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Abstract

Large vision-language models (LVLMs) often fail to align
with human preferences, leading to issues like generating
misleading content without proper visual context (also known
as hallucination). A promising solution to this problem is us-
ing human-preference alignment techniques, such as best-of-
n sampling and reinforcement learning. However, these tech-
niques face the difficulty arising from the scarcity of visual
preference data, which is required to train a visual reward
model (VRM). In this work, we continue the line of research.
We present a Robust Visual Reward Model (RoVRM) which
improves human-preference alignment for LVLMs. RoVRM
leverages auxiliary textual preference data through a three-
phase progressive training and optimal transport-based pref-
erence data selection to effectively mitigate the scarcity of
visual preference data. We experiment with RoOVRM on the
commonly used vision-language tasks based on the LLaVA-
1.5-7B and -13B models. Experimental results demonstrate
that RoOVRM consistently outperforms traditional VRM:s.
Furthermore, our three-phase progressive training and pref-
erence data selection approaches can yield consistent perfor-
mance gains over ranking-based alignment techniques, such
as direct preference optimization.

Introduction

Large language models (LLMs) have demonstrated remark-
able capabilities across various natural language process-
ing tasks (Stiennon et al. 2020; Ouyang et al. 2022). Re-
cent works tend to fine-tune LLMs using specialized vi-
sual instruction tuning datasets, leading to the emergence of
powerful large vision-language models (LVLMs) (Liu et al.
2024a; Lin et al. 2024; Huang et al. 2024b). Despite these
advancements, current LVLMs are not well-aligned with hu-
man preferences. A glaring problem is that LVLMs some-
times generate misleading content without anchoring to the
given visual context (also known as hallucination) (Leng
et al. 2024). For instance, as illustrated in Figure 1, an LVLM
incorrectly identifies a “pitaya” in an image of mangosteens
due to their visual similarity.
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Two predominant research approaches aim to address this
problem. The first approach focuses on generating richer
and higher-quality visual instruction data (Li et al. 2023b;
Liu et al. 2023, 2024c), i.e., annotating rich instruction sam-
ples on images of mangosteens to enable LVLMs to identify
them more accurately. In contrast, a more sophisticated ap-
proach is applying human-preference alignment techniques,
including best-of-n sampling and reinforcement learning
(RL), which can efficiently align models with human prefer-
ences on various tasks by optimizing against a reward model
without instruction samples. However, applying these align-
ment techniques to LVLMs is not a low-hanging fruit. It typ-
ically faces the difficulty of training a visual reward model
(VRM) due to the scarcity of high-quality visual preference
data (Sun et al. 2023; Yu et al. 2024a; Zhou et al. 2024b).

This work is motivated by a simple idea: human pref-
erences are well-captured by text and these preferences
can be transferred across different modalities. In this way,
we can make use of rich, high-quality textual preference
data in training VRMs. Building on this idea, we present
a Robust Visual Reward Model (RoVRM), which can im-
prove human-preference alignment for LVLMs in two ways.
For one, we propose a three-phase progressive training ap-
proach to gradually bridge the task and modality gaps be-
tween textual and visual preference data, which can take
full advantage of auxiliary textual preference data to im-
prove the robustness of RoOVRM. Furthermore, considering
the conflict in preferences (Coste et al. 2023; Eisenstein et al.
2023), leveraging textual preference data poses a problem:
not all data is beneficial for training the RoOVRM. Address-
ing this problem, we propose an optimal transport-based
preference data selection approach. This approach can se-
lect textual preference data that better aligns with the vision-
language task preferences, thereby improving the efficacy of
the RoOVRM training process. To the best of our knowledge,
we are the first to investigate the integration of preferences
from different modalities.

Through experiments on commonly used vision-language
tasks, we aim to evaluate RoVRM using two human-
preference alignment techniques: best-of-n sampling and
RL. Our results demonstrate improved performance in each
task when aligned with reward signals from RoVRM. No-
tably, when performing best-of-n sampling on the LLaVA-



1.5-7B model, RoVRM outperforms a traditional VRM by
8.4 points on the LLaVA-Bench benchmark.

As another bonus, our three-phase progressive training
and preference data selection can be seamlessly integrated
with arbitrary ranking-based alignment techniques, such as
direct preference optimization (DPO) (Rafailov et al. 2024),
SimPO (Meng, Xia, and Chen 2024), and ORPO (Hong,
Lee, and Thorne 2024). For instance, on the LLaVA-1.5-13B
model, integrating with DPO results in an additional im-
provement of 17.82 points on the MM-Instruct benchmark
compared to standard DPO.

Our code is publicly available®. This version summarizes
the key experimental setup and results, with further details
provided in our arXiv submission’.

Related Work

In recent years, LVLMs have served as the primary back-
bone for vision-language tasks (Achiam et al. 2023; Al
2023). Aligning LVLMs with human preferences is effective
in gaining more performance (Liu et al. 2023; Wang et al.
2024b). However, in this process, they only used visual pref-
erence data and never leveraged the textual preference data
that exists in abundance.

Large Vision-Language Models Inspired by the success
of LLMs such as GPTs (Brown et al. 2020; Ouyang et al.
2022) and LLaMA (Touvron et al. 2023), researchers have
been aiming to develop LVLMs. The basic idea is to aug-
ment LLMs with visual inputs (e.g., images) to provide
an interface for vision-language tasks (Alayrac et al. 2022;
Awadalla et al. 2023; Aiello et al. 2023). Recent works on
LVLMs could be classified into two groups. The first group
focused on integrating visual information into LLMs (Chen
et al. 2023; Liu et al. 2024a; Wang et al. 2024c). For exam-
ple, Liu et al. (2024b) constructed a large amount of visual
instruction data to pre-train the visual projection layer. Lin
et al. (2024) further investigated the effective pre-training
design options to augment LVLMs. The second group that
has attracted attention commonly aimed to improve the con-
sistency of output text and visual content, particularly ad-
dressing the problem of hallucination (Zhou et al. 2023;
Leng et al. 2024; Gunjal, Yin, and Bas 2024; Huang et al.
2024a; Favero et al. 2024). This work belongs to the latter,
where our RoOVRM can improve the consistency of output
text and visual content.

Human-Preference Alignment for LVLMs Reinforce-
ment learning with human feedback (RLHF) has been shown
to effectively align LLM behaviors with human prefer-
ences (Stiennon et al. 2020; Ouyang et al. 2022). Several
works have improved RLHF by using fine-grained reward
models (Wu et al. 2024), reward model ensembles (Coste
et al. 2023), and direct preference optimization objectives
(Rafailov et al. 2024). Additionally, some works focused on
generating large, high-quality textual preference datasets to
further improve RLHF in LLMs (Cui et al. 2023; Dubois
et al. 2024). In the context of LVLMs, existing works mainly
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focused on the adaptation of the human-preference align-
ment techniques (Sun et al. 2023; Li et al. 2023a; Yu et al.
2024a). A significant challenge here was the scarcity of vi-
sual preference data. To address this challenge, many efforts
have been made to create visual preference data, including
collecting human preferences (Sun et al. 2023), and acquir-
ing preferences from a strong LVLM (Li et al. 2023a; Yu
et al. 2024b). Different from these works, we investigate
how to leverage rich, high-quality textual preference data to
offset the scarcity of visual preference data.

Our Method

We first review the preliminaries of the human-preference
alignment training for language models. Then, we present
the three-phase progressive training for use with ROVRM.
Last, we introduce the proposed preference data selection.

Preliminaries

Reinforcement Learning with Human Feedback RLHF
is a key technique for aligning language models with human
preferences. It typically consists of two main steps: 1) train-
ing a reward model (also known as preference model) from
preference data, and 2) using an RL algorithm, such as PPO
(Schulman et al. 2017), to maximize the reward. In step 1,
we usually employ the Bradley-Terry model (Bradley and
Terry 1952). When the preference data existed in a compar-
ison pair, the loss function can be written as:

Lreward = 710g(0(7’9(l‘3yw) - T0(I7yl))) (1)
where o is the Sigmoid activation function, r(-) is a reward
model and @ is its parameters. y,, and y; are two different
responses for the human prompt z, where y,, is more pre-
ferred than y;. When dealing with multiple responses more
than two, we can induce L, ¢y qrqg based on the more general
Plackett-Luce model (Luce 2005):

- exp (o, 1))

Lreward = — Z log k PO Y

i=1 Zj:z' exp (ro(z, y;))
where k denotes the number of responses. These responses
are ranked by the defined preferences: (y1 > --- > yil|x),
where y; is the best while y;, is the worst. In step 2, the
reward signals produced by the trained reward model are in-
strumental in adjusting the parameters of the language mod-
els. Thus, the alignment of the language model is signifi-
cantly influenced by how well the reward model is trained.

2

Direct Preference Optimization To bypass the complex
RL procedure, Rafailov et al. (2024) proposed the direct
preference optimization (DPO) which employs a reward
model training objective to maximize rewards:
Do’ (yw‘x> )
Dbe: . (Yywlz)
Por (Y|
_ Blog( L Wlz)
pe;,d(yl|5€)
where 6" denotes the parameters of the language model, 8/,
denotes the parameters of the language model trained via
supervised fine-tuning, 3 denotes a scaling factor, and o de-
notes a Sigmoid function.

Lppo = — logo[Blog(
3)
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Figure 1: We propose three-phase progressive training and optimal transport-based preference data selection approaches to train
RoVRM. For three-phase progressive training, we take full advantage of textual preference data to compensate for the limited
availability of visual preference data. Using this preference selection, samples for phases one and two are selected based on
those selected for the subsequent phase. Green v'denotes a selected sample, while red X denotes one that is not selected.

Best-of-n Sampling Best-of-n sampling (also known as
re-ranking) refers to reordering or reevaluating a set of can-
didate responses sampled from a trained model (Lee, Auli,
and Ranzato 2021; Fernandes et al. 2022). Given a set ) of
n candidate responses for x, we can also use the best-of-n
sampling approach to maximize the reward, thereby aligning
the response with human preferences. Typically, we employ
the reward model to score the candidate responses and select
a final response that has a maximum reward score.

We can notice that when applying these alignment train-
ing methods to LVLMs, sufficient visual preference data is
required either to train a VRM or to perform DPO training.
However, in practice, visual preference data is often insuffi-
cient and expensive to acquire.

A Robust Visual Reward Model

We aim to provide a RoOVRM for human-preference align-
ment in LVLMs. The overview of training RoVRM is de-
picted in Figure 1. As shown in the figure, we present a
three-phase progressive training and preference data selec-
tion to improve the robustness of ROVRM.

Three-Phase Progressive Training In response to the
scarcity of visual preference data, we propose a three-phase
progressive training approach that effectively solves this is-
sue. Phase one is to conduct preference pre-training using
a large amount of textual preference data. This phase can
help our RoOVRM to pre-learn general preferences. Ideally,
the RoOVRM would inherit these general preferences when
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processing vision-language tasks. However, this faces two
serious obstacles: task gap and modality gap, which prevent
these preferences from being directly applicable to vision-
language tasks (see experiments in Figure 4). Here, we de-
sign phases two and three to bridge these gaps progres-
sively. Phase two is to bridge the task gap by constructing
vision-language preference data based on image captions
and fine-tuning the RoOVRM. Specifically, we use image cap-
tions to replace the images for visual preference data, i.e.,
changing the human prompt z=[Instruction; Image]
tor=[Instruction; Image Caption]inEgs.1and?2.
Building on phase two, phase three is to bridge the modal-
ity gap by using the visual preference data to continue fine-
tuning the RoOVRM with a visual projector. Compared to
training a VRM directly with visual preference data, this
three-phase training process incurs additional time costs due
to an extra preference training session. However, it can lever-
age auxiliary textual preference data to improve robustness
and respond to the scarcity of visual preference data. Fur-
thermore, although pre-training followed by fine-tuning is
widely used in machine learning (Devlin et al. 2019; Liu
et al. 2019), our approach is the first to demonstrate the fea-
sibility of optimizing a VRM through this paradigm.

Preference Data Selection Not all preference data aligns
with the preferences used in subsequent phases, and con-
flicts may arise. Thus, during each training phase, we ex-
pect to employ samples that more closely align with the
preferences contained in the data for the next phase. To



achieve this, we propose an optimal transport-based pref-
erence data selection approach. We apply this approach to
perform preference data selection for phases one and two,
based on the preference data used in the next phase. For in-
stance, in phase one, following Xia et al. (2024)’s work, we
first extract gradient features for all samples in the textual
preference dataset Dy = {s!,s5,--- st }. Based on these
features, we compute the distance score between each sam-
ple in Dt and the image caption-based preference dataset
Dc = {s§,85, -+, 85} using optimal transport. The details
are described as follows.

Gradient Feature. Xia et al. (2024) construct gradient fea-
tures for each sample of general supervised fine-tuning data
to select the data that more effectively improves the specific
downstream task. Here, using these gradient features, we
conduct the preference data selection. Specifically, we firstly
use LoRA (Hu et al. 2022) to efficiently perform a warmup
reward model training with a small subset of preference data
Dwarmups Where Dwarmup 18 a subset extracted randomly
from Dt U D¢. Then, we extract the gradient features for
each preference sample in Dt and D¢ through the forward
and backpropagating on the warmed-up reward model:

g = RP(Vﬁreward(S; awarmup)) (4)

where g is the gradient feature of the preference sample s
and 0yarmup is the parameters of the warmed-up reward
model. RP(-) is a random projection (Xie, Li, and Xue
2017) that reduces the dimensionality of gradient features.
Optimal Transport-based Distance. Unlike the Xia et al.
(2024) who use the cosine similarity to compute sample dis-
tance scores, we use optimal transport (Villani et al. 2009),
endowed with the capability to compute the distance trans-
ferring an arbitrary data feature to a specific data feature
(Gurumoorthy, Jawanpuria, and Mishra 2021; Kang et al.
2024). Our motivation is to gather preference data for easy
integration into the next training phase. To reduce compu-
tational overhead, we select a representative subset Dgypc
from Dc. This subset approximates the distance computa-
tion for the entire dataset Dc when selecting samples from
Dr. We define the distance score of ¢-th sample in Dt by:

[Dsubc|

Z OT(g!, )

where ¢! and gj denote the gradient features for the pref-
erence samples s! and s5, respectively. OT(-) denotes the
function of computlng the transfer distance. Given gradi-
ent features g!, gj over a gradient space Z, the optimal
transport-based transfer distance can be defined as:

&)

o =
' |Dsubc\

min

Clz,2)dvy(z, 2
e (2,2") dy(z, 2")

OT(gf,g5) := (©6)

where C'(-) denotes a symmetric positive-definite cost func-
tion, and I'(g?, g5) denotes a collection of couplings between
two gradients g! and g¢¢. Here, we utilize Lo-norm as the
cost function and define the sum of the solved ~ as the dis-
tance score. A lower distance score indicates that the textual
preference sample has preferences more easily transferable
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to the vision-language task. Our implementation of optimal
transport solvers is done using Python Optimal Transport
(POT)*. While optimal transport distance has been used in
data selection before (Kang et al. 2024), this is the first ap-
plication to preference data selection.

To ensure that the ultimate goal of selecting preference
data is to transfer preferences from textual preference data to
vision-language tasks, we start by selecting image caption-
based preference data for phase two. Next, we choose the
textual preference data for phase one based on the preference
data selected in phase two.

Experiments
Experimental Setups
Datasets

* Textual Preference Dataset: We used UltraFeedback (Cui
et al. 2023), a large-scale, high-quality, and diversified
preference dataset, as our textual preference dataset. It
comprises 64k instructions, each with 4 responses, lead-
ing to over 340k comparison preference pairs.

* Image Caption-based Preference Dataset: We con-
structed an image caption-based preference dataset
to bridge the task gap. Specifically, we employed
GPT-40-mini to generate detailed image captions that
replace the visual content in our preference data. Note
that when the image is present in the COCO caption
dataset®, we used the human-annotated captions directly.

Visual Preference Dataset: We employed the visual pref-
erence dataset from RLAIF-V (Yu et al. 2024b), which
consists of about 83k comparison preference pairs. To
our knowledge, it is the largest scale open source pref-
erence dataset in computer vision.

* RL Training: We sampled 50k instructions from LLaVA-
Instruct-150K (Liu et al. 2024b) for training.

Settings For training RoVRM, we used the LLaVA-1.5-
7B model to initialize the visual reward model. The learn-
ing rates for the three-phase progressive training were set to
2e-5 for phase one, and le-6 for phases two and three. For
optimal transport-based preference data selection, we used
Sk samples to warm up the VRM, consisting of 2k samples
from the dataset to be selected and 3k samples from the tar-
get preference dataset. The representative subset size was
set to Sk samples. For best-of-n sampling and RL training,
we employed the LLaVA-1.5-7B as the initial model. In the
process of best-of-n sampling, we set the sampling size to 8.
We also tested other sampling sizes in Figure 5.

The datasets used in this work are as follows:

Evaluation We evaluated the RoVRM in two aspects:
trustworthiness, which denotes the level of hallucination,
and helpfulness, which reflects overall interaction capabil-
ity. Trustworthiness was evaluated using two benchmarks:
MMHal-Bench (Sun et al. 2023) and AMBER (Wang et al.
2023). GPT-4 was employed to evaluate the response-
level hallucination rate (HalRate) and informativeness score

%https://pythonot. github.io/index.html
Shttps://huggingface.co/datasets/Imms-1ab/COCO-
Caption2017



MMHalBench AMBER LLaVAW MMlns
Method #Param
Score t HalRate | Cover.1T HalRate| Score?  WinRate 1
Qwen-VL-Chat 10B 2.76 38.5 53.2 31.0 71.9 73.58
OmniLMM 12B 3.14 36.5 - - 72.7 -
MiniGemini 34B 3.08 38.5 - - 79.2 -
LLaVA-NeXT 34B 3.31 344 63.2 43.6 77.7 93.83
LURE 7B 1.64 60.4 - - 36.9 -
HA-DPO 7B 1.98 60.4 49.5 29.1 60.3 -
VCD 7B 2.12 54.2 51.5 39.0 65.8 42.56
Silkie 10B 3.19 32.3 56.0 28.4 73.2 63.64
LLaVA-RLHF 13B 2.02 62.5 52.0 39.2 61.5 74.24
Best-of-n Sampling
LLaVA-1.5-7B 7B 2.12 55.0 50.3 37.1 66.7 46.16
+VRM-Vanilla 7B 2.39 479 50.8 29.0 73.6 57.69
+RoVRM-Random 7B 2.52 43.8 51.7 26.9 77.2 58.49
+RoVRM 7B 2.68 40.6 53.2 23.9 82.0 61.91
LLaVA-1.5-13B 13B 2.30 53.8 50.6 37.2 75.6 50.00
+VRM-Vanilla 13B 241 51.0 51.4 26.6 84.0 73.08
+RoVRM-Random 13B 2.43 48.3 51.9 25.7 86.4 74.42
+RoVRM 13B 2.57 47.3 53.6 22.8 89.8 78.75
Reinforcement Learning
LLaVA-1.5-7B 7B 2.12 55.0 50.3 37.1 66.7 46.16
+VRM-Vanilla 7B 2.17 53.2 49.1 29.1 72.8 51.11
+RoVRM-Random 7B 2.21 50.8 48.7 24.3 74.2 54.35
+RoVRM 7B 2.36 48.9 48.2 234 78.3 58.69
LLaVA-1.5-13B 13B 2.30 53.8 50.6 37.2 75.6 50.00
+VRM-Vanilla 13B 2.49 50.0 41.1 23.2 78.2 52.63
+RoVRM-Random 13B 2.34 479 48.6 21.0 79.5 60.53
+RoVRM 13B 2.57 43.8 47.7 19.5 81.7 65.79

Table 1: Experimental results on different vision-language tasks. The best results for each group are in bold.

(Score) on the MMHalBench. We also provided the ob-
ject coverage (Cover.) and hallucination rate metrics for
AMBER. To assess helpfulness, we used two benchmarks:
MM-Instruct (Liu et al. 2024¢) and LLaVA-Bench (In-the-
Wild) (Liu et al. 2024b). GPT-4, following the settings
in lmms-evall was used to score responses in LLaVA-
Bench. For MM-Instruct, responses from LLaVA-1.5-13B
were used as a baseline, and we computed the win rate
(WinRate) as per Liu et al. (2024c).

Baselines Our baselines were the LLaVA-1.5-7B and -
13B models without human-preference alignment. We also
compared with other general LVLMs, including Qwen-VL-
Chat (Bai et al. 2023), OmniLMM (Hu et al. 2023), and
MiniGemini (Li et al. 2024). Furthermore, we compared
RoVRM with commonly used methods to solve the halluci-
nation, including LURE (Zhou et al. 2023), HA-DPO (Zhao
et al. 2023), VCD (Leng et al. 2024), Silkie (Li et al. 2023a),
and LLaVA-RLHF (Sun et al. 2023). The traditional VRM
training was also our baseline, where we optimized a VRM

Ihttps://github.com/EvolvingLMMs-Lab/lmms-eval
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only using our visual preference dataset (VRM-Vanilla). To
evaluate the effectiveness of optimal transport, we chose
RoVRM-Random as a baseline, where we randomly se-
lected samples during the preference data selection.

Experimental Results

Results of Best-of-n Sampling Table 1 summarizes the
performance of our RoOVRM on the best-of-n sampling.
On all vision-language tasks, RoOVRM consistently outper-
forms the VRM-Vanilla which does not use textual pref-
erence data. For instance, when using the LLaVA-1.5-7B
model, RoOVRM can outperform VRM-Vanilla by 8.4 points
on the LLaVA-Bench. We also observe this consistent phe-
nomenon on the LLaVA-1.5-13B model. Moreover, from
the results, we find that RoOVRM significantly reduces vi-
sual hallucinations, e.g., lowering the hallucination rate by
13.2 points in the LLaVA-1.5-7B model. We attribute this
improvement to the extensive use of textual preference data,
which improves VRM’s capacity to evaluate facticity. Inter-
estingly, we also find that RoOVRM enables the LLaVA-1.5
models to outperform stronger LVLMs, with the LLaVA-



w
Method AMBER LLaVA
Cover.T HalRate|  Score T

LLaVA-1.5-7B 50.3 37.1 66.7

Best-of-n Sampling

RoVRM 53.2 239 82.0
w/o PDS 52.4 25.1 80.6
w/o TPT-One 51.0 26.7 71.3
w/o TPT-Two 51.8 24.9 78.0

Reinforcement Learning

RoVRM 48.2 234 78.3
w/o PDS 46.2 32.2 75.2
w/o TPT-One 443 35.0 73.0
w/o TPT-Two 47.5 28.2 76.1

Table 2: The suffixes “-One” and “-Two” denote the removal
of phases one and two, respectively, in the three-phase pro-
gressive training approach. “w/o PDS” denotes that all data
is used for each training phase without employing prefer-
ence data selection. PDS: preference data selection; TPT:
three-phase progressive training.

1.5-7B model even surpassing the LLaVA-1.5-13B model on
most of the benchmarks, such as MMHalBench and LLaVA-
Bench. This finding shows a promising direction for achiev-
ing weak-to-strong generalization (Burns et al. 2023).

Results of Reinforcement Learning Compared to best-
of-n sampling, RL typically requires a more robust reward
model: The reward model not only evaluates responses as
“good” or “bad” but also provides an accuracy score margin
between the responses (Zhou et al. 2024a). From the results,
we find that RoVRM fulfills this requirement more effec-
tively than VRM-Vanilla, resulting in improved RL training
performance in LVLMs. For instance, in RL training on the
LLaVA-1.5-7B model, RoOVRM surpasses VRM-Vanilla by
7.58 points on MM-Instruct. This finding demonstrates that
RoVRM is robust and can deliver high-quality reward sig-
nals across various alignment techniques. Additionally, we
observe that RL training reduces hallucinations but slightly
decreases the “Cover.” metric, which is consistent with the
findings of Meng, Xia, and Chen (2024)’s work and DPO
training in Table 3. We conjecture that preference alignment
training may slightly hurt the instruction-following capabil-
ity of LVLMs (Wang et al. 2024a).

Furthermore, compared to RoVRM-Random, RoVRM
shows better performance across all benchmarks. This indi-
cates that optimal transport-based preference data selection
outperforms random selection. However, RoVRM-Random
also significantly improves performance over VRM-Vanilla.

Ablation Study

We present detailed ablation studies to investigate the effects
of three-phase progressive training and our preference data
selection approach. The experiments are conducted on the
LLaVA-1.5-7B model and the impacts of removing each ap-
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(b) Image Caption-based Preference Data

Figure 2: We train RoOVRM with varying amounts of tex-
tual and image caption preference data. Experiments are
conducted on the LLaVA-1.5-7B model using three differ-
ent seeds, and we report the average results along with their
standard deviation.

proach were thoroughly examined. Furthermore, we study
the impact of eliminating the distinct designs of phases one
and two. The results are summarized in Table 2. Through
the results, we can see that three-phase progressive training
significantly improves the performance of RoOVRM in both
best-of-n sampling and RL. Notably, removing phase one
leads to a substantial performance decline (e.g., a loss of
10.7 points on the LLaVA-Bench for best-of-n sampling),
highlighting the importance of textual preference data in
training ROVRM. Likewise, removing image caption-based
preference data also results in performance loss, indicating
the need to address the task gap. Additionally, we see that us-
ing the preference data selection can train a better RoOVRM.
It shows the effectiveness of using optimal transport to con-
duct preference data selection.

Analysis

Performance on Different Numbers of Selected Prefer-
ence Samples We investigate the impact of different num-
bers of selected preference samples using a three-phase pro-
gressive training with LLaVA-Bench and MM-Instruct. We
test sample sizes of 5k, 10k, 20k, and 40k, alongside 20k
image caption-based preference samples (Figure 2(a)). Our
results show that using 20k textual preference samples yields
strong performance, even outperforming the 40k sample sce-
nario. Consequently, we choose 20k textual preference sam-
ples for phase one to train our RoOVRM. Similarly, we evalu-
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Figure 3: Performance during RL training is evaluated on the

MMHalBench (left) and LLaVA-Bench (right) benchmarks
using three different seeds.
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Figure 4: Performance of best-of-n sampling (BoS) and RL
on MMHalBench (left) and LLaVA-Bench (right) across
three different seeds.

ate sample sizes of 5k, 10k, 20k, and 40k for phase two, i.e.,
image caption-based preference data selection (Figure 2(b)),
identifying 10k as the optimal sample size.

Comparison of RL Training Process on Different VRMs
Figure 3 illustrates the performance of the LLaVA-1.5-
7B model comparing RL training with VRM-Vanilla and
RoVRM. The results show that RL training with RoOVRM
improves performance more effectively than VRM-Vanilla.
Additionally, we observe that RoOVRM can lead to a more
stable RL training process by mitigating reward over-
optimization (Gao, Schulman, and Hilton 2023).

Enabling Few-Shot Learning in VRM Figure 4 shows
RoVRM’s performance with different numbers of visual
preference data. Note that when the visual preference dataset
is small (i.e., 1k, 5k, and 10k), we use the entire dataset with-
out image caption-based preference data selection. From the
results, we find that pre-training with textual preference data
enables effective few-shot learning in VRM (Wang et al.
2020). Based on these textual preferences, the reward model
quickly generalizes to vision-language tasks using only a
few visual preference samples. Notably, using only 5k visual
preference samples can achieve a performance comparable
to that of VRM-Vanilla trained with 83k samples. However,
while it is feasible to directly use a textual reward model
(i.e., using Ok visual preference data) to optimize LVLM,
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w
Method AMBER LLaVA
Cover.T HalRate|  Score T
LLaVA-1.5-7B 50.3 37.1 66.7
+DPO 49.6 22.2 80.9
+RoDPO 50.7 17.6 83.7
LLaVA-1.5-13B 50.6 37.2 75.6
+DPO 49.2 15.7 84.2
+RoDPO 49.8 12.8 86.4

Table 3: Performance on the direct preference optimization.
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Figure 5: Performance of best-of-n sampling (BoS) with dif-
ferent sampling sizes: 4, 8, 16, and 32.

the results are worse, particularly during RL training.

Integration with Direct Preference Optimisation De-
spite bypassing reward model training, direct preference op-
timization (DPO) still requires preference data to train the
language model with a ranking-loss function. Consequently,
DPO also faces the challenge of limited visual preference
data in LVLMs. To address this, we propose a Robust DPO
(namely RoDPO) by integrating our three-phase progressive
training and preference data selection. Our experiments on
the LLaVA-1.5-7B and -13B models show that RoDPO per-
forms better than DPO, as summarized in Table 3.

Performance on Different Sampling Sizes We evaluate
the performance of best-of-n sampling with varying sample
sizes using the LLaVA-1.5-7B model. Figure 5 presents a
comparison of RoOVRM and VRM-Vanilla on the MMHal-
Bench (left) and LLaVA-Bench (right) benchmarks. The
experimental results indicate that RoOVRM consistently en-
hances performance across different sampling sizes, high-
lighting its improved robustness.

Conclusion

In this paper, we focus on improving the human-preference
alignment for LVLMs. We present a Robust Visual Reward
Model (namely RoOVRM) via three-phase progressive train-
ing and preference data selection approaches. Our extensive
experiments demonstrate that our RoOVRM significantly out-
performs the traditional visual reward model.
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