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Abstract

Hallucination remains a central failure mode of
large vision-language models (LVLMs), which
generate descriptions of objects, attributes, or
relations absent from the image. A leading ex-
planation is that models fall back on language
priors and statistical biases acquired during pre-
training rather than grounding their output in
the visual input. Contrastive decoding meth-
ods counter this by contrasting the model’s
prediction against one obtained from a per-
turbed input, but the perturbation is generic
and only loosely aligned with the bias it aims
to remove. We propose ReViB (Recovered
Visual Bias), a training-free contrastive decod-
ing method that recovers this bias directly and
subtracts it. Because an LVLM’s visual encod-
ing captures coarse, prior-aligned semantics
more than fine visual detail, inverting it back
into image space through unCLIP reconstructs
a scene dominated by the model’s statistical
bias. Contrasting the original prediction against
this reconstruction removes the recovered bias
and yields more grounded outputs. ReViB con-
sistently reduces object and attribute hallucina-
tion on the POPE and MME benchmarks, with
the largest gains on the popular and adversarial
splits where language priors dominate. We fur-
ther show that, contrary to recent work claim-
ing contrastive decoding applies only a crude,
unidirectional shift to the output distribution,
ReViB revises predictions in both directions
and can lower the yes-rate while improving ac-
curacy.

1 Introduction

Hallucinations in LVLMs can have catastrophic
consequences in high-stakes settings such as med-
ical imaging, autonomous driving, and legal sys-
tems (Wang, 2024; Magesh et al., 2025). In vision-
language models, hallucination manifests as flu-
ent, coherent responses that misrepresent the vi-
sual input, and is commonly grouped into three
types: non-existent objects, incorrect attributes,

Figure 1: Illustration of the mechanism that drives Re-
ViB. Standard inference yields an incorrect answer,
driven by statistical biases the model acquired dur-
ing pretraining. Inverting the visual encoding through
unCLIP reconstructs an image that isolates this prior-
driven content, exposing the hallucinated response. Con-
trasting the two removes the recovered bias and recovers
the correct answer.

and wrong relations (Liu et al., 2024a; Jing et al.,
2024; Gunjal et al., 2024; Zhai et al., 2023). Be-
cause such outputs are confident and fluent yet
false, they are harder to identify than overt failures,
making factuality a matter of Al safety rather than
just output quality (Bender et al., 2021).

Research has identified several contributors to
these errors. Building on hallucination studies
in language modeling (Tonmoy et al., 2024; Wen
et al., 2024), work on LVLMs points to statisti-
cal biases in multimodal training data (You et al.,
2024), an over-reliance on language priors (Zhu
et al., 2020; Ren et al., 2023), and multimodal mis-
alignment between the visual and textual modali-
ties (Jiang et al., 2024; Liu et al., 2024a; Wang et al.,
2024a). A leading hypothesis, central to our work,
is that hallucinations arise less from the prompt and
more from the model reverting to these language
priors and to the statistical associations and biases
acquired during pretraining, rather than remaining
grounded in the given visual context (Favero et al.,
2024; Leng et al., 2024; Liu et al., 2024b; Wang
et al., 2024c; Zhang et al., 2025; Zhu et al., 2025).

Various methods have been proposed to address

this. One direction implies finetuning the model,
either on curated instruction data such as LRV-



Instruction (Liu et al., 2024a) or through human
and model feedback, as in RLHF-V (Yu et al.,
2024) and factually augmented RLHF (Sun et al.,
2024). Instead, training-free methods correct be-
havior directly. For example, LURE revises the
generated descriptions to remove hallucinated ob-
jects after decoding (Zhou et al., 2024). OPERA
introduces an over-trust penalty together with a ret-
rospection step during beam search (Huang et al.,
2024). PAI reinforces visual grounding by up-
weighting attention to image tokens (Liu et al.,
2024d). MARINE provides object-grounding fea-
tures drawn from external vision models (Zhao
et al., 2024). RITUAL instead aggregates predic-
tions across multiple randomly transformed views
of the image, relying on the low chance that a hallu-
cination persists across transformations (Woo et al.,
2024).

Contrastive decoding represents an additional
inference-time route, which amplifies the disagree-
ment between two next-token distributions to sup-
press unfaithful predictions (Li et al., 2023a). Most
LVLM variants follow the same recipe, contrasting
the original distribution with one obtained from
a perturbed input, where the perturbation may be
visual (Leng et al., 2024), instruction-based (Wang
et al., 2024c), internal (Huo et al., 2024), multi-
view (Chen et al., 2024).

However, such perturbations are generic: they
degrade the visual signal but do not specifically
target the language prior that drives hallucination,
so the recovered signal only loosely aligns with
the bias being subtracted. We propose ReViB
(Recovered Visual Bias), a contrastive decoding
method that recovers and subtracts the model’s vi-
sual bias. The image embedding produced by an
LVLM’s CLIP-based encoder (Radford et al., 2021)
captures coarse, prior-aligned semantics more than
precise visual detail (Tong et al., 2024), which
makes it a natural carry of the model’s statistical
bias. We invert this embedding back into image
space through unCLIP (Ramesh et al., 2022), where
the generative prior reconstructs the scene from
the embedding, amplifying prior-consistent content
while discarding fine grounding detail. Contrast-
ing the model’s prediction on the original image
against its prediction on this reconstruction sub-
tracts the recovered visual bias and yields more
grounded outputs.

Our contributions are as follows:

¢ We introduce ReViB (Recovered Visual Bias),

a training-free contrastive decoding method that
constructs its contrastive distribution by inverting
the visual encoding through unCLIP to recover
the model’s statistical bias, rather than applying
generic input perturbations.

* We show that, contrary to Yin et al. (2025), Re-
ViB does not apply a crude, unidirectional shift
to the output distribution: it revises predictions
in both directions, reducing rather than inflating
positive responses while improving accuracy.

* We demonstrate that ReViB reduces object and
attribute hallucination on the POPE (Li et al.,
2023b) and MME (Fu et al., 2025) benchmarks,
outperforming prior contrastive decoding ap-
proaches, with the largest gains on the popular
and adversarial splits where language priors dom-
inate.

2 Related Work

Contrastive decoding originated in text generation,
contrasting an expert model against a weaker ama-
teur to suppress the amateur’s degenerate tenden-
cies (Li et al., 2023a). In LVLMs the amateur
becomes a copy of the same model conditioned on
a hallucination-inducing input, and methods differ
almost entirely in how that input is constructed.
This yields a natural taxonomy of existing meth-
ods, organized by how the amateur distribution is
produced.

Input perturbation. The most common ap-
proach perturbs the model’s input to amplify hal-
lucination, then subtracts the result. VCD (Leng
et al., 2024) adds noise to the image, weakening
visual grounding so the model leans on language
priors that are then removed, though the corrup-
tion is indiscriminate and sensitive to the chosen
noise level. ICD (Wang et al., 2024c) perturbs
the textual side instead, prepending disturbance in-
structions that aggravate multimodal misalignment
before contrasting them away.

Region and view resampling. HALC (Chen
et al., 2024) grounds each generated token to an
image region with a detector, then samples sev-
eral overlapping fields of view at different scales
around that region and contrasts the token distribu-
tions they induce, correcting hallucinated tokens
locally on the fly. Globally, it adds a matching-
based beam search that ranks candidate sequences
by a visual matching score to preserve generation
quality.



Internal intervention. SID (Huo et al., 2024)
avoids external perturbation and intervenes inside
the network. It observes that pretrained LVLMs
can introspectively judge the importance of vi-
sion tokens, and its Context and Text-aware To-
ken Selection strategy retains only the least im-
portant ones after the early decoder layers, adap-
tively amplifying vision-and-text association hallu-
cinations that are then subtracted, keeping the con-
trastive signal fully self-generated. VaLiD (Wang
et al., 2024b) partly attributes hallucination to dis-
tortions accumulated during visual encoding, and
uses entropy-based uncertainty to select and fuse
the most hallucination-prone visual encoder lay-
ers into a reference distribution that is contrasted
against the standard output.

3 Method

3.1 Preliminaries

An LVLM parameterized by 6 takes an image v
and a textual query z, and generates a response
autoregressively. At decoding step ¢, the next token
is drawn from

Yt Npﬁ(yt | ,Uaxay<t)

= softmax (€g(ys | v, @, y<t)) %
where ¢y denotes the output logits and y; the pre-
viously generated tokens.

Object hallucination is widely attributed to sta-
tistical biases absorbed during pretraining: because
certain objects co-occur frequently in image-text
corpora, the model learns to predict them from con-
text rather than from the image, defaulting to lan-
guage priors when visual evidence is weak (Leng
et al., 2024; Zhou et al., 2024). Contrastive de-
coding approaches for LVLMs generally counter-
act this by constructing an amateur distribution
po(y: | V', x,y<¢) from a hallucination-inducing
input v and subtracting it from the original:

Ped(yt) = softmax|
(1+Oé) Ee(yt ‘ v, T, y<t) )
- Oéf@(yt ‘ Ul7$7y<t>]

where o > 0 controls the strength of the contrast.
Existing methods differ only in how v’ is produced,
and in every case it is a generic degradation of the
input that is not aligned with the specific bias being
removed.

3.2 Recovering Visual Bias via unCLIP
Inversion

Our goal is to make v’ carry the model’s statistical
bias directly, rather than approximate it through
noise. We exploit a known property of the LVLM’s
visual front end. The image is encoded by a CLIP
vision encoder into an embedding z = E(v) € R?
that captures coarse, prior-aligned semantics far
more than fine spatial detail, to the point that visu-
ally distinct images are mapped to nearly identical
embeddings (Tong et al., 2024). The embedding
therefore underdetermines the image: many scenes
are consistent with the same z.

We turn this ambiguity into a bias estimator by
inverting z back into image space through unCLIP
(Ramesh et al., 2022), whose diffusion decoder
reconstructs an image conditioned on a CLIP image
embedding:

v, = D(E(v)) A3)

where FE is the CLIP vision encoder (Radford
etal., 2021) and D is the unCLIP diffusion decoder
(Ramesh et al., 2022). Because z leaves much of
the scene unspecified, D fills in the missing con-
tent with whatever is most likely under its training
distribution, reconstructing the prior-consistent, fre-
quently co-occurring structure while discarding the
fine grounding detail that distinguishes the actual
image. The reconstruction vy is thus an image-
space rendering of the model’s visual bias.

3.3 Recovered Visual Bias Contrastive
Decoding

ReViB instantiates the contrastive decoding of
Eq. (2) with the recovered-bias reconstruction as
the amateur input, setting v’ = v,. Tokens favored
by the bias reconstruction but not by the original
image are suppressed, while tokens supported by
genuine visual evidence are retained.

To avoid penalizing valid tokens when the model
is confident, we apply an adaptive plausibility con-
straint (Li et al., 2023a; Leng et al., 2024), restrict-
ing the output to a truncated set Vyeog computed
from the original-image distribution before con-
trasting:

Vhead = {yt €V 1 po(ye | v, @, y<1) >

5m£bXP(9(w ‘ U, T, Y<t

y @

and setting the contrastive score to —oo for y; ¢
Vheads Where 8 € [0, 1] sets the truncation thresh-
old. The next token is then selected from the con-
trasted distribution, either greedily or by sampling.



Table 1: POPE accuracy per subset and dataset total on LLaVA-1.5-7B. Every contrastive method lifts accuracy well
above regular sampling (45-6 points overall). ReViB (ViT-L, 600) gives the largest overall gain (+0.063 vs. VCD’s
+0.058); VCD leads only on the easier MSCOCO random split, whereas ReViB leads on the harder A-OKVQA

and GQA adversarial subsets (e.g. GQA-adv +0.079).

Method

MSCOCO

A-OKVQA

GQA

rand pop

adv

Total

rand

pop

adv

Total

rand

pop

adv

Total

Overall

0.814
+0.076
+0.063
+0.062
+0.064
+0.063

0.793
+0.066
+0.065
+0.068
+0.064
+0.069

Regular

VCD

ReViB (ViT-H, 300)
ReViB (ViT-H, 600)
ReViB (ViT-L, 300)
ReViB (ViT-L, 600)

0.761
+0.058
+0.053
+0.059
+0.063
+0.062

0.789
+0.067
+0.061
+0.063
+0.064
+0.065

0.798
+0.068
+0.071
+0.070
+0.067
+0.073

0.769
+0.050
+0.052
+0.059
+0.062
+0.057

0.710
+0.037
+0.040
+0.048
+0.047
+0.052

0.759
+0.052
+0.054
+0.059
+0.059
+0.061

0.813
+0.054
+0.052
+0.058
+0.056
+0.054

0.745
+0.051
+0.044
+0.055
+0.054
+0.067

0.704
+0.057
+0.056
+0.065
+0.079
+0.069

0.754
+0.054
+0.051
+0.059
+0.063
+0.064

0.767
+0.058
+0.056
+0.061
+0.062
+0.063

Table 2: POPE precision per subset and dataset total on LLaVA-1.5-7B. ReViB yields clearly larger precision gains
than VCD (+0.054 vs. +0.037 overall), and ReViB (ViT-L) is best in almost every column. Its added positive
answers are more often correct, i.e. the gain is not bought with a yes-bias.

Method

MSCOCO

A-OKVQA

GQA

rand pop

adv

Total

rand

pop

adv

Total

rand

pop

adv

Total

Overall

0.852
+0.073
+0.073
+0.074
+0.076
+0.075

0.810
+0.064
+0.078
+0.079
+0.074
+0.081

Regular

VCD

ReViB (ViT-H, 300)
ReViB (ViT-H, 600)
ReViB (VIiT-L, 300)
ReViB (VIiT-L, 600)

0.761
+0.041
+0.054
+0.060
+0.065
+0.062

0.806
+0.058
+0.068
+0.070
+0.071
+0.072

0.794 0.746  0.673

+0.049
+0.066
+0.059
+0.057
+0.068

+0.030
+0.039
+0.046
+0.052
+0.048

+0.015
+0.025
+0.029
+0.033
+0.036

0.734
+0.030
+0.041
+0.043
+0.047
+0.049

0.807
+0.030
+0.039
+0.041
+0.041
+0.043

0.715
+0.025
+0.027
+0.035
+0.037
+0.049

0.669
+0.032
+0.038
+0.044
+0.061
+0.049

0.726
+0.029
+0.035
+0.040
+0.047
+0.047

0.753
+0.037
+0.046
+0.049
+0.053
+0.054

ReViB requires no training and adds a single un-
CLIP inversion per image, which can be cached
and reused across all prompts that make use of the
given image.

4 Experimental Setup

Models and implementation. We evaluate Re-
ViB on LLaVA-1.5-7B (Liu et al., 2024c), a widely
used LVLM that pairs a CLIP vision encoder with a
language-model decoder and is the model on which
VCD (Leng et al., 2024) was originally developed,
making it a natural testbed for a controlled compar-
ison. All experiments run in bfloat16 with SDPA
attention.

Benchmarks and metrics. We evaluate on
POPE (Li et al., 2023b) and MME (Fu et al., 2025).
POPE poses balanced yes/no object-existence ques-
tions over three datasets (MSCOCO (Lin et al.,
2014), A-OKVQA (Schwenk et al., 2022), GQA
(Hudson and Manning, 2019)), each with random,
popular, and adversarial negative-sampling splits,
where the adversarial split targets frequently co-
occurring absent objects and most directly probes
language priors. We report accuracy, precision,
recall, F1, and the predicted-yes rate, and addition-
ally track how many baseline answers each method
flips (Yes—No and No— Yes) to characterize the

direction of its correction. MME is a broader mul-
timodal benchmark; we use its four hallucination-
oriented categories, existence and count at the ob-
ject level and position and color at the attribute
level, and report the standard per-category score
100 (acc + acc™) and their total.

Baselines. We compare against two baselines.
The first is regular sampling, where the model an-
swers directly with no contrastive intervention, es-
tablishing each LVLM’s unmodified hallucination
rate. The second is VCD (Leng et al., 2024), the
canonical contrastive decoding method for LVLMs
and the closest analogue to ReViB: both subtract a
hallucination-inducing distribution from the origi-
nal, and differ only in how that distribution is ob-
tained. VCD constructs it by corrupting the image
with forward diffusion noise, so the amateur input
is a degraded version of the same image rather than
arecovered-bias reconstruction. Following the orig-
inal paper, we add 999 noise steps for POPE (Li
et al., 2023b) and 500 for MME (Fu et al., 2025).
Comparing directly against VCD isolates the ef-
fect of our reconstruction: because both methods
share the same contrastive formulation, adaptive
plausibility constraint, and hyperparameters, any
difference in performance is attributable to the am-
ateur input alone.



Table 3: POPE recall per subset and dataset total on LLaVA-1.5-7B. VCD attains the highest recall in every
column (+0.088 overall), but this reflects its stronger push toward ‘yes’ rather than better perception; ReViB’s more
moderate recall gains, paired with its higher precision, are the better-calibrated trade-off.

Method

MSCOCO

A-OKVQA

GQA

rand

pop

adv

Total

rand

pop

adv

Total

rand

pop

adv

Total

Overall

0.761
+0.087
+0.060
+0.057
+0.059
+0.058

Regular

VCD

ReViB (ViT-H, 300)
ReViB (ViT-H, 600)
ReViB (ViT-L, 300)
ReViB (ViT-L, 600)

0.765
+0.074
+0.056
+0.060
+0.056
+0.060

0.761
+0.086
+0.051
+0.057
+0.060
+0.062

0.762
+0.083
+0.056
+0.058
+0.059
+0.060

0.805
+0.096
+0.076
+0.083
+0.080
+0.079

0.817
+0.082
+0.066
+0.072
+0.068
+0.064

0.816
+0.085
+0.068
+0.083
+0.065
+0.072

0.813
+0.087
+0.070
+0.079
+0.071
+0.071

0.823
+0.088
+0.068
+0.081
+0.076
+0.069

0.815
+0.097
+0.071
+0.085
+0.078
+0.089

0.810
+0.099
+0.077
+0.090
+0.090
+0.090

0.816
+0.095
+0.072
+0.085
+0.081
+0.083

0.797
+0.088
+0.066
+0.074
+0.070
+0.071

Table 4: POPE F1 per subset and dataset total on LLaVA-1.5-7B. On F1, which balances precision and recall,

ReViB

(VIiT-L, 600) attains the best overall gain (4-0.063), surpassing VCD (+0.061); VCD leads only on MSCOCO while
ReViB leads on A-OKVQA and GQA.

Method

MSCOCO

A-OKVQA

GQA

rand

pop

adv

Total

rand

pop

adv

Total

rand

pop

adv

Total

Overall

0.804
+0.081
+0.066
+0.065
+0.066
+0.065

Regular

VCD

ReViB (ViT-H, 300)
ReViB (ViT-H, 600)
ReViB (ViT-L, 300)
ReViB (ViT-L, 600)

0.787
+0.069
+0.066
+0.069
+0.065
+0.069

0.761
+0.063
+0.053
+0.058
+0.062
+0.062

0.784
+0.070
+0.061
+0.063
+0.064
+0.065

0.799 0.780 0.738

+0.072
+0.071
+0.071
+0.069
+0.074

+0.053
+0.052
+0.058
+0.059
+0.055

+0.043
+0.042
+0.050
+0.046
+0.050

0.771
+0.055
+0.054
+0.060
+0.058
+0.060

0.815
+0.058
+0.053
+0.060
+0.057
+0.056

0.761
+0.056
+0.047
+0.057
+0.055
+0.067

0.733
+0.059
+0.054
+0.063
+0.073
+0.066

0.768
+0.058
+0.052
+0.060
+0.063
+0.063

0.774
+0.061
+0.055
+0.061
+0.061
+0.063

ReViB configuration.

We obtain the recovered-

POPE Results

bias reconstruction with Stable unCLIP, which in-
verts a CLIP image embedding back into image
space following the unCLIP formulation (Ramesh
et al., 2022). To test sensitivity to the inversion
backbone, we use two variants that differ in their
CLIP image encoder (Radford et al., 2021): a ViT-
H model and a ViT-L. model. Reconstructions use
25 inference steps, guidance scale 10, an empty
text prompt, and a fixed seed. We ablate the em-
bedding noise level over values of 300 and 600 out
of a maximum of 1000, which controls how much
image-specific detail is discarded in favor of prior-
consistent content. For all contrastive methods we
set the contrast strength a=1.0 and the adaptive
plausibility threshold 5=0.5. We use sampling-
based decoding (temperature 1.0, top-p 1.0), gener-
ating at most 8 new tokens per question.

5 Results

5.1 Hallucination Benchmark Results

Tables 1 and 5 report POPE accuracy and MME
scores on LLaVA-1.5-7B, comparing regular sam-
pling against VCD and the four ReViB configu-
rations. Every contrastive method improves sub-
stantially over regular sampling, confirming that
subtracting a hallucination-inducing distribution
helps regardless of how that distribution is formed.

On POPE (Table 1), ReViB improves accuracy by
up to 6.3 points overall, exceeding VCD’s 5.8. The
advantage is concentrated where language priors
are strongest: VCD leads onlyon the MSCOCO
random split, while ReViB is best on the harder
A-OKVQA and GQA subsets, including the ad-
versarial splits that target frequently co-occurring
absent objects (e.g. +0.079 on GQA-adversarial).
This is consistent with our hypothesis that ReViB
removes prior-driven content specifically, so its
benefit grows precisely where the prior does the
most damage. The gap between VCD and ReViB
on these splits is the effect of the reconstruction
alone, since the two methods share the same con-
trastive formulation and differ only in the amateur
input.

Precision improves more under ReViB than un-
der VCD (+0.054 vs. +0.037 overall, as shown in
Table 2), and the ViT-L variants lead in nearly ev-
ery column. Because precision rises, the additional
positive answers ReViB produces are more often
correct, so its gains are not obtained by inflating
the yes-rate.

Recall tells the complementary story (Table 3).
VCD attains the highest recall in every column, but
this follows directly from its stronger push toward
“yes”: answering “yes” more often mechanically



Table 5: MME scores per category on LLaVA-1.5-7B. ReViB improves MME far more than VCD (+121.7 vs.
+98.3 total, about +23 points), with the noise-600 variants best across existence, count, position, and colour.

Method Existence Count Position Color Total
Regular 158.33 100.00  90.00 136.67 485.00
VCD +26.67  +28.33 +21.67 +21.66 +98.33
ReViB (ViT-H, 300) +31.67 +41.67 +30.00 +16.66 +120.00
ReViB (ViT-H, 600)  +31.67 +31.67 +36.67 +21.66 +121.67
ReViB (ViT-L, 300) +26.67  +28.33 +21.67 +23.33 +100.00
ReViB (ViT-L, 600) +31.67  +31.67 +31.67 +26.66 +121.67

Table 6: POPE predicted-yes rate (%) per subset and dataset total on LLaVA-1.5-7B; results closer to 50 are better
calibrated. Regular sampling is already yes-biased (53.0% overall, up to 60.6% on adversarial splits). VCD pushes
the rate further from balance (+3.0 overall, to 56%), whereas ReViB shifts it far less (4+0.8-1.3 overall), staying
closest to the balanced 50%. On MSCOCO, ReViB reduces the rate by 0.5. ReViB corrects hallucination without

amplifying the yes-bias.

Method MSCOCO A-OKVQA GQA Overall
rand pop adv Total rand pop adv Total rand pop adv Total
Regular 447 472 50.0 473 50.7 548 60.6 554 51.0 57.0 60.6 56.2 53.0
VCD +1.1 +0.8 +2.8 +1.6 +2.7 +3.1 +49 +35 434 +4.6 +42 +41 +3.0
ReViB (ViT-H, 300) -0.3 -1.0 -0.2 -0.5 +0.5 +14 +2.8 +1.5 +1.7 +2.7 +2.1 +2.1 +1.0
ReViB (ViT-H, 600) -0.5 -0.8 -0.2 -0.5 +13 +1.3 +34 +2.0 +2.3 +3.0 +2.5 426 +1.3
ReViB (ViT-L,300) -0.5 -0.8 -0.3 -0.5 +1.3 +0.6 +1.7 +1.2 +2.0 +2.3 +1.1 +1.8 +0.8
ReViB (ViT-L, 600) -0.5 -09 +0.0 -0.5 +0.6 +0.7 +2.0 +1.1 +1.5 +2.2 +2.1 +1.9 +0.8

raises recall on the present-object questions while
lowering precision. ReViB’s more moderate recall
gains, combined with its higher precision, reflect a
more balanced correction rather than weaker per-
ception.

F1 summarizes this trade-off (Table 4). Re-
ViB (ViT-L, 600) achieves the best overall F1
gain (4+0.063), exceeding VCD (40.061), with the
same split-level pattern seen in accuracy: VCD
leads on the easier MSCOCO random split, while
ReViB leads on the harder A-OKVQA and GQA
splits where language priors are strongest. ReViB’s
gains come from a better precision-recall balance
rather than from a one-sided change in answering
behavior.

MME Results

On MME (Table 5), the difference is much larger:
ReViB improves the total score by up to 121.7
points against VCD’s 98.3, a gain of roughly 23
points. The improvement is spread across all four
categories, covering both object-level (existence,
count) and attribute-level (position, color) halluci-
nation, indicating that the recovered-bias contrast
helps beyond simple object existence.

Across both benchmarks the noise-600 ReViB
variants are strongest, and the ViT-L encoder is
competitive with or better than the larger ViT-H,
suggesting the method does not require a high-
capacity inversion backbone.

5.2 Answer Calibration

Table 6 reports the predicted-yes rate, which ex-
poses the direction of each method’s correction.
Regular sampling on LLaVA-1.5-7B is already
yes-biased (53.0% overall). VCD raises the yes-
rate on every split, by 3.0 points on average. Re-
ViB behaves differently: it lowers the yes-rate on
MSCOCO (by about 0.5 points across all splits)
while raising it modestly on A-OKVQA and GQA.
The same method, with identical settings, thus
shifts the rate in opposite directions depending on
the input.

This directly contradicts Yin et al. (2025), who
characterize contrastive decoding as a unidirec-
tional adjustment that simply biases the model to-
ward more "yes" outputs. A shift that is unidirec-
tional by construction would raise the yes-rate on
every split; ReViB instead moves it up or down
depending on the input, so its correction is not a



Table 7: POPE Yes—No shifts per subset and dataset total on LLaVA-1.5-7B. Yes—No shifts are similar across

methods (VCD 2022, ReViB ~2280).

Method MSCOCO A-OKVQA GQA Overall
rand pop adv Total rand pop adv Total rand pop adv Total

VCD 185 214 211 610 220 242 237 699 205 248 260 713 2022

ReViB (ViT-H, 300) 208 242 247 697 245 254 256 755 245 279 302 826 2278

ReViB (ViT-H, 600) 214 248 250 712 230 252 245 727 226 277 292 795 2234

ReViB (ViT-L, 300) 210 244 247 701 235 264 271 770 221 279 309 809 2280

ReViB (ViT-L, 600) 208 243 248 699 247 267 265 779 230 285 295 810 2288

Table 8: POPE No— Yes flips per subset and dataset total on LLaVA-1.5-7B. No— Yes flips are far more numerous
for VCD (2853) than for ReViB (~2515). With the near-equal Yes—No counts in Table 7, this shows VCD applies
a strongly asymmetric push toward ‘yes’, while ReViB flips labels in both directions more evenly: a balanced,

better-calibrated correction.

Method MSCOCO A-OKVQA GOQA Overall
rand pop adv Total rand pop adv Total rand pop adv Total

VCD 219 238 294 751 301 337 382 1020 308 387 387 1082 2853

ReViB (ViT-H, 300) 198 212 241 651 259 298 338 895 295 359 365 1019 2565

ReViB (ViT-H, 600) 198 224 245 667 269 293 347 909 296 367 369 1032 2608

ReViB (ViT-L, 300) 195 220 238 653 273 283 322 878 281 349 342 972 2503

ReViB (ViT-L, 600) 192 215 248 655 263 289 325 877 274 351 358 983 2515

uniform push toward "yes." We motivate this fur-
ther through per-answer decision-shift counts in
Section 6.

6 Decision-Shift Analysis

Section 5.2 showed that ReViB moves the
predicted-yes rate up or down depending on the
input, unlike the uniform upward shift that Yin
et al. (2025) attribute to contrastive decoding. Here
we examine the underlying answer shifts directly,
counting how many regular-sampling predictions
each method changes from “yes” to “no” (Table 7)
and from “no” to “yes” (Table 8). The direction
and balance of these shifts reveal whether a method
genuinely re-evaluates predictions or simply biases
them one way.

The Yes—No shifts are comparable across meth-
ods (Table 7), with VCD and every ReViB variant
converting roughly 2000 to 2300 previously-“yes”
answers to “no”.

The No— Yes shifts are where the methods di-
verge sharply (Table 8). VCD converts significantly
more “no” answers to “yes” (2853) than ReViB
(~ 2515), while their Yes—No counts are nearly
equal. VCD therefore applies a strongly asymmet-
ric correction, adding many more “yes” answers

than it removes, which is exactly the unidirectional
behavior Yin et al. (2025) describe. However, Re-
ViB directly contradicts this account: its flips are
far more balanced across the two directions. Fur-
thermore, on MSCOCO, the No—Yes flips are
lower than the Yes—No flips. Thus, its correction
cannot be the crude unidirectional shift toward “yes”
that Yin et al. (2025) claim contrastive decoding
performs. Instead, ReViB re-grounds predictions
on the image rather than nudging them toward one
answer. This is the mechanism behind the near-flat
yes-rate in Table 6: ReViB moves a large number
of answers, but in both directions.

7 Conclusion

We introduced ReViB, a training-free contrastive
decoding method that recovers an LVLM’s vi-
sual bias directly rather than approximating it
through generic input perturbation. By inverting
the model’s CLIP image embedding back into im-
age space through unCLIP, ReViB reconstructs the
prior-consistent content the embedding encodes
and contrasts against it, subtracting the recovered
bias from the model’s predictions. On LLaVA-
1.5-7B, ReViB reduces object and attribute hallu-
cination on POPE and MME, outperforming VCD



and showing the largest gains on the harder splits
where language priors dominate. Because ReViB
and VCD share the same contrastive formulation
and differ only in the amateur input, these gains
are attributable to the recovered-bias reconstruction
itself. We further found that ReViB does not act
as a unidirectional shift toward "yes," but adjusts
predictions in a direction that depends on the input,
contradicting recent claims that contrastive decod-
ing merely inflates positive responses. Together
these results suggest that aligning the contrastive
signal with the specific bias driving hallucination,
rather than degrading the input at random, is a
promising direction for grounding LVLM outputs.

Limitations

We validate ReViB on a single model, LLaVA-1.5-
7B, so it remains to be shown that the recovered-
bias contrast transfers across model families and
across scales. Different LVLMs pair the vision en-
coder with the language model in different ways,
and both the strength of the language prior and
the fidelity of the unCLIP inversion may vary with
architecture and size, so results on one 7B model
may not predict behavior on larger, smaller, or dif-
ferently structured LVLMs. A broader study span-
ning several families (for example the Qwen-VL
and InstructBLIP lines) and a range of model sizes
is needed to establish how general the effect is.
ReViB also depends on the availability of a CLIP-
based encoder that can be inverted through unCLIP;
models whose visual embeddings lie outside the
space unCLIP was trained to decode may require
a different inversion pathway, which we have not
explored. Finally, our experiments cover object
and attribute hallucination on POPE and MME un-
der short yes/no answers; whether the same gains
hold for open-ended, long-form generation remains
open.
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A Qualitative Examples of Corrected
Hallucinations

To make the mechanism behind ReViB concrete,
we show qualitative examples drawn from each
POPE split (Figure 2) and from MME (Figure 3).
Each example presents the original image, its un-
CLIP reconstruction vp, the prompt, and the an-
swers produced by regular decoding, by VCD, and
by ReViB, alongside the ground-truth label. These
cases are selected to illustrate the qualitative behav-
ior of the method rather than to estimate its success
rate; aggregate performance is reported in the main
text.

The reconstructions make the source of the cor-
rection visible. Passing the image through the CLIP
encoder and back out through unCLIP produces a
scene that keeps the coarse, prior-consistent lay-
out while discarding the fine grounding detail that
distinguishes the actual image. In the examples
shown, this reconstruction visibly amplifies the
model’s priors: objects that frequently co-occur
with the depicted scene are rendered more promi-
nently or hallucinated outright, even when they are
absent from the original, and conversely, objects
that are genuinely present but atypical for the scene
are often dropped or replaced by more expected
content. Either way, the reconstruction pulls the
image toward what the model expects rather than
what it shows.

Therefore, in the reconstruction, the model com-
mits to the hallucinated answer more strongly than
it does on the real image, producing a sharper
wrong-answer signal. It is precisely this amplified
signal that contrastive decoding exploits: because
the bias is exaggerated in the amateur branch, sub-
tracting it removes the prior-driven token while
leaving the genuinely grounded prediction intact,
and the model arrives at the correct answer.
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Figure 2: Qualitative examples from the POPE splits on LLaVA-1.5-7B, three per split. Each panel shows the original
image, its unCLIP reconstruction, the prompt, and the answers from regular decoding, VCD, and ReViB, with the
ground-truth label. In every case regular decoding and VCD answer incorrectly while ReViB answers correctly.
The reconstruction amplifies the model’s pretraining priors, pulling the scene toward expected co-occurring content
and away from atypical detail, which sharpens the wrong-answer signal that the contrast then removes.



Figure 3: Qualitative examples from MME on LLaVA-1.5-7B. Each panel pairs the original image with its unCLIP
reconstruction, the prompt, and the regular, VCD, and ReViB answers, together with the ground truth. In each case
regular decoding and VCD answer incorrectly while ReViB answers correctly. Because the reconstruction amplifies
the model’s pretraining priors, it elicits a stronger biased response that the contrast then subtracts, restoring the
grounded answer.
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