass to obtain the ini-
tial prediction and its confidence, measured by the
yes—no logit margin. It then conducts a second
inference with an added verification prompt (e.g.,



Table 14: Quantitative comparison between Greedy and VIGOR on the Adversarial split of POPE using LLaVA-13B.

Method Accuracy (%) Precision (%) Recall (%) F1 Score (%) TP TN FP FN
Greedy (NONE) 84.63 90.68 77.20 83.40 1158 1381 119 342
VIGOR (Full) 86.33 87.64 84.60 86.09 1269 1321 179 231

Table 15: Prediction outcomes of Greedy and VIGOR
on the POPE Adversarial split using LLaVA-13B.

Category Count Predicted Yes Predicted No
Both Correct 2463 1152 1311
Fixed by VIGOR 127 117 10
Broken by VIGOR 76 6 70
Both Wrong 334 225 109

“Please verify carefully.”) to obtain a verification
prediction and confidence. The final decision is
made by comparing the two stages: consistent pre-
dictions are kept, while the verification result is
adopted only when the initial confidence is very
weak or when the verification confidence exceeds
the initial one by a sufficient margin. Otherwise,
the original prediction is retained. SLIDING com-
bines global and local visual evidence through sim-
ple multi-view fusion. It first performs inference on
the original image to obtain global logits, and then
separately evaluates four non-overlapping quadrant
crops. The logits from the four local crops are av-
eraged to form a local-view estimate. The final
prediction is produced by equally weighting the
global logits and the averaged local logits.

C.3 Implementation Details.

VIGOR is training-free and does not update any
parameters of the underlying MLLM. In our imple-
mentation, the global sufficiency gate uses a fixed
trigger margin of 0 = 3.6, the local branch retains
the top-K local probabilities, with K = 2, and the
global-local fusion weights are set to (wg, w;) =
(0.52,0.48). For asymmetric stabilization, we use
(s, vs, As) = (0.8, 3,2.0) for strong positive re-
covery, (Mm, Vm, Am) = (0.2,4,1.4) for medium
recovery, (n, v, A;) = (0.25,2,0.9) for light re-
covery, and (9, vn, Ay) = (—1.0,5,1.0) for neg-
ative correction. The low-margin fallback uses
(e,Af) = (0.30,0.25). Once initialized, VIGOR
operates purely at inference time as a wrapper
around the forward passes of the underlying model,
without retraining.

For fair comparison, we adopt the standard or
optimized settings of the baselines. DeCo uses

a dynamic correction coefficient « = 0.6, with
candidate selection thresholds of p = 0.9 (Top-p)
and k = 20 (Top-k). VCD uses a visual contrastive
weight of @« = 1.0. MASH-VLM uses a = 1.0
with a Gaussian blur radius of 2.0. OPERA uses
an over-trust penalty coefficient of 1.0, a column-
wise attention sum threshold of 25.0, and monitors
the top 3 attention layers with a 2-step warmup.
SELF_CHECK uses a low-confidence band of 0.50
and a verification margin of 0.10. The SLIDING
multi-crop baseline uniformly balances global and
average local predictions with fusion weights of
0.5.

D Literature Review

D.1 Hallucination in Large Language Models

Recent years have witnessed the unprecedented flu-
ency and logical reasoning capabilities of Large
Language Models in natural language generation
tasks (Brown et al., 2020; Ouyang et al., 2022).
However, this powerful generative ability is accom-
panied by the pervasive issue of "hallucination."
In their comprehensive survey, Ji et al. (2023) de-
fine hallucination in natural language generation
as the production of text that is nonsensical or un-
faithful to the source content; later surveys further
refine the taxonomy of hallucinations in the LLM
era (Huang et al., 2025). However, it presents an
illusion of fluency and naturalness. In text-only
LLMs, hallucination often comes from factual er-
rors in pre-training data and a lack of long-tail
knowledge (Maynez et al., 2020; Li et al., 2023a;
Huang et al., 2025). Because LLMs tend to predict
the next token by maximizing statistical probabil-
ity, they frequently rely on internal language priors,
leading to plausible but wrong outputs when lack-
ing contextual support. This issue roughly restricts
the reliability for deployment of LLMs in high-risk
domains (Ouyang et al., 2022; Bender et al., 2021).

D.2 Hallucination in MLLMs and Mitigation

Efforts

With the integration of visual modules and LLMs,
MLLMs have achieved remarkable cross-modal
understanding and reasoning. Nevertheless, intro-



Dataset Split / Subset  Description Samples
Random Objects sampled uniformly at random 3,000
POPE (COCO) (Li etal., 20230) Aerarisl | Co-oeeuring ot acing s hard megatves 3000
Total Full POPE COCO evaluation set 9,000
MME (Fu et al., 2024) Yes/No Subset  Comprehensive perception subtasks (binary) 2,374
GQA-Binary (Hudson and Manning, 2019) Validation Split Yes/No + Binary semantic subset 24,783

Table 16: Statistics of the evaluation datasets used in our experiments. For POPE, we use the standard full
configuration on the COCO split sourced from the Imms-lab benchmark. For MME, we focus on the complete
yes/no subset. For GQA, we evaluate on the binary yes/no and semantic questions from the validation split.

ducing a new model pattern does not eliminate
hallucinations. It may trigger more complex hal-
lucinations in the vision-language due to the in-
herent challenges of Multimodal alignment (Liu
et al., 2023; Chen et al., 2024; Huang et al., 2024b).
In MLLMs, models may not only fabricate facts
but also generate descriptions that contradict with
the input image (Huang et al., 2024b; Chen et al.,
2024). Previous research indicates that mitigating
hallucinations from MLLM is a highly challenging
task. During the training phase, researchers typi-
cally employ robust instruction tuning with high-
quality positive and negative samples or Reinforce-
ment Learning from Human Feedback (RLHF) to
forcefully align image-text relationships (Liu et al.,
2023; Gunjal et al., 2024; Sun et al., 2024; Xiao
et al., 2025). During the inference phase, many
studies focus on suppressing hallucinations by in-
tervening in the decoding process without retrain-
ing the model (Leng et al., 2024; Huang et al.,
2024a; Wang et al., 2024; Favero et al., 2024; Liu
et al., 2024b). However, due to the inherent struc-
tural differences between visual encoding and tex-
tual decoding, purely global alignment often fails
to eliminate the model’s groundless assumptions re-
garding corresponding visual details (Favero et al.,
2024; Liu et al., 2024b; Min et al., 2025).

D.3 Object Hallucination in MLLMs and
Mitigation Strategies

Among the various expressions of hallucinations in
MLLMs, "object hallucination" is one of the most
stubborn and fatal failure modes (Rohrbach et al.,
2018). Li et al. (Li et al., 2023b) conducted the
first systematic study of this phenomenon and pro-
posed the widely adopted POPE benchmark; subse-
quent benchmarks such as HallusionBench further
broadened diagnostic coverage beyond simple ob-
ject polling (Guan et al., 2024). Their research

demonstrates that MLLMs are highly susceptible
to visual instructions and object co-occurrence fre-
quencies (Rohrbach et al., 2018). For instance, if
a dining table is present in the image, the model is
highly prone to hallucinating a chair based on statis-
tical common sense, even if there is no chair exist-
ing. To alleviate object hallucinations, particularly
in a training-free manner, a plethora of decoding in-
tervention strategies have recently emerged (Leng
et al., 2024; Huang et al., 2024a; Wang et al., 2024;
Favero et al., 2024; Liu et al., 2024b; Zhong et al.,
2024). For example, Leng et al. introduced Visual
Contrastive Decoding (VCD) (Leng et al., 2024),
which effectively reduces the model’s over-reliance
on statistical biases and unimodal priors by con-
trasting the output distributions of original and dis-
torted images. However, such decoding-level inter-
ventions typically only offer post-hoc token-level
corrections after the visual representations have
been formed. Fundamentally, they cannot recover
fine-grained visual evidence that was unsuccess-
fully encoded in the first place.

D.4 Causal Analysis and Diagnostic
Localization of Object Hallucination

To fundamentally resolve object hallucinations, re-
cent studies have begun to delve into the internal
network architectures of MLLMSs to perform "diag-
nostic localization" of where hallucinations origi-
nate (Yang et al., 2025; Jiang et al., 2025). Overall,
the deep-seated mechanisms of object hallucination
primarily center on two aspects: architectural res-
olution bottlenecks and progressive visual context
dilution (Jiang et al., 2025; Li et al., 2025; Favero
et al., 2024).

First, regarding the vision encoder, because
MLLMs typically utilize fixed-resolution visual
encoders, high-resolution images must be forcibly
downsampled and compressed into a limited num-



ber of visual tokens. As argued by Guo et al.
(2024Db), this architectural bottleneck weakens the
representation of subtle local details, meaning the
lack of reliable visual evidence directly induces
fine-grained grounding failures (Guo et al., 2024b).
Second, from the perspective of the generation pro-
cess, diagnostic studies reveal that visual attention
is not completely static. As discovered by Li et
al. (Li et al., 2025; Favero et al., 2024; Min et al.,
2025), visual information is often progressively di-
luted during long-sequence generation. This means
that even if the one-shot global visual encoding
captures some initial information, it becomes inad-
equate for reliable grounding as the text sequence
becomes longer. Furthermore, fine-grained dis-
tinctions that are not reliably captured by the vi-
sion encoder leave MLLMs with highly unstable
grounding signals (Jiang et al., 2025; Yang et al.,
2025). As a result, as visual evidence fades, the
model is forced to fall back on language priors to
complete the sequence, thereby hallucinations are
triggered.

In light of these diagnostic findings, we argue that
since the root cause of object hallucination lies
in the lack of local visual evidence due to initial
fixed-resolution constraints and progressive visual
dilution during generation, relying solely on post-
hoc global decoding penalties is not enough. This
motivates our proposed VIGOR framework. By in-
troducing active perception through an uncertainty-
driven gating mechanism, VIGOR precisely inter-
venes when the initial global assessment becomes
uncertain. It uses local crops to provide high-
resolution, incremental visual evidence, thereby
restoring fine-grained visual grounding without
paying the cost of unnecessary computational over-
head.

E Future Work

Based on the findings of our study, future work can
proceed in several directions.

First, future work could extend VIGOR beyond
constrained binary verification to more open-ended
generation tasks, such as visual question answering
and image captioning. In these settings, the model
no longer produces a single yes-or-no decision, but
instead generates responses token by token.

Second, future work could explore a dynamic
intervention mechanism that monitors generation-
time uncertainty and selectively triggers local re-
finement. Rather than relying on a fixed existen-

tial margin, the mechanism could be guided by
sequence-level uncertainty signals, such as predic-
tive entropy or fluctuations in top-token probabili-
ties.

Third, future work could explore more adaptive
cropping strategies to reduce the computational
redundancy introduced by exhaustive grid-based
crops. For example, attention-guided or saliency-
driven patch selection may enable local refinement
to focus only on regions associated with high un-
certainty or dense semantic information.

Lastly, future work could also extend VIGOR
from static images to spatio-temporal settings,
where visual evidence dilution may become even
more severe. One possible next step is to adapt its
asymmetric existential aggregation to video inputs,
so that local evidence can be integrated more effec-
tively across frames. This may improve grounding
in multi-frame MLLMs, where visual context ac-
cumulates quickly over time.
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