7. Appendix

7.1. Additional Related Works

Hallucination in LVLMs Large Vision-Language Mod-
els (LVLMs) have achieved remarkable progress in mul-
timodal understanding and reasoning tasks[4, 20, 31, 52].
However, hallucination remains a critical challenge, where
models generate content inconsistent with visual inputs[72].
This issue stems from multiple sources: the inherent
properties of LLMs[14, 33], misalignment between vi-
sual and textual modalities[24, 49], and quality limitations
in instruction tuning data[39, 93]. To evaluate halluci-
nation severity, various benchmarks have been proposed.
POPE[43] assesses hallucinations related to object exis-
tence through discriminative questions, while CHAIR[61]
quantifies the proportion of hallucinated objects in image
descriptions at both instance-level (CHAIR;) and sentence-
level (CHAIR;). More comprehensive evaluation metrics
have emerged to cover broader hallucination types, in-
cluding attributes, spatial relations, and emotions[84, 100].
From a visual semantics perspective, hallucinations can be
categorized into three primary types: object hallucinations
(generating non-existent entities), attribute hallucinations
(incorrect descriptions of visual properties), and relation
hallucinations (inaccurate assertions about spatial or seman-
tic relationships)[77].

Hallucination Mitigation Existing approaches for mit-
igating hallucinations in LVLMs fall into two cate-
gories: training-based and training-free methods[24, 33,
91].  Training-based methods include supervised fine-
tuning (SFT) with hallucination-free data[93, 97], such as
LRV[49] and InstructBLIP[20], and preference optimiza-
tion techniques that leverage paired data to align model
outputs with human preferences[29, 42, 71, 94]. However,
SFT approaches require carefully curated datasets and sub-
stantial computational resources, while preference learning
methods often rely on external models like GPT-4V for
annotation[100]. Training-free approaches primarily em-
ploy contrastive decoding strategies[23, 39, 55, 73, 79, 81],
which contrast output distributions from original and mod-
ified inputs (e.g., masked images or enhanced visual fea-
tures) to reduce reliance on language priors[39]. While
these methods avoid additional training costs, they intro-
duce inference-time computational overhead and do not
fundamentally improve the model’s intrinsic generation ca-
pabilities. In contrast to these paradigms, our proposed
HAIT adopts a reinforcement learning approach built upon
the standard SFT+RL paradigm. This method integrates
hallucination-aware mechanisms through a novel reward
design that is applied directly to SFT-finetuned models.

Self-Improvement through Iterative Training Iterative
training enables models to progressively refine their ca-
pabilities through self-generated feedback, eliminating de-
pendence on external supervision. Recent work has ex-
plored diverse strategies for self-iteration: Pang et al.[57]
construct preference pairs via rule-based reward functions,
Chen et al.[13] leverage adversarial learning grounded in
human-annotated responses, Dong et al.[21] perform iter-
ative updates with fixed reward models, and Wu et al.[83]
frame the training process as zero-sum games with learned
preference models. Additionally, Rosset et al.[62] in-
troduce Direct Nash Optimization (DNO), employing ex-
pert models to estimate win rates through batch policy
iteration. These methods differ fundamentally from of-
fline approaches[82, 95] by operating in online frameworks
where policies adapt dynamically. In the context of multi-
modal models, self-play has also been explored for vision-
language alignment[69, 70], demonstrating the potential of
iterative refinement across modalities. HAIT distinguishes
itself through a hallucination-aware reward mechanism that
integrates three complementary signals. HAIT employs a
staged weighting strategy that prioritizes establishing fun-
damental visual grounding in early iterations before tran-
sitioning to fine-grained error correction, a curriculum-
inspired approach particularly effective for multimodal cap-
tion generation where outputs exhibit complex mixtures of
grounded and hallucinated content.

7.2. Experiments

7.2.1. Metric Calculation

CHAIR CHAIR (Caption Hallucination Assessment with
Image Relevance) quantifies object hallucination for image
captioning systems. It measures the extent to which gener-
ated captions mention objects that are not supported by the
image, both at the level of individual object mentions and at
the level of entire sentences.

Following the original work, our calculation relies on the
predefined vocabulary V of 80 MS-COCO object classes.
This vocabulary incorporates synonym sets, ensuring that
different lexical expressions referring to the same object
type (e.g., “couch” and “sofa”) are mapped to a single
canonical class within V. This practice confines the eval-
uation to a consistent and manageable set of object types.

For an image and its caption reference r with ground-
truth object set Oy (r) and a generated caption y, let Ogen(y)
denote the set of objects mentioned in y. The hallucinated
objects can be represented as:

H(r) = (Ogen(y) N V) \ (Ogt(r)n V) (20)

and we write M (r) = (Ogen(y) N V) for the set of all men-
tioned objects.
Instance-level hallucination (CHAIR;). On a dataset D,



the instance-level variant CHAIR; is defined as
(21)

Lower values indicate fewer hallucinated object mentions
relative to the total number of object mentions.
Sentence-level hallucination (CHAIR,). The sentence-
level variant CHAIR, measures how frequently a caption
contains at least one hallucinated object. For each image v
and its generated caption y, define

1, if
1halluc(r) = { ! H(T) 7& ®7 (22)

0, otherwise,

where H(r) is as defined above. CHAIR; is then given by

CHAIR, = 7] D| > Lhate(r (23)
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Smaller CHAIR; values indicate that hallucination occurs
in fewer captions.

BLEU BLEU is an n-gram overlap metric originally pro-
posed for machine translation and now widely used in text
generation tasks, including image captioning. It measures
modified n-gram precision between a candidate caption and
a set of reference captions, combined with a brevity penalty
to discourage overly short outputs.
Given a candidate caption ¢ and a reference set R, let
Py, denote the modified precision for n-grams of order n =
., N, computed with clipped counts. Let |c| denote the
length of ¢ and let |r*| be the length of the reference whose
length is closest to |c|. The brevity penalty is

L, le[ > [r],

BP = * 24
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The BLEU score of order NV is defined as

N
BLEUx = BP - exp (Z wy, log pn> , (25)

n=1

where w, > 0 are weights such that ) w, = 1 (a com-
mon choice is N = 4 and w,, = 1/4). Higher BLEU scores
indicate stronger n-gram agreement with the references.

CIDEr CIDEr (Consensus-based Image Description
Evaluation) is tailored to image captioning. It represents
captions as TF-IDF weighted n-gram vectors and measures
the degree of consensus between a candidate and multiple
references via cosine similarity.

For n-grams of order n, let g,,(z) € R denote the TF-
IDF feature vector of caption x. Given a candidate ¢ and
references R, the CIDEr score for order n is

gn(r)
CIDEr, (¢, R) > . (26)
|R| P & Hz [RGIE
The final CIDEr score averages overn = 1,..., N:
CIDEr(c, R) Z CIDEr,(¢,R).  (27)

n=1

In practice, IV is typically set to 4. Larger CIDEr values
indicate that the candidate more closely matches the con-
sensus of human references.

METEOR METEOR is a sentence-level metric that com-
bines unigram precision and recall, and allows matches
based on stemming and synonymy. It further incorporates a
penalty for fragmented word order, making it more sensitive
to fluency and adequacy than pure n-gram precision.

For a candidate c and a reference r, an alignment is con-
structed to maximize the number of matched unigrams m.
Let |¢| and |r| denote the lengths of ¢ and r, respectively.
Unigram precision and recall are defined as

m m

P=" R=_. (28)
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They are combined using a weighted harmonic mean

10PR
Fmean = my (29)

which places more weight on recall. Let ch be the number
of contiguous matched chunks in the alignment. The frag-
mentation penalty is

ch\?
Pen =~ <) , 30)
m
with typical parameter values v = 0.5 and § = 3. The
METEOR score is then
METEOR = (1 — Pen) Fiean- 3D

When multiple references are available, the score is com-
puted against each reference and the maximum is reported.

ROUGE-L ROUGE-L is based on the length of the
longest common subsequence (LCS) between a candidate
and a reference sentence. Unlike exact n-gram overlap,
the LCS can capture similarity while allowing gaps, and is
therefore less sensitive to small local reorderings.



Given a candidate ¢ and a reference r, let LCS(c,r) de-
note the length of their longest common subsequence. We
define

LCS(e,r LCS(e,r
Pros = B8O g S EOSED) )
] 7|
The ROUGE-L score is the corresponding F'-measure:
1+ %) Pcs R
ROUGE-L — (14 %) Pics Rics (33)

Rics + 2Pics

where 3 controls the relative weight of recall (often 5 = 1,
yielding the standard F} score). With multiple references,
ROUGE-L is computed with respect to each reference and
then aggregated (e.g., by taking the maximum or the aver-

age).

SPICE SPICE (Semantic Propositional Image Caption
Evaluation) evaluates captions at the level of semantic con-
tent rather than surface word overlap. Each caption is
parsed into a scene graph with objects, attributes, and re-
lations, which are represented as tuples. The candidate and
reference graphs are then compared in this tuple space.

Let 7 (c) be the set of semantic tuples extracted from a
candidate caption ¢, and let 7(R) be the union of tuples
from the references R. Precision and recall in the semantic
tuple space are

b _ITOOT®RI L, IT@0T®R)
‘ T ‘ IT(R)]
(34)
The SPICE score is the corresponding F}-measure:
2 Psem Rsem
SPICE = ——. 35
-Psem + RSCH’I ( )

Higher SPICE values indicate that the candidate more ac-
curately recovers the objects, attributes, and relations ex-
pressed in human-written captions.

7.2.2. Hyperparameters and Implementation Details

We provide a comprehensive summary of our training and
evaluation configuration in Table 4. The training process
consists of two main stages: Supervised Fine-Tuning (SFT)
and HAIT training.

Training Steps Calculation: The number of training steps
for HAIT phase is determined based on the dataset size and
batch configuration. Specifically, with a batch size of 1024
and approximately 118k training samples, we compute the
total training steps as 115 (118k/1024), ensuring adequate
exposure to the training data.

Reward Weight Configuration: We employ distinct re-
ward weight schemes across the two training epochs.
In Epoch-1, we utilize a balanced weighting with
Base=0.05, HA=0.4, HA-)\;=0.4, HA-)2=0.6, AHA=0.4,

and ME=0.15. For Epoch-2, we transition to Base=0.0,
HA=0.1, AHA=0.7, and ME=0.2, emphasizing different
components during the iterative training process.

Adversarial Model Updates: The adversarial model is up-
dated iteratively every 10 training steps, with each update
referred to as an iteration. This frequency strikes a balance
between training stability and adversarial effectiveness, en-
suring consistent adversarial guidance while maintaining
training efficiency.

Table 4. Training and Evaluation Configuration

Component Parameters

Supervised Fine-Tuning (SFT)

Batch size: 16

Epochs: 2

Learning rate: 1 x 10~°
Warmup steps ratio: 0.1
Time: 2 hours/epoch

HAIT Training

Batch size: 1024

Training steps: 115 (118k samples / 1024)
Rollout: 8

Learning rate: 1 x 1076

Temperature: 1.0

Top-p: 1.0

Top-k: -1(vLLM no limit)

Adversarial model update frequency: 10 steps

Time: 30 hours/epoch

Reward Weights

Epoch-1: Base=0.05, HA=0.4
A1=0.4, X\5=0.6
AHA=0.4, ME=0.15

Epoch-2: Base=0.0, HA=0.1
AHA=0.7, ME=0.2

Evaluation on Flickr30k/HA-DPO

Temperature: 1.0

Top-p: 1.0

Top-k: -1(vLLM no limit)

Package: spaCy, NLTK, COCO-caption

Hardware Configuration

GPU: 8 x NVIDIA A800
RAM: 512 GB
CPU: 96 cores




7.2.3. Model Evaluator Reward

Prompt Text Display

You are an Al evaluator tasked with assessing the
quality of image captions. Your role is to rate a can-
didate caption based on its alignment with a given
list of reference captions. Provide a score from 1 to
5, with 1 being the lowest and 5 the highest, based
on the caption’s accuracy, relevance, and detail.
Rating Criteria: - 5: The caption perfectly describes
the image, is highly consistent with the references,
detailed, fluent, and error-free. - 4: The caption
is accurate and mostly consistent with the refer-
ences but may have minor inaccuracies, omissions,
or slightly reduced fluency. - 3: The caption is par-
tially consistent with the references but may lack
important details, contain errors, or use unnatural
language. - 2: The caption has significant errors,
low consistency with the references, and is partially
relevant or inaccurate. - 1: The caption is com-
pletely irrelevant, meaningless, or inconsistent with
the references.
Instructions: For each input, you will be given: 1. A
candidate caption. 2. A list of reference captions.
Evaluate the candidate caption against the refer-
ence list and provide your response in the follow-
ing strict format: "Rating: X \n Reason:
. " (where X is the score). Ensure your reason-
ing clearly explains the score based on the criteria
above.

We first evaluate three candidate models for human pref-
erence alignment: Qwen3-4B-Instruct-2507, Qwen2.5-3B-
Instruct, and Llama-3.2-3B-Instruct. We construct a test set
of 50 samples randomly selected from the COCO-2017 val-
idation dataset to assess model alignment with human pref-
erences. For each of the 50 image samples, five human an-
notators independently provide captions and rate them on a
1-5 scale. This results in 250 annotated descriptions for the
complete test set. Each description is then evaluated by the
candidate models, and model ratings are compared against
human judgments. As shown in Table 5, we report the aver-
age score of the model for each level of caption. We select
the model with the smallest deviation from human ratings,
which is Qwen3-4B-Instruct-2507.

Table 5. Model rating performance comparison (average scores)

Model 1 2 3 4 5

Qwen3-4B 1.02 196 3.02 392 490
Qwen2.5-3B 1.00 2.10 3.12 3.88 4.84
Llama-3.2-3B  1.00 2.06 3.10 3.80 4.88

Notably, while model rating consistency may be influ-
enced by human annotation variability, the close perfor-
mance across models suggests that the rating mechanism
exhibits reasonable robustness. When using the model as a
model evaluator to assess human preference alignment, we
consistently used the same prompt template, as shown in
Box in 7.2.3.

7.2.4. Additional Experiment Result

Chair Changes We separately visualize the changes in
the CHAIR metric during the training process under dif-
ferent reward settings. As shown in Fig 5 and Fig 6,
HAIT demonstrates a relatively stable convergence speed,
whereas HA achieves the fastest convergence. In contrast,
both AHA and ME converge at relatively slower rates.
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Figure 5. The changes of CHAIR; during epoch-1, showing how
it evolves under different reward settings.
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Figure 6. The changes of CHAIR; during epoch-1, showing how
it evolves under different reward settings.

Language Prior Evaluation First, we describe our
method for evaluating language priors, which serves as
a supplement to Section 3. We selected four scenarios:
kitchen, street, bathroom, and office, from the validation
set of COCO02017, with 100 images for each scenario. No-
tably, during the selection process, we intentionally in-
cluded some “adversarial” images with missing elements.
These images lack certain scene-related contents, making
them similar to the Adversarial subset in the POPE[43]



benchmark. This experiment is conducted based on Qwen3-
VL-8B-Instruct.

We compare the performance of the original model with
that of the model after undergoing the HAIT-iteration-3 pro-
cess. As shown in Fig 7, the experimental results indicate
that the frequency of hallucinations caused by co-occurring
words decreases significantly. This demonstrates that our
method effectively alleviates object hallucinations induced
by language priors. Furthermore, when analyzing hallu-
cination errors, we find that, given the rapid development
of current visual encoders, it is challenging for the model
to fabricate visual content without any evidence. As a re-
sult, object hallucination can mainly be categorized into
two types. The first type involves small objects, such as
a kitchen knife. Due to limitations in image resolution and
other factors, it is often impossible for humans to determine
with certainty whether such an object exists in the image.
The model, however, tends to identify objects that might
plausibly exist but cannot be confirmed, relying on language
priors. For large objects, such as a kitchen refrigerator, hal-
lucination cases usually occur when only a small part of the
possible object is visible, which is insufficient to support a
definitive judgment. In such instances, the model tends to
“imagine” the complete object based on partial features. In
summary, these hallucination errors arise primarily from in-
sufficient visual information, which allows language priors
to dominate the model’s predictions.
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Figure 7. Reduction in hallucination frequency after HAIT-

iteration-3.

7.2.5. General Capability Preservation

To ensure that HAIT’s adversarial iterative training does
not degrade the model’s general capabilities, we evaluate
Qwen3-VL-8B-Instruct on five widely-used benchmarks
from the HuggingFace Open LLM Leaderboard [7]. These
benchmarks assess diverse abilities including mathematical
reasoning, commonsense inference, multitask language un-
derstanding, and factual accuracy. Specifically, we evaluate
on GSMSK (5-shot) [19] for multi-step mathematical rea-
soning, HellaSwag (10-shot) [96] for commonsense infer-

ence, WinoGrande (5-shot) [63] for pronoun disambigua-
tion and commonsense reasoning, MMLU (5-shot) [32] for
multitask accuracy across 57 subjects, and Truthful QA (0-
shot) [47] for measuring truthfulness in answering ques-
tions. We compare the base model with both standard super-
vised fine-tuning and HAIT-trained variants across multiple
iterations.

Table 6 presents comprehensive performance compari-
son across training approaches. Throughout this section,
we refer to “SFT-epoch-1 + HAIT-epoch-1” as “HAIT-
iteration-0”. Results demonstrate that HAIT training main-
tains stable general capabilities throughout the iterative pro-
cess. The base model achieves an average score of 71.64,
while SFT-epoch-1 shows modest improvement to 71.86.
However, SFT-epoch-2 drops to 71.60, confirming overfit-
ting issues with continued supervised training. In contrast,
HAIT maintains consistent performance with iteration-0
achieving 72.00, iteration-2 reaching 72.12. The average
score fluctuation across HAIT iterations remains within 0.6
percentage points of the base model. These results con-
firm that HAIT’s adversarial training for hallucination re-
duction does not compromise the model’s core reasoning
and knowledge capabilities.

7.2.6. Results on POPE

We also report the performance of HAIT on the POPE[43]
benchmark. The Polling-based Object Probing Evaluation
(POPE) is a streamlined approach to assess object halluci-
nation in LVLMs. LVLMs are required to respond to for-
matted questions in the form: “Is there a <object> in the
image?” with “Yes” or “No”. The label distribution is bal-
anced across the dataset, with 50% “Yes” and 50% “No” an-
swers. The complete POPE test is divided into three splits:
random, popular, and adversarial, in which the queried
objects are randomly selected, selected from the most fre-
quent categories in the dataset, and selected to be highly
correlated with those present in the image, respectively. The
dataset consists of 500 randomly selected images from the
MSCOCO[48] validation set.

To facilitate testing, we add the prompt “Please only use
yes or no to answer this question.” to restrict LVLM re-
sponses to “Yes” or “No”. Additionally, we use greedy
during inference to ensure deterministic output generation,
with all other experimental setups identical to those de-
scribed in Section 5.3. Four key evaluation metrics are gen-
erated: Accuracy, Recall, Precision and F1 score. We report
the results across the three splits, and the outcomes are pre-
sented in Table 7.

We observe that HAIT significantly improves Accuracy
and is superior to other methods, while the Recall met-
ric does not show a notable increase. This occurs because
HAIT mitigates the model’s tendency to generate responses
based on language priors rather than visual evidence, par-
ticularly in scene-dependent scenarios like the Adversarial



Table 6. Performance comparison of HAIT across general benchmarks

Models Iteration Methods GSMS8K Hellaswag WinoGrande MMLU Truthful QA Leaderboard Ave
Original 85.2 74.6 71.9 72.5 54.0 71.64
SFT-epoch-1 85.5 74.8 72.1 72.7 54.2 71.86
Qwen3 SFT-epoch-2 85.3 74.5 71.8 72.6 53.8 71.60
_'I\[/l ;ri]; SFT-epoch-1 + HAIT-epoch-1 85.6 74.9 72.3 72.8 54.4 72.00
HAIT-iteration-1 85.9 74.9 72.2 72.0 54.3 71.86
HAIT-iteration-2 85.1 75.2 72.9 72.9 54.5 72.12
HAIT-iteration-3 85.7 75.0 72.1 72.5 54.5 71.96
Table 7. Performance comparison between HAIT and other methods with Qwen3-VL-8B-Instruct on POPE
Subset Methods Accuracy Recall Precision F1-Score
Original 86.20 86.46 86.00 86.23
VCD 87.67 88.80 86.83 87.80
Random OPERA 88.33 87.86 88.69 88.27
Nullu 88.43 87.46 89.19 88.32
ICT 88.17 89.00 87.54 88.26
HAIT 89.57 86.93 91.77 89.28
Original 83.63 86.46 81.83 84.08
VCD 85.86 89.13 83.67 86.31
Popular OPERA 85.93 87.86 84.59 86.20
P Nullu 86.00 87.66 84.39 86.22
ICT 86.03 89.00 84.02 86.43
HAIT 88.36 86.93 89.50 88.19
Original 82.30 86.53 79.78 83.01
VCD 84.70 89.26 81.80 85.36
Adversarial OPERA 85.03 87.60 83.32 85.40
Nullu 85.36 87.80 83.72 85.71
ICT 84.93 89.06 82.27 85.53
HAIT 86.66 86.93 86.47 86.70
subset. 7.2.8. Potential Discussion

7.2.7. Generation Examples

To qualitatively demonstrate HAIT’s effectiveness, we
present representative generation examples in Table 8.
We show three cases comparing the base Qwen3-VL-8B-
Instruct model with HAIT iteration 3: two short captions
from the COCO validation set and one long description
from the HA-DPO test set.

The examples reveal consistent hallucination reduction
patterns. In short captions, the base model generates
non-existent objects or misidentifies visual elements, while
HAIT iteration 3 produces accurate descriptions faithful to
the visible content. The long description example demon-
strates that HAIT maintains this improvement even for ex-
tended captions, eliminating spurious object mentions while
preserving descriptive richness. These qualitative obser-
vations align with our quantitative results, confirming that
HAIT effectively grounds generation in visual content with-
out compromising informativeness.

Comparison with Other Methods We run SFT for two
epochs to obtain both SFT-epoch-1 and SFT-epoch-2 base-
lines. HAIT is initialized from SFT-epoch-1, followed by
one HAIT epoch and three HAIT iterations. In contrast,
other training-free methods compared in our experiments
are based on the original model weights with only decoding
strategies modified. This distinction is important as HAIT
involves parameter updates while the competing methods
maintain the original model parameters.

Comparison with RL-based Approaches We primarily
compare with training-free methods rather than reinforce-
ment learning (RL) based approaches for object hallucina-
tion mitigation. This choice is motivated by the current
research landscape where the majority of object hallucina-
tion mitigation methods focus on training-free techniques.
While RL-based methods for this problem are relatively
scarce, we note that the ablation variants in our experiments
can be viewed as approximations of GRPO variants. Our
comprehensive evaluation demonstrates that HAIT outper-
forms these variants across multiple metrics.



Table 8. Representative generation examples comparing original Qwen3-VL-8B-Instruct and HAIT iteration 3

Image Generated Captions

References: [A buffet of casserole dishes on a kitchen counter. A kitchen area with a table
full of various foods. Different platters of food are set in the kitchen. Many containers of food
are covered up on the table. Covered food is sitting on a kitchen counter.]

Original: A cozy kitchen scene with meal prep underway. Covered dishes, a set of tableware,
jars of sauce, and a bottle of wine sit on the counter, while a TV in the background shows a
talk show, blending home cooking with casual entertainment.

HAIT: Covered dishes, jars of sauce, and a bottle of wine are arranged on a kitchen counter,
with a television visible in the background. Various food containers and platters fill the kitchen
space during meal preparation.

References: [A bathroom that has a person’s hand holding an object. A person is holding up
a hair dryer in the bathroom. A woman holds a dryer in a bathroom. Someone steaming the
wrinkles out of a garment. This is a blow dryer in a bathroom.]

Original: A hand holding a hair dryer in a bathroom, with towels hanging nearby and
toiletries on the toilet lid.

HAIT: A person’s hand holding a hair dryer in a bathroom setting, with towels visible in the
background.

Reference: A table is depicted in the image, showcasing a miniature shopping cart brimming
with bananas. The shopping cart contains precisely five ripe bananas. Moreover, positioned
on the right side of the table is an elegant glass of water. No bottles are present on the table;
however, there are narrative cards and a family photograph. Surrounding the table are chairs,
with one noticeable chair on the left side. The intriguing arrangement of bananas within the
shopping cart and the assortment of items on the table contribute to an engaging scene.

Original: This is a detailed, eye-level photograph of a dining table setting, likely in a restau-
rant or café, with a focus on a small, wire-frame shopping cart filled with bananas.Central
Focus: The Banana Cart- A small, silver-colored metal shopping cart, resembling a miniature
grocery cart, sits prominently on the table.- Inside the cart are several ripe yellow bananas
with some brown spots, and at least one green banana, suggesting a mix of ripeness.- The
bananas are arranged in a casual, slightly overflowing manner, with some leaning against
each other and others resting on the cart’s wire mesh floor.Surrounding Elements:- Signage:
A white rectangular sign is mounted above the cart, featuring the logo and text “FOOD for
LIFE” in a blue circular emblem, followed by “Club rooms 15” in blue and black lettering.
This suggests the setting is a “Club Rooms” dining area, possibly within a hotel or upscale
establishment, with table number 15.- Table Setting: The cart is placed on a white tablecloth.
To the right, a clear glass of water and a folded white napkin on a silver napkin ring are
visible. A dark-colored bottle, possibly a condiment or [truncated at max_new_tokens=256]

HAIT: The image depicts a dining table setting with a miniature wire-frame shopping cart
filled with bananas. The shopping cart contains precisely several ripe bananas, including yel-
low ones and at least one green banana. Positioned above the cart is a white rectangular sign
displaying "FOOD for LIFE” and "’Club rooms 15” in blue and black lettering. On the right
side of the table sits an elegant glass of water alongside a folded white napkin. No bottles
are present on the table; however, there are narrative cards and a family photograph arranged
nearby. Chairs surround the table, with one noticeable chair on the left side. The intriguing
arrangement of bananas within the shopping cart and the assortment of items on the table
contribute to an engaging scene, showcasing a thoughtful table display reminiscent of educa-
tional or awareness events focused on food themes. Overall, the layout appears deliberate and
uncluttered, centering attention on the cart and signage. The sign sits above the cart, while
nearby cards add context without overwhelming the focal point.




Analysis of CIDEr Scores Regarding the relatively high
CIDEr scores observed in our ablation studies, we at-
tribute this phenomenon to the inherent characteristics of
the Flickr30K dataset, where reference captions tend to be
semantically similar. This similarity may inflate CIDEr
metrics compared to other datasets with more diverse cap-
tions.

Output Length Analysis We also analyzed the length of
generated content before and after training. Our analysis
shows that the output texts consistently reach or approach
the set maximum new token limit, indicating that the reduc-
tion in hallucinations is not attributable to shorter output
lengths. This finding confirms that HAIT’s effectiveness
stems from genuine improvement in content quality.

7.3. Proof of Theorems in Section 4

7.3.1. Proof of Theorem 1
Theorem 1 (Convergence of HAIT). Under standard as-
sumptions on the loss function ¢ (monotonicity and convex-
ity), HAIT converges to a stationary point where the masked
caption distributions align:

T (5’,|V, X) = pdata(y|va X, y/ ~ 7T9*) (36)

Proof. We establish convergence by examining the fixed-
point properties of the integrated reward objective. At iter-
ation t + 1, the total reward function is:

Ruarr(y', v, x) = raua(0,6:) + o - rua(y’, v)
+8-rum(y’y) 37

where the Anti-Hallucination Adversarial (AHA) loss is de-
fined as:

me(Y|v, T

WACACRD)

At the fixed point 8* = 6;, convergence requires the gra-
dient to vanish: VR (0*,0%) = 0. We first analyze
the AHA component. Taking the gradient at the fixed point
yields:

VQT'AHA(H, 9*)|9:0* = IEv,x,y,y’ [gl(o) : ﬁ (VG ]-Og Uy (S’|V7 X)
~Vplog me(y'|v, %)) lo=o-]

(39)

Given that y’ ~ my«(-|v,x) and y, §’ represent sequences
with LCS removed, the gradient expectation equals zero
when:

Eymy. [Vologmo(§'|v, x)] = Eynpy, [Volog 7o (v, x)]
(40)

This equality holds if and only if the masked caption distri-
butions coincide:

To* (yl|vvx) = pdala(y|vvx) (41)

For the Hallucination-Aware (HA) component, at con-
vergence the reward saturates when the model generates
captions without object hallucinations, consistent with the
aligned masked distributions. Similarly, the LLM evalua-
tor component reaches its maximum when generated cap-
tions match the semantic quality of references, which oc-
curs when masked distributions align. Therefore, HAIT
converges to a stationary point where the policy cannot dif-
ferentiate between masked reference captions and its own
masked generations in hallucination-prone regions, achiev-
ing alignment on error-containing subsequences while pre-
serving correctly predicted content.

7.3.2. Proof of Theorem 2

Theorem 2 (Efficiency of Anti-Hallucination Adversar-
ial Training) Lety = E[|[LCS(y,y’)|/|y|] denote the av-
erage fraction of correctly predicted tokens. The gradient
variance of HAIT is reduced by a factor of (1 — v)? com-
pared to holistic sequence training:

Var[Vy Ruarr] < (1 —7)? - Var[Vg Ruolistic] (42)

Proof. We denote the gradient of the holistic sequence re-
ward (without masking) as:

To\YIV, X mo(y'|v,x
Gholistic = Vo [ﬁ log M — 31 0(/):|
o, (y|v, %) g, (y'|V, %)
(43)
and the gradient with hallucination-aware masking as:
(Y|, X mo(¥'|v, x
guarr = Vo [B tog Z2IIVX) _ gy, f“y)]
7T9t(y|V,X) o, (y |V,X)
(44)

The log-probability can be decomposed token-wise:

ly|

logmo(y|v,x) = > logmy(y;|v,x,y<;)  (49)
j=1

For the masked sequence, only non-LCS tokens contribute:

logmo(v, ) = 3 logmo(yslv.x,y<;)  (46)
J€Laite

where Zyi¢r denotes the index set of tokens not in the LCS.
Since |Zgiee| = (1 — )|y, the gradient magnitude scales as:

lgnarr I = (1 =)l ghotisic I 47)
Applying the law of total variance:

Var([gyarr] = E[Var[gnarr|v]] + Var[E[guarr|7]]  (48)



Because masking proportionally reduces both gradient
magnitude and variability:

Var[guarr] < (1 —7)? - Var|ghoistic] (49)

This variance reduction yields more stable gradient updates
and accelerated convergence. The effect is particularly
pronounced in multimodal caption generation, where -y
tends to be large as models typically produce substantial
correctly grounded content alongside hallucinated ele-
ments, making the focused optimization on error regions
significantly more efficient than holistic sequence training.
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