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Abstract
Existing efforts to align multimodal large lan-
guage models (MLLMs) with human preferences
have only achieved progress in narrow areas, such
as hallucination reduction, but remain limited in
practical applicability and generalizability. To this
end, we introduce MM-RLHF, a dataset contain-
ing 120k fine-grained, human-annotated prefer-
ence comparison pairs. This dataset represents a
substantial advancement over existing resources,
offering superior size, diversity, annotation gran-
ularity, and quality. Leveraging this dataset, we
propose several key innovations to improve both
the quality of reward models and the efficiency
of alignment algorithms. Notably, we introduce
the Critique-Based Reward Model, which gen-
erates critiques of candidate texts before assign-
ing scores, offering enhanced interpretability and
more informative feedback compared to tradi-
tional reward models. Additionally, we propose
Dynamic Reward Scaling, a method that adjusts
the loss weight of each training sample according
to the reward signal, thereby optimizing the use
of high-quality comparison pairs. Our approach
is rigorously evaluated across 10 distinct dimen-
sions, encompassing 27 benchmarks, with results
demonstrating significant and consistent improve-
ments in model performance (Figure. 1).

1. Introduction
Although Multimodal Large Language Models (MLLMs)
have demonstrated remarkable potential in addressing com-
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plex tasks that involve the integration of vision, language,
and audio, state-of-the-art MLLMs today seldom undergo a
rigorous alignment stage (Wang et al., 2024a; Deitke et al.,
2024; Chen et al., 2024c; Dai et al., 2024; Agrawal et al.,
2024). Typically, these models only progress to the super-
vised fine-tuning (SFT) stage, leaving critical aspects such
as truthfulness, safety, and alignment with human prefer-
ences largely unaddressed. While recent efforts have begun
to explore MLLM alignment, they often focus on narrow
domains, such as mitigating hallucination or enhancing con-
versational capabilities, which fail to comprehensively im-
prove the model’s overall performance and reliability. This
raises a critical question:

Is alignment with human preferences only capable of
enhancing MLLMs in a limited set of tasks?

In this work, we confidently answer this question with a
resounding “No.”. We demonstrate that a well-designed
alignment pipeline can comprehensively enhance MLLMs
along multiple dimensions, including visual perception, rea-
soning, dialogue, and trustworthiness, thereby significantly
broadening their practical applicability. To achieve this, we
conduct in-depth investigations into three pivotal areas: data
curation, reward modeling, and alignment algorithms.

At first, we introduce MM-RLHF, a dataset designed to
advance Multimodal Reinforcement Learning from Human
Feedback (RLHF). The dataset spans three key domains: im-
age understanding, video understanding, and MLLM safety.
Constructed through a rigorous pipeline, MM-RLHF en-
sures high-quality, fine-grained human annotations. Dataset
creation process involves the following steps (Figure 2):

• Data Collection. We curate a diverse set of multimodal
tasks from various sources, totaling 10 million data
instances, ensuring broad representation across tasks.

• Data Selection. Through rigorous re-sampling, we
extract 30k representative queries, ensuring diversity
across a wide range of data types, such as real-world
scenarios, mathematical reasoning, chart understand-
ing, and other practical domains (Figure. 3).

• Model Response Generation. We utilize state-of-the-
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+0.45%+5.25% -3.47% +0.78%+19.5% +3.33% +3.38% +2.91% +3.74% -1.59% +12.27% -65.4%

Figure 1. Performance gains achieved through alignment training on MM-RLHF and our alignment algorithm (MM-DPO), highlighting
significant improvements across various tasks and metrics.

art models, such as Claude 3.5-Sonnet and Qwen2-VL-
72B, to generate responses for various tasks.

• Fine-grained Human Annotation. We employ a
meticulous annotation process, involving over 50 an-
notators over two months, to score, rank, and provide
textual explanations for responses. This results in more
than 120k high-quality ranked comparison pairs.

Compared to existing datasets, MM-RLHF significantly
advances in diversity, response quality, and annotation gran-
ularity, providing a robust foundation for MLLM alignment.

Building on the MM-RLHF dataset, we investigate how
human-annotated data can enhance MLLM alignment, with
a focus on reward modeling and training optimization. Rec-
ognizing the pivotal role of reward models in providing feed-
back signals to guide the alignment process, we propose
a Critique-Based Reward Model (Figure 4). Traditional
reward models, which output scalar values, often lack inter-
pretability, while directly using MLLMs as reward models
place high demands on their instruction-following capabili-
ties, limiting their practicality. To address these limitations,
we first transform concise human annotations into detailed,
model-friendly formats using MLLMs. These enriched an-
notations serve as learning targets, guiding the reward model
to first generate critiques and then assign scores based on
the critiques. This approach enables the model to provide
fine-grained scoring explanations, significantly enhancing
the quality and interpretability of the reward signals. MM-
RLHF-Reward-7B achieves SOTA performance on several
benchmarks, outperforming several 72B-scale models.

Building on this high-quality reward model, we introduce
Dynamic Reward Scaling within the Direct Preference
Optimization (DPO) framework. Traditional DPO meth-
ods (Amini et al., 2024) use a fixed training weight for
all human-preferred and non-preferred training pairs. In

contrast, Dynamic Reward Scaling calculates a reward mar-
gin for each comparison pair using MM-RLHF-Reward-7B.
During training, it assigns higher weights to comparison
pairs with larger reward margins. This ensures that the most
informative samples have a stronger influence on model
updates. As a result, the training process becomes more
efficient, leading to improved model performance.

Finally, to rigorously evaluate our approach, we con-
struct two specialized benchmarks. The first, MM-RLHF-
RewardBench, is sampled from our dataset and consists
of meticulously human-annotated data for evaluating re-
ward models. The second, MM-RLHF-SafetyBench, is
curated and filtered from existing benchmarks and focuses
on safety-related tasks, including privacy protection, adver-
sarial attacks, jailbreaking, and harmful content detection.

We conduct extensive evaluations across ten key dimen-
sions, covering 27 benchmarks. The results demonstrate
that our training algorithm, combined with the high-quality
MM-RLHF dataset, leads to significant improvements in
model performance. Specifically, models fine-tuned with
our approach achieve an average 11% gain in conversational
abilities and a 57% reduction in unsafe behavior. The inte-
gration of our reward model further amplifies these gains,
highlighting the effectiveness of our alignment algorithm.

2. MM-RLHF-Dataset
In this section, we outline the construction of MM-RLHF,
as illustrated in Figure 2. This includes data collection, data
filtering, and human annotation.

2.1. Data Collection

Our goal is to construct a comprehensive post-training
dataset that covers a wide range of task types. To achieve
this, we categorize tasks into three main domains: image
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Figure 2.MM-RLHF Construction Pipeline . (1) Data Collection and Cleaning: Starting with 10 million instruction samples, we cluster
data based on image similarity, and uniformly sample across diverse categories. This results in a diverse dataset covering image-based
Q&A (e.g., multiple-choice, dialogues, and safety-related questions) and video Q&A formats.(2) Response Generation: We leverage
state-of-the-art models, including GPT-4o and Qwen2-VL-72B, to generate responses.(3) Human Annotation: We conduct comprehensive
manual annotation across nine categories, including scoring, ranking, and textual explanations, ensuring �ne-grained evaluation.

understanding, video understanding, and multimodal safety.

For image understanding, we integrate data from multiple
sources, including LLaVA-OV (Li et al., 2024c), VLfeed-
back (Li et al., 2023d), LLaVA-RLHF (Sun et al., 2023b),
lrv-instruction (Liu et al., 2023a), and Unimm-Chat (Yu
et al., 2023). Since some datasets contain multi-turn dia-
logues, which are less suitable for response generation, we
decompose them into single-turn dialogues. This process
yields over 10 million dialogue samples, covering tasks such
as conversation, safety, multiple-choice questions, captions,
and commonsense reasoning.

For video understanding, the primary data source is
SharedGPT-4 video (Chen et al., 2024b).

Forsafety, data is primarily derived from VLGuard (Zong
et al., 2024) and self-constructed content. VLGuard contains
over 2,000 harmful samples, while additional red teaming,
safety, and robustness data are included. The pipeline for
constructing safety data is detailed in Appendix C.1.

2.2. Data Filtering and Model Response Generation

The core goal of data �ltering is to reduce the number of sam-
ples while maintaining the diversity of the original dataset.
To achieve this, the following strategies are adopted:

Prede�ned Sampling Weights.For image understanding
tasks, we de�ne three categories based on the nature of the
questions and the length of model responses: 1.Multiple-
choice questions (MCQ): questions with options such as
A, B, C, or D.These tasks include visual question answer-
ing, mathematics, OCR, and icon recognition, focusing on
the model's reasoning and visual perception abilities. 2.
Long-text questions: questions for which GPT-4o gener-
ates responses exceeding 128 characters.These typically
involve detailed captions or complex descriptions, testing
the model's conversational and descriptive capabilities. 3.
Short-text questions: questions for which GPT-4o generates

Figure 3.Re-Sampling results from the clustering process.Due
to the large total number of samples, the clustered and deduplicated
results contain a rich diversity of categories. Selected samples
include topics such as mathematics, daily life, natural scenes,
medicine, electronic technology, and OCR scenarios, showcasing
a variety of problem-image pairs. The 2D features are obtained
via UMAP dimensionality reduction.

responses shorter than 128 characters.These require con-
cise answers, often involving simple image analysis, and
represent a broader range of task types.

The initial distribution of these three types in the image
understanding dataset is highly imbalanced, with propor-
tions of 12.17% (Long), 83.68% (Short), and 4.14% (MCQ).
To align with diversity goals, we adjust the sampling ra-
tio to 4:5:1, reducing disparities among task types while
maintaining a dominance of comprehensive samples.1

Cluster-based Sampling. Text deduplication is not per-
formed because many questions, while similar in text, are
paired with different images, leading to substantially dif-
ferent outcomes—an intrinsic characteristic of multimodal

1For video understanding and safety tasks, MCQ samples are
fewer. After classifying into Long and Short types, the differences
are minimal, so no additional adjustments are made.
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Table 1.Dataset Composition Statistics

Image
Safety Video Total

Long Short MCQ
9575 12063 2125 1999 4235 29997

data. Instead, we encode all images using CLIP2, and for
videos, we use the feature of the �rst frame as a representa-
tive. We then apply KNN clustering with 100 cluster centers
and randomly sampleN instances from each cluster. The
value ofN is determined to satisfy the prede�ned sampling
ratios, ensuring a balanced representation of task diversity.

Data Statisticsis summarized in Table 1, and the visualiza-
tion of the clustering results is shown in Figure 3, demon-
strating the rich diversity of data categories.

Model Response Generation.To generate high-quality
responses, we select state-of-the-art models from both open-
source and closed-source domains. For image understanding
and safety-related tasks, we use Qwen2-VL-72B (Wang
et al., 2024a), LLaVA-OV-72B (Li et al., 2024c), GPT-4o3,
and Claude 3.5-sonnet4. For video understanding tasks, we
employ GPT-4o, LLaVA-Video-72B (Zhang et al., 2024b),
and Qwen2-VL-72B (Wang et al., 2024a). These models
are chosen for their advanced capabilities and performance,
ensuring a comprehensive evaluation of leading solutions in
multimodal understanding.

2.3. Annotation

The annotation process follows rigorous standards to ensure
comprehensive and �ne-grained evaluations of MLLM re-
sponses. Detailed standards are provided in Appendix B,
and the scoring and annotation structure are illustrated in
Figure 2. Additionally, we design a web UI to streamline
the annotation process, as shown in Figure 6.

Compared to prior work, our annotation approach intro-
duces two signi�cant advantages:richnessandgranular-
ity . First, the evaluation incorporates three core dimen-
sions—Helpfulness, Faithfulness, and Ethical Consider-
ations—to comprehensively capture model performance.
Helpfulnessensures that responses are relevant and provide
meaningful assistance aligned with the user's intent.Faith-
fulnessevaluates the accuracy of responses in describing
visual elements, such as objects, relationships, and attributes,
ensuring alignment with the ground truth while avoiding hal-
lucinated content.Ethical Considerationsassess adherence
to ethical principles, including safety, privacy, fairness, and

2https://huggingface.co/openai/
clip-vit-base-patch32

3https://openai.com/index/hello-gpt-4o/
4https://www.anthropic.com/news/

claude-3-5-sonnet

harm avoidance, ensuring responses are free from harmful
or biased content. Annotators score each dimension while
documenting the reasoning behind their assessments, adding
valuable context for understanding model performance.

Second, annotators are required to assign anoverall rank-
ing to the responses, along with justi�cations for their rank-
ings. This ranking mechanism provides a transparent and
nuanced comparison of model outputs. Additionally, inno-
vative strategies are employed to enhance data quality:

Constructing Positive Samples for Poor Quality Ties.
When multiple responses are equally poor, annotators pro-
vide correct answers to create positive examples. This en-
sures challenging samples contribute to the training dataset,
addressing issues that no valid model responses exist.

Constructing Negative Samples for High-Quality Ties.
When multiple responses are of equally high quality, anno-
tators introduce deliberate errors to create negative samples.
This prevents ties from reducing the utility of the data and
allows for more ef�cient use in training.

We employ over 50 annotators supervised by 8 multimodal
experts to ensure high-quality annotations, addressing the
�ne-grained requirements of MLLM alignment tasks. While
human annotation incurs signi�cant costs, it offers sub-
stantial advantages over machine annotation, particularly
in capturing nuanced perceptual differences and providing
professional-grade reasoning. For a detailed comparison of
human and machine annotation, see Appendix D.

3. MM-RLHF-Reward Model

In this section, we explore how to train a high-quality reward
model using MM-RLHF, to provide a robust supervision
signal for subsequent model alignment. The reward model
is designed to combine critique generation and scoring (Fig-
ure 4), ensuring a comprehensive evaluation process.

3.1. Background of Standard Reward Models

Reward models are a key component for aligning model
outputs with human preferences. Typically, a reward model
starts with a pretrained LLM� , where the LLM headhl is
replaced with a linear reward headl r , enabling the model
to output a scalar reward. These models are trained using
pairwise comparisons. Given a queryx, a preferred response
yw , and a less preferred responseyl , the reward model is
optimized to assign higher rewards to preferred responses:

`Reward(� ) = Ex ;y w ;y l

h
� log �

�
r (yw jx ) � r (yl jx )

�i
; (1)

wherer (yjx) is the reward and� is the sigmoid function.

Standard reward models face signi�cant limitations. First,
they fail to fully utilize the rich feedback provided by high-
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Figure 4.Illustration of the multi-task reward model training process. The process begins with a user query and corresponding model
responses, which are ranked and annotated by humans. Human annotations are expanded using GPT-4o to provide enhanced rationales.
The reward model is trained with two objectives: (1)Learning to Provide Critique, where the model learns to provide detailed critiques
and evaluations for model responses, and (2)Learning Scoring, where the model learns to assign scores based on the model response and
critique. The integration of these tasks ensures a robust evaluation framework for improving model outputs.

quality human annotations, such as textual explanations
and nuanced reasoning. Second, scalar rewards lack trans-
parency, making it dif�cult for humans to understand how
the reward is generated. These challenges highlight the
need for a more interpretable and robust reward model that
leverages critiques as intermediate reasoning steps.

3.2. Critique-Based Reward Model Training

Extending to Critique-Based Training. To overcome
the limitations of traditional reward models, we propose
a critique-based training framework: the model �rst gener-
ates a critiquec conditioned on the queryx. This critique
serves as an intermediate reasoning step, providing context
for scoring responses. The critique-based reward model
comprises two components:1. Critique Head (hl ): Gen-
erates critiquescw andcl for the preferred (yw ) and less
preferred (yl ) responses, respectively, based on the queryx.
2. Scoring Head (hr ): Assigns scalar rewards based on the
generated critiques, enabling more �ne-grained evaluation.

Learning to Provide Critique from Enhanced Annota-
tion. Thehl is trained to align with human-provided anno-
tations. The loss function for critique generation is:

`Critique(� ) = Ex;y;c

h
�

j cjX

t =1

log � � (ct jc<t ; x; y)
i
; (2)

wherect is thet-th token in the critiquec, c<t denotes the
tokens precedingct , and� � (ct jc<t ; x; y) is the probability
of tokenct given its context, queryx, and responsey.

However, as shown in Figure 4, while human-provided scor-
ing reasons are highly accurate, they tend to be concise. Di-
rectly using these concise annotations as training targets for
the reward model's language head does not yield signi�cant
performance improvements. To address this issue, we use
GPT-4o to augment the human annotations by adding more

details and improving the �uency of the critiques. These en-
hanced scoring reasons are then used as the training targets
for the language head. To prevent GPT-4o from introducing
hallucinated content or irrelevant analysis, we impose strict
constraints in the prompt (Table. 7), to ensure the model
only expands on the original content without introducing
speculative or uncertain information.

Scoring Loss with Teacher-Forcing.hr computes scalar
rewards based on the queryx, responsey, and critiquec.
During training, we adopt a teacher-forcing strategy, where
the scoring head uses ground truth critiques instead of cri-
tiques generated by itself. This avoids potential noise from
model-generated critiques in the early stages of training.
The scoring loss is de�ned as:

`Score(� ) = Ex;y w ;y l

h
� log �

�
r (x; yw ; cw ) � r (x; y l ; cl )

�i
;

(3)
where: cw and cl are the ground truth critiques for the
responsesyw ; yl , respectively,r (x; y; c) is the reward score
computed fromx, y, andc.

Joint Training Objective. The overall training objective
combines the critique generation loss and the scoring loss:
`Total(� ) = `Critique(� ) + `Score(� ):

Inference. During inference, the critique head (hl ) gener-
ates a critiquec conditioned on the queryx and response
y. The scoring head (hr ) then usesx, y, and the generated
critiquec to compute the �nal reward scorer (x; y; c). This
two-step process mirrors the human evaluation process by
explicitly reasoning about critiques before scoring.

In Section E, we discuss the differences and connections be-
tween theMM-RLHF-Reward Model and existing works.

MM-RLHF-RewardBench. To evaluate the effectiveness
of the signals provided by our reward model in guiding sub-
sequent model training, we randomly sample 10 examples
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from each category of the MM-RLHF dataset to create a
test set. Each example includes multiple model responses
and their corresponding rankings, enabling the generation of
several comparison pairs. This results in a total of 170 pairs
for evaluation. We design two evaluation metrics: 1.Tradi-
tional Accuracy (ACC): Measures the proportion of cases
where the model correctly identi�es the preferred response.
2. ACC+: Measures the proportion of cases where the
model correctly ranks all response pairs for a given sample.
This metric emphasizes the model's ability to handle chal-
lenging cases, such as those with small ranking differences
or hard-to-distinguish pairs.

4. MM-DPO

In this section, we propose MM-DPO, an extension of the
traditional DPO framework. MM-DPO introduces Dynamic
Reward Scaling, which dynamically adjusts the update
strength based on the con�dence of training pairs, ensuring
effective utilization of high-quality samples while mitigating
the impact of noisy or low-con�dence data.

4.1. Background: Direct Preference Optimization

The DPO framework is a preference-based learning method
that optimizes model parameters� by aligning model
outputs with human preferences. Given a queryx and
corresponding responsesyw (positive) andyl (negative),

the DPO loss is de�ned as:̀ DPO(� ) = Ex ;y w ;y l

h
�

log �
�

�
�

log � � (yw j x )
� ref(yw j x ) � log � � (y l j x )

� ref(y l j x )

��i
; where� � is the

optimal policy,� ref is the reference policy,� is a scaling
factor, and� (�) is the sigmoid function (Amini et al., 2024).
Traditional DPO treats all training pairs equally, regardless
of their quality differences. This uniform scaling fails to
prioritize high-quality pairs with clear preference distinc-
tions, leading to inef�cient use of informative samples and
suboptimal optimization.

4.2. MM-DPO: Key Contributions and Improvements

Training on all possible comparison pairs instead of the
hardest pairs. Unlike many recent MLLM alignment ap-
proaches that prioritize training on the hardest comparison
pairs, MM-DPO incorporates all possible comparison pairs
for a single query into the training process. Speci�cally, for
any query with multiple responses, every response pair with
differing ranks is treated as a valid comparison pair. This
comprehensive approach captures more nuanced ranking
information, allowing the model to learn from a broader
set of preferences. However, this strategy also introduces
a challenge: pairs involving responses with similar ranks
(e.g., rank 3 and rank 4) often have lower reward margins
compared to pairs with more distinct rankings (e.g., rank 1
and rank 4). Treating all pairs equally exacerbates the issue

of uniform scaling and underutilizes the high-con�dence
information contained in larger reward margins. To address
this, MM-DPO introduces Dynamic Reward Scaling, which
dynamically adjusts the update strength based on the reward
margin to prioritize high-con�dence training pairs.

De�nition of Dynamic Reward Scaling. Reward mod-
els can naturally provide a pairwise reward margin, which
serves as a straightforward signal for scaling. However, two
critical aspects must be addressed: (1) ensuring the signal
quality is suf�ciently high, and (2) bounding the signal to
prevent overly aggressive updates that destabilize training.

Regarding the �rst aspect, our experiments reveal that pub-
licly available models, such as GPT-4o and LLaVA-Critic,
perform inadequately in scoring our dataset. Conversely,
our trained MM-RLHF-Reward-7B model surpasses several
publicly available 72B models, offering a reliable and robust
reward signal. We use this model to compute the reward
margin:� = r (yw ) � r (yl ); wherer (yw ) andr (yl ) are the
scores assigned to the positive and negative samples.

For the second factor, we control the scaling factor� (� )

using the following formulation:� (� ) = � ori

�
1 + w

�
1 �

e� k�
� �

; where� ori is the initial default scaling factor,w is a
parameter balancing the dynamic component's contribution,
andk is a hyperparameter that adjusts� (� )'s sensitivity to
changes in� . The function1 � e� k� is bounded between
[0; 1], and a smallerk value keeps most� (� ) values near
� ori, with slow growth as� increases. In contrast, a larger
k makes� (� ) highly responsive to changes in� , quickly
reaching its maximum. To avoid aggressive updates, we
constrain� (� ) within [� ori; (1 + w)� ori]. Overall, Dynamic
Reward Scaling signi�cantly enhances MM-DPO by lever-
aging high-quality reward signals and tailoring optimization
steps to the con�dence level of training pairs. This results
in improved robustness, ef�ciency, and effectiveness of the
framework. We discuss the similarities and differences be-
tween our approach and existing methods in Appendix F.

5. Experiments

In this section, we evaluate our data and algorithms on 10
tasks across 20+ benchmarks. The key �ndings are:

1. Alignment training on theMM-RLHF dataset consis-
tently improves performance across nearly all benchmarks
for various baselines. The integration of reward signals in
MM-DPO further ampli�es these improvements, demon-
strating the effectiveness of our approach.

2. TheMM-RLHF-Reward-7B model achieves state-of-
the-art performance on reward model benchmarks among
open-source models, surpassing even several 72B models.
This highlights the ef�ciency and scalability of our method.
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Figure 5.Performance improvements achieved through alignment training.y indicates the use of our dataset and alignment algorithm.

Table 2. Performance comparison across metrics and methods on MM-RLHF-RewardBench. MM-RLHF-Reward (w/o. Task 1)
represents training the LLaVA-OV-7B model to score pair-wise samples while excluding Task 1.MM-RLHF-Reward (w/o. enhanced
annotations)involves learning human-provided annotations, followed by scoring.MM-RLHF-Reward (inference w. GT annotation)uses
ground truth annotations during inference.

Method LLaVA-OV-7B
LlaVA-Critic
(Pointwise)

LlaVA-Critic
(Pairwise)

GPT-4o
MM-RLHF-Reward

(w/o. Task 1)

MM-RLHF-Reward
(w/o. enhanced

annotations)
MM-RLHF-Reward

MM-RLHF-Reward
(inference w.

GT annotation)
Metric ACC ACC+ ACC ACC+ ACC ACC+ ACC ACC+ ACC ACC+ ACC ACC+ ACC ACC+ ACC ACC+

Mcq 0.14 0.00 0.38 0.10 0.23 0.00 0.69 0.20 0.90 0.80 0.83 0.70 0.93 0.70 1.00 1.00
Long 0.11 0.00 0.49 0.20 0.54 0.30 0.95 0.90 0.70 0.40 0.92 0.80 1.00 1.00 1.00 1.00
Short 0.29 0.20 0.38 0.20 0.24 0.10 0.56 0.400.79 0.60 0.68 0.40 0.71 0.50 1.00 1.00
Safety 0.41 0.00 0.62 0.17 0.28 0.17 0.72 0.33 0.69 0.33 0.69 0.17 0.66 0.17 0.69 0.17
Video 0.32 0.10 0.40 0.20 0.52 0.20 0.80 0.60 0.70 0.60 0.80 0.60 0.92 0.80 0.92 0.90
Overall 0.24 0.07 0.45 0.17 0.35 0.15 0.74 0.50 0.75 0.50 0.79 0.57 0.85 0.67 0.93 0.87

3. We conduct extensive ablation studies and analyses, such
as investigating the importance of critique learning for re-
ward models and the sensitivity to hyperparameters. Addi-
tionally, we identify several experimental phenomena that
challenge mainstream perspectives, such as the observation
that small-scale MLLMs struggle to perform effective self-
improvement. Due to space constraints, experimental setups
and additional �ndings are provided in Appendix G.

5.1. Evaluation of MM-RLHF and MM-DPO

Figures 1 and 5 illustrate the alignment performance of
LLaVA-OV-7B and InternVL-1B using our dataset and
alignment algorithm, where the scores for each evaluation
dimension are averaged across their respective benchmarks.
We also conduct experiments on LLaVA-OV-0.5B, with de-
tailed benchmark results provided in Appendix Table 8 (for
understanding tasks) and Table 9 (for safety tasks).

Signi�cant improvements in conversational ability and
safety. The alignment process of LLaVA-OV-7B leads to
substantial improvements in these two aspects without re-
quiring hyperparameter tuning. The average improvement
in conversational benchmarks exceeds 15%, while unsafe
behaviors are reduced by 65%. Additionally, in WildsVision,
the win rate increases by 144%. This suggests that existing
MLLMs lack explicit optimization for these dimensions,
and our dataset effectively �lls this gap.

Broad enhancements in hallucination, mathematical rea-
soning, multi-image, and video understanding. The
aligned models also exhibit notable improvements in these
areas. Interestingly, despite the lack of dedicated multi-
image data in our dataset, the model's performance in multi-
image tasks improves signi�cantly. This indicates that the di-
versity of our alignment data enhances generalization across
multiple dimensions.

Model-speci�c preferences for data and hyperparam-
eter selection. Different models exhibit varying perfor-
mance trends during alignment, with distinct preferences
for hyperparameter settings across different benchmarks.
For instance, in our training of InternVL-1B, we found that
excluding the SFT loss led to better results. Additionally,
while InternVL-1B demonstrates signi�cant improvements
in general knowledge tasks, its relative enhancement in OCR
tasks is less pronounced compared to the LLaVA-OV se-
ries. These differences largely stem from variations in the
models' pretraining datasets and strategies, necessitating
tailored hyperparameter adjustments for optimal alignment.

Limited gains in high-resolution benchmarks.The model
shows no signi�cant improvement on high-resolution bench-
marks, likely because our dataset contains relatively few
ultra-high-resolution images. Additionally, our �ltering
strategy is based on image similarity rather than resolution,
meaning the alignment process does not explicitly optimize
for high-resolution tasks. As a result, performance gains in
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this area remain limited.

Ablation studies and sensitivity analysis.To further vali-
date the effectiveness of our approach, we provide detailed
ablation studies in the appendix, analyzing the impact of
different alignment parameters and the improvements intro-
duced by our dataset and MM-DPO.

5.2. Evaluation of MM-RLHF-Reward

In this section, we evaluate the effectiveness of MM-RLHF-
Reward and highlight several noteworthy experimental ob-
servations. The results are presented in Table 2 and Table 3.

Existing reward models exhibit signi�cant over�tting.
As shown in Table 2, LLaVA-Critic's performance on
MM-RLHF-RewardBench is suboptimal, with a consid-
erable gap compared to GPT-4o. This can likely be at-
tributed to the over�tting of existing reward models to their
training data, which predominantly consists of conversa-
tional datasets and real-world images. Consequently, while
LLaVA-Critic demonstrates notable improvements over its
baseline, LLaVA-OV-7B5, its performance in other cate-
gories, such as MCQ, remains limited.

Closed-source models consistently deliver competitive
performance. Across both Table 2 and Table 3, closed-
source models such as GPT-4o demonstrate superior gener-
alization capabilities compared to open-source alternatives,
even those with signi�cantly larger parameter sizes. This
observation underscores the robustness of closed-source
approaches in handling diverse multimodal tasks and main-
taining high performance across various metrics.

MM-RLHF-Reward establishes a new standard for open-
source models. In both benchmarks, MM-RLHF-Reward
achieves results comparable to or exceeding GPT-4o, while
signi�cantly outperforming most open-source models, such
as Qwen2-VL-72B-Instruct. Notably, on our custom bench-
mark, MM-RLHF-Reward demonstrates a substantial lead
over GPT-4o, further justifying its selection as the reward
signal for training algorithms. Its robust performance across
diverse metrics highlights its effectiveness and adaptability.

Importance of effective critics in reward modeling. The
results in Table 2 highlight the critical role of effective crit-
ics in reward modeling. Training the reward head directly on
pairwise datasets yields an ACC+ of around 50%. By incor-
porating human annotations as learning targets—enabling
the model to �rst learn evaluation reasoning before scor-
ing—ACC+ consistently improves by 5%. However, human
annotations alone may not suf�ce as optimal training targets

5Both models use identical prompts for tasks such as captioning
and long-form dialogue.

Table 3.Performance comparison of our reward model
(MM-RLHF-Reward) with existing open-source and private
MLLMs. MM-RLHF-Reward-7B outperforms existing 72B open-
source MLLMs and several competitive closed-source models.

Model General Hallucination Reasoning Avg

VITA-1.5 (Fu et al., 2025) 18.55 8.93 22.11 16.48
SliME-8B (Zhang et al., 2024c) 7.23 27.09 18.6 19.04
deepseek-vl2 (Wu et al., 2024b) 29.70 23.80 50.90 34.80
Phi-3.5-vision-instruct (Abdin et al., 2024) 28.00 22.40 56.60 35.67
llava-onevision-qwen2-7b-ov (Li et al., 2024c) 32.20 20.10 57.10 36.47
Molmo-7B-D-0924 (Deitke et al., 2024) 31.10 31.80 56.20 39.70
Pixtral-12B-2409 (Agrawal et al., 2024) 35.60 25.90 59.90 40.47
Qwen2-VL-72B-Instruct (Wang et al., 2024a) 38.10 32.80 58.00 42.97
NVLM-D-72B (Dai et al., 2024) 38.90 31.60 62.00 44.17
InternVL2-26B (Chen et al., 2024c) 39.30 36.90 60.80 45.67

Private models
GPT-4o-mini (2024-07-18) 41.70 34.50 58.20 44.80
Claude-3.5-Sonnet (2024-06-22) 43.40 55.00 62.30 53.57
GPT-4o (2024-08-06) 49.10 67.60 70.50 62.40
Gemini-1.5-Pro (2024-09-24) 50.80 72.50 64.20 62.50

Ours
MM-RLHF-Reward-7B 45.04 50.45 57.55 50.15

due to their brevity or conversational style. To address this,
we enrich human annotations using GPT-4o, signi�cantly
enhancing reward model training quality and achieving a
17% improvement in ACC+ over the baseline. Notably,
when human annotations are directly used as critics during
evaluation (i.e., scoring is based on human-provided evalua-
tions rather than model-generated critiques), both ACC and
ACC+ reach approximately 90%, underscoring the pivotal
role of critique quality in reward model effectiveness.

Multiple sampling of critiques does not yield perfor-
mance gains. While prior research in LLMs suggests that
sampling multiple critiques and averaging their scores can
improve performance (Yu et al., 2024d), our experiments
show that this approach leads to performance degradation
when applied to our model. This is because lowering the
sampling temperature occasionally produces inaccurate cri-
tiques. Since our model, aligned with human annotations,
already generates reasonably accurate critiques, the addi-
tional sampling process is not only time-consuming but also
counterproductive, negatively impacting performance.

Table 4.Comparison of DPO baselines, where all models are
trained on the MM-RLHF training dataset.

Method LLaVA-Wild OCRBench DocVQA MathVista MMHal
LLaVA-Ov-7B 90.70 62.30 84.34 60.10 3.22

DPO 95.20 66.30 85.72 60.90 3.88
beta-DPO 94.40 66.50 85.44 60.00 3.44
SimPO 93.00 64.50 84.50 59.10 3.30

LLaVA-Critic 97.90 64.20 84.31 58.74 3.95
MIA-DPO 95.00 66.50 85.60 60.00 3.80

MPO 95.30 66.20 85.88 61.10 3.72
MM-DPO 97.90 69.30 86.11 61.60 4.08

5.3. Comparison of DPO Baselines and Other
Alignment Datasets

We compared several baselines including DPO (Amini et al.,
2024), LLaVA-Critic (Xiong et al., 2024), beta-DPO (Wu
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Table 5.Comparison of preference datasets, where all models
are trained using the DPO algorithm.

Dataset LLaVA-Wild OCRBench DocVQA MathVista MMHal
No Alignment 90.70 62.30 84.34 60.10 3.22
LLava-RLHF 94.20 61.10 84.00 58.20 3.38
VL Feedback 93.60 64.10 84.72 58.70 3.03

RLAIF 92.30 64.00 84.44 60.00 3.18
LLaVA-Critic 94.70 62.50 83.40 59.50 3.44

MPO-Data 93.20 60.80 82.30 63.40 3.48
MM-RLHF 97.90 69.30 86.11 61.60 4.08

et al., 2024a), SIMPO (Meng et al., 2024), MIA-DPO (Liu
et al., 2024b), MPO (Wang et al., 2024b), and others. All
methods underwent grid search to select the best results, as
shown in Table 4.

First, the beta-DPO loss function for pure text domains is
somewhat similar to our idea, as it adjusts the� parameter
for samples. However, directly applying it to the MM-
RLHF dataset does not yield good results. SIMPO is highly
sensitive to hyperparameters. Despite our extensive tuning,
we did not observe signi�cant improvements in performance,
and it even became detrimental.

LLaVA-Critic is essentially a multi-stage DPO. We selected
a three-stage DPO similar to the one in the original paper,
constantly generating results with the base model, �ltering
with our own reward model, and forming new DPO pairs.
After three stages of DPO, the model showed some improve-
ment on simpler benchmarks like LLaVA-Wild and MMHal.
However, performance dropped on MathVista and OCR-
Bench. In fact, we also analyzed this phenomenon in Figure
12 of the original paper. For smaller models, the quality of
self-generated responses is limited by the model's capability,
so for challenging tasks, it is likely unable to sample the
correct results, leading to negative optimization.

Next, MIA-DPO was designed for multi-image tasks and
performed poorly on single-image tasks, which is consis-
tent with the observations in the original paper. Finally,
there is the recent work MPO, which combines DPO with
SFT loss and adds a Quality Loss. This loss intuitively
helps the model understand the absolute quality of individ-
ual responses, contributing somewhat to performance but
not as signi�cantly as the performance gains from directly
adjusting� in MM-DPO.

We also compared the results of training with DPO across
multiple datasets, which is shown in Table 5. The com-
pared datasets include LLava-RLHF (Sun et al., 2023b),
VL Feedback (Li et al., 2024e), RLAIF (Yu et al., 2024b),
LLaVA-Critic (Xiong et al., 2024), and MPO-Data (Wang
et al., 2024b). For LLaVA-Critic data, we constructed a
DPO pair for training by scoring each instruction and asso-
ciating it with different responses according to annotations.
Its data scale is large, but most of the data comes from exist-
ing datasets, so it does not show signi�cant improvements

in OCR, mathematical reasoning, and other domains. More-
over, due to the quality limitations of existing datasets, its
improvement in dialogue and hallucination is far from MM-
RLHF. The latest comparison with MPO focuses more on
mathematical reasoning. Most of the data is related to math-
ematical reasoning, so it slightly outperforms MM-RLHF
in this aspect but falls far behind in terms of diversity.

6. Conclusion and Future Work

In this work, we introduceMM-RLHF , a high-quality, �ne-
grained dataset speci�cally designed to advance the align-
ment of MLLMs. Unlike prior works that focus on speci�c
tasks, our dataset and alignment approach aim to holisti-
cally improve performance across diverse dimensions. With
preliminary improvements to reward modeling and optimiza-
tion algorithms, we observe signi�cant and consistent gains
across almost all evaluation benchmarks, underscoring the
potential of comprehensive alignment strategies.

Looking ahead, we see great opportunities to further unlock
the value of our dataset. Its rich annotation granularity, such
as per-dimension scores and ranking rationales, remains
underutilized in current alignment algorithms. Future work
will focus on leveraging this granularity with advanced op-
timization techniques, integrating high-resolution data to
address limitations in speci�c benchmarks, and scaling the
dataset ef�ciently using semi-automated strategies. We be-
lieve these efforts will not only push MLLM alignment to
new heights but also set a foundation for broader, more
generalizable multimodal learning frameworks.

Impact Statement

This work advances the alignment of MLLM with human
preferences, aiming to enhance their reliability, safety, and
performance across diverse applications. By introducing
novel methods for human preference alignment, our re-
search contributes to the ethical development of MLLMs,
ensuring they better align with human values and societal
norms. The societal implications of this work are signif-
icant. Improved alignment can foster greater trust in AI
systems by reducing risks associated with unsafe, biased, or
unreliable outputs. These advancements pave the way for
the responsible adoption of AI technologies, enabling their
broader and more bene�cial integration into society.
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————Appendix————

A. Related Work

Multimodal large language modelshave seen remarkable progress in recent years, with signi�cant advancements in
both performance and capabilities. Leveraging cutting-edge LLMs such as GPTs (OpenAI., 2023; Brown et al., 2020),
LLaMA (Touvron et al., 2023a;b), Alpaca (Taori et al., 2023), Vicuna (Chiang et al., 2023), and Mistral (Jiang et al.,
2023), MLLMs are increasingly demonstrating enhanced multimodal capabilities, especially through end-to-end training
approaches. These advancements have been crucial in enabling models to handle a range of multimodal tasks, including
image-text alignment, reasoning, and instruction following, while addressing challenges related to data fusion across different
modalities. Recent open-source MLLMs such as Otter (Li et al., 2023c), mPLUG-Owl (Ye et al., 2023), LLaVA (Liu
et al., 2023b), Qwen-VL (Bai et al., 2023a), Cambrian-1 (Tong et al., 2024), Mini-Gemini (Li et al., 2024g), MiniCPM-V
2.5 (Hu et al., 2024a), DeepSeek-VL (Lu et al., 2024a), SliME (Zhang et al., 2024c) and VITA (Fu et al., 2024b; 2025) have
contributed to solving some of the most fundamental multimodal problems, such as improving vision-language alignment,
reasoning, and following instructions. These models focus on enhancing multimodal understanding by integrating vision with
language, allowing for more nuanced and context-aware interactions. Some of the most notable open-source models, such as
InternLM-XComposer-2.5 (Zhang et al., 2023) and InternVL-2 (Chen et al., 2023), have exhibited impressive progress in
multimodal understanding, closely competing with proprietary models across a range of multimodal benchmarks. However,
despite these achievements, there is still a noticeable gap in security and alignment when compared to closed-source models.
As highlighted by recent studies (Zhang et al., 2024e), most open-source MLLMs have not undergone rigorous, professional
alignment processes, which has hindered their ability to effectively align with human preferences. This gap in alignment
remains one of the key challenges for open-source models, and improving model safety and alignment to human values will
be a crucial area of future research.

MLLM Alignment (Yu et al., 2025). With the rapid development of MLLMs, various alignment algorithms have emerged,
showcasing different application scenarios and optimization goals. For instance, in the image domain, Fact-RLHF (Sun et al.,
2023b) is the �rst multimodal RLHF algorithm, and more recently, LLAVA-CRITIC (Xiong et al., 2024) has demonstrated
strong potential with an iterative DPO strategy. These algorithms have shown signi�cant impact on reducing hallucinations
and improving conversational capabilities (Zhang et al., 2024d; Yu et al., 2024b; Zhang et al., 2025), but they have not led to
notable improvements in general capabilities. There have also been some preliminary explorations in the multi-image and
video domains, such as MIA-DPO and PPLLaVA. However, alignment in image and video domains is still fragmented, with
little research done under a uni�ed framework. We believe that the main limitation hindering the development of current
alignment algorithms is the lack of a high-quality, multimodal alignment dataset. Few existing manually annotated MLLM
alignment datasets are available, and most contain fewer than 10K samples (Sun et al., 2023b; Yu et al., 2024b;a), which
is signi�cantly smaller than large-scale alignment datasets in the LLM �eld. This small dataset size makes it dif�cult to
cover multiple modalities and diverse task types. Furthermore, machine-annotated data faces challenges related to quality
assurance. Therefore, in this paper, we have invested considerable effort into constructing a dataset, MM-RLHF, which
surpasses existing works in both scale and annotation quality.

MLLM Evaluation. With the development of MLLMs, a number of benchmarks have been built (Duan et al., 2024; Fu
et al., 2024c). For instance, MME (Fu et al., 2023) constructs a comprehensive evaluation benchmark that includes a total
of 14 perception and cognition tasks. All QA pairs in MME are manually designed to avoid data leakage, and the binary
choice format makes it easy to quantify. MMBench (Liu et al., 2023c) contains over3; 000 multiple-choice questions
covering20 different ability dimensions, such as object localization and social reasoning. It introduces GPT-4-based
choice matching to address the MLLM's lack of instruction-following capability and a novel circular evaluation strategy to
improve the evaluation robustness. Seed-Bench (Li et al., 2023b) is similar to MME and MMBench but consists of19; 000
multiple-choice questions. The larger sample size allows it to cover more ability aspects and achieve more robust results.
SEED-Bench-2 (Li et al., 2023a) expands the dataset size to24; 371QA pairs, encompassing27 evaluation dimensions
and further supporting the evaluation of image generation. MMT-Bench (Ying et al., 2024) scales up the dataset even
further, including31; 325QA pairs from various scenarios, such as autonomous driving and embodied AI. It encompasses
evaluations of model capabilities such as visual recognition, localization, reasoning, and planning. Additionally, other
benchmarks focus on real-world usage scenarios (Fu et al., 2024d; Lu et al., 2024c; Bitton et al., 2023) and reasoning
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