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Abstract

Object hallucination remains a critical challenge in Large
Vision-Language Models (LVLMs), where models generate
content inconsistent with visual inputs. Existing language-
decoder based mitigation approaches often regulate visual or
textual attention independently, overlooking their interaction
as two key causal factors. To address this, we propose Owl
(Bi-mQOdal attention reWeighting for Layer-wise hallucina-
tion mitigation), a causally-grounded framework that models
hallucination process via a structural causal graph, treating
decomposed visual and textual attentions as mediators. We
introduce VTACR (Visual-to-Textual Attention Contribution
Ratio), a novel metric that quantifies the modality contribu-
tion imbalance during decoding. Our analysis reveals that hal-
lucinations frequently occur in low-VTACR scenarios, where
textual priors dominate and visual grounding is weakened. To
mitigate this, we design a fine-grained attention intervention
mechanism that dynamically adjusts token- and layer-wise at-
tention guided by VTACR signals. Finally, we propose a dual-
path contrastive decoding strategy: one path emphasizes visu-
ally grounded predictions, while the other amplifies halluci-
nated ones — letting visual truth shine and hallucination col-
lapse. Experimental results on the POPE and CHAIR bench-
marks show that Owl achieves significant hallucination re-
duction, setting a new SOTA in faithfulness while preserving
vision-language understanding capability. Our code is avail-
able at https://github.com/CikZ2023/OWL

1 Introduction

Large Vision-Language Models (LVLMs) such as MiniGPT-
4 (Zhu et al. 2023), LLaVA (Liu et al. 2023) and
Shikra (Chen et al. 2023), have achieved impressive progress
in image-based text generation (Li et al. 2023b, 2022), al-
lowing a wide range of applications, from visual question
answering (Kim et al. 2025) to open-ended image descrip-
tion (Liu et al. 2024b; Yu et al. 2025¢). Despite their suc-
cess, these models remain vulnerable to a persistent issue
— object hallucination — that generates mentions of objects
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(b) Our Dual-Path Contrastive Decoding. (d) Cross-Modal Interaction Analysis.

Figure 1: Motivation of our work. (a) Existing methods ma-
nipulate attention in a single modality (visual or text). (b) We
contrast the visual-favored path and text-favored path based
on the VTACR-guided attention calibration. (c) Increasing
visual attention improves causal effect but shortens output,
while increasing textual attention has the opposite impact.
(d) Hallucinated tokens typically show lower VTACR, indi-
cating a skewed visual-to-textual modality reliance.

not present in the image. Such hallucinations not only un-
dermine the trustworthiness of LVLMs but also pose serious
risks in safety-critical domains such as medical imaging (Hu
et al. 2024), robotic navigation (Lange et al. 2025), etc.

To mitigate this issue, existing approaches span several
directions. Early efforts align LVLMs with human pref-
erences (Sun et al. 2023; Gunjal, Yin, and Bas 2024)
through reinforcement learning or feedback-based fine-
tuning, which improves consistency but often requires costly
annotations. Others adopt post-processing strategies (Zhou
et al. 2023b; Deng, Chen, and Hooi 2024; Yin et al. 2024)
using external modules to detect or revise hallucinated en-
tities after generation. More recently, decoding optimiza-
tions have gained traction: Some (Leng et al. 2024) per-
turb visual inputs to reveal unstable predictions, while oth-
ers (Liu, Zheng, and Chen 2024; Huang et al. 2024b) manip-
ulate attention weights to boost visual grounding or suppress
over-reliance on previous tokens. However, as shown in Fig-
ure 1(a), language-decoder attention-based methods tend to



act on either the visual path — by enhancing attention to im-
age tokens — or the textual path — by diminishing influence
from autoregressive history. This uni-modal design over-
looks the attention imbalance between the visual and textual
modalities, which often lie at the heart of hallucination. To
better understand this issue, we decompose the attentions in
language-decoder into visual and textual aspects, and ana-
lyze both uni-modal and their interaction. As shown in Fig-
ure 1(c), we observe that: (1) solely enhancing visual at-
tention consistently reduces hallucinations (indicated by in-
creasing Total Causal Effect, TCE) but leads to shorter out-
puts; (2) in contrast, solely increasing textual attention (in-
cluding query and history) expands output length but aggra-
vates hallucinations. This tradeoff suggests the need to bal-
ance their reliance rather than treating them independently.
To measure their interaction, we introduce a new metric —
visual-to-textual attention contribution ratio (VTACR) — to
quantify the relative hallucination contribution of visual ver-
sus textual signals for the current token during generation:

¢ Visual Token Attention Contribution'
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where V is the set of indices for visual prefix tokens, and NV
is the number of attention heads. Al J) indicates the visual
attention weight of the current token in the i-th head and the

(-th layer, and v(¥) is the average of the attention weight of
the current token to the visual prefix tokens.
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where 7 is indices set for query and history text prefix to-

@

kens, A%Z indicates the text attention weight of the current

token in i-th head, ¢-th layer, and v s the average of the
attention weight of the current token to the text prefix tokens.

¢ Layer-wise VTACR:
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This ratio measures the relative contribution of visual tokens
to text tokens in the /-th layer. L is the total layers. As shown
in Figure 1(d), hallucinated tokens tend to exhibit skewed
VTACR values in LLaVA-1.5, revealing a tendency to over-
rely on textual modality while neglecting visual grounding
(consistent across layers/backbones). This modality imbal-
ance motivates us to explicit decomposition of two contrast-
ing attention pathways: a vision-favored path that reinforces
grounded reasoning, and a fext-favored path that tends to
preserve hallucinated content. Such separation enables us
to capture the asymmetric roles of each modality in hallu-
cination formation and lays the foundation for a contrastive
decoding mechanism.

To formalize this intuition, we construct a Structural
Causal Model (SCM) in which visual and textual attention
serve as mediators between inputs and outputs. Unlike tradi-
tional causal interventions on inputs or latent states (Huang

VTACR®) =
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et al. 2024a; Zhou et al. 2025), mediator-based intervention
enables direct manipulation of attention weights while pre-
serving input consistency. This provides a more interpretable
and fine-grained view of how modality interactions drive
hallucinations. We further leverage VTACR to guide token-
and layer-wise attention adjustment. Rather than applying
fixed scaling factors (as in previous work like PAI (Liu,
Zheng, and Chen 2024)), by adjusting the token-by-token
attention weights according to real-time modality contribu-
tions, especially in layers with pronounced asymmetry —
our Owl not only corrects attention imbalance, but also im-
proves generation quality as a side benefit, producing longer
outputs with fewer repetitions and less overcorrection. Fi-
nally, we introduce a dual-path contrastive decoding strat-
egy, incorporating both vision- and text-favored decoding
paths. The contrast amplifies the distinction between hallu-
cinated and faithful tokens, effectively mitigating hallucina-
tions. Our contributions are four-fold:

* We introduce a novel metric VTACR to quantify cross-
modal reliance during generation, and use it to guide fine-
grained token- and layer-wise attention modulation.

We formulate a SCM where visual and textual attention
serve as mediators, enabling interpretable dual-modality
interventions to analyze the hallucinations process.

We propose a VTACR-guided dual-path contrastive de-
coding strategy that exaggerates modality bias — amplify-
ing faithful generations while exposing hallucinated ones
— thereby enabling effective suppression through contrast.
Experiments on POPE/CHAIR show Owl achieves no-
table hallucination reduction, with 22.9% improvement on
CHAIR, while evaluations on five VQA benchmarks con-
firm preserved vision-language understanding capability.

2 Related Work

Object Hallucination Mitigation in LVLMs. Object hal-
lucination in LVLMs often stems from over-reliance on spu-
rious correlations — models tend to exploit shortcut pat-
terns, such as object co-occurrence or prompt biases, learned
from large-scale vision-language data. This results in flu-
ent but visually unfaithful generations (Lyu et al. 2025;
Zhou et al. 2024; Yu et al. 2025a). To address this, existing
methods fall into three main paradigms: (1) Early human
preference alignment approaches like LLaVA-RLHF (Sun
et al. 2023) and instruction tuning fine-tune models to match
human-preferred responses, (Bai et al. 2025). While help-
ful for fluency and helpfulness, these methods are costly
and offer limited interpretability into hallucination origins.
(2) Post-processing works like LURE (Zhou et al. 2023b),
CGD (Deng, Chen, and Hooi 2024), and Woodpecker (Yin
et al. 2024) detect hallucinations post-hoc via confidence
scoring or visual grounding checks. These modular ap-
proaches offer flexibility but rely heavily on external cues
and do not address the root cause. (3) Recent decoding opti-
mization works proactively steer generation to reduce hallu-
cinations. Contrastive decoding methods (e.g., VCD (Leng
et al. 2024), HIO (Lyu et al. 2024)) amplify hallucinated sig-
nals to isolate faithful ones. Others manipulate attention to
strengthen visual grounding (Liu, Zheng, and Chen 2024) or
suppress misleading text (Huang et al. 2024b). Token-level



signals like VAR (Jiang et al. 2024) and “attention sin” pat-
terns (Zhang et al. 2024) enhance interpretability, yet most
still intervene on a single modality, overlooking the joint
causal role of visual and textual attention.

Causality in LVLMs. Causal inference (Pearl 2010; Neal
2020) offers a powerful lens to enhance interpretability and
robustness in Al systems, particularly do-calculus or coun-
terfactual simulations to uncover causal links in language
generation (Zhang et al. 2025a), visual question answer-
ing (Zhang et al. 2025b), and fairness analysis (Yu et al.
2025b; Zhou et al. 2023a). These approaches typically in-
tervene on inputs or latent features to disentangle causal ef-
fects from spurious correlations. Recent works use this tool
for object hallucination: Huang et al. (2024a) intervenes on
image/text inputs and embeddings to analyze hallucination
triggers, while CausalMM (Zhou et al. 2025) perturbs atten-
tions in vision and language decoder to probe modality pri-
ors. However, they often rely on coarse-grained manipula-
tions or treat attention as a black box. In contrast, we model
visual and textual attention as explicit mediators within a
SCM, allowing fine-grained mediator interventions that di-
rectly adjust internal attention without altering the input, en-
abling interpretable causal analysis of modality influence.

3 Preliminary

Formulation of LVLM Generation. The LVLMs typically
consist of three key components: a visual encoder, a cross-
modal projector, and a language decoder. The visual encoder
(e.g., ViT (Khan et al. 2022)) extracts a sequence of image
features Xy = [24,,...,Zyy ], Which are mapped into the
text embedding space via a cross-modal projector (Alayrac
et al. 2022; Li et al. 2023a; Liu et al. 2023). The projected
visual tokens are then concatenated with the instruction text
X = [x4,...,%;,,] and historical textual input X g
[zhy, ..., xp, ], forming the input to the language decoder
(e.g., LLaMA (Touvron et al. 2023)).

The decoder integrates the multi-modal inputs via multi-
layer attention and produces contextualized hidden states.
The hidden state h, at a target position ¢ (typically the last
token in X7) is used to compute the token probability:

ht = Decodere (XV7 X[, XH>[t],

C))
Pg (yt | Xv, XT, XH) = Softmax(Wo . ht)7 (5)
where W, € RIVI*? is the output projection matrix and ||
denotes the vocabulary size. Autoregressive decoding con-
tinues until an end-of-sequence (EOS) token is produced,
forming the final output y;.7. The goal of object hallucina-
tion mitigation is to ensure that the generated object-level
content aligns faithfully with the visual evidence in Xy,
such that the outputs are both semantically relevant and visu-
ally grounded. The overall framework is shown in Figure 3.

4 Methodology

Causal Modeling of Object Hallucination Process. We
construct a SCM in Figure 2. The attention mechanisms in
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Figure 2: The SCM for analyzing the hallucination process.
Visual input (X)) and text input (X ) affect the output (Yr)
via visual attention (Ay ) and text attention (Ar). Visual pri-
ors (Py) and language priors (Pr) confound the attention
paths and may cause hallucinations. Interventions on Ay
and Ar help estimate their causal impact.

Py

LLaMA-style language decoders serve as a core computa-
tional unit, and we explicitly decouple attention into visual
and textual attention components, which are influenced by
both input modalities and modality-specific priors. Specifi-
cally, the SCM consists of image input Xy, text input X,
priors Py and Pr, visual and textual attention Ay and A,
and final language output Y. The causal relations can be
summarized as:

XV —>AV —)YT,
XT—)AT—>YT,

Pv—>A\/—>YT,
PT—>AT—>YT.

where these paths reflect how hallucinations may be intro-
duced via unbalanced attention induced by modality-specific
inputs and priors. Notably, since the priors Py and Pr are
unobservable or non-manipulable, we cannot intervene on
them directly. However, as they influence the output exclu-
sively through the mediators Ay and Ar, we target these
attention modules for causal intervention. To this end, we
apply soft interventions on Ay and A7:

do(Ay =A%), do(Ar = A3, ©6)

where A7, and A7 are calibrated attention weights obtained
through our debiasing module. This mediator intervention
conforms to the do-calculus formulation in causal infer-
ence (Pearl 2022), representing a hypothetical manipulation
that isolates the effect of attention from upstream biases.

To evaluate the effect of such interventions, we adopt the
Total Causal Effect (TCE) as our primary metric. TCE mea-
sures the average change in hallucination behavior caused
by modifying the mediators, and is defined as:

TCE = E; x, [\P (YT(P, A), YT’(P, A*))} (7
U(Yr,Yr) =2-1(H(Yr) > H(Yz)) — 1 (8)

where ¥ measures the causal effect metric between the dis-
tributions before and after the intervention. H (-) denotes the
hallucination evaluation benchmark CHAIR in Sec. 5, and
Y./ is the output under intervened attention. I(-) denotes the
indicator function. If H(Yr) > H(Y}.) holds, the indicator
result is 1, indicating that the hallucination is reduced; other-
wise, it is 0, indicating that the hallucination is not reduced.
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Figure 3: The overall framework of Owl. Given image, text, and generation history, Owl performs layer-wise decomposition
of visual, textual, and historical attentions. Based on the VTACR distribution, Owl adaptively modulates attention along: a
visual-favored path (enhancing grounding) and a text-favored path (amplifying hallucination). A dual-path contrastive decoding
strategy then drives the LVLM to suppress hallucinations (e.g., Football) while preserving truthful predictions.

Mediator Analysis. Figure 1 (c) illustrates the results of
causal interventions on modality-specific attention. Increas-
ing visual attention weights Ay, leads to a measurable re-
duction in hallucination scores H (Y7 ), confirming a posi-
tive TCE from Ay to the output Y7. This indicates that en-
hancing Ay effectively strengthens the causal path Xy —
Ay — Yp, thereby reducing the influence of biased vi-
sual priors Py, and promoting image-grounded reasoning. In
contrast, increasing textual attention Ap results in elevated
H(Yr), suggesting that amplifying linguistic priors Pr can
disrupt modality alignment and induce hallucinations. Con-
versely, suppressing Ar helps mitigate this effect. These
findings validate Ay and A7 as mediators in the causal paths
Py — Ay — Yr and Pr — Ap — Yp. Through soft
interventions do(Ay = A},), do(Ar = A%.), we demon-
strate that attention allocation serves not only an architec-
tural function but also a causal mechanism for controlling
hallucinations in vision-language reasoning.

Adaptive Attention Modulation. To enable fine-grained
hallucination suppression, we leverage the proposed
VTACR to adaptively apply attention re-weighting. Specifi-
cally, we randomly sample 2, 000 hallucinated samples from
MSCOCO (Lin et al. 2014) and compute the VTACR value
vV via Equation (3) for hallucinated tokens in each de-
coder layer ¢. By aggregating these values, we estimate a
layer-wise VTACR density distribution. For each layer /,
we define the base score Vb(é) as the distribution’s 7-th per-
centile, where 7 is a hyperparameter. During generation, we

obtain per-layer V() for the current token. If V(©) < Vb(e),
indicating insufficient visual grounding, we increase the vi-
sual/textual attention coefficient c, 5. Otherwise, we retain
their original values. This modulation is formulated as:

V(Z) _ V(g)
— LT, 9

O
a¥) =aq4+T70, (10)

O =p+TO, (11)

where T is a pre-defined modulation coefficient, and I(-) is
an indicator function that activates intervention only when

7O =1(v® < ). min (T-
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Figure 4: Visualization of dual-path attention intervention.
Compared to original attention, the visual- and text-favored
paths highlight distinct modality preferences in token-level.

the current V() < Vb(g). This mechanism allows the model
to dynamically prioritize visual/text features when halluci-
nation risk is detected, while avoiding unnecessary interven-
tion for well-grounded tokens.

Dual-path Attention Intervention and Contrastive De-
coding. Unlike PAI that perform uniform intervention at
the attention layer, our analysis based on the VTACR sig-
nal reveals a critical insight: the influence of visual and
textual attention on hallucination varies significantly across
different layers. Therefore, we propose attention interven-
tion based on the contribution of each layer. We disentangle
modality dominance by creating two hypothetical but infor-
mative paths: a visual-favored decoding path that amplifies
visual grounding, and a text-favored path that mimics exces-
sive textual reliance. This dual-path formulation enables us
to assess and contrast the causal impact of Ay and Ar, and
make more targeted corrections.

In the visual-favored path, we enhance the attention on
visual tokens Ay and attenuate those on textual tokens A,
forcing the model to rely more on image evidence:

4 Y4 ~ Y4 .
A=Al 16" Al (ev)
re 4 4 = 4

AD =AY 5O AN, (keT)

(12)
13)



Conversely, the text-favored path downplays visual
grounding and encourages decoding dominated by textual
priors, simulating hallucination risks:

A Al a0 AL ey ay
A=A+ 5O AL, (keT) (5

where an example is visualized in Figure 4. The original
attention exhibits dispersed focus over both text and im-
age tokens, leading to ambiguous grounding. Under our
VTACR-guided modulation, the visual-favored path sharp-
ens attention toward salient image regions (e.g., the player
and racket), while the text-favored path highlights prior tex-
tual tokens, potentially driving hallucinations.

Above two adaptive attention intervention paths produce
logit distributions that reflect divergent modality dependen-
cies. Based on this, we propose a Dual-path Contrastive De-
coding (DCD) that explicitly simulates and contrasts two
complementary decoding trajectories. By contrasting them,
we can detect and suppress hallucination-prone outputs. The
final prediction is obtained via contrastive fusion:

PDCD(Y|XV7 XI) = Softmax (1 + )\) : 10gp0(y|XVT7 XT,L)
— X-logpe(y|Xvy, X11) (16)

where (Xy+, Xr,) and (Xy |, Xr4) denote the visual and
text favored decoding settings, respectively, and A is a tun-
able contrastive strength. Combined with VTACR-guided
attention calibration, this dual-path approach completes a
causal intervention loop: measuring, adjusting, and decod-
ing — all guided by mediator behavior.

S Experiments

Benchmarks. We test Owl on two hallucination detection
benchmarks and one comprehensive evaluation metric:

(1) POPE (Li et al. 2023c): The Polling-based Object
Probing Evaluation assesses object hallucinations through
a binary QA-style probing interface. It queries the model
about the presence of specific objects in an image, bypass-
ing the need for caption parsing, and providing a reliable,
model-agnostic measurement.

(2) CHAIR (Rohrbach et al. 2018): The Caption Hallu-
cination Assessment with Image Relevance evaluates hallu-
cinations at both the instance and sentence levels. CHAIR
quantifies the proportion of hallucinated objects among all
mentioned objects, while CHAIR s measures the percentage
of captions containing at least one hallucinated object.

(3) GPT-4V Assisted Evaluation: Following (Huang
et al. 2024b; Liu, Zheng, and Chen 2024), we adopt GPT-
4V (Yang et al. 2023) to comprehensively evaluate the se-
mantic correctness and visual faithfulness of the generated
captions.

Models and Baselines. We evaluate our approach on
three representative LVLM backbones, each covering a dis-
tinct architectural paradigm: LLaVA-1.5 (Liu et al. 2024a):
An alignment-optimized vision-language model based on

36025

CLIP and Vicuna; MiniGPT-4 (Zhu et al. 2023): A task-
agnostic LVLM with Vicuna-based decoding and BLIP-
2-style alignment; Shikra (Chen et al. 2023): A struc-
tured LVLM that supports object-level localization and fine-
grained grounding. For comparison, we include both clas-
sic decoding strategies — Beam Search, Greedy Decoding,
and Nucleus Sampling — and several state-of-the-art base-
lines: VCD (Leng et al. 2024): Introduces visual contrastive
decoding to suppress language bias and enhance visual
grounding. PAI (Liu, Zheng, and Chen 2024): Modulates
attention via perplexity-aware gating to improve robustness
under ambiguous conditions. OPERA (Huang et al. 2024b):
Prevents repetitive hallucinations through rollback and at-
tention weight suppression. CausalMM (Zhou et al. 2025):
Utilizes a causal diagram to apply counterfactual reasoning
to both the vision encoder and language decoder.

Configurations and Parameters. All experiments are
conducted on 500 images randomly sampled from the
MSCOCO val2014 dataset (Lin et al. 2014), following the
setup in prior works (Huang et al. 2024b; Liu, Zheng, and
Chen 2024). The visual/textual attention coefficient v, 5 are
empirically tuned for each model to balance the quality of
the generation and the reduction of hallucinations. Specifi-
cally, we set («=0.4, =0.5) for LLaVA-1.5, (0.2, 0.3) for
MiniGPT-4, and (0.5,0.3) for Shikra. The contrastive de-
coding strength A is fixed at 0.2, the modulation coefficient
T is set to 0.2 across all models, and the default value of 7
is 80. All experiments are conducted on 4xNVIDIA 3090
GPUs. The reported results are the best of 20 runs for all
models and the statistical significance of the results is less
than 0.05, i.e., p < 0.05.

Results on CHAIR hallucination evaluation.

Table 1 shows Owl consistently outperforms all base-
lines across three LVLMs in both sentence-level (Cg) and
instance-level (C7) hallucination metrics. Compared to the
strongest prior method PAI, our Owl achieves substantial C'g
reductions of 17.6%, 14.5%, and 22.1%, and C; reductions
of 21.4%, 36.7%, and 24.8% on LLaVA-1.5, MiniGPT-4,
and Shikra, respectively. Importantly, this hallucination sup-
pression is achieved while preserving or even improving
generation length, indicating that our intervention does not
compromise output richness. These gains stem from our
adaptive, VTACR-guided dual-path decoding strategy. Un-
like PAI or OPERA that apply static or uni-modal atten-

Method LLAVA-1.5 MiniGPT-4 Shikra
Csl) Crl Lent|Cs] Crl Lent|Cs| Cr| Lent
Beam Search | 48.6 16.2 105.3|33.0 8.7 77.8|53.8 174 116.2
Greedy 474 164 108.7|342 88 79.5|519 169 118.9
Nucleus 473 165 107.1|32.1 7.6 783|545 17.8 117.5

VCD 446 144 93.8 |33.1 112 71.2[472 155 105.6
OPERA |422 13.1 89.5|30.1 9.8 68.7]36.8 124 983
PAI 31.8 103 852|248 93 659|376 129 947
CausalMM | 358 123 87.6 |27.8 9.6 673 |41.6 134 96.8
Ours 26.2 81 984|212 62 73.6(29.3 9.7 108.2

Table 1: Results on CHAIR. Cg and C; denote CHAIRg
and CHAIR;. Len is the average length of generated text.



Method LLAVA-1.5 MiniGPT-4 Shikra

RanT Popt Advf|Rant Popt Adv{|Rant PoptT Advt

Beam Search | 84.6 844 83.1]692 688 674|815 781 79.2
Greedy 83.6 842 802|646 633 622|819 781 802
Nucleus 794 782 76.6 | 628 59.8 585|802 765 782
VCD 86.2 87.1 875|739 712 703|812 773 8038
OPERA 87.6 882 90.1 | 75.8 74.8 724|835 792 821
PAI 89.8 893 903 | 783 798 789 | 8l.5 792 80.5
CausalMM | 88.1 87.6 829 | 741 73.6 752|834 79.6 817
Owl(Ours) | 90.2 88.1 905 | 822 784 79.0 | 852 823 834

Table 2: Results on POPE. Ran, Pop, and Adv is an abbrevi-
ation for Random, Popular, and Adversarial setting, respec-
tively. The higher score indicates better performance.

VQAvV2 VQAvV2

Minigpt4
—— OPERA

LLaVA-1.5

—— REGULAR —— PAI —— OURS

Figure 5: Comparison among different VLMs on five VQA
benchmarks and three common benchmarks. The highest-
performing results are highlighted in boldface.

tion shifts, our approach dynamically adjusts visual and tex-
tual attention at each decoding layer based on token-level
VTACR scores. This enables effective hallucination sup-
pression without overcorrecting or truncating informative
content — striking a better balance between grounding and
fluency. Notably, though CausalMM intervenes attention in
both visual encoder and LLM layers, it inherently amplifies
hallucinatory signals instead of enhancing image-awareness.
Unlike our DCD, which sufficiently widens the gap between
faithful and hallucination tokens, this limits its efficacy.
Results on POPE generalization benchmark. Table 2 re-
ports results under Random, Popular, and Adversarial set-
tings. Owl consistently outperforms classic decoding base-
lines (Beam Search, Greedy, Nucleus) across all LVLMs and
splits, with particularly strong gains in adversarial scenar-
ios. Besides, Owl outperforms other hallucination mitiga-
tion methods in a competitive manner in most cases. While
slightly trailing PAI on MiniGPT-4 and LLaVA-1.5 under
the Popular setting, we speculate that this setting prioritizes
high-frequency objects, which aligns better with PAI’s sce-
nario of textual inertia. For Shikra, Owl delivers the highest
accuracy in three settings. These improvements highlight the
robustness of Owl under varied linguistic priors. By explic-
itly contrasting visually grounded and hallucination-prone
paths, Owl enhances model generalization.

Results on vision-language understanding ability. To
assess whether our hallucination mitigation hurts gen-
eral vision-language understanding, we evaluate perfor-
mance on five VQA benchmarks: VQAv2 (Goyal et al.
2017), GQA (Hudson and Manning 2019), VizWiz (Gu-
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Figure 6: Impact of «, /3, and A on hallucination and infor-
mativeness in LLaVA-1.5, evaluated on 500 COCO samples.

rari et al. 2018), ScienceQA-IMG (Lu et al. 2022), and
TextVQA (Singh et al. 2019). As illustrated in Figure 5,
Owl achieves consistent performance with the base LVLMs
and even outperforms them on several benchmarks. For
example, on LLaVA-1.5 compared to regular, we observe
TextVQA (+3.7). Notably, gains on VizWiz (from 48.8 to
52.5, 7.6% 1), where understanding visually degraded or
text-heavy content is crucial. This suggests that our visual-
attention-enhancing interventions help the model better lo-
calize and utilize visual cues under challenging conditions.
Meanwhile, only a marginal decrease (from 80.0 to 78.2,
2.3% J) is observed on VQAV2, indicating minimal trade-
offs in general capability. Similar trends hold on MiniGPT-
4, with a notable gain on GQA from 44.5 to 45.8 (+1.3),
and a slight decrease on VQA-v2 from 45.0 to 43.2 (—1.8),
validating that our approach preserves or enhances reason-
ing under fine-grained or noisy visual contexts. Overall,
these results confirm that our hallucination mitigation strat-
egy maintains core vision-language understanding and even
benefits tasks requiring robust visual grounding, thanks to
our causal attention modulation and dual-path decoding.

Ablation Study. We conduct ablations to assess the im-
pact of three key hyperparameters in our DCD strategy: vi-
sual/textual attention coefficients v, 3, and the contrastive
decoding strength A\. Evaluation is based on CHAIR for hal-
Iucination and F1 score for information richness and accu-
racy (Liu, Zheng, and Chen 2024). As shown in the LLaVA-
1.5 results in Figure 6, increasing « in Equations (12)
and (14) enhances visual grounding and reduces hallucina-
tions, but overly large values suppress informative content,
lowering F1 score — revealing a trade-off between hallucina-
tion mitigation and content richness. Increasing 5 in Equa-
tions (13) and (15) steadily reduces hallucinations with a
minimal drop in F1 score, suggesting that stricter regula-
tion of textual attention effectively counters language priors
without harming visual relevance, since the DCD strategy
widens the gap between hallucination tokens and faithful to-
kens from Equation (16). The parameter A balances visual
and textual interventions during decoding. Moderate values
(0.1-0.4) yield stable improvements, while excessively high
A harms both CHAIR and F1, indicating decoding instabil-
ity. In general, the results demonstrate that «, 3, and A play
distinct but complementary roles. Careful tuning enables a
balanced trade-off between hallucination suppression and
semantic completeness.
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Figure 7: Visualization of token logits at hallucination-prone positions []. Red bars is hallucinated tokens and greens denote
faithful ones. Our Owl consistently suppresses hallucinations and promotes visually-grounded predictions via DCD strategy.
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Case study. To further illustrate the effectiveness of Owl,
we present two qualitative analyses. In Figure 7, we visu-
alize the Top-4 token logits predicted by LLaVA-1.5 with
and without our Owl, which demonstrates how Owl consis-
tently suppresses hallucinated tokens and promotes visually
grounded predictions by adjusting attention distribution dur-
ing decoding. Compared to LLaVA-1.5, which often assigns
higher logits to misleading tokens influenced by language
priors, our approach reweights token importance through vi-
sual enhancement and textual suppression, yielding more ac-
curate results. In Figure 8, we visualize examples from the
POPE benchmark, comparing Owl with three backbones.
Although existing models frequently misidentify nonexis-
tent objects (e.g. “traffic light”, “bowl,” or “bag’), Owl pro-
duces consistently correct responses. This highlights the
strength of Owl framework in resisting hallucinations, par-
ticularly in cases where language priors strongly conflict
with visual evidence.

Results on human-like GPT-4v assisted hallucination
evaluation. Figure 9 presents GPT-4V evaluations of
Owl against beam search, VCD, OPERA, and PAI across
three backbone models. On LLaVA-1.5, our method lifts
Correctness from 5.58 to 6.70 — a notable improvement of
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Figure 9: GPT-4V hallucination evaluation on MSCOCO.
Left: Correctness (higher = less hallucination); Right: De-
tailedness. Line plots show model score trends per method.

20.1% — and enhances Detailedness from 5.30 to 5.90 (up
by 11.3%). For MiniGPT-4, Correctness increases from 5.75
to 6.40 (11.3% 1), and Detailedness grows from 5.50 to
5.80 (5.5% 7). Shikra shows a Correctness gain from 5.50
to 6.00 (9.1% 1), with Detailedness rising from 5.10 to
5.50 (7.8% 1). Across all backbones, Owl consistently im-
proves Correctness while maintaining or slightly enhancing
Detailedness, with LLaVA-1.5 exhibiting the most signifi-
cant gains. These results confirm that our Owl framework
effectively reduces hallucinations without compromising the
richness of the generated content.

6 Conclusion

In this work, we present a causally grounded framework
Owl for mitigating object hallucinations in LVLMs. By
modeling the generation process through a structural causal
model with visual and textual attention as mediators, we un-
cover the causal roots of hallucination and propose VTACR
— a novel metric to quantify the cross-modal attention bal-
ance during decoding. Guided by VTACR signals, we de-
velop fine-grained attention interventions and a dual-path
contrastive decoding strategy that effectively suppress hal-
lucinated content. Extensive experiments on POPE and
CHAIR benchmarks validate our approach, achieving a
22.9% reduction in hallucination rates over strong baselines.
This work provides both theoretical insights and practi-
cal tools for enhancing LVLM faithfulness, and opens new
avenues for causal control in multimodal generation.
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