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Abstract

Object hallucination remains a primary obsta-
cle to the reliable deployment of Multimodal
Large Language Models (MLLMs). Current
inference-time mitigation methods mainly as-
sume that hallucinations stem from visual ne-
glect and therefore steer models toward greater
visual reliance. In contrast, our systematic in-
terventions on multiple MLLMs show that in-
creasing visual reliance may exacerbate hallu-
cinations on some models, whereas reducing
it may mitigate them. This result suggests
that visual neglect alone provides an incom-
plete explanation of hallucination. We char-
acterize the image as a context that competes
with both the model’s parametric knowledge
and its textual context. Based on this charac-
terization, we propose a training-free frame-
work, Context-Preference Activation Steer-
ing (CAS). CAS extracts two semantically
distinct Context Preference Vectors (CPVs)
from two small sets of designed conflict sam-
ples and injects signed residuals into the MLP-
sublayer outputs before residual addition at
four mid-early layers, without requiring an ad-
ditional forward pass per decoding step. Ex-
periments show that CAS substantially miti-
gates object hallucinations with negligible de-
coding overhead while maintaining F1, lexical
diversity, and repetition rates close to those of
the base models. Code and data are available
at https://github.com/wss7/CAS.

1 Introduction

Multimodal Large Language Models (MLLMs)
have made rapid progress in visual understand-
ing and open-ended generation, yet object hallu-
cination, in which the model describes objects ab-
sent from the input image, remains a core obsta-
cle to reliable deployment (Li et al., 2023b). The
problem is particularly severe in long-form gen-

*Corresponding author.

10

12

14

16

18

20

CH
AI

R I
 

vanilla

more parametric knowledge more visual context

(a) VFV axis ( ): Visual vs. Parametric Knowledge (external-vs-internal)

LLaVA-1.5
Qwen-VL

6

8

10

12

14

16

18

20

CH
AI

R I
 

vanilla

more textual context more visual context

(b) MRV axis ( ): Visual vs. Textual Context (cross-modal)

LLaVA-1.5
Qwen-VL

Figure 1: CHAIRI of LLaVA-1.5 and Qwen-VL un-
der VFV and MRV interventions. This reveals three
phenomena: (i) steering toward more image context on
either CPV may instead exacerbate hallucinations; (ii)
the response slopes across the two CPVs can take op-
posite signs within the same model; (iii) on the same
CPV, different models exhibit divergent trends.

eration (e.g., detailed captioning): as the genera-
tion length grows, the model progressively drifts
away from visual evidence and hallucinations ac-
cumulate (Zheng et al., 2025; Zhou et al., 2024).
In the literature, given the prohibitive cost of re-
training and alignment fine-tuning, training-free
inference-time intervention has emerged as an at-
tractive route.

However, several representative inference-time
mitigation methods (e.g., PAI (Liu et al., 2024b),
AttnReal (Tu et al., 2025), and VCD (Leng et al.,
2024)) build on a common visual-neglect hypoth-
esis: hallucinations arise partly from insufficient
reliance on visual evidence and excessive reliance
on textual priors. They therefore encourage the
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model to pay more attention to the image through
various interventions, regardless of the base model.
Yet the gains of these methods are inconsistent
across base models, suggesting that visual neglect
alone is an incomplete characterization of the rea-
son for MLLM hallucination.

This paper offers a systematic re-examination of
this consensus. We argue that the image input, as
a context, simultaneously competes against two se-
mantic signals inside the model: the model’s para-
metric knowledge from pretraining and the textual
context formed jointly by the textual instruction
and the generation history. However, prior work
has not examined how these two competitions
jointly shape hallucinations. Based on this char-
acterization, we decouple visual preference along
two distinct competing dimensions: the external-
vs-internal competition, and the cross-modal com-
petition between visual and textual context. We
accordingly construct two conflict-based sample
sets: counterfactual images that violate common-
sense and symmetric image-text conflict pairs. By
capturing the model’s MLP-sublayer outputs un-
der these conflicting inputs, we extract two se-
mantically distinct Context Preference Vectors
(CPVs): the Visual Fidelity Vector (VFV), which
captures the external-vs-internal preference, and
the Modality Reliance Vector (MRV), which cap-
tures the cross-modal preference (see §3.1).

Figure 1 reports the results of using the two
CPVs to perform visual-dependency interventions
on LLaVA-1.5 and Qwen-VL. We observe that: (i)
intervening toward more visual context does not
always reduce hallucinations, as witnessed by the
two ascending curves in the figure; (ii) on the same
model, the optimal sign of intervention on VFV
and MRV can be opposite, showing that their be-
havioral responses need not coincide; (iii) for the
same CPV, the sign of the positive response dif-
fers across models. These phenomena reveal not
only the incompleteness of the simplistic more vi-
sual, less hallucination assumption, but also the
heterogeneity of different models with respect to
different context preferences.

Based on the above observation, we find that
each model has, on both VFV and MRV, a
signed intervention setting that substantially re-
duces hallucinations. Therefore, we propose
Context-Preference Activation Steering (CAS),
a training-free inference-time framework. CAS
requires only a small set of task-irrelevant sam-
ples to extract VFV and MRV within minutes.

In inference, it injects signed residuals into the
MLP-sublayer outputs, before residual addition,
at four mid-early layers, with lightweight model-
and task-specific calibration of the signed coef-
ficients. Experiments on mainstream base mod-
els and benchmarks show that CAS substantially
mitigates hallucinations without requiring an addi-
tional forward pass per decoding step, with neg-
ligible decoding overhead while maintaining the
reported captioning-quality and repetition metrics.
We release the implementation, evaluation scripts,
and 161 context-conflict samples to support repro-
ducibility.

The main contributions are summarized as fol-
lows:

• A decoupled characterization of MLLM vi-
sual preference. We identify an incomplete-
ness in prior work’s characterization of vi-
sual preference, decouple it into two seman-
tically distinct Context Preference Vectors
(CPVs), namely VFV (external-vs-internal)
and MRV (cross-modal), and experiments re-
veal the intrinsic heterogeneity of different
models in visual-preference responses and
the divergence between the two CPVs’ behav-
ioral responses.

• The CAS framework. We propose Context-
Preference Activation Steering (CAS),
a training-free inference-time intervention
framework. CAS first extracts the two CPVs
from a small set of conflict-based samples
by associating candidate-answer preferences
with the model’s MLP-sublayer outputs be-
fore residual addition. In inference, it in-
jects signed CPV residuals at the same sites
in intermediate MLLM layers. CAS requires
no parameter updates and uses the same ex-
traction procedure across models, followed
by lightweight calibration of its signed coeffi-
cients.

• Systematic empirical evaluation and anal-
ysis. Extensive experiments on different
base models and benchmarks verify that CAS
efficiently mitigates MLLM hallucinations
while avoiding the repetitive degeneration of
some decoding-based intervention methods.
We further find that different MLLM layer
bands respond markedly differently to the
two CPVs. This offers a new analytical per-
spective on how multimodal models process
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visual-linguistic semantic conflicts.

2 Related Work

2.1 Training-based Hallucination Mitigation
A straightforward approach to mitigating MLLM
hallucinations is to construct hallucination-related
preference data and perform alignment training
on the model. DPO-based methods form prefer-
ences between faithful and hallucinated responses
to suppress hallucinations. Recent object-aware
and perception-enhanced DPO variants further ex-
tend this line by incorporating hallucination-aware
preference construction and multimodal percep-
tion priors (Compagnoni et al., 2025; Feng et al.,
2026). For example, Re-Align (Xing et al., 2025)
constructs dual text-visual preference pairs via im-
age retrieval and fine-tunes VLMs with retrieval-
augmented DPO; RLHF-V (Yu et al., 2024) brings
RLHF ideas into MLLM hallucination mitigation
by collecting segment-level fine-grained correc-
tional feedback and performing behavioral align-
ment via Dense DPO. These methods yield stable
gains but require large preference datasets and sub-
stantial training resources. Besides, aligned mod-
els sometimes underperform the original VLM on
general tasks (Xing et al., 2025), and the coarse-
grained preferences of standard RLHF are prone
to reward hacking and behavior degeneration (Yu
et al., 2024). Consequently, even with substantial
human correction and computational resources,
training-based methods struggle to suppress hallu-
cinations without compromising general capabil-
ity.

2.2 Training-free Mitigation
Beyond alignment training, a complementary fam-
ily of methods mitigates hallucinations primar-
ily through inference-time procedures, although
some approaches learn lightweight auxiliary com-
ponents while keeping the base VLM fixed. We
review three sub-classes below.

2.2.1 Detect-then-Correct Workflows
These methods construct detect-then-correct post-
hoc workflows that perform multi-stage review
and rewriting of generated outputs. LURE (Zhou
et al., 2024) trains a hallucination revisor that takes
the original caption, localizes hallucinated objects,
and rewrites them into faithful descriptions. Wood-
pecker (Yin et al., 2024) further decomposes detec-
tion and correction into five stages, sequentially in-
voking external VLMs to complete sub-tasks such

as key concept extraction, visual claim verifica-
tion, and text rewriting. These post-hoc revisors
can be attached to a frozen base VLM at inference
time, but their sequential use of external VLMs
and detectors introduces substantial latency and
computational overhead. REVERSE instead com-
bines hallucination-aware training with on-the-fly
retrospective verification and resampling, allow-
ing the model to revise unsupported generations
during decoding (Wu et al., 2025); it therefore rep-
resents a train-then-verify approach rather than a
purely plug-and-play post-hoc corrector.

2.2.2 Retrospection and Layer-Contrastive
Decoding

These methods assume that the model already
encodes implicit signals of relative faithfulness,
which can be detected and exploited during decod-
ing to suppress hallucinations. OPERA (Huang
et al., 2024) detects an ’over-trust’ attention pat-
tern during beam search and backtracks to res-
elect tokens. DoLa (Chuang et al., 2024) con-
trasts vocabulary distributions from different lay-
ers, whereas DeCo (Wang et al., 2025) dynami-
cally selects preceding layers and integrates their
vocabulary-projected knowledge into the final-
layer logits. Recent work further develops this
line through learned positive and negative image
projections in DCD and attention-steerable con-
trastive signals in ASCD (Chen et al., 2025; Wang
et al., 2026). DCD requires learning lightweight
auxiliary projections and is therefore not strictly
training-free, although its contrastive correction is
applied at decoding time. Complementary work
uses gradient-aware token saliency and rejection
sampling to detect and suppress impending hallu-
cinations (Zhang et al., 2026). However, retrospec-
tion and layer-aware decoding can disrupt stream-
ing output, incur additional inference overhead, or
be sensitive to the choice of layers; strong layer
contrast may also induce repetitive degeneration.

2.2.3 Methods under the Visual-Neglect
Hypothesis

Within this family, methods build on the hypoth-
esis that hallucinations stem from visual neglect
and encourage models to pay more attention to
the image by enhancing reliance on visual sig-
nals or suppressing textual priors. More broadly,
inference-time activation steering builds on evi-
dence that behavioral attributes can be identified
and controlled through directions in internal rep-
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resentation space (Li et al., 2023a; Turner et al.,
2023; Zou et al., 2023). On the decoding side,
VCD (Leng et al., 2024) contrasts the output logits
of the original image against those of a Gaussian-
noised image to suppress residual linguistic pri-
ors that persist after visual degradation. On the
forward-pass side, PAI (Liu et al., 2024b) ampli-
fies the attention weights of image tokens, com-
plemented by contrastive logits from text-only in-
put. AttnReal (Tu et al., 2025) redistributes the ex-
cessive attention accumulated on historical tokens
back to visual tokens. DMAS (Yin et al., 2026)
injects dynamically retrieved steering vectors into
deep-layer attention heads; SSL (Hua et al., 2025)
leverages a pretrained sparse autoencoder to ap-
ply predefined faithful and hallucination feature
vectors to visual and output tokens; V-ITI (Sun
et al., 2025) trains per-head linear classifiers to
detect visual neglect and selectively inject visual
signals. Other work extends this line with caption-
sensitive attention intervention and adaptive visual
reinforcement strategies (Li et al., 2025; Zhu et al.,
2026).

Despite the success of these methods, there re-
main some limitations: (i) the assumption that
amplifying visual signals suffices to reduce hal-
lucinations overlooks the behavioral heterogene-
ity across different base models, resulting in lim-
ited hallucination reduction on some models; (ii)
strong interventions may lead to repetitive de-
generation, as shown in our experiments (§4.2);
(iii) the extraction of steering signals in existing
activation-steering methods often relies on exter-
nal models or pretrained resources.

Unlike previous methods, CAS introduces a de-
coupled view of visual preference and injects two
signed CPVs, allowing the intervention to follow
different base models’ empirical responses. The
CPVs can be extracted within minutes and require
only a small amount of context-conflict data. CAS
operates within the model’s standard autoregres-
sive forward pass, without an additional forward
pass per decoding step, and targets only the MLP-
sublayer outputs before residual addition at four
mid-early layers, achieving high efficiency while
avoiding the repetitive degeneration observed for
several baselines.

3 Methodology

We propose Context-Preference Activation
Steering (CAS) (Figure 2), a training-free

framework for mitigating MLLM hallucinations.
CAS consists of two components: (i) Extracting
Context Preference Vectors (ğ3.1); (ii) Signed
Activation Steering (ğ3.2).

3.1 Extracting Context Preference Vectors
We decouple visual preference into two axes: the
visual context with the parametric knowledge and
with the textual context, i.e., external-vs-internal
and cross-modal.

Setup I: Counterfactual Image Construction.
To extract the Visual Fidelity Vector (VFV) that
captures the visual context vs. parametric knowl-
edge preference, we construct a set of counterfac-
tual images that violate commonsense. Each sam-
ple takes the form (Icf , q, y

+, y−), where Icf is the
counterfactual image, q is the question, y+ corre-
sponds to the image content, and y− corresponds
to commonsense knowledge. Thus, the model’s
choice over (y+, y−) directly reflects its relative
preference between the visual context and para-
metric knowledge.

Setup II: Symmetric Image-Text Conflict Pairs.
To extract the Modality Reliance Vector (MRV)
that captures the visual context vs. textual con-
text preference, we first select a pair of equally
weighted but semantically distinct candidate an-
swers (A,B) (e.g., apple vs. orange; blue vs.
green). To eliminate the interference caused by
any prior preference of the model toward one spe-
cific answer (i.e., the residual influence of para-
metric knowledge), we construct two symmetric
image-text subsets:

Sa = {(IA, qB, y+ = A, y− = B)}, (1)

Sb = {(IB, qA, y+ = B, y− = A)}, (2)

where IX denotes an image whose content is X ,
and qX denotes a text prompt whose content is
X . Since the answers favoring visual evidence
and those favoring the textual context are flipped
between Sa and Sb, jointly fitting the two sub-
sets helps reduce biases associated with answer-
specific token frequencies. This symmetric de-
sign therefore encourages the fitted MRV to reflect
cross-modal preference rather than vocabulary-
frequency artifacts.

The detailed data construction of the two sam-
ple sets is provided in Appendix D.

Context Preference Vectors Extraction. The
two setups share the same extraction procedure.
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Figure 2: Overview of the CAS framework. Left: Extracting Context Preference Vectors (offline). Construct
two types of context-conflict setups, read the layer-l MLP-sublayer output before residual addition together with
the first-token logit difference pref , and obtain v

(l)
vfv (VFV) and v

(l)
mrv (MRV) via layer-wise ridge regression. Right:

Activation Steering (online inference). At inference, we apply an additive residual γ(t) · (α v
(l)
vfv +β v

(l)
mrv) only to

the MLP-sublayer outputs, before residual addition, of the mid-early layers L11–14, where α, β are signed-strength
coefficients and γ(t) is the position-wise gate given by the Tempered Position Prior.

We choose the MLP-sublayer outputs as the extrac-
tion site, motivated by prior evidence that Trans-
former MLP sublayers represent and mediate fac-
tual associations (Geva et al., 2021; Meng et al.,
2022). For each sample, we let the MLLM autore-
gressively generate the answer, locate the earliest
occurrence of y+ or y− within the generated token
sequence, and record the position of its first token
as t⋆. At the preceding position t⋆−1, we read the
next-token logits ℓ ∈ R|V | that predict the token at
t⋆, and define the continuous preference signal.

pref = max
i∈T +

ℓi − max
j∈T −

ℓj , (3)

where T + is the set of first-token candidates for
the answer y+ aligned with the visual context, and
T − is the set of first-token candidates for the an-
swer y− aligned with the opposing context (para-
metric knowledge or textual context), with case
and leading-space variants included. At the same
position t⋆ − 1, we record the output ml ∈ Rd of
the MLP sublayer before it is added to the residual
stream at every layer l, and perform a per-layer ℓ2-
regularized ridge regression

min
wl,bl

∑

s

(
prefs −w⊤

l m
(s)
l − bl

)2
+ λ∥wl∥2, (4)

where samples whose behavioral signal is weak
(|pref| < ϵ) are uniformly removed before fit-
ting. The weight vector wl ∈ Rd obtained inde-
pendently at each layer yields the corresponding
Context Preference Vector: the weight fitted on
Setup I is denoted v

(l)
vfv (VFV); the weight jointly

fitted over the two halves Sa ∪ Sb of Setup II is
denoted v

(l)
mrv (MRV).

Layer localization. We use zero-based layer in-
dexing throughout the paper. We fix both CPV
extraction and residual injection to the mid-early
MLP layers L11–14; this band is determined by
the layer-wise attribution experiments reported in
ğ4.5.

3.2 Signed Activation Steering
At inference, CAS formalizes the intervention as
a signed residual injection within the standard
autoregressive forward pass, requiring no addi-
tional forward pass at each decoding step. For a
target layer l ∈ {11, 12, 13, 14} and a generation
step t,

m̂
(t)
l = m

(t)
l + γ(t)·

(
α v

(l)
vfv + β v

(l)
mrv

)
, (5)

where α and β are the signed strength coefficients
of VFV and MRV, respectively, and γ(t) is the
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position-wise temporal gate. The modified MLP-
sublayer output m̂(t)

l is subsequently added to the
residual stream by the original Transformer layer.
During prefill, the intervention is applied to the
last prompt token. During decoding, it is triggered
once per newly generated token.

Tempered Position Prior (TPP) In long-form
generation, the hallucination rate varies markedly
with decoding time, i.e., later positions are increas-
ingly prone to drifting away from the visual ev-
idence (Zheng et al., 2025; Zhou et al., 2024).
To trade off intervention strength against caption-
level F1 or coverage, we optionally couple the in-
tervention strength to a position-level hallucina-
tion probability, assigning stronger interventions
to high-risk positions. Specifically, we estimate
the prior hallucination probability of each posi-
tion on a separate calibration set by calculating the
fraction of hallucinated object tokens generated
by the base model at each position. Because the
per-token statistic exhibits high variance and adja-
cent positions are intrinsically correlated, we ap-
ply variable-length position bucketing (details in
Appendix K) to aggregate neighboring positions
and suppress random noise, yielding a per-bucket
hallucination fraction Pb. Then, we apply a power
transform with temperature T to obtain the bucket
coefficient:

cb =
(
Pb / max

b′
Pb′

)1/T
, b ∈ B. (6)

T > 1 raises the low-bucket coefficients (mak-
ing buckets more uniform); T = 1 recovers the
original distribution. Generative tasks may take
γ(t) = cb(t) as the dynamic temporal gate, while
discriminative tasks, which output only a single to-
ken without autoregressive drift, set γ(t) ≡ 1. To
isolate the independent impacts of the steering di-
rections, we set γ(t) ≡ 1 in the per-CPV and layer
ablations. The position dependence of cb is fit on
the calibration set. The full calibration protocol,
TPP ablation, bucket boundaries, and other details
are provided in Appendices F, G, and K.

4 Experiments

4.1 Experimental Setup

Models. We evaluate CAS on four open-
source MLLMs: LLaVA-1.5 (Liu et al., 2024a),
Shikra (Chen et al., 2023), Qwen-VL (Bai et al.,
2023), and InstructBLIP (Dai et al., 2023). These

models differ in cross-modal fusion design, allow-
ing us to assess the cross-architecture applicability
of CAS.

Benchmarks. We cover both generative and
discriminative hallucination evaluations. Gener-
ative: (1) CHAIR (Rohrbach et al., 2018), on
500 MS COCO (Lin et al., 2014) images for de-
tailed captioning, reporting CHAIRS , CHAIRI ,
and F1; (2) AMBER (Wang et al., 2024) gener-
ative split (1,004 images), reporting Hal, CHAIR,
Cog, and Cover. Discriminative: (3) POPE (Li
et al., 2023b), with 3,000 questions in each of the
random / popular / adversarial subsets, reporting
Acc and F1.

Baselines. We compare vanilla greedy decod-
ing against eight training-free methods, ordered
by publication date: DoLa (Chuang et al., 2024),
VCD (Leng et al., 2024), OPERA (Huang et al.,
2024), PAI (Liu et al., 2024b), CODE (Kim et al.,
2024), DeCo (Wang et al., 2025), AttnReal (Tu
et al., 2025), and SSL (Hua et al., 2025). All meth-
ods follow their original recommended configura-
tions.

Text-quality metrics. Some baselines exhibit
repetitive generation (representative cases in Ap-
pendix L). Such repetition is not penalized by
CHAIR / Hal / F1; worse, because CHAIRI is
counted at the token-instance level without dedu-
plication, repeated GT-grounded objects deflate
its denominator. We therefore additionally report
Rep (n-gram repetition rate) for generative tasks.
Definitions are provided in Appendix K.

CAS configuration. CAS injects signed residu-
als into the MLP-sublayer outputs before residual
addition at layers L11–14 within each standard au-
toregressive forward pass, requiring no additional
forward pass per decoding step. Full hyperparam-
eter configurations are listed in Appendix E.

Decoding & hardware. All methods use
greedy decoding to eliminate sampling variance,
with max_new_tokens=512 for CHAIR / AMBER
and 64 for POPE. All experiments are conducted
on a single NVIDIA RTX 3090. Prompt templates
for each benchmark are listed in Appendix K.

4.2 Generative Hallucination
CHAIR results are shown in Table 1. CAS at-
tains the lowest or tied-lowest CHAIRS on all base
models, reducing CHAIRS relative to vanilla by
37.8% / 27.9% / 25.2% / 31.6% on LLaVA-1.5
/ Shikra / Qwen-VL / InstructBLIP, respectively.
DoLa, OPERA, PAI, AttnReal, and SSL exhibit
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Method LLaVA-1.5 Shikra Qwen-VL InstructBLIP
CHAIRS ↓ CHAIRI ↓ Rep CHAIRS ↓ CHAIRI ↓ Rep CHAIRS ↓ CHAIRI ↓ Rep CHAIRS ↓ CHAIRI ↓ Rep

Vanilla 57.6 17.79 1.7 61.0 18.58 0.4 50.8 15.00 0.6 52.6 16.83 4.4
DoLa 74.4 27.23 9.4 50.6 16.78 285.7 53.6 16.71 0.2 73.0 33.54 38.3
VCD 57.6 18.82 2.0 64.0 19.49 0.2 51.0 14.99 0.5 54.8 17.44 4.8
OPERA 70.4 22.21 66.3 57.4 21.37 17.7 52.0 21.62 0.0 59.6 20.29 0.2
PAI 37.4 10.13 27.2 49.6 14.84 1.7 – – – – – –
CODE 51.8 16.90 1.1 62.2 19.24 0.9 53.6 16.84 0.6 52.2 17.41 3.6
DeCo 46.2 14.10 5.0 54.0 16.06 0.6 45.4 13.16 1.1 45.4 14.49 9.8
AttnReal 45.4 13.97 8.4 60.4 17.34 1.1 49.0 13.30 1.6 47.8 14.93 19.2
SSL 44.8 15.53 7.6 – – – – – – 48.0 15.74 5.6
CAS 35.8 12.21 0.8 44.0 13.56 0.6 38.0 12.19 1.4 36.0 13.01 3.8

Table 1: CHAIR results. CHAIRS / CHAIRI lower is better. Rep (×10−3); Rep ≥ 3× Vanilla highlighted in red.
Best CHAIRS / CHAIRI per model in bold, second best underlined. “–” indicates the method is not available for
that base model. Full results including F1 and TTR are reported in Appendix I (Table 15).

Model Method Hal↓ CHAIR↓ Cog↓ Cover↑ Rep

LLaVA-1.5

Vanilla 31.1 7.7 3.6 49.4 0.5
VCD 36.2 8.7 3.9 50.4 0.5
PAI 23.2 4.4 1.6 50.5 29.0
AttnReal 26.0 5.3 2.4 50.2 4.9
SSL 31.6 8.3 3.4 44.2 0.4
CAS 17.2 4.4 1.6 46.7 0.1

Shikra

Vanilla 48.5 10.8 5.5 51.4 0.3
VCD 50.0 10.7 4.9 52.3 0.2
PAI 21.4 8.2 1.9 33.5 1.4
AttnReal 43.3 8.7 4.3 51.7 0.5
CAS 34.2 7.6 2.9 50.5 0.1

Qwen-VL

Vanilla 29.6 6.3 2.6 53.3 0.2
VCD 37.5 8.8 3.4 50.8 0.2
AttnReal 25.9 5.3 2.1 54.2 0.7
CAS 23.5 5.3 1.8 50.2 0.5

InstructBLIP

Vanilla 35.3 8.1 3.7 53.8 2.3
VCD 39.1 8.3 3.7 54.2 2.1
AttnReal 30.5 5.7 2.9 54.3 27.2
CAS 28.8 6.1 2.8 51.9 2.6

Table 2: AMBER generative results. Hal / CHAIR
/ Cog lower is better (↓); Cover higher is better (↑).
Rep (×10−3); Rep values ≥ 3× Vanilla and abnormal
Cover collapses are highlighted in red. Cover / Rep
are reported as reference and are otherwise not empha-
sized; bold marks best per column among the three hal-
lucination metrics (Hal / CHAIR / Cog), second best
underlined.

red-flagged Rep values on multiple base models,
indicating visible repetitive degeneration, whereas
CAS’s Rep stays on the order of vanilla. Full re-
sults (including F1 and TTR) are reported in Ap-
pendix I, where CAS’s F1 is no lower than vanilla
on any base model; length-aligned CHAIR results
are reported in Appendix C.

AMBER results are shown in Table 2. CAS
attains the lowest Hal on LLaVA, Qwen, and In-
structBLIP, with a modest decrease in Cover; rela-
tive to vanilla, CAS reduces Hal by 44.7% / 20.6%
/ 18.4% on the three models. On Shikra, PAI at-
tains a lower Hal but its Cover collapses by 34.8%
(51.4 → 33.5, red); CAS instead reduces Hal by
29.5% while preserving Cover.

Table 3: POPE results (averaged over random / popu-
lar / adversarial subsets). Best per column within each
model in bold, second best underlined. “–” indicates
the method is not available for that base model. Per-
subset breakdown in Appendix J (Table 16).

LLaVA-1.5 Shikra

Method Acc↑ F1↑ Acc↑ F1↑
Greedy 85.17 83.49 77.21 80.23
DoLa 77.78 75.12 63.30 70.28
VCD 84.37 83.22 74.13 78.46
OPERA 85.26 83.63 76.98 79.42
PAI 85.17 83.83 78.37 75.26
CODE 85.04 83.29 78.50 80.82
DeCo 85.17 83.49 70.44 76.18
SSL 84.94 83.11 – –
CAS (ours) 86.58 86.11 78.57 81.20

Qwen-VL InstructBLIP

Method Acc↑ F1↑ Acc↑ F1↑
Greedy 87.67 87.10 76.42 79.51
DoLa 81.83 84.20 56.16 60.87
VCD 87.33 87.20 75.08 78.14
OPERA 86.25 87.13 69.23 72.90
CODE 87.31 87.12 77.06 79.72
DeCo 87.65 87.12 76.80 79.69
SSL – – 78.77 81.02
CAS (ours) 87.84 87.53 84.69 84.74

4.3 Discriminative Hallucination

POPE results are shown in Table 3 (averaged over
the three subsets; per-subset breakdown in Ap-
pendix Table 16). CAS attains the top average Acc
and F1 on all four models, improving F1 on In-
structBLIP by 6.6% relative to vanilla. In the per-
subset results, PAI’s F1 on Shikra drops by 6.5% /
4.4% relative to vanilla on the popular / adversar-
ial subsets, whereas CAS is no lower than vanilla
on any (base model, subset) pair.

4.4 Per-model response to VFV and MRV

The intensity coefficients α and β of CAS are two
signed scalars. Figure 3 reports VFV-only and
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Figure 3: CHAIRI under VFV-only and MRV-only
intervention. Each subplot corresponds to one base
model and reports CHAIRI across signed intensities
α (VFV) and β (MRV); the dashed line marks that
model’s vanilla CHAIRI . Full numbers are in Ap-
pendix Tables 7 and 8.

MRV-only sweeps on the four base models (with-
out positional priors). Models respond to VFV
and MRV in markedly different ways: the four
models already exhibit three distinct response pat-
terns. More visual emphasis does not automati-
cally lower hallucination; nevertheless, for every
model both VFV and MRV admit signed settings
that bring CHAIRI below vanilla, and some mod-
els are particularly sensitive to one of the two.
CAS exploits this per-model response to substan-
tially reduce hallucination (full numbers in Ap-
pendix Tables 7 and 8).

VFV and MRV are geometrically non-
redundant. Since both VFV and MRV concern
vision, we further investigate whether they are
redundant estimates of the same underlying
preference. We compute cos(v

(l)
vfv, v

(l)
mrv) on the

intervention layers (L11–14) of four base models.
All 16 values fall within [−0.06, +0.11], with
mean | cos | ≈ 0.033, matching the order of
magnitude expected of two random vectors in
R4096. Thus, in the examined layers, the fitted
VFV and MRV directions are nearly orthogonal
and are not simple geometric duplicates.

Random and shuffled-label controls. The
learned CPVs outperform norm-matched random
and shuffled-label controls (Table 4), showing
that the gains do not arise from residual injection

Direction CHAIRS ↓ CHAIRI ↓ Rep

Vanilla 57.6 17.79 1.7
VFV 48.2 15.24 2.2
Random VFV 54.6 17.13 3.2
Shuffled-label VFV 59.4 19.05 4.9
MRV 36.6 12.54 1.0
Random MRV 48.8 15.45 0.8
Shuffled-label MRV 55.8 15.82 12.1

Table 4: Direction controls for LLaVA-1.5 on CHAIR.
Random vectors are norm-matched; shuffled-label vec-
tors use permuted preference targets. All interventions
use L11–14 without TPP, with α=−1 for VFV and
β=+1 for MRV. Rep is reported in units of 10−3.

alone.

4.5 Layer Analysis

To verify the choice of intervention layers, we
place the same CPVs into different four-layer win-
dows for LLaVA-1.5 on CHAIR. To amplify the
differences between windows, we use stronger
fixed intensities (MRV β=+2, VFV α=−2). As
shown in Table 5, the two CPVs follow a consis-
tent pattern across windows: within the windows
we sweep, the mid-early band L11–14 is the only
band that is both effective and stable; from L16
onward the effect returns to the vanilla level and
is essentially null; at the shallow layers L1–4 and
L6–9, both MRV and VFV trigger severe degen-
eration and diverge into runaway repetition. We
therefore fix the intervention at L11–14 in all ex-
periments.

5 Conclusion

This paper challenges the prevailing assumption
that MLLM object hallucinations stem solely from
visual neglect. Our intervention results show that
increasing visual reliance can unexpectedly ex-
acerbate hallucinations and are consistent with a
model-dependent balance among image context,
parametric knowledge, and textual context. By de-
coupling visual preference into two distinct dimen-
sions, represented by the Visual Fidelity Vector
(VFV) and the Modality Reliance Vector (MRV),
we introduce Context-Preference Activation Steer-
ing (CAS), a lightweight training-free framework
for adjusting information reliance during infer-
ence. By injecting signed residuals of these vec-
tors into the MLP-sublayer outputs before resid-
ual addition at four mid-early layers within the
standard autoregressive forward pass, CAS adapts
to each model’s empirical context-preference re-
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Window CPV CHAIRS ↓ CHAIRI ↓

L1–4 MRV degenerate, Rep ≈ 575×
VFV degenerate, Rep ≈ 587×

L6–9 MRV degenerate, Rep ≈ 278×
VFV degenerate, Rep ≈ 280×

L11–14 (selected) MRV 18.8 9.21
VFV 35.4 11.36

L16–19 MRV 58.8 18.35
VFV 56.4 18.04

L21–24 MRV 56.8 17.33
VFV 55.8 17.75

L26–29 MRV 55.8 18.19
VFV 57.2 18.23

vanilla 57.6 17.79

Table 5: Layer ablation. Effect of MRV (β=+2) and
VFV (α=−2) interventions across different four-layer
windows on LLaVA-CHAIR. CHAIRS / CHAIRI

lower is better. Degenerate rows are marked in the
CHAIR columns as “Rep N×”, where N is the Rep
multiplier relative to vanilla. The selected window
L11–14 is in bold.

sponse without requiring an additional forward
pass per decoding step. Evaluations across four
7B-scale MLLMs and three benchmarks show that
CAS substantially suppresses hallucinations with
negligible decoding overhead while maintaining
the reported F1, lexical-diversity, and repetition
metrics. A preliminary experiment on LLaVA-1.5-
13B further supports transfer beyond the primary
7B setting. We hope that treating visual prefer-
ence as a per-model control signal rather than a
uniform more-visual intervention provides a use-
ful perspective for inference-time MLLM mitiga-
tion.

Limitations

Although Context-Preference Activation Steering
(CAS) demonstrates empirical effectiveness in
mitigating hallucinations in Multimodal Large
Language Models (MLLMs), several limitations
remain. First, our evaluation primarily focuses on
object hallucination; effectiveness on attribute er-
rors, spatial and logical relation errors, and more
complex multimodal reasoning hallucinations has
not been systematically verified. Second, the main
experiments use four 7B-scale models. We addi-
tionally report a preliminary transfer experiment
on LLaVA-1.5-13B, but this single result is insuffi-
cient to establish broad generalization to larger or
more recent architectures. The optimal interven-

tion window may also shift in substantially deeper
models. Third, CAS requires lightweight model-
and task-specific calibration of the signed steering
coefficients, and some generative settings addition-
ally use a calibrated position prior; it is therefore
not a zero-calibration method. Furthermore, limi-
tations in the fidelity and diversity of the generated
conflict samples may introduce visual or textual bi-
ases into the extracted vectors. Finally, our inter-
ventions establish empirical directional effects but
do not constitute a complete mechanistic or causal
explanation of hallucination or multimodal feature
fusion.
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A Inference Latency

We measure the per-token decoding latency of
each method on LLaVA-1.5; results are reported
in Table 6. CAS performs only an additive resid-
ual on the MLP-sublayer outputs, before residual
addition, at four mid-early layers within the stan-
dard autoregressive forward pass, with no addi-
tional forward pass per decoding step and no con-
trastive decoding. Its per-token latency is there-
fore close to vanilla and substantially lower than
double-forward methods (PAI / VCD / CODE) and
multi-step search methods (OPERA).

Method Per-token Latency (ms) std

Vanilla 29.65 ±2.76
CAS (ours) 28.09 ±1.05
SSL 28.49 ±1.05
DoLa 33.68 ±1.40
AttnReal 35.08 ±2.56
DeCo 40.97 ±1.22
PAI 56.35 ±1.33
VCD 56.04 ±1.10
CODE 113.05 ±12.33
OPERA 464.03 ±385.38

Table 6: Per-token decoding latency (ms) on the
LLaVA-1.5 setting. The only extra cost of CAS comes
from one additive residual at each selected mid-early
MLP-sublayer output before residual addition, yielding
latency of the same order as vanilla.

B Per-CPV Sweeps: MRV-only and
VFV-only on Four Models

For each of the four base models, we sweep MRV-
only (α=0, varying β) and VFV-only (β=0, vary-
ing α). Full results are reported in Tables 7
and 8. Three observations follow. (i) For each base
model, both VFV and MRV admit signed settings
that bring CHAIRS below vanilla. (ii) The bene-
ficial sign combination (α, β) varies across base
models; at least three distinct sign patterns there-
fore coexist across the four base models. (iii) Ex-
treme intensities can cause repetitive degeneration;
nevertheless, for every base model there exists an
intensity at which the CPV substantially reduces
hallucination without such degeneration, and CAS
operates within this regime.
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Model β CHAIRS ↓ CHAIRI ↓ Rep

LLaVA-1.5

−2 degenerate 828.2
−1 67.8 19.14 12.7
0 57.6 17.79 1.7

+1 36.6 12.54 1.0
+2 18.8 9.21 2.6

Shikra

−2 68.9 22.34 1.6
−1 65.8 19.89 0.6
0 61.0 18.58 0.4

+1 55.2 15.93 0.3
+2 44.0 13.56 0.7

Qwen-VL

−2 21.0 7.09 2.5
−1 41.0 12.94 1.1
0 50.8 15.00 0.6

+1 53.8 16.43 0.7
+2 degenerate 29.8

InstructBLIP

−2 degenerate 110.1
−1 38.4 14.28 12.6
0 52.6 16.83 4.4

+1 49.4 15.73 3.8
+2 50.0 15.06 5.8

Table 7: MRV-only sweep (α=0, CHAIR, no position
prior). Rep is reported in units of 10−3; values ≥ 3×
the vanilla row (β=0) of each model are highlighted in
red.

C Length-aligned CHAIR

We truncate both CAS and vanilla captions to the
first 64 tokens and recompute CHAIR. Table 9
shows that under this equal-budget setting, CAS’s
CHAIRS is substantially lower than vanilla on
all four base models, while F1 is no lower than
vanilla; this confirms that CAS’s hallucination re-
duction also holds under shorter, length-aligned
captions.

D CPV Sample Construction

CAS extracts both CPVs from on the order of
one hundred samples (Table 10), far below the
thousands-to-tens-of-thousands of prompts typi-
cally required by contrastive decoding or align-
ment fine-tuning. This data efficiency stems from
the paradigm design rather than from any re-
leased dataset: context-conflict samples provide
a high-SNR differential signal in the latent space
(each sample carries its own (y+, y−) candidate
pair, and the symmetric image–text conflict pairs
further cancel token-frequency bias via symmet-
ric flipping), so ridge regression converges stably
with on the order of one hundred samples. We
do not claim that these samples constitute a high-
quality dataset; on the contrary, as discussed in
Limitations, the images of the symmetric image–
text conflict pairs are generated by a 4 GB-scale

Model α CHAIRS ↓ CHAIRI ↓ Rep

LLaVA-1.5

+2 degenerate 121.3
+1 53.0 18.10 1.5
0 57.6 17.79 1.7

−1 48.2 15.24 2.2
−2 35.4 11.36 5.3

Shikra

+2 68.2 20.26 0.5
+1 64.0 19.64 0.7
0 61.0 18.58 0.4

−1 53.6 16.34 0.7
−2 44.6 14.78 0.2
−3 36.8 11.09 0.4

Qwen-VL

+3 degenerate 10.6
+2 41.8 13.24 2.7
+1 48.2 14.53 1.2
0 50.8 15.00 0.6

−1 50.6 15.41 0.6
−2 49.8 15.61 0.8

InstructBLIP

+2 59.6 18.19 8.5
+1 58.6 17.79 5.9
0 52.6 16.83 4.4

−1 40.0 13.28 3.5
−2 32.6 11.27 5.7

Table 8: VFV-only sweep (β=0, CHAIR, no position
prior). Rep is reported in units of 10−3; values ≥ 3×
the vanilla row (α=0) of each model are highlighted in
red.

SD 1.5 model and are of limited quality. The core
contribution is the paradigm of context-conflict
samples combined with cross-symmetric subtrac-
tion, not the released samples themselves.

Prompts and candidate answers. All
(q, y+, y−) triples (i.e., a question template
paired with two candidate answers) are first
drafted in a single LLM call and then verified
manually. They cover more than ten common-
sense concepts including color, material, shape,
and counting; different samples within the same
concept share the same question template with the
specific object swapped, and the concept serves as
the cross-validation grouping unit (samples of the
same concept do not cross folds).

Counterfactual image generation. The
counterfactual-image samples require images
that violate commonsense (e.g., a blue banana),
which places a relatively high demand on the T2I
model’s text faithfulness: smaller T2I models tend
to self-correct the color back to the commonsense
value. We therefore use the commercial-grade
Qwen-Image-2.0 to generate the 51 images.

Symmetric image–text conflict pair generation.
The symmetric image–text conflict pairs only re-
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Model Method CHAIRS ↓ CHAIRI ↓ F1 ↑

LLaVA-1.5 Vanilla 43.4 13.51 74.76
CAS 30.8 10.72 75.09

Shikra Vanilla 41.8 14.17 70.94
CAS 32.0 10.43 74.08

Qwen-VL Vanilla 30.4 9.80 73.84
CAS 28.4 9.95 74.78

InstructBLIP Vanilla 38.6 12.76 73.33
CAS 28.2 9.97 73.31

Table 9: Length-aligned CHAIR. CHAIRS / CHAIRI

(lower is better) and F1 (higher is better) recomputed
after truncating all captions to the first 64 tokens. The
best value within each model is in bold.

Table 10: CPV sample counts. VFV is fitted alone on
the counterfactual-image samples; MRV is jointly fit-
ted on the two halves Sa ∪ Sb of the symmetric image–
text conflict pairs, where the opposite-sign pref of the
two halves automatically realizes cross-symmetric sub-
traction. Each sample carries a pair of first-token can-
didates (y+, y−), which together define a continuous
pref signal on that sample.

Setup Form Count

Counterfactual image (Icf, q, y
+, y−) 51

Symmetric conflict pair Sa (IA, qB , y
+=A, y−=B) 55

Symmetric conflict pair Sb (IB , qA, y
+=B, y−=A) 55

Total 161

quire images of plain and unambiguous objects
(e.g., pencil vs. pen), and the demand on T2I text
faithfulness is low. We therefore use the open-
source 4 GB-scale Stable Diffusion v1.5 to gener-
ate the 110 images, trading off resource cost. As
discussed in Limitations, MRV may therefore in-
herit some visual bias from SD 1.5. Re-extracting
MRV with a stronger T2I model is a direct im-
provement target for future work.

Sample construction and CPV fitting time.
Once the samples are ready, for each base model
we run a forward pass over the 161 samples, record
the MLP-sublayer output before residual addition
at the focus token, and perform per-layer ridge re-
gression. The entire pipeline finishes within a few
minutes on a single NVIDIA RTX 3090.

E Hyperparameter Configurations

Table 11 lists the hyperparameters per (base model,
task type) combination: VFV intensity α, MRV
intensity β, and the position-prior temperature T .
For generative tasks, the two values of T , sepa-
rated by a slash, correspond to CHAIR and AM-
BER, respectively. A “–” indicates that TPP is dis-

abled. We find that the best (α, β) often differ be-
tween generative and discriminative tasks within
the same base model; a plausible explanation is
that the two task types place different demands on
visual reliance: discriminative prompts explicitly
name the queried object, giving the model a clear
visual focus to locate, whereas generative caption-
ing is free-form and has no such focus. The inter-
vention layers are fixed at L11–14 across all base
models.

Model Task type α β T

LLaVA-1.5 Generative −2 +1 2 / 5
Discriminative +2 +1 –

Shikra All 0 +2 –

Qwen-VL Generative +1 −1 – / 7
Discriminative +1 +1 –

InstructBLIP Generative −2 0 1 / –
Discriminative −2 0 –

Table 11: CAS hyperparameters.

F Calibration Protocol

The 161 context-conflict samples in Appendix D
are used only to fit the CPVs. On a small
held-out calibration set disjoint from the evalua-
tion data, we scan each direction over the integer
grid {−2,−1,+1,+2}, discard settings that cause
repetitive degeneration, and retain settings that re-
duce hallucination without a material decrease in
F1. The intervention window L11–14, ridge coeffi-
cient λ = 1.0, weak-signal threshold ϵ = 0.1, and
five-fold group-aware cross-validation are fixed
across models.

TPP uses a single position prior estimated from
LLaVA-1.5 captions generated on a separate cal-
ibration set of 500 MS COCO images, with no
overlap with the 500-image CHAIR evaluation set.
The resulting prior is shared across all models and
tasks. Only the temperature varies across the gen-
erative settings in Table 11; discriminative tasks
use γ(t) = 1.

G Effect of the Tempered Position Prior

TPP is an optional trade-off mechanism rather than
a necessary component of the signed CPV inter-
vention. “Off” sets γ(t) = 1 at all decoding po-
sitions; “On” applies the calibrated bucket coeffi-
cient in Eq. 6. Tables 12 and 13 report the CHAIR
and AMBER ablations, respectively. In each case,
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all settings other than TPP are held fixed between
the on and off rows. Turning TPP off often yields
a larger reduction in hallucination, whereas en-
abling it recovers part of the caption-level F1 or
coverage. For settings in which this trade-off was
not beneficial, TPP remains disabled, as shown in
Table 11.

Model TPP CHAIRS ↓ CHAIRI ↓ F1↑

LLaVA-1.5
– (Vanilla) 57.60 17.79 75.20
Off 22.60 10.25 71.89
On 35.80 12.21 76.00

InstructBLIP
– (Vanilla) 52.60 16.83 72.90
Off 32.60 11.27 73.83
On 36.00 13.01 74.65

Table 12: TPP ablation on CHAIR. Only TPP is varied
within each model.

Model TPP Hal↓ CHAIR↓ Cog↓ Cover↑

LLaVA-1.5
– (Vanilla) 31.10 7.70 3.60 49.40
Off 16.50 4.50 1.00 45.00
On 17.20 4.40 1.20 46.70

Qwen-VL
– (Vanilla) 29.60 6.30 2.60 53.30
Off 23.40 6.00 1.60 48.60
On 23.50 5.30 1.80 50.20

Table 13: TPP ablation on AMBER. Only TPP is varied
within each model.

H Transfer to the 13B Scale

We additionally evaluate LLaVA-1.5-13B on
CHAIR by directly reusing the configuration se-
lected for LLaVA-1.5-7B, without any tuning on
the 13B model. As shown in Table 14, CAS re-
mains effective at the larger model scale while
maintaining generation quality.

Method CHAIRS ↓ CHAIRI ↓ F1↑ Rep

Vanilla 50.20 15.65 76.92 1.7
CAS 42.80 13.94 77.15 1.7

Table 14: LLaVA-1.5-13B results on CHAIR. CAS di-
rectly reuses the 7B configuration without additional
tuning. Rep is reported in units of 10−3.

I CHAIR Full Results

Table 15 reports the full CHAIR results including
F1 and TTR (the main paper Table 1 only reports
CHAIRS / CHAIRI / Rep). CAS’s F1 is no lower
than vanilla across all four base models, indicat-
ing that the CHAIR reduction does not come from
precision / recall trade-off; TTR remains close

to vanilla, confirming that lexical diversity is pre-
served.

J POPE Per-Subset Breakdown

Table 16 reports the full random / popular / adver-
sarial breakdown of the POPE results that appear
averaged in the main paper (Table 3).

K Implementation Details

CPV fitting.

• Ridge regression with λ = 1.0, solved in
closed form independently per layer.

• 5-fold group-aware cross-validation, grouped
by the commonsense concept each sample be-
longs to so that samples sharing a concept do
not cross folds.

• Samples with |pref| < 0.1 are removed (sig-
nal too weak to constrain the regression).

Tempered Position Prior.

• 11 buckets in total: one per 5 tokens in [0, 20),
one per 10 tokens in [20, 80), and a single tail
bucket for ≥ 80.

• Bucket coefficient cb = (Pb/maxb′ Pb′)
1/T ,

with T from Table 11.

• A single prior is estimated from LLaVA-1.5
captions generated on a separate calibration
set of 500 MS COCO images, with no over-
lap with the 500-image CHAIR evaluation
set, and reused across models and tasks. We
locate the token spans of hallucinated object
words and compute the per-bucket fraction
Pb.

Evaluation Prompts. We adopt standard
prompt templates tailored to each evaluation
benchmark. For CHAIR, LLaVA-1.5, Shikra,
and InstructBLIP use the standard captioning
prompt: "Please describe this image in
detail.". However, we observe that under this
default instruction, Qwen-VL produces noticeably
shorter captions than the other three base models.
To prevent caption length from becoming a
confounding factor in our CHAIR comparison,
we apply a slightly shorter variant for Qwen-VL:
"Describe this image in detail." , which
successfully aligns its average generation length
with the other models. For AMBER generative,
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LLaVA-1.5 Shikra

Method CHAIRS ↓ CHAIRI ↓ F1↑ Rep TTR↑ CHAIRS ↓ CHAIRI ↓ F1↑ Rep TTR↑
Vanilla 57.6 17.79 75.2 1.7 0.703 61.0 18.58 71.8 0.4 0.732
DoLa 74.4 27.23 68.3 9.4 0.747 50.6 16.78 68.6 285.7 0.489
VCD 57.6 18.82 74.0 2.0 0.713 64.0 19.49 72.2 0.2 0.748
OPERA 70.4 22.21 71.8 66.3 0.700 57.4 21.37 54.1 17.7 0.781
PAI 37.4 10.13 75.2 27.2 0.631 49.6 14.84 73.0 1.7 0.697
CODE 51.8 16.90 74.9 1.1 0.711 62.2 19.24 72.4 0.9 0.752
DeCo 46.2 14.10 75.5 5.0 0.713 54.0 16.06 74.5 0.6 0.737
AttnReal 45.4 13.97 76.3 8.4 0.658 60.4 17.34 74.0 1.1 0.719
SSL 44.8 15.53 74.1 7.6 0.693 – – – – –
CAS (ours) 35.8 12.21 76.0 0.8 0.703 44.0 13.56 75.4 0.6 0.733

Qwen-VL InstructBLIP

Method CHAIRS ↓ CHAIRI ↓ F1↑ Rep TTR↑ CHAIRS ↓ CHAIRI ↓ F1↑ Rep TTR↑
Vanilla 50.8 15.00 75.4 0.6 0.728 52.6 16.83 72.9 4.4 0.687
DoLa 53.6 16.71 72.5 0.2 0.746 73.0 33.54 64.8 38.3 0.680
VCD 51.0 14.99 74.3 0.5 0.763 54.8 17.44 73.0 4.8 0.691
OPERA 52.0 21.62 55.9 0.0 0.836 59.6 20.29 54.6 0.2 0.777
CODE 53.6 16.84 73.4 0.6 0.735 52.2 17.41 72.3 3.6 0.701
DeCo 45.4 13.16 75.6 1.1 0.727 45.4 14.49 71.3 9.8 0.693
AttnReal 49.0 13.30 76.1 1.6 0.696 47.8 14.93 73.9 19.2 0.643
SSL – – – – – 48.0 15.74 73.1 5.6 0.672
CAS (ours) 38.0 12.19 76.1 1.4 0.717 36.0 13.01 74.7 3.8 0.691

Table 15: CHAIR full results. CHAIRS / CHAIRI lower is better; F1 / TTR higher is better. Rep (×10−3); Rep
≥ 3× Vanilla highlighted in red; Rep / TTR are reported as reference only and not bolded. Best per column within
each model in bold, second best underlined.

we strictly adhere to the official evaluation proto-
col using "Describe this image.". For POPE,
all models are evaluated under the standard binary
classification template: "Is there a [Object]
in the image? Please answer yes or no." ,
where [Object] is dynamically replaced per test
item with the specific target object queried.

Text-Quality Metrics. To evaluate caption-level
quality and detect potential repetitive degenera-
tion, we report the repetition rate (Rep) and
Moving-Average Type-Token Ratio (MATTR),
denoted as TTR in the result tables for compact-
ness. Repetition is quantified via seq-rep-6, de-
fined as 1 − |Gunique

6 |/|G6|, where G6 represents
the multiset of all 6-grams in the generated cap-
tion. Lexical diversity is measured using MATTR
with a fixed 50-token window slid one token at a
time, which mitigates the length-induced dilution
effect inherent in standard TTR.

L Case Studies: Repetition Degeneration
and CHAIRI Deflation

We present two representative cases (Figure 4
and Figure 5) showing how strong attention-based
interventions (PAI and AttnReal) push the base
MLLM into severe repetitive degeneration. The
caption contains very few hallucinated objects,
but is paired with a multiplied repetition of GT-

grounded objects. Because CHAIRI is counted
at the token-instance level without deduplication,
the inflated denominator from repetition combined
with a sparse hallucination numerator produces a
mechanical imbalance: CHAIRI reads artificially
low and masks the underlying generation failure.
On the same image, the CAS output (rightmost
panel of each figure) maintains vanilla-level flu-
ency without introducing repetition.
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LLaVA-1.5 Shikra

Random Popular Adversarial Random Popular Adversarial

Method Acc↑ F1↑ Acc↑ F1↑ Acc↑ F1↑ Acc↑ F1↑ Acc↑ F1↑ Acc↑ F1↑
Greedy 86.57 84.80 85.40 83.69 83.53 81.98 80.73 82.65 77.97 80.85 72.93 77.18
DoLa 82.10 78.32 75.90 73.74 75.33 73.29 65.43 71.57 62.97 70.35 61.50 68.91
VCD 86.47 85.11 84.93 83.69 81.70 80.86 76.23 80.00 74.20 78.63 71.97 76.75
OPERA 86.77 85.04 85.47 83.80 83.53 82.04 79.73 81.36 78.27 80.30 72.93 76.60
PAI 87.07 85.58 85.70 84.29 82.73 81.63 79.70 76.39 78.73 75.57 76.67 73.81
CODE 86.43 84.59 85.30 83.51 83.40 81.77 81.87 83.37 78.83 81.00 74.80 78.10
DeCo 86.57 84.80 85.40 83.69 83.53 81.98 73.27 77.88 72.57 77.49 65.47 73.17
SSL – – – – – – – – – – – –
CAS (ours) 89.13 88.40 87.37 86.76 83.23 83.16 82.43 84.11 78.67 81.30 74.60 78.19

Qwen-VL InstructBLIP

Random Popular Adversarial Random Popular Adversarial

Method Acc↑ F1↑ Acc↑ F1↑ Acc↑ F1↑ Acc↑ F1↑ Acc↑ F1↑ Acc↑ F1↑
Greedy 90.03 89.27 88.10 87.45 84.87 84.57 78.23 80.75 78.00 80.58 73.03 77.19
DoLa 88.27 89.05 82.23 84.30 75.00 79.24 51.57 58.43 58.23 61.97 58.67 62.22
VCD 90.37 89.91 87.90 87.64 83.73 84.06 77.50 79.81 75.90 78.67 71.83 75.95
OPERA 87.43 89.30 87.23 87.48 84.10 84.60 73.53 75.72 68.03 72.08 66.13 70.90
PAI – – – – – – – – – – – –
CODE 90.27 89.76 88.03 87.70 83.63 83.91 77.77 80.19 79.37 81.35 74.03 77.61
DeCo 90.07 89.33 88.17 87.55 84.70 84.47 79.97 81.91 77.40 80.06 73.03 77.09
SSL – – – – – – 82.47 83.73 79.40 81.41 74.43 77.92
CAS (ours) 90.63 90.06 88.40 87.98 84.50 84.56 87.57 87.19 85.30 85.20 81.20 81.82

Table 16: POPE per-subset results. Best per column within each model in bold, second best underlined. “–”
indicates the method is not available for that base model.

Input Image 

The image features a pair of red scissors placed on a white 
surface. The scissors are positioned close to each other, with 
one of them being slightly closer to the edge of the surface. 
The scissors are of a similar size and shape, with the handle 
of the scissors being visible. The scissors are likely used for 
cutting or crafting purposes.

LLaVA-1.5 :

The image features a pair of red scissors with a white background. The 
scissors are open, and they are placed on a table. The scissors are 
positioned in the center of the image, making them the main focus of the 
scene.

LLaVA-1.5 + CAS :

LLaVA-1.5 + PAI:
The image features a pair of red scissors with a white background. The 
scissors are red and have a black handle. The scissors are placed on a 
white surface, which is the background of the image. The scissors are 
placed on a table, and the handle is visible.The scissors are placed on a 
table, and the handle is visible.The scissors are placed on a table, and the 
handle is visible.The scissors are placed on a table, and the handle is 
visible.The scissors are placed on a table, and the handle is visible.The 
scissors are placed on a table, and the handle is visible.The scissors are 
placed on a table, and the handle is visible.The scissors are placed on a 
table, and the handle is visible.

 (loop x29) CHIRI  deflation

Figure 4: Repetitive degeneration of PAI on LLaVA-1.5. A single hallucinated attribute (“black handle”) is
repeated about 29 times, artificially inflating the mention count of GT-grounded objects; the token-level CHAIRI

is therefore diluted by an inflated denominator and reads artificially low even though the caption has already
degenerated. CAS produces a clean, repetition-free caption on the same image.

24469



Input Image

The image features a street sign with two street signs attached to it. The 
street signs are for Pine Street and Public Market. The street signs are 
located near a building, possibly a market or a store. The scene is set in a 
cloudy sky, giving it a somewhat gloomy atmosphere.

LLaVA-1.5 + CAS :

LLaVA-1.5 :

The image features a street sign pole with multiple street 
signs attached to it. The pole is situated in front of a 
building with a green roof, likely a market or store. The 
signs are visible from different angles, indicating the 
presence of a public market. There are several street signs 
on the pole, including one at the top, indicating the 
intersection of Pike and Pine Streets. The signs are 
positioned in a way that they can be easily read by people 
passing by. 

LLaVA-1.5 + AttnReal
The image features a street sign with a street sign on top of it, indicating 
the intersection of Pine Street and Pike Street.The street sign is located 
on a pole, and the street sign below it is green.The street sign is 
positioned on a pole, and the street sign below it is green.The street sign 
is positioned on a pole, and the street sign below it is green.The street 
sign is positioned on a pole, and the street sign below it is green.The 
street sign is positioned on a pole, and the street sign below it is 
green.The street sign is positioned on a pole, and the street sign below it 
is green. The street sign is positioned on a pole, and the street sign 
below it is green.The street sign is positioned on a pole, and the street 
sign below it is green.  (loop x24) CHIRI  deflation

Figure 5: Repetitive degeneration of AttnReal. The same CHAIRI deflation pattern as Figure 4: repetition
inflates the denominator and depresses the metric reading, while the caption itself has failed. CAS produces a
normal generation on the same image.
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