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Abstract

Human preference alignment can significantly enhance
the capabilities of Multimodal Large Language Models
(MLLMs). However, collecting high-quality preference data
remains costly. One promising solution is the self-evolution
strategy, where models are iteratively trained on data they
generate. Current multimodal self-evolution techniques, nev-
ertheless, still need human- or GPT-annotated data. Some
methods even require extra models or ground truth answers
to construct preference data. To overcome these limitations,
we propose a novel multimodal self-evolution framework that
empowers the model to autonomously generate high-quality
questions and answers using only unannotated images. First,
in the question generation phase, we implement an image-
driven self-questioning mechanism. This approach allows the
model to create questions and evaluate their relevance and
answerability based on the image content. If a question is
deemed irrelevant or unanswerable, the model regenerates it
to ensure alignment with the image. This process establishes
a solid foundation for subsequent answer generation and op-
timization. Second, while generating answers, we design an
answer self-enhancement technique to boost the discrimina-
tive power of answers. We begin by captioning the images and
then use the descriptions to enhance the generated answers.
Additionally, we utilize corrupted images to generate rejected
answers, thereby forming distinct preference pairs for effec-
tive optimization. Finally, in the optimization step, we incor-
porate an image content alignment loss function alongside
the Direct Preference Optimization (DPO) loss to mitigate
hallucinations. This function maximizes the likelihood of the
above generated descriptions in order to constrain the model’s
attention to the image content. As a result, model can generate
more accurate and reliable outputs. Experiments demonstrate
that our framework is competitively compared with previous
methods that utilize external information, paving the way for
more efficient and scalable MLLMs.

Code — https://github.com/WentaoTan/SENA

Introduction

An effective strategy for enhancing MLLM capabilities is
human preference alignment (Amirloo et al. 2024; Li et al.
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2023b; Zhou et al. 2024a), which focuses on training models
to better align with user preferences using high-quality pref-
erence data. This approach can improve the model’s resis-
tance to hallucinations and its ability to follow complex in-
structions. However, collecting high-quality preference data
is labor-intensive and costly, often requiring extensive man-
ual annotation (Sun et al. 2023; Yu et al. 2024a) or relying
on data generated by advanced models like GPT-4v (Achiam
et al. 2023; Li et al. 2023b; Zhou et al. 2024a).

To achieve low-cost human preference alignment, self-
evolution methods have emerged, enabling models to con-
struct preference data to train themselves (Deng et al. 2024;
Wang et al. 2024b; Ahn et al. 2024; Yu et al. 2024b; Zhu
et al. 2024). Fig. 1 (a) shows the exact steps of existing self-
evolution methods. First, questions annotated by humans or
GPT are collected. Then, the evolved model answers. Some
methods generate multiple answers and evaluate their qual-
ity through a self-rewarding mechanism (Yuan et al. 2024)
or by using extra MLLMs (Yu et al. 2024b), CLIP (Rafailov
et al. 2024; Zhou et al. 2024b), or ground-truth answers
(Wang et al. 2024b). Other methods initially generate chosen
answers, then create rejected responses by modifying im-
age content (Zhu et al. 2024) or using misleading prompts
(Deng et al. 2024). Finally, a DPO loss function is applied to
align with human preference. Despite their promise, current
methods often rely on annotated data and additional models,
which increases complexity.

To address the above limitations, we explore the potential
of going beyond human data and establish a straightforward
and efficient multimodal self-evolution framework: Only a
set of unlabeled images is needed for any model to fur-
ther improve its performance!

Our framework, depicted in Fig. 1 (b), operates with a
single model and unlabeled images, eliminating the need
for annotated data by having the model generate both ques-
tions and answers. We tackle three significant challenges
in this process. The first challenge is generating reliable
questions, as meaningless questions lead to useless training
data. We introduce an image-driven self-questioning mecha-
nism where the model verifies the answerability of generated
questions based on the image content and regenerates them
if necessary. This enhances question quality and facilitates
effective learning. Additionally, to fully utilize the diverse
visual information in the images, we add descriptive ques-
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Figure 1: Comparisons between (a) traditional framework and (b) our framework. Our framework combines carefully designed
prompt mechanisms and an alignment function, completely eliminating the reliance on annotated data and additional models.

tions (Liu et al. 2024c) that encourage the model to output
descriptions of the images. These descriptions will be uti-
lized to address the other two challenges.

The second challenge is generating discriminative answer
pairs. Our experiments show that randomly generated an-
swers often exhibit similar quality, rendering them unsuit-
able for preference alignment. While some methods (Zhu
et al. 2024; Deng et al. 2024) use corrupted images to cre-
ate hard negative answers, simply producing less informa-
tive rejected answers is insufficient. We propose enhancing
discriminative ability by improving the quality of chosen an-
swers through an answer self-enhancement mechanism. The
model generates an initial answer and then refines it using
the image description, resulting in a more precise chosen
answer. For generating rejected answers, we utilize images
augmented with diffusion noise. This approach not only en-
hances data discriminability and ensures robust preference
optimization but also allows the model to verify and correct
the chosen answers, ensuring response accuracy.

The third challenge is improving the model’s resistance
to hallucinations. Since the model uses its generated data
for self-training, reducing hallucinations is vital. Research
shows that models may generate incorrect answers without
referencing the actual image content (Huang et al. 2024;
Jiang et al. 2024; Liu et al. 2023a; Zhou et al. 2023; Zhang
et al. 2020a,b). Inspired by this, we propose an image con-
tent alignment loss function, which maximizes the likeli-
hood of the generated descriptions to shift the model’s at-
tention toward actual image content. By combining this with
the DPO loss, our approach ensures that as the model learns
user preferences, it remains focused on the actual content of
the images, resulting in more accurate outputs.

To the best of our knowledge, this is the first multi-
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modal iterative self-evolution framework that requires no la-
beled data. We name this framework SENA because it ef-
fectively integrates image-driven Self-questioning, answer
self-ENhancement, and image content Alignment. In our
framework, the model can generate reliable and discrim-
inative preference data, ensuring stable human preference
alignment and continuous performance improvement. Ex-
perimental results confirm that our approach significantly
enhances the model’s performance across multiple bench-
marks, encompassing both generative and discriminative
tasks.

Related Work

Self-Evolution in LLMs. Self-evolution is initially pro-
posed in the realm of LLMs (Calandriello et al. 2024; Rosset
et al. 2024; Guo et al. 2024; Swamy et al. 2024; Xiong et al.
2024; Lu et al. 2023), also known as iterative DPO or itera-
tive RLHF (Dong et al. 2024). This approach allows models
to align with human preferences using their own-generated
data, which significantly reduces annotation costs while im-
proving performance (Yuan et al. 2024). A key challenge
in self-evolution is constructing reasonable preference data.
One method, self-play (Chen et al. 2024), uses open-source
supervised fine-tuning (SFT) data, taking ground truth an-
swers as chosen responses and the model’s outputs as re-
jected ones. This process effectively transforms a weak LLM
into a strong one. Another method, self-reward (Yuan et al.
2024), employs a small amount of ranking data to train the
model to score its own responses, enabling it to generate rea-
sonable preference data with only 5K labeled examples.
Self-Evolution in MLLMs. This technique is now ap-
plied in the MLLM domain (Zhou et al. 2024b; Ahn et al.
2024; Tan et al. 2024, 2023; Wang et al. 2024a, 2022). For



qgen = Whatis
the name of the
person in the
image?
(Unanswerable)
Ggen = Whatis
the purpose of the
phone?
(Hallucination)

Psq = <image>\nGiven an image, we try to ask a QUESTION about the
image. Your task is to check whether this QUESTION can be answered
based on the content of the image.

QUESTION: < qgepn, >

(1) If you can answer the QUESTION, please do not modify it. Output
QUESTION directly.

(2) If you cannot answer the QUESTION, please ask a new question
that depends on the content of the image.

Your answer should be in the following format:

QUESTION: < gy¢,,>

q;gn = What is
the man
carrying on his
back?

qgen = What is
building with
the clock on it?

Figure 2: Illustration of the Image-Driven Self-Questioning. SQ checks whether g4, can be answered based on the content of
the image. If it cannot, a new question relevant to the image content is generated. The majority of poor-quality questions can be
transformed into reliable ones through just one check. Best viewed by zooming in.

example, RLAIF-V (Yu et al. 2024b) assesses responses
generated by the 7B LLaVA-1.5 model (Liu et al. 2024a)
using the 34B LLaVA-NEXT model (Liu et al. 2024b) to ob-
tain preference data pairs. SIMA (Wang et al. 2024b) clas-
sifies responses based on ground truth answers. However,
these methods often rely on external models or ground-truth
answers, complicating the framework. Other approaches
generate chosen answers conventionally and create rejected
answers using corrupted images or misleading prompts. For
instance, SeVa (Zhu et al. 2024) employs images contam-
inated with diffusion noise to prompt the model to gener-
ate responses that differ from the actual content. Moreover,
STIC (Deng et al. 2024) uses misleading prompts to induce
hallucinated responses as rejected answers. Current multi-
modal methods depend heavily on open-source data, which
limits their flexibility and scalability. In contrast, our pro-
posed SENA allows the model to autonomously generate
open-ended questions, effectively addressing these limita-
tions and filling a significant gap in the MLLMs.

Method

Our framework encourages the model to autonomously gen-
erate reliable questions and discriminative answers for unla-
beled images, iteratively enhancing its capabilities through
human preferences alignment. The overall process is illus-
trated in Fig. 1 (b). Given an initial model 8y and a database
of images D, we plan to evolve N times with M images
in each iteration. Thus, we randomly select N x M images
from D.

Generate Questions

Traditional methods rely on human- or GPT-annotated ques-
tions, allowing the model only to generate answers. Ideally,
the model should be capable of generating both questions
and answers simultaneously. Therefore, we use the model
Ao to generate questions for each sampled image x with the
prompt pyese: “Please look at the image and generate a
question related to the content of the image.”. The generated
questions are denoted as ¢gen ~ 6o (T, Ppase)-
Image-Driven Self-Questioning. While p,s. prompts
the model to generate questions based on the image con-
tent, it sometimes produces nonsensical or irrelevant gy, , as
shown in Fig. 2. These flawed questions negatively impact
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subsequent answers and hinder model optimization. To ad-
dress this, we introduce an Image-Driven Self-Questioning
(SQ) mechanism. The model evaluates whether ggc,, can be
answered based on the image content using the prompt p,.
If it cannot, a new question, g;¢,, ~ 0o(, gen, Psq ) is gen-
erated. This process ensures reliable questions and lays a
solid foundation for self-evolution.

Moreover, we find that some gg¢, tend to focus on the
prominent objects in the image. To help the model learn
about other visual details, we introduce a descriptive ques-
tion ¢gs, which is randomly sampled from a set of generic
prompts Py (Liu et al. 2024c¢). The set Py, can be found in
the Supplementary Materials, with one example being “De-
scribe the image concisely.”. This addition results in N x M
image-question triplets, represented as (z, gges, 52, )- Once
the images and questions are prepared, the model iteratively
evolves as described below.

Generate Preference Data

At the start of the ¢-th iteration (1 < ¢ < N), the model
0;_1 generates chosen and rejected answers for the image-
question dataset. Some methods utilize 6;_; to randomly
generate multiple answers, labeling them as chosen or re-
jected based on evaluations from self-rewarding mecha-
nisms (Yuan et al. 2024), additional MLLMs (Yu et al.
2024b), or ground-truth answers (Wang et al. 2024b). How-
ever, as shown in the Supplementary Materials, these ran-
domly generated answers often have similar quality, making
it challenging to create discriminative preference pairs.

A more effective approach involves using original images
for generating chosen answers and content-distorted images
for rejected answers (Zhu et al. 2024; Leng et al. 2024).
For a data point (z, gaes, 45, ), the original image x and the
question are input into the model to produce the chosen an-
swer y,,. The rejected answer y; is generated using the noisy
image 2/, obtained by adding T times of diffusion noise to
2. Formally, y,, ~ 6;_1(x,q) and y; ~ 6;_1(2',q), where
q € {Qdes, Gy, }- While this method constructs preference
data effectively, it may not yield sufficiently discriminative
pairs, hindering the learning efficiency. Although more ag-
gressive image corruption techniques could be employed,
they may lead to unstable training (Zhu et al. 2024).

Answer Self-Enhancement. To address this issue, we fo-



Pse = <image>\nGiven the image, the description of the

qges = Describe the
image concisely.

Vaes = A zebra lies on the
ground beside a giraffe,
close to a tree. (0.3059)
qjen= What are the
animals in the forest?
Ygen = Giraffe. (0.2761)

image, a question about the image and the answer,
your task is to improve the quality of the answer.
Image Description: < y s>

Question: < qges
Current Answer: < Yges> 0O < Ygen >

Based on the Image Description, please analyze the
question further and generate a more precise and
concise response.

Your answer should be formatted as:

Improved Answer: < y;

y3ls = A giraffe and
three zebras are in a
lush green forest, the
giraffe is eating leaves
from a tree. (0.3567)
y;};n = Giraffe and
zebras in a forest.
(0.3254)

> or < qge, >

e

des >or< Y;gn >

Figure 3: Illustration of the Answer Self-Enhancement techniques. SE analyzes the previous question-and-answer pairs with
the help of the image description and enhances the responses. The values in parentheses represent the CLIP scores of the
answer-image pairs, which we use to indicate the quality of the answers. Best viewed by zooming in.

cus on enhancing the quality of y,,. Fortunately, the answer
to question g4 serves as a valuable image description, pro-
viding prior knowledge that helps the model better under-
stand questions, analyze existing answers, and ultimately
improve answer quality. Therefore, we propose an Answer
Self-Enhancement (SE) technique, as detailed in Fig. 3. For
clarity, we denote the answers y,, t0 gges and q;gn as Ydes
and Ygep, respectively. The SE technique uses y4es to en-
hance both answers: yflgs ~ gi—l(xaydequdes,ydesapse)
and yy¢,, ~ 0i—1 (@, Ygens Qo> Ydes Pse)- The enhanced an-
swers ygc, and yg¢,, become the new chosen answers y,,
along with y; to create more discriminative preference data.
Although it may seem unusual for SE to enhance y,.s using
itself, this strategy allows the model to reassess the ques-
tion and generate better answers. Since each image has two
questions, we ultimately generate a total of 20/ samples for
subsequent human preference alignment.

Optimization

We utilize the widely adopted Direct Preference Optimiza-
tion (DPO) loss to align the model 6;_; with human pref-
erences. DPO will first construct a reference model 6, ¢,
which is initialized with the parameters from 6;_; and kept
frozen. The goal of DPO is to ensure that as evolution pro-
gresses, the current model #;_; is more likely to generate
high-quality answers y,, than 0,..r, and less likely to gener-
ate rejected answers y; compared to 0,.. ;. Specifically, given
the input image x, question ¢, and output sequence ¥, the
likelihood 7y, , , (y|z, q) is computed as:

ly|
TGres (y|x, q) = H Peref (y|x, q, y<s)7

s=1

ey

where |y| represents the token length of y. The DPO loss
function is then defined as:
Lppo = —logo <B log 10z 100 (y;”e 2.9)
779,,~5f (yw |33, q)
— Blog 7T91(yz|$,q)> )
7T9ref (yl |x7 q)

where o is the sigmoid function, 3 is a hyperparameter that
adjusts the loss sensitivity to preference differences, and
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q € {ques,q5, }- Notably, although we use the noisy im-
age x’ for generating rejected responses, the likelihood is
still calculated based on the original image x.

Image Content Alignment. As the model relies on gener-
ated data for training, improving its resistance to hallucina-
tions is essential for ongoing evolution. Research indicates
that models may produce incorrect answers without refer-
encing actual image content (Huang et al. 2024). To address
this, we design an Image Content Alignment (CA) function
to steer the model’s focus towards the image content:

3)

1
Lalign = T se | log ;1 (y225|$, Qdes)-

des

By maximizing the generation probability of the image con-
tent y;¢., we guide the model’s attention to the images,
facilitating better understanding and interpretation. As the
model’s descriptions become more precise, it can produce
higher-quality answers through SE, creating a positive feed-
back loop that continuously improves performance. Now the
final optimization function is given by:

4)

Ultimately, we have completed one iteration and ad-
vanced the model from 6;_; to 6;. SENA will repeat Steps
(2) and (3) until 7 = N. The three key designs are comple-
mentary; SQ and SE generate high-quality training data that
aids CA’s learning, while CA enhances the model’s genera-
tive abilities, enabling SE to function more effectively.

Liotat = Lppo + Lalign-

Experiments
Implementation Details

The dataset D is sourced from the LLaVA665k SFT dataset
(Liu et al. 2024a), which includes COCO (Lin et al. 2014),
GQA (Hudson and Manning 2019), TextVQA (Singh et al.
2019), OCRVQA (Mishra et al. 2019), and Visual Genome
(Krishna et al. 2017), totaling 665K images. We conduct
three iterations of evolution, setting N = 3. And we plan
to use approximately 1% of D per iteration, amounting to
M = 6K images. Only images are used without annotation,
resulting in a final random sample of 18K images.

We employ LLaVA-1.5-vicuna-7B (Liu et al. 2024a) as
the initial model . All outputs are generated using greedy



Component Generative Task Discriminative Task
Method Iteration W MMHal AMBER-Gen. AMBER-Dis.
SQ SE CA LLaVA™ | MM-VET Score Rate| | CHAIR] Cover Hal| Cog| | Accuracy F1 MMBench
0o 59.6 31.7 1.90 0.61 7.6 51.8 351 43 71.7 74.3 64.6
9?““ 1 62.8 33.7 1.88 0.62 7.4 51.0 344 34 70.4 72.4 65.1
GlsQ v 1 64.9 33.9 2.01 0.59 6.3 50.8 304 3.0 71.6 739 65.3
07F v 1 65.0 344 2.08 0.56 6.3 50.7 314 29 722 75.1 65.2
Q?A v 1 66.7 332 2.17 0.56 6.5 51.5 308 3.5 74.8 77.9 65.3
[ v vV 1 66.9 34.2 228 054 5.6 51.6 252 19 75.1 79.8 65.0
02 v v oV 2 67.5 35.1 240 0.51 5.3 50.6 233 1.6 757  80.2 65.2
03 v v Y 3 67.4 35.8 233 0.52 4.9 494 205 1.7 794  83.6 64.8
Table 1: Ablation study on each key component SQ, SE and CA. 6 is the LLaVA-1.5-7B model.
ness and ensure reliable evaluation.
Apply SE on LLaVAW AMBER
Ydes  Ygen CHAIR| Accuracy Fl1 .
62.8 74 704 124 Ablation Study
v 63.9 6.6 713 74.1 We conduct a comprehensive ablation study using the
v 63.7 6.8 72.0 744 LLaVA-1.5-7B (6y) model. Initially, 6y undergoes one evo-
v Ve 65.0 6.3 72.2 751 Iution round under the baseline framework, resulting in

Table 2: Impact of applying Self-Enhancement on different
answers.

Apply AL on w AMBER
Ydes Ygen LLaVA CHAIR\L Accuracy F1

62.8 7.4 704 724

v 63.3 6.5 735 77.1

v v 64.7 6.4 75.0 782

v 66.7 6.5 748 719

Table 3: Impact of applying alignment loss (AL) on different
answers.

decoding. Each iteration consists of 1 epoch with a batch
size of 128 and a learning rate of 2e-6. The number of diffu-
sion noise additions, 7', is set to 600, and the scaling param-
eter 8 in DPO is fixed at 0.1.

Evaluation Benchmarks

We evaluate our model’s generative and discriminative ca-
pabilities. Generative capability assesses the model’s abil-
ity to produce detailed and accurate content, using bench-
marks such as LLaVAW (Liu et al. 2024c), MM-Vet (Yu
et al. 2023), MMHal-Bench (Sun et al. 2023), and AM-
BER (Wang et al. 2023). Discriminative capability measures
the model’s ability to distinguish between relevant and ir-
relevant information, leveraging benchmarks like AMBER
(Wang et al. 2023) and MMBench (Liu et al. 2023b). De-
tailed descriptions of these benchmarks are available in the
Supplementary Materials. Some benchmarks require scoring
using the GPT-4 API. To ensure fair comparisons, we use
the GPT-4-1106-preview version for all tests, as there can
be significant performance variability across different API
versions. Each test will be conducted three times, with the
average score taken as the final result to minimize random-
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913 @5¢_'We then add methods SQ, SE, and CA individually to
the baseline, each undergoing one evolution round, creating

F)fQ, QfE, and 91CA, respectively. This allows us to assess
each component separately. Lastly, we combine all meth-
ods into a complete framework and conduct three evolution
rounds starting from 6y, resulting in models 61, 65, and 5.
All results are listed in Table 1.

(a) Baseline Framework: The baseline framework al-
lows the model to self-generate questions and answers with-
out labeled data or extra models. It improves some bench-
marks, but 07%5¢ struggles with hallucination-related bench-
marks like MMHal-bench due to noise in the generated
data, indicating a need for content refinement. (b) Self-
Questioning: The SQ mechanism refines the quality of gen-
erated questions by identifying and regenerating meaning-
less ones. The performance of GfQ shows noticeable im-
provement over #7%5¢_ (¢) Self-Enhancement: SE enhances
the quality of the chosen answers utilizing image descrip-
tion. The model 07 achieves significant progress com-
pared to §95¢, while also broadly enhancing the gener-
ation and recognition abilities of 6. This indicates that
SE effectively helps the model learn valuable knowledge
from the generated data. (d) Content Alignment: CA is
designed to enhance the model’s focus on image content,
greatly improving the model’s generative ability and dis-
criminative power. For example, ¢4 achieves a high score
of 66.7 in LLaVA"W and an excellent F1 score of 77.9 in the
AMBER-Discriminative task. (e¢) Overall Framework Ef-
fectiveness: First, the performance of 6; clearly exceeded
that of the previous models, indicating that the three key de-
signs are complementary. Furthermore, the performance of
the model evolved in each iteration generally improves com-
pared to the previous iteration, and all three models signifi-
cantly outperform the 6y model. This strongly validates the
effectiveness of our framework. Notably, all these enhance-
ments are achieved using unlabeled images, highlighting the
scalability and great practical value of our approaches.

Impact of SE on Answers. SE uses image descriptions to



Generative Task Discriminative Task

Method W MMHal AMBER-Gen. AMBER-Dis.
LLaVA™ | MM-VET Scores Rate| | CHAIR| Cover Hal| Cogl | Accuracy F1 MMBench

BLIP-2 (Li et al. 2023a) 38.1 22.4 - - - - - - - - -
MiniGPT-4 (Zhu et al. 2023) - 22.1 - - 13.6 63.0 653 113 63.6 647 30.9
InstructBLIP-7B (Dai et al. 2023) 60.9 26.2 2.10 0.58 8.8 522 382 44 76.5 81.7 38.4
Shikra-13B (Chen et al. 2023) - - - - - - - - - - 58.8
Qwen-VL-7B (Bai et al. 2023) 60.9 26.2 - - 8.8 522 382 44 76.5 81.7 38.4
mPLUG-OwI2 (Ye et al. 2024) 59.9 36.2 - - 10.6 520 399 45 75.6 785 63.5
LLaVA-1.5-7B (Liuetal. 2024a)[| 59.6 [ 317 [ 190 061 | 76 518 351 43| 717 743] 646
with annotated data or extra models:
+SeVa' (Zhu et al. 2024) 63.3 37.0 212  0.57 7.3 540 373 29 79.3  83.6 65.6
+ STIC™ (Deng et al. 2024) 63.0 31.8 2.07 0.56 7.6 52.1 358 44 716 742 64.3
+ SIMAT (Wang et al. 2024b) 60.1 324 2.11 0.55 6.4 474 26.1 3.2 734 764 65.0
+ RLAIF-V' (Yu et al. 2024b) 62.8 29.2 295 0.34 2.9 50.2 16.0 1.0 542 737 63.5
+ CSRT (Zhou et al. 2024b) 65.7 322 2.07  0.60 3.8 450 169 14 73.1 76.0 64.1
without annotated data or extra models:
+ SENA (Ours) H 67.4 [ 35.8 [ 233  0.52 [ 4.9 494 205 1.7 [ 794  83.6 [ 64.8

Table 4: Comparisons with multiple MLLMs and various self-evolution frameworks.  indicates evaluation results based on the
models released by the authors, while 71 indicates evaluation results based on the code released by the authors.

enhance the quality of all chosen answers. As shown in Ta-
ble 2, even improving just one type of answer, such as ygep,
Orf Yges, can boost model performance. This clearly demon-
strates the effectiveness of SE. Impact of CA on Answers.
CA enhances the model’s ability to focus on images by max-
imizing the log-likelihood of descriptive answers, thereby
reducing hallucinations. This loss can also be applied to gen-
erated answers. As shown in Table 3, applying L az;gn to
generated answers yields positive results as well. However,
its performance is optimal when applied to descriptive an-
swers. This is because descriptive answers encompass most
of the image content, while generated answers may only fo-
cus on specific objects within the image.

Comparison with SOTA

We name the model 63 as SENA and compare it with other
models. The comparison results are summarized in Table 4.

Existing methods heavily rely on annotations. For in-
stance, SeVa (Zhu et al. 2024) uses instruction data from
TextVQA and OCRVQA to improve the model’s OCR capa-
bilities. However, SeVa focuses on constructing hard nega-
tive rejected answers without addressing potential hallucina-
tion issues, resulting in a notable hallucination problem. Ad-
ditionally, some methods require the ground truth answers to
the questions. STIC (Deng et al. 2024) mixes these ground
truth answers with generated data for supervised fine-tuning,
while SIMA (Wang et al. 2024b) uses them for answer se-
lection, leading to significant annotation costs.

Some methods also necessitate extra models. RLAIF-V
(Yu et al. 2024b) shows strong anti-hallucination perfor-
mance by using the 34B LLaVA-NEXT model to filter re-
sponses from the 7B LLaVA-1.5 model. However, this can
lead to a preference for shorter, less detailed responses, af-
fecting performance on generative benchmarks like MM-
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VET. CSR (Zhou et al. 2024b) uses CLIP scores to select
answers, with higher-scoring responses being chosen and
lower-scoring ones being rejected. This approach improves
the model’s performance on image captioning tasks. Take
the examples shown in Fig. 3, when a query involves mul-
tiple objects in an image, a response like “giraffe and ze-
bras” is more precise than just “giraffe,” resulting in a higher
CLIP score. However, there are instances where CLIP scores
can be misleading. For questions targeting a single object,
CLIP tends to favor responses that mention multiple objects,
which may not align with the actual query. Consequently,
CSR might sometimes generate answers that do not match
the instructions, negatively affecting its ability to accurately
follow instructions on tasks like MM-VET.

In contrast, SENA uses only unlabeled images to gen-
erate unique questions, combined with general descriptive
questions to provide diverse instructions. It also introduces
three technical solutions to improve question generation, an-
swer generation, and preference optimization, thereby en-
hancing the model’s generative and discriminative abilities
while maintaining strong resistance to hallucinations.

Qualitative analysis

In this section, we conduct a qualitative analysis of our
model’s evaluation results on MMHal-Bench (Sun et al.
2023), exploring which specific capabilities of the model
have been enhanced during the self-evolution process. The
results are presented in Fig. 4.

(a) Generate Accurate and Comprehensive Descrip-
tions. The LLaVA-1.5-7B model often provides detailed de-
scriptions but may lead to hallucinations, such as incorrectly
mentioning other people in the image. In contrast, our mod-
els deliver accurate descriptions. Notably, as self-evolution
progresses, our model increasingly focuses on finer details



Reference Answer: In this image, I see a book, a pen, and a television on a table. The TV screen shows a man wearing a tic and a

suit speaking in a park.

the main subject of the image.

LLaVA-1.5-7B: The image features a man wearing glasses and a suit, standing in front of a television. He appears to be the main
focus of the scene, as he is positioned in the center of the image. The television is located on the left side of the frame, with the
man standing in front of it. There are a few other people in the background, but they are not the main subject of the image. The
man in the suit is the central figure, and the television serves as the main point of interest in the scene.

6, : A man is standing in front of a television, which is displaying a picture of him. He is wearing a suit and tie, and appears to be

6, : A man wearing glasses is displayed on a television screen, looking straight ahead. He is wearing a suit and tie, and is standing

in front of a tree. The television screen takes up a significant portion of the image, with the man being the main focus.

Question: Describe the
image in detail.
front of the television.

65 : A man wearing glasses and a tie is displayed on a television screen. He is standing outside, in front of a bridge and a tree. The
television screen takes up a significant portion of the image, with the man being the main focus. There is also a pen and a book in

(a) Generate accurate and comprehensive descriptions

standing on a tennis court, ready to play.

during a game of tennis.

Question: Describe the person
playing tennis in this photo.

Question: How much is it per hour to park at the parking meter?

CSR: The parking meter charges $4.72 per hour to park.
SIMA: It costs $4.72 per hour to park at the parking meter.
STIC: It costs $7.20 per hour to park at the parking meter.
SENA (Ours): $4.00 per hour.

(c) Accurately recognize text in images

Reference Answer: It is $4 per hour to park at the parking meter.
LLaVA-1.5-7B: It costs $4.25 per hour to park at the parking meter.

Reference Answer: No, there is only a tennis racket and a ball on the ground. No one is playing tennis in this photo.
LLaVA-1.5-7B: The person playing tennis in this photo is a woman who is holding a tennis racket and a tennis ball. She is

CSR: The person playing tennis in this photo is a woman who is holding a tennis racket and a tennis ball, preparing to hit the ball

SIMA: The person playing tennis in this photo is a woman.

STIC: The person playing tennis in this photo is a woman who is holding a tennis racket and a tennis ball. She is standing on a
tennis court, preparing to play or practice her game.

SENA (Ours): There is no person playing tennis in this photo. The image features a tennis racket with a ball on the court.

Question: How many mobile phones are there in the image?
Reference Answer: There is one mobile phone in the image.
LLaVA-1.5-7B: There are two mobile phones in the image.
CSR: There are two mobile phones in the image.

SIMA: There are two mobile phones in the image.

STIC: There are two mobile phones in the image.

SENA (Ours): |

(d) Accurately counting objects

Figure 4: Comparison of outputs from various models on different visual tasks in MMHal-Bench.

in the images. For instance, 6 shows greater attention to
the trees in the image compared to 6;. Furthermore, the 63
model not only accurately describes the man but also notes
a pen and a book in front of the television, showcasing its
improved focus on key elements. This enhancement is at-
tributed to our CA loss, which helps the model better attend
to the content of the images. (b) Accurately Answer Mis-
leading Questions. Some models struggle with misleading
questions as they inaccurately describe a woman playing
tennis despite the reference indicating no one is playing.
Conversely, the SENA model correctly notes the absence of
players and mentions a racket and ball, demonstrating bet-
ter interpretation of misleading questions. (¢) Accurately
Recognize Text in Images. The SENA model excels in text
recognition. For example, when asked about the hourly park-
ing fee, LLaVA-1.5-7B states $4.25, while SENA accurately
identifies it as $4.00, aligning with the reference answer. (d)
Accurately Counting Objects. Accurate object counting is
crucial for visual understanding. The LLaVA-1.5-7B mis-
counts two phones in the image, while the SENA correctly
identifies a single phone, highlighting its enhanced ability to
locate and count objects in images.

Conclusion and Limitations

This paper introduces SENA, a multi-model self-evolution
framework that differs significantly from traditional meth-
ods as it does not require arbitrary annotations. This frame-
work is supported by three mechanisms: image-driven self-
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questioning, answer self-enhancement, and an image con-
tent alignment function. These mechanisms address key
challenges in generating reliable questions, constructing dis-
criminative preferences data, and optimizing the model to
reduce hallucinations. Experimental results and qualitative
analysis indicate that the SENA model significantly out-
performs the baseline model across various tasks, excelling
in generating accurate descriptions, answering misleading
questions, recognizing text in images, and counting objects.

However, our framework still has limitations. For in-
stance, its performance on certain benchmarks lags behind
self-evolution methods that utilize annotated data, and there
is a performance plateau after three rounds of evolution.
These challenges motivate our ongoing efforts to refine and
improve the framework in future work.
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