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Abstract

Large Vision-Language Models (LVLMs) have made substantial progress by in-
tegrating pre-trained large language models (LLMs) and vision models through
instruction tuning. Despite these advancements, LVLMs often exhibit the hallu-
cination phenomenon, where generated text responses appear linguistically plau-
sible but contradict the input image, indicating a misalignment between image
and text pairs. This misalignment arises because the model tends to prioritize tex-
tual information over visual input, even when both the language model and visual
representations are of high quality. Existing methods leverage additional models
or human annotations to curate preference data and enhance modality alignment
through preference optimization. These approaches are resource-intensive and
may not effectively reflect the target LVL.M’s preferences, making the curated pref-
erences easily distinguishable. Our work addresses these challenges by proposing
the Calibrated Self-Rewarding (CSR) approach, which enables the model to self-
improve by iteratively generating candidate responses, evaluating the reward for
each response, and curating preference data for fine-tuning. In the reward mod-
eling, we employ a step-wise strategy and incorporate visual constraints into the
self-rewarding process to place greater emphasis on visual input. Empirical re-
sults demonstrate that CSR significantly enhances performance and reduces hal-
lucinations across ten benchmarks and tasks, achieving substantial improvements
over existing methods by 7.62%. Our empirical results are further supported by
rigorous theoretical analysis, under mild assumptions, verifying the effectiveness
of introducing visual constraints into the self-rewarding paradigm. Additionally,
CSR shows compatibility with different vision-language models and the ability to
incrementally improve performance through iterative fine-tuning. Our data and
code are available at https://github.com/Yi1yangZhou/CSK.

1 Introduction

Large Vision-Language Models (LVLMs) [1-4] have achieved significant success by incorporating
pre-trained large language models (LLMs) and vision models through instruction tuning. However,
these LVLMs suffer from the hallucination phenomenon [H], which generates text responses that
are linguistically plausible but contradict the visual information in the accompanying image. For
instance, the description generated by LVLMs may include visual elements that are not depicted in
the image. This issue can also occur when the LLM is highly factual and the visual backbone is
capable of producing sufficiently high-quality representations. As indicated in Cui et al. [B], Guan
et al. [[], the potential reason for this lies in the misalignment problem between image and text
modalities in LVLMs, which causes the model to prioritize the text knowledge present in the training
language data while ignoring the actual visual input information.
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Several works have been proposed to enhance modality alignment capability in LVLMs through pref-
erence fine-tuning techniques, such as reinforcement learning from human feedback (RLHF) [K] and
direct preference optimization (DPO) [, TU]. However, these methods often either introduce addi-
tional models, such as GPT-4, or depend on human annotation to generate preference data. This
data generation process is not only resource-intensive but, more critically, fails to capture the inher-
ent preferences of the target LVLM. Consequently, the target LVLM may easily discern preferences
from such curated data, making them less effective (detailed analysis provided in Appendix B=4).
Recently, self-rewarding approaches have emerged, utilizing a single LLM for both response genera-
tion and preference modeling, showing promising results in LLM alignment [T, T2]. Unlike LLMs,
LVLMs face modality misalignment issues in both response generation and preference modeling
stages, potentially resulting in self-generated preferences overlooking visual input information. Di-
rectly applying these self-rewarding approaches to LVLMs is not capable of addressing the modality
alignment problem and redirecting LVLM’s attention towards emphasizing input image information.

To tackle these challenges, our work introduces the Calibrated Self-Rewarding (CSR) approach,
aimed at calibrating the self-rewarding paradigm by incorporating visual constraints into the pref-
erence modeling process. Specifically, we train the target LVLM using an iterative preference
optimization framework that continuously generates preferences and optimizes the target LVLM
over multiple iterations. Starting with a seed model, each iteration employs sentence-level beam
search [I3, T4] to produce fine-grained candidate responses for each image and text prompt. During
the beam search, for each generated sentence, we first utilize the language decoder to establish an
initial reward (i.e., sentence-level cumulative probabilities). Subsequently, we calibrate this initial
reward by incorporating an image-response relevance score, resulting in the calibrated reward score.
These calibrated reward scores are utilized to guide the generation of the next batch of candidate
sentences. Finally, responses with the highest and lowest cumulative calibrated reward scores are
identified as preferred and dispreferred responses, respectively, for preference fine-tuning in the
subsequent iteration.
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Figure 1: Benchmark performance comparison.

2 Preliminaries

In this section, we will provide a brief overview of LVLM and preference optimization.

Large Vision Language Models. LVLMs extend LLMs to multimodal scenario, which progres-
sively predict the probability distribution of the next token for each input prompt. Given an <image
Xy, text X¢> pair as input prompt X, LVLM outputs a text response Y.

Preference Optimization. Preference optimization has shown promise in fine-tuning language mod-
els and aligning their behavior with desired outcomes. Given an input prompt X , a language model
with policy  can produce a conditional distribution (y j x) with y as the output text response.

The preference data is defined as D = F(x; y$; y)ghL,, where y§’ and y denote the preferred
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Figure 2: The CSR framework operates an iterative process of preference data generation and learn-
ing. During preference data generation, CSR utilizes a sentence-level beam search approach to con-
struct responses sentence by sentence, assigning a reward to each sentence. This reward, initially
generated by the model itself, is then calibrated using image-relevance information. Preferences are
determined based on the cumulative reward for each response. In each iteration, CSR generates new
preference data and performs preference learning based on this data, continuously enhancing the
model’s performance.

and dispreferred responses for the input prompt X(V). Preference optimization leverage the prefer-
ence data to optimize language models. Taking DPO [[[5] as a representative example,, it formulates
the probability of obtaining each preference pair as p(yw Y1) = (r(X;yw) r(;w)), where ()
is the sigmoid function. DPO optimizes the language models with the following classification loss:

o (i) )
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where ¢(YjX) represents the reference policy, i.e., the language model after performing supervised
fine-tuning.

3 Calibrated Self-Rewarding Vision Language Models

To address this challenge, we propose Calibrated Self-Rewarding (CSR), a novel approach aimed
at improving modality alignment in LVLMs by integrating visual constraints into the self-rewarding
paradigm. As illustrated in Figure I, CSR trains the target LVLM by alternately performing two
stages: candidate response generation and preference curation and fine-tuning. In the candidate
response generation stage, we employ sentence-level beam search for each input prompt to produce
fine-grained candidate responses. During this process, the language decoder determines the initial
reward for each generated sentence, which is then calibrated by incorporating an image-response
relevance score. This calibrated reward score guides the generation of subsequent sentences and
finally generate the entire response. Moving on to the preference curation and fine-tuning stage,
we use the responses with the highest and lowest cumulative calibrated rewards to construct the
preferred and dispreferred responses, and utilize the constructed preference pairs for fine-tuning. In
the remaining of this section, we will provide detailed explanations of CSR.



3.1 Step-Level Reward Modeling and Calibration

Before delving into how to generate candidate response and construct preference data, in this section,
we first discuss how to formulate the reward within CSR. The ideal reward in the LVLM fulfills two
specific criteria:

* Vision-Constrained Reward: This aspect aims to integrate image-relevance information into the
reward definition of LVLMs. By doing so, we address the limitation of LVLM in overlooking
image input data when generating preferences.

* Step-Wise Reward: Instead of assigning a single reward for the entire response, we opt for a step-
wise approach. This involves assigning rewards at each step of response generation. Compared to
a single reward, this finer-grained reward offers more detailed guidance and is more robust.

To fulfill these criteria, we propose a step-wise calibrated reward modeling strategy. Inspired by
Process-Supervised Reward Models [T6], we assign a reward score, R(S), to each generated sentence
S during the sentence-level beam search. This score is a combination of two components: the self-
generated instruction-following score, R+ (S), and the image-response relevance score, R (S).

Specifically, the self-generated instruction-following score, Rt (S), is calculated using the language
decoder of the LVLM. It represents the sentence-level cumulative probability of generating sentence
s, formulated as:

Ne
Rr(s)= P(rojXriraiii;ro1); (2)
t=1
where N, is the number of tokens in sentence S and I, represents token 0 in sentence S. A higher
self-generated instruction-following score indicates a stronger capability of the generated response
to follow instructions.

While the self-generated instruction-following score partially reflects the LVLM’s preference, it still
suffers from modality misalignment, potentially overlooking visual input information. To address
this, we introduce an image-response relevance score, R (S), to calibrate the reward score R (S).
This score depicts the relevance between the generated sentence S and input image X,. We leverage
CLIP-score [I'7] for this calculation, where the vision encoder in the CLIP model aligns with the
vision encoder in the target LVLM. The image-response relevance score Ry (S) is defined as:

Ry (s) = max(100 cos(F(xv); Fr(s));0); 3)

where the F(Xy) and Fr (S) represent the visual CLIP embedding and textual CLIP embedding,
respectively. Finally, the calibrated reward score R(S) for the generated sentence S is defined as:

R = R+ ) Rr(s); 4)

where is a hyperparameter used to balance the language instruction-following and image-response
relevance scores. By combining both scores, we aim to redirect the attention of LVLM towards the
input visual information, thus enhancing its modality alignment ability.

3.2 Iterative Fine-Tuning

After establishing the reward framework in CSR, we next discuss our iterative fine-tuning process.
Within this framework, we iteratively perform two essential steps, namely candidate response gen-
eration and preference data curation and optimization. These steps are elaborated upon as follows:

3.2.1 Step-Level Candidate Response Generation

In candidate response generation, our objective is to generate responses to build preference data. To
accomplish this, we employ a sentence-level beam search strategy. Initially, we concurrently sample
multiple candidate sentences, utilizing the "end of sub-sentence" marker (e.g., "." in English) as
the delimiter. Subsequently, for each sentence S, we compute its reward score R(S) using Eqn. (B).
From these scores, we then select the top-k and bottom-k sentences with the highest and lowest
reward scores, respectively, to proceed to the subsequent round of sentence-level beam search. This
iterative process continues until reaching the "end of response," conventionally represented as heosi.
Once all sentences for a response y = fsy; SNy g are generated, we calculate the cumulative
reward score for the response as the sum of the reward scores for each sentence within it. This is



Algorithm 1 Calibrated Self-Rewarding

Require: Dataset: D = fx(i)g'i\‘:l; Reference model: ,.¢; Number of iterations: T

for each X 2 D do

3 while not reach the end of response do

4 Generate a bunch of candidate sentences from last-round sentences

5: for each candidate sentence S do

6: Compute the self-generated instruction-following score Rt (S) by Eqn. (1)
7.

8

9

Calculate the image representation F (X, ) and sentence representation F (S)
Compute the image-response relevance score R, (S) by Eqn. (B)
Compute the calibrated reward score R(S) by Eqn. (&)

10: Select top-k and bottom-k sentences with the highest and lowest reward scores
11: Select the preferred response Yyt and dispreferred response Y.t
12: Update argmin Le( 5 o), ref

P
defined as: R(y) = :\lzyl R(si), where Ny is the number of sentences in response y. The detailed
algorithm for candidate response generation is outlined in Algorithm [I.

3.2.2 Preference Curation and Optimization

After generating candidate responses with their reward scores, our next step is to curate preference
dataset. Here, for each input prompt, we select the responses with the highest and lowest cumulative
calibrated reward scores as the preferred and dispreferred responses, respectively, to construct the
preference dataset for fine-tuning. For each iteration t, we denote the constructed preference data
as: De = F(x@;y{hiy&)g,. After obtaining the preference data, we fine-tune the target LVLM
using DPO. At iteration t, we use the last iteration fine-tuned model as the reference model.

Following Eqn (M), the loss at iteration t of CSR is defined as: o
(Yw;tiX) (y1;6iX)
Lt = Ecywevio~p 109 log ————— log ——= ©)
A o 1 Ot O

The training process of CSR is detailed in Algorithm [.

4 Experiment

In this section, we empirically investigate CSR in addressing the modality misalignment problem
of LVLMs, focusing on the following questions: (1) Can CSR help improve the performance of
models on both comprehensive benchmarks and hallucination benchmarks? (2) Can CSR iteratively
improve multimodal alignment progressively in LVLMs and lead to more factual LVLMs? (3) Is
CSR compatible with different open-sourced LVLMs? (4) How does CSR change attention weights
and preference pairs to align image and text modalities?

4.1 Experimental Setups

Implementation Details. We utilize LLaVA-1.5 7B and 13B [[] as the backbone models. During
the preference learning process, we adapt LoRA fine-tuning [I¥]. The images and prompts used
to construct the preference data are randomly sampled from the detailed description and complex
reasoning subclasses of the LLaVA 150k dataset, totaling approximately 13,000 samples [19]. It is
worth noting that each iteration uses the same prompt and image as the previous round. Overall,
the iterative training is conducted over three iterations, completed on one A100 80GB GPU. It takes
roughly 3.5 and 5 hours for fine-tuning LLaVA-1.5 7B and LLaVA-1.5 13B, respectively. For more
detailed information on training hyperparameters and training data, please refer to Appendix BTl

Evaluation Benchmarks. We conducted evaluations on three types of benchmarks: comprehensive
benchmarks, general VQA and hallucination benchmarks. Specifically, this includes: (1) Compre-
hensive benchmarks (MME [P0], SEEDbench [P1], LLaVAW [9], MMbench [2], MM-Vet [Z3]);
(2) General VQA (ScienceQA (SQA) [24], VisWiz [25], GQA [26]); (3) Hallucination benchmark
(POPE [27], CHAIR [28]). More detailed description are discussed in Appendix Bl
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