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ABSTRACT

Multimodal Large Language Models (MLLMs) still struggle with hallucinations
despite their impressive capabilities. Recent studies have attempted to mitigate
this by applying Direct Preference Optimization (DPO) to multimodal scenarios
using preference pairs from text-based responses. However, our analysis of repre-
sentation distributions reveals that multimodal DPO struggles to align image and
text representations and to distinguish between hallucinated and non-hallucinated
descriptions. To address these challenges, In this work, we propose a Cross-modal
Hierarchical Direct Preference Optimization (CHiP) to address these limitations.
We introduce a visual preference optimization module within the DPO frame-
work, enabling MLLMs to learn from both textual and visual preferences simulta-
neously. Furthermore, we propose a hierarchical textual preference optimization
module that allows the model to capture preferences at multiple granular levels,
including response, segment, and token levels. We evaluate CHiP through both
quantitative and qualitative analyses, with results across multiple benchmarks
demonstrating its effectiveness in reducing hallucinations. On the Object Hal-
Bench dataset, CHiP outperforms DPO in hallucination reduction, achieving im-
provements of 52.7% and 55.5% relative points based on the base model Muffin
and LLaVA models, respectively. We make all our datasets and code publicly
available. 1

1 INTRODUCTION

The emergence of large language models (LLMs) has demonstrated unprecedented intelligence
(Chiang et al., 2023; Touvron et al., 2023; AI@Meta, 2024), bringing us closer to achieving human-
level AI. Concurrently, building on the foundation of text-based LLMs, research in Multimodal
Large Language Models (MLLMs) has also rapidly surged, leading to the development of power-
ful multimodal models such as GPT-4V (OpenAI, 2023), BLIP2 (Li et al., 2023a), and LLaVA (Liu
et al., 2024c). The current MLLMs typically integrate the visual encoder into the text-oriented back-
bone LLMs through a connector to achieve the understanding of visual signals (Liu et al., 2024c;
Yao et al., 2024). Although MLLMs have achieved impressive results, hallucination remains a sig-
nificant challenge, where the model’s output is not based on the visual input (Bai et al., 2024; Jiang
et al., 2024).

With the help of Direct Preference Optimization (DPO) (Rafailov et al., 2024) (Fig. 2-(a)), text-
oriented LLMs have achieved satisfactory alignment with human preferences, which can help pre-
vent hallucinations and enhance their ability to meet human needs. However, the alignment tech-
niques for Multimodal LLMs (MLLMs) remain underexplored. A natural approach is to extend DPO
from the text modality to multimodal contexts through multimodal DPO (Pi et al., 2024; Sarkar et al.,
2024a) (Fig. 2-(b)). However, simply replacing text preference data with multimodal preference data
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(a) LLaVA (b) LLaVA+DPO (c) LLaVA+CHiP (d) Performance

Figure 1: Comparison of representation distributions and performance across models. Representa-
tions are constructed by selecting 150 samples (images, non-hallucinated descriptions, and hallu-
cinated descriptions). The image or text semantics are represented using the last token embedding
from the LLM. (d) is the hallucination rate (lower the better) comparison of different models on
hallucination benchmarks, namely ObjHal, MMHal, and AMBER. Findings:(1) DPO struggles to
align image and description representations and to effectively distinguish between hallucinated and
non-hallucinated descriptions. (2) The proposed CHiP method, which incorporates both image and
�ne-grained text preferences, achieves better alignment between images and ground-truth descrip-
tions while increasing the distance between ground-truth and hallucinated descriptions. (3) CHiP
outperforms DPO and original LLaVA in terms of hallucination rate.

Figure 2: Comparison of preference optimization in different scenarios: (a) DPO, (b) Multimodal
DPO, and (c) Cross-modal Hierarchical Direct Preference Optimization (CHiP).x represents the
instruction. yw denotes the response preferred by the human overyl . mw represents the image
that is more likely to generate the preferred responseyw than ml . F (N) and F (N) represent
the segments (tokens) involved in the hierarchy reward calculation in the preferred and unpreferred
responses.

is insuf�cient to handle complex multimodal scenarios. In this work, we identify the limitations of
multimodal DPO by visualizing the representation distributions of both images and texts and pro-
pose solutions to overcome these challenges. Ideally, for well-aligned MLLMs, the representations
of an image and its ground-truth description should be as close as possible, while the representations
of ground-truth and hallucinated descriptions should be more distant. Fig. 1 shows a visualization
of the last token representations of image and text in the LLM (speci�cally LLaMA (Touvron et al.,
2023)) for LLaVA-1.6 (Liu et al., 2024b), using 150 samples (image, ground-truth description, and
hallucinated description). Fig. 1-(a, b, d) highlights the limitations of multimodal DPO, showing its
dif�culty in aligning image and description representations and distinguishing between hallucinated
and non-hallucinated descriptions, hindering performance improvement in hallucination evaluations.

To address these limitations, we propose Cross-modal Hierarchical Direct Preference Optimiza-
tion (CHiP) (Fig. 2-(c)), which enhances the alignment from multiple textual granularities (e.g., re-
sponse, segment, token levels) and visual preferences. Speci�cally, we introduceVisual Preference
Optimizationby constructing visual preference pairs, allowing the model to learn preferences from
both text and visual modalities, aligning text and image representations more closely. Moreover, we
introduce aHierarchical Textual Preference Optimizationto allow MLLMs to acquire preference in-
formation at multiple granular levels, namely, response, segment, and token, enhancing their ability
to differentiate between hallucinated and non-hallucinated text. To validate the ef�cacy of CHiP, we
evaluate it on four popular hallucination benchmarks under LLaVA-1.6 and Muf�n frameworks. The
results show that CHiP outperforms GPT-4V signi�cantly on the evaluated benchmarks. Moreover,
on the Object HalBench dataset, based on Muf�n and LLaVA-1.6 models, CHiP outperforms DPO
in hallucination reduction, with performance improvements of 52.7% and 55.5% relative points,
respectively.
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To sum up, our contributions are threefold:

• We analyze the limitations of multimodal DPO through image and text representation distribu-
tions, emphasizing its failure to achieve cross-modal semantic alignment and distinguish between
hallucinated and non-hallucinated descriptions.

• We propose CHiP to address these limitations. CHiP includes a hierarchical textual preference
optimization module to capture �ne-grained (i.e., response, segment, and token) preferences and
a visual preference optimization module to extract cross-modal preferences.

• We equipped CHiP with various MLLMs, and the results of multiple datasets demonstrate that
CHiP reduces hallucinations and enhances cross-modal semantic alignment.

2 RELATED WORK

Multimodal Large Language Models (MLLMs) (Liu et al., 2024c; Bai et al., 2023; Dai et al., 2023;
He et al., 2024) play a crucial role in multimodal understanding and reasoning tasks by processing
both images and text. Their development has been fueled by progress in open-source LLMs (Tou-
vron et al., 2023; AI@Meta, 2024; Chiang et al., 2023) and cutting-edge image encoders (Radford
et al., 2021b; Wang et al., 2023c; Li et al., 2022).

However, misalignment between images and text causes MLLMs to face issues like hallucinations
and errors. Mitigating hallucinations is a crucial research of MLLMs. Hallucination mitigation
strategies generally fall into two categories: training-free and training-based methods. Training-
free approaches (Huang et al., 2024; Yin et al., 2023) handle potential hallucinations by post-
processing MLLMs' outputs. On the other hand, training-based approaches aim to reduce hallu-
cinations through instruction �ne-tuning (Liu et al., 2023b; Zhang et al., 2024) or preference learn-
ing (Gunjal et al., 2024; Li et al., 2023b; Sun et al., 2023; Yu et al., 2024a; Deng et al., 2024; Wang
et al., 2024). For example, REVERIE (Zhang et al., 2024) is a re�ective instruction tuning method
that incorporates rationale learning into visual instruction tuning. As for the preference learning,
for example, Gunjal et al. (2024) proposed Fine-grained DPO (FDPO) and trained a �ne-grained
multimodal reward model based on InstructBLIP (Dai et al., 2023).

Different from previous research, we address the visual-language preference misalignment in
MLLMs by introducing a novel cross-modal hierarchical DPO (i.e., CHiP), which simultaneously
optimizes preferences in both the text and image modalities from a �ne-grained perspective. Our
approach demonstrates better alignment between the two modalities from the visualization of repre-
sentation and reduced hallucination generation.

3 PRELIMINARIES

Direct Preference Optimization (DPO) (Rafailov et al., 2024) is primarily a preference optimization
method that focuses on aligning language models with human preferences without the need for
explicit reward modeling or reinforcement learning. Given a model to be optimized� � , and the
reference policy� ref, which is a supervised �ne-tuning model, the RL optimization of RLHF can be
formulated as:

max
� �

Ex �D ;y � � � (y jx )
�
r (x; y)

�
� � DKL

�
� � (y j x) jj � ref(y j x)

�
: (1)

By maximizing the KL-constrained reward objective to obtain the optimal solution and establishing a
mapping between the reward model and the optimal policy, the representation of the reward function
is derived as follows:

r (x; y) = � log
� � (yjx)
� ref(yjx)

+ � logZ (x) ; (2)

wherex is the input instruction,y is the response,� is a constant, andZ (x) is the partition function.

Given the chosen responseyw , where the evaluator preferred it over the rejected responseyl , DPO
is expected to learn to maximize the reward difference between chosen (yw ) and rejected responses
(yl ). The preference optimization objective becomes:

L DPO = � E(x;y w ;y l )
�
log � (r (x; yw ) � r (x; y l ))

�

= � E(x;y w ;y l )
�
log � (� log

� � (yw jx)
� ref(yw jx)

� � log
� � (yl jx)
� ref(yl jx)

)
�

;
(3)
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where DPO learns preferences based on the ranking of the entire response, and the action score can
be formulated as:

log � (yjx) =
X

y i 2 y

logp(yi jx; y<i ) ; (4)

whereyi denotes thei -th token of the responsey. During DPO training, the reference model
� ref(yjx) is usually kept �xed while the policy model� � (yjx) is updated.

4 METHODOLOGY: CROSS-MODAL HIERARCHICAL DIRECT PREFERENCE

OPTIMIZATION

In this section, we will introduce the Cross-modal Hierarchical Direct Preference Optimization
(CHiP). CHiP consists of two modules: (1) Hierarchical Textual Preference Optimization, which
incorporates preference optimization at the response, segment, and token levels; and (2) Visual Pref-
erence Optimization, which addresses the overlooked visual information.

4.1 HIERARCHICAL TEXTUAL PREFERENCEOPTIMIZATION

Image-based responses are often long and complex, and response-level preference optimization re-
lies on rough rankings of response quality without clearly identifying which segments or tokens
contain hallucinations. This makes it challenging to assign credit to desirable behaviors, leading
to reward hacking (Laidlaw et al., 2024) and the need for a large amount of labeled data. There-
fore, we introduce the Hierarchical Textual Preference Optimization module to assign rewards from
�ne-grained.

For MLLMs, each sample includes an image (m) in addition to promptx, chosen responseyw , and
rejected responseyl . Multimodal DPO relies on both promptx and imagem to select the preferred
response fromf yw ; yl g. Next, we will provide a detailed illustration of the three levels of preference
optimization for text: response-level, segment-level, and token-level.

Response-level Preference Optimization (L DPO r ). At the response level, DPO in the MLLMs'
scenario aims to maximize� (r (x; mw ; yw ) � r (x; mw ; yl )) , and the objective function can be for-
mulated as:

L DPO r = � log �
�

� log
� � (yw jm; x )
� ref(yw jm; x )

� � log
� � (yl jm; x )
� ref(yl jm; x )

�
; (5)

log � (yjx) can be formulated as:

log � (yjx; m) =
X

y i 2 y

logp(yi jx; m; y<i ) ; (6)

whereyi denotes thei -th token of the responsey.

Segment-level Preference Optimization (L DPO s). Intuitively, the corrected segments, particu-
larly entity nouns, play a crucial role in eliminating hallucinations and should be assigned more
rewards. Following Yu et al. (2024a), we assign higher rewards to the segments that differ between
the chosen response and the rejection response. Based on Eq. 6, the action score for the segment-
level can be denoted as:

log � seg(yjx; m) =
1
C

� X

y i 2 y

logp(yi jx; m; y<i ) + 

X

y i 2 yc

logp(yi jx; m; y<i )
�

; (7)

whereyc indicates the segments where changes have occurred.yi denotes thei -th token of the
responsey. To prevent the model from being misled into giving higher scores to longer responses,
1
C is used as a normalization factor, whereC = jyj + 
 � j ycj. By substituting Eq. 7 into Eq. 5, we
can obtain the objective function of segment-level preference optimizationL DPO s.

Token-level Preference Optimization (L PO k ). For most previous methods, the optimization ob-
jective of DPO was constructed based on sentence-level KL divergence Eq. 1). However, the output
generated from images is an autoregressive sequence, so aligning MLLMs with human values at the
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token level is natural. Finer-grained alignment not only improves alignment performance but also
helps the model maintain diversity (Zeng et al., 2024). Unlike response-level optimization, which
computes a single reward and KL divergence for the entire response, token-level optimization eval-
uates each token individually, with the cumulative token values forming the score of response. The
sequential KL divergence can be de�ned as:

L PO k = sg(�D SeqKL (x; m; y w ; � ref k� � )) � �D SeqKL (x; m; y l ; � ref k� � ) ; (8)

wheresg represents the stop-gradient operator, and

D SeqKL (x; m; y ; � refk� � ) =
TX

t =1

D KL (� ref(yjx; y <t )k� � (yjx; y <t )) : (9)

Hierarchical Textual Preference Optimization (HDPO). includes the response, segment, and
token-level preference optimization. It can be formulated as:

L HDPO = L DPO r + � L DPO s + 
 L PO k ; (10)

where� and
 represent the weights ofL DPO r andL PO k , respectively.

4.2 VISUAL PREFERENCEOPTIMIZATION

To mitigate MLLMs' over-reliance on large language models, we next introduce our Visual Prefer-
ence Optimization Module. This module forces the model to make preference judgments based on
visual information by constructing pairs of images with preferences as variables. Given a pair of
images(mw ; ml ), wheremw allows the promptx to better match the chosen responseyw compared
to ml , Visual Preference Optimization tries to maximize� (r (x; mw ; yw ) � r (x; m l ; yw )) , and the
objective function can be formulated as:

L DPO v = � log �
�

� log
� � (yw jmw ; x)
� ref(yw jmw ; x)

� � log
� � (yw jml ; x)
� ref(yw jml ; x)

�
; (11)

where the rejection imageml can be generated by rotating, cropping, or adding noise to the chosen
imagemw . The objective of CHiP is a combination of the hierarchical textual (Eq. 10) and visual
(Eq. 11) preference optimizations:

L CHiP = L DPO v + L DPO r + � L DPO s + 
 L PO k : (12)

Since the entire response and image encapsulate modality semantics, we assign a weight of 1
(fully consider) to response-level (L DPO r ) and visual preference optimization (L DPO v ). � and

 (< 1) (partially consider) adjust the contributions of segment- and token-level preference opti-
mizations. We refer to the model that only considers response-level and visual preference opti-
mization as Cross-modal Direct Preference Optimization (CMDPO), which can be formulated as:
L CMDPO = L DPO v + L DPO r :

Hierarchical textual preference optimization module tries to maximizes� (r (x; m; yw ) � r (x; m; y l ))
from different levels, while the visual preference optimization module tries to maximizes
� (r (x; mw ; yw ) � r (x; m l ; yw )) . The combination of the them allows MLLMs to choose prefer-
ences based on both �ne-grained textual and visual modalities.

5 EXPERIMENT AND RESULTS

In this section, we empirically investigate the effectiveness of CHiP in reducing hallucination.

5.1 EXPERIMENTAL SETTINGS

Comparing Models. We consider applying CHiP to two different multimodal LLMs: LLaVA-
1.6 (Liu et al., 2024b) and Muf�n (Yu et al., 2023). For LLaVA-1.6, we have chosen the model size
of 7B, using CLIP (Radford et al., 2021a) as the visual encoder and Vicuna-1.5-7B (Zheng et al.,
2023) as the LLM backbone. For Muf�n, we have chosen a model size of 13B, using BEiT3 (Wang
et al., 2023b) as the visual module and 13B Vicuna v1.0 (Chiang et al., 2023) as the LLM backbone,
and a version �ne-tuned on the VQAv2 dataset (Goyal et al., 2017) (released by Yu et al. (2024a)).
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Training Data. There are several publicly available training datasets that include preference pairs
for multimodal hallucinations. Here, we choose to use the RLHF-V-Dataset (Yu et al., 2024a;b) with
5k training samples as our training dataset.

Baselines. We primarily compare CHiP with standard DPO based on the same models. While
other multimodal LLMs cannot be directly compared due to differences in base models, preference
data, and alignment methods, we provide these results for reference. LLaVA (Liu et al., 2024c),
Muf�n (Yu et al., 2023), LRV (Liu et al., 2023a), LLaVA-RLHF (Sun et al., 2023), InstructBLIP (Dai
et al., 2023), Qwen-VL-Chat (Bai et al., 2023), LLaVA 1.5 (Liu et al., 2023c), RLHF-V (Yu et al.,
2024a), HALVA (13B) (Sarkar et al., 2024b).

Benchmarks and Evaluation Metrics.

• Object HalBench (ObjHal) (Rohrbach et al., 2018) is a widely used benchmark for evaluating
object hallucination. To improve evaluation stability, the benchmark includes 8 diverse prompts
and is tested on 300 instances.Metrics: Following Yu et al. (2024a); Wang et al. (2024), we
report both theresponse-level hallucination rate(R. ) andmention-level hallucination rate(M.).

• MMHal-Bench (MMHal) (Sun et al., 2023) is a question-answering benchmark that covers 8
question categories and 12 object topics.Metrics: It uses GPT-4 to assess response quality
(Ova. ) and hallucination rates (R. ).

• HallusionBench(Guan et al., 2024) evaluates visual illusions and knowledge hallucinations, fea-
turing 346 images and 1129 questions. It was the GPT4-assisted evaluation.Metrics: Question
Pair Accuracy (qA), Figure Accuracy (fA ), and All Accuracy (aA).

• AMBER (Wang et al., 2023a) was designed to be evaluated without LLM assistance. Fol-
lowing previous works (Wang et al., 2024), we only consider the generative tasks.Metrics:
(a) CHAIR (Rohrbach et al., 2018) (CHAIR); (b) Object coverage of responses (Cover ); (c)
Response-level hallucination (Hal ); (d) Human cognition hallucination (Cog).

Implementation Details. We train the Muf�n (13B) (Yu et al., 2023) and LLaVA-1.6 (7B) (Liu
et al., 2024b) with CHiP for 3 epochs, with learning rate of 5e-7 and a batch size of 32. For the
training time, LLAVA-1.6 took about three hour to train with CHiP on 4 H100 GPUs, while Muf�n
took approximately �ve hours. Hyperparameter: Since our training dataset is RLHF-V dataset Yu
et al. (2024a), we followed Yu et al. (2024a) to set the hyperparameter� = 0 :5 and followed
(Zeng et al., 2024) to set
 = 0 :1 for token-level preference optimization. As for the weight of
segment-level preference optimization, namely� , we set to� = 1 and� = 3 for the Muf�n and
LLava dataset set (Sec. 5.3).How to Identify Hallucinated Segments?Our training dataset, RLHF-V
contains both pre-correction (hallucinated) and post-correction (non-hallucinated) descriptions. We
enumerate all segments longer than two tokens in rejected responses and classify those absent in
accepted responses as hallucinations.How to construct the rejected images?The rejected images
are built based on the chosen image of the forward diffusion process atT = 500 steps (Sec. 6.2).

5.2 RESULTS AND OBSERVATIONS

Tab. 1 presents the experimental results of applying CHiP to the LLaVA-1.6 and Muf�n on four
popular hallucination benchmarks. The main �ndings are listed below: (1)CHiP signi�cantly re-
duces hallucinations of base models Muf�n and LLaVA-1.6.Compared to the base model Muf�n
(LLaVA), CHiP reduced response- (R. ) and mention-levels (M.) hallucinations by 71.2% (65.3%)
and 66.4% (56.7%) relative point on the ObjHal dataset and human cognitive hallucinations (Cog)
by 57.1% (61.9%) and Hal by 45.2% (49.6%) relative point on the AMBER dataset. Furthermore,
the consistent improvements of CHiP in question pairs (qA) and visual understanding types (fA )
on the HallucinationBench, as well as in overall object hallucinations (Overall ) on the MMHal
dataset. (2)Based on Muf�n and LLaVA, CHiP consistently outperforms DPO in reducing hallu-
cination on the four benchmarks.This indicates that CHiP, which includes the visual preference
optimization module and the hierarchical textual preference optimization module, can effectively
improve preference alignment performance. (3)LLaVA and Muf�n with CHiP achieve fewer hallu-
cinations compared to GPT-4 on the ObjHal and AMBER datasets.Compared to GPT-4, LLaVA
(Muf�n) with CHiP reduced hallucination rates at the response level and mention level by 64.0%
(54.4%) and 56.2% (46.6%) relative point respectively on the Object HalBench. On the AMBER
dataset, the hallucination rate for theCog metric decreased by 42.3% (38.5%) relative point, with
continuous reductions observed across several other categories as well.
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Table 1: The results of hallucination evaluation on the Object HalBench (ObjHal), MMHal-Bench
(MMHal), HallusionBench, and AMBER datasets. Values inbold indicate the best performance
under the same setting. “^” indicates that a higher value is better for this metric, while “_” indicates
that a lower value is better. The baseline results are reported in (Yu et al., 2024a) for ObjHal and
MMHal, in (Guan et al., 2024) for HallucinationBench, and in (Wang et al., 2024) for AMBER.

Model
ObjHal MMHal HallusionBench AMBER

R._ M._ Ova.̂ R._ qA^ fA^ aA^ CHAIR_ Cover̂ Hal_ Cog_

Referenced Results (Not Directly Comparable)

LLaVA-1.0 (Liu et al., 2024c) 63.0 29.5 - 70.8 - - - - - - -
Muf�n (Yu et al., 2023) 50.5 24.5 - 68.8 - - - - - - -
LRV (Liu et al., 2023a) 32.3 22.3 - 78.1 8.8 13.0 42.8 - - - -
LLaVA-RLHF (Sun et al., 2023) 38.1 18.9 2.5 57.0 - - - 7.7 52.1 39.0 4.4
InstructBLIP (Dai et al., 2023) 25.9 14.3 2.1 58.0 9.5 10.1 45.3 8.8 52.2 38.2 4.4
Qwen-VL-Chat (Bai et al., 2023) 43.8 20.0 2.9 43.0 5.9 6.7 39.2 6.6 53.2 31.0 2.9
LLaVA-1.5 (Liu et al., 2023c) 46.3 22.6 2.4 52.1 10.6 24.9 46.9 7.8 51.0 36.4 4.2
RLHF-V (Yu et al., 2024a) 12.2 7.5 2.5 51.0 - - - 6.3 46.1 25.1 2.1
HALVA (Sarkar et al., 2024b) - - - - 13.9 20.1 49.1 - - - -
GPT-4V (OpenAI, 2023) 13.6 7.3 - 31.3 28.8 39.9 65.3 4.6 67.1 30.7 2.6

Muf�n (13B) 21.5 11.6 2.4 60.42 16.0 20.8 50.9 8.0 48.3 32.1 3.5
+DPO 13.1 6.6 2.5 52.1 17.4 23.4 52.5 6.2 46.9 26.5 2.5
+CHiP 6.2 3.9 2.6 49.0 19.1 24.9 54.0 4.4 45.3 17.6 1.5

LLaVA-1.6 (7B) 14.1 7.4 2.8 42.7 15.8 20.8 51.6 8.3 61.0 48.6 4.2
+DPO 11.0 6.6 2.7 43.8 22.228.3 56.6 5.9 61.0 38.9 3.0
+CHiP 4.9 3.2 2.9 39.6 23.526.0 58.5 3.7 57.8 24.5 1.6

5.3 ABLATION STUDY

Effect of Component Combination. To evaluate the contribution of each component in CHiP
and the effect of their combinations, we conducted a comprehensive ablation study on CHiP based
on LLaVA. The experimental results are shown in Tab. 2. The main observations are as follows:
(1) Both hierarchical textual preference optimization (HDPO) and visual preference optimiza-
tion (CMDPO) are effect.On the ObjHal and MMHal datasets, both HDPO (CHiP-L DPO v ) and
CMDPO (L DPO s-L PO t ) outperform DPO. This suggests that: (a) more granular preference signals
can reduce label ambiguity at the response level (DPO), helping the model learn more effectively;
(b) The introduction of visual preference optimization enhances the model's alignment between the
image and text. (2)The combination of visual preference optimization and hierarchical preference
optimization strategies makes DPO the most powerful.On both evaluation datasets, CMDPO in-
troduced segment-level (L DPO s), token-level (L PO t ), or both segment- and token-levels (CHiP),
resulting in a consistent and signi�cant reduction in hallucination rates across different evaluation
perspectives, such as response level and mention level. Speci�cally, when CMDPO incorporates
both segment-level and token-level optimization (CHiP), the response- and mention-level hallucina-
tion rate on ObjHal datasets decreased by 49.6% and 41.3%, respectively.

Figure 3: Human evaluation results on
MMHal-Bench (MMHal).

Human Evaluation. Due to incomplete text annota-
tions on the MMHal, GPT-4 couldn't reliably detect hal-
lucinations. To make the results more reliable, we invited
experts to manually annotate the data to compare CHiP
with DPO based on LLaVA. As shown in Figure 3, CHiP
and DPO performed equally on 63.5% of samples, with
CHiP winning 24%. In the 36.5% of samples where a dis-
tinction was possible, CHiP outperformed DPO in 31.6%.

Strength of Hierarchical Textual Preference Optimization. Hierarchical text preference opti-
mization includes preference optimization at the response, segment, and token levels. Here, we
discuss the impact of their weights. We fully consider response-level since its global textual se-
mantics by setting its parameter to 1 (Eq. 12). and following Touvron et al. (2023), we set the
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token-level weight
 = 0 :1. As for segment-level, given its crucial role in providing �ne-grained
feedback on the preference of hallucinations, we fully explore the range of its weight� (as shown
in Eq. 10). From the results of Fig. 4, we found that the best performance was achieved when� = 1
and� = 3 for the Muf�n and LLaVA frameworks, respectively, and we adopted these settings in all
the experiments presented in this paper.

Table 2: The ablation results of CHiP
based on LLaVA. Values inbold denote
the best performance.

Model
ObjHal MMHal

R._ M._ Ova.̂ R._

DPO 11.03 6.61 2.73 43.75

CHiP 4.92 3.21 2.89 39.63
-L DPO v 9.19 5.77 2.70 42.40
-L DPO s 8.55 5.16 2.69 40.63
-L PO t 6.08 3.77 2.71 40.75
-L DPO s -L PO t 9.76 5.47 2.78 41.71

Table 3: Results of training or freezing the visual en-
coder (VE) in LLaVA during preference optimization.
� andX denote the visual encoder states of training and
freezing, respectively.

Model VE
MMHal AMBER ObjHal

Ova.̂ R._ CHAIR_ Cover̂ Hal_ R._ M._

LLaVA - 2.75 42.7 8.30 61.0 48.6 14.1 7.4

+DPO � 2.73 43.8 5.94 61.0 38.9 11.0 6.6
+DPO X 2.71 44.8 5.88 61.6 38.3 10.1 5.7

+CHiP � 2.89 39.6 3.72 57.824.5 4.9 3.2
+CHiP X 2.68 43.8 3.74 54.922.1 5.3 3.3

(a) Muf�n+CHAIR (b) Muf�n+Hal Rate (c) LLaVA+CHAIR (d) LLaVA+Hal Rate

Figure 4: Results of Muf�n+CHiP and LLaVA+CHiP evaluated on the AMBER dataset with differ-
ent choices of weight� to control the strength of segment-level preference optimization. Findings:
When� = 1 (� = 3 ), the best performance of the CHAIR and Hallucination Rate metric is achieved
on AMBER based on Muf�n (LLaVA-1.6).

Impact of Training Paradigm. The misalignment between image and text semantics is a signi�-
cant cause of hallucinations in MLLMs (Liu et al., 2024a). However, most approaches (Wang et al.,
2024) freeze the visual encoder and train only the connector and LLM during preference optimiza-
tion. There raises a scienti�c question: Can full-model training during MLLM preference optimiza-
tion reduce hallucinations? To investigate this, we explored the impact of freezing versus training the
visual backbone on LLaVA enhanced by CHiP and DPO. The results are shown in Tab. 3.Results:
DPO achieves a lower hallucination rate when the visual encoder is trained, whereas CHiP, which
incorporates multi-level textual preference and visual preference optimization, does not achieve the
expected reduction in hallucination rate when the visual encoder is trained. A possible reason is that
the multiple optimization objectives may dilute the model's focus on image-text semantic alignment
during the joint training of the visual encoder.

6 FURTHER ANALYSIS

6.1 GENERAL CAPABILITY ANALYSIS

Preference learning may compromise a model's general understanding capabilities. In this section,
we evaluate and analyze the general capability performance of an MLLM enhanced by our CHiP.
Speci�cally, we selected several popular general capability evaluation datasets, including MMMU
(val) (Yue et al., 2024), MMMU (test), MMB-ENG (Liu et al., 2025), MMB-CN, ScienceQA (Lu
et al., 2022), and LLaVA-Wild (Liu et al., 2024c). We compared the performance of LLaVA and
LLaVA+CHiP on these datasets, with the results shown in Tab. 4.
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