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Abstract

Despite their remarkable progress in multi-
modal understanding tasks, large vision lan-
guage models (LVLMs) often suffer from “hal-
lucination”, generating texts misaligned with
the visual context. Existing methods aimed
at reducing hallucinations through inference
time intervention incur a significant increase
in latency. To mitigate this, we present SPIN,
a task-agnostic attention-guided head suppres-
sion strategy that can be seamlessly integrated
during inference without incurring any signif-
icant compute or latency overhead. We in-
vestigate whether hallucination in LVLMs can
be linked to specific model components. Our
analysis suggests that hallucinations can be at-
tributed to a dynamic subset of attention heads
in each layer. Leveraging this insight, for each
text query token, we selectively suppress atten-
tion heads that exhibit low attention to image
tokens, keeping the top-k attention heads in-
tact. Extensive evaluations on visual question
answering and image description tasks demon-
strate the efficacy of SPIN in reducing halluci-
nation scores up to 2.7 x while maintaining F1,
and improving throughput by 1.8 x compared
to existing alternatives. Code is available here.

1 Introduction

Large language models (LLMs) (Touvron et al.,
2023) have revolutionized natural language under-
standing and generation, achieving state-of-the-art
(SoTA) performance across numerous tasks. To
extend these capabilities to vision-language tasks,
large vision language models (LVLMs) (Liu et al.,
2024b; Zhu et al., 2024) integrate an LLM back-
bone with vision encoders, mapping image inputs
into the text embedding space. While this ap-
proach has enabled remarkable progress in vision-
language understanding, LVLMs often generate
output text misaligned with the visual context, a
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Figure 1: Caption generation using LLaVA-1.5 and
SPIN. LLaVA-1.5’s generated text description mentions
a “chair” in the background, which is clearly a halluci-
nated object. SPIN mitigates hallucination while suc-
cessfully identifying the objects present in the image.

phenomenon commonly referred to as “hallucina-
tions”, which undermines their reliability in critical
domains such as healthcare, autonomous driving,
and surveillance.

One key source of hallucination in LVLMs is tex-
tual bias, inherited from the pre-trained LLM back-
bone (Liu et al., 2024d; Chen et al., 2024a). To mit-
igate this, fine-tuning strategies based on Reinforce-
ment Learning (RL) with human or Al-generated
feedback have been proposed (Sun et al., 2024;
Jing and Du, 2025). However, these methods are
computationally intensive and often impractical for
deployment in resource-constrained environments.
Recent research has explored inference-only ap-
proaches, which modify the decoding pipeline
(Huang et al., 2024) or apply contrastive decod-
ing techniques (Leng et al., 2024; Liu et al., 2024d)
to refine logit scores and reduce hallucinations. Al-
though these methods are significantly more effi-
cient compared to training-based approaches, they
often struggle to sufficiently reduce hallucinations
and suffer from significantly increased latency.

Besides, there is a lack of systematic understand-
ing of how different model components contribute
to hallucinations. In this paper, we investigate the
role of attention heads in hallucinated text gen-
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eration. We show that for each input token, a
subset of attention heads in each layer dispropor-
tionately contributes to hallucinations. By iden-
tifying and suppressing these heads, we demon-
strate that we can effectively reduce hallucinations
in LVLMs while preserving SoTA model perfor-
mance, as demonstrated in Figure 1.

Our Contributions: We perform a detailed anal-
ysis revealing that hallucination in LVLMs often
stems from specific attention heads exhibiting in-
sufficient attention to visual input. We character-
ize and quantify these "image-inattentive" heads
across model layers. Based on this insight, we pro-
pose SPIN, SuPpressing image INattentive heads,
a novel, attention-guided head suppression strategy
that can be seamlessly integrated during inference,
irrespective of the decoding strategy or projection
modules. SPIN offers a highly efficient solution
since it achieves substantial hallucination reduction
without requiring model retraining, and crucially,
introduces no additional computational overhead
or latency during inference. We evaluate our ap-
proach on visual question answering (VQA) and
image caption generation tasks. SPIN reduces hal-
lucination scores up to 2.7 x over existing methods,
while improving throughput by up to 1.8 .

2 Background and Related Work

2.1 LVLM Preliminaries

LVLMs typically comprise four key components:
a text tokenizer, an image encoder, a projector, and
a language decoder. The text tokenizer processes
the language input by segmenting it into discrete
tokens and converting them into text embeddings,
henceforth referred to as text tokens. Similarly,
the image encoder partitions the input image into
patches and transforms them into corresponding
visual embeddings. These visual embeddings are
then mapped into the text embedding space through
the projector, producing vision tokens. Finally, the
vision and text tokens are concatenated and fed into
the language decoder.

The language decoder consists of a series of
transformer encoder blocks, each consisting of a
multi-head attention (MHA) layer followed by a
feed-forward network (FFN). The MHA takes in [NV
input tokens, consisting of both text and vision to-
kens, each of embedding dimension d, X € RNV xd
and maps them into Query, Key and Value ma-
trices (Q, K,V) € RN*4 MHA then computes
low-dimensional projections of (Q, K, V') given

by (Q%, K%, V) € RN*% for each head i where
dy, = d/H, H denoting the number of attention
heads. The scaled dot product attention for each
head is then computed using

QiKiT> )
h; = Softmax < v (1)
Vi

The results for each head are concatenated and a
final projection matrix W, € R%*? is applied to
obtain the MHA output.

H
MHAq kv = (@ m) W, )

i=1

The output text sequence is generated based on a
decoding strategy, which determines how the next
token is selected from the probability distribution
obtained from the language decoder. Some of the
common approaches include greedy search, which
deterministically selects the token with the highest
probability at each step; beam-search (Freitag and
Al-Onaizan, 2017), which explores multiple can-
didate token sequences ("beams") simultaneously
to find a higher-scoring overall sequence; and nu-
cleus sampling (Holtzman et al., 2020), which sam-
ples the next token randomly from the smallest set
of tokens whose cumulative probability exceeds a
given threshold. Additionally, a repetition penalty
is often applied during decoding to discourage the
model from generating repetitive text by reducing
the likelihood of tokens that have recently appeared
in the sequence.

2.2 LVLM Hallucination and Mitigation

Hallucinations can manifest as factual errors to a
user’s query or inaccurate image description re-
sulting in non-existent objects, incorrect object at-
tributes or relationships (Liu et al., 2024a). Several
causes of hallucinations have been identified in-
cluding biased training data (Liu et al., 2023), the
inability of vision encoders to accurately ground
images (Jain et al., 2024), misalignment among
different modalities (Liu et al., 2024b), and insuf-
ficient context attention in LLM decoders (Huang
et al., 2024; Liu et al., 2024d). Existing hallucina-
tion mitigation approaches can be broadly classi-
fied into training-based and training-free methods.
Training-based Mitigation: (Sun et al., 2024)
adapt the Reinforcement Learning from Human
Feedback (RLHF), originally developed for text-
only models, to the vision-language setting, train-
ing VLMs to maximize simulated human rewards.
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They propose Factually-Augmented RLHF, where
the reward model is given access to additional
ground truth information, such as image captions,
to improve its assessment of factual correctness.
In contrast, FGAIF (Jing and Du, 2025) replaces
human supervision with fine-grained Al-generated
feedback. It segments model responses into sub-
sentences and uses Al models to detect hallucina-
tions relating to object existence, attributes, and
relationships. LACING (Zhao et al., 2024) ad-
dresses language bias in LVLMs by introducing
a multimodal dual-attention mechanism and soft-
image guidance. It constructs separate attention
streams for visual and textual inputs to improve
grounding and alignment. Despite their effective-
ness, training-based methods are computationally
expensive, requiring large-scale resources (e.g., 8x
A100 GPUs with 40GB memory each), making
them impractical in resource-constrained settings.

Training-free Mitigation: Recently, training-
free approaches have been proposed to mitigate
the issue of visual context neglect in LVLMs.
OPERA(Huang et al., 2024) observes that hallu-
cination arises from generating new tokens based
on limited summary tokens in which attention ag-
gregation occurs, leading the model to ignore the
image context. To address this, OPERA introduces
a beam-search variant with a weighted scoring
mechanism that downranks candidate sequences
exhibiting over-trust patterns. However, its ap-
plicability is restricted to beam-search, which is
significantly slower than greedy decoding. Other
techniques leverage contrastive decoding, which re-
quires multiple forward passes, increasing latency.
VCD (Leng et al., 2024) builds on the observa-
tion that increased visual uncertainty drives mod-
els to rely on language priors, thereby amplify-
ing hallucinations. It contrasts the output distribu-
tions conditioned on original and distorted visual
inputs to identify and suppress hallucinated con-
tent. PAI (Liu et al., 2024d) mitigates the reduced
attention to image tokens through a two-step ap-
proach: (1) amplifying attention to image tokens
and (2) refining logit scores by subtracting logits
computed without image prior to eliminate the text
bias. DAMRO (Gong et al., 2024) attributes high-
attention outlier tokens scattered in the background
of the image as the cause for hallucinations and
proposes to mitigate the influence of outlier tokens
using contrastive decoding. HALC (Chen et al.,
2024b) is based on contrasting distributions with
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Figure 2: Average attention allocated by the current
token to the preceding vision and text tokens in CHAIR.
Image tokens receive <10% of total attention from layer
3, while constituting ~76-92% of the input.

different visual contexts and using visual match-
ing scores for candidate selection in beam-search.
While all the above approaches introduce latency
overhead, HALC is reported to cost around 2.4 x of
the normal greedy decoding time. Recently, (Liu
et al., 2025) introduced a test-time latent space
steering approach through visual and textual inter-
vention (VTI) using pre-computed steering vectors,
whereas ICT (Chen et al., 2025) proposes image
and object-level intervention to apply targeted acti-
vation shifts to selected attention heads identified
through binary classifiers, requiring additional pa-
rameters. In contrast, we propose a training-free
mitigation strategy that introduces no additional
overhead by identifying the role of attention heads
in hallucination.

2.3 Role of Attention Heads

Earlier works (Voita et al., 2019) analyzed the role
of individual attention heads in neural machine
translation, showing that most heads can be pruned
without significantly affecting model performance.
More recently, routing to expert attention heads
(Jin et al., 2024; Zheng et al., 2025) was intro-
duced for LLMs and vision transformers, allowing
each input token to dynamically select appropri-
ate heads, thereby improving performance. (Zhou
et al., 2024) further highlighted the impact of spe-
cific attention heads on LLM safety, demonstrating
that ablating a small subset of heads increases the
attack success rate. Recently, (Kundu et al., 2025)
explored the impact of LLM weight (you, 2024)
and KV quantization (Kang et al., 2024) on accu-
racy as well as hallucination performance of LLMs.
However, the role of attention heads in the context
of hallucination remains unexplored.

3 Methodology

Motivational Study: LVLMs struggle with ineffi-
cient image attention (Chen et al., 2024a; Liu et al.,
2024d). In Figure 2, we illustrate how the current
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token distributes attention across preceding vision
and text tokens (constituting system prompt, in-
struction prompt, and generated output) averaged
over all output tokens in the image caption. Our
analysis reveals that in deeper layers, generated text
tokens allocate <10% of their attention to vision
tokens, despite vision tokens comprising ~76-92%
of the input. This imbalance causes the model to ig-
nore the context provided by the visual input (taken
as the “fact”), potentially leading to hallucinations.
To mitigate this, for each query text token, we iden-
tify a fraction of heads that allocates the least cu-
mulated attention to vision tokens. We then present
a training-free strategy to dynamically suppress at-
tention heads, reducing the imbalance in attention
and thereby enhancing model performance.

SPIN Multi-Head Attention: We propose to miti-
gate problematic attention heads across layers us-
ing a dynamic mask m; for each attention head .
m,; is obtained based on the attention of the current
text query token ¢' € R'*% to key vision tokens,
having length N, given by:

Ay = Avor[Istart * Tena], Ator = 'K (3)

Here, A € RN denotes the attention of ¢* to
N input tokens, K* € RV*d represents the key
matrix for N tokens, and A, € R™Nv denotes the
attention score for qi to the vision tokens only. gyt
and I.pq denotes the start and end indices of vision
tokens. The mask m; is defined as:

. 1 ifie top—k(ZéV:”l Ay [j])
’ « otherwise

Thus, m; is set to 1, identifying that we should keep
the head intact if the 7* attention head belongs to
the top k highest values across n heads. Otherwise,
m; is set to «, which is the suppression factor used
to reduce the influence of the i*" head. If & = 0,
the head is completely suppressed or effectively
pruned. We denote the ratio of suppressed heads
as r where r = (1 — k/H). The choice of layers
for suppressed heads, suppressed head ratio r and
suppression factor « are the key hyperparameters
in our approach. The final multi-head attention in
SPIN is computed as:

H
MHAQ’K’\/,m = <@(mz : hz)) Wo. (4)

i=1

Head and Suppression Factor Selection: To iden-
tify the dynamic subset of problematic attention

heads for a specific model and task, we adopt an
efficient systematic three-stage approach. First,
we vary 7 to find the value that achieves the best
reduction in hallucinations without a significant
drop (~3%) in F1. Here, we prune attention heads
across all layers equally setting o« = 0. Adjust-
ing these parameters is explored next. Second, our
analysis (Section 4.8) reveals that attention heads
in earlier layers tend to contribute more to hallu-
cinations than those in later layers. For specific
models and tasks, we find the optimal number of
early layers in which we should prune attention
heads to minimize hallucination scores. Finally,
we explore increasing « for the selected heads to
mitigate the drop in F1 observed in step 1. In par-
ticular, a higher « results in improving F1 score at
the cost of increasing hallucinations. We choose
an « that provides an optimal trade-off between
hallucinations and F1.

4 Experimental Results

4.1 Experimental Setup

We evaluate our approach on LLaVA-1.5 (7B, 13B)
(Liu et al., 2024b), LLaVA-Next (Liu et al., 2024c),
MiniGPT-4 (Zhu et al., 2024), Shikra (Chen et al.,
2023), Qwen-VL (Bai et al., 2023), and Qwen2.5-
VL (Bai et al., 2025) models using POPE (Li et al.,
2023), CHAIR (Rohrbach et al., 2018), MMHal-
Bench (Sun et al., 2024), MME (Fu et al., 2023),
MMMU (Yue et al., 2024), and GPT-4o assisted
evaluation. While POPE and CHAIR evaluate ob-
ject hallucinations, with POPE using Yes-No ques-
tions and CHAIR assessing image descriptions,
MMHal-Bench takes into account logical consid-
erations like object count, attributes, and relation-
ships. We report results using different decoding
strategies including greedy, nucleus sampling, and
beam-search (with beam width of 5), and compare
our approach with existing methods like OPERA,
VCD, PAI, and DAMRO for each decoding strategy.
Notably, OPERA is only compatible with beam-
search, while VCD is specifically designed for nu-
cleus sampling. We report DAMRO results only for
LLaVA models, as its applicability to more com-
plex projection modules like Q-Former remains un-
clear, a limitation also acknowledged in the original
paper. The hyperparameters used for the existing
methods for each model are taken from their re-
spective papers (further details are provided in the
Appendix A.1). Additionally, to evaluate the effi-
ciency of our method, we report throughput mea-
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Figure 3: CHAIR scores for SPIN compared with existing approaches for greedy, beam-search, and nucleus
sampling based decoding on LLaVA-1.5 (7B) (top) and Qwen-VL (bottom).

Model | Method |Layers| 7 | a |Cs C; F1
Baseline - - - 444 123 77.8

PAI - | - (272 77 768

If]g“(‘;’];) DAMRO| - | - | - |452 124 778
: VTI . | - |358 11.1 768
SPIN | 1~32 [0.05] 0.08 [264 7.6 77.6

SPIN | 1~32 [0.05| 0.01 |16.6 5.6 74.6

Baseline - - - |41.4 109 78.9

PAI - S| - |374 92 792

lLsL?g;') DAMRO| - | - | - |412 110 787
: SPIN | 1~16 [0.10| 0.0 [30.6 83 79.6
SPIN | 1~20 [0.10] 0.0 [292 7.9 79.1

Baseline - - - 31.4 11.1 70.6

. PAI . | - |198 84 69.7
MiniGPT-4| - gpiy | 1016 |0.18] 00 [21.0 62 6838
SPIN | 1~16 |0.18] 0.05 [17.6 84 68.4

Baseline - - - 462 11.7 76.5
Qwen-vL | PAL . | - |450 113 766
SPIN | 1~20 [0.30| 0.08 [29.6 8.5 78.0

SPIN | 1~20 [0.30(0.001|24.8 7.8 76.7

Baseline - - - |55.2 14.0 75.39

Shikra PAI . | - |340 85 764
SPIN | 1~32 [0.40| 0.0 [30.6 8.0 75.41

SPIN | 1~32 [0.45| 0.0 (244 71 743

Table 1: CHAIR evaluation with Greedy decoding.

sured in tokens per second. All experiments are
run in Pytorch using NVIDIA RTX A6000 GPUs.

4.2 CHAIR Evaluation

Method: The Caption Hallucination Assessment
with Image Relevance (CHAIR) (Rohrbach et al.,
2018) is a widely used metric for evaluating ob-
ject hallucinations in image captioning tasks. It
features two variants: the per-instance metric C;,
which indicates the fraction of object instances that
are hallucinated, and the per-sentence metric Cg,

which indicates the fraction of sentences containing
a hallucinated object.

CHAIR compiles a set of ground-truth objects
for each image. Any object included in the image
caption that is not present in the ground-truth object
set is classified as a “hallucinated object”. We
evaluate our approach on randomly sampled 500
images from the COCO 2014 (Lin et al., 2014)
validation set with the prompt “Please help me
describe the image in detail.”, following the same
setup as used in Liu et al. (2024d); Huang et al.
(2024). We report F1 scores alongside CHAIR
scores to ensure that reducing hallucinations does
not come at the expense of missing correct objects.

Evaluation on greedy decoding: We present
CHAIR results for Baseline, PAI, DAMRO, VTI,
and SPIN using Greedy decoding in Table 1. A
lower CHAIR score indicates fewer hallucinated
objects and a higher F1 score indicates higher cap-
tion accuracy. SPIN reduces C; and C, by 2.2x and
2.7x respectively over baseline LLaVA 7B with
~3% degradation in F1 when 5% heads are sup-
pressed uniformly across all layers. The drop in F1
can be mitigated using a higher scaling factor while
still maintaining lower CHAIR scores compared to
existing methods. For LLaVA 13B, Qwen-VL and
Shikra, SPIN outperforms baseline even in terms
of F1 scores while reducing C; and Cg by 1.38x
and 1.42x for LLaVA 13B, 1.5x and 1.9x for
Qwen-VL, and 1.97x and 2.3x for Shikra. For
MiniGPT-4, SPIN reduces C; and C; by 1.8x and
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Model Mode |Layers | Supp. | Scale Random Popular Adversarial Overall
Heads | Factor | Accuracy F1  Accuracy F1  Accuracy F1  Accuracy Fl1
Baseline - - - 86.77 8521 85.73 8436 8457 8327 8569 84.28
LLaVA-1.5| PAI - - - 88.53 87.54 8740 86.53 8543 8459 87.12 86.22
(7B) DAMRO - - - 86.73 85.18 85.77 8439 8453 8322 8568 84.26
SPIN | 1~32 | 0.20 0.1 89.47 88.66 88.53 87.84 86.63 85.89 88.21 87.46
LLaVA-1.5 Baseline - - - 86.77 85.81 86.27 8556 8233 82.07 85.12 84.48
(13B) PAI - - - 87.67 87.03 8697 86.60 83.03 83.14 8589 85.59
SPIN | 1~20 | 035 | 0.0 91.17 90.65 88.83 8846 8553 8549 88.51 88.20
Baseline - - - 8335 8128 7523 7379 75.66 7352 78.08 76.20
MiniGPT-4 | PAI - - - 8525 83.62 7597 7493 7791 76.10 79.71 78.22
SPIN | 1~24 | 0.05 | 0.0 85.64 84.56 7536 7534 7750 76.86 79.50 78.92
Baseline - - - 80.77 80.73 78.06 7871 7599 7722 7827 78.89
Shikra PAI - - - 80.73 80.30 7790 7852 7590 77.08 78.18 78.63
SPIN | 1~16 | 0.20 | 0.001 82.04 8156 79.15 7938 76.78 77.56 79.32 79.50

Table 2: Multi-turn POPE evaluation across random, popular, and adversarial splits using Greedy Decoding.

1.5x with 1.8% degradation in F1. We also outper-
form PAI, DAMRO, and VTI for all models using
greedy decoding. These significant improvements
in the CHAIR scores quantify the benefits of the
head pruning. We provide additional CHAIR eval-
uation results for LLaVA-Next and Qwen2.5-VL
in the Appendix Table 12.

In general, we observe that the problematic
heads lie in the first 16 to 20 layers, whereas for
some models like LLaVA 7B and Shikra, they are
uniformly distributed across all layers. The fraction
of suppressed heads (r) varies significantly across
models, ranging from 5% in LLaVA 7B to 45%
in Shikra. Shikra’s higher head suppression ratio
likely indicates its attention heads perform more
distributed or redundant functions, as opposed to
LLaVA, where heads are more specialized. A de-
tailed ablation study analyzing the impact of layer
position, the fraction of suppressed heads, and the
choice of scaling factor is provided in Section 4.8.

Evaluation on other decoding strategies: In Fig-
ure 3, we compare SPIN to existing methods for
different decoding modes for LLaVA 7B and Qwen-
VL. We compare with OPERA for beam-search
decoding, VCD for nucleus sampling, DAMRO for
greedy and nucleus sampling, and PAI for all three
modes. Our results demonstrate that we achieve up
to 3x lower CHAIR scores compared to existing
methods for greedy and beam-search. For nucleus
sampling, SPIN exhibits a slight degradation in
performance likely due to the variability in token
selection, as further elaborated in Section 4.3.

Mitigating Repetition from Head Pruning: In
our experiments, we observed that SPIN occa-
sionally leads to repetitive outputs for MiniGPT-4.
While SPIN effectively reduces hallucinations and

Method Rep. Scale CHAIRs CHAIR; F1 Caption

Penalty Factor () () (1) Length
Baseline 1.0 - 31.4 11.1  70.6 84.1
SPIN 1.0 0.0 19.6 6.8 682 3213
(r=0.15, 1.05 0.0 19.2 7.7  68.9 100.1
Layers 1.08 0.0 20.2 7.8 68.1 574
1~24) 1.1 0.0 19.2 7.8 675 429
SPIN 1.0 0.0 21.0 6.2 688 271.6
(r=0.18, 1.1 0.0 174 83 677 43.0
Layers 1.1  0.05 17.6 84 684 44.7
1~16) 1.1 0.08 21.6 9.2 694 46.2

Table 3: Analysis using repetition penalty on MiniGPT-
4

maintains F1 scores close to the baseline, it in-
creases the length of generated sequences by up
to 3.8 x. To mitigate this, we leverage the repeti-
tion penalty during decoding, as shown in Table 3.
While a high value can negatively impact F1, a rep-
etition penalty of 1.1 alleviates repetitions without
compromising overall output quality, as evidenced
by caption length and F1 performance.

4.3 POPE Evaluation

Method: Polling-based Object Probing Evalua-
tion (POPE) (Li et al., 2023) is used for assessing
hallucinations in VQA tasks by querying models
with “Is there a <object> in the image?”. The ob-
jects are drawn from three splits: random (any
dataset object), popular (most frequent objects),
and adversarial (closely related but misleading
objects). We evaluate on 500 randomly selected
COCO 2014 (Lin et al., 2014) validation images,
with six questions per image from each split. We
present results for multi-turn POPE evaluation (Liu
et al., 2024d), where earlier responses are appended
to the input context, increasing the context length
and amplifying the chances of image neglect.
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Figure 4: MMHal-Bench evaluation on LLaVA-1.5 (13B), MiniGPT-4 and Shikra.

Decoding | Mode | Accuracy F1
Baseline 83.58 81.14
Beam OPERA 83.67 81.29
Search PAI 84.52 82.80
SPIN 86.15 84.93
Baseline 82.97 81.70
VCD 84.42 83.45
Nucleus PAI 84.96 83.99
DAMRO 85.69 84.28
SPIN 82.49 81.83

Table 4: Multi-turn POPE evaluation using Beam Search
and Nucleus Sampling decoding for LLaVA-1.5 (7B).

Evaluation on greedy decoding: Table 2 reports
POPE results for LLaVA (7B and 13B), MiniGPT-
4 and Shikra across all three splits using greedy
decoding. SPIN consistently improves accuracy
and F1 across all three splits for LLaVA and Shikra
models, achieving gains of up to 3.4% in accuracy
and 3.7% in F1 over the baseline. DAMRO per-
forms similarly or worse than baseline for greedy
decoding. SPIN consistently outperforms PAI
in both accuracy and F1 for LLaVA and Shikra,
achieving up to a 2.6% gain in both metrics. For
MiniGPT-4, SPIN attains the highest F1 score,
while PAI achieves slightly better accuracy on the
popular and adversarial splits. We provide POPE
evaluation results for LLaVA-Next and Qwen2.5-
VL in the Appendix Table 13.

Evaluation on other decoding strategies: In Ta-
ble 4, we report overall accuracy and F1 scores for
multi-turn POPE evaluation using beam-search and
nucleus sampling decoding. We observe that SPIN
yields the best results for beam-search, whereas
DAMRO performs the best for nucleus sampling.
We observe that SPIN performs more effectively
with greedy decoding and beam-search, but is less
effective under nucleus sampling. This may be
attributed to the inherent randomness in sampling-
based methods, which introduce greater variability
in token selection. As a result, even after suppress-
ing hallucination-prone heads, the stochastic nature

of nucleus sampling can still lead to hallucinated
outputs, limiting the impact of structural interven-
tions like head suppression.

4.4 MMHal-Bench Evaluation

Method: To extend our analysis to more complex
and logically challenging benchmarks, we evalu-
ate using MMHal-Bench (Sun et al., 2024). This
benchmark comprises 96 carefully curated image-
question pairs based on images from Openlmages
(Krasin et al., 2016), each accompanied by ground-
truth answers. The pairs span 12 common object
meta-categories derived from COCO, and the ques-
tions test nuanced reasoning across eight categories:
object attributes, adversarial objects, comparisons,
counting, spatial relations, environment, holistic de-
scriptions, and others—which includes cases where
models fail to recognize text, misinterpret icons, or
incorrectly reason about the observed visual con-
tent. We generate responses using both the base-
line model and SPIN, and then employ GPT-4 to
score each response based on its agreement with
the ground-truth answers.

Evaluation Results: The final evaluation report
including per-category scores for each model, with
the overall performance measured as the average
across all categories, is presented in Figure 4. We
observe that SPIN improves overall scores over
the baseline for all three models: LLaVA-1.5,
MiniGPT-4 and Shikra, with the maximum im-
provements observed in holistic description and
other categories. Note, we use the same values for
Layers, 7, and « as reported for CHAIR evaluation.

4.5 GPT-40 Assisted Evaluation

We use GPT-40 to compare the responses of base-
line and SPIN models using Greedy decoding on
a scale of 1 to 10 using two metrics: (1) Accuracy
(A): measuring if the description is accurate with
respect to the image content, and (2) Detailedness
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Perception Cognition
Model | Method | Exis- (o Posi= (10 pogers €818 goepe Land- Art o qgy | Comm- Num-p o ode Total
tence tion brity mark work onsense erical
LLaVA- |Baseline | 190.0 108.3 96.7 1350 140.8 134.7 153.5 140.0 753 925 1266.8| 93.6 77.5 450 45.0 26l1.1
1.5(7B) | SPIN |190.0 113.3 101.7 135.0 1429 1374 151.8 1385 76.0 107.5 1294.0| 936 750 60.0 450 273.6
LLaVA- |Baseline | 185.0 110.0 100.0 135.0 146.6 121.8 161.3 160.3 87.0 117.5 1324.4| 110.7 525 90.0 47.5 300.7
1.5(13B) | SPIN |185.0 110.0 100.0 135.0 144.2 121.5 162.0 158.8 90.8 117.5 1324.7| 112.1 62.5 87.5 475 309.6
Qwen2.5- | Baseline | 180.0 120.0 148.3 190.0 1694 117.9 139.5 1233 141.0 192.5 1521.9| 110.7 155.0 185.0 140.0 590.7
VL (7B) | SPIN |185.0 125.0 148.3 190.0 173.1 135.6 137.5 131.3 134.0 177.5 1537.3| 110.0 125.0 185.0 132.5 552.5

Table 5: Results on MME evaluation. SPIN improves performance across both perception and cognition subsets on
all three models. A small degradation in cognitive performance is observed for Qwen2.5-VL.

Model Mode 3::1; Business Science gf:llitgili Ig(l)lé?:lns.cf T:Ecr?g.& Overall
VA1 OB | PN | 500 a0 253 383 415 314 | e
Va1 (3 | PENT 517 53 3 w0 sa2 39 | 369
mavaNet 08 [P0 5T 203 %07 30 515 ms | 3
QuenSVLOB "GN G5 27 33 57 s ano | 499

Table 6: Performance on MMMU validation set for evaluating general capability. SPIN maintains or slightly
improves general multimodal reasoning capabilities across all evaluated LVLMs. Following the original MMMU
(Yue et al., 2024) evaluation protocol, the overall score is computed as a weighted average across all subtasks.

Method LLaVA-1.5 (7B) LLaVA-1.5 (13B) Qwen-VL

A D A D A D
Baseline 6.50 6.83 6.53 6.71 6.56 6.87
SPIN 7.19 6.12 7.03 6.18 7.08 6.22

Table 7: GPT-4o0 assisted evaluation showcasing Accu-
racy (A) and Detailedness (D) of the generated captions.

(D): measuring the richness of necessary details
in the responses. The prompt we used is given in
the Appendix Table 14. It is designed to ensure
that the sequential order in which the responses
are presented does not affect the judgement. The
evaluation model is prompted to identify objects
misaligned with the image context, identifying any
discrepancies in count, position, and colors of ob-
jects in the images. The results presented in Table
7 show that SPIN improves Accuracy up to ~7%,
while maintaining Detailedness close to baseline.
We use the same values for Layers, r, and « re-
ported for CHAIR for all captioning tasks.

4.6 General Performance Assessment

MME Evaluation: In Table 5, we present SPIN re-
sults on MME full set (Fu et al., 2023) that assesses
the perceptual and cognitive abilities of VLMs
across a total of 14 subtasks, including tasks such
as OCR, visual knowledge, attribute relationships,
and object recognition. SPIN outperforms the base-

line on both perception and cognition tasks for all
three models, with a small degradation in cognition
for Qwen2.5-VL. The improvements in the first
four subtasks relating to existence, count, position,
and colour demonstrates the model’s ability to re-
duce object-level and attribute-level hallucinations.

MMMU Evaluation: In Table 6, we present
MMMU (Yue et al., 2024) (a standard multimodal
understanding and reasoning benchmark) scores for
SPIN to assess its impact on the general capability
of LVLMSs. SPIN attains the same performance
as baseline for LLaVA-1.5 (7B) and Qwen2.5-VL,
while attaining a small improvement on LLaVA-
1.5 (13B) and LLaVA-Next. This demonstrates that
head suppression does not hinder, but enhances the
model’s core capabilities while providing substan-
tial hallucination reduction. Notably, we use the
same parameters for head suppression (Layers, r,
and «) as reported for CHAIR evaluation for both
MME and MMMU.

4.7 Throughput Estimation

To assess the efficiency of different hallucination
mitigation strategies, we compare their throughput
in Figure 6. Throughput is computed by measur-
ing the total computational latency for generating
tokens, and dividing the total number of generated
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LLaVA-1.5 (7B)

LLaVA-1.5 (13B)

Qwen-VL

Layers r Cs C; F1
tayers. r Co G Bl layrs ¢+ €5 ¢ I CERCENC
W_© D UERCERG)

1~32 005 444 117 776

I~32 005 17.4 58 746 T 50 005 458 120 782 1~32 0.0 398 109 77
I~32° 010 228 74 741 4 3 010 296 80 789 1~32 015 416 117 775
I~32 015 208 64 T8 4.3 015 416 103 802 1~32 020 396 112 769
1~16 005 182 62 737  1~32 020 360 100 79.1 1~32 025 364 97 773
e T T T LR
1~20 010 292 7.9 791 1~20 030 276 79 76.1

432005 420 114 782 I8 U OCT 00 093 124 030 284 83 762
8~32 005 424 111 788 832 030 394 94 763

Table 8: Ablation on the ratio of suppressed heads and layer selection for three different models. The best r is
identified in the top part of the tables (marked with blue ). The layer configuration for selected value of r is

presented in the bottom part (best layer configuration is marked in yellow ).

CHAIRs N CHAIR;, —— F1
50 LLaVA-1.5 (7B) 80 LLaVA-1.5 (13B) 80 Minigpt4 80 Qwen-VL 80

CHAIR Scores
w B
o o
3
&

N}
o

-
o

75

70

65

60

75

~
a

70

~
S}
F1 Scores

=}
«

-}
o

M%ﬁﬁé

00 0.01 005 008 0.1 0.0 0001 001 0.05 0.08
a

55

LLLLL:

0.0 0.01 005 0.08 0.1 0.0 0.001 0.01 0.05 0.08 0.1
a

Figure 5: Ablation on the suppression factor (a) for four models.

tokens by this latency. SPIN achieves the highest
throughput among SoTA approaches, while achiev-
ing throughput performance close to baseline.

w
o

27.71
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04 : L
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Figure 6: Throughput comparison with existing methods
given by the number of tokens generated per second.

4.8 Ablation Studies

We present the hyperparameter evaluations for
SPIN in Table 8, where we first vary r to obtain
reduced hallucinations without a significant drop
in F1. We obtain » = 0.05 for LLaVA 7B, 0.10
for LLaVA 13B, and 0.30 for Qwen-VL. Next,
we evaluate different layer configurations to find
hallucination-prone layers . While uniformly prun-
ing across all layers works best for LLaVA 7B, ini-
tial layers are more hallucination-prone for LLaVA

13B and Qwen-VL. Finally, for selected r and lay-
ers for head suppression, we plot C, C; and F1 for
different « in Figure 5. F1 scores show comparable
values for different o for MiniGPT-4 and LLaVA
13B models. However, for LLaVA 7B and Qwen-
VL, complete pruning leads to a drop in F1. This
happens because the pre-trained model weights are
not adapted to this change. Therefore, we perform
partial head suppression using the parameter o,
where a higher value of « preserves the F1 score
by reducing the suppression intensity.

5 Conclusions

Despite achieving remarkable progress in vision-
language tasks, LVLMs still suffer from halluci-
nations arising from misalignment between visual
input and the generated text. We identify a dynamic
set of attention heads based on input query as the
potential cause for hallucinations. To counteract
this, we propose an image-attention guided head
pruning strategy agnostic to decoding method, that
is run-time efficient and can be seamlessly inte-
grated during inference. Our approach leads to a
substantial reduction in hallucinations, outperform-
ing existing methods while maintaining accuracy.
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Limitations

We propose an inference-only solution for ease
of integration and to accommodate scenarios with
limited training resources. However, our approach
could be enhanced by incorporating a trainable
router for more adaptive head selection. Our
method’s effectiveness is somewhat reduced when
paired with sampling-based decoding strategies
(e.g., nucleus sampling). We attribute this to the
greater token selection variability inherent in these
stochastic approaches (as further detailed in Sec-
tion 4.3). Our method requires access to the model
weights, which limits its applicability to open-
source models. It cannot be applied to closed-
source or API-based models, where direct access
to weights is restricted.

Usage and License: We acknowledge the licens-
ing terms associated with the artifacts used in this
study. LLaVA (Liu et al., 2024b) is released un-
der an open-source license (Apache 2.0), permit-
ting modification and distribution with attribution.
MiniGPT-4 (Zhu et al., 2024) follows similar li-
censing terms under the LLaMA model’s restric-
tions, where the base model weights are subject
to Meta’s research agreement. Qwen-VL mod-
els are also released under Apache 2.0, whereas
Shikra is released under the Creative Commons
Attribution-NonCommercial 4.0 International (CC
BY-NC 4.0) license. Our use of these models and
datasets is strictly for academic research purposes,
adhering to all licensing and usage guidelines. All
datasets used in our experiments comply with their
respective licenses, and we ensure proper attribu-
tion where required.
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A Appendix

A.1 Baseline Hyperparameters

The hyperparameters « and r for SPIN are spec-
ified in each table. For existing methods, we use
the best-performing configurations reported in their
respective papers.

For PAI, we adopt the following hyperparameter
settings: for LLaVA, we use o = 0.5, v = 1.2,
and layer prior = 2; for MiniGPT-4, a = 0.2,
v = 1.3, and layer prior = 3; and for Shikra,
a = 0.6,y = 1.1, and layer prior = 3. Since the
original PAI paper does not report results on Qwen-
VL, we experimented with several configurations
and found that reusing Shikra’s settings yielded the
best performance.

For OPERA, we use the same configuration
across all models: ¢ = 50, r = 15, Nean = 5,
and a = 1. For VCD, we use a« = 1, 8 = 0.1,
and apply noise steps T = 999 for all models. For
DAMRO, we select the top 10 tokens as outliers
and set o = 0.5.

A.2 Ablation Studies

Head Selection Strategy: We explore a variety
of training-free head selection strategies, as sum-
marized in Table 9. Query-based head selection
proposed in (Jin et al., 2024) is computed based
on the L2 norm of the query tokens, whereas the
key based selection is performed based on the L2
norm of the key tokens. In addition, we experiment
with head selection guided by the overall attention
(to both text and image tokens) as well as attention
to the image tokens only. Among these strategies,
selecting heads based solely on image attention
proves to be the most effective for hallucination
reduction, yielding the best CHAIR scores. Here,
we use o = 0, completely pruning attention heads
across all layers.

Selection Supp. | CHAIRs CHAIR; F1

Strategy | Heads| () €9 M
Query 0.10 404 11.6 774
Query 0.25 34.6 104 758

Key 0.25 44.6 124 771
Attention 0.15 20.4 8.0 734
Attention 0.05 17.6 6.1 74.5
Image Attention | 0.05 174 5.8 74.6

Table 9: Comparison of different training-free head se-
lection strategies in SPIN on LLaVA-1.5 (7B) using
CHAIR evaluation. Selecting heads based on image
attention yields the most effective reduction in halluci-
nation.

Model | Mode |Layers r o« |Accuracy F1

Baseline| - - - 85.69 84.28
LLaVA-1.5| SPIN | 1~16 0.15 0.0 87.84 87.13
(7B) SPIN | 1~16 0.150.001| 87.79 87.07
SPIN | 1~32 0.20 0.08 | 88.19 87.42

Baseline| - - - 85.12 84.48

LLaVA-1.5| SPIN | 1~32 0.35 0.0 | 88.47 88.00
(13B) SPIN | 1~24 0.35 0.0 | 88.40 88.01
SPIN | 1~20 0.350.001| 88.50 88.17

Baseline| - - - 78.08 76.20

.. SPIN | 1~32 0.05 0.0 | 79.43 78.78
MiniGPT-4) opiN | 1024 005 0.08| 7937 78.61
SPIN | 1~24 0.050.001| 79.14 78.46

Baseline| - - - 78.27 78.89

Shikra SPIN | 1~16 0.20 0.0 | 79.20 79.40
SPIN | 1~16 0.20 0.01 | 79.17 79.37

SPIN | 1~16 0.20 0.05| 79.19 79.45

Table 10: Multi-turn POPE evaluation under greedy de-
coding. SPIN consistently reduces hallucinations across
all models on multi-turn vision-language tasks.

A.3 Head Mask Visualization

The head masks for POPE and CHAIR using 95%
active heads are visualized in Figure 7. The pruned
heads are more consistent for POPE, likely due to
the fact that “Yes” or “No” answers are generated
as the first token. In contrast, CHAIR generates
longer sequences, causing tokens at each position
to likely prune different heads.

Figure 7: Heatmap for head masks averaged over all test
samples for CHAIR (left) and POPE random split (right)
for 95% active heads. White and dark blue indicate the
always pruned and always active heads, respectively.

A.4 Extended Evaluation of SPIN

POPE Evaluation: We assess SPIN on POPE eval-
uation to examine its performance in multi-turn
dialogue settings. All experiments in this section
are performed using greedy decoding. As shown in
Table 10, SPIN consistently reduces hallucinations
across multiple models. These results demonstrate
that our method not only generalizes well beyond
CHAIR, but also achieves strong hallucination mit-
igation on multi-turn vision-language tasks.

CHAIR Results under Diverse Decoding Strate-
gies: To further evaluate the effectiveness of SPIN,
we conduct experiments on CHAIR under var-
ious decoding strategies: greedy search, beam
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Model Decoding | Method | Layers Supp. Scale || CHAIRs CHAIR; F1
Heads Factor (@) (@) )

Baseline - - - 334 11.0 70.2

Beam OPERA - - - 23.2 8.8 69.4

Search PAI - - - 22.2 8.3 68.1

SPIN 1~24 0.15 0.0 16.6 4.8 68.2

MiniGPT-4 SPIN 1~16 0.18 0.05 16.2 6.6 69.1

Nucleus Baseline - - - 31.8 11.8 66.4

Sampling PAI - - - 23.0 9.0 68.3

SPIN 1~16 0.18 0.05 23.6 12.5 62.9

Baseline - - - 52.6 14.1 75.7

Beam OPERA - - - 40.2 12.6 72.7

Search PAI - - - 38.6 10.1 74.9

SPIN 1~32 0.40 0.0 324 10.0 74.5

Shikra Baseline | - - - 56.0 157 728

Nucleus VCD - - - 55.6 15.2 74.9

Sampling PAI - - - 33.8 8.7 75.1

SPIN 1~32 0.40 0.0 34.2 10.6 71.5

Table 11: CHAIR evaluation using MiniGPT-4 and Shikra under beam search and nucleus sampling decoding.

Model |Method |Layers r o |Cs(}) Cr(}) F1(1) Model | Mode |Layers r « |Accuracy F1
Baseline - - - 356 86 71.7 Baseline - - - 88.45 87.99
I\I{e];j‘(f%) SPIN | 1~32 005 00| 326 8.1 723 LLa?;”g)l\IeXt SPIN | 1~32 0.05 0.0 | 89.00 88.52
SPIN | 1~16 020 0.05| 268 7.4 717 SPIN | 1~32 0.050.001| 89.07 88.60
Baseline - - - 348 7.9 75.7 Baseline - - - 81.64 77.75
%"f?f]f)' SPIN | 1~16 002 00| 286 7.0 740 QW@%%?'VL SPIN | 1~20 0.02 0.0 | 83.02 79.80
SPIN | 1~16 002 0.05| 30.6 75 747 SPIN | 1~20 0.020.001| 83.05 79.87

Table 12: CHAIR evaluation results on the latest
LVLMs, including LLaVA-Next and Qwen2.5-VL.

search, and nucleus sampling. Across four models:
LLaVA-1.5 (7B), MiniGPT-4, Shikra, and Qwen-
VL. We explore a wider range of configurations
by varying the ratio of suppressed heads, scaling
factors, and the layers where SPIN is applied.

As discussed in Section 4.2, we have already pro-
vided a detailed analysis of SPIN’s performance
under greedy search for all four models, as well as
its behavior on beam search and nucleus sampling
for LLaVA-1.5 (7B) and Qwen-VL. Here, we high-
light the results for MiniGPT-4 and Shikra under
beam search and nucleus sampling, as shown in
Table 11. For MiniGPT-4, SPIN reduces CHAIR|
and CHAIRg by 2.3 and 2.0 x with beam search.
For Shikra, the corresponding reductions are 1.4 x
and 1.6x. Under nucleus sampling, SPIN yields
less significant improvements, but still effectively
mitigates hallucinations. For MiniGPT-4, SPIN
reduces CHAIRg by 1.35%. On Shikra, it reduces
CHAIR| and CHAIRg by 1.5% and 1.6 x, with only
a 1.3% drop in F1.

A.5 Evaluations on the Latest Models

To further assess the accessibility and robustness
of our method on state-of-the-art LVLMs, we con-

Table 13: Experimental results on Multi-turn POPE
using LLaVA-Next and Qwen2.5-VL.

duct evaluations under greedy decoding on LLaVA-
Next (Liu et al., 2024c) and Qwen2.5-VL (Bai
et al., 2025). The CHAIR results are reported in
Table 12, while the POPE results are shown in Ta-
ble 13. SPIN consistently alleviates hallucinations
in these newer models and provides improved ac-
curacy and F1 for POPE evaluation.

It is worth noting that, due to differences in ar-
chitectures in the language backbone, Qwen2.5-VL
generally benefits more from suppressing a smaller
fraction of heads. Specifically, Qwen2.5-VL com-
prises 28 layers with 28 heads per layer, whereas
LLaVA-Next, leveraging Mistral-7B, consists of 32
layers with 32 heads each. This indicates that each
attention head in Qwen2.5-VL undertakes greater
functional responsibility, so overly aggressive sup-
pression of heads can undermine the model’s capa-
bilities.

A.6 CHAIR Visualization

The captions generated using the baseline and SPIN
are visualized in Figures 8, 9, 10, 11, and 12, for
LLaVA-1.5 (7B), LLaVA-1.5 (13B), Shikra, Qwen-
VL, and MiniGPT-4. SPIN effectively mitigates
hallucinations generated by the baseline models.
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Table 14: The prompt used for GPT-40 evaluation adopted from Liu et al. (2024d).

GPT-40 Prompt

You are required to score the performance of two Al assistants in describing a given image. You
should pay extra attention to the hallucination, which refers to the part of descriptions that are
inconsistent with the image content, such as claiming the existence of something not present in the
image or describing incorrectly in terms of the counts, positions, or colors of objects in the image.
Please rate the responses of the assistants on a scale of 1 to 10, where a higher score indicates better
performance, according to the following criteria:

1: Accuracy: whether the response is accurate with respect to the image content. Responses with
fewer hallucinations should be given higher scores.

2: Detailedness: whether the response is rich in necessary details. Note that hallucinated descriptions
should not count as necessary details.

Please output the scores for each criterion, containing only two values indicating the scores for
Assistant 1 and 2, respectively. The two scores are separated by a space. Following the scores, please
provide an explanation of your evaluation, avoiding any potential bias and ensuring that the order in
which the responses were presented does not affect your judgment.

[Assistant 1]
{Response of Assistant 1}
[End of Assistant 1]

[Assistant 2]
{Response of Assistant 2}
[End of Assistant 2]

Output format:
Accuracy: <Scores of the two answers>
Reason:

Detailedness: <Scores of the two answers>
Reason:
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Instruction: Please help me describe the image in detail.

LLaVA-1.5-7B:

The image features a man playing a guitar in a bedroom, standing on a bed and playing with great enthusiasm.
He is holding the guitar with both hands, fully engaged in his performance. The bed is the main focus of the

scene, with the man standing on it while playing.

In the room, there are several books scattered around, some on the bed and others on the floor. A bottle can also

be seen on the floor, possibly containing a beverage for the man to enjoy during his guitar playing session.

SPIN:

The image features a man playing a guitar in a bedroom, standing on a bed and playing the guitar with great
enthusiasm. The man is wearing a black shirt and appears to be enjoying the moment.

The room has a bed with a purple blanket, and a few books scattered around the area. There is also a bottle
placed near the bed, possibly containing a beverage. The overall atmosphere of the room suggests a casual and

relaxed environment.

Instruction: Please help me describe the image in detail.

LLaVA-1.5-7B:

The image features a dining table with a red placemat underneath it. On the table, there are several jars filled with
oranges, some of which are whole and others are sliced. The oranges are arranged in various positions, with some
jars placed closer to the edge of the table and others in the middle. The table also has a bowl and a cup, adding to

the overall presentation of the scene.

SPIN:

The image features a dining table with a red placemat underneath it. On the table, there are several jars filled with
sliced oranges, creating a visually appealing display. The oranges are arranged in various positions, with some jars
placed closer to the front and others further back. The scene gives off a fresh and vibrant atmosphere, showcasing

the oranges in a visually pleasing manner.

Instruction: Please help me describe the image in detail.

LLaVA-1.5-7B:

The image features a wooden closet with numerous ties hanging on the wall. There are at least 13 ties of various
colors and patterns, including blue, green, and red. The ties are arranged in a neat and orderly manner, creating
an organized display.

In addition to the ties, there are two handbags placed on the floor, one on the left side and the other on the right
side of the closet. A suitcase can also be seen in the background, possibly indicating a recent trip or a planned

journey.

SPIN:
The image features a well-organized collection of ties hanging neatly on a wall. There are numerous ties of
various colors and patterns, creating a visually appealing display. The ties are arranged in a row, with some ties

hanging higher than others, giving the impression of a well-curated collection. The ties are displayed in a room,

possibly a closet or a store, showcasing the variety of options available for customers or for personal use.

Input Image

Figure 8: SPIN’s effectiveness in reducing hallucinations with LLaVA-1.5 (7B).
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Instruction: Please help me describe the image in detail.

LLaVA-1.5-13B:

The image features two dogs lying on a bed, one on the left side and the other on the right side. They appear to
be relaxed and comfortable, possibly sleeping or resting. The bed is covered with a blue blanket, providing a cozy

environment for the dogs.

In addition to the dogs, there is a chair located in the background, positioned behind the bed. The scene captures

a peaceful and restful moment shared between the two dogs.

SPIN:
The image features two dogs lying on a bed, with one dog being a white dog and the other being a black dog. The
white dog is lying on the left side of the bed, while the black dog is lying on the right side. Both dogs appear to be

sleeping or resting, possibly enjoying each other's company. The bed is covered with a blanket, providing a

comfortable surface for the dogs to lay on.

Instruction: Please help me describe the image in detail.

LLaVA-1.5-13B:

The image features a man standing in a body of water, interacting with a large elephant. The man is petting the
elephant’s trunk, and the elephant appears to be enjoying the attention. The scene takes place in a natural

environment, with the man and the elephant surrounded by water.

There are several other people in the scene, some of them standing closer to the water's edge, while others are
further away. The presence of multiple people suggests that this might be a social gathering or an event involving

the elephant.

SPIN:
The image features a man and an elephant in a body of water. The man is standing in the water, washing the

clephant, while the elephant is standing in the water as well. The man is wearing a white shirt and appears to be

enjoying the interaction with the elephant. The scene is set in a natural environment, with the elephant and the
man surrounded by water.
Instruction: Please help me describe the image in detail.
LLaVA-1.5-13B:
The image features two men standing under a red tent, exchanging a medal. One man is wearing a suit and tie,
while the other is dressed in a more casual outfit. They are both holding the medal, with one man handing it to
the other.
The scene takes place outdoors, with a dining table visible in the background. There are also two chairs placed
near the table, and a potted plant can be seen in the foreground. The men appear to be engaged in a formal or

ceremonial event, as they are exchanging the medal under the tent.

SPIN:
The image features two men standing under a red tent, exchanging a medal. One man is wearing a suit and tie,

while the other man is wearing a white shirt. They are both holding a medal, and it appears that one man is

giving the medal to the other. The men are standing close to each other, with one man on the left and the other

Input Image on the right.

Figure 9: SPIN’s effectiveness in reducing hallucinations with LLaVA-1.5 (13B).
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Instruction: Please help me describe the image in detail.

Shikra:

The image features a small, adorable pug dog sitting on a skateboard in a room. The dog is wearing a collar, and it
appears to be wearing a harness. The skateboard is placed on a wooden floor, and the pug is positioned in the center
of the board, looking rather uncomfortable or perhaps curious.

There are a few additional details in the room, such as a refrigerator on the right side of the scene, a chair near the left

wall, and another chair in the middle of the room.

SPIN:
The image features a small, adorable pug sitting on a skateboard, likely on a wooden floor. The dog appears to be
wearing a collar, indicating that it is a pet. The scene is set in a room with a yellow wall, giving it a warm and inviting

atmosphere. The dog is sitting on the skateboard, showcasing a sense of confidence and authority in its positioning.

Instruction: Please help me describe the image in detail.
Shikra:
The image features a street scene with a prominent orange detour sign placed on the road. The sign is large and

clearly displays the direction to the detour, likely due to a road closure or a detour route.

There are several cars in the scene, with one car on the left side of the image, another near the center, and two
more cars on the right side of the picture. Additionally, a traffic light can be seen in the background, further

indicating that this is a busy area with traffic regulations.

SPIN:
The image features a street scene with a prominent orange detour sign placed on the side of the road. The sign is
large and clearly visible, giving the impression that the road is a major detour. The sign is pointing to the left and

indicates that the road is closed or unavailable.

The image also shows that the road is covered with snow, which suggests that the snowfall has recently occurred.

The presence of snow on the road indicates that the weather is cold and snowy, and that the road is closed due to

winter conditions.

Instruction: Please help me describe the image in detail.

Shikra:

The image features a small piece of cake served on a plate, accompanied by a cup of milk. The cake has a bite
taken out of it, and the milk is partially spilled, creating a mess. A fork is placed next to the cake, suggesting that

someone is about to enjoy the treat. The scene is set on a dining table, making for a simple and casual snack.

SPIN:

The image features a small piece of cake served on a plate, placed next to a fork and a cup of milk. The cake has a
bite taken out of it, indicating that someone has started eating it. The plate and fork are positioned on a dining
table, creating an inviting scene. The presence of the fork signifies that the person consuming the meal is ready to

be served.

Input Image

Figure 10: SPIN’s effectiveness in reducing hallucinations with Shikra.
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Instruction: Describe this image in detail.

Qwen-VL-Chat:

The image features a serene body of water with a pair of geese floating peacefully on it. Two large boats are
docked on the water, one located closer to the left side and the other on the right side. The boats appear to be

cruise ships or similar in nature, as they are quite large compared to the small boats often seen on waterways.
The scene is set against a beautiful sunset, with the clouds and sky providing a stunning backdrop for the boats

and the water. The geese add a touch of nature and tranquility to the scene, making it a picturesque

representation of a leisurely waterfront.

SPIN:
The image features a serene body of water with a pair of large boats floating peacefully along the water's surface.

In total, there are four ducks swimming around the boats, enjoying their time on the water. The ducks are

scattered, with some swimming closer to the boats and others floating further away, exploring the lake.

Input Im age The sky above is filled with a variety of clouds, adding a dynamic element to the scene. The combination of the

boats and ducks creates a tranquil atmosphere, as if everyone is enjoying a leisurely day on the water.

Instruction: Describe this image in detail.

Qwen-VL-Chat:

The image features a large boat floating on the ocean, with the word \"EUKOR\" written on it. There is another «lfid
smaller boat nearby, which appears to be a barge. In the sky, a couple of airplanes can be seen, one high up and

another one lower down.
There are two people visible on the boats, likely the crew or passengers. The scene captures the essence of a large

marine operation or a search and rescue mission in progress. S

SPIN:
The image features a large boat floating on the ocean, with a sky background filled with airplanes. There are two ol =

airplanes flying at different altitudes over the ocean, with one plane flying higher in the sky and another one

lower in the sky. Additionally, there is a helicopter flying relatively closer to the boat. The boat is named Eukor,
and it is positioned in the lower part of the image, with the ocean stretching out behind it. Input Image

Instruction: Describe this image in detail.

Qwen-VL-Chat:

The image features a tall skyscraper building all lit up at night, standing tall in the background. In the
foreground, there is a traffic light with a \"Green Light\" sign below it. The traffic light is situated on the corner

of a street, with the illuminated skyscraper serving as a beautiful backdrop.

SPIN:
The image features a tall skyscraper building lit up with red lights at night, with a traffic light situated next to the
building. The tall building has many windows and is illuminated by additional lights on the side of the building.

The scene captures a street sign and traffic light, emphasizing the urban environment.

Input Image

Figure 11: SPIN’s effectiveness in reducing hallucinations with Qwen-VL-Chat.
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Instruction: Please help me describe the image in detail.

Minigpt4:

The image shows a man standing in a green field with a brown cow next to him. The man is holding a rope and
the cow is looking up at him. There are trees in the background and a blue sky with clouds.

SPIN:

The image shows a man standing in a green field with two cows grazing on the grass. The man is holding a rope

and leading one of the cows, while the other cow is walking behind him. The sky is clear blue with some clouds

visible in the distance.

Instruction: Please help me describe the image in detail.

Minigpt4:

The image shows a bicycle leaning against a concrete pillar in a train station. The bicycle has a black frame and
white tires. The station has a metal roof and a sign with the name of the station. There is a blue sky and clouds in

the background.
SPIN:

The image shows a bicycle leaning against a concrete pillar in front of a train station. There is a blue sky and

clouds visible in the background.

Instruction: Please help me describe the image in detail.

Minigpt4:

The image shows a man riding a surfboard in the ocean. He is wearing a black and red wetsuit and has a black and
red helmet on his head. He is holding onto the surfboard with his hands and has a white surfboard under his arm.

The ocean is turquoise and there are white waves in the background. The man is smiling and looks happy.

SPIN:
The image shows a man riding a wave on his surfboard in the ocean. He is wearing black wetsuit and has a red

board under him. The water is green and blue with white waves crashing on the shore.

Instruction: Please help me describe the image in detail.

Minigpt4:

The image shows a street at night with a green traffic light on the left side of the image. The light is illuminating
the road and the buildings on either side of it. The buildings are tall and have many windows, and there are
streetlights on either side of the road. The sky is dark and there are stars visible in the background. The image is

taken from a high angle and the view is looking down the street.

SPIN:
The image shows a street scene at night with green traffic light on the road and buildings in the background. The

buildings are tall and have many windows, some of which are lit up. There is also a sidewalk on the left side of the

road. Input Image

Figure 12: SPIN’s effectiveness in reducing hallucinations with MiniGPT-4.
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