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ABSTRACT

Large vision-language models (LVLMs) excel at multimodal tasks but often
generate instance-level object hallucinations, describing nonexistent objects.
Since existing methods overlook functional conflicts within attention heads
and lack principled, fine-grained attribution and intervention at the head
level, hallucination suppression is often accompanied by a substantial loss
of semantic informativeness. To overcome these limitations, we propose
HACP, a unified framework that enables fine-grained internal hallucination
control via precise intervention at the attention head level. Specifically,
we introduce InfoSpectralScore, a novel attribution metric based on eigen-
decomposition with spectral variance and entropy penalties, which allows
for the accurate identification of hallucination-inducing heads. We further
develop a dynamic, training-free pruning strategy that adaptively suppresses
hallucination-prone heads while reinforcing faithful heads during inference.
Extensive experiments across multiple LVLMs and benchmarks demonstrate
that HACP achieves state-of-the-art hallucination mitigation, substantially
reducing hallucinations while better preserving caption informativeness
compared to existing approaches, thus offering a robust and transferable
solution for controllable and interpretable multimodal generation. The source
code will be released upon acceptance.

1 INTRODUCTION

Large vision—language models (LVLMs) [Yin et al.| (2024a)); [Liu et al.| (2024cja)); |Chen et al.
(2023)) are driving significant progress in image captioning, visual question answering, and
multimodal dialogue. However, these models often generate instance-level object halluci-
nations, describing objects that are not present in the input image. Such errors critically
undermine their reliability in safety-sensitive applications.

While numerous hallucination mitigation techniques have been proposed, such as instruction
tuning, contrastive decoding, retrieval augmentation, and enhanced visual grounding—these
methods largely operate at the output level. Consequently, existing approaches often struggle
with the longstanding trade-off between hallucination suppression and semantic informative-
ness [Liu et al.| (2024d); [He et al.| (2025]).

Recent advances in mechanistic interpretability have revealed that large language models’
behaviors can be traced to specific internal circuits and representational components. In
LVLMs, multi-head attention enables cross-modal fusion and semantic abstraction, but most
existing approaches treat attention monolithically or only at the layer level. This overlooks a
crucial fact: individual attention heads may encode distinct semantic functions, and growing
evidence shows that some heads disproportionately contribute to faithful or hallucinatory
outputs Bi et al.|(2024)); Geng et al.| (2023)); Jiang et al.| (2025)); |Chen et al.| (2024a)). Such
functional conflicts among attention heads may underpin the longstanding trade-off between
hallucination suppression and semantic informativeness, yet current approaches rarely provide
a principled, fine-grained attribution and intervention framework at the head level to resolve
this challenge |Liu et al.| (2024d); He et al. (2025).
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To fill this gap, we propose HACP, a
unified head-level dynamic pruning frame-
work for LVLMs, drawing on insights from
mechanistic interpretability. Central to
our approach are two key innovations: (1)
InfoSpectralScore, a semantics-based at-
tribution metric that enables systematic
identification of faithful and hallucination-
prone attention heads; and (2) a dy-
namic, training-free counteractive prun-
ing strategy that adaptively suppresses
hallucination-prone heads while reinforc-
ing faithful ones during inference.

Baseline-VLM

T
@ Hallucinatory
[O009080)

—)
QOO0 ®O®O ours HACP
[e]Clele] 1 YOl

As illustrated in Figure [T} our framework —
enables automated, fine-grained internal ; g !

control, resulting in more accurate and |he image depicts ..... Ajnan in a | [In the inage, a nan is talking on
straw hat is‘\yzalking on/his cell his cell phone while standing in a

faithful captions. Extensive experiments | hons, while another min is crowded room. ..... There are

several other people in the room,

acCross diverse LVLMS and benchmarks --------------- some of whom are also talking on

their phones.

demonstrate that our method achieves | objects, such as a bottle, a cup, | | the room is Filled with various
and ajbowl: Ajclockiis also items, including multiple bottles,

state-of-the-art performance, substantially | visible on the top of the wall. cups, and] al handbag:

redqcing hajlluc'inations. and better pre- Figure 1: Object Hallucination Mitigation via Head-
serving caption informativeness compared Level Pruning. HACP reduces hallucinations by prun-

to existing approaches. ing attention heads associated with spurious outputs,
. . . leading to more faithful captions than the baseline
Our main contributions are as follows: IVLM.

e We present a novel head-level hallucination mitigation framework for LVLMs. Our method
leverages insights from interpretability to enable fine-grained, instance-specific control at
inference time, without requiring any retraining.

e We propose InfoSpectralScore, a semantics-based attribution metric for attention heads,
enabling systematic identification of both hallucination-prone and faithful heads.

e We develop a dynamic, training-free pruning strategy that adaptively suppresses
hallucination-inducing heads while reinforcing faithful ones during inference.

e Extensive experiments show that our approach not only reduces hallucination rates and
preserves semantic expressivity, but also generalizes robustly across distributions and
tasks.

2 RELATED WORK

LVLMs are designed to generate semantically grounded descriptions of visual inputs. Yet
recent studies consistently show that they often describe nonexistent objects, a phenomenon
known as object hallucination Rohrbach et al. (2019); Liu et al. (2024b)). Such errors occur
at the instance (spurious objects), attribute (incorrect properties), and spatial (misplaced
relations) levels, undermining reliability in high-stakes domains such as assistive technology
and autonomous systems.

Previous attempts to mitigate hallucinations largely relied on output-level or decoding-
oriented adjustments. Instruction tuning with curated image—text pairs|Zhang et al. (2024);
Liu et al| (2024al)); Dai et al|(2023)); [Li et al|(2023a)) and grounding-aware objectives [Favero
et al.| (2024)) improved general visual reasoning but offered limited control over hallucina-
tions |Geigle et al. (2024). Contrastive, grounding-aware, and guided-decoding strategies
further constrained generation using external visual signals or exemplar-based guidance |Den
et al.|(2024)); Leng et al. (2023); |Qu et al. (2024); |Chen et al| (2024Db); Xie et al. (2024i; Li
et al. (2025); |Zhao et al. (2025)). These approaches reduce hallucinations during inference but
often compromise output diversity or informativeness. External expert-based systems take a
different path: instead of steering the decoding process, they introduce additional correction
networks or logic-aware verifiers to post-edit model outputs |Yin et al| (2024b)); Wu et al.|
(2024); [Yu et al.| (2024)). These expert modules often improve reliability but at the cost of
increased architectural complexity and inference latency.
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Beyond such output-level techniques, advances in mechanistic interpretability enabled the
decomposition of deep models into interpretable circuits and, together with activation
patching, localized causal associations in language models Nanda et al. (2023); [Elhage
et al. (2022); [Wang et al| (2022)); |Garcia-Carrasco et al.| (2024)); |Azaria & Mitchell| (2023);
Meng et al.| (2023). For vision—language models, attention-based attribution and cross-modal
analyses became prominent [Bi et al.| (2024); |Geng et al.| (2023); |(Gandelsman et al.| (2024)),
yet most strategies relied on simple heuristics or layer-level aggregation |Sarkar et al.[ (2025);
He et al.| (2025]), lacking a semantics-grounded head-level attribution framework. Recent
works further revealed that specific attention heads in intermediate layers are particularly
responsible for hallucinations |Jiang et al.| (2025)); |Chen et al.| (2024a); [Yang et al.| (2025b)),
motivating the development of more fine-grained and interpretable intervention mechanisms.

3 METHOD

3.1 MOTIVATION

Despite remarkable progress, LVLMs still suffer from instance-level hallucinations, which
recent evidence [Yang et al.| (2025a); [He et al.| (2025)); [Sarkar et al.| (2025) links to functional
conflicts among attention heads: some promote faithful grounding, while others introduce
spurious objects. These conflicts appear central to the longstanding trade-off between
hallucination suppression and semantic informativeness. Yet current methods lack principled,
fine-grained mechanisms for diagnosing and intervening at the head level.

First, existing approaches rarely provide semantics-grounded metrics to attribute halluci-
nations to specific attention heads. Output-level measures, such as Kullback—Leibler (KL)

divergence,
bi
Dir(p | @) = 3 pilog (q) 1)

only capture distributional shifts after ablation but cannot reveal whether the change
improves semantic alignment. Both faithful and hallucination-prone heads may yield high
KL scores, limiting diagnostic utility.

Inspired by research in LLMs |Chen et al.| (2024a)) and empirical analyses of hallucination-
associated heads in LVLMs |Jiang et al.| (2025), we propose InfoSpectralScore: a semantics-
based, head-level attribution metric that systematically quantifies the semantic capacity of
each attention head in targeted intermediate layers, enabling precise identification of both
hallucination-prone and faithful heads.

Second, conventional head-pruning strategies (e.g., zero or mean ablation) are often too
severe, over-penalizing the model and degrading semantic expressivity. To address this, we
develop Training-Free Counteractive Pruning: a dynamic, inference-time intervention that
suppresses hallucination-inducing heads while reinforcing faithful ones, achieving hallucination
mitigation without compromising output quality or semantic richness.

After addressing these challenges, we introduce a unified pipeline for head-level attribution
and inference-time hallucination mitigation (Figure . Building on this foundation, we
further design an automated, instance-adaptive mechanism, with implementation details
given in Section [3.4]

3.2 SEMANTIC ATTRIBUTION VIA INFOSPECTRALSCORE

To isolate the causal effect of each attention head, we employ Sequential Head Pruning
(SHPM), traversing all heads in target layers L(see Algorithm . For each head, we attach
a mean-replacement hook, run inference on an attribution set D, and collect final-token
embeddings. Stacking these for K samples yields Z € RE*4, The covariance matrix is

Sl (22 T(Z-Z) 4 2)
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Figure 2: Unified pipeline for head-level attribution and inference-time hallucination
mitigation. Our framework consists of four stages: (1) activation patching and cache collection, (2)
head-level attribution via InfoSpectralScore, (3) faithful vs. hallucinatory head classification, and
(4) dynamic counteractive pruning during inference.

Algorithm 1 Head-Level Attribution via SHPM and ISAM

Require: Model M, attribution set D, target layers £, per-layer head counts {np()}icz,
rounds R

Ensure: Attribution scores S ;; per-layer faithful/hallucinatory head sets ’Hggth, ’H}(Qllu

1: for round r =1 to R do

2 for each layer [ € £ do

3 for head index j =1 to np(l) do

4 Prune head (I, j), run inference on D
5: Compute InfoSpectralScore(l, 5)

6: Append to S ;
7
8
9:
10:

end for
end for
end for
Aggregate S ; across rounds

11: Classify heads by thresholds to obtain Hg)itw H}(QHU
! l
12: return {5}, (Mg} (M}

with eigenvalues \; > --- > A\y. The FEigenScore is defined as
o+
EigenScore = Z i (3)
i=1
where k* is the smallest integer such that Zf;l A>T Z?:l Aj (e.g., 7=0.9).

However, EigenScore alone may miss pathologies such as anisotropy and sparsity in
hallucination-prone heads. We thus introduce the InfoSpectral Attribution Module (ISAM),
which augments EigenScore with two regularizers:

SpectralVar = Var(log A1, ...,log Aq) (4)

which penalizes anisotropy by measuring dispersion in the log-spectrum, where d is the total
number of eigenvalues.

Ai
Zj:l Aj
d
SpectralEntropy = — Z i log(pi + e) (6)
i=1
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Algorithm 2 Dynamic Counterbalance of Attention Heads

Require: For each layer: faithful set Hpaien, hallucinatory set Hpany, head outputs {h;};
modulation p, smoothing A
1: Remove overlaps: M}, < Hhattu \ Hiaith
2: for each layer do

3: if |Hfaith| < 2or "H]/aallu| < 2 then

4: continue

5.  end if

6: V< m ZjEHfanh hj’ Vh m Zje?{fmnu hj
7 D |vill/(lvell+€), D < ADprev + (1= A)D
8:  for each head j do

9: if j € Hraitn thgn

10: h; < h; +uDvy

11: else if j € #Hj,;, then

12: hj — hj — /.LDVh

13: end if

14: end for

15: end for

which quantifies sparsity by the entropy of the normalized spectrum, where € is a small
constant (e.g., 10~%) for numerical stability.

Combining these, the InfoSpectralScore is defined as:
InfoSpectralScore = EigenScore — o SpectralVar — « SpectralEntropy, (7)

where o and 7 are regularization weights. Hyperparameters are selected via grid search (see
Appendix .

3.3 COUNTERBALANCING ATTENTION HEADS VIA DIRECTIONAL PRUNING

To suppress hallucination-inducing behaviors while preserving faithful generation, we intro-
duce a dynamic counteractive pruning mechanism (see Algorithm . Let Heaitn and Hyaliu
denote the sets of faithful and hallucinatory heads identified by ISAM. We first remove
overlaps to avoid ambiguous signals:

Hhaly = Hhaitu \ Heaith- (8)

For each layer, let h; be the output vector of head j at the final token position. We compute
the per-set mean directions

1 1
VI o] > hy, Vh = > hy (9)
falth| € Hrmitn | hallu‘ JEHL

The modulation ratio is
[vall

vl + €
and its exponentially smoothed version is
D = ADprev + (1 = \) D. (11)
Finally, each head j is reweighted as
hj +uDvy, j € Heaitn,
h; = h] - ,UDVh, .7 € H{'lallu’ (12)
h;, otherwise.

We skip any layer with fewer than two heads in either set. We implement the mecha-
nism via forward hooks at inference, reshaping the post-attention tensor to [B,T, H, D],
computing vy, vy, updating D, and applying Eq. on GPU without extra parameters.
Hyperparameters p and A are selected via grid search (Appendix |C)).
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Algorithm 3 Task-Specific Pruning Pipeline for a Single Image—Prompt Pair

Require: LVLM M, image I, prompt P, BO budget T'
Ensure: Pruned caption g,
: Attribution (Algorithm [I)): run head-level ablations on (I, P) to obtain InfoSpec-
tralScore for all heads and classify faithful/hallucinatory sets.
Run baseline inference to obtain go and metrics my.
fort=1toT do
Use Bayesian optimization to propose pruning parameters (g, A¢).
Instantiate the counterbalance module (Algorithm using (p, A¢) and the attribution-
derived head sets.
Run M with this configuration to obtain ¢, and metrics my.
Update BO surrogate using hallucination-aware objective J(my, mg).
end for
Let (u*, A*) be the best BO parameters.
Apply Algorithm [2| with (1*, A*) to produce the final caption gp,.

—

3.4 TUNIFIED AUTOMATION AND TASK-SPECIFIC ADAPTATION PIPELINE

In practical LVLM deployments, hallucination behavior varies across inputs, so each image—
prompt pair requires on-the-fly adaptation. To support thisinstance-level behavior, we
integrate the attribution module (Section with the counterbalance mechanism (Sec-
tion into a unified, task-specific pruning pipeline. Algorithm [3| outlines the procedure.
For a given input, the pipeline first performs head-level attribution to identify faithful and
hallucinatory directions. It then runs a small Bayesian optimization loop to search over the
pruning parameters (¢, A) under a hallucination-aware objective, and applies the best configu-
ration to generate the final caption. This design enables each instance to receive a lightweight,
attribution-guided adjustment tailored to its own hallucination profile. Appendix details
the two engineering improvements that ensure the pipeline remains efficient and robust in
practice.

4 EXPERIMENT

4.1 EXPERIMENTAL SETUP

We evaluate our approach on three representative LVLMs: LLaVA-1.5 (7B, 13B), Shikra-7B,
and Qwen2.5-VL-7B-Instruct Wang et al.| (2024]). Results in Sections 4.2 and 4.3 are based
on the generalization pipeline, whereas all comparisons against other methods (reported as
“Ours”) use the full task-specific pruning pipeline described in Algorithm [3] We addition-
ally compare against competitive training-free hallucination-mitigation methods, including
VCD |Leng et al|(2023), OPERA Huang et al|(2024), PAI Liu et al.| (2024d), SPIN |Sarkar
et al.| (2025)), MLIH [Jiang et al. (2025), and VHR |He et al.| (2025, each evaluated using its
officially recommended settings.

For evaluation, we follow the CHAIR protocol Rohrbach et al.| (2019) on the COCO 2014
dataset [Lin et al.| (2015]), reporting CHAIRs, CHAIR;, recall, precision, F1, and caption
length. On POPE [Li et al.| (2023b)), we report accuracy, precision, recall, and F1. To assess
broader multimodal capabilities beyond object hallucination, we further evaluate on MME [Fu
et al.[(2025) and HallusionBench |Guan et al.| (2024), applying our method only to LLaVA-1.5
for these two benchmarks.

All configurations and implementation details for both our method and competing baselines
are provided in Appendix The appendix also includes a report of the computational
cost for every method.

4.2 GENERALIZATION PIPELINE: SYSTEMATIC CROSS-MODEL EVALUATION

The generalization pipeline evaluates whether head-level attribution and pruning remain
effective across different model architectures and data distributions. Unlike the task-specific
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Table 1: Relative improvement (%) on hallucination metrics. Each cell is Delta (%) from Baseline
to Pruned. Bold numbers indicate the best performance for each metric within each model and
evaluation set block.

Validation A (%) Hallucination A (%) Generalization A (%)

Model Group | CHAIRs CHAIR; F1 CHAIRs CHAIR; F1 CHAIRs; CHAIR; F1
LLaVA-7B [5,18] -6.85 -1.96 +0.60 -11.32 -3.81 +1.31 -4.11 -5.72 +0.37
[19,26] -8.58 -7.27 +1.35 -5.24 -3.16 +0.73 -3.61 -5.02 +1.63
Merged| -8.05 -3.29 -0.04 -9.77 -4.34 -0.07 -6.25 -5.55 +0.55
LLaVA-13B [5,18] -7.41 -12.03 +2.27 -7.89 -2.57 -0.61 -5.57 -6.57 -0.19
[19,26] -12.26 -5.54 +2.59 -4.37 -5.32 +0.77 -5.48 -6.54 +0.77
Merged| -9.66 -2.23 +3.92 -7.99 -2.80 -0.79 -8.80 -1.24 +1.87
Shikra-7B  [3,13] -5.46 -3.05 -0.06 -10.69 -4.06 +2.43 -1.96 -8.27 +0.69
[14,28] -10.41 -5.13 +0.90 -9.26 -8.94 +1.29 -8.11 -5.13 +0.33
Merged -2.17 -8.67 +1.91 -10.30 -6.13 +3.34 -6.32 -10.86 +3.44

Table 2: Relative improvement (%) on hallucination metrics for LLaVA-7B under random attribution
and hallucination-focused attribution. Bold numbers indicate the best performance for each metric
within each group and split.

Validation A (%) Hallucination A (%) Generalization A (%)

Model Group |CHAIR; CHAIR; F1 CHAIR; CHAIR; F1 CHAIR; CHAIR; F1
LLaVA-7B [5,18] -6.85 -1.96 +0.60 -11.32 -3.81 +1.31 -4.11 -5.72 +0.37
[19,26] -8.58 -7.27 +1.35 -5.24 -3.16 +0.73 -3.61 -5.02 +1.63
Merged| -8.05 -3.29 -0.04 -9.77 -4.34 -0.07 -6.25 -5.55 +0.55
LLaVA-7B-hallu [5,18] -9.03 -6.12 +3.20 -7.55 -1.35 +0.70 -11.03 -14.12 +1.41
[19,26] -3.18 -1.49 +1.97 -3.87 +1.36 +0.63 -9.60 -2.81 +1.01
Merged | -10.90 -7.40 +2.19 -8.32 -9.13 +0.57 -15.27 -19.98 43.36

pipeline in Section 4.3, this analysis focuses on the consistency and stability of pruning effects.
The central questions are: (1) Can our attribution and pruning strategy consistently suppress
hallucination across diverse model architectures? (2) Does this suppression generalize to
out-of-distribution data splits?

We construct three evaluation sets for each model:

e Validation Set: Images used for attribution in each head group (160 per group for
LLaVA-7B/13B; 320 for Shikra-7B). For merged groups, we take the union of primary
groups after removing duplicates.

¢ Hallucination Set: Images that trigger fully hallucinatory captions (CHAIRs = 1) under
baseline inference; for each group, the number of images is matched to its Validation Set.

e Generalization Set: Images outside the Validation Set, randomly sampled to the same
size as each group’s Validation Set to enable evaluation under distribution shift.

Following the empirical findings of |Li et al.| (2025)), for each model, we define three attribution
layer groups: LLaVA uses [5,18], [19,26], and a merged [5,26]; Shikra-7B uses [3,13], [14,28],
and a merged [3,28]. The merged group unites non-overlapping intervals to enhance coverage.
Faithful and hallucinatory heads are identified via a multi-round attribution procedure for
statistical reliability. Grid search for hyperparameters (p, A) is conducted independently on
each split, with settings detailed in Appendix

As shown in Table [I} our attribution-guided pruning consistently reduces both CHAIR
and CHAIR,; across all models and evaluation splits, demonstrating stable suppression of
hallucinations under varying architectural and distributional conditions. Notably, F1 remains
stable or improves in nearly all cases, underscoring the robustness and generalizability of our
method in mitigating hallucinations without sacrificing informativeness.
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Table 3: Comparison of our method with hallucination-mitigation methods on hallucination-prone
evaluation sets for each model. For each model block, best results are in bold and second best are
underlined (excluding baseline).

Model Method CHAIR, CHAIR; Recall Precision F1 Len
Baseline  1.000 0.320 0.792 0.585 0.673 92.24
VCD 0.731 0.259 0.760 0.643 0.697 92.33
OPERA  0.731 0.234 0.827 0.683 0.748 95.99
PAI 0.450 0.155 0.647 0.778 0.707 78.26
LLaVA-7B MLIH 0.637 0.211 0.759 0.709 0.733 80.01
SPIN 0.807 0.255 0.817 0.637 0.716 100.07
VHR 0.525 0.221 0.679 0.698 0.689 64.83
Ours 0.494 0.158 0.772 0.760 0.766 83.94
Baseline  0.785 0.245 0.778 0.623 0.692 99.97
OPERA  0.690 0.232 0.760 0.670 0.710 101.20
PAI 0.715 0.227 0.780 0.643 0.705 98.14
Shikra-7B MLIH 0.335 0.123 0.546 0.800 0.649 53.20
SPIN 0.570 0.178 0.729 0.694 0.711 92.61
VHR 0.540 0.198 0.662 0.709 0.684 75.20
Ours 0.601 0.161 0.789 0.725 0.755 98.89
Baseline  0.694 0.216 0.512 0.750 0.609 120.14
VCD 0.744 0.254 0.488 0.730 0.585 110.86
OPERA  0.556 0.255 0.338 0.718 0.460 119.75
PAI 0.563 0.244 0.381 0.747 0.504 88.82
Qwen2.5-VL-TB-Instruct \ /1y 0.431 0.236 0.284 0.733 0.410 63.54
SPIN 0.481 0.230 0.284 0.761 0.414 62.86
VHR 0.525 0.201 0.404 0.780 0.532 105.43
Ours 0.600 0.148 0.545 0.817 0.654 120.43

4.3 HALLUCINATION-FOCUSED ATTRIBUTION: AN EMPIRICAL EXPLORATION

Hallucination cases provide attribution signals that are rarely visible in ordinary validation
images, exposing larger variations in attention patterns and InfoSpectralScore responses.
This motivates an alternative setting in which attribution is computed on intentionally
challenging inputs, with the expectation that such cases may better reveal heads associated
with hallucination and thus support more effective pruning. Concretely, for each model, we
identify images that produce hallucinated objects under baseline inference and use these
hallucination-prone cases as challenging attribution inputs. For LLaVA, hallucination-prone
cases are generally reproducible; for Shikra and Qwen2.5, the exact set varies slightly across
runs due to decoding stochasticity and model-specific generation behavior. Therefore, we
treat these challenging examples as a model-dependent source of high-risk inputs rather than
a fixed dataset.

Finding 1: Hallucination-focused attribution provides stronger and more stable
pruning signals. We compare attributions computed from random images and hallucination-
prone images under the same generalization pipeline and multi-round aggregation strategy.
As shown in Table [2] for LLaVA-7B, hallucination-focused attribution consistently yields
larger reductions in both CHAIR,; and CHAIR; across validation, hallucination, and out-of-
distribution splits. Among all layer groups, the merged group exhibits the most pronounced
improvements. While these results do not imply causal interpretations of head behavior,
they empirically indicate that high-risk cases expose more informative head-level attribution
patterns, enabling more robust pruning.

Finding 2: Hallucination-focused attribution enhances task-specific hallucina-
tion mitigation. Building on these observations, we incorporate attribution derived from
hallucination-prone cases into our full task-specific pruning pipeline, which performs instance-
level head reweighting and pruning at inference. As shown in Table [3] using hallucination-
focused attribution as the head-importance prior substantially improves hallucination suppres-
sion for LLaVA-7B, Shikra-7B, and Qwen2.5-VL-7B-Instruct on their respective hallucination-
prone evaluation sets. Our method achieves the lowest or second-lowest CHAIR; across all
three models while maintaining competitive recall and F1. In contrast, several baselines
suppress hallucinations at the cost of caption length or substantial recall degradation. These
findings demonstrate that attribution signals extracted from challenging cases offer effective
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Table 4: Comparison of hallucination-mitigation methods on a dataset of 600 randomly selected
multi-label COCO images (each with > 5 labels). Best results are in bold and second best are
underlined.

Method CHAIR, CHAIR; Recall Precision F1 Len

Baseline 0.678 0.184 0.695 0.762 0.727 105.202
VCD 0.678 0.177 0.721 0.763 0.741 115.647
OPERA 0.663 0.177 0.720 0.775 0.747 114.343
PAI 0.410 0.121 0.504 0.841 0.630 82.922
MLIH 0.619 0.165 0.654 0.781 0.712 94.913
SPIN 0.494 0.147 0.529 0.802 0.637 71.942
VHR 0.700 0.190 0.709 0.752 0.730 108.830
Ours 0.532 0.130 0.683 0.820 0.745 102.972

Table 5: Comparison of hallucination-mitigation methods on the full POPE benchmark. Best
results are in bold and second best are underlined.

Method Random Popular Adversarial
Acc Prec Rec F1 Acc Prec Rec F1 Acc Prec Rec F1

Baseline 88.47 95.72 80.53 87.47 86.83 92.14 80.53 85.95 83.50 85.61 80.53  83.00
VCD 85.83 93.59 76.93 84.45 84.40 9044 76.93 83.14 81.33 84.36 76.93 80.47
OPERA 89.23 92.55 85.33 88.80 86.83 87.97 85.33 86.63 81.17 78.77 85.33 81.92
PAI 88.27 85.56 92.07 88.70 84.87 80.62 91.80 85.85 76.53 70.33 91.80 79.64
MLIH 81.10 98.95 62.87 76.89 80.73 97.82 62.87 76.54 79.87 95.25 62.87 75.74
SPIN 89.57 94.26 84.27 88.98 87.10 89.38 84.20 86.71 83.23  82.31 84.67  83.47
VHR 88.87 86.30 92.40 89.25 85.37 81.01 92.40 86.33 77.23 70.90 92.40 80.23
Ours 90.40 98.56 82.00 89.52 89.83 97.38 81.87 88.95 88.73 94.97 81.80 87.89

guidance for task-specific head intervention, yielding robust improvements over existing
training-free approaches. Qualitative examples in Appendix [D] further illustrate this behavior.

4.4 BRoAD EVALUATION ACROSS DIVERSE HALLUCINATION BENCHMARKS

The previous sections examined attribution behavior and high-risk hallucination scenarios. We
now evaluate whether the task-specific pruning pipeline generalizes to broader distributions
and task forms. To this end, we assess performance across four representative benchmarks: a
multi-label subset of COCO, the full POPE benchmark, HallusionBench, and MME. These
datasets jointly cover caption-level hallucination, object-level binary consistency, visual
illusion diagnosis, and multimodal perception.

COCO Multi-Label Subset: Real-World Captioning Table [ reports results on
a randomly selected set of 600 multi-label COCO images, where captions must describe
numerous co-occurring objects. In this setting, several methods such as VCD, OPERA,
and VHR bring limited reductions in hallucination, suggesting that their behaviors do not
transfer as effectively to complex multi-object scenes. Other approaches, including PAI and
SPIN, suppress hallucinations more aggressively but often at the cost of shorter outputs
and reduced recall. Our method achieves a more balanced outcome: it reduces hallucinated
content while maintaining caption length and sustaining strong recall, leading to competitive
overall F1 performance. These results indicate that the proposed intervention adapts well to
dense visual scenes without pushing the model toward overly conservative descriptions.

Table 6: Correctness comparison on HallusionBench with LLaVA-1.5-7B under human evaluation.
All numbers are in %.

Question Pair Figure Easy Hard Overall
Method Accuracy  Accuracy Accuracy Accuracy Accuracy
Baseline 17.36 19.36 30.55 57.67 53.14
Ours 17.80 19.94 32.53 57.67 54.03
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Table 7: Results on MME perception-related tasks. Best values are bolded.

Existence Count Position Color Posters Celebrity Scene Landmark Artwork OCR  Total

Baseline 185.00 138.33 108.33 155.00 152.04 130.29 163.00 143.00 102.00 97.50 1374.50
Ours 190.00 145.00 120.00 155.00 184.69 147.94 179.00 146.75 116.00 102.50 1486.89

Table 8: Results on MME recognition-related tasks. Best values in each column are bolded.

Common Numerical Text Code
Sense Reasoning Calculation Translation Reasoning Total

Baseline 102.14 60.00 87.50 55.00 304.64
Ours 114.29 90.00 87.50 72.50 364.29

POPE: Object-Level Binary Consistency Table 5| presents results on the full POPE
benchmark covering the Random, Popular, and Adversarial splits. In all three settings, our
method demonstrates stable improvements in object-level consistency while maintaining
balanced precision and recall. These results indicate that the proposed head-level adjustment
preserves the model’s ability to make reliable object-present/object-absent decisions even
under distributional variation.

HallusionBench: Visual Illusion and Reasoning Robustness HallusionBench includes
visual illusions, ambiguous scenes, and paired reasoning questions that challenge even stronger
LVLMs. As shown in Table[6] our method yields only modest improvements over the baseline.
This limited gain likely reflects the difficulty of the benchmark and the limited influence that
head-level intervention can exert on high-level reasoning tasks. Even so, the intervention
remains stable and yields small, consistent improvements without affecting reasoning behavior.

MME: Multimodal Perception and Cognitive Evaluation MME covers a broad
range of perception and reasoning abilities beyond hallucination. As shown in Tables [7]
and [§] our method generally maintains or improves performance across most perception-
oriented tasks, indicating that hallucination reduction does not weaken visual grounding.
Tasks that rely on concrete visual cues, such as object presence, counting, or basic scene
interpretation, tend to show clearer improvements. This outcome is consistent with our
goal of mitigating functional conflicts within attention heads: reducing spurious visual-text
correlations helps stabilize perception- oriented behavior. Tasks involving abstraction or
symbolic manipulation show smaller changes, consistent with their weaker connection to
hallucination-related behavior.

Overall, these results show that the task-specific pruning pipeline remains consistent across
diverse benchmarks, improving hallucination control while preserving perceptual grounding
and caption informativeness.

5 CONCLUSION

This work presents a unified, training-free framework for fine-grained control of object halluci-
nation in vision—language models. By introducing InfoSpectralScore for head-level attribution
and a dynamic counteractive pruning strategy, our method suppresses hallucination-prone
heads while reinforcing faithful ones, without requiring extra data or retraining. Experiments
across LVLMs, together with benchmarks such as POPE, show consistent hallucination
reduction while preserving informativeness, providing both strong empirical results and
mechanistic insights into the role of attention heads.

Looking ahead, an exciting avenue is to extend our head-level paradigm beyond attention
modules to other critical components such as MLP layers, and to design more efficient
mechanisms for intervening in key computational units. Moreover, future work may explore
more expressive attribution scores and algorithmic strategies that further enhance the
efficiency, scalability, and interpretability of hallucination control in multimodal generation.
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APPENDIX

A  COMPREHENSIVE EXPERIMENTAL CONFIGURATION AND
PIPELINE-LEVEL ENHANCEMENTS

A.1 EXPERIMENTAL SETTINGS

METHOD-SPECIFIC CONFIGURATION NOTES

All experiments are conducted under identical hardware and fixed random seeds.

OPERA. We strictly follow the official implementation and its reported best-practice
hyperparameters. The command lines used in our experiments correspond exactly to those
recommended in the authors’ repository, with all other parameters kept at their default
values.

SPIN. For LLaVA-1.5 on CHAIR evaluation, the configuration reported in the SPIN
paper (start-layer=0, end-layer=32) remains stable and we use it without modification.
However, applying the same configuration to POPE causes severe degradation of generation
quality. The original paper provides no task-specific guidance, and we therefore explored
several alternative layer ranges. Among these tested configurations, we report results using
start-layer=>5 and end-layer=32, which consistently yielded the most stable and com-
petitive performance on POPE. A similar phenomenon is observed for Shikra, where the
0-32 intervention led to unusable outputs. Following controlled exploration, we adopted the
configuration used in our final results: start-layer=>5, end-layer=32, routed-heads=0.45,
small-num-mask=0.001.

PAI. For LLaVA-1.5 on the CHAIR benchmark, we follow the configuration described in the
original paper, using interventions on layers 2-32 together with alpha=0.5, gamma=1.1, and
classifier-free attention. On POPE, however, applying the same layer span leads to noticeable
instability. Because the paper does not provide a recommended setting for POPE, we carried
out a moderate search over several candidate layer ranges and chose layers 6-20, which
showed the most reliable performance among the tested options. All other hyperparameters
remain aligned with the CHAIR configuration.

VCD. We follow the hyperparameters reported in the official paper. Specifically, we use
~v=0.1, « = 1.0, and 8 = 0.1, while the number of noise steps is set to 7" = 500 for MME
and LLaVA-Bench, and to T' = 999 for POPE. All remaining parameters are kept exactly as
in the authors’ codebase.

VHR. All experiments with VHR strictly follow the repository-provided scripts and default
hyperparameters for both POPE and CHAIR, without modification.

MLIH. We reproduce MLIH using the hyperparameters provided in the paper: for LLaVA-
1.5, we use guide-range=>5-18 and alpha=0.5; for Shikra, we use guide-range=3-13 and
alpha=0.55. These intervention ranges naturally align with those used in our own method,
ensuring fair and architecture-consistent comparison.

ADJUSTMENTS FOR QWEN2.5-VL-INSTRUCT

Compared with LLaVA and Shikra, Qwen2.5-VL-Instruct exhibits stronger baseline ex-
pressiveness and noticeably more unstable decoding under loosely constrained prompts or
layer-level interventions. To ensure fair comparison and generate usable captions across all
SOTA methods, we introduce the following minimal and model-specific adjustments.

Prompt adaptation. Most models (e.g., LLaVA and Shikra) are evaluated using the
default prompt: “Please describe the image in detail.” However, Qwen2.5-VL-Instruct exhibits
noticeably more unstable generations under this loose instruction, often producing overly
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long, drifting, or structurally irregular text. To stabilize decoding and maintain comparability
across methods, we adopt the following controlled prompt:

“Write one fluent paragraph of about 100-120 English words that thoroughly
describes the image. Mention the main subjects, their attributes, spatial relations,
actions, visible text or numbers, and the overall scene context. Avoid generic
prefaces such as ‘The image shows’, as well as bullet points or headings. The prose
should remain cohesive and natural, and the description must end with <END>.”

Several SOTA methods fail to produce valid text under this strict prompt (e.g., empty
outputs, corrupted tokens, premature EOS). In such cases, we apply only the minimal
relaxation needed to recover valid captions, for example by removing the sentence “Mention
the main subjects, their attributes, spatial relations, actions, visible text or numbers, and
the overall scene context.” or by omitting the <END> marker, while still keeping the overall
prompt structure and evaluation conditions as consistent as possible.

Architectural alignment and layer mapping. Several competing methods specify
intervention layers only for LLaVA (e.g., layers 2-31). To preserve comparable relative depth,
we map these ranges to Qwen2.5 by aligning proportional layer indices (e.g., 2-27). For
methods that operate on middle layers (ours and MLIH), we follow prior analyses of Qwen
architectures (HALP |Anonymous| (2025), Qwen-LA |Chu et al.| (2025)) and adopt:

TARGET_LAYERS = [12, 13, 14, 15, 16, 18, 19, 20, 22, 27],

which covers layers 12-16, 18-22, and 27. Layer 21 is excluded from modification due to
instability but retained as a probing layer for token extraction.

Other adjustments. All remaining hyperparameters (decoding strategy, max tokens,
safety checks, and batch configuration) are kept identical to those used for LLaVA and
Shikra, unless a method fails to run under the common configuration. In such rare cases, we
introduce the smallest possible fix required for successful execution without changing the
method’s effective behavior.

A.2 KEY ENGINEERING IMPROVEMENTS FOR THE TASK-SPECIFIC PRUNING PIPELINE

ACCELERATED HEAD-LEVEL ATTRIBUTION VIA CACHED SEMANTIC RECONSTRUCTION

A direct implementation of Algorithm [T] would require running the LVLM once for every head
ablation in every target layer, resulting in hundreds of full forward passes per attribution
set. This is prohibitively expensive for modern LVLMs. To address this, we adopt a fast
approximation that performs only one baseline forward pass and caches, for each target
layer:

e the residual stream before attention,
e the concatenated multi-head output before the output projection W,

e the post-attention semantic embedding of the final token.

Because the post-attention update for each head is linear before the post-attention layer
normalization, the effect of ablating a head can be reconstructed offline. For a cached layer

l, let h;l) € R% be the output of head j, and let W(Sl) be the output projection. The
reconstructed semantic embedding under ablating head j is

() _ 0
Xsem = Xpesid

+wd (concat(h(ll), .0, h%))), (13)

followed by the same post-attention layer normalization used in the model. This enables the
computation of InfoSpectralScore for all heads via Egs. (4)—(6) without invoking additional
forward passes or generating captions. In practice, this approximation shrinks the attribution
time from minutes-to-hours down to mere seconds, effectively rendering the cost negligible
and enabling exhaustive head-by-head and layer-by-layer analysis on every model.
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Why this approximation is valid. The key observation is that the final-token semantic
vector before the MLP block is a linear function of the concatenated head outputs:

x) =LN (Xfle)sid +woh concat(hgl)7 ey hgf[))) . (14)
Thus, modifying only one head corresponds to a low-rank perturbation in the semantic
space. Since InfoSpectralScore depends solely on the covariance structure of these semantic

embeddings, we can compute the change in spectral statistics directly from reconstructed
embeddings.

Empirically, we observed that this fast approximation yields head-importance rankings that
closely track those produced by the full forward-regeneration procedure. More importantly,
when incorporated into the broader analyses of attribution behavior and hallucination sce-
narios presented in Sections [£.3] and [£.4] the approximation continues to support effective
hallucination mitigation. These empirical trends suggest that the cached-semantic repre-
sentation preserves the discriminative signals required for reliable head attribution, while
making instance-level adaptation computationally feasible in practice.

STABILIZED AND EFFICIENT BAYESIAN OPTIMIZATION FOR PER-INSTANCE PRUNING

The task-specific pruning pipeline (Algorithm [3|) uses a lightweight Bayesian optimization
(BO) loop to determine the pruning parameters (u, A) for each input instance. Although the
search space is only two-dimensional, each evaluation requires full LVLM decoding, making
runtime the primary computational bottleneck. To ensure that BO remains both stable and
efficient in this setting, we introduce several practical refinements.

Warm-start initialization combined with random exploration. Instead of relying
solely on uninformed random initialization, we supply BO with a small set of empirically
strong configurations gathered from preliminary development runs. These warm-start seeds
are combined with a few genuinely uninformed points, balancing guided initialization with
exploratory diversity. This mixture places the optimizer near effective regions of the pruning
space while still allowing it to probe areas that were not covered during development.

Constrained search region. We restrict the optimization domain to
w € [0.3,0.8], A € [0.80,0.99],

removing degenerate settings that either oversuppress faithful heads (u too large) or desta-
bilize modulation sensitivity (A too close to 1). The constrained region retains sufficient
expressivity while substantially reducing the variance of early BO iterations.

Robust handling of irregular LVLM generations. Under our dynamic pruning method,
LVLM decoding may occasionally become unstable and produce malformed outputs, such
as truncated sentences, incoherent token sequences, or repeated prefix fragments. If these
outputs were treated as valid optimization samples, they could distort the BO surrogate
model and impede stable convergence. To avoid this, we apply lightweight validity checks
that examine output length, character-level anomalies, and prefix-overlap patterns. Outputs
that fail these checks receive a soft penalty rather than being removed, which keeps the
surrogate model reliable while maintaining smooth optimization progress for each instance.

Early stopping based on difficult-to-improve hallucination gains. Extensive empiri-
cal analysis shows that some inputs yield consistently non-positive hallucination improvements
across a broad range of (u,A) settings. This behavior typically arises when the pruning
adjustment causes unstable decoding, producing borderline or partially degraded text, or
when the objective surface becomes effectively flat with respect to the pruning parameters
and no meaningful improvement can be reached. In these situations, continued exploration
brings little benefit. Therefore, the BO loop is terminated early once several consecutive
iterations show no improvement or fall below a small gain threshold, preventing excessive
and unproductive evaluations on instances that are intrinsically difficult to optimize.
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Table A1l: Runtime on CHAIR evaluation with 600 COCO multi-label images. All time entries are
in hh:mm:ss.

Method Baseline SPIN PAI OPERA VCD VHR MLIH Ours

Total Time 00:17:49 00:20:30 00:39:52 03:10:02 00:39:10 00:20:10 00:16:18 09:50:00
Avg Time (s/img) 1.98 2.05 3.99 19.00 3.92 2.02 1.63 148.00

Table A2: Runtime on POPE evaluation. The upper block reports runtime on the three POPE
subsets (random / popular / adversarial). The lower block reports the total runtime and the average
time per question (total time divided by 9000). All time entries are in hh:mm:ss.

Method Baseline SPIN PAI OPERA VCD VHR  MLIH Ours
Subset Runtime

Random 00:13:17 00:06:05 00:22:19 01:04:57 00:08:17 00:09:42 00:10:57 01:07:04
Popular 00:13:21 00:06:55 00:21:48 01:06:30 00:08:16 00:09:40 00:10:55 01:08:52
Adversarial 00:14:09 00:06:17 00:21:27 01:06:10 00:08:17 00:09:41 00:11:21 01:13:21

Overall Runtime

Total Time 00:40:48 00:19:17 01:05:34 03:17:37 00:24:50 00:29:03 00:33:13 03:29:17
Avg Time (s/question) 0.272 0.128 0.437 1.317  0.166 0.194 0.221 1.395

Fallback retry for atypical attribution distributions. If the primary BO phase fails
to identify an improving configuration, we activate a short retry stage. This stage recomputes
hallucination heads using a robust interquartile-range (IQR) rule and runs a small BO
pass with freshly initialized priors. The fallback mechanism compensates for unusually flat
attribution distributions and ensures that the pruning pipeline remains reliable even on
challenging inputs.

With these refinements, a full optimization cycle typically completes within 3-5 minutes.
Given that head-level pruning inherently incurs additional decoding passes, this runtime
remains practical for per-instance hallucination mitigation.

A.3 COMPUTATIONAL COST

Tables and summarize the end-to-end runtime of all competing methods on CHAIR
(600 captions, max_new_tokens=256) and POPE (9000 binary questions, max_new_tokens=16).
Our method introduces two additional computations per instance: (i) head-level attribution,
and (ii) the Bayesian search for (u, A) during counteractive pruning.

Attribution cost. As defined in Algorithm [I} attribution requires evaluating each at-
tention head on an attribution set of size K. With the cached reconstruction mechanism
(Appendix [A.2)), the entire attribution step becomes lightweight:

¢ 5 seconds per instance on CHAIR (long captions);

e 0.5 seconds per instance on POPE (short answers).

Overall runtime and scalability. The attribution and pruning components operate
strictly on a per-instance basis and therefore do not scale with the size of the evaluation set:
once a single image or question has been processed, its associated computational cost does
not accumulate across larger datasets.

On CHAIR, long-form caption generation (256 tokens) naturally increases latency, since
counteractive pruning requires several forward passes under different (u, \) configurations.
Although this makes our method slower than other training-free modulation techniques on
this benchmark, the incurred cost remains within a practically acceptable range for the
practical usage of the approach, especially in scenarios where maintaining semantic richness
and performing per-instance hallucination mitigation are both required.
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For POPE, which involves short answers (16 tokens), our method remains within the same
order of magnitude as all compared approaches. Even with the additional attribution step
(about 0.5s per instance), the overall end-to-end runtime stays moderate and does not
introduce prohibitive overhead. These results indicate that the method is suitable for real
applications requiring adaptive, instance-level hallucination control.

B  HYPERPARAMETER SENSITIVITY ANALYSIS

Table A3: Grid search results for « and « (showing Aj, Ay, and Signal). Signal uses the signal
value. The top-3 Signal is in bold.

ey vy | A Ay Signal

0.0 0.0 | 0.047041 0.146614  0.193655
0.0 0.5 | 0.033169 0.148833  0.182002
0.0 1.0 | 0.033169 0.148833  0.182002
0.0 1.5 | 0.033169 0.148833  0.182002
0.0 2.0 | 0.033169 0.148833  0.182002
0.1 0.0 | 0.032024 0.110746  0.142770
0.1 0.5 | 0.027930 0.194834  0.222764
0.1 1.0 | 0.037277 0.149162  0.186438
0.1 1.5 | 0.033169 0.149162  0.182331
0.1 2.0 | 0.033169 0.149162  0.182331
0.2 0.0 | 0.032024 0.110923  0.142948
0.2 0.5 | 0.039011 0.194834  0.233845
0.2 1.0 | 0.027930 0.194834  0.222764
0.2 1.5 | 0.037277 0.149162  0.186438
0.2 20 | 0.037277 0.149162  0.186438
0.3 0.0 | 0.032024 0.110923  0.142948
0.3 0.5 | 0.025653 0.196326  0.221979
0.3 1.0 | 0.067022 0.194834 0.261855
0.3 1.5 | 0.027930 0.194834  0.222764
0.3 2.0 | 0.025941 0.195190  0.221131
0.4 0.0 | 0.032024 0.110923  0.142948
0.4 0.5 | 0.025653 0.185017  0.210670
0.4 1.0 | 0.039011 0.194834  0.233845
0.4 1.5 | 0.027930 0.194834  0.222764
0.4 2.0 | 0.027930 0.194834  0.222764
0.5 0.0 | 0.032024 0.110923  0.142948
0.5 0.5 | 0.072374 0.185625 0.257999
0.5 1.0 | 0.070548 0.185123 0.255672
0.5 1.5 | 0.039011 0.194834  0.233845
0.5 2.0 | 0.027930 0.194834  0.222764

Due to the absence of ground-truth annotations for identifying hallucination-inducing or
faithful attention heads, we design a proxy evaluation framework using CHAIR metrics.
Specifically, we assess the semantic alignment improvement brought by pruning heads selected
under different InfoSpectralScore regularization weights.

To validate the reliability of this proxy experiment, we conduct systematic studies on the
LLaVA-13B model, focusing on layers 5 through 7. The experimental protocol is as follows:

1. Sample Preparation: We first perform inference on 300 samples using the original
model, and utilize an automatic CHAIR-based evaluator to obtain 170 faithful
samples and 130 hallucinated samples. From these, we randomly select 32 faithful
and 32 hallucinated samples as evaluation subsets for hyperparameter analysis.

2. Grid Search and Consistency Scoring: We conduct a grid search over InfoSpec-
tralScore regularization weights o € {0.0,0.1,...,0.5} and v € {0.0,0.5, ...,2.0}. For
each configuration, we compute the InfoSpectralScore-based consistency scores for
all attention heads in the selected layers, aggregating over 15 stochastic generations
per head.
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3. Head Selection via Quantile Strategy: For each layer, hallucination heads are
selected from both ends, and faithful heads from the center, of the consistency score
distribution.

4. Head Pruning and CHAIR Evaluation: For each head group, we prune the
selected heads in each layer (e.g., 20 hallucination heads and 10 faithful heads
per layer, out of 40 total), and evaluate the model’s performance before and after
counteractive pruning using the CHAIR-i and CHAIR-s metrics, separately on the
hallucinated and faithful samples:

bh'iv bh’sv bfzv bf87 phiaphsv pfzvpfs

where bh;,bhs denote baseline CHAIR-i/s scores on hallucinated samples, bf;, bfs
on faithful samples, ph;, ph, after pruning hallucination heads (on hallucinated
samples), and pf;, pfs after pruning faithful heads (on faithful samples).

5. Pruning Effectiveness Signal: The pruning effectiveness is measured by the

signal:
Ap, = (bh; — ph;) + (bhs — phs) (15)
Ap=(fi—pfi) + (bfs —pfs) (16)
Signal = Ay, + Ay (17)

where a higher Signal indicates more effective and selective pruning.

6. Hyperparameter Selection: Rather than selecting a single optimum, we adopt
the top-3 (a, ) configurations (with the highest Signal values) as candidate hyper-
parameters for all subsequent evaluations.

Based on the grid search results in Table we identify a clear optimal region in the («,~)
hyperparameter space. The top-3 configurations—(0.3,1.0), (0.5,0.5), and (0.5, 1.0)—achieve
the highest Signal values (0.2619, 0.2580, and 0.2557, respectively), substantially outperform-
ing the remaining settings.

Across all hyperparameter combinations, the Signal metric remains positive (ranging from
approximately 0.1428 to 0.2619), indicating that our InfoSpectralScore-based counteractive
pruning reliably distinguishes between hallucinatory and faithful heads in an unsupervised
manner. Notably, the improvement on hallucinated samples (Apan) ranges from 0.0257 to
0.0724, while the effect on faithful samples (A¢aitn) ranges from 0.1107 to 0.1963; the top-3
configurations maximize both metrics simultaneously.

Parameter comparison: The influence of a and 7 on the two key metrics exhibits distinct
patterns. Increasing « (the spectral variance penalty) leads to a direct and substantial
increase in Ap,—for example, when 7 is fixed, raising a from 0.0 to 0.5 elevates Ap.y
from approximately 0.033 to 0.072. In contrast, -y (the spectral entropy weighting) primarily
affects Araitn, but this effect is relatively moderate: for fixed «, varying -« results in only
minor changes in Agjen (typically within the range 0.1107-0.1963). This demonstrates that
the method is particularly sensitive to the choice of « for hallucination suppression, while
being robust to v in terms of preserving performance on faithful samples.

In summary, we adopt the top-3 hyperparameter groups as candidate settings in subsequent
experiments, ensuring our method operates in the most robust and effective region identified
by quantitative analysis of the search space.

C HYPERPARAMETER VALIDATION FOR COUNTERBALANCE

To validate the robustness of our dynamic counterbalance mechanism, we conduct an extensive
hyperparameter search over the modulation strength p and smoothing factor A, which govern
the magnitude and temporal stability of per-head activation adjustment.

Experimental Setup. FExperiments are performed on the LLaVA-7B model, with dy-
namic counteractive pruning applied to layers 5 through 18 and baseline. Predefined sets of
hallucination-inducing and faithful heads—obtained via attribution on a dedicated 160-image
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Table A4: Line search over modulation strength p (with fixed A = 0.95) for dynamic counterbalance.
Reported values are the relative improvement (%) on CHAIR-s, CHAIRAi, and F1.

[ A CHAIR-s (%) CHAIR-i (%) F1 (%)
020 0.95 —2.70 —0.84 0.49
025 0.95 0.00 ~1.30 0.74
0.30  0.95 —4.05 —6.94 1.74
0.35 0.95 1.35 —5.20 0.93
0.40 0.95 2.70 —3.63 —0.41
045 0.95 0.00 —8.50 0.90
0.50 0.95 —2.70 —9.22 0.52
055 0.95 0.00 ~7.53 —0.03
0.60 0.95 0.00 —9.25 1.13
0.65 0.95 0.00 —8.15 0.36

Table A5: Grid search over modulation strength g and smoothing factor A for dynamic counterbal-
ance. Values show relative improvement (%) on CHAIR-s, CHAIR-i, and F1.

4 A CHAIR-s (%) CHAIR-i (%) F1 (%)
0.30 0.93 —1.35 —1.16 1.38
0.30 0.95 —4.05 —5.66 1.42
0.30 0.97 —5.41 —4.00 1.34
0.30 0.99 —2.70 —2.48 1.21
0.30 1.00 —1.35 —1.22 1.23
0.50 0.93 —2.70 —-9.34 0.60
0.50 0.95 —2.70 —9.98 0.51
0.50 0.97 —2.70 —9.51 0.67
0.50 0.99 —1.35 —7.87 0.09
0.50 1.00 —1.35 —7.55 0.15
0.55 0.93 0.00 —8.62 —0.19
0.55 0.95 0.00 —7.57 0.03
0.55 0.97 0.00 —8.52 0.40
0.55 0.99 —1.35 —9.99 0.11
0.55 1.00 —1.35 —8.54 —0.16
0.60 0.93 0.00 —9.34 0.28
0.60 0.95 0.00 —11.03 0.89
0.60 0.97 0.00 —11.37 0.83
0.60 0.99 0.00 —11.61 0.61
0.60 1.00 0.00 —11.13 0.98
0.65 0.93 0.00 —9.87 1.13
0.65 0.95 0.00 —8.20 0.63
0.65 0.97 —1.35 —12.87 1.13
0.65 0.99 —2.70 —12.83 1.43
0.65 1.00 0.00 —11.02 1.00
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Table A6: Best hyperparameter settings for each model, group, and evaluation set.

Model Group Evaluation Set m A
LLaVA-7B [5,18] Validation 0.60 0.99
LLaVA-7B [5,18] Hallucination 0.65 0.95
LLaVA-7B [5,18] Generalization 0.65 0.95
LLaVA-7B [19,26] Validation 0.65 0.90
LLaVA-7B [19,26] Hallucination 0.65 0.99
LLaVA-7B [19,26] Generalization 0.65 0.97
LLaVA-7B Merged Set Validation 0.62 / 0.65 0.80 / 0.97
LLaVA-7B Merged Set Hallucination 0.60 / 0.70 0.99 / 0.90
LLaVA-7B Merged Set Generalization 0.62 / 0.65 0.97 / 0.97
LLaVA-7B-hallu [5,18] Validation 0.60 0.95
LLaVA-7B-hallu [5,18] Hallucination 0.60 0.95
LLaVA-7B-hallu [5,18] Generalization 0.65 0.90
LLaVA-7B-hallu [19,26] Validation 0.65 0.99
LLaVA-7B-hallu [19,26] Hallucination 0.60 0.99
LLaVA-7B-hallu [19,26] Generalization 0.35 0.97

LLaVA-7B-hallu Merged Set Validation 0.65 / 0.60 0.90 / 0.99
LLaVA-7B-hallu Merged Set Hallucination 0.65 / 0.65 0.95 / 0.97
LLaVA-7B-hallu Merged Set Generalization 0.60 / 0.60 0.90 / 0.99

LLaVA-13B [5,18] Validation 0.65 0.97
LLaVA-13B [5,18] Hallucination 0.60 0.85
LLaVA-13B [5,18] Generalization 0.55 0.97
LLaVA-13B [19,26] Validation 0.50 0.99
LLaVA-13B [19,26] Hallucination 0.65 0.97
LLaVA-13B [19,26] Generalization 0.55 0.80

LLaVA-13B Merged Set Validation 0.50 / 0.99 0.90 / 0.97
LLaVA-13B Merged Set Hallucination 0.60 / 0.65 0.85 / 0.80
LLaVA-13B Merged Set Generalization 0.60 / 0.65 0.80 / 0.80

Shikra-7B [3,13] Validation 0.30 0.95
Shikra-7B [3,13] Hallucination ~ 0.75 0.90
Shikra-7B (3,13] Generalization 0.67 0.90
Shikra-7B [14,28] Validation 0.60 0.80
Shikra-7B [14,28] Hallucination 0.75 0.99
Shikra-7B [14,28] Generalization 0.60 0.90
Shikra-7B Merged Set Validation 0.30 / 0.75 0.95 / 0.97
Shikra-7B Merged Set Hallucination 0.67 / 0.60 0.90 / 0.80
Shikra-7B Merged Set Generalization 0.75 / 0.60 0.90 / 0.90

dataset—are fixed for all runs. Counteractive pruning and evaluation are directly performed
on this set to ensure a consistent basis for hyperparameter validation.

We first fix A = 0.95 and perform a line search over u € [0.2,0.65] (step size 0.05), as
shown in Table [A4] Subsequently, we perform a two-dimensional grid search with u €
{0.3,0.5,0.55,0.60,0.65} and A € {0.93,0.95,0.97,0.99,1.0} (see Table . Each setting is
evaluated using the hook-based intervention (see Section 3.2), and CHAIR-s, CHAIR-i, and
F1 metrics are reported as the relative improvement (%) over the baseline.

Results. Our results demonstrate that appropriate tuning of g and A can yield substantial
improvements in both hallucination mitigation and overall task performance. Notably,
(= 0.3, A = 0.97) achieves the largest reduction in CHAIR-s (—5.41%) among all settings,
while (u = 0.60, A = 0.95) achieves the largest reduction in CHAIR-i (—11.03%) and also
improves F1. These findings validate the effectiveness and flexibility of the counterbalance
mechanism and provide practical guidance for selecting robust hyperparameter combinations
in future deployments.
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Selection Across All Model Groups. For completeness, the optimal settings of (u, A)
for each model, group, and evaluation split are provided in Table [AG] These values are
determined based on the grid search results above and subsequent validation experiments
across the full model suite.

D QUALITATIVE CASE STUDY

Baseline: The The image features a
snownman with a carrot nose and a banana
for a mouth. The snowman is made of snow
and is positioned in the center of the
image. The carrot nose is placed in the
middle of the snowman's face, while the
banana is situated towards the right
side of the snowman's mouth. The snowman
appears to be a playful and creative
representation of a traditional snowman.

Baseline: The image features a young boy sitting at a
dining table, holding a piece of chocolate cake in
his hand. He appears to be enjoying the treat,
possibly at a birthday party. The table is set with a
fork and a knife, and there is a chair positioned
near the table

In the background, there are two potted plants, one
on the left side and the other on the right side of
the room. Additionally, there is a vase placed on the
table, adding a decorative touch to the scene.

Baseline: The image features a green motorcycle parked on a
street. The motorcycle is positioned in the middle of the scene,
with a person standing nearby. There are several other
motorcycles in the background, some of which are parked closer
to the foreground.

addition to the motorcycles, there are two cars visible in the
scene. One car is parked further back on the right side, while
the other car is located closer to the center of the image.

VHR: The image features a group of motorcycles parked on a sidewalk.

VHR: The snownan is wearing a banana.

VHR: The boy is holding a piece of cake.

The ycles are of various sizes and colors, with one being a
green motorcycle. A person is standing next to the green motorcycle,
and another person is standing near the motorcycles. The scene also
includes a motorcycle with a sidecar attached to it.

PAL: The image features a cute snownan with
a carrot sticking out of its mouth. The
snownan appears to be enjoying a carrot,
adding a playful touch to the scene. The
carrot is visible in the middle of the
image, with the snowman taking a bite out

PAL: The image shows a young boy holding a piece of
chocolate cake in his hand. He is sitting at a dining
table, and there is a knife on the table as well. The boy
is wearing a blue shirt and is enjoying his treat. The
scene is set in a dining area with a chair nearby.

of it. The scene is set in a dark room,
adding a sense of mystery to the image.

Ours: The image features a snow snownan
with a carrot sticking out of its mouth.
The carrot is placed in the middle of the
snownan's face, giving it a unique and
playful appearance. The snownan is made of
snow and appears to be a fun and creative

Ours: The image features a young boy sitting at a dining
table, holding a piece of chocolate cake in his hand. He
appears to be enjoying the treat, possibly at a birthday
party. The table is set with a fork and a knife, and
there is a chair positioned near the table. The boy is
the main focus of the scene, and the cake is the center
of attention.

PAI: The image features a green motorcycle parked on the side of the
road. The motorcycle is parked on the side of the road, and it
appears to be a vintage model. The motorcycle is parked on the side
of the road, and it is not in motion. The image also shows a person
standing next to the motorcycle, possibly the owner or a passerby.
The person is standing near the motorcycle, and they are wearing a
blue shirt. The scene captures a moment of a person standing next to
a parked motorcycle, possibly for maintenance or inspection purposes.

ours: The image features a green motorcycle parked on a sidewalk. The
motorcycle is positioned in the center of the scene, and it appears
to be the main focus of the image.

There are several people in the background, with one person standing
close to the left side of the motorcycle, another person standing
further to the right, and a third person standing behind the

motorcycle. Additionally, there is a motorcycle parked in the

representation of a traditional snowman.
background on the right side of the image.

Figure A1l: Qualitative results of hallucination mitigation on LLaVA-1.5-7B. Real and hallucinated
object words are marked in blue and red, respectively. The prompt is “Please describe the image in
detail.”

To provide a more intuitive comparison among our approach (HACP), VHR, and PAI, we
present qualitative captioning examples generated by the LLaVA-1.5-7B model. Consistent
with Section these examples are selected from a curated set of 160 COCO validation
images that consistently induce severe hallucinations (CHAIR-s = 1) under baseline inference.

Figure shows three representative cases, comparing captions from the baseline, VHR,
PAI, and our method. Real object mentions are highlighted in blue, and hallucinated objects
in red. The generation prompt was: “Please describe the image in detail.”

The first two examples demonstrate that captions produced by VHR exhibit an especially
sharp reduction in length compared to other methods, often omitting many relevant details.
In addition, in the third example, which features a relatively complex scene, VHR still
generates the shortest and least informative caption among all methods. This pattern clearly
illustrates VHR’s overly conservative tendency, resulting in both minimal length and reduced
content richness even for images that would otherwise support more expressive descriptions.

Additionally, the captions generated by PAI in Examples 1 and 3 display structurally repetitive
patterns and content homogeneity, reflecting the phenomenon of “structurally uniform, less
diverse outputs” observed previously. Such repetition diminishes the informativeness and
engagement of the captions.

In contrast, our method (HACP) effectively reduces hallucinations while preserving richer
and more expressive content. The generated captions remain detailed, maintaining high
coverage of correct object mentions. This highlights the superior balance our approach
achieves between hallucination suppression and caption informativeness.

E THE USE OF LARGE LANGUAGE MODELS (LLMSs)

In this work, large language models (LLMs) were used to assist with writing. Their role
was limited to polishing sentences, clarifying ambiguous expressions, and maintaining a
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scientific, rigorous, and efficient writing style. LLMs were not involved in research ideation,
experimental design, data analysis, or the development of our proposed methods. The authors
take full responsibility for all content presented in this paper.
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